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ABSTRACT

Adaptation, or ability and willingness to consider an alternative
approach, is a critical component of learning through reflection,
especially in educational games, where there are often multiple
avenues to success. As a domain, educational games have shown
increased interest in using retrospective visualizations to promote
and support reflection. Such visualizations, which can facilitate
comparison with peer data, may also have an impact on adaptation
in educational games. This has, however, not been empirically exam-
ined within the domain. In this work, we examine how comparison
with other players’ data influenced adaptation, a part of reflection,
in the context of a game that teaches parallel programming. Our
results indicate that comparison with peers does significantly im-
pact willingness to try a different approach, but suggest that there
may also be other ways. We discuss what these results mean for
future use of retrospective visualizations in educational games and
present opportunities for future work.
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1 INTRODUCTION

Educational games have become more prominent in recent years
as empirical evaluations demonstrate their value as mechanisms
for learning [10, 26, 27, 40, 54]. As their use grows, however, new
questions emerge about how to ensure they effectively support
learning and lead to knowledge gains. One element of learning
that is of interest within the domain is adaptation and awareness
of alternative approaches [66]. Adaptation refers specifically to
making adjustments to one’s approach. For example, a student
playing a learning puzzle game may initially attempt a brute force
approach, trying every option until they find the right one. Upon
failure, they may then adapt their approach, instead examining
available clues to determine the right solution. Learning literature
has demonstrated how consideration of alternative solutions can
help learners better understand a topic and achieve success in a
learning environment [56, 72]. Games, including educational games,
are dynamic environments where there are often multiple correct
ways to overcome an obstacle, and thus, willingness to explore
alternative solutions, to adapt, is inherently important to successful
learning in educational games.

Retrospective visualization is a popular approach for eliciting
reflection, and thus triggering adaptation, in digital learning envi-
ronments and applications [50, 56]. This approach has also begun
to gain traction in educational games [23, 66]. Essentially, retrospec-
tive visualizations, or visualizations of gameplay and performance
data examined after the completion of a learning task, are used to
prompt and support reflection, or “those intellectual and affective
activities in which individuals engage to explore their experiences
in order to lead to new understandings" [6]. Through these new
understandings, students, and in the case of educational games,
players, may become aware of actions they did not take or could
have taken differently, triggering adaptation.
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As such, there is value to advancing the use of retrospective
visualizations to prompt adaptation and support reflection in ed-
ucational games. However, while the retrospective visualization
approach is common in other gaming domains, such as esports,
[32, 67, 68], such studies are less common in the domain of educa-
tional games. In educational games, traditional prompts have been
the primary means of eliciting reflection and adaptation has been
less explored [15, 48, 55].

As retrospective visualizations are still relatively new in the
educational games context, and largely understudied, there exist
a number of open problems and unanswered questions [71]. One
prominent question, which we address in this work, is the impact
of peer data on adaptation. While traditional, written-response
prompts are typically used to elicit reflection on a learner’s own
experience, visualization has the potential to present peer data to
the learner. Further, it can present large amounts of community data,
all at once. Existing work in the learning sciences has suggested that
comparison with and examination of community, or peer, data can
help students reflect on their own progress and consider alternative
approaches to tasks based on what their peers are doing [9, 17, 56].
Similarly, work on retrospective visualization for esports, where
the technique is common, has emphasized the presentation of peer
data and the important role it plays in prompting adaptation of
one’s strategy [1, 68]. Other work has, however, suggested that
comparison with others could result in players feeling inadequate
compared to their peers, which could, in turn, result in poor quality
reflection and discontinuation of play [14].

Thus, here, we examine the open question about using peer data
in retrospective visualizations to elicit adaptation in educational
games. Specifically, we aim to determine the impact of comparison
with peers’ data on reflection and adaptation. Given that exposure
to community data may negatively impact reflection, it is valuable
for designers of future retrospective visualizations for educational
games to know if and how this data may benefit players, as no
apparent benefit would suggest that this data may be better omitted.
Further, this work informs researchers of whether or not there is
value in further exploring this topic by providing a foundation upon
which future work can explore the influence of additional factors.
Specifically, we ask:

e How does comparison with peer data impact a player’s will-
ingness to consider a different approach?

e How does comparison with peer data impact a player’s qual-
ity of reflection?

By answering these questions, we believe we can provide valuable
insight into the impact of community data on educational game
contexts where reflection is prompted post-play through retrospec-
tive visualization. Such insights, we argue, can not only help future
designers make informed decisions, but also provide a flag for fu-
ture research to further expand our understanding of adaptation
in educational games, its relationship with visualization and reflec-
tion, and how we can prompt it. While there do exist other open
problems within the domain, including concerns of safety, privacy,
and fair play [33, 50, 71], we leave these for future work.

To answer our research question, we conducted a within-subjects
study with 36 undergraduate computer science students using the
educational game Parallel, which teaches parallel programming
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concepts [70]. Participants played the game and then performed
two reflection tasks, one in which they compared their gameplay
to their own gameplay in another attempt, and one in which they
compared their gameplay to their peers’ gameplay. Ordering of re-
flection condition was randomized. Qualitative data was collected
and analyzed using Leijen et al’s model of reflection quality [39].
McNemar-Bowker tests revealed that comparison with peers did
make 1/3 of the players significantly more willing to consider a
different approach if they were to play the game again. Addition-
ally, there was no significant impact on the quality of reflection.
Based on these results, we conclude that reflection on one’s own
performance in the context of peers’ performance does have a
significant influence on one’s willingness to adapt. However, it is
not an ultimate solution as it did not prompt all participants to
adapt, suggesting that other factors may contribute. Based on these
conclusions, we discuss considerations for the implementation of
peer data in retrospective visualizations to prompt adaptation and
present opportunities for future work to expand on these findings.
We present these results as a first step towards developing more con-
crete guidelines for the design and implementation of retrospective
community visualizations in educational games.

In summary, our contribution is as follows: first, we highlight
the impact of comparison with peer data on willingness to consider
a different approach and discuss the implications of this finding.
Based on these results, we present implications for the future inclu-
sion of comparison with peers in retrospective visualization systems
in educational games. We additionally present five opportunities to
build upon this work through future research.

2 RELATED WORK
2.1 Reflection, Adaptation, and Learning

Reflection has always been a central element of learning theories
and is formalized in many ways [58, 59]. The significance of reflec-
tion within learning has led to specific theories of reflection and
how it occurs, with many frameworks quantifying reflection across
various levels [2, 16, 20, 39, 44, 51, 63, 69]. For example, Leijen et al.
[39] quantify reflection across four levels (description, justification,
critique, discussion), which quantify how the student is reflecting,
and three foci (technical, practical, sensitizing), which quantify
what the student is reflecting on.

In many cases, these framework of reflection present adaptation
as a result of effective reflection. Using Leijen et al’s framework
as an example again, the highest level of reflection, according to
the framework, is discussion, defined as “Moving beyond the eval-
uation and explanation of what is, and why they think that is,
and pointed out what could be done to initiate changes, and why
changes are needed in the first place” [39]. In other words, when
one reflects at the highest level, they put cognitive effort into con-
sidering how to adapt their behavior. Many learning theories also
discuss how high-quality reflection is a mechanism for change,
which ultimately results in learning progress. For example, the the-
ory of self-regulated learning [49, 73] explicitly includes adaptation
and identification of different ways to move forward as a critical
component of the self-reflection process [72].

Because reflection is so integral to learning, educational contexts
often dedicate time and resources to eliciting reflection. One of the
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most common ways this is done is through prompts[64, 65]. For
example, Rakovic et al, [52] had students respond to post-exam,
reflective prompts in a biology course. They found that the quality
of students’ reflective evaluations were predictive of adaptations in
their learning process, which were in turn predictive of increased
frequencies of desirable learning behaviors and higher scores on
future exams [52]. Intelligent tutoring systems and open learner
models also prompt reflection in order to elicit change through
negotiation with the system [12, 24, 62]. For example, NDLTutor
[62] prompts the student to provide a self-assessment at set points
which will prompt a negotiation if there is a discrepancy between
the self-assessment and what the system believes. Negotiation is
a means by which the student can either convince the system it
is wrong, and prove themselves, or, through reflection, prompted
by the negotiation, come to understand that the system is correct
and, hopefully, adapt their learning strategies moving forward to
account for gaps in their knowledge.

Similar to learning, prompting reflection can also help players
learn and adapt in the context of games [30, 47]. Many educational
games prompt players to reflect throughout gameplay in order to
solidify educational concepts and encourage exploration of alterna-
tive solutions, and previous work demonstrates that doing so can
improve student learning and performance. For example, O’Neil et
al. [48] added a self-explanation prompt, which encouraged self-
reflection processes, to an educational math game and found that
students who responded to the prompts tended to have higher mean
post-test scores than those who did not. Similarly, Fiorella et al. [15]
found that adding prompts to a game that taught electrical circuits
significantly increased student performance. In another example,
Sabourin et al. [55] generated scores for students who played the
educational game Crystal Island [54] based on their responses to a
reflective prompt. They found that scores were significantly pre-
dictive of post-test learning gains and that high-scoring students
appeared to make more use of the in-game curricular resources
than low-scoring students and reported more immersion, interest,
and enjoyment [55].

Reflecting on one’s own data, however, can only get a learner so
far with regards to adaptation, as there are often situations where
one may not be able to perceive an alternative solution. This is
especially true in circumstances where there are numerous correct
solutions, which is often the case in games [60]. Within learning
sciences, there are a number of theories that discuss the community
aspects of reflection. For example, co and socially shared regulated
learning both incorporate the input of others, through feedback
or cognitive guidance, to aid in the adaptation of one’s techniques
through reflection [19]. Having others perform this role, however,
is not always a viable option. In such circumstances, being able to
view and reflect on community data may be a benefit to learners,
prompting targeted research into the presentation, interpretation,
and impact of community data in learning contexts.

2.2 Reflection, Adaptation, and Community

Existing work in the learning sciences has demonstrated benefits to
having learners view the data of their peers while reflecting on their
performance [5, 17, 22, 50]. Using community data to elicit reflec-
tion and adaptation is a focus of student-facing learning analytics
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dashboards (LADs), which are data-driven visual displays that “ag-
gregate multiple visualizations of different indicators about learners,
learning processes, and/or learning contexts” [4]. Student-facing
LADs aim to help students make strategic decisions in learning
environments related to resource (time and energy) management
considerations such as what assignments to focus on, how long to
study for an exam, or how often to interact with a course manage-
ment system, such as Blackboard [50, 56]. In this context, being able
to view the behavior of classmates and where they stand against
their peers in terms of accomplishments is valuable in helping stu-
dents adjust where they are spending their time and what they are
prioritizing as the course progresses [9, 56, 57].

Certain gaming contexts have also adopted this approach, where
community data is presented in retrospective visualizations to elicit
reflection and motivate adaptation and more efficient learning.
[7, 21, 41]. The benefits of learning from others in gameplay, es-
pecially esports, contexts are apparent in the work of Wallner et
al., who conducted an interview and survey study examining how
players use retrospective visualizations in esports [68]. Their re-
sults include themes focused entirely on what information players
want or need about their opponents and illustrate how players use
retrospective visualizations to learn from others. The emphasis on
others’ data, and the benefits of it, has resulted in many studies
focuses explicitly on how information about others gameplay can
be extracted from data [32, 67] and a surge in visualizations to
support spectators during live gameplay [8, 34]. Many systems that
have been developed also feature elements that allow players to
look up other players in order to study their gameplay, compare it
to their own, and adopt their strategies [1, 3, 37, 45, 61].

While the work described above is informative, it does primarily
focus on esports rather than educational games, where community
data is less commonly used as a way to elicit reflection and promote
adaptation. There is, however, one work that does discuss this. Vil-
lareale et al’s [66] review of reflection in educational games used
existing frameworks to conduct a review of 12 programming games
and identify four features used to elicit reflection. Among these
is “social discourse" or “a space in the interface for community-
based discussion where students can examine multiple perspectives
and receive feedback on their process that can then be used for
reflection” [66]. The authors go on to discuss how, through social
discourse, players in programming games are exposed to differ-
ent perspectives on the same problem and become more aware of
alternative approaches, encouraging adaptation.

The use of community data to elicit reflection and adaptation
in educational games is, however, under-studied and, to the au-
thors” knowledge, there is no work that explicitly demonstrates
that exposure to community data does result in willingness to try
a different approach. Further, work on games at large has uncov-
ered some drawbacks surrounding the use of community data. In
one example, Esteves et al [14] found that social comparison in
games could lead to disengagement if the player felt that they were
under-performing compared to their peers. Even if disengagement
does not occur, feelings of inadequacy, such as those observed by
Esteves et al. [14], could result in lower quality reflection, which
may impact, not only adaptation, but learning as a whole.

Ultimately, this highlights an open question regarding the impact
of community data as a reflective tool for educational games. While
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<] intro to Parallel

Figure 1: A screenshot of the game Parallel. Players need to
place semaphores and signals to direct arrows, which carry
packages and move along pre-defined tracks, to the desig-
nated delivery points. The player must coordinate threads
executing in parallel. The level pictured was the subject of
the retrospective interviews.

exposure to community data may help encourage adaptation, it has
yet to be demonstrated that it does so more than exposure to only
one’s own data. Further, there are observed drawbacks to exposure
to community data, especially in gaming contexts, raising concerns
that using community data to attempt to elicit change may have a
negative impact on reflection as a process. In this work, we examine
these questions, specifically looking at willingness to adapt and the
quality of reflections and exploring how comparison with peers’
data impacts these factors. This examination will provide valuable
insights into the benefits of including peer data in retrospective
visualizations for educational games, which can, in turn, guide
future design and development decisions.

3 METHODOLOGY

To answer our research questions, we conducted a within-subjects,
repeated measures study where participants played an educational
game and were then prompted to reflect on their gameplay twice,
once in comparison to their own gameplay from another attempt
and once in comparison to other players’ gameplay. We chose to
use a within-subjects design to control for individual differences
among participants including individual reflection skills, learning
differences, or personality traits. In this section, we describe our
methods in detail.

3.1 Parallel - An Educational Game

For this study, we used Parallel, a single-player, 2D puzzle game
designed to teach parallel programming concepts to computer sci-
ence students using visual metaphors [29, 70]. The goal in Parallel
is to coordinate arrows, representing programming threads, to pick
up packages and deliver them to designated locations. The threads,
however, move at random. Thus, to accomplish their goal, players
must place signals and semaphores (the circle and "X" icons in the
upper right corner in Figure 1) in appropriate locations to control
the threads’ movement and access to parts of the track. When a
player thinks they have a correct solution they can test, to check
the solution with one possible speed of arrow movement, or sub-
mit, to test all possible speeds. We chose Parallel for this study as
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each level has multiple possible solutions, providing players with a
variety of approaches to compare to their own during reflection.
For this study, Parallel was hosted on a web domain (playparal-
lel.com). The game was instrumented on the back-end such that
it collected information about all of a player’s actions in log files.
Players were informed of and agreed to the data collection and use
policies when creating accounts on the web site. Log files were
only collected for Level 7, because it was a complex enough level
to be a reasonable challenge to participants and could be solved in
several ways of varying correctness, thus warranting some manner
of reflection and adaptation, but not so much of a challenge that
participants may become overwhelmed or fail to complete the level.

3.2 Recruitment

36 undergraduate computer science students were recruited from
programs in the United States. Undergraduate computer science
students were targeted as they are the intended user group for
Parallel. Participants were additionally required to be 18 years of
age or older, located in the United States, able to communicate in
written and spoken English, and able to access the playparallel
website. Participants were not required to have prior experience
with parallel programming, however, 17 did. After completing the
study, participants were sent an optional demographic survey. 17
participants responded, 13 of whom identified as male, 3 as female,
and 1 as non-binary. 14 of the 17 were in their senior year, 2 were
juniors, and 1 was a sophomore.

Race, gender, nationality, and similar demographic information
was not collected to avoid biasing results as it was unrelated to the
research question.

3.3 Protocol

Upon giving signed consent, participants proceeded through the
following steps:

e Account Creation and Tutorial: Participants were pro-
vided with instructions for how to access playparallel.com,
create an account, and complete the Parallel tutorial. They
were given five days to complete this step.

e Level 7 (First Playthrough): The day after the deadline
to complete the tutorial, participants were sent instructions
to play level 7 of Parallel. They were given three days to
complete this step.

e Level 7 (Second Playthrough): The day after the deadline
to play Level 7 the first time, participants were asked to
play level 7 a second time. They were given three days to
complete this step.

o Reflection 1: The day after the deadline to play Level 7
the second time, participants were randomly assigned to a
reflection condition and provided with a visualization setup,
either self or peer (see below), and responded to a set of
reflection prompts (see below). They were given three days
to complete this step.

o Reflection 2: The day after the deadline to complete the
first reflection step, participants were provided with a second
visualization setup for whichever reflection condition they
did not do the first time (see below), and responded to a set
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of reflection prompts (see below). They were given three
days to complete this step.

Work on post-game visualization is motivated on the assumption
that presenting visualized data to players support reflection [31, 37,
67]. Research in educational domains has also demonstrated this [50,
56]. The goal of this work was to examine the impact of peer data on
one element of reflection, adaptation, which much of the existing
work additionally assumes to be an asset of visualization. Evaluating
whether or not visualization itself impacts reflection is beyond the
scope of this work and, therefore, a condition where reflection
occurred in the absence of a visualization was not included.

Due to the COVID19 pandemic, this protocol was run remotely.
Participants were compensated twice during the protocol. They
received 20$ after completing Reflection 1 and 30$ after completing
Reflection 2. University IRB reviewed and approved the protocol.

3.4 Reflection

3.4.1 Visualization Setup. For the reflection steps, we used a varia-
tion of the network graph from the visualization system Glyph [46]
to visualize players’ gameplay as a sequence of actions. Glyph’s
network graph, seen in Figure 2, represents gameplay as a process
using a node-link diagram. Each node represents an action taken
and each link represents a transition from one action to another.
We hereby refer to these node-link diagrams as “playtraces".

We chose this particular approach to visualization due to the
potential for generalizability. The network graph presents actions
taken, which represent the player’s problem solving strategy, and
participants were prompted to use this visualization to reflect on
those strategies. This approach to reflection, on one’s own actions
rather than on one’s understanding of the educational content,
generalizes to other educational games as well as to digital learning
environments, where learners’ actions can be similarly logged and
presented.

For the purposes of this study, we identified 15 key actions from
Parallel gameplay that are indicative of a player’s problem solv-
ing and learning processes within the game environment. Each
playtrace is comprised of a subset of these actions, represented by
the nodes. This list, seen in Table 1, was reviewed and endorsed
by the game’s lead designer. Additionally, each node, in the node
title, also indicated where, on the game board, the respective ac-
tion was taken. For this, the game board was split into sections
based on the shape of the track and location of pick up and drop off
spots, as seen in Figure 3. Each node would contain, after the action
name, an indicator of which section of board the action occurred in
along with exact coordinates, which could be used to differentiate
between same elements in same sections (i.e. two semaphores in
section g could be differentiated by their coordinates). For example,
a node may say “place semaphore on H:[9,7]." Additionally, each
node label would also display which board sections had elements in
this already. For example, a node may say “F:[sem2,sig1]" indicating
that the second semaphore placed and first signal placed are in
section F. How these labels looked in the visualization can be seen
in Figure 2. To better convey location and board state information,
each playtrace was augmented with images of the board at every
action taken, as seen in Figure 4. Visualizations also included the
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image seen in Figure 3 so that players knew what the sections of
the board were.

3.4.2  Reflection Prompts. Our repeated measures study featured
two reflection steps, which we refer to as “self" and “peer" reflection.
During self reflection, a participant was shown their playtrace for
their first playthrough of level 7 alongside their playtrace for their
second playthrough. An example of this visualization setup can be
seen in Figure 5. During peer reflection, a participant was shown
their playtrace for their first playthrough of level 7 alongside two
other players’ playtraces, one that was similar to theirs and one
that was different. An example of this visualization setup can be
seen in Figure 6.

Similarity was determined using Glyph’s sequence graph fea-
ture [46]. The decision to depict two players, one similar and one
different, was to inform the design of an open player modeling
system that was in development at the time of this study and that
was exploring the value of such an arrangement. The nature of
a player’s playtrace did not explicitly reflect their competence as
players of the game or learners of parallel programming. As Parallel
has multiple ways to approach a solution, the length and contents
of a playtrace alone do not reflect competency. Exploring the im-
pact of the competency, or perceived competency, of other players’
as a part of peer reflection was beyond the scope of this research,
which specifically sought to examine the impact of peer reflection
itself. We leave exploration of these questions to future work. All
participants were competent enough to complete the level.

Participants were told which trace was similar or different. The
other players’ traces could have been a first or second playthrough,
but participants were not informed of this. Visualization setups
were unique for each participant and created manually by the re-
searchers using Miro. We acknowledge here that the inclusion of
peer data meant that the peer condition exposed players to ad-
ditional information. We reiterate that the goal of the study was
specifically to examine the impact of that information on the reflec-
tion and adaptation processes.

During a reflection step, a participant was directed to their re-
spective Miro board and provided with a short video on how to
interpret the visualization. They were then asked to respond to a
set of questions in a google form. For the peer reflection step these
were as follows:

e Please look at your gameplay sequence for your first at-
tempt. Based on your sequence, can you describe how you
approached the level?

o Please look at P1’s gameplay sequence. Based on their se-
quence, can you describe how they approached the level?

o Please look at P2’s gameplay sequence. Based on their se-
quence, can you describe how they approached the level?

e Compared to the other players, what went well in your
playthrough and why?

e Compared to the other players, what went poorly in your
playthrough and why?

o If you were to play this level again, would you do anything
differently?

For the self-reflection step these were as follows:
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Action Definition
Place Semaphore The player places a semaphore on the board
Place Signal The player places a signal on the board
Link Signal and Semaphore The player links a signal and a semaphore
Test Passed The player runs a test and it passes
Test Failed The player runs a test and it fails
Stop Test The player stops a test simulation before it completes
Stop Submission The player stops a submission simulation before it completes
Toggle Semaphore The player locks or unlocks a semaphore
Move Semaphore The player moves a semaphore to another spot
Move Signal The player moves a signal to another spot
Destroyed Semaphore The player destroys a semaphore
Destroyed Signal The player destroys a signal
Submission Passed The player submits a solution and it passes
Submission Failed The player submits a solution and it fails
View Help The player views the help menu

Table 1: This table showcases all 15 in-game actions used to analyze the players’ gameplay.

fexthction': ‘Place semaphore on H:[9,6]) i ['sem1], ‘nextAction': Place signal on I{11.4]} " ['sem1"), T: ['sig '], ‘nextAction’ “Link I:[11,4] and H:[8,6])

(H: ['sem1’], ': ['sig1"), nextAction': ‘Place semaphare on F:{8,4]'}

{‘nextAction’:’Place

S b {*H:|*sem1’], {*H’:[*'sem1’], ‘I’:[sigl], {*H’:|*sem1’], ‘I’:[sigl],
€IMaj ore on . . . .
H[9 61]’} ‘nextAction’:’Place ‘nextAction’:’Link I: ‘nextAction’:’Place
’ Signal on 1[11,4]} [11,4] and H[9,6]’} Semaphore on F[6,4]’}
LF': ['sem2], "H': ['sem1’, 'sig2’), 'I: ['sig1’], ‘nextAction’: ‘end game’} (F': ['sem2’], 'H': ['sem 1", ‘sig2’], 1" ['sig1’), ‘nextAction’: ‘Test Passed'} CF': ['sem2’], 'H': ['sem1’, 'sig2'], I": ['sig1'], ‘nextAction': ‘Link H:[9,7] and F:[6,4) 'F': ['sem2], "H's ['sem1’], T ['sig1’], 'nextAction’: ‘Place signal on H:[9,7]}

{*F*:[‘sem2’], ‘H’:[‘sem1’],
3 bl 3 bl 3 £] ‘I’:ISig1]5

[F:[*sem?’], ‘H: [F:[*sem?’], ‘H’: {‘F :[15"*3[1_22]: ]:I]‘: o1 ‘nextAction’:’Place Signal
[‘sem1°,’sig2’], ‘I’:[sigl], [‘sem1°,sig2’], ‘T’:[sigl], [seml'sig2’], ‘¥ :[sigh], on HI[9,7]’}

- - ‘nextAction’:’Link H[9,7
‘nextAction’:’End Game’}  ‘nextAction’:’Test Passed’} al:nile[g :]),'; ink H[3,7]
£

Figure 2: A playtrace depicted in Glyph’s network graph. For readability, we have enlarged the text in the labels.

o Please look at your gameplay sequence for your second at-
tempt. Based on your sequence, can you describe how you
approached the level?

e Compared to your second attempt, what went well in your
first playthrough and why?

e Compared to your second attempt, what went poorly in your
first playthrough and why?

e If you were to play this level again, would you do anything
differently?

Figure 3: The division of the level 7 board into sections. In both conditions, only the last three questions were meant
to elicit reflection. The first batch of questions in both conditions
existed to ensure that the participant looked at all the playtraces

e Please look at your gameplay sequence for your first at- in enough detail to reflect. These reflection questions were derived
tempt. Based on your sequence, can you describe how you based on similar questions and prompts used in previous work
approached the level? [13, 18, 36, 43]. All participants completed both reflection steps but
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Figure 4: A playtrace with both the node link diagram and the images depicting board state at every action. For readability, we

have enlarged the text in the labels.

the order was randomized with half the group doing peer reflection
first and the other half doing self reflection first. The last question
was answered with a yes or no while all others were open response.

3.5 Data Analysis

Open answer responses to the “what went well?" and “what went
poorly?" prompts were analyzed qualitatively using Leijen et al’s
reflection model to measure the quality of reflection [39]. The model
quantifies reflection based on focus and level as seen in Table 2. Two
researchers worked together to define what these concepts mean
within the context of the Parallel educational game and concluded
on the definitions seen in Table 3.

The same two researchers then, separately, applied the codes to
half of the data set. The unit of analysis was a single response and
one code for focus and one code for level was applied to each unit.
Inter-rater reliability was measured using Cohen’s kappa [11] and
an agreement of .85 was reached for focus and .88 for level, both
indicating very strong agreement [38]. One researcher then coded
the entire dataset.

Once the codes were applied, McNemar-Bowker tests [35] were
used to determine if there were any significant differences in how
often each level and focus was applied to responses in each con-
dition (peer and self). McNemar-Bowker tests were also applied
to the “yes/no" responses to the last question, which was used to
determine if exposure to community data and reflection through
comparison with that data impact willingness to consider a different
approach. McNemar-Bowker tests were chosen for this analysis as
they are the standard repeated-measures variant of the Chi-Square
test for categorical data.

4 RESULTS

The counts for how many participants said they would consider a
different approach next time after completing each reflection step
(and changes from one step to the next) can be seen in table 4. As
can be seen, there is a notable increase in the number of participants
who indicated that they would try something else if they played
again after reflecting on peer data.

McNemar-Bowker tests revealed that this difference was sig-
nificant (p=.004), with players being significantly more willing to
consider an alternate approach next time when reflecting on their
own data in the context of others’. Effect size, calculated using
Cramer’s V, resulted in an effect size value of .5, indicating a large
effect.

The counts for the focus and level codes in both conditions
can be seen in Tables 5 and 6. As can be seen from the tables,
technically focused reflection was most common by a large margin
in both conditions and sensitizing reflection was the least common.
Similarly, description and justification were far more common levels
of reflection across conditions than critique or discussion. The
tables also indicate that there was a slight increase in higher quality
reflections (those of the sensitizing focus or discussion level) during
peer reflection when players were asked to reflect on what went
poorly. McNemar-Bowker tests, however, revealed no significant
changes between conditions (all p > .05). Participants’ playtraces
were examined to check for any connections between how they
played and their willingness to adapt, but no patterns emerged.
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l Label [ Definition ‘
Focus
Technical Concerned with the efficiency of means for reaching certain goals
. Involves an open examination, not only of means but also of goals, the assumptions goals are
Practical
based on and the actual outcomes
Sensitizing Concerned with social, moral, ethical, or political aspects
Level
Description Mere descriptions of actions and thoughts
Justification A rationale or logic for an action or viewpoint
Critique An evaluation for an aspect and explained why this explanation was given
Moving beyond the evaluation and explanation of what is, and why they think that is,
Discussion and pointed out what could be done to initiate changes,
and why changes are needed in the first place
Table 2: Leijen et al’s [39] model for measuring the quality of reflections.
Label Definition ‘
Focus
Technical Discussing efficiency in terms of what the player did, does not include discussion of goals,
but may include statement of a goal.
Practical Discussion of goals, what they were, how they changed, if they were good or bad, etc...
Sensitizing Discussion of more than just goals and actions taken, thoughts about the player’s status
as a learner or a player, etc...
Level
Description Simply describing what the player did or were thinking
Justification | Providing some kind of explanation or defense or justification for why the player did what they did
Critique Discussions of how well the player did or any kind of evaluation of their process
. . Any discussion of doing things differently, next steps, what would be done if the step was
Discussion . .
repeated or done differently next time

Table 3: The definitions we derived for how Leijen et al’s model applies in the context of Parallel.

Condition [ Yes [ No ‘
Would you do anything differently?
Self 2 | 34
Peer 12 | 24

Table 4: Differences in willingness to do something different
next time between self and peer reflection.

l Condition [ Technical [ Practical [ Sensitizing
What went well?
Self 27 5 4
Peer 29 5 2
What went poorly?
Self 28 7
Peer 24 9

Table 5: Differences in focus of reflection between self and
peer.

5 DISCUSSION

While previous work in the learning sciences has demonstrated
the value of reflecting on community data as a way to encourage
adaptation in learning [24, 56], community data and retrospective
visualizations are under-explored in educational games. As a result,
the impact of community data on adaptation within the domain
has not been empirically examined and, further, previous work in
other game genres has suggested that exposing players to peer data
may have a negative impact [14]. Based on this, our goal was to
determine whether or not comparison with community data in
an educational game context had a significant impact on players’
willingness to consider alternative approaches and, alongside this,
whether or not it had a significant impact on the quality of reflec-
tion. We pursued this goal in order to provide researchers with
foundational knowledge upon which additional research may be
conducted and to arm developers with insights that would allow
them to make informed decisions with regards to when to leverage
peer data.

Our results indicate that reflection on one’s own data in the
context of peers’ data does, at least partially, motivate adaptation.
This is highlighted by 1/3rd of the participants in our study demon-
strating a significantly higher willingness to consider a different
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‘ Condition ‘ Description ‘ Justification ‘ Critique | Discussion
What went well?
Self 20 11 4 1
Peer 21 10 3 2
What went poorly?
Self 18 12 4 2
Peer 16 11 2 7

Table 6: Differences in level of reflection between self and peer.

Your First Playthrough Your Second Playthrough

Figure 5: The visualization setup for the self reflection condi-
tion depicted the playtrace for the player’s first and second
playthroughs of level 7.

approach if they were to play the level again after peer reflection.
This is an important finding, as previous work in Learning Analytics
Dashboards has alluded to willingness to try a different approach
as a benefit of community data [17, 50, 57]. This has not, however,
been explicitly examined in the context of educational games. It is
further valuable to identify this relationship in the context of the
concerns surrounding the use of community data in games [14].
This provides empirical evidence that there is a benefit to present-
ing such data to players, especially in the context of educational
games. It can help players, especially those who may be struggling,
entertain alternative approaches they may not otherwise consider
or perceive and more efficiently arrive at the correct solution. This

P1: ASimilar Player

Your Playthrough

P2: A Different Player

Figure 6: The visualization setup for the peer reflection condi-
tion depicted the playtrace for the player’s first playthrough
of level 7 alongside two other playtraces, one similar and one
different.

is especially beneficial in educational game contexts where there
may be multiple correct solutions.

Notably, however, only about 1/3rd of participants said they
would do things differently. This suggests that, while the presence
of peer data has a significant effect, it is not an all-encompassing
way to prompt adaptation. It is likely that there are other ways
to prompt adaptation both in the context of retrospective visual-
ization and as a part of reflection in general that may result in
a greater number of people deciding to try a different approach.
Further, there may be individual characteristics, such as confidence
or stubbornness, that may impact an individual’s willingness to
adapt based on comparison to peer data alone, similar to how com-
petitive preferences impact self-monitoring and learning in Riemer
and Schrader’s work [53]. Based on this interpretation, we present
these results as a foundational understanding of the impact of peer
data on adaptation. Specifically, we find that peer data encourages
adaptation, but not for everyone, and may be one of many possi-
ble techniques for prompting change among learners, and may be
impacted by individual characteristics. As such, we suggest that
developers of retrospective visualizations for educational
games consider leveraging comparison with peer data as a
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way to motivate adaptation, but remain open to alternative
techniques as well, as peer comparison alone will not prompt
the entire population. Additionally, we recognize an oppor-
tunity for future work to explore the alternative ways that
adaptation can be prompted, either as an alternative to peer
comparison, or in combination with it, and the ways in which
player characteristics influence willingness to change.

Given these implications, it is important to note that we did not
observe a significant change in the focus or level of reflection when
peer data was introduced. Overall, reflection for both groups favored
the technical focus and the description and justification levels. This
reflects the findings of previous work that found that reflection in
games often does not rise to the highest levels [42]. This, however,
does not conclusively mean that there is no effect of peer data on the
quality of reflection. While we controlled for individual differences
through a within-subjects design, it is possible that with a larger
sample size or different context (perhaps if the players played the
game as a part of a class environment) could lead to a significant
change. Given the inherent risks of peer data impairing reflection
or learning quality, such as by prompting a player to merely copy
what they saw without thinking about it or, as demonstrated by
previous work [14], the further exploration of this question remains
relevant. As such, we recognize these findings as motivation
for the further exploration of the topic in future work.

Given these implications, we also recognize additional questions
about when to expose the community data in order to elicit such
change. Schon [58] describes two types of reflection in terms of
when they occur: reflection in action and on action, with the for-
mer referring to reflection occurring during an event and the latter
occurring after the fact. In our study, we specifically examined
reflection on-action, as our interest is in retrospective visualization.
It may be that reflection in action produces different results. For ex-
ample, more participants may be willing to consider an alternative
strategy if they have not yet completed the task. It is also possible
that quality of reflection could be impacted by peer data when the
reflection occurs in the midst of the activity. Such a suggestion also
aligns with LAD work that found that students liked seeing other
students’ approaches so that they could evaluate their standing and
adjust their approaches before completion of a course [57]. Reflec-
tion in action, however, involves short cycles of thinking and doing,
and there may not be enough time in such a structure for a player in
an educational game to make meaning of community data, which
requires them to consider context and make connections between
unfamiliar data points. It may also prompt the above mentioned
negative behavior of copying without thinking. As such, we rec-
ognize an opportunity for future work to explore the open
question of when, in relation to the progress and completion
of a task within an educational game, reflection on commu-
nity data should be prompted to, not only elicit change, but
lead to success.

Previous work has also found that exposing users to the best
approach, in situations where there is a single best approach, may re-
sult in conformity among a population [28]. In other words, making
the players of an educational game aware of what the best solution
is could result in all players following that same solution. In some
circumstances, this may be ideal, such as in the contexts of Learning
Analytics Dashboards or Open Learner Models where students are
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encouraged to “follow in the footprints” of other more successful
students [25] or when the goal of the game is to help students arrive
at and understand a single correct solution. In circumstances where
there are multiple correct pathways, or no “right" answer, however,
sharing community data that could lead to conformity and may not
benefit the students as much as it could reduce creativity or vari-
ety. This illustrates open questions regarding how to best present
community data to players of an educational game, especially in
contexts where there is not a single correct answer or conformity
is otherwise not desired. Thus, we recognize an opportunity
for future work to explore how to present community data
such that the “best" or “correct” solution is not exposed in
such a way that inhibits players’ ability to explore and learn
naturally. Further, we see opportunities for future work to
explore how this presentation should differ depending on
the academic context and design of the game.

Finally, we acknowledge that there exist a number of additional
open problems surrounding fair use and fair play with community
data. For example, Zhu and El-Nasr [71] discuss how public player
data raises concerns of privacy and ethics in open player models. In
another example, Kleinman et al. [33], who conducted interviews
with esports players, found that the participants in their study
were concerned that publicly available data could result in toxic
behavior or foul play. While they specifically looked at esports,
there findings mirror what was found by Park et al. when they
conducted a requirements analysis before designing their learning
analytics dashboard [50], suggesting generalizable concerns. While
our work here does not address these questions of privacy, fair
use, and fair play, we argue that, by demonstrating the value of
community data within the domain of educational games, this work
motivates the exploration, and hopefully resolution, of these open
problems. Thus, we recognize an opportunity for future work
to use these results as motivation to explore open problems
surrounding the social and safety concerns inherent in the
use of community data.

6 LIMITATIONS

We acknowledge several limitations of this work. First, we did not
examine learning, only the quality of reflection, which is demon-
strated by previous literature to contribute to learning. Thus, we
recognize the possibility that our findings regarding reflection and
adaptation may not be indicative of whether or not the players
would actually learn more. We hope to examine this question in
future work. Second, our study looked specifically at undergraduate
students at American universities. We recognize the possibility that
demographic is a variable in the impact of peer data on quality of
reflection and that the results may differ for students in other age
groups or other regions of the world. Again, we hope to examine
this further in future work.

7 CONCLUSION

In this work we examined the impact of comparison with peer data
on reflection and adaptation in an educational game in order to
inform the design of retrospective visualizations for educational
games. We found that comparison with peers led to significantly
more willingness to try a different approach, but only in 1/3rd of
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participants, suggesting that it may be only one of many ways to
motivate change. We also did not see a significant impact on quality
of reflection, but recognize that these results alone are not conclu-
sive. Based on these findings, we suggest that future retrospective
visualizations for educational games can include community data
if the goal of the visualization is to elicit change from players, but
remain open to alternative approaches as peer comparison alone
may not prompt the entire community. We, further identify five op-
portunities for future work: the exploration of other ways to elicit
adaptation in place of or in combination with peer comparison,
the confirmation of the impact of peer comparison on quality of
reflection, the timing of the interaction with the community data,
the presentation of the community data, and the exploration of
additional concerns of fairness and privacy surrounding the user
of community data. We present these findings as a valuable first
step to generating a more comprehensive understanding of how
to design retrospective visualizations to enhance reflection, and in
turn learning, in educational games.
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