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ABSTRACT: Leaderboards visually display social comparison results. The effects of specific situational factors
embodied by absolute and relative leaderboards have received little attention. In this study, we compared the
effects of an absolute and a relative leaderboard on students’ learning engagement, strategies, performance, and
perceptions in fully online classes. The results showed that, compared with the absolute leaderboard group,
comparison with neighboring competitors in the relative leaderboard group led to a higher level of learning
engagement and performance, and encouraged constructive competitiveness that motivated the students to
prioritize knowledge mastery over mere task completion. The students at all levels in the relative leaderboard
group reported a satisfied, motivated, and progress-oriented attitude. Although the top-ranked students in the
absolute leaderboard group were motivated to work harder and were happy to see their achievements publicly
displayed, the middle- and bottom-ranked students reported increased peer pressure as they progressed. Our
findings lead to the following two practical implications. First, use relative leaderboards to foster constructive
competition. Second, limit the public display of the rankings of bottom-ranked students to enhance their learning
motivation and engagement.
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1. Introduction

Many studies have examined the role of gamification in online student engagement (Park & Kim, 2021).
Gamification involves using game elements in non-game settings (Deterding et al., 2011). Although gamification
aims to promote active learning, research findings on its impact on engagement and learning performance remain
mixed (Reyssier et al., 2024). Many scholars have cautioned that gamification does not guarantee positive
learning outcomes (Schobel et al., 2023), as students often respond differently to various game elements (Lavoué
et al., 2019), influenced by their unique expectations and preferences (Bai & Liu, 2024; Bennani et al., 2022). To
determine when and how a gamification design is effective, it is essential to examine the effects of individual
game elements, rather than multiple elements simultaneously, as combining them would confound the results
(Gao, 2024).

In this study, we examine the use of leaderboards. A leaderboard is a game element commonly used in
gamification to compare an individual’s performance, motivation, and engagement with their peers (Li et al.,
2024). As a visual representation of social comparison results, leaderboards are often used to elicit a sense of
competition to increase student effort (Do et al., 2024). Zichermann and Cunningham (2011) categorized
leaderboards into two broad configurations: infinite (or absolute) and non-disincentive (or relative) types.
Absolute leaderboards indicate the exact positions of all players and are commonly used in educational contexts
(Do et al., 2024). In contrast, relative leaderboards only show a specific user’s immediate neighbors in the
ranking (Ortiz-Rojas et al., 2025). For example, a relative leaderboard may show up to four neighbors, two above
and two below the focal user.

Previous interventions involving leaderboards have largely focused on absolute leaderboards (Li et al., 2024).
This approach has left a notable gap in the literature: the lack of direct and controlled comparisons between
different leaderboard configurations such as absolute and relative leaderboards. Consequently, educators lack
evidence-based insights into which leaderboard configuration can support student engagement and learning more
effectively. The importance of addressing this gap is underscored by the recent systematic review conducted by
Li et al. (2024) who identified leaderboard configuration as a key determinant of its’ effectiveness. Therefore,
addressing this gap is crucial for designing leaderboards that enhance engagement and learning outcomes.
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The rationale for this comparison lies in the possible distinct motivational effects of different leaderboard
configurations on learners. Although absolute leaderboards can foster a sense of competition by revealing the
position of all participants, they risk discouraging lower-ranked students. Moreover, players at the top may have
a greater sense of achievement than those at the bottom (Ortiz-Rojas et al., 2025). In contrast, relative
leaderboards can mitigate feelings of inadequacy by focusing on immediate peers. Specifically, relative
leaderboards can alleviate the feeling of demotivation of lower-ranked players (Do et al., 2024). Without
understanding these nuances, gamified systems risk undermining engagement rather than strengthening it. For
example, in an absolute leaderboard, a struggling student might disengage after seeing their position at the
bottom, while a relative format might motivate them by highlighting progress relative to similar peers.

This study aims to fill this research gap by directly comparing the effects of absolute and relative leaderboards
on student engagement and learning outcomes. In doing so, we can clarify whether disparities in student
engagement and learning performance stem from the inherent characteristics of leaderboard types (e.g., full
transparency of absolute leaderboards vs. bounded social comparison in relative leaderboards). The findings can
provide actionable insights for educators and gamification designers, enabling them to implement leaderboards
in ways that enhance their effectiveness in educational settings.

2. Literature review
2.1. Related studies

To date, the results regarding the effects of leaderboards on students’ learning performance remain inconclusive
(Li et al., 2024). On the one hand, several studies have suggested that leaderboards can induce better learning
performance than a non-gamified condition (e.g., Lee et al., 2022; Ortiz-Rojas et al., 2025; Pi et al., 2024). For
instance, Lee et al. (2022) compared the learning performance of a gamified group using a team-based absolute
leaderboard and a non-gamified group. Their results indicated that the gamified group performed better than the
non-gamified group. On the other hand, other studies have reported no significant effects of leaderboards on
learning (e.g., Balci et al., 2022; Cigdem et al., 2024). For example, Cigdem et al. (2024) found a non-significant
difference between the leaderboard group and a non-gamified group on learning performance.

Similarly, the potential of leaderboards to promote engagement shows conflicting results. Although some studies
have reported that leaderboards enhance engagement compared with non-gamification (Landers & Landers,
2014; Nadeem et al., 2023), others have found non-significant effects on engagement (Cigdem et al., 2024;
Ortiz-Rojas et al., 2019; Philpott & Son, 2022). For example, Nadeem et al. (2023) observed that the leaderboard
group outperformed non-leaderboard groups in completing course activities. In contrast, Philpott and Son (2022)
reported no significant enhancement in student completion of course activities in the presence of a
leaderboard.

These conflicting findings highlight the complexity of leaderboard designs and the need for a deeper
understanding of the factors that influence their effectiveness. Comparative studies have used a wide range of
leaderboard configurations, such as absolute leaderboards, team and individual leaderboards, leaderboards
presenting both points and ranking, leaderboards showing only ranking, anonymous leaderboards, artificial
leaderboards, and Top N leaderboards, which only display the rankings of the top few users (Li et al., 2024). To
date, most studies have used the absolute leaderboard configuration. Although Top N leaderboards may
resemble absolute leaderboards, they exclude the majority of users from visibility. This limitation can skew
the results by omitting critical data about the broader user base and obscuring the true impact of leaderboards
on student engagement and learning. Furthermore, relative leaderboards, which focus on local comparisons
and may reduce discouragement among lower-ranked users, remain underexplored. Additionally, many studies
have compared leaderboards with non-leaderboard conditions, which may inherently favor leaderboards due to
the motivational appeal of achieving a high ranking (Hew & Lee, 2019). Such comparisons limit our
understanding of how specific leaderboard designs influence educational outcomes.

To address these limitations, studies that directly compare specific leaderboard configurations, such as
absolute and relative leaderboards, are needed to understand how they influence student engagement and
achievement. Notably, no published study has directly compared absolute and relative leaderboards (Li et al.,
2024) under controlled conditions (e.g., using the same course and instructor) to minimize confounding
variables. By going beyond simplistic comparisons with non-gamified conditions and investigating the
nuances of leaderboard design, researchers can provide clearer insights into their educational potential.
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2.2. Theoretical background

Social comparison theory posits that individuals have an innate desire to evaluate their own abilities
(Festinger, 1954), often by comparing their performance with that of others (Yang et al., 2023). In educational
settings, social comparison can lead to constructive or destructive competition. Constructive competition
fosters a positive environment in which students are motivated to develop their abilities and gain a sense of
accomplishment (Sheridan & Williams, 2011). This type of competition enhances learning outcomes by
encouraging students to engage deeply with the material. In contrast, destructive competition occurs when the
competitive environment leads to increased stress, anxiety, and fear of failure (Houshmand, 2015). This can
discourage lower-performing students and create a sense of disengagement, ultimately hindering their learning
and well-being.

Leaderboards, a widely used tool to foster competition (Slamet et al., 2024), can influence whether
competition becomes constructive or destructive. Two key situational factors—proximity to a performance
standard and the number of visible competitors—can play a critical role in shaping competition (Garcia et al.,
2013). Absolute leaderboards, which display the scores of all participants, often highlight major gaps between
top- and bottom-ranked individuals. While top performers may feel a sense of achievement due to their
proximity to the standard (e.g., number one ranking, Ortiz-Rojas et al., 2025), lower-ranked individuals may
perceive the gap as insurmountable, leading to feelings of inferiority and demotivation (Qiao et al., 2024).
This is largely due to the natural tendency of individuals to engage in upward comparisons, that is, to compare
themselves with those who perform better (Gerber et al., 2018). When the gap appears too large, upward
comparisons may erode motivation rather than inspire it (Wang et al., 2024), as lower-ranked individuals may
believe they have no realistic chance of closing the gap (Na & Han, 2023). As a result, absolute leaderboards
may inadvertently exacerbate destructive competition, as those at the bottom may experience increased stress
and disengage altogether, believing that improvement is impossible.

In contrast, relative leaderboards, which display only the closest neighbors (i.e., peers with similar
performance levels), may promote constructive competition by addressing these situational factors. By
reducing the number of visible competitors, they alleviate the feeling of overwhelm (Lessel et al., 2022) and
reduce the scope of comparison. This localized comparison enables participants to perceive themselves as
close to a performance standard, as they can only compare themselves with peers immediately above and
below them, even if they are not near the top of the overall ranking (Bai et al., 2021). This proximity to a
standard fosters a sense of achievable progress and reinforces the urgency of self-improvement, as the
perceived gap to the next achievable milestone becomes more manageable and less intimidating. By
eliminating the daunting prospect of competing against a large and seemingly insurmountable group, relative
leaderboards may foster a constructive competitive environment that motivates individuals to engage more
deeply and strive for incremental progress.

Given these insights, we propose that relative leaderboards are more likely to foster constructive competition

than absolute leaderboards. This difference is expected to influence learners’ engagement, strategies, and

performance. Specifically, we propose the following hypotheses:

e Hypothesis 1: Learners in all positions of a relative leaderboard exhibit higher levels of learning engagement
than those in an absolute leaderboard.

e Hypothesis 2: In a relative leaderboard, learners adopt different learning strategies than in an absolute
leaderboard.

e Hypothesis 3: Learners in all positions of a relative leaderboard achieve better learning performance than
those in an absolute leaderboard.

Therefore, we addressed the following research questions:

e Research question 1: How do absolute and relative leaderboards affect students’ learning engagement in
fully online learning?

e Research question 2: How do absolute and relative leaderboards affect students’ problem-based learning
strategies in fully online learning?

e Research question 3: How do absolute and relative leaderboards affect student performance in fully online
learning?

e Research question 4: How do students perceive the use of absolute and relative leaderboards in fully online
learning?
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3. Method

In this study, we used a quasi-experimental research design combined with qualitative research to investigate the
effects of different leaderboard types on students’ learning engagement, strategies, performance, and perceptions
in fully online classes. The sample included postgraduate students enrolled in an e-learning design course (10
weeks), divided into two groups based on the type of leaderboard used: absolute or relative. The data collection
methods included trace data from student interactions, pre-test and post-test assessments, and open-ended
surveys. For data analysis, we used epistemic network analysis (ENA) to understand how the students’ learning
strategies were connected in a problem-based learning environment.

Experiment 1 was conducted in the Fall 2021 semester (Sep—Dec 2021) and Experiment 2 in the Spring 2022
semester (Jan-May 2022). The teaching team, learning materials, course design, assessments, and rubrics were
the same regardless of the type of leaderboard used. We used the Moodle learning management system to
manage all learning content and gamified activities. The aim and procedures of the study were clearly explained
to all participants during the first lesson. Ethical approval for this study was granted to the first author by the
university. Only those who signed the consent form were included in this study.

3.1. Setting up the leaderboards

The “Level Up” Moodle plugin was used to set up the absolute and relative leaderboards (Sinnott & Xia, 2020).
A review conducted by Sinnott and Xia (2020) evaluated this plugin in terms of its effects on students’ learning
performance and suggested that it is a suitable application for implementing gamified leaderboards on Moodle.

Points were awarded to individual students once the completion or performance criteria for the learning tasks
were met. The learning tasks were based on real-world problems, such as designing a training course for newly
hired employees. Completing these tasks helped the students develop their understanding and application of the
knowledge and skills acquired. Completion-contingent points were awarded when a participant completed a task.
For example, we awarded 1 point for each course viewing action. As the gamified course included 12 levels, we
could award a maximum of 16,200 points. These levels consisted of a total of 150 tasks. The students’
participation scores increased after completing 75 tasks to reach level 8, which were labeled as graded tasks. All
additional tasks completed (tasks 76—150) did not affect their course grades. To trigger initial student interest in
gamification, 10% of the course grade was awarded as a participation score. The students were required to
complete 75 tasks and reach level 8 to achieve a full participation score. Appendix A indicates the number of
points required for each level.

However, more performance-contingent than completion-contingent points were awarded. Performance-
contingent points were awarded according to a participant’s performance. We awarded 100 points for achieving
a passing grade on a task in easy mode. We awarded 200 points if a student achieved a passing grade on a task in
hard mode. For example, one task examined the students’ course design skills in a real-world scenario, in which
the application of appropriate teaching strategy were considered challenging (see Appendix B for details). Figure
1 shows a background scenario and a question for an individual task with the leaderboard main interface.

3.1.1. Using the GAFCC-F model to gamify the course

The two gamified courses in this study were designed using the GAFCC-F model, which stands for Goals,
Access, Feedback, Challenges, Collaboration, and Fantasy (Bai et al., 2022). The GAFCC-F model was applied
as follows: (1) Goals: The students were asked to complete course design tasks by playing the role of the main
fictional character, Kyle, throughout the semester. The higher the level, the more challenging the task became.
The ultimate goal was for Kyle to get promoted to company director (level 12). (2) Access: The students could
access the hard mode tasks once they had successfully completed the easy mode tasks. (3) Feedback: The
process of adding points for completing learning tasks was automated to award performance-contingent points
for achieving a passing grade and completion-contingent points for work submission. Written feedback from the
instructor was also provided on completion-contingent tasks. (4) Challenges: The course consisted of multiple
individual and group tasks conducted throughout the semester. Completing easy mode tasks was a prerequisite
for unlocking hard mode tasks. (5) Collaboration: The students formed study groups of three to four members
during the first session of the course. Three group tasks were applied in both experiments, and each group had to
complete several course design plans to conceptualize their final group project. (6) Fantasy: The endogenous
fantasy setting required a close connection between the fantasy context and the learning content. The settings,
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plots, and Kyle’s missions were related to the design of the e-learning course, making the tasks more meaningful
and engaging. The students could easily self-identify themselves as Kyle in a virtual workspace and apply their
instructional design skills to real-world scenarios for self-learning assessment.

Figure 1. A background scenario and a question for an individual task with the leaderboard main interface
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as many client as possible. And you can get a
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3.2. Measures

The same data collection measures were used in the two experiments. Based on their final position in the
leaderboards at the end of the semester, the students in the two leaderboard settings were divided into three
ranking groups: top third, middle third, and bottom third. The independent variable was the type of leaderboard
(i.e., absolute or relative). The dependent variables were the students’ learning engagement, problem-based
learning strategies, learning performance, and learning perceptions. We compared the four learning outcomes for
the students of the same rank in the two leaderboard groups, such as students ranked in the top third of the
absolute and relative leaderboard groups.

3.2.1. Coding problem-based learning strategies

We used ENA to conduct a comparative analysis of problem-based learning strategies across the two leaderboard
conditions (Shaffer et al., 2016). Originally developed to model relationships among cognitive elements (Shaffer
et al., 2009), ENA has since evolved into a flexible tool for visualizing and comparing connections between
various activities, such as student learning behaviors captured in log files or chat interactions (Shaffer et al.,
2016; Uzir et al., 2020). Unlike sequential analysis, which depends on large datasets, focuses on the order of
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events, and is often difficult to interpret, ENA can effectively capture, visualize, and statistically compare
learning activity patterns even in small datasets (Csanadi et al., 2018). By generating content-focused summary
statistics, ENA enables us to compare cognitive networks based on the strength of connections between specific
elements, rather than structural measures such as network density, which only indicates the overall level of
network connection without detailing specific relationships (Bowman et al., 2021). Additionally, compared
with social network analysis, which emphasizes interpersonal relationships, ENA identifies behavioral patterns
from trace data and applies statistical tests to compare these patterns under different conditions (Swiecki &
Shaffer, 2020). This makes ENA particularly suited to the analysis of problem-based learning, where
understanding the relationships between cognitive processes is crucial.

In our study, we applied ENA to examine how the students engaged in problem-based learning under two
leaderboard conditions. The process involved three key steps. First, we collected trace data from student
interactions, ensuring their accuracy through a rigorous coding process. Two independent coders achieved 98%
inter-coder reliability, resolving all discrepancies to achieve 100% agreement. Second, we developed a coding
framework aligned with our research questions, identifying four key processes: (a) Analyze the given
information, which included actions such as viewing the background scenario and task attempts; (b) Identify
associated knowledge, which involved students revisiting teaching slides to review relevant knowledge while
working on the tasks; (c) Apply learning knowledge to problems, which included actions such as starting or
submitting a task attempt; (d) Reflect on the solution, which included any review actions after a task attempt,
such as reviewing the attempt or viewing a summary. Third, the finalized dataset was imported into ENA
software (https://www.epistemicnetwork.org/) for analysis, allowing us to examine the relationships between
these processes and compare patterns between the two leaderboard conditions.

3.2.2. Using trace data to measure learning engagement

In addition to the four key processes discussed above, we included two additional behavioral engagement data
codes: Average time taken to complete graded tasks and Number of non-graded tasks completed. As explained,
completing 75 tasks to reach level 8 affected the students’ participation scores, which were labeled as graded
tasks. Any additional tasks completed (tasks 76—150) that did not affect participation scores were labeled as non-
graded task. These two behavioral data codes were used to assess the students’ engagement in high-stakes and
no-stakes tasks in the two leaderboard settings.

3.2.3. Using exams and coursework to measure learning performance

A pre-test and post-test approach was taken to assess the students’ learning performance in the first and last
sessions out of a total of 10 sessions. The pre-test aimed to examine the students’ prior knowledge and consisted
of two multiple-choice questions and five short essay questions. The post-test consisted of an individual course
design prototype and a group online course design task. The maximum grade for each performance test was 100.

3.2.4. Using open-ended questions to measure learning perceptions

We conducted an open-ended survey after the semester to obtain the students’ overall perceptions of the use of
absolute and relative leaderboards. The survey questions were as follows: How do you feel when your name and
score are displayed on the leaderboard? How would you describe your learning experience using the
leaderboard throughout the semester? In our data analysis, we used the directed content analysis method
described by Hickey and Kipping (1996), which provides a structured coding process allowing for the immediate
application of pre-existing codes from previous research (Hsieh & Shannon, 2005). When the text did not fit the
initial coding scheme, a new code was created. We also conducted a frequency analysis of emerging themes.

To enhance coding consistency, we identified several examples that clearly illustrated each theme. Multiple
reviews of the data were conducted to ensure a thorough understanding of each theme (Creswell, 2012). All data
were cross-coded by two coders to establish reliability. Additionally, the coding results were compared to assess
inter-rater reliability, achieving an overall Cohen’s « of 0.92, where a value of 0.75 indicates substantial
agreement (Viera & Garrett, 2005). Any discrepancies were carefully addressed through collaborative
discussions between the two coders to reach an agreement.
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3.3. Experiment 1: Absolute leaderboard

3.3.1. Participants

The absolute leaderboard setting included 24 postgraduate students (17 female students and 7 male students).
Their ages ranged from 22 to 44 years (M = 28, SD = 6.22). Fourteen were from mainland China, four from
Hong Kong SAR, one from the US, and one from Pakistan.

3.3.2. Absolute leaderboard setting

Figure 2 shows the absolute leaderboard interface on Moodle. The students in the class could access various
information through their Moodle accounts, including (a) their rank in the leaderboard, (b) their current level, (c)
their profile picture and name, (d) the names of other users, (e) total points collected, and (f) a progress bar

indicating their proximity to the next level.

Figure 2. The absolute leaderboard interface (all participant names are displayed)

Rank Level Participant Total Progress

1 a User A's name 16,048 «t level in 152
2 8 User B's name 16,047 next level in 153
3 2 . User C's name 15,996 ext level in 204%
4 2 User D's name 15,992 t 208%
a4 F : User E's name kb Feil g
6 2 User F's name 15975 et levelin 225%

Figure 3. The relative leaderboard interface (only four immediate neighbors are displayed)

Level Diff. Participant Total Progress
2 +1d6xp User A's name 16,092xp
next level in 108xp
2 +121xp User B's name 16,067xp next level in 133xp
2 Oxp User C's name We use user C's account  15,946xp
next level in 254xp
B L i T 1 T O, N A T e 2 :
P 187xp User D's name 15,759xp '
' next level In 44 1xp !
] ]
L} s ]
: -199xp User E's name Lower-ranked users  15747xp .
! H

next level in 453xp

3.4. Experiment 2: Relative leaderboard

3.4.1. Participants

We enrolled 23 postgraduate participants in Experiment 2. They included 20 female students and 3 male students
aged 21 to 47 years, with a mean age of 26.87 (SD = 6.91). Nineteen participants were from mainland China,
three from Hong Kong SAR, and one from Indonesia.

3.4.2. Relative leaderboard setting

The relative leaderboard interface on Moodle displayed four neighboring participants (two immediately above
and two immediately below the focal user). The left side of Figure 3 shows the levels, point differences, profile

48



pictures, and names of the focal participant and their neighboring participants. The right side allows the focal
participant (user C) to view the points collected by their four neighbors and their progress to the next level.

4. Results
4.1. Effects on student learning engagement
4.1.1. Top-ranked students’ learning engagement

We first conducted normality tests for the six sets of behavioral data (see Table 1) in the two leaderboard groups.
The data on Average time taken to complete graded tasks and Number of non-graded tasks completed in the two
groups did not fit a normal distribution, while the remaining datasets did. Hence, we applied Mann—Whitney
tests for Average time taken to complete graded tasks and Number of non-graded tasks completed and
independent samples t-tests for the other four behavioral data comparisons.

The results showed that the top-ranked students in the relative leaderboard group significantly outperformed
those in the absolute leaderboard group in terms of Applying learning knowledge to problems, (14) = 2.79, p =
.014, and completing graded tasks in less time on average with satisfactory quality, U = -2.37, p = .018 (see
Table 1).

Table 1. Comparison of individual task completion behaviors of students across three ranking levels in the
absolute and relative leaderboard groups

Ranking position

Individual task Leaderboard Top third Middle third Bottom third
completion behaviors  type

n  M(SD)Mdn Sig n_ M(SD)Mdn Sig n_ M(SD)Mdn  Sig
Analyze the given Relative 8 35513 0.19 7 32286 0.174 8 331"(54.42) 0.013
information (c) (18.51) (38.44)
Absolute 8 388.75 8 291.38 8 261.13
(28.21) (45.38) (43.25)
Identify associated Relative 8 1455 079 7 113 0.3 8 134.75 0.058
knowledge (c) (26.92) (44.96)
Absolute 8 149.25 8 109 8 98.25
(30.28) (21.89)
Apply learning Relative 8 6525" 0.014 7 61(6.93) 0.092 8 645" 0.009
knowledge to (1.75)
problems (c) Absolute 8 61.13(3.9) 8 54.25(7.38) 8 51
Reflect on the Relative 8 150.38 0.91 7 13243 0.23 8 140.63" 0.004
solution (c) (18.99) (15.76) (23.66)
Absolute 8 151.38 8 122.25 8 106.88
(16.91) (15.29) 5.1
Average time taken Relative 8 28 0.018 7 28.14™ 0.006 8 37.75(6.45) 0.094
to complete graded (1.77)
tasks (d) Absolute 8 325 8 34.13 (4.55) 8 32.5(5.18)
Number of non- Relative 8 15 0.064 7 157 (0.01) 0.007 & 15 <
graded tasks 0.001
completed (c) Absolute 8 15 8 13.13(1.55) 8 8

Note. ™p < .001, ™p < .01, “p < .05. ¢ = count; d = day; n = number of participants; M = mean; SD = standard
deviation; Mdn = median; Sig = significance. Mann—Whitney tests were used for Average time taken to complete
graded tasks and Number of non-graded tasks completed. The other four outcomes used independent samples t-
tests.

4.1.2. Middle-ranked students’ learning engagement

A normality test indicated that five behavioral datasets were normally distributed, while the dataset on Identify
associated knowledge was not. Hence, we applied a non-parametric Mann—Whitney test to Identify associated
knowledge and independent samples t-tests for the behavioral data comparisons of the other five datasets.

We found that the middle-ranked students in the relative leaderboard group completed their graded tasks in
significantly less time on average with satisfactory quality, #13) = -3.26, p = .006, and completed more non-
graded tasks, #(13) = 3.18, p = .007, than those in the absolute leaderboard group (see Table 1).
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4.1.3. Bottom-ranked students’ learning engagement

The normality tests suggested that two datasets did not fit a normal distribution (i.e., Apply learning knowledge
to problems and Number of non-graded tasks completed). Hence, we conducted Mann—Whitney tests for these
two behavioral data comparisons and independent samples t-tests for the remaining four comparisons.

We found that the bottom-ranked students in the relative leaderboard group scored higher than those in the
absolute leaderboard group in most areas of behavioral engagement. Specifically, the relative leaderboard group
had more logs for Analyze the given information (t(14) = 2.84, p = .013), Apply associated knowledge to
problems (U = -2.63, p =.009), and Reflect on the solution (t(14) = 3.4, p = .004), and the students completed
significantly more non-graded tasks (U= -3.26, p <.001) (see Table 1).

Table 2. Connection coefficients of three ranking levels in ENA networks in the relative and absolute
leaderboard groups

Connection Relative to Absolute . Relative Absolute Relative Absolute
p-ranked top-ranked  middle- middle- bottom- bottom-
ranked ranked ranked ranked
Analyze the given 0.283 0.277 0.269 0.271 0.279 0.283

information — Identify
associated knowledge

Identify associated 0.282 0.268 0.280 0.276 0.276 0.285
knowledge — Apply
learning knowledge to
problems

Apply learning knowledge 0.346 0.344 0.348 0.347 0.350 0.346
to problems — Reflect on
the solution

Analyze the given 0.653 0.659 0.667 0.663 0.656 0.666
information — Reflect on
the solution

Analyze the given 0.470 0.479 0.500 0.497 0.482 0.487
information — Apply
learning knowledge to
problems

Identify associated 0.255 0.247 0.180 0.201 0.232° 0.183
knowledge — Reflect on
the solution

Note. *p < .05. Relative_top= top-ranked participants in the relative leaderboard group; Absolute top = top-
ranked participants in the absolute leaderboard group.

4.2. Students’ problem-based learning strategies
4.2.1. Top-ranked students’ problem-based learning strategies

Figure 4 shows the subtracted epistemic network of the top-ranked students in the relative and absolute
leaderboard groups in terms of differences in problem-based learning strategies. The largest difference appeared
in the connection between Identify associated knowledge and Apply learning knowledge to problems (difference
= 0.014), with the top-ranked students in the relative leaderboard group showing a stronger connection (0.282)
than those in the absolute leaderboard group (0.268). However, none of the differences were significant,
indicating a lack of significant distinction in problem-based learning strategies. See Table 2 for connection
coefficients of three ranking levels in ENA networks in the relative and absolute leaderboard groups.

4.2.2. Middle-ranked students’ problem-based learning strategies
Figure 5 shows the subtracted epistemic network of the middle-ranked students in the relative and absolute
leaderboard groups in terms of differences in problem-based learning strategies. The largest difference appeared

in the connection between Identify associated knowledge and Reflect on the solution (difference = -0.021), with
the middle-ranked students in the absolute leaderboard group showing a stronger connection (0.201) than those
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in the relative leaderboard group (0.180). However, none of these differences were significant, indicating a lack
of significant distinction in problem-based learning strategies.

Figure 4. A subtracted epistemic network of problem-based learning strategies among top-ranked students in the
relative and absolute leaderboard groups
COMPARISON PLOT [+

Relative — Absolute
. SVD2
(44.1%)

A top-ranked student in

* lass i :Reflect.the.solution
the relative leaderboard

0.008
0.003
-0.006 :
3 A top-ranked student in
entify.associate.knowledge the absolute leaderboard
MR1 ' 0.
(25.3%) Apply.learhing.knowledge.to.the.problem
0.006
-0.009

Anaiyze.the.given.information

Units: Group > Ranking > User.full.name
Conversation: Group > Ranking > User.full.name

Note. Red dot ® = a top-ranked student in the absolute leaderboard group; blue dot ® = a top-ranked student in
the relative leaderboard group; red square M= the centroid (mean position of the projected points) of the top-third
ranked students in the absolute leaderboard group; blue square m = the centroid (mean position of the projected
points) of the top-third ranked students in the relative leaderboard group; MR = mean rotation; SVD = singular
value decomposition.

Annotation: The subtracted epistemic network shows the differences between the top-ranked students in the
absolute and relative leaderboard groups. The numerical values on the lines indicate the differences in
connection coefficients between two codes. A thicker line indicates a greater difference. For example, a
connection coefficient of 0.014 between the codes Identify associated knowledge and Apply learning knowledge
to problems indicates the largest difference. The color of the line denotes the dominant group. The blue line with
a connection coefficient of 0.014 indicates that the relative leaderboard group dominates the relationship between
the codes Identify associated knowledge and Apply learning knowledge to problems.
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Figure 5. A subtracted epistemic network of problem-based learning strategies among middle-ranked students in
the relative and absolute leaderboard groups

COMPARISON PLOT o

Relative — Absolute
. SVD2
(52.1%)

A middle-ranked student

in the absolute leaderboard 2 Identify associate knowledge

0.001

-Analyze.the.given.information

0.003
0.005 : P
0.003
MR1 i i
(23.3%)
A middle-ranked \Imicni./-

in the relative leaderboard

‘Apply.learning.knowledge.to.the.problem

. -0.002

0

Reflect.the.solution

Units: Group > Ranking > User.full.name
Conversation: Group > Ranking > User.full.name

Note. Red dot @ = a middle-ranked student in the absolute leaderboard group; blue dot ® = a middle-ranked
student in the relative leaderboard group; red square m = the centroid (mean position of the projected points) of
the middle-third ranked students in the absolute leaderboard group; blue square ® = the centroid (mean position
of the projected points) of the middle-third ranked students in the relative leaderboard group; MR = mean
rotation; SVD = singular value decomposition.

Annotation: The subtracted epistemic network shows the differences between the middle-ranked students in the
absolute and relative leaderboard groups. The numerical values on the lines indicate the differences in
connection coefficients between two codes. A thicker line indicates a greater difference. For example, a
connection coefficient of -0.021 between the codes Identify associated knowledge and Reflect on the solution
indicates the largest difference. The color of the line denotes the dominant group. The blue line with a
connection coefficient of -0.021 indicates that the absolute leaderboard group dominates the relationship between
the codes Identify associated knowledge and Reflect on the solution.

4.2.3. Bottom-ranked students’ problem-based learning strategies

Figure 6 shows the subtracted epistemic network of the bottom-ranked students in the relative and absolute
leaderboard groups in terms of differences in problem-based learning strategies. The most significant difference
appeared in the connection between Identify associated knowledge and Reflect on the solution (difference =

0.049), with the bottom-ranked students in the relative leaderboard group showing a stronger connection (0.232)
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than those in the absolute leaderboard group (0.183). This difference was statistically significant (p < .05). This
implies that the bottom-ranked students in the relative leaderboard group were more likely to review and reflect
on their practices, prioritizing improved learning over rushing to complete tasks.

Figure 6. A subtracted epistemic network constructed using data on individual tasks completed from the log files
of the bottom-ranked students in the relative and absolute leaderboard groups
Absolute — Relative

SVD2
(46.8%)
A bottom-ranked student Identify.associate.knowledge
in the absolute leaderboard
A bottom-ranked
student in the relative
-0.004 ° leaderboard
-0.009
MR1 Analyze.the.given.information
(38.9%) 5 ‘
- = T B
-0.005 g o :

« Apply.learning.knowledge.to.the.problem

-0.01
0.004

Reflect.the.solution

Units: Group > Ranking > User.full.name
Conversation: Group > Ranking > User.full.name

Note. Red dot ® = a bottom-ranked student in the absolute leaderboard group; blue dot ® = a bottom-ranked
student in the relative leaderboard group; red square m= the centroid (mean position of the projected points) of
the bottom-third ranked students in the absolute leaderboard group; blue square m = the centroid (mean position
of the projected points) of the bottom-third ranked students in the relative leaderboard group; MR = mean
rotation; SVD = singular value decomposition.

Annotation: The subtracted epistemic network shows the differences between the bottom-ranked students in the
absolute and relative leaderboard groups. The numerical values on the lines indicate the differences in
connection coefficients between two codes. A thicker line indicates a greater difference. For example, a
connection coefficient of 0.049 between the codes Identify associated knowledge and Reflect on the solution
indicates the largest difference. The color of the line denotes the dominant group. The blue line with a
connection coefficient of 0.049 indicates that the relative leaderboard group dominates the relationship between
the codes Identify associated knowledge and Reflect on the solution.
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4.3. Effects on students’ learning performance

We compared the pre-test performance results and found non-significant differences between similar ranked
students in the two leaderboard groups (e.g., top-ranked students in the relative and absolute leaderboard groups).

After confirming the normal distribution of all data for the learning performance measure, we found that the top-
ranked students in the relative leaderboard group (M = 87.68, SD = 8.62) had significantly better learning
performance in the post-test than the students in the absolute leaderboard group (M = 70.58, SD = 5.67), t(14) = -
4.69, p < .001, effect size d = 2.34 (see Table 3).

The same result was found for the middle-ranked students. Indeed, the middle-ranked students in the relative
leaderboard group (M = 84.65, SD = 5.15) also had significantly better learning performance in the post-test than
the students in the absolute leaderboard group (M = 73.21, SD = 5.94), t(13) = -3.95, p = .002, effect size d =
2.06. However, there was no significant difference between the bottom-ranked students in the relative (M =
80.81, SD = 7.48) and absolute (M = 76.5, SD = 11.88) leaderboard groups, #14) = -.87, p = .4, effect size d =
0.43.

Table 3. Comparison of learning performance among students at all ranking levels in the absolute and relative
leaderboard groups

Stage  Leaderboard Top third Middle third Bottom third
type
Pre- n M (SD) Effect n M(SD) Effect n M(SD) Effect
test size size size
Relative 8 225(9.93) d=1.06 7 1481(56) d=0.27 8 19.75 d=0.03
(15.18)
Absolute 8 1143 8 17.67 8 20.17
(10.99) (13.71) (13.17)
Post- Relative 8 87.68™" d=234 7 84.65" d=2.06 8 80.81 d=0.43
test (8.62) (5.15) (7.48)
Absolute 8 70.58 8 7321 8 76.5
(5.67) (5.94) (11.88)

Note. ™"p<.001, “p < .01. n = number of participants; M = mean; SD = standard deviation; d = Cohen’s d.

4.4. Students’ perceptions of relative and absolute leaderboards

Five themes emerged from the relative leaderboard group, which emphasized self-comparison and satisfaction:
(1) feel satisfied after recognizing my effort/progress (n = 7, top-ranked students); (2) work hard to keep the
advantage (n = 6, top-ranked students); (3) a sense of uncertainty drives me to complete more tasks to level up (n
= 4, middle-ranked students); (4) appreciate our diligence and progress (n = 3, middle-ranked students); and (5)
feel happy to see my progress (n = 4, bottom-ranked students).

Four themes emerged from the absolute leaderboard group, highlighting comparison concerns: (1) motivate me to
work harder (n = 4, top-ranked students); (2) increase peer comparison (n = 3, middle-ranked students); (3)
struggle to level up (n = 3, middle-ranked students); and (4) feel upset and experience peer pressure after seeing
my low ranking (n = 3, bottom-ranked students).

The top-ranked students in the two leaderboard groups shared similar positive attitudes. Most of these students in
the relative leaderboard group were satisfied and recognized their efforts and progress (7 out of 8): “I am happy
that my name is on the leaderboard because my hard work is paying off” (Student 11). Six students said they
worked hard to maintain their top ranking. As one student reported: ““I feel that it encouraged me to do more or
at least maintain my top position during the course” (Student 9). In the absolute leaderboard setting, half of the
top-ranked students stated that the ranking scheme motivated them to work harder: “It inspired me to work
harder. When I was in the top five, I felt a strong sense of achievement” (Student 2).

The middle-ranked students in the two leaderboard groups reported very different perceptions. Their relative
rankings created a sense of uncertainty, which pushed them to complete more tasks to level up (4 out of 8):
“Because I couldn’t see the ranking of the entire class, I only knew the scores of a few students close to me. A
feeling of uncertainty drove me to try to see who else was in front of me. When I discovered that I had moved up
the ranking, I was more motivated to complete more tasks” (Student 27). Three students in the relative
leaderboard group reported that their diligence and progress had been rewarded. However, the middle-ranked
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students in the absolute leaderboard group stressed the intensified level of peer comparison and struggled to level
up. As one participant stated, “/t made me feel more competitive. I saw other classmates as my competitors”
(Student 14).

The bottom-ranked students in the two leaderboard groups had very different opinions about the ranking
experience. Half of these students in the relative leaderboard group reported feeling happy after seeing their
progress: “I feel wonderful. I think it is a good way to motivate students to monitor their progress in this
rewarding learning journey” (Student 40). In contrast, most of these students in the absolute leaderboard group
had a negative opinion or were indifferent. Three participants (out of 8) reported being upset and stressed: “/ am
a little nervous because I am often ranked last. It makes me feel very incompetent” (Student 32). Three
participants were indifferent to their positions: “I am fine with it. I don’t really care about my position in the
leaderboard” (Student 38).

5. Discussion

5.1. The bottom-ranked students in the relative leaderboard group were more engaged than those in the
absolute leaderboard group

Overall, the students in the relative leaderboard group demonstrated higher levels of engagement than those in
the absolute leaderboard group, especially among the bottom-ranked students. Notably, the bottom-ranked
students in the relative leaderboard group outperformed their counterparts in four of the six measures of
behavioral engagement, including completing a greater number of non-graded learning tasks. Additionally, these
students reported an overall positive attitude, finding satisfaction in comparing themselves with close
competitors and recognizing their progress. Conversely, the bottom-ranked students in the absolute leaderboard
group felt upset and stressed by their low ranking, experiencing significant peer pressure.

This discrepancy may be attributed to the higher peer pressure involved in the absolute leaderboard group, which
may have induced anxiety and gradually reduced interest in competition (Albuquerque et al., 2017; Hanus &
Fox, 2015). The transparency of information about the bottom-ranked students in the absolute leaderboard group
exacerbated this issue. In contrast, the relative leaderboard design helped the students focus on the attainable
goal of outperforming a limited number of competitors ranked above them. This fostered a supportive and
motivating learning environment by reducing the stress associated with moving up the ranks. Previous studies
have indicated that public displays of poor performance are demotivating (Leung, 2019) and can negatively
impact self-esteem (Chan et al., 2018). Our finding aligns with the literature suggesting that bottom-ranked
students are less likely to remain engaged in closing the gap with their top-ranked peers in an absolute
leaderboard (Na & Han, 2023; Qiao et al., 2024). Upward comparisons in an absolute leaderboard can erode
motivation to close the gap (Wang et al., 2024).

Moreover, the perceived effectiveness of absolute leaderboards may be influenced by the number of
competitors. In our study, 24 students were part of the absolute leaderboard group. Lessel et al. (2022)
suggested that the appeal of absolute leaderboards diminishes as the number of competitors increases,
although the specific threshold for this decline remains unclear. This highlights the need for further
exploration to determine the number of competitors at which this shift occurs (Lessel et al., 2022).

5.2. The top-ranked students were the most engaged regardless of the leaderboard type

Regardless of the leaderboard type, the top-ranked students exhibited the highest level of engagement compared
with their peers in other ranks. These students completed graded tasks faster and successfully completed all non-
graded tasks. Engagement levels, measured by six behaviors, tended to decrease from top-ranked students to
bottom-ranked students and to middle-ranked students.

This observation aligns with the findings of Yang and Koenigstorfer (2025), who explored how different ranking
positions affect users’ motivation to engage in a physical activity. They discovered a curvilinear U-shaped effect:
individuals at the top and bottom of the rankings were more motivated to complete tasks than those in the middle
ranks. Specifically, the top-ranked individuals were driven by the desire to maintain their high status and enjoy
the recognition that comes with it. In addition, the bottom-ranked individuals strove to improve their ranking and
escape the negative connotations associated with being last. In contrast, the middle-ranked individuals might lack
this sense of urgency or recognition, resulting in lower levels of motivation. These insights suggest that the
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extremes of the ranking spectrum (both high and low) serve as powerful motivators for student engagement and
performance, while middle rankings require different strategies to bolster engagement.

5.3. The top-ranked students in the relative leaderboard group had better learning performance

In our analysis of descriptive statistics, we found that the post-test scores of all ranking cohorts in the relative
leaderboard group were higher than those in the absolute leaderboard group. Specifically, the learning
performance of the top- and middle-ranked students in the relative leaderboard group was significantly higher
than that of their counterparts in the absolute leaderboard group. Notably, the top-ranked students in the
relative leaderboard group achieved the best learning performance among all participants. An overall
comparison of ranks and leaderboard types revealed that the top-ranked students in the relative leaderboard
group were the most engaged (see Table 1), which probably contributed to their superior performance.
However, there was no significant difference in terms of learning performance between the bottom-ranked
students in the two leaderboard groups, although descriptively, the relative leaderboard group performed better.
The marginally better performance of the bottom-ranked students in the relative leaderboard group could stem
from the reduced stress of comparing themselves to peers in similar positions. This may create a slightly more
supportive environment than for the students in the absolute leaderboard group, where the gap with the top
performers was more pronounced.

5.4. Practical implications

Our findings lead to the following two practical implications. First, use relative leaderboards to foster
constructive competition. Teachers might consider using relative leaderboards in their classrooms to foster a
supportive and competitive learning environment. Our findings indicate that students, especially those at the
bottom of the rankings, show higher engagement and a greater tendency to review and reflect on their learning
when using relative leaderboards. This approach encourages students to focus on understanding and mastery
rather than simply completing tasks, which can lead to improved learning strategies and overall engagement.
Second, limit the public display of the rankings of bottom-ranked students to enhance their learning motivation
and engagement. To avoid the negative impacts of peer pressure and anxiety, teachers should limit the public
display of rankings, especially for bottom-ranked students. Our study shows that the absolute leaderboard group
experienced higher levels of anxiety and reduced engagement than the relative leaderboard group.

6. Limitations and future research

This study has three main limitations. First, the use of the two leaderboard types was relatively short (10 weeks
each), so the participants may have experienced a novelty effect. Extending the duration of the intervention could
be beneficial in future studies; for instance, a one-year longitudinal study with the same set of participants would
be ideal.

Second, the small sample sizes for the two groups (24 and 23 participants) limit the generalizability of our
findings. Additionally, the modest statistical power (0.4) of our study reduced our ability to detect significant
effects, making it more difficult to draw definitive conclusions. Therefore, caution should be exercised when
interpreting the results of our study. Future studies should involve larger samples to enhance the robustness and
generalizability of the results.

Third, the demographic details of the participants, such as gender imbalance and cultural homogeneity,
warrant careful consideration in interpreting the findings. In our study, more than 70% of the participants in
both experiments were women, which may have influenced the results. Research has suggested that women
tend to be less competitive than men, partly due to less favorable beliefs about the outcomes of competition
(Carpenter et al., 2018; Kesebir, 2020). This gender disparity raises questions about the generalizability of the
findings to more gender-balanced or male-dominated samples.

Furthermore, the cultural composition of the sample, which was predominantly Chinese, may have introduced
additional contextual influences. Cultural differences can influence how individuals perceive and respond to
competition (Wu & Talhelm, 2023). Cultural psychology has shown that East Asian individuals (e.g.,
Chinese) tend to emphasize a collective self, while Americans often focus on an individual self (Heine, 2001).
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Although collectivistic cultures are traditionally associated with a sense of harmony, recent evidence suggests
that they may compete more intensely than individualistic cultures (Wu & Talhelm, 2023).

Given these demographic and cultural factors, the findings of this study should be interpreted with caution.
Future research should incorporate more diverse participant pools, including varying gender compositions and
cultural backgrounds, to better understand competitive motivation in learning. Such efforts would help
enhance the generalizability of the findings to different cultural and demographic contexts.

7. Conclusion

In this study, we conducted a quasi-experiment to compare the effects of absolute and relative leaderboards on
students’ learning engagement, problem-based learning strategies, learning performance, and perceptions in a
fully online course setting. The results showed that compared with the absolute leaderboard group, comparison
with neighboring competitors in the relative leaderboard group led to a higher level of learning engagement and
performance and encouraged constructive competitiveness that prompted the students to prioritize knowledge
mastery over mere task completion. The students at all ranking levels in the relative leaderboard group reported a
satisfied, motivated, and progress-oriented attitude. In contrast, the students at different ranking levels in the
absolute leaderboard group showed different attitudes. Although the top-ranked students were motivated to work
harder and were happy to see their achievements publicly displayed, the middle- and bottom-ranked students
reported increased peer pressure as they progressed.

This study enhances our understanding of how leaderboard configurations influence student behavior and
outcomes in online learning environments. The findings highlight the potential of relative leaderboards to create
a supportive and motivating environment, particularly benefiting lower-ranked students by encouraging self-
improvement and mastery. Future research should explore the long-term effects of relative leaderboards in
different cultural contexts and use larger samples. Understanding how cultural factors shape student responses
will provide deeper insights into the effectiveness of gamification strategies. Additionally, longitudinal studies
could examine the sustained impact of these leaderboards on students’ motivation, engagement, and academic
performance, thereby providing a more comprehensive understanding of their potential in educational settings.
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Appendix A. Mapping 12 levels with points
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Appendix B. An example of a task

Jenny Lo is a Human Resource executive at Pizza House. One day she calls you and asks about her
company’s new frontline employees’ training design. You need to design a two-hour onboarding training for
Pizza House frontline staff with two learning objectives: (a) to teach new employees about the various
ingredients of pizza toppings; and (b) to create some materials that will help them to identify the different
pizza ingredients.

The purpose of this task was to evaluate the students’ ability to apply the Analyse, Design, Develop, Implement,
and Evaluate (ADDIE) instructional design model in course design. The ADDIE model is a systematic
instructional design framework that includes five phases: Analyse the training needs, Design the training
program, Develop the training materials, Implement the training session, and Evaluate its effectiveness. This
exercise aimed to assess students’ proficiency in systematically applying each phase of the ADDIE model to
create an effective instructional design.
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