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Abstract  

Digital Game-Based Learning (DGBL) uses digital games to enhance 

engagement and learning, but its efficacy is linked to game features. 

Leaderboards are a commonly used feature to increase motivation through 

competition, improving engagement and learning outcomes. However, infinite 

leaderboards, displaying all players in an ordered ranking based on their scores, 

can demotivate players depending on their performance and characteristics. 

This study investigated primary school students’ experience with an infinite 

leaderboard during a digital maths game intervention. 1389 Irish students 

participated in a 6-week programme with the game ‘Seven Spells,’ which 

featured an infinite leaderboard. Player traits and opinions about the game and 

its leaderboard were gathered via questionnaires and surveys. Leaderboard 

enjoyment was influenced by players’ position on the leaderboard and maths 

anxiety levels. Maths anxious players disliked the leaderboard more than non-

anxious players, even after controlling for their position on the leaderboard. 

How much players liked to play against each other was also found to be a 

significant factor predicting the enjoyment of the leaderboard. There was also 

a small correlation between leaderboard enjoyment and overall game 

enjoyment. These insights exemplify players’ characteristics that should be 

considered when incorporating infinite leaderboards into maths games to avoid 

negative impacts on gaming experiences. 
 

1. Introduction 

Digital game-based learning (DGBL) is defined as “the use of games within an existing lesson, 

classroom, or other instructional contexts where the intent is at least as much to learn rather than to 

(exclusively) have fun” (p. 144) [1]. Applying games in the classroom is distinct from gamification, 

which involves adding game elements in non-game contexts, such as previously existing 

educational activities [2]. Games, on the other hand, must be interactive and have original rules, 

goals and quantifiable measures of progress [2]. In educational contexts, it is common to use 

‘serious games’, designed with an additional purpose other than fun [3, 4, 5]. 
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DGBL provides an opportunity to harness students’ fascination with technology and computer 

games whilst delivering educational content [6, 7]. The efficacy of game-based learning has been 

widely demonstrated [8]. DGBL supports enjoyment, active learning, motivation and engagement; 

as a result, its application has a positive effect on learning, which can lead to better performance 

[8, 9, 10, 11]. A recent meta-analysis analysing the impact of school-based DGBL interventions 

when compared to traditional instruction [12] suggested that game-based approaches led to medium 

positive effects on overall learning and cognitive learning outcomes as well as having a small 

influence on affective and motivational learning outcomes [12].  

As this study focuses on a digital maths game, it’s important to review the evidence of how 

DGBL has affected this subject area thus far. Critical to everyday life, maths is used in numerous 

activities, from cooking and measuring to shopping and budgeting [13]. Maths also underpins 

technological, engineering and scientific knowledge [14, 15]. Studies show a direct relationship 

between executive functions (i.e. planning, analysing and solving problems, managing time) and 

mathematical competency [16]. Despite maths being a core element of educational systems [17] 

and its importance to daily life, academic and professional success [18], it is common for not only 

children, but also adults to experience difficulties and anxiety with this subject [13, 19]. Maths 

Anxiety (MA) is defined as feelings of stress, apprehension, and/or anxiety when one is faced with 

maths, including in classroom settings [20, 21, 22]. 

Digital games have been shown to support students’ maths skills in areas such as geometry, 

algebra and arithmetic procedures, contributing to higher learning gains in comparison to traditional 

teaching [13, 23]. Learning through games can support problem-solving and critical thinking, and 

can help students comprehend abstract mathematical concepts [24]. A recent meta-analysis 

investigated the impact of digital games on students’ learning achievements in different STEM 

subjects [25]. The authors included 33 studies published in the last ten years and reported an overall 

moderate effect size of 0.629 for maths. [26] suggests that learning through games positively 

promotes engagement and increases students’ self-confidence, in addition to fostering positive 

attitudes towards maths. DGBL is also regarded as a potential intervention to integrate creativity 

within maths teaching [27, 10], foster positive views on maths and mitigate maths anxiety, despite 

the evidence to date being inconclusive [28]. However, the efficacy of DGBL relies on 

incorporating game features supporting enjoyment, active learning and engagement, all of which 

are interconnected [8, 10]. The choice of such features can influence a player’s game experience 

[27] and, consequently, their learning experience. The use of game features to promote challenge 

and competition, for instance, has been shown to foster engagement and result in a deeper 

knowledge of the learning content [29, 30]. Moreover, the social aspect of competition is frequently 

perceived to motivate and engage players [31]. One of the most common approaches to promote 

competition, goals and performance-based feedback in gamified educational settings is the use of 

leaderboards [32, 33]. Leaderboards display game scores achieved by players, enabling more 

immediate and direct player-to-player comparison in a given group [32, 33, 34].  

Leaderboards have been shown to be effective in enhancing a player’s engagement and self-

reported levels of motivation [32, 33, 34, 35]. However, leaderboards do not affect all players 

equally. In a classroom setting, a leaderboard’s display of student achievement can increase social 

comparison and peer pressure to the point of becoming detrimental to some players’ game 

experience, especially those unable to cope with higher levels of competition, social anxiety and/or 

stress; for these, leaderboards are a potentially harmful mechanic [15, 36, 34]. A study on the use 

of a leaderboard in a maths game team competition found that although the leaderboard tended to 

motivate the students, team rank, team commitment and enjoyment of the game predicted 

leaderboard motivation, with players from less successful teams being less motivated by the 

presence of the leaderboard [32]. Similarly, previous research has shown that students positioned 

in the lower ranks of the leaderboard can feel inadequate and may not respond positively due to a 

negative comparison of themselves against those players who are higher placed in the ranks [33]. 

In a 2013 study, students considered the leaderboard to be a demotivating factor, acknowledging 
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that the growing gap between the highest-scoring students and the rest of the class discouraged 

them from scoring more points in the game [37]. A 2024 study also showed a negative effect of a 

leaderboard on student motivation [38]. Featuring a longitudinal quasi-experimental design 

conducted with higher education students, the aforementioned study applied a leaderboard to an 

asynchronous online course. The results showed that this feature decreased motivation, further 

highlighting the careful consideration needed when including a leaderboard in classrooms [38]. It 

seems reasonable to assume that in a classroom environment, introducing a leaderboard and 

encouraging social comparison could lead to negative outcomes such as embarrassment and a 

decrease in confidence for at least a subset of students. This is still however, an open question. For 

instance, a recent study collecting students’ heart rate variability — as a measure of stress — when 

participating in a gamified activity with a leaderboard found no significant association between this 

physiological measurement and leaderboard position [34]. 

Identifying factors that shape players' views on the leaderboard is a key research focus. Aside 

from their leaderboard rank, other factors may affect a player's perception of this game feature. One 

study found gender to be a key factor, showing that male students engaged more than their female 

counterparts with the leaderboard, often checking it and comparing scores with opponents in an e-

learning setting [39]. Personality traits may also impact how players engage with and evaluate the 

leaderboard [40, 41]. As an example, one study found that a player’s trait competitiveness can be 

correlated to their position on the leaderboard [41]. Extraversion and introversion can also be 

relevant; in a study on a gamified Learning Management System at a public university, all 

extroverted students enjoyed the leaderboard, whereas just over half of the introverted students 

favoured it [40]. 

It is important to note however, that the mixed results regarding the effects of leaderboards 

might be connected not only to students’ characteristics and performances, but also to the 

leaderboard design [42]. Infinite (or absolute) leaderboards are the most frequently used type of 

leaderboard in educational settings [32, 42]. In this design, the leaderboard displays the scores of 

players in an ordered ranking, from the top-scoring players (at the top of the leaderboard) to the 

lowest-scoring ones (at the bottom of the leaderboard), and players can view the positions of all 

other players. 

This study analyses students’ experience with an infinite leaderboard in a digital maths game. 

An observational study was conducted with 1389 Irish primary school children who participated in 

a 6-week DGBL programme, playing the digital maths game ‘Seven Spells’ [44,64]. The goal was 

to identify the factors predicting players’ enjoyment of an infinite leaderboard. Based on prior 

research, players’ perceptions of the leaderboard feature—whether positive or negative—may be 

influenced by their in-game performance (e.g., their ranking on the leaderboard) and emotional 

factors, such as anxiety. 

More specifically, maths anxiety (MA) rather than generalised anxiety was used in this study 

due to the maths context of the games played during the school intervention. MA represents a more 

specific and accurate predictor of student performance and behaviour in maths tasks [43]. 

Moreover, since MA may relate not only to maths itself but also to the social experience of 

completing maths activities [18, 22], there is a potential interplay between MA and social 

comparison pressures promoted by the leaderboard. Our hypotheses were that liking the 

leaderboard would be positively associated with a player’s position on the leaderboard (i.e. their 

game performance), and negatively associated with their level of MA. 

In addition to these two main predictors, a set of covariates was also considered: gender, age, 

maths and literacy abilities, and game-related variables such as players’ enjoyment of ‘Seven 

Spells’ and their video game habits.  

More specifically, this study addressed the following research questions: 
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– RQ1A. What are the significant academic, demographic, emotional and game experience 

factors that can predict whether a player will report a positive or negative experience with an infinite 

leaderboard in a digital maths game? 

– RQ1B. What level of accuracy can be achieved by a model predicting a player’s opinion of 

the leaderboard, using a combination of demographic data and cognitive and emotional traits of 

players? 

– RQ2. Is the level of enjoyment of the leaderboard associated with the overall enjoyment of the 

Seven Spells game? 

– RQ3. What aspects of the leaderboard lead to higher or lower enjoyment of this feature? 

 

Our hypotheses for RQ1A have been already discussed. Regarding RQ1B, our aim was to 

quantify the accuracy of a model predicting whether players would like the leaderboard. Machine 

learning models were used to address this question, with the goal of maximizing prediction 

accuracy rather than explaining the relationships between input factors and the players’ enjoyment 

of the leaderboard—relationships already investigated in RQ1A. The rationale behind RQ1B was 

to provide an automatic tool that may be used to predict players’ preferences regarding the 

leaderboard in game-based learning environments and adaptively switching on or off this game 

element to maximise players’ game experience.  

Regarding RQ2, our hypothesis was that the player’s level of enjoyment with the infinite 

leaderboard would be significantly and positively associated with their overall enjoyment of the 

maths game. If verified, this would provide evidence regarding the importance and impact of a 

leaderboard in educational games. Finally, our hypothesis for RQ3 was that players’ comments 

about the leaderboard could offer insights into what aspects of this feature are potentially connected 

to leaderboard enjoyment. The answers to the above research questions can help game designers 

and developers consider to what extent leaderboards should be used in a learning context and how 

to design or adapt leaderboards based on player characteristics. 

2. Methods 

2.1 Study design 

Data collection was performed from January 2022 to March 2024 as part of ‘Happy Maths’ [44,64], 

a research project investigating the effects of game-based learning on primary school students’ 

numerical cognition and maths anxiety (MA). Irish primary schools were contacted via e-mail and 

invited to participate in the Happy Maths programme. Schools received a protocol detailing the 

game used, visit frequency and duration, study aims, and an outline of the data to be collected from 

students. Only those children whose guardians permitted participation were included in the study. 

In compliance with GDPR, teachers distributed a list of randomly generated usernames to the 

children. The teachers were also responsible for linking each username to the child’s age, gender, 

and score on the standardised national mathematics and literacy test (STen scores). 

 

2.1.1 Participants 

A total of 1389 students from 78 classrooms of 25 Irish primary schools participated in this study. 

Participants ranged in age from 8 to 11 years old, corresponding to 3rd, 4th, 5th, and 6th classes of 

the Irish educational system. Of the 78 classes included in the study, 106 students were from 3rd 

class; 515 from 4th class; 481 from 5th class; and 287 from 6th class.  

 

2.1.2 Game description 

Throughout the study, students engaged with the digital maths game, Seven Spells [44,64] 

developed by the authors. In this game, players enter a fictional martial arts academy, learning the 
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‘ancient art of number fighting’. The goal of the game is to capture number cards using maths skills 

such as arithmetic operations (addition, subtraction, multiplication, and division), knowledge of 

mathematical concepts (even and odd numbers, prime numbers, numeric tables, intervals, greater 

and smaller, etc.) and an ability to combine and manipulate numbers.  

During the study, students played Seven Spells in three different game modes: a solo game mode 

(i.e. without an opponent); a vs. human game mode (i.e. against another human player) and a vs. 

CPU game mode (i.e. against a computer-controlled character). All the classes followed the same 

sequence of sessions, as described in Table 1. 

 

Table 1. Study design 

Session 1 Session 2 Session 3 Session 4 Session 5 Session 6 

Questionnaires 

 

Game session 

(solo) + 

leaderboard 

Game session  

(solo) + 

leaderboard 

Game 

session (vs. 

CPU) 

Game 

session (vs. 

human) 

Game 

session (vs. 

human) 

Game session 

(solo)  + 

leaderboard 

 

Feedback 

survey 

 

 

Figure 1. The Seven Spells solo game mode (top left), the vs. human game mode (bottom left) and the solo 

game mode leaderboard (right) 

This study focused on the leaderboard present in the solo game mode. The other two games did 

not have a leaderboard. The solo game mode used an infinite design class leaderboard [32, 42]. 

This class leaderboard showed all the players in the class in an ordered ranking according to their 

scores. The class leaderboard was also displayed on the classroom whiteboard during the in-class 

game sessions. It was continuously updated in real-time, to reflect the evolving scores and changes 

in position rankings as the games progressed.  

 

2.1.3 Intervention and variables collected 

This study adopted an observational approach, in which one-hour weekly DGBL sessions were 

delivered in-class for six consecutive weeks. 

During Session 1, information on the students’ gaming habits was collected, in addition to 

cognitive and non-cognitive measurements. The students were asked how much they enjoyed 
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playing video games and how much time they spent playing video games daily. They were also 

asked to complete the Modified Abbreviated Maths Anxiety scale (mAMAS) [21], a validated 

psychometric scale for primary school children (aged 8 to 13 years old) designed to measure their 

level of MA. The questionnaire consists of a 5-point Likert scale with nine questions, where the 

students were asked to express their feelings about maths in situations involving maths learning 

and testing. Using the Irish national standardised tests for maths and English, two cognitive 

measures were collected for each student: their level of maths ability and their literacy ability [45]. 

These scores were provided on a STen scale from 1 to 10 (STen scores). The gender and the class 

grade of each student were also collected.  

After applying the questionnaires, ‘Seven Spells’ was presented through a detailed tutorial 

explaining the game’s rules, objectives and mechanics, in addition to an illustrative guided match. 

After the end of the sixth session, when the three game modes had been played, students 

answered a short feedback survey about their game experience. This survey included a question 

asking the students whether they enjoyed the presence of the leaderboard in the solo game mode. 

There were four possible answers to this question: “I did not like the leaderboard”; “I kind of liked 

the leaderboard”; “I liked the leaderboard”; “I loved the leaderboard”. The answers to this question 

represented our outcome variable.  

Additionally, students could provide comments in the blank space provided. The students were 

also asked to rate the solo, vs. human and vs. CPU game modes on a scale from 1 to 10. The ratings 

assigned to these game modes were introduced as key control variables. Indeed, even if the 

leaderboard was not present in the vs. CPU and vs. human game modes, players’ game experience 

with these two modes could have influenced their perceived experience about the leaderboard, 

present in the solo game mode. Therefore, we considered the ratings assigned to the vs. human and 

vs. CPU games as covariates to better control the relationship between our two main predictors 

(MA and in-game performance) and liking the leaderboard. 

Moreover, there were further reasons to check if there was an association between the rating of 

the vs. human game and liking the leaderboard. In the solo game mode, the leaderboard introduced 

a competitive form of social comparison focusing on ranking players within a class. Playing against 

classmates in the vs. human game mode was also a form of social comparison (a more direct peer 

comparison rather than a class-wide comparison) that could have suited competitive players or 

players open to playing the game socially rather than individually. Therefore, since competition 

and social comparison were present in both the solo and the vs. human game modes, our hypothesis 

was that a positive association between the rating of the vs. human game mode and liking the 

leaderboard could exist, on the basis that players that liked (disliked) playing with a classmate also 

liked (disliked) to be compared with all the other classmates on the leaderboard. 

This is also why this study tested for an association between the ratings for the different game 

modes (solo, vs. human and vs. CPU) and the level of enjoyment of the leaderboard, exploring to 

what extent the overall enjoyment of the game modes was related with the players’ experience with 

the leaderboard (RQ2). 

The description of the variables collected in this study is presented in Tables 2, 3 and 4. Out of 

the 1389 records, data on leaderboard preference and game mode ratings (solo; vs. human; vs. CPU) 

were provided by 1257 students. However, only 984 records were fully complete. 

Table 2. Description of the variables included in the study 

Variable Description 

MA Score in the modified Abbreviated Mathematics Anxiety Scale 

(mAMAS) [21] 

Maths STen score (MS) The students’ result in the national mathematics standardised test 
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Literacy STen score (LS) The students’ results in the national literacy standardised test 

Class year The class year of the student 

Age Age of the student 

Gender The gender of the student (M/F) 

Position on the leaderboard Normalised position of the student on the class leaderboard. The 

variable is in the range [0,1], where 1 is the top position in the 

leaderboard 

Opinion on video games To what extent does the player like video games in general (Likert 

scale from 1 to 5) 

Scores for each game mode The 1 to 10 rating assigned by each player to the game experience for 

each game mode 

Opinion on the leaderboard Whether the students liked the leaderboard or not. Four possible 

choices (“I loved the leaderboard” / “I liked the leaderboard” / “I kind 

of liked the leaderboard” / “I did not like the leaderboard”) 

 

Table 3. Numerical study variables (N=984 for MA, MS, LS, Pos; 1257 for RateHum, RateCPU, 
RateSolo) 

 

Variable Description Mean SD Range 

MA Maths Anxiety score (mAMAS) 18.6 7.69 9-45 

MS Maths Score 5.96 2.07 1-10 

LS Literacy Score 5.81 2.04 1-10 

Pos Normalized Rank of a player in the class 

leaderboard (1= highest rank) 

0.5 0.3 0-1 

RateHum Rate the vs. human game version 9.15 1.55 1-10 

RateCPU Rate the vs. CPU game version 7.38 2.22 1-10 

RateSolo Rate the solo game version 6.88 2.36 1-10 
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Table 4. Categorical study variables (N=984 for Class Yr, Gender, LikeVideo, PlayTime; 1257 for Y). 
The variable Class Yr refers to levels in the Irish school system: 3rd class refers to 8-year-old 
children, 4th class refers to 9-year-old children, 5th class refers to 10-year-old children and 
6th class refers to 11-year-old children) 

Variable Description Distribution 

Class Yr Class grade 6.84% (3rd), 36.60% (4th), 35.08% (5th), 21.48% 

(6th) 

Gender Binary variable (M, F) F: 48.37%, M: 51.63% 

LikeVideo Do you like video games? Likert 

scale (1=love 5=hate) 

1: 60.35%, 2: 25.22%, 3: 9.54%, 4: 1.76%, 5: 3.14% 

PlayTime How much do you play video 

games daily? 

Never: 6.72%, ≤ 1 hr: 49.57%, 1-2 hr: 37.00%, ≥ 2 

hr: 6.72% 

Y Did you like the leaderboard? Loved: 34.93%, Liked: 45.19%, Kind of liked: 

16.87%, Did not like: 3.02% 

2.2 Quantitative data analysis 

Data analysis was carried out using R version 4.2.3 [46]. The distributions of students’ 

preferences for the leaderboard and the scores assigned to each game mode were analysed using 

the Shapiro-Wilk normality test; due to this study’s larger sample size, skewness and kurtosis were 

also analysed. In the case of a normal distribution, a t-test was to be used to evaluate statistical 

differences between groups. Conversely, if the distribution deviated from normality, a non-

parametric test, the Kruskall-Wallis test, was chosen. In addition to comparing means, possible 

correlations between students’ opinions about the leaderboard and the scores given to each game 

mode (RQ2) were investigated through Pearson or Spearman rank correlation, depending on the 

data’s distribution. 

In order to answer research questions RQ1A and RQ1B, different strategies were followed. 

RQ1A required explainable models that could report the association between predictors and the 

target variable. Therefore, we used an ordinal regression model where the target variable was 

represented by the four possible answers to the ‘Did you like the leaderboard?’ question. As RQ1B 

focused on model accuracy we decided to address it using machine learning (ML). The decision to 

use ML techniques stems from their advantages over traditional statistical methods in the context 

of predictive modelling [47]. Traditional statistical methods are limited by assumptions of linearity, 

normality, and multicollinearity, while the ML algorithms used in this study (decision tree, random 

forest, and XGBoost) are capable of capturing complex and non-linear relationships among 

variables without requiring such assumptions [47]. Additionally, ML models are more flexible in 

handling high-dimensional data and can automatically account for interactions between predictors 

that might be difficult to identify using traditional methods [47]. The size of our dataset and the 

number of input features excluded the use of deep-learning techniques. Hence, we decided to focus 

on tree-based algorithms (i.e. decision tree, random forest and XG boost), which are known for 

their generally high performance. Finally, the decision to use ML aligns with current trends in 

educational research and expectations of ML use in educational settings, where predictive accuracy 

is often prioritised for practical applications, such as personalised learning interventions [48]. 

The predictors used in the ML models are shown in Tables 3 and 4. As can be seen from Table 

4, the present dataset was imbalanced, since the majority of players (80.12%) either liked or loved 

the leaderboard (“I liked the leaderboard”; “I loved the leaderboard”), and a minority (19.88%) had 

a more moderate opinion or disliked the leaderboard (“I kind of liked the leaderboard”; “I did not 
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like the leaderboard”). To address the imbalance between the levels of the target variable and avoid 

an overly optimistic accuracy value, the SMOTE [49] oversampling technique was applied to 

balance the dataset.  

Finally, in order to test the ML models, the full dataset was split into two subsets, 80% of the 

instances for training the models and 20% for testing the models. 

2.3 Players’ comments 

Players’ comments were extracted from the feedback survey completed in the sixth session. Only 

those comments containing the keyword ‘leaderboard’ were selected. Feedback concerning the 

leaderboard is offered as subjective evidence. Although these comments consisted of narrative data 

and anecdotes, they provided valuable insights from the players, augmenting the quantitative 

analyses conducted in the study. In order to better visualise the content of players’ comments, a 

world cloud was created showing the most commonly-occurring words. Comments were pre-

processed before analysis following a text-mining pre-processing pipeline. First, the term 

‘leaderboard’ was excluded as it was the primary keyword in the initial search query and could 

dominate the comments. Tokenisation was then applied to break down the text into individual units, 

such as words, sentences, or sub-words, facilitating the identification of common topics in future 

analyses [50]. The next step involved removing stop words; i.e. common English words like ”the” 

and ”is” and then generating a word cloud to visualise the most frequently used terms by players. 

Finally, a stemming process was performed to simplify words to their root forms by removing 

prefixes and suffixes. This step prepared the dataset for word frequency analysis, resulting in bar 

plots representing the distribution of word frequencies. The analysis used Python language, 

adopting the Pandas, Wordcloud, Matplotlib and Seaborn libraries [50, 51, 52, 53, 54]. The 

integration of students’ comments with quantitative analyses of their content constitutes a mixed-

methods approach. This approach facilitates a thorough examination of students’ opinions on the 

leaderboard, blending subjective narratives with objective frequency analysis for a comprehensive 

understanding. 

3. Results 

3.1 Descriptive statistics 

While the dataset contained complete data for 984 players, 1257 players scored the three game 

modes (solo, vs. human and vs. CPU) and rated the infinite leaderboard feature according to their 

enjoyment. The target variable Y contained 37 negative outcomes (“Did not like”; 3.02%), 213 

more moderate answers (“Kind of liked”; 16.87%), and 1007 positive outcomes (“Loved” (34.93%) 

and “Liked” (45.19%); 80.12% in total), showing that players generally enjoyed the leaderboard. 

Table 3 outlines the numerical study variables, providing information on the mean, standard 

deviation (SD), and range (minimum and maximum values). Meanwhile, Table 4 presents the 

study’s categorical variables, offering an overview of the distribution of levels for each collected 

variable. 

The MA variable represents the level of maths anxiety of each student measured by the score 

on the mAMAS scale. MS — Maths Score — refers to their score on the national mathematics 

standardised test (Maths STen score). The variable Pos measured the position of a player on the 

class leaderboard normalised in relation to each class, so that the top position in each class has a 

value of 1 whilst the bottom position has a value of 0. RateHum, RateCPU and RateSolo refer, 

consecutively, to the scores given to the vs. human, vs. CPU and the solo game modes. As indicated 

in the RateHum variable in Table 3 (which shows the score given to the vs. human game mode), 

the players enjoyed playing this game mode, with an average score of 9.15 out of 10. This variable 

is strongly right-skewed, with 61.46% of players giving a score of 10 and only 2.24% of players 
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assigning a score less than 5 (Figure 2A). Contrary to the overwhelmingly positive opinions on the 

vs. human game mode, the ratings given to the vs. CPU and the solo game modes were much lower, 

with an average of 7.38 and 6.88 respectively (Table 3; Figure 2B; Figure 2C). The variable Class 

Yr displays the players’ school year. As can be seen, the majority of players were from 4th class 

(36.60%) and 5th class (35.08%). There was also a significant number of players from 6th class 

(21.48%), and a small minority from 3rd class (6.84%). Gender shows that 48.37% of the players 

were female, and 51.63% male. The variable measuring how much a player liked playing video 

games (Likevideo) shows a strong right-skew (similar to RateHum). 4.9% of the players reported 

that they disliked or did not enjoy playing video games while the majority (60.35%) indicated that 

they loved playing video games. Regarding PlayTime, most played for less than an hour (49.57%) 

or between 1 and 2 hours (37.00%) per day. Finally, the enjoyment of the leaderboard in Seven 

Spells also showed a skewed distribution, with most players having loved (34.93%) or liked the 

feature (45.19%) whilst only 3.02% did not like the leaderboard (Table 4). 

 

 

Figure 2. Distribution of scores given to the three game modes. A: vs. human game mode. B: vs. CPU game 

mode. C: solo game mode. 

3.2 Research Question 1A: What are the significant academic, demographic, 

emotional and game experience factors that can predict whether or not a 

player will report a positive or negative experience with an infinite 

leaderboard in a digital maths game? 

The target variable Y i.e. enjoyment of the leaderboard, was modelled as an ordinal variable with 

four levels: “did not like the leaderboard”, “kind of liked the leaderboard”, “liked the leaderboard” 

and “loved the leaderboard”. Table 5 shows the correlations between the variables considered. The 

variables ‘leaderboard position’ (Pos), ‘Maths Anxiety’ (MA) and the ratings assigned to the game 

modes displayed the highest correlation with the target variable Y.  

Regarding correlations between predictors, there was a high correlation between Maths Scores 

(MS) and Literacy Scores (LS) (ρ=0.64), and between time spent playing videogames habitually 

(TimeP) and the liking of video games (LikeV), with ρ=0.51. 

 

Table 5. Pearson correlations between the variables considered in the study. The significance 
levels are as follows: * =  <0.05 , ** = <0.01, *** = <0.001 
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 Pos LikeV Rate 

CPU 

Rate 

Solo 

Rate 

Hum. 

PlayT C. Yr MA LS MS 

Y 0.26 

*** 

-0.10 

** 

0.18 

*** 

0.14 

*** 

0.33 

*** 

0.075 

* 

0.02 

 

-0.17 

*** 

0.05 

 

0.12 

*** 

Pos  -0.11 

** 

0.18 

*** 

0.10 

** 

0.10 

** 

0.11 

** 

0.03 -0.21 

*** 

-.31 

*** 

0.50 

*** 

LikeV   -0.05 -0.04 -0.05 0.52 

*** 

0.01 0.04 0.04 -0.03 

Rate 

CPU 

   0.34 

*** 

0.21 

*** 

-0.02 0.08 -0.12 

*** 

0.11 

** 

0.13 

*** 

Rate 

Solo 

    0.12 

*** 

0.03 0.02 -0.08 

* 

0.01 0.06 

Rate 

Hum. 

     0.00 0.05 -0.14 

*** 

0.06 0.05 

PlayT       0.06 0.06 -0.09 

* 

0.00 

Cl.Y        -0.09 

* 

0.06 0.02 

MA         -0.25 

*** 

-0.34 

*** 

LS          0.64 

*** 

 

The first step of our analysis involved checking if the two main predictors — leaderboard position 

and maths anxiety (MA) — were significantly associated with the target variable. Table 6 reports 

the output of three ordinal regression models where the target variable Y is the enjoyment of the 

leaderboard. Models M0a and M0b show how MA and position on the leaderboard were significant 

predictors individually, establishing that there was a relationship between each of these predictors 

and the enjoyment of the leaderboard. Model M1 shows how the two predictors remained 

significant when present together. Leaderboard position (Pos) was more significant than MA. As 

expected, MA was negatively associated with Y while Pos was positively associated. The value of 

AIC for each model is also reported as a measure of goodness of fit. 

 

Table 6. Baseline ordinal regression models. Target variable: Y (like the leaderboard). All the 
variables have been normalised using z-scores. The intercepts are omitted. 

Model Predictors Β Pr (> |z|) AIC 

M0a MA -0.17 0.0006 3016 

M0b Pos 0.35 <0.0001 2986 

 

M1 

MA -0.13 0.007  

2979 

Pos 0.33 <0.0001 

 

We then considered the role of the covariate ‘Maths Score’ (MS). The variable had a high 

correlation with the position on the leaderboard (ρ=0.5). This was expected, as a significant portion 

of game performance in a maths game is likely a result of the player's mathematical abilities. Based 

on this, we hypothesised that there could be an effect of maths abilities on the leaderboard 

enjoyment, but this effect could be mediated by the leaderboard position of the player. Figure 3 and 

Table 7 show the result of a mediation analysis testing this hypothesis [51]. The position on the 
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leaderboard (Pos) was a full mediator of the relationship between maths abilities (MS) and 

leaderboard enjoyment (variable Y).  

Table 8 presents the full ordinal regression with all the covariates present.  

 

 

 

Figure 3. Mediator analysis: the variable Pos (leaderboard position) fully mediated the effect of maths scores 

(variable MS) on the liking of the leaderboard (Y).  

Table 7. The position on the leaderboard as a mediator between maths abilities (MS) and liking of 
the leaderboard (Y). Model 1 is a linear regression model, while models 2 and 3 are ordinal 
regression models.  

 Model Target Predictors β Pr (> |z|) AIC or  R^2 

1. MS →Pos Pos MS -0.5 <0.0001 24.1 (R^2) 

2. MS →Y Y MS 0.16 <0.0001 3010 (AIC) 

 

3. 

 

MS+Pos →Y 

 

Y 

MS -0.004 0.75  

2989 (AIC) 

Pos 0.35 <0.0001 

 

Table 8. Full ordinal regression model. Target variable: Y (enjoyment of the leaderboard). All the 
variables, except Gender and Class Year have been normalized using z-scores. 

Predictor Β Pr (> |z|) 

Gender = M 0.30 0.027 

PlayTime 0.04 0.63 

Class Year -0.014 0.73 

MA -0.19 0.009 

Pos 0.40 <0.0001 

LS (literacy score) -0.09 0.28 

Rate Human Game 0.57 <0.0001 

Rate Solo Game 0.12 0.08 

Rate CPU Game 0.18 0.012 

Intercepts   

did not like | kind of  0.81 0.32 

kind of | liked 3.19 <0.0001 

liked | loved 5.46 <0.0001 

Observations = 984, AIC = 1820 

The covariate ‘video game liking’ (LikeV) was excluded because it was highly correlated with the 

variable ‘time spent playing video games habitually’ (TimeP). TimeP was retained, as it 



A. Almo et al.  

 
International Journal of Serious Games   I   Volume 11, Issue 4, December 2024 185 

 

demonstrated better predictive power than LikeV based on the model's AIC. Students’ gender, MA, 

position in the leaderboard (Pos) and the rates given to the vs. human and vs. CPU game modes 

were considered significant factors. The most significant variables were the players’ position in the 

leaderboard and the score given to the vs. human game mode — both of which exhibited a positive 

relationship with leaderboard enjoyment — as well as players’ MA, which displayed a negative 

association with how much they liked the leaderboard. The AIC decreased significantly from 2980 

in the model with only the two main predictors, Pos and MA, to 1820 in the updated model. 

3.3 Research Question 1B: What level of accuracy can be achieved by a model 

predicting a player’s opinion of the leaderboard, using a combination of 

demographic data and cognitive and emotional traits of players? 

 

Table 9 shows the performances of the three trained ML models, including their respective 

accuracy, recall, precision, and F1-score.  The performance indicators of Table 9 were obtained 

after upsampling the minority classes using the SMOTE algorithm (as described in 2.2). Therefore, 

the four classes of the target variable had equal frequency: the dataset used to train and test the 

models was perfectly balanced and the levels of accuracy presented in Table 9 have to be compared 

with a baseline random chance of 25%. All three models had an accuracy significantly higher than 

random. However, more complex tree-based models such as XGBoost and Random Forest 

significantly outperformed decision tree models. The best-performing model was XGBoost, with 

an accuracy of 79.7%. Considering that this was a four-class classification and that the dataset used 

to train and test the models was perfectly balanced (by the SMOTE algorithm), this accuracy is 

considered to be significantly high.  

 

Table 9. Performance (accuracy, precision, recall and F-1 score) of the Machine Learning models 
(Decision Tree, Random Forest and XGBoost) in a 4-level multiclass classification. 

Model Accuracy Precision Recall F1-score 

Decision Tree 49.2 50.4 48.5 49.4 

Random Forest 74.6 75.9 73.1 74.4 

XGBoost 79.7 79.5 80.0 79.7 

 

For XGBoost, the best-performing model, a confusion matrix is also presented in Table 10. Table 

11 reports the precision and recall by each of the four classes. The quality of the predictions is not 

homogeneous across the four classes, since it is more accurate to predict when a user will not like 

the leaderboard than the opposite. 

 

Table 10. Confusion matrix for the multiclass XGBoost model. 

 Reference value 

Did not like Kind of liked Liked Loved 

Predictions Did not like 72 2 4 1 

Kind of liked 4 77 5 12 

Liked 4 7 68 8 

Loved 8 8 8 62 

Table 11.Precision and recall for each of the four classes (XGBoost model) 
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 Did not like Kind of Liked Liked Loved 

Precision 91.4 78.5 78.2 72.1 

Recall 81.8 81.9 80.0 74.7 

3.4 Research Question 2: Is the level of enjoyment of the leaderboard present in 

the solo mode associated with the scores players assigned to each game 

mode (vs. human, vs. CPU and solo)? 

Normality tests were performed to examine the distribution of scores given to each game mode. 

Table 12 shows the result of the Shapiro-Wilk tests conducted for the four groups of leaderboard 

enjoyment. All tests yielded statistically significant results (p ≤ 0.05), indicating that the 

distribution of scores for all game modes did not adhere to a normal distribution within any of the 

groups. 

  

Table 12. Shapiro-Wilk test results for the distribution of game mode scores considering four 
groups (Do not like/Kind of like/Like/Love the leaderboard). 

Group Do not like Kind of like Like Love 

vs. human 
W = 0.889 

p = 0.0015 

W = 0.7243 

p < 0.0001 

W = 0.6216 

p < 0.0001 

W = 0.523 

p < 0.0001 

vs. CPU 
W = 0.9065 

p = 0.0045 

W = 0.9411 

p < 0.0001 

W = 0.9178 

p < 0.0001 

W = 0.8724 

p < 0.0001 

Solo 
W = 0.9394 

p = 0.0441 

W = 0.9619 

p < 0.0001 

W = 0.9448 

p < 0.0001 

W = 0.9013 

p < 0.0001 

 

Table 13 shows the kurtosis for the four groups of leaderboard enjoyment. Positive values 

indicate distributions with heavier tails, while negative values indicate flatter distributions with 

lighter tails. There is a high variation in kurtosis, indicating differences in the spread of the scores 

within each group. The lower values for the vs. CPU and the even lower values for the solo game 

mode indicate that there was a more even distribution of scores, so there was less variation in the 

scores students gave to these game modes. The high kurtosis values for the scores of the vs. human 

game mode, however, suggests a concentration of high scores with few moderate ratings: this 

indicates that students who kind of liked, liked and loved the leaderboard mainly assigned high 

scores to this game mode. 

 

Table 13.Kurtosis results for the distribution of game mode scores considering 4 groups (Did not 
like/Kind of like/Like/Love the leaderboard). 

Group Did not like Kind of like Like Love 

vs. human -0.5505 4.316 8.785 11.28 

vs. CPU -1.298 0.007147 0.7182 1.007 

Solo -0.8801 -0.5014 0.3244 -0.1737 

 

Table 14 displays the skewness — how asymmetric the data distribution is, with 0 being a perfectly 

symmetrical distribution — for the four groups of leaderboard enjoyment. The negative values 

across all groups indicate that most players assigned higher scores to all three game modes, 

although there is variation across game modes and levels of leaderboard enjoyment. Of note, 

players who kind of liked, liked and loved the leaderboard assigned higher scores to the vs. human 

game mode. 
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Table 14.Skewness results for the distribution of game mode scores considering 4 groups (Do 
not like/Kind of like/Like/Love the leaderboard). 

Group Do not like Kind of like Like Love 

vs. human –0.7041 -1.978 -2.671 -3.101 

vs. CPU -0.2745 -0.6498 -0.9072 -1.086 

Solo -0.3305 -0.2868 -0.6498 -0.7152 

 

Considering the overall results of the normality tests, non-parametric statistical tests were 

chosen to analyse this data. 

In order to answer RQ2 (i.e. whether or not liking the leaderboard is correlated to the overall 

rating given to the game modes), a Kruskall-Wallis test was performed to compare the mean ranks 

of the scores given to the three game modes across the four leaderboard enjoyment groups (Table 

15 and Figure 5). The significant p-values across all game modes indicate that students’ enjoyment 

of the leaderboard potentially affected the ratings of each game mode. The H statistic, displayed in 

the first column, indicates the degree of difference between the leaderboard enjoyment groups. The 

larger H value found for the vs. human game mode suggests a more pronounced variation in the 

scores among the four leaderboard enjoyment groups, indicating that students’ feelings about the 

leaderboard have a stronger impact on how this game mode is rated. Additionally, the scores given 

to all game modes were significantly higher in the ‘love the leaderboard’ group. 

When analysing game modes separately, the players who loved the leaderboard gave average 

scores of 9.49, 7.85 and 7.37 to the vs. human, vs. CPU and the solo game modes, respectively. For 

the ‘like the leaderboard’ group, the average scores were 9.19, 7.34 and 6.81. For students who 

only ‘kind of liked’ the feature, average scores were of 8.74, 6.80 and 6.22. Finally, the ‘do not like 

the leaderboard’ group assigned average scores of 6.81, 6.05 and 6.22 to the three game modes. If 

the scores of the three game modes are aggregated, players who loved the leaderboard gave an 

overall average rating of 7.37 (SD = 2.37); players who liked the leaderboard, 6.81 (SD = 2.17); 

players who kind of liked the leaderboard, 6.22 (SD = 2.42), the same average score of players who 

did not like the leaderboard (SD = 2.89). 

 

Table 15. Kruskall-Wallis results for the distribution of game mode scores considering four 
groups (Do not like/Kind of like/Like/Love the leaderboard). The average ratings given to each 
game mode are also shown. 

Group H Average score 

vs. Human H = 82.59; p < 0.0001 9.493 (Love);  9.192 (Like); 8.736 (Kind of 

Like); 6.811 (Do not like) 

vs. CPU H = 48.11; p < 0.0001 7.849 (Love);  7.344 (Like); 6.802 (Kind of 

Like); 6.054 (Do not like) 

Solo H = 42.42; p < 0.0001 7.374 (Love);  6.806 (Like); 6.217 (Kind of 

Like); 6.216 (Do not like) 
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Figure 5. Kruskall-Wallis results for the A: vs. human; B: vs. CPU; C: solo game modes. Asterisks indicate 

significant differences. 

In addition to the Kruskall-Wallis results in Figure 5, the spread of scores given to the different 

game modes across different levels of leaderboard enjoyment is also displayed through the violin 

plots in Figure 6. 

 

Figure 6. Violin plots displaying the data distribution of scores assigned to the A: vs human; B: vs. CPU; C. 

solo game modes. 

In order to investigate possible correlations between leaderboard and game mode enjoyment, a 

Spearman’s rank correlation was performed for each game mode, considering the ‘Love’, ‘Like’, 

‘Kind of like’ and ‘Do not like’ groups as categorical variables (Table 14).  

 

Table 16. Spearman’s rank correlation results for the game mode scores considering four groups 
(Do not like/Kind of like/Like/Love the leaderboard). The sum of squared differences (S), p-value 
and Spearman’s rho (ρ) are reported. 

Group S p-value Ρ 

vs. Human 249914422 p < 2.2e-16 0.2359358 

vs. CPU 263037204 p = 2.759e-12 0.1958155 

Solo 267242871 p = 6.921e-11 0.1829575 

 

The p-values were low and statistically significant (<0.05), indicating a strong likelihood that 

the relationship between liking or disliking the leaderboard and the scores given to the game across 

all three game modes is not due to random chance. The Spearman’s rho values (ρ) were positive 
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(but low) for all game modes, suggesting a positive and statistically significant, but weak 

correlation between liking the leaderboard and the score given to the game modes. A weak positive 

correlation was observed between liking the leaderboard and assigning higher ratings to the vs. 

human game mode. This relationship was even weaker for the vs. CPU game mode, and weakest 

for the solo game mode. This indicates that while the leaderboard might play a role in the player’s 

overall enjoyment of the game, it is not a crucial aspect of their general experience, as some players 

enjoyed the leaderboard but not the game overall. In contrast, some players disliked the leaderboard 

feature, whilst rating the game modes positively. 

3.5 Research Question 3: What aspects of the leaderboard lead to higher or lower 

enjoyment of this feature? 

Player feedback regarding the leaderboard (gathered in the sixth and final session of the Happy 

Maths programme) offered additional insights. There were a total of 33 comments about the 

leaderboard (23 positive and 10 negative), and 19 comments about the competitive aspect of the 

digital maths game (16 positive and 3 negative). Some of the comments that exemplify these 

experiences include: “The game is very fun because I can practise to be on the top of the 

leaderboard”; ”I like playing against my friends and I like the leaderboard”; ”I love that I can see 

how I am improving on the leaderboard”; ”I liked winning and being on the leaderboard”; ”I liked 

the leaderboard and the points; you can score really high”. Among the negative comments regarding 

the leaderboard and the competitive aspect of Seven Spells, are ”I didn’t like that the leaderboard 

compares how good you are at maths”; ”The leaderboard can be embarrassing if you are last”; ”I 

don’t like the leaderboard”; ”I hate the way people always brag that they are on the top of the 

leaderboard”. Figure 7 shows the word cloud illustrating the most frequent words used in players’ 

comments. 

 

 

Figure 7. Wordcloud illustrating the most frequent words used by players when commenting about the 

leaderboard 

Figure 8’s bar plot displays the percentage of the most commonly used words by players when 

discussing the leaderboard. Following a stemming process, words are displayed in their root forms, 

excluding prefixes and suffixes. 
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Figure 8. Percentages of players’ most used word roots when commenting about the Seven Spells 

leaderboard. 

4. Discussion 

In this study, we sought to identify which player traits and demographic information can predict 

player’s experience with an infinite leaderboard in a digital maths game (RQ1A) and the accuracy 

to which that experience can be predicted using different machine learning models (RQ1B). We 

also evaluated the relationship between the players’ enjoyment of the leaderboard and their 

enjoyment of the three different game modes of the digital maths game ‘Seven Spells’ (RQ2). 

Finally, we analysed qualitative, anecdotal evidence from players’ comments regarding the 

leaderboard with the aim of identifying possible aspects of the leaderboard which could be 

connected to its enjoyment or lack thereof (RQ3). 

Regarding the first research question, the most significant factors predicting whether or not 

players liked the leaderboard were their position on the leaderboard, the score given to the vs. 

human game mode (both positively associated) and their MA score (negatively associated).  Our 

hypotheses regarding the role of maths anxiety and the leaderboard position were respected. 

As expected, a player’s position on the leaderboard was a strong predictor of their enjoyment of 

this feature. Indeed, it is reasonable to expect that players enjoyed seeing their names at the top of 

the leaderboard, whilst contrarily did not enjoy displaying their poor performance to their 

classmates. The findings are in line with previous research suggesting how a player’s position on 

the leaderboard is directly linked to how much they feel motivated by this game mechanic [32, 33]. 

The importance of leaderboard performance in defining how much players’ liked this feature was 

reflected in their comments. Players who enjoyed the leaderboard and the competitive aspects of 

the digital maths game frequently mentioned winning, achieving high scores and appearing at the 

top of the leaderboard. Conversely, some players reported a negative experience with the 

leaderboard feature and competitiveness, mentioning that the leaderboard was embarrassing for 

those who rank lower and that well-performing players ‘brag’ about their position on the 

leaderboard. 

Excluding the position on the leaderboard, the results indicated that factors unrelated to game 

performance are also important in predicting a player’s experience with the leaderboard feature. 

MA was a significant factor even in the presence of the other covariates. This suggests that anxious 

students may react negatively to game elements that highlight competitiveness and social 

comparison, such as the leaderboard feature, even if their scores, mathematics knowledge, and 

literacy levels are comparable to those of non-anxious players. The accentuation of social 

comparison by the leaderboard can trigger the negative effects of MA, which could lead not only 

to a negative experience with the leaderboard feature, but more than likely, to a detrimental 
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experience with the entire digital game, as suggested by the association between liking the 

leaderboard and the average ratings assigned to the different game modes. A well-known negative 

effect of MA is the avoidance of maths tasks [22, 18], which can, in a DGBL approach, lead to less 

engaged players, thereby undermining the potential of the game as a learning tool. Indeed, 

leaderboards following an infinite/absolute design could possibly trigger those negative effects of 

MA that game-based interventions are trying to mitigate. Our results support previous studies where 

social comparison was shown to be a significant predictor of MA [56] and where MA was 

discovered to be related not only to the manipulation of numbers, but also to the social experience 

of doing mathematics tasks in the classroom in front of peers [18]. This is in line with [57], who 

suggested that a number of in-class behaviours (e.g. embarrassment in front of their classmates) are 

related to a student’s maths anxiety.  

Among the covariates, the rating assigned to the vs. human game mode, vs. CPU game mode 

and gender were significant factors. 

The rating players assigned to the vs. human game mode was the strongest predictor. The players 

that liked the leaderboard tended to also be the players that liked to play the vs. human game mode. 

This may indicate that the enjoyment of the vs. human game mode, marked by direct competition 

between players, might have acted as a proxy to how much students liked playing competitively, 

which could be indirectly related to the infinite leaderboard, in which players’ scores are openly 

compared through an ordered ranking.  

Gender was a significant factor, even if only at the 0.05 level (indicating 95% confidence in its 

influence) but not at the 0.01 level (which requires 99% confidence). This result is in line with most 

published studies, suggesting how boys tend to like competition more than girls [58, 59]. However, 

it is interesting to stress that this predictor did not have a large effect, a result that aligns with a 

subset of studies highlighting that girls are as competitive as boys at school in physical and playful 

activities [60, 61]. 

Neither the mathematics nor the literacy scores for the Irish national standardised tests were 

significant predictors of players’ experience with the leaderboard when considering the other 

variables. Indeed, a main effect of math abilities was observed (Table 6, Model 2), but it was fully 

mediated by leaderboard position, suggesting that math abilities influenced leaderboard enjoyment 

only when they translated into game performance. 

Students’ gaming habits, specifically how much students liked video games and how much they 

played, were also not significant factors in predicting whether they liked the leaderboard when 

accounting for the influence of other variables. Game habits may not be good predictors of 

leaderboard enjoyment since students may have different motivations for enjoying and playing 

video games in general, which might not include competitiveness. Players may prefer specific video 

games that do not involve competition, or enjoy other aspects of playing, such as relaxing, 

experiencing a game’s story or exploring the game world, instead of being motivated to play due 

to the presence of competition elements, such as leaderboards. Gaming habits might also not be 

relevant due to the context of the study: while students may enjoy playing video games, the 

experience of engaging with a serious game for practising maths in the classroom may be different 

than playing video games for pure entertainment.  

Class year was not a significant factor in liking the leaderboard. Although MA and awareness 

of social comparison increase with age [43], it may be that these effects are already included in 

other factors (such as the MA score itself), thus diminishing the importance of age in predicting the 

leaderboard experience. 

Overall, our results reinforce the need for educators and game designers to consider how the 

introduction of competitive elements might affect anxious and poorly performing students. While 

features such as leaderboards are generally well-liked and have the potential to motivate students, 

increasing their engagement with the game [32, 33, 35], they may be detrimental to the experience 

of more anxious students. Additionally, as shown by the importance of the player’s position in 

predicting how much the leaderboard is liked, this study further confirms that a leaderboard may 
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discourage students who are not performing well, thus decreasing their engagement with the serious 

game [32]. Consequently, the use of an infinite leaderboard in a game-based approach depends on 

the characteristics of the target audience; classes with a higher prevalence of anxiety may benefit 

from the use of a ‘relative leaderboard’ or from the removal of the leaderboard feature from the 

game. Relative — or ‘no-disincentive’ — leaderboards limit the information that players can 

access; the players can only view the positions of those players directly above and below them, 

rather than the positions of all players [42]. This may avoid negative feelings related to leaderboard 

position. 

Regarding RQ1B, the machine learning models showed that liking the leaderboard could be 

predicted with an accuracy of 79.7%. This result is regarded as very significant, since the predictive 

problem was a 4-class classification task, and the accuracy was obtained with a fully balanced 

dataset. In the future, these models could be used to automatically make the game adapt itself 

according to the player’s profile and scores. In the context of the leaderboard, a model like this 

could make a digital educational game include, remove or modify the leaderboard feature (e.g. 

changing its design between infinite and relative) to improve player experience depending on the 

audience’s characteristics. 

Concerning RQ2, our analysis showed a pattern that liking/disliking the leaderboard was 

significantly associated with the score given to the three game modes of the Seven Spells game. 

These correlations, however, were weak for all game modes: the strongest correlation was observed 

in the vs. human game mode (ρ = 0.205), followed by the vs. CPU game mode (ρ = 0.149), and 

finally, the solo game mode (0.138). While this finding may imply a potential impact of the 

leaderboard on the players’ game experience, the weak correlations indicate that other factors might 

play more prominent roles in determining how students evaluate the different game modes. Still, 

as one of many factors that may somehow influence students’ experience, educational game 

designers should carefully consider when and to what extent an infinite leaderboard should be 

present in an educational context, as it might negatively influence players’ engagement and 

enjoyment of the game. 

Finally, the analysis of players’ comments (RQ3) indicated that its competitive aspect is 

potentially the main driver behind players’ preferences regarding this feature. Future work 

examining a greater number of comments and different leaderboard designs may shed further light 

on the reasons for players’ enjoyment of distinct types of leaderboards. 

The current work, however, has some relevant limitations. Firstly, this study only considers 

students’ experiences with an infinite leaderboard. While players’ enjoyment of the infinite 

leaderboard was influenced by mathematics anxiety and leaderboard position, this may not be the 

case for the relative leaderboard. Since this study’s design includes a single ‘infinite leaderboard’ 

condition, a data-driven comparison is not possible in this paper. Another issue lies in the feedback 

survey, which asked students about their enjoyment of the infinite leaderboard feature. This was 

done through a 4-item Likert scale: ‘I did not like the leaderboard’; ‘I kind of liked the leaderboard’; 

‘I liked the leaderboard’; ‘I loved the leaderboard’. The ‘I kind of liked the leaderboard’ answer is 

a suggestive item with a slightly positive sentiment, and thus may have reduced the validity of the 

‘leaderboard enjoyment’ construct. However, it did not undermine our analysis, since the responses 

were treated as a 4-level ordinal variable.  

5. Conclusions 

This paper examined factors that predict player experience with an infinite leaderboard in a 

digital maths educational game. Whilst leaderboards are one of the most common elements in game 

design, their effect is debated, with some studies showing that leaderboards can motivate players 

and other studies highlighting their negative impact on both the player’s enjoyment of the game 

and their educational experience by increasing peer pressure [32, 33, 34, 35, 36, 63]. 
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The present results suggest how player experience with the infinite leaderboard is not only 

driven by their game performance and leaderboard position but also by other individual traits, in 

line with previous research on leaderboards and DGBL [42]. Maths-anxious students were sensitive 

to the presence of a leaderboard and the social competition dynamic introduced by it. MA was one 

of the main factors that predicted a player’s negative experience with the leaderboard, even after 

controlling for the player’s position on the leaderboard, gender, age, and numerical abilities. Even 

if the results were weighted by the minority of players who reported a negative or more moderate 

opinion regarding the infinite leaderboard, this minority represented a non-negligible 19.88% of 

the participant cohort. Thus, while the leaderboard may usually be enjoyed by players, students 

who do not enjoy it may have a more negative experience with the DGBL approach. 

This study exemplifies the impact of specific individual player traits on their experience with 

the infinite leaderboard feature in a digital mathematics card game. The use of DGBL approaches 

and specific game features may bring opportunities to engage students, but challenges may also 

arise depending on the target audience. Consequently, considering game features and students’ 

characteristics before implementing educational games is an important step that should not be 

overlooked. 

Finally, we showed how liking the leaderboard can be predicted with an accuracy of about 80% 

by tree-based ML models. These models could be used in the future to create a more adaptive 

experience, removing or modifying the leaderboard feature to better match players’ profiles and in-

game performance. 
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