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Abstract
This meta-analysis was conducted to systematically synthesize research findings on effects of
gamification on cognitive, motivational, and behavioral learning outcomes. Results from
random effects models showed significant small effects of gamification on cognitive
(g = .49, 95% CI [0.30, 0.69], k = 19, N = 1686), motivational (g = .36, 95% CI [0.18, 0.54],
k = 16, N = 2246), and behavioral learning outcomes (g= .25, 95%CI [0.04, 0.46], k= 9,N= 951).
Whereas the effect of gamification on cognitive learning outcomes was stable in a
subsplit analysis of studies employing high methodological rigor, effects on motivational
and behavioral outcomes were less stable. Given the heterogeneity of effect sizes,
moderator analyses were conducted to examine inclusion of game fiction, social inter-
action, learning arrangement of the comparison group, as well as situational, contextual,
and methodological moderators, namely, period of time, research context, randomization,
design, and instruments. Inclusion of game fiction and social interaction were significant
moderators of the effect of gamification on behavioral learning outcomes. Inclusion of
game fiction and combining competition with collaboration were particularly effective
within gamification for fostering behavioral learning outcomes. Results of the subsplit
analysis indicated that effects of competition augmented with collaboration might also be
valid for motivational learning outcomes. The results suggest that gamification as it is
currently operationalized in empirical studies is an effective method for instruction, even
though factors contributing to successful gamification are still somewhat unresolved,
especially for cognitive learning outcomes.
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In recent years, the concept of gamification, defined as “the use of game design elements in
non-game contexts” (Deterding et al. 2011, p. 9), has received increased attention and interest
in academia and practice, with education among the top fields of gamification research
(Dichev and Dicheva 2017; Hamari et al. 2014; Seaborn and Fels 2015). Its hypothesized
motivational power has made gamification an especially promising method for instructional
contexts. However, as the popularity of gamification has increased, so have critical voices
describing gamification as “the latest buzzword and the next fad” (Boulet 2012, p. 1) or
“Pavlovication” (Klabbers 2018, p. 232). But how effective is gamification when it comes to
learning, and what factors contribute to successful gamification?

Even though considerable research efforts have been made in this field (Hamari et al. 2014;
Seaborn and Fels 2015), conclusive meta-analytic evidence on the effectiveness of
gamification in the context of learning and education has yet to be provided. Therefore, the
aim of this analysis was to statistically synthesize the state of research on the effects of
gamification on cognitive, motivational, and behavioral learning outcomes in an exploratory
manner. Furthermore, with this meta-analysis, not only did we try to answer the question of
whether learning should be gamified but also how. Thus, we also investigated potential
moderating factors of successful gamification to account for conceptual heterogeneity in
gamification (Sailer et al. 2017a). What is more, we included contextual, situational, and
methodological moderators to account for different research contexts and study setups as well
as methodological rigor in primary studies. To further investigate the stability and robustness
of results, we assessed publication bias and computed subsplit analyses, which included
studies with high methodological rigor.

Effects of Gamification on Learning

Gamification in the context of learning can be referred to as gamified learning (see Armstrong
and Landers 2017; Landers 2014). Even though gamified learning and game-based learning
have overlapping research literatures, a common game design element toolkit (Landers et al.
2018), and the same focus on adding value beyond entertainment, that is, using the entertain-
ing quality of gamification interventions or (serious) games for learning (see Deterding et al.
2011; Zyda 2005), they are different in nature. Whereas game-based learning approaches
imply the design of fully fledged (serious) games (see Deterding et al. 2011), gamified learning
approaches focus on augmenting or altering an existing learning process to create a revised
version of this process that users experience as game-like (Landers et al. 2018). Thus,
gamification is not a product in the way that a (serious) game is; gamification in the context
of learning is a design process of adding game elements in order to change existing learning
processes (see Deterding et al. 2011; Landers et al. 2018).

Although many studies that have examined gamification have lacked a theoretical foundation
(Hamari et al. 2014; Seaborn and Fels 2015), some authors have attempted to explain the
relationship between gamification and learning by providing frameworks such as the theory of
gamified learning (Landers 2014). This theory defines four components: instructional content,
behaviors and attitudes, game characteristics, and learning outcomes. The theory proposes that
instructional content directly influences learning outcomes as well as learners’ behavior. Because
gamification is usually not used to replace instruction, but rather to improve it, effective instructional
content is a prerequisite for successful gamification (Landers 2014). The aim of gamification is to
directly affect behaviors and attitudes relevant to learning. In turn, these behaviors and attitudes are
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hypothesized to affect the relationship between the instructional content and learning outcomes via
either moderation or mediation, depending on the nature of the behaviors and attitudes targeted by
gamification (Landers 2014). The theory of gamified learning proposes a positive, indirect effect of
gamification on learning outcomes. However, it is important to note that this theory provides no
information about effective learning mechanisms triggered by game design elements. Such mech-
anisms can be found in well-established psychological theories such as self-determination theory
(Ryan and Deci 2002).

Self-determination theory has already been successfully applied in the contexts of games
(see Rigby and Ryan 2011) and gamification (see Mekler et al. 2017; Sailer et al. 2017a). It
postulates psychological needs for competence, autonomy, and social relatedness. The satis-
faction of these needs is central for intrinsic motivation and subsequently for high-quality
learning (see Ryan and Deci 2000), with self-determination theory emphasizing the importance
of the environment in satisfying these psychological needs (Ryan and Deci 2002). Enriching
learning environments with game design elements modifies these environments and potentially
affects learning outcomes. From the self-determination perspective, different types of feedback
can be central learning mechanisms triggered by game design elements. Constantly providing
learners with feedback is a central characteristic of serious games (Wouters et al. 2013;
Prensky 2001) and of gamification (Werbach and Hunter 2012). Although the effectiveness
of feedback has been shown to vary depending on a variety of criteria such as the timing of
feedback (immediate, delayed), frame of reference (criterial, individual, social), or level of
feedback (task, process, self-regulation, self), feedback is among the most powerful factors in
the relationship between educational interventions and learning in general (Hattie and
Timperley 2007). Based on the theory of gamified learning as well as self-determination
theory, gamification might influence learning outcomes in a positive way.

Previous research that has attempted to synthesize effects of gamification on learning
outcomes has done this almost exclusively with (systematic) reviews. An exception is an
early meta-analysis on gamification in educational contexts that was based on data from 14
studies published between 2013 and 2015 (Garland 2015). Under a random effects model, this
meta-analysis identified a positive, medium-sized correlation between the use of gamification
and learning outcomes (r = .31, 95% CI [0.11, 0.47]). It should be noted that learning
outcomes in this case almost exclusively pertained to motivational outcomes, except for one
study that investigated knowledge retention. Though promising, these results should be viewed
with caution because they were methodologically limited. The analysis was highly likely to be
underpowered and had only limited generalizability due to the small sample size. Furthermore,
r as an estimator of effect size cannot correct for the bias caused by small samples, which can
lead to an overestimation of the effect. Also, no evaluation of publication bias was attempted.

Apart from this analysis, a series of reviews providing at least the general tendency of
research findings in the field have been conducted. A mutlidisciplinary literature review
identified 24 peer-reviewed empirical studies published between 2008 and 2013 (Hamari
et al. 2014). Nine of the 24 studies were conducted in the context of education and learning.
All in all, the results were mixed, despite the presence of a positive tendency suggesting the
existence of confounding variables. Seaborn and Fels (2015) returned concordant findings in
their review of eight empirical studies (published between 2011 and 2013) from the domain of
education; they also identified a positive tendency but predominantly found mixed results.
Results from these reviews were attributed to differences in gamified contexts and participant
characteristics, but effects of novelty and publication bias were also discussed as possible
reasons for these mixed findings.
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A series of reviews specifically focusing on educational contexts was conducted by
Dicheva et al. (2015), Dicheva and Dichev (2015), and Dichev and Dicheva (2017). The
review by Dicheva et al. (2015) consisted of 34 empirical studies published between 2010 and
2014. The majority of experiments (k = 18) reported positive results for gamification on
various motivational, behavioral, and cognitive variables. Using the same search strategies
as Dicheva et al. (2015), a subsequent review by Dicheva and Dichev (2015) resulted in 41
reports published between July 2014 and June 2015. The majority of studies were identified as
inconclusive due to methodological inadequacies. Only 10 reports provided conclusive
positive evidence, and three studies showed negative effects. Dichev and Dicheva (2017)
followed up by conducting another subsequent literature search focusing on studies published
between July 2014 and December 2015. They identified 51 additional studies, of which 41
experiments investigated the effect of gamification on motivational, behavioral, and cognitive
outcomes. Whereas 12 experiments reported positive results, three reported negative results.
Again, the majority of the experiments (k = 26) were inconclusive. The large numbers of
inconclusive studies in these reviews point toward a general problem: Gamification research
lacks methodological rigor.

According to meta-analytic results and several reviews, gamification tends to have positive
effects on different kinds of learning outcomes, albeit with mixed results. Thus, in this meta-
analysis, we statistically synthesized the state of current research on gamification to investigate
the extent to which gamification affects cognitive, motivational, and behavioral learning
outcomes compared with conventional instructional methods.

Moderating Factors

Gamification applications can be very diverse, and research has often failed to acknowl-
edge that there are many different game design elements at work that can result in different
affordances for learners, modes of social interactions, and learning arrangements (Sailer
et al. 2017a). Thus, we included different moderating factors to account for conceptual
heterogeneity in gamification. Further, because contextual and situational factors might
influence the effects of gamification on learning outcomes (Hamari et al. 2014), and
gamification research lacks methodological rigor (Dicheva and Dichev 2015; Dichev
and Dicheva 2017), we also included contextual, situational, and methodological moder-
ators. The process of choosing potential moderating factors for the effects of gamification
on learning outcomes was iterative in nature. We included moderating factors that were
both theoretically interesting and which the literature was large enough to support their
inclusion.

Inclusion of Game Fiction

From a self-determination theory perspective, game contexts can potentially satisfy the need
for autonomy and relatedness by including choices, volitional engagement, sense of relevance,
and shared goals (Rigby and Ryan 2011). These are assumed to be triggered by meaningful
stories, avatars, nonplayer characters, or (fictional) teammates (Rigby and Ryan 2011; Sailer
et al. 2017a). A shared attribute of these elements is that they provide narrative characteristics
or introduce a game world, both of which include elements of fantasy (Bedwell et al. 2012;
Garris et al. 2002). In general, they focus on game fiction, which is defined as the inclusion of a
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fictional game world or story (Armstrong and Landers 2017). Inclusion of game fiction is
closely related to the use of narrative anchors and has been shown to be effective for learning
as it situates and anchors learning in a context (Clark et al. 2016) and can further serve as a
cognitive framework for problem solving (Dickey 2006). In the context of games, results on
the effectiveness of the inclusion of game fiction have been mixed (Armstrong and Landers
2017). Whereas Bedwell et al. (2012) found positive effects of the inclusion of game fiction on
knowledge and motivation in their review, meta-analyses by others such as Wouters et al.
(2013) found that serious games with narrative elements are not more effective than serious
games without narrative elements. Thus, we investigated whether the use of game fiction
moderates the effects of gamification on cognitive, motivational, and behavioral learning
outcomes.

Social Interaction

The impact of relatedness in interpersonal activities can be crucial (Ryan and Deci 2002).
Therefore, the type of social interaction that is likely to occur as a result of gamification could
affect its relationship with learning outcomes. Collaboration and competition can be regarded
as particularly important in this context (Rigby and Ryan 2011).

The term collaboration in this meta-analysis subsumes both collaborative and cooperative
learning arrangements (i.e., situations in which learners work together in groups to achieve a
shared goal), while being assessed either as a group (collaborative) or individually
(cooperative; Prince 2004). In the broader context of games, collaboration has the potential
to affect the needs for both relatedness and competence (Rigby and Ryan 2011). Collaboration
not only allows for team work and thus the experience of being important to others, but it also
enables learners to master challenges they otherwise might not be able to overcome on their
own, which can result in feelings of competence.

Competition can cause social pressure to increase learners’ level of engagement and can
have a constructive effect on participation and learning (Burguillo 2010). However, it also has
the potential to either enhance or undermine intrinsic motivation (Rigby and Ryan 2011). In
this context, two types of competition can be distinguished. On the one hand, destructive
competition occurs if succeeding by tearing others down is required, resulting in feelings of
irrelevance and oppression. On the other hand, constructive competition occurs if it is good-
natured and encourages cooperation and mutual support (i.e., if competition is aimed at
improving everyone’s skills instead of defeating someone). In this sense, constructive compe-
tition has the potential to foster feelings of relatedness, thereby enhancing intrinsic motivation
(Rigby and Ryan 2011).

Collaboration—as well as competition augmented by aspects of collaboration (i.e., con-
structive competition)—can have additional beneficial effects on intrinsic motivation when
compared with solitary engagement in an activity; as in cases of collaboration and competition
augmented by aspects of collaboration, the need for relatedness is fostered additionally. Mere
competition, however, can thwart feelings of relatedness when the goal is to defeat each other
rather than to improve skills together (see Rigby and Ryan 2011).

Findings from the context of games have shown that collaborative gameplay can be more
effective than individual gameplay (Wouters et al. 2013). Clark et al. (2016) included
competition in their meta-analysis on digital games and found that combinations of competi-
tion and collaboration as well as single-player games without competitive elements can
outperform games with mere competition. In this meta-analysis, we investigated whether
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different types of social interaction moderate the effects of gamification on cognitive, motiva-
tional, and behavioral learning outcomes.

Learning Arrangement of the Comparison Group

Active engagement in cognitive processes is necessary for effective and sustainable learning as
well as deep levels of understanding (see Wouters et al. 2008). This emphasis on active
learning in educational psychology is aligned with the (inter)active nature of games (Wouters
et al. 2013). Similar to games, gamification also has high potential to create instructional
affordances for learners to engage in active learning. Based on the theory of gamified learning,
gamification is assumed to affect learning outcomes by enhancing the attitudes and behaviors
that are relevant for learning (e.g., when rewards for taking high-quality notes are provided in
gamification; Landers 2014). A prerequisite is that the behavior or attitude that is targeted by
gamification must itself influence learning (Landers 2014) and thus create instructional
affordances for learners to actively engage in cognitive processes with the learning material.
However, how learners interact with the environment has to be considered because learners
may interact with the environment in different ways and carry out certain learning activities
whether or not they are intended by gamification designers or researchers (see Chi and Wylie
2014; Young et al. 2012).

Further, in between-subject studies, which were included in this meta-analysis, the learning
arrangement of the comparison condition, against which gamification was contrasted, is crucial
(see Chi and Wylie 2014). Learners in a comparison condition can receive different prompts or
instructions to engage in different learning activities and thus bias the effects of gamification.
Therefore, it is important to differentiate between the passive and active instructions of
comparison groups. Whereas passive instruction includes listening to lectures, watching
instructional videos, and reading textbooks, active instruction involves explicitly prompting
the learners to engage in learning activities (e.g., assignments, exercises, laboratory
experiments; Sitzmann 2011; Wouters et al. 2013). Similar to the approach used by Wouters
et al. (2013) in the context of games and Sitzmann (2011) in the context of simulation games,
we included the comparison group’s learning arrangement as a potential moderator of effects
of gamification on cognitive, motivational, and behavioral learning outcomes.

Apart from these moderators, situational and contextual moderators were also included in
the analysis. Thus, we included the period of time in which gamification was applied and the
research context as potential moderators.

Period of Time

Previous reviews have indicated that the period of time during which gamification
was used and investigated in primary studies has shown substantial variance (Dichev
and Dicheva 2017; Seaborn and Fels 2015). One the one hand, reviews have raised
the question of whether effects of gamification persist in the long run (Dichev and
Dicheva 2017; Hamari et al. 2014; Seaborn and Fels 2015). On the other hand,
research in the context of games has indicated that the effects of games are larger
when players engage in multiple sessions and thus play over longer periods of time
(Wouters et al. 2013). Thus, we included the period of time gamification was used as
a potential moderator of its effects on cognitive, motivational, and behavioral learning
outcomes.
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Research Context

Gamification has been studied in different research contexts. Whereas the majority of studies
found in reviews focusing on education were conducted in higher education settings, some of
them were performed in primary and secondary school settings (see Dichev and Dicheva
2017). Further, some studies have been deployed in the context of further education or work-
oriented learning (e.g., Lombriser et al. 2016) or informal settings with no reference to formal,
higher, or work-related education (e.g., Sailer et al. 2017a). Therefore, this meta-analysis
includes the context of research as a moderating factor for effects of gamification.

As meta-analytic methods allow for a synthesis of studies using different designs and
instruments, the degree of methodological rigor can vary between primary studies and thus
jeopardize the conclusions drawn from meta-analyses (Wouters et al. 2013). Because studies in
the context of gamification have often lacked methodological rigor (Dicheva and Dichev 2015,
2017), we included methodological factors to account for possible differences in methodolog-
ical study design and rigor across primary studies.

Randomization

Randomly assigning learners to experimental conditions allows researchers to rule out alter-
native explanations for differences in learning outcomes between different conditions. How-
ever, quasi-experimental studies do not allow alternative explanations to be ruled out (Wouters
et al. 2013; Sitzmann 2011). For this reason, we included randomization as a moderating factor
to account for methodological rigor.

Design

Besides randomization, the design of the primary studies can indicate methodological rigor.
Primary studies using posttest-only designs cannot account for prior knowledge or initial
motivation. The administration of pretests is particularly relevant for quasi-experimental
studies because effects can be biased first by not randomly assigning learners to conditions
and second by not controlling for learners’ prior knowledge and motivation. Thus, we included
design as a moderating factor to further account for methodological rigor in primary studies.

Instruments

Previous reviews have indicated that primary studies investigating gamification have often not
used properly validated psychometric measurements to assess relevant outcomes (Dichev and
Dicheva 2017; Hamari et al. 2014; Seaborn and Fels 2015). The use of standardized instru-
ments can help to ensure the comparability of study results and further ensure the reliable
measurement of variables (see Hamari et al. 2014). Thus, we included the type of instruments
used in primary studies as a moderating factor of effects of gamification on cognitive,
motivational, and behavioral learning outcomes.

To sum up, in this meta-analysis, we aimed to statistically synthesize the state of current
research on gamification on cognitive, motivational, and behavioral learning outcomes.
Further, we included the moderating factors inclusion of game fiction, social interaction,
learning arrangement of the comparison group, period of time, research context, randomiza-
tion, design, and instruments that potentially affect the relationships between gamification and
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cognitive, motivational, and behavioral learning outcomes. Further, we investigated publica-
tion bias and the stability of the findings by performing subsplits that included only primary
studies that applied high methodological rigor.

Method

Literature Search

In order to maximize the sensitivity of the search and adopting the search criteria used in the
review by Seaborn and Fels (2015), the terms gamification and gamif* were used in the
academic literature search in all subject areas. Specific game design elements were not used as
search terms because gamification research lacks consistent terms, definitions, and taxonomies
for game design elements and agreed upon lists of game design elements that claim to be
exhaustive are lacking (see Landers et al. 2018; Sailer et al. 2017a). Including specific game
design elements as search terms would put the analysis in danger of being biased toward
specific game design elements while leaving out others that are less common and thus
potentially not part of the search terms. The years of publication were not restricted. The
literature search was conducted on March 3, 2017. We searched the following academic data
bases: ACM Digital Library, ERIC, IEEE Xplore, JSTOR, PubMed, ScienceDirect, and
SpringerLink. Citations from these data bases were directly exported from the websites. Aside
from this search in academic data bases, we conducted a Google Scholar search with the same
terms to further maximize the scope of our literature search. To retrieve citations from Google
Scholar, we used Publish or Perish (version 5), a software tool that allows all accessible search
results to be automatically downloaded. We also screened the reference lists from Garland’s
(2015) meta-analysis and the reviews by Hamari et al. (2014), Seaborn and Fels (2015),
Dicheva et al. (2015), Dicheva and Dichev (2015), and Dichev and Dicheva (2017). After
removing duplicates, the literature search resulted in a total of 5548 possibly eligible records.
An overview of the total number of search results per data base is found in Fig. 1. Google
Scholar only shows a maximum of 1000 search results per search query. Therefore, 1100
denotes the number of records identified and retrieved from separate queries using
gamification and gamif*.

Inclusion and Exclusion Criteria

Gamification Studies were required to include at least one condition in which gamification,
defined as “the use of game design elements in non-game contexts” (Deterding et al. 2011, p.
9), was used as an independent variable. Accordingly, studies describing interventions using
the term gamification were excluded if the definition of gamification used in this meta-analysis
did not apply to the intervention.

Learning Outcomes Eligible studies were required to assess at least one learning outcome.
Learning outcomes were divided into three categories: cognitive, motivational, and behavioral
learning outcomes. Cognitive learning outcomes refer to conceptual knowledge or application-
oriented knowledge. Conceptual knowledge contains knowledge of facts, principles, and
concepts, whereas application-oriented knowledge comprises procedural knowledge, strategic
knowledge, and situational knowledge (de Jong and Ferguson-Hessler 1996). Adopting a
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broad view of motivation (see Wouters et al. 2013), motivational learning outcomes
encompass (intrinsic) motivation, dispositions, preferences, attitudes, engagement, as
well as feelings of confidence and self-efficacy. Behavioral learning outcomes refer to
technical skills, motor skills, or competences, such as learners’ performance on a
specific task, for example, a test flight after aviation training (Garris et al. 2002).

Language Eligible studies were required to be published in English.

Research Design Only primary studies applying quantitative statistical methods to examine
samples of human participants were eligible. Furthermore, descriptive studies that did not
compare different groups were excluded because the data obtained from such studies does not
allow effect sizes to be calculated.

Control Group Studies were required to use a between-subject design and to compare at least
one gamification condition with at least one condition involving another instructional ap-
proach. As the goal of this meta-analysis was to investigate the addition of game design
elements to systems that did not already contain them, studies comparing gamification with
fully fledged games were ineligible.

Availability of Statistical Data Studies were required to report sufficient statistical data to
allow for the application of meta-analytic techniques.

Eligible Studies
(n = 38)

Full Texts Screened 
for Eligibility

(n = 786) 

Titles Excluded
(n = 1,366)

Abstracts Excluded
(n = 3,264)

Irretrievable Citations
(n = 132)

Records Identified
(N = 5,548)

ACM Digital Library: 
ERIC:
IEEE Xplore:
JSTOR:
PubMed:
ScienceDirect:
SpringerLink:
Google Scholar:
Identified in reference lists:

Total:
Duplicates removed:

491
77

532
238
168
861

2,529
1,100

194

6,190
-642

Ineligible Records
(n = 740)

Gamification:
Learning outcomes:
Research Design:
Control group:
Availability of statistical data:
Language:

77
141
411
16

102
1

Fig. 1 Study flow diagram
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Coding Procedure

First, we screened all titles for clearly ineligible publications (e.g., publications published in
languages other than English). Next, we coded all remaining abstracts for eligibility. Finally,
the remaining publications were retrieved and coded at the full-text level. An overview of the
number of search results excluded per step is found in Fig. 1.

Moderator coding for eligible studies was then performed by two independent coders on a
random selection of 10 studies (approximately 25%), with interrater reliability ranging from
κ = .76 to perfect agreement. Remaining coding discrepancies were discussed between the
authors until mutual agreement was reached before coding the remaining studies. Furthermore,
all statistical data were double-coded, and differing results were recalculated by the authors.
Finally, data on moderator variables were extracted. The previously introduced moderators,
which potentially influence the effectiveness of gamification on learning outcomes, were
coded as follows.

Inclusion of Game Fiction Studies using game fiction by providing a narrative context or
introducing a game world (e.g., meaningful stories or avatars) were coded yes, whereas studies
that did not use game fiction were coded no. For this moderator, interrater reliability was
κ = .76.

Social Interaction Studies in which learners competed against each other or nonplayer
characters during gamified interventions were coded as competitive, whereas studies in
which learners collaborated with each other or nonplayer characters were coded as
collaborative. If a study included both competitive and collaborative elements, it was
assigned the code competitive-collaborative. Studies in which learners engaged in a
learning activity entirely on their own were coded as none. For this moderator,
interrater reliability was κ = .83.

Learning Arrangement of the Comparison Group Passive instructional methods of the
comparison group include listening to lectures, watching instructional videos, and reading
textbooks. Active instruction refers to learning arrangements that explicitly prompt learners to
engage in learning activities (e.g., assignments, exercises, laboratory experiments; see
Sitzmann 2011). Mixed instruction refers to a combination of passive and active instructional
methods (see Wouters et al. 2013). Studies using a waitlist condition as a control group were
coded as untreated. For this moderator, interrater reliability was κ = .86.

Period of Time The duration of the intervention was operationalized as the period of time over
which the intervention took place. Studies were assigned to one of the categories: 1 day or less,
1 week or less (but longer than 1 day), 1 month or less (but longer than 1 week), half a year or
less (but longer than 1 month), or more than half a year. For this moderator, coders achieved
perfect agreement.

Research Context Depending on the research context, studies were coded as school setting or
higher education setting. Studies in the context of further education or work-oriented learning
were coded as work-related learning setting. Studies with no reference to formal, higher, or
work-related education were coded as informal training setting. For this moderator, coders
achieved perfect agreement.
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Randomization If participants were assigned to the experimental and control groups random-
ly, the study was coded as experimental, whereas publications using nonrandom assignment
were assigned the value quasi-experimental. For this moderator, coders reached perfect
agreement.

Design Furthermore, studies were coded on the basis of whether they exclusively used
posttest measures (posttest only) or also administered a pretest (pre- and posttest). For this
moderator, coders achieved perfect agreement.

Instruments Studies using preexisting, standardized instruments to measure the variables of
interest were coded as standardized, whereas studies using adapted versions of standardized
measures were coded as adapted. If the authors developed a new measure, studies were
assigned the value self-developed. For this moderator, coders reached perfect agreement.

Final Sample

Application of the exclusion criteria detailed above resulted in a final sample of 38 publica-
tions reporting 40 experiments. Three of the studies (Wasson et al. 2013; Grivokostopoulou
et al. 2016; Sanmugam et al. 2016) were excluded from the analysis to avoid bias after the
forest plot; displaying the effect sizes for the analysis of cognitive learning outcomes showed
that the corresponding effect sizes were extraordinarily large (see Fig. 2). An examination of
the forest plots for motivational and behavioral learning outcomes revealed no remarkable
outliers (see Fig. 2). Furthermore, the studies by de-Marcos et al. (2014) and Su and Cheng
(2014) plus the first of two studies reported by Hew et al. (2016) were excluded from the
analysis because they reported the same experiments as previously published or more exten-
sive studies included in this sample.

The final sample of studies reporting cognitive learning outcomes comprised 19 primary
studies reporting 19 independent experiments. They were published between 2013 and 2017
and examined a total of 1686 participants. Considering motivational learning outcomes, the
final sample of studies consisted of 16 primary studies reporting 16 independent experiments
that were published between 2013 and 2017 and examined a total of 2246 participants. Finally,
the final sample of studies examining behavioral learning outcomes consisted of nine primary
studies reporting 10 independent experiments. These experiments were published between
2014 and 2017 and examined a total of 951 participants.

Statistical Analysis

Effect sizes were estimated using the formulas provided by Borenstein et al. (2009). First,
Cohen’s d was determined by dividing the difference between the means of the experimental
and control groups by the pooled standard deviation. If no means and/or standard deviations
were available, effect sizes were estimated on the basis of the t, F, or r statistics. To correct for
possible bias caused by small samples, Cohen’s d was then used to calculate Hedges’ g
(Hedges 1981).

For studies with pretests, effect sizes were adjusted to allow for a more accurate
estimation of the effect by controlling for pretest effects. In these cases, Hedges’ g
was calculated for both pre- and posttest comparisons between groups. Posttest values
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Fig. 2 Forest plots showing the distribution of effect sizes for cognitive (a), motivational (b), and behavioral (c)
learning outcomes. Points and lines display effect sizes (Hedges’ g) and confidence intervals, respectively. The
overall effect size is shown by the diamond on the bottom, with its width reflecting the corresponding confidence
interval
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were then adjusted by subtracting pretest effect sizes from posttest effect sizes, while
the respective variances were added up (see Borenstein et al. 2009).

Another issue concerns studies reporting multiple effect sizes. This can occur when studies
use multiple outcome measures or compare the same control group with more than one
experimental group. To avoid the bias caused by dependent effect sizes, they were synthesized
by calculating the mean effect size per study and the respective variance, taking into account
the correlation between outcomes as recommended by Borenstein et al. (2009). The aggrega-
tion was performed using the R statistical environment (version 3.4.1) and Rstudio (version
1.0.143) with the MAd package.

For some studies that reported data on different experimental groups or outcomes, even
though they belonged to the same study, they required assignment to different moderator
levels. In these cases, aggregation would lead to a loss of data and not allow these studies to be
included in the respective subgroup analyses because they could not be unambiguously
assigned to a single moderator level. Therefore, groups were treated separately and not
aggregated for the moderator analysis but were aggregated for all analyses not affected by
this problem.

Because heterogeneity among the participant samples and the experimental conditions
could be presumed, we used a random effects model for the main analysis (Borenstein et al.
2009), which was also conducted using R and Rstudio with the metafor and matrix packages.
Because true effect sizes can vary under a random effects model, it is important to identify and
quantify this heterogeneity. Using the Q statistic (Borenstein et al. 2009), for which the p value
indicates the presence or absence of heterogeneity, the degrees of homogeneity were assessed
for the effect sizes. Additionaly, I2 was used to quantify the degree of inconsistency for the
results of the included studies on a scale ranging from 0 to 100%.

Meta-regressions under a mixed effects model (Borenstein et al. 2009) were
conducted for the moderator analyses using the metafor and matrix packages in R
and R studio. This analysis uses a Q test as an omnibus test to estimate the
heterogeneity among studies explained by the moderator, as well as residual hetero-
geneity (i.e., whether unexplained between-study variance remained). If a moderator
level had a sample size smaller than two, it was excluded from the analysis. For
categorical moderators, post hoc comparisons under a random effects model were
calculated with the MAd package if the omnibus test indicated significance.

Because the reporting of a sufficient amount of statistical data on at least one
outcome of interest was used as an eligibility criterion, there were no missing data in
the summary effect analyses. However, there were missing data for the moderation
analyses because not all studies reported sufficient information about all variables, and
thus, they could not be unambiguously coded. These cases were excluded from the
respective moderator analyses.

Furthermore, bivariate correlations between the presence of learning outcomes and
moderator levels were computed for all studies. Therefore, all learning outcomes and
moderator levels were dummy coded and included in a correlation matrix. The
moderators inclusion of game fiction, randomization, and design were already initially
dichotomously coded, and thus, only the moderator levels that indicated the presence
of game fiction and randomization and the application of pre-posttest designs were
included in the matrix. The database for this analysis is the final sample detailed
above, excluding studies reporting the same experiment as other studies and the
outliers described above.
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Publication Bias

The absence of publication bias is highly unlikely unless a set of preregistered reports is
examined (Carter et al. 2019). Because this was not the case for the primary studies included in
this meta-analysis, the possibility of publication bias was explored by using a funnel plot, a
selection model, and the fail-safe number. Evaluations of the funnel plots showed no obvious
asymmetries for the samples of studies reporting cognitive, motivational, and behavioral
learning outcomes (see Fig. 3), initially indicating the absence of strong publication bias.

The selection model indicated that there was no publication bias for the subsets of studies
reporting cognitive, χ2(1) = .45, p = .50, motivational, χ2(1) = 1.04, p = .31, and behavioral
learning outcomes, χ2(1) = .44, p = .50. For this reason, estimates from the initial random
effects model were computed for the cognitive, motivational, and behavioral learning
outcomes.

Further, Rosenberg’s (2005) fail-safe number was used as an estimate of the degree to
which publication bias existed in the sample. The fail-safe number indicates the number of
nonsignificant studies that would need to be added to reduce a significant effect to a
nonsignificant effect. It was computed for all significant summary effects as well as for every
moderator level that showed a statistically significant effect. The fail-safe number can be
considered robust when it is greater than 5n + 10, with n standing for the number of primary
studies (Rosenthal 1991).

To further investigate the stability of the effects, subsplits were computed for the summary
effect and moderator analyses for conceptual, situational, and contextual moderators. In these
subsplits for cognitive, motivational, and behavioral learning outcomes, only studies applying
experimental designs or using quasi-experimental designs with pre- and posttests were includ-
ed. Thus, we assumed that the studies included in these subsplit analyses were characterized by
high methodological rigor.

Results

Before reporting the summary effect and moderator analyses, we report correlations of
the presence of different learning outcomes and moderator levels in gamification
studies included in the final sample to illustrate possible co-occurrences of outcomes
and moderator levels. The resulting correlation matrix, including the number of
studies for each cell, is shown in Table 1. All of the following results refer to
significant correlations. Studies investigating cognitive learning outcomes were less
likely to also observe motivational (r = − .47) and behavioral learning outcomes (r = − .60).
Further, studies observing cognitive learning outcomes were more likely to use a
mixed instruction comparison group (r = .41), including self-developed instruments
(r = .35), and less likely to last 1 day (r = − .53), indicating that these studies often
took longer periods of time. Motivational learning outcomes were more likely to use
standardized (r = .44) or adapted instruments (r = .54). Investigating behavioral learn-
ing outcomes was positively correlated with using an active comparison group
(r = .35).

Studies showed some specific patterns for their respective research context: Studies per-
formed in school settings were more likely to use passive instruction for the comparison group
(r = .43). Higher education studies were more likely to investigate cognitive learning outcomes
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(r = .35) that were compared with a mixed instruction control group (r = .45) over a period of
half a year (r = .48). Some kind of social interaction was more likely to occur in higher
education contexts (correlation with no social interaction r = − .39). In work-related training
settings, studies were more likely to observe behavioral learning outcomes (r = .37), and
results were likely to be compared with a comparison group receiving active instruction
(r = .34). The use of no social interaction was positively correlated with work settings
(r = .49), and no study investigated competitive or collaborative gamification implementation
in this setting. Studies in informal training settings were likely to apply randomization
(r = .35).

Fig. 3 Funnel plot for cognitive (a), motivational (b), and behavioral (c) learning outcomes. Black dots indicate
studies from the present sample positioned by their respective estimated effect size and standard error
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Further significant correlations were shown for the inclusion of game fiction: Studies
including game fiction were less likely to apply randomization (r = − .41) and were more
likely to include collaborative modes of social interaction (r = .45).

Summary Effect Analyses

Cognitive Learning Outcomes The random effects model yielded a significant, small
effect of gamification on cognitive learning outcomes (g = .49, SE = .10, p < .01, 95%
CI [0.30, 0.69]). Homogeneity estimates showed a significant and substantial amount
of heterogeneity for cognitive learning outcomes, Q(18) = 57.97, p < .01, I2 = 72.21%.
The fail-safe number could be considered robust for cognitive learning outcomes (fail-
safe N = 469).

Motivational Learning Outcomes The results of the random effects model showed a signif-
icant, small effect of gamification on motivational learning outcomes (g = .36, SE = .09,
p < .01, 95% CI [0.18, 0.54]) and a significant amount of heterogeneity, Q(15) = 73.54,
p < .01, I2 = 75.13%. The fail-safe number indicated a robust effect for motivational learning
outcomes (fail-safe N = 316).

Behavioral Learning Outcomes The random effects model showed a significant, small effect
of gamification on behavioral learning outcomes (g = .25, SE = .11, p < .05, 95% CI [0.04,
0.46]). Results showed a significant and substantial amount of heterogeneity for behavioral
learning outcomes, Q(9) = 22.10, p < .01, I2 = 63.80%. The fail-safe number for behavioral
learning outcomes could be interpreted as robust (fail-safe N = 136).

Moderator Analyses

As the homogeneity estimates showed a significant and substantial amount of heterogeneity
for cognitive, motivational, and behavioral learning outcomes, moderator analyses were
conducted to determine whether additional factors could account for the variance observed
in the samples. Not all of the following comparisons contained all possible levels of the
respective moderator because levels with k ≤ 1 were excluded from these analyses. Summaries
of the moderator analysis are shown in Table 2 for cognitive, Table 3 for motivational, and
Table 4 for behavioral learning outcomes.

Inclusion of Game Fiction The mixed effects analysis concerning game fiction resulted
in no significant effect size differences for cognitive learning outcomes, Q(1) = 0.04,
p = .85, and the residual variance was significant (p < .01). For motivational learning
outcomes, effect size magnitude did not vary significantly, Q(1) = 0.13, p = .72, with
significant residual variance remaining (p < .01). Finally, the results of the mixed
effects analysis for behavioral learning outcomes showed a significant difference in
the magnitudes of the effect sizes for the game fiction moderator, Q(1) = 5.45, p < .05,
and no residual variance was left (p = .08). An evaluation of the separate levels
showed that inclusion of game fiction yielded a significant, small effect on behavioral
learning outcomes in contrast to a nonsignificant result of not including game fiction.
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Social Interaction Concerning social interaction, the results of the mixed effects
analysis showed no significant difference in effect sizes between different forms of
social interaction for cognitive learning outcomes, Q(3) = 0.80, p = .85, or for motiva-
tional learning outcomes, Q(3) = 3.85, p = .28. For both outcomes, significant residual
variance remained (p < .01). However, for behavioral learning outcomes, there was a
significant difference between competitive, competitive-collaborative, and no social
interaction, Q(2) = 12.80, p < .01, with no significant residual variance remaining
(p = .05). Post hoc comparisons under a random effects model showed a significant
difference between competitive-collaborative interaction and no social interaction
(p < .05), with the former outperforming the latter.

Table 2 Results of the moderator analyses for cognitive learning outcomes

Moderator variable p g 95% CI k N Q df I2 (%) Fail-safe N

Inclusion of game fiction
Yes .47** [0.19, 0.76] 7 762 21.06** 6 74.89 72*
No .51** [0.26, 0.76] 13 1027 40.19** 12 71.96 212*

Social interaction
Competitive .50** [0.34, 0.67] 9 922 14.03 8 35.36 134*
Collaborative .40 [− 0.67, 1.48] 2 195 9.20** 1 89.13 –
Competitive-collaborative .63* [0.06, 1.20] 5 275 18.87** 4 77.34 33
None .37 [− 0.18, 0.93] 3 326 10.59** 2 82.61 –

Learning arrangement comparison
group
Passive instruction .81** [0.48, 1.14] 2 182 0.80 1 0.00 11
Active instrution .47* [0.06, 0.88] 8 629 40.92** 7 82.32 45
Mixed instruction .49** [0.32, 0.46] 10 941 13.45** 9 36.62 141*
Untreateda – – – – – – –

Period of time
1 day or less .60** [0.24, 0.96] 5 344 5.85 4 51.70 37*
1 week or lessa – – – – – – – –
1 month or less .52** [0.29, 0.75] 3 297 1.01 2 0.00 13
Half a year of less .50** [0.14, 0.86] 8 763 36.68** 7 85.01 80*
More than half a yeara – – – – – – – –

Research context **
School setting 1.12** [0.68, 1.57] 3 257 5.21 2 58.17 43*
Higher education setting .41** [0.25, 0.57] 13 1181 24.22* 12 42.15 171*
Work-related learning settinga – – – – – – – –
Informal training setting .19 [− 0.55, 0.92] 2 212 6.23* 1 83.95 –

Randomization
Experimental .29** [0.07, 0.51] 6 388 7.73 5 0.00 5
Quasi-experimental .56** [0.26, 0.88] 11 1161 46.08** 10 85.49 233*

Design
Posttest only .41* [0.08, 0.73] 14 1445 128.25** 13 89.97 163*
Pre- and posttest .51** [0.16, 0.87] 6 423 9.76 5 43.69 31

Instruments
Standardizeda 1.84** [1.23, 2.44] 1 58 – – – –
Adapteda .14 [− 0.20, 0.48] 1 88 – – – –
Self-developed .50** [0.32, 0.69] 18 1630 44.38** 17 65.90 430*

g posttest effect sizes adjusted for pretest scores between groups, k number of study samples, N total sample size,
Q homogeneity statistic, df degrees of freedom for the Q test, I2 between-study variance component
a Not estimated due to a small number of studies. An asterisk (*) in the fail-safe N column indicates the fail-safe
number is robust (> 5n + 10)

*p < .05; **p < .01
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Learning Arrangement of the Comparison Group As for the learning arrangement of the
comparison group, no difference in effect sizes could be found regarding cognitive learning
outcomes, Q(2) = 1.49, p = .48, or for motivational learning outcomes, Q(2) = 1.17, p = .56.
Significant residual variance remained for both outcomes (p < .01). We could not assess the
effect of the learning arrangement of the comparison group for behavioral learning outcomes
because there was only one subgroup with more than one study.

Period of Time There was no significant difference between interventions with different
durations for cognitive, Q(2) = 0.17, p = .92, or behavioral learning outcomes, Q(1) = 0.28,
p = .59. For both outcomes, significant residual variance remained (p < .01). For motivational

Table 3 Results of the moderator analyses for motivational learning outcomes

Moderator variable p g 95% CI k N Q df I2 (%) Fail-safe N

Inclusion of game fiction
Yes .34** [0.20, 0.48] 5 515 10.50* 4 0.00 26
No .32** [0.08, 0.57] 12 1751 66.72** 11 81.95 159*

Social interaction
Competitive .18 [− 0.05, 0.42] 11 1737 66.36** 10 81.25 –
Collaborative .33 [− 0.06, 0.72] 2 321 4.05* 1 75.34 –
Competitive-collaborative .63** [0.41, 0.85] 4 269 1.45 3 0.00 30
None .38 [− 0.42, 1.17] 2 175 6.05* 1 83.48 –

Learning arrangement comparison
group
Passive instruction .51* [0.06, 0.96] 2 606 4.92* 1 79.68 31*
Active instrution .27* [0.01, 0.54] 10 1202 44.63** 9 76.75 31
Mixed instruction .47** [0.16, 0.77] 4 308 7.11 3 56.63 16
Untreateda – – – – – – – –

Period of time *
1 day or less .19 [− 0.07, 0.45] 9 1173 35.52** 8 76.99 -
1 week or lessa – – – – – – – –
1 month or lessa – – – – – – – –
Half a year of less .59** [0.39, 0.79] 6 932 10.89 5 53.98 147*
More than half a yeara – – – – – – – –

Research context
School setting .33 [− 0.14, 0.80] 3 191 5.09 2 67.78 -
Higher education setting .52** [0.33, 0.71] 7 1025 12.98* 6 50.17 157*
Work-related learning setting .72** [0.25, 1.19] 2 53 0.40 1 0.00 3
Informal training setting .07 [− 0.44, 0.57] 4 847 28.03** 3 91.59 –

Randomization *
Experimental .13 [− 0.23, 0.50] 6 961 23.83** 5 82.35 –
Quasi-experimental .51** [0.35, 0.68] 10 1155 20.89* 9 46.12 269*

Design
Posttest only .37** [0.17, 0.56] 15 2038 73.06** 14 78.07 289*
Pre- and posttesta – – – – – – – –

Instruments
Standardized .45* [0.08, 0.81] 5 464 15.46** 4 68.16 16
Adapted .13 [− 0.26, 0.54] 5 999 45.38** 4 87.15 –
Self-developed .39** [0.25, 0.52] 6 653 12.62* 5 0.00 44*

g posttest effect sizes adjusted for pretest scores between groups, k number of study samples, N total sample size,
Q homogeneity statistic, df degrees of freedom for the Q test, I2 between studies variance component
a Not estimated due to a small number of studies. An asterisk (*) in the fail-safe N column indicates the fail-safe
number is robust (> 5n + 10)

*p < .05; ** p < .01
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learning outcomes, there was a significant difference between gamification interventions
lasting 1 day or less and interventions lasting half a year or less, Q(1) = 4.93, p < .05.
Gamification interventions lasting half a year or less showed significantly larger effects on
motivational learning outcomes than interventions lasting 1 day or less. Significant residual
variance remained (p < .01).

Research Context Mixed effects analyses showed no significant difference between different
research contexts for motivational, Q(3) = 5.09, p = .17, or behavioral learning outcomes,
Q(2) = 0.67, p = .71. For both outcomes, significant residual variance remained (p < .01). For
cognitive learning outcomes, there was a significant difference between school, higher

Table 4 Results of the moderator analyses for behavioral learning outcomes

Moderator variable p g 95% CI k N Q df I2 (%) Fail-safe N

Inclusion of game fiction **
Yes .41** [0.31, 0.51] 3 254 4.39 2 0.00 46*
No .10 [− 0.14, 0.34] 7 697 11.61 6 41.92 –

Social interaction **
Competitive .12 [− 0.14, 0.38] 6 759 16.24** 5 73.10 –
Collaborativea – – – – – – – –
Competitive-collaborative .70** [0.41, 0.99] 3 135 0.45 2 0.00 15
None − .06 [− 0.36, 0.24] 3 193 < 0.01 2 0.00 –

Learning arrangement comparison
group
Passive instructiona – – – – – – – –
Active instrution .33** [0.14, 0.52] 8 848 15.51* 7 46.42 117*
Mixed instructiona .19 [− 0.18, 0.55] 1 73 – – – –
Untreateda − .42 [− 1.04, 0.20] 1 30 – – – –

Period of time
1 day or less .20 [− 0.07, 0.47] 8 800 20.27** 7 62.45 –
1 week or lessa – – – – – – – –
1 month or lessa – – – – – – – –
Half a year of lessa .37** [0.27, 0.48] 1 140 – – – –
More than half a yeara – – – – – – – –

Research context
School settinga – – – – – – – –
Higher education setting .36** [0.26, 0.47] 3 234 1.39 2 0.00 36*
Work-related learning setting .06 [− 0.33, 0.44] 3 71 1.21 2 0.00 –
Informal training setting .20 [− 0.31, 0.72] 4 646 17.04** 3 84.83 –

Randomization *
Experimental .12 [− 0.33, 0.58] 4 564 8.88* 3 71.74 –
Quasi-experimental .39** [0.30, 0.49] 4 327 5.74 3 0.00 61*

Design
Posttest only .25* [0.04, 0.46] 10 951 22.10** 9 63.80 136*
Pre- and posttesta – – – – – – –

Instruments
Standardizeda – – – – – – – –
Adapteda .43* [0.08, 0.79] 1 240 – – – –
Self-developed .22 [− 0.01, 0.45] 9 711 21.80** 8 64.59 110*

g posttest effect sizes adjusted for pretest scores between groups, k number of study samples, N total sample size,
Q homogeneity statistic, df degrees of freedom for the Q test, I2 between studies variance component
a Not estimated due to a small number of studies. An asterisk (*) in the fail-safe N column indicates the fail-safe
number is robust (> 5n + 10)

*p < .05; **p < .01
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education, and informal training settings, Q(2) = 12.48, p < .01, with significant residual
variance remaining (p < .01). Post hoc comparisons under a random effects model showed a
significant difference between studies performed in school settings and studies performed in
higher education settings (p < .01) or informal training settings (p < .05). The effects found in
school settings were significantly larger than those found in either higher education settings or
informal education settings.

Randomization Results from the mixed effects analyses showed no significant difference
between experimental and quasi-experimental studies regarding cognitive, Q(1) = 1.18,
p = .28, or behavioral learning outcomes, Q(1) = 1.63, p = .20. The residual variance was
significant (p < .01). However, for motivational learning outcomes, there was a significant
difference in the magnitude of the effect size between experimental and quasi-experimental
studies, Q(1) = 4.67, p < .05. Quasi-experimental studies showed a significant medium-sized
effect on motivational learning outcomes, whereas experimental studies showed a nonsignif-
icant effect. The residual variance was significant (p < .01).

Design Mixed effects analyses showed no significant effects of applied designs for cognitive
learning outcomes, Q(1) = 0.05, p = .82, and the residual variance was significant (p < .01). An
evaluation of the influence of the applied design was not possible for the motivational and
behavioral learning outcomes because there was only one subgroup with more than one study.

Instrument An evaluation of the influence of the instrument that was used was not possible
for cognitive or behavioral learning outcomes because there was only one subgroup with more
than one study in each of these areas. Moreover, there was no significant difference in effect
sizes between studies using standardized, adapted, or self-developed instruments for motiva-
tional learning outcomes, Q(2) = 2.85, p = .24, with significant residual variance remaining
(p < .01).

Subsplit Analyses Including Studies with High Methodological Rigor

Subsplits were performed for studies with high methodological rigor. Thus, in the following
analyses, only studies with experimental designs or quasi-experimental designs that used pre-
and posttests were included. In line with the summary effect analysis above, the subsplit for
cognitive learning outcomes showed a small effect of gamification on cognitive learning
outcomes (g = .42, SE = .14, p < .01, 95% CI [0.14, 0.68], k = 9, N = 686, fail-safe N = 51),
with homogeneity estimates showing a significant and substantial amount of heterogeneity,
Q(8) = 19.90, p < .05, I2 = 51.33%. In contrast to the summary effects analysis above, results of
the subsplit for motivational learning outcomes showed no significant summary effect of
gamification on motivational learning outcomes (g = .22, SE = .17, p = .20, 95% CI [− 0.11,
0.56], k = 7, N = 1063). Significant residual variance was left,Q(6) = 35.99, p < .01, I 2 = 84.23%.
Further, the subsplit summary effect of gamification on behavioral learning outcomes was not
significant (g = .27, SE = .22, p = .22, 95% CI [− 0.16, 0.70], k = 5, N = 667). The residual
variance was significant, Q(4) = 17.66, p < .01, I2 = 78.59%.

Moderator analyses for the subsplit for cognitive learning outcomes could only be
performed for social interaction, learning arrangement of the comparison group, and
period of time because the subgroups were too small for several other moderator
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levels (see Table 5). In line with the moderator analysis described above (see
Table 2), social interaction, learning arrangement of the comparison group, and period
of time did not significantly moderate the effects of gamification on cognitive learning
outcomes in the subsplit analysis.

For motivational learning outcomes, moderator analyses were conducted for inclu-
sion of game fiction, social interaction, and research context. Again, other moderator
analyses were not possible because the subgroups were too small (see Table 6). In
line with the initial moderator analyses for motivational learning outcomes (see
Table 3), game fiction and research context did not significantly moderate the effects
of gamification on motivational learning outcomes. Contrary to the initial moderator
analysis, the subsplit analysis for social interaction showed significant differences in
the magnitude of the effect size, Q(2) = 7.20, p < .05, with significant residual variance
remaining (p < .01). Gamification with combinations of competition and collaboration
showed a medium-sized effect on motivational learning outcomes and thus
outperformed the gamification environments that solely used competition.

Subsplit moderator analyses for behavioral learning outcomes were only possible for the
social interaction moderator (see Table 7). The results of this analysis were in line with the

Table 5 Results of the subsplit moderator analyses for cognitive learning outcomes including high methodo-
logical rigor studies only

Moderator variable p g 95% CI k N Q df I2 (%) Fail-safe N

Inclusion of game fiction
Yesa .98** [0.39, 1.56] 1 102 – – – –
No .29** [0.09, 0.50] 8 584 10.26 7 15.97 15

Social interaction
Competitive .59** [0.33, 0.86] 4 324 3.77 3 6.86 20
Collaborativea .98** [0.39, 1.56] 1 102 – – – –
Competitive-collaborative .30 [− 0.24, 0.85] 3 162 3.02 2 39.68 –
Nonea − .19 [− 0.63, 0.24] 1 98 – – – –

Learning arrangement comparison
group
Passive instructiona 1.09** [0.41, 1.77] 1 68 – – – –
Active instrution .23 [− 0.20, 0.65] 4 269 6.83 3 47.53 –
Mixed instruction .42** [0.15, 0.71] 5 383 3.62 4 29.03 16
Untreateda – – – – – – – –

Period of time
1 day or less .36 [− 0.22, 0.95] 3 133 3.59 2 42.27 –
1 week or lessa – – – – – – – –
1 month or lessa .15 [− 0.64, 0.93] 1 36 – – – –
Half a year of less .58** [0.29, 0.88] 3 317 2.91 2 26.20 15
More than half a yeara – – – – – – – –

Research context
School settinga .98** [0.39, 1.56] 1 102 – – – –
Higher education setting .46** [0.19, 0.73] 6 418 7.93 5 22.70 26
Work-related learning settinga – – – – – – – –
Informal training settinga − .19 [− 0.63, 0.24] 1 98 – – – –

g posttest effect sizes adjusted for pretest scores between groups, k number of study samples, N total sample size,
Q homogeneity statistic, df degrees of freedom for the Q test, I2 between studies variance component
a Not estimated due to a small number of studies. An asterisk (*) in the fail-safe N column indicates the fail-safe
number is robust (> 5n + 10)

*p < .05; **p < .01
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initial moderator analysis (see Table 4) in showing a significant moderating effect of social
interaction on the relationship between gamification and behavioral learning outcomes,Q(1) = 6.87,
p < .01. Gamification with competitive-collaborative modes of social interaction outperformed
gamification that solely used competitive modes of social interaction.

Discussion

The aim of this meta-analysis was to statistically synthesize the current state of research on the
effects of gamification on cognitive, motivational, and behavioral learning outcomes, taking
into account potential moderating factors. Overall, the results indicated significant, small
positive effects of gamification on cognitive, motivational, and behavioral learning outcomes.
These findings provide evidence that gamification benefits learning, and they are in line with
the theory of gamified learning (Landers 2014) and self-determination theory (Ryan and Deci
2002). In addition, the results of the summary effect analyses were similar to results from
meta-analyses conducted in the context of games (see Clark et al. 2016; Wouters et al. 2013),
indicating that the power of games can be transferred to non-game contexts by using game

Table 6 Results of the subsplit moderator analyses for motivational learning outcomes including high method-
ological rigor studies only

Moderator variable p g 95% CI k N Q df I2 (%) Fail-safe N

Inclusion of game fiction
Yes .41 [− 0.13, 0.95] 2 883 7.97** 1 87.45 –
No .13 [− 0.23, 0.50] 6 331 23.86** 5 82.29 –

Social interaction *
Competitive − .09 [− 0.32, 0.14] 5 847 12.40* 4 54.12 –
Collaborativea .15 [− 0.07, 0.37] 1 228 – – – –
Competitive-collaborative .61** [0.36, 0.85] 2 200 0.88 1 0.00 10
None .38 [− 0.42, 1.17] 2 175 6.05* 1 83.48 –

Learning arrangement comparison
group
Passive instructiona – – – – – – – –
Active instrution .19 [− 0.21, 0.58] 6 967 34.07** 5 86.65 3
Mixed instructiona .45* [0.05, 0.85] 1 97 – – – –
Untreateda – – – – – – – –

Period of time
1 day or less .19 [− 0.21, 0.58] 6 967 34.07** 5 86.65 –
1 week or lessa – – – – – – – –
1 month or lessa – – – – – – – –
Half a year of lessa .45* [0.05, 0.85] 1 97 – – – –
More than half a yeara – – – – – – – –

Research context
School settinga – – – – – – – –
Higher education setting .37* [0.03, 0.72] 2 175 0.60 1 0.00 1
Work-related learning settinga .81** [0.27, 1.34] 1 42 – – – –
Informal training setting .07 [− 0.44, 0.57] 4 847 28.03** 3 91.59 –

g posttest effect sizes adjusted for pretest scores between groups, k number of study samples, N total sample size,
Q homogeneity statistic, df degrees of freedom for the Q test, I2 between studies variance component
a Not estimated due to a small number of studies. An asterisk (*) in the fail-safe N column indicates the fail-safe
number is robust (> 5n + 10)

*p < .05; **p < .01
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design elements. Given that gamification research is an emerging field of study, the number of
primary studies eligible for this meta-analysis was rather small, and effects found in this
analysis were in danger of being unstable. Therefore, we investigated the stability of the
summary effects. Fail-safe numbers as an estimate of the degree to which publication bias may
exist in the samples were applied and indicated that the summary effects for cognitive,
motivational, and behavioral outcomes were stable. However, subsplits exclusively including
studies with high methodological rigor only supported the summary effect of gamification on
cognitive learning outcomes. Although the analyses were underpowered, the summary effects
for motivational and behavioral learning outcomes were not significant. Thus, summary effects
of gamification on motivational and behavioral learning outcomes are not robust according to
the subsplit analyses. For both motivational and behavioral learning outcomes, the subsplits
indicate effects of gamification depend on the mode of social interaction. In a nutshell,
gamification of motivational and behavioral learning outcomes can be effective when applied
in competitive-collaborative settings in contrast to mere competitive settings.

The significant, substantial amount of heterogeneity identified in all three subsamples was in line
with the positive, albeit mixed findings of previous reviews. For this reason, moderator analyses
were computed to determine which factors were most likely to contribute to the observed variance.

Table 7 Results of the subsplit moderator analyses for behavioral learning outcomes including high methodo-
logical rigor studies only

Moderator variable p g 95% CI k N Q df I2 (%) Fail-safe N

Inclusion of game fiction
Yesa .76** [0.41, 1.10] 1 103 – – – –
No .12 [− 0.33, 0.58] 4 564 8.88* 3 71.74 –

Social interaction **
Competitive − .01 [− 0.36, 0.34] 4 546 8.39* 3 61.97 –
Collaborativea – – – – – – – –
Competitive-collaborative .73** [0.41, 0.99] 2 124 0.13 1 0.00 10
Nonea − .07 [− 0.48, 0.35] 1 133 – – – –

Learning arrangement comparison
group
Passive instructiona – – – – – – – –
Active instrution .40* [0.06, 0.75] 4 637 11.68** 3 64.74 13
Mixed instructiona – – – – – – – –
Untreateda − .42 [− 1.04, 0.20] 1 30 – – – –

Period of time
1 day or less .27 [− 0.16, 0.70] 5 646 17.66** 4 78.59 –
1 week or lessa – – – – – – – –
1 month or lessa – – – – – – – –
Half a year of lessa – – – – – – – –
More than half a yeara – – – – – – – –

Research context
School settinga – – – – – – – –
Higher education settinga .61 [− 0.13, 1.34] 1 21 – – – –
Work-related learning settinga – – – – – – – –
Informal training setting .20 [− 0.31, 0.72] 4 646 17.04** 3 84.83 –

g posttest effect sizes adjusted for pretest scores between groups, k number of study samples, N total sample size,
Q homogeneity statistic, df degrees of freedom for the Q test, I2 between studies variance component
a Not estimated due to a small number of studies. An asterisk (*) in the fail-safe N column indicates the fail-safe
number is robust (> 5n + 10)

*p < .05; **p < .01
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Moderators of the Effectiveness of Learning with Gamification

Inclusion of Game Fiction For both cognitive and motivational learning outcomes, there was
no significant difference in effect sizes between the inclusion and the exclusion of game
fiction. The mechanisms that are supposed to be at work according to self-determination
theory (Rigby and Ryan 2011) were not fully supported in this analysis. However, the results
on cognitive and motivational learning outcomes were in line with meta-analytic evidence
from the context of games, which found that including game fiction was not more effective
than excluding it (Wouters et al. 2013). Nevertheless, for behavioral learning outcomes, the
effects of including game fiction were significantly larger than the effects without game fiction.
The fail-safe number for the effect of game fiction on behavioral learning outcomes indicated a
stable effect that did not suffer from publication bias. However, studies including game fiction
were less likely to use experimental designs, which can be a confounding factor.

These results raise the question as to why the use of game fiction seems to matter only for
behavioral learning outcomes. A striking divergence between the data representing behavioral
learning outcomes and cognitive or motivational learning outcomes is the point of time in which
the data were collected: Whereas cognitive and motivational learning outcomes were almost
exclusively measured after interventions, behavioral learning outcomes were almost exclusively
measured during interventions (i.e., the measurement was to some extent confounded with the
intervention itself). Therefore, it makes sense to ask whether the significant difference in behavioral
learning outcomes regarding the use of game fiction really reflects a difference in effectiveness for
learning or rather points toward an effect of gamification with game fiction on assessment. Previous
research has in fact shown that gamification can affect the data (e.g., the number of questions
completed or the length of answers produced; Cechanowicz et al. 2013). Even though behavioral
learning outcomes were typically measured by participants completing specific tasks such as
assembling Lego® cars (Korn et al. 2015), it may well be the case that these findings also transfer
to the number of completed tasks or the time and effort invested in completing a task. From a
theoretical point of view, the present results might merely reflect the idea that including game fiction
was more effective in getting learners to invest more effort in completing tasks than not including
game fiction. It remains uncertain whether these differences would also appear if performance was
assessed without gamification.

We attempted to include the time of assessment as a moderator in this analysis; however,
there were not enough studies in the subgroups to allow for a conclusive evaluation. Future
studies should consider assessing behavioral learning outcomes not only as process data during
the intervention but also after the intervention to avoid confounding effects.

Additionally, as gamification can be described as a design process in which game elements
are added, the nonsignificant result of this moderator for cognitive and motivational learning
outcomes could be explained by the quality with which the (game) design methods were
applied: Most learning designers who apply and investigate gamification in the context of
learning are not trained as writers and are probably, on average, not successful at applying
game fiction effectively. Further, the findings could also be affected by how the moderator was
coded. For example, the effectiveness of gamification might be affected by whether game
fiction was only used at the beginning of an invervention to provide initial motivation, but it
might not be relevant afterwards (e.g., avatars that cannot be developed), or they might
continue to be relevant throughout the intervention (e.g., meaningful stories that continue).
These possible qualitative differences in the design and use of game fiction could have
contributed to the mixed results found in the present analysis. Due to the small sample size,
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a more fine-grained coding was not possible because it would have led to subgroups that were
too small to be used to conduct any conclusive comparisons. Further, subsplit analyses
regarding the moderator inclusion of game fiction were not possible for behavioral learning
outcomes because the subgroups were too small.

Social Interaction For the cognitive and motivational learning outcomes, no significant
difference in effect sizes were found between the different types of social interaction. For
behavioral outcomes, a significant difference was found between competitive-collaborative
and no interaction in favor of the former. As mentioned previously, behavioral learning
outcomes, as opposed to cognitive and motivational learning outcomes, were almost exclu-
sively comprised of process data. Therefore, the results of this analysis suggested that different
types of social interactions affect learners’ behavior within gamification. Evoking social
interactions via gamification in the form of combinations of collaboration and competition
was most promising for behavioral learning outcomes. This result for behavioral learning
outcomes is in line with evidence from the context of games, showing that combinations of
competition and collaboration in games are promising for learning (Clark et al. 2016).

Although the positive effect of competitive-collaborative modes of interaction on behav-
ioral learning outcomes was in danger of being unstable with respect to its fail-safe number, the
subsplit of studies with high methodological rigor confirmed the advantage of the combination
of competition and collaboration, but here, the advantage was over competition by itself.
Interestingly, the findings from the subsplits of motivational and behavioral learning outcomes
showed parallels as both showed that combinations of competition and collaboration
outperformed mere competition. These results can be interpreted to mean that mere competi-
tion might be problematic for fostering learners’ motivation and performance—at least for
some learners under certain circumstances.

A factor that might have contributed to these results is learners’ subjective percep-
tions. As Rigby and Ryan (2011) pointed out, satisfying the need for relatedness,
especially in competitive situations, largely depends on how competition is experi-
enced. Perceiving competition as constructive or destructive is “a function of the
people involved rather than the activity itself” (Rigby and Ryan 2011, p. 79). The
interaction between learner characteristics and gamification should therefore be inves-
tigated in primary studies. A closely related problem concerns whether learners
engaged in the interventions in the manner in which they were intended. Most of
the studies did not provide information about whether or not learners took advantage
of the affordances to engage in collaborative and/or competitive interactions. These
issues can only be resolved by conducting future primary studies with data on
learning processes, which will allow for investigations of these aspects on a level
more closely related to what actually occurs during interventions and checks for
implementation fidelity. Besides observations of learners’ interactions with learning
environments, gamification research should take advantage of log-file analyses and
learning analytics to analyze the human-environment interaction in gamified environ-
ments (see Young et al. 2012).

Additionally, differences in learners’ skill levels may have also contributed to the mixed
results found in this analysis. Competition may be problematic if it occurs between learners
with widely different skill levels because succeeding can be unattainable for learners with
lower skill levels (Slavin 1980; Werbach and Hunter 2012). Only a few primary studies have
considered participants’ skill levels. Future studies applying competitive or competitive-
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collaborative interventions should take prior skill level into account and report it. Further, the
effectiveness of different types of social interaction could be influenced by the way the
gamification environment and the specific game design elements were designed. Landers
et al. (2017) showed how leaderbords that are implemented to foster competition can be
interpreted as goals, suggesting that leaderbords with easy goals would likely be less effective
than leaderboards with difficult goals. This thereby suggests that also within the single
moderator levels of our meta-analysis, the effects could vary depending on their specific
design.

Learning Arrangement of the Comparison Group Results of the moderator learning ar-
rangement of the comparison group did not show significant differences between gamification
when compared with different types of instruction (i.e., passive, active, or mixed instruction) in
the comparison group for cognitive and motivational learning outcomes. For behavioral
learning outcomes, the analysis was not possible because the moderator subgroups were too
small. On the one hand, these results may indicate that gamification is not yet used in a way
that focuses on fostering high-quality learning activities and, thus, does not take full advantage
of the possibilities that gamification might have. As proposed by the theory of gamified
learning, gamification can affect learning outcomes by enhancing activities that are relevant
for learning and might thus create instructional affordances for learners to actively engage in
cognitive processes with the learning material. Several primary studies included in this analysis
could have failed to specifically provide affordances for high-quality learning activities.

On the other hand, learners might not actually take advantage of the instructional
affordances provided by the gamified system. Similar to the social interaction moderator,
learners probably did not engage in certain (high-quality) learning activities, as intended by the
gamification environment (see Chi and Wylie 2014). Primary studies in this meta-analysis did
not report sufficient data on the learning processes to clarify this issue. Therefore, future
primary studies should use the human-environment interaction as the unit of analysis to
account for learners interacting in different ways with the gamified environment (see Young
et al. 2012). This would allow researchers to investigate different levels of learning activities
that are fostered by certain game design elements while taking into account different situational
factors and learner characteristics. Differentiating actual learning activities on a more fine-
grained level into passive, active, constructive, and interactive learning activities, as suggested
by Chi and Wylie (2014), would enable gamification research to find answers about how, for
whom, and under which conditions gamification might work best.

Situational, Contextual, and Methodological Moderators Besides the moderators discussed
above, period of time, research context, randomization, design, and instruments were included
as moderators to account for situational and contextual factors as well as methodological rigor.
Results regarding period of time for cognitive and behavioral learning outcomes indicated that
gamification can be effective in both the short and long term. For motivational learning
outcomes, interventions lasting half a year or less (but more than 1 month) showed a
medium-sized effect, whereas interventions lasting 1 day or less showed a nonsignificant
result. The results of this meta-analysis can weaken the fear that effects of gamification might
not persist in the long run and might thus contradict the interpretations presented in reviews
(see Hamari et al. 2014; Seaborn and Fels 2015). For motivational outcomes, it might even
take longer to affect motivation. However, this does not allow for any conclusions about how
enduring the obtained effects will be. An attempt to include the time of the posttest as an
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additional methodological moderator in this analysis was not possible across all three sub-
samples because only one study reported a delayed posttest. Future primary studies should
therefore focus on conducting follow-up tests so that conclusions about the endurance of the
effects of gamification can be drawn.

Regarding the research context, a significant difference was found between school
settings and higher education settings as well as informal settings in favor of the
school setting for cognitive learning outcomes. Therefore, gamification works espe-
cially well for school students’ knowledge acquisition. No significant differences were
found for motivational and behavioral learning outcomes. It should be noted that
studies in school contexts were more likely to compare gamification groups with
groups receiving passive instruction as opposed to studies from higher education,
which were more likely to use control groups that received mixed instructions. This
could have led to biased effects.

Randomization did not affect the relationship between gamification and cognitive learning
outcomes but did so for motivational and behavioral learning outcomes, indicating that
methodological rigor might moderate the size of the effect. For both outcomes, effect sizes
for quasi-experimental studies were significantly larger than for experimental studies. In cases
in which evaluation of the other methodological moderators, namely design and instruments,
was possible, no influence on the size of the effect for the respective learning outcomes could
be detected.

Limitations

One limitation of our study was that the sample size was rather small, especially for behavioral
learning outcomes and all subsplit analyses. This limits the generalizability of the results and is
also problematic for statistical power because, for random effects models, power depends on
the total number of participants across all studies and on the number of primary studies
(Borenstein et al. 2009). If there is substantial between-study variance, as in this meta-analysis,
power is likely to be low. For this reason, nonsignificant results do not necessarily indicate the
absence of an effect but could be explained by a lack of statistical power, especially if effects
are rather small.

A common criticism of meta-analytic techniques is that they combine studies that differ
widely in certain characteristics, often referred to as comparing apples and oranges (Borenstein
et al. 2009). This issue can be addressed, to some extent, by including moderators that can
account for such differences. In the present meta-analysis, we therefore investigated a set of
moderating factors, even though only some of them were shown to be significant moderators of
the relationship between gamification and learning. It is important for future research not to
disregard the factors that did not show any significant influence, given the issues discussed above
regarding power. Furthermore, this set of factors is not exhaustive, and other variables could also
account for the observed heterogeneity. A few such factors (e.g., the more fine-grained distinction
of game fiction or the time of the posttest) were discussed above, but other factors such as
participant characteristics (e.g., familiarity with gaming or differences in the individual perception
of game design elements, personality traits, or player types; see Hamari et al. 2014; Seaborn and
Fels 2015) or different types of feedback addressed by certain game design elements may also
account for heterogeneity in effect sizes. These aspects could not be investigated in the present
analysis because most primary studies did not examine or report them. Further, some of the

Educational Psychology Review (2020) 32:77–112 105

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



aspects mentioned above refer to design decisions made by the developers of gamification
interventions. Such design decisions can lead to variance in the effect sizes of certain game
design elements as shown in the context of leaderboards (Landers et al. 2017) and in the context
of achievements, showing that effectivity of achievements strongly depends on the design (i.e.,
the quantity and difficulty of achievements; Groening and Binnewies 2019). Our meta-analysis
did not include such aspects of design and rather synthesized effects of gamification as it is
currently operationalized in the literature. By doing so, a mean design effect was assumed.
Nevertheless, our meta-analysis offers an interpretive frame for applying and further investigating
gamification. Such a frame is especially needed in such a young field. However, research
investigating different aspects of certain game design elements is valuable for fully capturing
the role of design in the process of applying gamification.

Another limitation concerns the quality of primary studies in the present analysis, a problem
often described with the metaphor garbage in, garbage out (Borenstein et al. 2009). As
mentioned earlier, gamification research suffers from a lack of methodological rigor, which,
from the perspective of meta-analyses, can be addressed by either assessing methodological
differences as moderators or excluding studies with insufficient methodological rigor. In this
analysis, both approaches were applied: methodological factors were included as moderators,
and subsplits involving studies that applied high methodological rigor were performed. For
motivational and behavioral learning outcomes, the results showed that quasi-experimental
studies found significant effects, whereas experimental study showed nonsignificant results,
emphasizing the need for more rigorous primary study designs that allow alternative explana-
tions for differences in learning outcomes between different conditions to be ruled out. The
subsplit analyses showed that the summary effects for the motivational and behavioral
outcomes were not robust. However, given the small sample sizes in the subgroup analyses,
these findings were highly likely to be underpowered and should be viewed with caution.

Outcome measures are a particular aspect affected by both these problems: A lack of
uniformity in measurement leads to differences in reliability and validity that are not consid-
ered in the calculation of the mean effect sizes (Walker et al. 2008). The use of agreed-upon
measurement instruments with good psychometric properties is therefore needed to increase
both the comparability of studies and methodological rigor.

Conclusion

Gamification in the context of learning has received increased attention and interest over the
last decade for its hypothesized benefits on motivation and learning. However, some re-
searchers doubt that effects of games can be transferred to non-game contexts (see Boulet
2012; Klabbers 2018). The present meta-analysis supports the claim that gamification of
learning works because we found significant, positive effects of gamification on cognitive,
motivational, and behavioral learning outcomes. Whereas the positive effect of gamification on
cognitive learning outcomes can be interpreted as stable, results on motivational and behav-
ioral learning outcomes have been shown to be less stable. Further, the substantial amount of
heterogeneity identified in the subsamples could not be accounted for by several moderating
factors investigated in this analysis, leaving partly unresolved the question of which factors
contribute to successful gamification. More theory-guided empirical research is needed to
work toward a comprehensive theoretical framework with clearly defined components that
describes precise mechanisms by which gamification can affect specific learning processes and
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outcomes. Future research should therefore explore possible theoretical avenues in order to
construct a comprehensive framework that can be empirically tested and refined.

The theory of gamified learning offers a suitable framework for doing so (see Landers
2014; Landers et al. 2018). Combined with evidence from well-established educational and
psychological theories that provide clear starting points for effective gamification, primary
studies should work toward an evidence-based understanding of how gamification works:
focusing on specific game design elements affecting specific psychological needs postulated
by self-determination theory (see Ryan and Deci 2002) and exploring ways to create
affordances for high-quality learning activities, namely, constructive and interactive learning
activities (see Chi and Wylie 2014). Future research has to take into account how psycholog-
ical needs and high-quality learning activities can be fostered by gamification and to what
extent as well as under what conditions learners actually take advantage of these affordances
by focusing on the human-environment interaction of learners in gamified interventions (see
Young et al. 2012).

In general, more high-quality research, applying experimental designs or quasi-
experimental designs with elaborated controls for prior knowledge and motivation, is needed
to enable a more conclusive investigation of the relationship between gamification and
learning, as well as possible moderating factors. As the abovementioned issues concerning
the moderators are merely post hoc explanations, future research should specifically investi-
gate issues such as learners’ experiences and perceptions of gamification, their actual activities
in the interventions, the role of learners’ skill level in competition, the influence of learners’
initial motivation, the adaptiveness of gamified systems, other individual characteristics, and
the endurance of effects after interventions. Nevertheless, the moderators considered in this
analysis should also not be disregarded yet due to the abovementioned limitations of this meta-
analysis.

The fact that the significant results in the analyses of the conceptual moderators were
mostly found for behavioral learning outcomes is of particular interest for future investigations.
Because these outcomes, in contrast to the cognitive variables, were almost exclusively
measured during the interventions, these results could indicate that certain variables affect
behavior and performance in the immediate situation, which does not necessarily transfer to
situations outside the gamified context. The transparent reporting of study characteristics,
control group arrangements, and combinations of learning processes and learning outcome
data as well as investigating several outcome types in single studies would provide a more
comprehensive (meta-analytic) investigation of the factors that contribute to the effectiveness
of gamification.

The results of the present meta-analysis offer an interpretive frame for applying
gamification and the following practical implications. First, the results suggest that, in general,
gamification has the potential to serve as an effective instructional approach for interventions
focusing on cognitive, motivational, and behavioral learning outcomes. Second, when consid-
ering interventions focusing on behavioral learning outcomes, including game fiction is
promising; for example, introducing a fictional game world, which is relevant throughout
the gamified intervention, combined with an avatar system, which allows for developing an
avatar over time, can help to foster learners’ skills (e.g., Sailer et al. 2017b). Further, creating a
gamification environment that allows learners to engage in both competitive and collaborative
interaction can be beneficial: Letting learners work together in teams, while competing with
other teams, can help to improve learners’ quality of performance and skills (e.g., Sailer et al.
2017b). There is evidence from the subsplit analysis of studies using high methodological rigor
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that this also holds true for motivational learning outcomes. For example, implementing a
transparent badge system that allows peers to challenge themselves as well as awarding badges
for helping and collaborating with others can help to foster motivation (e.g., Yildirim 2017).
Both subsplits for motivational and behavioral learning outcomes further indicate that mere
competition within gamification might be suboptimal, but competition augmented with col-
laboration can be effective. These aspects should be considered when designing gamified
interventions, particularly when targeting behavioral learning outcomes, although these effects
may especially apply to experiences and performance during the gamified intervention and
might not affect performance in contexts that are devoid of gamification.

The initial question was whether gamification is effective for learning. The results from the
present meta-analysis suggest that, yes, gamification might in fact be effective when it comes
to learning. However, the question of which factors contribute most to successful gamification
remains partly unresolved, at least for cognitive learning outcomes.
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