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ABSTRACT ACM Reference Format:

Gamification has been used in introductory programming courses,
for example, to increase engagement with study materials, reduce
procrastination, and increase attendance to practice sessions. In-
deed, with the rapidly growing adoption of digital tools in such
courses, the use of various game elements and mechanics to drive
participation is increasing. Previous studies on gamification in com-
puting have examined the effects over the whole student population.
Prior work in other disciplines has found that the benefits asso-
ciated with gamification may only be realized for some students,
while others may even experience reduced motivation. The Hexad
user types survey attempts to tackle this problem by grouping
users into six different types for whom gamification should have
different effects. The goal is to personalize the game elements for
different user types, thus creating gamified experiences more suit-
able for individual learners. In this work, we study whether the
Hexad survey could be used to guide the personalization of gami-
fication in an introductory programming course. Specifically, we
examine the quality of students’ answers to the Hexad survey and
explore whether they can be used to predict students’ preferences
for enabling gamification in the platform where they complete as-
signments. In our specific computing education context, we find
that classifying students using the Hexad survey does not appear
to be an effective approach for the automatic personalization of
gamification.
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1 INTRODUCTION

Gamification is a broad term used to describe the integration of
game-like mechanics and motivational affordances into non-game
tasks to make them more engaging and enjoyable [10, 11]. In the
context of education, common motivational affordances include
points, leaderboards, badges (achievements), levels, or challenges
and these are typically designed to encourage positive study behav-
iors (or discourage negative ones) [16, 18]. In computing education
specifically, where digital learning tools are commonplace, the use
of gamification is growing. Recent work has investigated the use of
gamification to improve engagement with homework activities in a
data structures course [12], to encourage task completion in an in-
troductory programming course using a mastery learning approach
[4], to reward positive study habits like starting work early in a CS1
course [32], to improve student time management on programming
assignments [19] and to increase attendance at physical laboratory
sessions [17].

Many applications implement gamification and measure its ef-
fectiveness in one context, but few studies look at the general issue
of why gamification works, or why it does not work equally well
for all users [24, 29]. In education, these are essential questions. A
one-size-fits all model, where all students are presented the same
motivational affordances, may not be the ideal way of motivating
desired behaviors. Indeed, there is growing evidence from research
in other disciplines that personalizing the gamification experience
can lead to improved outcomes overall [2, 20, 21]. There are two gen-
eral approaches to implementing personalization of gamification
[35]. The first is customization, where the user deliberately selects
the specific game elements they would like to have enabled. The
second is adaptation, where the system determines the appropriate
elements for the user automatically, perhaps informed by some
other user-specific input such as personality information. Which
of these two approaches is the most appropriate for students in
computing courses is an open question.



One promising method for adaptation is the Gamification User
Types Hexad Scale, a survey created by Tondello et al. designed to
assess an individual’s user type [36]. The authors propose that the
classified user type for an individual can then be used to determine
the most appropriate game elements for them. In addition, they
claim that this approach is more effective than customization —
where users are asked for their preferred elements directly — as
the survey is derived from research on human motivation and
personality.

In this research, we explore the feasibility of using the Hexad
survey to personalize the gamification experience for students in
an introductory programming course. Students interact with a gam-
ified online tool that hosts questions they can answer for practice.
The tool includes a set of achievement badges and a points-system
with an associated leaderboard which are used to reward students
for engaging with the practice activity. In addition to responding to
the Hexad survey, we have students directly select their gamifica-
tion preferences, and explore how these choices relate to the user
types classification produced by the survey. To our knowledge, this
is the first empirical work exploring use of the Hexad survey for
personalizing gamification within an educational tool used in an
authentic classroom setting.

We organize this work around the following two research ques-
tions:

e RQ1. In an educational context, are students’ responses to
the Hexad survey sufficiently high quality for classification
into Hexad user types, and how does the distribution of types
in this context compare to prior work?

e RQ2. To what extent do the Hexad classifications relate to
students’ explicit game element preferences?

2 RELATED WORK

2.1 Gamification in Computing Education

In computing education, gamification has been used within many
educational tools to promote positive student behaviors. Dicheva et
al. [12] found that gamification using badges and virtual currency
within a Data Structures course caused students to practice signifi-
cantly more compared to an earlier version of the course without
the gamified elements. De Pontes et al. [4] conducted a randomized
controlled trial in an introductory programming course where one
group used a gamified platform with badges, a weekly leaderboard
and personal record-tracking whereas the other group completed
assignments without gamification. They found that students ex-
posed to the gamification elements completed significantly more
assignments over most weeks of the course. Hakulinen et al. [15]
used achievement badges to motivate students to complete algo-
rithm simulation exercises and to improve their study practices.
They found that the gamified group was more likely to modify
their behavior in order to obtain these badges, mirroring empirical
results from other disciplines [5]. O’Donovan et al. [30] created a
full gamification platform with a theme, levels, story, and skills to
try to increase attendance at lectures and overall understanding
in a tertiary game development course. In this study, both course
grades and lecture attendance improved.

In addition to using gamification to have students practice more,
gamification has also been used in introductory computer sci-
ence classes to improve students’ time management. Irwin and
Edwards [19] introduced gamified elements common in mobile
gaming into an introductory programming course. More specifi-
cally, students had a limited amount of “submission energy” which
was needed for submitting work and which regenerated at the rate
of one submission per hour. The goal of the study was to encourage
students to start their work early and engage frequently with the
assignment, as higher levels of procrastination tend to lead to lower
quality outputs in computing courses [8, 14]. They found that when
compared to students in previous course iterations, students in the
gamified version had improved scores and started work earlier, al-
though both effects were small. Similarly, Sprint and Fox [32] found
that students in a gamified course returned assignments earlier com-
pared to a prior course without the gamified elements. Harrington
and Chaudhry [17] found that giving students points that were visi-
ble in a course-wide leaderboard drastically increased participation
in practice sessions compared to earlier course versions.

2.2 Individual Differences in Gamification

In gamification research, the common consensus is that gamifica-
tion does work, but with some caveats [16]. A recurring theme in
the literature is that gamification works only in specific environ-
ments, and only with certain users [9, 15]. In most cases, only a
small group of students are significantly affected by gamification.
In their study involving programming students, De Pontes et al.
[4] note that although overall there were significant differences be-
tween gamification and control groups, “the gamified platform had
a more significant impact on some students than on others”. One
explanation for this is that different users have different behaviors
and motivations when interacting with a gameful environment.

The classification of users into different user types is an active
area of research in game environments, but is less studied with
respect to gamification. One of the fundamental theories of gamer
personalities was developed by Bartle [1]. He found that users inter-
acting in a multi-user dungeon tended to have a preference for one
of four playing styles: Achievers, Explorers, Killers, and Socialisers.
Each of these four groups were attracted to different aspects of the
game and gravitated towards a specific play style. Related to this,
Tuunanen and Hamari [37] suggest that games designed with a
specific player type in mind, by using elements appealing to that
player type, result in that player type being dominant amongst the
population of users.

The BrainHex model from Nacke et al. expands on the work of
Bartle and others and presents a more modern approach to classi-
fying players into archetypes [27, 28]. This model has been gener-
alized to be more applicable to a wider variety of video games and
takes inspiration from neurobiological research. Still, such models
for personalities in video games do not directly apply to gameful ex-
periences. For example, a student’s motivation for using a gamified
learning platform is not the same as their motivation for playing
MMOs or other kinds of video games [36]. The Hexad model, origi-
nally created by Marczewski [25], is a recent and novel approach
for quantifying differences between users. The six Hexad user types
differ by the degree to which they are motivated by extrinsic or



intrinsic factors. Classification of users into the Hexad user types
can be achieved through the Hexad user types survey — a 24 ques-
tion Likert scale survey to measure user preference for different
elements in a gameful environment. The six Hexad user types as
outlined by Tondello et al. [36] are:

(1) Achiever: Motivated by the need for competence, and strive
to prove themselves by completing tasks.

(2) Disruptor: Motivated by triggering change and tend to dis-
rupt the system.

(3) Free Spirit: Motivated by the need for autonomy and want
the freedom to express themselves without external control.

(4) Player: Motivated by extrinsic rewards, and will go out of
their way to obtain these rewards.

(5) Philanthropist: Motivated by purpose and are willing to give
without any reward.

(6) Socialiser: Motivated by relatedness and try to create social
connections.

The user types in the Hexad model also draw inspiration from
the Self Determination Theory (SDT) of Ryan and Deci [31]. SDT
is commonly used to explain why gamification works [3, 9, 33].
Ryan and Deci hypothesize that humans have three characteristic
psychological needs, for competence, autonomy, and relatedness [31].
From these three intrinsic needs, four of the Hexad user types are
derived: Socialisers, Philanthropists, Achievers, and Free Spirits.

3 METHODS

To address our research questions, we conducted an experiment in-
volving 1026 first-year undergraduate engineering students taking
an introductory programming course at the University of Auckland.
These students interacted with an online study tool, PeerWise [7],
which hosted questions that could be answered for practice and
exam preparation [6]. Students earned 2% towards their final course
grade for generating a minimum of three and answering a minimum
of six practice questions prior to the course exam. Authoring and
answering more than these minimum targets was allowed, and the
game elements in PeerWise were designed to encourage this. For
example, students would earn points for every correctly answered
question (and lose points for incorrect answers), and the top point-
scorers were listed on a leaderboard table. Badges were awarded
to students for achieving answering targets, such as answering 10
questions correctly in a row, or answering 10 questions on each of
five consecutive days. All such participation, over and above the
minimum target for earning the 2% course credit, was optional and
ungraded.

The data we report here, in which we examine students’ Hexad
classifications and gamification preferences, was collected as part
of a larger experiment in which all 1026 students were randomly
assigned to one of three groups: a “control” group, a “gamification”
group, and a “choice” group (see Table 1). For the control group,
none of the gamification elements were visible in the user inter-
face. For the gamification group, all gamification elements (badges,
points and leaderboards) were visible. For the choice group, stu-
dents had the choice to enable (show) or disable (hide) any of the
game elements. Specifically, the choices were to view ‘No game
elements’, ‘Points and leaderboards only’, ‘Badges only’, or ‘All
game elements’.

Table 1: Summary of group sizes (random assignment)

| Control Gamification Choice | Total

Students | 339 344 343 | 1026

The 24-question 7-response Likert scale Hexad survey proposed
by Tondello et al. [36] was presented to all students upon their
first login to PeerWise. The questions on this survey include four
questions for each of the six Hexad user types. We recorded the time
at which the Hexad survey was displayed to students, and the time
at which the survey was submitted. From this, we compute the time
elapsed for responding to the survey. Of the 1026 students enrolled
in the course, 1016 completed the Hexad survey and interacted with
PeerWise.

Pertinent to this experiment are the Achiever and Player user
types. These are the two types hypothesized to be motivated by the
kinds of rewards available in our gamified tool: points, badges, and
leaderboards. These two user types differ with Achievers focusing
on intrinsic competence and Players focusing on extrinsic rewards
[36]. Achievers are likely motivated by the challenges inherent in
the platform, such as answering questions correctly, targeting their
need for competence. We expect the students in the Player user type
group, who are hypothesized to be strongly motivated by extrinsic
rewards, to be most likely to enable all gamification elements when
given the choice.

4 RESULTS
4.1 Quality of Hexad survey responses

To answer our first research question, we assessed the quality of
the responses to the Hexad survey by examining the variation
in responses for a given student as well as timestamped logs of
behavior.

We examined response variation to understand if students ap-
peared to submit thoughtful responses. The mode response for a
submitted survey is the quantitative Likert level (e.g. “agree”) that
is most often selected. For a given survey, the maximum number
of times the mode response can be selected is 24 (if every item on
the survey is answered with the mode response). Figure 1 plots
a histogram showing the number of times the mode response oc-
curred across all surveys. The peak on the far right, at 24 on the
horizontal axis, represents the 137 students who selected the same
response for all 24 Hexad questions. In such cases, where there is no
variation in responses, we consider the responses to be low quality
(for example, they may indicate that a student has filled down one
column of the survey instrument without thinking carefully about
their answers). A smaller proportion of students responded to all
but a few of the questions with an identical response. We wish to
exclude low quality responses from our later analysis of Hexad
types. For the purposes of this analysis, we exclude students if
the overall variance (when the Likert items are numerically coded)
across their responses to the Hexad questions is less than 0.7.

We also assessed response quality by looking at the time taken to
complete the survey. In particular, we were interested in identifying
students who completed the survey in less time than is reasonable to
simply read the survey text. Plotting the time taken by all students
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Figure 2: Time spent on Hexad survey, sorted, for fastest 816
students (slowest 200 not shown).

to complete the survey resulted in a logarithmic distribution, with
a small number of students exhibiting a large elapsed survey time,
with a maximum of 69 minutes and a minimum of 21 seconds. The
median time taken to complete the survey was a little over 2 minutes,
and 89 students spent longer than 5 minutes on the survey. Figure
2 shows the time spent on the survey by 816 students sorted in
decreasing order - note this data excludes the 200 slowest students
which would otherwise result in a very flat plot.

The total length of the 24-items on the Hexad survey is 189
words. Combined with the instructions on the questionnaire page,
totalling 46 words, our participants were reading around 235 words
as well as selecting responses on the 7-point Likert scale for each
item. Dyson and Haselgrove explored comprehension rates when
participants read from a screen, and found that a normal rate of

Variance between likert scale answers

0 10 20 30 40 50 60 70
Time spent on Hexad survey (minutes)

Figure 3: Time spent on Hexad survey plotted against vari-
ance in selected responses, for all students. Red lines indi-
cate thresholds used for data cleaning.

reading was 151 words per minute [13]. A reasonable estimate then,
for simply reading the text of the survey without thinking about or
entering responses, is around one and a half minutes. We use this
time as a threshold - that is, for our later analysis we exclude those
students who responded to all questions on the 24-item survey in
less than one and a half minutes.

Figure 3 plots the response variance against the time spent on
the survey for all students, and overlays red lines indicating the
thresholds below which we excluded students from our later analy-
sis. The vertical line is at the 90 second mark (1.5 minutes), and the
horizontal line is at a variance across responses of 0.7. This data
cleaning step reduced the sample of 1016 students to 638 students.

4.2 Hexad user types and explicit choices

When given a choice regarding gamification (i.e. all students as-
signed to the “choice” group), we observed that students tended
to either enable or disable all game elements, rather than opting
to make only one kind of element visible. Out of the 343 students
initially assigned to the “choice” group, 336 participated. Of these,
107 chose to be shown no game elements, 12 chose only points,
13 chose only badges, and 204 chose all game elements. Students’
choices separated by user type are shown in Table 2.

In addition, although students in the “choice” group had the
option of changing their game element selections, very few did.
Only 18 students switched groups after their initial selection. There
was a total of 25 switches throughout the study period, and over
half of these switches were students choosing to see all of the game
elements after initially selecting to disable them. Students’ choices
over the duration of the course are visualized in Figure 4.

Each student’s disposition towards each user type was deter-
mined by summing the responses for each group of four questions
applicable to the user type, as described in Tondello et al. [36]. The
primary user type for each student was determined by taking the
user type with the highest score out of the six user types. Out of the
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638 students remaining after the data cleaning described in Section
4.1, 140 students had a two-way tie for their primary user type.
Additionally, 35 students had a three-way tie for their primary user
type, and 12 students had either a four or five-way tie. In cases
where students had a tie for their primary user type, we discarded
students with a four or five-way tie. Tondello et al. [34, 36] do not
outline what to do in this scenario. To plot the distribution of user
types, we weighted each user type by a third for three-way ties and
a half for two-way ties to count students, i.e. a student who was an
Achiever and a Player would count as half a student towards each
of these. The distribution of user types is shown in Figure 5 and is
similar to what has been reported in previous studies, with a low
number of Disruptors, and with the intrinsically motivated types
being the most common.

Table 2: Summary of gamification selections, for students in
the “choice” group, by user type with ties ignored.

| User type | None Points Badges All |
Achiever 17 4 3 36
Disruptor 1 0 0 1
Free spirit 3 3 3 16
Philanthropist 7 0 2 22
Player 7 0 0 9
Socialiser 7 0 0 11

|  Total | 42 7 8 95 |

We now explore how well the classified user types relate to the
students’ explicit game element preferences. The Player user type
is associated with extrinsic rewards, and elements such as points,
leaderboards and badges are all suggested as effective motivators
for this type [36]. We would therefore expect that students who
are classified as Players would be more likely to enable the game
elements than students in the other user type groups. We use a
¥ test to examine this relationship. The null hypothesis in this
case is that each student’s gamification choice (whether to view the
game elements or not) is independent of that student’s user type
classification (whether a Player or not).

Since it is unclear how to determine the user type for students
who were equally likely to be part of two or more groups, these stu-
dents were excluded. Including only students with a single primary
user type satisfies the assumptions of the y? test, since any stu-
dent can only be counted in one row and one column. We collapse
the columns of Table 2 into two categories, either: game elements
(“Points”, “Badges”, and “All game elements”) or no game elements.
We also collapse the rows such that the Player type is compared
against the other five user types.

The proportion of students who chose to enable game elements
does not differ significantly between the two groupings of Hexad
user types, y2(1, N = 152) = 2.3234, p = .1274. Therefore, we fail
to reject the null hypothesis — we do not have sufficient evidence
that students’ explicit gamification choices are significantly related
to their Hexad user type classifications.

5 DISCUSSION

In this research, we explored the feasibility of using the Hexad
survey to assign gamification elements to computing students in an
introductory programming course. In answer to our first research
question, we found that many students responded to the survey
in ways that suggested their data may not be meaningful - com-
pleting the survey too quickly and often with little to no variation
in responses. For those that did provide high quality responses,
amounting to a little over half of the class, the distribution into the
six Hexad types was roughly similar to distributions reported in
contexts outside of computer science classrooms.

In answer to our second research question, we found no evi-
dence that students classified into the Player user type were any
more likely to enable the game elements than students in the other
user types. The Player user type is the type that is most strongly
associated with the kinds of game elements that students could



select to see within the interface of PeerWise. We would expect
that students associated with this user type would therefore have
a stronger tendency to enable the game elements when given the
choice. The fact that we didn’t find such a relationship raises inter-
esting questions around whether students are able to select effective
game elements for themselves, or whether the Hexad survey is a
practical instrument to use in this context. The benefits of adap-
tive personalization over customized gamification are only realized
if students are unable to make accurate estimations of the game
elements that work best for them.

We found that students tended to either disable the game ele-
ments altogether, or enable all of them, rather than selecting to see
one set of elements and not the other. This behavior makes sense if
we consider that some students are naturally driven by extrinsic
rewards. If a student chooses to enable badges because they are
motivated by extrinsic rewards, they are likely to also find that
points and leaderboards act as effective extrinsic motivators. We
also observed that very few students in the choice group changed
their selections during the experiment. This lends some support to
the idea that students are, in fact, able to make good decisions about
the game elements that will suit them, simply by being given a di-
rect choice. We saw little evidence that students were not satisfied
with the initial choices they made.

In contrast to previous implementations of this survey in other
contexts [36], we found a slightly different distribution of user
types. This is interesting because the population of students taking
this first-year programming course was more homogenous than
the samples from previous surveys. The variation in age and back-
ground is smaller than in prior work by Tondello et al. [34]. Our
local context may also explain why we see a higher proportion of
Achievers in the distribution of user types. The course in which our
experiment was conducted is a highly competitive course, in which
course performance determines entry into specializations in later
years, and students are therefore highly motivated by the need for
competence [31]. In our context we also saw a lower proportion
of Socialiser and Free Spirit user types. Tondello et al. [36] found
that scores towards extrinsically motivated user types decrease
with age and scores towards intrinsically motivated types such as
Philanthropist and Socialiser tend to increase with age. Given that
our participants were all in their first year of study, this may explain
the relatively higher proportion of extrinsically motivated Player
types. Future work exploring how these distributions differ across
other academic disciplines, outside of computing and even outside
of the sciences, would make a fascinating comparison with the data
we present here.

In cleaning our data for analysis, we observed that a large pro-
portion (around 40%) of responses to the survey were deemed to be
low quality. Similar issues with questionnaire answers [23] and self-
reported metrics [22] have been found previously. That such a large
proportion of students seemed unwilling to complete the Hexad
survey suggests it may work best alongside other approaches to
personalization. Offering participants a choice, between customiz-
ing their game elements through direct choice, or by completing a
survey like the Hexad survey, may be a practical way to implement
personalization. Certainly our study differs from previous studies
by Tondello et al. [34, 35], in which no data quality issues were
reported.

6 THREATS TO VALIDITY

6.1 Extrinsic rewards

Students meeting the requirements for creating and answering
practice questions on PeerWise were rewarded with 2% towards
their final grade in the course. This mark incentive is itself an ex-
trinsic reward (many students may be engaging with the activity to
earn these marks, rather than being intrinsically motivated by the
practice activity itself). Although 2% is a relatively small weighting,
the course is highly competitive and marks are a very effective
motivator for many students. Students may have valued the marks
they would earn from the activity much more highly than the re-
wards within the tool. In addition, the summative tests used in
the course also reused some of the questions from PeerWise, intro-
ducing another external incentive for students to use the platform.
Future work should explore this in an optional setting, where there
is no compulsion for students to participate, and where the game
elements may have a higher perceived importance.

6.2 Biases towards certain user types

A limitation of this work is that only a very limited set of game
elements were explored. Other kinds of elements, such as quests,
social discovery, and more exploratory tasks, are hypothesized to
appeal to some of the other Hexad user types. Bartle also suggests
that there are interactions between different player types [1] which
also apply to the Hexad model. Socialisers need other users to be
present in the platform to thrive, and Players need other users
to compare themselves to. Students remain anonymous to one
another within PeerWise, a design choice which has been shown to
improve participation and reduce certain kinds of biases [26], but
one which may also limit the effectiveness of elements such as the
leaderboards.

7 CONCLUSION

Our study is the first to evaluate the use of the Hexad survey for per-
sonalizing gamification in a tertiary computing education context.
In their previous work, Tondello et al. [34-36] found relationships
between survey responses and users’ preferred game elements, but
their sample provided higher quality responses than our sample
provided. Low quality responses may be a limiting factor of the
Hexad model in education contexts. In our study, we found no ev-
idence that students classified as the Player user type were more
likely to prefer game elements. However, the relatively small vari-
ety of game elements we used limited our findings and meant we
were unable to explore additional Hexad user types.

We found that most students either selected all game elements
or no game elements. This pattern is in line with Marczewski’s [25]
view of the different user types: all three game elements available in
our experiment were extrinsic rewards targeting competence. We
recommend that future research be conducted with a platform that
includes a more extensive range of game elements. Our results arise
from a sample of students in a tertiary computing course and future
work in more diverse educational contexts may provide stronger
evidence in favor of adaptation. Until such time, providing students
with the ability to customize their own experience may be a more
sound approach than automatic personalization.
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