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Abstract—This Research Full Paper presents re-
sults from gamified in-class interventions with leader-
boards. Generally, it is assumed that student expertise
is directly related to deliberate and repeated practice.
However, finding techniques that foster student en-
gagement in problem-solving may not be the easiest
of tasks. To that end, gamification, also known as the
use of game design elements in non-game contexts,
has proved to be effective in educational scenarios.
Concerned with stimulating student engagement in
Computer Science, this research aimed to observe
the effect of the insertion of leaderboards in short-
length in-class experiments performed in two different
terms of undergraduate IP courses. N = 84 students
were randomly allocated into one of two types of
group: experimental groups with leaderboards; and
control groups without knowledge of nor access to
leaderboards. Both experiments showed that students
in the experimental groups tried and completed more
programming problems, on average, than those from
their respective control groups. P-values below a =
5% indicated a real impact from the leaderboard in
students’ performances. This research may benefit
educators responsible for IP courses that have an
online platform at their disposal, by introducing a
design of leaderboard that incites student engagement,
at least for short-length activities.

Index Terms—Gamification, Introductory Program-
ming, Education, Leaderboard

I. INTRODUCTION

Novice students are more likely to develop exper-
tise and problem-solving skills through deliberate
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and repeated practice [1] [2]. In the context of
introductory programming (IP) education, practice
is usually associated with the implementation of
programs that process inputs within a given pattern,
and generate the desired corresponding outputs.
However, finding techniques that foster students’
engagement in problem-solving may not be the
easiest of tasks.

In general, people enjoy playing games [3]. Re-
cent researches show that video games have become
increasingly popular among both genders and age
ranges [4] [5]. In its 2017 annual report, the Enter-
tainment Software Association found that 65% of
United States’ households had at least one person
who played 3 or more hours of video games per
week. Over 4000 households were surveyed. From
this sample, 41% of self-declared gamers were
women [4] and in 2018, this number raised to 45%
[5].

In Brazil, where the experiments reported in this
paper were held, a survey conducted with nearly
3000 people, in 2018, showed that 58.9% of gamers
were women. This presents a gradual increase of fe-
male gamers since 2013, when this survey mapped
that 41% of self-declared gamers were women in
this country [6].

This notable game phenomenon inspired the cre-
ation of a new concept, known as gamification,



which was defined by Deterding et al. as the use
of game design elements in non-game contexts [7].
Even globally well-known companies such as Or-
acle, Google, Microsoft, Adobe and IBM started
implementing full-scale games and/or gamified ap-
plications in support of their business activities,
with the intent of increasing the efficiency in areas
such as marketing, management and administra-
tion [8] [9].

Taking that into consideration, educators and
researchers have noticed they could insert game
elements in the teaching/learning process. Hence,
many have studied the effects of their use in en-
gaging students [10] [11] [12] [13]. Despite all the
positive results, some studies suggest that gamifying
learning may not always be beneficial, advising
educators to use it with caution [14].

This research attempted to isolate and measure
the impact of one specific game element (leader-
board) on student engagement (completed assign-
ments) in short-length in-class programming activ-
ities. A total of N = 84 students were asked to
complete programming assignments that covered
the content of some of the modules of a Computer
Science undergraduate IP course that implemented
the mastery learning teaching method'. Among the
results from such experiments, it was verified that
intermediate students tend to solve more program-
ming problems because of the fact that a leader-
board is present.

II. BACKGROUND

Many researchers have studied the effects of the
use of game elements, or gamification, in a variety
of non-game contexts, among which, education.
Here, we cite some of the experiments and theo-
retical studies that have been done in recent years,
and relate them with this research.

In their paper, Fotaris et al. [16] present a quasi-
experimental study with a combination of instructor
feedback, real time sequence of scored quizzes, and

IThe mastery learning teaching method states that each student
must learn the current topic before moving forward to the next.
Hence, each student advances in the course at his/her own pace.
For more information on this educational approach, see Bloom
et al’s work. [15]

live coding. It uses the Kahoot! Classroom Re-
sponse System and Codecademy’s interactive plat-
form in an entry-level Python programming course.
Results from experimental gamified group were
better than the control group. One disadvantage was
that it was a small-scale study, such as this one.

Ibéafiez et al. [11] evaluated the learning effective-
ness and engagement appeal of a gamified learning
activity with focus on the C programming lan-
guage. Their study inquired which gamified learning
activities were more appealing to students. The
results of the evaluation showed positive effects on
student engagement toward the gamified learning
activities and a moderate improvement in learning
outcomes. Students reported different motivations
for continuing and stopping activities once they
completed the mandatory assignment.

Landers & Landers [13] studied the effect of
some aspects inherent in leaderboards in the context
of education, focusing on learner behaviour, time-
on-task, competition and goal-setting theory. Their
method consisted of assigning learners to complete
an online wiki-based project that had a gamified
version with a leaderboard and another without it.
The results showed that students with leaderboards
interacted 29.61 times more, on average, with their
projects. Bootstrapping was used to analyze the
academic achievement with the amount of time
invested on the task. Hence, it was demonstrated
that leaderboards can be used to improve learners’
performances, within certain circumstances. Our
study relates the the aforementioned paper, but with
focus on measuring in-class performance and a
mastery learning curriculum.

Besides that, Hanus & Fox [12] developed a
longitudinal study with students from two 16-week
courses, one of which received a gamified curricu-
lum and the other didn’t. They measured students’
satisfaction, motivation, effort, social comparison,
learner empowerment and academic performance at
four points during the courses. It was observed that
students from the gamified course presented less
motivation and satisfaction over time, aside from
worse final grades in comparison with the non-
gamified course. The paper demonstrates that it is
imperative that gamification be applied with caution



in education for it may present a negative impact.

Cheong et al [10] developed a gamified quiz
with leaderboards that were used by students in
Information Technology courses. A survey was also
applied, whose feedback was mostly positive. As
for the leaderboards, some students felt that the
competition was motivating, but there were students
that felt embarrassed for being in the last positions.
Therefore, this paper is important because it brings
awareness of good points and drawbacks of using
leaderboards in class.

Some of the aforementioned studies and others
concluded that the effects of gamification may not
be long-term [17] [18] [19] [20] [12]. Taking that
into consideration, this study tried to measure its
impact as a one-time approach. Furthermore, most
of the studies above mixed several game elements
[11] [12] [16]. As rich an experience that might
promote, this research had a different intent: to
isolate and measure the effect of a single game
element — the leaderboard — in a one-time in-class
activity over the term. Therefore, its contribution
is very specific and show whether the leaderboard
may be used as a sporadic tool to engage students
in-class, given a similar educational context.

III. METHODOLOGY

The research procedures aimed to collect data
that supports an answer to the following research
question:

RQ1: Can the introduction of a leaderboard lead
to engaging students to complete more program-
ming assignments in an introductory programming
class?

From which the following hypotheses were pro-
posed:

Hypothesisyl : The number of programming
assignments completed by a student in class is not
affected by the introduction of a leaderboard.

Hypothesis; 1 : The number of programming as-
signments completed by a student in class increases
with the introduction of a leaderboard.

A. Subjects and the undergraduate courses

The subjects that took part in the experiments
were portions of students enrolled in Computer

TABLE I: Samples’ Demographics

Trial Group Male | Female
I Control 15 3
Experimental 14 3
2 Control 25 1
Experimental 23 0

Science undergraduate IP courses, at a Brazilian
Public University. The first trial involved a total
of N; = 35 students, whereas the second had
Ny = 49. These students were from different terms
and did not overlap. Table I shows number of
voluntary participants, per gender, per group.

Because of the mastery learning approach, at the
time of each experiment, there were students that
ranged from being in the first unit to those who
had already completed all the ten modules (also
called units here). The first 3 units covered basic
programming concepts (simple programs, condi-
tionals), units 4-6 covered intermediate concepts
(for/while loops and functions), units 7-10 cov-
ered more advanced topics (data structures such
as arrays, lists, matrices, and maps). The adopted
programming language was Python 2.7. In the
IP courses at hand, students were submitted to a
weekly mini-test in order to be able to advance in
the units. Therefore, students’ partial grades were
directly related to which unit they were at. Figure
VII shows the distribution of students’ units per
group before the first and second experiments.

In order to make groups equal, students were ran-
domly assigned to both groups taking into consid-
eration each student’s latest completed unit a week
before the experiment. A script was developed in or-
der to randomly assign students to their groups. The
sample was divided into & = 1 4 3,322(log10n)
classes (Sturges formula) [21]. In the formula, n
= total number of students expected to participate.
The script made sure there was an equal amount of
students in all k classes, by randomly reassigning
them until this condition was met, in the control and
experimental groups, respectively. The distribution
of students is presented on Table II.
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Fig. 1: Boxplots of students’ unit completion before

experiments per group.

TABLE II: Statistics for students’ completed units
before both experiments

Number of completed units
Trial Group Mean | Median Star}dqrd
eviation
1 Control 5.56 6 1.20
Experimental 5.29 6 1.05
9 Control 5.00 4 2.38
Experimental 4.22 3 2.04

A Wilcoxon rank sum test®> [22] [23] with con-
tinuity correction was performed for each trial to
compare the number of units completed before
the experiment in each group (control and exper-
imental). The null hypothesis stated that groups
were equal in relation to unit completion before
the experiments. The p-values obtained in the tests

2This is a non-parametric test alternative to the t-test that only
requires that the groups being compared be independent and does
not rely on a specific distribution.

presented on Table III are above @ = 0.05 and
failed to refute the null hypothesis. Therefore, the
samples were technically equivalent, assuming the
unit completion as a measure of technical knowl-
edge obtained in the IP course.

TABLE III: Wilcoxon rank test comparing number
of completed units per group, per experiment.

Trial W P-value 95% CI
1 179 0.3681 0.00 | 1.00
2 366.5 0.1625 | 0.00 | 2.00

B. The leaderboard and length of the activity

The leaderboard consisted of a table with stu-
dents’ positions, photos, names, followed by each
one’s number of problems solved and was pro-
jected publicly visibly on the laboratory’s wall. The
students were ranked by the number of problems
they had solved. The positioning was cumulative,
meaning that the if K students had solved the same
amount of problems, they would all be on the same
i-th position; whereas, the students that solved the
number of questions immediately below, would be
in 7+ K-th position. This rule held for all positions.
The subjects were asked to remain in the laboratory
for at least 90 minutes, trying to solve the pro-
gramming problems. After this period, they could
leave if they wanted to. The extra time granted to
problem-solving was extended on demand. The first
experiment lasted 120 minutes, whereas the second
lasted 160 minutes. Students would be blocked from
the system if they decided to leave early, or when
the experiment reached its end.

In order to mitigate the unpleasantness of being
in the last positions, the leaderboard only showed
students in the first positions for most of the time.
However, if a specific student was curious about
his/her position, the leaderboard would be scrolled
down briefly so he/she could see his/her status. Fur-
thermore, the only criteria for positioning was the
amount of assignments they completed. Since there
were many assignments available, even beginner
students could try and reach fairly high positions by
solving the easiest problems over the limited time
they had.



C. Metrics

To evaluate the effectiveness of the insertion of
the leaderboard in the students’ performances, the
following metrics were taken into consideration:
number of problems solved in the experiments; stu-
dent latest unit completion log before experiments;
categorical variable that indicates the insertion of a
leaderboard in the activity.

IV. RESULTS

The experimental group completed statistically
more coding tasks than the control group. The box-
plots of Figure 2 show the distribution of number of
problems solved in both experiments. They visually
indicate that a good portion of both experimental
groups solved more programming problems than
students from control groups.
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Fig. 2: Box-plots of number of completed assign-
ments per group for each experiment.

On Table V, the means and medians of number
of solved problems give a first numerical hint that

the experimental group performed better on both
trials. The first experimental group solved 3.08
(48.7%) more programming problems than its re-
spective control group. On the second experiment,
the experimental group solved 2.53 (32.56%) more
programming problems than the control group, on
average.

To verify that the number of completed units
before the experiment was a good measure of
technical skills for the task given, a Pearson Cor-
relation Coefficient was calculated to compare unit
completion and number of assignments completed
in the experiment.

TABLE 1V: Variances, Pearson Covariances and
Correlation Coefficients in relation to number of
Completed Units before experiments and Com-
pleted Assignments in the experiments.

Trial | Group | Variable | var(X) Cov. Cor.
Both [0 L 122 | 1634 | 0325

b ocal ol LIS F 67 | 0366
Exp. g:g: 213'9]9362 2184 | 0.434

Both [ L SO | 5056 | 0508

2 | cm g L2080 T osa | os00
Exp. g:g: 149' .119%‘ 6431 | 0712

TABLE V: Statistics for students’ number of prob-
lems solved on experiments

Number of problems solved
Trial Group Mean | Median gtar.ldqrd
eviation
| Control 6.33 5 3.71
Experimental 9.41 8 4.81
2 Control 7.77 7 4.53
Experimental | 10.30 10 4.41

A. Hypothesis Test

Knowing that the samples were technically equiv-
alent, as demonstrated in Section III, another
Wilcoxon rank sum test was performed for each
group to determine whether the number of com-
pleted assignments was affected by the presence of
the leaderboard. The results from this test may be



TABLE VI: Results Wilcoxon rank sum tests in
relation to completed assignments in both experi-
ments.

Trial | W | P-value |  95% CI Diff. in

Location
T[0T | 0042 | 600 [ 0.00 | -3.00
> 198 | 0.043 | 000 [ 2.00 | 300

seen on Table VI. The P-value calculated on both
experiments is below a = 0.05, and refute the
null hypothesis (Hp1). The column with difference
in location had a value of —3 for both trials and
represents the median of the difference between
samples from the control group and respective sam-
ples from the experimental group, indicating that the
control group performed worse than the equivalent
experimental group.

B. Bootstrap and blocking

In order to investigate in greater detail which
type of students were mostly affected by the lead-
earboard, students from each trial were divided
into three categories (blocks), according to unit
completion data. More formally, let S be the set
of all students that participated in the experiments
and x be a specific student, such that z € .S; and let
A, B, C, be subsets of S, as defined in Equations
la—Ic.

{reA| 7<wu; <10} (1a)
(zeB|4<u; <7} (1b)
{zeC|0<u <4} (1c)

Where wu; represents the i-th student’s latest
completed unit before the experiment (value from
0 to 10). With that, students were divided into
3 categories: beginner, intermediate and advanced.
Table VII shows the number of students per group
of each category, for each trial, indicating that most
of the categories were numerically equivalent.

Bootstrap [24] [25] was applied to each block
of the collected samples, independently, being re-
sampled 10000 times, with replacement. For each
resampling, the mean of number of problems solved
per student was calculated for each group (control

TABLE VII: Number of students per class, category
and experiment.

Number of students per group

Trial | Class Control | Experimental | Total

A 3 1 4

1 B 13 15 28
C 2 1 3

Total 18 17 35

A 9 3 12

9 B 7 7 14
C 10 13 23

Total 26 23 49

and experimental) and subtracted, as expressed by
Equation 2.

nSolDif, = nSolCtrl; — nSolExprtl,  (2)

Where, ¢ = 1,2, 3, ..., 10000, and represents the
i-th iteration of resampling made on each block by
the bootstrap technique, and:

e nSolDif, is the i-th difference of means.

e nSolCtrl; is the i-th mean calculated for the
i-th sample of the control group.

e nSolExprtl; is the i-th mean calculated for
the i-th sample of the experimental group.

After that process, a confidence interval (of 95%)
was calculated and depicted in Figure 3. Since the
number of students of categories A and C from
the first sample were too low, bootstrap was not
performed for these categories.

V. SURVEY

In the second experiment, when each student
decided to leave after the 90-minute time-lapse,
he/she would be asked to answer a survey on his/her
experience and opinion on gamified educational
environments. In the control group, this was done
without notifying the subjects still participating in
the activity. The intent here was to investigate the
students’ feelings towards gamified education and
is some evidence of how they would take further
gamified educational approaches, if they were to be
reintroduced.

A total of 40 students decided to answer it. One
of the questions was, "How would you evaluate
the impact of the insertion of game elements in
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Fig. 3: Confidence Intervals (95%) generated by
bootstrap of differences between the mean of the
number of problems solved by the Control and
Experimental group, per class of student, for each
experiment, as defined by Equation 2.

the educational context?”. From those, 25 (62.5%)
students chose the Excellent option and 15 (37.5%)
chose the Good option. There were three other
options: There is no relevant impact; Bad; and
Other(s), but none of the students chose any of these
options.

When asked whether they preferred traditional
or gamified courses: 32 (82.1%) opted for gami-
fied courses, 2 (5.1%) preferred hybrid courses, 2
(5.1%) opted for traditional ones, 2 (5.1%) didn’t
opine alleging lack of experience, and 1 (2.6%)
answered that depended on the course.

The great majority 29 (72.5%) indicated that had
great experience with games, 5 (12.5%) had moder-
ate experience with games, whereas the remaining
6 (15%) had little or no experience with games.

When asked about previous experience with gam-
ified educational platforms: 11 (27.5%) said they
had great experience, 15 (37.5%) said it was mod-
erate, 11 (27.5%) had little or no experience, and 3
(7.5%) did not answer this question.

Finally, when asked about what they thought
about the use of game elements in Education, some
of the answers commented that gamification “can
help learning”, “’increases interest and dedication”,
“motivates students to compete and learn as a
consequence”, “that it is more engaging than tradi-
tional methods”, ’that games present, in a beautiful,
fun and artistic manner, the most diverse sorts
of knowledge”, that it is a smart strategy”, and
“that competitiveness is sure the most motivating
factor”. Nonetheless, some answers drew attention
that ”some students may focus on the game itself
and forget about other traditional learning methods,
advising the gamified method to be used as a
complement”, and that “the excessive use of games
for learning would rather be inefficient”. Only one
woman answered this survey. She said she loved
games and had extensively played them over her
life, but had had less time for them after the
university began. She also mentioned she preferred
gamified courses and highlighted that she enjoyed
the challenges they present.

VI. DISCUSSION

The data extracted from both experiments showed
overall positive performance results in favor of
students in the experimental groups. The Pearson
Correlation Coefficients of Table IV that relates the
number of Completed Units before the experiments
and Assignments Completed in the experiments are
above 0.325 in all scenarios, indicating a positive
linear correlation. Hence, it seems like a plausible
metric to verify that groups were technically similar.
A curious effect that was noticed was that the
coefficients obtained by the experimental groups
were higher than their respective control groups,
leading to an interpretation that the leaderboard
increased the positive linear correlation of the stu-
dent’s current unit and the amount of exercises they
solved, reaching a strong correlation in the case of
the second experimental group (0.712).



In Section IV-B, the subtraction of solved prob-
lems’ means of both intermediate categories were
always negative, meaning that students from the
experimental group in this category performed sig-
nificantly better (95% confidence) than the ones in
the control groups, implying that the leaderboard
had a real effect on students from this category.
However, these intervals for the beginner and ad-
vanced students (categories A and C) crossed zero,
which means that we can’t infer a real impact from
the leaderboard on these students.

One explanation for the significance in the effect
on intermediate students is hypothesized to be due
to the fact that intermediate students have enough
knowledge to solve a considerate number of prob-
lems, but lack interest in solving exercises voluntar-
ily. However, the competitiveness presented by the
leaderboard possibly increased their engagement to
use their technical skills to actually solve problems
as to fulfill their desire to reach better positions in
the leaderboard; whereas intermediate students that
are not in a competition don’t feel that motivated
to try harder.

Concerning the lack of significance of impact on
engagement on higher grade students is possibly
due to the fact that excellent students are normally
inherently motivated to solve problems with or
without competition; but it may also be due to the
small sample from this category of students.

In turn, beginner students performed equivalently
in both groups. We reason that even if they wanted
to surpass their classmates to reach better positions
on the leaderboard, they had insufficient technical
knowledge to solve many problems. This fact makes
one consider a leaderboard design according to
which students in the last positions be hidden from
public view. This might motivate them into trying
to solve more problems, without demotivating them
for not being in good positions.

Finally, this research assumes that these results
could also be due to the one-time aspect of the
approach, possibly presenting lower or even neg-
ative impact on engagement on the long term; or
due to the small sample size (N = 84). Those
concerns, however, are to be left to future studies.
The main contribution of this paper is showing that

a leaderboard within the proposed design may be
used at least once in an undergraduate IP course
with similar context in an attempt to increase stu-
dent engagement in-class.

VII. THREATS TO VALIDITY

Overall, herein presented results are positive, but
some threats to validity are worth mentioning, such
as: small sample (/N = 84); instruction to do as
many exercises as possible could be responsible
for increased performance, even though activity
didn’t account for any grades; some students were
absent or didn’t want to participate, leaving certain
technical unbalance; factor of novelty could be
responsible for greater impact on students’ perfor-
mances, for the leaderboard hadn’t been used before
experiments; results for short length activities may
not hold or be greatly diminished on the long term
as other studies suggested [17] [18] [19] [20] [12];
and other ignored factors could have had influence
on performance.

VIII. FUTURE WORK

There are many factors, game elements, and dif-
ferent contexts that could be further investigated. As
a continuation of this work, we expect to implement
richer gamified educational environments with other
game elements such as badges and collaborative
experiences and report impact on performance of
Computer Science students. Aside from that, instead
of short-length experiments, a longitudinal approach
could assess the effect of game elements on the
long-term.
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