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1. Introduction
Metal-Organic Frameworks (MOFs) have emerged

a chemically versatilematerial platform, with demon-
strated utility in gas separation, catalysis, and many
other areas.[1] Theirmodular construction consisting
ofmetal nodes connected by organic linkers gives rise
to a quasi-infinite combinatorial design space that
enable their chemical tuneability.[1] These factors
have motivated substantial experimental and compu-
tational study, producing large datasets and growing
volumes of literature.[2] This situation presents both
a challenge and an opportunity tomaterials chemists;
information overload on one hand, and the possibil-
ity of leveraging this information to design useful
materials on the other.[3]
Despite the volume of available MOF data, most

machine learning studies in the field remain focused
on a few databases and at most a handful of numer-
ical properties, with both generative and predictive
models[4, 5] employed to design and screenMOFs.[6]
While these studies have demonstrated individual
success, the models they produce have little ability to
draw on the broader relational context that connects
a framework’s topology, linker chemistry, synthesis
route, and application performance. This limitation
is the result of MOF data being fragmented, with data
on eachmodality spread across several databases and
journal articles. As a result, the collective knowledge
embedded acrossMOF databases is greater thanwhat
any individual model can currently access.
Knowledge graphs (KGs) and ontologies[7] offer a

natural solution to the fragmentation of MOF data.
These frameworks have been widely used across var-
ious fields to integrate databases by representing en-
tities and the relationships between them as struc-
tured graphs.[8] This systemenables semantic search-
ing across the data contained in multiple databases,
and oftentimes reveals connections between enti-
ties that were not explicitly stated in the original
sources.[7, 9] However, the value of a KG depends
greatly on how data is ingested and represented. Sim-
ply mapping database tables into nodes and edges
produces a shallow graph that mirrors the limitations
of its sources.[10] Ontologies address this by provid-
ing a formal layer acting as a shared vocabulary of
entity/relationships types and taxonomic constraints.
Existing literature applying knowledge graph meth-
ods to MOFs[11, 12] remain limited in scale and lack
ontological integration and downstream predictive
capability, creating the clear need for MOF KGs that
combine the reliability of ontologies with the predic-
tive power of machine learning.

Beyond data integration, a KG allows for the abil-
ity to explore both structure-based and semantically-
based latent spaces simultaneously. Knowledge
graph embeddings[13] create high dimensional rep-
resentations of the the entities that exist within a
KG, and allow for the integration of various machine
learning methods. By combining these embeddings
with structural chemical features into a shared la-
tent space, predictive models are able to improve
performance in both domains. Here, we present the
largest ontologically groundedMOF knowledge graph
to date, together with a prediction framework built
on its joint semantic-chemical embedding. As a test
case, we present the first incorporation of amine-
functionalized MOFs into a KG-based predictive set-
ting, targeting the effect of amine functionalization
on binding energies for species relevant to direct air
capture (DAC) technologies.

Fig. 1: Visual representation of the constructed MOF
KG.Theouter box represents theMOFontology that
was divided into sections specializing in synthesis
structure, and properties. Colors represent entity
types and dashed lines represent "is a" relationships
connecting KG instances to the ontology.

2. Methodology
The KG was constructed through a pipeline of

structured and unstructured data extraction, on-
tological alignment, and instantiation. A general
schema of MOF chemistry entity linking was con-
structed based on a combination of the MOFKG[12]
and MOFChemUnity[8] data models with the nec-
essary modifications to include data provenance,
functionalization, binding properties, and synthesis
procedures. An Elementary Multiperspective Mate-
rial Ontology (EMMO)[14]-based ontology was then
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constructed by integrating the custom schema into
the EMMO name space and adding modifications
to the ontology’s previously existing MOF subsec-
tion. MOF data was taken from the publicly avail-
able versions of OpenDAC25[15], MOFChemUnity[11],
QMOF[16], CSD[17], DigiMOF[18], SynMoF[5], and
MOF-FreeEnergy[5] representing structure, func-
tionalization, binding energies, physical properties,
structural properties, synthesis information, stability
information, linker information, and several other
MOF data modalities. These were then linked using
the datamodels provided by the custom ontology and
instantiated in a neo4j[19] database. The final knowl-
edge graph had 1 million properties, 200,000 MOFs,
16,000 synthesis procedures, and 15,000 abstracts con-
tained. As a final step, the MOASAEC algorithm[20]
was used to verify the metal oxidation states of MOFS
in the KG. Figure 1 contains a depiction of how ele-
ments of the knowledge graph are connected to the
ontology.
For the predictive pipeline, the KG was embed-

ded into a continuous latent space using two ap-
proaches to compare the effect of encoding strat-
egy on downstream performance. Node2Vec[21] was
used as a topology-only baseline, generating embed-
dings based solely on graph structure through bi-
ased random walks. These were compared against
a CompGCN-based[22] graph attention architecture,
which jointly encodes topological structure, node fea-
tures, and edge-type semantics. Chemical descriptors
were concatenated with the resulting embeddings
to form a fused semantic-chemical representation.
Both embedding strategies were evaluated on four
downstream tasks: link prediction, data imputation,
property prediction, and concept vector analysis[23].

3. Results
The two embedding strategies exhibit complemen-

tary strengths across the evaluated tasks. Node2Vec,
operating on graph topology alone, performs com-
petitively on simpler physical properties where struc-
tural connectivity is the dominant predictor. How-
ever, CompGCN consistently outperforms Node2Vec
on KG-specific tasks such as link prediction (AUC
0.89) and data imputation as well as onmore complex
property prediction targets where semantic and rela-
tional context contribute meaningfully beyond topol-
ogy. Across property prediction tasks, R2 values range
from 0.5 to 0.95 depending on the target property and
embedding strategy, with the largest performance
gaps between the two approaches appearing for prop-
erties that depend onmultiple relational factors such
as synthesis conditions and functionalization. Con-
cept vector analysis in the CompGCN embedding
space reveals interpretable structure in the latent rep-
resentation. Specifically, the direction corresponding
to amine functionalization in the latent space aligns
with a corresponding shift in predicted CO2 binding
energy, demonstrating that the embedding captures
both static relationships and the effect of chemical

transformations on downstream properties. This re-
sult suggests that the fused semantic-chemical space
encodes actionable design information and the latent
representation of functionalization carries predictive
meaning for properties directly relevant to DAC ap-
plications. These concept vectors form the basis for
ongoing experimental validation and point toward
a generative framework in which traversal of the la-
tent space corresponds to physicallymeaningfulMOF
design. Figure 2 shows the process of how KG embed-
ding reveals the mentioned concept vectors and the
predicted vs actual plot of amine functionalization
on MOF CO2 binding energies.

Fig. 2: Knowledge graph embedding reveals "concept
vectors" where directions in the latent space corre-
spond to real chemical changes in one direction,
and species binding in another. These vectors are
used to accurately predict the effect of amine func-
tionalization on CO2 binding energy.

4. Discussion
The knowledge graph presented here represents

the largest ontologically-grounded MOF KG to date,
integrating several major databases through a prin-
cipled EMMO-based ontological framework that
ensures entities and relationships carry disam-
biguated meaning. The resulting resource is both
human-searchable and machine-readable, enabling
researchers to query across structure, synthesis,
properties, and application context in a single unified
system. From a predictive standpoint, the incorpora-
tion of amine-functionalized MOFs into a KG-based
prediction setting is, to our knowledge, the first such
example. The emergence of functionalization as an
interpretable direction in the latent space suggests
that this approach captures design-relevant chemical
abstractions, with direct applicability to DAC-relevant
MOF screening where understanding the effect of
functionalization on binding energies for CO2, H2O,
and N2 is central to materials design. Looking for-
ward, the concept vectors identified here will guide
experimental validation and serve as the basis for
generative models operating over the joint semantic-
chemical space.
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