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An ontology is a formal, explicit specification of a shared conceptualisation, which can be combined with
problem-solving methods and reasoning functionality to develop high-quality technology and application
systems efficiently. Ontology engineering (OE) typically involves extensive manual effort to elicit intended use
cases (user stories) from users for the target ontology-based systems. Recent studies have demonstrated the
positive potential of LLM-based conversational agents in supporting user story generation in OE. However, we
argue that we are not leveraging LLM to its fullest potential by not supporting users in formulating effective
prompts. To address this, we identify the prompt guidance users need during user story generation workflows
by conducting a formative study (N = 10) using participatory prompting. We demonstrate its usefulness
through the design and development of the OntoChat LLM-based system for OE, as well as a user evaluation
with knowledge engineers (N = 24). To our knowledge, this is the first work to design and validate a prompt
guidance framework that helps users leverage LLM to its fullest potential to generate effective requirements
for ontology development. This advances how we interact with LLM for requirements elicitation.
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1 Introduction
Ontology, originally a philosophical term, refers to the study of being [30]. Several decades ago,
ontologies were introduced into information and communication technologies (ICT) as a method
for formally and explicitly representing the kinds of things (e.g., individuals, classes, attributes,
interactions) that can be described within a system [27]. They can provide reusable declarative
knowledge that can be integrated with problem-solving methods and reasoning functionality to
build high-quality technology and application systems in an economical manner [66]. For example,
they can support data and process integration, information retrieval, and information extraction
[36].
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Building and maintaining ontologies in an agile and collaborative manner has become a central
paradigm of modern OE to ensure both usefulness and economic feasibility [66]. With the support
of fully-fledged environments such as wikis and similar communication and collaboration platforms,
open and geographically distributed groups of contributors or communities of practice can interact
rapidly and iteratively to build a common understanding of a domain of interest [66, 74]. The
knowledge developed through this collaborative process can then be structured for OE in terms of
concepts, attributes, relationships, constraints, and more [66, 74].

An agile and collaborative OE process typically involves the elicitation of requirements imposed
by the target ontology-based system from users [6, 66, 74]. Since ontologies are rarely used in
isolation but rather as part of broader systems, it is not only essential that these requirements
specify the domain knowledge to be formalised (as is done in most OE methodologies), but also at
least as important to specify the intended use cases [36] that will be supported by the formalisation
of that knowledge, for example, a collection of possible sequences of interactions between a system
and its users that relate to a particular goal [6, 36]. To make use cases realistic, a possible approach
is to collect them based on user stories provided directly by users [6, 13, 57].

(a) Ontology user story in the music domain (b) Ontology user story in the public sector domain

Fig. 1. Examples of standard ontology user stories

A user story can be formulated in different ways, ranging from one to three sentences up to three
brief paragraphs, each focusing on one concrete part of the domain knowledge and one specific use
case, to avoid excessive interpretation by knowledge engineers [6]. Among these formats, the IDEA
framework [13], which extends XD [6], provides one of the most structured templates, introducing
a user story with three parts [13, 87, 88] (see Fig. 1 for examples): (1) Persona—a profile describing
a typical user details of the ontology-based system, such as name, age, occupation, skills, and
interests; (2) User goal—a statement of what this user wants to achieve using the ontology-based
system; and (3) Scenario—a description of the motivations, processes, and expected benefits through
which the ontology-based system is applied or interacted with to help this user accomplish their
goals.

By following this template, well-written user stories can represent different groups of users with
common interests, frustrations, or desires. This helps build real empathy for these groups [6, 51]
and to establish agreement on the design intent, scope, and criteria for success and completion, at
least for a given time frame or a particular release of an ontology [6, 36]. Additionally, they will be
used to transform into Competency Questions (CQs), which are single-sentence natural language
representations of structured queries that the ontology should answer, and serve as guides for

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2018.
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ontology modelling and testing [6, 13, 87]. Finally, they can serve as a means to support informed
judgments about whether an ontology is fit for reuse by enabling an easy comparison of the original
goals and usage scenarios with the needs of a new project [36].
To elicit stories from users in large OE projects, manual synchronous elicitation methods such

as workshops are often employed (e.g., in the ACCIO project [51]). However, it is challenging to
accommodate everyone’s availability for sufficiently long sessions, often resulting in workshops
that are too brief to explore complex user requirements thoroughly. To address this, follow-up
interviews [51] can be conducted after each session, but this approach demands significant time
and effort from knowledge engineers who must interview many users. To reduce scheduling and
time constraints, manual asynchronous methods such as collaborative spreadsheets can be used
(e.g., in the Polifonia project [13, 14]). However, these approaches often lack real-time guidance
and maintenance from knowledge engineers, which can lead to conflicting or poorly formulated
requirements being collected from users.

In recent years, LLM-based systems have attracted increasing interest for supporting OE, as they
can capture semantic relationships and contextual nuances within a domain and generate domain-
relevant content for various OE tasks [2, 52, 53]. For example, Zhang et al. [87] demonstrated
the positive potential of LLM-based conversational agents in supporting user story generation in
OE. However, they also found that users, particularly those unfamiliar with prompting strategies,
often struggle to devise effective prompts to elicit useful outputs, which is a common challenge
identified in many other studies as well [38, 40, 86]. This highlights the importance of providing
prompting support that helps users devise effective prompts [38, 40]. Therefore, we hypothesise
that an LLM-based system can facilitate user story elicitation by offering prompt guidance to
support effective interactions between users and the LLM at different interaction stages where
users commonly encounter prompting trial and error. To validate this hypothesis, we formulate the
following research questions (RQs).

• RQ1: What prompt guidance do users expect at each interaction stage of LLM-based
ontology user story elicitation?

• RQ2: How can prompt guidance be integrated into an LLM-based system to support users
at each interaction stage?

• RQ3: How useful is prompt guidance in supporting users during the ontology requirements
elicitation workflow?

To address RQ1, we implement participatory prompting [19, 61, 88], which combines contextual
inquiry [58] and participatory design [71], with researchers mediating interactions between users
and the LLM. We use this method with knowledge engineers (N = 10) to identify the prompt
guidance needed at each interaction stage. For RQ2, we design and implement the conversational
agent prototype OntoChat, covering the interface, system workflow, and technical implementation,
to guide users in prompting effectively. For RQ3, we evaluate the usability, utility, and effective-
ness of prompt guidance using think-aloud protocols and post-task questionnaires (Likert scale)
with knowledge engineers (N = 24). This paper contributes to LLM-based systems supporting
collaborative OE by providing:

(1) A formative study (N=10) to identify the prompt guidance 1 users expect during different
interaction stages of story generation in OE.

1https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/User_Needs_for_the_LLM_
assisted_Task_Assisting_in_User_Story_Creation.md

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2018.

https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/User_Needs_for_the_LLM_assisted_Task_Assisting_in_User_Story_Creation.md
https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/User_Needs_for_the_LLM_assisted_Task_Assisting_in_User_Story_Creation.md


148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

111:4 Zhao et al.

(2) OntoChat 2, an LLM-based conversational agent that demonstrates this prompt guidance
with a user interface and interaction techniques designed to facilitate story generation in
OE.

(3) A user study (N=24) demonstrating the usefulness of the prompt guidance in supporting
story generation in OE, as presented in Section 5.3.

The structure of this paper is as follows: Section 2 reviews related works. Section 3 presents a
formative study to establish the design goals of OntoChat. Section 4 describes the development and
demonstration of OntoChat. Section 5 reports the user evaluation results. Section 6 discusses key
findings and the study’s limitations. Finally, Section 7 concludes the study and outlines directions
for future work.

2 Related Works
We review (1) the status of ontology engineering methodologies (OEMs) in Section 2.1, (2) methods
and LLM-based supports for ontology requirements elicitation in Section 2.2. Then, considering
that LLM-based support for users in ontology user story elicitation has hardly been explored in the
OE community, we examine (3) more mature LLM-based story elicitation approaches in software
engineering and the creativity domain in Section 2.3.

2.1 Ontology engineering methodologies
Throughout the years, researchers in the Semantic Web community have proposed many OEMs to
provide clear and complete guidance for OE activities. Almost all macro-level OEMs [67, 74, 80]
(which specify the activities to transform an informal domain representation into an ontology)
agree on three core steps : (1) conducting a feasibility study; (2) knowledge acquiring (including
domain analysis, conceptualization, and transformation into an ontology using a formal language
such as OWL); and (3) maintaining and updating the ontology to address new requirements.
Among macro-level OEMs, the earliest are Waterfall OEMs [22] (e.g. METHONTOLOGY [21]),

which define an ordered sequence of steps from need clarification to ontology release. In these
approaches, collaboration is not strongly emphasised; domain experts often play a passive role
while ontology engineers lead the process and control the interaction. Later, Lifecycle OEMs [46]
(e.g., UPON [16]) treat ontologies as evolving products involving human operators, processes,
and technologies, allowing the ontology to evolve by passing through each phase in its lifecycle
multiple times, not necessarily in a fixed order, with some phases occurring in parallel. The most
recent evolution in OEMs is the adoption of Agile methodologies [55, 72], which reduce the role
of ontology engineers to the final step of formalisation with ontological languages and instead
focus on domain experts and stakeholders as co-participants in the engineering process to create
a shared conceptualisation of the domain. These methods are widely used when it is important
to involve the stakeholder community in development activities and to support participants with
limited technical expertise.

Our work focuses on agile and collaborative OEMs. One of the first agile OEMs being proposed
is XP.K [39] in 2002, which adapts Extreme Programming (XP) values to knowledge-based systems
by generalising communication to the community and encourages teams to build collaborative
infrastructure and foster respect for all team members’ attitudes, backgrounds, and languages.
In 2003, EXPLODE [32] was introduced as an agile method that uses CQs to guide requirement
extraction and system constraints, enabling iterative development through CQs testing, planning,
implementation, and continuous integration with frequent small releases. RapidOWL [5], proposed
in 2006 and inspired by XP.K, incorporates Wiki-based concepts to promote joint development

2https://huggingface.co/spaces/1hangzhao/OntoChat
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and iterative refinement of generic knowledge bases. Unlike XP.K, which targets specific scenarios,
RapidOWL focuses on generic bases and involves domain experts as part-time knowledge engineers.
While these early agile OEMs introduced collaborative and iterative principles, they often produced
large monolithic ontologies without support for reuse or modularisation, which later methodologies
sought to improve for better maintainability.

AMOD [24], proposed in 2014, is among the first approaches to support the creation and merging
of independent ontology modules into a larger, generic ontology, based on groups of CQs produced
from real-life scenarios (expert stories) provided by domain experts. Later, SAMOD [54], proposed
in 2016, follows a similar process but specifies an iterative testing step: a produced ontology module
based on a scenario is tested to check if it can answer all the CQs for the target ontology. If it cannot,
the scenario is modified by adding more complexity or by developing and merging additional
scenarios to produce a new ontology module until all CQs are addressed, making the final module
the target ontology. While these agile OEMs support modular development to increase reuse and
maintenance, domain experts are only involved in providing initial scenarios (stories), leaving
ontology engineers with the majority of the burden for the detailed modelling and formalisation
stages [74].
UPONLite [15], proposed in 2016, gives non-ontology specialists such as users (e.g., business

experts) a central role by allowing them to use familiar tools like spreadsheets and conceptual
maps to produce the domain conceptualization and specification, which reduces the involvement
of ontology engineers until the final step of formalization. LOT [56], introduced in 2022, provides
detailed guidance for collaborative activities, including use case specification and evaluation, which
is currently lacking in UPONLite. AgiSCOnt [74], proposed in 2023, integrates concise, flexible,
and adaptive developing instructions (currently lacking in most OEMs such as UPONLite, LOT,
and SAMOD) throughout the OE process to support tasks such as exploring ontologies, comparing
versions, debugging, and testing, especially for novice ontologists. Overall, these agile OEMs aim
to shift responsibility for ontology building toward a community of non-ontology users through a
social, highly participative approach supported by easy-to-use methods and tools. However, such
extensive collaboration increases the manual effort required from knowledge engineers, ontology
engineers, and users, highlighting the need for (semi-)automated OEMs in the era of LLM. More
details on the role of these LLM-based OEMs in supporting requirements elicitation are provided
in Section 2.2.

2.2 Ontology requirements elicitation
For ontology requirements elicitation, including domain knowledge, use cases, and more, the
knowledge engineer is responsible for gathering requirements from users such as domain experts,
contributors, stakeholders, or even themselves if they have relevant expertise or dual roles, or from
available text corpora such as basic concepts and relationships within the domain.

To gather knowledge or use cases (stories) from users, unstructured interviews and workshops
are helpful in the early stages when knowledge engineers lack familiarity with the domain. These
interviews help engineers build empathy with users and gain an initial understanding before using
structured techniques [10]. Once engineers gain some domain understanding (if it is through use
cases, they need to extract key concepts), they can then use methods like card sorting [63], triad
analysis [60], and twenty questions [35] to uncover how experts identify shared and unique char-
acteristics among these domain concepts. Additionally, twenty questions [35] further determine
the heuristics experts use in their problem-solving process. However, these manual elicitation
techniques pose challenges, including scheduling and time constraints, where LLM-based (semi)
automated systems can help. Existing work [87] used expert surveys and reported positive feed-
back on the potential of LLM-based conversational workflows to support ontology requirements
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elicitation. However, the specific prompting support needed by users unfamiliar with prompting
strategies for effective interaction during this process has not been systematically examined.

To gather knowledge from available text corpora, (semi-) automated frameworks are often used.
These methods fall into two groups [4]: classification-based NLP methods [70] and LLM-based ap-
proaches. Classification-based (or clustering-based) NLP methods, such as named-entity recognition,
information extraction, and analysis of lexical and syntactic features, have been used to help in
three basic tasks of extracting knowledge from text: term extraction [33], synonym detection [31],
and relationship extraction [43]. They utilise corpora, such as textbooks, journal articles, and other
knowledge resources, to identify relevant terms and relationships. These terms and relationships are
then combined automatically or with expert review [17, 31]. While these approaches can capture
domain-specific knowledge, they often remain limited to specific domains due to their reliance on
domain-specific patterns and expertise [17]. LLM-based approaches use large pre-trained models to
capture broader semantic relationships and generate required content. For example, AutOnto [4],
proposed in 2024, follows several key steps described in NLP-based tasks above (extracts relevant
information from corpora, discovers information patterns), and also enriches extracted terms se-
mantically to provide more context and clarity. Besides these, LLM-based approaches have also been
used for other requirements elicitation tasks like generating and retrofitting CQs [1, 3, 9, 59]. They
differ in the resources used for prompts. For example, AgOCQs [3] and NeOn-GPT [20] generate
CQs from domain texts and controlled templates, with AgOCQs filtering outputs through semantic
grouping. However, both face challenges in generalising to diverse or sparsely documented domains.
When ontologies lack well-documented CQs, RevOnt [9] and RETROFIT-CQs [1] generate CQs from
the ontology itself, improving documentation and reusability. The effectiveness of these methods
still depends on the quality and structure of the underlying ontology. Despite the development of
LLM-based frameworks for generating CQs from existing natural language text, the generation of
use cases (stories) has received limited exploration.

2.3 User story elicitation
Ontologies are rarely used in isolation, but rather as part of an application or software system [6]. To
determine what the ontology-based system or the ontology itself needs to provide, in what context,
and for what purpose, use cases are essential [36]. They help define the scope of work, clarify
criteria for success and completion, and support decisions about ontology reuse [6, 36]. Without
clear scoping, ontology projects can lose focus and lack clear termination criteria [36]. One possible
way to ensure use cases are realistic is to base them on user stories collected directly from users
[6, 13, 57]. Users should primarily be stakeholders, which at least includes knowledge engineers
and domain experts, since domain knowledge is provided by them for the specific purpose of an
ontology-based system [6, 36]. The story elicitation process is usually the responsibility of knowl-
edge engineers, who use methods such as interviews, workshops, or collaborative spreadsheets
to collect stories and create a conceptual model of the domain from these stories [66]. They then
represent this conceptual model in a suitable knowledge representation language that ontology
engineers can understand [66].
Considering that the current extensive manual elicitation process is resource-intensive and

existing LLM-based (semi-)automation frameworks are limited in this area, we therefore summarise
research on LLM-based user story elicitation in software engineering and the creativity domain,
where such approaches have been more extensively explored. This aims to understand better how
LLM-based systems can streamline the process of gathering ontology requirements from human
experts. In software engineering, user stories are often collected through structured dialogues.
For example, Tumenjargal et al. [75] and Nakata et al. [45] develop chatbots that guide users in
articulating needs, clarifying inputs, and identifying missing functionality or preferences. These
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systems recognise user intent, extract relevant entities, and organise this information into actionable
formats. They undergo iterative refinement based on user feedback, particularly in handling domain-
specific terminology. However, these chatbots rely heavily on predefined conversational flows,
which limits their adaptability to unexpected inputs and restricts the collection of richer contextual
details. In the creativity domain, user stories (narratives) are often gathered through dynamic
dialogues, focusing on contextual depth and emotional insights [68]. Wei et al. [81] design chatbots
to collect self-reports through natural conversations, striking a balance between structured data
collection and an open dialogue format. Kim et al. [37] develop MindfulDiary, which supports
psychiatric patients in journaling through dynamically generated prompts and reflective questions,
ensuring users are guided without feeling overwhelmed. Seo et al. [62] introduce ChaCha, a
chatbot that facilitates emotional storytelling in children by building rapport, assisting in emotion
identification, and utilising visual aids such as emojis for accessibility. However, user responses
from these chatbots are not entirely reliable, as conversational flow is difficult to control, making
goal-oriented elicitation challenging. Additionally, these systems struggle to maintain engagement
in longer or more complex conversations. Based on these insights, collecting ontology user stories
from users requires an LLM-based conversational agent to be designed with predefined interaction
stages to ensure a goal-oriented process, while providing flexible support at each stage to facilitate
effective user engagement.

3 Formative study
We conducted a formative study to understand the prompt guidance that users expect at each stage
of interaction with LLM-based ontology user story elicitation. Section 3.1 introduces the LLM-based
system we used, Section 3.2 introduces our participants, Section 3.3 details the study methods and
procedure, Section 3.4 summarises the findings, and Section 3.5 outlines the resulting design goals.

3.1 Choice of LLM-based system
We chose the GPT-4o web interface 3, which is built upon a single LLM and includes UI elements
and supporting modules, thereby replicating an advanced, realistic LLM-based system environment
for user interaction. This choice was made because GPT-4o’s web interface provides the ability to
edit the original prompt based on responses, which is important in this user study for assessing the
comparative quality of responses at each interaction stage. In addition, we compared GPT-4o’s web
interface with the Gemini 1.0 Ultra web interface by submitting example user queries at different
stages of user story generation. The quality of responses and potential participant reactions to
each system were evaluated, focusing on which would enable the most insightful interactions. This
evaluation found that the GPT-4o web interface offers a more stable and responsive user experience
and supports insightful interactions, both of which are key to ensuring the user study proceeds
smoothly.

3.2 Participants
To understand the process of eliciting ontology user stories, we recruited 10 knowledge engineers
specialising in OE, all of whom participated as volunteers. We selected them because they are
expected to have experience in either requirements elicitation or translating user requirements into
ontology modelling. This expertise enabled them to evaluate better which prompt guidance helps
generate stories that are beneficial for ontology development, rather than producing interesting
but non-essential stories.

3https://chatgpt.com/
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To ensure diversity in participants’ backgrounds and OE expertise, we conducted recruitment
over a month through university mailing lists and MuseIT partners 4. The recruitment covered 12
organisations, including research institutions, software development SMEs, and cultural and arts
organisations from EU member countries, the United States, and the United Kingdom. However,
the OE field is highly specialised, with fewer experts compared to broader areas such as machine
learning or AI, making it challenging to find suitable participants. At the same time, we relied on
voluntary participation to ensure genuine interest, which led to more meaningful data; however,
this approach may have limited the number of suitable participants. In addition, the complex,
multi-stage, and time-consuming nature of participatory prompting further limited recruitment.
Finally, we recruited 10 participants: 7 are PhD researchers and 3 hold master’s degrees; 6 work in
academia and 4 work in industry.

(a) Familiarity with related technical backgrounds (b) Expertise domains of participants (excluding OE)

Fig. 2. Participant demographics distribution

We provide an overview of their demographic information in Fig. 2. We found that 3/10 knowl-
edge engineers reported being only “slightly familiar” with ontology requirements engineering
(ORE) or knowledge graphs (KGs). This can occur because some knowledge engineers focus mainly
on knowledge representation (e.g., defining classes and properties) and have less involvement in
requirements elicitation (e.g., gathering use cases), or vice versa. Including participants with diverse
backgrounds can benefit the formative study by revealing different user needs for prompting
support, which helps make the resulting prompt guidance framework more widely applicable.
Ethical approval is granted by the King’s College London Research Ethics Committee (24/01/2024,
MRSP-23/24-41128), with all participants providing informed consent and no personal data collected.

3.3 Study process
We introduce the study method we use, participatory prompting [19, 61, 88], in Section 3.3.1. The
whole user study script is available online 5. Additionally, we provide an illustrative example 6,
demonstrating the application of participatory prompting in the user goal generation subtask for
one of our participants.

3.3.1 Participatory prompting. The participatory prompting method, first proposed by Sarkar et al.
[61], is a user-centric research approach that combines principles of contextual inquiry [58] and
participatory design [71]. In participatory prompting, researchers mediate participant interactions
with a functional LLM-based system to identify the prompt guidance users need at each stage of
interaction. The researcher-as-relay format [19] (illustrated in Fig. 3) is used: participants pose
4https://www.muse-it.eu/whoweare
5https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/Study_Script_for_User_
Story_Writing.md
6https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/PID7_User_Goal_
Description_Generation_Illustrative_Example.md

J. ACM, Vol. 37, No. 4, Article 111. Publication date: August 2018.

https://www.muse-it.eu/whoweare
https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/Study_Script_for_User_Story_Writing.md
https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/Study_Script_for_User_Story_Writing.md
https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/PID7_User_Goal_Description_Generation_Illustrative_Example.md
https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/PID7_User_Goal_Description_Generation_Illustrative_Example.md


393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

OntoChat Assistant for User Story Generation in Ontology Engineering 111:9

queries to the researcher, asking the LLM to generate a specific part of a story for a real OE project
they have participated in. The researcher reformulates these queries using pre-identified prompting
strategies and submits them to the LLM. Participants then review, reflect on, and build upon the
model’s responses to determine their next queries, guided by the researcher. This dialogue and
participants’ reflections on response satisfaction are analysed to identify effective prompt guidance
needed during story generation. A key advantage of participatory prompting over low-fidelity
prototyping [69] and Wizard-of-Oz methods [26, 42] is that it grounds studies in “actually existing
AI” [7] capabilities rather than relying on simulations or speculative design probes. Compared
to experiments with fully functional prototypes, it enables researchers to utilise off-the-shelf AI
systems with minimal engineering effort and explore various use cases flexibly during the study,
which may not be possible with a more constrained prototype.

Fig. 3. Pipeline of participatory prompting

3.3.2 Step 1 - Query initiation. Participants are asked to use the GPT-4o web interface to generate
a story for a real OE project they have participated in. They have been given an ontology user story
template 7 to refer to, which includes three sections: persona, user goal, and scenario. This template
is proposed by the IDEA framework [13], which extends XD [6] and has been widely adopted in
OE [6, 13, 87, 88]. Its foundational framework is also well established in software engineering (SE),
drawing on methodologies such as eXtreme Programming (XP) [65] and the experience factory [8].

Once participants have a query for LLM support in mind, they are asked to type it and send it to
the researcher for refinement. Because participants are given a template to follow, we acknowledge
that, as with any structured template, there is a risk that participants may feel limited in expressing
their queries, or that the LLM may adhere too closely to the template, potentially restricting the
evolution of story content. However, participatory prompting helps mitigate these issues by en-
couraging participants to reflect on the generated content and formulate follow-up queries based
on their original intentions. This process guides the LLM to refine stories according to user needs,
rather than rigidly following the initial template, which serves only as a reference.

3.3.3 Step 2 - Prompt refinement. The reason that participants send their queries to the researcher
instead of directly to the LLM is due to a widely documented prompting challenge: users, espe-
cially those unfamiliar with prompting strategies, often struggle to devise effective prompts that
elicit accurate and relevant outputs [38, 82, 86]. To address this limitation, participatory prompting
involves the mediation of an expert researcher with knowledge and experience in prompt design,

7https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/Ontology_User_Story_
Template.png
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who helps participants refine their initial query to an effective prompt by using pre-identified
prompting strategies 8.

These pre-identified prompting strategies were independently developed by two researchers for
the GPT-4o web interface over two weeks, using a range of real OE projects as story generation
scenarios drawn from their own professional experience and followed widely recognized strategies
from online tutorials, blogs, and research papers [40, 61]. At the end of this period, they met to
discuss and formalise a list of effective prompting strategies and their application in different
scenarios likely to arise during this study. These strategies incorporate elements such as system
instructions, personas, constraints, tone, context, reasoning steps, few-shot examples, and response
formatting as needed. However, even with a carefully designed strategy list, we found that many
adjustments still had to be made ad hoc and in situ during practice.
The effective prompt, formulated by the researcher using the user query and pre-identified

prompt template, is then submitted to GPT-4o’s web interface, which generates a response. The
researcher then engages the participant with reflection-oriented elicitation questions 5 to help
assess whether the generated response meets their intentions. Based on the participant’s feedback,
the researcher iteratively adjusts the prompt and elicits new responses from GPT-4o until the
participant is satisfied with the outcome. Once an effective prompting strategy that leads to a
satisfactory response is identified, it is combined with other effective strategies (found in similar
queries from other sessions) to create a reusable prompt template for future users. This process
minimises repeated prompting trial and error, and supports more efficient interactions with the
LLM. After addressing one user’s query, the researcher guides the participant to continue generating
the story until all parts are completed.

3.3.4 Data analysis. During each participatory prompting session, we collected demographic data
(see Fig. 2) and recorded the screen sessions (user queries, prompting trials and errors, and LLM-gen-
erated responses) and the voice (participants’ reflections and researcher guidance). We transcribed
recordings from all 10 participants and anonymised them using PIDs. The qualitative analysis
began with open coding, assigning 95 distinct codes to different prompt strategies validated as
effective through a line-by-line review of the prompting trials, errors, and participants’ reflections.
This was followed by axial coding to group related codes into 43 broader categories (each category
representing a user query), and thematic analysis to synthesise these categories into 8 overarching
themes (each representing an interaction stage in story generation) To ensure consistency, the sole
coder revisited the initial coding after a two-week interval to assess reliability. Discrepancies, which
appeared in approximately 7% of the codes, were resolved through iterative revisions, resulting in
a consistent coding scheme.

3.4 Findings
To address the challenge that users, especially those unfamiliar with prompting strategies, face in
devising effective prompts that elicit accurate and relevant LLM outputs [38, 82, 86], we need to an-
swer RQ1 - What prompt guidance do users expect at each interaction stage of LLM-based ontology user
story elicitation? The interaction stages are identified by grouping user queries, which mark points
where users commonly encounter prompting trial and error and need prompt guidance (see Section
3.3.4). After we identified the interaction stages, we examined what prompt guidance an LLM-based
system can replicate from the researcher’s role during the story generation process to support users
in effective prompting when the researcher is not present. The researcher’s role involves refining
participants’ queries into prompts using pre-identified prompting strategies. Therefore, to enable
8https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/Pre_identified_Prompts_for_
Ontology_User_Story_Elicitation.md
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an LLM-based system to offer prompting strategies for users to refine their queries, we created
reusable prompt templates by combining the effective prompt strategies (response constraints)
within each interaction stage and generalising them with placeholders for user customisation. See
Fig. 4 for an example template, created for the third interaction stage, “Action,” where users are
asked to describe the steps required to build an ontology-based system for their objective. The
complete list of templates for each interaction stage is available online 1. These prompt templates
are widely applicable and can be used by future users, who can efficiently interact with the LLM by
editing the placeholders in each template. This helps minimise prompting trial and error.

Fig. 4. Prompt template in OntoChat: (a) Mandatory placeholders, which users must fill in to provide basic
information. (b) Optional placeholders, which allow users to add more detail; if left blank, the LLM will
automatically fill them in the response to enhance the breadth and depth of the story. (c) Constraints, which
include effective prompting strategies that guide the LLM to refine responses for clarity and relevance.

3.5 Design goals
To enable an LLM-based system to provide prompt templates 1 that support effective user prompting
in the ontology user stories generation workflow, we identify four design goals for OntoChat to
implement, building on the GPT-4o web interface used in our formative study.

• DG1: OntoChat should propose elicitation questions, provide example answers, and rec-
ommend the most suitable prompt template 1 at each interaction stage to guide users in
effective prompting during the story generation process.

• DG2: OntoChat should provide a template library to enable users to choose the suggested
template.

• DG3: Each prompt template should be designed to support user customisation.
• DG4: OntoChat should iteratively ask users for feedback and refine the generated content
based on their feedback until the user is satisfied.

4 OntoChat
In this section, guided by the design goals, we present the OntoChat user interface in Section 4.1,
demonstrate the story generationworkflow in Section 4.2, and describe the technical implementation
in Section 4.3.

4.1 Interface design
4.1.1 Conversational interface. We outline the conversational interface elements of OntoChat in
Fig. 5, which consists of six components designed to guide users in effectively prompting during
the ontology user story generation process.
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(a) Introductory (DG1). Shows the introductory
message about the elicitation process and how to use
prompt templates for first-time users. (b) Elicitation
question (DG1). Begins the elicitation process by
asking a real-time elicitation question, providing an
example answer, and recommending a template.

(c) Prompt template library (DG2). Displays the
templates for users to view and select; the chosen tem-
plate is automatically populated into the user input
box. (d) User input box (DG3). Allows users to write
prompts from scratch or edit the selected template to
tailor their responses.

(e) Generated output (DG4). Shows OntoChat’s
response generated from user input and structured in
a story template.

(f) Generation refinement (DG4). Prompts the user
for feedback and displays refined stories after each
round of feedback.

Fig. 5. OntoChat user interface

4.2 System workflow
The system workflow of OntoChat, as shown in Fig. 6, consists of two main processes: user story
elicitation (Fig. 6a) and user story refinement (Fig. 6b), supporting story generation in OE.
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(a) User story elicitation workflow: Shows the guid-
ance OntoChat provides to users during the story
elicitation process to help them prompt effectively
based on corresponding elicitation questions.

(b) User story refinement workflow: Shows the iter-
ative story refinement process, which will terminate
only if all parts are approved by users, to ensure the
final story meets their expectations.

Fig. 6. System workflow of OntoChat user story generation

4.3 Technical implementation
OntoChat is developed as a web-based system hosted on Hugging Face Spaces2 and is available
under the MIT license on GitHub9, supporting deployment on a local server. Its frontend prototype
uses Gradio, as it provides a seamless framework for integrating LLM-based conversational func-
tions with an intuitive user interface. The backend runs on Python 3.11 (required by Gradio) and
leverages OpenAI’s GPT-4o [34] API (which outperformed other LLM models for ontology user
story generation in our pilot study period, as detailed in Section 3.1). For the backend prompts,
we make them publicly accessible online in a separate file 10. These prompts include: (1) Persona,
assigning OntoChat the role of a knowledge engineer; (2) System instructions, defining tasks for
assisting in ontology user story generation; (3) Context, incorporating relevant conversation history
to support task execution; and (4) Few-shot examples, providing standard responses that demonstrate
expected outputs for each story generation stage.

5 Evaluation
To answer RQ3 – How useful is prompt guidance in supporting users during the ontology requirements
elicitation workflow? , we use widely recognised and validated system usefulness metrics, usability
and utility, from Nielsen Norman Group [47] to evaluate how prompt templates support effective
prompting in the story generation workflow. Similar to some technology acceptance metrics such
as Technology Acceptance Model (TAM) [12] or Unified Theory of Acceptance and Use of Technol-
ogy (UTAUT) [78], we assess perceived ease of use, behavioural intention, and result satisfaction.
However, unlike TAM or UTAUT, which focus on overall user attitude and external influences [25],
our metrics provide detailed usability and utility evaluation for each system feature. This allows
us to understand how well each feature meets user needs for effective prompting, addressing a
limitation of TAM and UTAUT, which pay little attention to the system feature-level fitness for
specific user tasks [25]. To be more specific, our metrics: (1) evaluate each system feature’s ease of
use, overall efficiency, and behavioural intention as measures of EQ1 – Usability; (2) evaluate the
extent to which functionality meets user needs as EQ2 – Utility; and (3) assess result generation
for well-formedness, relevance, and helpfulness for OE as EQ3 – Effectiveness. The evaluation
questions are as follows.

• EQ1 - Usability: To what extent do users find OntoChat’s prompt templates easy to use?
• EQ2 - Utility: To what extent do prompt templates meet users’ needs during the story
generation process?

9https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/tree/main
10https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/OntoChat_Backend_
Prompts.md
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• EQ3 - Effectiveness: To what extent does the use of prompt templates result in satisfactory
stories being generated?

For EQ1, we assess: EQ1.1 User understanding: To what extent do users understand the purpose
of (EQ1.1.1) the prompt template library, (EQ1.1.2) the placeholders within each template, and
(EQ1.1.3) the embedded constraints within each template? EQ1.2 Ease of locating: To what extent can
users easily (EQ1.2.1) locate appropriate templates for each interaction stage, and (EQ1.2.2) identify
all placeholders that need editing? EQ1.3 Ease of using: To what extent is it intuitive for users to
(EQ1.3.1) select a template by clicking on it and (EQ1.3.2) modify template by editing placeholders?
EQ1.4 Efficiency: To what extent do prompt templates help users generate stories quickly? EQ1.5
Inclination: To what extent are users inclined to utilise the provided templates?

For EQ2, we assess: EQ2.1 Template library: To what extent does the library provide the necessary
templates at each interaction stage? EQ2.2 Template placeholders: To what extent do placeholders
support user needs for personalising responses? EQ2.3 Template embedded constraints: To what
extent do embedded constraints guide OntoChat’s responses to align with user requirements?

For EQ3, we assess: EQ3.1 Relevance: To what extent are the generated stories relevant to users’
projects? EQ3.2 Helpfulness: To what extent are the generated stories helpful for the ontology con-
struction process? EQ3.3 Well-formedness: To what extent do the generated stories have a complete
structure?
For the remainder of this section, we introduce our participants in Section 5.1, describe our

evaluation study using the think-aloud protocol in Section 5.2, and present the results of the user
evaluation in Section 5.3.

5.1 Participants
To avoid bias from prior exposure, we recruited a new group of 24 knowledge engineers focused
on OE to participate in the evaluation study, all as volunteers. This number is limited by the
challenge of recruiting participants in a highly specialised domain, as discussed in Section 3.2.
These participants are expected to have experience in either requirements elicitation or translating
user requirements into ontology modelling, so they can assess whether the prompt guidance is
useful for generating stories that benefit later ontology development.
To ensure participants with diverse backgrounds and OE expertise, we conducted recruitment

over 2 months through the W3C Semantic Web public mailing list 11, an active forum for over 20
years where experts and newcomers from various backgrounds share knowledge and collaborate
on advancing Semantic Web technologies. At the same time, to ensure the evaluation reflects a
real OE process, participants were asked to use OntoChat to generate stories for their current or
previous OE projects. An overview of their demographic information is provided in Fig. 7.

(a) Familiarity with related topics (b) Participant project application domains in OE

Fig. 7. Participant demographics distribution

11https://lists.w3.org/Archives/Public/semantic-web/
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We found that 9/24 knowledge engineers were at most “slightly familiar” with ontology user
stories. This is likely because many focus mainly on CQs elicitation from corpora or knowledge
representation (e.g., defining classes and properties), with little experience in story elicitation. Pos-
sible reasons include the projects they participated in often skipping use cases (stories) elicitation
and moving directly to modelling due to time constraints, even though well-written use cases are
recognised as critical for scoping ontology projects [36]. We accepted this variance, and during
each session, we provided an introduction explaining ontology user stories and their uses, and
clarified all participants’ questions until none remained.

5.2 Study process
5.2.1 Think-aloud protocol and post-task questionnaire (Likert scale). We follow the pipeline in Fig.
8, beginning with the widely validated think-aloud protocols [77] for qualitative data collection.
This includes Concurrent Think-Aloud (CTA) and Stimulated Retrospective Think-Aloud (RTA) [76].
In CTA, participants are introduced to background information 12, then asked to use OntoChat to
generate an ontology user story for an OE project they have participated in, while verbalising their
thoughts, emotions, and actions. This provides direct insights into their experience using prompt
templates. However, CTA may disrupt natural workflows due to cognitive load. Therefore, CTA is
commonly followed by RTA, conducted after the task using video recordings to support reflection.
In RTA, participants are guided by open-ended questions to reflect on their challenges and the
features they find most helpful when using prompt templates. However, think-aloud protocols
alone may not capture users’ overall perceptions in a quantifiable form suitable for comparison.
Therefore, a Likert-scale questionnaire 13 is administered after the think-aloud sessions to let users
quantify their perceptions of OntoChat’s usefulness.

Fig. 8. Pipeline of user evaluation

Additionally, to capture and validate user and system behaviours during each interaction stage,
observation checklists 14 are employed. These together help researchers triangulate qualitative and
quantitative findings for a comprehensive evaluation of OntoChat.

5.2.2 Data analysis. The data analysis involves both qualitative and quantitative approaches.
Screen data (including user queries, prompting trials and errors, and LLM-generated responses)
and voice inputs (capturing participants’ experience sharing and researcher guidance) from 24
participants are transcribed and anonymised using PID. The qualitative analysis includes open
coding of participant experiences, with 230 distinct codes assigned through line-by-line review,
followed by axial coding to group related codes into 53 broader categories (different challenges
faced, points of satisfaction, and feature recommendations), and thematic analysis to synthesise
12https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/Background_Information.
md
13https://forms.gle/B83A93Jv9AAUffEA9
14https://github.com/King-s-Knowledge-Graph-Lab/OntoChat/blob/main/assets/user_study/Researcher_Observation_
Checklist.md
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these categories into 8 overarching themes (different interaction stages). To ensure consistency,
the sole coder revisits the initial coding after a two-week interval to evaluate the reliability of the
code application. During this review, discrepancies are identified in approximately 6% of the codes,
particularly in feedback on the effectiveness of elicitation methods, which sometimes conflict within
or across participants’ responses. These discrepancies are resolved through iterative revisions,
ensuring a consistent coding scheme is maintained. Quantitative data are analysed using statistical
methods, with findings visualised using stacked bar charts, pie charts, and correlation heat maps.
Data triangulation identifies convergence points between qualitative themes and quantitative
results, enhancing the robustness of the analysis.

5.3 Results
To answer EQ1, EQ2, and EQ3 in Section 5, we present an analysis of post-task questionnaire
responses in Fig. 9, and we then combine findings from researcher observations and think-aloud to
describe participants’ assessment of prompt templates’ usefulness for effective prompting in story
generation for each of EQs in following paragraphs.

Fig. 9. User ratings on the usefulness of prompt templates

EQ1.1 evaluates the ease of understanding prompt templates. At least 22/24 participants
rated at least 4 (easy to understand) for each of EQ1.1.1 (purpose of the prompt library), EQ1.1.2
(purpose of placeholders within templates), and EQ1.1.3 (purpose of embedded constraints within
templates). However, one main confusion identified was about understanding the purpose of the
prompt library. For example, PID 2 and PID 11 initially thought templates like “Create Persona”
were navigation buttons and expected that clicking would open a new step. As PID 2 said, “I think
clicking the label will lead me to a new interface, but it doesn’t work, so I am confused about what to
do next.” After reading the introductory message and trying the system, they realised templates
are for prompt crafting. They reflected that this confusion came from limited onboarding and a
lack of visual cues, as they only received a static introductory message. Based on this, a potential
solution is to add step-by-step interactive tutorials with examples and visual cues, as these can
reduce users’ cognitive load when learning a new system and enhance user sensemaking [23, 84].
EQ1.2 evaluates the ease of locating prompt templates and placeholders. At least 20/24

participants rated at least 4 (easy to locate) for both EQ1.2.1 (appropriate templates for their current
interaction stage) and EQ1.2.2 (placeholders within templates that required personalisation). The
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remaining participants did not encounter issues, but four suggested adding a “Click to use” button
to automatically fill the input window with suggested templates without requiring a search of the
library. This suggestion aligns with work on using quick-action buttons to reduce user effort and
improve efficiency during interaction [28].

EQ1.3 evaluates the ease of using prompt templates.At least 19/24 participants rated at least
4 (easy to use) for both EQ1.3.1 (selecting a template by clicking on it) and EQ1.3.2 (modifying the
template by editing placeholders). The remaining participants did not encounter major issues. Some
minor issues were noted; for example, PID 11 did not perceive templates as clickable buttons due to
the absence of arrows indicating clickability. However, this can be considered a niche individual
preference, as all other participants used them without difficulty.

Fig. 10. The efficiency of using prompt templates to support users during story generation

EQ1.4 evaluates the efficiency of using prompt templates to help users generate stories.
We analysed users’ feedback on whether reading or editing prompt templates, placeholders, and
constraints caused fatigue or boredom, which can reduce attention, motivation, and influence
efficiency. Fig. 10 shows that 6/24 participants reported fatigue when reading templates and editing
constraints. For example, PID 23 said, “I feel tired to be responsible for editing so many constraints
for so many templates to finish a single story!” This may be because, although OntoChat uses the
widely validated “chunking” principle [64] in HCI by breaking down story generation into smaller,
manageable stages with template support to reduce cognitive load, too many similar steps (editing
templates) make users feel they are repeating the same actions and must refocus often, which
increases perceived effort and leads to fatigue. One possible solution is to reduce the “gulf of
execution,” which is the gap between what users want to do and how to do it in the system [50].
For example, auto-filling placeholders based on context could help reduce users’ effort in editing
templates.
EQ1.5 evaluates users’ inclination to utilise the provided templates for interaction. At

least 23/24 participants rated at least 4, indicating users are highly willing to use the templates. One
possible reason is that prompt templates address a common mismatch challenge [19] between an
LLM-based chatbot’s actual capabilities and users’ initial understanding in multi-step knowledge
acquisition workflows. This challenge can lead to repetitive and frustrating interactions [28], where
users try to figure out how to interact effectively through trial-and-error in text input boxes, often
starting with generic prompts like “Can you...” . In contrast, prompt templates offer a low-interac-
tion-cost approach [48, 49]. They present (1) the range of tasks the chatbot can handle through a
template library overview, so users can quickly see what is possible; (2) pre-filled effective prompt-
ing strategies (constraints), so users do not need to worry about how to prompt effectively and can
reduce trial-and-error for refinement; and (3) pre-filled constraints also clarify how responses are
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generated, which helps users understand the process and increases their confidence in interacting
with the chatbot.
EQ2 evaluates whether prompt templates meet users’ needs. At least 20/24 participants

rated at least 4 (satisfied) for each of the following: EQ2.1 (the library provides necessary templates
at each interaction stage), EQ2.2 (the template provides necessary placeholders to help users
personalise responses), and EQ2.3 (the template provides necessary constraints to guide OntoChat’s
responses). However, 5/24 participants found that additional prompting strategies (embedded
constraints) are needed in the prompt template. They observed that OntoChat sometimes replaces
technical jargon with semantically similar terms or introduces new processes without explanation,
making it difficult to track and validate changes. Therefore, they expressed the need for prompting
strategies to guide OntoChat to explicitly state what changes it made based on the last response and
provide justification for those modifications. This aligns with research advocating for transparency
in AI-driven OE [41].

Fig. 11. Evaluating robustness of prompt template effectiveness

EQ3 evaluates the effectiveness of using prompt templates. At least 21/24 participants
rated at least 4, indicating that the resulting stories are relevant to their project (EQ3.1) and the
resulting stories are helpful for ontology construction (EQ3.2). For EQ3.2 (the well-formedness
of generated stories), the researcher manually annotated each generated story’s structure (1 for
incomplete, 5 for fully complete) based on whether it contains all 8 artefacts of an ontology user
story: persona, user goal, actions, keywords, current methods, challenges, new methods, and out-
comes. Annotations were validated twice, with a one-week interval, and any discrepancies were
resolved. We found that 12/24 generated stories were rated as 5 (fully complete), 10/24 as 4 (mostly
complete), and 2/24 as 3 (partially complete). The main area of incompleteness was the “outcome”
artefact, which often merely stated that the “user goal” was achieved, without describing the
specific benefits provided by the ontology-based system. In addition, we assess the robustness of
effectiveness. Fig. 11 presents the Spearman correlation coefficients among the story satisfaction
metrics (helpfulness, relevance, well-formedness) and their correlations with user background
factors. The consistently high internal correlations (all 𝑟 in the range of [0.68, 0.75], all 𝑝 ≤ 0.05)
among story satisfaction metrics indicate that OntoChat supports all aspects of story satisfaction
together, not just one at the expense of others. The weak and non-significant correlations (all
𝑟 in the range of [-0.077 0.093], all 𝑝 ≥ 0.05) with user background further indicate that prompt
templates help users achieve satisfactory stories regardless of their prior experience with KG, user
stories, or AI chatbots. Together, these findings confirm that the use of prompt templates is a robust
(reliable and widely applicable) method for effective ontology story generation.
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6 Discussion
In this section, we reflect on the participatory prompting methodology (Section 6.1), design goal
fulfilment (Section 6.2), the usefulness of OntoChat for OE (Section 6.3), story elicitation methods
(Section 6.4), quality metrics and datasets creation for LMs fine-tuning (Section 6.5).

6.1 Reflections on participatory prompting
Participatory prompting involves multiple cycles in which participants ask queries or provide
feedback on previous outputs, and researchers convert these queries or feedback into prompts.
These iterative cycles are time-intensive and sometimes discourage users from testing their initial
ideas. Since every conversion requires researchers to spend time reviewing pre-identified templates
and manually drafting prompts, all participants (5/5) in our pilot study tend to carefully consider
each query or feedback before presenting it. This cautious approach results in some potential initial
ideas remaining untested. Since we observed this during our pilot study, we mitigated it in our
formative study by designing user prompts that actively encourage participants to provide feedback
on the LLM’s responses.
Additionally, as discussed in Section 3.3.3, the set of pre-identified prompting strategies was

tested only in a limited set of real OE project scenarios in which the two researchers participated.
Following the discussion, the researchers agreed that certain strategies were broadly effective
across various domains. For example, asking for explanations to clarify logic (“Explain why you
chose this approach”), adding more examples to make concepts clear (“Give another example of this
concept”), breaking down tasks into smaller steps to reduce complexity (“List the steps needed to
complete this task”), and using specific methods or frameworks to make the process more practical
(“Apply the SMART criteria to define the goal”). However, strategies that require citations or utilise
online documentation are not always effective. Many of the provided references are fabricated.
Although we also tried prompts like “use highly cited articles” or “refer to [specific URL],” these
approaches did not consistently improve the results. In the end, this study decided to abandon this
type of strategy.

6.2 Reflection on design goal fulfilment
We used observation checklists 14 to log user and system activities during each session. Supported
by questionnaire ratings and think-aloud feedback from Section 5.3, we find that all design goals are
met. For DG1, the researcher observed that OntoChat consistently proposed the correct elicitation
questions, example answers, and prompt templates for each interaction stage without errors, even
when users moved back and forth to modify different parts of the story. For DG2, 22/24 partici-
pants found the library provides necessary templates at each interaction stage (EQ2.1), and 20/24
participants found it easy to locate the suggested templates for their current stage (EQ1.2.1). For
DG3, 19/24 participants found it easy to customise templates by editing placeholders (EQ1.3.2),
and 20/24 found the placeholders in each template met their needs for customisation. For DG4,
the researcher observed that OntoChat consistently asked each user for feedback after generating
outputs and did not proceed to the next step until user satisfaction was indicated. Although these
existing design goals are met, additional design expectations have emerged. For example, 2/24
participants expected prompt templates to support additional languages. 5/24 participants expected
OntoChat to enable retrieval-augmented generation using up-to-date domain-specific datasets, as
LLM may have limited or outdated training data for some specialised domains.
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6.3 Reflection on the usefulness of OntoChat for OE
OntoChat is designed to support the user story generation in OE. To understand its usefulness, it is
essential first to consider the value of user stories in OE. As detailed in Section 1 and Section 2.3,
user stories are essential for collecting realistic use cases from typical users, representing different
user groups with common interests, frustrations, or needs [6, 51]. They help determine what the
system should provide, in what context, and for what purpose. This information is important for (1)
defining the scope of the ontology by clarifying requirements for project success and completion, as
OE projects may otherwise continue for years and years without clear endpoints [6]; (2) providing
a basis to extract CQs and their answers to guide ontology modelling and testing [6, 13, 87]; and
(3) supporting decisions about ontology reuse by providing original usage scenarios and goals for
comparison with new OE projects [6, 36].
Although many OE projects skip user story elicitation and move directly to modelling due to

reasons such as time constraints and lack of guidance, this practice is not recommended by many
studies [6, 36]. Here, we examine the causes of these challenges and how OntoChat can help address
them. As detailed in Section 1, manual synchronous methods, such as workshops, are limited by
participant availability and session length, making it challenging to explore complex requirements
in depth [51]. Follow-up interviews can be helpful, but they require significant time and effort from
knowledge engineers. Asynchronous methods such as collaborative spreadsheets [13, 14] reduce
scheduling issues but often lack real-time guidance, leading to conflicting or poorly formulated
requirements. OntoChat combines the flexibility of asynchronous methods, allowing users to gen-
erate requirements at any time and from any place, with the real-time guidance of synchronous
methods. This helps users unfamiliar with prompting strategies to prompt effectively, enabling
them to leverage LLM to its fullest potential and generate satisfactory user stories for ontology
development. Based on results from Section 5.3, at least 18/24 participants found OntoChat easy to
use and efficient, showing satisfactory usability. At least 20/24 participants reported that it met
their prompting support needs during story generation, indicating satisfactory utility. At least
21/24 resulting stories were well-formed, relevant to users’ current OE projects, and helpful for
ontology construction, indicating satisfactory effectiveness. Therefore, with OntoChat, many OE
projects can be encouraged to reconsider eliciting user stories, allowing the benefits of these stories
to be incorporated and contributing positively to the overall OE process.
Additionally, current OE experts do not rely on any strict OE methodology [73, 79] for ontol-

ogy developing, as the process is fragmented across many tools and workarounds, and there is
no well-accepted framework or seamless toolchain for common OE tasks [73, 79]. For example,
requirements elicitation often relies on generic tools, such as text editors and spreadsheets, and
the elicited requirements are then often implemented in separate tools, such as Protégé [44]. This
fragmented development process presents significant technical and resource challenges [87]. In
contrast, OntoChat follows one of the best practices in OE, XD [6], and provides an LLM-based
conversational framework with prompt guidance, with the ultimate aim to integrate key OE tasks
into a streamlined workflow, supporting the process from story elicitation to CQ extraction from
stories and ontology implementation based on CQs. This makes the OE process more accessible
and effective for both experts and non-experts. Furthermore, this idea of using an LLM-based
conversational framework with prompt guidance is not limited to benefiting OE methodologies
that rely on user stories. It can be integrated with any human-involved process in LLM-based
ontology development to support effective human-LLM interaction, resulting in more transparent,
consistent, and satisfactory outcomes.
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6.4 Reflections on story elicitation methods
The current requirements elicitation process of OntoChat begins with the system posing an elicita-
tion question accompanied by an example answer to scaffold users in formulating their responses.
While all participants (24/24) acknowledge that example answers help them understand how to
respond, 14/24 also report that these examples steer their ideas toward the provided examples,
potentially leading them to overlook better options. Drawing on creative thinking concepts [29, 83],
this bias may arise because OntoChat offers limited support for the initial exploration of diverse
ideas (divergent thinking). Relying on example answers can lead users to converge too soon on
suboptimal ideas (convergent thinking), resulting in fixation. In this phenomenon, individuals
overly focus on a single idea, hindering elicitation or creativity [11, 18, 85]. This aligns with prior
studies [11, 85] that demonstrate experts often converge prematurely during creative processes,
underscoring the human tendency to favour convergence and the inherent challenge of supporting
divergent thinking. To mitigate fixation, OntoChat should incorporate mechanisms to foster both
divergent and convergent thinking.

6.5 Reflections on quality metrics and datasets creation for LMs fine-tuning
Our study conducted extensive experiments to design quantitative criteria for evaluating the
satisfaction of generated stories. We employed traditional NLP metrics such as “BLEU”, “ROUGE”,
and “METEOR”, alongside human expert-based metrics including “realism”, “correlation”, and
“readability”. However, we did not identify a single set of metrics that is universally applicable across
different domains. For example, in the biology domain, user stories often contain many technical
terms that cannot be easily simplified into more accessible language. Even when explanations are
provided, they frequently employ other technical terms, resulting in low readability scores despite
the stories being accurate and well-formed within their respective domains. Given the significant
variation in story requirements across domains and the unique demands of different OE projects,
the quality of stories in our study was primarily evaluated based on the subjective judgments of
participants and researchers. Although we recruited participants with sufficient knowledge to
assess the satisfaction of generation, to further improve the reliability of evaluations, one possible
solution is to integrate an adaptive metric framework that dynamically adjusts the weight of
evaluation criteria based on the target domain. This approach would allow for more consistent and
meaningful quality assessments across diverse fields. Despite extensive research on fine-tuning
language models for specialised tasks, which enables them to acquire domain-specific context and
generate more relevant responses, the lack of domain-specific quality metrics for ontology user
stories prevents the establishment of standardised annotations. This makes it challenging to develop
well-annotated datasets needed for fine-tuning and benchmarking language models. Therefore,
we advocate for the semantic web community to establish a set of agreed-upon quality metrics
or annotation standards for ontology user stories, supporting the development and evaluation of
language models in this domain.

7 Conclusions and Future Work
Our work proposes a prompt guidance framework to address the challenge that users, especially
those unfamiliar with prompting strategies, often struggle to interact effectively with LLM and
generate satisfactory user stories for ontology development. To understand what prompt guidance
is needed, we employ participatory prompting, a user-centric method for identifying effective sup-
port users need at each stage of story generation. Based on these insights, we developed OntoChat,
an LLM-based system that provides prompt template suggestions tailored to each interaction
stage, allowing users to create effective prompts by simply customising the template. Our user
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evaluation with knowledge engineers shows that prompt templates enable efficient prompt crafting
and generate effective stories for ontology development. However, the current user evaluation
is based on knowledge engineers, and including a wider range of users in the OE community is
necessary to gain broader insights in future. To our knowledge, this is the first work to design
and validate a prompt guidance framework that helps users leverage LLM to its fullest potential to
generate satisfactory requirements for ontology development, which advances how we interact
with LLM for requirements elicitation.
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