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Synthesizability: The Open Question in Digital MOF Discovery
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ABSTRACT: The growing number of hypothetical metal-organic frameworks
(MOFs) has created a need for reliable methods to identify candidates that can
be synthesized experimentally. This Viewpoint examines current computational
approaches to the evaluation of MOF synthesizability, grouping them into ther-
modynamic, strain- and mechanics-based, and data-driven methods.
Thermodynamic studies evaluate formation enthalpies or free energies, stability
relative to competing phases, and can include solvent effects. Structural
approaches quantify linker deformation and mechanical stability as a proxy
for viability of a hypothetical structure. Data-driven machine learning models
use geometric, topological, or chemical relationships to known materials as a
way to estimate synthesizability. We review the recent advances of these approaches, their strengths and their limitations, noting
that at the present time, there is no silver bullet to solve this open challenge. Future progress will require combining complementary
methods and using consistent experimental data to refine computational models and allow the identification of candidates for syn-
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thesis in screening studies.

he discovery of novel metal-organic framework (MOF)

structures is a fast-paced area of research with a vibrant
community. In this area, as in many other research fields,
data-driven methods offer the prospect of moving beyond the
standard methods of materials discovery, based on trial-and-
error, chemical intuition, systematic exploration of synthetic
space, and serendipity. Computational methods based on the
principles of reticular and coordination chemistry have been
used for more than 15 years to create databases of hypothetical
MOF structures, by combinatorial assembly of predefined
building blocks' or topology-based crystal construction.”
More recently, advances in generative artificial intelligence
(GenAl) in the field of materials science have been rapid: gen-
erative models to create novel crystalline structures are com-
monly applied to inorganic materials,” and are now being used
to propose new MOF structures within the constraints of their
specific chemistry.® Such methods of enumeration or explora-
tion of the MOF chemical and structural space are typically
coupled with high-throughput computational screening work-
flows for specific applications, to select top-performing candi-
date materials for selected physical and chemical performance
indicators.”

The principles of reticular and coordination chemistry com-
bine to make the number of possible MOF structures infinite,
and several databases of hypothetical MOFs contain millions
of materials in total. Yet, only about 100,000 MOFs have actu-
ally been reported to date:® this discrepancy is the core of the
question of synthesizability (or, put differently, of experimental
feasibility), which remains one of the great open challenges in
our field of research: given a hypothetical structure, how likely
is it that it can be synthesized?”'” The question has several
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ramifications, including the identification of specific synthetic
procedures, or the imposition of constraints on the resources
that can be allocated for the synthesis: can a material be
obtained in a given time, with a limited number of starting
materials, within a fixed budget, or with a green chemistry path-
way? This is one of the hardest, and therefore least often
addressed, questions of the Al-assisted discovery of MOF mate-
rials. However, it has a fundamental relevance for the discovery
of novel materials in the real world, limiting the number of
hypothetical structures that can actually be made in the lab
(and therefore, later, translated to applications).

But while the problem remains unsolved, there have been
several recent efforts to address this elephant in the room in
the digital discovery pipeline for MOFs. We will present these
recent attempts at quantifying the feasibility and stability of
MOF structures, through several different proxies, such as
thermal, mechanical and chemical stability, as well as experi-
mental synthesizability. We will also contrast the situation of
MOFs with related families of compounds, where the field is
more advanced, such as in zeolites and dense inorganic com-
pounds — suggesting some possible inspiration for future
research.
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The first family of approaches to the question of experimen-
tal feasibility has been to link synthesizability to the thermody-
namic stability of the MOF framework. This approach draws on
earlier findings that, while MOFs like other nanoporous frame-
work materials can display an important degree of polymor-
phism, there are strong links between the thermodynamic
stability of the framework, its density, and its experimental like-
lihood of synthesis.'"'* Building upon that background, in
2020, Anderson and Goémez-Gualdrén'® proposed the first
large-scale study of the synthetic likelihood of MOFs through
the calculation of free energies. In order to achieve this high-
throughput scale, they had to use a computational method with
relatively low computational cost, and therefore significant
approximations, such as the use of simple “universal” force fields
and some ad hoc corrections to account for the metal/linker
ratio. In doing so, they could identify that all experimentally
synthesized MOFs within their data set clustered below a free
energy threshold of a few kJ/mol. This highlighted that a low
free energy is a necessary, but not sufficient, condition for a
MOF to be synthetically accessible. It it exemplified on
Figure 1 (left panel), where the threshold is visible as an orange
line; it is also clear from the graph that not all the MOFs below
the free energy threshold have been experimentally synthesized.

From the seminal work of Anderson and Gémez-Gualdrén,'®
the necessity to go deeper is highlighted by two facts. First, not
all MOFs with low free energy are experimentally realized.
Second, there are cases in which, in a family of MOF poly-
morphs, the synthesized one is not the lowest free energy struc-
ture (about 20% of such occurrences). Several recent works
have therefore tried to improve various aspects of the use of
thermodynamic metrics as a proxy for experimental synthesiz-
ability. Wu et al.'® have proposed an acceleration of the free
energy calculation, developing a deep-learning predictor that
speeds up the evaluation of synthetic likelihood and can scale
to tens of thousands of hypothetical MOF structures. Their pre-
dictor is based on the transformer-based TabPFN framework,'®
and trained against classical molecular dynamics results. A similar
deep-learning approach was also taken by Niyongabo Rubungo
et al.:'” these authors introduced a sequence representation of
MOFs, incorporating both local and global MOF features, as
input to a large language model for free energy prediction.

In a different approach, Dallmann et al. recently performed a
large-scale density functional theory (DFT) study of more than
20,000 MOFs and coordination polymers, in order to compute
their formation energies.'® This strategy is complementary to
the free energy methods presented above: it has the advantage
of allowing a more accurate computation of the energy (at the
quantum chemical level, rather than relying on “universal” clas-
sical force fields). On the minus side, it neglects the entropic
aspects of the stability, which can be an important contribution
for MOFs due to their high number of degrees of freedom."?
On the basis of these energy calculations, Dallmann et al. con-
structed convex hull phase diagrams®® and argued for the use of
the energy above hull as a synthesizability metric for hypothetical
MOFs — one that has proven very powerful in other families of
materials, and in particular in dense inorganic crystals.”"**

However, MOFs are different from dense phases because of
their porosity. Most MOFs are thermodynamically metasta-
ble,* ie., they lie above the global energy minimum — but
not by too much. They have a thermodynamic penalty associ-
ated with their porosity, and their experimental existence there-
fore depends on kinetic trapping, and is linked to the conditions
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of their synthesis. Moreover, solvent and other molecules are
present in the nanopores during synthesis, and their influence
can have a major impact as the favored phase will often not cor-
respond to the most stable evacuated framework. Fajardo-Rojas
et al. proposed a methodology to account (at least in part) for
this influence of the synthesis environment that is absent from
previous dry-crystal stability metrics. This work parallels, in a
way, the computational work performed to better understand
how the presence of template molecules (or structure-
directing agents) affects the energetic ordering of zeolite topol-
ogies and the synthesis of specific structures.”*** Fajardo-Rojas
et al. performed calculations of heats of adsorption and solva-
tion free energies in MOFs for four common solvents (DMF,
water, methanol, and n-hexane).?° Because calculations of solva-
tion free energies are computationally expensive, they intro-
duced an extrapolation protocol based on partially solvated
structures. Their findings highlight that solvent stabilization
can reverse the intrinsic stability order of MOFs among a family
of polymorphs. Although that work has not yet been scaled up
to a more systematic level, it is a promising step in the direction
of including solvent effects in the evaluation of MOF synthesiz-
ability — and future work may also considering the influence of
temperature.

Although thermodynamic stability is a good proxy for synthe-
sizability in dense materials, we have seen that nanoporous
frameworks, by their very nature, are designed to be metastable
phases. Therefore, approaches that avoid relying on formation
energy (or free energy) have been proposed as alternative views
of MOF stability.

Livas et al. proposed in 2024 the MOFSynth methodology,
whose goal is to estimate the synthetic likelihood of MOFs
based on the strain of the framework structure.'* They decom-
pose each material into its constituent building blocks, focusing
on the organic linkers, and comparing the energy and geometry
between the linker conformation within the MOF structure and
its isolated, relaxed state (see Figure 1, right panel). This
approach is local (not global) and therefore has relatively cheap
computational cost, making it suitable for large-scale screening
of databases. Moreover, it is based on chemical intuition and
can be easily interpreted: a high deformation energy or large
geometrical change indicates an implausibly strained linker.

In their original 2024 paper,'* Livas et al. applied their meth-
odology to more than 40,000 MOFs from existing databases,
with energy evaluation performed at the classical level with a
UFF force field. In later work, the same group extended their
implementation to a new version of the tool, named
MOFSynth-ADV, with greater capabilities.>” In particular, they
demonstrated the possibility of using more accurate energy cal-
culations for the linkers, through either extended tight-binding
(XTB)*® or machine learning interatomic potentials (MLIP).*

One can generalize this concept of structural strain as a proxy
for feasibility by considering, more broadly, the mechanical sta-
bility of the hypothetical MOF structures as a criterion for high-
throughput screening. This is an idea that has proven useful in
the field of zeolites, where a previous study showed that in
order to be experimentally feasible, hypothetical zeolite struc-
tures need not only to have low formation energy, but they also
require some degree of mechanical stability.”” When it comes to
MOFs, it has been clearly demonstrated that there is a balance
to achieve between porosity and mechanical stability,®" and that
MOFs can display a wide range of mechanical properties,
heavily influenced by chemical composition, geometry and
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Figure 1. Two methods for the evaluation of MOF synthesizability. Left: Distribution of relative free energy (A, Fr; ) versus metal-to-linker atoms
ratio of each MOF. The purple points correspond to 54 previously synthesized MOFs, and the gray points are the remaining 8500 hypothetical
MOFs. The horizontal line correspond to a free energy threshold identified as a criterion for synthesizability of a MOF. Reprinted from ref 13.
Right: Schematic representation of the MOFSynth workflow: linker extraction, optimization of the isolated linker, comparison of the original and
optimized structures and energies. Reprinted from ref 14 under the terms of the CC-BY 4.0 license.

topology.*” Therefore, researchers have worked to incorporate
such a criterion in computational workflows, as the field rapidly
progressed in evaluating the mechanical stability of frameworks
through theoretical methods, at various levels of theory.*

One such example is the screening study of MOFs for CO,
capture by Mohamed et al.,** which incorporated mechanical
stability among other factors in their procedure. The authors
estimated this from elastic constants obtained through molecu-
lar dynamics simulations, and therefore calculated at the same
time as thermodynamic stability in the form of free energy.
This evaluation was performed at the end of the screening fun-
nel, because it is expensive and can only be performed at the
scale of hundreds of materials — although the use of machine
learning predictors could reduce in the future the computa-
tional cost of mechanical characterization, as promising studies
have shown for MOFs*® and other framework materials.*®

A third family of approaches to the question of experimental
feasibility is to avoid reliance on physics-based proxies and
instead use data-driven methods, built on the experimental
knowledge available from the published literature. In this phi-
losophy, a hypothetical framework is promising if its local
geometry or global topology resembles experimentally realized
frameworks, where the crux lies in the definition of “resemblance”.
This is a powerful method, because it learns not from computa-
tional proxies but from actual experimental data. Moreover,
the definition of similarity of structures can be very flexible
and can include very rich high-dimensional descriptors.
One limitation of this approach is that the “feasibility” that
is learned by the models does encode several biases, and has the
potential to penalize genuinely novel but accessible structures.
Another is that it offers limited interpretability and explainability.

A recent example of this approach is the publication by Lee
et al. of a data-driven search algorithm to identify synthesizable
zeolitic imidazolate frameworks (ZIFs).3” Within a well-defined
chemical space, the authors applied explicit geometrical and
topological rules on the tetrahedral networks based on experi-
mentally known ZIF structures to reduce a database of
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4.4S million potential zeolitic structures to 420 candidate ZIF
topologies. Atomistic models of the corresponding ZIFs were
constructed with the topology-based ToBaCCo software,” opti-
mized with an ab initio-derived ZIF force field to relax their
structure, and ranked based on energy. The power of this
approach was confirmed by experimental synthesis of three
new ZIFs corresponding to two previously unreported topolo-
gies: UZIF-31, UZIF-32, and UZIF-33.

The use of less explicit criteria is also possible, relying on
higher-dimensional descriptors of the structures and suitable met-
rics in descriptor-space. While they have not been applied (to our
knowledge) to MOFs yet, such a methodology has been used by
Helfrecht et al.*® to rank the synthesizability of hypothetical zeo-
lites — a problem very similar to that of MOFs. These authors
trained linear support-vector classifiers to distinguish experimental
zeolite topologies (only 230 of them are known) from hypotheti-
cal structures from the database of Deem and Pophale (more than
300,000 frameworks),* using Smooth Overlap of Atomic
Positions (SOAP) descriptors* to represent the structures. The
classifier achieved an accuracy of 95% in distinguishing experimen-
tal and hypothetical structures. This approach is very promising
and could be extended to other families of nanoporous materials
such as MOFs, given that there are a large number of data sets
available for both hypothetical and experimental structures.*'

In a related direction, Zhang et al. proposed to evaluate the
synthesizability of hypothetical MOFs through data-driven
methods, but operating in chemical space rather than topological
or geometrical space.”” Their approach directly addresses the lack
of trustworthy negative synthesis data (ie., systematic records of
failed synthesis attempts) by training one-class classifiers only
on experimentally observed metal-linker combinations. This is
an interesting direction, although such models are quite difficult
to evaluate and validate, and direct confirmation by experimental
synthesis has not yet been performed.

Finally, to complete this overview of methods summarized in
Figure 2, it is important to note that data-driven approaches
have been used in the past few years to go beyond the question
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Figure 2. Summary of the different computational approaches to the determination of MOF synthesizability, sorted according to the scale of infor-

mation used and the nature of the computational workflow.

of whether a material is synthesizable, and actually attempt to
predict the synthetic conditions needed to synthesize a specific
MOFE. Though current research on this topic is still in the early
stages, it has seen a lot of interest and is based on the recent
development of several databases of experimental MOF synthe-
sis information. Such databases are assembled by application of
text- and data-mining methods to the published scientific litera-
ture, including both journal articles and deposited crystal struc-
tures, through the use of either natural language processing
(NLP) techniques (such as in the SynMOF* and DigiMOF**
databases) or Large Language Models (LLM, as in the case of
MOF-ChemUnity).*

As we have seen, the computational determination of the
experimental feasibility, or synthesizability, of hypothetical
MOF structures is still a widely open challenge. Several
approaches have been put forward, either relying on the evalu-
ation of frameworks’ thermodynamic and mechanical stability,
or using data-driven methods to identify the similarity of a pro-
posed structure to previously synthesized materials. These
promising methodologies will no doubt be extended and com-
plemented to get closer to a complete solution, and we seem
to be at a pivotal moment for this important problem.

One of the active avenues of research is to broaden the exist-
ing criteria for stability. In addition to relying on thermody-
namic and mechanical considerations, works have proposed to
evaluate the thermal stability of framework materials, as well
as stability upon activation of the as-synthesized material.**
Going in this direction, the Kulik group has performed data
mining of the published literature, through natural language
processing and image analysis, to create data sets of
solvent-removal stability measures, thermal degradation tem-
peratures, as well as information on stability in water and in
acidic conditions.*>*” They then used these new data sets to
train machine-learning predictors for chemical robustness of
MOF frameworks, with a stricter evaluation of stability that
was not accessible before. It may also shift the discussion
somewhat from the question of “synthesizability” to that of
“usefulness”: if a nanoporous material can be synthesized
but cannot be activated or is not stable in mild conditions,
what good is it as a candidate for applications? It certainly
limits the range of usability, for example, to processes that
do not require porosity or that can be designed to work
around air- or water-sensitivity.
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