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HIGHLIGHTS

Artificial neural networks allow

accelerated materials’ design and

discovery

Multi-level simulations reveal

structure-mechanical stability

relations in MOFs

Topology is crucial for accurate

machine-learning predictions of

mechanical properties

Ab initio force fields allow for

precise loss-of-crystallinity

pressure calculations
We demonstrate how machine-learning approaches can significantly speed up the

way materials are characterized and designed at their molecular scale. Using a

multi-level computational approach, we delineate key structural features in metal-

organic frameworks (MOFs) that influence their mechanical properties.

Importantly, we highlight the strength of artificial neural networks in producing

MOFs with mechanical properties in a matter of seconds without the need for

complex and time-consuming calculations or experiments. The results guide MOF

researchers to assess and design structures with improved mechanical stability.
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Structure-Mechanical Stability Relations
of Metal-Organic Frameworks
via Machine Learning
Peyman Z. Moghadam,1,7,* Sven M.J. Rogge,3,7 Aurelia Li,2 Chun-Man Chow,2 Jelle Wieme,3

Noushin Moharrami,4 Marta Aragones-Anglada,2 Gareth Conduit,5 Diego A. Gomez-Gualdron,6

Veronique Van Speybroeck,3 and David Fairen-Jimenez2,8,*
Progress and Potential

Development of new materials via

experiments alone is costly and

can take years, if not decades, to

complete. Advancements in the

predictive power of computer

simulations have enhanced our

ability to design and develop

materials in a fraction of the time

required for experiments. Here,

we demonstrate how the power of

machine learning, trained by a

combination of multi-level

simulations, can predict the

performance of metal-organic

frameworks (MOFs), one of the

most exciting advances of porous

materials science. The machine-

learning algorithm introduced

here predicts the mechanical

properties of existing and future

MOFs in the order of seconds,

allowing the design of robust

structures. The principles of our

computational approach can be

translated to other problems so

that MOF researchers can

discover new materials for

application in, e.g., catalysis,

energy storage, and chemicals

separation. We anticipate that our

work will guide future efforts to

make stable MOFs suitable for

industry.
SUMMARY

Assessing the mechanical stability of metal-organic frameworks (MOFs) is

critical to bring these materials to any application. Here, we derive the first

interactive map of the structure-mechanical landscape of MOFs by performing

a multi-level computational analysis. First, we used high-throughput molecular

simulations for 3,385 MOFs containing 41 distinct network topologies. Sec-

ond, we developed a freely available machine-learning algorithm to automat-

ically predict the mechanical properties of MOFs. For distinct regions of the

high-throughput space, in-depth analysis based on in operando molecular

dynamics simulations reveals the loss-of-crystallinity pressure within a given

topology. The overarching mechanical screening approach presented here re-

veals the sensitivity on structural parameters such as topology, coordination

characteristics and the nature of the building blocks, and paves the way for

computational as well as experimental researchers to assess and design

MOFs with enhanced mechanical stability to accelerate the translation of

MOFs to industrial applications.

INTRODUCTION

With approximately 88,000 structures present in the Cambridge Structural Database

(CSD),1 metal-organic frameworks (MOFs) continue to amaze scientists due to their

exceptional properties. MOFs are a unique class of porous coordination polymers

synthesized in a self-assembly process from metal building units bridged by organic

ligands. Because of their building block nature, MOFs allow for conscious design

protocols, where structural properties such as topology, pore size, and shape, as

well as surface chemistry are tuneable.2–5 Such flexibility of design permits MOFs

to find applications in a multitude of industrial settings, such as gas storage6–8

and separation,9–11 catalysis,12 and in the health care domain.13–16

Despite the versatility of MOFs, there are still fundamental issues preventing the

large-scale industrial adoption of these materials. A large number of MOFs are

prone to degradation and loss of crystallinity due to chemical reactions or the appli-

cation of mechanical stress—a feature that is critical for the applicability of these

materials in industry.17–19 In particular, the mechanical stability of MOFs becomes

crucial during the densification and pelletization process, where MOF powders are

transformed into larger, shaped pellets.20 Low mechanical stability manifests itself

as partial pore collapse, unwanted phase transformations, or even amorphization,

often resulting in a reduction of adsorption capacity—a property central to the
Matter 1, 1–16, July 10, 2019 ª 2019 Elsevier Inc. 1
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applicability of porous MOFs.21 Thus, making stable MOFs with open frameworks

that allow for the diffusion of gases in and out of the pores is crucial to enable the

large deployment of these materials for energy applications such as high-pressure

gas storage, fuel cell design, and hydrocarbon separation processes.22–24

Dedicated studies on selectedmaterials have helped to understand howmechanical

stability and structural characteristics are intercorrelated.25–34 However, so far, an

overarching view on the influence of geometric properties, such as the topology,

length of the building blocks, and coordination characteristics, on the mechanical

stability of MOFs is not available. To derive such general structure-mechanical sta-

bility relationships for a diverse set of MOFs, a much higher number of materials

need to be screened in a systematic way and proper automatic analysis tools

need to be adopted to obtain insight into the structural-mechanical stability space.

With the unparalleled potential to investigate thousands of structures in a short time,

computational high-throughput screening (HTS)35 is extremely well suited to unravel

trends in key MOF properties, establish structure-property relationships, and guide

future synthetic efforts. In recent years, HTS of MOFs has focusedmostly on the char-

acterization of geometric (e.g., pore size distribution, pore volume, surface area) and

gas adsorption properties.35–39 Although this approach has delivered important

insights, it has not yet been applied to the mechanical properties of MOFs. One

of the main remaining hurdles to achieve a meaningful exploration of the struc-

ture-stability landscape is the proper characterization of the underlying structural

topology of the MOFs, which is expected to play a key role in the mechanical

stability.32 Furthermore, certain topologies may impose limits for achievable struc-

tural features.

With this idea in mind, the first question one needs to ask is which MOF database

should be used to screen mechanical properties. In an outstanding contribution,

Wilmer et al.36 used a bottom-up approach to generate 137,000 materials by con-

necting a number of organic ligands and metal clusters (building blocks) used in

MOFs. However, with this approach, only six topologies were created, and one sin-

gle topology (i.e., primitive cubic unit, pcu) dominated over 90% of the database.40

Clearly, a much wider topological diversity can be found in the current ca. 88,000

MOFs present in the CSD.1 However, computer ‘‘on-the-fly’’ analysis of the underly-

ing topologies for this many materials is far from trivial, as current topological

analysis software such as TOPOS41 requires significant user involvement for each

material analyzed. To tackle this issue and to target a topologically diverse represen-

tation of MOFs, Gómez-Gualdrón et al.42 used an automated reversed topological

approach to construct a database of 13,512 MOFs by connecting a finite set of

MOF building blocks into 41 predefined network topologies.

In the present work, we used part of this database of MOFs with known topologies to

calculate the mechanical properties of a wide range of structures. By starting from

such a diverse set of materials, we unveiled causal relationships between the me-

chanical robustness of MOFs in equilibrium, as expressed by the bulk and shear

moduli, on the one hand, and the chemical-structural properties (e.g., type and

coordination of the nodes, pore size, and shape), and, most importantly, topology,

on the other hand. To further explore the potential of MOFs to be used under in

operando conditions, more advanced ab initio-based force field molecular dy-

namics calculations are performed to determine the effect of temperature on

the mechanical robustness and the critical pressure a material can withstand before

crystallinity is lost.43,44 This thorough study is backed up by a web-domain
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visualization tool that enables users to interactively probe the structure-mechanical

stability landscape of MOFs along five dimensions. Furthermore, artificial neural

networks are introduced here as a powerful machine-learning algorithm not only

to predict the mechanical properties of existing and yet-to-be-synthesized MOFs

but also to elucidate the sensitivity of the mechanical stability window obtained

on the topology. To the best of our knowledge, this is the first HTS of mechanical

properties in MOFs, providing not only in-depth insights on structure-mechanical

stability relationships but also enabling the rational selection and design of MOFs

with better mechanical properties. This is key to bring the application of MOFs in in-

dustrial applications in the energy field and beyond closer to reality.
RESULTS AND DISCUSSION

Selection of MOFs with Diverse Topologies

Starting from the 13,512 MOFs generated by Gómez-Gualdrón et al.,42 we selected

those MOFs that are composed of the organic ligands and nodes depicted in Fig-

ure 1, resulting in a shortlist of 3,385 MOFs. In Figure 1, the entire list of the 14

organic ligands and 28 organic or metal-based nodes we used in this study are

shown; the selected ligands are classified according to their length, and the nodes

are classified according to their coordination number (i.e., the number of organic

ligand connections for every metal-based or organic node). From the original

database, we deliberately selected non-functionalized linkers in a manner to

reflect the effect of linker length with one, two, and three additional carbon-

carbon triple bonds (T), phenyl linker chemistry: from simple acetylenedicarboxylic

acid and benzene-1,4-dicarboxylic acid, rings (P), or nitrogenated phenyl rings

(N, tetrazines). All structures are made up of perfect crystals, i.e., no defects or resid-

ual solvent are present. The database used here contains 41 distinct topologies

creating a widely diverse set of geometric properties, which enables a thorough

exploration of the structure-mechanical stability relations in MOF space (Figures

S1 and S2).
High-Throughput Calculations of Mechanical Properties in MOFs: Structure-

Stability Relationships

Figure 2 shows the correlation between the bulk modulus (K) and the largest cavity

diameter (LCD). The LCD is in turn correlated with other structural properties, such as

the pore volume, void fraction, surface area, and density. General trends similar to

the ones observed here between the bulk modulus and the LCD were also found

between the shear modulus and the LCD (Figure S3). All structures with K >

30 GPa have an LCD <30 Å, whereas at LCD values <20 Å, a wide spread of K values

(0–140 GPa) can be observed. To shed light on the importance of topology on the

mechanical robustness of certain structures, we added another dimension to the K

versus LCD representation and highlighted selected topologies for comparison (Fig-

ure 2). Even for structures having the same LCD (e.g., see LCD = 10 or 15 Å), a quite

large spread of the K values is observed depending on the topology. In other words,

certain topologies have higher or lower bulk moduli irrespective of their pore size.

For example, pth and spn topologies—highlighted in green and blue and for

instance encountered in CMOF-1 and MOF-808—show low K values across all

pore sizes, whereas fcu (e.g., UiO-66), reo (e.g., DUT-51), and ftw (e.g., NU-1100)

consistently present stiffer structures at similar pore size ranges. While the ith topol-

ogy, encountered, e.g., in DUT-78, has some of the highest bulk moduli found in

MOFs, even comparable with those of zeolites,45 it is outperformed by many other

topologies when considering structures with an LCD >5 Å (e.g., at an LCD of 10 Å fcu

MOFs show higher K values than ith MOFs).
Matter 1, 1–16, July 10, 2019 3



Figure 1. Building Blocks Used to Construct the Subset of 3,385 MOFs Containing 41 Topologies

The top left figure shows an example topological blueprint; colors show different MOF building units in (A–C).

(A) Organic linkers (L); triple bonds, phenyl rings, and nitrogenated phenyl rings are denoted by T, P, and N, respectively.

(B and C) (B) Organic nodes (ON) and (C) inorganic nodes (M). The numbers are used as identifiers. The purple circles represent connecting points to

other building blocks.

Please cite this article in press as: Moghadam et al., Structure-Mechanical Stability Relations of Metal-Organic Frameworks via Machine Learning,
Matter (2019), https://doi.org/10.1016/j.matt.2019.03.002
Although the large datasets presented in Figure 2 clearly correlate the mechanical

properties of MOFs with their LCD and topology, it is thus far not clear how various

structural complexities—linker length, volumetric and gravimetric surface area, den-

sity, node coordination characteristics, void fraction, pore volume, pore limiting

diameter (PLD), LCD, and PLD/LCD ratio—contribute to the mechanical behavior

of MOFs and how these structural-mechanical stability relations are correlated

with the topology. To obtain insights into these subtle dependencies, we developed

an interactive visualization tool to explore the structure-mechanical stability
4 Matter 1, 1–16, July 10, 2019



Figure 2. High-Throughput Simulations of Mechanical Properties of MOFs

Bulk modulus (K) is plotted versus the largest cavity diameter (LCD) for 3,385 MOFs. Selected

topologies are highlighted by different colors; all other topologies are shown in light gray. Each

point represents a different MOF.

Please cite this article in press as: Moghadam et al., Structure-Mechanical Stability Relations of Metal-Organic Frameworks via Machine Learning,
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relationships with the key advantage that users can examine how these 12 MOF

structural features and, most importantly, topology determine the mechanical prop-

erties. With the aim of providing strategies to improve the mechanical stability of

MOFs, the web-based tool we developed is capable of presenting the structure-

mechanical stability landscape of MOFs considering 15 descriptors along 5 dimen-

sions (see http://aam.ceb.cam.ac.uk/mof-explorer/mechanicalproperties), allowing

the user to filter the data or to zoom in on a specific area of the graphical represen-

tations. See Video S1 for more details.

The tool is used to explore what makes certain topologies more robust than others

and how this is affected by particular choices of key structural features, such as

organic linker length and type as well as the coordination environment between inor-

ganic nodes and organic nodes or linkers. Some structures consist of both metal-

based and organic nodes that show different coordination numbers; as such, in

our analysis, we used the maximum coordination number (MCN) of these two values.

To begin, we examined the effect of the linker length—which is generally associated

with the void fraction and pore volume—on the bulk modulus. Figure 3A shows K

values versus LCD with structures containing 1 (green), 2 (yellow), and 3 phenyl rings

(cyan) highlighted in the dataset. Clearly, frameworks containing one phenyl block,

generally associated with narrower porosities and limited pore volumes, confer

higher mechanical strength relative to those with longer linkers, e.g., structures

with 2 or 3 phenyl rings. Similar trends were observed for structures containing triple

bonds and nitrogenated linkers (Figures S4 and S5). To further expand on this

finding, we highlighted two well-known series of MOFs belonging to the fcu and

pcu topologies: the zirconium-based UiO-66 and zinc-based IRMOF-type materials,

respectively. In agreement with the general trend observed for the highlighted struc-

tures with an increasing number from 1 to 3 phenyl rings, there is a decrease in the

bulk moduli for IRMOF-1, -10, and -16 and more prominently for UiO-66, -67, and

-68. This finding suggests that shortening or expanding ligands in certain topologies

presents more significant changes in the mechanical properties of MOFs, confirming

the earlier theoretical results that focused on the UiO-66 series.26,44
Matter 1, 1–16, July 10, 2019 5
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Figure 3. Structure-Stability Relationships in MOFs

(A–C) Bulk modulus, K, versus the largest cavity diameter (LCD) for 3,385 MOFs. Colored (A) structures with one, two, and three phenyl rings (selected common

MOFs containing phenyl rings are highlighted in the dataset); (B) structures and topologies withmaximum coordination numbers (MCN) of 4, 8, and 12; filled black

circles represent all other MOFs in (A) and (B). (C) Bulk modulus, K, versus the gravimetric surface area; the color code represents the density of the MOFs.

(D–F) Box and whisker plots comparing bulk modulus changes with LCD for different maximum coordination numbers: (D) MCN = 12; (E) MCN = 8; (F)

MCN = 4. The markers represent the minimum, first quartile, median, third quartile, and maximum values, respectively. Outliers, identified as 1.5 3 the

minimum or maximum values, are represented by gray data points. Mean K values for different LCD ranges are shown in red points. Data points are

offset laterally for better visualization.

Please cite this article in press as: Moghadam et al., Structure-Mechanical Stability Relations of Metal-Organic Frameworks via Machine Learning,
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Figure 3B shows how the K values correlate with the MCN of the MOF. Structures

with an MCN of 12 dominate the high bulk modulus space, whereas structures

with an MCN of 8 and 4 have lower bulk moduli. This shows how resistance to me-

chanical forces is highly influenced by the number of node connections. Physically,

topologies with low-coordinated nodes (e.g., bor, pth, pts, and tbo; Figure 3)

have bond angles that can potentially flex with relative ease, allowing the frame-

works to accommodate stress and deform under pressure and shear (Figure S3),

whereas highly coordinated topologies (e.g., ith, fcu, and ftw; Figure 3) are less flex-

ible, and thus changes in bond angles and lengths are associated with higher energy

costs. This observation was recently exploited to stabilize MOFs via retrofitting.33 It

is noteworthy that high-KMOFs—characterized by structures with high coordination

numbers—are dominated by materials with zirconium cuboctahedral nodes (e.g.,

M13 in Figure 1A) such as those present in the UiO-66 family. In addition to the

high coordination number of the nodes, zirconium-based MOFs have been previ-

ously reported to render superior mechanical stability due to the strong oxophylic

character of zirconium, leading to strong zirconium-oxygen bonds.18,31 Figure S6

shows that variations between bulk moduli exist among topologies containing the

same MCN. For example, for MCN = 12, fcu presents higher bulk moduli over ftw

and ith topologies for MOFs with 10 Å < LCD <20 Å. For the same range of LCD
6 Matter 1, 1–16, July 10, 2019
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values, reo and csq for MCN = 8 and pto for MCN = 4 show higher bulk moduli

compared with other topologies. The web-based visualization tool can also be

used to determine the mechanical properties in terms of other specific structural

properties such as the surface area of the MOFs. The latter is a key factor in deter-

mining the potential of these materials for energy applications for which their gas

adsorption capacity is a central quantity. Figure 3C shows that although dense struc-

tures with very low surface areas (purple points) close to zero are mechanically very

robust, they probably would exhibit limited adsorption capacities. MOFs with sur-

face areas of 1,000–3,000 m2/g and densities of 0.5–1 g/cm3 (light blue and green

points) can relatively confer high mechanical strength while maintaining good

adsorptive characteristics, a combination that makes them more appealing for en-

ergy applications. Open structures with low densities and very high surface areas

(>7,000 m2/g) show extremely low mechanical strength and are therefore of only

limited relevance for industrial applications.

To quantitatively analyze whether the linker length or the coordination number and

topology is a more important descriptor in determining the mechanical stability, we

compared the K values for structures with MCN 12, 8, and 4 with respect to their LCD

(Figures 3D–3F). The absolute values and the variation of the bulk moduli for each

MCN at different pore sizes are remarkable. For 5 Å < LCD <10 Å, average K values

are 40, 25, and 15 GPa for MCNs amounting to 12, 8, and 4, respectively. For MCN =

12, there is a considerably steeper decrease in bulk modulus as the pore size in-

creases compared with MCN = 8 and MCN = 4. For the lowest MCN of 4, the bulk

modulus decreases only slightly as the pore size increases. These trends indicate

that the expansion of the organic linkers induces more drastic changes in mechanical

stability decay for network topologies with high coordination numbers. such as ith,

fcu, and ftw, explaining why these effects have been predominantly observed in the

UiO-66 series exhibiting the fcu topology.26,44 Furthermore, structures consisting of

only triple-bond linkers (e.g., L1/L4/L8 in Figure 1B) tend to have slightly higher bulk

moduli than those with only phenyl rings, while variations exist within the dataset

(Figure S7A). When linkers containing both phenyl ring and triple-bond blocks are

considered, our high-throughput calculations do not show any appreciable differ-

ences between different positions of, e.g., phenyl rings in the linker and the mechan-

ical properties of MOFs (Figure S7B). This point is fully addressed later in this work,

where molecular dynamics calculations based on accurate ab initio-based force

fields are performed for selected materials.

To obtain a more systematic insight into the correlations between the aforemen-

tioned 13 geometrical descriptors, including the topology, and the mechanical sta-

bility of MOFs, we evaluated the predictability of the bulk modulus using an artificial

neural network (ANN)—a machine-learning algorithm known for its ability to repro-

duce and model non-linear processes.46,47 The ANN inputs all of the design vari-

ables, geometric and topological, of theMOFs to predict themechanical properties;

mathematical details are described in the Experimental Procedures (see Data S1,

artificial neural network code). We used the ANN to predict the bulk modulus for

all the MOFs in our dataset considering two scenarios. In the first case, we used a

combination of four MOF structural descriptors: density, gravimetric surface area,

LCD, and void fraction. In the second case, we also took into account the topology

as a descriptor. The parity plot in Figure 4A compares the simulated bulk moduli with

those predicted with the ANN for the model without topological descriptors. The

data are scattered in the entire range of K values, yielding a high coefficient of deter-

mination (R2) of 0.70, measured by 5-fold cross-validation. In contrast, when the

model is trained with topological information (Figure 4B), the R2 was significantly
Matter 1, 1–16, July 10, 2019 7



Figure 4. Evaluation of Machine Learning in Predicting Mechanical Properties in MOFs

(A and B) Parity plots for machine-learning predicted versus simulated bulk modulus using density,

void fraction, gravimetric surface area, and LCD without (A) and with (B) topological descriptors.

The color scale indicates the number of MOFs that have the corresponding result in (A) and (B); the

red diagonal is the parity line. The gray points in the background in (B) correspond to the data

obtained without topological descriptors.

(C and D) Boxplots of the ‘‘vertical distance’’ between a point and the corresponding point on the

parity line in the (A) case (C) and (B) case (D). The markers represent the minimum, first quartile,

median, third quartile, and maximum values, respectively. Outliers, identified as 1.5 3 the

minimum or maximum values, are represented by gray data points. Mean K values for different LCD

ranges are shown in red points. Data points are offset laterally for better visualization.
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improved to 0.98, further demonstrating that topological features are highly corre-

lated to the mechanical properties of MOFs and are essential to accurately predict

the bulk modulus. The box plots in Figures 4C and 4D quantify the variations of

the ANN predicted K values from the parity line (i.e., perfect agreement). The vari-

ation of the absolute difference spread in the interquartile range (IQR, i.e., the box

height) and the skew of the data points are particularly interesting. The model

trained without topological descriptors obtains the least accuracy for high-K mate-

rials, as shown by the increased interquartile height for, e.g., the 40–60 GPa range

(Figure 4C). In stark contrast, the model that takes into account the topology delivers

the best accuracy for the same range of high-K structures where data points lie close

to the parity line (Figure 4D). The clear advantage of the ANN approach used here is

that predictions for mechanical properties are readily available for other existing

MOFs as well as for MOFs to be synthesized in the future. In these cases, one only

needs the easily accessible descriptors employed here—topology, density, gravi-

metric surface area, LCD, and void fraction—to quickly and qualitatively pinpoint

where the structure of interest lies in the structure-stability landscape of MOF

materials without the need for further calculations. The ANN approach therefore
8 Matter 1, 1–16, July 10, 2019
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substantially decreases the effort needed to design new MOFs exhibiting elevated

stability, crucial for industrial applications.

Mechanical Behavior of Selected Materials under In Operando Conditions

The high-throughput simulations performed so far rely on fast calculations of me-

chanical properties at 0 K and at equilibrium, revealing clear structural-mechanical

property trends for a diverse set of MOF topologies. However, these fast calcula-

tions cannot precisely describe the mechanical behavior of MOF structures when

subtle differences in the organic linker chemistry are applied. Good examples of

such subtleties are those cases where the non-functionalized ligand chemistry is

changed, e.g., from a triple bond to a phenyl ring or to various combinations/orders

of both moieties. Furthermore, it is crucial to investigate whether the equilibrium

properties extracted from the 0 K simulations above can easily be generalized to

account for the finite temperatures and pressures present under in operando condi-

tions, which may be far from equilibrium. Addressing these questions requires a

more advanced approach, relying on the construction of mechanical equations of

state that allow us to determine the mechanical properties at finite temperatures

and deduce the loss-of-crystallinity pressure.29,31,43,44

The approach is illustrated here for a subset of the high-throughput space bearing the

fcu topology, encountered in UiO-66-type materials, for which our prior HTS indi-

cated outstanding mechanical stability while maintaining an appreciable LCD and

pore volume, necessary for energy applications for which a good adsorption perfor-

mance and mechanical stability are needed. Through molecular dynamics (MD) sim-

ulations using ab initio-derived QuickFF force fields,48 300 K pressure-versus-volume

equations of state are constructed to accurately determine the mechanical stability of

those MOFs composed of the 12-coordinated Zr6(m3–O)4(m3–OH)4 metal-oxide no-

des and each of the 14 different organic ligands depicted in Figure 1B, adopting

the protocol outlined by Rogge et al.44 The chosen linkers, containing up to four

phenyl, carbon-carbon triple bond, and/or tetrazine moieties, form a representative

set to study the effect of replacing or reordering these moieties on the mechanical

properties of the 14 MOFs. A first comparison of the predicted equilibrium cell

lengths at 300 K with the measured ones for the MOFs that were already character-

ized experimentally—the UiO-66 series,49 NU-800,50 BUT-30,51 and PCN-11152—

reveals that our methodology yields a maximum deviation of only 2.6% for

NU-800, while all other deviations are below 1.2% (see Table S3).

Given this good agreement, the equilibrium cell length, equilibrium bulk modulus,

and loss-of-crystallinity pressure were derived from our 300 K pressure-versus-

volume equations of state following the procedure outlined schematically in Fig-

ure 5A. Focusing on the equilibrium regime, Figure 5C reveals that the bulk

modulus strongly decreases when adding extra moieties to the linker, similar to

our earlier observation on the larger set of materials. These results also allow

further study of the dependency of the bulk modulus at a finite temperature on

subtle differences in the nature and length of the organic linkers. When looking

at a fixed total number of moieties in the linker, exchanging a carbon-carbon triple

bond (T) moiety with a phenyl (P) moiety leads to a decrease in the bulk modulus.

Furthermore, Figure 5C reveals that substituting the phenyl ring (P) by a tetrazine

ring (N) leads to a consistent, albeit small reduction in the bulk modulus. These

observations can be rationalized by determining the predicted bulk modulus as

a function of the predicted equilibrium cell length (Figure 5E). A clear negative cor-

relation between both is present, indicating that the equilibrium cell length can be

used as an accurate predictor for the bulk modulus for a given topology, with an
Matter 1, 1–16, July 10, 2019 9



Figure 5. Probing MOF Stability Using In Operando Molecular Dynamics

(A) Schematic overview of the different structural and mechanical properties that can be extracted

from the pressure-versus-volume equations of state at in operando conditions. Predicted (B) loss-

of-crystallinity-pressure and (C) bulk modulus for the 14 fcu materials as a function of the total

number of moieties (T + P + N) in the organic linker; predicted (D) loss-of-crystallinity pressure and

(E) bulk modulus as a function of the predicted equilibrium cell length of the MOF. Data points are

color coded according to the type of moieties in the linker, with linkers containing only T, P, or

N indicated by red, cyan, and magenta spheres, respectively, and mixed M (T, P) linkers indicated

with yellow spheres.
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increasing cell length leading to a decrease in bulk modulus. This is in full agree-

ment with the observations that the bulk modulus decreases with increasing LCD

for the larger dataset in Figure 2, as the LCD and equilibrium cell length are line-

arly dependent for a given topology.

At this point, we mainly focused on equilibrium properties—the equilibrium cell

length and bulk modulus—to extract information about the mechanical rigidity

of these materials. However, for MOFs to be routinely adopted for industrial
10 Matter 1, 1–16, July 10, 2019



Figure 6. Probing MOF Stability Using In Operando Molecular Dynamics

Predicted bulk modulus, equilibrium unit cell length, and loss-of-crystallinity pressure, as extracted

from the 300 K pressure-versus-volume equations of state for 14 fcu MOFs. Loss-of-crystallinity

pressure is stated in the boxes. Box colors indicate the number of T, P, or N blocks in the linker.
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applications, we are especially interested in the pressure these materials can with-

stand before collapsing toward an amorphous phase, as this determines the

maximum pressure they can withstand during pelletization or when used in large

adsorbent beds. From the pressure-versus-volume equations of state, it is straight-

forward to derive the loss-of-crystallinity pressure, which was validated to be an ac-

curate proxy for the experimental amorphization pressure.44 Figures 5B and 5D

show the predicted loss-of-crystallinity pressure as a function of the total number

of moieties in the linker and as a function of the equilibrium cell length, respectively.

Only UiO-66 and UiO-L1 retain their crystal structures above 1 GPa. The fcu MOFs

with longer linkers (e.g., linkers containing 2–4 moieties) are clearly less stable

with loss-of-crystallinity pressures below 0.55 GPa. As highlighted in Figure 6, we

observe that the exact position of the phenyl moiety does not appreciably influence

the mechanical stability, as the fcu MOFs based on linkers L9, L10, and L11 have a

comparable bulk modulus. For most materials, a good correlation between the pre-

dicted bulk modulus at equilibrium and the predicted loss-of-crystallinity pressure

near mechanical instability is observed (Figure 6). Therefore, for a specific topology,

the equilibrium cell length seems to be a good predictor of mechanical stability,

both at equilibrium, as expressed via the bulk modulus, and near mechanical insta-

bility, as expressed via the loss-of-crystallinity pressure. This conclusion is in agree-

ment with the HTS results described above. However, onematerial deviates strongly

from this global trend: whereas the phenyl-based UiO-66 (linker L2) has an appre-

ciable larger equilibrium cell length than its triple-bond counterpart UiO-L1 (linker

L1) and an associated smaller bulk modulus (34.7 GPa versus 26.0 GPa), its loss-

of-crystallinity pressure is substantially larger (1.84 GPa versus 1.09 GPa). For the

two materials, also the Born stability criteria were constructed53 to obtain insight

into the macroscopic mode along which the material first becomes mechanically

unstable, yielding complementary insight into the pressure-versus-volume profiles

derived above.31 This further analysis reveals that a different weakest mode of defor-

mation induces the mechanical instability (see Figure S22).
Matter 1, 1–16, July 10, 2019 11
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Conclusion

We have performed high-throughput molecular mechanics calculations to establish

structure-mechanical stability relationships for 3,385 MOF materials with 41 distinct

topologies. We not only identified top robust network topologies—crucial to design

MOFs relevant for industrial applications—but also explained how the interplay

between the key structural features of MOFs, such as their building blocks, coordi-

nation number, and/or linker type and length, render more deformation-resistant

structures. The web-based visualization tool allows users to analyze the results inter-

actively through over 1,000 unique structure-mechanical property relationships

using 15 structural and mechanical features in 5D plots. This capability is key to

understanding the ‘‘combinatorial descriptors’’ that affect the mechanical stability

of MOFs. In addition, we demonstrated the power of an ANN algorithm to not

only accurately predict the bulk modulus for a large number of materials but also

highlight the importance of taking into account the topology in the accuracy of

such predictions. To obtain deeper molecular-level insight on the key features gov-

erning the mechanical stability of these materials and to investigate whether these

0 K HTS results can be generalized to finite temperature and pressures, in operando

MD simulations using ab initio-based force fields were performed for a representa-

tive set of 14 fcu MOFs. These MD simulations revealed that the equilibrium cell

length and bulk modulus at 0 K, which can be obtained from a fast HTS, are repre-

sentative of the critical pressure these materials can withstand at in operando tem-

peratures. As a result, this study provides unprecedented insight into the rational

design of mechanically robust MOFs able to endure the pressures to which they

are exposed in industrial settings. These capabilities will allow researchers to assess

and easily predict the mechanical properties of new MOFs synthesized in their labs,

as well as to design hypothetical structures that combine good adsorption perfor-

mances with elevated mechanical stability, which is crucial for these materials to

be adopted industrially in the energy domain and beyond.
EXPERIMENTAL PROCEDURES

High-Throughput Molecular Mechanics Calculations

For each MOF, we calculated the mechanical properties, including the bulk, shear,

and Young’s moduli, using classic molecular mechanics via the constant strain

approach implemented in the Forcite module of Materials Studio.54 First, the geom-

etry of the structures was optimized using the universal force field (UFF), given its

general applicability for determining the mechanical properties of rigid MOFs55

(see also Figure S24). When dealing with Cu-Cu paddlewheel structures, we kept

a "scaffold" atom bound to a Cu atom to keep it 6-coordinated in the paddlewheel

environment, so that the MOFs retain their structural integrity. We also compared

the UFF-predicted elastic constants for 14 fcu-type materials with those obtained

with ab initio-based force fields with QuickFF.48 From Table S5 and Figure S24, it

is clear that the UFF force field in Materials Studio correctly predicts the trends of

the elastic constants as a function of the linkers, although the absolute values of

the elastic constants are overestimated by up to about a factor of 2–3 compared

with the results obtained with QuickFF. Such qualitative agreement was deemed

satisfactory for the first stage of our HTS approach for thousands of materials. In

Materials Studio, any symmetry from the MOF was removed, and different strains

were applied to the structure. For each strain, the structure was re-optimized (with

the relevant constraints) and the stress was calculated. The stress and strain tensors

obtained were used to determine the mechanical properties that show the material

response to deformation (see Supplemental Information for details).54 Table S1

shows all the simulation parameters. Structural characteristics, including accessible
12 Matter 1, 1–16, July 10, 2019



Scheme 1. The Artificial Neural Network

The graph shows how the output y is computed from all the inputs xi. A linear combination (gray

lines) of the given properties (red) are taken by the hidden nodes (blue), a non-linear tanh function,

and a linear combination (gray lines) gives the predicted property (green).
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surface area, accessible volume, LCD, and PLD, were computed using the Zeo++

software package.56 A N2-equivalent probe of radius 1.86 Å was used for surface

area calculations, whereas a probe of radius 0 Å was used for calculating the pore

volume. Figure S2 shows the histograms of the geometric properties for all MOFs.

Machine-Learning Algorithm

The tool and methodology follow the prescription developed by Conduit et al.46,47

A typical ANN is shown in Scheme 1. The I inputs xi for i = 1. I are used to calculate

H intermediate hidden nodes hh for h = 1.H. The free parameters Aih, Bh, Ch,D are

optimized to predict training data y through a non-linear tanh function, and then

verified against 20% of the data that were withheld for cross-validation. The mathe-

matical transformation contains weights that are optimized during the training

process with the training data (i.e., 80% of the total data available). The procedure

was repeated five times during cross-validation. Typically, 30 hidden nodes gave

the best fitting neural network. Starting from the simulated bulk modulus, an ANN

model is trained on the data for the 3,385 MOF structures to predict the bulk

modulus for a given set of geometric properties and optional topology. The model

without topological information uses 4 descriptors, whereas the model with topol-

ogies employs 45 to include each of the 41 topologies as a separate descriptor

corresponding to having or not having a certain topology (e.g., a descriptor fcu

has the value of 1 for all MOF structures of fcu topology and a value of 0 for all other

structures). The topologies are treated as 41 separate categories as they cannot be

placed in an ordered list. The code is provided in Data S1.

Molecular Dynamics Simulations with Ab Initio-Derived Force Fields

Following the large screening, MD simulations on the materials exhibiting the fcu

topology were carried out in Yaff, a freely available software package developed in

house. These finite-temperature simulations were performed using newly developed

force fields based on accurate ab initio input following the QuickFF protocol,48,57 us-

ing the conventional unit cell containing four inorganic nodes. For UiO-66, it was vali-

dated earlier that this conventional unit cell is sufficiently large to reliably predict its
Matter 1, 1–16, July 10, 2019 13
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mechanical stability.44 The mechanical properties at finite temperature were deter-

mined via the construction of pressure-versus-volume equations of state for the

14 fcu materials, carried out in the dedicated (N,V,sa = 0, T) ensemble.43 This

ensemble was specifically constructed to study phase transformations and mechani-

cal instability for materials in which the volume is a good descriptor of the phase tran-

sition.43 Figures S8–S21 show the resulting profiles, fromwhich the structural andme-

chanical properties both at equilibrium and near mechanical instability were

extracted. To predict the experimental loss-of-crystallinity pressure from our simula-

tions with periodic boundary conditions, we extracted the critical pressure above

which the predicted symmetry of the material drops sharply. Further details on these

MD simulations can be found in the Supplemental Information.

5D Web-Domain Visualization Tool

Further to analysis of the mechanical properties, we have established a 5D interac-

tive visualization web domain. All the structure-stability relationships discussed in

this paper can be reproduced online at http://aam.ceb.cam.ac.uk/mof-explorer/

mechanicalproperties. Users can explore the entire mechanical properties phase

space containing the 3,385 structures with 41 different topologies interactively,

with any one of 15 variables plotted on each of the 5 axes resulting in over 1,000

unique representations that can be produced according to the user’s interest.

Individual MOFs and topologies can be filtered or searched for either by selection

from the graph or by their names and properties. The visualization tool requires

no programming ability from the user.

SUPPLEMENTAL INFORMATION

Supplemental Information can be found online at https://doi.org/10.1016/j.matt.

2019.03.002.
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