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Abstract
Art analysis, the process of reasoning through an artwork, culti-
vates critical thinking, empathy, and cultural awareness. However,
historically, art analysis has been inaccessible to individuals outside
of cultural institutions and, more recently, social media platforms,
making individuals passive consumers. Therefore, we developed
ArtBot, a Socratic large language model (LLM) art companion de-
signed to guide users through artwork analysis. We evaluated this
prototype through a within-subjects lab study (n=13), comparing it
to conditions inspired by digital museum collection sites and social
media. Our findings reveal statistically significant differences be-
tween the conditions across several metrics, including self-reported
understanding, the use of complex vocabulary, and writing profi-
ciency. Post-hoc tests revealed that ArtBot and digital collections
performed comparably and slightly better than social media, but not
significantly. These results suggest that AI tools can support deeper
engagement with art in digital spaces while laying the groundwork
for iterative testing.

CCS Concepts
• Human-centered computing→ Empirical studies in HCI.
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1 Introduction
Engaging with art is more than just observation; it is an exercise in
"reasoned perception" that sharpens the mind in various ways [42].
By applying logic and reflection to artistic experiences, individuals
explore the relationship between the work and their interpretation
of it [18]. This process unlocks a range of vital skills—creativity,
cultural awareness, empathy, and critical thinking—that extend far
beyond the art world [18, 24, 42, 54]. However, despite these bene-
fits, access to art analysis remains limited. Social theory historically
suggested that institutions and cultural elites guard this knowledge,
keeping it out of reach for many [1, 7, 25]. Recently, scholars argue
social media platforms act as "infomediaries" and "gatekeepers,"
pushing users into passive consumption of algorithm-driven con-
tent [29, 30]. Human-computer interaction (HCI) researchers are
calling for a shift [43], advocating for artificial intelligence (AI) tools
that empower users to critically engage with digital content [39, 53].
We argue that art analysis is not just a skill but a critical foundation
for developing essential thinking skills in our increasingly digital
world.

We introduce ArtBot, an art companion built on a large language
model (LLM) designed to act as a Socratic opponent, an agent
designed to challenge the user with questions while observing
artworks. ArtBot is a concrete prototype for exploring the potential
of a new algorithmic experience (AX) [2]. Internally, ArtBot uses
Retrieval Augmented Generation (RAG) upon a custom knowledge
base to provide depth and completeness about art pieces being
discussed, comprising of a combination of open-source information
about these works, curator-provided information, and additional
open data collected from auction house records [51].

To understand the potential and challenges for ArtBot as a So-
cratic opponent for art appreciation, we conducted an exploratory
study with the prototype through a within-subjects experiment
(n=13). The experiment had participants view nine artworks in
three randomized conditions that replicated three art experiences.
One condition replicates a digital collection page containing art
and some wall text written by a curator or art historian. Another
replicates a social media post with an image and a basic label un-
derneath. The third condition is ArtBot, where the AI accompanies
the image and label. Our research questions are as follows:
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• RQ1 - Could a Socratic opponent for digital art experiences
help art observers experience art with a critical perspective?

• RQ2 - What are the design challenges and opportunities in
building AI-driven Socratic opponents for art experiences?

We found statistically significant differences between the condi-
tions on three primary metrics: self-reported understanding, the
use of complex vocabulary, and writing proficiency. Post-hoc tests
revealed that the prototype performed at the same level as a digi-
tal collection experience in some of these metrics, both of which
outperformed the social media experience.

Based on these findings, we discuss how tools like these could be
expanded to better collaborate with users as they review creative
work and develop their perspectives.

2 Related Work: Art Analysis for the People
Art analysis is a skill that highly benefits individuals [1]. Nonethe-
less, outside formal art education, the skillset is not accessible to
everyone. Studies have shown that factors like socioeconomic sta-
tus and education level are related to one’s likelihood of conversing
about art, the type of conversation one will have, and the type of art
one will likely discuss [25]. The societal divide around art is not a
new phenomenon; many scholars refer back to Bourdieu’s concept
of "cultural intermediaries" when discussing how fragmented ac-
cess to art analysis and education is among different groups [7]. The
term referred traditionally to institutions like universities and mu-
seums that have been the gateway to cultural reflection as cultural
exposure moved from these physical institutions to digital spaces,
as did the evaluation of art. While more pieces were accessible to
audiences, the language and depth of knowledge were arguably lost
[43]—eventually, click-bait captions and opaque recommendations
replaced expert wall text and curated exhibits.

Morris has labeled this transition as creating cultural "infomedi-
aries" [30]. The idea is that recommender systems on social media
platforms dictate what we see and consume. Manovich agrees with
this argument by describing how social media impacts the public’s
aesthetic values and tastes as a universal curator [26]. While social
media is built to collect and monetize user data, scholars, even
among the HCI community, argue it still plays the role of a curator
dictating how and what we see [14, 21].

In both cases, the ability of any individual to gain adequate ac-
cess to art information and analyze the content they are seeing
is limited. To combat this lack of access, many museums have at-
tempted to develop open-access digital collections [45] or establish
their presence on social media [22]. However, not all systems are
fully digitized; many are still catching up with recording all the
information in their massive collections, or they struggle to achieve
the appropriate tone of voice for social media. Due to this existing
lack of access, we argue that ArtBot has the potential to democratize
high-quality art information to wider audiences.

In the study, we compare ArtBot’s performance to that of a digital
collection and a social media example. Based on the results, ArtBot
may become more accessible than a traditional institutional expe-
rience without sacrificing quality and the benefits of art analysis,
like the shallower social media condition.

3 Developing ArtBot
ArtBot is our approach to democratizing art analysis through a
digital experience for a wide range of users. Its development fol-
lowed four stages: gathering design requirements from literature,
accessing quality art data, testing customizable LLMs, and finding
open-access artwork.

Starting with design requirements, we turn towards recent re-
search into literature on algorithmic experiences of art recommen-
dation. Recent studies have argued that art experiences need "active,
beneficial partnerships rather than one-sided content pipelines"
[56]. This motivated us to consider how a large language model
could be paired with a displayed artwork, allowing users to in-
teract and discuss the art directly with the algorithmic system. A
second inspiration area for the design was the speculative design
approach of Slow Technology [20, 33]. The original paper argues
that researchers can prompt reflection in users by slowing down
experiences that tend to be accelerated by technology. As we are
looking to improve art analysis by challenging the speed and shal-
low interactions of social media, the design philosophy of Slow
Technology was incorporated into our development of ArtBot. Fi-
nally, we reviewed recent HCI papers that featured the development
of experimental prototypes [38, 46]. Their insights into the degree
of fidelity and delivery system of the prototypes also informed our
approach.

With our design approach solidified, we turned toward the sys-
tem’s back end. As we set out to build a customized large language
model, one of the challenges became equipping it with knowledge
specifically about artworks. The answer was to build the model as
a retrieval-augmented generative (RAG) model. These models rely
on a unique dataset the LLM can encode and then parse to improve
and specialize its answers. However, that requires a specialized
dataset of art data, and as stated in Section 2, digital collections are
often incomplete. Therefore, we turned to the open-source dataset,
AppraiSet [51]. This dataset was built on art auction data, which in-
cluded information about artists and artworks through provenance
and condition reports. HCI research has explored the dataset to
improve art metadata exploration [52].

We decided to utilize local LLMs for the rapid prototyping needed
to develop ArtBot. The basic model details came from open-source
tools like Ollama [3], which allowed us to download various local
models for early experimentation and design. Having a local model
meant we could keep some level of control over it as we worked
to fit it within the overall algorithmic experience of the prototype.
Running the prototypes and eventual experiments locally meant
we could account for the data protection practices required by
our institution’s research ethics committee. Furthermore, we could
develop our model files, which could be customized for different
parameters and system prompts to customize themodel. The unique
capability of this prototype is the ability to prompt the user. This
was inspired by education and critical thinking literature [12, 37, 55].
Building the LLM to function as a Socratic opponent, an agent
designed to question the user about artworks, for art education was
the main task of the system prompt.

With the prototype functionality established, the final step was
displaying art objects. We contacted The Ashmolean Museum,
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Figure 1: This is an image of the ArtBot experience. An art-
work is presented to the user on the left side, while the AI
interaction is available on the right side.

which is free to the public and has an open digital collection. Work-
ing within their terms of service, we selected nine paintings ran-
domly from their heavily featured Western art section, ranging
across different art styles spanning 200 years. This was done to
avoid heavily featuring any single artist or style, which may sway
opinions. We acknowledge that only using paintings from Western
Artists heavily skews the prototypes towards a particular perspec-
tive. The decision was made based on the prototype’s image quality
and presentation capabilities. While the museum features artwork
from all over the world, the pieces from other cultures were often
artifacts better viewed in three dimensions, which is not a capa-
bility the prototype was built for. Therefore, paintings were the
best option for displaying the artwork, and that limited us to their
extensive collection of Western art paintings.

3.1 The Experiment Ready Version
The experiment-ready version of ArtBot was built on a Llama 3.1
model [28] with specific art support from the AppraiSet art dataset
[51]. The nine artworks and their exhibit wall text were added to
the dataset. To ensure the dataset also had information about the
visual contents of the image, we had GPT4 visually analyze the
artworks before outputting a paragraph description of the work. A
custom system prompt managed all of this (see Appendix A). With
ArtBot working, the final step was to package it in a local web app
for testing. See Figure 1 for a standard view of ArtBot. The artwork
is always displayed on the left, with the caption below it, offering
the user a starting point to begin the conversation. We have placed
questions and example text around the chat window and within the
chatbox to guide the user in initiating the conversation. Naturally,
due to the Socratic method implemented in the system prompt,
once the first message is sent, the ArtBot will take over, prompting
the user with its questions about the work. The user can engage
with the conversation as long as they wish and exit by clicking
away or using a Llama 3.1 stop word. For testing purposes, we also
included a button that will allow us to download the contents of
the chat locally for diagnostics and further analysis. Readers can
find the base code in the Supplementary Materials.

4 Experimental Methods
4.1 Participant Recruitment
Due to the controlled nature of the prototype, participation was
done in person in a controlled academic space (study rooms, meet-
ing rooms, and classrooms). Therefore, participant recruitment was
also done in person on a university campus through advertising
posters, in-person flyering and advertising, and direct messages
sent across the researchers’ networks. Informed consent was col-
lected before conducting any research or data collection. All of
the user research was approved by our institutional ethic review
(approval code: CS_C1A_24_019)

In the end, 13 participants were recruited, mostly graduate stu-
dents aged 18-44. Participants represented six global regions (Mid-
dle East, Europe, Africa, Oceania, South America, and South Asia).
The gender breakdown was approximately 15% non-binary, 38%
male, and 47% female. Regarding their experience with art and art
museums, participants reported going to museums approximately
2-12 times in the last year. Two participants reported having gone
fewer than twice in the last year, and one reported going over 25
times within the last year. Their average self-reported knowledge
of Art is 3.31 on a scale from 1-7, where 1 is a complete novice,
and 7 is a student of Art. Similarly, their comfort with LLMs and
chatbots was, on average, 3.46 on a scale from 1-7, where 1 had
never used LLMs, and 7 had used them multiple times. See Table 1
for an overview. All participants considered themselves fluent in
English, if not native speakers.

4.2 Study Design
We conducted a within-subjects experiment comparing ArtBot to
two other conditions reflecting current art experiences. This de-
sign controls for participant variance, particularly given our highly
educated participants with diverse experience in art and LLMs.
Each participant interacted with all three conditions, each repeated
three times to ensure reliability. We randomly assigned nine im-
ages per participant to prevent fatigue and favoritism to specific
artworks (three per condition). Inspired by recent HCI studies [46],
our approach integrates an experimental prototype with a formal
study. The order of conditions and image assignments was fully
randomized to mitigate ordering effects [41] and reduce variability
introduced by different artworks. See Table 2 for a breakdown of
the study design.

Digital Collection. The digital collection condition aims to repli-
cate a page on a museum website. With greater digital resources
available, digital collection pages have become popular offerings
on museum websites [5, 8]. These digital collections are also often
the subject of redesigns by researchers [6, 19, 27], making them a
well-established user experience against which ArtBot can be com-
pared. The participants are presented with an image with a label
including the title, year, artist name, and materials. The image and
label are supported by a plaque of "wall text" written by a curator
or art historian. See Figure 2a.

Social Media. The social media condition replicates a social media
post. In this case, the image is central to the digital screen and
accompanied by a short label. The label, again, is made of the title,
year, artist name, and materials. See Figure 2b.
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(a) (b)

Figure 2: This figure contains two images of the experimental conditions for the digital collection (a) and social media post (b).
Each show an image presented to the user with varying degrees of

ArtBot. The final condition is our prototype. The image and label
are kept the same, but instead of having a plaque with wall text,
the participants are presented with the interaction area where they
can chat with the LLM about the piece.

Following each condition, the participants are presented with
a Likert question asking how much they understood about the
artwork from 1-7. Then, they were asked one larger text question,
asking them to explain their position. The combination of a short
reaction question followed by a question asking for justification
is pulled from education curricula [16, 31, 34]. All 13 participants
answered these questions, but one participant’s form was deleted
due to an issue with Microsoft Forms.

4.3 Data Analysis
From each participant, we received nine Likert responses and nine
essay responses, one of each for every randomized image and con-
dition. For the Likert scale responses, we used a 𝜒2-test for indepen-
dence [41] comparing the categorical values of the scale responses
with each test condition. If the test returns a statistically significant
p-value < 0.05, we conducted posthoc Bonferroni adjustments [41]
to see which, if any, combination of variables was statistically sig-
nificant. We used the stats module from the scipy Python library
[50] for these calculations.

We used two analysis methods for the essay responses: computa-
tional text analysis and human grading. The text analysis assessed
quality, complexity, and readability, while the human grader evalu-
ated understanding and artistic concept mastery based on curricu-
lum standards. The following paragraphs detail each approach.

The computational text analysis method comes from the textstat
Python library [4] and allowed us to gain measures on the word
length, number of complex words, and predicted grade level. The
grade level prediction score combined multiple grade level predic-
tors to output an estimated year range (9th to 10th grade), which
we marked as a value of 9.5. A score like this would correspond
to a student in the first year of secondary school. The calculation
combines established readability scores that have been used and
built upon over the last 80 years [9, 10, 13, 15, 36]. We treated this

as a continuous variable as these measures correspond with aca-
demic year lengths from 0.5 - 23.5. Once all of the text analysis
metrics were calculated, we used the statsmodels Python library
[40] to perform repeated measures ANOVA tests to see if there was
a statistically significant difference between the means of the three
conditions. If the test revealed a statistically significant difference,
we performed post-hoc Tukey method tests [41] to see which of
the three conditions differed from each other.

The second author has formal education training and profes-
sional experience as an educator in multiple nations. Their specific
work has included museum educational outreach aimed at teaching
school children of various ages how to examine and describe the
artworks they see. They served as the human assessor for the text
responses and were kept blind from the results of the other analyses
and which responses came from the conditions. The second author
developed a rubric (see Table 3) to evaluate the essay responses. The
rubric was built on the foundations of the British Columbia Curricu-
lum, first fully implemented in 2019 [34]. Following the Provincial
Proficiency Scale, the responses were assessed along the criteria of
Emerging, Developing, Proficient, and Extending [35]. Similar arts
education policies are in place in the USA [31] and United Kingdom
[16]. The Arts Education curriculum for Secondary Students high-
lights the significance of applied knowledge, personal connections,
and clear communicationwhen discussing and reflecting on art. The
curriculum determined the qualities the rubric assessed. The use
of ArtBot replicates the technique of dialogic teaching, a pedagogy
that enshrines learning within the framework of a conversation
[44]. While the algorithmic assessment of the responses was purely
focused on the quantifiable data, the responses following a dialogue
with the AI present similar levels of development and growth as
a traditional dialogic classroom lesson: “...it would be appropriate
to base the assessment of students’ literacy development, at least
in part, on an examination of the communicative competence they
display in structured group discussions about the texts they have
read.” [44]. Following the development of the rubric, the assessor
also evaluated all of the text responses, providing them with scores
ranging between 4 and 16.
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5 Results
5.1 Likert Responses
Likert scale ratings of understanding an artwork are categorical
comparisons across the randomized research conditions. Therefore,
our null hypothesis is that the reaction to the artwork is indepen-
dent of the conditions.

In their self-reported understanding of the artwork, the 𝜒2-
test returned a statistically significant result (statistic=21.41, p-
value=0.044). This means we could reject the null hypothesis and
state that there is a relationship between self-reported understand-
ing of the artwork and the conditions. The proportional distribution
of responses across the conditions can be seen in Table 4. There
appear to be more instances of greater understanding among the
Digital Collection and AI conditions with more instances of lesser
understanding in the Social Media condition. While differences
are based on the 𝜒2-test, the Bonferroni adjustment results show
we cannot say which differences are significant. In this instance,
both the Digital Collection and AI conditions record higher un-
derstanding ratings, while social media predominantly has lower
levels.

5.2 Text Responses
In evaluating the text responses computationally, our repeated
measures, ANOVA, have the null hypothesis that there will be no
difference in performance across the three conditions when we
examine the length of text, the number of complex words, and the
grade level of the writing. We could not reject the null hypothesis
for the length of text; the number of words written did not alter
statistically based on the condition.

We did receive statistically significant ANOVA calculations based
on the number of complex words across the conditions and the
grade-level calculation. For the number of complex words (F = 3.78,
p-value = 0.038), we could reject the null hypothesis and state that
there is a difference based on the condition. As seen in Figure 3a,
the variance in complex word counts for participants in the Digital
Collection and AI condition was relatively high, even though their
averages were above that of the Social Media condition. Due to
this large variance, the post-hoc Tukey test could not determine
which of the conditions were statistically different from each other.
In the grade-level analysis (F=6.38, p-value = 0.006), we can reject
the null hypothesis and state that grade level differs based on the
experimental conditions. In Figure 3b, the variance between the
Digital Collection and AI conditions overlap while the Social Media
condition is lower than either one; this is further reinforced by the
posthoc Tukey measurement that identifies statistically significant
differences between the Digital Collection-Social Media conditions
and the AI-Social Media conditions. The post-hoc test did not find a
difference between the Digital Collection-AI conditions, indicating
they are statistically comparable.

After the grading was completed, the scores associated with each
text response delivered by the human assessor were also gathered
for repeated measures of ANOVA. With the null hypothesis set that
there would be no difference in performance across the three con-
ditions, the test returned a non-significant result (F = 1.53, p-value
= 0.239) meaning we cannot reject the null hypothesis. When the
averages and variance were plotted in Figure 3c, there is evidence

that the variety in response quality across users in the conditions
meant the differences between conditions were insignificant.

6 Discussion
In this work, we present the results of our exploratory study com-
paring ArtBot to digital collections and social media conditions.
Based on the quantitative analysis, the prototype outperformed the
social media condition on self-reported understanding, usage of
complex language, and writing proficiency.

Based on the findings, we discuss the ability of ArtBot to expand
access to art analysis (Section 6.1). We reflect on whether ArtBot
delivers on its ability to be more accessible while still upholding the
quality of information expected of an art companion. We also con-
nect our findings back to ongoing discussions in the field of HCI on
the relationship between user satisfaction and system performance.

6.1 Did it Work?
ArtBot was successful on two fronts: how it performed compared
to the other conditions and how our participants received it. We
measured performance quantitatively across all the conditions in
a randomized within-subjects study. Based on the realities of art
analysis access for individuals outside of institutions (outlined in
Section 2), we set out to see if ArtBot can digitally deliver art
experiences without sacrificing the depth of information (RQ1). In
other words, we want to see ArtBot outperform social media while
performing the same or better than the digital collection and social
media experiences.

Our results confirm this hypothesis. Our findings identified sig-
nificant differences between the conditions regarding self-reported
understanding of the artworks viewed and the complexity of their
essay response. We found that the AI and Digital Collection condi-
tions had a higher percentage of users reporting a deeper under-
standing than the social media condition. Simultaneously, ArtBot
and the Digital Collection outperformed the social media condition
in the text responses. This suggests that ArtBot offers a unique
digital experience that delivers the same level of information as the
Digital Collection condition. By comparing our findings to the liter-
ature cited in Section 2, we see how ArtBot compares to the cultural
intermediaries [7] and infomediaries [30]. As these cultural institu-
tions are the current benchmark for critical engagement with art,
we can answer RQ1 that ArtBot and Socratic systems can deliver
critical art experiences for audiences.

ArtBot and digital collection experiences outperformed the social
media condition, supporting Morris’s and other HCI scholars’ warn-
ings about the rise of algorithmically powered recommendation
systems and their influence on our artistic and cultural experiences
[14, 21, 26, 30]. We can provide early evidence urging against the
reliance on infomediaries to decide what aspects of art and culture
we encounter.

RQ2 considered the challenges and opportunities of ArtBot and
Socratic LLM systems. Onemajor challenge drawn from the findings
is balancing the usage of ArtBot with digital collections. To consider
this decision we must explore which experience provides greater
user satisfaction. User satisfaction has been a qualitative question
common in HCI literature [23]. Notably, in 1994, Nielsen et al. and
Gatian explored the power of user satisfaction and the instances
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(a) (b) (c)

Figure 3: The three figures depict the box plots for analyzing the essay question of our participants. Each one depicts the three
conditions: social media (blue), digital collection (orange), and AI (green). The order of the measurement is difficult words (a),
grade level (b), and human assessor (c). Full-size images can be seen in Appendix B.

arguing that high user satisfaction often relates to positive outcomes
when using a system or device [17, 32]. Beyond this LBW paper, we
will explore our qualitative data relating to ArtBot to find answers
to user satisfaction compared to the other conditions.

The major opportunity, in response to RQ2, resides in the ac-
cessibility to art analysis and arts education. The technological
application of language models to art data allows entirely new in-
teractions for users to explore. Therefore, we propose comparing
ArtBot with other AI-powered tools like the Living Museum app
[47], various LLM museum guides [48, 49], or CulturAI [11]. As all
of these tools are early implementations of novel technology, it is
valuable for researchers to gain an understanding of their capabili-
ties and limitations. Our paper provides evidence that these tools
can provide access to art analysis in digital environments without
losing the quality expected of a museum site.

7 Limitations and Future Work
ArtBot remains an experimental system that requires further testing
and development. Future work can expand the type of art presented
from a more global collection to reflect the international user group,
which we plan to expand beyond 13 participants. Additionally, the
study only used paintings, which is only one type of medium; fu-
ture work can explore other forms by building in video support.
Furthermore, we only replicate one form of social media, not the
widely popular short-form video social media. Again, a future iter-
ation of this study could compare ArtBot to this type of interaction.
Finally, we already have a body of qualitative data that needs to be
analyzed for additional iterations on ArtBots design beyond this
Late-Breaking Work.

We are looking forward to future work on ArtBot and related
AI technologies. We have made the code open-source, encouraging
further exploration of novel art experiences.

8 Conclusion
In this paper, we set out to deliver a novel algorithmic experience
for art analysis, a skill previously inaccessible to individuals out-
side cultural institutions or powerful platforms. We presented the

development of ArtBot, a Socratic LLM art companion, and tested
it compared to digital collection and social media experiences. The
findings revealed that ArtBot offers similar benefits to art analysis
as a digital collection does with wall text next to an artwork. We
argue that the findings support greater access to art analysis, which
aids individuals with critical thinking. We present ArtBot as an
early example of critical thinking support AIs that offer a novel
interaction experience requiring users to engage more actively with
their own cognitive processes.
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A ArtBot System Prompt
You are an art history tutor listening and responding to someone’s observations about an artwork. Use the following pieces of
retrieved context to answer their questions. Limit your response to 4 sentences. End every answer with one relevant question.
Question: {question}
Context: {context}

B Supporting Charts and Figures

Table 1: An overview of our participants and their relationship to art and LLMs before the study began.

Participant Art Knowledge (1-7) LLM Comfort (1-7)
P1 2 4
P2 3 1
P3 2 2
P4 1 2
P5 3 3
P6 7 7
P7 6 6
P8 3 3
P9 6 2
P10 3 2
P11 3 5
P12 1 3
P13 3 3

Table 2: The three conditions of the within-subjects experiment.

Condition Num. of Images Situation
Digital Collection 3 Presented an image

along with the
official wall text.
Participants could
view the art and
read the text before
responding.

Social Media 3 Presented an image
with just a caption
including artist
name and title, no
wall text.

ArtBot (AI) 3 Presented an image
with the caption,
but have the
interaction with the
LLM before
responding.
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Table 3: The rubric developed to score the study participants’ text responses. Built on the literature of various national curricula.

Category Emerging (1) Developing (2) Proficient (3) Extending (4)
Emotional Connection I can identify what

binary emotion this
painting makes me feel.

I can identify what
binary emotion this
painting makes me feel,
and a scale of this
emotion.

I can identify how this
painting makes me feel
beyond a binary emotion.
I can use complex
language to identify one
or more emotions and
explain why.

I can identify my
emotional connection to
this piece and compare it
to previous experiences
or learnings from my
life.

Interpretation I cannot identify what
the painting is depicting.

I can make a guess about
what the painting is
depicting.

I can use clues to make a
guess about what the
painting is depicting.

I can use clues to
confidently identify my
own interpretation of the
painting, then explain
my answer in detail.

Language I can use simple words
without sentences.

I can write in sentences
using simple words to
express simple ideas.

I can write multiple
sentences to express my
ideas.

I can write multiple
sentences to express
complex and abstract
ideas.

Information Retention I cannot use the
information provided in
my response.

I can use the information
provided about the piece
to make a simple
observation.

I can use the information
provided to influence my
interpretation of the
painting.

I can use the information
provided to influence my
response, and then use it
to refer to previous
knowledge.

Table 4: Distribution of responses for the self-reported understanding of the artworks divided by condition. The scale rating
describes users’ reported understanding with 1 being low and 7 being high understanding of the artwork. A chart version can
be seen in Appendix B.

Scale Social Media Digital Collection AI
1 83.33% 0% 16.67%
2 61.54% 30.77% 7.69%
3 30% 40% 30%
4 27.78% 27.78% 44.44%
5 28.57% 23.81% 47.62%
6 24% 44% 32%
7 0% 66.67% 33.33%

Figure 4: A larger chart representing the counts of responses to the Likert question asking user how much they understood the
artwork.
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Figure 5: This boxplot displays the quartiles of difficult words used by the participants across each condition. While these are
significantly different individual difference between conditions could not be specified by the Tukey post-hoc test.

Figure 6: This boxplot displays the quartiles of grade level of the writing made by participants across each condition. These
measures are different with both the Digital Collection and AI condition having a higher grade level than the social media
condition.
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Figure 7: This boxplot displays the quartiles of the rubric score of the participants across each condition. These measures were
not found to be significantly different across conditions.
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