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Abstract. Understanding how each game element in isolation affects learners’
motivation and contextual factors’ moderator effects is needed to improve gam-
ified interventions. Thus, this paper explored the impact of one of the most used
game elements - Competition - on motivation and whether task-related contex-
tual factors (e.g., familiarity with the task’s subject) moderate that impact. In
a within-subject quasi-experimental design, graduate students from an Artifi-
cial Intelligence course created a reflexive intelligent agent for a console-based
fight simulator in a non-gamified condition. Then, they improved their agents
to compete against their peers’ agents (gamified condition). Based on motiva-
tion levels measured in both conditions, we found that Competition was posi-
tive for students and that task-related contextual factors influenced that effect.
Therefore, suggesting i) Competition alone can be positive for motivation and
ii) contextual moderators should be considered in defining gamified designs.

1. Introduction
Gamification is the use of game elements outside their original context
[Deterding et al. 2011]. Whereas its overall effect is positive, some stud-
ies show uncertain and negative findings (e.g., demotivation and disengage-
ment), with gamification designs often blamed for these undesired outcomes
[Koivisto and Hamari 2019]. Although scholars have presented approaches to aid
that process (e.g., [van Roy and Zaman 2017, Toda et al. 2019a]), two main problems
arise from this context. First, as approaches often lead to designs featuring multiple
game elements, it is unclear which game element is actually causing the outcomes
(positive or negative), and to what extent each one is contributing [Mekler et al. 2017].
Second, which factors moderate gamification’s success are not completely defined,
demanding studies to better understand pre-determinants of gamification’s effectiveness
[Sailer and Homner 2019].

Furthermore, in the context of gamification, the Competition element1 is one of the
most used in gamified environments and it is recommended for males [Klock et al. 2020].
Motivation is often considered the psychological outcome sought by gamification
[van Roy and Zaman 2017] and context has been discussed as a moderator of gamifica-
tion’s success [Liu et al. 2017], with activities/tasks being a central part of the context

1As discussed by [Toda et al. 2019b], we consider Competition a game element that might be repre-
sented by, for instance, a leaderboard or player-to-player conflict.
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[Savard and Mizoguchi 2019]. Hence, the purpose of this paper is to verify the effects
of Competition and task-related factors on users’ motivation. Given that gamification is
often expected to affect user motivation, contextual data are likely to moderate that effect,
and the aforementioned problems, we sought to answer (RQ1) how does Competition
affect learners’ motivation? and (RQ2) how do task-related factors moderate Competi-
tion’s impact on learners’ motivation?.

Compared to previous research, this study is different in two points. First,
whereas most studies implement Competition as leaderboards (e.g., [Chan et al. 2018,
Mekler et al. 2017]), we implemented it as a player-to-player (PvP) competition, which
avoids having learners down in the leaderboard as the competition occurs amongst
them. Second, studies evaluating Competition’s impact often analyze moderators
linked to users’ characteristics (e.g., [Landers et al. 2019, Papadopoulos et al. 2015]),
whilst we explore those related to the task, guided by literature research agenda
[Hallifax et al. 2019, Rodrigues et al. 2019, Liu et al. 2017]. Thus, this study contributes
by analyzing the impact of a single game element (i.e., Competition) on learners’ moti-
vation and investigating how task-related factors (i.e., those related to the gamified task)
moderate that effect.

Moreover, we link gamification on practice to theory by exploiting [Pink 2011]’s
theory when discussing the Competition’s as well as the moderator’s impacts and motiva-
tion. This author advocates intrinsic motivation is preferred over the extrinsic one. Intrin-
sic motivation relates to pleasure from the activity itself and extrinsic motivation relates
to pleasure from what one receives in exchange for performing the activity [Pink 2011]. It
might be split into external and identified regulations, the former relates to behaviors orig-
inated by interests in rewards and the latter relates to performing an activity due to its end
(e.g., possible rewards) but assuming it as valuable and chosen by oneself. Amotivation
relates to no intention in performing a task [Guay et al. 2000]. [Pink 2011] also proposes
achieving intrinsic motivation is based on autonomy (i.e., freedom to do as desired), mas-
tery (i.e., become better at something relevant), and purpose (i.e., a cause/reason).

2. Study

The goal of this study was to analyze the impact of Competition on different mo-
tivation types and how task-related factors moderate this impact. To achieve this
goal, we performed a within-subject quasi-experimental study following the one fac-
tor with two treatments design. Treatments were a gamified condition, implemented
through the Competition game element [Toda et al. 2019b], and a non-gamified condi-
tion. To compare conditions, we used a within-subject (paired) design that, according
to [Wohlin et al. 2012], improves the experiment precision. Thus, there was no random
assignment, characterizing a quasi-experiment. We also aimed to analyze it within a real
learning setting (i.e., a real class), then, by convenience sampling, we recruited students
from a graduate course where we were allowed to perform the study. Artificial Intelli-
gence (AI) was the class’ topic, in which students were introduced to Python program-
ming language, AI itself, and intelligent agents types. Subjects were 15 Brazilian males
with an average age of 31 (±8.43) years. All of them agreed to participate in the study
and were in accordance with the use of their (non)personal data for research ends.

In the study task, participants worked with a console-based fight simulator, which
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was developed specifically to be used as a learning resource in the course this quasi-
experiment was performed. As the quasi-experiment was performed in an introductory
AI class, its tasks concerned developing the simplest intelligent agent type, a reflexive
agent, which is a kind of agent that chooses actions based on its current perception of the
environment [Russell and Norvig 2010]. Subjects were provided with a random reflexive
agent that they could use to test their agents’ performance and with instructions on which
actions their agents could use. Then, the quasi-experiment’s tasks were accomplished in
the learning resources developed for the course. At first (Task A), participants were asked
to implement their agents by analyzing the environment and selecting which action to do.
All other functionalities were provided (e.g., simulating the fights and updating the envi-
ronment based on agents’ actions). No gamification was deployed in Task A as we do not
consider fighting to the random agent a competition because learners were not consider-
ing competing or in conflict with another person [Toda et al. 2019b]. Thereafter (Task B),
participants were required to improve their agents compared to the version developed in
Task A. As such task is unlikely to be motivating to the students, and code improvement
is necessary in many cases, so improving the motivation for this task is valuable.

The condition manipulation was performed by deploying a PVP unplugged com-
petition [Toda et al. 2020] in Task B. Choosing this game is recommended to our male
sample [Klock et al. 2020]. Right after participants finished Task A and before they
started Task B, subjects were warned that the result of the task would be competing with
their peers (i.e., fighting against other subjects’ agents). This inserts participants into
a competitive environment as they readily internalize they are performing a task with a
competitive end [Toda et al. 2019b]. Henceforth, adding an unplugged gamification de-
sign into the task by inciting a PVP competition, exposing all participants to conditions
with and without gamification to allow us to evaluate whether the Competition game ele-
ment impacts their motivation.

To measure motivation, we used the Situational Motivation Scale (SIMS)
[Guay et al. 2000] because it captures subjects’ motivation while performing a learn-
ing activity and assesses intrinsic, identified, external, and amotivation. Also, it is psy-
chometrically validated and has been widely used and cited in the literature. Further-
more, unlike most related works, we evaluated task-dependent factors as possible mod-
erators. In that sense, analyzing users’ previous knowledge contributes to understand-
ing the effect of context-related moderators as the activity is fundamental to the context
[Savard and Mizoguchi 2019]. Accordingly, given that participants worked with AI in the
Python programming language, we assessed their self-reported familiarity with these as-
pects, which were all approached in the class: AI, programming, and Python. These data
were measured in five-point Likert-scales. Hence, allowing us to collect contextual data
related to the task they would perform. Table 1 demonstrates the sample’s percentages in
each familiarity degree for each measure.

Table 1. Participants’ contextual-factors (five-point Likert scale), shown as N(%).

Familiarity with 1 2 3 4 5
Programming 0 (0.00) 1 (0.07) 3 (0.20) 7 (0.47) 4 (0.27)
Python 2 (0.13) 9 (0.60) 2 (0.13) 1 (0.07) 1 (0.07)
AI 6 (0.40) 6 (0.40) 2 (0.13) 1 (0.07) 0 (0.00)
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The study was conducted in six steps. First, learners self-grouped into groups of
three to discuss the activity. We adopted this approach because the study concerns the last
activity students performed at the course’s first class (after roughly 6 hours of learning,
without considering the intervals) and we wanted to foster collaborative learning (e.g., ex-
changing knowledge, opinions and/or strategies regarding the activity itself, the program-
ming language, and the programming approaches they could adopt during the tasks), as
well as get to know each other, which is facilitated by this kind of grouping intervention
[Swaray 2012]. The remaining steps were accomplished by each student individually.
Second, each participant completed the contextual info questionnaire. This was neces-
sary to provide data to analyze the possible moderation effect of contextual, task-related
factors on Competition’s impact. Third, they had to perform Task A, which was the ac-
complishment of the first part (control condition) of the within-subject design2. Fourth,
subjects completed the SIMS (i.e., pre-test, the first part of the paired comparison). Fifth,
they had to perform Task B, the second and final part (experimental condition) of the
within-subject design as we were analyzing two conditions only. This was the gamified
task as participants performed in within the unplugged PVP competition previously intro-
duced. Sixth, students completed the SIMS again (i.e., post-test, the second part of the
paired comparison) right after finishing Task B. The reliability of participants’ answers
(Cronbach’s alpha α ≥ 0.7) was adequate for all motivation types.

Lastly, for data analysis, we analyzed paired measures’ difference to evaluate
Competition’s impact following the suggestion by [Wohlin et al. 2012]. This difference
was calculated subtracting the pre- from the post-measure, which yields higher values for
larger impacts, and vice-versa. Due to our reduced sample size, we chose not to perform
inferential statistical tests as those would have no power to yield reliable results. Con-
sidering our quasi-experiment context (N = 15; paired), a large effect size (ES; ≥ 0.8)
would be needed for a t-test to achieve the usual 0.8 power (Calculated using the pwr
package from R) under the standard 0.05 significance level; similar for an ANOVA to
assess moderations. However, gamification’s effects mostly range from small to moder-
ate [Sailer and Homner 2019], and the evaluation of moderator effects was exploratory.
Therefore, we used descriptive measures (mean (M); standard deviation (SD); and ES)
for data analysis, especially considering ES is sample size-independent, unlike inferential
tests [Wohlin et al. 2012]. To calculate ES, we used Hedge’s g, which is recommended
over Cohen’s d for small samples, such as in this study’s case [Ellis 2010].

3. Results
Overall, subjects reported high levels of intrinsic and identified motivation (> 6), indif-
ferent levels of external motivation (± 4), and low levels of amotivation (± 2), as shown
in Table 2. Additionally, the impact of adding Competition to the tasks the participants
performed was small (between |0.14| and |0.27|) [Ellis 2010] for all motivation types.
However, the difference’s standard deviations in Table 2 suggest that either the motiva-
tion change was positive or negative depended on the subject. Hence, reinforcing that
one gamification design for all (one-size-fits-all) is unlikely to be completely successful,
demonstrating the need for understanding what factors moderate/pre-determine gamifica-
tion effectiveness [Koivisto and Hamari 2019]. We approach this need by analyzing the

2Note that the subjects experienced the control condition first because once a subject experience a gam-
ified condition, they cannot be readily ungamified [Thom et al. 2012].
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impact of subjects’ familiarity with aspects related to the activities’ context, in accordance
with literature suggestions [Hallifax et al. 2019, Liu et al. 2017].

Table 2. Descriptive statistics (SD: Standard Deviation) for each motivation type.

Intrinsic Identified External Amotivation
Mean SD Mean SD Mean SD Mean SD

Pre 6.10 1.08 6.03 0.97 3.63 1.52 2.25 1.42
Post 6.30 0.70 6.28 0.80 3.85 1.37 2.03 1.55
Difference 0.20 1.39 0.25 1.37 0.22 2.24 -0.22 2.41
Effect size 0.21 - 0.27 - 0.15 - -0.14 -

Figures 1 to 4 present participants’ motivation changes for intrinsic, identified,
external, and amotivation, respectively, grouped by their familiarity degree for the three
moderators (programming, Python, and AI). Colors are used to represent specific degrees
(e.g., yellow for two) along the X-axis, independent of the moderator, and boxes repre-
sent the distribution of motivation changes for participants within that group. The Y-axis
represents the extent of the change. Next, as these analyses are exploratory, we discuss
findings and rise some hypotheses on possible reasons for them based on the motivation
type’s definition and [Pink 2011]’s theory.

For intrinsic motivation (Figure 1), our findings suggest previous general pro-
gramming familiarity had the highest impact. Users with less familiarity (< four) were
demotivated by competition, whereas roughly all of those with higher familiarity reported
increased intrinsic motivation. Similarly, those with the highest AI familiarity (three and
four) presented higher intrinsic motivation gains than other subjects, although the small
difference and the overlap with those that reported two. We speculate that participants’
background supported them in feelings of mastery, therefore, increasing their desire to
do so for no reason besides themselves. On the other hand, familiarity with Python on
intrinsic motivation changes appears to have a U function. Possibly, those with some
to moderate experience (two and three) felt the activity was not challenging enough (no
purpose) whereas those with none (i.e., one) or more than moderate (four and five) were
motivated to do so by themselves either to try to achieve or because already felt mastery.

Figure 1. Intrinsic motivation changes per contextual factor.

For identified motivation (Figure 2), it is possible to note a roughly U function
on Python experience as well. A possible reason is those around the middle not being
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interested in the outcomes of the competition due to their moderate familiarity (e.g., no
purpose), while those with the smallest and the two highest familiarity scores were con-
cerned with either improving or showing up their skills seeking for acknowledgment (i.e.,
external reward; mastery). In terms of AI familiarity, a weak positive association appears
to exist from this factor to identified motivation gains, in which those that reported higher
familiarity also reported higher gains. Regarding programming familiarity, the results
show those with high familiarity (four and five) reported positive changes whereas the
others’ reports demonstrated a decrease. In the last two cases, it might be that learners
with more familiarity assumed they had to perform better in order to show their skills
(external reward), or that they felt more confidence and interest in achieving the competi-
tion’s outcomes compared to the remaining subjects (external reward; mastery).

Figure 2. Identified motivation changes per contextual factor.

For external motivation (Figure 3), those with high levels (four or five) of famil-
iarity in both Python and AI were highly demotivated. A hypothesis for that is those
subjects were confident in their skills or were not afraid of possible punishments (no pur-
pose). In addition, for AI familiarity, overall motivation practically did not change for
those with moderate familiarity or less (< four), which might be that the lack of this skill
had no effect on learners’ external regulations. For Python familiarity, from one to three
it is possible to identify a positive association to motivation gain, a cue that as learners’
familiarity approached a moderate point, their motivation also increased. Contrary, from
programming familiarity two to four, a negative association is shown, which might be
because as the more the participants were familiar with programming, the less they cared
about external regulations (loss of purpose).

For amotivation (Figure 4), it appears that subjects with moderate or higher famil-
iarity with AI were not affected by competition whereas the less their familiarity in this
factor the more their amotivation decreased. This is similar to the results for Python fa-
miliarity, with exception to those in the middle point (i.e., three). Probably, Competition
helped to foster interest in performing the activity for those that were not interested due
to their lack of background on the previously mentioned factors (purpose; mastery). For
the aforementioned exception, it might be that those subjects are not interested in com-
petition itself (no purpose) or that their moderate familiarity led to discouragement (no
mastery), therefore, demotivating them to perform the task. On the other hand, in terms
of programming familiarity, those with high levels (four and five) presented decreased
amotivation whereas the remaining became more amotivated with the competition, which
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Figure 3. External motivation changes per contextual factor.

possibly emerged as those with more background were more confident whilst the others
felt insecure (mastery).

Figure 4. Amotivation motivation changes per contextual factor.

In summary, these findings suggest that Competition positively affected users’
motivations, especially the intrinsic and identified ones (RQ1), and that the task-related
factors influenced such effect, increasing and decreasing participants’ motivation change
depending on their affinity level (RQ2). Next, we further discuss these findings.

4. Discussion
According to our results, Competition has an overall small positive effect on learners’
motivation, decreasing their amotivation whilst increasing intrinsic, identified, and ex-
ternal motivations (RQ1). This finding corroborates those of a recent meta-analysis of
gamification on education, indicating gamification has overall small impacts on moti-
vational outcomes [Sailer and Homner 2019]. Those are valuable findings for educators
as the motivation types influenced the most (i.e., identified and intrinsic) are related to
autonomous motivation, which is discussed as the ideal motivation type to education
[van Roy and Zaman 2017].

Furthermore, although the average impact was positive, the effect on some learners
was more than small (positive), for others were none, and for others was negative. These
findings also corroborate indications that gamification designs should consider people’s
characteristics [Liu et al. 2017] as research has shown, in different contexts, the impact
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of individual characteristics [Rodrigues and Brancher 2019, Hallifax et al. 2019]. Hence,
reinforcing the need for providing personalized gamified interventions to improve gami-
fication effectiveness whilst preventing it from delivering undesired outcomes.

Also, our findings tackle a perspective of gamification studies that demand re-
search and that has increasingly attracted researchers attention: the analysis of pre-
determinants related to the context (operationalized as the activity in this study; RQ2)
[Koivisto and Hamari 2019, Savard and Mizoguchi 2019]. We found the task-dependent
factors we assessed moderated Competition’s effect on learners’ motivation in varied
ways: AI familiarity appears to have no overall impact; more familiarity with general
programming appears to slightly improve motivation, except that it decreased external
motivation for those with high familiarity; and the familiarity with Python programming
language showed a U function impact on autonomous motivation and, for external and
amotivation, a positive effect up to moderate familiarity with a decrease thereafter.

These findings are valuable to inform both researchers and practitioners. They
contribute to the knowledge on how a specific game element impacts different types of
motivation, which is the main psychological aspect scholars argue gamification seeks to
affect. Hence, these results can be used to inform the design of gamified interventions
by suggesting that even the isolated use of competition can lead to motivation gains, as
suggested by previous research [Landers et al. 2019]. Furthermore, the insights can be
used to inform research on personalized gamification in terms of how Competition worked
for our sample and the hypotheses we raised for context-related moderations, exploiting
[Pink 2011]’s theory, can be analyzed in future studies.

4.1. Limitations and Threats to Validity

This study has some limitations and threats to validity that must be considered. Con-
cerning the sample, our findings are based on a small, homogeneous one, which reduces
findings generalization; however, it was necessary to improve the study by performing it
in a real class due to the costs involved. Additionally, participants’ gender might have
affected gamification’s effects as all participants were males and given that the Competi-
tion game element was selected accordingly. Nevertheless, Competition might not work
even for males - as our findings suggest - and while participants of a single gender limit
findings generalization, it reduces the possible confound of multiple genders. Concern-
ing the intervention, participants were just introduced to the gamified (i.e., Competition)
context, weakening our understanding about to what extent the improvements would last,
despite it is not clear whether the novelty effect plays a role in gamified environments
[Sailer and Homner 2019]. However, competition is something people are often exposed
to in their daily lives, mitigating this limitation. Concerning the instruments, the gamifi-
cation design was not defined based on any gamification framework because of the study
goal. Rather than following a framework to choose the gamification design, we deliber-
ately implemented an ad-hoc PVP competition [Toda et al. 2020] to identify its effects,
which can inform choices of those following some framework based on the effects found
on our study sample and context. Furthermore, although we selected a psychometric val-
idated scale to measure motivation, its language (English) is different from that of the
participants, which is mitigated because participants belong to a field study that often
interacts with English and studied it in high school.
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5. Concluding Remarks

This paper analyzed the impact of the Competition game element on the motivation of
learners from a graduate AI class. Mainly, we found using Competition positively affected
a specific population (which may provide some guidelines to educators, designers, and de-
velopers on how to use Competition to achieve better results) and indication that learners’
familiarity to task’s topic, which concerns contextual characteristics, is likely to moder-
ate gamification’s effectiveness. Hence, contributing to the scarce literature on analyzing
the students’ motivation based on isolated game elements, as well as how context-related
factors moderate gamification’s success, besides using a design that can be replicated in
other studies to further analyze this and other game elements.
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sider for tailored gamification. In Proceedings of the Annual Symposium on Computer-
Human Interaction in Play, CHI PLAY ’19, page 559–572.

Klock, A. C. T., Gasparini, I., Pimenta, M. S., and Hamari, J. (2020). Tailored gamifica-
tion: A review of literature. International Journal of Human-Computer Studies.

Koivisto, J. and Hamari, J. (2019). The rise of motivational information systems: A
review of gamification research. International Journal of Information Management,
45:191–210.

Landers, R. N., Collmus, A. B., and Williams, H. (2019). The greatest battle is within
ourselves: An experiment on the effects of competition alone on task performance.
International Journal of Human-Computer Studies, 127:51–61.

Liu, D., Santhanam, R., and Webster, J. (2017). Toward meaningful engagement: A
framework for design and research of gamified information systems. MIS quarterly,
41(4).

IX Congresso Brasileiro de Informática na Educação (CBIE 2020)
Anais do XXXI Simpósio Brasileiro de Informática na Educação (SBIE 2020)

469
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