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Metal-organic frameworks (MOFs) are porous crystalline materials with applications in gas capture, drug

delivery, and molecular separations. While high-throughput computational screening has traditionally

identified promising MOFs, recent advances increasingly harness machine learning to accelerate

discovery and screening. Existing optimization methods such as Bayesian optimization (BO) and genetic

algorithms often overlook the detailed structure—property relationships critical to MOF performance.

Here, we present an optimization workflow that couples graph neural networks (GNNs) with multi-

objective BO to enhance MOF discovery and screening. By representing MOFs as graphs embedding

atomic- and structural-level features, GNNs capture intricate structure—property correlations, enabling
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more accurate property predictions than traditional methods relying solely on macroscopic descriptors.

Our integrated framework efficiently identifies Pareto-optimal MOF candidates tailored for improved
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1 Introduction

Metal-organic frameworks (MOFs) are hybrid materials
composed of two fundamental building blocks: (i) single metal
ions or polynuclear metal clusters (secondary building units)
and (ii) organic ligands that connect these units to form three-
dimensional porous structures."® MOFs demonstrate excep-
tional utility across diverse applications,> including gas
storage,® separations,>® sensing,”® luminescence,>' environ-
mental remediation,’  catalysis,"** and biomedical
applications,**™® to name a few.*'” In sensing applications, the
ability to selectively distinguish one analyte from others is
crucial, and MOFs have demonstrated significant potential for
volatile organic compound (VOC) detection through selective
adsorption of specific target compounds over competing
species.?

Due to their versatility, MOFs have garnered significant
attention, with researchers actively seeking MOFs with
enhanced properties for targeted applications. Given their
modular construction and the vast chemical space of different
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separation of alkanes, alkenes, alcohols, and aromatics, demonstrating the significant advantage of
graph-based models in materials optimization workflows.

nodes, linkers, and topologies, there are a large number of
possible MOFs, meaning they can be chosen or carefully
designed for specific applications. Specialized databases con-
taining thousands of MOFs have emerged, including the hMOF
database,'® ToBaCCo," ab initio REPEAT charge MOF (ARC-
MOF),?*?* computation-ready experimental MOF (CoRE MOF),>>
and MOSAEC MOF database (MOSAEC-DB)* to name a few.
ARC-MOF* features MOFs with density functional theory (DFT)
calculated charges and some experimentally synthesized
samples. CORE MOF* stores experimentally synthesized MOFs
along with some material properties. MOSAEC-DB* includes
curated MOFs that were verified by the physical plausibility of
metal oxidation states. These extensive databases provide
researchers with opportunities for MOF property optimization
on more physically feasible structures. While databases like
CoRE MOF and ARC-MOF have aggregated tens of thousands of
structures, they represent a vast and noisy chemical space.
Brute-force high-throughput computational screening of every
candidate for every possible application is computationally
intractable. The generation of new MOFs has evolved dramati-
cally from basic combinatorial approaches where ligands and
secondary building units are interchanged between known
structures,'® to sophisticated machine-learning (ML) tech-
niques such as variational autoencoders that explore latent
spaces to produce innovative structures.* The primary bottle-
neck in materials discovery is no longer generation but rather

This journal is © The Royal Society of Chemistry 2026
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the efficient screening and rapid identification of the highest-
performing, Pareto-optimal candidates from these massive
existing databases. Therefore, we utilize the well-established
CoRE MOF?** 2019 database for much of our work, which
provides experimentally validated structures as a reliable
foundation. We also use the ARC-MOF database.***!

Various computational approaches have been employed to
search for MOFs with optimal properties,” including hierar-
chical screening with ML predictions*® and genetic algo-
rithms.”” Bayesian optimization (BO) has emerged as
a particularly effective method, utilizing surrogate models and
acquisition functions that balance exploitation (maximizing
target properties if greater is better) and exploration (investi-
gating uncertain areas) to efficiently identify promising candi-
dates. Researchers have demonstrated that BO can rapidly
screen optimal materials from large search spaces, sometimes
requiring only a few proposed materials to find optimal candi-
dates.”® Advanced implementations incorporate multi-fidelity
approaches that balance computational cost with accuracy for
a similar class of material called covalent organic frameworks,*
and diversity promoting mechanisms like the Vendi score to
ensure broad exploration of a material space.*® Others optimize
multiple properties simultaneously like in Comlek et al,*
where MOFs with favorable CO, working capacity and CO, over
N, selectivity were selected. Many approaches to MOF discovery
employ BO with MOFs represented in a tabular format (i.e.,
representations where each row corresponds to a material and
each column to a feature or property). Tabular formats
emphasize macroscopic properties such as pore size and
surface area.*””** While useful, these simplified descriptors
overlook critical structure-property relationships at the atomic
scale inherent in graph-based representations. They fail to
capture the local chemical environment of the metal node, the
precise geometry of the organic linker, or the material's
topology. Even strategies utilizing Simplified Molecular Input
Line Entry System (SMILES) strings encoded as vectors, such as
those discussed in Liu et al.,** may not inherently capture
atomic properties like local chemistry or geometry. In contrast,
graph neural networks (GNNs) that integrate both structural
and chemical information have demonstrated superior perfor-
mance in property prediction compared to their tabular coun-
terparts, as highlighted by Luo et al.*® and Li et al.** Both sources
indicate that graph-based models achieve better accuracy in
predicting properties than models trained on tabular data. Luo
et al.* focused on atomic charge prediction while Li et al.*®
focused on prediction of CH, over N, selectivity. The integration
of property optimization vie BO with a GNN serving as the
surrogate model holds significant promise for MOFs, offering
a way to exploit complex structural and chemical information.

MOFs have been widely studied for chemical separations.>®
One of the most difficult challenges in adsorptive separations is
to distinguish between molecules with similar chemical or
geometric characteristics. When a MOF exhibits strong affinity
for a specific molecule, it often shows comparable affinity for
structurally or chemically related species, making selective
adsorption difficult. Consequently, a tradeoff in selectivity
inevitably arises, and this tradeoff becomes increasingly
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pronounced as molecular similarity increases. In this work, we
integrate a GNN-based structural representation of MOFs with
a BO workflow to identify and screen MOFs capable of sepa-
rating chemically similar organic molecules (e.g., alcohols,
butenes, benzene/toluene). This integrated approach enables
the discovery of Pareto-optimal MOFs across multiple chal-
lenging separation tasks, effectively prioritizing candidates that
optimally balance selectivity between closely related molecules.

We utilized structures from the ARC-MOF***' v6 and CoRE
MOF** 2019 Version 1.1.3 databases to search for Pareto-
optimal MOFs. Each MOF was uniquely characterized using
Voronoi polyhedra (VP), which defines the connectivity
employed in a graph representation of the framework. These
graphs incorporated atomic-level chemical information, local
atomic neighborhood environments, and global MOF proper-
ties. Using these graph representations, surrogate GNNs were
trained on subsets of MOFs and subsequently applied within
a BO framework to explore the remaining search space,
assessing whether the GNNs effectively identified Pareto-front
materials. We validated this approach by comparing multiple
model types with our GNN BO workflow to identify MOFs with
optimal CH,/N, selectivity using the data of Li et al.*® Separa-
tions were quantified by maximizing the Henry constant of the
target species while minimizing those of competing molecules.
The Henry coefficient, which represents the proportionality
between gas adsorption and pressure in the low-pressure limit,
was used as an indicator of affinity toward specific adsorbates.
Optimization tasks included one, two, three, and four simul-
taneous chemical objectives. The GNN-based candidate selec-
tion consistently outperformed random selection across most
test cases. Feature ablation analyses provided interpretability,
revealing the respective contributions of edge-, node-, and
global-level features to model predictions. The present frame-
work not only captures structure-to-property mapping but also
enables automated discovery of materials with optimized
performance. The current search space, however, remains
limited by the availability of structures within existing
databases.

2 Computational methods

This section details the integrated computational workflow for
screening MOF databases, generating the associated targeted
Henry coefficients, and optimizing multi-property adsorption
performance. This workflow consists of several elements. After
curating structural datasets, Henry coefficients were computed
as central descriptors for affinity and selectivity. MOF structures
were featurized as graphs with rich node, edge, and global
attributes. GNN-based surrogates were constructed and opti-
mized to predict material properties and uncertainties, sup-
ported by feature ablation interpretation and benchmarking
against Gaussian process (GP) surrogates. These surrogate
models were iteratively coupled with BO to efficiently identify
MOFs with optimal adsorption properties, using acquisition
functions and performance metrics for both single- and multi-
objective searches. The sub-sections below describe each of
these steps in more detail.

J. Mater. Chem. A, 2026, 14,10836-10853 | 10837
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2.1 MOF database

We used a subset of 77 482 and 18 522 MOF structures from the
ARC-MOF**?* v6 and CoRE MOF 2019 databases,**” respec-
tively. The ARC-MOF collection includes both experimentally
synthesized and computationally generated frameworks, along
with DFT-computed atomic charges and several macroscopic
MOF properties. The CoRE MOF database comprises experi-
mentally realized MOFs that have been curated for atomistic
modeling by addressing issues such as partial occupancies,
symmetry inconsistencies, and the presence of solvent mole-
cules. The structural information for each MOF in both datasets
is encoded in a crystallographic information file (CIF) contain-
ing the element type, site indices, and three-dimensional
atomic spatial coordinates. From CoRE MOF, subsets were
further filtered to only retain structures with a pore limiting
diameter greater than the largest kinetic diameter of adsorbed
VOCs. See the SI for tabulated kinetic diameters. We note that
these datasets primarily comprise ‘computationally ready’
versions of known structures. While such readiness increases
the likelihood that our ‘optimal’ materials can be synthesized, it
also means that the model may have lower predictive confi-
dence in ‘dark’ chemical spaces, such as those involving highly
reactive open-metal sites or non-traditional coordination
geometries that are underrepresented in the training data.

2.2 Henry constants and the setup for optimization

The adsorption affinity of a gas in the dilute limit can be
described by the Henry coefficient which quantifies the pro-
portionality between the amount adsorbed and its partial
pressure. This metric offers a convenient and computationally
efficient means to evaluate host-guest interactions under
infinite dilution, where adsorbate-adsorbate interactions are
negligible. Because Henry coefficients capture intrinsic frame-
work-adsorbate affinities, they serve as an effective descriptor
for screening materials in early-stage separation studies.
Mathematically, Henry's law defines the coefficient as,

H=1 W
where g is the amount adsorbed per unit mass of adsorbent and
P is the partial pressure. Larger H values indicate stronger
adsorption affinity. Selectivity for binary separations can be
calculated as the ratio of Henry coefficients in the dilute limit:*®

S = %, @
where S, , represents the preferential selectivity of component 1
over component 2. For multi-component systems where one
component is preferentially adsorbed while others are
excluded, selectivity is maximized by increasing the Henry
coefficient of the desired species while minimizing those of
competing ones. For example, given three adsorbates with
Henry coefficients H;, H,, and H;, maximizing H; while mini-
mizing H, and H; identifies materials most favorable for
adsorbing component 1. This optimization logic extends to
selecting any subset of materials over competing species by
appropriately maximizing desired Henry coefficients while

10838 | J Mater. Chem. A, 2026, 14, 10836-10853

View Article Online

Paper

minimizing those of excluded components. We note that there
are cases where a MOF has different adsorption sites which
show preference for different adsorbates, but that is rare and
not covered in this work.

Finding a single material that optimizes multiple selectiv-
ities is often infeasible due to inherent trade-offs in material
properties. Instead, a set of non-dominated solutions, known as
the Pareto front, can be identified for multi-objective optimi-
zation. The Pareto front represents solutions that cannot be
improved in one objective without degrading another.>® Math-
ematically, a solution y; belongs to the Pareto front if no other
solution y; dominates it:

Wy €P:fy; €Sy =i, (3)

where P is the Pareto front, S is the solution space, and y; > y;
indicates that y; dominates y; (i.e., y; is superior in at least one
objective and at least equivalent if not better in all others). For
our selectivity problem, this corresponds to materials that best
balance competing selectivities such as S, , = H;/H, and S, 3 =
H,/H;. Because chemically similar adsorbates often produce
strongly correlated Henry coefficients, trade-offs in selectivity
are expected and must be captured explicitly through Pareto
analysis. The dataset, number of structures, target property or
objective, functional group family, and optimization direction
(i.e., maximization or minimization) explored in this study are
summarized in Table 1.

2.3 Data generation for volatile organic compounds Henry
coefficients

Henry coefficient data were generated using Widom insertions
simulations implemented in RASPA*’ v2, closely following the
methods described in Bobbitt et al.** RASPA is an open-source
molecular simulation software designed for adsorption and
diffusion studies in molecules such as MOFs. Each simulation
was performed for 20 000 insertion cycles per adsorbate. MOF
structures were held rigid at their crystallographic minimum
positions. Non-bonded interactions were treated using 12-6
Lennard-Jones potentials with parameters taken from the
universal force field (UFF)** for MOFs and TraPPE**™¢ for the
adsorbates. For most adsorbates, the united atom model was
applied, while for benzene and toluene we employed rigid 12-
site. models with explicit charges. The toluene model was
adapted from benzene by replacing a hydrogen atom with an
sp® methyl group. Interaction cross terms were determined
using Lorentz-Berthelot mixing rules. Partial charges on the
MOFs were computed using the EQeq* method as imple-
mented in RASPA and treated using Ewald summations. All
simulations used a 12.0 A cutoff radius and 300 K temperature,
with simulation boxes duplicated as needed to ensure dimen-
sions at least twice this value in all directions. Ideal gas Rose-
nbluth weights were pre-computed at 300 K. Given the wide
range of values in Henry coefficients, we took their natural
logarithms for subsequent analysis. All Lennard-Jones param-
eters and molecule structures are provided as RASPA definition
files in the repository mentioned in the Data availability section
at the end of this article.

This journal is © The Royal Society of Chemistry 2026
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Table1 Datasets for multi-objective Bayesian optimization (MOBO) with their corresponding total number of studied structures, objectives, kind
of functional group family, and whether they are maximized (Max) or minimized (Min) in optimization studies

Dataset Structures Objective Family Min/Max
{1-propanol} 3634 1-Propanol Alcohol Min
{Butane} 3653 Butane Alkane Max
{Benzene, toluene} 2125 Benzene Aromatic Max
Toluene Aromatic Min
{1-propanol, butane} 3634 1-propanol Alcohol Min
Butane Alkane Max
{1-propanol, 2-propanol} 3634 1-propanol Alcohol Max
2-propanol Alcohol Min
{1-propanol, propane} 3634 1-propanol Alcohol Min
Propane Alkane Max
{2-cis-butene, 2-trans-butene} 3260 2-cis-butene Alkene Max
2-trans-butene Alkene Min
{Butane, propane} 3653 Butane Alkane Max
Propane Alkane Min
{1-propanol, 2-propanol, butane} 3634 1-propanol Alcohol Min
2-propanol Alcohol Min
Butane Alkane Max
{1-propanol, 2-propanol, propane} 3634 1-propanol Alcohol Min
2-propanol Alcohol Min
Propane Alkane Max
{1-propanol, 2-propanol, butane, propane} 3634 1-propanol Alcohol Min
2-propanol Alcohol Min
Butane Alkane Max
Propane Alkane Max

Regarding the representativeness of Henry coefficients as
indicators of separation performance, we note that Henry's law
strictly applies only at low adsorbate concentrations. Never-
theless, Henry coefficients remain informative for low-
concentration applications such as VOC capture or chemical
sensing.*®**® They are also valuable descriptors for dilute gas
separations, consistent with prior studies.*® Moreover, Henry
coefficients computed via Widom insertions capture a compre-
hensive average of adsorbate-framework interactions by
sampling the entire pore environment. Accounting for higher-
concentration behavior would require explicitly modeling
adsorbate-adsorbate interactions, which become
negligible for species such as alcohols. Incorporating these
effects would entail substantial methodological extensions that
we identify as an important avenue for future work.

non-

2.4 MOF featurization

2.4.1 Graph representation. Before screening for MOFs
with optimized properties, each structure must first be repre-
sented as a graph so that a GNN can uniquely map MOF
structural information to property predictions. A graph consists
of sets of nodes and edges. Each edge denotes a connection
between pairs of nodes. Features can be encoded at multiple
levels: within individual nodes, along edges, and across the
graph as a whole like shown in Fig. 1(a). In this representation,
atoms are treated as nodes, and their connections to nearest
neighbors serve as edges (see panels (b) and (c) in Fig. 1). This
graph-based approach provides a systematic and compact way
to encode the complex three-dimensional topology of MOFs.
Importantly, these representations are invariant to permutation
(i.e., shuffling site order), translation, and rotation, ensuring

This journal is © The Royal Society of Chemistry 2026

that a given MOF maintains a unique representation regardless
of spatial orientation. Throughout this work, the term node
refers exclusively to its graph-theoretic definition rather than
a structural unit of the MOF.

The connections between nodes forming the graph structure
were defined using VP, a geometric construction that partitions
space around each atom by defining bisecting planes between
the central atom and its neighboring atoms. Each MOF struc-
ture provided as a CIF was loaded into pymatgen® as a struc-
tural object. The nearest-neighbor network was constructed
using pymatgen's IsayevNN class, applying a bond distance
tolerance of 0.5 A without imposing restrictions on the number
of Voronoi neighbors.*>** This strategy, inspired by Luo et al.,**
defines an edge between two atoms if (i) their distance is less
than or equal to the sum of their Cordero covalent radii plus
a distance tolerance and (ii) they share a common Voronoi facet.
The 0.5 A tolerance was specifically chosen to prevent isolated
nodes, as noted in Luo et al.*®* Thus each MOF was represented
as a graph in which atomic connectivity is encoded through VPp-
based spatial relationships.

Other featurizations exist. We acknowledge that the smooth
overlap of atomic positions (SOAP)* approach is a powerful
method for encoding local atomic information in structures.
SOAP representations are differentiable with respect to atomic
positions (crucial for molecular dynamics simulations) while
maintaining the invariance properties characteristic of graph
representations. However, the original SOAP formulation
incorporates only positional and element type information and
does not incorporate additional chemical descriptors such as
electronegativity. In contrast, graph representations offer

J. Mater. Chem. A, 2026, 14, 10836-10853 | 10839
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(a) Example of MOF features.
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(d) Set of graph features.

Fig. 1 Conceptual framework for graph-based representation of metal-organic frameworks (MOFs). A MOF from CoRE MOF?2%7 is shown in
panel (a) along with a subset of calculated properties. Panel (b) presents an abstraction of a material structure. Panel (c) illustrates the corre-
sponding graph representation, where atoms are represented as nodes and connections to neighbors as edges. Panel (d) depicts the global
features that characterize the entire graph, the node features that encode atomic properties, and the edge features that capture connectivity.

greater flexibility, allowing the seamless inclusion of diverse
chemical and structural features within a unified framework.
2.4.2 Edge, node, and global features. Edge features were
derived from the VP analysis to capture local coordination and
geometric information critical for differentiating atomic envi-
ronments within the MOF structure. For each pair of connected
atoms, four quantities were encoded: the distance from the
central atom to the bisecting plane, the plane area, the number

10840 | J Mater. Chem. A, 2026, 14, 10836-10853

of vertices defining the plane, and the fractional volume
contribution of the facet to the total atomic enclosure.
Chemical and structural properties of each atomic site were
also incorporated as node features. These properties were ob-
tained from two sources: descriptors extracted through pymat-
gen®* and features adopted from Luo et al** From pymatgen,
each node was encoded with elemental attributes including
Mendeleev number, atomic mass, number of electrons, electron

This journal is © The Royal Society of Chemistry 2026
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affinity, and the number of electrons in each orbital of the atom
up to the 7p orbital (with unoccupied orbitals assigned a value
of zero). The VP geometry of each atom was represented using
Schlifli notation, which records the specific number of
enclosing faces and the number of vertices per face. For
example, an atom with nine enclosing faces, where three faces
have four vertices and the remaining six have five vertices, is
represented as (0, 3, 6), where the index indicates vertex count
and is the number of faces. Faces with up to 10 vertices were
considered, following the hard-coded constraint in pymatgen's
VoronoiAnalyzer. In total, 31 node features were obtained from
the properties described above, while additional features were
included using modified code and parameterizations provided
by Luo et al.*®

Asin Luo et al.,*® each node was further enriched with atomic
properties from Mendeleev,* including atomic number, atomic
weight, van der Waals radius, first ionization energy, Cordero
covalent radius, Rahm atomic radius, static dipole polariz-
ability, and Ghosh electronegativity (8 features). Beyond these
direct attributes, a set of local environment descriptors were
computed to capture geometric and chemical interactions
between neighboring atoms.

The property weighted
(pwRDFs)* quantify how a given atomic property P varies
radially around each atom i:

radial distribution functions

ZP (k) @)

i#j

pwRDF,(R

where r;; is the distance between atom j and atom i, N is the total
number of atoms surrounding i, R is the distance of interest
from atom i, and « is a Gaussian smoothing parameter. Only
atoms within a 8 A cutoff distance of atom i were considered,
yielding a total of 28 radial features.

The property weighted angular distribution functions
(pwADFs) were computed analogously to describe three-body
correlations between atom 7 connected to atoms j and k:

S I DRSS (5)

i#j k#ij

pwADF, (6

where 6; is the bond angle centered on atom i, § is a Gaussian
smoothing parameter, and © is a given angle of interest. For
this descriptor, we used a 6 A cutoff distance, yielding 18
features. Normalized forms of these two descriptors, the radial
weighted average atomic properties (RWAAPs) (eqn (6)) and
angular weighted average atomic properties (AWAAPs) (eqn (7)),
follow the same notation and yielded 14 and 16 additional
features, respectively.

pwRDF,(R)
el

i#j

RWAAP;(R) = (6)

pwADF,;(0)
5> 5 )

i#j k#ij

AWAAP;(0) = 7)
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The weighed radial atom centered symmetry function
(WRACSF)**%%” was also included,

ZP e (i

i#j

wRACSF;(R ) foue (ry), (8)

with the cutoff function

o (ry) = %{cos(:ﬂ + 1}7 )

producing 28 features. The wRACSF shares conceptual simi-
larities with pwRDF, but introduces two key distinctions: the
implementation of a cutoff function (eqn (9)) and the utilization
of a different Gaussian smoothing parameter, v, which serves to
differentiate these two descriptor functions. The cutoff function
emphasizes short range features within some distance Rcy.
Similarly, weighed angular atom centered symmetry function
(WAACSF)***” added angle-dependent terms and phase modu-
lation parameter A = 1, and another Gaussian smoothing
parameter noted as 7, generating 18 features.

S D WEN

i#j k#ij

. eﬂ(”u*’"*‘””‘)z Sij S i

wAACSF;(0 1+ A-cos(0y))

(10)

Finally, shell features®®® characterized property distribu-
tions over coordination shells up to the fourth order. We first
define what a coordination shell for an atom i represents. The
first coordination shell consists of the immediate neighbors
surrounding an atom. The second coordination shell encom-
passes all atoms connected to the first neighbors of atom i. The
third coordination shell includes all atoms connected to the
second coordination shell atoms, and this pattern continues for
higher-order shells. For each atom in a MOF and for each
property P and shell n, we computed the average, absolute
difference, and standard deviation:

n, avg
Shell? Z " (11)
P, — P,
Shell> (i Z | | (12)
Shell}™(i) = (13)

producing 96 additional features (corresponding to 8 atomic
properties, 4 shells, and 3 statistical operators).

Global features were classified into two categories: material-
level and graph-based descriptors. Material-level features were
computed from structural and pore geometry data, while graph-
based features were derived exclusively from the topological
representation of each MOF. Material-level properties, calcu-
lated using pymatgen,* include volume, density, the number of
atoms, the number of each element type in a structure
normalized by the total number of atoms, the average VP

J. Mater. Chem. A, 2026, 14, 10836-10853 | 10841
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volume for all atoms, and the average number of atom neigh-
bors. Additional geometrical descriptors evaluated with Zeo++,*
include the diameter of the largest included sphere, diameter of
largest free sphere, diameter of largest included sphere along
the free sphere path, both available and unavailable surface
area, and both the available and unavailable void fraction. A
spherical probe radius of N, was used. Graph-based descriptors,
computed using NetworkX,* describe structural connectivity
and topology. These include undirected graph density, diam-
eter, degree assortativity coefficient, and average shortest path

length. The graph density is defined as where e and n

2e

n(n—1)
are the number of edges and nodes respectively and describes
the ratio of actual connections to possible connections in the
graph. The graph diameter and radius correspond to the
maximum and minimum eccentricities across all nodes, rep-
resenting the farthest and nearest network spans, respectively.
Unconnected nodes were excluded from distance calculations.
The degree assortativity coefficient is the Pearson correlation
coefficient of the degree between pairs of linked nodes, while
the average shortest path length is given by

-y - d(i,))
= s p(n—1)
ijeN
%]

(14)

where d(i, ) is the path distance between nodes i and j, n is the
number of nodes, and N is the set of nodes in a graph. In total,
135 global features were obtained across all materials and graph
categories.

2.5 Construction, optimization, and feature interpretation
of graph neural networks for multi-property regression

Efficient screening of a large set of MOFs with optimized perfor-
mance involves evaluating thousands of candidates across
multiple objectives, which is computationally demanding. BO
provides a data-efficient framework for this purpose by iteratively
selecting new candidates based on model predictions and asso-
ciated uncertainties. To perform BO, a surrogate model capable of
predicting target properties and quantifying its own uncertainty is
essential. While GPs naturally satisfy these requirements, they are
computationally expensive and scale poorly with data size. To
overcome these limitations, we developed a neural surrogate
model based on leveraging the flexible nature of neural networks
(NNs), which can learn non-linear structure-property relation-
ships while estimating prediction uncertainties. This framework
combines the expressive power of NNs with the uncertainty
awareness critical for BO-driven materials screening. Our imple-
mentation of GNNs utilizes the PyTorch Geometric (PyG)** library.

The GNN adopted here follows the formulation introduced by
Battaglia et al.®* and implemented through the MetaLayer class in
PyG. In this architecture, edge, node, and global sub-models
learn (from features scaled with scikit-learn's RobustScaler®)
complementary hierarchical representations that capture multi-
scale structural information within graphs. The latent features
extracted from these components are subsequently processed
through additional neural layers to infer material properties and
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their uncertainties. Fig. 2 provides an abstraction of our GNN,
showing how multi-level graph features (global, node, and edge)
are encoded into latent representations for predicting target
properties with uncertainties.

2.5.1 Latent structure representations and incorporation
into a graph neural network. To accurately capture the hierar-
chical nature of structural information in MOFs, the GNN was
designed with three interdependent sub-models: edge, node,
and global. Each sub-model is responsible for learning repre-
sentations at a different structural level of the graph. The edge
sub-models capture local pairwise interactions between con-
nected atoms, the node sub-models incorporate neighborhood
information aggregated from these local interactions, and the
global sub-model integrates system-wide features reflecting
overall material characteristics. This hierarchical decomposi-
tion allows the network to combine information across scales,
from atomic coordination environments to global framework
topology, producing a comprehensive latent representation
suitable for multi-property prediction. The edge sub-model
constructs latent edge features by combining information
from both the source and destination nodes, along with asso-
ciated edge and global features. These combined features are
processed through a NN, producing a latent edge representation
that captures pairwise geometric and chemical interactions.
The update function ¢. for an edge, €, connecting nodes 7; and
1i;, given a global feature vector, g, is defined as,

Ei.j:(be(ﬁi:ﬁ}?a.j?g’% (15)

where ¢ denotes the new representation of edges. The input
layer dimensionality of ¢. is equal to twice the number of node
features (comprising features from source and destination
nodes), plus the number of edge features and global features.
All hidden layers and the output layer maintain consistent
width, with rectified linear unit (ReLU) activations and batch
normalization between layers. The number of layers and
neurons were later optimized, as described in Section 2.5.3.

The node sub-model builds upon latent edge representa-
tions to encode neighborhood effects. For each node, latent
edge vectors directed toward it are aggregated using the PyG
scatter function, combined with its intrinsic node and global
features, and passed through a neural network ¢,:

1 = ¢y (711, 7" (84). 8)

where p°~" denotes the aggregation operator and 7 is the
latent representation of the nodes. This produces latent node
features that reflect both local geometry and broader contextual
information from neighboring atoms. The architecture of ¢,
follows the same design as ¢e.

The global sub-model integrates information across the
entire structure, combining aggregated node and edge embed-
dings with global descriptors h. Its update function is given by

W= ¢y (g.0" 2 070), 0% (1)) (17)

where p"~#(m;) and p®~ # perform mean aggregations across all
nodes and edges, respectively. The network ¢, adheres to the
same architectural conventions as ¢. and ¢, sub-models.

(16)
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Fig.2 Graph-neural network (GNN) architecture for the surrogate. Panel (a) illustrates the computational workflow of a GNN surrogate model,
which accepts a molecular graph as input and propagates structural features through a latent embedding space. The architecture consists of
shared layers that process the latent representation, followed by task-specific separated layers that generate both predicted target quantities and
associated uncertainty estimates. Panel (b) demonstrates the feature aggregation mechanism, showing how edge, node, and global features are

combined to construct the latent representation.

After the latent edge, node, and global representations were
established, their outputs were concatenated and passed
through a fully connected NN that produces final material-level
embeddings (the s neurons in Fig. 2(a)). These embeddings
were then connected to separate layers corresponding to each
target property (the p neurons in Fig. 2(a)). Each output head
contains twice the number of neurons as target properties—one

This journal is © The Royal Society of Chemistry 2026

neuron for the predicted value and another for the associated
uncertainty—allowing the model to learn both quantities
simultaneously.

2.5.2 Learning target properties and uncertainties. Pre-
processing of input features and target variables was essential
for stable model training. Edge-, node-, and global-level
features, together with target values, were concatenated across
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a training set, and reduced such that their variance was above
zero (i.e.,, no constant values). All remaining variables were
scaled to have zero median and unit interquartile range (i.e., the
range between the first and third quartiles) to reduce the
influence of outliers. During inference, the same scaling
parameters were applied to inputs, while predicted targets were
inversely transformed to recover their original physical scale.

Model training employed the negative log-likelihood (NLLH)
loss function. We assumed Gaussian-distributed prediction
errors. For each sample i and target property y, the model
generated a mean prediction u; and an associated standard
deviation o;. The loss, later averaged over all training instances
and target properties, is expressed as

(i — Mi)z.

552 (18)

L0 1,0) = ylog(2m) +log(or) +
While all Henry coefficient targets were equally weighted here,
the framework allows the use of property-specific weights to
emphasize selected objectives during training.

2.5.3 Architecture optimization and extended training. We
performed hyperparameter optimization of the GNN architecture
using Optuna,* adjusting the number of hidden layers and
neurons per layer. The hyperparameter search space allowed
between one and five hidden layers, with each layer containing
between one and 1000 nodes. Graphs were divided into training,
validation, and test sets with a 80:20: 0 ratio for BO and a 80:
10: 10 ratio for parity plots, respectively. Fixed training parame-
ters included a learning rate of 0.001, a batch size of 32, an early
stopping criterion of 10 epochs (i.e., the number of epochs with
no improvement to terminate learning), and an exponential
learning rate scheduler with v of 0.99. Each of the 100 Optuna
trials involved a short 10-epoch training run. Model performance
was assessed using the area under the average NLLH loss func-
tion versus epoch curve, normalized by the number of epochs to
mitigate the effects of early stopping. This approach provided
a smoother and more reliable optimization metric than using the
minimum or final epoch loss. We selected the optimal architec-
tural parameters from these trials. The final model parameters
were taken from the epoch with the lowest observed loss. For BO,
this full optimization and training workflow was repeated at each
iteration to refine the surrogate model continuously.

2.5.4 Feature importance of optimal graphs. Feature
importance at the node, edge, and global levels was interpreted
for an individual MOF using feature ablation, where predictions
for each target property were compared against those from
ablated graphs with features set to zero (the median from
scaling). Correlated effects occur when feature ablation decreases
(increases) the average feature value while decreasing
(increasing) the GNN output with respect to the original predic-
tions. The inverse correlation occurs when one increases as the
other decreases. The magnitude of change in predicted proper-
ties quantified the influence of that feature on the GNN predic-
tions. Feature importances were normalized to sum to one, and
the ten most influential features were reported for comparison.
Although variance-based methods such as Sobol sensitivity
analysis can measure coupled feature effects, their computa-
tional cost scales poorly with the large number of input variables
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(135 global, 96 node, and 4 edge features). Feature ablation offers
a more efficient and interpretable alternative that highlights the
substantial contribution of microscopic (node- and edge-level)
features alongside macroscopic (global-level) descriptors.

2.6 Gaussian process as a surrogate model

We compared our GNN-based surrogate with a commonly used
surrogate model: a GP. GP is a non-parametric model that treats
a set of points as jointly following a multivariate Gaussian
distribution. By conditioning this distribution on observed data,
the GP yields predictive means and standard deviations for new
inputs. We implemented the SingleTaskGP from BoTorch® with
ExactMarginalLogLikelihood to train surrogate GP models,
following the approach used in Deshwal et al.*® Our GP-based BO
workflow was validated against their published results, with
corresponding verification details provided in the SI. For
comparisons with more than one objective, the Kroneck-
erMultiTaskGP model type was used. Because GP models operate
on fixed-length tabular inputs, they were trained solely on global-
level features extracted from the graph representations of MOFs.

2.7 Bayesian optimization

Given that both the GNN- and GP-based surrogates provide mean
predictions and associated uncertainties, they can be directly
applied within BO. Algorithm 1 outlines the general procedure.
The process begins by fitting a surrogate model capable of esti-
mating property values and uncertainties. Candidate materials
are evaluated using an acquisition function that ranks them
according to their expected improvement or contribution to the
Pareto front. The top-ranked candidate is then selected, evalu-
ated for its true properties, and appended to the training dataset.
The surrogate is retrained on the expanded dataset, and the cycle
repeats until a predetermined budget is reached. The budget may
correspond to the number of BO iterations (as used in this study),
total computation time, or other practical constraints.

Algorithm 1 Bayesian optimization

Input: Initial dataset 2y = {(x;,yi)}12,, surrogate model ./ :
x — N(§(x),62(x)), acquisition function ¢, maximum number
of iterations T
Fit the surrogate model .7 to the initial dataset %
forr=1toT do

Optimize the acquisition function « to select the next point

to sample:

Xp+1 = argmax a(x; A)
xeX

Evaluate the objective function at x; to obtain y,;
Augment the dataset with the new observation:
D1 =DV {(xr+l syr+l)}

Update the surrogate model .# with the new dataset %,
end for

We applied BO to explore the space of MOFs with optimal
Henry coefficients. Each surrogate was initially trained with 25
data points. For single-objective Bayesian optimization (SOBO),
we used the expected improvement (EI) acquisition function.

This journal is © The Royal Society of Chemistry 2026
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For multi-objective Bayesian optimization (MOBO), we used the
expected hypervolume improvement (EHI). Both implementa-
tions were from BoTorch.*

The hypervolume improvement identifies the current Pareto
front from measured objectives, then quantifies the additional
hypervolume contributed by a new candidate relative to
a reference point, measuring the improvement across all
objectives at each iteration. A detailed formulation is provided
by Xu et al.*®* For SOBO, where only one objective is optimized,
the improvement is computed as the difference between the
best achieved value and the reference point, rather than
a hypervolume. All reference points were chosen via the
infer_reference_point function from BoTorch.®

We chose random selection of candidates from the available
search space as a baseline for comparison. This approach
ignores prior information and mimics unguided exploration,
offering a conservative measure against which BO performance
can be evaluated.

To quantitatively compare SOBO and MOBO results across
different optimization runs, we introduced a normalized perfor-
mance metric defined as follows. For each iteration, we computed
the difference between GNN performance (e.g., hypervolume
improvement) and random selection performance as a function
of the number of proposed candidates, normalized by the
performance gap between the best possible outcome and random
selection. The area under the curve (AUC) of this normalized
performance curve provides a single score representing how
closely the GNN approaches optimal performance relative to
random selection. Positive values indicate that the GNN outper-
forms random selection, negative values the opposite, and zero
corresponds to equivalent performance. This metric was calcu-
lated for both hypervolume improvement and Pareto-front
coverage to ensure consistency across optimization scenarios.

N N .
AUC — J GNN(:) random(z)
. best(i) — random(7)

d (19)

3 Results & discussion
3.1 Comparison between surrogate model types

We start by comparing the performance of the GNN-based
surrogate against the more classical GP surrogate for selec-
tivity. Adsorption data from Li et al.>® were used as objectives.
These three objectives are adsorbed CH,, adsorbed N,, and CH,4
over N, selectivity (Scy,,). These published data are from
Grand Canonical Monte Carlo (GCMC) simulations for a 50%
binary mixture of CH, and N, at 1 bar and 298 K (i.e., not Henry
coefficients). Adsorptions are in units of mol per kg. Ten inde-
pendent SOBO runs were conducted using GNN and BO surro-
gate models, along with random selection to provide a naive
baseline selection process (Fig. 3(a)). Each run started from 25
randomly chosen initial samples (Algorithm 1) and proceeded
for 850 iterations. Both GNN and GP surrogates significantly
outperformed random selection for maximization of Sy,
However, none of the GP models identified the highest selec-
tivity MOF within the allocated budget. From approximately 550

This journal is © The Royal Society of Chemistry 2026
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sampled MOFs, the GP surrogate ceased improving, indicated
by zero standard deviation in acquisition scores. This stagna-
tion reflects local optima rather than repeated sampling of the
same MOF. In contrast, all ten GNNs eventually identified the
optimal MOF within the budget, typically evaluating about 1%
(i.e., 850 suggested structures) of the 77 482 structures. GNNs
models experienced a similar temporary stagnation between
200 and 350 iterations but recovered to find superior
candidates.

We compared the case for optimizing two objectives
(Fig. 3(b)) similar to that of the single objective in Fig. 3(a).
Specifically, surrogates were programmed to maximize adsor-
bed CH, and minimize adsorbed N,. Three independent runs
were averaged instead of ten used for the single objective. It is
clear that GNNs outperform GPs and do so faster than the
previous comparison. For a randomly chosen GNN surrogate,
we show how the model explored both the input and objective
space of our MOFs. We only include the first 200 samples to
avoid visual clutter. The global level features of MOFs were
gathered, transformed using scikit-learn's RobustScaler,* and
projected onto a two-dimensional (2D) space with the use of
Uniform Manifold Approximation and Projection (UMAP)%*
(Fig. 3(c)). The min_dist parameter of UMAP was set to 0.01. As
seen in Fig. 3(c), there are sparse and dense regions in the low-
dimensional 2D UMAP space. The surrogate samples points
from both sparse and dense regions, indicating exploration.
Fig. 3(d) shows the adsorption objectives on each axis and the
same sampling of MOFs from Fig. 3(c). The GNN surrogate has
sampled MOFs with objectives in the direction of higher CH,
adsorption and lower N, adsorption (i.e., in the direction of the
Pareto front). Identifying MOFs that maximize CH, uptake
while minimizing N, adsorption directly translates to materials
that enhance methane recovery and reduce energy costs in
pressure-swing adsorption or membrane-based separation
processes. Values of 0 on the color maps indicate MOFs that
have not been sampled by the GNN. The superior performance
of GNN over GP is attributed to its ability to capture complex
structure-property relationships beyond the global features
used by GPs. Consequently, GNNs surrogates were utilized for
all subsequent optimization tasks in this work.

3.2 Correlations across Henry coefficients

This subsection focuses on challenging separations of VOCs
using MOFs. As established in Section 2.2, maximizing sepa-
ration involves increasing the Henry coefficient for the favored
component while minimizing it for the excluded one. This task
becomes difficult when Henry coefficients for both species are
highly correlated (i.e., Pearson correlation factors ranging from
0.98 to effectively 1.0 for our VOCs). Although, no single MOF
perfectly discriminates between VOCs, the Pareto front iden-
tifies the set of optimal trade-offs offering the best achievable
selectivities (ratios of Henry coefficients, eqn (2)). We highlight
one such Pareto-optimal MOF for later feature sensitivity anal-
ysis (Section 3.3).

Strong correlations between Henry coefficients indicate that
the adsorption physics are dominated by a scaling relationship
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Fig.3 Comparison of surrogate models on Bayesian optimization (BO). In panel (a), runs using random selection (dotted gray line), graph-neural
network (GNN, blue circles), and Gaussian process (GP, yellow squares) surrogate models were compared for selecting metal-organic
frameworks (MOFs) with higher CH,4 over N, selectivities. The highest selectivity in the dataset is shown by the horizontal red line and is the
optimal material in the search, which is eventually found by all GNN-type but not GP-type surrogate models. Shaded areas are the standard
deviation across averaged runs. Panel (b) shows similar information to that of panel (a) with the exception of hypervolume improvement instead
of the single objective of selectivity. The dotted red line is the highest possible hypervolume of the dataset. Panel (c) shows the 2D projection of
global level descriptors and how a select GNN explored the uniform manifold approximation and projection (UMAP) space, while panel (d) shows
the explored set of adsorption values. The color bar for panels (c) and (d) indicates the iteration at which a MOF was sampled by the surrogate. For
both of these panels, the diamond symbols indicate MOF structures sampled by the GNN.

where increased binding site density enhances both metrics
simultaneously. Successful separation of alkanes from alcohols,
for instance, requires minimizing the Henry coefficients of 1-
propanol and 2-propanol while maximizing those for butane
and propane in the four objective case, representing competing
objectives that define a multi-dimensional Pareto front. The
Pareto-optimal MOFs identified by our GNN model are those
that maximize the ‘residual’ performance, achieving higher
selectivity than would be predicted by the adsorption capacity
alone. From an industrial perspective, even a small deviation
from the dominant trend that would lead to a 2% increase in
selectivity can result in significantly lower regeneration costs
and higher product purity. Our aim is to develop a surrogate
model for BO that can accurately identify the Pareto optimal set
and distinguish it from suboptimal solutions.

3.3 Performance of surrogate model across Henry
coefficients

This subsection validates the predictive accuracy of the GNN
surrogate model on the multi-objective optimization Henry
coefficient targets. Utilizing 800 randomly sampled MOFs for
training, and 100 each for early stopping validation and testing,
the model's generalization was assessed. Parity plots for 1-
propanol and butane (Fig. 4) demonstrate strong predictive
fidelity, with root mean squared error (RMSE) values of 1.355
and 1.491 In(fmol kg~" Pa']) for 1-propanol and butane,
respectively. Considering that the true Henry coefficient values
for these VOCs span approximately 11 natural log units, an
RMSE of around 1.5 In([mol kg™ Pa™']) corresponds to an error
of approximately 14% relative to the data span, acceptable for
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early-stage candidate screening. Similar accuracy for 2-propanol
and propane (shown in the SI) confirms robustness.

To evaluate the surrogate's ability to capture meaningful
structure-property connections, we measured EHI score for all
points. Among the top five scoring candidates, the three
highest-scoring were not on the Pareto front, while the
remaining two were Pareto-optimal. We selected the highest-
scoring of the two Pareto front points (indicated by the star
shape in Fig. 4) for the feature importance ablation study. This
analysis revealed that node-level features predominantly drive
model predictions, with eight of the top ten most important
features arising from node descriptors and only two from global
features for both 1-propanol and butane. The absence of edge
features among the top contributors highlights the dominant
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role of local atomic environments captured at the node level.
This underscores the limitation of surrogate models restricted
to tabular global features, which would inherently miss signif-
icant predictive information embedded in the graph topology
and atomic features. These results validate the surrogate's
reliability and justify its use within the BO framework to effec-
tively navigate strongly correlated multi-objective MOF design
spaces.

3.4 Comparison on Bayesian optimization and the number
of optimized objectives

The results presented in the previous sections demonstrated
that the GNN surrogate can reliably predict multiple objectives
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Fig. 4 Parity plots and feature ablation analysis. Panels (a) and (b) present parity plots illustrating the performance of a single surrogate model in
predicting each objective. The units are in a natural logarithm. The single star green point represents the Pareto front sample used to explain
feature significance. The blue circles and brown crosses are the non-Pareto front and Pareto front points, respectively. Panels (c) and (d) display
the top 10 features from a feature ablation study for the green star point. Average neighbors, non-available surface area (NASA), radial weighted
average atomic property (RWAAP), angular weighted average atomic property (AWAAP), and shell features most influence model predictions. In
these plots, blue bars indicate that increasing a feature value during ablation leads to an increase in the model prediction (i.e., correlated), while
brown bars indicate that increasing the feature value results in a decrease in the model prediction (i.e., inversely correlated). Bar patterns
correspond to the type of graph feature (e.g., global, node, or edge). Scores were normalized such that the sum of all is one.
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associated with multiple selectivities in MOFs. Building on
these results, we now evaluate the efficacy of our GNN as
a surrogate model within BO for one- to four-objective optimi-
zation tasks, as summarized in Table 1.

Fig. 5 illustrates results from a representative MOBO run
optimizing butane selectivity over 1-propanol and 2-propanol.
Panel (a) shows hypervolume improvement versus the number
of proposed candidates, where the GNN-based surrogate
significantly outperforms random selection, achieving near-
maximal hypervolume after about 200 candidates, while
random selection falls short even after 1000. The random
proposals were averaged across 10 runs. Panel (b) shows the
fraction of identified Pareto front points instead of hyper-
volume improvement, with the GNN identifying nearly 60% of
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points on the Pareto front after 1000 proposed candidates
compared to 26% for random search.

Panels (c) and (d) compare the AUC for normalized hyper-
volume improvement and Pareto front coverage across runs
with one to four objectives. In panel (c), the GNN's AUC of
normalized hypervolume improvement, relative to random
selection, remains largely consistent across runs optimizing
one through four objectives. By contrast, panel (d) shows that
the AUC of normalized fraction of Pareto-front points identified
is highest for single-objective optimization, similar for two- and
three-objective cases, and drops sharply in the four-objective
While normalized hypervolume improvement
remains stable across objectives, coverage declines for four-

scenario.

objective optimizations due to the exponential growth of the

=
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Fig. 5 Performance evaluation of Bayesian optimization (BO) across varying numbers of objectives. Panel (a) demonstrates hypervolume
improvement as a function of proposed candidates. Specifically, the Henry coefficient of butane was maximized while simultaneously minimizing
the Henry coefficients for 1-propanol and 2-propanol. The dotted horizontal red line indicates the theoretical maximum hypervolume
improvement, the blue line with markers shows the hypervolume improvement achieved through graph-neural network (GNN) selection, and
the gray dotted line with a shaded region represents the hypervolume improvement from random acquisition (shaded area denotes standard
deviation across 10 runs). Panel (b) displays the fraction of Pareto front points sampled as a function of proposed candidates at each iteration,
employing the same color scheme as panel (a). Panel (c) compares the normalized hypervolume improvement across multiple runs with varying
numbers of objectives, where overall performance was quantified by computing the area under these curves (larger areas indicate superior
optimization performance). Panel (d) presents an analogous analysis for the normalized fraction of Pareto front points identified. The number of
objectives is identified by the types of dashes and colors within each horizontal bar.
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Table 2 Datasets for Bayesian optimization (BO) with their corresponding number of objectives, metric reported, and area under the curve (AUC)

Dataset # Objectives Metric AUC
{1-Propanol} 1 Hypervolume 942.5
Fraction 876.5
{Butane} 1 Hypervolume 776.4
Fraction 681.5
{1-propanol, 2-propanol} 2 Hypervolume 801.3
Fraction 140.0
{1-propanol, butane} 2 Hypervolume 772.0
Fraction 236.1
{1-propanol, propane} 2 Hypervolume 893.1
Fraction 64.8
{2-cis-butene, 2-trans-butene} 2 Hypervolume 824.6
Fraction 107.4
{Benzene, toluene} 2 Hypervolume 766.8
Fraction -7.1
{Butane, propane} 2 Hypervolume 852.5
Fraction 333.8
{1-propanol, 2-propanol, butane} 3 Hypervolume 867.8
Fraction 278.7
{1-propanol, 2-propanol, propane} 3 Hypervolume 771.5
Fraction 112.6
{1-propanol, 2-propanol, butane, propane} 4 Hypervolume 817.4
Fraction 8.4

Pareto front dimensionality and the intrinsic difficulty of
covering it extensively. For example, the single-objective front
contains only one optimal point, the three-objective front
(shown in panels (a) and (b)) has 211 points, and the four-
objective front comprises 1440 points (approximately 40% of
the dataset). Despite this, the GNN identified Pareto-front
points at rates similar to random selection in higher dimen-
sions, but the specific points it selected yielded substantially
greater hypervolume improvement, maintaining superior
optimization.

Finally, Table 2 reports GNN BO performance across various
VOC separations within the same functional group family,
highlighting generally positive AUC values except for the
{benzene, toluene} dataset for the metric of fraction, where
performance falls to random baseline, likely due to dataset size
and the high similarity of these molecules. Overall, the GNN
surrogate consistently enables effective optimization for chal-
lenging VOC separations in MOFs.

3.5 Experimental feasibility of top-ranked MOFs

To bridge the gap between computational prediction and
experimental realization, we evaluated the properties of six
MOFs and demonstrated how they qualitatively occupy the
space of available structural properties. We selected a subset of
global graph features commonly used to interpret MOFs and
constructed stacked histograms with 15 bins (Fig. 6(a) and (c))
to illustrate the distribution of these properties. Fig. 6(b) pres-
ents the top three MOFs on the Pareto front predicted by the
GNN model used to generate Fig. 4. These MOFs exhibit large
non-accessible surface areas, meaning that adsorbates are
unlikely to find suitable uptake sites. Although the GNN
surrogate successfully converges to the Pareto front in the four-

This journal is © The Royal Society of Chemistry 2026

objective optimization space, the proposed MOFs show traits
that are inconsistent with physically reasonable expectations.
Unusual behavior emerges in higher-dimensional spaces where
the objectives are strongly correlated and have competing
optimization directions. This issue did not arise in the results
comparing adsorption values (i.e., not Henry coefficients) from
Li et al.*® For the two-objective screening discussed in Section
3.1, the MOFs on the Pareto front selected by the GNN surrogate
are shown in Fig. 6(d) and exhibit realistic physical character-
istics. For instance, the optimal MOFs possess low non-
accessible surface areas and large void spaces (ie., higher
largest free sphere, largest included sphere, and largest
included sphere along free path). These trends align with
known structure-adsorption relationships, suggesting that the
GNN implicitly captures chemically and physically meaningful
patterns when identifying optimal materials. The three MOFs in
question are DB12-IHUTIQ_clean_repeat.cif (Fig. 6(e)), DBO-
m3_0490_o15_f0_fsc.sym.2_repeat.cif (Fig. 6(f)), and DBI1-
ZnN4-SiF6-irmof6_No2_repeat.cif (Fig. 6(g)). We emphasize
that our method screens and finds candidates on the Pareto
front, but the Pareto front may lack physically reasonable
characteristics which is especially true for higher dimension
objective spaces.

Among the three optimal candidates in Fig. 6(d), DB12-
IHUTIQ_clean_repeat.cif appears to be the most synthetically
feasible. This material likely originates from the CCDC database
and has been previously reported in the literature.®® Its organic
linker, 1,4-bis(4-pyridyl)-2,3-diaza-1,3-butadiene, is commer-
cially available, overcoming one of the most common limita-
tions in MOF synthesis—linker accessibility. The second
candidate, DBO0-m3_0490_o015_f0_fsc.sym.2_repeat.cif, also
appears synthetically feasible. It consists of a bridging tetra-
topic carboxylate linker and a pillared N-based linker, both of

J. Mater. Chem. A, 2026, 14, 10836-10853 | 10849
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Fig.6 Selected MOF properties, their span, and values for Pareto optimal metal—organic framework (MOFs). Panel (a) shows a stacked histogram
of properties for CoRE MOF shown in the legend. The horizontal axis is the base 10 logarithm of values (with values of zero kept as zero) while the
vertical axis represents the counts. Panel (b) shows the property values for MOFs selected by a graph-neural network (GNN). Panels (c) and (d)
show the same type of information as panels (a) and (b), respectively, but for the ARC-MOF instead. Panels (e)-(g) show the OVITO® visuali-

zations of MOFs from panel (d).

which are available commercially. Although this structure has

not been previously reported, its composition suggests it could
be readily synthesized. In contrast, DB1-ZnN4-SiF6-
irmof6_No2_repeat.cif is the least feasible of the three. While
conceptually synthesizable, the linker has not been previously
synthetically realized. Nevertheless, this structure is isoreticular

with the SIFSIX family of materials, implying that MOF

10850 | J Mater. Chem. A, 2026, 14, 10836-10853

synthesis would be straightforward if the linker were
accessible.®

4 Conclusions

This work demonstrates how detailed structure-property rela-
tionships of MOFs can be effectively integrated into a BO

This journal is © The Royal Society of Chemistry 2026
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workflow using GNNs. By representing MOFs as graphs with
multi-scale features encoded at node, edge, and global levels,
GNNs-based surrogates surpass traditional models such as GPs
limited to global, tabular representations. Utilizing expected
improvement and expected hypervolume improvement acqui-
sition functions for single- and multi-objective optimization
respectively, the GNN-enabled optimization efficiently navigates
complex design spaces, achieving faster hypervolume gains,
notably in challenging separations such as CH, over N, selec-
tivity, when compared to GP-based approaches.

Despite the inherent strong correlations among Henry
coefficients of VOCs studied, GNNs identified Pareto-optimal
MOFs with superior performance compared to random
search. Ablation analyses underscored the critical role of node-
level features in capturing local atomic environments, which are
largely overlooked by models restricted to macroscopic
descriptors. These results highlight the fundamental advantage
of graph-based representations in encoding physicochemically
relevant information essential for accurate surrogate modeling
and effective candidate selection in materials optimization
tasks.

Moving forward, integrating dynamic or flexible MOF
representations that capture framework flexibility and adsorp-
tion site heterogeneity could improve realism and predictive
accuracy. Incorporating multi-fidelity simulation data or
experimental feedback into the BO loop may accelerate
convergence and robustness of predictions. Enhancing uncer-
tainty quantification methods within GNN architectures will
better guide exploration—exploitation trade-offs. Lastly, extend-
ing this workflow to optimize additional properties such as
adsorption kinetics or stability metrics would broaden its
applicability to real-world materials design challenges.
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