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Abstract

Metal-organic polyhedra (MOPs) offer a modular route to porous molecular materi-
als, but their discovery is limited by the difficulty of translating digital designs into
experimentally accessible compounds. Here, we demonstrate an integrated workflow
for predicting and synthesising novel MOPs in The World Avatar. To our knowledge,
this is the first reticular material discovery workflow executed and persisted entirely
in a shared machine-readable knowledge representation, without human-specified
initial reaction conditions. This domain’s small literature corpus hinders data-driven
synthesis prediction, yet its high symmetry provides exploitable structural analo-
gies. We therefore encode auditable chemical reasoning as explicit rules rather than
learning it statistically. MOP candidates are linked to synthesis knowledge, so pro-
cedures for new targets are inferred by analogy to known materials and rendered as
human-readable instructions and machine-executable protocols. Candidates are as-
sessed through hierarchical geometry optimisation, electronic-structure evaluation,
crystal structure prediction, and simulated powder X-ray diffraction. We evaluate the
workflow retrospectively against reported zirconium MOP syntheses and prospec-
tively by synthesising a previously unreported Zr-EDB-MOP. Infrared spectroscopy,
high-resolution mass spectrometry, and powder X-ray diffraction support formation
of the targeted cage in agreement with the predicted model. This establishes a proof
of concept for knowledge-integrated discovery in sparse, highly structured materials
domains.

Highlights
• A semantic workflow within The World Avatar predicts synthesis of novel MOPs.

• First complete MOP discovery cycle based in a single persistent knowledge base.

• Synthesis conditions are inferred by analogy to known MOP procedures.

• Computational screening links molecular design to crystal verification.

• A novel Zr-EDB-MOP experimentally validates the end-to-end workflow.

• IR, HRMS, and PXRD jointly verify the predicted MOP structure.
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1 Introduction

Metal-organic polyhedra (MOPs) are discrete, cage-like assemblies comprised of metal-
and organic-based chemical building units (CBUs) that resemble the shape of finite, well-
defined polyhedral architectures. [11, 27] Because each metal- and organic-based CBU
can be selected from a broad library of building units, and they can be developed de
novo, MOPs exhibit tunable pore sizes, internal cavities, and chemical environments. [31]
As a result, they have garnered interest for applications in water purification, gas sepa-
ration, and catalysis, owing to their structural versatility and ability to sequester target
molecules. [1, 20] These sustainability-driven uses have spurred extensive research on
how to systematically optimise MOP design features, ranging from coordination geome-
try to linker functionality.

MOPs can be viewed as a subclass of analogues of classical coordination cages, where dis-
crete topologies are realised by the formation of coordinate bonds between the metal- and
organic-based CBUs. [20] To support the systematic representation and exploration of this
chemistry, MOP-related knowledge has been integrated into The World Avatar, a seman-
tic framework for the world at large that connects domain ontologies with computational
agents. Within this framework, the concept of “assembly models” (AMs) captures essen-
tial topological constraints by mapping each CBU to a “generic building unit” (GBU) as
shown in Fig. 1a). [27] These concepts are represented in the OntoMOPs ontology, en-
abling inductive reasoning algorithms based on set operations to systematically explore
the immediate chemical space of rationally designed and constructible MOP assemblies.
This rational-design step forms the starting point of the semantic agentic workflow imple-
mented within TWA, as illustrated in Fig. 1b). Using the OntoMOPs ontology and data
describing experimentally known MOPs, AMs and GBU types from less than 100 publi-
cations, our algorithm has rationally designed thousands of new MOP structures. [5, 9, 27]
The overall approach narrows a vast combinatorial landscape to high-value candidates that
can be targeted in the laboratory with minimal trial and error.

To complement rational design, an automated assembly-modeling strategy was developed
to generate initial geometries of both known and newly proposed MOPs based on their
AM and the geometric properties of their CBUs. [28] This method assembles atomic struc-
tures by specifying connectivity and binding sites, and then applies rescaling, translation,
and rotation operations to construct the intended polyhedral architecture. Unlike generic
cheminformatics approaches, this method preserves experimental local geometry – partic-
ularly around metal clusters – resulting in high-quality structures suitable for subsequent
quantum mechanical calculations. These structural models are key enablers for the next
step in the pipeline shown in Fig. 1b, namely computational viability assessment.These
structural models provide the computational basis for assessing whether proposed assem-
blies are geometrically and energetically plausible before experimental investigation.

Building on this foundation, the present study focuses on connecting digitally designed
MOPs with experimentally actionable synthesis procedures. We therefore develop a knowledge-
based synthesis prediction strategy that leverages analogies between the structural and
topological properties of novel MOPs and those of previously synthesised compounds
whose experimental procedures have been semantically extracted and encoded using the
OntoSyn ontology [49]. Drawing on this structured synthesis knowledge base, the pre-
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Figure 1: (a) Concepts involved in the cognitive mapping and rational design of new
MOP materials [27]; (b) A general workflow for the automated discovery of
new MOPs and other reticular materials.

diction algorithm proposes plausible synthetic protocols, including choices of solvents,
reagents, and reaction conditions. These suggestions are informed by contextual similar-
ity, such as shared AM and GBU compositions, along with heuristic rules derived from
known synthesis pathways.

To complete the pipeline, we synthesise a novel MOP using a predicted procedure and val-
idate the resulting material against its computationally screened counterpart. This closes
the loop between digital design and experimental realisation within a single machine-
readable knowledge representation. To our knowledge, this is the first reticular material
discovery workflow in which every stage is executed through, and persisted in, one shared
semantic framework. The paper makes three key contributions:

1. An end-to-end discovery cycle, executed rather than proposed. Candidate gen-
eration, structural modelling, computational viability assessment, synthesis condi-
tion prediction, and experimental verification are carried out as a single connected
sequence, with inputs and outputs of every step persisted in a shared knowledge
representation. Prior work in reticular materials has closed subsets of this loop but
the experimental conditions were often supplied by a human expert or searched
within human-specified bounds (see section 2.4). Here the conditions themselves
are derived from structured prior knowledge without requiring an expert to propose
the initial reaction conditions

2. A knowledge-based method targeted at a regime where machine learning does
not apply. Data-driven synthesis prediction rests on corpora of 105 to 107 pro-
cedures (see section 2.4). In contrast, the corresponding corpus for MOPs is of
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order 102. We therefore encode chemical reasoning explicitly, as auditable rules
over structural analogy, rather than learning it. This is particularly suited to highly
symmetric reticular assemblies, where a small set of building units and assembly
models generates many structurally analogous precedents despite sparse synthesis
data.

3. Protocols that are simultaneously human- and machine-executable. A predicted
procedure is stored as an OntoSyn instance, from which a human-readable instruc-
tion sheet and machine-executable laboratory code are alternative renderings of the
same object. [47, 49] The syntheses reported here were performed manually, but
this is an implementation choice rather than a property of the workflow.

2 Reticular Chemistry in The World Avatar

2.1 The World Avatar

The World Avatar (TWA) is a dynamic digital twin framework designed to integrate data,
knowledge, and computational agents into a virtual single living knowledge graph (KG)
that mirrors and interacts with the real world.[2, 32] Unlike traditional Semantic Web ap-
proaches, TWA embeds real-time data flows, inference logic, and computational processes
directly within a distributed architecture powered by autonomous agents. This allows
not only for continuous synchronisation with the physical world but also for transpar-
ent propagation of new knowledge, facilitated through metadata tracking and structured
derivations.[3]

In the chemistry domain, TWA supports a modular suite of ontologies that represent spe-
cific types of chemical information in a machine-interpretable format. For reticular ma-
terials such as MOPs, the OntoMOPs ontology models topological features like assembly
models and their constituent building blocks, enabling rational design and structural anal-
ysis. The OntoSyn ontology complements this by capturing synthesis procedures in a
structured form, facilitating reasoning and retrieval. Together with a network of agents
that perform tasks such as structural generation, property calculation, and protocol ex-
traction, this semantic infrastructure enables an end-to-end workflow for MOP discovery,
from digital conception to experimental realisation.

2.2 Digital Reticular Chemistry

The term “Digital Reticular Chemistry” was introduced by Lyu et al. [37] to describe a
vision for transforming the largely empirical field of reticular material discovery into a
data-driven discipline powered by automation, computation, and integrated data ecosys-
tems. Their proposed framework outlines a digitally orchestrated discovery process fo-
cused primarily on two- and three-dimensional frameworks such as metal-organic frame-
works (MOFs) and covalent organic frameworks (COFs). In this work, we extend that
vision by including zero-dimensional analogues – namely, metal-organic polyhedra – and
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by integrating a broader suite of digital technologies such as KGs, quantum chemical
calculations, and semantic reasoning within a unified infrastructure.

We argue that The World Avatar provides a comprehensive digital environment capable
of realising this expanded vision. It addresses the four core pillars outlined by Lyu et al.
[37] as essential for digital reticular chemistry. First, TWA supports structured knowledge
representation through dedicated ontologies such as OntoMOPs [5, 28] for structural mod-
els and OntoSyn [49] for synthesis protocols, effectively forming a semantic database for
storing and communicating domain-specific knowledge. Second, TWA enables a com-
putational discovery cycle by linking these ontologies with simulation results, including
automated potential energy surface scans [39] and quantum chemistry outputs encoded in
OntoCompChem[30]. Third, the platform supports an experimental discovery cycle via in-
tegration with high-throughput experimentation and autonomous laboratories, as demon-
strated in the Digital Lab Framework and self-driving lab initiatives [4, 47]. Fourth, TWA
facilitates rich human–machine interaction through SPARQL query interfaces [43], intu-
itive user interfaces, and AI assistants like Marie [50], enabling users to interrogate and
leverage the graph-based chemical knowledge.

In addition to covering the four pillars, TWA also unifies the five categories of data identi-
fied as necessary for automated reticular material discovery. These include calculated data
from the computational cycle (via OntoCompChem), imported molecular data from public
databases (e.g., PubChem and ChEBI through OntoSpecies [43]), synthesis data ex-
tracted from literature (OntoSyn [49]), experimental observations from high-throughput
labs (OntoLab and OntoDOE [4]), and contributions from the broader scientific commu-
nity. TWA’s distributed architecture inherently supports this open, extensible framework
for community-driven enrichment.

Moreover, TWA employs knowledge graphs that blend factual entities (via object proper-
ties) and quantitative parameters (via data properties), making them amenable to advanced
techniques such as KG embeddings. This aligns closely with the graph-theoretic and ma-
chine learning (ML) driven approaches advocated by Lyu et al. [37]. TWA has already
demonstrated progress in the three strategic directions they identify for digital reticu-
lar chemistry. The exploration of “infinite” reticular chemical space has been advanced
through the rational design of over 2,000 new MOP structures using automated topology-
based algorithms [5, 27]. The challenge of connecting structure to property and vice versa
is addressed through high-throughput experimentation in automated labs. While concerns
have been raised about such systems being “black boxes,” TWA’s Digital Lab Framework
explicitly encodes the surrounding experimental context and procedural logic to ensure
interpretability and reproducibility [47]. Finally, the prediction of synthesis conditions
for novel assemblies – a central goal of digital reticular chemistry – is tackled directly in
this work through a novel knowledge-based synthesis prediction algorithm, discussed in
detail in Section 3.

Ultimately, TWA’s ability to integrate multidisciplinary knowledge via a system of dis-
tributed, interoperable ontologies and semantic agents makes it a robust platform for re-
alising the vision of Digital Reticular Chemistry -— not only for frameworks like MOFs
and COFs but also for discrete molecular assemblies such as MOPs.
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2.3 Automated discovery of MOPs

As outlined above, The World Avatar offers a powerful infrastructure for implementing
the principles of digital reticular chemistry. Metal-organic polyhedra serve as an ideal
testbed for such a framework because their discrete, zero-dimensional architectures make
their topological description and automated assembly more tractable than those of ex-
tended frameworks, while still exhibiting rich functional behaviour and potential applica-
tions. Our goal is to implement a full digital pipeline for MOP discovery and synthesis,
from data extraction and knowledge representation to structure prediction, viability as-
sessment, and experimental validation. The components of this workflow are summarised
in Figure 2.

MOP Literature
OntoMOPs KG

Known MOPs

CBUs

New MOPs

AMs

geometry

CCDC

1a

1b

Assembled 
geometries

2

OntoSyn KG

Reported syn-
thesis procedures

reactants steps

measurements

3

steps

Predicted syn-
thesis procedures

4a

measurementsOptimised 
geometries

Computed 
properties

Experimental 
synthesis

4c

Computational 
screening

4b

verification

Figure 2: Workflow of automated MOPs material discovery within TWA. Large orange
arrows indicate important steps, (1) - (3) have previously been published. El-
liptic bubbles indicate relevant concepts in the OntoMOPs and OntoSyn knowl-
edge graphs, of which the ones highlighted in yellow are added in this work.

The first part of the workflow, encompassing steps (1) to (3), has been developed in ear-
lier work. In step (1), known MOPs are extracted from the literature and encoded into the
OntoMOPs KG as structured representations involving assembly models, chemical build-
ing units, and associated geometric information. These structured inputs then enable the
rational design of new MOP candidates via automated set-theoretic reasoning over AM-
GBU combinations (steps 1a and 1b; see Section 2.3.1). In step (2), initial geometries of
these new MOPs are assembled from their building blocks using a rule-based approach
that preserves the geometric integrity of experimentally derived metal-organic fragments
(see Section 2.3.2). Step (3) involves the extraction and structuring of synthesis proce-
dures from published MOP literature, which are instantiated in the OntoSyn KG using
large language models and prompt-engineering strategies (see Section 2.3.3).

This paper focuses on the second half of the pipeline, depicted as step (4) in Figure 2.
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Here, we introduce three new components. Step (4a) involves a knowledge-based algo-
rithm that predicts synthesis procedures for newly designed MOPs by drawing analogies
to previously reported protocols encoded in OntoSyn (see Section 3). Step (4b) performs
computational screening of the assembled geometries to evaluate their structural and elec-
tronic viability, providing optimised structures and predicted properties that feed back into
both design and synthesis decisions (see Section 4). Finally, step (4c) demonstrates the
experimental synthesis of a selected MOP following a predicted procedure, with char-
acterisation results compared against computed properties to verify the accuracy of the
pipeline (see Section 5).

2.3.1 Rational design

The rational design of reticular materials benefits greatly from digital workflows that inte-
grate chemical structures, geometric principles, and curated material data. The OntoMOPs
ontology provides a semantic framework that links MOPs to their constituent building
blocks and design logic. It encodes relationships between MOPs, their CBUs, and abstract
geometric analogues known as GBUs, enabling informed material design via structured
queries and computational exploration. Central to this framework are assembly models:
geometric blueprints composed of GBUs that define the overall shape and connectivity of
the target MOP. CBUs, representing real chemical species such as ligands or metal clus-
ters, are assigned to GBUs based on geometric and binding characteristics. This layered
representation supports both topological reasoning and chemically meaningful design val-
idation.

Using this framework, new MOPs were generated by combining chemically complemen-
tary and geometrically compatible building units. [27] Stable assemblies were constructed
by matching CBUs with compatible binding sites and mapping them onto GBUs with
corresponding spatial roles (e.g., linear, trigonal, pyramidal). Assembly models such as
tetrahedra or octahedra were systematically populated with appropriate CBUs, enabling
automated construction of valid MOP candidates. This combinatorial reasoning strategy
led to the design of over 2,000 previously unreported structures, demonstrating how onto-
logical modelling can drive material discovery through structured, scalable exploration of
chemical space. More recently, this design space was expanded by fragmenting reported
organic CBUs and recombining the resulting molecular fragments using template-based
assembly [9], widening the OntoMOPs chemical design space to nearly 800,000 MOP
configurations.

2.3.2 Geometry assembly

To enable downstream computational screening of candidate MOPs, we previously de-
veloped a geometry assembly algorithm that builds three-dimensional structures directly
from assembly models and their constituent building units. [28] Unlike string-based tools
typically used for purely organic cages, this method handles inorganic, organic, and hy-
brid CBUs by positioning them in 3D space according to predefined connectivity rules
and local geometries. The output structures are chemically reasonable and immediately
suitable for higher-level quantum chemical calculations.
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The assembled geometries align closely with experimentally known MOPs and serve as
reliable initial guesses for density functional theory (DFT) refinement. This approach is
particularly valuable for metal-rich systems where traditional molecular mechanics often
fails to preserve correct coordination environments. All generated structures are seman-
tically linked within The World Avatar and accessible through natural language inter-
faces such as Marie, supporting further integration with automated reasoning and high-
throughput screening workflows.

2.3.3 Synthesis extraction

To address the lack of structured synthesis data for MOPs, we previously developed an
automated pipeline for extracting and representing synthesis procedures from unstruc-
tured literature sources. [49] This approach applies large language models combined with
advanced prompt engineering techniques to identify and interpret relevant information –
such as reactants, solvents, vessels, and workflow steps – embedded in the experimental
sections of scientific publications.

The extracted data are standardised using the OntoSyn ontology, which formalises syn-
thesis procedures in a machine-readable format and links them to related entities in The
World Avatar. Nearly 300 synthesis protocols were automatically processed and instan-
tiated within the KG, enabling advanced querying, data-driven retrosynthetic reasoning,
and integration with rational design tools. This capability provides the foundation for
inferring synthesis routes for newly proposed MOPs, bridging the gap between digital
design and experimental realisation.

2.4 Synthesis planning: from reaction templates to data-driven pre-
diction

The appropriate synthesis-planning strategy depends on two axes: the number of available
procedures, which determines how far statistical inference can be trusted, and the struc-
tural regularity of the target class, which determines how far explicit analogy can reach.
The following survey positions existing approaches along these axes and explains why
MOPs fall outside the effective range of the data-driven methods that dominate the field.

Organic synthesis planning represents the mature, data-rich end of the spectrum. Ex-
pert knowledge has been encoded in rule-based systems such as Chematica and validated
through laboratory execution, [26] while molecular-similarity methods retrieve applica-
ble precedents directly from known reactions. [14] Neural policies combined with tree
search subsequently learned to prioritise retrosynthetic transformations from large reac-
tion collections, [52] alongside related advances in condition recommendation, robotic ex-
ecution, template-free reaction prediction, and reaction-data standardisation. [15, 23, 51]
These systems learn from 106–107 reaction records and explicit bond transformations
between discrete molecules; however, solvothermal self-assembly has no natural bond-
disconnection graph, and its decisive variables (solvent, modulator, temperature, and time)
are treated as contextual information rather than the primary prediction object.
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Materials synthesis research therefore shifts the prediction target from reaction routes to
experimental conditions. Text-mining and natural-language-processing workflows have
extracted precursors, operations, temperatures, and other synthesis parameters from the
inorganic materials literature, particularly for oxide and solid-state synthesis. [25, 29]
These developments established literature extraction as an important foundation for data-
driven materials synthesis and are situated within the broader progress of materials-focused
information extraction reviewed by Olivetti et al. [42]. The resulting corpora contain ap-
proximately 104–105 recipes and can support statistical analysis of synthesis conditions;
however, they are dominated by solid-state inorganic materials and are generally repre-
sented as flat, composition-centred records in which product structure and topology are
not linked richly enough for structural analogy to be expressed.

Reticular materials provide the closest precedent to the present work. Moosavi et al.
[40] showed that successful, partially successful, and failed experiments collectively en-
code transferable chemical intuition for MOF crystallisation, motivating the inclusion of
unsuccessful experiments discussed further in Section 5. Luo et al. [36] subsequently
trained structure-conditioned synthesis models using the 983-entry SynMOF database,
while Zheng et al. [61] extracted 26,257 synthesis parameters for approximately 800
MOFs and used them to predict crystallisation outcomes. DigiMOF expanded the avail-
able corpus to 15,501 MOFs, [18] and more recent work has moved towards multimodal
synthesis–structure–property resources and automated evaluation of reticular synthesis
datasets. [46, 60] Even the largest datasets used in this area therefore remain within
the 103–104 range and are already considered marginal for robust statistical prediction;
OntoSyn, by comparison, contains approximately 300 MOP synthesis procedures. [49]
MOP synthesis prediction must consequently generalise from roughly one to two orders
of magnitude fewer examples than these already data-limited MOF approaches.

Closed-loop and autonomous laboratories address the complementary problem of search-
ing an experimental condition space efficiently. Computation-guided robotic screening
has accelerated the discovery of organic cages, [21] mobile robotic platforms have au-
tonomously optimised functional materials, [8] and language-model agents now connect
information retrieval, synthesis planning, experimental control, and reaction optimisa-
tion. [7] Autonomous materials laboratories similarly combine literature-derived recipes
with active learning, [55] while agentic MOF-discovery systems integrate generative de-
sign, synthetic-feasibility assessment, and experimental validation. [22] Complementing
these operational demonstrations, the Digital Lab Framework introduced in Section 2.2
provides a systems-level semantic architecture for linking experimental data, laboratory
processes, digital twins, and knowledge-based decision-making within TWA. [47] These
platforms can efficiently refine conditions once a target, precursor set, reaction family, or
bounded search space has been supplied; however, generating the initial condition set and
its chemically defensible bounds from structured precedent remains largely manual.

MOPs occupy the low-data, high-regularity corner of these two axes. Their limited syn-
thesis corpus constrains high-capacity statistical models, but their recurring building units,
coordination geometries, topologies, and ligand-substitution relationships provide strong
foundations for explicit knowledge-based transfer. The same balance arises in coordina-
tion cages, polyoxometalate clusters, and substantial parts of framework chemistry. The
approach developed here therefore uses linked structural and procedural knowledge to
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identify closely matched precedents and transfer synthesis conditions between them, al-
lowing structural regularity to compensate for data scarcity.

3 Predicting synthesis procedures by analogy

The insights gained from the newly extracted data set of detailed synthesis procedures
allows us to hypothesise a few general rules that enable the prediction of previously un-
reported syntheses. To demonstrate the viability of automated MOP synthesis planning,
we focus on a proof-of-concept study involving zirconium-based metal-organic polyhe-
dra (Zr-MOPs). Zirconium nodes offer a well-understood coordination environment, high
chemical stability, and broad synthetic accessibility, making them ideal candidates for
method development and validation. This study remains within the bounds of what has
been termed the “simple structure space” [37], where a limited set of node geometries
and reaction types still permits a wide range of structural outcomes. Notably, prior work
has shown that greater diversity in MOP architectures can be achieved by varying or-
ganic linkers rather than metal centres [37], reinforcing the design flexibility available
even within this constrained space. The following sections detail how novel Zr-MOP
candidates were selected and how synthetic routes were identified and validated through
integration of computational and semantic tools.

3.1 General Idea

The key idea behind synthesis prediction is analogy, building on the rational design ap-
proach introduced by Kondinski et al. [27] and illustrated in Fig. 3. Similarity-based ret-
rosynthesis methods have previously demonstrated that structural resemblance between
known and target compounds can be used to guide the prediction of viable reaction path-
ways without relying on exhaustive rule sets or template libraries [14]. Adapting this
principle to MOPs, the analogy is constructed from two pairs of MOPs with different
metal CBUs. The target pair consists of the reproduced reference MOP0 and the novel
MOPx, which both contain the same metal CBU M0 but differ in their organic ligand, L0

versus L2. The reference pair consists of two known MOPs, MOP1 and MOP2, which
instead share a different metal CBU M1 = M2, with M1 ̸= M0, but exhibit the same ligand
substitution from L0 to L2. Based on this ligand switch observed in the reference metal
family, we infer a synthesis route for MOPxby transferring the procedural changes from
MOP1 to MOP2 onto the verified synthesis of MOP0.

To reduce variability introduced by lab-to-lab differences, MOP0 should be a structure
that has been successfully reproduced at the present site. Based on MOP0, we identify
sets of MOPs satisfying the following boundary conditions implicit in Fig. 3:

• Mx = M0: only the ligand is switched between MOP0 and MOP1.

• Lx = L2 and L1 = L0: same ligand switch occurs from MOP1 to MOP2.

• M1 = M2 and M1 ̸= M0: MOP1 and MOP2 are based on a different metal CBU.
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Figure 3: Illustration of the general idea of predicting MOPs synthesis procedures by
analogy. M: metallic CBU, L: organic Ligand, A: assembly model, T: heating
regime, P: provenance, S: solvent.

Each of the resulting tuples {MOP0,MOP1,MOP2} represents a potential route for pre-
dicting the synthesis procedure of MOPx. Multiple such routes can often be derived even
from a single MOP0. We then score these routes using additional criteria that either further
strengthen the analogy of the ligand switch or simplify synthesis prediction in a different
way.

Strong criteria are enforced through the prediction agent:

1. A1 = A0 and A2 = Ax to ensure the ligand switch from L0 to L2 is actually possible
(i.e., has been observed before) within the respective assembly models.

2. T2 ≈ T1 to confirm our assumption that the heating regime is dictated by the metal
CBU, which informs our prediction.

3. R(M2) = R(M1) to confirm, that the same reactants were used for the metal CBU,
which lets us use a simple rule of three for predicting amounts.

Weak criteria are desirable but not required:

4. P1 = P2 to ensure comparability of synthesis procedures for MOP2 and MOP1, as
procedural changes for switching ligands from M0 can be more reliably predicted
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if analogous changes from M2 happened within the same lab respectively. This is
specifically important for predicting amounts.

5. A1 = A2 and A0 = Ax further simplifies analogies: If criterion 1 applies as well,
all MOPs involved have the same assembly model. If not, a (slightly weaker) anal-
ogy can be made now as the ligand switch occurs within a single assembly model
respectively.

6. B(L2) = B(L0) further narrows down the list of candidates by demanding ligands
with the same binding sites (e.g., carboxylate-based). This is less relevant if crite-
rion 4 applies.

7. S2 ≈ S0 which drastically simplifies the prediction of Sx.

The assembled and rated routes now offer multiple combinations for synthesis predic-
tion by analogy. Ideally, a new MOP is available for synthesis prediction via different
routes of which many suffice most criteria defined above. These different routes towards
MOPxcan now be used for verification as well as screening purposes: first, we check if
the predicted synthesis procedures are similar between the different routes. If they are,
the small differences between predicted conditions are suitable as screening ranges for
experimentation. If they are not, screening should be initially done separately with small
variances around the different sets of conditions – this should give enough data to focus
on one of the predicted condition sets for further experimentation.

Lastly, if few or only a single route is available to predict conditions to synthesise MOP1,
the conditions for synthesis of MOP0 can offer different permutations: if MOP0 was suc-
cessfully synthesised under different sets of conditions or at least one that differs from the
literature-reported ones, these can be used for predicting different sets of conditions for
MOP1. Ideally, we want to stick to the procedure used for reproduction of MOP0 in the
same lab that presented the largest yield.

3.2 Prediction algorithm details

This section outlines the knowledge-based algorithm used to predict synthesis procedures
for novel MOP candidates, based on the analogy framework introduced above. The al-
gorithm decomposes the synthesis procedure into four distinct components – reactants,
solvents, heating conditions, and additional steps – each of which is inferred by compar-
ing the reference MOPs and applying a defined set of heuristics. These rules are designed
to capture common chemical practices and observable trends in published synthesis data,
while also incorporating contextual adjustments based on local experimental knowledge.
For each component, we describe the logic used for prediction, any fallback strategies,
and how the confidence of the prediction is assessed.

3.2.1 Reactants

Predicting reactants for MOPs is typically straightforward, as the mapping between CBUs
and their corresponding reactants is often unique – particularly for organic ligands. In this
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study, the dataset primarily includes ditopic, tritopic, and tetratopic carboxylate-based
ligands (sufficing criterion 6), for which the corresponding reactants are the respective
di-, tri-, or tetracarboxylic acids.

The situation can be more complex for metal-based CBUs. For example, as illustrated in
Fig. 4, Polyoxovanadate (POV) based MOPs can be synthesised from a range of Vanadium-
containing reactants and their mixtures. This added variability is largely avoided here by
focusing exclusively on Zr-MOPs, which are consistently synthesised using zirconocene
dichloride. Furthermore, the application of criterion 3 to MOP2 and MOP1 ensures con-
sistent metal precursor usage across reference MOPs. Accordingly, the prediction yields:
R(Mx) = R(M0) and R(Lx) = R(L2)

Figure 4: Sankey diagram of metal CBUs and their corresponding reactants used in syn-
thesis procedures for Vanadium-based MOPs as reported by Rihm et al. [49].

Predicting reactant amounts is a crucial part of the automated synthesis procedure, as
manual estimation and trial-and-error can be time-consuming. The approach used here
first defines an anchor value and then calculates the remaining absolute amounts based on
relative ratios. An anchor value is chosen based on either the desired product mass via
expected yield or constraints on reactant availability. In this study, we fix the anchor value
as mM1 = mCp2ZrCl2 = 50mg.

Relative amounts can be predicted by stoichiometry, but literature shows that often amounts
not close to stoichiometric ratios are used. Especially small molecules that serve as metal
complex activators are often used in excess, for example water in Zr-MOPs (3ZrCl2(C5H5)2+
4H2O −−→ ZrO(OH)3(C5H5)3

4++3C5H6 +2HCl+4Cl−).

Even the key metallic or organic reactants are often present in non-stoichiometric amounts:

mM,i

mL,i
̸= nM,i

nL,i
· M̃M,i

M̃L,i
. (1)
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To account for this, we introduce excess factors fi defined as

mM,i

mL,i
= fi ·

nM,i

nL,i
· M̃M,i

M̃L,i
. (2)

For MOPx, the predicted excess factor is given by

fx =
f2

f1
· f0. (3)

The rationale is to assume a similar excess factor as for the reference MOP with the same
metal core, adjusted proportionally based on the effect of the ligand change as observed
in the MOP1 to MOP2 transformation.

An important advantage of this approach is that it avoids the need to explicitly define
balanced reactions, stoichiometric coefficients, or even most molar masses. The resulting
expression is:

mM,x

mL,x
=

f2

f1
· f0 ·

(
nM̃

)
M,0(

nM̃
)

L,x

=
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· (
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(nM̃)
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· (
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·
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)
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)
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·

(
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)
M,0(

nM̃
)

L,1

=
mM,2 ·mL,1 ·mM,0

mM,1 ·mL,2 ·mL,0

(4)

Alternatively – or when criterion 3 is not satisfied – stoichiometric amounts can be calcu-
lated using fx = 1, providing a baseline prediction. When using excess factors, we allow
a screening range of ±20%.

3.2.2 Solvents

Solvent selection remains one of the most critical challenges in chemical synthesis and
materials discovery – a challenge that TWA can help address, as demonstrated in ap-
pendix A. Within TWA, solvents can be identified either through explicitly defined Dissolve
steps or as chemicals classified as solvents in the OntoSpecies knowledge graph.

As illustrated in Fig. 5, two cases can be distinguished based on the similarity of solvents
used in the reference synthesis procedures:

• Fig. 5a shows the general case where the synthesis procedures for MOP0, MOP1,
and MOP2 might use different solvents. In this case, we assign a mixture of solvents
S2 and S0 as we know that S0 can dissolve M0 = M1 and S2 can dissolve L2 = L1.

• A simpler case arises when synthesis procedures for MOP0 and MOP2 use the same
solvent as shown in Fig. 5b. In this case, we use solvent S0 as it apparently dissolves
M0 = M1 as well as L2 = L1.

In practice, solvents S0, S1, and S2 are often mixtures. Furthermore, nominally different
solvents, such as DMF and DMA, may function interchangeably.
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(a) General case. (b) Special case S0 = S2.

Figure 5: Different cases of solvent similarity between MOP0, MOP2, and MOP1. Arrows
indicate solubility of reactants R(L)i and R(M)i in solvent Si.

Solvent volume is predicted based on its ratio to the total reactant mass:

Yi =
VS,i

mM,i +mL,i
(5)

The predicted ratio Yx is derived analogous to reactant excess factors:

Yx =
Y2

Y1
·Y0 (6)

This approach assumes that criterion 3 is satisfied. If not, Yi is no longer transferable and
predictions should be treated with caution. As an additional check, individual solvent-to-
reactant ratios VS,i

mM,i
and VS,i

mL,i
are also evaluated for each synthesis procedure.

3.2.3 Heating

The heating conditions for MOPxare predicted directly from those of MOP0, i.e., Tx =
T0 . This decision is grounded in the observation that the heating regime is primarily
dictated by the metal-based CBU, rather than the organic ligand. As shown by the analysis
of available synthesis procedures in Fig. 6, temperatures cluster consistently for MOPs
sharing the same metal CBU, regardless of ligand identity. This supports the use of MOP0

as a reliable reference for thermal conditions in the prediction of MOPx.

From a chemist’s perspective, this is a reasonable assumption. The role of heating in
MOP formation is largely to enable the formation of the metal complex, which serves
as a stable coordination centre. Once the metal-ligand framework is established under
the appropriate thermal conditions, the organic ligands typically undergo self-assembly
to the thermodynamically favoured cage structure. Therefore, if the metal CBU remains
unchanged between MOP0 and MOP1, the required heating regime can be expected to
remain the same as well.

3.2.4 Additional steps

To ensure completeness and experimental practicality, generic instructions are appended
at the end of each predicted synthesis procedure. These steps are commonly applied and
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Figure 6: Heating temperature and duration used for crystallisation of selected MOPs as
reported by Rihm et al. [49].

serve to increase the likelihood of successful synthesis:

• If the ligand does not fully dissolve during preparation, sonication should be applied
to aid dissolution.

• After the reaction, wash the resulting solid three times using the same solvent em-
ployed in the synthesis procedure.

These additions standardise post-processing and pre-reaction preparation, helping to ad-
dress common experimental issues while maintaining consistency across predicted proto-
cols.

3.3 Verification

For testing this algorithm, we employed a tetrahedral Zr-MOP using the ditopic linker
terephthalic acid (H2BDC) as MOP0 as this structure is one of the simplest and well-
known Zr-based MOPs which we were able to reproduce as discussed in section 5.1. To
assess the reliability of the synthesis prediction framework, we applied it to MOPs with
known synthesis procedures. Tab. 1 lists these candidates, including details on ligands
and prediction route. For each candidate, the algorithm may identify several prediction
routes, each corresponding to a different MOP1/MOP2 analogy pair; the criteria fulfilment
ratio in brackets refers to the best-ranked route.
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Table 1: Already known or reported MOPs which were identified as candidates for syn-
thesis prediction. Ligand nomenclature is adapted from Gosselin et al. [20].

Predicted MOP Ligand Routes Status

[Zr3O(OH)3(C5H5)3]4[(C6H3)(C6H4)3(CO2)3]4 H3BTB 2 (80%) Exists in OntoMOPs [33]
[Zr3O(OH)3(C5H5)3]4[(C6H3NH2)(CO2)2]6 H2BDC-NH2 3 (90%) Exists in OntoMOPs [41]
[Zr3O(OH)3(C5H5)3]4[(C6H4)2(CO2)2]6 H2BPDC 1 (100%) Exists in OntoMOPs [33]
[Zr3O(OH)3(C5H5)3]4[(C10H6)(CO2)2]6 H2NDC 1 (70%) Reported elsewhere [13]
[Zr3O(OH)3(C5H5)3]4[(C6H3Br)(CO2)2]6 H2BDC-Br 2 (90%) Reported elsewhere [56]
[Zr3O(OH)3(C5H5)3]4[(C6H4)3(CO2)2]6 H2TPDC 1 (100%) Reported elsewhere [19]

We selected two of the MOPs shown in Tab. 1 to compare predicted against reported
procedures and provide a first benchmark of the algorithm. We selected Zr-BDC-NH2-
MOP based on H2BDC-NH2, whose reported synthesis was part of the original data set
analysed in previous work [49], and Zr-TPDC-MOP based on H2TPDC, which was not
represented in TWA at the time of prediction and thus constitutes an out-of-sample test.
To simplify comparison, we used the amount of zirconocene dichloride in the reported
procedure as the anchor value for our prediction. Suggested screening ranges for reactant
amounts are shown behind the predicted values.

3.3.1 Synthesis of Zr-BDC-NH2-MOP

The synthesis procedure was reported by Nam et al. [41]. The prediction was based on
the extracted synthesis procedures of V7O10-based MOP2 [59] and MOP1 [59].

Reported: To a 5 mL vial, Cp2ZrCl2 (17.5 mg), 2-aminoterephthalic acid (5.4 mg), DEF
(1 mL) and H2O (150 µL) were added. The mixture became clear yellow solution after
sonication. The solution was heated in preheated oven at 60 ◦C for 8h followed by 4h
cooling. Yellow cubic crystals were synthesised and washed with fresh DEF.

Predicted: Dissolve 17.5mg of zirconocene dichloride and 6.3mg (5.0 mg to 7.6 mg)
of 2-amino-1,4-benzenedicarboxylate in 0.5mL (0.4 mL to 0.6 mL) of DEF along with a
few drops of distilled water. Heat the mixture at 60 ◦C for 8 hours. Crystallise under static
conditions, then allow to cool to room temperature in air. Filter the resulting crystals and
wash repeatedly with DEF.

The two alternative routes identified for this target yielded similar predictions at equal or
lower criteria fulfilment, with the lowest-ranked route deviating most from the reported
procedure

3.3.2 Synthesis of Zr-TPDC-Br-MOP

The synthesis procedure was reported by Gosselin et al. [19]. The prediction was based
on the extracted synthesis procedures of Fe3O-based MOP2 and MOP1. [54]

Reported: In a 20 mL vial zirconocene dichloride (350mg) and p-terphenyl-4,4”dicarboxylic
acid (H2TPDC) (186.4mg) were dissolved in dry DMF (20mL). The stock solution
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(3mL) and DI water (450µL) were transferred to a 7 mL vial and heated at 65 ◦C for
8 hours. White crystalline material was collected [. . . ] [and washed] with fresh DMF
three times.

Predicted: Dissolve 350mg of zirconocene dichloride and 192.7mg (154 mg to 231 mg)
of p-terphenyl-4,4”dicarboxylic acid in 6.1mL (4.5 mL to 7.8 mL) of DMF along with a
few drops of distilled water. Heat the mixture at 60 ◦C for 8 hours. Crystallise under static
conditions, then allow to cool to room temperature in air. Filter the resulting crystals and
wash repeatedly with DMF.

3.3.3 Discussion

The predicted and reported procedures are highly similar in terms of stoichiometry, sol-
vent system, heating regime, and work-up steps. This comparison therefore provides a
retrospective benchmark of the procedure-prediction logic against known or subsequently
reported syntheses, rather than a prospective experimental validation. The latter is pro-
vided in Section 6, where the algorithmically suggested conditions are used to guide the
synthesis of a previously unreported MOP.

The degree of criteria fulfilment correlates with the closeness of prediction and reported
procedure. For Zr-TPDC-MOP, where all criteria were met, the predicted ligand amount
deviates by less than 4% from the reported one, with matching solvent and reaction dura-
tion; for Zr-BDC-NH2-MOP at 90% fulfilment, solvent and heating regime are recovered
exactly while the ligand amount deviates moderately. This supports using criteria fulfil-
ment to rank candidate routes when several are found. At the same time, predictions that
deviate from a reported procedure are not necessarily invalid, as a given MOP can typi-
cally be synthesised via multiple distinct procedures. Zr-BPDC-MOP provides direct ev-
idence: its predicted procedure differs from the reported one in solvent (DMF vs. DMA),
temperature profile, and ligand amount, yet experimentally yielded the target MOP, albeit
with lower product quality than the reported procedure.

The largest systematic discrepancy concerns solvent volumes: for Zr-TPDC-MOP, 6.1mL
were predicted against 20mL reported, even though all other parameters were closely
matched. While substitution among DMF, DEF, and DMA is unlikely to fundamentally
alter the outcome for these Zr-based MOP syntheses [24, 33, 56], the comparatively low
predicted solvent volumes indicate that this part of the algorithm requires further refine-
ment. Nonetheless, the close agreement in the main synthetic parameters supports the
use of simple analogy-based prediction for initial screening. This is consistent with prior
work showing that even minimal structural similarity can support effective synthesis pre-
diction [14], and is particularly promising for niche compound classes such as MOPs,
where the available data are too sparse for robust machine-learning models but struc-
turally analogous examples are abundant.
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4 Computational screening

A high-throughput computational modelling workflow for metal–organic polyhedra was
established in previous work [10]. This workflow extends the automated assembly of
computation-ready MOP geometries [5, 28] by applying post-assembly optimisation and
property calculations. The assembled structures provide chemically meaningful starting
geometries because the local coordination environments of the chemical building units
are preserved during construction, while the subsequent computational steps refine these
geometries and assess their suitability for downstream screening.

In the present work, this strategy is used as a computational feasibility filter before exper-
imental synthesis. The initially assembled geometries are first checked for structural con-
sistency, including missing atoms, atom overlaps, and chemically unreasonable arrange-
ments. Structures that pass this initial validation are then optimised using the GFN2-xTB
method implemented in the xTB package, with an implicit solvent continuum parame-
terised for DMF where appropriate. These semi-empirical optimisations provide a com-
putationally efficient assessment of whether the assembled MOP geometry relaxes to a
stable local minimum without major distortion of the intended assembly model.

For selected candidates, the xTB-optimised geometries can be further refined or analysed
at a higher level of theory using DFT. In particular, single-point DFT calculations on the
optimised structures provide access to electronic properties and relative energies that are
not available from the purely geometric assembly workflow. These calculations can be
used to evaluate ligand-exchange reactions and related stability metrics, thereby provid-
ing an additional estimate of synthetic viability. Overall, the computational screening
therefore proceeds through a hierarchy of increasing accuracy and cost: assembly-model
validation, xTB-based geometry optimisation, and DFT-based electronic-structure evalu-
ation.

4.1 Crystal structure prediction

The crystal structure prediction (CSP) of the Zr-MOPs was performed using quasi-random
sampling of specified space groups as implemented in mol-CSPy. [12] This involved gen-
erating trial structures by sampling the appropriate asymmetric unit with a given MOP
geometry and corresponding number of chloride counter ions. In the case of Zr-BDC and
Zr-BPDC, the MOP geometry was extracted from the experimentally reported structures.
In the case of Zr-EDB, the MOP geometry was assembled from the chemical building
units and either the M2L3 or M4L6 assembly model using our MOP Assembler [5, 28] and
then energy minimised by the GFN2-xTB method combined with the polarisable con-
tinuum model using the DMF parameters. [6] The space groups sampled were based on
the experimentally observed structures for the Zr-BDC and Zr-BPDC CSPs (in the case
that the experimentally observed structures was Z’ < 1, subgroups were identified that
yielded Z’ = 1). For Zr-EDB, the space groups sampled were P1, P1̄, P21, P21/n, and
Pmmm. The trial structures were subsequently energy minimised using a custom inter-
face to GULP and the UFF4MOF method. [16, 17] The optimisation was performed with
rigid molecules and an applied pressure of 0.1 GPa. Partial charges were determined by
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fitting to distributed multipoles, which were calculated by a distributed multipole analysis
(DMA) of the B3LYP/6-31G(d,p)/LANL2DZ electron density. [53] The final UFF4MOF
energies were often unphysical (likely due to the constraints and approximations) and
hence final energy-density landscapes were determined based on single point calculations
of the optimised structures using the UMA-s1p1 machine learning interatomic potential
with the OMAT task setting. [57]

Matching the predicted structures against those experimentally observed was performed
using the VC-PWDF method. [38] A successful match was determined by a score less
than 0.035. Structures were further examined visually to confirm the crystal packing.

4.2 Alternative cage topologies of Zirconium-based MOPs

Many of the predicted procedures concern Zr-MOPs with a metallic-to-organic CBU ra-
tio of 2:3 which can produce either a tetrahedral M4L6 configuration or a capsule-shaped
M2L3 configuration. As reviewed in detail by Gosselin et al. [19], the resulting topology
appears to be governed largely by the width-to-length ratio of the ligand. Fig. 7 illustrates
this empirical relationship and provides an estimate of whether a novel Zr-MOP is more
likely to form a tetrahedron or a capsule (resp. “cigar”). For the purpose of synthesis pre-
diction, the two configurations can therefore be treated as variants of the same assembly
model as they involve the same coordination chemistry. This interpretation is supported
by Zr-BDC-MOP, which lies in the overlapping region of Fig. 7: the reported procedures
for its tetrahedral [33] and capsule-shaped forms [19] are essentially identical.

Figure 7: Empirical relationship between ligand width and length and the observed cage
topology of Zr-MOPs, adapted from Gosselin et al. [19]. Relevant MOPs in
this work are highlighted.

For the novel Zr-EDB-MOP synthesised in section 6, the ligand dimensions shown in
Fig. 7 suggest that the M2L3 capsule topology is the more likely assembly outcome. How-
ever, the empirical ligand-geometry relationship alone does not exclude formation of the
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M4L6 tetrahedral topology. Calculations on the isolated cages likewise do not provide a
clear energetic distinction between the two configurations, as both are constructed from
the same building units and coordination motifs. We therefore consider both the M2L3

capsule shown in Fig. 8a and the M4L6 tetrahedron shown in Fig. 8b in the subsequent
structural verification.

(a) Capsule M2L3. (b) Tetrahedron M4L6.

Figure 8: Possible cage topologies of Zr-EDB-MOP.

4.3 Verification of predicted structures

Before applying CSP and experimental validation, it is important to assess whether the
molecular geometries generated by the assembly workflow constitute realistic represen-
tations of the target MOPs. Previous work demonstrated that the assembly algorithm
preserves the local coordination environments of the chemical building units while con-
structing the overall polyhedral architecture from the corresponding assembly model [10].
The resulting structures therefore serve as physically meaningful starting points for sub-
sequent quantum-chemical optimisation.

To evaluate the quality of these assembled geometries, we compared structures obtained at
different levels of theory: the initial assembly-model geometry, geometries optimised us-
ing GFN2-xTB, and geometries further refined by DFT calculations. For known zirconium-
based MOPs with experimentally reported crystal structures, characteristic geometric de-
scriptors such as metal–metal distances, linker orientations, and overall cage dimensions
were analysed. As shown in Fig. 9, the optimised structures remain close to the origi-
nal assembly-model geometries, indicating that the assembly procedure already produces
geometrically realistic cages. At the same time, the progressive reduction in deviation
from experimental structures when moving from assembly-model geometries to xTB and
finally DFT optimisation demonstrates systematic improvement with increasing compu-
tational accuracy. The smallest deviations are obtained for the solvent-corrected DFT
geometries, providing confidence that the predicted molecular structures represent phys-
ically realistic local minima and are suitable starting points for CSP and subsequent ex-
perimental comparison.
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Figure 9: Geometry metrics for Zr-based MOPs (tetrahedral with 4-linkers)

The CSP workflow was verified by applying it to zirconium-based MOPs for which exper-
imental crystal structures have previously been reported and deposited as CIF files in the
Cambridge Structural Database. For these known systems, predicted crystal structures
were compared directly with the reported structures by visual inspection of the crystal
packing and quantitatively through simulated powder XRD (PXRD) patterns. This pro-
vides a stringent validation of the workflow, as successful prediction requires not only a
realistic molecular geometry but also the correct packing arrangement and unit-cell-level
periodic structure.

A representative example is provided by the tetrahedral Zr-BDC-MOP in Fig. 10. Visual
comparison of the predicted and reported crystal structures showed close agreement in
the arrangement of the MOP cages. This qualitative match was supported by quantitative
PXRD comparison, where the simulated pattern of the predicted crystal structure showed
excellent agreement with the pattern generated from the reported CIF structure, yielding
a difference score of 0.0004. The same comparison also includes the measured PXRD
spectrum of the Zr-BDC-MOP synthesised in this work as MOP0, demonstrating that the
reproduced material is consistent with the expected crystalline phase and can therefore
serve as a reliable reference structure for subsequent synthesis prediction.

Additional validation was performed for the capsule-shaped Zr-BDC-MOP and the tetra-
hedral Zr-BPDC-MOP seen in Fig. 11. In both cases, the main diffraction features of the
predicted structures reproduce those of the reported structures, although the agreement
is less exact than for the highly symmetric tetrahedral Zr-BDC case. This is expected
because the lower symmetry and more complex packing of these structures make both
crystal structure prediction and PXRD-based matching more challenging. Nevertheless,
the predicted patterns capture the principal peak positions and overall diffraction signa-
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Figure 10: PXRD patterns of tetrahedral Zr-BDC-MOP generated from the reported and
predicted crystal structures, together with the measured PXRD pattern of the
material synthesised in this work.

tures of the reported phases, supporting the use of the CSP workflow for distinguishing
plausible crystal structures of novel MOP candidates.

(a) Capsule structure. (b) Tetrahedral structure.

Figure 11: Comparison of simulated PXRD patterns for Zr-BDC-MOPs based on the
predicted and reported crystal structures.
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5 Experimental synthesis

Experimental work was conducted within the Digital Lab Framework of TWA [47], which
connects synthesis procedures, laboratory infrastructure, and experimental results through
interoperable KGs. A synthesis procedure is represented once as an OntoSyn instance and
rendered on demand either as a formatted instruction sheet for a human experimentalist or
as executable code for laboratory hardware. [49] The same representation can reference
the experimental setup through OntoDevice [48] and link outcomes to structural and
spectroscopic data from sources such as PubChem [43]. Unsuccessful experiments are
documented alongside successful ones, in line with best practices that emphasise the value
of negative results[37, 40].

The procedures reported here were executed manually. This limits the experimental
throughput of the present study, but not the interface between prediction and execution:
the predicted OntoSyn instances used to generate the human-readable instructions are di-
rectly addressable by automated laboratory equipment. Manual and automated execution
are therefore alternative renderings of the same machine-readable procedure rather than
separate workflow implementations.

In this chapter, we first describe the reproduction of known MOPs – both to gain fa-
miliarity with experimental conditions and to satisfy the prerequisites for the synthesis
prediction algorithm presented in section 3. We then detail the screening and synthesis of
novel MOP candidates.

5.1 Reproduction of known MOPs

Verification of reproduced MOPs in this work primarily relies on IR spectroscopy, with
experimental spectra compared against expected peak positions queried directly from The
World Avatar (TWA). These reference spectra were extracted from the literature and in-
stantiated in knowledge graphs during earlier work [49]. PXRD measurements are addi-
tionally employed to provide further structural confirmation (see Fig. 10).

Zr-BDC-MOP and Zr-BTC-MOP were selected because they are well-known structures
that are often-reproduced throughout the literature [24, 33, 34, 56, 62]. If used as MOP0

according to the analogy-based algorithm introduced in section 3, they open up a large
range of novel MOP structures as their corresponding ligands H2BDC and H3BTC are
widely used in reticular chemistry and MOP synthesis in particular.

The structures were synthesised according to the procedures reported by Liu et al. [33]. In
a previous work, these synthesis procedures were automatically instantiated in TWA [49],
and were now automatically queried and presented to the experimentalist in a formatted
way. To provide sufficient material for subsequent characterisation and screening, both
syntheses were scaled up by a factor of five relative to the reported procedures, increas-
ing reactant and solvent amounts proportionally. The resulting crystalline powders were
analysed using Fourier-transform IR (FTIR) for confirmation. Fig. 12 shows the result-
ing absorbance spectra, which were also automatically compared to existing IR data on
reactants and products present in TWA.
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(a) Zr-BDC-MOP.

(b) Zr-BTC-MOP.

Figure 12: IR spectra of reproduced MOPs and relevant references.

For both materials, all of the major peaks expected were present, indicating successful
reproduction. For the Zr-BDC-MOP in Fig. 12a there are some minor unexpected peaks
which can be attributed to residual ligand and solvent still present in the dried product.
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5.2 Screening of novel MOPs

The screening of novel MOP candidates builds on the synthesis procedures predicted by
the algorithm presented in section 3.2, with reaction parameters varied within defined
ranges. These experiments are carried out in the laboratory following a human-in-the-
loop approach, enabling experimental feedback to guide subsequent iterations. Structural
verification begins with powder XRD measurements, which are compared to simulated
diffraction patterns derived from predicted crystal structures based on our computational
pipeline presented in section 4.1. This comparison helps identify promising candidates
whose experimental patterns match theoretical predictions. For such candidates, addi-
tional analyses are performed: IR spectroscopy is used to assess ligand incorporation and
detect the presence of multiple phases, while mass spectrometry (MS) is employed to
confirm the self-assembly of metal–organic products.

As Zr-BDC-MOP and Zr-BTC-MOP were reproduced in section 5.1, these were used as
MOP0, resulting in a number of novel MOP candidates (MOPx) listed in Tab. 2 together
with the number of prediction routes, the criteria fulfilment of the best-ranked route, and
the experimental outcome.

Table 2: Novel MOPs which were identified as candidates for synthesis prediction.
Routes are given as the number of prediction routes via Zr-BDC-MOP + via
Zr-BTC-MOP; score in brackets refers to criteria fulfilment of the best-ranked
route.

Predicted MOP Ligand Routes Outcome

[(C3N3)(C6H4)3(CO2)3]4[Zr3O(OH)3(C5H5)3]4 H3TATB 3+2 (70%) ligand unavailable
[(C5NH3)2(CO2)2]4[Zr3O(OH)3(C5H5)3]4 H2BPyDC (b) 1+1 (40%) rejected by screening
[Zr3O(OH)3(C5H5)3]4[(C16H12)(CO2)2]6 H2HPDC 1+0 (70%) ligand unavailable
[Zr3O(OH)3(C5H5)3]4[(C6H4C)2(CO2)2]6 H2EDB 1+1 (90%) successful (section 6)

Which candidates could be pursued experimentally was primarily dictated by ligand avail-
ability: 4,4’,4”-s-Triazine-2,4,6-triyl-tribenzoic acid (H3TATB), despite yielding the largest
number of prediction routes, could not be sourced and was not attempted. The ligand
2,2’-bipyridine-4,4’-dicarboxylic acid (H2BPyDC-bent) was available, but the assembled
structure was deemed unrealistic by the computational screening presented in section 4
due to excessive strain; screening experiments were nevertheless carried out and were, as
expected, unsuccessful. This negative result is documented in TWA alongside the success-
ful ones. H2HPDC was also not available. Finally, for 4,4’-(ethyne-1,2-diyl)dibenzoic
acid (H2EDB) both predicted routes were tested experimentally. Both gave promising re-
sults, with the route derived from Zr-BTC-MOP producing the clearer PXRD pattern; this
route led to the successful synthesis of a novel MOP, as detailed in sections 5.3 and 6.

5.3 Verification of novel MOP synthesis

The verification of novel MOP syntheses represents the final step of the digital discov-
ery workflow shown in Fig. 2. While the experimental measurements in this study were
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performed manually, their interpretation can be partially automated through integration
with TWA. Experimental data are analysed in a hierarchical manner, progressing from
confirmation of reaction success to verification of the target composition and ultimately
the predicted crystal structure. This workflow combines literature-derived reference data,
computational predictions, and experimental measurements to provide increasing confi-
dence in the successful synthesis of a novel MOP.

The verification workflow employed in this study is illustrated in Fig. 13. Following syn-
thesis using a predicted procedure, experimental products are analysed through a sequence
of increasingly specific characterisation methods. Each step addresses a distinct question
and provides a decision point before proceeding to the next level of verification. This hier-
archical approach enables efficient screening of experimental outcomes while maintaining
a clear connection between computational predictions and laboratory observations.

Figure 13: Hierarchical verification workflow for predicted MOP syntheses. IR spec-
troscopy verifies reaction success, HRMS verifies formation of the target MOP,
and PXRD verifies agreement with the predicted crystal structure obtained
from crystal structure prediction.

The first stage consists of IR spectroscopy. The measured spectrum is automatically
compared against reference spectra of reactants, solvents, and previously reported MOPs
stored within TWA. The primary objective of this step is to determine whether a chemical
reaction has occurred and whether the product differs substantially from the starting ma-
terials. If the spectrum is dominated by reactant signatures and no characteristic product
peaks are observed, the experiment is classified as unsuccessful and excluded from further
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analysis. Conversely, the appearance of characteristic metal–ligand coordination features
provides evidence that a metal–organic product has formed and warrants additional inves-
tigation.

Products that pass the IR screening are subsequently analysed by high-resolution MS
(HRMS). At this stage, the expected molecular composition of the target MOP is al-
ready known. Theoretical isotope distributions are therefore generated directly from the
predicted molecular formula and compared with the experimentally observed isotope pat-
tern. Agreement between predicted and measured isotope envelopes provides a highly
specific fingerprint for the target assembly. A lack of correspondence indicates that al-
though a metal–organic product may have formed, it is unlikely to be the intended MOP.
Only products exhibiting a satisfactory fingerprint match are advanced to structural verifi-
cation. Furthermore, HRMS allows us to distinguish between alternative MOP configura-
tions. For example, the M2L3 and M4L6 architectures discussed in Section 4.2 exhibit dif-
ferent molecular masses and isotope distributions, allowing the experimentally observed
spectrum to identify cage topology prior to crystal-structure verification by PXRD.

The final verification stage employs powder X-ray diffraction (PXRD). Simulated diffrac-
tion patterns generated from the CSP workflow described in Section 4.1 are compared
with experimentally measured diffraction data. This comparison allows direct assessment
of whether the experimentally obtained crystalline phase corresponds to the predicted
structure. A poor match suggests either the formation of a different crystal packing ar-
rangement, an alternative MOP topology, or the presence of multiple phases. In contrast,
strong agreement between simulated and experimental diffraction patterns provides ev-
idence that both the molecular composition and the crystal structure correspond to the
computational prediction.

Together, these three analytical levels provide progressively stronger validation of the syn-
thesis outcome. IR spectroscopy verifies that a reaction has taken place, HRMS verifies
the formation of the predicted molecular assembly, and PXRD verifies the predicted crys-
tal structure. Ideally, this assignment would be complemented by single-crystal X-ray
diffraction, which provides the most direct structural determination; however, obtaining
diffraction-quality single crystals is often highly challenging for MOPs and should there-
fore not be treated as a prerequisite for every successful synthesis. Successful completion
of the three-stage workflow nevertheless provides a robust proof-of-concept validation of
the complete prediction pipeline, linking computational design, synthesis prediction, and
experimental realisation within a unified digital workflow.

6 Results and discussion

This chapter presents the outcomes of our integrated prediction–synthesis workflow for
MOPs within The World Avatar. We begin by detailing the synthesis and characterisation
of a novel MOP obtained through the proposed pipeline, thereby validating its predictive
capability. We then discuss the broader significance of these findings in the context of
related efforts in digital reticular chemistry, followed by an exploration of potential appli-
cations, with a focus on targeted CO2 photocatalysis . Finally, we outline future directions
to further enhance the scope, automation, and predictive accuracy of this approach.
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6.1 Synthesis of novel MOP

The central result of this work is the experimental realisation of a previously unreported
zirconium-based MOP, denoted here as Zr-EDB-MOP, through the integrated predic-
tion–screening–verification workflow developed in The World Avatar. As illustrated in
Fig. 14, the target structure was obtained by applying the analogy-based synthesis pre-
diction algorithm to reproduced reference MOPs. In particular, Zr-BDC-MOP and Zr-
BTC-MOP were used as experimentally validated starting points, while known ligand-
switching relationships in related MOP families provided the basis for inferring the new
synthesis procedure. Both predicted routes were pursued experimentally; the route de-
rived from Zr-BTC-MOP, which provides a direct analogy between the known linker
H3BTC and the target linker H2EDB, yielded the clearer PXRD pattern and led to the
successful synthesis.
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Figure 14: Overview of the prediction and synthesis workflow leading to the novel Zr-
EDB-MOP within TWA. Instantiated reference MOPs and their synthesis pro-
cedures are used to infer the target structure and synthesis steps by analogy.

This prediction did not merely provide a single suggested recipe, but defined a chemically
meaningful experimental window around reactant ratios, solvent volume, water content,
and heating conditions. Within this window, crystalline material could be obtained and
subsequently subjected to the verification workflow described in Section 5.3. The success-
ful experiment used zirconocene dichloride and H2EDB in DMF/water under solvother-
mal conditions, yielding crystalline product after filtration and washing. The formation of
the target MOP was supported by complementary characterisation: IR spectroscopy in-
dicated conversion of the linker environment, HRMS provided molecular-level evidence
consistent with the expected Zr–EDB assembly, and PXRD showed agreement between
the measured diffraction pattern and the simulated pattern derived from the predicted crys-
tal structure.

Together, these results demonstrate the full pipeline proposed in this paper: a novel
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MOP was first generated by rational design, its molecular and crystal structures were
assessed computationally, a synthesis procedure was inferred automatically by analogy
to known and reproduced MOPs, and the material was experimentally synthesised and
verified. The resulting product was characterised by IR, HRMS, and PXRD, providing a
proof-of-concept validation of the integrated prediction-synthesis workflow. Rather than
establishing general predictive accuracy across the full MOP design space, this experi-
ment demonstrates that a synthesis procedure generated from the knowledge-graph-based
analogy algorithm can lead to a novel Zr-based MOP whose molecular composition and
crystalline phase are consistent with the computationally predicted target.

6.2 Analysis of novel MOP

The product obtained from the synthesis conditions identified in Section 6.1 was analysed
using the verification workflow introduced in Section 5.3. The aim of this analysis was to
determine whether the isolated material was consistent with the predicted Zr-EDB-MOP,
first at the level of reaction outcome, then molecular composition, and finally crystalline
phase.

IR spectroscopy provided the first indication that a new metal-organic product had formed.
As shown in Fig. 15, the spectrum of the isolated solid differs from that of the free lig-
and, metal precursor, as well as solvent and exhibits characteristic changes expected upon
coordination to the zirconium cluster. This supports successful reaction of the linker un-
der the predicted screening conditions, although IR spectroscopy alone cannot distinguish
unambiguously between the possible capsule and tetrahedral cage configurations.

Figure 15: Comparison of the measured IR spectrum of the synthesised Zr-EDB-MOP
product with reference spectra of the ligand, metal precursor, and solvent.

HRMS was subsequently used to verify the molecular composition of the synthesised
product and distinguish between the alternative cage configurations discussed in Sec-
tion 4.2. Fig. 16 compares the experimentally observed isotope patterns with the theo-
retical distributions calculated for the capsule-shaped M2L3 assembly and the tetrahedral
M4L6 assembly. The measured spectra exhibit a significantly closer correspondence to the
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predicted isotope envelopes of the M2L3 species, while no convincing signals attributable
to the larger M4L6 architecture were observed. These results indicate that the reaction
preferentially yielded the capsule-shaped Zr-EDB-MOP and demonstrate the ability of
HRMS to discriminate between competing MOP topologies.

Figure 16: HRMS analysis of the synthesised Zr-EDB-MOP. Experimental isotope pat-
terns are compared with theoretical distributions calculated for the capsule-
shaped M2L3 and tetrahedral M4L6 cage configurations.

Finally, PXRD was used to compare the crystalline product with the structures predicted
by the crystal structure prediction workflow described in Section 4.1. As shown in Fig. 17,
the measured diffraction pattern agrees with the simulated pattern of the predicted crys-
tal structure, particularly with respect to the principal peak positions. This agreement
provides evidence that the isolated product adopts the predicted crystalline phase. Taken
together, the IR, HRMS, and PXRD results provide a first experimental proof-of-concept
validation of the integrated prediction-synthesis workflow for Zr-EDB-MOP.

Figure 17: Comparison of the experimental PXRD pattern of the synthesised Zr-EDB-
MOP with the diffraction pattern simulated from the predicted crystal struc-
ture.
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6.3 Discussion

The central outcome of this study is not simply a new zirconium-based MOP, but the
manner in which it was obtained: the conditions used to synthesise Zr-EDB-MOP were
generated from structured prior knowledge rather than supplied by an expert or searched
within expert-defined bounds. Candidate generation, structural modelling, computational
viability assessment, synthesis-condition prediction, and experimental verification were
carried out as a single connected sequence, with each intermediate persisted in a shared
knowledge representation. To our knowledge, this is the first demonstration for a reticular
material in which every stage of the discovery cycle, up to and including the initial syn-
thesis conditions, is derived from a common machine-readable source rather than initiated
by a human-chosen starting point.

This distinction is what separates the present workflow from the closed-loop and au-
tonomous efforts surveyed in Section 2.4. Those platforms explore an experimental space
efficiently, but they begin from a supplied target, reaction family, precursor set, or admis-
sible range of conditions; the A-Lab, which comes closest to autonomous initiation, still
seeds its recipes from literature similarity before active-learning optimisation. [55] Agen-
tic frameworks for MOFs such as MOFGen likewise combine generative design, com-
putational screening, and experimental agents, and their ligand-switching design strategy
parallels our own rational-design approach, [22, 27] yet the experimental conditions that
drive synthesis remain externally specified. Here, by contrast, the analogy algorithm of
Section 3 produces a small, chemically defensible set of conditions directly from linked
structural and procedural precedent, addressing precisely the step that these workflows
leave to human judgement.

The result also provides a first concrete instance in support of the argument set out in
Section 2.4: that in the low-data, high-regularity corner of synthesis space, explicit struc-
tural analogy can substitute for statistical inference. A purely data-driven MOP model
would have to generalise from roughly one to two orders of magnitude fewer procedures
than even the data-limited MOF studies discussed there, as the approximately 300 pro-
cedures in OntoSyn [49] are far too few to train a high-capacity model. What makes
the knowledge-based route viable is not the absence of alternatives but the structure of
the problem itself: recurring building units, assembly models, and ligand-substitution
relationships mean that structurally analogous precedents remain abundant even where
procedures are scarce. The same reasoning extends to coordination cages, polyoxometa-
late clusters, and substantial parts of framework chemistry, and the interpretability of the
resulting rules is a practical advantage in its own right, since each predicted condition can
be traced back to the precedent and the criterion that produced it.

Implementing this reasoning within The World Avatar, rather than as a standalone script,
is what makes the analogy expressible in the first place. A static reaction table records
conditions; the dynamic knowledge graph instead links each procedure to the structure,
building units, computed geometry, and reference spectra of its product, so that the sim-
ilarity relationships the algorithm depends on can be queried directly rather than recon-
structed by hand. The same representation underlies the practicality of the workflow at
the bench: a predicted procedure is stored once as an OntoSyn instance and rendered on
demand either as a human-readable instruction sheet or as machine-executable laboratory
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code, two renderings we have previously shown to be interchangeable. [49] The syntheses
reported here were performed manually, which fixes the throughput of this study but not
the interface between prediction and execution.

These results should nonetheless be read as a proof of concept rather than a general valida-
tion of the prediction model. The prospective demonstration rests on a single zirconium-
based system, and the strongest chemical assumptions in the algorithm were developed
for a comparatively narrow subset of carboxylate-based MOP chemistry. Establishing
how far the approach generalises will require repeated prospective application across a
more diverse set of targets, spanning different linkers, assembly models, and metal-based
building units, together with quantitative rather than qualitative measures of agreement.
Such tests will reveal which of the present rules transfer unchanged, which require re-
finement, and which will ultimately be better served by data-driven components as the
underlying synthesis corpus grows.

6.4 Applications

This pipeline can now be applied to design, compute, verify, and synthesise MOPs for
specific applications by targeting and optimising relevant properties. Such optimisation
can be achieved either by sampling from the space of already predicted MOPs [27] or by
deploying evolutionary algorithms to adapt existing MOPs or their constituent CBUs.

One compelling application is electrochemical CO2 reduction, where MOFs have already
demonstrated strong performance [45], and MOPs have recently been explored for photo-
catalytic CO2 reduction [1, 35]. MOPs can be utilised in this context in several ways: as
direct catalysts via their catalytic metal cores, through functionalised organic ligands that
promote catalysis, or as nanoscale containers encapsulating other catalytic materials.

A key challenge for such electronically driven applications is the cost and reliability
of computational screening, since relevant descriptors generally require at least semi-
empiricial-level electronic-structure calculations. Surrogate models trained on strategi-
cally selected calculations may therefore be needed to explore large candidate sets effi-
ciently [58]. By contrast, applications such as gas capture and separation may be more
immediately accessible, as many relevant descriptors are textural properties, including
pore and cavity dimensions [58]. Preliminary studies in this direction already indicate the
potential for rapid screening of MOP candidates [28].

6.5 Future work

Future work should address the main limitations identified in this proof-of-concept study
and convert the current semi-manual workflow into a more autonomous discovery cycle
within The World Avatar. A first priority is the refinement of synthesis-condition predic-
tion, particularly for solvents and solvent amounts. While the present analogy-based rules
produced experimentally useful screening conditions, the retrospective comparisons in
Section 3.3 showed that solvent transferability remains one of the least robust parts of the
algorithm. Future versions should therefore incorporate additional solvent descriptors,
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such as polarity, hydrogen-bond donor and acceptor counts, boiling point, and water–
octanol partition coefficient, following related approaches for synthesis prediction [36].
Similar extensions could be made for modulators, feeding procedures, hydrolysis kinet-
ics, and additive acidity, as recommended for digital reticular chemistry by Lyu et al.
[37].

A second priority is to automate the discovery and refinement of the prediction rules
themselves. In the present work, the rules were derived manually from analysis of the
structured synthesis data and chemical reasoning. Within TWA, this process could be
supported by agents that query the KG, identify statistically recurring relationships be-
tween MOP structures and synthesis procedures, propose candidate rules, and test them
against known or newly generated experimental results. Such agent-based rule discov-
ery would preserve the interpretability of the current approach while reducing reliance
on manual inspection and enabling the rule base to evolve as additional synthesis data
become available.

The experimental side of the workflow should also be made more autonomous. In this
study, the predicted protocols were executed manually, with characterisation data inter-
preted through a hierarchical verification workflow. Future integration with automated
laboratory infrastructure would allow predicted conditions to be translated directly into
executable experiments, while both successful and unsuccessful outcomes are instantiated
back into the KG. This would enable active learning over failed experiments, allowing the
system to refine synthesis windows, avoid unproductive regions of parameter space, and
prioritise follow-up experiments based on accumulated evidence rather than only success-
ful examples.

Broader validation will require a larger benchmark set covering different linkers, assem-
bly models, metal-based CBUs, and less closely analogous reference procedures. This
should include not only additional prospective syntheses but also more quantitative scor-
ing of experimental agreement. For example, PXRD comparisons could be standardised
using automated peak matching or difference-score metrics, while HRMS verification
could be strengthened by quantitative isotope-pattern matching and confidence scoring.
These metrics would allow the workflow to move beyond qualitative pass/fail assessments
and provide a more systematic basis for comparing candidate structures, predicted crystal
phases, and experimental products.

In the longer term, these developments could support inverse MOP design, analogous to
inverse MOF design strategies based on generative and evolutionary methods [44, 58].
However, such approaches will only be useful if combined with a reliable synthetic fea-
sibility metric. The knowledge-graph-driven workflow developed here provides a starting
point for such a metric, because it links structural design, synthesis precedent, computa-
tional viability, and experimental verification within a single semantic framework. Once
validated across a broader chemical space, the same principles could also be extended
to other reticular materials, including MOFs and COFs, where synthesis planning would
benefit from similarly rich and connected knowledge representations.
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7 Conclusions

In this work, we developed and demonstrated an integrated workflow for the prediction
and synthesis of novel metal–organic polyhedra within The World Avatar. Building on
previously developed knowledge-graph representations of MOP structures and synthesis
procedures, we introduced a knowledge-based algorithm that predicts synthesis condi-
tions by analogy to known procedures. The approach uses topological, chemical, and
procedural similarity criteria to infer experimentally actionable protocols for new MOP
candidates. Retrospective comparison against known or subsequently reported Zr-based
MOP syntheses showed promising agreement between predicted and reported conditions,
particularly in terms of reactant stoichiometry, heating regime, and general work-up pro-
cedure.

The central result of this study is the prospective synthesis and characterisation of a novel
Zr-EDB-MOP using conditions derived from this prediction framework. Computational
screening and CSP were used to assess plausible molecular and crystalline structures,
while IR spectroscopy, HRMS, and PXRD provided complementary experimental evi-
dence for product formation, target composition, and agreement with the predicted crys-
talline phase. This provides a first experimental proof-of-concept validation of the inte-
grated workflow, demonstrating that knowledge-graph-based synthesis prediction, com-
putational screening, and experimental verification can be combined into a single discov-
ery cycle.

More broadly, the results show that for highly regular reticular materials, chemical rea-
soning based on structural analogy can be encoded and automated to a significant degree.
Such rule-centric approaches are especially valuable for compound classes such as MOPs,
where data remain too sparse for robust black-box machine-learning models, but where
recurring building units, assembly models, and synthesis motifs provide a strong basis for
interpretable prediction. In future work, these explicit rules can be refined, extended, and
combined with stochastic or generative models, while remaining grounded in semantic
knowledge representation.

Overall, this study closes the loop from knowledge-graph-based MOP design and syn-
thesis prediction to computational evaluation, experimental synthesis, and structural ver-
ification of a novel MOP. It therefore represents a step towards inverse design in digital
reticular chemistry, where desired structures or properties can be linked not only to hypo-
thetical candidates, but also to plausible and experimentally testable synthesis routes.
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Nomenclature

Upper-case Roman

A assembly model
L organic ligand

M metallic CBU
M̃ molar mass
P provenance
R reactant
S solvent
T heating regime
Y specific reactant volume

Lower-case Roman
f excess factor

m reactant mass
n amount of substance

Subscripts

x Pertaining to the novel MOP
0 Pertaining to known MOP with same metal as MOPx
1 Pertaining to known MOP with same ligand as MOPx
2 Pertaining to known MOP with different metal and ligand than MOPx

Abbreviations

AM Assembly model
BDC Benzene-dicarboxylic

BPDC Biphenyl-dicarboxylic
BPTC Biphenyl-tetracarboxylic

BPyDC Bipyridine-dicarboxylic
BTB Benzene-triyl-tribenzoic
CBU Chemical building unit
COF Covalent organic framework
CSP Crystal structure prediction
DEF Diethylformamide
DFT Density-functional theory

DMA Dimethylacetamide
DMF Dimethylformamide
EDB Ethyne-diyl-dibenzoic

[FT]IR [Fourier-transformed] Infrared (spectroscopy)
GBU Generic building unit

[HR]MS High-resolution mass spectrometry
KG Knowledge graph
ML Machine Learning

MOF Metal-organic framework
MOP Metal-organic polyhedron
POV Polyoxovanadate

[P]XRD [Powder] X-ray diffraction (spectroscopy)
TATB Triazine-trizl-tribenyoic
TWA The World Avatar
xTB Extended tight-binding (DFT)
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A Solvent prediction

Predicting suitable solvents for synthesis is one of the most challenging tasks of the pre-
sented workflow. Thorough analysis of the known synthesis procedures regarding solvent
use requires double-federated queries across 3 KGs as shown in listing 1.

1. OntoSyn: Knowledge about reactants used for synthesis of certain MOPs

2. OntoMOPs: Knowledge about related CBUs, GBUs and assembly models

3. OntoSpecies: Knowledge about reactants

Listing 1: SPARQL query for Fig. A.1.

SELECT DISTINCT ?mop ?cbu ?gbu ?species

WHERE {

SERVICE <http://.../OntoMOPs/sparql> {

?mop a mops:MetalOrganicPolyhedron ;

...

mops:hasChemicalBuildingUnit ?cbu .

?cbu mops:isFunctioningAs ?gbu .

...

}

?chemOut syn:isRepresentedBy ?mop .

?chemTrans syn:hasChemicalOutput ?chemOut ;

syn:isDescribedBy ?chemSyn .

?chemSyn a syn:ChemicalSynthesis ;

syn:hasChemicalInput/.../.../.../...
?species .

...

SERVICE <http://.../ontospecies/sparql> {

?species os:hasUse ?use .

?use rdfs:label ?useLabel .

FILTER regex(lcase(str(?useLabel)), "solvent") .

}

}
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The resulting overview of solvents used for known MOP synthesis procedures is given in
Fig. A.1.

(a) Metal CBUs.

(b) Organic CBUs.

Figure A.1: Correlation of solvents and respective CBUs.

A slight correlation is apparent but further analysis needed. For example, material amounts
and concentrations need to be taken into account. Furthermore, species properties like di-
electric constants should be compared.
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B Experimental conditions

The chemicals and solvents were purchased from commercial sources and used without
further purification.

All syntheses followed the same general procedure: zirconocene dichloride and the re-
spective ligand were dissolved in the solvent along with a few drops of distilled water. The
mixture was stirred, heated in an oil bath at 60 ◦C to 65 ◦C for 8h to 12h , and then cooled
slowly. The resulting precipitate was collected by centrifugation (5000 rpm, 6min), and
the supernatant was decanted. The solid was washed by resuspension in the synthesis
solvent (10mL), followed by centrifugation and decantation. This washing procedure
was repeated three times with dichloromethane (10mL), and the solid obtained was dried
under vacuum.

The individual reaction conditions are summarised in Tab. B.1. Procedures labelled as
reported were queried from literature-derived synthesis procedures instantiated in TWA,
while procedures labelled as predicted were generated by the analogy-based algorithm
presented in section 3.

Table B.1: Experimental synthesis conditions for all MOPs prepared in this work. Re-
ported procedures originate from the literature (see subsections below for
sources and applied scale-up), predicted procedures were generated by the
synthesis prediction algorithm presented in section 3.

Name Origin Cp2ZrCl2 Ligand Solvent Heating Yield

Zr-BDC Reported 87.5mg 25mg H2BDC 2.5mL DMF 60 ◦C for 8h 23mg
Zr-BTC Reported 120mg 100mg H3BTC 10mL DMF 65 ◦C for 10h 95mg
Zr-BPDC-1 Reported 120mg 60mg H2PDC 4.5mL DMA 65 ◦C for 12h < 5mg
Zr-BPDC-2 Predicted 50mg 21mg H2BPDC 1.2mL DMF 60 ◦C for 8h < 5mg
Zr-BPyDC-1 Predicted 50mg 14.7mg H2BPyDC 1.5mL DMF 60 ◦C for 8h < 5mg
Zr-BPyDC-2 Predicted 50mg 61.7mg H2BPyDC 3.6mL DMF 65 ◦C for 10h < 5mg
Zr-EDB-1 Predicted 50mg 11.5mg H2EDB 1.9mL DMF 60 ◦C for 8h 39mg
Zr-EDB-2 Predicted 50mg 26.5mg H2EDB 3.2mL DMF 65 ◦C for 10h 50mg

B.1 Zr-BDC-MOP and Zr-BTC-MOP

The procedures were taken from Liu et al. [33] and scaled up by a factor of five (lig-
ands and solvents) to provide sufficient material for characterisation and screening. These
two structures serve as the experimentally validated references (MOP0) for the synthesis
prediction algorithm, as described in sections 3 and 5.1.

B.2 Zr-BPDC-MOP

The Zr-BPDC-1 procedure was taken from Liu et al. [33] and scaled up by a factor of
three (ligands and solvents). The reported procedure specifies CCl4, which was found
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ineffective in our experiments and therefore omitted. Zr-BPDC-2 follows the procedure
predicted by our algorithm. Fig. B.1 shows the FTIR spectra of both products. While the
reported procedure yields the better result, the predicted procedure also appears to produce
the desired material in some capacity, despite differing in solvent and heating regime.
This supports the argument made in section 3.3 that predicted procedures deviating from
a reported one may nevertheless constitute valid syntheses.

(a) Zr-BPDC-1

(b) Zr-BPDC-2

Figure B.1: FTIR spectra of the products obtained from the reported procedure Zr-
BPDC-1 and the predicted procedure Zr-BPDC-2.
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B.3 Zr-BPyDC-MOP

Computational screening flagged the assembled geometry as problematic (Fig. B.2a; cf.
section 4). Consistent with this assessment, experimental screening across the suggested
ranges of both predicted synthesis routes did not result in crystal formation: the PXRD
patterns in Fig. B.2b show no peaks at low angles. The patterns shown are representative;
a number of further experiments with varying reactant amounts, solvents, and additives
were carried out with the same outcome.

(a) Assembled geometry.
(b) Zr-BPyDC-1 (blue) and Zr-BPyDC-2

(gray).

Figure B.2: Attempted Zr-BPDyDC-MOP synthesis with assembled geometry flagged as
problematic by the computational screening and representative PXRD pat-
terns of the products obtained from the two predicted synthesis routes show-
ing no reflections at low angles.

B.4 Zr-EDB-MOP

Both predicted synthesis routes yielded crystalline product. Fig. B.3 compares the PXRD
patterns of the two procedures: Zr-EDB-2 exhibits clearer peaks than Zr-EDB-1 and was
therefore selected for the detailed verification presented in section 6.

Figure B.3: PXRD patterns of
the products ob-
tained from the
two predicted pro-
cedures Zr-EDB-1
(brown) and Zr-
EDB-2 (yellow).
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C Predicted crystal structures

Below are the energy density landscapes of the predicted structures. The match to the
experimental structure is indicated by a red square.

C.1 Zr-BDC-MOP

Energy density of capsule structure is shown in Fig. C.1

Figure C.1: Energy landscape of potential crystal structure for capsule Zr-BDC-MOP
with space group 2.

Energy density of tetrahedral structure is shown in Fig. C.2.

(a) Space group 47. (b) Space group 76.

Figure C.2: Energy landscapes of potential crystal structure for tetrahedral Zr-BDC-
MOP with different space groups.
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C.2 Zr-BPDC-MOP

Energy density of tetrahedral structure is shown in Fig. C.3

Figure C.3: Energy landscape of potential crystal structure for tetrahedral Zr-BPDC-
MOP with space group 47.

C.3 Zr-EDB-MOP

Energy density of capsule structure is shown in Fig. C.4a. Energy density of a theoretical
tetrahedral structure is shown in Fig. C.4b (not experimentally observed).

(a) Capsule (space group 14). (b) Tetrahedral (space group 47).

Figure C.4: Energy landscapes of potential crystal structures for different Zr-EDB-MOP
morphologies and respective space groups.
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