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Abstract. Ontology Engineering (OE) typically begins with ontology requirements elicitation, in which ontology engineers de-
fine the scope of concepts and relations an ontology must cover to adequately serve its intended application domain. Large
Language Models (LLMs) can generate a large set of Competency Question (CQ) candidates to support this process; however, a
target ontology scope is often multi-dimensional, ill-defined, and cannot be fully anticipated in advance, and existing tools pro-
vide little support for ontology engineers to subsequently explore and generate new CQ candidates (divergent thinking), evaluate,
refine, and eliminate existing ones (convergent thinking), and thus progressively define a well-scoped ontology. We argue that
interaction designs from LLM-based systems in arts and creativity domains, where divergent and convergent thinking have been
extensively studied, are transferable to ontology requirements elicitation. To identify these designs, we conducted a Systematic
Literature Review (SLR) of 50 papers, identifying 7 Interaction Techniques (ITs) and 14 User Interfaces (Uls), each justified
with respect to how it supports divergent thinking, convergent thinking, or both. To explore the transferability and applicability
of the identified ITs and Uls to LLM-based ontology scoping, we conducted a design thinking workshop (N=7) that produced
a conceptual interaction model, a system prototype called OntoScope implementing that model, and a use case demonstration
showing how OntoScope can potentially support an OE expert in scoping a university ontology. The identified ITs and Uls can
serve as a reference for tool developers working on ontology requirements elicitation, broader OE tasks that require human rea-
soning and auditing over LLM-generated content, or designing user-friendly OE tools for domain experts and end users without
prior OE expertise.

Keywords: ontology engineering, ontology requirements elicitation, competency questions, large language models, interaction
design, user interface design, divergent thinking, convergent thinking, systematic literature review, human-computer interaction,
ontology scoping, knowledge graph, semantic web, design thinking, ontoscope

1. Introduction

Ontology, originally a philosophical term, refers to the study of being [74]. In Information and Communication
Technologies (ICT), an ontology can be understood as a formal representation of a domain as a set of concepts
and the relations that hold between them [87, 115, 138]. Such representations can ensure a common understanding
of information and make explicit domain assumptions, thus allowing organisations to make better sense of their
data [64]. OE can be broadly understood as referring to the activities that concern the ontology development pro-
cess, its life cycle, and the methodologies, tools, and languages for building, maintaining, and reusing ontologies
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[60, 138]. OE typically begins with ontology requirements elicitation, in which ontology engineers define the scope
of concepts and relations an ontology must cover to adequately serve its intended application domain [7, 46].

To define the scope of an ontology, ontology engineers are often required to consider at least two key dimensions:
horizontally, what subdomains to cover, and vertically, at what level of term granularity [7, 46, 183, 185]. This scop-
ing process often relies on CQs, which are functional requirements of an ontology expressed as natural language
questions that the ontology must be able to answer [180, 185]. CQ patterns vary with the underlying methodology
[63, 115], templates [11, 85, 169], archetypes [126], intended use [7], and level of automation [5, 125]. In this
work, we adopt the three CQ patterns defined by RevOnt [40], which have been validated across 20 representative
domains on Wikidata' (the largest collaboratively curated Knowledge Graph (KG), covering widely shared knowl-
edge across many domains [156]). As illustrated in Fig. 1, each pattern differs in which element of a verbalised
schema-level Resource Description Framework (RDF)? triple (an ontology representation written as (subject,
predicate/property, object)) is treated as the answer.

A visualised ontology Three CQ patterns A verbalised

scope with candidate CQs based on RevOnt schema-level RDF triple
> & [ subject CQ: What is part of an album? Answer: ] [ a song subject
3 «Q
S What is the relation between .
S | H s rt rt
S @ | property CQ asong and an album? Answer. is part of property
oo = « ||
QU
= Q@ g J l object CQ: What is a song part of? Answer: J l an album object

Subdomains

Fig. 1. Three CQ patterns based on RevOnt [40], each differing in which element of a verbalised schema-level RDF triple is treated as the answer:
a subject CQ (e.g., “What is part of an album?”, answer: a song), a property CQ (e.g., “What is the relation between a song and an album?”,
answer: is part of ), and an object CQ (e.g., “What is a song part of?”, answer: an album). The left panel shows a visualised ontology scope,
where each dot represents a CQ together with its suggested term organised along two dimensions: subdomains (horizontal) and term (concept or
relation) granularity (vertical).

Thanks to their generative capacities, current LLM-based systems can generate hundreds and thousands of CQ
candidates to support this scoping process [5-8, 12, 40, 53, 180, 185]. Automated tools such as AgOCQs [12] and
NeOn-GPT [53] can derive CQs from domain-specific text corpora, and RevOnt [40] and RETROFIT-CQs [5] can
generate CQs from existing ontology vocabularies. However, these tools are designed for generation only and pro-
vide little support for ontology engineers to subsequently audit the generated candidates, leaving ontology engineers
unsure whether the candidates are complete and relevant to define the target ontology scope [7, 46, 183, 185].

Existing tools that provide some scoping auditing support each have their own limitations. LLM-based conver-
sational agents such as OntoChat [180, 185], which elicits ontology user stories from domain experts and converts
them into CQs, support auditing through follow-up questions and varied suggestions, but its chatbot UI is inher-
ently linear and its ITs are turn-based, potentially causing fixation [43, 50, 82, 145, 178] where ontology engineers
may become anchored to their initial inputs, potentially leading to CQs that may not adequately reflect the intended
ontology scope [7, 46, 183, 185]. Ontology editors such as Protégé [109] and metaphactory [69] provide two Uls:
nested, list-based Uls that organise concepts and relations hierarchically, requiring constant scrolling to navigate
the full scope and making it difficult to maintain a global overview; and graph-based Uls of the ontology structure
itself, which can provide a global overview but are not organised along the dimensions of subdomains and granular-
ity, making it difficult to reason about whether the CQ candidates collectively achieve the intended scope (Fig. 2a,

Uhttps://www.wikidata.org/wiki/Wikidata:Main_Page
Zhttps://www.w3.0rg/TR/1999/REC-rdf-syntax- 19990222/

=W N

o 0 g o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51


https://www.wikidata.org/wiki/Wikidata:Main_Page
https://www.w3.org/TR/1999/REC-rdf-syntax-19990222/

@ J oy U W N

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

Y. Zhao et al. / A Survey on Interaction Design with LLMs for Ontology Requirements Elicitation with CQs 3

Fig. 2b). Additionally, general mind-mapping tools such as Miro® and XMind* offer flexible Uls for personalising
the scope auditing process, but these Uls are underexplored for ontology scoping purposes.
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(a) Protégé [109]. Screenshots taken from the tool, annotated (b) metaphactory [69]. Screenshots taken from the tool, anno-
for clarity. tated for clarity.

Fig. 2. Two representative ontology tools, each providing a nested, list-based interface (left panels) and a graph-based visualisation of the on-
tology structure (right panels). Neither interface type is organised along the dimensions of subdomains and granularity needed for systematic
CQ-based scope auditing.

We argue these challenges can be addressed by drawing on interaction designs (ITs and Uls) of LLM-based
systems that have been widely used in the arts and creativity domain for supporting divergent and convergent think-
ing [144, 145, 183]. As illustrated in Fig. 3, divergent thinking refers to a thought process in which users explore
and generate many candidates along multiple dimensions without committing to any single one, with the goal of
expanding the solution space [65]. Convergent thinking, by contrast, refers to a thought process in which users
evaluate, refine, and eliminate candidates along the same dimensions by following logical and structured steps to-
ward a defined goal, with the aim of narrowing the solution space [45, 65]. In the arts and creativity domain, users
work toward a defined goal whose full shape cannot be anticipated in advance: the target solution space is multi-di-
mensional and ill-defined, requiring users to first expand it through divergent thinking and then narrow it through
convergent thinking. To support this process, these systems often present candidates in a visualised space organ-
ised along key dimensions, allowing users to reason across dimensions and decide where to diverge or converge.
While the number of dimensions can vary, two-dimensional spaces are most commonly adopted for manageabil-
ity (e.g., [18, 23, 165, 167]). For example, in creative writing, these two dimensions may be style and tone; in visual
design, they may be colour and composition.

Ontology scoping shares the same situation: the target ontology scope is multi-dimensional, ill-defined, and can-
not be fully anticipated in advance. Ontology engineers must consider at least two key dimensions: subdomains and
term granularity, where each generated CQ candidate suggests concepts and relations at a particular subdomain and
level of term granularity [7, 46, 183, 185]. These candidates can therefore be organised on a visualised ontology
scope with two dimensions, where subdomains run horizontally and term granularity runs vertically, enabling ontol-
ogy engineers to reason across dimensions: identifying subdomains or granularity levels with too few CQ candidates
as gaps where divergent thinking is needed (requiring LLM-based systems to support ontology engineers in explor-
ing and generating new CQ candidates), and identifying those with redundant or conflicting candidates as overlaps
where convergent thinking is needed (requiring LLM-based systems to support ontology engineers in refining and
deleting existing CQ candidates), to progressively define a well-scoped ontology, as illustrated in Fig. 4.

To investigate what interaction designs of LLM-based systems in the arts and creativity domain can support ontol-
ogy engineers in divergent and convergent thinking during LLM-based ontology scoping with CQs, and how these

3https:/miro.com
“https://xmind.com
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Fig. 3. Divergent thinking explores and generates many possible candidates along multiple dimensions without committing to any single one,
with the goal of expanding the solution space, while convergent thinking evaluates, refines, and eliminates candidates along the same dimensions
by following logical and structured steps toward a defined goal [65].
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Fig. 4. Divergent and convergent thinking in ontology scoping. Left: an ontology engineer maintains a global overview of the candidate CQ space
across the dimensions of subdomains (horizontal) and term granularity (vertical), enabling reasoning across dimensions. Right: based on this
overview and dimensional reasoning, the ontology engineer performs divergent thinking by adding new candidate CQs and convergent thinking
by refining or deleting existing CQs, to progressively define a well-scoped ontology.

designs can be translated into a concrete interaction model and evaluated in practice, we propose three Research
Questions (RQs):

— RQ1: What ITs and Uls of LLM-based systems in the arts and creativity domain support divergent and con-
vergent thinking?

— RQ2: How can the identified ITs and Uls be translated into a conceptual interaction model for LLM-based
ontology scoping?

— RQ3: How applicable is the conceptual interaction model in supporting an ontology engineer in LLM-based
ontology scoping in practice?

To address these RQs, we made the following contributions:

— A Systematic Literature Review (SLR)’ of 50 papers identifying 7 ITs and 14 Uls from LLM-based systems

Shttps://github.com/King-s- Knowledge- Graph- Lab/OntoScope/blob/main/attached_assets/Codebook.xlsx
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in arts and creativity domains, each justified with respect to how it supports divergent thinking, convergent
thinking, or both, with Inter-Rater Reliability (IRR) reported per category (Section 3.5).

— A conceptual interaction model for LLM-based ontology scoping with CQs, produced through a design think-
ing workshop, that maps a selected subset of the identified ITs and Uls onto the three stages of Shneiderman’s
visual information-seeking mantra [136] (Table 7, as illustrated in Fig. 11, Section 4.2).

— OntoScope®, a system prototype implementing the conceptual interaction model (also publicly accessible on-
line”), and a use case demonstration showing how OntoScope can potentially support an ontology engineer in
scoping a university ontology through divergent and convergent thinking (Section 4.3, Section 4.4, Section 4.5,
as depicted in Fig. 12 and Fig. 13).

These contributions have implications at three levels. For ontology requirements elicitation, the identified ITs
and Uls provide a reference for tool developers building LLM-based systems that support ontology engineers in
progressively defining a well-scoped ontology through divergent and convergent thinking. For OE more broadly, the
findings are potentially applicable to other OE tasks that involve human reasoning and auditing over LLM-generated
content, such as user story elicitation [180], KG population [119], and ontology alignment [52]. For the Semantic
Web community, the pool of identified interaction designs provides a basis for designing tools for domain experts
and end users without prior OE expertise, by selecting interaction designs that align with their existing mental
models and working practices rather than requiring them to adapt to tool designed for trained ontology engineers,
supporting the broader goal of making OE tools accessible to a wider range of users [46, 138], and thus broadening
participation in ontology building toward a more diverse and inclusive community of contributors.

The remainder of this paper is structured as follows. Section 2 reviews related work. Section 3 describes the SLR
methodology. Section 3.5 presents the SLR findings. Section 4 describes the design thinking workshop, including
participants (Section 4.1), the first workshop session covering Empathise, Define, Ideate, and Prototype stages and
the conceptual interaction model produced (Section 4.2), OntoScope and its implementation (Section 4.3), the sec-
ond workshop session covering the Test stage (Section 4.4), and the use case demonstration (Section 4.5). Section 5
discusses the findings and their implications. Section 6 presents the limitations of this work. Section 7 concludes
the paper.

2. Related work

This section reviews four areas of related work. Section 2.1 details what CQs are, the three CQ patterns adopted
in this paper, and how CQs are categorised by intended use. Section 2.2 traces the progression of ontology require-
ments elicitation methods, identifying at each stage the limitations in supporting ontology engineers to audit CQ
candidates across the dimensions of subdomains and term granularity. Section 2.3 defines divergent and conver-
gent thinking, introduces the Double Diamond model, and establishes the structural connection between ontology
scoping and the solution space of divergent and convergent thinking. Section 2.4 reviews interaction designs for
supporting divergent and convergent thinking in LLM-based systems, introducing Shneiderman’s Visual Informa-
tion-Seeking Mantra as the organising framework, and identifying the gap that their application to ontology scoping
has yet to be explored.

2.1. Competency questions in ontology engineering

CQs are natural language questions that an ontology must be able to answer, serving as functional requirements
that define what the ontology should and should not cover [7, 63]. They are widely adopted across OE methodolo-
gies, including Ontology Development 101 [115], NeOn [143], On-To-Knowledge [141], SAMOD [120], eXtreme
Design [123], Pay as you go [132], and LOT [122], and support ontology construction, verification, evaluation, and
potential reuse with a focus on completeness and relevance [7]. CQ patterns vary with the underlying methodology
[63, 115], templates [11, 85, 169], archetypes [126], intended use [7], and level of automation [5, 125].

Shttps://github.com/King-s- Knowledge- Graph- Lab/OntoScope
7https://ontoscope.digital/
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For example, Ren et al. [126] define CQ archetypes as syntactic patterns to be filled by domain experts (e.g.
“Which [CE1] [OPE] [CE2]?”, where [CE1] and [CE2] are class expressions and [OPE] is an object prop-
erty expression); Bezerra and Freitas [21] identify patterns instantiated with ontology vocabulary elements for au-
tomatic testing; Wisniewski et al. [169] proposed 106 distinct patterns from 234 CQs across five ontologies; and
CLaRO [85] provides a template-based Controlled Natural Language (CNL) with 93 templates and 41 variants, later
expanded in CLaRO v2 [11] to 120 main templates derived from 329 CQs.

Based on an analysis of existing CQ patterns, Alharbi et al. [7] categorise CQs into two main types. The first
type, scoping CQs, helps define the domain by specifying what concepts and relations the ontology should cover;
for example, the scoping CQ “What is part of an album?” (answer: a song) contributes to defining the subdo-
main of musical composition at a specific level of term granularity. In this paper, we adopt the three scoping CQ
patterns proposed by RevOnt [40] (Fig. 1), grounded in verbalised schema-level RDF triples written as ( [sub
ject], [predicate/propertyl], [object]), each differing in which element is treated as the answer:
a subject CQ (“What [property] [object]?’, answer: [subject]), a property CQ (“What is the rela-
tion between [subject] and [object]?”, answer: [property]), and an object CQ (“What [subject]
[property]?”, answer: [object]). These patterns are adopted in RevOnt as an LLM-based CQ generation
system validated across 20 representative domains on Wikidata [156], providing a validated specification of what a
CQ and its answer express.

The second type, verified CQs, can be directly transformed into SPARQL queries and serve as benchmarks for
ontology testing and validation, supported by tools such as OWLunit® for unit testing and OOPS! [121] for detecting
common ontology errors. Beyond these two types, other CQs may be syntactically or semantically incorrect, such
as ambiguous questions (e.g. “Which devices can I see?”) or factually incorrect questions (e.g. “Which vegetarian
pizza contains ham?”) [7, 85], or not yet supported by the ontology, which Zhang et al. [180] define as adversarial
CQs for ontology testing. In this paper, we focus on scoping CQs, as the central challenge is supporting ontology
engineers in auditing generated CQ candidates to progressively define a well-scoped ontology.

2.2. Ontology requirements elicitation with CQs

Ontology requirements elicitation refers to the process by which ontology engineers gather knowledge from do-
main experts or existing knowledge sources (e.g. domain-specific text corpora or ontology vocabularies) to define
the scope of a target ontology [115, 122, 123, 143]. This scope is considered along at least two key dimensions: sub-
domains (horizontal) and term granularity (vertical). The defined ontology scope serves as a reference for ontology
design, evaluation, maintenance, and reuse [87].

To gather knowledge from domain experts, ontology engineers often conduct unstructured interviews to elicit user
stories, including expert personas, goals, and the gaps the target ontology aims to address [42, 44, 180]. These user
stories are then used to construct CQs, as they help ontology engineers understand what the ontology needs to cover
from the perspective of its intended users. However, such interviews tend to anchor on the ontology engineer’s ex-
isting mental model [111], particularly at early stages when ontology engineers have a limited understanding of the
domain. This limits opportunities for domain experts to explore broader user stories, restricting divergent thinking
and leaving the resulting CQs narrowly scoped.

Once an initial understanding is acquired, ontology engineers typically shift toward structured elicitation meth-
ods to transform user stories into CQs by clarifying key concepts, their relations, and the distinctions between
them. Common approaches include card sorting [133], triad analysis [128], and the twenty questions technique
[86]. However, these methods follow a predominantly convergent path, building on predefined knowledge from ini-
tial interviews with limited opportunity for expanding the scope across subdomains and levels of term granularity.
Additionally, they are time-intensive and may be impractical for large-scale projects.

In response, LLM-based systems such as OntoChat [180, 185] emulate the role of a knowledge elicitor by gath-
ering and refining user stories through prompt-driven conversational workflows, which are automatically converted
into CQs, and supporting subsequent auditing through follow-up questions and varied suggestions (Fig. 5). However,

8https://github.com/luigi-asprino/owl-unit
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its linear conversational Ul and turn-based IT potentially cause fixation [43, 50, 82, 145, 178] where ontology en-
gineers may become anchored to their initial inputs, narrowing the explored scope prematurely, thus leading to CQ
candidates that may not adequately cover the intended subdomains and levels of term granularity [144, 145, 185].
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Fig. 5. The existing OntoChat system [180, 185]: a linear conversational UI and turn-based ITs (left panel) that generate CQ candidates used
for auditing (right panel). Screenshot taken from the tool, annotated for clarity.

Another approach extracts knowledge from existing domain documentation rather than from domain experts
directly. Traditionally, this involves manually authoring CQs [63, 115], often resulting in inconsistencies due to
variations in authoring styles [7]. Semi-automated approaches using CNL [90], such as CLaRO [85] and others
[11, 22, 126, 169], reduce this inconsistency through structured templates, but still require extensive manual effort
for domain adaptation [7]. More recent LLM-based approaches generate CQs from text corpora (e.g. AgOCQs [12],
NeOn-GPT [53]) or from existing ontology vocabularies (e.g. RevOnt [40], RETROFIT-CQs [5]), producing hun-
dreds and thousands of CQ candidates, but are designed for generation only and provide little support for ontology
engineers to subsequently audit them.

Ontology editors such as Protégé [109] and metaphactory [69] provide some auditing support through nested,
list-based Uls and graph-based Uls of the ontology structure, but neither is organised along the dimensions of sub-
domains and granularity, making it difficult to reason about whether CQ candidates collectively achieve the intended
scope. General mind-mapping tools such as Miro * and XMind* offer flexible Uls for personalising the scope audit-
ing process, but these designs are underexplored for ontology scoping purposes. Thus, a key challenge remains: how
to design ITs and Uls for LLM-based systems that support ontology engineers in reasoning across the dimensions
of subdomains and term granularity to progressively audit and define a well-scoped ontology.

2.3. Divergent and convergent thinking

First coined by Guilford [65], divergent thinking refers to a thought process in which users explore and generate
many possible candidates along multiple dimensions without committing to any single one, with the goal of expand-
ing the solution space. Convergent thinking, by contrast, refers to a thought process in which users evaluate, refine,
and eliminate candidates along the same dimensions by following logical and structured steps toward a defined goal,
with the aim of narrowing the solution space [45, 65], as illustrated in Fig. 3. These two processes are widely used
in the arts and creativity domain to support users in systematically exploring, evaluating, and refining a set of ideas
toward a goal. Prior research shows that supporting users in moving between divergent and convergent thinking is
key to avoiding fixation [43, 50, 82, 178], a tendency to become anchored to initial ideas, and supports broader,
more effective exploration of the solution space [144, 145].

Later on, divergent and convergent thinking have been extended beyond the solution space to structure the broader
design process, including problem understanding. One of the most widely adopted instantiations of this extension
is the Double Diamond model, popularised by the British Design Council in 2005 [47], as illustrated in Fig. 6. The
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model structures the design process into four phases across two diamonds: the first diamond addresses the prob-
lem space, beginning with Discover (diverging to understand the problem broadly rather than assuming what it is)
and moving to Define (converging to articulate the problem precisely); the second diamond addresses the solution
space, beginning with Develop (diverging to generate a wide range of candidate solutions) and ending with Deliver
(converging to test, refine, and release a solution) [47]. Each diamond thus follows the same diverge-then-converge
pattern, applied first to the problem and then to the solution. In creative domains such as writing, design, and music
composition, this structure is particularly valuable because both the problem and the solution space are multi-di-
mensional and ill-defined, and cannot be fully anticipated in advance, thus requiring users to explore broadly before
they can meaningfully narrow down [56, 92]. For example, a User Experience (UX) designer tasked with improving
a mobile banking application may first diverge to interview users, observe their behaviours, and identify a wide
range of pain points (Discover), before converging on a precisely defined problem such as users struggling to locate
transaction history under time pressure (Define); the designer then diverges again to generate many candidate inter-
face solutions such as a persistent search bar, a timeline view, or a voice query feature (Develop), before converging
on a final design through prototyping and user testing (Deliver).

PRI CONVERGENT & DIVERGENT
Y THINKING TOGETHER for better
" deas

DISCOVER DeFIiNE DEVELOP DeLiVER

Fig. 6. The Double Diamond model [47], structuring the design process into four phases across two diamonds. The first diamond addresses
the problem space: Discover (diverging to understand the problem broadly) and Define (converging to articulate the problem precisely). The
second diamond addresses the solution space: Develop (diverging to generate candidate solutions) and Deliver (converging to refine and release
a solution). Each diamond follows the same diverge-then-converge pattern.

Ontology scoping shares a similar situation to the solution space of the Double Diamond, since ontology engi-
neers approach it with a goal in mind: to define a well-scoped ontology that adequately covers the intended domain
[46, 183]. The target ontology scope is, however, multi-dimensional, ill-defined, and cannot be fully anticipated in
advance [7, 46, 183, 185]. Ontology engineers must consider at least two key dimensions, subdomains (horizontal)
and term granularity (vertical) [46]. Generated CQ candidates populate this space, where each CQ suggests con-
cepts and relations within a specific subdomain and at a specific level of term granularity. Ontology engineers must
therefore move between divergent thinking (exploring and generating candidate CQs across subdomains and levels
of term granularity) and convergent thinking (refining and deleting CQs along the same dimensions) to progres-
sively define a well-scoped ontology [183]. Reasoning across these dimensions enables ontology engineers to step
back from individual CQ candidates and consider the entire candidate space at a higher level [144, 145, 183]: by
viewing CQs organised across subdomains and levels of term granularity simultaneously, ontology engineers can
identify gaps (subdomains or granularity levels with too few candidates, suggesting where to diverge) and overlaps
(subdomains or granularity levels with redundant or conflicting candidates, suggesting where to converge), in order
to effectively audit the boundaries of the target ontology, as illustrated in Fig. 7. This connection between ontology
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scoping and the solution space of divergent and convergent thinking motivates the interaction design focus of this
paper.

A visualised ontology
scope with candidate CQs

' N

[ What should I do to make the scope better? ]
L—

Ah!Ishould delete that CQ there! 1

Ahr
4 A, /ls/, Should adg
OUfy Q the,,

®
.
&)

1 J

Q the, res

Term Granularity
@ )
® 6)
©)

Knowledge

. better!
engineer

Subdomains

Fig. 7. An ontology engineer reasoning across the dimensions of subdomains (horizontal) and term granularity (vertical) on a visualised ontology
scope with candidate CQs, identifying three auditing decisions: deleting a redundant or out-of-scope CQ (convergent thinking), adding a new
CQ to cover a gap (divergent thinking), and refining an existing CQ to better fit the intended scope (convergent thinking).

2.4. Interaction designs supporting divergent and convergent thinking

To support divergent and convergent thinking, LLM-based systems need to provide users with interaction designs
that help them navigate a large, multi-dimensional candidate space: exploring broadly when diverging and narrowing
down when converging [144, 145, 183]. In this work, we focus on interaction designs under the screen-mouse-
keyboard modality, as this is the most widely adopted modality in LLM-based systems for knowledge work [25].
Under this modality, interaction designs consist of two components. ITs refer to specific user actions that a system
supports, such as clicking, dragging, hovering, and scrolling, which determine how users input intentions and how
the system responds [81, 177]. Uls refer to the visual and functional components that users interact with, such as
buttons, sliders, menus, canvases, and input fields [49, 113]. Together, ITs and Uls determine what a user can do
with a system and how the system presents information in response.

A widely adopted framework for organising these interaction designs to support divergent and convergent thinking
is Shneiderman’s “Visual Information-Seeking Mantra” [136]: “Overview first, zoom and filter, then details-on-
demand”, as illustrated in Fig. 8. This framework describes a three-stage sequence that guides users from broad
exploration toward focused analysis, with each stage capable of supporting both divergent and convergent thinking
depending on how users engage with it. In the Overview stage [16, 57, 130], the system presents the full candidate
space at a high level. This primarily supports divergent thinking by enabling users to gain a global understanding
of what is available before deciding where to focus, though it can also support convergent thinking when users use
the overview to identify and prioritise the most relevant regions for further investigation. This stage is supported by
ITs such as panning, zooming out, and spatial navigation, and by Uls such as multidimensional spatial canvases,
timelines, networks, and hierarchical trees. In the Zoom and Filter stage [3, 19, 83, 168], users narrow their focus to a
relevant subset of candidates. This supports convergent thinking by excluding what is not needed and concentrating
attention on what remains, while also supporting divergent thinking when users apply exploratory filters to reveal
unexpected groupings or patterns within the narrowed space. This stage is supported by ITs such as zooming in,
querying, brushing, and faceted selection, and by Uls such as sliders, checkboxes, scroll controls, and search bars. In
the Details-on-Demand stage [136], users inspect individual candidates in depth without losing sight of the broader
context. This primarily supports convergent thinking by enabling focused evaluation and verification of specific
items, though it can also support divergent thinking when detailed inspection surfaces unexpected properties that
redirect the user’s attention toward new possibilities. This stage is supported by ITs such as hovering, clicking to
expand, and drilling down, and by Uls such as tooltips, expandable panels, pop-up windows, and clickable items.

51
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Together, these three stages externalise the structure of the candidate space and provide a flexible scaffold within
which both divergent and convergent thinking can be supported across all stages of exploration.

“Overview first, zoom & filter, then details-on-demand ”

Details-on-Demand

Overview Zoom & Filter Details-on-Demand

Fig. 8. Shneiderman’s “Visual Information-Seeking Mantra” [136]: a three-stage sequence of interaction designs, each capable of supporting both
divergent and convergent thinking. Overview: the system presents the entire candidate space, primarily supporting broad divergent exploration
while also enabling users to identify priorities convergently. Zoom and Filter: users narrow focus to a relevant subset, supporting convergent
refinement while also enabling divergent discovery through exploratory filtering. Details-on-Demand: users inspect individual candidates in
depth, supporting convergent evaluation while enabling divergent redirection when unexpected properties are surfaced.

Many existing LLM-based systems [1, 9, 38, 67, 144, 145, 172] follow this framework to support divergent and
convergent thinking. However, a systematic understanding of what ITs and Uls are currently used across such sys-
tems remains lacking, and how these interaction designs may be applied to support ontology engineers in ontology
scoping has yet to be explored.

3. Systematic literature review

We conducted an SLR following the PRISMA 2020 guidelines [118], a widely adopted reporting standard that
ensures transparency and reproducibility across the identification, screening, and analysis stages, with additional
practical guidance from established SLR methodological works [77, 137, 164]. As this SLR targets a specific in-
tersection of LLM-based systems and interaction design for creative tasks, items in PRISMA 2020 designed for
clinical and epidemiological reviews, such as meta-analysis, certainty assessment, and funding bias reporting, are
not applicable and are therefore omitted [118, 137]. The full SLR process is illustrated in Fig. 9. Section 3.1 de-
tails the identification stage, including search query formulation, database selection, and venue filtering; Section 3.2
outlines the screening stage, including Eligibility Criteria (EC) and IRR assessment; Section 3.3 covers the snow-
balling stage, including forward and backward reference searches; and Section 3.4 describes the development and
validation of the codebook used to analyse the included papers.

3.1. Step I1: identification
We conducted a structured search across three major digital databases: the ACM DL°, IEEE Xplore'?, and Sco-

pus'!. These three databases were selected as they collectively provide broad coverage of relevant publication venues
in Human—Computer Interaction (HCI), interactive system design, generative Al, and creative computing, including

9https://dl.acm.org/
10https://ieeexplore.ieee.org/Xplore/home.jsp
Mhttps://www.scopus.com/
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Step 1: identification Step 2: screening Step 3: snowballing Step 4: analysis
Query search Venue filtering Screening S::v:‘gglrl?ng 5223\::;?'?2 g Included
184 venues
184 venues 35 venues —> 42 papers —> 47 papers —> 50 papers
ACM DL (37)
ACM DL (37) IEEE Xplore (25) ACMDL (9)
IEEE Xplore (25) SCOPUS (12) IEEE Xplore (6) | |
SCOPUS (122) l SCOPUS (20) 3x Forward 2x Backward
e snowballing snowballing
40184 3275
CEETS More than 2 Yes CEPES
ACM DL (1520) RN ACM DL (335) Yes Yes Yes
IEEE Xplore (25867) papers IEEE Xplore (1981)
SCOPUS (12797) rele\;annteper SCOPUS (959) 1417 papers 152 papers
venu
No l l l
l Apply to Apply to Apply to
eligibility — eligibility — eligibility r—
Exclude criteria criteria criteria
149 venues EC1-EC8 EC1-EC8 EC1-EC8
| | |
No No No
v v v
Exclude Exclude Exclude
3233 papers 1370 papers 102 papers

Fig. 9. The SLR pipeline following PRISMA 2020 guidelines [118], consisting of four stages: (1) Identification, in which a query search across
three databases (ACM Digital Library (ACM DL), IEEE Xplore, and Scopus) yielded 40,184 papers across 184 venues, reduced to 3,275 papers
across 35 venues after venue filtering; (2) Screening, in which EC1-EC8 were applied, retaining 42 papers; (3) Snowballing, consisting of three
rounds of forward snowballing and two rounds of backward snowballing, identifying 8 additional papers; and (4) Analysis, resulting in a final
dataset of N = 50 papers.

the ACM CHI Conference on Human Factors in Computing Systems (CHI), the ACM Symposium on User Inter-
face Software and Technology (UIST), the ACM International Conference on Intelligent User Interfaces (IUI), and
the ACM Designing Interactive Systems Conference (DIS), all of which are fully indexed by at least one of the
three databases. This combination has been consistently adopted in prior SLRs in HCI and interactive Al systems
[77, 135], and any papers not retrieved by these databases were expected to be captured through the subsequent
snowballing procedure (Section 3.3).

The initial search query was derived from the three core concepts underlying our RQs: (1) LLM-based systems,
(2) divergent and convergent thinking, and (3) interaction designs. However, after several trials, we found that re-
stricting to LLM-specific terms retrieved few relevant papers, as LLMs are often integrated as one component within
broader multimodal pipelines that delegate tasks such as image generation or audio synthesis to other specialised
models [17, 38, 160]; we therefore adopted broader umbrella terms such as AT and machine learning alongside
LLM-specific terms to ensure comprehensive coverage.

We initially included divergent and convergent thinking-specific terms in the search query, as these are the think-
ing processes that define creative thinking, whose supporting interaction designs this paper seeks to identify. How-
ever, we found that including these terms retrieved few additional relevant papers, as these thinking processes are
rarely explicitly named in papers that nonetheless implement and evaluate interaction designs supporting them.
These terms were therefore removed. We instead retained the focus on arts and creativity as the domain search
terms (art and creatix), as creative thinking is inherently applied in this domain, and trials confirmed it is
where LLM-based interactive systems supporting divergent and convergent thinking are most widely developed and
evaluated.

Finally, we found that including interaction-design-related terms such as interaction techniques or
user interface could neither be incorporated via the Boolean operator OR nor via the Boolean operator AND
with the existing two mandatory query components (Al-related terms and arts-related terms). Adding them via OR to
either component would potentially pair interaction-design-related terms with either Al-related or arts-related terms
alone, retrieving a large volume of false positives that would render the scope unmanageable for full-text screen-
ing. Adding them via AND would require all three components to appear together, substantially reducing recall, as
papers describing relevant interaction designs rarely use these terms in titles, abstracts, or keywords (the rationale
for restricting the search to these three fields is detailed in the following paragraph) but instead describe them in

=W N

o 0 g o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51



@ J oy U W N

Qs s s s s s s D DWW W W W W WwWw W W NNNNNDNNNNN R R R R R R e e P e
H O W © < o 0 W N O W Jdo W N R O VW O do s W NP O WV ®Jd o s W N R OV

12 Y. Zhao et al. / A Survey on Interaction Design with LLMs for Ontology Requirements Elicitation with CQs

later sections such as system design, implementation, demonstration, or evaluation. These terms were therefore re-
moved, and the focus on interaction designs was instead maintained through the EC applied at the screening stage
(Section 3.2). The final search query was:

“artificial intelligence” OR “AI” OR “machine learning” OR
“large language model” OR “large language models” OR LLMx

AND

AND

We set the publication date range to 2017 onwards, coinciding with the release of the Transformer architecture
[154], which marks a key inflexion point in the development of generative models capable of supporting creative
tasks [77, 183]. The query was restricted to the title, abstract, and keywords fields, as preliminary trials revealed that
searching across full text produced a high rate of false positives, predominantly due to the term art » appearing in
phrases such as state—of-the—art and state of the art in unrelated papers. Following these settings, the
search yielded 40,184 non-duplicate records across 184 venues from the three databases.

To make the resulting dataset of 40,184 papers manageable while preserving coverage of relevant work, we
applied venue filtering as a precursor to manual full-text screening [77, 137, 164]. We assessed venue relevance by
examining the top 13 retrieved papers per venue based on full text review against the EC, detailed in Section 3.2,
retaining a venue if more than 2 of those 13 papers were deemed relevant. The threshold of 13 was selected as it
corresponds to the smallest number of papers retrieved from any single venue in our dataset, ensuring a consistent
basis for comparison across all venues. The cut-off of more than 2 was determined through a sensitivity analysis:
compared to a cut-off of 1, it improved dataset manageability; compared to a cut-off of 3, it retained more venues,
better preserving coverage of relevant papers. We acknowledge that venue filtering may introduce limitations by
excluding papers published in venues with lower overall relevance to our topic; however, this limitation is mitigated
by the subsequent snowballing stage (Section 3.3), which is designed to recover relevant papers not captured during
the initial search. Following venue filtering, 149 venues were excluded, and 3,275 papers across 35 venues were
retained for the screening stage.

3.2. Step 2: screening

To screen the 3,275 papers, we defined eight EC organised into two groups, as detailed in Table 1. EC-1 to EC-4
are general quality criteria ensuring that only peer-reviewed, non-retracted, non-secondary, English-language pri-
mary studies were retained. EC-5 to EC-8 are topic-specific criteria that assess whether a paper is relevant to our
research focus. We did not restrict paper types to full papers during screening, as short papers, workshop papers,
demos, and symposium papers can also present relevant interaction designs, though those without evaluation of their
effectiveness in supporting the creative process would be subsequently excluded by EC-8. The eight criteria were
applied sequentially, with EC-1 to EC-4 applied first to eliminate papers on general quality grounds before applying
the more demanding topic-specific criteria EC-5 to EC-8.

The first two authors independently screened a random sample of 20% (N = 655) of the papers in full text to
calibrate their application of the EC. IRR was calculated using Cohen’s kappa coefficient prior to any coordinating
discussions, yielding « = 0.82, indicating “Strong” agreement (0.80-0.90) [104]. This level of agreement is at-
tributable to two factors: both authors have backgrounds in HCI and interactive system design with more than three
years of experience; and the criteria are primarily concerned with identifying whether a paper presents an LLM-
based system with clearly defined interaction designs that have been evaluated, a judgement directly assessable from
the system design, implementation, and evaluation sections of each paper.

Disagreements were resolved through discussion until consensus was reached, primarily concerning EC-5: de-
termining whether the outputs generated by an LLM-based system constitute an instance of artistic expression or
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Group EC-#  Description

EC-1  The full text of the paper must be available in English.
EC-2  The paper must not have been retracted.

General quality pap s v ) ¢
EC-3  The paper must be peer-reviewed.

EC-4  The paper must not be a secondary study (e.g., a survey).

EC-5  The paper must present an LLM-based system that supports creative processes in artistic
expression or creative design.

Topic-specific EC-6  The LLM-based system must incorporate ITs that support the creative process.

EC-7  The LLM-based system must incorporate Uls that support the creative process.
EC-8  The interaction designs incorporated in the paper must be evaluated to show their effec-
tiveness in supporting the creative process.
Table 1
EC used in the screening process, organised into general quality criteria (EC-1 to EC-4) and topic-specific criteria (EC-5 to EC-8).

creative design. The main source of ambiguity was distinguishing between Procedural Content Generation (PCG)
systems, where the user sets parameters such as difficulty level or generation seed and the system autonomously
produces the output according to predefined rules without any further user involvement in shaping the result, and
creative support systems, where the user actively shapes the expressive or aesthetic qualities of the output through
iterative interaction, such as refining the style, tone, or composition of a generated artefact. The key distinction is
therefore whether the system supports users in iteratively shaping the expressive or aesthetic qualities of the output,
rather than merely configuring parameters that determine how content is algorithmically produced. Systems that did
not meet EC-5 on this basis were also excluded at EC-6 and EC—-7, as their ITs and Uls are intended to configure
algorithmic parameters rather than to support expressive user decision-making over the creative outcome.

The remaining 80% of papers were divided equally between the two authors (each screening N = 1, 310 papers
independently), with uncertain cases flagged and resolved at a final consensus meeting. A large number of papers
were excluded at EC- 6, as they focused on fully automated generation pipelines or model-centric optimisation with-
out clearly defined interaction designs. After applying all criteria, N = 42 papers were retained for the snowballing
stage.

3.3. Step 3: snowballing

To ensure comprehensive coverage of relevant work not captured during the initial database search, we conducted
snowballing. Three iterations of forward snowballing were conducted using Google Scholar!? to retrieve papers
citing each included paper, with an initial title and abstract screen applied to filter out papers not mentioning Al-
based system design for arts and creativity, yielding 1,417 candidate papers. The first two authors then independently
screened the full text of remaining candidates against the EC-1 to EC-8 (Section 3.2), each screening half of the
papers, with uncertain cases flagged and resolved through discussion at a final consensus meeting, resulting in
N = 5 additional papers being identified. Two iterations of backward snowballing were subsequently conducted
by examining the reference lists of all included papers with the same initial screen, yielding 152 candidate papers,
which were screened using the same process, resulting in N = 3 additional papers being identified. Combined with
the N = 42 papers retained from the screening stage, forward and backwards snowballing contributed an additional
N = 8 papers, bringing the final corpus to N = 50 papers, with publication years ranging from 2021 to 2025.

We prioritised forward snowballing as our research focus targets a rapidly evolving field in which the most rel-
evant recent work predominantly cites other recent contributions, meaning that forward snowballing from already-
included papers is more likely to surface additional relevant work than starting from older references, and the newly

2https://scholar.google.com/
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identified papers from forward snowballing in turn enriched the subsequent backward snowballing with a broader
set of reference lists to trace. We acknowledge that this deviates from the conventional backward-forward sequence
[171], which may have resulted in fewer relevant foundational papers being identified and available for inclusion
in the forward search; however, we conducted three iterations of forward snowballing followed by two iterations of
backward snowballing until no additional papers could be identified in either process, minimising the impact of this
deviation on overall coverage.

3.4. Step 4: analysis

To analyse the 50 papers and address our research questions, we developed a codebook using a hybrid approach
combining top-down and bottom-up strategies [29, 54], as this allows theoretical grounding from established frame-
works to be balanced with emergent insights from the data. The first two authors developed the codebook together
synchronously in person, beginning with a top-down strategy guided by established taxonomies of Uls [28] and ITs
[30] to define the initial structure and first-level categories. They then applied a bottom-up approach by conduct-
ing open coding on a randomly selected subset of 50% (N = 25) of the papers to refine the first-level categories
and inductively develop second-level categories, which served as the final codes for the analysis. The codebook
was developed synchronously in person, as this allowed discrepancies to be discussed immediately and a shared
understanding of the codebook structure and coding decisions to be established before independent coding began.

After finalising the codebook, the first two authors independently applied it to the remaining 50% (N = 25) of the
papers, assigning binary values to denote the presence (1) or absence (0) of each code for each paper. IRR was cal-
culated using Cohen’s kappa coefficient for each individual code prior to any coordinating discussions, yielding an
average score of k = (.85, indicating “Strong” agreement (0.80-0.90) [104]. This level of agreement is attributable
to the synchronous in-person codebook development process, which established a shared and precise understanding
of each code prior to independent coding, and to the binary nature of the coding scheme, which reduces ambiguity in
coding decisions compared to ordinal or multi-label schemes. Disagreements were resolved through discussion until
consensus was reached, primarily concerning whether the use of a slider should be considered a simple parameter
adjustment or an interpolative behaviour across multiple variables [10, 89, 153].

3.5. Results

This section presents the analysis results of the 50 papers retained following the search, screening, and snow-
balling stages. We describe the distribution of papers across publication years in Section 3.5.1, venues in Sec-
tion 3.5.2, creative domains in Section 3.5.3, ITs in Section 3.5.4, and Uls in Section 3.5.5.

3.5.1. Publication trends

Table 2 presents the distribution of the 50 retained papers by publication year. The corpus spans 2021-2025,
with a notable concentration in 2023 (N = 19, 38%) and 2024 (N = 21, 42%), together accounting for 80% of all
retained papers, which may be attributable to the widespread availability of large-scale generative models following
the public release of ChatGPT'? in late 2022, which substantially lowered the barrier to integrating LLM capabili-
ties into interactive system prototypes evaluated in user studies. The three papers from 2025 reflect the fact that the
search was conducted in early 2025 and therefore captured only a partial year of publications.

3.5.2. Publication venues

Table 3 presents the distribution of the 50 retained papers across publication venues. The corpus is predomi-
nantly drawn from HCI and interactive systems venues, with the CHI accounting for the largest share (N = 19,
38%), followed by the UIST (N = 8, 16%), the IUI (N = 6, 12%), and the DIS (N = 3, 6%). Together, these four
venues account for 72% of the retained corpus, and HCI and interactive systems venues as a whole account for 80%
(N = 40).

The predominance of CHI, UIST, IUI, and DIS papers in the retained corpus provides validation of the database
selection described in Section 3.1. The three databases were selected on the assumption that these four venues are

Bhttps://en.wikipedia.org/wiki/ChatGPT
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Table 2

Distribution of retained papers by publication year.

Year N %

2021 2 4%
2022 5 10%
2023 19 38%
2024 21 42%
2025 3 6%

Total 50 100%

Table 3
Distribution of retained papers by publication venue, grouped into three research communities.

Community Venue N %

ACM CHI Conference on Human Factors in Computing Systems (CHI) 19 38%

ACM Symposium on User Interface Software and Technology (UIST) 8 16%
ACM International Conference on Intelligent User Interfaces (IUI) 6 12%
HCI and ACM Designing Interactive Systems Conference (DIS) 3 6%
interactive systems ACM Transactions on Computer-Human Interaction 1 2%
Proceedings of the ACM on Human-Computer Interaction 1 2%
ACM Collective Intelligence Conference Series 1 2%
International Academic Mindtrek Conference 1 2%
AAAI Artificial Intelligence and Interactive Digital Entertainment 2 4%
Annual Meeting of the Association for Computational Linguistics 1 2%
Al and natural
language processing Conference of the European Chapter of the ACL 1 2%
Conference on Empirical Methods in Natural Language Processing 1 2%
Conference on Neural Information Processing Systems 1 2%
International Society for Music Information Retrieval Conference 1 2%
Domain-specific International Conference on the Foundations of Digital Games 1 2%
venues IEEE Visualization and Visual Analytics 1 2%
International Conference on Data Science and Management of Data 1 2%
Total 50 100%

representative publication outlets for the survey topic and are fully indexed by the selected databases; however,
whether these venues would in practice account for the majority of relevant papers could only be determined at this
stage. The finding that 72% of retained papers originate from these four venues confirms both that these venues are
representative of the field and that the database selection was appropriate for the purpose of this survey.

The remaining 10 papers (20%) are distributed across Al and natural language processing venues (N = 6, 12%)
and domain-specific venues (N = 4, 8%) spanning music information retrieval, game studies, information visuali-
sation, and data science.

3.5.3. Creative domains

Table 4 presents the distribution of the 50 retained papers across six creative domains. As noted in Section 3.1,
the retained papers predominantly feature systems in which an LLM is integrated as a central component within
broader multimodal pipelines for tasks such as prompt generation, semantic guidance, and narrative structuring,
with domain-specific outputs delegated to specialised models (e.g., Stable Diffusion, DALL-E).

Creative writing is the most represented domain (N = 19, 38%), referring to the composition of textual narra-
tives, stories, and expressive written content, which may reflect the relative maturity of LLM capabilities in text

=W N

o 0 g o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51



@ J oy U W N

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51

16 Y. Zhao et al. / A Survey on Interaction Design with LLMs for Ontology Requirements Elicitation with CQs

generation. Visual design (N = 14, 28%) refers to the creation of static visual outputs through the deliberate use of
composition, colour, typography, and imagery to communicate meaning or aesthetic intent. Video creation (N = 8,
16%) refers to the production of temporally sequenced visual and narrative content. Game design (N = 4, 8%)
refers to the authoring of game content such as narratives, characters, and level design through iterative expres-
sive choices, rather than PCG systems where content is algorithmically produced according to predefined rules or
parameters without meaningful user agency over the expressive or aesthetic qualities of the result. 3D and spatial
design (N = 3, 6%) refers to the creation and manipulation of three-dimensional objects, environments, and spatial
configurations. Music creation, referring to the composition and production of audio content, and creative coding,
referring to the use of programming as a medium for artistic expression, each accounts for a single paper (N = 1,
2%), suggesting potential directions for future work in their respective communities.

Table 4

Distribution of retained papers by creative domain.

Creative domain N %o
Creative writing 19 38%
Visual design 14 28%
Video creation 8 16%
Game design 4 8%
3D and spatial design 3 6%
Music creation 1 2%
Creative coding 1 2%
Total 50 100%

3.5.4. Interaction techniques

For each IT, we describe what it is with reference to representative systems from our corpus, justify how it
structurally supports divergent thinking, convergent thinking, or both by examining whether it enables users to
broaden the range of ideas considered towards a goal, narrow attention to refine and evaluate options towards the
same goal, or facilitates transitions between these two modes [66], and discuss how LLM-based systems, com-
bined with multimodal models, can be used to augment the thinking processes it supports. Additionally, IRR for
each identified category was assessed using Cohen’s x [104], with scores reported and colour-coded per entry:

JAboVE 090 (AImostPErfect)|. 0.80-0.90 (Strong) . and 0.60-0.79 (Moderate) .

IT-1 Spatial navigation allows users to traverse a multi-dimensional design space through
directional controls, as seen in Spellburst [10] and Luminate [145]. Because users explore
by moving through the space rather than formulating a query, they are exposed to content
they would not have thought to ask for, which broadens the range of ideas considered and
supports divergent thinking. When a promising region is found, navigating within it allows
users to progressively narrow down options, supporting convergent thinking. LLM-based
systems, combined with multimodal models, can be used to populate each spatial region
Spatial Navigation with contextually relevant text, image, or mixed-media content in response to the user’s
current position, ensuring that every navigational step surfaces meaningful and varied pos-
sibilities [27, 97, 157, 179].

Cohen’s « = 0.84 (Strong)
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IT-2 Zooming allows users to adjust the scale of visible information between global
overview and fine-grained detail, as seen in PromptMap [1] and Spellburst [10]. Because
users can pull back to see the full landscape of possibilities without committing to any,
zooming out supports divergent thinking by revealing the breadth of the space and en-
couraging broad exploration. Zooming in then supports convergent thinking by focusing
attention on a specific region for detailed inspection and refinement. LLM-based systems,
combined with multimodal models, can be used to generate high-level textual summaries
and visual overviews when zoomed out, and fine-grained textual elaborations alongside
detailed image content when zoomed in, adapting the richness of output to the user’s cur-
rent level of focus [9, 27, 34, 37, 181].

IT-3 Querying allows users to specify information needs through prompts or keywords, as
seen in Wordcraft [179] and PromptMap [1]. Because users can issue open-ended queries
without a precise target, querying supports divergent thinking by surfacing semantically
related content that broadens the user’s conception of what is possible. As queries become
more specific and targeted, the technique supports convergent thinking by progressively
narrowing the field and sharpening conceptual direction toward a defined goal. LLM-based
systems, combined with multimodal models, can be used to interpret the same query across
text and visual modalities simultaneously, returning semantically relevant textual sugges-
tions alongside generated image or mixed-media content that together give users a richer
and more complete view of the possibility space [10, 27, 34, 107, 186].

IT-4 Sorting and filtering allow users to reorganise or constrain visible content based on
defined criteria, as seen in ExpressEdit [153] and Metaphorian [88]. Because filtering re-
moves irrelevant content while sorting surfaces patterns across the remaining items, the
technique supports convergent thinking by helping users prioritise salient information and
focus attention on what matters most. When users apply loose or exploratory criteria to
discover unexpected groupings, it can also support divergent thinking by revealing struc-
tural patterns in the possibility space that were not previously apparent. LLM-based sys-
tems, combined with multimodal models, can be used to propose semantically and visu-
ally meaningful sorting and filtering strategies across both text and image content, helping
users impose structure on heterogeneous generated outputs without needing to define cri-
teria manually [88, 98, 139, 150, 159, 179].

IT-5 Linking and brushing enable users to select a subset of elements and immediately
highlight semantically associated items across multiple views, as seen in Luminate [145]
and Datatales [146]. Because selecting one element reveals unexpected connections to oth-
ers, it supports divergent thinking by surfacing thematic relationships that users would not
have identified through sequential inspection alone. As users refine their selections to iso-
late a coherent cluster of related items, it supports convergent thinking by helping build
integrated cognitive structures across representations. LLM-based systems, combined with
multimodal models, can be used to infer latent semantic and visual connections across both
text and image content simultaneously, ensuring that brushing a textual element surfaces
not only related text but also visually associated materials, giving users a unified and cross-
modal view of how ideas relate [1, 27, 37, 98, 107, 146].
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IT-6 Clustering and combining allow users to group or merge related elements into higher-
order constructs, as seen in CreativeConnect [37] and AutoSpark [34]. Because grouping
distributed ideas into clusters requires surveying the full possibility space first, this tech-
nique supports divergent thinking by externalising emerging patterns that were not initially
apparent. When clusters are merged and consolidated into coherent conceptual units, the
technique supports convergent thinking by reducing complexity and synthesising scattered
information toward a unified structure. LLM-based systems, combined with multimodal
models, can be used to identify semantic relatedness across text and visual content simul-
taneously, proposing groupings and consolidation strategies that span both modalities and
make latent conceptual structure visible across heterogeneous materials [1, 9, 27, 78, 145].

IT-7 Mouse hover and click-to-expand provide users with lightweight preview ac-
cess or persistent detailed views of generated content, as seen in Spellburst [10] and
Patchview [38]. Because hovering allows users to quickly scan across many items with-
out committing to any, it supports divergent thinking by lowering the cost of exploration
and enabling rapid comparison across a wide range of possibilities. Clicking to expand
then supports convergent thinking by giving users persistent access to detailed content for
critical evaluation and interpretation verification toward a decision. LLM-based systems,
combined with multimodal models, can be used to generate concise textual summaries
alongside visual thumbnails for hover previews, and richer textual elaborations with full
image or mixed-media content for expanded views, giving users a coherent and layered
understanding of each item at both levels of detail [27, 97, 98, 157, 158, 187].

3.5.5. User interface designs

For each UI, we describe what it is with reference to representative systems from our corpus, justify how it

structurally supports divergent thinking, convergent thinking, or both by examining whether it enables users to

broaden the range of ideas considered towards a goal, narrow attention to refine and evaluate options towards the

same goal, or facilitates transitions between these two modes [66], and discuss how LLM-based systems, com-

bined with multimodal models, can be used to augment the thinking processes it supports. Additionally, IRR for

each identified category was assessed using Cohen’s x [104], with scores reported and colour-coded per entry:

, 0.80-0.90 (Strong) , and 0.60-0.79 (Moderate) .

UI-1 Chatbot structures interaction into manageable conversational turns, as seen in Word-
craft [179] and CALYPSO [187]. Because each turn surfaces a new response without re-
quiring users to plan ahead, it supports divergent thinking by allowing ideas to emerge
incrementally through dialogue rather than through deliberate query design. As the con-
versation progresses and responses become more targeted, it supports convergent thinking
by maintaining attention on immediate reasoning goals and segmenting complex think-
ing into focused steps. LLM-based systems, combined with multimodal models, can be
used to generate contextually relevant replies and proactively suggest next prompts while
also producing image or mixed-media responses within the same conversational structure,
helping users sustain cognitive flow across turns regardless of modality [100, 107, 145,
158, 175, 186].
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UI-2 Canvas provides a flexible spatial workspace where users can freely place, arrange,
and connect generated content, as seen in Spellburst [10] and TaleBrush [39]. Because
the open-ended nature of the space imposes no predefined structure, it supports diver-
gent thinking by allowing users to externalise fragmented ideas freely and discover re-
lationships through spatial arrangement rather than sequential reasoning. As users pro-
gressively organise and stabilise content on the canvas, it supports convergent thinking
by making emerging mental representations visible and refinable. LLM-based systems,
combined with multimodal models, can be used to propose spatial annotations, suggest
connections between placed elements, and respond to sketch or drawing inputs to generate
image content directly within the canvas, creating a unified workspace where textual and
visual generation reinforce each other [10, 39, 145, 174].

UI-3 Moodboard enables users to openly arrange heterogeneous materials in a shared vi-
sual space, as seen in CreativeConnect [37] and Lotus [17]. Because users can place diverse
and loosely related items without committing to a structure, it supports divergent thinking
by encouraging associative reasoning and thematic exploration across materials that would
not naturally be considered together. As implicit patterns emerge from the arrangement, it
supports convergent thinking by helping users abstract recurring themes and organise frag-
mented inputs into coherent groupings. LLM-based systems, combined with multimodal
models, can be used to identify clustering patterns across both textual and visual items,
suggest semantic labels that make latent structure explicit, and generate image content that
fills thematic gaps in the emerging groupings [1, 27, 34, 78, 103, 162].

UI-4 Focus region in context links a locally selected area to its surrounding global view,
allowing users to edit or inspect detail while retaining awareness of the broader structure,
as seen in Directgpt [103] and Luminate [145]. Because the global view remains visible
during local operations, it supports divergent thinking by allowing users to identify new
areas of interest across the full space while working on a specific region. When users
apply focused edits that propagate meaningfully to the global structure, it supports conver-
gent thinking by helping users maintain cognitive coherence across hierarchical levels and
progressively refine their overall output. LLM-based systems, combined with multimodal
models, can be used to generate context-sensitive textual refinements for the focused re-
gion while simultaneously applying localised image edits that remain visually consistent
with the surrounding global content [76, 78, 153, 162, 174].

UI-S Spatially structured and sequentially guiding editors externalise task organisation
through grids, timelines, or ordered slots that impose a scaffold on the working space, as
seen in Coauthor [93] and DreamDirector [186]. Because the scatfold makes the overall
structure visible from the start, it supports divergent thinking by freeing users to populate
individual slots or cells with varied content without losing sight of how each contribu-
tion fits into the whole. As users fill in the structure incrementally, it supports convergent
thinking by reducing planning overhead and guiding users toward a temporally or spatially
coherent final representation. LLM-based systems, combined with multimodal models, can
be used to propose context-aligned textual completions for each slot while generating im-
age or video content that fits within the visual and temporal constraints of the grid or
timeline, ensuring coherence across both text and image throughout the emerging struc-
ture [98, 108, 153, 157, 181, 186].
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UI-6 Sliders, knobs, and numeric textfields allow users to vary parameter values with fine-
grained precision, as seen in Promptcharm [162] and Spellburst [10]. Because continu-
ous adjustment allows users to sweep across a parameter range and observe how outputs
change, it supports divergent thinking by enabling systematic exploration of the effect
space without requiring explicit reformulation of intent. When users identify a meaningful
range and converge on a specific value, it supports convergent thinking by giving precise
control over subtle adjustments that shape the final output. LLM-based systems, com-
bined with multimodal models, can be used to generate real-time semantic previews in
both text and visual form as parameter values change, giving users a coherent and im-
mediately perceivable understanding of how adjustments affect the output across modali-
ties [17, 27, 89, 116, 159, 179].

UI-7 Binary and Likert-scale rating compress subjective judgements into fixed scales, as
seen in Help Me Write a Poem [32]. Because rating options are presented without requiring
users to articulate their reasoning, it supports convergent thinking by helping users quickly
consolidate evolving impressions into explicit evaluative decisions and reduce cognitive
ambiguity during assessment. LLM-based systems, combined with multimodal models,
can be used to generate micro-explanations alongside rating options that clarify the dis-
tinction between adjacent scale points across both textual and visual content, reducing
uncertainty and helping users commit to a judgement with greater confidence [32].

UI-8 Interpolating controls allow users to blend properties along continuous dimensions,
producing outputs that gradually transition between two or more defined states, as seen in
Cells, Generators, and Lenses [89] and Patchview [38]. Because users can sweep across
the full interpolation range to observe how outputs evolve between extremes, it supports
divergent thinking by enabling exploration of the variant space between known reference
points, surfacing intermediate possibilities that would not have been considered indepen-
dently. When users identify a preferred region along the continuum and settle on a specific
blend, it supports convergent thinking by reinforcing comparative reasoning and guiding
gradual preference formation. LLM-based systems, combined with multimodal models,
can be used to generate semantic textual snapshots at intermediate points along the inter-
polation path while simultaneously rendering visually interpolated image outputs, making
the transition between variants interpretable and directly perceivable across both text and
image [38, 78, 89].

UI-9 List and grid layouts structure the presentation of generated items in a systematic and
scannable format, as seen in Luminate [145] and AutoSpark [34]. Because all items are
visible simultaneously without requiring navigation, it supports divergent thinking by en-
abling users to survey a broad range of possibilities at once and make connections across
items that would not emerge from sequential presentation. When users scan to identify
the most relevant candidates and narrow their selection, it supports convergent thinking by
focusing selective attention and reducing information overload. LLM-based systems, com-
bined with multimodal models, can be used to highlight contextually pertinent candidates
and populate grids with both textual and image or mixed-media outputs, enabling users
to direct attention toward the most promising items while making visual and semantic
comparison across the full set immediately [1, 27, 34, 97, 98, 107].
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UI-10 In-flow options introduce context-sensitive suggestions directly within the user’s
ongoing interaction, without requiring them to pause or switch context, as seen in Word-
craft [179] and Spellburst [10]. Because suggestions appear at the point of action and re-
flect the current context, it supports divergent thinking by surfacing branching possibilities
that users would not have considered independently, stimulating associative thinking with-
out interrupting ideation flow. When users select a suggestion that aligns with their emerg-
ing intent, it supports convergent thinking by accelerating decision-making at moments
of uncertainty. LLM-based systems, combined with multimodal models, can be used to
predict likely next steps and generate contextually relevant branching options in both text
and visual form, inline within the same interaction flow, keeping the range of possibilities
visible without overwhelming the user [27, 100, 162, 179, 181, 186].

UI-11 Node-based branch interfaces externalise conceptual networks spatially, allowing
users to build and navigate non-linear idea structures through connected nodes, as seen
in Spellburst [10] and PromptMap [1]. Because each node can branch in multiple direc-
tions without disrupting existing paths, it supports divergent thinking by allowing users to
explore several idea trajectories simultaneously and make non-linear associations visible.
As users prune, reorganise, and consolidate branches into a coherent hierarchy, it supports
convergent thinking by helping users systematically refine evolving idea structures toward
aresolved output. LLM-based systems, combined with multimodal models, can be used to
suggest semantically relevant expansions at each node and generate both textual and visual
content that enriches the network, ensuring that the branching structure reflects meaningful
conceptual relationships rather than arbitrary connections [1, 10, 34, 38, 78, 181].

UI-12 Map and earth interfaces enable users to explore content spatially across multiple
scales, as seen in Promptify [27] and A Redhead Walks into a Bar [58]. Because the full
spatial extent of the content is visible at once, it supports divergent thinking by allowing
users to identify and navigate toward distant or overlooked conceptual territories without
losing awareness of the broader spatial organisation. As users zoom into a specific re-
gion and begin working within it, it supports convergent thinking by focusing attention on
a bounded area for detailed exploration and refinement. LLM-based systems, combined
with multimodal models, can be used to highlight semantically promising regions across
the map and generate region-specific textual and visual content as users navigate, ensur-
ing that relevant materials across both modalities are surfaced in proportion to the user’s
current spatial focus [27, 58].

UI-13 Timeline, storyline, and step sequence interfaces present content within an ordered
temporal or procedural structure, as seen in Visar [181] and DreamDirector [186]. Be-
cause the structure makes the full sequence visible at once, it supports divergent thinking
by allowing users to identify gaps, alternative orderings, or unexplored branches across
the entire arc without losing track of the overall progression. As users refine individual
steps and strengthen transitions between them, it supports convergent thinking by incre-
mentally improving narrative logic and temporal cohesion toward a complete and coher-
ent output. LLM-based systems, combined with multimodal models, can be used to sug-
gest chronologically appropriate textual completions for empty steps and generate visual
content that fills gaps within the temporal structure, while also proposing missing tran-
sitions that maintain consistency across both text and image content throughout the se-
quence [17, 39, 153, 157, 181, 186].
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UI-14 Lanes and tracks layer multiple content streams across a shared time axis, allowing

users to view and edit concurrent developments in parallel, as seen in LAVE [158] and Po-

i — dReels [160]. Because all streams are visible simultaneously, it supports divergent think-
ing by enabling users to identify cross-stream opportunities and explore how independent
[ i

threads might interact or diverge across time. As users align and coordinate content across
lanes to ensure consistency, it supports convergent thinking by helping maintain cogni-
tive coherence across interdependent sequence layers. LLM-based systems, combined with
Lanes and Tracks multimodal models, can be used to propose cross-stream alignments, flag temporal incon-
Cohen’s = 0.88 (Strong) sistencies between lanes, and synchronise textual and visual or audio streams within the
same track structure, reducing the cognitive effort of managing multiple concurrent threads

across modalities [17, 158, 160].

4. Design thinking workshop

This workshop was conducted in person to translate the ITs and Uls identified in Section 3.5 into an interaction
model for LLM-based ontology scoping with CQs, implement it as a working system prototype, and explore its ap-
plicability through a practical use case. The design thinking process [68], as illustrated in Fig. 10, was selected for
this purpose because (1) it begins with an Empathise stage that ensures this translation is grounded in the actual chal-
lenges faced by ontology engineers in LLM-based ontology scoping rather than assumed ones; (2) it brings together
OE experts and HCI researchers to ensure that design decisions are jointly informed by the knowledge necessary to
produce an interaction model capable of addressing those challenges; and (3) its stage-by-stage structure grounds
each design decision in the preceding stage, making the full chain of reasoning from challenge identification to
evaluation transparent and traceable.

Prototype

Explore Module Create Module

Fig. 10. The design thinking process [68] adopted in this workshop is structured across five stages organised into two modules. The Explore
Module comprises Empathise, which supports divergent thinking by identifying the actual challenges faced by ontology engineers in LLM-
based ontology scoping with CQs, and Define, which supports convergent thinking by synthesising those challenges into focused problem
statements. The Create Module comprises Ideate, which encompasses both divergent thinking in exploring how each problem statement could be
addressed through the application of specific ITs and Uls, and convergent thinking in selecting and integrating those that best address the problem
statements into a single coherent interaction model, followed by Prototype, which produces a visual representation of the interaction model and
implements it as a working system prototype, and Test, which explores the prototype’s applicability through a practical use case demonstration.
Prototype and Test are conducted iteratively, with one complete cycle performed in this workshop.

This workshop produced three outputs: a conceptual interaction model for LLM-based ontology scoping with CQs
(Table 7, Fig. 11), a system prototype implementing that model called OntoScope (Section 4.3, Fig. 12, Fig. 13), and
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a use case demonstration exploring OntoScope’s applicability in practice (Section 4.5). Participants are introduced
in Section 4.1, and the workshop procedure is described across two sessions: Session 1 covering Empathise, Define,
Ideate, and Prototype (Section 4.2), and Session 2 covering Test (Section 4.4).

4.1. Participants

This workshop involved 7 participants in total. The first and second authors (A1, A2) also participated in all work-
shop stages as domain experts, each with expertise in both OE and HCI; in addition to their participation, Al served
as facilitator and A2 served as note-taker. We acknowledge the potential facilitator and participant bias introduced
by Al and A2; however, this is acceptable for three reasons: first, Al and A2 conducted the SLR reported in Sec-
tion 3.5 and are therefore the most qualified to explain the identified ITs and Uls and contextualise their relevance to
LLM-based ontology scoping with CQs, making their active participation a necessity; second, A1’s facilitator role
was procedural, managing discussion structure and time rather than directing design decisions; and third, all design
decisions were reached through structured discussion to consensus among all 7 participants, ensuring the outputs
are attributable to collective deliberation rather than to the authors alone.

The remaining 5 participants (P1-P5) were recruited through purposive sampling from 2 research groups at King’s
College London: the Human-Centred Computing Research Group and the Knowledge Graph Research Group. Pur-
posive sampling was selected because the workshop required participants with verified expertise in either ontology
scoping with CQs or interaction design supporting divergent and convergent thinking, and such expertise is concen-
trated within a small number of specialist research groups, making targeted recruitment more appropriate than open
calls. Ethics approval was obtained from King’s College London, under which no personal identifying information
was collected; all recruited participants were assigned anonymous participant identifiers (P1-P5). All participants
volunteered and provided informed consent prior to participation.

Table 5
Demographic and self-reported familiarity data for the 5 recruited participants (P1-P5). OE familiarity questions were answered by OE experts
(P1, P2, P3); HCI familiarity questions were answered by HCI researchers (P4, P5). Familiarity was self-reported on a 5-point Likert scale (1 =
Not familiar at all, 2 = Slightly familiar, 3 = Moderately familiar, 4 = Familiar, 5 = Very familiar). — indicates the question was not applicable to
the participant.

P1 P2 P3 P4 P5

Role OE expert OE expert OE expert HClI researcher  HCI researcher
Experience years in OE 8 5 5 - -
Experience years in HCI - - - 9 7
Gender Female Male Male Female Male
Academic level Postdoc ~ PhD Candidate PhD Candidate Postdoc PhD Candidate

OE Familiarity
Familiarity with requirements elicitation in OE 5 5 5 - -
Familiarity with use of CQs for requirements elicitation in OE 5 4 4 - -
Familiarity with use of LLMs for requirements elicitation with CQs in OE 4 3 4 - -

HCI Familiarity
Familiarity with divergent and convergent thinking - - - 5 4
Familiarity with Uls for divergent and convergent thinking - - - 5 4
Familiarity with ITs for divergent and convergent thinking - - - 4 4

The 5 recruited participants comprised 3/5 OE experts (P1, P2, P3) and 2/5 HCI researchers (P4, P5), with 2
female and 3 male participants, experience ranging from 5 to 9 years, and academic levels spanning PhD candi-
dates and postdoctoral researchers. Self-reported familiarity scores confirmed relevant domain expertise across all
recruited participants: OE participants (P1, P2, P3) reported averaged scores of 5/5 for requirements elicitation in
OE, 4.33/5 for the use of CQs for requirements elicitation in OE, and 3.67/5 for the use of LLMs for requirements
elicitation with CQs in OE; HCI participants (P4, P5) reported averaged scores of 4.5/5 for divergent and conver-
gent thinking, 4.5/5 for Uls supporting divergent and convergent thinking, and 4/5 for ITs supporting divergent and
convergent thinking, with all individual scores at or above 3/5 (Table 5).
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We further acknowledge that single-institution recruitment may introduce homogeneity bias and that 7 partic-
ipants (including A1 and A2) are a small sample. However, both are acceptable: (1) participants bring diverse
experience levels accumulated across prior and current research projects, with each participant engaged in a distinct
research project at the time of the workshop, ranging from 5 to 9 years of experience across OE and HCI, and vary-
ing familiarity levels (3-5 on a 5-point Likert scale) with the workshop topics, as evidenced in Table 5, reducing
the risk of perspective homogeneity; and (2) for a design study whose goal is to produce a theoretically grounded
interaction model through expert deliberation, implement it as a working prototype, and explore its applicability
through a practical use case, a small focused expert sample is appropriate, with all outputs serving as a basis for
future empirical evaluation with a broader and independent participant population.

4.2. Session 1: empathise, define, ideate, and prototype

The Empathise stage lasted approximately 20 minutes. OE experts (A1, P1, P2) presented their current ontology
requirements elicitation workflows and the challenges they face in LLM-based ontology scoping with existing tools,
structured around two prompts: what challenges they currently face in ontology scoping, and where existing tools
fail to support their work. HCI participants (A2, P4, P5) listened and asked clarifying questions to build sufficient
understanding of OE practice to inform the subsequent design stages. This ensured that the problem space was de-
fined by the actual challenges of OE practice rather than by HCI assumptions about what those challenges might be.
The Define stage lasted approximately 20 minutes. All participants collaboratively synthesised the challenges from
the Empathise stage into a set of focused problem statements. Three problem statements were identified and agreed
upon by all participants, as reported in Table 6.

Table 6
Problem statements produced in the Define stage

ID Problem statement Description

PS1 Current automated LLM-  Current LLM-based CQ generation tools such as AgOCQs [12], NeOn-GPT [53], RevOnt [40],

based CQ generation tools
provide little auditing sup-
port

and RETROFIT-CQs [5] are designed for generation only and provide little support for ontology
engineers to subsequently audit whether generated CQ candidates are complete and relevant to
define the target ontology scope.

PS2

Current LLM-based conver-
sational agents cause fixa-
tion through linear interac-
tion

Conversational agents such as OntoChat [180, 185] (Fig. 5) support auditing through follow-up
questions and varied suggestions, but their turn-based chatbot interfaces are inherently linear and
may cause fixation [144, 145], where ontology engineers become anchored to their initial inputs
and fail to adequately explore the full ontology scope.

PS3

Current ontology editors
and mind-mapping tools
lack dimension-oriented
organisation for CQ-based
scope auditing

Ontology editors such as Protégé [109] and metaphactory [69] provide two Uls: nested list-based
Uls (Fig. 2) that organise concepts and relations hierarchically, requiring constant scrolling and
making it difficult to maintain a global overview; and graph-based Uls of the ontology struc-
ture itself, which can provide a global overview but are not organised along the dimensions of
subdomains and term granularity, making it difficult to reason about whether CQ candidates col-
lectively achieve the intended ontology scope. General mind-mapping tools such as Miro® and
XMind* offer flexible UIs for personalising the scope auditing process but are underexplored for
ontology scoping purposes.

The Ideate stage lasted approximately 30 minutes and was structured in two phases corresponding to divergent
and convergent thinking. In the divergent phase, A1 and A2 presented the ITs and Uls identified in Section 3.5,
and all participants collectively discussed how each problem statement in Table 6 could be addressed through the
application of specific ITs and Uls. HCI researchers also presented a range of interaction design frameworks that
held potential as organising structures for mapping the identified ITs and Uls into a coherent interaction model for
supporting divergent and convergent thinking, including Norman’s action cycle [114], the activity theory frame-
work [84], and Shneiderman’s visual information-seeking mantra [136].

In the convergent phase, participants discussed and converged on Shneiderman’s visual information-seeking
mantra [136] as the organising structure for two reasons: first, its three-stage sequence of overview first, zoom and
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filter, and details on demand directly maps onto the progression from divergent to convergent thinking in ontology
scoping, where ontology engineers must first establish a global overview of the CQ space before narrowing attention
to specific regions and then inspecting individual regions or CQ candidates in detail; and second, it is grounded in
spatial navigation and visual reasoning, providing a principled basis for addressing PS3. All decisions were reached
through discussion to consensus. The selected ITs and Uls and their relationships to the problem statements are
reported in Table 7.

Table 7

The conceptual interaction model produced in the Ideate stage, comprising the selected ITs and Uls mapped onto the three stages of Shneider-
man’s visual information-seeking mantra [136], the problem statements they address, and the divergent and/or convergent thinking they support.

No. UI/IT Addresses Thinking Rationale
mode
Overview first
UI-2 Canvas PS1, PS2, Divergent + Places LLM-generated CQ candidates on a two-dimensional grid along subdo-
PS3 Convergent mains and term granularity, letting ontology engineers see at a glance where the
ontology scope has gaps or too many candidates.
UI-11 Nodes PSI1, PS3 Divergent +  Shows each CQ candidate as a node on the grid, making it easy to inspect and
Convergent compare individual candidates across subdomains and term granularity levels.
IT-6 Clustering PSI1, PS3 Divergent + LLM-based system groups CQ candidates with shared subdomains or term gran-
Convergent ularity into clusters, showing where candidates are concentrated or sparse across
the ontology scope.
1T-7 Click-to- PS1, PS3 Convergent Opens a CQ node to show the LLM-suggested terms for that candidate’s subdo-
expand main and granularity level, letting ontology engineers check, refine, and eliminate

terms at the detail level without losing the overall view.

Zoom and filter

IT-1 Spatial navi- PS1,PS2, Divergent + This lets ontology engineers move freely across clusters, subdomains, and gran-
gation PS3 Convergent ularity levels without following a fixed order, directly addressing fixation caused

by linear interaction.
UI-10 In-flow op- PSI, PS2 Divergent LLM-based system shows inline suggestions for new CQ candidates, terms, or
tions dimension values at the point of editing, letting ontology engineers expand the

ontology scope without stopping their current work.

Details on demand

1T-2 Zooming PS1, PS2, Divergent + Switches between a full view of the ontology scope and a close-up of a specific
PS3 Convergent subdomain or granularity level, supporting both broad assessment and detailed

inspection of CQ candidates.
Ul-4 Focus region  PSI, PS2, Convergent Displays a selected region of the ontology scope in detail alongside the full scope
in context PS3 overview; the LLM-based system generates CQ and term candidates within the

selected region based on the surrounding context, keeping local suggestions con-
sistent with the overall ontology scope.

UI-7 Binary rating PS1 Convergent This lets ontology engineers delete CQ candidates, terms, or dimension values
as irrelevant; the LLM uses these deletions to stop similar suggestions again,
progressively narrowing the ontology scope.

The Prototype stage lasted approximately 50 minutes. Based on the conceptual interaction model produced in the
Ideate stage (Table 7), all participants collaboratively produced a visual prototype illustrating how the selected ITs
and Uls work together to support LLM-based ontology scoping with CQs, as illustrated in Fig. 11, using Miro'* as
a shared collaborative workspace. This visual prototype was subsequently used by Al and A2 as the direct specifi-
cation for implementing OntoScope after this session.

“https://miro.com
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Fig. 11. The visual prototype produced in the Prototype stage, showing how the selected ITs and Uls work together to support LLM-based
ontology scoping with CQs along the dimensions of subdomains (horizontal) and term granularity (vertical). The prototype illustrates the spa-
tial overview of LLM-generated CQ candidates as manipulable nodes (UI-11) organised on a canvas (UI-2), grouped into clusters (IT-6), with
navigation across regions (IT-1), zooming between global and detailed views (IT-2), in-flow suggestions for new CQ candidates, terms, and
dimension values (UI-10), focus region in context for local refinement (UI-4), click-to-expand for term-level detail (IT-7), and binary rating for
deleting irrelevant CQ candidates, terms, or dimension values (UI-7).

4.3. OntoScope

OntoScope is a web-based system prototype implementing the conceptual interaction model (Table 7) produced in
the Ideate stage, with the visual prototype (Fig. 11) serving as its design specification. It supports ontology engineers
in scoping an ontology by organising LLM-generated CQ candidates spatially along two dimensions: subdomains
and term granularity. The frontend is implemented in React with Vite, with Tailwind CSS and Shadcn/ui for ac-
cessible and responsive interface design, and D3.js for interactive spatial visualisation of the two-dimensional CQ
candidate space, selected for its support for custom data-driven spatial layouts not available in standard charting
libraries. The backend is implemented in Node.js and Express.js, providing a RESTful API that handles real-time
LLM requests for CQ, term, and dimension value generation, decoupling the frontend interaction layer from the
LLM backend to allow each to be updated independently.

OntoScope uses OpenAl’s gpt—4. 1! as its underlying language model, selected over gemini-2.5-pro'®
and claude-opus—4-20250514"7 through pilot testing by the first and second authors, who independently
evaluated and consistently agreed that gpt—4.1 produced CQ candidates with higher well-formedness, termi-
nological precision, and relevance to the target ontology scope across multiple test domains under the same task
conditions. Pilot testing also identified that CQ generation prompts must instruct the model to treat singular and
plural forms of terms as distinct, since they may correspond to different answers and therefore different ontolog-
ical commitments. To remove redundant suggestions, OntoScope employs an automatic regeneration pipeline that
checks for duplicates both within a newly generated set and against content already present in the ontology scope,
capped at ten iterations, beyond which pilot testing showed that additional iterations yield negligible new valid
suggestions while substantially increasing response latency.

5https://openai.com/index/gpt-4-1/
16https://modelcards.withgoogle.com/assets/documents/gemini-2.5-pro.pdf
7https://docs.claude.com/en/docs/about-claude/models/overview
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4.4. Session 2: test

The Test session lasted approximately 1 hour and was attended by A1, A2, and P3. P3, an OE expert with 5 years
of experience who had not attended the first session, served as an evaluator unfamiliar with the design decisions
made during the first session, providing an evaluation perspective unaffected by involvement in the design process.
In the first 15 minutes, Al introduced the background of the work and clarified the task: P3 was asked to use Onto-
Scope to scope a university ontology as completely and relevantly as possible within 30 minutes, a domain chosen
because it is broadly familiar and requires no specialist prior knowledge.

Al then walked through OntoScope with P3 for 15 minutes, answering any clarification questions about the sys-
tem before the evaluation began. The session was screen- and audio-recorded, and P3 was asked to think aloud
throughout the interaction; think-aloud [184, 185] was selected because it enables participants to verbalise their
reasoning, observations, and difficulties as they occur, providing direct evidence of whether the interaction model
addresses the problem statements identified in the Define stage (Table 6), without imposing a predefined response
structure on the evaluator. A2 documented observations and feedback in real time.

This session constitutes a use case demonstration [61, 170]: its goal was not to produce statistically generalisable
results or to evaluate against a benchmark, but to explore through a realistic use case how OntoScope can potentially
support an ontology engineer’s divergent and convergent thinking in LLM-based ontology scoping with CQs, and
how this support can potentially contribute to a more complete and relevant ontology scope in practice, which is a
validated and widely adopted approach for evaluating early-stage interactive system prototypes [61, 170].

4.5. Use case demonstration

This section demonstrates how OntoScope can potentially support an ontology engineer in scoping a university
ontology, using P3’s think-aloud session as the practical use case. Fig. 12 shows the main interface of OntoScope,
and Fig. 13 shows the three popup windows; both are referenced throughout the demonstration. The demonstration
follows P3’s workflow sequentially, showing how the interaction model for supporting divergent and convergent
thinking addresses the three problem statements identified in the Define stage (Table 6) and how this support can
potentially contribute to a more complete and relevant ontology scope.

P3 entered university in the domain input field, and OntoScope generated an initial CQ space (UI-2, Fig. 12)
with three subdomains (academics, people, and facilities) crossed with three granularity levels, each
cell populated with LLM-generated terms, each associated with one CQ candidate. Unlike generation-only tools
such as AgOCQs [12] and NeOn-GPT [53] which present candidates as a flat list, and unlike ontology editors such
as Protégé [109] and mind-mapping tools such as Miro® which do not organise content along the dimensions of
subdomains and term granularity, the canvas places all candidates spatially along the two dimensions required for
CQ-based scope auditing (addressing PS1 and PS3), giving P3 a basis for reasoning about dimensional coverage
and potentially supporting divergent thinking before committing to any specific region.

P3 zoomed out (IT-2, Fig. 12) to assess the global distribution of candidates and noticed that subdomains such
as research and services were absent. The spatial overview provided a basis for this observation, suggesting
that the scope may have been too narrow at the subdomain level before any CQ candidates had been added, a form
of auditing that generation-only tools do not support (addressing PS1). This observation prompted divergent think-
ing: P3 clicked the subdomain axis to open Popup Window 1 (UI-10, Fig. 13), where the LLM suggested missing
subdomains based on the current dimensional distribution. P3 entered custom subdomains and selected relevant sug-
gestions until they became loosely related to the intended scope. As P3 noted: “It feels like I can just keep opening
up new subdomains. . . (after adding a while) OK, looks like they are all related, and I can’t believe I'm gonna miss
so many things before.”

With the subdomains expanded, P3 populated CQ candidates across the grid, navigating freely between cells by
dragging (IT-1, Fig. 12). Unlike conversational agents such as OntoChat [180], where generation order may con-
strain review order and potentially cause fixation, the spatial canvas allowed P3 to choose which cell to populate
next based on what the overview suggested was most in need of attention (UI-4) (addressing PS2). He clicked the
academics X First-1level cell to open Popup Window 2 (UI-10, Fig. 13), where the LLM generated con-
textually relevant CQ candidates across the three CQ patterns aligned with that specific cell. P3 entered custom
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Fig. 12. The main interface of OntoScope, showing the two-dimensional canvas (UI-2) organising LLM-generated CQ candidates along subdo-
mains (horizontal) and term granularity levels (vertical). The interface supports spatial navigation by dragging (IT-1), zooming between global
and detailed views (IT-2), LLM-based clustering of CQ candidates (IT-6), focus region in context for local refinement alongside the global
overview (UI-4), click-to-expand for CQ candidate details (IT-7), and deletion of irrelevant subdomains and granularity levels (UI-7).

CQs and selected relevant suggestions until they matched existing candidates. As P3 noted: “Without it (referring
to OntoScope) 1 would have struggled to define the domain properly, since each recommendation reminded me of
something 1 had overlooked before.”

After populating all cells, P3 added a fourth granularity level to test whether finer granularity was needed
(Fig. 12). Seeing the new row appear across all subdomains simultaneously provided a basis for a convergent deci-
sion: P3 judged the new candidates too detailed across the entire scope and deleted the entire level using the delete
control (UI-7), a cross-dimensional assessment that may be more difficult to make in ontology editors and mind-
mapping tools (addressing PS3). As P3 noted: “I don’t think a fourth level is needed. .. (after thinking for a while)
looks like they are too detailed. .. yeah (pointing to the third granularity level), if you look at level three, it is quite
good there.”

P3 then refined term-level detail by clicking individual terms on the canvas (I'T-7, Fig. 12) to open Popup Window
3 (Fig. 13). For example, clicking a term in the academics X First—level cell opened the CQ details for
“What does academic staff coordinate?”’, showing existing terms program, course, event, and workshop,
alongside LLLM suggestions committee, project, and initiative. Reviewing the full term set prompted
convergent thinking: P3 noticed that event and workshop were semantically similar and deleted workshop
using the delete control (UI-7), after which the LLM suppressed similar terms in subsequent cycles. The LLM sug-
gestions committee and project introduced new ontological distinctions, prompting a divergent decision to
accept them (UI-10), addressing PS1 by enabling term-level auditing that generation-only tools do not support. As
P3 noted: “Ah! the terms it suggested always felt more spot-on than what I would have come up with myself... it’s
like it put into words exactly what I was trying to say but couldn’t quite get there.”

Finally, P3 zoomed out (IT-2, Fig. 12) to reassess the full scope. The global overview provided a basis for a
final round of convergent decisions: P3 judged the governance subdomain, which had been manually added by
P3 in a previous step, redundant relative to the rest of the scope and deleted it (by using UI-7, Fig. 12). P3 also
removed semantically similar CQ candidates and terms and refined unsatisfied CQs until satisfied (by using UI-7,
Fig. 13). As P3 noted: “I really like the feeling of having the full picture in front of me... it just naturally drew
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Fig. 13. Three popup windows in OntoScope, all constituting in-flow options (UI-10): Popup Window 1 for adding new subdomains with LLM-
generated suggestions based on the current scope; Popup Window 2 for adding new CQ candidates within a specific subdomain and granularity
level across the three CQ patterns; and Popup Window 3 for editing CQ candidate details including LLM-suggested terms and deletion of irrele-
vant terms or CQ candidates (UI-7).

my attention to where things needed fixing, without making me feel overwhelmed.” After P3 was satisfied with the
scope, he exported the finalised ontology scope as a JSON file for downstream OE tasks and reflected on the overall
experience: “It (referring to OntoScope) felt like I was actually in control. .. 1 went through everything it suggested,
and if something didn’t feel right I could just change it. It wasn’t as tiring as I expected.” This workflow suggests
that OntoScope’s interaction model may support fluid transitions between divergent and convergent thinking across
all stages of LLM-based ontology scoping with CQs, with the potential to contribute to a more complete and rel-
evant ontology scope than existing generation-only tools, conversational agents, or ontology editors can achieve
independently.

5. Discussion

This section discusses four aspects of the work. Section 5.1 addresses concerns about LLM reliability in ontology
scoping and how OntoScope’s interaction model embeds ontology engineer auditing at every stage where LLM-gen-
erated content enters the ontology scope. Section 5.2 discusses the transferability of the identified interaction design
findings to ontology requirements elicitation, grounding this transfer in the shared cognitive task structure between
arts and creativity systems and LLM-based ontology scoping with CQs. Section 5.3 discusses the broader implica-
tions of the identified ITs and Uls for OE and the Semantic Web community, including their potential applicability
to other OE tasks and their potential for supporting domain experts and end users without prior OE expertise. Sec-
tion 5.4 identifies the evaluation directions needed to move beyond the current use case demonstration, including
a systematic user evaluation of OntoScope with a broader and independent participant population and a technical
evaluation of LLM output quality against established ontology benchmarks.
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5.1. Addressing LLM reliability concerns in ontology scoping

A concern when using LLM-generated content in OE tasks is that LLMs may produce plausible-sounding but
semantically hollow, factually incorrect, or contextually irrelevant suggestions, and it is not always straightforward
for an ontology engineer to identify such content [96, 129, 182]. OntoScope’s interaction model can potentially
mitigate this concern by embedding auditing at every stage where new LL.M-generated content enters the ontology
scope. When the ontology engineer clicks a cell to add new CQ candidates (Popup Window 2, Fig. 13), when they
click the subdomain axis to add new dimension values (Popup Window 1, Fig. 13), and when they click a term to
inspect and extend its associated CQ (Popup Window 3, Fig. 13), the LLM generates suggestions that the ontology
engineer must explicitly accept or reject before they are incorporated into the ontology scope, meaning no content
is added without a deliberate decision.

At a higher level, the spatial overview (UI-2, Fig. 12) supports auditing across the full ontology scope by making
the full set of accepted content visible across both dimensions simultaneously, enabling the ontology engineer to
reason about the collective distribution of candidates across subdomains and granularity levels rather than evalu-
ating each candidate in isolation. This dimensional reasoning may surface issues that individual inspection alone
would not reveal: for instance, a region that appears sparse or dense relative to others may indicate that the LLM has
under- or over-generated in a particular part of the dimensional space, prompting further review. The binary rating
interaction (UI-7, Fig. 13) allows the ontology engineer to delete any content judged irrelevant or incorrect at any
point, after which the LLM suppresses similar suggestions in subsequent generation cycles. However, whether this
combination of interactions is sufficient to mitigate the propagation of hallucinated content into the final ontology
scope remains an empirical question, and a more systematic evaluation of LLM output quality within OntoScope
against established ontology benchmarks is an important direction for future work.

5.2. Transferability of interaction design findings to ontology requirements elicitation

Ontology requirements elicitation is the process in which ontology engineers define the scope of concepts and
relations an ontology must cover to adequately serve its intended application domain [7, 46]. CQs operationalise
this process by expressing these requirements as natural language questions that the ontology must be able to an-
swer [63, 115]. Ontology scoping, the stage in which ontology engineers determine which CQ candidates are com-
plete and relevant to define the target ontology scope, is where this process is most cognitively demanding: the
intended scope cannot be fully anticipated in advance, requiring ontology engineers to move iteratively between
divergently exploring and generating CQ candidates and convergently evaluating and refining them until a well-
defined scope is reached [46, 183]. The arts and creativity domain has studied this kind of cognitive challenge
extensively. A substantial body of LLM-based interactive systems has been developed to support divergent and
convergent thinking in creative tasks [10, 145], and the ITs and Uls identified in this survey are drawn from these
systems. Their potential applicability to ontology requirements elicitation is grounded in the shared cognitive task
structure: in both contexts, users work toward a goal whose full scope is not known in advance and must move
iteratively between expanding and narrowing a candidate space organised along task-relevant dimensions.

The transferability of these findings is further explored by the design thinking workshop and use case demonstra-
tion reported in this work. The workshop showed that OE experts and HCI researchers, when presented with the
identified ITs and Uls, were able to collectively identify which of them were potentially applicable to LLM-based
ontology scoping and justify how, producing a conceptual interaction model that maps directly onto the cognitive
demands of the scoping task. The use case demonstration then illustrated that an ontology engineer could use On-
toScope, which implements this model, to reason about the distribution of LLM-generated CQ candidates across
subdomains and term granularity levels, identify gaps and overlaps, and make targeted auditing decisions, sug-
gesting that the identified interaction designs may support similar divergent and convergent thinking processes in
ontology scoping as they do in the arts and creativity domain. Together, these two outputs suggest that the trans-
fer from arts and creativity to ontology requirements elicitation is theoretically justified by the shared cognitive
task structure and potentially realisable in practice. The identified ITs and Uls can therefore potentially serve as
a reference for ontology requirements elicitation tool developers, with different subsets combinable with different
organising frameworks to compose interaction models suited to different OE contexts.

=W N

o 0 g o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51



@ J oy U W N

Qs s s s s s s D DWW W W W W WwWw W W NNNNNDNNNNN R R R R R R e e P e
H O W © < o 0 W N O W Jdo W N R O VW O do s W NP O WV ®Jd o s W N R OV

Y. Zhao et al. / A Survey on Interaction Design with LLMs for Ontology Requirements Elicitation with CQs 31
5.3. Implications of interaction design findings for OE and the Semantic Web

The 7 ITs and 14 Uls identified in this survey were drawn from systems built for supporting divergent and con-
vergent thinking, but they reflect fundamental interaction design principles such as spatial reasoning, progressive
disclosure, and direct manipulation that are not specific to any single domain [112, 136]. Researchers and tool
developers working on other OE tasks or Semantic Web applications that involve human reasoning over LLM-gen-
erated content, such as user story elicitation [180, 185], KG population [119], or ontology alignment [52], face a
similar challenge: large volumes of LLM-generated candidates must be audited by a human expert who needs to
reason about coverage, identify gaps, and make targeted decisions. The identified interaction designs, which were
specifically evaluated in this survey for how well they support this kind of reasoning, may therefore provide a useful
starting point for tool developers working on these tasks.

Beyond task-specific interaction model design, the identified pool also holds potential for selection based on the
background of the users involved. The OE community has increasingly advocated for tools accessible to domain
experts, stakeholders, and end users rather than trained ontology engineers, with the aim of broadening participation
in ontology building [46, 138]. Different user groups bring different interaction familiarity from their daily work,
and selecting interaction designs that align with that familiarity may lower the learning barrier and make OE tasks
more accessible. For example, historians or archivists who regularly work with chronological documentation may
find it more natural to work with content organised along a temporal structure (UI-13) [181, 186], while music
composers or audio engineers accustomed to multi-track production environments may prefer to work with content
organised through a lane and track structure (UI-14) [158, 160].

The identified findings provide a pool from which user-appropriate interaction models can be composed, allowing
domain experts to engage with these tasks through interaction designs that are consistent with their existing men-
tal models and working practices [112]. This matters because domain experts bring irreplaceable knowledge about
the subject matter, but may disengage or make suboptimal decisions when the interaction design is unfamiliar or
cognitively demanding [117, 149]. By selecting interaction designs that reduce this mismatch, tool developers can
potentially lower the cognitive overhead of the OE task itself, allowing domain experts to focus their attention on
the content rather than on navigating an unfamiliar interface [46, 138].

5.4. Towards systematic evaluation

The conceptual interaction model (Table 7), implemented as OntoScope (Section 4.3), and the use case demon-
stration (Section 4.5) provide initial evidence that the interaction model can potentially support an ontology engineer
in LLM-based ontology scoping with CQs in a realistic context, but cannot produce statistically generalisable re-
sults. A systematic user evaluation with a broader and independent participant population would be needed to assess
whether the interaction model reliably supports divergent and convergent thinking across different ontology engi-
neers and ontology domains, and whether this support contributes to a more complete and relevant ontology scope
compared to existing tools. Such an evaluation could draw on the Creativity Support Index [36], which provides
a validated and widely used instrument for measuring the degree to which an interactive system supports creative
cognitive work across dimensions such as exploration, expressiveness, and results worth effort, making it applicable
to the divergent and convergent thinking support that the interaction model aims to provide.

Alongside this, domain-specific measures of ontology scope quality would be needed to assess the outcome of the
scoping process itself. For this purpose, RevOnt [40], which provides a benchmark of validated CQ sets across 20
representative domains on Wikidata, offers a potential ground truth against which the completeness and relevance of
OntoScope-produced ontology scopes could be assessed. F1 score is a suitable metric for this purpose, as it jointly
measures the proportion of ground truth CQs recovered by the system and the proportion of system-produced CQs
that are relevant to the intended scope, providing a balanced measure of scope quality that accounts for both com-
pleteness and precision. A technical evaluation of LLM output quality within OntoScope using such metrics would
further strengthen the evidence base for the system’s reliability in practice, complementing the user evaluation and
addressing the hallucination auditing concerns discussed in Section 5.1.
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6. Limitations

This work has several limitations. Regarding the SLR, the corpus is constrained by the time of the search and
the scope of the three selected databases, and given the rapid expansion of LLM-related publications, the SLR may
not capture the full breadth of relevant systems. Additionally, the SLR focused specifically on interaction patterns
that explicitly support divergent and convergent thinking in arts and creativity systems, which may have omitted ITs
embedded in general-purpose LLM systems that were not framed under this cognitive model. Regarding the design
thinking workshop, the study was conducted with 7 participants from a single institution, which may introduce ho-
mogeneity bias and limit the generalisability of the design decisions to broader OE communities. However, this is
acceptable for a design study of this nature, where the goal is to produce a theoretically grounded interaction model
through expert deliberation rather than to generalise findings across populations, and the diversity of expertise and
experience levels across the participants, as evidenced in Table 5, reduces the risk of perspective homogeneity within
the workshop itself. Regarding evaluation, OntoScope was evaluated through a single use case demonstration with
one evaluator, which is intended to show that the interaction model is potentially applicable in a realistic context
rather than to measure its effectiveness, and therefore cannot produce statistically generalisable results about the
effectiveness of the interaction model across different ontology engineers, ontology domains, or LLM configura-
tions; a systematic user evaluation with a broader and independent participant population and a technical evaluation
against established ontology benchmarks remain important directions for future work.

7. Conclusions

This paper presented a survey on interaction design with LLMs for supporting divergent and convergent thinking
in arts and creativity systems, identifying 7 ITs and 14 Uls, each justified with respect to how it supports these think-
ing modes, with IRR assessed for each identified category to ensure the stability of the findings. We then argued that
these findings are transferable to ontology requirements elicitation with CQs, given the shared cognitive task struc-
ture: in both contexts, the target solution space is multi-dimensional, ill-defined, and cannot be fully anticipated
in advance, requiring users to move between divergently exploring and generating candidates and convergently
evaluating and refining them until a well-defined scope is reached.

To explore this transferability, we conducted a design thinking workshop with 7 participants from King’s College
London, producing a conceptual interaction model that maps a selected subset of the identified ITs and Uls onto
the three stages of Shneiderman’s visual information-seeking mantra for LLM-based ontology scoping with CQs,
a system prototype implementing that model called OntoScope, and a use case demonstration showing how Onto-
Scope can potentially support an ontology engineer in scoping a university ontology. The use case demonstration
suggests that the interaction model can potentially support ontology engineers in identifying gaps and overlaps in
the CQ candidate space, navigating it non-sequentially to prevent fixation, and auditing LLM-generated content at
every stage where new content enters the ontology scope, contributing to a more complete and relevant ontology
scope than existing generation-only tools, conversational agents, or ontology editors can achieve independently.

The identified findings can serve as a reference for ontology requirements elicitation tool developers selecting
interaction designs for LLM-based systems, and the conceptual interaction model and OntoScope demonstrate one
possible realisation of these findings, though many other interaction models combining different subsets of the
identified techniques and Uls remain possible for different OE contexts. Future work includes a systematic user
evaluation of OntoScope with a broader and independent participant population, a technical evaluation of LLM
output quality against established ontology benchmarks, and an exploration of how the identified interaction de-
signs can be applied to other OE and Semantic Web applications where similar challenges of human reasoning and
auditing over LLM-generated content arise.
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