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The perception of gamification elements differs across users, which is why personalizing gamified systems is
important. Past research showed that the Hexad user types model is particularly suitable for this purpose
by demonstrating correlations between user types and gamification elements. However, previous studies
were mostly survey-based, i.e. relied on participants’ rating of gamification elements based on e.g. textual
descriptions or storyboards. Thus, the question whether personalization based on Hexad user types provides
benefits in implemented gameful systems was neglected. We contribute to this by investigating the effects of
(contra-) tailoring the set of gamification elements to a user’s Hexad type on performance and user experience,
assessed with survey and physiological measures, in an image tagging context. In a lab study (N=29), we
found that gamification increases performance and affects psychophysiological measures of arousal. Moreover,
we demonstrate that personalization increases enjoyment, positively-valenced affective experiences and
participants’ absorption in the task at hand.
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1 INTRODUCTION
Gamification, the use of game design elements in non-game contexts [18], has been investigated in a
broad range of domains and contexts, including e.g. education, health, crowdsourcing and com-
merce [25]. Over the past decade, it has become a thriving field in HCI research, and an established,
ever growing practice in industry [56, 77]. For instance, gamification has been used to increase
people’s motivation to engage in certain behaviors, to enhance the user experience, or to turn rather
unpleasant tasks into more engaging ones [25, 56, 77]. At its beginning, gamification research
primarily focused on investigating if gamification works [56]. Here, many studies found positive
effects of gamification when using a “one-size-fits-all” approach (i.e., using a static, pre-selected
set of gameful design elements) [25, 77]. However, research has also revealed inconclusive or even
negative outcomes of using such a static approach [1, 25, 77]. As a result, more recent work focused
on understanding why gamification works [56]. It was found that there are interpersonal differ-
ences in the perception of gameful design elements [86], which could threaten static gamification
approaches. To account for this, personalization of gameful systems is important.

Consequently, research focused on finding and investigating factors that moderate the perception
of gameful design elements. Besides demographic factors such as gender [60] or age [5], personality
traits [31] and other factors [34] were also found to be relevant in this context. This led gamification
research to increasingly focus on investigating user preferences and individual differences in
gameful systems [34]. As part of this development, Marczewski [44] proposed the Hexad user types
model. This model has been developed to conceptualize and explain user preferences in gameful
systems [62, 84]. It consists of six user types, which differ in the degree to which they are driven by
their needs for autonomy, relatedness, and competence (the basic psychological needs postulated
by Self-Determination Theory [73]). Tondello et al. [86] developed and refined a questionnaire for
the assessment of Hexad user types, and demonstrated its reliability and validity [83]. This enabled
researchers to use the Hexad user types model to explain user preferences in gameful systems
across various domains, including education [53], physical activity [2], energy conservation [37] or
health [62]. These studies revealed connections between the perception of gameful design elements
and Hexad user types. When comparing the Hexad model to other factors and player typologies, it
was found to be advantageous in explaining interpersonal differences in the perception of gameful
design elements [23].
However, previous research investigating correlations between preferences for gameful design

elements and Hexad user types mostly relied on non-interactive materials [34]. This means that
participants had no chance to interact with gameful applications, but instead rated their perception
based on e.g. textual descriptions or storyboards. Consequently, the actual effects of personalization
based on Hexad user types on behavioral or psychological outcomes, when allowing users to
interact with gameful applications, are not well-studied. More specifically, the practical relevance
of personalizing gameful design elements based on Hexad user types in gamification research has
not been demonstrated thus far, i.e. the question of whether personalizing gameful design elements
based on Hexad user types leads to measurable effects on performance and user experience has not
been extensively studied.

We aim to contribute answers to these intertwined questions and thereby advance gamification
research. We implemented a gamified image tagging platform which allows personalizing the set of
activated gameful design elements to the user. In a lab experiment (N=29), we studied the effects of
tailored and contra-tailored versions of the platform on task performance, enjoyment, flow, affective
experiences and psychophysiological reactions, compared to a non-gamified control condition.
Our contribution is three-fold. First, we replicate previous research [41, 50, 75] by showing that
gamification – independent of personalization – leads to positive effects on the performance of
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users, i.e. an increase in tag counts and quality of tags. Second, our findings show that gamification
affects psychophysiological measures. Considering that past gamification research has mostly
relied on self-reported measures to analyze the user experience, combining both self-reported
and psychophysiological measures to assess the user experience contributes a potentially more
holistic perspective to the existing body of knowledge. Third, our main contribution is to show that
personalizing the set of gameful design elements based on Hexad user types does not seem to affect
immediate task performance, but has positive effects on the users’ enjoyment, affective experience
and can lead to participants being more absorbed in the task at hand. Summing up these findings,
we provide empirical evidence for the positive impact of Hexad-based personalization in gameful
systems. This supports the practical relevance of the Hexad model and – on a more abstract level –
personalization of gameful systems in general.

2 RELATEDWORK
In this section, we present related work in the fields of personalization in gameful systems, shed
light on findings related to psychophysiological reactions to gameful stimuli and present results in
the context of using gamification to motivate solving microtasks (since we use image tagging, in
line with previous research [41, 50, 75], which can be seen as a form of microtask). We conclude
this section by summarizing the main findings and framing our contribution.

2.1 Personalization in Gameful Systems
Although past gamification research has found mostly positive outcomes [77] when adopting a
“one-size-fits-all” approach, neutral or even negative results have also been found [7, 25, 77]. This is
not surprising, given that the motivational impact of gamification elements differs substantially
across users [6, 84]. To achieve positive outcomes, understanding which factors influence the
perception and effectiveness of gameful applications is important and has been investigated in the
past. For instance, Jia et al. [31] found that the personality trait “extraversion” positively affects the
perception of certain gameful design elements, such as points and levels, in a video-based setup,
i.e. a researcher was filmed when interacting with gameful design elements and participants were
asked to rate their perception in a survey. In a follow-up study [30], the authors also demonstrated
that personality traits can affect the perception of several leaderboard representations, i.e. extroverts
perceived leaderboards more positively, independent of their ranking. In this study, storyboards
were used to explain the different types of leaderboards. Additionally, Orji et al. [61] studied
whether personality traits play a role in explaining interpersonal differences in the perception of
persuasive strategies. Participants were asked to rate the perceived persuasiveness of storyboards
deploying various persuasive strategies, including virtual rewards, social competition and social
cooperation. In line with the findings by Jia et al. [30, 31], the results show that extraversion,
agreeableness, and openness explain most of the variance in the perceived persuasiveness of the
deployed persuasive strategies. Besides personality traits, demographic factors also have been
studied. Birk et al. [5] found that gaming habits and preferences among older adults change with
age, i.e. older participants focus more on enjoyment instead of performance. Moreover, Kappen et
al. [32] found that personalizing gameful applications for older adults is important, since age-specific
challenges and barriers have an impact on the relevance of gameful design elements. In contrast
to the aforementioned works, Lavoué et al. [39] used a web platform teaching French spelling to
learners to investigate the effect of personalization. They investigated the effectiveness of tailoring
gamification elements based on BrainHex [55] player types. In one condition, participants received
adapted gamification elements. In a second condition, participants received gamification elements
which were counter-adapted, i.e. not suitable for the participant’s player type. In a third group, no
gamification elements were integrated. They found that among the learners using the platform

Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CHI PLAY, Article 228. Publication date: October 2022.



228:4 Maximilian Altmeyer et al.

particularly frequently, those who received adapted gamification elements spent significantly more
time in the learning environment. Furthermore, participants receiving counter-adapted gamification
elements reported higher levels of amotivation. However, it should be noted that the BrainHex
model was created to be used in games; not in gamified systems. Moreover, it should be noted that
the BrainHex model has severe issues regarding its psychometric properties [82]. For instance,
Busch et al. [9] found that only two types–Socialiser and Achiever–could be discriminated as part
of a confirmatory factor analysis and that the results are not stable over time, i.e. issues related to
the test-retest reliability. Although the aforementioned results are useful to personalize gamified
systems, none of the factors considered there were specifically developed for this purpose. The
Hexad user type model [44, 86] bridges this gap since its purpose is to explain user preferences
in gamified systems (instead of games). The model consists of six user types that differ in how
much they are driven by their needs for autonomy, relatedness, competence and purpose (from
Self-Determination Theory (SDT) [73]):

Philanthropists (“PH”) are socially-minded, like to take responsibility, and share their knowl-
edge with other users. Their main motivation is purpose.
Socialisers (“SO”) are also socially-minded but are more interested in interacting with other
users. Therefore, they are mainly driven by relatedness.
Free Spirits (“FS”) like to explore and act without external control, with autonomy being most
important for them.
Achievers (“AC”) enjoy overcoming challenging obstacles and mastering difficult tasks. They
are motivated by competence.
Players (“PL”) are focused on their own benefits, and are driven by the will to win and earn
external rewards. Hence, extrinsic rewards are most important for them.
Disruptors (“DI”) like to test a system’s boundaries and are motivated by triggering change,
either positive or negative.

Tondello et al. [86] developed a questionnaire to assess Hexad user types, refined it and demon-
strated its reliability and validity [83]. Subsequently, the Hexad user types model has been used
successfully in various domains. For instance, it was used in the physical activity domain, where a
storyboards-based approach was followed to explain gameful design elements [2]. Supporting the
relevance of Hexad in explaining user preferences, it was found that a considerable majority of
correlations between the Hexad user types and preferences for gameful design elements established
in [86] could be replicated. Also, the Hexad model was successfully used in educational settings.
Here, Mora et al. [53] found that personalizing learning experiences to the users’ Hexad types led to
higher engagement, underlining the usefulness of the Hexad model. Besides physical activity and
education, the Hexad model has also been used in the context of unhealthy alcohol consumption
by Orji et al. [62]. In line with the aforementioned findings, the results show that Hexad user types
explain the perceived persuasiveness of strategies, and the reported effects align well to the user
type definitions, thus supporting Hexad’s applicability. Also, Kotsopoulos et al. [37] investigated
the perception of certain gamification elements and correlations to Hexad user types in the context
of energy savings at the workplace. The study revealed that the user types can be used to explain
preferences towards gameful design elements, since similar correlations as reported by Tondello et
al. [86] were found. Importantly, Hallifax et al. [23] compared the suitability of three models for
explaining user preferences for gameful design elements, i.e. the BrainHex [55] model, the Hexad
model, and the Big-5 personality model [47]. In a user study, they presented storyboards explaining
gameful design elements to users and let them rate their perceptions. They concluded that the
Hexad model is the most suitable typology for tailoring gameful systems, as most of the results
that were found align with the definitions of the Hexad user types.

Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CHI PLAY, Article 228. Publication date: October 2022.



Do Hexad User Types Matter? 228:5

Recently, the effectiveness of personalizing gameful applications by utilizing the Hexad model
has been investigated. For instance, Lopez and Tucker [43] studied the impact of using a recom-
mender system to personalize a gameful application which required participants to perform full
body motions to complete physical activity tasks. They found that participants who interacted with
the adapted version of the application increased their performance, compared to others. In contrast
to our work, only three gameful design elements were implemented. Consequently, e.g.. the Philan-
thropist user type, representing the most widespread user type, was not covered. Also, the gameful
design elements that were implemented (avatar, points, content unlocking) do not holistically rep-
resent the underlying needs and preferences of all Hexad user types (e.g. there is no gameful design
element covering social relatedness, which is important for Socializers and Philanthropists [86]).
Also, the selected task is inherently challenging, which potentially confounds the results, since
some user types are particularly motivated by mastering challenges (e.g. Achievers [86]). Moreover,
the authors did not measure effects of personalization on user experience. Thus, the question
whether personalization increases enjoyment and motivation, the prevalence of flow experiences,
and the presence of positively valenced affective experiences, remains open. Reyssier et al. [69]
analyzed the impact of single gameful design elements on the motivation of adolescent learners
in secondary schools. In particular, the authors investigated whether the effect on motivation is
moderated by the initial motivation of learners in the subject studied (mathematics) as well as the
impact of Hexad user types. They conclude that both factors – initial motivation and Hexad user
types – are important to explain how a gameful design element will affect motivation. In contrast
to our work, the study targeted adolescents, for whom the Hexad questionnaire has been shown to
perform sub-standard [59]. Also, the study did not specifically focus on comparing tailoring against
counter-tailoring the set of gameful design elements based on Hexad user types, which is what we
investigate in this paper.

2.2 Psychophysiological Reactions to Persuasive or Gameful Systems
Typically, gamification research relies on self-report measures to capture related variables such
as immersion, flow or enjoyment. These measures are administered post-task, and are subjective;
therefore they are often subject to introspection [35, 80]. Studying physiology measures can be seen
as a complementary approach, since psychological experiences have physiological substrates [12]
and affective experiences occur during task execution [35]. People are themselves not always
(immediately) aware of these psychology-induced changes in physiology. Thus, assessing physiology
might yield a less disturbed measurement of a player’s psychological processes. Contemporary
technology allows for a high temporal resolution and real-time assessment. Therefore, physiological
measures provide a continuous measurement of mental state, without the need to interrupt the
user [35, 57, 81].

Physiological assessment might yield additional information, as it is known to reflect both con-
scious and unconscious affective and cognitive processes [10, 12]. Physiology has proven to reflect
(parts of) general psychological processes [12], such as the valence-arousal levels of an affective
state [10, 68]: Emotions are not singular states but exist along two continuums with different neu-
rophysiological bases, i.e. a valence neural circuit and an arousal neural circuit. Consequently, each
affective reaction results in a unique physiological response. Related psychophysiology work on
psychological reactance and persuasion effectiveness can also be relevant for gameful applications.
An interaction loses its effectiveness when a person rejects or feels reactant to it [52]. Sittenthaler
et al. [78] found that illegitimate restrictions caused an immediate but sustained increase in heart
rate (“HR”) and skin conductance levels (“SCL”), whereas a delayed physiological response was
found in legitimate restrictions, and no response in the control condition. Moreover, Spelt et al. [79]
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found that psychological reactance coincided with cardiovascular activity. Susceptibility to a per-
suasive communication can also be derived from physiological measures [11, 21, 81]. As such, an
information system can potentially use physiological responses to understand the user, i.e. affective
computing [67]. As arousal levels fluctuate with susceptibility, it is suggested that physiological
state or reactivity can be used to personalize technologies by adapting to the user.
Consequently, researchers have used psychophysiological measures in the context of gameful

systems, in addition to traditional self-report measures. For instance, physiology has been used
to study game experience in several fast-paced first-person shooter games: Nacke et al. [57]
demonstrated correlations between electrodermal and facial muscle activity with the scale-based
game experience questionnaire. Similarly, Drachen et al. [20] found that self-reported gameplay
experience and physiological arousal, i.e. HR and SCL, are consistently correlated across three
different first-person shooter games. For instance, the results show that low HR is related to positive
affect and achieving the flow state and that SCL is negatively correlated to flow and positive
affect. This indicates a general relationship between game experience and psychophysiological
reactions when playing first-person shooter games. The relationship between psychophysiological
measures and flow experience has been investigated in the context of the popular game Tetris
by Harmat et al. [26]. In a laboratory study, participants were asked to play three versions of the
game, which differed in their difficulty level (easy, difficult and a condition in which the difficulty
level was adapted to the user called “optimal”). Similar to our approach, the authors decided to
use a combination of self-reported measures and psychophysiological measures of flow (HR, HR
variability, respiratory depth). They found that self-reported flow was negatively associated with
low frequency power of heart rate variability and positively associated with respiratory depth. Van
Reekum et al. [89] investigated whether appraisal in games has an effect on physiology. In the
user study, the authors investigated the effect of goal conduciveness and intrinsic pleasantness
on skin temperature, and on electrodermal, cardiovascular and muscle activity. They used a game
in which players had to control a spaceship in order to collect crystals while destroying enemies.
While it was found that goal conduciveness had an effect on interbeat intervals, skin conductance
level and skin temperature, intrinsic pleasantness had less impact on physiological responses. Korn
and Rees [36] used gamification elements to guide workers in assembly tasks. The authors found
that gamification led to an increased work speed. Moreover, the authors made use of biosignals
(electrodermal activity (“EDA”) and facial expressions) to assess affective states. They found that
joy was detected significantly more frequently in the gamification condition than in the control
condition. This finding was also backed by the EDA data, since participants in the gamification
condition were constantly aroused while those in the control condition drifted towards boredom.
Barathi et al. [4] investigated which measures are suitable to recognize affective experiences using
psychophysiological measures in the domain of high intensity exergaming in virtual reality. Also,
they were interested in understanding the relationships between affect and these measures. Based
on two experiments, the authors identified relationships between eye blinks, gaze fixations, pupil
diameter, skin conductivity and affective experiences. In addition, Passalacqua et al. [64] compared
the effect of self-set versus assigned goals and feedback on user engagement and performance in
a gamified item picking task. In line with our approach, engagement was assessed by combining
self-reported and psychophysiological measures (HR, SCL, and electroencephalography) to increase
results validity. The authors found that gamification, independent of the type of goal-setting,
increased self-reported and psychophysiological measures of engagement and performance. When
comparing the type of goal, no significant differences were found in the psychophysiological nor
self-reported measures, and only task performance differed significantly.
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2.3 Gamification to Encourage Solving Microtasks
Solving microtasks, such as tagging images, is a context in which gamification is often employed to
motivate users [77]. This context has been frequently used in gamification research, especially for
basic research aiming at understanding the effect of specific gameful design elements or gamification
strategies [40, 41, 49–51, 75]. This is because this task (image tagging) is considered as sufficiently
tedious to benefit from gamification, and it allows one to assess and measure task performance (the
amount and quality of tags) in an objective way [51]. For instance, Mekler et al. [49] investigated
whether points, levels and leaderboards affect intrinsic motivation negatively, but could not find
supporting evidence for this assumption. Their results revealed positive effects of these gameful
design elements on the tagging performance (number and quality of tags) of participants, especially
for levels and the leaderboard condition. In a follow-up publication [50], which investigates the
effects of these gameful design elements on intrinsic motivation and need satisfaction, similar results
on the performance are reported, whereas no significant differences regarding motivational aspects
were found. Image tagging was also used as a context to investigate the effects of customizable
gamification, i.e. allowing users to select which game elements are activated, on task performance
in a study by Lessel et al. [40]. The findings revealed beneficial effects on task performance when
allowing users to customize the set of gameful design elements. In a follow-up study [41], a similar
microtask setting was used to study the effect of choice, i.e. allowing users to turn gamification
on or off on the platform, on the amount and quality of tags. Again, beneficial effects on task
performance were found. Related to this, Schubhan et al. [75] allowed participants to create their
own gamification concepts from scratch and implemented them on an image tagging platform
to study whether user-created gamification affects task performance and user experience related
measures positively. In line with previous research, they found positive effects on the performance
of users when their self-created concepts were implemented for them. Similarly, Tondello and
Nacke [85] used an image tagging context to investigate whether users, when offered the choice
to select which game elements they would like to activate on the platform, select game elements
according to their Hexad user type, and whether this enhances task performance and engagement.
Again, the image tagging context proved to be suitable to investigate the main research questions
of the paper, and partially positive effects on both performance and engagement measures were
found.

2.4 Summary
Related work showed that personalization is beneficial for gameful systems, since individual
differences in the perception of gameful design elements influence the likelihood of positive
outcomes. The Hexad user types model has proven to be able to explain these individual differences
across various domains. Related work has shown that psychophysiological measures may help to
enhance the understanding of (affective) user experiences by providing an additional layer to using
questionnaires. Furthermore, the context of image tagging was shown to be frequently used for
gamification research, due to its suitability for gamification (because of its rather tedious nature)
and since it allows measurement of task performance in an objective way.
Based on the aforementioned findings, we contribute to ongoing efforts in understanding the

impact of personalization in gameful systems. In contrast to previous works using mostly textual
descriptions or storyboards, we implement an actual system where users are able to experience
tailored and contra-tailored gamification setups, based on the Hexad model. This enables us to
analyze whether the preferences, found using survey-based methods, actually affect the users’
behavior and experience. This constitutes the main contribution of this paper. Second, we analyze
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(a) Image tagging task without any gameful
design elements

(b) Gamified image tagging task, using a
leaderboard and points

Fig. 1. Image tagging platform

whether gamification, independent of whether it is tailored or not, leads to increased task perfor-
mance. This is done to replicate previous research in the image tagging context and thereby back
up the validity of our image tagging platform as such. Third, we investigate whether (tailored and
contra-tailored) gamification affects psychophysiological reactions. Combining both self-reported
and psychophysiological measures of enjoyment and arousal allows us to more holistically analyze
the effect of gamification and personalization on the user experience, adding further to the existing
body of knowledge.

3 RESEARCH DESIGN
We used an image tagging platform to investigate the effects of personalization based on Hexad
user types on task performance and user experience. We decided to use image tagging as a task due
to similar reasons as provided by Mekler et al. [49, 51]: First, people engage in human computation
tasks (such as image tagging) voluntarily, reducing the threat of contextual factors confounding
the study results (compared to e.g. the workplace, a potentially more controlled setting). Second,
performance can be easily measured in this setting by counting the number of tags. Third, the
task itself is sufficiently tedious to benefit from gamification. Additionally, image tagging has been
frequently used in the past to investigate basic research questions in the field of gamification (see
Section 2.3), thus allowing us to replicate and build upon these existing findings. User experience
entailed enjoyment, affective experiences and flow and was measured by both questionnaires and
psychophysiological reactions. Moreover, we aimed to replicate previous research [41, 49–51] by
investigating the effect of gamification on task performance. Our user study has a within-subjects
repeated measures design, in which participants received three conditions: Control, Tailored Gami-
fication, and Contra-Tailored Gamification. The selection of (un-) suitable gamification elements for
the gamified conditions was based on Hexad user types. The study has been reviewed and received
ethics clearance through an institutional Research Ethics Committee (blinded for review).

3.1 Apparatus
We implemented a web-based study platform to investigate the effectiveness of personalization of
gameful systems based on Hexad user types. We followed the approach of Mekler et al. [49–51].

3.1.1 Image Tagging Task. To ensure comparability, the general task and platform were similar
to those used by Mekler et al. [49–51]. To begin with, the platform allowed participants to get
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familiar with the tagging task in a tutorial, i.e. allowing participants to add tags for three consecutive
images. After completing the tutorial, participants were asked to tag ten images in each of the
three conditions (30 in total), appearing one at a time and in a random order. We did not use the
images employed by Mekler et al. [49–51]. The authors noted in their most recent study using
this platform [50] that utilizing abstract paintings and asking participants to tag emotions makes
it hard to objectively assess tag quality. Instead, we decided to consider images that are used
for object detection. This allows us to assess the quality of tags in a more objective way, since
rating whether a certain object is present on an image is less subjective than rating whether an
abstract painting might elicit certain emotions. The participants were shown images from the
MIRFLICKR-25000 image collection [28]. This collection consists of 25,000 images downloaded
from the social photography site Flickr and has been widely used in machine learning research to
train object detection algorithms. Participants were asked to type anything they thought of when
seeing the image, and could provide tags in a free text field, separating them by pressing enter.
Above every image there was a brief description on how to tag the image. Figure 1a shows the
image tagging task.

3.1.2 Gameful Design Elements. We implemented the image tagging platform in a modular way,
such that gameful design elements could be activated or deactivated on an individual basis. This
allowed for ad-hoc adaptations of the set of gameful design elements depending on the Hexad
user type of the participant. We realized five gameful design elements, i.e. badges, points and
leaderboard, virtual character, and unlockables, which are described in the following. We made sure
that each Hexad user type has at least one suitable gameful design element, based on positively
correlated gameful design elements described in the study by Tondello et al. [86]. One exception is
the Disruptor, because it is negatively correlated (or not correlated at all) to most gameful design
elements [62] making it difficult to find and include suitable gameful design elements. In fact, the
Disruptor might also not be as practically relevant as the other user types, since a huge majority
of users score lowest in this particular trait [2, 86]. Except for leaderboards, all gameful design
elements used three score thresholds, which led to a state change of the corresponding element
(e.g. unlocking a badge, changing the mood of the virtual character). These thresholds were based on
previous gamification research about image tagging [41, 75]. The thresholds were the same across
all gameful design elements to avoid a bias in the tag quantity depending on which elements are
activated (the first state change happens after adding 20 tags, the second after adding 45 tags and the
third after adding 70 tags across all images). To ensure comparability to Mekler et al. [49–51], who
showed five users on their leaderboard, we slightly adapted these thresholds for the leaderboard,
without changing the maximum amount to reach the first rank so as not to introduce ceiling effects
(in line with all other gameful design elements, the first rank had 70 tags). The second rank had 50,
the third 30 and the fourth 10 tags.

Badges. This gameful design element is especially suitable for Achievers as it builds on the
concept of mastery [44]. Previous research has shown that the perception of Badges is positively
correlated to the Achiever user type [86]. On the platform, three different Badges (using the score
thresholds mentioned before) can be unlocked: A bronze badge could be unlocked after adding 20
tags, a silver badge after adding 45 tags and a golden badge after adding 70 tags. The badges are
shown on the right side of the screen. A progress bar indicates the progress towards unlocking the
next badge (see Figure 2).

Points and Leaderboard. Points have been shown to positively affect Players [44, 86] and So-
cialisers [2, 62]. Similarly, both user types have been shown to be particularly driven by social
competition on leaderboards [44, 86]. In line with Mekler et al. [50], the leaderboard on our platform
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Fig. 2. The gameful design elements Badges, Unlockables and Virtual Character

shows fictitious users with scores similar to the thresholds established before, to ensure that all
participants have equal chances to rise in the ranks. For each tag, users received one point. The
leaderboard is shown on the right side of the screen, while the user’s current amount of points is
shown right below the image (see Figure 1b).

Virtual Character. Philanthropists are driven by purpose and like to care for others [44, 86].
Although past research has not revealed consistent correlations between the Philanthropist factor
and the perception of gameful design elements, we expect that a virtual character should be
particularly relevant for Philanthropists. A virtual character may induce feelings of care-taking
and stimulate striving for purpose [3]. We used an animated virtual monster whose emotional
state is coupled to the amount of tags. The three shifts in its emotional state are based on the
score thresholds described before. A progress bar indicates the progress towards reaching the next
emotional state of the monster (see Figure 2). The virtual character field was placed on the left side
of each image.

Unlockables. Unlockables, i.e. unlocking unknown virtual items, are expected to motivate Free
Spirits because they are mainly driven by autonomy and curiosity [44, 86]. To realize Unlockables,
we provided virtual items on the image tagging platform that can be unlocked by adding tags.
Reflecting the score thresholds, there were three items differing in rarity (common, rare, epic). The
virtual items were blurred and gradually became more visible when adding tags, with the intention
to make users curious and more motivated to explore (which is particularly interesting for Free
Spirits [86]). The more tags the user added, the clearer the virtual item would become and the
closer the user would get to unlocking it. A progress bar indicates progress towards unlocking a
certain item. Unlockables were placed on the right side of each image, as can be seen in Figure 2.

3.2 Conditions
The user study had three different conditions, which all participants took part in. They differed in
the type of feedback provided to users while tagging images. The conditions are explained in the
following:
Control (“CO”): In this condition, participants were asked to complete the image tagging task
while no gameful design elements were activated.
Tailored Gamification (“TG”): In this condition, we activated gameful design elements that
correspond to the Hexad user type of the user (as described in Section 3.1.2). If the user scored
(equally) high in two or more Hexad user types, all related gameful design elements were activated.
Contra-Tailored Gamification (“CG”): In this condition, gameful design elements were acti-
vated that correspond to the Hexad user types that the user scored lowest on (as described in
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Section 3.1.2). These elements should be least relevant to the user. If two or more user type scores
were equally low, all related gameful design elements were activated.
The Disruptor user type was not considered for assigning suitable or unsuitable gameful design

elements (see Section 3.1.2). This is in line with previous research, excluding this user type due to a
lack of practical relevance [53]. We decided to activate multiple gameful design elements when a
participant had an equal score on their highest or their lowest user type to reflect the traits-based
nature of the Hexad model. In case of a conflict, i.e. when a participant scored highest on Player
and lowest on Socialiser (or vice-versa), we activated the gameful elements corresponding to their
second-lowest score, since Players and Socialisers are both motivated by points and competition [86]
and have been shown to be positively correlated [83].

3.3 Procedure
The user study was conducted in a laboratory. 30 participants were recruited via social media and
flyers on the university campus. This number of participants was chosen based on an a-priori
calculated power analysis, assuming a medium effect size of 𝜂2𝑝 = .06, a power of 80% and a
correlation among repeated measures of .5, revealing a minimum number of 27 participants. The
expected effect size was informed by analyzing the effect sizes of previous research in the same
context [50], which were between 𝜂2𝑝 = .02 (medium-small) and 𝜂2𝑝 = .10 (medium-large) on relevant
measures. The study took approximately 60 minutes to complete. Participants were compensated
with an 8 Euro Amazon gift card. Upon their arrival at the study site, the procedure was explained
to the participants. After giving consent to participate, participants were asked to take a seat in
front of a desktop computer. Next, the Empatica E4 wristband [46], a medical-grade wearable
device to measure physiological data1, was put on participants’ non-dominant wrist. The Empatica
E4 has a photoplethysmography sensor to measure blood volume pulse, an electrode to measure
electrodermal activity, a temperature sensor and 3-axis accelerometer. Its validity and reliability
has been demonstrated in previous studies [46, 76]. It has also been used in previous studies in the
context of games. For instance, Dey et al. [19] used the E4 to share physiological states of players
during gameplay. In line with the validation studies, the authors stated that the E4 provided reliable
data, which was in line with physiological data from different sources. However, they noted that
movement led to noise in the measurements, which was also found in the validation study by
Schuurmans et al. [76]. Therefore, it was important for us to choose a task that does not require a
lot of movement.
In the task explanation partial deception was used, since we did not want to reveal that the

gamification elements were (contra-) tailored to the participants’ Hexad user types. We told them
that the purpose of the study was to advance the field of image classification and investigate the
perception of different feedback mechanisms in this context. This was done to avoid introducing
a potential bias due to participants trying to figure out which condition was being presented to
them (which might affect their behavior or flow experiences). After the introduction, participants
were asked to complete an initial survey, consisting of demographical data and the validated
Hexad user types questionnaire [83]. After they filled out this survey, we assessed a baseline
of psychophysiological measures. For this, participants were asked to relax while watching a 5-
minute video of sea life [63], in the absence of any discrete environmental event/external stimulus.
This video has been successfully used in previous research for the purpose of getting baseline
measurements of physiology [63, 79]. While participants were watching the video, we prepared the
Tailored Gamification and the Contra-Tailored Gamification conditions based on the results of the
Hexad user types questionnaire by activating suitable and unsuitable gameful design elements on

1https://www.empatica.com/en-eu/research/e4/, last accessed September 23, 2022

Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CHI PLAY, Article 228. Publication date: October 2022.

https://www.empatica.com/en-eu/research/e4/


228:12 Maximilian Altmeyer et al.

the study platform. Next, participants completed the tutorial consisting of three image tagging tasks
(as described in Section 3.1.1). After they completed the tutorial and became familiar with the task
itself, the main part of the study followed. Here, participants were asked to tag ten images (one by
one) in each of the three conditions. The order of the conditions as well as the order of the images
shown to the user were randomized. After tagging ten images, participants were administered a set
of questionnaires in each condition, to assess enjoyment, affective experiences and flow. In order to
distinguish psychophysiological measures between conditions in the analysis, the study platform
stored the current action of the user (e.g. starting/completing an image, watching the relaxation
video etc.) in the physiological recording. This allowed us to consider solely the physiological data
stored while the user was performing the task and exclude all other measures. After completing all
three conditions, the participants were debriefed and the full purpose of the study was revealed.

3.4 Hypotheses
We investigated the following hypotheses:

H1: Task performance differs across conditions
H1a: Tag quantity is higher in gamified conditions than in Control
H1b: Tag quantity is higher in Tailored Gamification than in Contra-Tailored Gamification
H1c: Tag quality is higher in gamified conditions than in Control
H1d: Tag quality is higher in Tailored Gamification than in Contra-Tailored Gamification

H2: User enjoyment differs across conditions
H2a: User enjoyment is higher in gamified conditions than in Control
H2b: User enjoyment is higher in Tailored Gamification than in Contra-Tailored Gamification

H3: The strength of affective experiences differs across conditions
H3a: Positive affective experiences are stronger in gamified conditions than in Control
H3b: Positive affective experiences are stronger in Tailored Gamification than in Contra-Tailored
Gamification

H4: The prevalence of flow experiences differs across conditions
H4a: Experiences of flow are more prevalent in gamified conditions than in Control
H4b: Experiences of flow are more prevalent in Tailored Gamification than in Contra-Tailored
Gamification

In general, H1 is motivated by previous research showing that gamification has an impact on
the performance of users when tagging images [41, 49, 50]. Specifically, we considered both tag
quality as well as tag quantity as indicators of task performance (based on [13]) and expected that
gamification (independent of whether it is tailored or not) should increase both (H1a, H1c). For tag
quantity (H1a), this assumption is based on previous research showing that gamification increases
the number of tags in an image-tagging context [41, 50]. We further hypothesized that gamification
should lead to an enhanced tag quality (H1c) since a meta-analysis on performance predictors came
to the conclusion that motivation (especially intrinsic motivation, but also extrinsic incentives),
which should be positively affected by gamification and goal-setting [42, 49], predicts quality [13].
H1b and H1d build on the assumption that gameful design elements which are tailored to a users’
Hexad type lead to an additional increase on both performance measures, due to previous research
showing correlations between user preferences for gameful design elements and their Hexad user
type [86].
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H2 refers to the enjoyment of tagging images. Based on literature reviews by Seaborn and
Fels [77] and Hamari et al. [25], we expected that enjoyment should be improved by gamification
(whether it is tailored or not) (H2a). We also hypothesized that a set of gameful design elements
which is tailored to a user’s Hexad type should lead to an increased enjoyment when compared to
a contra-tailored set of gameful design elements (H2b), since user preferences [86] should have
an impact on the user experience of a gameful system. H3 follows the same argumentation. We
expect that an increased enjoyment is related to positive affective experiences and thus assume that
gamification should lead to an increase in positive affective experiences (H3a), especially when
tailored to the user’s Hexad type (H3b).
Lastly, flow experiences, which can be defined as “the holistic sensation that people feel when

they act with total involvement” [14], are related to optimal task performance [66]. This includes
being completely focused on the task and an increased engagement [66]. We deemed analyzing flow
experiences as important, since it is seen as “one of the main characteristics of the users experience
that might be influenced by gamification” [58] and has been shown to be affected by gamification
in the past [58]. Thus, following from H1–H3, we expect that flow experiences are more frequent
in the gamified conditions (H4a) and that personalizing gameful design elements to a user’s Hexad
type further increases the prevalence of flow experiences (H4b).

3.5 Subjective Measures and Analysis
As explained before, the study involved both behavioral and psychological measures. To measure
the behavior of users, task performance was used (tag quantity and tag quality). For psychological
measures, we were mainly interested in measures to assess the experience of users. Enjoyment
and intrinsic motivation were measured using the task evaluation questionnaire of the Intrinsic
Motivation Inventory (“IMI”) [45, 72]. We used the IMI to operationalize motivation in our study,
enabling us to investigate whether this measure is affected by gamification and by receiving a
tailored versus a counter-tailored set of gamification elements. This is an important psychological
measure, since enhancing motivation is commonly seen as the ultimate goal of gamification [74, 77].
The IMI is one of the most widely used instruments in gamification and games research [87]. The
task evaluation questionnaire of the IMI consists of four factors: interest/enjoyment, perceived
competence, perceived choice, and pressure/tension. While the interest/enjoyment subscale is seen
as the self-report measure of intrinsic motivation and the main measure to investigate H2, the
perceived competence and perceived choice factors are considered positive predictors of intrinsic
motivation. Pressure/tension is considered a negative predictor of intrinsic motivation. Affective
experiences were assessed by using the Positive and Negative Affect Schedule (“PANAS”) [90],
consisting of two factors: positive affect and negative affect. Measuring affective experiences is
motivated by previous research highlighting the importance of measuring both enjoyment and
affect in gamification studies [27] and enables us to analyze the effect of gamification and tailoring
on emotional responses, adding further insights on the user experience. The Activity Flow State
Scale (“AFSS”) [65, 66] was used to measure flow. It consists of nine factors, each measuring a
different dimension of flow. These nine dimension relate back to the work by Csikszentmihalyi [15],
who defined them to characterize the flow state. The flow state, which is described as a “state that
people report when they are completely involved in something to the point of forgetting time,
fatigue, and everything else but the activity itself" [17], is another measure which is deemed an
important aspect of the user experience in gamified systems [24]. We used the validated Hexad
user type questionnaire [83] to assess participants’ user type. All questionnaires can be found in
the supplementary materials and were analyzed as instructed by the authors of the corresponding
instruments [45, 72, 83, 90].
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3.6 Physiological Measures and Analysis
Subjective measures relying on the self-report method (asking users to self-report on their percep-
tions and preferences) are very commonly used [71], also in gamification research [34]. However,
self-reports have the drawback that respondents’ answers may be inaccurate [71], e.g. because
of problems such as social desirability bias (participants answering in a socially desirable man-
ner), acquiescent responding (participants tending to agree with statements) or constraints on
self-knowledge [71]. Therefore, we decided to complement the aforementioned subjective mea-
sures by psychophysiological measures to get a more holistic picture on how gamification and
personalization affect the user experience.

We used features of the electrodermal and cardiovascular system to analyze psychophysiological
responses, i.e. flow, enjoyment and affective experiences. The electrodermal system, or sweat
gland activity, is solely innervated by the sympathetic “fight-or-flight” nervous system [12]. It
was previously used to research games [20, 57], and persuasive messages [81] and is among the
most commonly used measures to assess flow [35]. An important feature of the cardiovascular
system is heart rate variability. The variability in time between heartbeats is caused by an interplay
between the sympathetic and parasympathetic nervous system [12]. It is the most commonly used
measure to detect flow states [35] and was used previously to investigate the persuasiveness of
messages [79, 80] or assess arousal and affective responses in game-related contexts [89]. It was
shown that increases in workload or arousal are associated with decreases in HRV [33]. Changes in
blood flow beneath the skin, induced primarily by the sympathetic nervous system, lead to changes
in ST [70]. It was found that increased ST at the hands is associated with positive arousal [70] and
that skin temperature slopes were more positive for conducive events within games [89]. For a full
review on the psychophysiology of emotions and cognition see Jänig [29], Kreibig [38], or Posner
et al. [68]. Based on previous research, we included the following physiological measures:
Skin conductance level (SCL): includes the tonic component measured in micro Siemens, 𝜇S. In
our analysis, SCL was operationalized by dividing the average skin conductance in each condition
by the average skin conductance while watching the relaxation video [20].
Skin conductance responses (SCR): concerns the phasic component in electrodermal activity,
i.e. the number of abrupt increases in the skin conductance (peaks) [8, 12]. SCR was operationalized
by counting the number of skin conductance peaks during a condition and dividing it by the
minutes it took to complete that condition. Thus, we analyzed the average number of peaks per
minute. To count peaks, we used the scientific python package SciPy2.
Heart rate variability (HRV): was measured based on the inter-beat interval in milliseconds,
which was used to calculate the square root of the mean squared successive heart period differences
(“RMSSD”), a commonly used HRV statistic [12], for each condition. The RMSSD was normalized
by dividing it by the RMSSD measured when watching the relaxation video.
Skin temperature (ST): was measured in °C and normalized by dividing the average measure in
each condition by the average measure when watching the relaxation video [89].
Similar to Drachen et al. [20] we used a simple form of normalization, in which we divided the
average value of a measure by the average value of the respective measure while watching the
relaxation video, except for SCR.

4 RESULTS
To investigate the aforementioned hypotheses, we used repeated measures ANOVAs to compare
the dependent variables between the three conditions. When assumptions for the ANOVA were

2https://docs.scipy.org/doc/scipy/reference/generated/scipy.signal.find_peaks.html, last accessed September 23, 2022
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Participant PL SO AC PH FS DI Participant PL SO AC PH FS DI

1 26 24 27* 22* 27* 21 16 24 24 23* 26* 23* 13
2 17* 28 27 22 28* 28 17 25 27* 27* 27* 25* 15
3 19* 27 26 28* 23 12 18 28* 21 27 20* 22 16
4 21* 23 23 25* 25* 15 19 26* 24 26* 24* 25 20
5 25* 17 23 22 21* 12 20 21* 21* 23 24* 24* 19
6 28* 27 27* 28* 27* 16 21 19 23 25* 23 19* 12
7 21* 27 24 28* 21* 18 22 16* 17 18 23* 22 17
8 23 26* 24 23 20* 15 23 19 14* 19* 19* 19* 15
9 27* 19 23 21* 26 13 24 16* 24 26 28* 27 23
10 20* 23 24 27* 24 14 25 25* 24 24 22 21* 13
11 20* 24 26* 26* 25 21 26 26* 17 25 24* 25 13
12 25 27* 25 23 21* 8 27 19* 28 28 28* 28* 10
13 17* 18 19 21* 19 12 28 24* 18 23 23 22* 18
14 23 24* 22 23 21* 16 29 22 26 27* 26 22* 16
15 26* 22 23 15* 21 19

Table 1. Hexad scores of all participants. Green cells represent particularly high scores in the respective user
type, red cells represent particularly low scores. An asterisk marks which user type was considered for the
personalization of the gameful design elements.

not met, Friedman tests were used as non-parametric counterparts. When using Friedman tests,
the Durbin-Conover method was used for post-hoc analysis. The Bonferroni-Holm method was
used in both cases to control the family-wise error rate.

4.1 Participants
Out of 30 participants, one had to be excluded due to technical problems during the study, leading
to a total sample size of 29 which was considered for the analysis.

Out of these participants, 10 self-reported their gender as female and 19 as male. Regarding age,
10 participants were aged 18-24 years, 18 participants were aged 25-31 years, and 1 participant
was aged 32-38 years. We assessed gaming familiarity with 3 items (“I consider myself as gaming-
affine”, “I frequently play video games”, “I have a passion for video games”) with 5-point scales
(1=strongly disagree). The means were rather neutral: 3.12, 2.82 and 2.92, respectively. The Hexad
user types average scores are similar to the averages reported in the validation study of the Hexad
questionnaire by Tondello et al. [83]. Achievers showed the highest average scores (M=24.28,
SD=2.52), followed by Philanthropists (M=23.83, SD=3.10), Free Spirits (M=23.20, SD=2.71) and
Socialisers (M=22.90, SD=3.80). Players (M=22.34, SD=3.58) and Disruptors (M=15.86, SD=4.13)
followed with lower average scores. Table 1 shows the Hexad scores of all participants as well as
which user types were highest (marked green) or lowest (marked red). An asterisk marks which
user type was considered for the personalization of the gameful design elements (sometimes, the
highest/lowest score could not be used for the selection of suitable/unsuitable gameful design
elements due to a conflict in the reported preferences in the literature; see Section 3.2).

4.2 Task Performance
Overall, participants provided 3,967 individual tags (1,114 in Control (“CO”), 1,402 in Tailored Gam-
ification (“TG”) and 1,451 in Contra-Tailored Gamification (“CG”)). Table 2 provides an overview
of the mean and median tag count per condition. We compared the average number of tags per
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condition and found they differed significantly (𝐹 (2, 56) = 13.56, 𝑝<.001, 𝜂2𝑝 = .33). Pairwise com-
parisons revealed result R1: The number of tags in both gamified conditions is significantly
higher than in CO (𝑝holm<.001 each; Cohen’s 𝑑TG=.43, 𝑑CG=.50). When comparing the TG and
CG conditions, no significant result was found (𝑝holm =.48).
To analyze tag quality, we followed a qualitative coding process, similar to Mekler et al. [50].

The coding process was conducted by two independent raters who manually inspected each of
the 3,967 individual tags provided for the images and rated whether the tag was: neither related
to any given object in the image nor captures a specific mood, or was just nonsense (value 1);
describes a mood or color scheme that was present in the pictures but not a specific object (value
2) or describes a concrete object in the picture (value 3). After both raters rated all tags, the inter-
rater agreement was calculated using Cohen’s Kappa 𝜅 . The result was 𝜅=.66, which is considered
as substantial agreement, according to Cohen [48]. A more conservative interpretation of this
result would indicate a moderate agreement [48]. When the rating differed between both raters,
the mean of their ratings was calculated and used for the analysis. The average quality of tags
for each condition is shown in Table 2. We compared the average rating per participant across
conditions and found that it differed significantly (𝐹 (2, 56) = 3.97, 𝑝 =.024, 𝜂2𝑝 = .02). As part of the
post-hoc procedure, we found thatR2: The average tag quality is significantly higher in both
gamified conditions than in CO (𝑝holm<.05 each; 𝑑TG=.35, 𝑑CG=.27). However, no significant
difference was found between TG and CG (𝑝holm =.82).
Also, the amount of tags per minute differed significantly (𝐹 (2, 56) = 16.64, 𝑝<.001, 𝜂2𝑝 = .37).

We found that R3: The amount of tags per minute is significantly higher in both gamified
conditions than in CO (𝑝holm<.001 each; 𝑑TG=.49, 𝑑CG=.68). Also, when comparing the tailored
(TG) and contra-tailored (CG) conditions, we found that R4: The amount of tags per minute in
the Contra-Tailored Gamification condition is significantly higher than in the Tailored
Gamification condition (𝑝holm =.049, 𝑑=.23). Together with R2, R3 suggests that gamification
might have helped participants to come up with good tags, since the average time per tag decreased.

4.3 Subjective User Experience
To analyze the user experience, we considered enjoyment or intrinsic motivation, affective and
flow experiences. In this section, we report the results of the survey-based measures. An overview
of descriptive data can be found in Table 2.
Regarding the IMI factors, we did not find a significant effect for the competence (𝐹 (2, 56) =

.65, 𝑝 =.52), choice (𝐹 (2, 56) = .32, 𝑝 =.73) nor pressure (𝐹 (2, 56) = 1.51, 𝑝 =.23) factors. However,
the enjoyment factor differed significantly across the conditions (𝐹 (2, 56) = 3.45, 𝑝 =.039, 𝜂2𝑝 = .11).
While there were no significant differences between the gamified conditions and CO (𝑝holm =.28
each), we found that R5: Enjoyment is significantly higher in the Tailored Gamification
condition than in Contra-Tailored Gamification (𝑝holm =.003, 𝑑=.29).
When analyzing the positive and negative affect factors of the PANAS, we found that positive

affect differed significantly between the three conditions (𝐹 (2, 56) = 6.39, 𝑝 =.003, 𝜂2𝑝 = .19).
Post-hoc comparisons showed that positive affect in TG was not significantly higher than in
CO (𝑝holm =.71). However, positive affect was significantly higher in TG than in CG (𝑝holm =.006,
𝑑=.50), leading toR6: Positive affect is significantly higher in Tailored Gamification than in
Contra-Tailored Gamification. In addition, we found that R7: Positive affect is significantly
lower in Contra-Tailored Gamification than in Control (𝑝holm =.001, 𝑑=.46). These results
not only show that selecting gameful design elements matching the users’ Hexad types leads to
increased positive affective experiences, but also that choosing unsuitable gameful design elements

Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CHI PLAY, Article 228. Publication date: October 2022.



Do Hexad User Types Matter? 228:17

Control Tailored Gamification Contra-Tailored Gamification
Mean SD Median Mean SD Median Mean SD Median

Pe
rf
or
.

H
1

Tag Count* 38.41 21.44 31.00 48.34 24.71 46.00 50.03 24.99 45.00
Tag Qual.* 2.66 0.21 2.71 2.73 0.19 2.79 2.72 0.23 2.79
Tags/min* . 3.17 1.53 2.92 3.97 1.73 3.98 4.40 2.06 4.25

IM
I

[s
um

m
ed

up
]

H
2

Enjoyment* 26.72 10.36 26.00 28.03 10.80 27.00 24.97 9.98 26.00
Competence 19.69 4.74 19.00 20.76 6.90 20.00 19.90 5.17 20.00
Choice 23.03 5.33 23.00 23.10 4.88 23.00 22.45 5.21 22.00
Pressure 13.03 5.05 14.00 14.55 6.49 14.00 14.38 5.45 14.00

PA
N
A
S

[s
um

m
ed

up
]

H
3 Pos. Affect* 27.07 8.15 27.00 27.62 8.94 27.00 22.79 10.39 18.00

Neg. Affect 16.59 4.79 16.00 15.90 5.03 15.00 15.00 3.32 14.00

A
FS

S
[s
um

m
ed

up
]

H
4

MAA* 9.52 2.72 9.00 10.48 2.68 11.00 9.17 3.11 9.00
CG 11.03 2.34 12.00 11.59 2.51 12.00 10.52 2.49 10.00
CO 15.41 2.28 16.00 15.03 3.17 15.00 14.28 3.32 14.28
UF 6.59 1.82 6.00 7.48 1.72 8.00 6.83 2.28 8.00
CS 9.28 2.37 9.00 9.79 2.72 10.00 9.34 2.35 9.00
TT 9.07 2.81 9.00 9.66 3.25 10.00 8.86 3.03 9.00
CN 7.72 1.36 8.00 7.66 1.59 8.00 7.48 1.62 8.00
SC 10.52 2.57 11.00 10.59 2.85 10.00 9.83 2.52 9.00
AE 8.97 2.74 9.00 10.17 3.12 11.00 9.28 3.28 9.00

Ps
yc

ho
ph

ys
.

[n
or
m
al
iz
ed
]

H
2–

H
4

RMSSD 1.01 0.04 1.00 1.01 0.05 1.00 1.02 0.07 1.00
SCL 1.22 0.39 1.13 1.33 0.56 1.18 1.34 0.76 1.10
SCR* [peaks/min] 44.27 14.26 50.34 49.42 9.92 52.40 50.86 7.28 51.85
ST* 1.02 0.03 1.01 1.04 0.04 1.03 1.04 0.05 1.03

Table 2. Mean, standard deviation (“SD”) and median for each dependent variable and condition. Bold,
colored entries with * represent dependent variables for which a significant difference across conditions was
found.

is worse than having no gameful design elements at all, regarding affective experiences. Concerning
negative affect, no significant differences were found (𝐹 (2, 56) = 2.06, 𝑝 =.14).

Tomeasure self-assessed flow states, we relied on the AFSS, having nine factors, representing each
of the nine dimensions of flow (see Table 2).We found a significant effect on theMerging Actions and
Awareness dimension (𝐹 (2, 56) = 3.31𝑝 =.044,𝜂2𝑝 = .11). This dimension assesses the extent towhich
people are absorbed in the task [17]. Based on the pairwise comparisons, we found that there were
no significant differences between CO and TG (𝑝holm =.15) nor between CO and CG (𝑝holm =.52)
regarding the MAA factor. However, similar to R5 and R6, we found that R8: Participants
seem to be more absorbed in the task at hand in Tailored Gamification than in Contra-
Tailored Gamification (𝑝holm =.048, 𝑑=.45). This shows that selecting gameful design elements
can have an effect on dimensions of flow experiences [16] and that personalizing the gameful
design elements to a user’s Hexad type can positively affect these experiences. For the remaining
factors of the AFSS, no significant differences were found on the clear goals (“CG”, 𝐹 (2, 56) =

2.36, 𝑝 =.10), concentration on task at hand (“CO”, 𝐹 (2, 56) = 1.98, 𝑝 =.15), unambiguous feedback
(“UF”, 𝐹 (2, 56) = 2.45, 𝑝 =.10), autotelic experience (“AE”, 𝐹 (2, 56) = 2.80, 𝑝 =.07), challenge skill
balance (“CS”, 𝐹 (2, 56) = .67, 𝑝 =.52), transformation of time (“TT”, 𝐹 (2, 56) = 1.09, 𝑝 =.34), sense
of control (“CN”, 𝐹 (2, 56) = .35, 𝑝 =.71) nor on the loss of self-consciousness (“SC”, 𝐹 (2, 56) =

.94, 𝑝 =.40) factors.
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4.4 Physiological User Experience
To complement the survey-based measures, we used physiological measures to assess the user
experience in a multi-faceted way. These measures were analyzed using a Friedman test instead
of an ANOVA, because the assumption of normality and/or the assumption of sphericity were
violated. Table 2 provides an overview of the descriptive data across conditions.

For RMSSD, we found no effects between conditions (𝜒2 (2) = 1.10, 𝑝 =.58). Also, no effects
were found regarding potential changes in SCL (𝜒2 (2) = .48, 𝑝 =.79). However, we found that the
number of SCRs differed between the conditions (𝜒2 (2) = 18.83, 𝑝 < .001). As revealed by post-hoc
comparisons, both gamified conditions showed an increase in SCRs compared to CO, leading
to R9: The number of peaks in the EDA (SCRs) is significantly higher in both gamified
conditions than in Control (𝑝holm<.001 each; rank-biserial correlation 𝑟TG=.68, 𝑟CG=.72). This
shows an increased sympathetic arousal [12] in both gamified conditions and hints at either
increased flow states [54] (assuming that the arousal is positively valenced) or increased pressure
or tension (assuming that the increased arousal is negatively valenced) [12]. When comparing TG
and CG, no significant difference was found regarding SCR (𝑝holm =.64). We also found a significant
difference in skin temperature (𝜒2 (2) = 37.72, 𝑝<.001). In line with R9, both gamified conditions
differed from the CO condition, i.e.R10: Skin temperature is significantly higher in both
gamified conditions than in Control (𝑝holm<.001 each; 𝑟TG=.99, 𝑟CG=.78). No effects were found
between TG and CG (𝑝holm =.83).

5 DISCUSSION
Our results show that both gamified conditions led to an increase in the amount of tags, compared
to the Control condition (R1). This supports H1a: The number of tags is higher in gamified
conditions than in Control. It shows that gamification, independent of whether it is tailored
or not, increases the number of tags in an image tagging context. This is in line with previous
research by Mekler et al. [49–51] as well as Lessel et al. [41] and therefore contributes a replication
of previous results using a static set of gameful design elements. When comparing the number
of tags between the Tailored Gamification and the Contra-Tailored Gamification conditions, we
did not find a significant difference. Thus, H1b: The number of tags is higher in Tailored
Gamification than in Contra-Tailored Gamification is not supported, given our data. This
might be explainable by the fact that all gameful design elements, regardless of their suitability,
introduce goals. According to goal-setting theory [42], goals motivate people by introducing a
state of tension that activates actions. Also, the experimental setting and the fact that participants
were compensated for participating might have led to participants feeling obligated to meet these
established goals, independent of the gameful design elements that were activated and their user
experience. Therefore, this aspect needs further research and should be investigated in in-the-wild
studies over a longer time-span.

Related to tag quality, we found that the average quality of tags was significantly higher in both
gamified conditions (R2), and that the time users took to create a tag was significantly lower in
the gamified conditions (R3), both adding support for H1c: Tag quality is higher in gamified
conditions than in Control. This finding is explainable by the fact that increases in a user’s
motivation to perform a task (which likely occur due to the gamification that was used [42, 49])
have been shown to lead to increases in the quality of the task outcome [13]. Moreover, the fact that
the mean time to add a tag to an image was significantly lower in both gamified conditions than
in CO (R3) suggests that participants had to think less about which tags to provide, which might
have been caused by the potentially stimulating gamification environment. However, it should be
considered that previous work in the same context did not find significant effects regarding tag
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quality [41, 50, 75]. In contrast to these previous studies, we used images showing actual real-world
objects which participants had to tag, instead of using abstract paintings and asking participants
to tag the mood that the images might evoke. This allowed us to assess tag quality in a more
objective way and might be the reason why we were able to find an effect of gamification on tag
quality. Also, the results are in line with the findings by Van Berkel et al. [88], who showed that
gamification of experience sampling led to higher quality responses, and an increased response
rate. Additionally, we found that the average time per tag was significantly lower in the CG than in
the TG condition (R4). Since no difference between the CG and the TG condition could be found
regarding tag quality, the reason for this result needs further investigation in the future. Also, based
on these results, we cannot supportH1d: Tag quality is higher in Tailored Gamification than
in Contra-Tailored Gamification.
Regarding the enjoyment of tagging images, we found no significant difference between the

gamified conditions and CO. Thus, H2a: User enjoyment is higher in gamified conditions
than in Control is not supported. This is similar to previous research in the same context, which
also did not find an effect on the IMI enjoyment factor [41, 75]. A potential reason might be that the
task itself, i.e. tagging images, was perceived as unexciting or boring. However, we found a signifi-
cant difference between the Tailored Gamification and the Contra-Tailored Gamification condition
regarding enjoyment. Our results show that participants in the Tailored Gamification condition
enjoyed tagging images significantly more than in the Contra-Tailored Gamification condition (R5).
Thus, H2b: User enjoyment is higher in Tailored Gamification than in Contra-Tailored
Gamification is supported. This shows that personalizing a gameful application based on Hexad
user types can lead to an increased task enjoyment.
Related to this, we investigated whether positive or negative affect differs across conditions.

Again, no significant difference between CO and both gamified conditions was found. Therefore,
H3a: Positive affective experiences are stronger in gamified conditions than in Control is
not supported. Similar to the absence of an effect regarding enjoyment between gamified conditions
and CO, the repetitive nature of the task itself could be the reason here again. However, in line
with R5, a significant difference was found between Tailored Gamification and Contra-Tailored
Gamification. Positive affect was significantly higher when participants were exposed to gameful
design elements that were suitable for their highest-scored Hexad type (R6), adding support for
H3b: Positive affective experiences are stronger in Tailored Gamification than in Contra-
Tailored Gamification. R7, i.e. the fact that positive affect was even significantly lower in CG
than it was in CO, further supports H3b and underlines the importance of personalization for the
users’ experience in gameful systems.

Regarding self-reported flow experience, we found a significant difference between the TG and
CG conditions on the Merging Actions and Awareness (MAA) factor of the AFSS questionnaire (R8),
whereas no significant effects were found for the remaining eight factors of the AFSS. Since the
MAA dimension of flow was characterized by attentional resources being fully invested in the task
at hand [17], R8 indicates that participants were more absorbed in the image tagging task when
receiving tailored gamification elements, compared to when receiving contra-tailored ones. Thus,
one dimension out of nine dimensions of flow was positively affected by providing tailored gameful
design elements. Although this can be seen as a first indicator for flow experiences being more
prevalent in TG [16], we consider this evidence as tooweak to derive that the holistic flow experience
differed between TG and CG. Therefore, H4b: Experiences of flow are more prevalent in
Tailored Gamification than in Contra-Tailored Gamification is only partially supported and
needs further research in the future. Since no significant effects were found between CO and
both gamified conditions, we cannot support H4a: Experiences of flow are more prevalent in
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gamified conditions than in Control using the survey-based flow assessment. Table 3 provides
an overview of all hypotheses and whether they were supported by the results.

Taking together the aforementioned results related to the user experience covering self-reported
enjoyment, affective experiences and flow (R5–R8), we see that measures of these factors differ
between Tailored Gamification and Contra-Tailored Gamification. Thus, our results show that
selecting a suitable set of gamification elements, based on the users’ Hexad type, can lead to
improvements in enjoyment, positive affect and the extent to which users are absorbed in the task
at hand.
Lastly, we analyzed physiological reactions (RMSSD, SCL, SCR, ST) to complement the survey-

based measures. While we did not find significant effects for heart rate variability nor skin conduc-
tance level, a significant effect was found for skin conductance responses as well as skin temperature.
Both the number of peaks in the skin conductance signal as well as the skin temperature were
significantly higher in the gamified conditions (R9, R10), indicating that participants were more
aroused when interacting with a gameful system than when there were no gameful design ele-
ments at all. This is an interesting finding, considering that previous research rarely combined
psychophysiological and self-reported measures to investigate the user experience of gamified
systems. However, these psychophysiological measures do not allow us to assess whether partici-
pants were positively or negatively aroused. Therefore, to interpret these findings, we consider
the results of the survey-based instruments measuring flow, affective experiences and enjoyment,
since both skin temperature and skin conductance responses were shown to be linked to these
measures [35]. Combining them suggests that the significant increase in SCR and ST seems to be
related to positive experiences in the TG condition (supported by the increase in positive affect,
enjoyment and the MAA factor of the AFSS) whereas it seems to be related to negatively valenced
arousal in the CG condition (supported by the fact that positive affect, enjoyment and the MAA
factor are rated lower in CG than in the CO condition, and significant effects were found between
TG and CG).

5.1 Limitations
Although the selection of suitable gameful design elements is based on previous research, certain
design decisions when realizing these gameful design elements are inherently a matter of inter-
pretation, which might affect the external validity of our results. The fact that we investigated a
specific context (image tagging) and considered a certain set of images adds to this as it potentially
affects the generalizability of our findings to other tasks and contexts. In addition, study outcomes
may be affected by participants noticing the deception, i.e., noticing that conditions differed in
whether the gameful design elements were tailored to them. Also, regarding task performance, we
analyzed tag quantity and tag quality. While the former is easy to measure, the latter is more prone
to subjectivity. To counter this, we analyzed all created tags with two independent raters. When
interpreting the results of this analysis, it should be considered that their agreement was moderate.
Also, the method of considering the mean rating to resolve conflicts is built upon the assumption
that the rating scheme is interval-like, which is debatable. Future work, which specifically focuses
on assessing tag quality in a similar fashion as was done in this paper, should consider resolving
conflicts by discussing them between the raters. Another limitation concerns the approach we
followed to select which gameful design elements to activate in the TG and CG conditions. Here,
we decided to activate the gameful design elements, which were shown to be particularly relevant
for the participant’s Hexad type having the highest (TG) or lowest (CG) score. While this approach
was straightforward to implement for most participants, we had two special cases that should be
considered: First, since the Hexad model is a traits model, it could happen that participants scored
highest/lowest on multiple user types. In this case, we considered these multiple user types equally
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Hypothesis Supp.? Why?
H1: Task performance differs across conditions Yes ANOVA sig. for both #tags and tag quality
H1a: Tag quantity is higher in gamified conditions than in CO Yes #tags sig. higher in TG and CG than in CO
H1b: Tag quantity is higher in TG than in CG No no sig. diff. in #tags betw. TG and CG
H1c: Tag quality is higher in gamified conditions than in CO Yes tag quality sig. higher in TG/CG than in

CO
H1d: Tag quality is higher in TG than in CG No no sig. diff. in tag quality betw. TG and CG
H2: User enjoyment differs across conditions Yes ANOVA sig. for IMI Enjoyment
H2a: User enjoyment is higher in gamified conditions than in
CO

No no sig. diff on IMI factors betw. TG/CG and
CO

H2b: User enjoyment is higher in TG than in CG Yes IMI Enjoyment sig. higher in TG than in
CG

H3: The strength of affective experiences differs across condi-
tions

Yes ANOVA sig. for PANAS Positive Affect

H3a: Positive affective experiences are stronger in gamified con-
ditions than in CO

No no sig. diff. on PANAS Positive Affect betw.
TG/CG and CO

H3b: Positive affective experiences are stronger in TG than in
CG

Yes PANAS Positive Affect sig. higher in TG
than in CG

H4: The prevalence of flow experiences differs across conditions No ANOVA sig. on MAA factor, no effects on
other 8 factors

H4a: Experiences of flow are more prevalent in gamified condi-
tions than in CO

No no sig. diff. on any AFSS factor betw.
TG/CG and CO

H4b: Experiences of flow are more prevalent in TG than in CG Partially AFSS MAA sig. higher in TG than in CG;
no effect on other 8 factors

Table 3. Overview of hypotheses, whether they are supported or not (“Supp.”), and reasons

to select which gameful design elements to use. Second, due to the fact that the mapping between
relevant gameful design elements and Hexad user types is not one to one, it could happen that the
set of suitable gameful design elements overlaps with the set of unsuitable gameful design elements
(i.e. Socialisers and Players both have a strong preference for leaderboards [86], which means that
participants scoring highest on Socialiser and lowest on Player would get the leaderboard in both
TG and CG conditions). To avoid this and ensure that participants actually are presented with
irrelevant gameful design elements, we selected the user type where participants had the second
lowest score to decide which gameful design elements to activate in the CG condition. These two
decisions need to be considered when replicating and interpreting our results. Also, following this
procedure, the number of activated gamification elements might differ between participants, which
could have an effect on the results. Related to this, it must be noted that we excluded the Disruptor
type (similar to previous research by Mora et al. [53]), since no clear relationships to gameful design
elements have been shown previously. However, since the Disruptor is by far the least common
user type [86], we do not see a major limitation in terms of the practical relevance of our findings.
Also, since the Hexad is a traits model, the scores in the lowest and the highest user type were

close for some participants (especially for participant 6). In these cases, the question of whether
participants perceived CT actually as contra-tailored remains open. To counter this in future work,
considering more than one factor (in our case the Hexad user type) to create tailored and contra-
tailored gamification setups, as was done by Hallifax et al. [22], seems a promising direction. Lastly,
we would like to acknowledge that the validity of the psychophysiological measures is tightly
coupled to the technical specification of the Empatica E4 wristband which was used. Although the
validity of the band has been demonstrated [46], and participants were not moving a lot (due to the
task itself), a certain level of noise in the measurements is unavoidable.
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6 CONCLUSION
To better understand the effects of personalizing gameful systems based on Hexad user types, we
implemented an image tagging platform which allowed us to dynamically activate or deactivate
gameful design elements. Using an implemented gameful system allows participants to experience
gameful design elements and enables us to investigate behavioral and psychological effects, thus
moving a step further than past research, which relied mostly on survey-based methods to study
perceptual differences of gameful design elements.

Based on the modularity of the system, we could compare three conditions in a user study using
a within-subjects design. In the Control condition, participants were asked to tag images without
receiving any gameful feedback. In the Tailored-Gamification condition, we activated gameful
design elements which were particularly suitable for the Hexad user type in which participants had
the highest score. In the Contra-Tailored-Gamification condition, gameful design elements were
activated which were suitable for the Hexad user type in which participants had the lowest score,
and thus should be least interesting.

In a lab study (N=29), we showed that in general (independent of personalization), gamification
leads to an increased task performance. Thus, we replicate previous research using gamification
in an image-tagging context [41, 49–51, 75]. Also, we demonstrate that gamification affects psy-
chophysiological reactions and thus contribute complementary findings to existing gamification
research. However, the main contribution of this paper is demonstrating that personalization based
on Hexad user types positively affects the user experience. For instance, we found that enjoyment
was significantly higher when activating gameful design elements which are suitable based on
the participants’ Hexad types, compared to the enjoyment of the gameful system when activating
unsuitable gameful design elements. Similarly, we found that activating suitable gameful design
elements led to stronger, positively-valenced affective experiences. Also, the feeling of being fully
absorbed in the task at hand was more pronounced when using a suitable set of gameful design
elements.
Based on these findings, the short answer to the question Do Hexad User Types Matter?, which

focuses on the practical relevance of the Hexad user types model, is yes, they do. Although it seems
like immediate task performance is not affected by personalization, we found evidence that the
user experience is affected (enjoyment, affective experience and the MAA dimension of flow are
positively affected by personalization). Therefore, gamified systems should be personalized to the
users’ Hexad type to provide a pleasurable experience. We assume that an improved user experience
will lead to positive effects on the task performance in the long run, i.e. we expect that the chance
of interacting with a gameful system again is higher when users have a better experience with the
system.
Therefore, future work should investigate the long-term effects of personalization based on

Hexad user types to investigate whether the improved user experience adds positively to the task
performance of users. Also, replicating our findings in different contexts besides image tagging is
an important next step to get a more holistic picture of the effects of personalized gameful systems.
Furthermore, the study should be replicated with a larger sample size to find smaller effects which
we might have missed. Future work should also consider in-the-wild studies, to minimize potential
observer effects and study the impact of personalization in a more natural setting.
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