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Combining multi-scale calculations with machine learning, we investigate how the ligand
functionalization affects the hydrogen storage profile of Metal Organic Frameworks. The
binding energy of hydrogen with 58 strategically selected functionalized benzenes was
calculated with accurate ab-initio methods. Our results show that many functional groups
(e.g. -OPO3H,, —OCONH,) increase the interaction strength up to 15-25% compared to
benzene while —OSOsH holds the most promise with an enhancement up to 80%. Grand
Canonical Monte-Carlo calculations with interatomic potentials derived from the ab-initio
calculations, verify the trend obtained from the meticulous screening. In addition, a proof
of principle Machine Learning analysis is performed on the ab-initio results showing a good
prediction of the H, binding energies even with a limited amount of data. The results from
our bottom-up approach lead us to conclude that this functionalization strategy can be
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Ab-initio applied to various porous materials in order to enhance their hydrogen storage

GCMC performance.

ML © 2021 Hydrogen Energy Publications LLC. Published by Elsevier Ltd. All rights reserved.
" high H, uptake capacity of MOF-5 in 2003 [7], MOFs have been

Introduction

Nowadays humanity is facing two urgent, interconnected
problems; the exhaust of conventional energy resources and
the need to reduce CO, emissions and move towards a sus-
tainable, carbon emission free economy. Within the scope of
sustainability, hydrogen economy presents a possible solution
to both problems. Hydrogen is considered as an ideal energy
carrier since it is a completely clean, non-toxic burning fuel
that can store a significant amount of energy. Fuel-cell tech-
nology is currently under intensive research and development
in view of the expected benefits in facing the environmental
problems and the gradual depletion of conventional fuel
reserves.

One key challenge for the commercial development of fuel-
cell powered vehicles is the efficient hydrogen storage [1]. On a
mass basis, hydrogen has nearly three times the energy con-
tent of gasoline, with 120 MJ/kg versus 44 MJ/kg respectively.
On the volume basis, however, the situation is reversed; the
same amount of hydrogen requires more storage space than
gasoline with liquid hydrogen having a density of 8 MJ/L
whereas gasoline has 32 MJ/L [2]. Current fuel cell vehicles,
manufactured and sold by automotive companies such as
Honda, Hyundai and Toyota, store hydrogen in high pressure
(~700 bar) carbon-fiber-reinforced fuel tanks [3]. Still, even at
such high pressures, 6 kg of liquid hydrogen require a tank of
150 L volume. The goal is to design low-cost, light-weight
materials that can reversibly and rapidly store hydrogen near
ambient conditions. The U.S. Department of Energy (DOE) has
set the ultimate technical targets of onboard hydrogen storage
for light-duty fuel cell vehicles to be 79.2 MJ/kg for the useable
gravimetric and 6.1 MJ/L for the useable volumetric capacities
[4]. To overcome the challenges in the existing technologies as
well as meet the DOE targets, several strategic pathways have
been proposed and are currently an active area of multidis-
ciplinary research [5]. Among the existing technologies, an
alternative way of storing hydrogen is the adsorption in
nanoporous materials, such as Metal Organic Frameworks
(MOFs). MOFs are attractive candidates possessing high sur-
face areas so that hydrogen could be stored in smaller, more
manageable volumes and at relatively low pressures.

Introduced by O. Yaghi in 1995 [6], MOFs are a class of
crystalline materials consisting of inorganic metal ions or
metal clusters linked by multidentate organic linkers. The
structure of MOFs is characterized by an open, porous
framework and is associated with significant properties such
as low density, high surface area and high porosity. Due to
their structural diversity and tunability, their properties can
be tailored in an attempt to identify the optimal composition
for the desirable application. After O. Yaghi first reported the

intensively researched as hydrogen adsorbents. In order to be
promising for H, storage applications, a porous material
should show an uptake that is ideally large and the adsorption
should be strong and reversible.

Many different strategies have been up-to-date employed
towards enhancing the hydrogen storage capacity of MOFs.
Some of them include control of the pore size (e.g. increase of
BET surface area, impregnation, catenation), introduction of
open metal sites in the metal oxide part and in the organic
linker, doping of alkali elements onto the organic linker,
functionalization of the organic linker and hydrogen spill-over
[8]. S. Yu and co-workers performed a combined DFT and
GCMC study of the electronic structures and hydrogen
adsorption properties of the Zn-based MOF-650 [9]. As B(OH),
linker substituted the original linkers as ligand, and the active
metals Mg/Ca substituted Zn as the center metal, the H,
storage amount of the resulting MOF was increased by
approximately 20 wt%, concluding that H, molecules tend to
be attracted by electron donors and metal atoms with low
electronegativity.

For practical hydrogen storage applications, volumetric
and gravimetric hydrogen capacities are the key factors that
determine the size and weight of the MOF-filled tank required
to store hydrogen for a reasonable driving range. These factors
must be optimized so the tank is neither too large nor too
heavy. Recently, several high-throughput studies have
searched databases of real and hypothetical MOFs in order to
identify candidates that simultaneously exhibit high volu-
metric and gravimetric hydrogen uptakes. Notably, in the
work of Siegel and coworkers [10], nearly 500,000 MOFs were
screened computationally and the most promising candidates
were assessed experimentally afterwards, with three MOF
candidates, SNU-70, UMCM-9, and PCN-610/NU-100, found to
surpass the capacities of IRMOF-20, the up-to-date record
holder for balanced hydrogen capacity [10].

As a way to increase the H, physisorption energy of MOFs,
the functionalization of organic linkers shows a good effect and
is the focus of this study. Currently, organic linkers of many
MOF structures consist of aromatic backbones such as benzene
and naphthalene. Thus, a simple, viable aromatic system that
can be employed and studied extensively with computationally
demanding ab-initio calculations is the singly substituted
benzene ring. According to ab-initio calculations performed so
far, the H, binding energy to aromatic organic linkers increases
with the introduction of —NH,, —CHs, and —OH groups due to
their ability to enrich the aromatic system electronically [11]. In
the work of Xia et al. the introduction of —OH, —NO,, —CHs,
—CN, —I functional groups on the phenyl ring of the organic
linker of MOF-808 was found to have a favorable impact on the
hydrogen adsorption profile of the framework at cryogenic
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temperatures, with MOF-808-CN showing the highest capacity
of 3.15 wt% at 77 K and 1 bar [12]. One of the most promising
functional groups proposed is the -OLi alkoxide with interac-
tion energies between the hydrogen molecules and this func-
tional group to be up to three times larger compared to the
unmodified MOF [13]. The gravimetric capacity of the Li-
modified MOFs was calculated to 10 wt % at 77 K and 100 bar,
while the corresponding values show great promise also at
room temperature with an uptake of 4.5 wt %.In the -OLi
alkoxide group, the oxygen atom serves as a promising
attaching atom. Another promising attaching atom was found
to be the sulfate anion [14] which can be introduced using the
sulfonic acid (H-—SOsH) group. Calculations have shown that
—SOsH and —SOsLi modified MOF candidates exhibit signifi-
cantly increased hydrogen adsorption capacities [15].

Following the pathway of the linker functionalization, we
investigated the effect of a series of aromatic substitutions by
means of multiscale theoretical techniques. In an attempt to
identify a promising functional group and also shed light on
the effect of the functional group composition to the hydrogen
uptake profile, we calculated the binding energy of H, to 58
singly functionalized phenyl rings. Subsequently, following
the trend obtained by the ab-initio screening, Grand Canonical
Monte Carlo (GCMC) simulations were employed for three
candidates of the IRMOF series; IRMOF-8, IRMOF-14 and
IRMOF-16, modified with some of the best functional group
candidates. The total gravimetric and volumetric uptake
profile was obtained both at cryogenic (77 K) and ambient
temperature (300 K). This functionalization strategy can be
applied in numerous porous materials and guide both the
post-synthetic modification for the already synthesized as
well as the targeted synthesis of new framework candidates.
In parallel, we used our multiscale results as a database for a
Machine Learning (ML) analysis. The full database of local
minima (1138 data points) was analyzed with various ML al-
gorithms and representations in order to show that starting
with an atomistic description and a large enough database,
one can reach chemical accuracy, i.e. kgT or 0.598 kcal/mol or
~10~*Ha. This offers an important alternative to costly quan-
tum mechanical calculations.

Methodology

By virtue of consistency, all geometry optimizations were held
at the MP2/def2-TZVPP level of theory using the approximate
resolution of the identity (RI-MP2) [16] and the frozen-core
approximation. Calculations were performed with the TUR-
BOMOLE software package [17]. Numerical frequency calcu-
lations were performed to all the different optimized
structures arisen, to verify them as stationary points on the
potential energy surface. Binding energy values were cor-
rected for the Basis Set Superposition Error (BSSE) by the full
counterpoise method proposed by Boys and Bernardi [18].
Electrostatic potential maps of the monomers and electron
density redistribution plots of the complexes were generated
in an attempt to gain insights on the nature of the interaction
of hydrogen with the functionalized benzenes.

In order to investigate how linker functionalization im-
pacts the H, adsorption in MOFs, we functionalized three MOF

candidates; IRMOF-8, IRMOF-14, and IRMOF-16; and per-
formed classical Monte Carlo simulations in the Grand Ca-
nonical ensemble (GCMC) [19]. We studied the hydrogen
uptake profile of both the parent structures and the ones
functionalized with some of the best candidates. The different
organic linkers were doubly functionalized. Positions of the
IRMOF framework atoms were obtained from crystallographic
information files available at the Cambridge Structural Data-
base (CSD) [20].

Interactions of hydrogen guest molecules with all frame-
work other than the functional group (FG) atoms were calcu-
lated employing DREIDING parameters [21] for framework
atoms and empirically derived parameters for H,. For the
description of the intermolecular interactions between H,
molecules and the FG atoms, we used ab-initio derived pa-
rameters. Details on the procedure of the fitting can be found
in the SI section. Coulomb interactions were taken into ac-
count by calculating the partial atomic charges for atoms in
each model cluster at the B3LYP/def2-TZVP level of theory
employing the CHELPG method [22]. The Darkrim-Levesque
(D-L) model [23] was used to represent for H, and the H-H
bond length is held fixed at 0.741 A.

GCMC calculations were performed with the RASPA soft-
ware package [24]. Periodic boundary conditions were applied
to all three dimensions. All Lennard-Jones interactions were
calculated up to a cut-off distance of 12.8 A. All Coulomb in-
teractions were handled using the Ewald summation technique
[25] and quantum effects were taken into account by the
Feynman-Hibbs effective potential [26]. Simulations were per-
formed in supercells incorporating enough repeat units such
that all edge lengths were greater than 25.6 A; i.e. twice the L]
cut-off radius. The framework was considered rigid with all
framework atoms held fixed throughout the simulations. For
each simulation point, 50,000 cycles were performed for system
equilibration followed by additional 100,000 cycles for sampling
over the ensemble averages. Each cycle comprised of N steps,
where N was the number of molecules in the system at the
current loading. Monte Carlo moves attempted are translation,
reinsertion, creation and deletion. The total gravimetric and
volumetric uptake isotherms at 77 and 300 K were obtained.

In parallel, accounting for the full dataset of local minima
calculated for the functionalized benzene molecules with the
H, binding in different positions, we tested different types of
ML techniques. The full database accounts for 1138 local
minima with energies calculated at the MP2/def2-TZVPP
level of theory. For ML we tested three different regression
methods, namely Kernel Ridge, Random Forest and Support
Vector algorithms (dubbed respectively as KRR, RFR and SVR
respectively) as implemented in Scikit-learn [27] (more de-
tails are given in the SI). Three state of the art descriptors
from literature were employed to map the chemical infor-
mation into machine readable string of data; Coulomb Matrix
(CM) [28], Bag of Bonds (BOB) [29] and Smooth Overlap of
Atomic Potentials (SOAP) [30]. The descriptors were obtained
with the DScribe package [31] and the QML code [32]. Splitting
our dataset into a training and a test set for validation, we
employed a leave-one-out cross validation scheme withc =5
folds and optimized the kernel at each step. Hyper-
parameters were optimized with an in-house genetic algo-
rithm search.
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Fig. 1 — The electrostatic potential maps of the best performing systems under study, calculated at the MP2/def2-TZVPP level
of theory. With blue and red the regions of low and high electrostatic potential respectively, ranging from —0.03 to +0.03
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Results & discussion

The selection of the FGs was based on electrophilic aromatic
substitution pathways. It is known that electrophilic sub-
stituents can exert resonance and inductive effects that can
be either electron withdrawing (e.g. —CHj;) or electron
donating (e.g. -CF3). These effects can be visualized by elec-
trostatic potential maps. In Fig. 1 we present the electrostatic
potential maps of the best performing systems in the current
study. The electrostatic potential maps of all the systems can
be found in the SI section. An extensive conformational
search was held for each of the systems; the shown structures
are the energetically most favorable configurations for each
system optimized at the MP2/def2-TZVPP level of theory.

In Table 1 we present the most promising systems under
study along with the corresponding binding energy values in
kJ/mol and the binding strength enhancement with respect to
benzene. Fig. 2 shows the global minimum configuration of
these systems. Results for all 58 systems can be found in the SI
section.

In Fig. S2 found in the SI section, it can be seen that for the
majority of the systems studied, the most energetically
favorable position for H, is above the ring; hydrogen interacts
with the w system of the functionalized rings and the strength
of the interaction correlates with the ability of the sub-
stituents to enrich the aromatic system electronically. From
the strongest interacting FGs shown in Fig. 2, the —SO3H,
-PO3;H,, -OPO3H, and —OSOs;H candidates were able to
outperform the delocalized aromatic electron distribution and
thus exhibit an increased interaction, with binding energies
>20% enhanced when compared to benzene. From these,
—0SO03H stands out with an enhancement of ~80%. This is a
special case as it combines the interaction with the

delocalized cloud and the interaction of the polarized
hydrogen of the FG with the quadrupole moment of the H,
molecule. An interesting case of a well performing FG is also
—OCONH; in which hydrogen seems to take advantage of both
the delocalized & system of the ring and the FG's influence.

Aiming to provide a visualization of the changes in the
electron density upon interaction with hydrogen, electron
density difference plots were calculated at the MP2/def2-
TZVPP level of theory and are shown in Fig. 3 for the best
performing systems and in Fig. S3 of the SI section for all the
systems under study.

Table 1 — ® Sorted binding energies (kj/mol) of the
strongest interacting H,---CsHs-X systems, calculated at
the RI-MP2/def2-TZVPP level of theory. All interaction

energy values have been corrected for the Basis Set
Superposition Error (BSSE) by the full counterpoise
method [18].” Percentage of binding energy enhancement
with the introduction of the FG compared to benzene.

System Binding Energy Binding Energy
(kJ/mol)? Enhancement (%)°
H,---C¢Hs—OSO03H —74l 81%
H,--CsHs-OPOsH, -49 26%
H,--C¢Hs—SO3H 48 23%
H,--CsHs-POsH, -48 22%
H,--C¢Hs—OCONH, —4.7 20%
H,:--C¢Hs—CH,NH, -4.7 19%
H,---C¢Hs—CH,0H —4.7 19%
H,--CsHs—SOOH —47 19%
H,--C¢Hs—NHCH, —4.7 19%
H,--CsHs—SO,NH, -46 18%
H,---CsHs—SONH, —46 16%
H,:--CeHs—NH, -4.5 16%
H,--CeHs—H -39 (ref)
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The largest electron density redistributions are observed atoms of the FGs. The strong polarization effect comes with
for the strongest interacting functional groups; Hj:--CgHs. the fact that these FGs draw the hydrogen molecule from the =
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and prominent polarization of the electron density of the hydrogen has changed its orientation in such a way that
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Fig. 3 — Electron-density redistribution plots of the optimized geometries of the strongest interacting H,---CsHs-X complexes.
With blue and green the regions that gain and lose electron density upon the formation of the complex, respectively. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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exploits both the 7 system of the ring and the FG's field. Thus,
although the electron energy redistribution is not that big, the
binding strength is high.

From the ab-initio screening of the functional groups, four
of the best performing candidates were selected for further
GCMC studies, namely —OCONH,, —SO,NH,, -OPOs;H, and
—O0SO3H. For applying our linker functionalization strategy,
numerous MOF structures as well as other porous materials’
structures (e.g. COFs, ZIFs, etc.) are suitable. Herein, we choose
IRMOF-8, IRMOF-14 and IRMOF-16 as sample cases with their
organic linker part being appropriate for chemical modifica-
tion. As it can be seen in Fig. 4, IRMOF-8 was doubly func-
tionalized with —OCONH,, —SO,NH, and —0SOsH, while
IRMOF-14 and IRMOF-16 with the bulkier -OPOsH, and
—OSO3H FGs.

The most interesting results from the GCMC simulations
were obtained at T = 77 K and are summarized in Figs. 5 and 6,
while all GCMC results, both at T = 77 K and T = 300 K, can be
found in the SI section.

At T = 77K, the volumetric uptake is enhanced in the case of
the functionalized IRMOF-8 compared to the parent structure,
with an enhancement up to ~60% for the case of IRMOF-8-
SO,NH, at P = 5 bar. At low loadings (i.e. P < 5 bar) the first
hydrogen molecules fill the structure and “feel” the effect of the
stronger binding sites that FGs introduce. At higher loadings,
where more and more hydrogen molecules enter the pore, their
interaction with the FGs is screened by the H,—H, interactions.
Thus, the percentage of enhancement drops but is still present;
in the case of IRMOF-8-SO,NH, is 10—20%. Overall, the strength
of the introduced binding sites of all three different FGs prevails

©

parent linker

¢ ¢ °
"%:EI‘ %]‘ER ;gélf
© © e

-OCONH: doubly

-SO:NH: doubly
functionalized
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functionalized functionalized
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parent linker
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-OSOsH doubly
functionalized

IRMOF-16

Fig. 4 — The IRMOFs selected and functionalized for this study along with the cluster model chosen to represent their organic
linker part. Hydroxyl groups are terminated with a Li atom to represent the effect of the charge density of the metal cluster.
All structures shown are optimized at the B3LYP/def2-TZVP level of theory. G, H, O, S, P, Li atoms as grey, white, red, yellow,
orange and purple spheres respectively. (For interpretation of the references to colour in this figure legend, the reader is

referred to the Web version of this article.)
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—OCONH,, —SO,NH,) at T = 77 K. (B) Snapshots of IRMOF-8 and IRMOF-8-SO,NH, taken from the GCMC simulations at
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figure legend, the reader is referred to the Web version of this article.)

over the effect of their bulkiness for the whole pressure range, weight of the FGs, with the unmodified structure clearly out-

with —SO,NH, being the most promising FG. performing the functionalized counterparts at all pressures.
The gravimetric uptake shows that the strength of the The volumetric uptake is enhanced in the case of the

introduced binding sites is not able to compensate for the functionalized IRMOF-16 compared to the parent structure,
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Fig. 6 — Volumetric hydrogen uptake isotherms for IRMOF-16 and IRMOF-16-n (n: —OSOzH, -OPOsH,) (left) and IRMOF-14 and
IRMOF-14-n (n: —0OSO;H, -OPO;H,) (right) at T = 77 K.
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with an enhancement of more than 50% for both FGs at
P = 5 bar and cryogenic temperature. From the two FGs,
-OPOsH; has a greater uptake for all the range of pressures. In
the case of the functionalized IRMOF-14 there is a ~20%
enhancement for OSO;H- and more than ~40% for OPOsH,-
functionalized at P = 5 bar. From the two FGs, -OPOsH, shows
greater uptake for all the range of pressures.

In order to prove that ab-initio interaction energies can be
learned by different types of machine learning techniques, we
performed Supervised Machine Learning on the MP2/def2-
TZVPP interaction energies of the optimized structures and
show that chemical accuracy (1kpT (@300 K) ~ 10~* Ha/25 meV/
2.5kJmol ™) could be achieved with as few as 1000 entries. This
indicates that the interaction energy between the H, molecule
and the functionalized benzene in MOFs is an appropriate
quantity for ML investigation. Analogous ML simulations had
been carried out only for metal hydrides in a dataset of
hydrogen storage materials provided by the US Department of
Energy [33, 34]. Their ML simulations suggested that the
complex material class, followed by Mgis applicable for a wide
range of operating temperatures.

Our ML results are summarized in Fig. 7. The prediction
results for both the training set (cyan empty circles) and the
test set (red crosses) are depicted. The test setis a subset of the
full database (20%) and comprises of randomly selected in-
stances, unseen to the training procedure. The columns
correspond to the three different representations and the
rows correspond to the three different algorithms imple-
mented in this study. The Mean Absolute Error (MAE) on the
test set is listed in the grey box of each subplot. In Fig. 8, the

learning curves for KRR combined with the different de-
scriptors are represented. Both the MAE and the R? coefficient
are plotted versus the training set size. The dashed black lines
correspond to the chemical accuracy (top panel) and R? = 1
(bottom panel) and represent the deviation from the quantum
mechanical calculated values. All ML algorithms show an in-
crease in the learning rate with a larger dataset size, mean-
ing a larger confidence with increased experience, reaching
energy prediction accuracy comparable with quantum me-
chanical methods at around 1000 datapoints. It is therefore
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Fig. 8 — Learning Curves for KRR and different descriptors.
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the chemical accuracy of 1KgT (@300 K) ~ 10~* Ha.
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expected that larger databases can further reduce the error on
prediction of binding energies for unseen structures.

hydrogen uptake capacities of porous materials in general (i.e.
MOFs, COFs, ZIFs, etc.).

Conclusions

In this work, we have studied the effect of linker functionali-
zation of MOF structures on the enhancement of their
hydrogen uptake capacities, by means of multi-scale molec-
ular simulations. In the first place, we studied with ab-initio
methods the binding strength towards hydrogen of 58 func-
tionalized benzenes of the form C¢Hs-X (X: the different FGs).
From this set, 37 FGs showed higher binding energies
compared to benzene, with 12 of them presenting a binding
enhancement over 15%. Notably, —OSOsH FG stands out with
an enhancement of ~80%. In the context of surface modifica-
tion, the FGs that exhibit an enhancement over 20% are rec-
ommended as promising for potential linker functionalization
of MOF candidates.

In order to describe accurately the intermolecular in-
teractions between the guest hydrogen molecules and the
MOF atoms, we used ab-initio derived results and fitted the
parameters of the DREIDING potential onto these results. All
of our studied cases indicate that available Force-Fields fail to
describe accurately our systems, highlighting the importance
of the fitting procedure.

The effect of linker functionalization on the H, adsorption
uptake of MOFs was studied employing Grand Canonical
Monte Carlo simulations at cryogenic and ambient conditions.
We functionalized three different MOF candidates from the
IRMOF family (IRMOF-8, IRMOF-16 and IRMOF-14) with the FGs
that showed strong binding towards hydrogen according to
our ab-initio calculations (-OCONH,, —SO,NH,, —OSO3H and
-OPO3H,). A significant enhancement of the volumetric uptake
at 77 K was observed for all cases. While structural features
clearly influence the packing of H, molecules within an
adsorbent, of equal importance are the specific binding loca-
tions within the pores and the relative binding strength at
these sites. Taking into consideration the weight of the FGs as
well as other important factors (e.g. pore environment), the
adsorption is in agreement with the strength of interaction
between the adsorbate (H,) and the organic parts of the
adsorbent (MOF). However, within the scope of practical ap-
plications, the absolute uptake percentages illustrate clearly
that considerable work is still required in the field.

Our ML results show a fair prediction of the H, binding
energies even with a limited amount of data. ML can confi-
dently identify low laying structures in the interaction energy
landscape, and thus it is possible to extend the search to a
larger chemical space. This paves the road for more extensive
calculations, able to bypass a large part of the computational
effort and extrapolate valuable physical-chemical insights.
Possible improvements of our ML model include an increased
database, a classification according to charge transfer effects
and orbital shapes, classifying whether a minimum is local or
global by learning its shape, and insertion of symmetry in-
formation into the descriptor.

Overall, in this work a systematic and transferable data-
base is set up and can be used for experimental and further
computational and ML studies on the enhancement of
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