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ABSTRACT: Tuning the structure of metal−organic frameworks
(MOFs) is a promising pathway toward the development of highperforming materials for methane storage. To aid such discoveries,
we introduce techniques for the machine-learned prediction of
methane isotherms in MOFs. We demonstrate that our predictors
surpass prior benchmarks. We use these models to search for novel
(from both a structural and chemical point of view), highperforming MOFs and test them using density functional theory
(DFT)-based structural relaxation and molecular simulation of
methane adsorption. These simulations reveal that our model
generalizes to chemistries not seen during training. One novel candidate, predicted to surpass the 2008 world record for volumetric
methane uptake in MOFs, is proposed. Our simulations also reveal that DFT relaxation has a systematic eﬀect on the uptake value.
Finally, we interpret the models to discover and present potential MOF−methane uptake structure−property relationships.

1. INTRODUCTION
Natural gas, typically containing 70−90% methane,1 is a fuel
source of interest to the transportation industry. To eﬃciently
store natural gas, a densiﬁcation process is needed. Porous
materials with superior adsorption-based methane storage
capability are of interest for this purpose.2 Metal−organic
frameworks (MOFs) are one such class of porous materials that
have attracted attention due to their high surface area,3 stability,4
ease of synthesis, chemical tunability,5 and eﬃcacy in adsorption
and separation of gases.6−8
A MOF consists of a periodic arrangement of constituent
building blocks, namely, metal clusters and coordinated organic
linkers. Given the diﬀerent choices one may make for the metal
and the organic linkers, the chemical compound space spanned
by MOFs is staggeringly large. Searching this space for cases that
meet application-speciﬁc targets is therefore non-trivial. The
scientiﬁc community has explored this space using both
experimental and physics-based simulation approaches for a
variety of end-use applications such as natural gas fuel tanks9 and
fuel cells.10 Large data sets from these eﬀorts have been archived
by several groups.9,11−16
Surrogate machine learning (ML) models trained on these
data sets may be used to accelerate search of the MOF chemical
space.17 These models make predictions orders of magnitude
faster than the parent experimental or physics-based simulation
approaches used to train the models. Materials design aided by
such surrogate models has indeed impacted many domains,18,19
including MOF development.20−34 A few recent works have led
to versatile models for the prediction of gas uptake. For instance,
Gharagheizi et al. and Anderson et al. trained models capable of
predicting adsorption isotherms of multiple species;31,33
© 2021 American Chemical Society

Fanourgakis et al. have demonstrated a capability to predict
methane uptake for multiple classes of nanoporous materials,32
while Anderson et al. developed a model for the prediction of
hydrogen uptake at any temperature and pressure.25 General
challenges remain in any such surrogate model development
eﬀort, including modest prediction accuracy,26,32,33 inability to
generate predictions outside the chemical space of the training
set,29,31,32 and model interpretability.31−33
In this contribution, we address the above concerns by
training and interpreting three ML models which predict
methane uptake in MOFs. The development of our methane
uptake models involved several critical ingredients captured in
Figure 1a: training data, ﬁngerprinting, and deep learning. Our
training data was created by curating a large library of 137,953
hypothetical MOFs (hMOFs) developed by Wilmer et al.16 into
a set of chemically valid structures. The Wilmer et al. data set was
created using grand canonical Monte Carlo (GCMC)
simulations of hMOF structures to determine their gravimetric
and volumetric methane isotherms. The hMOF structures
themselves were entirely made from the 11 elements shown in
Figure 1b. The second vital ingredient of our predictive model
building process is a MOF ﬁngerprinting scheme that allowed us
to make predictions for MOFs beyond the speciﬁc chemistries
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Figure 1. (a) Flowchart describing our computational workﬂow: start with hMOFs, down-select to remove chemically invalid structures, ﬁngerprint,
and map to methane uptake via deep, feed-forward neural networks; (b) symbols of elements which make up hMOF data; (c) hierarchical depiction of
our ﬁngerprint which contains geometric information, describes chemistry, captures the degree of interpenetration, and accounts for operating
pressure.

selected hMOFs and nMOFs. We found that sizable atomic
displacements do occur in some cases, which consequently
aﬀected the ultimate gas uptake GCMC simulation results. This
indicates that future gas adsorption simulations by the
community must take factors associated with geometric
optimization of MOF structures into account. Despite the
caveats above, our ML protocol may still point in the direction of
high-performing MOF structures and chemistries in terms of
high predicted methane uptake behavior and in terms of design
rules derived from the models themselves. Furthermore, as new
uptake data (for methane or other gases)especially that also
involve DFT geometry optimizationsbecome available, the
presented models can be re-trained to match the ﬁdelity of the
training set data.

(i.e., atom types) contained in the training data set. The
ﬁngerprinting process helped convert each MOF to a numerical,
machine-readable form. In the present case, the metal and linker
parts as well as other higher-order details were encoded in our
ﬁngerprints in a comprehensive manner, as schematically shown
in Figure 1c. This ensures that, in principle, our approach can be
reliably extended to MOFs of arbitrary composition. Finally, the
ﬁngerprints were mapped to methane uptake by a feed-forward
neural network.
Three such neural networks were trainedone which
predicts gravimetric methane uptake at 35 bar and two models
which predict the entire volumetric methane uptake isotherm
but with varying levels of cost and accuracy. Our predictive
models are available for community use and may be accessed
from https://khazana.gatech.edu. We ﬁnd that accurate
predictions of isotherms in hMOFs can be obtained without
knowledge of the unit cell structural details. Moreover, our
trained models mined rules for maximizing methane uptake
directly from the training data itself. Several of these rules have
been reported previously.16,28,29,35−37
We further tested the generalization of one model by
predicting the methane uptake of 100,000 novel, hypothetical,
MOFs (nMOFs) and compared these predictions against fresh
GCMC simulations of methane uptake. The nMOFs were
created by substituting the metal clusters of hMOFs with a
chemically diverse set of paddle-wheel metal clusters. Given that
the original database of hMOFs used as training data in this
study (i.e., our “ground truth” data) did not involve optimization
of the MOF geometry using density functional theory (DFT)based simulations (a practice that appears to be common in the
MOF community16,26,29), we chose to adopt a similar protocol
to create GCMC validation data for our nMOFs. Under this
assumption, we found good agreement between our model and
GCMC simulation even for “extreme” nMOF chemistries
(containing elements in the metal cluster outside of the 11
used to construct hMOFs). This suggests that, in practice, our
ML models may generalize reasonably well to arbitrary
chemistries.
A lingering question (whose answer is largely outside the
scope of this study) that still remains is whether accurate
optimization of the MOF geometry is necessary prior to the
GCMC simulations of gas uptake. To partially address this
point, we performed geometry optimizations using DFT for

2. METHODS
2.1. Data Set. A major pre-requisite for training an ML model is
data. In this work, we use a data set created by Wilmer et al. In this data
set, the hMOF structures were generated without relaxation by
connecting building blocks from existing MOFs. Obtained GCMC
results consist of methane uptake at up to 6 pressures (all computed
using GCMC simulations) and up to 6 geometric features (see the
Supporting Information, Section S1, for a list of geometric features)
computed for each of 137,953 hMOFs. We down-selected from this
parent set using the following criteria: (1) select only MOFs for which
each geometric feature was computed by Wilmer et al. and (2) select
only MOFs for which each of its constituent atoms has valid valence (as
determined by our Linker SMILES Extractor (LSE), discussed in
Section 2.3). These criteria yielded a set of 126,384 MOFs with
associated methane loading and complete geometric data. Using this
down-selected data set, henceforth referred to as the “curated hMOF”
data set, we created three distinct classes of ML models (as discussed in
Section 2.4).
2.2. Fingerprinting. The maps learned by ML models require an
input space that is machine-readable. Therefore, each [MOF, pressure]
pair in the curated hMOF set was converted into a numerical vector,
referred to as a “ﬁngerprint”. The components of the ﬁngerprint used in
this work are presented in Figure 1c and fall under three categories:
state properties, physical properties, and chemical properties. One
component of our ﬁngerprint was pressure, a state property. The six
computed geometric features present in the curated hMOF data set,
fpgeo, and the degree of interpenetration (converted to a one-hot vector,
fpip) make up the relevant physical properties. We represented all
chemical information pertaining to a MOF by fpchem, which is a
concatenation of two numerical vectors: fpmetal and fplinker. To encode
features into fpmetal, we used the following set of atomic properties to
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Figure 2. Workﬂow detailing LSE. First, the unit cell described in the input MOF’s structure ﬁle is converted into a connected graph. Second, the graph
is disconnected by deleting metallic atoms and their bonds. Third, the connected components of the graph are converted into molecules. Finally, each
molecule is mapped to its corresponding SMILES string.
components of our ﬁngerprint, namely, geometric (fpgeo), chemical
(fpchem), degree of interpenetration (fpip), and pressure (p). Similarly,
the third model predicts volumetric methane uptake at any pressure but
does not require fpgeo. These models are referred to below as the
geometric model (GM) and the non-GM (NGM), respectively,
because the former requires geometric information, while the latter
does not. Each model contains a set of ﬂexible parameters that were
trained using neural networks. The three models can therefore be
mathematically deﬁned as follows:

represent the metal cluster: ionization potential, Pauling electronegativity, computed atomic radius, coordination number, and electron
aﬃnity. Each component of fpmetal is deﬁned as
N

fpmetal, i =

∑ j =E1 Np
j ij
N

∑ j =E1 Nj

(1)

th

where pij is the i property corresponding to atom type j, fpmetal,i is the ith
dimension of fpmetal, NE is the number of atom types in the cluster, and
Nj is the number of atoms of type j present in the cluster. The
ﬁngerprinting scheme, used earlier to represent organic polymers with
our polymer genome (PG) framework (as described elsewhere38), was
used to encode the organic linker features in fplinker. Since a given MOF
can have more than one type of organic linker, an average of the linker
ﬁngerprint was used, deﬁned as
fplinker =

N
∑i =l 1 fplinker, i

Nl

ug = GUM(fpgeo , fpip , fpchem ; θ1)

(3)

u v = GM(fpgeo , fpip , fpchem , p ; θ2)

(4)

u v = NGM(fpip, fpchem , p ; θ3)

(5)

where ug is the predicted gravimetric uptake, uv is the predicted
volumetric methane uptake, θi are the ﬂexible parameters, and each fpx
is a distinct component of our MOF ﬁngerprint. To train GUM, we
randomly split the hMOF data ﬁve times into train, validation, and test
sets. 30% of the data were allocated to the test set with the remaining
data to be split among the training and validation sets (the fraction of
these data to be contained in the validation set, s, is a hyperparameter).
These ﬁve splits are used to train ﬁve models, GUM-i (i is an integer
from 1 to 5). We adopted such a training strategy to facilitate
comparison of our results with Wu et al.29 To train GMs and NGMs, we
adopted the more conventional method of k-fold cross-validation (CV).
We chose k to be 10 based on the ﬁndings of Breiman and Spector.41
Before performing 10-fold CV, we performed hyperparameter
optimization, the details of which can be found in the Supporting
Information, Section S4.
2.5. Model Interpretation. In this work, we use Shapley Additive
Explanations (SHAP),42 a game-theoretic approach to model
interpretation, to compare and interpret the predictions of our models.
SHAP treats the features input to an ML model as players and the
model itself as a game in which the reward is maximized by maximizing
the target propertyvolumetric methane uptake in our case. The raw
outputs of SHAP are importance values to a given model, known as
“Shapley values”, of each feature of each data point. Computing the
absolute Shapley values, averaged over each data point, yields the mean
importance of each feature to the model. SHAP is further useful because
it can approximate Shapley values for any model, deep learning or
otherwise. Thus, the importance of features of all models which precede
or succeed ours can be directly compared with the results presented in
this contribution.
2.6. Methane Adsorption Simulations. The methane uptake of
novel, hypothetical, MOFs (nMOFs) containing elements not included
in the curated hMOF set were predicted using NGM. To test these
predictions in silico, GCMC simulations of single-component
adsorption were performed on the nMOFs using the same method as
in the original work of Wilmer et al. on hMOFs. van der Waals
interactions for the MOF framework were described by the Universal
Force Field,43 while the van der Waals interaction for adsorbates was
described by the TrAPPE force ﬁeld.44 Lorentz−Berthelot mixing rules
were used to deﬁne adsorbate−MOF interactions. Lennard−Jones

(2)

where fplinker,i is the PG ﬁngerprint of the ith linker and Nl is the number
of connected components extracted from the MOF structure ﬁle. Given
a valid SMILES string, PG generates a hierarchical ﬁngerprint for the
corresponding material spanning the atomic scale to the molecular
scale. As a ﬁnal ﬁngerprint component, we considered the number of
atoms present in each of a MOF’s constituent linkers, fpsize. The
elements of fpsize are sorted in descending order for each MOF. Our
total ﬁngerprint (fpgeo, fpip, fpchem, fpsize, p) contains 440 dimensions.
2.3. Linker SMILES Extraction. Due to the inclusion of fplinker, our
ﬁngerprinting strategy is extendable to those reticular structures
containing linkers that have a suitable SMILES string representation. In
this study, manual generation of linker SMILES strings was infeasible as
the number of unique linkers present in the data is ∼105. Thus, we
developed the LSE, a scalable program for extracting the SMILES string
of each linker present in a given MOF. LSE was implemented using two
open source packages, Pymatgen39 and OpenBabel.40
As shown in Figure 2 for a representative example, LSE works in four
steps. In the ﬁrst step, a MOF’s unit cell is converted into a connected
graph (with atoms as vertices and chemical bonds as edges). In the
second step, vertices corresponding to metallic atoms are removed from
the graph, yielding a disconnected graph with a set of connected
components. Each component (containing a large enough number of
vertices) is considered as the graph representation of one individual
linker in the MOF. In the third step, each connected component is
converted into a molecule ﬁle. Finally, in the last step, each molecule ﬁle
is converted to a SMILES string. If any molecule (i.e., linker) is
chemically invalid, the MOF is discarded (see the Supporting
Information, Section S2, for more details). LSE (as written at the
time of publication) is compatible with .cif structure ﬁles and strictly
requires both at least one metallic atom in the cluster unit and only
organic atoms in the linkers.
2.4. Machine Learning. We used the approach illustrated in Figure
1 to train three distinct ML models for prediction of methane loading at
298 K. One model, denoted as the gravimetric uptake Model (GUM),
makes predictions for gravimetric methane uptake at 35 bar. A second
model predicts volumetric methane uptake at any pressure using all
3545
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interactions were truncated at 12.0 Å with tail corrections. Simulation
volumes were expanded to at least 24.0 Å along each dimension, and
triclinic periodic boundary conditions were imposed. 105 Monte Carlo
cycles were used to ensure satisfactory convergence of results. All
simulations were carried out using RASPA.45
2.7. Density Functional Theory. The eﬀect of relaxation on MOF
methane uptake is not well understood. As a step in this direction, we
compared the GCMC-simulated methane uptake of both DFT-relaxed
and unrelaxed MOFs. Comparisons of DFT-optimized MOF structures
with experimentally derived test sets have shown that DFT makes
accurate predictions for these materials.46 Based on our DFT results, we
can glean a better understanding of the eﬀect of relaxation and, together
with our ML results, we can give meaningful guidance for experimental
syntheses. MOF structure relaxations were calculated using spatially
periodic DFT in the Vienna ab initio simulation package,47 along with a
plane-wave basis set and projected-augmented wave48 pseudopotentials. All calculations used the Perdew, Burke, and Ernzerhof49
generalized gradient approximation (GGA) exchange−correlation
functional with D3 dispersion corrections (PBE-D3).50 We simultaneously optimized both the lattice parameters and atomic positions
using a plane-wave cutoﬀ energy of 600 eV and Γ-point sampling for
Brillouin zone integration. Using a quasi-Newton method, we relaxed
geometries until the force on each atom was smaller than 0.05 eV/Å.
DFT calculations based on the local density approximation and GGA
often fail to describe energetics and geometries around transition
metals, which can be corrected by adding a Hubbard-like term.51 DFT +
U was used to describe the strong on-site Coulomb interaction of
localized electrons. The strength of the on-site interactions was
described by on-site Coulomb parameters U and on-site exchange
parameter J. For open-shell 3d or 4d transition metals, we used
Hubbard U corrections for the localized d electrons with U values for
Cr, Mo, Mn, Ru, and Ni of 3.5, 4.38, 4.0, 4.5, and 6.4 eV, respectively. J
values were set to 0 for all elements.52,53 Based on previous research,
local antiferromagnetic ordering was imposed for each metal dimer and
a high-spin electronic state was used for each metal cluster.54

unseen MOFs is shown in Figure 3. Perfect predictions would
exhibit an R2 of 1 and an RMSE of 0.

Figure 3. Computed gravimetric methane uptake vs predicted
gravimetric methane uptake for 37,911 unseen MOFs predicted by
the best case model. Perfect predictions fall on top of the black, dashed
parity line. The density of points is shown in color to convey the ratio of
predictions which fall near to and far from the parity line. Inset: this
information is also presented as a histogram with absolute error (|ε|) on
the x-axis and the corresponding number of MOFs (in the log scale) on
the y-axis. R2 and RMSE values for the unseen MOFs are shown in the
bottom right.

Looking at Table 1, both our average and best models
outperform Wu et al. We emphasize that this improvement
comes with the additional beneﬁt of circumventing the Henry
constant computations that were used by Wu et al. We attribute
the elevated performance and eﬃciency of our model to two
major factors. The ﬁrst is our inclusion of rich linker-related
features which are easily computed from the SMILES strings of
linkers. This underscores the importance of LSE, which oﬀers
rapid access to SMILES strings of MOF linkers at a scale not
feasible manually. The second factor is that LSE was used to
discard chemically invalid hMOFs (see the Supporting
Information, Section S2). The invalidity of these MOFs
indicates that their corresponding loading data contain
irrelevant information and spurious correlations which, if
learned by the model, undermine downstream predictive tasks.
3.2. Modeling Volumetric Methane Uptake Isotherms.
We now turn to a diﬀerent learning problempredicting
volumetric methane isotherms. To address this problem, we reused our computational pipeline to build two models (GM and
NGM). Below, we compare GM and NGM against the models
proposed by Fanourgakis et al.32 as their work exhibited the
lowest published RMSE to date. Notably, as in our GM,
Fanourgakis et al. also use the geometric information of each
hMOF as part of their ﬁngerprint.
3.2.1. Geometric Models. We performed 10-fold CV to train
10 GMs, which we refer to as GM-j, where j indicates the fold
number. The test set predictions made by each GM-j are plotted
together in Figure 4a. The performance metrics of the best GM
(GM-4), the average of all GMs, and the average performance of
the models produced by Fanourgakis et al. are all shown in Table
2. The performance metrics considered are test set RMSE, test
set R2, and test set average maximum 10 percent error
(AM10PE). Perfect predictions would exhibit an AM10PE of 0.

3. RESULTS AND DISCUSSION
The results and discussion are organized as follows: ﬁrst, we
benchmark, in order, the performance of GUM, GM, and NGM
with respect to prior works. Next, both GM and NGM are
interpreted. Finally, we test NGM’s predictions via simulation.
3.1. Modeling Gravimetric Methane Uptake. Previous
work has been done on the prediction of gravimetric methane
uptake in hMOFs. Of these works, we compared GUM against
the model proposed by Wu et al.29 as it exhibited the lowest
published root-mean-squared error (RMSE). Wu et al. show
that including Henry coeﬃcients in the MOF ﬁngerprint greatly
improves prediction of methane uptake in hMOFs. However,
this improvement comes at a cost. Henry coeﬃcient
computations are themselves both manually and computationally expensive and therefore do not signiﬁcantly reduce the
amount of time involved in predicting methane uptake.
The performance metrics, with respect to test (i.e., unseen)
data, of our models compared with Wu et al. are shown in Table
1. The performance metrics considered are test set RMSE and
test set coeﬃcient of determination (R2). In addition, the parity
plot of the best case model’s predictions on its test set of 37,911
Table 1. Performance Metrics of Gravimetric ML Models
averagea

best
model

RMSE (cm3/g)

R2

RMSE (cm3/g)

R2

GUM
Wu

9.05
9.40

0.992
0.991

9.26
N/A

0.992
N/A

Article

Statistics shown are computed over ﬁve models.

a
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Figure 4. (a) Computed volumetric methane uptake vs predicted volumetric methane uptake for each of 533,430 measurements in the curated hMOF
data set. Perfect predictions fall on top of the black, dashed parity line. The density of points is shown in color to convey the ratio of predictions which
fall near to and far from the parity line. Inset: this information is also presented as a histogram with absolute error (|ε|) on the x-axis and the
corresponding number of MOFs (in the log scale) on the y-axis. R2 and RMSE are shown in the bottom right. (b−f) NGM-5 and GM-5 predicted
isotherms (light-blue and dark-blue curves, respectively) vs GCMC data (white squares) for ﬁve randomly selected MOFs from the test set shared by
both models. The metal cluster contained in each MOF is noted in the title of its corresponding plot. Each structure is noted in the Supporting
Information, Section S5.

Table 2. Performance Metrics of Volumetric ML Models
weighted averagea

bestb

model

RMSEc

R2

AM10PE

RMSEc

R2

AM10PE

Fanourgakis
GM
NGM

8.90
7.83
18.64

0.908
0.992
0.955

N/A
18.74
46.26

N/A
7.01
17.22

N/A
0.994
0.962

N/A
16.70
42.75

Statistics shown are computed over 10 models. b“Best” models are GM-4 and NGM-5. cGiven in units of volSTP vol−1.

a

methane uptake in this case) grows. Furthermore, GM (and
NGM) is able to predict methane uptake at any pressure, while
the models proposed by Fanourgakis et al. are restricted to
predicting uptake at four discrete pressures.
3.2.2. Non-Geometric Models. 10-fold CV was also
performed to train 10 NGMs which we refer to as NGM-j.
The test sets used to train NGM-j matched those used to train
GM-j (e.g., GM-1 and NGM-1 are both trained on one subset,

As illustrated in Table 2 and Figure 4a, with the exception of a
few cases, GMs are able to predict volumetric methane uptakes
with high accuracy. GMs surpass Fanourgakis et al. in RMSE by
22% in the best case. We emphasize that this improvement in
RMSE came despite our inclusion of high-pressure volumetric
methane uptake data points not modeled by Fanourgakis et al.
Inclusion of these data points skews unbounded metrics, such as
RMSE, that grow as the scale of the target variable (volumetric
3547
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Figure 5. Feature importance, as ranked by SHAP, for (a) NGM-4 and (b) GM-5. Each panel plots the 20 most important features of its respective
model. The feature’s name is shown on the y-axis, and its corresponding importance is shown on the x-axis. See the Supporting Information, Section S6,
for a description of the features.

GM-2 and NGM-2 are both trained on another subset, and so
forth).
The average performance metrics of the NGMs are shown in
Table 2, along with the performance metrics of the most
accurate NGM, NGM-5. Interestingly, the average NGM
outperforms Fanourgakis et al. in terms of R2 even though the
NGM does not require the geometric information required by
both Fanourgakis et al. and GMs. Although NGMs are an
improvement over Fanourgakis et al., they are less accurate than
GMs. This decrease in performance is expected, considering the
fact that NGMs do not use the rich structural information
contained in fpgeo. This reduces accuracy in some cases. For
example, NGMs cannot distinguish between structural polymorphs, while GMs can (so long as each polymorph exhibits a
distinct fpgeo). However, this advantage of GMs comes at a cost.
First, GMs require the computation of fpgeo. Second, even before
these computations, a steeper cost arisesthe construction of
the MOF’s unit cell (which, if relaxed, may take a few days using
DFT or several hours using molecular dynamics). NGMs
circumvent these constraints while producing predictions with a
reasonable level of accuracy.
As an additional comparison between GMs and NGMs, ﬁve
MOFseach containing a diﬀerent metal clusterwere
randomly selected from the ﬁfth test set (i.e., the test set used
to train both GM-5 and NGM-5). For each MOF (see the
Supporting Information, Section S5, for the corresponding
structures), the isotherms predicted by NGM-5 and GM-5 are
plotted in Figure 4b−f against its volumetric methane data from
the GCMC simulations of Wilmer et al. These cases corroborate
the fact that while GMs provide superior predictive accuracy,
NGMs perform competitively at a fraction of the cost.
3.3. Model Interpretations. We employed neural networks
due to a favorable balance between scaling to the large number
of structures in the curated hMOF data set and predictive
accuracy. However, the hundreds of thousands of trainable
parameters present in our neural networks make such models
diﬃcult to interpret directly. Model interpretability techniques
attempt to address this issue by determining what feature(s) a
given ML model weighs most heavily when making predictions.
We employed SHAP in this work to explore this issue.

Out of more than 400 features, Figure 5 ranks the 20 most
important features (excluding pressure) to NGM-5 and GM4our best NGM and GM, respectivelyas deduced by
SHAP. Some observations stand out when comparing the two
rankings. First, void fraction, volumetric surface area, and
density are the most important features to GM-4. It is not
surprising that these features are important; similar conclusions
have emerged from multiple high-throughput studies of
adsorption of MOFs and other materials.28,29,55 Second, both
maximum and dominant pore diameters are highly important
features to GM-4. Similarly, previous studies report optimum
pore diameters of 4 and 8 Å (the diameter required to ﬁt one and
two methane molecules, respectively) for methane uptake.16,35,36 Third, the feature importance distribution of
NGM-5 is much broader than that of GM-4. This is consistent
with the previous two observations. NGM-5 does not have the
beneﬁt of powerful geometric features and is thus forced to
squeeze out information from a larger number of comparatively
weak features to make an accurate prediction. Fourth, Cat-1, a
binary feature related to whether or not a MOF is interpenetrated, is the 13th most important feature in GM-4 but is the
most important feature in NGM-5. This suggests that much of
the information present in the geometric features is also
contained in Cat-1. Intuitively, this makes sense; an interpenetrated MOF tends to, for example, exhibit a higher density
than its non-interpenetrated counterpart. Fifth, C3_c3_c3,
which indicates the occurrence frequency of three concatenated
3-fold carbon atoms in the linker, is a consistently important
feature. Indeed, previous work has shown carbon atomic
number density to be an important factor for methane uptake
in MOFs.29 Sixth, linker sizes (i.e., Size_i, the ith element of fpsize,
in Figure 5) are consistently ranked as important features to
both GM and NGM. Similarly, previous work found that most
MOFs with short linkers avoid network interpenetration,37 a
property which generally increases a MOF’s uptake.
Given SHAP’s ability to identify several established and
intuitive structure−property relationships (SPRs) from our ML
models, it would not be surprising if a few or many of the
remaining important features shown in Figure 5 constitute yetto-be discovered SPRs. For example, the presence of valence as a
consistently important feature indicates that metal clusters of a
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Figure 6. (a) 429 nMOFs predicted to be high-performing. GCMC-simulated volumetric methane uptake at 35 bar of both the 100th best and best
paddle-wheel hMOFs shown as vertical lines along with predicted volumetric methane uptake at 35 bar of the best nMOF. (b) NGM predictions of the
best nMOFs (red stars), random nMOFs (blue stars), and GM predictions of hMOFs (uptake at 35 bar shown in dark gray; uptake at other pressures
shown in light gray). Average GCMC-simulated methane uptake of the best and random nMOFs shown by red and blue lines, respectively.

speciﬁc coordination number may tend to maximize methane
uptake. In addition, both Br1_c3_c3 and C3_c3_f1 (aX_bY_cZ: a, b, and c are contiguous heavy atoms, X is the number
of atoms bonded to a, Y is the number of atoms bonded to b, and
Z is the number of atoms bonded to c) are important features to
GM. This suggests that incorporation of electronegative
functionalities (e.g., Br−R and F−R) in linkers can signiﬁcantly
impact methane uptake. We present these possible relationships
with hopes that they may be investigated and, if corroborated,
used to design high-performing materials.
3.4. Using NGM to Design Paddle-Wheel MOFs. The
primary advantage of NGMs over GMs is the ability to make
accurate predictions without costly computations. This provides
a pathway to use NGMs for the ultrafast screening of MOF
candidates. We illustrate this capability by maximizing the
volumetric methane uptake at 35 bar in paddle-wheel MOFs
(i.e., MOFs for which the metal cluster is composed of two metal
atoms and coordinated to four oxygen atoms plus two nitrogen
atoms).
Using paddle-wheel hMOFs and a set of paddle-wheel
metals56 (a complete list in the Supporting Information, Section
S7), we generated ﬁngerprints for 100,000 novel candidate
MOFs, which we call nMOFs. We then used NGM-5 to predict
volumetric methane uptake at 35 bar for each nMOF. It is worth
emphasizing that with the NGM approach, a full structure
prediction for each nMOF is not required, so these predictions
could be made very rapidly. We deﬁne a “high-performing”
MOF as one whose volumetric methane uptake at 35 bar is
larger than 238 volSTP vol−1. As shown in Figure 6a, 429 nMOFs
(0.429% of the total) were predicted to be high-performing.
We conducted further studies on 21 of the highest-performing
(with respect to NGM-5-predicted uptake) nMOFs and 30
randomly chosen nMOFs, making sure to include several
nMOFs with synthesis-friendly metal clusters, namely, Mg or Al.
For each of these nMOFs, we performed GCMC simulations of
methane uptake at 35 bar on an unrelaxed atomic conﬁguration
(see the Supporting Information, Section S7, for details on
generation of unrelaxed structures). This is appropriate because
our present model was trained from the data of Wilmer et al.
which include only MOF structures that were not subjected to

DFT geometry optimizations. As shown in Figure 6b, we found
good agreement between NGM and GCMC results.
A few observations from Figure 6b deserve mention. First, it is
clear that those nMOFs which NGM predict to be highperforming are, in general, clustered tightly at appreciably high
uptake values compared to random nMOFs which exhibit a
wider distribution centered around a comparatively low uptake
value. Second, the best nMOFs tend to have large uptake values
compared to the hMOFs. Third, not only do the nMOFs
compare favorably with hMOFs but also they compare favorably
with synthesized MOFs. In fact, 13 nMOFs display a GCMCsimulated uptake that would surpass the 2008 world-record
synthetic MOF16,57 (to our knowledge, this record has not since
been surpassed). We also ﬁnd that prediction errors in nMOFs
are comparable to those of the hMOFs with the exception of a
few aberrant cases (see the Supporting Information, Section S8).
For these cases, when predictions were made using the GM, the
error in the predictions relative to the GCMC simulation results
decreased signiﬁcantly (see the Supporting Information, Section
S9). In other words, for these aberrant cases, the geometric
information is particularly important for accurate methane
uptake prediction.
We noted that the predictions in Figure 6 were made on
unrelaxed MOF structures to be consistent with the underlying
Wilmer et al. data used to train all our models. To understand
the impact of geometry optimization on methane uptake in
general, we performed DFT relaxation on the unrelaxed atomic
conﬁguration of each nMOF and hMOF and simulated methane
uptake on these new structures. These GCMC calculations
showed poor agreement with the simulations on unrelaxed
structures (see the Supporting Information, Tables S1 and S2)
and therefore also showed poor agreement with NGM. Of the 13
unrelaxed nMOFs with GCMC-simulated methane uptake
surpassing the world record, one structure retains world-record
methane loading after DFT relaxation. This nMOF is made of a
Mg metal cluster and does not contain interpenetrating
frameworks. The SMILES strings of its two unique linkers are
C1=CC=C(C2=C1C3=C(C=C2)C=CC(=C3)C([O])=O)C
([O])=O and N#CC#CC#N. An image of the DFT-relaxed unit
cell is provided in the Supporting Information, Section S10, and
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the associated .cif ﬁle is included as Supporting Information
Structure File 1.
The disagreement in simulated uptake between the unrelaxed
and DFT-relaxed nMOFs is an important point. This diﬀerence
is likely due to the fact that DFT relaxation results in large
atomic displacements relative to the initial, unrelaxed conﬁguration. However, this result is not unique to the nMOFs. The
hMOFs used as templates for the nMOFs themselves also
experience large displacements during DFT relaxation (see the
Supporting Information, Section S11). This mandates that
future eﬀorts, aimed at gas uptake data generation via GCMCbased simulations, utilize relaxed equilibrium structures for
MOFs. While this may lead to a signiﬁcant escalation of the
computational cost expended during data generation, it must be
noted that this added eﬀort will be worth the investment as
downstream ML models will be more robust. Moreover, the
training data generation constitutes a one-time cost, while the
downstream ML model prediction cost will remain as low as that
of the present models.
We end this section by emphasizing that the time required to
predict the target value of all 100,000 nMOFs using NGM-5 was
3.4 s on one 32 GB Tesla V100-PCIE GPUmany orders of
magnitude faster than the time required to perform 100,000
GCMC methane uptake simulations.
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requires further study, while the approach is not extendable to,
for example, zeolites.
We have focused here on predicting methane adsorption
isotherms in MOFs, and our work aimed at identifying new
materials considered only the adsorption loading at a single
pressure (35 bar). In detailed development of materials for enduse applications, it is important to understand not simply the
adsorption loading but the swing capacity that is achievable, the
potential impact of adsorbing impurities, the material’s stability,
etc. Making strong connections between material properties and
optimization of process design and operation for gas storage and
separation remains challenging.58 The ML-enabled approaches
we have illustrated here can contribute to the development of
materials in these settings by providing eﬃcient ways to select
promising materials from among enormous numbers of options.
The chosen materials identiﬁed in this work serve as starting
points for closer examination with more detailed models and
experiments.
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4. OUTLOOK
In this work, we applied a computational pipeline involving
sophisticated linker SMILES extraction, MOF ﬁngerprinting,
and deep learning protocols to develop ML models of methane
uptake (both single-pressure and room-temperature isotherms)
by MOFs. Design rules, some corroborated by decades of
research and others novel, were deduced using ML models.
These models surpass previous eﬀorts to predict methane
uptake in hMOFs with respect to accuracy. One model, NGM,
does not require geometric information of the MOF unit cell and
therefore accelerates design. Furthermore, these models are
shown to generalize to MOF chemistries beyond those used to
train the model. This widens the scope of MOFs which can be
reliably studied with ML. The speed with which the ML models
can predict methane uptake allows identiﬁcation of attractive
candidates (e.g., those with high methane uptake) by rapidly
screening large lists of candidate MOFs. This was demonstrated
here, and the identiﬁed candidates were validated through
explicit GCMC simulations.
It should be noted though that our models can predict
methane uptake only to the same level of accuracy as that of the
training data, which in our case involved GCMC methane
uptake simulations of hMOF structures whose geometry was not
previously optimized. One ﬁnding of this work is that
optimization of the MOF geometry prior to GCMC simulations
may be required to achieve high enough ﬁdelity of both the
GCMC simulations and, consequently, the downstream ML
models. When such higher-ﬁdelity data become available, the
computational pipeline described in this contribution can be
applied to re-train, perhaps through transfer learning, more
robust ML models.
This contribution has implications for future studies of
reticular structures. To start with, our ﬁngerprinting strategy is
directly applicable to covalent organic frameworks (COFs).
Further, LSE can be directly used by others to obtain the
SMILES strings of MOF linkers, whichas have been
demonstrated by usimprove accuracy of ML models when
meaningfully parsed. Adaptation of LSE to work with COFs
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