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Leveraging Mathematics Software Data to Understand Student Learning and Motivation
During the COVID-19 Pandemic

As schools across the U.S. closed in response to the COVID-19 pandemic, learning loss
was at the forefront of discussions surrounding education (e.g., Andrew et al., 2020; Kaffenberger,
2020; Kuhfeld & Tarasawa, 2020). Online education provided a ready substitute, but an imperfect
one, as teachers had to hastily craft plans for emergency remote instruction (see Greenhow et al.,
2020; Trust & Whalen, 2020). From the start, there were indicators many students would have
difficulty accessing online curricula, due to lack of devices, Internet, and adult support (Bacher-
Hicks et al., 2020; Dynarski, 2020; Lai & Widmar, 2020). Further, evidence from studies of online
education suggests that virtual instruction may especially harm students from already marginalized
communities (e.g., Agostinelli et al., 2020; Parolin & Lee, 2020; Xu & Jaggars, 2014). As schools
relied more on parental support of learning, parents balanced work and schooling responsibilities;
those from families with fewer resources or who spoke languages other than English faced
particular challenges (Bacher-Hicks et al., 2020; Garbe et al., 2020; Sugarman & Lazarin, 2020).
These concerns are especially pressing given the eventuality of more online instruction, either in
response to the current pandemic or as educators deal with the next disruption or crisis. It is critical
that researchers understand both the educational impact of the pandemic and how educators can
support student online learning in the future.

There are challenges in meeting both of these goals. The first is that along with school
closures, states across the U.S. suspended end-of-year academic assessments (Gewertz, 2020),
removing a metric by which researchers could compare post- and pre-pandemic academic
achievement. The second is that school closures also meant the end of many school-based research

projects, leaving the specifics of much pandemic education unknowable. To surmount these



challenges, we use data collected from a mathematics educational technology, Spatial Temporal
(ST) Math, to provide insight into the engagement, performance, and motivation of a sample of
fourth-grade students as they experienced pandemic-induced online schooling. Additionally, we
link ST Math data with curricular information provided by Central' school district to understand
how student use of and performance within ST Math during the pandemic aligned with teacher-
led instruction. Evidence of alignment may indicate the extent to which our results on ST Math
engagement and achievement can serve as stand-ins for broader instructional access and learning
during the pandemic and can contribute further insights into the black box of schooling during
emergency remote instruction.
Spatial Temporal (ST) Math as Context

ST Math, created by MIND Research Institute (MIND), is a year-long standards-aligned
supplemental mathematics tutorial program currently used by over 1.2 million students in 48 states
across the United States. Within ST Math, the curriculum is divided into math content objectives,
each bookended by a pre- and post-test. Each objective contains games that present math content
using a similar game mechanic. Within each game, students complete between one and eight levels
that each contain a number of puzzles representing specific math problems. ST Math focuses on
student mastery of content by providing highly-scaffolded tutorials and practice opportunities,
allowing multiple attempts with the provision of detailed visual feedback (Authors, 2014a;
Authors, 2019; Wendt et al., 2019). As ST Math gathers digital sources of data—what we refer to
as log data—while students interact with the platform, it provides insight into student engagement
and performance on the provided content.

Insights Into Achievement from Software Data
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We draw on two sources of evidence to establish that data from educational technology
can provide value toward understanding student learning experiences: (1) evidence that
educational technology interventions produce gains on standardized assessments (Cheung &
Slavin, 2013) and (2) evidence that performance within educational technology is itself related to
other classroom or standardized measures of performance (e.g., Authors, 2017b). We focus on K-
12 mathematics as the area most relevant to our study.

Regarding the first stream of evidence, meta-analyses of the impacts of mathematics
educational technology reveal small positive effects from such programs—effects range depending
on the nature of the program, assessment, study design, and age of students (Cheung & Slavin,
2013; Clark et al., 2016; Higgins et al., 2019; Pellegrini et al., 2020). In particular, use of tutorial
and practice programs, such as DreamBox, ASSISTments, and Cognitive Tutor, have been linked
with improved mathematics test scores outside of the platform (Pane et al., 2014; Roschelle et al.,
2016; Wang & Woodworth, 2011). Although these studies provide evidence that educational
technology can improve student performance, relative effects depend on how students interact with
the technology (Bullock et al., 2015; Kosko, 2017; Moyer-Packenham et al., 2016; Yuan et al.,
2010). These interactions may be driven by features outside the technology (e.g., making
connections between technology and mathematics content), but are also related to features within
the technology, such as accuracy feedback and providing multiple attempts (Filsecker & Hickey,
2014; Hwang & Lai, 2017; Moyer-Packenham et al., 2019; Syal & Nietfeld, 2020). In considering
ST Math specifically, a number of studies have demonstrated that use of ST Math is associated
with positive gains on standards-aligned assessments across 16 states, and gains may be especially
pronounced where alignment in strong between content covered within ST Math and that assessed

(e.g., Authors, 2014b; Wendt et al., 2019).



Regarding the second stream of evidence, studies utilizing data mining have revealed links
between performance within educational technology and measures of performance obtained from
beyond the technology itself (e.g., Ritter et al., 2013; San Pedro et al., 2015; Umer et al., 2019).
For example, San Pedro and colleagues (2015) and Pardos and colleagues (2014) have found that
performance within the ASSISTments tutorial platform positively correlated with state exam
scores. In online courses, Agudo-Peregrina et al. (2014) have found that log data regarding course
interactions positively related to student course performance in online courses. Within ST Math,
Authors (2017b) found that student performance on game levels was predictive of year-over-year
gains in state standardized achievement tests. Mirroring the variance in impacts from technology
interventions, the predictive power on in-platform assessments depends on alignment between
platform content, test items, and classroom instruction (Authors, 2014b; DiCerbo et al., 2017). In
addition, when students engage more meaningfully with the platform, metrics of this engagement
are more likely to be related to measures of performance outside of the platform (Brezovszky et
al., 2019; Filsecker & Hickey, 2014; Syal & Nietfeld, 2020).

Insights Into Student Motivation and Engagement from Software Data

Student motivation is of practical significance to educators and administrators—students
are more likely to fully engage with content and to achieve more when they are motivated (Schunk
et al., 2012; Simpkins et al., 2006). Also, when motivational measures are included as predictors
of achievement, they add explanatory power over and above measures of prior achievement (e.g.,
Anderman et al., 2010; Hough et al., 2017).

Within one prominent theory of motivation, Expectancy-Value Theory (EVT; Eccles et
al., 1983; Wigfield & Eccles, 2002), students are more likely to engage with and succeed in

activities if they expect to achieve positive outcomes and if they value the activities (Bong et al.,



2012; Denissen et al., 2007; Marshall & Brown, 2004; Simpkins et al., 2006; Trautwein et al.,
2012).  Within EVT (Wigfield & Eccles, 2002), a student is said to value an activity if they find
it interesting or enjoyable (intrinsic value), useful (utility value), and important to them (attainment
value), and if they do not perceive it as requiring large costs (e.g., effort, time, frustration). We
frame our current study with EVT, but recognize the relevance of research situated in other
motivational theories (e.g., Achievement Goals; Ames & Archer, 1988) given the overlapping
nature of many motivational constructs (Linnenbrink-Garcia & Patall, 2016).

Motivation is itself an important outcome malleable to teaching and schooling effects (e.g.,
Ruzek et al., 2015; Schiefele & Schaftner, 2015; Urdan & Schoenfelder, 2006). There is evidence
that student motivation may have been influenced by the change in environment from the shift to
emergency remote instruction; for example, motivation may have declined due to not being in
class or from having to adapt to remote learning (e.g., Garbe et al., 2020; Smith et al., 2021).
Having fewer social interactions, as well as personal interactions with the teacher may also
influence intrinsic value and utility value for a given task (Agostinelli et al., 2020; Bergin, 1999;
Lazarides et al., 2019). Lastly, reduced interactive instruction, including teacher feedback and class
activities, may have resulted in declines in student self-efficacy (Bandura, 1997; Hattie &
Timperley, 2007).

Educational technology can provide information related to students' motivation via digital
data sources logged within the software. Data about choice behaviors may be inferred (e.g., time
on task, returning to a task for remediation, help seeking, attentional focus) or from measures
situated within the technology (e.g., embedded surveys). Within-platform measures of motivation
are often used together with measures of platform performance to explain more variance in external

assessments—both the San Pedro et al. (2015) and Pardos et al. (2014) studies noted above



included such measures developed from log data within software; these measures explained unique
variance in state test scores. Educational technology can also provide a platform for examining
student motivation at scale—Ostrow and Heffernan (2018) leveraged ASSISTments to reach a
broad sample of students in their validation study of a measure of intrinsic value. This ability to
give voice to students is even more critical during remote instruction.

As both complementary to and distinct from motivation, engagement is itself predictive of
learning and achievement (Baroody et al., 2016; Fredricks et al., 2004; Putwain et al., 2019).
Fredricks and colleagues (2004) describe a three-dimensional conceptualization of engagement
comprising emotional, cognitive, and behavioral engagement. Expectancies for success as well as
attainment value, as in EVT, have been linked to behavioral engagement, and in turn linked to
achievement (Fan, 2011; Putwain et al., 2019). Behavioral engagement is likely the aspect most
amenable to measurement with data from educational technology—data generated as students
interact with technology can be analogous to the classroom observations more traditionally used
to measure behavioral engagement (e.g., Dotterer & Lowe, 2011). Relevant data from educational
technology include factors such as time on task, number of sessions played, and number of
attempts, which have been used in prior research as measures of behavioral engagement (e.g.,
Ghergulescu & Muntean., 2016; Syal & Nietfeld, 2020).

Technology Integration and Temporal Alignment

In considering schooling during the pandemic, many districts relied on a combination of
educational technology programs, enhanced instructional resources (i.e., e-textbooks with linked
resources), and teacher-led instruction (Amador et al., 2020; Peterson et al., 2020). The synergy
between these instructional formats can be thought of as their alignment. Much of the prior

research on the topic of alignment has considered how resources, including educational



technology, are aligned with the content of the curriculum (e.g., Xie et al., 2018) or curricular
standards (e.g., Authors, 2014b; Resnick et al., 2004). This is a critical step in determining the
value of technology resources, but alignment extends beyond these aspects—it also applies to time
as represented by alignment between technology and teacher instruction at that moment. For the
purposes of our study, we refer to this contemporaneous matching of technology coverage and
teacher instruction as temporal alignment. Temporal alignment between instruction and
technology use is an important facet to be explored, and may help with reducing barriers to using
games and other technologies within the classroom (Baek, 2008; De Grove et al., 2012; Watson &
Yang, 2016). For example, teachers can use the data from technology to inform their practice,
make recommendations for the students, and provide students with additional practice (Admiraal
et al., 2020). Prior research shows that teachers find integration through aligning technology and
classroom instruction as challenging but desirable (e.g., Baek, 2008; McCulloch et al., 2018;
Watson & Yang, 2016).

ST Math and similar tutorials (e.g., DreamBox, Imagine Math) can provide content to drive
classroom instruction—for example, supporting student’s engagement with the software and their
mathematical learning outside of the technology through whole-class and small group discussions
around mathematical concepts (Anderson-Pence et al., 2020). In order to capitalize on this synergy,
it is necessary that the game content covers the same or similar topics at the same time as the
content is covered in the classroom. Such temporal alignment may be especially important in
mathematics, where the developmental progression of skills requires a specific ordering of
instruction (Clements & Sarama, 2004). As self-paced supplemental technology programs for
mathematics proliferate, temporal alignment becomes increasingly challenging. Prior research on

ST Math has focused on the practice of reordering objectives to align in-game instruction with



classroom curriculum (e.g., Authors, 2020; Authors, 2017a; Authors, 2017c). Authors (2017a)
found that this practice was both rare and associated with better student achievement outcomes.
Authors (2019) interviewed and observed a small sample of teachers using ST Math in their
classrooms and reported that strong ST Math teachers reordered objectives to match their
classroom instructional sequence, but also intervened to move lagging students forward or slow
down students who were too far ahead of the classroom curriculum. If teachers are engaging in
these practices within Central, it may indicate that ST Math is a more integrated element of
instruction; such temporal alignment may also strengthen student performance within the platform,
as students will have received contemporaneous instruction on relevant skills from multiple
sources. Evidence that ST Math is not temporally aligned with other simultaneous instruction
could weaken our conclusions that ST Math performance is representative of pandemic learning;
however, if both ST Math and other instruction are aligned to the content in state standards, ST
Math may still be representative of performance vis-a-vis these standards.
Current Study

We leverage data from within ST Math to gain insight into fourth grade students’ learning
experiences during spring 2020 of the COVID-19 pandemic and to understand how the pandemic
may have impacted student performance, engagement, and motivation. Because ST Math was used
both before and during the pandemic, it provides a ready comparison group assessed with the same
within-platform metrics.

In evaluating student performance, engagement, and motivation during the pandemic, we
acknowledge that threats to internal validity (Shadish et al., 2002) will make it difficult to
disentangle associations with the pandemic from those of cohort or grade. We use a difference in

difference approach (Wing et al., 2018) to examine how the change in these metrics from third to



fourth grade differ between students who experience online instruction during the pandemic in the
spring of their fourth grade year from the prior cohort, who completed fourth grade in 2019, before
the pandemic. We specifically ask, Question 1: In what ways did fourth grade student engagement,
performance, and motivation within ST Math change from before to after the pandemic-induced
move to remote instruction, and how do those changes compare to a similar period of time in a
previous cohort that did not experience a pandemic? We then focus this question on two
demographic groups who may be hit particularly hard by the pandemic interruption to schooling
(Agostinelli et al., 2020; Parolin & Lee, 2020), to ask, Does this change vary depending on student
free/reduced lunch eligibility (as a measure of socioeconomic status) and English Language
Learner status?

We then attempt to understand how students' experiences with ST Math during the
pandemic may have fit within their broader instructional experiences. As students played ST Math
through the pandemic, they may have used their time on the platform to play levels related to what
they were learning from remote instruction as a means to reinforce learning, which would represent
a tighter integration between the educational technology and other learning. To explore this, we
link ST Math data with curricular information provided by Central to determine the extent to which
students’ ST Math play aligned with outside-of-ST Math instruction. We ask, Question 2: (a) Is
student engagement with ST Math temporally aligned with district instruction during the
pandemic? (b) Is alignment associated with student performance and motivation?

Method
Study Context
Data for this study were gathered from the mathematics learning platform, ST Math, as

part of a larger NSF-funded multi-year project investigating ST Math within a number of school



districts. The ST Math curriculum was consistent year-over-year during our study period, which
enables us to compare students who engaged with ST Math in the spring of 2020 to students of the
same grade who engaged with ST Math in the spring of 2019.

We focus on Central School District, a district located in the South-Central United States
with established ST Math use. Central closed their campuses in response to the Coronavirus
pandemic in mid-March with remote instruction beginning approximately one week later. For
remote instruction, the district provided a weekly instructional sheet with recommended videos
and websites. In these weekly instructional sheets, there was an insert that recommended student
use of ST Math for 60-90 minutes each per week and an additional 60-90 minutes per week of a
different mathematics program, Imagine Math. Televised lessons were approximately 30 minutes
each, twice per week.

Procedure

Log data from within ST Math were collected passively as students interacted with the
software, except for the motivation surveys, which were embedded in the platform and presented
to students three times a year: at the beginning of the school year, at the first log-in January after
winter break, and a month before the end of the school year. These data were combined with
district-collected data on student demographics by MIND, who de-identified the data before
sharing with our research team. The surveys of interest in the current study are those administered
one month before the end of the school year. For all students, this came after the move to
emergency online instruction due to the pandemic.

Data on district instruction were collected weekly via the district’s public website. The
weekly instructional sheets were saved as pdfs, and the instructional videos were screen captured

using an audio/visual recording software (Camtasia).



Participants

Participants were students within Central district who were in fourth grade in either the
2019-2020 school year (pandemic cohort) or the 2018-2019 school year (prior cohort). Central
provided demographics for all students within the district for the 2017-2018 and 2018-2019 school
years. We derived our sample from the 2018-2019 demographics, with the pandemic cohort in
third grade that year and the prior cohort in fourth. Table 1 provides demographics for both the
complete district-provided sample and the matched sample, across both year cohorts. 3,363
students were provided for the pandemic cohort and 3,302 for the prior cohort. Of these, 2,924
(87%) and 2,715 (82%) respectively were able to be matched with ST Math data. An additional
186 students were excluded because they repeated a grade or were working on an off-grade ST
Math curriculum, leaving a sample of 2,800 for the pandemic cohort and 2,653 for the prior cohort,
83% and 80% of the starting sample. There were some small differences in demographics between
the total district-provided sample and the analysis sample that varied depending on cohort. There
were no statistically significant demographic differences between the pandemic and prior cohorts
(ps >.05).

{Insert Table 1 here}

Measures

Each of the in-game measures described below were calculated for each year of ST Math
relevant to the study: 4th grade in 2019-2020 and 3rd grade in 2018-2019 for the pandemic cohort
and 4th grade in 2018-2019 and 3rd grade in 2017-2018 for the prior cohort.
Engagement

We measured student behavioral engagement with the software in two ways. First, we used

annual total minutes logged within ST Math. Unfortunately, minutes were provided as an annual



total, not divided into before/after mid-March, so this measure was less sensitive to timing of the
pandemic, as it included minutes prior to the March switch to online instruction. As a more
temporally-sensitive measure, we used the number of levels attempted after the March switch to
online instruction. This measure provided a different picture of use/engagement and may be less
precise in that each level varied in difficulty and specific content, and therefore varied in time
required to complete. By using measures that vary in their level of sensitivity and sample included,
we are able to present a more complete picture of students’ experiences—the yearlong minutes
measure allows us to include all fourth grade students, even those who stopped playing after school
closures, whereas the level attempts measure focuses on only those students who played at least
once after the closure.
Performance

Similar to the engagement measures, our performance measures varied in precision and
specific focus. To match our year-long minutes measure, we examined end-of-year content
progress. This can be seen as a combined measure of behavioral engagement and performance—
progress depends heavily on how often students log on to ST Math, but also on their successful
completion of levels to move through the curriculum. We used two other measures of performance
less dependent on student logins: average level attempt score for levels not previously passed and
average objective posttest score. Average level attempt score for levels not previously passed is
similar to the measure used in Authors (2017b). To create this measure, we limited the attempts to
only those before a student had passed the particular level and we then averaged the score for each
of these attempts. Both level attempt score and posttest score are presented as percentage correct
and only include data from after the mid-March online transition.

Motivation for Mathematics



The surveys embedded within ST Math were designed around EVT (Eccles et al., 1983;
Wigfield & Eccles, 2002). In the ST Math survey, expectancy, utility, and importance for
mathematics were each measured with two questions answered with a five-point Likert-type scale
illustrated with animated tomato characters (“tamojis”) that changed expression depending on the
Likert scale value. For each of these constructs, we took the average of the two questions (alphas
expectancy: .73, utility: .71, importance: .73).

Interest was measured with a single question focusing on enjoyment, asking students to
rank order nine subjects from most favorite (1) to least favorite (9). We reverse scored the rank-
order of mathematics so that a higher number represents greater enjoyment.

Cost was measured with students’ reported academic emotions. Within the ST Math
survey, students were asked to choose up to three emotions for each of three subjects: their most
favorite (from the enjoyment question), their least favorite, and mathematics. Student emotions
were coded for the presence of the negative emotions of frustrated, nervous, and bored for the
mathematics sub-question. In this way, students could have values between zero (no negative
emotions) to three (all negative emotions). See Figure 1 for question format examples.

{Insert Figure 1 here}
Temporal Alignment

Temporal alignment between curriculum encountered in ST Math and instruction during
spring 2020 was based on grade-level instructional sheets and videos. Each week’s lessons were
coded with the relevant state mathematics content standards (e.g., Determine the measure of an
unknown angle formed by two non-overlapping adjacent angles given one or both angle measures).
An alignment guide provided by MIND Research Institute (2015) allowed the matching of content

standards with objectives within the ST Math fourth grade curriculum. Some content standards



were linked to more than one ST Math objective; when this was the case, all relevant ST Math
objectives were listed with the associated standard. The list of ST Math Objective topics and
relevant state mathematics standards are presented in Table 2.

Student ST Math level-plays after the end-of-March release of Central online materials
(pandemic instruction week 2) were coded as covering content that matched that week’s topic or
covering content that did not match that week’s topic.

{Insert Table 2 here}
Covariates

District-provided demographic information was used to create student-level covariates
within the analyses. The district provided information on student ethnicity, gender, English
Language Learner (ELL) status, disability status, whether the student was identified as talented
and/or gifted, and whether they were eligible for the free/reduced lunch program. The ethnicity
variable was combined by the district from two questions asked of parents: (1) Is the student
Hispanic/Latino? And (2) What race is the student?. The latter had the options of American
Indian/Alaskan Native, Asian, Black/African American, Native Hawaiian/Pacific Islander, or
White. Individuals were allowed to specify more than one race. Individuals who answered yes to
the first question were classified as Hispanic regardless of the answer to the second question.
Individuals who answered no to the first question were classified by their race as specified in the
second question (if only one) or as “Two or More Races” if more than one was selected. Gender
was coded as male or female, which state data codebooks identified as “the gender of the person.”
We recoded gender to represent whether the participant was a boy or a girl.

Analysis



For Question 1, each student contributed two years of data—their third grade year and their
fourth grade year. We regressed each outcome on cohort, grade-level, student demographics, and
an interaction term for grade-by-cohort. The statistical significance of the interaction term within
each regression indicates how the change in outcome from third to fourth grade is different
between the pandemic and prior cohorts, in short, the association of the pandemic and our outcome
variables: Positive values of the coefficient indicate that the outcome’s value was greater during
the pandemic, whereas negative values indicate that the outcome’s value was lesser. Hereafter we
refer to this as the grade X pandemic interaction. The data did not allow for a traditional multilevel
model (Raudenbush & Bryk, 2002; West et al., 2014) wherein each timepoint is nested within the
student and each student is nested within the teacher, because, due to the multi-year nature of the
data, students and teachers are cross-classified across years; students are not uniquely nested
within a single teacher. To account for this cross-classification, we used a cross-classified
multilevel model (Raudenbush & Bryk, 2002; West et al., 2014), with observations per student
nested within students and students cross-classified with teachers. In more detail, using the

notation outlined by Gelman and Hill (2006), our model was specified as follows:

outcome; ~ N (a:,-[,-]‘k[,-] + f,(gr4) + f,(pandemic) + f;(pandemic X gr4), 0-2)
a; ~ N (y& + v (covariates), cr,%) ,forstudentj=1,....J
ap ~N (,uuk, csffk) ,forteacherk =1, ... K
Where a represents the model intercept, which randomly varied between both students and
teachers. The first line of the equation represents within-student variation, which was assumed
generated by a normal distribution with a mean structure according to when the student was in
grade four, when the pandemic occurred, and their interaction. The second line of the equation

represents between-student variation, which was similarly assumed generated from a normal

distribution and included additional student-level covariates, including student demographic



variables. These covariates account for between-student (rather than within-student) variation.
Finally, the intercept is also specified as randomly varying between teachers, and this variation
was assumed generated by a normal distribution.

To estimate this model, we used the /me4 package (Bates et al., 2015) using the R (R Core
Team, 2020) statistical software.? For each analysis, we present standardized coefficients using the
formula B*(SDx)/SDy, where SDx = 1 for dummy variables, using the standard deviations from the
fourth grade non-pandemic cohort. This places our coefficients in the units of each dependent
variable’s control group standard deviation.

For each grade X pandemic interaction term that met a p < .05 statistical significance
threshold, we also calculated the percent bias to invalidate the inference (PBI) values using the
robustness analysis technique developed by Frank et al. (2013) via the [name removed for peer
review] (Authors et al., 2020) R package, which calculates how robust an inference is to alternative
explanations and sources of bias, including sample- and measurement-related bias and omitted,
confounding variables. One approach to this is to quantify how much of the effect would need to
be due to bias for the effect to be invalidated. The output of Frank et al.’s (2013) technique is a
percentage with the range of 0-100%; values approaching 100% would indicate that nearly all of
the effect would need to be due to bias for an inference to not be made about the effect; values
approaching 0% indicate that nearly none of the effect would need to be due to bias for an inference
to be invalidated. Thus, higher PBI values indicate that an effect may be more robust to sources of

bias, although these values should be interpreted in the context of each study.

2 For the average level outcome, the estimation did not converge using the default optimizer. We chose to use the
optimx package optimizer (Nash, 2014) for this outcome, which led to the estimation converging (and yielded
identical effects as those from when we used the default optimizer).



After determining the association between the pandemic and each of our outcomes, we then
extended our analyses in Question 1 to examine demographic moderators of the association
between the pandemic and outcomes. Namely, we asked whether the coefficient for the grade-by-
cohort variable differed depending on free/reduced lunch status or ELL status by adding interaction
terms between each moderator variable and cohort, grade, and grade-by-cohort, the latter creating
a three-way interaction.

To address Question 2, we used data only from Spring 2020. First, we limited objectives to
those that were taught at any point during spring after the switch to online instruction. We visually
examined the alignment between these objectives and teacher-led instruction by graphing the
percent of play on each objective by week and how this percentage matched with other instruction
(greater percentage match would indicate greater temporal alignment). We then used the
percentage match to predict engagement and achievement in regression analyses. These analyses
are exploratory; our specific analytic methods emerged after examination of the data, therefore
they are more fully described within the results section.

Results

Descriptive Statistics by Cohort

With the March 2020 switch to online instruction, nearly 30% of students (783) ceased
logging on to ST Math. These students were more likely to be Black, boys, eligible for free/reduced
lunch, and labeled as having a disability—differences presented in this section are from Chi2 tests
of differences between samples. Prior springs also saw a reduction in the scale of ST Math use,
but a much smaller one—in the spring 0f 2019, only 2% of students stopped logging in mid-March;
in the spring of 2018, only 1% stopped logging on. There were also demographic differences in

these earlier years between who continued playing ST Math after March and who did not. Figure



2 displays a comparison of the percentage of students who last logged into ST Math on a given
week, broken down by the three years of data we examined. Table 3 displays demographics of
those who continued playing and notes statistically significant differences between these students
and those who stopped. Across years, students labeled as having a disability were more likely to
stop playing ST Math before the end of the year. Table 4 displays our variables of interest by
cohort and grade. Data available for each outcome differs depending on the last day of each
student’s log on. For example, students who did not log on after March school closures do not
have spring motivation measures.
{Insert Figure 2 here; Insert Tables 3 and 4 here}

Before turning to our main questions, we examined correlations between the variables,
expecting that each of our outcome variables would be more correlated with other outcomes within
its category. Table 5 displays these correlations. We do see that our motivation variables were
most strongly correlated with each other and two of our engagement variables and two of our
performance variables were most strongly correlated. Progress presented an interesting case, being
more correlated with engagement measures than with performance measures, although progress is
moderately correlated with each. Our sense that progress may be more reflective of engagement
than the other performance measures is borne out in these data.

In addition, for each outcome, we examined the intraclass correlations for teacher and
student. /CCs ranged from .014 to .460 for teachers and .086 to .498 for students. Generally,
student /CCs were higher for the motivation measures based upon self-report data, whereas the
teacher /CCs were higher for the achievement and engagement measures using log data. Full ICC
results are presented in Table 6.

{Insert Table 6 here}



Question 1: Differences in Changes from Third to Fourth Grade Engagement, Performance,
and Motivation Between Pandemic and Prior Cohort

Marginal (for only the fixed effects) and conditional (for both the fixed and random effects)
R? values for mixed models were calculated based on Nakagawa et al.’s (2017) via the performance
R package (Liidecke et al., 2020). Marginal R? values ranged from .006-.120; conditional R? values
ranged from .314-.584. Results are provided in Table 7.

Starting with engagement, there were both cohort and grade differences not attributed to
the pandemic. Comparisons are discussed in terms of the reference group, third graders from the
cohort that was prior to the pandemic. Fourth graders and those in the pandemic cohort played
fewer minutes during the year (f = -0.37, p < .001; B = -0.19, p <.001) and made fewer level
attempts in the spring (f =-0.62, p <.001; B =-0.32, p <.001). Our coefficient of interest to the
research question was the grade X pandemic interaction; this was statistically significant. Fourth
graders in the pandemic cohort played fewer minutes that year (interaction f =-0.46, p <.001) and
made fewer level attempts (interaction f =-0.11, p =.016). These differences were over and above
grade-level or cohort differences. Figure 3 displays tiled interaction graphs for all of the outcomes
that were statistically significantly predicted by the grade X pandemic interaction. In the graph for
total minutes played, the solid line shows the trend from third to fourth grade of the cohort that
completed fourth grade in 2018-2019. There is a dip in minutes played across grades. The dashed
line displays the trend from third to fourth for the pandemic cohort that completed fourth grade in
2019-2020. Even in third grade, they played fewer minutes than the prior cohort; however, their
fourth grade decline is steeper. This difference in rate of decline is represented by the statistically
significant interaction term.

{Insert Figure 3 here; Insert Tables 7 and 8 here}



Our three performance measures tell different stories. Annual content progress appears to
follow a trend similar to that shown in the engagement measures. Fourth graders make less
progress (B =-0.11, p = .013), as do those in the pandemic cohort (f = -0.07, p = .003). During
fourth grade, the pandemic cohort makes the least progress (f = -0.29, p <.001). The two purer
performance outcomes show the opposite trend. Those who played fourth grade ST Math during
the pandemic had higher average level scores (interaction terms = 0.13, p = .002) and posttest
scores (interaction term: f = 0.11, p =.004) than would be expected from the prior cohort’s third
to fourth grade trend. There were fewer grade or cohort differences for spring performance—the
only statistically significant difference outside of the interaction term was that fourth graders had
higher spring level score averages than third graders (p = 0.07, p = .008); this may reflect content
differences.

Finally, looking at our motivation variables, only expectancy for mathematics and cost of
mathematics displayed statistically significant associations with the pandemic. Expectancy, along
with enjoyment and importance, was lower for fourth graders than third graders (B = -0.13, p <
.001). This dip in expectancy was even lower for students in fourth grade during the pandemic
(interaction B = -0.16, p < .001). Interestingly, cost also showed negative associations with the
pandemic—but due to the nature of the variable, this has different implications. There was greater
reported emotional cost for mathematics when comparing fourth to third grade (B =0.15, p <.001);
however, during the pandemic, fourth graders reported less emotional cost (interaction B = -0.08,
p =.024).

We have presented associations between our outcomes and the pandemic that met a

statistical significance threshold of p < .05. We note that given our multiple comparisons, a



Bonferroni-adjusted® p-value would be p < .005. This adjustment would exclude our findings
regarding level attempts (p =.016) and cost value (p = 0.024); these results should be interpreted
with caution. We present PBI as an explication of these concerns: 8.7% of the effect for level
attempts and 14.5% of the effect for cost value would need to be due to bias for these effects to be
invalidated; these are relatively small (Frank et al., 2013). In contrast, the other statistically
significant effects had PBI values at or above the median from Frank et al. (2013), with the PBI
for minutes played and content progress over 75%. For minutes played, invalidation would require
that nearly 84% of the effect was due to bias.
Moderators of the Cohort Differences in Third to Fourth Grade Change

For each of our outcomes, we investigated two potential moderators: ELL status and
eligibility for free/reduced price lunch. Only engagement metrics and content progress were
statistically significantly moderated by either ELL status and free/reduced price lunch eligibility.
The negative association between the pandemic and both minutes played and content progress was
greater for those students eligible for free/reduced priced lunch. Figure 4 displays tiled graphs of
the interactions. Here, as in the main effects models, content progress displays patterns more
similar to engagement measures than achievement measures. For ELL students, the pandemic was
only differentially associated with level attempts. There were no statistically significant ELL
interactions for grade or cohort, but ELL fourth graders during the pandemic experienced a steeper
decline in level attempts from third to fourth grade than did their prior cohort peers. A table of
these results is in Appendix A.

{Insert Figure 4 here}

Question 2: Temporal Alignment Between Instruction and ST Math

3 We calculated the Boneferroni-adjusted p-value by dividing the conventional alpha value of .05 by the number of
outcomes (10) to arrive at .005.



Description of Temporal Alignment

Each week’s fourth grade Central district content aligned with between one and four ST
Math objectives; 13 objectives total were aligned to at least one week of Central instruction. Figure
5 displays the percent of play time dedicated to each of the 13 objectives compared to all other
objectives played. On average, the 13 objectives represented around 50% of the total play during
each week. Within a week, the objective that aligned with that week’s curriculum is represented
with a dark border. We examined this another way by investigating what percent of play in a given
week was on the week’s curriculum-aligned objectives (Figure 6). The distribution of Central’s
curriculum over a number of objectives per week made it difficult to understand how closely ST
Math play was aligned with contemporaneous district instruction. We chose two objectives to
examine in more detail, Objective 8 (Angles and Triangles) and Objective 31 (Measurement and
Conversions). We chose these two objectives because they appeared more than once each in the
Central curriculum over the study period, and because they were at different places within the ST
Math curriculum—if students were following the prescribed order, they would be unlikely to play
these objectives closely together. For these analyses, we structured the data by week, calculating
a percentage of weekly plays attributed to Objective 8 and 31. Separately by objective, we
regressed this percentage on week (an ordinal variable to represent the curriculum order) and a
dummy variable indicating whether the content aligned with that objective was taught in that week.
If the alignment dummy variable was a statistically significant predictor of percentage of play, it
would provide evidence that the content of teacher-led instruction and ST Math play were
temporally aligned. We included demographic covariates and a variable indicating the total
number of levels played by the student that week. Standard errors were clustered on student to

account for each student’s contribution of multiple weeks. Temporal alignment was not predictive



of percentage of play for either objective. We further examined percent play as a function of week
as a series of dummy variables; statistically significant associations would indicate that—on
average—students were playing certain objectives more in different weeks. Week was not a
statistically significant predictor of how much students played either objective. The table of results
is in Appendix C.
{Insert Figure 5 here}
{Insert Figure 6 here}

Predicting Achievement from Temporal Alignment

Even if students were not more likely to play objectives that were aligned to Central’s
lessons, they may perform better when playing objectives that were matched to their outside-of-
ST Math instruction. To answer this question, we examined student level scores on levels they had
not previously passed and compared plays within students to examine whether students performed
better on levels when those levels were matched with instruction as compared to their performance
of levels that were not matched with instruction (Appendix D). Because objective difficulty likely
differed due to the content of the objective, we included a series of dummy variables to represent
objective. Match was not predictive of level score (p =.971).

Discussion

Pandemic Associations with Engagement, Performance, and Motivation

The COVID-19 pandemic and the resulting school closures during the spring of 2020
presented a threat to student learning and motivation (Domina et al., 2021; Ewing & Cooper, 2021;
Smith et al., 2021; Steinmayr et al., 2021). For example, Catalano and colleagues (2021) found
that approximately 30 percent of students of interviewed teachers were not engaged consistently

with online coursework. The decision to suspend state-wide achievement testing and most school-



based research created a substantial barrier to understanding the extent of this threat (Bailey et al.,
2021). Given the online nature of pandemic schooling, many districts continued to use educational
technology programs, including ST Math. We used data from ST Math to serve as a substitute
assessment for student performance and to provide insight into student engagement and motivation
while students completed school activities at home.

Our difference-in-difference models presented estimates that accounted for individual and
grade-level factors. Our analyses showed declines in engagement for fourth graders during the
pandemic over and above what was expected based on the prior cohort’s grade-level decline. This
decline was especially pronounced for students who were eligible for free/reduced lunch or who
were designated as ELLs. The former were more likely to have stopped playing ST Math when
schools closed—given that our total minutes played analysis included all students, regardless of
whether they logged in after mid-March, much of the association between pandemic and minutes
may be due to this drop-out. Those who were ELLs also showed a steeper decline for the number
of level attempts. The level attempts measure was more sensitive to spring effects than was total
annual minutes, but these analyses were limited only to those students who had attempted at least
one level after the closure. Both measures are likely representative of student ability to access the
software. During the pandemic, students may have faced difficulties in accessing online materials
due to numerous reasons, including internet speeds, technology access, and competition (i.e.,
sharing resources with siblings); researchers have identified that these challenges are associated
with socioeconomic status (e.g., Bacher-Hicks et al., 2020; Domina et al., 2021). Students
designated as ELLs also had more pronounced negative associations between the pandemic and
number of level attempts. ELLs may face technology access issues over and above those faced by

students eligible for free/reduced lunch—merely having access to technology and Internet may not



be enough—ELLs may be more greatly impacted from a divide in use of technology (see
Warschauer et al., 2004); there is some evidence that teachers faced challenges during the
pandemic supporting their ELL students in working with educational technology (Catalano et al.,
2021; Hebert et al., 2020; Walters, 2020).

Performance measures painted a different picture. Those students who did play at least
some ST Math during the pandemic spring obtained level and objective posttest scores greater than
expected based on trends from third to fourth grade of the prior cohort. This may in-part be a
selection effect: those who were retained in the sample of spring 2020 players may have been
qualitatively different than those who contributed only to the 2018 and 2019 estimates. There were
demographic differences between those who played during the spring and those who didn’t, but
these differences were small (e.g., 65% eligible for free/reduced lunch for the full sample and 62%
for the spring sample) and demographic differences were also seen in other years/cohorts between
the full-year sample and the spring sample. Although we included student demographic covariates
in our models, the presence of these observed variable differences may indicate unobserved
selection effects are driving results. Analyses showing relations between these pandemic players
and increased future ST Math or external mathematics assessments may lend credence to these
results. Within our own data, future analyses using propensity score or other matching techniques
could further limit bias due to selection. If these positive performance associations with pandemic
play are a true effect, it may be that flexibility or other aspects of the home environment (e.g., help
from parents) improved performance within ST Math. More qualitative work or more detailed
accounting on time spent on ST Math could illuminate this result. For example, a more temporally-
detailed logging system would permit comparison of time on each puzzle between at-home

pandemic play and prior at-school play.



Content progress did not follow the pattern of the other performance measures; fourth
graders in the pandemic cohort made less progress than they did in third grade and made less
progress than the prior cohort fourth graders. We had conceptualized progress as a variable that
represented a combined engagement/performance measure, but had categorized it as performance
due its reliance on students passing levels to make progress. In our correlation results, progress
was most highly correlated with minutes played, but this may have been due to the fact that both
were year-long measures and not limited only to spring data. Progress’ correlation with the other
engagement measure (level attempts) was similar in magnitude to its correlation with performance
measures. In ST Math, content progress is an easily-obtained high-level metric of students’
interaction with the platform; this is likely true of other technology-based tutorials. The
characterization of progress as an engagement rather than achievement metric may have
implications for future research considering such a measure.

As students completed school work from home they were away from the motivating
influence of friends and special classroom activities and may not have received as much
individualized feedback from teachers; this may have impacted their expectancies and values for
mathematics. Both cohorts experienced the expected grade-over-grade decline in mathematics
self-beliefs (see Fredericks & Eccles, 2002; Gottfried et al., 2007), but the pandemic cohort
experienced a sharper decline. The sources contributing to student self-beliefs (Bandura, 1977,
1997) may have been impacted during the pandemic. For example, without teachers offering verbal
persuasion, student self-beliefs may have suffered—parents may not have been able to serve this
role while juggling their own work and childcare. The impact of being removed from peers may
have hurt self-beliefs in some students as they were unable to witness peer success and gain

confidence through vicarious experience; however, this is likely dependent on student relative



positioning—social comparisons can also serve to reduce self-beliefs (Miiller-Kalthoff et al.,
2017). Dimensional comparisons (e.g., Marsh et al., 2015) may have also functioned differently
during at-home schooling; some school subjects (e.g., reading) may have been easier to complete
without in-class teacher scaffolding, leading to reduced mathematics self-beliefs from between-
subject comparative effects. Finally, it is unlikely that the decline in mathematics expectancy was
due to mastery experiences or physiological reactions—our performance results indicated that
students who played in the spring (and therefore took the survey) experienced more success within
ST Math than in prior years, and our emotional cost results indicated that negative mood was not
increased. Prior research has shown that use of ST Math improves student mathematics self-beliefs
(Authors, 2019); our results may underestimate the association between the pandemic and reduced
expectancy if students over-weighted ST Math in their consideration of math motivation or
experienced ST Math-specific amelioration of self-efficacy decline.

Cost was the only value measure that demonstrated statistically significant associations
with the pandemic. Emotional cost increased from third to fourth grade in both the pandemic cohort
and the prior cohort. This increase was attenuated for the pandemic cohort, however, and the third
to fourth-grade increase in cost for this cohort was only a little more than half that of the prior
cohort. Prior research has shown that value for mathematics declines across grades in elementary
school (e.g., Jacobs et al., 2002), but these declines may not be uniform with respect to aspects of
value; for example, utility/importance and interest display different patterns (Wigfield & Eccles,
1994). There is scant research on developmental trends for cost. One exception is Gaspard et al.
(2017) who found that cost for mathematics, including emotional cost, increased over the high
school years. Outside of an EVT framework, prior research in achievement emotions has found

that negative emotions increase with age generally (e.g., Vierhaus et al., 2016) and in mathematics



specifically (e.g., Ahmed et al., 2013). Our results are consistent with the expected grade-over-
grade increase, that this increase was less during the pandemic indicates students perceived a
difference in the school environment. Considering antecedents of academic emotions, Pekrun
(2017) specifies that perceptions of control (e.g., expectancies) and value influence emotions. It is
unlikely that increased control in the form of positive self-beliefs reduced negative emotions given
the negative association between the pandemic and mathematics expectancies. None of the other
facets of mathematics value, which all had non-statistically significant associations, seem likely
explanatory candidates either. Other aspects of control (e.g., choice of when and how much to
work) may be implicated in the switch to online instruction.
Temporal Alignment of ST Math Play with Teacher-Led Instruction

We set out to paint a more complete picture of student experiences during spring 2020 with
our investigation into alignment between the pandemic curriculum at Central and student
engagement with ST Math. The lack of alignment between the teacher-led curriculum and the
objectives students played left many unanswered questions regarding the role of educational
technology programs like ST Math and how representative of the schooling experience
engagement and performance in such programs might be. Based on prior research on ST Math, it
is not unusual for curriculum and platform temporal alignment to be low (Authors, 2019).
Additionally, the self-paced nature of programs like ST Math mean that content distance between
students is likely to grow as the year continues. We might have seen greater alignment if at-home
instruction had occurred in the fall before student progress had been allowed to spread. Prior
research has also shown that teacher management of student pacing through ST Math is variable
(Authors, 2017a; Authors, 2019); our results present only averages; it could be that for some

classes, alignment was greater. Although our results that alignment was low call into question the



value of data from ST Math for providing a window into other concurrent instruction, if ST Math
and typical mathematics instruction are both aligned to the same content as assessments, this result
does not necessarily invalidate our use of ST Math data as a stand-in for external assessments.

Despite the supposition that temporal alignment between educational technology and
classroom curriculum is beneficial for student learning (McCulloch et al., 2018), we did not find
evidence that students performed better during weeks where they played objectives that matched
teacher-led instruction. These analyses were limited to just the nine weeks of at-home instruction
during the pandemic and to those students who logged on after school went online—the limited
time-frame and sample may have influenced our results. Experienced teachers of ST Math note
the desire for temporal alignment (Authors, 2019)—the desired result from alignment may be
improvement in ST Math and other similar educational technology platforms, or it may be
improved performance on classroom assessments. We were not able to assess the latter.
Limitations

The data gathered from educational technology like ST Math helps to address the data
desert created by the suspension of testing during the pandemic. However, these data are not
without limitations. One important limitation was revealed in analyzing temporal alignment
between ST Math and teacher-led instruction: namely, educational technology may be a poor
representation of the totality of students’ learning, during a pandemic or at other times.
Nevertheless, the relation between educational technology data and more traditional measures of
achievement give credence to the idea that it holds at least some value.

Another caveat arises: as students interact with educational technology, their performance
partially relies on their skill or comfort with the mechanics of the gaming environment itself

(Maertens et al., 2015). This is true of ST Math—prior research has shown that difficulty of ST



Math games appears to be a feature of both math content and mechanics (Authors, 2020). In this
way, educational technology data are representative of both less than and more than traditional
learning metrics.

Our conclusions are also limited by the changes in our samples across measures. As
students dropped out of the learning stream, they also dropped out of some of our outcomes,
especially objective posttests and motivation measures. We chose to allow the sample to vary to
paint a picture of the experiences of each group—those whose access was limited and those who
were able to engage at home. Caution should be used in generalizing results from the more limited
groups to the larger group of students.

Further, some cautions should be exercised due to the nature of our analyses. If we consider
a conservative statistical significance threshold, our results regarding level attempts and cost value
should be subject to particular scrutiny; future replications will be needed to determine how robust
these inferences are to potential sources of bias (and type 1 error) with other students and at other
points in time. In addition, the marginal R? values (for the variance explained by the fixed effects)
for many of our models was on the small side, although we think R?value were still notable given
the absence of many covariates or a prior measure for the outcome; these may be important to
interrogate in future work. It may be more important to situate our effect sizes, some of which can
be benchmarked against prior research. For example, the achievement effect sizes can be
benchmarked against studies using achievement measures. According to Kraft (2020),
achievement effect sizes between 0.05 and 0.20 can be considered “medium.” Our level score
effect sizes of 0.13 and posttest score effect size of 0.11 fall squarely in this range. Similarly, the
expectancy effect size of -0.16 can be benchmarked against studies involving the oft-cited gender

difference in self-beliefs; which was .18 from a meta-analysis of self-efficacy (Huang, 2013). We



are less able to benchmark our engagement measures or our cost measure, as the context for
comparison is muddier.
Implications for Practice

As the COVID-19 pandemic continues and schools extend at-home instruction into the
2020-2021 school year, communities are grappling with the best way to serve students. Our work
demonstrates that there are disparities in engagement with at-home instruction, and these
disparities are correlated with marginalized status, such as eligibility for free/reduced lunch.
Among students who were able to access ST Math, performance did not suffer; this demonstrates
that the use of digital tools during online instruction has potential. To alleviate potential learning
loss during this pandemic or during times of emergency schooling in the future, it will be key to
ensure that all students have the access necessary to engage fully.

With statewide standardized tests and other forms of school-based assessments suspended,
schools may wish to leverage data from educational technology to monitor student performance
and engagement. We set out to determine whether data from educational technology, such as ST
Math, could serve as a proxy. Our results are equivocal. Although the data from ST Math provided
insights into students’ engagement, achievement, and motivation, these insights were largely
limited to those students who meaningfully engaged with the platform after the switch to online
schooling. Because marginalized status was associated with drop-out, reliance on such data may
leave out students for which schools may most want information. Nevertheless, our work presents
a model for how to operationalize and analyze platform data.

Lastly, although our alignment measure did not predict performance, schools may wish to

consider how educational technology fits within the complete package of instruction provided to



students. Greater temporal alignment may make both use of and data from educational technology
programs more meaningful to students and teachers.
Implications for Theory and Research

Our work contributes to the growing research area regarding how log data from contexts,
including educational technology, can be used to make inferences about student learning,
engagement, and performance (Papamitsiou & Economides, 2014; Teasley, 2019). Within this
study, our operationalizations of engagement and performance were interrelated in expected ways
and had meaningful associations with grade-level and with the shift to emergency online
instruction during the pandemic. As researchers seek ways to utilize data from student interactions
with programs such as ST Math, these operationalizations may prove beneficial. More specifically,
our research demonstrates the potential and limitations of using log data to estimate effects from
interruptions to traditional classroom instruction.

Our work also contributes to understanding of EVT as situated within online schooling
during the pandemic. Eccles and Wigfield (2020) have recently renamed EVT to situated
expectancy-value theory (SEVT) in order to stress the situative nature of motivation. Within
SEVT, the people and experiences with which individuals interact influence their expectancies and
values. At-home schooling during the pandemic presents a unique situation within which to study
expectancies and values. Our work links the pandemic with a decline in expectancies despite an
increase in performance, coupled with a reduction in emotional cost in the form of negative
emotions. As discussed above, specific features of the at-home schooling environment may
contribute to these results. Future work can further explicate the processes by which motivation is
impacted.

Conclusion



As schools across the U.S. closed in response to the COVID-19 pandemic, many students
moved online for emergency at-home instruction. Analogous situations from prior research
presented a dire picture of how students, especially those from marginalized communities, might
be impacted (Dynarski, 2020; Kuhfeld & Tarasawa, 2020). With the suspension of state-wide
achievement tests and other school-based assessments, assessing these impacts became a
challenge. Leveraging data collected from within an educational technology platform, ST Math,
offered a partial solution. We were able to estimate associations between the pandemic and
measures of engagement, performance, and motivation for some students; however, our
conclusions were limited by substantial (30%) drop-out from any platform use after the shift to
online schooling. We found that even students who did continue using the platform had lower
engagement with ST Math during the pandemic, but among those students, performance within
the software increased. Changes in student motivation were also associated with the pandemic:
students had lower mathematics expectancy, but also lower emotional cost for mathematics. To
broaden our understanding of student experiences, we collected public lesson plans from district
websites to examine temporal alignment between these plans and student engagement with ST
Math. We found little alignment and no performance benefit from alignment, indicating that
student experiences with ST Math during the pandemic may stand apart from other pandemic
instruction. Our results illustrate the potential and pitfalls of using educational technology data in
lieu of more traditional assessments and draw attention to issues of access and motivation during

at-home schooling.
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Figure 1

Examples of Question Presentation for Surveys within ST Math
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Note. Top left shows an example of an expectancy question where student’s answer would be
coded as a “5” on the scale. Top right shows a utility question with an answer that would be coded
as “2.” Bottom left shows the emotional cost question—the focus subject is math, student would
be given a 2 out of 3 for negative emotions. The bottom right panel shows the enjoyment question;
math would be given a ranking of 4, which would be reverse-scored for analysis to 6.
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Figure 2

Percent of Students’ Last Login Days by Weeks, by Year
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Note. 2017 includes students in third grade from the prior cohort, 2018 includes third graders
(target/pandemic cohort) and fourth graders (prior cohort), 2019 includes fourth graders from the
target/pandemic cohort. School closures occurred in week 25.



Figure 3

Regression-Adjusted Results by Grade and Cohort
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Note. Figures drawn from regression-adjusted values based on unstandardized coefficients (see
Table 7). Only statistically significant interactions (at the p <.01 level) are shown.



Figure 4

Regression-Adjusted Results Interacted with Free/Reduced Lunch or ELL Status
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Note. Figures drawn from regression-adjusted values based on unstandardized coefficients. Only
statistically significant interactions (at the p <.05 level) are shown.



Figure 5

Alignment between ST Math Objective and Other Curriculum During Pandemic At-Home Instruction
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Note. Only objectives that were taught at some point during the spring of 2020 are included. Objectives in dark outlines are those that
cover content taught in other instruction during that same week.



Figure 6

Percent of Plays Aligned to Central Curriculum by Week
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Table 1

Demographics of Pandemic and Prior Cohorts, for Total District Sample and Sample Matched
with ST Math Data for Analysis

Total District Sample for p-value from tests of
Sample Analysis differences
Pand.:  Prior: Pand.
Totvs. Totvs. VS.

Demographic Category ~ Pand. Prior Pand. Prior Sample Sample Prior

Hispanic  30% 31% 30% 32% 0.831 0.085 0.059

Black/African Amer.  35% 34% 35% 33% 0.054 0.128 0.073

White  23% 22% 22% 21% 0.007 0.133 0.588

Two or More Races 8% 8% 8% 9% 0.59 0.154 0.719
Other Race 5% 5% 5% 5% 0.453 0.5 0.6

Boy 51% 52% 51% 51% 0.969 0.356 0.965

Eng. Lang. Learner  12% 13% 12% 13% 0.312 0.129 0.248

Free/Reduced Lunch  65% 65% 65% 65% 0.143 0.647 0.548

Special Education  14% 14% 13% 12% <.001 <.001 0.576

Talented/Gifted 5% 5% 5% 6% 0.96 <.001 0.284

N 3,302 3,363 2,800 2,653

Note. p-values from Chi2 tests of statistical significance. Total vs. Sample represent tests
comparing those excluded from those retained. Pand. is the pandemic cohort who were in fourth
grade during the 2019-2020 school year.



Table 2

ST Math Objective Topics and Relevant Keywords

State Standards ST Math
Week Weekly Instructional Sheet Description (Pulled from Mind, 2015) Objective(s)
1 No Instructional Content
2 Students are reviewing their understanding of points, lines, 6D: Classify two-dimensional figures based on the presence 8, 14, 15, 16
and angles in order to identify and classify two dimensional or absence of parallel or perpendicular lines or the presence
figures. or absence of angles of a specified size.
6A: Identify points, lines, line segments, rays, angles, and
perpendicular and parallel lines.
3 Students are learning about the measurement of angles. This 7A: Illustrate the measure of an angle as the part of a circle 8
includes determining the approximate measures of angles ~ whose center is at the vertex of the angle that is *cut out’ by
and measuring angles as part of a circle. the rays of the angle. Angle measures are limited to whole
numbers. 7C: Determine the approximate measures of
angles in degrees to the nearest whole number
using a protractor.
4 Students will continue to learn about the measurement of  7E: Determine the measure of an unknown angle formed by 8
angles. Students are learning how to determine the measure two non-overlapping adjacent angles given one or both
of an unknown angle formed by two adjacent angles when  angle measures.
given one or both angle measures and how to draw an angle
with a given measure.
5 Students will be working on making connections 3: The student applies mathematical process standards to 10,11
between various math concepts that they have learned in represent and generate fractions to solve problems.
previous units. This week, students will review their 3E: Represent and solve addition and subtraction of
understanding of adding/subtracting fractions with equal fractions with equal denominators using objects and pictorial
denominators. Students will also review input/output tables. models that build to the number line and properties of
operations.
6 Students will be working on making connections 8C: Solve problems that deal with measurements of length, 31

between various math concepts that they have
learned in previous units. This week, students will
review solving problems with elapsed time and the

intervals of time, liquid volumes, mass, and money using
addition, subtraction, multiplication, or division as
appropriate.
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measurement of length. Students will also review
representing data in various ways.

Students will be reviewing essential understandings of
fractions. This week, students will focus on comparing two
fractions with different numerators and denominators.

Students will be reviewing essential understandings of
fractions. This week, students will be learning to relate
decimals to fractions that name tenths and hundredths.

Students will be reviewing essential understandings of all
operations, to include problem solving. This week, the focus
will be on addition and subtraction of decimals, as well as
multiplication and division of whole numbers.

Students will be reviewing their understanding of problem-
solving using money. Students will also be learning about
personal financial literacy, including how to calculate profit
and how to distinguish between fixed and variable expenses.

3D: compare two fractions with different numerators and
different denominators and represent the comparison using
the symbols for greater than, less than, and equal.

3G: Represent fractions and decimals to the tenths or
hundredths as distances from zero on a number line.

4: The student applies mathematical process standards to
develop and use strategies and methods for whole number
computations and decimal sums and differences in order to
solve problems with efficiency and accuracy.

4H: Solve with fluency one- and two-step problems
involving multiplication and division, including interpreting
remainders.

2E: Represent decimals, including tenths and hundredths,
using concrete and visual models and money.

7

18, 19

20,21,22

18,31




Table 3

Demographics of Pandemic and Prior Cohorts, by Grade and by Whether Student Logged on
After Mid-March Each Year

Fourth Grade Third Grade
Pandemic Prior Pandemic Prior
Cohort Cohort Cohort Cohort
VS. VS. VS. VSs.

Demographic Category Sample Tot  Sample Tot Sample @ Tot  Sample Tot
Hispanic 30% 0.416 32% 0.212 30% 0.461 32% 0.329
Black/African Amer. 34% 0.039 33% 0.092 35% 0.865 33% 0.133
White  22% 0.237 21% 0.632 22% 0.121 21% 0.03
Two or More Races 8% 0.660 8% 0.023 8% 0.171 8% 0.211
Other Race 5% 0.866 5% 0.015 5% 0.980 5% 0.743
Boy 48% <.001 51% 0.023 51% 0.057 51% 0.144
Eng. Lang. Learner 12% 0.764 13% 0.163 12% 0.160 13% 0.421
Free/Reduced Lunch  62% <.001 65% <.001 65% 0.554 65% 0.119
Special Education 12% 0.017 12% 0.378 12% <.001 12% 0.022
Talented/Gifted 6% 0.071 5% <.001 5% <.001 6% <.001
N 2017 2800 2,585 2,653 2,759 2,800 2,627 2,653
Note. The pandemic cohort are those who were in fourth grade during the 2019-2020 school year
and third grade during the 2018-2019 school year. Each “vs. Tot” column presents the p-value
from Chi2 tests between the sample shown and the complete analysis sample for that
grade/cohort, including those who stopped logging in after mid-March. Values bolded indicate
the sample of students that logged on after mid-march each year had more students who
represent the relevant category; bolded and italics indicate the sample had fewer students who

represent the relevant category.



Table 4

Descriptive Statistics for Engagement, Performance, and Motivation Variables, by Cohort and Grade

Pandemic Cohort Prior Cohort
GR Mean SD Min Max Count Mean SD Min Max Count
Content Progress 3 0.75 0.30 0.00 1.00 2,800.00 0.77 0.26 0.02 1.00 2,653.00
Total 4 0.63 0.32 0.00 1.00 2,800.00  0.75 0.28 0.00 1.00 2,653.00
, 3 284819  973.00  0.00 6,060.00 2,800.00 3023.39  859.08  75.00 6,671.00  2,653.00
Minutes Total = 56519 91034 0.00 6,698.00 2,800.00 2678.94 868.01  0.00 6,789.00  2,653.00
PostTest Ave 3 0.75 0.17 0.00 1.00 2,589.00  0.75 0.16 0.00 1.00 2,499.00
(Spring) 4  0.77 0.19 0.00 1.00 1,555.00  0.74 0.18 0.00 1.00 2,397.00
Levels Attempted 3 18843 12445 1.00 999.00 274500 230.75 12584  1.00 840.00  2,606.00
(Spring) 4  98.65 12412 1.00 1,480.00 1,929.00 15827 11656  1.00 769.00  2,576.00
Ave Level Score 3 0.70 0.15 0.00 1.00 2,693.00 0.71 0.14 0.00 1.00 2,569.00
(Spring) 4 0.74 0.20 0.00 1.00 1,878.00  0.72 0.15 0.00 1.00 2,455.00
3 418 0.92 1.00 5.00 2,487.00  4.19 0.92 1.00 5.00 2,427.00
Expectancy
4 392 0.92 1.00 5.00 1,104.00  4.08 0.95 1.00 5.00 2,368.00
3 549 2.63 1.00 9.00 2,487.00 537 2.60 1.00 9.00 2,427.00
Utlity 596 2.61 1.00 9.00 1,104.00 5.17 2.59 1.00 9.00 2,368.00
3 435 0.92 1.00 5.00 2,487.00 437 0.88 1.00 5.00 2,427.00
Importance
4 430 0.87 1.00 5.00 1,104.00 4.34 0.90 1.00 5.00 2,368.00
, 3 438 0.89 1.00 5.00 2,487.00  4.40 0.87 1.00 5.00 2,427.00
Enjoyment
4 430 0.89 1.00 5.00 1,104.00 4.33 0.92 1.00 5.00 2,368.00
3 1.0l 1.06 0.00 3.00 2,487.00 1.01 1.05 0.00 3.00 2,427.00
Cost 104 0.91 0.00 3.00 1,104.00 1.16 1.08 0.00 3.00 2368.00
N 2,800 2,653




Table 5

Correlations between Outcome Variables

1) (2) 3) “4) (%) (6) () (8) )
(1)  Minutes Total 1
(2)  Levels Attempted 0.45%** 1
(3)  Content Progress 0.69%** 0.31%** 1
(4)  Ave Level Score -0.02* -0.04%** 0.28%*** 1
(5) Post Test Ave -0.01 -0.11%** 0.25%**  (.43%** 1
(6)  Expectancy 0.11%** 0.04%** 0.23***  (.10*** 0.11%** 1
(7)  Enjoyment 0.04%** 0.01 0.23%** (. 11%** 0.11%** 0.38%** 1
(8)  Utility 0.07%** 0.02 0.14%**  0.06*** 0.10%** 0.55%**  (.27%** 1
(9) Importance 0.07%** 0.03** 0.11***  0.02* 0.06%** 0.51%**  (.29%** 0.70%** 1
(10) Cost -0.04*** -0.01 -0.21%*%* (0, 10%** -0.11%%* -0.46***  -(.60*** -0.34%** (). 36%**

Note. Correlations are calculated from comparison within grade and cohort. Engagement variables are color-coded blue (variables 1-2),

performance are yellow (variables 3-5), and motivation are green (variables 6-10).

* p <.05, **p < .01, ***p <.001



Table 6
Intraclass Correlations for Outcome Variables

Outcome Variable Student = Teacher
Minutes Total 0.12 0.46
Levels Attempted 0.09 0.30
Content Progress 0.42 0.24
Ave Level Score 0.23 0.10
Post Test Ave 0.29 0.12
Expectancy 0.35 0.04
Enjoyment 0.50 0.03
Utility 0.30 0.01
Importance 0.33 0.02
Cost 0.39 0.03

Note. Intraclass correlations calculated from null
cross-classified multilevel models (Raudenbush &
Bryk, 2002; West et al., 2014), estimated
separately for each outcome, with observations per
student nested within students and students cross-
classified with teachers models. Models estimated
using the /me4 package (Bates et al., 2015) using
the R (R Core Team, 2020) statistical software.



Table 7

Regression Results

A. Engagement Outcomes

@ )
Minutes Played Level Attempts

Predictors B SE p Beta B SE P Beta
Grade 4 -319.05  46.63  <0.001 -0.37 -72.31 5.63 <0.001 -0.62
Pandemic Cohort -161.85 2391 <0.001 -0.19 -37.47 3.59 <0.001 -0.32
Gr.4 BY Pandemic -396.46  32.69  <0.001 -0.46 -12.78 5.30 0.016 -0.11
Hispanic -32.18 23.06 0.163 -0.04 430 3.58 0.230 0.04
Black/African Amer. 31.09 22.16 0.161 0.04 9.74 3.43 0.005 0.08
Two or More Races -23.34 31.37 0.457 -0.03 -4.71 4.86 0.332 -0.04
Other Race 13.46 38.46 0.726 0.02 -8.3 5.97 0.165 -0.07
Boy -118.54 1534  <0.001 -0.14 -3.45 2.38 0.148 -0.03
Eng. Lang. Learner -27.11 30.12 0.368 -0.03 13.10 4.54 0.004 0.11
Free/Reduced Lunch -42.69 17.41 0.014 -0.05 3.48 2.68 0.194 0.03
Special Education -185.87 2486  <0.001 -0.21 16.34 3.83 <0.001 0.14
Talented/Gifted -137.72 3577  <0.001 -0.16 -40.88 5.66 <0.001 -0.35
Constant 3061.28 4055  <0.001 -0.37 225.17 5.06 <0.001 -0.62
Random Effects
62 416,323.12 10,845.04
700 Student 97,862.25 1,333.09

Teacher 366,466.75 3,157.26
Ns Teacher 642 636

Student 5,451 5,420

Obs. 10,902 9,854
Marg R2/Cond R2 0.120/0.584 0.118/0.376
PBI: Gr.4XPandemic  83.83 18.7




B. Performance Results

3) “ ®)
Content Progress Level Score Ave Posttest Ave

Predictors B SE p Beta B SE p Beta B SE p Beta
Grade 4 -0.03 0.01 0.013  -0.11 0.01 0.01 0.008 0.07 <0.01 0.01 0.523 <0.01
Pandemic Cohort -0.02 0.01 0.003  -0.07 -0.01 <0.01 0.097 -0.07 <001 <0.01 0359 <00l
Gr.4 BY Pandemic -0.08 0.01  <0.001 -0.29 0.02 0.01 0.002 0.13 0.02 0.01 0.004 0.11
Hispanic -0.03 0.01 0.001 -0.11 -0.01 <0.01 0.017  -0.07 -0.01 0.01 0.073  -0.06
Black/African Amer.  -0.04 0.01 <0001 -0.14  _003 <001 <0001 -0.20  -0.03 0.01  <0.001 -0.17
Two or More Races -0.02 0.01 0.147  -0.07 0.01 0.01 0.428 0.07 <0.01 0.01 0.909 0.00
Other Race 0.03 0.02 0.036 0.11 -0.01 0.01 0214  -0.07 0.01 0.01 0.335 0.06
Boy 0.06 0.01 <0.001 021 0.01 <0.01  0.056 0.07 -0.01  <0.01 <0.001 -0.06
Eng. Lang. Learner -0.01 0.01 0.641 -0.04  <0.01 0.01 0.949 0.00 -0.02 0.01 0.001  -0.11
Free/Reduced Lunch  -0.03 0.01 <0001 -0.11 -0.01 <0.01 o0.011 -0.07  _0.02 <00l <0.001 -0.11
Special Education -0.15 0.01 <0.001 -0.54  _0.08 001 <0.001 -0.53  _0.10 0.01  <0.001 -0.56
Talented/Gifted 0.13 0.01  <0.001  0.46 0.08 001 <0.001 0.3 0.12 0.0l  <0.001  0.67
Constant 0.77 0.01 <0.001 -0.11 0.73 0.01  <0.001 0.07 0.78 0.01 <0.001 <0.01
Random Effects
62 0.03 0.02 0.02
700 Student 0.03 <0.01 0.01

Teacher 0.02 <0.01 0.00
Ns Teacher 642 636 628

Student 5,451 5,368 5,301

Obs. 10,902 9,593 9,038
Marg R2/Cond R2 0.089 / 0.669 0.069 / 0.326 0.083 / 0.405
PBI: Gr.4XPandemic 75.49 32.46 32.36




C. Motivation Outcomes, Expectancy, Enjoyment

() )]
Expectancy Enjoyment

Predictors B SE p Beta B SE p Beta
Grade 4 -0.12 0.03 <0.001 -0.13 -0.24 0.07 0.001 -0.26
Pandemic Cohort -0.01 0.03 0.696 -0.01 0.11 0.08 0.154 0.12
Gr.4 BY Pandemic -0.15 0.04  <0.001 -0.16 -0.04 0.10 0.697 -0.04
Hispanic -0.06 0.03 0.074 -0.06 0.08 0.10 0.434 0.09
Black/African Amer. 0.01 0.03 0.772 0.01 0.12 0.09 0.191 0.13
Two or More Races 0.01 0.05 0.898 0.01 -0.11 0.13 0.420 -0.12
Other Race <0.01 0.06 0.960 <0.01 0.11 0.16 0.494 0.12
Boy 0.05 0.02 0.016 0.05 0.64 0.07  <0.001 0.70
Eng. Lang. Learner 0.03 0.04 0.510 0.03 0.23 0.11 0.039 0.25
Free/Reduced Lunch <0.01 0.03 0.924 <0.01 0.14 0.07 0.051 0.15
Special Education -0.06 0.03 0.106 -0.06 0.20 0.10 0.045 0.22
Talented/Gifted 0.30 0.05 <0.001 0.32 0.57 0.15 <0.001 0.62
Constant 4.16 0.04  <0.001 -0.13 4.81 0.10  <0.001 -0.26
Random Effects
o2 0.53 3.21
700 Student 0.30 3.27

Teacher 0.03 0.17
Ns Teacher 602 602

Student 5,095 5,095

Obs. 8,385 8,385
Marg R2/Cond R2 0.017/0.395 0.024/0.529
PBI: Gr.4XPandemic  47.72 ns




D. Motivation Outcomes, Utility, Importance, Emotional Cost

®) ) 10)

Utility Importance Cost
Predictors B SE p Beta B SE p Beta B SE p Beta
Grade 4 -0.03 0.02 0.190 -0.01 -0.06 0.02 0.008 -0.07 0.16 0.03 <0.001 0.15
Pandemic Cohort -0.02 0.03 0.376 -0.01 -0.02 0.03 0.42 -0.02 <0.01 0.03 0.982 0.00
Gr.4 BY Pandemic -0.02 0.04 0.603 -0.01 -0.01 0.04 0.767 -0.01 -0.09 0.04 0.024 -0.08
Hispanic -0.01 0.03 0.771 <0.01 0.01 0.03 0.873 0.01 -0.01 0.04 0.873 -0.01

Black/African Amer. 0.04 0.03 0.142 0.02 0.06 0.03 0.046 0.07 <0.01 0.04 0915 <0.01
Two or More Races 0.06 0.04 0.154 0.02 0.04 0.04 0.331 0.04 0.01 0.05 0.892 0.01

Other Race 0.14 0.05 0.011 0.05 0.11 0.05 0.035 0.12 -0.07 0.06 0.273 -0.06
Boy 0.01 0.02 0.691 <0.01 -0.04 0.02 0.096 -0.04 -0.19 0.03 <0.001 -0.18
Eng. Lang. Learner 0.04 0.04 0.253 0.02 0.03 0.04 0.441 0.03 -0.11 0.04 0.010 -0.10
Free/Reduced Lunch <0.01 0.02 0.961 0.00 0.03 0.02 0.151 0.03 -0.03 0.03 0.253 -0.03
Special Education -0.21 0.03 <0.001 -0.08 -0.12 0.03 <0.001 -0.13 -0.14 0.04 <0.001 -0.13
Talented/Gifted 0.02 0.05 0.751 0.01 -0.03 0.05 0.565 -0.03 -0.33 0.06 <0.001 -0.31
Constant 4.36 0.03 <0.001 -0.01 4.37 0.03 <0.001 -0.07 1.18 0.04 <0.001 0.15
Random Effects
o2 0.55 0.52 0.64
700 Student 0.24 0.26 0.42

Teacher 0.01 0.01 0.02
Ns Teacher 602 602 602

Student 5,095 5,095 5,095

Obs. 8,385 8,385 8,385
Marg R2/Cond R2 0.009/0.314 0.006 /0.347 0.022/0.421
PBI: Gr.4XPandemic  ns ns 14.49

Note. Unstandardized coefficients represented as “B.” To place coefficients in the units of each dependent variable’s standard deviation, standardized coefficients
(Betas) were calculated using the formula B*(SDx)/SDy (SDx = 1 for dummy variables), using the standard deviations from the fourth grade non-pandemic
cohort. Bolded Bs and Betas are statistically significant at the p < .05 threshold. Reference group is students who are White, girls, not eligible for free/reduced
lunch, and not designated as English Language Learners, special education, or talented/gifted. Ns for each model vary depending on the number of students who
completed each outcome. All students had minutes and progress, level attempts includes all attempts, even those that were replays of previously-passed levels,
level score only includes plays of levels not previously passed. Each student contributes one or two years of data. Random effects for student and teacher are
estimated. Marginal (for only the fixed effects) and conditional (for both the fixed and random effects) R? values for mixed models are calculated based

on Nakagawa et al. (2017) via the performance R package (Liidecke, 2020). Percent bias to invalidate the inference (PBI) values are calculated using the
robustness analysis technique developed by Frank et al. (2013) via the [name removed for peer review] (Authors et al., 2020) R package.



Appendix A

Moderator Results
A. Free/Reduced Priced Lunch Eligibility Moderator Models, Engagement and Performance
0y @ €] @ ®
Minutes Played Level Attempts Content Progress Level Score Ave Posttest Ave

Predictors B SE p B SE p B SE p B SE p B SE p
Grade 4 -337.55 54.10 <0.001 -75.38 7.14  <0.001 -0.03 0.01 0.023 0.02 0.01 0.009 <0.01 0.01 0.625
Pandemic Cohort -229.36 3598 <0.001 -40.78 5.53 <0.001 -0.04 0.01 0.001 <0.01 0.01 0.583 <0.01 0.01 0.597
Gr.4 BY Pandemic -219.61 4795 <0.001 9.40 7.95 0.237 -0.03 0.01 0.009 0.01 0.01 0.126 0.02 0.01 0.083
FRL -46.70  31.71 0.141 5.89 4.88 0.228 -0.03 0.01 0.003 <0.01 0.01 0.521 -0.02 0.01 0.001
FRL BY Gr. 4 42.96 40.37 0.287 5.18 6.54 0.428 0.01 0.01 0.495 -0.01 0.01 0.303 <0.01 0.01 0.968

FRL BY Pandemic  106.41 42.89  0.013 5.09 6.62 0.442 0.02 0.01 0.101 -0.01 0.01 0.533 <0.01 0.01 0.956

FRL BY Gr. 4 BY
Pandemic -275.86 55.00 <0.001 -35.18 9.32 <0.001 -0.07 0.01 <0.001 0.01 0.01 0.609 <0.01 0.01 0.846

Hispanic -31.97 23.06 0.166 4.41 3.58 0.218 -0.03 0.01 0.001 -0.01 <0.01 0.017 -0.01 0.01 0.073
Black/African Amer. 31.21 2215  0.159 9.74 3.43 0.004 -0.04 0.01 <0.001  -0.03 <0.01 <0.001 -0.03 0.01 <0.001
Two or More Races -25.06 3138 0424 -4.96 4.86 0.307 -0.02 0.01 0.136 0.01 0.01 0.433 <0.01 0.01 0.905

Other Race 13.25 38.45 0.73 -8.46 5.98 0.157 0.03 0.02 0.037 -0.01 0.01 0.214 0.01 0.01 0.335
Boy -118.22 1533  <0.001 -3.40 2.39 0.153 0.06 0.01 <0.001 0.01 <0.01 0.056 -0.01 <0.01  <0.001
Eng. Lang. Learner -28.42  30.12 0.345 12.89 4.54 0.004 -0.01 0.01 0.612 <0.01 0.01 0.953 -0.02 0.01 0.001
Special Education -186.86 24.85 <0.001 16.13 3.83 <0.001 -0.15 0.01 <0.001 -0.08 0.01 <0.001 -0.10 0.01 <0.001
Talented/Gifted -137.67 35.76  <0.001 -40.92 566  <0.001 0.13 0.01 <0.001 0.08 0.01 <0.001 0.12 0.01 <0.001
Constant 3058.67 44.00 <0.001 22340 5.70  <0.001 0.77 0.01 <0.001 0.72 0.01 <0.001 0.78 0.01 <0.001
Random Effects
62 413,614.14 10,795.14 0.03 0.02 0.02
700 Student 99,113.29 1,363.01 0.03 <0.01 0.01

Teacher 366,370.72 3,135.66 0.02 <0.01 <0.01
Ns Teacher 642 636 642 636 628

Student 5,451 5,420 5,451 5,368 5,301

Obs. 10,902 9,854 10,902 9,593 9,038

Marg R2/Cond R2 0.120/0.586 0.120/0.379 0.090/0.671 0.069/0.327 0.083/0.405




B. Free/Reduced Priced Lunch Eligibility Moderator Models, Motivation

(6) ) ) ) (10)
Expectancy Enjoyment Utility Importance Cost
Predictors B SE p B SE p B SE p B SE p B SE p
Grade 4 -0.09 0.04 0.031 -0.25 0.11 0.02 -0.05 0.04 0.232 -0.06 0.04 0.158 0.13 0.05 0.004
Pandemic Cohort -0.03 0.05 0.553 0.10 0.13 0.426 -0.02 0.04 0.62 -0.03 0.04 0.559 -0.02 0.05 0.744
Gr.4 BY Pandemic -0.16 0.06 0.012 -0.14 0.16 0.379 -0.05 0.06 0.461 -0.04 0.06 0.487 -0.05 0.07 0.504
FRL <0.01 0.04 0.919 0.11 0.11 0.332 -0.02 0.04 0.693 0.03 0.04 0.457 -0.05 0.05 0.239
FRL BY Gr. 4 -0.04 0.05 0.438 0.01 0.12 0.906 0.02 0.05 0.619 -0.01 0.05 0.802 0.05 0.05 0.354

FRL BY Pandemic 0.03 0.06 0.653 0.01 0.16 0.946 <0.01 0.05 0.975 0.01 0.05 0.890 0.03 0.06 0.673
FRL BY Gr. 4 BY

Pandemic 0.01 0.08 0.912 0.16 0.19 0.398 0.04 0.08 0.571 0.05 0.07 0.509 -0.08 0.08 0.366
Hispanic -0.06 0.03 0.074 0.08 0.10 0.44 -0.01 0.03 0.765 <0.01 0.03 0.880 -0.01 0.04 0.876
Black/African Amer. 0.01 0.03 0.768 0.12 0.09 0.194 0.04 0.03 0.144 0.06 0.03 0.046 <0.01 0.04 0.914
Two or More Races 0.01 0.05 0.887 -0.11 0.13 0.43 0.06 0.04 0.151 0.04 0.04 0.324 0.01 0.05 0.891
Other Race <0.01 0.06 0.966 0.11 0.16 0.495 0.14 0.05 0.01 0.11 0.05 0.035 -0.07 0.06 0.275
Boy 0.05 0.02 0.015 0.64 0.07  <0.001 0.01 0.02 0.687 -0.04 0.02 0.097 -0.19 0.03 <0.001
Eng. Lang. Learner 0.03 0.04 0.494 0.23 0.11 0.038 0.04 0.04 0.252 0.03 0.04 0.432 -0.11 0.04 0.010
Special Education -0.06 0.03 0.106 0.20 0.10 0.046 -0.21 0.03 <0.001 -0.12 0.03 <0.001 -0.14 0.04 <0.001
Talented/Gifted 0.30 0.05 <0.001 0.57 0.15  <0.001 0.02 0.05 0.745 -0.03 0.05 0.569 -0.33 0.06 <0.001
Constant 4.16 0.04  <0.001 4.83 0.12  <0.001 4.37 0.04 <0.001 4.37 0.04 <0.001 1.20 0.05 <0.001
Random Effects
62 0.53 3.22 0.55 0.52 0.64
700 Student 0.30 3.27 0.24 0.26 0.42

Teacher 0.03 0.17 0.01 0.01 0.02
Ns Teacher 602 602 602 602 602

Student 5,095 5,095 5,095 5,095 5,095

Obs. 8,385 8,385 8,385 8,385 8,385
Marg R2/Cond R2 0.017/0.394 0.024/0.528 0.009/0.314 0.006/0.347 0.022/0.421

Note. Unstandardized coefficients; bolded Bs are statistically significant at the p < .05 threshold. Reference group is students who are White, girls, not eligible for
free/reduced lunch, and not designated as English Language Learners, special education, or talented/gifted. Ns for each model vary depending on the number of
students who completed each outcome. Each student contributes one or two years of data. Random effects for student and teacher are estimated. Marginal (for
only the fixed effects) and conditional (for both the fixed and random effects) R? values for mixed models are calculated based on Nakagawa et al. (2017) via the
performance R package (Liidecke, 2020).



C. English Language Learner Moderator Models, Engagement and Performance

(0)) (0] (©)) €)) ()
Minutes Played Level Attempts Content Progress Level Score Ave Posttest Ave

Predictors B SE p B SE p B SE P B SE p B SE p
Grade 4 -318.89 47.61 <0.001 -74.59 580  <0.001 -0.03 0.01 0.011 0.01 0.01 0.011 <0.01 0.01 0.479
Pandemic Cohort -158.73 2493 <0.001 -3747 3.76  <0.001 -0.02 0.01 0.003 -0.01 <0.01 0.187 0.01 0.01 0.335
Gr.4 BY Pandemic -402.12 34.11 <0.001 -9.31 5.55 0.094 -0.08 0.01 <0.001 0.02 0.01 0.004 0.02 0.01 0.002
ELL -2295 5120  0.654 11.63 7.69 0.130 -0.01 0.02 0.551 0.01 0.01 0.584 -0.02 0.01 0.090
ELLBY Gr. 4 -4.22 6494  0.948 15.76 10.22 0.123 0.01 0.02 0.524 <0.01 0.01 0.966 <0.01 0.01 0.724
ELL BY Pandemic -31.54 67.74  0.642 -0.49 10.21 0.962 <0.01 0.02 0.855 -0.01 0.01 0.433 <0.01 0.01 0.775
ELL BY Gr. 4 BY
Pandemic 54.77 89.19  0.539 -30.23  14.85 0.042 -0.01 0.02 0.650 <0.01 0.02 0.997 -0.02 0.02 0.254
Hispanic -32.17  23.06  0.163 4.32 3.58 0.227 -0.03 0.01 0.001 -0.01 <0.01 0.017 -0.01 0.01 0.074
Black/African Amer. 31.10 22.16  0.160 9.72 343 0.005 -0.04 0.01 <0.001 -0.03 <0.01 <0.001 -0.03 0.01 <0.001
Two or More Races 2335 3137 0457 476 486 0327  -0.02 001 0147 0.0l 001 0429 <001 001 00911
Other Race 13.60 3849  0.724 -7.96 5.98 0.183 0.03 0.02 0.036 -0.01 0.01 0.227 0.01 0.01 0.314
Boy -118.52 1534  <0.001 -3.41 2.39 0.153 0.06 0.01 <0.001 0.01 <0.01 0.054 -0.01 <0.01 <0.001
Free/Reduced Lunch 4272 1742 0.014 3.40 2.68 0.205 -0.03 0.01 <0.001 -0.01 <0.01 0.010 -0.02 <0.01 <0.001
Special Education -185.90 24.86 <0.001 16.29 3.83  <0.001 -0.15 0.01 <0.001 -0.08 0.01 <0.001 -0.10 0.01 <0.001
Talented/Gifted -137.64 3577 <0.001 -40.86 5.66  <0.001 0.13 0.01 <0.001 0.08 0.01 <0.001 0.12 0.01 <0.001
Constant 3061.20 40.88 <0.001 225.54 5.11 <0.001 0.77 0.01 <0.001 0.73 0.01 <0.001 0.78 0.01 <0.001
Random Effects
62 416,378.91 10,843.63 0.03 0.02 0.02
700 Student 97,899.04 13,35.63 0.03 <0.01 0.01

Teacher 366,886.12 3,121.96 0.02 <0.01 <0.01
Ns Teacher 642 636 642 636 628

Student 5,451 5,420 5,451 5,368 5,301

Obs. 10,902 9,854 10,902 9,593 9,038
Marg R2/Cond R2 0.120/0.584 0.120/0.376 0.090 / 0.669 0.069 /0.326 0.084 /0.406




D. English Language Learner Moderator Models, Motivation

() )] ® ) (10)
Expectancy Enjoyment Utility Importance Cost

Predictors B SE p B SE p B SE P B SE p B SE p
Grade 4 -0.11 0.03 <0.001 -0.22 0.07 0.002 -0.04 0.03 0.146 -0.06 0.03 0.014 0.14 0.03 <0.001
Pandemic Cohort 0.01 0.03 0.765 0.11 0.08 0.173 -0.02 0.03 0.473 -0.01 0.03 0.705 <0.01 0.03 0.882
Gr.4 BY Pandemic -0.14 0.04 0.001 -0.07 0.10 0.491 -0.02 0.04 0.653 -0.02 0.04 0.558 -0.07 0.04 0.138
ELL 0.12 0.06 0.044 0.24 0.16 0.141 0.04 0.06 0.511 0.06 0.06 0.315 -0.17 0.07 0.012
ELL BY Gr. 4 -0.04 0.07 0.523 -0.10 0.17 0.558 0.04 0.07 0.532 -0.01 0.06 0.890 0.15 0.07 0.037
ELL BY Pandemic -0.16 0.08 0.054 -0.02 0.23 0.940 -0.03 0.08 0.721 -0.09 0.08 0.265 0.04 0.09 0.640
ELL BY Gr. 4 BY
Pandemic -0.06 0.11 0.574 0.26 0.28 0.349 -0.01 0.11 0.948 0.10 0.11 0.359 -0.22 0.12 0.075
Hispanic -0.06 0.03 0.078 0.08 0.10 0.437 -0.01 0.03 0.772 0.01 0.03 0.874 -0.01 0.04 0.877
Black/African Amer. 0.01 0.03 0.768 0.12 0.09 0.191 0.04 0.03 0.143 0.06 0.03 0.046 <0.01 0.04 0.915
Two or More Races 0.01 0.05 0.905 -0.11 0.13 0.422 0.06 0.04 0.154 0.04 0.04 0.331 0.01 0.05 0.892
Other Race 0.01 0.06 0.892 0.11 0.16 0.506 0.14 0.05 0.010 0.12 0.05 0.034 -0.07 0.06 0.286
Boy 0.06 0.02 0.013 0.64 0.07  <0.001 0.01 0.02 0.678 -0.04 0.02 0.102 -0.19 0.03 <0.001
Free/Reduced Lunch <0.01 0.03 0.961 0.14 0.07 0.051 <0.01 0.02 0.953 0.03 0.02 0.155 -0.03 0.03 0.250
Special Education -0.06 0.03 0.101 0.20 0.10 0.046 -0.21 0.03 <0.001 -0.13 0.03 <0.001 -0.14 0.04 <0.001
Talented/Gifted 0.30 0.05 <0.001 0.56 0.15  <0.001 0.02 0.05 0.752 -0.03 0.05 0.563 -0.33 0.06 <0.001
Constant 4.15 0.04  <0.001 4.81 0.10  <0.001 4.36 0.03 <0.001 4.37 0.03 <0.001 1.19 0.04 <0.001
Random Effects
62 0.53 3.22 0.55 0.52 0.64
700 Student 0.30 3.27 0.24 0.26 0.42

Teacher 0.03 0.17 0.01 0.01 0.02
Ns Teacher 602 602 602 602 602

Student 5,095 5,095 5,095 5,095 5,095

Obs. 8,385 8,385 8,385 8,385 8,385
Marg R2/Cond R2 0.018/0.394 0.024/0.529 0.009/0.314 0.006/0.347 0.022/0.422

Note. Unstandardized coefficients; bolded Bs are statistically significant at the p < .05 threshold. Reference group is students who are White, girls, not eligible for
free/reduced lunch, and not designated as English Language Learners, special education, or talented/gifted. Ns for each model vary depending on the number of
students who completed each outcome. Each student contributes one or two years of data. Random effects for student and teacher are estimated. Marginal (for
only the fixed effects) and conditional (for both the fixed and random effects) R? values for mixed models are calculated based on Nakagawa et al. (2017) via the
performance R package (Liidecke, 2020).



Appendix B
Residualized Change Regressions
A. Engagement and Performance Qutcomes

@ (2 &) @ 5)
Minutes Played Level Attempts Progress Level Score Ave Posttest Ave
Predictors B SE p B SE p B SE p B SE p B SE p
Prior 0.18 0.01  <0.001 0.10 0.01  <0.001  0.55 0.01  <0.001 0.30 0.02  <0.001 0.35 0.02  <0.001
Pandemic Cohort -556.72  25.66 <0.001  -53.3 3.83  <0.001  -0.09 0.01  <0.001 0.01 0.01 0.014 0.02 0.01 0.005
Latinx -1741 3301  0.598 3.41 5.30 0.520 -0.01 0.01 0.35 -0.02 0.01 0.013 -0.02 0.01 0.015

Black/African Amer. 55.81 31.59  0.077 7.32 5.04 0.147 -0.01 0.01 0.439 -0.04 0.01 <0.001 -0.03 0.01 <0.001
Two or More Races 24.18  44.87  0.590 -5.48 7.18 0.446  <0.01 0.01 0.994 -0.01 0.01 0.472 -0.02 0.01 0.052
Other Race 39.84 5496  0.468 -12.12 8.88 0.172 0.02 0.02 0.191 <0.01 0.01 0.750 0.01 0.01 0.453
Boy -59.16  22.07  0.007 -5.53 3.55 0.119 0.03 0.01 <0.001 0.01 <0.01 0.066 -0.01 0.01 0.221
Eng. Lang. Learner 120.19 4229  0.004 21.61 6.25 0.001 0.03 0.01 0.011 <0.01 0.01 0.606 -0.01 0.01 0.168
Free/Reduced Lunch -84.71 2488  0.001 0.27 3.89 0.945 -0.04 0.01 <0.001 -0.01 0.01 0.291 -0.01 0.01 0.051

Special Education -70.46  35.13 0.045 22.57 5.57  <0.001 -0.04 0.01 <0.001 -0.07 0.01 <0.001 -0.06 0.01 <0.001
Talented/Gifted -138.1 5146 0.007 -21.8 8.50 0.010 0.06 0.02 <0.001 0.07 0.01 <0.001 0.09 0.01 <0.001
Constant 2164.38 5899 <0.001 13037 6.23 <0.001 0.32 0.02 <0.001 0.53 0.02 <0.001 0.51 0.02 <0.001
Random Effects
62 624,558.36 13,496.68 0.06 0.03 0.03
700 Teacher 153,679.71 605.22 0.01 <0.01 <0.01
Ns Teacher 375 351 375 351 334

Student 5,451 4,434 5,451 4,225 3,737
Marg R2/Cond R2 0.135/0.306 0.078/0.118 0.317/0.393 0.123/0.145 0.166/0.195

Note. Unstandardized coefficients; bolded Bs are statistically significant at the p <.05 threshold. Reference group is students who are
White, girls, not eligible for free/reduced lunch, and not designated as English Language Learners, special education, or talented/
gifted. Ns for each model vary depending on the number of students who completed each outcome. Prior represents the third grade value for the
relevant outcome. All students had minutes and progress, level attempts includes all attempts, even those that were replays of previously-passed
levels, level score only includes plays of levels not previously passed. Each student contributes one year of data. Random effects for teacher are
estimated. Marginal (for only the fixed effects) and conditional (for both the fixed and random effects) R2 values for mixed models are calculated
based on Nakagawa et al. (2017) via the performance R package (Liidecke, 2020).






B. Motivation Outcomes

©) ™ ®) ©) (10)
Expectancy Enjoyment Utility Importance Cost
Predictors B SE p B SE p B SE p B SE p B SE p
Prior 0.37 0.02  <0.001 0.49 0.02  <0.001 0.29 0.02 <0.001 0.35 0.02 <0.001 0.38 0.02 <0.001
Pandemic Cohort -0.15 0.03  <0.001 0.03 0.09 0.76 -0.03 0.03 0.396 -0.02 0.03 0.624 -0.10 0.04 0.004
Latinx -0.05 0.05 0.242 -0.07 0.12 0.558 0.02 0.04 0.648 0.07 0.04 0.137 0.03 0.05 0.551
Black/African Amer. 0.04 0.04 0.353 0.17 0.11 0.137 0.11 0.04 0.007 0.15 0.04 0.001 -0.02 0.05 0.642
Two or More Races -0.04 0.06 0.571 -0.01 0.16 0.962 0.07 0.06 0.256 0.05 0.06 0.419 0.01 0.07 0.906
Other Race 0.07 0.08 0.386 0.44 0.20 0.028 0.09 0.08 0.229 0.15 0.08 0.057 -0.13 0.08 0.135
Boy 0.10 0.03 0.001 0.29 0.08 <0.001 <0.01 0.03 0.969 0.01 0.03 0.860 -0.09 0.03 0.005
Eng. Lang. Learner 0.03 0.05 0.618 0.18 0.13 0.170 0.08 0.05 0.104 0.04 0.05 0.380 -0.05 0.05 0.352
Free/Reduced Lunch ~ 0.02  0.03  0.636 0.2 009 0.154 0.2 0.03 0550  0.02 0.03 0489  -0.02 004 0582
Special Education -0.07 0.05 0.122 0.16 0.12 0.180 -0.10 0.05 0.025 -0.04 0.05 0.414 -0.03 0.05 0.535
Talented/Gifted 0.23 0.08 0.002 0.39 0.19 0.043 0.06 0.07 0.423 0.03 0.07 0.721 -0.28 0.08 0.001
Constant 2.47 0.08  <0.001 2.16 0.13  <0.001 2.98 0.08 <0.001 2.70 0.09 <0.001 0.88 0.05 <0.001
Random Effects
o2 0.76 4.93 0.72 0.73 0.88
700 Teacher 0.01 0.11 <0.01 <0.01 0.01
Ns Teacher 328 328 328 328 328
Student 3,290 3,290 3,290 3,290 3,290
Marg R2/Cond R2 0.148/0.159 0.261/0.276 0.094 /0.100 0.119/0.121 0.165/0.174

Note. Unstandardized coefficients; bolded Bs are statistically significant at the p < .05 threshold. Reference group is students who are
White, girls, not eligible for free/reduced lunch, and not designated as English Language Learners, special education, or talented/

gifted. Ns for each model vary depending on the number of students who completed each outcome. Prior represents the third grade value for the

relevant outcome. All students had minutes and progress, level attempts includes all attempts, even those that were replays of previously-passed

levels, level score only includes plays of levels not previously passed. Each student contributes one year of data. Random effects for teacher are
estimated. Marginal (for only the fixed effects) and conditional (for both the fixed and random effects) R2 values for mixed models are calculated
based on Nakagawa et al. (2017) via the performance R package (Liidecke, 2020).



Appendix C
Percentage Play of Target Objectives Regressed on Week and Whether Matched with Non-ST
Math Curriculum

() (2) (3) 4)
Obj 8 Obj 31 Obj 8 Obj 31
Obj/Content Aligned 0.020 0.011
(0.99) (1.01)
Week (2-8) 0.017 -0.014
(0.79) (-0.91)
Week 3 -0.016 0.009
(-1.29) (0.66)
Week 4 -0.006 -0.011
(-0.40) (-0.82)
Week 5 -0.020 -0.015
(-1.45) (-1.15)
Week 6 -0.016 0.007
(-1.19) (0.43)
Week 7 -0.013 0.000
(-0.99) (0.02)
Week 8 0.006 -0.014
(0.38) (-1.13)
Week 9 0.005 -0.002
(0.32) (-0.13)
Week 10 -0.015 -0.008
(-1.23) (-0.65)
Hispanic 0.003 0.012 0.004 0.012
(0.20) (0.60) (0.20) (0.61)
Black/African Amer. 0.022 0.018 0.023 0.018
(1.14) (0.93) (1.17) (0.92)
Two or More Races -0.009 0.006 -0.009 0.006
(-0.76) (0.38) (-0.74) (0.38)
Other Race -0.010 -0.016 -0.010 -0.016
(-0.78) (-1.27) (-0.78) (-1.27)
Boy -0.004 0.028 -0.004 0.028
(-0.28) (1.84) (-0.27) (1.84)
English Lang
Learner 0.007 0.006 0.007 0.006
(0.39) (0.34) (0.37) (0.33)
Free/Reduced Lunch -0.024 -0.014 -0.024 -0.014
(-1.52) (-0.95) (-1.50) (-0.96)
Special Education -0.001 -0.024 -0.001 -0.023

(-0.05) (-1.93) (-0.04) (-1.93)



Talented/Gifted 0.005 0.012 0.005 0.012

(0.32) (0.77) (0.32) (0.78)
Total Levels Played 0.098%*** 0.047%%* 0.098%** 0.046%**
(7.07) (5.21) (7.07) (5.12)
Constant 0.011 0.023%** 0.021%%* 0.021%%*
(0.009) (0.006) (0.006) (0.005)
N 8,264 8,264 8,264 8,264
R2 0.011 0.004 0.012 0.005

Note. Standard errors in parentheses. Reference group is White, girl, non-English Language Learner, not
eligible for free/reduced lunch, not designated as special education or talented/gifted. Each student
provides between 1 and 10 weeks of data. In models 1-2, week is represented as ordinal variables 2
through 8; in models 3-4, week is represented as a series of dummy variables with week 2 as the reference
week. Standard errors clustered on student.

*p <.05, **p < .01, ***p <.001



DATA INSIGHTS INTO PANDEMIC LEARNING

Appendix D
Predicting Level Performance from Alignment between Objective and Instruction
Coefficient Standard Error
Obj/Content Aligned 0.0001 (0.0036)
Objective:
2 0.1226%* (0.0210)
3 0.1111%** (0.0162)
4 0.0092 (0.0116)
5 0.2062%** (0.0150)
6 0.0349%** (0.0069)
7 -0.1557%%% (0.0051)
8 -0.0717%%* (0.0076)
9 -0.1662%** (0.0068)
10 -0.0302%%* (0.0062)
11 -0.0126 (0.0066)
12 -0.035%** (0.0077)
13 -0.0022 (0.0074)
14 -0.0543%%* (0.0072)
15 -0.0438*%** (0.0073)
16 0.0278** (0.0082)
17 -0.0351%** (0.0058)
18 0.0019 (0.0069)
19 0.1452%%x (0.0103)
20 -0.2164%%% (0.0082)
21 L0.077%%* (0.0085)
22 10,044 %% (0.0079)
30 -0.0098 (0.0071)
31 -0.0243% (0.0073)
32 -0.0065 (0.0087)
40 -0.114%%* (0.0089)
50 0.0788*** (0.0080)
52 0.0878%** (0.0081)
54 0.095%** (0.0083)
56 -0.0016 (0.0086)
58 -0.0772%%* (0.0093)
60 0.0592%** (0.0107)
Constant 0.7699%** (0.0049)
N (students) 1,891
N (plays) 174,639
R2 2366

Note. Standard errors in parentheses. Regression uses student-level fixed effects and therefore
only examines variance within student.
*p <.05, **p <.01, ***p <.001



