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ABSTRACT

Despite theoretical benefits of replayability in educational games,
empirical studies have found mixed evidence about the effects of re-
playing a previously passed game (i.e., elective replay) on students’
learning. Particularly, we know little about behavioral features of
students’ elective replay process after experiencing failures (i.e.,
interruptive elective replay) and the relationships between these
features and learning outcomes. In this study, we analyzed 5th
graders’ log data from an educational game, ST Math, when they
studied fractions—one of the most important but challenging math
topics. We systematically constructed interruptive elective replay
features by following students’ sequential behaviors after failing a
game and investigated the relationships between these features and
students’ post-test performance, after taking into account pretest
performance and in-game performance. Descriptive statistics of
the features we constructed revealed individual differences in the
elective replay process after failures in terms of when to start re-
playing, what to replay, and how to replay. Moreover, a Bayesian
multi-model linear regression showed that interruptive elective
replay after failures might be beneficial for students if they chose
to replay previously passed games when failing at a higher, more
difficult level in the current game and if they passed the replayed
games.
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1 INTRODUCTION

One important feature of serious educational games that affect
students’ learning is whether students can replay a game. According
to the framework for evaluating educational games by Gunter et
al. [8], replaying a game can help students consolidate learned
materials or remediate their shortcomings through more practice.
Students may replay a game to pass the game or choose to engage
in elective replay (ER) of a game that has been successfully passed
before. Researchers are most interested in ER due to the complexity
of such behaviors and their impact on students’ learning [4, 12, 15,
20, 22]. However, little is known about the features of students’ ER
and the relationships between these features and students’ learning
outcomes.

This study analyzed 5th graders’ log data in a supplemental
game-based mathematics tutorial, Spatial Temporal (ST) Math, to
construct systematic ER features to describe students’ ER process,
and applied a Bayesian multi-model linear regression to investigate
which ER features are important to predict students’ learning. Par-
ticularly, we situated our analysis in the context of fraction learning,
because it is one of the most important but challenging math topics
[13] and ER within fraction learning may have implications for
students’ exposure to and eventual learning of this important topic.

2 RESEARCH BACKGROUND AND RELATED
WORK

2.1 Elective Replay and Interruptive Elective
Replay

Researchers are particularly interested in ER because students have
various motivations behind ER (e.g., ER for a better score, ER for
managing negative emotions), need to make different decisions
in ER (e.g., when to ER, what to ER), and their motivations and
decisions can be influenced by many factors (e.g., learning environ-
ment, game designs) [4, 12, 15, 20, 22]. Despite a growing interest
in students’ ER in educational games, the effects of ER on students’
learning are not conclusive. Theoretically, games that allow for
ER can improve students’ retention and understanding not only
directly through more practice and feedback but also indirectly by
affording a sense of autonomy or control, which increases students’
motivation and engagement [6, 21]. Empirically, some studies found
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that game designs that encouraged ER improved students’ motiva-
tion and performance [3], but other studies found no relationship
between ER and learning gains using game log data [5].

Particularly, a study by Liu and colleagues [12] examined stu-
dents’ ER behaviors in ST Math, a standards-aligned supplemental
mathematics tutorial game (more details in the next section). They
found that ER had no statistically significant associations with stu-
dents’ post-test performance, but students who had more ER after
failing a game (termed interruptive ER) performed worse than stu-
dents who had more ER after passing a game (termed followed ER)
or who did not have ER. Also, they found that weaker students
who had low pretest scores and did poorly in a game were more
likely to have interruptive ERs. In contrast, students with high
pretest scores and the in-game performance had more followed
ERs. Thus, they concluded that low-performing students may not
benefit from ER possibly due to their poor decisions in initiating
more interruptive ERs. This study provided initial evidence about
the associations between two different types of ER and students’
learning outcomes, but their conclusion left some unanswered ques-
tions. For instance, the study’s conclusion suggests a negative effect
of interruptive ER. This conclusion was based on a comparison be-
tween groups of students whose majority of ER was interruptive
or followed. However, the finding that students whose majority
of ER is interruptive learned worse than students whose majority
of ER is followed does not necessarily mean interruptive ER gen-
erally hinders learning. For example, when students fail and get
stuck in a game, they could improve conceptual understanding and
knowledge application automaticity required to pass the current
game by replaying previously passed games that share similar con-
tent knowledge. Therefore, interruptive ER might be a good way
for knowledge remediation and improvement if used strategically.
More importantly, it is what we know about students’ interruptive
ER process in terms of ER features and how these interruptive ER
features specifically improve or hinder learning that informs game
design and instruction. Although Liu et als [12] study constructed
some ER features and examined relationships between these fea-
tures and students’ ER behaviors, their feature construction did
not examine the relationships between ER features and students’
learning outcomes. Therefore, research is needed to systematically
investigate students’ interruptive ER processes and the effects of
interruptive ER features on students’ learning.

2.2 ST Math and Learning of Fractions

ST Math, developed by MIND Research Institute, is a yearly math-
ematics tutorial game aligned to state standards (Figure 1). Each
year’s curriculum in ST Math is broken down into different objec-
tives that cover different math topics through multiple games. Each
objective starts with a pretest and ends with a post-test to assess
students’ prior knowledge before game play and their learning after
game play. Each game within objectives contains multiple levels
with increasing difficulty. Within levels, students solve multiple
puzzles that represent the actual math content. Students cannot
move on to the next puzzle until they correctly solve the current
puzzle. However, students have limited opportunities to try solv-
ing puzzles: They typically have two Jiji “lives” within a level; an
incorrect answer costs a Jiji life. If students use up all Jiji “lives”
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before correctly solving all puzzles in a level, they will not pass
the level. This is counted as a level “failure” in the game. Thus, the
number of level failures students have in a game is an indicator of
their in-game performance. When students fail a level of a game,
they can try to pass the level again by starting from the first puzzle
of the level or they can choose to replay other previously passed
levels (i.e., interruptive ER) in any game under any objective.
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Figure 1: ST Math Content and Examples
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The topic of fractions is well-known as one of the most impor-
tant yet challenging math topics to learn [13]. Research has shown
that accurate representation and translations between different
representations of fraction magnitudes are crucial to conceptual un-
derstanding and arithmetic operations of fractions [23]. The same
fraction magnitude can be represented in a symbolic or visualized
form [14]. For example, % and 0.75 are both symbolic represen-
tations of the same fraction magnitude. The two typical visual
representations of fractions are the area model (i.e., fractions are
represented as one or more equal areas of circles or grids) and the
number line model (i.e., fractions are represented as numbers within
a segment of the number line) [17, 25]. Moreover, these two widely-
used visualizations are based on well-identified conceptualizations
of fractions in literature that represent various mental models in
conceptual understanding of fractions [1, 11]. Specifically, the area
model is based on the part-whole mental model that conceptualizes
fractions as one/more equal parts of a whole or one/more equal
objects of a set, and the number line model is based on the mea-
surement mental model that conceptualizes fractions as points on
the number line. ST Math games in objective 11 “Fraction on the
Number Line” were designed to help students construct the part-
whole and measurement mental models of fractions by practicing
translating between or within symbolic and visual representations
of fractions (i.e., symbolic to visual, visual to symbolic, visual to
visual, and symbolic to symbolic). The symbolic representations
used in these games include fractions and decimals, and the visual
representations include grids/squares, circles, and the number line.
Although some studies have investigated how educational games
can facilitate students’ learning of fractions, these have mostly fo-
cused on game design features [7, 16, 25]. To our knowledge, no
research has investigated the association between students’ behav-
ioral features (e.g., interruptive ER features) during a game and
their learning of fractions.
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Taken together, the current study addresses the need to sys-
tematically investigate behavioral features in students’ ER process
when playing an educational game and the relationship between
these features and students’ learning outcomes by answering two
research questions: 1 What do interruptive ER features reveal about
students’ ER decisions of when to start an interruptive ER session,
what to ER, and how to ER? 2 Which interruptive ER features pre-
dict students’ post-test performance after taking into account their
prior knowledge and number of failures during the game? We focus
on interruptive ER due to its potentiality to improve learning and
our lack of understanding of how students might use it and how
it might hinder or help students’ learning. We also only focus on
students’ interruptive ER behaviors in objective 11 “Fraction on the
Number Line” in ST Math because of the importance and challenge
of the math topic.

3 METHOD

3.1 Participants

The MIND Research Institute provided gameplay data from 5,521
5th graders who played ST Math during the 2018-2019 school year
within the Beachside District ! in California. We further identified
students who had interruptive ER behaviors in objective 11 “Frac-
tions on the Number Line”. Among the 5,521 students, 2,808 played
objective 11, and 358 of those students engaged in interruptive ER
behaviors in objective 11. Table 1 compares students’ demographic
information among all 5th graders in the dataset from the Beachside
District, students who played objective 11, and students who had
interruptive ER behaviors in objective 11.

3.2 Measure

3.2.1 Students’ Prior Knowledge, In-game Performance and Learn-
ing Outcomes. For each objective, students took a pretest before
playing the objective and a post-test after completing the objective.
Pretests and post-tests had five multiple-choice questions each and
were parallel forms, question by question. Therefore, we used stu-
dents’ performance in the pretest before playing objective 11 as a
measure of prior knowledge and we used students’ performance in
the post-test after playing objective 11 as a learning outcome. We
also counted the number of students’ failures during the game as a
measure of their in-game performance.

3.2.2 Interruptive ER Features. We first generated five interruptive
ER features by following students’ sequential behaviors after they
failed at a level in a game (Figure 2). First of all, students do not
always ER after they fail a level; they may, instead, immediately
replay the failed level or to quit the game. Therefore, we gener-
ated the first feature to describe the percentage of failures after
which students choose to ER (%Failure). Also, levels in a game were
designed to be increasingly difficult [18]. Students may ER after
they fail at lower/easier levels or higher/harder ones. Therefore,
we generated the second feature to describe students’ failed levels
before ER (Level before interruptive ER). It should be noted that
the number of levels differs across games. For example, game 1 has
four levels and game 2 has five levels. To make the level locations
comparable across games, we normalized the level numbers to be

IThe district name is a pseudonym
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between 0 and 1, so that, in all games, levels closer to 1 are harder
than levels closer to 0. After students decide to ER after failing
a level, they need to decide which objective, game, and level to
replay, and they may replay a level within a game that is more or
less similar to the game of the level they just failed. Therefore, we
generated the third feature to measure the similarity between the
games of students’ replayed levels and failed levels immediately
before ER (Game similarity). Once students start an interruptive ER,
they still need to decide how many times to replay before they go
back to make progress in the previously failed level. Therefore, we
generated the fourth feature to measure the times of consecutive ER
once students start an ER session (Consecutive ER times). Finally,
because students have previously solved all the puzzles in an ERed
level of a game (i.e., passed the level), students should be able to
pass the level again, but there are incidences where they do not pass
the replayed level. Therefore, we generated the fifth interruptive ER
feature to measure the percentage of levels students passed when
they engaged in ER (ER level passed%). Besides the five features,
prior research on ER in ST Math demonstrated that students who
have more interruptive ER have lower performance than students
who have more followed ER or no ER [12], which implies that the
percentage of interruptive ER out of all ER might matter. Therefore,
we generated an additional feature of the percentage of interruptive
ER (Interruptive ER%).

We constructed all features at the student granularity and some
features at the game-level granularity (see Table 2). Each level of
granularity is used to answer different research questions.

Students' Interruptive ER Process

— N

When What How

How many times of consecutive ER:
Consecutive ER times

ER or not: %Failure followed by ER  Difficulty of the failed level before ER
Level before interruptive ER

Which game to ER: Game similarity

For each ER, pass the ER level or not: ER
level passeds

Figure 2: Students’ Sequential ER Behaviors after Failures

3.2.3  Game Similarity Coding. We used a fine-grained measure
of similarity at the student granularity and a general measure of
similarity at the game-level granularity.

First, we coded each game in terms of representations, tasks,
fraction conceptualizations, and knowledge required. The symbolic
representations include fractions and decimals. The visual represen-
tations include grids/squares, circles, and the number line. The task
in each game is translating between/within symbolic and visual
representations (i.e., the game gives students one representation
and asks them to generate another representation). The knowl-
edge required in each game includes visual-symbol translation;
symbol-symbol translation; visual-visual translation, fraction addi-
tion, fraction-decimal addition, decimal addition, and digital posi-
tion. The fraction conceptualizations include the part-whole model
and the measurement model, corresponding to different visual rep-
resentations. Next, we compared each pair of games (failed games
and ER games following failed games) and scored their similarities.
For comparison between each game pair, we assign 1 if all their
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Table 1: Comparison of Demographics Information

Grade 5 students

Grade 5 students
who played objective 11

Grade 5 students
who have interruptive
ERs in objective 11

N 5,521

Girls 46.44%
Na: 5.72%

African American 10.90%

Asian 6.47%

Hispanic 54.86%

White 11.90%

Other races 10.14%
Na: 5.72%

English language learner 10.72%
Na: 5.72%

Special education student 10.72%
Na: 5.72%

2,882 358
50.42% 45.81%
Na: 4.41% Na: 5.31%
10.00% 17.60%
7.36% 3.35%
54.44% 63.13%
13.19% 4.47%
10.58% 6.15%
Na: 4.44% Na: 5.31%
9.33% 24.86%
Na: 4.44% Na: 5.31%
9.58% 22.91%
Na: 4.44% Na: 5.31%

Table 2: Descriptions of Interruptive ER Features

ER features

Description of ER features at different granularities
Student granularity

Game-level granularity

Interruptive ER%

Failure%

For each student, the percentage of
interruptive ER sessions in all ER sessions.

For each student, the percentage of
failures that followed by ER sessions.

For each student, the average

Level before interruptive ER

normalized level (0-1) of failed games

For each game-level (e.g., gamel-levell),
the percentage of interruptive ER sessions
in all ER sessions.

For each game-level, the percentage of
failures that followed by ER sessions.

Na

before all interruptive ER sessions.

For each student, the average similarity
between the failed games immediately
prior to ER sessions and interruptive ER
games within interruption ER sessions.
For each student, the average consecutive

Game similarity

Consecutive ER times

ER times over all ER sessions.

ER level passed%

For each student, the average percentage
of passed levels during interruptive ER.

For each game level, the similarity
between interruptive ER game and
the current game.

Na

Na

codes described above are the same, 0.5 if their codes are partially
the same, 0 if their codes are totally different (see Table 3).

At the student granularity, we calculated average similarity
scores between their failed games and ERed games for each student.
At the game-level granularity, we compared ERed games and failed
games for each game-level in objective 11 and qualitatively coded
ERed games into four categories: the same game (i.e., game-pair
score equals 7), a similar game in the same objective, a similar game
in different objectives, irrelevant game (i.e., game-pair score equals
0).

4 RESULTS

RQ1: What do interruptive ER features reveal about students’
ER process of when to start an interruptive ER session, what
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to ER, and how to ER? First, to describe students’ ER process of
when to start an interruptive ER session, we examined the per-
centage of failures that followed by ER (%Failure) at the student
granularity and the game granularity. Table 4 shows that students
chose to ER after 4.4% of their failures on average and 33.33% of
their failures at most. This suggests that students did not chose
to ER most of the time after they failed a level. Nevertheless, we
found a statistically significant positive correlation between the
number of failures and the number of interruptive ER sessions,
r=0.43, p<.001 (at the student granularity), r = 0.54, p < .001 (at the
game-level granularity), suggesting that the more failures students
had, the more interruptive ER they engaged in. However, Figure 3
shows that there is a higher percentage of failures followed by an
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Table 3: Fine-grained Measure of Similarity

Code

Game-pair score

—_

Symbolic representations

Visual representations
. Circles

Tasks

Fraction conceptualizations

Knowledge required

NG WD RN R R WN R W RN

Game
Objective

. Fractions
. Decimals
. Grids/squares

1 - same

The number line

. Translate symbols to visuals
. Translate visuals to symbols
. Translate symbols to symbols
. Translate visuals to visuals

. The part-whole model

The measurement model

. Visual-symbol translation

. Symbol-symbol translation

. Visual-visual translation

. Fraction addition

. Fraction-decimal addition

. Decimal addition

. Digital position

Game number

Objective number

0.5 — partially same

0 - different

interruptive ER session at some game-levels than others. For ex-
ample, although students experienced a similar number of failures
in game5-level4 and game7-level2, students chose to interruptive
ER much more frequently in game7-level2 than in game5-level4.
This suggests that different game designs might have influenced
students’ interruptive ER decisions. Moreover, the distribution of
Level before interruptive ER revealed two modes on each side of
the median (Table 4), suggesting that almost half of the students
had ERs when they failed at lower levels of a game (0-0.58) whereas
the other half had ERs when they failed at higher levels (0.58-1),
M =0.58, SD = 0.30. Besides, the average level of students’ failures
followed by ER was not associated with the average level of all their
failures, (r = -0.09, p = 0.10).

saniied jo Jaquny

Faliure% Followed by ER

523% 557% .,
361% 3980,

237%
118 73%  152%

%
1.36% 1.45%

10012 173 1le 201 272 2la 204 205 31 a2 33 a4 41 42 23 5.1 52 5.3 5.4 5.5 6.1 6.2 6.3 7.1 7.2 7.3

Game-level

Bar Faliure% Followed by ER Line = the Number of Failures

Figure 3: Faliure% Followed by ER and the Number of Fail-
ures by Game-level

Next, to describe students’ decisions of what to ER, Figure 5
shows that most students chose to ER games within objective 11.
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However, game similarities differ across specific games. For ex-
ample, students chose to replay irrelevant games most frequently
when they failed in game5-level2, game5-level4, and game7-level2.
Students chose to replay the same game most frequently in gamel-
level3 and game1-level4. These findings suggest that students mostly
chose to replay a similar game within the same objective and that
game design may have influenced their choices. To explore what
exact games students chose to replay, we examined the flow of
students’ gameplay starting from the game they failed until the
fifth consecutive ER and found that if students chose to replay a
similar game within objective 11, they often chose to replay gamel
no matter which game they failed (Figure 5). This suggests that
many students’ choices of what to ER may not be strategically based
on game similarities but rather an intuition or a habit of “starting
over.

Count

-

W R

: A

Z

= >
= zZ
_ _
_ Z
. %

E Same game 7% Similar game in objective 11 ﬁ Similar game in other objectives i

Figure 4: Similarity between Failed Games and ER Games by
Game-level
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Table 4: Descriptive Statistics for Interruptive ER Features at the Student Granularity (N = 358)

Interruptive ER features Mean SD Median Min Max
Interruptive ER% (0%-100%) 96.67% 11.93% 100% 33.33% 100%
Failure% (0%-100%) 4.40% 3.96% 3.39% 0.30% 33.33%
Level before interruptive ER (0-1) 0.58 0.3 0.58 0 1
Game similarity (0-7) 4.34 2.07 4 0 7
Consecutive ER times 2.26 2.54 1.08 1 22

ER level passed% (0%-100%) 52.77% 40.24% 56.16% 0% 100%

Count

sl
Game-level

= Game 1 §§ Other games i Same game

Figure 5: ER Game by Game-level

Finally, to describe students’ decisions of how to ER, Table 4
shows that 50% of students only replayed an average of 1 game after
afailure, M = 2.26, SD = 2,54 and on average, students passed around
half of ERed levels, M = 52.77%, SD = 40.24%. More specifically,
79.89% of students had an average of fewer than three consecutive
ERs per ER session/failure and only 30.45% of students passed all
ERed levels.

RQ2: Which interruptive ER features predict students’ post-
test performance after taking into account their prior knowl-
edge and number of failures during the game? After merging
interruptive ER features data and students’ pretest and post-test
data, we ended up with a sample size of 312, because some students’
pretest or post-test scores were missing. We calculated descriptive
statistics about students’ pretest scores, the number of failures they
experienced in games and their post-test scores (Table 5). To an-
swer the second research question, we did a Bayesian multi-model
linear regression with JASP [10]. In the context of the current study,
the Bayesian method has three major advantages over traditional
linear regression analysis under the frequentist framework (for a
full discussion of the benefits of Bayesian inference, see [24]). First,
the Bayesian hypothesis testing can provide relative evidence of
different hypothesized models based on the observed data via the
Bayes factor. Specifically, the Bayes factor quantifies both evidence
for the presence or absence of an effect and a model’s relative pre-
dictive power. Second, the Bayesian parameter estimation could
summarize the location and uncertainty of parameters based on the
posterior distribution of all possible parameter values, taking into
account prior information about these parameters. Particularly, the
Bayesian method uses a credible interval to show the uncertainty
about parameters which can tell the probability of the true param-
eter value lying within the credible interval. Third, the Bayesian
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Table 5: Descriptive Statistics for Pretest, Failures in Game,
and Post-test (N = 312)

Variables Mean SD Median Min Max
Pretest (0-1) 0.36 024 04 0 1
Failures in game 69.45 62.41 56 3 670
Post-test (0-1) 059 025 0.6 0 1

multi-model analysis can estimate the parameter through model
averaging that accounts for not only the uncertainty about the pa-
rameter in any one model but also uncertainty about the model per
se. Such an unconditional parameter estimation method will not
entirely rule out the possibility of any candidate models to avoid
overconfident parameter estimates and biased inference [2].

We used a default prior option to assign prior distributions to
the model parameters because we have little prior knowledge about
the topic. The default prior option for model parameters in JASP
applies a Cauchy distribution with spread r set to \% Moreover,

we used a uniform model prior to indicate before observing the
data we believe all candidate models are equally likely given an
absence of prior knowledge. For the sampling method to gener-
ate posterior distributions, we used Bayesian Adaptive Sampling
(BAS) method. We entered students’ pretest performance and their
in-game performance (i.e., the number of failures) as nuisance pre-
dictors so that we can assess the contribution of interruptive ER
features above and over the contribution of students’ prior knowl-
edge and in-game performance. Model comparison results (Table 6)
showed that nine of the ten best models included Failure%, indi-
cating the strong predictive power of this interruptive ER feature.
The best model also selected level before interruptive ER and ER
level passed% (BFy, = 10.29). The posterior summaries of coeffi-
cients (Table 7) confirmed the importance of the three ER features
via posterior inclusion probabilities for Failure%, P (incl|data) =
.81, level before interruptive ER, P (incl|data) = .67, and ER level
passed%, P (incl|data) = .71. The Bayes factors provided moderate
evidence for the importance of Failure%, BF;p,c1ysion = 4.17, but
weak evidence for the importance of level before interruptive ER,
BF;nclusion = 2.04, and ER level passed%, BF;,ciusion = 2-43. The
posterior summaries of coefficients (Table 7) also showed a positive
influence of Failure% (Mean = 0.70, 95% Credible Interval [0,1.41]),
level before interruptive ER (Mean = 0.06, 95% Credible Interval [0,
0.16]), and ER level passed% (Mean = 0.04, 95% Credible Interval [0,
0.12]) on students’ post-test performance. These findings suggested
that students who chose to ER more frequently after failures, chose
to ER when failing at a higher, more difficult level in a game, and
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had a higher percentage of passing ERed levels were more likely to
perform better in the post-test.

5 DISCUSSION

RQ1: What do interruptive ER features reveal about students
ER process of when to start an interruptive ER session, what
to ER, and how to ER? We constructed ER features by following
students’ sequential behaviors of ER process after they fail a level
in a game. To investigate students’ ER process, we analyzed de-
scriptive statistics about ER features. Regarding when to ER, results
showed that students in the current study who had interruptive
ER behaviors in objective 11 did not often choose to ER after they
failed, suggested by a low percentage of failures that followed by ER.
Nevertheless, interruptive ER, by its definition, is a failure-driven
behavior: Students who had more failures tended to have more
interruptive ERs, and the more students failed at a game-level, the
more likely they would have interruptive ERs. However, different
game designs might also influence students’ decisions whether
to start an interruptive ER or not: For games that have a similar
number of failures, there was a much higher percentage of failures
followed by ER in some games than others. For instance, there were
a similar number of failures in gamel-level4 and game7-level2 but
students ERed much more often in game7(Bubble Fraction Trap)-
level2 than in gamel(JiJi Cycle Basket)-level4 probably because
gamel-level4 used the simpler area model as visual representations
whereas game7-level2 used the more difficult number line model as
visual representations. Also, the design of gamel-level4 included
more attractive animations than that of game7-level2. Our findings
that game designs influenced students’ replay decisions are not
only consistent with past research measuring students’ intention
of replay via subjective self-report [4, 20] but also provide evidence
of objective observations via log data of students’ realtime replay
behaviors. Moreover, there are individual differences in the level
of failed games that were followed by ER, with almost half of the
students choosing ERs when they failed at lower levels of a game
whereas the other half had ERs when they failed at higher levels.
Regarding what to ER, results showed that most students chose
to ER different games within the same objective (i.e., objective 11)
but different game designs might have influenced their decisions
to ER irrelevant games. Among students who chose to ER different
games in objective 11, they mostly chose to replay game 1 no mat-
ter which game they previously failed, suggesting that students’
choices of what to ER may not be strategic. Regarding how to ER,
results showed that students typically had fewer than three consec-
utive ERs each time they started an ER session after failure, and,
on average, students only passed half of the ER levels—this latter
fact is of particular interest given that, by definition, all students
had previously passed levels they chose to ER.

RQ2: Which interruptive ER features predict students’ post-
test performance after taking into account their prior knowl-
edge and number of failures during the game? We did a Bayesian
multi-model linear regression to investigate the second research
question. Three ER features were selected in the best model that has
the most predictive power: The percentage of failures followed by
ER, the average level of the failed games before ER, and the percent-
age of passed ERs. Moreover, the Bayes factors provided moderate

>

104

LAK22, March 21-25, 2022, Online, USA

evidence for the importance of the percentage of failures followed
by ER and weak evidence for the importance of the average level
of the failed games before ER, and the percentage of passed ER
levels. Parameter estimation indicated that the three features had
positive influences on students’ post-test performance. Specifically,
students who chose to ER more frequently after failures, chose to
ER when failing at a higher, more difficult level in a game, and
had a higher percentage of passing ERed levels tended to perform
better in the post-test. This model implies that interruptive ER after
failures might be beneficial for students, and it would be even better
if students chose to engage in interruptive ER when failing at a
higher, more difficult level in a game. In addition, it might be im-
portant that they pass the ER level. It makes sense that if students
keep failing at higher levels in a game, it might suggest a lack of
sufficient knowledge or skills to pass the levels, and replaying a
previously passed game (i.e., interruptive ER) might help students
obtain the required knowledge and skills through more practice.
However, if students fail at low levels of a game that are usually
easy and basic, interruptive ER might not help much. Meanwhile,
students might benefit from interruptive ER only if they pass the
ER levels to have sufficient practice required to improve knowledge
and skills.

It should be noted that the percentage of interruptive ER in all ER
was not an important predictor in the current study. This finding did
not necessarily contradict with past research that found a high per-
centage of interruptive ER negatively influenced students’ learning
[12], because most students who engaged in ER in the current study
had a high percentage of interruptive ER (M = 96.67%, SD = 11.93%),
which resulted in low variations in this predictor. Additionally, it
seems counterintuitive at first glance that the similarity between
failed games and ER games was not an important predictor. How-
ever, a closer examination of the data indicated that students who
played irrelevant games in the current study happened to perform
better in the game (i.e., fewer failures in the game). Besides, results
from the first research question suggested that students may not be
strategic in their choice of ER based on game similarities, because
most students chose to start from game 1 after they failed. Taken
together, our finding that game similarity was not an important
predictor may be due to the quality of our data and the fact that
students’ choices of what to ER might not have been based on game
similarity. One way to investigate the value of ER similarity to the
failed game may be to assign students to ERs of varying similarities.
In our study, although there is value in investigating actual student
choice, we were constrained by the choices students made.

There is a wide literature about “replay” in research on educa-
tional games (e.g., [9, 19]). However, there is limited literature and
research about “elective replay.” Prior research has tested whether
ER is associated with students’ learning outcomes [12]. The cur-
rent study dug deeper to ask which interruptive ER features are
associated with students’ learning outcomes. Our findings suggest
that interrruptive ER after failing a game could positively influence
learning. Such a positive influence also depends on students’ deci-
sions of when to ER and how to ER. However, 5th graders may not
make these decisions strategically and need instructional support
to benefit from interruptive ER. Evidence from our study could be
used to design alert systems in educational games to guide students’
interruptive ER behaviors. Moreover, ER features developed in the
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Table 6: Model Comparison

Models P(M) P(M|data) BFy BFyg R?
Failure% + Level before interruptive ER + ER level passed% 0.016 0.140 10.288 1.000 0.121
Failure% + interERpercent + Level before interruptive ER + ER level passed% 0.016 0.081 5579 0.580 0.127
Failure% + Level before interruptive ER 0.016 0.079  5.399 0.562 0.109
Failure% + ER level passed% 0.016 0.076  5.204 0.544 0.109
Failure% + Consecutive ER times + Level before interruptive ER + ER level passed% 0.016 0.040  2.642 0.287 0.122
Failure% + Level before interruptive ER + Game similarity + ER level passed% 0.016 0.037  2.447 0.266 0.122
Failure% + interERpercent + Level before interruptive ER 0.016 0.034 2.228 0.243 0.113
Failure% + interERpercent + ER level passed% 0.016 0.033  2.165 0.237 0.113
Failure% 0.016 0.031 2.032  0.223 0.094
Level before interruptive ER + ER level passed% 0.016 0.029 1914 0.210 0.103
Note. All models include Pretest, Failures in game. Table displays only the 10 best models.
Table 7: Posterior Summaries of Coefficients
95% Credible Interval
Coeflicient P(incl) P(excl) P(incl|data) P(exclldata) BF;,ciusion Mean SD Lower Upper
Intercept 1.000 0.000 1.000 0.000 1.000 0.590 0.014 0.562 0.619
Pretest 1.000 0.000 1.000 1.110e-16 1.000 0.098 0.058 -0.020 0.220
Failures in game 1.000 0.000 1.000 1.110e-16 1.000 -6.514e-4 2.320e-4 -0.001  -1.392e-4
Failure% 0.500 0.500 0.806 0.194 4.168 0.701 0.475 0.000 1.524
interERpercent 0.500 0.500 0.354 0.646 0.548 -0.049 0.093 -0.297 0.044
Consecutive ER times 0.500 0.500 0.229 0.771 0.296 -6.451e-4 0.003 -0.009 0.003
Level before interruptive ER ~ 0.500 0.500 0.671 0.329 2.041 0.062 0.057 -4.865e-4 0.171
Game similarity 0.500 0.500 0.217 0.783 0.278  -3.704e-4 0.003 -0.007 0.010
ER level passed% 0.500 0.500 0.708 0.292 2.429 0.050 0.043 -3.327e-4 0.129

current study could serve as a starting point for future research
to investigate causal effects of elective replay by experimentally
manipulating different ER features.

6 CONCLUSION

In this study we analyzed 5th graders’ log data in a game-based
mathematics tutorial, ST Math, to systematically describe features
of students’ interruptive ER process in learning fractions and to
investigate the relationships between these features and students’
learning outcomes. Regarding students’ ER process, we found that
students’ decision to start an interruptive ER session may depend
on the design of the particular level they failed. Some students were
more likely to start an ER when they failed at lower levels of a
game, whereas other students were more likely to start an ER when
they failed at higher, more difficult levels of a game. Features of
students’ choices of what to ER showed that most students chose to
replay different games in the same objective, and they most often
chose game 1 no matter which game they failed. Once students
started an ER session, they typically had fewer than three ERs in a
row and seldom passed all levels in ER games. Regarding the rela-
tionships between interruptive ER features and students’ learning
outcomes, we found that, after considering their prior knowledge
and the number of failures during the game, students who had a
higher percentage of failures followed by ER, chose to ER when
failing at a higher level in a game, and had a higher percentage of
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passing ER levels tended to perform better in the post-test. These
findings imply that interruptive ER after failures might be beneficial
for students under certain circumstances: namely after they have
already persisted for a time on difficult content and when they pass
the ERed level.
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