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Featured Application: A metric to evaluate gaming and educational features of already developed
serious games. This model can also guide the design of new serious games.

Abstract: Serious games have to meet certain characteristics relating to gameplay and educational
content to be effective as educational tools. There are some models that evaluate these aspects, but
they usually lack a good balance between both ludic and learning requirements, and provide no guide
for the design of new games. This study develops the Gaming Educational Balanced (GEB) Model
which addresses these two limitations. GEB is based on the Mechanics, Dynamics and Aesthetics
framework and the Four Pillars of Educational Games theory. This model defines a metric to evaluate
serious games, which can also be followed to guide their subsequent development. This rubric
is tested with three indie serious games developed using different genres to raise awareness of
mental illnesses. This evaluation revealed two main issues: the three games returned good results for
gameplay, but the application of educational content was deficient, due in all likelihood to the lack of
expert educators participating in their development. A statistical and machine learning validation
of the results is also performed to ensure that the GEB metric features are clearly explained and the
players are able to evaluate them correctly. These results underline the usefulness of the new metric
tool for identifying game design strengths and weaknesses. Future works will apply this metric to
more serious games to further test its effectiveness and to guide the design of new serious games.

Keywords: serious games; game evaluation; game design; metrics

1. Introduction

Learning is one of the most important functions for the development of society. Con-
stant innovation and adaptation of instructive tools to new trends are necessary for most
important educational topics, in both primary and university education. One educational
topic concerns video games, which play a relevant role in society as an industry and as a
hobby enjoyed by a large part of the population. Reaching many target audiences through
this medium has proven to be very productive in different fields [1]. Players commit
themselves to a game when they are enjoying the experience and therefore engage with its
educational content (engagement) [2]. Furthermore, assimilating this knowledge through
narrative and fun gameplay is more effective than traditional education [3].

Serious games have been developed on a range of topics within surprisingly varied
fields, from indie games to academic works [4]. Successful achievement of the instructional
objectives proposed in many video games has been demonstrated [3]. However, introducing
a game to the target audience is not enough to achieve the learning aims. If it is not a
fun experience, then the hedonic impulses of users will not be satisfied, so their attention
may be distracted or they may stop playing. If there is no engagement, learning is more
difficult for users. Additionally, if the educational content is not well adapted to the story
or the gameplay, players will not be able to learn. Likewise, the distribution of these
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contents throughout the game contributes to a progressive and an interesting experience.
For these reasons, an evaluation system is necessary to assess the instructional capacity of a
game. Academic metrics or measures on the design of serious games are essential tools for
future research.

A review of recent work [5] shows how there already are some studies that divide the
evaluation in learning and gaming aspects. Some work focused on the learning evaluation
using the Serious Game Design Assessment (SGDA) framework [6]. Other work assessed
the gameplay experience, using the Conceptual Research Model [7], and the Games, Moti-
vation and Learning study [8]. However, these studies usually lack one of the two aspects
of assessment, or do not consider their balance [5]. Another main inconvenience is that
these models offer only qualitative analysis, not allowing a score for the resulting design.
Therefore, the objective of this paper is the development of a tool that researchers and
educators may use to quantitative value a developed, serious game.

The Gaming Educational Balanced Model (GEB) is developed from the Mechanics
Dynamics Aesthetics (MDA) framework [9] and the Four Pillars of Educational Games
(4PEG) theory [10]. MDA is focused on the gameplay elements, but it overlooks a game’s
educational content, and in addition to that, it is not developed for design evaluation con-
tent. The 4PEG theory does evaluate playability and learning aspects in a generalized way.
However, this study lacks a detailed evaluation of both aspects and the balance between
them. Moreover, it has no easy-to-follow rubric, leaving the scoring to the evaluator’s
personal decisions and experiences.

The main novelty of the new GEB model is that it overcomes these limitations. The GEB
model can be used to evaluate the instructional capacity of the game from all perspectives.
Compared with previous models, it assigns similar importance to both fun and learning
content; the scores of each section are of equal value, and in addition, their distribution and
the balance between fun and learning are also rated. This new model defines all the features
a game needs to engage a player and to adapt its instructional capacity accordingly. The
result is a metric or measure for immediate use to evaluate serious games as educational
tools. In addition, as a result of the description of each feature that forms a serious game,
the GEB model can also be used as a guide. Designers can follow the indications of each
feature in their high scores to know how to implement each ludic and educational element
in their serious game.

As well as proposing this model, the new measure was tested by one of the authors
and 36 volunteers, applying it to three indie serious games to evaluate their instructional
capacity. The number of games was decided due to the available volunteers, so that each
one had 12 completed surveys. These three games were chosen because of their aim to
raise social awareness about mental illnesses, since volunteers study degrees dedicated to
media. This is a promising field of application, although the production of serious games is
still very limited [11]. For this reason, indie serious games were searched for on the Steam
platform, following two criteria, and the ones that best fit were chosen. First, each one
is based on a different genre (puzzle platform, graphic adventure and survival horror),
giving insight into possible contrasts between the gameplay and the educational content.
Furthermore, the game experience is limited to a few hours, so its effectiveness could easily
be verified in a workshop.

This paper will be structured as follows: In Section 2, the MDA and 4PEG models
will be described as the foundation for the development of the measure in the GEB model,
besides a definition will set out every GEB model section and an explanation of the adapta-
tion of some features and the removal of others; an explanation of the results of applying
the GEB model to the three indie games will be detailed in Section 3; finally, the conclusions
and future lines of work will be presented in Section 4.



Appl. Sci. 2022, 12, 11757 3 of 25

2. Materials and Methods

Section 2.1 introduces the base frameworks of the GEB model, the 4PEG and the
MDA, and the sections into which they are divided. Section 2.2 begins by explaining how
these sections have been adapted in the GEB model in order to evaluate all aspects of a
serious game with their optimal scoring. Then, Sections 2.2.1–2.2.3 develops the Game
Overview, Educational Content and Overall Balance headings of the GEB model, with
all the features that compose them. These are mostly derived from the 4PEG and MDA
frameworks, which are explained and further developed with the help of the most current
and relevant literature.

2.1. Previous Serious Games Studies: MDA and 4PEG Models

To start developing the GEB model, a literature review was carried out on previous
studies that had developed quantitative metrics for serious games. The chosen terms were
“serious games AND metric OR rubric”. Scopus gave 241 results, while Springer showed
397. However, the screening process of these 638 results only resulted in one eligible option:
the 4PEG theory [10]. There were some studies [12,13] that compiled important elements of
game design, but none offered a quantitative metric to measure them and, therefore, they
were not useful for this paper.

The 4PEG theory considers both educational content and gameplay. The author also
developed the Magic Bullet concept, that explained the need to find the right balance
between the game context and the learning context [14]. Finally, available resources for
classroom applications are also taken into account. The theory establishes a set of measures
for the different components, resulting in a total score out of 100 that values the instructional
capacity of the game.

The model also classified four categories of learning: (1) Things that the game devel-
opers deliberately design and that can be learnt; (2) things that must be learnt to achieve
the goal of the game that will usually be a subset of the first category; (3) external learning
outside of the game; and, (4) coincidental learning, which includes any other knowledge
triggered by the game. The purpose of this theory was to perform a structured analysis
through its components and subsections that are shown in Figure 1. The results consti-
tuted an assessment of both commercial and serious games and their potential as learning
instruments within the classroom. The percentages evaluated in the 4PEG theory are
explained below.

Figure 1. Component of 4PEG Model.
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The fun of the game and the gaming experience was rated under the first pillar:
Gameplay and Aesthetics. This section represented 30% of the overall rating and was
considered important, because, if the player feels no pleasure, engagement with the game
will be harder. The total percentage was divided between six aspects, each of equal
value. Any surprising content and general adaptiveness to the genre was measured under
Content and Originality. Every possible action that the player can perform, its logic and its
difficulty were assessed under Game Mechanics. The transition throughout the story and
the different levels were rated under Game Progression. The attractiveness of the graphic
display and its appeal for the game genre and type of desired player were valued under
Artistic design. Settings and Characters refer to the adaptiveness of these components to
the total experience. Audio refers to a review of the adjustment of music and sounds to the
gameplay and represents an evaluation of its appeal to the player.

These aspects of the gameplay, although not wrong, were not well defined according
to the most current research. For this reason, it was decided to replace this section with
the MDA framework [9]. Game design tends to refuse a common methodology for the
development of serious games. However, a recent study [15] defines MDA as the closest
approach to a unified framework. This theory defines the main characteristics that affect
the gameplay and its engagement from the perspectives of both the designer and the player.
The objective is to elicit emotional responses that assist comprehension of the learning
content. The layers that form this model are: (1) mechanics: all possible player actions
and their representations; (2) dynamics: predictable runtime behaviors that emerge from
mechanics; (3) aesthetics: audiovisual responses that evoke emotions in the player [15].
Other works have been determining which elements are needed in these three layers,
such as the Dynamical Model of Gamification of Learning (DMGL) [16]. This work links
every MDA feature to the sensations required to attract users. Furthermore, the DPE
framework [17] added the technology and User eXperience (UX), essential for player
interaction, to the MDA [9]. Although these studies are not dedicated to the evaluation of
serious games, they do identify all the engagement features that are necessary.

The three following pillars of 4PEG are part or the educational overview that accounts
for the remaining 70%, as shown in Figure 1. The Educational Content pillar that accounts
for 30% of the overall score was also divided into another six equally valued features.
Instructional Strategies are focused on how well the gameplay is adapted to the intended
learning outcomes. Instructional Design covers all the game elements that engage with the
proposed problem, activate the knowledge to solve it, and demonstrate, use and integrate
the new knowledge. The inclusion of the learning aims in the content was measured under
Objectives. The extent to which the desired learning outcomes formed part of the required
interactions during the game was rated under Integration. Accuracy was centered on
measuring the reliability of both the concepts and the principles that are needed to achieve
the goal. Assessment is part of the game system that measures the ability of the player to
achieve the objectives.

The third and fourth pillars both account for 20% of the total score that is distributed
equally in four sections. The layout of the game in terms of the educational resources
available to both professors and students is assessed under Teacher Support. In this section,
the existence of Guides with the content and process description are evaluated, as are
Plug and Play materials that include lesson plans. Any additional information specifically
for teachers was rated under Supplementary Resources. The creation of digital forums
for sharing ideas and experiences was rated under Community. Finally, the Magic Bullet
Rating reflected an evaluation of the balance between different kinds of learning. Overall
Balance was focused on the relationship between the four pillars to achieve the game goal.
Can Learn vs. Must Learn is a rating of the inclusion of these contents within the actions in
the game. Time spent on the game in relation to the learning purpose was assessed under
Operational vs. Educational. Finally, an appropriate balance between learning and fun was
assessed under Educational vs. Discretionary.
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2.2. Gaming Educational Balanced Model

The GEB model was developed from the 4PEG Model structure. Nevertheless, 4PEG
does not have interrelationships and percentages justified by serious games design research.
So, the GEB model reviewed and modified the total percentages of each section. These
changes respond to a search for recent studies [3,16,18–23] that demonstrate the importance
of balancing gameplay and educational content. In addition, the relevance of the elements
that compose them was also analyzed to give them the appropriate ratios.

While 4PEG is divided only into Game Overview and Educational Overview, the GEB
model adds a third section: Overall Balance. In 4PEG theory, the balance between both
sections responds to the Magic Bullet concept [10] and enters into the Educational Overview.
However, several studies [21,24,25] have shown the need to add a third perspective. A
game can be fun and engaging on the one hand, and properly introduce educational content
on the other. Moreover, if these contents are not distributed in time and in the gameplay,
motivation is reduced [26] and the player’s cognitive load is increased [27]. Therefore, this
section is relevant, although it does not have the same importance as the two main ones.

The new measure, called the GEB metric, distributes the percentages in the same
measure for Game and Educational Overview. This decision follows the line of several
studies [20,25,28,29] that have developed theories about the need for a balance of serious-
ness and playfulness in game design. Furthermore, this perspective is not only shared by
researchers and designers. Players perceived the same needs in their engagement with
learning and play [22,30,31]. Therefore, Game Overview and Educational Overview receive
40% of the total percentage each. While Overall Balance keeps 20%, which is half of the
previous ones, but still receives 1/5 of the total score for the effect it causes. The changes
between the 4PEG and the GEB ratios can be seen in Figure 2.

Figure 2. Comparison between 4PEG Model and GEB model.

The distribution of Game Overview has given 10% to its four sections: Mechanics, Dy-
namics, Aesthetics, and Technology and UX. Both in the definition of the MDA framework
made by Hunicke et al. [9] as in its later use by numerous studies [15], the relevance of each
layer has always been equivalent. Each feature has many elements that are essential for
player engagement and cannot be prioritized over others. In the same way, Technology
and UX has been a section that later models [9,17,32] have added as the fourth pillar of
gameplay. This feature contemplates the direct perception of the player’s motivations and
acquires the same importance [33].

Educational Overview gives different percentages to its two sections: 10% of the score
to Instructional Strategies and 30% to Motivational Design. In the game design research
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on the application of learning, the relevance given to these two sections is distinguished.
Although the construction of the learning context is important, the aspects directly related
to the motivation created in the player determine the level of learning [34]. Motivated
users feel less pressure and emotional exhaustion [35]. They are also more willing to learn
and give more value to the experience, paying more attention and getting more positive
reactions [36]. Therefore, it is concluded that Motivational Design has three times the
score of Instructional Strategies due to its need to not burden the players and help them
learn [37]. Within Motivational Design there are five different features and each one receives
an equivalent 6% of the score. The game design theories that focus on this educational
design [20–23] give the same relevance to all its contents.

Finally, the Overall Balance is split into two subsections quantified both as 10% of the
total score: Learning and Fun and Can Learn vs. Must Learn. The equitable distribution
responds to the cognitive and emotional needs of the player since the game and educational
features must be applied in a stable and flexible way [25]. In this perception, its inclusion
in time is as important as the differentiation of knowledge between its mechanics [21].

Once the main sections of the GEB model are obtained, the design characteristics that
each feature must have are defined. These are obtained from the same studies that have
made it possible to establish the ratios [3,9,16–26,28,29]. The features are listed and the
information between studies is compared to obtain their particularities. As the GEB metric
is part of the 4PEG, the elements are also compared between them, resulting in them being
adapted, added or eliminated for the definition of the metric. When the final features
are obtained, Sections 2.2.1–2.2.3 explain the game design needs following the analyzed
bibliography. As a result, the GEB metric is obtained to measure serious games, and serve
as a guide to design and to develop new serious games using the optimal features that
have been described.

The metric and rubric for applying the GEB model to any game are attached as
Supplementary File S1, and an overview can be seen in Table 1. The following headings
summarize every attribute and its necessary characteristics that fulfil the goals of a serious
game. These evaluation characteristics arise from the development of each feature that
occurs in Sections 2.2.1–2.2.3. The correspondence with each point is indicated in each one.
Likewise, the summary of possible scores that a serious game can have in every feature are
shown under the Punctuation heading. The exact assignment of the score of each attribute
is explained in Supplementary File S1.

Table 1. Summary table of GEB Model.

Section Feature Punctuation Evaluation

Game Overview

Game Mechanics 10/8/5/2/0

Levels, missions, rules, abilities, scores and leaderboards. Prizes
and objects that are received when the objectives are achieved,
as well as the responses of the characters, the choices of the
players and the audios and videos.

Game Dynamics 10/8/5/2/0

Progressive difficulty, time patterns, possible strategies and
scheduled rewards. Missions or characters to interact with,
besides objects that can be unlocked or explored, and the
possibilities of competition and cooperation.

Aesthetics 10/8/5/2/0 Emotions such as love, beauty, friendship, delight, surprise,
honor, laughter, envy, drama, chills or surprise.

Technology and User
Experience 10/8/5/2/0

Interface must motivate to play and be pleasant, also offering
decision-making, self-perception of the actions and objectives of
the game to give a sense of control. Everything in the short and
long term.
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Table 1. Cont.

Section Feature Punctuation Evaluation

Educational Content

Instructional Strategies 10/8/5/2/0

Tests to acquire knowledge that avoid genres associated with
learning, and introduce educational content through gameplay
and narrative. In addition, the gameplay must be more relevant
than the educational part.

Backstory and
Production 6/5/3/1/0

An interesting plot, that does not interrupt the fun to introduce
the educational content, and that allows to choose its
development.

Realism 6/5/3/1/0
Realistic graphics, sounds, and dynamics are engaging and help
to focus. There are avatar customization options, and character
interactions are expressive.

AI and Adaptivity 6/5/3/1/0 AI or game interactions adapt features and difficulty to
the player.

Interaction 6/5/3/1/0
Interactions are easy and motivating, taught in a tutorial and
progressively more complicated. In addition, there is
collaborative interaction.

Feedback and
Debriefing 6/5/3/1/0

Feedback comes through rewards and character interactions.
The teacher can help during the game, and a debriefing
takes place.

Overall Balance

Learning and Fun
Balance 10/8/5/2/0

It’s fun while educational. Additionally, learning content is
distributed throughout the game’s narrative while the controls
become progressively more difficult.

Can Learn vs. Must
Learn 10/8/5/2/0

Important learning is implemented in the main objectives.
There is extra learning that is introduced in the exploration
possibilities. There is not a large volume of information to
distract from the game.

2.2.1. Game Overview

This section lists the different characteristics associated with the gameplay. Each one
affects the capacity of the game to engage players towards achieving the proposed goals.
Three of the four subsections are based on the MDA framework [9], that classifies the main
components of gameplay. The labels relate to the 4PEG model Game Mechanics and Artistic
Design and Audio, presented by Aesthetics, as shown in Figure 3. In addition, there is
another subsection on Technology and User Experience. This aspect has been added to the
Game Overview, due to the effect experienced by the player in their interaction with the
technology [38] and the interface [39,40].

Figure 3. Adaption of 4PEG Model Gameplay and Aesthetics to GEB model Game Overview.
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The requirement of the user’s intrinsic motivation to play a game must be emphasized
in any explanation of the importance of these features [23,36]. Introducing the correct
gameplay elements in the experience will turn a serious game into a successful and a fun
experience. The GEB model defines the MDA subsections in line with the DMGL theory
of Kim and Lee [16]. These authors determined the game components that elicited the
emotions under each label to engage the player. According to Malone [41] these emotions
or feelings are the key characteristics of a learning game (KCLG): challenge, curiosity and
fantasy. Challenge is created by having clear goals that are relevant to the user. Curiosity
is promoted using the game mechanics and aesthetics for immersion in the narrative.
Fantasy is the environment that evokes mental images that activate emotions and logical
thought processes. Malone and Lepper [42] added another characteristic derived from
the correct application of the previous ones: The sensation of control, a feeling of greater
self-determination that a learner progressively experiences.

Game Mechanics

The first MDA subsection, Game Mechanics, encompasses the game components that
manage actions, behaviors and control. Subsequently, dynamics and aesthetic experiences
are created for the player [9]. The characteristics of the mechanics of the game, which
create the challenges for the players, are related to a sense of difficulty. These factors are
levels, objectives and missions, rules, abilities, scores and leader boards [43]. The features
of mechanics offer rewards and feedback that build up the fantasy of the story [36]. Medals,
prizes, and in-game items that are received when the objectives are achieved, together with
character responses, player choices and the audios and videos that are displayed [16].

Game Dynamics

Following the MDA framework, there are Game Dynamics. This layer can be described
as the systemic patterns of behavior when using mechanics during the gameplay. In turn,
dynamics create aesthetic experiences that the player selects during the game [9]. The
characteristics of Game Dynamics are related to the proposed challenges and the responses
of these patterns to the player actions [25]. Its components include difficulty progress, time
patterns, possible strategies, programmed rewards and relationships with the features of
mechanics [16]. The features of dynamics arouse curiosity, pointing as they do to new
objectives and possibilities within the game environment [23]. These can be missions or
characters with which the player must interact, items to unlock or explore, competition and
cooperation possibilities [24,35].

Aesthetics

The last MDA subsection is Aesthetics [44], which includes all the emotional responses
evoked in the player by the visual and audio components. From the player’s perspective,
aesthetics defines the dynamics and the operable mechanics [9]. The features of Aesthetics
are responsible for creating a sense of fantasy, due to the arousal of positive and pow-
erful emotions that are associated with love, beauty, friendship, delight, surprise and
honor [45,46]. Its features also relate to curiosity, adding either a positive or a negative
perspective, by calling attention to the factors that can provoke them in the game. Among
such sensations are laughter, envy, drama, shuddering and surprise [47].

Technology and User Experience

The last subsection in the Game Overview is Technology and User Experience. The
Technology layer corresponds to the software and hardware tools that enable user in-
teractions with the game. These features determine the development and design of any
game from the beginning of the process. Likewise, the UX layer is mainly affected by the
Technology layer [9]. The UX component can be defined as the effect on the perceptions
of each player during interactions with the game interface [39,40,47]. User Experience is
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based on both the graphical interface of the device in use and the experience of player
interaction through that interface [48].

A serious game that offers a positive UX must have the pleasure factor carefully
balanced with the fun factor, in both the short and the long term [33]. There are four aspects
to take into account: motivation, choices, usability and aesthetics [44]. An initial interest in
the pleasure of interaction maintains motivation in the short-term and the offer of rewards
prolongs it in the long-term [32]. Choices define the game structure and the rules that
players have to follow to make decisions. Among others, these can be short-term tactics
and long-term strategies, requiring greater skill [49]. The following feature is usability that
facilitates the self-perception of actions and objectives in the game. User Experience is
designed to give a sense of control over immediacy and the option of mastering the game
in the long-term [47]. Finally, the interface aesthetics relates to all the visible elements that
the player experiences. These must be pleasant from the beginning and they continue in
this way as the game progresses [50].

2.2.2. Educational Overview

The Educational overview section evaluates the inclusion of educational content in
gameplay. Its aim is to create interesting, positive and didactic experiences for users
defining certain components and rules in the game development. The educational metrics
are divided into Instructional Strategies and Motivational Design. Instructional Strategies
relates to the adaption of learning content to the gameplay [47] and is similar to the 4PEG
Model section. Motivational Design replaces the 4PEG Instructional Design, as shown in
Figure 4, so that the five aspects that respond to most of the educational ratings are fully
covered. Each aspect presents an assessment of the game components that stimulate the
attention that players lend to the instructions [20–23].

Figure 4. Adaption of 4PEG Model Educational Content to GEB model Educational Overview.

Instructional Strategies

Serious games are principally designed on the basis of constructivist theory [51,52].
This kind of instruction centers attention on the knowledge a person already possesses [10].
The game context therefore introduces the player to an unfamiliar environment that can be
explored and where personal skills can be tested. The learning takes place while applying
previous knowledge or acquiring new knowledge to resolve a conflict [53]. According
to several authors [52,54–56], a very effective way to motivate this game confrontation is
through the introduction of competition. Playing against other people engages the user to
the gameplay. Nevertheless, if contests are not permissible due to the technology or the
learning goals, a time trial will always be an optimal solution [3].

The Kaufman and Flanagan [18] embedded design for prosocial games is another
strategy upon which the GEB model is based. This model could be applied to every serious
game whose aim is to change behaviors or prejudices towards social matters. The authors
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explain how to introduce social learning content to the players. Firstly, it has been shown
in several works [57–59] that instruction on real-life social problems should not be directly
approached. It is likely to trigger psychological defenses within the user that can block
the persuasive aim or even inspire beliefs that are contrary to the intended outcomes.
Embedded design is instead based on the premise that hiding educational social content
within the game makes the player more receptive to the learning process [60].

There are many ways to insert social contents within embedded design. The first is to
intermix non-focal educative and fun messages through mechanics and narratives. Addi-
tionally, it is demonstrated in this study that these kinds of content should be unbalanced.
When playful topics are more numerous, instruction is better hidden so the learning results
improve [24]. The second strategy is to disguise the true objective through a particular
video game genre. Quizzes and puzzles are associated with educational content, less so
adventure and platform games. Designing experiences in which the gameplay and the
narrative stand out creates a safe perception for the player to accept the learning [18].
Finally, another way to hide the educational content is by distancing the narrative from real
life issues [61]. Representing problems in a more abstract story, including fantasy elements,
better immerses the player in the game, circumventing any possible negative reactions
towards the learning process [47].

Motivational Design

This subsection evaluates how players are motivated to learn based on the Attention
Relevance Confidence and Satisfaction (ARCS) Model [62]. This theory explains the main
features that need stimulation so that users will focus their attention on the gameplay
and achieve the educational aims. Attention activates player responses when educational
incentives are offered [36]. Relevance is achieved when the game manages to relate the life
experiences of a user to the learning content [37]. Confidence is built up, so that the player
feels a positive expectation of their capability to complete the game tasks. If the player can
prove both the knowledge and the skills that have been acquired, then satisfaction will also
be felt in the final learning process [35].

Following the review of Ravyse et al. [3], Motivational Design is divided into Back-
story and Production, Realism, Feedback and Debriefing, Artificial Intelligence (AI) and
Adaptivity and Interaction. Their review of serious games literature summarized five main
factors to improve educational impact. These factors are included in this subsection as they
are equitable with the stimulus proposed in the ARCS model; some of them are connected
to the 4PEG Model Educational Content characteristics. Backstory and Production are
similar to the 4PEG Integration, in so far as these activities define how the learning content
is embedded in the game. Realism is close to Accuracy because this feature relates to edu-
cational adaptation within the gameplay. Lastly, Feedback and Debriefing is comparable
to Assessment, due to the focus on the player assuring the learning content. On the other
hand, AI and Adaptivity and Interaction elements are totally new in this GEB model.

• Backstory and Production

Story is one of the main elements in any game, an essential part of the GEB model.
This feature can be defined as the sequence of either linear, or branching or emergent events
during the game [38]. Story is based on a main plot within which the game experience
progresses and likewise the story gathers together all the strands in the narrative such as
the environment and life events [63,64]. Each component engages the player, stimulating
their discovery throughout the games that involve learning [65,66]. However, this knowl-
edge must be appealing and integrated into the story without interrupting the fun [67].
Otherwise, players may become frustrated and if they stop playing, then the educational
aim will not be achieved [68,69].

The conflict can be resolved by ensuring that the learning competences also progress
throughout the game [65,66,70,71]. Moreover, linking the reward system (mechanics) to the
desired educational outcomes will reinforce player engagement [72]. Another important
aspect that motivates players is the ability to explore the story and as it develops choose
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between options [67,73,74]. Knowing the player’s desire to control the game, the developer
team should adapt its possibilities to the learning style [75]. Some optimal tools would be
to offer dialogues with multi-responses or scenario variations [3]. Finally, in addition to its
attractiveness, the storyline must offer a fitting context to the educational material [51,65,76].
Otherwise, an extra-cognitive load will be added, decreasing the level of immersion.
If reality cannot be reflected in the game, abstractive narrative may be necessary [25].
However, this variation will not be a problem, if it also serves to stimulate the player’s
intrinsic motivation to continue the game [3].

• Realism

Realism can be defined as fidelity to the physical, functional and psychological dimen-
sions. In the game, it is represented by graphics, sounds and dynamics which correspond
to the real world [47]. There is no consensus within academic circles over the importance
of quality representation for learning. Nevertheless, a strong dependence on age is evident:
children like artistic graphics and adults prefer physical fidelity [3]. Regarding this issue,
various authors [47,76,77] support focusing the realist graphics, sounds and dynamics on
the learning contents to prevent any distraction.

Realist aspects also involve stimulating a desire in the player to create a personal
avatar [67,68] as a reflection of themselves [78]. It reinforces the user’s sense of relevance
in the game and immersive learning [79]. Although customization may be difficult to
integrate in the development of a game, one advisable option is to offer a range of eligible
characters with different appearances [3]. Another concern is the engagement with Non-
Player Characters (NPC). The way the NPCs communicate and play different roles will
affect the user’s attention. Rather than textual dialogues, players prefer voice dialogues
that introduce a heightened sense of realism [80]. People are accustomed to instructions
communicated through intonation and facial expressions [81]. Therefore, user engagement
is encouraged by showing NPC emotions and communicating through natural language
and voice instead of text [23].

• AI and Adaptivity

Artificial Intelligence (AI) will adapt the game to the player’s actions [3] through its
agents both in an immediate and in a goal-directed way [82]. Adaptivity responds to the
user’s profile [83,84] and activity that is tracked and recorded on a database, activating
programmatic flags to adapt to the choices [85]. This aspect is essential to guide players
through the game and make the learning more effective [86–88]. The least intrusive adapta-
tion is to use NPCs to provide the necessary feedback [76], so that the immersive experience
will not decrease. Moreover, the sense of enjoyment is greater when these reactions turn
out to be natural and customized [23,89]. Another aspect is the difficulty of adaptation that
depends on the player’s ability to avoid any frustration [90]. Once again, the development
possibilities must be taken into account [91], nonetheless some multi-choice gameplay
variations should be offered [92].

• Interaction

Playing games is based on Interaction. Players perform an action and the game
responds accordingly through the audiovisual interface, instigating the next action. Com-
plicated interfaces that frustrate players [72,93] and induce additional cognitive load [55,94]
are not appropriate for serious games [79]. In various studies, it has been shown that
the mechanics controlling the interface should be as direct and easy to learn as possi-
ble [52,85,95,96]. In this way, the interface should easily show both the status and the tools
that are needed to progress and learn from the game [97]. Moreover, different experiences
show that the game should include a tutorial level so that players can learn to handle
the interface [67,81,98,99]. Subsequently, the game should progressively complicate the
interactions [65,71] to challenge player skill levels [100]. In addition, collaborative playing
through player interaction leads to successful learning. Sharing tactics and solutions to
solve conflicts can also increase learning. This exchange can be implemented through chats
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and voice communication, unless the application is impossible, in which case the sharing
may take place during the debriefing [3].

• Feedback and Debriefing

Feedback is presented in two different ways. First, within the game through the NPC inter-
actions and reward mechanics which produce an immediate cause–effect response [25,70,80].
The player experiences progress through these exchanges and becomes more competitive,
wishing to unlock more content [72,83,101,102]. In the inclusion of feedback, it is important
to consider the target audience to which the serious game is directed. If among these there
are people with disabilities or special needs, designers must adapt games and learning
content for them [103].

Second, the context in which the game is played is relevant, since it accepts the pos-
sibilities of feedback [104]. Real-time teacher support should be introduced, to enhance
in-game feedback [105]. The ideal way would be to facilitate a teacher avatar that com-
municates with the players through an in-game chat [54,84]. Debriefing is the second
way feedback can be offered; an informative after-game session with all the players [24].
Educational content may be discussed at the meeting, helping to process the knowledge
and to consolidate it once acquired [106]. If the progress-tracking has been recorded, these
data will be very useful to identify common trends and problems [3].

2.2.3. Overall Balance

Overall Balance is the last section of the GEB model. This metric reflects an evaluation
of the interrelation between the Game Overview and the Educational Overview once
both have been considered. The balance between the fun and the learning context gives
important information to consider the serious game impact. This section particularly
guarantees the proper distribution of all contents. Overall Balance is based on the 4PEG
Magic Bullet Rating subsection [10]. Nevertheless, the GEB model rating is focused on only
two features, as shown in Figure 5. The first one adapts the 4PEG Overall Balance content,
but renames it according to the Learning and Fun Balance. This aspect evaluates equal
distribution and impact of the gameplay and educational elements. The second feature
preserves the Magic Bullet name: Can Learn vs. Must Learn. The metric is related to the
types of learning and their introduction in the different game actions [25].

Figure 5. Adaption of 4PEG Model Magic Bullet Rating to GEB model Overall Balance.

Learning and Fun Balance

The balance between learning achievements and gaming is measured in this subsection.
A perfectly balanced game will manage to apply most of the elements that were described
in the Game Overview and the Educational Overview. As a result, the player will acquire
the necessary knowledge and at the same time, enjoy all the gameplay interactions [10].
However, if the game cannot be considered fun in every interaction, the player must at
least be engaged. For this purpose, narrative and mechanics will be applied, so that the
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game evokes the curiosity, fantasy and challenge emotions that lead to control over the
game [16]. The time taken to adapt to the learning and to the gameplay is another element
that must also be considered [21,24]. The educational contents must therefore be equally
distributed throughout the game [26]. Likewise, the controls that must be mastered will
progressively increase in difficulty. Losing a good balance could lead the player to quit the
game and never achieve the learning goals [27].

Can Learn vs. Must Learn

The Can Learn vs. Must Learn feature measures the distribution of the different
kinds of knowledge throughout the game. On the one hand, the learning that the players
must acquire should be embedded in the interactions that are necessary to complete the
game. If the basic narrative and gameplay actions include these contents, then the game
is educationally well designed [21]. In contrast, there is a type of learning that can be
acquired, although it is not essential for the educational aim. Content inclusion of this sort
responds to the player’s curiosity to expand the context. The Can Learn knowledge should
be included within the exploration possibilities of the game [25]. By no means should
most of this content that might distract the player appear in the mandatory actions. In
addition, a good serious game design should balance both types of learnings. The Can
Learn content should not be more than the Must Learn content, otherwise the player will
spend too much time on the game. Likewise, restricting the Can Learn context might leave
the user unsatisfied [107].

2.2.4. Omitted Issues

The 4PEG model sections that were removed from the GEB model, rather than adapted
to it, are discussed under this heading. The reasons for these decisions in favor of removal
were based on the inclusion of these contents in other GEB features with pre-defined design
needs and metrics. Keeping these aspects might have proved repetitive and confusing.

The characteristics erased from the Gameplay and Aesthetics section were:

• Content and Originality. Evaluated under this point are the appropriateness of the
genre for the educational goal and the originality of the game compared to others.
These characteristics have previously been explained in the GEB Instructional Strate-
gies section.

• Game Progression. This paragraph measures the difficulty of transition throughout the
gameplay. The aspect is included in AI and Adaptivity, belonging to the Motivational
Design section.

• Settings and Characters. This feature relates to the adaptation of the game elements to
the learning content and type of player. The Educational Overview evaluates these
characteristics in the Backstory and Production and Realism guides.

The only non-adapted aspect in the 4PEG Educational Content section is the following:

• Objectives. This point does not correspond to any of the ARCS model features which
are described in the Motivational Design subsection. On the contrary, this aspect
is related to the explanation of the contents in the Instructional Strategies section.
The objectives are used to evaluate the adequacy of the game for its purpose and its
adaptability to various contexts.

The 4PEG Teacher Support section was completely removed from the GEB model.
Becker acknowledged in his study that teacher intervention was not essential for a serious
game. It would make little sense therefore to allocate 20% of the total rating to it in the GEB
model. Likewise, the Feedback and Debriefing feature already deals with possible teacher
support and the discussion of the acquired knowledge between players.

The following subsections that correspond to the 4PEG Magic Bullet Rating were
also removed:
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• Operational vs. Educational Learning: For the evaluation of learning, its evolution
and its adaptation to the learning goals. These characteristics are evaluated under the
GEB Instructional strategies and AI and Adaptivity sections.

• Educational vs. Discretionary Learning: An aspect that regards the ability to keep the
player engaged with the experience to achieve the educational aim. These features are
determined in the Backstory and Production process.

3. Results
3.1. GEB Metric Evaluation and Analysis Process

In this study, having defined the metrics, the three indie serious games designed with
a social purpose in mind were all tested. These study cases are recent and well-known
video games and have been acknowledged for raising awareness of various mental illnesses
among players. Each narrative of the experience, its playability, and the mental illness it
covers are explained in Supplementary File S2. The three games have also been chosen
be-cause each case develops a different video game genre, so their adaptation to learning
can be assessed. Furthermore, these are short experiences that volunteers could evaluate
in a brief period of time. The survey results helped to explain which elements were to be
measured in each section to choose the score. Moreover, these included personal questions
on their hobbies for video games, their experience with each game, as well as any weak
and strong points that they might like to highlight.

A total of 12 surveys of each game were performed with student volunteers from
Burgos University, within an age range between 21 and 34 years old and with an equitable
gender distribution. With this group, it was expected to have a spectrum of people with
a greater or lesser habit of playing video games. This was because previous studies have
determined that skilled players perceive learning better [108], while people less used to
playing require more feedback and perceive the gameplay as more complicated [27].

The students played each game for at least an hour to appreciate the gameplay and
educational content and to score its characteristics with the GEB metric. Results were
entered in a supplementary Excel spreadsheet and Supplementary File S2 presents the
analysis of the three games. First, one of the authors considered their gameplay, educational
content and general balance to measure their suitability as educational games. In addition to
the merits and weak points that were found, changes and improvements were suggested for
serious games development in the future. Initially, the volunteers scores were interrelated
with their personal variables of age and gender. No relationship was observed, so the
analysis was carried out with the entire group of evaluators in each game. Following this,
their results were reviewed and compared with the scores of the author, highlighting the
similarities and differences, with accompanying explanations.

This metric falls within user research, so Sauro and Lewis [109] recommendations
on the statistical study of the results were followed. The decisions made were based on
the type of metric, which is a standardized questionnaire with a specific format and pre-
established scores on a scale of 5. Its content validity originated from Section 2 through the
review of the literature. On the other hand, its construct validity was ratified with statistical
procedures to discover or confirm clusters of related items.

This is an experimental study that seeks to validate the usefulness of the metric and
not the games on which it is applied. For this reason, there are certain statistical procedures
that were discarded. Users have played the games and completed the entire metric, so the
results for all features were valid and no confidence intervals or completion rates were
needed. There was also no A/B test between different games because they do not require
a competitive analysis and all users played at the same time, so it was not a variable
to take into account. Lastly, they were not a continuous means on which a t-test could
be performed between samples or users. The procedures that were performed and are
explained in Section 3.2 were mean, deviation, correlation, regression and ANOVA.

Although some of the previously cited statistical analysis might not be useful in
this study, some procedure should be followed in order to ensure that the concepts to



Appl. Sci. 2022, 12, 11757 15 of 25

be evaluated in the metric which are closely related (e.g., Aesthetics with Realism or
Technology and UE with AI and Adaptivity and Interaction), were not confused by the
final users. To assure that the evaluated concepts were clearly explained in the GEBs
metric questions and users were able to distinguish them (doing a proper evaluation) some
statistical and machine-learning validation was performed on the results of the games
evaluation and their results are collected in Section 3.3.

3.2. Analysis Results of GEB Metric

The analysis begins with the expert’s evaluation of each of the games and their
features, which can be found in Supplementary File S2. The scores between sections varied
significantly, although the total result was close, 51 for Sym, 48 for Actual Sunlight and 60
for Neverending Nightmares. Regarding the different sections, Game Overview generated
significant outcomes: different genres and development capacities might attract more
players due to the gameplay. However, all three games failed the Educational Overview
test, as Figure 6 shows. This result might have been expected, since these games are not
developed by expert educators, although the stories introduce real experiences with a
learning aim. In addition, none of these video games were designed within a workshop,
so the Feedback and Debriefing score was low. Moreover, indie games also focus more on
gameplay because the ultimate goal is selling. In any case, the Overall Balance, depending
on the game, showed that if the player is motivated by the topic, then these tools are
useful for learning. Likewise, applying the GEB metric proved useful for identifying
the weaknesses which could be reinforced in similar serious games developing the same
learning content or genre.

Figure 6. Expert’s results of all 12 features from the three games.

Regarding the surveys and, since the sample for each game was small (12 users),
the mean value is the most suitable to estimate the results average, because it has less
error and bias than the median. The average scores attributed to both the respondents
and the author were relatively similar, both in their sections and in most characteristics
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as Supplementary File S2 explains in detail. This resemblance means that a user who
experiences a game and rates it with this metric will be able to discern its educational
merits and weaknesses. However, the standard deviations resulting from these surveys
were quite high values, because the scores were within ranges. These data provide little
information unless a feature is outside the set limits.

Nonetheless, it was evident from the results that the personal circumstances of each
evaluator could affect the different scores. In the Game Overview section, mechanics score
dropped when the gameplay was difficult (e.g., the platformer Sym game), as previous
studies determined [27]. On the other hand, if the game genre did not challenge players,
the dynamics score decreased. The Game Overview score can also fall when aesthetics did
not respond to the evaluator’s personal tastes regarding the graphic style, as the pixel art
Actual Sunlight game showed. In the Educational Content section, the surveys showed that
several evaluators never completely finished the games (since these required more than
one hour). Therefore, Educational results determined the need for full access to the game’s
story in order to evaluate the inclusion of learning in the narrative. Likewise, respondents
valued that the game genre was not associated with learning, such as the survival horror
Neverending Nightmares. It was also seen that those players who appreciated the gameplay
for their experience also valued the Educational Overview more, as other studies have
highlighted [108]. In the Overall Balance section, the ease and habit of playing also affected
the Learning and Fun feature. If the game is difficult or, on the contrary, too simple and
repetitive, the mean drops. Finally, Can Learn vs. Must Learn feature depended heavily on
the evaluators’ playing time invested, interest and knowledge of each topic to distinguish
between possible and mandatory educational contents.

3.3. Statistical and Machine-Learning Validation of the Games Evaluation

Finally, a statistical and machine-learning validation was performed on the results
of the games evaluation to assure that those concepts are clearly explained in the GEBs
metric questions and users are able to distinguish them (doing a proper evaluation). This
evaluation included a violins plot analysis, a Pearson’s correlation analysis, a Principal
Components Analysis and an evaluation of the information and hidden patterns contained
in the survey results by means of machine learning classifiers.

Firstly, a violins plot analysis was done for each game. Figure 7 shows this analysis.
The violin plot shows the distribution of the users’ answers for each variable. If two
concepts were misunderstood or badly expressed in the GEBs metric questions, the answers
might show almost the same distribution for both concept/variables. Therefore, if two
concepts were misunderstood, their graphs should be very similar, game-by-game (e.g.,
a long one for Aesthetics and for Realism for Neverending Nightmares, a violin shape
for Aesthetics and for Realism for Actual Sunlight and a round one for Aesthetics and for
Realism for Sym); although they can be different if one game is compared with another
(e.g., a long one for Neverending Nightmares and a violin shape for Sym).

Figure 7 shows very different shapes in most of the cases. Only Technology and
UE with MD, Realism and Instructional Strategies with MD, Backstory and Production
show the same similarities for the three games together. In the first case, both features
evaluate audiovisual representation, but Technology and UE focuses on ease of control and
mastery, and MD Realism on fidelity of representation and customization. In the second
case, Instructional Strategies and Backstory and Production evaluate the integration of
educational content into the game, but the former assesses the gameplay as a whole and
the latter the plot. Like these, similarities are far from being significant, the violin analysis
points to a clear difference between the proposed metric variables.
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Figure 7. Violin plot analysis between the different model variables for each game.

Secondly, to reinforce the result of the violins analysis, a Pearson’s correlation analysis
between the different model variables for each game was performed. This analysis can de-
termine if there is a statistical association between a couple of variables. Table 2 summarizes
this analysis by collecting the p-values. The first value in each cell refers to Neverending
Nightmares, the second to Actual Sunlight and the third to Sym. Statistical correlation
between the two variables is found if the p-value is lower than 0.05. Therefore, p-values
lower than this threshold are outlined in bold. The intention of this table is to show, from a
first glance, that there are no cases where the three values are simultaneously in bold; a
fact that would conclude that there is correlation between those two variables for the three
games. An expanded version of this table can be found in the Excel supplementary File.
There are some six correlations between two games: Backstory and Production (MD: B and
P) and Feedback and Debriefing (MD: F and D) with AI and Adaptivity (MD: AI and A)
and with Interaction (MD: I), and Instructional Strategies (IS) with Interaction (MD: I) and
Aesthetics (A) with AI and Adaptivity (MD: AI and A). These results might be expected
due to the nature of the datasets and the small sample size; users can evaluate two variables
for one game in the same way (e.g., aesthetics and dynamics for Neverending Nightmares).
However, this result does not imply a correlation between both variables in the metric; this
correlation is only true if it appears for the three games at the same time (e.g., aesthetics
and dynamics for the three games), because the diversity of the three evaluated games
makes it impossible to find this correlation if its origin is not a badly defined metric (e.g.,
aesthetics and dynamics cannot be correlated for the three games, because they are not
equally considered in the design of the three games).
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Table 2. Pearson’s correlation analysis between the different model variables for each game (first value
in each cell refers to Sym, the second to Actual Sunlight and the third to Neverending Nightmares).
p-values lower than 0.05 are outlined in bold.

M D A T and
UE IS MD: B

and P MD: R MD: AI
and A MD: I MD: F

and D
L and

F
CL vs.

ML

M 0
0.099 0.433 1.000 0.662 0.838 1.000 1.000 0.304 0.376 0.819 0.414
0.093 0.930 0.064 0.313 0.497 0.949 0.516 0.324 0.393 0.240 0.557
0.045 0.738 0.271 0.066 0.551 0.148 0.302 0.368 0.718 0.197 0.082

D
0.099

0
0.583 0.228 0.584 0.477 0.584 0.746 0.290 0.464 0.619 0.669

0.093 0.201 0.166 0.087 0.391 0.178 1.000 1.000 0.727 0.616 1.000
0.045 0.001 0.206 0.082 0.946 0.522 0.033 0.992 0.445 0.144 0.308

A
0.433 0.583

0
0.320 0.109 0.306 0.510 0.180 0.199 0.200 0.042 0.523

0.930 0.201 0.037 0.076 0.059 0.214 0.040 0.081 0.222 0.326 0.134
0.738 0.001 0.059 0.005 0.020 0.471 0.017 0.101 0.936 0.001 0.161

T and UE
1.000 0.228 0.320

0
0.606 0.573 0.606 0.671 0.465 0.491 0.917 0.443

0.064 0.166 0.037 0.426 0.148 0.278 0.302 0.148 0.385 0.683 0.123
0.271 0.206 0.059 0.181 0.556 0.703 0.759 0.301 0.239 0.790 0.811

IS
0.662 0.584 0.109 0.606

0
0.051 0.319 0.130 0.151 0.563 0.007 0.349

0.313 0.087 0.076 0.426 0.054 0.694 0.026 0.036 0.028 0.884 0.495
0.066 0.082 0.005 0.181 0.150 0.094 0.959 0.015 0.344 0.073 0.490

MD: B and P
0.838 0.477 0.306 0.573 0.051

0
0.275 0.002 0.114 0.210 0.194 0.896

0.497 0.391 0.059 0.148 0.054 0.717 0.045 0.022 0.066 0.068 0.479
0.551 0.946 0.020 0.556 0.150 0.555 0.699 0.037 0.912 0.031 0.168

MD: R
1.000 0.584 0.510 0.606 0.319 0.275

0
0.061 0.771 0.498 0.505 0.905

0.949 0.178 0.214 0.278 0.694 0.717 0.042 0.075 0.047 0.333 0.183
0.148 0.522 0.471 0.703 0.094 0.555 0.072 0.394 0.154 0.515 0.005

MD: AI and A
1.000 0.746 0.180 0.671 0.130 0.002 0.061

0
0.224 0.067 0.100 0.544

0.516 1.000 0.040 0.302 0.026 0.045 0.042 0.001 0.001 0.667 0.474
0.302 0.033 0.017 0.759 0.959 0.699 0.072 0.283 0.014 0.878 0.540

MD: I
0.304 0.290 0.199 0.465 0.151 0.114 0.771 0.224

0
0.486 0.151 0.568

0.324 1.000 0.081 0.148 0.036 0.022 0.075 0.001 0.001 0.356 0.587
0.368 0.992 0.101 0.301 0.015 0.037 0.394 0.283 0.027 0.152 0.794

MD: F and D
0.376 0.464 0.200 0.491 0.563 0.210 0.498 0.067 0.486

0
0.792 0.054

0.393 0.727 0.222 0.385 0.028 0.066 0.047 0.001 0.001 0.576 0.525
0.718 0.445 0.936 0.239 0.344 0.912 0.154 0.014 0.027 0.964 0.543

L and F
0.819 0.619 0.042 0.917 0.007 0.194 0.505 0.100 0.151 0.792

0
0.701

0.240 0.616 0.326 0.683 0.884 0.068 0.333 0.667 0.356 0.576 0.023
0.197 0.144 0.001 0.790 0.073 0.031 0.515 0.878 0.152 0.964 0.112

CL vs. ML
0.414 0.669 0.523 0.443 0.349 0.896 0.905 0.544 0.568 0.054 0.701

00.557 1.000 0.134 0.123 0.495 0.479 0.183 0.474 0.587 0.525 0.023
0.082 0.308 0.161 0.811 0.490 0.168 0.005 0.540 0.794 0.543 0.112

These two first analyses, shows that the features are well defined and explained in the
metric, so that the volunteers have been able to evaluate clearly, and in an individual way,
each metric element.

Thirdly, a Principal Components Analysis was done as a first attempt to verify if
there was enough hidden information in the surveys to properly classify the three different
videogames. Principal Components Analysis is a basic technique to order information,
grouping in a linear way the original inputs to create new artificial inputs that maximize
the information included in the dataset. Figure 8 shows the 2D representation of each user’s
survey for each game in terms of the two first principal components (the ones that have
most of the extracted information from the dataset). Each colour refers to a different game.
Figure 8 already points out that the GEB survey contains enough different information
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to classify each game. Obviously, there are some users’ surveys mixed up (lower right
corner) when only those two first principal components are considered; however, as PCA is
able to group the three games clearly, more complex classifiers will be able to extract more
information from these datasets.

Figure 8. PCA representation for each game (different colours).

Fourthly, different machine learning classifiers were tested to evaluate if the survey
results contain useful information. The Weka software tool was used for this task under a
10 × 10 validation scheme to assure the generalization of the obtained results. Machine
learning algorithms are usually tested against a baseline method. The most common one
is Näive-Bayes (called ZeroR in Weka), that always predicts the majority class. For this
test, the game was considered as a class, or value to be predicted. Therefore, the class had
three different possible values (1 for Neverending Nightmares, 2 for Actual Sunlight and 3
for Sym). The considered inputs were the 12 concepts evaluated in the GEB model plus a
binary input about the level of expertise of the user in games (0: low experience in gaming,
1: high experience). The tested machine learning techniques were k-nearest neighbours
(kNN), Decision Trees, Multilayer Perceptron and Random Forest. KNN is a very simple
classifier that uses the closest example of any new data to build the prediction for the new
one. Decision Trees are simple, unstable but visual classifiers. Multilayer Perceptions are
able to predict complex relationships between inputs and outputs and are often used as a
standard in machine learning tasks. Random Forest is an ensemble, a more recent machine
learning technique, very insensitive to parameters tuning.

Table 3 summarizes the capability of those models to predict the evaluated game,
considering the score given to a game by a user and his videogame playing habits. This
capability was evaluated in terms of accuracy and the Receiver Operating Characteristic
(ROC) Area. The accuracy is defined as the evaluations properly classified divided by the
total of evaluations. The ROC area is the area under the Receiver Operating Characteristic
curve and it is a more complex indicator, representing the ratio between the true positives
and the false positives. Both quality indicators, accuracy and ROC area, are better the
higher they are (accuracy close to 100% and ROC area close to 1.00). All the machine
learning methods have been tested with their default values in Weka to simplify the tuning
process, because a very high model accuracy was not the main objective of this analysis,
but the level of hidden information in the dataset.
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Table 3. Accuracy and ROC area for the machine-learning models.

Machine Learning Technique Accuracy (%) ROC Area

Näive-Bayes 27.78 0.389
KNN 61.1 0.722

Decision Trees 58.33 0.762
Multilayer Perceptron 75.00 0.983

Random Forest 75.00 0.924

Table 3 shows firstly that all machine learning techniques are statistically significantly
better than the baseline method, the Näive-Bayes. Therefore, it can be assured that the
GEBs surveys contain information different and coherent for each game, independent of the
user who has filled in the survey. Secondly, this information is structured in a complex way,
because more complex classifiers like artificial intelligence networks or ensembles achieve
a better performance than more simple classifiers, like decision trees or kNNs. Thirdly, the
hidden information cannot be extracted by just considering the answer from the previous
user who gave the closest answer in the survey, because in this case kNN would be the
most accurate method; this result is expected because the evaluation of a game by humans
is a noisy task, and therefore many hidden and personal human factors might affect the
evaluation of each user, making the use of the GEB metric a noisy task but also a predictable
task. In this way, although users are different in their metrics values, there is coherence
between their answers and the three games present a personal fingerprint that the machine
learning algorithms can properly identify.

Considering these four different analyses, it can be concluded that the variables
included in the GEB model and metric have been properly explained, the users can dis-
tinguish a clear difference when evaluating them in different games and the GEB survey
can provide an individual fingerprint for each game that machine learning techniques can
clearly inference.

4. Conclusions

A new metric, the Gaming Educational Balanced Model (GEB), has been proposed in
this study to evaluate serious games. The theory is based on the MDA framework, adding
the User Experience, to define the main gameplay sections. Likewise, the educational
overview has been derived from the contents of 4PEG theory. However, each section
of the GEB model has been adapted in the light of the latest research on serious games
design [3,5,15,16,18,19,21–23]. These innovations on the necessary adaptability of the
games to the learning pace of the players are incorporated in the metric. Finally, drawing
from 4PEG theory, the importance of balancing the learning and the fun content has been
customized in the GEB model, as well as the distribution of such content throughout the
game experience.

As a novelty, a value system was created for this rubric in which the characteristics of
gameplay and educational content were both worth 40%. The remaining 20% corresponded
to the balance between fun and learning. Compared to the previous model, some points
have been removed to make more general sections that cover every element in the game.
The evaluation is made easier when the exact aspects are described and the same scores
established for these sections [20,25,28,29]. The Game Overview subsections are Mechanics,
Dynamics, Aesthetics and Technology and User Experience. The Educational Overview
has been divided into Instructional strategies and Motivational design. This last subsection
counts triple, because it has been divided into five educational features related to the
learning adaptions. Lastly, Overall Balance splits the score between the distribution of
Learning and Fun balance and Can Learn vs. Must Learn educational contents.

The rubric has also been applied to three indie games designed to raise awareness of
various mental illnesses, in order to validate the GEB model. Each experience has been
assessed by an author of this article and by 12 volunteers from the University of Burgos
community. The results of both evaluations have shown that the GEB metric can be used
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to determine the educational strengths and weaknesses of a serious game. However, the
outcomes also showed that certain personal circumstances of the evaluator may affect the
ratings. Therefore, the ideal user of this metric will be a player with knowledge and interest
in the topics that are covered. Another possible option was to try each game with several
people to mitigate these variable factors, as this paper has shown [27,108].

A statistical and machine-learning validation has been performed on the results of
the games evaluation to assure that those concepts are clearly explained in the GEBs
metric questions and users are able to distinguish them. This evaluation includes a violins
plot analysis, a Pearson’s correlation analysis, a Principal Components Analysis and an
evaluation of the information and hidden patterns contained in the survey results by means
of machine learning classifiers. The result of the analysis shows that the variables included
in the GEB model and metric have been properly explained, and the users can distinguish a
clear difference when evaluating them in different games and the GEB survey provides an
individual fingerprint for each game that machine learning techniques can clearly inference.

It must be taken into account that the GEB model is a measure aimed at the most
serious games that have assimilated the most important and general variables to assess its
design. Therefore, in the evaluation of different games, factors such as the target audience
or the topic must be considered. Learning contents cannot be introduced in the same
way for adults as for children, just as they are attracted to different gameplays. Likewise,
the game has to be adapted to the public with accessibility issues if it is addressed to
them [5]. In the same way, the educational overview is valued differently when mental
conditions are addressed as in the examples of this study [103], than if STEM education
is taught [12,37]. As this article has explained, any evaluator could adapt the GEB metric
features and percentages to their specific needs.

Future work will review what has been identified as more variable features to de-
termine what changes in the rubric will decrease the subjectivity of the evaluator. From
those variations, the GEB model will be applied to a wider variety of serious games, testing
possible improvements for different audiences and topics. Likewise, although this paper
has not observed any relationship between the evaluation results and the age and gender
variables of the participants, its possible impact will also be studied. In addition, GEB will
be used for the design of future serious games. The tests on the learning acquired with the
developed videogames will also allow for the validation of the GEB theory.
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