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Abstract
The growing use of chatbots in art galleries raises design challenges
in responding to the diverse questions that viewers pose about
artworks. This study investigates how artist-in-the-loop workflows
can be designed to address these challenges by structuring col-
laboration between chatbots and artists in responding to viewers’
questions about artworks. We implemented this approach in ArtiQ,
an art chatbot designed to operationalise the proposed artist-in-
the-loop workflows by routing questions and enabling artists to
refine chatbot responses, thereby allowing empirical examination
in real-life gallery settings. We evaluated ArtiQ through a multi-site
field deployment across four art galleries, involving 4 artists and
51 viewers. Adopting a mixed-methods approach, we integrated
interaction logs of 420 viewer questions, viewer questionnaires
(per-answer helpfulness ratings and the BUS-11 usability scale),
and semi-structured interviews with artists and a subset of viewers.
Quantitative analyses examined routing performance, viewers’ rat-
ings of chatbot responses across the two pathways, and the effort
involved in artist editing, while qualitative analyses characterised
how viewers and artists experienced the workflow. Results from
the deployment demonstrate that artist-in-the-loop workflows can
help maintain the quality of chatbot responses for viewer questions
by retaining human interpretive control through selective artist in-
volvement when interpretive expertise is warranted. These findings
offer design implications for artist-in-the-loop systems, informing
how LLM-powered chatbots can be integrated into cultural settings
while preserving human authorship and interpretive integrity.
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1 Introduction
Art appreciation is widely understood as an active and dialogic pro-
cess in which viewers construct meaning through questioning and
interpretation, often accompanied by emotional responses to art-
works [12]. In gallery settings, viewers often seek not only factual
information but also insights into artistic intention, symbolism, and
creative process [43]. Such questioning opportunities play a central
role in shaping how viewers engage with and reflect on art [22];
however, sustained dialogue with artists is often limited in practice.
As a result, many viewers leave exhibitions with unanswered or
only partially explored questions [14]. In response to this gap, art
institutions have increasingly adopted chatbots to support viewer
engagement by providing scalable, on-demand access to informa-
tion about artworks and exhibitions [8, 54]. While chatbots are
effective at delivering descriptive or factual content, prior research
suggests that interpretive and expressive questions remain difficult
to address through fully automated systems [36, 51]. These limi-
tations are particularly salient in art appreciation contexts, where
misinterpretation may undermine artistic intent or interpretive in-
tegrity [12, 14, 19]. This tension highlights a key design challenge:
how to leverage chatbot assistance in galleries without displacing
the human expertise essential to artistic interpretation.

Prior work on conversational agents (chatbots1) and hybrid
human–AI workflows in domains such as healthcare has proposed
mechanisms such as question routing and draft-then-refine collabo-
ration to balance automation with human expertise [2, 53]. Related
museum-oriented systems have also explored human-in-the-loop
approaches in adjacent contexts, such as museum touring and arti-
fact description generation [27, 46]. However, these studies do not
examine how such mechanisms function in art appreciation set-
tings centred on viewer-authored questions, artist-led refinement
of chatbot responses, and the preservation of interpretive authority.
Moreover, prior work in economics [21] and other domains, as sum-
marised in a recent scoping review [56], has predominantly exam-
ined such workflows in laboratory settings or from the perspective
of a single stakeholder, leaving open questions about how they func-
tion in real-world, multi-stakeholder settings. In art contexts, there
is limited empirical evidence on how these workflows function in
situ, how viewers experience different response pathways, and how

1Although some researchers distinguish between conversational agents and chatbots
based on factors such as capability, autonomy, or embodiment (e.g., [16, 34]), the terms
are often used interchangeably in both research and practice to denote systems that
support natural-language interaction. Following prior work (e.g., [15, 35]), we adopt
this interchangeable use for clarity.
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Figure 1: Example artworks used in the field deployment, illustrating three common thematic subjects in traditional Chinese
ink painting: (left) flowers-and-birds, (middle) landscape, and (right) figurative composition. All artworks shown were part of
the exhibitions where ArtiQ was deployed, and permission was granted by the artists for their inclusion in this paper.

artists engage with and benefit from chatbot-generated drafts as
part of their interpretive work. As a result, it remains unclear how
artist-in-the-loop workflows (cf. human-in-the-loop [38, 52]) per-
form in real-life gallery environments for art appreciation, where
viewer questions vary widely in content and interpretive depth.
Addressing this gap requires examining not only chatbot behaviour
but also the experiences and efforts of both viewers and artists
within an integrated interaction workflow. This paper investigates
artist-in-the-loop workflows for handling diverse viewer questions
in gallery settings through the following research questions (RQs).
The RQs are ordered to reflect the logic of the workflow and study
procedure.
RQ1: How effectively does the system’s routing mechanism sup-

port decisions about when viewer questions should be han-
dled by the chatbot or escalated to the artist?

RQ2: In real-life gallery settings, how do viewers evaluate the im-
mediate chatbot responses they receive across the system’s
two routing pathways?

RQ3: Under what conditions is human editing justified within the
chatbot-artist hybrid workflow, and what factors shape the
effort required for artists to refine chatbot-generated drafts?

RQ4: How do viewers perceive the quality of artist-edited chatbot
responses presented after their gallery visit?

To address these research questions, we conducted a field study
centred on ArtiQ, an artist-in-the-loop art chatbot designed to sup-
port diverse viewer questions in gallery settings. The system draws
on a previously proposed design framework for such interactions
[33]. Rather than positioning ArtiQ as a standalone technical con-
tribution, it serves as a deployable instantiation that enables us to
examine key aspects of hybrid human–AI workflows, including
routing, draft-based collaboration, and the practical implications of
viewer-facing deployment in gallery settings. The ultimate long-
term goal of our research work is to sustain public interest in artistic

cultural heritage, which invites diverse interpretation and appre-
ciation, by fostering meaningful and engaging dialogues between
artists and viewers through a Q&A chatbot.

To evaluate the Q&A chatbot ArtiQ, we conducted a study in
the domain of traditional Chinese ink painting, an artistic tradition
characterised by strong emphasis on symbolism, expressive brush-
work, and artist intention [7]. Rather than prioritising surface-level
visual details, Chinese ink painting often emphasises the expression
of inner states, temperament, and philosophical ideas [6], leading
viewers to engage with artworks through a wide range of questions,
from basic technique to interpretive and emotional inquiry. These
characteristics make traditional Chinese ink painting a particu-
larly suitable domain for examining how diverse viewer questions
emerge and how chatbots and human artists should collaborate.
Across the four participating galleries involved in the study (Section
3), the exhibited works spanned several well-established thematic
subjects in traditional Chinese painting, such as landscapes, flowers-
and-birds, and figurative compositions (see Figure 1).

Across the four sites, immediate chatbot responses and later
artist-refined responses played complementary roles within the
layered workflow. Automated replies supported viewers’ timely
access to initial responses to their questions, while follow-up in-
terviews with the artists and a subset of participants suggested
that artist involvement could add interpretive depth, emotional
resonance, and contextual grounding to chatbot-generated drafts.
Results indicated (Section 4) that the routing mechanism was gen-
erally effective in directing questions toward appropriate forms of
response; however, it also revealed nuanced boundary cases where
expectations for artist involvement varied. Importantly, editing
drafts created by the chatbot required substantially less effort than
composing responses from scratch, with the efficiency gains de-
pending on how well the drafts aligned with artists’ intentions,
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highlighting the practical value and limitations of draft-based col-
laboration in interpretive domains. These findings suggest that
artist-in-the-loop workflows offer a practical way to selectively
offload some question-answering work to LLM-powered chatbots
in art galleries without displacing human authorship (Section 5). By
selectively structuring when and how artists are involved through
layered responses, routing decisions, and draft-based refinement,
such systems can balance scalability with interpretive integrity,
supporting meaningful viewer engagement while making artist
participation sustainable over time. This paper makes the following
contributions:

• Insights from a multi-site field study of an artist-in-the-loop
art chatbot (ArtiQ) in real-life gallery settings, exploring
viewer-chatbot interactions, question routing, and viewers’
perceptions of immediate chatbot responses during on-site
use.

• An in-depth understanding of the asynchronous artist-
refinement stage, examining how artists engaged with
chatbot-generated drafts and how selected viewers subse-
quently perceived the artist-edited responses within the lay-
ered workflow.

• Empirical evidence on draft-based human-AI collaboration
in an interpretive art context, showing how the quality and
alignment of chatbot-generated drafts relate to artists’ edit-
ing effort and the efficiency of collaborative response pro-
duction.

• Design insights for artist-in-the-loop chatbot systems, trans-
lating empirical findings from ArtiQ into guidance on how
layered responses, selective routing, and draft-based collabo-
ration can support the integration of LLM-powered chatbots
into art appreciation settings while preserving artistic au-
thorship and interpretive integrity.

2 Background and related work
2.1 Art Appreciation, Viewer Engagement, and

Questioning Behaviors
Art appreciation is widely understood as an active meaning-making
process rather than a passive reception of visual stimuli [43]. View-
ers interpret artworks through a combination of prior experience,
cultural knowledge, and emotional response. The same piece can,
therefore, be understood in different ways by different people [13].
Contextual information can further shape aesthetic engagement,
influencing what viewers notice and how they construct narratives
around an artwork [10]. Emotional or affective responses have
also been discussed in prior work as part of viewers’ broader aes-
thetic experience, contributing to how artworks are encountered
and reflected upon [43].

Within this appreciation process, viewer engagement is closely
tied to opportunities for dialogue and questioning. Prior research
suggests that dialogic approaches can deepen viewer engagement
by moving beyond one-directional explanations from artists or
institutions and instead foregrounding viewers’ opportunities to
articulate and pursue their own questions [12]. Interpretive ques-
tions that invite viewers to reflect on emotional responses or artistic
intention can encourage viewers to revisit the work, compare per-
spectives, and situate it within their own experiences [20]. More

broadly, viewers have increasingly been described as moving from
passive recipients to active participants who expect to explore,
comment, and co-construct meaning with institutions and artists
[32].

Prior work in gallery and museum contexts suggests that view-
ers’ questions are heterogeneous, ranging from requests for basic
factual information to more interpretive, experiential, and process-
oriented inquiries (e.g., [33]). Such variation reflects different ways
of engaging with artworks, including grounding understanding in
core information, probing symbolic or emotional meaning, and seek-
ing guidance on how a work was created or should be approached
[12].

2.2 Conversational Agents in Art Settings and
the Limits of Automated Interpretation

Art institutions and cultural spaces have increasingly adopted chat-
bots to support access, engagement, and learning. These applica-
tions are commonly introduced to provide scalable viewer guid-
ance, deliver contextual information on demand, and enable more
personalised exploration of exhibitions [8, 54]. By offering real-
time responses to viewer queries, chatbots can provide traditional
interpretive materials and create more interactive art-viewing ex-
periences [8]. Such applications reflect broader efforts to enhance
inclusivity and participation through digital tools within art con-
texts [18]. In prior work [4], user experience with conversational
agents has been assessed with validated usability instruments such
as the Chatbot Usability Scale (BUS-11), an 11-item questionnaire
that captures users’ perceived clarity, usefulness, engagement, and
overall interaction quality with human-AI chatbots. The BUS-11
shows a stable factor-structure, high internal consistency (Cron-
bach’s alpha >0.9), and convergent validity with other usability
measures such as the UMUX-Lite [29], making it a robust tool
for assessing user satisfaction and perceived usability of chatbot
systems [4, 5].

Technically, chatbots deployed in art settings draw on a spectrum
of conversational agent approaches, ranging from earlier rule-based
systems, which rely on predefined scripts and predictable responses,
to more recent generative systems based on LLMs that produce
open-ended responses [9, 49]. While LLM-driven chatbots can
provide more flexible and conversational interaction, they also in-
troduce risks, including hallucinations, inaccuracies in contextual
information, and biases inherited from training data [28, 31]. These
risks are particularly consequential in cultural and artistic contexts,
where misinterpretation can distort intent or propagate misleading
narratives [51]. As a result, prior research in art emphasises the im-
portance of human expertise, especially when interpretive nuance
or cultural sensitivity is required [12, 14].

Trust and perceived suitability further differentiate human ex-
perts and chatbots in art interpretation. Prior work in cultural
heritage suggests that interpretive authority in cultural contexts is
closely tied to human expertise [8, 51], particularly when responses
involve emotional nuance, symbolism, or contextual judgment.
While chatbots can reliably deliver factual information, their lim-
ited capacity for emotional understanding and absence of situated
cultural experience may make them less suitable for subjective
or expressive interpretation [3, 37, 42]. These tensions motivate
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approaches that combine automated efficiency with human inter-
pretive depth.

The boundaries of automated interpretation are thus shaped by
the nature of the content being addressed. Objective information,
such as basic factual details, is well aligned with automated delivery
and benefits from the speed and consistency of AI systems [19, 38].
In contrast, interpretive questions require contextual reasoning,
emotional attunement, and sensitivity to artistic intention, which
current LLMs struggle to replicate reliably [41]. These limitations
highlight the importance of hybrid approaches that leverage AI for
factual clarity while engaging human experts in meaning-making
tasks, particularly in domains that are open to interpretation, such
as art appreciation.

2.3 Hybrid Human-AI Workflows for
Interpretation: Routing, Drafting, and
Collaborative Answering

Hybrid human-AI workflows have gained increasing attention
across knowledge-intensive domains involving interpretation and
meaning-making, where automated systems and human experts
contribute complementary strengths [25, 39, 44]. Prior work on
human-AI collaboration highlights how AI systems can support
tasks such as information delivery and content generation, while
humans retain responsibility for contextual judgement, creativ-
ity, and domain expertise [1, 21, 56]. A common pattern in such
workflows is for AI models to produce an initial draft that human ex-
perts subsequently refine; an approach shown to improve efficiency
while preserving interpretive control [2]. When AI contributions
are framed as provisional starting points rather than final outputs,
human collaborators remain in control of the interpretation and
context of the response, while benefiting from the speed and con-
sistency of automated assistance.

Museum chatbot research spans rule-based systems (MUSU
[24, 45]), knowledge-graph approaches (MuBot [47, 48]), and re-
cent generative agents [50]. Curator or artist involvement remains
largely limited to pre-generation stages, despite concerns about
reliability and curatorial authority. Post-generation oversight of AI
outputs is underexplored. Related hybrid work, including expert
refinement of AI-generated descriptions [27] and human-in-the-
loop touring with quality of experience (QoE)-based routing [46],
does not address viewer-authored questions in art galleries or se-
lective routing between chatbot-only and artist-refined responses
that preserves interpretive authority.

Within such hybrid workflows, and especially in draft-then-
refine arrangements, the usefulness of AI-generated drafts is closely
tied to their quality. High-quality drafts can reduce cognitive load
by minimizing low-level editing, enabling human contributors to
focus attention on deeper conceptual or expressive refinements
[26]. In contrast, drafts that are overly generic, inaccurate, or
stylistically misaligned may increase revision effort, particularly
when human experts must correct subtle interpretive errors or re-
establish contextual grounding [11]. These findings highlight that
draft generation is not merely a time-saving feature; rather, it affects
the level of human labour and the extent to which collaborative
systems can support expert-driven workflows.

Effective collaboration also depends on routing mechanisms that
determine when AI is sufficient and when human involvement is
needed [55]. Research on query classification and intent detection
shows that systems benefit from identifying question type, ambigu-
ity, or multi-intent structure in order to direct queries to appropri-
ate response pathways [23, 53]. Such routing improves response
quality, minimises user frustration, and ensures that subjective or
context-dependent questions are escalated to human experts rather
than handled solely by automated models [1, 53]. These approaches
are particularly important when misclassification risks undermine
trust or interpretive accuracy [40].

3 METHODS
3.1 System Design and Technical Setup
ArtiQ is an artist-in-the-loop chatbot developed for use in gallery
settings, designed to support a variety of viewer questions. The
system differentiates between questions focused on factual aspects
of artworks and those that are more interpretive or expressive, di-
recting them to either a chatbot-only (CO) or a chatbot–artist
hybrid (CAY) response pathway. For clarity throughout the paper,
we refer to factual questions as Artwork Factual (AF) and inter-
pretive or expressive questions as Interpretive and Expressive
(IE). This distinction aligns with prior work on categorising viewer
questions in gallery contexts [26]. The technical components de-
scribed below function as infrastructural elements that support the
study.

3.1.1 Routing Mechanism. At the core of ArtiQ is a routing mecha-
nism (Figure 2) that distinguishes questions grounded in descriptive
or technique-oriented aspects of the artwork (i.e., AF) from those
involving interpretation, intention, or meaning (i.e., IE). When a
viewer submits a question, the chatbot system applies a lightweight
on-device classifier trained on a previously established taxonomy
of viewer questions to categorise the question as AF or IE. Ques-
tions classified as AF are answered directly under the CO pathway
whereas questions classified as IE are routed to the CAY pathway,
where the chatbot provides an initial draft response to the viewer
first and the artist later refines the response. This routing mech-
anism ensures that AF questions are handled efficiently by the
chatbot system while reserving interpretive and expressive ques-
tions for the artist.

To support reliable routing under real-world deployment con-
straints, ArtiQ adopts a dual-layer classification strategy. Upon
question submission, the system first applies a lightweight Naïve
Bayes classifier trained on the same question taxonomy. The classi-
fier outputs both the predicted label (AF vs. IE) and a confidence
score. Predictions with confidence > 0.7 are accepted as the final
routing decision, a threshold chosen empirically in pilot testing
to balance routing accuracy and system responsiveness. For low-
confidence cases (≤ 0.7), ArtiQ escalates the question to a secondary
classifier based on the Qwen LLM (provided by Alibaba Cloud),
which performs a second-pass AF/IE categorisation. This LLM-
based classifier is adapted using task-specific instructions, including
concise definitions of AF and IE and representative examples, and
its output is used as the final label. We used the LLM-based fallback
only for low-confidence cases to reduce misrouting while keeping
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Figure 2: ArtiQ’s routing mechanism and response generation process. All responses appear in the viewer’s ‘MyQuestions’
panel. The chatbot logs all interactions for later quantitative and qualitative analysis.

on-device latency low. All viewer questions are entered in Chi-
nese; no explicit length limit is imposed, allowing and encouraging
viewers to express their queries about the artworks freely.

3.1.2 Response Generation. ArtiQ supports two response path-
ways corresponding to the routing outcomes (Figure 2). In the CO
pathway, AF questions are answered immediately by the chatbot
using retrieval-augmented generation (RAG) grounded in curated
contextual information [30]. This provides consistent and concise
explanations while giving viewers quick access to artwork details.
In the CAY pathway, IE questions receive a chatbot-generated initial
draft response that is explicitly marked “for reference only.” ArtiQ
notifies the viewer that the question has been forwarded to the
artist for further refinement. Through the artist’s interface, artists
review and refine the draft to ensure that the final answer reflects
their creative intent and expressive choices before publishing it to
the viewer.

Responses in both pathways are generated using the Qwen-
Turbo LLM via an API-based deployment. Prior to deployment,
participating artists provided structured background materials for
each artwork, which were used to initialise a curated knowledge
base (Section 3.5.2). These materials, covering artwork information,
artist statements, technique glossaries, and exhibition information,
were embedded and stored in a vector store. When a viewer submits
a question under the CO pathway, the question is embedded and
used to retrieve relevant documents from the vector store, scoped
to the corresponding artwork. The retrieved materials are then
injected into the prompt as contextual evidence for RAG, encourag-
ing factual, artwork-specific responses and reducing unsupported
elaboration. This process grounds the model’s responses in artwork-
specific documents and is part of the system’s core functionality.

3.1.3 Interfaces. ArtiQ comprises three role-specific interfaces that
support the proposed workflow across all deployment galleries:
viewer, artist, and admin interfaces. Figure 3 illustrates the viewer
and artist interfaces used during the interaction workflow (Note: a
video demonstrating the end-to-end interaction flow is provided in
the accompanying supplementary material).

• Viewer interface: Viewers, after encountering the artwork
in its physical form on display, can refer to its digital version
when formulating questions and submit them to ArtiQ. They
then read responses through the viewer interface (Figure 3).

All answered questions are displayed in the My Questions
panel, where CAY cases show both the chatbot’s initial draft
and the artist-edited final answer.

• Artist interface: Artists receive routed questions, review the
chatbot’s initial draft, and refine the content before publish-
ing the final response. Artists are also asked to indicate
whether forwarding this question is necessary, providing
a ground-truth check of the chatbot’s classification perfor-
mance. The interface also includes a five-star rating widget
for artists to evaluate the chatbot’s initial draft response,
which supports later analysis of human-AI collaboration.

• Admin interface: Researchers use the admin interface to
manage viewer registration, monitor routing behaviour dur-
ing deployment, and export interaction logs for analysis.

The chatbot system automatically logged all interaction events,
including question texts, routing outcomes, response drafts, final
answers and timestamps.

3.2 Exhibition Sites and Artwork Selection
We conducted a multi-site field deployment of ArtiQ across four
gallery spaces in China located in four different cities that were geo-
graphically distributed. The galleries were similar in scale, ranging
from approximately 50 to 100 m2, and attracted a modest but steady
stream of viewers (roughly 20-50 per day). These small to mid-sized
exhibition settings provided naturalistic yet broadly comparable
environments for deploying the chatbot, enabling us to examine
how ArtiQ operates within typical gallery viewing conditions.

Each gallery featured one participating artist (A1, A2, A3 and
A4), all of whom are painters specialising in traditional Chinese
painting. The galleries involved in the deployment primarily ex-
hibit this art form, ensuring that both the viewing context and the
interaction content were centred on a coherent artistic domain. For
the study, we collaborated with each artist to select four to five of
their artworks currently on display. All artworks were included
with the artists’ explicit permission, and their use within ArtiQ
was authorised solely for research and exhibition purposes. The
artwork selections followed three criteria:

• the artworks were representative of the artist’s style and
technique within traditional Chinese painting;
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Figure 3: Viewer and artist interfaces used during the interac-
tion flow (the admin interface is not shown). (Left) Viewer in-
terface receiving chatbot-generated responses. (Right) Artist
interface displaying the chatbot’s initial draft responses and
tools for editing and rating. For readability, the interface
screenshots shown here and the video in the supplementary
material were translated into English and are illustrative
demo views rather than exact reproductions of the original
Chinese-language tablet interface used in the gallery deploy-
ment.

• the artworks offered sufficient visual and thematic richness
to elicit both descriptive and interpretive questions from
viewers;

• the artworks were accompanied by sufficient background
materials to allow the art chatbot system to generate contex-
tually grounded responses.

Across all four sites, ArtiQ was deployed on a tablet positioned
within the exhibition area, allowing viewers to browse the artworks
and submit questions directly in front of the pieces or elsewhere
in the gallery, as the digital versions of the artworks are available
in the chatbot system. This setup embedded the interaction within
viewers’ natural appreciation flow and avoided the artificiality of a
laboratory setting, reinforcing the study’s emphasis on the feasibil-
ity of artist-AI collaboration in real-life gallery environments.

3.3 Participants
Two groups of participants were involved in the study: gallery
viewers (N= 51 in total across the four gallery sites), who interacted
with ArtiQ during their gallery visit, and the four artists (A1-A4)
whose artworks were displayed at the gallery sites. All participation
was voluntary without compensation or reward. Ethical approval
was obtained from the host institution, and informed consent was
collected from all participants.

Participation did not require any prior knowledge of traditional
Chinese painting or chatbot technologies. Viewers were free to
explore the exhibition and use the chatbot as part of their visit.
To characterise the viewer sample, a demographic questionnaire
collected viewers’ age, gender, educational background, familiarity
with traditional Chinese painting, and gallery-visiting frequency.
After completing the questionnaire, viewers could voluntarily leave
contact information if they were willing to be contacted for a possi-
ble follow-up interview. All of them left their email addresses. The
51 viewers ranged in age from 19 to 64 years (M = 34.8, SD = 10.7),
and included 31 women and 20 men. Additional descriptive statis-
tics are shown in Table 1. Because recruitment took place in real-life
gallery settings, the resulting sample reflected the characteristics
of the viewers who happened to be present.

The four participating artists are established practitioners of
traditional Chinese painting, each with an active exhibition at their
respective gallery sites. All have substantial professional experience
in creating and exhibiting traditional Chinese paintings. These
artists were invited because of their sustained practice within this
domain and their familiarity with communicating artistic intent to
the public. Their role in the study is described in detail in Section
3.5.

3.4 Instruments
To capture both the interaction dynamics and participants’ expe-
riences, we collected the following quantitative and qualitative
measures (see Table 2). All questionnaires except BUS-11 were
developed in-house because no existing instruments adequately
addressed the specific constructs we needed to measure. For routed
questions, additional variables including artist ratings, viewer rat-
ings, response times, and question characteristics were recorded to
examine the performance of the chatbot and human-AI collabora-
tion.

3.5 Procedure
Across the four evaluation setups, the study procedure consisted of
three stages (see Figure 4). These stages included the on-site viewer
study, artist off-site editing workflow, and follow-up interviews
with the artist and a subset of viewers.

3.5.1 Viewer Procedure (On-site Study). Upon entering the gallery,
viewers were briefly asked by gallery staff whether they were in-
terested in taking part in the study. Those who agreed provided
informed consent and first completed a demographic questionnaire.
Then, viewers checked a printed instruction sheet outlining how
to use the tablet-based chatbot and the steps involved in the study.
Gallery staff did not provide any assistance during the experiment,
and the exhibiting artists were not present to avoid any influence
on the viewers’ behaviour. Viewers browsed the artworks freely
and submitted questions directly through the tablet. Because each
gallery consisted of a compact, open viewing space in which all ex-
hibited works were visible simultaneously, the spatial arrangement
of artworks did not impose a fixed interaction order. After receiving
each response, viewers provided an immediate rating through the
interface. Once they finished the Q&A-based interaction, viewers
were asked to complete a questionnaire that included the BUS-11



ArtiQ: An Artist-in-the-Loop Chatbot for Question Answering in Art Galleries NordiCHI ’26, October 03–07, 2026, Vaasa, Finland

Table 1: Viewer educational background, familiarity with traditional Chinese painting, and gallery-visiting frequency (N = 51)

Variable Category n %
Educational level Below undergraduate 13 25.6

Undergraduate 19 37.2
Postgraduate or above 19 37.2

Familiarity with traditional Chinese painting Not familiar 10 19.6
Slightly familiar 16 31.4
Moderately familiar 15 29.4
Very familiar 10 19.6

Gallery-visiting frequency Once a year or less 9 17.6
About once every six months 11 21.6
About once every three months 20 39.2
Once a month or more 11 21.6

Table 2: Instruments and variables used in the study

Instrument / Variable Respondent Description Type / Scale
Chatbot Usability Scale
(BUS-11)

Viewer A validated 11-item questionnaire completed at the end of the
on-site interaction to assess overall satisfaction with the chatbot
interaction they experienced, covering clarity, usefulness,
engagement, and overall experience (see Section 2.2). It was not used
to evaluate the artist-refined stage of the workflow.

Continuous

Per-answer helpfulness
rating (viewer_rating)

Viewer After each chatbot-generated response, viewers rated how helpful
they found the response on a 5-point Likert scale.

Ordinal (1-5)

Open-ended reflections Viewer A post-study questionnaire consisting of four open-ended prompts
asking what viewers liked most and least about the interaction, their
expectations regarding when artist input would be appropriate, and
suggestions for improvement.

Qualitative

Chatbot initial draft rating
(artist_rating)

Artist For each routed question, artists provided a 5-point Likert-scale
rating, reflecting their overall assessment of the quality of the
chatbot-generated draft response.

Ordinal (1-5)

Escalation judgement
(should_escalate)

Artist Artists indicated whether each question should have been escalated
to them (Yes/No), providing ground-truth labels for evaluating the
routing mechanism.

Binary

Edit time (edit_time) Artist Time taken to revise the chatbot-generated initial draft. Continuous
(seconds)

Write time (write_time) Artist Time taken to write an answer from scratch. Continuous
(seconds)

Question length
(question_text_length)

System Length of the viewer’s question text. Continuous

Routing label
(predicted_label)

System System-predicted routing outcome (CO / CAY). Categorical

Question category
(question_category)

System Question category assigned to the viewer question (AF / IE) Categorical

satisfaction measure and four open-ended questions about their
experience (Table 2).

3.5.2 Artist Preparation and Workflow. Before the chatbot deploy-
ment at each gallery, each artist provided textual background ma-
terials about the selected artworks (e.g., artist descriptions and
exhibition notes) to initialise the chatbot’s knowledge base. The
materials were collected through a structured form to ensure that
the art chatbot system had consistent contextual information for

generating responses. After all viewer interactions had concluded
at each site, artists completed their part of the workflow through
the dedicated artist interface. For every question routed to the
CAY pathway, the interface displayed the viewer’s original query
alongside the chatbot-generated draft response.

To examine the effort involved in different forms of human in-
tervention, artists completed two related tasks for every routed
question in a fixed order. First, they wrote a fresh answer to the
viewer’s question from scratch; this response was not shown to
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Figure 4: Procedure of the multi-site evaluation, detailing viewer and artist workflows.

viewers and served solely as a baseline for comparing writing and
editing time. At a later stage, they reviewed the chatbot-generated
draft and edited it as needed to produce the final answer, which
was published back to the viewer’s channel.

This ordering was intentional. It ensured that both writing and
editing times were collected for the same set of routed questions. Re-
versing the order was considered but not adopted because exposure
to chatbot-generated drafts could prime how artists formulate their
own responses, compromising the independence of the writing task.
Writing first therefore provides a consistent baseline against which
chatbot-assisted editing can be interpreted. To reduce immediate
dependency, the two tasks were separated by approximately one
day rather than performed consecutively. This interval helped limit
short-term influence while accommodating the system’s asynchro-
nous, multi-site use. We acknowledge that this design does not
capture editing behaviour in a fully naturalistic sense, as artists
were not editing chatbot drafts from a blank starting point. Accord-
ingly, the recorded times are interpreted as indicative of relative
effort within this structured workflow, supporting a comparative
and exploratory understanding of draft-based interaction rather
than a precise measure of editing effort. Further work would be
needed to examine editing practices in more ecologically uncon-
strained settings.

After completing each final response, artists rated the chatbot-
generated draft and indicated whether the question should have
been escalated to them. As artists completed the editing task asyn-
chronously (i.e., not in real time as viewers submitted questions),
edited answerswere published only after viewers had left the gallery.
As a result, viewers did not have the opportunity to read the edited
answers on site (the tablet running ArtiQ remained in the gallery),
unless they later took part in the semi-structured interviews de-
scribed below.

3.5.3 Follow-up Interviews. In addition to the on-site study, follow-
up interviews were conducted to further contextualise the viewer
and artist experiences. After the artist workflow, twelve viewers
(three from each gallery, sampled to include high, medium, and low
BUS-11 scores) were invited to participate in a follow-up online
interview. These interviews took place after the gallery visit. In

each interview, participants were shown the artist-edited final an-
swers corresponding to the questions they had submitted during
the study, together with the original chatbot draft responses; these
materials were retrieved by the researcher in advance and used
as prompts for discussion. Participants were asked to reflect and
comment on their perceptions of the workflow and the differences
between each chatbot-generated draft and its artist-edited response.

Semi-structured interviews were also conducted with the four
participating artists following the completion of all editing tasks.
These interviews focused on their experience of the current work-
flow, including perceptions of draft quality, the appropriateness
of routing decisions and factors influencing editing effort. All
interviews were audio-recorded and transcribed for subsequent
qualitative analysis.

The qualitative materials were analysed through an iterative cod-
ing process to identify recurring patterns relevant to the research
questions, including perceived strengths and limitations of chat-
bot responses, expectations around artist involvement, and factors
shaping editing effort. Initial coding was conducted by the first
author and subsequently refined through discussion with another
researcher with art expertise. These codes were then grouped into
higher-level themes that informed the qualitative findings reported
in Section 4.

4 RESULTs
In this section, we present our results structured around the four
RQs (Section 1), including analyses of quantitative variables (Table
2) and relevant qualitative data.

4.1 RQ1: Routing Effectiveness
4.1.1 Quantitative Results. To evaluate how well the routing mech-
anism aligned with artists’ intervention judgements within the cur-
rent workflow, each question was assigned two labels: the system-
predicted response pathway (CO vs. CAY) and the artist’s judge-
ment on whether the question should be escalated to a human artist
(should_escalate, 0 = No, 1 = Yes). In this analysis, artist judgement
served as a practical operational reference for whether artist in-
volvement was warranted, rather than as an absolute ground truth
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Figure 5: Confusion matrix comparing system routing pre-
dictions (CO vs. CAY) with artists’ escalation judgements.

for viewer intent. By comparing these two labels, a 2×2 confusion
matrix (Figure 5) was generated, where true positives (TP = 169)
represent questions correctly escalated to artists, true negatives (TN
= 150) are questions appropriately handled by the chatbot alone,
false positives (FP = 67) are questions unnecessarily escalated, and
false negatives (FN = 34) are those that should have been escalated
but were not. From this matrix, key performance metrics were
computed: accuracy = 0.760, precision = 0.716, recall = 0.833, and
F1-score = 0.770. These values indicate that the classifier was able
to route questions with a strong balance between precision and re-
call, successfully identifying most of the queries that required artist
involvement for IE questions. The slightly higher recall suggests
a conservative bias favouring escalation, which is desirable in our
context to avoid missing IE questions.

4.1.2 Qualitative Results. Drawing on open-ended survey re-
sponses from all viewers and follow-up interviews with artists
and a subset of viewers, the qualitative findings show that routing
behaviour shaped interaction in two complementary ways. Most
viewers appreciated that the chatbot was generally able to “know
what needs the artist’s input,” especially when questions touched on
meaning, personal experience, or artistic intention. As one viewer
explained: “For the deeper questions, it was right to let the artist
further explain it. Only the artist knew what he felt when painting
it.” (P29). Artists similarly acknowledged that many handovers
were appropriate. A3 noted: “When viewers asked about my mood
or why I placed blank spaces in the composition, these were exactly
the kinds of questions that should be handled by the artist, and the
chatbot system consistently forwarded them to me.”

However, both follow-up interviewees and artists pointed to a
small set of questions that fell into an ambiguous grey zone between
factual clarification and interpretive inquiry. Two interviewees,
for example, asked colour-related questions—“Why is the fruit in
yellow?” (P25) and “Why is the flower in orange?” (P14)—which
the chatbot system handled by providing a draft response and then
forwarding the query. Yet their reactions diverged. P25 felt the
escalation was unnecessary because the factual clarification “was
exactly the level of detail I wanted.”

In contrast, P14 welcomed the artist’s involvement, noting that
colour choices often carry emotional or symbolic resonance that

“only the artist could explain.” Artist interviews revealed a similar
divergence. A1 expressed frustration with receiving questions he
felt were straightforward: “Some simple questions were sent to me,
like ‘Is learning traditional Chinese landscape painting difficult?’
This could be directly answered by the chatbot.” A3, however,
viewed such queries as interpretive: “When someone asks whether
learning painting is difficult, they’re not only asking about skill
level—they’re asking about the artistic mindset and how to begin.
I want to answer that myself.” These cases suggest that routing
appropriateness cannot be determined solely in terms of technical
classification accuracy: it also depends on how viewer expectations
and artists’ thresholds for intervention are negotiated in ambiguous
cases.

4.2 RQ2: Viewer Evaluation of Chatbot
Responses

4.2.1 Quantitative Results. Analysis of all 420 viewer questions
revealed clear differences in how viewers evaluated the helpfulness
of immediate chatbot responses produced between the two major
question types (AF, n=184 vs. IE, n=236). Overall, responses to AF
questions received higher viewer ratings than responses to IE ques-
tions, with mean scores of M = 4.30 (SD = 1.02) for AF questions
and M = 3.40 (SD = 1.55) for IE questions (Figure 6). Shapiro-Wilk
tests confirmed that both groups deviated from normality (AF: p <
.001; IE: p < .001); therefore, non-parametric testing was applied.
A Mann–Whitney U test revealed a significant difference between
the two question types (U = 14,480, Z = –6.196, p < .001), with
higher mean ranks for AF questions (Mean Rank = 249.80) than for
IE questions (Mean Rank = 179.86). Visual inspection of Figure 6
suggests a ceiling effect for AF questions, with ratings clustered at
the upper end of the scale, whereas ratings for IE questions span
a wider range, indicating greater variability in viewer experience.
These findings suggest that the chatbot may not handle IE questions
as effectively as AF questions, which is consistent with the system’s
design choice to route IE questions to artists. However, there may
also be an experimental artefact: viewers were told that the chatbot
would forward their IE questions to an artist, which could have
acted as a proxy confidence cue, implying that the chatbot’s re-
sponse would be of lower quality than the artist’s. This information
may have primed or biased viewers to rate the responses to IE
questions more negatively than they otherwise would have. This
possibility cannot be ruled out, although the present data do not
allow us to assess its influence systematically. Although partici-
pants could have been asked to justify their satisfaction ratings for
each chatbot response, doing so would likely have been cognitively
taxing and could have led to response fatigue.

To further verify whether the overall trend was consistent across
individual gallery sites, Shapiro-Wilk tests were first conducted for
both AF and IE question groups within each gallery: Gallery 1 (AF,
n = 35; IE, n = 60), Gallery 2 (AF, n = 47; IE, n = 60), Gallery 3 (AF,
n = 49; IE, n = 45), and Gallery 4 (AF, n = 53; IE, n = 71). As all tests
revealed deviations from normality (p < .001), Mann-Whitney U
tests were applied separately for each gallery. The results revealed
a consistent directional pattern across all four sites, with responses
to AF questions generally rated higher than responses to IE ques-
tions. Specifically, the difference was not statistically significant
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Figure 6: Distribution of viewer ratings across AF and IE
questions.

in Gallery 1 (Z = –1.38, p = .169), but was highly significant in
Gallery 2 (Z = –3.80, p < .001), Gallery 3 (Z = –3.76, p < .001), and
Gallery 4 (Z = –3.71, p < .001). The non-significant result in Gallery
1 is consistent with its question profile, which included a higher
proportion of questions positioned closer to the boundary between
factual clarification and interpretation, thereby reducing the ob-
served rating gap between AF and IE questions. These findings
indicate that the observed difference between AF and IE questions
was consistent across the four gallery sites included in this study.

We assessed the internal consistency of the BUS-11 scale in our
dataset. The results indicated good internal reliability (Cronbach’s
𝛼 = .818) (i.e., comparable to the value reported in [5]), supporting
the use of the aggregated BUS-11 score as a measure of overall
chatbot satisfaction with the on-site chatbot interaction. At the
participant level, correlations between the mean viewer ratings
and the overall BUS-11 satisfaction scores were examined to as-
sess whether ratings of individual chatbot responses aligned with
broader evaluation of the chatbot. Each participant’s mean viewer
rating was computed by averaging all of their per-answer helpful-
ness ratings provided across both AF and IE questions, as every
chatbot response was evaluated using the same 5-point scale. The
number of ratings contributing to each participant’s mean ranged
from 4 to 12 (M = 8.24, SD = 1.69), reflecting how many questions
each viewer chose to ask. As reported below, the average number
of questions per participant did not differ significantly across the
four galleries, indicating that the number of ratings contributing
to each participant’s mean was broadly comparable across sites.
Results of the Shapiro-Wilk test indicated that both variables fol-
lowed approximately normal distributions (p > .05). A Pearson
correlation analysis was therefore performed. The results revealed
a significant positive correlation between participants’ BUS-11 to-
tal scores and their mean viewer ratings (r = .551, p < .001, N =
51). This moderate correlation indicates that participants who gave
higher per-answer ratings also reported higher overall satisfaction
with the chatbot. In other words, viewers’ assessments of individ-
ual chatbot response quality during question-answer interactions
were moderately consistent with their overall perception of the
on-site chatbot experience. The scatter plot (Figure 7) illustrates
this relationship, showing a positive upward trend consistent with

a moderate association between question-level satisfaction and
overall user experience.

To confirm that these findings were not affected by uneven data
distribution, additional analyses were conducted to examine ques-
tion frequency across galleries and artworks. For the gallery-level
analysis, we computed the average number of questions per par-
ticipant based on the artworks they chose to engage with in each
gallery, as viewers were free to ask questions about any subset of the
artworks on display rather than being required to interact with all
artworks. The four galleries showed highly comparable participant-
level question counts: Gallery 1 (M = 7.9, SD = 1.1), Gallery 2 (M
= 8.6, SD = 3.4), Gallery 3 (M = 8.5, SD = 1.5), and Gallery 4 (M
= 8.3, SD = 1.3), indicating that viewers across sites asked similar
numbers of questions. Shapiro-Wilk tests indicated approximately
normal distributions across groups (p > .05 for Galleries 2 and 4;
slight deviations for 1 and 3 were acceptable given sample sizes).
A one-way ANOVA on the average number of questions per par-
ticipant across the four galleries showed no significant differences
(F(3, 47) = 0.29, p = .835, 𝜂2 = .018). At the artwork level, across
the 17 artworks included in the deployment, descriptive statistics
indicated that each artwork received between 21 and 32 questions
(M = 24.71, SD = 3.70), suggesting a relatively balanced question
distribution across artworks.

4.2.2 Qualitative Results. Across all four exhibitions, the open-
ended responses showed a consistent pattern that complements
the quantitative findings: viewers described the chatbot as fast,
accurate, and helpful for clarifying factual or technical aspects
associated with AF questions. Many respondents characterised the
chatbot’s replies as providing a “stable baseline” for understanding
techniques and materials. As one viewer wrote, “It directly answered
most of my technique questions very clearly, like how the ink layering
works.” (P12). Several others noted that the chatbot often directed
their attention to visual details they had previously overlooked—for
example, “The chatbot told me to look at the S-shaped movement in
the composition. I immediately wanted to ask more about why the
artist arranged the elements this way.” (P42). By contrast, the open-
ended responses were less positive about IE initial draft responses.
Some viewers described these responses as useful but incomplete,
expressing a desire to hear how the artist would respond. As one
viewer noted, “It gave me an explanation, but it still felt like a starting
point. I wanted to hear what the artist would actually say about it.”
(P37).

4.3 RQ3: Conditions and Effort for Artist
Editing

4.3.1 Quantitative results. This analysis examined whether, within
the observed workflow, human editing was associated with lower
time cost than writing from scratch. Descriptive statistics showed
that editingwas generally faster thanwriting from scratch. Thiswas
consistent across all artists, whose individual means ranged from
62.8 to 73.7 seconds for editing and from 120.3 to 139.1 seconds
for writing (Figure 8). As noted in Section 3.5.2, the observed
differences are indicative and informative, though not conclusive.

To further examine what factors contribute to variation in edit-
ing effort, a multiple linear regression was conducted with edit-
ing time as the dependent variable and six predictors (see Table
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Figure 7: Association between mean viewer ratings and BUS-11 total scores.

Figure 8: Comparison of editing time and writing-from-
scratch time for artist responses.

2): artist_rating, viewer_rating, should_escalate, question_cate-
gory, question_text_length, and artist_id. The overall model was
significant (F(6,229) = 7.55, p < .001, R2 = .165). Two predictors
emerged as significant: artist_rating showed a clear negative ef-
fect (𝛽 = –.535, p < .001), indicating that higher-quality initial
drafts required substantially less editing time, whereas viewer_rat-
ing showed a positive effect (𝛽 = .619, p < .001), indicating that
higher viewer ratings were associated with longer editing times.
Other predictors—including should_escalate, question_category,
question_text_length and artist_id—were non-significant (all p >
.25). Multicollinearity was not a concern (all VIF < 3.5). To rule out
whether differences in baseline writing duration across artists con-
tributed to variation in editing time, we fitted a regression model
with write_time as the dependent variable and artist ID and artwork
ID as categorical predictors. The overall model was not significant
(F(2, 233) = 0.279, p = .757, R2 = .002), indicating that neither artist
(p = .663) nor artwork (p = .468) accounted for variation in writing
duration. This result suggests that the observed variation in editing

time was unlikely to be driven by systematic differences in baseline
writing duration across artists.

4.3.2 Qualitative Results. Across all artist interviews, artists found
that editing the chatbot-generated draft was substantially faster
than composing an answer from scratch. They described the draft
response as providing a reliable structural foundation; what one
artist called “already provides 70–80% of the skeleton I need” (A2),
which allowed them to focus on the parts of the response that
required artist sensitivity rather than rebuilding the explanation
entirely. Artists emphasised that the chatbot saved them from
re-writing basic descriptions of techniques, materials, or compo-
sitional elements. As A1 noted, “The chatbot draft already covers
the fundamental explanation, so I don’t need to write that again.”
Instead, the editing time was mainly spent on refining tone, adding
contextual nuance, and articulating the emotional motivations be-
hind a creative choice. One artist explained that their edits often
aimed to “add the feeling or the moment behind the painting, be-
cause that part can’t come from the chatbot response” (A3). However,
artists also identified specific cases where editing took longer than
writing, aligning with the quantitative findings. These were typi-
cal instances where the chatbot draft response introduced overly
generic descriptions, unnecessary technical detail, or additional
interpretations misaligned with the artist’s main intent. As A1
described, “Sometimes the draft is too long, or it explains too many
details I prefer not to say. Then I have to clean up the draft response.”

Multiple artists (A1, A2 and A4) pointed out that when the chat-
bot draft aligned well with their creative thinking, editing became
a minor task. For example, A2 described: “When the draft already
matches my understanding of the work, I just need to polish a few sen-
tences. It saves a lot of time.” A4 held the same view, explaining that
a good chatbot draft was one that “responded carefully to the image
and didn’t invent things I never said,” reducing the need for struc-
tural rewriting. Artists also highlighted that even when chatbot
draft responses were accurate, their richness or length sometimes
required more careful refinement. As A3 described, “Sometimes the
chatbot provides a very good and detailed draft response. But I still
need time to digest it, keep the parts that fit my style, and reorganise
the flow.” A1 similarly noted that, “Detailed draft responses take
longer to edit simply because I have to read through everything.”
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4.4 RQ4: PerceivedQuality of Edited Responses
In the follow-up interviews with a subset of 12 viewers, intervie-
wees reviewed the artist-edited responses corresponding to the IE
questions they had asked during the gallery visit, together with
the original chatbot draft responses. This allowed us to examine
how these post-visit artist-edited answers were perceived. Through
these interviews, participants collectively evaluated 59 artist-edited
responses in relation to their corresponding chatbot drafts. Many
of these responses (n = 39) were described as clearly better than
the chatbot drafts, while a smaller number were perceived as more
or less the same (n = 18). Only two responses were considered
less helpful than the initial chatbot draft. Responses perceived as
better were commonly described as richer, more expressive, and
more personalised. Interviewees highlighted the artist’s ability to
introduce emotional context, personal experience, or intentional
ambiguity that was absent from the chatbot’s draft. One viewer
remarked that the revised answer “felt like a conversation—he talked
about painting alone on a rainy night” (P11). Another noted that
“the chatbot helped me understand the technique first, but the artist’s
reply explained why it mattered emotionally” (P30). In cases where
responses were perceived as similar, interviewees noted that the
chatbot draft had already captured the essential descriptive or in-
terpretive content, leaving limited room for further refinement.
For example, one participant commented that “the artist mostly
rephrased what the chatbot had already said, so the meaning didn’t
change much” (P42). The few responses perceived as less helpful
were associated with instances where artists chose to substantially
shorten the reply or remove speculative interpretations introduced
by the chatbot. One interviewee explained that “the edited version
was more cautious, but I preferred the chatbot’s longer explanation
because it gave me more to think about” (P9).

5 DISCUSSION
5.1 Revisiting ResearchQuestions
5.1.1 RQ1: Routing Effectiveness and Boundary Cases. RQ1 exam-
ined how effectively the system’s routing mechanism supported
decisions about when viewer questions should be handled by the
chatbot or escalated to the artist. Quantitatively, the classifier
demonstrated good alignment with the artists’ judgements, partic-
ularly in its ability to identify queries involving emotion, interpre-
tation, or artistic intention. The relatively high recall is consistent
with a conservative strategy that prioritised capturing potentially
nuanced questions over the risk of failing to escalate them. Quali-
tative findings further underscored the perceived appropriateness
of routing artist involvement for interpretive questions, reinforc-
ing the content-based rationale underlying the system’s escalation
decisions.

However, the qualitative findings also revealed a nuance not
reflected in the classifier metrics alone. A subset of questions oc-
cupied an ambiguous middle ground between factual clarification
and interpretive inquiry, and these “in-between” cases did not elicit
consistent expectations. Similar challenges around intent ambi-
guity and boundary cases have been documented in prior work
on query classification and routing in hybrid human-AI systems
[23, 53]. Follow-up interviewees and artists differed in whether
escalation was necessary for similar queries, depending on whether

a question was treated as straightforward clarification or as an
invitation to explore deeper intent. Collectively, these patterns
indicate that while the routing mechanism performed reliably in
this study, determining whether a question warrants artistic input
can vary depending on how its intent is interpreted. Rather than
reflecting an irreducible subjectivity, this variability highlights a
current limitation of ArtiQ, which was trained on a relatively small
dataset, and suggests that broader training data may help mitigate
such inconsistencies in future iterations.

5.1.2 RQ2: Viewer Evaluation of Immediate Chatbot Responses.
RQ2 examined how viewers evaluated the immediate chatbot
responses produced within the system’s two routing pathways.
Quantitatively, viewers gave higher immediate helpfulness ratings
to chatbot-generated responses addressing AF questions than to
chatbot-generated initial drafts addressing IE questions, and this
pattern held across individual galleries. These differences were
further supported by the positive correlation between per-answer
ratings and BUS-11 scores, which in this study reflected viewers’
overall satisfaction with the on-site chatbot interaction they expe-
rienced during the gallery visit.

Qualitatively, viewers described chatbot-generated responses to
AF questions as fast, accurate, and helpful for clarifying techniques
or drawing attention to details they had not previously noticed, sug-
gesting that the chatbot’s strength lies in providing informationally
clear descriptions that support quick understanding. By contrast,
viewers’ comments on IE draft responses were less positive, with
these responses more often treated as provisional starting points.
Overall, the RQ2 findings suggest that such informational clarity in
chatbot-generated responses supported viewers’ satisfaction in the
CO condition, whereas immediate responses in the CAY condition
were more often experienced as partial answers that invited later
artist refinement.

5.1.3 RQ3: Conditions and Effort for Artist Editing. RQ3 exam-
ined under what conditions human editing was justified within
the hybrid workflow and what shaped the effort required from
artists. Quantitatively, in this structured workflow, editing the
chatbot’s draft appeared to take less time than composing answers
from scratch, suggesting that the drafts may help reduce some of
the workload by providing an initial structure for artists to refine.
The regression analysis further showed that variation in editing
time was driven not by differences between artists, but by proper-
ties of the chatbot’s draft response. In cases where viewers were
already satisfied with the chatbot-generated draft response, ad-
ditional artist editing may not always be necessary, suggesting
opportunities for viewer-initiated stopping points that allow effec-
tive offloading of question-answering work to the chatbot. Such
viewer feedback could be explicitly communicated to the artist
as part of the workflow, allowing them to make a more informed
decision about whether further editing effort is warranted. The
qualitative findings deepen this picture (Section 4.3).

More broadly, these findings point to trust as a central fac-
tor in offloading creative question-answering work to AI. Prior
work on draft-then-refine human-AI workflows has shown that AI-
generated drafts can reduce expert workload when they are treated
as provisional starting points and align with human expectations
and domain intent [2, 26]. Our findings extend this line of work by
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showing that, in interpretive art contexts, such alignment is closely
tied to artists’ trust in the chatbot’s output: when artists regarded
the drafts as consistent with their intentions, editing became a
process of refinement rather than correction, enabling more sub-
stantial reductions in human workload. Conversely, when drafts
were perceived as stylistically generic or misaligned, the efficiency
benefits diminished, echoing concerns raised in prior studies about
the cost of correcting low-quality or misaligned AI outputs [11].

5.1.4 RQ4: PerceivedQuality of Artist-Edited Responses. RQ4 ex-
amined how viewers perceived the quality of artist-edited chatbot
responses when these were presented to them after their gallery
visit. Follow-up interviews revealed a complementary dynamic:
when reviewing the artist-edited responses for their IE questions
afterward, interviewees consistently highlighted the added emo-
tional resonance and narrative depth that only the artists could
provide. Several interviewees described the two stages as syner-
gistic; the chatbot grounded their understanding, while the artist
brought meaning and intention. However, this added value was not
uniform across all cases: some edited responses were perceived as
broadly similar to the draft, and a few were considered less helpful.
Overall, the RQ4 findings suggest that, when presented after the
gallery visit, artist refinement within the CAY workflow could often
contribute to a deeper appreciation of the artworks. This pattern
aligns with prior work in art and museum contexts showing that in-
terpretive depth is more strongly associated with human expertise
and authorial voice [12, 51].

5.2 Design Implications
Building on the empirical findings, our study suggests how an artist-
in-the-loop chatbot like ArtiQ might be structured to better support
art interpretation in gallery contexts. Accordingly, we outline three
design implications that translate these insights into actionable
guidance for future art chatbot systems in gallery contexts.

5.2.1 Designing Layered Response Structures. A layered design can
mitigate two common risks when dealing with viewers’ questions in
a gallery context: chatbots overextending into speculative interpre-
tation, and artists having to re-articulate foundational explanations
that can be reliably automated. Treating the chatbot’s contribu-
tion as an initial layer allows viewers to quickly orient themselves,
while enabling artists to focus their effort on the aspects that re-
quire human sensitivity. This layered approach resonates with prior
arguments that automated systems are well-suited for delivering
objective or orienting information [38], while interpretive authority
in cultural contexts remains closely tied to human expertise [19].
Interfaces may therefore present responses to AF questions as a
primary layer, while reserving artist involvement for cases that are
explicitly routed for interpretive refinement. In this sense, the chat-
bot should not be understood merely as a pipeline for delivering
objective information, but as a mediating layer that helps viewers
articulate their curiosity, prepares a shared point of reference for
later artist involvement, and supports a more grounded transition
from initial orientation to interpretive dialogue.

5.2.2 Routing for Ambiguity and Subjectivity. Our findings suggest
that whether artist intervention is warranted cannot be determined

solely by system prediction or artist preference; it must also re-
main responsive to what viewers are actually seeking from the
interaction. Rather than enforcing a rigid binary boundary, future
systems should introduce a third handling mode specifically for
”in-between” questions. This extends prior work on intent-aware
routing, which has primarily focused on technical accuracy, by
highlighting the need to account for subjectivity and interpretive
variability in cultural domains [23, 53]. When the system detects
that a query could plausibly be interpreted in more than one way, it
can surface this ambiguity to the viewer, providing a concise chat-
bot response while also offering the option to request the artist’s
perspective. This viewer-mediated routing allows individuals to
decide whether they seek a straightforward explanation or further
insight, accommodating the variability observed in the preferences
of both viewers and artists.

In parallel, artists could annotate such ambiguous cases within
their interface (e.g., indicating whether they believe similar ques-
tions are better directly handled by the chatbot or by forwarding to
themselves). These annotations could be fed back into the system
over time, enabling the classifier to iteratively refine how it dis-
tinguishes between questions that warrant artist involvement and
those that can be handled by the chatbot alone, gradually aligning
its routing behaviour with individual artists’ interpretive styles
and thresholds for intervention. Over time, this artist-informed
learning process may support more consistent and trusted routing
decisions, helping to support artist-in-the-loop workflows at scale
without requiring continuous manual oversight.

5.2.3 Optimising chatbot drafts for efficient and trustworthy human
refinement. Building directly on the RQ3 finding that variation in
editing effort was closely associated with properties of the chat-
bot’s drafts, future art chatbot systems should intentionally shape
draft responses for editability and alignment, rather than for maxi-
mal completeness: providing clear structural scaffolding, accurate
grounding, and explicit alignment with the artist’s stance. In prac-
tice, such a structure can be shaped at the generation level through
prompt design and output constraints, for example, by explicitly
requesting concise, sectioned responses that prioritise core factual
grounding while deferring speculative or emotional interpretation.
Because overly long or exhaustive drafts can increase editing ef-
fort by requiring artists to remove or reframe content rather than
refine it, controlling response length and scope through prompts
represents a practical design lever for balancing informativeness
with editability. This observation complements prior findings that
overly verbose or misaligned AI drafts can increase revision bur-
den, particularly in expert-driven workflows where correction costs
outweigh generative benefits [11, 26].

Importantly, informativeness need not be sacrificed. Supporting
optional viewer-initiated stopping points, where the interaction
can conclude without escalation, creates opportunities to offload
satisfactory question-answering work to the chatbot while preserv-
ing artist effort for cases where personal perspective is most needed.
For cases that do require refinement, draft structure remains critical:
drafts that separate core factual grounding from optional detail,
visually differentiate response layers, and flag uncertain elements
enable artists to edit efficiently, echoing artists’ descriptions of
drafts as useful scaffolding rather than finished answers.
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5.3 Practical Implications
Beyond interaction-level design considerations, our findings also
carry practical implications for deploying ArtiQ in real-life gallery
settings. Its hybrid temporal structure—immediate chatbot re-
sponses on site, asynchronous artist-edited responses later—allows
engagement to continue beyond a single encounter, combining
on-site interaction with post-visit reflection. At the same time,
asynchronous responses raise practical considerations related to
viewers’ attention and memory: if artist feedback arrives too late,
viewers may lose interest or forget the context of their original ques-
tion. Rather than prescribing a fixed ”optimal” waiting time, our
findings point to the importance of expectation management and
continuity mechanisms. Some of these are already implemented in
ArtiQ, such as making response status visible and allowing viewers
to revisit their previously submitted questions; however, these fea-
tures were not systematically evaluated in the present study, and
their effectiveness cannot be assumed. For example, indicating that
an artist response will arrive at an unspecified later time may risk
frustrating viewers if delays are long or unpredictable.

From the artists’ perspective, asynchronous response workflows
are equally critical. Artist-edited replies in ArtiQ are not intended
to function as real-time obligations, as imposing strict deadlines
would risk shifting the system from supportive to burdensome. This
asynchronous structure is therefore a deliberate design decision
to preserve artists’ autonomy over when and how they engage,
respecting the natural rhythm of artistic practice rather than accel-
erating it. The reductions in editing time observed in RQ3 should
thus be understood not as a pressure to respond faster, but as a
means of making participation sustainable when artists choose to
engage.

At an institutional level, ArtiQ also presents both opportunities
and risks for galleries. One clear benefit is its potential to sustain
relationships between viewers and artists beyond physical exhi-
bitions, transforming one-time encounters into ongoing dialogue:
follow-up responses can reinvigorate interest in artworks after a
visit and encourage return engagement. This suggests a broader role
for AI in art appreciation—not only answering isolated questions,
but facilitating a more dialogic exchange in which viewers request
clarification, artists selectively extend or qualify prior answers, and
understanding develops across multiple turns rather than through
a single response. At the same time, galleries must consider the
additional demands placed on artists: while articulating perspec-
tives on existing works may stimulate reflection and even inspire
new creative directions, excessive or poorly managed volumes of
questions risk diverting time away from artistic production. These
tensions underscore why the efficiency and selectivity mechanisms
discussed earlier are not merely technical refinements, but essential
safeguards for long-term viability.

5.4 Limitations and Future Research
Consistent with many empirical studies conducted under resource
constraints, this work has some limitations that are important to
acknowledge. First, the study was situated within four gallery sites
specialising in traditional Chinese painting, involving four artists
and 51 viewers. While this design offered strong ecological validity
and a coherent domain for examining human-AI collaboration,

it also limits the generalisability of our findings to other artistic
genres or culturally diverse viewers. This constraint reflects an
intentional methodological choice: restricting the artistic domain
allowed us to maintain a consistent knowledge base and reduce
confounds introduced by cross-genre variation. Future research
should expand this work by deploying the system across more
varied artistic media (e.g., oil painting, sculpture, photography),
and cross-cultural contexts. Such studies would allow systematic
examination of whether the layered response structure and routing
dynamics identified here hold under different interpretive traditions
and viewer expectations.

Second, the effectiveness of the system’s two-step response pro-
cess was influenced by the quality of the chatbot-generated draft
responses, which were produced using a single LLM configuration.
This choice allowed us to isolate how artists interacted with a con-
sistent draft structure, but it also means that our findings reflect the
behaviour of one particular model rather than a broader range of
generative approaches. Future studies could examine how different
LLMs affect draft usefulness, editing effort, and alignment with
artists’ preferences.

Third, a methodological limitation is that on-site viewer ratings
captured only the immediate chatbot-response stage rather than the
full artist-refined experience. Although asynchronous artist replies
are part of the intended real-world deployment model of ArtiQ,
most viewers in the present study did not receive or evaluate those
artist-edited responses. As a result, the study does not provide
a full evaluation of the complete layered interaction experience,
and follow-up interviews with a subset of viewers cannot fully
substitute for the more natural conditions under which delayed
artist-edited responses would be encountered. Future work should
therefore examine how delayed artist responses are received under
more complete deployment conditions, including how memory,
context, and post-visit reflection shape viewer experience over
time.

Fourth, this study did not examine issues of emotional engage-
ment or trust, as these were beyond its defined scope and were
excluded to maintain focus. One possible factor influencing viewer
and artist satisfaction with chatbot responses is whether the re-
sponse’s affective or emotional tone aligns with that of the question.
For AF questions, such resonance may be high, whereas for IE ques-
tions, it is likely to be less predictable. Additionally, the complex
relationship between emotion and trust warrants further investi-
gation. Previous research [17] suggests that positive emotions are
associated with higher trust, which in turn can enhance user expe-
rience and satisfaction. We plan to address this aspect explicitly in
future work, for example by asking viewers and artists to indicate
their trust levels and emotional responses during interactions with
ArtiQ.

6 CONCLUSION
This paper examined how artist-in-the-loop workflows can support
diverse viewer questions in art galleries, where informational clar-
ity and interpretive depth must be carefully balanced. Through the
design and multi-site field deployment of ArtiQ, we investigated
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how routing mechanisms, layered responses, and draft-based col-
laboration structure interactions between viewers, chatbots, and
artists in real-life exhibition settings.

Our findings provide empirical insights into the complementary
roles of chatbots and human artists in art interpretation. Chatbot-
generated responses effectively supported viewers’ immediate ori-
entation and factual understanding, while artist involvement con-
tributed interpretive nuance, emotional resonance, and contextual
grounding that viewers consistently valued. Importantly, the draft-
then-refine workflow could reduce artists’ effort compared to com-
posing responses from scratch, suggesting that human authorship
can be preserved while making participation more sustainable. At
the same time, the boundary cases observed in routing decisions
highlight the inherently subjective nature of art-related questioning
and suggest that interpretive need is not always clear-cut.

This work contributes a field study of artist-in-the-loop inter-
action in a cultural context, extending prior research on hybrid
human-AI workflows into the domain of art appreciation. Rather
than positioning chatbots as substitutes for human interpretation,
our findings highlight their role as infrastructural supports that
scaffold understanding while leaving interpretive authority with
human experts. In this sense, ArtiQ should be understood not as
a fully resolved end-to-end solution, but as empirical support for
a layered workflow that is both promising and worth developing
further. While grounded in traditional Chinese ink painting, this
study sets the stage for future research to examine how artist-in-
the-loop approaches may be adapted to other artistic domains and
cultural settings. In the long term, ArtiQ has the potential to sig-
nificantly impact art education and help preserve cultural heritage
by sustaining curiosity and fostering appreciation of traditional
Chinese ink painting.
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