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ABSTRACT

Personalized gamification has gained substantial interest due to
the expectation that it can improve gamification’s success.
Considering some secondary studies on this topic, they lack to
present the characteristics of empirical studies and some aspects
on how personalization approaches were designed. In this paper,
we present a literature review based on previous research to
address these gaps. Based on our analysis, our results provide:
insights on how experiments to compare personalized
gamification and non-personalized gamification are designed and
evaluated; evidence on the effectiveness of personalized
gamification found in primary studies; and an overview of how
personalization approaches were designed. Our analysis
converged in possible guidelines and a research agenda revealing
five main needs: i) empirical studies comparing one size fits all
and personalized gamification; ii) qualitative user studies; iii)
personalization approaches that consider contextual characteristics
as well as iv) rely on a broader, unambiguous set of game
elements; and v) a benchmark of established resources to increase
research reproducibility.
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1 Introduction

It has been argued that, for gamified applications, one size does
not fit all [41]. Given that the same gamification design is unlikely
to work for all users, researchers started to investigate
personalized gamification. That is, tailoring game elements based
on information about the users aiming to improve gamification’s
effectiveness [59]. This approach is based on the fact that people
with different characteristics have different preferences,
perceptions, and experiences [47, 51, 61]. Consequently, by
offering gamification designs tailored to users’ characteristics,
providers expect to improve their experiences and, thus,
gamification’s success [59].

Due to such expectations, personalized gamification has
substantially attracted researchers’ attention. A significant number
of studies have been published, which have been recently
summarized in a few literature reviews (e.g., [1, 27, 28]).
However, two points were not addressed in previous research.
First, despite some literature reviews analyzed the results from
empirical studies [1,19], they do not present a broad analysis of
how personalized gamification’s impact was assessed. That is,
aspects such as the control group that personalized gamification
was compared to and the sample sizes, which would provide a
valuable understanding of the validity of those experiments.
Hence, although primary studies mostly report positive outcomes,
as indicated in Hallifax et al. [19], whether using personalization
improves one size fits all gamification remains unknown. To fill
this gap, this paper investigates how empirical studies employing
personalized gamification have been conducted to answer
whether personalization improves one size fits all gamification
effectiveness.

Second, some issues related to how personalization approaches
were designed have not been discussed in previous research. In
this regard, none of the secondary studies discuss how the game
elements at a given personalization approach were selected. This
aspect is important because self-selection might lead the approach
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to ignore some game elements or use different names to represent
elements with the same goal (e.g., both medals and trophies
provide acknowledgment), leading to ambiguity in the experience
they will provide to users. To illustrate such limitations, one might
consider a personalization approach that uses game elements from
the literature review by Nah et al. [42]. Although systematic,
using this source would lead to an approach that does not consider
the Collaboration game element, while featuring badges, prizes,
and rewards, all of which have highly similar goals [58].
Additionally, the approach’s development method is another
relevant aspect that is discussed in a single related work. Klock et
al. [27] discusses the algorithms used in that process (e.g., linear
regression and factor analysis) as well as how those were
evaluated, where survey and questionnaires were used most often.
To provide a complementary point of view, we discuss whether
those were developed based on theory or data. That is, whether
they are theory- or data-driven. A clear understanding on which of
those approaches has been used is important to shed light on
development trends, especially considering the novelty of data-
driven gamification, which has been advocated to enable the
development of more tailored gamification designs than theory-
driven alternatives [35]. To fill these gaps, this paper investigates
how approaches for personalizing gamification have been
developed, especially focusing on development choices, such as
personalization criteria, the kind of source each approach relied
on to select the game elements it uses, and whether it is theory-
or data-driven.
Therefore, our main objective is to conduct an exploratory study,
through a literature review process, to expand the current body of
knowledge on the impacts, approaches, and insights adopted to
design personalized gamification systems. To achieve this goal,
our study focuses on answering the following questions (RQ):
(RQ1) How empirical studies employing personalized
gamification have been conducted? (RQ2) Does personalized
gamification improve one size fits all gamification effectiveness?
and (RQ3) How approaches for personalizing gamification have
been developed?. Thus, our main contributions are:

e Revealing the impact of personalized gamification;

e Showing an overview of how empirical studies have

been conducted in this context; and
e  Providing insights on how personalization approaches
were developed.

Furthermore, we answer our RQ by extracting information from
the studies included in previous literature reviews as they were
recently published, a context in which conducting a new
systematic process would be of little benefit [16]. Thereby,
speeding up the process of communicating our findings while
answering new research questions based on a state-of-the-art
VIEW.

3 Method

To achieve the objectives of this study, we opted to conduct an
exploratory study since this kind of study is conducted to delve
deep into an existing problem aiming to explicit it [32]. We
choose to analyze existing works on the field that were found in
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previous literature reviews on the subject, since the studies were
published recently [1, 19, 27, 28] and there is no need for
updating the existing reviews [16]. Based on the exposed, we
analyzed points that previous studies did not (i.e., how empirical
studies have been conducted and how personalization approaches
have been conducted).

To conduct this literature review, we defined two steps that are
commonly encountered in other literature review processes, such
as Kitchenham [26] and PRISMA checklist [64]: Studies selection
and Data extraction. The first encompasses the process of
selecting our studies based on predefined criteria, while the
second step consists in defining and extracting information to
answer our research questions.

3.1 Studies Selection

Figure 1 summarizes the study selection process. For study
selection, our main criterion was secondary studies focused on
personalized gamification. That is, we relied on recent secondary
studies rather than conducting another systematic literature
review. The secondary studies on personalized gamification that
we screened have been published between three months and two
years before the time of writing, covering state-of-the-art research
on this topic. In addition, those have been published in varied
venues, ranging from general human-computer studies [27] to the
perspective of learning technologies [19]. Given that context,
conducting a new systematic process would be of little benefit
[16]. Thereby, our approach speeds up the process of
communicating our findings while answering new research
questions based on a state-of-the-art view.

Search for secondary studies
on personalized gamification
(N=4)

Aljabali et al. Klock et al. Hallifax et al. Klock et al.
2018 2018 2019 2020
(N=13) (N =20) (N =20) (N=42)

| |
'

Primary studies from
secondary studies

'

Duplicate removal
(N =60)

i

Application of selection criteria
for primary studies

v

Snowballing
(N =39

Figure 1. Study selecion process. N represents the number of
studies selected after each step.
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Based on the secondary studies’ results, our selection criteria for
primary studies were that they should either i) present an
empirical study employing personalized gamification or ii)
present an approach for personalizing gamification; that is,
providing recommendations/guidance on how to tailor
gamification designs to some specific criteria. Nevertheless, we
also included other primary studies through snowballing, by
verifying which studies cited the analyzed study, allowing us to
collect some recent studies that were recently published and,
therefore, could not be added in previous literature reviews. Thus,
primary studies included in this paper are those meeting the
aforementioned inclusion criteria and either found during our
literature searches or included in the following secondary studies,
which were selected in an ad-hoc manner: [1, 19, 27, 28].

3.2 Data Extraction

We extracted data from the included studies following the
categorization presented before (i.e., empirical studies and
recommendations). Figure 2 summarizes data extracted from each
study of each category, which are further described next.

In reviewing recommendations, we focus on four main
characteristics. The first characteristic is the personalization
criteria, which we further split in two: user (e.g., demographics)
and context (e.g., gamified task). This is important to demonstrate
if approaches are exploring all kinds of characteristics known as
relevant for gamification success.

The second is how the recommendation was developed, which
might be theory- (e.g., linking game elements to some
characteristics based on theories behind those) or data-driven
(e.g., exploring data from wusers’ behavior, opinions, or
preferences to determine the recommendations). This is important
to understand which development approach has been used more or
less.

Third, we consider how the recommendation’s game elements
were selected (e.g., from a literature review or some taxonomy).
The relevance of this choice is avoiding selection bias as well as
preventing the recommendation of ambiguous game elements.

The fourth characteristic is to which domain the recommendation
was built for (e.g., education or general; that is, no specific
domain), which is important as the domain is another aspect that
needs to be considered when designing gamified systems.

In reviewing empirical studies on the use of personalized
gamification, we follow two main perspectives. One is analyzing
the effect of personalized gamification overall, as well as that of
different personalization approaches. To that end, we extracted the
kind of outcome analyzed and whether personalization was
positive, null, mixed, or negative for each kind. The other
perspective concerns understanding how such experiments have
been conducted, aiming to identify best practices and perspectives
needing to be tackled. Then, we extracted the condition
personalization was compared to, the personalization criteria, the
number of game elements in each condition, the intervention
duration, the sample size, the data analysis form, and the study
context.
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Studies included in
this review
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Recommendations Empirical studies

- Personalized
gamification's effect
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all gamification (e.g.,
positive, null)
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design, sample size)
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Figure 2. Data extracted from selected studies depending on
their type. Recommendations provide guidance on how to
personalize gamification whereas empirical studies perform
user studies applying personalized gamification.

4 Results and Discussion
This section presents and discusses the results of each RQ.

4.1 RQ1: How empirical studies employing
personalized gamification have been conducted

Table 1 summarizes the empirical studies included in this review®.
A Kkey point to understanding those studies is the condition to
which personalized gamification was compared. Frequently, the
baseline comparison was random gamification; that is, randomly
selected game elements [38, 53, 56]. There were also comparisons
to no gamification [23, 25, 31, 38]. Additionally, there were cases
in which comparisons were made to counter-tailored gamification;
that is, when users receive the game element they (are expected
to) prefer the less [31, 36, 38]. The main problem of such
approaches is that personalized gamification emerged as a means
to improve one size fits all gamification’s effectiveness, and
comparing it to random, counter-tailored, or no gamification does
not contribute to understanding whether that objective was met.

On the other hand, some studies indeed compared personalized to
one size fits all gamification. Hassan et al. [21] is one of these
works, however, their experimental condition featured adaptive
learning as well as gamification. Similarly, the personalization
approach in Daghestani et al. [9] influenced the content’s
difficulty as well as the help (e.g., guidance on further readings)
users received. Such approaches limit the understanding of
whether personalized gamification was the source of the results as
it was not experimentally controlled. Differently, three studies
controlled personalized gamification experimentally, comparing it

! [56] appears three times because authors compared three personalization
strategies to a control condition.
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Table 1. Overview of empirical studies included in this review.
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Ref | Compared to Personalization # GE Interventi | Sample | Measured Data Context

Criteria on size Outcome analysis

Duration

[9] OSFA Gamer type* 21/2-2 | ? 76 M~, C+ Qt Undergraduate class
[44] | OSFA Gamer type 9/? <1 day 121 M~ Qt Elementary students
[17] | OSFA Likes 3/2-3 2 months 2102 B+/- Qt Social network users
[39] | OSFA User type ?12-3 14 weeks | 81 B+/-, M+/- Qt Undergrad online class
[21] | OSFA Learning style* 5/2-5 ? 175 B+, M+ Qt Undergrad class
[38] | OSFA, NG, CT, R | Gamer type 0-3/1 <1 day 59 B+/-, M+/- Qt Middle school
[23] | NG, Cmp, Col Performance 0-1/2 <1 day 54 B+/- Mx Primary class
[53] | R Motivation style ?12-3 1 month 100 B+ Qt Undergrad class
[56] | R User type 11 6 weeks 258 B+/-, M~ Qt Daily children
[56] | R IM 1/1 6 weeks 258 B~, M+/- Qt Daily children
[56] | R User type and IM 11 6 weeks 258 B+/-, M+/- Qt Daily children
[36] | CT Gamer Type 212 3 weeks 280 B+, M+/- Qt Daily adults
[31] | NG, CT Gamer type 212 3 weeks 266 B+/-, M+/- Qt Daily adults
[25] | NG Age* 11 <1 day 40 B+/- Qt Primary class

* Personalized gamification was not controlled experimentally

#GE = Number of game elements in personalized/baseline condition; OSFA = one size fits all; NG = no gamification; Cmp = competitive
gamification; Col = collaborative gamification; CT = counter-tailored gamification; R = random gamification; IM = Initial motivation; ? =
information undefined in the study; M = motivational; C = cognitive; B = behavioral; + = positive; +/- = mixed; ~ = null; Qt = quantitative;

Mx = mixed.

to one size fits all gamification in terms of students’ flow
experience [44], undergraduate learners’ motivation and behavior
[39], and social network users’ behavior [17]. Note that there is a
condition studied in Monterrat et al. [38] that might be considered
one size fits all: providing all three game elements deliberately
selected during the study. However, authors do not compare this
condition to the one with tailored gamification.

Concerning the empirical setups, most studies experimented with
few elements in both the personalized and the baseline conditions
(i.e., around one and three game elements in each), with a few
exceptions [9, 21, 44]. Furthermore, few interventions lasted less
than a day [23, 25, 38, 44], while the majority lasted between
three and eight weeks (or two months), most sample sizes ranged
from 40 to 280, with a case of studying a social network that
featured over 2000 participants [17], and the application contexts
were varied, including primary, elementary, middle, and
undergraduate classes, social networks, and adults and children
daily tasks. This overview demonstrates empirical studies were
conducted in varied settings, mostly using few game elements in
both conditions and with sample sizes and time frames
(interventions duration) comparable to overall gamification
studies [2, 30, 54].

Another point is that all but one study employed a quantitative
data analysis approach. As personalized gamification is a recent
field [27, 62], performing qualitative analyses could substantially
contribute to the field by shedding light on users’ perceptions of
personalized gamification designs. Those insights are likely to
help designers to better understand how to personalize as well as
reasons for unexpected findings.

Concerning the personalization criteria, all studies considered
either user’s characteristics, such as Brainhex gamer types [40]
(e.g., [9, 44]) and Hexad user types [34, 63] (e.g., [39, 56]), or
interactions (e.g., [17]). Hence, demonstrating a predominant
focus on user characteristics. This predominance reveals a gap in
studying the impact of personalization approaches exploring
contextual criteria (e.g., [3, 5]), despite the literature has
acknowledged and recommended research should explore this
vein [19,30, 33, 52].

42 RQ2: Effectiveness of  Personalized
gamification compared to one size fits all
gamification

Primary studies suggest personalized gamification’s effects are
mixed. Overall, outcomes are mixed in terms of positive with null
(e.g., [9, 25, 39]), although in some cases both positive and
negative results have been reported (e.g., [17, 38]). In other cases,
the reported findings were overall null [44, 56] or positive [21].
As shown in Table 1, these mixed findings appear to hold
regardless of analyzing motivational, behavioral, or cognitive
outcomes. Nevertheless, the baseline comparison for those
findings was varied. Therefore, one can only assure that, for
instance, personalized gamification is more effective than counter-
tailored or random gamification. However, in seeking to
understand how personalized gamification compares to one size
fits all gamification, these results must be analyzed with caution.
As discussed before, only three studies compared personalized
and one size fits all gamification through a proper experimental
setting. In this context, Oliveira et al. [44] found personalization
did not affect elementary students’ flow experience. Mora et al.
[39] found positive but statistically insignificant results from
personalization use based on undergraduate learners’ motivation
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and behavior. Outside the educational context, Hajarian et al. [17]
found both positive (e.g., in time-in-system) and negative (e.g., in
gamification usage) results for their like-based personalization
approach for social networks. Thereby, demonstrating that the few
studies that contribute to understanding whether personalized
gamification improves one size fits all gamification show
inconclusive results. Thus, at the current point, the literature has
insufficient evidence to confirm if available approaches for
personalized gamification improves the general one size fits all
approach.

4.3 RQ3: How approaches for personalizing
gamification have been developed

Table 2 summarizes research on recommendations for
personalizing  gamification included in  this  review.
Predominantly, these recommendations rely on user data criteria.
More specifically, these criteria are user typologies [14, 15, 18,
22, 29, 36, 43, 47, 57, 60, 61, 63], personality [4, 6, 8, 10, 12, 15,
24, 46], demographics [11, 45, 49], and in-system behavior [7]. In
contrast, the number of recommendations that consider contextual
factors (i.e., four; [3, 5, 48, 50]) is substantially smaller compared
to those considering some user aspect. Hence, demonstrating
recommendations for personalizing gamification rarely consider
contextual factors, which might explain the lack of empirical
studies involving this kind of criteria.

Rodrigues et al. 2020

Concerning  recommendations’  development,  data-driven
approaches were most often adopted than the theory-driven ones.
On one hand, recommendations build from theoretical concerns
are commonly inspired by definitions behind criteria and game
elements’ definitions, using those to link one to another (e.g.,
users with specific player type are more likely to enjoy specific
game elements; [3, 6, 14, 15, 22, 37, 57]). On the other hand,
data-driven development procedures are mostly based on surveys,
asking users to indicate their preferences based on game elements
definitions, storyboards, and prototypes (e.g., [5, 10-12, 18, 47,
60, 61]), as well as exploring users’ interactions to implicitly
identify which are likely to be the best game elements for them
(e.g., [4, 7, 29]). There is also the recommendation by [63], which
relies on both perspectives; that is, exploring both user data and
theoretical foundations. This context demonstrates most
approaches have been developed based on data, such as user
preference. Thereby, showing that personalization approaches are
mainly embracing the recent perspective of data-driven
gamification [35].

In terms of the game elements selection, studies explored games
literature [3, 15, 29], gamification literature [5, 7, 22, 60, 63],
informal [4, 10-12, 14, 18, 61] and systematic [24, 43] literature
reviews, and, in other cases, deliberately made self-selections [6,
8, 36, 57]. In addition, there were cases in which the
recommendations were to personalize persuasive [45-47] and

Table 2. Recommendations/guidelines for personalizing gamification included in this review.

Ref | Game elements selection User Criteria Context Criteria | Development | Domain
[47] | Persuasive strategies User type None Data-driven General
[60] | Marczewski work User type, personality trait, age, gender None Data-driven General
[61] | Informal literature review User types, personality traits, age, and gender None Data-driven General
[18] | Informal literature review User type, gamer type, personality trait None Data-driven General
[63] | Marczewski work User type, personality traits None Mixed General
[22] | Marczewski work User type None Theory-driven | Education
[8] Self-selected Personality trait None Data-driven Education
[10] | Informal literature review Personality trait None Data-driven Education
[12] | Informal literature review Personality trait None Data-driven Education
[24] | Gamification literature review | Personality trait None Data-driven General
[6] Self-selected Personality trait None Theory-driven | General
[46] | Persuasive strategies Personality trait None Data-driven Health
[15] | Games literature Bartle's player type and personality trait None Theory-driven | General
[14] | Informal literature review Bartle's profile None Theory-driven | Education
[57] | Self-selected Bartle's profile None Theory-driven | Education
[29] | Games literature Bartle's profile None Data-driven Education
[36] | Self-selected Gamer type None Theory-driven | General
[43] | Gamification literature review | Gamer type None Data-driven Education
[45] | Persuasive strategies Gender None Data-driven Health
[11] | Informal literature review Age, Gender, gaming frequency None Data-driven Education
[49] | Social Influence Strategies Age, Gender None Data-driven General
[4] Informal literature review Player role None Theory-driven | Education
[7] Gamification literature Motivational and gameplay strategy None Theory-driven | Education
[48] | Social Influence Strategies Gender, Age Culture Data-driven General
[50] | Social Influence Strategies None Culture Data-driven General
[3] Games literature Personality traits and learning style LAT Theory-driven | Education
[5] Gamification literature User type Moodle's LA Data-driven Education
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social influence strategies [48-50]. This context suggests most
recommendations are built upon a set of game elements that was
deliberately selected (e.g., self-selecting elements from games
literature) or from literature reviews that summarize game
elements used in, for instance, previous gamification research. A
limitation is that these summaries are prone to featuring
ambiguous game elements due to the lack of validation (e.g.,
experts assessing similarities) and might fail to consider less
common ones because they are rarely studied. Thus, available
recommendations likely will suffer from similar limitations.

Lastly, recommendations to only two specific domains were
found. These are health [45, 46] and education [3-5, 7, 8, 10-12,
14, 22, 29, 43, 57]. The remaining ones did not target specific
domains [6, 15, 18, 24, 36, 47-50, 60, 61, 63]. Although the
general view from these recommendations is valuable to allow
them to be used in any domain, the lack of specificity might be
seen as limiting, though. It has been argued that gamification
should consider not only the user but the context and the domain
(e.g., [33]). Accordingly, recommendations for personalizing
gamification that focus on a specific domain are expected to be
more beneficial to that domain, compared to generic ones. From
this perspective, the health and education domains are one step
ahead as recommendations for them have been developed, while
other domains would have to rely on the general approaches.

5 Research Agenda

This section delineates five lines of research yet to be addressed
based on our findings.

Comparing personalized and one size fits all gamification:
Perhaps the most important step towards advancing the
personalized gamification field is conducting empirical studies
comparing personalized and one size fits all gamification. As the
main goal of the former is to improve the effectiveness of the
latter, such comparisons are of utmost importance. However, as
we demonstrated, most studies compare personalized gamification
to other conditions (e.g., counter-tailored and random
gamification). Therefore, future studies should perform such
comparative analyses to reveal which personalization approaches
achieve the goal of personalized gamification. The planning of
those studies can follow the characteristics revealed in this review
(e.g., the number of game elements per condition and sample
size).

Developing personalization approaches that consider
contextual characteristics: Several researchers agree that
gamification’s success depends not only on user characteristics
but also on contextual factors (e.g., [13, 18, 20, 33]). Accordingly,
personalization approaches should also consider contextual
aspects as personalization criteria. However, as we have shown,
few approaches explore those characteristics. Therefore, we call
for future research to expand beyond the use of user
characteristics as personalization criteria, exploring contextual
factors as well (e.g., culture). In doing so, the work by Savard and
Mizoguchi [55] might provide valuable guidance in understanding
and operationalizing the context.
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Performing qualitative user studies: Personalized gamification
is a recent field study, in which a deeper understanding of users’
experiences would certainly contribute to shedding light on
positive and negative aspects of personalization approaches
available, as well as help to achieve a better understanding of the
effectiveness of subjective, rarely used game elements such as
storytelling and narrative. Performing qualitative analyses (e.g.,
interviews) is a way to gather such knowledge, however, our
findings reveal that studies are predominantly based on
quantitative data. Therefore, we urge for research capturing
qualitative feedback to reveal users’ subjective experiences with
personalized gamification and, consequently, insights into how to
improve personalization approaches. Such studies could be
performed similarly to the quantitative studies analyzed in this
paper. The difference would be in terms of data collection,
though, capturing participants’ feedback through structured
interviews, focal groups, and/or observation. Consequently, it will
be possible to analyze personalized gamification’s impact based
on the context of use, through subjects’ emotions/perceptions,
which is unfeasible through common quantitative approaches,
such as questionnaires/scales and data log [32].

Building personalization approaches from validated
taxonomies of game elements: When designing gamification,
using well-defined game elements that provide the expected
affordances is necessary. Accordingly, one expects that
personalization approaches will be able to recommend game
elements with the purposes that best suit a user/circumstance (e.g.,
providing performance feedback, immersing the user in a ludic
experience [58]) while preventing the suggestion of two or more
of those that feature the same goal (unambiguity). As we found,
most personalization approaches recommend game elements
selected deliberately or from systematic studies, which makes
them prone to such limitations as some elements might not be
included or different names might be used for the same end.
Therefore, we call for future research to develop personalization
approaches upon validated taxonomies of game elements aiming
to ensure a broader set of unambiguous game elements.

Providing and establishing resources to be reused in future
empirical studies. To increase research reproducibility, the field
study would benefit from a toolkit featuring resources such as
systems and validated questionnaires to enable the execution of
empirical studies in more similar conditions. For instance, a
system that can be used to experiment with personalized
gamification designs is presented by Tondello [59]. Therefore,
we call for future research to develop, disclose, and discuss such
resources towards establishing a benchmark for empirical studies
on personalized gamification.

6 Conclusions and Limitations

Personalized gamification emerged as a means to improve the
effectiveness of one size fits all gamification. It has attracted the
attention of several researchers, and much research has been
conducted to understand how to personalize as well as to reveal its
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impact. In this paper, we presented a literature review that
answered three RQ regarding personalized gamification.

We answered our first RQ by founding that most studies compare
personalized gamification to counter-tailored and random
gamification, use few game elements in both the experimental and
baseline conditions, analyze quantitative data collected in
classrooms and in the wild, and rely on sample sizes and time
frames comparable to general gamification studies. For the second
RQ, we found that the existing literature provides inconclusive
evidence on how personalized and one size fits all gamification
compare as few studies performed such comparison. In the third
RQ, we found that approaches were mainly developed based on
data (i.e., data-driven) rather than theory, using literature reviews
and deliberate choices for selecting the game elements to
consider, predominantly focusing on user characteristics and with
few approaches focused on specific domains.

By answering those RQ, this study helps to fill up some
previously cited gaps by providing a broader understanding of
how empirical studies employing personalized gamification have
been conducted, as well as the approach’s impact, along with an
overview of how personalization approaches have been
developed. Thus, contributing by revealing the impact of
personalized gamification, showing an overview of how empirical
studies have been conducted in this context, and providing
insights on how personalization approaches were developed.

The implications from our contribution are twofold. First, it
provides a general overview of different approaches for
personalizing gamification. Hence, one can use this overview as a
starting point towards understanding how gamification has been
personalized. Second, we provide guidelines of how future
empirical research on this field might be conducted by showing
previous studies’ settings. Thereby, one can follow those
guidelines to plan future research. Furthermore, we presented a
research agenda with five gaps to be addressed in future studies,
which emerged from our findings, guiding researchers on tracks
needing attention.

Nevertheless, this paper has a main limitation that must be
considered in interpreting our findings: the lack of following a
systematic procedure for study selection. Studies were selected
from a set of literature reviews published recently, reviews that
were determined based on our described steps. While this
jeopardizes future replications from this paper, it improves the
chances of selecting a broader range of relevant primary studies as
we exploited the selection process from four systematic studies.
However, this does not exclude the limitations from the
systematic procedures those studies followed, such as failing to
find relevant studies due to string and search engine selection or
not including a study due to interpretation or coding problems.
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