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ABSTRACT

Understanding users and consequent personalization opportunities have become a major area of
interest in gamification and UX research. Currently, personalization is mainly based on player
typologies, which might give a partial picture of the plethora of user attributes. Addressing this
challenge, in this study, we investigate the connections of the Hexad gamification user types,
demographic factors, and gaming habits to understand how different user factors are related. Our
results indicated significant but weak associations between user types and demographic factors
and no significant association with gaming frequency-related factors. These results suggest that
researchers and designers might need to consider more than the dominant factors to create per-
sonalized environments. We also provide exploratory suggestions on possible strategies to person-
alize gamification based on Hexad and other user factors. Our study contributes to the fields of
user modeling and gamification, providing new insights into how different user characteristics are
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related while opening space for the conduction of new studies in the field.

1. Introduction

For decades, video games have been a source of entertainment
for various societal groups, becoming an important part of the
everyday lives of millions of people (Eum et al., 2023; Koivisto
& Hamari, 2019; Pessoa et al., 2024). With the advancements
in technology and design, video games have evolved beyond
being only a source of entertainment, also becoming a source
for social engagement, education, and immersion (Gupta et al,
2021; Martinez et al, 2022; Oliveira & Hamari, 2024). One
possible explanation for this is that video games can engage
and have a positive impact on people’s behavior (Eum et al.,
2023; Hogberg et al, 2019; Ndulue & Orji, 2024). To afford
similar positive impacts, gamification (i.e., the design of sys-
tems, services, and activities to provide motivational benefits
similar to those games usually create (Hamari, 2019; Koivisto
& Hamari, 2019)) has gained popularity recently due to its
potential to increase motivation and affect users’ behavior
(Hamari, 2019; Klock et al., 2020; Koivisto & Malik, 2021).
Albeit its wide use in different fields (e.g., health (Johnson
et al, 2016; Ning et al, 2022), education (Araya et al, 2019;
Hallifax et al, 2020), and sustainable consumption (Guillen
et al, 2021; Sun et al, 2022)), some studies have reported
negative results on its use (Almeida et al, 2023; Bai et al,
2020; Koivisto & Hamari, 2019). One possible reason for these
negative results is that users have different motivations and
preferences over game elements and gamification designs, and

therefore, gamification outcomes vary among the users (Pessoa
et al, 2024; Santos et al, 2021). Considering this, different
studies started to point out that it is necessary to personalize
gamified settings to create a more suitable environment for the
users according to their preferences and needs (Hallifax et al.,
2019; Issabek et al, 2023; Oliveira et al, 2020; Santos et al.,
2021).

Opverall, researchers and practitioners have created and pro-
posed different personalization strategies based on users’ char-
acteristics (e.g., player/user typologies (Hallifax et al, 2019;
Santos et al.,, 2021), gender (Denden et al., 2021; Issabek et al.,
2023), and personality traits (Denden et al., 2021; Ferro, 2018))
to define how personalization should be designed to increase
the users’ motivation while using a gamified environment
(Hallifax et al,, 2019; Klock et al., 2020; Oliveira et al., 2023).
Currently, player and user typologies are the most investigated
user characteristic in the gamification field (Kirchner-Krath
et al., 2024; Klock et al., 2020; Oliveira et al., 2023), and their
use can influence the success of a personalization strategy
(Hallifax et al., 2019). The player and user typologies (e.g.,
Bartle (Bartle, 1996), BrainHex (Nacke et al., 2011), and Hexad
(Marczewski, 2015)) have been created to find similarities
between the users, grouping them based on different aspects
(e.g., behavior in games and types of motivations) (Hamari &
Tuunanen, 2014; Kirchner-Krath et al., 2024; Tondello et al.,
2019).
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Despite the large number of studies investigating how
personalization could improve gamification’s results, most of
them focus on understanding the relationship between the
player/user type and a few users’ characteristics (e.g., gender
and age (Tondello et al., 2019)). At the same time, when
analyzing the relationship between gaming habits and the
player/user type, most studies focused only on this relation-
ship, ignoring demographic factors (e.g., Hadi Mogavi et al.,
2023). Therefore, previous literature when defining the user
profile, has focused on personalization strategies based on
only one or a few characteristics at the same time (Klock
et al, 2020; Oliveira et al, 2023; Rodrigues et al., 2020),
neglecting the fact that user profiles are shaped by multiple
dimensions. This oversight limits the creation of gamified
solutions capable of personalizing experiences across a
broader range of factors. Considering that personalization
based just on a few characteristics may only partially fit the
user preferences and fail to increase their motivation (Klock
et al, 2020), a further investigation of the relationship
between demographic factors and gamification user orienta-
tion could lead designers and researchers to create a more
effective gamification design (Klock et al., 2020).

To start to tackle this challenge, in this study, we focused
on answering the following research question: “How are the
user orientations from the Hexad model (i.e., Philanthropist,
Achiever, Socialiser, Free Spirit, Player, and Disruptor) related
to their demographic factors and gaming habits?.” As specific
objectives, we aimed to discover whether the association
between Hexad user types and demographic variables existed,
whether they were statically significant, and whether they
were positive or negative. To achieve this goal, we collected
data from 340 participants, where we (i) collected a set of
demographic information about them (i.e., age group, gender,
and educational level), (ii) collected their gaming habits (i.e.,
if they play and the frequency), (iii) identified their user ori-
entations (i.e., Philanthropist, Achiever, Socialiser, Free Spirit,
Player, and Disruptor), and then, (vi) analyzed the relation-
ship between their demographic and gaming habits character-
istics and their user orientations. The statistical analysis (i.e.,
analysis of association using Partial Least Squares Structural
Equation Modeling (PLS-SEM)) showed that all the user ori-
entations presented weak associations with the demographic
aspects collected, however, no significant association with
gaming habits was indicated.

These results demonstrated that even though different
users’ characteristics could be considered when modeling
the user profile in gamified settings and consequently in
defining personalization strategies, there is a necessity for
different types of modeling the user profile. Moreover, the
results of this study suggest that a broader set of user char-
acteristics (e.g., race, culture, or less dominant aspects)
might be necessary to effectively model user profiles in
gamified settings. The results of our study can be useful for
researchers and gamification designers when modeling gami-
fied systems, suggesting possible paths to personalize gami-
fied settings (i.e., based on the user type and their
demographic factors), as well as possibilities for future stud-
ies in the field.
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2. Background and related work

Even though gamification can be considered a recent field
and most of the research and practical application had hap-
pened in the last fifteen years (Bai et al., 2020; Hallifax et al.,
2023; Klock et al., 2020), forms of gamification were applied
in the early 20th century in the Soviet Union and at the end
of 20th century in the United States (Nelson, 2012). One of
the most recent definitions of gamification is that gamifica-
tion refers to the act of “transforming systems, services,
organizations, and activities to provide similar experiences as
those games usually provide” (Hamari, 2019; Huotari &
Hamari, 2017; Koivisto & Hamari, 2019). Furthermore, results
on gamification research have revealed several positive out-
comes, for example, that students get better average perform-
ances in gamified environments when compared with those
who did not use gamification (Bai et al., 2020; da Rocha
Seixas et al, 2016) or that motivation can be improved and
demotivation can be decreased by the use of a proper set of
game elements (Hallifax et al., 2019, 2020).

Gamification has been successfully applied to increase
user engagement, however, it has presented mixed user out-
comes, a high context dependence, and varied among indi-
viduals (Altmeyer et al, 2021; Koivisto & Hamari, 2019;
Toda et al., 2018). Recent results identified that, while gami-
fication can foster enthusiasm and fulfill the need for recog-
nition, it also can cause competition, anxiety, and jealousy
(Bai et al., 2020; Koivisto & Hamari, 2019). Even though the
buzz around gamification has produced a large number of
studies, more recently researchers started to indicate the
need for studies to explore the relationship between gamifi-
cation and user’s characteristics (Altmeyer et al., 2021; Bai
et al,, 2020; Klock et al, 2020), therefore, identifying that
the field yet has theoretical and empirical gaps (Koivisto &
Hamari, 2019).

In recent years, as a way to diminish the negative and
mixed outcomes in gamification results, researchers and
practitioners have worked towards the personalization of
gamification. Personalization of gamification seeks to create
a more suitable environment for the users by creating dis-
tinct gamified strategies to fulfill users’ different characteris-
tics and preferences (Klock et al., 2020; Pessoa et al., 2024;
Tondello & Nacke, 2020). The design of these personalized
gamified systems takes into account different aspects e.g.,
game elements (Denny et al., 2018), player/user types
(Oliveira & Bittencourt, 2019), the context of the solution
(Hallifax et al., 2019; Lopes et al., 2019), among other factors
that can influence the experience of the user when using the
system. Researchers have especially focused on the relation-
ship between user types and game elements, whose main
results demonstrated that personalization could be done
using a considerable number of game elements based on the
preferences of the user profile (Hallifax et al,, 2023; Santos
et al., 2021; Tondello et al., 2016). Moreover, prior literature
has indicated that the use of a suitable set of game elements
could often increase the success of a gamified setting, lead-
ing the users to higher levels of motivation while an
inappropriate set of game elements could demotivate users
(Hallifax et al., 2019).
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To simplify user’s complexity, different player and user
typologies were developed grouping users according to their
characteristics, motivations, and behavior (Gonzélez-
Gonzdlez et al, 2022; Hamari & Tuunanen, 2014;
Sidekerskiené et al., 2020). These typologies, which are now
the most investigated user characteristic in gamification
(Hallifax et al., 2019; Rodrigues et al., 2020), started with the
model proposed by Bartle (1996) with four player types.
Later, Yee (2006) proposed a player motivation model, with
three main components of player motivation and 10 sub-
components. More recently, based on neurobiological find-
ings, prior player typologies, patterns of play, and game
emotions, Nacke et al. (2011) proposed the BrainHex Model,
with seven different player types. Therefore, the game typol-
ogies were evolving over time, however, despite these typol-
ogies being created for game design, they have been largely
applied in gamification (Busch et al., 2016; Volkmar et al.,
2019).

Differently from the aforementioned typologies, the
Gamification User Types Hexad (Marczewski, 2015) was
created specifically for gamification design. This user typ-
ology was created based on the self-determination theory
(SDT) (Deci & Ryan, 1985), a theory that indicates that peo-
ple can be intrinsically or extrinsically motivated (Deci &
Ryan, 1985). On the Hexad, the user types that are driven
by intrinsic motivations are Achievers, motivated by compe-
tence; Free Spirits motivated by autonomy; Philanthropists
motivated by purpose; and Socialisers motivated by related-
ness, while Players, motivated by extrinsic rewards, is a type
driven by extrinsic motivation. The user type Disruptor
(motivated by change) is the only user type that is not
derived from SDT but the observation of user behavior
within online systems (Tondello et al., 2019).

The Hexad typology has been widely used in prior gami-
fication research resulting in insights about the relationship
between user types and other user characteristics. Regarding
age, studies have compared different samples (Altmeyer &
Lessel, 2017) or different age groups from the same sample
(Mora et al., 2019; Poecze et al., 2019; Tondello et al., 2019),
finding differences in the perception of game elements and
user type distribution based on the age of the participants
(Altmeyer & Lessel, 2017; Tondello et al, 2019). Findings
about age also indicated that older users might get higher
scores in the user types from intrinsic motivations (Mora
et al., 2019; Tondello et al, 2019). However, studies also
found results that were not statistically significant regarding
the relationship between age and user types (Mora et al.,
2019; Poecze et al., 2019).

Different studies have sought to establish connections
between participant gender and the prevalence of user types
(Alsofyani, 2023; Mora et al, 2019; Tondello et al, 2019).
Nevertheless, prior research has also revealed a non-significant
relationship between the Hexad user types and the gender of
participants (Poecze et al., 2019). Furthermore, most of the
results presented several conflicting results. For example,
Senocak et al. (2021) identified that women presented higher
scores in the Disruptor sub-scale, whereas Tondello et al.

(2019) reported different results indicating that men tend to
score higher in the Disruptor user type. While studies sug-
gested a higher incidence of the Achiever user type among
men (Fischer et al, 2018) or a lesser prevalence among
women (Alsofyani, 2023), Mora et al. (2019) found that the
Achiever user type was more commonly found among
women. Considering these mixed and contradictory results,
researchers and practitioners are confronted with the challenge
of selecting an appropriate approach, considering the lack of
consensus about how gender is related to the Hexad user
type.

Although collecting gaming habits is a common strategy
in gamification studies, little is known about how the user
types are related to this characteristic. To older participants,
games are seen as a catalyzer for social relationships, and
winning the game is not as important as for the younger
players (Altmeyer & Lessel, 2017). Regarding gaming-related
activities, Socialisers, Players, and Disruptors might present
a relationship with the frequency of reading gaming-related
news (Poecze et al.,, 2019), and Philanthropists, Free Spirits,
and Achievers with solo gaming (Poecze et al, 2019;
Yildirim et al.,, 2021). However, other studies, e.g., Senocak
et al. (2021), indicated that multiplayer mode was preferred
by Achievers, Philanthropists, Socialisers, and Players.
Therefore, results regarding gaming habits and their rela-
tionship with user types are scarce and present contradictory
results.

Less is known about the relationship between user types
and educational levels. To the best of our knowledge, no
study has analyzed the user types of people from different
educational levels, and only Fischer et al. (2018) have inves-
tigated how students from different faculties affiliations were
distributed over the Hexad user types. Their results indi-
cated differences in user type distribution, where Players
and Disruptors were most commonly found among students
from Engineering; Philanthropists were more common
among students from Mathematics/Natural Sciences and
Teacher Training courses; Free Spirits were more common
among students from Social Science; Socialisers were more
common among students from Economics; and Achievers
were more common among students from Mathematics and
Natural Sciences.

In summary, prior research has demonstrated that Hexad
user orientations can be related to gender, age, and gaming
habits when personalizing gamification based on multiple
aspects. Beyond the contradictory results, we were not able
to find studies that conducted a further analysis of this rela-
tionship or analyzed several user characteristics at the same
time. As far as we know, our study is the first one that ana-
lyzes the relationship between Hexad user orientations and a
set of demographic information and gaming habits at the
same time, thus, providing possible strategies for user mod-
eling based on the relationship between the Hexad user
types and a set of other user characteristics. In Table 1 we
present a comparison between the related work and our
study.



3. Study design

In this study, we analyzed the relationship between the
Hexad user orientations, the demographic factors, and the
gaming habits of the respondents. Therefore, we aimed to
answer the following research question: “How are the user
orientations from the Hexad model (i.e., Philanthropist,
Achiever, Socialiser, Free Spirit, Player, and Disruptor)
related to their demographic factors and gaming habits?.” As
specific objectives, we aimed to discover whether the associ-
ation between Hexad user types and demographic variables
existed, whether they were statically significant, and whether
they were positive or negative.

3.1. Materials and method

To identify the participants’ gamification user types, we used
the Hexad framework (Marczewski, 2015). The Hexad scale
is composed of 24 items, that are organized on a 7-point
Likert scale (Likert, 1932). The respondents were asked to
rate how much each of the items represented them and the
items were randomly placed in the survey to avoid the iden-
tification of the items that composed the same sub-scale.
We have chosen the Hexad for this study considering that
this user typology was created specifically for gamification
(Marczewski, 2015), it has been considered the most appro-
priate user typology for personalizing gamification (Hallifax
et al., 2019) and has been successfully used in studies from
different contexts (e.g., do Amaral Neto et al., 2023; Hallifax
et al, 2020; Orji et al., 2018). Between the Hexad items,
inspired in other recent studies (Hallifax et al, 2019;
Oliveira et al., 2020; Ooge et al., 2020), we also inserted an
“attention-check” item (i.e., “I like to be with my friends,
but this question is just to evaluate your attention. Please,
mark the option number 3, to let us know that you are
paying attention”), to guarantee that the respondents were
reading all the items while answering the survey. “Attention-
check” items have as their main objective, the improvement
of the quality of samples without influencing the respond-
ents’ answers, therefore, without compromising the validity
of the scale measurement (Kung et al., 2018).

3.1.1. Survey design
Initially, we designed an online survey with two different
sections, the first to collect demographic information and

Table 1. Related works comparison.

Authors Gender Age Education Gaming Habits
Altmeyer & Lessel (2017) No Yes No Yes
Fischer et al. (2018) Yes No Yes No
Tondello et al. (2019) Yes Yes No No
Mora et al. (2019) Yes Yes No No
Poecze et al. (2019) Yes Yes No Yes
Yildirim et al. (2021) No No No Yes
Senocak et al. (2021) Yes No No Yes
Alsofyani (2023) Yes No No No
Present study Yes Yes Yes Yes

Key: Gender: analyzed user orientations and gender; Age: analyzed user orien-
tations and age; Education: analyzed user orientations and different educa-
tional levels; Gaming Habits: analyzed user orientations and gaming habits.
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gaming habits, and the second to collect user orientations.
In the first section, inspired by other recent studies in the
field (Altmeyer et al.,, 2020; Gonzalez-Gonzalez et al., 2022;
Hallifax et al., 2019; Krath & von Korflesch, 2021), we col-
lected the gender, age group, educational levels, and gaming
habits and frequency of gaming. These user factors were
selected for the study considering that, more than being the
prevalent factors in the gamification literature, these user
characteristics can be answered by any participant and are
considered non-invasive questions.

In the second section of the survey, considering our focus
on collecting data from Brazil and that most Brazilians do
not have good English comprehension skills (Council, 2014),
we used the Brazilian Portuguese version of the Hexad scale
(Santos et al., 2022, 2023).

The study was organized in four different steps: (i)
designed an online survey to identify the respondents’ user
orientations (i.e., Hexad profile), demographic factors (ie.,
gender, age, and educational level), and gaming habits (i.e.,
if play and the frequency), (ii) conducted a pilot study, (iii)
applied the survey, and (iv) analyzed the data collected.
Figure 1 summarizes the method.

3.1.2. Pilot study

As recommended by Connelly (2008), before the survey
release we conducted a pilot study aiming to evaluate the size
of the survey. To guarantee the participation of people with
different demographic backgrounds (women and men, from
different age groups, different educational levels, and different
gaming habits), we invited ten participants through e-mail.
The respondents from the pilot study also had to pass in the
“attention-check” item. The feedback from the eight pilot par-
ticipants was that the survey was not large. Considering this
result, the survey was applied without changes.

3.2. Data gathering and participants description

After the pilot study, the survey was sent to e-mail lists and
also publicized on social networks (i.e., Facebook, Twitter,

Survey design Pilot study
EEE—— (N =10)
First section:
5 questions
(Demographic
aspects and gaming
habits) Survey release
and data
+ collection
Second section:
25 jtems
(24 items from the .
Hexad scale and one Data analysis
attention-check item)
(N = 340)

Figure 1. Method.
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and Instagram), seeking the participation of academics and
non-academics. A separate data collection was conducted by
one of the authors, where the participants did not provide
their gaming habits. The email lists were gathered from per-
sonal contacts of the authors involved in the study and from
participants of previous research and conferences. The
propagation through social networks was made in the
researchers’ accounts and on public groups/profiles about
gamification, without any kind of advertising.

At the beginning of the survey, the participants were
informed about the study objectives, the use of their data
for scientific investigations, the contacts of the researchers,
and also that they could leave the study at any moment
without submitting their responses. Each respondent had to
check the consent form after reading this information, indi-
cating their agreement to participate. Participation in the
study and the pilot study was voluntary (which could
improve the quality of the answers (Tondello & Nacke,
2020)), thus, the participants did not receive any type of
remuneration or prizes for answering the survey. We col-
lected 375 answers, of which 340 passed in the “attention-
check” item. All the demographic information about the
participants can be seen in Table 2.

3.3. Data analysis

To perform the statistical analysis in our study, we used
SPSS 26 software (IBM Corp, 2020) and SmartPLS software
(Ringle et al., 2022). Considering that the main data analysis
would be conducted using structural equation modeling, to
calculate the necessary sample to detect effects, we used the
technique called a-priori sample size calculator for the SEM
(Cohen, 1988). We performed the calculations using the
Online Calculator for A-priori Sample Size Calculator for
Structural Equation Models proposed by Soper (Soper,
2023), which computes the sample size required for a study
based on SEM, given the number of observed and latent
variables in the model, the anticipated effect size, and the
desired probability and statistical power levels. The calcula-
tor is based on the formulas proposed by Cohen (1988) and
Westland (2010).

As we do not have previous literature with similar analy-
ses to use as a base for defining the expected effect size, we
used standard values from the literature to define the values
(i.e., anticipated effect size: 0.3; desired statistical power
level: 0.5, and probability level: 0.05 (Cohen, 1988;
Westland, 2010)). In our study, we had six latent variables
and 29 observed variables (i.e., the six latent variables were
the user orientations and the 29 observed variables were the
24 items from the Hexad scale and the 5 questions from the
demographic factors and gaming habits). The result indi-
cated a minimum of 161 participants to detect an effect
(considering the previous definitions), therefore, our dataset
reached the minimum of participants to detect an effect and
can be considered valid for the proposed study. Our com-
plete dataset can be found in the complementary files.

4, Results

Initially, we tested the normality of the data using the
Shapiro-Wilk test as recommended by Wohlin et al. (2012),
finding that our data followed a non-parametric distribution.
Then we measured the means and standard deviation of
each Hexad sub-scale (i.e., the four items that are used to
assess each user orientation). Since each sub-scale of the
Hexad has four items that are rated on a 7-point Likert
scale, the minimum score a sub-scale can present is 4 and
the maximum is 28. The results, reported in Table 3, indi-
cated that Philanthropists and Achievers presented the
higher overall mean (i.e., are the predominant user orienta-
tions on the sample), while Disruptors presented the lower
overall mean (i.e., are the least predominant user orientation
on the sample). This result is similar to other recent studies
(Altmeyer et al, 2020; Krath & von Korflesch, 2021;
Tondello et al., 2019) that used the Hexad scale to assess the
user orientations of the respondents.

Then, we measured the internal reliability of each sub-
scale using Cronbach’s o, which is widely used in social sci-
ences to estimate scale reliability (Peterson & Kim, 2013).
We found acceptable values (o > 0.70) for all user orienta-
tions, except for the Disruptor, which was slightly below the
acceptable. Other studies (Krath & von Korflesch, 2021;
Ooge et al., 2020; Poecze et al., 2019; Tondello et al.,, 2019)

Table 2. Demographic information and gaming habits of the respondents.

Variable % Variable %
Gender Women 51 10 to 14 0.3
Men 48 15t0 19 9
Other/Preferred not to answer 1 20 to 24 14
25 to 29 14.4
Educational Level Elementary/Middle School 2 Age 30 to 34 17.4
High School 9 35 to 39 124
Bachelor 32 40 to 44 11.5
Specialized Courses/MBA Courses 21 45 to 49 9.7
M.Sc. 25 50 to 54 6.5
PhD 1 55 to 59 3.8
Over 60 1
Gaming Habits Play games 67 Frequency Every day 13
Every week 21
Rarely 47
| do not know 19
Do not play games 33




Table 3. Descriptive and reliability analyses.
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User orientation M SD MD FM FSD MDW MM MSD MDM o CR AVE
Achiever 24.0 475 25 23.42 5.61 25.5 24.57 3.58 25 0.879 0.914 0.728
Disruptor 14.68 5.29 15 13.9 5.46 14 15.34 493 16 0.673 0.775 0.471
Free Spirit 22.55 4.59 235 22.25 5.30 24 22.79 3.69 23 0.754 0.838 0.568
Philanthropist 24.17 476 26 23.88 5.46 26 24.46 3.90 25 0.885 0.920 0.743
Player 20.55 5.57 21 19.73 5.96 21 21.41 498 22 0.806 0.861 0.612
Socialiser 20.46 5.69 22 20.46 6.02 22 20.62 5.02 22 0.880 0.913 0.726

Key: M: Mean Scores; SD: standard deviation; MD: median; FM: Women Mean Scores; FSD: Standard deviation from women; MDW: median from women; MM:
Men mean scores; MSD: standard deviation from men; MDM: median from men; o: Cronbach’s; CR: Composite Reliability; AVE: Average Variance Extracted.

Values in grey are o < 0.70 and AVE < 0.50.

Table 4. Discriminant validity (complete bootstrapping, sample = 5000).

Achiever Age Disruptor ~ Education  Free Spirit ~ Gender  If they play  Philanthropist ~ Player  Socialiser ~ Frequency
Achiever 0.853
Age 0.070 1.000
Disruptor 0.439 0.079 0.686
Education 0.162 0.625 0.250 1.000
Free Spirit 0.713 0.003 0.510 0.145 0.754
Gender 0.116 —0.054 0.195 0.055 0.100 1.000
If they play 0.112 —0.056 0.095 0.006 0.081 0.254 1.000
Philanthropist 0.773 0.191 0.358 0.245 0.658 0.060 0.069 0.862
Player 0.476 -0.123 0.358 —0.059 0.410 0.163 0.187 0.335 0.782
Socialiser 0.547 0.182 0.258 0.138 0.465 —0.034 —0.000 0.654 0.336 0.852
Frequency 0.085 -0.117 0.067 0.028 0.114 0.225 0.622 0.026 0.175 —0.030 1.000

Key: Words in bold are related to the user orientations, while words in italic are related to the demographic and gaming habits.

also have found o < 0.70 for this user orientation. The
Average Variance Extracted (AVE), which measures the
amount of variance explained by a construct and must be
higher than 0.5 (Fornell & Larcker, 1981), also indicated
problems with the Disruptor sub-scale. Due to the tendency
of Cronbach’s o to underestimate reliability (Raykov, 1997),
we calculated the Composite Reliability (CR), which is an
option to measure reliability through structural equation
modeling and is equivalent to coefficient omega (Padilla &
Divers, 2016), and values between 0.7 and 0.9 can be ranged
from “satisfactory to good” (Hair et al., 2019). In the CR we
found acceptable values (CR > 0.70) for all user orienta-
tions, indicating the internal reliability of the data.

To ensure that the constructs measures were the expected
by theory (i.e., that the intercorrelations between the varia-
bles were not too high (Kline, 2015)), we also measured the
discriminant validity of our data. We found acceptable val-
ues since all the square roots of the variables’ AVE were
larger than the correlations that the variable had with the
other variables (Fornell & Larcker, 1981), and all of the vari-
ables presented correlations between them below 0.85. The
discriminant validity can be seen in Table 4.

Considering the results of the study conducted by
Tondello et al. (2019) that identified a partial overlap between
the user orientations, we also measured the correlation
between the user orientations using Kendall’s T test. We used
Kendall’s 7 test considering that when the data follows a non-
normal distribution, the correlation coefficients need to be
calculated from the ranks of the data and not from the actual
values (Akoglu, 2018). Our results, which can be seen in
Table 5, also indicated that the user orientations presented
statistically significant correlations between them. After using
the conversion table proposed by Gilpin (1993) and compar-
ing the results with the interpretation of the strength of
Pearson’s correlation coefficients proposed by Dancey and

Table 5. Bivariate correlation coefficients (Kendall's ) between the user
orientations.

Free
User orientation Achiever Disruptor Spirit Philanthropist Player Socialiser
Achiever -
Disruptor 0.195%* -
Free Spirit 0.414** 0.308** -
Philanthropist ~ 0.465** 0.103** 0.378** -
Player 0.343*%  0.239%*% 0.312%* 0.183%* -
Socialiser 0.326%* 0.081*% 0.304**  0472%*F  (0.245%*

Key: *p < 0.05; **p< 0.01.

Reidy (2007), it was possible to identify that most of the cor-
relations were moderate or weak.

Finally, inspired by other recent studies in the gamification
field (Hallifax et al., 2019; 2020; Orji et al.,, 2018), to further
answer our research question, we used Partial Least Squares
Structural Equation Modeling (PLS-SEM) analysis to measure
the associations between the user orientations, demographic
information, and gaming habits. The PLS-SEM is a reliable
method for estimating cause-effect relationship models with
latent variables (Hair et al., 2016). To model the analysis of
the PLS-SEM, the six Hexad user types were modeled as
latent variables, the 24 survey items from the Hexad question-
naire were modeled as observed variables, and the questions
from the demographic and gaming background as observed
variables. The path model that represents our conceptual
model can be seen in Figure 2.

The PLS-SEM analysis also indicated significant associa-
tions between the user orientations and the demographic
information. The results indicated that Disruptor (f =
0.306***), Free Spirit (f = 0.213***), Philanthropist (f =
0.200***), and Achiever (f = 0.175**) presented a signifi-
cant association with educational level; Disruptor (f =
0.163***) and Player (f = 0.114**) presented a significant
association with gender; and Socialiser presented a significant
association with age (f = 0.150**). In Table 6 we present the
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Educational level

Figure 2. Model.

PLS-SEM correlation matrix with all the associations. The
coefficient of determination (R?), which values are presented
in Figure 2, measures the variance in each of the constructs
and is a measure of the explanatory power of the model
(Hair et al., 2019). Our results showed that the model
explained 4.6% of the variance for the Achievers, 10% of the
variance for the Disruptors, 4.6% of the variance for the Free
Spirits, 6.9% of the variance for the Philanthropists, 6.4% of
the variance for the Players, and 3.6% of the variance for the
Socialisers. Thus, the R values indicated a weak predictive
ability of the endogenous variables.

5. Discussion

In this study, we focused on analyzing the relationship
between user orientations, different demographic factors,
and gaming habits. To investigate the topic, we collected
340 answers from people with different demographic back-
grounds and gaming experiences.

As demonstrated on Table 3, the distribution of the user
orientation scores indicated that our sample followed the
distribution of other recent studies (e.g., Altmeyer et al,
2020; Manzano-Leén et al, 2020; Tondello et al., 2019).
Moreover, in our sample the user orientations that are
intrinsically motivated (i.e., Achiever, Philanthropist,
Socialiser, and Free Spirit) presented a higher overall mean,
which was also indicated in prior research (e.g., Fischer
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et al., 2018; Manzano-Leén et al., 2020; Ooge et al., 2020;
Tondello et al., 2019). Regarding gender, differently from
prior research (e.g., Fischer et al., 2018; Tondello et al.,
2019), our results indicated that men presented a higher
overall mean than women in all the user orientations. The
highest difference in the overall mean between the genders
occurred in the Player user orientation, which corroborates
prior research (e.g., Fischer et al., 2018; Mora et al.,, 2019;
Senocak et al, 2021; Tondello et al, 2019). A possible
explanation for this difference is that men are more respon-
sive to reward strategies (Oyibo et al., 2017), a motivational
factor for the Player user orientation.

To start to answer our research question, we initially
decide to analyze the correlations between the user orienta-
tions using the Kendall’s 7 test (see Table 5). Corroborating
prior research (Krath & von Korflesch, 2021; Lopez &
Tucker, 2019; Tondello et al., 2019), we found correlations
between the user orientations, however, most of them were
weak and few moderate. These correlations are expected
considering that some user orientations’ motivations are
related (e.g., Philanthropists and Socialisers are motivated by
interaction with others (Tondello et al., 2019)). As indicated
by Tondello et al. (2019), the correlation between Achievers
and Free Spirits was not predicted by the theory, however,
our results corroborate theirs when reporting this correl-
ation. Considering recent studies that have indicated that
user orientations are not stable over time and also that the



Table 6. PLS-SEM associations between the user orientations and the demo-
graphic factors and gaming habits.

al

p p-values  25%  97.5%
Age — Achiever —0.030 0.705 —0.194 0.104
Age — Disruptor —0.103 0.183 —0.245 0.061
Age — Free Spirit —0.118 0.152 —0.272  0.031
Age — Philanthropist 0.070 0.327 —0.088 0.196
Age — Player —0.099 0.162 —0.231 0.047
Age — Socialiser 0.150** 0.035 0.000 0.284
Educational level — Achiever 0.175%* 0.013 0.027 0.283
Educational level — Disruptor 0.306***  0.000 0.170  0.415
Educational level — Free Spirit 0.213***  0.003 0.023 0326
Educational level — Philanthropist 0.200%*%*  0.002 0.071 0314
Educational level — Player —0.005 0934 —-0.124 0.133
Educational level — Socialiser 0.046 0532 —0.109 0.172
Gender — Achiever 0.082 0.103  —0.021 0.175
Gender — Disruptor 0.163***  0.006 0.048 0.262
Gender — Free Spirit 0.063 0.265 —0.053 0.171
Gender — Philanthropist 0.039 0394  —0.052 0.125
Gender — Player 0.114%* 0.049  —0.021 0.207
Gender — Socialiser —0.030 0.608 —0.145 0.083
If they play — Achiever 0.085 0.261 —0.085 0.231
If they play — Disruptor 0.066 0335 —0.068 0.199
If they play — Free Spirit 0.013 0872  —0.141 0.151
If they play — Philanthropist 0.081 0.258  —0.050 0.216
If they play -— Player 0.110 0.140  —0.027 0.252
If they play — Socialiser 0.032 0.678  —0.107 0.194
Frequency of play — Achiever 0.005 0.943 —0.131 0.144
Frequency of play — Disruptor —0.032 0636  —0.148 0.111
Frequency of play — Free Spirit 0.072 0.391 —0.090 0.221
Frequency of play — Philanthropist —0.031 0.665 —0.163 0.100
Frequency of play — Player 0.070 0.350 —0.083 0.199
Frequency of play — Socialiser —0.026 0736 —0.176 0.118

Key: **p < 0.05; ***p < 0.01. The statistically significant associations are in
bold.

user orientations from intrinsic motivations might change
faster than the user orientations from extrinsic motivations
(Santos et al., 2021, 2023; Yildirim & Ozdener, 2021), these
correlations between the user orientations might present an
indication of how these changes occur. Moreover, these
unexpected correlations could be an indication that the
Hexad scale might need improvements to better measure
these user orientations.

Analyzing the associations presented in the PLS-SEM
analysis, we were able to identify significant associations
between the user orientations and the demographic informa-
tion (ie., gender, age, and educational level). The educa-
tional level was the demographic factor with more
significant associations: Disruptor (f = 0.306%**), Free
Spirit (f = 0.213***), Philanthropist (f = 0.200***), and
Achiever (f = 0.175**) presented a positive significant asso-
ciation. The majority of our sample self-reported having at
least a bachelor’s degree, which might indicate previous
experience with learning systems. Moreover, considering
that part of our data was gathered from the email lists of
the authors, we believe that some of them had previous
experience with gamified systems. We believe that this previ-
ous exposure to gamified systems can make people more
familiar with game mechanics and therefore, present a more
significant relation with their Hexad profiles. People with
higher education might also have a greater experience in
collaborative learning, considering that this type of learning
is a common practice in universities and can help to facili-
tate collaboration and teamwork (Ledn-del Barco et al.,
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2018). This might resonate with users that have higher
Philanthropist tendencies since this user type is motivated
by helping others and contributing to their community
(Santos et al., 2021; Tondello et al., 2019).

Specifically prior literature in games (Kiron & Vassileva,
2024), had indicated differences in how students engage
with educational games based on their Hexad profiles. We
believe that this also might occur in gamification in educa-
tion. However, even though education is the most
researched domain in gamification (Klock et al., 2020;
Koivisto & Hamari, 2019), there is a lack of results regard-
ing the relationship between different educational levels and
Hexad user orientations. Considering that four of the six
user orientations presented an association with educational
level in our study, we understand that this user characteris-
tic might represent a significant part of the definition of the
user profile, and should be considered when defining user
orientations in samples that are not homogeneous (i.e., with
people from different educational levels).

Regarding gender and user orientations, Disruptor (f =
0.163***) and Player (f = 0.114**) presented a positive sig-
nificant association. Also, in our study, even though wom-
en’s means were lower than men’s in all the user
orientations, the biggest differences between the scores by
gender happened in the Disruptor and Player scores.
Corroborating our results, prior studies (Mora et al.,, 2019;
Senocak et al, 2021; Tondello et al., 2019) indicated that
men might have a higher score in these two Hexad user
types. Previous research (Oyibo et al., 2017) also revealed
that men can be more responsive to reward strategies, which
might explain the association between the Players (motivated
by extrinsic rewards) and men. Therefore, considering our
results and prior research, we believe that the association
between Disruptors and Players with gender might be
related to the origin of these user orientations.

Socialiser was the only user orientation that presented a
significant association with age (f = 0.150*%*), a result that is
similar to previous research (Altmeyer & Lessel, 2017; Mora
et al., 2019; Tondello et al., 2019). These prior research indi-
cated that user orientations derived from intrinsic motivations
slightly increase with age, thus, for older samples, the fre-
quency of user orientations derived from the intrinsic motiva-
tions (e.g., Socialisers) will be higher (Altmeyer & Lessel,
2017; Mora et al.,, 2019; Tondello et al., 2019). Therefore, our
results corroborate prior research, indicating that age is asso-
ciated with Socialisers and this tendency might increase over
time. Prior research in gamification has mainly focused on
investigating gamification effects considering younger samples
(Koivisto & Malik, 2021; White et al., 2023). However, espe-
cially after the COVID-19 pandemic, the elderly started to
use more technology to connect with others, in a way to miti-
gate social isolation (White et al., 2023). Almost 45% of our
sample self-reported being more than 35years old and all our
data collection happened during the COVID-19 pandemic.
We understand that this might explain the association of
Socialisers with age in our study.

Considering our research question, (i.e., “How are the
user orientations from the Hexad model (i.e., Philanthropist,
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Achiever, Socialiser, Free Spirit, Player, and Disruptor)
related to their demographic factors and gaming habits?”),
overall, our results indicate that the user orientations are
related to the different demographic factors measured in the
study. However, even though all the user orientations pre-
sented a significant association with some of the demo-
graphic factors collected in the survey, all of these
associations were weak. Moreover, we were not able to find
any significant association of Hexad user orientations with
the gaming habits collected in our study. This might indi-
cate the necessity of different types of personalization based
on other aspects, such as personality traits and gender iden-
tity, or a personalization not based only on the dominant
user orientation (i.e., the highest score). The use of the dom-
inant user orientation is frequent in most of the studies
about gamification (Hallifax et al., 2019; Klock et al., 2020),
however, some studies have indicated that this approach
might not be the best one, since people display characteris-
tics of all the user orientations in different degrees
(Tondello et al., 2019), the dominant user orientation is not
sufficient to identify user preferences for game elements
(Hallifax et al., 2019), and also changes over time (Santos
et al., 2021, 2023; Yildirim & Ozdener, 2021). Therefore,
even though the user might be highly influenced by one of
the user orientations, the personalization strategies should
be implemented considering all the user scores.

5.1. Discussion on possible implications to tailoring of
gamification

When defining gamification strategies, researchers and
designers can face several problems. Most studies in the field
focused only on analyzing the users’ preferences based on
their user types (Klock et al., 2020; Oliveira et al., 2023), lead-
ing to a lack of indications about how to create gamification
strategies considering user type and demographic factors.
This lack of indications leads to modeling user profiles with-
out considering that their profiles are formed by a plethora of
attributes. Therefore, even though the study results presented
weak associations between user orientations and demographic
factors, indicating the necessity of further investigation of the
topic, we developed initial recommendations as a founda-
tional step, considering the lack of literature addressing cer-
tain characteristics measured in this study.

In this sense, we understand that these exploratory sug-
gestions might help designers and researchers in the defin-
ition of gamification strategies. To create user modeling
strategies based on the associations found in our results,
researchers and designers may use as a strategy the combin-
ation of user orientation and educational level to personalize
gamified settings for Achievers, Free Spirits, and
Philanthropists; user orientation and age to personalize for
Socialisers; user orientation and gender to personalize for
Players; and user orientation, educational level, and gender
to personalize for Disruptors. These recommendations were
made considering the results from Table 6 and are summar-
ized in Table 7.

Table 7. Preliminary suggestions to create strategies to personalize
gamification.

Educational Level Age Gender
Philanthropist . .
Achiever .
Player . .
Free Spirit .
Socialiser .
Disruptor . °

Game elements are the most important part of the gami-
fication, however, there is still confusion on their use, with
researchers and designers relying on the most basic ones
(i.e., Badges, Points, and Leaderboards) (Hallifax et al,
2023). Therefore, in addition to the gamification strategies,
it is possible to indicate some game elements considering
the factors measured in the study and the associations
found. To select the game elements indicated in this section,
we have refined the indications based on the game elements
used with the Hexad reported by the study of Klock et al.
(2020), and the Periodic Table of Gamification Elements
proposed to the Hexad model (Marczewski, 2017). The
Periodic Table of Gamification Elements groups 52 game
elements considering the Hexad user types. We had selected
these literature considering that they offer several options of
game elements for the Hexad user types without considering
any specific context.

When considering gender, for women with high Player
tendencies, it is possible to suggest the use of Badges,
Points, Prizes, Leaderboards, Virtual economy, Signposting,
Feedback, and Lottery, while the suggestions for men with
high Player tendencies are Points, Prizes, Feedback, and
Leaderboards. For women with high Disruptor tendencies,
the suggestions are the use of Signposting and Feedback,
while Voting and Feedback could be used for men with
high Disruptor tendencies. These suggestions of game ele-
ments considering gender and user orientations were based
on the literature review conducted by Klock et al. (2020),
the Periodic Table of Gamification Elements proposed to
the Hexad model (Marczewski, 2017), and our results.

Considering age, fewer studies presented indications of
game elements according to the age of the user. According to
Klock et al. (2020), there is a scarcity of studies with sugges-
tions of game elements for people who are less than 30 years
old, and no studies with suggestions for people who are more
than 30years old were found. However, considering these
prior studies, it is possible to create some suggestions for peo-
ple younger than 30years old. To personalize considering
user orientation and age, for Philanthropists it is possible to
use Collection and Gifting; Competition, Guilds, Social
Discovery, Social Pressure, Social Networks, and Social Status
can be used for Socialisers; and Badges, Lottery, Points,
Prizes, and Virtual Economy for Players. Again, the following
suggestions on how to personalize considering age and user
orientations were based on the literature review conducted by
Klock et al. (2020), the Periodic Table of Gamification
Elements proposed to the Hexad model (Marczewski, 2017),
and our results.

Like age, there is a scarcity of studies with suggestions of
game elements considering the educational level of the users.



To create suggestions on how to personalize based on this
aspect, we conducted a snowballing review in different Lit-
erature Reviews (Bai et al., 2020; Hallifax et al., 2019; Klock
et al., 2020; Oliveira et al., 2023), selecting studies that indi-
cated that the participants were from K-12 education or
post-secondary education. Besides the Periodic Table of
Gamification Elements proposed to the Hexad model (Marc-
zewski, 2017) and our results, the indications here consid-
ered the study of Hallifax et al. (2020) to propose game
elements for people in high school, and the studies of Ton-
dello et al. (2016) and Bovermann and Bastiaens (2020) to
create suggestions for people in post-secondary education.
To make the following suggestions, we only included game
elements that were indicated in the studies selected to a spe-
cific user orientation at the same time that was indicated for
the same user orientation in the Periodic Table of Gamifica-
tion Elements proposed to the Hexad model (Marczewski,
2017). The suggestions considering secondary education are
the use of Time Pressure as a game element for Achievers,
Free Spirits, and Disruptors. Considering post-secondary
education, Care-Taking, Sharing Knowledge, and Purpose
could be implemented for Philanthropists; Challenges Certif-
icates, Quests, Levels/Progression, and Learning could be
implemented for Achievers; Exploration, Easter Eggs,
Unlockable, Customization, and Creativity Tools could be
implemented for Free Spirits; and Innovation Platforms,
Voting, and Development Tools could be implemented for
Disruptors.

These suggestions are not intended as a definitive person-
alization guide, but rather, an attempt to offer an initial
guide to model gamification strategies based on more than
solely the user type. As highlighted in the study, the field
needs to move toward representing the user profile in gami-
fied environments as a set of user aspects to ensure a more
tailored and enhanced user experience. Table 8 we summar-
ize these exploratory suggestions.

Table 8. Exploratory suggestions to select game elements.
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5.2. Limitations

Overall this study has some limitations that should be con-
sidered, most of them regarding the survey used in the
study. First of all, while surveys are considered useful and
widely used in literature, the use of surveys has been also
indicated as a limitation (Kimpen et al., 2021; Klock et al.,
2020; Rodriguez et al., 2021), since its use can lead to the
collection of inaccurate data, directly influencing the study’s
results. Also, the survey could be considered long for some
respondents, leading them to answer the survey without the
necessary attention. To mitigate these limitations, we con-
ducted a pilot study to evaluate the survey size, inserted an
“attention-check” item in the second part of the survey, and
only had volunteers as participants in this study.
Furthermore, also considering the way the survey was
designed, we were only able to collect a small set of user
characteristics, ignoring other possible variables such as the
user’s lifestyle, culture, and working background. This choice
was made to create a shorter survey, however, has prevented
us from deeply analyzing other user characteristics that can
also be related to the user type. When developing the sur-
vey, similar to other studies in the field (Gonzalez-Gonzalez
et al., 2022; Krath & von Korflesch, 2021; Poecze et al,
2019), we used limited options of gender (i.e., man, woman,
other, and preferred not to answer). The use of the term
“other” can be considered offensive to people who are
already marginalized in society (Spiel et al, 2019). We
understand that this limitation could lead some respondents
to not properly answer the survey or leave the study without
submitting responses, limiting the sample size. Also by using
a binary option to collect gender, the data collected prevented
us from deeply analyzing more aspects of this characteristic
as recommended in prior literature (Klock et al., 2020).
Regarding the data collected, our study was able to collect
a limited number of responses from participants of only one
country which might prevent the generalization of the results.

Philanthropist Achiever Player Free Spirit Socialiser Disruptor
Women Badges, Signposting,
Leaderboards, Feedback.
Prizes, Points,
Virtual economy,
Signposting,
Feedback,
Lottery.
Men Points, Prizes, Voting, Feedback.
Feedback,
Leaderboards.
Education 1 Time pressure Time pressure Time pressure
Education 2 Care-Taking, Sharing Challenges, Exploration, Easter Innovation
Knowledge, Certificates, Eggs, Unlockable, Platforms, Voting,
Purpose. Quests, Learning, Customization, Development
Levels or Creativity Tools. Tools.
Progression.
Age < 30 Collection, Gifting. Badges, Lottery, Competition, Guilds,

Points, Prizes,
Virtual Economy.

Social Discovery,
Social Pressure,
Social Networks,
Social Status.

Key: Education 1 =High School; Education 2 = Post-secondary Level.
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Therefore, the results here presented might not be the same
considering other samples. When we consider age, we had a
different number of participants in each age group, leading to
age groups that were not size equivalent and this might have
directly impacted the results considering age. Also, to mitigate
possible typo mistakes and following prior research (Poecze
et al, 2019), we presented options of age groups instead of
allowing the participants to provide a specific age number.
This decision made it impossible to group the participants
according to their specific ages and consequently prevented
us from presenting more specific and detailed considerations
about the relationship between age and user orientation.
Considering the game habits collected, our survey only pro-
vides an exploratory overview of the relationship between
gaming habits and user orientations. This decision was taken
considering that we aimed to collect data from people with
no experience and/or interest in games. However, this also
might prevented us from presenting more insightful results
about the people who had player experiences.

Finally, using only one user typology (i.e., Hexad) also
can be considered a limitation of the study. Even though the
Hexad model is currently the most used typology for per-
sonalizing gamification, several studies have indicated prob-
lems with the model. Recently, the inconsistency of the user
types has been indicated (Santos et al., 2021, 2023; Yildirim
et al., 2021) which directly affects the personalization made
based on this typology. Previous literature has indicated that
one problem with the use of the Hexad model is that
researchers use only the dominant type as the profile of the
user (Hallifax et al., 2019; Kirchner-Krath et al., 2024; Xiao
et al, 2024), when the profile is consisted of the six user
types. Finally, there are studies that pointed out the several
overlaps between the six user types (Santos et al., 2021;
Tondello et al., 2019) and the Hexad and other models
(Kirchner-Krath et al., 2024; Xiao et al.,, 2024). Therefore,
even though Hexad is now the most used user typology,
there are several limitations with the model that should be
acknowledged when using this typolgy.

5.3. Recommendations for future studies

Gamification remains a relatively new field with several topics
little explored. While our study sought to deepen the under-
standing of the relationship between user orientations, demo-
graphic factors, and gaming habits, its results and limitations
can guide the creation of new research toward developing
more specific recommendations for personalization consider-
ing the user profile as a holistic profile. Whereas we focused
on collecting data from one country, recently, some studies
have focused on collecting data from people of different
regions (e.g., Kirchner-Krath et al, 2024). However, most
studies about gamification still are conducted considering few
regions (Oliveira et al., 2023). Therefore, little is known about
how the user profile can differ considering the region or cul-
tural aspects. Future studies can collect data from different
countries and compare how the same user characteristics can
be related to the user orientations, especially considering
countries that are in the same region and that are usually not

represented in gamification research (e.g., countries from
Africa and Asia). This type of study also could indicate how
culture can impact the relationship between user orientations
and other user’s characteristics.

Our study was conducted in a context-independence pro-
cess. Not having a specific context allows us to make our
findings more universally applicable across various domains,
offering a versatile base that can be adapted to different con-
texts as needed. Considering that most studies in gamifica-
tion are conducted considering education and health (Klock
et al., 2020), a context-independent study can help the repli-
cation of contexts that are poorly investigated. Since the
effects of gamification may differ according to the field of
application, future studies can focus on collecting data from
people in different contexts to measure how the context
affects the relationship between user orientations, demo-
graphic factors, and gaming habits.

While using data from surveys and questionnaires is still
a common practice, a recent concern raised in the gamifica-
tion field is how similar is the user orientation when com-
paring data collected and their behavior in a real gamified
environment. Considering recent studies (Altmeyer et al,
2019; 2020; Kimpen et al., 2021) that have worked on the
prediction of the Hexad user orientations, future studies can
focus on making comparisons between the self-reported user
orientations and the predicted user orientation on how both
approaches to assess the user orientations can influence the
relationship with the other user characteristics.

Education is the most researched context in gamification,
and our results indicated that most user orientations pre-
sented a significant association with educational level.
However, there is a lack of studies that analyzed how differ-
ent educational levels are related with the user orientations
from the Hexad. We understand that future studies can
focus on further investigations about how different educa-
tional levels or educational areas might impact the user
orientation, improving the personalization of educational
gamified settings. Moreover, considering the lack of studies
about gaming habits and user types and the limitations of
our study, future studies can focus on how gaming habits or
gaming experience influence user orientations from extrinsic
motivations and further our results by analyzing the rela-
tionship between the user orientations and a more diverse
set of gaming habits. This would be helpful for researchers
and industry in the development of gamified systems for
people who have player experiences.

Prior literature has widely investigated how gamification
can benefit users’ health, however, there is a lack of studies
considering gamification and older samples. Considering the
propagation of the use of technologies, especially during the
COVID-19 pandemic, we believe adults and the elderly are
now more confident in using gamified technologies. Moreover,
we believe that this might be highly useful to monitor health
issues and to increase their socialization. Therefore, future stud-
ies can focus on investigating how gamification can be applied
considering older samples. We understand that gameful inter-
ventions will highly benefit this population.



6. Concluding remarks

In this study, we focused on understanding the potential asso-
ciations between user orientations from the Hexad model,
demographic, and gaming aspects. Answering our specific
objectives, we found that all the user orientations presented at
least one significant association with the demographic factors
measured in the study, however, all these associations were
weak. Our results highlight the necessity of a further investi-
gation into how to personalize gamified settings based on
other aspects than the dominant user orientations and demo-
graphic characteristics. We also analyzed the distribution of
the Hexad user types from the sample, where corroborating
prior studies, our analysis indicated that Achievers and
Philanthropists are the most common user orientations and
Disruptors the least common. While our findings contribute
to advancing the gamification literature, they also open space
for the conduction of new studies. In future studies, we
intend to replicate the analyses with a broader sample includ-
ing new demographic information (e.g., work field and mari-
tal status), the personality traits of the respondents, and
preferences for game elements in the survey. We also will
focus on collecting answers from younger (<20) and older
(>50) respondents, aiming to understand more the role that
age might have in user orientations.
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