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Abstract
Recommendation systems shape much of what people, in-
cluding youth, encounter online, influencing their exposure
to information and ideas. Understanding their workings and
potential downsides, such as filter bubbles, is increasingly
important. At the same time, Minecraft remains one of the
most popular and accessible game platforms among students
worldwide, making it a promising medium for AI literacy
outreach. Building on a previous in-person augmented reality
application called BeeTrap, in which players, acting as bees,
pollinate flowers and see how similar choices narrow their en-
vironment, we created BeeTrap-MC, a Minecraft-based ver-
sion aimed at broader reach and accessibility. Unlike the
original facilitator-led group workshop, BeeTrap-MC is de-
signed for students individual playthrough. We conducted a
study with nine middle school participants, using pre-/post-
assessments and qualitative interviews to evaluate its effec-
tiveness. Results showed significant learning gains in key AI
concepts, such as understanding filter bubbles and their con-
sequences. We also discuss key differences in design, usabil-
ity and outcomes between BeeTrap-MC and the original, re-
flecting on trade-offs in adapting a group-based embodied ex-
perience into a shorter, self-guided digital format.

Project Page —
inter-play-lab.github.io/beetrap-fabricmc-1.21.4

Introduction
Artificial intelligence (AI) systems increasingly mediate
the information people encounter online, influencing opin-
ions, preferences, and decision-making (Flaxman, Goel, and
Rao 2016). Among these, AI-based recommendation sys-
tems play a pivotal role by personalizing content based
on a user’s past behavior. While personalization can en-
hance convenience, it can also inadvertently narrow expo-
sure to diverse information, creating so-called “filter bub-
bles” (Pariser 2011). This effect is of particular concern
for young people, whose media diets and worldviews are
still developing (Bulger and Davison 2018). As such, fos-
tering AI literacy in K–12 learners, including understand-
ing the mechanics and societal implications of recommen-
dation systems, is an important educational goal (Touretzky,
Gardner-McCune, and Seehorn 2022).
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Game-based learning offers an engaging avenue for AI
literacy education, providing interactive contexts that make
abstract computational concepts more tangible (Gee 2003).
Games can serve as embodied metaphors for complex sys-
tems, allowing players to explore cause-and-effect relation-
ships through play (Schank and Cleary 2014). Minecraft, in
particular, is one of the most widely used game platforms in
K–12 education worldwide due to its accessibility, creative
affordances, and active educational community (Karsenti
and Bugmann 2019). Prior work has leveraged Minecraft
for teaching topics from computational thinking to environ-
mental science (Short 2012), but its potential for AI literacy
outreach remains underexplored.

The original BeeTrap application (Zhou 2024) was devel-
oped based on the bee pollination analogy for recommenda-
tion system as an in-person, augmented reality (AR) learn-
ing experience in which players, acting as bees, pollinate
flowers and observe how repeated, similar choices lead to re-
duced diversity in their environment. This embodied activity
aimed to help students understand how algorithmic person-
alization can limit exposure to diverse content. The original
BeeTrap’s embodied, analogy-based AR design improved
students’ understanding of AI recommendation systems and
encouraged critical reflection on filter bubbles. However, as
a facilitator-led group activity, it required up to two hours
of class time, specialized equipment, and instructor support,
which limited the scalability of the learning experience.

In this work, we present BeeTrap-MC, a Minecraft-based
adaptation of BeeTrap designed for broader reach and ac-
cessibility. BeeTrap-MC maintains the pollination analogy
but reimagines it as a self-guided, 30-minute individual
playthrough that can be run on widely available PC or lap-
top devices. We evaluated BeeTrap-MC with nine middle
school students during a summer program, using pre-/post-
assessments and qualitative interviews to measure its effec-
tiveness. Our results show learning gains in key AI concepts,
particularly in understanding filter bubbles and their con-
sequences. We also reflect on the trade-offs of adapting a
group-based, embodied AR activity into a shorter, individ-
ual digital format, contributing insights for scaling AI liter-
acy resources in K–12 contexts.
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Background and Related Work
AI Literacy in K–12 Education
AI literacy refers to the knowledge, skills, and dispositions
that enable individuals to critically understand, use, and
evaluate AI systems (Touretzky, Gardner-McCune, and See-
horn 2022). In K–12 education, developing AI literacy is in-
creasingly seen as essential given the ubiquity of AI in daily
life and its societal impact (Bulger and Davison 2018; Casal-
Otero et al. 2023). Recent years have seen the emergence of
targeted educational interventions to introduce AI concepts
to young learners, such as machine learning, natural lan-
guage processing, and recommendation systems. For exam-
ple, the AI Chef Trainer activity engages students with the
role of data quality and quantity in training machine learn-
ing models through an interactive cooking metaphor (Mova-
hed and Martin 2025), while Word2Vec4Kids uses interac-
tive challenges to introduce middle school students to word
embeddings (Wiatrek, Verma, and Martin 2025). These ef-
forts illustrate a growing diversity of approaches for making
abstract AI concepts tangible and age-appropriate.

Recommendation Systems and Filter Bubbles
Recommendation systems personalize information delivery
by ranking and suggesting items based on a user’s profile,
which can be built from explicit preferences, implicit be-
havior, or both (McNee, Riedl, and Konstan 2006). While
personalization can improve user experience, it can also cre-
ate “filter bubbles” (Pariser 2011), situations in which expo-
sure to diverse perspectives is reduced. Empirical research
has shown that algorithmic personalization can lead to echo
chambers in online media consumption (Flaxman, Goel, and
Rao 2016). Understanding both the mechanisms and soci-
etal consequences of recommendation systems is therefore
a critical AI literacy goal, particularly for young learners
whose media habits are still forming(Iqbal et al. 2025; Sper-
ling et al. 2025).

Game-Based and Embodied Learning Approaches
Game-based learning has been shown to enhance engage-
ment, motivation, and conceptual understanding across
STEM domains (Gee 2003). Embodied learning approaches,
in which learners physically or virtually act within a
metaphorical representation of a system, can make abstract
computational processes more concrete (Schank and Cleary
2014; Abrahamson and Lindgren 2014).

Minecraft has emerged as a particularly versatile platform
for educational experiences due to its open-ended environ-
ment, accessibility, and active modding community (Tab-
latin, Casano, and Rodrigo 2023; Karsenti and Bugmann
2019). Its educational branch, Minecraft Education Edition,
brings structured lessons to classrooms, fostering collabo-
ration and problem-solving across fields like social studies,
computational thinking, and environmental science. Recent
educational modules, such as AI Foundations (Minecraft
Education 2025a) and Reed Smart: AI Detective (Minecraft
Education 2025b), introduce students to basic AI principles
including data training, ethical considerations of AI, and pat-
tern recognition. However, these experiences focus on gen-

Figure 1: Initial garden state in BeeTrap-MC. Right: flower
attributes. Top: diversity score bar. Bottom: player inventory.

eral AI understanding rather than the mechanisms of recom-
mendation systems or the concept of filter bubble formation
in these systems.

The BeeTrap Approach
The original BeeTrap application (Zhou 2024) employed
an augmented reality, facilitator-led group activity in which
players act as bees, pollinating flowers and observing how
repeated similar choices reduce diversity in their environ-
ment. This embodied analogy was designed to parallel how
recommendation systems shape user experiences and cre-
ate filter bubbles. Its design combined embodied movement,
analogical reasoning, and collaborative discussion, allow-
ing learners to physically experience algorithmic processes
such as similarity-based ranking and diversity loss through
their actions. The activity was intentionally grounded in
image-schema theory, using embodied metaphors such as
NEAR–FAR (Hurtienne and Israel 2007) distance to help
learners connect algorithmic similarity and diversity to spa-
tial relationships within the augmented environment.

While the original BeeTrap demonstrated promising
learning outcomes, it required significant resources, time,
and instructor facilitation. The current work, BeeTrap-MC,
adapts this experience into a self-guided Minecraft-based
format intended for shorter, individual play sessions, mak-
ing it more scalable for broader K–12 AI literacy outreach.

Resource Description and Design
Setup and Mechanics
In BeeTrap-MC, players spawn in a bounded Minecraft
garden populated with a variety of flowers that serve as
analogies for multidimensional datapoints (see Fig. 1). Each
flower is characterized by a set of attributes, which are
revealed as textual labels when a player aims at it. A
floating beehive at the center of the garden represents the
player’s evolving “profile.” The design builds on the em-
bodied metaphor of the NEAR–FAR image schema (Baur,
Wienrich, and Hurtienne 2022) used in the original BeeTrap
(Zhou 2024), in which spatial proximity parallels similar-
ity in multidimensional data: flowers that are closer together
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Figure 2: Garden in the fourth pollination round, showing
the beehive, connector lines, ranked buds within the pollen
circle, and pollens flying toward the hive.

Figure 3: Garden state before and after the first activity, with
withered flowers in the distance. Players can revisit rounds
using time travel tools.

are more alike, and the beehive’s position is updated to the
average of all previously pollinated flowers.

The game consists of three activities (corresponding to
the learning objectives discussed in the next subsection),
with each activity composed of multiple rounds of game-
play. During each round, players receive on-screen prompts,
hints, guides, or multiple-choice questions. A toolbar at the
bottom of the screen provides access to pollination tools,
while the garden diversity score is shown at the top as a
progress bar. Each round begins with the player selecting a
flower, aiming at it, and using the pollination tool. Each pol-
lination updates the beehive’s position to the average of all
previously pollinated flowers, effectively visualizing how a
recommendation system’s user profile shifts based on inter-
action history. To further reinforce this embodied metaphor,
a line is rendered on the ground connecting the beehive to
previously pollinated flowers (see Fig. 2). After each pol-
lination, a pollen circle appears around the hive, and a set
of flower buds (analogous to recommended items) emerge
within this circle. Pollens fly from buds toward the beehive
to simulate biological pollination. Buds are then ranked by
their Euclidean distance to the hive: the three nearest buds
bloom into new flowers, while the three most distant buds
wither. The diversity score (calculated as the sum of pair-
wise distances among all flowers in the garden) is updated
accordingly to reflect overall variety.

As players continue pollinating, the garden gradually be-
comes dominated by similar flowers, illustrating the emer-

Figure 4: Diversification Activity, players enlarge the pollen
circle and change ranking method to choose the farthest buds
to grow and diversify the garden

gence of a filter bubble. After the first round, players receive
two “time travel” tools in their inventory that allow them
to revisit previous or subsequent states of the garden (see
Fig. 3). In the final activity, players are introduced to strate-
gies for increasing diversity: they gain tools to expand the
pollen circle radius (increasing the pool of possible recom-
mendations) and to change the ranking method by toggling
a lever in the garden (see Fig. 4), which allows more distant
buds rather than only the closest ones to bloom.

Learning Objectives and Activities
Following the original BeeTrap design (Zhou 2024),
BeeTrap-MC addresses three learning objectives: (1) under-
standing the filter bubble effect, (2) grasping the inner work-
ings of recommendation systems that cause filter bubbles,
and (3) applying diversification strategies to break them.

Activity 1: Experiencing Filter Bubbles. Students be-
gin by pollinating flowers in the Minecraft garden. Repeat-
edly selecting similar flowers causes the garden to become
dominated by that type, while distant flowers wither. The
diversity score decreases accordingly, illustrating how filter
bubbles form when systems only recommend items aligned
with prior choices.

Activity 2: Understanding Inner Workings. The sec-
ond activity follows the same general flow but provides more
in-depth, on-screen explanations. After each pollination the
game pauses, prompting players to reflect on what the bee-
hive, flower distances, and pollen circle represent in terms of
user profiles and similarity. In later rounds, these multiple-
choice questions appear on screen (Fig. 5) to reinforce these
concepts and check understanding:

• What goes into the User Profile(beehive)?
• What do the flower buds on the ground represent?
• What do numbers above flower buds represent?
• What does the pollen circle represent?
• How are the flowers located in the garden?

Each question and its answer choices were intentionally de-
signed to bridge the in-game analogies (e.g., flowers, bee-
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Figure 5: multi-chioce question from Activity 2

hive, pollen circle) with their algorithmic counterparts in
recommendation systems, explicitly prompting players to
connect game elements to concepts such as user profiles,
item similarity, and ranking processes.

Activity 3: Breaking the Filter Bubble through Diver-
sification. In the final activity, players are introduced to
strategies for counteracting homogenization. After pollina-
tion they are prompted to enlarge the pollen circle, which
reveals more candidate flower buds. They can then change
the ranking method by flicking an in-game lever (see Fig. 4),
allowing more distant buds to grow instead of only the near-
est ones. These mechanics demonstrate how diversification
increases the variety of recommended items.

Implementation
Our initial development of BeeTrap-MC began as a Spigot
plugin, which allowed us to quickly prototype the pollina-
tion mechanics inside Minecraft servers. However, this ap-
proach limited our control over core game mechanics and
data handling. To achieve greater flexibility and tighter in-
tegration with Minecraft’s rendering and interaction sys-
tems, we transitioned to developing a standalone mod using
the Fabric modding framework over Minecraft Java edition.
This choice enabled us to customize both server- and client-
side behavior while preserving Minecraft’s native feel.

For the dataset, we generate data points similar to the
original flower dataset introduced in the BeeTrap applica-
tion every time. Each flower is characterized by five at-
tributes. In the original implementation, visual features such
as petal shape, petal size, leaf size, color, and height were
mapped directly onto 3D flower models created in Blender.
In BeeTrap-MC, we reimplemented the Classical Metric
Multidimensional Scaling (MDS) algorithm to project these
five-dimensional datapoints into two-dimensional plane co-
ordinates, preserving the relational structure of the dataset
in the Minecraft world. To remain faithful to Minecraft’s
aesthetic, we employed in-game, low-resolution flower as-
sets. This decision simplified visual fidelity but introduced
representational challenges: Minecraft flowers only vary
in color. To compensate, we introduced additional ab-
stract attributes—“smell strength,” “nectar sweetness,” “wa-
ter needed,” and “sunlight needed”—which were displayed
as textual data (see Fig. 1). These attributes were less imme-

ID Gender Gr. Race Prog Exp MC Exp
P1 Male 9 AA Low Mid
P2 Male 8 Hisp./AA Low High
P3 Male 9 AA Mid Mid
P4 Male 7 AA Mid High
P5 Male 8 Lat./AA Low High
P6 Female 6 AA Low High
P7 Female 7 AA Low Low
P8 Male 9 AA Mid Mid
P9 Male 7 AA Low Mid

Table 1: Participant demographics, grade, prior program-
ming experience, and Minecraft experience (N=9). Pro-
gramming experience coded as Low = never, Mid = a cou-
ple of times. Minecraft experience coded as Low = never or
rarely, Mid = a couple of times, High = most weeks or daily.

diately salient than the original visual encodings but allowed
us to preserve the multidimensionality of the data within the
Minecraft environment.

The Fabric framework enables code injection into
Minecraft’s Java runtime, letting us modify both server and
client logic. On the server side, we implemented game con-
trollers, custom entities, flower mechanics, and networking.
On the client side, we handled rendering of entities, custom
UI screens, and client-only entity effects.

User Study
Participants
Participants consisted of nine students from a summer camp
(grades 6–9) from the same summer camp program as the
original BeeTrap paper. Participant demographics are sum-
marized in Table 1. The majority of participants identified
as male (7/9) and Black/African American (6/9). Most re-
ported little or no prior programming experience, with only
three participants indicating mid-level experience (“a couple
of times”). Minecraft familiarity was generally higher, with
most participants reporting mid to high experience, meaning
the choice of platform was accessible for this audience.

Procedure
Each participant completed the BeeTrap-MC activity indi-
vidually on a laptop, with sessions lasting approximately 45
minutes. The procedure consisted of three phases:

1. Pre-survey and knowledge test: Participants completed
a short demographic questionnaire and a pre-test with
seven open-ended questions assessing their understand-
ing of recommendation systems, filter bubbles, and re-
lated AI concepts.

2. Gameplay session: Participants played through the three
BeeTrap-MC activities described in Section 3, each last-
ing approximately 10 minutes. Prompts and multiple-
choice questions were embedded in-game to encourage
reflection during play. No facilitators provided hints; the
experience was designed to be self-guided.

3. Post-survey and interview: Participants repeated the
same seven-question knowledge test and completed a

40757



short usability survey (Brooke 2013). Semi-structured in-
terviews followed, focusing on participants’ reflections
on the game, their learning, and their perceptions of AI
systems.

Data Collection
We collected four sources of data during the study:

1. Pre- and post-tests: Participants completed identical
seven-item open-ended assessments before and after
gameplay. These questions were adapted directly from
the original BeeTrap study (Zhou 2024) to allow compa-
rability. The items were:
• Q1. What AI-based recommendation system have you

used?
• Q2. What is a filter bubble? What are the negative im-

pacts of it?
• Q3. What does a user profile include?
• Q4. Which object is more similar to (2,4,2,4,2)?

a) (2,2,4,2,2) b) (4,4,2,4,4)
• Q5. How do recommendation systems predict what

you like?
• Q6. What happens if recommendations are only based

on your history?
• Q7. Order the steps of a recommendation system:
– Update profile
– Select item
– Recommend similar items
– Rank items

These questions address the first and second learning
objectives, since diversification wasn’t improved signifi-
cantly in the original paper and this was a mere replica in
minecraft we didn’t assess that but we report on that in
the qualitative results section.
We graded the open-ended responses using the same 0–3
rubric and conceptual categories defined in the original
study. The rubric evaluated the conceptual understanding
demonstrated in each response (0 = no understanding, 1
= partial/incomplete, 2 = mostly correct, 3 = fully cor-
rect explanation with reasoning). For example, for Q2, a
score of 3 was assigned when students mentioned that (1)
only similar or limited types of information or items are
recommended, (2) these reinforce prior preferences or se-
lections, and (3) the outcome reduces diversity or leads
to negative effects such as the “flowers dying.” Partial re-
sponses mentioning only one or two of these key ideas
received a score of 1 or 2, while irrelevant or incorrect
answers received 0.
Two researchers independently scored all pre- and post-
test responses following this rubric. Inter-rater reliability
was assessed using Cohen’s κ, which yielded a value of
κ = 0.82, indicating strong agreement between raters.
Any discrepancies were discussed and resolved through
consensus before the final analysis.

2. Interviews: Semi-structured interviews were conducted
after gameplay. Students were asked to explain or elab-
orate on their pre- and post-test answers, providing in-

Q Pre M(SD) Post M(SD) Diff M(SD) p
Q1 1.61 (1.11) 2.50 (1.00) 0.89 (0.96) .031
Q2 0.06 (0.17) 1.72 (1.20) 1.67 (1.22) .016
Q3 0.22 (0.44) 1.33 (0.90) 1.11 (1.08) .039
Q4 0.33 (1.00) 0.67 (1.32) 0.33 (1.00) 1.000
Q5 0.61 (0.65) 1.83 (1.22) 1.22 (1.39) .047
Q6 0.22 (0.44) 1.50 (1.27) 1.28 (1.15) .031
Q7 0.28 (0.67) 1.44 (1.07) 1.17 (1.03) .016

0.48 (0.64) 1.57 (1.14) 1.10 (1.12) .001

Table 2: Pre- and post-test scores on 7 conceptual questions
(0–3 scale) with the overall scores in the bottom. Significant
p < .05 values in bold.

sight into their reasoning and how their understanding
may have shifted.

3. In-game data: Screen recordings documented game-
play behaviors and on-screen interactions. The system
also generated logs capturing changes in garden diver-
sity scores, start and end of pollination rounds, and item
ranking events.

4. Embedded questions: Multiple-choice questions were
integrated into gameplay (Activity 2) to probe partici-
pants’ understanding of recommendation concepts in real
time.

Analysis and Results
Learning Gains
To assess learning gains, we compared participants’ perfor-
mance on pre- and post-assessments. Across all seven ques-
tions, the mean pre-test score was M = 0.15 (SD = 0.43),
while the mean post-test score increased to M = 0.52
(SD = 0.34). Although this reflects a clear improvement,
the average post-test score still indicates that participants
achieved only partial mastery of the target concepts, sug-
gesting room for deeper understanding.

Because the data were not normally distributed (Shapiro–
Wilk test: W = 0.91, p < .001), we used a non-parametric
test for paired samples. A Wilcoxon signed-rank test showed
that post-test scores were significantly higher than pre-test
scores, W = 28.5, p < .001.

Table 2 summarizes mean scores, standard deviations,
mean differences, and corresponding p-values for each ques-
tion. Significant learning gains were observed on most ques-
tions, particularly those targeting understanding the concept
of filter bubble, being aware of it and recommendation sys-
tem mechanics.

System Usability
We measured usability with the System Usability Scale
(SUS) (Brooke 2013). Scores range from 0 to 100, with 68 as
the benchmark for average usability. BeeTrap-MC received
a mean SUS score of M = 63.33 (SD = 27.50), slightly
below the benchmark, with high variance indicating mixed
perceptions of ease of use.

Interview responses provide further insight into these
mixed ratings. Several participants noted that, although
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Figure 6: Box Plot for backward and forward time travel

BeeTrap-MC was presented as a game, the frequent pauses
for concept explanations and reading text felt cumbersome,
with one student describing the experience as “boring and
repetitive.” Others remarked that while the activity took
place in Minecraft, its mechanics felt very different from
their prior experiences with the game. This suggests that par-
ticipants’ high pre-engagement with Minecraft may have set
expectations that an educational game built in the same en-
vironment could not fully meet.

Gameplay Patterns

In addition to pre-/post-assessments, we analyzed in-game
behavioral data to better understand how participants inter-
acted with BeeTrap-MC.

Use of Time Travel Tools. BeeTrap-MC included “back-
ward” and “forward” time travel tools that allowed players
to revisit earlier or later states of the garden after a round
of pollination. Our logs indicate that most participants used
these tools at least a few times, with varying frequency. No-
tably, Participant 8 (P8), who achieved the highest post-test
score (0.76), made extensive use of this feature, employ-
ing both backward and forward travel 17 times each. This
suggests that iterating over the garden states may have sup-
ported deeper reflection and learning. This finding aligns
with the original BeeTrap study, where iteration and com-
parison across garden states was also identified as a mean-
ingful learning mechanism.

Garden Diversity Over Time. We also tracked the diver-
sity score of each participant’s garden, measured as the sum
of pairwise distances among flowers. In every case, diversity
decreased as the game progressed through the first activity,
indicating that all participants successfully experienced the
“filter bubble” effect. This outcome mirrors the original Bee-
Trap results, confirming that the core metaphor of narrowing
diversity was preserved in the Minecraft adaptation.

Figure 6 illustrates usage patterns of the time travel tools,
while Figure 7 shows the garden diversity trajectories per
participant.

Figure 7: Flower Diversity in Activity 1 per participant over
rounds

Limitations, Discussion, and Future Work
Our study of BeeTrap-MC demonstrates both the potential
and the limitations of adapting an embodied AR activity into
a self-guided Minecraft environment for AI literacy educa-
tion. The only question that did not show measurable learn-
ing gains was the one concerning multidimensional data
similarity (Q4). We attribute this to the reduced represen-
tational fidelity of Minecraft flowers compared to the orig-
inal AR implementation, where multiple visual attributes
(petal shape, size, leaf size, etc.) could be mapped directly.
In Minecraft, only color could be varied natively, and while
we added abstract textual attributes (e.g., “smell strength,”
“nectar sweetness”), these were less salient and less likely
to be internalized.

Compared to the original BeeTrap, BeeTrap-MC used
substantially less time (30 minutes vs. two hours) and re-
quired students to work individually rather than in facil-
itated groups. This difference influenced interaction pat-
terns: in the AR workshop, students often discussed hints
and multiple-choice questions collaboratively, whereas in
the Minecraft version, players tended to skip over prompts.
Even those who later answered correctly on the post-test
sometimes failed to engage with the in-game multiple-
choice questions. This suggests that for individual digital
formats, future work might explore incorporating pedagogi-
cal agents or conversational guides rather than relying solely
on on-screen text prompts.

Another difference emerged in terms of embodiment and
movement. In the AR version, participants could physically
walk around the room, but in practice they did not move
very extensively. In Minecraft, despite the limited embodi-
ment, the players navigated the garden much more actively
and fluidly, as evidenced in the screen recordings. This sug-
gests that the digital environment encouraged faster explo-
ration and potentially heightened engagement, even if the
embodied fidelity was reduced. At the same time, because
Minecraft is already a highly engaging platform for youth,
future iterations of BeeTrap-MC—and educational games in
Minecraft more generally—should incorporate more of the
native mechanics and “feel” of Minecraft to avoid a sense of
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dissonance between expectations and gameplay.
Due to the small sample size, no statistically significant

patterns were observed between participants’ gender, prior
programming experience, or previous Minecraft experience.
Scaling up the study will be necessary to investigate whether
such factors influence learning outcomes. Additionally, par-
ticipants’ prior familiarity with Minecraft and potential nov-
elty effects may have influenced engagement and learning
outcomes, particularly in the absence of a control group or
direct comparison to the original BeeTrap or a non-game
baseline.

The relatively low SUS score (M = 63.33) and feedback
about pacing suggest that future iterations should streamline
instructional pauses and better align educational mechan-
ics with native Minecraft gameplay to maintain engagement
while conveying conceptual depth.

Finally, in terms of development, creating BeeTrap-MC
presented technical challenges. Although the Fabric mod-
ding framework provided the necessary flexibility, we en-
countered difficulties due to limited and fragmented online
documentation. Our future work is two-fold. First, we plan
to deploy an online browser-based version of BeeTrap-MC
with automatic logging, allowing us to reach a wider audi-
ence and collect more comprehensive gameplay data. Sec-
ond, we aim to investigate integrating the BeeTrap experi-
ence into Minecraft Education to explore its classroom scal-
ability and alignment with formal curricula. Despite these
challenges, our implementation shows that Minecraft is a
promising platform for AI literacy outreach, providing ac-
cessibility and scalability while preserving the core embod-
ied analogy of the original BeeTrap.

Conclusion
BeeTrap-MC was developed with the goal of making AI lit-
eracy, particularly the concept of filter bubbles, more acces-
sible to students through a widely available platform. Our
evaluation showed that the Minecraft-based adaptation was
effective in supporting measurable learning gains and helped
students recognize both the mechanics and consequences
of recommendation systems. At the same time, the study
highlighted important challenges in adapting embodied ed-
ucational activities into more accessible formats. Differ-
ences between the original AR-based, group-facilitated Bee-
Trap and the self-guided digital BeeTrap-MC underscore the
trade-offs of individual versus collaborative play, as well as
high-fidelity embodied interaction versus simplified digital
metaphors. Taken together, our findings suggest that while
Minecraft offers a promising and scalable medium for AI
literacy outreach, careful design attention is needed to pre-
serve key aspects of engagement, collaboration, and embod-
ied learning in translation to digital platforms.
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