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Figure 1: Gameful applications used in the user study. Cloud Clicker (a) asks users to decide which statement is more important
to them. Snowball Shooter (b) provides several gamification elements, which can be interacted with.

ABSTRACT
Personalization is essential for gameful systems. Past research
showed that the Hexad user types model is particularly suitable
for personalizing user experiences. The validated Hexad user types
questionnaire is an effective tool for scientific purposes. However,
it is less suitable in practice for personalizing gameful applications,
because filling out a questionnaire potentially affects a person’s
gameful experience and immersion within an interactive system
negatively. Furthermore, studies investigating correlations between
Hexad user types and preferences for gamification elements were
survey-based (i.e., not based on user behaviour). In this paper, we
improve upon both these aspects. In a user study (N=147), we show
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that gameful applications can be used to predict Hexad user types
and that the interaction behaviour with gamification elements corresponds to a users’ Hexad type. Ultimately, participants perceived
our gameful applications as more enjoyable and immersive than
filling out the Hexad questionnaire.
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1

INTRODUCTION

Gamification, the use of game design elements in non-game contexts [8], has been used in various contexts, including health, education, commerce or crowdsourcing [11]. Researchers have used
gamification to motivate people to reach their goals, enhance their
user experience or turn unpleasant tasks into fun ones [11, 37].
Often, this was done by adopting a “one-size-fits-all” approach
(i.e., using a static set of gamification elements) [11, 16, 37]. However, interpersonal differences in the perception of gamification
elements exist according to prior research [44]. These interpersonal
differences could threaten static gamification approaches. For instance, researchers found that demographic factors such as age [5],
gender [28], and personality traits [16] influence the perception of
gameful elements.
The influence of demographic factors prompted gamification
research to study and model user preferences in gamified systems.
As a result, Marczewski [20, 44] proposed the Hexad user types
model—a model that has been developed to understand and explain user preferences and behaviour in gameful systems [30, 43].
The model consists of six user types, which differ in the degree
to which they need to experience autonomy, relatedness, competence, and purpose (which are core pillars of Self-Determination
Theory [35]). Tondello et al. [44] developed a survey, refined it,
and demonstrated its reliability and validity [42]. Subsequently, the
Hexad user types model was used to investigate user preferences
in gamified systems across different contexts, including physical
activity [3], education [24], energy conservation [19], health [30],
and others. These investigations highlighted the usefulness of the
Hexad user types model for personalizing gameful systems. The
correlations between the perception of gamification elements and
Hexad user types [3, 44] enable dynamic adjustments to the elements of a gameful system.
However, determining the Hexad user type requires people to fill
out a 24-item questionnaire. While this is appropriate and necessary
in academic contexts to not break the psychometric properties of
the Hexad model and ensure scientific rigour, it may be disadvantageous when using the Hexad model to tailor gamified systems
dynamically to its users. Because gamified systems usually aim
at providing an enjoyable and gameful user experience, requiring
users to fill out a survey upfront may break immersion, lead to frustration and thus detrimentally affect the overall user experience of
a gamified system, as suggested by previous work in the context
of gamified surveys [12, 13, 17, 45]. Therefore, researching ways to
tailor gamified systems without affecting the user experience of a
gameful system negatively is quintessential.
We contribute to this tailoring of gamified systems by investigating whether gameful applications may be used to predict Hexad
user types, such that gamified systems, which aim to personalize
the set of gamification elements to their users, do not require users
to fill out questionnaires. We analyze whether the interaction behaviour of users in gameful applications corresponds to their Hexad
user type as a secondary aspect of our work. Specifically, this means
whether users choose to interact with gamification elements that
should—according to their Hexad user type—be particularly relevant to them. Previous studies investigating correlations between
preferences for gamification elements and Hexad user types were
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survey-based. This survey methodology implied that participants
did not interact with gameful applications but instead rated their
perception subjectively. Thus, investigating whether we can replicate these correlations within gameful applications is a necessary
next step.
We implemented two gameful applications to investigate the
aspects above in an online study with 147 participants. In “Cloud
Clicker” (see Figure 1a), participants were asked to select one statement that is more important to them out of two statements in
total and then received gameful feedback. In the online study, we
expected that the choice that participants made in Cloud Clicker
corresponds to their Hexad user type. In “Snowball Shooter” (see
Figure 1b), participants experienced gamification elements (Points,
Achievements, Leaderboard, a Virtual Character, and Unlockables)
and could decide with which gamification elements they wanted
to interact. They could interact with the gamification elements
by shooting snowballs at different virtual items, which in turn increased their progress in the corresponding gamification elements.
We expected that the amount of interactions with each gamification
element would reflect a participants’ Hexad user type.
We found that Cloud Clicker can be used to predict Hexad user
types in a gameful way. We also found that Snowball Shooter does
not explain enough variance to predict Hexad user types reliably,
but that participants indeed mostly interacted with gamification
elements that correspond to their user type. Our results also show
that both gameful applications are more enjoyable and immersive
than completing the Hexad questionnaire.
Taking these findings into account, we contribute an effective,
gameful way of assessing Hexad user types that is beneficial for
enjoyment and immersion. In addition, our system shows that
interaction behaviour in gameful applications indeed corresponds
to a user’s Hexad type.

2

RELATED WORK

We contribute to the field of personalized gamification. Consequently, we begin our discussion of the literature by motivating
the field’s importance. Next, we show that the Hexad model is
frequently used, provides consistent findings across domains and
was found to be the most favourable model to personalize gameful
systems. Afterwards, we demonstrate that gamifiying surveys was
successfully used to enhance the user experience while maintaining
the validity of the collected data. We conclude by situating our work
within previous literature.

2.1

Personalization in Gameful Systems

To account for the interpersonal differences in the perception of motivational affordances, researchers studied which factors moderate
their perception. For instance, Jia et al. [16] investigated personality
traits and to which extend they can be used to tailor gamification elements to users. Their results show that personality traits influence
the perception of certain gamification elements, suggesting that tailoring gamified systems to the personality of users is beneficial. Orji
et al. [29]’s research—which focused on persuasive strategies and
how personality traits influence their perception—supports these
results. They found correlations between persuasive strategies and
personality traits.
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In addition to research on personality, the motivational impact
of demographic factors (e.g., age or gender) on game elements has
been studied. Birk et al. [5] found that play motives change with increasing age when older adults focus more on enjoyment instead of
performance (i.e., it seems like—with increasing age—the relevance
of game performance decreases because enjoyment becomes paramount). Findings from Altmeyer et al. [2] support the decreased
importance of game performance among older adults, showing the
main reason to play is that older adults enjoy spending time with
other people. In addition, the effect of gender has been studied by
Oyibo et al. [31], who found that competition and rewards were
perceived as more persuasive by male participants. Similarly, effects
of age and gender have also been described by Orji et al. [28], who
investigated differences in the perception of Cialdini’s persuasion
strategies in a study with 1,108 participants. The authors found that
females are more responsive to most of the strategies.

2.2

Hexad User Types and Gameful Elements

Although the factors mentioned above are useful to personalize
gameful systems, none of those were explicitly developed for this
purpose. The Hexad user type model [20] bridges this gap, because
it lays out ways to cluster users of gameful systems and provides
recommendations to inform and tailor a system’s design. It 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) [35]).
Philanthropists (“PH”) are socially-minded, like to take responsibility, and share their knowledge with other users. Overall, they
are driven by purpose.
Socialisers (“SO”) are also socially-minded but are more interested in user interaction. Consequently, relatedness is their main
motivation.
Free Spirits (“FS”) strive for exploration and acting without external control, with autonomy being most important.
Achievers (“AC”) are driven by overcoming obstacles and mastering difficult challenges. They are motivated by competence.
Players (“PL”) —maybe the least aptly named of the user types—
are focused on their benefits, and are motivated by the will to win
and earn rewards. Hence, extrinsic rewards are most important for
them.
Disruptors (“DI”) like to test a system’s boundaries and are driven
by triggering change, either positive or negative.
Tondello et al. [44] developed a questionnaire to assess Hexad
user types and thereby provide the foundation for further research.
More recently, the authors [42] made slight adjustments to the
initial questionnaire and showed its reliability and validity. Additionally, Tondello [41, chapter 3] proposed a method for personalized gameful design that can use the Hexad user types to aid in
the selection of the preferred game design elements. As a result,
the Hexad user types model has been used successfully in various domains, showing that the model can explain preferences for
gamification elements. For instance, the Hexad model was used to
investigate the perception of gamification elements in the physical
activity domain by using a storyboards-based approach [3]. The
authors found that a considerable majority of correlations between
the Hexad user types and preferences for gamification elements
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established in [44] could be replicated. Similarly, Mora et al. [24]
investigated whether using the Hexad model to personalize learning experiences helps to motivate and engage students better. They
found that the personalized approach yielded higher engagement
of the students, underlining the usefulness of the Hexad model for
tailoring gameful systems.
Besides physical activity and education, Orji et al. [30] examined the Hexad model in the domain of unhealthy alcohol consumption. The authors found that the Hexad user type influences
the perceived persuasiveness of strategies. Overall, the reported
effects relate to the user type definitions and underline Hexad’s
applicability. Kotsopoulos et al. [19] investigated the perception of
certain gamification elements and potential correlations to Hexad
user types in the domain of energy efficiency applications at the
workplace. The authors validated the Hexad user model in another
domain by showing that the user types can be used to explain
preferences towards gamification elements. They found similar correlations between gamification elements and user types as Tondello
et al. [44]. Tondello et al. [43] proposed a conceptual framework for
classifying game elements based on an exploratory factor analysis
of people’s preferences in a general context. Supporting previous
results, expected correlations to the Hexad user types were shown.
Lastly, Hallifax et al. [10] analyzed which factors should be considered when personalizing gamified systems. They investigated
which user models should be used, and compared the BrainHex [25]
model, the Hexad model, and the Big-5 personality model [22]. They
concluded that the Hexad model is the most suitable typology and
should be used to tailor gamified systems as most of the results that
were found by the authors are in line with the definitions of the
Hexad user types. The authors state that this is likely because the
Hexad model was specifically designed for gamification and most
of its user types are based on SDT [35].

2.3

Gamified Questionnaires

We reviewed literature in the domain of gamified questionnaires
because one of the goals of this research is to assess Hexad user
types in a gameful way. In this context, Triantoro et al. [45] compared non-gamified surveys against gamified ones. They used the
well-established Big-5 personality model [22] and transformed the
Big-5 survey items from Likert scales into a binary, gameful decision for the gamified version of the questionnaire. In contrast, the
non-gamified questionnaire used the traditional scale. The results
revealed that the Big-5 responses that were assessed in a gameful
way could be used to predict the actual Big-5 responses of the traditional survey. This prediction strategy is an essential precursor
to our work because it shows that transforming a validated survey
into a gamified version using a binary choice is possible without
compromising the integrity of the collected data. The authors also
found positive effects of gamification on enjoyment and attention,
suggesting a better user experience and advantages for data quality.
Guiding the realization of gamified surveys, Harms et al. [14]
suggests a four-step design process. In a follow-up work [12], this
design process is extended, used and evaluated. Two HCI designers
went through the aforementioned process transforming a traditional sports survey into its gamified counterpart. As a result, they
came up with multiple sports-related minigames. The feedback of
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both designers supported the practical usefulness of the proposed
process. Next, the gamified survey was compared to a non-gamified
counterpart. Similar to the study from McCrae and John [22], it was
found that participants considered the gamified version as more
fun, provided more qualitative feedback and spent more time filling
out the survey. Another work by Harms et al. [13] even shows
that simplistic approaches to gamify questionnaires lead to positive
effects. In this work, badges could be unlocked by completing the
survey and results showed that participants preferred such a simple
gamified survey over traditional ones, that the gamified design was
found to be more attractive and stimulating, and that participants
perceived the use of badges very positively. Lastly, Keusch et al.[17]
conducted a literature review on comparative studies of gamified
surveys. They support the aforementioned positive outcomes, outlining that gamified surveys were perceived as more interesting,
more fun and that participants perceived them as more enjoyable
and more comfortable to fill out. They also found that most of the
survey questions were not negatively affected by gamification.

2.4

Summary

To sum up, related work has demonstrated that personalization is
a vital topic in gamification research, emphasizing the relevance
of our work. Previous research has identified numerous factors to
consider when personalizing gameful systems, including age [2, 5],
gender [28, 31] and personality traits [16, 29]. To better understand
gamification preferences and how to tailor gameful systems, the
Hexad user types model has been developed [20]. It is the only
model specifically designed for the gamification domain and a validated questionnaire assessing Hexad user types reliably has been
provided by Tondello et al. [42].
Although being comparably new, the Hexad model has been
investigated and used across various domains and contexts and
has been consistently shown to explain user preferences for gamification elements [3, 19, 24, 30, 43, 44]. These findings support the
relevance of the Hexad model for personalizing gameful systems
and consequently researching alternative ways of assessing Hexad
user types. A study comparing the importance of different user
typologies for personalization of gameful systems conducted by
Hallifax et al. [10], highlights the importance and applicability of
the Hexad model even further, showing that the Hexad model explains preferences of users most reasonably and thus should be
used to effectively tailor gamified systems.
As a third fact, related work has shown that turning surveys
into gameful experiences has positive effects on cognitive and affective reactions, including enjoyment, attention, involvement, and
ease-of-use [12, 13, 17, 45]. It was shown that gamification mostly
had no or little effect on the validity of the questionnaire [17, 45]
and that turning Likert-scale questions into gameful binary-choice
decisions provides comparable data that has favourable construct
reliability [45]. This evidence compellingly supports our endeavour
of assessing Hexad user types using gameful applications.
Taking all these findings into account, we extend previous work
by investigating whether interaction behaviour with gamification
elements in gameful applications corresponds to Hexad user types.
Given that previous work considered self-reported preferences
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based on storyboards [3, 30] or textual descriptions [19, 44], allowing users to perceive, experience and interact with gamification
elements is a necessary extension. Next, we build upon previous literature showing the positive effects of gamifying questionnaires by
investigating a gameful way of assessing Hexad user types. Given
that the Hexad model is meant to be used within gamified systems,
providing a gameful way of assessing user types seems to be imperative to turn the high potential of the Hexad model for tailoring
gamified systems into practice.

3

GAMEFUL APPLICATIONS

We implemented two gameful web applications using AngularJS1
and Phaser2 . In the following, the concepts behind both gameful
applications are explained and discussed. For both applications,
interactive step-by-step tutorials were developed, explaining how
to interact with them. We used the systematic literature review by
Keusch et al. [17] to ensure that most relevant papers on gamified
surveys have been considered to inform the design of the gameful
applications.

3.1

Gameful Application 1: Cloud Clicker

Similar to Triantoro et al. [45], we decided to transfer the 7-point
Likert scales, which the Hexad questionnaire uses into binary choice
questions in the gameful application. The whole design of the first
gameful application (“Cloud Clicker”) followed the process proposed by Harms et al. [12, 14] and considered recommendations
and lessons learned from relevant previous work [12, 13, 17, 45], as
described in the following. In Cloud Clicker, users see two statements in each of 15 rounds and then have to decide which of these
two statements is more relevant to them (see Figure 1a). We selected one statement for each Hexad user type, which grasps its
underlying motivation. We based the statements on the definitions
given by Tondello et al. [44] and on items with a substantial factor
load in the confirmatory factor analysis in the validation study of
the Hexad user types questionnaire [42]. This follows the same
procedure as Triantoro et al. [45] proposed to translate the Big-5
survey into a gamified counterpart.

Figure 2: Illustrations and statements used in Cloud Clicker.
Next, as part of the “aesthetics and relationship” layer of the
design process for gamified surveys by Harms et al. [12, 14], we
1 https://angularjs.org/,
2 https://phaser.io/,

last accessed August 5, 2020
last accessed August 5, 2020
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decided to present the two statements shown to the user using cloud
visualizations to create visual sensation [12] and a convincing and
motivational environment [17]. To enhance questions and support
the comprehensibility of the statements [12, 17], we created visual
illustrations for each statement, explaining the statement by using a
gender-neutral avatar (Figure 2). For the Philanthropist, we decided
to focus on the aspect of helping others because the statements It
makes me happy if I am able to help others and I like helping others
to orient themselves in new situations had the highest factor load for
this type [42]. For Socialisers, we focused on being part of a team
because the corresponding statement I like being part of a team had
the highest factor load among this trait [42].
Similarly, we used the statements having the highest factor load
in a trait for the Free Spirit (It is important to follow my own path),
the Achiever (I like overcoming obstacles) and the Player (Rewards
are a great way to motivate me) [42]. Because the item having the
highest factor load for the Disruptor type (I see myself as a rebel)
was hard to illustrate visually, we decided to use the item I dislike following rules instead, which had the second highest factor
load [42]. Similar to Hallifax et al. [10], statements were presented
to users using a full paired-comparison design (i.e., each user was
asked to evaluate all possible pairs of statements, resulting in 15
rounds of comparisons in Cloud Clicker). The order of the statements as well as whether a cloud with a statement was shown on
the left or on the right side of the screen in a round was randomized
to avoid biasing results [12]. Cloud Clicker provides a ranking of
the statements, in which scores of 0–5 are distributed across each
statement representing its corresponding user type, because each
statement is compared to every other statement.
Clouds were shaking and dropping coins when being clicked
(i.e., when a user decided on a particular statement) to increase
the gameful experience of Cloud Clicker. Also, we added sound
effects to indicate interactions with the gameful applications. Both
follow recommendations by Harms et al. [12], stating that gameful
feedback in surveys should be provided by using indicators such as
coins as rewards and supported by using auditory feedback. The
coins were colour-coded to represent the corresponding Hexad user
type and were showing a miniature version of the illustration of
the related user type. Similar to Triantoro et al. [45], we introduced
time pressure when participants were asked to decide between
two statements in each round. This mechanic had three reasons:
First, it emphasizes and stimulates the gameful experience of the
application [45]. Second, it supports spontaneous responses, which
was shown to increase the reliability of responses [26]. Third, it
limits the time it takes to complete the application and thus to assess
the Hexad user type, which might be important as we aim to provide
a practical way of assessing Hexad user types in gamified systems.
To allow researchers and practitioners to use Cloud Clicker, we
published the source code as well as all graphical assets on GitHub3 .

3.2

Gameful Application 2: Snowball Shooter

Cloud Clicker aims at providing a gameful way of assessing Hexad
user types and, thus, builds on the original items from the Hexad
questionnaire [42]. In contrast, Snowball Shooter focuses on user
behaviour when interacting with gameful elements and whether it
3 https://github.com/m-altmeyer/cloud-clicker,

last accessed August 5, 2020
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is possible to use this input to predict Hexad user types. As such,
Snowball Shooter provides some gamification elements that users
can interact with (see Figure 1b): The user controls a snowball
cannon and shoots snowballs at items representing each gamification element. These items are randomly positioned in each round.
Shooting at an item increases the internal score of the corresponding gamification element. Similar to Cloud Clicker, the application
consists of 15 rounds in which users may shoot five snowballs. It
uses feedback sounds when shooting.

Figure 3: Visualizations of the score levels for Unlockables,
Achievements and Virtual Character in Snowball Shooter.

Following design suggestions from Harms et al. [12], we integrated progression loops in each gamification element. Consequently, there are three score thresholds, which lead to a state
change of the corresponding element (e.g., unlocking a virtual
item). To ensure comparability, these thresholds were kept constant across all gamification elements (given that a maximum score
of 75 can be reached, the first state change happens at a score of
10, the second at 35 and the third at 60). As a result, it is impossible
to complete all gamification elements. This was explained to users
in the tutorial. It is important to note that—in contrast to previous
work—users could experience the gamification elements instead
of being given storyboards or textual descriptions only. Based on
the user type descriptions by Marczewski [20] and the proposed
gamification elements by Tondello et al. [44], we integrated the
following gamification elements (Figure 1b):
Unlockables: Unlockables are expected to motivate Free Spirits
because they are mainly driven by autonomy [20, 44]. In Snowball
Shooter, we decided to provide treasure chests which could be
unlocked to obtain virtual items. Reflecting the score thresholds,
there are three different types of treasure chests (wooden, silver,
golden) unlocking items of different rarity (common, rare, epic;
see Figure 3).
Achievements: This element was shown to be especially suitable
for Achievers as it supports mastery [20, 44]. In Snowball Shooter,
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three Achievements (using the score thresholds mentioned before)
can be unlocked: “Snowball Enthusiast” (bronze frame), “Snowball
Master” (silver frame) and “Snowball Guru” (golden frame), see
Figure 3.
Points: Points have been shown to positively affect Players [20,
44]. To underline the value of points as virtual currency (which is
important for Players [44]), points can be used to buy modifications
for the Virtual Character (see below). The amount of points that
needs to be spent to buy all modifications (change or customize
the colour of and add wings for the virtual character, see Figure 1b)
equals the maximum score threshold described above.
Leaderboard: Social gamification elements such as Leaderboards
are relevant for Socialisers [20, 44]. However, findings by Tondello et al. [44] and other researchers [3, 19, 30] consistently
demonstrate that Leaderboards are also positively correlated to
Players, Achievers and Disruptors, which is why we expect to
also find such correlations in Snowball Shooter. Similar to Mekler
et al. [23], we decided to show fictitious users, having scores based
on the thresholds established before, to ensure that all participants
have same chances to rise in ranks.
Virtual Character: Philanthropists are driven by purpose and
like to care for others [20, 44]. Although no significant correlations
have been shown, we expect that this gamification element should
be particularly relevant for Philanthropists because it may induce
feelings of care-taking. We used a virtual monster whose emotional
state is coupled to the amount of snowballs shot at the respective
item, a green doughnut. The three changes in its emotional state
(Figure 3) are coupled to the thresholds described before.

4

METHOD

We used the aforementioned gameful applications to investigate
the following hypotheses stemming from our review of the related
literature:
H1: Gameful applications can be used to predict Hexad types.
• H1a: The score of the statements in Cloud Clicker is correlated
to the corresponding Hexad user types and thus may be used to
predict them.
• H1b: The amount of interactions with gameful elements in Snowball Shooter is correlated to the corresponding Hexad user types
and thus may be used to predict them.
H2: The users’ perception of the gameful applications differs compared to their perception of the Hexad questionnaire.
• H2a: Both applications are perceived as more enjoyable (measured by the IMI enjoyment subscale) than the Hexad questionnaire.
• H2b: Participants feel more competent (measured by the IMI
competence subscale) using both applications than using the
Hexad questionnaire.
• H2c: Participants feel more pressure (measured by the IMI pressure subscale) in both applications than in the Hexad questionnaire.
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• H2d: Both applications are perceived as more immersive (measured by the PXI immersion subscale) than the Hexad questionnaire.
H1 is motivated by previous work showing that questionnaires can
be transformed into gameful applications without heavily affecting
their validity [45]. Triantoro et al. [45] demonstrated that the Big-5
personality traits can be predicted based on gameful, binary choices
in their survey, which is similar to our approach and thus motivates
H1a. The subjective assessments of preferences for gamification
elements using textual descriptions [44] or storyboards [3, 30] are
correlated to the Hexad user types, which motivated us to find
similar correlations when investigating actual interaction with implemented gamification elements (H1b).
H2a is mainly based on previous work in the domain of gamified
surveys [12, 13, 45], where positive effects on enjoyment-related
measures have been demonstrated. H2b relates back to feedback
provided by gamification elements having been shown to increase
perceived competence [36]. We expect to see an increase in perceived pressure in the gameful applications mainly because of the
time pressure that is induced by Cloud Clicker and because of
the round-based nature of both applications (H2c). An increase
in pressure does not necessarily affect user experience negatively
but might help to shape optimally challenging systems [12]. This
supports users in reaching a flow state, which is described as a state
of increased concentration and enjoyment [7]. To better understand whether the perceived pressure related to feelings of flow and
immersion, we also evaluated immersion as part of the PXI questionnaire and expected it to be higher in the gameful applications
(H2d).

4.1

Procedure

We conducted an online study on Prolific4 , an online platform
specifically targeted at recruiting participants for scientific research
studies. The only requirement was an understanding of the English
language. The study has been reviewed and received ethics clearance through a University of Waterloo Research Ethics Committee
(ORE#41608). It took approximately 15–20 minutes to complete and
participants were paid £2 GBP. After giving informed consent, they
were asked to provide demographic data including age and gender.
Next, the 24-item Hexad user types questionnaire [42] was administered. The questionnaire consists of four items for each of the six
user types, being measured on 7-point scales. To obtain a baseline
for how participants perceived filling out the Hexad questionnaire,
they were asked to fill out the 22-item task evaluation questionnaire of the Intrinsic Motivation Inventory (“IMI”) [21, 34] as well
as the “Immersion” subscale of the Player Experience Inventory
(“PXI”) [1]. Both the IMI items and the PXI items are measured on
7-point scales.
Next, participants were asked to interact with the gameful applications. The order of the gameful applications was randomized.
Before starting the actual application, participants had to complete
a tutorial explaining how to interact with them. In Cloud Clicker,
we measured how often participants chose each statement. Similarly, the number of interactions with each gamification element
in Snowball Shooter was measured. After interacting with each
4 https://www.prolific.co/,

last accessed August 5, 2020
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gameful application, participants were asked to fill out the IMI
questionnaire and the PXI “Immersion” subscale.

4.2

Participants

After removing participants who preferred not to answer questions
of the Hexad questionnaire, 147 participants were considered for
the analysis. Of those, 49% self-reported their gender as female, 49%
as male, 0.7% as non-binary and 1.3% preferred not to answer this
question. The mean age was 33 years (SD=11.5, Mdn=30, Min=18,
Max=66). The Hexad user types average scores are similar to the averages reported in the validation study of the Hexad questionnaire
by Tondello et al. [42]. Achievers showed the highest average scores
(M=23.6, SD=2.98), followed by Philanthropists (M=22.8, SD=3.18),
Players (M=22.8, SD=3.53) and Free Spirits (M=22.3, SD=3.52). Socialisers (M=18.7, SD=4.89) and Disruptors (M=15.0, SD=4.49) followed with lower average scores.

5

RESULTS

In this section, we present results related to predicting Hexad user
types based on each gameful application as well as findings related
to the enjoyment and perception of them.

5.1

Cloud Clicker and Hexad User Types

To analyze whether Cloud Clicker may be used to predict Hexad
user types, a canonical correlation analysis (“CCA”) was conducted
using the score of the six statements in the gameful application as
predictors of the six Hexad user types measured by the Hexad user
types questionnaire. A CCA is preferable when analyzing the association strength between two sets of variables and allows to evaluate
the multivariate shared variance between them (i.e., between the
six statement scores of the gameful application and the six scores
of the Hexad subscales) [38]. Next, this method is explained based
on Sherry and Hanson’s guide on using CCA [38].
The core idea of CCA is that the set of predictor variables and the
set of criterion variables are combined into a synthetic variable each
(i.e., there is a synthetic predictor and a synthetic criterion variable).
The canonical correlation is the correlation between these synthetic
variables. Each pair of synthetic variables is called a canonical
function (“CF”). Canonical functions are comparable to principal
components in Principal Component Analyses (PCA) with the main
difference that the CFs are composed of two different variable
sets and thus can be seen as an extension of PCA [46]. In line
with this, CCA was loosely defined as “a double-barreled principal
components analysis” [40].
As long as there is residual variance left in the two variable
sets which cannot be explained by the already derived canonical
functions, the above process is repeated. This continues until either
no residual variance is left to be explained or there are as many
canonical functions as there are variables in the smaller variable set.
Although CCA can accommodate variables without relying strictly
on multivariate normality [46], multivariate normality was assessed
by inspecting univariate Q-Q plots, skewness, and kurtosis of each
variable included in the CCA. The Q-Q plots mainly supported the
assumptions of normality, whereas some variables were shown to
be slightly skewed. However, all skewness and kurtosis values were
within the acceptable thresholds of skewness < 3 and kurtosis <
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8 [18], given that the maximum absolute values of skewness and
kurtosis were found to be 2.5 and 6.8 respectively such that the
CCA could be conducted. Given that 10 participants per observed
variable are recommended to reach a reliability of 80% [39], our
sample size can be considered as adequate.
Overall, the full model across all CF was statistically significant
using the Wilks’s 𝜆=.256 criterion, 𝐹 (36, 595.59) = 6.01, 𝑝 < .001.
This shows that the variance unexplained by the model is 25.63%.
Consequently, the full model is able to explain 74.37% of the variance
(the 𝑟 2 type effect size is .74) shared between the two variable
sets. Given that the recommended threshold for strong effects was
derived to be 𝑟 2 = .64 [9], the model can be considered to explain a
substantial amount of variance between the two variable sets. Based
on this, we derive R1: The score of statements in the gameful
application is substantially associated to the scores of the
Hexad user type questionnaire. This result shows that the two
variable sets are strongly related. As a next step of the CCA, we will
consider the results of the dimension reduction analysis to analyze
whether the predictor variables (the score of the statements in Cloud
Clicker) load on the same canonical functions as the corresponding
Hexad user types. This is important to investigate whether the
statements we have chosen for a certain user type actually represent
this user type, given our data.
The dimension reduction analysis yielded six canonical functions (CF1–CF6) with squared canonical correlations of .36, .33,
.22, .17, .09 and .00 each. The first five canonical functions were
statistically significant whereas CF6 did not explain a statistically
significant amount of shared variance between the variable sets
(CF1–CF4: 𝑝 < .001, CF5: 𝑝 = .011, CF6: 𝑝 = .99). Therefore, CF6
will not be interpreted as part of the analysis. Figure 4 presents
the structure coefficients for CF1–CF5 being stronger than |.35| (an
upper threshold for weak factor loads established in [47]). Dotted
and transparent lines indicate relationships which differed between
the predictor and criterion variables. All standardized canonical
function coefficients and structure coefficients can be found in
Table 1.

Pred.
G_DI
G_FS
G_AC
G_PL
G_PH
G_SO
Crit.
Hex_DI
Hex_FS
Hex_AC
Hex_PL
Hex_PH
Hex_SO

CF 1
co
.10
.38
-.53
-.11
-.22
-.64

rs
.46
.73
-.37
.18
-.30
-.67

CF2
co
.04
.11
.21
.99
-.21
.40

rs
-.21
-.12
.01
.91
-.64
-.04

CF3
co
.19
.32
.89
-.13
-.29
.10

rs
-.03
.36
.85
-.19
-.46
-.30

CF4
co
-.06
-.12
.34
.45
.72
-.57

rs
-.10
-.22
.36
.31
.45
-.65

CF5
co
1.34
.49
.76
.90
.69
.98

rs
.76
-.17
-.07
.01
.10
.04

.30
.75
-.56
.24
-.16
-.64

.41
.39
-.33
-.21
-.31
-.63

-.31
-.01
-.07
.92
-.57
-.19

-.37
-.34
-.05
.60
-.51
-.17

-.18
-.09
1.24
-.40
-.21
-.58

-.08
.19
.59
-.12
-.12
-.35

-.08
-.50
-.11
.26
.99
-.87

-.17
-.41
-.19
.05
.36
-.46

1.00
-.70
.37
.16
-.11
.03

.78
-.08
.30
.36
.07
.13

Table 1: Structure coefficients (rs) and standardized canonical function coefficients (co) for predictor variables (statement scores in Cloud Clicker: G_DI etc.) and criterion variables (user type scores: Hex_DI etc.) for the canonical functions. Bold entries represent loads higher than |.35|, underlined entries represent loads higher than |.50|.
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Figure 4: Structure coefficients for CF1–CF5 being stronger
than |.35| for Cloud Clicker. Dotted and transparent lines
indicate relationships which differed between the predictor
and criterion variables.
While standardized canonical function coefficients represent the
weights applied to the observed variables to combine the unobserved synthetic variables, structure coefficients are simple bivariate correlations between observed variables and synthetic variables [27]. It can be seen that most predictor and criterion variables
have large structure coefficients loading substantially (i.e., > |.5|
according to [6]) on the same canonical functions. This is supported
by the symmetry of the relationships, which can be seen in Figure 4.
In terms of strength of the correlation, the Free Spirit subscale is
an exemption to this as it is the only variable having no structure
coefficient higher than |.5| but loads moderately [6] on CF1.
Thus, we formulate R2: All predictor and criterion variables
have medium to large structure coefficients loading on the
same canonical functions. This result shows that there is not
only a substantial relationship between the variable sets (R1) but
also that the predictor variables load on the same canonical functions as the criterion variables. This means that the statements we
have chosen represent the corresponding Hexad user types.

G_DI
G_FS
G_AC
G_PL
G_SO
G_PH
DI
FS
AC
PL
SO
PH

DI_R
.32
.21

FS_R

AC_R

PL_R

.36

SO_R
-.23
-.36

PH_R

5.2

.35
.50
-.32

.44
-.22
-.22
-.38

.44
.52

.56
-.37

.45
-.52

-.37
-.31
-.31

.60

-.32
.64

-.23

To further analyze the correlations between the Hexad user types
questionnaire scores and the scores obtained through the gameful
application, we calculated bivariate Spearman’s rank correlation
coefficients. Since the gameful application requires users to make a
binary choice whereas the original Hexad user types questionnaire
allows to have the same score in multiple user types, we ranked
the Hexad user type scores by assigning values from 0–5 to ensure
comparability. These ranked Hexad scores are denoted by “_R” in
the results. As a reference for interpretation, we also added the
correlations between the absolute score of each user type of the
Hexad and the ranked Hexad user type. The results are shown in
Table 2.
Providing further support for the results of the CCA, it can be
seen that there are medium to large size correlations [6] between
the scores of each statement of the gameful application and the
ranked Hexad user types. This leads to R3: The ranked Hexad
scores are positively correlated to the corresponding scores
of each statement of Cloud Clicker having medium to large
effect sizes. This provides further support for the suitability of
the statements and visualizations used in Cloud Clicker. It can also
be seen that the correlations between the ranked Hexad user type
scores and the score of each statement in the gameful application
are similar to the correlations between the absolute Hexad user type
scores calculated using the Hexad questionnaire and the ranked
Hexad user type scores concerning both strength and direction of
the correlations.
Thus, we formulate R4: The correlations between the scores
of the statements of Cloud Clicker and the ranked Hexad
scores are similar to the correlations between the absolute
Hexad user type scores and the ranked Hexad user type scores.
R4 is reflected visually by the two highlighted diagonals in Table 2.
In line with the results of the CCA, this indicates that assessing the
ranking of Hexad user types with Cloud Clicker is comparable to assessing the ranking of Hexad user types based on the questionnaire.
Consequently, taking R1–R4 together, our results demonstrate that
Cloud Clicker explains a substantial amount of shared variance between the predictor and criterion variable sets, that the statements
and visualizations used in Cloud Clicker successfully represent
their corresponding Hexad user types and that Cloud Clicker can
be used to assess the ranking of a user’s Hexad type scores.

-.26

.54

Table 2: Spearman’s rank correlation coefficients between
the ranked Hexad user type scores (DI_R etc.) and the score
of each statement in Cloud Clicker (G_DI etc.) as well as between the ranked Hexad user type scores and the absolute
Hexad user type scores (DI etc.). All 𝑝 < .01.

Snowball Shooter and Hexad User Types

Again, a CCA was conducted to investigate the shared variance
between the amount of interactions with each gamification element in Snowball Shooter as predictor variables and the Hexad
scores of each user type. The analysis yielded five canonical functions with squared canonical correlations of .20, .12, .07, .01, and
.00. The full model was statistically significant (Wilks’s 𝜆 = .659
criterion, 𝐹 (30, 546.00) = 2.00, 𝑝 = .001). This leads to result R5:
The amount of interactions with gamification elements in
Snowball Shooter is moderately associated to the scores of
the validated Hexad user type questionnaire. Similar to Cloud
Clicker, this means that the amount of interactions with gamification elements and the Hexad user types are related. However, the
variance shared between the two sets of variables was considerably
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Predictor
Collectibles
Achievements
Points
Leaderboard
Virtual Character

CF 1
co
.42
.20
.37
1.08
-.06

rs
-.05
.01
.06
.89
-.72

Criterion
Hex_DI
Hex_FS
Hex_AC
Hex_PL
Hex_PH
Hex_SO

CF1
co
.37
-.35
.62
.51
-.40
.22
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rs
.37
.10
.69
.79
.09
.46

Table 3: Structure coefficients (rs) and standardized canonical function coefficients (co) for predictor variables (number of interactions with gamification elements in Snowball
Shooter) and criterion variables (score of each user type:
Hex_DI etc.) for CF1. Bold entries represent loads higher
than |.35|, underlined ones higher than |.50|.
lower than in Cloud Clicker as the model of Snowball Shooter accounts for 34.1% of the shared variance. This indicates a moderate
effect size [9]. As part of the dimension reduction analysis, it was
found that solely CF1 was explaining a significant amount of variance. Therefore, only CF1 was considered for the interpretation of
the canonical correlation analysis. An overview of the structure
coefficients and standardized canonical function coefficients for
CF1 can be found in Table 3.
Looking at the CF1 coefficients, it can be seen that the score
in the gamification elements Leaderboard and Virtual Character
strongly contribute to the synthetic predictor variable. While the
score in Leaderboard contributes positively to CF1, Virtual Character contributes negatively. Regarding the criterion variable set in
CF1, Achiever and Player were the primary contributors to the criterion synthetic variable, with secondary contributions by Socialiser
and Disruptor. All of the aforementioned variables add positively
to CF1. Thus, the amount of interactions with the Leaderboard is
positively related to the score in the Achiever, Player, Disruptor and
Socialiser factors of the Hexad. This is in line with previous results
based on self-reported preferences for gamification elements [44].
That the Virtual Character is negatively contributing to CF1 indicates that participants interacting with it were likely not interested
in interacting with Leaderboards and tended to score lower on the
Player, Achiever, Socialiser and Disruptor types.
Analyzing the relationships between interaction with gamification elements and Hexad user types further, we again calculated
bivariate Spearman’s rank correlations. Similar to Cloud Clicker,
we considered the absolute score in each Hexad user type as well as
the ranked Hexad user type. Table 4 shows significant correlation
coefficients.
DI
Collectibles
Achievements
Points
Leaderboard
Virtual Character

AC

PL

SO

PH_R

.33**
-.22**

.23**

-.23**
.19*

.19*
.19*

.30**
-.25**

Table 4: Spearman’s rank correlation coefficients between
the amount of interactions with each gamification element
in the Snowball Shooter application and the absolute Hexad
user type scores (DI etc.) as well as the ranked Hexad scores
(PH_R). Hexad user types having at least one significant correlation are shown. *𝑝 < .05, **𝑝 < .01

Overall, the correlations support the results from the canonical
correlation analysis. It can be seen that most correlations were
found for the Leaderboard and Virtual Character gamification elements. The positive correlation between the ranked Philanthropist
score and the amount of interactions with the Virtual Character
gamification element indicates that, as expected based on the definition of the user type [44], the Virtual Character seems to be
particularly relevant for the Philanthropist. Also, the positive correlations between the Achiever, Player, Disruptor and Socialiser
user types and the Leaderboard are in line with the results from the
canonical correlation analysis and were expected based on previous
work [44]. In addition, the positive correlation between Achievements and the Achiever was expected and is in line with previous
findings [44].
Taking these results all into account together, we establish R6:
The amount of interactions with gamification elements correlates to their corresponding Hexad user types. On a more
abstract level, R5 and R6 mean that users interact with gamification elements that correspond to their Hexad user types. This is an
important result for the validity of the Hexad model, as previous
research did not consider actual user behaviour within gameful
applications, as far as we know. However, it should be noted that
we could not find correlations between Collectibles and Free Spirits
as well as between Points and Players.

5.3

Perception of Cloud Clicker and Snowball
Shooter

To analyze the perception of the gameful applications compared
to completing the Hexad user types questionnaire, a repeated measures Friedman ANOVA was calculated for the IMI and PXI factors
(the responses in the IMI and PXI responses were not normally
distributed). The Durbin-Conover method was used for post-hoc
analysis and the Benjamini-Hochberg false discovery rate [4] was
used to adjust significance values for multiple comparisons. For
this analysis, all participants who decided to not answer either the
PXI or IMI questions after the Hexad questionnaire, Cloud Clicker,
or Snowball Shooter, were excluded. Thus, the responses of 113
participants were considered.
Table 5 provides an overview of the mean and standard deviations of the IMI subscales and the PXI Immersion subscale in each
condition (Hexad questionnaire, Cloud Clicker, Snowball Shooter).
When analyzing the Competence subscale of the IMI, we did not find
significant differences between the conditions (𝜒 2 (2) = 5.54, 𝑝 =
.063). Similarly, no significant differences were found for the Choice
subscale of the IMI (𝜒 2 (2) = 4.94, 𝑝 = .085). However, the Enjoyment score differed significantly (𝜒 2 (2) = 35.8, 𝑝 < .001). The
post-hoc analysis revealed that both gameful applications were
significantly more enjoyable than completing the Hexad questionnaire (𝑝 < .001 each). Also, Snowball Shooter was perceived as
more enjoyable than Cloud Clicker (𝑝 = 0.012).
We summarize these effects by R7: Both gameful applications
are perceived as more enjoyable than completing the Hexad
questionnaire. This result indicates that gameful approaches might
be more suitable to be used within gameful systems than the Hexad
questionnaire, when a gameful experience is important. In addition,
we found that the perceived pressure differed significantly between
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IMI Competence
IMI Choice
IMI Enjoyment*
IMI Pressure*
IMI Immersion*

Hexad
5.00 /1.05
5.29 / 1.47
3.87 / 1.34
1.96 / 0.98
4.91 / 1.10

G1
5.08 / 1.13
5.29 / 1.37
4.56 / 1.45
2.44 / 1.30
5.24 / 1.21

Altmeyer et al.

G2
4.84 / 1.32
5.48 / 1.36
4.81 / 1.62
2.34 / 1.27
5.40 / 1.23

Table 5: Mean / Standard Deviation for each condition of
the study. All variables are measured on 7-point scales. Variables for which the Friedman ANOVA was significant are
marked (*). G1=Cloud Clicker, G2=Snowball Shooter.
the conditions (𝜒 2 (2) = 11.7, 𝑝 = .003). Both gameful applications
scored higher in the Pressure factor of the IMI (both 𝑝 < .001),
whereas no difference was found between the gameful applications
themselves (𝑝 = 1.00), leading to R8: The perceived pressure is
significantly higher in both gameful applications. This finding is likely related to the timed and round-based nature of the
gameful applications (i.e., the fact that we used a timer in Cloud
Clicker and 15 rounds of interaction in both gameful applications).
Finally, we analyzed whether the immersion, as measured by the
Immersion subscale of the PXI, differs across the conditions. The
Friedman ANOVA revealed a significant effect (𝜒 2 (2) = 26.5, 𝑝 <
.001). Both gameful applications scored significantly higher on the
Immersion subscale of the PXI (each p<.001) while there were no
differences between the two gameful applications (𝑝 = .127). Thus,
we derive R9: Both gameful applications were perceived as
more immersive than completing the Hexad questionnaire.
Taking R7–R9 together, it seems like the higher pressure is not
perceived negatively but may cause a feeling of higher immersion
leading to a more enjoyable experience [7].

6

DISCUSSION

Our results show the scores of the statements (“predictor variables”)
in the Cloud Clicker application and the Hexad user type scores
(“criterion variables”) are substantially related to each other. They
share 74.37% of their variance (R1). We also found the structure
coefficients of the predictor variables and the structure coefficients
of the criterion variables load on the same canonical functions, with
large effect sizes (R2). In addition, we found there are medium-tolarge correlations between the ranked Hexad scores and the scores
of the statements in Cloud Clicker (R3), which were shown to be
comparable to the correlations between the absolute Hexad scores
and the ranked Hexad scores (R4). Taking R1–R4 together, we
conclude that Cloud Clicker can be used to predict Hexad user
types in a gameful way, when an order of user types is sufficient
(which is likely the case when personalizing gamification elements
set in a gameful system).
We suggest using the order of scores, since Cloud Clicker uses
a binary choice instead of allowing users to rate their agreement
with statements on an ordinal scale (as was done in the validated
Hexad questionnaire). Ultimately, these results support H1a: The
score of the statements in Cloud Clicker is correlated to the
corresponding Hexad user types and thus may be used to
predict them. This is explainable because we used statements
which were similar to the Hexad questionnaire items with the
highest factor load.

Regarding the Snowball Shooter application, in which we analyzed whether the amount of interactions with gamification elements (“predictor variables”) could be used to predict Hexad user
types (“criterion variables”), we found that in general, there is a
relationship between the predictor and criterion variables (R5).
This is an important finding on its own because it shows that
the correlations between the Hexad user types and preferences
for gamification elements—which have been identified based on
self-reports using textual descriptions or storyboards in previous
work [3, 44]—can be replicated based on actual user behaviour. This
finding supports the suitability of the Hexad model to explain user
behaviour in gameful systems. When analyzing correlations between the amount of interactions with gamification elements and
Hexad user types further, we found correlations that were expected
based on previous work (R6). This is in line with the findings by
Hallifax et al. [10], and supports the validity of the Hexad model.
However, it should be noted that two correlations that were expected could not be found (between Free Spirits and Unlockables
as well as between Players and Points). A reason might be that
Snowball Shooter did not motivate a specific behaviour (as gameful
systems usually do [11]) but rather encouraged users to try out
different gamification elements. This would be likely for Free Spirits who like to explore [44] and thus might explain the absence
of correlations for this user type. The unlocked items could only
be collected and not be used for anything else. This might have
affected the engagement of users negatively. Also, an incentive for
collecting points was missing, which might have been detrimental
to Players’ motivation to collect points. Considering that the shared
variance between predictor and criterion variable sets was moderate (34.11%), we do not recommend deriving Hexad user types
based on interaction behaviour alone in Snowball Shooter. However, the amount of interaction with gamification elements might
still be a useful factor for dynamic adjustments of gameful systems.
Based on R5 and R6, we consider H1b: The amount of interactions with gamification elements in Snowball Shooter is
correlated to the corresponding Hexad user types and thus
may be used to predict them partially supported. Although we
found that there are correlations to gamification elements that
match the corresponding Hexad user types, the amount of shared
variance between the two sets of variables is too low to reliably
predict Hexad user types.
Furthermore, our results show that both gameful applications
were perceived as more enjoyable (R7) and more immersive (R9)
than the traditional Hexad questionnaire. Based on these results,
H2a: Both applications are perceived as more enjoyable and
H2d: Both applications are perceived as more immersive are
supported. We also found a significant effect on perceived pressure
(R8), which might be related to the higher immersion and arguably
a higher sense of flow [7, 12]. Based on this, H2c: Participants
feel more pressure in both applications is supported.
We conclude that both gameful applications provide a more
pleasurable gameful experience than completing the Hexad questionnaire. H2b is not supported because no effects were found
regarding perceived competence. Contrary to previous work [36], it
seems like the gamification elements did not enhance the perceived
competence through feedback as much as expected. A potential
explanation might be that the user interface elements (such as
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radio buttons) provide visual feedback on their own, potentially
enhancing the perceived competence in the baseline condition.
On a more abstract level, our results show that Hexad user types
can be assessed by using binary choices. These could be easily
adapted to different contexts or could even be turned into concrete
choices a player needs to make in a more game-like setting. Also,
we show that interacting with gameful design elements is related
to a user’s Hexad type. This could be used to infer Hexad user types
dynamically when interacting with a gameful system and provides
huge potential for further research.
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Last, we acknowledge that, although the design of the applications is based on previous research, certain decisions are inherently
a matter of interpretation, which might affect the external validity.
Future work should investigate whether different game controls
(e.g., allowing for continuous user input) will enhance the accuracy
of using gameful applications to predict Hexad user types. Further
research should be conducted into correlations between actual
user behaviour and Hexad user types to replicate the findings of
previous research. Also, our findings should be validated in different
domains.

7
6.1

Limitations and Future Work

Our work has several limitations. First, transforming the 7-point
Likert scales into binary decisions and considering only one particularly relevant item per Hexad user type as was done in Cloud
Clicker unavoidably leads to a loss of information. Consequently,
we recommend using Cloud Clicker as a practical tool when personalizing gameful systems while ensuring a gameful user experience
and to prevent a loss of immersion. For scientific purposes, we acknowledge that Cloud Clicker cannot replace the validated Hexad
questionnaire [42]. Second, we used statements in Cloud Clicker
that were similar to the statements with high factor loads in the
Hexad questionnaire validation study (but not the same). We decided for one statement instead of all four statements. This means
that even though we used statements that had a substantial factor
load, using other statements for the corresponding user types might
lead to different results.
Next, regarding the Snowball Shooter application, it did not motivate a real-life behaviour but allowed users to interact with the
gamification elements. Although this allows users to experience
how certain gamification elements work, their perception might
be different when motivating concrete real-life goals in specific
domains such as physical activity. The free exploration of gamification elements within Snowball Shooter could be particularly
appreciated by Free Spirits, which might explain why we could not
find any correlations for this user type (because they might have
tried several different gamification elements).
Also, we decided to randomize the order of the gameful applications, but not of the Hexad questionnaire. This was done to avoid
detrimental effects of removing gamification on the perception of
the Hexad questionnaire [11]. Since the IMI and PXI scales are the
only shared dependent variables across these conditions, potential
ordering effects would not primarily concern the main goal of the
study, i.e. predicting Hexad user types from interaction behaviour.
In addition, we assume the chance of ordering effects is low since
filling out a questionnaire and interacting with gameful applications
can be considered different tasks, reducing the chance of practice
effects [32]. Nevertheless, the fact that participants always started
by completing the Hexad questionnaire should be considered.
Since participants were asked to answer roughly 100 items in
total, we cannot rule out fatigue effects. However, considering the
number of items and that the duration of the study is within a
maximum length of 20 minutes [33], no practically relevant effects
on data quality are to be expected [15].

CONCLUSION

To reduce the barrier of having to fill out Hexad questionnaires
for user types assessments, we conceptualized and implemented
two gameful applications to predict Hexad user types in a gameful
way. We contribute two main findings: First, we show that the first
gameful application, Cloud Clicker, indeed could be used to predict
Hexad user types. The interaction within the gameful application
and the validated Hexad scores are correlated for all user types
and share a substantial amount of variance. Cloud Clicker could
be used to tailor gameful systems without having to complete a
questionnaire.
Second, we showed that the interaction behaviour with gameful
elements correlates to the corresponding Hexad user types. This is
important because previous work only used self-reported measures
based on storyboards or textual descriptions explaining the gameful
elements. Our results highlight that enjoyment and immersion are
significantly higher in both gameful applications than when filling
out the Hexad questionnaire.
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