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ABSTRACT
Reflection plays a critical role in learning by encouraging students
to contemplate their knowledge and previous learning experiences
to inform their future actions and higher-order thinking, such as reasoning and problem solving. Reflection is particularly important in
inquiry-driven learning scenarios where students have the freedom
to set goals and regulate their own learning. However, despite the
importance of reflection in learning, there are significant theoretical, methodological, and analytical challenges posed by measuring,
modeling, and supporting reflection. This paper presents results
from a classroom study to investigate middle-school students’ reflection during inquiry-driven learning with Crystal Island, a
game-based learning environment for middle-school microbiology. To collect evidence of reflection during game-based learning,
we used embedded reflection prompts to elicit written reflections
during students’ interactions with Crystal Island. Results from
analysis of data from 105 students highlight relationships between
features of students’ reflections and learning outcomes related to
both science content knowledge and problem solving. We consider
implications for building adaptive support in game-based learning
environments to foster deep reflection and enhance learning, and
we identify key features in students’ problem-solving actions and
reflections that are predictive of reflection depth. These findings
present a foundation for providing adaptive support for reflection
during game-based learning.
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1

INTRODUCTION

Reflection is an essential precursor for developing higher-order
thinking skills such as effective problem solving [28], and it can be
an effective learning tool when strategies for teaching and encouraging deep reflection are used [22]. During inquiry-driven learning,
it is critical for students to effectively reflect on their knowledge,
skills, and previous learning experiences to achieve success [11, 28].
A promising direction for supporting students’ reflection is gamebased learning. With games becoming ubiquitous in students’ lives,
game-based learning holds significant promise for promoting students’ engagement during learning [5, 9]. For instance, game-based
learning environments that are strategically designed to incorporate narratives centered around authentic problem scenarios have
been shown to simultaneously improve students’ motivation, emotional engagement, and learning outcomes [12, 23, 29]. However,
challenges remain because students must utilize a range of selfregulation strategies such as monitoring their level of understanding to determine if they are making progress toward successful
problem-solving outcomes [2, 31, 36]. Game-based learning environments present a promising opportunity to scaffold higher-order
thinking skills, but significant gaps remain as most studies do not
incorporate reflective thinking during game-based learning, which
serves as the basis for developing higher-order thinking skills such
as scientific reasoning.
To address these gaps, we investigated students’ reflections during inquiry-driven science problem solving with embedded reflection prompts in Crystal Island, a game-based learning environment for middle school microbiology. Students’ written reflections
were analyzed to gauge how students reflected during game-based
learning and the extent to which features of written reflections
during game-based learning were related to learning outcomes.
We also modeled the depth at which students reflected over time
and identified critical features that were predictive of their reflection depth and learning outcomes. We consider the implications
of the findings for building adaptive scaffolding into game-based
learning environments to foster students’ reflections and enhance
higher-order thinking skills and learning.

2

THEORETICAL BACKGROUND AND
RELATED WORK

Reflection is defined as deliberate contemplation, and in order to
reflect effectively, one needs to be conscious of one’s own reflective thinking via introspection, or the process of looking within
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Figure 1: McAlpine et al.’s [16] model of reflection
to observe one’s own thoughts, feelings, and reactions to previous
experiences or stimuli [28]. The process of both reflective thinking
and introspection leads to the development of self-knowledge (e.g.,
self-efficacy), which fosters the development of metacognition (e.g.,
monitoring one’s understanding during learning activities) [7, 28].
Reflection lays the foundation for developing higher-order thinking skills such as metacognitive monitoring and problem solving
[15, 18]. These findings are supported by the model of reflection by
McAlpine et al. [16] (Figure 1), where reflection is formulated as
continuously and dynamically interacting with both actions and
knowledge in service of learning goals (e.g., identifying the cause of
an illness). Specifically, the model describes six main components:
(1) goals, (2) knowledge, (3) actions, (4) monitoring, (5) decision
making, and (6) the corridor of tolerance. In this model, once goals
are identified and set, a student will construct a plan to achieve
their goals by reflecting on their knowledge, which guides their
subsequent actions. Students evaluate and revise their actions by
monitoring their progress, where change in actions (e.g., using a
new strategy) will be determined by their corridor of tolerance in
relation to progress made toward achieving learning goals. Specifically, the corridor of tolerance determines whether monitoring
processes will result in a decision to change actions [16]. Significant gaps exist in the literature as McAlpine et al.’s [16] model of
reflection has yet to guide the study of reflection with game-based
learning environments. We argue that this model could provide
insight into the dynamics of reflective thinking within game-based
learning environments since these systems are strategically designed around specific learning goals [20].

Game-based learning with narrative elements can simultaneously promote student learning and student engagement. In a study
with a previous version of Crystal Island, researchers found a
strong positive relationship between students’ learning outcomes
and engagement [23]. These benefits were seen in students regardless of their prior content knowledge and game playing experience.
Another study with a game-based learning environment for introductory computer programming found that including a strong focus
on narrative led to increased engagement and therefore improved
learning outcomes [12]. A complementary benefit of game-based
learning environments is that they can be used to study students’
self-regulated learning and higher-order thinking skills. For instance, in a recent study with Decimal Point, a game designed to
teach decimals to middle school students, researchers investigated
students’ ability to regulate their own learning by allowing them
to decide which learning activities to complete and in what order
[10]. A recent study with Crystal Island investigated the benefits of word embedding representations of reflection for predictive
modeling of post-test scores, finding that models that incorporated
reflections performed significantly better than those that did not [8].
The current work makes use of interpretable features of reflection
rather than word embeddings to predict science content knowledge
and also investigates relationships between students’ reflections
and problem-solving success.
To collect evidence of reflection, free-response reflection prompts
are commonly used [32]. Reflections can be collected at certain
points during a learning experience as a reflection on progress or
after the learning experience has been completed as an overarching
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reflection on the learning process as a whole [1]. Most research on
reflection has explored reflection in learning by post-secondary students and has focused on extended segments of reflective writing,
such as essays [13, 14, 33]. However, since higher-order thinking
skills such as reflection are important from a young age, there is
a need for work that explores and evaluates the relationship between young students’ reflections and their learning outcomes. To
provide support for reflection during learning, a framework for
assessing reflection is necessary. In previous work, written reflection has often been assessed along two dimensions: a dimension of
reflection depth, which captures the extent to which the writing is
reflective; and a dimension of reflection breadth, which addresses
the range of different topics related to reflection [13, 32]. Depth is
often evaluated on an ordinal scale, such as from non-reflective to
slightly reflective to highly reflective [14, 34], while breadth may
consider aspects such as ‘attending to feelings’, ‘validation’ [35],
‘justification’ [21], ‘analysis’, and ‘perspective’ [13]. In this work,
we evaluate reflections solely in terms of their depth because middle
school students’ reflections tend to be short and therefore often
lack breadth.
This paper addresses the need to understand how young students reflect on their knowledge and learning processes during
game-based learning. Reflection prompts were embedded in a gamebased learning environment to collect evidence of reflection over
the course of a learning experience. After collecting students’ responses to reflection prompts, we scored students’ reflections in
terms of their depth and extracted linguistic features related to
students’ reflections and their problem-solving actions to address
the following research questions:

• RQ1: Can science content knowledge and science problemsolving learning outcomes be predicted by features of students’
reflections and problem-solving actions during learning? Prior
work points to challenges in predicting learning outcomes
based on problem-solving actions [24], while other research
has demonstrated the importance of reflection features in
predicting learning outcomes [8]. We investigate a different set of actions and reflection features, but we expect to
find that reflection features offer significant benefits over
problem-solving actions alone for predicting learning outcomes. Specifically, we expect problem-solving actions [26]
and reflection features to be predictive of problem-solving
success based on McAlpine et al.’s [16] model of reflection.
• RQ2: How does the depth of students’ reflections change over
the course of learning with Crystal Island? Previous work
suggests that students may require substantial guidance on
how to reflect effectively [22]. In the absence of such support,
we expect that the depth of students’ reflections will not
increase over the course of their learning experience and
may even decrease.
• RQ3: Can reflection depth be predicted by features of students’
reflections and problem-solving actions? Recent work indicates that reflection features can be used to predict depth
[13], and we expect to find that problem-solving actions are
also predictive.
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3

CRYSTAL ISLAND GAME-BASED
LEARNING ENVIRONMENT

During learning with Crystal Island, students are asked to investigate the mysterious outbreak of a disease on a remote island. To
solve the mystery, students must identify the source of the disease
(one of several food items that sick individuals had recently eaten),
determine the pathogen that is spreading (either a pathogenic virus
or bacteria), and recommend a prevention or treatment for the
disease (either vaccination or bed rest). The specific scenario is randomly generated when the game is started, selecting the infected
food item and either virus or bacteria as the pathogen. To gather
the information needed to solve the mystery, students interact with
non-player characters (e.g., Elise the scientist; see Figure 2), read
books and research articles covering microbiology topics, view science posters and diagrams, and test objects for pathogens using a
virtual scanner. Non-player characters (NPCs) include sick patients
who describe their symptoms and recent activities prior to falling
ill, bacteria and virus experts, a camp cook who provides information related to what residents have been eating lately, and a camp
nurse who provides guidance and support to the student during
their investigation. Findings related to the mystery are compiled
by students in a virtual diagnosis worksheet which is submitted to
the camp nurse as a final diagnosis.
Crystal Island’s science problem solving aligns with the Next
Generation Science Standards’ [27] focus on the nature and practice
of scientific inquiry, and text resources align with standards from
the Common Core State Standards for English Language Arts on
Reading: Informational Text [17].
To collect evidence of students’ reflection while they interacted
with Crystal Island, the game-based learning environment was
augmented with embedded reflection prompts. At critical points
during their investigation, students were prompted to reflect on
their knowledge and problem-solving actions (see Figure 3). The
prompts were designed according to McAlpine et al.’s [16] model
of reflection, where students were prompted to contemplate the
important information previously learned during their investigation as well as to set goals for solving the outbreak scenario and
improving their microbiology content knowledge. Specifically, the
prompts asked students, “Please describe the most important things
that you’ve learned so far, and what is your plan moving forward?”
These prompts were triggered by a set of production rules associated with important actions taken by the student as they interacted
with Crystal Island (see Table 1). The triggers were designed to
align with milestones in the game’s narrative (e.g., speaking with
the camp nurse), students’ acquisition of domain knowledge (e.g.,
viewing 6 microbiology texts that covered information specific to
the illness plaguing the camp), and problem-solving actions (e.g.,
obtaining a positive test result). Based on which action triggered the
reflection prompt, students received a message telling them why
this would be a good time to reflect, followed by the prompt (Figure
3). The reflection prompts were queued immediately after each
trigger, but the delivery of the prompts was scheduled to minimize
disruption to students’ gameplay experiences. Specifically, students
were only prompted to reflect when they left a building in the game
environment. Because reading materials, science diagrams, testing
equipment, and virtual characters are all located in virtual buildings
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Figure 2: The Crystal Island game-based learning environment
Table 1: Triggers used to prompt reflection
Trigger

Prompt

Briefed by the camp nurse

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?

Viewed 6 microbiology texts

Agent, it looks like you’ve found several materials that might 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?

Testing contaminated object

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?

After submitting diagnosis
worksheet with the wrong
solution

Agent, it looks like you’re 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?

End of game (solved mystery or
not)

Please explain how you approached solving the mystery.
If you were asked to solve a similar problem in the future, what would you do the same and/or
differently?

in Crystal Island, prompting for reflection only when students were
outside allowed us to avoid disrupting students when they were
directly amid information gathering. Additionally, successive reflection prompts occurred at least 15 minutes apart. This is because,
with the triggers being event-based, it is possible that a student may
activate several reflection triggers in rapid succession. However,
we wanted students to be able to maintain focus while gathering
information and working on their investigation.

In addition to the in-game reflection prompts, we also included
summary reflection prompts at the end of the learning experience.
These prompts asked students to reflect on their overall approach to
solving the mystery and to consider what they might do differently
when faced with similar problems in the future. Student responses
to the post-game summary reflection prompts were not analyzed
in this paper because we wanted to focus on how students used
reflection to inform adaptations during learning.

Investigating Student Reflection during Game-Based Learning in Middle Grades Science
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Figure 3: Embedded reflection prompt

4 METHOD
4.1 Participants
This paper analyzed data from a classroom study conducted in 2018
and 2019. A total of 153 middle school students participated in the
study, but only 118 students reported demographic information.
Of these students, 51% identified as female and ranged from 13-14
years of age (M=13.6, SD=0.51), with 43 students identifying as Caucasian/White, 32 as African American, 21 as Hispanic or Latino, and
3 as Asian. None of the students reported that they had previously
interacted with Crystal Island. After removing students who had
missing pre or post-test data, the dataset contained 105 students.
These students were removed to ensure that analysis of students’
science content knowledge learning outcomes could control for
prior content knowledge. All analyses used this reduced dataset to
maintain consistency.

4.2

Procedure

Students interacted with Crystal Island over the course of two
or three class periods, on average spending 81.4 minutes in the
learning environment. In the week preceding the classroom study,
we administered pre-survey instruments and a 17-item multiplechoice microbiology pre-test that covered both factual (e.g., “What
is the smallest type of living organism?”) and procedural items (e.g.,
“Your lab partners are examining a pathogen through a microscope
and have observed that it is smooth and round in shape. What
pathogen are your lab partners probably looking at?”). On the first
day of the classroom study, students were introduced to the game
by a researcher and then shown a brief video detailing the problem
scenario they would face in Crystal Island. Afterward, students

interacted with Crystal Island until they completed the mystery
or ran out of class time, which roughly allowed for 100 minutes of
gameplay over two or three days. On the final day of the classroom
study, students took a post-study survey including questionnaires
to capture presence and engagement and a 17-item microbiology
post-test that was similar but different from the pre-test. Both tests
assessed the same knowledge, but questions were presented differently. For example, the pre-test asked, “How do vaccines protect
you?”, while the post-test asked, “What role do vaccines play in your
immune system?” The average pre-test score was 6.90 (SD=2.70)
and the average post-test score was 7.30 (SD=3.35).

4.3

Coding and Scoring

4.3.1 Outcome Variables. Crystal Island supports learning goals
related to science content knowledge acquisition as well as science
reasoning and problem solving. While much of the science content
knowledge included in the learning environment is helpful for solving the mystery, some of the information is irrelevant depending
on what random problem configuration was selected. That is, if
the type of pathogen that is spreading is a virus, information on
bacteria is less useful to students whose only goal is to solve the
mystery. However, the post-test assesses cumulative knowledge
on science content in the game, so students whose goal is to perform well on the post-test should try to acquire as much science
content knowledge as possible. Since, according to McAlpine et
al.’s [16] model of reflection, students’ learning goals guide reflection, we modeled two outcome variables based on the different
learning goals. These were (1) science content learning outcomes,
which were measured by students’ post-test scores, and (2) problemsolving performance, which was based on whether students solved
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Table 2: Reflection depth rubric
Rating

Characteristics

Examples

1

Lacks both a hypothesis and plan. The student does not
demonstrate awareness of their own knowledge or goals.

2

Presents a vague hypothesis or plan, often directly restating
“That the illness causing the people being sick might be
information that was presented in the game. The student
pathogen”;
demonstrates awareness of their own knowledge and goals but
“I found out that the egg has bacteria”;
does not show that they are evaluating their knowledge to inform “I think I am going to talk to other people”
their future actions.

3

Presents a clear hypothesis or plan without any reasoning. This
“Getting more information off the food I think it has
demonstrates that the student has evaluated their knowledge and something to do with the food”;
made connections to their goals. However, they have not
“The most important thing is how the illness is
articulated the reasoning behind the importance of this knowledge spreading”
or its benefit toward achieving their goals.

4

Presents a clear hypothesis or plan with reasoning. This
demonstrates that the student has evaluated their knowledge and
made connections to their goals. However, they have only
provided reasoning for the importance of this knowledge or its
benefit toward achieving their goals, not both.

“I plan on questioning the cook as they know more
about the food and how it could be contaminated with
viruses or bacteria”;
“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. This
demonstrates that the student has evaluated what they have
learned and made connections to their goals. Furthermore, they
have provided reasoning for the importance of this knowledge,
and they have indicated how it will help them achieve their goals.

“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”

the science mystery scenario. We investigate the relationship between students’ problem-solving actions and reflection features
and both of these outcome variables.
4.3.2 Scoring Reflection Depth. To assess the depth of students’
reflections during their interaction with Crystal Island, a rubric
that one of the authors previously helped to develop [4] was used
(see Table 2). This rubric scores reflection depth on a scale from 1
(not reflective) to 5 (highly reflective). While other work that has
assessed written reflections has used complementary dimensions
of depth and breadth [13, 14, 33], these reflections were assessed
solely in terms of their depth because the reflections were often
short (M=18.6 words, SD=14.0) and therefore limited in reflective
breadth.
The rubric was developed by two researchers using a grounded
theory approach [25]. First, the researchers worked together to
identify reflections that were particularly weak and discussed what
stood out about them. They found that these reflections lacked any
commentary on knowledge or a plan of action, were too abstract to
be meaningful, or were largely unactionable. These insights formed
the basis for a reflection depth score of 1 (see Table 2 for examples). Next, to inform a reflection depth score of 5, the researchers
identified some reflections that were particularly strong and discussed them. These reflections presented both a clear hypothesis
regarding the current problem and a plan that was supported by
reasoning, or laid out a high-quality sequence of abstract plans,
thereby demonstrating significant information processing by the
student. Qualities for the remaining reflection depth scores were
similarly determined.

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

Each of the remaining reflections was annotated by both researchers and a final reflection depth score was obtained by averaging the two scores. An intraclass correlation of 0.669 was achieved,
indicating moderate inter-rater reliability. Across all reflections, the
average depth score was 2.41 (SD=0.86).
4.3.3 Feature Extraction. Features related to students’ problemsolving actions and their reflections during Crystal Island were
used in this work. Problem-solving actions capture students’
progress through the game’s narrative, their acquisition of science content knowledge, and their problem-solving processes. A
narrative-related feature that we explored was the number of plot
points completed by the student. Plot points included speaking with
a character for the first time, learning about viruses and bacteria,
finding out what symptoms patients had and what foods they had
recently eaten, and testing objects for pathogens. For science content knowledge features, we looked at the number of microbiology
books that the student read since books are a primary source of
microbiology information in the game. Conversations with NPCs
were also considered a major source of science content knowledge
since students can speak with a virus expert, a bacteria expert,
and an expert on how diseases spread between people. Finally, features related to science problem-solving processes included the
number of times items were tested for pathogens, the number of
times the diagnosis worksheet was submitted with a final diagnosis,
and whether a positive test result was obtained by the end of the
learning experience. The number of tests and diagnosis worksheet
submissions are related to problem-solving efficiency [30], and the
positive test result is related to problem-solving performance.
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Features based on students’ reflections were also derived. First,
the number of words in each reflection was calculated and the
amount of time between when a student was prompted for reflection and when they submitted the reflection was extracted from
Crystal Island’s trace logs. Next, the number of domain-specific
words used in each reflection was calculated. The dictionary of
keywords used for this feature was determined by first extracting all text content from Crystal Island (i.e., books, articles, and
conversations with non-player characters). Then, stop words were
filtered out according to the Natural Language Toolkit [3] of English stop words, words were stemmed to reduce them to their root
form, and the 100 most common terms were selected. Candidate keywords were then curated by the authors and finally cross-referenced
with an educational standards document that was used to develop
Crystal Island’s educational content, resulting in a final set of 36
keywords. The top 5 most common keywords were bacteria, disease,
virus, cell, and infection. This approach was taken to ensure that
domain-specific keywords were identified systematically.
In addition to these reflection features, a subset of the features
included in the LIWC text analysis tool [19] was used to capture
information related to the content of each reflection. Rather than
using all the available LIWC features, we used the five most predictive features according to a recent study on automated reflection
depth assessment [13]. Following Jung & Wise [13], the features
that we used were Focuspast and Focusfuture (the extent to which
the text focuses on the past or the future), Authentic (how honest,
humble, and vulnerable the text is), I (the extent to which the text
includes first person pronouns), and Analytic (how much the text
focuses on formal, logical, and hierarchical thinking patterns).

4.4

Statistical Analysis

To answer our research questions, we utilized hierarchical regression analysis and latent growth curve modeling. Hierarchical regression analysis provides a framework for determining which variables
explain statistically significant variance in a dependent variable
after accounting for all predictors. This allows us to see which
predictors are related to the outcome variable. In this paper, we
investigate whether features related to students’ problem-solving
actions and reflection responses were related to post-test scores,
and whether students successfully solved the mystery.
Latent growth curve modeling provides a framework for modeling trajectories of repeated measures over time for a group and
can control for factors that may account for different trajectories.
Growth models estimate an initial value for the variable being modeled as well as an estimate of how that variable changes over time.
We investigated the growth curves of students’ reflection depth
ratings over subsequent prompts for reflection during Crystal
Island. In addition, we accounted for students’ pre-test scores to
determine whether students’ prior content knowledge impacted
their depth of reflection.

5

RESULTS

RQ1: Can science content knowledge and science problemsolving learning outcomes be predicted by features of students’ reflections and problem-solving actions during learning? We performed hierarchical regression analysis to explore
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whether features related to students’ in-game reflections were predictive of students’ science content knowledge and science problemsolving outcomes, as defined above.
The hierarchical regression analysis was conducted in three steps,
with results shown in Table 3. First, we predicted the outcome
variables using only students’ pre test scores and found this to
be a significant predictor of post test score (β=0.464, p < .001)
and a significant predictor of mystery solution (β=0.010, p < .05).
Next, we incorporated features related to students’ problem-solving
actions that were based on our reflection prompting triggers. When
predicting post test score, none of these features were found to
be significant. When predicting whether the student solved the
mystery, the number of plot points completed (β=0.024, p < .001)
and a positive test result (β=0.389, p < .001) were both found to be
significantly predictive.
For the third step, we extracted features that summarize how
students reflected over the course of their interaction with Crystal
Island. For predicting post test score, average reflection depth
rating (β=1.455, p < .01) and the average amount of time spent on
each reflection (β= -0.029, p < .05) were found to be significant.
Looking at whether the student solved the mystery, these two
features were again found to be significant (β=0.096, p < .05; β=
-0.004, p < .05). We also incorporated a subset of LIWC features,
which capture emotional, cognitive, and structural components
of natural language. For predicting post test score, none of the
LIWC features were found to be significant. For predicting whether
the student solved the mystery, Focuspast was nearly found to be
significant (β=0.033, p < .1).
These results align with Sabourin et al. [24], where relationships
between problem-solving actions and science content knowledge
learning outcomes were not observed, as well as with prior research
that has demonstrated the importance of reflection features for
predictive student modeling [8].
RQ2: How does the depth of students’ reflections change
over the course of learning in Crystal Island? Among the 105
students who had complete data, students had different numbers
of in-game reflections. Four students only completed one in-game
reflection, so they were omitted from latent growth curve analysis
because a single observation is insufficient to model the trajectory
of reflection depth over time. The students who completed exactly
two in-game reflections (N=20), exactly three in-game reflections
(N=43), and exactly four in-game reflections (N=38) were modeled
by a single growth curve model, since growth curves can account
for partially missing data [6].
Results for a growth model accounting for linear growth and a
baseline no growth model are presented in Table 4. According to a
chi-square goodness of fit test, the linear growth model very nearly
fit the data (p < .1) but the no growth model did not. We found that
students’ reflection depth over the course of several prompts for
reflection could be described by a line with an intercept of 2.263
and a slope of -0.003. That is, for students’ first reflections during
their interaction with Crystal Island, they typically received a
reflection depth rating of 2.263. The slope of -0.003 indicates that
the depth of students’ reflections barely changed over the course of
subsequent reflections. Although the average reflection depth for
students’ fourth in-game reflection (M=2.42, SD=0.75) was higher
than the average reflection depth for their first reflection (M=2.30,
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Table 3: Hierarchical regression for predicting post test score and whether the student solved the mystery. All regression
†
coefficients are from the final step in the analyses. *** p < .001, ** p < .01, * p < .05, p < .1
Predictor

β

Post-Test Score
∆R2
F

Step 1: Prior Content Knowledge
Pre-Test Score

0.464

0.240
0.240***

34.824***

Step 2: Problem-Solving Actions
Number of Plot Points Completed
Number of Books Read
Number of Worksheet Submissions
Number of Lab Tests
Obtained a Positive Test Result

0.022
0.001
0.062
-0.012
-0.637

0.016
0.002
0.004
0.003
0.003
0.005

0.4599

Step 3: Reflection Features
Reflection Depth Rating
Number of Words
Number of Keywords
Time Spent Reflecting
Focuspast
Focusfuture
Authentic
I
Analytic

1.455
0.024
0.313
-0.029
0.242
0.260
-0.010
-0.042
0.010

0.138
0.075**
0.003
0.006
0.029*
0.013
0.005
0.003
0.002
0.001

2.2469*

β

Mystery Solved
∆R2

F

0.010

0.0318
0.0318*

5.1907*

0.024
-0.008
0.029
-0.002
0.389

0.3037
0.1043***
†
0.0205
0.0003
0.0025
0.1761***

9.9129***

0.096
0.008
0.044
-0.004
0.033
-0.016
-0.002
0.017
0.002

0.1191
0.0346*
0.0003
0.0065
0.0408*
†
0.0210
0.0022
0.0042
0.0034
0.0059

2.1604*

Figure 4: Students’ reflection depth over the course of their interaction with Crystal Island. Darker lines represent more
common trajectories, and the red line represents the model implied trajectory over all students.
SD=0.65), reflection depth does not change significantly. To further
explore, we compared the linear growth model to the baseline
no growth model, where students’ reflection depth was found to
remain at a constant score of 2.258, using a Chi-square difference
test. We found that the two were not significantly different, leading

to the conclusion that students’ reflection depth does not change
over the course of several reflection responses. The no growth
trajectory compared to students’ individual trajectories can be seen
in Figure 4. The most common student trajectories are represented
by darker lines in the graph.
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Table 4: Growth model parameter estimates with standard error in parentheses and fit indices. * p < .05
Intercept

Slope

df

Chi-Square

AIC

BIC

Linear Growth

2.263 (0.147)*

-0.003 (0.061)

10

17.099

314.19

327.29

No Growth

2.258 (0.134)*

0

14

20.233

309.32

315.87

Table 5: Hierarchical regression results for predicting average reflection depth. All regression coefficients are from the final
†
step in the analyses. *** p < .001, ** p < .01, * p < .05, p < .1
Predictor

β

∆R2

Reflection Depth

F

Step 1: Prior Content Knowledge
Pre Test Score

0.001

0.0453
0.0453***

13.3242***

Step 2: Problem-Solving Actions
Number of Plot Points Completed
Number of Books Read
Number of Worksheet Submissions
Number of Lab Tests
Obtained a Positive Test Result

0.001
-0.005
-0.029
0.000
0.204

0.1690
0.0044
0.0000
0.0951***
0.0050
0.0644***

9.9371***

Step 3: Reflection Features
Number of Words
Number of Keywords
Time Spent Reflecting
Focuspast
Focusfuture
Authentic
I
Analytic

0.036
0.074
-0.003
0.036
0.027
0.000
-0.008
0.005

0.4796
0.4331***
†
0.0111
0.0069
0.0051
0.0001
0.0001
0.0069
0.0163*

17.6252***

To examine the effect that having a high or low pre-test score,
as determined by a median split (median=7, Nlow =45, Nhigh =56),
has on students’ initial reflection depth and changes in reflection
depth over time, we included pre-test as a time-invariant covariate
in our latent growth curve model. We found that there were no
significant effects of students’ pre-test performance on reflection
depth during Crystal Island.
RQ3: Can reflection depth be predicted by features of students’ reflections and problem-solving actions? To identify
features that are predictive of students’ reflection depth, we conducted another hierarchical regression analysis (Table 5). The same
features were investigated as in RQ1, although reflection depth was
removed as an independent variable and instead used as the outcome variable. While we did not find an effect of pre-test score on
students’ reflection depth trajectories, it was a significant predictor
of average reflection depth (β= .001, p <.001). Problem-solving actions that were found to predict students’ average reflection rating
were the number of times the diagnosis worksheet was submitted
(β= -.029, p <.001) and whether a positive test result was obtained
(β=0.204, p < .001). For features related to students’ reflections, the
average number of words per reflection was predictive of reflection
depth (β=0.036, p < .001). Also, students’ use of analytic language, as
measured by the LIWC Analytic feature, was predictive of reflection
depth (β=0.005, p < .05).

6

DISCUSSION

Reflection is an essential precursor for developing higher-order
thinking skills such as effective problem solving and knowledge
acquisition [28]. This study investigated middle-school students’
reflections during inquiry-driven learning within Crystal Island
in science classrooms, and we consider each of the three research
questions and the implications of this work below.
RQ1: Can science content knowledge and science
problem-solving learning outcomes be predicted by features of students’ reflections and problem-solving actions
during learning? To examine the extent to which learning and
performance outcomes were predicted by features of students’
reflections and problem-solving actions during learning with
Crystal Island, we conducted a hierarchical regression analysis.
Results suggested that features extracted from students’ reflections
were predictive of post-test scores, but problem-solving actions
were not. Based on previous work with data from another Crystal
Island study [24], we had expected students’ problem-solving
actions to offer insufficient information for predicting science
content knowledge learning outcomes. Yet, while students’
problem-solving actions were not predictive of post-test scores,
we found that some features of their reflections were, which
is consistent with prior findings by Geden et al. [8]. Over the
course of their interaction with Crystal Island, students’ average
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reflection depth and the average amount of time spent on each
reflection were predictive of post-test scores. The results suggest
that students who are deeper or more efficient reflectors may
be more successful in this learning environment. Interestingly,
the average number of words per reflection and the number of
domain-specific words used in students’ reflections were not
predictive of post-test scores. Thus, the amount of externalized
reflection seems to be less important than the depth and efficiency
of reflection for learning outcomes. In future work, we aim to
investigate whether students who performed well on the post-test
were both deep and efficient reflectors, or if there is an observable
tradeoff between depth and efficiency as they relate to science
content knowledge learning outcomes.
Next, we analyzed whether there were relationships between
successful problem solving (i.e., correctly solving the mystery) and
problem-solving actions and reflection features. The models suggested that some problem-solving actions were predictive of successful problem solving. Specifically, the number of plot points
completed and whether the student received a positive test result
on one of their virtual tests for a pathogen were positively related
to solving the mystery. With the goal of Crystal Island requiring
students to identify the type of pathogen that is spreading and the
food item through which it is spreading, it is clear why receiving
a positive test result would be predictive of solving the mystery after getting the positive result, all students need to do is determine
a viable treatment or prevention plan and present this information
to the camp nurse. As for the number of plot points completed, this
feature indicates how widely students have explored the virtual
environment. Thus, it seems reasonable that students who have
explored the game more completely would be able to use the information they collected to solve the mystery. This relationship
between problem-solving actions, especially those related to testing
hypotheses, aligns with prior findings [26]. As for features related
to students’ reflections, average reflection depth and the average
amount of time per reflection were found to be predictive of successful problem solving, such that deeper and more efficient reflection
was positively related to problem-solving success.
RQ2: How does the depth of students’ reflections change
over the course of learning in Crystal Island? In this study, we
found that students’ reflection depth did not change significantly
over the course of their learning experience in Crystal Island.
Based on Riedinger [22], we had hypothesized that, in the absence
of any support for reflection, reflections would not increase in depth
over time and might even decrease in depth. We hypothesized that
students might become less motivated to engage in deep reflection
over time and would instead quickly provide a shallow reflection
to satisfy the bare minimum requirement, leading to a decrease in
reflection depth scores. Additionally, since we have observed that
some students get stuck in their investigations and have difficulty
making progress toward solving the mystery, we hypothesized that
students might engage in shallower reflection over time as a combined result of increased frustration and a lack of new information
to reflect on.
Using latent growth curve modeling, we found that students’
reflection depth remained mostly constant over the course of their
learning experience. According to the growth model of students’
reflection depth, depth scores tended to stay at approximately 2.3.
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This roughly corresponds to a score of 2 on the rubric, which indicates that students’ reflections were either too vague to be very
useful or were mostly direct restatements of information found in
the game without any processing by the student. This demonstrates
that students were often aware of their knowledge and learning
goals, but did not evaluate this knowledge to help drive adaptations
for the future. Moreover, we found that there was not a significant
impact of students’ prior science content knowledge, as indicated
by their pre-test scores, on reflection depth. Thus, since all students’ reflections were consistently shallow, there is clearly a need
to provide support for reflection during game-based learning.
RQ3: Can reflection depth be predicted by features of students’ reflections and problem-solving actions? Building toward the future goal of adaptively supporting reflection during
game-based learning, we identified several problem-solving actions
and reflection features that were predictive of average reflection
depth. For problem-solving actions, the number of times that students submitted the diagnosis worksheet and whether they received
a positive test result were predictive of reflection depth. These actions, which can be viewed as measures of science problem solving
efficiency and science problem solving ability, respectively, align
with previous work suggesting that problem-solving processes are
related to higher-order thinking skills like goal setting and adaptation, which are related to reflection [30]. However, since these
actions often occur at the end of students’ interactions with Crystal
Island, they do not hold much promise for adaptively identifying
students who are not engaging in deep reflection.
Some features extracted from students’ reflections were found to
be predictive of reflection depth, as was the case in Jung & Wise [13].
First, the number of words per reflection was predictive of reflection
depth, with longer reflections tending to have higher scores. This is
not very surprising since it seems likely that a student’s reflection
would need to exceed some minimum length for them to adequately
evaluate their knowledge and consider adaptations for the future.
However, it may be the case that the “correct length” for a reflection
could be a range rather than a lower bound. That is, if a student’s
reflection covers too much information, they may fail to derive
actionable insights regarding the changes they should make to
their learning processes. It will be important to identify guidelines
for determining when a reflection is too short or too long to support
meaningful adaptation during game-based learning. Nevertheless,
the number of words in a reflection may be useful as a baseline
indicator to encourage students to engage in deeper reflection. For
example, when students try to submit a reflection that is too short,
the system can simply ask them to provide some more information.
Specifically looking at the features borrowed from Jung & Wise
[13], the LIWC Analytic feature was predictive of reflection depth.
This feature presents an opportunity to ask students to focus more
on logic and reasoning when reflecting. Leveraging these insights,
future versions of Crystal Island can adaptively support reflection by providing feedback based on how students respond to the
embedded reflection prompts.

7

CONCLUSION

Reflection on knowledge and past actions is critical for students to
adapt their goals and actions to achieve desired learning outcomes.

Investigating Student Reflection during Game-Based Learning in Middle Grades Science

Game-based learning, with the distinctive capacity to situate students in authentic problem-solving scenarios that require the use of
higher-order thinking skills, is a promising setting for investigating
reflection. We have presented a study with a game-based learning
environment for middle school microbiology that features embedded prompts to elicit reflections from students. Results showed that
students’ reflections were predictive of learning outcomes more
than problem-solving actions alone. It was also found that students
consistently exhibited a lack of deep reflection and that their reflection depth did not change during the learning experience. The study
also revealed that students’ problem-solving actions and linguistic
features of their reflections were predictive of overall reflection
depth. The findings demonstrate the importance of collecting evidence of reflection to predict learning outcomes, as well as the
potential to inform adaptive reflection scaffolding.
There are several promising directions for future research on
reflection in game-based learning. First, it may be beneficial to explore reflections in relation to students’ problem-solving actions to
more accurately model predicted learning outcomes. For instance,
it may be informative to look at the relationship between what
students reflected on and the actions they took in the learning environment. Second, it will be important to investigate alternative
methods for prompting students to reflect during game-based learning to promote deep reflection. For example, it may be beneficial to
engage students in more directed reflection on specific aspects of
their learning processes that are critical to their success rather than
providing them with open-ended prompts. Additionally, it will be
important to explore whether the timing of a reflection prompt during game-based learning impacts depth of reflection, and whether
a system can learn when the best time to prompt for reflection
is. Finally, it will be important to develop techniques for providing adaptive scaffolding for reflection using formative feedback.
This will provide insight into methods that foster deeper reflection
during inquiry-driven learning in game-based learning environments and whether such improvements benefit student learning
outcomes.
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