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Abstract

Ontology alignment is a key task for achieving semantic interoperability across heterogeneous knowledge graphs;
yet, it remains a time-consuming and expert-driven process. Recent advances in Large Language Models (LLMs)
offer new opportunities to automate this task, particularly in scenarios involving the parallel development of
multiple ontologies by automatic means that follow different approaches. In this paper, we propose an approach
for the automatic generation of ontology alignments using LLMs, producing mappings that are compliant with
the SSSOM standard and enriched with explicit justifications and provenance metadata that can support ontology
developers and domain experts in developing ontologies from multiple automatically generated versions. We
design and evaluate a set of progressively refined prompts to guide LLMs in generating structured and explainable
alignments. The approach is assessed using multiple state-of-the-art models (GPT-5.4, GPT-5 Mini, Gemini Flash,
and Gemini Pro) against a selection of ontology pairings from the OAEI Conference dataset. The evaluation
combines structural validation, standard alignment metrics (precision, recall, and F1-score), and expert qualitative
analysis. The results observed indicate that LLMs possess the potential to generate high-quality candidate
mappings, particularly for lexically similar entities. However, limitations persist in semantic discrimination,
predicate selection, and the exploitation of ontology structure. These findings indicate that LLMs are best suited
as assistive tools for knowledge engineers and domain experts in managing the parallel evolution of ontologies.
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1. Introduction

An ontology is the specification of a shared conceptualization that describes structural and domain-
specific knowledge for a variety of tasks, such as data integration, transformation, and homogenization
processes [1]. It traditionally relies on knowledge elicitation from domain experts, and the manual
formalization of domain knowledge using formal representation languages such as RDFs [2] and
OWL [3]. Although well-established methodologies exist to guide this process, ontology development
remains a time-consuming and knowledge-intensive task. that relies heavily on manual effort by
ontology engineers and domain experts.

Al-based approaches have been applied to various stages of the ontology lifecycle, including concept
extraction, ontology learning from text, ontology population, and ontology alignment. More recently,
the emergence of Large Language Models (LLMs) has opened new opportunities for supporting ontology
engineering tasks. LLMs can assist in generating ontologies, documenting ontologies, and identifying
correspondences between ontological entities. Recent studies have explored the potential of conversa-
tional Al systems such as GPT models for tasks including ontology generation, ontology alignment,
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and semantic annotation [4, 5].

As these approaches reach a higher level of maturity, they are being further incorporated into real-
world production environments. However, since a single language model can’t be reliably used for
all ontology engineering tasks due to biases, and because models are prone to hallucinations, several
models used in conjunction with oversight from knowledge engineers, domain experts, and stakeholders
can improve results [6].

One example of an industrial integration of semantic technologies is Unilever!, where there is desire
to implement semantic technologies, such as ontologies and knowledge graphs, into their product
development and autonomous formulation workflows. To maintain clear 1:1 mappings with their source
data, stored in the XML derived format AnIML (Analytical Information Markup language)?, the creation
of an ontology that achieves 100% coverage of the AnIML schema is required. In the development of
this ontology, several approaches have been employed concurrently: manually curated ontologies and
automatically generated ontologies created using different models, prompting strategies, and input data
[7]. The resulting ontologies are then compared to each other, corrected, integrated, and iterated upon
after being manually evaluated. This particular scenario is a unique case of parallel ontology evolution,
where several ontologies are created simultaneously through automated means that are developed at
the same time as new versions are created and fed into one another.

Despite saving time in ontology engineering tasks, this approach also presents its own set of challenges.
It requires knowledge engineers and domain expert intervention to compare the different approaches
and make informed decisions on what aspects must be addressed. The number of comparisons that
must be made increases exponentially as new versions of the ontology are created.

Our proposed approach to address this issue is the automatic generation of ontology alignments,
compliant with the Simple Standard for Sharing Ontological Mappings (SSSOM) [8] standard, to
document the conceptual similarities and differences between the modelled concepts using LLMs. The
SSSOM standard provides terms to document the curation rules that have been used to obtain a match
in ontology alignment and mapping justifications that inform about the conceptual relationships that
have been identified. This approach is expected to ease the development of a tabular format that uses
a clear and understandable structure, allowing domain experts to make informed decisions on the
development of the ontology, which can be obtained automatically.

Thus, the research questions that will be answered in this study are as follows:

1. RQ1: Can LLMs be used for the automatic generation of ontology alignments that are SSSOM
compliant and include explicit justifications?

2. RQ2: How do different models with different capabilities fare in the ontology alignment task in
terms of precision, recall, and F1-score?

3. RQ3: Are LLMs better suited as autonomous tools or as assistive tools in a human-in-the-loop
workflow for ontology alignment?

The paper follows this structure: Section 2 highlights related work in the field of automatic ontology
alignment extraction, Section 3 details the prompt design and evaluation methodology, Section 4 presents
the results of said evaluation, and Section 5 discusses them. Finally, the conclusions, limitations, and
future work will be reflected upon in Section 6.

2. Related Work

Ontology Alignment is a key technique for achieving semantic interoperability between heterogeneous
knowledge representations. It consists of identifying the correspondences between OWL entities, such
as classes, properties, or instances, that are defined in different ontologies. Ontology alignment enables
data integration, knowledge reuse,and interoperability across different systems [9]. The early work on
ontology alignment focused on identifying the categories of matching techniques. In [10] the ontology

Thttps://www.unilever.com/
*https://www.animl.org/current-schema
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alignment process was formalized, and a framework for matching systems based on similarity measures
and alignment generation strategies was proposed. Ontology alignment methods combine different
measures of similarity, such as lexical similarity, structural similarity, semantic similarity, and logical
reasoning [9].

The approaches for ontology alignment can be grouped into the following categories

1. Linguistic approaches: They rely on string similarity measures or linguistic resources such
as WordNet to identify correspondences between ontology entities. They also exploit labels,
comments, and other textual metadata.

2. Structural approaches: They analyze the graph structure of the ontology. They exploit relation-
ships between entities, such as rdfs:subClassOf hierarchies or property restrictions, to infer
correspondences between semantically similar structures.

3. Semantic approaches: They incorporate logical reasoning and formal semantics, ensuring that
the generated correspondences are consistent with the logical structure of the ontologies.

4. Hybrid approaches: They combine multiple strategies to improve alignment quality; these
approaches are common in practice because the task requires combining different sources to
produce accurate mappings [11].

5. Complex ontology matching: It includes those approaches where correspondences involve
complex expressions rather than simple entity-to-entity mappings [12]

The evaluation of the ontology alignment systems has been driven by the Ontology Alignment Eval-
uation Initiative (OAEI), an international benchmarking campaign organized annually since 2004 [13].
They provide standardized datasets, evaluation tracks, and metrics that enable systematic comparison
between ontology matching systems. It is currently the primary experimental benchmark in ontology
alignment and has led research in this field.

Recent surveys emphasize the increasing use of machine learning and embedding-based techniques to
capture deeper semantic relations between ontology entities [14]. Embedding-based methods represent
entities as vectors in a continuous space, enabling similarity computation through vector operations.
These approaches rely on graph embeddings or neural networks to encode structural and semantic
information from ontologies [15]. Other work has explored the use of embedding techniques that adapt
random walk strategies to alignment tasks [16].

Large Language Models (LLMs) have also emerged as a promising approach for ontology alignment.
These models leverage large-scale pretraining on natural language corpora to capture semantic rela-
tionships between concepts that can be exploited for matching ontology entities. Norouzi et al. [17]
evaluates the performance of conversational LLMs such as ChatGPT for ontology alignment tasks and
compares the results with systems that participate in the OAEI benchmarks. Hertling and Paulheim
[18] propose OLaLa, which applies zero-shot and few-shot prompting with multiple open LLMs to
OAEI tasks, showing that with a handful of examples and a well-designed prompt, results comparable
to supervised matching systems can be achieved; OLalLa obtained an F1 score of 0.91 in the OAEI
2023 Anatomy track [19]. There are other approaches that combine LLM reasoning with retrieval
and candidate generation pipelines. For instance, Taboada et al. [20] propose a hybrid method that
integrates embeddings, heuristic search strategies, and LLM prompting to improve alignment accuracy
while reducing overall computational costs. More recently, Qiang et al. [21] introduced the OAEI-LLM
benchmark to specifically study LLM hallucinations in ontology matching, classifying them into cate-
gories such as missing mappings, false mappings, and hierarchical misalignments. This dataset was
later extended to cover ten LLMs across seven TBox datasets [22], confirming that hallucinations remain
pervasive across models. The LLMs4OL 2025 Challenge [23] further showed that hybrid pipelines
combining commercial LLMs with domain-tuned embeddings achieve the strongest performance for
ontology learning tasks.

Explainable ontology alignments have been an unexplored topic in research compared to the ontology
matching task itself. One form of explainability comes from the mapping justification: why a correspon-
dence holds. Alignment systems such as Logmap [24] use techniques to compute logical explanations
for ontology mappings to detect and repair inconsistencies produced by alignments. It introduces



methods to extract minimal sets of axioms responsible for a mapping or a logical conflict. This approach
frames the explanation in terms of a logical justification rather than as a natural language explanation
that can be easily understood by domain experts. There has also been work on making the matching
process itself interpretable; AgreementMaker [25] presents detailed similarity scores and supporting
evidence for each of the candidate alignments. In [10], the need for explanations of similarity measures
and matching decisions is also emphasized to support validation by domain experts. As for interactive
alignment processes that integrate users in validating and refining alignments, [26] studied interactive
alignment systems where explanations are used to guide user feedback during alignment validation
and repair. Their work shows that providing understandable justification significantly improves the
acceptance and correction of mappings.

A central element of our approach is the use of the SSSOM standard [8] for representing alignments.
SSSOM was developed to address the lack of metadata in existing mapping exchange formats: prior
standards such as EDOAL, while expressive, were not widely adopted outside the OAEI community
due to their limited metadata model [8]. SSSOM introduces a simple table-based format with an
extensible vocabulary that makes imprecision and incompleteness in mappings explicit. Of particular
relevance to this work is the Semantic Mapping Vocabulary (SEMAPV), introduced in the 2022 update
of the standard [27], which provides a controlled vocabulary for describing mapping justifications and
matching approaches. To our knowledge, no prior work has explored the automatic generation of
SSSOM-compliant mappings using LLMs.

Our prompt engineering strategy builds on established techniques for structured LLM generation.
Chain-of-thought prompting [28] has shown that decomposing complex tasks into intermediate reason-
ing steps improves output quality, and role-based instruction paradigms have been shown to improve
domain-specific behavior [4]. These insights inform the step-wise, role-based prompt design described
in Section 3.

Despite the existing literature on the automatic generation of ontology alignments and the research on
explainable alignments, there is currently no work that bridges the two. Modern LLM-based approaches
such as OLaLa [18] and MILA [20] focus on alignment accuracy but do not produce justifications;
conversely, systems like LogMap [24] or AgreementMaker [25] provide logical justifications but do
not leverage LLM generation capabilities. Furthermore, none of these approaches produce output
compliant with the SSSOM standard. Our approach addresses this gap by combining LLM-based
alignment generation with SSSOM-compliant, justified, and human-readable correspondences, aimed at
supporting domain experts in the parallel evolution of ontologies.

3. Methods

The goal of this approach is the automatic generation of a set of SSSOM compliant alignments that
provide both the conceptual relationships between the ontology concepts and the justifications for why
these matches were made. Using LLMs leverages the language models for the identification of lexical
similarities in the OWL entities and the reasoning capabilities of the model to compute the semantic and
structural similarities. They also provide the means to produce a structured output through the usage
of JSON Schema® . The SSSOM standard also provides a set of mapping justifications that facilitate
the classification task. From the SSSOM specification, the subset of terms that has been chosen for the
alignments is shown in Table 1.

One of the expected challenges for this approach, which will be shown in the Evaluation (Section 4)
and Discussion (Section 5), is the hallucinations that LLMs can exhibit, how well they fit the structured
output, the consistency of the results, and how well they infer the mapping relationships. Section 3.1
will show how the models are instructed, and in Section 3.2, it is described how the models are used in
the experiments.

*https://json-schema.org/


https://json-schema.org/

Table 1
Description of SSSOM mapping fields.

Field Description

subject_id The ID of the subject of the mapping.

subject_label The label of subject of the mapping.

predicate_id The ID of the predicate or relation that relates the subject and object.
object_id The ID of the object of the mapping.

object_label The label of object of the mapping.

mapping_justification An action of showing a mapping to be right or reasonable.
mapping_date The date the mapping was asserted.

author_id Persons or groups responsible for asserting the mappings.
subject_source URI of vocabulary or identifier source for the subject.
subject_source_version Version IRI or version string of the source of the subject term.
object_source URI of vocabulary or identifier source for the object.
object_source_version Version IRl or version string of the source of the object term.
confidence A score between 0 and 1 denoting the probability the match is correct.
comment Free text with curator notes or tool-generated information.
mapping_set_id A globally unique identifier for the mapping set.
mapping_set_version A version string for the mapping.

mapping_set_description A description of the mapping set.

license A URL to the license of the mapping.

3.1. Prompt Engineering

The design of the set of prompts used in the generation of ontology alignments compliant with the
SSSOM standard has evolved iteratively across three versions: early, extended, and improved. We
have followed a role-based instruction paradigm where the model is assigned the role of a knowledge
engineer specialized in ontology alignments. This ensures that the model adopts domain-specific
reasoning and behavior. The early version provides the task in a monolithic structure, combining role
information, task description, and instructions in a single block. This is a comprehensive guide, but it
places a high cognitive load and may lead to inconsistencies in execution. The extended prompt is a
modified version of the early prompt with more precise language to direct the model by decomposing
the task into several steps (subject extraction, matching, predicate selection, metadata generation) and
allowing for several justifications for each mapping, which limits the number of mapping predicates to
only one. It also restricts the output to the TSV format, but it is more verbose. This aligns with best
practices in prompt engineering, as it provides a clearer structure and reduces ambiguity. The improved
prompt focuses on presenting the same instructions to the model in a much more concise manner and
reducing verbosity. Contextualization regarding RDF and SSSOM has been removed, an output format
section has been added, and a new set of restrictions has been introduced. Each of these prompts shares
the goal of increasing output correctness, structural consistency, and reproducibility.
The task steps that are followed by all three prompts are as follows:

Extraction of entities from Ontology 1.
Identification of candidate matches from Ontology 2.
Selection of appropriate semantic predicates.
Assignment of justification and confidence.

A

Enrichment with provenance metadata.

The prompt includes, as part of the classification task for the mapping predicate, explicit matching
strategies. The mapping justifications from the Semantic Mapping Vocabulary (SEMAPV)* ensure that
the model considers multiple alignment sources rather than relying solely on surface-level similarities.

*https://mapping-commons.github.io/semantic-mapping-vocabulary/
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Table 2
List of LLMs used in the evaluation of the approach.

Model Reason for Inclusion Expected Strength
GPT-5.4 Reasoning High accuracy, strong constraint adherence
GPT-5 Mini Efficiency Cost-effective, moderate reasoning
Gemini Flash Lite Preview Speed Low latency, weaker reasoning
Gemini Pro Preview Balanced Trade-off between performance and efficiency

The context consists of two input ontologies (Ontology 1 and Ontology 2) that are provided as
external context during execution. The prompts clearly distinguish between the source ontology
(subject) and target ontology (object) roles and instruct the model to extract the entities and labels from
each ontology. Since the test ontologies used during the evaluation are not large, no chunking strategy
has been implemented. One will be implemented when an extended evaluation is performed in future
work.

Another critical component of the prompt engineering strategy is the enforcement of a strict output
structure. All prompts require the generation of a TSV table compliant with the SSSOM standard,
including the aforementioned set of terms. The early prompt introduces the full schema and column
definitions but does not strongly enforce output constraints. The extended prompt clearly separates
output instructions, requires the inclusion of all metadata fields, and emphasizes completeness. The
improved prompt fixes the column order and prohibits additional text outside of the TSV output. The
set of output constraints has additionally been implemented using the pydantic library and is publicly
available at the resource’s repository”.

Due to the preliminary nature of this work, prompt engineering was restricted to purely the augmen-
tation of the lexical content prompt. In future work, we aim to expand prompt engineering to cover
more complex prompting techniques, such as few-shot prompting and chain-of-thought prompting.

3.2. Models and Evaluation Methods

To evaluate the use of LLMs for ontology alignment generation, four state of the art models have been
chosen: GPT-5.4, GPT-5 Mini, Gemini Flash Lite Preview, and Gemini Pro Preview, with specific snapshot
dates of 2026-03-05 and 2025-07-08 for GPT-5.4 and GPT-5 Mini, respectively. The selection aims to
cover a range of reasoning performance, efficiency, and latency, which are known to impact structured
generation tasks [29]. These LLMs have shown good results in instruction-following, structured output
generation, and multi-step reasoning, making them suitable for automatic ontology alignment [28, 30].

From the OpenAl models, there is GPT-5.4, which is a high-capacity model optimized for complex rea-
soning and structured generation; it is the reference model. GPT-5 Mini is a smaller, efficiency-oriented
variant that reduces the computational cost and latency while maintaining competitive performance in
structured tasks [31]. It allows for evaluating the trade-off between efficiency and alignment quality.
Gemini Flash is optimized for low-latency and high throughput-inference, prioritizing speed over deep
reasoning [29, 32]. It allows for assessing whether strict prompt constraints and structured outputs can
compensate for limited reasoning capability. Gemini Pro is the higher-capacity model that balances
reasoning ability and efficiency. In this study, it serves as a baseline, allowing for the comparison
between GPT-based and Gemini-based models and assessing the generalizability of the prompts used.
The summary of the differences between the different models can be seen in Table 2.

For the evaluation of this approach, the following procedure has been followed. All three of the
prompts have been used with the four models contemplated for this evaluation. The data used for
the evaluation is the Conference ontologies alignments from the Ontology Alignment Evaluation
Initiative®.As for the selection of hyperparameters in the generation of the alignments, the temperature

Shttps://github.com/DiegoCondeHerreros/Evol_Align/blob/master/structured_outputs.py
®https://oaei.ontologymatching.org/2025/conference/index.html
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has been kept at a consistent value of 0.7’ to avoid compromising the determinism and the randomness.
Further experimentation with the hyperparameters will be addressed in a future extended evaluation.
The OAEI conference dataset is made up of alignments between 16 different ontologies dealing with
conference organization. This dataset was originally in the OAEI format, but it has been manually
converted into the SSSOM format. As the prompt engineering survey presented in this work is a
preliminary survey, we only tested the ekaw-iasted, edas-ekaw, and cmt-confOf ontology pairs, consisting
of 10, 23, and 16 alignments, respectively. Structural data on the ontologies included can be seen in
Table 3.

Table 3

Structural statistics of the OAEI Conference ontologies used in the evaluation.
Metric cmt  confOf edas ekaw iasted
Schema elements
Named classes 29 38 103 73 140
Object properties 38 12 28 33 38
Datatype properties 9 16 18 0 3
Total properties 47 28 46 33 41
Named individuals 0 0 0 0 0
Class axioms
rdfs:subClassOf 33 64 92 85 247
owl:disjointWith 54 86 814 148 2
owl:equivalentClass 1 0 7 0 16
OWL Restrictions 8 31 14 14 134
Property axioms
rdfs:domain 39 36 50 24 41
rdfs:range 59 36 50 24 41
owl:inverseOf 40 3 28 30 16
rdfs:subPropertyOf 0 0 0 8 0
Functional properties 8 8 4 0 0
Annotations
rdfs:label 0 0 0 0 0
rdfs:comment 4 65 11 2 0
Structural complexity
Max hierarchy depth 3 2 3 5 5
Approx. logical axioms 254 256 1055 333 497
File size (KB) 27 36 100 35 70

First, the generated output is validated against the expected structural constraints: TSV format
compliance, column completeness and ordering validation, and CURIE syntax. Then, the presence of
the required metadata is ensured, and finally, it is checked that the output is machine-readable and
conforms to the SSSOM specification, removing invalid generations before further evaluation.

Afterward, for the quantitative evaluation of the alignment, the following standard metrics are used,
these are calculated using the ground truth from the manually crafted data.

1. Precision: The proportion of generated alignments that are correct.
2. Recall: The proportion of correct alignments that are retrieved.
3. Fl1-score: The harmonic mean of precision and recall.

Due to the subjective nature of ontology alignment tasks and the open world assumption, it cannot
be assumed that the set of alignments we are considering a “ground truth” is comprehensive. It can
only be assumed that all alignments contained within the ground truth dataset are correct. To account
for these assumptions, we define the components of the confusion matrix as follows.

1. True Positive: An alignment that the domain expert has assessed as valid.

7, with the exception of GPT-5 Mini, which was run at a temperature of 1.0, as this is the only value supported.



Table 4
The number of alignments generated by each model for each ontology pair across each tested prompt.

ekaw-iasted edas-ekaw cmt-confOf
Model Early Extended Improved | Early Extended Improved | Early Extended Improved
GPT 5.4 30 24 20 30 32 30 21 15 15
GPT 5 Mini 14 5 12 13 14 14 11 15 13
Gemini Pro 15 9 13 23 16 18 5 7 9
Gemini Flash | 5 6 4 9 8 10 4 5 6

2. True Negative: An alignment that is not expected and not generated by the LLM®
3. False Positive: An alignment that the domain expert has assessed as invalid.

4. False Negative: An alignment that exists in the ground truth dataset but is not captured by the
LLM.

Finally, for the qualitative evaluation of the alignments, a domain expert from the academic field has
performed an expert review of the mappings between the conference ontologies, providing comments
on the validity of the alignments, the equivalent entity in the ground truth, the validity of the comments
added by the LLM, and the validity of the justification provided. The outcomes of said results are
shown in Section 4. The combination of structural validation, quantitative metrics, and qualitative
analysis ensures a comprehensive evaluation of both the syntactic correctness and semantic quality of
the generated alignments. The full workflow of the proposed approach can be seen in Figure 1.

4. Results

4.1. Quantitative Assessment

When comparing the two model families tested, Table 4 shows that each family shares a “preference” for
the type of response generated. OpenAI’s GPT models overall produced a larger number of alignments,
whilst Google’s Gemini models produced fewer. This gap is further widened when comparing the larger
and smaller models against their counterparts from the other family.

Across all the tested completions, the behavior of each model remains relatively consistent. The
larger “pro” models outperform their smaller counterparts. However, this higher performance comes at
the price of higher token costs’'?. Whilst the overall performance of the larger models, as shown in
Table 7, is higher than that of the smaller models, in cases where precision is more important, as shown
in Table 5, Gemini Flash is the most performant model with a precision of 1 across all prompts and
ontology pairs. However, the same model is notably weak in performance regarding recall, as shown in
Table 6. This behavior is also exhibited, albeit to a lesser extent, by Gemini Pro. For example, in the
case of the Early prompt for the ekaw-iasted case, Gemini pro achieves a high precision of 1 compared
to GPT 5.4’s precision of 0.8. However, Gemini Pro only generated 15 alignments as opposed to the
30 generated by GPT 5.4. Whilst both “pro” models performed well, each being the most performant
for at least one ontology pairing, in these experiments, GPT 5.4 was the model best suited to the task
with a maximum F1 score of 0.918 and a minimum F1 score of 0.820. Gemini pro, whilst having a high
maximum F1 score of 0.968, achieved a much lower minimum F1 score of 0.313. This performance is
comparable to, if not worse than, the performance of the smaller models in the worst case scenarios.

Across all models and ontology pairs compared, there is a limited difference in response quality
between the three different prompts tested. This indicates that there may not be a significant difference

8Due to the experimental setup, it is not possible for true negatives to exist. However, introducing negative, or “false”
alignments into the ground truth dataset would alleviate this limitation.

*https://developers.openai.com/api/docs/pricing

Ohttps://ai.google.dev/gemini-api/docs/pricing



Table 5
Precision of the generated alignments by each model for all ontology pairs across all prompts.

ekaw-iasted edas-ekaw cmt-confOf
Model Early Extended Improved | Early Extended Improved | Early Extended Improved
GPT 54 0.800 0.750 0.750 0.867 0.844 0.933 0.762 0.933 0.933
GPT 5 Mini | 0.929 1.000 0.750 1.000 1.000 0.929 1.000 0.867 0.692
Gemini Pro | 1.000 0.889 0.923 1.000 1.000 1.000 1.000 1.000 1.000
Gemini Flash | 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Table 6
Recall of the generated alignments by each model for all ontology pairs across all prompts.
ekaw-iasted edas-ekaw cmt-confOf
Model Early Extended Improved | Early Extended Improved | Early Extended Improved
GPT 54 1.000 1.000 0.938 0.813 0.844 0.903 0.888 0.824 0.824
GPT 5 Mini | 0.722 0.500 0.600 0.464 0.500 0.481 0.611 0.684 0.500
Gemini Pro | 0.938 0.800 0.857 0.793 0.593 0.667 0.313 0.438 0.563
Gemini Flash | 0.500 0.600 0.400 0.375 0.333 0.400 0.250 0.313 0.375
Table 7
F1 Score of generated alignments by each model for all ontology pairs across all prompts.
ekaw-iasted edas-ekaw cmt-confOf
Model Early Extended Improved | Early Extended Improved | Early Extended Improved
GPT 54 0.889 0.857 0.834 0.839 0.844 0.918 0.820 0.875 0.875
GPT 5 Mini | 0.813 0.667 0.667 0.634 0.667 0.634 0.759 0.765 0.581
Gemini Pro | 0.968 0.842 0.889 0.885 0.745 0.800 0.477 0.609 0.720
Gemini Flash | 0.667 0.750 0.571 0.545 0.500 0.571 0.400 0.477 0.545

in the content of the prompt tests. Further augmenting these prompts in future work may lead to more
significant differences in response quality; however, there is no evidence to support this in these results.

4.2. Qualitative Assessment

The use of the SSSOM vocabulary allows for the justification of a given alignment to be represented [8].
Whilst the primary role of this feature is to facilitate the sharing of mappings between developers, these
justifications also provide grounds to qualitatively evaluate the alignments generated by LLMs. Across
prompts and models, whilst there are edge cases where a given LLM cannot understand the nature of
the relationship between two concepts, generally, the natural language justification of the alignments
and the justification following SEMAPV remain coherent and consistent. An exception to this is GPT 5
Mini responses, where in certain cases no natural language justifications are generated, but even in
these cases SEMAPYV justifications are still generated and are of high quality.

The consistency and quality of the SEMAPYV justifications expose a new avenue for future experi-
mentation, as removing the natural language justifications from the response would reduce the number
of output tokens and, therefore, reduce the cost of the prompts. However, it may be the case that the
natural language justification “points the LLM in the right direction” and that the quality of the SEMAPV
justifications is tied to the existence of the natural language justifications.

5. Discussion

The generated alignments show that LLMs are capable of identifying high-confidence correspondences
for lexically similar entities, such as direct matches, that are mapped to the skos: exactMatch term. This,
as expected, indicates that LLMs perform reliably when surface-level similarity aligns with semantic
equivalence. However, the models tend to over-rely on lexical similarity, defaulting to strong equivalence



relations even in cases where a weak semantic relation (skos:closeMatch, skos:relatedMatch)may
be more appropriate.

Despite the relative size of the dataset, some patterns can be observed that are significant for the
entire conference dataset. The higher capacity models (GPT-5.4 and Gemini Pro) produce more complete
and consistent outputs in metadata generation and justification assignment. The lightweight models
(GPT-5 Mini, Gemini Flash) omit some of the metadata fields, are less precise in candidate selection,
and have a greater dependence on lexical similarity. This is not unexpected since model scale correlates
with reasoning capability.

There are limitations to the alignments. First, there is an overgeneralization of the equivalence
relationship, where strong equivalence relations are added even when the semantic relationship is
weaker or hierarchical. For instance, ConferencePaper is classified as the exact match of a Paper ,
where a rdfs:subClassOf would be more appropriate. Also, despite the models including structural
and logical matching strategies, these rarely exploit ontology hierarchies or relations, relying mostly
on label similarity without inferring richer mappings based on hierarchical alignment or contextual
classification.

The results suggest that LLMs are a promising tool for semi-automatic ontology alignment for the
generation of candidate mappings, the acceleration of the alignment workflows, and the production
of structured outputs that are compliant with standards such as SSSOM. However, their use in a fully
automatic setting is limited by the lack of robust semantic discrimination, sensitivity to prompt design,
and incomplete exploitation of ontology structure. Therefore, the LLM-generated alignments are best
positioned as assistive tools within a human-in-the-loop or hybrid pipeline, making it a functional
working solution for tackling the parallel evolution of ontologies and informing knowledge engineers
and domain experts about which decisions to make during development.

6. Conclusion

This paper presents an approach for the automatic generation of SSSOM-compliant ontology alignments
using Large Language Models, with a particular focus on producing not only mappings but also justified
and explainable correspondences. Through a preliminary assessment of prompts of varying lexical
complexity and state-of-the-art LLMs, the results demonstrate that LLMs are capable of generating
structurally valid and semantically meaningful candidate alignments, especially in cases of strong lexical
similarity.

The study highlights that whilst model capacity significantly influences semantic accuracy and
completeness, different model families have differing “preferences” when generating alignments, which
can have a large impact on the number and quality of generated alignments. However, limitations remain
in terms of over-reliance on lexical similarity, imperfect predicate selection, and limited exploitation of
ontology structure, indicating that LLMs are not yet suitable for fully autonomous alignment generation.

Overall, the findings suggest that LLMs are best positioned as assistive tools within human-in-the-
loop workflows, supporting ontology engineers and domain experts in the alignment process. Future
work will focus on scaling the evaluation to larger datasets, incorporating retrieval and hybrid alignment
strategies, and improving the semantic grounding and explainability of the generated mappings.

This preliminary investigation and its results present many avenues for future work. There is scope
to significantly expand the prompt engineering survey and incorporate more complex prompting
strategies. The datasets tested will also be expanded to cover a wider range of domains and ontology
sizes, which will include the exploration of ontology chunking methods. Additionally, including open
weight models in the evaluation will be a valuable contribution.
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Figure 1: Diagram of the workflow of the proposed approachs
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