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ABSTRACT: We show here that machine learning is a powerful
new tool for predicting the elastic response of zeolites. We built our
machine learning approach relying on geometric features only,
which are related to local geometry, structure, and porosity of a
zeolite, to predict bulk and shear moduli of zeolites with an accuracy
exceeding that of force ﬁeld approaches. The development of this
model has illustrated clear correlations between characteristic
features of a zeolite and elastic moduli, providing exceptional insight
into the mechanics of zeolitic frameworks. Finally, we employ this
methodology to predict the elastic response of 590 448 hypothetical zeolites, and the results of this massive database provide
clear evidence of stability trends in porous materials.

■

properties for 1181 inorganic solids7 (most of them nonporous
structures), and this database is being continually updated.8
However, even with current advanced computing resources,
high-throughput methods can be applied only to a small
fraction of realized crystal structures as even for simple
quaternary inorganic compounds there is an estimated 1010
combinations.9 As an alternative, computationally cheap
classical interatomic pair potentials can also be employed;10
however, the resulting accuracy is expected to be signiﬁcantly
less.
Bypassing the need for energy-based calculations entirely,
machine learning oﬀers a pathway to accelerate materials
discovery and optimization11 by allowing large-scale highthroughput screening of hypothetical materials.12 In particular,
machine learning techniques have been used in many ﬁelds13
including the pharmaceutical and material science industries.14,15 It is especially powerful in predicting properties for
which molecular simulations are complex, such as melting
points, solubility and crystallization.16−18 Recently, machine
learning methods have also demonstrated their eﬀectiveness for
identifying porosity in organic molecular crystals, hydrogen
storage performance, and xenon/krypton separation in the
Materials Genome database.19−21
In this work, we use machine learning methods to predict the
elastic properties of pure silica zeolites. Using an accurate
training set of elastic properties calculated by density functional
theory (DFT), the machine learning approach is able to predict
bulk and shear moduli of zeolites with impressive accuracy. By
comparison to ﬁve state-of-the-art widely used interatomic
potentials, we show that machine learning based purely on the

INTRODUCTION
Metastable phases of SiO2, also known as siliceous zeolites, are
typically formed by crystallization in the presence of templating
agents.1 This produces nanoporous structures that have
applications in adsorption, separation, and gas storage.2 More
than 200 unique zeolite topologies have been observed from
simple tetrahedral SiO4 building blocks connected by their
edges, though many fewer have been obtained as pure silica
compounds.
This structural diversity of zeolitic frameworks induces a
wide variety of their properties, including geometric characteristics (e.g., channel dimensionality, connectivity, and pore
space), which are directly relevant for adsorption-related
applications, but also in physical properties such as mechanical
behavior. Indeed, among the large array of topologies observed
in known zeolites, there are unique structures that display
mechanical properties unusual in the inorganic world such as
large-scale elastic anisotropy. This also includes a structure that
displays complete auxeticity,3 a rare property demonstrated by
few materials, and even fewer crystalline structures.4 Moreover,
it has been proposed that mechanical stability, reﬂected in the
elastic properties of the frameworks, plays a key role in the
selection of feasible zeolite structures, i.e. experimentally
synthesized structures are among the most mechanically stable
potential frameworks.5
Commonly, the computational determination of mechanical
properties of crystalline materials in the elastic regime involves
the optimization and energy determination of many deformation modes, requiring greater computational cost compared to
routine optimizations.6 This can be performed using ﬁrstprinciples methods for the determination of energies at the
quantum chemical level, and eﬃcient computing techniques
have allowed for the calculation of extensive databases of
material properties. Recently, de Jong et al. reported the elastic
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were obtained using Voigt−Ruess−Hill averages32 computed by
ELATE.33
To construct our predictive model, we used a gradient boosting
regressor (GBR)34,35 which is part of the Python scikit-learn
package.36 This method trains regression trees as an additive model in
stepwise approach by optimizing arbitrary loss functions. At each stage,
a regression tree is ﬁt on the negative gradient of the loss function.
GBR is both an accurate and eﬀective method that has been used in
many areas, including web-search ranking.37 In particular, this method
was chosen over other methods such as support vector machines,38 as
GBR models are considered robust, interpretable, and applicable for
the small data set present in this study.39
Our implementation of GBR uses well-established selection criteria
with 3-fold cross-validation, which was repeated 100 times to give a
representation of the model accuracy. This approach gives the variance
in accuracy. Hyperparameters, given in Table 1, were chosen to

structures gives better results than all classical potentials.
Moreover, intrinsic feature selection performed by the machine
learning algorithm has highlighted the inﬂuence of local,
structural, and porosity features on the resulting elastic moduli.
Finally, to demonstrate the eﬃciency of this model, we
predicted the elastic response of 590 448 hypothetical zeolitic
structures with a computational cost of mere hundreds of CPU
hours, which are primarily required for descriptor calculation.
The properties of this massive database provide important
evidence to the physical and chemical intuition researchers use
to understand the mechanical stability of zeolites and related
nanoporous materials.

■

METHODS AND COMPUTATIONAL DETAILS

The application of machine learning methods requires a selection of
descriptors which accurately delineate the diverse zeolite structures
and their characteristic features and can be expected to relate to the
mechanical properties. We chose here to base the machine learning
purely on structural and geometric quantities, as our aim is the
automated prediction of mechanical properties directly from a single
structure without the need for any calculation of chemical properties.
There have been a number of previous studies based on machine
learning to predict various properties of crystalline materials, and they
use a broad range of diﬀerent descriptors, ranging from simple
geometric and lattice information to complex partial radial distribution
functions of the internal coordinates.22 In this study, we constructed a
list of descriptors that characterize the local and structural features of
the zeolite structure (Figure 1). All can be directly obtained from the

Table 1. Hyperparameters Used for Training the GBR
Model
parameter

value

estimators
learning rate
minimum samples split
minimum samples per leaf
max depth
max features
subsample

1000
0.01
2
3
3
square root of total features
0.4

provide high prediction accuracy and ﬂexibility to minimize overﬁtting.
Particularly, this was achieved by using a small learning rate and a
shallow parameter for maximum depth of trees. Training deviance
plots constructed during the learning procedure, as presented in the
Supporting Information, demonstrate the accuracy and generality of
the model.
The GBR model was trained to predict the Voigt−Reuss−Hill
averages32 of bulk and shear moduli (K and G, respectively), which
describe the compressibility and response to shear of a material.
Similar to a study by de Jong et al.,25 we train and predict for log(K)
and log(G), which prevents the model overweighting materials with
stiﬀer moduli and allows for simple comparison between the studies.
Although learning for K and G, not log(K) and log(G), does not
appreciably aﬀect the accuracy of the model, as demonstrated in the
Supporting Information. Importantly, this model is extremely
computationally eﬃcient compared to conventional approaches.
Training and prediction from the GBR model required ≈30 CPU
seconds to predict the bulk and shear moduli of almost 600 000
hypothetical zeolitic structures.

Figure 1. Summary of the descriptors used in the machine learning
model, classiﬁed in local, structural, and porosity-related descriptors.

structure ﬁle in CIF format:23 crystal density, unit cell volume, and
space group. Geometric and topological descriptors have previously
shown good performance for predicting the framework type of a
zeolite.24 In addition, inspired by a recent study,25 we also used several
statistical features of the distributions of Si−O bond lengths and Si−
O−Si angles. This information is obtained from the CIF ﬁle using the
pymatgen library.26 We also used as descriptors a series of
geometric parameters related to the nature of pore space such as
internal surface area, pore volume, size, and channel dimensionality.
These are also calculated by geometric methods from the structure
ﬁles, at low computational cost using the Zeo++ software.27,28 A full
list of all 32 descriptors can be found in the Supporting Information.
Notably, this descriptor list does not include energy, and all descriptors
can be calculated by eﬃcient and cheap methods with approximately
1.5 CPU seconds required for each structure.
The training set employed for development of the machine learning
model was previously reported by Coudert.5 This set contains 121
pure silica zeolites which are a subset of the Database of Zeolite
Structures. The elastic data was obtained from optimized structures
using the B3LYP hybrid exchange−correlation functional29 with
empirical correction for dispersive interactions30 and all electron
basis sets for silicon and oxygen.31 The reported geometry optimized
structures were used to calculate the geometric parameters described
previously. Furthermore, isotropic values of bulk and shear moduli

■

RESULTS AND DISCUSSION
Model Accuracy. We ﬁnd the machine learning model
gives excellent accuracy when tested against the training set by
cross-validation. The relatively high accuracy and low variance
are demonstrated in Figure 2, where the DFT training set is
plotted against the results of our model obtained by crossvalidation for 121 pure silica zeolites. Root-mean-squared error
(RMSE) was used to evaluate the performance of the model as
it is an encouraged measure of dispersion.40 Notably, RMSE of
0.102 ± 0.034 and 0.0847 ± 0.022 for log(K) and log(G),
respectively, compare well to the predictive accuracy achieved
for simple k-nary inorganic solids; 0.0750 and 0.1378.25 This is
excellent accuracy considering that the model is constructed
from a small training set.
Although the level of absolute uncertainty in Figure 2 may
seem high in some cases, it is useful to remind ourselves that
the determination of elastic constants in porous materials by
7834
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calculations of structures, energies, and mechanical properties,41
clearly illustrate the eﬀectiveness of this machine learning
approach. Similar predictions for the elastic moduli of puresilica zeolites were reported by Siddorn and co-workers3 using
ﬁve diﬀerent classical interatomic potentials: BKS,42 Catlow,43
Gale,44 Sastre,45 and Matsui models.46 Figure 3 displays the
comparison between the bulk and shear moduli calculated by
DFT methods and the results obtained with the ﬁve classical
potentials. We can see that the spread of the plots is similar or
worse than the predictions obtained by our machine learning
approach. Moreover, we can also see some trends in the force
ﬁelds themselves with systematic errors: most force ﬁelds tend
to systematically overestimate the bulk modulus, apart from the
Matsui potential, which, however, systematically underestimates
the shear modulus.
The capability of the machine learning method is evident by
comparison of the RMSE observed for each of the force ﬁeld
models compared against the DFT data set presented in Table
2. This important comparison of diﬀerent models for simulating
Table 2. RMSE for the GBR Model Reported in This Study
and Conventional Model Potentials in Comparison to the
DFT Dataset

Figure 2. Comparison of cross-validated DFT training set with GBR
predictions for bulk modulus K (a) and shear modulus G (b) of 121
pure silica zeolites.

method

log(K) RMSE

log(G) RMSE

GBR
BKS
Catlow
Gale
Sastre
Matsui

0.102 ± 0.034
0.153
0.131
0.117
0.130
0.147

0.0847 ± 0.022
0.335
0.0817
0.154
0.179
0.259

the elastic response of zeolites is noticeably lacking from the
literature. The machine learning model provides excellent
accuracy when compared to force ﬁelds for prediction of bulk
modulus, with all force ﬁelds within the same RMSE range.
Two models treat shear moduli (G) poorly: the BKS and
Matsui potentials, while the Catlow potential shows the best
agreement with the DFT data. Importantly, the GBR model

computational methods is a diﬃcult challenge, and the values
obtained are typically associated with a relatively high
uncertainty. A comparison with conventional model potentials
(force ﬁelds), widely used in the ﬁeld of zeolite science for

Figure 3. Comparison of DFT training set to the results obtained by conventional model potentials for K (a) and G (b).
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The importance of Si−O−Si angles within a zeolite
framework for the resulting elastic properties has previously
been reported in the case of α-cristobalite.47 In this study, we
demonstrate that a strong correlation exists in over 100 zeolites.
Moreover, this analysis of feature importances is in line with
results obtained in 2004 by Monson and co-workers for ﬁve
silica zeolites (SOD, LTA, CHA, MOR, and MFI).48 We
demonstrate that Si−O−Si angles, volume per SiO2 unit, and
space group all contribute to the bulk modulus K of a zeolite.
While Si−O−Si angles and volume per SiO2 unit are also
crucial for predicting G, additional descriptors relating to Si−O
bond lengths and porosity are inﬂuential.
Mechanical properties such as K and G are important
considerations for the practical applications of zeolites as
experimentally synthesized frameworks are among the most
mechanically stable.5 The results provided here demonstrate a
clear correlation between several characteristic features of the
framework, and these properties providing an unparalleled
understanding of zeolites. Moreover, we expect similar
correlations to be present in related families of microporous
materials such as metal−organic frameworks and zeolitic
imidazolate frameworks.
The GBR model, using these simple descriptors, provides
excellent predictive performance without the need for complex
descriptors or the use of explicit molecular simulation at the
classical or quantum level. A preliminary study indicates,
however, that this cannot be directly extended to predict the
anisotropy of elastic properties or directional properties such as
linear compressibility and Poisson’s ratio. There, we expect that
novel and more intricate descriptors may be required, including
some global measure of the framework topology, connectivity,
and directionality. In addition, we also investigated the
possibility of using energy-based descriptors in the machine
learning model such as the energy per SiO2 unit relative to αquartz. We ﬁnd that the addition of this new descriptor to the
model does not improve its accuracy in K and G in a
statistically signiﬁcant way. This means that relative energy (or
enthalpy of formation) and elastic properties are not linked. It
also means, on a more practical level, that by excluding energy
from our model, we can still allow large-scale prediction of
elastic moduli while using only local, structural, and porosity
features, which are signiﬁcantly cheaper to calculate than
energy.
Application to a Hypothetical Database. The statistical
model developed in this work is able to predict the elastic
moduli of a zeolite in fractions of a second which, in turn,
allows for the large-scale prediction of structural databases. To
illustrate the eﬀectiveness of our model we employed it to
predict K and G for a hypothetical all-silica zeolite database
described by Deem and co-workers, PCOD2.49,50 This database
contains over 500 000 frameworks obtained by a procedure that
combines Monte Carlo simulation, simulated annealing, and
reﬁnement using interatomic potentials. These structures,
available in CIF format, also contain the full stiﬀness tensor
of second-order elastic constants, which were calculated with
the GULP software51 using the BKS interatomic potential.
However, we ﬁnd that the results obtained by this method have
low reliability, with values of K varying between −27 000 and
20 500, and a signiﬁcant fraction (≃8%) of structures being not
mechanically stable (i.e., having at least one negative eigenvalue
to the elastic tensor52). We thus used only the structural
information in the database and relied on our machine learning
approach to provide estimates for K and G with greater

described here is equally accurate to the best conventional
approaches and shows greater accuracy in treating the shear
modulus G.
Model Features. Descriptors often do not contribute
equally to a machine learning model, and by interpreting a
trained model, we can identify the crucial features. One
advantage of the regression trees used by the GBR model is that
it intrinsically executes feature selection performed during
construction of the trees. This information can be readily
interpreted to ﬁnd the relative inﬂuence of each of the chosen
descriptors. This information is plotted in Figure S2, showing
the weight of the top contributing descriptors in the GBR
model. We ﬁnd that local descriptors signiﬁcantly contribute to
the model for both K and G: parameters related to the Si−O
bonds and Si−O−Si angles have the largest weight in the
model. This can be conﬁrmed by direct correlation plots
between speciﬁc descriptors and mechanical moduli. In
particular, as illustrated in Figure 4, the harmonic mean of

Figure 4. (a) Correlation between K and Si−O−Si harmonic mean in
the DFT training set. (a, inset) An example of zeolite MTN which
shows very linear Si−O−Si angles and large K. (b) Correlation
between G and diameter of the largest included free sphere in the DFT
training set. (b, inset) An example of the zeolite RWY which shows a
large internal void and very low G.

the Si−O−Si angles is strongly correlated with K. Frameworks
which contain mostly linear Si−O−Si angles such as MTN
result in very stiﬀ materials with large K. Furthermore, for
prediction of G, it is observed that a porosity descriptor, the
largest included free sphere, plays a crucial role. Structures
containing large cages such as RWY, which has a cage greater
than 15 Å in diameter, exhibit extremely low G.
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accuracy. In addition, we conducted predictions for the known
zeolite frameworks recognized by the International Zeolite
Association (IZA) listed in the Supporting Information.
Descriptors were calculated for a total of 590 448 zeolite
frameworks from the PCOD2 database and 195 zeolite
frameworks from the IZA. Our GBR model was trained using
the DFT training set with hyperparameters described
previously. The predicted results for K and G give distributions
illustrated in Figure 5, plotted against framework density. While

Figure 6. Violin plots of K and G for both the PCOD2 database and
recognized zeolite frameworks (IZA), as predicted by the GBR model.
Distributions are calculated by Gaussian kernel density estimates, and
interquartile ranges are depicted by internal lines.

with corresponding interquartile ranges. Zeolite frameworks
belonging to the PCOD2 database are observed to largely have
K and G moduli less than 40 and 30 GPa, respectively. The
skew of this distribution suggests most hypothetical structures
are signiﬁcantly less stiﬀ and shear-resistant than the known
zeolite frameworks recognized by the IZA.
There have been a number of studies discussing feasibility
criteria of zeolite frameworks,54 and it was previously reported
that the known zeolite frameworks lie at the low energy-density
edge of the hypothetical SiO2 database distribution.50 We can
add to these criteria that, in general, feasible zeolite frameworks
are characterized by stiﬀ bulk moduli approximately greater
than 40 GPa. Moreover, this large-scale analysis suggests that
the limits of stiﬀness and shear resistance are highlighted within
the known frameworks, BCT and BIK, with few hypothetical
polymorphs found with similar mechanical resistance.
Finally, the mechanical properties of this large library of
hypothetical zeolites can be leveraged with the calculated
porosity features to discover relationships which were
previously diﬃcult to recognize owing to the relatively few
zeolites for which elastic moduli have been calculated. There
have been a number of studies examining porosity of large
databases;55−57 however, the mechanical properties of the
materials are often neglected despite providing valued insight
into the inherent stability of the structure.58 Illustrated in
Figure 7 is the accessible pore volume (for a probe size
equivalent to He) plotted against G.
There is an observed limit of pore volume achieved by IZA
zeolites of approximately 0.2 cm3·g−1 with the noticeable
exception of the highly porous networks RWY and IRR. These
structures display only moderate shear resistance <20 GPa.
Generally, there is a distinct decrease in maximum shear moduli
exhibited for frameworks of large pore volume. This provides
clear evidence to experimental observations of structural
instabilities of large pore zeolites and similar stability trends
observed in related materials. Moreover, this relationship is
likely the cause for the lack of extra-large-pore all-silica zeolites
with heteroatoms and additional ions required for the synthesis
of such structures.59

Figure 5. K (a) and G (b) of the PCOD2 database and recognized
zeolite frameworks (IZA) as predicted by the GBR model. PCOD2
results are illustrated with opacity to demonstrate the population
density.

the GBR algorithm is unable to extrapolate, we do not ﬁnd this
to be a limitation for this data set with predictions of few
zeolites exhibiting moduli similar to the bounds of the training
structures. Moreover, we ﬁnd the distributions of geometric
features, key to the GBR model, are similar for the data sets, as
illustrated in the Supporting Information. The large-scale
simulation of the PCOD2 database clearly demonstrates a
lack of correlation between K, G, and density in the full space of
hypothetical zeolites. Notably, most dense polymorphs show
signiﬁcantly less stiﬀness than those of low density. This
relationship highlights the diverse mechanical response that can
be achieved by the arrangement of tetrahedra. Furthermore, the
lower K and G displayed by high-density zeolites may suggest a
mechanical advantage to the formation of low density and
microporous frameworks by SiO2.
To examine the distributions of K and G, Gaussian kernel
density estimates53 were calculated, as displayed in Figure 6

■

CONCLUSION
Here, we demonstrated a novel machine learning methodology
and descriptors for the large-scale prediction of elastic bulk and
shear moduli for all-silica zeolites. Our methodology combines
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GBR using regression trees and a set of local, structural, and
porosity features to generalize zeolite materials. The development of this model has highlighted several correlations which
link characteristic features of a zeolite to these important elastic
properties. Subsequently, training this model with a DFT data
set allows for accurate predictions of K and G for any zeolitic
compound. We illustrated this power by calculating the moduli
for 590 448 hypothetical zeolites. This large-scale study
provided general features of SiO2 polymorphs and the clear
decrease in maximum shear resistance for increasing pore
volume.
This study is focused entirely on the zeolite family; however,
we believe that a machine learning approach is a key tool in the
multiscale characterization of porous materials19 to allow for
the screening of millions of materials. Future studies will
examine more complex features of zeolites to provide a model
for prediction of anisotropy for the screening of new
frameworks for applications as pressure sensors and nanoactuators. Furthermore, this approach can be readily modiﬁed
to describe new and emerging databases of porous materials
such as metal−organic frameworks and molecular crystals to
provide new maps of energy−structure−function,60 highlighting new materials for an application which are also
mechanically stable.
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