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Abstract: Gamification is commonly defined as the use of game design elements in non-game
contexts. Compared with the traditional lecture-based class, a gamified class is commonly seen
as more engaging and joyful. Anecdotal reports suggest that students perceive the use of
gamification positively. But does gamification really improve student learning performance?
The conflicting results reported in previous studies make the decision to support (or to dismiss)
the use of gamification in education difficult. This meta-analysis examined the overall effect
size of gamification on student learning performance in the contexts of information science,
computer and engineering education. Thirteen studies employing between-subject designs that
compared the effects of gamified versus non-gamified courses on student learning performance
constituted the current sample. Results using the random-effect model revealed a significant
small effect of gamification on students’ learning achievement (Hedges’s g =0.36, CI=0.006 —
0.714, p = 0.046). Results of various moderator analyses were discussed. Suggestions regarding
the selection and use of the game design elements were provided. We conclude that the use of
gamification results in higher learning gains compared with the non-gamified courses within the
contexts of information science, computer and engineering education.
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1. Introduction

Gamification is widely described as the use of game design elements in non-game contexts (Deterding,
Dixon, Khaled, & Nacke, 2011). Game design elements are the basic building components of
gamification and the common game design elements include badges, challenges, leaderboard/rank,
levels/unlock, storyline, points, progress bar (Sailer et al., 2017).

Gamification shows a natural relation with information science, which has developed from an
entertainment-oriented technology only for productive aims into mainstream in information science
domain (Koivisto & Hamari, 2019). Despite the increasing demand of the market, software engineering
and computer science disciplines (e.g., programming) present a high dropout rate in schools
(Narasareddygari, Walia, & Radermacher, 2018).

Hitherto, recent reviews show that empirical studies on gamification in information and
computer science education have markedly surpassed other subject disciplines (Dicheva, Dichev, Agre,
& Angelova, 2015; Subhash & Cudney, 2018). However, findings that emerged from the use of
gamification in the field of information, computer and engineering education have been mixed. For
example, on one hand, Marin et al. (2019) stated that the effect of gamification to teach C programming
is encouraging since students earned higher marks when the gamified platform was used. On the other
hand, De-Margos et al. (2017) reported that gamification failed to improve student learning compared
to the control group. Students in the control (non-gamified) group obtained significantly higher scores
in the final exams compared to the gamified group. This therefore leads us to an important question:
“Does gamification indeed improve students learning outcomes or it is merely a hype”?
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2. Literature Review
2.1 Previous Reviews

In this section, we briefly reviewed information, computer and engineering education literature in
recent years (2010-2018). So far, only several narrative syntheses have been published.

Souza, Veado, Moreira, Figueiredo, and Costa (2018) conducted a systematic mapping study to
identify what game-related methods had been used to support software engineering education.
Leaderboards, points, and levels were found to be the most frequently used game elements. No
guantitative analyses of effect sizes were reported.

Gari, Walia, and Radermacher (2018) examined 16 studies in computer programming and
software engineering education. The researchers found that badges, points and leaderboard were the
most commonly used game elements. The main findings of each study were summarized. However,
similar to other previous reviews, this review did not present any quantitative analyses of the studies’
effect sizes.

Narasareddygari et al. (2018) reviewed 16 empirical studies in software engineering and
computer science education disciplines. The authors counted the frequency of most used game elements
and summed up the benefits of gamified learning in each study, then some suggestions for the design of
learning environment were provided. However, neither effect sizes to substantiate the effectiveness of
gamification nor synthesis of key elements for a successful gamified class were presented. The review
just summarized results from each study.

2.2 Contribution of the Present Study

We contributed the present meta-analysis examining the effectiveness of gamified class on student
academic performance compared to non-gamified class. A meta-analysis, which integrates the results of
several independent small studies, can provide a more precise estimate of the effect of an intervention.
Meta-analyses can also determine the strength of the effect, establish whether the direction of effect is
positive or negative, and examine possible sources of variation, or heterogeneity among studies. The
research question was: “What is the effect of gamified class in K-12 and university contexts on student
academic performance in information science, computer and engineering education compared to
traditional class?”

3. Methods
3.1 Databases Searched

The study applied a systematic review at the beginning to select eligible papers for data extraction in
meta-analysis. The process for paper selection was guided by the preferred-reporting of items for
systematic reviews and meta-analyses (PRISMA) statement (Moher et al., 2015). We examined the
online databases of ACM Digital Library, EBSCO, IEEE Xplore Digital Library, INSPEC, ProQuest,
Scopus, Web of Science as they have been recommended in the fields of information, computer and
engineering searching (Cavacini, 2015; Radjenovi¢, Heri¢ko, Torkar, & Zivkovi¢, 2013). We included
all published works in conference proceedings, journals, and full-text dissertations. The search string
used in the literature search was: gamif* AND (education OR class OR course OR learning OR
performance OR behavior OR outcomes OR evaluation OR impacts OR effects OR influence).

3.2 Inclusion Criteria
To be eligible for inclusion in the present meta-analysis, studies had to meet the following criteria:
(&) The focus of the study was on the field of information, computer and engineering education;

(b) The study compared student learning achievement between a gamified class versus a non-gamified
class;

516



(c) The outcome variable must be based on an objective assessment such as final exams, instead of
student self-reported perceptions;

(d) The study clearly described the game design elements used;

(e) The study reported sufficient data for calculating effect size (e.g., sample size, mean, standard
deviation);

(f) The study had to be written in English, although no restrictions were imposed on the geographical
locations in which the study was conducted.

3.3 Screening

A total of 13 out of 1365 papers met the inclusion criteria. Our initial search using the aforementioned
databases yielded 1365 papers (Figure 1). 167 were found to be duplicate papers due to our use of
multiple academic databases. Subsequent screening of paper title and abstract removed 1079 papers due
to little relevance to the research topic. The remaining 119 papers were downloaded, and their full texts
were carefully read. But 106 did not meet our meta-analysis inclusion criteria (see Figure 1). Finally, a
total of 13 empirical studies employing the between-subject research design were included. Two coders
independently examined the excluded papers and extracted the information from 13 articles. Intercoder
reliability was 92%. The discrepancies were fully discussed and then resolved.

3.4 Effect Size Calculation

Key information such as the number of game elements used, the types of game elements, statistical data
(e.g., sample size, mean, standard deviation), the setting of the interventions was extracted from each of
the 13 papers. Two coders extracted the information and resolved any discrepancies of the coding.
Effect sizes were computed using the Comprehensive Meta-Analysis software. All reported p-values
were two-tailed. |12 test was present for the test of heterogeneity. We used the random-effects model to
compute the effect sizes since this model can account for variation in different study implementations
(Raudenbush, 2009). Hedges’s g, which is the adjusted standardized mean difference between two
groups based on the pooled standard deviations, was used to report the effect sizes because it is
particularly useful for the meta-analysis of studies with varying sample sizes (Korpershoek, Harms, de
Boer, van Kuijk, & Doolaard, 2016). One effect size was calculated for each study to meet the
assumption of the independence of the effect sizes based on independent samples of students. If a study
reported multiple assessments of a single course subject, we selected the most summative assessment,
as suggested by Freeman et al. (2014). For example, we chose final examinations over other
assessments. If a study reported multiple assessments (e.g., test 1, test 2, ...) Without the most
summative assessment or overall result from the same set of participants, we computed a single
combined mean effect size using the Comprehensive Meta-Analysis software. To identify the possible
source of variance on effect sizes, moderator analyses were performed on several variables (see Table
1).
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Figure 1. PRISMA flowchart of articles screening

4. Results

13 independent studies were selected for this meta-analysis with a total of 934 subjects in the gamified
groups and 673 subjects in the non-gamified groups. An overall significant effect size (Hedges’s g =
0.36, Cl = 0.006 — 0.714, 95% confidence interval, p = 0.046) in favor of gamification under
random-effects model (see Figure 2) was found. This suggests that the use of gamification results in
higher learning gains compared with the non-gamified courses within the contexts of information
science, computer and engineering education. A significant Q statistic (p < 0.001) indicated the
presence of heterogeneity (1°=90.686%).
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Figure 2. Forest plot of effect sizes (Hedges’s g) using the random-effects model

4.1 Publication Bias

Publication bias refers to situations when authors deliberately publish significant-only results. To
determine whether the results of our meta-analysis were affected by publication bias, we conducted the
following tests: funnel plot, Begg and Mazumdar rank correlation, Egger’s regression, fail-safe N test,
and Duval and Tweedies’ trim and fill. The funnel plot revealed a slightly asymmetrical position
between negative and positive figures in Figure 3. However, Begg and Mazumdar rank correlation
(Kendall’s Tau with continuity correction) results of 0.269 (two-tailed p = 0.2), and Egger’s regression
intercept value of 3.64 (two-tailed p = 0.121) suggested that the overall mean effect size of 0.360 was
not inflated by publication bias. Fail-safe N test showed 61 missing studies were required to bring the
p-value over the alpha level (0.05). Given that we have used a broad search string, a large number of
databases, as well as including both journal and conference publications, we believe that 61 missing
studies would be an unreasonably large number of undetected studies with zero effect to bring the
reported effect size of 0.360 to a statistically insignificant value. Due to these reasons, we believe that
the overall mean effect size was not affected by publication bias.

519



Funnel Plot of Standard Error by Hedges's g
0.0
0.1 |
o o
5 © o
b 02
= ° Po
S o)
c
]
n
03 | o
o)
O
0.4
e
-2.0 -15 -1.0 -0.5 0.0 05 10 15 2.0
Hedges's g

Figure 3. Funnel plot of standard error by Hedges’s g under the random-effects model
4.2 Moderator Analyses

We performed several moderator analyses to explore the causal effects of student learning performance
in gamified class. Three main categories of moderators were examined (Table 1): (a) controls of game
design elements (the number and types of game elements used), (b) research design (research design
type, student initial equivalence, and instructor equivalence), and (c) intervention condition (school
setting, intervention duration and origin of study). The combination of badges, leaderboard/rank,
level/unlock and points (h=4) was most commonly employed in the previous studies, followed by the
combination of badges, leaderboard/rank, points (n=2). The origin of studies is listed in Table 1 and
Figure 4. Spain, Hong Kong and Turkey showed high interests in gamification practices with regards to
student learning performance measurement in information, computer and engineering science
education.

2.5
2
15
1
0
Belgium Greece Spain Colombia Chile USA Hong Irag Israel Turkey
Kong
Europe America Asia

Figure 4. Origin of studies (continents and regions)
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Table 1

Categories of moderator variables with numbers of studies

Moderator variables Categories Studies

Controls of game design elements

Number of game design elements 1 1
2 2
3 4
4 5
6 1

Type of game design elements Badges + leaderboard/rank + level/unlock + 4
points
Badges + leaderboard/rank + points 2
Badges + points + progress bar 1
Badges + leaderboard/rank + level/unlock + 1
progress bar
Badges + leaderboard/rank + level/unlock 1
Badges 1
Badges + leaderboard/rank 1
Level/rank + points 1
Avatar + badges + leaderboard/rank + 1
level/unlock + points + word notification

Research design quality

Research design type Quasi-experiment 9
Randomization 4

Student initial equivalence No statistical difference (pre-test) 8

(i.e., whether students were Randomized assignment 3

Indistinguishable before study) No data reported 2

Instructor equivalence Different instructors 2

(i.e., whether the same instructor Identical instructor 5

Taught the different groups) No data reported 6

Intervention condition

School setting Elementary school 1
High school 1
High school + undergraduate + postgraduate 1
Undergraduate 9
Postgraduate 1

Intervention duration A (one quarter of a term) 3
B (two-quarters of a term) 3
C (three-quarters of a term) 4
D (more than one term) 1
No data 2

Origin of study (continent) America 3
Asia 6
Europe 4

Note: one academic term assumed to be 16 weeks (USA university standard)

We found no evidence of heterogeneity between studies that used more game elements and
studies that used lesser game elements (Q = 5.107, df = 4, p = 0.276) (Table 2). However, results
suggest a significant variation in terms of the types of game elements used (Q = 16.007, df = 8, p =
0.042). Effect sizes appear to be larger when badges + leaderboard/rank (Hedges’s g= 0.916) or badges
alone (Hedges’s g = 0.821) were employed (Table 3). We observed an unexpectedly very large negative
effect size (-1.254) in a single study that employed the combination of badges, leaderboard/rank,
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level/unlock rendered a negative effect size (De-Marcos, Dominguez, Saenz-de-Navarrete, & Pagés,
2014), where the authors claimed the experimental group overemphasized skill acquisition in practical
activities, leading to poorer scores on knowledge acquisition compared with traditional class. These
results, nevertheless, have to be viewed with caution due to the very small number of studies involved.

Heterogeneity analyses indicated no significant variation when comparing (a) studies with
different research design such as quasi-experiment, or true experiment (Q =0.02, df =1, p = 0.889); (b)
studies that reported initial student equivalence, or not (Q = 1.647, df = 2, p = 0.439); and (c) studies
with same or different instructors (Q = 1.108, df = 2, p = 0.575). There was also no evidence of
heterogeneity when comparing (a) studies with different school setting (Q = 1.892, df = 4, p = 0.756); (b)
studies with different intervention duration (Q = 6.054, df = 4, p = 0.195); and (c) studies conducted in
different regions (Q = 5.005, df = 2, p = 0.082). Table 2 summarizes the results of various moderator
analyses.

Table 2
Results of Q-test for heterogeneity for three main moderators
Moderator 0] Df P-value
Controls of game design elements
Number of game design elements 5.107 4 0.276
Type of game design elements 16.007 8 0.042*
Research design quality
Research design type 0.02 1 0.889
Student initial equivalence 1647 2 0.439
Instructor equivalence 1108 2 0.575
Intervention condition
School setting 1892 4 0.756
Intervention duration 6.054 4 0.195
Origin of study (continent) 5.005 2 0.082
*p < 0.05
Table 3
Effect sizes of type of game design elements
Type of game design elements 95% ClI
N Hedges'sg SE LL UL
Badges + leaderboard/rank + level/unlock + 4 0.665 0.258 0.16 1.171
points
Badges + leaderboard/rank + points 2 0129 0.348 -0.554 0.811
Badges + points + progress bar 1 0.264 0474  -0.665 1.194
Badges + leaderboard/rank + level/unlock + 1  0.408 0.503 -0.578 1.39%4
progress bar
Badges + leaderboard/rank + level/unlock 1 -1.254 0.47 -2.176  -0.332
Avatar + badges + leaderboard/rank + 1 0433 0485 -0.517 1.383
level/unlock + points + word notification
Badges 1 0821 0.486 -0.132 1.774
Badges + leaderboard/rank 1 0916 0.49 -0.044 1.877
Level/rank + points 1 0.143 0.566 -0.966 1.252

Note: n number of studies, SE standard error, 95% CI 95% confidence interval, LL lower limit, UL
upper limit
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5. Conclusion and Discussion

This review provides a useful snapshot of the current quantitative studies on gamification with the
contexts of information science, computer and engineering education. The results of this meta-analysis
suggest that gamification can increase student learning performance compared to non-gamified courses.
Nevertheless, it is important to note that the overall effect size of 0.360 reported here is considered a
small effect (Cohen, 1988). In other words, gamification has a significant positive effect on student
achievement, though the effect size is small under a random-effects model.

To our knowledge, this is the first meta-analysis conducted on gamification and its impact on
student learning performance as measured using objective instruments such as student exam scores. The
search string and databases were broad, thus allowing us to capture as many empirical studies as
possible. The publication bias was calculated to avoid that only positive result studies were included,
and no publication bias was found. Our comprehensive and careful selection of studies revealed only 13
such articles. Most of studies applied badges + leaderboard/rank + levels + points in combination.
Badges and badges + leaderboard/rank remain top two for effect size figure, but this finding should be
interpreted with caution due to the small frequency. Based on self-determination theory, humans
possess three innate psychological needs to facilitate motivation to engage or not engage in an activity —
autonomy, relatedness, and competence (Ryan & Deci, 2000). As one component of intrinsic
motivation, the need of competence is more likely to be satisfied when students are given the autonomy
to adjust difficulty levels. Therefore, badges and leaderboards can fulfil the most positive effects when
students can obtain different badges/ranks when corresponding difficulty levels of learning tasks are
accomplished. For game elements selection, progress bar, leaderboards and badges are often used to
gain instant feedback, achievements and self-recognition. Students can make choices on learning tasks
when levels and avatars are applied. Points, badges and progress bar can support goal-setting
commitment.

We conclude by highlighting some follow-up research directions. One limitation of this review is
that the search was limited to English and studies conducted within the contexts of information science,
computer and engineering education. One follow-up research direction is to expand the search to
include studies carried out in other disciplines. We noted that more high quality, rigorously designed
experimental studies are needed in the field of gamification within the K-12 and university education
settings. Carrying out such studies can help us better establish the causal effect of gamification on
student learning. To date, most of the previous studies had only short intervention duration of less than
one academic term (16 weeks). Short-term studies run the risk of novelty effect where the participants
were interested to try out the intervention because it is something new and exciting. Longer-term
longitudinal studies are needed to examine whether the effects of gamification on student learning hold
over time.
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