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Abstract

Past ontology requirements engineering (ORE) has primar-
ily relied on manual methods, such as interviews and col-
laborative forums, to gather user requirements from domain
experts, especially in large projects. Current OntoChat of-
fers a framework for ORE that utilises large language mod-
els (LLMs) to streamline the process through four key func-
tions: user story creation, competency question (CQ) extrac-
tion, CQ filtration and analysis, and ontology testing support.
In OntoChat, users are expected to prompt the chatbot to gen-
erate user stories. However, preliminary evaluations revealed
that they struggle to do this effectively. To address this issue,
we experimented with a research method called participatory
prompting, which involves researcher-mediated interactions
to help users without deep knowledge of LLMs use the chat-
bot more effectively. This participatory prompting user study
produces pre-defined prompt templates based on user queries,
focusing on creating and refining personas, goals, scenarios,
sample data, and data resources for user stories. These refined
user stories will subsequently be converted into CQs.

Introduction

Ontology Requirements Engineering (ORE) plays a criti-
cal role in the design, evaluation, and reuse of ontologies,
which are essential for structuring knowledge across vari-
ous domains. Traditionally, ORE has relied heavily on man-
ual activities such as interviews, collaborative forums, and
discussion pages to gather user requirements from domain
experts, particularly in large projects involving stakeholders
from diverse backgrounds (Zhang et al. 2024). These manual
processes are often resource-intensive and complex, posing
significant challenges in ensuring comprehensive and con-
sistent requirement collection.

The central theme of ORE is competency questions
(CQs). The Infer, DEsign, CreAte (IDEA) framework
(de Berardinis et al. 2023) was an initial tool set that paved
the way for language model-driven ontology engineering in
large-scale projects. It automates the extraction, organisa-
tion, and refinement of CQs, detecting inconsistencies, and
using visual and analytical tools for question management.

Ontological requirements are gathered from customers in
the form of user stories, which are then translated into CQs
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(de Berardinis et al. 2023). OntoChat supports this process
by providing conversational agents that facilitate ORE, be-
ginning with the creation of user stories. Users can create
user stories by answering elicitation questions, and ontology
engineers can extract competency questions (CQs) and test
preliminary versions of ontologies. Despite these advance-
ments, the researcher found that while this system was help-
ful, participants often needed more specific guidance and it-
erative refinement to produce satisfactory user stories.

This study addresses identified limitations by using par-
ticipatory prompting user study protocols. Participants ex-
press ontology-related queries, which researchers refine us-
ing predefined prompting strategies !. We then used GPT-40
to generate responses, with participants providing feedback
and posing additional queries. Researchers further refined
these queries into prompts. This iterative cycle enhances
query articulation and facilitates effective interaction with
LLMs for user story creation. The results of this user study
include pre-defined prompt templates based on user queries,
which are available online 2. These prompts can serve as
elicitation questions for users or be personalised to seek as-
sistance from OntoChat to improve the current “Assisted
Persona and Story Creation” workflow. In sum, this work
contributed by applying the participatory prompting method
to OntoChat to enhance the user experience. Using this ap-
proach, we developed pre-defined prompt templates tailored
to user queries for creating personas, goals, scenarios, exam-
ple data, and data resources within the ontology user story
creation workflow.

Related Work

Various ORE methodologies, such as NeOn (Sudrez-
Figueroa, Goémez-Pérez, and Ferndndez-Lopez 2011),
SAMOD (Peroni 2017), and eXtreme Design (XD) (Presutti
et al. 2009), include tasks like eliciting user stories, defining
purpose, scope, objectives, domain, coverage, and granular-
ity, specifying formality levels, identifying end-users and in-

"https://github.com/King-s-Knowledge- Graph-Lab/OntoChat/
blob/main/assets/user_study/Pre_identified_Prompts_for_
Ontology_User_Story_Elicitation.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



tended uses, eliciting competency questions and expected
answers, specifying non-functional requirements, gathering
resources, validating competency questions, extracting glos-
saries of terms, grouping competency questions and assign-
ing priorities, and reusing resources.

ORE typically begins with gathering requirements by
identifying the domain, relevant content, stakeholders, ex-
isting systems, and data sources. A user-friendly way to ex-
press requirements is through ontology user stories, which
use techniques from User Experience (UX) design (de Be-
rardinis et al. 2023; Presutti et al. 2009; Zhao, Meroio-
Pefiuela, and Simperl 2024). An ontology user story includes
a persona, described with details like name, age, occupa-
tion, skills, and interests to capture the user’s perspective.
The goal section outlines what the persona aims to achieve
with the ontology, using up to five keywords to summarise
main objectives. The scenario describes the current meth-
ods the persona uses, highlighting gaps and improvements
the ontology can provide. Example data illustrates the types
of information the persona will interact with, such as text,
numbers, or images, with specific examples like book titles
for a librarian or song titles for a music enthusiast. Data re-
sources, such as websites, books, or tools that could assist
the persona, may also be listed.

Recently, LLMs have been employed in knowledge engi-
neering for tasks like representing domain knowledge, gen-
erating examples of classes and relations, providing expla-
nations and recommendations on ontologies (Meyer et al.
2023), ontology matching and alignment (Qiang, Wang, and
Taylor 2023; He et al. 2023; Hertling and Paulheim 2023),
ontology refinement (Zhao, Vetter, and Aryan 2024), and
ontology construction and learning from text (Funk et al.
2023). In requirement elicitation, new methods have been
developed for retrofitting and extracting competency ques-
tions (CQs) from ontologies and knowledge graphs (Ciroku
et al. 2024), automatically translating natural language do-
main descriptions into ontologies (Fathallah et al. 2024), and
using conversational agents to steer the creation of user sto-
ries (Zhang et al. 2024).

To provide a detailed introduction to OntoChat user story
creation (Zhang et al. 2024), it facilitates a collaborative ap-
proach through a structured four-step process involving both
back-end operations and user engagement. In Step 1 (back-
end), the LLM is primed to act as a knowledge elicitor, de-
signed to gather detailed information about each user story
component (persona, goals, scenarios, and data examples).
In Step 2 (user involvement), users are guided through spe-
cific questions to collect insights; for example, OntoChat
asks, “What are the name, occupations, skills, and interests
of the user?” to define the persona. If responses are incom-
plete, the LLM prompts for additional details until all neces-
sary information is gathered. In Step 3 (back-end), the LLM
uses a one-shot learning approach to create an initial user
story draft by following the provided example structure. Fi-
nally, in Step 4 (user involvement), users review the initial
draft and provide feedback for iterative refinement, making
corrections, adding details, or removing irrelevant informa-
tion until the user story is finalised.

While these works show significant potential for LLM-
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driven knowledge engineering, they also acknowledge chal-
lenges such as generating inaccurate information (hallucina-
tion), the high costs associated with fine-tuning, and insuffi-
cient non-linguistic reasoning skills.

Data and Methods

To improve the user experience and develop pre-defined
prompt templates tailored to user queries for the current On-
toChat user story creation workflow, we conducted a three-
step participatory prompting process (Sarkar et al. 2023): (1)
Story Description - Participants wrote stories based on their
ontological needs; (2) Prompt Development - Participants
posed queries to request LLM support in writing user sto-
ries. Researchers refined these queries using pre-identified
prompting strategies ', then asked the LLM for answers,
with participants evaluating the LLM-generated responses
and providing feedback for further refinement; (3) Story
Evaluation - Participants assessed the stories for usefulness,
clarity, and inspiration, resulting in more detailed and prac-
tical user stories. Ethical clearance was obtained from the
Department of Informatics at King’s College London with
reference number MRSP-23/24-41128, ensuring that no per-
sonal data was collected throughout the experiment. The
complete user study script are available online 3. Below, we
provide a detailed explanation of how each of these steps
works.

Participants

This user study involved ten participants 4, including Mu-
selT practitioners aiming to build an ontology for multi-
sensory representation in cultural heritage and PhD re-
searchers whose research focuses on knowledge engineer-
ing. They have expertise in areas such as multisensory in-
teraction, cultural heritage, mixed reality, multimodal rep-
resentation learning, machine learning, and responsible Al
Their familiarity with KGs, LLMs, ORE, and software RE
varies, with many well-versed in KGs and LLMs. For exam-
ple, PID7, a software engineer specialising in multisensory
interaction, described their approach to creating user stories
for integrating tactile data in multisensory museum exhibits.

Step 1: Story Description

Participants were first instructed on how to write ontology
user stories and what constitutes a good user story based on
the standard user story shown in Figure 1 and the provided
instructions °. For example, the instruction for writing the
persona section: “When writing a Persona, imagine a char-
acter who represents the typical user of your ontology. This
character is called a persona. Describe this persona with

3https://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/Demographic_Information_of_
Participants.md

Shttps://github.com/King-s- Knowledge- Graph-Lab/OntoChat/
blob/main/assets/user_study/Instructions_on_How_to_Write_
Ontology_User_Stories.md



details like their name, age, job, and their skills or interests.
This helps you consider how your ontology can be useful
for people like them.”. Participants were tasked with writ-
ing user stories leveraging their domain-specific knowledge.
For instance, PID7, a software engineer in multisensory in-
teraction, uses the MuselT ontology to connect cultural ar-
tifacts with visual, auditory, and tactile elements for a mu-
seum exhibit. Previously, this process was manual and time-
consuming. This ontology allows them to efficiently map
sensory inputs, ensuring the exhibit is cohesive, accessible,
and enhances the visitor experience.

Step 2: Prompt Development

This process involved iterative “turns” where participants
interacted with a researcher and GPT-40. Each turn began
with the participant posing a query related to their ontol-
ogy project user story, such as requesting help in generat-
ing or refining a part of the story. For instance, PID7 sought
help in identifying a scenario where an ontology could en-
hance the design of multisensory museum exhibits, partic-
ularly in integrating tactile elements. The researcher then
refined this query using a pre-identified prompting strategy
! such as: “Describe the current ways [the persona] per-
forms [actions], and ensure they align with the persona’s
[occupation] and [skills].” The placeholders were replaced
with PID7’s specific details: “software engineer” for [occu-
pation], “expert in Visual Arts and Interactive Media” for
[skills], and “enhancing the design of multisensory museum
exhibits, particularly in integrating tactile elements” for [ac-
tions].

Participants provided feedback on the LLM’s responses
and requested further refinements or new queries. Initially,
GPT-40 produced basic user stories with clear personas,
goals, and scenarios but lacked detailed information. For in-
stance, when participant PID7 asked for a story about in-
tegrating tactile data in multisensory exhibits, GPT-40’s re-
sponses were too general, only mentioning sensory integra-
tion without specifying details. As the sessions progressed,
PID7 requested more specifics on data sources, haptic feed-
back models, and integration techniques. GPT-40 improved
by incorporating details like tactile sensor data, haptic de-
vice compatibility, and sensory mapping methods, though
further refinement was needed for practical applications.
Participants sometimes requested more realistic elements,
such as managing data interoperability and practical chal-
lenges. They also emphasised the query for interdisciplinary
insights, reliable sources, and ethical considerations relevant
to their domains. By addressing these queries, this study
identified key elements for creating detailed and practical
user stories for ontology requirements engineering using an
Al assistant.

Throughout the participatory prompting sessions, re-
searchers created specific user prompts to assist participants
in critically evaluating the LLM’s output and refining their
queries for improved responses. These prompts encouraged
participants to give feedback on the LLM’s responses. For
instance, a prompt might ask, “What would you change in
your query to make this more useful? Would you ask this
a different way?” This iterative method ensured that the
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LLM’s outputs became progressively more relevant and de-
tailed, ultimately leading to the development of more practi-
cal and comprehensive user stories.

Step 3: Story Evaluation

Post-activity interviews were conducted to gather partici-
pants’ satisfaction with the current user stories. Each partic-
ipant rated the stories generated with GPT-40 based on their
relevance, clarity, and usefulness using a Likert scale from 1
to 5, where 1 indicated strong dissatisfaction and 5 indicated
strong satisfaction. All finalised prompts in our repository
generated satisfactory results based on metrics of relevance,
clarity, and usefulness, with each metric scoring 4 or higher,
indicating high user satisfaction. Participants also identified
any additional queries needed to improve the stories. If fur-
ther queries were identified, the researcher would immedi-
ately try those queries and gather feedback again. This feed-
back loop helped refine the prompts and improve the overall
quality of the user stories generated by OntoChat.

Data Analysis

After this user study, ten videos were manually transcribed,
and the data was organised into five primary sections fol-
lowed by a user story template, including ‘“Persona,” “Goal,”
“Scenario,” “Example Data,” and “Data Resource.” The cod-
ing process combined top-down and bottom-up approaches,
as outlined by (Gu 2014). Codes were designed to be over-
lapping to capture the multifaceted nature of user queries. To
confirm reliability, the initial coding was reviewed at a later
stage, and any deviations were corrected through iterative
revisions.

Results

The full list of user queries and corresponding prompts is
available online 2. These prompts were developed for each
user query through iterative refinement with researchers and
participants, who found that they effectively guide the sys-
tem in generating an ontology user story of satisfactory qual-
ity, as shown in the example in Figure 1. The results section
summaries user needs for each part of an ontology user story,
providing an example user query and its related prompt for
each part.

Persona

For the persona section, users ask for LLM help to refine
traits like occupation, skills, and interests, making sure they
are detailed, interconnected, and aligned with the project.
This helps users create more accurate goals and scenar-
ios. For example, user query: “Detail one persona trait.”
prompt: “Could you improve the persona by detailing [this
specific trait] needed for writing an ontology user story? En-
sure it connects with other traits and fits the project’s needs.”

Goal

For the goal section, users ask for LLM help to write a clear
goal description with relevant keywords and the actions the
persona needs to take, ensuring they align with the persona
traits. To enhance the goal, they ask the LLM to categorise it



Name: Linka, Age: 34, Occupation: Researcher in Computer Science, : Specialist in Network Data
Andlysis and Semantic Web technologies, with a focus on the music domain, : Mining music
knowledge graphs, uncovering unknown relationships between artists, composers, and musical pieces

Description: Linka aims to find and describe music-related data from diverse sources to inter-relate them for
large-scale knowledge discovery experiments. : music data, multi-modal data, knowledge discovery

: Linka manually searches for music data on various web platforms, datasets, and services. This
involves matching information from different sources, a process that becomes time-consuming and
unmanageable with larger datasets. : With the help of Polifonia, Linka can automate these tasks,
reducing manual effort and supervision. She inputs names of artists, composers, musical pieces, and albums
to find relevant data. : The system efficiently refrieves and semantically describes pertinent music-related
data, enabling Linka fo conduct | studies and knowledge discovery.

4. Example Data}

: Data about the basic discographic information of musical works, including release
year, album name, recording location, perfor insf lationships, and vocals. For example, details
about the track "Penny Lane" in the album "Strawberry Fields Forever," including recording dates, release
date, vocdlists, and instrument players. : Data on the musical characteristics of a piece, such
as genre, style, fonality, tempo, and lyrics.

MusicBrainz: https://musicbrainz.org/work/1548c8c0-108f-33a8-9671-a025aa68e382

Figure 1: An example of a standard ontology user story

into short-term and long-term objectives, provide insights on
methodologies, tools, and interdisciplinary factors. For ex-
ample, user query: “Describe the goal.” prompt: “Could
you write a clear goal description with the sequence of [ac-
tions] for this persona? Ensure the goals align with the per-
sona’s [interests] and the [actions] fit the persona’s [occu-
pation] and [skills].”

Scenario

For the scenario section, users sought LLM assistance with
tasks such as including the current methods, challenges in
achieving goals, new methods for improvement, and ex-
pected outcomes. They also aimed to enhance the scenario
section by asking the LLM to outline the sequence of ac-
tions, identify key players, and describe their interactions.
For example, user query: “Narrative story for scenario.”
prompt: “Could you narrate a detailed story about the sce-
nario? Include the [current ways] the persona performs [ac-
tions], the [challenges] encountered, and how the ontology
introduces [new ways| to address these challenges. Describe
the [outcomes] after using the ontology. Review the scenario
to ensure the [current ways] align with the [actions] in the
goal section and the [outcomes] relate to the [user goal].
Ensure that the [current ways] and [new ways] match the
persona’s [occupation] and [skills ], and that the [outcomes ]
align with the persona’s [interests].”

Example Data

For the example data section, users requested LLM assis-
tance with tasks such as providing a general description of
the data category, explaining relationships within the cate-
gory, and identifying historical details like how the category
has evolved over time. For example, user query: “Detailed
description of one category.” prompt: “Could you provide
a detailed description of the characteristics of [this spe-
cific category item]? Explain how it relates to the persona’s
traits, goals, or scenarios.”
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Data Resource

For the data resource section, users requested LLM assis-
tance with tasks such as suggesting primary data sources,
specifying data formats, and detailing the types of data in-
cluded with a given source link. They also needed the LLM
to provide details on the dataset metadata, access methods,
and any restrictions associated with a given source. For ex-
ample, user query: “Check metadata quality of one data
source.” prompt: “Could you provide a detailed descrip-
tion of the metadata information available in [this source]?
Please include quotes from the cited source to support your
explanation.”

Discussion

Even with participatory prompting, generating effective
prompts was a lengthy and iterative process. This involved
multiple cycles of participants asking queries to write user
stories, researchers converting these queries into prompts,
and participants providing feedback on the LLM’s re-
sponses. Knowing that every new query would be formally
converted into a prompt, participants carefully considered
each query before presenting it, resulting in some potential
ideas being overlooked and untested. To address this, we en-
couraged and guided participants to actively provide feed-
back on the LLM’s responses.

Future Works

We propose enhancing OntoChat’s user story refinement
workflow by incorporating pre-defined prompt templates
and an LLM to suggest targeted prompts. This will guide
users in improving specific aspects of their stories. A sys-
tematic A/B test will compare OntoChat v1.0 (current ver-
sion) with v2.0, featuring these new functions.

Conclusion

In this study, we used participatory prompting protocols to
enhance the user experience and create pre-defined prompt
templates for ontology user story creation with LLMs. This
method addresses challenges non-experts face with effec-
tive prompting. We also proposed new workflows to im-
prove OntoChat’s user story refinement by providing sug-
gested prompts, which users can respond to or personalise.
This structured approach helps users identify improvements
and articulate queries effectively, enhancing user story qual-
ity and ontology engineering practices.
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