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Abstract

Game-based learning environments (GBLEs) supplement classroom
instruction so students can demonstrate their scientific reasoning abilities and
increase knowledge, providing a platform that promotes interest and
engagement in science. The goal of this study was to examine the effectiveness
of game mechanics for science learning. This study identifies how two types
of game mechanics—Ilearning and assessment mechanics—are used by high
school participants (N = 137) as they learn about microbiology with Crystal
Island, a game-based learning environment for science education. Participants’
learning outcomes were evaluated in two ways: learning gains, which assessed
participants’ domain knowledge acquisition, and game completion, which
assessed participants’ ability to successfully demonstrate scientific reasoning
abilities. Results from this study showed that game completion is not related
to learning gains. However, as participants engaged with increasingly more
assessment mechanics, learning gains decreased. Further, profiles of learners
were extracted to better understand the learning process that best supports
greater learning outcomes. Results showed that learners who engaged in less
recurrent transitions across assessment mechanics were more likely to
successfully demonstrate scientific reasoning abilities. Implications for the
design of games which provide scaffolding based on process data of learners’
game mechanic use are provided.

L An earlier version of this paper was presented at the GALA 2023 conference (Dublin, Ireland) and
published as Dever, D. A., Wiedbusch, M., Park, S., Llinas, A., Lester, J., & Azevedo, R. (2024). Assessing the
complexity of game mechanic use during science learning. In Proceedings of the 12th Annual Games and

Learning Alliance Conference (pp. 299-308). Dublin, Ireland. Cham: Springer Nature Switzerland.
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1. Introduction

Students who are about to enter higher education and the workforce are woefully unprepared in
terms of achievement in science. A U.S. National Assessment of Educational Progress report card
released in 2019 [1] showed that while nearly half of all twelfth-graders report that they are
somewhat likely or more likely to pursue careers in science, 34% of the same population reported
low interest and enjoyment of science. Further, 50% of twelfth-graders reported that they never or
only occasionally participate in inquiry-related science activities in the classroom. This contributes
to the 41% of students who are below a basic science proficiency level. The COVID-19 pandemic
illuminated this lack of understanding in the health sciences where studies have shown that high-
school students possess a significant lack of knowledge about COVID-19. This was related to their
noncompliance with public health policies and engagement in risky behaviors that threaten disease
spread [2-3].

The goal of this study is to explore the use of games for science learning by studying
learning not just as a product, such as that assessed via standardized testing, but as a set of
processes that temporally unfold over time and are dependent upon the individual learner
characteristics, context and affordances of the game environment. To achieve this goal, the
current study examines how high-school learners sequentially interact with different game
mechanics within a game-based learning environment and how these interactions relate to
increased learning gains and learners’ ability to successfully complete game objectives.

1.1 Games for Science Learning

Literature has found game-based learning environments (GBLESs) to be effective tools for
learning [4]-[8]. Relevant to our study are GBLEs focused on scientific literacy including
knowledge about the domain as well as the use of scientific inquiry and reasoning. Several
games, such as Crystal Island [9]-[12], Operation ARA [13], and River City [14]-[15], have
situated learners as scientists to identify problems, collect information, and hypothesize to
achieve some goal. Across all games, there are several studies which pose games for science
learning as effective tools which aid all learners, including low-achieving students, in learning
and demonstrating the scientific reasoning process [9]-[15]. However, some work has
questioned the usefulness and effectiveness of these tools within an educational context, even
guestioning claims that ground the existence of games for learning [16]-[18]. One argument is
that games allow for a continuous assessment of skills, not necessarily teaching those skills
and knowledge, providing learners the ability to demonstrate skills within a somewhat realistic
environment [19]. As such, it becomes essential to identify which affordances (i.e., game
mechanics) within the GBLE are used to teach skills and which ones are used to assess skills
so that learners’ interactions with game mechanics can be tracked and related to learning
outcomes with the ultimate goal of verifying the effectiveness of games for science learning.
This paper responds to Gris and Bengtson’s [16] call for a closer examination of the
effectiveness of GBLESs by: (1) tracing how learners interact with different game mechanics
throughout the learning process; and (2) evaluating learning outcomes on two spectrums—
domain knowledge gained using pre- and post-tests demonstrating learned concepts as well as
game completion success demonstrating scientific reasoning skills.

1.2 Theoretical Framework

GBLEs leverage the interest and motivation inherent within games to promote learning without
sacrificing learners’ affective, behavioral, cognitive, and social engagement [6]. As such, there is a
balance that needs to be struck within GBLEs that equalizes the amount of interest that games for
play offer and the progression of learning outcomes via instructional designs and materials. Plass
et al.’s [6] framework for playful learning describes how design elements (i.e., game mechanics,
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visual design, sound design, and narrative design) interact with engagement types (i.e., behavioral,
cognitive, affective, and sociocultural) to promote the learners’ cognitive, affective, metacognitive,
motivational, and sociocultural processes, thus increasing learning outcomes. Design elements refer
to the affordances and features of a GBLE in which learners interact with elements directly (i.e.,
game mechanics, narrative design, or content and skills) or observe them throughout the game (i.e.,
visual aesthetic design and sound design; [6]). These elements are incorporated as a means of
promoting an engaging, but educational, GBLE. This study specifically explores the role of game
mechanics, categorized as either a learning or assessment game mechanics, in supporting learning
outcomes. As the design elements, including game mechanics, are consequential to the targeted
engagement and learning of a learner, the interactions (or lack thereof) between the learner and
design elements can promote one’s cognitive, affective, metacognitive, and motivational processes
essential to learning [6]. While previous literature has focused on how design elements influence
learning processes and engagement [20]-[23], the conception of how game mechanics interact with
each other to promote a learning goal is unclear.

1.3 Game Mechanics

Game mechanics are one of the key pillars that support effective and engaging games for learning
[6]. These mechanics are defined as the activities within a game repeatedly engaged with by the
learner that represent the intersection of pedagogical practices used to support learning and the
design aspects that promote play, interest, and engagement [6],[24]-[25]. It is important to note that
game mechanics result in a series of behaviors enacted by the learner throughout the game, allowing
researchers to identify when learners engage in these behaviors and which mechanics are used.
Game mechanics can be divided into two types: learning mechanics, which have a learning focus,
and assessment mechanics, which focus on assessing learners’ domain understanding and goals. In
this section, we review the two essential types of game mechanics for both learning domain
knowledge and demonstrating knowledge and skills within the GBLE. It is important to note that
the definitions and activities which fall under learning and assessment mechanics are based on the
definitions from Plass et al.’s [6] integrative framework for playful learning. We acknowledge that
other frameworks for game-based learning in educational contexts, notably that of Arnab and
colleagues’ [24] Learning Mechanics-Game Mechanics model for pedagogy and design, may
define and categorize these terms differently. While this framework would have been a feasible
option to situate our study in, the goal of our study was to acknowledge the cognitive processes
which occurred for learners to gain domain knowledge and engage in scientific reasoning required
for successful game completion. As Plass et al.’s [6] framework addresses the role of game
mechanics in learners’ deployment of cognitive processes, this framework was chosen to situate
our study. Thus, we adopted the definitions of game mechanics within this paper. Definitions of
each mechanic, along with operationalizations contextualized to this study (see Coding & Scoring),
are provided below according to Plass et al.’s [6] framework.

1.3.1  Learning Mechanics

Game designers have long advocated for the development of novel mechanics aimed at engaging
players while promoting learning outcomes [26], including solving puzzles that require critical
thinking and undertaking quests that demand the application of scientific reasoning to progress into
the gameplay. Within GBLEs, learning mechanics are foundational components that bridge
educational content with gameplay, facilitating an engaging and effective learning experience [27].
Learning mechanics are the diverse and multifaceted rules, systems, and features within games that
govern player interactions and progression, tailored to achieve specific learning outcomes. These
mechanics transform the features and elements within the game into significant and impactful
learning experiences. Grounded in pedagogical theories, including situated learning, cognitive
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apprenticeship theory, and self-regulated learning, learning mechanics are designed to promote
knowledge acquisition, skill development, and cognitive engagement [24],[27].

Learning mechanics can be categorized into static, dynamic, and aid mechanics, each
serving distinct pedagogical functions. Static learning mechanics, encompassing traditional
educational resources like books, research articles, and posters, are integrated into GBLEs to
provide foundational knowledge and theoretical context or facts during the gameplay. They are
considered static as learner does not interact with the content outside of basic material
absorption. That is, these are resources provided to the learner that could be found outside of a
GBLE as basic content. Dynamic learning mechanics are those interactions with non-player
characters (NPCs) and other game elements, facilitating experiential learning and application
of theoretical knowledge in simulated environments. These elements are dynamic in that they
require the learner to interact with them to uncover their instructional and domain content.
These often mimic interactions or processes that could not be found in a static representation.
Aid learning mechanics, including worksheets and note-taking tools, support metacognitive
activities and reflection, essential for consolidating learning [28]. These are the equivalent to
strategy tools that allow for a learner to externalize (meta)cognitive processes that are used
during the learning process.

Learning mechanics are often the subject of much scrutiny when studying the impact of
GBLEs. Many games’ learning mechanics can be undermined by the “chocolate-covered
broccoli” phenomenon [29]-[30], wherein poorly integrated educational content and supports
may compromise the game’s enjoyment, disrupt the flow, and reduce it to mere instructional
software [31]. These types of GBLES have often been described as tests or worksheets dressed
up as games which drive disengagement and disinterest [32]. However, when learning
mechanics are embedded within the game’s narrative or amongst other game mechanics, these
games may be more efficient learning technologies. For instance, Dever et al. [33] observed
significant learning gains when learners conversed with embedded non-player characters,
highlighting the efficacy of dynamic and aid mechanics in promoting learners’ metacognition
and domain learning.

Other studies have observed varying effects of learning mechanics that are more static in
nature as they do not require input from the learner (i.e., the learner is a passive receiver of
information) on learning outcomes. Studies have shown that the content held within static
learning mechanics (i.e., instructional text versus diagrams) can have both positive and
negative effects on learning outcomes [33]. In a recent systematic review for serious games
[34], similar findings have been corroborated, which emphasized the enhancement of learning
outcomes through game mechanics designed to support cognitive and metacognitive processes.

The GBLE literature also indicates another disparity in the effectiveness of learning
mechanics, emphasizing the necessity for games that are not only informed by different
learning theories but also adapted to the nuances of individual learners’ needs [35]. The
investigation into how learners interact and use learning mechanics is critical for understanding
how effective these mechanics are in aiding learning outcomes in terms of greater domain
knowledge attained via learning mechanics. By investigating how learners interact with these
mechanics throughout the learning process, this study can hold critical implications for the
design of GBLEs that are both educationally potent and engaging [36]. Further, learning
mechanics are essential to GBLE research as they connect pedagogical theories with practical
applications, enhancing engagement, and facilitating skill development in GBLEs. By focusing
on how learning mechanics operationalize learning theories and support cognitive, affective,
metacognitive, and motivational skills, our study contributes to both theoretical and practical
understandings of effective educational game design.
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1.3.2 Assessment Mechanics

Within GBLEs, learning mechanics are integrated with assessment mechanics, which apply
testing theories through embedded diagnostic tools. In relation to the current study, assessment
mechanics can target learning outcomes by pinpointing areas of (mis)understanding through
questionnaires of domain knowledge, examining learners’ interaction with instructional
materials, and evaluating learners’ ability to use the knowledge they have gained to
successfully complete the game [4],[37].

GBLEs can assess learning outcomes through both direct and indirect measures. A recent
systematic literature review of learning assessments during game-based learning has shown
that most studies measure learning outcomes solely through direct measures using pretest-post-
test results [16]. A small number of studies incorporated indirect measures of learning
outcomes, such as the GBLE recognizing an increase in the learner’s understanding of the
concept. This indicates that there is a current gap in the literature in which studies do not use
both direct and indirect measures of learning. Addressing this gap can offer a better
understanding of how assessment mechanics within games can be modified to foster an increase
in learning outcomes.

There is a limited number of studies assessing learning outcomes with game mechanics that
examine how and when learners transition between game mechanics (e.g., learning and
assessment). Using log files collected throughout gameplay, the current study aims to show the
significance of examining how learners’ use and sequential deployment of learning and
assessment mechanics can determine learning outcomes and facilitate learners’ understanding
of microbiology and use of scientific reasoning skills. This study also argues that assessment
mechanics can serve a dual purpose, not only do they provide feedback on learners’ growing
understanding of the content in the game-based environment but they also facilitate an
understanding of the narrative of the game.

1.4 Evaluating Learning Outcomes in Games

Traditional assessments (e.g., quizzes and exams) for learning have several limitations due to
their administration and measurement constraints. They are often administered after learning
has occurred [38], in an ecologically-removed approach such as multiple choice [39], and fail
to assess everything that has been taught in a classroom [40]. GBLEs, however, allow for trace
data (e.g., log files of computer-human interactions) to capture learning as it is occurring within
the simulated environments [28],[41].

Trace data are unobtrusive measures that can act as artifacts of learning processes in real
time without interruption [28],[42], and can be used to identify sequences of behaviors or game
actions [43]. The sequences can then be used to assess various learning or psychological
processes [9],[44], create learner profiles [45], or describe learner behaviors to cyclically
feedback into a game for individualized adaptivity [43]. Much research has examined the
mapping of log files capturing traces of player behavior to various cognitive and metacognitive
processes (e.g., orientation, making judgments, applying learning strategies) within computer -
based learning environments such as intelligent tutoring systems [46].

The introduction of trace data and conceptualization of learning both as a product and a
process, however, come with the added complications of assessing performance outside of rote
memorization of domain knowledge captured through traditional means. This is further
exacerbated by the often-competing goals that accompany GBLEs. That is, especially within
narrative-driven GBLEs, there can be competing goals for the user to balance. GBLEs have
instructional-based goals that encourage players to gain domain knowledge about the subject.
However, GBLEs can also embed narrative based goals that motivate and engage the learner
towards “winning” the game or making progress within the game. There is limited research
comparing when certain game elements or mechanics encourage prioritizing one set of goals
over another [47]. Some GBLE designers have strategically used game mechanics to be used
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as assessment mechanics (i.e., stealth assessments; [48]). Stealth assessments collect learning
patterns and learning outcomes instantaneously during gameplay without disrupting the
learning process [49], such as with self-reports that are prompted throughout gameplay [50].
The inclusion of stealth assessments ensures the environment remains enjoyable, informative,
and instructional without the learner necessarily being aware that certain actions have
importance and are being observed for assessment purposes [51]-[52].

Stealth assessments can capture the “easy-to-measure” metrics such as declarative
knowledge [51] but they are also able to capture processes and products related to
(meta)cognitive competencies throughout the game [53] while remaining a part of the gameplay
[65]. Often, this is accomplished by completing a one-to-one mapping of action to
psychological process [41],[55]. However, this approach has primarily been used to describe
aggregate measures of player actions, neglecting the temporal impact of the chronology in
which actions were taken. Knowing the order and how learners transition between different
types of actions may reveal more nuances about the context in which learning occurred [43].
Sequence pattern mining has been previously explored within GBLEs (e.qg., [44],[56]-[57]),
however these techniques also remain primarily descriptive in nature and fail to account for the
type of actions as they relate to either game or learning mechanics. As such, our study closes
this gap by applying a new approach for understanding how the transitions between types of
game mechanics influence learners’ game and learning outcomes.

2. Current Study

2.1 Crystal Island: A GBLE for Microbiology

Crystal Island is a GBLE intended to teach K-12 students about microbiology, including what
infectious diseases are and how they spread, by requiring students to engage in scientific
reasoning as they gather information about different diseases, hypothesize about a disease that
is infecting researchers on the virtual island, and providing a final diagnosis based on the
evidence that was gathered [10]. This GBLE consists of a mystery narrative that garners
students’ interest while simultaneously guiding them to engage in scientific reasoning. From
this first-person view, students embark on a journey to save a research team on a camp from a
mysterious illness infecting the researchers on the island [10]. Learners solve the mystery by
engaging with several mechanics that serve different purposes, including informing the learner
about various types of illnesses, demonstrating symptomology of the mysterious illness, and
assessing learners’ emerging understanding of microbiology. Throughout the environment,
there are several resources to develop knowledge about microbiology and apply that knowledge
to achieve learning and game goals.

At the beginning of Crystal Island, there is a one-and-a-half-minute video explaining the
premise and creating a sense of cruciality of the situation on the island in the learner. After the
video, learners arrive at the research camp to complete a tutorial teaching them about the
different mechanics found in the game and how to interact with objects and resources in the
environment. After the tutorial, learners are released to explore the island and start their process
for diagnosing the infected researchers. On the island, learners can either explore the camp or
enter different buildings such as the infirmary, cafeteria, an NPC’s home, and a laboratory to
interact with several elements. Specifically, an in-game diagnosis worksheet that will assist in
formulating learners’ findings, posters on the wall provide information about different
illnesses, NPCs act as either patients to convey recurring symptoms or give domain information
(e.g., size of a bacteria versus a virus), food items can be collected and tested for diseases using
the scanner, books and research articles can provide domain information, and concept matrices
can assess learners’ knowledge. These affordances are always available to participant
throughout their time on task with access to these materials available within each building,
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except for the scanner for food items which is found in the laboratory. After participants have
narrowed down what could be the potential illness, they fill out the final diagnosis section on
the worksheet with the correct illness (salmonellosis or influenza), transmission source (egg,
bread, or milk), and treatment (rest or vaccination) and return to the infirmary to inform the
camp nurse. If the final diagnosis is incorrect, the nurse will identify the error and recommend
the student to keep working; if the participant submits a fully correct diagnosis, the mystery is
solved, and the game is complete [10].

2.1.1  Prior Works on Crystal Island

Over the past several years, Crystal Island has been a vehicle to dissect game mechanics in
GBLEs [9],[21],[58]-[62]. Game mechanics have been of particular interest, investigated by
multiple studies using Crystal Island. For example, Dever et al. [33] examined the relationship
between restricting learners’ agency and learners’ engagement with different types of
information text presentations (e.g., static books, dynamic conversations with non-player
characters). This study found that restricting agency leads to higher learning gains and the time
spent on learning mechanics had varying effects on domain knowledge acquisition where the
increase in learning gains depended on the type of text presentation from which domain
information was provided to the learner. Emerson et al. [63] measured performance by the
efficiency of learners’ actions in combination with their solution attempts. Specifically, this
study examined how often learners tested their hypotheses within Crystal Island compared to
the number of attempts at providing the correct diagnosis. Similarly, Taub et al. [53] also
reviewed game mechanics but had a particular interest on understanding the relationship
between the quality in which learners used learning mechanics and the success of learners’
assessment mechanic use. Specifically, this study examined how learners’ use of texts on
domain information were related to the frequency in which they attempted to successfully
complete in-game assessment of the information held within the texts. This study found that
learners who had greater performance on the assessments demonstrated a lower number of text
use but a greater frequency (i.e., participants re-read the same texts). Although these past
studies have examined learners’ use of learning mechanics [33], assessment mechanics [63],
and the relationship between these mechanics [53], few studies across GBLE literature have
used process data to examine how learning and assessment mechanics are deployed in
conjunction with each other and related to learning outcomes regarding both learning gains and
game completion success.

2.2 Research Questions & Hypotheses

The goal of this study? is to contribute to recent GBLE literature in closing the gap between the
current interest and achievement of K-12 students in STEM fields and the expectations of the STEM
workforce. Specifically, this study addresses limitations in GBLE literature by contributing to the
body of Crystal Island studies that utilize process data to assess how learners engage in both

2 An earlier version of this paper was presented at the GALA 2023 conference (Dublin, Ireland) and
published as Dever, D. A., Wiedbusch, M., Park, S., Llinas, A., Lester, J., & Azevedo, R. (2024). Assessing the
complexity of game mechanic use during science learning. In Proceedings of the 12th Annual Games and
Learning Alliance Conference (pp. 299-308). Dublin, Ireland. Cham: Springer Nature Switzerland.
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learning and assessment game mechanics and how these relate to multiple learning outcomes
including the increase of scientific knowledge and the success in demonstrating scientific reasoning
skills for game completion. To accomplish these goals, several research questions were formed and
investigated.

Research Question 1: Do learning gains differ between groups of learners who successfully
completed Crystal Island versus learners who did not successfully complete the game? For this
question, we hypothesize that learners who are successfully able to complete the game
demonstrate their scientific reasoning skills and therefore would have greater science learning
gains [19].

Research Question 2: Are learning outcomes related to the frequency in which learners
deployed learning versus assessment game mechanics? For this research question, we
hypothesize that learners who engage in a greater frequency of both learning and assessment
mechanics would demonstrate greater learning outcomes in terms of greater science learning
gains on pre- and post-test quizzes of microbiology knowledge. This is hypothesized as
learning mechanics contribute to pedagogical outcomes, such as increased domain knowledge,
and in-game assessment mechanics can allow learners to gauge what they have or have not yet
learned thereby allowing them the opportunity to re-engage with instructional materials
[6].[37],[64]-[65]. We also hypothesize that learners who were successful in completing the
game objectives would have a greater frequency of assessment mechanics, rather than learning
mechanics because assessment mechanics are able to inform students of their progress on game
objectives [19].

Research Question 3: Are we able to identify distinct clusters of learners based on their
transition frequency across game mechanics? From past studies [21], we hypothesize that we
will be able to identify learners who are similar in their transition frequency characteristics but
we do not assume a specific hypothesis from theory regarding these clusters of learners.

Research Question 4: Do clusters of learners who differ in their frequency of game
mechanic transitions vary in their learning gains and game success? We hypothesize that
clusters of learners who vary in their frequency of game mechanic transitions will demonstrate
differences in their learning outcomes where clusters may demonstrate more optimal transitions
than other clusters based on prior literature regarding clustering techniques in Crystal Island
[9] as well as on past studies on game mechanic use [33],[53],[63].

Research Question 5: Is there a difference in the frequency in which learning and
assessment game mechanic subtypes are deployed by clustered learners? We hypothesize that
clusters of learners varying in their frequency of game mechanic transitions will demonstrate
differences in their game mechanic subtypes based on prior literature on Crystal Island
[9].[33].[53],[63]. However, we do not propose a direction for the specific subtypes as not
enough literature has been released regarding these game mechanic subtypes and the clusters
have not yet been theoretically defined.

Research Question 6: How do clusters of learners transition across subtypes of learning and
assessment game mechanics? Based on prior literature [21], we hypothesize that learners will
demonstrate a wide range of transitions across subtypes of learning and assessment mechanics,
but we do not provide a direction on the differences in those probabilities across game
mechanics.

3. Methodology

3.1 Participants

Participants were recruited from a public North American high school. Participants’ ages
ranged from 14 to 18 years old (Mage = 15.5; SDage = 1.05). High school students were recruited
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via emails and letters sent home to parents by school administrators. These emails and letters
detailed the purpose and goals of the study along with consent forms to be signed by the
student’s parents. In total, 148 students were recruited (19.5% female), however, 11
participants were removed from analyses due to missing post-test scores. This resulted in a
final dataset of 137 participants’ data analyzed for this study. The study was run during school
hours during regular class time, and due to this, participants were not paid for their involvement
with the study.

3.2 Experimental Setup, Materials, Procedure, and GBLE

Participants completed the study during class time, permission provided by teachers and
administrators. Upon entering the classroom, participants with signed consent forms were
provided login information by researchers. The study was completed on school computers with
all study materials accessible through an internet browser using the login information. Upon
logging into the study site, the pre-task questionnaires were provided. This included questions
about demographics and a 17-item pre-test on microbiology. After participants completed the
pre-task questionnaires (approximately 15 minutes), participants were asked to wait until
fellow participants were finished with the pre-task questionnaires. Researchers then provided
a brief explanation of the study. Participants were told they had 60 minutes to play and
complete Crystal Island. Gameplay time was restricted to ensure that all study materials were
completed within the 90-minute class timeframe.

Participants were then asked to play Crystal Island (Figure 1). This included a brief tutorial
of the actions and mechanics available to participants within the environment. During Crystal
Island, students explored an island. Their goal was to identify what disease has infected
researchers on the island. To do this they had to gather evidence and learn about the symptoms,
biology, and how each possible disease works. Across the island, various non-player characters
(NPCs) were available to talk to waiting to share their knowledge and context clues. Along
with the NPCs, there are also books, posters, and articles among the different houses with
information about microbiology concepts. Students also were provided with a diagnostic
worksheet which allowed them to synthesize information about diseases and their symptoms.
Students were also able to "scan™ food items for diseases to help gather further evidence and
identify diseases. To complete the game, students were required to diagnose what disease had
infected the researchers, the cause of it, and how to treat it.

Log files were collected on the participant’s behaviors during Crystal Island gameplay.
These log files included timestamps of behaviors to detail the order in which participants
interacted with different game mechanics, including events such as conversing with NPCs,
reading books, posters, and research articles, editing the worksheet, completing concept
matrices, scanning food items for diseases, and submitting the final diagnosis.

After the 60-minutes time limit had passed, participants were instructed to stop and continue
to the post-task questionnaires regardless of whether they finished or not. Participants who
finished the task prior to the 60-minute time limit were automatically transferred to post-task
questionnaires. Post-task questionnaires included another 17-item test on microbiology which
was similar but not identical to the pre-test and an evaluation of workload and interest.
Participants were then thanked for their time.
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Figure 1. Crystal Island components. (A) Concept Matrix; (B) Book and Research Article; (C) NPC
Interactions; (D) Diagnostic Worksheet; (E) Scanner (front view); (F) Scanner Results; (G) Poster

3.3 Coding & Scoring

3.3.1 Game Mechanics

Game Mechanics were defined using Plass et al.’s [6] Integrated Design Framework for Playful
Learning as elements incorporated within a game to elicit learning by promoting learners’
cognitive, affective, metacognitive, motivational, and social processes. This framework
identifies learning and assessment mechanics as types of game mechanics which were
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contextualized to this study according to their operational definitions described in the literature
review above.

For this study’s purposes, we defined learning mechanics as tools embedded in the game
that aid in participants’ conceptual understanding of the domain (i.e., microbiology). Learning
mechanics were further divided into subtypes including static, dynamic, and aid. Static learning
mechanics included the books, research articles, and texts in which participants could open and
close, but not directly change their interactions with the material. Dynamic learning mechanics
included tools that provided domain information but in a way that was more customizable to
the participants than the static subtypes. Specifically, dynamic learning mechanics included the
conversations participants could have with NPCs in which participants could choose from
several dialog options to obtain information about microbiology or the disease within the game.
Aid learning mechanics were the tools provided to participants that consolidated knowledge
without providing any feedback which, contextualized to Crystal Island, were the edits
participants made to the diagnostic worksheet.

Assessment mechanics were defined as tools embedded within a game that evaluate
participants’ knowledge in relation to the developing domain knowledge and information that
the participant is required to know to complete the game. As such, the assessment mechanic
subtypes were identified as content assessment mechanics and game assessment mechanics.
Content assessment mechanics were defined as the tools within the game which assessed
participants’ emerging understanding of microbiology. These mechanics contextualized to
Crystal Island were concept matrices which revealed how much participants learned from the
information provided within static learning mechanics (i.e., books and research articles). Game
assessment mechanics were defined as the tools which assess participants’ progress towards
game completion and provided feedback to the participant on that progress. Within Crystal
Island, these game assessment mechanics were both the scanner in which participants input the
food item and hypothesized about the disease infecting researchers on the island and
participants’ final submission of the diagnosis. Both the scanner and worksheet submission
evaluated how well the participant engaged in information gathering and scientific reasoning
behaviors to complete the game.

3.3.2 Learning Outcomes

Two types of learning outcomes were evaluated: learning gains and game completion. Learning
Gains is the difference between learners’ pre-task and post-task microbiology quiz scores while
accounting for prior knowledge and is calculated to identify the extent to which the Crystal
Island environment increased learners’ domain knowledge about microbiology. To calculate
learning gains, we use a series of equations from Marx and Cummings [66].

Game Completion is defined as learners’ ability to successfully solve the mystery within
Crystal Island. Game completion is a binary factor in which a learner did solve the mystery
(regardless of the number of attempts taken) by submitting a correct diagnosis, TRUE (N = 62),
or a learner did not solve the mystery by either not submitting a diagnosis at all or incorrectly
submitting one or more diagnoses, FALSE (N = 75).

3.4 Preliminary Analyses
To ensure that gender and was not a factor in participants’ interactions with game mechanics, we
conducted preliminary analyses to determine how these individual differences are related to
learning outcomes. A chi-squared test revealed that game completion success did not vary by
gender (p > .05) and a t-test revealed no significant differences in learning gains between genders
(p > .05). As such, gender differences were not included in subsequent analyses.

Additionally, the data of interest in Research Questions 1-5 were frequencies which can be
considered either count data or continuous data. To determine the type of data frequencies were
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considered within these analyses, we examined the ranges of learning mechanics, assessment
mechanics and game mechanic subtypes (i.e., static, dynamic, aid, content, game). Further
descriptives (i.e., skew and kurtosis) were assessed for normality of these variables to
determine if non-parametric statistics were more appropriate compared to parametric statistics
(see Table 1). From these statistics as well as further tests for homogeneity, we determined that
parametric statistical tests (e.g., t-tests, ANOVASs) were appropriate for the analyses.

Table 1. Frequency, ranges, and skewness of game mechanic types and subtypes.

Descriptives Range Skew &
Frequency Type Variable .
M SD Min  Max  Kurtosis
Learning
. . <
Game Mechanic Mechanics 545 155 1 113 121
Frequency Assessment 377 15.6 9 78 <|2|
Mechanics
. <|2|
Static 21.9 9.76 0 63
. <|2|
Dynamic 11.6 4.27 2 28
Game Mechanic Aid 117 6.75 0 31 <|2|
Subtype Frequency
<|2|
Content 18.9 9.29 0 43
<|2|
Game 18.5 11.3 0 51

4. Results

4.1 Research Question 1: Do learning gains differ between groups of learners who
successfully completed Crystal Island versus learners who did not successfully
complete the game?

A t-test was used to identify if learners who successfully completed the game significantly
differed in their learning gains compared to learners who did not successfully complete the
game. Results showed no significant differences in the learning gains displayed by learners
who successfully solved the game (M = 0.06; SD = 0.32) and those who did not (M =-0.02; SD
= 0.36; p < .05). From this result, it was critical to understand how learners’ use of game
mechanics, in terms of frequencies, sequential transitions, and transitions across time on task,
significantly related to how learners increased their science learning outcomes regarding both
microbiology content learning and use of scientific reasoning to complete the game.

4.2 Research Question 2: Are learning outcomes related to the frequency in which
learners deployed learning versus assessment game mechanics?

First, we wanted to see if there were differences between the frequency in deployment between

learning mechanics and assessment mechanics by running a paired t-test. Results from this

analysis showed that participants used significantly more learning mechanics (M = 54.5, SD =

15.5) than assessment mechanics (M = 37.7, SD = 15.6; t(136) = 11.5, p < .01).

We then wanted to see if the frequency of game mechanics were significantly related to
learning gains. Two correlations were run to identify if a relationship existed between learning
gains and learners’ frequencies of learning and assessment game mechanics. Results showed
that while there was no significant relationship between learning mechanic frequency and
learning gains (p > .05), there was a significant negative relationship between assessment
frequency and learning gains (r(135) = -0.20, p <.05). In other words, as participants engaged
with increasingly more assessment mechanics, learning gains decreased.
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Last, we ran two t-tests to identify if the frequency in which learning and assessment game
mechanics were deployed differed between participants who were or were not successful in
completing the game. Results showed that there was a significant difference in the frequency
of learning mechanic use between participants who did and did not successfully complete the
game (t(122.7) = 3.34, p < .01) where participants who successfully completed the game used
learning mechanics significantly more (M = 59.2, SD = 16.0) than participants who did not
successfully complete the game (M = 50.6, SD = 14.1). However, there were no significant
differences in the frequency of assessment mechanics between participants who did (M = 35.8,
SD = 13.9) and did not (M = 39.9, SD = 16.8) successfully complete the game (p > .05).

4.3 Research Question 3: Are we able to identify distinct clusters of learners based on
their transition frequency across game mechanics?

To identify clusters of participants who were similar in their game mechanic use, we first
identified the frequency in which participants transitioned across learning and assessment
mechanics. For each participant, four frequencies were identified for each of the following
sequential transitions: (1) learning to assessment; (2) learning to learning; (3) assessment to
learning; and (4) assessment to assessment. We then classified clusters of participants using
hierarchical clustering which is used to identify the participants whose data are most similar to
each other, calculated through Euclidian distances. Figures 2 & 3 visually show how each
participant was clustered due to their similarity in data. Figure 2 shows a dendrogram of each
participant who is represented as an endpoint on the x-axis. Each participant is then connected
through branches to other participants who show similar frequencies across all sequential
transitions. The greater the height of the branch between participants, the greater the distance
they are in terms of demonstrating similar data. Figure 3 circles the participants across the three
final groups identified from our dendrogram which allows us to visually assess the variability
between participants within the same cluster.

60

Height

Figure 2. Dendrogram depicting participants and their similarity to each other. Red patrtitioning lines indicate
the three clusters of participants used for further analyses.
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Figure 3. Visualization depicting how each participant was clustered within the three groups. Pink = Cluster
1, Blue = Cluster 2, Red = Cluster 3.

Three clusters of participants were identified using this technique. To identify the profiles
of each cluster, a two-way mixed ANOVA was conducted to identify how each cluster differed
depending on the frequency of their game mechanic transitions (see Table 2 for descriptive
statistics). Results showed that there are significant main effects of cluster (F(2, 134) = 5.58,
p < .01) and transition (F(1.94, 260.1) = 334.0, p < .01) with a significant two-way interaction
effect between cluster and transition on frequency, F(3.88, 260.1) = 60.6, p < .01.

Table 2. Descriptive statistics for frequency of game mechanic transitions across each cluster.

Learning > Learning > Assessment > Assessment >

Cluster Assessment Learning Learning Assessment
M(SD) M(SD) M(SD) M(SD)

1

(N =62) 17.5(4.8) 40.6(13.7) 16.8(4.8) 14.8(7.2)

2

(N = 58) 19.5(4.8) 30.0(9.33) 19.0(4.78) 29.1(11.0)

3

(N=17) 8.59(2.98) 46.8(14.1) 7.88(2.91) 11.5(10.6)

Pairwise t-tests with a Bonferroni correction were then used to identify the differences
between all clusters in the frequency of transitions across game mechanics. As there were
twelve tests that were conducted, the alpha value for these comparisons is .004. Table 3 shows
the statistics for these comparisons.

Table 3. Pairwise comparisons in the frequency of game mechanic transitions across clusters.

Transition ICIusterJ Mean Difference (I-J) ?e-l\éij:tee d)
1 2 -2.00 p =.055

Learning > Assessment 1 3 8.91 p <.004*
2 3 10.9 p < .004*
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1 2 10.6 p <.004*

Learning > Learning 1 3 6.2 p=019
2 3 -16.8 p <.004*
1 2 -2.20 p=.02

Assessment > Learning 1 3 8.92 p < .004*
2 3 1.1 p <.004*
1 2 -14.3 p <.004*

>

Ascesament 1os 83 p= 62

2 3 17.6 p <.004*
Note. *denotes significance at a = .004, Bonferroni correction for alpha = 0.05 for 12 repeated tests.

To simplify the tables above, Cluster 1 is characterized by a high frequency transition from
learning to assessment, learning to learning, and assessment to learning with low frequency
transitions from assessment to assessment. Cluster 2 is characterized by a high frequency
transition from learning to assessment, assessment to learning, and assessment to assessment
with low frequency transitions from learning to learning. While Clusters 1 and 2 tended to have
higher transition frequencies across a greater number of game mechanic transitions, Cluster 3
shows only a high transition frequency from learning to learning with all other transition
frequencies being significantly lower than either Clusters 1 or 2. From these significance tests,
we can conclude that the participants who belonged to Cluster 1 showed high frequency
transitions but characteristically lower recurrent sequential transitions within assessment
mechanics (i.e., assessment to assessment). Cluster 2 also showed high frequency transitions
but characteristically lower recurrent sequential transitions within learning mechanics (i.e.,
learning to learning). Cluster 3 showed low frequency transitions but characteristically higher
recurrent sequential transitions within learning mechanics, the opposite of Cluster 2.

4.4 Research Question 4: Do clusters of learners who differ in their frequency of game
mechanic transitions vary in their learning gains and game success?

This research question aims to identify if a specific cluster of participants identified in the
previous research question has greater learning gains or more participants who successfully
completed the game. In identifying these differences between clusters, we can identify if
participants’ sequential transitions across learning and assessment mechanics are related to
learning gains or game success. An ANOVA was first run to identify any differences in learning
gains between clusters. Results revealed that there were no significant differences between
clusters (p > .05), indicating that the process in which learning occurred within the cluster did
not have a significant impact on learning gains measured by pre- and post-tests of microbiology
knowledge.

A logistic regression was run to identify the probability participants successfully completed
the game depending on the cluster they were assigned. From the results of this model, we found
that cluster has a statistically significant effect on game success (Deviance = -9.07, p < .05).
Results from this model show that participants in Cluster 2 are 60.5% less likely to successfully
complete the game than participants in Cluster 1 (Std. Error = 0.38; z(134) = -2.43, p < .05).
Within Cluster 2, 18 of 58 participants (31%) successfully completed the game whereas within
Cluster 1, 33 of 62 participants (53%) successfully completed the game. However, the
likelihood that participants in Cluster 1 will successfully complete the game compared to
participants in Cluster 3 is relatively the same (p > .05) where within Cluster 3, 11 of 17
participants (65%) completed the game. As such, we continue this paper by further examining
the differences between Clusters 1 and 2, excluding the 17 participants in Cluster 3, to better
understand how these participants’ transitions across learning and assessment game mechanics
contribute to their success in completing the game.
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4.5 Research Question 5: Is there a difference in the frequency in which learning and
assessment game mechanic subtypes are deployed by clustered learners?

This research question aimed to determine if there were differences in the frequency in
deployment across the subtypes of all game mechanics between Clusters 1 and 2. We used a
two-way mixed ANOVA which used the subtype as the within-subjects variable and cluster,
the between-subjects variable, and frequency of participants’ use of these subtypes as the
outcome. Results showed a non-significant main effect of cluster on the frequency of mechanic
subtypes (p > .05) with a significant main effect of subtype (F(2.02, 238.3) = 52.1, p < .01). In
other words, the frequency of participants’ overall use of all game mechanics did not
significantly differ between Clusters 1 and 2 but there were significant differences between the
frequency of subtype use regardless of cluster. Additionally, there was a significant interaction
effect between cluster and subtype (F(2.02, 238.3) = 21.8, p < .01) showing that the frequency
in which participants used certain game mechanics differed depending on the cluster in which
participants were grouped.

Pairwise t-tests with Bonferroni corrections were then conducted on each of the significant
effects from the two-way mixed ANOVA. First, we examined paired pairwise comparisons
between the frequency of different subtypes across all participants. We adjusted the p-value
and set the alpha at the 0.005 level for the ten pairwise t-tests using a Bonferroni correction.
Results found that, across all participants, static, content, and game subtypes were used more
often than aid and dynamic subtypes (see Table 4).

Table 4. Pairwise comparisons for main effect of subtype on frequency.

Subtype M SD 1 2 3 4

Static 21.9 9.76 -

Dynamic e 427 [111252 08.60]

Aid 117 6.75 i-lllzlg, -8.51] ?-62.24. 1.09]

Content 18.9 9.29 ff;l, -1.29] [75647; 9.30] fé.?ztof, -5.12]

Game 18.5 113 i.zéig)o*, -0.76] :éflslz*, -5.10] i—7é.7597, -5.10] ?23;3 3.09]

Note. * indicates significance at a = .005, Bonferroni correction of alpha = 0.05 for 10 repeated tests.

Second, we examined the pairwise comparisons of frequencies between both subtypes and
Clusters 1 and 2. We adjusted the p-value with Bonferroni corrections for significance and set
the alpha at the 0.01 level for the five pairwise t-tests. Results found that there were no
significant differences between clusters in their frequency of dynamic learning mechanics but
significant differences for all other subtypes. Participants in Cluster 1 had significantly greater
frequencies of static and aid subtypes than those in Cluster 2 who had significantly greater
frequencies of content and game subtypes (see Table 5).

Table 5. Pairwise comparisons of frequencies between mechanic subtypes and clusters.

Cluster 1 Cluster 2
Subtype t-value
M(SD) M(SD)
Static 24.2(10.8) 19.6(7.92) 2.65*
Dynamic 12.4(4.59) 10.7(3.76) 2.18
Aid 13.5(7.36) 9.74(5.45) 3.18*
Content 15.5(7.83) 22.6(9.36) -4.53*
Game 14.6(9.21) 22.7(12.0) -4.11*

Note. * indicates significance at a = .01.
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4.6 Research Question 6: How do clusters of learners transition across subtypes of
learning and assessment game mechanics?

To examine how participants within Clusters 1 and 2 transition across subtypes of learning and

assessment mechanics, we used a First Order Markov Model to identify the probabilities in

which participants transitioned from one subtype to another. Table 6 shows the probabilities of

these transitions for both Clusters 1 and 2.

Table 6. Probabilities participants from Clusters 1 and 2 transitioned across learning and assessment
mechanic subtypes.

Cluster 1

From::To Aid Dynamic Static Content Game
Aid 0.12 0.38 0.34 0 0.15
Dynamic 0.17 0.32 0.30 0 0.20
Static 0.15 0.08 0.32 0.43 0.02
Content 0.10 0.12 0.40 0.35 0.03
Game 0.28 0.07 0.06 0 0.55
Cluster 2

From::To Aid Dynamic Static Content Game
Aid 0.08 0.40 0.25 0 0.24
Dynamic 0.15 0.36 0.33 0 0.16
Static 0.08 0.07 0.23 0.61 0.02
Content 0.07 0.09 0.34 0.46 0.04
Game 0.19 0.04 0.04 0 0.71

We then visualized the differences between the cluster’s probabilities of each transition
within Figure 4. The edges (i.e., directional arrows connecting nodes) within the figure
demonstrate the probability that the transition will occur across all participants. The nodes that
appear represent the game mechanic subtype (i.e., dynamic, static, content, aid, game). The
directionality of the arrows demonstrate the order in which the transition occurred. For
example, the arrow leading from Dynamic into Static has a value of 0.3. This means that there
is a 30% chance that participants who are engaging with a dynamic mechanic will subsequently
transition into a static mechanic. Within this figure, only transitions that have at least a 10%
chance of occurring are depicted. The darker the edge, the greater the probability that transition
occurred. For example, the edge from Dynamic to Aid (value = 0.17) is significantly lighter
than the edge from Aid to Dynamic (value = 0.38) because the transition from Dynamic to Aid
is less likely to occur.

Edges were colored red when the probability of a participant from Cluster 1 performing that
transition was at least 10% more likely than a participant from Cluster 2 performing that
transition. Edges were colored purple when the probability of a participant from Cluster 2
performing that transition was at least 10% more likely than a participant from Cluster 1
performing that transition. For example, as the edge from Game to Aid is red, participants in
Cluster 1 (value = 0.33) were more likely to engage in that transition compared to participants
in Cluster 2 (value = 0.21). Further, as the edge from Static to Content is purple, participants
from Cluster 1 (value =0.48) were less likely to engage in that transition compare to participants
in Cluster 2 (value = 0.73). As such, this visualization has several functions including, visually
identifying stronger probabilities of transitions, the transition directionality, and how Clusters
compared to each other in terms of which transitions were more likely to occur depending on
the cluster to which the participant belonged.

From this visualization we see that participants in Cluster 1 were more likely to transition:
(1) from static to aid; (2) from content to aid; (3) from content to dynamic; (4) from aid to aid;
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and (5) from game to aid. Conversely, participants in Cluster 2 were more likely to transition:
(2) from static to content; (2) from content to content; (3) from aid to game; and (4) from game
to game.

‘03302 (
033 21

\
\
N
~

Game ) 0.67/0.79

Figure 4. Probabilities that participants transitioned from one game mechanic subtype to another. Red edges
denote probabilities for that transition is greater for Cluster 1 than Cluster 2. Purple edges denote probabilities
for that transition is greater for Cluster 2 than Cluster 1.

5. Discussion

The goal of this study was to examine how game mechanics contributed to science learning.
Specifically, this study wanted to understand how learners’ transitions across learning and
assessment game mechanics contributed to learning outcomes, situating learning as a process
that is influenced by the design and pedagogical elements within educational games, not just
as an outcome that can be assessed via standardized testing. The current study explored how
high-school learners used game mechanics throughout gameplay and how this influenced
learning gains and game success.

The first research question identified differences in learning gains between learners who
were successful in completing game objectives and those who were unsuccessful. We
hypothesized that learners who were able to complete the game would demonstrate greater
scientific reasoning ability and therefore have greater learning gains. However, results did not
support this hypothesis where there were no significant differences in learning gains between
learners who were successful and unsuccessful. This result contradicted some of the prior
literature in GBLEs (e.g., [19]) but also is supported by divergent previous work that found
GBLEs are not always successful at supporting learning (e.g., [21],[33]-[35]). This finding
helps motivate the rest of our paper to further examine learning game mechanics, which are
used to increase domain knowledge, and assessment mechanics, which are used to quantify
learners’ progress towards obtaining game and learning objectives. By examining how learners
interacted with these game mechanics differently, we can understand the contributions each
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type of game mechanic has for progressing the learning in achieving greater learning outcomes
in terms of knowledge acquisition and demonstration of abilities.

From the findings of the first research question, our second research question examined if
learning outcomes were related to the frequency in which learners deployed learning versus
assessment game mechanics. We had two hypotheses related to each of the learning outcomes
defined in this paper. First, we hypothesized that learners who had a greater frequency of
learning and assessment mechanics would have greater learning outcomes. Second, we
hypothesized that learners who successfully completed the game would demonstrate greater
frequency of assessment mechanics.

Results from the second research question found that overall, learners tended to engage in
significantly more learning mechanics than assessment mechanics. Further related to learning
gains, while no relationships were found between learning gains and learning mechanic
frequency, learners who had greater assessment mechanic frequency had lower learning gains.
This contradicts prior literature where we would have expected to see greater learning gains
from greater learning mechanic use due to the pedagogical grounding of learning mechanics
[6]. As such, we see that the current learning mechanics, including large blocks of text,
conversations with NPCs, and tools to synthesize information, are not significant accelerators
of learning. This is not entirely surprising given the design conditions that previous work has
cautioned against for trying to disguise traditional learning content under the guise of “games”
(e.g., [32]). It is possible that these static learning mechanics within Crystal Island are too
similar to traditional content to gain any benefits typically associated with GBLEs, as previous
work has suggested [21].

Further, assessment mechanics were found to have a negative relationship to learning gains,
contradicting prior literature as well [6],[37],[64]-[65] which would have stated that due to the
assessment mechanic feedback provided to learners, learners should have been able to
accurately gauge their learning. From this we see that learners, even with feedback on in-game
assessments, are unable to engage in the self-regulatory skills needed to then re-visit important
materials throughout the game. Additionally, this is also an indication that learners may have
attempted to game the system through the increased use of assessment mechanics (which are
necessary to complete the game) rather than learning about microbiology, leading to decreased
learning gains. From these results, we recommend that games should provide greater amounts
of scaffolding for directing learners to learning mechanics after the use of assessment
mechanics with further constraints placed on the assessment mechanics used to end the game
prior to learners’ assessed domain knowledge.

Results from the second research question related to game completion found that learners
who successfully completed the game engaged in significantly more learning mechanics with
no significant difference in frequency of assessment mechanics compared to learners who did
not successfully complete the game. This did not fully support our hypotheses in which we
expected that learners who received feedback from assessment mechanics would have a greater
chance of success [19], especially as assessment mechanics were required to be used for
learners to attempt to complete the game. Across both research questions, results show that the
pedagogical grounding of learning mechanics is imperative to game success rather than domain
knowledge acquisition where learners are unable to effectively learn with assessment
mechanics. Further studies are needed to fully understand why this effect occurs. Specifically,
is this due to learners’ shallow processing of domain information held within learning
mechanics? Could learners be unable to identify relevant texts for learning versus those needed
to complete the game? Do learners not find value in the feedback provided by in-game
assessment mechanics? These questions could be answered in future research by collecting
multimodal data that would capture the temporally unfolding cognitive and metacognitive
processes within and across learning and assessment mechanics.
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The third research question attempted to identify clusters of learners based off of learners’
transition frequencies across game mechanics. For this research question as well as the
subsequent research questions, the goal was to understand how learners’ sequential transitions
within and across learning and assessment mechanics were similar to other learners, if profiles
of these learners could be identified, and if these profiles were related to greater learning
outcomes. From previous studies [9], profiles of learners have been extracted in terms of the
use of learning mechanics. Additionally prior studies have examined the transition across game
mechanics [21]. As such, we hypothesized that we would be able to identify clusters of learners
differing in their transition frequency across game mechanics. Results found three general
clusters of learners. Cluster 1 was characterized by high frequency transitions but lower
recurrent sequential transitions within assessment mechanics. Cluster 2 was characterized by
high frequency transitions but lower recurrent sequential transitions within learning mechanics.
Cluster 3 was characterized by low frequency transitions but higher recurrent sequential
transitions within learning mechanics. From the identification and subsequent characterization
of profiles of each cluster, further research questions were asked to identify the significance of
these clusters in terms of learning outcomes. In doing so, we are able to build profiles of
learners who may be more or less likely to be successful in terms of learning gains and game
success, providing implications for future adaptivity of GBLEs. To further inform these
feedback mechanism and adaptability suggestions, we then needed to examine the differences
in learning outcomes across the clusters.

The fourth research guestion examines if there are differences in learning outcomes between
clusters. We hypothesized that clusters of learners who varied in their game mechanic transition
frequencies would demonstrate differences in learning outcomes where we may be able to
identify profiles that demonstrate more optimal transitions over others. Results revealed that
there were no significant differences in learning gains between clusters, indicating that the
process in which learning occurred within the cluster did not have a significant impact on
learning gains measured by pre- and post-tests of microbiology knowledge. However, we did
find that Clusters 1 and 3 were significantly more likely to successfully complete the game
than learners in Cluster 2. Due to the small sample size of Cluster 3 and their similarities to
Cluster 1, Cluster 3 was excluded from analyses. As such, we conclude that learners who
demonstrated lower recurrent sequential transitions within assessment mechanics are more
likely to be successful in completing the game than learners with lower recurrent transitions
within learning mechanics. As such, it is likely that encouraging learners to decrease their
repeated use of assessment mechanics would lead to greater game success, i.e., successful
demonstration of scientific reasoning abilities.

The fifth research question delved deeper into the differences between clusters in their
learning and assessment subtypes. We initially hypothesized that learners across clusters would
demonstrate differences in their game mechanic subtype use. Results partially supported this
hypothesis where there were no differences between clusters on their overall game mechanic
frequency, but there were differences in their use of game mechanic subtypes. Pairwise
comparisons showed that learners in Cluster 1 had greater frequencies of static and aid subtypes
(i.e., learning mechanics) whereas learners in Cluster 2 had greater frequencies of content and
game subtypes (i.e., assessment mechanics) with no differences in the frequency of dynamic
learning mechanic subtype use. This validates the profiles assigned to each cluster in which
learners in Cluster 1 tended to have smaller recurrent use of assessment mechanics whereas
Cluster 2 had smaller recurrent use of learning mechanics. Further, we see that static and aid
learning mechanics are the driving mechanic subtypes which can assist learners in
demonstrating scientific reasoning abilities, indicated by Cluster 1’s higher probability of
successful game completion. This extend prior literature on game mechanics [9],[33],[53],[63]
and transforms how we view specific learning mechanics and their subtypes in which learning
mechanics are not just for pedagogical support and to increase domain knowledge, but they are

146 International Journal of Serious Games | Volume 11, Issue 4, December 2024



D. Dever et al.

great supporters for learners’ ability to demonstrate scientific reasoning abilities although they
are not explicitly taught within these mechanics. These results have further implications for the
use of NPCs as effective dynamic learning mechanic subtypes in which these NPCs were
interacted with similarly across clusters of learners and as such deserve a greater number of
studies examining the role conversational NPCs have in educational games.

The sixth research question visually examined how learners transitioned across subtypes of
learning and assessment game mechanics given the clusters they were placed within.
Supporting our hypothesis based on prior literature [21], we see that learners from different
clusters engage in subtype transitions differently. Similar to previous results from this study,
we see that learners in Cluster 1 were more likely to engage in transitions that related to learning
mechanics rather than assessment mechanics whereas learners in Cluster 2 had significantly
greater recursive transitions between game and content assessment mechanic subtypes. Cry to
visually identify how learners from different clusters transition across these game mechanics
to build even more robust and detailed profiles of learners for future adaptivity for science
learning games.

Overall, our results indicate that game success is not depended upon learning gains and as
such, these measures of learning outcomes and performance should be considered separately.
Additionally, we are able to characterize and profile learners based on their behaviors in the
GBLE where the transitions between different game mechanics are highly related to the ability
for learners to demonstrate their scientific reasoning skills. Finally, we conclude that learning
mechanics, rather than assessment mechanics, drive learners’ success in game.

6. Limitations

This study and its defined mechanics are highly contextualized to Crystal Island. Although
themes arise from the mechanics which are present within most educational games for science
(e.g., Operation ARA), such as static learning mechanics or content assessment mechanics, this
study does not represent the exhaustive list that other GBLEs may include. As this study’s
implications draws largely from the interaction and transition between these game mechanics,
games that include other mechanics and mechanic subtypes should be aware of the limited
generalizability.

Additionally, this study pulls only from log files without including other modalities for
capturing learners’ use and transitions across game mechanics. Specifically, the game
mechanics captured with log files represent the absolute actions of the learner, not potential
considerations. In other words, if a learner was considering using one game mechanic but never
directly interacted with that game mechanic, this consideration and cognitive decision making
was not accounted for within these analyses. Further, self-reports which may have revealed
learners’ intentions and expectations regarding the duality of learning objectives (i.e., learning
about microbiology, completing the game) were not captured within these analyses.

Due to these shortcomings, this paper can be expanded upon by other studies including a
greater number of mechanics used within GBLEs for science learning as well as studies which
can capture interactions and cognitive processes that are not logged by the game using
multimodal multichannel process data (e.g., eye tracking, concurrent verbalizations, facial
expressions of emotions) with students of varying ages.

7. Future Directions

Future directions for learning and assessment mechanics in serious games offer exciting
avenues for researchers and designers to explore and innovate. As the field continues to evolve,
several vital areas emerge as focal points for advancement. Firstly, researchers can delve into
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developing more adaptive and personalized learning experiences within serious games [67]. By
integrating artificial intelligence (Al) and machine learning techniques, games can dynamically
adjust content, challenges, and feedback to tailor learning experiences to an individual’s needs
[68]. This personalized approach not only enhances engagement and effectiveness but also has
the potential to revolutionize the learning experience for each player, tailoring the gameplay to
their unique learning profile and significantly improving their learning outcomes, and scientific
reasoning skills.

Additionally, integrating multimodal data analytics, which refers to the analysis of data from
multiple sources such as eye-tracking, facial expressions, physiological responses, and
concurrent verbalizations, presents an exciting frontier for advancing assessment mechanics in
serious games [69]). Researchers can gain valuable insights into learners' cognitive and
metacognitive processes, emotions, motivational states, and behaviors during gameplay. This
rich data is not just informative but crucial in designing more effective assessment strategies
that accurately measure learning outcomes and scientific reasoning and provide actionable
feedback to learners.

In summary, future research directions for learning and assessment mechanics in serious
games involve leveraging adaptive technologies, exploring immersive experiences, and
harnessing multimodal data analytics. These areas are particularly important as serious games
are increasingly being recognized as valuable tools in STEM education. However, there is still
much to be explored and understood about how to optimize their use for learning and
assessment. By focusing on these areas, researchers can drive innovation, improve learning
outcomes, and unlock the full potential of serious games as practical educational tools.
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