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1. Motivation

Ontologies play a critical role in knowledge-intensive 
domains, such as product design processes and digital twins, by 
providing structured and semantically rich representations of 
information [1–3]. As the foundation of knowledge graphs, they 
enable the integration of heterogeneous engineering data into 
query-able, structured representations. In product design, this is 
essential for handling increasing system complexity [2,3]. They 
enable a shared understanding that is both human-readable and 
machine-interpretable, facilitate the reuse of domain 
knowledge, make implicit assumptions explicit, decouple 
domain knowledge from operational procedures, and support 
the analysis of complex knowledge structures [4,5]. Despite 
these benefits, the development, maintenance, and extension of 
ontologies remain demanding tasks [6]. Industrial systems 
generate large volumes of heterogeneous knowledge, requiring 
careful integration, validation, and continuous evolution [7].

Emerging technologies such as artificial intelligence 
promise to streamline and automize ontology engineering 
processes, but their use must be balanced with human expertise 
to safeguard correctness and applicability [8,9]. Previous 
approaches often address only selected phases of ontology 
development, are frequently outdated, or do not incorporate 
methods for supporting automation [10–12]. To overcome these 
limitations, there is a need for a comprehensive, future-oriented 
framework that supports the externalization, formalization, and 
management of domain knowledge across all stages of the 
ontology lifecycle. This paper presents such a framework, 
developed using the Design Research Methodology (DRM) 
[13]. 

1.1. Research Questions and Structure

The study is motivated by the following research questions:
(i) How can a comprehensive framework be designed that 
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systematically addresses all phases of ontology development? 
(ii) Which forms of automation should be applied in each phase 
to optimize the externalization of knowledge, and where is 
human expertise indispensable?

The remainder of the study is organized as follows: Section 
2 presents the research approach adopted for developing the 
initial framework. Section 3 introduces the framework in detail, 
describing its phases, objectives, and potential for automation. 
Section 4 evaluate the framework in the domain of electric 
drive systems, based on expert interviews and a subsequent 
survey. Section 5 discusses the implications, limitations, and 
opportunities for extending the framework. Finally, Section 6 
concludes with a summary and an outlook on future research 
directions.

2. Research Approach

The framework was developed following the Design 
Research Methodology (DRM) by Blessing and Chakrabarti, 
which was selected for its systematic structure and its emphasis 
on iterative development and evaluation. Specifically, 
Research Type 3 was applied, comprising a Research 
Clarification (RC) phase, followed by a Descriptive Study I 
(DS I), which together informed a Prescriptive Study (PS), and 
culminating in a Descriptive Study II (DS II) for evaluation. 
The overall process is illustrated in Fig. 1.

The first two phases involved a systematic literature review 
to map the current state of research and to identify gaps relevant 
to the research question. Insights from these phases led to the 
creation of a preliminary artifact, which served as the basis for 
the prescriptive study. During the PS phase, the framework 
artifact was iteratively developed and refined. Finally, the DS 
II phase evaluated the framework’s applicability through semi-
structured interviews and a follow-up survey, providing initial 
validation of its relevance and effectiveness.

2.1. Systematic Literature Analysis (SLA)

The systematic literature analysis was conducted in two 
phases: RC and PSI. Subsequently, a systematic literature 
review (SLR) was performed, following an ‘Identification-

Phase and the PRISMA approach [14]. During the
‘Identification Phase’, the databases Scopus, Web of Science,
and Google Scholar were systematically searched to retrieve 
relevant literature. These databases were chosen because they 
provide broad and complementary coverage of peer-reviewed 
research, reducing the risk of database bias and ensuring 
comprehensive results. The search strategy was structured 
around four main thematic areas: “ontology,” “knowledge 
management,” “framework/method,” and “automation/AI
tools,” incorporating a range of related keywords and 
synonymous terms to ensure comprehensive coverage. In line 
with the PRISMA guidelines [14], a total of 453 records were 
initially identified across the selected databases. After the 
removal of duplicates, 392 records were screened based on title 
and abstract. Following this process, irrelevant or ineligible 
contributions were excluded, resulting in 31 studies that were 
retained for qualitative synthesis (Fig. 2).

Fig. 2. PRISMA Flow Diagram [14]

These 31 records were subsequently analysed in detail 
during the prescriptive study phase. 

Fig. 1. Research Design based on the DRM-Procedure [13]
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To assess the coverage of methodologies, a set of 
established and emerging approaches was considered. 
METHONTOLOGY [10] and NeOn [11] represent classical, 
process-oriented methodologies for ontology development, 
with NeOn extending the focus toward networked ontologies. 
The Competency-Question (CQ) approach [1,15,16] 
emphasizes the use of guiding questions to validate scope and 
requirements. FOCA/GQM [17] provides an evaluation 
perspective grounded in goal-oriented metrics. 
SABiO/SABiOx [18,19] and DILIGENT [20,21] are designed 
for collaborative and iterative ontology building, with SABiOx 
extending SABiO for systematic evolution. HCOME [22] 
focuses on user-centered and collaborative ontology 
construction, while UPON and its lightweight variant UPON 
Lite [23,24] apply principles from software engineering to 
ontology design. OTKM [4] synthesizes methodological 
knowledge from ontology handbooks. SAMOD [25] introduces 
agile and simplified practices, whereas Text2Onto [9,26] 
applies machine learning for semi-automatic ontology learning. 
Finally, more recent approaches such as HERO [27] emphasize 
human-centric evaluation, and AgiSCOnt [28] adapts agile 
practices to ontology engineering.

Table 1. Design Metric Occurrence throughout the frameworks (y=yes, 
p=partially, n=no)
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A systematic mapping was performed to analyse the extent 
to which ontology development was considered at different 
stages of the design process across the reviewed studies (cf. 
Column 1 in Table 1). Building on this mapping, a gap analysis 
was performed to examine which frameworks addressed 
specific design metrics and to identify areas with insufficient 
coverage. Only few approaches explicitly address automation 
as a design metric, and none of the reviewed methodologies 
covers all identified metrics. This clearly highlights a gap in 
current research and demonstrates the need for a 
comprehensive framework that incorporates the full set of 
design metrics.

2.2. Application Evaluation

The evaluation of the proposed framework was conducted 
using a two-step approach, consisting of semi-structured 
interviews and a subsequent survey. The empirical 
investigation was carried out in the electrical drive domain, 
which was selected due to its high complexity, 
interdisciplinarity, and relevance to industrial applications. 
This domain is characterized by intricate technical 
interrelations (e.g., rotor design), where implicit expert 
knowledge plays a central role and cannot be fully captured 
through purely quantitative methods.

Semi-structured interviews were chosen as the primary 
method since they combine the openness of qualitative 
approaches, allowing for unexpected insights, with the 
comparability of structured questioning, ensuring that all 
participants address the same core topics. This makes them 
particularly suitable for externalizing tacit expert knowledge in 
engineering contexts. A total of eight experts participated in the 
study, representing diverse roles within the electrical drive 
domain: heads of tooling (n = 2), configuration experts (n = 4), 
and database specialists (n = 2). All participants had at least ten 
years of professional experience in the field. The interview 
questions focused on the challenges and practices related to 
developing, maintaining, and extending ontologies in this 
industrial setting.

Following the interviews, a survey was conducted to 
validate and generalize the qualitative findings. The 
questionnaire was designed along four dimensions: (1) general 
information, (2) framework requirements, (3) ontology 
evaluation, and (4) automation aspects. The survey was 
implemented using Microsoft tools and combined rating scales,
open-ended questions as well as multiple-choice.

3. Results

The overarching objective of the proposed framework is to 
provide a structured approach for externalizing domain 
knowledge to create, manage, and extend ontologies. It 
supports domain experts and engineers in systematically 
capturing and formalizing heterogeneous data sources for 
industrial knowledge management. It is intended to be 
applicable across domains.

The framework accounts for externalized sources, such as 
expert interviews and technical documentation, and integrates 
them into a connected representation. It also incorporates 
automation potentials to ensure long-term applicability and 
scalable ontology engineering.

Drawing upon the findings of a systematic literature 
analysis, we developed a framework which will be introduced 
in the following section.

3.1. Ontology Lifecycle Framework for Structured Knowledge 
Externalization

The proposed model comprises six stages and is designed to 
enable the structured externalization of knowledge to create, 
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manage, and extend domain ontologies. Figure 2 provides an 
overview of how the individual phases are interrelated. It is 
important to emphasize that the process is iterative and can be 
repeated whenever new data sources are integrated. 
Furthermore, a clear distinction is made between the 
maintenance and the extension of an ontology, as these 
activities pursue different objectives and therefore require the 
application of distinct methods and tools.

Fig. 3. Framework Phase Overview

The proposed framework unfolds across six phases. Knowledge 
Identification establishes the scope by locating relevant 
information sources and stakeholders. Knowledge Extraction
then transforms implicit or dispersed expertise into explicit 
form through structured elicitation methods. In Knowledge 
Structuring, this material is formalized into ontological 
representations, including concepts, relations, and reusable 
modelling patterns. Evaluation and Validation ensure that the 
ontology is consistent, complete, and aligned with its intended 
application by engaging expert review and automated checks. 
The Maintenance phase secures the ontology’s long-term 
relevance through systematic updates and version 
management. Finally, Extension provides mechanisms for 
incorporating novel elements, such as emerging products or 
technologies, thereby enabling the ontology to evolve 
alongside its domain. Figure 3 summarizes the objectives, 
methods, and automation techniques associated with each 
phase.

3.2. AI-based Automation Potentials

To ensure that the proposed phase model remains both 
robust and future-oriented, AI-based automation potentials 
were systematically considered for each stage (see left Column 
in Fig.4). In the first phase, documents can be pre-structured 
through Natural Language Processing techniques such as 
Named Entity Recognition and Topic Modelling. The second 
phase allows for the semi-automated extraction of concepts, 

relations, and taxonomies, which can be mapped into 
predefined ontology templates in the third phase. During the 
fourth phase, consistency checking and automated reasoning 
could be applied to strengthen reliability and coherence. 
Finally, in the fifth phase, changes in underlying data sources 

Fig. 4. Content Overview throughout the Phases

could be automatically detected, with corresponding 
suggestions generated for the inclusion of new concepts and 
relations.

4. Applicability of the Framework

To demonstrate the framework’s applicability, a simplified 
ontology example from the electric drive domain was 
developed. Experts identified key rotor-related concepts: 
Rotor, Active Part, Shaft, Balancing Weight and Cooling Fan 
(Phase 1). Implicit dependencies (e.g., the functional 
integration of balancing weights and the relevance of cooling 
elements for performance) were elicited in interviews and 
transformed into explicit axioms (Phase 2). The ontology was 
structured in Protégé (Phase 3). It was validated using 
automated reasoning and SHACL checks to ensure consistency 
and constraint compliance. Externalization was evaluated via 
competency questions, e.g., “Which rotor variants require 
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cooling components?”, answered by SPARQL queries (Phase 
4). Maintenance and Extension were demonstrated by adding 
newly identified features (e.g., cooling channels) to the 
ontology, evidencing iterative growth and traceable updates 
over the ontology lifecycle (Phase 5 and 6).

Throughout the phases, automation potentials were 
discussed and evaluated (see Sections 3.1 and 4.1). 

5. Framework Evaluation

The proposed framework was evaluated through semi-
structured expert interviews and a subsequent survey in the 
domain of electrical drive systems. Overall, the participants 
acknowledged the framework’s relevance and applicability 
across the entire ontology lifecycle, from knowledge 
identification to ontology extension. Experts emphasized its 
systematic structure as a strength, particularly in contexts 
where domain knowledge is heterogeneous and tacit. 

The survey results reinforced these findings, showing that 
the framework was perceived as rather useful for externalizing 
expert knowledge (mean score: 7.43/10) and as effective for 
ensuring traceability of ontology development steps (8.29/10). 
Nevertheless, several participants highlighted challenges 
related to the initial implementation effort and pointed to a lack 
of detailed tool recommendations to support practitioners in 
applying the framework in industrial settings.

5.1. Human in the Loop vs. Automation

A central objective of the evaluation was to determine the 
balance between human involvement and automation across 
the six phases of the framework. The results confirm that while 
automation can provide significant support, human expertise 
remains indispensable. Knowledge identification and 
validation were consistently identified as phases requiring 
strong human input, particularly due to the tacit and context-
specific nature of engineering knowledge. In contrast, tasks 
such as document pre-structuring (Phase 1), concept and 
relation extraction (Phase 2), and ontology mapping (Phase 3) 
were regarded as well-suited for semi-automation, provided 
that expert oversight is maintained.

Participants expressed caution toward fully automated 
ontology development, noting the risk of overlooking nuanced 
domain assumptions. They stressed that automation should be 
considered a facilitator rather than a replacement, with the 
“human-in-the-loop” approach ensuring quality and contextual 
adequacy of the resulting ontologies.

5.2. Tools and Technologies

The evaluation also investigated current practices and tool 
preferences in ontology engineering. Tools such as Protégé and 
Neo4j were mentioned as common standards but were often 
described as lacking usability and integration for large-scale 
industrial projects. Several participants reported relying on ad-
hoc solutions, including spreadsheets or custom-built 

databases, which underlines the absence of unified toolchains 
in industrial ontology practice.

Looking forward, the experts identified Natural Language 
Processing (NLP) methods (e.g., Named Entity Recognition, 
topic modelling), automated reasoning engines, and ontology 
learning techniques from text and structured data as highly 
promising. However, they emphasized that the successful 
integration of such technologies requires careful alignment 
with domain-specific workflows and clear strategies for change 
management.

6. Discussion

The discussion below situates the findings from the 
evaluation within the context of ontology engineering and 
industrial knowledge management.

6.1. Framework Utility Design

The evaluation of the proposed framework highlighted that 
experts base their decisions on the intended purpose of the 
ontology. This observation suggests that the framework’s 
utility is not a generic property but is closely tied to how well 
it supports specific goals in practice. In the study, three primary 
objectives emerged as particularly influential in shaping 
ontology design and application:

1. Product Variations / Similarity Search: Ontologies 
are used to identify, compare, and analyze product variations, 
enabling efficient similarity assessments.

2. Transparency: Ontologies should make underlying 
knowledge structures, relationships, and reasoning processes 
understandable and traceable.

3. Human-Readable Design: Ontologies need to be 
accessible and interpretable for human stakeholders, beyond 
purely technical users.

These findings indicate that evaluating the framework’s 
utility requires considering the alignment between ontology 
design and goal-specific requirements.

6.2. Limitations and Challenges

Despite its contributions, the evaluation highlighted several 
challenges. The framework relies on expert input to identify, 
extract, and validate domain knowledge. While this ensures 
domain validity, it also introduces subjectivity and potential 
bias. This dependence demonstrates that the utility of the 
framework does not solely stem from its methodological 
structure but also from how reliably and comprehensively 
expert knowledge is captured and integrated throughout the 
ontology lifecycle.

The integration of automation potentials, although 
conceptually embedded in the framework, remains technically 
demanding. Current Natural Language Processing (NLP) and 
ontology learning tools are complex to instantiate and require 
substantial human oversight. Moreover, while the framework 
addresses methods and specific tools, the evaluation revealed a 
need for comprehensive tool strategies that span the entire 
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ontology lifecycle and integrate seamlessly into existing IT 
architecture landscapes.

Scalability also represents a limitation. Although the 
framework is transferable across domains, its implementation 
in large-scale industrial settings demands significant 
organizational commitment in terms of time, resources, and 
coordination. 

Finally, the evaluation was conducted within a single 
domain, raising questions about generalizability. Future studies 
should explore cross-domain applications and longitudinal 
assessments to further validate the framework’s applicability 
and effectiveness. 

7. Conclusion

This study presented an ontology lifecycle framework for 
knowledge externalization. From a theoretical perspective, the 
framework provides a structured approach to capture, manage, 
and extend domain knowledge. In contrast to existing 
approaches, it synthesizes heterogeneous design metrics into a 
unified model and explicitly links automation potentials to each 
phase. This positions the framework as a transferable and 
theoretically grounded foundation for future work on AI-
supported ontology development. The evaluation demonstrated 
that the framework is relevant and applicable across the entire 
ontology lifecycle. Participants valued its systematic structure 
and its potential to ensure traceability of ontology development 
steps. The study highlighted several limitations, including 
reliance on expert input, technical complexity of automation, 
scalability, and generalizability across domains. These findings 
indicate that the utility of the framework depends not only on 
its methodological structure. It also relies on how reliably 
expert knowledge is captured and integrated, as well as how 
tool strategies are applied throughout the ontology lifecycle. 
Future research should explore the applicability of the 
framework across multiple industrial domains to assess its 
generalizability. In addition, strategies for integrating 
automation more effectively into the ontology lifecycle warrant 
further investigation. The development of sub-frameworks 
tailored to specific objectives (e.g. transparency, human-
readability, or similarity assessment) could further enhance 
utility.
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