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Abstract. This study examines how students interact with a Gami-
fied Online Judge through cognitive psychology strategies, repeated and
distributed practice, and how these patterns contribute to performance
improvements. Using a data-driven approach, we analyze students’ usage
patterns while considering their prior knowledge and HEXAD profiles to
understand how different patterns relate to performance gains. Feature
selection resulted in the choice of Number of Attempts and Grouped
Hours Between Attempts for further analysis, as these were significantly
related to performance gains. Clustering analysis revealed six student
usage patterns with varied practice and spacing behaviors, highlighting
the complex interplay between repeated and distributed practice strate-
gies by demonstrating that usage patterns influence performance gains
differently depending on students’ prior knowledge but not HEXAD user
profiles. Thus, this work offers insights into how adaptive learning en-
vironments can better support diverse student needs, emphasizing the
importance of aligning gamified assessment design with cognitive strate-
gies to personalize learning experiences effectively.
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1 Introduction
Students from Introductory Programming Courses (CS1) often struggle with
logic, syntax, and problem-solving, leading to high dropout and failure rates
as well as motivating educators’ search for engaging and effective learning ap-
proaches [13, 3]. In that context, Online Judges (OJs) are promising solutions,
offering immediate assessment and feedback that support deliberate practice
[7]. Despite that, these tools’ effectiveness depends on students engaging with
them, where gamification has been adopted as a means to enhance their moti-
vation to do so [5]. While Gamified OJs (GOJ) can foster student motivation,
gamification’s effectiveness often varies depending on individual differences [16].
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Particularly, the HEXAD framework, which categorizes users into six types (e.g.,
Achievers, Socializers, and Philanthropists), provides a useful model for under-
standing how different students respond to gamification [17].

Besides motivation, learning is also shaped by cognitive strategies, such as
Repeated Practice (RP) and Distributed Practice (DP), which reinforce learn-
ing through frequent problem-solving and spaced exposure [4, 8]. While GOJs
encourage repeated attempts that might be spaced in varied ways, no single
strategy is likely to support every student [11]. Notably, it remains unclear how
different combinations of RP and DP contribute to student learning in STEM
settings like CS1, especially in the context of GOJs [8], as previous studies on
CS1 education often explored the benefits of OJs and gamification separately.

Research on OJs emphasizes their role in automated assessment and scalable
learning [9, 5] but studies on gamification highlight its motivational potential as
well as its inconsistent impact [15, 6]. Additionally, few studies integrate cognitive
psychology principles to analyze how students’ behaviors in GOJ translate into
learning outcomes in light of their individual differences (e.g., [14, 12]), but fail
to acknowledge previous knowledge and motivational orientations like HEXAD
profiles. That is, there is a knowledge gap in understanding how individual dif-
ferences relate to students’ interactions with GOJ in the context of CS1 [8].

Towards addressing that gap, this paper adopts a data-driven approach to in-
vestigate how CS1 students interact with a GOJ in light of cognitive psychology
strategies. We examine how usage patterns derived from RP and DP relate to
performance gains while considering students’ prior knowledge and HEXAD pro-
files. Accordingly, our Research Question (RQ) asks: How do different usage
patterns in a GOJ contribute to performance improvements among
CS1 students with varying levels of prior knowledge and motivational
orientations? By identifying effective usage strategies based on empirical data,
our findings offer insights into personalized strategies for guiding CS1 students
toward productive behaviors and the design of adaptive learning environments.

2 Method
This study explores how CS1 students’ interactions with a GOJ relate to perfor-
mance gains. For this, we analyzed data from RunCode [10], an online platform
for automated code execution and testing, used voluntarily by CS1 students to
solve C# programming assignments. Students submitted code via an online ed-
itor, with unlimited submissions per task evaluated using unit tests. Platform
usage did not impact course grades.

The dataset includes submission records from 586 undergraduate CS1 stu-
dents (27% female) enrolled at a large European university between 2021 and
2024, who provided consent via a questionnaire at the start of the semester.
A pre-test assessed baseline knowledge, and a graded post-test evaluated final
performance. Performance gain was calculated as the difference between pre-
and post-test scores. At semester’s end, students also completed the HEXAD
gamification profile questionnaire [17].

First, we extracted ten features from the dataset based on RP and DP. For
example, to capture retrieval practice, we included the number of attempts and
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the number of tasks solved. To reflect session-based DP, features included the
total number of sessions (defined as attempts made within an hour of one an-
other), time between attempts (in hours and grouped by every 30 minutes), and
attempts per session. We then conducted a data cleansing process to remove
outliers, defined as values beyond three interquartile ranges from the median, in
line with best practices for handling extreme values [1]. Next, we performed fea-
ture selection, where features showing a strong correlation (r > 0.5) with others
were excluded. Then, to assess the remaining features’ relevance to performance
gains, we used Spearman’s correlation for numeric features and analysis of vari-
ance (ANOVA) for categorical features, applying a 95% confidence threshold.

For usage pattern modeling, we aimed to understand how combinations of
RP and DP features relate to performance gains. We standardized the selected
features using z-score normalization and applied k-means clustering due to its
efficiency and wide adoption in educational data mining [2]. The optimal num-
ber of clusters was determined using the elbow method based on within-cluster
sum of squares, ensuring meaningful groupings in the dataset. Lastly, to analyze
these clusters, we conducted a series of ANOVAs to understand how performance
gains, RP and DP strategies, prior knowledge (i.e., pre-test scores), and HEXAD
profiles differed across clusters. When significant differences were found, we con-
ducted pairwise comparisons using the Mann-Whitney test, which is robust to
non-normal distributions and unequal variances [18], adjusting alpha values due
to multiple comparisons using the Benjamini-Hochberg procedure.

3 Results
Number of Attempts, Hours Between Attempts, Attempts per Session and Grouped
Hours Between Attempts were selected after feature selection. Number of at-
tempts has a small-to-moderate statistically significant correlation with perfor-
mance gains (r = 0.339; p < 0.001), as well as the average performance gain
differs depending on Grouped Hours Between Attempts (F(10, 575) = 5.093; p <
0.001; η2p = 0.081). Differently, Hours Between Attempts (r = 0.094; p = 0.236)
and Attempts per Section (r = -0.044; p = 0.291) correlation with performance
gains are non-significant. Thereby, we chose Number of Attempts and Grouped
Hours Between Attempts to be inputted into the clustering analysis, where the
elbow method suggested the optimal number of clusters was six.

Table 1 demonstrates that clusters differ in the Number of Attempts and
Grouped Hours Between Attempts, and pairwise tests (see Table 2) reveal all
clusters differ from one another with a single exception: the Number of Attempts
between C2 and C4. Despite that, the clusters present varied combinations of
testing and spacing practices. For instance, C1 is the number one in attempts
but the second-to-last in spacing, while the opposite is true for C2.

Additionally, Table 1 demonstrates that clusters differ in terms of perfor-
mance metrics, where pairwise results are more nuanced (see Table 3). For per-
formance gains, three out of the 15 pairwise comparisons did not yield statis-
tically significant differences based on the adjusted alpha values. For previous
knowledge, four out of the 15 pairwise comparisons led to non-significant results.
On the other hand, Table 1 suggests no significant differences among clusters in
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Table 1: Cluster comparison for overall usage and performance metrics.
Clusters ANOVA

Stat C0 C1 C2 C3 C4 C5 F-stats p-val alpha η2
p

N 44 62 188 98 81 113
Number of Attempts*
Mean 145.205 729.548 112.415 299.449 97.309 444.460 776.144 < 0.001 0.04 0.870Std 79.425 127.124 74.239 45.966 89.727 67.291
Hours Between Attempts*
Mean 5.682 3.081 10.862 7.735 1.556 4.584 1662.29 < 0.001 0.05 0.935Std 1.272 0.816 0.416 1.001 0.775 1.307
Performance Gain*
Mean 1.447 3.070 1.643 2.460 1.053 2.498 13.147 < 0.001 0.02 0.102Std 1.570 1.792 1.861 2.006 1.493 2.130
Previous Knowledge*
Mean 4.353 1.973 4.220 3.336 4.487 3.059 14.22 < 0.001 0.03 0.109Std 2.396 1.789 2.376 2.416 2.145 2.170
Final Performance
Mean 5.409 4.952 5.452 5.541 4.827 5.381 2.063 0.068 0.01 0.017Std 1.884 1.703 1.842 1.917 1.842 2.072
* statistically significant difference among clusters based on adjusted alpha value.

Table 2: Pairwise comparisons for overall usage patterns.
Number of Attempts Hours Between Attempts

A B A: M (SD) B: M (SD) P-val A: M (SD) B: M (SD) P-val
0 1 145.205 (79.425) 729.548 (127.124) < 0.01 5.682 (1.272) 3.081 (0.816) < 0.01
0 2 145.205 (79.425) 112.415 (74.239) 0.016 5.682 (1.272) 10.862 (0.416) < 0.01
0 3 145.205 (79.425) 299.449 (45.966) < 0.01 5.682 (1.272) 7.735 (1.001) < 0.01
0 4 145.205 (79.425) 97.309 (89.727) < 0.01 5.682 (1.272) 1.556 (0.775) < 0.01
0 5 145.205 (79.425) 444.460 (67.291) < 0.01 5.682 (1.272) 4.584 (1.307) < 0.01
1 2 729.548 (127.124) 112.415 (74.239) < 0.01 3.081 (0.816) 10.862 (0.416) < 0.01
1 3 729.548 (127.124) 299.449 (45.966) < 0.01 3.081 (0.816) 7.735 (1.001) < 0.01
1 4 729.548 (127.124) 97.309 (89.727) < 0.01 3.081 (0.816) 1.556 (0.775) < 0.01
1 5 729.548 (127.124) 444.460 (67.291) < 0.01 3.081 (0.816) 4.584 (1.307) < 0.01
2 3 112.415 (74.239) 299.449 (45.966) < 0.01 10.862 (0.416) 7.735 (1.001) < 0.01
2 4 112.415 (74.239) 97.309 (89.727) 0.072 10.862 (0.416) 1.556 (0.775) < 0.01
2 5 112.415 (74.239) 444.460 (67.291) < 0.01 10.862 (0.416) 4.584 (1.307) < 0.01
3 4 299.449 (45.966) 97.309 (89.727) < 0.01 7.735 (1.001) 1.556 (0.775) < 0.01
3 5 299.449 (45.966) 444.460 (67.291) < 0.01 7.735 (1.001) 4.584 (1.307) < 0.01
4 5 97.309 (89.727) 444.460 (67.291) < 0.01 1.556 (0.775) 4.584 (1.307) < 0.01

terms of final performance. Lastly, we investigated how clusters differ in terms
of HEXAD profiles (see Table 4), which revealed statistically non-significant dif-
ferences and / or practically irrelevant effect sizes (η2p < 0.025) for each profile.
Thereby, while clusters differ from one another in terms of overall usage, final
performance is similar despite the several differences in previous knowledge and
performance gains, which seems not to be related to students’ HEXAD profiles.

Based on these results, we interpret our clusters as follows. Cluster C1 rep-
resents High-Gain Novices. It demonstrates a scenario where students with the
lowest initial knowledge managed to achieve the highest performance gain by
engaging in a high number of attempts with small to moderate spacing. Clus-
ters C3 and C5 concern Spaced Practicers and Intensive Practicers, respectively.
These groups had moderate levels of initial knowledge but achieved moderate



Usage Patterns and Performance Gains in Gamified Online Judges 5

Table 3: Pairwise comparisons for performance metrics.
Performance Gains Previous Knowledge

A B A: M (SD) B: M (SD) P-val A: M (SD) B: M (SD) P-val
0 1 1.447 (1.570) 3.070 (1.792) < 0.01 4.353 (2.396) 1.973 (1.789) < 0.01
0 2 1.447 (1.570) 1.643 (1.861) 0.847 4.353 (2.396) 4.220 (2.376) 0.702
0 3 1.447 (1.570) 2.460 (2.006) < 0.01 4.353 (2.396) 3.336 (2.416) 0.023
0 4 1.447 (1.570) 1.053 (1.493) 0.068 4.353 (2.396) 4.487 (2.145) 0.868
0 5 1.447 (1.570) 2.498 (2.130) < 0.01 4.353 (2.396) 3.059 (2.170) < 0.01
1 2 3.070 (1.792) 1.643 (1.861) < 0.01 1.973 (1.789) 4.220 (2.376) < 0.01
1 3 3.070 (1.792) 2.460 (2.006) 0.029 1.973 (1.789) 3.336 (2.416) < 0.01
1 4 3.070 (1.792) 1.053 (1.493) < 0.01 1.973 (1.789) 4.487 (2.145) < 0.01
1 5 3.070 (1.792) 2.498 (2.130) 0.037 1.973 (1.789) 3.059 (2.170) < 0.01
2 3 1.643 (1.861) 2.460 (2.006) < 0.01 4.220 (2.376) 3.336 (2.416) < 0.01
2 4 1.643 (1.861) 1.053 (1.493) < 0.01 4.220 (2.376) 4.487 (2.145) 0.492
2 5 1.643 (1.861) 2.498 (2.130) < 0.01 4.220 (2.376) 3.059 (2.170) < 0.01
3 4 2.460 (2.006) 1.053 (1.493) < 0.01 3.336 (2.416) 4.487 (2.145) < 0.01
3 5 2.460 (2.006) 2.498 (2.130) 0.939 3.336 (2.416) 3.059 (2.170) 0.492
4 5 1.053 (1.493) 2.498 (2.130) < 0.01 4.487 (2.145) 3.059 (2.170) < 0.01

performance gains with distinct strategies. Spaced Practicers (C3) engaged in
fewer attempts but adopted a strategy of more DP, whereas Intensive Practicers
(C5) engaged in a higher number of attempts with minimal spacing. Interest-
ingly, both strategies yielded similar gains, albeit through different paths, for
students who started with a moderate knowledge.

C0, C2, and C4 concern Frequent Refreshers, Strategic Spacers, and Minimum
Engagers, respectively. They represent students with high initial knowledge but
divergent performance gains and usage patterns. Minimum Engagers (C4), those
with the smallest number of attempts and spacing, also presented the smallest
performance gains. In contrast, Frequent Refreshers and Strategic Spacers, who
outperformed Minimum Engagers in performance gains, differ in usage patterns.
Frequent Refreshers (C0) engaged more frequently but with little spacing, while
Strategic Spacers (C2) favored fewer, more spaced attempts.

4 Discussion and Final Remarks
Given the need for studies on RP’s role in ecological settings, especially in STEM
[8], our findings expand the literature with evidence of RP’s role in CS1. Fur-
thermore, by clustering and comparing CS1 students’ usage data, our analysis
revealed how different strategies might be more or less effective depending on
the students’ knowledge at the start of the course. Thus, our analysis also is an
answer to recent literature by exploring how RP and DP relate [8].

Altogether, our findings have implications for both research and educational
practice. These findings can guide the design of instructional resources and teach-
ing strategies tailored to diverse student needs. For instance, educators can build
on the High-Gain Novices pattern to foster learning environments that support
frequent, moderately spaced practice for students needing foundational knowl-
edge boosts, which can be operationalized by encouraging consistent engagement
with structured schedules for frequent yet moderately spaced practice.
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Table 4: Descriptive statistics and cluster comparison for HEXAD profiles.
Clusters ANOVA

Stat C0 C1 C2 C3 C4 C5 F-stats p-val alpha η2
p

N 44 62 188 98 81 113
Philanthropists
Mean 18.302 20.935 20.522 20.379 19.222 19.972 2.780 0.017 0.017 0.024Std 5.596 4.044 4.599 4.468 4.207 4.547
Socializers
Mean 18.349 19.226 18.891 18.874 18.037 19.404 0.900 0.480 0.042 0.008Std 4.730 4.543 5.398 4.425 4.635 4.699
Free Spirits
Mean 21.233 20.968 21.196 21.232 21.111 21.468 0.196 0.964 0.050 0.002Std 3.785 3.750 3.383 3.237 3.560 3.387
Achievers
Mean 19.744 22.194 21.821 22.000 20.469 21.431 3.067 0.010 0.008 0.026Std 5.287 4.068 4.345 4.207 4.287 4.315
Disruptors*
Mean 16.093 14.145 14.690 14.453 16.395 14.661 2.675 0.021 0.025 0.023Std 5.250 4.472 5.184 4.697 4.748 4.315
Players
Mean 19.581 21.452 21.114 21.011 19.901 21.064 2.098 0.064 0.033 0.018Std 4.573 4.329 4.347 4.294 4.076 3.677
* statistically significant difference among clusters based on adjusted α value.

Similarly, the Spaced Practicers and Strategic Spacers patterns can inform
how educators promote DP in learning and assessment schedules, perhaps through
flexible timing for assignment / revisiting topics. Moreover, our findings suggest
that supporting the Minimum Engagers requires careful consideration. This is
specially important because, despite the gamification, these students were still
not motivated to engage with it more actively. Hence, by aligning instructional
strategies with these empirically derived patterns, educators can better support
varied learning needs and optimize outcomes across every student groups.

Furthermore, clusters such as Spaced Practicers and Strategic Spacers high-
light the effectiveness of DP in light of previous knowledge and compared to RP.
Research in that line could further investigate reasons why DP is beneficial for
students with different initial knowledge levels, including novice and experienced
ones, as well as how it compared to other usage patterns. This would not only
inform refinements to existing learning theories but, given that our study domain
is CS1, such studies would shed light into the understanding of metacognition
and retention of complex material.

Importantly, using a single dataset that does not account for external fac-
tors may limit the findings’ generalizability. Also, while HEXAD profiles and
prior knowledge were considered, other characteristics may also influence en-
gagement and learning outcomes. Therefore, we call future research employing
experimental designs, expanding to diverse learning platforms, incorporating a
broader range of learner characteristics, investigating how usage patterns evolve
over time, and how adaptive interventions can optimize learning strategies.
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