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Abstract

Computational thinking (CT) skills are essential for navigating daily
life, but how best to teach these skills is still being explored. Edu-
cational programming games can provide engaging environments
to develop CT, yet uncovering student struggles during gameplay
remains challenging. This study analyzed 15 undergraduates with
varying programming experience playing the CT game, Fox and
Field, utilizing gameplay videos, heart rate data, and surveys. Re-
sults revealed common struggle points in understanding the char-
acter’s perspective, degree angles, and debugging, with notable dif-
ferences between novice and experienced players. Findings suggest
support targeting abstraction, pattern recognition, and debugging
skills to improve future game design and scaffolding.
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1 INTRODUCTION AND RELATED WORK

Computational thinking (CT) is a crucial 21st-century skill and sup-
ports success in a digital world [6, 14]. Educational programming
games offer a promising approach to developing CT in an engag-
ing way [9, 15]. Prior research often uses post-gameplay surveys
and interviews to understand students’ struggle points (e.g., [7]),
which may miss key in-the-moment struggles. Few studies have
used multimodal approaches that incorporate qualitative analysis
of gameplay data, along with physiological data, such as heart rate,
and students’ explanation of their strategies, which can provide a
deeper understanding of the gameplay. Our study examines stu-
dents’ struggle points in a block-based programming CT game,
using these multiple data sources, to answer the following research
questions:

e RQ1: What are students’ struggle points and misconceptions
in the CT game?

e RQ2: How do these struggles vary by programming experi-
ence?
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2 METHODOLOGY

A block-based programming game, Fox and Field, was created to test
whether certain scaffolds could make novice programmers behave
more like experts. Fox and Field is similar to other block-based
programming environments used in prior research (e.g., [4, 13]). The
game had eight levels, each with a unique objective and condition.
We selected a level (L412) that most players experienced and that
allowed for enough variation in play, as players of L412 needed
to handle angle application, path distractions, and code efficiency
prompts (see Figure 1).
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Figure 1: Game map for level 412

We recruited players for the study through open advertisement.
They were categorized as Novice (66.7%) or Experienced (33.3%)
based on a pre-game questionnaire. The sample was predominantly
women (93.3%) and included participants identifying as White
(46.7%), Asian (26.7%), Hispanic or Latinx (6.7%), Black or African
American (6.7%), Hispanic or Latinx-Asian (6.7%), and Hispanic or
Latinx-White (6.7%). During the one-hour gameplay session, heart
rates (per 116 milliseconds), screen and face video, and gameplay
data (time spent, code blocks, and attempts) were recorded, and
players completed open-ended reflection surveys on their solving
strategies.

Three gameplay videos coded based on students’ gameplay per-
formance groups (high, intermediate, and low) to generate coding
schemes. Then, we used the directed content analysis approach
for all videos to analyze the data using the coding schemes but
without ignoring new emerging concepts or issues [8]. We obtained
Cohen’s kappa inter-rater reliability of k = 0.86 indicating a high
level of agreement. Finally, both coders discussed and resolved any
discrepancies in a consensus meeting. Due to corruption of some
data, the heart rate and end survey data were only used to verify
and confirm programmers’ struggle points.
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3 RESULTS AND DISCUSSION

Players primarily struggled with three aspects: (1) Concept of De-
gree Angle—33.3% of players (n=5) struggled with understanding
degrees. Novices spent an average of 536.1 seconds (SD = 484.5)
and 13.9 attempts (SD = 19.4) resolving errors compared to 291.8
seconds (SD = 117.7) and 3.2 attempts (SD = 3.8) for experienced
players. Two novice players showed a significant increase in heart
rate (10-20 bpm). Melina (all names pseudonyms) noted, “TIt was
more difficult to find the angle to get to the house, so I kept guessing
until I could get to the right spot.”

(2) Fox’s Perspective—53.3% of players (n=38) struggled with
programming from the fox’s viewpoint, often confusing its current
direction. Although no experienced players made this mistake, 80%
of novices (n=4) misjudged the direction more than once, leading to
repeated errors and taking an average of four minutes (SD = 1.2) to
resolve each instance. There was no statistically significant change
in heart rate for these players, possibly because they noticed the
errors quickly and stopped the code before completing the attempt.

(3) Debugging—33.3% of players (n=5) had difficulty identifying
and correcting code errors, leading to inefficient strategies like
restarting the code or deleting blocks one by one. Luna spent over 20
minutes (1,230 seconds) and 40 moves trying to identify the correct
error. Her heart rate spiked from 70 bpm to over 100 bpm. She
shared, ‘T thought the problem was the angle ... the actual problem
was the mushroom.” Similarly, Maria struggled to pinpoint errors
and made changes to unrelated code, resulting in increased heart
rates of 15-20 bpm.

Overall, on average, experienced players completed the level
faster (M = 4.8 minutes, SD = 1.9) and with fewer errors (M = 3.2
attempts, SD = 3.4) compared to novices (M = 8.9 minutes, SD =
8.1; M = 13.9 attempts, SD = 19.4), but they avoided using non-right
angles, missing one of the level objectives. Although novices, having
attempted more complex maneuvers, experienced more frequent
heart rate spikes during debugging and conceptual struggles.

These identified difficulties are linked to the CT skill of abstrac-
tion, aligning with previous findings that novice programmers often
struggle with this skill [5, 12]. The struggles with degree angles
and perspective suggest the importance of spatial reasoning skills,
such as mental rotation, for effective gameplay [2, 3]. Debugging
difficulties, on the other hand, are consistent with known novice
challenges in error identification [10].

Our comparison between novice and experienced players re-
vealed that whereas experienced players completed the tasks faster
with fewer errors, their solutions lacked the expected efficiency
approach, as they avoided using non-right angles. This could indi-
cate a potential link between programming experience and spatial
reasoning skills as have been shown in some prior work (e.g., [1, 11],
a topic requiring further research. Given these findings, scaffolding
that targets spatial reasoning and debugging strategies may help
novices build stronger CT skills.

4 CONCLUSION

Although limited by a small sample and the focus on a single game
level, this study highlights the value of a multimodal approach to
uncover real-time challenges during gameplay. In the future, we
will expand this work by incorporating data from all levels and
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eye-tracking data, which will increase the sample size and enhance
the robustness of our analysis of biometric data, allowing for more
reliable insights into students’ challenges and learning patterns
throughout the game.
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