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Abstract: In the context of the ongoing transformation in education, new learning methods, as well
as new technologies, and therefore new forms of interactions are challenging higher education. This
challenge can be addressed through ambient learning management systems that adapt to the student
in the presentation and preparation of course materials. For educational games offered in such
systems, this means that the game mechanics should be adapted to the student. To narrow down the
sum of mechanics to the amount that is relevant for students, player types can be identified. This
paper investigates the player types among students at the University of Liibeck. The characteristics
of all player types of Marczewski’s Gamification User Types Hexad Framework are considered using
a clustering method for the analysis. The result is three profiles with different characteristics of player
types. For each of the profiles, mechanics are suggested which can be used for the respective profile.
Thus, educational games can be more easily and automatically adapted to player type.
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1. Motivation

In recent years, the number of digitally provided teaching contents at universities
ﬁ*;)e;:tf:sf and colleges has increased [1]. The focus has mostly been on recording lecture content or
digitizing exercises and exams and making them available via a Learning Management
System (LMS) [2]. Usually, these systems are online platforms that are operated via a GUL
However, like the industry, education is undergoing a transformation that not only centers
on learners but also involves the adoption of new teaching methods [3-5]. Therefore, it
seems reasonable to consider LMS which can adapt teaching methods to students individu-
ally. An established teaching method that can be reimagined in this context is the use of
Serious Games that take place within an LMS. Due to the development of new technologies
and forms of interaction, LMS and thus Serious Games can be envisioned to be embedded
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compared to other teaching formats [6-8]. Additionally, students are presented with

extensive factual and practical knowledge throughout their studies, which forms the basis
= of their ability to act. Students experience pressure to perform and stress, which negatively

impacts their quality of life. Stress factors include exams and difficult or extensive learning

material [9,10].

When designing educational games, it must be taken into account that the content
differs from course to course, and even within a course, exercises are usually offered for
different content. The consequence of this is the need to create educational games that
dynamically adapt to the lecture content. It should also be noted that a game should be
adapted to player types in order to achieve a positive effect [11].

1.1. Serious Games in Education
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The vision of an adaptive learning space available as a LMS has been proposed by
various authors [12,13]. A central requirement of such a system is the identification of the
user and the adaptation of the content and forms of interaction to the user. This requirement
is also valid for Serious Games, which are offered in the context of ambient LMS. Since there
is a large number of game mechanics that can be combined arbitrarily, it seems sensible to
limit the selection. Consequently, the complexity of the selection is minimized if a smaller
selection of mechanics is offered, which fits the player types among the students. Once the
student is identified, the combination of mechanics that fits their player type can be loaded.
The requirement for this is the one-time prior questioning of the student to determine the
player type and the storage of this information in the student’s user profile.

1.2. Player Types

Various models exist that divide target groups of games and gamification into player
types in order to understand what motivates the users. However, some of these models
assume a specific genre. Furthermore, users are usually assigned to only one player type,
although several types are differentially expressed among users. This paper presents a
study that investigated player types across different disciplines, considering the expression
of various player types among students.

Different mechanics have a motivating effect on the player depending on their player
type. Mechanics refer to control mechanisms, behaviors, or actions that influence game
dynamics [14]. The results of the player type analysis are then matched with mechanics
sourced from the literature. Adapting serious games and their mechanics to students
can positively impact motivation. Studies on game motivation have shown that using
one-size-fits-all mechanics can promote the motivation of some players while inhibiting
others [15,16]. It is presumed that adapting the mechanics can generate higher intrinsic
motivation [17]. Achieving the best fit between the game and the player’s personality
can lead to greater enjoyment and satisfaction for the player, which, in turn, can affect
productivity [18].

To aid understanding, the background is explained first, followed by the methodology
used to analyze player types and link the mechanics to the results. Finally, the results are
presented and discussed.

2. Background and Related Work

In the context of game development, Bartle [19] defines four different types of players.
(1) Killers strive to win the game. For this group, it is important to play against other
players and, if necessary, to hinder them in order to achieve victory. (2) Socializers play
games because of the company. They support other players without expecting any benefit
from it. For Explorers (3), it is important to discover new things in games and push their
limits. Winning or losing the game is secondary for this type. (4) Achievers primarily want
to accomplish something in the game. Winning points is important to them [19].

The model presented by Bartle is simple and quick to apply, but it is critical to consider
that players in games fulfill several characteristics of different types. So players cannot
be assigned to exactly one type. Furthermore, the model is not based on social science
collected data, but only on experiences and reports of players of the genre Multi-User
Dungeon [20]. In order to create a model that is not limited to specific game genres, but to
enable the analysis of player types to a wider group of users, Marczewski created the
Gamification User Types Hexad Framework. The framework describes six different types,
four of which are intrinsically motivated, one extrinsically motivated (5), and one neither
intrinsically nor extrinsically motivated (6) [20,21]:

1.  Free spirits: They take advantage of the game’s decision-making freedom. Exploring
the game and creating new things within the game is important to them.

2. Socializers: For these players, interaction with others is important. Game elements
that enable interaction with other participants motivate them.
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3. Philanthropists: These players enjoy helping other players without expecting anything
in return. It is important to them to be part of a larger picture.

4. Achievers: Achievers want to reach their full potential and constantly improve themselves.

5. Players: Players motivate themselves by being better than other players. They can be
extrinsically motivated by wins or rewards.

6.  Disruptors: Disruptive players compensate for the lack of motivation by disrupting
the game or fellow players.

In this model, individuals never correspond to a single player type, but rather have different
characteristics of the individual types. For the assessment of individuals, there is a validated
questionnaire that can be used to determine how highly expressed each type is. For this
purpose, four Likert scales are added up for each player type. The higher the score, the more
expressed the respective type is [20,22]. In the context of this model, game mechanics are
proposed which fit the player types [20-22]. Mechanics can fit to more than one player
type. However, in the past, only the player type was analyzed that was most pronounced
in the respective player types instead of considering the combination of different player
types of the model [21,23].

Player Type Research

Based on Bartle’s model, Gaalen et al. [11] conducted a study among medical and
dental students using the Q-methodology. Participants were asked to sort 49 statements
about gaming preferences based on their level of agreement. Of the 109 participants,
30 could be classified as Social Achiever (n= 12), Explorer (n = 7), Competitor (n = 4),
Socializer (n = 5), and Troll (n = 2). Social Achievers are motivated by achieving goals
and successes together. Explorers are excited about discovering and changing the game.
Competitors seek competition with others or game opponents. Their focus is on winning.
Socializers use the game as a platform to network with other players. Trolls try to break
game rules or mechanics by tricking or making mistakes in the game to gain an advantage.
They annoy or harass other players to compensate for their lack of interest in the game [11].

Trojanek et al. [23] used the User Types Hexad Framework along with the validated
questionnaire to identify player types among students at Technical University of Dresden,
Germany. Participants were assigned to the player type with the highest score. Given the
same score, two of the types were considered. Among the users, the most common type was
Philanthropist followed by Free Spirits and Socializing. As in analyses by Marczewski et al.,
the most common mixed type is Philanthropist and Socializer. Differences were found
among the various disciplines. For example, there are more Players among engineers than
in other disciplines, while Free Spirits are more common in the humanities and economics.
Regarding gender, differences can be found among Socializers, which are more likely to
occur among female participants [23].

Barata et al. [24] analyzed students in a gamified engineering course at the master’s
level with regard to common groups. For this purpose, they analyzed the behavior based on
the rank on the leaderboard and the number of experience points collected in the game over
time. Using the clustering procedure of Expectation Maximization, four clusters were found:
(1) Achievers who collected all achievements in the game, (2) Regular Students who avoided
challenging game content but performed well overall, (3) Halfhearted Students with little
interest in the course and mostly below average performance, and (4) Underachievers
who performed only enough to barely pass the course. The respective clusters were
mapped to the BrainHex model, which originated in neurobiology and defines seven player
types. Regular Students correspond to the player types that are motivated by achieving
goals or strategically solving tasks. The latter, in addition to playing with others, also
motivates the Achiever group. Halfhearted Students and Underachievers correspond to the
BrainHex class, which is considered challenge-oriented [24]. The work described already
analyzes students in terms of the player types they belong to. However, students are always
assigned to exactly one type. The possibility that students correspond to several types with
different characteristics is not taken into account. Furthermore, motivators or examples of
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possible mechanics are mentioned, but an explicit assignment of mechanics to be used is
not performed.

3. Methodology

There are numerous models of player types and various methods of investigating
which types are present among users. Marczewski’s model allows to determine the charac-
teristics of the individual player types of a user independent of the genre [21]. Furthermore,
there is already published research about game mechanics, which are proposed in rela-
tion to the player types of the model [20,22]. The validated questionnaire can be used to
quickly determine the characteristics, which is why the German validated questionnaire by
Krath and von Korflesch [22] was used for this work. It is a 24-item questionnaire rated
on a seven-point Likert scale. There are four items for each player type. The reliability
of the instrument shows a Cronbach’s a of 0.691 £ 0.055. The validity is reported with
)(2 =796.72,p <0.01; RMSEA =0.079 and CFI = 0.729. Even if the instrument needs further
improvement, the results support the overall validity of the HEXAD-Scale in German [22].

In contrast to the study of Marczewski et al. and Trojanek et al. [21,23], the expression
of all player types is analyzed. In order to analyze the totality of students considering
all expressions of player types, a clustering procedure is used to identify groups, similar
to the approach of Barata [24]. Since the identified groups are defined by expressions of
individual player types, they are referred as player profiles below.

Between 25 January 2023 and 8 February 2023, the students of the University of
Liibeck, Germany [25] were invited to fill out an online questionnaire. The acquisition was
performed by sending an email to the students. No incentive was offered for participation,
except to find out at one’s own expression at the end of the survey. In addition to the
validated questions, this also included questions about gender and study area. Participants
were also asked to confirm that they were completing the survey for the first time, otherwise
the return was removed from the result set. The following fields of study were included:

1. Medicine and Health (MH): Occupational therapy/speech therapy, health and health
care sciences, midwifery, human medicine, nursing, physical therapy;

2. Computer Science and Mathematics (CsM): entrepreneurship in digital technologies,
computer science, IT security, mathematics in medicine and life sciences, media
informatics, medical informatics;

3. Natural Sciences and Psychology (NP): biophysics, infection biology, medical nutrition
science, molecular life science, psychology;

4. Technology (T): biomedical engineering, hearing and audiological engineering, medi-
cal microtechnology, medical engineering science, robotics and autonomous systems.

Based on the number of students in each discipline, Cochran’s formula for population-
matched sampling (Equation (1)) [26] was used to calculate the required number of regres-
sions at a 95% significance level and 10% error (compare Table 1). N is the population size
and 7 is the sample size, z? is the abscissa of the normal curve corresponding to the confi-
dence level, ¢ is the precision level, p is the estimated proportion of an attribute present in
the population. The calaculation is based on the population statistics of Liibeck University
in 2021 [25].
=)
1+ (")
For the analysis, the unsupervised clustering algorithms of K-Means, Meanshift,
and Agglomerative Hierachical clustering were compared. All of these methods are charac-
terized by grouping similar data. Distances within the groups are minimized, and distances
between the groups are maximized. The optimization in the K-Means algorithm is per-
formed by defining center points corresponding to the number of clusters. In the iterative
process, center points are updated until the described optimum is reached. The result varies
depending on the initial center points [27]. The algorithm used in this work selects the
initial points based on a probability distribution in the data [28]. The number of clusters

with nog = >
e
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can be determined based on a plot. The elbow plot shows the variance in the clusters linked
to the number of clusters. The appropriate number of clusters is determined by the lowest
variance compared to the lowest number of clusters [29]. The Meanshift algorithm also
operates with center points. Areas with smooth density are searched for, and their mean
is calculated [30]. The size of the areas to be searched is estimated by a function in this
work [28]. Therefore, the number of clusters or center points does not have to be specified
for this algorithm. Hierarchical clustering forms a tree structure with the data [31]. In this
study, data with similarities are grouped, with the process repeated until only one cluster
remains. The Euclidean distance measure between data points is used as the similarity
measure, aiming to minimize the sum of squared differences. The optimum number of
clusters is determined using a dendrogram, whereby the tree is cut at the point of a large dis-
tance with small branching. The comparison was conducted using the Calinski-Harabasz
and Davies-Bouldin scores. Additionally, preprocessing by principal component analysis,
which reduces the dimensionality of the data, was investigated in the case of K-Means.
Before clustering, a standardization was used to make the expression of the player types
comparable among the respondents. For both K-Means and Agglomerative Hierarchical
clustering, the number of clusters was evaluated using the Silhouette score, in addition to
the methods previously mentioned. This score serves as a quality measurement for clusters.
The execution of the clustering, as well as the standardization and the calculation of mean,
variance, and standard deviation was performed with Python 3.10.

Table 1. Description of the department and gender distribution of the sample.

Study Area MH CsM NP T Sum
sum 190 121 111 109 531
male 56 79 32 53 220
female 132 36 74 52 294
gender queer 1 5 3 4 13
without statement 1 1 2 0 4

In the next step, the found player profiles were assigned to the game mechanics corre-
sponding to the motivation. Game mechanics published in the context of the hexad frame-
works were taken up and applied to the analyzed player profiles of the study. The player
types that appear in the player profiles were weighted based on their positive expression.
The most positive type received a weight of 3/6, the second strongest a weight of 2/6, and
the third strongest a weight of 1/6. The less strong or negative types received no weighting.
The weighting was applied to the respective mechanics. For mechanics that were related
to multiple player types, the sum of the relevance values was calculated. If the relevance
value was greater than 0.5, it was assumed that the mechanic was relevant for the player
profile. The limit of 0.5 was chosen so that it would not be sufficient for the mechanics to
correspond to only one type of player if it was not the most pronounced type.

4. Results

A total of 531 responded to the survey and were included in the result set. Enough stu-
dents were canvassed for each discipline to reach the targeted significance level. The num-
ber of participants, as well as gender distribution, can be found in Table 1.

4.1. Clustering Algorithms

Standardization yielded values ranging from —2.236 to 2.122. Regarding the number of
clusters, the best Silhouette score for three clusters was obtained for the K-Means procedure
with prior PCA; moreover, this combination showed the best Calinski-Harabasz and
Davies—Bouldin scores (see Table 2). For this reason, the results of this cluster procedure
are reported below. Each cluster corresponds to a player profile that is defined by the
expressions of the player types in the cluster.
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Table 2. Comparison of the algorithms using the number of clusters with the best Silhouette-score.

Aleorithm Cluster Silhouette Calinski- Davies—
8 Amount Score  Harabasz Score Bouldin Score

K-Means 2 0.272 173.697 1.633

K-Means + PCA 3 0.422 448.633 0.829

Hierarchical 3 0.209 128.135 1.617

Clustering

Meanshift 4 0.266 24.638 1.165

4.2. Cluster Results

The first cluster comprises a total of 137 participants. The resulting player profile
is characterized by the negative expression of the Player and Disruptor types, with the
Disruptor being less strongly negative and having a higher variance and standard deviation.
Regarding the study directions, it is noticeable that MHs evaluate the Player type most
negatively (see Figure 1).

Positively pronounced in this player profile is the Philanthropist type. This is strikingly
expressed in NP, whereas in T the Achiever type is equally expressed. In the latter case,
both values show a high variance and standard deviation compared to other values (see
Row 1 of Table S5 in the Supplementary Material).

Player profile 1

Sum MH CsM
1.000

0.500
0000 o F  HES B BN 8

~0.500

~1.000

~1.500

~2.000

OPlayer & Disruptor B Achievers B Socializer EIPhilanthropist ™ Free Spirit

Figure 1. Results of the clustering process. First player profile in the different disciplines.

The second cluster, with n = 134, is similar in size to Cluster 1. The player profile
resulting from the cluster also reveals a negative expression of the player type Disruptor.
These values are less expressed in NP and T, but have a higher standard deviation and
variance (see Row 2 in Tables 54 and S5 in Supplementary Material). It is also noticeable in
these study areas that the negative expression of the Socializer type is stronger than in the
Disruptor type and the other study areas. The lowest expression of the Socializer is in the
CsM study area, where deviation and scattering can be seen. In this cluster, the Player and
Achiever types find the strongest positive expression. The latter is more pronounced in
CsM than in the entire group (see Figure 2). The former is less pronounced in NP.

The last cluster comprises 260 participants and is thus significantly larger than the
other two. In this player profile, the Disruptor again attains a strong negative expression.
The Philanthropist type finds the strongest positive expression. This is most pronounced in
CsM followed by NP (see Figure 3). In the case of MH, the Socializer is remarkably positive
in this cluster (see Figure 3).

The whole results of the clustering process can be seen in Tables S1-S5 in Supplemen-
tary Material.
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Player profile 2
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Figure 2. Results of the clustering process. Second player profile in the different disciplines.

Player profile 3
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0.500
0.000
-0.500
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Figure 3. Results of the clustering process. Third player profile in the different disciplines.

4.3. Gender Comparison

Comparing the genders, it is noticeable that a conspicuously large number of female
participants belong to cluster three, while the male population is evenly distributed among
all three clusters (see Table 3).

An exception here are the students of department T, since here, the male participants
also correspond more frequently to the type of the third cluster. In the case of queer
participants, it is noticeable that the majority is represented in Cluster 1, although this is
negligible given that this group has a small n and Cluster 3 is the largest of the clusters.
This also applies to the group that did not specify their gender.

Table 3. Comparison of gender distribution on clusters.

Female Male Gender Queer Without Statement
Cluster 1 63 (21.429%) 66 (30.000%) 8 (61.538%) 0 (0.000%)
Cluster 2 60 (20.408%) 71 (32.273%) 3 (23.077%) 0 (0.000%)
Cluster 3 171 (58.163%) 83 (37.727%) 2 (15.385%) 4 (100.000%)

4.4. Game Mechanics

The mechanics known from the literature were analyzed as described in Section 3.
This resulted in 21 mechanics that have different relevance for the respective player profiles.
These can be seen in Figure 4. The non-relevant mechanics are not listed. The middle
column of the figure shows which weights the player types have for the respective profiles.
The total length represents the maximum sum of all weights. Solid connections on the right
side indicate positive expressions of the player types in the player profiles. The thicker the
line, the stronger the expression. Red dashed lines show negative expressions. The left
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column shows the sum of the weights of the respective mechanics. The sum results from
the weights of the player types, if they are relevant for the player type according to the
literature. The solid lines on the left indicate the mechanics for player types proposed by
Marcewski [21], the dotted lines the associations identified in [20,22].

VZZZzZZZ4
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Collecting and Trading

. % B
Knowledge Sharing & Jert———g
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|
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100% Lmportance for player profile Korflesch or Tondello et al.

Figure 4. Player profiles assigned player types and the associated game mechanics. Solid lines
between mechanics are proposed relationships by Marczewski [21], dotted lines are relationships
established by Krath and von Korflesch [22] or Tondello et al. [20].

It is noticeable that the Challenges mechanic has the highest relevance for all player
profiles. Knowledge Sharing, Guilds or Teams and Learning are also relevant for all player
profiles. For the third and largest cluster, Collecting and Trading, Gifting, Administrative
Roles, Certificates, Leaderboards, Social Comparsion, Social Competetion, Social Status and Social
Discovery are also relevant. The first three are also relevant for Player Profile 1 and the last
six of these mechanics for Player Profile 2. This Profile has the peculiarity of some mechanics
only being relevant for this player profile. Levels or Progression, Customization, Rewards or
Prices, Voting, Development Tools, Epic Challenges and Badges or Achievements can be used
explicitly for players who match Player Profile 2. Quests, Anonymity, Unlockable Content,
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Innovation Platforms, and Points can be used for Player Profiles 1 and 2. Due to the negative
expression of the Disruptor in all player profiles, only one associated mechanic is relevant.
The mechanic of Challenges is relevant to all three player profiles due to its association with
the Philanthropist, Achiever, as well as Free Spirit type, and according to Tondello et al. [20]
there is also a correlation to the Disruptor type. For Profile 1 and 2 Innovation Platforms
seems appropriate. Regarding the differences in the player profiles between the study
programs, adjustments can now be made by giving preference to mechanics that do or do
not have associations with player type. For example, the group of MH students of Player
Profiles 2 and 3 can benefit more from the use of Social Comparison, Social Competition, Social
Status and Social Discovery than the other groups, since they have the strongest expression
of the Socializer indicator.

5. Discussion

The paper presents a comprehensive analysis of the expression of individual player
types in various fields of study. Not only player types that are particularly pronounced were
considered, but also those that appear to be weakly pronounced. Only minor differences
between the fields of study were found, although the use of some mechanics in certain
fields of study seems to make sense as they cover combinations of player types that stand
out in the comparison of the groups. Also noticeable is that female students are more
likely to fall into a cluster in which the Philantropist and Socializer types are positively
expressed and the Disruptor type is negatively expressed. One possible factor could be
the influence of the proportion of female students in relation to the field of study. More
female than male students take part in the MH and NO fields. It could be assumed,
therefore, that more female students in these fields would be assigned to the third profile.
However, this is not evident in the distribution of clusters when considering individual
study disciplines or in the comparison of study disciplines with each other. There are
studies on game mechanics that could be better suited for women than for men. Proposed
mechanics include Customization, Badges, Levels, Guilds, Points, Social Status, Competition,
Consequences, Feedback, and Signposting [32]. While Customization, Badges, Levels, and Points
are not associated with Profile 3 in our results, a few of these mechanics are. For instance,
Guilds, Leaderboards, Social Status and Social Competition are associated with the profile.
The remaining mechanics are not directly comparable to those listed in the study. Therefore,
the results seem to contradict previous studies, and further research is needed regarding
gender-specific suitable mechanics. On the other hand, our results are in line with the
results of Trojanek et al. [23]. Basically, as in their populations, there are differences in
the types of players between different courses of study and genders, with the recorded
gender difference being more significant. Looking at the characteristics within the clusters
and comparing them with the results of Trojanek et al., it is noticeable that mechanics
for the Philantropist, the Achiever, and the Free Spirit are particularly suitable for the
participants of this survey, as they are especially represented in the clusters. There is a
difference here, since Trojanek also identifies the Philantropist as frequent, but in second
place is the Socializer type [23]. This discrepancy can be attributed to disparities in study
populations. The Technical University of Dresden offers humanities and social sciences,
as well as teaching subjects. In the results of this survey, it can be seen that NP students in
Cluster 1 correspond less to the type of Socializer than students of other disciplines.

Furthermore, the deviation can be explained by the use of the cluster method in the
analysis. By considering all types of players, the Socializer is less important than when
calculating the types of players by summing them up. In this case, the Socializer is more
important, since other less pronounced types are not considered.

5.1. Implications and Examples for Higher-Education Teaching

For the use of Serious Games in teaching, these results can facilitate the choice of
the implemented game mechanics, since some mechanics are particularly suitable for the
investigated group. The results of the analysis allow for a prioritization due to the positive
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expression in several player profiles. Noteworthy is that the Disruptor appears in all player
profiles with negative expression, but this player type can influence other players. In the
case of multi-user games, the Disruptor should be prevented from negatively influencing
others [21]. Regarding the effect of individually utilized mechanics described in the intro-
duction, the results allow for two possibilities in practice. Firstly, the implementation of
games with mechanics tailored to the player type, as advocated by Bakkes et al. [18]. This
work provides the added value of reducing the range of suitable mechanics by classifying
students to one of three player profiles with suggested appropriate mechanics. Based on the
presented data, students whose player type is captured by the instrument of Krath and on
Kornflesch [22] or another translation of the instrument can be assigned to a player profile.
Secondly, the possibility of a one-size-fits-all approach remains, using the mechanics that
seem to be suitable for all player profiles in the study. In the following, some examples
of serious games for different player types are described. Let us assume that the learning
content of a programming course is in focus. The one-fits-all approach could be an escape
game, as solving a puzzle could be seen as a challenge to unlock further content. The games
convey learning content by presenting the challenge of solving the puzzles. The game are
designed for a multi-player mode so that knowledge exchange between students is helpful
or necessary. Puzzles that build on each other encourage the Learning mechanics. A game
design that can appeal to players of the first profile is an adventure. It includes earning
a kind of in-game currency by solving programming tasks. Using this currency, players
can progress in the in-game Epic Challenge. Furthermore, it is conceivable to earn currency
by Knowledge Sharing or Trading with the currency or purchased goods and complete tasks
within the game story. The latter can also come from the field of programming lectures.
A quiz seems to be a good option for the second profile, as players of this profile are
motivated by Points, Prizes, Leaderboards, or Achievements. Therefore, a game that sets pro-
gramming tasks rated with points is possible. These tasks can be grouped, and a reward can
be awarded when a certain number of points is reached. This can be combined with a Level
system in which rewards lead to advancement would support the profile. For players of the
third profile, multiplayer games where Teams work together are necessary. Here, designing
a game about solving programming tasks cooperatively in teams is imaginable. By solving
the tasks, the teams can receive Certificates that present their status to the outside world.
To support Gifting and Collecting and Trading, collecting different certificates entitles teams
to help others to gain new status symbols. All three games teach the same content and
implement it partially or completely in the same tasks. According to the literature [15-18],
the motivation and satisfaction of the students can be increased by embedding them in
three different games. The examples described are only rough sketches conceivable for any
lecture topic. As the implementation of each example requires a lot of effort, consideration
should be given to the automated creation of serious games.

5.2. Automated Generation and Further Research

If the results are used as the basis for a system for the automated generation of
Serious Games, this has the advantage that users no longer have to be reduced to one
player type but can be assigned to one of three player profiles. Thus, more than one type
can influence the mechanics used. The combination of six player types to three profiles
reduces the number of mechanisms to be provided and could thus speed up the calculation
process. It also facilitates the calculation of multi-user players, since fewer combinations
are possible here as well. Apart from an automated creation of games, the results of the
paper offer lecturers the possibility to select mechanics for Serious Games or gamification
more specifically, insofar as the students resemble the population of the study.

A silhouette score of 0.42 was achieved, indicating at least a weak cluster correlation.
A higher value could possibly be achieved by a larger sample. The number of participants
surveyed reached a significance level of 95%. However, the survey was only conducted
among students at the University of Liibeck, and due to acquisition via mail, a selection bias
can also be assumed. Further research is conceivable to gather additional data. This should
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be performed across locations to exclude biases due to offered fields of study or other local
distortions. The method described in this work is easy to replicate with current tools and
can be repeated with additional data due to the description provided. The instrument
used is validated in various languages and can be implemented in an online questionnaire.
By collecting additional data and conducting investigations regarding gender distribution,
further results can simplify the selection of game mechanics and customization for individ-
uals. Since adaptive Serious Games align with the current transformation in education [33],
the idea of implementing such games appears desirable. This publication presents possible
approaches and ideas for implementing adapted Serious Games. From a research perspec-
tive, it is interesting to explore how adapted games can be implemented and perceived
by students. In addition to acceptance, outcomes such as motivation, player satisfaction,
and learning effects are of interest. These could substantiate previous findings and psycho-
logical theories through empirical results. Therefore, we advocate for investigating games
in line with this work compared to unadapted games to expand the research landscape.

In the next steps, we plan to design automatically generated adaptive games in a
co-creation process. They will be finalized with suitable mechanics for the profile of the
student, by an automatic calculation. Furthermore, the context in which adaptive LMS and
thus Serious Games are used and accepted by lecturers and students will be investigated.
After a comprehensive context, task and user analysis, a prototype will be built. Based on
this prototype, it will be evaluated whether it is possible for users to play adaptive Serious
Games automatically and independently from the learning content.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/educscil4040352 /51, Tables S1-S5 show the results of the K-Means
Clustering with PCA reported with standard derivatio and variance of all students and for each
group in particular.
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