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There is an almost unlimited number of metal-organic frameworks (MOFs).
exciting opportunities but also poses a problem: How do we quickly find the best MOFs for a
Molecular simulations have advanced sufficiently that many MOF
properties — especially structural and gas adsorption properties — can be predicted
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computationally, and molecular modeling techniques are now used increasingly to guide the
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synthesis of new MOFs.

With increasing computational power and improved simulation

algorithms, it has become possible to conduct high-throughput computational screening to
identify promising MOF structures and uncover structure/property relations. We review
these efforts and discuss future directions in this new field.

1. Introduction

Metal-organic frameworks (MOFs)'™ are the ultimate
designer materials.  These novel, crystalline, nanoporous
materials are comprised of inorganic subunits (metal ions,
clusters, or chains) connected by organic linkers via
coordinating groups such as carboxylates, phosphonates, or
nitrogen-containing ligands. The modular synthesis approach,’
along with the great diversity of available building blocks and
the ability to introduce chemical functionalities®® into the
structures, provides researchers with the opportunity to tune the

1'12 and to

properties of these materials with great contro
design materials for particular applications. As a result, MOFs
have been studied for a wide variety of applications, including
gas storage,'> '* separations,'>'® sensing,'” % drug delivery,*'?

light harvesting,?*2¢ 27-30

and catalysis.

The number of synthesized MOFs has been increasing
exponentially,3 ! and given the large number of possible linkers
and metal nodes and the various ways of combining them, the
number of possible MOF structures is essentially limitless.
This presents exciting opportunities, but it also poses a daunting
challenge. It is impractical to synthesize and test millions of
MOFs for each application of interest; some direction is
necessary. Chemical intuition and computational modeling of
individual structures will continue to play an important role.
However, in the past few years, another powerful tool has
emerged: high-throughput computational screening, where the
properties of thousands of MOF candidates are evaluated to
identify promising candidates and to uncover useful
structure/property relations.

The modular building-block approach and the potential for
computational screening go to the heart of the newly introduced

Materials Genome Initiative (MGI), which aims to “discover,
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develop, and deploy new materials twice as fast™? as currently

possible. MGI seeks to combine theory, computation,
synthesis, and characterization to accelerate the discovery of
new materials and their release into the market?* 3*
Undoubtedly, computational high-throughput screening
techniques will play a vital role in the development of many
classes of materials, not just MOFs.

In this review, we highlight efforts from the recent literature
that use high-throughput computational techniques to screen
MOFs for gas adsorption and separations. We start with the
problem of obtaining the MOF structures, followed by an
overview of computational methods for characterizing the
structures and predicting their gas adsorption behaviour.
Efforts focused on identifying materials for natural gas storage,
hydrogen storage, and various separations are reviewed, and
data mining techniques are discussed as a way to obtain useful
knowledge and insights from the large amount of data
generated in high-throughput screening. Finally, we discuss
possible future directions and opportunities.

2. Structures

MOF
screening can be taken from experimental crystal structures or

structures  for high-throughput computational
(for newly proposed MOFs) generated on the computer. For a
single structure, neither option is difficult, but automating these
processes for thousands of structures is not a trivial task.

When new MOFs are synthesized, the crystal structures are
usually deposited in the Cambridge Structural Database
(CSD).** A recent paper by Furukawa and co-workers reports
that, as of 2011, there were close to 6,000 MOF structures in
the CSD (Figure 1).3' However, these structures are not

labelled as “MOFs” and the CSD also contains several hundred
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thousand other crystal structures. So, the first problem is to
determine which structures in the CSD are MOFs. This can be
done by searching for extended structures that contain bonds
between metal atoms and elements such as C, B, N, O, Si, P,
and S.%
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Figure 1. MOF structures reported in the CSD from 1971 to 2011. Reprinted
with permission from Ref 31. Copyright 2013 The American Association for the
Advancement of Science.

Many of the MOF crystal structures in the CSD contain
solvent molecules. In addition, there may be varying degrees of
disorder, missing H atoms, overlapping atoms, etc. While
removing solvent molecules and correcting a structure are
straightforward for a single using standard
visualization tools, this is not a practical approach for large-
scale studies. Therefore, automated methods have been
developed by Watanabe and Sholl,”” and more recently by
Goldsmith et al.,*® to screen through the structures in the CSD
to identify MOF structures, remove solvent molecules, fix
disorder, etc. Structures that are deemed to be too difficult to
fix can be discarded from the screening process. Figure 2
shows a flowchart summarising the process used by Goldsmith
etal.®

structure

2| J. Name., 2012, 00, 1-3
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Figure 2. Flowchart of process used by Goldsmith et al. to obtain “computation
ready” MOF structures from the CSD. Reprinted with permission from Ref 36.
Copyright 2012 American Chemical Society.

An alternative to obtaining MOF crystal structures from the
CSD is to take advantage of the building-block nature of MOF's
and generate new structures on the computer. Mellot-
Draznieks et al.*® developed an approach known as “automated
assembly of secondary building units” or AASBU. Briefly, the
building blocks, also known as secondary building units
(SBUs), are randomly distributed in a unit cell and given
interaction sites at points where they can connect to other
building units. These “sticky” sites are parameterized to
promote or disfavor certain SBU connections. A simulated
annealing Monte Carlo algorithm is used to allow the building

This journal is © The Royal Society of Chemistry 2012
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units to rearrange. At each step the cell size and distances
between SBUs are allowed to vary to relieve interatomic
contacts. One run typically yields ~10* trial configurations.
Radial distribution functions and simulated diffraction patterns
are used to identify duplicates, which are then removed. The
configurations are then minimized and
redundancies are removed.

any resulting
This results in a few hundred
possible SBU configurations, which are ranked according to a
cost function or degree of connectivity, and the symmetry of
the arrangement is determined. This provides a set of viable
structures that could form from a given set of building units and
insight into the topological preferences of certain SBUs. This
technique can be used to determine structures of MOFs from
powder x-ray diffraction when obtaining large single crystals is
difficult.*®

As an alternative to the energy minimization approach used
in the AASBU method, geometric approaches have been
developed. These can be classified as “bottom-up” and “top-
down.” The bottom-up approach consists of sequentially
connecting SBUs until a periodic crystal structure is formed.
The top down approach starts with a given net or topology, and
the appropriate building blocks are then mapped onto the net to
generate the structure. Moreover, these techniques allow for
the construction of structures that contain more than one
linker.>* Figures 3 and 4 illustrate the top-down and bottom-up
approaches, respectively, for generating structures.*”*® Related
methods have been used to generate molecular cages.*” **

For top-down generation, the nets can be obtained from the
Reticular Chemistry Structure Resource (RCSR).> Several
groups have used some of these nets to generate covalent
organic frameworks (COFs)** *- % and zeolitic imidazolate
frameworks (ZIFs)*'~* using a top-down approach. Lin et al.*?
generated ZIFs using a top-down approach. Using Zeo++
zeolites were used as templates for the ZIFs. The unit cell of
the corresponding zeolite was scaled by 1.95, which is how
many times larger the Zn-imidazole ring distance is than the Si-
O distance in zeolites. Oxygen atoms were replaced with
imidazole rings and Si with Zn atoms. Resulting geometries
were validated using ZIFs with known geometries. More
recently, Martin and Haranczyk®® constructed MOFs based on
RCSR topologies, also implemented using Zeo++. Combining
this approach with new network generating algorithms may
lead to the discovery of new MOFs with nets and topologies not

yet synthesized.>’!

This journal is © The Royal Society of Chemistry 2012
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Figure 3. Schematic of the top-down approach. Here, a terephthalic acid linker
is mapped onto the edge, and a Zn,O complex is mapped onto the node of a pcu
net, forming MOF-5!. C= gray, O = red, H = white, Zn = light blue.

A bottom-up approach was developed by Wilmer et al.*?
First, building blocks were extracted from the structures of
existing MOFs, and a library was created, including the
geometries of the building blocks, information on which blocks
could combine with each other, and geometric information on
how the building blocks connect (Figure 4). To generate a new
MOF structure, building blocks were connected in a step-wise
fashion. When an atomic overlap occurred, a new building
block or connection site was chosen until all possibilities were
exhausted. At some point, instead of adding a building block,
periodic boundary conditions were imposed. When no more
building blocks could be added, the crystal generation process
ended.*! Starting with a library of 102 building blocks, Wilmer
et al. generated 137,953 hypothetical MOFs subject to the
constraint that each MOF could contain only one type of metal
node and one or two types of organic linkers, along with a
single type of functional group. Note that no force field or
quantum mechanical energy minimizations are involved in this
approach.

Hypothetical

Figure 4. In the bottom-up approach, building blocks are extracted from real
MOFs and rearranged into new combinations to generate hypothetical MOFs. C
= gray, O = red, H = white, Zn = light blue, N = dark blue. Adapted by
permission from Macmillan Publishers Ltd: Nature Chemistry, Ref 42, copyright
2012.

3. Characterization

Given a set of MOF structures, it is useful to calculate their
so-called textural properties, such as the surface area and void

J. Name., 2012, 00, 1-3 | 3
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fraction. For example, the pore limiting diameter (PLD) and
largest cavity diameter (LCD)*” *® 6% 6% can be used to narrow
down a large set of MOFs to a smaller set with pores large
enough to admit a molecule of interest. As shown in Figure 5,
the PLD is the size of the largest probe that can traverse
through the structure, while the LCD is the largest probe that
can fit somewhere within the structure.

Journal Name

Pore Limiting Diameter

Largest Cavity Diameter

Figure 5. Illustration of pore limiting diameter (PLD) and largest cavity diameter
(LCD). Adapted with permission from Ref 62. Copyright 2010 American
Chemical Society.

Figure 6. Illustration of Delaunay tessellation. The red spheres represent atoms
of a framework which are connected by edges to form tetrahedra. Only one
tetrahedron is shown for clarity. The purple sphere represents the probe used to
find occupied (red inside tetrahedron), unoccupied (green), and accessible (blue)
volume. Reproduced from Ref 46.

Other useful textural properties include the accessible void
volume,* He void fraction,” accessible surface area,’®®® and
pore size distribution (PSD).**" The accessible void volume
can be calculated geometrically using Delaunay tessellation*®

73 7% or Voronoi decomposition.’> 7

In Delaunay tessellation
(Figure 6), a collection of points — here, the atoms in a MOF
unit cell — are partitioned into the vertices of tetrahedra so as to
fill the entire space. Similarly, Voronoi decomposition maps
the void space surrounding a set of points by dividing the space
into polyhedral cells. (Both of these techniques can also be used
to calculate PLD, LCD, accessible surface area, and PSD.) The
He void fraction is related to the accessible void volume. The
accessible void volume is a purely geometric quantity, while
the He void fraction is calculated using Widom insertions of a
He probe76 to mimic how this quantity is measured

% The accessible surface

experimentally using He adsorption.
area can be calculated by effectively rolling a probe sphere
across the surface of the material.***® The PSD is calculated by
randomly selecting points in the structure and recording the
radius of the largest sphere containing that point which can fit

in the structure.®’

4| J. Name., 2012, 00, 1-3

Several software packages are available to calculate the
textural properties of MOFs and related materials. Zeo++>
utilizes Voronoi decomposition to calculate the properties. It
can calculate PLD, LCD, accessible surface area, accessible
void volume, and pore size distributions taking into account
inaccessible regions.”” It can also be used to analyse pore
similarity and to generate MOF structures.’> ¢ 7> 78
MOFOMICS” is able to identify portals, channels, cages, and
connectivity. It identifies portals through k-cycle enumeration,
which grows paths iteratively, until they can be closed.
Subsequently, channels are identified by the largest void
cylinder that can fit between portals. Cages are identified using
Delaunay triangulation but only recording the spheres larger
than a given threshold. The connectivity is determined by
finding “junctions,” i.e., places where molecules can change
their direction of travel. Then, channel-channel and channel-
cage intersections are calculated by intersecting the channels
(cylinders) and cages (cylinders). The channels and
intersections are examined to find the connectivity between
junctions. Poreblazer’® differs from the previous software
packages in that it divides the empty space into cubelets and
utilizes them to characterize the pore structure. It can calculate
surface area, pore size distribution, connectivity, LCD, and
PLD. These software packages can be used to detect guest-
inaccessible regions, so that molecules are not inserted in these
regions in Monte Carlo simulations.

The TOPOS software®' can be used to find the underlying
topology of a particular structure as well as the cavities in the
structures and their sizes. A given MOF structure can be
simplified by taking the metal corners as nodes and the organic
linkers as edges. Using this criterion, the underlying net may
be found. Recently, the developers of this software analysed
6620 3-periodic structures obtained from the CSD and

This journal is © The Royal Society of Chemistry 2012
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determined their topologies, finding correlations between
specific building blocks and the resulting topology.®' Figure 7
indicates that pcu followed by dia are the most frequent nets in
the structures analysed. It is also possible to consider parts of
the organic linkers as nodes. For instance, a tri-topic linker,
which has three connections originating from a central point,
could be broken up into three edges (connection sites) and one
node (central point).®
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Figure 7. Distribution of first 20 most frequent underlying nets of non-

interpenetrated structures analysed by Alexandrov et al®'.

blue indicate transitivity (number of unique nodes and unique edges). Reproduced

from Ref. 81.

Bottom numbers in

All of these algorithms and software packages are well
suited for automated, high-throughput screening of porous
materials.”> " Recent efforts involve the use of graphics
processing units (GPUs) due to their speed and low price.*® 7
8. 84 Calculating the distribution of textural properties for a
collection of MOF structures is a useful way to determine the
diversity of the structures.”® 5 This can be important if the goal
is to find the best material for some application or to establish
widely applicable structure/property relationships. Meeting
these goals is facilitated if the full span of physical properties
has been covered.

4. Calculation of Adsorption Properties

Molecular modeling can be used to predict properties such

as binding energies, adsorption isotherms, and diffusion

coefficients for guest molecules in MOFs. The computational
methods can broadly be classified as those based on quantum
mechanics and those based on classical mechanics and are

reviewed elsewhere.%” 76 8690

Briefly, quantum mechanical
calculations, such as density functional theory (DFT), typically
solve the time-independent Schrédinger equation to find
minimum energy structures, binding energies, and details of the
electronic structure. Quantum mechanical calculations have
been used to screen dozens of MOFs, but not thousands, to date
because of the large amount of computer time required.
However, quantum mechanical calculations can also be used to
parameterize force fields,”' which can then be used in classical

simulations on larger numbers of structures.

This journal is © The Royal Society of Chemistry 2012
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Simulations based on a classical picture use the principles
of  statistical mechanics to calculate = macroscopic
thermodynamic and transport properties. Grand canonical
Monte Carlo (GCMC) simulations can predict enthalpies of
adsorption, adsorption isotherms, and (for mixtures)
selectivities. =~ Molecular dynamics (MD) simulations can
provide diffusion coefficients and other transport properties. A
key input to GCMC or MD simulations is a set of equations and
parameters describing the energetic interactions among the
atoms. The energies among non-bonded atoms are often
described by simple Lennard-Jones plus Coulomb potentials.*'
7 For fairly rigid structures, the framework atoms are usually
held fixed at their crystallographic coordinates, but for flexible
MOFs, the movements of the framework atoms must be
included. Recently, Sarkisov and co-workers®® developed a
simple method to predict whether a structure is flexible or not,
which may be quite useful in this regard. Lennard-Jones
parameters for framework atoms are often taken from generic
force fields such as DREIDING® or the Universal Force Field
(UFF).**  Efforts are also underway to develop more
sophisticated force fields.** **°® For the guest molecules, it is
often recommended to use force fields fit to match the bulk
vapour/liquid equilibria.”

5. High-throughput computational screening

High-throughput screening of MOFs has only become
possible within the past few years. To date, most efforts have
focused on the adsorption of small molecules, motivated by gas
storage and separation applications. As we illustrate below,
these studies can promising
structure/property relationships, and possible performance
limits for these materials.

reveal candidates, new

5.1 Adsorption of small molecules

As noted above, quantum mechanical calculations have not
yet been applied in a truly high-throughput manner to screening
of MOFs. several groups have used quantum
mechanical calculations to investigate the effect of substituting
different metals into a particular MOF structure. Special
attention has focused on MOF-74,' also known as CPO-27'%!
or M/DOBDC, ' which has a high density of so-called “open”
metal sites where one coordination site is empty. These open
metal sites have been demonstrated, both experimentally and
via modeling, to interact strongly with various adsorbates.
Several groups screened different metals in MOF-74 for their
ability to bind CO,.'"'% Park et al.'®™ predicted that Ti- and
V-MOF-74 should have a stronger affinity for CO, than Mg-
MOF-74. This is a very interesting prediction because the Ti
and V versions of MOF-74 have not yet been synthesized, and
the Mg version currently shows the strongest binding of CO,.
These calculations also provide insights into the nature of the
binding.'®'°  Canepa and co-workers studied the interaction
of H,, CO,, CHy, and H,O with 25 different metals in MOF-
74.'%  Starting from Zn-MOF-74, subsequent metals were
substituted for Zn and the structures were allowed to fully

However,

J. Name., 2012, 00, 1-3 | 5
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relax. The DFT calculations predicted that all of the metals
studied except Rh, Pd, Os, Ir, and Pt bind H,O preferentially
over CO,. Figure 8 illustrates the binding site for H,O with Rh,
Pd, Os, Ir, or Pt.'% Systems that bind CO, preferentially over
water may be useful for CO, capture under humid conditions.

Figure 8. M-MOF-74, where M is one of the noble metals Rh, Pd, Os, Ir, and Pt.
Dashed lines indicate a hydrogen bond. Reproduced from Ref. '%.

Methane storage in MOFs has received considerable
attention®® "0 19711 §riven by energy applications, such as
natural gas vehicles. Recently, high-throughput computational
screening has been applied to search for better MOFs for

Journal Name

natural gas storage. Using a bottom-up structure generation
scheme, Wilmer et al.** generated 137,953 hypothetical MOF
structures and screened them for methane storage. The
structures were built using 102 building blocks that were
extracted from real MOFs (Figure 4). Methane uptake was
calculated for all of the structures using GCMC simulations at
35 bar and 298 K. To speed up the calculations, they were
performed in stages. In the first stage, short GCMC simulations
were performed for all structures. The structures were ranked
from best to worst in terms of methane uptake at 35 bar as
shown in Figure 9, and the top 5% were then screened again
with longer simulations. Finally, the top 5% from the second
stage were subjected to even longer simulations. Using this
methodology over 300 hypothetical MOFs were identified
which are predicted to adsorb more methane at 35 bar than the
world record holder at that time, PCN-14.!'"2  In addition,
several structure/property relationships were identified. For
example, Figure 10 shows how methane adsorption at 35 bar
correlates with the material’s void fraction. It can be seen that,
despite a diverse range of textural properties, the best materials
all have a void fraction around 0.8. This study illustrates the
potential of high-throughput screening techniques to 1) identify
promising candidates for synthesis and 2) uncover useful
structure/property relationships. The complete database of
hypothetical MOFs is accessible online at
hmofs.northwestern.edu.

a b [
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Figure 9. Three-stage screening to identify the best MOFs for methane storage. a) In the first stage, 137,953 hypothetical MOFs were screened for methane storage at
35 bar using short GCMC simulations, b) In the second stage, the top 5% of structures identified in the first stage were simulated using more Monte Carlo cycles, ¢) In
the third stage, the top 5% from the second stage were simulated using even more Monte Carlo cycles. The orange areas in the first two graphs indicates the top 5% of
structures in each graph. Purple bars indicate the statistical error. In all graphs, the MOFs are ranked from best to worst according to methane uptake at 35 bar and 298

K in  volumetric units. Reprinted by permission

from Macmillan

Publishers  Ltd: Nature  Chemistry, Ref 42, copyright 2012.
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Figure 10. Absolute methane adsorption at 35 bar and 298 K versus void
fraction. Optimal values are obtained at a void fraction of 0.8. Adapted by
permission from Macmillan Publishers Ltd: Nature Chemistry, Ref 42, copyright
2012.

optimal for gravimetric uptake, while void fractions around 0.7
and a Mg density of 2.5 mmol/cm® are optimal for volumetric
uptake.

Hydrogen storage in MOFs has also received considerable
attention in the past decade.'® 87 113121 From the literature, it is
now known that for room temperature hydrogen storage, the
heats of adsorption of MOFs are too low to reach current
targets. One strategy to overcome this is to introduce strongly
interacting functional groups, such as Mg alkoxides.'?*'?*
However, it is not readily apparent what combination of MOF
topology, pore size, void fraction, etc. is optimal and what
density of functional groups should be introduced. To answer
these questions, over 18,000 MOFs and porous aromatic
frameworks (PAFs)'?> 12 were screened for hydrogen
127 As in the work of Wilmer et al.,*? the structures
were generated in a bottom-up approach. These hypothetical

storage.

structures contained various numbers of Mg alkoxide sites.
Due to the strong interactions between the Mg alkoxide groups
and the H, molecules, generic force fields are not adequate.
Hence, the GCMC simulations, used to calculate hydrogen
uptake at 243 K, employed a first principles-derived force field
for the hydrogen-Mg alkoxide interactions.'?? Structures were
found that are predicted to outperform currently known
structures

in both gravimetric and volumetric storage.

Structure/property relationships were also revealed.  For
example Figure 11 shows that very high void fractions (0.9)

and low Mg densities (0.0 mmol/cm® — 0.5 mmol/cm®) are

This journal is © The Royal Society of Chemistry 2013

)
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Figure 11. Absolute gravimetric (top) and volumetric (bottom) H» uptake versus
void fraction obtained from simulated isotherms at 243 K and 100 bar on 18,383
different materials. Colors indicate the Mg alkoxide density (left), and the
isosteric heat of adsorption at 2 bar (right). Reprinted with permission from Ref
127 Copyright 2014 American Chemical Society.

MOFs from the CSD have also been screened for their
hydrogen storage potential. Goldsmith et al*® used data mining
techniques to identify MOF structures in the CSD (Figure 2).
Instead of performing molecular simulations, they used
previously observed correlations with the surface area and pore
volume to estimate the hydrogen uptake at 77 K and 35 bar.
Promising structures for cryogenic hydrogen storage were
identified,*® and the maximum volumetric hydrogen uptake was
found for structures with surface areas around 3100-4800 m*/g.
These authors also explored the trade-off between volumetric
capacity and gravimetric capacity as shown in Figure 12. The
results show a concave downward relationship between
volumetric and gravimetric storage capacities.

J. Name., 2013, 00, 1-3 | 7
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MOFs with incomplete or disordered crystal data in the CSD. These structures
were constructed by hand. Reprinted with permission from Ref 36. Copyright
2012 American Chemical Society.
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Journal Name

shows that structures with a fractal dimension above 5
selectively adsorb the smaller of the adsorbates. In other cases,
Kr was favoured over Xe (reverse selectivity) but Rn over Xe
(normal selectivity). For these cases, the geometric argument is
not enough. So, energetic considerations were studied. The
researchers found that for distances between 3.92 and 4.03 A in
relation to carbon the interactions are favourable for Kr over Xe
If a material has many regions where
interactions at these distances take place, the material will be
selective for Kr over Xe and Rn over Xe.*

and Rn over Xe.

5.2 Separations

Screening for separations applications is more complex than
the examples highlighted above, because multiple adsorbates
are involved and diffusion effects may be important. In
addition, the material will ultimately be incorporated into a
process, and the material cannot be optimized without
considering this process. This makes it more difficult to
determine the selection criteria for the best material for a given
separation.

Consider the separation of noble gases. These have a wide
range of applications (lasers'*®, medicine,'?® '* etc.), and their
separation usually takes place through the use of cryogenic
distillation — an energy intensive and costly process. Hence, it
is of interest whether MOFs could be used to separate mixtures
of noble gases.

Van Heest et al. screened over 3000 MOFs extracted from
the CSD for the separation of Ar/Kr, Kr/Xe, and Xe/Rn
mixtures.”> PLDs for all structures were calculated, as well as
the Henry’s constants. Self-diffusivities (Ds) were estimated
using transition state theory (TST).®® With these quantities,
adsorption selectivities and permselectivities were calculated.
The adsorption selectivity is a strictly thermodynamic quantity
and is relevant to adsorption processes such as pressure swing
adsorption as well as The
permselectivity applies to membrane applications and takes into

to membrane separations.

account both sorption into the material (here via the Henry’s
constants) and transport through the membrane (here via the
self-diffusivities). The starting list of over 3000 MOFs was
reduced to 70 by choosing those structures with selectivities
greater than 30 and permselectivities greater than 10. GCMC
simulations were then performed on these 70 structures to
generate the pure component isotherms, and ideal adsorbed
solution theory (IAST)"® was used to predict the mixture
isotherms and selectivities from the pure-component data.
Interestingly, showed reverse selectivity
(preferential adsorption of the smaller molecule). Figure 13

some structures

8 | J. Name., 2012, 00, 1-3
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Figure 13. Selectivity for Kr over Xe calculated using IAST for a 80:20 mixture
of Kr-Xe versus the surface fractal dimension for probes between the sizes of Kr
and Xe. Adapted with permission from Ref. 63. Copyright 2012 American
Chemical Society.

Sikora et al.*® screened the 137,000 hypothetical MOFs
generated by Wilmer et al.*? for Xe/Kr separation. Delaunay
tessellation was used to calculate the PLD and LCD of the
structures.  The calculation was performed using GPUs.
Instead of using IAST, multicomponent GCMC simulations
were performed to calculate selectivities and adsorption
capacities. This large scale study revealed that structures with
pore sizes that can fit a single Xe atom along with
morphologies resembling tubes (LCD/PLD ratio between 1 and

2) maximize selectivity. See Figure 14.

40

Xe/Kr Molar Selectivity at 5 bar

LCD/PLD

This journal is © The Royal Society of Chemistry 2012

Page 8 of 15



Page 9 of 15

Figure 14. MOFs with tube-like pore morphologies show high selectivity for Xe
over Kr. Reproduced from Ref 46.

Kinetic separations based on different rates of molecular
diffusion have been studied by Haldoupis et al.®> and First et
al."*! Haldoupis et al.** used a combination of PLDs, LCDs and
Henry’s constants to study the kinetic separation of CH4/H,
mixtures in over 500 MOFs (Figure 15). Figure 16 shows the
LCD and PLD for > 500 MOFs.
(arrows) where the adsorbates will have significant diffusion

It also shows PLD ranges

activation energies.®> From this information, one can identify
structures that should be capable of separating adsorbates
through molecular sieving (one molecule can go in the structure
but the other cannot). Similarly, First et al.'*' characterized the
portals, cages, and connectivity (using MOFomics’) of over
1800 microporous materials including zeolites, MOFs, ZIFs,
and hypothetical MOFs. Subsequent calculation of the energy
needed for various adsorbates to pass through portals led to the
identification of promising materials for various separations:

COy/N,, CO,/CH4, CO,/H,;, 0O,/N,, propane/propylene,
ethane/ethylene, styrene/ethylbenzene, and xylene
separations.'?'

10

<

-

i’ :

E .

o

£

]

o

3

2 3

4
Pore Limiting Diameter A
Figure 15. LCD and PLD values for 504 MOFs. Arrows indicate ranges where

adsorbates show significant diffusion activation energy. Reprinted with
permission from Ref 62. Copyright 2010 American Chemical Society.

Separations of mixtures containing CO, are important for
upgrading of natural gas (mainly separating CO, from CH,) and
for carbon capture (mainly separating CO, from N,). In
contrast to noble gases and methane, which are usually
interactions

modelled with no charges, Coulombic

important for CO,. Traditionally, atomic charges for the MOF

are

have been assigned using quantum mechanical
41, 89.90. 132 (1t should be kept in mind that partial
charges are not an experimental observable, and there are a

atoms
calculations.

variety of methods for extracting atomic charges from the
results of a quantum mechanical calculation.) However,
performing quantum mechanical calculations for thousands (or
millions) of MOFs may not be feasible. Thus, other techniques
for accurately and efficiently assigning charges have been
developed in recent years, particularly for high-throughput
screening studies. Figure 16 shows that ignoring Coulombic
interactions provides very poor estimates of the Henry’s

constant of CO, in some representative MOFs.'*

This journal is © The Royal Society of Chemistry 2012
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Figure 16. CO, Henry’s constant for 6 different MOFs calculated with no

charges, PQeq charges, and DDEC charges. Reprinted with permission from Ref
133 Copyright 2010 American Chemical Society.

Zhong and co-workers developed a very fast method for
estimating MOF partial charges known as the connectivity-
based atom contribution (CBAC) method.'** ¥ The method is
based on the observation that although the number of possible
MOF structures is infinite, the elements used are not. The key
assumption is that atoms with same bonding connectivity have
the same charge in different MOFs. Using a training set of 30
MOFs and a validating set of 13 MOFs, CBAC charges were
used to calculate pure component isotherms for CO,, CO, and
N, and the isotherms agreed well with those obtained using
DFT charges.'?*

Several groups'* ¥ have explored the use of charge
equilibration methods (Qeq)"*® to calculate the partial charges
of MOF atoms. Qeq uses the experimentally determined
ionization potential and electronegativity of the atoms and the
Wilmer and co-

133,

molecular geometry to predict the charges.
workers'*® developed their own variant of Qeq and compared
the charges on representative fragments of MOFs calculated
from Qeq and ChelpG, a quantum mechanical method. As
shown in Figure 17, there is reasonable agreement between the
charges from the two methods.

J. Name., 2012, 00, 1-3 | 9
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Atom A0) B(Zn) C0) D(C) EO) F(H) G(N)

ChargeEq.  ~1.51 116 £0.71 0.66 0.10 0.21 0.39
ChelpG 162 1.39 068 0.63 0.19 0.20 0.96 Many studies of separations in MOFs focus on the
Figure 17. Charges calculated using Qeq and ChelpG for an IRMOF-3 selectivity as a metric for ranking materials. However, the

representative cluster. Adapted from Ref '*® with permission from Elsevier.

Haldoupis and co-workers'* introduced a periodic version
of Qeq (PQeq)"** '*° and used it to assign framework charges
for 500 MOFs obtained from the CSD. They then calculated
the CO,/N, and CO,/CH,4
The structures that
were deemed promising were subjected to more detailed
GCMC and molecular dynamics (MD) simulations.

Henry’s constant to obtain

selectivities at low loading (Figure 18).

CO, Henry's Constants (mmol.g”.atm™) CO,/N, Adsorption Selectivity

10000 .
1000 300 o
o oo,
T,
100 \\
© Large Scale Computational %
Screening 3
— \
1 T
250 \
0.1
» \7
0.01 3
2 4 6 8101214 16 1E4 1E-3 001 01 1 10

Global Cavity Diameter (A) Fugacity(bar)

Figure 18. Henry’s constants calculated using PQeq charges (left), which were
used to narrow down the number of structures and calculate more detailed pure
component isotherms using GCMC simulations. IAST was then used to predict
mixture isotherms and selectivities (right). Reprinted with permission from Ref.
133 Copyright 2010 American Chemical Society.

Kadantsev et al.”’” developed a Qeq method (MEPO-Qeq)
in which the parameters were trained to reproduce DFT-derived
electrostatic potentials. A training set of 543 hypothetical
MOFs was used, and the parameterization was validated by
comparing CO, uptake and heats of adsorption calculated using
MEPO-Qeq to those calculated using DFT (Figure 19). All of
the methods mentioned for calculating partial charges of MOF
atoms seek a compromise between time efficiency and the rigor

of the method.

10 | J. Name., 2012, 00, 1-3

selectivity is not the only property that determines the
As noted
above, it is ultimately the performance of the combined

effectiveness of a material in a separation process.

material plus process that matters. To avoid the need for a full
process design to evaluate each candidate material, researchers
have developed various short-cut metrics for materials
screening. Bae and Snurr'® discussed five adsorbent evaluation
criteria from the engineering literature and used them to assess
over 40 MOFs for their potential in four related CO,
separations. To calculate the adsorbent evaluation criteria, they
used experimental, pure-component isotherm data for CO,,
CH,, and N, from the literature. The evaluation criteria are
described in Table 1. None of them is perfect, and they are best
considered together. Recently, Wilmer et al.'*' used these
metrics to screen their database of 137,000 hypothetical MOFs.
Framework charges for the MOFs were calculated very quickly
using an extended charge equilibration method (EQeq) that they
developed.*® Using GCMC simulations, pure component
adsorption data were obtained for CO,, CH,, and N,. The
results were then used to calculate the five adsorbent evaluation

criteria for four different separation cases.'*!

Table 1. Adsorbent evaluation criteria. The subscripts 1 and 2
indicate CO, and the other, more weakly adsorbing component,
respectively. The superscripts ads and des indicate adsorption
and desorption conditions, respectively, and y is the mole
fraction in the gas phase.

Criterion Definition

CO, uptake (mol kg™") N,

Working capacity (mol kg™) AN, = N;** - N7

Regenerability (%) R=AN;/N; " x 100%

Selectivity 1" "= (N ““/NSY) (1)

Sorbent selection parameter S = (a1 /(0;,°*)(AN,/AN>)

Both Bae and Snurr'® and Wilmer et al.'*! used their data to
look for relationships between the adsorbent evaluation criteria
and the physical properties of the MOFs. Figure 20 shows an
example relating the amount of CO, adsorbed at 2.5 bar and the
isosteric heat of adsorption. As shown in the figure, it can be
difficult to establish whether any relationships exist if there are

only a small number of data points. However, with over

This journal is © The Royal Society of Chemistry 2012
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137,000 data points, clear trends emerge. This highlights one
of the biggest advantages and potential impacts of high-
throughput computational screening: the ability to discover
structure/property relationships that were previously impossible
to discern due to the small sample size available.'*'

Case 2: Landfill gas separation 104
= 14
0 09
case 2 . 12
. . 08-
. 1
- 2 . p for
-] . 3 8 &
2 £ 306
- . : >
- 4 N . z 6 g
= °® y L
2 ° z
04-
2
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0 2 40 60 0

03-
1) 10 20 ) 50 02_.
Q. / kJ mol Qu /kImol™!

Figure 20. CO; uptake at 2.5 bar versus the isosteric heat of adsorption. The
graph on the left plots experimental data collected from the literature by Bae and
Snurr and shows no clear trend between uptake and heat of adsorption. The graph
on the right shows simulation results from over 130,000 hypothetical MOFs and
shows a clear trend. Left adapted from Ref 18. Copyright 2011 WILEY-VCH
Verlag GmBH & Co. KGaA, Weinheim. Right adapted from Ref 141.

In evaluating materials for CO, capture from power plant
exhaust, Lin et al. adopted another approach for material

evaluation.>?

They calculated the parasitic energy, i.e., the
additional electrical energy needed from the power plan to
operate the process for separating CO, from the flue gas. They
screened both real and hypothetical zeolites and ZIFs to find
materials with minimum parasitic energy. Charges for the
structures were determined using the CBAC method, and
Widom insertions were used to calculate Henry’s coefficients
and isosteric heats of adsorption at low loading. Using the
Henry’s coefficients and saturation loadings obtained from a
correlation with the pore volume, single or dual-site Langmuir
models were fit for pure-component N, and CO, isotherms. In
contrast to the studies highlighted above, the mixture isotherms
were predicted using competitive Langmuir isotherms instead
of TIAST or multicomponent GCMC simulations. Lin et al.
found that materials should have CO, binding energies that are
strong enough to be selective but not so strong that the CO,
cannot be desorbed, to avoid an energy penalty in the
regeneration of the material (Figure 21).> Furthermore, this
screening established a theoretical limit for the lowest parasitic
This highlights
high-throughput

energy of this particular class of materials.
another attractive feature of large-scale,
screening: performance limits of a material class may be

found.

This journal is © The Royal Society of Chemistry 2012
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Figure 21. Parasitic energy for CO, capture versus Henry coefficient of CO,.
The green line gives the parasitic energy of current MEA technology, while the
black line is the minimal parasitic energy calculated in the all-silica zeolite
structures. Diamonds are predicted ZIF structures; only a diverse, representative
set are shown. Reprinted by permission from Macmillan Publishers Ltd: Nature
Materials Ref. 52, copyright 2012.

6. Data mining

An interesting aspect of large-scale, high-throughput
screening is the large amount of data that is generated. Often,
even plotting the data can prove difficult because of the high
dimensionality of the data sets. Simple plots such as those in
Figures 11, 12, and 14 can be used to test hypotheses about how
different variables are correlated. However, it may be unclear
which variables to plot. More sophisticated data mining tools
can be very useful in obtain new insights and understanding
from the large amount of data generated in high-throughput
screening. For instance, Fernandez et al.'** employed
quantitative structure-property relationship (QSPR) tools to
analyse methane uptake data in 137,000 hypothetical MOF
structures.*” Nonlinear supported vector machines (SVMs)
were found to predict methane storage adequately. The two
descriptors that were found to be most strongly correlated with
methane uptake were the void fraction and pore diameter.
Figure 22 shows the results obtained from the SVM model.'*?
Interestingly, the predictions showed a maximum in an
unexplored regime (red arrow in Figure 22).

J. Name., 2012, 00, 1-3 | 11
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indicate maxima. Reprinted with permission from Ref. 142. Copyright 2013

American Chemical Society.

Similarly, Wu et al."*® developed QSPR models to predict
CO,/N, selectivity. The important descriptors in the model
were the difference in heat of adsorption between CO, and N,
(AQ°) and the porosity (¢) of the structure.
increasing the difference in heat of adsorption and decreasing

Simultaneously

the porosity was found to be a promising strategy as shown in
Figure 23.

Selectivity

0.000
20.00
40.00
60.00
80.00
100.0
120.0
140.0
160.0
180.0

Q. 0.6

16 24 28
0

AQ,

Figure 23. Interplay map of ¢ and AQ’; on their impact on selectivity at 0.1 MPa
for COy/N, mixture in MOFs. Reprinted with permission from Ref. 143
Copyright 2012 American Chemical Society.

Journal Name

Approximately 58,000 hypothetical MOFs were used to
calibrate correlation models for CH4, N,, and CO, uptake
capacities obtained from GCMC simulations. These predictive
tools can be found on-line via MOF informatics analysis
(MOFIA).!#6

7. Summary and future directions

With the increasing number of MOF structures being
generated both computationally and experimentally, high-
throughput computational screening techniques are poised to
play an important role in the development of new MOFs for
particular applications. The structures of existing MOFs can be
obtained from the CSD, and new hypothetical structures can be
generated computationally using bottom-up or top-down
approaches. Structural characterization in an automated and
high-throughput fashion has been the area of most development
in this burgeoning field, with various software packages readily
available. These characterization tools have been used to pre-
screen and narrow down the list of materials for more detailed
For some simple classes of molecules, reliable
force fields allow for high-throughput simulations with results
that have good predictive power. A growing number of studies
dealing with the adsorption of methane, hydrogen, and CO,
have employed high-throughput screening and suggested
promising new candidates for gas storage and separations. In
addition, these studies have revealed useful structure/property
relationships. For molecules such as CO,, where Coulombic
interactions are important, there have been significant efforts to
develop methods to calculate MOF framework charges in an
efficient, but accurate, manner. Data mining techniques are
proving useful for obtaining new insights and understanding
from the enormous amount of data generated in high-
throughput screening. Table 2 summarizes some of the
resources that are readily available on-line.

simulations.

Table 2. Resources available on-line for high-throughput
screening of MOFs

Resource Web address

Cambridge
Structural
Database (CSD)

http://www.ccdc.cam.ac.uk/

Reticular
Chemistry
Structure Resource
(RCSR)

http://rcsr.anu.edu.au/

Other descriptors have also been introduced and used to
predict the isosteric heat of adsorption, such as the number of
functional groups, dipole moment of the adsorbed gas, boiling
temperature of the adsorbed gas and the mean curvature of the
pore.'** %5 These descriptors are nice because they can be
calculated more quickly than Q. Another descriptor that has
been introduced is the atomic property radial distribution

function (AP-RDF), which is tailored for large scale QSPR."®

12 | J. Name., 2012, 00, 1-3

Hypothetical MOF
Database

http://hmofs.northwestern.edu/

MOF-5 Analogues
and other porous

http://www.nanoporousmaterials.org/data
bases/

materials

Zeo++ http://www.maciejharanczyk.info/Zeopp/
Poreblazer http://www.see.ed.ac.uk/~Isarkiso/
MOFOMICS http://helios.princeton.edu/mofomics/
TOPOS http://www.topos.ssu.samara.ru/

This journal is © The Royal Society of Chemistry 2012
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MOFIA http://titan.chem.uottawa.ca/woolab/MO

FIA/

There is a need for continued development of a robust
software infrastructure for high-throughput computational
screening. For example, obtaining MOF structures from the
CSD sounds simple enough, but if structures have high degrees
of disorder, or other problems, they are sometimes discarded in
high-throughput screening. Finding automated ways to “fix”
these would allow for more comprehensive
screening. For structures generated computationally, there are
still open questions about how well the generated structures
agree with experimental structures. This has been tested for
only a limited number of MOFs, and wider testing is needed.
In addition, proposed structures are sometimes energetically
minimized after the generation process using a variety of
methods, including classical mechanics,®® semi-empirical
methods,*® and quantum mechanics.’" ** Will this always be
required, or could improved generation schemes make this
unnecessary? Are the really Dbetter after
minimization, especially if a generic force field is used? These
are still open questions. Methods for quantifying the diversity’®
85 of a given set of structures are also needed and could be used
to improve the diversity of future databases of hypothetical
MOFs.

Continued development of predictive
simulation methods is also needed. This includes both efficient
simulation algorithms and accurate and transferable force
fields. Already GCMC simulations are being performed on
GPUs, as a way of speeding up the simulations.'*’ Coarse
grained models have been developed for adsorption in some
systems and shown to agree well with fully atomistic
simulations while offering 2 to 3 orders-of-magnitude
acceleration for non-polar and polar adsorbates.”> This sort of
approach seems promising for high-throughput applications.
Other methods for accelerating GCMC simulations, such as
grand canonical-transition matrix Monte Carlo (GC-TMMC),
could also be promising. With this technique, an entire
adsorption isotherm can be generated from a single GC-TMMC
simulation.'*® This may hold particular promise for adsorbates
where adsorption isotherms are time consuming and difficult to
equilibrate.  Improved force fields will improve the accuracy
of simulations and allow screening of materials with open-
metal sites and other interesting functional groups. Generating
force fields from quantum mechanical results in an automated
manner is an active area of research that will greatly benefit
high-throughput screening.

Other areas of need include new metrics to rank material
performance and better descriptors for QSPR and ways to
generate the descriptors automatically rather than relying on
intuition about the important properties.'*  Computational
methods or descriptors that predict the stability (water, thermal,
chemical) of MOFs would be very useful — not only for high-
throughput screening.

structures

structures

and efficient

This journal is © The Royal Society of Chemistry 2012
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It is likely that in the near future, we will see new MOFs
identified by high-throughput
synthesized and tested experimentally for gas storage and
Additionally,
screening techniques are being applied to amorphous structures
130 Already these
methods are providing new insights and structure/property
that simply
Furthermore, high-throughput computational screening can tell

computational screening

separation applications. high-throughput

such as porous polymer networks (PPNs).

relationships small scale studies cannot.
us the ultimate performance limits of MOF materials for

particular applications.
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