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Digital discovery of metal-organic frameworks (MOFs) has advanced rapidly, driven by the tremendously
large number of experimentally synthesized and computationally designed structures, high-throughput
screening, and artificial intelligence. Yet a fundamental bottleneck remains: many hypothetical MOFs
(hMOFs) may never reach a chemical laboratory. This gap has rendered the synthetic likelihood of MOFs
a central challenge in translating digital MOF discovery into experimental synthesis and test. In this
perspective, we provide an overview of recent progress in interrogating the synthetic likelihood of MOFs.
First, thermodynamic analysis, focusing on free energy as a physically grounded metric for assessing
synthesizability, is presented. Then, emerging data-driven heuristics, such as synthetic scores,
classification models for synthesizability prediction, and machine-learning methods for predicting
synthesis conditions directly from atomic structures, are discussed. Finally, we offer an outlook on future

directions, including scalable free-energy calculations, synthesis-aware inverse design, and unified
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1 Introduction

The 2025 Nobel Prize in Chemistry recognized Susumu Kita-
gawa, Richard Robson, and Omar Yaghi for their pioneering
development of metal-organic frameworks (MOFs)." As crys-
talline nanoporous materials with remarkable tunability in
topology and functionality, MOFs have shown great potential in
a wide variety of applications. Along with over 120 000 experi-
mentally synthesized MOFs and MOF-like structures,>* millions
of hypothetical MOFs (hMOFs) have been computationally
designed.*” More recently, generative artificial intelligence has
attracted substantial attention as a powerful tool for generating
hMOF structures, either conditionally or unconditionally,
significantly expanding the accessible design space of MOFs.**°
These hMOFs were computationally screened for specific
applications (e.g., CO, capture, H, storage and H,
production),"** and top-performing hMOFs were identified
with the implicit assumption that they would be synthesized.**
Without interrogating synthetic likelihood, however, such
computational screening risks to produce synthetically
implausible MOFs that are excellent on a plot but not in
a chemical laboratory.*

It is of central importance to develop reliable measures for
the synthetic likelihood of MOFs, thereby bridging the divide
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between digital discovery and experimental realization. In this
perspective, we present the recent efforts on reliable and
actionable approaches for evaluating the synthesizability of
MOFs. Our objective is to address the key translation gap in
digital discovery of MOFs, turn the design from “performance
optimization” into “performance optimization subject to syn-
thesizability”, and promote closer integration between in silico
design and actual experimental synthesis.

We adopt synthetic likelihood here as an operational metric
to describe the propensity of a MOF that can be synthesized
experimentally. This notion is intentionally broader than
a purely thermodynamic definition of stability. While thermo-
dynamic competitiveness provides a necessary physical foun-
dation, the synthetic likelihood of a MOF is also governed by
chemical validity, pathway dependence of crystallization, and
kinetic accessibility.’® In particular, crystallization can be
controlled by both thermodynamic and kinetic factors,
implying that the lowest free-energy polymorph is not neces-
sarily an experimentally producible structure under a given
synthetic route.’” Consequently, synthetic likelihood should not
be treated as a standalone quantitative descriptor, but rather as
a set of progressively enforceable constraints that can be
incorporated into a digital discovery workflow.

At the most fundamental level, a MOF must satisfy chemical
validity, including reasonable oxidation states and coordination
environments, as well as overall charge balance.’® A structure
that violates these basic chemical rules undermines the
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reliability of downstream simulation or prediction.">'*** In
addition, database-level inconsistency and differences in
structural curation may propagate into systematic uncertainties
in large-scale simulation results.>* Once chemical plausibility is
ensured, thermodynamic factors, particularly the free energy of
the MOF compared with that of experimentally realized struc-
tures, provide physically grounded criteria for evaluating ther-
modynamic competitiveness.*”>” Beyond physics-based criteria,
data-driven heuristics offer complementary routes for esti-
mating synthetic likelihood. In this context, machine-learning
models trained on known experimental MOFs can capture
statistical patterns in the chemical space of MOFs that correlate
with experimental realizability and synthesis conditions.****

Importantly, synthetic likelihood is multidimensional. A
number of factors such as activation stability, hydrolytic or
thermal robustness, and mechanical stability come into
a complex interplay in determining whether computationally
designed MOFs can be synthesized and practically utilized.**°
In this perspective, we discuss two major approaches for
quantifying synthetic likelihood in MOF discovery: thermody-
namic stability analysis and data-driven heuristics.

2 Thermodynamic stability analysis

As a comparative route for assessing synthetic likelihood,
thermodynamic stability determines whether a structure is
energetically competitive relative to experimentally realizable
structures. A key step in the thermodynamics-informed
synthetic likelihood is based on free energy. Compared with
inorganic solids, however, evaluating the free energies of MOFs
presents additional challenges. This is because MOFs exhibit
enormous diversity in metal nodes, coordination environments,
linker chemistries, and structural topologies, making direct
comparison of free energies across chemically distinct MOFs
less meaningful. Instead, synthetic likelihood is often evaluated
through relative free energies, which compare the energetic
competitiveness of a structure within chemically comparable
structures (i.e., in similar metal-organic coordination environ-
ments).?®> Another important consideration arises from
isomorphism, where multiple MOFs may share identical

1 Vmax
FQHA =U + = [ hVD(V)dV + kBT

2 Jo

chemical composition but differ in structural topology.**** In
such cases, several structures may satisfy general thermody-
namic criteria, yet synthesis typically favors the isomorph with
the lowest free energy. Nevertheless, it should be noted that
thermodynamic stability alone does not fully determine syn-
thesizability, because crystallization can also be governed by
kinetic effects, that is, metastable MOFs may be experimentally
accessible under kinetic control.**
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2.1 Free energy calculation

Among available approaches, the Frenkel-Ladd (FL) thermo-
dynamic integration method* provides a formally exact route
for calculating the Helmholtz free energy of a crystalline solid at
a specified cell volume (Fig. 1). In this method, the free energy
difference between a target crystal (e.g., a MOF) and a reference
Einstein crystal is obtained by integrating along a coupling
parameter A that continuously transforms one Hamiltonian into
the other. This A-dependent Hamiltonian H(4) is defined as:

where H; is the Hamiltonian of the Einstein crystal and He is the
Hamiltonian of a MOF crystal described by an interatomic force
field or electronic-structure method. The free energy difference
between the two crystals AF is obtained through thermody-
namic integration over A between 0 and 1. The absolute free
energy (Fg) of the MOF can be evaluated from the following
equation:

hw,-

kg T

N
FFL:FEC+AF:3kBTZIn( )+AF (2)
i=1
where N is the number of framework atoms, kg is the Boltzmann
constant, 7 is the reduced Planck constant, T is the temperature
under consideration, and w; is the harmonic frequency of atom i
determined from its mass and spring constant. The spring
constant can be computed from the mean-squared displace-

ment of atoms via the equipartition theorem.

The FL method is most commonly implemented using
classical molecular dynamics (MD) simulation with an empir-
ical force field, because extensive samplings along the coupling
pathway are required. In principle, ab initio molecular dynamics
(AIMD) simulation can also be applied in the FL method, but
the computational cost typically restricts such applications to
relatively small systems (e.g., <100 atoms). As an alternative, the
Quasi-Harmonic Approximation (QHA) estimates the vibra-
tional contribution to the Helmholtz free energy of a crystal
from phonon spectra at a given volume and, when evaluated
over different volumes, can be used to estimate the Gibbs free
energy under a constant-pressure condition,®

Emax D(v)ln {1 - exp( - k;]lg_”Tﬂ dv (3)

where U is the potential energy of an equilibrium structure, D(v)
is the phonon density of states, and » denotes the vibrational
frequency. The phonon density of states may be obtained from
either lattice dynamics calculations based on density-functional
theory (DFT) or velocity autocorrelation functions derived from
an MD trajectory. Compared with the FL method, the QHA
neglects strong anharmonic effects but can be evaluated using
significantly shorter simulations or harmonic phonon calcula-
tions. As a result, it provides a practical approximation for

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6sc02765b

Open Access Article. Published on 17 June 2026. Downloaded on 6/18/2026 7:27:30 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Perspective

View Article Online

Chemical Science

\ S ) )
) ) )
) — —p \
N N ) ) )
) ) )
Einstein crystal Hybrid crystal Real MOF crystal
H; (1 - A)H; + AH¢ H¢

Fig.1 Schematic illustration of the Frenkel-Ladd thermodynamic integration method. Pink system: Einstein crystal with H;; blue: a hybrid crystal
with H(A) = (1 — A)H; + AHy; gray: a real MOF crystal with Hy. (Reproduced with permission from ref. 26, John Wiley and Sons, copyright 2026.)

estimating vibrational free energies across a large collection of
MOFs.

An example based on thermodynamic stability to predict
synthetic likelihood was illustrated for iron-sulfur MOFs
assembled from Fe,S, cluster and 1,4-benzenedithiolate (BDT)
linker.”* Specifically, a library of hundreds of hypothetical Fe,S,-
BDT MOFs with different charge-balancing cations was con-
structed. Based on the FL method, their free energies were
calculated, revealing a clear thermodynamic hierarchy among
competing structures. For all five examined cations (TEA, TPA,
MPA, MNP, and TPP), 1D structures were found to consistently
possess lower free energies than their 2D and 3D counterparts.
This study provides a direct thermodynamic basis for synthe-
sizability, i.e., an experimentally realizable structure occupies
the lowest point in the free-energy landscape under a given
chemical composition and environmental condition. Recently,
we also applied the FL method to investigate how Fy;, correlates
with reticular chemistry in 10 556 computational-ready experi-
mental (CoRE) MOFs,”” thereby linking thermodynamic
stability to synthetic likelihood.*® As presented in Fig. 2, MOFs
with more constricted cavities display both a higher median Fygy,
and a broader distribution of Fg;; however, those with larger
pore volumes generally fall within a lower Fg;, regime. In terms
of topology, MOFs with srs topology tend to show a lower
median Fg;. Due to a well-matched metal-linker coordination
environment and minimal lattice strain, Zn- and Mg-MOFs are
likewise skewed toward lower Fy;. Nevertheless, Eu- and In-
MOFs often exhibit higher Fg; because of greater structural
distortion and less favorable packing. Additionally, linker
chemistry also contributes, with nitrogen-containing moieties
exhibiting the strongest negative correlation with free energy.
Our results suggest that synthetic likelihood is governed
synergistically by the pore size and volume, topology, metal-
node chemistry, as well as linker environment, rather than by
a single factor alone.

2.2 Relative free energy

The chemical space of MOFs is extremely vast, comprising
a great variety of metal nodes with different coordination
environments, as well as numerous types of organic linkers.
Consequently, absolute free energies cannot be directly
compared across diverse frameworks. As shown in Fig. 3, MOFs
with different metal nodes (e.g., Cu, Zn, Cr, and Zr) occupy

© 2026 The Author(s). Published by the Royal Society of Chemistry

distinct regions in the free-energy landscape.>* This separation
arises primarily from differences in the intrinsic strain energies
of metal nodes and the ways these environments are described
(e.g., by interatomic force fields). A metal node with a higher
intrinsic strain or a coordination complexity tends to produce
a systematically higher free energy.

To circumvent this issue, Anderson and Gomez-Gualdron
introduced a relative free energy ApyF.>* This metric can be
obtained by subtracting a metal node-specific linear model of
free energy f from Fgy:

ApmF = Fpp —f = FpL —a x (A][Vl) —b (4)
m+n

where N,, and N,,.,, are the number of metal and total atoms,
respectively, in a MOF unit cell, and the coefficients a and b are
taken from the specific confidence interval of the linear model f
for each metal-node type. By removing the systematic energetic
contribution associated with each metal-node type, ApuF
effectively normalizes the free-energy landscape, mitigating
force-field artifacts and enabling consistent synthetic likelihood
comparison across chemically diverse MOFs.

The above idea was adopted in our recent study on high-
throughput screening of hMOFs for CO, capture.* Fig. 4a
shows the free energies versus the percentage of metal atoms for
148 hMOFs, which were extracted from the ab initio REPEAT
charge (ARC) MOF database®® and predicted with high CO,
capture performance. To determine the synthetic likelihood of
these hMOFs, the free energy (F) values of 79 CoRE MOFs* with
different metal-node types (pillared Cu-paddlewheel, pillared
Zn-paddlewheel, Zn,0, and V;0;) were calculated and used as
benchmarks (Fig. 4b). For each metal-node type, the F values of
CoRE MOFs were fitted against the percentage of metal atoms,
acting as a reference line. By subtracting the reference line (Fyu)
from the absolute F, the relative free energies A\ F were ob-
tained. As shown in Fig. 4c, all the 79 CoRE MOFs were capped
within ApyF of ~4.2 k] mol™', which was taken as the upper
bound for thermodynamic stability. Thereafter, 41 hMOFs
among 148 were identified to possess A\ F exceeding the upper
bound, being considered thermodynamically unstable and
unlikely to be synthesized.

A complementary thermodynamic metric was recently
introduced by Rosen and co-workers, who constructed convex-
hull phase diagrams for over 20 000 MOFs and coordination
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Fig. 2 Relationships between Fr_and (a) largest cavity diameter (LCD), (b) probe-centred pore volume (POV), (c) topology, and (d) metal type in
10556 CoRE MOFs. (e) Linker-dependence and correlation coefficients (Kendall, Spearman, and Pearson) for F¢ . Representative linkers are
shown for substructures with the most negative correlations. (Reproduced with permission from ref. 26, John Wiley and Sons, copyright 2026.)

polymers in the QMOF-Thermo Database. The energy above and most MOFs were predicted to be thermodynamically
hull was used to quantify the metastability of MOFs with respect metastable.** While the energy above hull can serve as a useful
to phase transition or decomposition into competing materials, synthesizability metric for filtering newly designed MOFs, one

Chem. Sci. © 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Fg versus (a) density, (b) gravimetric surface area (GSA), and (c) metal/linker atom ratio for MOFs with different metal-node types; (d—g)
breakdown of Fg_ versus metal/linker atom ratio. Black points denote synthesized MOFs, black lines are linear fits for synthesized MOFs with
different metal-node types, and shaded regions correspond to 95% confidence interval of linear fit. (Reproduced with permission from ref. 22,
American Chemical Society, copyright 2020.)
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should be cautious because it may not explicitly capture kinetic
factors or synthesis conditions.

2.3 Isomorph curation

A further point in thermodynamic stability analysis for
synthetic likelihood is the presence of isomorphic MOFs, where
identical building blocks (metal nodes and organic linkers)
assemble into multiple structural topologies.**** Large hMOF
databases frequently contain such isomorphic structures and
several of them may also satisfy the thermodynamic stability
criterion based on relative free energies. Consequently, evalu-
ating thermodynamic competition among isomorphs is
important for refining the set of candidate structures. By
grouping structures with identical chemical compositions and
comparing their relative free energies, unstable isomorphs are
systematically removed. Such isomorph curation can effectively
reduce redundancy and help produce a more confident list of
synthesizable hMOF candidates, ensuring that digital discovery
prioritizes the most thermodynamically plausible structures for
experimental synthesis.

Crystal structure prediction (CSP) provides a closely related
route for connecting building block chemistry with synthetic
likelihood. Instead of only filtering pre-existing MOFs, CSP aims
to predict which structure is most likely to assemble from given
metal nodes and organic linkers.*® Ab initio CSP studies have
demonstrated that experimentally realized MOFs could be
recovered from underlying building blocks and that predicted
low-energy structures could guide the discovery of new MOFs.*
In this sense, CSP complements the relative free-energy analysis
and isomorph curation by explicitly addressing which structure
is most likely to be realized for a given chemical composition.

3 Data-driven heuristics

Beyond physics-based stability analysis, data-driven heuristics
have emerged as a powerful route to evaluate the synthetic
likelihood of MOFs by learning directly from accumulated
literature records of experimentally synthesized MOFs. In
principle, data-driven heuristics can capture the statistical
synthesizability information that is difficult to encode explicitly
by stability analysis, especially as the chemical space of
synthesized MOFs is biased.** Recent progress in predictive
models has further expanded this paradigm, enabling not only
the classification of likely synthesizable MOFs, but also the
prediction of synthesis conditions.”***** These advances
suggest that synthesizability prediction of MOFs is evolving
from a purely stability-centered question into a broader infor-
matics problem. We will discuss three representative data-
driven heuristics: synthetic scores, direct prediction of synthe-
sizability, and prediction of synthesis conditions.

3.1 Synthetic scores

The concept of synthetic accessibility has long been explored in
drug discovery, where prioritizing compounds that are both
functional and synthetically tractable is essential for efficient
chemical development.*> Among the most widely used metrics
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are the synthetic accessibility (SA) score® and synthetic
complexity (SC) score,*” both proposed to estimate the difficulty
of synthesizing organic molecules. The SA score evaluates
synthetic feasibility by combining fragment contributions
derived from large databases of known molecules with penalties
associated with structural complexity such as rings, stereo-
chemistry, and molecular size. In contrast, the SC score adopts
a data-driven strategy, learning synthetic complexity directly
from a large reaction dataset based on the principle that reac-
tion products tend to be more complex than their precursors.
Both SA and SC scores provide rapid heuristics for filtering
MOFs that are likely to be experimentally accessible. However,
these scores remain inherently molecule-centered and therefore
capture only part of the synthesizability information for MOFs.
In particular, they primarily evaluate linker chemistry while
neglecting the influence of metal coordination environment
and structural topology, which also play critical roles in deter-
mining whether a MOF can be realized experimentally.*®

As exemplified in an inverse design study (Fig. 5) aimed at
shifting the chemical space of MOFs toward improved property
distributions, the linkers optimized for maximum heat capacity
(cp™) exhibit a shift toward lower SA scores, typically suggesting
favorable synthetic accessibility.” However, many of these
linkers display significantly higher SC scores, indicating large,
highly elaborate, and often unrealistic linker architectures. In
practice, several linkers with lower SA but higher SC values are
unlikely to be suitable for MOF construction. To address this
limitation, a constraint of SC < 4 was imposed during the
inverse design process and this constrained optimization
produced linkers that more closely resemble experimental
structures in CORE-MOFs while maintaining a similarly
improved heat capacity distribution.*” This study illustrates
that, in the design of linkers for MOFs, the SC score can
complement the SA score to provide a more discriminating
indicator of “linker-like” realism, and incorporating such
a constraint may guide generative models toward candidates
that are not only high-performing but also more chemically
synthesizable.

3.2 Prediction of synthesizability

While machine learning (ML) has been widely applied to predict
materials properties, direct prediction of MOF synthesizability
is limited, largely because reliable negative data are scarce. In
the field of MOFs, unsuccessful syntheses are rarely reported,
and the absence of reported structures does not rigorously
prove that targeted MOFs are unsynthesizable.>*** Such scarcity
of reliable negative data limits conventional supervised models
for predicting synthesizability.

Fast, non-ML algorithmic methods have therefore recently
emerged as practical tools for evaluating the synthetic likeli-
hood of MOFs. A representative example is MOFSynth,** which
assesses synthesizability by comparing the energy and geometry
of linker conformation in a MOF with those of the corre-
sponding isolated linkers. This strategy provides a physically
interpretable and computationally efficient measure of whether
the linker conformation required by a target MOF is chemically

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 Synthetic accessibility and synthetic complexity of MOFs optimized for maximum specific heat capacity. (a) Distributions of SA and SC
scores for the inverse designed and seed sets. While the dreamed set shifts toward lower SA scores, its SC scores are shifted higher, indicating
increased linker complexity. (b) Constrained (with SC < 4) and unconstrained optimization from 100 seed MOFs. (Reproduced with permission

from ref. 49, Springer Nature, copyright 2025.)

reasonable. More recently, MOFSynth-ADV>* extended this
concept into an open-source engine for automated evaluation of
MOF synthesizability. Such rule- or descriptor-based algo-
rithmic methods are particularly valuable because they do not
require a large set of failed synthesis data, which remain scarce
in the literature.

The scarcity of reliable negative data has motivated the use of
one-class classification (OCC),*® in which an ML model is
trained only on known positive examples and then used to
identify candidates that are most consistent with the distribu-
tion of experimentally realized materials. Toward this end,
a complementary evaluation strategy termed the maximum
fraction difference (MFD) method was proposed.” It quantifies
how effectively a model separates the score distribution of
known positive samples from that of an unlabeled query data-
set. Rather than relying on standard classification metrics that
require both positive and negative labels, the MFD identifies
a threshold at which the difference between the positive frac-
tion of a ground-truth dataset and that of a query dataset is
maximized, thereby providing both an assessment criterion and
a practical decision threshold for candidate prioritization.
Based on the MFD, a DeepSVDD model was shown to outper-
form several traditional OCC approaches in predicting MOF
synthesizability from metal-linker combinations (Fig. 6).%
More broadly, this work highlights that the prediction of syn-
thesizability can serve as an important filter alongside property
screening, enabling the prioritization of MOFs that are not only
computationally promising but also more likely to be experi-
mentally synthesized.

3.3 Prediction of synthesis conditions

While thermodynamic metrics and data-driven classifiers act as
important indicators of whether a MOF is likely to be experi-
mentally realizable, they do not directly answer a practical
question faced by experimental chemists: how should the MOF
be actually synthesized?*® In other words, synthetic likelihood
ultimately depends not only on whether a structure is stable or
statistically plausible, but also on whether suitable synthesis

© 2026 The Author(s). Published by the Royal Society of Chemistry

conditions can be identified. Traditionally, these conditions are
determined through trial-and-error guided by chemical intui-
tion and analogy to previously reported systems. However, with
the rapidly growing availability of structural databases and
synthesis reports, recent studies have started to explore whether
ML can directly infer synthesis conditions from the structure of
a targeted MOF.*®?*%¢* Such exploration represents a natural
extension from the prediction of synthetic likelihood, moving
beyond assessing whether the targeted MOF is synthesizable
toward predicting how it can be synthesized.

A representative example is the development of the SynMOF
database, where synthesis conditions were curated from the
literature by automatic data mining and linked with crystallo-
graphic information files.”® As illustrated in Fig. 7, the SynMOF
database integrates key synthesis conditions such as solvent,
temperature, additive, and reaction time with building blocks
(metal type and organic linker). ML models trained on this
database were able to learn correlations between synthesis
conditions and framework chemistry, enabling the prediction
of plausible experimental settings for previously unseen MOFs.
Interestingly, the trained ML models were shown to outperform
human experts in MOF synthesis, highlighting the complexity
of such synthesis and the potential of ML in facilitating exper-
imental realization of MOFs. Nevertheless, the transferability of
such ML models should be interpreted with caution. Because
literature-derived databases primarily encode known chemical
and topological patterns, their predictions are expected to be
most reliable for MOFs within or close to the training domain.
For genuinely first-of-its-kind topologies or unusual metal-
linker combinations without close experimental analogues,
predicted conditions should be regarded as plausible starting
points rather than definitive synthesis recipes.

4 OQutlook

We have discussed the recent progress in interrogating the
synthetic likelihood of MOFs through thermodynamic stability
analysis and data-driven heuristics. Despite these advances,
several key challenges remain before digital MOF discovery can
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Fig. 6 Comparison of a poor model (isolation forest with 6 metal features and 1613-dimensional Mordred linker descriptors, MFD = 0.08) and
the best model (DeepSVDD with 205 metal features and 2048-dimensional ECFP linker features, MFD = 0.59). (a) Score distributions of the
positive validation dataset against the training dataset (main panel) and query dataset (inset). (b) Score distributions of the ground-truth and query

datasets, with predictions for 14 true negatives; blue and yellow dots de
distributions of the ground-truth and query datasets, and their differe

note negative and positive predictions, respectively. (c) Positive fraction
nce, versus the normalized score. The dashed line marks the optimal

threshold. (Reproduced with permission from ref. 57, Royal Chemistry Society, copyright 2024.)

reliably translate computational design into experimental real-
ization. These challenges also provide new and exciting
opportunities for further advancement in this vibrant field.
First, an important direction lies in balancing accuracy and
computational efficiency in free-energy calculations. Methods

Chem. Sci.

such as FL thermodynamic integration provide rigorous esti-
mates of free energies but are computationally expensive for
large-scale screening of MOFs. By contrast, approximate
approaches such as the QHA offer improved efficiency but
remain based primarily on vibrational degrees of freedom;

© 2026 The Author(s). Published by the Royal Society of Chemistry
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therefore, they may neglect strong anharmonic effects, rota-
tional or torsional motions, and large-amplitude structural
flexibility that are common in porous materials. Force-field
artifacts are usually removed through human interpretation in
relative free energies on a node-wise basis for predicting
synthetic likelihood. A promising path forward is the develop-
ment of ML potentials (MLPs), which are capable of reproduc-
ing DFT accuracy while maintaining computational costs
comparable to classical force fields. By enabling long-time scale
MD simulations with near ab initio fidelity, MLPs can signifi-
cantly expand the scope of free-energy-based prediction of
synthetic likelihood across the large chemical space of MOFs.

Second, synthetic likelihood should be integrated directly
into inverse design workflows. Current generative models and
bottom-up assembly approaches can efficiently construct vast
libraries of MOFs, yet many generated structures remain
synthetically unrealistic due to impractical linkers, unstable
coordination environments, or incompatible topologies. Incor-
porating synthetic accessibility constraints, such as linker
synthetic complexity through SC scores or thermodynamic
stability criteria, during a generative process can help steer
inverse design toward an experimentally feasible chemical
space of MOFs. Furthermore, emerging large language models
trained on chemical annotations provide a complementary

© 2026 The Author(s). Published by the Royal Society of Chemistry

strategy for estimating synthetic plausibility based on partial
structural information like metal nodes and organic linkers,
even before a full crystal structure is constructed.

Finally, progress in data-driven synthesizability prediction is
currently limited by the lack of negative or failed synthesis data.
Most published datasets contain only successfully synthesized
MOFs, making it difficult for ML models to distinguish between
genuinely unsynthesizable structures and those that have not
yet been attempted. Therefore, future endeavors should aim to
develop unified synthesis databases that record both successful
and failed experiments, including detailed synthesis condi-
tions, precursor choices, and other underlying information.
Such databases would enable more robust learning of key
factors governing MOF synthesis and provide a more realistic
foundation for predicting synthetic likelihood.
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