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Computational investigation of the impact of
metal–organic framework topology on hydrogen
storage capacity†
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Xijun Wang,a Omar K. Farha ac and Randall Q. Snurr *a

Metal–organic frameworks (MOFs) are promising, tunable materials for hydrogen storage. For application

under cryogenic operating conditions, past work has run into a ceiling on performance due to a trade-off

in the volumetric deliverable capacity (VDC) versus the gravimetric deliverable capacity (GDC). In this study,

we computationally constructed and screened 105230 MOF structures based on 529 nets to explore the

effect of underlying topology on the hydrogen storage performance of the resulting materials. A machine

learning model was developed based on simulated hydrogen uptake to facilitate screening of the entire

dataset, and it successfully identified the top 10% of materials with a root-mean-square error of

approximately 1 g L−1 as validated by subsequent grand canonical Monte Carlo simulations. We identified a

promising structure based on the tsx topology that exhibits both VDC and GDC higher than the current

benchmark material, MOF-5. Our data-driven analysis indicates that nets with higher net density yield MOFs

with enhanced volumetric and gravimetric surface areas, thereby improving maximum VDC while shifting

the capacity trade-off toward higher GDC.

1. Introduction

As efforts towards decarbonization and a more sustainable
energy economy accelerate, hydrogen has emerged as a pivotal
energy carrier, boasting the highest energy density per unit

mass among all fuels and water vapor as its only combustion
product. However, its extremely low volumetric density poses a
significant challenge in developing efficient, reliable, and cost-
effective hydrogen storage technologies. Existing hydrogen
storage methods struggle to simultaneously meet safety,
durability, and capacity requirements.1

Sorption-based storage, particularly using metal–organic
frameworks (MOFs),2,3 is an attractive option that enables
storage under milder conditions (i.e., lower pressure)
compared to compressed gas tanks, which allows the use of a
less expensive type I metal tank.4 The development of new
adsorbent materials for hydrogen storage is a key component
of the comprehensive strategy of the U.S. Department of
Energy's (DOE) Energy Efficiency and Renewable Energy
(EERE) office.5 MOFs have demonstrated promising results
for hydrogen storage under both ambient temperature and
cryogenic conditions.2,6–8 Under the operating conditions set
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Design, System, Application

Hydrogen is projected to play an important role in decarbonization efforts, but storing hydrogen is challenging due to its low volumetric density. In recent
years, molecular simulation has played an important role in screening nanoporous metal–organic frameworks (MOFs) for hydrogen storage, and
simulations have helped uncover how the storage performance depends on material “textural” properties such as the surface area, pore size, and void
fraction. MOFs can be tailored by the selection of their constituent metal nodes and organic linkers, which control the textural properties and surface
chemistry but also the topology or net of the framework. In this work, we investigated the effect of MOF topology on cryogenic hydrogen storage by
creating 105 230 MOF structures based on 529 nets on the computer and modeling their hydrogen uptake and release. We identified topological descriptors
that correlate with high hydrogen capacities and showed that nets with higher interconnectivity lead to some of the best performing MOFs with enhanced
volumetric and gravimetric surface areas at the optimal pore volume. The findings provide new directions for topology-based MOF design for storage of
hydrogen and other gases.
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by EERE for cryogenic hydrogen storage (filling at 77 K/100
bar and discharge at 160 K/5 bar), MOF-5 (ref. 9) exhibits the
highest volumetric deliverable capacity at 51.9 g L−1 to date
and a gravimetric deliverable capacity of 7.8 wt%.10 To
achieve the system-level goal of 50 g L−1 deliverable capacity,
further material-level enhancements are necessary to
compensate for losses in packing and to accommodate other
system components. However, it has proven challenging to
make further improvements in volumetric deliverable
capacity (VDC) as demonstrated by previous computational
studies.10–12 Ahmed and Siegel recently screened nearly a
million MOFs13 computationally and identified 95 materials
(∼0.01% of the MOFs screened) with VDC surpassing that of
MOF-5. One of the better-performing MOFs is a MOF-5
variant where the linker is functionalized with fluorine,
resulting in an approximately 5% enhancement over MOF-5.
Previous screening studies have provided guidelines on
optimal textural properties,4,11,12 such as pore volume and
surface area, which provide indirect design parameters in the
search for better performing MOFs.

MOFs can be designed by judiciously selecting organic
building blocks (linkers) and metal clusters based on a
targeted underlying periodic net (a crystal net),14,15 also
referred to as the topology of the MOF.16 While recent studies
have focused on several design pathways such as isoreticular
expansion17 and metal substitution, the role of topology has
been underexplored.18,19 Computational screening
studies20–26 have generally focused on a handful of topologies
and did not emphasize the effect of topology. Thus, its
relationship to the textural properties as well as gas storage
performance remains unclear. Colón and coworkers showed
that the relationship between volumetric and gravimetric
capacity varies among different topologies considered in the
ToBaCCo MOF database.27 Their ToBaCCo database
considers 41 different edge-transitive nets. Edge-transitive
nets, under the Principle of Minimal Transitivity,15,28 are
considered as the “default” nets and regarded as the most
easily targetable subset of topologies, although there are
exceptions. There are a number of non-edge-transitive nets
that serve as reliable, non-default topology platforms for
isoreticular expansion and MOF synthesis,28–30 with the qom
net (MOF-177 family)31–33 being the most studied example
without considering supermolecular building blocks.

Following previous studies,27,34,35 we reasoned that a deeper
understanding of the effect of topologies on the textural
properties and gas adsorption would aid in the design of MOFs
with improved hydrogen storage performance and in
addressing the observed tradeoff to date between volumetric
and gravimetric capacity.36 Currently, there are over 3000
3-periodic crystal nets in the Reticular Chemistry Structure
Resource (RCSR) database,37 but there are a very limited
number of edge-transitive nets given a particular set of
common MOF building blocks.29 For example, there is only
one type of edge-transitive net when combining a square node
and a hexagonal node, the 4,6-c she net. To include a
reasonable number of nets, we extend our investigation beyond

the edge-transitive nets and focus on non-derived nets (basic
nets)28 that are geometrically compatible with common organic
nodes and metal clusters,27 by including nets where all edges
connect the same kind of vertices. This approach allows us to
consider slightly over 500 nets from the RCSR database,37

resulting in 105230 predicted MOF structures.
To elucidate the relationship between topology and H2

storage capacity, we predict the hydrogen capacity landscape
of all 105 230 MOFs as outlined in Fig. 1b. To reduce
computational cost, we develop a machine learning model to
predict the deliverable capacity, achieving state-of-the-art
accuracy with a root mean square error of 1.2 g L−1. The
machine learning model reliably identifies the top
performing candidates as validated by subsequent grand
canonical Monte Carlo (GCMC) simulations. Furthermore, we
study one of the top structures in detail, which exhibits
higher simulated volumetric (+1.5%) and gravimetric
capacities (+47%) compared to MOF-5.

With this large dataset, we analyze the relationship
between the underlying topology and the volumetric
deliverable capacity, using multivariate analysis,
dimensionality reduction, and data visualization (Fig. 1c).
The connectivity and coordination of crystal nets are
described by a set of numerical features, such as the
coordination number of vertices, net density, td10, and
genus.37 We examine whether the current topological
descriptors are sufficient for correlating with the gas
adsorption performance of the resulting materials. Finally,
we also identify promising topology platforms that have been
less studied in the MOF literature and discuss the
mathematical nature of these nets.

2. Methodology
Building block selection and construction

We considered a total of 14 organic node building blocks, 12
metal cluster building blocks, and 61 edge building blocks as
the building block pool in this study. Details are provided in
ESI† section 1 including a list of the building blocks and their
abbreviated names (e.g. mc9 for metal cluster #9). We included
the most common linker fragments from the CoRE MOF 2019
database38 by decomposing the structures with the MOFid
algorithm.39 For metal cluster building blocks, we used the
building blocks from the ToBaCCo database,27 with an
additional beryllium metal cluster based on Be-MOF-5 that has
been reported experimentally.40 Note that due to the toxicity of
beryllium,41 we excluded the Be-MOFs from the top candidate
pool, but they were considered in all other data analysis.

To construct the organic node and edge building blocks,
an in-house code “linkergen” was used, which uses Open
Babel42 to convert the SMILES43 string into a 3d structure in
a format readable by the ToBaCCo algorithm.34 Specifically
we used the unique SMILES44,45 to handle isomerism. After
creating the building blocks, manual checks and edits were
performed to ensure that the geometry and chiral
configuration correctly matched the chemical diagrams.
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Generation of the topology files

Topologies and their corresponding information were taken
from the RCSR database as of February 2020 (ref. 37) in
Systre46 input data (.cgd) format. Only 3-periodic nets14 were
considered.

Selection of topologies

The edges and vertices of a periodic net are distinguished
by their symmetry,47,48 and nets with only one kind of edge
are referred as edge-transitive nets. Here, we consider the
equivalence of edges based on the connection of the same
pair of vertices and coin the concept of “chemical” kind of
edge in contrast to the usual symmetry equivalence for the
net inclusion. Only nets with one or two kinds of vertex can
meet this criterion. Among 2697 nets available in the RCSR
database as of February 2020, a total of 474 single-vertex
nets and 60 multi-vertex nets are compatible with the
building block pool. However, after structural checks,
relaxation with a classical force field, and cleaning, we
noticed that the assembled structures from 9 single-vertex
nets all had structural issues such as having unexpected
number of assigned bonds, and they were discarded,
resulting in only 469 of 474 single-vertex nets being

included in the final dataset, which is available on the
Zenodo repository.49 We also note that there are no MOFs
based on the metal cluster mc9 (10-c Zr node) and mc11
(24-c supermolecular building block from 12 Cu2-
paddlewheels); this is due to a limitation of the bonding
algorithm used.

Structural assembly

We used a slightly modified version of the ToBaCCo 3.0
algorithm34 based on its January 2020 version. During the
assembly, no structures were generated for the 10-c Zr node
(mc9) and a 24-c Cu-based supermolecular building block
(mc11) included in the building block pool. For the 10-c Zr
node, the algorithm encountered a runtime error related to
edge placement when assembling structures based on
compatible nets such as bct. For the 24-c node, the
algorithm could not find the correct orientation for the
metal node due to the high coordination. As discussed in
prior works,25,27 a key step in structural assembly is to
identify the orientation of the metal node by aligning the
vectors from its connection points (carbon atoms) to the
centroid of the connection points with the vectors formed
by the topological vertex-edge connections.

Fig. 1 Workflow of the study: (a) dataset construction, (b) hydrogen capacity prediction leveraging ML techniques based on energy grid
descriptors and validation of model performance of the top performing candidates, (c) data analysis probing into the effect of underlying topology
on structural properties and gas adsorption performance. Dashed lines suggest relationships that are understudied.
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Structural optimization

We optimized all structures by geometric relaxation using
LAMMPS50 with the classical UFF4MOF51 force field as
described by Anderson and coworkers34 with slight
modification of the optimization algorithm. Specifically, we
used conjugated gradient (CG) as the minimizer throughout
the minimization instead of using both the CG and FIRE
algorithms.52 We started overall relaxation by relaxing only
the atom positions, followed by a series of cycles, each
consisting of two minimizations: first, relaxation of atomic
positions and all cell parameters with a maximal fractional
volume change of 0.001 per iteration (vmax = 0.001), then, a
minimization of only atom positions in the fixed cell. We
considered the system to be converged when the relative
energy difference between these two steps was within 10−6.
For each minimization process (referred to as a “minimizer”
in LAMMPS53), both the energy tolerance and force
tolerance were 10−6, in relative unit for energy and (kcal
mol−1)/angstrom for force, and the maximum iteration was
set to 1 000 000. We removed the structures that contained
overlapping atoms after the geometry optimization and
prepared a total of 105 230 optimized structures for the
dataset, with 105 206 structures available with calculated
textural properties.

For benchmark and validation purposes, we optimized a
few selected top candidate structures using two different
methods: extended tight-binding (xTB)54 and density functional
theory (DFT). The geometric optimization with the xTB
methods (GFN1-xTB54 followed by GFN2-xTB55) was carried out
using the DFTB+ software56 with the rational function based
optimizer and a convergence threshold of 10−4 hartree per bohr
maximum absolute gradient in one geometry step. Density
functional theory (DFT) calculations were performed using the
Vienna Ab Initio Simulation Package (VASP) (version: 5.4.4)57

with spin-polarization considered. The initial spin states for all
atoms were determined by the program's default settings,
which assign an initial magnetic moment of 1.0 for each atom.
The projector augmented wave (PAW) pseudopotentials58 and
Perdew–Burke–Ernzerhof (PBE) exchange–correlation
functional59 were employed (version: 5.4, files dated: H:
“15Jun2001”, C: “08Apr2002”, O: “08Apr2002”, Cu:
“05Jan2001”, Cr: “06Sep2000”). A plane-wave energy cutoff of
500 eV was used, and convergence criteria for force and energy
were set to 0.01 eV Å−1 and 10−5 eV, respectively. A gamma-
centered k-point grid was applied for Brillouin zone sampling,
ensuring that the product of the cell parameter and the
number of k-points along each axis was approximately 30 Å.
van der Waals interactions were accounted for with the DFT-
D3(BJ) method.60,61 Structural optimizations (all the cell
parameters and the atom positions) were performed using the
conjugate gradient algorithm.62

Molecular simulation

We modeled the energy interactions in the same manner as
described by Liu et al.36 in the Monte Carlo simulations

and the energy grid calculations, both of which were
conducted using the RASPA2 code.63 Specifically, the
nonbonded interaction energies were modeled using a
Lennard-Jones (LJ) potential with Feynman–Hibbs effective
potential which accounts for quantum diffraction
effects64–66 plus a Coulomb potential.

(1)

We used the Universal Force Field67 for the LJ parameters for
framework atoms, and no partial charges were assigned to the
framework atoms. Previous works36,68 have showed that for
cryogenic H2 adsorption the host–guest electrostatic
interactions contribute minimally under the conditions
considered.36,69 We used the Darkrim–Levesque model70,71 for
H2 molecules, which is a three-site model with a LJ site on the
center of mass and charges of +0.468 on the H nuclei and
−0.936 on the center of mass. Lennard-Jones interactions were
truncated at a cutoff distance of 12.8 Å without tail corrections,
and all LJ cross terms were calculated by Lorentz–Berthelot
mixing rules. The Feynman-Hibbs correction was calculated
following the work of Johnson et al.72

We conducted grand canonical Monte Carlo (GCMC)
simulations to predict hydrogen uptake under two
operating conditions: 77 K/100 bar (filling state) and 160
K/5 bar (discharge state). MOF framework atoms were
assumed fixed at their crystallographic coordinates
throughout the simulations. We used 2500 initialization
cycles and 2500 production cycles which were shown to
be sufficient for convergence in prior work.11 In every
cycle, max(20,N) Monte Carlo moves were executed, where
N is the number of molecules in the system at the start
of the cycle. The Monte Carlo moves were randomly
selected from five categories with equal probability:
translation, rotation, insertion, deletion and reinsertion at
a new position.

Energy grid, energy histogram calculation and machine
learning parameter tuning

We trained LASSO and random forest models to predict
hydrogen deliverable capacity. We used energy histograms
as features, proposed by Bucior et al.,68 which are
histograms of the energy felt by a probe species at grid
points of a 3d unit cell. These “energy grids” are
calculated based on nonbonded interactions with a H2
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probe. Hyperparameters related to the energy histogram
features, namely, the bin width and range, were tuned using
the LASSO model as used by Bucior and coauthors. Based on
Table S5,† increasing the bin range from −10 kJ mol−1 to −12
kJ mol−1 reduced the model accuracy, whereas refining the
bin width increased the model accuracy. Therefore, we used

a bin range of −10 to 0 kJ mol−1 with a bin width of 0.5 kJ
mol−1 (right closed intervals), coupled with one bin for the
grid points with positive energy and one bin for the grid
points with energy below −10 kJ mol−1, which led to a total of
22 bins. The data preprocessing and hyperparameter tuning
for the LASSO and random forest models were performed

Fig. 2 Overview of the 105206 MOFs. Top six panels: histograms of topologies and building blocks in the dataset. The metal node and organic
node histograms are shown based on the node IDs (Tables S1 and S2†). Bottom six panels: textural property histograms of the dataset: the
distribution of unit cell volume, largest cavity diameter (LCD), pore limiting diameter (PLD), pore volume (nonporous MOFs excluded for log scale
plotting), volumetric surface area (VSA) and gravimetric surface area (GSA).
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using the ‘caret’ and ‘randomforest’ package in R. For
the random forest model, the default number of trees
(500) was used. The number of variables at each node
(‘mtry’) was tuned as a hyperparameter using cross
validation, which gives the optimal mtry value of 12. The
model performance results are shown in Table S8.†

Textural property calculation

The textural properties of all MOFs were calculated with
Zeo++.73 We used the UFF force field for interatomic
potential parameters. To measure pore accessibility, we
used a spherical N2 model with radius of 1.86 Å as the
probe.74 In prior work, it was shown that the equilibrium
distance should be used to estimate the surface area.75

Therefore, we used the repulsive wall distance (σ) for
measuring pore diameters and pore volume and the
equilibrium distance (21/6σ) for measuring the surface
area. Example scripts for textural property calculation can
be found on the Zenodo repository.49

3. Results
3.1. Generation and overview of the dataset

Using the method described above, we created a dataset of
105 230 MOF structures, named “NU-topoMOF-2025”. Fig. 2
provides a comprehensive overview of the structural diversity
within the dataset. Due to the bonding algorithm and
subsequent cleanup, the dataset contains MOFs resulting
from 469 of the 474 selected single-vertex nets, equivalent to
having ditopic linkers, and all 60 of the 60 selected multi-
vertex nets, equivalent to having multitopic linkers. We note
that there are roughly an equal number of MOFs from single-
vertex nets (ditopic linkers) and from multi-vertex nets
(multitopic linkers). These MOFs span a wide range of
topological diversity, measured by td10,37 from 188 (very low
topological neighbor counts) up to 6747 (very high
topological neighbor counts). A more detailed discussion on
td10 is provided in the ESI† section 3.

The 60 chosen edge building blocks have lengths from 0
to over 12 Å. The unit cell volume of the MOFs follows a log-

Fig. 3 The crystal structure of MOF f5_anaf_21: (a) parallel view, (b) perspective view, (c) perspective view of the ana-f net. Its unit cell volume of
9 141 330 Å3 renders it extremely costly for GCMC simulations.
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normal distribution, with the largest MOF, f5_anaf_21,
having unit cell lengths over 200 Å (Fig. 3), being more than
10 000 times larger than the smallest MOF. The tremendous
size of some of the MOFs is another reason to use a machine
learning model over molecular simulation to predict gas
adsorption. On the other hand, the dataset also contains 229
nonporous structures and hundreds of structures with low
surface areas (below 200 m2 g−1), and the pore volume ranged
from 0 cm3 g−1 to over 100 cm3 g−1. This gives us a wide
range of structural property space to determine the
structure–property relationships.

3.2. H2 storage performance based on machine learning
predictions

Our random forest (RF) model was trained on deliverable
capacity using a subset of 16 953 MOFs from the dataset
where hydrogen capacity was simulated using GCMC. We
reserved 20% as the test data with data stratification

based on deciles of VDC (Fig. 4a). Since RF is an
ensemble learning method,76 the learning performance
can be evaluated with an out-of-bag (OOB) estimate, where
predictions are made using only the trees that did not see
the specific data point, as illustrated in Fig. 4b. Our
learning curve (Fig. 4c) suggests that the RF model
performance converges with around 8000 training samples,
based on the testing set and OOB results. Our final model
reaches an excellent accuracy, with R2 of 0.97 and a root
mean square error (RMSE) of 1.2 g L−1 on the testing set
(Fig. 4d and S5†). The model reaches state-of-the-art
accuracy in H2 capacity predictions under cryogenic
conditions.13,68,77–79

We further tested the ML model on the top 10% of
candidates in terms of VDC by performing GCMC
simulations. Fig. 5a presents the model performance
based on 6753 MOFs predicted by the model to have a
VDC above 48 g L−1, where the model achieves an RMSE
of less than 1 g L−1. These MOFs are not seen by the

Fig. 4 Machine learning performance with random forest (RF) model. (a) Data preprocessing details. The subset is split 80/20 for training and
testing (hold out) with stratification based on simulated VDC, and subsequently the validation set was created for five-fold cross-validation of the
RF model. (b) Illustration of the prediction of RF model training as an average of all decision tree results. As training involves bootstrap sampling,
the model creates out-of-bag estimates using trees that do not see the specific training samples. (c) Learning curve with RMSE plotted as a
function of training set size. Blue: testing set; orange: OOB estimate; red: training set. (d) Parity plot for testing set samples with ML predicted
capacity plotted against GCMC simulated capacity. Color shows the counts of MOFs.
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model during the training process. Thus, the model can
not only distinguish high-performing from low-performing
MOFs, but it can also provide accurate estimates of the
deliverable capacity even for the top materials. Fig. 5b
shows the overall landscape of the dataset, where the
well-known trade-off between volumetric and gravimetric
deliverable capacities can be recognized. While 10% of
MOFs have predicted VDC greater than 48.28 g L−1, the
number of structures falls off very quickly beyond
(Fig. 5c). This is consistent with Siegel's work that MOFs
with VDC greater than 51.9 g L−1 under this condition are
very difficult to find.10,13

The experimentally measured capacity of MOF-5 (red
star in Fig. 5b) remains among the highest in the
predicted landscape. Based on our GCMC simulation
results, we identified 73 MOFs with a simulated VDC >

52 g L−1, which means that less than 0.1% of the
structures are predicted to have a VDC that exceeds MOF-

5's performance (51.9 g L−1). On the other hand, NU-1501-
Al, known for its good balance between volumetric and
gravimetric deliverable capacities,80 falls within a densely
populated region on the plot, indicated by the brightness
of the area, suggesting that there is still room for
enhancement to reach the Pareto front.

We further examined the 73 structures with VDC > 52 g
L−1. These MOFs come from 10 topologies (Table S10†)
including underlying nets reported in existing MOFs, those
identified in natural minerals, and purely theoretical nets.
We validated a few selected structures by relaxing them with
periodic DFT. For example, f1_tsx_103 has an energetically
stable structure that showed minimal structural changes
from the classically optimized structure upon DFT
optimization. The DFT-optimized structure maintained a
high simulated VDC of 52.68 g L−1. The composition of
f1_tsx_103 is interesting: the net tsx has been observed in
experimental MOFs as a polymorph net,81,82 and the Cr metal

Fig. 5 Top performing MOF structures based on ML predictions. (a) Parity plot of hydrogen deliverable capacity for 6753 selected MOFs from the
top 10%. (b) Overall deliverable capacity landscape of 105 230 MOFs from ML. The top 10% MOFs have deliverable capacity
>48.28 g L−1, shown as the dashed line. The experimental capacities for MOF-5 and NU-1501-Al are plotted with a red star and a red circle,
respectively. (c) Cumulative distribution showing the percentage of MOFs with predicted VDC greater than specific value. (d) One of the selected
top performing candidates, f1_tsx_103, after DFT optimization.
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cluster is also known. The organic linker has a twisted
geometry that is helpful in targeting non-default topologies.30

However, the synthesis of tsx-MOFs based on this cluster has
not be reported. We also note that Zn4O-based tsx MOFs are

Fig. 6 Distribution of properties of MOFs grouped by underlying topologies, (a) volumetric deliverable capacity (VDC), (b) pore volume (PV), (c)
gravimetric surface area (GSA), (d) volumetric surface area (VSA). The x axis is the rank based on the mean VDC of each MOF topology. Zero
denotes the topology with the highest mean VDC, and higher rank means lower mean VDC. The grey line represents the range of the property of
interest, dark blue represents the intermediate (25/75) quartile range (IQR), light blue denotes the median, and yellow denotes the mean value of
the respective property. (e) Two nets with high net density, whose resulting MOFs can attain high VDC: ssc and ilc. (f) Two nets with low net
density, whose resulting MOFs are extremely vacant and can attain high GDC as a result.
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predicted to have capacity up to 51.8 g L−1, which is on par
with the experimental VDC of MOF-5.10

As shown in Fig. S23,† the ranges of the textural properties
of the top 10% MOFs are in good agreement with previous
studies of top performing materials for hydrogen
storage.4,11,83 For example, the pore volume of the top
structures is between 1.0–2.0 cm3 g−1, the VSA is between
1500–2500 m2 cm−3 and centered around 2000 m2 cm−3, and
the GSA is between 4000–5000 m2 g−1.

Compared to the distribution of the overall dataset
(Fig. 2), we notice an increased relative frequency of MOFs
with metal node mc4, the octahedral Zn4O cluster, as in
MOF-5 (Fig. S23†). In contrast, there is a decreased
relative frequency of MOFs with metal node mc6, the
octahedral Zr6O4(OH)4 cluster. We also see twice as many
MOFs with multi-topic linkers (multi-vertex nets) as those
with ditopic linkers (single-vertex nets), which highlights
the advantage of having organic nodes for attaining ideal
porosity and surface areas. These observations will be
further discussed below based on the differences in their
compatible nets.

3.3. Impact of topology on porosity and predicted capacities

One of our primary goals was to understand how the
hydrogen capacity and porosity of MOFs correlate with the
underlying topology. In Fig. 6, MOFs are grouped by their
underlying nets as vertical lines, indicating the range,
interquartile range, median, and mean for various properties,
analogous to a boxplot. We discovered that different nets
exhibit different average and median VDC values (Fig. 6a).
While many of the nets have an upper range above 48 g L−1,

we identified only 10 nets that resulted in MOFs with
simulated VDC above 52 g L−1 (Table S10†), and 4 of them
come from synthesized MOFs.

We observed interesting clustering patterns in the low
average VDC region in Fig. 6a. Specifically, nets with low
average VDC form two distinct clusters with different structural
properties. The first cluster (outlined by the black rectangle in
Fig. 6a) consists of nets that show lower upper VDC and a
narrower spread in VDC. They also possess very high pore
volumes (PV) (Fig. 6b) and exhibit highly similar distributions
in gravimetric surface area (GSA) (Fig. 6c). These nets result in
MOFs with high void space and will be denoted as the “vacant
topologies” in this work (Fig. 6f). Further analysis in section 3.4
shows that a topological descriptor, net density, best captures
the trend. The net density is defined as ρ = N/V where N is the
number of circles or spheres with non-overlapping unit
diameter in a volume V.84

The second cluster (outlined by the green dashed
rectangles in Fig. 6) consists of nets with low average VDC
but which achieve a very high upper VDC. These “crowded”
nets (Fig. 6e) result in nonporous MOFs when assembled
with short edge building blocks but can reach optimal
porosity and high surface area when assembled with longer
edge building blocks. They have lower PV (Fig. 6b) and lower
GSA (Fig. 6c), compared to the vacant topologies. Notably, the
ssc net resulted in a hypothetical MOF with the highest VDC
in the dataset.

These observations suggest that some nets share similar
features and lead to MOFs occupying a similar structural
property space regarding porosity and surface areas. As
examples, we show two vacant hypothetical MOFs and their
underlying nets: srs-a and ana-f in Fig. 7. These two MOFs

Fig. 7 Example structures with “vacant” topologies, (a) srs-a and (b) dia-f. The corresponding MOF structures (c) and (d) reach 1017 mg g−1 and
1018 mg g−1 gravimetric deliverable capacity, respectively.
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(Table S9†) feature very high gravimetric deliverable
capacities (1017 mg g−1 and 1018 mg g−1). It may be possible
to describe this similarity by appropriate topological
descriptors. We also note that Fig. 6d shows that VSA is
capped around 3000 m2 cm−3 for the MOFs studied. There is
also an interesting pattern in the PV-LCD and PV-PLD scatter
plots, which indicates there are topological differences in
how pore volume increases as the pore diameters increase
(Fig. S24†).

3.4. Correlation between the net density and porosity

We conducted dimensionality reduction with the Uniform
Manifold Approximation and Projection (UMAP)85 algorithm
to explore whether the numerical topological features, such
as coordination number of vertices, net density, and td10
(Table S14†), could effectively distinguish nets or resulting
MOFs for interesting patterns. We first aggregated the MOFs
into groups based on their net and computed various
statistical measures for textural properties and storage
performance, such as mean, upper and lower VSA and VDC,
for each net. The UMAP analysis on the aggregated data
(Fig. S17 and S18†) showed that merely using the
topological descriptors, these net data points can be
separated into clusters with distinguishable patterns of gas
adsorption performance. On the other hand, if the analysis
is performed on the individual MOF data points, we see
many clusters of nets corresponding to groups of single-
vertex nets and multi-vertex nets. More discussion can be
found in ESI† section 10.

Based on these findings, we performed Spearman
correlation analysis (Fig. 8) to investigate the relationship
between the aggregate structural properties for the 529 nets.
The correlation coefficients suggest that net density and td10
are positively correlated with the highest VDC of the nets (i.e.
higher net density leads to higher upper VDC) and negatively
correlated with the lowest VDC of the nets, which is due to
the creation of nonporous MOFs. These correlations can be
seen in Fig. S26 and S27.†

The correlation between net density and VDC is further
illustrated in Fig. 9. MOFs with nets of different net
densities exhibit different performance trade-offs in the
bivariate plots of the VDC versus GDC (Fig. 9a) and VSA
versus GSA (Fig. 9b). Comparing Fig. 9a and b, we see
that there are qualitative similarities between the VDC/
GDC tradeoff and the VSA/GSA tradeoff. We observe that
the volcano pattern's peak location shifts to the upper
right as net density increases, with the exception of MOFs
with net density over 3, whose volcano peak (the trade-off)
is unclear based on the data. The optimal pore volume
that maximizes surface area also increases (Fig. S32†). Our
findings suggest that denser nets lead to MOFs with
higher GSA and GDC at the peak point, with less
compromise on volumetric performance compared to nets
with lower net density, provided that the pore volume
attains its optimal value for that specific net (larger for
denser nets).

Our observation that net density influences both
surface area and deliverable capacity is based on the
entire dataset. The topology inherently limits the organic

Fig. 8 Heatmap of Spearman correlation coefficients between aggregate structural and performance properties and topological descriptors. The
aggregated property variables include predicted VDC, VSA, and PV. Each cell represents the correlation coefficient between a pair of variables,
with color intensity indicating the strength and direction of the correlation. Color gradients are specified in the accompanying legend. Associated
p-values are listed in Table S16.†
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nodes and metal clusters that can be employed, which
serve as confounding variables due to their impact on
both the structural and the chemical properties of the
resulting structures. To further elucidate the effects of net
density on structural properties and deliverable capacities,
we analyzed the patterns within subgroups defined by
having the same net coordination (Fig. S43–S58†), metal
clusters (Fig. S59–S68†), or organic nodes (Fig. S69–S82†)
to control for variance attributable to these factors. We
observe that in general, the correlation between higher
net density and higher VSA and GSA, and subsequently
higher deliverable capacities, still holds in different
subgroups of MOFs. Not surprisingly, the choice of metal
clusters has a clear impact on the structural space (Fig.
S33†), as lighter metals can lead to higher gravimetric
properties like GSA independent of the topology choices.
This is also seen in Fig. 10. The metal clusters considered

herein include trimetallic metal clusters (mc12 –

beryllium, mc4 – zinc, mc5 – chromium) and a
hexanuclear zirconium cluster (mc6). The MOFs show
different GSA following the trend of metal mass as well
as the cluster size – the Be-based mc12 is lightest,
followed by Cr-based mc5 and Zn-based mc4. The size of
mc6 is larger than the trimetallic nodes and also results
in a reduction in the VSA. Its molar mass of 1193 g
mol−1 is twice of that of the trimetallic Zn node (560 g
mol−1) and around three times of that of the trimetallic
Be node (350 g mol−1).

Nets with the same coordination figures (the vertex
coordination and geometry) can form polymorphs from the
same building blocks.29,30 To explore whether net density
can serve as a criterion for selecting better topologies, we
investigated MOFs based on the pcu net and its polymorph
nets, bcs and crs.29 The net density of pcu is 1; the bcs net
has a net density of 1.23, and the crs has a net density of
0.707. Fig. 11 shows that bcs-MOFs exhibit higher surface
areas and higher deliverable capacities, in both volumetric
and gravimetric units, compared to pcu-MOFs and crs-
MOFs. The bcs net ranks among the top 10 nets we
identified and results in 3 MOFs in the dataset with
simulated VDC above 52 g L−1.

4. Discussion

The ultimate goal set by the U.S. DOE for on-board
hydrogen storage is to achieve 50 g L−1 system level
deliverable capacity for light-duty vehicles.86 Our results
suggest that it will be difficult to raise the material
performance much beyond the current benchmark of 51.9
g L−1 (on a material basis) under the currently suggested
cryogenic operating conditions. The current adsorbent-
based H2 storage tank designs consist of the vessel,
insulation, safety components and balance of plant in
addition to the adsorbent.87 These components occupy 30–
40% of the total system volume, and the full-system
volumetric capacity has been estimated to be
approximately 60% of that of the material system.87

Therefore, it is unlikely that a MOF-based material can
meet the ultimate VDC goals for on-board, light-duty
vehicle applications given the current tank design
requirements and operating conditions. It is, however,
possible to identify more materials with high volumetric
and gravimetric storage performance concurrently. Our
results exemplify two pathways: 1) using lighter and
smaller metal clusters, 2) constructing MOFs from denser
net platforms, where the MOFs with optimal VDC possess
higher pore volume and higher GDC compared to those
with the less dense nets. The strategy of targeting
topologies with higher net density is not exclusive to
hydrogen storage, as the resulting MOFs are shown to
have simultaneously enhanced VSA and GSA, which should
benefit other gas storage applications where physisorption
is prominent.

Fig. 9 Analysis of MOF data points colored by net density. (a) Scatter
plot comparing predicted VDC versus predicted GDC, color-coded into
four subgroups by net density: purple (0–1), blue (1–2), green (2–3), and
yellow (>3). The peak performance of each subgroup is indicated with
a color-matched arrow except for yellow (>3). (b) Scatter plot
comparing VSA versus GSA, with the same color scheme. Higher
density MOFs are plotted on the top. Fig. S28–S31† show the data
points of subgroups separately.
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Mathematical studies on the packing of spheres go back
several centuries84 and provide a foundation for
understanding the packing observed in more complex crystal
structures. The underlying representation of most crystal
structures, the periodic 3d graphs, were examined in early
work by Wells88 and O'Keeffe and Hyde89 and set the stage
for further research on the topological representation of
crystal structures aimed at understanding the mathematical
structure and identifying reliable descriptors for the
underlying periodic graphs.14,48,90 For example, td10 and net
density both describe the interconnectivity between vertices
in the net, but there are nuances (see ESI† sections 3 and 4
for detailed discussions).

Slack analyzed the relation between packing density
(described by the occupied fractional volume, ϕ) and the
coordination number η of sphere packing in three
dimensions and of circle packing in two dimensions.91 He
compiled a non-exhaustive list of the densest and least-
dense 3D sphere-packing nets per η. Slack highlighted that
the most-dense limit of ϕ depends on the definition of
the next-nearest-neighbor distance, D1, which serves as a
constraint for the construction of the densest nets. The
densest nets discussed therein were constructed by
stacking the densest 2D nets in the way that maximizes
the coordination between the vertical layers. There are two
implications: first, non-sphere-packing nets can reach a
higher net density because the next-nearest neighbors do
not have to be a certain distance away and can be
connected to the center vertex. While fcu is the densest
sphere-packing net with a coordination of 12 and a net

density of 1.414, ild, as a non-sphere-packing 12-c net
(Fig. S36†), attains a higher net density of 1.556, with also
a higher td10. The vertex of ild net (Fig. S37†) is
connected to neighbors in two different distances as
shown in Fig. S36.†

While much of the focus in MOF synthesis has been on
edge-transitive nets,29,90 our results suggest that non-sphere-
packing nets should be given additional consideration.
Metal clusters may not always be symmetrically
coordinated,30 which may result in forms of connectivity
deviating from the sphere-packing prerequisites outlined by
Slack.91 For instance, in the literature, ild-MOFs have been
synthesized with dodecanuclear Zn(II) carboxylate wheels.92

The 6-c hxg net (Fig. S41†) displays a net density of 1.414,
higher than the densest sphere-packing net of this
coordination (pcu, Fig. S39†). Using the MOFid39 algorithm,
we identified a MOF93 in the CoRE MOF database38

featuring an hxg topology when the Ag(I) dimers are
considered as metal clusters. Furthermore, both bcs and crs
are non-sphere-packing nets (Fig. S42†) and have been
discussed in reticular MOF design due to their edge-
transitive nature.29 The vertex of the bcs net is an
octahedron compressed to trigonal antiprism shape, which
can also be viewed as a regular hexahedron (cube) with two
missing connections (Fig. S42b†), and a bcs-MOF was
reported with the Zn4O metal cluster (mc4).94 These
examples underscore that non-sphere-packing nets with
high net density may be targetable by reticular synthesis. In
the nets discussed, hxg, bcs, and crs are edge-transitive,
whereas ild, qom,33 and tsx81 are non-edge-transitive.

Fig. 10 Surface areas of the MOFs with 6-c nets, colored by net density. The dashed contour lines encompass approximately 97% of the data for
MOFs with their respective metal clusters (Table S2†): dark blue: mc12, purple: mc4, red: mc5, orange: mc6. Marginal plots on the upper and right
borders show density curves for the MOF subgroups defined by the metal clusters.
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5. Conclusions

In this work, we developed a dataset of over 100 000 predicted
MOF structures based on more than 500 3-periodic nets. In
addition, we created a machine learning model that
accurately predicts H2 deliverable capacity with an RMSE of
around 1 g L−1 compared to Monte Carlo simulations and
used it to screen for the top-performing structures. We
identified a new MOF structure with both higher volumetric
and gravimetric deliverable capacities compared to MOF-5,
which is the current benchmark material. We also analyzed
the large dataset to shed light on how topology impacts the
structural properties and H2 adsorption performance. We
identified two key descriptors, net density and td10, which
correlate with the peak performance in the trade-off between
volumetric and gravimetric deliverable capacities (VDC vs.
GDC) as well as the related trade-off between volumetric and

gravimetric surface areas (VSA vs. GSA). By analyzing over
100 000 MOFs with various underlying nets, coordination of
vertices, and edge lengths, we found that nets with high net
density lead to MOFs with tighter spatial packing. When
combined with short edge lengths, these nets result in MOFs
with small pores unsuitable for gas storage. However, by
increasing the edge length and reaching optimal pore
volume, MOFs based on the nets with higher net density can
attain higher surface areas and achieve higher maximal
deliverable capacities. This finding suggests a possible
mechanism to break the current ceiling for volumetric
deliverable capacity seen in the current literature and to
improve the balanced performance between volumetric and
gravimetric deliverable capacities. By integrating concepts
from mathematics and materials science, we provide new
perspectives on the design of MOFs with optimal gas storage
capabilities.
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