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Adolescents’ Reflection
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Abstract
Reflection is critical for adolescents’ problem solving and learning in game-based learning environments (GBLEs).
Yet challenges exist in the literature because most studies lack a theoretical perspective and clear operational
definition to inform how and when reflection should be scaffolded during game-based learning. In this paper, we
address these issues by studying the quantity and quality of 120 adolescents’ written reflections and their relation
to their learning and problem solving with Crystal Island, a GBLE. Specifically, we (1) define reflection and how it
relates to skill and knowledge acquisition; (2) review studies examining reflection and its relation to problem solving
and learning with emerging technologies; and (3) provide direction for building reflection prompts into GBLEs that
are aligned with the learning goals built into the learning session (e.g., learn about microbiology versus successfully
solve a problem) to maximize adolescents’ reflection, learning, and performance. Overall, our findings emphasize
how important it is to examine not only the quantity of reflection but also the depth of written reflection as it relates to
specific learning goals. We discuss the implications of using game-learning analytics to guide instructional decision
making in the classroom.
Notes for Practice
• Reflection is essential for effective problem solving and learning in game-based learning environments
(GBLEs).
• Multimodal data captured during game-based learning may provide insight into the quantity and quality
of adolescents’ reflections and their relation to learning and performance with GBLEs via game-learning
analytics.
• Our findings suggest that designing reflection prompts based on learning goals in GBLEs provides insight
into adolescents’ learning and problem solving to guide instructional decision making in the classroom to
support reflection, learning, and performance.
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1. Introduction
According to American philosopher John Dewey, meaningful experiences are not possible without some element of reflection
(Dewey, 1923, 1933). Dewey (1933) suggests that reflection is the process of actively and carefully appraising situations or
experiences that require learners to step back, observe, and meaningfully contemplate how they solve problems and whether
a particular set of problem-solving strategies is effective for achieving their goals (Tarricone, 2011; Dewey, 1933). Thus,
reflection is essential for effective problem solving because it promotes new knowledge and higher-order thinking skills (Dewey,
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1933), which have significant bearing on learning and performance (Alzaid & Hsiao, 2018; Izu & Alexander, 2018; Luo &
Baaki, 2019; Patel, Baker, & Scherer, 2019; Tarricone, 2011). Yet studies find that most learners in the United States do not
have the skills for successful problem solving (Azevedo, Taub, & Mudrick, 2018; Azevedo, Feyzi-Behnagh, Duffy, Harley,
& Trevors, 2012; NRC, 2012; NASEM, 2018; OECD, 2016), leading us to ask whether this insufficiency stems from a lack
of reflecting. Since reflection is not taught in US curricula (NASEM, 2018), it is plausible that learners are not reflecting in
order to cultivate skills that contribute to solving real-world problems (Moshman, 2013; Wang, Chen, Lin, & Hong, 2017). To
deal with the educational challenges adolescents face (i.e., gaining the knowledge and skills needed to meet the demands of
the 21st century), researchers have built game-based learning environments (GBLEs), such as Crystal Island, that incorporate
features (e.g., narrative, pedagogical agents) designed to scaffold skill acquisition while simultaneously stimulating motivation
and engagement (Taub, Sawyer, et al., 2020). Clark, Tanner-Smith, and Killingsworth (2016) found that, out of 57 studies,
participants learning with GBLEs had consistently higher learning outcomes than those who learned in conventional settings
without GBLEs (ḡ = 0.33, 95% CI [0.19, 0.48], τ 2 = 0.28). Similar results were found by Mayer (2014) and Qian and Clark
(2016). However, a study by Ak and Kutlu (2017) comparing traditional settings, 2-D GBLEs, and 3-D GBLEs found no
differences in learning gains across the three learning environments (ps > 0.05). A possible explanation for the mixed findings
could be that, while GBLE features are designed to foster higher-order thinking, most game features fail to scaffold reflection,
which is important for acquiring knowledge and cultivating effective problem-solving skills in dynamic environments (Tarricone,
2011). This could be in part due to reflection often being vaguely defined and lacking a theoretical perspective, a dearth of
studies that use multimodal learning analytics (Mangaroska, Sharma, Gasevic, & Giannakos, 2020; Geden et al., 2020), and
the fact that game features (e.g., prompts) are not intentionally designed to scaffold reflection (Taub, Azevedo, Bradbury, &
Mudrick, 2020). In this paper, gaps are addressed using a theoretical perspective and multimodal data on reflection to examine
whether the quantity and quality of reflections were related to two learning goals presented within a GBLE, Crystal Island.
Specifically, we (1) describe the challenges associated with how reflection has been previously defined and provide a clear
definition that is supported by theoretical and empirical work; (2) highlight previous studies that have captured and analyzed
reflection with emerging technologies; and finally (3) describe a model of reflection (McAlpine, Weston, Beauchamp, Wiseman,
& Beauchamp, 1999) that emphasizes reflection as a function of achieving learning goals, offering a unique perspective on
studying reflection with GBLEs, which implies that instructional decision making in the classroom should be augmented to
scaffold adolescents’ learning and problem solving.
1.1 What Is Reflection?
Significant challenges exist in the literature because reflection has often been defined interchangeably with introspection
and metacognition (Brown, Bransford, Ferrara, & Campione, 1983; Flavell, 1979; Pintrich, 2002; Rosenthal, 2000). While
reflection relies on introspection and serves as the foundation for metacognition, these terms are different (Tarricone, 2011).
Specifically, reflection is the process of purposeful contemplation or focused thinking, whereas introspection is the process
of looking within such that one draws awareness to one’s thoughts, feelings, and reactions to stimuli (Tarricone, 2011). On
the other hand, metacognition is the act of monitoring and controlling cognition (Flavell, 1979), while reflection is the act of
observing, inspecting, and contemplating (1) a belief or supposed form of knowledge, (2) the evidence that supports said belief
or knowledge, and (3) the conclusions one draws from observing and inspecting one’s belief or knowledge.
Moreover, the literature refers to reflection as the building block of higher-order thinking (e.g., metacognitive monitoring,
effective problem solving) (Tarricone, 2011). In other words, self-knowledge that results from introspecting and reflecting fuels
metacognitive knowledge because it encompasses the beliefs learners hold about themselves and how they exist in the world
(Pintrich, 2002). Traditional theoretical perspectives explain self-knowledge as a vital ingredient in developing metacognitive
knowledge (e.g., model of metamemory by Flavell (1979)), leading to a number of empirical studies supporting the idea that
metacognitive knowledge is essential for metacognitive processes such as feelings of knowing, and that reflection contributes to
enhanced metacognition and learning outcomes (Bannert & Reimann, 2012). Further, the importance of developing intentional
and conscious reflection is critical for developing higher-order thinking skills and plays a role in learning (Azevedo et al., 2018;
Alzaid & Hsiao, 2018; Izu & Alexander, 2018; Luo & Baaki, 2019; Patel et al., 2019; Tarricone, 2011; Dewey, 1923).
Next, we discuss studies examining the role of reflection in skill/knowledge acquisition with emerging technologies.
1.2 Reflection with Emerging Technologies
Most studies capture reflection using prompts that are direct (i.e., the learner is prompted to reflect on specific aspects of their
learning, e.g., “What is the most important information you learned about X?”) or open (i.e., the learner is simply prompted to
reflect in general, e.g., “How is your learning overall going so far?”) (Vrugte et al., 2015), elicited using written statements or
pedagogical agents with emerging technologies (Carpenter, Geden, Rowe, Azevedo, & Lester, 2020; Geden et al., 2020; Taub,
Azevedo, et al., 2020). For instance, a study by Wu and Looi (2012) prompted adolescents (ages 13–15 years) to reflect using
pedagogical agents with Betty’s Brain, an agent-enabled, learning-by-teaching environment (Biswas, Segedy, & Bunchongchit,
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2016). Participants were required to study concepts and diagrams related to elementary economics and then teach the agents
based on their understanding of the learning materials. Participants were assigned to one of three groups: generic prompt,
specific prompt, and no prompt. The generic prompts were designed to scaffold participants to examine their perspectives,
beliefs, and experiences by reflecting on metacognitive strategies and beliefs used (e.g., “What do you think about teaching and
who is it for?”, p. 342), while the specific prompts were designed to scaffold participants to achieve the learning objectives
by reflecting on task- and domain-specific skills (e.g., “Can you explain the concepts you just taught me?”, p. 342). When
participants indicated something incorrect about a concept during teaching to the agent, the agent was triggered to prompt
the learner to reflect. Specifically, Wu and Looi (2012) examined relations between the quality of written reflections (i.e.,
did the written statement illustrate reactivity, contemplation, or elaboration?), immediate learning, and transfer knowledge
using knowledge assessments across the three conditions. Results showed that participants assigned to either generic- or
specific-prompt groups had higher immediate learning outcomes than the no-prompt group; however, there were no differences
in immediate learning outcomes between the generic-prompt and specific-prompt groups. Their findings also suggested that
adolescents in the generic-prompt group performed better on the transfer test than the specific-prompt and no-prompt groups
(Wu & Looi, 2012). Additionally, their results showed that participants in the specific-prompt group demonstrated more
reactivity in their written statements, while participants in the generic-prompt group demonstrated more contemplation in their
written statements. However, significant challenges exist in this study, particularly in the timing of the reflection prompts via
agents, which were initiated only when participants demonstrated incorrect patterns in relation to the learning material. For
instance, should learners be prompted to reflect on their knowledge only when they illustrate misconceptions? At which points
should adolescents be prompted to reflect while learning and teaching complex materials, and how does this prompting relate to
achieving learning goals presented within the environment?
Many different GBLEs have been created to foster specific skill sets (e.g., problem solving, scientific reasoning) or
conceptual understanding for various domains (e.g., computer science or microbiology) using clearly structured learning goals
built into the environment. Yet few studies design game features to scaffold reflection using a theoretical perspective (Taub,
Azevedo, et al., 2020), presenting significant challenges for our understanding of reflection during game-based learning and its
role in learning and problem solving as it relates to achieving learning goals. Moreno and Mayer (2005) conducted a study
where participants designed plants capable of surviving in different climates with a GBLE. Some participants were assigned to
a condition where they received corrective or explanatory feedback on problem solving from a pedagogical agent, while others
were assigned to a condition in which they were asked to reflect by explaining their problem-solving solutions (e.g., “Why do
you think that particular type of root/stem/leaf will survive in this environment?”) (Moreno & Mayer, 2005, p. 123). The results
showed that participants who were asked to reflect on their solutions demonstrated better retention and transfer than those in
the corrective or explanatory feedback condition. However, this effect was only present if participants reflected on a correct
solution. While these findings demonstrate the promise of pedagogical agents scaffolding reflection and the positive effect of
reflection on learning, we highlight that the study did not apply a theoretical model explaining or defining reflection, drawing
us to question whether the prompts were eliciting reflection. This issue is especially emphasized when there is no analysis
of the quality of the reflection responses as it relates to achieving learning goals. Additional gaps exist because there was no
theoretical underpinning determining when reflection should be elicited during game-based learning. Similarly, Fiorella and
Mayer (2012) used paper-based worksheets to scaffold reflection and examined whether reflection prompts impacted solving
electric-circuit problems with GBLEs. The prompts were designed to draw learners’ attention to specific information that was
related to the problem solution (e.g., “If you take away a resistor in serial, the flow rate increases.”) (Fiorella & Mayer, 2012, p.
177). They found that participants who were prompted to reflect performed better on the transfer test than those who were not
(Fiorella & Mayer, 2012). However, we would like to raise similar issues emphasized in Moreno and Mayer (2005). If prompts
were designed to direct learners’ attention to specific information for finding the solution, learners could be metacognitively
monitoring instead of reflecting. More issues exist because drawing learners’ attention to specific information does not mean
that the learner is practising reflection. Without a clear definition of reflection, it is difficult to make conclusions that might
inform relations between reflection and learning with GBLEs, especially when reflection responses are not evaluated based on
the quality of the responses as they relate to learning goals. A study by Johnson and Mayer (2010) compares the effects of two
different types of prompts on performance—open and directed—against a no-prompt condition. Learners in the open-prompt
condition were required to generate self-explanations after every action during game-based learning, while learners in the
directed-prompt condition selected from a list of reasons after every action. Results showed that learners in the directed-prompt
condition performed significantly better on the transfer assessment than those in the no-prompt condition (d = 1.20). They also
found that learners in the open-prompt condition did not significantly differ from those in the no-prompt condition (Johnson &
Mayer, 2010). It is surprising that no effect of open-ended reflection on learning was found since previous studies have found
that open-ended written reflection responses reveal reflection depth that relates to higher learning outcomes (Wu & Looi, 2012;
Carpenter et al., 2020; Ullmann, 2019). Additional challenges exist, since the simple act of selecting reasons for initiating an
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action does not necessarily elicit reflection, drawing us to question whether reflection played a role in the differences between
the conditions.
Conversely, Vrugte et al. (2015) found that different reflection-prompt types did not impact performance. They examined
written reflections elicited via prompts during learning about math with a GBLE to assess its relation to reasoning and
learning. Specifically, four conditions were built into the system: reflection-prompt condition, reflection prompt with procedural
information condition, procedural information condition with no reflection prompts, and a control condition. Results showed
reasoning skills improved across all conditions, suggesting reflection prompts or procedural information did not have an effect
on learning (Vrugte et al., 2015). While the authors argued that the reflection prompts were too demanding to have an impact
on learning, we would like to raise the issue that examining the quality of the reflection responses (e.g., depth at which one
reflects) may provide more insight into the findings of this study, particularly into why there was no effect of reflection prompts
on performance. For instance, can we ensure that the learners were reflecting solely based the prompt they received and the
number of times they completed a written response, i.e., the quantity of written reflection? Carpenter et al. (2020) demonstrated
a novel technique to gauge the quality of reflection by examining adolescents’ written reflection responses using machine
learning to automatically detect the quality at which learners reflected and assess its relation to learning with Crystal Island, a
GBLE designed with two learning goals: learn about microbiology concepts and solve a mysterious illness on the island (Taub,
Azevedo, et al., 2020). Reflection quality was defined based on the depth of the written response, with emphasis placed on
whether the participant was observing, contemplating, and inspecting their thoughts, ideas, beliefs, and perspectives as they
related to achieving a learning goal and whether they generated a clear hypothesis (i.e., beliefs about a particular direction
for their problem solution or learning) to inform their next set of actions. Three prompt types were built into Crystal Island,
requiring learners to reflect on different aspects of their learning and problem solving during game-based learning: (1) the
important information they had learned, (2) their current approach to finding a solution, and (3) a different solution approach.
These prompts were triggered when participants completed actions deemed critical for achieving the learning goals (see Table 1
for details). Results showed that the average reflection quality across the three reflection types was positively related to learning
outcomes (Carpenter et al., 2020). This study highlights the fact that examining the quality with which adolescents reflect
provides insight into the role of reflection on learning with GBLEs, but the authors failed to consider the other learning goal, i.e.,
solving the mystery to study how reflection quality impacted successful problem solving. For this very reason, we argue that a
model of reflection that accounts for the goals or objectives built into the learning environment needs to be adopted in order to
gain insight into whether learners were observing, contemplating, and inspecting their beliefs, actions, thoughts, etc., in relation
to achieving their learning goals. As highlighted in the discussion above, gaps remain in the literature about whether different
reflection-prompt types (e.g., open, directed) impact adolescents’ ability to practise reflection and how the quality of their
reflections relates to learning and problem solving as they align with particular learning goals and objectives (Carpenter et al.,
2020; Geden et al., 2020; Vrugte et al., 2015; Johnson & Mayer, 2010; Fiorella & Mayer, 2012). To address these challenges,
we guided our research using McAlpine et al. (1999)’s model of reflection relative to other models since it emphasizes that
learning goals guide reflection, which impacts reasoning, decision making, monitoring, and knowledge acquisition.
1.3 Model of Reflection
The model of reflection (McAlpine et al., 1999) describes six main components: goals, knowledge, action, monitoring, decision
making, and a corridor of tolerance, where reflection functions as a continuous and dynamic interaction between knowledge
and action (see Figure 1). Specifically, the model explains that reflection is driven by learning goals (e.g., solve the mysterious
illness versus learn as much as possible about microbiology with Crystal Island). Once goals are identified and established,
the learner constructs plans to achieve set goals based on their knowledge (i.e., cognitive structures ranging from surface to
deep level that are built from training and previous experiences), subsequently leading to actions that are continuously revised
and evaluated via metacognitive monitoring that is based on the learner’s corridor of tolerance. The corridor of tolerance is
a mechanism that determines whether monitoring will result in decision making that leads to change, such as a change in
strategy use (Shavelson & Stern, 1981). It is hypothesized that the corridor of tolerance determines whether change should
be implemented based on the learner’s threshold for what is acceptable, such that the cues the learner is monitoring will
fall within acceptable or unacceptable boundaries based on how the learner defines progress toward achieving their goals.
Depending on where this evaluation falls, a decision will be made about adjusting or continuing actions based on observing,
contemplating, and inspecting plans, ideas, hypotheses, etc., that the learner has developed (McAlpine et al., 1999) as they
relate to learning goals. Further, during inquiry, reflection serves to control inference making and reasoning while searching for
information to inform a solution (Dewey, 1933; McAlpine et al., 1999). It is critical to emphasize that in the model, learning
goals drive inquiry, reflection, inference making, and reasoning. We argue that McAlpine and colleagues’ (1999) model of
reflection is appropriate for studying reflection during game-based learning, since GBLEs are designed with clearly structured
learning goals that learners must complete in order to be successful (Plass, Mayer, & Homer, 2020). Plass and colleagues
(2020) explain that “. . . games for learning may be defined as games with specific learning goals” (p. 3); thus, the influence of
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goals on problem-solving actions and learning information is evident. Significant gaps exist in the literature—this model has
not been used in game-based learning or learning analytics research (Kovanović et al., 2018; Scheffel, Drachsler, Stoyanov,
& Specht, 2014; Carpenter et al., 2020; Geden et al., 2020; Perez-Colado, Perez-Colado, Freire-Moran, Martinez-Ortiz, &
Fernandez-Manjon, 2017; Taub, Azevedo, et al., 2020). We address this gap by examining the role of the quantity and quality
of reflection as they relate to learning goals structured within Crystal Island to advance our understanding of reflection during
game-based learning. Our study is outlined below.

Figure 1. Model of reflection by McAlpine and colleagues (1999).

1.4 Current Study
In this study, we examined the role of reflection-prompt types on adolescents’ problem-solving and learning outcomes with
Crystal Island. Our research was guided by the model of reflection by McAlpine and colleagues (1999), because challenges
that examine reflection prompts with GBLEs are prevalent in the literature (Carpenter et al., 2020; Moreno & Mayer, 2005;
Fiorella & Mayer, 2012; Johnson & Mayer, 2010; Vrugte et al., 2015; Plass, Homer, & Kinzer, 2015; Taub, Azevedo, et al.,
2020). Since studies show that reflection develops in adolescence (Moshman, 2011), it is critical to study how to effectively
build reflection prompts within GBLEs to enhance learning and problem solving across learners. As such, the objectives of the
current study are to analyze the effectiveness of three reflection-prompt types of scaffolding: (1) the important information
previously learned; (2) the current approach to finding a solution; and (3) a different solution approach on two different learning
goals, i.e., problem solving and knowledge acquisition with Crystal Island. To align our research questions with the model of
reflection (McAlpine et al., 1999), we hypothesized that reflection-prompt types would impact learning and problem solving
differently because they varied by goals (see Section 2.4, Coding and Scoring, for details).
• What is the likelihood that a learner’s ability to solve the problem is related to their quantity of reflections with
Crystal Island? While reflection positively impacted performance with GBLEs (Johnson & Mayer, 2010; Moreno &
Mayer, 2005; Fiorella & Mayer, 2012), samples consist largely of young adults who may be more developmentally
capable of reflecting with GBLEs. A study by Vrugte and colleagues (2015) found that reflection prompts did not affect
adolescents’ performance with GBLEs. Yet a study by Wu and Looi (2012) found a positive effect of adolescents’ quantity
of reflection on performance with a learning-by-teaching environment. Since the effect of reflection-prompt types built
into Crystal Island on adolescents’ problem solving has yet to be investigated, we adopted a non-directional hypothesis
and expected the quantity of the three reflection-prompt types to impact adolescents’ problem-solving performance.
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• To what extent does the quantity of reflections predict post-test scores while controlling for pre-test scores with
Crystal Island? We expected the quantity of the three reflection-prompt types to impact adolescents’ learning outcomes
via pre-/post-test assessments based on the current literature (Johnson & Mayer, 2010; Moreno & Mayer, 2005; Fiorella
& Mayer, 2012; Taub, Azevedo, et al., 2020); however, we adopted a non-directional hypothesis because of mixed
findings on adolescents’ reflection on learning and because the effect of the three reflection-prompt types built into
Crystal Island on adolescents’ learning outcomes has yet to be investigated.
• What is the likelihood that a learner’s ability to solve the problem is related to their average quality of reflections
with Crystal Island? Studies have found a positive effect of prompts on the depth to which adolescents reflect and
acquire knowledge (Carpenter et al., 2020; Wu & Looi, 2012). Yet no studies have investigated the effect on adolescents’
problem solving of reflection-prompt types that target different learning goals. As such, we adopted a non-directional
hypothesis because the empirical evidence is unclear about adolescents’ capacity to reflect with GBLEs, and gaps exist
on the effectiveness of reflection-prompt types built into Crystal Island on adolescents’ problem-solving performance.
Specifically, we expected the average quality across reflection-prompt types to impact adolescents’ problem-solving
performance.
• To what extent does the average quality of reflections predict post-test scores while controlling for pre-test scores
with Crystal Island? Studies have found a positive effect of reflection prompts on relations between adolescents’
depth of reflection and learning (Carpenter et al., 2020; Wu & Looi, 2012). Yet no studies have investigated the effect
on adolescents’ learning of reflection-prompt types designed to target different learning goals. Because of this, we
adopted a non-directional hypothesis and expected the average quality across the three reflection-prompt types to impact
adolescents’ learning outcomes.

2. Methods
2.1 Participants and Materials
A sample of 120 learners (51% female; age: M = 13.57, SD = 0.54) was recruited from several middle school classrooms to
solve a mystery during their science class using Crystal Island, a narrative-based GBLE designed to foster (1) higher-order
thinking skills and (2) microbiology knowledge (Rowe, Shores, Mott, & Lester, 2011; Taub, Sawyer, et al., 2020). Most
participants identified as “White/Caucasian” (54%), while the remaining participants identified as “Black/African American”
(27%), “Hispanic or Latino” (19%), or “Other” (16%). Most of the sample reported occasionally playing video games (33%),
while others reported frequently (28%) and very frequently (20%) playing video games. The majority also reported possessing
average video game skills (39%), while the remaining reported being skilled (29%) or of limited skills (14%). The majority of
the sample also reported playing 0–2 hours of video games per week (38%), while others reported playing 5–10 (23%) and 3–5
hours (20%) of video games per week. None of the participants reported that they had learned with Crystal Island before the
study.
A 21-item, four-option multiple-choice pre-/post-test assessment was administered before and after game-based learning
with Crystal Island regardless of whether the mystery was solved to capture microbiology knowledge. The pre-/post-test
assessments were created by the research team and middle school teachers, containing 12 factual (e.g., “What is the smallest
type of living organism?”) and 9 procedural (e.g., “What is the difference between bacterial and viral reproduction?”) questions.
Several self-report questionnaires were also administered to participants before and after game-based learning to gauge emotions,
motivation, and cognitive load1 . We obtained ethics committee approval before recruiting participants and collecting data.
There was no experimental manipulation in this study because our aim was to explore how to best leverage Crystal Island to
help learners engage in effective problem solving, knowledge construction, and higher-order thinking using reflection prompts
and system features.
2.2 Crystal Island Learning Environment
The Crystal Island system is single-player GBLE built to create a rich, story-centred problem-solving experience using game
features (e.g., tools) and embedded reflection prompts (Carpenter et al., 2020; Carpenter, Cloude, Rowe, Azevedo, & Lester,
2021; Geden et al., 2020). The science content provided in the game was aligned with the Standard Course of Study Essential
Standards for Eighth-Grade Microbiology (McQuiggan, Goth, Ha, Rowe, & Lester, 2008). Upon starting the game, participants
were required to adopt the role of a US Centers for Disease Control and Prevention agent who has been sent to a tropical
island undergoing a recent illness outbreak. To successfully complete their mission, participants needed to identify (1) the
pathogen, (2) the source of the pathogen (e.g., salmonellosis transmitted through eggs), and (3) a correct treatment plan. Tools
and resources were designed into the system to provide clues and information about the illness, such as how the pathogen was
1 We

do not provide details on the self-report scales to maintain brevity since these data were not used in the analyses for this paper.
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contracted, using non-player characters (NPCs) like the camp nurse explaining patients’ symptomatology; the ability to scan
food items for pathogens; and the opportunity to read books, research articles, and posters that describe information about
various pathogens and diseases (e.g., bacteria versus virus characteristics; Figure 2) and document hypotheses and findings
using a diagnosis worksheet (Figure 3). The diagnosis worksheet was also a tool that participants used to submit their final
diagnosis, source of contamination, and treatment solution.
The prompts embedded into the system were designed to foster reflection and were triggered using event-based production
rules (Table 1). Further, the prompts asked participants to reflect on their problem solving once they completed actions deemed
critical for solving the mystery via open-ended, short responses (e.g., “Please describe the most important things that you’ve
learned so far, and what is your plan moving forward?”) and rating scale items (i.e., “On a scale of 1–10, how well is your
investigation going?”; Figure 4). Three types of reflection prompts were built into the system, corresponding to different
learning goals: (1) progress plan, (2) solution approach, and (3) different solution approach, where each was designed to raise
awareness of different aspects of problem solving. Specifically, the progress-plan prompts were triggered once a participant
completed an action deemed critical for solving the illness, such as talking to the camp nurse to gather information on sick
patients’ symptoms. In response to actions like this, the learner was immediately prompted to describe the most important
thing they had learned thus far in their problem solving toward identifying the pathogen. As such, the progress-plan prompt is
distinct from the other prompts in that it was triggered during game-based learning, before participants indicated that they had
reached a final solution, to foster their reflection on progress toward solving the mystery. Conversely, both solution-approach
and different-solution-approach prompts were triggered when the learner submitted a correct diagnosis and treatment plan
for the illness (i.e., solved the mystery), or if they ran out of class time. Thus, learners only completed one solution-approach
prompt and one different-solution-approach prompt. Learners were first prompted to describe what problem-solving actions and
information contributed to their success or failure (i.e., solution-approach). Afterwards, they were prompted to describe what
problem-solving actions and strategies they would do differently (or the same) if given the chance to solve the mystery again
(i.e., different-solution-approach). We would like to emphasize that the three reflection prompts were triggered at different
points during game-based learning (i.e., before finding the solution and after) to scaffold reflection on and awareness of the
participants’ problem-solving approach and knowledge of microbiology.
2.3 Procedure
Before data collection, parents and participants provided written consent and assent to allow the latter’s questionnaire, interaction
log, and performance data to be used for research purposes. Consent and assent were obtained using forms distributed in
person or electronically via email by researchers and middle school teachers. At least one day before playing Crystal Island,
participants who provided both consent and assent completed a series of online questionnaires gauging experience with video
games, emotions, metacognition, motivation, and microbiology knowledge via a 21-item multiple-choice pre-test assessment

Figure 2. Screenshots of GBLE, Crystal Island.
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Table 1. Reflection triggers, prompts, and types during game-play

Triggers

Prompts

Types

After talking to the camp
nurse for the first time

“Agent, it looks like you’ve spoken with the camp
nurse. Before you continue, we’d like a report on
your progress. In your own words, please describe
the most important things that you’ve learned so
far, and what is your plan moving forward?”

Progress plan

After viewing six virtual
texts in the game

“Agent, it looks like you’ve found several materials that may be useful. Before you continue,
we’d like a report on your progress. In your own
words, please describe the most important things
that you’ve learned so far, and what is your plan
moving forward?”

Progress plan

After obtaining a positive
test result in the virtual
laboratory

“Agent, it looks like you found an object that tested
positive for pathogenic contaminants. Before you
continue, we’d like a report on your progress. In
your own words, please describe the most important things that you’ve learned so far, and what is
your plan moving forward?”

Progress plan

After submitting diagnosis worksheet to camp
nurse and getting it
wrong

“Agent, it looks like you are making progress on
diagnosing the illness, but you’re not quite there
yet. In your own words, please describe the most
important things that you’ve learned so far, and
what is your plan moving forward?”

Progress plan

After solving the mystery

“Well done, Agent! You’ve saved everyone on the
island. Now that you are finished, we would like to
ask a couple of final questions. Please explain how
you approached solving the mystery.”

Solution approach

After solving the mystery

“If you were asked to solve a similar problem in
the future, what would you do the same and/or
differently?”

Different problem approach

After time expires, but
the learner has not solved
the mystery

“Thank you for playing Crystal Island. Now that
you are finished, we would like to ask a couple of
final questions. Please explain how you approached
solving the mystery.”

Solution approach

After time expires, but
the learner has not solved
the mystery

“If you were asked to solve a similar problem in
the future, what would you do the same and/or
differently?”

Different problem approach

using school computers during regular school hours. On the following day, participants were introduced to the game in their
classroom by a researcher using a short video that explained the storyline of Crystal Island. Participants were told that the
objective of the game was to solve a mysterious illness plaguing a remote, tropical island and learn about microbiology.
Afterwards, participants interacted with the game on individual laptops provided by the research team for approximately
90 minutes during their normal science class time over the course of two class periods. Participants completed the study
once the 90 minutes had passed on the second day, whether or not they solved the mystery illness. They did not receive the
correct solution if they did not correctly solve the mystery to ensure that it did not confound their performance on the post-test
knowledge assessment. Next, they completed a series of questionnaires similar to the pre-test session, including a 21-item
multiple-choice post-test to capture microbiology knowledge.
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Figure 3. Diagnosis worksheet.

Figure 4. Reflection prompt with written component on the left and scale on the right.

2.4 Coding and Scoring
2.4.1 Outcome Variables

McAlpine and colleagues’ (1999) model of reflection guided our variable operational definitions. Since learning goals guide
reflection according to this model, we created two outcome variables, which differed by learning goals: (1) microbiology
knowledge acquisition and (2) successful problem solving. For instance, the goal of Crystal Island was to solve the mystery
illness (i.e., problem solving), yet performing well on the post-test required learning as much as possible about microbiology,
which may include information irrelevant to solving the mystery. Because of this, we defined outcome variables separately
to study their relation to adolescents’ reflection. To measure microbiology knowledge acquisition, i.e., learning, we used
pre-/post-test scores that were defined based on the ratio of correct answers to total items on the assessment. Successful problem
solving, i.e., performance, was defined based on whether the learner solved the mystery illness using a binary format (1 =
solved, 0 = unsolved), which required the learner to identify not only the correct pathogen (salmonellosis) but also the source of
contamination (transmitted via eggs) and to provide a correct treatment solution (rest) using the diagnosis worksheet.
ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License, Attribution - NonCommercial-NoDerivs 3.0 Unported
(CC BY-NC-ND 3.0)

59

2.4.2 Reflection

To capture reflections, we extracted data from online behavioural traces, defining reflection in two ways: (1) quantity and (2) the
average quality (or depth) of reflection responses. Overall, participants spent an average of 10 minutes (SD = 3.08) reflecting
and 86.46 minutes (SD = 10.60) learning with Crystal Island. To define the quality (or depth), a rubric developed by Carpenter
and colleagues (2020) was used to score the written reflection responses on a scale from one to five (1 = “no depth”, 5 =
“a reflective response with a high-quality sequence of abstract plans for problem solving”; see Table 2 for the rubric). While
it is common for quantitative models of reflection to capture both depth (e.g., non-reflective, shallowly reflective, or highly
reflective) and breadth (e.g., attending to feelings, validation, or justification) aspects of reflection (Kovanović et al., 2018;
Ullmann, 2019), this rubric focused exclusively on depth. This was done because the reflections collected during game-based
learning in Crystal Island were brief (M = 20.22 words, SD = 15.56) and therefore inherently limited in reflective breadth. The
rubric of reflective depth was developed by two researchers using a grounded theory approach.
To determine what constituted a reflection rating of one, the two researchers searched through the reflections until several
that seemed particularly weak were identified. Based on these reflections, the researchers determined that the weakest reflections
were those that (1) lacked both a plan of action and commentary on relevant knowledge, (2) were too abstract to be very
useful, (3) were largely unactionable, or (4) were entirely unrelated to the learning experience (e.g., “Yeah cool game I learned
science”; see Table 2 for more examples). Next, the researchers selected several reflections that seemed exceptionally strong
and used them as the basis for a reflection rating of five (e.g., “I will continue to test the foods the sick people touched or
previously ate to see if it is contaminated”). The researchers determined that reflections that received a score of five either
presented a clear hypothesis that was supported by strong evidence and reasoning or provided a high-quality abstraction of
the problem that demonstrated an understanding of the most important information the student had obtained (see Table 2).
A similar process was used to complete the rest of the rubric. In total, 20 reflections (four per reflection-depth rating) were
used to develop the rubric (Carpenter et al., 2020). Once the rubric was developed, another 20 reflections were randomly
sampled from the dataset and separately coded by each researcher. The ratings for these reflections were then discussed and
any differences were reconciled, thus ensuring that both researchers had a shared understanding of the rubric. Finally, both
researchers separately coded the remaining 708 reflections, and an intra-class correlation of 0.669 was achieved, indicating
moderate inter-rater reliability (Cohen, 1960). The final reflection depth ratings used in this work were calculated by averaging
the scores assigned by the two researchers (M = 2.41, SD = 0.86).
2.5 Statistical Analyses
The data were processed using a pipeline created in Python (Van Rossum & Drake, 2011) and then analyzed in R Version
3.6.2 (R Core Team, 2019). The packages read xl (Wickham & Bryan, 2019), dplyr (Wickham, François, Henry, &
Müller, 2020), and reshape2 (Wickham, 2007) were used for data manipulating and wrangling. The fitdistrplus and
logspline packages were used to determine the distribution of the data before model building. To build different types of
models, we used the glm and lm functions from the stats package (R Core Team, 2019). Next, the stepAIC function from
the MASS package was used to conduct variable selection via the stepwise Akaike information criterion (AIC) (Venables &
Ripley, 2002). The base and lmtest packages were used to access model indices, while the ggplot2 package was used to
visualize relationships among variables (Wickham, 2016).
For the analysis, binomial logistic regression models were calculated to assess relationships between the quantity and
quality of reflection types and the likelihood that a learner solved the mystery. Multiple linear regression equations were used
to assess relationships between the quantity and quality of reflection types and pre-/post-test proportional scores. The stepwise
AIC was used to select the final models that demonstrated the lowest AIC for each research question. Since the stepwise
AIC extends to generalized linear models, it was selected over other techniques (Yamashita, Yamashita, & Kamimura, 2007).
Before the initial analyses, we removed 30 participants from the dataset because they did not complete the post-test assessment.
We also investigated whether the quantity and quality of reflection types contained significant outliers using Grubbs’s (1969)
approach. Three participants were removed due to outlying data points, which were further emphasized using boxplots.

3. Results
Table 3 provides descriptive statistics. Alpha coefficients for pre-/post-test assessments met satisfactory reliability (α = 0.69;
(Cronbach, 1951)). Before model building, we conducted preliminary analyses to examine whether there were relationships
between solving the mystery in Crystal Island and scores on pre-/post-test assessments. Two separate t-tests were calculated
using a Bonferroni correction (p < 0.05/2 = 0.025) and revealed significant differences in pre-test scores (t(115) = −2.33,
p = 0.021) and post-test scores (t(112) = −2.65, p = 0.009) between learners who solved (pre: M = 0.35; post: M = 0.38) or
did not solve (pre: M = 0.29; post: M = 0.30; see Table 4 and Figure 5) the mystery. This suggests that an understanding of
microbiology played a role in whether or not the learner was able to solve the mystery during learning with Crystal Island.
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Table 2. Rubric used to annotate the depth of reflection-prompt responses (Carpenter et al., 2020)

Rating

Characteristics

Examples

1

Lacks both a plan and knowledge; abstract
and largely meaningless; unactions.

“Each clue will help with solving the problem” or
“Yeah cool game I learned science”

2

Presents a vague hypothesis or plan with
no clear reasoning; simply restates information that was directly learned in the game
without high-order thinking (e.g., inference
making).

“That the illness causing the people being sick
might be a pathogen” or “I found out that the egg
has bacteria” or “I think I am going to talk to other
people”

3

Presents a clear hypothesis or a plan,
but does not provide reasoning behind it;
demonstrates awareness of gaps in understanding and presents a plan to address
those gaps; organizes the importance of
their knowledge or problem-solving strategies.

“Getting more information about the food I think it
has something to do with the food” or “The most
important thing is how the illness is spreading”

4

Presents a clear hypothesis or plan with reasoning; provides reasoning of the situation
with a plan; acknowledges what they have
learned, why it is important, and what they
plan to do with this information moving
forward.

“I plan on questioning the cook as they know more
about the food and how it could be contaminated
with viruses or bacteria” or “I need to learn more
about what the sick people do on a day-to-day
schedule”

5

Presents both a clear hypothesis and plan
with reasoning; presents a high-quality sequence of abstract plans for problem solving.

“I think that it might have to do with salmonella
because when I tested the milk it was positive with
pathogenic bacteria. I think that I will test things
that can be contaminated” or “I will continue to
test the foods the sick people touched or previously
ate to see if it is contaminated”

Table 3. Descriptive statistics

Variables

M

SD

Range

Different problem approach quantity

1*

0

1

Different problem approach quality

1.97

1.04

4.5

Solution approach quantity

1*

0

1

Solution approach quality

2.65

1.42

5

Progress plan quantity

24*

23.04

36

Progress plan quality

2.21

0.61

4

Pre-test scores

0.32

0.13

0.62

Post-test scores

0.34

0.16

0.67

Note. ∗ = median.

3.1 Research Question 1: What Is the Likelihood That a Learner’s Ability to Solve the Problem Is Related
to Their Quantity of Reflections during Learning with Crystal Island?
AIC metrics indicated that the best model was present using one predictor: progress-plan reflection instances. A simple binomial
logistic model was fit to the data (Table 5) to test the research hypothesis regarding the relationship between the likelihood that a
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Table 4. Frequencies on mystery solving

Frequency

Solved the mystery

Yes

No

65 (54.62%)

55 (45.38%)

Figure 5. Differences in pre-/post-test scores between learners who solved and did not solve the mystery; 1 = solved, 0 =

unsolved.

learner solves the mystery illness and the quantity of solution-approach and progress-plan reflections during learning with Crystal
Island. We calculated the final model, which showed that Predicted logit of (Solved) = −3.14 + (−0.06) ∗ Progress plans.
According to the model, the likelihood of a learner solving the mystery illness was related to the quantity of completing
progress-plan reflections (p < 0.025; Figure 5). In other words, the more progress-plan reflections were completed by the
learner during game-based learning, the more likely the learner was to solve the mystery. Specifically, the odds of a learner
solving the mystery illness were 0.94 times greater if they completed more progress-plan reflections than for a learner who
completed fewer progress-plan reflections. This finding was partially consistent with our hypothesis and the model of reflection
(McAlpine et al., 1999), where we expected the quantity of all reflection types to predict the likelihood that a learner solved
the mystery. Please note that these findings are exploratory and have correlational implications. However, learners were not
required to initiate specific actions during game-based learning that triggered reflection prompts, so the more often that learners
initiated actions that were relevant to achieving the learning goals, the more often they were prompted to reflect.
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Table 5. Logistic regression analysis of solving mystery by frequency of reflection types

Predictor

β

SE

p

eβ

Constant

−3.14

0.81

0.000

0.04

Progress plans

−0.06*

0.03

0.000

0.94

χ2

df

p

43.145

2

< 0.001

8.5243

8

0.384

Test
Overall model evaluation
Likelihood ratio test
Goodness-of-fit test
Hosmer & Lemeshow
McFadden R2

0.261

Note. eβ = exponentiated beta or odds ratio; SE = standard error; *p < 0.025.

Figure 6. Line graph illustrating relationships between the average frequency of reflection types between learners who did and

did not solve the mystery (solved = 1; unsolved = 0).

3.2 Research Question 2: To What Extent Does the Quantity of Reflections Predict Post-test Scores while
Controlling for Pre-test Scores after Learning with Crystal Island?
Upon applying the AIC method, the best model indices were present using one predictor. A simple linear equation was fit to the
data (Table 6) to test the research hypothesis regarding the relationships between pre- and post-test scores after learning with
Crystal Island. The result showed that Predicted average of post-test scores = 0.139 + (0.633) ∗ Pre-test scores. According to
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the model, there were significant relationships between post-test scores and pre-test scores (β = 0.63, p < 0.025), but the model
did not fit the data when including the quantity of reflection-type variables, suggesting that no relationship existed with post-test
scores. Specifically, the fitted model estimated that the average post-test score increased by 0.633 for each point increase on the
pre-test, where pre-test scores explained 27% of the variance in post-test scores (Figure 6). This finding was inconsistent with
our hypothesis and previous research, where we expected the quantity of reflection types to predict post-test scores.
Table 6. Multiple linear regression analysis of post-test scores by frequency of reflection types and pre-test scores

Predictor

β

SE

Constant

1.39*

0.033

Pre-test scores

0.633*

0.095

Test
F

44.44*

df

1,118

Adjusted R2

0.267

Note. SE = standard error; *p < 0.025.

Figure 7. Scatterplot and regression line illustrating relations between pre- and post-test scores.
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3.3 Research Question 3: What Is the Likelihood That a Learner’s Ability to Solve the Problem Is Related
to Their Average Quality of Reflections during Learning with Crystal Island?
Upon applying the AIC method, the best model indices were present using one predictor. A one-predictor binomial logistic
model was fit to the data (Table 7) to test the research hypothesis regarding the relationship between the likelihood that
a learner solves the mystery illness and the average quality of solution-approach reflections during learning with Crystal
Island. We calculated the final model, which showed that Predicted logit of (Solved) = −2.20 + (0.90) ∗ Solution approach.
According to the model, the likelihood of a learner solving the mystery illness was related to the average quality of their
solution-approach reflections during game-based learning (p < 0.025; Figure 7). In other words, the higher the average
quality of solution-approach reflections completed during game-based learning, the more likely a learner was to solve the
mystery. Specifically, the odds of a learner solving the mystery illness were 2.46 times greater if they completed, on average,
higher-quality solution-approach reflections than for a learner who completed, on average, lower-quality solution-approach
reflections. This finding was partially consistent with our hypothesis and the model of reflection (McAlpine et al., 1999), where
we expected the average quality of all reflection types to predict the likelihood that a learner solved the mystery.
Table 7. Logistic regression analysis of solving mystery by quality of reflection types

Predictor

β

SE

eβ

Constant

−2.20*

0.53

0.11

Solution approach

0.902*

0.19

2.46

χ2

p

43.145

< 0.001

3.8462

0.8707

Test
Likelihood ratio test
Goodness-of-fit test
Hosmer & Lemeshow
McFadden R2

0.205

Note. eβ = exponentiated beta or odds ratio; SE = standard error; *p < 0.025.

3.4 Research Question 4: To What Extent Does the Average Quality of Reflections Predict Post-test Scores
while Controlling for Pre-test Scores after Learning with Crystal Island?
Upon applying the AIC method, the best model indices were present using two predictors. A multiple linear equation was fit to
the data (Table 8) to test the research hypothesis regarding the relationships between the average quality of solution-approach and
progress-plan reflections and post-test scores while controlling for pre-test scores after learning with Crystal Island. The results
showed that Predicted average of post-test scores = 0.012 + (0.533) ∗ Pre-test scores + (0.054) ∗ Progress plan. According to
the model, pre-test scores (β = 0.53, p < 0.025) and the average quality of progress-plan reflections (β = 0.025, p < 0.025)
predicted post-test scores, but there was no relationship between the average quality of solution-approach reflections and
post-test scores (p > 0.025). Specifically, the fitted model estimated that the average post-test score increased by 0.53 for
each point increase on the pre-test and 0.05 for each point increase in the average quality of progress-plan reflections during
game-based learning, where pre-test scores and average quality of progress-plan reflections explained 33% of the variance
in post-test scores (Figures 8 and 9). This finding was partially consistent with our hypothesis and the model of reflection
(McAlpine et al., 1999), where we expected the average quality of all reflection types to predict post-test scores.

4. Discussion
In this study, we examined the role of different reflection types on adolescents’ problem-solving performance and knowledge
acquisition with Crystal Island. Since challenges are prevalent in the literature examining reflection prompts with GBLEs,
where a theoretical lens on and a clear operational definition of reflection are often lacking, our research was guided by the
model of reflection by McAlpine and colleagues (1999) (Carpenter et al., 2020; Moreno & Mayer, 2005; Fiorella & Mayer,
2012; Johnson & Mayer, 2010; Vrugte et al., 2015; Plass et al., 2015; Taub, Azevedo, et al., 2020). The objective of the current
study was to analyze data from adolescents to assess the effectiveness of three reflection-prompt types on different learning
goals: (1) problem solving and (2) knowledge acquisition with Crystal Island. To align our research questions with the model
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Figure 8. Line graph illustrating relationships between the average quality of solution-approach reflection between learners
who did and did not solve the mystery (solved = 1; unsolved = 0).
Table 8. Multiple linear regression analysis of post-test scores by average quality of reflection types and pre-test scores

Predictor

β

SE

Constant

0.010

0.050

Pre-test scores

0.533*

0.095

Progress plans

0.054*

0.022

Solution approach

0.014

0.009

Test
20.75*

F

3,116

df
Adjusted

R2

0.3324

Note. SE = standard error; *p < 0.025.

of reflection (McAlpine et al., 1999), we hypothesized that reflection-prompt types impacted learning and problem solving
differently because they varied by learning goals. It is important to note that research questions 1 and 3, and 2 and 4, were
combined in this section to highlight findings by learning goal, i.e., solving the mystery versus learning about microbiology.
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Figure 9. Scatterplot and regression line illustrating relations between pre- and post-test scores.

4.1 What Is the Likelihood That the Ability of a Learner to Solve the Mystery Illness Is Related to Both
Their Quantity and Their Quality of Reflecting with Crystal Island?
The first research question examined whether the quantity of reflection-prompt types was related to the likelihood that a learner
solved the mystery illness with Crystal Island. Our models found that the more often learners were prompted to reflect on their
progress plans, the more likely they were to solve the problem in Crystal Island. These findings are partially consistent with our
hypothesis, where we expected all reflection-prompt types to impact performance, since empirical evidence and the model of
reflection (McAlpine et al., 1999) suggest that reflection enhances problem solving (Fiorella & Mayer, 2012; Johnson & Mayer,
2010; Moreno & Mayer, 2005; Wu & Looi, 2012). We would also like to note that these findings are exploratory and there was
no control group to compare learners who were prompted to those who were not prompted at all. However, learners were not
required to initiate specific actions during game-based learning, which triggered the reflection prompts, and so the more often
learners initiated actions that were relevant to achieving the learning goals, the more often they were prompted to reflect. While
we found that learners who reflected on their progress plans more often were more likely to solve the mystery, we did not find
an effect of prompting learners to reflect on their solution approach or a different solution approach. A possible explanation for
this could result from one of two things: (1) Prompting adolescents to reflect on their problem-solving approach after finishing
the game might suggest that learners had active learning goals to solve the mystery; thus, according to McAlpine and colleagues
(1999), there would be no drive to engage in reflection. (2) Prompting adolescents only one time might capture no variability
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and thus leave little room for predictive models. As such, future studies should investigate whether designing GBLEs that
prompt adolescents to contemplate their problem-solving approach at multiple instances during game-based learning affects
reflection and problem-solving outcomes. If learners are actively pursuing a goal to solve the mystery, the prompts could be
more impactful in scaffolding reflection and enhancing performance. Future studies should also consider the role that reflection
plays in self-regulated learning by examining different theoretical perspectives such as that proposed by Zimmerman (2013)
and capturing self-regulated learning processes and strategies over the course of game-based learning (Carpenter et al., 2021;
Siadaty, Gasevic, & Hatala, 2016; Viberg, Khalil, & Baars, 2020)
The third research question examined whether the average quality of reflection-prompt types was related to the likelihood
that a learner solved the illness with Crystal Island. Our models suggested that the higher the average quality (i.e., depth) of
reflection responses on their solution approach, the more likely the learner was to solve the problem with Crystal Island. These
findings highlight the importance of scaffolding adolescents’ reflection on their approach to problem solving with GBLEs
when they engage in problem-solving tasks. Further, the average quality of progress-plan and different-solution-approach
prompts did not impact problem solving. These findings are partially consistent with our hypothesis, where we expected all
reflection-prompt types to impact problem solving (Fiorella & Mayer, 2012; Johnson & Mayer, 2010; McAlpine et al., 1999;
Moreno & Mayer, 2005; Wu & Looi, 2012). However, Vrugte et al. (2015) also found that some reflection prompts did not
impact performance and suggested that the prompts were too demanding for adolescents. As such, a possible explanation for
this finding could be that different-solution-approach prompts were too taxing for learners since they require knowledge of how
to problem solve. Thus, future studies should aim to assess adolescents’ problem-solving ability, which could explain why
contemplating different problem-solving approaches was unrelated to performance.
In terms of progress plans, a possible explanation could be that the prompts were designed to scaffold the learner to
contemplate the most important information they had learned about microbiology rather than about their problem solving. As
such, could this prompt be related to the goal of learning about microbiology and, thus, according to the model of reflection
(McAlpine et al., 1999), have discouraged the learner from reflecting on their progress toward solving the problem, potentially
explaining why reflection quality didn’t affect performance? A potential reason for the effect of the quantity of progress-plan
prompts could be the number of times the GBLE was designed to prompt, which was considerably higher than for the other
reflection-prompt types (Table 3). Further, could the quantity of progress-plan prompts simply have had an effect because they
outnumbered the other prompts? Based on these findings, future studies should consider initiating solution-approach prompts
at critical points during problem solving instead of progress-plan prompts to assess whether these prompts further enhance
adolescents’ reflection and problem solving. Future research should also aim to capture multimodal data during game-based
learning because the information may provide more insight into the impact of prompts on adolescents’ capacity to reflect. For
example, how might facial expressions of emotions or eye-tracking data explain whether, when, and how reflection prompts are
effective in scaffolding reflection and fostering successful problem solving? These findings have implications for the classroom,
where the models could inform instruction and guide personalized interventions based on the quality and quantity of adolescents’
reflection during game-based learning. However, considerable research is still required. Implementing game-learning analytics
in the classroom for instructional decision making will also require additional support and technological resources, such as a
dashboard to illustrate data visualizations for sense making that are currently unavailable to most teachers (Perez-Colado et al.,
2017; Cloude, Dever, Wiedbusch, & Azevedo, 2020; Wiedbusch et al., 2021; Roll & Winne, 2015).
4.2 To What Extent Do the Quantity and Quality of Reflections Predict Post-test Scores while Controlling
for Pre-test Scores with Crystal Island?
For our second research question, we examined whether the quantity of reflection-prompt types was related to post-test scores
while controlling for pre-test scores. We found that the frequency of reflection prompts did not have an impact on pre-/post-test
scores. Instead, prior knowledge was the best predictor of post-test scores. This finding was partially inconsistent with our
hypothesis as well as previous research (Fiorella & Mayer, 2012; Johnson & Mayer, 2010; Moreno & Mayer, 2005; Wu & Looi,
2012), where we expected the quantity of reflection prompts to impact learning. A possible explanation could be that assessing
the quantity of reflection has no bearing on whether learners engage in reflection with GBLEs. Future studies should aim to
assess the depth of reflection and its relation to learning goals to study relations between reflection and outcomes with GBLEs.
However, this finding highlights the importance of prior knowledge about the topic as it relates to post-test performance. For
example, an instructor may want to pay close attention to learners who have demonstrated less understanding of the learning
materials prior to engaging with a GBLE to inform their instructional decisions in the classroom, particularly in regard to
scaffolding and intervening in a classroom with a lot of students, which is more often the rule than the exception. For instance,
if an instructor knows that prior knowledge is related to learning outcomes, then they can monitor the subset of students who
demonstrate less understanding.
For the final research question, we examined whether the average quality of reflection-prompt types was related to post-test
scores while controlling for pre-test scores. We found that the average quality of progress-plan prompts and pre-test scores
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positively predicted post-test scores. This finding was partially consistent with our hypothesis as well as previous research
(Fiorella & Mayer, 2012; Johnson & Mayer, 2010; Moreno & Mayer, 2005; Wu & Looi, 2012), where we expected the quality
of all reflection-prompt types to positively impact learning. A possible explanation for the lack of effect for solution-approach
and different-solution-approach prompts could be that the pre-/post-test assessments were built to capture knowledge about
microbiology, yet the objective of Crystal Island was to solve a problem in which solution-approach and different-solutionapproach reflection-prompt types were created to scaffold (e.g., “Well done, Agent! You’ve saved everyone on the island. Now
that you are finished, we would like to ask a couple of final questions. Please explain how you approached solving the mystery.”).
As such, the prompt types had no relevance to learning information about microbiology but rather scaffolded learners to reflect
on problem solving. This explanation is aligned with the model of reflection (McAlpine et al., 1999), suggesting that learning
goals play a role in driving reflection with GBLEs. Further, the progress-plan reflection prompts required the learner to think
about the most important information acquired (e.g., “Agent, it looks like you are making progress on diagnosing the illness,
but you’re not quite there yet. In your own words, please describe the most important things that you’ve learned so far, and what
is your plan moving forward?”), potentially targeting information covered on the pre-/post-test assessments. These findings
provide directions for examining the role of reflection in performance and learning. When is the ideal time to prompt learners
to reflect, and does that time vary based on the learning goal and environment? Researchers should also consider the role of
adolescents’ motivation, cognitive load, or level of knowledge of problem solving, since game-learning analytics data could
help pinpoint when learners are not engaging in reflection (e.g., if the quality of solution-based reflection and motivation is low)
to inform instructional decision making (Winne et al., 2019; Winne, 2017; Cloude et al., 2020; Wiedbusch et al., 2021).
4.3 Limitations
For this study, we did not assess individual characteristics outside of prior knowledge, such as motivation or interest, which
may have played a role in adolescents’ quantity and quality of reflection during game-based learning. Additionally, we did not
capture the temporal components of learners’ reflection, such as the amount of time engaging in reflection across the different
prompt types, to assess its relation to performance and learning. Another confounding factor could have been adolescents’
experience and familiarity with playing video games.

5. Concluding Statements
In this study, we examined the role of different reflection types on adolescents’ problem-solving performance and knowledge
acquisition with Crystal Island. Findings suggested that the quantity and quality of adolescents’ reflection were related to
problem solving and learning with a GBLE, but the effectiveness of different reflection-prompt types varied based on the
learning goal they targeted. We emphasize the importance of adopting a theoretical perspective when studying reflection and
highlight how learning goals built into GBLEs drive adolescents’ reflection. Future studies should investigate the role of time
and individual factors in reflection during game-based learning. Implications for building reflection prompts within GBLEs to
enhance adolescents’ reflection, problem solving, and learning, and using game-learning analytics to inform instruction in the
classroom, are provided.
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