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Atmospheric Water Harvesting (AWH) using Metal-Organic Frameworks (MOFs) has emerged as a highly
promising approach to mitigate water scarcity, especially in arid and semi-arid regions. The development of
high-performance MOFs for AWH hinges on materials that exhibit optimal water uptake capacity, rapid
adsorption-desorption kinetics, and robust hydrolytic stability. However, the structural complexity of MOFs and
the inefficiencies of traditional experimental screening have made data-driven approaches, particularly machine
learning (ML), increasingly indispensable for accelerating materials discovery. Among the ML techniques applied
to MOF-based AWH, models such as Random Forest (RF), Random Forest Regression (RFR), Neighbor Compo-
nent Analysis (NCA), Genetic Algorithms (GA), and Machine-Learned Atomistic Cluster Expansion (MACE) have
demonstrated outstanding predictive performance. These models are especially valued for their ability to capture
non-linear dependencies, improve interpretability, and optimize design strategies across diverse application
domains. This review presents a comprehensive analysis of ML-assisted MOF discovery for AWH, focusing on the
roles of explicit and latent descriptors, evaluation metrics, dataset curation challenges, and comparative model
performance. By emphasizing the superior predictive capabilities of RF, MACE, NCA, RFR, and GA, this work
highlights the transformative potential of ML in driving the rational design of next-generation MOFs for efficient
and scalable AWH.

1. Introduction Atmospheric Water Harvesting (AWH) [6]. While desalination relies on

existing water bodies and require extensive infrastructure, limiting its

Water scarcity is one of the most critical global challenges of the 21st
century, impacting billions of people worldwide [1]. According to the
United Nations, over two billion individuals currently reside in regions
experiencing high water stress, a number expected to rise due to the
compounding effects of climate change, over-extraction of groundwater,
pollution, and population growth [2]. Freshwater resources, essential
for human survival, agriculture, and industrial processes, are under
increasing pressure and are rapidly depleting in many regions. In
response, there is an urgent need to develop alternative water-
harvesting technologies that are both efficient and sustainable.

Various technologies have been developed for water access,
including Desalination [3,4], Rainwater Harvesting (RWH) [5], and

applicability to coastal regions, RWH depends on climate, weather
events, catchment area and infrastructure and limited to health risks and
social perceptions [7]. AWH has emerged as a promising alternative for
freshwater access [6]. Unlike traditional sources such as rivers, lakes,
and groundwater, the atmosphere represents a continuous yet diffuse
reservoir of water vapor that can be harnessed through specialized
technologies. The atmosphere holds an estimated 13,000 trillion liters of
water in the form of droplets and vapor at any given time, presenting a
significant opportunity for mitigating water scarcity [8]. Current water
collection strategies from air include fog harvesting [9], dewing/
refrigeration [10], and sorption-based AWH [11]. Fog harvesting,
inspired by nature, is efficient but requires high humidity and is

* Corresponding author at: Department of Structure of Matter, Thermal Physics and Electronics, Faculty of Physics, University Complutense of Madrid, Avda.

Complutense s/n, 28040 Madrid, Spain.
E-mail address: khayetm@fis.ucm.es (M. Khayet).

https://doi.org/10.1016/j.ccr.2025.217211
Received 6 July 2025; Accepted 23 September 2025
Available online 4 October 2025

0010-8545/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nec-nd/4.0/).


mailto:khayetm@fis.ucm.es
www.sciencedirect.com/science/journal/00108545
https://www.elsevier.com/locate/ccr
https://doi.org/10.1016/j.ccr.2025.217211
https://doi.org/10.1016/j.ccr.2025.217211
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ccr.2025.217211&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

M. Arjmandi et al.

geographically limited; while dewing and refrigeration methods are
either passive and energy-efficient or active but energy-intensive. In
contrast, sorption-based AWH offers a promising solution for arid re-
gions, providing potable water with simple, mobile, and eco-friendly
technology. This approach has gained significant attention as a poten-
tial method for augmenting freshwater supplies, particularly in areas
where conventional water sources are scarce, unreliable, or contami-
nated. As illustrated in Fig. 1, sorption-based AWH captures water vapor
at night when humidity is high and temperature is low, storing it in
adsorbents. During the day, heat from solar energy, electricity, or
magnetic fields releases the water vapor. The released vapor then con-
denses into liquid form and is collected for use [11].

The sorbent material used in AWH systems plays a fundamental role
in determining their efficiency, water uptake capacity, and long-term
operational performance [12]. To ensure the viability of AWH tech-
nologies, the materials must exhibit high water adsorption capacity,
rapid adsorption and desorption kinetics, and exceptional stability
under cyclic operation [12]. Various adsorbents have been developed
for adsorption-related applications. As shown in Fig. 2, traditional ad-
sorbents like zeolites and silica gel offer benefits, but they face limita-
tions like high regeneration temperatures and low adsorption capacities,
while hygroscopic salts and polymeric gels show promise but face
challenges such as leakage and slow kinetics [13-15]. Polymeric gels,
with tunable structures, enable moisture capture and energy conversion
but struggle under low humidity conditions [16]. Among these, Metal-
Organic Frameworks (MOFs) stand out due to their high porosity,
diverse structures, and superior water adsorption properties, making
them the focus of this review [8]. MOFs are a class of porous materials
composed of metal ions or clusters coordinated with organic ligands,
forming highly ordered, three-dimensional structures. They possess
several advantages for AWH applications, including tunable porosity,
large surface area, structural diversity, and exceptional water adsorption
properties. These characteristics make MOFs highly attractive candi-
dates for efficiently capturing water from the atmosphere. Among these,
Metal-Organic Frameworks (MOFs) and Covalent Organic Frameworks
(COFs) have both shown significant potential due to their large surface
areas, ordered pore structures, and tunable functionalities [8,12,17]
[18] [19] [20]. COFs, being entirely organic and metal-free, offer certain
advantages such as chemical robustness, low density, and ease of
structural modification for introducing hydrophilic sites [20]. However,
they generally exhibit lower water uptake capacities and slower
adsorption kinetics compared to MOFs. One key limitation arises from
their lamellar structures, where strong van der Waals forces and n—n
stacking interactions promote agglomeration. This agglomeration

Adsorption
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reduces the number of accessible active binding sites, thereby dimin-
ishing their water adsorption performance [21]. For instance, COF-432
has been reported to show significantly lower uptake compared to
various MOFs [22] [23]. MOFs, with their metal-organic structures,
often provide stronger interactions between water molecules and metal
centers, leading to higher adsorption capacities and improved perfor-
mance under low humidity and cyclic operation. In addition, many
MOFs have been experimentally validated for their hydrolytic stability
and long-term durability. Based on these comparative advantages, MOFs
currently stand out as more promising candidates for AWH applications
[24].

Despite their promise, the discovery and optimization of MOFs for
AWH remains challenging. The vast chemical space of MOFs, comprising
potentially millions of distinct structures, renders exhaustive explora-
tion impractical using traditional trial-and-error methods. As shown in
Fig. 3a, designing MOFs for specific applications, such as AWH, requires
identifying MOFs that achieve an optimal balance of properties,
including high water adsorption capacity, fast adsorption-desorption
kinetics, steep water uptake at low humidity, and long-term hydrolytic
stability [12]. Thus, the main distinction between identifying new MOFs
for the AWH process and discovering MOFs for other applications lies in
the need for MOFs with multifaceted properties. Therefore, the discov-
ery process for AWH-specific MOFs differs significantly, and using
conventional methods such as heuristic approaches, experimental syn-
thesis, and computational simulations (including Density Functional
Theory (DFT) [25,26] calculations, Grand Canonical Monte Carlo
(GCMC) [25] simulations, response surface methodology (RSM) [27],
analysis of variance (ANOVA) [28], and Molecular Dynamics (MD) [29]
simulations would be highly time-consuming and resource-intensive
(Fig. 3b).

In recent years, Machine Learning (ML) has emerged as a powerful
tool for accelerating the discovery and optimization of materials,
including MOFs, for AWH applications [30]. ML, a subset of artificial
intelligence (AI), has shown remarkable capabilities in predicting out-
comes by identifying patterns within large datasets, typically within the
framework of an algorithm [31-33]. As illustrated in Fig. 3c, the clas-
sical ML process consists of five key steps: (1) data acquisition, (2) model
training, (3) model validation, (4) model prediction, and (5) model
application [34]. In the first step, data acquisition, raw datasets are
collected, ensuring they are of high quality, sufficient size, diverse, and
relevant to the problem. These data include the identification and
investigation of the most suitable features (variables, attributes) that
best reflect the adsorption characteristics of MOFs, so that the system
can make accurate predictions [30]. The quality of features significantly

Fig. 1. Schematic of sorption-based AWH: Adsorbents capture water vapor and release it upon solar heating, leading to condensation and collection.
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Fig. 2. Comparative evaluation of different classes of water adsorbents used in AWH systems, including zeolites, silica gel, hygroscopic salts, polymeric gels, COFs
and MOFs. The figure highlights key strengths and limitations of each class in terms of water uptake capacity, regeneration requirements, kinetic performance, and
operational stability.

Properties of MOFs for AWH MOF discovery methods Steps of ML model development P
C
High water = © . .
adsorption Machine Data Acquisition
capacity Learning (ML)
== @1
g Model Training
E)éperti;‘ner_nal . l['ll )
Fast ynthesis
St t : - -
uptea?(g:’? o 2d5°’p“9"' g\/ Model Validation A4
humidity e ot Cgrnptlltatgonal . ) e
imulations
B F )
‘ _!,2 Model Prediction vV
Lo J J
Heuristic 1+

A b b
';,32?0};{2' U ! M Model Application s
stability — )

Fig. 3. (a) Key properties expected from MOFs for efficient AWH, including high water adsorption capacity, fast adsorption-desorption kinetics, steep water uptake at
low humidity, and long-term hydrolytic stability. (b) Conventional and computational methods commonly used for MOF discovery and optimization, highlighting
their complexities. (c) The five key steps in the machine learning workflow for MOF research: data acquisition, model training, model validation, model prediction,
and model application for property estimation and accelerated materials discovery.
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affects the model’s performance. Properly chosen features enhance
predictive accuracy, while poorly selected ones may lead to misleading
results [35]. Removing less relevant or highly correlated features im-
proves the efficiency and accuracy of predictions, besides prevents
model from being overfitted [36]. The accuracy and comprehensiveness
of these datasets directly impact on the reliability of the trained ML
models [30]. For this reason, sometimes data preprocessing may be
sufficient. The preprocessing of data includes data cleaning, data
transformation, dimensionality reduction, data sampling, feature engi-
neering, data augmentation, etc. The second step, model training, in-
volves first splitting the dataset into training, validation, and testing
(unseen) data subsets to ensure robust evaluation [30,36]. It then fo-
cuses on selecting appropriate ML algorithms and optimizing them
through hyperparameter tuning, cross-validation, and the use of
ensemble methods such as bagging and boosting to further improve
model performance. There are various ML algorithms such as linear,
tree-based, probabilistic, ensemble, and neural network and different
algorithms perform differently depending on the dataset [37]. The third
step, model validation, ensures that the trained model generalizes well
by evaluating its performance on the validation set. This step helps in
identifying underfitting or overfitting issues and guides hyperparameter
tuning to enhance robustness. In the fourth step, model prediction, the
finalized model is applied to unseen test data or new MOF candidates to
estimate their properties. This stage evaluates how well the model
performs on data it has never encountered, simulating real-world use
cases. In the final step, model application, the generalized ML model is
used for targeted tasks to make predictions (i.e. predicting the adsorp-
tion performance of MOFs and accelerating material discovery) [30].
In this review, we first provide a detailed analysis of the key prop-
erties that an optimal MOF for AWH must exhibit, emphasizing the
necessity of multifunctionality. An ideal MOF should not only demon-
strate high water uptake and rapid adsorption/desorption kinetics but
also maintain structural stability under cyclic operation while ensuring
energy-efficient regeneration [12]. Given the vast and complex chemical
design space of MOFs, traditional trial-and-error approaches are inher-
ently limited in discovering materials that simultaneously optimize
these properties. Thus, we explore ML as the most powerful and efficient
tool for accelerating MOF discovery [30]. We outline various ML
methodologies ranging from supervised learning (SL) and unsupervised
learning (UL) to reinforcement learning (RL) that have been leveraged to
predict adsorption capacities, phase stability, and overall performance
of MOFs in AWH applications. Furthermore, we discussed how ML can
overcome fundamental challenges such as high-dimensional material
space navigation, multi-objective optimization, and inverse design,
enabling a paradigm shift in materials discovery. A critical aspect of this
approach is data preparation, where we highlight the importance of
feature engineering and dataset identification to enhance predictive
accuracy and generalizability. In addition, we systematically review
recent advancements in ML-driven MOF research for AWH, evaluating
their methodologies, predictive power, and impact on accelerating the
development of next-generation water-harvesting materials. Finally, we
discuss the challenges, limitations, and future directions for the appli-
cation of ML for the discovery of suitable MOFs in AWH technology.

2. MOFs for atmospheric water harvesting

The goal of designing MOFs for AWH is to identify materials that
achieve an optimal balance between high water uptake, fast adsorption-
desorption kinetics, steep water uptake at low humidity, and long-term
hydrolytic stability. Unlike conventional gas adsorption applications,
where a single dominant property may suffice, AWH demands multi-
functional MOFs that excel across multiple performance metrics simul-
taneously. This section focuses on the critical MOFs attributes required
for efficient AWH and the key strategies employed to engineering their
properties that meet these stringent criteria.
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2.1. High water adsorption capacity

MOFs with ultra-high porosity and large pore volumes (PVs) are
designed for gas adsorption, with high porosity providing more acces-
sible adsorption sites for water molecules [12,38]. For example, Cr-soc-
MOF-1 demonstrates a water uptake of 1.95 g g~! with a BET surface
area of 4549 m? g’1 and PV of 2.1 cm® g’l [39]. MIL-101(Cr) shows
water uptake between 1 and 1.5 g g~ with high stability, and a BET
surface area of 3070 m? g’1 [40]. Co2Cj2(BTDD) captures up to 0.97 g
g’1 of water, with a BET surface area of 1912 m? g’1 [41]. NU-1500-Cr
exhibits a water uptake of 1.09 g g, with a BET surface area of 3580 m?
g !and PV of 1.24 cm® g~ ! [42]. The newly synthesized Al-t,t-Ma MOF,
an extended analogue of Al-Fum, exhibits a 115 % higher PV, a 57.5 %
increase in water transfer, and stable hydrothermal performance [43].
This enhancement leads to a specific daily water production (SDWP) of
28 m® t7! at a low regeneration temperature of 55 °C, making it a
promising candidate for AWH. However, there is a trade-off between
high porosity and stability, as capillary forces can lead to structural
deformation during regeneration. Hydrophobic ligands or post-synthetic
modifications can enhance stability. For instance, a water-stable csq-
MOF (NU-1000-TFA) with trifluoroacetate capping achieved reversible
water adsorption of 1.32 g g~ ! [44]. Zr-MOFs, modified with hydro-
phobic paracyclophane (PCP) and trifluoroacetate, show improved
water sorption properties. NU-602 captured 0.72 g g’l of water at 70 %
relative humidity (RH), and NU-913-TFA captured 0.85 g g’1 [45].

Defects in MOFs can increase hydrophilicity and PV, improving
water adsorption capacity. For example, hollow MIL-101, created via
post-etching, showed increased water uptake from 1.64 to 1.99 cm® g~!
and improved adsorption capacity [46]. Incorporating salts or polymers
into MOF matrices further enhances water capacity. LiCI@MIL-101,
with 51 wt% salt, achieved a sorption capacity of 1.9 g g~*, while a
PNIPAM@MIL-101 composite captured 440 wt% of water at 96 % RH,
compared to 120 wt% for pure MIL-101 [47]. Encapsulating ionic lig-
uids (ILs) into MIL-101(Cr) MOFs significantly enhances water uptake
(from 1.01 g g~ to 1.45 g g 1), improves adsorption/desorption kinetics
by 48 % and 55 %, respectively, and increases water transfer (4q) by 45
%, leading to a higher SDWP from 38 to 56 m® t ™! at 70 °C regeneration
temperature [48]. Also, flexible MOFs with gate-opening effects offer
great potential for AWH with high capacity and selective adsorption
behaviors [26].

2.2. Fast adsorption-desorption kinetics

The sorption kinetics of adsorbents depend on factors such as the
size, thickness, packing density, and surface area (SA) of the material, as
well as internal heat and mass transfer properties and environmental
conditions (temperature, humidity, wind velocity, etc.) [49]. Water
molecule transport within packed MOF adsorbents includes intraparticle
and interparticle transport [50]. Intraparticle transport is influenced by
the crystal diameter of the MOFs, with smaller crystals achieving faster
kinetics due to a shorter diffusion path [51]. Interparticle transport,
influenced by the size and tortuosity of voids, impacts overall mass
transport. Hyunho Kim et al. predicted how thickness (1 to 5 mm) and
packing porosity (0.5-0.9) affect adsorption-desorption kinetics. At low
porosities (~0.5 or less), Knudsen diffusion limits the adsorption ki-
netics, while at higher porosities, interparticle diffusion resistance be-
comes a factor [52]. Simulation calculations can predict the optimal
packing density and thickness for fast water vapor diffusion and
adsorption kinetics.

Since MOFs in the AWH process must release adsorbed water
through a thermal process, their structural design cannot be optimized
without accounting for heat transfer considerations. Heat and mass
transfer are closely linked. Increasing the packing density benefits heat
transfer but hinders interparticle vapor transport due to reduced
porosity [51]. Adding thermal conductive materials to a thin adsorbent
layer can reduce interfacial heat and mass transfer resistance. For
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example, metal foams incorporated with MIL-101 have been synthesized
to improve heat transport under electric or magnetic field heating [53].

High-frequency water vapor sorption cycling can also improve AWH
rates. MOF-801, when fluidized, achieved steady-state operation cycles
with a high AWH rate of 0.33 L h~! kgMOF ! at 18 % RH (40 cycles/day
at 22 °C) [54]. In solar-driven AWH, photothermal compositions
enhance kinetics and multi-cycle performance.

The interaction between the adsorbent and water molecules affects
the regeneration temperature. Van der Waals interactions have a bond
strength of about 7.7 kJ mol !, while hydrogen bonds have a strength of
9.7 to 29.0 kJ mol~?, facilitating faster water release. Covalent O—H
bonds have higher bond strength (459.3 kJ mol 1), requiring more en-
ergy for breaking [49]. For mesoporous materials, overcoming capillary
condensation requires extra energy, resulting in higher regeneration
temperatures. Therefore, micropore filling based on hydrogen bonding
is a promising approach for efficient water adsorption and desorption.

2.3. Steep water uptake at low humidity

MOFs designed for arid regions must exhibit high water uptake at
low humidity (RH < 40 %) as many of these areas face water scarcity.
Some representative MOFs (e.g., MOF-801, MOF-303, MOF-74, MIL-
101, Cr-soc-MOF-1, CoyCi2(BTDD)) show limited water uptake (<1 g
g1 at low humidity [39,41,44,55-58]. To improve water uptake,
several strategies have been explored: (1) Hydrophilic microporous
networks: Short organic linkers (fumaric acid, terephthalic acid, etc.) in
Zr- or Al-based MOFs with pore sizes around 5-9 A can create hydro-
philic environments conducive to water adsorption via hydrogen
bonding [55,59,60]. Research shows that a pore size of ~10 A is optimal
for fast water vapor transport in arid regions [61]. (2) Immobilizing
adsorption sites: Li et al. reported nitrogen sites in Zr-adip MOFs
enhance hydrophilicity, providing secondary adsorption sites and in-
crease water uptake [62]. Song et al. showed that incorporating
oxygenated and nitrogenated groups could improve water transport, but
excessively large adsorption sites can increase diffusion resistance [61].
(3) Functional group modification: Introducing hydrophilic groups (e.g.,
-COOH, -OH, -NHj, -SOj3) during MOF synthesis shifts the water
adsorption inflection point (@) to lower relative pressures, enhancing
uptake at low humidity. Hydrophobic groups, in contrast, shift the a to
higher pressures. This approach was used in MIL-101-NHy, UiO-66-NHb,
and CAU-10-NH,, which showed improved water affinity compared to
their parent MOFs [60,63-65]. However, introducing functional groups
may reduce PV and limit maximum adsorption capacity (Gmax)- (4)
Heterocyclic atom incorporation: Substituting carbon atoms with het-
erocyclic atoms (e.g., O, N, S) in MOFs can increase hydrophilicity and
PV, improving water uptake. For instance, replacing benzene rings with
pyran- or furan-based linkers enhanced water adsorption in CAU-10-H
[66]. MOF-303’s pyrazole groups, according to DFT calculation re-
sults, serve as the strongest water adsorption sites, further demon-
strating the role of heterocyclic atoms in improving AWH performance
[67]. (5) Creating defects: Defects in MOFs, such as missing linkers or
metal sites, provide unsaturated adsorption sites, improving water af-
finity. For example, defects in UiO-66 and MOF-801 shift the water
adsorption a to lower pressures, enhancing water uptake [26,55,68].
Hollow MIL-101, prepared via acid etching, demonstrated superior
water adsorption due to defect-induced hydrophilicity [46]. (6) Com-
posite strategies: Composites, such as MOF-801@MIL-101 supra-
particles, combine the properties of different MOFs to improve water
uptake and kinetics at low humidity. The composite achieved a 225 %
and 390 % higher water uptake at 8 % RH compared to pure MOF-801
and MIL-101 [69]. Similarly, LiCl@MIL-101 composites showed
enhanced water uptake and fast sorption kinetics [70]. A recent study
has designed a water-harvester composite (MTC) made from MOF-303
and thiolated chitosan (TC) that exhibits excellent water uptake and
desorption properties, with a rapid water uptake capacity of 0.135 g g~!
in 60 min at 12.5 % RH. It shows ultrafast water desorption kinetics of
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0.003 g g~* min~! at 8.5 % RH and high efficiency at low heat (~40 °C),
with water desorption and collection rates of 0.0195 and 0.0168 g g~*
min’l, respectively [71].

These strategies highlight the significant role of structural modifi-
cations and composite approaches in enhancing MOFs’ water adsorption
capabilities for efficient AWH in arid regions.

2.4. Long-term hydrolytic stability

The hydrolytic stability of MOFs is crucial for their effectiveness in
AWH [72-74]. The coordination bonds between metal clusters and
organic linkers in MOFs are reversible, making them susceptible to
degradation through hydrolysis or linker replacement when exposed to
water. Additionally, H" or OH™ ions in acidic or alkaline solutions can
replace the original linkers, disrupting the crystal structure. During
vacuum drying, pressure or capillary forces can lead to structural
collapse or phase changes. In contrast, methods like low-boiling solvent
exchange or COj supercritical drying can preserve MOF structural
integrity, maintaining high porosity.

MOF stability is influenced by factors such as the choice of metal/
organic ligands, metal-ligand coordination geometry, pore surface en-
gineering, and steric effects [75]. According to the hard-soft acid-base
concept, MOFs with high-valent metals (e.g., Zr**, AI®Y, Fe3*, Cr®h)
coordinated with carboxylate groups and low-valent metals (e.g., Mg2",
Co%") with azoles are generally more stable due to stronger coordination
bonds [76]. MOFs with highly connected secondary building units
(SBUs) and rigid linkers are also more resistant to degradation. For
example, Zrg04(OH)4(-COO), or AI(OH)(-COO), structures help prevent
water molecule attacks, improving stability. Short, rigid ligands such as
fumarate can increase the activation energy required for degradation by
allowing larger bending angles, thus enhancing stability [55,77]. While
steric effects can be strengthened by introducing bulky linkers or
interpenetrating networks that prevent water attacks, this can also
reduce PV and, in turn, water uptake capacity [26]. Therefore, this
approach is not always suitable for improving stability in MOFs designed
for AWH. Additionally, inert cations (e.g., cr®Y) in octahedral coordi-
nation geometries, and hydrophobic functional groups (e.g., —F, -CHg),
can be incorporated into MOFs to improve their long-term stability for
cyclic use in AWH devices [78]. For instance, Yang et al. synthesized the
highly stable MOF material NU-1000-TFA, using trifluoroacetic acid
(TFA) as a hydrophobic capping agent. Unlike NU-1000, which showed
a 65 % decrease in water uptake during the second cycle, NU-1000-TFA
maintained a consistent uptake capacity of 1.32 g g~ ! over cycles,
demonstrating its stability [44]. Additionally, Laha et al. developed a
ternary MOF nanocomposite consisting of aminoclay (AC), graphene
oxide (GO), and CuBTC. This composite demonstrated a maximum water
uptake of 0.67 g g~ at 90 % RH with high crystallinity, showing that AC
and GO support improved the hydrothermal stability and water
adsorption capacity of CuBTC [11]. Zhiyong et al. developed Zr-MOF
(NJTech-4) with 12-connected Zr6 nodes exhibits a high-water vapor
uptake of 995 cm® g 7! and outstanding cycle stability, making it a strong
candidate for AWH applications. As a result of this study, strategy of
bidentate chelation of auxiliary ligands enhances node stability,
improving both cycle and thermal stability against capillary forces
during water desorption [79]. Junghye et al. reported that the
porphyrin-based merged-net MOF, UPE-5, exhibits significantly
enhanced hydrolytic stability and improved water sorption perfor-
mance, maintaining a high PV. This design strategy, utilizing metal-
lolinkers, enables the fine-tuning of Zrg nodes, optimizing water
sorption properties and advancing reticular chemistry in MOF devel-
opment [80].

These examples illustrate that MOF stability, particularly in terms of
water and environmental stability, plays a significant role in enhancing
their long-term performance for AWH applications.
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3. MOF databases and descriptors
3.1. Unlocking data: MOF databases

Data quality and quantity play an essential role in the discovery and
optimization of new materials. These data can be sourced from estab-
lished databases, as shown in Fig. 4, which provides a comparative
overview of major public MOF databases, categorizing them by their size
and primary focus, or extracted from academic papers. The databases
themselves encompass a wide array of information, derived from both
experimental results and simulation data. With the constant progress in
quantum chemical simulation methods and the increasing demand for
ML applications, there has been a strong push to compile large datasets.

One of the pioneering efforts in this area was the creation of hMOF,
which generated 137,953 hypothetical MOFs using a library of 102
building blocks [81]. Properties such as SA, pore-size distribution, and
gas storage capacity were calculated for each structure using GCMC
simulations. Another significant contribution came from Chung et al.,
who developed the CoRE MOF 2014 database, initially containing 4764
MOF structures based on experimental data [82]. In 2019, this database,
designed for immediate use in molecular simulations, has been
expanded to include over 14,000 structures [83]. Recently, the CoRE
MOF 2025 database was released as a comprehensive update to the
previous versions [84]. It was presented with more than 40,000 exper-
imental MOFs, addressing many of the previously reported limitations
and incorporating new MOF structures published since CORE MOF 2019.
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This new version improves data curation workflows and integrates
machine-learning-predicted properties such as thermodynamic stability
and heat capacity. It also includes updated MOFid annotations
describing metal nodes, linkers, and topologies, and features DDEC6
partial atomic charges assigned via ML models. Furthermore, hydro-
phobicity classification was performed through Gibbs ensemble Monte
Carlo simulations, making this dataset highly relevant for screening
MOFs under humid or water-rich conditions. This enhanced resource
supports advanced ML applications by bridging high-quality structure
data with predictive physical properties and process-level performance.
Terrones et al. introduced the WS24 data set, a new database consisting
of additional MOFs developed based on the CoRE MOF 2019 dataset
[85]. Another notable contribution was made by Glasby et al., who
created the DigiMOF database using the chemistry-aware natural lan-
guage processing tool, ChemDataExtractor (CDE) [86]. By integrating
web scraping tools with the Cambridge Structural Database (CSD) MOF
set, they collected 43,281 unique MOF journal articles, extracted 15,501
unique MOF materials, and performed text mining (TM) on over 52,680
associated properties, including synthesis methods, solvents, organic
linkers, metal precursors, and topologies. Moghadam et al. published a
collection of 69,666 MOFs derived from a subset of the Cambridge
Crystallographic Data Centre (CCDC) [87]. After solvent removal
through the CSD Python API, properties such as surface area, PV, pore
limiting diameter (PLD), largest cavity diameter (LCD), void fraction,
and density were computed. Rosen et al. introduced the Quantum MOF
(QMOF) database, which provides computed quantum-chemical
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Fig. 4. Overview of Public MOF Databases, including database identifiers and the number of MOFs available together with a brief description.
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properties such as electronic, optical, magnetic, and catalytic charac-
teristics for 14,482 experimentally synthesized MOFs [88]. Similarly,
Sriram et al. launched Open DAC 2023 (ODAC23), a dataset containing
over 38 million DFT calculations on 8412 MOF materials that adsorb
CO5 and/or HyO for direct air capture applications [89]. Burtch et al.
introduced the Burtch dataset, comprising 207 MOFs categorized by 22
metal nodes and 128 ligands [75]. Additionally, Burner et al. introduced
the ab initio REPEAT charge MOF (ARC-MOF) database, which holds
279,610 MOFs, either experimentally characterized or computationally
generated [90]. This comprehensive database spans across various
public MOF resources and includes both experimental and hypothetical
structures, ensuring a balanced representation of chemical space. Today,
numerous public databases provide access to hundreds of thousands of
MOFs. Understanding the historical development of these databases is
crucial for advancing ML models. Selecting the right database is key to
identifying MOFs with high water adsorption efficiency and stability.
Nevertheless, challenges remain in addressing biases within existing
databases and creating new ones that can overcome these limitations.

In the context of AWH, adsorption-desorption isotherms are indis-
pensable for evaluating both the capacity and kinetics of water uptake,
which are critical for selecting suitable MOFs under varying humidity
conditions. While structural and hypothetical MOF databases offer a
solid foundation for screening materials, their predictive power is
limited without incorporating experimentally validated adsorption
properties. In this regard, the NIST/ARPA-E Database of Novel and
Emerging Adsorbent Materials (NIST ISODB) serves as a valuable com-
plementary resource [91]. This openly accessible database provides a
large collection of both experimental and simulated adsorption iso-
therms for diverse adsorbent-adsorbate pairs, including water-MOF
systems. Water isotherms extracted from NIST ISODB (alongside liter-
ature data) enable the derivation of key performance indicators such as
Henry’s coefficient (Ky), gmax, @, and working capacities in both low-
and high-humidity regimes [92]. These metrics are essential for quan-
tifying water—framework interactions, pore-filling behavior, and
regeneration potential. Thus, incorporating property-based databases
like NIST ISODB into ML workflows not only enhances the physical
relevance of predictive models but also bridges the gap between theo-
retical screening and real-world performance assessment.

3.2. The building blocks: Descriptors

In the design and discovery of MOFs for AWH, descriptors play a
crucial role in predicting the performance of these materials in water
adsorption. In recent years, several advanced tools have been developed
to automate the generation and validation of features, significantly
improving the efficiency of computational studies on MOFs. One such
tool is mofdscribe, a Python package designed to facilitate the extraction
of both chemical and structural descriptors [93]. With over 40 built-in
featurization methods, it allows direct computation of MOF de-
scriptors, which can then be used to train ML models for property pre-
diction. Another useful toolkit, molSimplify, provides a framework for
extracting chemically relevant descriptors, including geometric prop-
erties such as metal-ligand bond lengths, ligand coordination angles,
and coordination numbers [94]. Additionally, this tool incorporates
electronic structure features derived from DFT calculations, such as
highest occupied molecular orbital (HOMO), lowest unoccupied mo-
lecular orbital (LUMO), Fermi energy, and d-band center, all of which
play a crucial role in understanding adsorption behavior. For a broader
scope of feature generation, matminer (feature extraction library for
materials science) offers an extensive library of featurization techniques,
allowing users to extract descriptors from existing material databases
[95]. This toolkit integrates seamlessly with ML frameworks like scikit-
learn and Keras, enabling efficient model training and validation. It
includes various featurizers, such as the ElementProperty featurizer,
which calculates statistical properties of elements in a MOF, including
average ionic radius and standard deviation of elemental melting points.
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Another key module, the BandFeaturizer, derives electronic descriptors
from band structures, such as band gap values and k-point coordinates at
conduction and valence band edges [35]. These tools have significantly
enhanced the process of feature selection and predictive modeling in
MOF research, enabling more accurate identification of materials with
desirable adsorption properties. Generally, ML descriptors are divided
into two main categories: explicit and latent. Explicit descriptors or
traditional descriptors offer detailed insights into the material’s struc-
ture and interactions with water. Beyond explicit descriptors, latent
descriptors derived from computational models and ML techniques
provide an alternative approach for predicting MOF performance, even
in the absence of complete structural data. Fig. 5 shows types of ML
descriptors schematically. By incorporating both types of descriptors,
researchers can significantly enhance the accuracy and efficiency of
MOF selection for AWH applications. In the following section, both types
of descriptors and their various forms will be briefly elaborated, and a
summary of the descriptors used in ML models for MOF-based AWH will
be presented.

3.2.1. Explicit descriptors

Explicit descriptors encompass geometric, chemical, and energy-
based descriptors, providing a comprehensive representation of the
material’s behavior in water adsorption processes.

Geometrical descriptors primarily characterize the structural prop-
erties of MOFs and are computed using software tools such as Zeo++
[96], PoreSpy [97], VORO++ [98], and PoreBlazer [99]. Key de-
scriptors include surface area, pore size, and porosity, which are critical
for water adsorption, as they influence how water molecules access and
interact with the framework. Unlike gas adsorption, where adsorption
capacity typically increases with larger SA and porosity [100], water
adsorption is more sensitive to pore size distribution and connectivity
due to capillary condensation effects [12]. These geometrical de-
scriptors, while useful, are inherently one-dimensional, meaning they
are represented by a single numerical value, which may limit their ac-
curacy in predicting water adsorption properties. A similar limitation
applies to water adsorption, where the interaction between water mol-
ecules and the MOF structure depends not only on these geometric
factors but also on their spatial arrangement. Examples of geometrical
descriptors include LCD, probe-occupiable and accessible volume
(POAV), PLD, largest free path diameter (LFPD), SA, volumetric surface
area (VSA), volume (V,), gravimetric surface area (GSA), void fraction
(VF), PV, pore size, density (p), accessible surface area (ASA), pore
dimensionality (PD), pore diameter (Dp), pore size standard deviation
(PSSD), atom density (Metal atom, non-metal atom), and bond density
[101-103]. Specifically, POAV represents the total volume accessible to
the center of a water molecule, accounting for the material’s extended
volume [104]. ASA refers to the SA that can be reached by a water
molecule, influencing initial water adsorption [104]. PSSD quantifies
variations in pore sizes by calculating the weighted standard deviation
of the pore size distribution, which affects the likelihood of capillary
condensation [35]. LCD indicates the size of the largest spherical cavity
that can fit inside the structure, influencing the maximum adsorbate size
that can be accommodated [104]. PLD defines the smallest diameter
along the pore channels, representing the size threshold for molecular
diffusion [104]. LFPD refers to the longest uninterrupted path through
the pore network, affecting transport properties and accessibility [105].
VSA measures the SA per unit volume, which influences volumetric
adsorption capacity [106]. GSA is the SA normalized by the material’s
mass, indicating the potential for adsorption per gram of MOF [36]. VF
represents the fraction of the material’s total volume that is empty
space, directly correlating with available pore space for adsorption
[107]. PV quantifies the total pore volume, affecting the material’s
adsorption capacity [107]. Density (p) reflects the mass per unit volume,
indirectly impacting adsorption performance by influencing material
packing and pore accessibility [104]. Also, atom density and bond
density describe the spatial distribution of atoms and bonds within the
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Fig. 5. Schematic illustration of the two main categories of ML descriptors used in MOF research: explicit descriptors and latent descriptors. Explicit descriptors, such
as geometric, chemical and electronic-based features are directly calculated from MOF structures or simulations. Latent descriptors are learned representations
extracted from data through ML algorithms often without requiring full structural information.

framework, which are crucial for understanding the structural integrity
and adsorption behavior of MOFs [108]. Since these properties define
the physical arrangement of atoms and their connectivity, they fall
under geometrical descriptors rather than chemical ones.

Chemical descriptors provide numerical or categorical representa-
tions of MOFs’ chemical properties, offering insights into their in-
teractions with water molecules. The results of the studies showed that
using geometric descriptors alone leads to relatively low prediction ac-
curacy. However, when chemical descriptors are added, either alone or
in combination with geometric descriptors, the prediction accuracy
improves significantly. These descriptors typically analyze the compo-
sition of metals and functional groups within MOFs, which significantly
influence water adsorption [109]. Unlike gas adsorption, where open-
metal sites (OMS) primarily enhance adsorption via electrostatic in-
teractions [104], water adsorption is more sensitive to factors such as
hydrophilicity, hydrogen bonding, and framework stability in humid
environments [12]. To further capture the local chemical interactions
and coordination patterns that significantly influence water stability,
descriptors are computed across different atomic scopes, such as metal-
centered, linker-connecting atoms, and functional group-centered en-
vironments [110]. These atomic-level descriptors provide a more
detailed representation of the electronic and coordination environment
within MOFs, enabling a deeper understanding of how different struc-
tural components contribute to adsorption behavior. Examples of
chemical descriptors include the (i) the metal set, which encompasses
key parameters such as valency, atomic radius, ionization potential,
electronegativity, atomic mass, valence electrons, radical electrons,
hybridization, oxidation state, electron affinity, and metal radius
[111,112]. (ii) the linker set, which described using quantitative
structure-property relationships (QSPR) and morphological data to
characterize organic ligands [113]. (iii) the molar set, which focuses on
the molar ratios between ligands and metal nodes, including species
such as oxo, hydroxyl, and water molecules [114]. Furthermore, RDKit
descriptors, which account for molecular weight, aromatic ring count,
and other molecular features, provide additional characterization [115].
Molecular ACCess System (MACCS) fingerprints offer a molecular
signature, capturing distinctive structural features, while revised auto-
correlation functions (RACs) integrate data on metal nodes, organic
linkers, and functional groups, thereby enhancing the overall under-
standing of the chemical system [116]. Among chemical descriptors,
force field parameters such as UFF4AMOF capture atomic interactions,
bond strengths, and coordination environments, providing a detailed
representation of the MOF’s chemical characteristics [117].

Energy-based descriptors provide an advanced layer of insight by
quantifying adsorption energetics. During water adsorption in MOFs,
host-guest interactions play a fundamental role in determining

adsorption performance. While these features can offer higher predictive
accuracy than purely structural descriptors, their computation often
requires extensive sampling of the potential energy surface (PES),
making them more computationally demanding [118]. Among the
widely used energy-based descriptors, Kz and heat of adsorption (Q™)
are particularly significant, as they directly represent the interaction
strength between water molecules and the MOF framework [119,120].
Energy-based descriptors also include force field-derived parameters
like UFF4MOF, which quantify intermolecular interactions and
adsorption energetics, offering valuable insights into MOF stability and
water affinity [117]. These features can be obtained experimentally or
through computational methods with relatively low cost. Their predic-
tive power is especially strong under low-pressure conditions, where
host-guest interactions dominate adsorption behavior. To capture the
PES more comprehensively, researchers have developed energy
histogram-based features, which convert three-dimensional energy grids
into lower-dimensional representations. One example is the one-
dimensional energy histogram (1D-EH), which summarizes the energy
interaction values across a unit cell into a histogram [121]. This method
simplifies complex energy distributions while preserving key adsorption
characteristics, making it computationally efficient and easily integrable
into ML models. Expanding on this concept, two-dimensional energy
histograms (2D-EH) incorporate energy gradients, allowing for better
retention of spatial interaction details [122]. This refinement has been
particularly useful for predicting adsorption properties of various ad-
sorbates, including water, by improving the representation of energy
variations within the MOF structure. Compared to full 3D energy grids,
these histogram-based features reduce computational cost while main-
taining predictive power. The continued development of advanced
energy-based descriptors is enhancing the ability of ML models to
accurately predict water adsorption behavior in MOFs, paving the way
for more efficient material selection and design.

3.2.2. Latent descriptors

While explicit descriptors provide detailed information about MOF
structure and chemistry, latent descriptors offer an alternative approach
to efficiently predict performance, even in cases where full structural
data is unavailable, as they abstract complex material properties into
computationally manageable representations, enhancing ML model
generalization and predictive power. These advanced descriptors
enhance the understanding of adsorption mechanisms by capturing
complex structural and energetic interactions. As shown in Fig. 5, these
features can be broadly classified into six categories: advanced topo-
logical descriptors, advanced energy-based descriptors, ML-derived de-
scriptors, modular descriptors, inverse design-driven descriptors, and
operational descriptors. Each of these approaches provides unique
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insights into adsorption behavior, expanding the scope of feature engi-
neering beyond traditional methodologies.

Advanced topological descriptors provide a more detailed charac-
terization of MOF structures by considering atomic connectivity, spatial
arrangement, and geometric patterns. One key approach in this area is
persistent homology, which transforms a MOF’s structure into a point
cloud and analyzes its connectivity through barcodes and persistent
diagrams [123]. This technique has been used to identify structural
voids, which are critical for adsorption behavior. Another method,
geometric landscapes, represents MOFs in a high-dimensional space
based on their geometric similarity [124]. By mapping these relation-
ships, ML models can leverage topological patterns to predict water
adsorption performance more effectively. An important tool used to
analyze the topology of MOFs is MOFid [125]. This database specifically
focuses on the structural connectivity and arrangement of metal nodes
and linkers within the MOF framework. MOFid helps researchers classify
and compare different MOF topologies, offering valuable insights into
the material’s network structure. This tool is particularly useful for
designing and optimizing MOFs with specific topological features,
improving their performance in adsorption applications, including
water uptake.

Advanced energy-based descriptors go beyond explicit descriptors by
offering a more detailed understanding of host-guest interactions, which
is particularly valuable for predicting water adsorption behavior in
MOFs. One emerging approach involves probabilistic distributions of
electrostatic potential energy and surface curvature [126]. In this
method, the accessible surface of a MOF is first determined based on Van
der Waals energy. Key properties such as local mean curvature, elec-
trostatic potential energy, and its gradient are then projected onto this
surface. These values are subsequently transformed into normalized
probability distributions, providing a quantitative representation of
energy variations across the MOF structure. Such descriptors can
enhance the prediction of water uptake under varying humidity condi-
tions. Another effective feature is the radial distribution function (RDF)
of energy adsorption sites, which helps assess the spatial distribution of
adsorption energies on a MOF’s accessible surface [127]. Adsorption
energy values are categorized into different energy ranges, and RDFs are
computed to determine how the density of adsorption sites varies as a
function of distance from a reference point. By incorporating these de-
scriptors into ML models, the spatial distribution of adsorption energy
can be better understood, improving the accuracy of water adsorption
predictions. A different strategy involves Effective Point Charge (EPoCh)
descriptors, which estimate electrostatic interactions between adsorbent
molecules and MOFs [128]. These descriptors are generated by simu-
lating a hypothetical atom with varying charges and analyzing how
these charge variations influence water uptake under different pres-
sures. Unlike computationally expensive calculations such as Ky, EPoCh
descriptors provide a cost-efficient way to capture electrostatic effects,
making them highly useful for screening MOFs for water harvesting
applications. Additionally, DFT-derived energy descriptors, such as
adsorption energies and interatomic forces, provide a detailed descrip-
tion of the energy landscape, which is crucial for accurately modeling
adsorbate-MOF interactions [129]. These descriptors are essential for
training ML models to predict adsorption behavior and simulate
framework flexibility.

ML-derived descriptors have emerged as a powerful approach for
predicting water adsorption in MOFs by allowing models to self-learn
features directly from structural data. Unlike manually designed de-
scriptors, these self-learned features preserve spatial and energetic in-
formation, enabling models to identify complex adsorption patterns.
However, the interpretability of these features remains a challenge, as it
is often unclear which aspects of the structure contribute most to pre-
diction accuracy. One major category of these descriptors is atomic
position-based features, where MOF structures are represented as spatial
grids or projected images for deep learning models. For instance, two-
dimensional projections of MOFs have been used as inputs for
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convolutional neural networks (CNNs) to learn structural patterns that
correlate with adsorption properties [130]. Alternatively, voxel-based
3D grids, where occupied and unoccupied spaces are mapped, have
been explored for predicting adsorption behavior [131]. While these
methods have shown success in other adsorption contexts, their appli-
cation to water adsorption remains challenging due to the complex na-
ture of water-MOF interactions. To improve accuracy, energetically
augmented atomic position-based features incorporate both structural
and energetic information. These methods enhance pure position-based
approaches by labeling atoms with energy-related properties such as
electrostatic potential or Van der Waals interactions. For example,
models trained with Lennard-Jones parameters or atomic point charges
have demonstrated improved adsorption predictions, as they capture the
energy landscape governing water uptake [132]. Another advanced
approach involves crystal graph convolutional neural networks
(CGCNNs), which model MOFs as graph structures where nodes repre-
sent atoms and edges encode bonding interactions [133]. By leveraging
these learned representations, CGCNNs can predict water adsorption
properties with high accuracy. Additionally, hybrid models that
combine CGCNNs with traditional geometric descriptors, such as pore
size and accessible volume, further enhance predictive performance,
leveraging both data-driven learning and domain knowledge [134].
These ML-derived descriptors provide a scalable way to screen MOFs for
water adsorption, offering a pathway toward discovering efficient ma-
terials for AWH applications.

Modular descriptors provide an efficient way to characterize MOFs
for water adsorption by leveraging shared structural elements across
different materials. Given the diversity of MOF structures, ranging from
metal nodes to organic linkers and functional groups, these descriptors
help capture key adsorption-relevant features without requiring exten-
sive individual calculations for each material. One approach involves
encoding the surface charge distribution of organic linkers as a modular
feature, which can be applied across multiple MOFs. For instance, sigma
profile descriptors, originally used for hydrocarbon adsorption [135],
can be adapted to predict water adsorption by incorporating linker po-
larity and hydrophilicity. By integrating these descriptors with tradi-
tional structural descriptors such as pore size, ML models can achieve
more accurate adsorption predictions. The advantage of modular de-
scriptors lies in their transferability, enabling the construction of feature
databases that eliminate the need for recalculating properties for each
MOF. This approach is particularly beneficial for screening large MOF
libraries for AWH applications, as it streamlines the identification of
promising candidates while maintaining predictive accuracy.

Inverse design-driven descriptors have emerged as a powerful tool
for developing predictive ML models for material properties. An encoder
converts input data into meaningful representations, often as vectors or
tensors, which allows for the inverse design of materials by targeting
specific properties. The decoder then reconstructs the material from
these representations. For example, Yao et al. introduced a method
called supramolecular variational autoencoder (SmVAE), which
decomposed MOFs into components such as metals, organic linkers, and
topologies [136]. These were encoded into graph-based canonical codes
(RFcodes), which were used as features to train a deep generative model.
This model used the encoder to map RFcodes into a latent space,
enabling property predictions. Afterward, the decoder reconstructed
RFcodes, validating the representations and allowing for the inverse
design of MOFs.

Operational descriptors encompass external conditions and experi-
mental parameters that influence the adsorption behavior of MOFs but
are not intrinsic to their structure or composition. These descriptors
capture environmental and experimental factors such as temperature
(T), pressure (P), RH, and adsorption kinetics, which are critical in
determining the real-world performance of MOFs in applications like
AWH [137]. Unlike explicit structural or chemical descriptors, opera-
tional descriptors account for system-dependent variations that can
significantly impact adsorption isotherms and thermodynamic
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properties. Incorporating operational descriptors into ML models en-
hances predictive accuracy by adapting predictions to practical condi-
tions rather than relying solely on idealized material properties [85]. As
a result, these descriptors play a crucial role in bridging computational
modeling with experimental validation, ensuring that MOF performance
predictions align with real-world applications.

A comprehensive list of explicit and latent descriptors utilized in
MOF-based AWH is presented in Table 1. A detailed discussion of each
descriptor is provided in Section 6.

4. ML models for MOF discovery

ML has revolutionized the discovery and optimization of MOFs,
enabling more efficient material design across various applications,
including adsorption-based processes. While previous studies have
explored the role of ML in screening MOFs for gas storage, separation,
and general adsorption performance, AWH presents unique challenges
that demand specific material properties, which were discussed in Sec-
tion 2. In the context of AWH, ML can be particularly powerful in pre-
dicting water adsorption isotherms, identifying critical structural
features influencing water capture efficiency, and streamlining the dis-
covery of MOFs with tailored properties. Unlike traditional trial-and-
error approaches, ML-driven methodologies allow for rapid screening
of large MOF databases shown in Fig. 4 while incorporating experi-
mental and computational insights to enhance prediction accuracy.
Beyond structural screening, ML is instrumental in optimizing synthesis
conditions and post-synthesis characterization. By analyzing historical
synthesis data, ML models can predict the most effective parameters for
obtaining MOFs with superior AWH performance, reducing experi-
mental costs, and accelerating material development. Additionally,
automated analysis of large-scale experimental datasets enables the
identification of key stability and performance indicators, further
refining the selection process. Given the diversity of ML approaches, no
single algorithm universally outperforms others across all MOF-related
tasks. Therefore, a comparative evaluation of ML models tailored to
AWH applications is essential. This section systematically examines
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different ML methodologies applied to MOF discovery, emphasizing
their role in addressing the specific challenges of AWH.

4.1. Classification of ML models

ML approaches are difficult to classify because functionality, goals
and methodologies often overlap, making it difficult to categorize them
into clear and independent categories. Often algorithms serve multiple
purposes or adapt to different learning paradigms based on the appli-
cation domain, complicating categorization even further. Nevertheless,
for a better understanding and conceptual clarity of the use of ML in
MOFs discovery, it is necessary to establish a classification framework.
Based on the type of learning, the methods in ML mainly categorized
into SL, which predicts material properties using labeled data; UL, which
uncovers patterns and groups data without labels; and RL, which opti-
mizes material designs by exploring and interacting with design spaces
autonomously [138]. These categories can be further branched, first by
problem objective and then by algorithm type. Fig. 6 schematically il-
lustrates the classification of ML approaches. The red oval shapes in this
figure represent the three main types of learning (i.e., Supervised, Un-
supervised, Reinforcement), which are considered the building blocks.
These types are classified according to how data is interacted with and
how the learning process is shaped. The brown arrowheads branching
from them indicate specific approaches that are techniques or algo-
rithms developed for specific types of problems. For instance, the
regression approach focuses on the problem of predicting a continuous
numerical value (e.g., hydrogen uptake of MOFs [139]). Classification
approach, on the other hand, aims to assign data to one of predefined
discrete categories (e.g., identification of hazardous gases based on their
unique optical fingerprints using an artificial optical nose integrated by
MOFs [140]). Clustering approach focuses on the problem of automat-
ically discovering natural groups or patterns within unlabeled data. The
goal is to group similar data points together (e.g., MOF clustering
through transfer learning [141]). In the Model-Based, the agent (i.e., the
algorithm that interacts with the environment and makes decisions) first
learns a model of the environment (i.e., rules and how it works). It then

Table 1
ML Applications in the Discovery and Design of MOFs for AWH.
ML Algorithms Explicit Descriptors Latent Descriptors Datasets Applications Refs.
(Best)
Predict the
DTs, SVM, GBR, Burtch dataset ising 207 MOFs), 10
5 ’ ’ Metal, linker, and molar sets (chemical descriptor) - urteh ca ase. (comprising I ) hydrolytic [176]
RF (RF) MOFs synthesized post-publication o
stability
LCD, PLD, LFPD, VSA, GSA, VF, PV, p, pore size, PV,
SVM, GP, MLP, Zess/z} i]“(ic?r’)a;r?glrs:?asl]tr}; dti)s:defe ecr::;tgre(iet?‘:liletrlcal Database of 1133 experimentally Predict the
RF, KN/KNN eriptor) and 1us, sativity, - synthesized MOFs, ARC-MOF database (~ hydrolytic [1771]
affinity, ionization, atomic mass, valence electron, i
(RF) . A . 280,000 MOFs) stability
radical electron, hybridization, oxidation state,
RDKit, MACCS fingerprint (chemical descriptor)
WS24 dataset comprising 1092 .
M, MLP, L Predict th
SVM, s LR, Pore size, SA, PV, VF, ASA (geometrical descriptor) T (operational experimentally MOFs, 10,000 MOFs from a redic . N
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and GA) P P gn sp ’ P stability
structures
LCD, PLD, LEPD, VSA, GSA, VF, PV, p, PD MOFid Fadvancec.l 285 experimentally characterized MOFs Predict the
GBR, RFR, KRR . . . topological descriptors) from the NIST-ISODB database and the .
(geometrical descriptor) and UFF4MOF, linker R . X . water [92]
(RFR) chemistry (chemical descriptor) and T (operational literature articles, 8000 computation-ready, adsorntion
4 P descriptor) experimental (CoRE) MOFs P
RF, GBRT, NCA*  LCD, PLD, VSA, VF, p (geometrical descriptor) and 6013 computation-ready experimental Predict the
Nen) O (eneray-based d’eﬂs . j tors) P - MOFs (CoRE-MOFs) and 137,953 water [174]
&y P hypothetical MOFs (hMOFs) adsorption
P (operational Predict the
RF, ANN (RF) SA, V,, D, (geometrical descriptor) p. EWAID dataset water [173]
descriptor) .
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Predict th
DFT (Advanced energy- DFT-trained MOF structures via active redict the
MACE - . . water [178]
based descriptors) learning .
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* The authors considered NCA as a standalone classifier. NCA is a metric learning method that does not directly perform classification but only improves the

performance of other algorithms by transforming the data for better representation.
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Fig. 6. Schematic overview of ML approaches applied in MOF discovery. The figure classifies ML techniques into three primary categories: SL, UL, and RL, based on
the nature of the data and learning objectives. It also highlights the use of hybrid strategies and advanced emerging methodologies.

uses this model to simulate possible future outcomes and plan the best
action (e.g., inverse design of MOFs for direct air capture of CO5 [142]
[143]).

The oval shapes with stars at the bottom of the diagram represent
hybrid models formed by combining the main types, which are needed
where real-world problems often involve complex structures that cannot
be adequately addressed by main learning types. The color coding ex-
plains this combination: purple indicates supervised + unsupervised,
green indicates supervised + reinforcement, and gray indicates unsu-
pervised + reinforcement learning combinations. Semi-Supervised
Learning combines Supervised and Unsupervised Learning. It is used
in cases where there is a very small amount of labeled (i.e, correct
answer known) data and a very large amount of unlabeled (i.e. answer
unknown) data. The supervision here comes from labels provided by
humans [144]. Imitation Learning typically uses Supervised Learning
techniques for Reinforcement Learning problems. It enables an agent (e.
g., a robot) to learn by imitating the behavior of an expert (e.g., a
human) rather than learning from scratch through trial and error [145].
Self-Supervised Learning is fundamentally similar to Unsupervised
Learning, but it uses Supervised Learning methods to solve problems.

11

The model automatically generates its own labels from unlabeled data.
The supervision here is automatically derived from the data itself [146].
Supervised Reinforcement Learning is an extension of Imitation
Learning and combines Supervised and Reinforcement Learning. The
agent first learns a basic policy using expert data (supervised), then
further refines this policy using reinforcement learning [147]. Unsu-
pervised Reinforcement Learning combines Unsupervised and Rein-
forcement Learning. The agent does not receive an external reward for
solving a specific task. Instead, it explores the environment driven by
internal motivation or curiosity and learns general skills that may be
useful [148]. While this categorization offers a systematic framework for
comprehending ML methodologies, it is crucial to recognize that the
domain of ML is a swiftly advancing area of study, with researchers
frequently presenting novel methodologies and hybrid paradigms. As
progress persists, new techniques frequently obscure the distinctions
between established categories, underscoring the fluid and proliferating
essence of ML inquiry.

As shown in Fig. 6, beyond traditional ML paradigms, various
alternative approaches have been explored in MOF discovery to enhance
prediction accuracy, optimize synthesis strategies, and accelerate
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material screening. One of them is hybrid learning approaches integrate
elements of SL, UL, and RL. Among hybrids the most employed tech-
niques are Hybrid Learning Models (HLMs) such as Semi-Supervised
Learning (SSL) [149], Transfer Learning (TL) [150] and Machine
Learning Potentials (MLPs) [151]. HLMs combine different ML tech-
niques to leverage their respective strengths, improving generalization
and robustness in MOF property prediction. For instance, SSL integrates
labeled and unlabeled data to enhance model performance, while self-
supervised learning extracts meaningful representations from large
MOF datasets. TL is an ML paradigm that transfers knowledge learned in
one task to another task. Korolev and Mitrofanov introduced an ML
model combining density-derived electrostatic and chemical methods
(DDEC) with charge equilibration methods (Q°%), improving adsorption
property predictions for nanoporous materials [152]. Wang et al.
developed an integrated ML framework, incorporating both geometric
and chemical features to link MOF structures with gas adsorption
properties [153]. Ma et al. employed TL to enhance the predictive ac-
curacy of ML models for gas adsorption in MOFs [154]. They trained
DNN on H; adsorption data and successfully transferred knowledge to
predict Hy adsorption at different conditions and CH4 adsorption,
improving accuracy from 0.935 to 0.980. Additionally, MLPs represent
an emerging hybrid approach that combines SL with physics-informed
modeling to accurately approximate PES for MOF systems. By learning
from high-fidelity quantum mechanical data, MLPs enable efficient
prediction of interatomic interactions, thereby accelerating MD simu-
lations and materials screening with near-ab initio accuracy at a fraction
of the computational cost [151].

Besides hybrid learning approaches, some methods that integrate
elements of ML. These methods include Social Network Analysis (SNA)
[155], TM [156], Bayesian Optimization (BO) [157] and Evolutionary
Algorithms (EAs), etc. Park et al. developed a text-mining algorithm to
extract data from 46,701 MOFs and proposed a ML learning algorithm
for synthesis prediction [158]. Qiao et al. optimized MOF separation
performance using Decision Trees (DTs) and Back-Propagation Neural
Networks (BPNN) alongside a Particle Swarm Optimization (PSO) al-
gorithm, identifying seven MOFs with superior xylene separation ca-
pabilities [159]. SNA analyzes the relationships and interactions
between entities in a network to identify patterns, influences, and
structure, often used to predict behaviors or properties based on these
connections. Jalali et al. introduced MOFSocialNet, a SNA-based model
that outperformed conventional ML tools in predicting MOF properties
[160]. TL enables models to transfer knowledge from pre-trained data-
sets to MOF-related tasks, improving predictive performance with
limited data availability. This technique is particularly valuable in deep
learning models, such as Deep Neural Networks (DNNs) [161], CNNs
[162], and Graph Neural Networks (GNNs) [163], where feature
extraction from large chemical databases enhances the accuracy of MOF
property predictions. BO is a powerful probabilistic technique used to
optimize complex design spaces, such as MOF synthesis parameters. By
iteratively refining predictions based on prior observations, BO effi-
ciently identifies promising candidates with minimal computational
cost. Long et al. utilized BO to enhance ML models for predicting the
energy efficiency of MOFs in adsorption-driven osmotic heat engines
[164]. By optimizing hyperparameters in regression and classification
models, they identified key structural features influencing performance,
achieving a prediction accuracy of 88.3 % in classification and RZ = 0.84
in regression. Their approach significantly accelerated the screening
process compared to traditional GCMC simulations, enabling efficient
identification of high-performance MOFs. EAs, including Genetic Algo-
rithms (GA) [85] and PSO [165], simulate natural selection and swarm
intelligence to optimize MOF structures. These algorithms explore large
search spaces and identify optimal materials by evolving candidate so-
lutions over multiple iterations. Pilz et al. applied a GA to optimize
multiple synthesis parameters for HKUST-1 SURMOF thin films on
functionalized Au substrates, improving efficiency in multi-parameter
optimization [166]. By leveraging innovative ML techniques,
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researchers have expanded the scope of MOF discovery beyond con-
ventional methods, integrating hybrid models, transfer learning, and
optimization algorithms to enhance predictive accuracy and accelerate
material screening.

4.2. ML models applied in MOF-based AWH systems

ML has significantly transformed the discovery and optimization of
MOFs for diverse applications, including gas separation, catalysis, and
adsorption-driven processes. However, the design of MOFs for AWH
presents unique challenges that distinguish it from other adsorption and
catalytic applications. Unlike gas adsorption, where performance is
primarily dictated by pore size, surface area, and functionalization,
AWH efficiency is governed by a complex interplay of thermodynamic
and kinetic factors such as water uptake capacity, adsorption-desorption
hysteresis, and hydrolytic stability [12]. These properties are strongly
influenced by framework flexibility, hydrophilicity, and dynamic host-
guest interactions, making predictive modeling more intricate than in
conventional gas adsorption or catalytic applications.

While previous studies have extensively explored the role of ML in
screening MOFs for gas storage, separation, and general adsorption
performance, the specific demands of AWH require a distinct approach.
ML proves particularly powerful in predicting water adsorption iso-
therms, identifying key structural features influencing water capture
efficiency, and streamlining the discovery of MOFs with tailored prop-
erties. Traditional trial-and-error methodologies are inherently slow and
resource-intensive; in contrast, ML-driven approaches enable rapid
screening of extensive MOF databases, as shown in Fig. 4, integrating
both experimental and computational insights to enhance predictive
accuracy. Beyond structural screening, ML is instrumental in optimizing
synthesis conditions and post-synthesis characterization. By leveraging
historical synthesis data, ML models can identify optimal processing
parameters for producing MOFs with superior AWH performance,
significantly reducing experimental costs and accelerating material
development. Additionally, automated analysis of large-scale experi-
mental datasets facilitates the identification of key stability and per-
formance indicators, further refining the material selection process. Due
to the complexities associated with AWH, ML models applied in this
domain must be capable of capturing nonlinear dependencies between
structural descriptors and adsorption behavior while maintaining high
predictive accuracy. These models must integrate explicit descriptors
such as pore geometry and chemical functionality with latent features
that capture framework flexibility and water adsorption energetics.
Additionally, these models should be capable of effectively working with
limited data. As a result, combining these factors has significantly
restricted the applicability of many commonly used ML approaches in
this field. For instance, the scarcity of high-quality experimental
adsorption data for MOFs under AWH conditions limits the applicability
of deep learning approaches, which typically require large datasets for
training. On the other hand, while UL techniques, have proven effective
in material classification and feature extraction, their application in
MOF discovery for AWH remains limited. The primary reason lies in the
fundamental nature of AWH-specific MOF design, which requires pre-
cise predictive modeling of adsorption properties rather than merely
identifying structural similarities. Unlike gas separation or catalytic
applications, where clustering can help categorize, materials based on
pore size or chemical functionality, AWH performance is highly
dependent on complex thermodynamic and kinetic factors, such as
water uptake capacity, adsorption-desorption hysteresis, and hydrolytic
stability, which are challenging to infer from clustering alone.

Furthermore, clustering models such as K-Means [167] or Gaussian
Mixture Models (GMMs) [168] rely on predefined distance metrics,
which may not fully capture the nonlinear correlations between MOF
structure and water adsorption behavior. Similarly, dimensionality
reduction methods like Principal Component Analysis (PCA) [169] and
t-Distributed Stochastic Neighbor Embedding (t-SNE) [170] focus on
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data visualization rather than direct property prediction, limiting their
utility in optimizing MOFs for specific adsorption targets. Application-
specific priorities such as accuracy, interpretability, computational
cost, and data structure play a decisive role in the selection of machine
learning algorithms. Each algorithm has different learning mechanisms.
For example, while the SVM algorithm stands out with its high gener-
alization capacity, ability to produce optimal solutions, and strong
discriminatory power, it has limitations such as being unsuitable for
large data sets, high algorithmic complexity, and memory requirements
[171]. ANNSs, on the other hand, are considered effective and efficient
models for solving complex problems thanks to their powerful features
such as self-learning, adaptability, fault tolerance, nonlinear structure,
and parallel processing. However, there are still challenges to be
resolved in model design, transparency, uncertainty, external data
estimation, and error surface navigation [172]. In the context of the
advantages and limitations of ML algorithms in MOF studies related to
AWH, RF and backpropagation-based ANN models have been shown to
provide successful results in the prediction of gas adsorption isotherms
[173]. It has been observed that the RFR model overcomes the over-
learning problem more effectively than the GBR [92]. Depending on
the dataset, it is argued that while the GBRT and RF models are suitable
for the prediction of CoRE-MOFs, they are not sufficient for hMOFs
[174]. It has been reported that the GBR algorithm is more sensitive to
the characteristics of the training set and that this may affect reliability
when applied to new data [175]. Consequently, SL models, which
leverage experimental adsorption data for direct property prediction,
remain the dominant ML approach in AWH-driven MOF discovery.
Although various ML techniques have been explored for MOF discovery,
only a selected subset has been applied to AWH-related tasks, as listed in
Table 1 and Fig. 7, with the top-performing models highlighted
thereafter.

Given the diversity of ML approaches, no single algorithm univer-
sally outperforms others across all MOF-related tasks. Therefore, a
comparative evaluation of ML models tailored to AWH applications is
essential. Table 1 and Fig. 7 provide a summary of the specific ML
methods applied in MOF-based water harvesting, emphasizing tech-
niques that have shown superior performance in predicting adsorption
properties and stability.

As demonstrated in Table 1 and Fig. 7, among the various ML models
used to MOF-based AWH, a clear trend toward a few top-performing
algorithms has developed. The discovery process often begins with a
broad category of learning models and then narrows down to a collec-
tion of specific applicable algorithms. Comparison study demonstrates
that models like Random Forest (RF), Random Forest Regression (RFR),
Neighbor Component Analysis (NCA), and Genetic Algorithms (GA)
consistently have the greatest predictive accuracy. Additionally, the
Machine-Learned Atomistic Cluster Expansion (MACE) algorithm (a

Applied Learning Models
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DTs, SVM, GBR, RF, GP, MLP, KN/KNN,LR,
GA, RFR, KRR, GBRT, NCA, ANN, MACE
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kind of message passing neural network) has emerged as a promising
deep learning approach capable of accurately predicting adsorption
isotherms in flexible MOFs. Other models explored include linear based
(Logistic Regression (LR)), kernel based (Kernel Ridge Regression
(KRR)), tree-based (DT), nearest neighbor based (k-Nearest Neighbors
(KNN)), neural networks based (Artificial Neural Network (ANN) and
Multilayer Perceptron (MLP)), Support Vector Machine (SVM), Gradient
Boosting Regression (GBR), Gradient-Boosted Regression Trees (GBRT),
and Gaussian Process (GP). The results of the studies show a high pro-
portion of SL models in the MOF-based AWH process. The continued
refinement of these models, coupled with the expansion of experimental
datasets, is expected to further enhance the predictive power of ML in
this domain, ultimately accelerating the discovery of high-performance
MOFs optimized for AWH. Section 6 systematically examines different
ML methodologies applied to MOF discovery, emphasizing their role in
addressing the specific challenges of AWH.

5. Performance metrics

As indicated in Table 1, a range of ML algorithms have been utilized
to predict adsorption properties and optimize MOF design for AWH
applications. To evaluate the predictive power of these models, it is
crucial to conduct thorough assessments using relevant performance

Table 2
Performance Metrics for Evaluating ML Models in MOF-Based AWH Systems.
Metric Symbol  Equation Refs.
~\2
Coefficient of Determination R? 1- Z;‘:l (}'i — Y i) {41‘47‘,39]2]
. 2
1 > (}'i - }')
n ~
Mean Absolute Error MAE = Zid |}'i _ yi| [92] [173]
Root Mean Square Error RMSE 1 n <2 173
q \n Zi:l i —¥) 73]
Accuracy*** ACC TP + 1IN [85,176]
N dictive Val TP+ TN + FP + FN

Posmv.e .Pre ictive Value/ PPV TP [85,177]

Precision** TP + FP
True P.O?It}vi fate/Recall/ TPR P 1771

Sensitivity TP + FN
Area Under the ROC Curve** AUC | TPR(FPR) dFPR [85,1771
F1 F. o F1 M 85,177

-score/F-measure PPV TPR [85, 1

*We represent only the standard accuracy metrics, which are for binary classi-
fication. Various other accuracy metrics, such as balanced accuracy, overall
(unweighted) accuracy and class-weighted accuracy, are commonly discussed in
the corresponding articles; **In the case of multi-class classification, metrics are
usually calculated by taking the average of the classes or using the total TP, FP,
FN, TN values.

Fig. 7. Summary of ML models used in MOF-based AWH. The figure shows general categories of ML algorithms and highlights those with the best performance in

predicting adsorption properties.
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metrics. This study specifically focuses on evaluating the performance of
ML approaches based solely on the metrics identified in the literature, as
shown in Table 2. In all metrics, y; represents the actual values, y; de-
notes the predicted values, n is the number of samples, y is the mean of

the actual values, Var(y) is the variance of actual values, and ¥ is the
mean predicted values, TP is the true positive (the number of correctly
predicted positive instances), FP is the false positive (the number of
incorrectly predicted positive instances), FN is the false negative (the
number of incorrectly predicted negative instances), TN is the true
negative (the number of correctly predicted negative instances) and FPR
is the false positive rate which is calculated by
FP/TN + FP.

6. Overview of ML applications in MOF-based AWH systems

ML techniques can efficiently analyze large chemical spaces and
identify promising candidates for specific applications. This is especially
important for MOF-based AWH, where key factors like water uptake
capacity, hydrolytic stability, adsorption kinetics, and regenerability
determine long-term efficiency. Recent studies have applied ML tech-
niques to predict crucial MOF properties, including water adsorption
behavior, resistance to hydrolysis, and structural stability under humid
conditions. These advances not only improve our understanding of
MOF-water interactions but also provide valuable insights for designing
materials with enhanced durability and efficiency. Table 3 summarizes a
selection of MOFs that have been discovered, optimized, or screened
using ML approaches for AWH-related performance criteria, such as
hydrolytic stability and water adsorption capacity. In the following
subsections, we review the key ML-driven studies that led to the iden-
tification of these MOFs, highlighting their methodologies, predictive
frameworks, and performance outcomes.

6.1. Predicting MOF hydrolytic stabilities by ML

Evaluating the water stability of MOFs traditionally involves a time-
consuming process of design, synthesis, and extensive experimental
testing. This long development cycle hinders the rapid discovery of new
water-stable MOFs. However, the rise of ML has opened new avenues for
accelerating the design process of MOFs, including those that exhibit
water stability. While conventional simulation tools like Material Stu-
dio, MATLAB, and Gaussian have been essential for MOF modeling, they
come with certain limitations. These tools can sometimes lead to issues
such as chemically invalid predicted ligands or erroneous MD and DFT
simulations, resulting in unrealistic structures due to energy traps. To
overcome these challenges, computational chemists have started
leveraging ML models to predict and screen the water stability of MOFs.
The fundamental difference between ML models and traditional
methods is that ML models are trained using experimental data, allow-
ing them to better align with the actual properties of MOFs. This data-

Table 3

MOFs Predicted by ML Models for AWH applications.
MOF Name Main Properties Refs.
Ca(C404)(H20) Hydrolytic stability [176]
AgTPB Hydrolytic stability [176]
[Cd21(TCA)14(H20)9]-21DMF-21H,0 Hydrolytic stability [177]
[Eu(pdc)(H20)4]3-3C1 Hydrolytic stability [177]
N85 (Zre-cluster) Hydrolytic stability [85]
N95 (Keggin-type) Hydrolytic stability [85]
WAGQAY (Ni-cluster) Water adsorption [92]
EDUWAB (Zn-cluster) Water adsorption [92]
WAFKEUO5 (Zn-cluster) Water adsorption [92]
QUTHAP Water adsorption [174]
Modified MOF-303 Water adsorption [178]
Modified MOF-333 Water adsorption [178]
Modified MOF-LA2-1 Water adsorption [178]
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driven approach, known as “real data training,” enhances the accuracy
and reliability of the predicted MOF properties. With the recent progress
in the field, ML is becoming an increasingly powerful tool for the design
of MOFs, offering the potential for a revolutionary shift in how stable
materials are identified and developed. By streamlining the discovery
process, ML can significantly reduce the time and resources required to
find MOFs with desirable properties, such as water stability, which is
crucial for MOFs used in AWH applications.

Batra et al. developed a ML framework to systematically predict the
water stability of MOFs, addressing a fundamental challenge that limits
their practical deployment in AWH applications [176]. They introduced
the “Burtch dataset”, comprising 207 MOFs categorized by 22 metal
nodes and 128 ligands (Fig. 8a). The study utilized three sets of chemical
descriptors: the metal set, which included information about metal
nodes (such as valency, atomic radius, ionization potential, electro-
negativity, atomic triples and electron affinity); the linker set, which
described organic ligands using quantitative QSPR and morphological
data; and the molar set, which focused on the molar ratios of ligands and
metal nodes, including oxo, hydroxyl, and water molecules. These de-
scriptors enabled the unique numerical representation of each MOF,
facilitating the model’s ability to predict its water stability. To identify
patterns within the dataset, the researchers employed various ML al-
gorithms, including DTs, SVMs, GBR, and RF. Hyperparameter tuning
and cross-validation were performed to enhance model performance.
The ML models were trained using two test sets, while the Recursive
Feature Elimination (RFE) was used to enhance model performance and
eliminate redundant features. This feature selection method successfully
reduced the feature dimension from 149 to 37 for the two-class model
and to 29 for the three-class model, simplifying the learning process. The
models trained on this reduced feature set were then used to classify
MOFs into MOFs were classified into unstable (U), low kinetic (LK)
stability, high kinetic (HK) stability, and stable (S) categories, achieving
83 % accuracy for the two-class classification and 71 % accuracy for the
three-class classification. To evaluate the model’s generalization capa-
bility, the researchers validated its predictions using 10 MOFs synthe-
sized post-publication, obtaining 9 out of 10 correct predictions in the
two-class model and 6 out of 10 correct predictions in the three-class
model, demonstrating the effectiveness and reliability of their ML-
based framework for predicting MOF water stability. Moreover, the
model successfully identified Ca(C404)(H20) and AgTPB (TPB: 1,2,4,5-
tetra(4-pyridyl) benzene) as water-stable MOFs during screening of 88
new candidates, further demonstrating its practical applicability for
discovering robust MOFs. However, comprehensive evaluation of both
synthesis cost and adsorption performance is necessary to identify the
most cost-effective candidates for AWH applications. Notably, the study
does not address the water uptake capacity of MOFs, which remains a
crucial parameter for evaluating their practical performance in AWH.
The study revealed that MOFs exhibiting strong metal-ligand in-
teractions, moderate pore sizes, and hydrophobic functional groups
display enhanced water stability. Feature importance analysis further
indicated that high charge density on metal centers and the presence of
sterically hindered ligands significantly improved resistance to hydro-
lysis. Although the study considers water exposure conditions across
different time scales (hours, days, and weeks), it does not explicitly
assess the long-term hydrolytic stability of MOFs under continuous
operational conditions relevant to real-world AWH systems. Among the
tested ML models, the RF classifier demonstrated the highest predictive
accuracy. Furthermore, the model’s predictive capability was validated
against experimentally measured stabilities of ten newly reported MOFs,
achieving high agreement and showcasing its robustness and reliability.
This approach provides a rapid and cost-effective alternative to experi-
mental screening, significantly reducing the need for resource-intensive
stability assessments. However, the study’s reliance on a relatively small
dataset (207 MOFs) may raise concerns about the generalizability of the
model to more complex or diverse MOF systems, especially those with
rare metal-linker combinations or underexplored topologies. Moreover,
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Fig. 8. (a) ROC curves of RF model based on original set in Classifier I, (b) ROC curves of RF model based on original set in Classifier I, (c) Kernel density estimations

of water stability versus VSA and LCD [177]. Copyright 2024 WILEY.

the use of solely hand-crafted descriptors, while interpretable, may limit
the model’s ability to capture higher-order structural and electronic
interactions that contribute to hydrolytic stability. Incorporating graph-
based or latent deep learning-derived features could potentially improve
predictive performance and reveal hidden structure-property relation-
ships. By integrating ML into MOF research, the study introduces an
efficient predictive framework that minimizes experimental trial-and-
error, guiding the rational design of robust MOFs. Furthermore, the
findings emphasize that certain MOFs with high theoretical water up-
take may still fail due to hydrolysis, underscoring the necessity of
stability-aware screening in material selection. These insights are
particularly valuable for the development of next-generation MOFs
tailored for AWH applications, where long-term durability, recycla-
bility, and hydrolytic resistance are essential. By leveraging ML-driven
materials discovery, this study paves the way for more targeted and
efficient development of MOFs optimized for real-world water harvest-
ing applications.

Zhang et al. implemented a ML-driven approach to expedite the
identification of water-stable MOFs, recognizing stability as a critical
prerequisite for their effectiveness in AWH [177]. They constructed the
largest database of 1133 experimentally synthesized MOFs with docu-
mented water stability and categorized them into four classes based on
thermodynamic and kinetic stability: thermodynamically S, HK, LK, and
U. To establish structure-stability relationships, MOFs were encoded
using four levels of descriptors: global descriptors (LCD, PLD, LFPD,
VSA, GSA, VF, PV, p, pore size, PV, VSA, LCD), building unit-based de-
scriptors (metal radius, electronegativity, affinity, ionization, atomic
mass, valence electron, radical electron, hybridization, oxidation state,
RDKit descriptors (molecular weight, aromatic ring number, etc),
MACCS fingerprint), Atom-based descriptors (Atom density (Metal
atom, non-metal atom), Bond density), and other descriptors (RACs
(Metal node, organic linker, functional groups)). The ML procedure
involved extensive feature selection, data balancing techniques, and
model optimization to develop two classification models (Classifier I and
Classifier II), tailored for aqueous-phase and vapor-phase applications,
respectively. Each ML model performance was optimized by tuning their
respective hyperparameters. The receiver operating characteristic
(ROC) was used as the primary metric for performance comparison.
They reported that the combination of global and building unit-based
descriptors has the best performance, while the RF classifier out-
performs other algorithms (such as GP, SVM, MLP, and KN (KNN)) with
the best ROC (Fig. 8a, b). To address the high dimensionality and po-
tential redundancy of the initial descriptor set, the authors employed
RFE. This systematic feature selection process allowed them to optimize
the model, reducing the number of descriptors to 75 for Classifier I and
60 for Classifier I, thereby focusing only on the most impactful features.
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The most critical global descriptors influencing water stability included
VSA, LCD, PV, and p. MOFs with high VSA (>3400 m? cm~>) and small
LCD (<11 A) exhibited superior water stability, as smaller pores hinder
water cluster formation and prevent access to electrophilic sites
(Fig. 8c). At the building unit level, the study found that hard-acid
metals enhance MOF stability, as their high coordination numbers
provide strong metal-ligand bonding, reducing hydrolysis susceptibility.
Conversely, intermediate-acid metals exhibited diverse stability,
depending on their d-electron configuration and ligand exchange rates.
Among linker descriptors, aromaticity, steric bulk, and nitrogen-
containing functional groups were positively correlated with stability,
with imidazole-based linkers (as in ZIFs) exhibiting high resilience due
to their strong coordination with metal centers. Applying the validated
ML classifiers to the ARC-MOF database (~280,000 MOFs), the study
identified 129,661 water-stable candidates (=47 %) and, through multi-
stability analysis, pinpointed 461 ultra-stable MOFs with concurrent
water, thermal, and activation stability. Experimental validation of two
predicted water-stable MOFs, [Cdz;(TCA)14(H20)9]-21DMF-21H50 and
[Eu(pdc)(H20)4]3-3Cl, confirmed their stability under prolonged water
exposure, reinforcing the ML model’s reliability. However, considering
the relatively high cost and limited abundance of Cd and Eu metals, the
economic feasibility of using these MOFs in large-scale AWH applica-
tions remains a concern. Therefore, future research should focus on
exploring more cost-effective MOFs with abundant metal clusters,
balancing performance and economic viability through careful tradeoff
analysis. The study highlights the transformative role of ML in acceler-
ating the discovery of MOFs for AWH, offering a scalable and predictive
framework for designing robust materials for water capture applica-
tions. Although the study benefits from a large dataset and diverse de-
scriptors, its reliance on conventional models, like RF, limits the
exploration of more advanced deep learning architectures that might
better capture complex nonlinear relationships across feature spaces.
While experimental validation was conducted on two MOFs, the
generalizability of the model to more exotic or low-symmetry frame-
works remains uncertain. Furthermore, the study overlooks the evalu-
ation of water uptake capacity and the kinetic behavior of degradation
or adsorption, both of which are crucial for understanding the material’s
performance over time. Broader experimental studies, along with com-
parisons to generative or graph-based deep learning models and long-
term cycling tests, would help strengthen both the robustness and
real-world applicability of the results.

Terrones et al. introduced an advanced ML methodology for classi-
fying the water stability of MOFs, leveraging an expanded dataset and
novel feature selection techniques to enhance predictive accuracy [85].
They constructed WS24, a dataset comprising 1092 experimentally
characterized MOFs, significantly expanding previous datasets by over
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400 % through automated manuscript analysis. Each MOF was classified
into one of four stability categories based on its resistance to water
exposure: U, LK, HK, and S. This study included water stability and new
labels for acid, base, and boiling stability, broadening the scope of the
model’s applicability. The authors proposed a systematic framework for
MOF classification, emphasizing that an MOF reported as water-stable
for only one day does not qualify for the TS class but can be catego-
rized under the HK class. In this study, the authors employed a
comprehensive set of descriptors to effectively capture the structural,
geometric, and chemical characteristics of MOFs for ML-based water
stability prediction. Geometric descriptors were calculated using
Zeo++, encompassing parameters such as pore size, SA, PV, VF, and
ASA, which collectively reflect the spatial architecture and porosity of
the frameworks. To complement these macroscopic features, the authors
utilized RAC descriptors, derived from both metal centers and organic
linkers, to encode atomic-level information including atomic number,
electronegativity, covalent radius, topological environment, and polar-
izability. These RAC descriptors integrate both product and difference-
based metrics over various atom pairs, providing a nuanced represen-
tation of the chemical environment within the MOF structure. Addi-
tionally, descriptors were computed across different atomic scopes, such
as metal-centered, linker-connecting atoms, and functional group-
centered environments, thereby capturing the local chemical in-
teractions and coordination patterns that significantly influence water
stability. The use of hierarchical descriptor scopes is particularly note-
worthy, as it enables the model to incorporate multi-resolution infor-
mation that spans both local bonding environments and global
framework geometry, an approach that remains underutilized in similar
studies. By combining geometric features with RAC-based atomic de-
scriptors, the study ensures a multi-scale representation of MOF prop-
erties, allowing the ML models to account for both physical framework
attributes and intricate electronic or bonding effects that govern hy-
drolytic behavior. To develop a robust predictive model, they employed
ML algorithms and compared multiple approaches, ultimately selecting
RF method due to their superior performance over SVMs, MLPs, and LR.
Two classification models were trained: a four-class model that pre-
dicted the exact stability category and a two-class model that grouped
unstable and stable MOFs together to mitigate classification noise. For
example, in two-class model MOFs are assigned to either the two more
stable classes (HK + S) or the two less stable classes (U + LK)). The
dataset exhibited class imbalance, which was addressed using synthetic
minority over-sampling techniques (SMOTE) to improve model gener-
alization. Feature selection was performed using recursive feature
addition, allowing the model to retain only the most relevant descriptors
while reducing complexity and overfitting. The optimized RF models
achieved test set ROC-AUC scores exceeding 0.83, demonstrating their
ability to accurately predict MOF stability across diverse chemical
structures. The ML models identified several key structural descriptors
governing MOF stability. Pore geometric features, including the largest
cavity diameter, PV, and included sphere size, played a significant role
in determining water uptake and hydrolytic resistance. Coordination
environment descriptors, such as metal oxidation state and nuclear
charge, were crucial, with higher oxidation state metals forming stron-
ger bonds with organic linkers, thereby enhancing stability.
Connectivity-based attributes, including graph-theoretic features like
mc-y-3 (metal-centered autocorrelation of electronegativity over 3-bond
paths) and Dmc-y-2 (difference-based metal-centered autocorrelation of
electronegativity over 2-bond paths), provided additional insight into
framework robustness, indicating that MOFs with densely connected
metal centers exhibited greater water resistance. Interestingly, the study
revealed that larger pores were positively correlated with acid stability,
contradicting the conventional expectation that small pores provide
greater protection against degradation. This observation, while signifi-
cant, raises additional questions about the trade-offs between pore
accessibility and chemical resilience, which the study does not fully
explore. A more detailed mechanistic interpretation could clarify
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whether this trend is generalizable across MOF families or specific to
structural subtypes. Furthermore, using the trained models, the study
applied a GA to screen approximately 10,000 MOFs from a design space
of 485,650 hypothetical structures, and identified 10 top-performing
candidates that simultaneously exhibit high water, acid, and activa-
tion stability (composite fitness score > 0.85). Among these, the two
highest-fitness hypothetical MOFs were highlighted, with detailed in-
formation on their unit cells, fitness scores, and compositional charac-
teristics. These MOFs predominantly adopt the bcu and rtl topologies
and feature highly connected SBUs, including N85 (a Zre cluster derived
from NU-1000) and N95 (a Keggin-type Zn-based unit found in NENU-
501). While the integration of GA is an important innovation in this
study, the potential limitations of the fitness function design and search
space boundaries are not discussed. Including an analysis of how the
GA'’s selection pressure may bias toward specific chemistries (e.g., Zr-
based SBUs) would strengthen the generalizability of the conclusions.
The findings underscore the power of ML in accelerating the discovery of
stable MOFs, providing a scalable framework for screening large mate-
rials databases, optimizing experimental synthesis, and designing next-
generation MOFs capable of efficient AWH. Despite offering a useful
ML-based framework for predicting the water stability of MOFs, the
study does not address several critical aspects required for practical
AWH applications, including long-term stability under operational
conditions, water uptake capacity, kinetic behavior, and experimental
validation of predicted MOFs.

6.2. Predicting of water uptake on MOF by ML

While previous studies have explored the application of ML in pre-
dicting the hydrolytic stability of MOFs, an equally critical aspect of
AWH performance lies in optimizing water adsorption properties. High
water uptake, steep adsorption at low RH, and rapid adsorption-
desorption kinetics, are key factors determining the efficiency of MOFs
in AWH. ML has emerged as a powerful tool for accelerating the dis-
covery and design of MOFs with these desirable attributes by efficiently
screening large chemical spaces, identifying QSPR, and guiding the
rational design of new materials. This section reviews recent advances in
the use of ML techniques for predicting and optimizing MOF adsorption
properties relevant to AWH. We analyze studies that leverage ML models
to predict water uptake capacities, adsorption isotherms, pore charac-
teristics, and functional group effects, aiming to uncover design princi-
ples for high-performance AWH materials. By comparing these
approaches with ML-based stability predictions, we highlight how data-
driven strategies contribute to the comprehensive development of
multifunctional MOFs for AWH.

Zhang et al. developed an ML-based framework to predict the water
adsorption properties of MOFs and identify top-performing candidates
for AWH [92]. Recognizing the limitations of traditional trial-and-error
approaches in MOF discovery, the authors leveraged a data-driven
methodology to systematically evaluate and optimize adsorption per-
formance across a large dataset of materials. By leveraging both litera-
ture and the NIST ISODB database, they incorporated 344 water
adsorption isotherms (198 from the NIST-ISODB database and 146 from
the literature articles) from 285 experimentally characterized MOFs,
enabling the extraction of key adsorption metrics, including isotherm
type, Ky, @, Qmax, and working capacities relevant for both arid
(Aqo.1-0.3) and humid (Aqg.6_9.9) conditions. This approach highlights the
value of curated isotherm databases in providing reliable input data for
ML models and underscores the broader potential of resources like NIST
ISODB for supporting reproducible, large-scale screening in AWH
research. A high Ky indicates strong water—framework interactions,
making such MOFs ideal for water harvesting in low-humidity (~20 %
RH) conditions. The MOFs were encoded into machine-readable de-
scriptors, including eight structural features (LCD, PLD, LFPD, VSA,
GSA, VF, PV, p) computed via Zeo++, 68 chemical descriptors quanti-
fying atom types and densities using UFF4MOF field parameters, and
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operating conditions such as experimental temperature. Additional de-
scriptors included PD (Zeo++ with a 1.35 A probe), linker chemistry,
and topology (MOFid), ensuring a comprehensive structure-property
analysis. The integration of both microscopic (atomic-level) and meso-
scopic (pore-scale) descriptors is commendable, as it enables the model
to bridge local adsorption sites and global porosity, both of which are
critical for water uptake performance. This level of modeling depth is
often lacking in previous ML studies focused on MOFs. To develop these
predictive models, the researchers employed multiple ML algorithms,
including RFR, GBR, and KRR with both Gaussian and Laplacian kernels
(KRR_G and KRR_L). Among these approaches, RFR demonstrated the
highest accuracy, effectively capturing complex QSPR while minimizing
overfitting. They featured importance analysis, based on Gini impurity,
categorized key descriptors into structural (pore size, geometry),
chemical (metal/nonmetal atom densities), and operational (tempera-
ture) factors. The numerical values in parentheses represent the relative
importance of each feature, indicating its contribution to predictive
accuracy within the ML model. They reported that Ky is primarily
governed by chemical features, with metal (0.347) and nonmetal
(0.283) densities playing dominant roles. Water molecules preferen-
tially adsorb at unsaturated metal sites and hydrophilic groups, while
temperature (0.102) negatively affects Ky due to the exothermic nature
of adsorption. a is equally influenced by nonmetal density (0.351) and
pore geometry (0.325), reflecting both local interactions and global
framework effects. These findings offer a more nuanced understanding
of how different design variables impact specific performance targets.
This perspective not only enhances model interpretability, but also
supports rational material design. However, the interpretation of trade-
offs between Ky and « under practical operating conditions, such as in
real AWH cycles, is not fully addressed. This limitation reduces the
immediate translatability of the model outcomes to application-level
optimization. They emphasized that chemical and structural features
have opposite effects on Ky and a. qmqy is structurally driven (0.515),
with SA (VSA, GSA) and pore size (LFPD, PLD, LCD) exerting greater
influence than PV. According to their reports, a pore size ~10 A is
identified as critical for gmqy, while VSA > 4200 em?em 3 leads to a
sharp decrease. Adsorption uptake differences (Aqq.1_0.3 and Aqo.6-0.9)
show a shift in dominance from chemical features at low pressure to
structural factors at high pressure. Temperature has twice the impor-
tance for Aqp ;03 than Aqpe_g9. To validate the robustness of their
models, the authors conducted out-of-sample testing on newly synthe-
sized MOFs, achieving strong agreement between predicted and exper-
imental values. Although this validation strategy strengthens model
credibility, the selection of validation candidates appears limited in di-
versity, which could restrict confidence in the generalizability of pre-
dictions across novel topologies and chemistries not well represented in
the training dataset. Leveraging this validated model, they screened over
8000 computation-ready, experimental (CoRE) MOFs to identify mate-
rials with superior AWH potential. Their analysis highlighted 149 MOFs
with exceptionally high-water uptake (gmqx > 35 mmol g’l), 39 candi-
dates optimized for low-humidity adsorption (Aqg.;_9.3 > 10 mmol g™ 1),
and 139 materials suitable for high-humidity conditions (4qg.6_9.9 > 8.7
mmol g’l). Among the CoRE MOFs screened, WAFKEUO5 (Zn-cluster)
showed the highest working capacity of Aqo,7_0.3 = 13.82 mmol g}, and
WAGQAY (Ni-cluster) achieved high working capacity (4qp.6-0.0 = 58.07
mmol g~1). Four additional MOFs containing Zr, Cu, and Co clusters
were also identified in the Aqy ;¢ 3 range; however, all exhibited lower
uptake capacities compared to WAFKEUO5. Considering that zinc is
significantly more affordable and widely available than zirconium,
copper, and cobalt, the Zn-based WAFKEUO5 stands out as a cost-
effective option that also offers the highest performance in this range.
In the Aqg.6_9.9 window, four MOFs with Zn and Cu clusters were iden-
tified. While WAGQAY, based on a Ni cluster, showed the highest
working capacity, the Zn-based EDUWAB achieved a similarly high
value of 56.06 mmol g~*. Although slightly lower in uptake, the lower
cost of zinc compared to nickel makes EDUWAB an economically
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attractive alternative. These results highlight the need to balance
adsorption performance with material cost when selecting MOFs for
practical AWH applications. This study establishes a scalable and data-
driven roadmap for the design of next-generation MOFs, integrating
structural, chemical, and adsorption descriptors to refine material se-
lection criteria. However, one limitation not sufficiently addressed is the
reliance on literature-derived isotherms, which may exhibit significant
experimental inconsistencies between sources. Incorporating uncer-
tainty quantification or model calibration against standardized bench-
marks could further enhance the reliability of the predictions. By
systematically uncovering the key determinants of water uptake and
optimizing them through ML models, they demonstrate a powerful
paradigm shift from conventional empirical screening toward predic-
tive, ML-assisted material discovery. Their findings highlight the
growing potential of ML in transforming AWH research, enabling the
rapid identification of high-performance MOFs that balance adsorption
capacity, stability, and regeneration efficiency. However, the study fo-
cuses on equilibrium adsorption properties but does not include kinetic
analysis, which is important for evaluating real-time performance in
AWH systems. Long-term stability is also not directly assessed, although
Ky is used as an indirect indicator. Additionally, while model predictions
are compared with experiments for seven MOFs, the limited diversity of
these samples may affect generalizability. Future studies could benefit
from including kinetic data, stability evaluation, and broader experi-
mental validation.

Li et al. conducted a ML-assisted computational screening to identify
high-performance MOFs for AWH [174]. This study combines Monte
Carlo (MC) simulations with ML models to efficiently screen thousands
of MOFs and determine their ability to selectively capture water from
the atmosphere. The research focuses on 6013 computation-ready
experimental MOFs (CoRE-MOFs) and 137,953 hypothetical MOFs
(hMOFs), analyzing their adsorption performance based on five struc-
tural descriptors including the LCD, PLD, VSA, VF, p, and an energy
descriptor of heat of adsorption (Q), were used to quantitatively
describe the structure of the MOF. Among these, Q™ emerges as the most
critical factor, as it directly influences the strength of water-MOF in-
teractions. To establish predictive models, the study applies three ML
algorithms: RF, GBRT, and NCA. The results are presented for the CoRE-
MOFs database in Fig. 9 (a-c), and for the hMOFs database in Fig. 9 (d-f).
After parameter optimization using five-fold cross-validation, NCA
achieves the highest accuracy, with an R? of 0.97 for CORE-MOFs and
0.86 for hMOFs, demonstrating its superior predictive capability. This
highlights the efficiency of the NCA algorithm in capturing complex and
diverse datasets, providing better prediction capacity and generaliz-
ability compared to conventional ML methods. Analysis of the structure-
performance relationship reveals that MOFs with moderate porosity (VF
between 0.2 and 0.62) and optimal pore-limiting diameters (~0.4 nm)
exhibit the highest water selectivity. The study also identifies a strong
correlation between Q" and adsorption selectivity, confirming that
higher Q* values lead to superior performance in water capture. These
findings, while confirming fundamental physical and chemical princi-
ples governing water adsorption, emphasize the critical role of energy
interactions (Q™) as the key performance factor, which has been quan-
titatively underexplored in many other studies. Using the trained NCA
model, the authors screened the hMOF dataset and identified 10 high-
performance MOFs, among which the best-performing structure was
QUTHAP (i.e., a type of CoRE-MOF), exhibiting exceptionally high-
water adsorption characteristics with a Kgyo of 2.78 x 10'%* and a
water selectivity of 4.14 x 10'?8, Elevated Ky values reflect stronger
affinities between water molecules and the MOF framework, which is
crucial for effective water capture under arid conditions (~20 % RH). By
integrating ML with molecular simulations, this study demonstrates the
potential of data-driven approaches in accelerating MOF discovery. The
findings not only validate the effectiveness of computational screening
for AWH applications but also provide a systematic framework for the
experimental synthesis of next-generation MOFs optimized for water
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capture. Despite leveraging a large dataset and integrating ML with
GCMC data to predict water uptake across diverse MOFs, the study does
not fully address key practical concerns such as chemical stability, hy-
drolysis resistance, kinetic behavior, or long-term operational stability.
These factors are essential for real-world AWH applications. Addition-
ally, uncertainties regarding the diversity and representativeness of the
hypothetical MOF dataset, along with the lack of experimental valida-
tion, raise questions about the model’s generalizability. Nevertheless,
the research presents a promising pathway toward the development of
energy efficient and highly selective MOF based materials for improving
water access in resource limited settings.

Liu et al. developed an ML-based approach to predict water
adsorption isotherms, addressing an important challenge in the discov-
ery of MOFs for AWH systems [173]. They utilized a two-step ML
strategy to predict water adsorption isotherms and evaluate adsorption
cooling performance. The study was based on an updated experimental
water adsorption isotherm database (EWAID), which includes data on
460 nanoporous adsorbents, including MOFs, COFs, and zeolites. De-
scriptors like SA, Vg, Dp, and P were used for model training. Both
models were implemented with Python’s Scikit-learn module, optimized
using grid search and cross-validation. In this study, the authors used RF
and ANN models to predict water adsorption isotherms. The RF model,
an ensemble of DTs, benefits from high accuracy and generalization
ability. The ANN model uses backpropagation, mimics neural systems
for nonlinear mapping and self-learning. Specifically, the RF model
achieved an R? value of 0.982 with a low RMSE of 0.029 g g™}, out-
performing the ANN model (Fig. 10a). Feature importance analysis
revealed that P had the highest impact on water uptake predictions,
followed by SA, D,, and V, (Fig. 10b). The RF model’s predicted water
adsorption isotherms for various MOF adsorbents including different
structural characteristics were compared to experimental data
(Fig. 10c). These adsorbents exhibited four major isotherm types: type I
(inverted “L” shape), type V (“S” shape), type IV, and type VI (multiple-
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step adsorption). As shown in Fig. 10c, the predicted curves closely
matched the experimental results across all isotherm types and struc-
tural variations, highlighting the strong predictive accuracy and
robustness of the RF model for water adsorption behavior. Notably, the
model successfully captured variations in water adsorption behavior
caused by differences in metal centers, functional groups, and frame-
work structures. Beyond isotherm prediction, the authors applied their
ML model to assess the adsorption cooling performance of adsorbent-
water working pairs. They extracted key isotherm features, including
Jmax> @ and Kpy, to predict specific cooling effects (SCE) and coefficient
of performance for cooling (COPC). The RF model demonstrated high
accuracy in predicting these performance metrics, with R? values
exceeding 0.93. The results indicated that hydrophilic MOFs exhibiting
type V (S-shaped) isotherms with high g4, were optimal for AWH and
cooling applications. Despite these strengths, the study could benefit
from a deeper discussion of potential limitations. For instance, the
reliance on traditional descriptors such as SA and pore diameter may
overlook more nuanced chemical or electronic factors affecting
adsorption, such as metal-ligand interactions or hydrophilicity at the
molecular level. Additionally, while the RF model’s high accuracy is
impressive, comparisons with other state-of-the-art ML architectures
like GBR or GNNs could provide insights into model selection and
robustness. The study also does not explicitly address the effect of
framework stability under cycling conditions, a critical factor for prac-
tical AWH deployment. Overall, it demonstrated the powerful applica-
tion of ML to replace costly and time-consuming experimental screening,
facilitating accelerated discovery of MOFs with tailored water adsorp-
tion and cooling capabilities. The approach provides a scalable, data-
driven roadmap for materials selection in AWH and related fields,
marking an important step toward integrating predictive analytics with
materials design.

Goeminne and Speybroeck developed an ML-driven methodology to
predict water adsorption in flexible MOFs with chemical accuracy,
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Fig. 10. (a) The predicted results of water uptake (W) by RF and ANN models, (b) The predicted results of the relative importance of descriptors for predicting water
uptakes by RF, (c) The water adsorption isotherms of MOF-806-Zr, CUK-1-Co, MIP-200-Zr, and MIL-101-Cr in which the gray diamond markers represent experi-
mental data form EWAID and the sky-blue dots represent data predicted by the RF model [173]. Copyright 2023 Royal Society of Chemistry. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

addressing key limitations in conventional force-field-based simulations
[178]. They emphasized that traditional GCMC simulations, which rely
on classical force fields, fail to capture the complex host-guest in-
teractions and loading-dependent deformations in MOFs, leading to
inaccuracies in adsorption isotherms. To overcome this, they bench-
marked the accuracy of various DFT methods by comparing water-MOF
interaction energies and water cluster binding energies against high-
level reference values. To accelerate the simulation of adsorption phe-
nomena, they trained MLPs using a MACE framework based on an active
learning strategy. These MLPs were trained on DFT-derived energies and
forces across a wide range of water loadings and MOF configurations,
with input descriptors implicitly including local atomic environments
via equivariant message passing. The trained MLPs were subsequently
used in Transition Matrix Monte Carlo (TMMC) simulations to accu-
rately compute water adsorption isotherms. This allows for a compre-
hensive treatment of both local and global framework flexibility, an
essential factor in optimizing MOF performance for AWH application.
To train MLPs on selected DFT levels for water in the flexible MOF-303
framework without relying on computationally intensive DFT simula-
tions, an active learning approach was used. Initially, an MLP was
trained on a small dataset (860 structures) of guest-loaded MOF snap-
shots, with random cell strains and position displacements applied.
Then, 5 iterations were performed, running 430 parallel MLP simula-
tions from 430 different initial structures at 100 K to explore a small
region of phase space. Low temperatures were used to avoid instability
from sampling regions outside the phase space covered by the training
set. The final frame from each simulation was extracted, recomputed at
the reference DFT level, and added to the dataset for MLP retraining.
This process was repeated with two more sets of 5 iterations: first at 300
K and then at 500 K (Fig. 11a). Through this active learning loop,
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simulations were performed using intermediate MLPs, with only 7310
configurations evaluated by DFT. They reported that directly running
these simulations with DFT would require 32 million single-point cal-
culations, far beyond the available computational resources. Still, the
reliance on a reduced dataset raises questions about the model’s appli-
cability to more diverse MOFs or more extreme thermodynamic condi-
tions not covered in the training set. By applying this methodology to
MOF-303, a widely studied material for AWH, they achieved quantita-
tive agreement with experimental adsorption isotherms, something not
previously possible with classical force-field approaches (Fig. 11b). They
showed that although adsorption isotherms vary with the level of the-
ory, the structural features of adsorbed water remain consistent. They
found that the number of hydrogen bonds between water and the
framework, as well as between water molecules, showed similar trends
across all theoretical methods. This indicates that even less accurate
energy predictions can still provide reliable structural insights, such as
interaction sites and hydrogen bonding behavior (Fig. 11c). Their sim-
ulations revealed that capturing both local distortions in adsorption
pockets and global unit cell flexibility is essential for accurately
describing water uptake behavior. Extending their approach to MOF-
333 and MOF-LA2-1, they further demonstrated how modifications in
organic linkers influence adsorption properties, providing a pathway for
rational MOF design. To gain further insight into the effect of the organic
linker choice on adsorption, a comparison was made among the three
studied MOFs. At low relative pressures, an S-shaped adsorption
isotherm was observed due to the hydrophilic PZDC linker (1-H-pyr-
azole-3,5-dicarboxylate) of MOF-303, whereas this effect disappeared
when the less hydrophilic FDC (2,4-furandicarboxylate) linker was used
in MOF-333. In this MOF, a very low uptake was recorded before a sharp
increase around 20 % RH. In MOF-LA2-1, a small uptake of 1 to 2
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Fig. 11. (a) Summary of the Active Learning Workflow. The process begins with an initial dataset consisting of guest-loaded MOF snapshots subjected to cell and
position displacements. This is followed by three rounds of active learning iterations, utilizing MLP simulations at 100, 300, and 500 K. Each round includes five
iterative steps, (b) Adsorption isotherms for MOF-303 at 298 K, computed via MLP-based TMMC simulations using MLPs trained at five theoretical levels, are
compared with experimental data and force-field-based Gibbs ensemble Monte Carlo simulations, (c) The computed number of MOF-H,0 hydrogen bonds and (c)
H,0-H,0 hydrogen bonds per adsorbate as a function of the water loading, (d) number of MOF-H,0 hydrogen bonds and H,O-H,0 hydrogen bonds per adsorbate
computed by DFT for the three MOFs studied [178]. Copyright 2025 ACS Publications (Open Access).

molecules per asymmetric unit cell was detected before a similar jump
occurred at an RH of 26 %, resembling the behavior of MOF-303.

For applications, a single steep step in uptake, without significant
adsorption at lower RH, as seen in MOF-333, was preferred. To explain
this behavior, the number of hydrogen bonds per molecule as a function
of loading was presented in Fig. 11d for all three MOFs. The study
presents a powerful computational framework by combining machine
learning, first-principles calculations, and Monte Carlo simulations,
enabling accurate prediction of water adsorption behavior through
synergy between quantum-level modeling, structural flexibility, and
efficient sampling. However, kinetic performance and long-term struc-
tural stability, which are essential for practical AWH applications, were
not explicitly addressed. The validation relied mainly on GCMC data,
with limited comparison to experimental uptake and durability results.
Including a deeper analysis of how structural features such as linker
hydrophilicity translate to real-world performance, including cyclic
stability and adsorption-desorption behavior, would significantly
improve the practical relevance of the findings.
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7. Discussion, conclusions and future outlook

By leveraging data-driven models, researchers have been able to
rapidly screen MOF candidates, predict adsorption properties, and
optimize structural parameters with higher efficiency than conventional
trial-and-error approaches. However, despite these advancements,
several critical challenges and research gaps remain. While ML has
significantly enhanced MOF-based AWH research, most studies have
relied on SL models such as RF, GBR, NCA, RFR, GA, and MACE.
Although these models have shown strong predictive performance, their
accuracy and generalizability are often limited by the quality and di-
versity of the training datasets. Additionally, deep learning approaches,
which have demonstrated success in other material science applications,
remain underutilized in AWH due to the scarcity of large, high-quality
datasets. Future research should explore the integration of semi-
supervised learning, TL, and RL to enhance model robustness and
adaptability, particularly in data-limited scenarios.

The studies about ML applications on MOF-based AWH reveal that
the most practical descriptors and metrics for AWH tasks vary depending
on the objective. Within the category of explicit descriptors, energy-
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based properties such as heat of absorption and geometric properties
such as surface area are prominent in predicting water adsorption ca-
pacity, while other explicit properties, such as pore diameters and
atomic characteristics, play a critical role in predicting the hydrolytic
stability of the structure. For example, Li et al. [174] quantitatively
demonstrated that adsorption heat, an energy-based descriptor, is the
most critical factor in predicting water selectivity. Similarly, Zhang et al.
[92] also revealed that chemical and energy-related properties, such as
metal atom density, are the most important factors in determining water
uptake (represented by the KH constant) under low humidity conditions
in Random Forest models. On the other hand, for hydrolytic stability
prediction, Batra et al. [176] emphasized the importance of atomic
properties such as metal ion atomic radius and ionization potential;
while Zhang et al. [177] found that geometric descriptors such as
volumetric surface area and largest cavity diameter are the most effec-
tive factors in predicting stability. These studies clearly demonstrate
how the most practical descriptors differ depending on the targeted
property. Complementing these implicit descriptors, such as a model’s
inherent confidence scores or learned design rules derived from inter-
pretability techniques, offer a powerful advantage. These derived
properties allow researchers to go beyond mere prediction and identify
the most promising candidates, leading to accelerated materials dis-
covery by uncovering rational design principles.

When evaluating model performance, R? for regression tasks, and
Accuracy, ROC-UAC for classification, have emerged as the most reliable
and widely used metrics in the literature. The most common and
important metric that indicates how well a model’s water retention
predictions match the actual values is R? (for regression tasks). In the
literature, almost all regression studies report high R? values. As a
concrete example, the Random Forest model developed by Liu et al.
[173] achieved a remarkably high R? value of 0.982 when predicting
water adsorption isotherms. Similarly, Li et al. [174] also reported that
the NCA model achieved an R? value of 0.97 when predicting water
selectivity in the CORE-MOF dataset. This proves the practicality of the
R? metric in demonstrating the explanatory power of the model. It is
noteworthy that ROC and AUC (for classification tasks) are the primary
metrics used to compare hydraulic stability prediction models. This is
because AUC provides a more reliable measure of model performance
than other metrics, even when the classes in the dataset are unbalanced
(e.g., when the number of stable MOFs is much lower than the number of
unstable ones). A good example in this case is the study conducted by
Terrones et al. [85], who demonstrated the reliability of their models by
achieving a test AUC value above 0.8, using the ROC-AUC score as the
primary metric to evaluate model performance on an imbalanced
dataset. Similarly, Batra et al. [176] also focused on the AUC score
rather than a simple accuracy to evaluate the reliability of the classifier
in their own dataset, where the number of stable MOFs was low. Both
studies emphasize the practical importance of AUC, particularly in
overcoming the class imbalance problem in real-world data.

A key factor influencing the success of ML models in MOF-based
AWH is the selection and engineering of descriptors. While explicit de-
scriptors such as pore size, surface area, and functional group chemistry
have been extensively utilized, the incorporation of latent descriptors
remains relatively unexplored. Latent descriptors derived from graph-
based representations, topology analysis, and deep learning embed-
dings can provide a more comprehensive understanding of complex
MOF-water interactions. Further research is required to develop
advanced feature extraction techniques that can capture framework
flexibility, water adsorption energetics, and dynamic host-guest in-
teractions more accurately.

To further enhance the predictive accuracy and applicability of ML in
MOF-based AWH, several future research directions are proposed: (1)
Expansion of high-quality experimental datasets to improve ML model
generalization and reliability by integrating computational and experi-
mental data; (2) Integration of multi-scale simulations, such as DFT, MD,
and GCMC, with ML models to enhance descriptor quality and predictive
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power; (3) Improved interpretability of ML models using techniques
such as SHAP (SHapley Additive exPlanations), Gini-impurity, etc.
analysis and feature importance ranking to enhance model transparency
and guide experimental validation, and perform robust feature selection
by identifying and removing redundant descriptors; (4) Exploration of
innovative ML approaches, such as RL, BO, and GNN, to enhance MOF
discovery for AWH, and (5) Real-world testing and commercialization
considerations, focusing on scalability, synthesis feasibility, long-term
durability, and cost-effectiveness to ensure the successful translation
of ML-discovered MOFs into practical AWH technologies.

In all studies related to ML applications on MOF-based AWH, while
transferability has generally been tested through out-of-sample valida-
tion using temporally distinct datasets, a systematic cross-validation
between distinct chemical families (e.g., leaving out all MOFs with a
specific metal center or functional group) has not been explicitly per-
formed. Therefore, the development of robust validation strategies that
explicitly test for chemical diversity, such as leave-one-group-out cross-
validation in larger and more varied datasets, is a critical direction for
future research to ensure the development of truly universal predictive
models.

As part of this future perspective, it is also essential to acknowledge
the current study’s limitations. These include the dependence on limited
and often heterogeneous datasets, the underutilization of deep learning
models due to data scarcity, and the relatively early stage of integrating
ML with experimental workflows. Moreover, although various ML al-
gorithms have been explored, systematic comparisons across models,
descriptors, and datasets remain limited. Addressing these gaps would
significantly enhance this research field’s progress.

In conclusion, while ML has significantly advanced MOF-based AWH
research, there is a pressing need for more diverse and robust modeling
approaches, particularly those that leverage latent descriptors, multi-
scale simulations, and generative design techniques. A greater focus
on experimental validation, as well as consideration of industrial-scale
challenges, will be key to transitioning from theoretical design to
practical application. By addressing these challenges and embracing
emerging computational methodologies, the field can accelerate the
discovery of next-generation MOFs with superior water harvesting
performance. The continued integration of ML with experimental vali-
dation will be pivotal in transforming AWH into a scalable and
commercially viable solution for global water scarcity challenges.
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