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many more. The performance and suitability of nanoporous
materials for each specific application are directly related to both
their physical and chemical properties, and their determination is crucial for process engineering and optimization of performances.
In this Account, we focus on some recent developments in the multiscale modeling of physical properties of nanoporous frameworks,
highlighting the latest advances in three specific areas: mechanical properties, thermal properties, and adsorption.

In the study of the mechanical behavior of nanoporous materials, the past few years have seen a rapid acceleration of research. For
example, computational resources have been pooled to create a public large-scale database of elastic constants as part of the Materials
Project initiative to accelerate innovation in materials research: those can serve as a basis for data-based discovery of materials with
targeted properties, as well as the training of machine learning predictor models.

The large-scale prediction of thermal behavior, in comparison, is not yet routinely performed at such a large scale. Tentative
databases have been assembled at the DFT level on specific families of materials, such as zeolites, but prediction at larger scale
currently requires the use of transferable classical force fields, whose accuracy can be limited.

Finally, adsorption is naturally one of the most studied physical properties of nanoporous frameworks, as fluid separation or storage
is often the primary target for these materials. We highlight the recent achievements and open challenges for adsorption prediction at
a large scale, focusing in particular on the accuracy of computational models and the reliability of comparisons with experimental
data available. We detail some recent methodological improvements in the prediction of adsorption-related properties: in particular,
we describe the recent research efforts to go beyond the study of thermodynamic quantities (uptake, adsorption enthalpy, and
thermodynamic selectivity) and predict transport properties using data-based methods and high-throughput computational schemes.
Finally, we stress the importance of data-based methods of addressing all sources of uncertainty.

The Account concludes with some perspectives about the latest developments and open questions in data-based approaches and the
integration of computational and experimental data together in the materials discovery loop.
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calculations in the quasi-harmonic approximation and used
to train a machine learning model.

e Ren, E; Coudert, F.-X. Rapid adsorption enthalpy
surface sampling (RAESS) to characterize nanoporous
materials. Chem. Sci. 2023, 14, 1797—1807.> A new
algorithm that quickly calculates adsorption enthalpies by
sampling the surface of the material instead of the whole
porous space, speeding up the high-throughput screening of
materials databases for adsorption applications.

e Ren, E,; Coudert, F.-X. Prediction of the Diffusion
Coeflicient through Machine Learning Based on
Transition-State Theory Descriptors. J. Phys. Chem. C
2024, 128, 6917—6926." Going beyond standard method-
ologies focusing on adsorption thermodynamics, an
algorithm to allow high-throughput screening of guest
transport by predicting self-diffusion coefficients.

1. INTRODUCTION

Nanoporous materials are a key family of systems in the
domain of materials science, with high scientific and
technological importance. Nanoporous frameworks are a
large and diverse family of supramolecular materials, whose
chemical building units (organic, inorganic, or both) are
assembled into a three-dimensional architecture with well-
defined connectivity and topology, featuring intrinsic porosity.
Because of the presence of pores with controllable dimensions
in their structure, they present a solid/fluid interface with high
surface area and tunable chemistry. Many industrial processes
are based on adsorption in these nanoporous frameworks and
are particularly key to addressing contemporary challenges in
areas such as energy production, conversion and storage, fluid
separation, environmental sciences, medicine, etc.>™®

In some cases, the adsorbed molecules form chemical bonds
with the host material, and some applications rely on this
chemisorption, such as gas sensing, chemical hydrogen storage,
and, probably most commonly, heterogeneous catalysis. On
the other hand, many industrial applications are based on the
phenomenon of physisorption, where no chemical bonds are
formed and relatively weak interactions are involved (van der
Waals attraction, Coulombic interactions, etc.). Such is the
case of applications like gas storage, gas purification, fluid
separation, drug release, etc.5710

Molecular simulation of physisorption is a research field with
a long history, and a variety of computational methods have
been developed to study both the thermodynamics and
dynamics of the confined phase.'' However, because
physisorption does not create chemical bonds between the
host material and guest molecules, most of these methods rely
on a “rigid host” approximation.'” In this approach, the
nanoporous material is considered rigid, and the presence of
the adsorbed molecules does not change its structure or its
electronic state: the adsorbent acts as an “external confinement
field” on the adsorbed phase. However, this approach finds
important limitations with the ever-increasing number of
nanoporous frameworks exhibiting large-scale flexibility (also
called “soft porous crystals”'”), whether due to thermal
motions or through strain induced by external stimulation.

Adsorption in these soft porous crystals can lead to
increased materials performance and novel applications,
including some eye-catching cases for gas storage with heat
control'* and increased gas separation performance.'”'® It is a
complex phenomenon that couples strong host—guest
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interactions against the flexibility of the host framework, and
the resulting effect depends on a subtle balance between
those.'” Therefore, in order to fully rationalize the effect of
adsorption on the molecular scale, it is necessary to better
understand the physical properties of the host framework itself.
This includes several aspects, like the intraframework dynamics
but also the response of the structure to thermodynamic
parameters such as temperature and pressure.

This realization has led to a shift in focus from the
computational chemistry community, with a stronger interest
in physical properties such as mechanical and thermal
behavior. There has been a growing effort in the past ten
years to develop new modeling methodologies, at the
microscopic scale, to provide accurate predictive models of
the physical properties of nanoporous frameworks based on
their structure, and to explore the structure—property relation-
ships at play in this family of materials. This Account highlights
some of the efforts in this direction, focusing specifically on
three types of physical properties: mechanical behavior,
thermal behavior, and adsorption properties.

2. PREDICTING MECHANICAL BEHAVIOR

2.1. Calculating Mechanical Properties

Various terms have been used to describe framework materials
that can undergo large-scale changes in their structure, such as
dynamic or flexible materials, stimuli-responsive frameworks,
or soft porous crystals.'”” The number of such materials has
been growing and includes many members from supra-
molecular families such as the now ubiquitous metal—organic
frameworks (MOFs),'® but also covalent organic frameworks
(COFs)"” and supramolecular organic frameworks (SOFs).”
While the common occurrence of this flexibility induced by
guest adsorption or solvent removal was noted relatively early
in the development of MOFs and related materials, it was only
later that researchers in the field fully realized that soft porous
crystals often also exhibit a structural response to other
physical or chemical stimuli.

We refer the reader to refs 21 and 22 for comprehensive
reviews of the mechanical properties of MOFs and their
applications. We note, in particular, that many soft porous
crystals are also “soft” in the mechanical sense of the word:
they often have strong anisotropy in their elastic properties and
exhibit directions of low Young’s and shear modulus. Many
framework materials display mechanical behavior not com-
monly found in dense crystalline materials, among which
negative linear compressibility’ and auxeticity (negative
Poisson’s ratio).”* While anisotropic properties can be difficult
to access experimentally, their determination has become
relatively routine in atomistic calculations, whether at the level
of Density Functional Theory (DFT) or through molecular
dynamics (MD) based on a classical force field. Both methods
allow the determination of the full second-order elastic tensor
and through tensorial analysis the calculation of the various
directional moduli and their polycrystalline averages.”

2.2. Toward Databases of Elastic Data

Due to the availability of the calculation of elastic tensors in
quantum chemistry packages and the increase in high
performance computing (HPC) resources available to
researchers, several research groups started to perform
systematic calculations on structural databases. Our group
published in 2013 the first computational database of
mechanical properties of zeolites at the DFT level, which
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Figure 1. Distribution of bulk and shear modulus, Poisson’s ratio, and atomic volume for 1,181 inorganic crystals. Arrows indicate the volume per
atom: pointing at 12 o’clock corresponds to the minimum value, moving anticlockwise in the direction of maximum value, which is located at 6
o’clock. Reproduced from ref 26 under the CC BY 4.0 license.
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Figure 2. Screen capture of the Materials Project interface, showing on the right the possibility to screen for specific mechanical properties.

was of modest size with 121 pure silica frameworks. In 2015, 1,181 inorganic compounds,*® which they deposited into the
de Jong et al. calculated and published elastic information for Materials Project database.”” Since then, that elastic database
1622 https://doi.org/10.1021/acs.accounts.4c00161
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in local properties, global properties, and porosity-related properties. Adapted with permission from ref 1. Copyright 2020 American Chemical

Society.

in the Materials Project has continued to grow, and in April
2024, it contained elastic tensors for 12,128 crystalline
structures.

The use envisioned for this newly available information was
2-fold: the statistical study of the mechanical properties of the
materials and their use as a target property for high-throughput
screening in the process of materials dlscovery and design. To
illustrate the first point, de Jong et al.”® have used the data
obtained to produce a map of the distribution of bulk moduli,
putting boundaries on what values are possible and likely
across the wide chemical space of inorganic materials. They
have also illustrated the existence of correlations between bulk
modulus, shear modulus, Poisson’s ratio, and atomic volume of
the crystal, as illustrated on Figure 1: such correlations serve to
reinforce some classical laws of elasticity in continuous media,
as well as to highlight how and how much crystalline materials
(anisotropic by nature) can deviate from these ideal laws.

Moreover, the integration of the data into the Materials
Project web app (available at https://www.materialsproject.
org) allows researchers to browse through materials and
perform simple screening tasks based on several criteria,
including the elastic properties, without being experts in this
type of calculation. A simple interface is available, as
highlighted in Figure 2, where you can select possible
compositions (elements present or absent) as well as target
values for various elastic moduli, among other structural and
calculated properties. Once a materials is selected, its elastic
properties can be visualized through the ELATE web app
developed in our group™ (available at https://progs.coudert.
name), which is interlinked with the Materials Project portal.
Finally, we note that the same elastic information can also be
queried programmatically through an API, for integration into
high-throughput screening workflows.

2.3. Identifying Materials with Anomalous Behavior

With an increasing number of framework materials with
predicted elastic constants published in the literature, it
became clear that some properties considered as “rare” in
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crystalline materials actually have a higher prevalence than
expected. For example, mechanical metamaterials®® appear to
be relatively common among MOFs, because of their dual
organic—inorganic nature. In these meta-MOFs, the micro-
scopic origin of the mechanical response is linked, for the most
part, to the topology of the material: the framework acts like a
macroscopic truss, where the organic linkers are the rigid
struts, and metal centers act as hinges,” in a very similar
fashion to how macroscopic metamaterials are designed, for
example, by additive manufacturing techniques.”

Based on large-scale databases such as the one described
above, it becomes possible to quantify how rare (or common)
specific mechanical properties are among crystalline materials.
In our group, Chibani et al. looked at 13,621 crystals from the
Materials Project database and analyzed the anisotropy of their
elastic properties: bulk modulus, shear modulus, Young’s
modulus, Poisson’s ratio, and linear compressibility.”’ Among
other conclusions drawn from this large amount of data, we
could highlight the importance of elastic anisotropy and show
that mechanics play a role in the experimental feasibility of
inorganic compounds: materials with higher elastic anisotropy
are mechanically more fragile. It was therefore possible to
quantify, for the first time in a study of that scale, exactly how
frequently those properties are encountered: negative linear
compressibility is found in 3% of inorganic materials, while
partial auxeticity (negative Poisson’s ratio) is found in 30% and
therefore cannot be considered exceptional, as is often stated.
Total auxeticity is the rarest of these phenomena, being
observed in 0.3% of the crystals studied, corresponding to a
total of 30 crystals in the entire database.

2.4. Accelerating Calculations with Machine Learning
Models

The availability of large databases of mechanical properties
occurred at the same time as a growth in interest for data-based
models and the increased availability of software libraries for
statistical learning. In the past five years, this has led to the
development and publication of machine learning models

https://doi.org/10.1021/acs.accounts.4c00161
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trained in these data sets obtained at the microscopic level
(typically through DFT calculations). The goal there is to
identify structure—property relationships and to predict
mechanical behavior based on a material’s structure, side-
stepping any actual atomistic modeling, i.e., without relying on
physics-informed molecular simulations.

Our group originally proposed this approach on a subset of
nanoporous materials with consistent chemistry, in order to
probe directly the effect of geometry and topology on
mechanical properties, without the influence of the chemical
composition of the materials. Pure-silica zeolites offer a
suitable playground for this kind of study, with a large number
of known and hypothetical SiO, polymorphs: 237 exper-
imentally known framework topologies and more than 500,000
hypothetical structures.”” In a first study, we demonstrated
with the work of Evans et al.*® that it was possible to predict
average (polycrystalline) mechanical moduli such as the bulk
modulus or shear modulus, through a machine learning
approach. We showed that a gradient boosting regressor
(GBR) could be coupled to a set of ad hoc geometric
descriptors, combining local features (Si—O distances, Si—O—
Si angles, etc.), global features (framework density, atomic
volume, ring sizes) and porosity information (surface area,
pore volume, pore size); see Figure 3. We found that the
accuracy of this predictor, even when trained on a limited
amount of DFT data (121 zeolites), was better than that of
classical force fields for the prediction of bulk and shear
moduli.

In the later work of Gaillac et al.," we pushed this approach
to a new level by combining modeling at multiple levels of
theory with supervised machine learning. The application in
that case was the discovery of novel zeolitic structures with
auxetic behavior (i.e., the presence of negative Poisson’s ratio).
Because that behavior is rare, to find the proverbial needle in
the haystack, it was not possible to train a ML predictor on a
randomly chosen subset of zeolites, but we needed to
incorporate more materials with potential auxeticity. To do
so, we screened a database of nearly 600,000 hypothetical
zeolitic structures at the classical level, through the use of a
force field. Eliminating mechanically unstable structures, we
could identify 578 frameworks predicted to be auxetic by the
force field: we selected those for further study and combined
them with another 742 chosen at random. On this balanced
subset of structures, we performed DFT calculations, obtaining
a data set of 991 DFT-stable zeolitic frameworks. This was
used as a training set to optimize a machine learning predictor
(again through the use of a gradient boosting regressor). This
entire workflow, illustrated in Figure 3, shows a good example
of the combination of molecular simulations at two different
levels of theory to generate a representative data set for
training a ML model. We expect such multiscale modeling
strategies to play an important role in the materials discovery
pipeline, combined with experimental feedback and the use of
optimal experimental design, or approaches such as multi-
fidelity Bayesian optimization.”*

More recently, some authors have proposed using deep
learning methods in order to predict elastic properties across
the entire chemical space of crystals, a harder problem because
it needs to take into account both geometrical and chemical
considerations. Some authors have used this approach to
predict scalar quantities, such as Mazhnik et al.”> who targeted
hardness and fracture toughness in a study in order to identify
new superhard materials. Similarly, Tsuruta et al.*® used a
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representation of crystal structures as 3-dimensional tetrahe-
dral meshes to predict average (isotropic) bulk and shear
moduli. Finally, the last months have seen the application of
equivariant graph neural networks, which are independent of
the frame of reference and preserve material symmetry and
therefore allow for the prediction of a full elastic tensor, going
beyond average properties.””** All of these approaches, while
relying on the power of neural networks, differ in their
encoding and representation of the materials’ structure. Such
tensorial approaches are powerful but require training data sets
of very large size (in this case, more than 10,000 elastic
tensors): it remains to be seen how accurate they would be for
other tensorial materials properties, where such large data sets
are not currently available.

3. PREDICTING THERMAL BEHAVIOR

Like their mechanical properties, the thermal behavior of
materials is a key piece of information for their practical use in
industrial applications. Quantities like thermal expansion, heat
capacity, thermal conductivity, and thermal diffusivity are
routinely used in chemical engineering for process design,
simulation, and optimization. It is therefore important to be
able to predict the thermal behavior of framework materials by
computational chemistry and to study the structure—property
relationships in order to find optimal materials (or design new
structures) for applications.

Our group has looked early on at the diversity of thermal
expansion among MOFs and in particular at uncoupling the
impacts of reticular topology and framework chemistry.
Bouéssel du Bourg et al. used molecular dynamics simulations
combined with classical force fields to show that, for a similar
chemistry (zinc-based zeolitic imidazolate frameworks, or
ZIFs), the thermal expansion could vary in both sign and
magnitude with the topology of the materials.”” We could also
show that some ZIFs exhibit very large negative thermal
expansion (NTE), ie, they contract upon heating. That
phenomenon is counterintuitive in dense materials, but
actually quite common in framework materials such as some
oxides,* zeolites, MOFs, etc.*' The identification of materials
with tunable thermal expansion is an important axis of
research, in particular, in the design of novel nanostructure
composites.

It is important to note that compared to the number of
computational studies focusing on mechanical properties,
thermal behavior is still a much more open question. The
root cause for this is found in the greater computational
expense of the methodology. Thermal properties are typically
calculated through long molecular dynamics (MD) simu-
lations: those require the use of a classical force field,
accurately describing the full flexibility of the framework.
Such calculations are therefore difficult to perform at a large
scale, as “universal” or “transferable” force fields have limited
accuracy in their description of intra- and intermolecular
interactions. In another approach, thermal properties, such as
heat capacity and thermal expansion, can be approximated
through the determination of the vibrational modes of the
framework (or phonons). Such harmonic or quasi-harmonic
calculations can be performed at the DFT level but are very
expensive for large frameworks: the computational cost scales
with the number of atoms.*>**

In order to push in this direction, our group published in
Ducamp et al.™ the first systematic study of the thermal
properties of 134 all-silica zeolites (SiO, polymorphs) based
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based on that data, and apply it to a database of hypothetical structures to explore topological space. Adapted with permission from ref 2. Copyright

2022 American Chemical Society.

on DFT calculations in the quasi-harmonic approximation, i.e.,
in the limit of low temperature. We showed that zeolitic
frameworks feature a wide range of thermal expansion
coefficients, highlighting the great influence of the framework
topology on this physical property. This approach also allowed
us to compute not only the bulk modulus for each structure
but also its pressure and temperature dependence, something
that was not accessible in previous linear response
calculations.” We confirmed that zeolitic frameworks can
display pressure-induced softening, something which had been
seen in a few cases experimentally, and could quantify this
behavior, showing that it is in fact the case for most zeolites.
Moreover, this statistical exploration of the thermo-mechanical
behavior of zeolites gave some hints at the challenging
question of experimental feasibility of zeolitic frameworks,
determining that experimentally synthesized structures corre-
spond to a restricted range of the bulk modulus, Ky, and its first
derivative, K.

In later work, we used this newly created database of thermal
expansion coefficients at the DFT level to train machine
learning models, in a workflow summarized in Figure 4. Our
main goal was to compare the statistical accuracy of trained
models, all based on the same gradient-boosting regressor
algorithm, depending on the type of descriptors used to
encode the geometrical features of the zeolites.” In particular,
we compared ad hoc geometrical features, topology, and pore
space to the performance of general geometric descriptors
based on smooth overlap of atomic position (SOAP), which
are not specific to zeolites. We showed that generic geometric
descriptors performed best and demonstrated that the
predictions were not very sensitive to small changes in the
input structure, i.e., that the outcome of the prediction did not
necessarily require the refinement of framework structures at a
high level of theory. This finding is very important for the
generalizability of the technique, showing that the ML
predictor obtained can be used on lower-quality structures.
We then proceeded to apply the ML predictor to the PCOD2
database of zeolites containing around 600,000 hypothetical
structures. This large-scale screening study confirmed a general
statistical correlation between the thermal expansion coef-
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ficient and bulk modulus of the materials, with the Si—O—Si
angles playing a key role in both.

Other groups have experimented with different data-based
approaches for the determination of thermal behavior of
MOFs. Nandy et al. used natural language processing to mine
information about solvent removal and thermal stability of
MOFs from the published literature, *® coming up with a data
set of 3,000 MOFs and associated thermal decomposition
temperatures. In 2023, Islamov et al. used a computational
high-throughput screening setup to study the thermal
conductivity of 10,194 hypothetical MOFs created using the
ToBaCCo software.”” While this represents a systematic study
over a large set of structures, to work at this scale, the authors
had to rely on a very generic force field (UFF4AMOF), which
limits the accuracy of their results obtained.

In a different approach, Moosavi et al. devised a computa-
tional workflow for the prediction of heat capacities of
nanoporous frameworks spanning different families: zeolites,
MOFs, and COFs. Their approach is based on the calculation
of heat capacities through DFT calculations for 230 structures
with diverse chemical environments, used for training and
validating machine learning models."® Their ML models are
based on a sum of atomic contributions, where each atom in
the framework is featurized in terms of atomic identity, local
geometry, and chemistry. Their final model demonstrated a
very good accuracy (ca. 3% relative error) against DFT data
and, in most cases, a good agreement with available
experimental data. This approach is very promising for the
study of other thermal properties, focusing on a data set that is
limited in size but has good diversity and high accuracy.

4. PREDICTING ADSORPTION

Adsorption is another important physical property of nano-
porous materials. Based on adsorption data, one can rank
materials for a targeted apglication (such as gas storage, gas
separation, catalysis, etc.).” However, while the prediction of
fluid adsorption has been a mainstream computational
technique for decades, adsorption predictions suffer from
two main limitations: the accuracy of the models used in
computational screening and the reliability of the comparison
with experimental data.
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4.1. Limitations of Experimental Data

There is much experimental adsorption data available in the
published literature, but they are hard to mine. There have
been important efforts to digitize data from experimental
adsorption measurements, in particular adsorption isotherms,
like in the ISODB/NIST online database.’® In that case, all
data have been digitized manually over the past decade but the
database can be fed by users via data standardization.’!
Isotherm data can be freely and easily visualized on the
database Web site or through an API which facilitates a more
systematic access. However, despite this effort there are still a
number of difficulties to overcome, such as uncertainties in the
digitization process, lack of systematic metadata, and the
identification of materials and samples.>”

1626

Previous studies about reproducibility in the field of
equilibrium adsorption indicated that single-component
adsorption uptakes have been fully validated through
consensus only for a few well-studied materials.”® In most
cases, different research groups use different experimental
protocols, such that synthesized materials published under the
same name or composition often behave differently in terms of
adsorption characterization. Efforts are needed to publish the
metadata associated with preparation conditions, handling, and
activation, as well as to standardize the way it is published, for
example, by using the recently proposed AIF format,>* a
project supported by the International Union of Pure and
Applied Chemistry (IUPAC).
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4.2. Grand Canonical Monte Carlo (GCMC) Simulations

Furthermore, data on adsorption in porous materials is sparse
in the literature, as some materials have been specifically
studied with a limited number of gases adsorbed. This is why
computational methods have long been used in order to
supplement experimental databases, either through systematic
studies or more recently by using a machine learning-based
recommendation system.”> To this end, Grand Canonical
Monte Carlo (GCMC) simulations have been used extensively
to predict fluid uptake and gas separation. Within a limited set
of assumptions (rigid adsorbent, accurate classical force field,
no open metal sites), these predictions are relatively accurate
and computationally cheap, providing absolute gas uptake
values in the case of single adsorption or co-adsorption uptakes
at a fixed temperature and mixture composition. Therefore,
GCMC data have been used in many screening studies on
MOFs*>” and are particularly useful for co-adsorption
characterization, where experiments are particularly difficult
and the dimensionality of the thermodynamic space is higher.

Beyond the identification of top-performing materials, two
goals can be achieved with those studies: (i) studying the
boundaries of possible performance across the chemical space
and getting insight into the relationships between physical or
chemical properties; (ii) understanding structure/property
relationships in order to train faster models for prediction.
Gas uptakes and thermodynamic properties like Henry
coeflicients and heat of adsorption have been extensively
used to train machine learning model that can infer structure/
property relationships®**” (see Figure 5).

Recently, our group proposed a methodology for the
identification of separation selectivity under different operating
conditions (temperature and pressure) on a large set of
nanoporous structures. To avoid the necessity for systematic
GCMC calculations, at least in a first phase of the screening
process, we developed a screening process (illustrated in
Figure 6) based a machine learning predictor of selectivity,
which is fed by both geometrical descriptors and energy-
relation properties, obtained by a fast grid calculation of host—
guest interaction energies. As a proof of concept, we tested our
methodology for the separation of a 20:80 Xe/Kr mixture at
298 K and ambient pressure, screening through the CoRE
MOF 2019 database of structures.”” The resulting workflow
can evaluate the selectivity of a single structure in about 1 min,
while retaining good accuracy, whereas a GCMC calculations
for the same task took on average 40 min.

4.3. Current Limitations

However, there are a number of limitations introduced by
GCMC simulations that the reader should bear in mind.
Ranking materials for a given application in a database based
on GCMC data assumes that host—guest interactions are
equivalently described with the same accuracy for all host
atoms. However, this is rarely the case, in particular for polar
gas molecules and/or open metal sites on frameworks. Most
studies rely on a “general” or “universal” classical force field,
such as UFF, Dreiding, and TraPPE, to model van der Waals
interactions between the atoms of the frameworks and the
atoms of the gas. Electrostatic interactions are then calculated
from partial atomic charges derived using semiempirical
methods, ML methods, or DFT calculations on a large set of
structures. Ab initio FFs might be necessary to improve the
quality of generic FFs:®" in particular, ab initio FFs have been
used to describe accurately the adsorption uptakes of polar
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. . . 62
molecules in frameworks with open-site metal.

however, computationally very expensive.

The effect of the host structure’s geometry has been less
studied, though it has a significant effect on the thermody-
namic properties computed in GCMC simulations.”> To
overcome these limitations, one generally proceeds in two
steps: first, screening all structures of a database for targeted
properties using generic FFs and clean experimental structures;
second, refining the ranking after FF and geometry
optimization on the best-performing materials. Another
approach is to rank materials in a screening study for a given
application and varying the FFs, then assigning uncertainty on
the outcomes related to the underlying model.**

Since numerous screening studies rely on shared assump-
tions and database structures, the community would benefit
from disseminating reference data derived from simula-
tions.”>® This would improve computational reproducibility
and facilitate the evaluation of accuracy for training data sets,
particularly in the context of recent machine learning models
that leverage GCMC results for fast predictions of MOF
properties.

They are,

4.4, Beyond Thermodynamics

Finally, let us note that most large-scale studies on adsorption
have focused on thermodynamic equilibrium and avoided
considerations of kinetics such as transport properties inside
the nanopores. Yet these properties are key parameters in
practical applications. Brute-force Molecular Dynamics simu-
lations allow computation of diffusion coeflicients, yet they are
computationally expensive compared to GCMC simulations,
explaining why only a few studies apply this methodology to
large databases.”” Another approach to compute diffusion
coeflicients uses Transition State Theory and kinetic Monte
Carlo simulations and allows considerable decrease of the
computational cost.”® Recently, our group computed diffusion
coefficients of xenon in a large subset of the CoRE MOF
structural database®® and showed that diffusion coefficients can
be efficiently predicted using ML models with fast calculations
of activation energies and other geometrical descriptors.”
These studies pave the way to the extension of porous
materials databases with kinetic descriptors, and we think this
area of research has not yet seen its full potential, and many
methodological developments can be expected in the near
future.

5. PERSPECTIVES

Over the last 20 years, there has been a notable acceleration in
the discovery of porous structures. This growth is illustrated in
the timeline in Figure S. The view of our field, once focused on
experimental characterization of a select group of a few
commonly available materials, has since been strengthened by
the use of simulation techniques for property prediction based
on atomic structures, high-throughput computational screen-
ing studies, and the recent advances in artificial intelligence
(AI) for faster materials discovery. Since it is standard (in most
journals even mandated) for new crystalline structures to be to
published in a database, such as the CSD (Crystallography
Structural Database), we now have access to a large set of
porous materials, including >70,000 crystalline MOFs.*” The
large scale of such data sets is a novel dimension in the context
of materials discovery: it can help accelerate the identification
of existing materials for targeted applications through data-
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Figure 7. A 2D representation of labeled data extracted from mining
literature on MOFs. Large Language Models (LLMs) allow
classification of text sequences and extraction of relevant information
about synthesis conditions, characterization results, structural data,
and sorption data. These data can be used to create databases with
heterogeneous data for accurate predictions related to synthesis
conditions. Reproduced with permission from ref 74. Copyright 2023
American Chemical Society.

driven approaches and serve as a basis for the prediction of
novel hypothetical structures.

The first requirement to perform computational materials
discovery is to have access to open databases with cleaned and
computation-ready structures, as well as associated parame-

60

ters.”” Given the size of the databases (typically tens of
thousands of structures), screening studies are computationally
expensive, so two approaches are favored. In the first approach,
efforts are made to reduce the number of structures in the
database while increasing the diversity of structures (from a
structural perspective, or based on the underlying chemistry or
reagents used in synthesis).”””" An alternative method is to
perform multistage screening, with a first filter with low
computational cost to calculate properties that encode the
most pertinent information for the application chosen.’
Screening studies often rely on assumptions in material models
to accommodate a wide range of diverse structures, which tend
to decrease the precision in the measured properties.
Consequently, research groups advocate for providing data
sets with high levels of precision, such as DDEC charge sets for
adsorption calculations with GCMC.”*”*

Despite the promising opportunity to accelerate the process
of discovering new materials based on structural features, the
data-driven approaches still suffer from a number of short-
comings, including the availability of structural data, its
accuracy, and the synthesizability of the hypothetical
structures. Screening studies often neglect the synthesis data
and promote materials that might not be relevant to designing
real materials. With the advent of text-based information
processing methods, it is however becoming possible to
automatically review a large corpus of scientific articles to
extract synthetic properties from the published literature (see
Figure 7).”*77® In the near future, the aim of these directed
approaches would be to propose synthetic routes to
experimental chemists, given a limited number of constraints
such as a set of reagents, the material available, and the desired
properties.

Currently, the growing amount of structural and simulation
data is generating a great deal of enthusiasm for creating
machine learning models capable of predicting the properties
of new materials. Over the past few years, a series of classes of
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ML models (simple ML models for regression, convolutional
neural networks, graph neural networks, and transformers for
more complex data) have emerged, demonstrating their
growing effectiveness in predicting properties such as
adsorption uptakes in MOFs,”~** see Figure 8. Authors
typically concentrate on assessing their model’s performance
using various metrics on a validation data set. However,
comparing models becomes challenging when they are trained
and validated on different data sets. Establishing reference data
sets, a common practice in other artificial intelligence fields,
will likely be a key challenge in the coming years. To this
purpose, researchers that focus on developing new predictive
models should use available data sets, namely, using current
online portals that emphasize FAIR practices.””** Structural
data sets evolve over time due to new experimental discoveries,
improved cleaning procedures, and the discarding of outliers.
Any study aiming to enhance prediction performance in
machine learning models should therefore publish their
training, test, and validation data sets, along_with metadata
and lineage to previously published data sets.”

Although the accuracy of machine learning models might
keep increasing in the coming years, the quality of training data
intrinsically limits the accuracy of the models for applications.
Indeed, most ML studies assume that material properties are
fully encoded in their crystalline atomic-scale structures.
However, porous materials experimentally have physical and
chemical properties that depend on other factors, such as
synthesis conditions, purification steps and material formula-
tion, textural properties, presence of defects, etc.**™*’ Model
validation steps need to be carried out directly on high-quality
experimental data sets, which can be guaranteed by the use of
FAIR data processing tools and standardized best practices.”
Some studies have already established prediction-guided
protocols based on powerful language models using mined
synthesis data.”’ However, not all data can be mined with the
same degree of accuracy when metadata are missing or
nonstandardized measurements are used.’””>”? As an
alternative, porous materials discovery projects could combine
both experimental and modeling approaches to build up
consistent data sets. Automation of the synthesis and
characterization steps with active learning feedback and
including negative results will open up new perspectives in
this direction; however it is still in the very early stages of its
development.”*~%°
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