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Abstract
Museums play a critical role in promoting public understanding
of emerging technologies like artificial intelligence (AI), but it is
unclear what design features lead to learning about AI in museums.
We contribute a design research exploration of how embodiment
and creativity foster AI literacy in museum exhibits. We present
design prototypes of three museum exhibits—DataBites, Knowledge
Net, and LuminAIx—that aim to teachmiddle schoolers about AI.We
present results from a qualitative analysis of an in-museum study
in which we examined participants’ understanding of and interest
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in AI through interviews and video recordings. Our findings illumi-
nate how creativity fosters interest in AI and how different forms
of embodiment contribute to learning about AI. We recommend
that AI museum exhibits utilize creative and personally relevant
activities to engage middle schoolers, support hybrid conceptualiza-
tions of AI, and leverage tangible interaction to make AI concepts
approachable.

CCS Concepts
• Human-centered computing → Interface design prototyp-
ing; Interactive systems and tools; Empirical studies in inter-
action design; • Applied computing→ Interactive learning
environments.

Keywords
informal learning, museum exhibit, AI literacy, creativity, embodi-
ment, prototyping, design research, AI education
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1 Introduction
Museums play a critical role in promoting public understanding of
emerging technologies, including artificial intelligence (AI), as they
are spaces that encourage inter-generational dialogue, collaborative
sense making, and creative, interest-driven exploration [24]. De-
signing interactive systems to foster broader public AI literacy—or
the set of competencies necessary for informed, critical engagement
with AI [41]—has been a growing area of interest in HCI research
[6, 64, 70], especially for young people whose interests and career
aspirations are shaped by this evolving technology. However, only
a few projects have explored how to design interactive museum
exhibits to foster AI literacy [34, 37]. There is a need for more re-
search investigating what design elements support learning about
AI through museum exhibits.

Prior work indicates that interactions that involve embodiment
(moving with the body or using body knowledge [39, 47, 50]) and
creativity (making novel or personally relevant artifacts [14]) are ef-
fective at promoting learning about AI in informal learning spaces
[21, 40]; however, this literature has not yet pinpointed specific
types or aspects of embodiment and creativity that lead to learning
about AI in museum exhibits. We aim to surface such aspects so that
exhibit designers can effectively foster learning about and interest
in AI through their designs. In this paper, we present the first stage
of an iterative design-based research process [1] investigating how
embodiment and creativity contribute to learning about AI in mu-
seum exhibits. We explore two research questions: RQ1) How can
we leverage embodiment and creativity to design museum exhibits
to foster middle schoolers’ (ages 10-14) AI literacy? ; and RQ2) How
do embodiment and creativity influence the development of middle
schoolers’ AI literacy and interest in AI? To answer these questions,

we engaged in conjecture mapping [58] to articulate hypotheses
about how we expect embodiment and creativity to facilitate learn-
ing in visitor interactions with museum exhibits, instantiated these
conjectures in design prototypes, and evaluated the designs in-situ
through a study with middle schoolers in a science and technology
museum.

This article presents the designs of three novel museum exhibits
that teach middle schoolers about AI: DataBites [18], in which
learners train a machine learning model to recognize pizzas and
sandwiches; Knowledge Net [57], in which learners control a virtual
world by creating a knowledge representation; and LuminAIx [67],
in which learners dance with an AI dance partner. We conducted a
museum study to determine whether–and how–our designs foster
learners’ AI literacy and interest in AI. We synthesize our findings
into future directions for our designs and design principles for
museum exhibits to foster AI literacy. The main contributions of
this paper include 1) a set of novel exhibit designs that leverage
creativity and embodiment to foster AI literacy, 2) empirical findings
and design principles that articulate mechanisms of creativity and
embodiment that lead to AI learning and interest development,
and 3) a multi-case analysis of different types of embodiment and
creativity leveraged in AI learning across three exhibits.

2 Related Work
2.1 AI Museum Exhibits
A few projects have investigated how to foster AI literacy through
museum exhibits. Some museums have developed exhibits to en-
gage young learners in conversations about AI by showing appli-
cations of AI [2], teaching about data and algorithms [26], and
comparing human vs. AI capabilities [4]. However, there have only
been a few empirical studies that examined how visitors interact
with and learn from AI exhibits [34, 37]. These studies posit that
collaboration [34] and personally relevant activities [37] can en-
gage visitors, but more research is needed to investigate the role of
embodiment and creativity in learning about AI through a museum
exhibit.

More research has investigated how to foster middle school-
ers’ AI literacy in other informal learning environments, such as
summer camps or after-school groups [53, 68, 70], video games
[6, 64], and at-home learning [21, 43–45]. However, design features
that support learning in these spaces do not necessarily transfer to
museums. In museums, interactions are typically brief, collabora-
tive, visitor-led, and need to be enjoyable and rapidly engaging [31],
whereas in other environments, learners may be led by an instructor
and engage with materials for extended periods of time. More re-
search is needed to investigate whether design features for fostering
AI literacy in informal learning spaces (some of which draw on cre-
ativity [17, 20, 43, 64] and embodiment [22, 27, 35, 43, 45, 46, 61, 69])
transfer to museums, or whether new approaches are needed in
museums.

2.2 Embodiment & Learning
The role that the body, movement, and bodily knowledge play
in learning has been explored extensively [39, 47, 50]. Learning
scientists have conceptualized various forms of embodiment that
contribute to learning in different ways [71]. In our work, we have

https://doi.org/10.1145/3731459.3773305
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selected three forms of embodiment–tangible user interfaces, body
knowledge, and full-body interaction–to explore in our exhibits,
due to prior work indicating that they can make abstract concepts
more concrete, approachable, and engaging [27, 35, 43, 45, 46, 54,
69]. Various forms of embodiment are also particularly effective
at fostering learning in museums by making learning experiences
apprehendable and enjoyable [7, 16]. We review prior work on the
three forms of embodiment we focus on below.

Tangible user interfaces leverage physical materials as a way of
interacting with digital interfaces [50]. Tangible user interfaces can
make abstract concepts more concrete for learners when the physi-
cal materials invite learners to reflect on the materials’ underlying
representations [50]. This form of embodiment has proven effective
at fostering learning about knowledge representations and machine
learning in an at-home family learning activity, in particular by
reducing intimidation and making AI more approachable [45]. Sim-
ilarly, other work has found that tangible user interfaces leveraging
familiar materials such as light can reduce intimidation in learning
about AI [69].

“Stepping into the shoes” of an agent allows learners to use their
own understanding of their body (i.e., their body knowledge) to
reason about abstract concepts more concretely [8, 11, 23, 52, 63].
Learners can draw on conceptual metaphors [36] (i.e., reasoning
about one idea through understanding of another) and embodied
schemata [32] (i.e., structures of reasoning formed through bodily
interactions) to make meaning. Prior work in both formal and in-
formal learning contexts has demonstrated that this approach is
successful in teaching non-technical learners about abstract AI con-
cepts [22, 27, 46, 61]. For example, one study found that supporting
learners’ use of their body knowledge in the design of an exhibit
about computational music remixing facilitated their sense-making
and reasoning about interactions and patterns [46].

Full-body interaction allows learners to manipulate interface out-
puts using their body movements [30, 38, 49, 60]. This type of in-
teraction has been shown to make learning about abstract concepts
more intuitive by leveraging learners’ unconscious understanding
of movement and the relationships between movements [9]. Full-
body interaction has been used to design learning interventions
in mathematics [5], physics [49], and computing [33, 54]. In one
study, learners at a remote camp run by a community organization
connected abstract computing concepts to their concrete physi-
cal movements by creating computational artwork using dance
movements as an input medium [54].

Although embodiment has been shown to support learning about
AI and other abstract concepts in various informal learning envi-
ronments, more research is needed to investigate what modes of
embodiment are effective in promoting learning about AI in a mu-
seum setting.

2.3 Creativity & Learning
We consider creative activities to include ideation and improvisa-
tion, engagement with artistic practices, and generation of person-
ally meaningful artifacts [14]. In various STEM learning environ-
ments, creativity is motivating; for example, creative activities such
as computational music remixing [48] and e-textile construction
[15] have fostered young learners’ interest in computing. In more

recent work, creative activities (e.g., collaboratively drawing with
a robot [66] or coding a game with an ‘AI friend’ [20]) and person-
ally relevant activities (e.g., using generative AI to create a movie
script about favorite video game characters [17]) have fostered
young learners’ interest in and engagement with AI. Additionally,
creativity has been shown to facilitate personally relevant meaning-
making, which can foster prolonged engagement (i.e., spending
extended time interacting actively and meaningfully with exhibits)
in a museum environment [3, 12, 24]. However, there have been no
empirical studies examining how creative and personally relevant
activities can foster learners’ engagement with learning about AI
in a museum setting. More research is needed to identify whether
and how creativity can mediate young learners’ engagement with
an AI museum exhibit.

3 Exhibits Overview
We provide an overview of the exhibits we developed using a design-
based research approach, which emphasizes iterative design and
in-situ evaluation of learning experiences [1, 59]. As part of our
design-based research process, we created conjecture maps [58] for
each exhibit. Conjecture maps are a method commonly used in the
learning sciences for simultaneously evaluating designs and theory
in in-situ testing environments. Previous work has demonstrated
the value of conjecture mapping for evaluating the design of infor-
mal learning experiences [51, 72]; thus, we leveraged the method to
study our exhibits in a museum context. Conjecture maps hypothe-
size that certain design elements lead to mediating processes which
produce the desired outcomes, and these three elements "provide the
structure for mapping specific, testable conjectures of the relations
among them" [58]. Our conjecture maps guide our design process,
articulate how we hypothesize learning takes place in each exhibit,
highlight the instantiation of the conjecture in our designs, and
outline the observable processes (i.e., mediating processes) that lead
to our desired learning and interest development outcomes.

We defined two overarching conjectures – one relates to em-
bodiment and the other to creativity (Figure 2). From those, we
developed exhibit specific conjectures that guided design and eval-
uation. We designed these conjecture maps by developing initial
hypotheses about how embodiment and creativity may affect learn-
ing about AI based on existing literature. We then iteratively refined
the conjectures throughout our design process and pilot tests. We
present our final conjecture maps alongside the exhibit designs and
exhibit learning objectives (which are based on existing guidelines
for teaching young people about AI, including Long & Magerko’s
AI literacy competency framework [41] and the AI4K12 group’s
grade-level objectives for AI education [62]) below.

3.1 DataBites
3.1.1 Exhibit Conjectures. In our embodiment conjecture forDataBites
(Figure 4), we hypothesize that allowing learners to physically ma-
nipulate data makes the abstract concept of a dataset more concrete
and engaging, leading to better understanding of our first and sec-
ond learning objectives (see Table 1). In our creativity conjecture,
we posit that prolonged, open-ended, and fun creative engagement
enables learners to connect familiar interests (such as their favorite
pizzas and sandwiches) with AI, fostering sustained interest in AI



TEI ’26, March 08–11, 2026, Chicago, IL, USA Darabipourshiraz & Rollins et al.

Figure 2: Overarching Conjectures: Embodiment and Creativity

Table 1:DataBites learning objectives.We refer to these learn-
ing objectives as DBLO# (DataBites Learning Objective #).

DataBites Learning Objectives
DBLO1:ML is a type of AI in which the computer learns pat-
terns from many labeled examples.
DBLO2: Building a ML application involves multiple steps, in-
cluding dataset preparation, training, and testing.
DBLO3: Human programmers decide what to include in the
datasets of examples that are used to train AI.
DB LO4: The types of examples included in a training dataset
affect the decisions the AI makes.

Figure 3: DataBites exhibit prototype. Top left: Tangible
pieces for creating the training dataset. Bottom left: But-
tons to start, train, and restart. Right: Full exhibit setup.

and a deeper understanding of the human role and the types of
examples included in datasets when teaching AI (DBLO3, DBLO4).

3.1.2 Exhibit Design. The design of DataBites, informed by our
conjectures, allows learners to train a computer to classify pizzas

and sandwiches by constructing a dataset with tangible pieces of
pizza toppings and sandwich fixings (Figure 3). After constructing
their dataset, learners hit the “Train” button to train an image
classification pipeline. The pipeline learns patterns from an image
of the learner-created dataset (captured using an overhead camera),
then shows the classification results of a predetermined test dataset
along with feedback to the learner via a wall projection (Figure 5).
The machine learning pipeline is implemented as a CNN binary
classification model, which leverages transfer learning to make
final predictions highly sensitive to user input. The six learner-
provided images are passed through the pretrained CNN to extract
intermediate feature representations, which are then used to train
a separate classifier exclusively on these images. This setup helps
learners see how their dataset impacts the classification of the test
images.

3.2 Knowledge Net

Table 2: Knowledge Net learning objectives. We refer to these
learning objectives as KNLO# (Knowledge Net Learning Ob-
jective #).

Knowledge Net Learning Objectives
KNLO1: AI uses organized formats called knowledge represen-
tations to store information about ideas and how they connect.
KNLO2: AI is not all-knowing; its knowledge is restricted to
the information people give it.
KNLO3:When you input incorrect or unusual information into
an AI, it will generate incorrect or unusual outputs.

3.2.1 Exhibit Conjectures. The embodiment conjecture for Knowl-
edge Net (Figure 6) theorizes that learners can utilize their body
knowledge (i.e., their understanding of anthropomorphic bodies
and motion) to reason about how their character will look and move
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Figure 4: DataBites Conjectures: Embodiment and Creativity

Figure 5: DataBites Exhibit UI. Top left: Start page with a brief intro to supervised ML, Top right: Live dataset creation, Bottom
right: Animation of the training process, Bottom left: Classification results with confidence scores.

based on their inputs, leading to better understanding of our learn-
ing objectives (see Table 2). The creativity conjecture for Knowledge
Net (Figure 6) posits that the familiar task of character personal-
ization helps learners make associations between their inputs and
the AI output, fostering understanding of that AI knowledge is
restricted to the input information (KNLO2) and that inputting
unusual information to a knowledge representation yields unusual
outputs (KNLO3).

3.2.2 Exhibit Design. The Knowledge Net design, informed by our
conjectures, features a terrarium-themed world in which learners

can design and control characters by building semantic networks
representing the characters (Figure 7). The exhibit, built on an
Ideum touch table using the Godot game engine, includes multiple
stations for character creation to facilitate collaboration while still
giving learners space for their individual creations [3]. Learners
build a network through a drag-and-drop touch interface to control
features of their character such as their hobbies, relationships to
other characters, and physical attributes such as body color, shoes,
and accessories (Figure 8). For example, the learner can create a
network with the connections “Filbert IS blue” and “Filbert HAS
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Figure 6: Knowledge Net Conjectures: Embodiment and Creativity

Figure 7: Top left: Close-up of Knowledge Net interface. Bot-
tom left: Full view of four stations at Ideum table. Right:
Participants interacting with Knowledge Net exhibit proto-
type.

book,” and the Filbert character would update in real-time to ap-
pear blue and hold a book. Characters also behave according to
their semantic network by displaying a heart when they are near
characters or qualities they LIKE and displaying a broken heart
when near characters or qualities they DISLIKE. Learners can input
conflicting facts, such as: Filbert LIKES Bliff and Filbert DISLIKES
Bliff. In this case, Filbert would display both a heart and a broken
heart when near Bliff to demonstrate the conflicting inputs.

3.3 LuminAIx

Table 3: LuminAIx learning objectives. We refer to these
learning objectives as LAxLO# (LuminAIx LearningObjective
#).

LuminAIx Learning Objectives
LAxLO1: AI can learn movement from a person.
LAxLO2: AI makes a decision based on learned data.

Figure 8: Knowledge Net interface

Figure 9: LuminAIx exhibit prototype.

3.3.1 Exhibit Conjectures. In our embodiment conjecture for Lumi-
nAIx (Figure 10), we hypothesize that full-body interaction through
dance with an AI agent allows learners to make connections be-
tween their input dance moves and the agent’s output dance moves,
leading to a better understanding of the learning objectives (see
Table 3). In our creativity conjecture for LuminAIx (Figure 10), we



Fostering Middle Schoolers’ AI Literacy through Creativity and Embodiment TEI ’26, March 08–11, 2026, Chicago, IL, USA

Figure 10: LuminAIx Conjectures: Embodiment and Creativity

Figure 11: LuminAIx exhibit key interfaces.

hypothesize that open-ended freedom to dance with an AI agent
allows learners to connect the exhibit to their own interests, leading
to interest in learning about AI.

3.3.2 Exhibit Design. In LuminAIx, learners improvise dance move-
ments with an AI dance partner. The installation is comprised of
a screen projection (Figure 9) with a Kinect 1 facing the learner
to capture their live dance movements. Before the interaction be-
gins, the screen displays LuminAI, the AI agent, swaying its body
with a prompt “Step forward” to draw learners into the interaction
zone. When the Kinect detects a learner steps in, the learner sees
their skeletal representation mirrored on the panel and the interac-
tion begins with the introduction remarks “Hello there, welcome
to the dance floor! I’m LuminAI, your AI-powered dance partner.
Can you teach me some moves?” Learners first engage in a guided
dance interaction which is intended to help them learn about how

1Microsoft Azure Kinect https://azure.microsoft.com/en-us/products/kinect-dk

LuminAIx learns, responds, and collaborates. It starts with Lumi-
nAI saying “When I say ‘go’, you have 10 seconds to show me
some dance moves! I’ll be watchng and learning from you. Get
ready!” after which the learner performs a dance move (Figure 11
B). LuminAI observes and responds by mimicking the participant’s
movement (Figure 11 C). After the first trial, LuminAI then encour-
ages the learner to teach it a more complex dance move. In another
ten-second timed session, LuminAI generates an original response
using its AI capabilities, creating movements contrasting with the
learner’s moves. The user interface layout closely resembles that
presented in Figure 11B-C. This scaffolded user flow aims to pro-
gressively familiarize participants with the interactive capabilities
of LuminAI before fully immersing them in the open-ended dance
experience.

Finally, after these two tutorial rounds, it transitions into an open-
ended dance party. The participant and LuminAI engage in freestyle
dance, collaboratively exploring and exchanging movements in

https://azure.microsoft.com/en-us/products/kinect-dk
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real-time (Figure 11 D) that is not timed, and only finishes until the
learner steps out of the interaction zone.

4 Methods
4.1 Data Collection
We conducted a study of the exhibits at a large science museum in
the midwestern United States. We installed the exhibits for two con-
secutive days and recruited participants directly from the museum
floor. This allowed us to study visitors engaging with the exhibits
in-situ, in line with our design-based research methodology. We
recorded visitor interactions with exhibits and aimed to recruit 3̃0
participants to engage in interviews after their interaction. This
sample size is in line with similar studies held on the museum floor
[29, 42, 46].

Two cameras were set up to record visitor interactions with
each exhibit: one to capture the participants’ interactions with the
exhibit and one to capture the exhibit interface. Signs indicated
that cameras were recording and provided information about the
research. To protect participants’ privacy, all faces are blurred in
published images. These video recordings are not the focus of our
analysis in this paper.

We recruited participants for interviews by distributing flyers to
families with children who appeared to fall within the target age
range of 10–14 years, both on the museum floor and at the exhibits.
After agreeing to participate, both the child and a parent were asked
to provide written consent and age-appropriate assent, respectively,
for participation in the interviews. Children who interacted with
the exhibits and participated in interviews received $10 Amazon
gift card per exhibit that they answered questions about.

Five researchers conducted and audio-recorded interviews using
a structured protocol (see supplemental materials). Participants
who interacted with more than one exhibit were invited, but not
required, to answer questions about each exhibit they visited; thus,
participants participated in 1-3 interviews. On the first day, partic-
ipants were interviewed about each exhibit in the same order of
the study (i.e., DataBites, Knowledge Net, LuminAIx). On the sec-
ond day, to mitigate ordering effects, we altered the order for each
participant.

We developed an interview protocol rather than using an existing
instrument because there are not many instruments for assessing
AI understanding in our target age group [65], and the ones that
do exist are not designed for museums or our specific learning ob-
jectives. We followed existing guidelines for interviewing children
when designing the interview questions and duration [55]. We first
asked about participants’ prior knowledge about and interest in AI,
followed by questions assessing how the exhibits fostered AI inter-
est development. Finally, we asked content knowledge questions
(Tables 4, 5, and 6) related to the AI concepts introduced in the ex-
hibits. We provided worksheets and images as visual references for
several questions to make the interview more child-friendly. This
post-interaction approach to assessment was appropriate for an
in-situ museum study, as pre/post evaluations interrupt the natural
flow of the interaction on the museum floor [25]. Our full inter-
view protocol and worksheets can be found in our Supplemental
Materials. Interview questions are also presented in Tables 4, 5, and
3.

We classified our content knowledge questions according to
Bloom’s taxonomy [10], which describes different levels of cogni-
tion, to ensure that question difficulty was similar across all three
exhibits. Most questions assessed the first (Remembering) or second
(Understanding) level of Bloom’s taxonomy, due to the brevity of
the in-museum interactions. Because it is difficult to foster deep
conceptual understanding in a museum setting, we instead aimed
to measure high-level understanding of our learning objectives for
each exhibit.

After the first day, we made minor adjustments to the interview
to reduce the length due to participant fatigue. Specifically, we
removed several retrospective questions that asked participants
to reflect on how their interest in and knowledge of AI changed
before and after interacting with the exhibits. We had used a similar
retrospective question in a previous study where children engaged
with tangible learning activities in their homes [45] so did not
anticipate issues, but families participating in interviews on the
museum floor have competing demands on their time (e.g., other
exhibits to get to) and may be more easily fatigued after a long
day at the museum. On the first day, interviews were running too
long, causing parent frustration and child fatigue. We noticed that
kids were speeding through the lengthy retrospective questions in
particular without appearing to engage in reflection, so we made
the decision to remove them.

We replaced these with three shorter open-ended interest-related
questions, inviting participants to share what they liked or dis-
liked about the exhibits and what initially attracted them. These
changes provided participants with greater freedom to express their
thoughts and reduced the length of the interview sessions. We do
not report on the results from the retrospective questions asked
on the first day as our observations indicated that kids were not
engaging with them thoughtfully. This change resulted in some
missing data about participants’ interest from day 1. Our study
received institutional IRB approval.

4.2 Data Analysis
4.2.1 AI Concepts and Interest Development. To assess whether
learners understood the exhibit’s learning objectives, we developed
rubrics to analyze participants’ responses to the content knowledge
questions (see supplementary materials for full rubrics). We scored
each interview question on a 4-point scale: 0 (inadequate answer),
1 (partial answer), 2 (adequate answer), and 3 (excellent answer).
We engaged an evaluation expert to review and provide feedback
on the rubrics.

We used an online platform (Rev.com) to obtain human-generated
transcripts of the interview recordings, and we reviewed any sec-
tions that were inaudible or unclear. Two researchers then inde-
pendently scored all responses and compared their assessments.
Discrepancies were resolved through discussion.

To measure participants’ maintained situational interest, an early
stage of interest development [28], we quantitatively analyzed their
responses to interest development questions (Yes/Maybe/No). We
also calculated hold time (i.e., time participants spent interacting
with the exhibit) from the video recordings as amarker of situational
interest.
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4.2.2 Creativity and Embodiment. To assess how creativity and
embodiment affected participants’ learning, we defined codes for
these terms and coded for them in participants’ responses to inter-
view questions. We did not specifically ask participants about these
concepts so that we could identify what aspects of creativity and
embodiment in the exhibits were salient to them without priming
them. We then analyzed how these factors influenced participants’
learning and interest development in AI by comparing the codes
they mentioned to their scores on the content questions and their
self-reported level of interest in AI.

Based on existing literature, we defined several codes for creativ-
ity and embodiment. For creativity, we coded for:

• fluency (trying a variety of inputs) [19]
• making (creating an artifact) [19]
• uniqueness (trying out improbable inputs) [14]
• personal relevance (using familiar inputs) [14]

For embodiment, we coded for:
• tangible interaction: physical manipulation of the exhibit
(DataBites) [50]

• full-body interaction: physical dance moves (LuminAIx) [30,
38, 49, 60]

• body knowledge: character bodies and motion (Knowledge
Net) [8, 11, 23, 52, 63]

Three researchers coded participants’ responses as a group and
resolved any conflicts through discussion. During this first round
of coding, we refined our code definitions based on how partici-
pants talked about their experiences and we noted exhibit-specific
examples of each code. We also inductively added two new codes,
anthropomorphism (relating AI to humans) and mechanization
(attributing AI to its hardware components), as we encountered
these themes in participants’ responses and found them relevant to
our research questions. The three researchers then re-coded all of
the responses based on our updated codebook. See supplementary
material for our full codebook with exhibit-specific definitions. In
addition to coding interview responses, we also looked to the video
recordings to confirm that participants were interacting with the
exhibits in the ways we expected (e.g., manipulating the tangible
materials).

5 Results
In the following sections, we evaluate each exhibit’s conjectures
by synthesizing results from our analysis of participants’ under-
standing of AI concepts, qualitative coding of interviews, video
observations, and reported interest data. For each conjecture, we
use our data to verify the salience of the relevant design element
and check whether the mediating processes and intended outcomes
occurred.

5.1 Demographics
We conducted interviews with 29 10-14 year olds. We interviewed
24 of these participants about DataBites, 22 about Knowledge Net,
and 18 about LuminAIx. Of our 29 participants, 44% (n=13) were
female, 34% (n=10) were male, 10% (n=3) were non-binary, and 10%
(n=3) did not report gender identity. 44% (n=13) were White, 13%
(n=4) were Hispanic or Latinx, 10% (n=3) were Asian, 3% (n=1) were

Black or African-American, 10% (n=3) were multi-racial, and 17%
(n=5) did not report their race/ethnicity. Parents reported that 31%
(n=9) participants had very little prior knowledge about AI, 48%
(n=14) had some prior knowledge about AI, 10% (n=3) had a lot of
prior knowledge about AI, and 10% (n=3) did not report on prior
knowledge about AI.

5.2 Embodiment Conjectures
5.2.1 DataBites. To evaluate the DataBites embodiment conjecture
(see Figure 4), we analyze the salience of tangible manipulation
of data for participants (design), whether participants were highly
engaged with the tangible components of the exhibit and demon-
strated that they were tangibly manipulating data (mediating pro-
cesses), and whether participants demonstrated understanding of
the first two learning objectives (outcomes).

Design: Did learners find tangible interaction to be a salient part of
their experience? 10 of 24 participants (41.7%) mentioned physically
creating the pizza and sandwich dataset items and engaging in the
hands-on process as a salient feature of DataBites. Moreover, when
asked what they liked about the exhibit, several participants noted
these interactive aspects (P15b: “It looked fun, moving all of the
pieces around and then seeing the end.”)

Mediating Processes: Did learners demonstrate high engagement
with the tangible components of DataBites? Our analysis of medi-
ating processes revealed that learners were highly engaged with
the tangible components of the DataBites exhibit. Video record-
ings confirmed that all participants interacted with the tangible
elements, even if they did not explicitly mention them in their in-
terviews. Furthermore, the videos showed that participants spent
more time engaging with the dataset creation phase (over 3 min-
utes), which was tangible and interactive, compared to the testing
phase (under 50 seconds), which was mostly passive and involved
only observing results. To ensure that the engagement with tangi-
bles aligned with the exhibit’s intended learning goal—creating a
dataset—we included a question in the interviews asking partici-
pants to either explain or recreate what they had built. They were
given a worksheet that mirrored the dataset structure from the
exhibit, along with tangible pizza and sandwich pieces. We then
analyzed their responses to determine whether they were meaning-
fully constructing datasets or simply placing random items. Most
participants (n=16, 66.7%) chose to draw or recreate their dataset
using the tangible pieces, while the rest described it verbally. All
participants described or constructed at least one data point that
was relevant and coherent within the pizzas or sandwiches dataset
(e.g., combinations of ingredients plausibly representing a pizza or
sandwich). None created entirely random or unrelated combina-
tions. This shows that they were actually engaged with the pizzas
and sandwiches as data rather than randomly manipulating the
pieces.

Outcome: Did learners demonstrate understanding of DBLO1 and
DBLO2? To assess DBLO1, we asked participants to identify how
the pizza/sandwich examples they provided affected the AI (Table 4).
In their responses, most participants (n=17, 70.8%) acknowledged
that the training dataset had an effect on the AI’s understanding of
pizzas and sandwiches, but only a few (n=4, 16.7%) recognized that
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Table 4: DataBites interview questions and results.

Interview Question Mean
Score

Standard
Deviation

Interquartile
Range

Learning Ob-
jective

Bloom’s Tax-
onomy Level

Q1: Can you describe some of
the steps involved in teaching
a computer to recognize pizzas
vs. sandwiches?

0.71 0.69 1 DBLO2 Remembering

Q2: How did your examples af-
fect the AI’s ability to recognize
pizzas and sandwiches?

0.92 0.78 1 DBLO1, DBLO3 Understanding

Q3: What do you think would
happen if you include only ex-
amples of one type of pizza
or sandwich in your training
dataset?

1.46 0.83 1 DBLO4 Understanding

Q4: What might happen if you
put pizzas in your sandwich
training dataset and put sand-
wiches in your pizza training
dataset?

1.42 0.78 1 DBLO4 Understanding

Q5: With DataBites, you were
trying to train the AI to rec-
ognize pizzas and sandwiches.
What would happen if you
trained an AI to tell the dif-
ferences between the faces of
your friends and family? Could
you see any issues or challenges
with that?

0.88 0.74 1 DBLO4 Applying

the AI learns from patterns among this dataset. Thus, the exhibit
was fairly successful at demonstrating that AI learns from labeled
data, but needs further refinement to establish the importance of
patterns among that data.

To assess DBLO2, we asked participants to identify the steps of
ML. About half of the participants (n=14, 58.3%) identified at least
one step of the process. Most of these participants (n=11) identified
the dataset creation step, which was the focus of the pizza/sandwich
creation portion of the activity. Only a few participants (n=3, 12.5%)
named all three steps. This suggests that the exhibit was notably
more successful at introducing the dataset preparation step than
teaching about the other steps, although the salience of all steps
could be improved in future iterations.

Conjecture: Did finding tangible interaction to be a salient fea-
ture of the exhibit correspond with higher learning scores? 10 of 24
participants (41.7%) mentioned tangible interaction during their
interviews. Eight of the individuals who mentioned tangible inter-
action (n=8, 80%) scored above average on the question assessing
DBLO1, and six of those who mentioned tangible interaction (60%)
scored above average on the question assessing DBLO2. These re-
sults suggest that there may be a relationship between tangible
interaction and the participants’ understanding of the learning ob-
jectives. This in-situ finding could be further substantiated in a
more controlled study environment.

When we asked about the steps involved in building a machine
learning application (DBLO2), we anticipated responses covering
dataset preparation, training, and testing. However, most partici-
pants (n=17, 70.83%) only mentioned the dataset preparation phase,
which was the only phase that was conveyed via tangible interac-
tion. This suggests that participants understood concepts better
when they were presented through tangible interactions. This high-
lights the importance of incorporating more interactive elements
into the training and testing phases.

Based on these results, our conjecture–which theorized that
tangible interactionwould engage participants inmanipulating data
and lead to learning (Figure 4, bottom)–was supported. However,
further refinement is needed to ensure that tangible interactivity
remains consistent throughout all phases of the exhibit, not just
during dataset creation. Future design iterations could also more
clearly highlight the role of patterns in the dataset to make them
more salient to learners.

5.2.2 Knowledge Net. To evaluate the Knowledge Net embodiment
conjecture (Figure 6), we analyze the salience of the humanoid
bodies and motion in the experience for learners (design), whether
participants reasoned about the outputs of the knowledge represen-
tations (mediating processes), and whether participants understood
the Knowledge Net learning objectives (outcomes).



Fostering Middle Schoolers’ AI Literacy through Creativity and Embodiment TEI ’26, March 08–11, 2026, Chicago, IL, USA

Table 5: Knowledge Net interview questions and results.

Interview Question Mean
Score

Standard
Deviation

Interquartile
Range

Learning Ob-
jective

Bloom’s Tax-
onomy Level

Q1a: Imagine you create a net-
work that looks like the net-
work below (Figure 12, left).
Please describe or draw what
the output character might look
like.

1.32 0.57 1 KNLO1 Understanding

Q1b: Given this network (Figure
12, left), what is NOT a possible
feature of the character?

1.64 0.79 0 KNLO1 Understanding

Q2: Looking at the image be-
low Figure 12, right), could you
draw a network that represents
these characters?

1.14 0.85 0 KNLO1 Understanding

Q3a: Please draw a network
to teach an AI about yourself.
Imagine that the AI would use
your network to generate a vi-
sual of you and answer ques-
tions about you if asked.

1.38 1.07 2 KNLO1 Applying

Q3b: What do you think the AI
would do if you put false infor-
mation about yourself in this
network?

1.48 1.12 2 KNLO2,
KNLO3

Understanding

Q3c: Is there anything this net-
work does not capture about
you?

1.38 1.12 2 KNLO2 Understanding

Design: Were the humanoid character bodies and motions salient to
learners? In the interview responses, only a few participants (n=3,
13.6%) explicitly mentioned the embodied aspects of the characters,
such as their movements or interactions (P14b: “I liked, based on
your choices, your character would go somewhere, like if the same
characters liked each other and they had basically the same, they
would go closer to each other”). This indicates that the familiar char-
acter bodies were not necessarily a salient part of the interaction
for most participants.

Mediating Process: Did learners reason about the outputs of their
networks? In our video analysis, we found that no participants ver-
bally reasoned about how their characters would change based on
their knowledge representation inputs. The exhibit featured signage
asking, “What happens if both characters like each other?”, and
few participants (n=2, 9.1%) engaged with this signage by reading
it aloud and verbally saying, “let’s figure it out.” However, these
participants simply tested out what would happen by manipulating
their knowledge representation rather than verbally hypothesizing.
Thus, participants did not explicitly utilize their body knowledge
to reason about the outputs of their networks.

Outcome: Did learners demonstrate understanding of KNLO1, KNLO2,
and KNLO3? To assess KNLO1, we asked several questions (see Ta-
ble 5). First, participantswere shown a picture of a semantic network
similar to those they may have constructed while interacting with

Figure 12: Left: Knowledge Net Q1 network. Right: Knowledge
Net Q2.

the exhibit and were asked to draw or describe the corresponding
character. Only some participants (n=7, 31.8%) correctly included
all of the features in the semantic network, but more participants
(n=12, 54.5%) included some, though not all, of the correct features.
Then, we asked participants which of three facts could not be true
about the character represented by the network (Figure 12). Most
participants (n=18, 81.8%) correctly chose that the character would
not hold a book based on this representation. Then, participants
were shown an image of two characters from the exhibit (Figure
12, right) and asked to draw the semantic network(s) that would
generate these characters. Most (n=17, 77.3%) produced a semantic
network, even if it was incorrect topically. Finally, participants were
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asked to draw a network to teach an AI about themselves; most
(n=16, 72.7%) were able to produce a semantic network represent-
ing some facts about their lives. Overall, these results indicate that
while participants may not have grasped the details of semantic net-
works, they generally understood that a knowledge representation
shows how ideas connect and that the knowledge representation
influenced the character’s appearance.

To assess KNLO2, we asked two questions (see Table 5). First, we
asked what the AI would do if given incorrect information. Most
participants (n=14, 63.6%) recognized that the AI output would re-
flect the given incorrect information. Then, we asked participants if
there was anything the network they created did not capture about
their lives. Some participants (n=10, 45.5%) identified at least one
aspect of their lives that was missing from the network, indicating
awareness of the limitations of knowledge representations. Addi-
tionally, three participants (n=3, 13.6%) explicitly stated that the
AI could never fully know everything about them (P4: “No, you
can’t teach it everything about me, because there is so much to
learn about myself”). These results suggest that only some partici-
pants understood that a knowledge representation is limited to the
information provided to it by humans.

Finally, to assess KNLO3, we asked participants what the AI
would do if given incorrect information in the network. More than
half of the participants (n=14, 63.6%) responded that the AI’s output
would reflect the incorrect input. Thus, most participants under-
stood that the output of a knowledge representation is limited based
on its input.

Conjecture: Did utilizing body knowledge correspond with higher
learning scores? In this section, we explore whether the use of
body knowledge supported participants in their understanding of
KNLO1, KNLO2, and KNLO3. We found that the humanoid bodies
and motions of the characters in the exhibit were not salient to
the participants. Additionally, we found no evidence that learners
reasoned about the outputs of their knowledge representations.
However, we found that participants at least partially understood
our learning objectives.

Based on these results, we cannot conclude that the design of
the exhibit facilitated the use of participants’ body knowledge to
understand the learning content. Further work is needed to investi-
gate which mechanisms of the exhibit helped learners understand
the learning objectives, whether learners were drawing on their
prior knowledge and reasoning capabilities to answer the evalua-
tion questions rather than their exhibit experience, and whether
making body knowledge a more salient part of the exhibit design
could lead to improved learning. Interestingly, we found that the
highest scorers (P14b and P19b) both mentioned that they liked the
embodied characters and their interactions, and P14b additionally
mentioned that he enjoyed the character movements. This indi-
cates the potential that the embodied nature of the characters can
facilitate understanding of the learning content.

Based on these results, our conjecture that the use of familiar
character bodies and inputs would lead to the prediction of outputs
and facilitate learning was not supported. Future designs will focus
on strengthening the connections between the network inputs and
character outputs (e.g., only having characters move if learners
give them that ability), fixing UI issues that may have hindered

observations of characters’ behavior (occasionally the characters
got ’stuck’ when colliding with each other as they moved), and
implementing more character interactions to make the characters’
embodiment of the network more noticeable to learners. We also
plan to iterate on our evaluation questions to ensure that they
draw on learners’ exhibit experience rather than any existing prior
knowledge they may have. Once we successfully facilitate learners’
use of body knowledge in the exhibit, we can test its role in learning
about knowledge representations.

5.2.3 LuminAIx. To assess the LuminAIx embodiment conjecture
(Figure 10), we look at the salience of full-body interaction in the
exhibit (design), whether the participants notice the AI output and
connect it to their own moves (mediating process), and whether
participants understood the learning objectives of LuminAIx (out-
come).

Design: Was full-body interaction a salient part of the experience
for learners? On day 2, when we asked our 12 participants what
drew them to and/or what they liked about LuminAIx, a little over
half (n=7, 58.3%) mentioned that they enjoyed engaging in full-body
interaction (P12: “I liked the dancing. It was fun”), indicating that
this aspect of the experience was salient for them.

Mediating Process: Did learners connect the AI agent’s moves to
their own? On day 2, when we asked our 12 participants what
they liked about LuminAIx, most (n=8, 66.7%) mentioned that they
enjoyed how the AI agent responded to their dance moves. Of
these 8 participants, most (n=5) noticed that the AI agent repeated
their dance moves (P18b: “I thought it was kind of cool how that
AI person copied what you did and how it sensed it”), whereas
only a few (n=3) noticed that the AI performed similar, though not
the same, moves (P18a: “[I liked] how the AI dancer mixed up the
movements that you did”).

Inductively, we observed that participants conceptualized the AI
dance partner using two different mechanisms. Some participants
(n=4, 33.33%) used only anthropomorphism, attributing human traits
to AI (P2b: “Maybe it just has the mind of its own and it does
its own dance moves”). Others (n=5, 41.67%) used mechanization,
reducing AI to its hardware and technical components (P22: “It
tracks your body and then I guess it just puts the same coding into
the thing and just makes it look like more human”). Additionally,
some participants (n=8, 44.44%) used both anthropomorphism and
mechanization. This indicates that it was salient to participants that
the AI agent reacted to their moves, and they conceptualized the
AI agent as either a human-like entity or a more technical artifact.

Outcome: Did learners demonstrate understanding of LAxLO1 and
LAxLO2? We asked two questions to assess LAxLO1 (Table 6). First,
we asked participants to hypothesize how the AI agent knew its
dance moves. In their responses, most participants (n=16, 88.9%)
demonstrated understanding that the AI responded to their own
movements. Then, we asked participants how the agent’s moves
were similar or different from their own moves and why they be-
lieved those similarities or differences occurred. Most participants
(n=14, 77%) were able to identify either similarities or differences
between their moves and the AI’s, but provided vague (or no) expla-
nation of why the moves were similar or different. Based on these



Fostering Middle Schoolers’ AI Literacy through Creativity and Embodiment TEI ’26, March 08–11, 2026, Chicago, IL, USA

Table 6: LuminAIx interview questions and results.

Interview Question Mean
Score

Standard
Deviation

Interquartile
Range

Learning Ob-
jective

Bloom’s Tax-
onomy Level

Q1: Remember when you were
dancing with the AI partner.
How do you think the AI
agent knew those dance moves?
Why?

2.11 0.93 1 LAxLO1 Understanding

Q2: Can you describe how dif-
ferent or similar your dance
movements with the AI partner
were? Why did you think this
happened?

2.11 0.58 0 LAxLO1 Analyzing

Question 3: Remember when
you had a dance party with an
AI partner. How do you think
the AI partner chooses which
dance moves to do while danc-
ing? Why?

1.44 1.15 2 LAxLO2 Analyzing

Question 4: At the dance party,
what do you think would hap-
pen if you danced differently?

1.50 1.10 1 LAxLO2 Evaluating

results, most participants seemed to grasp that the AI can learn
movement from a person.

To assess LAxLO2, we first asked participants how they thought
the AI agent chose its movements during the dance party. Half of
the participants (n=9, 50%) were able to identify that the AI not
only observes their movements, but then uses that data to make a
decision about what movement it performs. Then, we asked partic-
ipants what they thought would happen if they danced differently
during the dance party. Half of the participants (n=9, 50%) acknowl-
edged that the AI agent would not only dance differently, but do
so according to the user’s new moves. These results indicate that
participants had a limited understanding that the AI agent made
decisions about its moves based on their own moves.

Overall, these results demonstrate that most participants under-
stood that the AI agent learns from their dance moves, but fewer
understood that their moves are used by the AI to make a decision
about its own moves.

Conjecture: Did finding full-body interaction to be a salient feature
of the exhibit correspond with higher learning scores? We found that
a little over half of the participants (n=7) interviewed on day 2
reported enjoyment of their own full-body interaction through
dance. It’s possible that more participants enjoyed this feature, but
as we added this question on day 2, the day 1 participants could
not report it.

When we asked what they liked about LuminAIx, over half (n=4)
of the participants who mentioned enjoying dancing additionally
acknowledged that the digital agent not only danced, but danced in
a manner responsive to their own moves. This indicates that while
participants may have enjoyed dancing, the fact that they danced
with an AI agent was only salient to some of them.

All four of the participants who enjoyed dancing with the AI
agent demonstrated understanding in the interviews that the AI
agent learned their movement (LAxLO1), but only two of these four
participants demonstrated full understanding that the AI makes de-
cisions based on their moves (LAxLO2). The other two participants
only demonstrated partial understanding of this learning objective.

Regardless of whether they explicitly mentioned enjoying the
dancing aspect of the exhibit, most participants (n=8) who were
asked about what drew them to the exhibit and what they liked
about the exhibit mentioned the fact that the AI agent responded
to their dance moves in some way. This indicates that even if the
participants did not explicitly state that they enjoyed dancing, it
provided a clear input for the AI to act upon.

Overall, most participants demonstrated understanding of LAxLO1,
while they only partially understood LAxLO2. Additionally, partici-
pants who used both mechanization and anthropomorphism when
talking about the AI agent scored the highest on average across
all questions (n=8, M=2.03) when compared to participants who
only used mechanization (n=5, M=1.8), participants who only used
anthropomorphism (n=4, M=1.44), or participants who used neither
(n=1, M=1.25).

These results indicate that using full-body interaction through
dance as the input and output of an AI system allows learners
to make connections between those inputs and outputs; however,
more work is needed to foster understanding of what the AI system
does with the inputs and how it makes decisions. Learners who con-
ceptualized AI as possessing a mixture of human and non-human
traits understood our learning objectives the best.

Our conjecture that full-body interaction can act as an input/output
type in which learners can connect their inputs and the AI outputs
was supported, but more work (with a larger sample size) is needed
to verify whether this interaction type mediates understanding of
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our learning objectives. In the next design iteration, we plan to add
additional text to the user interaction to explicitly state that the
AI agent chooses its dance moves based on the learner’s moves,
include text-to-voice to make sure learners are not missing key
information, and provide interactive visualizations of how the AI
uses learned moves in its decision-making.

5.3 Creativity Conjectures
5.3.1 DataBites. To assess our DataBites creativity conjecture, we
analyze whether participants were engaged in creating their own
datasets of pizzas and sandwiches (design), created personally rel-
evant artifacts and explored a variety of artifacts (mediating pro-
cesses), and demonstrated interest in learning about AI and under-
standing of learning objectives DBLO3 and DBLO4 (outcomes).

Design: Did learners exhibit active and prolonged engagement?
The average hold time for all visitors at the DataBites exhibit (not
just those we interviewed) was 3.61 minutes (n=56), exceeding the
3.3-minute threshold typically associated with active prolonged
engagement [3]. Additionally, our video recordings involving 12
participants showed that all 12 were actively engaged, and the open-
ended nature of the task gave them the freedom to create their own
datasets in different ways. Notably, six of them chose to complete
the activity a second time, suggesting prolonged engagement and
maintained situational interest [28].

Mediating Processes: Did learners create personally meaningful
artifacts? When asked about what types of pizzas and sandwiches
they made at the exhibit, 12 of 24 participants (50%) shared that they
created pizzas and sandwiches they had personal connections to,
such as pizzas or sandwiches they commonly ate with their families.
Learners enjoyed connecting their tastes in food to their creations
and incorporating their personal interests into the design of their
pizzas and sandwiches (P20a: “[I liked] that you could teach AI what
type of food you like, kind of”). They also shared that the items they
created evoked memories and reflected their personal tastes (P5a: “I
made a burger, which actually reminds me of what I got to eat with
my parents”). When asked about their experience and impression
of the exhibit, 13 of 24 participants (54.2%) expressed that they
enjoyed the freedom to create imaginative items, especially ones
that allowed them to try new ideas (P17b: “You can do funny faces.
And you can put anything you want in the pizza or sandwich”).
These results indicate that participants recognized creativity as
an important part of their experience at DataBites, especially the
ability to explore and incorporate their personal interests.

Outcome: Did learners demonstrate understanding of DBLO3 and
DBLO4? To assess DBLO3, we asked participants whether the AI
learned from the data they provided (Table 4). Most participants
(n=17, 70.8%) demonstrated an understanding that AI learned from
the data they provided. This suggests that most participants grasped
the role humans play in training AI systems.

To assess DBLO4, we asked several questions (Table 4). Most
participants (n = 20, 83.33%) recognized that AI is influenced by its
training data. Among them, 14 participants (58.33%) understood
that a limited dataset leads to limited results. The majority of par-
ticipants (n = 21, 83.3%) showed awareness that AI is affected by its
training data, and of those, 12 participants (n=12, 50.0%) recognized

that using incorrect data can lead to incorrect results. 16 partici-
pants (66.7%) recognized that the types of examples provided affect
what the AI can do.

Outcome: Did learners demonstrate an interest in learning about
AI?. When we asked about how the exhibit sparked interest in AI,
most found the exhibit enjoyable (n=22, 91.66%) and interesting
(n=22, 91.66%), and expressed strong interest in learning about how
AI works (n=18, 75%), and participating in similar activities in the
future (n=19, 79.16%). Also, DataBites supported active prolonged
engagement. This suggests the exhibit successfully fostered interest
in learning about AI.

Conjecture: Did finding the open-ended task to be a salient feature
of the exhibit correspond with higher learning scores and interest in
AI?. In the interviews, about half of the participants (n=12, 50%)
explicitly and unpromptedly mentioned creating personally rele-
vant datasets, indicating this aspect of the exhibit was salient to
them. Others may have done so as well, but did not mention it in
their interviews (as the question about what they liked about the
exhibit was added on day 2 of the study). Of the 12 participants who
mentioned personally meaningful creation, over half (n=7, 58.3%)
expressed that they wanted to learnmore about AI in the future, and
some others (n=4, 33.3%) mentioned being open to learning more
about AI. This suggests the exhibit successfully fostered situational
interest in learning about AI. These results emphasize the success
of the exhibit in maintaining situational interest and engagement,
supporting the conjecture that open-ended, personally relevant ex-
periences can spark and maintain curiosity about AI. Results from
the analysis of learning outcomes suggest that most participants
achieved DBLO3 and DBLO4, but participants who described creat-
ing personally relevant dataset items did not perform any better
than other participants. This suggests that finding the personal
relevance salient was not necessarily connected to a deeper un-
derstanding of DBLO3 and DBLO4. The conjecture that creative
and prolonged engagement can maintain situational interest in AI
and support participants in learning DBLO3 and DBLO4 (Figure
4, top) was partially supported: the exhibit fostered interest in AI
and learning, but the connection between personal relevance and
learning was unclear. To enhance learning in future iterations, the
design will incorporate more elements aligned with the exhibit’s
learning objectives (e.g., additional AI-related visuals on the UI
and physical components, audio cues, etc.). These additions aim to
deepen understanding while preserving the exhibit’s creative and
open-ended nature.

5.3.2 Knowledge Net. To assess our Knowledge Net creativity con-
jecture (Figure 6), we analyze whether the personalization of char-
acters engaged participants (design), whether participants tried a
variety of inputs in their networks (mediating process), and whether
participants understood the KNLO2 and KNLO3 learning objectives
(outcome).

Design: Were learners engaged by the personalization aspect of
the exhibit? On day 2, when we asked 13 participants about what
drew them to Knowledge Net and what they liked about the exhibit,
a little over half (n=8, 61%) mentioned that they enjoyed creating
their own character (P20a: “It was interesting to me how you could
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just customize whatever character you used”). This indicates that
personalization was a salient feature of Knowledge Net.

Mediating Process: Did participants try a variety of network inputs?
In our video analysis of interviewees’ interactions with Knowledge
Net, we observed that only some of our participants (n=10, 45.0%)
constructed networks with a variety of inputs. Additionally, a few
(n=2) participants mentioned that they enjoyed trying different
inputs in their interview responses. Thus, the exhibit design did not
successfully encourage participants to try out a variety of inputs in
their knowledge representations.

Outcome: Did learners demonstrate an understanding of KNLO2
and KNLO3? In this conjecture, we focus on participants’ under-
standing of KNLO2 and KNLO3. We found that most participants
understood both learning objectives (see Section 5.2.2 for score
breakdowns by learning objective).

Conjecture: Did finding personalization a salient feature of the
exhibit correspond with higher learning scores? We found that per-
sonalization was moderately salient in Knowledge Net as 61% of
participants (n=8) who were asked about their favorite aspects of
the exhibit mentioned this feature. Not all participants who ex-
pressed enjoyment of the character personalization tried a variety
of inputs, and vice versa. It is possible that some of the participants
who tried a variety of inputs did, in fact, enjoy the personalization,
but were not asked about what they liked about the exhibit (as
this question was added on day 2 of the study). Of the eight par-
ticipants who mentioned personalization in their interviews, we
observed that only some (n=4) tried out a variety of inputs in their
semantic networks. Three of these four participants demonstrated
partial understanding of KNLO2, and all four of these participants
demonstrated understanding of KNLO3. These results indicate that
only some of the participants who were engaged by the character
personalization feature were motivated to try a variety of inputs in
their networks, but those who did understood KNLO2 and KNLO3.

We observed that 10 of 22 total participants (45.5%) tried a variety
of inputs. Nine out of ten answered the interview questions relevant
to these learning objectives as one participant ended the interview
early. All of the nine participants who tried a variety of inputs and
answered the relevant questions (n=9, 100%) demonstrated at least
partial understanding of KNLO2, and most of these participants
(n=8, 88.9%) demonstrated understanding of KNLO3. This indicates
that participants who tried a variety of inputs understood KNLO2
and KNLO3.

Overall, these results demonstrate that personalization was a
salient feature of Knowledge Net, but that participants who enjoyed
the personalization feature were not necessarily motivated to try
out a variety of inputs in their networks. Trying a variety of inputs
seemed to lead to understanding of KNLO2 and KNLO3. This sug-
gests that trying a variety of inputs is important to the learning
goals of the exhibit.

Our results supported our conjecture that personalization can
engage learners (Figure 6, top), but there is still room for improve-
ment in motivating users to try a variety of inputs, which seems
to foster better understanding of our learning objectives. We hy-
pothesize that some participants may have been discouraged from
trying many inputs due to a network creation interface that some

found challenging to use (e.g., the drag and drop interaction was
not clearly intuitive), an incomplete input/output mapping (e.g.,
there was no corresponding output if the learner created a network
with the connection “Filbert IS book”), and the aforementioned
issue in which characters occasionally got ’stuck’, limiting their
interactions. In the next step of the design process, we will refine
the interaction to improve the network creation UI, provide a wider
variety of input options, ensure a complete input/output mapping,
and increase interaction between the characters.

5.3.3 LuminAIx. To assess our LuminAIx creativity conjecture
(Figure 10), we analyze whether participants found creative freedom
a salient feature of the exhibit (design), whether they demonstrated
exploration and personally relevant creativity in their interactions
with LuminAIx (mediating processes), and if they demonstrated
interest in learning more about AI (outcome).

Design: Was the open-ended dance activity salient for learners?
When we asked participants on day 2 about their favorite aspects
of LuminAIx, the majority of the 12 participants (n=10, 83.33%)
expressed enjoyment at the opportunity to create a dance with the
AI agent. This indicates that creating dance moves was a salient
feature of LuminAIx.

Mediating Processes: Did learners perform personally meaningful
dance moves? Two participants mentioned that engaging with the
exhibit allowed them to connect with their own creativity (n=2,
16.66%). P14a remarked, “I liked that I saw what I did in the end,”
reflecting on the satisfaction of seeing their movements captured
and represented by the installation. One participant (n=1, 7%) felt
personally connected to the exhibit as it related to their own in-
terests (P20a: “There was music playing, and then it just felt good
because I like music”).

Additionally, the exhibit encouraged exploration and experimen-
tation, as video analysis revealed that four participants (n=4, 22.22%)
tried out different dance movements (P21: “You got to show off your
moves”). This sense of freedom to experiment fostered a playful
and exploratory environment where participants could engage in
improvisation, express their personalities, and enjoy the feedback
loop between their creativity and the AI’s responses. These findings
indicate that personally relevant movement and exploration were
featured in some participants’ interactions with the exhibit.

Outcome: Did participants demonstrate interest in AI?. When we
asked interest development questions about the exhibit, most par-
ticipants found it enjoyable (n=17, 94.44%) and interesting (n=15,
83.33%), with a large majority expressing interest in learning more
about AI (n=14, 77.77%). Many reported that the activities encour-
aged deeper thinking about AI (n=10, 55.55%), and a large portion
showed enthusiasm for doing similar activities in the future (n=13,
72.22%). These results suggest that the exhibit was successful in en-
gaging participants and fostering sustained interest in AI learning.
Additionally, we looked at participants’ responses to identify further
evidence of interest development. Some participants were drawn to
the motion tracking and real-time responsiveness of the AI system
(P18a: "How it did well at tracking the movements without any
delay”). Others expressed curiosity about the AI’s ability to mirror
and interpret human movement (P18b: "I thought it was kind of
cool how that AI person copied what you did and how it sensed it”).
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The AI’s interactive behavior also introduced a sense of challenge
and playful competition (P19: “I thought it was an interesting idea
that the AI was going to try and copy what you did, and I took it as
kind of a challenge to beat it, I guess”). These observations highlight
how the exhibit’s design features—particularly its responsiveness
and mimetic capabilities—fostered participants’ engagement and
curiosity about the technology underlying LuminAI.

Conjecture: Did finding the open-ended dance activity a salient
feature of the exhibit connect to interest in AI?. In this section, we
investigate how personally relevant movement and exploration
sparked participants’ interest in AI. Data from participants’ inter-
actions show that most participants enjoyed creating different and
personally meaningful dance moves with the AI agent. At the same
time, analysis of their interest development indicates that the exhibit
successfully sparked interest in AI for the majority of participants.
As these two indicators were consistent across most participants,
we were not able to directly map them onto one another. Nonethe-
less, their simultaneous presence provides suggestive evidence that
these features of the exhibit contributed to participants’ interest
development.

Our data provides partial evidence supporting the conjecture
that personally relevant movement and exploration contributed
to participants’ interest in AI. Since we could not clearly assess
whether participants’ dance moves were personally meaningful
or directly linked to their interest in AI, future work will include
interview questions about the motivation behind their movements
to explore how meaningful or exploratory actions contributed to
sparking interest in AI.

6 Discussion
In this paper, we aimed to answer two research questions: RQ1)How
can we leverage embodiment and creativity to design museum exhibits
to foster middle schoolers’ AI literacy? ; and RQ2) How do embodi-
ment and creativity influence the development of middle schoolers’
AI literacy and interest in AI?

In response to RQ1, we presented the designs ofDataBites,Knowl-
edge Net, and LuminAIx, three novel exhibits that use embodiment
and creativity to teach learners about AI. Our iterative design pro-
cess allowed us to explore different kinds of embodiment and cre-
ativity across these exhibits and to refine how these elements sup-
ported AI learning. Through iterative cycles, we examined how
tangible, bodily, and full-body forms of interaction—as well as op-
portunities for free-choice creation and personalization—can be
effectively integrated into AI learning exhibits. This process not
only helped us identify which design features could be effective
in communicating AI concepts but also revealed practical strate-
gies for embedding embodiment and creativity into AI learning
experiences more broadly.

In response to RQ2, we conducted a study of visitor learning and
interest development, assessed whether our conjectures were sup-
ported by our results, and found that different forms of embodiment
could support different ways of reasoning about AI concepts across
the three exhibits (embodiment takeaway). We also found that cre-
ative activities afford connections between AI and self, which in
turn could contribute to learners’ interest in AI and their under-
standing of AI concepts (creativity takeaway). The remainder of

this section will synthesize our findings across our three exhibits,
report design recommendations for AI museum exhibits based on
our findings, and put our findings in conversation with other work
in the field.

6.1 Embodiment Takeaway: Different Forms of
Embodiment Can Support Different Ways of
Reasoning about AI Concepts.

Across the three exhibits we designed, we incorporated three dis-
tinct forms of embodiment—tangible interaction, body knowledge,
and full-body interaction (see Table 7). Our data revealed that tan-
gible interaction helped learners grasp AI concepts by making
abstract ideas more concrete in the DataBites exhibit; however, fur-
ther refinement is needed to ensure that tangible interactivity is
consistently integrated across all phases of the exhibit experience.
Full-body interaction, on the other hand, helped learners connect
their actions to the AI’s responses in the LuminAIx exhibit, though
additional research is needed to determine whether this form of in-
teraction effectively supports deeper understanding of the learning
objectives. Knowledge Net did not sufficiently support body knowl-
edge to assess how it might contribute to learners’ reasoning about
AI outputs. Together, these findings suggest that tangibility and
full-body interaction may engage different mechanisms for making
sense of AI. Future research at the intersection of tangible and em-
bodied interaction and AI education should further investigate how
different types of embodiment can influence learners’ understand-
ing and reasoning about AI concepts. Below, we elaborate further
on the findings related to tangibility and full-body interaction and
their implications for designing AI learning experiences.

6.1.1 Tangibility Makes AI Concepts Approachable and Con-
crete. Many AI concepts are abstract, especially for young learners.
For example, datasets for ML models are typically vast and numeri-
cal, making it hard for non-technical learners to identify patterns
and explore how data inputs affect AI outputs. We found that uti-
lizing tangibles in DataBites aided learners in developing a more
concrete understanding of these AI concepts. The physical pizza
and sandwich pieces provided an approachable way for participants
to manipulate data, as evidenced by them primarily noticing the
dataset preparation step. Moreover, instead of providing a static
database of pizza and sandwich images, learners can construct and
interact with the individual data points, investigating how changing
specific features affects the output in a way that is personally rele-
vant. For example, a child in a recorded session created a sandwich
by physically stacking ingredients as they would when preparing
to eat it. To the top-down camera view, the sandwich just looked
like a single piece of bread. The act of assembling the sandwich
embodied the child’s understanding of what a sandwich should
look like as a data point to teach the computer and allowed the child
to concretely explore how the AI’s concept of a sandwich differs
from their own. Such tangible interactions allow for exploration
and creativity, fostering a richer engagement with the concept of
data and its role in AI training. This follows the findings of Zhou
et al. [69] that when interacting with a light-based tangible user
interface that teaches young learners about AI recommendations,
the learners found the learning material more approachable due
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Embodiment Implications Type of Embodiment Instantiation in Exhibits Evidence

Tangibility can make AI
concepts approachable and
concrete, but it needs to be in-
tegrated into all the phases of
the exhibit experience.

Tangible interaction DataBites (creation of a train-
ing dataset using physical
pizza/sandwich pieces

Most participants (70.83%)
identified that dataset prepa-
ration, the portion of the
exhibit that featured tangible
interaction, is part of the ML
training process.

We did not find that learn-
ers utilized body knowl-
edge in the exhibit, so fur-
ther work is needed to more
closely tie body knowledge to
the learning objectives and test
its role in learners’ understand-
ing.

Using body knowledge Knowledge Net (humanoid
character bodies and motions)

Insufficient evidence

Full-body interaction links
learners’ actions to AI re-
sponses, highlighting AI’s
human-like and technical
aspects, but more work is
needed to test how full-body
interaction mediates AI under-
standing.

Full-body interaction LuminAIx (using dance moves
as an input and outputmedium
for interacting with an AI sys-
tem)

Most participants (66.67%)
identified that the AI dance
partner responded to their
dance moves. Participants
who used both mechanization
and anthropomorphism when
talking about the AI agent
scored the highest on average
across all questions (n=8,
M=2.03).

Table 7: Summary of embodiment types and their implications in each exhibit

to their familiarity with and daily experiences observing light. We
suggest that making abstract concepts, such as data, tangible in
museum exhibits can foster understanding of these concepts in
young learners.

6.1.2 Full-Body Interaction Links Learners’ Actions to AI
Responses, Highlighting AI’s Human-like and Technical As-
pects. Full-body interaction enabled learners to connect their own
movements to the AI’s responses, helping them form deeper concep-
tualizations of how AI functions as both human-like and technical,
ultimately leading to a better understanding of how AI learns from
humans. We found that learners who conceptualized AI as having
both human (anthropomorphism) and non-human (mechanization)
traits had the highest understanding of our learning objectives
for LuminAIx. Prior work has found that in augmented reality en-
vironments, learners create a liminal world in which they blend
their physical world and the corresponding scientific world [23].
In our case, learners seem to blend their experience of collaborat-
ing with a human-like AI dance partner (their physical world) and
the technical components that underlie the AI dance partner (the
scientific world). We theorize that exhibit designs that support the
creation of liminal worlds can support understanding of AI as both
a human-like agent and a technical artifact.

6.2 Creativity Takeaway: Creative Activities
Afford Connections Between AI & Self,
Contributing to Interest in AI &
Understanding of AI.

In our three exhibits, we utilized two forms of creativity: free-
choice/personally relevant creation and personalization (see Table
8). Our data demonstrated that in DataBites and LuminAIx, giving
learners freedom to explore different inputs, including personally
meaningful ones, to the AI systems engaged them in learning about
AI. In Knowledge Net, the opportunity for personalization of AI
characters engaged learners, which in turn led to better under-
standing of the AI concepts. Together, these findings demonstrate
that creativity in AI learning experiences can foster engagement
and situational interest in learning about AI. The following section
will provide a more in-depth explanation of the role of personally
relevant creative experiences in learning about AI.

6.2.1 Freedom to Create Familiar, Personally Relevant AI
Experiences Promotes Interest in AI. In all three exhibits, learn-
ers were given the freedom to shape their experiences around
different topics. However, participants in DataBites and LuminAIx
had greater control and were able to engage with content that
was personally meaningful to them–food and dance, respectively–
compared to the Knowledge Net exhibit, where customization op-
tions were limited and the content was not necessarily connected
to familiar, meaningful topics (but still engaged participants in
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Creativity Implications Type of Creativity Instantiation in Exhibits Evidence

Freedom to create familiar,
personally relevant AI ex-
periences promotes situa-
tional interest in AI, such as
creating personally relevant ar-
tifacts (pizzas and sandwiches)
or movements (dance moves).

Free-choice exploration and
personally relevant creation

DataBites (learners can create
a dataset of pizzas and sand-
wiches they like), LuminAIx
(learners can interact with the
AI dance partner by perform-
ing dance moves they enjoy)

In DataBites, of the 12 partici-
pants who mentioned person-
ally meaningful creation, over
half (n=7, 58.3%) expressed
that they wanted to learn more
about AI in the future. In Lumi-
nAIx, after dancing with the AI
agent, a large majority of par-
ticipants expressed interest in
learning more about AI (n=14,
77.77%).

Opportunity to personalize
AI learning can foster en-
gagement, contributing to
AI understanding, but we
should update the design to
further encourage learners to
try different inputs.

Personalization Knowledge Net (learners can
customize their characters by
modifying a semantic net-
work)

Of the participants who en-
gaged in personalization by
trying a variety of inputs to
their networks, all of them
(n=9, 100%) demonstrated par-
tial understanding of the learn-
ing objectives.

Table 8: Summary of creativity types and their implications in each exhibit

the learning activity). In DataBites, participants could personalize
food items, experimenting with different combinations as part of
their learning process, while in LuminAIx, they could explore dance
movements in ways that felt expressive and unique. Qualitative
coding of participants’ responses, along with their self-reported
interest in AI, indicated high levels of engagement and interest
development in both DataBites and LuminAIx. Overall, these find-
ings suggest that AI learning experiences that allow learners to
interact with familiar, meaningful topics and shape experiences
that are personally relevant can effectively foster sustained interest
in learning about AI.

These findings corroborate Belghith et al.’s assertion that AI
learning experiences can benefit from incorporating learners’ in-
terests [13] and Dangol et al.’s recommendation that AI learning
experiences should engage learners’ cultural knowledge [17]. More-
over, this aligns with the findings of Kim et al. [35] that playful
experiences that center learners’ lived experiences, interests, and
culture can make learning about AI more accessible and enjoyable.
Our findings motivate future AI museum exhibits–and AI education
initiatives more broadly– which center on open-ended, creative
activities where learners can incorporate personally relevant ideas.

7 Limitations and Future Work
This study has several limitations which suggest directions for
future work. Our sample size and single museum study restrict
the generalizability of our findings and may not capture the full
range of visitor interactions and perspectives. We chose to evaluate
the exhibits in-situ, which prevented us from studying the impact
of individual variables as one would do in a controlled study. The
exhibit prototypes themselves represent early design iterations with
some usability issues. Further development is planned to address
these challenges, corroborate our findings with additional studies,

and enhance the overall visitor experience based on insights from
this study.

Our evaluation instruments were also in their initial phase of de-
velopment. While they provided valuable insights into participant
learning and interest development, we identified areas for improve-
ment (e.g., ensuring that the content knowledge questions do not
evaluate knowledge of details outside the scope of the learning
objectives). We also encountered issues with assessing creativity
and embodiment. Since the data analyzed for these factors came
from responses not specifically designed to evaluate creativity and
embodiment, the findings highlighted salient features but lacked
consistency across exhibits. Moving forward, we plan to develop
targeted instruments to evaluate these constructs. These tools will
be standardized to contribute to the TEI and AI education research
communities.

Finally, to evaluate future iterations of the exhibits, we will con-
duct an in-depth video analysis examining how creativity, embod-
iment, and learning talk [56] occur in visitor interactions. This
analysis will deepen our understanding of how embodiment and
creativity foster discussion about the learning content of our ex-
hibits.

8 Conclusion
The primary contribution of this paper is the design of three ex-
hibit prototypes–DataBites, Knowledge Net, and LuminAIx–that aim
to promote AI literacy and foster middle schoolers’ interest in AI
through embodiment and creativity. We present findings from in-
terviews with 29 10-14 year old visitors, assessing their conceptual
understanding, interest development, and how salient embodiment
and creativity were to their experiences. We also present a multi-
case analysis of how embodiment and creativity were leveraged
to support AI learning across three exhibits. Our results suggest
that AI museum exhibits that leverage free-choice and personally
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meaningful activities can engage learners and support their interest
in AI; additionally, we found that different forms of embodiment
can contribute do different ways of reasoning about AI. However,
our exhibits need future refinement to communicate their learning
objectives and to address challenges related to usability and eval-
uation in museum settings. Additionally, we recommend that AI
learning experiences in museums leverage creative and personally
relevant activities, support hybrid conceptualizations of AI agents,
and utilize tangible interfaces to make AI concepts approachable
and concrete. This paper offers insights into designing interfaces
that support young learners’ AI literacy, and it also provides valu-
able guidance for educators and museum exhibit designers.
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