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Abstract

This study examined the relations among strategic planning, execution, and strategy ef-
ficiency during problem-solving in a digital algebra learning game with 7th-grade stu-
dents. We used pre-solving pause time as a proxy indicator of strategic planning, and the
productivity of the initial strategy as a measure of effective strategy execution. Addition-
ally, we explored how these variables correlated with students’ posttest scores assessing
algebraic knowledge. Mediation analyses at both the problem and student levels indicated
that longer pre-solving pause times were associated with greater strategy efficiency. When
considering both the direct and indirect effects of pre-solving pause time on strategy ef-
ficiency, the results revealed a partial positive mediation through the productivity of the
initial strategy. Lastly, the results of a path analysis showed that strategy efficiency sig-
nificantly predicted algebraic knowledge with a positive effect. These findings suggest that
longer pause times are associated with more efficient problem solving as they increase the
likelihood of a productive initial step, highlighting a positive mediating role of execution
in the relation between planning and strategy efficiency in algebraic problem solving.
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Introduction

Procedural fluency, defined as the ability to apply procedures and solve math problems
flexibly, efficiently, and accurately, is one of the primary goals in mathematics education
(National Council of Teachers of Mathematics [NCTM], 2023). Achieving procedural flu-
ency requires strategy efficiency, in which students must identify when a particular strategy
or procedure is more appropriate for a given problem than others. Additionally, to solve
math problems efficiently, students must demonstrate procedural flexibility (Smedt et al.,
2010; Verschaffel, 2024). They must recognize that there are multiple solution strategies,
choose the appropriate one, and flexibly switch to an alternative if their initial choice does
not work (Star & Rittle-Johnson, 2008).

Despite the importance of strategy efficiency and procedural flexibility in achieving
mathematical proficiency, many studies have shown that students often struggle with using
appropriate mathematical strategies to solve problems. In particular, students in the U.S.
tend to apply procedures based solely on rote memorization, such as PEMDAS (Parenthe-
ses, Exponents, Multiplication/Division, Addition/Subtraction), or habitually solve prob-
lems from left to right, without noticing the relations between numbers (Gunnarsson et al.,
2016; Hiebert, 2013; Schoenfeld, 1992). Furthermore, because conceptual and procedural
knowledge precede the development of strategy efficiency and procedural flexibility (Rau
et al., 2017; Schneider et al., 2011), math curricula and assessments have primarily focused
on students’ conceptual understanding and procedural knowledge rather than efficiency or
flexibility (NCTM, 2023).

To address these issues, several studies have examined student-level (e.g., student behav-
ior) or problem-level factors (e.g., problem type) influencing strategy efficiency or proce-
dural flexibility to better support the development of mathematical proficiency (Newton et
al., 2020; Ramirez et al., 2016; Schulz, 2023; Star & Rittle-Johnson, 2008). Among various
variables, one important factor influencing students’ strategy efficiency and procedural flex-
ibility is students’ use of metacognitive and self-regulatory strategies during their problem
solving. Studies have revealed that students’ planning before problem solving or appropri-
ate execution of strategy is positively associated with their problem-solving performance
(Coppersmith & Star, 2022; Garcia et al., 2019). The Common Core State Standards (CCSS)
also highlighted the importance of this planning phase in achieving procedural fluency.
According to the CCSS, students need to “make conjectures about the form and meaning of
the solution and plan a solution pathway rather than simply jumping into a solution attempt”
(Common Core State Standards Initiative, 2022, p.6). Our earlier studies also found that
middle school students who paused before solving problems as a method of planning (Chan
et al., 2022) and appropriately executed the correct strategy (Lee et al., 2022, 2023) had
greater strategy efficiency in a digital math learning game.

While numerous studies have explored students’ planning and execution of strategies in
relation to their math performance, the intricate relationship between these two phases (i.e.,
planning, execution), as well as their combined contribution to students’ strategy efficiency,
remains less understood (Coppersmith & Star, 2022). Thus, this study aims to explore the
interplay between middle school students’ planning, execution, and strategy efficiency in a
digital mathematics learning game. Building upon our prior work (Chan et al., 2022), we
use pre-solving pause time as a proxy measure of students’ strategic thinking, the produc-
tivity of their initial transformation as a measure of the appropriate execution of strategy,

@ Springer



Unpacking strategy efficiency: Examining the relations between... Page30f23 31

and strategy efficiency scores in the game as a measure of strategy efficiency. Additionally,
we examine how these factors affect students’ algebraic knowledge after playing the game.

Mathematical problem solving as a process
Strategic planning and pre-solving pause time

To successfully solve math problems, students need to engage in a series of cognitive and
metacognitive processes: they first need to read the problem and comprehend it, organize
information, explore possible solutions, and plan a strategy to solve a problem (Carlson
& Bloom, 2005; Coppersmith & Star, 2022; Garofalo & Lester, 1985). The importance
of this planning phase in mathematical problem-solving has been demonstrated in numer-
ous empirical studies (Callan & Cleary, 2019; Chang et al., 2006; Kramarski & Gutman,
2006; Simatupang et al., 2019; Vula et al., 2017). For instance, Callan and Clearly (2019)
examined how 8th-grade students’ strategic planning prior to solving the math problem
and strategy use correlated with their math performance. Students’ strategic planning was
measured using a single item collected through the interviews, specifically, asking the stu-
dents whether they had a plan to complete the problem or not. The results indicated that the
students’ strategic planning significantly and positively predicted their strategy use, which
in turn, correlated with better math performance. Further, studies have shown that interven-
tions prompting students to do planning (e.g., understanding the problem, thinking about
possible strategies) prior to problem solving improved their mathematics performance (Kra-
marski & Gutman, 2006; Vula et al., 2017).

Traditionally, students’ planning before problem-solving is assessed through self-
reported measures or structured interview questions (e.g., Callan & Clearly, 2019). While
these methods are widely used, they may produce incorrect information due to students’
potential recall errors or response biases (Garcia et al., 2016). One alternative way to gauge
student strategic planning is by using the time spent before executing an action. For exam-
ple, Ku and Ho (2010) conducted a qualitative study exploring how university students’
metacognitive strategies related to their critical thinking performance. The students’ use of
metacognitive strategies was collected through think-aloud procedures. The results showed
that the students who spent more time developing plans prior to the execution performed
better on critical thinking tasks than those who spent less time planning.

The advancement in educational technology and data analytics enabled researchers to
utilize log data from these technologies to measure students’ cognitive and metacognitive
processes. Several studies have used metrics such as the frequency or duration of pauses
during problem solving as indicators of students’ cognitive engagement in online learn-
ing environments (Gobert et al., 2015; Li et al., 2015; Paquette et al., 2014). For example,
Paquette et al. (2014) identified students’ disengagement (i.e., gaming behaviors) in an
online intelligent tutoring system for algebraic learning. They posited that students’ pauses
before solving or requesting support after longer than six seconds were an indicator of think-
ing and a sincere attempt, whereas a pause time shorter than six seconds was an indicator
of guessing or non-thinking. Using these identifiers, they successfully trained a model iden-
tifying the sequential patterns of disengagement (e.g., incorrect — guessing — attempt).
One of our earlier works (Chan et al., 2022) also examined how middle school students’
pause time before problem solving affected their strategy efficiency, using a small subset
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of problems (i.e., 20 problems) in a digital algebraic learning game. We posited that pause
time, measured by the duration the students spent before making the initial transformation
on each problem, could serve as a proxy measure of their strategic thinking and planning.
The results indicated that students’ longer pauses prior to problem solving were positively
related to strategy efficiency in the game after controlling for prior knowledge.

Together, previous research suggests that taking time to understand the problem and
devise a plan before attempting to solve it contributes to efficient problem-solving. Building
upon our earlier study (Chan et al., 2022), we posit that students’ pauses prior to problem
solving can serve as an indicator of their planning process as they take time to think through
the problem and solution before attempting to solve it. Accordingly, we use pre-solving
pause time as a proxy measure of strategic planning and hypothesize that students’ pre-solv-
ing pause time is positively related to strategic efficiency in a digital algebra learning game.

Execution of strategy

After students pause to think through a math problem and devise a plan for a problem-solv-
ing strategy, they then need to turn their well-thought plans into appropriate actions, in other
words, executing an action based on the strategy (Carlson & Bloom, 2005; Coppersmith
& Star, 2022; Garofalo & Lester, 1985). While planning refers to identifying the problem
and exploring possible strategies through reading a problem, recalling a similar problem,
or thinking, execution indicates students regulating their behaviors or making an action that
conforms to their plans, such as performing a calculation or writing a response (Garcia et
al., 2019; Garofalo & Lester, 1985).

Several studies have explored how students’ execution of strategy is related to their per-
formance in math learning contexts. For example, Garcia et al. (2019) examined the rela-
tionship between upper elementary students’ problem-solving process and performance on
two mathematical problems. The findings showed that when students planned strategies
before execution and revisited their strategies after execution, these were both positively
related to math performance. Additionally, the students who spent more time executing the
task than planning were more likely to solve the second problem correctly. Our previous
work also found that students’ productive or valid execution of strategy in their initial solu-
tion attempt is associated with better performance. For example, Lee et al. (2022) investi-
gated how middle school students’ productivity of their first strategy execution correlated
with problem-solving efficiency on two problems within a digital algebraic learning game.
Productivity was defined as whether a student executed an appropriate mathematical trans-
formation towards the goal state of the problem on their first step. The results indicated that
productivity was positively related to problem-solving efficiency in the game after account-
ing for students’ prior knowledge. Our follow-up study (Lee et al., 2023) then explored how
middle school students’ in-game behaviors related to their math performance after playing
the digital algebra learning game. The results showed that the mathematical validity of the
first problem step (i.e., whether the students made a mathematically valid first transforma-
tion without making any errors) was the most influential predictor of the posttest scores out
of 37 in-game behavioral features included in the prediction model.

Together, these findings suggest that students’ correct, or valid, execution of strategy is
positively associated with their math performance. However, although many studies have
explored how execution is related to math performance, little is known about the complex
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relationship between planning and execution, as noted by Coppersmith and Star (2022).
Thus, our study intends to explore the intricate relationship between planning, execu-
tion, and performance, as well as the mediating effect of execution between planning and
performance.

Strategy efficiency in mathematics learning

In the context of mathematical problem-solving, strategy efficiency has been defined as
using a strategy with the fewest steps and/or the computation that involves simple (e.g.,
small or whole numbers) rather than complex numbers (e.g., large numbers, fractions; Xu et
al.,2017). For example, students can solve 3(4 + x) =21 using a two-step strategy by divid-
ing both sides by 3 (i.e., [step 1] 4+ x =7, [step 2] = = 3) or using a three-step strategy (i.e.,
[step 1] 12 + 32 =21, [step 2] 3z =9, [step 3] = = 3). To solve the problem using the most
efficient 2-step strategy, students need to recognize that the left side of the equation is in
production form, identify the relationship between the factors 3 and 21, and understand that
division by 3 will simplify the equation directly. Utilizing efficient strategies is an important
skill in mathematics because it reflects students’ understanding of mathematical structures
(Robinson et al., 2006; Venkat et al., 2019), and solving problems efficiently allows students
to reserve cognitive resources for more challenging content.

Students’ strategy efficiency may influence their performance on algebra assessments
(Ramirez et al., 2016), and algebra math performance may also affect how efficiently they
apply problem-solving strategies. This potentially bidirectional association between knowl-
edge and strategy use has been demonstrated across different age groups and mathematics
topics (Star & Rittle-Johnson, 2008; Torbeyns et al., 2006). For instance, in algebraic prob-
lem-solving, middle school students with higher mathematics achievement are more likely
to use a more efficient strategy compared to those with lower mathematics achievement
(Newton et al., 2020; Wang et al., 2019). While the relationship between strategy efficiency
and math knowledge may be bidirectional, this study focuses on whether students’ strategy
efficiency in the game predicts their posttest scores of algebraic knowledge after playing
the game.

The current study

This study investigated how middle school students’ strategic planning, execution, and strat-
egy efficiency during algebraic problem solving were related to each other in a digital math-
ematics learning game. We used pre-solving pause time (hereafter, pause time) as a proxy
measure of strategic planning, and productivity of the initial strategy (hereafter, productiv-
ity) as a measure of appropriate execution of strategy. We investigated these relationships
not only at the student level (RQ2) but also at the problem level (RQ1) to examine how
these variables interact when accounting for differences in problem structures and difficulty.
Additionally, we examined how these variables correlated with students’ posttest scores
assessing algebraic knowledge after playing the game. We addressed the following three
research questions, and Fig. 1 represents the conceptual model of the study.

RQ1 Does productivity mediate the relation between the pause time and strategy efficiency
at the problem level?
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Fig. 1 A conceptual model linking predictors to the strategy efficiency and posttest scores

RQ2 Does productivity mediate the relation between the pause time and strategy efficiency
at the student level?

RQ3 Do productivity, pause time, and strategy efficiency directly affect students’ posttest
scores assessing algebraic knowledge?

Method
Research context

From Here to There! (FH2T) is a digital mathematics learning game developed based on
cognitive and learning sciences theories to improve students’ conceptual understanding of
algebra as well as procedural fluency (Ottmar et al., 2015). The goal of each problem in the
game is to turn an algebraic expression (e.g., 10x20ax10x5 in Fig. 2a) into a mathemati-
cally equivalent but perceptually different goal expression (e.g., ax100 x 100 in a white box
in Fig. 2a) through a series of transformations (Fig. 2b and e).

In this game, the numbers and mathematical symbols are made into tactile objects, which
allow students to dynamically manipulate them on a screen using various gesture actions,
such as clicking, dragging, or typing on a keypad, to reach the goal expression. This system
also provides a fluid visualization that shows students how their gesture actions change the
algebraic expressions in real-time. The expression will change if an action (e.g., multiplying
10 % 10) is mathematically permissible in its resulting expression (i.e., 100). If the students
attempt an action that is not mathematically permissible (e.g., trying to add 2 +2x), they will
not be allowed to complete the action, and the expression will be unchanged, indicating they
need to instead try a different action. When they reach the goal state using the most efficient
solution pathway, with the fewest steps possible, students get rewards in the form of clovers
(Fig. 2f). However, the number of clovers decreases if they use more steps than necessary to
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4100100 2100100 1 100100

100100 2 2100100

Fig. 2 A sample problem in the game that shows the steps students take to transform the equation from
the start to the goal state

be considered efficient. Notably, the system does not provide the optimal solution pathway
to encourage students to retry the problem using a more efficient or different way. In this
way, students can easily identify the underlying structure of algebraic expressions, think
more flexibly, and realize that math problems can be solved in multiple different ways,
rather than a single correct pathway.

The game consists of 14 worlds, each containing 18 problems, totaling 252 problems.
Of these, 39 problems are tutorial problems that introduce new gesture actions in the game.
To proceed to the next world, students must complete 11 consecutive problems in each
world. The last four problems in each world are optional, allowing students to skip them if
they want. Each world represents a different algebraic topic, such as addition, multiplica-
tion, division, and factoring, with an increased level of difficulty. Problems in the earlier
stages of the game involve simple tasks such as simplifying expressions (e.g., transforming
24+y+6+13 into 13+y+30) or combining like terms (e.g., transforming 2y + 6+ 3y into
Sy+6). However, in later stages, problems include more advanced topics such as factoring
(e.g., transforming 9xb+27xc into (3b+9¢)x3) or the distributive property (e.g., transform-
ing (b+9)x(c-4) into bc+9¢c-4b-36). Previous empirical studies have consistently shown that
the game is effective in improving students’ algebraic learning (Chan et al., 2022; Decker-
Woodrow et al, 2023; Hulse et al., 2019).,

Participants and procedure

The sample was drawn from a larger Randomized Controlled Trial (RCT) conducted between
the fall of 2020 and spring of 2021 across 11 schools in the Southeastern U.S., comprised of
10 in-person schools and one virtual academy (Ottmar et al., 2023). The RCT examined the
impacts of three educational technologies on 7th-grade students’ algebraic understanding
(Decker-Woodrow et al., 2023). The students in the RCT were randomly assigned to one
of three educational technologies across the four different conditions. Results revealed that
students in the gamified learning conditions had significantly higher posttest scores than
those in the business-as-usual condition with online math problem sets. Please see Decker-
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Woodrow et al. (2023) for the details and the results of the RCT. For this study, we focused
on students assigned to FH2T (N=1,430), one of the gamified learning conditions.

Before the intervention, the students completed a pretest assessing their algebraic knowl-
edge. Subsequently, they participated in nine intervention sessions throughout the school
year, each lasting 30 min and implemented in their regular math classes. As the students
played the game at their own pace using their devices, they completed a different number of
problems in the game when the intervention ended. Following the intervention period, stu-
dents completed a posttest assessing their algebraic knowledge, using problems isomorphic
to those in the pretest.

Of the 1,430 students assigned to the gamified intervention, 754 students who completed
the pretests and posttest assessing their algebraic knowledge were included in our analyses.
Further, we eliminated the students who only completed the instruction or tutorial problems
(n=21), resulting in an analytic sample of 733 students. Student demographic information
was provided by the school district. Of the 733 students, 48% (n=354) were female, 53%
were White, 23% were Asian, 16% were Hispanic/Latino, 5% were Black, and the remain-
ing students were in other racial categories. Additionally, 17% (n=126) were identified as
gifted as determined by the school district based on a nationally normed test. As data was
collected during the pandemic, the school district allowed the students and their families
to choose between in-person or fully asynchronous virtual academy for the school year,
and 33% (n=238) opted for virtual classes. Students in both in-person and virtual learning
covered the same curriculum throughout the school year; however, those who opted for the
virtual academy participated in the intervention fully remotely.

Measures

Although the students had the opportunity to complete up to 157 problems, except for tuto-
rial and optional problems, the students completed 60.67 problems on average (SD=19.91),
resulting in many null values for most measures. For this reason, we included up to World
7: Order of Operations (i.e., 77 problems except for tutorial and optional problems) in the
game, which most students reached.

Strategy efficiency

As mentioned earlier, strategy efficiency was defined as selecting a strategy that involves
the fewest number of steps to complete a problem. Strategy efficiency was calculated by
dividing the optimal number of steps to solve the problem by the number of steps it took
for the student to solve the problem. For example, the optimal number of steps to complete
the problem in Fig. 2 (start state: 10 x20ax10x 5, goal state: ax100 x 100) is using two steps
strategy (10x20ax10x5 — 20ax100 x5 [step 1: commuting 10 and multiplying 10 and 10]
— ax100x 100 [step 2: commuting 20 and multiplying 20 and 5]). When a student solves
the problem using two steps, the strategy efficiency score for the student is 1 (i.e., 2 divided
by 2).

However, if a student completes the problem using three steps, the strategy efficiency
score for the student is 0.67 (i.e., 2 divided by 3). We used the average strategy efficiency
scores for each student across all problems attempted for the student-level analysis (RQ2
and RQ3).
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Pre-solving pause time

Pre-solving pause time refers to the time spent before making an initial transformation on
each problem. Using the timestamp data recorded in the database, we measured the time
between the moment a student received the problem and the moment the student interacted
with the technology to make an action within the game (e.g., clicking an operator, dragging
a number). To account for the students spending longer on problems due to spending more
time before they initiated an action, we used percent pause time (Chan et al., 2022; Li et
al., 2015). The percent pause time was computed by dividing the pre-solving pause time
by the total time spent on a problem. For example, if a student spends 6 s before making a
first transformation on a problem and 30 s to complete that problem, the pause time for the
student is 0.2 (6+30). For the student-level analysis (RQ2 and RQ3), we used the average
percent pause time across all problems attempted.

Productivity of solution attempt

The productivity of the solution attempt was measured in terms of whether a student made
a productive step in transforming the expression towards the goal state expression. For
example, for the problem with the start state of “10x20xax10x5” and the goal state of
“ax100x 1007, the first step of transforming “10x20xax10x5” into “10x 100xax10” was
coded as a productive solution attempt as this action resulted in creating the “100” found
in the goal state expression and therefore brought the student closer to the goal state. Mul-
tiplying 10 and 5 to transform “10x20xax10x 5” into “10 % 20xax50” was coded as a non-
productive attempt because “50” does not match any numbers in the goal state expression
and therefore did not bring the student any closer to the goal state (See Table 1 for more
examples).

Here, we focused on the productivity of the students’ initial solution attempt, which is an
action executed right after taking the time to pause. The productivity of each problem was
hand-coded by two coders as productive (1) or nonproductive (0). Any discrepancies were
discussed and resolved before the analyses. Note that the productivity of the students’ initial
solution attempt was not coded if a step was taken by fewer than 5% of the students who
solved that problem.

Algebraic knowledge
Before and after the intervention, students’ algebraic knowledge was measured using 10

items adapted from a previously validated measure (Star et al., 2015). The assessment mea-
sured three different aspects: conceptual knowledge (4 items), procedural knowledge (3

Table 1 Examples of productiv- Start State Goal State  Productive first Non-pro-
ity of initial solution attempt steps ductive first
steps

10x20xax10x5 ax100x100 10x100xax10 10x20%ax50
10xax10x 100 200xax10x5
100 x 20xax5
20xax100%5
10x 10 x20xax5"

"Moving numbers to be added
adjacent to each other was
considered productive in
bringing the student closer to
the goal state
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items), and mathematical flexibility (3 items). Each item was scored as correct (1) or incor-
rect (0), and the overall score was computed. The inter-item reliability of the items was
KR-20=0.74 at the pretest and KR-20=0.72 at the posttest, respectively. The pretest scores
were used as a covariate, and the posttest scores were used as an outcome variable in the
path model for RQ3.

Covariates

Since the RCT was conducted during the COVID-19 pandemic, some students participated
in the study virtually while others completed it in person. To account for this potential
source of variation, we included the students’ enrollment in a virtual classroom (virtual=1,
in-person=0) as a covariate in the analyses. The status of students who were considered
“gifted” (yes=1, no=0) was also included as a covariate to account for the possible differ-
ences in prior mathematics knowledge, in addition to accounting for students’ pretest scores.
Students’ gender was not included in the model as there was no statistically significant dif-
ference in strategy efficiency by gender, #(726)=—0.12, p=.91. In addition, the total number
of problems completed were included in the student-level analysis to control the potential
influence of these variables on outcome variables.

Data pre-processing

The initial dataset included 44,471 problem-level observations from 733 students. However,
19,524 problem-level observations were excluded due to missing data on the productivity of
the students’ initial solution attempt, which were not coded if a step was taken by fewer than
5% of the students who solved that problem. An additional 135 problem-level observations
were excluded due to missing pre-solving pause time data from incomplete attempts, and
509 observations were removed for a problem in which all students received a strategy effi-
ciency score of 1. This process resulted in a final dataset of 24,303 problem-level observa-
tions from 733 students. For problem-level analyses (RQ1), we used 24,303 problem-level
observations, and for student-level analyses (RQ2, RQ3), we used aggregated averages of
the problem-level data across the 733 students.

Analytical approach

For RQ1, we performed a mediation analysis in combination with mixed-effects models
at the problem level. Specifically, we included the pause time as an independent variable
(IV), strategy efficiency as a dependent variable (DV), and productivity of the initial solu-
tion attempt as a mediator, with the student modeled as a random effect. As the mediator
was a binary variable and the DV was a continuous variable, we conducted a mixed-effects
logistic regression analysis for the mediator (Model 1.2) and mixed-effects linear regression
analyses for the DV (Models 1.1 and 1.3) using the “glmer” and “Imer” functions from the
Ime4 package in R (Bates et al., 2015), respectively. Then, we took the output from the two
models (Models 1.2 and 1.3) and used the “mediate” function from the mediation package
in R (Tingley et al., 2014) to estimate the indirect effect, direct effect, and total effect of the
mediation model. Pretest scores and two demographic variables (i.e., gifted status, virtual
status) were included as covariates.
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For RQ2, we performed a mediation analysis at the student level. We used the same 1V,
mediator, and DV as RQ1, but used the aggregated average across all problems attempted.
As all outcome variables were continuous variables, we conducted multiple linear regres-
sion analyses for the mediator (Model 2.2) and the DV (Models 2.1 and 2.3) using the “Im”
function in R. We then took the output from the two models (Models 2.2 and 2.3) and used
the “mediate” function from mediation package in R to estimate the indirect effect, direct
effect, and total effect of the mediation model. As with RQ1, pretest scores and two demo-
graphic variables (i.e., gifted status, virtual status) were included as covariates. Addition-
ally, the number of problems completed was included as a covariate for the model predicting
strategy efficiency.

Lastly, we conducted a path analysis using the “sem” function from the lavaan package in
R (Rosseel, 2012) to investigate the relationships among pause time, productivity, strategy
efficiency, and posttest scores (RQ3). Pretest scores and two demographic variables were
included as covariates in the model.

Results

RQ 1: Relationship between pause time and strategy efficiency as mediated by
productivity at the problem level

We first conducted descriptive statistics and correlation analyses using the raw problem-
level variables (see Table 2). Descriptive statistics for the student-level variables (i.e., pre-
test scores, demographic variables) are presented in Table 4. All variables were significantly
associated with strategy efficiency. Productivity showed the strongest positive association
with strategy efficiency (r,, = .29, p<.001), followed by pause time (r=.20, p<.001).

Before conducting analyses, strategy efficiency was standardized (z-score transformed)
at the problem level to account for variability in difficulty across problems. Additionally,
continuous variables were grand-mean centered, and binary variables were recoded to —0.5
or 0.5 to improve the interpretability of model parameters.

We first estimated a null model with no predictors to examine the proportion of variance
in strategy efficiency attributable to between-student differences. The intraclass correlation
coefficient (ICC) was 0.053, indicating that 5.3% of the variance in strategy efficiency was
due to between-student differences. To investigate the role of productivity in the relation-
ship between pause time and strategy efficiency at the problem level, we first conducted a
mixed-effects linear regression analysis of pause time predicting strategy efficiency, while

Table 2 Means, standard devia- 1 2 3
tions, and correlations at problem
level (N=24,303)

1. Pause time - - -

2. Productivity 0.14™" - -
3. Strategy efficiency 0.20"" 0.29™" -
M 0.51 0.84 0.92
SD 0.22 0.37 0.16
Min. 0.00 0.00 0.11
Max. 1.00 1.00 1.00
Skewness 0.15 —1.81 —-1.80
<001 Kurtosis —0.69 1.26 2.05
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controlling for the effects of gifted status, virtual status, and pretest scores (Model 1.1 in
Table 3). The pause time significantly predicted the strategy efficiency scores with a positive
effect (3=0.150, p<.001), meeting the first requirement of the mediation analysis.

Next, Model 1.2 tested the relationship between pause time and productivity (i.e., media-
tor) using a mixed-effects logistic regression model, while the effects of gifted status, virtual
status, and prior knowledge (i.e., pretest scores) were controlled (see Table 3). Pause time
significantly predicted the productivity of the first step with a positive effect (=0.379,
p<.001). In other words, the students who exhibited a longer pause time before solving a
problem were more likely to make a productive first step.

Third, we conducted a mixed-effects linear regression analysis with pause time and pro-
ductivity predicting strategy efficiency, while the effects of gifted status, virtual status, and
pretest scores were controlled (Model 1.3 in Table 3). Productivity significantly predicted
strategy efficiency with a positive effect (3=0.081, p<.001), suggesting that the students
who made a productive first step had higher strategy efficiency scores at the problem level.
With the productivity in the model, pause time still significantly predicted strategy effi-
ciency with a positive effect (3=0.139, p<.001). Notably, the positive correlation between
pause time and strategy efficiency decreased when productivity was added (Model 1.3)
compared to the model without productivity (Model 1.1). This indicates that the effect of
pause time on strategy efficiency reduces when productivity is considered. All three covari-
ates were significantly related to strategy efficiency: prior knowledge (=0.092, p<.001),
gifted status (3=0.037, p=.001), and virtual status (f =—0.029, p=.009).

Lastly, we estimated the indirect effect of the mediation model. The results indicated
a statistically significant indirect effect of pause time on strategy efficiency through the

Table 3 Standardized direct and indirect effects on strategy efficiency at the problem-level

Variable Model 1.1: Model 1.2: Model 1.3:
Effect of IV on DV (Strat-  Effect of IV on Mediator Effect of IV and Mediator
egy efficiency) (Productivity) on DV
(Strategy efficiency)
B SE p B SE p B SE )4

Fixed effects

ook koK

Intercept -0.007  0.013 0335  1.684 0.027 <0.001 —0.007 0.014 <0.001
Pause time  0.150™"  0.029 <0.001 0.379™" 0.084 <0.001 0.139™  0.029 <0.001
Iv)

Productivity - - - - - - 0.081™"  0.017 <0.001
™)

Prior 0.096™  0.004 <0.001 0.131" 0.008 <0.001 0.092" 0.004 <0.001
knowledge

Gifted 0.039™  0.028 <0.001 0.070" 0.055 0.001  0.037" 0.027 0.001
status

Virtual —-0.029" 0.024 0.008 -0.017 0.045 0431  -0.029" 0.023 0.009
status

Random effects Variance SD Variance SD Variance SD
Student 0.038 0.194  0.022 0.149  0.036 0.191
(Intercept)

Residual 0.926 0962 - - 0.920 0.959

Indirect effect at the problem level
Pause time — Productivity — Strategy efficiency 0.004™" - <0.001
Note: “p<.01, ""p<.001
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mediator of productivity (B=0.004, p<.001) while controlling for students’ gifted status,
virtual status, and pretest scores. In other words, the students who took longer pre-solving
pause times and made productive first transformations on each problem were more likely to
achieve high strategy efficiency scores. Figure 3 illustrates the relationship between pause
time and strategy efficiency as mediated by productivity at the problem level.

RQ 2: Relationship between pause time and strategy efficiency as mediated by
productivity at the student level

We conducted descriptive statistics and correlation analyses at the student level (see
Table 4). All variables were significantly correlated with strategy efficiency. Specifically,
productivity showed the strongest positive association with strategy efficiency among all
variables (r=.42, p<.001), and pause time also had a positive association with strategy effi-
ciency (r=.28, p<.001).

We first tested the relationship between pause time and strategy efficiency at the student
level using a multiple linear regression model, controlling for prior knowledge, gifted sta-
tus, virtual status, and number of problems completed (see Model 2.1 in Table 5). The pause
time significantly predicted the efficiency scores with a positive effect (3=0.237, p<.001),
meeting the first requirement of the mediation analysis.

Second, we tested the relationship between pause time and productivity (i.e., media-
tor) at the student level using a multiple linear regression model while the effects of prior
knowledge, gifted status, virtual status, and number of problems completed were controlled
(see Model 2.2 in Table 5). The pause time was positively related to the productivity of the

.004™
Productivity of
the first step
a
‘08;...
Pause time
Strategy
before A9 T efficiency
problem solving
v
Covariates 092
131 .070™
037 =029
Prior Gifted )
knowledge status Virtual

“p <.001, “p < .01

Fig. 3 Standardized coefficients for the relationship between pause time and strategy efficiency as medi-
ated by productivity at the problem level
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Table 4 Means, standard deviations, and correlations at the student level (N=733)

1 2 3 4 5 6 7
1. Pause time - - - - - - -
2. Productivity 012" - - - - - -
3. Strategy efficiency 0.28"" 0.42"" - - - - -
4. Problems completed  0.03 036™ 035" - - - -
5. Pretest scores 0.16™ 030"  034™ 030" - - -
6. Gifted status 0.06 020" 021™  0.16™ 043" - -
7. Virtual status 0.10" 0.11™  0.12™  0.04 047" 025 -
M 0.52 0.83 0.92 33.85 4.80 0.17 0.32
SD 0.06 0.08 0.05 11.19 2.69 0.38 0.47
Min. 0.31 0.50 0.67 3.00 0.00 0.00 0.00
Max. 0.77 1.00 1.00 51.00 10.00 1.00 1.00
Skewness 0.14 -0.80 -1.14 -0.72 0.32 1.74 0.75
Kurtosis 0.95 0.74 222 —0.42 -0.93 1.04 —1.44

p<.05, " p<.01, ""p<.001

Table 5 Standardized direct and indirect effects on strategy efficiency at the student-level

Variable Model 2.1: Model 2.2: Model 2.3:
Effect of IV on DV (Strat-  Effect of IV on Mediator Effect of IV and Mediator
egy efficiency) (Productivity) on DV
B SE__p B SE__p B SE P
Direct effect at the student level
Intercept -0.015 0.044 0.723 -0.032 0.045 0478 —0.007 0.042 0872
Pause time 0237 0.033 <0.001 0.080"  0.034 0.019 0215 0.032 <0.001
Iv)
Productivity - - - - - - 0.269"" 0.034 <0.001
M)
Prob. 0.278"" 0.034 <0.001 0.292"" 0.036 <0.001 0.199" 0.034 <0.001
completed
Prior 0.200""  0.041 <0.001 0.162"" 0.043 <0.001 0.156™ 0.040 <0.001
knowledge

Gifted status ~ 0.190" 0.095 0.045 0.230" 0.099 0.020  0.129 0.091 0.159

Virtual status  —0.053  0.079 0.499  —-0.022 0.082 0.788  —0.047  0.075 0.532
Indirect effect at the student level

Pause time — Productivity — Strategy efficiency 0.022" - 0.024

"p<.05, " p<.001

first step (B=0.080, p=.019), indicating that the students who exhibited a longer pause time
before solving a problem were more likely to make a productive first step at the student
level.

Third, we conducted a multiple linear regression model with pause time and productiv-
ity predicting strategy efficiency at the student level, while controlling for students’ prior
knowledge, gifted status, virtual status, and number of problems completed (see Model 2.3
in Table 5). Productivity significantly predicted strategy efficiency with a positive effect
(B=0.269, p<.001), suggesting that students who had a productive first step had higher
strategy efficiency scores. With the productivity in the model, pause time still significantly
predicted strategy efficiency with a positive effect (3=0.215, p<.001). Like the problem-
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level analysis, the positive correlation between pause time and strategy efficiency decreased
when productivity was added (Model 2.3) compared to the model without productivity
(Model 2.1), indicating that the effect of pause time on strategy efficiency reduced when
productivity was considered. Among the covariates, two of them were significantly related
to strategy efficiency: prior knowledge (B=0.156, p<.001) and the number of problems
completed (B=0.199, p<.001).

Finally, there was a significant positive indirect effect of pause time on strategy effi-
ciency through the productivity of the first step (B=0.022, p=.024). In other words, students
who exhibited longer pause times before solving a problem and made productive first steps
tended to have higher strategy efficiency scores. Figure 4 illustrates the relationship between
pause time and strategy efficiency as mediated by productivity at the student level.

RQ 3: Relationships among pause time, productivity, strategy efficiency, and
posttest scores

We conducted a path model predicting posttest scores of students’ algebraic knowledge
using the student-level data. As virtual status and gifted status were not significant predic-
tors of strategy efficiency in Model 2.3, these covariates were included only in Model 3.3,
predicting posttest scores, to improve the model fit. The path model showed a good fit to
the data, y*(4)=7.74, p=.10, CF1=0.996, RMSEA=0.036. Table 6 shows the results of the
standardized coefficients for posttest scores after controlling for covariates.

.022"
Productivity of
the first step
Ed
&
Pause time
Strategy
before . 215 efficiency
problem solving
v
Covariates .
230° 156 292
162"
Prior Gifted Virtual No. problems
knowledge status completed

‘p <.05, “p <.001

Fig. 4 Standardized coefficients for the relationship between pause time and strategy efficiency as medi-
ated by productivity at the student level
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Posttest scores were significantly predicted by strategy efficiency (B=0.097, p=.001)
while controlling for the four covariates. Pause time (p=.766) and productivity did not sig-
nificantly predict the posttest scores (p=.092). Regarding the association between covariates
and posttest scores, all covariates (i.e., the number of problems completed, prior knowledge,
gifted status, virtual status) significantly and positively predicted posttest scores. The path
model (Model 3.3 in Table 6) accounted for 52.5% of the variance in students’ algebraic
posttest scores. Figure 5 represents the results of the full path analysis predicting posttest
scores, with significant standardized path coefficients.

Discussion

In this study, we investigated the relation between students’ pause time before problem-
solving, their choice of a productive first step, and strategy efficiency in a digital algebraic
learning game. Specifically, we used students’ pause time before problem-solving as a proxy
indicator of strategic planning, their choice of a productive first step as an indicator of
appropriate execution of strategy, and strategy efficiency as an outcome variable.

Positive direct effect of pre-solving pause time on strategy efficiency

In our first finding, students who paused longer before problem-solving exhibited more
efficient strategies by using fewer steps when solving an algebraic problem. In addition, the
results were consistent at both the problem level and student levels, indicating that the rela-
tion between pre-solving pause time and strategy efficiency holds across levels of analysis.

Our results replicate the findings of our prior study (Chan et al., 2022) and align with
previous research (Li et al., 2015), demonstrating that students’ pre-solving pause time is
positively associated with strategy efficiency. In other words, students who take time to
plan, by reading the problem and comprehending it, organizing information, exploring pos-
sible solutions, and planning a strategy to solve a problem, tend to solve problems more
efficiently than those who immediately jump into a solution attempt (Callan & Cleary, 2019;
Chang et al., 2006; Kramarski & Gutman, 2006; Simatupang et al., 2019; Vula et al., 2017).

Table 6 Path analysis results

Variable Model 3.1: Model 3.2: Model 3.3:
Productivity Strategy Efficiency Posttest scores
B SE P B SE p B SE_p
Variables of Interest
Pause time 0.079"  0.046 0.020 0.214™" 0.024 <0.001 0.008 1304 0.766
Productivity - - - 0.274™ 0.019 <0.001 0.049  1.048 0.092
Strategy efficiency - - - - - 0.097°  1.907 0.001
Covariates

Prob. completed ~ 0.296™ <0.001 <0.001 0.202""" <0.001 <0.001 0.132"" 0.008 <0.001
Prior knowledge ~ 0.194™" 0.001  <0.001 0.164™ 0.001 <0.001 0.469™ 0.037 <0.001

sk

Gifted status - - - - - 0.133™" 0.220 <0.001
Virtual status - - - - - - 0.133™" 0.183 <0.001
R’ 0.172 0.302 0.525

p<.05, " p<.001
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Fig.5 Results of the path analysis for posttest scores
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These findings highlight the critical role of strategic planning prior to problem solving in
enhancing mathematical efficiency.

Traditionally, researchers have relied on self-reported measures or interviews to assess
students’ planning before problem solving; however, these methods may be prone to inac-
curate information due to students’ potential recall errors or response biases (Garcia et al.,
2016). Alternatively, particularly in digital learning environments, researchers have used
the frequency or duration of pauses during their problem-solving as a proxy indicator of
students’ thinking and planning processes (Gobert et al., 2015; Li et al., 2015; Paquette et
al., 2014). Our findings support this approach, suggesting that the time spent before exe-
cuting an action may serve as a meaningful indicator of cognitive engagement in math
problem-solving.

Positive indirect effect of pause time on strategy efficiency through the
productivity of the initial strategy

When considering both the direct and indirect effects of pause time on strategy efficiency, the
results indicated a partial mediation through the productivity of the initial strategy. Specifi-
cally, the positive direct effect of pre-solving pause time on strategy efficiency was reduced,
but not eliminated, when accounting for its indirect effect through productivity. This pattern
was found at both the problem and student levels, indicating a consistent mediation effect
across levels of analysis.

More specifically, students who paused longer before problem-solving were more likely
to make a productive initial step than those who paused for a shorter time. In turn, students
who made a productive initial step were more likely to have higher strategy efficiency com-
pared to those who made a non-productive initial step. In other words, the productivity of
the initial step served as a mediating pathway through which pre-solving pause time affected
strategy efficiency.
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These findings suggest that students who pause before problem-solving to plan their first
step are more likely to execute a productive first step, which in turn leads to more efficient
problem-solving (Chan et al., 2022; Li et al., 2015). This result also aligns with previous
research indicating that students’ appropriate execution of strategy, such as regulating their
behaviors or taking action to conform to plans, is positively related to problem-solving effi-
ciency or math performance (Garcia et al., 2019; Lee et al., 2022, 2023).

Although both pre-solving pause time and productivity of the initial step had significant
direct effects on strategy efficiency, the indirect effect of pre-solving pause time through
productivity was relatively small (B ranging from 0.004 to 0.02). This suggests that while
productivity partially mediates the relation between pre-solving pause time and strategy
efficiency, much of the effect may operate through other cognitive or behavioral processes
beyond initial strategy selection. Alternatively, this may also be explained by the flexibil-
ity in problem-solving strategies among students who exhibited longer pause times. Even
though they began with a nonproductive initial step, they might have recovered and ulti-
mately solved the problem using a less efficient but still effective approach.

Taken together, our findings suggest that longer pre-solving pause times are associated
with more efficient math problem solving. These findings also highlight the importance of
accounting for the execution of strategy (e.g., the productivity of the initial strategy) when
examining how students’ planning (e.g., pre-solving pause time) affects strategy efficiency
in math problem solving.

Positive effects of productivity and strategy efficiency on post-assessment of
algebraic knowledge

Lastly, we examined whether pause time, productivity, and strategy efficiency significantly
predicted students’ algebraic knowledge, measured by posttest scores. Our findings indi-
cated that students’ strategy efficiency in the game was a significant positive predictor of
their algebraic knowledge, above and beyond their prior knowledge, virtual status, and
gifted status. These results are consistent with other studies that found a positive association
between strategy efficiency and performance (Newton et al., 2020; Star & Rittle-Johnson,
2008; Torbeyns et al., 2006; Wang et al., 2019). Together, this indicates that students who
executed a more efficient strategy during problem-solving in a digital learning environ-
ment were more likely to have better math performance, as demonstrated by higher posttest
scores.

However, pre-solving pause time and the productivity of the initial step were not found
to be significant predictors of algebraic knowledge, while controlling for prior knowledge,
gifted status, and virtual status. There are several possible explanations for these results.
First, since strategy efficiency was included in the model, it is plausible that the direct effects
of pre-solving pause time and productivity on algebraic knowledge were diminished. These
factors may still matter, but primarily through their contribution to strategy efficiency rather
than directly affecting learning outcomes. Another possibility is that these measures may
capture different aspects of student performance. While posttest scores reflect students’
generalized algebraic knowledge, including conceptual understanding and procedural
knowledge, pre-solving pause time and initial productivity represent moment-by-moment
behaviors or cognitive processes during problem solving, which may not necessarily trans-
late into learning or long-term outcomes.
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Limitations and future directions

This study had several limitations. First, our analyses included only a subset of students who
completed both the pretest and posttest. While further exploration indicated no significant
demographic differences between these students and those who did not complete both tests,
the students who did not complete both tests had significantly lower pretest scores than
those of the subset included in our study. Therefore, it is important to acknowledge that our
findings may not fully represent the larger student body in other school districts throughout
the represented state and the U.S., nor comprehensively capture the nuanced relationship
between pre-solving pause time, productivity, and strategy efficiency in the game.

Additionally, while the indirect effect of pre-solving pause time on strategy efficiency
through productivity was statistically significant, it was relatively small. This suggests that
much of the effect may operate through other cognitive or behavioral processes beyond
initial strategy selection. Future research could consider incorporating other metacognitive
measures or behavioral indicators to identify mechanisms that better explain why longer
pause times are associated with higher strategy efficiency.

Lastly, while we found that pre-solving pause time can serve as an indicator of their plan-
ning process, unlike Paquette et al.’s (2014) study, we did not differentiate between purpose-
ful pauses for planning and pauses due to confusion or uncertainty. Some students may have
paused because they were unsure how to solve the problem, experiencing mathematics-
related frustration or anxiety, or simply mind-wandering, rather than actively engaging in
planning (Walczyk et al.,2006). For example, in our data, we found that some students made
a mathematically invalid action (e.g., trying to add 7 and 2 before multiplying in 7+2 x5)
as their first step. This warrants further investigation to better understand the cognitive and
emotional processes that may underlie students’ pause behaviors.

Another possible direction is to experimentally test the effects of pre-solving pause time
on productivity and strategy efficiency by encouraging students in a classroom setting, to
plan out their steps prior to solving an algebra problem. This approach may be particularly
beneficial for students who simply mind-wander during pauses, by encouraging them to use
that time to purposefully plan their problem-solving strategy.

Educational relevance and implications statement

The present study examined the relationships among planning, execution, strategy efficiency,
and mathematics performance in a digital algebraic learning environment. Findings repli-
cate prior research showing that students who pause longer before solving are more likely to
appropriately execute an action based on their planning, which in turn leads to more efficient
problem solving and higher mathematical achievement. These findings suggest that students
should be given ample time for planning during classroom instruction. Teachers can apply
metacognitive strategies like self-reflection to help students become more aware of their
thinking processes and improve procedural flexibility. In addition, emphasizing flexibility in
teaching problem-solving strategies can provide multiple opportunities for students to learn
and enhance their procedural fluency.

Regarding implications for research, although many studies use total reaction time (or
response time) alongside accuracy to measure student performance, total reaction time is
often skewed, which can lead to incorrect interpretations (Berger & Kiefer, 2021). As an
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alternative, researchers may consider using percent pre-solving pause time as a more tar-
geted indicator of student cognitive engagement during problem solving.

Conclusions

Procedural fluency is a primary goal in mathematics education, yet many students struggle
with selecting appropriate strategies. This study examined how strategic planning and exe-
cution related to strategy efficiency in algebraic problem-solving among 7th-grade students
using a digital algebraic learning game. Findings revealed that longer pause times before
problem-solving were associated with more appropriate execution as well as more efficient
strategies, indicating stronger procedural fluency. Moreover, strategy efficiency was posi-
tively associated with students’ posttest scores assessing algebraic knowledge. These find-
ings highlight the importance of effective strategic planning and execution in enhancing
students’ mathematical proficiency.
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