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Abstract
Ontology engineers often need representative RDF instances to validate and document an ontology, but
such data may be unavailable, incomplete, too sensitive to share or simply too much work to create
manually. We present OWL-SDA, an open-source toolkit that uses worker, supervisor and reviewer AI
agents to generate synthetic RDF data from ontology context and SHACL constraints. The workflow
combines shape-level task decomposition, direct manipulation of an in-memory triple store, iterative
SHACL repair and a final review stage aimed at catching issues that remain possible even after SHACL
conformance. We evaluate OWL-SDA on two contrasting ontologies, one for industrial emissions
reporting and one for healthcare records. The results show that richer ontology constraints lead to faster
convergence and more informative examples, while sparse ontologies require more supervision and still
yield less detailed data. We therefore position the toolkit for ontology engineers to help document their
ontology, but also to validate if the ontology alone is sufficiently rich to be understood by non-experts.
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1. Introduction

Reusability of ontologies depends heavily on documentation and on the availability of repre-
sentative instance data [1]. However, in emerging or privacy-sensitive domains, such data is
often missing, incomplete or difficult to share, which limits empirical ontology evaluation and
pushes validation back toward expert judgement [2]. Tool support is already central in ontology
engineering [3], and recent LLM-based work has mostly focused on ontology design assistance,
reasoning support or taxonomy construction [4–6].

OWL-SDA instead targets ontology evaluation and documentation. It uses AI agents with
tools and structured tasks [7–9] to generate RDF examples when real data cannot be shared
because of sensitivity, governance or context-window constraints [10–14], or when creating
data examples would be too costly or time-consuming. Rather than proposing a new synthetic-
data model, OWL-SDA combines shape-level generation, iterative repair and role separation
for ontologies expressed in OWL [15]. The approach fits within LLM-based synthetic data
generation [16], but prioritises structurally valid and interpretable linked-data examples while
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addressing incompleteness and inaccuracy risks [17]. We position OWL-SDA against existing
work in Section 2, and detail our workflow in Section 3. Finally, in Section 4, we evaluate
OWL-SDA against two contrasting scenarios.

2. Positioning

OWL-SDA is related to, but distinct from, three lines of work. First, recent LLM research in
ontology engineering has mainly focused on reasoning support, ontology design assistance or
taxonomy construction [4–6]. Our target is narrower and more operational: generating example
RDF that helps ontology engineers validate and document an existing ontology to promote its
(re)usability without spending too much effort on the creation.

Second, synthetic data generation itself is broader than ontology population. Existing surveys
distinguish rule-based, statistical and machine-learning approaches [16]. OWL-SDA belongs to
the LLM-based family, but it does not aim to reproduce the full statistical properties of a real
dataset. Instead, it prioritises structurally valid and interpretable linked-data examples, while
explicitly addressing incompleteness and inaccuracy risks highlighted in existing literature [17].
Our solution is therefore complementary to existing synthetic-data models, and can be used to
generate data for ontologies while still in development, when real data is unavailable, incomplete,
too sensitive to share, or simply too resource intensive to create manually.

Third, OWL-SDA borrows from multi-agent coordination rather than from single-prompt
generation. Hierarchical supervision has already been explored for software-oriented agent
systems [18, 19], and tool availability is one of the main distinctions between agents and plain
LLMs [7]. Our contribution is to combine these ideas with SHACL-based task distribution,
ontology-aware tools, SHACL-based repair and a final reviewer role so that quality control is
distributed across the stages where it is most effective.

3. Approach

OWL-SDA (OWL Synthetic Data AI-Agent) is an open-source1 Java toolkit for generating
synthetic RDF data from ontology context and user constraints2. Early design prototypes of
the toolkit showed two recurring problems: direct Turtle editing by agents produced syntax
errors and duplicate triples, while delayed validation caused an accumulation of violations.
OWL-SDA addresses both by moving edits into an in-memory triple store and by exposing
SHACL validation as a continuous feedback loop, which helps mitigate the incompleteness and
inaccuracy risks also identified by Hao et al. [17] in the creation of synthetic data.

The final design follows role-based task decomposition [20] and hierarchical supervision
patterns [18, 19]. Workers handle narrow shape-level tasks that are sorted based on their
complexity and links to other shapes; the supervisor coordinates scope and consistency (e.g., URI
consistency or scenario); and the reviewer evaluates the final graph from a read-only perspective.
This separation matters because SHACL-valid output can still contain invented vocabulary,
inconsistent naming or implausible combinations across shapes.
1https://github.com/milieuinfo/owl-sda
2https://purl.org/owl-sda

https://github.com/milieuinfo/owl-sda
https://purl.org/owl-sda
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Figure 1: Architecture of the OWL-SDA pipeline

Figure 1 summarises the workflow. During preparation, OWL-SDA loads the ontology,
downloads imported vocabularies and derives two SHACL views: one used by workers for
strict conformance checks and one used later by the reviewer for broader assessment. The
supervisor (1) then assigns shape-level tasks to workers (2), who add and remove triples in a
shared concurrent store rather than editing Turtle text directly. Once all shapes are processed,
the supervisor (3) performs the final check before sending it to the reviewer (4), who inspects
the serialised output.
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Figure 2: Output data read and write operations by the workers, supervisor and reviewer

In order to enable collaboration between multiple workers and to facilitate consistency,
workers do not directly edit the output data. As illustrated in Figure 2, the workers have access
to a shared concurrent triple store that enables them to add, remove and read triples. The triple
store provides workers with instant feedback on syntax issues, duplicated triples and helps with
the deletion of orphaned blank nodes. Workers can validate the output of the triple store during
generation and correct problems immediately.

In a typical run, the supervisor reads the ontology, SHACL shapes and user context; workers



generate triples for a small set of target shapes; each worker validates and repairs its own output;
the supervisor validates the combined graph and dispatches targeted fixes for cross-shape
inconsistencies; and finally a reviewer inspects the serialised output for broader plausibility
issues. This keeps workers focused on local conformance while reserving global quality control
for the more capable roles. OWL-SDA currently supports GitHub Copilot, Ollama and OpenAI-
compatible endpoints, with provider selection configurable globally or per role. In practice, we
used smaller, faster models for workers and stronger models for supervision and review, which
follows cost-quality trade-offs also observed in multi-agent systems [21].

During its development, we tweaked the workflow to introduce additional guardrails to catch
common errors. For example, workers would sometimes create instance data that was using a
different URI scheme than the ontology, which was not caught by SHACL validation. Additional
checks were added as system prompts to the supervisor and reviewer to help guide workers
towards producing more consistent output.

4. Evaluation

We evaluate OWL-SDA on two contrasting ontologies: an industrial emissions ontology that
motivated the toolkit and a healthcare ontology with fewer constraints. The evaluation is
exploratory: we focus on convergence behaviour, review findings and the practical usefulness
of the generated examples rather than on baseline comparisons or statistical similarity to gold-
standard datasets. Although OWL-SDA supports multiple backends, including self-hosted and
OpenAI-compatible deployments, all runs reported here used gpt-5-mini workers, a gpt-5.4
supervisor and a claude-4.6-sonnet reviewer.
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Figure 3: Benchmark comparison for the two evaluation scenarios.

Figure 3 shows the per-iteration processing times. The first iterations are consistently slower



because the agents load the ontology and task context, after which later batches benefit from
narrower scopes and lower-complexity shapes. For both runs, the LLM messages and their
results are available as benchmarks in the OWL-SDA repository.

4.1. Industrial Emissions Ontology

The first scenario uses a domain-specific ontology for Industrial Emissions Directive report-
ing [22]. It models industrial systems and measurement setups as ssn:System instances and re-
lates them to operational plans and steps from P-Plan, namely p-plan:Plan and p-plan:Step.
The ontology was one of the catalysts for OWL-SDA and was selected because it combines
rich constraints with a concrete documentation need. The ontology used in this evaluation
is available on GitHub but was translated to English for the purposes of this paper3. This
scenario produced the strongest results: richer constraints and property descriptions enabled
SHACL-conformant output with limited supervisor steering, although qualitative inspection still
exposed underspecified ontology ranges such as prov:Agent that were later used as feedback
to further document the ontology.

<https://example.org/id/installation/glass-former>
a :Installation ;
rdfs:label "Glass Forming Machine"@en ;
dc:created "2024-06-15T09:30:00"^^xsd:dateTime ;
dc:issued "2021-06-15"^^xsd:date ;
dc:modified "2024-06-15T09:30:00"^^xsd:dateTime ;
adms:status concept:active ;
sosa:isHostedBy <https://example.org/id/location/myGlassFactory> ;
ssn:hasProperty <https://example.org/id/installationproperty/glassformer-power> .

<https://example.org/id/installationproperty/glassformer-power>
a :InstallationProperty ;
dc:type concept:installedPower ;
qudt:numericValue "2.5"^^xsd:decimal ;
qudt:hasUnit unit:MegaW ;
ssn:isPropertyOf <https://example.org/id/installation/glass-former> .

Listing 1: Partial AI-generated output for the industrial emissions ontology.

Listing 1 shows a partial example of the generated output. The Installation instance is
linked to a InstallationProperty instance that describes its installed power. While this
is a simple example, producing a larger set of such instances would be time consuming for a
human.

4.2. Healthcare Ontology

The second scenario uses the OpenCareOntology4 [23] to generate synthetic patient history
records. This scenario is relevant because using real patient data as prompt context is often unde-
sirable or prohibited [12, 13]; self-hosted alternatives can mitigate that, but may be too costly in
3https://github.com/milieuinfo/RIE-IEPR/
4https://bioportal.bioontology.org/ontologies/OCO

https://github.com/milieuinfo/RIE-IEPR/
https://bioportal.bioontology.org/ontologies/OCO


smaller settings [24]. Moreover, pseudonymisation does not remove all re-identification risk [25],
while full anonymisation may remove information needed for correct relation generation [26].
Compared with the industrial ontology, OpenCareOntology provides broader healthcare cover-
age but fewer constraints and less in-ontology documentation. As a result, OWL-SDA required
more iterations and more supervisor intervention, and the generated instances had fewer
properties on average, although the output remained useful as documentation.

This difference between scenarios was also visible in review feedback. In the industrial case,
most fixes concerned missing links or underspecified ranges in an otherwise rich graph. In the
healthcare case, the reviewer more often had to judge whether the produced combinations were
merely SHACL-conformant or also clinically plausible, which reinforces the need for a separate
review stage beyond validation alone.

5. Conclusion and Future Work

OWL-SDA provides ontology engineers with a practical way to generate synthetic RDF examples
for validation and documentation when real data cannot be shared or is unavailable. Across both
evaluation scenarios, richer ontology constraints and documentation led to faster convergence
and more useful output, whereas sparse ontologies demanded more supervisor intervention and
still produced less detailed instances [1, 6]. Our toolkit helps both to produce example data and
to expose where an ontology remains underspecified. Because the generation does not require
user supervision, it can run alongside ontology design to help evaluate its fitness for purpose.

The current evaluation does not claim statistical fidelity to real-world data. Repeated runs
may differ because LLM behaviour is non-deterministic, and our results are limited to two
ontologies and to the specific model combination used. Most importantly, SHACL conformance is
necessary but not sufficient for quality: data can satisfy all shapes while remaining semantically
implausible, for example when a clinically unlikely diagnosis and treatment combination is
represented with valid classes and properties. This is precisely why OWL-SDA retains a separate
review stage. In the industrial emissions reporting use case, generated examples are already
being used to help illustrate the ontology while the ontology is still under development.

Future work should add human-in-the-loop steering [27] and broaden the evaluation with
expert assessment and, where legally possible, comparisons against reference data. More gener-
ally, the current reviewer and supervisor routine could be extended with human checkpoints
and alternative validation strategies, so that domain experts can assess usefulness, plausibility
and fitness for purpose in addition to SHACL conformance.

Supplemental Material. OWL-SDA and the benchmark results from the initial release are
available in the project repository [28].
Declaration on Generative AI. During the creation of OWL-SDA, the authors used GitHub
Copilot to help with the documentation and development. The authors take full responsibility
for the content in the repository.
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