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Knowledge graphs (KGs) offer a structured, machine-readable format for organizing complex infor-
mation. In heterogeneous catalysis, where data on catalytic materials, reaction conditions, mechanisms,
and synthesis routes are dispersed across diverse sources, KGs provide a semantic framework that
supports data integration under the FAIR (Findable, Accessible, Interoperable, and Reusable) principles.
This review aims to survey recent developments in catalysis KGs, describe the main techniques for graph
construction, and highlight how artificial intelligence, particularly large language models (LLMs), en-
hances graph generation and query. We conducted a systematic analysis of the literature, focusing on
ontology-guided text mining pipelines, graph population methods, and maintenance strategies. Our
review identifies key trends: ontology-based approaches enable the automated extraction of domain
knowledge, LLM-driven retrieval-augmented generation supports natural-language queries, and scal-
able graph architectures range from a few thousand to over a million triples. We discuss state-of-the-art
applications, such as catalyst recommendation systems and reaction mechanism discovery tools, and
examine the major challenges, including data heterogeneity, ontology alignment, and long-term graph
curation. We conclude that KGs, when combined with Al methods, hold significant promise for accel-
erating catalyst discovery and knowledge management, but progress depends on establishing com-
munity standards for ontology development and maintenance. This review provides a roadmap for
researchers seeking to leverage KGs to advance heterogeneous catalysis research.
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1. Introduction

Heterogeneous catalysis underpins a vast array of industrial
processes and sustainable energy technologies. Its impact on
chemical manufacturing has been profound, enabling the pro-
duction of fuels, chemicals, and materials at scale. However, as the
field is expanding, the sheer volume of data has grown exponen-
tially, with hundreds of thousands of publications, patents, and
proprietary reports in the past decade alone [1]. Critical insights
into catalytic materials, reaction mechanisms, operating condi-
tions, and catalyst synthesis, just to name a few, are often buried
within this vast and fragmented literature. This dispersion of
knowledge poses a significant challenge to innovation, as no
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individual can comprehensively review all relevant information.
Consequently, there is a pressing need for knowledge management
systems capable of extracting, organizing, and linking information
to accelerate discovery [2].

While traditional databases capture various aspects of catalysis,
they often lack a unified framework for representing conceptual
knowledge. Adopting the FAIR principles—findability, accessi-
bility, interoperability, and reusability—ensures that both experi-
mental and computational data can be readily employed [3].
Knowledge graphs (KGs) address this gap by structuring key en-
tities and their interconnections in a graph format, creating a se-
mantic network that is both machine-readable and human-
interpretable. By integrating diverse data sources, from data-
bases to journal articles and patents, KGs enable a more compre-
hensive and queryable representation of catalysis knowledge [4].
This ability to interlink digitized information facilitates the dis-
covery of hidden relationships, ultimately driving hypothesis
generation and technology innovation.
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This Perspective explores the core concepts of ontologies,
methodologies for building and maintaining knowledge graphs
(KGs), and their integration with artificial intelligence to enhance
data-driven discovery of catalytic materials. We highlight how KGs
will serve as dynamic tools for structuring and leveraging scientific
knowledge in heterogeneous catalysis, examining recent ad-
vances, key challenges, and future opportunities for accelerating
innovation in the field.

2. Fundamentals of Knowledge Graphs and Ontologies

To ground the discussion, we begin by outlining the twin pillars
of any knowledge graph—its graph structure and the high-level
ontologies that assign scientific meaning to those nodes and edges.

A knowledge graph (KG) is a structured network of entities
(nodes) and the relationships (edges) between them [5]. Each node
represents a concept (such as a specific catalyst, a chemical sub-
stance, or a reaction), and each edge encodes a relationship linking
two entities (for example, “Compound A is produced from Com-
pound B”). These relationships are typically expressed as triplets,
consisting of a head (subject), a predicate (relationship type), and a
tail (object), for instance, the catalyst serves as the head, the re-
action as the tail, and the predicate defines their relationship [5].
This triplet-based structure forms the foundation of the graph,
offering a clear and adaptable way to represent relationships be-
tween entities. KGs can leverage this flexible schema to incorpo-
rate new types of nodes and relationships, making them
particularly well-suited for the dynamic and interdisciplinary na-
ture of catalysis research. Representing human knowledge in this
graph-based format enables machine interpretability, allowing
algorithms to traverse the network and infer new relationships [6].

Ontologies build the semantic foundation for constructing
nodes and interrelationships. These structured frameworks form
the backbone of our knowledge [7,8]. In essence, an ontology
serves as a controlled vocabulary and a set of rules, specifying
entity classes such as Catalyst, Reactant, Product, and Reaction and
defining relationships like HAS_REACTANT, HAS_PRODUCT, and
HAS_CATALYST that link these entities. Additionally, ontologies
encode hierarchies (e.g., a Zeolite is a subclass of Catalyst) and
impose constraints (e.g., a HAS_PRODUCT relationship must con-
nect a Reaction to a ChemicalSpecies entity). By enforcing such a
structure, ontologies ensure consistency within a KG and enable
semantic reasoning, allowing queries to be answered based on
entity types and inheritance [5]. For example, if an ontology de-
fines MetalOxide as a subclass of Catalyst, a query for catalysts
active in a given reaction would automatically include metal ox-
ides, even if they are not explicitly labeled as catalysts. This hier-
archical reasoning extends the graph’s utility by incorporating
logical inference. In catalysis, domain-specific ontologies have
been developed to standardize terminology for catalytic materials,
reaction mechanisms, and more [9].

3. Knowledge Extraction and Integration

With the structural framework sketched, we next consider how
evidence from papers, databases, and lab notebooks can be
distilled into the triples that populate a catalysis KG.

Building a catalysis knowledge graph involves extracting
knowledge from diverse sources and integrating it according to the
ontology schema. Knowledge extraction can be performed
manually through expert curation or automated using natural
language processing (NLP) and data mining techniques [10].
Recent efforts have focused on text mining the scientific literature
[11,12]. NLP tools have been developed for named entity recogni-
tion (NER), which identifies key entities such as catalysts,

reactants, products, or properties, as well as relation extraction,
which detects relationships between those entities in text
[1,13,14]. For instance, the CatalysislE, a pre-trained NLP model
fine-tuned specifically for catalysis literature, enables the auto-
mated identification of six categories of entities (Catalyst, Reac-
tion, Reactant, Product, Characterization, Treatment) directly from
text [15]. By applying such models to thousands of abstracts or
full-text papers, researchers can systematically extract structured
knowledge and populate KGs, creating a scalable and data-driven
foundation for catalysis research.

A catalysis KG involves merging extracted knowledge from
multiple sources into a unified KG, for example by incorporating
information from (a) literature extracted facts, (b) databases, such
as the Catalysis-Hub database for surface reaction energetics [16]
or PubChem for chemical properties, (c¢) patents, which often
describe new catalysts and processes, and (d) experimental data,
including spectra, kinetic measurements, and other lab datasets.
Integrating these diverse sources involves aligning different for-
mats and terminologies. Ontologies facilitate this process by
providing a common semantic framework—for instance, ensuring
that a “Pt/C” from a publication is recognized as the same entity as
a “platinum on carbon”entry in a database. Chemical identity can
often be resolved using standardized identifiers such as InChl keys,
SMILES strings for molecules, or unique database IDs. For mate-
rials, which often lack universal identifiers, integration may
involve synonym matching or linking entries based on shared
properties, such as composition or surface area. Domain ontol-
ogies, such as OntoSpecies for chemical species [17] or custom-
built catalysis ontologies, further support standardization by
providing reference identifiers for common entities, enhancing
data interoperability across sources.

Another critical aspect of integration is managing heteroge-
neous data modalities. In principle, catalysis KGs can incorporate
not only textual data but also numerical data (e.g., electrode po-
tentials, activation energies, and turnover frequencies) and even
images or spectral data by linking to files or metadata nodes. While
fully multimodal KGs remain an emerging area, frameworks exist
to support such integration[18—20]. For example, an ontology can
define a CharacterizationData class and relate it to a Catalyst node,
enabling connections between a catalyst and its corresponding
characterization records. By integrating diverse data types, KGs can
evolve into comprehensive knowledge representations, supporting
complex queries beyond simple entity relationships. Researchers
can not only ask, “Which catalysts facilitate reaction X?” but also,
“What is the underlying activity origin of the catalyst Y?” Achieving
seamless integration remains challenging, but ongoing community
efforts are developing standardized catalysis ontologies and met-
adata frameworks to facilitate data fusion across synthesis, char-
acterization, kinetics, and process-scale information [9].

4. State-of-the-Art Implementations in Knowledge Graphs

The extraction and integration methods just discussed already
power several large-scale catalysis KGs; examining these real-
world graphs shows what they can achieve today and where
gaps still lie.

Knowledge graphs (KGs) provide a machine-actionable fabric
that links chemical composition, synthesis parameters, charac-
terization data, and catalytic performance into a single, semanti-
cally consistent network. By rendering data FAIR (Findable,
Accessible, Interoperable, Reusable) and queryable with standard
graph and embedding techniques, KGs unlock capabilities that
traditional databases cannot offer: large-scale hypothesis genera-
tion through link-prediction, on-the-fly reasoning across hetero-
geneous data modalities, and seamless integration with
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autonomous experimentation workflows. Consequently, KGs are
becoming a foundational infrastructure for accelerating catalyst
discovery and process optimization. Here, we highlight key state-
of-the-art implementations that demonstrate how KGs are trans-
forming catalysis research.

Behr et al. [1] developed one of the first large-scale KGs for
catalysis by applying Al-assisted text mining of the scientific
literature. Their workflow leveraged CatalysislE to extract key in-
formation from catalysis papers and structure it within an
ontology-backed KG. The resulting graph comprised thousands of
extracted triples, encoding relationships such as which catalysts
were used for specific reactions under given conditions. By
enabling queries via SPARQL, they demonstrated the ability to
retrieve insights from the literature, such as identifying all re-
ported instances of a given reaction along with corresponding
catalysts and conditions. This work represents a significant
development, illustrating how a largely automated pipeline can
process the growing volume of literature and convert unstructured
text into a structured, queryable knowledge resource for catalysis.
Technically, Behr et al. fine-tuned the SciBERT-based CatalysisIE
NER on a bespoke 10.4 M-word catalysis corpus, integrate
ontology-learning and active-learning loops to auto-generate
high-fidelity subject—predicate—object triples, and validate the
end-to-end workflow on two test datasets via pre-formulated
SPARQL queries, delivering a fully automated literature to KG
pipeline with markedly improved precision and recall.

Zhang et al. [2] introduced CatKG, a multi-source semantic
knowledge graph designed to recommend catalysts for organic
reactions. Their approach integrated structured reaction data,
curated reactant-catalyst-product triples, with knowledge
extracted from approximately 220000 research article abstracts.
The resulting KG employed a property graph schema that not only
captured reactant-catalyst-product relationships but also incor-
porated additional semantic information, such as elemental
composition and physical properties of substances. What distin-
guishes CatKG is its ability to learn from the graph itself. By
applying word2vec and other machine learning techniques to the
combined data, the system can be used to recommend potential
catalysts for specific reactions, including those not previously
explored, effectively predicting new links in graphs. CatKG's
distinctive advance is its combination of word2vec-based
analogical inference and a masked-language-model reasoning
module: trained on curated reactant—catalyst—product records,
the system achieves up to ~80% accuracy in recommending cata-
lysts for large molecules when models are trained on smaller ones.

Gao et al. [13] developed a knowledge graph specifically for Cu-
based electrocatalysts in CO, reduction, leveraging a SciBERT-
based NLP framework to extract multiple entity types, including
materials, synthesis methods, and performance metrics such as
Faradaic efficiency from 757 publications. The resulting KG pro-
vided a structured representation of the field, enabling researchers
to trace the historical development of Cu-based electrocatalysts
and analyze how factors such as preparation methods influence
performance. Beyond serving as a repository, the KG was inte-
grated with predictive modeling. By generating both word em-
beddings from text and graph embeddings from the KG, a neural
network was trained to predict catalyst performance. This
approach allowed us to forecast the Faradaic efficiency of new
catalyst formulations, demonstrating the power of combining
knowledge-driven and data-driven methodologies. Technically,
Gao et al. integrate graph embeddings into their regression
framework (using a GraphSAGE-based model), reducing the mean
absolute error on Faradaic-efficiency prediction from 0.148 (the
best text-only MLP baseline) to 0.081, effectively halving the pre-
diction error and underscoring the added value of KG structure.

Venugopal et al. [21] introduced MatKG, an autonomously
generated materials knowledge graph encompassing over 2
million unique triples among approximately 80000 entities
spanning the material—structure—property—processing paradigm.
Their pipeline uses transformer-based language models to infer a
pseudo-ontological schema via statistical co-occurrence mapping,
then applies SHACL validations to enforce schema consistency
before ingesting the graph into an RDF store with SPARQL end-
points. For downstream inference, MatKG learns both TransE
embeddings [22] and ComplEx embeddings [23], achieving a mean
reciprocal rank of 0.49 and hits@10 of 0.66 on link-prediction
benchmarks. Finally, MatKG is published in CSV and RDF formats
and exposed via interactive dashboards, enabling its seamless
integration into materials-discovery recommendation systems
and advanced analytics workflows.

On the ontology side, researchers have been systematically
mapping available ontologies for catalysis data. The Ontologies4-
Cat [24] initiative surveyed and cataloged ontologies spanning
synthesis, characterization, reaction kinetics, and catalyst prop-
erties, developing workflows to interlink them into a cohesive
framework. This effort effectively constructs a meta-knowledge
graph at the ontology level, ensuring that initiatives such as
CatKG, and future developments can align their schemas with
broader standards. By fostering interoperability and machine-
readability on a global scale, Ontologies4Cat represents a state-
of-the-art approach to standardizing catalysis knowledge, facili-
tating seamless integration across diverse datasets and research
efforts[6].

5. Development of Knowledge Graphs

Having seen what current catalysis KGs can achieve, we now
look into their construction, tracing the journey from disparate
raw data sources to a unified, queryable graph.

Building a catalysis knowledge graph involves multiple stages,
including identifying and collecting relevant data sources, select-
ing or designing an ontology, and constructing the graph by sys-
tematically populating it with entities and relationships
[23,25,26]. As illustrated in Fig. 1, we first read diverse data
sources, structured, unstructured, and semi-structured, using
appropriate parsing techniques. Once all sources are loaded,
we apply knowledge-extraction methods to derive sub-
ject—predicate—object triples. These extracted relationships are
then consolidated into a central knowledge graph, which can be
interrogated via structured graph queries or retrieval-augmented
LLM-based approaches. Finally, this unified graph supports a
range of downstream applications—including catalyst discovery,
reaction-mechanism analysis, and process optimization.

This process is inherently iterative, often blending automated
methods with expert curation to ensure accuracy and complete-
ness [10,27]. In this section, we outline the fundamental compo-
nents and methodologies for developing a KG tailored to
heterogeneous catalysis, highlighting best practices for data inte-
gration, ontology alignment, and graph construction.

A well-constructed catalysis KG integrates multiple data sour-
ces to comprehensively represent the field. Journal articles and
conference papers serve as primary knowledge reservoirs, doc-
umenting the core elements and dynamics of catalysis research
[1,28]. Text mining these publications can extract vast numbers of
triples (subject-predicate-object assertions), forming the founda-
tional relationships within the KG. Literature mining typically re-
lies on NLP techniques such as named entity recognition (NER) and
relationship extraction to identify and structure key information
[12,28,29]. These methods extract entities, including catalyst ma-
terials, reactants, products, reaction conditions (e.g., temperature,
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Fig. 1. Schematic knowledge-based workflow from data to final applications in heterogeneous catalysis.

pressure), and performance metrics (e.g., yield, selectivity), while
mapping their interconnections [15,27,30]. By systematically har-
vesting such knowledge, KGs transform unstructured textual data
into a machine-readable framework, facilitating more efficient
retrieval, synthesis, and discovery in catalysis research.

In heterogeneous catalysis, structured databases such as
Catalysis-Hub [16] provide valuable foundational knowledge
through DFT-calculated reaction energetics, reaction rate con-
stants, and experimentally validated catalysts. These datasets
underpin knowledge graphs (KGs), as demonstrated by CatKG [2].
Typically stored in tabular formats, these structured data are
incorporated into KGs by mapping database fields to ontology
classes, enabling more accurate and accessible representations of
catalytic knowledge. Computational insights from simulations,
including DFT calculations, molecular dynamics, and microkinetic
modeling, further enrich KGs by detailing interactions such as
adsorption energies from extensive datasets like those released by
the Open Catalyst Project [31].

In parallel, patents represent an untapped reservoir of applied
catalytic insights, encompassing industrial catalyst formulations,
reaction conditions, and process optimizations that often remain
undocumented in academic publications. While patent text min-
ing requires NLP models to undergo domain-specific adaptation
due to distinct terminologies, broader claims, and proprietary
language, no publicly available catalysis patent KG has yet been
reported. Nonetheless, integrating patent-derived data into exist-
ing catalysis KGs represents a promising next step, potentially
bridging the existing gap between theoretical academic discov-
eries and industrial applications. Consequently, the synthesis of
structured experimental data, computational modeling, and pat-
ent knowledge supports comprehensive catalyst design, enhances
process optimization strategies, and fosters a robust and predictive
research framework.

High-throughput experimentation, pilot plant runs, and
characterization techniques generate valuable data for catalysis
knowledge graphs, often stored in laboratory information man-
agement systems (LIMS), spreadsheets, or supplemental mate-
rials in publications. A major challenge in incorporating
experimental data into KGs is its heterogeneity and scale. A
single study may generate hundreds of data points under varying
conditions, along with extensive metadata on catalyst prepara-
tion (e.g., precursor selection, synthesis temperatures, aging
times) and characterization parameters (e.g., instrument set-
tings). Without a consistent schema, merging such information
into a KG risks inconsistencies and errors. To address this,
community standards and ontologies for catalysis experiments
are under development [32]. For instance, by systematically
capturing synthesis details and linking them to catalyst entities,
KGs enable complex queries such as “Find all catalysts prepared
using sol-gel methods and their performance in reaction X.”
Although labor intensive, metadata recording substantially en-
hances the value of KGs, making them more informative and
actionable for catalysis research.

5.1. Ontology design

At the heart of any knowledge graph lies its ontology, a concise
map of catalysts, reactions, conditions, and their relationships that
we now unpack, outlining how these schemas are designed,
extended, and used to drive seamless data integration and ma-
chine reasoning.

Designing the ontology (or schema) for the KG influences how
well the graph can represent knowledge and answer questions. A
good ontology for catalysis balances expressiveness (capturing all
important concepts and relations) with simplicity (avoiding overly
complex or unnecessary constructs).
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Designing an ontology for KGs is a vital first step. It shapes how
well the graph can store information and respond to questions. A
strong catalysis ontology captures all key concepts and relation-
ships while staying as simple as possible. In heterogeneous
catalysis, common entities include Catalyst, Reaction, Reactant,
Product, CatalystSupport, ActiveSite, Promoter, Condition, Kinet-
icData, and Characterization. These can be broken into smaller
groups. For example, Catalyst can be split into MetalCatalyst,
Zeolite, or Single-AtomCatalyst, and Reaction can be divided by
types like hydrogenation, oxidation, or C—C coupling. Aligning
these with existing reaction ontologies helps ensure consistency.

For instance, Fig. 2 illustrates an ontology-based representation
clearly defining relationships among entities central to catalytic
processes. Catalysts are associated with specific Active Sites and
catalyze particular Reactions. These reactions require defined
Conditions such as temperature, pH, and pressure, and involve
specific Compounds that ultimately form distinct Products. This
structured network clarifies how these elements interconnect,
facilitating exploration, querying, and interpretation of catalytic
knowledge.

Once the entities and relationships are established, the
ontology serves as a plan for building and updating the KG. It
guides how new information is added and how existing informa-
tion is maintained over time, rather than creating an ontology
from scratch, it is often beneficial to reuse existing ontologies or
standards. In chemistry and materials science, various ontologies
exist (e.g., ChEBI for chemicals [33], OntoSpecies for chemical
species properties [17], the RXNO reaction ontology [34], and
domain ontologies for kinetics or process engineering). An
ontology for catalysis can import or link to these, so that, for
instance, chemicals in the KG are classified under OntoSpecies or
ChEBI, inheriting those ontologies’ detailed property definitions
[1]. There have been efforts to survey and map the landscape of
ontologies relevant to catalysis: for example, Behr et al. [24]
compiled catalysis-related ontologies and even developed code to
align classes between them. This kind of work helps avoid dupli-
cation and ensures that a catalysis KG can interoperate with
external data (interoperability is a key part of FAIR). If an existing
ontology is close to the needs, one can extend it by adding missing
terms.

Ontologies can be implemented in formal languages like OWL
(Web Ontology Language) [5,6] which allows one to use logical
axioms and reasoners, or one can use a simpler schema definition
if using a property graph database (e.g., Neo4j). Using OWL/RDF
(Resource Description Framework) has advantages for complex
reasoning. For example, one can declare logical rules such as
transitive properties or equivalence. For instance, an ontology can
include the rule that if A HAS_ACTIVE_SITE_B and B HAS_PRO-
PERTY_X, then A HAS_PROPERTY_X (transferring a property from
site to catalyst). Such capabilities let the KG infer new knowledge
(e.g., infer that a catalyst is bifunctional if it has two distinct active

Catalyst REQUIRES |-Sondition | e UENCES
name, pressure,
HAS. formula temperature .
ACTIVE_SITE CATALYZES - Mechanism
descriptor,
ActiveSite Reaction mediator
site_type, reactant_list Compound
geometry product_list name,
h 7N “ INVOLVES| formula
—

Fig. 2. Schematic ontology structure for heterogeneous catalysis.

sites with certain properties). On the other hand, property graphs
allow attributes on nodes/edges which can be convenient for
storing numerical data or text annotations directly on the graph
elements. The choice may depend on the specific use-case; some
projects even maintain dual representations (an RDF/OWL version
for sharing and reasoning, and a property graph for fast querying
and visualization).

Ontology development is iterative. Initial versions might be
simplistic and then expanded. As the KG is populated, one might
find new concepts that need to be added or relationships that were
not anticipated. For example, while adding data, one may realize
that an important concept like “Catalyst Deactivation” should be
represented (perhaps as a property of the catalyst with a link to
cause). The ontology should be updated to accommodate this.
Maintaining alignment with evolving knowledge is itself a chal-
lenge but also a strength—an ontology can continuously grow to
capture new aspects of catalysis [35]. Domain experts should
validate the ontology by testing whether typical queries can be
formulated and whether the classification makes sense (e.g.,
ensure that all catalysts in the KG fall under the appropriate
ontology classes, and that no important relationship type is
missing).

The ontology/schema is the blueprint of the knowledge graph.
A thoughtful design, possibly leveraging existing ontologies and
expert knowledge, will make the subsequent steps of graph con-
struction and usage much more effective. In catalysis, ontology
design is an active area of research, with initiatives dedicated to
standardizing how we represent catalytic data and knowledge.

5.2. Graph construction approaches

With the ontology in place, we translate evidence into nodes
and edges, combining automated NLP pipelines, scripted database
ingests, and expert curation to populate the graph at scale. Various
approaches can be used, often in combination, to achieve this.

One common strategy involves natural language processing
(NLP) techniques that extract structured triples from text. Super-
vised machine learning models, trained on annotated corpora, are
widely employed for this task. In catalysis, the CatalysisIE serves as
a prime example: it was trained on a benchmark dataset of
catalysis literature, where human-labeled entities and relation-
ships provided a foundation for learning. Once trained, the model
could extract new triples from previously unseen publications.
Such models typically leverage transformer architectures [36] to
process scientific language effectively [15]. The output of an NLP
pipeline is usually a list of extracted entities and their relation-
ships, which must then be mapped to the ontology and then used
to construct or update the KG. Automated tools can thus generate
substantial portions of a KG [37,38]. For instance, a text-mining
study in materials science demonstrated how NLP techniques
could extract hundreds of triples, which were subsequently inte-
grated into an ontology-driven KG and made queryable via SPARQL
[39]. As illustrated in Fig. 3, a text is parsed via named entity
recognition (NER) to identify key entities—such as Ni/CeO,, CO
oxidation, 200 °C, notable activity, and support interactions (left).
These extracted terms are then integrated into a node-based
representation (right), illustrating how relationships among cat-
alysts, reaction conditions, and performance descriptors can be
systematically captured for deeper insights into catalytic behavior.
These approaches significantly enhance the scalability and us-
ability of knowledge graphs in scientific domains.

For structured sources such as databases or spreadsheets,
constructing a KG often involves writing scripts to convert each
record into graph entries. For example, a table of catalyst proper-
ties can be transformed by creating a Catalyst node for each row (if
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not already present), then attaching property values (surface area,
particle size, etc.) as either literal attributes or as nodes connected
by HAS_PROPERTY edges. Several tools facilitate this process.
RDFizers exist for many common data formats, enabling struc-
tured data to be converted into RDF triples. Alternatively, custom
scripts can be written in Python using libraries like RDFlib (for
handling RDF data) or Neo4j connectors (for working with graph
databases). Each material can then be represented as a node in the
knowledge graph, linked to corresponding reaction nodes based
on known catalytic reactions from other datasets. This approach
allows structured data to be efficiently transformed into a rich,
queryable graph format.

Despite advances in automation, expert curation remains
essential for refining and validating the KG. In the early stages,
domain experts may manually input foundational knowledge to
establish foundational examples. Expert oversight is often
required to verify critical relationships and prevent the propaga-
tion of errors. In the CatalysislE pipeline, an active learning
approach was employed [15], where human annotators helped
resolve ambiguous cases, iteratively improving the model’s accu-
racy. This continuous interplay between human expertise and
machine learning enhances the quality and reliability of the KG
over time.

Once an initial knowledge graph (KG) is constructed, Al tech-
niques can predict missing links—a process known as link pre-
diction or graph completion [40,41]. Knowledge graph embedding
models encode entities and relationships as vector representations

in a latent space, ensuring that known connections in the graph are
preserved [4]. These embeddings can then suggest new plausible
relationships; for example, if catalysts A and B have similar
embedding vectors, and A is known to catalyze reaction R, the
model might predict that B could also catalyze R. While link pre-
diction has been widely used in domains such as social networks
and general knowledge bases, its application in chemistry is
emerging. For instance, a KG embedding approach could identify
candidate catalysts for a reaction by drawing analogies to known
catalysts [13]. Although such predictions require experimental
validation, they demonstrate how a KG can evolve from a static
repository into a hypothesis-generating tool, accelerating discov-
ery in catalysis.

6. Querying Knowledge Graphs

With the KG fully assembled, we next explore how graph-
oriented query languages and intuitive dashboards let re-
searchers interrogate its structure, extracting catalysts, conditions,
and performance relationships to drive data-driven hypotheses.

Knowledge graph value depends on how easily one can query it
to retrieve relevant information and how reliably one can update it
with new knowledge. This section describes m ethods for querying
catalysis KGs and approaches to keeping them current and accu-
rate over time. Knowledge graphs can be queried using specialized
query languages that leverage the graph structure. For RDF-based
KGs, the SPARQL query language—standardized by W3C—enables
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pattern-matching queries using triple patterns [5,42]. For
example, a SPARQL query to identify catalysts for a given reaction
might search for triples of the form (Catalyst, catalyzes, Reaction
X). SPARQL is highly expressive, supporting filters, optional pat-
terns, aggregations, and other advanced features, making it anal-
ogous to SQL for relational databases. In the catalysis domain, pre-
written SPARQL queries have been used to address specific com-
petency questions within KGs [1]. For instance, Behr et al. designed
SPARQL queries to extract all reactants, catalysts, supports, and
products mentioned in a given publication or to identify all re-
actions that produce a specific product along with the catalysts
involved. One of SPARQL's strengths is its ability to traverse paths
of arbitrary length, making it particularly useful for complex
queries. Many KG implementations provide SPARQL endpoints,
allowing users and applications to submit queries and receive
results in structured formats such as JSON or CSV.

If the KG is implemented as a property graph (e.g., in Neo4j),
Cypher is a widely used query language [43]. Cypher uses a SQL-
like syntax tailored for graph structures, using pattern matching
with an intuitive ASCII-art notation [44]. For example, a Cypher
query to retrieve catalysts for a reaction might be:

MATCH (c:Catalyst)-[:catalyzes]->(r:Reaction {name: “Reac-
tion X"})
RETURN c.

Cypher supports conditions on node/edge properties, making it
convenient for filtering results—such as selecting catalysts with a
specific surface area or those discovered after a certain year. Its
readability has made it popular in various knowledge graph pro-
jects[45—47]. Other alternatives for querying graphs include
Gremlin [48], an API-based traversal language, and emerging
standards like GraphQL, which can be integrated with graph da-
tabases. The choice of query language depends on the underlying
database technology and the intended use case. For scientists and
other end-users, writing SPARQL or Cypher queries directly can
present a steep learning curve. To enhance accessibility, user in-
terfaces or query builders are often developed on top of these
languages. For example, a web interface might offer drop-down
menus for selecting reactants and products, with the backend
automatically generating and executing a SPARQL query to retrieve
matching catalysts. Some systems also support natural language
queries, where users can phrase questions in plain language, and
the system translates them into structured graph queries[49—51].
This remains an active research area, integrating natural language
processing (NLP) with knowledge graph querying to enable more
intuitive interaction with complex scientific data.

7. Updating Knowledge Graphs

Having shown how to effectively query the graph, we now turn
to maintaining the trustworthiness of its answers. This section
outlines lightweight update loops that allow the KG to evolve
reliably alongside the rapidly changing catalysis landscape.

Since catalysis knowledge is dynamic, the KG should be upda-
ted to remain relevant and avoid becoming a stale snapshot.
Updating a knowledge graph involves adding new nodes/re-
lationships, and occasionally modifying or removing existing ones
in light of new evidence.

A robust catalysis KG should implement periodic updates to
integrate new findings. For literature-based updates, this can
involve automatically retrieving new publications via APIs such as
CrossRef or Scopus, based on predefined search criteria (e.g., key-
words like catalysis or more targeted queries for specific reactions
and materials). These new documents can then be processed

through an NLP extraction pipeline to generate additional triples,
which are subsequently inserted into the KG. Behr et al. [1]
demonstrated this approach by using query results to identify and
incorporate newly relevant publications, allowing the KG to
expand continuously as the literature grows. Similarly, if a data-
base source has updates (e.g., an updated version of a surface re-
actions database with new DFT entries), those can be fetched and
merged. Keeping a log of what data/version has been ingested is
important to avoid duplication. For RDF-based KGs, SPARQL Up-
date queries (a W3C standard) allow efficient insertion and dele-
tion of triples, enabling seamless integration of new knowledge. In
property graphs, updates can be performed using the database’s
API or query language to create, modify, or remove nodes and
edges as needed.

Sometimes new data doesn’t fit neatly into the existing schema.
For instance, researchers might start reporting a new type of
descriptor (e.g., catalyst surface defect density) that wasn’t in the
ontology. In such cases, the ontology can be updated by adding
new properties or classes to accommodate the evolving knowl-
edge. Ontologies support versioning, keeping backward compati-
bility (e.g., add new subclasses or relationships without altering
the existing structure). This flexibility allows the KG to evolve as
the field evolves [28]. However, modifications must be approached
carefully; adding a new relationship type can cause existing
queries to overlook relevant results unless they are updated
accordingly. For this reason, ontology changes are often batched
into major version releases of the KG to ensure consistency and
minimize disruptions.

When new data is added, especially through automated
methods, validation steps are essential to catch errors. NLP-based
extraction is not perfect, as it may misidentify compounds or re-
lationships. A common strategy is to assign confidence scores to
extracted triples, only incorporating those above a certain
threshold while flagging low-confidence ones for manual review.
To further ensure data integrity, constraint-based validation tools,
such as SHACL (shapes constraint language), can enforce rules on
the graph [52]. If a new entry violates a predefined rule, the system
should either flag or reject it to maintain high precision and reli-
ability ensuring user trust in the KG, as erroneous or inconsistent
data can undermine its utility.

Every fact in a catalysis KG ideally links to its source. Prove-
nance tracking plays a crucial role in maintaining data integrity,
preventing duplicate entries, and resolving conflicts. For example,
if an earlier publication reported that “Catalyst A works for Reac-
tion R” and a new publication reports it did not work, the KG might
end up with conflicting information. Rather than deleting the old
fact, one could annotate the graph with context (the new finding
might be a specific condition under which it didn’t work). How-
ever, if the earlier fact is determined to be a clear error (e.g., due to
a misreading or mislabeling), curators may decide to correct or
remove it. Provenance trails ensure that each assertion can be
checked, and if needed, corrected by referring to the original
source [1]. This transparency allows users to evaluate the reli-
ability of the data and make informed decisions, reinforcing trust
in the KG as a dynamic and credible knowledge repository.

Knowledge drift occurs when a knowledge graph gradually
becomes outdated or misaligned with the latest understanding
[53]. In catalysis, this can happen if a long-accepted reaction
mechanism is later revised and the KG should be updated
accordingly to reflect the new consensus. Preventing drift requires
regular maintenance, which can be achieved through scheduled
updates, such as monthly literature ingestion, and by actively
monitoring critical topics. Large language models (LLMs) may offer
a potential solution. One proposed approach involves using an LLM
agent that periodically scans new publications to identify findings
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that contradict or extend existing KG entries, then suggests
updates—a form of automated literature surveillance [14]. While
still experimental, such methods can significantly reduce the effort
required to keep the KG current.

Maintaining a catalysis KG is an ongoing effort, much like
managing a living database. In industrial settings, some organi-
zations integrate KGs into their knowledge management infra-
structure, employing dedicated teams to update them with new
lab results and published data. In academia, open KGs often rely on
a combination of automated scripts for data ingestion and com-
munity curation for validation and refinement. The primary goal is
to ensure that the KG remains an accurate and dynamic reflection
of state-of-the-art knowledge in catalysis. When well-maintained,
a KG can mitigate knowledge drift for researchers by continuously
integrating the latest findings. Rather than relying on scattered
sources, scientists can use the KG as an up-to-date reference that
evolves alongside the field, helping them stay informed and make
data-driven discoveries more efficiently.

8. Enhancing Queries with Retrieval-Augmented Generation

With an up-to-date KG in place, we now demonstrate how
retrieval-augmented generation (RAG) combines knowledge
graphs with large language models to transform free-form ques-
tions into context-rich answers. This section outlines the pipeline
that enables this integration.

The intersection of knowledge graphs with advanced Al
particularly large language models (LLMs), has opened new fron-
tiers for how we interact with and augment the knowledge in
catalysis [13,54,55]. Retrieval-augmented generation (RAG) refers
to the approach of improving LLM outputs by retrieving relevant
information from a knowledge source and providing it as context
to the model. In catalysis, integrating KGs with LLMs can signifi-
cantly enhance tasks such as question-answering, hypothesis
generation, and automated literature analysis [56]. LLMs are
powerful at understanding and generating human-like text, but
they have limitations: they can produce hallucinations (incorrect
statements) if they rely solely on their internal training [57]. RAG
addresses this by coupling the LLM with an external knowledge
retrieval step [46,58,59]. For instance, consider a researcher asking
an Al assistant: “What catalysts are known for oxidative coupling of
methane and what yields do they achieve?” A standalone LLM might
not recall specific data or might fabricate an answer. In a RAG
setup, the question would first be used to query the catalysis KG
(via SPARQL/Cypher or a semantic search) to fetch relevant facts, e.
g., a list of catalysts studied for oxidative coupling of methane
(OCM) and associated yield data from the KG. These facts (with
references) are then provided to the LLM, which uses them to
formulate a coherent answer. The result is an answer that is both
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fluent and grounded in the KG’s factual data, reducing the chance
of error and providing traceability to sources.

GraphRAG is a specific RAG implementation leveraging graph
databases[56,60—62]. A pipeline might work as follows: the user’s
query is converted (possibly via a trained model or templates) into
a graph query to the catalysis KG; the relevant subgraph (set of
triples) is retrieved; the LLM then encodes this information and
generates an answer or report. The KGs might store not only direct
answers but also contextual information (e.g., reaction conditions,
publication references), which the LLM can integrate into a
nuanced response. This approach can essentially create an Al
research assistant that can be asked high-level questions (“Suggest
some catalysts for biomass conversion to lactic acid”) and it will
utilize the KG to deliver evidence-based suggestions, complete
with literature references. For instance, Fig. 4 illustrates a
retrieval-augmented generation (RAG) pipeline where a user
prompt is enhanced by combining information from both a vector
database and a knowledge graph. The system issues a query to
retrieve semantically relevant content (vector query) and struc-
tured domain knowledge (graph query), which are then integrated
into an enriched prompt. By feeding this enriched prompt to a
large language model (LLM), the pipeline produces more accurate
and context-aware responses than would be possible with the
prompt alone.

Using a knowledge graph as the retrieval source has particular
benefits. KGs can store structured relationships that might be hard
for an LLM to infer from raw text alone [59,63,64]. For example, the
KG can explicitly connect catalyst compositions to performance
metrics, so a retrieval step can pull not just documents but exact
data points. The LLM then can present, compare, or reason about
these points. This structured retrieval leads to more accurate and
transparent Al responses. In the medical domain, RAG has shown
improved accuracy over unassisted LLMs [65], and we expect
similar advantages in technical domains, where precision is
critical.

9. Key Challenges and Future Directions for Catalysis
Knowledge Graphs

To advance the impact of knowledge graphs in catalysis, it is
essential to confront persistent challenges, including inconsistent
data formats, fragmented ontologies, limited scalability, and bar-
riers to user adoption. This section explores the strategies, both
technical and collaborative, that are shaping the path forward.

Catalysis research spans a broad range of data modal-
ities—textual descriptions, numerical measurements, images (e.g.,
microscopy, spectroscopy), and computational outputs—making it
challenging to integrate everything into a single knowledge
graph (KG). Linking characterization data, including spectra or

Enrichment

Fig. 4. Example retrieval-augmented workflow that integrates vector database and knowledge graph queries to enrich user prompts for improved LLM responses.
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microscopy images with performance metrics demands consistent
metadata and ontology terms. However, many experimental
details (e.g., protocols, equipment specifications, or chemical
batches) remain unstated or poorly standardized, which risks
losing critical context. Automated text extraction further compli-
cates curation, as domain-specific jargon and subtle distinctions
between correlation and causation can lead to misinterpretations.
A related issue is publication bias: negative results are often
omitted, skewing the KG’s representation of what has been tried
and tested.

A major technical hurdle is the absence of a universally
accepted ontology for catalysis. Different research groups and
databases may define core concepts or more specialized terms
using unique schemas. Merging data across these sources requires
careful ontology alignment to ensure that, for example, Support-
Material in one ontology is recognized as CatalystSupport in
another. Tools for automated alignment are improving, but they
often need domain-expert intervention. Compounding this chal-
lenge is the field’s rapid evolution; concepts such as Single-atom
Catalysts were less relevant a decade ago but are increasingly
important now. Ontologies must be flexible to accommodate such
shifts without breaking older systems and queries. This might
involve modular ontology design (with domain-specific exten-
sions) and version control so that new terms can be introduced
while preserving backward compatibility. Standards bodies like
NFDI4Cat and IUPAC can facilitate convergence, but achieving
broad adoption remains a social and technical endeavor [66—68].

Scalability and performance issues emerge as KGs grow to
include millions of triples. Graph databases must be optimized to
handle complex queries without long delays. Indexing strategies,
caching results, or focusing on domain-specific subgraphs can help
ensure that users get near-instantaneous answers. Beyond tech-
nical optimization, community adoption poses another significant
barrier. Many chemists and engineers are unfamiliar with se-
mantic technologies, and if using a KG requires learning complex
query languages or intricate data-wrangling procedures, potential
users may disengage. Demonstrating tangible benefits, e.g., faster
literature triage or automated hypothesis generation, and
providing intuitive interfaces are key to broader acceptance.
Moreover, trust is essential: researchers need confidence in both
the accuracy of KG data and the transparency of its provenance.
Community-driven projects risk inconsistent contributions, so
editorial boards or similar curation models may be necessary to
maintain quality and uniformity.

Despite the conceptual strengths of catalysis KGs, real-world
deployment faces two key practical constraints. First, computa-
tional cost can be prohibitive: embedding millions of triples and
performing large-scale graph reasoning often requires GPU-
accelerated clusters with tens to hundreds of gigabytes of RAM,
driving up both infrastructure and energy expenses [69]. Second,
user accessibility remains limited, most experimentalists and
process engineers lack familiarity with SPARQL, Cypher, or graph-
API paradigms, making intuitive GUIs or notebook-style interfaces
essential to lower the technical barrier to entry.

A second set of challenges revolves around ongoing mainte-
nance and integration in the field. Catalysis knowledge can change,
sometimes dramatically, KGs must also guard against knowledge
drift. A reaction mechanism accepted as fact today can be dis-
proven tomorrow, and the graph must be updated accordingly.
Outdated or conflicting information can linger, potentially
misleading new research. Automated alerts triggered by newly
published findings, combined with expert review, can mitigate
this inertia. Proprietary data in industry adds another layer of
complexity: companies may maintain private KGs or share only
non-sensitive data publicly, limiting the completeness of open

resources. Balancing commercial interests with the scientific
community’s need for shared knowledge remains an ongoing
challenge.

Over the longer term, we may see KGs function as a “brain” for
self-driving labs, guiding autonomous experimentation. By identi-
fying gaps in the graph, such as missing links, untested catalysts, or
underexplored reaction conditions, a machine could design and
execute new experiments, feeding the results back into the KG in a
closed-loop cycle. This approach promises to accelerate catalyst
discovery and reduce time-to-insight. Moreover, community-
curated KGs, akin to the Protein Data Bank for protein structures,
can become a widely recognized repository of catalyst information.

Finally, catalysis KGs will likely link to knowledge in adjacent
domains, from process engineering to environmental impact.
Cross-KG queries such as “Given catalyst performance data and
process sustainability metrics, which catalyst best balances yield and
minimal waste?“, could transform how researchers and industries
approach green chemistry. Ontology alignment remains pivotal
here: developing robust, extensible schemas is critical for seam-
less inter-domain data exchange. These future scenarios also
promise a new level of explainable Al, where predictions about
catalyst performance can be grounded in explicit, well-curated
knowledge of reaction pathways, material properties, and mech-
anistic details. While practical and conceptual challenges persist,
catalysis knowledge graphs are poised to become a core driver of
innovation, enabling faster discovery, deeper insights, and more
transparent research across the field.

10. Conclusions

Knowledge graphs are poised to fundamentally enhance catal-
ysis research by transforming how knowledge is collected, con-
nected, and utilized. As we have reviewed, KGs enable researchers
to navigate the complex web of relationships in heterogeneous
catalysis, linking catalysts to reactions, conditions, mechanisms,
and outcomes in a structured and machine-readable way. This
provides a foundation for data-driven insights that complement
traditional theory and experimentation. Early implementations
have shown that KGs can accelerate literature review, suggest new
catalyst candidates, and even aid in predicting catalytic perfor-
mance. The incorporation of domain ontologies ensures that these
graphs carry rich semantic meaning, allowing sophisticated queries
and logical inferences that were previously impractical.

The integration of KGs with Al techniques, especially LLMs and
graph algorithms, stands out as a game-changer. By using retrieval-
augmented generation, we can harness the generative power of
LLMs while keeping their outputs grounded in factual, up-to-date
catalysis knowledge. Conversely, using Al to help build and main-
tain the graphs reduces the barrier of manual effort and keeps the
KG in sync with the fast-paced advances in the field. This symbiosis
of KGs and Al is expected to yield intelligent systems that assist
researchers in making sense of data and even autonomously
generate new hypotheses. We anticipate that future catalysis labs
will routinely consult knowledge graphs through natural language
interfaces as part of the research workflow, much like having a
domain expert always on hand to provide relevant information.

While challenges remain in terms of data integration, stan-
dardization, and ensuring broad adoption, the progress to date and
ongoing efforts suggest these can be overcome through commu-
nity collaboration and technological innovation. Initiatives to
develop shared ontologies and data platforms indicate a trend
toward collective knowledge management in catalysis. As more
data is contributed and more organizations invest in this knowl-
edge infrastructure, the KGs will become increasingly compre-
hensive and valuable.
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In conclusion, knowledge graphs represent an important step
toward a more intelligent and interconnected catalysis research
ecosystem. By capturing what we know in a form that machines can
reason over, they enable the kind of cross-cutting insights and rapid
information access that is essential for modern scientific discovery.
Catalysis, being a data- and knowledge-intensive discipline, stands
to benefit immensely from this paradigm. In the coming years, we
expect knowledge graphs, enhanced by large language models and
continuous data streams, to help researchers discover novel cata-
lysts faster, optimize processes with fewer experiments, and unify
insights across different subfields of catalysis. This convergence of
human knowledge and artificial intelligence, embodied in knowl-
edge graphs, promises to accelerate innovation and drive the field of
heterogeneous catalysis into a new era of discovery.
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