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Figure 1: A conceptual summary of OntoScope’s ontology scoping workflow. The ontology scope is modelled as a 2D grid of subdomains (x-axis) and term

granularities (y-axis). Each cell is a conceptual region, defined by a specific subdomain and granularity level, where competency questions (CQs) are placed

and assessed. CQs are functional requirements that define the domain knowledge (concepts and relations) an ontology must model. To audit ontology scope,
OntoScope will help ontology engineers (a) identify gaps and overlaps from a global perspective; (b) use divergent thinking to add CQs in selected cells to cover
under-represented regions, enrich CQs with terminologies, or extend dimensions by adding axis values, with the LLM suggesting additional CQs, terms, or axis

values; (c) use convergent thinking to delete similar or irrelevant CQs, terms, and axis values within and across cells, while the LLM adapts to avoid repeating similar
suggestions; and (d) continue convergent thinking to refine CQs, terms, and axis values for greater precision, using LLM-suggested alternatives and rephrasings.
This iterative divergent-convergent process lets ontology engineers and the LLM progressively and systematically define the ontology scope.

this gap, demonstrated through OntoScope, an LLM-based interac-

Abstract
An ontology is a formal, explicit specification of a shared conceptual-
ization that, with problem-solving and reasoning methods, supports
efficient semantic technology development. In ontology engineer-
ing, Competency Questions (CQs) capture functional requirements
that define an ontology’s application domain. Auditing this do-
main scope with CQs is challenging because in nature, there are no
clear domain boundaries, and ontology engineers must then decide
which subdomains to cover (horizontal coverage) and how much
detail to model (vertical granularity) in an ontology. LLM-based
systems can generate many candidate CQs to guide these decisions,
but current tools underuse this potential: they lack support for
users’ divergent (lateral) and convergent (vertical) thinking in a
visualized CQs space organized by coverage and granularity. As a
result, users struggle to systematically decide which CQs to adopt,
discard, or refine. We propose an interaction framework that fills

tive system, and a user study with 15 ontology engineers. To our
knowledge, this is the first validated interaction framework with
an LLM-based system that helps ontology engineers audit domain
boundaries and unifies fragmented, expert-driven ontology scop-
ing practices into a coherent, accessible approach. More broadly, it
shows how LLM-based systems can transparently and accountably
support a wider range of knowledge-intensive tasks.

CCS Concepts

« Human-centered computing; - Information systems;

Keywords

Knowledge works, Knowledge engineering, Ontology engineering,
KE, KG, OE, Requirements engineering, RE, Competency questions,
CQ, Generative Al GenAl, Artificial intelligence, Al Large language


https://orcid.org/0009-0009-2436-8145
https://orcid.org/0000-0003-4646-5842
https://orcid.org/0000-0003-1722-947X

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

models, LLM, User interface, Ul Interaction technics, Interaction
design, IxD, Computational creativity, Creative thinking, Divergent
thinking, Convergent thinking, Cognitive process

ACM Reference Format:

Yihang Zhao, Albert Merofio Pefiuela, and Elena Simperl. 2018. OntoScope:
Using a Divergent-Convergent Interaction Framework to Support LLM-
based Ontology Scoping. In Proceedings of Make sure to enter the correct
conference title from your rights confirmation email (Conference acronym "XX).
ACM, New York, NY, USA, 18 pages. https://doi.org/XXXXXXX XXXXXXX

1 Introduction

In philosophy, an ontology is a categorical structure that system-
atizes a conception of reality [57]. In information and communica-
tion technologies (ICT), it provide formal, explicit, reusable pieces
of declarative knowledge. Combined with problem-solving meth-
ods and inference, it can be used to support semantic technologies
and applications such as information retrieval, information extrac-
tion, and data or process integration, while reducing development
effort and cost [57, 90]. OF studies the activities needed to construct
and maintain ontologies, and the related methodologies, tools, and
representation languages [53].

CQs are essential in most OE methodologies [1, 72, 96-98]. They
express the ontology’s functional requirements as natural language
questions and support the elicitation of candidate terminology (e.g.,
concepts and relations) that defines the intended knowledge scope
[92, 97, 98, 105, 112]. Beyond requirements elicitation, CQs also
support later OE activities, including ontology validation [18, 73],
consumption [43], and reuse [5, 11]. Their concrete form varies
with the underlying methodology [56, 92], question patterns [127],
templates [9, 74], archetypes [102], intended use [8], and level of
automation [6, 101]. In this study, we use the CQ patterns from
the LLM-based CQs generation framework RevOnt [29], evaluated
on 20 representative domains at Wikidata! (the largest collabora-
tively curated knowledge graph, covering widely shared knowl-
edge across many domains [122]). RevOnt [29] specifies three CQ
patterns (Fig. 2), each differing in which element of an abstract
Resource Description Framework (RDF) triple is treated as the an-
swer. An RDF triplez, written as (subject, predicate/property,
object), encodes a single fact in a knowledge graph; abstracting
such triples yields schema-level statements suitable for ontology
specification.

With the emergence of LLMs, several semi- or fully automated,
empirically validated CQs generation approaches, such as RevOnt
[29], RETROFIT-CQs [6], AgOCQs [10], OntoChat [130, 138], and
related work [7, 101], have been developed to explore LLM-based
support for requirements elicitation in OE. These approaches typi-
cally generate CQs from verbalized triples derived from existing
knowledge resources, including ontologies [6, 7], knowledge graphs
[29], specialized corpora [10], or ontology user stories [130, 138].
They are usually evaluated on benchmarks drawn from the same re-
sources, e.g., corresponding CQs published alongside each ontology
[6, 7, 101], or via expert judgments [10, 29]. Thus, existing work
primarily evaluates how well LLMs generate CQs from knowledge
bases, rather than designing interactive systems that help ontology

Thttps://www.wikidata.org/wiki/Wikidata:Main_Page
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engineers navigate and select proposed CQs to define the target
ontology scope. an equally crucial requirements elicitation activity
in OE methodologies [4, 37, 87].

Our study builds on the UPON Lite methodology [37], derived
from the UPON framework [38] and, ultimately, the Unified Soft-
ware Development Process [68]. In UPON Lite [37], ontology scop-
ing is the first development step and produces a domain-specific
lexicon that supports subsequent modelling. Constructing this lex-
icon involves decisions along two key dimensions: a horizontal
(coverage) dimension, specifying how many subdomains the candi-
date CQs address, and a vertical (granularity) dimension, specifying
the level of detail in the term representation [37]. To support these
decisions, ontology engineers commonly use tools such as Pro-
tégé [89], TopBraid EDG [117], ontoKEM [116], and the PoolParty
Semantic Suite [51]. These tools typically offer list-based inter-
faces for managing candidate terminologies and tracking ontology
scope. However, users must navigate large, nested hierarchies to
locate and edit individuals, which impedes maintaining a global
overview and hinders reasoning about the intended scope [87]. Con-
sequently, ontology engineers often resort to external tools, such
as mind-mapping software (e.g., FreeMind [88]) or collaborative
whiteboards (e.g., Miro [86]), to arrange CQs visually for ontology
scope auditing. Yet these tools lack dedicated generative support
for systematically expanding or refining the ontology scope (Miro’s
generative features are not specialised for CQs generation or refine-
ment), and there is no empirical evidence that such user-defined
visualizations improve ontology scope auditing decisions.

LLM-based systems can automatically generate large sets of
candidate CQs with proposed terminologies to help ontology engi-
neers delimit ontology scope [6, 7, 10, 29, 101, 130, 138]. Yet current
LLM-based CQs generation is not fully used to audit domain bound-
aries. It does not support users’ divergent (lateral) and convergent
(vertical) thinking over a visual landscape of CQs organized by
ontology coverage and granularity. As a result, ontology engineers
lack systematic support for deciding which CQs to include, discard,
or refine when iteratively shaping ontology scope. Divergent and
convergent thinking processes [31, 36, 39, 52, 58, 67, 125, 132], com-
bined with an appropriate interaction framework [22, 54, 115], that
is, interaction techniques and interfaces grounded in HCI and data
visualization [65, 108], have been widely validated in creativity-
support tools to enable designers’ fluid exploration, evaluation, and
refinement of ideas toward a desired outcome [77, 113, 114]. We
therefore pose the following research questions (RQs) to investigate
how these approaches can transfer to ontology scoping:

o RQ1: What interaction framework is needed in LLM-based interac-
tive systems to support ontology engineers in ontology scoping?

e RQ2: How can this interaction framework be developed into an
LLM-based interactive system to support ontology engineers in
ontology scoping?

o RQ3: How useful is this interaction framework for supporting on-
tology engineers in defining the scope of an ontology?

To address these RQs, we made the following contributions:
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1 A verbalised RDF triple: Bohemian Rhapsody is part of A Night at the Opera.
RDF triple |
abstraction subject property object
process l
2 A verbalised schema- ; Asong is part of an album.
3.1 Subject CQ: What is part of an album? Answer: asong
Three
cQ 3.2  Property CQ: What is the relation between a song and an album? Answer: is part of
patterns
3.3  Object CQ: What is a song part of? Answer: an album

Figure 2: Example of constructing three CQ patterns in RevOnt [29]. Step 1 verbalises an RDF triple from the music domain. Step 2 abstracts it into a schema-
level triple for ontology definition. Steps 3.1-3.3 derive three CQ patterns from this schema-level triple, each determined by which part of the triple (subject,

property/predicate, object) is treated as the answer.

3

Developed two taxonomies” via a literature search, categorizing
interaction techniques (4 categories, 7 subcategories) and user inter-
faces (UIs) (9 categories, 14 subcategories) in LLM-based systems
for divergent and convergent thinking in creative domains.
Designed an interaction framework (Table 2) through a design
thinking workshop, using these taxonomies to support ontology
engineers in defining ontology scope.

Implemented OntoScope*, an LLM-based interactive system that
applies this framework to ontology scoping.

Conducted a user and technical evaluation (Section 5) to as-
sess how well the framework supports ontology scoping through
OntoScope.

These contributions advance OE practice by: (1) OntoScope, the
first LLM-based system that unifies fragmented ontology scop-
ing workflows; (2) a divergent—convergent design framework that
empirically supports coverage x granularity reasoning for rigor-
ous scope auditing; and (3) the first empirical evidence that an
LLM-based divergent-convergent interaction framework measur-
ably improves ontology scoping. This interaction framework also
(1) generalizes to other knowledge-intensive scoping tasks that
balance breadth and depth and (2) shows how iterative explo-
ration and refinement of generative outputs in a structured visual
workspace supports transparent, accountable decision-making in
knowledge-intensive tasks.

2 Related work

We present prior research and concepts relevant to our work: on-
tology scoping with CQs in Section 2.1, divergent and convergent
thinking in Section 2.2, and support for these thinking processes in
Section 2.3.

2.1 Ontology scoping with CQs

In OE, ontology scoping with CQs defines what an ontology should
represent using natural language questions and expected answers.

3https://github.com/King-s-Knowledge- Graph-Lab/OntoScope/blob/main/attached_
assets/Codebook.xlsx
4https://github.com/King-s-Knowledge- Graph-Lab/OntoScope

These questions specify the knowledge an ontology or ontology-
based application must answer correctly [55, 118], thereby mea-
suring ontology scope [76, 100]. The term “Competency Question”
comes from human resources [110], where predefined questions
with known answers assess candidates’ suitability. To make CQs
a reliable scope measure, suitable requirements elicitation and au-
diting techniques must ensure a complete, representative CQs set
[100].

CQs are typically elicited from domain experts and other stake-
holders, such as the intended users of ontology based systems,
through unstructured interviews and workshops in early stages,
when ontology engineers are still unfamiliar with the scope [30, 35,
100, 130]. These methods often reflect ontology engineers’ prior
assumptions about what the ontology should include, constraining
responses and limiting CQs coverage [91, 130, 135]. This interviewer
framing effect is well documented in HCI [30, 40, 41]. Once ontol-
ogy engineers better understand the domain, structured techniques
such as card sorting [106], triad analysis [103], and the twenty
questions method [75] can classify and validate CQs-elicited terms,
further refining ontology scope. However, these manual processes
are time-intensive for large OE projects.

To address this limitation, Natural language processing (NLP)
techniques such as named entity recognition, information extrac-
tion, and lexical-syntactic analysis have been used to extract ter-
minologies from domain corpora [61, 63, 80, 131, 137] and au-
tomatically fill predefined CQ templates [9, 19, 74, 78, 102, 127],
thereby generating CQs for scoping the target ontology. Building
on these methods, large pre-trained models have been used to cap-
ture broader semantic relationships and generate richer content
[6, 7, 10, 29, 101]. However, most work evaluates CQs generation
from existing knowledge sources rather than how generated CQs
help ontology engineers audit the target ontology’s scope. A no-
table exception is OntoChat [130, 134, 135, 138], an LLM-based
conversational agent that simulates ontology engineers and sup-
ports iterative elicitation and refinement of user stories with domain
experts, which are then converted into CQs. Yet preliminary user
studies show that its linear conversational interface tends to follow
paths shaped by users’ initial inputs [34, 42, 69, 113, 128], limiting
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exploration of alternative stories and yielding CQs that may not
fully capture the intended ontology scope.

Other tools used to audit candidate CQs and terminologies for
ontology scoping, though with limited success [87], include Protégé
[89], TopBraid EDG [117], ontoKEM [116], and PoolParty Semantic
Suite [51]. Their list-based interfaces force users to scroll through
long, nested hierarchies, hindering overview and reasoning about
ontology scope [87]. Mind-mapping tools such as FreeMind [88]
and collaborative platforms like Miro [86] have also been used,
but they were not designed or empirically validated for ontology
scoping. Thus, effective support for ontology engineers remains
unclear, a gap this study addresses.

2.2 Divergent and convergent thinking

Supporting ontology engineers in auditing domain boundaries
means helping them select, discard, or refine CQs to define ontol-
ogy scope [35, 37]. This process parallels divergent and convergent
thinking [31, 39, 52, 67, 132], as in Poincaré’s four-phase model
[21, 48, 82]. Divergent thinking dominates the “Preparation” and
“Incubation” phases, when many ideas are generated [12, 50], while
convergent thinking drives the “Insight” and “Revision” phases,
which narrow options, select promising ideas, and refine them into
coherent solutions [33, 109]. Creativity thus requires both idea
generation and subsequent selection and refinement [62, 139].

Balancing divergent and convergent thinking helps avoid “fix-
ation” [34, 42, 113, 114, 128], where people converge too quickly
on a sub-optimal idea and over-refine it instead of exploring alter-
natives. Recent LLM-based CQs generation tools mainly support
prompt refinement based on system output, which can foster fix-
ation by prioritising refinement over exploration [130, 134, 138].
Text-to-image systems likewise generate multiple images but still
emphasise prompt refinement toward a single preferred one, again
risking fixation [23, 45]. To avoid fixation in ontology requirements
elicitation, requirements exploration (creating diverse CQs to probe
domain boundaries) must be coordinated with requirements refine-
ment (evaluating and narrowing these CQs to an optimal subset)
to define the intended ontology scope.

2.3 Supporting divergent and convergent
thinking

To support divergent and convergent thinking, designers use a
structured design space [15, 20, 123]. A design space is a concep-
tual “space of ideas organized by dimensions,” where ideas are
designs, concepts, or solutions [59, 85]. It is often depicted as a
Cartesian space, with variations as points defined by two dimen-
sions [15, 59, 83, 107]. Brainstorming tools such as Miro® use this
format: users put ideas on sticky notes and position them along
meaningful dimensions [59, 85]. Although Miro does not require
a 2D layout, teams often assign meanings to axes and populate
the grid with sticky notes as value combinations. Externalizing
the design space makes variations, dimensions, and values explicit,
enabling dimensional reasoning [7, 15]. This helps designers step
back from individual ideas to view the entire space, compare ideas,
find gaps, classify new artifacts, and see what makes them distinct
or novel [113, 114, 124]. In our work, dimensional reasoning helps

Shttp://miro.com/
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ontology engineers reflect on the domain coverage and granularity
of terminology suggested by candidate CQs, so they can assess
completeness, find gaps, and refine the target ontology’s scope.
Many LLM-based systems support divergent and convergent
thinking in an externalized idea space, serving as creativity sup-
port tools [2, 64, 99, 113, 114]. They treat LLMs as enhancers of
human creativity, helping users explore and navigate possibilities.
Yet we lack a systematic understanding of the information visual-
ization [17] and HCI [113] techniques these systems use to support
such thinking in art and creativity. To address this, we draw on
Shneiderman’s “Visual Information-Seeking Mantra” [17] and or-
ganize these techniques into three stages. In the “Overview” stage
[14, 47, 104], UIs such as multidimensional spaces, hierarchical trees,
networks, and timelines can be used to externalize a high-level de-
sign space, while interaction technics such as spatial navigation,
panning, and zooming out can be used to support broad exploration.
In the “Zoom and Filter” stage [3, 16, 71, 126], Uls such as scroll
bars, sliders, search fields, and checkboxes, combined with inter-
action technics such as zooming in, sliding, querying, and faceted
selection, can be used to help users focus on specific dimensions
or value ranges while staying aware of the overall space. In the
“Details-on-Demand” stage [17], Uls such as pop-ups, expandable
panels, and clickable or hoverable points can be used to let users
inspect detailed information about individual artifacts for compari-
son, validation, and decision-making without overload. We present
taxonomies of these interaction techniques and Uls in Section 3.

3 An interaction framework for ontology
scoping with CQs

We developed an interaction framework for LLM-based systems
that support ontology engineers in ontology scoping through a
two-part process. First, a literature search (Section 3.1) produced
two taxonomies of empirically grounded interaction techniques
and Uls for creative and artistic LLM-based systems. These tax-
onomies inform RQ1 by identifying validated interaction patterns
for supporting divergent and convergent thinking, treated here as
cognitive analogues to ontology scoping. Second, a design thinking
workshop (Section 3.2) applied these taxonomies to develop the
interaction framework for supporting ontology scoping. Section 3.3
then presents OntoScope’s design goals, illustrating this interaction
framework in practice.

3.1 Literature search

We conducted a literature search using selected PRISMA 2020 ele-
ments [95], adapted to our research needs. Given the exploratory,
qualitative nature of this work and the need for iterative method-
ological adaptation, several PRISMA checklist components (e.g.,
meta-analysis, risk-of-bias assessment), the standard PRISMA flow
diagram, and prospective registration were not applicable. The full
procedure is shown in Fig. 3 and the full methodological details are
in Appendix A).

We applied the search query shown in Figure 4 in the ACM Dig-
ital Library, IEEE Xplore, and Scopus to identify papers published
from 2017 onward (following the born of Transformer architec-
ture [120]). We applied venue-level filtering following Hu et al.
[65], yielding 3,275 papers were retained for screening using eight


http://miro.com/

OntoScope: Using a Divergent-Convergent Interaction Framework to Support LLM-based Ontology Scoping

Step 1: identification Step 2: screening

Query Search Venue Filtering Screening
184 venues
184 venues 35 venues
ACM DL (37)
ACM DL (37) IEEE Xplore (25) ACMDL (9)
IEEE Xplore (25) SCOPUS (122) |IEEE Xplore (6)
SCOPUS (122) l SCOPUS (20)
40184 3275
IS More than 2 Yes [
ACM DL (1520) ofthetop13 ACM DL (335)
IEEE Xplore (25867) papers IEEE Xplore (1981)
SCOPUS (12797) relevant per SCOPUS (959)
venue
No l
i Apply to
eligibility
Exclude criteria
149 venues EC1-EC8
|
No
v
Exclude
3233 papers

—>
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Step 3: snowballing

Forward Backward
Snowballing Snowballing incilided
42 papers —> 47 papers —> 50 papers
3x Forward 2x Backward
snowballing snowballing
Yes Yes
1417 papers 152 papers
Apply to Apply to
eligibility S eligibility
criteria criteria
EC1-EC8 EC1-EC8
| |
No No
v v
Exclude Exclude
1370 papers 102 papers

Figure 3: Literature search process. A Query Search across 184 venues in ACM Digital Library, IEEE Xplore, and Scopus yielded 40184 papers. Venue Filtering
narrowed this to 35 venues and 3275 papers. Applying eligibility criteria (EC1-EC8) during Screening yielded 42 papers. Three rounds of Forward Snowballing added
1375 papers, of which 5 met the criteria. Two rounds of Backward Snowballing added 105 papers, of which 3 met the criteria. In total, 50 papers were included.

eligibility criteria (Table 1). We excluded secondary sources to re-
duce interpretive bias, but manually checked their references. We
included systems with interaction techniques and Uls that were
empirically evaluated for creative work.

( Tartificial intelligence” OR "AlI" OR "machine learning” OR

"large language model" OR "large language models" OR LLM* )

AND generat* AND ( art* OR creati* )

Figure 4: Final search query used for the literature search.

Table 1: Exclusion criteria (EC) applied in the study.

EC-# Description

EC-1  Full text not in English.

EC-2  Retracted publications.

EC-3  Non-peer-reviewed work.

EC-4  Secondary sources (e.g., surveys, reviews).

EC-5  Studies that do not present an LLM-based system supporting creative
work in art or design.

EC-6  Systems without an interaction technique supporting the creative process.

EC-7  Systems without a UI supporting the creative process.

EC-8  Papers that do not evaluate how the interaction technique and/or UI

support the creative process.

Most exclusions were due to EC-6 and EC-7, which removed
studies on fully automated pipelines without explicit interaction
design. Screening yielded 42 papers. Three rounds of forward and
two rounds of backward snowballing added 8 papers. Most snow-
balling exclusions were EC-3 (preprints without evaluation). The
final dataset comprised N = 50 papers from 2017-2025.

We developed a codebook using a hybrid deductive-inductive
approach [46], defining high-level categories from existing tax-
onomies [24, 27] and conducting bottom-up open coding on 25
papers (50%) to allow new codes to emerge within and beyond
these categories. Both authors independently coded the remaining
25 papers. Inter-rater reliability (Cohen’s kappa coefficient [84])
averaged 0.85 (indicating “strong” agreement). This produced two
taxonomies for interaction techniques and UI elements.

3.1.1  Proposed taxonomies. The finalized codebook is publicly
available online®. It contains two taxonomies and 50 annotated
papers. To complement the textual definitions and provide intuitive
visual references for each category, we present illustrations of the
interaction techniques taxonomy in Figure 5 and the Uls taxonomy
in Figure 6.

3.2 Design thinking workshop

This workshop proposed an interaction framework for LLM-based
system to help ontology engineers progressively define ontology
scope. It involved 7 PhD researchers (2 ontology engineering ex-
perts, 3 HCI experts, and 2 with expertise in both) from 4 institutions
and 5 research projects in academia, industry, or both. Participants
were recruited via the authors’ professional networks and referrals
to ensure relevant, diverse expertise. Building on the interaction
technics and UI taxonomies in Section 3.1.1, the workshop followed
the Double Diamond model [13, 32] with four phases: discover,
define, develop, and deliver.

3.2.1 Step 1: discover and define phases. From our review of cur-
rent LLM-based systems, ontology development and mind-mapping
tools, and expert HCI and OE insights, we identified four key limi-
tations that hinder ontology engineers in ontology boundary audit-
ing. First, recent LLM-based CQ elicitation systems from reference
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Figure 5: Illustration of interaction techniques. (a) Navigation: Users traverse the design space with directional controls while generative artificial intelligence
(GenAl) generates region-specific artifacts to expand exploration and maintain spatial coherence. (b) Zooming: Users switch between global and detailed views
while GenAI summarizes clusters at overview level and annotates individual elements at detail level. (c) Querying: Users issue prompts or keywords while GenAI
finds and highlights semantically relevant artifacts to broaden discovery. (d) Sorting and filtering: Users reorganize or limit artifacts by criteria while GenAl
suggests meaningful operations to help compare groupings and reduce complexity. (e) Linking and brushing: Users select artifacts to reveal relationships across
views while GenAl infers and surfaces hidden associations and patterns. (f) Clustering and combining: Users group or merge related artifacts while GenAl proposes
meaningful clusters or synthesizes composite artifacts. (g) Hover and click-to-expand: Users preview or expand artifacts while GenAl provides brief summaries for

quick scanning or detailed elaborations for deeper review.

sources [6, 10, 29, 44] focus on CQ generation but offer little sup-
port for auditing large sets of CQ candidates, constraining ontology
engineers’ ability to expand, filter, refine CQs, and ensure they
align with the intended ontology scope. Second, LLM-based CQ
elicitation from domain experts [130, 138] typically uses linear, turn-
taking dialogues tied to users’ initial inputs [34, 42, 69, 113, 128],
restricting branching into new directions and causing domain gaps
to be missed, with CQs often failing to cover emerging areas needed
for comprehensive ontology representation. Third, ontology devel-
opment and management tools [51, 87, 89, 116, 117] that support
auditing generated CQs and terminologies for scoping mainly use
list-based interfaces that require users to scroll through long, nested
hierarchies to find and edit terms, which hinders overview and rea-
soning about ontology scope [87]. Fourth, general-purpose mind-
mapping tools [86, 88] offer generative support or visualizations of
ontology scope but are neither designed nor empirically validated
for ontology scope auditing, limiting their reliability.

3.2.2  Step 2: develop and deliver phases. These limitations led us
to propose an interaction framework grounded in taxonomies of
interaction techniques (Figure 5) and Uls (Figure 6) that have been
validated to support both divergent and convergent thinking, to ad-
dress them. This interaction framework was iteratively refined with
HCI and OE experts until consensus was reached, balancing con-
ceptual diversity and experimental feasibility. It adapts Luminate’s
structured generation and exploration design-space interaction
framework [113] for ontology scoping by: (1) fixing the x- and y-
axes to domain coverage and terminology granularity; (2) mapping
generic design artifacts to CQs and their suggested terminologies;
and (3) enabling auditable export of the scoped CQ space as JSON
for downstream OE tasks.

3.2.3  Proposed interaction framework. Table 2 presents this pro-
posed interaction framework.
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Figure 6: Illustration of Uls. (a) Chatbot: Turn-based dialogue interface where GenAl produces contextually relevant responses and suggestions for stepwise
refinement. (b) Canvas: Free-form sketching workspace where GenAl produces completions or annotations for open-ended exploration. (c) Moodboard: Collage
interface where GenAlI produces visual variations and thematic links to foster associative thinking. (d) Focus region in context: Interface linking zoomed-in
areas with global overviews, where GenAl proposes edits that balance local details and global coherence. (e) Spatially structured editor: Predefined layouts (grids,
timelines) where GenAl fills or adjusts content for organized sequential development. (f) Slider, knob, and numeric textfield: Parameter controls where GenAl
generates previews of changes from broad adjustments to fine-tuning. (g) Binary and Likert-scale rating: Fixed-option feedback interfaces where GenAl learns
from user ratings to refine outputs and converge on preferences. (h) Interpolating slider, region, and graph: Interfaces that blend variables across dimensions while
GenAl generates compositions revealing alternative possibilities. (i) List and grid: Sequential or tabular layouts where GenAlI populates entries to support broad
scanning and comparison. (j) In-flow options: Inline contextual alternatives where GenAlI offers immediate suggestions that promote divergence without breaking
workflow. (k) Node-based branches: Graphs mapping artifacts into branches while GenAl proposes new nodes or links to aid exploration and reasoning. (1) Map
and earth: Spatial overviews where GenAl clusters and highlights geographic regions to direct attention to distant or overlooked options. (m) Timeline, storyline,
and step sequencer: Linear layouts of ordered events where GenAl inserts or refines steps to maintain coherence. (n) Lanes and tracks: Parallel timelines where
GenAl generates artifacts that integrate multiple streams for coherent refinement.

3

B

3.3 Design goals scenario in Section 4.2, and describe the technical implementation

Based on this framework, OntoScope’s design goals (DGs) are: and prompt engineering in Section 4.3.

e DG1 (Spatial overview): Visualize the CQ space, showing how
CQs are distributed across subdomains and levels of granularity.

o DG2 (Divergent thinking): Support exploratory interactions (e.g.,
adding new CQs, terms, or dimension values) through LLM-generated
suggestions and visual feedback.

e DG3 (Convergent thinking): Support removing and refining simi-

lar and irrelevant CQs, terms, or dimension values to ensure preci- 4.1 Interface and features
sion, with the LLM learning from edits to improve future sugges- OntoScope’s interface has two parts. The first is the canvas (Fig.
tions.

7), where generated CQ candidates are clustered by terminology
granularity and domain coverage. Each CQ appears as suggested
terminology in the detailed view or as a node in the zoomed-out
view, and users can drag and zoom to explore clusters. The second
part is a set of pop-up windows (Fig. 8) that appear when users
In this section, guided by the design goals, we present the On- interact with canvas elements and let them add, delete, or refine
toScope Uls and features in Section 4.1, illustrate a typical user dimension values, CQs, and terms.

e DG4 (Termination): Export the finalized CQ space in an auditable
format for reuse and integration into downstream OE tasks.

4 OntoScope
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Table 2: The interaction framework comprises Uls and interaction techniques (ITs) that support ontology engineers in ontology
scoping. Each entry specifies the interaction stage, the UI or IT role, and its rationale.

Interaction stage

UI/IT

Role

Reason for inclusion

Spatial overview

Canvas UI (Spatial editor / Map)

Nodes UI
Clustering and combining IT

Click-to-expand IT

Spatial overview and grid for placing CQs

Candidate CQs as manipulable nodes
Grouping related CQs into clusters

Expanding a CQ node for details

Lets ontology engineers spot gaps or imbalances in ontology
scope.

Makes each CQ easy to inspect and compare during scoping.
Reveals similarity and concentration of CQs, supporting a more
balanced domain representation.

Shows CQ-suggested terms for verification and refinement.

Divergent thinking

Navigation IT
In-flow options UI

List UI

Moving across clusters, dimensions, and nodes
Inline suggestions for new CQs, terms, or di-
mension values

Structured presentation of suggestions

Supports systematic exploration of the CQ space.

Adds options in context so ontology engineers can expand scope
without interrupting workflow.

Clearly organizes alternatives to support comparison and in-
formed selection.

Convergent thinking

Zooming IT

Focus region in context UL
Binary rating UL

Switching between global and detailed views

Linking zoomed-in edits to global overview
Deleting irrelevant CQs, terms, or dimension
values

Supports moving between broad scope assessment and close
inspection of specific CQ details.

Keeps local refinements aligned with the overall ontology scope.
Lets ontology engineers tighten ontology boundaries and stop
similar future suggestions from system.
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Figure 7: Main interface of OntoScope: a (DG1): domain input field to specify a target domain and generate the CQ space; b (DG1): CQ space displaying CQs
as proposed terminology (one shown, others summarized as “(+n)”) clustered by terminology granularity and domain coverage. Blue marks subject CQs, green
property CQs, and purple object CQs. The space supports drag and zoom and shows CQs as nodes when zoomed out; ¢ (DG2): subdomain add button opening a
pop-up to select LLM-suggested or custom subdomains; d (DG2): terminology granularity add button; e (DG3): dimension value delete button; f (DG2): clickable
intersection area opening a pop-up to select LLM-suggested or custom CQs; g (DG2, DG3): clickable terminology opening a pop-up with CQ details, allowing users
to edit the CQ; add LLM-suggested or custom terms; or delete the CQ and its terms; h (DG4): export button to download the refined CQ space as a JSON file for

downstream tasks.

4.2 User scenario

To demonstrate how OntoScope supports ontology scoping, we
describe a typical workflow. Maria, an ontology engineer develop-
ing a “university” ontology, uses OntoScope to explore, refine, and
finalize CQs, terms, and dimension values. She enters university

space (Fig. 7b) with three subdomains (academics, people, facilities)

in the domain input box (Fig. 7a), and OntoScope generates a CQ

crossed with three terminology granularity levels. Zooming out,
she notices missing subdomains like research and services. She clicks
the subdomain add button (Fig. 7c), which opens the dimension
value popup. There, she enters custom values (Fig. 8b) and selects
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Figure 8: Popup windows in OntoScope: Popup Window 1 (DG2) lets users add dimension values via LLM suggestions (a), a custom-value text box (b), and a
more-suggestions button (c). Popup Window 2 (DG2) lets users add CQs via LLM suggestions (d), a custom-CQ text box (e), an add-all-suggestions button (f), and a
more-suggestions button (g). Popup Window 3 (DG2, DG3) shows CQ details, including a CQ edit box (h); buttons to delete terms (i) and generate more terms (j); a
custom-terms text box (k); an LLM-suggested terms list (I); a panel showing the CQ’s position in the space (m); and a CQ delete button (n).

relevant LLM suggestions (Fig. 8a, c) until they become loosely re-
lated. Maria then populates CQs systematically across the grid. She
clicks the academics X first-level intersection (Fig. 7f) to open the
CQ popup. She enters custom terms (Fig. 8e) and selects relevant
suggestions (Fig. 8d, f, g) until they match existing CQs.

After populating all existing intersections, she adds a fourth
level to test if finer granularity is needed (Fig. 7d), but finds the
CQ suggestions too detailed and discards it. She then edits CQs-
suggested terms by clicking each one of them (Fig. 7g) to open the
CQ detail popup. There, she enters custom terms (Fig. 8k), generates
term suggestions (Fig. 8j), and accepts non-overlapping ones (Fig.
81) until they become variants. She then zooms out to review the full
space, deletes unnecessary subdomains and granularity levels (Fig.
7e), removes similar CQs (Fig. 8n) and terms (Fig. 8i), and refines
unsatisfied CQs (Fig. 8h) until satisfied with the space. Finally, she
exports this space as a JSON file (Fig. 7h), representing the ontology
scope for downstream OEF tasks.

4.3 Implementation and prompt engineering

OntoScope’s frontend uses React with Vite for fast, component-
based development. Styling uses Tailwind CSS and Shadcn/ui com-
ponents built on Radix UI primitives for accessible, responsive de-
sign. Interactive visualization uses D3.js for dynamic scatter plots.
The backend uses Node.js and Express.js to provide a RESTful API
for real-time LLM-assisted interactions. The system uses OpenAI’s

gpt-4. 1% to generate candidate CQs, dimension values, and termi-
nology. In pilot tests, gpt-4.1 outperformed gemini-2.5-pro’ and
claude-opus-4-20250514% on CQs well-formedness, terminologi-
cal precision, and content relevance. For CQs generation, the model
is instructed to treat singular and plural forms carefully, as they may
yield different answers. For CQ, term, and dimension suggestions,
OntoScope uses an automatic regeneration pipeline to remove re-
dundancy within suggestions and against existing content. The
pipeline regenerates candidates until it reaches a duplicate-free set,
for up to ten iterations, since additional iterations rarely add valid
suggestions but significantly increase latency.

5 User evaluation

This evaluation examines how well the proposed interaction frame-
work helps ontology engineers define an ontology’s scope, focusing
on three evaluation questions (EQs):

o EQ1: How useful is the interaction framework in supporting diver-
gent and convergent thinking during domain boundary auditing?

o EQ2: How useful is the set of CQs resulting from the auditing process
for defining the scope of the ontology?

o EQ3: Does support for divergent and convergent thinking during
boundary auditing positively contribute to defining the scope of the
ontology?

®https://openai.com/index/gpt-4-1/
https://modelcards.withgoogle.com/assets/documents/gemini- 2.5-pro.pdf
8https://docs.claude.com/en/docs/about-claude/models/overview
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5.1 Participants

We recruited 15 ontology engineers (9 female, 6 male; P1-P15; age:
M = 26.87, SD = 7.57) who had not participated in the design
thinking workshop. The sample included 9 PhD researchers, 1 with
amaster’s degree, and 5 undergraduates; 8 worked in academia, 4 in
industry, and 3 in both. All volunteered and gave informed consent.
The study was approved by the first author’s university ethics
committee. Figure 9 shows participants’ self-reported familiarity
with knowledge elicitation, CQs, and LLMs in OE, as well as their OE
application domains. These demographics reflect diverse expertise,
suggesting our sample is representative.

Recruitment was conducted via the W3C Semantic Web public
mailing list®. The full recruitment details are in Appendix B.1. Our
sample size (N=15) is comparable to prior evaluations of ontology
tools [130, 138]. Some participants had limited familiarity with
knowledge elicitation or CQs, reflecting the range of specializations
in OE. At the start of each session, we introduced CQs and their
role in OE.

5.2 Procedure

All 15 sessions were conducted online via Microsoft Teams. After
obtaining consent, participants completed a demographic ques-
tionnaire, received a 10-minute OntoScope tutorial following a
scripted protocol, and performed a 20-minute concurrent think-
aloud [119, 136] using OntoScope to define boundaries for one
familiar domain from the WDV-CQ-HA dataset [29] (this dataset
provides CQs with expert-validated answers across 20 broadly ac-
cessible Wikidata domains and served as the benchmark for user-
generated CQs and answers). A pilot with 3 ontology engineers
refined the protocol, OntoScope parameters, and usability features
(the full pilot study details are in Appendix B.2). Sessions concluded
with a post-task questionnaire and retrospective think-aloud. The
full procedure details are in Appendix B.3.

5.2.1 Data analysis. All audio recordings were auto-transcribed
and manually corrected. Identifying details were removed before
secure storage. For EQ1, we conducted thematic analysis using
open and axial coding, triangulated with Creativity Support Index
(CSI) scores [28] from the post-task questionnaire. CSIis a validated
scale for perceived creativity support, unlike general usability or
workload measures such as the System Usability Scale (SUS) [26]
or the NASA Task Load Index (NASA-TLX) [60], which focus on
efficiency, usability, or workload rather than creative processes.
For EQ2, we computed the F; score of participant-generated
terminologies against the WDV-CQ-HA dataset [29] (this dataset
provides CQs with expert-validated answers across 20 broadly ac-
cessible Wikidata domains). F; balances precision and recall: high
precision keeps the scope from becoming too broad, while high re-
call keeps it from becoming too narrow. To calculate precision and
recall, we first counted correctly matched terms (true positives, TP),
using gemini-embedding-001 [79] (the full model selection details
are in Appendix B.4.) to find the best-matching gold standard term
for each user-generated term in its domain. Each match was manu-
ally validated. We then defined false positives (FP) as user-generated
terms not matched to any gold standard term and false negatives

“https://lists.w3.org/Archives/Public/semantic-web/
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(FN) as gold standard terms not matched by any user-generated

term. Precision and recall were calculated as Precision = %

_ _TP _ PrecisionxRecall
and Recall = TPiFN and the F1 score as F1 = 2 x PrecisionRecall

For EQ3, we examined how participants’ CSI scores relate to
their F; scores. If OntoScope supports both divergent thinking
(broad exploration yielding high recall) and convergent thinking
(targeted refinement yielding high precision), then participants with
higher CSI scores should also achieve higher F; scores, producing
a positive correlation.

5.3 Results

5.3.1 How useful is the interaction framework in supporting di-
vergent and convergent thinking during domain boundary auditing?
(EQI). In Table 3, participants achieved an average CSI score of
81.57 (SD = 8.77) out of 100, indicating that OntoScope was per-
ceived as highly useful for supporting divergent and convergent
thinking during ontology scoping. The CSI includes five factors,
each measured by two items on a 1-10 scale, with higher scores
indicating stronger perceived support (Fig. 10). The highest average
scores were for Exploration (17.27/20, SD = 2.34) and Expressiveness
(17.07/20, SD = 2.49). The high exploration score suggests that On-
toScope lowered barriers to divergent thinking by continually gen-
erating new CQs, terms, and axis values, prompting participants to
consider alternative domain dimensions. As one participant (PID 07)
noted, T feel like this system can just keep generating CQs, and it
made me curious about what other directions I hadn’t even thought
of yet.” The high expressiveness score indicates that participants
retained fine-grained control over the suggestions, which is critical
for convergence when terminology must precisely reflect domain
knowledge. As another participant (PID 12) remarked, “This system
really gave me confidence in the outcome, because all the decisions
felt like they were mine. If I didn’t like something, I could just click
and change it right away.”

Table 3: CSI results based on n = 15 participants (computed with 5 factors,
normalized by 2).

Factor Avg. Score (SD) Avg. Factor Count
Exploration 17.27 (2.34) 3.20
Enjoyment 15.93 (2.69) 1.33
Expressiveness 17.07 (2.49) 2.40

Results Worth Effort 15.80 (3.00) 2.20
Immersion 12.93 (4.04) 0.87
Overall CSI Score 81.57 (8.77)

Two of the three remaining factors also scored highly: Enjoyment
(15.93/20, SD = 2.69) and Results Worth Effort (15.80/20, SD = 3.00).
Participants found OntoScope engaging and productive. Enjoyment
came from immediate, varied contents (CQs, terms, and dimen-
sion values) suggestions that sustained curiosity by continually
introducing new directions. As one participant (PID 05) noted, ‘T
enjoyed clicking through and seeing new CQs come up; it kept me
curious about what would appear next.” Perceived worthwhileness
stemmed from seeing clear progress in defining the ontology scope.
As another participant (PID 14) noted, ‘T felt my time was well
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Figure 9: Participant demographics distribution

spent because I could see the ontology scope taking shape step by
step.” Immersion received an average score of 12.93/20 (SD = 4.04),
indicating that participants could focus on ontology scoping while
remaining aware of the system when needed. For example, one
participant (PID 08) remarked, “OK, too many CQs around here, so,
um, let me have a look at them first.” and then dragged the canvas to
reorganize the view and track scattered CQs. We interpret this not
as reduced immersion, but as active alternation between exploring
new CQs and consolidating existing ones, a process essential for
effective domain boundary auditing.

We evaluated preferences among the five CSI factors using paired
comparisons to identify which participants saw as most important
for effective ontology scoping. The results (Table 3, Fig. 11) show
that Exploration had the highest average factor count (3.20), indi-
cating that participants viewed divergent exploration as central to
effective scoping, since generating many possibilities supports later
refinement. As PID 04 said, ‘Tt feels like I can just keep opening up
new directions, and I don’t want to miss any of them.” Expressiveness
(2.40) and Results Worth Effort (2.20) followed, suggesting that after
generating many CQs, participants prioritized refining them and
seeing concrete progress. As PID 11 noted, ‘T kept tweaking the
terms a bit here and there, and after a while I could see the scope
really shaping up.” Enjoyment (1.33) and Immersion (0.87) were less
preferred, indicating that ontology engineers emphasized instru-
mental over hedonic qualities, valuing valid results from strong
support for exploration and refinement more than enjoyment or
absorption. As PID 06 commented, “Yeah, I am enjoy to use it... like
the current interaction is good... but what I really want to see is that
my scope getting more correct.”

To assess CSI robustness, we examined correlations between
the two statements in each factor (Fig. 12). All five factors showed
strong positive correlations (r = 0.70-0.78, all p < 0.01), indicating
that each pair measured the same construct and that CSI scores
reliably reflect OntoScope’s support for divergent and convergent
thinking in ontology scoping.

5.3.2  How useful is the set of CQs resulting from the auditing pro-
cess for defining the scope of the ontology? (EQ2). The F; score
distribution (Fig. 13a) has a mean of 0.66 and a median of 0.77,
indicating that auditing CQs supported precise terminology and
broad domain coverage. Participants’ reflections echo this. PID 07

noted that “the terms it suggested always felt more exact than what
I would have come up with myself, almost like it expressed what I
wanted to say but couldn’t quite put into words” The suggestions
shifted participants from vague descriptions to precise, domain-
appropriate labels, improving alignment with the gold standard.
PID 12 explained that “without it I would have struggled to de-
fine the domain properly, since each recommendation reminded
me of something I had overlooked before.” The recommendations
acted as recall prompts, helping participants include overlooked
domain aspects, cover more reference terms, and strengthen the
precision—coverage balance reflected in their F; scores. The four
lower scores came from participants who focused on niche domain
aspects not fully represented in the gold standard but later validated
by ontology and domain experts. These were not weaker perfor-
mances but complementary perspectives that extended the domain
beyond the predefined reference set. PID 10 reflected: “Whenever
a new subdomain came up it still felt connected, even if it wasn’t
quite what I had in mind. It made me see how this domain can be
looked at from so many angles, and it kept nudging me to notice
things I might’ve skipped. By the end, I felt confident I'd mapped
out the scope well”

5.3.3  Does support for divergent and convergent thinking during
boundary auditing positively contribute to defining the scope of the
ontology? (EQ3). The correlation between CSI and F; (Fig. 13¢) is
strongly positive (r = 0.76, p < 0.01): participants who engaged
more in divergent and convergent thinking used terminology more
precisely and covered more of the ontology. This suggests that
OntoScope’s dimensions, intersections, CQs, and terminologies
effectively supported exploration and refinement. As PID 14 noted,
“Without seeing how different dimensions could intersect, I don’t
think I would’ve thought that far. It pointed me to new areas I
hadn’t considered, and once I started adding CQs and terms there,
I could clearly see what was already covered and what was still
missing. That made me feel like my scope was really moving in
a better direction.” The interface thus externalised possibilities,
reduced working-memory load, and let participants keep more
candidate terms in play while exploring the domain from multiple
perspectives.

OntoScope supports divergence by widening the search space.
Each dimension and CQ serves as a cognitive cue, prompting recall
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Expressiveness 2: OntoChat allowed me to add any dimension values, CQs, or terminologies | wanted during scoping. 1 3
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Figure 10: Bar chart of participant ratings for ten CSI statements across five factors (Enjoyment, Exploration, Expressiveness, Imnmersion, Results Worth Effort)
on a 10-point Likert scale.
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Figure 11: Results of the CSI paired comparison task. Each row compares two factors: blue bars show selections for the left factor, green bars for the right factor,
and factor names appear in the centre column.
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Figure 12: Reliability analysis of CSI factors. Subfigures (a—e) show scatter plots for each factor with blue data points, a red regression line, and a shaded red 95%
confidence interval. Pearson’s r and p values indicate correlation strength and significance. “Res. Worth Eff”” denotes Results Worth Effort.

of related but non-obvious concepts and broadening participants’ about yet, and suddenly I realised there were many more angles I
domain perspective. PID 05 noted, “Each time a new suggestion could take.” Intersections anchored these cues in specific contexts,
popped up, it reminded me of a part of the domain I hadn’t thought
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interval, indicating a strong positive correlation.

so coverage expanded in a controlled, not overwhelming, way. On-
toScope channelled divergent thinking into structured exploration,
helping participants uncover more diverse subdomains. Once a
richer set of candidate terms was established, OntoScope supported
convergence. Intersections revealed gaps and overlaps, helping par-
ticipants identify omissions, refine or remove similar CQs, terms, or
dimension values, and align scope. PID 09 said, “Seeing terms side
by side made it obvious when two were too close, so I could pick
the sharper one. It also showed me which parts were still empty, so
I knew exactly where to focus next” Term suggestions nudged par-
ticipants from vague words to precise, domain-appropriate labels.
This iterative cycle of suggestion, checking, and revision reduced
noise, leaving only in-scope elements.

6 Discussion

We evaluate our design goals in Section 6.1. Our OE-specific contri-
butions are in Section 6.2, and our broader impact on knowledge-
intensive works appears in Section 6.3.

6.1 Reflection on design goal fulfilment

DG1 (Spatial overview) externalized the CQ space on a manipulable
canvas, lowering memory load and revealing coverage gaps. High
Exploration scores (17.27/20, factor count = 3.20) show this layout
supported systematic exploration. DG2 (Divergent thinking) en-
abled exploration through on-demand contextual LLM suggestions,
avoiding upfront overload. The strong CSI-F1 correlation (r=0.76,
p<0.01) indicates this divergent support improved domain cover-
age: more systematic exploration yielded more gold standard terms.
DG3 (Convergent thinking) balances divergence by immediately
editing or removing CQs, terms, and dimensions, with the LLM
learning from corrections to improve future suggestions. The high
Expressiveness score (17.07/20) and median F1 of 0.77 suggest this
bidirectional loop effectively supported terminological precision.
DG4 (Termination) enabled closure via export, and Results Worth
Effort scores (15.80/20) show participants saw their scoping work
as producing reusable artifacts.

6.2 From fragmented workarounds to a unified
process for ontology scoping

Ontology scoping has long been fragmented across multiple tools
and ad hoc workarounds, with no widely accepted framework or
seamless toolchain [111, 121]. Requirements are often gathered
in generic tools like text editors and spreadsheets, while manage-
ment and auditing occur separately in tools such as Protégé [87].
This split creates technical and resource burdens [130], causing
inefficiencies and inconsistencies, especially at scale. Our interac-
tion framework embeds ontology scoping in a unified workflow
where users explore and refine candidate requirements in a visual
workspace, producing reliable scope representations directly usable
for ontology modelling. In OE, it works with the aim of providing a
unified path from requirements elicitation to ontology construction.

6.3 Towards designing transparent human-AI
interaction for knowledge-intensive work

Knowledge-intensive work requires iterative information explo-
ration and synthesis, yet most GenAlI tools support only single
prompt-response exchange, limiting users’ ability to externalize
intermediate reasoning, track assumptions, and build shared un-
derstanding [49, 65, 70, 129]. This is especially problematic when
people must audit or defend Al-generated content, because opaque
generation undermines accountability and hinders verification of
provenance or contestation of flawed reasoning [66, 81, 93]. Natural
language interfaces broaden access but also introduce prompt brit-
tleness, narrow context windows, and poor traceability, obscuring
how inputs shape outputs [65]. The divergent—-convergent inter-
action framework addresses these issues by making Al reasoning
explicit within structured design spaces and treating model outputs
as provisional artifacts for exploration, comparison, and refinement.
Divergent thinking surfaces multiple alternatives (e.g., rival hy-
potheses or design variants), while convergent thinking supports
evaluation and synthesis into integrated outcomes [42]. Organizing
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alternatives along salient dimensions and inspecting their inter-
sections helps users navigate heterogeneous information spaces
[65, 113, 114] while auditing the reasoning that produced them.
Thus, this interaction framework recasts GenAlI tools as transpar-
ent cognitive collaborators that scaffold reasoning while preserving
accountability, advancing human-centered Al that couples genera-
tive capacity with interpretability, contestability, and traceability
[66, 81, 93].

7 Conclusions

This paper presents an interaction framework that helps ontology
engineers audit ontology scope using large sets of LLM-generated
candidate CQs. We derived this interaction framework by combin-
ing a literature search with a design thinking workshop, integrating
interaction technics and Uls that support divergent and convergent
thinking for domain boundary auditing. We then built OntoScope,
an LLM-based interactive system that visualizes candidate CQs
by domain coverage and terminology granularity, enabling ontol-
ogy engineers to iteratively expand, refine, or narrow scope. In a
user study with 15 ontology engineers, this interaction framework
supported both divergent and convergent thinking; deeper engage-
ment yielded more precise terminology and broader ontology scope
coverage. Limitations include the small sample and lack of compar-
ison with baseline Al tools; future work should use larger samples
(including domain experts working in OE) and controlled compar-
isons to evaluate OntoScope and demonstrate its advantages. To
our knowledge, this is the first validated interaction framework
with an LLM-based system for ontology domain boundary audit-
ing, and the first to unify fragmented, expert-dependent scoping
practices into an accessible approach. Its design also shows how
LLM-based systems can transparently and accountably support
broader knowledge-intensive tasks for the HCI and OE communi-
ties.
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A Literature Search: Supplementary Details
A.1 Step 1: Identification

As shown in Fig. 4, we designed a broad search query to capture
many relevant studies. Instead of limiting it to LLM-specific terms,
we used umbrella terms such as AI and machine learning to reflect
the modular role of LLMs in multimodal systems that integrate
other models for tasks like image generation, music synthesis, or
style transfer.

The search yielded 40,184 unique records across three databases.
We first restricted results to journal and conference publications.
We then applied venue-level filtering following Hu et al. [65]. For
each venue, we sampled the top 12 papers by relevance (12 was the
smallest return across venues) and manually assessed topical align-
ment. Venues were excluded if fewer than 2 of 12 papers (i.e., <10%)
addressed LLM-based creative systems with interaction designs.
This removed venues where broad terms (e.g., “AL” “art*”) mostly
retrieved irrelevant work (e.g., hardware optimization) while re-
taining venues with even modest but genuine contributions. We
restricted the search to title, abstract, and keywords, as broader
fields yielded many false positives, such as state-of-the-art in
the body text. After these refinements, 3,275 papers were retained
for screening.

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

A.2 Step 2: Screening

We considered diverse publication types, such as short papers, work-
shop and symposium papers, demos, and full papers, because they
often present emerging interaction designs. To ensure screening
consistency, the first two authors independently reviewed a ran-
dom 20% subset (N = 655) of titles and abstracts at the beginning.
Inter-rater reliability (Cohen’s kappa coefficient (k = 0.91) [84])
was 0.82, indicating “strong” agreement (0.80-0.90). Discrepancies
were resolved through discussion, mainly over whether outputs
of LLM-based systems constituted artistic expression or creative
design (EC-5).

A.3 Step 3: Snowballing

We conducted three rounds of forward snowballing using Google
Scholar’s “Cited by” lists and two rounds of backward snowballing
examining reference lists, completed in 2025. This procedure yielded
8 additional papers after duplicate removal and screening.

A.4 Step 4: Analysis

We first derived high-level categories from existing taxonomies
of Uls [24] and interaction techniques [27]. We then performed
bottom-up open coding on a random subset of 25 papers (50% of
the dataset), allowing new codes to emerge within and beyond
these categories. For instance, while the top-down structure in-
cluded “sliders” as an input type, open coding showed the need to
distinguish “single-parameter sliders” from “interpolation sliders,”
leading to new sub-codes. This hybrid strategy balanced theoreti-
cal grounding with attention to domain-specific patterns [25], so
the codebook captured both established interaction patterns and
LLM-specific ones.

The first two authors collaboratively developed the codebook
and resolved disagreements, mainly about boundaries between
second-level Ul codes in the same category, through discussion until
consensus. After finalizing the structure, they iteratively defined
each code. For interaction techniques, they extracted operational
descriptions from the papers (e.g., how users navigate, filter, or
cluster artifacts), synthesized these into generic definitions, and
extended them by analysing how LLMs can be integrated to support
divergent or convergent thinking. For Uls, they followed a similar
process, adding visual sketches that abstracted common patterns
across papers to depict archetypes instead of only text. The first two
authors refined all definitions until they agreed on their technical
accuracy and applicability to LLM-based creative systems.

After finalizing the codebook, both authors independently ap-
plied it to the remaining 25 papers, recording each code as binary
(1 = present, 0 = absent). They compared codes and computed
inter-rater reliability using Cohen’s kappa coefficient [84], which
averaged 0.85 (“strong” agreement, 0.80-0.90). Disagreements, typi-
cally about slider functionality, such as whether a slider adjusted
one variable or blended multiple variables, were resolved by jointly
reviewing the relevant sections and figures and agreeing on the
final codes.
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B User Evaluation: Supplementary Details
B.1 Recruitment Details

Recruitment was conducted over one month via the W3C Semantic
Web public mailing list?, an active forum for ontology engineers
and related OE practitioners. As OE is a highly specialised field with
a relatively small expert community compared to areas like general
Al recruiting many suitable participants was difficult, but our sam-
ple size (N=15) is comparable to prior evaluations of ontology tools
[130, 138].

Additionally, 2/15 participants were only “slightly familiar” with
knowledge elicitation in OE, and 3/15 were only “slightly familiar”
with using CQs for it. This may be because some ontology engi-
neers focus on knowledge formalization with limited knowledge
elicitation expertise, while others emphasize knowledge elicitation
but use techniques such as user stories instead of CQs. This varia-
tion is valuable, as it shows how OntoScope can support a broad
range of ontology engineers.

B.2 Pilot Study Details

Before the main sessions, we ran a pilot with 3 ontology engineers
(1 academic, 2 industry; all PhD-level; none re-recruited). Using
preliminary OntoScope versions, they completed the task, and their
feedback led to: (1) Protocol: confirming 20 minutes as sufficient
for think-aloud. (2) OntoScope parameters: reducing CQs per sug-
gestion from 5 to 3 to avoid overload; increasing terminology sug-
gestions from 1 to 3 to preserve variety; and removing maximum
limits on dimensions, CQs, and terms to encourage exploration. (3)
Usability: adding colour-coded frames to each cluster to indicate
coverage density.

B.3 Detailed Procedure

B.3.1 Step 1: Set-up and demographic questionnaire (5 mins). All 15
sessions were conducted online via Microsoft Teams. After receiv-
ing signed consent and approval for screen and audio recording,
participants completed a demographic questionnaire covering gen-
der, age, education, professional setting, current or previous OE
project domains, and self-reported familiarity with knowledge elic-
itation in OE.

B.3.2  Step 2: OntoScope tutorial (10 mins). Participants received a
link to OntoScope, shared their screen, and granted the researcher
remote control. The researcher introduced the interface and demon-
strated its purpose and functionality with a practice task on scop-
ing a university ontology, which participants then repeated. This
ensured familiarity with the system and time for questions. The
researcher followed a scripted protocol so all participants received
the same tutorial and a consistent understanding of the system.

B.3.3  Step 3: Concurrent think-aloud (20 mins). Participants per-
formed a concurrent think-aloud [119] to evaluate how OntoScope
supports divergent and convergent thinking in ontology scoping.
They used OntoScope to define boundaries for one familiar domain
from the 20 in the WDV-CQ-HA dataset [29] (e.g., university, air-
port, mountains). This dataset provides CQs with expert-validated
answers across 20 broadly accessible Wikidata domains and served
as the benchmark for user-generated CQs and answers.
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During the main session, the researcher asked participants: “As
you use OntoScope, please say out loud anything that currently
helps or hinders you in coming up with relevant dimension val-
ues, CQs, or terms.” An observation checklist captured interface-
or feature-related questions as supplementary usability evidence.
Although usability was not the primary focus, issues were noted
whenever participants reported features that hindered their diver-
gent or convergent processes. These issues were then probed in the
retrospective think-aloud, where participants were asked which
interface or features had limited their process and why.

B.3.4 Step 4: Post-task questionnaire and retrospective think-aloud
(10 mins). To capture overall perceptions (EQ1), participants com-
pleted a post-task Likert-scale questionnaire. Because OntoScope
is intended to support both divergent and convergent thinking, we
employed the Creativity Support Index (CSI) [28] as our measure-
ment instrument (a validated scale for perceived creativity support)
rather than general usability or workload measures such as the
System Usability Scale (SUS) [26] or the NASA Task Load Index
(NASA-TLX) [60], which focus primarily on efficiency, usability, or
workload rather than on creative processes. We adapted ten CSI
statements to ontology scoping, covering Enjoyment, Exploration,
Expressiveness, Immersion, and Results Worth Effort. From the
initial set of six CSI factors and twelve statements, we excluded the
collaboration factor along with its two associated items, as they are
not relevant to our case. Responses used a 10-point scale, and we
computed scores by adapting the original CSI weighting method
[28] to our case. This study concluded with a retrospective think-
aloud [119], in which participants answered open-ended questions
about which OntoScope interfaces, features, or dimension values
supported or hindered their divergent and convergent thinking
during boundary auditing, and why.

B.4 Embedding Model Selection

We chose gemini-embedding-001 [79] because, on a randomly
drawn 30% subsample, its outputs corresponded more closely to
human assessments than those from Qwen3-Embedding-8B [133]
and text-embedding-3-large [94]. All matches were reviewed by
hand, since terms that are semantically similar are not necessarily
ontologically identical (e.g., composer vs. musician), and several
proposed matches were discarded.
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