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Abstract. We conducted a 2 x 2 study comparing the digital learning game
Decimal Point to a comparable non-game tutor with or without self-explanation
prompting. We expected to replicate previous studies showing the game improved
learning compared to the non-game tutor, and that self-explanation prompting
would enhance learning across platforms. Additionally, prior research with Deci-
mal Point suggested that self-explanation was driving gender differences in which
girls learned more than boys. To better understand these effects, we manipulated
the presence of self-explanation prompts and incorporated a multidimensional gen-
der measure. We hypothesized that girls and students with stronger feminine-typed
characteristics would learn more than boys and students with stronger masculine-
typed characteristics in the game with self-explanation condition, but not in the
game without self-explanation or in the non-game conditions. Results showed no
advantage for the game over the non-game or for including self-explanation, but
an analysis of hint usage indicated that students in the game conditions used (and
abused) hints more than in the non-game conditions, which in turn was associated
with worse learning outcomes. When we controlled for hint use, students in the
game conditions learned more than students in the non-game tutor. We replicated
a gender effect favoring boys and students with masculine-typed characteristics on
the pretest, but there were no gender differences on the posttests. Finally, results
indicated that the multidimensional framework explained variance in pretest per-
formance better than a binary gender measure, adding further evidence that this
framework may be a more effective, inclusive approach to understanding gender
effects in game-based learning.
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1 Introduction

Digital learning games can promote learning through playful, engaging, and highly
interactive interfaces, but depending on the features of games (e.g., narrative, design
style, pacing), they may not be equally effective for all learners [1, 2]. Decimal Point,
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a digital math game designed to teach students about decimal numbers and operations,
has produced consistent gender effects favoring girls [3]. In prior research seeking to
understand the source of these consistent gender effects, we have found evidence that
differences in girls’ and boys’ response patterns to self-explanation prompts seem to
be at least partially responsible for the gender differences in learning outcomes [3].
Specifically, girls have demonstrated fewer errors and less gaming the system [4] on
self-explanation questions in the game, and those behaviors in turn have mediated the
gender effect on learning outcomes [5].

In this paper, we seek to advance our understanding of the gender effect in Dec-
imal Point in two ways: first, we conducted an experiment to directly test whether
self-explanation was responsible for the gender effect by varying whether students were
prompted to self-explain as they played the game or solved equivalent problems in a
non-game platform. Second, we sought to expand our understanding of gender differ-
ences in gameplay and learning by incorporating a multidimensional gender framework.
This framework holds that gender includes multiple separate but interrelated dimensions,
including aspects of identity as well as activities and interests [6]. It has the potential to
reveal more nuanced gender-related characteristics that might more directly explain dif-
ferences in how students play and learn from digital games. Additionally, a multidimen-
sional gender representation promises to be a more inclusive approach to understanding
gender, as it will allow us to include students of all genders in our analyses—instead
of limiting analyses to students who fit within binary gender identity categories—while
capturing more complex aspects of gender along a continuous spectrum. In this paper,
we focus on the gender dimension of students’ self-reports of gender-typed occupational
interests, activities, and traits [7].

1.1 Enhancing Learning Through Digital Learning Games

There is ample evidence that digital learning games can engage students and support
learning [8—11]. Educational technology researchers have embraced game-based learn-
ing by building games for a variety of domains [12—14]. Games are thought to support
learning through engagement [15] and flow [16], in which learners focus their full atten-
tion on game play, potentially taking focus away from negative thoughts or emotions
about the instructional content. For struggling learners, game-based learning can be a
particularly effective way to engage with the material [17].

Decimal Point is a digital math learning game that has produced better learning
outcomes than comparable non-game instruction. In a study with 153 middle school
students who either played Decimal Point or learned with a content-equivalent online
tutor [12], Decimal Point students learned more than the tutored students, with relatively
high effect sizes (immediate posttest: d = 0.65; delayed posttest: d = 0.59). The Decimal
Point students also reported enjoying their experience significantly more than the tutored
students, according to a post-game questionnaire. An analysis of learning outcomes by
binary gender identity revealed that girls learned significantly more from the game than
boys [18]. We subsequently performed experiments with different versions of the game
and consistently uncovered the same finding: girls learned significantly more from the
game than boys regardless of alterations [3, 19].
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Some prior work has explored the role of self-explanation in game-based learn-
ing [20], and we were also interested in the impact self-explanation could have on
learning with the game. As a result, the game incorporates a series of multiple-choice
self-explanation questions designed to address misconceptions and promote conceptual
understanding of the decimal number concepts in the game [21]. When investigating
sources of the gender difference in learning outcomes, we discovered that boys’ and
girls’ game-play behaviors and error rates especially differed on the self-explanation
steps [3]. Specifically, girls tended to have lower error rates and exhibited fewer behav-
iors suggesting they were trying to take advantage of the affordances of the learning
system to get the right answer without thinking, a behavior referred to as “gaming the
system” [4]. Further analyses indicated that rates of gaming the system partially medi-
ated the effect of gender on learning, suggesting that students’ interactions with the
self-explanation prompts were at least in part driving the gender effect in Decimal Point

[5].

1.2 Gender, Math, and Digital Learning Games

Although girls and boys tend to perform equally well in math, gender differences often
emerge in motivation, emotions, and perceptions around math. For example, girls report
greater anxiety towards math and less self-confidence in their math abilities [22, 23].

Digital math games could provide a valuable tool for promoting more equitable
engagement in math. Games may be especially effective for girls to the degree that they
promote enjoyment and reduce salient cues likely to trigger stereotype threat, which
occurs when being reminded of social group stereotypes impairs the performance of
members of that group [24]. In the context of math, even implicit cues like labeling the
nature of a task as mathematical can trigger stereotype threat for women and reduce their
performance [25]. Embedding math practice within the context of a digital learning game
might therefore reduce stereotype threat by de-emphasizing the mathematical nature of
the task.

Digital learning games in math appear to be effective for all genders [26], despite
some evidence of broader gender-based differences in game preferences [27]. In fact,
other math digital learning games have uncovered gender differences in learning out-
comes based on different game features [1], lending evidence that digital learning games
may affect some aspects of learning for girls and boys differently.

One key to better understanding how and why digital learning games might produce
gender differences involves taking a more comprehensive view of gender. All prior
research investigating gender differences in digital game learning has adopted a binary
view of gender, sorting learners into binary categories of boys and girls and typically
excluding anyone outside the gender binary due to small numbers. However, it is likely
that any effect of gender on learning reflects gender-related differences in behaviors,
interests, and experiences rather than binary gender identity itself. As a result, a measure
of gender that captures these nuanced, multifaceted factors may be a more powerful
predictor of learning differences. It could also better illuminate which aspects of gender
(e.g., interests, activities) are most predictive of differences in learning behaviors and
outcomes.
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We address this gap in prior research and aim to better understand gender differences
in Decimal Point by incorporating a multidimensional gender framework and measur-
ing gender-typed occupational interests, activities, and traits, which we will refer to as
“gender-typed characteristics” [7]. We also experimentally test the evidence that self-
explanation prompts are producing the gender effect observed in Decimal Point. In this
research, we explored the following questions:

RQ1: Will the learning platform (game vs. non-game control) and the presence or
absence of self-explanation questions affect learning outcomes?

RQ2: Will the learning platform (game vs. non-game control) and the presence or
absence of self-explanation questions interact with gender to explain gender-based
differences in learning outcomes?

RQ3: Will the multidimensional gender framework predict variance in learning
outcomes better than a measure of binary gender identity?

For the first research question, we hypothesized that we would replicate previous
studies showing a learning advantage for students in the game condition compared to the
non-game tutor [12], regardless of self-explanation condition. We also hypothesized that
self-explanation questions would lead to greater learning across both learning platforms,
which we have not previously tested. We did not predict an interaction between self-
explanation and learning platform, as we expected each to contribute an additive effect
to learning.

For the second research question, we hypothesized that removing the self-explanation
prompts would eliminate the gender effect in the game based on prior analyses suggest-
ing that the self-explanation prompts were driving gender differences. Specifically, we
hypothesized that girls and students with stronger feminine-typed traits would learn
more than boys and students with stronger masculine-typed traits only in the game +
self-explanation condition. We did not expect to see gender differences in the game condi-
tion without self-explanation, as this condition would be missing the learning component
hypothesized to be creating gender differences. In other words, if the self-explanation
step in the game was creating the gender effect, then we would no longer expect to
see a gender difference in the game when self-explanation was removed. We did not
expect to see a gender difference in the non-game platform, regardless of the presence
or absence of self-explanation prompts, as prior research revealed no gender differences
in the non-game [18].

For the third research question, if students differed in test performance by gender,
we expected that the continuous measures of gender (i.e., gender-typed occupational
interests, activities, and traits) would explain more variance in test performance than
a binary measure of gender identity (i.e., boy or girl). This is because gender-typed
characteristics reflect more nuanced aspects of gender, which are likely more closely
related than binary gender identity to any motivation or emotion that might in turn predict
students’ learning in a math game. This prediction is also consistent with preliminary
work showing that multidimensional measures of gender explain differences in game
preferences better than binary gender [27].
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2 Method

2.1 Participants

We conducted our research in eight elementary and middle schools in a mid-sized U.S.
city and the surrounding suburban and rural areas. A total of 576 students from fifth-
and sixth-grade classes participated in the study, but a technical issue resulted in data
not being recorded for 90 students from one school. An additional 100 students were
excluded from analyses because they did not complete all study and test materials.
The remaining 386 students were assigned to one of four conditions: a game with self-
explanation, a game without self-explanation, a non-game with self-explanation, or a
non-game without self-explanation. Given the potential distraction of having some stu-
dents play a game while others worked with a non-game tutor within a classroom,
we randomly assigned students to game conditions at the classroom level and to the
self-explanation conditions at the individual level. Students ranged in age from 10 to
13 years old (M = 10.85, SD = 0.65); 201 identified as male, 182 identified as female,
one identified as trans or non-binary, and two preferred not to disclose their gender
identity.

2.2 Materials and Procedure

Materials consisted of a pretest, posttest, and delayed posttest, as well as different ver-
sions of Decimal Point or the non-game tutor and a series of pre- and post-intervention
questionnaires. Instructional materials were created using an open use authoring suite
[28]. We presented all materials in an established online learning management system
using the HTML/JavaScript framework [29].

Learning Materials. Learning materials consisted of either Decimal Point or a non-
game tutor designed to be equivalent to Decimal Point in the instructional content but
without the game elements or playful design. Both Decimal Point and the non-game
tutor varied in whether they included self-explanation prompts or not.

Decimal Point is a web-based single-player game that uses an amusement park
metaphor to teach middle school students about decimal numbers, as shown in Fig. 1
[12]. Decimal Point is made up of 24 mini-games, with each mini-game focusing on
a specific type of problem-solving task. In total, there are 48 decimal problems, with
two problems in each of the 24 mini-games. These problems cover various tasks such
as ordering decimals, placing them on a number line, completing sequences, sorting
them into “buckets” based on magnitude, and adding decimals. Players must provide
the correct answer for each problem in order to progress in the game. The aim is to
play through all the mini-games in sequence. The game provides immediate accuracy
feedback and allows students to retry problems until they find the correct solution. The
game also incorporates hints, which are designed to support students’ learning progress
and help them when they become stuck on a problem [30]. Students were provided with
three levels of on-demand hints while solving the problems: Level 1 hints offered general
reminders about relevant decimal concepts and operations; Level 2 hints provided more
detailed suggestions about solution steps; and Level 3 hints provided the answer. The
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Fig. 1. The main map in Decimal Point, depicting the amusement park game narrative.
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Fig. 2. Self-explanation prompts at the end of the Castle Attack mini-game in Decimal Point (left)
and at the end of an equivalent sorting problem in the non-game tutor (right).

hints could be accessed by selecting the “Hint” button and could be navigated using the
“Previous” and “Next” buttons.

After solving each pair of mini-game problems, students in the self-explanation
condition were prompted to self-explain using multiple-choice questions (Fig. 2), which
encouraged them to think more deeply about the concepts and misconceptions targeted
by the problems. Prior work has found multiple-choice self-explanation prompts to
be more effective than open-ended self-explanation prompts in digital learning games,
possibly because this format is less disruptive to game flow or because it introduces less
cognitive load to respond [20]. In the game condition without self-explanation, the game
moved on to the map without any prompting for self-explanation.

The non-game version of Decimal Point uses the same web-based learning man-
agement system as the game version. In the non-game version, students solve decimal
problems using a conventional user interface without the game features or narrative, as
shown in Fig. 2 [12]. The non-game condition presents the same five types of decimal
problems in the same order, with a total of 48 problems. As in the game condition,
students received immediate feedback on accuracy, could access the same three levels
of on-demand hints, and had to answer correctly to progress to the next problem. In the
condition with self-explanation, students were prompted to self-explain decimal con-
cepts and misconceptions with the same multiple-choice questions used in the game
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condition. In the non-game condition without self-explanation, the tutor moved on to
the next problem set without prompting for self-explanation.

Learning Assessment Tests. We assessed students’ knowledge of relevant decimal
concepts using three isomorphic tests administered immediately before the learning
materials, immediately after the learning materials, and approximately one week after
students completed the learning materials. Tests were counterbalanced to account for
any differences in difficulty. Each test contained 43 items targeting students’ procedural
and conceptual knowledge about decimal number operations. Some items contained
multiple parts, and students could earn a total of 52 points.

Questionnaires. Questionnaires were administered immediately before students began
the learning intervention (after the pretest) and immediately after they concluded the
learning intervention (before the posttest). After the pretest, students responded to a
series of demographic questions concerning their age, grade level, gender identity, and
race. They also completed an adapted version of the Children’s Occupational Interests,
Activities, and Traits - Personal Measure (COAT-PM) to measure students’ gender-typed
characteristics [7]. This survey assesses children’s interests, activities, and traits in rela-
tion to masculine- and feminine-stereotyped norms on a four-point Likert-type scale,
with 18 items each in the occupation, activity, and traits subscales. Items in the occupa-
tion subscale targeted stereotypically gendered professions like “hairstylist” (feminine)
and “construction worker” (masculine), and students reported their interests in the tar-
geted professions on a scale from 1 (not at all) to 4 (very much). Items in the activity
subscale targeted stereotypically gendered activities such as “making jewelry” (femi-
nine) and “going fishing” (masculine), and students reported the frequency with which
they engaged in these activities on a scale of 1 (never) to 4 (very often). Items in the
traits subscale targeted self-perceptions of stereotypically gendered personal character-
istics such as “gentle” (feminine) and “adventurous” (masculine). All subscales were
averaged together to produce scales of feminine-typed characteristics (a = 0.85) and
masculine-typed characteristics (a0 = 0.81).

After completing the learning intervention, students responded to a series of surveys
targeting their engagement, enjoyment, and emotions, including affective and behav-
ioral/cognitive engagement [31]; dimensions of meaning, mastery, and challenge from
the Player Experience Inventory [32]; situational interest [33]; the enjoyment dimen-
sion of the Achievement Emotions Questionnaire [34]; evaluation apprehension and test
anxiety [24]; and state anxiety [35]. Due to space constraints, we do not report results
related to these questionnaires.

3 Results

To assess whether students learned from the intervention materials, we conducted
repeated-measures analyses of variance (ANOVAs) examining changes from pretest
to posttest and pretest to delayed posttest. Results indicated a large effect from pretest
to posttest, F' = 97.88, p < .001, 772 p = .20, and between pretest and delayed posttest,
F =128.33, p < .001, '71% = .25, , indicating that students generally learned from the
intervention materials (see Table 1 for test performance means by condition and test).
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Table 1. Average test score by gender and condition.
N Pretest M (SD) Posttest M (SD) Delayed Posttest M
(SD)
Game conditions 203 | 22.32 (12.10) 25.40 (12.19) 26.12 (12.91)
Game +SE 105 | 21.36 (11.56) 24.61 (12.14) 25.07 (13.29)
Game —SE 98 |23.35(12.63) 26.26 (12.25) 27.26 (12.45)
Non-game conditions | 183 | 20.83 (10.20) 23.32 (10.66) 24.34 (11.10)
Non-game +SE 96 | 20.93(10.67) 23.43 (10.36) 24.67 (10.73)
Non-game —SE 87 120.72(9.71) 23.21 (11.03) 23.99 (11.53)
+SE conditions 201 | 21.15(11.12) 24.04 (11.31) 24.88 (12.11)
—SE conditions 185 | 22.11(11.40) 24.82 (11.76) 25.72 (12.11)
Girls 182 |20.00 (9.70) 23.71 (10.34) 24.52 (11.42)
Boys 201 | 23.27 (12.27) 25.28 (12.40) 26.20 (12.60)

3.1 Condition Effects on Learning (RQ1)

These results contradicted prior research showing a significant learning advantage for
students playing Decimal Point compared to the non-game tutor [12]. To understand
why the results might be different, we conducted a post hoc analysis of students’ use of
hints, as the hint feature was added in recent years after the initial research showing an
advantage for the game compared to the non-game tutor.

To test whether hint requests mediated the effect of learning platform on test per-
formance, we built mediation models with the learning platform (game or non-game
tutor) as an independent variable, the number of hint requests during intervention as a
mediator, and the posttest and delayed posttest scores as the dependent variables. The
confidence interval of the indirect effect was estimated at the 0.05 significance level
via bias-corrected non-parametric bootstrapping with 2000 iterations [36]. Based on the
mediation results (Fig. 3), we found that the effect of the learning platform on posttest
performance was mediated by the number of hint requests. The regression coefficient
between the learning platform (with the game coded as 1) and number of hint requests
was positive and significant, while the coefficient between the number of hint requests
and posttest score was negative and significant. In other words, students in the game
tended to request more hints, which in turn was associated with worse learning out-
comes. The bootstrap procedures indicated a significant indirect effect (ab = —0.87,
95% CI [—1.45, —0.29], p < .001).

Similar findings were observed in the mediation model predicting delayed posttest
scores, with a significant indirect effect of the number of hint requests (ab = —0.97,
95% CI[—1.65, —0.41], p < .001; see Fig. 3). On the other hand, the direct effects of the
game on posttest and delayed posttest performance, without considering the mediator,
were positive and significant.

We built regression models predicting posttest and delayed posttest scores with
pretest scores, number of hint requests, and learning platform (game coded as 1) to
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Number of

hint requests
a=17.47** Pretest score b = -0.05 *** (immediate)
(covariate) b =-0.05 *** (delayed)
c¢'=1.61* (immediate)
¢’ =1.39 * (delayed)
Learning platform Immediate posttest
(Game=1,Tutor=0) | Delayed posttest

¢ =0.74 (immediate)
c = 0.41 (delayed)

Fig. 3. The mediation pathway from learning platform to posttest and delayed posttest perfor-
mance through hint usage behavior. (*) p < .05, (**) p < .01, (***) p < .001.

assess the unique contributions of each factor. When predicting posttest performance,
number of hints requested was negatively associated with test performance (8 = —0.05,
p < .001); however, when controlling for hint requests and pretest (8 = 0.63, p < .001),
the game platform was associated with higher posttest scores (8 = 1.61, p = .001). A
regression model predicting delayed posttest performance with pretest, hints requests,
and learning platform showed similar results: the number of hint requests was negatively
associated with delayed posttest scores (8 = -0.06, p < .001), but when controlling for
pretest (8 = 0.62, p < .001) and hint requests, the game platform was associated with
higher delayed posttest scores (8 = 1.39, p = .018).

In other words, while the game did lead to better learning when controlling for hint
requests, students playing the game also requested more hints than those using the tutor,
which in turn reduced their learning. Likely due to these conflicting trends, the total
effect of the learning platform on test performance was not significant.

3.2 Binary Gender Differences in Learning (RQ2)

‘We sought to understand how different dimensions of gender related to learning outcomes
across instructional conditions. First, we examined differences in pretest, posttest, and
delayed posttest scores based on binary gender identity; given the small number of
students identifying as non-binary or trans or declining to indicate gender (N = 3), we
excluded these students from analyses using binary gender identity. A one-way ANOVA
revealed a significant effect of gender identity on pretest performance (F = 8.27, p =
.004, 77]% = .021), with boys receiving higher pretest scores than girls. Table 1 reports
mean scores on all tests based on binary gender identity.

We also tested the interaction of binary gender with instructional condition on test
scores. A series of three-way ANCOVAs examined the effects of learning platform,
self-explanation condition, and binary gender on posttest and delayed posttest scores
while controlling for pretest. On the posttest, results indicated no main effect of gender
identity (F =2.28,p = .13, 771% = .006) and no interactions between gender and learning
platform (F = 0.63, p = .43, 771% = .002) or gender and self-explanation (F = 1.25,p =
.26, 171% = .003). The analysis of delayed posttest also revealed no main effect of gender
identity (F = 3.03, p = .08, 77]% = .008) and no interactions between gender identity
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and learning platform (F = 0.05, p = .82, 17127 = .001) or self-explanation prompts (F =

2.86, p = .09, 171% = .008). Our predictions that girls would learn more, but only in the
game condition with self-explanation, were not supported.

3.3 Predicting Learning Differences with Gender-Typed Characteristics (RQ3)

Next, we examined the correlations between binary gender identity and gender-typed
characteristics. Results showed that gender identity, where “female” was coded as 1 and
“male” coded as 0, was strongly, positively correlated with feminine-typed character-
istics (r = 0.58, p < .001) and moderately, negatively correlated with masculine-typed
characteristics (r = —0.34, p < .001). Feminine-typed characteristics were weakly, pos-
itively correlated with masculine-typed characteristics (r = 0.20, p < .001). Given the
correlation coefficients, while the three gender dimensions were moderately correlated,
they were not redundant.

We also analyzed test performance using the measure of gender-typed interests, activ-
ities, and traits. A regression model predicting pretest scores based on masculine-typed
and feminine-typed characteristics revealed that masculine-typed characteristics were a
significant, positive predictor (8 = 3.64, p = .003) while feminine-typed characteristics
were a significant, negative predictor (8 = —4.42, p < .001).

To compare the predictive value of binary gender identity and gender-typed charac-
teristics, we built a regression model predicting pretest scores based on binary gender
identity (with “female” coded as 1 and “male” coded as 0), masculine-typed character-
istics, and feminine-typed characteristics. Results showed that masculine-typed charac-
teristics (8 = 4.01, p = .008) and feminine-typed characteristics (8 = —4.96, p = .004)
were significant predictors, while binary gender identity was not (8 = 0.75, p = .60).
These results suggest the measures of gender-typed characteristics may better explain
variance in pretest scores than binary gender identity.

To understand interactions between the multiple dimensions of gender and learning
conditions, we built regression models predicting posttest and delayed posttest scores that
included pretest score as a covariate and the following predictor variables: learning plat-
form (game or non-game), self-explanation prompt (with or without self-explanation),
masculine-typed characteristics, feminine-typed characteristics, and their interactions
with the learning platform and self-explanation conditions. Results showed that none
of the variables significantly predicted posttest scores or delayed posttest scores. These
results are consistent with the lack of effects revealed when examining the interaction
of binary gender with the learning conditions.

We also examined self-explanation errors by gender, as well self-explanation per-
formance as a mediator between gender and learning outcomes. We considered only
students who were prompted to self-explain in the game (n = 105) and non-game (n =
96) conditions. A two-way ANCOVA assessing the effects of the learning platform and
gender identity on the number of self-explanation errors, with pretest score as covariate,
showed a significant main effect of gender (F = 7.53, p = .007, 77,2, = .037), with girls
(M = 30.35, SD = 14.35) making fewer self-explanation errors than boys (M = 35.74,
SD = 13.12). The effects of learning platform (F = 0.38, p = .54, 17[% = .002) and its

interaction with gender identity (F = 0.23, p = .63, 77[2, = .001) were not significant.



216 J. E. Richey et al.

We also built a regression model predicting the number of self-explanation errors based
on gender-typed characteristics and their interactions with the learning platform, using
pretest performance as covariate. Our results showed that masculine-typed characteris-
tics were a marginally significant, positive predictor of self-explanation errors (8 = 4.42,
p = .06), while feminine-typed characteristics were a significant, negative predictor of
self-explanation errors (8 = —6.05, p = .008). The learning platform and its interaction
with gender-typed characteristics were not significant predictors. In other words, both
binary gender identity and gender-typed characteristics predicted self-explanation errors
in similar patterns, with girls and students with stronger feminine-typed characteristics
making fewer errors.

4 Discussion and Conclusion

This research uncovered several important findings, with clear implications for future
research with Decimal Point as well as recommendations for research on gender and
digital learning games more generally. First, we failed to replicate prior research showing
a learning advantage for the game compared to a non-game tutor [12]. However, our
post hoc analyses uncovered a promising explanation for this result. In the time since
the original study, we added hints to Decimal Point to help students avoid getting stuck
and increase opportunities to learn from errors [30]. Based on hint use patterns in the
game and non-game platforms, however, it appears that using too many hints is generally
harmful to learning, which is consistent with other research on hint use [3, 37]. Students
in the game tended to overuse hints more than students in the non-game, and this overuse
of hints seemed to negate the benefits of learning with the game. As additional evidence,
when we analyzed learning outcomes from the game vs. non-game and controlled for
hint use, students in the game performed better than students in the non-game condition
on the posttest and delayed posttest.

Second, we failed to replicate the gender effect on learning outcomes, although we
replicated results showing that boys outperformed girls on the pretest. Girls have learned
more than boys across many previous studies with Decimal Point, although this was not
the case in the non-game tutor [3, 18]. We are unsure why this result failed to repli-
cate in the game condition with self-explanation. It is possible that the 2x2 design was
underpowered to detect interaction effects with gender, especially after a technical error
caused data loss for some students. This unexpected result merits additional investiga-
tion, particularly given how seemingly unrelated changes to the game (e.g., the addition
of hints) affected other outcomes. We replicated results that girls made fewer errors on
self-explanation steps compared to boys, which contributes to evidence that the self-
explanation step may be responsible for gender differences in learning with Decimal
Point.

Third, we have found evidence that incorporating multiple dimensions of gender is
a fruitful avenue for better understanding gender differences in learning. While binary
gender was correlated with the measures of gender-typed characteristics (strongly with
feminine-typed characteristics and moderately with the masculine-typed characteristics),
results indicated that between about 40 and 65 percent of the variance in masculine- and
feminine-typed occupational interests, activities, and traits was not explained by binary
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gender. These more nuanced aspects of gender, which are captured on a spectrum and
target a wide range of interests and activities, are likely to more directly shape individual
learning experiences that, in turn, predict students’ math motivation and achievement
in different learning environments. Critically, the measures of gender-typed occupa-
tional interests, activities, and traits explained differences on the pretest better than
binary gender; when the masculine- and feminine-typed characteristics were included
in a regression model predicting pretest performance, binary gender was no longer a
significant predictor.

Results strongly support the use of multiple dimensions of gender in future research
investigating gender differences in game-based learning. This is a novel contribution, as
we know of no other research that has adopted such an approach to studying gender in the
context of digital learning games. This approach is likely to provide a better explanation
for gender-based differences in learning behaviors and outcomes compared to binary
measures of gender identity, which in turn may illuminate clearer recommendations for
making digital learning games more equitable and beneficial for all students. Our results
also reveal the importance of examining each design choice in terms of its impact on
learning behaviors and outcomes. Specifically, our results suggest that adding hints was
particularly detrimental to students in the game conditions, who used (and likely abused)
hints more than students in the non-game conditions. Future research should explore why
students might be more likely to overuse hints in a digital learning game compared to a
non-game tutor.
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