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Abstract

Al literacy is an emerging research area that increasingly incorpo-
rates new forms of computational intelligence, creating opportuni-
ties to enrich human learning and interactive experiences. Our scop-
ing review examines design interventions and discourses within
Al literacy and games to identify and characterize the learning ex-
periences that prior research has sought to support. Drawing from
45 papers, we identified and analyzed 48 unique design artifacts,
including game-based learning prototypes and gamified systems.
We constructed a comprehensive matrix charting each artifact’s
game or gamification approach, platform, Al literacy focus, game
design elements, player requirements, modality, and open-source
availability, providing a detailed view of how Al literacy is repre-
sented across these systems. Building on this matrix, we identify
nine design suggestions that illustrate how specific design choices
shape learners’ knowledge, skills, and experiences with Al Our
work clarifies game-based Al literacy interventions and offers ac-
tionable suggestions for designing future systems that effectively
leverage games and gamification to support Al learning.
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1 Introduction

Artificial intelligence (AI) is becoming a part of everyday life, mak-
ing the understanding of and interaction with AI systems an in-
creasingly important skill [7]. As Al is integrated into social game
simulations [54], educational game-based approaches [75, 77], and
gamified creative contexts [15, 83], researchers and educators em-
phasize the importance of conceptualizing Al literacy—the knowl-
edge, skills, and attitudes required to critically engage with and
make informed decisions about Al-driven technologies [41, 51].
Consequently, the ability to comprehend, question, and collabo-
rate with Al systems has become a fundamental sub-component of
digital citizenship' [53].

Games offer powerful affordances for learning complex concepts,
enabling players to engage with Al systems? in situated and embod-
ied ways [48]. In addition to fostering understanding, game-based
interventions can shape players’ perceptions of AI’'s capabilities
and limitations, prompting reflections on trust, agency, and ethics.
Human-Computer Interaction (HCI) researchers have explored how
people can learn about and through Al but definitions and meth-
ods vary widely [50, 51]. Among these, gamified systems [26] and
game-based learning approaches [60] are particularly notable. In
this paper, we collectively refer to both as games when discussing
interventions designed to foster Al literacy.

!Digital citizenship (which builds upon digital literacy) is the capacity to actively,
continuously, and responsibly participate in communities on and offline through
competent and positive engagement with digital technologies (by creating, working,
sharing, socializing, investigating, playing, communicating, and learning).

%In this work, we use the terms Al and Machine Learning (ML) in line with common
public discourse, treating ML as a subset of Al Although these terms are technically
distinct, we do not maintain a strict differentiation here, while acknowledging that
more specialized literature treats them separately.
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However, while many researchers have begun to leverage games
to teach or explore Al literacy, the field lacks a consolidated under-
standing of how such interventions are being designed, evaluated,
or conceptualized (primarily just preliminary, descriptive and ex-
ploratory in nature) [69]. For example, recent systematic literature
reviews by Casal-Otero et al. [12] and Ng et al. [52] encourage
further exploration of how games can be designed and used in
conjunction with Al literacy.

This gap highlights the need for a comprehensive mapping of
the literature to understand how Al literacy is being addressed
in games, the design choices researchers make, and the types of
learning or interaction they aim to support. A scoping review in
this intersection allows us to uncover both the educational and
experiential intentions behind such interventions, whether they aim
to teach technical concepts, foster critical awareness, or promote
ethical reasoning. This knowledge can help guide the design choices
towards meaningful Al literacy objectives. Thus, we address this
through the following research questions (RQs):

RQ1 What aspects of Al literacy are addressed by current game-

" and interaction-based learning systems, and how do these
aspects distribute across platforms, modalities, and design
artifacts?

RQ2 What game design approaches and broader design consider-

~ ations support the development of effective, equitable, and
scalable Al literacy through interactive systems?

We identified and analyzed n = 48 unique design artifacts (in-
cluding game-based learning prototypes and gamified systems from
n = 45 papers®) contributing to the research and design of games
for Al literacy. This includes:

(1) A comprehensive matrix of 48 game and gamified systems
for Al literacy interventions by analyzing how they address
different Al literacy domains and identifying patterns across
platforms, modalities, and interaction designs (RQ1).

(2) Nine design suggestions (DS1—DS9) highlighting how spe-
cific design choices shape learners’ knowledge, skills, and
experiences (RQ2).

By integrating insights from the matrix analysis with the nine de-
sign suggestions, we provide a clearer understanding of the current
landscape and offer actionable guidance for developing effective Al
literacy interventions through games and gamification.

2 Background and Related Work

We first clarify our scoping review’s key terms, then review exist-
ing secondary research on Al learning, education and literacy to
identify gaps that motivate our research.

2.1 Clarifying Relevant Terminology Pertaining
to the Scoping Review

We built our scoping review around the following terms, which
also determined how we sorted our charting data:

“AlI Literacy”: Several complementary frameworks have articu-
lated the concept of Al literacy. Building on Touretzky et al. [71]’s
foundational perspective, Al literacy encompasses five core ideas:

3The discrepancy between the number of papers and artifacts arises because two
papers contained multiple unique design artifacts.
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(1) Perception, concerning how computers interpret sensory input
and extract meaning through knowledge; (2) Representation and
Reasoning, wherein intelligent agents construct and manipulate
models of the world to support decision-making; (3) Learning, algo-
rithms’ capacity to adjust internal representations in response to
data, as seen in models such as decision trees or neural networks; (4)
Natural Interaction, which involves enabling agents to communicate
and collaborate effectively with humans by leveraging linguistic,
cultural, and emotional knowledge; and (5) Societal Impact, concern-
ing the ethical, economic, and cultural consequences of Al systems,
including issues of bias, fairness, transparency, and applications of
Al for social good.

From a HCI perspective, Long and Magerko [41] define Al lit-
eracy as a set of competencies that enables individuals to critically
evaluate Al technologies, communicate and collaborate effectively
with Al systems, and use Al tools across personal, educational,
and professional contexts. This framing positions Al literacy as
an extension of digital literacy that is not necessarily dependent
on computational or scientific literacy [65]. In line with broader
literacy frameworks, Al literacy can be understood as the ability to
identify, interpret, create, communicate, and reason within contexts
mediated by intelligent technologies.

Complementing these perspectives, Ng et al. [51] conceptualize
Al literacy through progressive domains: “knowing and understand-
ing AI”, “using and applying AI”, “evaluating and creating AI” and
“Al ethics”, which map onto Bloom et al. [9]’s taxonomy of cognitive
processes and its later refinements [30]. Collectively, these frame-
works position Al literacy as both a cognitive and socio-technical
construct, integrating knowledge of Al concepts with the capacity
to apply, critique, and design intelligent systems responsibly. In this
review, we adopt this integrated understanding and use the term
“Al literacy” inclusively to encompass these overlapping definitions.

“Game” (Design Elements) in AI Literacy: We conceptualize
games in Al literacy through two complementary lenses. The first
is gamification, which refers to the use of game design elements in
non-game contexts [17]. The second is game-based learning, which
emphasizes structured gameplay designed to facilitate specific learn-
ing experiences in digital games [58]. While the literature often uses
“serious games” and game-based learning interchangeably, they are
distinguishable by their intent and scope. As Becker [6] distin-
guishes in a brief academic letter, game-based learning integrates
learning objectives directly into gameplay mechanics to make the
learning process engaging and effective. In contrast, serious games
are dedicated tools in this approach—games explicitly designed for
educational purposes that are “shifted” towards targeted learning
outcomes [20].

Gamification has been shown to enhance motivation, engage-
ment, and learning outcomes across educational levels. Studies
report positive effects on students’ intrinsic motivation, learning
attitudes, and emotional experiences [16, 89]. Common game el-
ements (such as points, badges, and leaderboards) can promote
engagement by providing immediate feedback and progress track-
ing [18, 34]. However, gamification is most often implemented in
digital learning environments, such as e-learning systems, mobile
platforms, and flipped classrooms [89]. For instance, Gini et al. [23]
highlight the growing application of gamification in STEM and



Conceptualizing How to Design for Al Literacy through Game Artifacts

K-12 education, as well as its relevance in online and personalized
learning contexts.

Building on Plass et al. [57], we view game-based learning as
an approach that “integrates cognitive, motivational, affective, and
sociocultural perspectives”. These dimensions are essential for de-
signing and studying games that effectively support learning across
physical, digital, and hybrid environments. However, despite these
distinctions, debates persist regarding what constitutes a “game,”
what qualifies as a “non-game” [70], and whether digital games are
the only valid medium for learning [89]. To address this, our re-
view uses “gam”” as a search keyword to encompass a broad range
of interpretations rather than adhering to a single definition. We
therefore treat games in Al literacy as context-dependent, shaped
by underlying game design elements that span both gamified and
game-based scenarios. For example, the game content may include
problem-solving challenges that foster a sense of achievement while
engaging learners with Al concepts [22, 29, 60].

2.2 Secondary Research on AI-Related
Pedagogical Approaches in Games

Several works have reviewed the intersections between AI and
education, as the term Al literacy encompasses elements of Al edu-
cation [13], Al ethics [35], machine learning (ML) education [64],
and large language models (LLMs) in education [85], along with
their respective challenges and implications for future research.
We focus on the domain of games and their teaching and learning
applications in Al-related contexts, as examined through secondary
research (e.g., scoping and systematic reviews). For example, Hu
et al. [29] mapped alignments between Al techniques and game
genres for experimental purposes. However, there is a lack of re-
search approaching Al-game integration from a pedagogical and
literacy-driven perspective.

A few reviews examined overlaps between Al education and
game-based learning platforms. For instance, Giannakos et al. [22]
reviewed digital games designed to support computational think-
ing and programming in K-12 education, finding that “coding”
remains the central goal in most environments—despite computa-
tional thinking’s emphasis on problem decomposition, abstraction,
and algorithmic reasoning as general cognitive skills. Al education
broadly encompasses the teaching of technical AT and ML concepts,
often targeting specialist or pre-professional audiences [13, 64]. In
contrast, Al literacy is oriented toward a general population and
emphasizes critical evaluation, ethical reasoning, and the ability to
interact with and apply Al tools across everyday contexts [41, 71].
Existing reviews have not consistently maintained these distinc-
tions, leading to a fragmented picture of what game-based inter-
ventions actually address.

Meanwhile, Zhan et al. [91] observed that many researchers use
puzzle games for teaching Al concepts because of their compact
size, ease of design, and development efficiency. This observation
aligns with findings from Abd-alrazaq et al. [1], who analyzed seri-
ous games in the health domain and additionally found that motor
impairment was the most common condition targeted. In particular,
they noted that most studies used serious games for rehabilitation
purposes, with popular genres including role-playing, puzzle, and
platform games—consistent with the trends identified by Zhan et al.
[91]. Similarly, Ullah et al. [74] investigated serious games in science
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education, identifying country-level research trends, common eval-
uation methods, and both positive and negative perceptions toward
their educational use. Yet a common limitation across this body of
work is the tendency to treat game design as a delivery mechanism
rather than as a variable that itself shapes learning outcomes. Few
reviews interrogate how specific game design elements (such as
mechanics, feedback structures, or narrative framing) map onto
particular Al literacy competencies [29]. Furthermore, as noted by
Zhai et al. [90], while AI techniques in educational contexts can
demonstrate “smart” computational capabilities, they often fail to
deliver meaningful added value at scale due to high implementa-
tion costs and limited domain-specific adaptability, restricting their
ability to support personalized learning experiences.

3 Methodology

Rather than providing an exhaustive overview of existing stud-
ies, our focus lies in identifying the specific features Al literacy
and games aims to enhance or introduce. We also examine how
researchers seek to shape the human experience of play through
design mechanisms and technological interventions. For now, we
set aside broader concerns, such as the digital divide®.

Predefined research questions and a structured search strategy
informed our review, but we did not follow a formal scoping review
protocol [5]. Instead, we adopted a flexible approach that allowed
the first author’s growing familiarity with the literature to guide
the analysis. To ensure rigour and transparency, we drew on the
seven stages of the INSPIRE Framework [73], which better aligns
with the “search and selection” stages in formalized HCI literature
review practices. We expand on this recent methodology adopted
and supported by librarians within the HCI field.

3.1 Involvement: Inclusive Research
Participation

We critically reflect on our assumptions and biases when analyz-
ing the data and constructing findings with our librarians. The
research team brings diverse perspectives from both academic and
professional contexts, with representation spanning from graduate
students to full professors at the time of this research.

Our team combines expertise in HCI and game user research
(GUR). The first author has access to both the University of Wa-
terloo’s and Fondazione Bruno Kessler’s ILL networks to ensure
broad coverage of the literature, and brings extensive knowledge
of how metadata is embedded in academic databases, developed in
collaboration with librarians®. The first and second authors have
conducted interdisciplinary work in game design and have strong
relationships with their institutional librarian to fully use the ILL
network. The third, fourth, and last author bring deep expertise in
gamification, providing critical evaluation of relevant works. All
authors have taught game design courses at the university level.

3.2 Inquiry: Learning About the Research Space

Following the first stage of the INSPIRE framework [73], we began
by exploring the research space to understand how Al literacy has
been approached in games (Figure 1). While Al literacy has received

4Unequal access to and effective use of digital technology
SAll authors are familiar with the search and selection of papers in HCI related
databases [73].
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Formulate research Information

Minquiry team and goals

Specialist (librarian)

Identify any existing or registered
Formalized Literature Reviews (FLR) in similar topics

Figure 1: A flowchart of the Inquiry Stage within the INSPIRE Framework.

increasing attention in educational research [12, 52], little work has
synthesized how the design of game-based and interactive systems
addresses different Al literacy domains—a gap this review aims to
fill. Thus, we focused on the central question: What do we envision
and study when designing for Al literacy in games? We derived our
research questions from this activity (Section 1).

To ensure our review’s novelty, we also confirmed that no exist-
ing or ongoing systematic reviews on Al literacy and games were
available in HCI venues using an open-registered repository such
as the Open Science Framework (OSF) Registries®.

3.3 Navigation: Find the Seed / Anchor Papers

The second stage of our review involved selecting anchor works
and mapping the relevant research space. We began by tracing
the origins of the term “Al literacy” in the literature [41, 51] and
“games” like Artbot [77] and Treasurelsland [49]. These works, our
seed papers, highlight both the need for Al literacy and the HCI
community’s tendency to approach it primarily through technolog-
ical interventions. Building on this foundation, we expanded our
search to identify additional seed papers that explicitly addressed
the intersection of Al literacy and games. Figure 2 shows our initial
keyword extraction.

3.4 Searching: Different Approaches to Finding
Papers

To develop the final key string, we began by extracting key terms
from titles, abstracts, CCS concepts, domain, research area, high-
lights and author keywords from our seed papers (Figure 3). Through
divergent searching, we expanded these terms to include synonyms
and related concepts, incorporating keystrings like Al EDUCATION,
Al LEARNING, and Al TEACHING. However, we found that the Sco-
pus, SpringerLink, and IEEE databases treat the string “Al” as a stop
word’, just as ACM DL does for “Machine Learning”.

We then engaged in iterative testing across multiple databases
that indexed our seed papers, refining keyword combinations and
Boolean operators to maximize relevant study retrieval while mini-
mizing irrelevant results (i.e., convergent searching). For example,
we found that the wildcard term cam® was effective, as it cap-
tured variations such as GAME, GAMES, GAMIFIED, GAMIFICATION,
and GAME-BASED. However, it also retrieved irrelevant results, such
as papers related to GAMMA.

A permanent, transparent, easily accessible repository that enables the archiving,
sharing, searching, and aggregating of funded study plans, designs, data, and outcomes.
Researchers can create robust, timestamped registrations of research projects, or
discover existing ones.

7A common word like “the” “a” or “is” that search engines often ignore to help reduce
noise, improve efficiency, and prioritize more meaningful keywords, yielding more
relevant results.

3.5 Point of Saturation

During this stage, we consulted closely with our librarian, whose
extensive knowledge of indexing practices proved invaluable in
refining search terms to better capture topics aligned with our
research objectives. As we used the University of Waterloo and
Fondazione Bruno Kessler institutional interlibrary loan (ILL) net-
work, our librarian recommended exploring additional databases
such as IEEE Xplore and SpringerLink, since several papers that
frequently cited our seed papers are published there. At this stage,
we determined a point of saturation, where enough studies had
been identified to finalize the search strategy and corpus, as of
1908—the first available year filter on ACM Digital Library (ACM
DL). We selected this year to guarantee complete search exhaustion,
as ACM DL’s search engine was returning inconsistent corpus sizes
for the same search string at the time of the search.

Using the final keystring, we conducted our search in n = 4
databases for the years (1908-2025): ACM DL, IEEE Xplore, Scopus
and SpringerLink (Figure 4). Although we iteratively refined search
terms, we found that terms such as Al EDUCATION, Al LEARNING,
and Al TEACHING produced fewer relevant results, however the
term Al LITERACY consistently yielded more, particularly those re-
lated to teaching Al Based on our librarian’s advice, we focused
instead on Al LITERACY, which, though a relatively new concept,
proved more effective for capturing relevant studies, particularly
those related to games. Accordingly, we simplified the final search
string to emphasize the term AI LITERACY across all databases (Sec-
tion 3.7).

3.6 Reporting: Document the Process

To avoid citation inflation, we included only the most recent version
of each work, sourced from ACM DL (n = 373), IEEE Xplore (n = 17),
Scopus (n = 57), SpringerLink (n = 624), and snowballing following
full-text screening (n = 16), yielding a corpus of n = 1087 papers
before de-duplication (Figure 5). We uploaded the resulting dataset
of n = 1071 records to Covidence® for the screening process. We
also document anomalies relevant to replicating our methodology:

e Wiley, one of our seed paper’s publisher, acquired the Open
Access company Hindawi in 2021. Shortly thereafter, in 2022,
a large number of Hindawi’s publications were retracted,
leading Wiley to discontinue all associated entries from its
database. Although one of our seed papers is from Wiley,
we excluded this database due to these retraction issues.
Fortunately, Scopus was still able to retrieve our seed paper.

8Covidence is a cloud-based platform designed to facilitate the screening of titles and
abstracts in large-scale literature reviews.
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Figure 3: Overview of divergent and convergent search strategies within the Searching Stage of the INSPIRE Framework.

o IEEE Xplore updates its index at the end of each fiscal year, so
publications from 2025 were not yet fully indexed at search
time. The database itself acknowledges this limitation.

e We also note that SpringerLink, which we access through
our institutional ILL, provides paid access to otherwise pay-
walled publications. Therefore, those that do not have this
access might find it difficult to reproduce our results.
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Figure 4: A figure of the Point of Saturation Stage within the INSPIRE Framework

e For SpringerLink, we used an online conversion tool’ to
transform exported comma-separated values (. csv) into bib-
liography (.bib) files format for reference management.

o Since SpringerLink does not export abstracts or DOIs, we
retrieved them using a custom script developed by the first
author.

o Springer has started to merge their entire branding to Sprin-
ger Nature Link which now also includes content from Bio-
MedCentral, Apress, Palgrave, and SpringerOpen'°.

3.6.1
Covidence’s automated duplication percent match (any abstracts
and titles with 95% similarity), then manually checked and removed
those with identical contents. After eliminating duplicates (n = 33),
we obtained n = 1038 unique records'! for screening.

Duplicate Removal. We identified potential duplicates using

3.6.2 Screening Phase and Study Selection. The first and second
authors oversaw all screening, with the third or fourth author acting
as mediators to resolve disagreements as needed. In the context of
this paper, each study’s quality depended on its ability to explain Al
literacy design decisions in detail. This implicit measure assigns less
weight and representation to papers that do not provide substantial
insight into games.

9 A JavaScript-based tool for converting SpringerLink CSV files to BibTeX format.
19%e acknowledge that the corpus size may change when reproducing our work,
however, relevant inclusion criteria and exclusion criteria should result in a similar
final corpus size

1\We note that this does not account for lecture notes, which could be indexed sepa-
rately with a preceding or subsequent DOL

For title and abstract screening, we included papers if they met
the following inclusion criteria (IC):

IC1 The item contains Al literacy related to games.
IC2 The item is a peer-reviewed paper (i.e., no books or theses).

We derived our exclusion criteria (EC) from our ICs alongside
the item’s full-text availability (i.e., items that were not available to
the research team in full text using their academic libraries and ILL
services were excluded):

EC1 The item’s full-text must be accessible.

EC2 The item is a formalized literature review (systematic review,
scoping review, etc).

EC3 The item is a book or a full proceedings.

EC4 The item is written in a language other than English.

If a study’s relevance was unclear from its abstract, we retained it
for full-text screening. For example, we included any studies related
to “games”, as it was often difficult to determine from titles and
abstracts whether they addressed aspects of Al education, learning,
teaching, or literacy design. A total of n = 89 papers proceeded to
the full-text screening, of which n = 46 formed our corpus.

During the full-text screening, we observed that several papers
presented preliminary results of interest, prompting us to conduct
citation-based snowballing. Specifically, we searched for follow-up
work using prototype names and “cited-by” links, allowing us to
identify studies where authors reference their earlier work. This
yielded an additional n = 16 papers, resulting in a final corpus of
n = 45 papers after a final de-duplication. Given the rapid growth
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of the field and our exploratory research goals, we included peer-
reviewed design artifacts. Under a strict critical appraisal, only nine
of these works would meet the inclusion threshold in a traditional
systematic review. However, because our approach is intended as a
scoping review, we deliberately adopted broader inclusion criteria.

3.6.3 Charting, Collating, and Reporting the Data. Scoping reviews
tend to address broader topics where various study designs may be
applicable, rather than strictly adhering to systematic review con-
ventions. Accordingly, we followed recommendations from Arksey
and O’Malley [5] to record the following items using a “descrip-
tive—analytical method”. This involves the application of a common
analytical framework to all primary research reports, collecting
standardized information from each. The first author designed the
initial data extraction template in alignment with our research goals
(see Appendix), and any discrepancies in the resulting matrix were
resolved through discussion involving at least two authors. As pat-
terns emerged during analysis, we restructured it into the matrix
format seen in Figure 7:

o Name: The title of the prototype or system (denoted by the
author).

e Gam": Specifies if the intervention uses full-fledged game-
based learning or gamified elements.

e Al Literacy Focus: The general Al literacy theme addressed
(e.g., conceptual understanding, ethics, data use) [41, 51].

o Target Audience: The target learner group or demographic
(e.g., students, teachers, public), contextualizing which pop-
ulation the Al literacy competencies are designed for [71].

e Research Question(s)/Goal(s): The study’s main aims or
research objectives to clarify the intended learning outcomes
or pedagogical inquiry.

e Co-Design Process: Captures whether learners, teachers,
or stakeholders co-designed the game/intervention, reflect-
ing participatory and socio-technical dimensions of Al liter-
acy [41].

e Evaluation Gam™: Describes how the gam* intervention
was evaluated (e.g., number of participants, data type, and
analytical approach).

e Study Duration: The temporal scope of the intervention
(e.g., single session, multi-week, longitudinal).

e Al Role in the Gam™: Specifies how Al is represented or
functions in the game (e.g., simulated agent, adaptive tutor,
content generator) [71].

o Interactivity or Play: The degree and type of interaction
(e.g., collaborative play, single-player tasks), and if the gam*
can be downloaded (open-source).

o Key Findings: The major results or implications related to
Al literacy learning and game effectiveness.

3.6.4 Collating, Summarizing and Reporting the Results. Crucially,
our approach reflects a distinctly human practice, without the use
of computational tools in meaning interpretation [32]. First, we
examined the corpus’s characteristics such as the papers’ publica-
tion venues. Next, we analysed the papers using reflexive thematic
analysis (RTA), forming two clusters (descriptive and interpretive)
based on recent recommendations from Braun and Clarke [11]. We
also applied deductive coding informed by our focus on Al literacy,
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using work from Long and Magerko [41] (one of our seed papers).
The coding process was highly iterative and completed over multi-
ple rounds by the first author, with intermittent discussions with
the full research team. This ultimately produced two overarching
thematic areas: how Al literacy is conceptualized and represented
across game-based systems (RQ1), and the design features and
mechanisms that meaningfullﬁpport Al literacy in play (RQ2),
aligning with a codebook-driven analysis [10]. o

Finally, the full research team refined and finalized the result-
ing themes over four meetings. These discussions focused on the
themes’ suitability and terminology, supported by the example sen-
tences in Figure 3. A detailed overview of our themes, the full list
of corpus papers, and the complete analysis process are available
as supplementary materials.

3.7 Exhaustion: Re-Search and Update

Table 1 summarizes the final search strategy, documenting exact
queries and coverage for transparency and reproducibility. To en-
sure the robustness and currency of our review, we conducted the
final search multiple times over several months until October 1st,
2025. Our goal was to stabilize the size of the resulting corpus. By
reapplying the search strategy and monitoring the results, we en-
sured that our corpus comprehensively reflects the literature on
Al literacy and games up to the cut-off date, providing a stable
foundation for analysis and synthesis.

Although new publications can appear during the selection, ex-
traction, and analysis phases, we observed inconsistencies across a
few databases. Since each database processes searches differently,
we outline below the rationale for each query syntax.

ACM DL provides filters for field, month, and year. However,
when restricting results to September 2025, the search unexpect-
edly returned fewer works. Therefore, since ACM DL does not
allow filtering by exact dates, we extended the filter to include
publications up to October 31st. In contrast, Scopus only supports
year-based filtering. To ensure inclusion of 2025 publications, we
applied the syntax filter “before 2026.” While our last search was
performed on October 1st, this approach means that some in-press
or in-camera-ready publications may also be present in the dataset
depending on when the paper goes live.

Our IEEE Xplore search process mirrors that of Scopus, as both
rely on the same indexing system. In IEEE Xplore, the year filter is
automatically applied, with the earliest indexed paper defaulting to
1884. However, for both Scopus and SpringerLink, we did not use
the query modifier NOT camma, because its use did not capture
one of our seed papers in the results.

On the morning of October 1st, 2025, we retrieved 624 papers
from SpringerLink through University of Waterloo’s ILL network.
However, on the same day, Fondazione Bruno Kessler’s ILL net-
work only returned 623 papers. After verifying that the results
were otherwise the same, we decided to include the search results
from University of Waterloo’s ILL network because it captured
one additional paper. The extra paper was deemed irrelevant after
screening, but we retained this search to ensure maximal coverage.
Our institutional librarian supported our access through the ILL
network. We provide all public search links without institution
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Figure 5: A figure of the Exhaustion Stage within the INSPIRE Framework.
Database Syntax Query Corpus Size*
ACM DL (Link) "query": AllField:("Al literacy") AND AllField:(gam* AND 373

NOT gamma) "filter": E-Publication Date: (01/01/1908 TO
10/31/2025), ACM Content: DL

IEEE Xplore (Link) | ("All Metadata":"AI literacy") AND ("All Metadata":gam®) 17
NOT ("All Metadata":gamma)
Scopus (Link) TITLE-ABS-KEY ( "Al literacy" AND gam* ) AND PUBYEAR 57
> 1884 AND PUBYEAR < 2026
SpringerLink (Link) | "query": ("Al literacy” AND gam*) "filter": Date published, 624

Custom dates: (Start year: 1908) (End year: 2025)

* The corpus size was filtered up until 31-OCT-2025. The public link will display the filter until the end of 2025.
Table 1: This table lists the final search queries in each database’s syntax. The corresponding filters are applied to the ACM DL
search results to mirror the filters in the other database searches. The final search was conducted on 31-OCT-2025. We provide
a public link to the timestamp of each database (without custom filters from our ILL, thus these public link only allow to only
filter by year). However, due to inconsistencies of these databases as noted by Tu et al. [73], we also provide the full corpus in

the supplementary materials.

virtual private network (VPN) attachments and without the date
filter (only available on ILL networks).

4 Findings

We organize our findings around our research questions: what Al lit-
eracy domains are addressed through existing game-based systems,
revealed through our matrix diagram and charting process (RQ1),
and which game design elements and broader design considerations
support these Al literacy learning goals (RQ2).

4.1 Characteristics of the Literature

Our results indicate that Al literacy and games research has in-
creased in popularity over the last four years (Figure 6). Note that
we prioritized the latest peer-reviewed publication describing a
design artifact when there are also preliminary publications to cap-
ture the most complete and accurate representation of the research.

This reduces inconsistencies that can arise from earlier iterations,
avoiding the fragmentation associated with salami publishing'?.

4.2 Mapping Al Literacy Coverage in Game and
Gamified Systems (RQ1)

We identified 48 unique game- and interaction-based design arti-
facts for Al literacy in our 45-paper corpus. Given the rapid growth
of the field and our exploratory research goals, we break them
down by paper type: full papers presenting evidence-driven studies
(n = 9, %); short papers focused on empirical work (n = 6, ¥9);
design papers (n = 13, %7); ongoing work with preliminary findings
(n =12, %); and posters (n = 5, including one doctoral consortium
submission, %%).

12The unethical practice of splitting a single research study into multiple smaller
publications to artificially increase publication output.
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Figure 6: Number of Al literacy and game-related works pub-
lished per year.

We charted our data into a matrix diagram (Figure 7) as described
in Section 3.6.3. In the following sections, we report our findings for
each matrix sub-column. Given that most of the reviewed studies
are not full papers, there was often insufficient detail resulting in
potentially unreliable tagging. To combat this, we also examined any
supplementary material provided by the authors where available.

4.2.1 Game and Gamified Design Artifacts. We derived these clas-
sifications from our disciplinary expertise in game design and gam-
ification (Section 3.1). Our analysis reveals consistent trends in how
game-related studies operationalize both games and gamification.
Most of the game-based papers we analyzed integrate multiple gam-
ification elements within their designs, contributing to a conceptual
blurring between games and gamified systems. This blurring stands
in contrast to the foundational definition of gamification as the
application of game elements in non-game contexts, indicating that
researchers frequently use the term inconsistently in the literature.
This issue is particularly evident in design and works-in-progress
submissions (%, %), which often use the terms “game” and “gami-
fication” interchangeably. Specifically, we identified: nine papers
reporting game-based learning approaches; two describing serious
games; and two focusing on game interfaces, which we can inter-
pret as using game design elements rather than constituting full
games.

4.2.2  Deployment Platforms. Our data show that 32 design systems
were computer-based, 6 are for mobile devices, 14 incorporated
tangible components (3 of which were situated in classroom or
course settings), and 1 used augmented reality (AR). We did not
classify systems designed to be played entirely on a computer as
involving tangibility unless physical interaction was an intentional
and required part of the experience. For example, DiPaola et al.
[19] presents an escape-room style system that, although delivered
through a computer interface, still requires players to physically
navigate and interact with the surrounding space. For this reason,
we is categorized it as both computer-based and tangible. In contrast,
we classified systems that rely on physical card decks or other
handheld materials as tangible interaction alone.

4.2.3 Al Literacy. Based on the terms we use for this scoping re-
view (Section 2.1), Know & Understand AI represents the largest
proportion (n=30), followed by Use & Apply AI (n=21), Ethics & Al
(n=14), and Evaluate & Create AI (n=9). We also note that all six
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short papers (%) focus on Know & Understand Al and Use & Apply
Al This suggests that current work most frequently prioritizes
practical engagement with Al systems, while comparatively less
attention is given to critical evaluation and creative construction of
Al This highlights a potential gap in existing approaches, pointing
to an opportunity for future game design research to more deeply
support higher-order Al literacy skills. We also note that only two
design artifacts, Apricot Stone City [45] and Treasurelsland [49],
incorporated all four Al literacy focus areas.

4.2.4 Game Design Elements. A majority of game-related design
considerations arise from decision-making, feedback systems, levels
and phases (particularly within gamification-oriented work), and
narrative and story. For instance, decision-making supports active
engagement and agency (e.g., Kim et al. [36]); feedback systems
provide immediate reinforcement and guide player learning (e.g.,
Lee and Ali [39]); and levels or phases offer structured progression
that can scaffold increasing complexity (e.g., Zammit et al. [88]).
Narrative and story elements, meanwhile, help contextualize Al
concepts within meaningful scenarios, making abstract or technical
ideas more relatable (e.g., Moore et al. [45]). There are comparatively
fewer instances of puzzles, role-playing, guessing or hidden object
mechanics, time-based gameplay, pathfinding, simulation, badges,
points, and leaderboards. This points to future research avenues
exploring how to effectively use these game design elements in Al
literacy games or gamified applications.

4.2.5 Player Requirements. Our data show that 28 of the systems
support single-player interaction, while 20 support multiplayer
experiences. Notably, 7 of the multiplayer systems require a moder-
ator—an external person responsible for facilitating or running the
activity. This moderator role is not embedded in the system itself,
typically falling to a researcher or another individual outside the
gameplay experience. This can limit the utility of such systems, as
moderators are not always available and players might not want to
take on the role because it often requires deep game knowledge to
be effective.

4.2.6 Modality of Interactivity and Play. Of the 48 design artifacts,
player-system interaction dominates both individual and team-
based play. At the individual level, 27 artifacts have players engag-
ing directly with the digital or physical system rather than with
each other, compared to only 10 built around player-versus-player
interaction. Team-based designs follow the same pattern. Nine arti-
facts structure play as team-system collaboration, while just three
involve direct team-versus-team dynamics.

The patterns indicate that most Al-focused educational game
systems centre on individual interaction with the technology itself,
rather than fostering interpersonal or competitive gameplay. This
suggests an opportunity for future work to explore richer social in-
teraction models such as cooperative problem-solving, inter-group
negotiation, or peer-based strategy development. These could fur-
ther support Al literacy through shared inquiry and collaborative
reasoning.

4.2.7 Open Source. Only 12 of the design systems in our review are
fully open source, meaning they are playable; of those, 3 are playable
but offer nothing further (no source, documentation, etc.). In these
cases, the complete materials are publicly accessible, meaning that
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A matrix diagram of our charting data. Frequency was reported because some papers addressed multiple categories.
Al literacy categories were clustered based on Ng et al. [51]’s four domains.

Figure 7
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Design Suggestions (DS1—-DS9)

Description

Q, Foster Critical Engagement with Al
Reasoning (DS1)

Design activities that prompt learners to interrogate Al outputs rather than passively accepting them: test
assumptions, compare Al- and human-generated solutions, identify contradictions, justify decisions with
evidence, and surface confidence/provenance via validity markers and structured reflection prompts [14].
When introducing LLMs, frame them as evolving systems to encourage exploration while recognizing
limitations and uncertainty [67].

3]2 Integrate AI/ML Ethics and Bias Lit-
eracy with Plain Language (DS2)

Expose learners to different bias types and de-biasing strategies; use dilemma-based gameplay to practice
fairness, accountability, and responsibility; avoid heavy ML jargon and use age-appropriate language
[8, 36, 66, 68]. Collaborative discussion can broaden ethical perspective-taking [67].

@B Sustain Engagement with Purposeful
Game Mechanics (DS3)

Address reports of slow or monotonous play by implementing progressive difficulty, meaningful rewards,
badges, leaderboards, and narrative challenges aligned with learning goals [49, 88]. Timed challenges and
competitive elements can drive engagement [37, 62]. Consider richer visualizations, concept expansion,
and optional multiplayer modes to deepen engagement [59].

P¥- Scaffold Problem-Solving and Con-
cept Mastery (DS4)

Provide embedded guidance (e.g., prompts, worked examples, embodied/virtual agents) to help learners
develop systematic strategies and metacognitive habits; design scaffolds that fade over time to encourage
new skill acquisition and promote independent reasoning and knowledge transfer [19, 84].

7+ Leverage Collaboration for Shared
Understanding and Equity (DS5)

Use dyads and small teams to support strategic problem-solving and reduce knowledge gaps; recognize
listening as legitimate participation and structure roles to ensure quieter learners benefit and contribute
[66, 72]. Maintain high team participation with clear roles, shared artifacts, and facilitator/agent supports
[19].

Use Tangible and Embodied Interfaces
to Ground Abstractions (DS6)

Incorporate physical/AR interactions (e.g., robots, tangible ML prototypes, spatial interfaces, interactive
exhibitions) to make abstract AI/ML ideas concrete and memorable; connect conceptual content to embodied
action and everyday contexts [44, 61, 83, 92]. Use embodied analogies judiciously to avoid confusion from
too many metaphors at once [92].

@ Reinforce Prerequisites with Just-in-
Time Mini-Lessons (DS7)

Close gaps between in-game performance and post-test outcomes by embedding concise mini-lessons (e.g.,
logic, probability, data reasoning) and reflection prompts; align assessments with transfer targets to verify
durable understanding [79, 92].

@ Promote Inclusivity and Retention
Across Learner Attitudes and Identities
(DS8)

Design for low-attitude learners and underrepresented groups (e.g., girls) via supportive messaging, diverse
narratives, and choice of content; track and address drop-off; equip teachers with age-appropriate resources
and simplified language where needed [21, 31, 45, 49].

W Ensure Accessibility, Robustness, and
Scalability in Real Contexts (DS9)

Design the system so it works well on learners’ preferred devices (e.g., tablets and phones with size-
responsive interfaces). Ensure classroom-ready robustness through backup plans and offline options, and
provide multiple learning pathways that support varied learner needs. Plan for deployment across diverse
educational and cultural contexts and for longitudinal use [4, 19, 21, 25, 43, 59, 88].

Table 2: Design suggestions (DS1-DS9) for game- and interaction-based Al literacy derived from the synthesis.

tangible systems can be printed or assembled using the provided
documentation, and digital systems can be downloaded or modified
through freely available source code repositories such as GitHub.
This level of transparency and accessibility supports reproducibility
and broader adoption, but it remains relatively uncommon across

our corpus.

4.3 Design Suggestions Supporting Al Literacy

in Games (RQ2)

From our reflexive thematic analysis of the corpus (Section 3.6.4), we
identified nine similar design suggestions (DS1—DS9) for game- and
interaction-based Al literacy in our corpus (Table 2). Collectively,
they argue that we need to move beyond answer delivery toward

Systems that foreground limitations and uncertainty (especially
for LLMs like ChatGPT) invite productive exploration without
overtrust [67]. Ethical reasoning and bias literacy benefit from
dilemma-driven play and plain language [36, 66], while sustained
engagement hinges on purposeful mechanics (e.g., progression,
rewards, narrative) [49, 88]. Collaboration structures (e.g., dyads,
small teams) broaden participation and strategy formation, includ-
ing for quieter learners [66, 72]. Tangible and embodied interfaces
help concretize abstractions [61, 83, 92], but we note and stress
that the gaps between in-game performance and post-test transfer
motivate the embedded micro-instruction and prerequisite rein-
forcement reported by Wang et al. [79] and Zhou et al. [92]. Lastly,
inclusive and context-aware designs should be paired with mobile
accessibility and classroom robustness to support equitable uptake
across settings [45, 59].

learner-facing Al reasoning, where students actively interrogate

outputs, compare alternatives, and justify decisions with evidence

[14].

4.3.1 Mapping Al Literacy Domains to Game Design Elements. To
understand which game design elements researchers use to support
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Figure 8: Co-occurrences of Al literacy domains and game design elements for the 48 design artifacts in our corpus.

specific Al literacy competencies, and identify potential gaps in
how the corpus addresses different domains, we constructed a co-
occurrence heatmap (Figure 8). The concentration of high values
in the top-left quadrant reflects both the dominance of Know &
Understand Al as a learning objective and the reliance on a small
set of core mechanics, specifically decision-making, narrative, levels,
and feedback, to deliver Al literacy content. Evaluate & Create Al
has the lowest co-occurrence counts overall, in alignment with our
findings suggesting that examined design artifacts less frequently
target higher-order Al competencies (Section 4.2.3).

Building on findings in Section 4.2.3 and Section 4.2.4, decision-
making is the most frequently paired game element across all four
Al literacy domains, with particularly strong co-occurrence with
Know & Understand AI (n=16). Narrative/Story, Levels/Phases, and
Feedback also appear consistently across domains, suggesting these
mechanics serve as versatile vehicles for Alliteracy regardless of the
targeted competency. In contrast, elements such as Time (Urgency),
Badges, and Leaderboards appear infrequently, indicating they are
used sparingly or in narrower contexts.

5 Discussion

Our scoping review findings articulate how game- and interaction-
based systems conceptualize and implement Al literacy. By synthe-
sizing research goals, target audiences, Al literacy domains [51],
platforms, modalities, mechanics, and evaluations, we identify what
aspects of Al literacy are addressed (RQ1) and how design features
and mechanisms support these goals@Z). We discuss the implica-
tions of these findings in relation to delivery formats and contexts,
coverage and learning processes, and design patterns for Al literacy.

We stress that the design suggestions presented here are derived
from our synthesis of existing work, and should be treated as a
developing rather than definitive list. Our corpus includes design
papers, works-in-progress, and preliminary results alongside full
empirical studies, meaning some suggestions rest on early-stage
evidence that has yet to be validated through rigorous evaluation,
which is consistent with the exploratory nature of scoping reviews.

5.1 Delivery Formats and Infrastructure for Al
Literacy

Our analysis highlights that youth (primarily students) engagement
with Al literacy is not confined to digital formats. Work by Maljur
et al. [44] shows that analogue, tangible, and embodied interactions
appear across our corpus as viable alternatives to screen-only ac-
tivities for delivering Al literacy content, particularly when the
goal is to make opaque computational processes observable and
manipulable. Beyond AR platforms that illustrate Al reasoning [92],
several artifacts demonstrate the promise of low-infrastructure
tangible designs: card- and table-top formats for data ethics and
bias awareness [3, 8, 68, 81], floor mats and button-pad interfaces
that externalize algorithmic processes [61], and robot-mediated
environments that synchronize physical and virtual states to make
policy and path planning observable [83]. Tangible escape-room
sequences further show how embodied puzzle structures can an-
chor abstract concepts such as embeddings, reinforcement learning,
and human-in-the-loop coordination in physical action [19]. These
approaches make model behaviour, constraints, and trade-offs more
legible than on-screen widgets alone (as seen in Figure 7). Work
by Rodi¢ and Grani¢ [63] further supports this direction, showing
that tangible interfaces reduce cognitive load and support collabo-
rative meaning-making for young children in ways screen-based
interfaces cannot.

However, the same concreteness that makes tangible formats
effective for Al literacy also introduces risks specific to how learn-
ers form mental models of AI systems. When multiple physical
metaphors are layered without careful sequencing, learners can
overgeneralize from the tangible representation to the computa-
tional process. For example, concluding that an Al recommenda-
tion system literally “traps” users the way bees are trapped in a
physical game might impede learners’ understanding of the un-
derlying statistical filtering mechanism [92]. This is a distinctly Al
literacy-specific concern: unlike mathematics or physics, where
physical manipulatives map relatively directly onto the target con-
cept, AI/ML processes (e.g., gradient descent, embedding spaces,
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stochastic optimization) have no natural physical analogue. There-
fore, every tangible metaphor is a deliberate simplification that
risks being mistaken for the thing itself (\& DS6). Explicit debriefs
tying physical affordances to dataset properties, uncertainty, and
model limitations can reduce this risk.

Additionally, physical and print-ready formats can help mitigate
digital divide constraints in under-resourced classrooms by reduc-
ing reliance on personal devices and broadband. Card games and
printable kits are low-cost and easy to localize [3, 68, 81]. This is
particularly salient for Al literacy because access to Al tools and
infrastructure is already unevenly distributed; analogue formats en-
sure that learning about AI does not itself require Al infrastructure.
That said, analogue formats have their limitations: they cannot pro-
vide the characteristic real-time feedback loops of actual Al systems
(e.g., a classifier updating its predictions as new data arrives, or
visible agent improvements over training iterations). This means
that learners may develop accurate conceptual models of how Al
works in principle, while lacking experience with the temporal
dynamics, scale, and unpredictability of live AI systems.

Although there is increased interest in mobile learning, most
systems in our analysis remain computer-based and only a small
subset target phones or tablets. These patterns highlight a need to
invest in tangible-first, low-infrastructure designs that align with
real classroom realities while being transparent about what the
physical metaphor does and does not capture about the Al system
it represents.

5.1.1 Teacher Readiness and Facilitation. Teachers’ confidence for
teaching Al literacy concepts and age-appropriate materials remain
limited [31]. This gap is more acute for Al than established sub-
jects like mathematics because teacher preparation programs rarely
cover AI/ML concepts (@ DS8). Al literacy content requires facili-
tators who understand AI/ML concepts themselves; unlike general
game facilitation, guiding learners through algorithmic reasoning,
bias identification, or model evaluation demands domain-specific
expertise that limits who can run these activities (*&* DS5, [l DS9)
[47]. Even when tools are available, teachers report a lack of neces-
sary resources for Al content delivery [31]. For example, several
systems rely on external facilitators such as a game master or an
Al-supported moderator, restricting replication [47, 67]. Some de-
sign artifacts use LLMs such as ChatGPT for assistance, but this
becomes fairly outdated during longitudinal studies.

Our findings also echo work by Kangas et al. [33] which notes
that, depending on the learning goals and the game context, the
teacher’s role varies from a leader to a facilitator and from an
organizer and planner of pedagogical entities to a guide and a
tutor during the gameplay sessions. From a pedagogical standpoint,
sometimes the most important “teachable moments” [82] happen
during play, while in other cases the teacher’s involvement as an
organizer or co-learner becomes essential. This means teachers
also operate as bridges between the game world and everyday
experiences, helping students connect in-game model behaviour to
the Al systems they encounter in daily life, such as recommendation
algorithms, voice assistants, or content filters. In-system facilitation,
such as adaptive onboarding, role prompts, and pause-and-discuss
checkpoints, can shift this burden [19].
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5.1.2 Cultural Relevance and LLM Dependencies. Localized
datasets and culturally relevant scenarios further improve align-
ment with learners’ norms [4, 43, 67]. Shrivastava et al. [67] found
that ChatGPT’s Western-biased outputs can misrepresent cultur-
ally specific concepts, directly affecting how learners evaluate and
apply Al literacy skills in non-Western contexts. Al literacy tools
that depend on live APIs (e.g., GPT-4o0, real-time model training)
also introduce infrastructure dependencies that general educational
games do not face: network outages, API costs, rate limits, and
model version changes can break the learning experience in ways
that are outside the designer’s control (B DS9) [54]. Learners’ self-
assessments of their own Al knowledge are further complicated by
the Dunning-Kruger effect, where novices overestimate their Al
understanding while experienced learners underestimate it, mak-
ing self-reported Al literacy a poor basis for adaptive support or
placement (@ DS8) [45].

These patterns suggest that low-infrastructure designs trans-
parent about their representational limits, in-system facili-
tation supports that reduce reliance on teacher Al expertise,
and defensive integration of LLMs against cultural bias and
API instability can make games and gamified applications
for Al literacy more accessible, more pedagogically sound,
and more durable in real classroom settings.

5.2 Al Literacy Coverage and Learning
Processes

The design artifacts from our corpus predominantly target the Al
literacy domain of Know & Understand Al followed by Use & Ap-
ply Al Ethics & AL and Evaluate & Create AI (Section 4.2.3). This
ordering reflects a pragmatic sequence where foundational under-
standing precedes application [49]. As shown in the co-occurrence
heatmap (Figure 8), Know & Understand Al dominates across nearly
all game design elements, while Evaluate & Create AI shows the
lowest co-occurrence counts overall, suggesting that game designs
in our corpus less frequently target higher-order AI competencies.
Just-in-time mini-lessons on probability, data reasoning, and
logic reinforce performance within gameplay and improve transfer
to novel tasks [79]. For instance, data literacy (including dataset
selection, labelling, sampling, and bias mitigation) is less frequently
addressed but is crucial to understanding Al systems [24, 68].

5.2.1 Conceptual Clarity and Misconceptions. A major concern is
conceptual clarity. Many works blur the line between games and
gamification, or between Al literacy and general STEM or coding
activities. While programming-heavy systems can be valuable, they
do not inherently support learners’ understanding of model limita-
tions, uncertainty, or bias unless explicitly surfaced. We emphasize
that researchers should clarify these boundaries when designing
experiences that target Al literacy to avoid targeting adjacent com-
petencies instead.

Learner misconceptions are also common, necessitating delib-
erate design. Confusion arises when too many analogies or ab-
stract concepts are presented simultaneously [92], and exploratory
trial-and-error often precedes structured strategy formation [84].
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Over-trust of model outputs and misinterpretation of uncertainty re-
main recurring issues, emphasizing the potential value of “predict—
observe—explain” cycles, contradiction highlighting via validity
markers, and structured reflection prompts highlighted by Dangol
et al. [14].

5.2.2 The Gap Between Experiential and Assessable Al Knowledge.
A persistent tension across our corpus is that learners often de-
velop functional intuitions about AI behaviour without acquiring
the necessary vocabulary or conceptual precision to demonstrate
their understanding on assessments. For example, in Beetrap, stu-
dents could describe Al phenomena such as filter bubbles in their
own words but struggled to use correct Al terminology [92]. This
gap between experiential Al literacy and assessable Al knowledge
complicates the simultaneous use of Q. DS1, B DS4, and @ DS7:
fostering critical engagement with Al reasoning (Q, DS1) may pro-
duce rich in-context understanding that scaffolds learning (g DS4)
but mini-lessons (@ DS7) fail to translate into transferable knowl-
edge. The transfer problem appears directly in ARIN-561, where
in-game tutorial performance on search algorithms was only weakly
predictive of success on transfer tasks [79], and in Beetrap, where
learners who successfully manipulated recommendation algorithms
in-app did not consistently transfer that understanding to post-test
items [92]. These findings suggest that procedural fluency with
Al tasks—training a classifier, building a decision tree, executing a
search algorithm—may develop independently from conceptual Al
understanding.

A related challenge affects 412 DS2: simplifying Al ethics lan-
guage to make bias and fairness concepts accessible risks stripping
them of technical precision. Even with plain language, learners
who engaged with AI Audit struggled to distinguish between re-
lated concepts such as fairness, accountability, and transparency [3].
Moreover, reducing bias assessment to binary correct/incorrect out-
comes cannot capture the contextual and contested nature of algo-
rithmic bias, where reasonable people may disagree on what counts
as biased [66]. Gameplay exposure may raise awareness of specific
bias types encountered in-game while leaving learners unable to
recognize novel forms of bias in unfamiliar Al systems [66]. This
implies that ethical reasoning can be introduced in short sessions
through dilemma-based gameplay. However, several works call for
longer observation to measure retention and transfer [4, 25, 38], as
one prominent game design element was “decision-making” (see
Figure 7).

This suggests that we can improve Al literacy coverage and
learning processes through games and gamified applications
by sharpening the conceptual focus of Al literacy (e.g., dis-
tinguishing it from general computational thinking), making
concepts like uncertainty, bias, data quality, and model limita-
tions visible within gameplay, using misconception-sensitive
sequencing and reflection to reinforce these ideas, and ad-
dressing the gap between experiential understanding and
assessable Al knowledge by aligning in-game scaffolds with
transfer-oriented assessments.
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5.3 Design Patterns and Game Mechanics

Critical engagement (Q, DS1) is emphasized through activities that
prompt learners to interrogate Al outputs, compare human and AI
solutions, and justify decisions using evidence. In short, validity
markers and structured reflection support trust calibration, while
introducing LLMs as evolving tools encourages exploration without
fostering overconfidence [14, 67]. Dilemma-based gameplay and
collaborative discussion reinforce ethical and bias literacy (312 DS2),
exposing learners to multiple perspectives and concrete bias types
[36, 66, 68].

5.3.1 Engagement Mechanics and Al-Specific Learning. Not all
game mechanics need to directly encode Al concepts. Leaderboards,
badg-es, and narrative framing serve ludological functions: they
sustain motivation, regulate pacing, and provide affective scaffold-
ing to keep learners engaged with the experience long enough
for Al-specific learning to occur [49, 88]. The design challenge is
not to make every element teach Al, but to ensure that the ele-
ments which do carry conceptual weight are not drowned out by
those which do not. This is an important distinction because over-
instrumentalizing engagement mechanics can flatten gameplay into
a compliance exercise, while leaving them entirely disconnected
from Al content risks learners treating the Al material as an obsta-
cle between rewards. However, our analysis suggests that many
engagement mechanics operate at a surface level largely discon-
nected from AI understanding (& DS3). Competitive mechanics
such as timers can redirect learner attention toward gaming the Al
system for points rather than understanding how it works like in
ClawAl, where students optimized descriptions for scoring rather
than reflecting on how text classification operates [37].

Al concepts such as training, iteration, and model refinement are
inherently repetitive processes, creating tension between faithful
representations of how Al works and maintaining engaging pac-
ing [88]. Some Al processes, such as the training of reinforcement
learning agents training where improvements only appear after
many iterations, have inherently delayed payoffs that conflict with
the need for immediate, visible feedback in game-based learning
[28]. Learners may also engage with game rewards (e.g., badges,
leaderboards) without connecting them to the underlying Al learn-
ing objectives, producing high game engagement but shallow Al
understanding [49].

A key opportunity is the re-purposing of existing mechanics so
that progression, rewards, or narrative branches respond to how
learners interrogate or correct Al behaviour instead of generic per-
formance metrics [59]. The co-occurrence heatmap (Figure 8) also
reveals that elements such as Time (Urgency), Badges, and Leader-
boards appear infrequently across all Al literacy domains, indicat-
ing these mechanics are used sparingly despite being commonly
recommended for sustaining engagement (¥ DS3). In contrast,
decision-making and feedback are the most consistently paired
elements, suggesting designers default to these mechanics regard-
less of the specific Al literacy competency being targeted. While
agents, prompts, and guided strategies support metacognition and
performance [19, 84], these supports often exist alongside gameplay
rather than being intertwined with Al-specific reasoning. AI/ML
concepts involve layered abstractions (data, algorithm, model) that
learners may navigate through trial-and-error even when scaffolds
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are available, because the system’s internal logic is not directly ob-
servable [84]. Scaffolds that help learners complete Al tasks in-game
(e.g., training a classifier, building a decision tree) may produce pro-
cedural fluency without supporting transfer to reasoning about
Al systems in new contexts (f%- DS4) [79]. As seen in designs that
allow or encourage repeated “guessing” as a game design element,
such patterns raise an important pedagogical concern: if learners
rely on guessing to progress, to what extent are they actually de-
veloping Al literacy? Embedding scaffolds that direct attention
explicitly toward data quality, model behaviour, and uncertainty
can help strengthen the connection between gameplay actions and
conceptual development [14].

5.3.2  Single-Player vs. Collaborative Modalities. Our analysis
found that most design artifacts centre player—system interaction,
with relatively few structuring collaboration around Al-specific
reasoning tasks such as joint inspections of misclassified data or de-
bating dataset composition [72]. The limited examples that do, such
as Co-ML’s shared dataset construction [72] and Equality Engine’s
dyadic bias identification [66], report that collaboration surfaced
perspectives that individual learners missed, suggesting this is an
under-explored design space rather than an established best prac-
tice. Our findings show a strong reliance on system-generated feed-
back as a primary design element. However, Li et al. [40] highlight
that human-human feedback can be just as essential in shaping
learning experiences.

Multiplayer configurations are not inherently superior for Al
literacy. Single-player formats afford a distinct cognitive mode: un-
interrupted reflection, self-paced experimentation with model pa-
rameters, and the freedom to make mistakes without social pressure,
all support the kind of deliberate hypothesis testing that deepens
understanding of Al system behaviour [84]. Collaborative formats,
by contrast, distribute cognitive load and surface diverse perspec-
tives on data and bias [66, 72], but can allow passive participation
to go undetected [72]. Verifying whether passive participants gen-
uinely develop AI understanding, or merely defer to more vocal
group members, remains methodologically difficult (“&* DS5). When
collaboratively building ML datasets or configuring Al agents, the
range of available parameters (e.g., distance metrics, policy options)
can also overwhelm learners, making collaborative decision-making
confusing rather than productive [83]. The choice between modali-
ties should therefore be driven by the specific Al literacy domain
being targeted: individual exploration may better serve procedural
understanding of algorithms (Know & Understand AI), while col-
laborative formats may better support ethical deliberation (Ethics
& AI) where multiple stakeholder perspectives are inherently part
of the learning objective. Thus, rather than assuming multiplayer
is always preferable, designers should consider structuring collab-
orative roles that obligate learners to contribute distinct forms of
Al reasoning (e.g., one student monitors uncertainty while another
evaluates input features), which could support deeper collective
understanding.

5.3.3  Evaluation Limitations. In-game performance on Al tasks
(e.g., executing search algorithms, classifying data) is only weakly
predictive of learners’ ability to reason about those same Al con-
cepts on transfer assessments (® DS7), suggesting that procedural
AT task completion and conceptual Al understanding may develop
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independently [79]. Therefore, our findings indicate that evaluation
practices limit the field’s ability to draw strong inferences about
learners’ Al literacy gains. Many studies use brief interventions,
convenience samples, or limited controls, which constrains claims
about causal effects or durable learning [83, 92]. Although short ses-
sions can yield measurable gains in ethics awareness [38], extended
and mixed-method designs are necessary to distinguish between
novelty-driven engagement and conceptual retention [25, 51]. Like-
wise, inconsistent measures of engagement, ethics literacy, and trust
calibration make it difficult to compare findings across systems or
identify reliably effective mechanics.

This suggests that game design and evaluation for Al literacy
can be advanced by integrating Al-specific reasoning directly
into core mechanics rather than treating engagement ele-
ments as conceptual carriers, structuring collaborative roles
around distinct analytical tasks (e.g., monitoring uncertainty
vs. evaluating features), matching single-player and multi-
player modalities to the Al literacy domain being targeted,
designing scaffolds that bridge procedural Al task comple-
tion and conceptual transfer, and adopting shared evalua-
tion frameworks that distinguish novelty-driven engagement
from durable learning—making games and gamified appli-
cations for Al literacy more conceptually integrated, more
pedagogically intentional, and more rigorously evaluated.

6 Limitations & Future Work

Like all reviews, our work is subject to several limitations. First, it
is possible that our search terms did not return all relevant Al and
ML studies because database indexing sometimes treats the term
“AI” as a stop word. Given our focus on Al literacy and games, we
prioritized the capture of educational and design-oriented work
over technical ML optimization papers. To accommodate this con-
straint, we followed best-practice scoping procedures outlined by
Tu et al. [73] instead of the medical-oriented PRISMA Scoping pro-
tocol. This is a deliberate trade-off: while our search might have
excluded some ML-specific papers, we determined that ML-heavy
studies often centre system performance or model engineering
rather than the design, interaction, and learning mechanisms that
our review examines.

Another limitation concerns the inclusion of works-in-progress,
posters, and early-stage design reports (typically excluded). How-
ever, with the rapid publishing rate noted in our findings (Sec-
tion 4.2), we felt it necessary to include them in our scoping review.
Although these sources provide important visibility into emerg-
ing directions, they typically offer limited methodological detail,
abbreviated descriptions of design features, or incomplete evalu-
ation results. Consequently, several of our categorizations (such
as Al literacy coverage, game mechanics, facilitation requirements,
and evaluation strength) rely on partial information. This might
result in conservative tagging, underreporting system capabilities,
or incomplete interpretations of how designers intended for me-
chanics to support learning. Finally, the concept of Al literacy is
still evolving, and there is no consensus on a unified framework
or best practices for evaluating learning outcomes in game-based
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Al literacy interventions. This lack of shared definitions compli-
cates cross-study comparison, highlighting the need for clearer
conceptual and methodological guidance in the field.

For future work, we hope that this review provides a foundation
for researchers developing frameworks and standardized instru-
ments for assessing Al literacy outcomes in game-based or gamified
learning environments. As this is a scoping review, the next logi-
cal step is a systematic review that examines the effectiveness of
individual design strategies, compares short- and long-term learn-
ing gains, and evaluates which mechanics, scaffolds, and interac-
tion modalities most consistently produce meaningful improve-
ments in Al literacy. Such a systematic review would also enable
meta-analytic insight into transfer, misconceptions, and equity out-
comes, thereby refining the design space mapped here. Along with
a systematic review, designing and evaluating one or more arti-
facts embodying extracted design suggestions (DS1-DS9) that link
game elements, pedagogical practices, and learning outcomes would
be useful demonstrations of these findings, informing future Al
literacy-focused games and gamified system design efforts. Such
artifacts would also allow us to empirically investigate different
learning strategies, combinations of game elements and Al literacy
dimensions, interaction modalities, and longitudinal learning out-
comes. Together, the systematic review and design artifacts would
create a foundation of a design framework for developing Al literacy
through games and gamified applications.

7 Conclusion

Our scoping review examines 45 papers containing 48 design arti-
facts to provide a consolidated view of how Al literacy is supported
through game- and interaction-based learning systems. By mapping
the dimensions of Al literacy addressed across platforms, modal-
ities, and play configurations (RQ1) and identifying the design
elements and broader considerations that underpin these learning
goals (RQ2), we highlight both strengths and gaps in the field. Cur-
rent systems often succeed at introducing foundational concepts,
sustaining engagement through familiar mechanics (e.g., decision-
making, feedback, levels, and narrative). Our work is not intended
as a critique of existing efforts in Al literacy and games. Instead, our
collated design suggestions (DS1-DS9) highlight opportunities for
deepening this emerging area by emphasizing critical engagement
with Al literacy.
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Table 3: We acknowledge that our analysis focused on the core game mechanics of each game — specifically, whether the authors
explicitly designed a given mechanic to teach Al literacy. Note that these data reflect the first author’s initial coding, prior to
reconciliation. Discrepancies between this initial coding and the final matrix were resolved through discussion involving at
least two authors. N/R = Not Reported. Artifacts with insufficient detail on their AI literacy focus or game design elements
were excluded from the matrix. “Target Audience” reflects the age group intended by the authors and may differ from the
actual participant pool evaluated. * denotes uncertainty with mixed numbers reported within the paper.

Name Gam’, Space, Al Literacy Target Primary Objective Evaluation Gam* Results Interactivity Suggestions
Modality Focus Audience or Play
Aims to help children under- N - Suggests that Al systems should
stand and critically evaluate gen- F;‘c‘d‘c"(fssoihi‘;w A'j‘;‘ d;cﬂi‘i‘; allow children to critically en-
Game erative Al reasoning by provid- zun‘” e ‘n:—soglvin :;::llen - gage with Al reasoning rather
N’ Al Puzzlers ing a visual and interactive com- N = 21 Children (Ages 6 - 11) ma“‘:tain; d intm%t evengas’ Multiplager (4 han just ecelving answers, pro-
Dangol et al. Puzles Evaluate & Children parison between Al-generated 1.5 hours, Two Co-Design s bocame mare diffeult s P‘l’a Ym) viding opportunities to experi-
[14] & Create A (Ages 6 - 11) solutions and their own, lever-  Sessions, Observational Video Pui‘cid e AL COnaho’émm ment, test assumptions, and use
(2025) Computer aging multimedia learning prin- Data (927 mins) 2]1 ar}: d’ 1[; arned to reﬁnle théir scaffolds like validity markers to
P ciples to reduce cognitive over- ay, anc compare solutions, identify con-
instructions to address superfi- H . .
load and support deeper engage- cial Al reasonin, tradictions, test claims, and jus-
ment with Al outputs. e tify answers with evidence.
N = 18 Learners (Ages 12 - 17)
N = 3(1);1;:“:::'(1:}‘::)15 ~19) Findings show that learners
T ety across experience levels bene-
N = 16 Learners (Ages 111 _y7  fited from the leamersourcing
Know & P st platform, but self-assessments Suggests the need to reduce
Undermand Aims to develop and evaluate N o 27t hieh seho e were unreliable due to a learner drop-off, expand test-
° Apricot Game a narrative-based learnersourc- (hges 16- 1 8)8 o colloan Dunning-Kruger effect, high- ing across diverse educational
Stone Cit ing platform that increases Al & : 8 lighting the need for objective, and community contexts, bet-
Y Use & Apply  Learners K-16 & P students (Ages 19 - 22), and 2 . § Y
Moore et al. Narrative " PPy (Ages 1217 knowledge, promotes engage- e am{ (Ages aver 29) expert-made  assessments.  Single Player ter support low-attitude learn-
[45] Evaluate & Bes ment, and supports peer-driven RIS CECR OV P Leamers were more likely to ers, and strengthen girls’ inter-
(2024; Computer learning through content cre- - v re-engage with and expand nar- est and retention in computing
P Create Al & e Interaction Data, Pre- and 528 s
Ethics & Al ation and feedback. Post-Questi . User ratives they found personally given women’s underrepresen-
Engagement Scale (UES-SF) and , although some, par- tation in the field.
e T oe ot Acorntoneslticularly male learners, viewed
o Use fyTechnOkng narrative as non-essential or
(UTAUT2), Focus Group distracting.
Interviews
Findings indicate that players
Aims to introduce young learn- understood the principles of re-
PR At inforcement learning and how Suggests that students found
ML conconts. o eLciﬁcaIl - human-defined settings can in- the game slow, monotonous,
Game vised leafm; P ol reﬁ’nfofce_ N = 2222 Unique Users, fluence Al outcomes. While and time-consuming, indicating
~ ArtBot 3 Students and ment learnin, gthmu h a came- Survey data for N' = 130 some found manual labelling a need for improved engage-
B Know & : ¥ & B2 g students (Mean Age = 14.3, less enjoyable or not impact- ment with learning content. Ad-
Zammitetal.  Puzzle Game Teachers based approach. The game seeks : ) e
58] Understand to raise awareness of Al bro- SD=5), n = 35 Teachers ful enough, students appreci- Single Player ditional features, such as a grad-
b Al o P ated learning new concepts ual difficulty increase and a bet-
(2022) Computer (Ages N/R) cesses, highlight algorithmic ca- . R . .
and Mobile pabilities and limitations, and Longitudinal Study (About 1 through problem-solving and ter reward system—like points,
foster critical thinking while en- year), Surveys, Game Analytics critical thinking in a game envi- leaderboards, or achievement
e edents in Ttorct ronment, which teachers noted lists—could enhance motivation
e triven it could engage students, particu- and participation.
v games. larly those already interested in
games.
Findings show that using em-
bodied analogies helped stu-
Aims to help students under- dents understand filter bubbles,
o e :’ it Al e connect abstract Al concepts
Game cneas to familiar contexts, and create . )
ommendation systems by teach- their own analogies, support- Suggests that tangible learning
 Beetrap Augmented ing three key concepts: (1) the N = 9 students ing recall of algorith;:;ié steps in Single or interfaces with spatial, physi-
Zhou et al Real Evaluate & Students filter bubble effect and its ethical recommendation systems. How- Multiplayer cal, and temporal properties en-
. ty (6th - 10th implications, (2) how content- . . h M (2-player hance student reflection and un-
[92] Create Al y Pre- and Post-Questionnaire, ever, students could describe cer- X .
. grade) based recommendation systems Ny . . . . paired derstanding, though some stu-
(2024) Mobile A Interview data, Interaction Data tain Al phenomena in their own . .
(Sams create filter bubbles, and (3) how ds but st led to use th preferred) dents did not fully transfer their
Gomeng to apply a diversificaton algo- words but struggled to use the in-app leain to post-tess.
rithm to increase content diver- et analogios
sity and mitigate filter bubbles. Y analog
at once sometimes caused confu-
sion, reducing the effectiveness
of learning.
Aims to explore h In- Emdllngs ;how that Parfnmp amsﬁ Suggests that Child-Computer
plore how young In eveloped a sense of compe : .
s e oune ” L3 sens . Interaction (CCI) researchers
dian children engage critically tition by identifying ChatGPT Multiplayer . .
) ‘ 9 Y A ! should empower children to crit-
Game with ChatGPT-3 through the N = 20 Children (Ages 10 - 11) responses that were culturally (4 - 5 Players, ically engage with Al technolo-
W BotVoyAlge Know & Youne Indian game, examining the biases and ;cmss Three Worgksho s or socially inappropriate. Their Requires one ies};m dguf derstand their limi-
Shrivastava Board Game Understand g sensitivities they uncover, how P own responses reflected local game & .
Children Gameplay about 60 - 90 minutes 3 tations. Suggests that ChatGPT
etal. [67] Al (Ages 10- 12) they respond to prompts, and Pre- and Post-Questionnaire, cultural and geographical nu- moderator can be introduced as a tool still
(2024) Tangible Ethics & Al 8 how they perceive the gameplay Ohcermatio e € ances, highlighting mismatches and e e e
Elements experience, with the goal of fos- with ChatGPT’s Western-biased ~ ChatGPT-3 as pment, USINg a &

tering ethical and responsible in-
teraction with generative AL

outputs, such as the interpreta-
tion of the term “president” in
the Indian political context.

an assistant)

based approach to promote ex-
ploration while preventing in-
correct assumptions.
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Name

Gam’, Space,
Modality

Primary Objective

Evaluation Gam*

Results

Interactivity
or Play

Suggestions

N Co-ML
Tseng et al.
[72]
(2024)

Classification
Game

Mobile
Application

Tablet (iPad)

Aims to introduce a collabora-
tive ML model-building tool de-
signed for tablets that enables
multi-user data collection and
model testing. The system cen-
tres collaboration to help learn-
ers surface diverse perspectives
during dataset creation, analy-
sis, and model evaluation. Co-
ML further emphasizes iterative
model testing, allowing students
to monitor how model perfor-
mance shifts with each dataset
revision.

N =18 (Ages 15 - 18)
2-week Summer Camp
Observational Data, Model
Training Data, Focus Group
Interviews

Findings show how a collab-
orative experience, specifically
utilizing a shared dataset and
collective discussion, can help
surface differences in data col-
lection approaches that ulti-
mately inform and enhance ML
datasets. This requires an iter-
ative cycle where groups in-
spect misclassified data, diag-
nose causes, and coordinate
dataset modification and model
retraining.

Multiplayer
(Cooperative
3 - 4 players)

Suggests that even learners who
participate less in verbal discus-
sion can still benefit by listen-
ing to others’ concerns, enabling
them to act on newly introduced
ideas.

¥ Equality
Engine
Showkat et al.
[66]
(2025)

Game

Online
Boardgame

Computer

Aims to explore how a trans-
formational multiplayer game
can teach post-secondary stu-
dents about ML biases and debi-
asing concepts, providing a play-
ful, immersive learning environ-
ment to help students critically
understand algorithmic bias, its
sources, and strategies for miti-
gation.

N = 14 (7 groups, two players
per group, Ages 18 - 28)
All STEM majors
Gameplay Data, Pre- and
Post-Questionnaire, Interview

Findings show that prior ML
knowledge enhanced students’
understanding of bias concepts
in the game. Binary scoring en-
couraged attention and memo-
rization, though the complexity
of bias scenarios limited assess-
ment via correct/incorrect out-
comes. Gameplay fostered col-
laboration, negotiation, and col-
lective exploration of ideas.

Multiplayer
Cooperative
Two-Player

(or in multiple

pairs)

Suggests that ML bias liter-
acy depends on exposure to bi-
ases. Gameplay increased par-
ticipants’ awareness of bias
types and debiasing methods,
though broader recognition re-
mains limited; however, dyadic
pairing supports collaborative
problem-solving and strategic
decision-making, compensating
for individual knowledge gaps.
Future work should consider
avoiding ML jargon, addressing
a gap in ethical A/ML education
that often assumes prior techni-
cal knowledge.

N* ML-Quest
Priya etal.
[59]
(2024)

Role-Playing
Game

Computer

Aims to introduce higher-
secondary students to three ML
concepts—Supervised Learning,
Gradient Descent, and KNN
Classification—through a
step-by-step game. The game
conveys a conceptual overview
without complex math, using
clues, an instruction board,
and dialogue to guide intuitive
task-solving, while fully ex-
plaining the ML concepts and
terminology only at the end.

N = 30 Experimental Group,
N =30 Control Group
(High School Students)
Analyzed N = 18 from

Experimental, and N = 23
from Control

Four factors out of six factors
‘measured in Technology
Acceptance Model (TAM):
Perceived Ease of use (EU),
Perceived Usefulness (U),
Intention to Use (I) and
Correctness (C)

Findings show that students
who played the game outper-
formed those who did not, and
that the gameplay, storyline,
and challenges helped students
build clearer mental models of
the ML concepts. It also indi-
cates that mentor-guided game-
play improved understanding
for both groups, with slightly
higher gains for the control
group.

Single Player

Suggests that ML-Quest could
be strengthened by adding new
ML concepts with improved
visualizations, increasing
game complexity and user
engagement, introducing multi-
player features, and enhancing
graphics. It also indicates a
need to explore mobile plat-
forms, as many students prefer
smartphone-based gameplay.

N Treasurels-
land

Ng et al. [49]
(2024)

Gamification
Classroom

Computer

Aims to explore how 12-to-13-
year-old students learn Al con-
cepts in a formal curriculum us-
ing a gamified platform built on
top of ebook elements such as
videos, readings, and digital ar-
tifacts.

N = 33 Control Group,
N =35 Treatment Group,
Students (Grade 7)

2 months, 10 sessions, 35
minutes

Pre- and Post-Questionnaires,
Interviews

Students with lower initial
achievement were motivated
to improve once they saw they
could move up the leaderboard.
Without enough practice time,
students struggled to apply
Al knowledge to real-world
contexts and suggested longer
lessons for more hands-on
learning.

Single Player

Suggests that leveraging game
elements, such as peer competi-
tion, digital badges, points, and
a storyline-based leaderboard,
supports retention and helps stu-
dents develop problem-solving
skills, creativity, and collabora-
tion.

v AiLingo
Pinski et al.
[56]
(2024)

Gamification
Application

Mobile

Al Literacy Target
Focus Audience
Know &
Undz;'and Students
Use & Apply (Ages N/R)
Al
Know & Post-
Understand oS
Al secondary
Students
Use& Apply O TR)
Al
US:‘:[:; " Students
Al (Ages 12 - 13)
Know &
Understand
Al
Use & Apply Students
Al (Ages 12 - 13)
Evaluate &
Create AT
Ethics & Al
Know &
U“di;'and Non-Expert
Adult

Use & Apply
Al

Aims to investigate whether
a gamified learning experience
improves Al literacy and Al
metaknowledge by fostering re-
flection, critical self-assessment,
and deeper engagement with AT
concepts.

N =101 53 treatment group,
48 control group (Mean Age =
31.4,SD= N/R)

Findings demonstrate that a
gamified learning experience
is more effective than a text-
based approach in enhancing
objective Al literacy, subjective
Al literacy, and Al metaknowl-
edge, with the text-based group
exhibiting reduced metaknowl-
edge and lower learning gains.

Single Player

Suggests that metaknowledge
is crucial for current and fu-
ture human-AlI collaborations,
and organizations need effective
methods to cultivate it.

%7 ARIN-561
Wang et al.
[79)
(2023)

Game

Role-Playing
and Puzzles

Computer

Aims to cover classical search
algorithms (breadth-first search
(BFS), depth-first search (DFS),
and greedy search) via tu-
torial and transfer modules
with embedded quizzes for self-
assessment by integrating in-
game challenges, such as search-
ing for spaceship parts or crack-
ing passwords, to contextualize
algorithm concepts and connect
them to real-world problem solv-
ing.

N =764 Students (Grade 9 -
12) for final analysis, Pre- and
Post-Questionnaire, Game Log

Findings show students made
more errors when learning DFS
than BFS or greedy search, that
performance in transfer mod-
ules positively correlates with
tutorial performance, and that
tutorial performance is only
weakly related to success on
transfer tasks.

Single Player

Suggests that integrating in-
game mini lessons to reinforce
math knowledge relevant to Al
concepts can improve students’
performance in the game.

% Canvas
City
Toannou et al.
[31]
(2025)

Gamification

Choice-Based
Narrative

Computer

Know &
Understand K-12 Students
Al
oy T nd
Understand Y
Al Teachers
(Ages N/R)

Aims to enhance awareness of
Al decision-making processes
and their societal implications
by providing Canvas City, an
interactive scenario-based plat-
form for studying user percep-
tions and educating users about
Al decision-making, explana-
tion types, and how Al systems
generate them.

N = 90 Teachers, Average
Completion Time 19.36 mins
Questionnaire, Interaction Data

Findings show teachers valued
the real-world examples in the
scenarios. Many teachers rec-
ognized the importance of Al
education, yet lacked the confi-
dence, training, and resources
to teach Al concepts or use
Al tools effectively. The results
also showed that attending Al
training did not significantly in-
fluence teachers’ views on the
tool’s benefits or their confi-
dence in integrating it into their
teaching.

Single Player

Suggests that additional re-
sources are needed for those
who want to learn more, while
also noting that some teach-
ers found the information over-
whelming and the language too
complex for younger students.
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Al Literacy
Focus

Target
Audience

Primary Objective

Evaluation Gam*

Results

Interactivity
or Play

Suggestions

Use & Apply
Al

K-12 Students

Aims to teach children how Al
recognizes text through an in-
teractive game where players de-
scribe objects for an Al-powered
claw machine to identify. The
tool introduces core ideas such
as text classification and confi-
dence levels across three game-
play rounds, showing students
how their written descriptions
influence Al recognition.

N =43 Students (Ages 7 - 14),
After-school Program
Exhibition, 4 hours of

interaction
Interaction Data, Pre- and
Post-Questionnaire, Screen and
‘Audio Recordings

Findings show that students’ ap-
proach to the game strongly
influenced both their success
and their understanding of how
Al interprets data based on the
datasets provided. The timer
also increased competitiveness,
motivating students to score
points, obtain items, or outper-
form their peers.

Single Player

Suggests that students be-
came competitive and applied
problem-solving strategies by
trying different categories and
words and looking for patterns
in correct and incorrect answers
to refine their approach to the
game.

Name Gam’, Space,
Modality
N ClawAl Guessing
Kolawole Game
etal. [37]
(2025) Computer
% IntoTheR-
abbitHole Puzzle Game

K-12 Students

Aims to introduce middle school
students to foundational Al
search algorithms using a web-
based learning application de-
signed to teach Depth First
Search (DFS) and Breadth First
Search (BES). Aims to eval-

N = 49 Students (Grade 6 - 8)
interacted with the game (about

Findings show that many stu-
dents enjoyed the game-like
nature of the timed challenge
level and actively competed to
achieve the highest score. In

Suggests the effectiveness of
activity- and game-based meth-

ot Use & Apply ; ; )
Rajarajan a/nd Al (Ages N/R) uate whether the application s mins) . . terms of learning outcomes, 23 Single Player ods for introducing children to
Martin [62] Computer ) . Interaction Data, Discussion student responses shifted from >
o effectively supports learning N X . search algorithms.
(2025) and Post-Survey incorrect to correct. Such a shift
and helps students compare . N
provides strong evidence that
and understand the two algo- o
; o " the application supported learn-
rithms within an accessible, age-
' : : ing of DFS and BFS concepts.
appropriate Al literacy experi-
ence.
B . . N = 49 Students (Grade 8) and F‘“d‘"’?s Sbow that learners .Ofi
Aims to investigate how stu- - ten begin with exploratory, trial-
. N = 44 Students (Grade 10) in
dents approach problem-solving and-error approaches to under-
. - workshops.
- when creating decision-tree clas- _ : stand the task and the game en- Suggests that to help students
N Match the . N ) L N =93 but one is excluded . h .
Multi-Touch sification models, examining the N vironment. These findings also develop consistent and system-
Monkeys ) due to loss of connection, so i 3 ne
Wit et al. Puzzle Game Use & Apply Students strategies they use, how these N =92 suggest that structured problem- Single Player atic solution strategies indepen-
) Al (Ages 12 - 13) strategies relate to learning suc- . . solving strategies are essential & A dently, ongoing support for their
[84] ! 14 min and 54 s average A ; )
(2024) Tablet cess, and what behavioural pat- gameplay for successfully completing the problem-solving processes is im-
terns such as persistence or game, highlighting the impor- portant.
strategy switching emerge dur- Recorded Gameplay Footage, tance of supporting learners
ing the task. . in developing more systematic
Content Analysis A
thinking.
Card Game Middle and Aims to encourage children to Plans to test Al Audit with mid-
Al Audit (Physical High critique everyday Al systems for N =5 Adults Players struggled with some Al- Multiplayer dle and high school students and
Alietal. [3] Environment) Ethics & Al Schoglers potential harms while simulta- related terminology and con- (Upto7 teachers in classroom settings
(2023) (Ages N/R) neously thinking of ways to mit- Playtesting of the game cepts. players) to evaluate accessibility, engage-
Tangible & igate them. ment, and learning outcomes.
Aims to teach three concepts: (1)
data: how type and quality af-
Becom- Game-Based General fect training and the resulting
ingFei Learning Know & Public and model; (2) algorithm: the advan- Plans to evaluate the game with
Wang et al. (plgnal Understand Pre-College tages, l\@tat]ons. and suitabil- N/R N/R Single Player participants to assess its effec-
78] Environment) Students ity for different data and prob- tiveness in promoting Al learn-
Ethics & Al lems; (3) model: evaluation met- ing and developing data literacy.
(2025) (Ages N/R) X
Computer rics such as accuracy, error rate,
precision, recall, and false posi-
tives/negatives.
Aims to engage learners in ac- Students valued participating in
- ; the live simulation, observing
o tivities that build mental mod-
Classification - Lo network changes, and connect- .
Contour to J els of supervised leaming in oo 10 16 img them to s previous decision- Plans to play-test the game with
Classification ame Know & Middle School  neural networks, including the = 09 Students (Age 5 the previous ceclsi Multiplayer more students, allowing them to
h (Digital A . tree game. Feedback on correct h B
Lee and Ali _ Understand Students structure and function of input, <0 Requires 10 select images or themes that are
Environment) 3 Three Workshops contours and opportunities to
[39] Al (Grade 6 - 8) hidden, and output nodes, as N Ny players personally relevant and engag-
Playtesting of the game revise selections may enhance :
(2021) N well as the processes of feedfor- " ing.
Computer . understanding of how channels
ward, evaluation, backpropaga-
tiom, and gradient descont strengthen or weaken and how
’ . nodes adjust their algorithms.
Aims to introduce a multiplayer
interactive storytelling game Participants’ in-game decisions
Narrative that fosters technology literacy reinforced Al literacy by re- .
Role-Playin about social robots. The game flecting challenges faced b: Currently, the game requires a
Degrees of ying v - e 8 s se Y Multiplayer GM with HRI and roboethics
Game promotes technology literacy _ roboticists, such as the conse- . . P
Freedom (Physical competencies by encouragin, N =3 Adults uences of robots performin, Requires a expertise, making it best for
Mott et al. ol Ethics & AT N/R P! Y sing d ) PEriOMMNg  Game Master  guided settings. Plans to iter-
Environment) players to explore how values ) human-like roles and retaining A ; > °
[47] R . Playtesting of the game X (GM) that is a ate include adding materials to
are embedded in robot designs, user data. The dilemmas also .
(2024) . . oS . . N researcher make the game self-contained
Tangible reflect on the risks and limita- prompted discussion on robots o e
Elements tions of robots, and relate these potential role in law enforce- use.
considerations to their own lives ment.
and personal values.
Aims to design an educational
escape room for Air Force par-
ticipants as part of a broader Suggests integrating embodied
Al lteracy training program. Findings show that while the cs- agents for scaffolding and en-
The objective was to reinforce - suring high team participation,
X o L cape room was not a primary P
learning objectives by providing . . I thereby maintaining strong en-
Puzzle Game ; g N source of new information, it .
Know & an embodied experience with ) ' " ) gagement and teamwork. Addi-
DRONEscape . . N =22, 5 teams in groups of excelled at aiding the retention Multiplayer ! . .
Understand Air Force real-world Al systems. The mis- . 8 tionally, designs must be techni-
DiPaola et al. Escaperoom . N N 4-5 members, workshop and real-world application of ex- Cooperative N
Al Participants sions and puzzles were specif- - . cally robust, with backup plans
[19] s ] " 2 hours to escape isting Al concepts. Observations  (Groups of 4 - . ;
. Use & Apply (Ages N/R) ically designed to incorporate . . . S o and multiple learning pathways,
(2023) Inside A Tent ‘ Questionnaire, Interviews also highlighted positive col- 5 players) )
Al six key concepts: (1) word em- : . and the focus should shift to
& Computer laborative behaviours, as team-

beddings, (2) feature engineer-
ing (FE), (3) reinforcement learn-
ing (RL), (4) human-in-the-loop
processes, (5) supervised learn-
ing (SL), and (6) optimum policy
switching.

mates demonstrated mutual re-
spect and active listening.

creating clues that lead to new
skill acquisition, incorporating a
beneficial mix of evaluation and
new learning.
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Name Gam*, Space, Al Literacy Target Primary Objective Evaluation Gam* Results Interactivity Suggestions
Modality Focus Audience or Play
Findings show that while stu-
dents were generally able to link Suggests collaborating  with
Game-based Aims to introduce students to the physical Doodlebot to Al educators to design low-cost,
Frientelli- Interface multiagent Al concepts by en- examples from their everyday classroom-ready educational
gent Know & Primarvand  ohlin gthem o Pl’m yath N =8 children (Ages 9-11), lives, two students reported that e oome nh;'ncin o
(interface of Embedded Understand 49 Sydml (e fin tancs nfemcspan " N = 2 conditions, virtual and the wide range of policy and dis- Multiplayer octrence oo }ff ulile
Doodlebot) ithin Robot Al Youth poli' tiak’n through a's n- physical tance metric options in the in- (Team se cases across leafnin toj li:‘cs
Williams etal. " Use & Apply CS“ﬁ 219 ‘c’hmtzr " ‘ii ol :fd hysi— Pre- and post-Questionnaires, terface felt confusing, Addition-  Cooperation) “l:ﬂ‘c . erin e robgotspar:
(83] Computer & Al ¢ cal an‘m en\;ir:nment wil:h);u— Interviews, Observations ally, the physical setup required ‘:;1 aging aund egﬁectwc and thatt
(2024) P & more effort and was constrained 8aging ! .
Robot tonomous Doodlebots. by the limited number of objects they link technical concepts to
available for constructing the real-world experiences.
map.
Pathfinding Proposes that PlayGrid Mat,
PlayGrid Aims to introduce Al literacy to 2 loor-based interactive grid Susests that ML alsorithims
Mat, PlayGrid ~ PlayGrid Mat: young children through a hand- where U P, Jump, s 8
. L . dance, helps develop the sequen- can support early Al literacy by
Sense, Floor Know & Young held learning interface, helping tial thinking skills assumed b: roviding young children with
PlayGrid Go Understand Children them understand the capabili- N/R ng Y Single Player P 8 youns "
k . . N . many coding toys and games. hands-on, tangible experiences
Quiloan et al. PlayGrid Al (Ages N/R) ties and limitations of Al in a . . .
; . Due to budget constraints, itera- through playful, interactive pro-
[61] Sense and safe, educational environment . . 3
; . ; . tions evolved into physical but- totypes.
(2023) PlayGrid Go: without teaching coding. .
x8 Physical ton pads: PlayGrid Sense and
PlayGrid Go.
Button Pads
Aims to create a story-driven,
game-based learning environ-
ment that engages upper ele- Plans to explore how Al-driven
mentary students in situated, . N
. P adaptive learning methods can
Al-infused life-science problem- best support Al education b
Game-Based Know & solving. By integrating Al and Findings suggest that the Use- deiivérii’xp tailored feedback tZ
PrimaryAl Learning Understand Students science instruction, the expe- Modify-Create framework was students glt is also important to
Gupta et al. (Digital Al (Ages rience is designed to reach a N = 16 Fourth Grade Class generally successful in provid- Single Player conducl.lm e-scale Slassroom
[25] Environmen) o A @ _gm) broad range of students, includ- Observational Data ing students with the knowl- gle Play ecto begtter o ettt
(2024) Y ing those who might not other- edge they needed to progress to et of stoyediven s
Computer wise choose to explore AL The the next mission in the quest. P! story: > 82
- . based learning on students’ un-
classroom-friendly game is sup- ! "
: N derstanding of Al and their in-
ported by a curriculum featur- !
- " . terest in the field.
ing “unplugged” Al learning ac-
tivities that introduce key con-
cepts prior to gameplay.
Aims to use the game to let Suggests students gradually
& learn and experiment with
. students develop virtual robots N .
Game in Java, apply class algorithms, strategies—such as hide, chase, Plans to apply game tree search
Robocode (Digital Evaluate & Students dee] en‘ A};p )rjlderstané:in ancf chaotic, or "sit stll and shoot 'nRobocotI;ep Znidellin the envi-
Hartness [27] Environment) (;’rc:lc Al (A cusN /R) by il}:i conlflidcncc Th%;)u h N(R everything’—combining and Single Player ;onmcnl anél iterati cgl lcslir\xll
2004, modifying them iteratively. .
¢ tl:‘e ame, stude‘nts crezfte difying  th : ly robot behavmu:s o ¢
Computer o asonts and obsnye Robots can be quickly adjusted :
et S and retested if they perform
o unsatisfactorily.
Aims to propose three game de-
sign artifacts: Students showed an understand-
SpongeWords: a playful, un- ing of voice assistants’ ability
plugged activity demonstrating
how lan: del to process natural language, but
guage models generate N X
were unable to give specific
Dialogue- sentences based on text and examples of challenging NLP Single Player
Crafior (Igj o word-sequence probabilities. scem‘r’ics o dimﬁngg diécully for Dialogue-
SpongeWords Gi“:':,:“d Know & D;:f%::i“?i_' - d‘ﬁ“:‘l N = 10 Middle School grasping the limitations of NLP Crafter Eﬁ‘"s l‘:n e";’l"'em:)‘:i'eﬁ'a;::ﬁ
SimilarityShuffle el AL(DC,SS), K-12 Students ucents exp’o <P u tiptay tudent-facing tools, enabiing
Environment) by creating dialogue for NPCs, _ . (4 - 8 players) richer discussions of AI’s capa-
5) Use & Apply learning about Al applications A =25 Middle School When surveyed, most students for bilities, limitations, and societal
Goslen et al. N AI(DC) B 8 - app i Students (Summer Camp Two) ~ correctly identified the defini- Dries. g
Computer in farming, a topic particularly . R SpongeWords implications.
[24] S tion of a similarity score and AR
(2025) relevant to their lives. L challomaine soams ot and Similari-
SimilarityShuffle: an un- named cha ‘enging scenarios 1 tyShuffle
plugged, game-based activity lustrating language model lim-
intro duéing embeddings and itations, showing improved un-
similarity scores. Students prac- f;:‘a"d‘"g from the previous
tice calculating distance-based P-
similarity within a vector space.
Aims to design a dialogue-based Students noted that the digital Suggests expanding the game
Game-Based game grounded in Moral Foun- game effectively engaged them with more dilemma scenarios
The Desk: Learnin, dations Theory to teach Al N =9 Students (Graduates in moral reasoning about Al and diverse participants, such as
; ~ ing ! heory ‘ and Undergrads, Ages 23-27)  ethics, with all six Moral Foun- ) verse participants, su
Dilemmas in ethics, using dilemmatic sce- . . . Multiplayer small sample size, cultural con-
Al Ethics Decision Ethics & AT Students narios such as “killer robots” dations discussed, especially (3 Players, text, and focus on adult learn-
. - N (Ages N/R) . 60 mins gameplay Care and Purity, and that moral . e .
Kimetal [36]  Making Game to foster moral reasoning, eth- : - Free For All) ers, while highlighting its po-
(2025) ical discussions, and collective conflicts through dilenmas and tential to foster moral judgment
Computer decisit;n-;r;akil;, among learn- Observational Data collective decision-making pro- and reasun;n in Al eihicgs edu-
P! ers & € moted diverse arguments and cation. i &
. deeper moral engagement. )
Aims to use the game to teach After using the app l]calvlon, a1 Plans to address the delayed
middle school students about students accurately described re- learning of the Snake RL agent,
; Game-Based e e v ) inforcement learning using key- rming e sent,
TrainY- Learnin, Know & reinforcement learning, allow- N =71 Middle School words like rewards or punish- which showed visible improve-
ourSnakeAT rning Understand . ing them to train an agent to Students (Grade 6 - 8) P X ment only after around 75 of 100
Hinojosa et al (Digital Al Middle School lay Snake and observe how ment, and 19 compared it to nat- Single Player training iterations, by adding a
)¢ " Environment) Student pays N ) ural learning in biological or-  5- 10 minutes 8 lierations, by adding
[28] Use & Apply their input shapes the agent’s Two 3-hour sessions over two . ) ) live visualization of the agent’s
(2025) Al learning, fostering Al literac days ganisms. Among children previ- state so participants can see
Computer s 8 Y Y ously unfamiliar with RL, many p: P

and preparing students for fu-
ture Al engagement.

were able to provide an accurate
definition post-application.

what the Al snake “thinks” dur-
ing training.
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Name Gam*, Space, Al Literacy Target Primary Objective Evaluation Gam* Results Interactivity Suggestions
Modality Focus Audience or Play
Suggests that students fre-
Aims to create a GenAl- quently used the virtual tutor Plans to systematically analyze
supported gamified learning for ‘syntax help, debugging, student-tutor interactions for
" Web Dev Gamification PP B and CSS/JavaScript guidance.
N Use & Apply - experience by pairing weekly ¢ X accuracy, relevance, and edu-
Challenge (Physical University N . N Context-rich  prompts  led Single Player . - .
X . Al . coding tasks with an Al-driven . cational value, while tracking
Zolezzi et al. Environment) Students N X N/R to more effective responses, Leaderboard ! .
; Evaluate & virtual tutor and progression- . prompt evolution over time to
[93] (Ages N/R) N while vague prompts caused System oo .
Create AT based game mechanics to boost - H identify learning patterns and
(2025) Course A h ° misinterpretations. ~ Students nt er
technical skills, prompt literacy, N 1 optimize the tutor’s instruc-
valued the tutor’s availability ) !
and motivation. . tional effectiveness.
but sometimes questioned the
accuracy of its suggestions.
. Gamification® Know & Aims to develop a gamified ap- N = 68" Students Plans to develop an EU/UK plat-
W 2A1 N N L . form for teacher and student
(A Game Understand proach to enhance children’s Al (Inconsistency reported) Findings show game difficulty o and smude
Adventure 2 > ‘ an ; training in Al and its societal im-
Petridis et al. Digital Students literacy and equip educators to decreases as participant age in- Single Player lications, supporting the Road
: System) Use & Apply  (Ages6-12)  address Al topics across formal Usability Questionnaire on creases, with older players rely- e Haye P  SUPPOTUNg
[55] ) N ; " : ) to Al and EU Digital Market
Al and informal learning contexts evaluating the Game Concept ing more on skill than on luck. . . .
(2024) . initiatives through interactive
Computer Ethics & Al across three levels. Idea .
learning tools.
Narrative
< Altteanh  ©%m¢ (GBL) ) Aims to promote Al literacy N = 25 Middle School Suggests that the game en- Plans to expand the system
(Digital Know & Middle School and spark early interest in hances engagement, deepens ) H
Mott et al. ; ; Students ; ) with more episodes and conduct
Environment) Understand Students health-related careers by sit- understanding of Al models, and Single Player
[46] . 5 . : N classroom studies to assess long-
(2025) AL (Ages N/R) uating learning within an en- Usability of the game fosters interest in related careers {erm learning and engagement
Computer, gaging narrative framework. Y in health. .
Tablets
. Card Game Aims to offer users an ex- Plans to organize workshops
~ ALVIS " . o N
. (Physical ploratory and open approach with participants from diverse
EthiCards Environment) Students to discussions, providing multi- More than 2 disciplines such as ethics, data
Wang et al. vironme Ethics & Al ude iscussions, providing mu'tt N/R N/R < iscipiines such as ethics, ¢
(81] (Ages N/R) ple perspectives to guide ethi- players science, visualization design,
(2024) Tangible cal considerations when apply- and other professional domains
Elements ing Al for visualization. to refine the cards and activities.
Simulation Aims to investigate the feasi- Teachers noted the platform’s Plans to extend the platform to
~ Ask Sir Game bility and potential of an LLM- immersive potential, support for educational settings across age
. - L . . N =15 Elementary and . . .
Oliver Ingham (Digital Use & Appl Students & based historical simulation plat- middle school teachers multiple perspectives, and re- groups, conducting studies to
Park et al. Environment) " PPy Teachers form designed to balance immer- flective exploration of history.  Single Player evaluate learning, engagement,
[54] (Ages N/R) sive studgnt engagement V\{lth System Usability Scale (SUS) Concerns about Al-generated and hlstgr:cal thinking thruu.gh
(2025) Computer teacher-directed customization, content were addressed through longitudinal and comparative
GPT-40 such as Al-generated content. guided discussions. analyses with students.
. In the concept design phase, Plans to expand Case 429 as
Aims to enable players to de- e con an open, modular platform by
L . . findings indicate that (1) race . I .
Serious Game Late tect and critique algorithmic and gonder stereotypes are cas- diversifying domains, broaden-
W Case 429 . Secondary bias, misrepresentation, and hal- N = 12 Students for Concept . - ing audiences and cultures, and
(Digital B . . . iest to detect, while cultural or .
Maheshwary . . and lucinations in high-stakes AI Design X S . enhancing assessment and so-
Environment) Ethics & Al - domain-specific biases are often Single player L Ny P
etal. [43] University outputs, such as those affect- ] cial interaction, transforming it
. - i N . overlooked, and (2) Al is most N B
(2025) Students ing criminal justice, fostering N = 6 Students for Playtesting . into a flexible research testbed
Computer ) e frequently used for summariz- L ) !
(Ages 16 - 22) ethically aware and critically . . 3 for critical Al-literacy interven-
. AN ing large documents or identify- ) o
minded digital citizens. . tions across disciplines and edu-
ing trends across multiple files. . .
cational settings.
Observations indicate that some
v - .
¥ . . Aims to provide students with Sludems. e itially struggled with Plans to iterate on the game
Competitive ~ Serious Game Know & . ) ) level editing and boost tiles. In- ! ) o ;
s a hands-on learning experience N = 40 Middle School X by integrating additional topics,
Two-Player (Digital Understand . X structor walkthroughs clarified . .
. Students that allows them to observe in Students (Grade 7 - 8) R 2-Player such as reinforcement learning
Game Environment) X - the mechanics, highlighting the AN .
” (Ages N/R)  real time how search algorithms ! Versus or heuristic search, while ensur-
Aguiar et al. Use & Apply . . need for clearer onboarding, a N .
operate and efficiently find a Playtesting of the game or ¢ eare ing novice learners are not over-
[2] Computer Al . more intuitive interface, and in-
path between two points. ! whelmed.
(2025) game tutorials to better support
learning.
Aims to understand how adult
novices perceive bias in GenAl, Plans to add more complex me-
interpret its capacities, and chanics, letting the prompter
Game-Based Know & engage in prompting. It also customize prompts or add dis-
A\ d Learning Understand seeks to examine whether Imag- . tractors, and supporting team
- - seets Multiplayer oS
ImaginAltion (Digital Al Adults inAltion can support the de- N/R N/R 3 players, 3 or individual gameplay to re-
Ma et al. [42] Environment) Use & Apply velopment of GenAl literacy ptezms’ inforce turns. Future iterations
(2025) Al by improving bias awareness, may also include explicit guid-
Computer Ethics & Al strengthening mental models, ance on prompt engineering
and enabling more successful based on existing training liter-
and efficient prompt creation ature.
and refinement.
Aims to investigate how in- Plans to study how usage and
N . performance evolve with reflec-
service educators experience ) . > )
o - Novice users initially struggled tion and self-regulation through
. the usability and cognitive de- ‘ Ay S anes ‘
N KIwl ? _ . with stochastic variability but longitudinal studies to assess
mands of KIWI, a gamified learn- N =90 In-Service Educators .
(Knowledge - . . . . N gradually developed a clearer sustained Al literacy. Expand-
N Gamification Know & ing environment for Al liter- (actively teaching at primary or . X .
Inferencing - . . L . understanding of when to ex- ing to diverse educator groups
(Digital Understand In-Service acy, while also examining the secondary education level) . .
Web-based , ) " plore versus exploit. Over time, ) could reveal cross-cultural en-
Environment) Al Educators impact of non-analytical search . . B Single Player .
Interface) : ) I~ they calibrated their trust in Al- gagement patterns. Integrating
: Use & Apply (Ages N/R) on their problem-solving perfor- System Usability (SUS), . Nt .
Anthis and ’ ° s ) generated solutions more effec- Al explainability and adaptive
. Computer Al mance over time and how in- Cognitive Load Questionnaire i . . .
Mavrikis [4] N . tively, demonstrating a deeper gamification could enhance mo-
teractive, learning-based experi- (CLQ), search efficiency N A A .
(2025) : understanding of explainability, tivation and support learning
ences shape their engagement R
g justification, and transparency. from conceptual understand-
and approaches to solving Al- B 5
ing to procedural retention and
related problems. eed
trust calibration.
Aims to provide empirical evi-
~ Medi- Game-B,aSEd d,enc_e on the m_ﬂ,uence of mo- N =40 9th Grade Students Suggests that even short game- Plans to examine the long-térm
Learning tivational, cognitive, and emo- N effects of game-based learning
aWatch . . > (Age: M=15.53, SD=.51, Male = play sessions can enhance N .
. (Digital . Students tional factors in game-based Al § . on students’ understanding of
Koskinen 5 Ethics & Al L . o 17, Female = 23) students’ understanding of Single Player . R,
- Environment) (Ages N/R) ethics instruction, while inform- . - Lo Al ethics and their ability to ap-
etal. [38] . Al ethics, despite their prior . N
(2025) ing the development of future 7.1 minute gameplay (SD=153) familiarity with the topic ply this knowledge in real-world
Computer curricula in this emerging edu- : - : contexts.

cational domain.
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Name Gam*, Space, Al Literacy Target Primary Objective Evaluation Gam* Results Interactivity Suggestions
Modality Focus Audience or Play
Aims to focus on the inner
workings of Al, support col-
Gamification laborative and scalable learn-
7 Nemobot and Game- ing, and remain accessible to K- N =30* Findings show the efficacy of Plans to expand it beyond strate-
Interface 12 students with diverse profi- = Nemobot in teaching K-12 stu- gic gaming to include diverse AT
Wang et al. or Evaluate & e : : o e
(Digital K-12 Students ciency levels. The learning ex- dents to use the platform effec- 2-Player tasks, such as multimedia and
[80] . Create Al . ! Ny Proof-of-concept of Gamified R L Ny .
(2020) Environment) perience begins with students b tively for Al creation in strategic programming, thereby enhanc-
creating a two-player strategic rocess games. ing Al education efforts.
Computer game where players take turns
acting and earn corresponding
rewards.
N =80 Children (Ages 10-13)
in 5 Groups for difficulty and
playability
Gamification . . . . N .
and perience i theresim o iy, =20 Stdents ges 11-12) [ Fre P e
%7 SMalLE- Mini-games perk i in 2 Groups for interface and players sp Suggests incorporating more
building games, where the pri- L. an hour on the app on aver- )
App BATEs. usability on e ) real-world applications of en-
. Use & Apply Students mary objective is to construct age, showing higher user satis- . N .
Franco et al. Building- . ) Single Player gineering concepts, which stu-
N . Al (Ages 10 - 18) a thriving metropolis from the faction. Female players showed .
[21] Simulation b . N = 40 Students (Ages 10-18) dents perceive as both educa-
ground up, starting with a sus- ) a stronger preference for the ) v
(2024) and Puzzles . in 2 workshops, N' = 900 f tional and enjoyable.
tainable master plan to enhance ) app’s visuals, engagement, de-
livabilit middle school students but only sion, and balance.
Mobile ¥ analyzed N = 450 in the field gn .
study
GUESS-13 Questionaire
Plans to explore the pros and
cons of combining gamification
Aims to explore whether LLM- N = 10 Limited Technical Findings show potential in mo- with XAl visualizations, exam-
- . . P . o ine user workflows and use of
v Gamification driven narrative gamification Background in Al and ML (6 tivating users to engage more N . }
% XAI - PR R gamification features to extract
i (Digital Know & Non- can promote intuitive under- men, 4 women, Ages 22 - 23) deeply with visualizations, fos- ¢ e :
Visualization 5 . . . 5 - . . insights, and investigate the im-
Environment) Understand Technical standing of complex XAI visu- tering curiosity and proactive Single Player :
You et al. [87] N N . . H e pact of LLM hallucinations on
Users alizations and actively engage Comparison Analysis Between learning. Participants reported X
(2025) : Sy e ; ! ; understanding and engagement,
Computer non-technical users in their ex- Gamified Prototype and feeling comfortable asking ques- . . I .
! — P Ny : . including mitigation strategies
ploration. baseline without gamification tions without fear of judgment. s >
such as improved prompting
or retrieval-augmented genera-
tion.
Gamification Participants ﬁ‘fﬁf‘fnﬁhfoif;d Plans to explore the challenges
(Physical Aims to use hands-on chal- game mu tp > improving and opportunities of integrating
" . . their ability to spot deepfakes N
Y Al Ex- Environment) lenges that have participants . interactive, puzzle-based Al
- ; N =7 Male Students and understand Al misuse po- . .
ploratorium . train Al models for real-world ; . . N Multiplayer learning  approaches—where
‘ Evaluate & Students A ; (Ages 12 - 14) tential. Quizzes effectively re- ! D .
Maljur et al. Computer applications like autonomous X X L (Pairs or parts of the “black box” are
p Create Al (Ages N/R) N inforced learning. Participants .
[44] and Tangible cars and deepfake detection, and . S . small teams) revealed through acquired
Pilot Data correctly identified causes of Al .
(2025) Elements encourage them to reflect on the . s . . knowledge—along with assess-
. P misclassifications, such as vi- N
(Interactive ethical implications of AL - N ment methods to evaluate its
. sual similarities, showing under- R
Exhibition) . . long-term impact on Al literacy.
standing of pattern recognition.
N AlLiteracy  Card Game N =7 Children (Ages 9-12) L indings indicate that transfor- Future work could further inves-
. . mational games incorporating .
Transforma- (Physical Aims to design a game to sup- N . tigate playful approaches that
. . Know & Youth and s - persuasive design techniques o
tional Game Environment) o port youth and families in learn- N = 3 Families (3 parents, 6 . X 2-Player help families learn about and
Understand Families ; LA : can effectively support learning Dout &
Yang et al. ing about ML and algorithmic children (Ages 9 - 13)) . . Game make sense of Al including
; Al (Ages N/R) ! ) ) about machine learning and al- )
[86] Tangible bias. Playtesting at workshops in an orithmic bias, especially in fam- emerging areas such as gener-
(2024) Elements out-of-school context lgly contotn , €SP ly ative AL
Aims to enable students to learn
Al concepts and practices while Findings show teachers could
Gamified Know & . creating gameplay experiences not define Al and noted they did
-
> ndAe’ jjg (Digital Understand R“”;‘;;‘jdle using Al-driven techniques such N/R not teach coding, Students’ an-
etal [ 6]g Environment) Al sfu onts as machine-generated content, swers to “What is AI?” ranged N/R N/R
(2023) Use & Apply (2 () search-based pathfinding, non- Co-design Sessions from general computer use to
Computer Al 8¢ player character reasoning, and examples like doorbell cameras
natural language processing- and self-driving cars.
based interactions.
Aims to facilitate three main
learning outcomes: players are
Card Game Know & .able to (1) Pnderstand how t.ram-
N Data N ing data influences algorithm
detectives (Physical Understand outputs, (2) recognize that algo- Multiplayer
Environment) Child-Parent uputs, ¢ 8" 8 N =6 Adults P2y Plans to play test with youth and
Solyst et al. rithmic bias can arise from train- X N/R (2 - 6 players, L
Evaluate & (Ages N/R) . . R . Playtesting of the game families.
[68] . ing data—including its selection, 2 teams)
Tangible Create AT B
(2022) h labelling, and quantity, and (3)
Elements Ethics & Al o S
critically evaluate training data
decisions in the context of su-
pervised machine learning.
Aims to engage middle school Surveys ,ShOWEd clea‘r gains In
. . students’ understanding of fair-
students in exploring nuanced X -
thical Ao o ness, bias, and accountability
Card Game e emmas surrouncing in AL Reflections and discus- Plans to include exploring how
. Al through a generative Al- and . y . .
. (Physical y N N = N/R Students and sions articulated nuanced per- . interactive tools can more ex-
N EthiQuest . Middle School ethics-based card game, prompt- . Requires . . .
Environment) . N N L Teachers spectives, evaluated trade-offs, plicitly communicate the ethical
Bhat [8] Ethics & Al Students ing reflection on authenticity, : 3 moderator, .
X . I and recognized ethical complex- trade-offs in high-stakes Al a
(2025) ; (Ages N/R) creativity, fairness, accountabil- e teams . )
Tangible : e 5 day workshop ities. Teachers reported that the plications where errors have sig-
ity, and responsibility, and fos- cach ) e
Elements scenario-driven format kept stu- nificant societal impact.

tering foundational Al ethics un-
derstanding through collabora-
tive, speculative play.

dents engaged and helped them
internalize abstract ethical con-
cepts.
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