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Abstract. Around the world, the prevalence of artificial intelligence
(AI) in global citizens’ work and life has been recognized by govern-
ment and intergovernmental agencies. Efforts by researchers, practition-
ers, and policy-makers are underway to develop guidelines, curriculum
and best practices to help the future workforce who are youth in to-
day’s classrooms develop basic AI competencies. While there is growing
attention to broadening AI educational opportunities and, especially, to
providing learning experiences for younger students, relatively little is
currently known about how to most effectively provide AI education to
K-12 (kindergarten through 12th grade) students. In this paper, we dis-
cuss the design and evaluation of an educational game for high-school
AI education called ARIN-561. Drawing on feedback from over 1,200
students, we conducted analysis on student performances in the game,
particularly student errors. Results show the relationship and dependen-
cies of different activities within the game and shed light on the design
instructional support to help students build AI knowledge to succeed in
the game.
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The critical role of artificial Intelligence (AI) in the future of work and life has
been recognized around the globe. While some of today’s youth will become the
future AI workforce and a majority of them will join a workforce that utilizes
AI, all will become end-users, such as consumers of AI [7]. It is critical, there-
fore, to prepare future generations with basic knowledge of AI, not just through
higher education, but beginning with childhood learning. The United Nations
and governments around the world are racing to develop strategies in response
to the growing need of youth AI education (e.g., [20]), including establishing
guidelines [1, 7] and curriculum [4] for K-12 (Kindergarten through 12th grade)
AI education. While AI’s impact on society is deepening and expanding in myr-
iad ways, there has been little research into how students, especially pre-college
students, construct an understanding of and gain practice with core ideas in the
field. As a result, there is yet little possibility of grounding the design of learning
experiences in evidence-based accounts of how youth learn AI concepts, how un-
derstanding progresses across concepts, or what concepts are most appropriate
for what age-levels.
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In this paper, we discuss our research into a game-based approach towards
AI education for high school students. Decades of research evidence point to
the efficacy of game-based learning in promoting student learning [21]. Most
recently, there is research into utilizing educational games to help elementary
school students learn about AI [12]. In our work, we developed an educational
game called ARIN-561. ARIN-561 is a 3D role-playing game designed to teach
high-school students AI concepts, prompt them to apply their math knowledge,
and develop their AI problem-solving skills. In the game, students play as a
space-faring scientist who has crash landed on an alien planet, named ARIN-561
(Figure 1). In order to safely return home, the scientist begins exploring the
planet to gather resources needed to repair the broken ship while uncovering the
mystery of the planet. The activities for survival and for exploration form the
basis for students to learn and apply AI algorithms to solve problems. Previously,
we have conducted a small-scale pilot study to evaluate the efficacy of ARIN-
561 in learning AI for high school student population [13]. While results from
the pilot study suggested the efficacy of ARIN-561 for learning AI, the sample
size was relatively small. Subsequently, we conducted a larger scale evaluation
study with over 1,200 students. At the conclusion of the study, students provided
feedback on the improvements they would like to see in the future releases of
the ARIN-561. Among them are suggestions to provide additional instructional
support when students make errors and get stuck within the game. In this paper,
we discuss the design and evaluation of ARIN561. In particular, we zoom in
the analysis on student errors made in the game using data gathered from the
large-scale evaluation study. Results show the relationship and dependencies of
different activities within the game and shed light on the design instructional
support to help students build knowledge to succeed in the game.

1 Related Work

AI education has long been absent from K-12 classrooms. Recent efforts are be-
ginning to investigate the integration of AI into K-12 schools, including defining
AI literacy [16] and developing curricula and guidelines [7, 17]. Researchers in
youth AI education have been experimenting with teaching AI, including ma-
chine learning [23, 30] and ethics [5], within the context of computational think-
ing [22] through conversational agents [14], dance [18], and game-based learning
[12]. Discussions on youth AI education are heating up in Europe [10, 2], China
[19], Israel [26], and around the world [28, 29]. For example, researchers in Thai-
land have designed an agricultural-based AI challenge to foster middle-school
students’ learning of the machine learning process in the form of a game [25],
where students build machine learning models to classify ripe or unripe mangoes.
In Australia, researchers have designed and implemented classroom activities for
teaching fundamental concepts of AI to Year 6 students to demystify AI through
activities such as an unplugged activity on facial recognition and a simple robotic
exercise that introduces the concept of machine learning [9].
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The work presented here aims to uncover how to design an educational game
to meet the challenges of teaching AI to K-12 students. This work builds upon
explorations into how K-12 students approach AI concepts, what obstacles they
face, and how to guide them through obstacles [8]. This work also draws upon
previous investigations into linking AI to the K-12 math curriculum to identify
AI concepts suitable for high school students [27], as well as work investigating
the learning of computational thinking [11] and seminal research into compre-
hension of mathematical representations (e.g., [3, 6]).

2 ARIN-561 Game-Based Learning Environment

ARIN-561 is a 3D role-playing game designed to teach high-school students AI
concepts, prompt them to apply their math knowledge, and develop their AI
problem-solving skills. The game currently covers three classical search algo-
rithms: breadth-first search (BFS), depth-first search (DFS), and greedy search.
Each topic consists of two modules: a tutorial module (e.g., Figure 1 bottom
left) and a transfer module (e.g., Figure 1 bottom right). Embedded in all the
tutorial and transfer modules are quizzes that help students pause and self-assess
(Figure 1 top right). In-game challenges, such as searching for missing spaceship
parts or cracking passwords, serve as natural opportunities for the introduction
of search algorithms as a topic. The essential concepts such as space and time
complexity also lend opportunities to connect math knowledge familiar to high
school students and these AI concepts that are usually taught in higher educa-
tion. The integrated educational content in ARIN-561 leverages this opportunity
by supporting the students’ application of math knowledge to the evaluation of
each algorithm as they progress through the game. In addition to the learning
modules, students can also explore the game environment for “off-task” activities
[24], such as gathering minerals around the planet.

Activities in the game aim to achieve three learning goals: understanding
how AI algorithms are used to solve problems in the real world, learning the
strengths and weaknesses of different AI algorithms, and developing a working
understanding of how AI algorithms work. In ARIN-561, game modules are
organized by learning topics, such as BFS and DFS. After scaffolding students
through the first AI algorithm (such as BFS), each new AI algorithm (e.g.,
DFS) is introduced through an example problem that the previous algorithms
fail to solve (e.g., computer runs out of memory when using BFS for route
planning). The students are guided through the analysis to uncover why the
previous algorithm failed (e.g., storing too many nodes in computer memory)
and how to modify it to address its weakness (e.g., prioritizing expanding child
nodes instead of sibling nodes in the search tree).

3 Methods

Recruitment Twenty-three math, science, and computer science teachers from
a school district in a major metropolitan area in the United States participated
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Fig. 1: Screen capture from ARIN-561. Top-left: The player (i.e. the student)
crash landed on a foreign planet. Top-right: student is presented with a quiz
question about estimating the complexity of search algorithms. Bottom left:
student think-alouds through the greedy search algorithm. Bottom-right: the
student solves an 8-puzzle using one of the search algorithm to fix their com-
panion robot’s circuit board.

in the study. 1274 high school-aged youth from classes taught by participating
teachers were recruited for the study.

Procedure Participating teachers were provided an overview of the game, learn-
ing goals, and study procedure a few months before the study began. A few weeks
prior to the study, students were given an online parental consent form and a
youth assent form. Only students who consented participated in the study. The
study was carried out over 4 class sessions, each lasting 45-55 minutes long, with
at least 2 class sessions dedicated to individual gameplay for students. During the
first session, students were first assigned IDs to protect their identity through-
out the study, and then completed the pre-survey online. At the end of the
first session, students logged into the ARIN-561 game online via a web browser.
Any technical difficulties encountered were addressed during the first session,
via support from the research team. During the second and third sessions, stu-
dents continued to interact with ARIN-561 at their own pace. Game progression,
play time, and answers to in-game questions were recorded for each participant.
During the fourth session, students completed the post-survey online.

With restricted access to school campuses due to COVID-19, the study was
carried out entirely by the participating teachers. The research team did not par-
ticipate in the data collection. The study was carried out within a month span.
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Additionally, because students were not required to answer all the questions on
the pre- and post-surveys, there are is data at the item level for some students.

Measures The pre-survey consisted of items about students’ demographic back-
ground, AI Use Type, Interest in AI, AI Knowledge (15 questions), Math Self-
efficacy [15], and Math Knowledge. All scales except the Math Self-efficacy were
developed by the research team. The AI Use Type included items such as “When
I think about how I’d like to interact with AI in the future, I expect that: I will
use AI systems in my everyday life as a consumer, and I expect to USE AI sys-
tems as a part of my job.” The Interest in AI scale included questions such as
“Outside of school I try to learn a lot about AI.” The assessment of AI knowledge
and math knowledge specifically focused on the content covered in ARIN-561, in
the format of multiple-choice questions. The AI questions were set in the context
of solving AI problems similar to those encountered in the game. The questions
assessed students’ understanding of, for example, pros and cons of the search
algorithms, search algorithms most applicable to specific types of problems, etc.
In the post-survey, the same items on interest in AI and AI knowledge from the
pre-survey were included. In addition to the surveys, game logs from ARIN-561
were collected. The logs included the in-game click-stream data and responses
to in-game quizzes.

In-game errors occur during three different activities within the modules for
learning BFS, DFS, and Greedy algorithms.

– Errors in In-Game Quizzes: The quizzes are embedded within the tutorial
modules for BFS, DFS, and Greedy algorithms. If the students answer the
quiz question incorrectly, they are immediately offered the opportunity to
try again. The tutorial only moves on until the students answer the question
correctly. Thus errors in in-game quizzes are the incorrect attempts to answer
the question.

– Errors in Search Tree Expansion: the last activity in the tutorial mod-
ule (usually after the presentations of all the quiz questions) is asking the
students to expand the search tree by, for example, clicking on a location on
the map (e.g., Top-right and lower-left screens in Figure 1). This occurs af-
ter the students have completed the portion of the tutorial that walks them
through how to expand the search tree step by step. In this activity, stu-
dents are asked to demonstrate their understanding of how different search
algorithms expand the search space. Errors in this activity are mouse clicks
when students click on the wrong locations on the map, thus attempting to
expand the wrong nodes in the search tree.

– Errors in Transfer Puzzles: After completing a tutorial module for learn-
ing, for example BFS, students are presented with a transfer problem to
demonstrate their problem-solving skills using the search algorithm. The
transfer problems are various puzzles (e.g., an 8-sliding puzzle, or cracking
a password), depends on the search algorithm under discussion. To solve
the puzzles, students expand a search tree by clicking on the node to be ex-
panded next (e.g., which piece to move in an 8-sliding puzzle), until a solution
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is found (e.g., the series of moves to solve the 8-sliding puzzle; lower-right
screen in Figure 1). Errors in this activity are similar to those in search tree
expansion in the tutorial module – mouse clicks when students click on the
wrong node to expand next.

The activities for learning each of the three algorithms (BFS, DFS, and
Greedy) include these three activities discussed here.

4 Results

Of the 1274 participating students, 1014 completed the post-survey. The research
team was able to match pre-, post- surveys, and game logs for 764 students. Other
than normal attrition (e.g., students absent at either pre, post administration,
or game play class), additional data loss was primarily due to errors in student
ID entries on the survey platform, which resulted in mismatches of student IDs
between both surveys and game logs. We conducted ANOVA analyses to ensure
the final sample of 764 students was not significantly different from the full
participant sample in terms of background, such as gender, race/ethnicity, and
prior mathematical knowledge.

The participants’ average age was 16, with 18% 12th graders, 30% 11th
graders, 23% 10th graders, and 29% 9th graders. A total of 46% of the students
identified as male, 48% identified as female and 6% identified as other cate-
gories or preferred not to disclose. 27% of the students speak English at home,
67% speak both English and a second language at home, and 6% speak only a
language other than English at home. Spanish is reported as the non-English lan-
guage for those students. Interestingly, even though ARIN-561 and the surveys
are offered in both English and Spanish, and the teachers were briefed about
the language choice prior to the study, all the students chose to use the English
version of the surveys and the game.

4.1 Descriptive statistics

Overall, the number of student errors in the game varied greatly between stu-
dents and between game modules. From the descriptive analysis presented in
Figure 2, we can see that there are several extreme outliers where, for example,
a student made over 1700 errors in the BFS tree expansion activities. Additional
examination of the game logs revealed that students often revisit a specific mod-
ule in the game (e.g., taking the tutorial of BFS multiple times). This means
that students may answer the same quiz questions correctly multiple times or
commit the same error in search tree expansion multiple times. Thus, for the
analysis presented here, we define in-game errors as error rates, which is the
number of errors divided by the sum of errors and correct actions (e.g., mouse
clicks correctly expanding the search tree).

For student errors occurred within modules to learn each of the search al-
gorithm (i.e., BFS, DFS, greedy algorithm), we analyzed how often errors were
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Fig. 2: Descriptive statistics of the number of errors made in different activities
in game modules.

made during the in-game quizzes, the search tree expansion, and in transfer
puzzles. ANOVA with repeated measures show that there are significant differ-
ences between student error rates in quizzes, tree expansions and transfer puzzles
within the BFS learning modules (p < .001, paired contrasts are statistically sig-
nificant at p < .001 as well). Figure 3 shows the means of student errors within
each module. Within the game modules for learning DFS and greedy algorithms,
we found the same sets of statistically significant results. We also conducted an-
other set of ANOVA with repeated measures comparing the student errors within
the same type of activity (e.g., in-game quizzes) across modules learning differ-
ent algorithms. Again, we found the same set of statistically significant results
(p < .001, for paired contrasts as well). For example, from Figure 3, we can see
that students made errors more often when learning DFS, compared to BFS and
greedy.

4.2 Student background and In-Game Errors

In the pre-survey, we gathered data on students’ demographic background, such
as gender, grade level, language spoken at home, and video game experiences.
Since a vast majority (94%) of the participating students speak English as one
of the languages at home, we did not perform analysis on the relationship of this
variable and dependent variables. We then performed analysis on how the rest
of the demographic background variables impact overall student error rates in
BFS, DFS, and Greedy modules, and in in-game quizzes, search tree expansions,
and transfer puzzles. Overall, in-game performances in terms of student errors
made did not differ significantly between students from different grade levels, of
different gender, or with different video gaming experiences.

The pre-survey also includes items that measure Math Self-Efficacy, (rele-
vant) Math Knowledge, and Interest in AI. We then conducted correlational
analysis on how these factors impacted student in-game errors. Measured in both
the pre- and post-survey, the AI knowledge scale includes 3 sub-scales for each of
the search algorithms covered in the game (BFS, DFS, and Greedy search). We
performed pairwise correlation tests of these variables and overall errors made in
BFS, DFS, and greedy modules, and in in-game quizzes, search tree expansions,
and transfer puzzles. Overall, existing AI and math knowledge are significantly
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Fig. 3: Error rates (between 0 and 1) in different activities in ARIN-561 modules
for learning BFS, DFS and greedy search algorithm.

and negatively correlated with the dependent variables (Table 1). Interestingly,
there was no statistically significant correlation between knowledge of the three
AI knowledge sub-scales and student errors made in the corresponding game
modules (e.g., pre-AI knowledge in BFS is not significantly correlated with er-
rors in BFS modules with in-game quiz, search tree expansion, and transfer
puzzle combined).

In-Game Progress and Errors The pedagogical design of ARIN-561 is based
on the hypothesis that AI algorithms build on each other. Algorithms, such as
DFS introduced later in the game are discussed in comparison to previously
introduced algorithms, such as BFS. While students can jump between different
modules by going through the menu selection screen in the game (only enabled
after the module is completed), overall, students took a relatively linear path
through the game, by going through BFS, DFS, then Greedy game modules.
Thus, as students progress through the game, mastering previously discussed
algorithms should help students’ learning of the new ones, while learning the new
algorithms should help reinforce the learning of the previously discussed ones.
While we can analyze how reaching milestones in the game, such as completing
the BFS module (both tutorial and transfer problem modules), impacts errors
made in subsequent modules (e.g., DFS, Greedy), in our sample, we have very
few students did not complete a specific game module. Thus, we don’t have a
sufficiently large contrasting sample size to perform the analysis.
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PreAI knowledge PreMath knowledge

In-game Quizzes -.116 (P=.0002) -.132 (p<.001)

Search Tree Expansions -.199 (p<.001) -.094 (p=.012)

Transfer Puzzles -.162 (p<.001) -.084 (p=.028)

BFS -.093 (p=.011) -0.043 (p=.24)

DFS -.207 (p<.001) -.122 (p=.002)

Greedy -.199 (p<.001) -.156 (p<.001)

Table 1: Correlations between existing AI and math knowledge, gathered via
pre-survey, and the number of errors made in BFS, DFS, and Greedy modules,
and in in-game quizzes, search tree expansions, and transfer puzzles.

Alternatively, we performed correlations of student errors made in different
game modules. In particular, we are interested in whether student errors in the
tutorial modules (e.g., BFS in-game quiz and search tree expansion) is related
to errors in transfer modules (e.g., BFS transfer puzzle). Results show that the
number of errors made in the BFS puzzle is significantly but weakly correlated
with those in BFS in-game quiz (r = .1; p = .009), and not with those in BFS tree
expansion activities (r = .027, p = .519). The number of student errors made in
the DFS puzzle is significantly correlated with those in DFS in-game quiz (r =
.183, p < .001) and in DFS tree expansion (r = .314; p < .001). The errors made
in the greedy transfer puzzle are significantly but weakly correlated with those
in greedy in-game quiz (r = .125, p = .002) and in greedy tree expansion (r =
.161; p < .001). This indicates that in general the performances in the transfer
modules are positively correlated with performance in the tutorial modules.

4.3 In-game Error and AI Learning

We conducted pairwise correlations on outcome variables, such as AI knowledge
gained and changes in AI interest (pre-post), and the variables on student errors.
Overall, we did not find any statistically significant correlation between changes
in AI interest and student errors made in any module in the game. The AI
knowledge gained is negatively but weakly correlated with total errors made in
DFS (r = −.137, p < .001) and greedy algorithm modules (r = −.123, p = .002),
but not in BFS modules (r = .006, p = .879). The AI knowledge scale includes
3 subscales for each of the search algorithms covered in the game (BFS, DFS,
and Greedy search). We then conducted pairwise correlations of AI knowledge
gained in a specific game module (e.g., BFS) and student errors made in that
module (e.g., quiz in BFS tutorial, BFS tree expansion, and BFS puzzle). Again,
we did not find any significant correlation between any AI knowledge subscale
and errors made in corresponding game modules.

The pre- and post-survey included identical measures of AI knowledge. We
performed a median-split on AI knowledge gained (pre-post) and group students
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into High/Low AI knowledge gained. Independent Sample t-test showed that the
group of students in high AI knowledge gain group made fewer mistakes in all
modules combined in DFS (Mhigh = .603,Mlow = .644, p < .001) and greedy
(Mhigh = .538,Mlow = .590, p = .002), but not in BFS (Mhigh = .513,Mlow =
.503, p = .568). Additional t-test showed significant differences between high/low
AI knowledge gain group on total mistakes made in in-game quizzes (Mhigh =
.404,Mlow = .428, p = .006) and search tree expansions (Mhigh = .732,Mlow =
.765, p = .009), but not in transfer puzzles (Mhigh = .420,Mlow = .439, p = .132,
BFS, DFS, greedy combined for all three measures). This indicates that students
who had higher AI knowledge gain made fewer mistakes in DFS and Greedy,
and in tutorial modules (quizzes and search tree expansions). Performances in
these modules could be indicative of which group students may fall into on AI
knowledge gains.

5 Discussion

In this paper, we discussed a large-scale evaluation study to assess the efficacy
of ARIN-561. Inspired by student feedback, we conducted an analysis of errors
students committed in the game. Results show that in-game performances varied
a great deal between students and between game modules. Overall, students
struggled when learning DFS and in the activities of search tree expansion,
which occurs right after the game “removes” instructional support and asks the
students to continue expanding the search tree to demonstrate mastery of the
knowledge. This indicates the potential need for delaying the removal of the
instructional support in search tree expansions, and the additional support to
help students learn DFS.

The significant (negative) relationships between prior AI and mathematical
knowledge and the observed in-game student errors suggest an educational game
that is optimized for youth who already enter with a strong mathematical foun-
dation. This would challenge efforts at using the current iteration of the game
for a broad high-school population with a wide range of prior math competen-
cies. This also suggests that in-game mini lessons to strengthen students’ math
knowledge related to AI learning can potentially improve student performances
in the game.

The result also shed light on the relationship between activities in tutorial
modules and those in transfer modules. In particular, student performances in
tutorial modules are weakly related to performances in transfer tasks. While
the tutorial-transfer learning module placements are by design, the results high-
lighted students’ need to better master the learning material while still in the
tutorials. Additional and more fine-grained analysis is needed to uncover where
inside the tutorial additional support is needed.

One of the limitations of the study is that it was dependent on a researcher-
developed measure of AI knowledge, with limited evidence available of its va-
lidity with the population sampled. This speaks to the current dearth of AI
knowledge measures developed for pre-college-aged youth, a challenge that our
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research team, and others, are working to address through ongoing research and
measurement development.
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