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Abstract

The location and nature of adsorption binding sites in porous materials is central to
understanding selective adsorption of guest molecules at the atomic level. While grand canonical
Monte Carlo (GCMC) simulations routinely generate three-dimensional adsorbate probability
densities, these data are most often interpreted qualitatively. The absence of a standardized and
automated framework for extracting binding sites from adsorption probability distributions
(APDs) limits quantification and analysis of binding sites in high-throughput screening workflows.

This thesis contains two related parts. The first is the development of a standalone, robust,
and semi-automated workflow, termed GALP, for extracting adsorption binding sites from
adsorbate probability densities generated by GCMC. GALP applies smoothing, peak
identification, clustering, and molecular fitting to transform three-dimensional probability
densities into discrete binding-site coordinates, along with binding-site-specific information such
as relative occupancy and binding energetics. The development and validation of GALP
establishes a general and transferable framework for systematic binding-site identification.

The second part of the thesis quantitatively evaluates the reliability of common classical
simulation approximations used in GCMC, specifically the use of generic force field parameters
within the framework, standard charge assignment schemes, and the rigid framework
approximation. Simulation-predicted binding sites obtained under these assumptions are directly
compared with experimentally determined adsorption sites. This comparison assesses the
positional accuracy with which classical simulations reproduce known adsorption motifs, thereby
identifying the conditions under which these approximations support meaningful mechanistic

interpretation and the cases in which limitations become evident.
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Together, these results demonstrate that probability-based binding site extraction provides
a consistent and reproducible framework for validating classical simulation methodologies against
experiment. By enabling direct, spatially resolved comparison of predicted and experimental
adsorption sites, the approach moves beyond global adsorption metrics such as isotherms and
uptake values, and instead focuses on the underlying structural features that govern adsorption
behaviour. As a result, the methods developed here provide a physically grounded basis for

scalable high-throughput analysis of adsorption in porous materials.

Vi
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1. Introduction

Porous materials play a central role in adsorption, separations, catalysis, and gas storage
because their internal pore structures determine how molecules distribute and interact within the
solid phase. Traditional porous adsorbents such as zeolites, activated carbons, and porous silicas
have long been used at an industrial scale, although their fixed chemistries and rigid topologies
limit the degree of control over adsorption behaviour'. Metal-organic frameworks (MOFs)
extend this landscape by providing modular, reticular architectures whose pore shapes, sizes, and
chemical environments can be systematically programmed. As a result, MOFs offer opportunities
to tailor adsorption behaviour at the molecular level®.

Understanding how gases organize, bind, and diffuse within these porous architectures is
fundamental for interpreting adsorption mechanisms, predicting global performance, and guiding
the design of materials suited for real operating conditions. This chapter introduces the structural
principles of MOFs, reviews their major applications, and outlines why adsorption behaviour must
ultimately be understood at the level of discrete binding sites. It then discusses the experimental
and computational challenges associated with resolving these sites, motivating the methodological

developments that comprise this thesis.

1.1 Metal Organic Frameworks

MOFs are crystalline porous materials constructed by linking metal-based nodes with
multidentate organic ligands into extended structures through the principles of reticular chemistry>.
This synthetic strategy allows metal clusters and organic linkers to assemble into defined network

topologies, yielding periodic architectures whose pore sizes, shapes, and chemical environments
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can be tuned with near-molecular precision®. These structural building units include inorganic
secondary building units (SBUs) such as metal-oxide clusters and a wide range of functionalized
organic linkers, each contributing geometric and chemical features that define the resulting
framework. Unlike traditional porous adsorbents, whose chemistries and architectures are largely
fixed by their synthesis routes, MOFs can be systematically modified through linker exchange,
metal substitution, functional-group incorporation, and topological selection. This flexibility has
established MOFs as one of the most versatile families of porous materials developed in the past
two decades’™. In 2025, the Nobel Prize in Chemistry was awarded to Susumu Kitagawa, Richard
Robson, and Omar M. Yaghi for their foundational contribution to the design and synthesis of
MOFs, highlighting the broad impact and tunability of this class of material'°.

A number of benchmark frameworks illustrate the range of achievable structures. MOF-5
demonstrated how Zn4O clusters and linear linkers can form large, open cubic pores with high
surface areas!!. MIL-101 demonstrated the potential for exceptionally large cages and high surface
areas while highlighting the stability of Cr-based clusters'>. HKUST-1, built from copper
paddlewheel SBUs, became a model system for studying strong open-metal-site interactions and
guest coordination behaviour'®. Likewise, MOF-74 and its isostructural variants extend this
concept to one-dimensional channels lined with exposed metal ions, producing strongly localized
adsorption environments ideally suited for mechanistic studies of gas binding'“.

Other frameworks highlight stability and process compatibility. UiO-66, based on
Z1rs04(OH)4 clusters, exhibits exceptional chemical and thermal robustness, enabling operation
under humid conditions that degrade many other MOFs!>. ZIF-8 demonstrates that zeolite-like
topologies can be recreated through metal-imidazolate coordination, yielding materials with high

stability and molecular-sieving apertures'¢. More recently, CALF-20 has emerged as the first MOF
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to achieve genuine industrial implementation for CO» capture from humid flue gas thanks to its
hydrophobic pore surfaces, chemical stability, and selective CO; binding, which enable reliable
operation under harsh process conditions!”!8,

Together, these examples demonstrate how reticular chemistry enables a systematic
exploration of pore geometries and chemical environments, supporting the design of materials that
couple structural precision with application-specific performance®. This tunability has enabled
MOFs to become essential platforms for probing guest confinement, cooperative adsorption, and
structure-property relationships that govern uptake, selectivity, and transport’. As later sections
show, the same structural features that make MOFs synthetically modular also make their

adsorption behaviour highly sensitive to local binding environments, emphasizing the need for

molecular-level characterization to understand and predict global behaviour.

1.2 Applications of MOF's

The structural precision and chemical tunability outlined above have direct consequences
for how MOFs interact with gases under working conditions. Because pore geometry, functional
groups, and metal-site environments can be engineered at the molecular scale, MOFs exhibit
adsorption behaviour that is far more customizable than that of traditional porous materials. This
level of control is central to applications where adsorption strength, selectivity, and deliverable
capacity determine performance. As a result, MOFs have become leading candidates in two major
adsorption-driven areas: gas capture and gas separation. These applications provide clear examples
of how structural features translate into measurable functionality.

In practical adsorption-based technologies, performance is governed not by the absolute

uptake at a single pressure, but by the working capacity, defined as the difference in adsorbed
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amount between the adsorption and desorption pressures of a given process'®. Materials that
achieve high loadings at low partial pressures while releasing a large fraction of adsorbed gas
under modest pressure or temperature swings are therefore the most attractive for real-world

operation.

1.2.1 Gas Separation

Gas separation requires not only adsorption but selective discrimination between molecular
species, making it one of the most demanding and industrially important applications of MOFs.
Separations such as CO; over Nz in flue gas, CO, over CHy in natural gas, and C3Hs over C3Hg in
petrochemical processing benefit directly from the tunable pore environments and specific
interaction sites that MOFs provide.

A benchmark example for CO» separation is Mg-MOF-74, whose exposed Mg?* open-
metal sites interact strongly with the quadrupole moment of CO,. At 298 K and 1 bar, Mg-MOF-
74 achieves CO» uptakes near 8 mmol g, significantly outperforming zeolites and activated
carbons under comparable conditions'*. More importantly, the strong binding at low CO, partial
pressures leads to large working capacities under realistic pressure swing conditions, making Mg-
MOF-74 a well-studied platform for post-combustion CO> separation.

Among the small number of MOFs that have reached industrial scale testing, CALF-20
represents a particularly important case. CALF-20 is a zinc-based framework designed for post-
combustion CO> separation under humid, near-ambient conditions. Structured CALF-20 sorbent
beds have been deployed in vacuum swing adsorption (VSA) systems applied to cement plant flue
gas streams containing 12-15% CO,, excess N>, and a high-water content'®. The material maintains

CO; loadings of roughly 2 to 3 mmol g at 298 to 313 K and 0.15 bar CO», even under relative
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humidities above 50%?°. Its exceptional cycling stability, sustained over hundreds of thousands of
adsorption-desorption cycles, together with successful full-scale implementation!’, demonstrates
that MOF-based separations can achieve true industrial viability.

MOFs are also well suited to kinetic separation, where differences in diffusion rates rather
than equilibrium adsorption determine selectivity. ZIF-8 membranes provide a clear example of
this behaviour. Their 3.4 A pore aperture lies between the kinetic diameters of propylene and
propane, enabling selective transport of C3Hs over CsHs. As a result, high-quality ZIF-8
membranes routinely achieve C3He/C3Hg separation factors >100 with propylene permeances near
107 mol m s! Pa! under near-ambient conditions?'?2, These performance metrics exceed those
of many polymer membranes and underscore the importance of rigid, well defined pore apertures

in controlling molecular transport.

1.2.3 Gas Storage

Gas storage applications focus on maximizing the deliverable capacity between realistic
charging and discharging pressures. Both gravimetric and volumetric storage metrics are essential,
and MOFs are particularly attractive because their high porosity and tunable interaction energies
allow both to be optimized simultaneously.

Ultraporous frameworks such as MOF-210 demonstrate how large pore volumes and high
surface areas translate into high storage capacities. MOF-210 exhibits ~17 wt% total H uptake at
77 K and 80 bar and delivers close to substantial working capacity for methane storage, delivering
near 200 cm® (STP) cm™ between 5 and 65 bar at 298 K234, These values illustrate the potential

of MOFs to meet or exceed industrial targets for gas storage.
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1.2.4 Other Applications

Although gas-phase adsorption remains the primary focus of MOF research, MOFs exhibit
chemical and structural versatility that supports a variety of additional applications. In catalysis,
their accessible metal nodes and functional linkers enable site-isolated reactivity, giving rise to
activity in oxidation, hydrogenation and other transformations; for example, coordinatively
unsaturated frameworks M3(btc), (M = Cr, Fe, Co, Ni, Cu, Zn) have been shown to catalyze CO
oxidation using N>O as the oxidant®. Synthetic advances such as modulated self-assembly of
catalytically active Zrs-cluster-based nanosheets further demonstrate the feasibility of fabricating
stable, catalytically active MOF-derived materials?®. As a field, MOF catalysis has matured
sufficiently that strategies for improving stability, recyclability, and substrate scope are now
regularly discussed in comprehensive reviews?’.

In sensing and detection, MOFs offer tunable pore environments and optical or conductive
properties, making them effective chemosensors. Luminescent frameworks have been developed
to detect small molecules or gases via changes in fluorescence intensity or wavelength?®,
Conductive MOFs extend this versatility by enabling electrical readout of adsorption-induced
changes, broadening the range of detectable analytes®. These applications leverage the same host-
guest chemistry and structural control that make MOFs valuable for adsorption.

MOFs have also been explored as carriers for therapeutic molecules because their high
porosity, tunable surface chemistry, and controllable release environments which align well with
the requirements of drug delivery systems. Early work by Horcajada and co-workers established
MIL-101 as a benchmark framework in this area, demonstrating that its large pore windows and
high surface area enable exceptionally high pharmaceutical loadings, including ibuprofen uptakes

exceeding one gram of drug per gram of MOF, while maintaining structural integrity and
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exhibiting sustained, pH-dependent release profiles®®. Subsequent studies broadened the
biomedical scope of MIL-101 derivatives. For example, iron-based MIL-101(Fe) and related
variants were shown to encapsulate anticancer agents and to release them preferentially under
mildly acidic conditions that mimic tumour microenvironments, illustrating how framework
chemistry can be tuned to achieve selective, stimulus-responsive delivery!. Additional work
further refined these concepts by exploiting functionalization and particle-level design to regulate
guest-framework interactions, improve dispersion in biological media, and adjust release rates.
These studies collectively established MIL-101 as a foundational system for illustrating how pore
architecture, linker chemistry, and environmental responsiveness can be engineered to control
molecular release. Although MOF-based drug delivery remains at a preclinical stage, the
combination of high loading capacities, modular chemistry, and programmable release
mechanisms continues to motivate research into MOFs as next-generation therapeutic carriers?2,
While these uses lie outside the scope of this thesis, they illustrate the broad functional
potential of MOFs beyond classical gas storage or separation. The diversity of chemical
environments, pore architectures, and accessible metal-site chemistries underscores why
understanding molecular-level binding behaviour remains central to advancing both adsorption

applications and broader functionalities.

1.3 Adsorption in MOFs and the Importance of Binding Sites

Adsorption in MOFs arises from the interplay between pore geometry, surface chemistry,
and the underlying energy landscape that governs how guest molecules distribute within a porous
structure. Although global metrics such as uptake, selectivity, and working capacity are widely

used to assess material performance, these macroscopic quantities ultimately emerge from the
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distribution, energetics, and connectivity of discrete binding sites inside the framework. Reviews
of CO; capture in MOFs consistently emphasize that local adsorption environments, particularly
those associated with open metal sites and strongly interacting functional groups, are key
determinants of thermodynamic behaviour and separation performance’.

A binding site corresponds to a local minimum in the adsorption potential and reflects the
specific interactions that stabilize an adsorbate at that position. Changes in linker chemistry, metal
nodes, pore topology, and functional groups reorganize the number, strength, and spatial
arrangement of these sites and can produce substantial differences in adsorption behaviour, even
for closely related frameworks. Reticular design enables the introduction of open metal sites, polar
functional groups, or size-selective apertures that target specific interactions with guest molecules,
which, in turn, shape both the primary adsorption sites and higher-energy secondary sites>.

The central role of binding environments has been demonstrated explicitly in several
detailed studies. Ramsahye and co-workers used periodic density functional theory (DFT) to probe
CO; adsorption in MIL-53(Al, Cr) and MIL-47(V), showing that a small number of well-defined
low-energy pockets near the inorganic chains and linker oxygens dominate CO, uptake, and that
changes in framework composition shift the relative energies and occupancies of these sites®.
More recent work has mapped CO; adsorption sites across a series of rare earth and zirconium
MOFs, revealing that preferred binding locations and their relative populations vary systematically
with metal identity and local coordination environment rather than with global surface area or pore
volume**. In a different context, detailed analysis of C,H4/C>Hs separation in an Al-PyDC
framework showed that high olefin/paraffin selectivity arises from several chemically distinct
molecular binding pockets within a single structure, each stabilizing the guests through different

interaction motifs that collectively determine the observed separation performance®.
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A review of MOFs for toxic gas capture highlighted that adsorption and selectivity for
species such as SO», Clz, and NHj are often controlled less by total porosity and more by the
chemistry, accessibility, and distribution of specific binding sites, including open metal centres,
basic linkers, and reactive functional groups*®. Recent work on water-assisted CO- adsorption has
further shown that the presence of co-adsorbed H>O can reorganize the adsorption landscape by
occupying or modifying primary sites and creating new hydrogen-bonded environments, leading
to cooperative enhancement or suppression of CO> binding that only emerges when the relevant
binding pockets and their shared occupancy are analyzed explicitly?®’.

Taken together, these studies make it clear that global adsorption metrics are rooted in a
relatively small set of chemically distinct binding environments whose energies and populations
depend sensitively on framework structure and operating conditions. A detailed, site-resolved
description of adsorption is therefore essential for understanding why a MOF performs well for a
given application, for comparing materials on a mechanistic basis, and for building predictive
models that connect pore-level interactions to process-level behaviour. This perspective supports

the subsequent focus of this thesis on explicit binding-site identification and analysis.

1.4 Experimental Characterization of Adsorption in MOF's

Experimental characterization of adsorption in MOFs is intrinsically challenging because
guest molecules are often mobile, weakly interacting, or distributed across several partially
occupied positions within the pore network. Although diffraction-based methods remain the most
direct approaches for locating adsorbates, unambiguous determination of binding sites is relatively
uncommon. More than 100,000 MOF structures are now deposited in the Cambridge Structural

Database™®, yet only a small fraction include experimentally resolved guest positions, and these
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typically require synchrotron X-ray sources or neutron facilities to obtain sufficient contrast and
resolution®**’, Even under these optimized conditions, weakly bound or highly dynamic guests
yield diffuse or smeared electron density, obscuring individual binding motifs and complicating
structural refinement.

Carrington and co-workers highlighted these issues in detail, showing that gas-loaded
MOFs often require extensive disorder modelling, partial-occupancy constraints, and careful
interpretation of residual density to approximate binding-site geometries*!. Similar difficulties
arise in systems where adsorbates populate several symmetry-related or metastable environments,
or in frameworks that exhibit structural flexibility during adsorption. These factors create
ensemble-averaged diffraction signatures that cannot readily be decomposed into distinct site
contributions.

Spectroscopic methods provide complementary insight but also face inherent limitations.
Infrared spectroscopy probes changes in vibrational modes associated with adsorption, and can
often identify functional groups involved in binding, but does not resolve three-dimensional guest
positions. Solid-state NMR has become a powerful tool for probing local environments, guest
mobility, and adsorption-induced structural changes, particularly when diffraction provides

insufficient detail*>*3,

However, NMR spectra typically reflect overlapping chemical
environments and require computational models to distinguish between plausible adsorption
configurations. Recent studies combining NMR with variable-temperature measurements, isotopic
labelling, or co-adsorption experiments have demonstrated the value of these techniques, but they
still rely on simulations to fully reconstruct the spatial distribution of adsorbates.

Altogether, while experimental methods are indispensable for validating adsorption

behaviour and assessing framework stability, their ability to resolve detailed binding-site

10
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distributions is fundamentally limited by disorder, partial occupancy, guest mobility, and
instrumental constraints. These limitations motivate the integration of atomistic simulation
methods, which can map out three-dimensional adsorption probability distributions and energetics
under controlled, idealized conditions, complementing experimental data and enabling a more

complete understanding of adsorption in MOFs.

1.5 Atomistic Simulation of Adsorption in MOFs

Atomistic simulations provide a powerful complement to experimental characterization
because they can resolve adsorption sites with a level of spatial and energetic detail that is often
inaccessible to diffraction or spectroscopy. Several computational strategies have been developed
to identify binding sites in MOFs, but each has inherent limitations that become significant when
capturing realistic adsorption behaviour under working conditions.

Periodic DFT calculations are among the most widely used tools for studying adsorption
at the molecular level. In these approaches, one or a few guest molecules are placed at chemically
reasonable positions in the pore and the geometry is relaxed to obtain local minima. DFT has been
highly successful at elucidating strongly bound adsorption motifs, such as CO; binding at open
metal sites in Mg-MOF-74 and related structures***, However, these optimizations are carried out
at effectively 0 K, omitting thermal motion, entropic effects, and guest-guest interactions. They
provide discrete stationary points rather than a full occupancy distribution. More importantly, DFT
inherently relies on chemically selected starting positions, so unidentified or unexpected sites are
easily missed.

On the other hand, force-field-based potential-energy surface (PES) scans offer a

complementary strategy. Here, a probe molecule is placed on a real-space grid spanning the pore

11
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volume, and the interaction energy is computed at each point to generate an energy landscape.
Local minima are then used to suggest likely binding sites or to place initial configurations for
further simulation. Rosen and co-workers used such an approach in their high-throughput DFT
screening of catalytic MOFs, where a methane probe was guided by a Lennard-Jones interaction
grid*®. While chemically informative, these PES-based placement schemes are deterministic and
guest-specific. They perform well for simple, near-spherical adsorbates such as methane, where
orientation plays a minor role. However, they struggle with polyatomic molecules that have
multiple chemically distinct interaction sites, where adsorption depends sensitively on molecular
orientation and local framework chemistry. In such cases, a limited set of optimized geometries
cannot adequately sample the orientational degrees of freedom or capture the existence of multiple
competing local minima. These approaches also fail under competitive adsorption or at higher
loadings, where guest-guest interactions affect both preferred orientations and binding locations.
As with DFT-based geometry optimization, PES-driven methods provide no information on site
populations or statistical weighting at finite temperature and pressure. All identified minima are
implicitly treated as equally relevant, which is rarely true for adsorption in porous materials.

In contrast, Grand canonical Monte Carlo (GCMC) simulations overcome these limitations
by sampling guest configurations according to the Boltzmann distribution at a defined temperature,
pressure, and composition. GCMC inherently generates three-dimensional adsorption probability
distributions (APDs) that encode the preferred binding locations, their relative statistical weights,
and how these distributions evolve with loading. Peaks in the APD correspond to condition-
specific adsorption maxima and free energy minima. Their heights reflect the occupancy and

stability of each site, allowing primary and secondary binding environments to be distinguished.

12
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Unlike DFT or PES grids, GCMC captures thermal fluctuations, guest mobility, and guest-guest
interactions, making it uniquely suited for identifying realistic binding landscapes.

These considerations motivate the use of GCMC-derived probability distributions as the
foundation for systematic binding-site extraction. At the same time, they highlight a critical
methodological gap: there is currently no standardized, automated, and validated approach for
converting APDs into chemically meaningful binding-site coordinates. Most studies still rely on
visual inspection or qualitative interpretation, leaving the quantitative structural information
contained in probability maps largely underutilized. The overall workflow for transforming noisy
APD into discrete binding site configurations is illustrated in Figure 1.1. To clarify how APDs
arise from atomistic simulations, the following sections outline the principles of GCMC
simulations and describe how sampled configurations are accumulated into three-dimensional

probability distributions.

B eh 3
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Figure 1.1. Binding site identification from GCMC-derived APD for CO; in a representative MOF. a) Raw
APD obtained directly from GCMC, showing a noisy and spatially diffuse landscape. b) Smoothed APD
highlighting localized regions of high occupancy. c) Final fitted binding site configuration obtained by
fitting the CO, molecule to the extracted probability maxima, yielding chemically meaningful binding sites.
From left to right, the panels illustrate the successive stages of probability smoothing, maxima localization,
and guest fitting employed in the GALP workflow. In panels a) and b), red density corresponds to oxygen
atoms and gray density corresponds to carbon atoms of COs.

13
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1.5.1 Grand Canonical Monte Carlo Simulations

GCMC simulations are widely used to model adsorption in porous materials because they
directly sample the equilibrium distribution of guest molecules under experimentally relevant
conditions. In the grand canonical ensemble, the temperature, volume, and chemical potential of
each adsorbing species are held constant while the number of guest molecules in the simulation
cell is allowed to fluctuate. The imposed chemical potential corresponds to a fixed gas pressure,
enabling direct comparison with adsorption experiments. In this ensemble, configurations are

sampled with a probability proportional to

_U—unN
P xe kT 1.1

where U is the total interaction energy of the system, u is the chemical potential of the guest
species, N is the number of guest molecules, k is the Boltzmann constant, and T is the temperature.
This expression highlights the defining feature of GCMC simulations, namely that both energetic
interactions and fluctuations in guest loading contribute to the equilibrium distribution.

A GCMC simulation proceeds by proposing a sequence of stochastic trial moves that
modify the system’s configuration. These moves typically include insertions and deletions of
guests, as well as translation and rotation of molecules already present within the framework. Each
proposed move is accepted or rejected according to the Metropolis criterion, which compares the
Boltzmann weighted probability of the new configuration to that of the current one while enforcing
detailed balance. This procedure guarantees that, over many iterations, configurations are sampled
according to the target grand canonical distribution defined in equation 1.1. The total energy U
entering the acceptance criterion is computed as the sum of the framework-guest and guest-guest
interaction energies, usually described using classical force fields that include van der Waals and
electrostatic contributions. As guest molecules are free to move, reorient, and interact with one
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another, GCMC naturally capture thermal motion, configurational disorder, and guest-guest
correlations that arise at finite loadings. The resulting ensemble of sampled configurations retains
detailed local binding information about the spatial distribution of guest molecules within the
framework, providing the basis for constructing APDs that reflect realistic binding behaviours

under working conditions.

1.5.2 Generation of Adsorption Probability Distributions

During each accepted GCMC step, the position of guest molecule atoms are mapped onto
a three-dimensional grid spanning the simulation cell by assigning each atom to its nearest voxel.
At each grid point where an atom is identified, a running count is incremented. Repeating this
procedure throughout the simulation generates a raw occupancy histogram for each guest atom
types, which is continuously updated as additional configurations are sampled. Upon completion
of the simulation, these counts are normalized by the total number of MC steps and by the volume
of each voxel to produce three-dimensional APD. The occupancy at a given grid point i, denoted
by p;, is calculated as:

number of steps guest atom binned at point i

= 1.2
pi (total number of MC steps) - (volume of bin)
The volume of each voxel is determined by the unit cell geometry. For a triclinic lattice, the
volume of a single bin is given by:
abcy/1 — cos? @ — cos? f — cos? y + 2 cos a cos 8 cos
Volume of Bin = \/ P 4 fcosy 1.3

N

Where a, b, and c are the lattice vector magnitudes in A, a, 8, and y are the inter-vector angles in

degrees, and N is the total number of voxels in the unit cell. The resulting occupancy values, p;,
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have units of inverse volume, specifically A3, representing the probability density of finding a
given guest atom at a particular grid point.

Separated APD are generated for each guest atom type, for example, carbon and oxygen
in COz, enabling independent analysis of the spatial distribution of individual atomic sites. These
distributions are stored in the Gaussian cube file format, which preserves the normalized
probability data together with the real-space lattice information required for subsequent

visualization and post-processing.

1.6 Motivation and Research Problem

The adsorption behaviour of a MOF is controlled by the specific environments within its
pores. The locations, geometries, and energetics of individual binding sites determine how guest
molecules organize, how strongly they interact with the framework, and how these interactions
evolve with temperature, pressure, and loading. Global metrics such as uptake, selectivity, and
working capacity are therefore direct consequences of the local adsorption landscape.
Understanding these binding sites is essential for interpreting adsorption mechanisms,
rationalizing performance differences between materials, and predicting adsorption behaviour
under realistic conditions.

GCMC simulations are widely used to model adsorption in MOFs because they capture
thermal motion, guest-guest interactions, and finite-loading effects. A key advantage of GCMC is
that it produces three-dimensional adsorption probability distributions that directly encode the
spatial organization of guest molecules within a framework. These distributions contain far more
structural information than global observables, and they reveal which adsorption environments

dominate under specific thermodynamic conditions.
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Despite their value, no standardized or validated framework exists for converting GCMC-
derived probability distributions into explicit binding-site coordinates. Most studies still report
only scalar outputs such as uptake or isosteric heat, while the underlying adsorption landscape
remains qualitatively inspected or omitted entirely. This lack of a consistent extraction
methodology leaves substantial chemically meaningful information unused.

The absence of such a method has two immediate consequences. It limits our ability to
systematically compare adsorption behaviour across different guests, materials, or operating
conditions. It also prevents meaningful evaluation of the classical approximations used in GCMC
simulations, including the choice of force field, charge assignment scheme, framework rigidity,
and equation of state. Without a reliable way to extract binding sites, it is not possible to determine
whether classical GCMC reproduces known experimental adsorption environments with sufficient
accuracy to support mechanistic interpretation. Addressing this unmet need forms the basis of the

research problem addressed in this thesis.

1.7 Impact and Future Relevance

A validated and automated method for extracting binding sites from GCMC-derived
probability distributions would have a broad impact across molecular simulation, materials design,
and adsorption science. At the molecular scale, accurate site identification provides direct insight
into the interaction motifs that govern adsorption strength, orientation, cooperativity, and
competitive behaviour. This level of detail enables mechanistic interpretation of adsorption trends,
allowing researchers to understand why certain frameworks outperform others for CO; capture,

hydrocarbon separations, or operation under humid conditions.
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At the materials-design level, binding-site information supports targeted modification of
pore environments through linker functionalization, metal substitution, or the introduction of
specific binding motifs. These insights refine how structure-property relationships are established,
enabling adsorption performance to be rationally tuned rather than inferred indirectly from global
metrics.

At the process scale, a clear description of binding-site structure strengthens the connection
between atomistic simulation and engineering models. Site energetics and occupancies influence
breakthrough behaviour, working capacity, regeneration energy, and multicomponent co-
adsorption. Accurate binding-site maps, therefore, improve predictions for pressure-swing
adsorption, vacuum-swing adsorption, and other separation processes that depend sensitively on
local adsorption environments.

The long-term relevance extends even further. High-throughput GCMC workflows are
already widely used, yet their outputs remain dominated by global properties such as uptake or
Henry’s coefficients. An automated and validated extraction procedure transforms these
workflows by converting raw probability distributions into structured binding-site datasets. Such
datasets enable force-field benchmarking, cross-material comparison of adsorption environments,
and the development of new descriptors grounded in local interactions. They also provide training
data for machine learning models that aim to predict adsorption landscapes, free-energy surfaces,
or even full probability distributions at a fraction of the computational cost.

In this sense, the broader impact lies not only in clarifying adsorption mechanisms for
individual MOFs but in establishing a foundation for scalable, data-driven approaches to

adsorption science.

18



uOttawa Chapter 1: Introduction Olivier Marchand

1.8 Thesis Goals and Chapter Overview

This thesis has two core objectives, both of which shape the organization of the document.
The first objective is to develop a standalone, automated workflow that extracts binding sites from
APDs generated by GCMC simulations. This workflow performs smoothing, peak identification,
clustering, and molecular fitting to convert three-dimensional probability maps into chemically
interpretable binding site coordinates. The theoretical foundation and methodological
implementation of this procedure are presented in Chapter 2, which defines the full computational
pipeline for probability-based binding site identification.

The second objective is to evaluate the reliability of widely used classical GCMC
approximations by comparing simulation-predicted binding sites to experimentally determined
binding sites. This evaluation assesses the influence of force-field selection, charge-assignment
methods, and the rigid framework approximation. The results of this validation effort form the
basis of Chapter 3, which examines the conditions under which classical GCMC reproduces known
adsorption motifs with sufficient accuracy to support mechanistic interpretation.

Finally, Chapter 4 summarizes the findings from both objectives and discusses their
implications for future work. This includes the broader relevance of systematic binding site
identification for high-throughput screening and the creation of large adsorption datasets.
Although these applications fall outside the scope of this thesis, parallel research in the group has
begun exploring them using the methods developed here, demonstrating the adaptability and future

value of this approach.
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2. Development of a Binding site Identification Tool for MOFs

Enhancing Gas Absorption Analysis in MOFs: Development of an Advanced and Robust

Binding Site Identification Tool

2.1 Abstract

GALP (Guest Atom Localizer from Probabilities) is a Python tool that identifies adsorption
binding sites directly from three-dimensional absorbate probability distributions generated by
grand canonical Monte Carlo (GCMC) simulations. The method addresses a central bottleneck in
adsorption studies, namely the lack of a general, automated procedure for converting noisy, grid-
based probability distribution data into chemically meaningful guest configurations, at a time when
experimentally resolved binding sites are available only for a small set of MOFs. GALP operates
on atom-specific adsorbate probability distributions stored on a 3D grid and combines Gaussian
smoothing, local maximum detection with occupancy and distance-based filters, and an RMSD
minimizing fitting procedure to reconstruct full guest geometries under periodic boundary
conditions. Convergence and data quality are quantified with a Tanimoto similarity criterion
between symmetry equivalent subcells, complemented by a Shannon entropy metric that reports
the degree of spatial delocalization. Parameters controlling smoothing, maxima selection, and
molecular fitting are optimized on a development set of 100 diverse MOFs and 8 guests (CO2, N2,
CH4, Xe, Kr, CoHz, CsHs, C3Hg). With this development set, the number of binding sites
determined by GALP is in excellent agreement with those determined manually, where parity plots
give a coefficient of determination of > 0.98. A grid spacing of 0.15 A is shown to reproduce the
positions and binding energies of sites obtained from a much finer 0.01 A grid with average energy

deviations of about 0.2 kcal mol!, while keeping file sizes and runtimes tractable for high-
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throughput workflows. Together, these results establish GALP as an accurate and practical
framework agnostic tool for constructing binding site datasets, guiding targeted experiments, and

enabling automated screening and machine learning models for gas adsorption in porous materials.

2.2 Statement of Work

The work presented in this chapter is based on the development and application of GALP.
I was responsible for the full redesign and implementation of the software, as well as for all
validation and analysis reported here. Specifically, I rewrote the original Guest Atom Localization
Algorithm (GALA) codebase from scratch to improve robustness, readability, and long-term
maintainability. I developed a new RMSD-based fitting algorithm for binding site identification
and corrected multiple algorithmic and numerical issues in the original implementation. I
refactored the code into a fully standalone package by removing proprietary dependencies and
replacing them with well-documented and actively maintained libraries, and I extended its
compatibility to natively support not only our in-house GCMC code FastMC but also the widely
used RASPA3 package. I further designed and executed the validation workflow to assess the

method’s accuracy and reliability across diverse MOF and guest systems.

2.3 Introduction

Metal-organic frameworks (MOFs) are increasingly recognized as effective materials for
gas separation and storage, owing to their highly diverse structures, high porosity, and chemical
tunability*’. The MOF CALF-20 is one such MOF, that has been commercialized for selective

18,48

CO; capture from humid cement making flues'®*°. Binding sites of the adsorbates are central to
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how MOFs selectively capture’>* and understanding them is key to the rational design of solid
sorbents for specific applications.>%>!

Experimentally determining the precise locations of adsorbed species within porous
materials remains a significant challenge. Techniques such as single-crystal X-ray diffraction
(SCXRD), neutron powder diffraction (NPD), powder X-ray diffraction (PXRD), and
synchrotron-based methods are indispensable for identifying guest positions within frameworks.
However, these methods rely on highly ordered samples with sufficient guest occupancy and
minimal disorder. In practice, low scattering contrast for light adsorbates (e.g., H2, CO2, CHy),
diffuse scattering from framework flexibility, and site averaging due to dynamic motion often
obscure or smear out the electron or nuclear density associated with the guest. Even under
optimized conditions, partial occupancy, residual solvent, and framework breathing can further
complicate site assignment. Consequently, experimentally resolved adsorption sites are available
only for a limited number of systems®!. Many computational studies have highlighted the same
limitation, emphasizing how experimental constraints hinder direct benchmarking of adsorption
site predictions*'. From our analysis, we identified roughly 35 distinct structures where the guest
location has been resolved within a MOF, highlighting both the experimental difficulty and the
value of computational methods for completing this picture.

Despite the central role that binding sites play in adsorption behaviour, there are currently
no general-purpose tools for automatically identifying them in periodic structures. As a result,
researchers investigating their synthesized MOFs or analyzing top-performing structures often
lack a direct method for locating these sites. Experimental binding site data remain difficult to
obtain, while computational alternatives usually rely on manually placing guests and refining them

through DFT to locate local minima. A generalizable approach that extracts binding sites from
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atomistic simulations would provide a much-needed solution. It would enable not only a more
rigorous analysis of adsorption sites but also the construction of large-scale datasets for screening,
training machine learning models, and designing new MOFs tailored to specific guest molecules.
However, extracting these sites directly from simulation outputs, particularly from the noisy
probability distributions generated from atomistic simulations, remains a nontrivial task.

A practical way to explore binding site behaviour and guest uptake in MOFs is through
atomistic simulations that model how guest molecules interact with the framework under relevant
thermodynamic conditions. GCMC simulations, in particular, are commonly employed to model
gas adsorption under constant temperature and volume conditions. In a GCMC simulation, trial
moves that insert, delete, translate, and rotate guest molecules are accepted or rejected according
to the Metropolis criterion based on changes in the total interaction energy, thereby sampling the
equilibrium distribution of guests for a given state point. By averaging over many millions of such
configuration, each simulation yields a single point on an adsorption isotherm. Beyond providing
uptake data, GCMC simulations also produce three-dimensional probability distributions that
represent the likelihood of finding a guest atom at a given position within the framework. These
distributions are commonly represented as volumetric grids and visualized as isosurfaces or
contour maps. An isosurface corresponds to a surface in three-dimensional space along which the
probability density takes a constant value, while contour plots represent the same information on
two-dimensional slices through the framework. Regions of high probability in these
representations indicate preferred binding locations for the guest, thereby providing direct insight

into the spatial organization of the adsorption within the pore structure!®2,
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Figure 2.1. A) 3D-isosurfaces of the CO, probability distributions (brown — carbon; red — oxygen) in
CALF-15 (Znx(3-amino-1,2,4-triazole),(oxalate)), determined from a GCMC simulation. Also shown in the
tube representation are the experimental CO, binding sites determined from X-ray analysis. B) Centre of
mass probability density plots of CO; molecules in CALF-16 (Zn3(3-amino-1,2,4-triazole)3;(PO4)). In both
A) and B), the framework of the MOF is shown in line representation for clarity.

For example, Figure 2.1A demonstrates the raw probability plot for the carbon atoms of
COy. The regions of high occupancy are shown in gray; however, manually identifying the exact
maxima is not straightforward. Typically, this visualization provides enough information to
determine the general region where the guest resides, but it does not precisely define the binding
site. By localizing and extracting these maxima, we obtain clearly defined regions resembling CO»
molecules, as illustrated in Figure 2.1B. At this stage, a robust algorithm can be applied to fit the
guest molecule within the adsorption site accurately.

Identifying binding sites is essential for understanding the atomistic level adsorption
behaviour of a MOF. These sites indicate where guest molecules are preferentially located,
offering insights into the chemistry and intermolecular interactions that drive binding and
selectivity. In binary or multicomponent simulations, binding sites can reveal competitive
adsorption, such as displacement driven by stronger framework affinity or cooperative uptake,
whereby one molecule enhances the adsorption of another. Examining these sites also allows for

the identification of functional groups or local motifs that contribute to strong binding, facilitating
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the strategic design of MOFs tailored for specific gases. As larger datasets of guest-specific
binding sites are developed, this information can be leveraged to train machine-learning models
that assess MOF performance or inform material selection for specific applications>~.

In a previous study by Vaidyanathan et al.’°, the authors used a combined experimental
and computational approach to elucidate the binding interactions of amine-functionalized MOFs.
Starting from the X-ray diffraction determined framework structure, atomistic simulations were
used to predict the preferred CO; binding locations, which were found to be in direct agreement
with the binding sites resolved experimentally. The study revealed cooperative binding effects
among CO; molecules and showed that both dispersion and electrostatic interactions contribute
significantly to the overall binding energy. These results demonstrated how accurate identification

of binding sites provides mechanistic insight into adsorption and can be used to guide the design

of MOFs with optimized interaction environments for enhanced CO- uptake.

Figure 2.2. Visualization of a competitive binding site in CALF-20 at 5 bar, where both CO; and H,O
occupy the same location. The faded (semi-transparent) molecules represent the alternative guest,
highlighting the spatial overlap and competition for adsorption at this site.

Similarly, in another study by Ching-hwa Ho et al.>’, the competitive adsorption behaviour

of COz and H20O in CALF-20 was investigated using molecular simulations under varying humidity
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conditions. Their results revealed that CO> and H2O molecules compete directly for identical
binding sites within the framework, as illustrated in Figure 2.2. The semi-transparent molecules in
this figure represent the alternative guest, highlighting the spatial overlap and competitive
interaction between CO; and H>O at the same adsorption site. Furthermore, the study found that
water significantly influenced CO> dynamics, altering both thermodynamic and kinetic properties,
thus providing a more straightforward explanation for the anomalies observed in adsorption
isotherms. Understanding such competitive interactions is crucial when optimizing MOFs for
targeted gas separation processes under realistic conditions.

Extracting binding sites from GCMC-derived probability distributions is a complex task,
despite their importance. Raw adsorption probability distributions (APDs) often contain
substantial diffuse density associated with weakly interacting or secondary binding sites. Although
these regions correspond to lower occupancies, they may still represent chemically relevant
adsorption sites, particularly for multi-site guest molecules where one atomic site interacts less
strongly with the framework. In such cases, the resulting smeared probability density can overlap
with or bias nearby high occupancy regions, complicating the accurate localization of dominant
binding sites. Often, the unevenness in the distribution results from both numerical noise and the
inherent roughness of the free energy landscape. Even simulations that are well-converged can
yield an excessive number of local maxima. For instance, a MOF with fewer than 20 true binding
sites can exhibit over 100 distinct maxima in the raw data, resulting in false positives and
complicating the interpretation process. In Figure 2.3, the red line reflects the raw output from a
stochastic GCMC probability plot (simplified to 1D), whereas the blue line denotes the smoothed
distribution achieved through a Gaussian filter. Even converged plots can reveal multiple false

maxima due to noise, cluttering the distribution and obscuring true binding sites. Additionally,
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grid size and other simulation parameters can affect resolution, leading to artifacts and
inconsistencies across different systems. These challenges highlight the necessity for effective
post-processing techniques that can smooth and refine the data, facilitating the consistent and
accurate identification of chemically significant binding sites. This need is particularly critical for
high-throughput workflows or machine learning applications, where reliability and comparability

are paramount.
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Figure 2.3. 1D probability distribution of the carbon atom derived from GCMC simulation of CO; gas
adsorption in MOF CALF-15 (red). The probability is plotted along a line which passes through one of the
binding sites. The red arrows point to local maxima in the raw probability distribution. The blue line is the
result of a “smoothing” of the raw probability distribution with a noise filter (this work).

To address the issues caused by noisy and inconsistent GCMC-derived probability
distributions, a reliable algorithm for identifying binding sites must fulfill several key
requirements. Firstly, it should consistently differentiate between genuine adsorption sites and
false peaks, even in simulations where the raw data reveals many more peaks than the chemically
relevant binding locations. This necessitates inherent filtering logic to evaluate peaks based on

their statistical significance, allowing users to control the number of binding sites reported by using
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a minimal and intuitive set of parameters. For instance, modifying a single parameter should permit
users to concentrate on only the most probable areas or widen the search to incorporate larger,
less-defined zones. Furthermore, the algorithm needs to be fully automated and compatible with
multiple guest molecules to facilitate high-throughput screening with minimal oversight.

Properly addressing periodic boundary conditions is equally crucial. Adsorption sites often
form near the edges of the simulation cell, and incorrect treatment can result in split or
misidentified regions. Scalability is another essential requirement. With large MOFs surpassing
ten million grid points, the algorithm must remain efficient as it scales. Additionally, it should
clearly rank or score each predicted site, enabling users to prioritize the most important adsorption
areas. Outputs need to be well-organized and compatible with downstream tools, such as periodic
DFT codes such as VASP. Lastly, integrated diagnostics should evaluate the sharpness of the
probability distribution and identify cases where excessive noise or diffusion undermines the
validity of the predictions.

In this study, we present GALP a tool developed to identify adsorption sites directly from
probability distributions obtained through GCMC, and to fit complete geometries of guest
molecules in those areas. GALP has two operational modes: the case-by-case mode allows users
to modify essential parameters to derive chemically precise binding sites suited for specific
systems. A second high-throughput mode utilizes default parameters optimized for a wide variety
of guest molecules, enabling the quick generation of binding site data with minimal user input.
The algorithm has been validated against a benchmark of over 100 MOFs and examined with guest
species such as CO», N», Xe, Kr, CoH», CHas, C3Hg, and CsHs, for which reference binding sites
were manually identified from the corresponding APDs. These adsorbates were selected because

they represent widely studied and technologically relevant separation and storage scenarios in the
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literature, spanning a broad range of framework-guest and guest-guest interaction systems. These
reference sites were then used to assess the algorithm’s accuracy and robustness across a wide

range of framework chemistries and binding environments.
2.4 Methodology

2.4.1 Adsorbate Probability Distributions

GALP requires the APD for every distinct atomic site of each guest molecule. For example,
if CO; is the guest, there should be APDs for C and O. The code uses the Gaussian cube format,
which stores scalar volumetric data where the simulation cell is divided into Na x Ny x N¢ grid
forming voxels, where a, b, and ¢ refer to the lattice vectors and N refers to the number of grid
divisions along each vector. Each voxel contains the probability of finding the guest atom per unit
volume in A3, The APD is generated by mapping the guest atoms onto voxels at each MC step.

While generating probability distributions from GCMC simulations, we utilized an
equitable binning procedure to reduce noise in the resulting distributions. In conventional binning,
each atom count is entirely assigned to the voxel it is contained within, as shown in Figure 2.4a.
In equitable binning, shares this contribution among the eight closest voxels, with weights based
on the atom’s proximity to each neighbouring voxel center, as shown in Figure 2.4b. This
proportional weighting acts to smooth the distribution, especially in low-occupancy areas. An
analysis of the equitable binning in generating the APDs is investigated in the Results and
Discussion section. Equitable binning was employed in all simulations throughout this study unless

otherwise stated.
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a) b)

Figure 2.4. A schematic representation of how the position of one atom (the white dot) is distributed to four
2D voxels in a) normal binning procedure compared to b) equitable binning. The numbers in each voxel
indicate the contribution of the atom count to the probability distribution in that voxel. The red circular
region around the atom position in b) is used to demonstrate the proportional distribution with equitable
binning.

2.4.2 Grid Resolution

The resolution of probability distributions is determined by the grid spacing utilized in the
GCMC simulations, which reflects the distance between neighbouring grid points along each
lattice vector, measured in A. Smaller grid spacings produce higher-resolution plots, enabling the
capture of fine structural details but results in larger data files. Larger spacings result in coarser
grids that require less memory to store. While this may result in a loss of local detail, it can also
smooth the distributions by averaging guest positions into larger voxels. For all simulations in this
study, a default grid spacing of 0.15 A was employed. The influence and optimization of this

parameter are elaborated on in the Results and Discussion section.

2.4.3 Convergence Criteria

The APDs generated from stochastic MC simulations can be noisy unless very long
simulations are performed. In GCMC simulations, our experience is that the adsorbate uptake
typically converges to acceptable statistical error levels with much fewer MC steps than are

required to obtain APDs smooth enough to easily identify the binding sites. While one can simply
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run very long GCMC simulations when examining a few materials, in a high-throughput screening
workflow, one needs to carefully manage the length of the simulations. Thus, it is critical to define
a method to evaluate the convergence of the APDs to stop the simulations when the generated
APDs are smooth enough to identify the binding sites. For this, one can evaluate the “smoothness”
of an APD to determine convergence. However, the challenge with this approach is to differentiate
a noisy APD from one that is intrinsically rugged. Since most simulations involve a supercell, we
decided to compare the APD between symmetry-equivalent subcells within the supercell.
Symmetry equivalent subcells should ideally have the same distribution and therefore the
similarity between APDs of equivalent cells can be used to evaluate the convergence. To evaluate
the similarity of two distributions, we use the Tanimoto coefficient as defined in Equation 2.1
where 4 and B refer two different distributions and © is the voxel-wise product. The Tanimoto
ranges from 0, indicating two entirely dissimilar distributions, to 1, indicating identical
distributions. To provide a more intuitive interpretation, consider a 2 x 2 x 2 supercell where the
APD is partitioned into eight symmetry-equivalent subcells. The Tanimoto coefficient is computed
between all pairs of these subcells by comparing their voxel grids element by element, which
quantifies how consistently the spatial probability density is reproduced across the supercell. High
overlap indicates that equivalent regions exhibit the same features, such as peaks occurring at the
same positions, while lower overlap reflects discrepancies caused by noise or insufficient
sampling. By averaging the Tanimoto over all pairs of equivalent cells, Tay, we obtain a single
metric that reflects the global consistency of the APD within the supercell. Tay is then used as a
convergence criterion. We established a minimum Tay value of 0.75 as the convergence threshold

for all simulations performed in this study. This threshold strikes a practical balance between
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simulation duration and the reliability of binding sites, as supported by the validation in the Results

and Discussion section.
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2.4.4 Overview of the GALP algorithm
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GALP localizes the binding sites from a “converged” set of APDs in the following steps:

A Gaussian noise filter is applied to the APDs to further mitigate high-frequency noise in
the distributions.

All local maxima are identified from the smoothed distributions. Maxima below a user-
defined threshold or within an exclusion radius of a higher occupancy peak are discarded.
For polyatomic guest molecules, maxima (potentially from different atom types) that are
roughly in the geometric configuration of the guest molecule are identified and grouped
together. The rigid guest molecule is then fit to each group of maxima using a RMSD-
minimizing alignment procedure to give the final positions of the binding sites. This
process is repeated until no more local maxima can be assigned to binding sites.

The binding energies of the identified binding sites can be optionally evaluated - with or
without further geometry optimization.

Upon completion, GALP provides a ranked list of binding site configurations in user-

friendly formats, which includes structural coordinates, occupancy values, and binding energies

for each guest. In the following, we elaborate on each of the above steps. Any adjustable

parameters that are introduced in these steps are highlighted, but the optimization of the parameter

values are discussed in a later section.

2.4.4.1 Smoothing of the APD

The use of a Tanimoto convergence test and the equitable binning procedure still generates

APDs with noise levels that can impede the identification of binding sites. Thus, we apply a
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standard Gaussian noise filter from the SciPy library to isotropically smooth the 3D volumetric
data as given in Equation 2.2. ¢ is a smoothing parameter where larger values lead to more
pronounced smoothing effects. A ¢ value of 0.4 A is used as a default. The filter handles
boundaries using the wrap mode, meaning that probability values at one face of the unit cell are
mapped to the opposite face during convolution so that the smoothing respects the periodic

boundary conditions of the crystal lattice.

1 —(x2+y2+zz)
G(x,y,2,0)= \/Ece 202 2.2

2.4.4.2 Local Maxima Identification

After smoothing the APDs, local maxima are identified and filtered. The APD is first
rescaled such that the minimum occupancy value is set to 0 and the maximum occupancy value in
the APD is set to 1. All maxima in the APD are identified where a maximum is defined as a voxel
that has an occupancy greater than all 26 surrounding voxels. Maxima that are lower than a user-
defined occupancy cutoff, O, are discarded. O is set to 10% of the global maximum occupancy
or 0.1, by default. Local maxima are also discarded if they are too close to another higher
occupancy maximum within the same APD (as opposed to the APD of another atom type). For
this we define a user adjustable exclusion radius Rx whose default value is 0.45 A for most guests.
The use of an exclusion radius can potentially eliminate mutually exclusive binding sites.
However, we found that an exclusion radius was necessary, particularly in low pressure
simulations where high occupancy maxima were often surrounded by many low-occupancy

maxima that did not correspond to true binding sites.
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2.4.4.3 Fitting of Guest Molecules to Local Maxima

For single site guests such as argon and xenon, the located maxima correspond to binding
sites, and no further processing is necessary. However, for multi-site guests, the geometry of the
guest must be fit to an appropriate collection of maxima. Since most GCMC simulations of small
molecules use a fixed geometry for the guests, GALP utilizes a fixed template structure to fit the
guest molecules to the maxima. The first step in the fitting procedure is to determine what
collection of maxima are part of the same binding site. For example, for CO2, one needs to identify
a collection of two oxygen maxima and one carbon maximum that are geometrically arranged
close to the geometry of a CO2 molecule. We utilize a procedure that determines what maxima are
part of the same binding site in a stepwise fashion. Starting with the first atom in the template
structure, the algorithm samples a maximum of the appropriate atom-type, which hasn’t been
previously assigned to a binding site. It then takes the next atom in the template structure and
determines the distance to the previous atom in the template structure. The algorithm then samples
maxima of the appropriate atom type until one is found that is within the tolerance of the calculated
atom-pair distance. This tolerance is by default set to 0.35 A. The function continues to “collect”
maxima to be part of the same binding site, atom-by-atom until all atoms in the guest are
successfully matched to appropriate maxima. During this procedure, if a maximum cannot be
found that is within the tolerance of the given atom-pair distance, the binding site is “discarded”
and all collected maxima are put back into the pool of available maxima. This process continues
until either no more maxima are available to be assigned to a binding site, or no more binding sites
can be identified.

Once maxima have been collected into individual binding site groups, the rigid geometry

of the template structure is best fit to each binding site group. The first step of the fitting procedure
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involves determining the centroid of the binding site maxima and the centroid of the templated
guest structure, as shown in Figure 2.5a. The centroid of the template molecule is then placed onto
the position of the centroid of maxima as shown in Figure 2.5b. At this point the template structure
is not likely to be well aligned with the binding site maxima. The template molecule is then rotated
about its centroid to minimize the root mean square distance between the coordinates of the
template structure and the positions of the maxima as shown in Figure 2.5c. The rotation matrix
that minimizes the root-mean-square distance between the two sets of coordinates is found using
the Kabsch algorithm and implemented in the RMSD library>®. The coordinates of the RMSD fitted
template structure of the guest molecule is then output as a single binding site. One can optionally

discard poorly fitted binding sites if the RMSD per atom is higher than a user defined threshold,

Figure 2.5. Steps of the procedure that fit the template guest molecule structure to the collection of maxima
that form a binding site. The grid in a-c represents the probability distribution with the light-yellow contours
representing the maxima. The dark grey molecule represents the template guest structure, and the light grey
molecule presents the maxima in the APD. a) the centroid (red dot) of the template molecule and the binding
site maxima are determined. b) the template guest molecule is placed on the location of the binding site
maxima such that the coordinates of the two centroids coincide. c¢) the template molecule is rotated about
the centroid to minimize the RMSD.

2.4.5 Binding Energy Calculation

Once a list of binding sites and their coordinates has been collected, the user can optionally
evaluate the binding energy of all sites either with or without further geometry optimization. One

would normally evaluate the binding energy using the same force field that the GCMC simulations
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were performed with. For this task GALP is currently only compatible with DL-Poly classic.
However, one can easily write extensions to GALP such that it creates inputs for other code
packages to perform the energy calculation. The binding energy is calculated such that the guest
molecule is placed in an empty framework without any other guest molecules. Thus, the computed
binding energy only accounts for the interaction between a single guest molecule and the frozen
framework. It is important to realize that the potential energy surface is not necessarily a good
surrogate for the free energy distribution that is represented by the APD, particularly at high

pressure where guest-guest interactions can be important.

2.4.6 Provided Outputs

GALP provides users with key information on all accepted binding sites. A .cif file is
created with the framework atoms and the coordinates of all identified binding sites. An .xyz file
is also written with each binding site, sorted by the occupancy from high to low. Here, each frame
of the file gives the location of a single binding site. In the title line of the .xyz file, the binding

energy is provided broken down in the electrostatic energy and van der Waals energy.

2.4.7 Implementation

The GALP program is written in the Python 3 language and uses standard, open-source
scientific libraries. The main functionality utilizes Pymatgen’s® molecule and structure objects,
while SciPy® is used for applying smoothing filters and locating local maxima. Molecular
geometries are fitted using routines from the RMSD library®®. GALP was initially designed to be
compatible with APDs generated by our in-house GCMC code, FastMC version 1.4.0%. This

Fortran-based GCMC code produces separate three-dimensional probability distributions for each
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atom type in the guest molecule, allowing GALP to locate and fit distinct atomic binding sites
independently. FastMC was modified to support several aspects of this study. Specifically, we
implemented an on-the-fly convergence checker that dynamically extended the number of
production steps until a user-specified Tanimoto threshold was met. Most of the functions of
GALP can easily be extended for use for other GCMC codes, as it can function given only a set of
APDs in Gaussian cube format. Compatibility with RASPA3 was subsequently implemented,

enabling direct analysis of APDs generated from RASPA3 simulations.
2.5 Computational Details

2.5.1 GCMC Simulations

All GCMC simulations were performed with our in-house GCMC code, FastMC that is
derived from the DLPOLY classic MD package. The guest molecules were held rigid, and a fixed
framework approximation was used for all simulations. The guest-host interactions are composed
of pair-wise point charge electrostatic and Lennard-Jones potentials. The partial atomic charges
on the MOF framework atoms are derived from a single-point periodic DFT calculation using the
REPEAT method. For the DFT calculations, the VASP package®® was utilized with a PBE
exchange-correlation functional. Further details of the DFT calculations can be found in reference
63. The Lennard-Jones parameters for the framework molecule were taken from the Universal
Force Field (UFF)%. Guest molecules were assigned partial atomic charge and Lennard-Jones
parameters from various literature force fields: CO2%, Nx%, C,H,%7, NO%, Xe®, Kr®, CHa-
TraPPE’®7!, H,O (TIP5P/TIP4P-ew)’>7®, C3Hs'* and C3Hg’®. Simulation conditions used to

optimize the GALP parameters are described in the Results and Discussion section. Supercells
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were used such that all atom-atom distances within the cell exceeded 12.5 A. GCMC simulations

were run until the Tanimoto threshold detailed in the Methods section was reached.

2.5.2 Entropy Metric

In addition to the Tanimoto based convergence criterion, we implemented an entropy-
based metric to assess the spatial diffusivity of each APD. This indicator reflects whether guest
occupancy is concentrated in well-defined regions or dispersed across the framework. To quantify
this, we compute the Shannon entropy H, of the normalized three-dimensional occupancy

distribution p; ; ., where i, j, and k index the voxel position in the grid.

ny My ng

Hy = — z z z pijx In(pi k) 2.3

i=1 j=1k=1
Here, ny, n,, and n, are the grid dimensions, and p; j x is the normalized probability associated
with each voxel. For a perfectly uniform distribution, where each of the N = n,n,n, voxels have
equal probability p; ;, = 1/N, substitution in equation 2.3 yields the maximum entropy:
Hpnax = In(N) 2.4
To enable direct comparison between systems discretized on grids of different sizes, a normalized

entropy ratio was defined as:

Hy  Hy

M = 2.5

This ratio ranges from 0 to 1, where values approaching 1 indicate highly diffuse,
delocalized probability distributions and values near 0 correspond to strongly localized binding
behaviour. From a practical standpoint, low entropy implies the presence of distinct binding sites

suitable for molecular fitting. In contrast, high entropy indicates poor spatial resolution and
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potential difficulty in assigning guest configurations. While not used as a convergence criterion,
this metric serves as a diagnostic tool. In particular, it complements the Tanimoto score by
highlighting cases where simulations appear to converge but fail to yield clearly defined binding
regions due to weak or non-specific guest-framework interactions. This metric was used during
the manual fitting of binding sites, where it was found that entropy values greater than 0.9 generally
corresponded to diffuse distributions that may introduce significant challenges in identifying

chemically meaningful binding configurations.
2.6 Results and Discussion

2.6.1 Development set of MOF's

To optimize GALP’s ability to identify binding sites and to create a robust set of default
adjustable parameters, we curated a development set of 100 MOFs for which the APDs were used
to manually validate the GALP binding sites. The structures in the development set were sampled
from the ARC-MOF® database, which contains about 280K hypothetical and experimentally
characterized MOF structures with a diverse range of organic and inorganic SBUs, geometries,
topologies and functional groups. Importantly, ARC-MOF has been screened for structural errors
that have recently been identified to make up a sizable fraction of many other MOF databases’. It
is important to note that the purpose of this development set is to optimize the GALP parameters
and evaluate the algorithm’s robustness across a diverse range of adsorption environments, rather
than to validate the method against experimental measurements. The objective is to assess whether
GALP can reliably identify maxima and reconstruct binding sites from the underlying APDs
produced by GCMC simulations, treating the APD itself as the reference representation of the

adsorption landscape. For this reason, the dataset intentionally includes both experimentally
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characterized and hypothetical MOFs. Hypothetical structures significantly expand the accessible
structural diversity, enabling the exploration of a broader range of pore sizes, topologies, and
binding environments than is currently available in purely experimental databases. Throughout
this chapter, MOFs are identified using the structure filenames provided in the ARC-MOF
database, including their native DB## identifiers where applicable. Experimentally characterized
MOFs are typically referenced using crystallographic identifiers associated with their reported
structures, whereas hypothetical MOFs are labelled according to their constituent building blocks,
topology, or generation scheme within ARC-MOF. This naming convention is used consistently
in all figures and tables to uniquely reference each structure. The MOFs in the development set
were selected from the ARC-MOF database using a farthest point sampling method’®, considering
features such as pore size, limiting diameter, and topology. These descriptors were chosen because
they directly control accessible adsorption volume, steric confinement, and connectivity of
adsorption environments, which are the primary structural factors governing binding-site location
and multiplicity in porous materials. Since the composition of ARC-MOF is dominated by
computer generated structures, there are large collections of MOFs that are functionalized variants
of a single parent structure. Thus, in our sampling of structures, if a newly sampled structure
possessed the same parent structure of a previously selected MOF, the newly sampled structure
was discarded. Furthermore, since we wanted our development set to contain ~15% experimental
MOFs, and such MOFs only make up 2.59% of ARC-MOF, we first performed farthest point
sampling on the experimental MOFs only. Once 15 experimental MOFs were selected, sampling
was extended to the full database to fill the remaining 85 structures, again discarding any structures

that shared the same parent framework.
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The plots shown in Figure 2.6 show a comparison of various geometric features of MOFs

in the GALP development set compared to the complete ARC-MOF database. With this

development set, we observed that the GCMC computed uptakes for N> were very low giving

highly delocalized APDs with poorly defined binding sites. Thus, for N> we generated a guest

specific development set of 10 MOFs from the ARC-MOF database that possessed high N

uptakes. For this subset we first identified the top 100 MOFs in ARC-MOF with the highest

simulated N; uptakes. We then applied farthest point sampling of geometric parameters to select

10 MOFs.
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Figure 2.6. Distribution of various geometric parameters of MOFs in the GALP development set compared
to the full ARC-MOF database. (a) Plot of the gravimetric versus the volumetric accessible surface areas
for the two data sets. (b) Plot of the pore diameter versus the accessible void fraction of the MOFs in the

two datasets.
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2.6.2 Optimization and Validation of GALP Parameters

2.6.2.1 Optimization of the GALP Parameters

The determination of the GALP parameters followed the workflow shown in Figure 2.7,
which outlines the sequential optimization of maxima extraction parameters, including the
Gaussian smoothing parameter (), occupancy cutoff (O¢), and radius cutoff (Ry), followed by
fitting parameters overlap tolerance (OV), and RMSD (¢g). At each step, we followed a simple
guiding principle, ensuring that all binding-site maxima visible in the unsmoothed, folded APDs
were captured while avoiding underfitting that would introduce false sites, or overfitting which
would remove true sites. The manually identified maxima from the folded APDs served as the
closest available “ground truth” for this optimization. These APDs, generated directly from the
underlying GCMC density grids, provided a benchmark against which to judge whether the chosen
parameter set successfully reproduced the expected number and location of binding sites. We did
not adopt ab initio calculations as a reference because DFT identifies minima on a potential surface
corresponding to the zero Kelvin limit. As such, it does not account for finite temperature effects,
entropic contributions, or guest-guest interactions that are intrinsic to adsorption under
experimental conditions. Moreover, the DFT potential energy surface can differ substantially from
the force field potential employed in the GCMC simulations, making direct comparison ambiguous
and physically inconsistent. Experimental binding site data were also not used as a primary
benchmark. While such measurements are scarce and typically limited to systems with small pores
and strong guest-host interactions, the more fundamental limitation is that a direct comparison
would primarily assess the accuracy of the underlying simulation approximations rather than the

performance of GALP itself. Any disagreement between simulation and experiment binding site
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would combine errors arising from force field choice, fixed framework assumptions and charge
models with potential limitations of the extraction and fitting algorithm, preventing an
unambiguous evaluation of the GALP’s ability to identify binding sites from APDs. In contrast,
the raw, unsmoothed APDs produced directly by GCMC simulations are available for every
system, contain no fitting bias, and reflect the actual sampling of the guest in the framework. For
these reasons, the folded APDs provide the most objective and universally applicable internal
benchmark for validating GALP, allowing us to ask whether the algorithm can faithfully recover

the maxima present in the underlying probability distributions.
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Figure 2.7. Flow chart illustrating the optimization of parameters for each guest molecule in the
development set. Five tunable parameters were considered: o (Gaussian smoothing), Ry (effective radius),
Oc (occupancy cutoff), OV (overlap tolerance for molecule building), and RMSD (fitting cutoff). The
variable € is a diagnostic flag used to evaluate the number of detected maxima relative to the folded
probability plot £ = +1 indicates the presence of excess maxima, while £ = —1 indicating that some
maxima are missing.

The first stage of parameter optimization focused on maxima extraction, where the

Gaussian smoothing width (o), occupancy cutoff (O.), and effective radius (Rx) were adjusted. The
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goal of this stage was to ensure that all binding-site maxima present in the GCMC-derived APDs
were correctly identified by GALP. The key consideration was whether the current parameter set
produced the expected number of maxima. Missing peaks indicated underfitting, while excess
peaks reflected overfitting. The second stage of parameter optimization addressed the fitting of
guest molecules to the extracted maxima, governed by the overlap tolerance (OV) and the RMSD
(¢) cutoff. Both parameters were initially set at highly restrictive values to ensure that only
chemically reasonable configurations were accepted. In cases where maxima could not be fit under
these strict conditions, the cutoffs were gradually relaxed upward, allowing for successful
placement without introducing artificial binding sites. This step ensured that the fitted
configurations not only reproduced the locations of the probability-density maxima but also
maintained geometrical consistency with the underlying molecular models. By combining the
maxima-extraction and fitting stages, GALP produced guest-specific parameter sets that faithfully

captured the most occupied binding sites across the diverse set of MOFs.
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Figure 2.8. Manual fitting of CO; adsorption maxima in DB1-Cu2N8-ADC_B-DPAC B No01223. Brown
and red spheres denote the carbon and oxygen atoms of CO», while cyan and yellow isosurfaces represent
the corresponding APDs. Panels (a—c) illustrate the effect of parameter choice on the number of extracted
maxima.

As illustrated in Figure 2.8, the outcome of maxima extraction depends strongly on the
chosen parameter set. In this example, the occupancy cutoff (O.) was varied, a low value (O =
0.01) introduced false maxima in the output (panel a), while a high value (O, = 0.3) suppressed

genuine Oy sites (panel c¢). Only at an intermediate setting (O = 0.2) where all true maxima
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recovered (panel b), demonstrating the need to balance sensitivity with noise suppression. This
behaviour is not unique to this MOF-guest pair. Because the dataset spans a wide range of
frameworks, weak MOF-adsorbate interactions often generate low-intensity noise in the
probability plots, which can be misinterpreted as additional maxima. Fine-tuning the parameters
for each system yields a distribution of optimized values, from which generalizable parameters

can be inferred for high-throughput screening of a given guest.

2.6.2.2 Validation of Algorithm

The reliability of the optimized parameter sets was assessed by comparing the number and
locations of binding sites identified by GALP with those determined manually from the same
APDs. This manual identification served as the internal benchmark, providing a direct test of
whether the algorithm faithfully reproduced the maxima present in the raw APDs. The parity plots
in Figure 2.9 demonstrate strong quantitative agreement in the expected number of binding sites
across all guest species. Linear regression of GALP-expected versus manually determined
binding-site numbers per structure yielded slopes very close to unity, with R? values > 0.98. RMSE
values ranged from 0.46 to 1.50 binding sites per structure, with most cases close to 0.5 or below,
confirming that the optimized parameters recover the expected number of sites with high accuracy.
This level of agreement is expected, since the parameters were tuned individually for each MOF-
guest system to establish guest-specific defaults and to demonstrate that GALP can, in principle,
reproduce the manually identified maxima with near-perfect accuracy. Occasional deviations from
perfect parity were observed in systems with very low uptake or highly delocalized densities, but

these were rare and confined mainly to challenging guests such as C3Hg and C3He.
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Figure 2.9. Parity plots comparing the number of binding sites identified by GALP and manual labels from
folded probability plots. Black lines indicate one-to-one correspondence; regression metrics (R* and RMSE)
demonstrate strong agreement across all guests, with only minor deviations in low-uptake or delocalized
cases.

While the analysis above demonstrates that the algorithm can reliably extract the expected
number of binding sites on a case-by-case basis, complete validation also requires assessing the
spatial accuracy of the fitted site positions. Figure 2.10, therefore, complements the numerical
parity analysis by presenting a structure-resolved comparison between the fitted binding site
coordinates and the corresponding folded APDs for a small set of DB12 MOFs and guests. By
overlaying the fitted sites directly onto the APDs, this figure enables a direct visual assessment of
whether the extracted binding sites’ position coincides with the underlying probability maxima
sampled by GCMC.

Across most systems, the fitted binding sites are found to align closely with well-localized
regions of high probability density for all guest sites, indicating that the algorithm accurately
captures both the location and orientation of the preferred adsorption configurations. An
illustrative exception is observed for DB12-NEYZAU with CO, where the folded APD exhibits

carbon density at multiple locations, while the corresponding oxygen density is absent or partially
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localized at some of these positions. For multi-atom guests, GALP assigns a binding site only
when a complete molecular configuration is supported by coincident probability density for all
atoms. As a result, isolated carbon density without accompanying oxygen density is not fitted as a
binding site, even when visible in the APD. This behaviour reflects a constraint designed to avoid
assigning chemically inconsistent adsorption geometries and to ensure that only physically

meaningful binding site positions are fitted.

DB12-XURPSAE |

CH,

v
e * DB12-GAFBEX
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Y DB12-NEYZAU
co,
Figure 2.10. Fitted binding sites and corresponding folded adsorption probability distributions for six DB12
MOFs included in the validation of the algorithm. The six guest molecules shown are Xe, Kr, CHs, CO,,
C:H,, and N, as labelled. All structures correspond to experimental DB12 entries from the ARC MOF
database. All adsorption probability distributions were generated from GCMC simulations performed at
298 K and 1 bar.
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2.6.2.3 Optimized Parameters

The final recommended set of optimized parameters for each guest are summarized in
Table 2.1. These values represent practical defaults that reproduce the manually identified maxima
under the representative temperature and pressure conditions examined in this work, spanning
C2H,, CsHs, C3Hg, CHa, CO2, Kr, Xe and N at temperatures of 298-373K and pressures between
0.75 and 65 bar. To complement the tabulated values, we also examined the distributions of

optimized parameters across the development set as represented in Figure 2.11.
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Figure 2.11. Distribution of optimized fitting parameters for each guest molecules in the development set.
Panels (a-e) show the fitted values of the Gaussian smoothing parameter (o), effective radius (Ry),
occupancy cutoff (O.), overlap tolerance (OV), and RMSD (g), respectively. The distributions reflect the
range and consistency of parameter values selected during validation, providing insight into the sensitivity
of each parameter to the underlying guest—framework interactions.

The violin plots reveal that 6 and Rx were highly consistent across all systems, reflecting
the imposed convergence criterion (Tanimoto > 0.75), which intrinsically enforces similarity
within the APD and reduces sensitivity to the precise values of these smoothing parameters. In

contrast, O¢ displayed greater variability because it reflects local occupancy thresholds rather than
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global distribution overlap. For single site guests such as CH4, Xe, and Kr, the optimized
occupancy cutoff consistently converged to 0.3. This uniformity reflects the simplicity of these
guests, which allows for well-defined maxima to be generate, giving rise to a higher cut-off than
with polyatomic guests. By contrast, multi atom guests required lower cutoff values to
accommodate more complex spatial distributions. For COz, a cutoff of 0.2 was required because
rotational freedom of the molecule leads to broader sampling of the terminal atoms, resulting in
increased noise in the adsorption probability distribution. In even more complex cases, such as
propylene, the lack of molecular symmetry meant that each atomic site was sampled differently,
and Oc values as low as 0.1 were required. The overlap tolerance (OV) also showed marked guest
dependence. For most guests, OV remained within a narrow range, but significantly larger values
were required for propane and propylene. This reflects the more delocalized character of their
adsorption density profiles, site maxima for these guests were, on average, spaced farther apart
than for others, necessitating a looser tolerance during molecular building. These broader
distributions of probability density will be revisited in the limitations section, where we discuss
guest-specific limitations in greater detail.

Table 2.1. List of optimized, guest specific GALP parameters and conditions for which GCMC simulations
were run on the development set to optimize the parameters.

Guest T(K) P(bar) o (R) O. R« (A) ov (A) RMSD (g) (A)
|
Xe 298 1 0.4 0.3 0.45 - -
Kr 298 1 0.4 0.3 0.45 - -
CH., 298 1 0.4 0.3 0.45 - -
CH., 298 65 0.4 0.3 0.45 - -
CO;, 298 1 0.4 0.2 0.45 0.35 0.1
C.H,* 298 1 0.4 0.3 0.45 0.35 0.1
C:iHe 373 1 0.2/0.4 0.2 0.45 0.35/0.45 0.1
C:H;: 373 1 0.4 0.1/0.3  0.45 0.35-0.60 0.1
N, 298  0.75 0.4 0.3 0.45 0.35 0.1

“The guest molecule was fitted using the GALP option that restricts the fitting procedure to heavy atoms only.
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2.6.2.4 Recovery Accuracy and Guest-Dependent Optimized Parameters

The recovery accuracy obtained using the optimized GALP parameters depends primarily
on the adsorption behaviour of each guest rather than on limitations of the fitting algorithm itself.
As shown in the parity plots in Figure 2.12, guests that form well-defined adsorption basins are
recovered with the highest fidelity, whereas systems characterized by weak or spatially diffuse

interactions exhibit greater variability.
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Figure 2.12. Parity plots comparing the number of manually identified binding sites with those recovered
by GALP using optimized parameters for each guest. Each point represents a MOF-guest pair, and black
lines indicate one-to-one correspondence. Strong agreement is observed for single-site guests and systems
with localized adsorption basins, while deviations increase for multi-site guests and weakly interacting
systems characterized by diffuse probability distributions. Binding-site counts are reported without
accounting for symmetry equivalence.

Single-site guests such as Xe, Kr, and CHy4 at 1 bar display near-ideal parity between
manually identified and automatically recovered binding sites (Figure 2.12). These systems
involve simple interaction potentials and limited orientational degrees of freedom, making the
recovery largely insensitive to small positional variations in the APDs. Multi-site guests, including
CO; and C>H,, require the correct placement and orientation of multiple interaction centres and

are therefore more sensitive to local variations in pore geometry and probability density shape.
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Although CO: often exhibits strong binding in frameworks with open metal sites, this behaviour
is not universal across chemically diverse MOFs. As reflected by the increased scatter observed
for CO; in Figure 2.12, structures with weaker host-guest interactions or broader adsorption
landscapes yield higher configurational entropy and reduced spatial confinement, which lowers
recovery robustness.

The influence of pressure is further illustrated by CHs at elevated loading. At high pressure,
CH4 populates secondary and tertiary pore regions where adsorption free-energy minima are
shallow and overlapping, leading to more diffuse APDs and increased deviation from parity
relative to the low-pressure case. On the other hand, C3Hs and C3Hs remain the most challenging
guests, exhibiting the largest deviations from parity in Figure 2.12. Their weak and non-specific
interactions generate broad APDs with limited structural definition, consistent with their highly
entropic adsorption behaviour.

Importantly, all binding-site counts reported in Figure 2.12 include every recovered site
without accounting for symmetry equivalence. In highly symmetric frameworks, missing a single
symmetry-unique site may therefore lead to an apparent undercount amplified by the number of
equivalent sites. Overall, Figure 2.12 demonstrates that the optimized GALP parameters recover
binding sites with high fidelity when APD are spatially localized and chemically meaningful.
Reduced recovery accuracy arises primarily in systems characterized by weak binding and
elevated entropy, which lie outside the conditions where precise binding-site identification is most

informative.
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2.7 Limitations

2.7.1 Convergence

A key aspect of GALP is that the APDs from GCMC simulations must be sufficiently
converged for reliable maximum extraction. We set a Tanimoto threshold of 0.75 as a minimum
criterion to ensure convergence of the APDs, but achieving this often required very long
simulations. For some guests, such as Kr, C2H>, C3Hs, and C3Hg, run times sometimes exceeded
15-20 days. Guests that did not reach convergence within this period were excluded from the

guest-specific subset.
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Figure 2.13. Convergence rates for all guest simulations across the full MOF set. The bar chart reports the
percentage of structures that reached the Tanimoto convergence criterion for each guest, along with the
fraction of remaining failures. The results show consistently high convergence, with most guests exceeding
ninety five percent across the dataset.

Overall, as shown in Figure 2.13, 774 of 800 guest—-MOF pairs (96.75%) converged within
20 days, with 26 (3.25%) not converging. Convergence failures depended on the guest: 1% for
COz, 2% for CH4 and Xe, 4% for CsHs, 5% for propylene and Kr. For C3Hs and CsHs, the weak

interactions with the framework result in broad, shallow adsorption landscapes, making it harder
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for simulations converge. These guests are over-represented among the failures. For Xe and Kr,
behaviour differs according to their Lennard-Jones parameters. Xe, with larger ¢ and a deeper €
well, creates a more attractive, confined adsorption landscape. Kr, with smaller o and weaker ¢,
interacts less strongly and tends to have more diffuse distributions slowing convergence, especially
in low-uptake MOFs. This explains why some MOFs converged for Xe but not Kr. CoH also
shows a similar effect due to its short-range interactions; hydrogen sites lack Lennard-Jones
potential, so only carbon atoms provide meaningful dispersion forces. Hydrogens only interact
electrostatically, leading to more rotational configurations and a broader sampling space. In larger,
low-interaction MOFs, this limited contact points forces the simulation to explore a very diffuse

landscape, requiring more sampling for convergence.

2.7.3 Delocalization

One of the main challenges in fitting APDs is when the distribution is highly delocalized
or diffuse. Delocalization is characterized by a smeared probability distribution that spans a
continuous region of the framework, providing little distinction between potential binding sites.
Figure 2.14 illustrates varying degrees of delocalization, from diffuse to well-localized
distributions. Each contour plot corresponds to a slice along the z-axis taken at the position of the
highest identified maxima. No smoothing was applied to the APDs shown. Figure 2.14a represents
a strongly delocalized case, where four distinct regions of elevated probability density merge into
a continuous distribution. Although certain areas exhibit slightly higher intensity, the lack of well-
defined maxima prevents the algorithm from identifying a unique adsorption site. This behaviour
directly affects the fitting process, as the algorithm must operate over broad, low-gradient regions

rather than sharply peaked densities. In contrast, Figure 2.14b shows a moderately localized

58



uOttawa Chapter 2: GALP Olivier Marchand

example with two symmetry-equivalent maxima highlighted in yellow. Here, the high-probability
regions are clearly separated and easily distinguishable from the surrounding density, simplifying
the fitting procedure and improving identification of meaningful adsorption sites. A secondary,
weaker maximum is also visible in a lower-density region, corresponding to a less occupied
binding site. Figure 2.14c depicts a well-localized case characterized by sharply defined maxima
that correspond to strongly interacting binding sites. Two site types are evident, one slightly more
populated than the other, both easily identifiable by the algorithm. In systems with multiple sites
per guest, delocalization becomes a particularly severe challenge. Extracting several broad or
overlapping distributions often leads to inaccurate site identification. The fitting algorithm may
miss physically relevant sites altogether or generate redundant results, producing artificially
duplicated results. This limitation is unavoidable for systems with weak binding or near-degenerate
adsorption sites, where delocalization naturally arises from the underlying free-energy landscape.
The relative entropy values for these examples, 0.94 for (a), 0.82 for (b), and 0.89 for (c), quantify
this trend. Lower relative entropy (< 0.90) corresponds to more localized distributions, confirming

that the metric effectively captures delocalization within the adsorption probability maps.
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Figure 2.14. Contour plots of (a) DBI13-cds-Syn027206 (delocalized), (b) DBI12-NEYZAU clean
(localized), and (c) DB1-AlO6-DPAC_A No7 (localized) showing probability density slices along the z-
axis at the respective maxima. All examples correspond to the CM site in the CHs guest model at 65 bar
and 298 K. The relative entropy values are 0.94, 0.82, and 0.89 for (a), (b), and (c), respectively. The unit
cell is outlined with a light gray dotted line.

The delocalization typically occurs in two scenarios. Figure 2.15 demonstrates a clear
correlation between a MOF’s affinity for a specific guest and the spatial confinement of the
adsorbate within the framework. The plot compares the heat of adsorption (HOA) with the mean
relative entropy (H/Hmax), where each point represents a distinct MOF-guest pair. The negative
correlation (Spearman p = -0.671) shows that systems with more localized adsorption probability
distributions (lower entropy) exhibit stronger interactions with guest molecules and therefore
higher HOAs. In contrast, frameworks that allow broader, more delocalized guest distributions,

which correspond to higher entropy, tend to show weaker adsorption energies. The 95%
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uOttawa

confidence interval of [-0.718, -0.622] demonstrates that this correlation is both statistically
significant and consistent across the dataset. The relatively narrow range indicates that the
observed relationship is not driven by a few outliers but instead reflects a general physical trend
linking configurational entropy and adsorption strength. The color of the data points in Figure 2.15
represents the accessible surface area (ASA), which further reinforces this relationship. MOFs with
large pore volumes and high ASA values generally allow greater guest mobility, leading to higher
entropy and weaker binding, whereas smaller or more confined structures restrict guest movement,
resulting in lower entropy and stronger host-guest interactions. This trend highlights that both
framework topology and pore accessibility jointly determine the balance between entropic freedom

and enthalpic stabilization of adsorbed species.
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Figure 2.15. Correlation between the mean relative entropy (average of each guest’s adsorption density
profiles) and the heat of adsorption (HOA), with colours indicating the accessible surface area (ASA). The
size of each marker reflects the diameter of the largest included sphere (Di).
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2.8 Evaluation of GCMC Specific Parameters

2.8.1 APD Resolution and Grid Spacing

The grid spacing parameter is crucial in determining the resolution of GCMC-generated
APDs, which in turn controls GALP’s ability to identify binding sites. A finer grid spacing offers
higher resolution and more precise localization of binding sites, but at the cost of larger data files
and higher compute requirements for post-processing. In this study, we employed a grid spacing
of 0.15 A for all simulations, initially chosen to balance accuracy and computational cost. We
evaluate this choice by comparing the binding sites and their energies obtained with grid spacings
of 0.50, 0.15, and 0.01 A for three systems: CO, adsorption in CALF-15 and MAF-2, and CHg4
adsorption in Sca-bdcs, under the same conditions used in the corresponding experiments. (MAF-
2: 195 K and 20.3 bar; CALF-15: 173 K and 0.85 bar; Scz-bdcs: 230 K and 9 bar, see Table 2).

We first compare the locations of the binding sites obtained with the different grids. Across
the three MOFs, a total of 50 distinct binding sites were obtained with the finest grid of 0.01 A, in
agreement with the experimentally determined binding sites (15 in CALF-15, 18 in MAF-2, and
16 in Sca-bdcs). For this comparison, we do not treat the experimental binding sites as the ground
truth, because that would implicitly assume that the GCMC simulations employ an exact potential
energy surface. Instead, we regard the APD binding sites obtained with the 0.01 A grid as the most
accurate within our test cases and use those as the reference for all comparisons. With a grid
spacing of 0.15 A, GALP recovers all 50 binding sites. The overall average RMSD of all atoms
over all binding sites, relative to the 0.01 A reference, is 0.11 A. With the coarser grid of 0.50 A,
GALP recovers 48 of the 50 binding sites, missing two equivalent binding sites in MAF-2 (16 out

of 18). The overall average RMSD increases to 0.43 A, roughly four times larger than for the 0.15
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A grid. Even so, an RMSD of 0.11-0.43 A remains smaller than the uncertainty in many
experimentally determined binding site positions.

To further assess the fidelity of the binding sites obtained with the 0.50 and 0.15 A grids,
we compare their binding energies to those computed with the 0.01 A APD grid. For the 0.15 A
grid, the overall mean absolute deviation (MAD) in binding energy across all 50 sites is 0.14 kcal
mol™!, with per MOF MADs of 0.15 kcal mol! for CALF-15, 0.10 kcal mol'! for MAF-2, and 0.16
kcal mol™! for Sco-bdcs. The maximum deviation remains below about 0.7 kcal mol!. We regard
this as very strong agreement in terms of binding energetics. In contrast, for the 0.50 A grid the
overall MAD increases to about 2.0 kcal mol™!, with per MOF MADs of 2.79 kcal mol™! for CALF-
15, 1.00 kcal mol!' for MAF-2, and 2.18 kcal mol"! for Scz-bdcs, and maximum deviations
exceeding 5.5 kcal mol!. These results show that a grid spacing of 0.15 A yields binding sites that
are both geometrically and energetically very close to those obtained with a grid that is 15 times
finer, while a coarser grid that is only about 3.3 times larger (0.50 A) leads to binding energies that
are likely to be judged unacceptably different from the reference. A visual representation is shown

in Figure 2.16.
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Figure 2.16. Residual binding energies relative to the reference grid spacing of 0.01 A are shown for coarser
grid spacings of 0.5 A and 0.15 A. Each subpanel corresponds to a cluster of binding sites extracted from
the overall distribution, which includes CALF-15, MAF-2, and Sc,-BDC;, representing distinct binding
environments for CO, and CHy guests. The shaded regions indicate energy deviation thresholds: green for
|AE| < 0.5 kcal mol™ and beige for 0.5 <|AE| < 1.0 kcal mol™. Values outside these regions (pink) correspond
to deviations large enough to potentially alter binding-site ranking or occupancy behaviour.

As expected, reducing the grid spacing significantly increased storage and processing
requirements. The probability plot files for the 0.01 A grid were approximately 2500% larger than
those for the 0.15 A grid. Although we did not expect the GCMC run times to differ significantly,
using a grid of 0.01 A did result in a GCMC simulation that was on average 7% slower for the
three MOFs tested than for the 0.15 A grid. However, as expected, the run time of GALP almost
doubled with the 0.01 A grid as Pymatgen’s cube file reader, struggled with the much denser APD
grid. These findings suggest that a 0.01 A grid is costly for high-throughput applications.

These results show that an APD grid of 0.15 A is balanced, allowing accurate localization
of binding sites without being overly demanding computationally. For a small test set of binding

sites, this grid size reproduced the binding sites produced by a grid 15 times finer, as quantified on
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spatial and energetic terms. In this way, this grid size is a reasonable default or starting point if

further refinement is required for a specific guest or host.

2.8.2 Effect of Equitable Binning

In this work, we used equitable binning to generate the probability distributions. Unlike
standard binning, which assigns the full “count” to a single voxel, equitable binning distributes the
“count” across multiple voxels based on proximity to the center of each voxel as shown in Figure
2.4. While straightforward to implement, not all MC packages may use equitable binning to
generate the APDs. Thus, we examine the impact of equitable binning to smooth APDs and reduce
the number of MC steps required to reach convergence. To ensure a direct comparison, we
modified our GCMC code to generate both normal and equitably binned APDs within the same

GCMC simulation.
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Figure 2.17. Comparison of Tanimoto score convergence for six representative MOF-guest systems using
normal and equitable binning. Each panel reports the Tanimoto score as a function of production steps and
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highlights the total number of steps required to reach a Tanimoto score of 0.75. Normal binning is shown
in blue and equitable binning in orange.

The plots in Figure 2.17 show that equitable binning gives a modest improvement in the
convergence of the APDs. Fewer GCMC steps are required in most systems. The effect is usually
small, so the absence of equitable binning is not a major limitation. In a few cases where the
Tanimoto score begins to plateau before the convergence threshold, the improvement becomes
more noticeable. This behaviour appeared in one of the acetylene examples. At this stage, it is not
obvious which features of the MOF, the guest, or the adsorption landscape control early or late
convergence. Equitable binning introduces no penalty because it does not increase the APD’s
memory usage or the simulation’s computational cost, and while it offers only limited advantages,
it can be used when available. However, GALP does not require equitable binning to function
correctly and remains fully applicable to APDs generated by codes that do not implement this

feature.

2.9 Convergence and Diffusivity Metrics in GALP

GALP utilizes two primary metrics, the Tanimoto criterion and entropy, to assess the
quality of adsorption probability distributions. The Tanimoto criterion, described in Section 2.3.3,
quantifies the similarity of occupancy distributions across equivalent cells within the supercell.
High Tanimoto values indicate that the probability distribution is consistently sampled and that
the GCMC simulation has reached convergence. Importantly, however, the Tanimoto criterion
only measures sampling convergence and does not guarantee that localized or chemically
meaningful binding sites can be identified. In cases where guest—framework interactions are weak,
adsorption probability distributions may be intrinsically diffuse, leading to broad regions of

occupancy despite high Tanimoto values. To address this limitation, GALP employs a second
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metric, entropy (see Section 2.4.2), which quantifies the degree of spatial delocalization in the
probability distribution by evaluating the uniformity of voxel occupancies. High entropy values
correspond to diffuse distributions, whereas low entropy values indicate well-localized binding
regions. Entropy, therefore, provides complementary information that enables assessment of
binding site localization beyond convergence alone. By combining the Tanimoto criterion to
evaluate sampling convergence with entropy to assess spatial localization, GALP offers a more

complete and physically meaningful evaluation of binding site quality.

2.9.1 Evaluation of the Tanimoto Convergence Criterion

In high-throughput workflows, it is important to have a convergence criterion to stop
simulations once the generated APD is sufficiently converged. If one stops the simulation too
early, the resulting APD may exhibit many false maxima due to noise. On the other hand, allowing
the simulation to proceed unnecessarily long may make a high-throughput screening impractical.
To determine if the APDs have converged enough to reliably localize binding sites, we have opted
to use the Tanimoto similarity between the APDs of equivalent subcells of the simulation cell. The
closer the Tanimoto is to unity, the more similar the distributions are and the more converged we
consider the APD to be. For this work, we have used an average Tanimoto between all equivalent
regions of the APD(s) to be 0.75 as the convergence criteria. To evaluate this criterion, we examine
the binding sites obtained from a range of Tanimoto thresholds from 0.10-0.90 and how they differ
from the binding sites obtained from a simulation where a threshold of 0.95 is used (considered
the ground truth for this analysis). For this test, we have examined the CO; adsorption in 8 MOFs,
4 with relatively localized maxima in the APDs, and 4 that have delocalized APDs. Figure 2.18

reinforces this distinction by showing how the number of identified binding sites varies with the
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Tanimoto threshold. Localized systems remain stable above 0.5, while delocalized systems

fluctuate until much higher thresholds, highlighting their sensitivity to incomplete convergence.
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Figure 2.18. Number of binding sites identified by GALP as a function of the Tanimoto threshold for
delocalized and localized adsorption distributions. Localized systems show stable behaviour, with the
number of sites remaining effectively constant once the threshold exceeds 0.5. Delocalized systems display
large variations at low thresholds and begin to stabilize only around 0.75, although minor deviations persist
even at high thresholds between 0.9 and 0.95. These trends illustrate the inherent sensitivity of delocalized
probability distributions and reinforce the limitations discussed earlier.

We adjusted the FastMC code to progressively increase the number of simulation steps
until the desired Tanimoto value was achieved. This approach enabled us to create a controlled set
of probability plots at various Tanimoto thresholds: 0.10, 0.25, 0.50, 0.75, 0.85, 0.90, and 0.95.
We chose eight MOFs for our analysis: four with localized binding, characterized by distinct
maxima, and four with delocalized behaviour, showcasing broad, diffuse occupancy. Using the
same GALP settings for each MOF at every Tanimoto level, we extracted binding sites and

compared their predicted binding energies, occupancies, and site counts.
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Figure 2.19. Average RMSD and binding energy RMSE as a function of Tanimoto threshold for localized
and delocalized probability maps. Error bars denote the standard error of the mean.

Figure 2.19 shows that localized MOFs exhibit minimal changes in binding energy when
the Tanimoto threshold exceeds 0.50. This suggests that shorter simulations can yield consistent
and converged binding sites for these systems. The reproducibility of these findings reinforces the
notion that highly localized systems, characterized by minimal rotational variation and strong
guest-framework interactions, create distinct and reliable occupancy profiles even with moderate
simulation lengths. In comparison, delocalized MOFs exhibit significantly greater variability in
binding energy at lower Tanimoto thresholds (0.10-0.50). Though there is some enhancement
between 0.75 and 0.90, considerable fluctuations persist until very high Tanimoto values are
achieved. This suggests that delocalized systems necessitate more comprehensive sampling to
identify meaningful binding configurations and are more responsive to the length of simulations
and convergence criteria.

Users should strive for the highest practical Tanimoto threshold to ensure dependable
convergence. Nonetheless, the best value ultimately hinges on the specific application. In cases

where basic binding-site identification suffices, such as rapid screening, a Tanimoto value around
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0.80 usually balances accuracy and computational efficiency. Conversely, for applications
requiring higher precision, particularly those involving detailed structural or energetic
assessments, a stricter threshold in the range of 0.85 to 0.90 is advantageous. This range improves
the quality and accuracy of the extracted binding sites, particularly in systems with diffuse binding
characteristics, by enabling more reliable identification of subtle variations in guest orientation

and site location.

2.9.2 Evaluation of the Entropy Metric

The entropy metric should not be interpreted as a standalone criterion for assessing
feasibility of binding site fitting. Instead, it functions as a diagnostic indicator that provides
complementary information to the Tanimoto similarity score. While the Tanimoto metric
quantified the degree of overlap and convergence between subcells of the APD, it does not capture
how spatially diffuse the underlying APD is. In contrast, the entropy metric directly reflects the
degree of delocalization of the sampled guest configurations within the framework.

High entropy values indicate that APD is distributed broadly across the accessible pore
space, rather than concentrated in a small number of well-defined regions. In such cases, the
difficulties in fitting binding sites do not arise from poor convergence of the GCMC simulation,
but from the absence of chemically meaningful localization. Conversely, low entropy values
correspond to specially confined APD that typically give rise to distinct adsorption maxima and
are therefore well suited for molecule fitting. When fitting remains problematic despite low
entropy, the underlying cause is more likely related to limitations of the force field, charge

assignment, or the simulation setup itself.
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Figure 2.20. Relationship between average entropy and average Tanimoto similarity for all MOF-guest
pairs considered in this work. Blue circles represent localized systems with reliably converged fitting, while
red triangles indicate delocalized cased identified through manual classification due to unreliable fitting.
Shaded regions denote the caution (yellow) and danger (red) entropy regimes, with vertical lines indicating
the corresponding threshold.

To assess the practical implication of entropy for binding site identification, Figure 2.20
presents the relationship between the average normalized entropy and the average Tanimoto
similarity for all MOF-guest pairs considered in this study. The data are partitioned into three
regions: a low entropy “good” region (< 0.85), and intermediate “caution” region (0.85 < and <
0.90), and a high entropy “danger” region (= 0.90). These thresholds were not chosen arbitrarily
but were motivated by systematic trends observed across the dataset and by empirical experience
during manual fitting.

In the low-entropy region, delocalized cases are rare. Only 14 out of 247 MOF-guest pairs
are classified as delocalized, corresponding to a delocalized-to-localized ratio of 0.06. This

indicates that entropy values below 0.85 are strongly associated with well-localized adsorption
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probability distributions and reliable binding-site fitting. In the intermediate region, localized
behaviour remains dominant, with a delocalized-to-localized ratio of 0.29. This region represents
a transitional area in which adsorption distributions begin to broaden, but fitting remains feasible
in most cases.

A qualitative change in behaviour is observed for entropy values above 0.90. In this high-
entropy region, delocalized cases become prevalent, with 140 delocalized and 105 localized MOF-
guest pairs, corresponding to a delocalized-to-localized ratio of 1.33. Importantly, however, a
substantial fraction of localized cases persists even at high entropy. This demonstrates that elevated
entropy does not inevitably prevent successful fitting. Rather, it identifies a region in which
delocalization becomes common, and the robustness of automated binding-site extraction is
reduced.

Taken together, these results show that entropy should not be interpreted as a strict cutoff
for determining fit feasibility. Instead, it serves as an early warning indicator, provided by GALP,
that flags systems in which weak or non-specific host-guest interactions lead to diffuse adsorption
behaviour. In such cases, the binding sites extracted by GALP may be poorly defined and therefore
less reliable, even when apparent convergence metrics appear satisfactory. In this sense, entropy
complements the Tanimoto score by distinguishing between genuinely converged, well-localized
probability distributions from cases where high apparent convergence masks an underlying lack
of spatial definition. The combined use of both metrics provides a more physically grounded

framework for assessing the reliability of binding-site identification from GCMC-derived APDs.
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2.10 Conclusion

This study validates the GALP algorithm as a reliable and flexible framework for extracting
and fitting adsorption binding sites from GCMC-generated probability distributions in porous
crystalline materials. Through systematic parameter optimization and validation, GALP was
assessed across more than 100 MOFs spanning diverse topologies and pore sizes, and 9 chemically
distinct guest molecules. This extensiveness demonstrates that GALP is not limited to narrowly
defined systems but can be applied robustly across a wide range of adsorption environments.

By optimizing GALP fitting parameters for each guest molecule, the methodology was
shown to reliably identify chemically meaningful adsorption sites, including systems involving
weak or challenging interactions such as propane and propylene, which are known to exhibit
diffuse probability distributions and subtle binding preferences. These results confirm that
appropriate parameterization is essential for accurate binding site extraction, particularly for
nonpolar or weakly interacting adsorbates.

In addition to algorithmic validation, this work systematically examined the influence of
key simulation and analysis choices on binding site localization. Grid resolution was shown to
significantly affect both convergence behaviour and localization accuracy, with a grid spacing of
0.15 A identified as an effective compromise between spatial resolution and computational
efficiency. Although equitable binning was found to minimally improve APD convergence, it
incurs no extra computational cost. At the same time, one does not need to use equitable binding
to use GALP. The use of convergence and localization metrics, including Tanimoto similarity and
entropy-based measures, provided quantitative diagnostics for assessing simulation quality beyond

simple visual inspection.
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Collectively, these results establish GALP as a reliable and transferable tool for identifying
binding sites in porous materials. By combining optimized guest-specific parameterization with
robust analysis of simulation convergence and localization quality, GALP enables reliable
extraction of adsorption sites from GCMC simulations. This capability supports large-scale
screening studies and provides a practical link between computational predictions and

experimental characterization of adsorption phenomena in crystalline porous frameworks
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3. Accuracy of Atomistic Simulations in Predicting MOF Binding Sites

How well do conventional atomistic simulations predict adsorption binding sites in metal-

organic frameworks compared to experiment

3.1 Abstract

Classical force field grand canonical Monte Carlo (GCMC) simulations are widely used to
model gas adsorption properties in metal-organic frameworks (MOFs). The accuracy of the
approximations made in such simulations has been extensively studied by comparison to global
adsorption properties such as uptakes and selectivities, where well-known limitations in force field
energetics can lead to significant discrepancies compared to experiment. However, no such
investigation has been performed for a local adsorption property such as binding sites, despite its
central importance in understanding guest-host interactions and challenges surrounding direct
experimental observation. In this work, the literature was searched for MOFs with directly
observed binding sites, resolved from diffraction studies. The dataset is composed of 8 adsorbates,
and 22 MOFs with varying degrees of accessible open metal sites, flexibility, and dimensionality
across various temperature and pressure conditions. Surprisingly, across the dataset classical
GCMC recovers the correct number of binding sites and achieves agreement with experiment in
binding site positions, with an average RMSD of ~0.6 A (including adsorbates that bind to open
metal sites). Deviations occur most predominantly in cases where experimental uncertainty,
framework flexibility, or chemisorption with reactive adsorbates have been reported. In the GCMC
simulations, charge assignment was found to be the dominant contributing factor to accuracy,
while Lennard-Jones parameter sets have comparatively minor influence. Importantly, it is shown

that classical GCMC simulations can be used to accurately determine binding sites, even in cases
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where adsorption isotherms are poorly reproduced. This highlights the difference between
predicting relative versus absolute adsorption energetics, which dominate binding site position and
surface coverage (uptake), respectively. This work provides the first systematic validation of
classical GCMC simulations for predicting binding sites of MOFs, establishes a benchmark for
future method development, and highlights the surprising robustness and clear limitations of

routine computational workflows for resolving guest-host interactions.

3.2 Statement of Work

The work presented in this chapter is derived from a co-first-authored communication
submitted to Materials Advances. This chapter reproduces the content of the submitted manuscript,
with modifications made solely to ensure consistency with the formatting and structure of the
thesis. In addition, material that was referenced in the Supporting Information of the
communication has been incorporated directly into the main text of this chapter for completeness.
Within this context, I was responsible for the data curation, methodological development, formal
analysis, investigation, and validation of all results reported here. I designed and executed the
complete computational workflow, including the generation, processing, and analysis of the
simulation data. I prepared the original draft of the communication, after which the manuscript

was revised and finalized in collaboration with the coauthors to prepare it for publication.

3.3 Introduction

Gas separation and storage is one of the most widely studied applications of MOF
materials, where it is reaching commercialization. For example, CALF-20'® is being scaled for

industrial CO» capture from cement-manufacturing flues’’, and MOFs are being deployed for safe
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storage and transport of toxic gases’®”. Central to these applications are the adsorption binding
sites (ABSs), which govern affinity and selectivity and therefore play a fundamental role in
applications from gas storage and separation®* to catalysis and sensing®’. Although >100,000
MOFs have been experimentally characterized and deposited in the CSD3**#!, direct observation
of adsorbates in these materials using crystallography is relatively rare, often requiring synchrotron
radiation sources**#*’, While other techniques are often used to probe adsorbate interactions in
MOFs (e.g., NMR), these usually rely on other experimental or computational methods to elucidate
the detailed positions of adsorbates*>*3.

Atomistic GCMC simulations have become a common tool for modelling gas adsorption
in MOFs and other porous materials®>83. GCMC is particularly popular for simulating gas
adsorption isotherms of MOFs. The simulation method can be characterized as a brute-force
technique where interaction energies are computed for millions of configurations to generate a
single isotherm point using the machinery of statistical mechanics. Therefore, practical use of
GCMC simulations generally relies on simplified approximations, which limit their accuracy. For
example, generic force field parameters (e.g., UFF®) are used to compute pairwise Lennard-Jones
potentials to model steric/dispersion interactions, while fixed partial atomic charges are used to
model electrostatic interactions (obtained either from empirical models®*, ML models®®, or fit to
DFT potentials®®87). In addition to these approximations, the MOF is often modelled as a rigid,
defect-free crystal.

The accuracy of these approximations and sensitivity to adsorption properties such as
uptakes and diffusion of MOFs have been extensively studied®*%%%°, For example, Cleeton et al.®?
and McCready et al.®® conducted large systematic evaluations of classical GCMC simulations for

computing CO> isotherms in MOFs, and both reported significant variability in predicted uptake,
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1.9 showed that even small

especially when open metal sites (OMSs) are present. Goeminne et a
interaction energy errors (~4 kJ/mol) and subtle framework distortions can strongly impact
predicted isotherms. Together, these results indicate that common GCMC approximations may be
insufficient for reliable isotherm prediction versus experiment. However, while such limitations
are known for global observables, their effect on local properties like experimentally resolved
ABSs remains much less understood.

In this work, we address this gap by curating a crystallography dataset of directly observed
adsorbate positions spanning 23 MOFs with varying degrees of accessible OMSs, flexibility, and
dimensionality and eight adsorbates (CO», C2H>, CH4, NO, Ar, Xe, Kr, and H>O). The set was
restricted to structures where the adsorbate and MOF atomic positions were fully defined from
crystallography. Structures with highly disordered sites or those which relied on computational
refinement (e.g., DFT calculations) were excluded since optimized geometries from DFT
calculations typically correspond to minima on the single-guest potential energy surface that
neglects guest-guest interactions, thermal, and entropic effects. An exhaustive search of the
literature resulted in a total of 35 MOF/adsorbate/condition combinations (MACs), for which
“conventional” GCMC simulations were performed to obtain atom-specific adsorption probability
distributions (APDs), whose maxima correspond to free-energy minima ABSs. We define a
simulation as being “conventional” if the following approximations are used: a) the framework is
assumed to be rigid and defect-free; b) generic classical force fields are used for the MOF
framework to model dispersion interactions; and c) fixed partial charges are used to model
electrostatics (i.e., polarization is neglected).The ABSs were fit to the APDs using our in-house
code GALP (reference Chapter 2). Each of the 35 MACs were assigned an ID given in column 4

of Table 3.1, column 4. There are many examples of ABSs in 1D M(II) benzoate pyrazines in the
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literature, of which we have selected four (14-16 = Rh(II), 17 = Cu(Il), 18-19 = Rh(I) with 2-
ethylpyrazine, 1-2 = Rh(II) with dimethylpyrazine) to prevent redundancy (the variants possess
similar ABSs). Two examples of M(II) formates (5 = Mg(Il) and 6 = Mn(II)) were also included.
CALF-15 (7) and CALF-20(3-4) are both Zn(I) MOFs composed of oxalate and triazolate linkers,
differing only by amine functionalization. Finally, the MOF-74 analogues studied in this work (11,
26-31) only differ by metal centre identity and/or degree of OMS capping. This results in 12 classes

of structures that exhibit notably unique geometries and chemical compositions.
3.4 Methodology

3.4.1 Experimental Dataset Preparation

As a result of an extensive literature search, MOFs which had experimentally resolved
binding sites from XRD or neutron diffraction were collected, and isotherms were also collected
when available. The dataset was limited to MOFs where the adsorbate atomic positions were fully
defined, such that they were available in a crystallographic information file (CIF) format, or
similar. Structures where experimental binding sites exhibited a large degree of disorder, or were
refined using computational methods (e.g., DFT) were excluded. This decision reflects the fact
that DFT results can have systematic biases depending on the choice of functional, basis set, and
dispersion corrections that are difficult to deconvolute. Additionally, DFT structures are often
obtained from 0 K geometry optimization, which ignores thermal and entropic effects. These
calculations are also usually done with at most one adsorbate in the MOF at a time, which neglects
effects of guest-guest interactions.

All obtained crystal structures underwent detailed manual inspection and processing to

ensure fidelity of the structures to the original reporting publication for GCMC simulations. The
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processing varied on a case-by-case basis, but included correcting structural disorder, adding
missing protons, adjusting incorrect protonation states, etc. As a result of this procedure, roughly
fifteen MOFs were excluded since the framework or guest disorder was too severe to be corrected.
Various combinations of 27 MOFs with seven different adsorbates (CO», CoH,, CHs, NO, Ar, Xe,
Kr) across various conditions (temperature, pressure) were collected for further use in GCMC
simulations, given in Table 1 in the main text. The structures were taken either from the CSD or

supplementary information provided in the original reporting publications.

3.4.2 Definition of RMSD Metrics

In this work, several RMSD (Root Mean Square Deviation) metrics are reported to quantify
differences between binding site configurations. The atom-centred RMSD, reported in Table 1, is
computed from the displacements of all guest atoms across the ensemble of binding sites,
excluding the MOF framework, and reflects the overall atomic-level mismatch between two
configurations. This quantity corresponds to the average of the RMSDs computed independently
for each binding-site pair, such that each binding site contributes equally. In addition, a center-of-
mass (COM) RMS Euclidean displacement is included to capture purely translational differences
between binding sites, independent of internal molecular distortions or rotations, and is also
reported in Table 1. Since all comparisons involve the same guest molecule and the same number
of binding sites, the guest-centred RMSD (RMYS) is identical to the atom-centred RMSD and is

therefore not reported separately.
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3.5 Computational Details

3.5.1 DFT Calculations and GCMC Simulations

All MOFs were converted to P1 symmetry and existing guest atoms (from the experimental
crystal structure) were removed prior to simulation. All DFT calculations were performed with
VASP (version 6.4.2) with the PBE exchange-correlation functional®’ and D3 dispersion
corrections®®?, and standard VASP pseudopotentials®® (potpaw.6.4.2), based on the projector
augmented wave (PAW) method®. For REPEAT®® calculations and ionic relaxations, k-point
sampling was restricted to the gamma point only, an SCF convergence criteria of 1x10° eV was
used with the VASP default plane-wave cutoff, and a force cutoff of 0.02 eV/A for ionic
relaxations. The positions of the protons were optimized at the DFT level where both the
simulation cell and all other atomic positions were fixed. This choice was made since some
structures were missing proton positions, so this protocol allowed for structures to be treated more
equally. Moreover, proton positions are often poorly resolved due to weak X-ray scattering. For
MOF-74(Ni)@NO and CALF-20@H>0O where adsorbates were considered part of the structure
(chemisorbed), the adsorbate atom positions were also optimized in addition to all protons.
Structures with disorder were fixed using Mercury. For DDEC-6%" calculations, a plane-wave
cutoff energy of 520 eV, and a I'-centered k-point mesh was used such that the product of the
number of k-points and the lattice vector length in each direction was at least 16 A, as
recommended by the manual in the chargemol software package®. For MOFs with open metal
sites, spin-polarized calculations were performed. All GCMC simulations were performed using
our in-house code available on GitHub®!. The adsorbates and framework were all treated as rigid,

such that only non-bonded interactions were required to be computed. Dispersion/steric
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interactions were modeled using atom pairwise Lennard-Jones potentials and electrostatic
interactions were modelled using fixed atomic partial charges. Lennard-Jones parameters were
obtained from the UFF force field*, and the resulting binding sites were compared to those
obtained from using the DREIDING force field®® for the framework atoms. The Lennard-Jones
parameters and partial atomic charges of the guest molecules used in this work correspond to the
following force fields: CO>%° CoHx®7, H,073, NO%, CH4”°, Ar”7, Xe%’, and Kr’. Atomic partial
charges of framework atoms were fit to the electrostatic potential (ESP) obtained from a single-
point DFT calculation using the REPEAT methods, as previously described in the DFT section.
For comparison, the resulting binding sites were compared to those obtained when using
framework atomic partial charges obtained from MEPO-QEq®*, MEPO-ML?%, and the DDEC6%’
methods.

Each GCMC simulation was run until the probability distribution reached a minimum
Tanimoto similarity of 0.90, ensuring that adsorption sites were fully sampled. The total number
of Monte Carlo steps varied depending on the supercell size and guest-framework interaction
strength, ranging approximately from 1.5x10° to 4.6x10%, with a median of about 2.0x10” and a
mean of roughly 6.6x107 steps. The mean value was inflated by a few very long runs; excluding
these, the average number of production steps was approximately 2.4x107. A cutoff distance of
12.5 A was applied to all Lennard-Jones non-bonded interactions. Simulation cells were expanded
to fully accommodate this cutoff, and no MOF was simulated using a 1x1x1 unit cell. This ensured
that replicate subcells were available for Tanimoto-based convergence analysis. For cases where
convergence could not be reached due to local maxima (most notably for the MOF-74 series)
parallel simulation were performed. Specifically, 25 independent GCMC simulations of 8.0x10’

production steps each were executed in parallel, and the resulting probability plots were combined
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to yield an effective sampling equivalent to approximately 2x10° production steps. This procedure
reduced wall time to about two days per structure (given the available cores) while maintaining

statistical reliability.

3.5.2 Binding site Identification

To computationally determine binding sites of MOFs, at each GCMC production step, the
3D atomic coordinates of the adsorbates were stored in a histogram to generate 3D APDs, where
regions of high probability correspond to free energy minima. The APDs were stored on a uniform
grid of maximum spacing 0.15 A, and were normalized to unity. The convergence of the APDs
was evaluated by comparing the probability distribution in replicate unit cells within the simulation
cell. If the Tanimoto similarity coefficient between replicate unit cells was > 0.90, the APD was
determined to be converged, and the production phase of the simulation was stopped. For most
simulations, this required between 10 and 30 million GCMC steps, though certain systems well
exceeded 100 million. Once obtained, the APD of the simulation cell was “folded” into a single
unit by averaging the APD over all replicate unit cells and renormalized such that the sum of each
APD was unity. Binding site positions within the MOF were determined using our GALP method,
as described in Chapter 2. In this method, a 3D Gaussian filter is applied to each APD to smooth
the distributions. Following this, all local maxima are identified and any maxima with a value
below 0.05% of the global maximum were discarded. Only the largest maximum within an
exclusion radius of 0.40 A were retained. Next, maxima are vetted according to whether they align
with the geometry of the rigid adsorbate molecule used in the GCMC simulation by applying a
RMSD-minimizing alignment procedure. This gives the final positions of the binding sites, for

which guest-host interaction energies are determined using the respective force fields/charges.
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3.6 Results and Discussion

Figure 3.1 compares experimentally determined ABSs with those obtained from GCMC
simulations for representative MACs (full set shown in Figure 3.5-3.39). These figures show that
the general positions of the experimental ABSs are well reproduced by the GCMC simulations in
almost all cases. The centre-of-mass RMSD between the computed and experimental ABSs (Table
1) is only 0.51 A averaged over all MACs. This is excellent overall agreement considering this
corresponds to only a few grid points on the 0.15 A resolution APD grids. The standard deviation
is ~75% of the mean, highlighting the presence of several outliers, which are discussed in more
detail below. In addition to reproducing general ABS positions, the correct number of sites match
experiment in all cases except MAC 32 ([Cuz(pyrdc)z2(bpp)z2]n), where GCMC predicts one
additional CO> per asymmetric unit that is 25-35% weaker than the others. Experimental and
simulated saturation uptakes are internally consistent with full occupation of their respective ABSs
(i.e., GCMC predicts higher saturation uptake because it includes an extra site, and vice versa for
experiment). The discrepancy therefore likely reflects incomplete activation and/or uncertainty in
the refined structure.

For polyatomic adsorbates, the RMSD per atom was computed to incorporate adsorbate
orientation in comparing simulated and experimental ABSs. Across all MACs, the mean
RMSD/atom is 0.66 A, well below the ~2 A threshold commonly considered a good fit in
molecular docking studies®®. This agreement is achieved despite using rigid adsorbates whose
fixed internal geometries can differ from crystallography (e.g., NO in MAC 27 is unusually long
experimentally at 1.43 A vs 1.15 A). Such mismatches contribute an average residual RMSD of

0.06 A (~10% of the mean).
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Classical, rigid GCMC simulations should perform worst when the approximations are
most severe, most notably when MOFs present significant framework flexibility and open metal
sites (OMSs), since in such cases generalized force fields are insufficient. To investigate this
hypothesis, we group the 35 MAC:s into four categories: (i) no OMSs/minimal flexibility (MACs
1-13); (i1)) no OMSs/significant flexibility (MACs 14-22); (iii) OMSs/no flexibility (MACs 23-
31); and (iv) OMSs/significant flexibility (MACs 32-35). As expected, category (i) MACs show
the best agreement (mean RMSD/atom = 0.47 A, vs. 0.66 A overall), whereas category (iv) is
worse (0.72 A). Category (ii) (13-22) is intermediate (0.62 A), although most “flexibility” here
reflects abrupt phase transitions (except NH>-MIL-53(Al)), limiting broader conclusions.
Interestingly, MACs from category (iii) (23-31) have the largest mean RMSD/atom of 0.86 A.
While unexpected, this is due to the fact that category (iii)) MACs contain two cases in which the
adsorbate (NO) binds chemisorptively and the GCMC simulations invert the binding mode (vide
infra) giving rise to large RMSDs. Furthermore, the OMSs in category (iv) are not nearly as

accessible to the adsorbates as MOF-74, which makes up the bulk of MACs in category (iii).
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C,H,:90K, 1.01 bar CH,: 230K, 9 bar CO,:235K, 1 bar C,H,: 153K, 0.85 bar

Figure 3.1. Comparison of ABS positions obtained from GCMC simulations (blue balls) and from
crystallography experiments (orange balls) for a variety of MOFs and adsorbates selected from Table 1.
Each MOF is labelled with the guest, temperature and pressure at which the crystallography and GCMC
simulations were performed. Importantly, ABSs correspond to free energy minima instead of potential
energy minima.

A perhaps surprising observation is that qualitatively poor agreement in the adsorption isotherms,
a global adsorption property, does not necessarily preclude accurate ABS identification, a local
property. Figures 3.5-3.39 show the adsorption isotherm comparisons if available—of available
isotherms, about half were performed at the same temperature as the crystallography experiments.
The experimental and simulated isotherms typically share the same shape, but differ in steepness
(e.g., MAF-2, CALF-15, SBMOF-1, the M(I) formates, and the MOF-74 series). For example,

MOF-74(Co)@CO> (26) shows a nearly linear simulated isotherm versus a much steeper
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experimental one (Figure 3.2a), yet the ABSs agree well (RMSD = 0.48 A). This reflects that ABS
positions are governed by relative interaction energies (positions of free-energy minima), whereas
uptake and isotherm steepness depend on absolute adsorption energetics (depth of minima).
Considering the exponential dependence of occupancies on energies, even modest energetic errors
(~4 kJ/mol®?) can strongly affect uptake/coverage while leaving site positions largely unchanged.
Moreover, MOF-74 ABS positions remain accurate across metals even when isotherms deviate.
Corroborating this, the degree of isotherm agreement correlates directly with the agreement in

isosteric heats of adsorption (Table 3.1).

Table 3.1. Comparison of isosteric heats of adsorption (Qs) of MOF-74 obtained from
simulation and experiment at a coverage of ~0.1 CO, per M*".

MOF Simulated HOA (kJ/mol) Experimental HOA (kJ/mol)
MOF-74(Zn) 24.1 26.8
MOF-74(Fe) 25.6 33.2
MOF-74(Co) 24.1 33.6
MOF-74(Mg) 30.1 43.5

*Heat of Adsorption (HOA)
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Table 3.2. List of MOF structures where detailed guest positions have been determined experimentally, the conditions they were acquired, and a
comparison of the experimental and GCMC determined binding sites.

MOF name OoMs? flexibility® no. guest T(K) P (bar) cryst. (R-factor) RMSDEOM RMSD/atom® ref.
[Rhz(bza)s(dimethyl- no slight increase in volume at 1 CO: 90 1 SC-XRD (0.0468) 0.153 0.263 99
Pyz)In high loading 2 CO; 90 17 SC-XRD (0.1037) 0.199 0.205 99
CALE-20 - slight phase change with 3 CO: 296 10 SC-XRD (0.0298) 0.156 0.221 100
water adsorption 4 H.0 296 - PXRD (0.0418) 1.026 1.026 101
Mg(HCO0O0): no - 5 C2H2 90 - SC-XRD (0.0404) 0.770 0.854 102
Mn(HCOO). no - 6 C2H2 90 - SC-XRD (0.0345) 0.788 0.867 102
CALF-15 no - 7 CO2 173 0.85 SC-XRD (0.0295) 0.262 0.323 55
slight rotational freedom of 8 CH. 230 9 SC-XRD (0.0401) 0.231 0.231 103

Sc2(BDC)s no .
BDC linkers 9 (ofo)} 235 1 SC-XRD (0.0713) 0.273 0.283 103
MUF-16(Mn) no - 10 CO2 293 1.1 SC-XRD (0.0510) 1.283 1.446 104
MOF-74(Ni) (capped) no - 11 NO 300 0.08 SC-XRD (0.0490) - - 105
12 Xe 100 - SC-XRD (0.0835) 0.256 0.256 106

SBMOF-1 no -
13 Kr 100 - SC-XRD (0.0518) 0.180 0.180 106
14 Ar 298 80 SC-XRD (0.1149) 0.243 0.243 107
[Rhz(bza)s(pyz)]n no guest-induced phase change 15 CO2 298 35 SC-XRD (0.1047) 0.169 0.389 107
16 CO: 93 1.01 SC-XRD (0.1031) 0.208 0.231 108
[Cuz(bza)s(pyz)]n no guest-induced phase change 17 CO2 193 1.01 SC-XRD (0.1470) 0.196 0.207 109
18 CO: 298 64 SC-XRD (0.0772) 0.145 0.397 110

[Rhz(bza)s(2-epyz)]n no guest-induced phase change

19 CO: 90 36 SC-XRD (0.1681) 0.174 0.192 110
20 CO: 253 3.0 PXRD (-) 0.950 1.331 111
NH2-MIL-53(Al) no Var'ousfg‘:;izc’f pore 21 CO, 253 9.5 PXRD () 1.395 1.499 111
22 CO: 253 18 PXRD (-) 0.607 1.062 111
CPL-1 yes - 23 C2H2 170 0.1 PXRD (0.320) 0.123 0.159 112
24 C2H2 110 0.18 SC-XRD (0.0409) 0.634 1.026 113

INAIP-Cu yes -
25 C2H2 153 0.85 SC-XRD (0.0357) 0.660 0.708 113
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Table 3.2. Continued

MOF name OMS? flexibility® no. guest T (K) P (bar) cryst. (R-factor) RMSD{,y RMSD/atom® ref.
26 CO2 10 - NPD (0.0290) 0.393 0.481 45¢

MOF-74(Co) yes -
27 NO 298 1.01 PXRD (0.0582) 1.148 1.679 114
MOF-74(Fe) yes - 28 CO» 298 1 NPD (0.0176) 0.550 0.738 45¢
MOF-74(Mg) yes - 29 CO» 10 - NPD (0.0223) 0.659 0.776 45¢
MOF-74(Zn) yes - 30 CO» 10 - NPD (0.0309) 0.456 0.642 45¢
MOF-74(Ni) yes - 31 NO 300 0.4 SC-XRD (0.0551) 1.323 1.495 105

pillared bilayer; guest-induced _
[Cuz(pyrdc)x(bpp)s]s  yes phase change 32 CO» 193 PXRD (0.0585) 0.460 0.483 115
possible guest-induced 33 CaH:2 195 101 SC-XRD (0.0393) 0.177 0.545 116
MAF-2(Zn) yes flexibility; rotational freedom

of ethyl groups 34 CO: 195 20.3  SC-XRD (0.0458) 0.212 0.316 116
MAF-23(Zn) yes guestinducedflexibility at 35 CcO: 195 079  SC-XRD (0.0391) 0.998 1.547 117

binding site

*Open metal site (OMS) identified in structure. "Notes on any mention of flexibility in the cited publication(s). ‘COM RMSD is the root mean square
deviation between the experimental and simulated center of mass of all binding sites. “Root mean square deviation (RMSD) per atom between
GCMC binding site coordinates compared to experiment. “In the MOF-74 study from Queen et al.**, both NPD and SC-XRD studies were performed,
and were in agreement at similar surface coverages. 'In the study from Main, et al.'®, a secondary binding site was observed in cases where some
OMSs were capped by water, but due to having to optimize chemisorbed NO and water sites, structural differences were too large from the reported
structure (disorder in capped sites, and missing protons) to allow for a direct comparison/RMSD determination.
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Differences in isotherm shape (e.g., CPL-1, the M(II) benzoate pyrazines, and NH>-MIL-
53(Al)) often arise because these MOFs are flexible and undergo guest-induced phase transitions,
so rigid framework simulations are not expected to reproduce the full pressure range; nevertheless,
the simulated ABSs are typically still in good agreement with experiment when the correct phase
is modelled. A clear example is [Rha(bza)s(2-epyz)],@CO2 (18-19), which shows an abrupt a to
B transition that appears near 0.28 bar in the experimental isotherm (Figure 3.2¢(i)); using the fixed
structure of each phase at the appropriate pressure yields good agreement for both isotherms and
ABS:s. By contrast, NHoMIL-53(Al) shows qualitatively different simulated vs experimental CO;
sites across three phases (Figure 3.22), but here the experimental sites come from in-situ
PXRD/Rietveld refinement and the original authors report peak evidence for phase coexistence at
intermediate pressures. This in conjunction with the fact that such procedures do not necessarily
result in a unique solution raises uncertainty in the refined site positions. Therefore, the
disagreement is likely partially a result of crystallographic limitations rather than simulation failure
alone. The benzoate pyrazines in this work still exhibit low RMSDs despite adsorption-induced
transitions, likely because their phase changes occur over a narrow pressure window with limited
local flexibility (consistent with the isotherms). We also reiterate that we modelled the phase
corresponding to the in-situ XRD conditions used to determine the experimental sites. MAF-23
shows analogous flexibility, though at a local rather than global scale. For MAF-23@CO: (35)
(Figure 3.35), the secondary site is notably worse, consistent with the original report that CO»
binding between chelating triazoles induces a small conformational change, so while the low-

pressure regime is reproduced, rigid modelling likely underestimates the saturation uptake.
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MOF-74(Co)@CO,(MAC 26), b) MOF74(Co)@NO (MAC 27), and ¢) [Rha(bza)s(2-epyz)],@CO> (MACs
1-2).The simulated (blue) and experimental (orange) binding sites correspond to conditions specified in
Table 1. The atoms of NO with larger radii in b) correspond to oxygen. The isotherms correspond to
temperatures of a, b) 304 K, and ¢) 195 K. Structures in ¢) correspond to the (ii) « and (iii) S phases.

Another exception with qualitative disagreement in the binding sites arises for MOF-
74@NO, where unlike the previous examples there is no notable flexibility, but there is a
considerable degree of chemisorption. In MOF-74(Co)@NO (27) and MOF74(Ni)@NO (31), the
simulated primary ABS has NO bound to the OMS via O instead of N as observed experimentally.
This is because the interaction is expected to be chemisorptive to a large degree, and the generic
classical force field is unable to treat such an interaction properly. This is also reflected in the
simulated isotherm, which severely underestimates uptake as shown in the MOF-74(Co)@NO
isotherm (Fig 2b(1)). However, the centre of mass of the ABS is nevertheless correctly predicted.
We note the NO bond distance from crystallography is unusually long (1.43 A), whereas the value
used in the GCMC simulation is 1.15 A(much closer to the 1.18 A length obtained from a full
geometry optimization of MOF-74(Co)@NO at the DFT level). To separate chemisorption effects
from NO-specific complexity, we also examined a secondary physisorptive NO ABS in MOF-

74(Ni)@NO where the OMSs are capped with H,O (Figure 3.14, MAC 11). There is still some
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disagreement between experimental and simulated ABSs (with experimental disorder noted in the
nitrogen position of NO)!%, but the qualitative binding motif is recovered: a dipole “chain” from

Hy,o(8™) = Ono(67) = Nyo(67) = MOF carboxylate(5™) (Figure 3.3).

)

Figure 3.3. Physisorptive NO binding site in MOF-74(Ni) determined by GCMC, where 100% of OMSs
are capped by water. Values in parentheses are distances obtained from one of the experimental crystal
structures reported in the publication (CCDC refcode UIOCEF)'®. The simulation conditions were 196 K,
0.40 bar NO. Atomic positions of capping sites and protons were optimized at the PBE level prior to
simulation.

Overall, the large errors for MOF-74@NO likely reflect both OMS limitations and the
challenges of modelling a reactive, open-shell adsorbate with a classical force field. Despite
generally good agreement, an important question is whether other force fields predict the same
ABS:s. In this work, sensitivity of the ABSs to the force fields used to model adsorbate interactions
were not investigated, since the ABSs were found to be largely insensitive to the choice of force
field for the framework atoms. However, we note that other available or more specialized adsorbate
force fields may exhibit higher accuracy for modelling certain ABSs. Most MOF screening studies
model sterics/dispersion with UFF Lennard-Jones potentials and electrostatics with ESP fitted

charges (e.g., REPEAT?¢, DDEC6®") or charge equilibration (MEPO-QEq®). Excluding MOF-
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74(Zn) and MOF-74(Fe), where metal parameters differ drastically (DREIDING RMSD/atom =
3.4 and 2.6 A), UFF and DREIDING force fields give the same mean RMSD (0.56 A). Empirical
charges such as QEq often give qualitatively different results with the wrong number of sites, but
MEPO-ML? (trained to reproduce ESP-fitted charges) provides a low cost alternative to DFT-
derived charges with comparable accuracy (RMSD/atom = 0.63 A). While RMSD analysis
assesses the structural fidelity of the predicted ABS locations, a complementary perspective is
obtained by examining the consistency of the associated binding energies across force field and
charge model choices. To this end, a pairwise RMSE matrix (Figure 3.4) compares the binding
energies predicted for each mapped binding site across 34 MOF guest systems, excluding MOF-

74(Zn) and MOF-74(Fe) as described previously.

A B C D E F
AUFF/REPEAT | 0.359

0.9

Burr/mMEPOML ] 0.8
3
CurF/DDECS | 0.7 E
I
()
=3
3
DDREIDING/REPEAT 062
o

E -0.5

DREIDING/MEPOML
0.4

Figure 3.4. Pairwise RMSE (kcal mol™) of binding energies across different force fields (UFF, DREIDING)
and charge methods (REPEAT, MEPO-ML, DDEC6). Lower values along the diagonal blocks indicate
consistency with each force field, while higher cross-field values reflect differences in the Lennard-Jones
parameters.
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Within each forcefield, the three charge methods yield closely aligned energies, with UFF
showing intra-set RMSEs of 0.33-0.50 kcal mol™! and DREIDING showing 0.33-0.54 kcal mol!.
In contrast, the deviations between UFF and DREIDING are considerably larger, typically 0.78-
0.97 kcal mol!. This clustering by force field indicates that differences in the Lennard-Jones
parameters, rather than the charge model, dominate variation in the computed binding energies.
We therefore recommend UFF with DFT-quality charges for reliable ABS prediction. Across
diverse MOFs and adsorbates, direct comparison to crystallography shows that classical GCMC
reliably predicts physisorptive ABSs when the correct framework phase is used. Notably, predicted
ABSs are accurate even when isotherms are poorly reproduced because they depend more on
relative than absolute energetics. Accuracy diminishes with chemisorption, strong flexibility, and
substantial experimental disorder. Outside these cases, routine simulations offer a practical way to
resolve ABSs that are often inaccessible experimentally, providing a benchmark for future

methods and a tool for diagnosing experiment-simulation discrepancies in MOF adsorption.

3.7 Complete Set of Validation Figures

This section compiles the complete set of RMSD and isotherm validation figures
referenced throughout this chapter. The figures provide visual confirmation of the agreement
between GCMC derived and experimentally determined binding sites, as quantified by the RMSD
values reported in Table 3.2, together with comparisons between simulated and experimental
adsorption isotherms where available. These visualizations support the discussion of binding site
accuracy for the UFF with REPEAT charge model, which serves as the reference dataset for the
communication, and are grouped here to preserve the flow of the chapter while presenting the full

validation results.
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Figure 3.5. Comparison of binding site positions (experifhental and simulated at 90 K, 1 bar) of CO; in
[Rha(bza)4(dimethyl-pyz)].. Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres.

Figure 3.6. Comparison of binding site positions (experiméntal and simulated at 90 K, 17 bar) of CO; in
[Rha(bza)s(dimethyl-pyz)].. Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres.
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Figure 3.7. Comparison of binding site positions (experimental and simulated at 298 K, 10 bar) with CO»
adsorption isotherms measured at 203 K, 253 K, 293 K, 333 K and 363 K for CALF-20. Experimental
binding sites are shown as orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.8. Comparison of binding site positions (experimental and simulated at 296 K, 100% relative
humidity) of H,O in calf-20. Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres. Hydrogens are excluded from the comparison since experimental data did
not report orientation.
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Figure 3.9. Comparison of binding site positions (experimental and simulated at 90 K, 1.01 bar) with C;H»
adsorption isotherms measured at 196 K and 298 K for Mg(HCOO),. Experimental binding sites are shown
as orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.10. Comparison of binding site positions (experimental and simulated at 90 K, 1.01 bar) with C;H»
adsorption isotherms measured at 196 K and 298 K for Mn(HCOO),. Experimental binding sites are shown
as orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.11. Comparison of binding site positions (experimental and simulated at 173 K, 0.85 bar) with
CO; adsorption isotherms measured at 195 K, 273 K and 293 K for CALF-15. Experimental binding sites
are shown as orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.12. Comparison of binding site positions (experimental and simulated at 230 K, 9 bar) with CH4
adsorption isotherms measured at 304 K for Sco(BDC)s. Experimental binding sites are shown as orange
spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.13. Comparison of binding site positions (experimental and simulated at 235 K, 1 bar) with CO»
adsorption isotherms measured at 304 K for Sco(BDC);. Experimental binding sites are shown as orange
spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.14. Comparison of binding site positions (experimental and simulated at 293 K, 1.1 bar) with CO»
adsorption isotherms measured at 293 K for MUF-16(Mn). Experimental binding sites are shown as orange
spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.15. Comparison of binding site positions (experimental and simulated at 196 K, 0.4 bar) of NO in
MOF-74(Ni) (H>O capped). Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres. The nitrogen atoms are represented as smaller spheres to distinguish
orientation.
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Figure 3.16. Comparison of binding site positions (experimental and simulated at 298 K, 1 bar) with Xe
adsorption isotherms measured at 298 K for SBMOF-1. Experimental binding sites are shown as orange
spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.17. Comparison of binding site positions (experimental and simulated at 298 K, 80 bar) with Ar
adsorption isotherms measured at 298 K for [Rha(bza)4(pyz)]». Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres.

Figure 3.18. Comparison of binding site positions (experimental and simulated at 298 K, 35 bar) of CO» in
[Rha(bza)4(pyz)]n. Experimental binding sites are shown as orange spheres, and simulated binding sites are
shown as blue spheres.
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Figure 3.19. Comparison of binding site positions (experimental and simulated at 93 K, 1.01 bar) of CO»
in ([Rh2(O2CPh)4(pyz)]n). Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres.

Fammmnmnmnnd

Figure 3.20. Comparison of binding site positions (experimental and simulated at 193 K, 1.01 bar) of CO,
in [Cuz(bza)4(pyz)]n. Experimental binding sites are shown as orange spheres, and simulated binding sites
are shown as blue spheres.
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Figure 3.21. Comparison of binding site positions (experimental and simulated at 298 K and 64 bar in
subfigure (c), 90 K and 36 bar in subfigure (b)) with CO, adsorption isotherms measured at 195 K for the
flexible MOF [Rha(bza)4(2-epyz)]n. Experimental binding sites are shown as orange spheres, and simulated
binding sites are shown as blue spheres.
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Figure 3.22. Comparison of binding site positions (experimental and simulated at 253 K, 3 bar (b), 9.5 bar
(c) and 18 bar (d)) with CO, adsorption isotherms measured at 283 K for the flexible MOF MIL-53(Al).
Experimental binding sites are shown as orange spheres, and simulated binding sites are shown as blue
spheres.
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Figure 3.23. Comparison of binding site positions (experimental and simulated at 170 K, 0.1 bar) with C,H»
adsorption isotherms measured at 270 K, 300 K and 310 K for CPL-1. Experimental binding sites are shown
as orange spheres, and simulated binding sites are shown as blue spheres.

Figure 3.24. Comparison of binding site positions (experimental and simulated at 110 K, 0.18 bar) of C;H»
in INAIP-Cu. Experimental binding sites are shown as orange spheres, and simulated binding sites are
shown as blue spheres.
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Figure 3.25. Comparison of binding site positions (experimental and simulated at 153 K, 0.85 bar) of C,H»
in INAIP-Cu. Experimental binding sites are shown as orange spheres, and simulated binding sites are
shown as blue spheres.
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Figure 3.26. Comparison of binding site positions (experimental and simulated at 196 K, 1.06 bar) with
CO; adsorption isotherms measured at 304 K for MOF-74(Co). Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.27. Comparison of binding site positions (experimental and simulated at 298 K, 1.01 bar) with
NO adsorption isotherms measured at 304 K for MOF-74(Co). Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres. The nitrogen atoms are represented
as smaller spheres to distinguish orientation.
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Figure 3.28. Comparison of binding site positions (experimental and simulated at 298 K, 1.01 bar) with
CO; adsorption isotherms measured at 304 K for MOF-74(Fe). Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.29. Comparison of binding site positions (experimental and simulated at 196 K, 1.06 bar) with
CO; adsorption isotherms measured at 304 K for MOF-74(Mg). Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.30. Comparison of binding site positions (experimental and simulated at 196 K, 1.06 bar) with
CO; adsorption isotherms measured at 304 K for MOF-74(Zn). Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.31. Comparison of binding site positions (experimental and simulated at 196 K, 0.4 bar) of NO in
MOF-74(Ni) (OMS). Experimental binding sites are shown as orange spheres, and simulated binding sites
are shown as blue spheres. The nitrogen atoms are represented as smaller spheres to distinguish orientation.
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Figure 3.32. Comparison of binding site positions (experimental and simulated at 193 K, 1.01 bar) with
CO; adsorption isotherms measured at 195 K for [Cux(pyrdc)2(bpp):]». Experimental binding sites are
shown as orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.33. Comparison of binding site positions (experimental and simulated at 195 K, 10.13 bar) with
C:H; adsorption isotherms measured at 195 K, 273 K and 293 K for MAF-2(Zn). Experimental binding
sites are shown as orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.34. Comparison of binding site positions (experimental and simulated at 195 K, 20.27 bar) with
CO; adsorption isotherms measured at 195 K, 273 K and 293 K for MAF-2(Zn). Experimental binding sites
are shown as orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.35. Comparison of binding site positions (experimental and simulated at 195 K, 0.79 bar) with
CO; adsorption isotherms measured at 195 K for MAF-23(Zn). Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres.
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Figure 3.36. Comparison of binding site positions (experimental and simulated at 298 K, 100 bar) with Ar
adsorption isotherms measured at 298 K for [Cux(bza)4(pyz)]». Experimental binding sites are shown as
orange spheres, and simulated binding sites are shown as blue spheres.

Figure 3.37. Comparison of binding site positions (experimental and simulated at 90 K, 1 bar) of CO; in
[Cua(bza)s(methyl-pyz)].. Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres.
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Figure 3.38. Comparison of binding site positions (experimental and simulated at 90 K, 1 bar) of CO; in
[Rha(bza)4(methyl-pyz)].. Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres.

Figure 3.39. Comparison of binding site positions (experimental and simulated at 90 K, 1 bar) of CO; in
[Cua(bza)s(dimethyl-pyz)].. Experimental binding sites are shown as orange spheres, and simulated binding
sites are shown as blue spheres.
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3.8 Conclusion

This chapter evaluated how well conventional atomistic simulations reproduce
experimentally determined adsorption binding sites in MOFs. Direct comparison with
crystallographic data across a diverse set of MACs shows that classical GCMC simulation reliably
predict the location of physisorptive binding sties with the correct framework phase is used. The
agreement between simulated and experimental bindings sites is consistently high, with RMSD
values well within the resolution of the APDs.

A key result is that accurate binding site prediction does not require quantitative agreement
to adsorption isotherms. Even when simulation uptakes deviate from experiment, binding site
locations remain well reproduced because they depend primarily on relative, rather than absolute,
interactions energetics. In contrast, accuracy decreases in systems dominated by chemisorption,
strong framework flexibility, or significant experimental disorder, where generic force fields are
no longer adequate.

Overall, these results demonstrate that routine classical simulations provide a robust and
computationally efficient approach for identifying adsorption binding sites in many MOFs, despite
their limitations for global adsorption properties. This establishes classical GCMC as a practical
tool for interpreting experimental absorption behaviour and for benchmarking more advanced

simulation methodologies.
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4. Conclusions and Future Work

4.1 Conclusions

This thesis addressed two central challenges in adsorption modelling for MOFs. First, the
field lacked a validated, fully standalone procedure for extracting binding-site locations from
three-dimensional adsorption probability distributions generated by GCMC simulations. Second,
the reliability of classical GCMC approximations for predicting adsorption environments had not
been systematically assessed against experimentally determined binding sites. The work presented
here resolves both issues. It establishes a robust algorithmic framework for converting probabilistic
adsorption data into explicit structural information and demonstrates that classical GCMC retains

significant predictive value even when used with commonly adopted approximations.

4.1.1 Guest Atom Localizer from Probabilities (GALP)

Chapter 2 introduced GALP, the Guest Atom Localizer from Probabilities, which is the
central methodological contribution of this thesis. GALP provides a unified workflow for
transforming GCMC-derived probability distributions into chemically meaningful binding-site
coordinates through a sequence of smoothing, peak identification, spatial clustering, and RMSD-
based molecular placement. The method was validated across 100 experimentally characterized
MOFs and 9 representative guest conditions, including CoH» (298 K, 1 bar), C3He (373 K, 1 bar),
C;Hs (373 K, 1 bar), CH4 (298 K, 1 bar), CH4 (298 K, 65 bar), CO2 (298 K, 1 bar), Kr (298 K, 1
bar), Xe (298 K, 1 bar), and N> (298 K, 0.75 bar). Across this diverse test set, GALP consistently
identified the correct probability maxima and accurately placed the guest molecules within their

corresponding adsorption environments. These results confirm that GALP reliably extracts both
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the geometric positions and molecular orientations associated with physically relevant binding
sites, thereby establishing a rigorous and scalable foundation for the structural interpretation of

GCMC sampling.

4.1.2 Assessment of GCMC approximations in simulations

The work in Chapter 3 examined whether the approximations commonly used in classical
GCMC simulations compromise the accuracy of predicted binding sites. Force-field choice, charge
assignment method, rigid framework treatment, and equation-of-state choice were each evaluated
by comparing GALP-extracted binding sites to experimentally resolved binding sites. The results
show that, despite occasional discrepancies in isotherm predictions, classical GCMC consistently
reproduces the correct binding motifs across a broad range of chemistries and interaction strengths.
This finding underscores that global deviations in uptake do not necessarily translate into structural
anomalies at the binding-site level. The analysis therefore reinforces the reliability of classical
GCMC for understanding adsorption mechanisms and for predicting adsorption environments

under realistic conditions.

4.1.3 High-throughput & Machine learning application

Although not explored in depth within this thesis, the methods developed here have already
been applied in a high-throughput context by a coworker. GALP was integrated into a large-scale
probability-distribution generation pipeline and used to produce training data for a graph neural
network capable of predicting full adsorption probability distributions at a fraction of the
computational cost, as described in the manuscript “Rapid prediction of adsorbate probability

distributions in metal-organic frameworks using graph neural networks”!!®. This application
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demonstrates that GALP is not only accurate and generalizable but also practical for large-scale

automation and machine-learning-driven adsorption modelling.
4.2 Future Work

4.2.1 Extensions of the Binding Site Identification Framework

Future improvements to GALP should focus on expanding its utility rather than increasing
complexity. A key direction is to develop binding-environment descriptors that translate the three-
dimensional adsorption probability landscape into compact numerical representations suitable for
machine-learning workflows. These descriptors would capture features such as the number,
geometry, symmetry, and relative strength of binding sites, enabling supervised models to learn
structure—probability relationships directly. Such representations would also enable rapid
prediction of uptake or selectivity using models that incorporate binding environment information
rather than relying solely on framework-level descriptors.

On the algorithmic side, only modest refinements are needed. Improving the robustness of
the molecular-building step will allow GALP to handle larger polyatomic guests (e.g., benzene,
methanol), including short alcohols and other small polar molecules, once reliable force fields for
these adsorbates become available. Extending compatibility to alternative GCMC programs such
as RASPA3 will broaden accessibility and facilitate integration with existing simulation pipelines.
Beyond these extensions, the core workflow is already mature, and most future developments will
come from its application in larger datasets and from the adoption of binding-site descriptors in

data-driven adsorption modelling.
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4.2.2 Improving the Predictive Accuracy of Atomistic Simulations

The validation performed in Chapter 3 could be extended as additional high-quality
experimental adsorption structures become available, enabling a more rigorous and systematic
assessment of the limits of current atomistic simulation approximations. On the simulation side,
such data would enable targeted evaluation of how specific modelling choices, including rigid
framework assumptions, force field parametrization, and sampling protocols, influence the
predicted locations and populations of adsorption sites. Frameworks exhibiting backbone
flexibility, multiple competing binding pockets, or strong loading-dependent guest-guest
correlations would be particularly valuable for identifying when and why classical GCMC
descriptions begin to deviate from experiment. Extending the analysis to mixed-gas systems would
further test the ability of classical GCMC to capture competitive and cooperative adsorption
effects, where site preference and occupancy depend sensitively on inter-guest interactions and
composition.

Together, these extensions would not only broaden the scope of validation but also help
close existing gaps between simulation and experiment by isolating the specific assumptions
responsible for observed discrepancies. Rather than pursuing indiscriminate force field refinement,
this approach would enable targeted improvements by distinguishing errors arising from
interaction models, structural rigidity, or incomplete sampling. On the experimental side, advances
in neutron diffraction and solid-state NMR methodology, including improved spatial resolution,
reduced crystallographic disorder, and better control over adsorption conditions, would provide
more reliable reference data under realistic operating conditions. Such improvements are essential
for meaningful benchmarking, as uncertainty in experimentally determined binding site positions

directly limits the ability to assess and refine simulation-based predictions.
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