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1 Introduction

Computational modelling workflows
for metal—organic polyhedra in The World Avatar

Patrick W. V. Butler, {22 Arravind Subramanian,® Simon D. Rihm,*“ Ari F. Fischer,?®
Tej S. Choksi, (2°% Aleksandar Kondinski,® Sebastian Mosbach,? Jethro Akroyd (2 °
and Markus Kraft (2 *a5f

Metal-organic polyhedra (MOPs) have exceptional potential for host—guest chemistry, but their discov-
ery is hindered by the large combinatorial space of their building units. Computational screening offers
a powerful workflow for efficiently screening large sets of MOPs; however, reliable results depend
on accurate modelling of the geometries and properties of the MOPs. In this paper, we extend our pre-
vious workflow, which assembled computation-ready MOPs using purely geometric operations, by
incorporating post-assembly computational modelling. We benchmark a range of methods, including
machine learning interatomic potentials (MLIPs) and tight-binding DFT, against 85 experimentally
resolved MOP structures. The results show that geometry optimisation significantly refines the initial
assembled MOP structures in terms of cavity and pore properties when compared against experimental
structures, with MLIPs found to achieve good accuracy and excellent convergence rates. We applied the
most reliable method to the entire dataset, integrating the resulting data within The World Avatar
through the OntoMOPs ontology and enabling natural language querying. Lastly, we demonstrate the
utility of this refined dataset by screening for MOPs with the potential to act as hosts for a urea guest
molecule.

produce discrete polyhedral architectures. Despite the consid-
erable potential, developing materials based on MOPs is a

Metal-organic polyhedra (MOPs) have gained considerable
attention as a versatile class of cage-like nanostructures featur-
ing well-defined cavities, yielding significant potential in appli-
cations ranging from gas separation and storage to catalysis
and sensing.'” These properties of MOPs are comparable to
those of extended framework materials such as metal-organic
frameworks (MOFs), but the discrete nature of MOPs gives
advantages in solution-based preparation and processing.®’
MOPs are typically constructed from a pair of metal and organic
chemical building units (CBUs) that self-assemble following
specific topological patterns, also called assembly models, to
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significant challenge due in large part to the immense combi-
natorial space of the constituent metal-based and organic-
based chemical building units (CBUs), which self-assemble to
form MOPs.

Efficiently exploring this space is crucial for identifying
promising candidates for applications. Yet, MOP discovery
has historically relied on labour-intensive experimental trial-
and-error approaches, which severely limit the number of
structures that can be assessed. Computational strategies offer
a more scalable alternative based on rapidly screening large
numbers of hypothetical structures before prioritising a tract-
able subset for experimental validation.'®** The recent devel-
opment of machine learning interatomic potentials (MLIPs),
which can accurately and efficiently model systems with hun-
dreds to thousands of atoms, has prompted considerable
interest in large-scale computational screening of materials."*™*°
This has become especially prominent with the progress of
universal MLIPs, which are pre-trained on large, compre-
hensive datasets and can then be used in various modelling
workflows without further training.'””** However, standard
computational workflows for estimating MOP properties rele-
vant for applications are still not clearly defined and the
reliability of current methods remains unclear. Moreover,
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modelling results of MOPs are generally published as indepen-
dent datasets, without direct connection to the initial data
sources or simulation parameters. Recently, we developed a
workflow for assembling computation-ready MOPs from known
CBUs and assembly models.>** The results demonstrated that
the purely geometric assembly process yielded structures with
cavity and pore sizes in good agreement with the experimen-
tally reported values.>® Moreover, through the development of
the OntoMOPs ontology, the data were instantiated into The
World Avatar,”” a platform for interconnected data and knowl-
edge models, allowing for advanced semantic reasoning based
on the relationships between CBUs, MOPs, assembly models,
and properties.”®*® While the study provided a diverse set of
computation-ready structures and an overview of basic geo-
metric properties, the data on application-specific properties
and the workflows for evaluating the MOPs for applications
were limited.

The purpose of this paper is thus to identify a reliable
computational workflow for refining the MOP geometries and
estimating properties relevant for downstream screening for
applications. We demonstrate geometry optimisations of the
assembled MOP structures using various methods, including
tight-binding density functional theory (DFT) and machine
learning interatomic potentials (MLIPs). By comparing to a
set of experimental structures, we identify methods that effi-
ciently yield significant, quantified refinement of the MOP
geometries. Subsequently, we scale the post-assembly model-
ling to the complete dataset of 1435 MOPs, with the results fully
ontologised and integrated into The World Avatar, enabling a
semantic description of the dataset and natural language

querying.

2 Methods

In this work, we extend our geometric MOP assembly workflow
by including post-assembly optimisation methods. In total, we
consider a dataset of 85 experimentally characterised MOPs,
used for benchmarking the computational methods, and 1435
hypothetical MOPs. The construction of the dataset and the
details of the methods used are described in the following.

2.1 Dataset

The computation-ready MOPs were extracted from our pre-
viously published dataset.* These structures were generated
by assembling combinations of one metal CBU and one organic
CBU into MOPs according to defined assembly models. The
ontological description of the assembly models in OntoMOPs
specifies a set of generic building units (GBUs), their assembly
positions, and their connecting points. Only pairs of CBUs that
satisfy the GBU requirements are assembled, with our MOP
Assembler code calculating the required transformations for
each molecule to align the CBU centre with the GBU centre and
the CBU binding sites with the connecting points. Once cor-
rectly oriented, the assembler calculates a scaling factor based
on the size of the CBUs to expand or contract the distances
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from the centroid, preventing collisions and ensuring the
binding sites of neighbouring CBUs form the appropriate
bonds. The set of CBUs and assembly models was curated
from experimentally known structures, thereby revealing the
immediate chemical space accessible. The experimental struc-
tures used to create this dataset were selected based on the
definition of MOPs as coordination-driven assemblies of build-
ing units analogous to those of MOFs (i.e. metal secondary
building units and organic linkers). Due to this definition, the
dataset does not include dynamically self-assembled supramo-
lecular cages, such as those formed by metal-catalysed imine
condensation. Other than being experimentally characterised,
there were no restrictions on permanent porosity or other
properties. Subsequent studies have added additional assembly
models and CBUs, and simplified access to the OntoMOPs
knowledge graph with natural language querying and an object
graph mapper that functions as a Python interface.>>>*>®

2.2 Computational methods

Calculations of the MOPs were conducted using a variety of
methods, including universal MLIPs, tight-binding DFT, and
Kohn-Sham DFT. Geometry optimisations using MLIPs were
performed using the corresponding Atomic Simulation
Environment (ASE) calculators and the FIRE optimisation
method.***' The maximum number of steps was set to 5000
and the force convergence criterion was set to 0.01 eV A™".
Further details of the MACE,”” Orb,>' and UMA?? universal
MLIPs used can be found in the associated publications. For
the MACE models, we used MACE-MPA-0, MACE-OMAT-0, and
MACE-MATPES-r12SCAN-0. The orb model used is the orb_v3_-
conservative_inf omat model featuring conservative forces and
infinite neighbour atom lists. Lastly, the UMA models used are
of the small 1p1 checkpoint version with the task type as either
OMAT (Open Materials dataset)**** or ODAC (Open Direct-Air-
Capture dataset).* In all cases, models that were trained on
datasets that did not explicitly include dispersion contributions
were augmented by summing the calculator output with the
torch-dftd calculator, which implements the D3(B]J) dispersion
correction method.>*” The models combined with the D3
dispersion correction were MACE-MPA-0, MACE-OMAT-0,
MACE-MATPES-12SCAN-0, Orb-V3-con-inf-omat, and UMA-s-
1p1(OMAT).

The tight-binding DFT calculations were performed using
the GFN2-xTB method implemented in the XTB software pack-
age (version 6.5.0).*® The standard ANCopt optimiser and
default settings were used except that the maximum number
of SCF iterations was increased to 750. For these calculations
and those using B97-3c below, the total charge of the MOPs was
set according to the values extracted from the OntoMOPs
knowledge graph (28 out of 85 MOPs have non-zero overall
charge). All methods were applied consistently for charged and
non-charged MOPs. Calculations that were performed using the
GFN2-xTB(DMF) method additionally included implicit solva-
tion using the ALPB method with the DMF parameters.

The DFT calculations at the B97-3c level were performed using
the ORCA software package (version 4.2.1).°>*° The particulars of
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the basis set and functional used in the B97-3c method are
detailed in the original report.*" In all cases, the convergence
of the single point calculations was determined by an energy
tolerance of 1.0 x 10~

3 Results and discussion

In the following sections, we describe the results from the
evaluation of the various computational methods and applying
them at scale. The first section details the evaluation bench-
mark, comparing the errors in optimised geometric properties
against those from experimental structures. As a baseline,
we used the initial MOP Assembler errors. After this, we scale
the geometry optimisations to the hypothetical structures
extracted from the OntoMOPs dataset and assess the influence
of geometry optimisations on the distributions of MOP proper-
ties. We further demonstrate exploiting the optimised struc-
tural data as input to advanced modelling workflows and for
identifying potential hosts for a urea molecule. Lastly, we
illustrate exploration of the ontologised calculation data using
Marie, a natural language agent interfaced with the MOPs
knowledge graph.

3.1 Benchmarking MOP geometry optimisations

To evaluate the performance of our computational workflow
and its ability to reproduce experimentally observed geome-
tries, we curated a benchmark set of 85 MOP structures
extracted from the previous OntoMOPs dataset with reported
single-crystal X-ray diffraction (SCXRD) structures. This set
covers a diverse range of MOPs comprising a distinct combi-
nation of one metal CBU, one organic CBU, and an assembly

B (4-planar)i2(2-bent)zs
m (3-planar)g(4-pyramidal)e

I (3-pyramidal)s(3-planar)s
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model. In total, 29 metal CBUs, 47 organic CBUs, and 13
assembly models are represented in the set, with the most
common metal CBU being 4-planar Cu,, which occurs in 30
MOPs, and the most common organic CBU being trimesic acid
(benzene-1,3,5-tricarboxylic acid), which occurs in 13 MOPs.
The distribution of the assembly models is shown in Fig. 1,
with (4-planar),(2-bent),, being the most common with 35
structures. These experimental structures serve as a benchmark
to assess the robustness and accuracy of the computational
methods across the OntoMOPs dataset. Previously, we have
shown that the MOP Assembler yields good agreement with
experimental structures when applied to known MOPs.>® Our
aim here is thus to see whether subsequent geometry optimisa-
tion of the MOP Assembler structures improves this agreement.

We focused on three key geometric features of MOPs rele-
vant to their host-guest functionality and thereby applications:
the radius of the largest sphere that can fit in the MOP cavity
(inner sphere radius), the average diameter of windows through
which guests could enter or exit the MOP, and the mass-
weighted radius of gyration, which is a measure of the atom
distribution. These were calculated for both the experimental
structures and the corresponding optimized structures, with
the window diameters being calculated using pywindow.*?
We then quantified the accuracy of the computed geometries
by comparing these properties against their experimental coun-
terparts and calculating the percentage error. The results for
each method and metric are summarised in Fig. 2.

The results show that in general the geometry optimisations
yielded reduced errors in all metrics, with errors in some cases
more than halved. For the inner sphere diameter, we find that
the MOP Assembler structures achieve an excellent percentage
MAE (%MAE) of 4.3%, which is improved by a few methods,

Assembly Model

(4-planar)e(3-pyramidal)g
mm (5-pyramidal)i2(3-planar)zo
(4-pyramidal)g(2-linear)i2
mm (5-pyramidal);z(2-linear)sg
(2-bent)12(3-planar)g
m (4-pyramidal)s(3-pyramidal)s

(3-pyramidal)4(2-linear)g
(4-planar)e(2-bent);,

(3-pyramidal),(2-bent)s

I (2-bent)e(3-planar)a

Fig.1 Example MOP featuring the most common assembly model and metal CBU in the experimental benchmark, (4-planar)i»(2-bent),4 and Cup,
respectively (A), and the number of MOP experimental structures for each assembly model (B).

This journal is © the Owner Societies 2026

Phys. Chem. Chem. Phys.


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cp04871k

Open Access Article. Published on 04 June 2026. Downloaded on 6/5/2026 12:03:09 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

View Article Online

Paper PCCP
A
S
< 204
— N
o \
G oo —5 = = —
%] N =
= r \"‘"/
g —201 - “
o
g |
@ -40; |
[
n
& —60 43 5.0 42 5.0 4.0 35 4.3 4.3 4.0
c (88%) (84%) (89%) (86%) (90%) (93%) (87%) (87%) (89%)
o
B
<
o a
= 01 > — —_—
w {2
9] v,
9]
g =501
.o
m)
£ _100] -4 | |
_-g 15.7 9.1 8.7 12.7 9.3 7.2 7.3 7.4 8.2
= (43%) (76%) (78%) (75%) (80%) (75%) (78%) (75%) (78%)
C
g .
g /f {
w N -
o 01 // \\
R 9%
B A
s
O 2]
Y
o
0
=2 -10-
5 2.4 1.9 1.2 1.2 1.1 1.1 1.1 1.3 1.1
b (51%) (71%) (87%) (86%) (92%) (91%) (92%) (88%) (88%)
N Q A ) O Gl > N N
‘O\e "\'S & N N N N @V’ Q?"(J
&L & Q IS < S & 9O 9
& & <L a A Ny & %
v ; S o O & Q Q
4 QJ & O 2 Q X >
O > @) & v N N <
= & \g 9 o & AR ¥
W \g & < o S
s S ¢ ¥ N
N & N
& Q)
@V‘

Fig. 2 Violin plots for each method illustrating the percent error in terms of the inner sphere radius (A), average window diameter (B), and mass-
weighted radius of gyration (C) when comparing the MOP Assembler structure optimised with the corresponding method against the experimental
values. The distributions include up to 85 structures with unconverged or failed optimisations omitted. The means of the distributions are indicated by the
black bars with the percent MAEs underneath each distribution. The proportion of data points within the shaded region is displayed in brackets below
the MAE.

namely MACE-MATPES-12SCAN-0 + D3 (3.5%), UMA-s-1p1(ODAC) In absolute terms, this reduces the MAE in the inner sphere
(4.0%), MACE-OMAT-0 + D3 (4.0%), and GFN2-XTB(DMF) (4.2%). volumes from 221.1 A® with the MOP Assembler to 152.5 A®
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following geometry optimisation with MACE-MATPES-r2SCAN-0 +
D3 (see Table S1). Despite the general improvement, we observe
increased errors following optimisations for a small number of
structures across multiple methods. Inspecting these results, we
find that these typically occur for MOPs with larger, flexible
organic CBUs, which when optimised in the gas phase contract
inwards. For example, the MOP with the CSD refcode XIYJUM
(Fig. S11), which is a tetrahedral MOP featuring a 3-planar 1,3,5-
tris(4-carboxyphenyl)benzene CBU, has an average error of —18.6%
following optimisation in the gas phase compared to —7.7% for
the initial MOP Assembler structure. Notably, comparing the
GFN2-XTB results, the error is considerably reduced when using
implicit solvation (—8.24% vs. —32.07%). However, we do not find
a general trend of error with CBU size (Fig. S5).

In the other two metrics, we observe larger improvements
following geometry optimisations. For example, the percent
error in the average window diameter is nearly halved with all
methods compared to the MOP Assembler. Again the MACE-
MATPES-r2SCAN-0 + D3 model performs best, yielding a %MAE
of 7.2% (MAE = 0.29 A). However, we note that there are
multiple occurrences of the optimisations leading to an elimi-
nation of all windows and a —100% percent error. Upon
inspection, we find that these are structures containing the
compact trimesic acid CBU, which typically yield window
diameters that are already at the limits of detectability. Indeed,
by excluding structures with an average window diameter less
than 1.8 A, all but one method (MACE-MPA-0 + D3) no longer
result in such large errors (see Fig. S1) and with this filter the
best performing method is GFN2-xTB(DMF), which returns a
%MAE of 4.7% (MAE = 0.23 A).

We similarly observe large improvements in the radius of
gyration error following geometry optimisation with most meth-
ods. In this case, the best performing methods are MACE-OMAT-
0 + D3, MACE-MATPES-12SCAN-0 + D3, Orb-v3-con-inf-omat +
D3, and UMA-s1p1 (ODAC), which yield %MAEs of 1.0% (MAE =
0.117-0.123 A). GFN2-xTB(DMF), MACE-MPA-0 + D3, and UMA-
s1p1 + D3 (OMAT) also return low %MAEs between 1.2 and 1.3%
(MAE = 0.118-0.140 A). The largest errors are found following
optimisation with GFN2-xTB without implicit solvation (%MAE =
1.9, MAE = 0.196 Zi), further indicating the importance of
solvation effects, which can be implicitly captured in the para-
meterisation of the MLIPs due to inclusion of experimentally
reported structures in the training data.

An additional analysis comparing the error distributions of
charged and uncharged MOPs finds that the charged MOPs
generally have higher errors (Fig. S6-S8). However, this trend is
observed across all methods, including GFN2-xTB methods and
the MOP assembler, suggesting that it is not introduced by the
optimisations or the modelling of the charges but rather a
result of the structural complexity within the charged subset,
which features many of the larger polynuclear metal building
units, including [Zr;O(OH);(CsHs)s], [V6Os(OCH3)o(SO,)], and
[WV504,]. By contrast, the uncharged subset predominantly
features bimetallic paddle-wheel metal units.

A further important consideration is the convergence of the
calculations, which is presented in Fig. 3. This shows that all
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Fig. 3 Summary of convergence statistics for the geometry optimisations
using each method. The GFN2-xTB optimisations were performed using
the xTB program, while the ML potential simulations were performed in
ASE using the FIRE optimiser and a max step limit of 5000.

methods achieve good success rates, but with the MLIPs
typically achieving excellent results. Across the methods, the
UMA models show the highest success rates, with the UMA-
s1p1(ODAC) model successfully converging all 85 structures.
By contrast, the GFN2-xTB(DMF) method failed to calculate an
optimised structure for 32 MOPs, typically due to numerical
instabilities. Interestingly, there were half as many failed
optimisations without implicit solvation (i.e. GFN2-xTB). Ana-
lysing the individual results, the most difficult structure to
optimise was the MOP with the CSD refcode GECQEN (Fig.
$12), which was failed by 2 methods (GFN2-xTB and MACE-
OMAT-0 + D3) and took more than 2500 steps to converge for
three other methods. As could be expected, this is one of the
largest MOPs in the set having a (4-planar),,(2-bent),, assembly
model and containing 960 atoms with many of these atoms in
flexible side-chain groups.

Overall, the results of the benchmark show that we can
significantly improve the agreement to experimental values by
fast geometry optimisations using tight-binding DFT or MLIPs.
This comparison has limitations. Most significantly, the experi-
mental values are derived from crystal structures determined by
X-ray diffraction at varying finite temperatures and states of
solvation, whereas the calculations were performed at 0 K on
isolated MOPs in the gas phase or with implicit solvation in the
case of GFN2-xTB(DMF). Consequently, the target structural
features exhibit experimental variations, arising from finite
temperature effects and explicit solvent interactions, which
are not accounted for by the optimisations and create uncertainty
in the target values. Moreover, crystal packing effects are not
included in the isolated MOP calculations. Therefore, differences
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of a few percent between computational methods should be
interpreted cautiously. However, the consistency with which the
optimised structures converge towards experimental values across
multiple independent methods, and the clear improvement over
the unoptimised MOP Assembler structures, provides confidence
that the optimisations provide benefit in improving estimates of
observed properties. Additionally, the aim of these optimisations
is to serve an initial refinement stage that can provide input
for subsequent, more complex modelling that accounts for the
neglected effects. For example, finite-temperature and solvent
effects could be included by using the geometry optimised
structures as input to molecular dynamics simulations, yielding
average and standard deviation values for the geometric proper-
ties. This approach has been shown to be effective for modelling
similar cage molecules.**

To estimate the influence of the neglected experimental
effects on the observed errors, we repeated the analysis by
comparing against the isolated experimental structures opti-
mised using the same methods (Fig. S9). These results show
that the %MAE values are reduced across all methods and
properties: inner sphere radius by 0.8 to 3.1%, window dia-
meter by 1.3 to 4.2%, and radius of gyration by 0.2 to 1.6%.
However, the general trends are largely the same as those
observed when comparing against the experimental data, with
GFN2-xTB(DMF) and MACE-MATPES-r2SCAN-0 + D3 consis-
tently returning the lowest errors.

A further limitation of modelling isolated MOPs is that
functional properties arising from crystal packing, namely
extrinsic porosity, cannot be estimated, yet are crucial for
solid-state applications of MOPs. Although the current study
focused on cavity properties relevant for screening applications
in solution, such as drug delivery and catalysis, the methods
applied in this study could equally be applied to periodic
structures, and this represents a natural extension of the work-
flow: using the optimised isolated MOPs as input to generate
plausible crystal packings. Accurately predicting the crystal
structures of MOPs is not a trivial problem; however, there
have been promising developments in the crystal structure
prediction of similar supramolecular assemblies.**

3.2 MOP geometry optimisations at scale

To assess the scalability of the post-assembly calculations, we
next created a workflow extracting a large set of hypothetical
MOPs from the OntoMOPs knowledge graph and performing a
geometry optimisation on each. To perform these optimisa-
tions, we selected the MACE-MATPES-r2SCAN-0 + D3 method,
which was found to be one of the most reliable and accurate
methods in the previous section. We then compared the inner
sphere radius, average window diameter, and radius of gyration
before and after optimisation along with the calculated root-
mean-square deviations (RMSDs) between the initial and final
atomic coordinates.

As shown in Fig. 4a, following optimisation, the inner
sphere radius had a mean change of —0.55% with a standard
deviation of 5.11%. This is consistent with the previous results
that showed the MOP Assembler structures typically already
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have realistic cavity sizes, and hence the change is relatively
small. However, there is a noticeable tendency for the optimi-
sations to decrease the cavity size and there are examples of up
to 39% decrease in the inner sphere radius. Upon inspection of
these results, we find that this is a result of the larger organic
CBUs contracting inwards under the gas-phase geometry opti-
misation with the larger percent changes being observed for
structures with small initial cavities (less than 2.5 A inner
sphere radius).

Considering the average window diameter, the optimisa-
tions returned an average change of +1.24%. However, there
is considerable variation with a notable standard deviation
of 15.06% and several structures having a change of greater
than 50%. Similar to previous results, we find that these are
generally structures with small initial window diameters.

The radius of gyration is also stable on average with a mean
change between the initial MOP assembler structure and
geometry optimised structure of +0.70% with a relatively nar-
row standard deviation of 2.32%. The stability in the radius of
gyration, despite larger variations in window metrics, indicates
that the optimisations primarily alter local features rather than
the overall MOP shape, which remains consistent. This is
even true for the structure with the maximum change
(—9.84%), which, when visualised, clearly preserves the
(4-planar)g(3-pyramidal)s assembly model (Fig. S13).

Finally, RMSD values between the atom coordinates of pre-
and post-optimised structures averaged 0.55 A with a standard
deviation of 0.33 A. The small average RMSD further supports
that the geometry optimisations are refining the MOP Assem-
bler structures. However, there is a notably long tail on the
RMSD distribution with a significant number of structures
having RMSD values greater than 1.0 A and up to 2.36 A.
Visualising these structures, it is apparent that the high RMSDs
result from flexible side chain groups that often undergo
significant rearrangement, even though the core topology
remains stable (Fig. S14). This is not unexpected since the
MOP Assembler uses CBU geometries extracted from crystal
structures, which are stabilised by intermolecular interactions
that are not present during the geometry optimisation of the
isolated MOP.

3.3 Advanced computational workflows

The results from the previous section indicate that MACE-
MATPES-r2SCAN-0 + D3 can reliably optimise the initial MOP
Assembler structures and, thus, form the basis of more elabo-
rate computational workflows that extend beyond simple struc-
tural relaxation. For example, although the MLIP models do not
provide explicit information on electronic properties, the
relaxed geometries they yield can be used as input for subse-
quent single-point electronic structure calculations. Impor-
tantly, this approach allows accessing electronic properties
without the need to perform full geometry optimisations using
computationally intense electronic structure methods, which is
often a major computational bottleneck.

To illustrate this approach, we extracted the MACE-MATPES-
r2SCAN-0 + D3 optimised structures of MOPs featuring the

This journal is © the Owner Societies 2026
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Fig. 4 The results from comparing geometry optimisations of the 1435 MOP structures from the OntoMOPs dataset using MACE-MATPES-r2SCAN-0 +
D3 against the initial MOP Assembler structures in terms of the change in the inner sphere radius (A), average window diameter (B), radius of gyration (C),
and the RMSD in atomic positions (D). The mean of each distribution (red dashed line) and one standard deviation (blue dotted line) are indicated.

[Zr;0(OH);(C5Hs);] metal building unit and used these as input
for single-point calculations at the DFT level using the B97-3¢
method. From these calculations, we could investigate the
distribution of electronic properties among these MOPs, such
as the HOMO-LUMO gap energies, which is shown in Fig. 5.
Crucially, the computational cost of gaining this insight was
only on average 8.11 CPU hours and could be completed on
average in 10.6 wall-clock minutes with 76 CPU cores. A set of
six structures were able to be geometry-optimised at the DFT
level and a comparison of the gap energies (Fig. S10) shows a

This journal is © the Owner Societies 2026

low correlation (R* = 0.34) but good agreement in ranking
(rs = 0.89). Although it is important to emphasise that this is not
a benchmarking of this approach or combination of methods,
this demonstration highlights the potential to efficiently screen for
electronic properties in the dataset using the generally good
structures from the lower level geometry optimisations.

3.4 Host-guest screening

Having demonstrated the efficiency of our computational
approach to yield good approximations of experimental MOPs
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Fig. 5 Distribution of HOMO-LUMO gap energies obtained from B97-3c
single-point calculations performed on MOPs containing the [ZrsO(OH)s-
(CsHs)s] metal building unit and following geometry optimisation using the
MACE-MATPES-r2SCAN-0 + D3 model.

2.4

and to scale to large datasets, we next applied these methods to
investigate how the dataset can be exploited to identify promis-
ing materials for host-guest applications, and as an example
target guest, we selected urea, which is relevant to biology and
environmental monitoring. To begin, we extracted optimised
MOPs with inner sphere radii that are 1.0 to 1.5 times the
bounding sphere radii of urea (3.24 A) and an average window
diameter greater than 1.0 A, yielding 52 MOPs. We then placed
the urea molecule into each cage, varying the orientation to
identify the most stable configuration using MACE-MATPES-
r2SCAN-0 + D3 as the energy model. The geometries of the
resulting configurations were then optimised to produce the
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Fig. 6 Distribution of interaction energies for urea with the compatible
MOPs calculated using MACE-MATPES-r2SCAN + D3 following geometry
optimisation of the host—guest complex. The inset shows the most stable
complex, which involves a (3-pyramidal),(2-linear)s assembly model com-
bining a vanadium metal CBU and a sulfate functionalised organic CBU.
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energy minimised host-guest system and the final interaction
energy was calculated. The distribution of interaction energies
(Eint) is shown in Fig. 6. From this, we find a number of MOPs
with highly stable interaction energies with the most stable
MOP host featuring sulfate groups that form potentially three
hydrogen bonds to the urea guest (N-H:--O = 154.2, 165.7,
169.5°). The second most stable MOP host features the same
assembly model and organic CBU but with a different metal
CBU, thereby strongly suggesting that this combination of
complementary cavity and hydrogen bonding sites is a promis-
ing design. It should be noted that the reported interaction
energies are an approximation and neglect important tempera-
ture and solvent effects that are influential in host-guest
behaviour. Nevertheless, the results demonstrate clearly how
the integration of the knowledge graph and modelling results
enables the dataset to be rapidly screened to find MOPs with
potential for binding target substrates. Subsequent simulations,

A { MetalOrganicPolyhedron ]
hasCalculationResult
{ CalculationResult ]
| l 1
hasCalculatedProperty hasCalculationMethod hasOutputGeometry
{ CalculatedProperty ] { CalculationMethod ] { Geometry ]
hasCalculationParameter hasSoftware
[CalculationParameter Software ]

B
[ Which MOPs were calculated using the xTB software? ] @
5 )
j The following Metal Organic Polyhedra (MOPs) were
X calculated using the XTB software (version 6.5.0):

J

1. [Zr30(0OH)3(C5H5)3]2[SO2(C6H4)2(C0O2)2]3 \
Provenance: 10.1021/acsami.7b18836

2.[Zr30(0OH)3(C5H5)3]4[(C6H3)(C0O2)314
Provenance: 10.1021/ic402428m

3. [Zr30(0OH)3(C5H5)3]4[(C6H4)2(C02)2]6
Provenance: 10.1021/ic402428m

Which MOPs have calculated RMSD to the initial
geometry greater than 1.5?

O

The following Metal Organic Polyhedra (MOPs) have a

% calculated RMSD to the initial geometry greater than
N 1.5

1. [Zr30(0H)3(C5H5)3]8[(C6H3C)2(C02)4]6
RMSD =1.6791 A

2. [Zr30(OH)3(C5H5)3]8[(C16H8N2)(C6H4C0O2)4]6
RMSD = 1.6883 A

3. [Zr30(0H)3(C5H5)3]8[(C18H10)(CO2)4]6
RMSD =2.5953 A

Y

Fig. 7 The relevant concepts to incorporate calculation results into the
OntoMOPs ontology (A) and examples of querying the MOP calculation
results using Marie (B). In the ontology, blue concepts are part of Onto-
MOPs and orange concepts are part of OntoSpecies.*®
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such as molecular dynamics, could be applied to more accurately
estimate binding energies and rankings and characterise the
response of the MOP to the guest. Considering the computational
cost of modelling the large MOP structures, hierarchical work-
flows to efficiently narrow down the search space provide
significant benefits in screening for applications.

3.5 Knowledge graph and natural language querying

To make the previous results more accessible, we extended the
previous OntoMOPs ontology to allow for capturing calculation
results. As shown in Fig. 7A, the extensions to the ontology
consisted of adding a primary calculation result class along
with classes for calculation methods, calculated properties, and
calculation parameters. These classes are connected to the
MOP concept by the hasCalculationResult predicate. These
simple and general concepts were chosen to enable efficient
uploading and querying of the data from the various computa-
tional methods used. Additionally, we have connected this data
to Marie, the natural language agent of The World Avatar,
allowing the calculation data to be queried using semantic
reasoning without requiring programming knowledge.
Example queries are shown in Fig. 7B. The data can further
be accessed through our recently developed object-graph map-
per Python package® interfaced with The World Avatar knowl-
edge graphs. An example of this is provided as a Python
notebook in the SI.

4 Conclusions

In this work, we have evaluated various computational work-
flows for refining MOP geometries assembled in silico and
estimating their properties for downstream applications.
Through benchmarking against experimental crystallographic
data, we quantified the accuracy and reliability of various
computational methods, with the results showing that univer-
sal MLIPs, such as the MACE and UMA models, offer an
efficient route to achieve structural refinement. We further
demonstrated the scalability of the post-assembly geometry
optimisations by implementing a MLIP-based workflow and
applying it to a dataset of 1435 hypothetical MOPs. Importantly,
by fully ontologising these results within The World Avatar,
we transformed the static calculation data into a dynamic,
interoperable resource, which can be readily integrated into
further simulations and screening tasks, as illustrated by the
successful identification of candidate MOP hosts for urea. This
work establishes a scalable, extensible workflow for reliably
modelling hypothetical MOPs and, moreover, provides a clear
example of how knowledge graphs and ontologies can be
integrated with computational modelling to address issues with
traceability and reproducibility in computational workflows.
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