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Figure 1: An example of interface comparison for the question part. The left interface is what participants see in the Artist 
condition and the right interface is in the Chatbot condition. Our participants see the interface in its Chinese version. 

Abstract 
Recent advances in large language models (LLMs) and conversa-
tional user interfaces (CUIs) unlock new ways to help art viewers 
get answers about artworks. To clarify the roles that artists and 
viewers envision for art chatbots, we conducted two empirical stud-
ies in the domain of traditional Chinese painting, given its cultural 
depth. First, we interviewed five artists about how they currently 
respond to viewer inquiries and their attitudes toward chatbots. 
Second, we asked art viewers (N=102) to pose questions to either an 
artist or a chatbot. Results show that artists see chatbots as useful 
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for factual or repetitive queries but hesitate to entrust emotive or 
personal discussions to them. Viewers also favor chatbots for effi-
ciency but desire human input for deeper or personal topics. Based 
on these insights, we propose a design framework that balances the 
perspectives of both artists and viewers, contributing to the CUI 
community’s understanding of domain-specific chatbot design. 
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1 Introduction 
Artwork serves as a medium for creating dialogues between artists 
and viewers [4]. However, many art viewers visiting galleries 
still leave with unanswered questions related to the artworks they 
viewed [32]. Although research shows dialogue fosters apprecia-
tion among viewers [34], the majority of artists may not have the 
time to respond to the viewers’ questions [7]. Moreover, viewers 
may approach artworks in different ways: individual traits such 
as curiosity could affect both the kinds of questions they ask and 
the depth to which they pursue answers [20]. This gap points to 
the need for systems that efficiently respond to viewers’ questions 
while offering possibilities for personal and in-depth discussions. 

Art museums and galleries have experimented with chatbots for 
the delivery of information about artworks and exhibitions [25, 29]. 
However, integrating such technology effectively into the art con-
text remains a challenge. There are issues related to the limitations 
of natural language processing [26] and unclear boundaries con-
cerning the responsibilities of chatbots [41]. On such grounds, our 
research innovatively investigates the perspective of both artists 
and viewers to propose a design framework for art chatbots. By 
making clear the scope these chatbots can support artists in their 
practice and enhance viewers’ experience, we position ourselves 
within the current debates around the application of chatbots in cul-
tural contexts. Central to our inquiry are three research questions 
(RQs): 

RQ1: To what extent do artists wish to delegate queries to a chat-
bot? 

RQ2: To what extent are questions posed by art viewers to artists 
different from those to art chatbots in terms of question type 
and complexity? 

RQ3: What implications do these preferences have for designing a 
chatbot that simultaneously meets the needs of viewers and 
artists? 

To address these questions, we conducted two empirical studies. 
In the first study (Study 1), we involved five artists specializing in 
traditional Chinese paintings to explore their current practice in 
answering viewer queries, as well as their attitudes and expecta-
tions about a prospective art chatbot. Traditional Chinese painting, 
with its deeply embedded cultural and symbolic elements, natu-
rally prompts different types of questions from viewers. Although 
Chinese art is attracting growing global interest, it remains rela-
tively underexplored from a chatbot perspective, making it a fertile 
ground for examining how culturally nuanced inquiries could be 
addressed. Our results show that while the artists appreciate chat-
bots for handling repetitive questions, they are concerned about 
entrusting subjective or emotionally charged questions to a chat-
bot. In the second study (Study 2), we involved 102 art viewers 
from four different galleries, who, after viewing some artworks, 
were instructed to pose questions to either an art chatbot or an 

artist, enabling us to compare questioning attributes across the 
two conditions. This approach allowed us to identify key parallels 
and discrepancies between artists’ and viewers’ expectations for 
art chatbots. The viewers’ questions were categorized into three 
main types: Artwork Fundamentals, Interpretive Perspectives, and 
Artistic Exploration (details see Section 5.1). Demographic vari-
ables were included as control variables to ensure their potentially 
confounding effects were accounted for; they were not central to 
the research questions of our work. 

Synthesizing the insights from both studies, we observed that 
viewers’ perspectives on the role of art chatbots align closely with 
those of artists in many aspects. Both groups favor chatbots for 
handling factual and repetitive questions, while reserving subjec-
tive or emotionally nuanced queries for artists. Building on these 
insights, we propose a framework to guide curators of galleries, 
designers, and researchers in creating LLM-powered art chatbots 
that accommodate the expectations of these stakeholders. In par-
ticular, we advocate for an application that handles factual queries 
while deferring more interpretive or personal questions to artists. 
Such a hybrid strategy maintains the authenticity of the artistic pro-
cess and capitalizes on the chatbot’s strengths in rapid information 
retrieval. This paper makes three key contributions: 

• Insights into artists’ perspectives on the potential role of art 
chatbots in their practice, particularly the types of questions 
they would delegate to such systems. 

• An empirical study demonstrating a methodological ap-
proach to identifying art viewers’ questioning patterns by 
comparing inquiries made to chatbots versus those directed 
at artists. 

• A design framework that integrates these perspectives, pro-
viding guidelines for chatbot functionality, user experience, 
and policy considerations. 

2 Background and related work 

2.1 Promoting Art Viewer Engagement 
Viewer engagement is significant for the appreciation of artworks 
[13]. Engaged viewers often develop a deeper understanding of 
artists’ intentions and artworks’ context, which can lead to more 
meaningful and memorable experiences [48]. This engagement fos-
ters curiosity and dialogue, enabling viewers to connect emotionally 
and intellectually with the art [39]. Art viewers frequently seek 
experiences that allow them to explore the story behind artworks 
and gain deeper insights into artistic processes [28]. Many also 
expect opportunities for self-reflection through their experiences 
[31]. For many artists, such an exchange also serves as an enriching 
experience of gaining new insights into their work [2, 37]. 

Recent technology development has reframed such interactions, 
going beyond face-to-face discussions by including the option of 
posing digital comments on art platforms [41]. In the realm of 
Conversational User Interfaces (CUI), recent studies have explored 
how to design and build chatbots for cultural contexts [29], com-
plemented by growing interest in the design of inclusive CUIs for 
domain-specific content [24]. This increased popularity of chatbots 
enables new ways of immediate, guided interaction which can con-
nect viewers directly to information about the artwork. Major art 
institutions, such as Centre Pompidou, Pinacoteca de São Paulo, 
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MoMA, and Akron Art Museum, have leveraged chatbots to provide 
information on artworks, exhibitions, and artists. These institutions 
have taken different approaches, with some focusing on delivering 
facts quickly and others prioritizing playful and interactive experi-
ences [19, 30, 45, 46]. The goal of all these various implementations 
is to increase the engagement of viewers by having easier access to 
art-related data. 

2.2 Questioning Behaviors and Answering 
Mechanisms in Art Appreciation 

Questioning behavior has long been considered a central aspect of 
the art appreciation process [44], as it fosters active engagement and 
enhances the viewing experience [6]. For example, asking about 
the symbolism behind a specific color choice in a painting can 
reveal layers of meaning that might otherwise remain unnoticed. 
Traditionally, these interactions were mainly realized through art 
tours or talks organized by curators or artists, which had obvious 
limitations for scalability. As galleries expand into virtual offerings, 
automated QA systems like chatbots have created new possibilities 
for handling large volumes of queries [25]. The solutions offered by 
chatbots include rule-based and generative AI (GenAI) approaches. 
Rule-based chatbots rely on handcrafted scripts, offering precise and 
controlled answers to frequently asked questions, but struggle with 
open-domain scalability and complex queries [54]. GenAI-based 
chatbots enabled by LLMs provide better generalization and han-
dle diverse, open-ended questions; however, they risk generating 
hallucinations [55]. 

2.2.1 Measuring Question Complexity. In order to design effective 
question-answering mechanisms, it is important to consider the 
varying levels of complexity in the questions themselves. Whether 
viewers ask about straightforward details or seek deeper insights, 
each inquiry requires a different degree of cognitive processing. An-
alyzing these differences can guide chatbots in providing responses 
that appropriately match a viewer’s needs. The Webb’s Depth of 
Knowledge (DOK) framework has been widely adopted to measure 
the cognitive complexity of questions and tasks in education [11]. 
It categorizes tasks into four levels: Level 1 involves recall and 
reproduction of facts, Level 2 focuses on skills and concepts, Level 
3 requires strategic thinking and reasoning, and Level 4 emphasizes 
extended critical thinking and synthesis. This framework helps 
assess and design interactions that align with the varying complex-
ities of art inquiries. Originally developed for K–12 assessments, 
DOK has been integrated into arts education, aligning analytical 
or interpretive tasks with DOK levels [27]. By designing responses 
according to question complexity, educators can foster engagement, 
moving beyond surface-level queries toward deeper analysis [16]. 
As it demonstrates suitability to measure the complexity of art in-
quiries, in this study, we apply the DOK framework to categorize 
and analyze the complexity of questions posed by art viewers. By 
mapping each question to one of DOK’s four levels ranging from 
basic recall of factual details to advanced critical thinking, we pro-
vide a structured understanding of how question complexity varies 
between artists and chatbots. 

2.2.2 Influences on Questioning Behaviors. Some personal at-
tributes can impact the viewer’s questioning patterns. For example, 

curiosity has been linked with the motivation to achieve new knowl-
edge by asking questions at a deeper level [20]. In an art context, 
viewers with higher curiosity may ask for more details beyond 
superficial information. When interacting with chatbots, these 
viewers may also stretch the limits of chatbots to request more 
personal insights. In addition to curiosity, demographic factors 
and artwork styles may also influence questioning behavior. For 
instance, gender may shape the way individuals approach inquiries 
[12], while the painting theme, such as Landscape Painting in Chi-
nese Art, could elicit different types of questions based on their 
inherent characteristics [10]. 

Previous research suggests curiosity level can be measured by the 
Curiosity and Exploration Inventory-II (CEI-II) [22]. Understanding 
these personality-driven motivations will help in designing chatbots 
that could adapt their responses based on different dimensions in 
viewers’ questions like complexity. In our study, we use CEI-II to 
measure the curiosity levels of art viewers, helping to understand 
how this personality trait influences their questioning behavior. 
Specifically, CEI-II provides a structured framework to measure 
curiosity, which is then correlated with the complexity and types 
of questions posed by viewers. Additionally, we examine whether 
demographic factors like gender and painting themes correlate with 
question types or complexity, providing a more comprehensive view 
of how these attributes shape questioning patterns. 

2.3 Chatbots in Art and LLM Integration 
2.3.1 LLM Integration. Technology has played a central role in the 
development of how viewers interact with art [8, 17]. Large lan-
guage models (LLMs) are capable of processing complex questions 
and giving real-time responses [1]. For instance, in an art context, 
an LLM can analyze a viewer’s question about the historical in-
fluences on a painting’s style and provide a concise summary of 
relevant art movements. This adaptability makes them attractive 
for handling the rich diversity of viewer queries in art settings. 
However, LLMs may also produce incorrect or fabricated informa-
tion referred to as ”hallucinations” [33], which could pose risks for 
art institutions seeking to maintain credible, authentic narratives. 
Determining the question types that can be safely answered by an 
LLM-based chatbot versus those best forwarded to an artist remains 
a crucial challenge. Furthermore, researchers increasingly recog-
nize that chatbots can influence user behavior [18] and users may 
overestimate chatbot capabilities [23]. These concerns highlight the 
importance of disclaimers and well-defined boundaries to prevent 
misinformation [14]. Moving from these considerations about LLM 
capabilities and pitfalls, it is essential to address how to weigh the 
trustworthiness of chatbots compared to human experts. 

2.3.2 Trust with Human Experts vs. Chatbots. While many LLM-
based chatbots demonstrate abilities to handle general questions 
more effectively than human beings [36], people still seem to trust 
human experts for certain types of questions [3, 15], especially in 
contexts that call for deeper knowledge or insight into nuances. 
Previous research suggests that humans tend to regard chatbots 
as a tool for factual retrieval rather than a source of interpretive 
wisdom [9]. Studies also indicate that while chatbots are perceived 
as friendly and convenient, credibility remains more strongly asso-
ciated with human professionals [3]. However, some users do treat 
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Table 1: Details of the participants in the Artist Study 

User Gender Age Education Occupation Art Experi-
ence(Years) 

Number of Past 
Exhibitions 

A1 M 33 Master of Fine Arts Painter, Art College Instructor 10 9 
A2 F 45 Bachelor of Arts Curator, Painter, Photographer 25 13 
A3 M 39 Doctor of Art History Painter, University Lecturer 17 12 
A4 F 52 Bachelor of Art History Art Journal Writer, Painter 28 17 
A5 F 31 Master of Arts Designer, Painter, Gallery Manager 11 8 

chatbots almost like human conversational partners, particularly 
if they have experience interacting with advanced AI [35]. Recent 
investigations in the CUI area point to “persona design” as a promis-
ing strategy for bridging the gap between factual responses and 
more affective dialogues [40]. This discrepancy underscores the 
importance of designing chatbots that satisfy users seeking deeper 
engagement. 

3 Study 1 - Artists 
3.1 Methods 
3.1.1 Participants. We conducted semi-structured interviews with 
five artists in June and July 2024 to discuss how they envisioned 
interacting with art viewers, how they respond to their questions, 
and what challenges or opportunities might arise from art chatbot 
integration. They were recruited through the personal networks of 
the first author, who is an artist specialised in traditional Chinese 
painting. While these artists hold various roles, such as curators and 
art teachers, all of them are painters with expertise in traditional 
Chinese painting. This shared background ensured consistency in 
the artistic focus of Study 2 with art viewers. We selected these 
artists based on their educational and curatorial backgrounds, with 
extensive experience in teaching at schools or collaborating with 
galleries. Participation was voluntary. Table 1 provides detailed 
information about the artists. 

3.1.2 Procedure. Before conducting the interviews, we checked 
with participants about their understanding of chatbots to ensure 
they had a clear definition of what a chatbot is. Each following 
interview lasted about 40 minutes and comprised three parts where 
the artists were asked to 

• Describe how they generally communicate with viewers and 
how they manage follow-up conversations. 

• Reflect on difficulties they encounter in responding to viewer 
inquiries. 

• Discuss ways they believed an art chatbot could help or 
influence their interactions with viewers. 

All interviews were audio-recorded, and anonymized transcripts 
were produced. Three interviews were conducted online via Zoom, 
and two were conducted in person at their university offices where 
the artists work. These settings ensured a quiet environment with-
out distractions, conducive to open discussions. We then conducted 
a thematic analysis [21], refining themes through multiple reviews 
and coding quotes to illustrate recurring ideas (Section 3.2). The first 
coder, who has expertise in art and qualitative analysis, performed 
open coding on all transcripts to develop an initial set of themes. 

The second coder, who has extensive interview research experience, 
independently reviewed 20% of the coded excerpts. Initial agree-
ment was 78% across coded excerpts. The two coders held rounds of 
discussions to resolve discrepancies and refine the codebook until 
full agreement was reached. Here we illustrate with two cases of 
disagreement:(1)A quotation from A3—“I rarely have time to talk af-
ter an opening; I rush to the next activity”—was labelled by the first 
coder as Time Constraints but by the second as Viewer-Engagement 
Barriers.(2)For A5’s remark, “When people ask about the emotional 
journey behind my painting, I believe they are seeking a personal 
connection; I think it’s hard for a chatbot to effectively convey these 
intimate stories,” one coder tagged Need for Human Touch, while 
the other chose Chatbot Limitations. After discussions, the two 
coders converged on Time Constraints on the first case and Need for 
Human Touch on the second case. Codes were then clustered into 
higher-level themes, which are reported in Section 3.2. To ensure 
the accuracy of the transcripts, they were translated from Chinese 
to English by experienced translators with an artistic background. 
Additionally, we performed back-translation by randomly selecting 
a subset of the translated transcripts and translating them back into 
Chinese to verify consistency and accuracy. This process ensured 
that technical art terms and nuanced expressions were correctly 
interpreted, preserving the integrity of the original content. 

3.2 Findings from artists (Study 1) 
3.2.1 Engagement with artists. In the interviews, five artist partici-
pants (A1 to A5) talked about some common methods to answer 
questions from art viewers. Most communication happens through 
face-to-face interactions during public art talks and workshops 
(A1-A5). Some artists also prefer answering questions through on-
line platforms in recent years (A1, A5). All artists thought it was 
useful to hear questions from viewers (A1-A5). However, artists 
mentioned that having enough time to answer viewers’ questions 
was their biggest challenge (A1-A5). They often had to prepare 
new artworks or exhibitions (A2-A4). Some artists also had other 
work duties like teaching (A1, A3). These difficulties made it hard 
for them to handle viewers’ questions. Even when they had time 
in some art talks, they could not respond to questions in detail 
(A4, A5). This was because they often had to prepare presentation 
materials or new works on short notice, and balancing deep follow-
up discussions with a busy event schedule and a large number of 
viewers made it impractical to address every query in-depth. 

Participants mentioned most of the galleries lacked question-
answering mechanisms that viewers could effectively leave their 
questions and receive feedback (A3-A5). Some galleries might not 
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have sufficient staffing to deal with viewers’ inquiries (A1, A2). 
Some larger galleries invited viewers to artist talks for communica-
tion, but these chances were rare and often only opened to limited 
members (A3). When discussing the use of chatbots, A1 and A5 
mentioned that they noticed that some galleries have experimented 
with chatbots, but these chatbots mainly deal with common queries 
and cannot answer complicated art-related questions. 

3.2.2 Integration of art chatbots. Before discussing specific func-
tionalities of future art chatbots, participants shared their interpre-
tations of what chatbots are and their previous encounters with 
chatbots. Although the researchers provided a standardized defini-
tion of chatbot prior to interviews, artists interpreted the concept 
based on their own experiences. A1 viewed chatbots as tools de-
signed to answer questions and provide instant feedback. Earlier, 
he used ChatGPT to learn about the history of certain forms of art 
and to develop creative ideas. A3 defined chatbots more narrowly 
as an automated system for answering frequently asked questions. 
He reported familiarity with their implementation within the art 
domain and thought their functionalities remained no more than 
answering general-level questions. A5 thought that a chatbot is 
generally a digital agent that can help ”sort questions and direct 
people further to relevant places.”. While A2 and A4 never used 
chatbots personally, they both knew of their increasing utilization 
to provide responses and were curious about the use of such tech-
nological applications to handle viewer questions. We then asked 
participants what features of chatbots they thought would be useful 
in the art domain. A common function mentioned was providing 
support to deal with informative and repetitive questions (A1, A2, 
A4). A3 hoped that chatbots could organize viewers’ inquiries into 
categories and forward the questions to him. 

Participants talked about some potential challenges they can 
imagine with chatbots. They were concerned about the ability of 
chatbots to provide satisfactory answers to questions related to 
personal and subjective experience (A2-A5). For example, 

“The mood conveyed in a painting can carry a lot of 
nuanced information. I typically tailor my response 
based on who is asking the question, rather than having 
a fixed answer. That’s why it’s challenging for me to 
provide all the background details to a chatbot.” (A2) 

“When people ask about the emotional journey behind 
my painting, I believe they are seeking a personal con-
nection. I think it’s hard for a chatbot to effectively 
convey these intimate stories.” (A5) 

Besides, based on the description from A3, the reason for people 
to come to art talks is “not just to see the artwork but also wish to inter-
act directly”. In addition, several artists (A1, A3, A5) suggested that 
periodically interviewing artists to refine the chatbot’s knowledge 
base or functionalities would be useful. They believed this approach 
would ensure the system to be kept up to date with artists’ evolving 
perspectives, helping the chatbot reflect the changing intent behind 
new artworks and maintain accurate content. All five artists wel-
comed the idea of receiving aggregated viewer-question reports, 
noting that such insights could “spark new creative directions” 
(A3) and “help us tailor future talks” (A1). They also requested the 

ability to screen any public-facing responses to safeguard personal 
narratives. 

4 Study 2 – Viewers 
Following Study 1 with artists, we present Study 2 with art viewers, 
detailing the respective process of data collection. The two studies 
were both granted ethics approval by the Ethics Committee of 
Durham University. 

4.1 Methods 
4.1.1 Participants. In Study 2, we invited a total of 106 viewers 
from four galleries in China (around 26 viewers per gallery) to 
participate. Galleries 1 and 2 are art studios with gallery func-
tions owned by the artists themselves, showcasing artwork, with 
a special focus on traditional Chinese paintings. These galleries 
are approximately 50 sq meters in size, hosting around 10 to 20 
viewers each day. Galleries 3 and 4 are small private galleries in 
communities that focus on general art exhibitions. Each is about 
100 sq meters in size, drawing approximately 20 to 50 viewers daily. 
We excluded 4 participants for incomplete responses, leaving a final 
sample of 102 participants. This sample size ensures sufficient data 
for question-type and complexity analysis (Section 4.1.3). Each par-
ticipant was randomly assigned to either the Artist condition or the 
Chatbot condition (51 in each condition), following the between-
subjects experimental design. Study 2 was conducted in August 
and September 2024. Participants represented diverse demographic 
backgrounds (see Figure 2), which helped us capture varied ques-
tioning behaviors. Among the 102 participants, ages ranged from 
18 to 84 years (M=39.5, SD=16.1), with 47% male and 53% female 
participants. The distribution of Educational Level was 32% Uni-
versity level, 15% Postgraduate level, and 53% Pre-University Level. 
The participation of all art viewers was voluntary. It took around 
10 minutes for each participant to complete the tasks (see Section 
4.1.3). 

4.1.2 Artwork Selection. To prepare Study 2 on comparing ques-
tions posed to artists and chatbots, we asked each of the five inter-
viewed artists to provide ten pieces of traditional Chinese painting 
from their past exhibitions, for a total of fifty candidate artworks. 
Traditional Chinese painting was chosen for its cultural resonance 
with both Chinese artists and the local Chinese viewers in our study, 
offering varied opportunities to spark questions about symbolism 
and interpretive meaning. To limit the scope while maintaining va-
riety, we finally selected twelve paintings across three themes (four 
works per theme), including Bird and Flower Painting, Landscape 
Painting, and Figure Painting. These three themes (see Figure 3) 
were considered as they represent the main pillars of traditional 
Chinese painting [38, 43], together representing the diversity and 
richness of this traditional art form [42]. When choosing these 
themes, we considered their potential to elicit a broad spectrum of 
viewer responses. Bird and Flower Painting carries natural sym-
bolism that invites more interpretive questions, while Landscape 
Painting evokes more thematic and contemplative questions in its 
philosophical underpinnings. Figure Painting, with its emphasis on 
human narrative and emotion, tends to yield storytelling and iden-
tity questions. These inherent differences in visual and symbolic 
content were consciously taken into consideration with the aim of 
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Figure 2: Demographic information of viewer participants (Age/Gender/Educational Level/Gallery Visiting Frequency). 

Figure 3: Selected traditional Chinese paintings representing the three themes used in Study 2: Landscape Painting (left), Bird 
and Flower Painting (middle), and Figure Painting (right). 

ensuring a balanced basis for comparison. By choosing different 
and complementary themes, we tried to reflect the breadth of tradi-
tional Chinese painting. Artist-identifying details were removed 
to avoid bias. Each participant was randomly assigned three paint-
ings (one from each theme), ensuring exposure to a wide range of 
themes. 

4.1.3 Empirical Study Design. For Study 2, we developed a tablet-
based application for each participant to use through several steps: 

1. Study overview: As a preparation before viewing the art-
works and submitting their questions, each participant needs 
to read the participant information sheet and then give their 
informed consent to take part in the study. Before proceed-
ing, we also verified participants’ understanding of chatbots 
to ensure they had a clear and accurate definition. 
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Figure 4: The research model of Study 2, showing how the main variables (Expected Respondent, Covariates, and Dependent 
Variables) interrelate. Note: IP = Interpretative Perspectives, AE = Artistic Exploration, AF = Artwork Fundamentals, DOK = 
Webb’s Depth of Knowledge framework. 

2. Artwork viewing and question submission (Figure 1): 
All artworks were displayed as high-resolution images on 
the tablet application; participants did not view physical 
paintings, ensuring consistency across sessions. Each partic-
ipant was shown one painting at a time. Depending on their 
assigned condition (Artist or Chatbot), they were instructed 
to pose two questions to either an artist or an art chatbot. 
They were also informed that responses would not be imme-
diately provided. This procedure was repeated for all three 
artworks, yielding six questions per participant. 

3. Curiosity questionnaire and demographic survey: At 
the end of this experiment, all viewers completed the Curios-
ity and Exploration Inventory-II (CEI-II) survey to measure 
their curiosity levels (see Section 2.2.2 and Appendix A) and 
a demographic survey (Figure 2). 

Figure 4 illustrates the research model for Study 2. The between-
subjects approach (artist vs. chatbot) minimized learning effects 
that often arise in within-subjects designs, where participants be-
come familiar with the task. By assigning participants to only 
one condition, we could more directly observe how they posed 
questions to different intended respondents (artist vs. chatbot). 
Moreover, gathering questions in a scenario where no immediate 
feedback was provided helped isolate questioning behavior from 
the influence of artists’ or chatbots’ actual responses, which can 
shape follow-up queries. Although this arrangement implied that 
participants did not receive answers, it allowed a clearer view of 
the initial questions viewers are likely to ask. Participants assigned 
to the Chatbot condition were informed that their conversational 
partner was an AI-powered system built on a large language model, 
not a human artist. No measures were taken to adjust participants’ 
preconceived notions about AI capabilities; thus, their expectations 
regarding AI may have influenced the questions they posed. 

We recognized that chatbots may exhibit limitations such as pro-
ducing inaccurate or biased text. However, as our participants only 
generated questions without receiving real-time feedback, these 

limitations did not directly affect our data collection. The study 
focused on what viewers ask, rather than how chatbots or artists 
respond. Although the scenario of posing questions without im-
mediate answers is somewhat artificial, logistical constraints (e.g., 
real-time artist availability) and the risk of LLM “hallucinations” 
made this design a pragmatic choice. Future studies may incor-
porate real-time responses to explore how dynamic interaction 
influences follow-up questioning. 

4.1.4 Instruments. To measure participants’ curiosity levels, Cu-
riosity and Exploration Inventory-II (CEI-II) was used in our study 
(Section 2.2.2). The inventory includes ten items such as ”I actively 
seek out new experiences” and ”I am deeply immersed in the activ-
ities I enjoy.” (See Appendix A for the full list of items). Each item 
is rated on a Likert scale from 1 (strongly disagree) to 5 (strongly 
agree). The total curiosity score is calculated by summing the rat-
ings across all items, with higher scores indicating greater curiosity, 
and the range is 10 to 50. These scores were analyzed to understand 
their relationship with question types and complexity in this study. 

Webb’s Depth of Knowledge (DOK) framework was employed to 
assess the complexity of questions posed by participants (Section 
2.2.1). This framework categorizes questions into four levels based 
on their complexity attributes. 

• Level 1: Recall and reproduction 
• Level 2: Skills and concepts 
• Level 3: Strategic thinking and reasoning 
• Level 4: Extended critical thinking and synthesis 

The inventory ensured a consistent classification of questions 
across these four levels. We used the DOK criteria, adapted for art 
appreciation contexts (see Appendix B), to categorize and analyze 
the complexity of questions posed to artists and chatbots. 

4.1.5 Data Analysis Methods. We adopted a multi-faceted approach 
in analyzing the questions collected from viewers, including the-
matic analysis and complexity analysis with relevant frameworks 
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and tools. Each analysis is detailed in the following. We first con-
ducted thematic analysis to identify patterns in question categories. 
The first researcher, who has a systematic art training background 
and 6-year experience with data analysis, initially coded all ques-
tions and generated a preliminary codebook detailing clear def-
initions and examples for each category and sub-category. The 
second researcher, who is also an artist with painting expertise and 
has eight years of experience in qualitative analysis, applied this 
codebook to a 30% random sample of collected questions, achieving 
a Cohen’s kappa of 0.85, indicating strong inter-rater reliability. 
All discrepancies were then discussed and resolved to refine cate-
gory definitions as needed. With the codebook validated, the first 
researcher proceeded to code the full dataset. 

Following this, we analyzed the complexity of the questions 
with the use of Webb’s DOK framework (see Section 2.2.1). The 
criteria at each level of DOK were adapted to an art appreciation 
context. For example, Level 1 questions deal with recalling fac-
tual details (e.g., “What material is used for this painting?”), while 
Level 4 questions call for synthesis or critical evaluation of informa-
tion (e.g., “How does the color choice of this piece reflect societal 
changes during its creation time?”). Both researchers indepen-
dently classified an initial subset of 30% of questions, yielding a 
Cohen’s kappa of 0.743, which falls within the substantial agree-
ment range (0.61-0.80) according to Landis and Koch [53]. Although 
Cohen’s kappa indicates substantial agreement, some discrepancies 
remained. A typical disagreement illustrated why discussion was 
needed: one viewer asked, “Why did the artist choose a vertical 
scroll instead of a horizontal one?”—the first coder marked this as 
Level2 (Skills & Concepts), whereas the second coder argued for 
Level3 because it required reasoning about compositional intent. 
After discussions, the two coders converged to mark this as Level 2. 
The coders reviewed each discrepant item together, identified the 
source of disagreement, and re-examined the questions against the 
DOK framework criteria. Through this discussion, the codebook 
definitions and examples were further updated before being applied 
to the full dataset. This approach allowed a clear comparison of 
cognitive complexity between the questions being posed to artists 
versus chatbots. 

5 Findings from Art Viewers (Study 2) 
Following the data analysis methods described in Section 4.1.5, we 
categorized and interpreted the questions posed by viewers under 
both Artist and Chatbot conditions. To provide deeper insights, this 
section is structured into two main analyses: Question Category 
Comparison and Question Complexity Analysis. Each analysis 
starts with qualitative findings followed by quantitative results. 

5.1 Question Category Comparison 
5.1.1 Qualitative Findings. To understand how viewers approach 
different dimensions of art inquiry, we conducted a thematic anal-
ysis focusing on the content and focus of their questions. The 
findings revealed three main categories: 

• Artwork Fundamentals (AF): Questions seeking factual 
details about the artwork and clarifying why and how the 

artist made specific choices. This category includes sub-
categories such as Core Facts (e.g., “When was this painting 
made?”). 

• Interpretive Perspectives (IP): Questions exploring the 
deeper meaning of the work, focusing on symbolism, emo-
tion, and the artist’s influences or philosophy. Sub-categories 
include such as Emotional Tone (e.g., “What feeling did you 
want to convey?”). 

• Artistic Exploration (AE): Questions relating to the cre-
ative process and appreciation of art, offering guidance on 
the artist’s workflow, techniques, and ways to develop one’s 
own skills and understanding. Sub-categories include such 
as Appreciation Methods (e.g., “How should one approach 
interpreting abstract shapes?”). 

Table 2 provides an overview of the three main categories, their 
sub-categories, and examples. From the qualitative results, we 
found that viewers tended to ask more factual and process-oriented 
questions (e.g., Core Facts, Creative Details) when they expected 
to interact with a chatbot, while interpretive and reflective queries 
(e.g., Emotional Tone, Artist Reflection) were more common when 
they expected a human artist. This divergence may stem from the 
perception of chatbots as efficient tools for retrieving objective in-
formation, whereas human artists are often viewed as the primary 
source for conveying nuanced and emotional insights. Prior stud-
ies have also suggested that social presence and authenticity play 
a significant role in shaping expectations, with users tending to 
reserve deeper, interpretive inquiries for contexts involving human 
expertise [5, 47]. 

5.1.2 Quantitative Result Analysis. To quantitatively assess which 
factors most strongly predict the type of question, we conducted 
a multinomial logistic regression to investigate how different de-
mographic and contextual factors (Gender, Age, Educational Level, 
Gallery Visiting Frequency, Painting Theme, Curiosity Level and 
Expected Respondent) predict the type of question asked (AF, IP 
and AE) (cf. the Research Model in Figure 3). This approach was 
chosen because our dependent variable, Question Type, consists of 
more than two non-ordinal categories. 

The final model fits significantly better than an intercept-only 
model (𝜒 2 (22) = 42.46, p = 0.005). The Pearson’s test suggests that 
the model is a good fit for the data (Pearson 𝜒 2 (588) = 567.540, p 
= 0.720). Table 3 presents the results from Likelihood Ratio Tests 
for each predictor. As shown in Table 3, except for the predictor 
of Expected Respondent (i.e. Artist vs. Chatbot), all the other fac-
tors (Gender, Age, Educational Level, Gallery Visiting Frequency, 
Painting Type and Curiosity Score) were not statistically signif-
icant predictors of Question Type (all p > 0.05) (see Table 7 and 
Table 8 in Appendix 3 for details on the coefficient (B), p-values, 
odds ratios (OR) and corresponding 95% confidence intervals for 
each predictor). For Expected Respondent as a predictor variable, 
compared to the reference category (AF), Expected Respondent 
in the Artist Condition was associated with significantly higher 
odds of IP questions (OR = 2.85, 95% CI: 1.95-4.16, p < 0.001). The 
multinomial regression analysis indicates that Expected Respon-
dent is the sole factor influencing Question Types posed by art 
viewers in our study. Other demographic or situational factors did 
not significantly predict differences in question types in this study. 
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Table 2: The question taxonomy from our qualitative analysis. We identified three main categories and ten sub-categories 
through the analysis. 

Main Category* Sub-Category* Description Example 

Artwork 
Fundamentals (328) 

Core Facts (67) Focuses on purely factual details, like the 
artwork’s dimensions, materials, date of 
creation, or other verifiable data. 

What is the actual size of this painting? 

Creative Details (114) Examines the artist’s specific choices—why 
particular elements, colors, or subjects were 
selected and how they shape the artwork’s 
concept. 

Why did you choose such color for the 
flowers in this piece? 

Craft Techniques (115) Covers how the artwork was produced, 
describing the methods, processes, tools, or 
technical steps employed in its creation. 

How did you achieve the layered effect 
in this painting? 

Definite Answers (32) Addresses yes/no or straightforward 
clarifications about the artwork, such as 
whether a certain feature or inspiration is part 
of it. 

Is this painting based on a real location? 

Interpretive 
Perspectives (213) 

Emotional Tone (47) Highlights the feelings or mood conveyed by 
the artwork, influencing the viewer’s 
emotional response. 

Are you trying to convey a feeling of 
loneliness in this painting? 

Symbolic Meaning (93) Explores underlying ideas, symbolism, or 
references that add depth and interpretive 
layers to the piece. 

Does the red color of the flower 
represent something specific? 

Artist Reflection (73) Centers on the artist’s personal perspective or 
philosophy, discussing their influences, 
motivations, or intentions behind the work. 

How do you view the relationship 
between art and emotion in your 
creations? 

Artistic Exploration 
(79) 

Artistic Workflow (24) Breaks down the sequence of steps the artist 
took to develop the piece, from concept 
sketches to final execution. 

What was the approximate order when 
you created the elements in this 
painting?

Skill Pathways (41) Offers guidance for viewers on replicating or 
adapting the artwork’s techniques, suggesting 
resources, practice methods, and best 
practices. 

If I want to learn how to paint peonies, 
what tools and materials do I need to 
prepare? 

Appreciation Methods 
(14) 

Suggests ways to view, interpret, or engage 
with the artwork, providing tips for deeper 
understanding and richer aesthetic 
experiences. 

Is there a particular detail in this 
painting that you think viewers often 
miss? 

*The numbers in brackets represent the question number for each category 

Table 3: Likelihood Ratio Test Results 

Predictor -2 Log Likelihood Chi-square df p-values 

Expected Respondent 920.8 30.4 2 <0.001 
Gender 891.5 1.04 2 0.594 
Age 892.0 1.56 2 0.457 
Educational Level 892.7 2.33 4 0.674 
Gallery Visiting Frequency 895.3 4.86 6 0.562 
Painting Theme 894.1 3.65 4 0.455 
Curiosity Score 891.8 1.39 2 0.499 
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Figure 5: Distribution of questions by sub-categories to artists and chatbots. 

Table 4: Number of questions in each question category for different question respondents 

Condition Artwork Fundamentals (AF) Interpretive Perspective (IP) Artistic Exploration (AE) 

Artist 138 137 40 
Chatbot 190 76 39 

After establishing the overall model fit through the multino-
mial logistic regression, we further examined the distribution of 
question categories using the Chi-square test to confirm any signifi-
cant association between Expected Respondent and Question Type 
(Table 4). The results show a statistically significant association 
between the two variables (𝜒 2 = 25.57, p < 0.001). As shown in 
Table 4, the Chatbot condition received significantly more ques-
tions under the AF category. Within the Artwork Fundamentals 
category, sub-categories such as Core Facts and Creative Details 
were especially prominent for chatbot-directed inquiries (see Figure 
5). However, viewers posed more questions in the IP category in 
the Artist condition, especially about Emotional Tone and Artist 
Reflection. Although the questions regarding Symbolic Meaning 
were relatively even, the general trend of addressing more inter-
pretive topics to artists was nonetheless quite clear. In the AE 
category, questions were almost evenly split between the two con-
ditions. Questions directed to artists primarily focused on Artistic 
Workflow and Appreciation Methods, while those aimed at chat-
bots centered somewhat more on Skill Pathways. Notably, viewers 
seemed to seek broader or multidimensional insights from artists, 
as evidenced by a higher frequency of questions bridging multi-
ple categories (10 for Artist vs. 3 for Chatbot). These findings 
correspond to the qualitative results and underscore the observa-
tion that participants expect a richer emotional and conceptual 
dialogue with artists in general, while they turn to chatbots for 
more straightforward and factual information. 

5.2 Question Complexity Analysis 
5.2.1 Qualitative Findings. We employed Webb’s DOK framework 
(Section 2.2.1) to categorize each viewer question according to 
its cognitive complexity—ranging from simple factual inquiries to 
more in-depth interpretive or analytical prompts. This approach 
helped clarify how complexity varied between the Artist and Chat-
bot conditions. As 5 shows, viewers asked artists proportionally 
more complex questions (DOK Level 3 and 4), reserving simpler, 
factual, or procedural inquiries (DOK Levels 1 and 2) primarily for 
chatbots. 

In the Artist condition, for instance, participants posed interpre-
tive questions such as “What is your motivation to use this partic-
ular red color palette for the facial expression of this character?” 
(DOK Level 3). By contrast, in the Chatbot condition, they tended 
to submit more lower-level factual queries like “Which location is 
this painting depicted?” (DOK Level 1). This pattern aligns with 
the artists’ expectations—previously noted in Study 1—regarding 
personal engagement and deeper insights from human experts. 
As we discuss later in Section 5.2.2, these qualitative observations 
also correspond with the quantitative findings, further illustrating 
that question complexity and the expected respondent are closely 
linked. 

5.2.2 Quantitative Result Analysis. An ordinal regression analysis 
was conducted to examine the relationships between the demo-
graphic and contextual factors (Gender, Age, Educational Level, 
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Table 5: DOK results for different expected respondents (Artist and Chatbot) with the question number and examples. 

Artist Chatbot Example 

DOK 1 48 85 Which location is this painting depicted? 
DOK 2 88 97 How did you create the texture of the cliffs? 
DOK 3 162 123 Why did you choose to depict the trees on the mountains with such delicate details? 
DOK 4 8 1 Do you view the theme in this painting as more of an exploration of nature, or a personal 

expression? How does this influence your brush control during the creation? 

*The numbers in the table represent the number of questions for each DOK level. 

Table 6: Ordinal Logistic Regression Results for Question Complexity 

Predictor* Coefficient p-values OR (95% CI) 

Expected Respondent=Artist 0.667 <0.001 1.95 [1.42, 2.67] 
Gender=Female -0.282 0.091 0.75 [0.54, 1.05] 
Age 0.001 0.903 1.00 [0.99, 1.01] 
Education=Postgraduate 0.280 0.265 1.32 [0.81, 2.17] 
Education=Pre-university 0.080 0.659 1.08 [0.76, 1.55] 
Gallery Visiting Frequency = Once a month or more 0.222 0.328 1.25 [0.80, 1.95] 
Gallery Visiting Frequency = Once a year or less 0.184 0.374 1.20 [0.80, 1.80] 
Gallery Visiting Frequency = Once around half a year 0.338 0.114 1.40 [0.92, 2.13] 
Painting Type = Bird and flower painting -0.327 0.081 0.72 [0.50, 1.04] 
Painting Type = Figure painting 0.244 0.201 1.28 [0.50, 1.04] 
Curiosity Score 0.034 0.188 1.03 [0.98, 1.09] 

*The reference categories for the ordinal logistic regression model: Expected Respondent = Chatbot, Gender = Male, Education = University, 
Gallery Visiting Frequency = Once around three months, Painting Type = Landscape painting 

Gallery Visiting Frequency, Painting Theme, Curiosity Score, Ex-
pected Respondent) (cf. the Research Model in Figure 3) and Ques-
tion Complexity, which was measured on an ordinal scale (DOK 
level 1 through 4). 

The final model was a significant improvement over the intercept-
only model (𝜒 2 (11) = 37.2, p < 0.001). The Pearson’s test suggests 
that the model is a good fit for the data (Pearson 𝜒 2 = 557.652, p 
= 0.886). Table 6 presents the coefficients, odds ratios (OR), confi-
dence intervals (CI), and p-values for each independent variable. 
As shown in Table 6, only Expected Respondent reached statistical 
significance at the 0.05 level. Specifically, the log-odds estimate of 
Expected Respondent in the Artist condition was 0.667 (p < 0.001), 
corresponding to an OR of 1.95 (95% CI: [1.42, 2.67]). This means 
that participants expecting to pose a question to an artist had nearly 
twice the odds of asking a higher-complexity question than those 
expecting to interact with a chatbot. All other predictors (Age, Gen-
der, Education Level, Gallery Visiting Frequency, Painting Theme, 
and Curiosity Level) were not statistically significant (all p > 0.05). 
Overall, the ordinal regression results suggest that Expected Re-
spondent is the main factor influencing Question Complexity which 
aligns well with the qualitative observation. 

After establishing the overall model fit through the ordinal lo-
gistic regression, we further examined the distribution of question 
complexity using a Chi-square test to confirm any significant asso-
ciation between Expected Respondent and Question Complexity. 
The test revealed a strong association between the two variables 
(𝜒 2 = 27.928, p < 0.001). This result highlights the tendency of art 

viewers to adapt the complexity of their questions based on the 
type of expected respondent. As shown in Figure 6, viewers posed 
significantly more complex questions (DOK Levels 3 and 4) to hu-
man artists, while chatbots predominantly received simpler and 
factual inquiries (DOK Levels 1 and 2). These findings emphasize 
the critical role of Expected Respondent in shaping the complexity 
of questions. 

To further examine whether Question Complexity is associated 
with Question Types, we ran a Chi-square test comparing DOK 
level (1–4) and Question Type (AF, IP, and AE). Results showed a 
significant association (𝜒 2 (6) = 310.517, p < 0.001). From the test 
results, questions in the AF category predominate at DOK 1 and 
2 which indicates lower complexity. Questions in the IP category 
are far more likely to appear at DOK 3 and 4, suggesting that 
interpretive topics often require more complex thinking. Questions 
in the AE category mostly fall into DOK 2, with fewer in DOK 1 
or the higher DOK levels. This suggests that while queries about 
artistic exploration can require some conceptual thinking, they 
typically do not rise to the deep interpretive complexity. 

6 DISCUSSION 

6.1 Revisiting Research Questions 
In this subsection, we revisit the three RQs (Introduction) by draw-
ing on the empirical findings. 

• RQ1: The five artists confirmed they appreciate having chat-
bot support for repetitive or factual queries (RQ1), but they 
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Figure 6: Complexity of Questions by DOK Levels between the two conditions. 

were cautious about entrusting more subjective or emotional 
questions to chatbots (Section 3). 

• RQ2: The data indicate clearly that art viewers significantly 
alter their questioning behaviors, depending on whether an 
artist or a chatbot is expected to answer a query (Section 
5). Specifically, they commonly reserved interpretive and 
emotional questions for artists, leaving simpler and factual 
inquiries to chatbots. This observation aligns with previous 
studies about the social presence of conversational agents, 
where chatbots are primarily perceived more as information 
tools rather than empathetic conversational partners [5, 47]. 

• RQ3: Despite this broad trend, our findings also indicated 
that a subset of viewers are open to using chatbots for more 
subjective or emotional topics. It highlights a diversity of 
attitudes that could expand the chatbot’s responsibilities if 
designed appropriately. In turn, these preferences imply that 
any implementation of art chatbots should maintain a care-
ful balance: providing fast and accurate responses without 
influencing the personal connection that many viewers seek 
directly from the artist. Consequently, these insights show 
how chatbots can be used most effectively while preserving 
the authenticity that artists value. We further elaborate on 
these implications in Section 6.2, where we propose a design 
framework to address these considerations. 

6.2 A Design Framework for Art Chatbot Design 
Based on the empirical findings (Section 3 and 5), we propose a 
framework (see 7) balancing artists’ creative processes and viewers’ 
diverse expectations to guide the design and development of art 
chatbots. 

6.2.1 Artists and Chatbot Collaboration. Artists traditionally take 
the responsibility of answering viewer questions and fostering 
meaningful engagement. Based on the findings in Study 1, chat-
bots should complement an artist’s role by handling factual or 
repetitive inquiries without impinging on creative processes or 
intellectual property. Several participants suggested periodically 
interviewing artists to update the knowledge base of a chatbot, 
ensuring the chatbot accurately represents each artist’s evolving 

perspectives and remains true to their voice. Such updates can also 
help incorporate artists’ narrative guidelines, so the chatbot knows 
when to flag more subjective or emotional questions. Moreover, 
most participants (artists) in Study 1 emphasized that interpretive 
or emotional questions demand a human touch; accordingly, our 
framework should include a dedicated Artist Direct channel that 
routes these subjective inquiries immediately to the artist for an 
authentic response. This collaborative balance preserves artistic 
integrity and supports a richer viewer experience. 

This approach addresses the concern that chatbots might misin-
terpret deeply personal narratives—particularly those dealing with 
emotional backstories (See Section 3.2.2). By having regular updates 
with artists, galleries can provide chatbots with relevant context 
(e.g., new exhibitions, personal interpretations, style changes), al-
lowing the chatbot to stay current without creating additional bur-
dens on the artist. Ultimately, interpretive inquiries are routed 
back to the artist for a more authentic, human touch. This collabo-
rative balance helps preserve artistic integrity and supports a richer 
viewer experience. 

To protect the authenticity of each artist’s voice, the system 
should offer an Artist-Preview Mode in which artists can audit 
chatbot answers that quote or interpret their statements before they 
are made public. This feature directly addresses artists’ expressed 
worry that “personal context may be misinterpreted by a chat-
bot” (A2, A5 in Study 1) and complements the broader intellectual-
property safeguards discussed in Section 6.2.4. Artists in our inter-
views (A1, A3) also welcomed the idea of receiving periodic updates 
that summarize the most frequent viewer questions. Such analyt-
ics can inspire future works or educational content while helping 
artists detect emerging misconceptions. Coupling this human-in-
the-loop feedback mechanism ensures that the collection and reuse 
of aggregated viewer-question data respect intellectual-property 
rights while still empowering reflective practice. 

6.2.2 Viewers and Chatbot Interaction. Based on the results from 
Study 2, most viewers directed factual and low-complexity ques-
tions to chatbots, while complex and interpretive inquiries remained 
the realm of artists. Consequently, chatbots should be designed to 
distinguish question types and complexity to help route viewers’ 
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Figure 7: Framework for art chatbot design balancing different stakeholders. 

inquiries efficiently. At the same time, some viewers expressed 
interest in more “human-like” chatbot conversations, underscoring 
the need for disclaimers that clarify the chatbot’s role and limita-
tions for those seeking deeper or more emotional discussions [49]. 
By dynamically adapting to different questions—through question-
type classification (see Section 5.1) and complexity assessment (see 
Section 5.2)—chatbots can either provide partial information or 
recommend artist input for more nuanced matters. This adaptive 
approach reflects the diverse questioning tendencies observed in 
Section 5, offering both efficiency for routine inquiries and oppor-
tunities for richer engagement where human expertise is preferred. 

Implementing the art chatbot can begin with a pilot launch of a 
minimal viable version that primarily handles factual queries. This 
approach allows for iterative improvements, informed by user feed-
back and error monitoring. For example, data on the frequencies 
of user question types can be tracked to identify which queries 
are consistently or frequently misrouted. Viewer satisfaction and 
response accuracy can also be monitored to guide refinements in 
both chatbot answers and question-routing logic. 

6.2.3 Technology and Chatbot Functionality. Based on the find-
ings from Section 3 on preserving authenticity, galleries should 
develop a curated, periodically updated repository of reliable data 
(e.g., official statements, artist-approved narratives), ensuring that 
chatbots accurately reflect artists’ evolving views. This approach 
helps mitigate the “hallucinations” produced by LLMs and keeps 

factual data current. Informed by the analysis of question types 
and complexity in Section 5, a classifier trained on real viewer 
questions can help route queries to the appropriate respondent. 
A hybrid architecture may also be effective for balancing viewer 
expectations. The system can combine a rule-based layer for basic 
factual questions with an LLM-based layer for broader, open-ended 
queries. This dual approach upholds efficiency for straightforward 
queries, while accommodating more exploratory or nuanced topics 
that require richer engagement. 

To further address the concern expressed by artists in Study 1 that 
personal narratives could be misconstrued, every chatbot answer 
should be given a score. When the score falls below a predefined 
threshold, the system either attaches a disclaimer or diverts the 
question to the Artist Direct channel described in Section 6.2.1. 
This mechanism also responds to viewers’ preferences identified in 
Study 2 for clearly knowing when “human expertise” is involved. 
Aggregated logs should not only support error correction but also 
provide artists with the most frequently asked viewer questions; 
our interviewees (A1,A3) said such insights could spark ideas for 
future exhibitions or artworks. 

Additionally, implementing real-time data logs and feedback 
loops enables galleries to monitor chatbot outputs, ensuring misin-
terpretations or inaccurate answers are promptly flagged and cor-
rected. It is also critical to provide explicit fallback options for users 
who need deeper, more personal engagement. Such transparency 
not only builds trust with viewers but also reassures artists that 
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the system is meant to complement their expertise rather than 
replace the authenticity of direct human interaction. 

6.2.4 Ethical and Cultural Considerations. Ethical considerations 
in chatbot design are essential, particularly concerning user privacy 
and transparency. Findings from Section 3 suggest that the artists 
emphasized the need for control over how their creative processes 
and narratives are represented, aligning with broader AI ethical 
guidelines. Clear disclosure of the chatbot’s AI nature helps set ac-
curate viewer expectations [50], consistent with the observation in 
Section 5 that many viewers rely on artists for subjective responses. 
Additionally, safeguarding mechanisms such as moderation filters 
can prevent misuse, ensuring appropriate handling of sensitive 
topics by trained personnel. 

Cultural sensitivity is also particularly salient in context-
dependent domains like traditional Chinese painting, where mo-
tifs such as plum blossom and crane carry centuries-old symbolic 
weight. An LLM-based art chatbot trained predominantly on West-
ern art corpora may overlook or misinterpret such connotations, re-
inforcing a ‘Western-centric’ reading. We therefore recommend in-
corporating curated, language-specific corpora or adding a culture-
specific validation layer when accuracy in symbolic interpretation 
is important. 

The art chatbot should present interpretive plurality by default. 
For example, when a viewer asks about the meaning of a crane 
motif, the chatbot provides both the classical interpretation and 
personal views gathered from artists. Because art interpretation 
is inherently subjective, each answer should state that it is one of 
multiple valid interpretations and provide an option to request the 
artist’s personal view via Artist Direct. For derivative content, the 
chatbot should embed gallery-specified licenses in text unless the 
artist has granted explicit rights. 

Beyond content moderation, data governance also requires atten-
tion. Galleries should specify how user data or questions might be 
stored, analyzed, and potentially shared, giving viewers a clear way 
to opt out if they wish. This transparency not only complies with 
privacy standards but also fosters user trust—an aspect particularly 
important when dealing with personal inquiries. These measures 
address concerns highlighted by our two studies, emphasizing the 
importance of protecting intellectual property and ensuring user 
privacy [51, 52]. 

6.3 Limitations and Future Work 
Our study has certain limitations that point toward areas of future 
inquiry. Although our quantitative approach to collecting viewer 
questions was effective for identifying broad trends, it lacked deeper 
qualitative insights into viewers’ personal motivations and experi-
ences. A dedicated follow-up interview study with viewers could 
offer insights into their perceptions of interactions with chatbots 
in more detail. Trust in art chatbots also emerged as a significant 
concern, as evidenced by participants in Study 2 who reserved 
subjective or emotionally nuanced questions for artists, citing con-
cerns about chatbots’ ability to provide meaningful responses. This 
suggests that viewers may be less inclined to trust chatbots with 
interpretive or personal topics. Addressing this trust gap requires 
further research into strategies to improve chatbot transparency 
and contextual understanding. Moreover, because participants were 

aware that their questions would not be answered in real-time, this 
may have influenced their questioning behavior due to demand 
characteristics. Specifically, the absence of time pressure, since 
no respondent was waiting, may have led them to formulate their 
questions more deliberately or with greater elaboration. Nonethe-
less, future studies should compare question patterns collected in 
natural gallery tours to evaluate ecological validity. 

Although focusing on traditional Chinese painting unveiled 
culture-specific challenges, our framework is intended to be exten-
sible. Future studies should conduct cross-genre replications—e.g., 
installation or digital art—to test whether our question-routing logic 
and complexity classifier still hold when works are multi-modal 
or abstract. Comparative experiments could keep the chatbot ar-
chitecture constant while varying the artwork corpus to measure 
shifts in question distribution and perceived trust. Cross-cultural 
adaptation also warrants systematic study. A promising design is 
to experiment with different art genres (e.g., European oil paint-
ing) with visitors from various cultural backgrounds. Dependent 
variables would include not only question type/complexity, but 
also cultural appropriateness described in Section 6.2.4. Such work 
can reveal whether additional culture-specific validation layers are 
needed. 

The study’s experimental design involved collecting questions 
without providing real-time chatbot or artist responses. While this 
approach simplified comparisons and isolated questioning behav-
iors, it prevented us from observing how dynamic chatbot feedback 
might shape follow-up questions. Building a functional prototype 
chatbot integrating the insights of this study and testing it in real 
or simulated gallery conditions will be a critical next step. Such em-
pirical work could uncover how response quality, personalization, 
or user interface design influences viewers’ continued engagement. 
We also did not systematically evaluate which specific LLM architec-
tures are best suited for art-related Q&A tasks. Future work could 
measure multiple LLMs on their ability to answer art questions 
accurately, as well as assess their susceptibility to hallucinations 
when dealing with subjective or culturally nuanced content. 

7 CONCLUSION 
Art institutions worldwide are increasingly turning to LLMs and 
conversational agents to enrich viewer experiences. This paper 
contributes an initial and significant step toward realizing an art 
chatbot by exploring both artists’ and viewers’ perspectives on 
its potential roles and functionalities. Our findings highlight a 
distinct divide in questioning patterns: the majority of viewers 
regard chatbots as a source of factual or less complex information, 
while seeking emotional and interpretive answers directly from 
artists. Notably, a small group of viewers sees chatbots as capable 
of addressing more subjective issues, which underscores the need 
for adaptable chatbot designs. 

By integrating insights from the artists with findings from the 
viewers, we developed a framework that ensures factual queries 
are efficiently handled by chatbots, while subjective or complex 
inquiries can be handed over to artists. Both artists and viewers 
largely support this distribution of labor, but neither side advocates 
a rigid division where certain types of questions bypass artists 
or chatbots entirely. The proposed framework (Artists, Viewers, 
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Technology, Policies) provides a roadmap for balancing the needs 
of artists, viewers, and galleries in chatbot design. Its validation 
in real-world settings remains a key area for future work. Pilot 
implementations in galleries, with feedback from both artists and 
viewers, would strengthen the framework’s practical applicability. 

In summary, our study underscores the importance of both stake-
holder alignment and system design when introducing chatbots 
into art contexts. This research sets the stage for further exploration 
of real-time chatbot-human interactions in diverse cultural settings 
and provides a stepping stone toward a new era of art engagement. 
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Curiosity and Exploration Inventory–II (CEI–II) 
A Instructions 
Please indicate your level of agreement with each statement using 
the following rating scale: 

• 1 = Strongly Disagree 
• 2 = Disagree 
• 3 = Neither Agree nor Disagree 
• 4 = Agree 
• 5 = Strongly Agree 

There are no right or wrong answers; please respond as honestly 
and accurately as possible. 

A.1 Items 
• I actively seek as much information as I can in new situations. 
• I am the type of person who really enjoys the uncertainty of 

everyday life. 
• I am at my best when doing something that is complex or 

challenging. 
• I prefer jobs that are excitingly unpredictable. 
• I frequently seek out opportunities to challenge myself and 

grow as a person. 
• I am the kind of person who embraces unfamiliar people, 

events, and places. 
• Everywhere I go, I am out looking for new things or experi-

ences. 
• I like to do things that are a little frightening. 
• I am always looking for experiences that challenge how I 

think about myself and the world. 
• I view challenging situations as an opportunity to grow and 

learn. 

B Webb’s Depth of Knowledge (DOK) Level and 
Criteria 

C Additional Logistic Regression Results 
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DOK Level Definition Art Appreciation Focus 
Level 1 Recall & 
Reproduction 

Requires recall of facts or rote application of 
simple procedures. The task involves 
straightforward recognition or recall of basic 
information. 

Simple identification and recall: Viewers recall specific, 
surface-level details about the artwork (e.g., title, artist’s name, 
medium, date of creation). 

Level 2 Skills & 
Concepts 

Involves more than one mental step; typically 
requires conceptual understanding, 
classification, or comparing/contrasting. 

Interpretation with basic comparisons: Viewers make 
observations or straightforward connections between elements 
of an artwork (e.g., comparing color palettes, noting 
compositional features). 

Level 3 Strategic 
Thinking 

Requires reasoning, planning, and using 
evidence. Questions at this level ask for deeper 
analysis, such as explaining motives or ideas. 

In-depth analysis and explanation: Viewers explore how 
meaning is conveyed, how artists’ context or technique 
influences interpretation, or how the artwork relates to broader 
themes. 

Level 4 Extended 
Thinking 

Demands extended planning, investigation, or 
critical synthesis over time; tasks often involve 
evaluating and reflecting on multiple sources. 

Critical synthesis and personal evaluation: Viewers generate 
comprehensive critiques, integrate various perspectives 
(historical, cultural, emotional), and articulate a personalized 
stance that goes beyond straightforward analysis. 

Table 7: Multinomial Logistic Regression Results of IP Category (Reference Category: AF) 

Predictor Coefficient p-values OR (95% CI) 

Intercept 0.402 0.685 1.495 [0.207, 10.823] 
Curiosity Score -0.036 0.241 0.965 [0.908, 1.025] 
Age -0.006 0.276 0.994 [0.983, 1.005] 
Expected Respondent=Artist 1.046 <0.001 2.845 [1.947, 4.159] 
Gender=Female -0.124 0.534 0.883 [0.597, 1.307] 
Education=Postgraduate 0.170 0.576 1.185 [0.654, 2.145] 
Education=Pre-University 0.266 0.225 1.304 [0.849, 2.004] 
Gallery Visiting Frequency=Once a month or more -0.414 0.130 0.661 [0.387, 1.129] 
Gallery Visiting Frequency=Once a year or less -0.173 0.483 0.841 [0.519, 1.363] 
Gallery Visiting Frequency=Once around half a year -0.423 0.099 0.655 [0.396, 1.082] 
Painting Type = Bird and flower painting -0.107 0.638 0.899 [0.575, 1.404] 
Painting Type = Figure painting 0.304 0.174 1.356 [0.874, 2.103] 

The reference categories: Expected Respondent = Chatbot, Gender = Male, Education = University, Gallery Visiting Frequency = Once 
around three months, Painting Type = Landscape painting 

Table 8: Multinomial Logistic Regression Results of AE Category (Reference Category: AF) 

Predictor Coefficient p-values OR (95% CI) 

Intercept –1.422 0.306 0.241 [0.024, 2.417] 
Curiosity Score –0.018 0.668 0.982 [0.903, 1.068] 
Age 0.002 0.779 1.002 [0.988, 1.017] 
Expected Respondent=Artist 0.395 0.132 1.484 [0.887, 2.483] 
Gender=Female 0.167 0.548 1.182 [0.685, 2.040] 
Education=Postgraduate 0.265 0.517 1.303 [0.585, 2.902] 
Education=Pre-University 0.373 0.225 1.452 [0.795, 2.653] 
Gallery Visiting Frequency=Once a month or more -0.346 0.381 0.707 [0.326, 1.534] 
Gallery Visiting Frequency=Once a year or less -0.135 0.692 1.144 [0.588, 2.225] 
Gallery Visiting Frequency=Once around half a year -0.064 0.854 0.938 [0.473, 1.859] 
Painting Theme = Bird and flower painting -0.080 0.795 0.923 [0.505, 1.686] 
Painting Theme = Figure painting 0.089 0.775 1.093 [0.595, 2.005] 

The reference categories: Expected Respondent = Chatbot, Gender = Male, Education = University, Gallery Visiting Frequency = Once 
around three months, Painting Type = Landscape painting 
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