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ABSTRACT: Metal—organic frameworks (MOFs) are potential candidates for gas-selective
adsorbents for the separation of an ethylene/ethane mixture. To accelerate material discovery,
high-throughput computational screening is a viable solution. However, classical force fields,
which were widely employed in recent studies of MOF adsorbents, have been criticized for
their failure to cover complicated interactions such as those involving 7 electrons. Herein, we
demonstrate that machine learning force fields (MLFFs) trained on quantum-chemical
reference data can overcome this difficulty. We have constructed a MLFF to accurately predict
the adsorption energies of ethylene and ethane on the organic linkers of MOFs and discovered
that the 7 electrons from both the ethylene molecule and the aromatic rings in the linkers
could substantially influence the selectivity for gas adsorption. Four kinds of MOF linkers are
identified as having promise for the separation of ethylene and ethane, and our results could
also offer a new perspective on the design of MOF building blocks for diverse applications.

thylene (C,H,) is the most important olefin raw material especially for gases such as CH,, H,, and CO,, whether the

for petrochemical production.' Current industrial tech- force fields can correctly describe the interaction of 7 electrons
nologies for producing C,H, are based on either steam from aromatic rings in MOFs and from the C=C bond in the
cracking of naphtha or thermal decomposition of ethane C,H, molecule is still debatable.'®'” Hence, quantum-
(C,Hg), which necessitates a purification process to remove chemical calculations are necessary to ensure accuracy, but
C,Hy. Because of the similar physical properties of both their substantial computational cost has prevented us from
hydrocarbon molecules, such purification typically involves a performing a high-throughput screening over all existing MOFs
costly cryogenic distillation at >23 bar and below —25 °C.> In (there are ~100000 MOF materials in the Cambridge
the past decade, metal—organic frameworks (MOFs) with their Structural Database).ZO’ZI In this context, the recently
large surface areas, customizable pore geometry, and versatile developed data-driven machine learning (ML) models have
functional components have opened a new avenue in the field captivated researchers due to the promise of their high
of separation of C,H, and C,He’ "' Through a careful prediction accuracy and low level of computational require-
combination of metal-ion nodes and organic ligands, MOFs ment.22"2® Some successes have been achieved for the
could serve as solid adsorbents to capture one of the gases application of ML force fields (MLFFs) in different ranges of
while releasing the other under ambient conditions, thus materials, covering organic and inorganic Categories.29_35

rendering the separation process much less energy-intensive
than the conventional distillation method.'> However, most of
the MOFs suitable for gas separation were historically
discovered via a laborious trial-and-error process and could
be considered as serendipitous results. This has led researchers
to seek efficient in silico approaches to guide the design of
MOFs, which is generating more and more research interest
given the recent advancements in high-throughput computa- -
tional techniques.B’IA“ Rec?lved: Mar.ch 22,2024
Pioneering studies have employed grand canonical Monte Revised: Apr%l 19, 2024
Carlo (GCMC) simulations with standard force fields to Acce.Pted’ Apr}l 23, 2024
predict the adsorption isotherms of gas molecules in Published: April 26, 2024
MOFs.">~"” While these predictions were demonstrated to
be in good agreement with the experimental findings,

MLFFs trained on reference data from quantum-chemical
calculations could potentially allow for the better description of
intra- and intermolecular interactions than the classical force
fields and may therefore overcome the deficiency of previous
GCMC studies in predicting the guest—host interactions
involving 7 electrons.*
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Moreover, most of the efforts in computational screening of
MOFs for gas separation are not directly aimed at the
optimization of individual building blocks in MOFs.”” In
previous studies, the entire framework structures of MOFs
were adopted for simulation, which leads to a great difficulty in
deconvoluting the respective roles of inorganic nodes, organic
linkers, and framework topologies (Figure 1). So far, there is

MOF database X
Inorganic node

Organic linker

=
s 61,393
-

Topology

=
NV

Figure 1. Extraction of building blocks (inorganic nodes and organic
linkers) and topology of the MOF structures.
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no consensus about what kind of metal-ion coordination
configuration would be favorable for selective separation of a
C,H,/C,H, mixture, as well as what kind of functional group
on the organic linker and what kind of pore topology are
optimal. Suitable isolation of these components is a
prerequisite for the rational design of MOFs, and we here
chose to isolate and focus on the organic linkers, for which the
molecular interactions with C,H, and C,H¢ can be effectively
reproduced by MLFFs in the polarizable atom interaction
neural network (PaiNN) architecture.”®>”

In this work, we have extracted 15 361 organic linkers from a
total of 61393 MOF structures stored in the Cambridge
Structural Database.”® Quantum-chemical calculations were
conducted on a small subset of the organic linkers, from which

the trajectories during structural optimization of the adsorption
of C,H, and C,H, on the linkers were obtained and used as
the training data set. The gas adsorption properties calculated
from the obtained MLFF have demonstrated promising
accuracy with respect to the quantum-chemical results. From
the computational screening of the linkers, we have discovered
that C,H, is preferentially captured by the polar functional
groups (e.g, with amine or carboxyl moieties) due to the
charge transfer of the 7 electrons on the C=C bond, while
C,Hg tends to be attracted by aromatic rings that exhibit
relatively strong dispersion interaction with the H atoms of the
gas molecule. This work constitutes the first theoretical study
that unravels the individual role of organic linkers in facilitating
the separation of C,H, and C,Hy and will pave the way for
future development of MOF adsorbents in the petrochemical
industry.

The data set of this work is based on the Cambridge
Structural Database, and by discarding error entries as well as
disordered MOF materials, we retain a total of 61 393 unique
structures. For each structure, neighboring atoms were
searched using the covalent radii for all of the main group
elements, from which we could easily identify the organic
building blocks. To achieve charge balance, a suitable number
of hydrogen atoms were added to the functional groups that
serve as the coordinating ligands to the inorganic nodes of the
MOF. A single C,H, or C,H4 molecule was placed near this
organic linker to evaluate the adsorption properties. To
identify a better initial configuration for structural optimiza-
tion, we have relied on the van der Waals (VDW) potential
using a Xe atom as the probe (Figure 2a), which can roughly
estimate the weak intermolecular interactions between the
linker and the gas.*”*' Three minimum-energy configurations
were selected, with a criterion that the corresponding locations
of the probe are separated by >4 A between the different
configurations. We also avoided the cases in which the probe is
too close to the coordinating ligands of the linker (the
threshold is 4 A, as well). The center of the gas molecule was
then situated at the site of the probe, and we rotated the
molecule in different directions, from which the orientation
that corresponds to the minimum VDW potential energy was
selected.

a
Minimum of VDW potential

Configuration with minimum VDW potential

Molecule

Node embedding

Message passing

Graph embedding Output

Figure 2. Construction of the initial configuration for simulation and scheme of feature extraction for MLFF. (a) Identification of minimum-energy
configurations according to the VDW potential. These configurations are used as the initial setting in the quantum-chemical calculations. (b)
PaiNN architecture for the construction of a MLFF. This model predicts molecular properties through equivariant message passing.
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Figure 3. Performance of the MLFF in PaiNN architecture. (a) Energy of the adsorption configurations in the training set. (b) Force on atoms in
the MOF structures and the gas molecules in the training set. Differences in the adsorption energies between C,H, and C,Hg in the (c) training set
and (d) test set. The quantum-chemical calculation results are used as the reference data.

The final configurations were employed for quantum-
chemical calculations using Gaussian 16 at the B3LYP/6-
31G* level of theory with dispersion correction.”””* The
trajectories during structural optimization of the adsorption of
C,H, and C,H, were then used as the training data set for our
MLFF, which can help achieve a balance between sample size
and feature space.”” Figure 2b illustrates the PaiNN
architecture, in which a molecule is represented by a graph
and the elemental information on atoms is stored in its nodes.
The information about bond lengths and angles will be
extracted upon the repeated exchange of messages followed by
updates of node features. The obtained MLFF was finally
employed to calculate the adsorption energies of C,H, and
C,H,, with their energy difference taken as the metric for
selective separation of the gas mixture.

Figure 3a shows a good linear relationship between the
energies predicted by the MLFF and the reference data from
Gaussian in the training set. The R? is 0.99, and the error in
energy is 5 meV/atom. The forces are also predicted
accurately, as shown in Figure 3b, with an R* of 0.97 and an
error of 0.2 meV/A. The mean absolute errors of energy and
forces over all 62 epochs are provided in Figure S1. The
performance in predicting the difference in adsorption energies
between C,H, and C,Hy (Figure 3c) is noticeably worse than
directly predicting the energy of the adsorption configuration
because the energy difference involves the subtraction of
energy values, which will significantly amplify the relative error.
This is also observed on the test set, as displayed in Figure 3d.
The calculated prediction error implies that the MLFF in this
work is still unable to reach the accuracy of quantum-chemical
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calculations for intermolecular interactions, which is probably
due to the intrinsically short cutoff radius in the model for
searching the interacting atoms.*>**73° Nevertheless, the
MLFF could still serve as a promising screening tool for the
identification of organic linkers that exhibit superior ability for
gas-selective adsorption. This enables a proper evaluation of
the influence of specific functional groups on the separation of
the C,H,/C,Hy mixture.

On the basis of the MLFF-predicted adsorption energies of
C,H, and C,Hy a gradient boosting regression model*!
combined with RDKit descriptors was constructed (Figure
S2), followed by SHapley Additive exPlanations (SHAP) to
unravel the potential role of functional groups for the
separation of C,H, and C,Hs’>*> A total of 80 RDKit
features from fragment descriptors and Lipinski parameters for
machine learning have been taken into consideration, and the
most important ones are displayed in Figure 4 for the
prediction of adsorption energies of C,H, and C,H,
respectively. The color of the data points in the right panels
indicates the adsorption energy (blue for more negative values,
corresponding to stronger adsorption), which shows some
signs of scaling correlation with the SHAP value for all of the
displayed features. The normalized mean value of SHAP
shown in the left panels reflects the contribution of the
corresponding feature to the output of the adsorption energy.
Notably, the numbers of aromatic rings (n,z), NH/OH species
(nnon), and sulfonamide groups (ng) are the top three decisive
factors for both C,H, and C,Hy. The contribution of aromatic
rings is potentially related to the interaction between their 7
electrons and the hydrogen atoms in the gas molecule. To
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Figure 4. Correlation analysis for gas adsorption energy via SHAP values. Adsorption energies of (a) C,H, and (b) C,H, interpreted by the
gradient boosting regression model with SHAP values. RDKit features are sorted in descending order according to global parameter importance
(left panels), and the beeswarm plots are displayed for each gas molecule (right panels). The horizontal axis indicates the influence on the model
output. f14g, fnow s Mxr N0y Maroms Mpwy and naon correspond to the numbers of aromatic rings, NH/OH species, sulfonamide groups, halogen
atoms, hydroxylamine groups, aromatic hydroxyl groups, para hydroxylation sites, and aliphatic hydroxyl groups, respectively.

justify this, we have added another feature, the shortest
distance from the H atom in the gas molecule to the center of
the aromatic ring of the ligand, which is designated as d,p. For
C,Hy, the normalized mean SHAP value for dug is 21.1%,
considerably higher than the second most important feature,
finon (10.3%), which demonstrates that C,Hy adsorption can
greatly benefit from the 7 electrons of aromatic rings in the
organic linker. On the contrary, for C,H,, the contribution of
fiag is much less dominating, and other features generally
involve polar functional groups that point toward the C=C
bond of C,H,. We therefore assume that the 7 electrons of the
C=C bond in C,H, could play a role and have added the
following feature for evaluation, the distance from the middle
point of the C=C bond in C,H, to the nearest H atom on the
functional group in the organic linker, designated as dy. For
C,H,, the normalized mean SHAP value for dy; reaches 41.0%,
indicating the indispensable role of the 7 electrons of the C=
C bond in analyzing C,H, adsorption. This interaction could
be ascribed to a slight electron transfer from C,H, to the
ligand, as will be discussed below.

According to the calculated difference in adsorption energy
between C,H, and C,H¢ along with the pore size of the
corresponding MOF, we can screen for potential MOF
adsorbents that are promising in the separation of C,H, and
C,H¢. We note that the kinetic diameters of C,H, and C,Hy
are 4.163 and 4.443 A, respectively.”* A limiting pore diameter
(LPD) closer to both values would likely offer a more
pronounced molecular sieving effect. As shown in Figure Sa,
we have pinpointed four candidate MOFs with the largest
difference in adsorption energy and with a proper LPD in the
unshaded area. The structures of their corresponding linkers
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are provided in the insets, and the framework structures™ >

are displayed in Figure 5b. We believe that these materials are
worth the experimental effort to explore in future studies.
Moreover, because the contribution of inorganic nodes has not
been evaluated in this work, it is possible that some MOFs
could achieve high selectivity from open metal sites while their
organic linkers show inferior ability for gas-selective
adsorption. In this work, we do not intend to screen for the
optimal MOF adsorbent with all factors treated simultaneously
but instead aim to identify what kind of organic linker could
facilitate the separation of C,H, and C,Hy, directly from a pool
of 15361 species found as the building blocks of existing
MOFs. This could offer a strategy for the rational design of the
functional components of MOF adsorbents without the
interference of other factors.

To further understand the effect of 7z electrons from a
quantum-chemical perspective, we have selected six linkers
from the training data set, all of which exhibit relatively large
adsorption energy differences between C,H, and C,Hy. Two of
them are displayed in Figure Sc, while the others are shown in
Figures S3 and S4. The independent gradient model based on
Hirshfeld partition of molecular density (IGMH) analysis is
conducted to visualize the regions of intermolecular
interactions.””®" C,H, preferentially adsorbs on linker 1,
while the interaction between C,Hg and linker 1 is relatively
weak. In the configuration of C,H, on linker 1, the energy
decomposition suggests a <38.3% contribution from the
electrostatic energy and a 17.0% contribution from the orbital
energy (Table S1). We note that the sum of both values
surpasses the contribution from the dispersion correction
energy (44.8%), in agreement with our assumption that the

https://doi.org/10.1021/acs.jpclett.4c00860
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Figure 5. Computational screening of MOF materials for the
separation of C,H, and C,H,. (a) MLFF-predicted difference in
adsorption energy (AE) between C,H, and C,H, vs the limiting pore
diameter (LPD) of the MOF structure. The insets show the
corresponding organic linkers. (b) Most promising MOF adsorbents
identified from the screening of both AE and LPD. (c) Configurations
of the adsorption of C,H, and C,H, on two representative organic
linkers. The green isosurfaces in the top panels indicate the regions of
intermolecular interactions based on IGMH analysis. The color of
atoms in the bottom panels indicates the contribution of individual
atoms to the adsorption of gas molecules.

electron transfer from C,H, to the ligand is nonnegligible. The
corresponding regions of interactions are localized at the side
of the C,H, molecule near the C=C bond, corresponding to
the 7 electron region of C,H, When C,Hy is adsorbed on
linker 1, the dispersion interaction will contribute to 71.0% of
the adsorption energy (Table S2), demonstrating that the
electron transfer is quite inferior in C,Hg adsorption as
compared to that in C,H, adsorption. In comparison with
linker 1, the gas selectivity is reversed for linker 2; that is, C,Hg
adsorption is more energetically favorable than C,H,
adsorption. We find that in the adsorption configurations of
both molecules on linker 2, the dispersion correction energy
always contributes ~64%. On the basis of the correlation
analysis using SHAP values presented above, this interaction is
mainly ascribed to the aromatic rings in the linker, which can
attract the H atoms in the gas molecule. This is consistent with
the IGMH analysis in Figure Sc showing localized interaction
regions between the aromatic ring of linker 2 and the H atoms
in the molecules.

In conclusion, we have used a MLFF trained on quantum-
chemical calculation results to investigate the molecular
interactions of MOF linkers with C,H, and C,H,. The overall
good agreement with the reference data suggests the capability
of MLFF in high-throughput screening for MOF adsorbents
with the aim of separating the C,H,/C,H¢ mixture. Our results
indicate that C,H, is preferentially captured by the polar
functional groups due to charge transfer of the 7 electrons,
while C,Hy could instead be captured by aromatic rings in the
organic linker. The insights in this work will not only facilitate
the development of MLFFs for describing intermolecular
interactions but also may stimulate new avenues for future
research of MOF adsorbents in the field of petrochemical
production.
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