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ABSTRACT

PROFILES OF STUDENT ENGAGEMENT IN SYNCHRONOUS AND ASYNCHRONOUS
SCIENCE INSTRUCTION

By
Matthew J. Schell

Virtual instruction at the K-12 level is on the rise, yet we know very little about the ways
students engage in different types of virtual instruction. The goals of this study were to: 1)
describe high school students’ engagement in virtual science courses in terms of behavioral,
affective, cognitive-value, and cognitive-self regulatory dimensions; 2) explore whether
students’ engagement patterns across these dimensions differed depending on whether science
activities were synchronous or asynchronous; and 3) examine whether these engagement patterns
were associated with students’ final course grades or over-summer retention in a virtual high
school. Students enrolled in a range of science courses at virtual high school (n=124) provided
multiple reports (n=493) of their engagement during both synchronous and asynchronous
learning activities. Latent Profile Analysis (LPA) conducted with these data suggested five
distinct situational engagement profiles representing different constellations of the affective,
behavioral, cognitive-value, and cognitive-self-regulatory dimensions of engagement. During
synchronous instruction, students tended to engage in ways characterized by higher engagement
in all dimensions compared with asynchronous instruction. These high engagement profiles were
also associated with higher final course grades. There were few differences in the extent to
which profiles predicted retention; however, lower self-regulation was associated with higher

rates of retention.
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INTRODUCTION

The number of K-12 students taking online courses and enrolling in virtual schools is
increasing. For example, during the 2004-05 school year only 300,000 students were enrolled in
these types of courses; however, by 2019, prior to the COVID-19 pandemic, that number had
grown to over 1 million online course enrollments and up to 1.5 million students taking online
credit recovery courses (Digital Learning Collaborative, 2020). Enrollment in full-time 100%
virtual schools grew from around 10,000 nationally in 2000, to 375,000 in 2019 (Miron et al,
2018; Digital Learning Collaborative, 2020). The COVID-19 pandemic exponentially increased
students’ participation in virtual education, with over 90% of households with school age
children experiencing some form of virtual learning during this period, even if only temporarily
(Mcelrath, 2020). Because of the ubiquity of virtual education in today’s educational landscape,
it is increasingly important that practitioners and researchers understand how educators can best
support students’ engagement in virtual learning spaces to promote positive educational
outcomes.

Engagement is a particular challenge for virtual educators. As enrollment at virtual
schools has steadily increased, so have concerns about high rates of attrition (Aud et al., 2012;
Hawkins & Barbour, 2010). For example, a report by Grad Nation indicated that 61% of virtual
schools suffer from low graduation rates (defined as a graduation rate less than 67%) compared
with only 4% of traditional schools (Atwall et al., 2020). Additionally, Baker et al. (2007) and
San Pedro et al. (2014) reported that students participating in virtual learning tend to disengage
in a variety of ways. Student engagement has reportedly suffered to an even greater extent during
the COVID-19 pandemic (Toth, 2021). Since engaged students are more likely to finish school,

learn more, and experience higher achievement, keeping virtual students engaged is of utmost



importance to increase retention and graduation rates (Greene et al., 2004; Heddy & Sinatra,
2013; Reschly and Christenson, 2012).

Virtual education can be divided into two broad types of learning experiences:
synchronous and asynchronous learning. Due to inherent differences in how teaching and
learning happens in these two instructional modalities it is likely that the way students engage
differs, partially based on the technological constraints and affordances characteristic of
synchronous and asynchronous learning. This is important because a basic understanding of how
students engage in these two instructional modalities is the first step towards designing virtual
experiences which encourage students to engage more fully with their learning.

I sought to explore the ways that students engage in science instruction at a virtual high
school and to explore whether there is systematic variation in how students engage by learning
modality. Additionally, this study will examine the association between students’ engagement in
virtual science instruction and two educational outcomes: 1) their persistence at their current
school and 2) their final course grade. Engagement is closely linked with dropout and persistence
in face-to-face schools (Finn, 1989; Reschly & Christenson, 2012). A deeper understanding of
student engagement in virtual spaces my hold similar promise for understanding the roots of

persistence in these types of learning environments.

LITERATURE REVIEW

WHAT IS ENGAGEMENT?
Student engagement is often thought of as the active embodiment of students’ motivation;
yet, it has long been hampered by the lack of a clear definition. In the Handbook of Research on

Student Engagement Christenson et al. (2012) offers the following definition based on a



synthesis of studies representing decades of research from numerous disciplines and many

scholars.
Student engagement refers to the student’s active participation in academic and
co- curricular or school-related activities, and commitment to educational goals
and learning. Engaged students find learning meaningful, and are invested in their
learning and future. It is a multidimensional construct that consists of behavioral,
cognitive, and affective subtypes. Student engagement drives learning; requires
energy and effort; is affected by multiple contextual influences; and can be
achieved for all learners (p. 816-817).

Research shows that how one engages in academic activities may depend on individual
characteristics (gender, ethnicity, SES; Fredricks et al., 2018; Shernoff & Schmidt, 2008;
Tomaszewski et al., 2020), one’s relationships and interactions with others such as teachers,
peers, and parents, and the context of their learning environment (Skinner & Pitzer, 2012).
Models of engagement vary in the number of dimensions they include, and in how those
dimensions are defined. However, multiple reviews of the engagement literature demonstrate
that the behavioral, affective and cognitive dimensions are the most commonly identified and
studied engagement dimensions (Christenson et al., 2012; Fredricks et al., 2004; Fredricks &
McColskey, 2012). Additionally, research in science has regularly framed engagement using
these three dimensions (Sinatra et al., 2015; Vedder-Weiss, 2017). Conceptualizing engagement
as consisting of these three dimensions is productive because previous work has shown that
students can be simultaneously highly engaged in some of these dimensions, but not in others.
These unique patterns of engagement are differentially related to important educational outcomes

such as academic achievement, academic integrity, and educational aspirations (Connor & Pope,



2013; Wang & Peck, 2013). In keeping with past theoretical traditions, and taking note of the
associations between patterns of engagement and important academic outcomes, this study

conceptualized engagement as consisting of affective, behavioral, and cognitive components.

DIMENSIONS OF ENGAGEMENT

Evidence suggests that positive activating emotions, such as enjoyment, hope, and pride,
are positively correlated with achievement, and negative deactivating emotions, such as boredom
and hopelessness, impair academic performance (Pekrun, 2006; Pekrun et al., 2002). In
alignment with previous work this study conceptualized affective engagement as consisting of
positive emotions such as interest and enjoyment (Fredricks et al., 2004; Schmidt et al., 2018;
Skinner et al. 2009).! Importantly, studies in virtual settings have commonly conceptualized
affective engagement in ways similar to their face-to-face counterparts (Borup et al., 2014;
Dixson, 2015). It is also important to acknowledge that some emotions which may be construed
as negative, such as frustration, may sometimes manifest themselves in students who are highly
engaged (Baker et al., 2010). For example, a student may become frustrated working on a
difficult problem, or angry when learning about global warming, while remaining highly
engaged in learning. Although emotions are considered an important variable in the quality of
student learning, research on emotions in science classrooms is lacking (Fortus, 2014; Wickman,
2006). A better understanding of the role that emotions play in predicting important academic
outcomes will enable policymakers, teachers, and school administrators to enact practices which

are supportive of students’ affective engagement.

! Note that some models of engagement do not include an affective engagement dimension (Finn, 1989; Martin,
2007), and other researchers do not view emotions as a distinct dimension of engagement, but as a predictor of other
forms of engagement (Pekrun & Linnenbrink-Garcia, 2012).



Studies have examined behavioral engagement at a variety of levels: from school level
engagement to momentary engagement during learning activities (Appleton et al., 2006; Gobert
et al., 2015; Schmidt et al., 2018). The purpose of this study was to describe the way students
engaged during classroom instruction in two common instructional modalities, and so
conceptualized behavioral engagement as the concentration, effort, and work students put into
their academic activities during synchronous and asynchronous instruction (Heddy et al., 2014;
Skinner et al., 2009). Behavioral engagement is important because of its role in predicting
numerous academic and social outcomes such as academic coping, resilient mindsets, increased
learning, and higher achievement (Appleton et al., 2008; Klem & Connell, 2004; Skinner &
Pitzer, 2012). Sinatra et al. (2015) found strong links between behavioral engagement and
achievement outcomes in science; however, these achievement outcomes typically relied on low-
level processing tasks, such as simple recall. The researchers suggested that students who engage
along multiple dimensions of engagement may be more successful when faced with complex
achievement tasks in science domains, underscoring the need to conceptualize engagement as a
multidimensional construct.

The conceptualization of cognitive engagement is particularly rife with variation in the
way researchers choose to define it; however, Fredricks et al. (2004) identified two distinct
definitions of cognitive engagement. One approach focuses on the degree to which students
perceive their academic activities as valuable and important. Research in the engagement field
commonly includes a value component (Appleton et al., 2006; Connor & Pope, 2013; Schmidt et
al., 2018). The other approach emphasizes metacognition and self-regulatory strategies (Ainley,
2012; Cleary & Zimmerman, 2012). Research examining engagement in virtual environments

has made the distinction between these two types of cognitive engagement in ways similar to



face-to-face learning (Borup et al, 2014; Dixson, 2015). Both cognitive engagement definitions
suggest that the way students cognitively engage with learning situations is variable, and based
on context. However, it is possible that some students may engage highly with self-regulatory
strategies, but do not value the content they are learning. Therefore, cognitive engagement was
defined as two separate dimensions in this study: cognitive-self-regulatory, and cognitive-value.
The cognitive-self-regulatory dimension was conceptualized as the cognitive processes
purposefully employed by students during learning (Fredricks et al., 2016; Pintrich & De Groot,
1990). The cognitive-value dimension was conceptualized similar to Schmidt et al. (2018) and
Connor and Pope (2013) as the degree to which students perceive their academic activities as
valuable and important to themselves and their future goals.

Cognitive engagement is linked to a variety of important educational outcomes. Increased
levels of cognitive engagement are associated with higher achievement (Greene et al., 2004) and
increased motivation (Guthrie et al., 2004). Additionally, after reviewing the literature on
cognitive engagement, Green (2015) found that, although we know less about the predictors and
outcomes of cognitive engagement in science compared with other domains, cognitive
engagement was indeed associated with increased achievement in science classes. A more
complete knowledge of cognitive engagement will give educational professionals better ways to
cultivate cognitive engagement in their classrooms and give researchers deeper insight into how
cognitive engagement encourages academic outcomes.

Although these dimensions of engagement are not wholly distinct from one another in a
variety of domains including science, researchers commonly conceptualize and measure
dimensions of engagement as separate, but related, constructs (Sinatra et al., 2015; Wickman,

2006). Multiple research studies support the duality of the claim that dimensions of engagement



are related yet distinct. When multiple dimensions of engagement were assessed separately
researchers found moderate correlations between dimensions ranging from 0.4 — 0.55 and that
modeling these dimensions separately produced more accurate representations of the data
(Appleton et al., 2006; Reeve & Tseng, 2011; Schmidt et al., 2018; Skinner et al., 2009). Other
studies have suggested that students might be engaged in one dimension, but not engaged in
other dimensions (Renninger & Bachrach, 2015; Sinatra et al., 2015). Modeling and describing
multidimensional frameworks of engagement is needed to more thoroughly understand how
different dimensions contribute to important academic outcomes. For instance, some studies
have found that behavioral engagement and cognitive engagement are both associated with

higher academic achievement (Fredricks & McColskey 2012; Greene, 2015).

A PERSON-ORIENTED APPROACH TO ENGAGEMENT

Broadly, person-oriented approaches are those which consider multiple variables
functioning together and simultaneously within individuals (Bergman & Trost, 2006). The
common conceptualization of engagement as multidimensional suggests that a person-oriented
approach may provide valuable insights. Person-oriented approaches allow researchers to
describe how students experience multiple dimensions of engagement differently or similarly
and simultaneously. This approach is an alternative to variable-oriented modeling approaches,
which require researchers to create an aggregate measure of engagement, or to describe one
dimension of engagement while controlling for the others. Indeed, recent research in the
motivation and engagement fields have explored how person-oriented approaches can give
unique insights into how students engage (Conner & Pope, 2013; Schmidt et al., 2018;
Wormington & Linnenbrink-Garcia, 2017). To summarize, person-oriented approaches give

researchers a more holistic view of student engagement by identifying particular constellations of



engagement and exploring how they are associated with predictors and outcomes, rather than
testing for effects of individual dimensions separately.

One of the first studies to explore profiles of engagement using a person-oriented
approach was Connor and Pope (2013). They theorized a taxonomy consisting of seven possible
profiles defined by varying levels of engagement in the affective, behavioral, and cognitive
dimensions, providing empirical support for three of these profiles using cluster analysis.
Subsequent studies have continued to find evidence of the multidimensionality of engagement in
traditional face-to-face classrooms using a variety of engagement frameworks. Salmela-Aro et al.
(2016) examined engagement through the concept of burnout, although separate dimensions of
engagement were not specified. Van Rooij et al. (2017) studied how school level engagement
profiles predicted academic success in college. Finally, Schmidt et al., (2018) constructed
momentary engagement profiles in face-to-face high school classrooms using cluster analysis.
Although these studies provide evidence to suggest the different ways students might engage,
few studies have explored this variability in science classrooms (Schmidt et al., 2018 being a
notable exception), none explored student engagement in virtual learning environments, only
some used the most recent statistical techniques (Magidson and Vermunt (2002) note that latent
profile analysis is now considered the superior choice for person-oriented approaches compared
with traditional cluster analysis), and just one created profiles at a grain size smaller than the
school level. In this study I addressed unique questions regarding student engagement by using
the most recent statistical techniques to understand how virtual high school students engage

during classroom instruction.



THEORIZED AFFORDANCES AND CONSTRAINTS OF SYNCHRONOUS
AND ASYNCHRONOUS INSTRUCTION

Students attending virtual high schools generally experience a mix of synchronous and
asynchronous instruction in their courses. Synchronous instruction takes place in real time using
technologies such as video conferencing, instant messaging, tele-conferencing, or other means of
live communication (Watts, 2016). Asynchronous instruction is characterized by time
independent communication between participants such as text-based lessons, discussion forums,
email, collaborative virtual spaces, and virtual bulletin boards. Learners are free to access the
educational content anywhere, at any time, and complete assignments and lessons when
convenient (Watts, 2016). Each instructional modality has unique affordances and challenges
that may differentially support students’ engagement across a variety of dimensions when
learning.

Theories of motivation identify relatedness as a basic human need necessary for
individuals to feel motivated and engaged (Ryan & Deci, 2000). Synchronous instruction may
have greater affordances than asynchronous instruction for supporting students’ engagement
through relatedness because it may allow students to experience higher quality interpersonal
interactions in real time. For example, during synchronous sessions students can work together in
small groups to complete an assignment, providing an opportunity to discuss academic topics
and have more casual conversations, both of which might enhance perceptions of relatedness.
Studies suggest that synchronous instruction can result in rich interpersonal communication,
increased sense of belonging, and increased social presence (Falloon, 2011; Giesbers et al., 2014;
Nippard & Murphy, 2007). Multiple studies have found that including synchronous interactions

in online courses strengthens social presence and interpersonal relationships (Gunawardena &



Zittle, 1997; Yamagata-Lynch, 2014) and that instantaneous communication with teachers and
other students is advantageous compared with asynchronous learning (Lin & Gao, 2020; Watts,
2016). Conversely, multiple studies found that asynchronous instruction leads to lower feelings
of social presence, relatedness, or sense of belonging (Francescucci & Rohani, 2019; Hrastinski,
2008; Lin & Gao, 2020). Students who lack feelings of relatedness or social presence are more
likely to become less motivated and disengage from the course (Anderman, 1999; Skinner &
Furrer, 2003).

Autonomy is another basic need that humans require to experience motivation and
engagement (Ryan & Deci, 2000). In education, higher feelings of student autonomy are linked
with increased student engagement (Reeve et al., 2004; Vasalampi et al., 2009). Teachers
commonly provide autonomy support by offering choice to students (Flowerday & Schraw,
2000). Perhaps the clearest affordance of asynchronous learning is that learners may choose
when to complete assignments, where to access the content, and the pace at which to move
through lessons (Pang & Jen, 2018). For instance, a student who works a part-time job during
weekday afternoons to help pay household bills would benefit from the flexibility afforded by
asynchronous instruction. While there are certainly multiple ways that synchronous instruction
might be structured to support students’ autonomy, at a very broad level this instructional
modality typically restricts when, where, and how students can participate in learning activities.
Students who are forced to attend synchronous sessions at inopportune times or places may
experience lower engagement due to tiredness, mental fatigue, or distractions at home or in a
public place (Olson & McCracken, 2015).

During asynchronous learning students may explore additional resources or topics of

interest without the time constraints and pressures of a synchronous agenda (Lin & Gao, 2020).
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Students can move through an asynchronous lesson as quickly or slowly as they need to stay
engaged. Since asynchronous instruction does not require immediate responses, studies have
found that learners think more deeply about questions, reflect more, and consider discussion
prompts to a greater degree prior to expressing their ideas compared to synchronous instruction
(Brierton et al., 2016; Falloon, 2011; Lowenthal et al., 2017). Additionally, some asynchronous
learning experiences lead to more self-directed learning behaviors and cognitive engagement
(Lin & Gao, 2020).

Since communication is dynamic during synchronous instruction, discussions about the
relevance, meaningfulness, or usefulness of the content can be more tailored and nuanced
compared with asynchronous learning. For example, during a lesson on aquatic ecosystems in a
Biology course a student might ask why a local pond has no plants or fish. The answer might be
that runoff from a local manufacturing site has turned the water too acidic to support life,
sparking a discussion about acids and bases, connecting both Biology and Chemistry concepts
within the context of aquatic health. On the other hand, asynchronous instruction allows students
time to reflect, think, and absorb content which may allow them to more deeply consider the
relevance of the information, and subsequently engage at a higher level compared with
synchronous instruction. For instance, after exploring a lesson on radioactive half-life, a student
might pause their forma learning to explore more about how this topic impacts a local nuclear
power plants by watching some videos about the difficulties posed by storing nuclear waste.
Making content relevant is important because making academic content more applicable, useful,
or meaningful to students for purposes outside of school is linked with higher student

engagement (Anderman et al., 2011; Schmidt et al., 2018; Wang & Eccles, 2013).
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Teacher enthusiasm is often conceptualized as teachers expressing positive emotions and
teaching with high energy in the classroom (Barsade & Gibson, 2007; Kunter et al., 2011;
Zhang, 2014). Studies show that teachers who are enthusiastic in their teaching result in students
who are more engaged affectively, behaviorally, and cognitively (Patrick et al., 2000; Zhang,
2014). Synchronous instruction allows students to hear voice inflection and see facial
expressions and body language, both of which are important for expressing high energy and
enthusiasm. However, teachers may find it more difficult to express their enthusiasm for content
during asynchronous instruction since there is typically substantially less student-teacher

interaction in this modality.

Students at most virtual K12 schools (including this one) encounter the same academic
content both synchronously and asynchronously. Few studies describe the student experience
when participating in both modalities. It may be the case that students engage differently in each
modality when they are given the opportunity to participate in both. Describing how students
broadly engage in each of these modalities is an important first step to understanding the
differences in the way students experience synchronous and asynchronous instruction.
Understanding how students engage in each of these modalities may help teachers design virtual
learning experiences to encourage engagement and allow researchers to better understand how

engagement operates in online courses.

ENGAGEMENT AS A FACILITATOR FOR RETENTION AND GRADES

Given the high attrition rates observed in K-12 virtual schools, examining student
retention is an important phenomenon to consider. In fact, virtual schools suffer from
substantially lower graduation rates than traditional public schools (Atwall et al., 2020). High

engagement may be one way to increase low retention. Multiple decades of research show that
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higher student engagement is associated with lower dropout rates of students in traditional school
settings (Finn, 1989; Reschly & Christenson, 2012; Rumberger & Rotermund, 2012). Little
research exists examining the association between engagement and retention in virtual high
school settings; however, researchers have examined the association between student
engagement and retention in other online environments. In a review of the literature around
student retention in higher education online learning courses Muljana (2019) found that students
were more likely to remain enrolled when their instructors employed strategies to encourage
engagement. For example, in courses where instructors helped foster a sense belonging among
students and provided adequate feedback, retention rates were high. Additionally, recent work
has examined the association between engagement and retention in Massive Open Online
Courses (MOOCs). Xiong et al. (2015) and Chaw and Tang (2019) found that students who were
more highly engaged in a MOOC were significantly more likely to finish the course. Given the
evidence that suggests engagement and retention are closely linked constructs in a variety of
settings, it seems likely they are associated in virtual high school settings also.

Course grades are one way that achievement in high school science courses is commonly
operationalized. A large body of research connects higher engagement with higher achievement
in face-to-face science courses. Grabau & Ma (2017) found that multiple measures of science
engagement significantly predicted higher scores on a science achievement test. Additionally,
multiple studies have found that increased behavioral, cognitive, and affective engagement

predict higher science achievement (Mo, 2008; Reschly et al., 2008; Ucar & Sungur, 2017).

CURRENT STUDY

In this study I described different ways that students engaged during virtual high school

science instruction by identifying a set of “engagement profiles” consisting of affective,
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behavioral, cognitive-self-regulatory, and cognitive-value dimensions. Since it is likely that
membership in these profiles is fluid, partly based on the context of the learning environment,
this study explored the extent to which instructional modality (synchronous vs asynchronous)
predicted engagement profile membership and subsequently the extent to which engagement
profiles predicted students’ over-summer retention and final course grades in science. Thus, |

examined three research questions:

1. What profiles of engagement do students display in virtual high school science courses?

2. To what extent is instructional modality (synchronous vs. asynchronous) associated with
students’ situational engagement profiles?

3. To what extent are the ways students engage differentially related to over-summer

retention and final course grade in science?

METHODS

STUDY PROCEDURE

Data were collected through brief, repeated online surveys administered at the end of
daily lessons in which students were asked to report on multiple dimensions of their engagement
during that day’s learning activities. Data were collected for five weeks during the spring
semester, with the timing of data collection planned to avoid standardized testing and end-of
semester activities.

Teachers participating in the study collected students’ reports of their engagement as part
of their normal classroom instruction, and consent was sought to use these data for research
purposes. Prior to the study, all procedures were approved by the human subjects review boards
at the university that conducted the research and the school district in which the study was

conducted. Ethical safeguards were respected in the treatment of all research data as described in
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the American Psychological Association’s Ethical Principles of Psychologists and Code of
Conduct (APA, 2017). Permission was obtained from the school and teachers to conduct this
study. All students (and guardians for those under age 18) whose data was used in this study
provided active consent. Teachers and a school administrator emailed consent letters to all
parents and assent letters to all students prior to the study launch, and reminders to complete
consent and assent forms were sent throughout the study (Appendix A). Teachers also emailed
parents and students a recruitment letter describing the study and prompting parents and students
to complete the consent and assent forms (Appendix B). Return of consent and assent forms was
incentivized by giving away several Amazon gift cards via a random drawing at the conclusion
of the study.

Students were given a total of ten surveys measuring their perceptions of engagement
over the course of five weeks. One time each week students completed a survey at the end of a
synchronous lesson and at the end of an asynchronous lesson. Students were expected and
encouraged to both attend the daily synchronous sessions and to complete the asynchronous
lessons. Data were gathered from synchronous sessions on the same days that data was gathered
from asynchronous lessons. All surveys contained the same questions asking students to reflect
on their behavioral, affective, cognitive-self-regulatory, and cognitive-value engagement over the
course of the preceding lesson. Teachers posted links to surveys at the end of selected
asynchronous text-based lessons. Lessons were selected in consultation with teachers and had
features consistent with most lessons in the course. That is, the selected lessons were “business
as usual” in the context of the course. At the end of synchronous lessons teachers provided
students a link to the survey and gave students time to complete it in class. Additionally, teachers

sent out reminder emails to all students on survey days.
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SETTING

This study took place at a virtual high school in Michigan. The high school serves
students in grades 9-12, enrolls approximately 1,200 students and has existed for 6 years. All
students in attendance at this high school are Michigan residents, with many students residing in
the larger urban centers of the state. The school was in its fourth year of implementing NGSS
and curriculum at this school was mapped to NGSS prior to the start of the school year. Study
participants were recruited from five science courses including: Physical Science, Chemistry,
Earth Science, Veterinary Science, and Forensic Science. These courses represent all commonly
taken science courses at this school with the notable exception of Biology. Curriculum and
pacing were standardized across sections of the same course.

Major concepts within each course were organized into units, and units were broken
down into daily lessons. Each lesson featured an asynchronous component in which students
were expected to independently access and review a variety of text-based resources including
diagrams, photos, figures, tables, graphs, and short activities. Students had the freedom to
complete the asynchronous lesson at any point during, or after, the day they were assigned.
Lessons also included a synchronous component which featured a 45-minutes video
conferencing lesson with teachers and the other students in the class. For each synchronous and
asynchronous lesson component in which data were collected, teachers reported the primary
instructional activity during that portion of the lesson. Teachers reported using a variety of
instructional activities during synchronous and asynchronous sessions, though certain activities
were more common within each modality. The most common primary instructional activity
reported during asynchronous instruction was reading (45%); however, asynchronous sessions

included a variety of other primary instructional activities reported including: video, completing
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review notes, quizzes, and labs which together accounted for 55% of the total observations. Each
day students attended a synchronous session and completed a complementary asynchronous
lesson, providing students two opportunities, using different modalities, to counter the same
topic. The most common type of primary instructional activity reported during synchronous
instruction was lecture (38%); however, teachers also reported: practice questions, guided notes,
labs or simulations, discussions, and small group work as primary, which together accounted for
62% of the instructional activity observations. See Tables C1 — C7 in Appendix C for a complete

summary of the academic content and instructional activities during each day of data collection.

PARTICIPANTS

Five science teachers agreed to participate in the study and the study was open to all
students enrolled in a course with a participating teacher. A total of 124 students consented to
have their data used for research purposes out of a possible 768 students, resulting in a 16.1%
participation rate, which is in line with what the school typically experiences when surveying
students. The curriculum and pacing were standardized across sections of the same course. All
high school grade levels (9" — 12) were represented in these courses. See Table 1 for full

demographic information.

MEASURES

DIMENSIONS OF ENGAGEMENT

Student self-perceptions of engagement in affective, behavioral, cognitive-self-
regulatory, and cognitive-value dimensions were measured using modified versions of
previously validated surveys. All survey items measuring engagement were on a 5-point Likert-
type scale from 1 (Strongly disagree) to 5 (Strong agree). To assess affective and behavioral

engagement I used a modified version of Skinner et al.’s (2009) questionnaire. Affective
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engagement was measured with four survey items. Sample questions include, “I felt interested in
what [ was working on during my lesson today.” and “The lesson today was fun.”. Behavioral
engagement was measured with five survey items. Sample items include, “I tried hard to do well
during this lesson.” and “I concentrated while doing my lesson today.”. To measure cognitive-
self-regulatory engagement I utilized four items based on Pintrich and De Groot (1996) and
Fredricks (2016). Sample items included, “I asked myself questions throughout the lesson today
to make sure I understood the material.” and “In my lesson today, I tried to connect what I was
learning to things I have learned before.”. Finally, to assess cognitive-value engagement I used
four survey items based on Voelkl (1996), Schmidt et al. (2018), and Connor and Pope (2013).
Sample items included, “This lesson was important to me.” and “This lesson was important to
my future.”. Items corresponding to each dimension of engagement were subjected to
confirmatory factor analysis to construct composite indicators. This process is described in the

preliminary results section. See Appendix D for full measures.

PREDICTORS OF ENGAGEMENT

All courses consisted of both a synchronous and asynchronous component. Each student
report was identified as coming from either a synchronous or asynchronous learning experience.
This instructional modality indicator was explored as a predictor of students’ engagement
profiles.

Individual characteristics often have important implications for how students engage in
science (Skinner & Pitzer, 2012). These characteristics include: gender, ethnicity, and socio-
economic status (SES). All variables were obtained from school records and were
operationalized as: gender (male, female: this school does not have a non-binary indicator),

ethnicity (White, Asian, Black, Latinx, Native American, Alaska Native), and SES (qualification
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for free or reduced lunch). In this study an underrepresented minority in STEM (URM) was

defined as ethnicities other than White or Asian and students.

OUTCOME MEASURES

I used engagement profiles to predict two outcome variables, final course grade and over-
summer retention, while controlling for individual characteristics and instructional modality
(gender, URM, SES, and instructional modality). Grades and over-summer retention data were
obtained from school records. Grades were recorded on a 0 — 100-point scale. Over-summer
retention was operationalized as the students who attended the same school during spring
semester 2021 and fall semester 2021 (students who were retained to the next school semester),
which is not the same as dropout or graduation rates>. Students who were not retained may have
enrolled elsewhere, and their departure from school may have many explanations. However,
examining this particular persistence indicator allowed the consideration of whether students
who remain in this unique learning environment engage in their learning experiences in different

ways from those who (for a number of unknown reasons) withdraw.

ANALYSES

Latent Profile Analysis (LPA) was used to identify student engagement profiles
consisting of affective, behavioral, cognitive-self-regulatory, and cognitive-value dimensions
modeled as observed variables using factor scores®. The profile identification process involves
examining several different models with various assumptions about the mean, variances, and

covariances of the indicators used to construct the profiles. Fit statistics, theoretical

2 Since all 12™ graders in this study graduated at the conclusion of the spring semester they were excluded from
analyses which involved over-summer-retention.

3 Indicators were initially modeled as latent variables; however, model identification issues necessitated modeling
indicators as observed variables using factor scores.
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interpretability, and considerations of parsimony are then used to select the profile solution. In

this study I considered 6 different model types:

e Model 1: Varying means, equal variances, and covariances fixed to 0

e Model 2: Varying means, equal variances, and equal covariances

e Model 3: Varying means, varying variances, and covariances fixed to 0
e Model 4: Varying means, varying variances, and equal covariances

e Model 5: Varying means, equal variances, and varying covariances

e Model 6: Varying means, varying variances, and varying covariances

For each of these models I examined solutions of 2 to 10 profiles for a total of 54 models.
If a model did not converge, I increased the number of starts and iterations and reran the model.
No further analysis was completed on models which did not converge after increasing starts and
iterations. To account for the nesting of observations within students I used the TYPE =
COMPLEX command in Mplus to adjust the standard errors to match the clustering of
observations within students.

To select a final model solution I followed the three steps suggested by Morin et al.
(2016) and Nylund et al. (2007). I first used fit statistics (primarily BIC) to identify several
candidate solutions (Nylund et al., 2007). Next, I considered theoretical interpretability of the
candidate solutions. This included graphing the raw and z-scored means of each profile, and
considering profile size, the variance/covariance structure of the profiles, and the theoretical
meaning of each profile. In the third step, I considered both entropy and posterior classification
percentages to quantify how well the proposed model solution did at classifying observations

into the correct profile.
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After selecting an optimal profile solution instructional modality and covariates were
added as predictors of profile membership using the 3-step method (Asparouhov & Muthén,
2014). The 3-step method uses separate multinomial logistic regressions in a pairwise fashion to
compare all possible profile combination and has the advantage of reducing the likelihood of
profile membership shift when adding predictors to the model compared with other methods. For
example, one logistic regression was used to compare profile 1 to profile 2. Another logistic
regression was used to compare profile 1 with profile 3, and so forth.

Finally, profile membership was used to predict the final grade that students earned in
their science course, along with whether they returned to the same school for the fall 2021
semester. Outcomes of profile membership were modeled using the manual ML 3-step method
approach to include instructional modality, gender, URM, and SES as covariates, as
recommended by Nylund-Gibson et al. (2019). The manual ML 3-step method allows the
researcher to control for covariates, more accurately represent uncertainty of profile membership,
and investigate a broader array of distal outcomes compared with automated approaches in
Mplus (Asparouhov & Muthen, 2014; Nylund-Gibson, et al. 2019). Appendix E gives more

information about finite mixture models and latent profile analysis.

RESULTS

PRELIMINARY RESULTS

Students had the opportunity to answer five synchronous and five asynchronous surveys
throughout the course of the study. Students who consented to their data being used for research
purposes generated a total of 493 survey responses (336, or 68%, asynchronous survey
responses, 157, or 32%, synchronous survey responses). This corresponds to an average of 3.98

surveys per student. Tables 2 through 6 provide overall descriptive statistics and within-person
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and between-person correlations for all study variables. Correlations at both levels mostly
followed expected patterns for correlation among engagement dimensions and among indicators
within each engagement dimension. The exception was that two reverse-coded items within the
cognitive value dimension (“The lesson today was useless to me.” and “The lesson today was a
waste of time.”) exhibited low within-person correlations with the remaining cognitive-value
items. Additionally, both Krosnick & Presser (2010) and Hughes (2009) suggest reverse coded
items my introduce measurement error, and express caution about their use in applied research.
Therefore, these items were removed from subsequent analyses.

Prior to latent profile enumeration, a CFA with adjusted standard errors to account for the
multi-level nature of the data (i.e., multiple observations within the same student) was performed
to confirm the theorized four-factor structure of student engagement. Intraclass correlation
coefficients indicated that between 66% and 77% of the variation in the four dimensions of
engagement was due to between-person differences, and 0% to 5% was due to enrollment in
different science classes. The substantial amount of variance explained at the between-person
level necessitated adjusting the standard errors of the CFA. The loadings of one item in each
factor were fixed to one, other loadings were estimated freely. The model fit the data well
(x3(113) = 283.623, CF1 = 0.961, RMSEA = 0.055). Standardized loadings were between 0.654
and 0.9.

Measurement invariance testing by instructional modality, gender, underrepresented
minorities in STEM, and SES all achieved strict invariance between groups. Strict invariance is
the highest degree of invariance possible and means that all engagement survey items measured

the same dimensions of engagement in each group with the same degree of precision.
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A series of analyses were performed to check for differences in response rates based on
gender, ethnicity, socio-economic status, and final course grades, and outcome variables based
on gender, ethnicity, and socio-economic status. Results of this analysis largely supported the
assumption that different groups did not respond to surveys at different rates, and that there were
not significant differences between groups in their final course grade or their enrollment status,
with three exceptions. White and Asian students responded to a higher number of asynchronous
surveys compared with underrepresented minorities. Additionally, students with higher
achievement had higher response rates to the end of class surveys, on average. These biases will
be considered when interpreting results. Finally, students from a higher SES background earned
higher final science grades compared to their lower SES peers. To account for this systemic
difference in science grades SES was included as a covariate when examining outcomes of

profile membership. See Appendix F for more detailed missing data analysis information.

PROFILES OF STUDENT ENGAGEMENT

To describe engagement in virtual high school science courses, I used Latent Profile
Analysis and the statistical program Mplus version 8.6 (Muthén & Mutheén, 1998-2020) to
identify engagement profiles with affective, behavioral, cognitive-self-regulatory, and cognitive-
value indicators. For all analyses, standard errors were adjusted to account for the nesting of
responses within students. Of the six model types tested, only two models (Model 1 — varying
means, equal variances, and covariances fixed to 0; Model 2 - varying means, equal variances
and covariances) resulted in meaningful profile solutions that converged and were interpretable.
For both models 1 and 2 the four, five, and fix profile solutions were identified as candidates for
a final solution. The 5-profile solution from model 2 was selected based on fit indices (primarily

BIC), theoretical interpretability, and parsimony (Masyn, 2013; Morin et al., 2016). See Table 7
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for fit statistic of candidate models. Additionally, model 2 estimated covariances between profile
indicators, which more accurately represented the relationship between engagement dimensions.
Although the six-profile solution from model 2 had a lower BIC, the additional profile added in
this solution was below the commonly accepted threshold of 1% of total observations for model
inclusion (Spurk et al., 2020). To confirm a stable profile solution the five-profile solution from
model 2 was reproduced with double the number of starts and optimizations (2000 starts, 400
optimizations).

A MANOVA test, followed by Tukey’s honestly significant difference (HSD) post hoc
tests, evaluating the means of each dimension of engagement across profiles showed significant
differences between profiles (F(4, 488) = 135.48, p < .001, Wilks’ 2 = 0.06, #,> = 0.31). These
between-profile differences support the representation of each profile as a unique pattern of
engagement. Raw score profile means, 95% confidence intervals, and significance test results are
presented in Table 8.

Graphical depictions of both raw scores and z-scored profile means are depicted in Figure
1 and Figure 2. Profiles were named using guidelines suggested by Wormington and
Linnenbrink-Garcia (2017) and an engagement taxonomy proposed by Conner and Pope (2013).
Engagement dimensions with means below 2.5 were considered low engagement, between 2.5
and 4 were considered moderate engagement, and above 4 were considered high engagement.

The Moderate all profile was characterized by a concordant pattern of engagement,
whereby all dimensions were observed at approximately similar levels — in this case moderate
(affective M = 3.09, behavioral M = 3.097, cognitive-self-regulatory M = 2.642, cognitive-value

M =2.839). A total of 78 observations, or 16% of the total sample, were classified in this profile.
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The Mental profile (n = 10, 2%) contained observations with moderately low levels of
affective (M = 2.24) and cognitive-value engagement (M = 2.164), and low levels of behavioral
(M = 1.723) and cognitive-self-regulatory engagement (M = 1.455), suggesting a discordant
pattern of engagement (at least one dimension has a substantially different mean value compared
with other dimensions in the same profile). However, large standard errors around the means of
engagement dimensions suggest this characterization as discordant may, or may not, be
consistently observed with larger samples. Perhaps most striking was the extremely low level of
behavioral engagement, and the mean levels of all dimensions being the lowest in the entire
sample.

The Moderate/High all profile was the second largest profile, containing 191
observations, or 39% of the sample. This concordant profile was characterized by high
behavioral engagement (M = 3.996), moderately high affective engagement (M = 3.872), and
moderate of cognitive-self-regulatory (M = 3.469) and cognitive-value engagement (M = 3.57).

The next profile, Lower Self-regulatory, was one of the smaller profiles in the study (n =
17 or 3%), but was also one of two discordant profiles identified. The 95% confidence interval of
cognitive-self-regulatory engagement did not overlap with any other dimension suggesting
discordance among engagement dimensions in this profile. More specifically, this profile
consisted of high affective (M = 3.969) and behavioral engagement (M = 3.932), moderate
cognitive-value (M = 3.39) and moderately low cognitive-self-regulatory engagement (M =
2.285).

The High all profile was the largest profile in the study, and contained 197 observations,
or 40% of the sample. Means of all dimensions of engagement in this profile were well above

four on a 5-point Likert scale, suggesting observations in this profile represented quite high
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concordant engagement. Specifically, the high all profile contained observations displaying high
affective (M = 4.559), behavioral (M = 4.764), cognitive-self-regulatory (M =4.261), and
cognitive-value engagement (M = 4.382).

Variances of all dimensions of engagement, which were constant across profiles,
indicated significant within-profile variation in all dimensions of engagement (affective: 6> =
0.308, SE = 0.043; behavioral: > = 0.068, SE = 0.009; cognitive-self-regulatory: ¢*> = 0.319, SE
= 0.042; cognitive-value: 6*> = 0.478, SE = 0.058). Correlations between engagement dimensions

within each profile were significant and ranged between 0.462 and 0.832, similar to the range of

correlations in the overall sample (0.59 to 0.81).

INSTRUCTIONAL MODALITY AS A PREDICTOR OF ENGAGEMENT

Instructional modality, gender, URM, and SES were added to the model using the
automated (R3STEP) 3-step procedure in Mplus (Asparouhov & Muthen, 2014). A series of
multinomial logistic regressions between all profile pairs broadly revealed students were more
likely to engage at higher levels in all dimensions during synchronous learning and students from
lower socio-economic backgrounds were more likely to experience lower engagement compared
with their higher SES peers. Specifically, when students participated in synchronous instruction,
they were more likely to experience engagement characteristic of the high all profile compared
with both the moderate all profile (B = 0.89, p <0.05, OR = 2.44) and moderate/high all proftile
(B=0.70, p <0.01, OR = 2.01). Students who were eligible for free or reduced lunch had a
higher likelihood of experiencing engagement characteristic of the moderate all profile
compared with both the moderate/high all profile (p =-1.38, p <0.05, OR = 0.25) and high all
profile (B =-1.57, p <0.05, OR = 0.21). Notably, the two discordant profiles (mental and lower

self-regulatory) were not predicted by any included variable, possibly because of their small size
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and low power. Additionally, gender and URM were not predictive of profile membership. All
predictor variables and covariates were included in the regression models; therefore, the
regression coefficients may be interpreted as the independent effect of each predictor/covariate.
Results are reported in odds ratios to assist with interpretability. Table 9 contains odds ratios and

standard errors for all predictor variables and pairwise comparisons.

ENGAGEMENT AS A PREDICTOR OF GRADES AND RETENTION

To evaluate mean differences in final science grade and retention proportion between
profiles I employed the manual 3-step approach in Mplus. This method allows the researcher to
examine mean differences in outcome variables between profiles while also controlling for
covariates. Outcomes were evaluated in separate models because of non-random missingness in
the retention variable. All 12" graders included in this study graduated after spring semester
2021, and so did not return to the school for fall semester 2021. Therefore, the dataset for the
model which estimated mean differences in final course grade contained all observations, and the
model which estimated mean differences in over-summer-retention omitted observations from
12t graders.*

After adjusting for covariates (gender, URM, SES, and instructional modality) patterns of
engagement were significantly predictive of final course grades, with profiles characterized by
higher engagement predicting higher final course grades. Specifically, engagement characteristic
of the moderate all profile was associated with lower grades on average compared with

engagement characteristic of the moderate/high all profile (mean difference = 11.32, SE =4.31,

4 As a robustness check two additional methods for modeling outcomes were tested. In one method both grades and
retention were modeled simultaneously with all 12% graders removed from the dataset. In the second method both
outcomes were again modeled simultaneously; however, FIML was implemented to deal with missingness in the
retention variable for all 12" graders. Notably, the pattern of significant results was the same for all three options.
Additionally, the mean structure of the engagement profiles when omitting 12" graders was similar to the structure
with 12 graders included, further supporting the validity of the decision to model grades and retention separately.
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p = 0.030), the lower self-regulatory profile (mean difference = 17.37, SE = 5.09, p = 0.004), and
the high all profile (mean difference = 18.18, SE =4.01, p <0.001). Additionally, the
moderate/high all profile was associated with lower grades compared with the high all profile
(mean difference = 6.95, SE = 2.56, p = 0.009). Although not significant, the differences in mean
grades between the mental profile and all other profiles were quite large, ranging between 24.12
and 31.07. The absence of significance may be due to the small number of observations present
in the mental profile, reducing the statistical power of comparisons.

Different patterns of engagement were also significantly predictive of over-summer-
retention after adjusting for covariates. In this analysis over-summer-retention is reported as a
proportion of observations within each profile that returned to the school the next semester.
Specifically, the lower self-regulatory profile had a higher over-summer-retention proportion on
average compared with both the moderate/high all profile (mean difference = 0.26, SE =0.12, p
=0.034) and the high all profile (mean difference = 0.24, SE = 0.12, p = 0.047). Notably, the
lower self-regulatory profiles contained only 3% of the total observations. See Table 10 for all

mean comparisons of grades and retention.

DISCUSSION

In this study I described how students engaged in virtual high school science classrooms
in terms of multiple engagement dimensions, examined whether these engagement patterns were
meaningfully associated with instructional modality, and then tested whether students’
engagement patterns were predictive of final course grade and over-summer-retention. Analyses
identified several distinct patterns of engagement characterized by unique combinations of the
affective, behavioral, cognitive-self-regulatory, and cognitive-value dimensions that were

meaningfully distinct from one another. Results suggested that fuller forms of engagement were
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more likely to be observed in synchronous rather than asynchronous instruction, and among
students from a higher SES background. Students who spent more time in profiles characterized
by higher levels of engagement across all dimensions were more likely to earn higher grades in
their science course. Finally, this study found that more full forms of engagement are not
necessarily associated with increased likelihood of students returning to their current school;
however, these results should be interpreted with caution based on the small sample size of some

profiles.

SITUATIONAL ENGAGEMENT PROFILES

The identified engagement profiles suggested that students engage in meaningfully
distinct ways during virtual high school science instruction. The five identified profiles suggest
two broader patterns. Concordant patterns of engagement are characterized by all dimensions of
engagement moving together at similar levels. Alternatively, discordant patterns of engagement
are characterized by at least one dimension of engagement within a profile being at a
substantially different level compared with the other dimensions. Characterizing profiles as
concordant or discordant is useful as a broad categorization; however, it is important to note that
even profiles described as concordant exhibit varying degrees of discordance among their
indicators. For example, in the moderate/high all profile the magnitude of cognitive-self-
regulatory engagement is more similar to cognitive-value than to affective or behavioral
engagement. In this study, confidence intervals of engagement dimensions, interpretability, and
the magnitude of discordance among indicators were considered when characterizing profiles as
concordant or discordant.

Considering the correlation among engagement dimensions was moderate, it is perhaps

unsurprising that most observations in this study (94.5%) were more likely to be in a concordant
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profile. However, discordant profiles may signal important life or school circumstances that
impact how students engaged at school. For example, the mental profile might indicate students
are distracted by events outside of school such as weekend plans, and lower self-regulatory
engagement might indicate students need explicit instruction regarding self-regulatory strategy
use.

The tendency of engagement profile indicators to form concordant profiles has been
mirrored in several other studies examining student engagement profiles (Virtanen et al., 2018;
Wang & Peck, 2013). For example, Virtanen et al. (2018) found that students only engaged in
concordant ways. However, this study found discordant engagement to be substantially more
uncommon than other studies which constructed engagement profiles. In this study 5.5% of
profiles were characterized as discordant, whereas Connor & Pope (2013), Wang & Peck (2013),
and Schmidt et al., (2018) identified discordant profiles in 48%, 22%, and 50% of observations,
respectively. One reason for this difference in discordant profile membership may be due to
discrepancies in the frequency of specific instructional activities across studies. For instance, in
Schmidt et al. (2018) the most common instructional practice was laboratory activities, and these
activities were also consistently associated with membership in several different discordant
profiles. Comparatively, in this study virtual labs or simulations were one of the least common
instructional activities. This means that the instructional activity (i.e. laboratory/simulations) that
accounts for a large proportion of discordant profiles in Schmidt et al. (2018) was much less
common in this study. These results suggest that perhaps some types of instructional activities
are less supportive of discordant patterns of engagement (i.e. lecture) and others are more

supportive of discordant engagement (i.e. labs or simulations).
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A second and third reason for the low discordant profile membership in this study might
be the difference in school modality (face-to-face verses virtual) and the grain size of the
engagement measurements. For example, Connor & Pope (2013) and Wang and Peck (2013)
both measured engagement in face-to-face settings at the school level, and Schmidt et al. (2018)
measured engagement at the momentary level. This study asked students to consider their
engagement during the entire preceding virtual lesson. Therefore, it is possible that students can
more accurately differentiate between dimensions of engagement in face-to-face settings, or that
perceptions of engagement are inherently different when reflecting on momentary instructional

episodes, entire classes, or school more broadly.

DISENTANGLING AND DEFINING COGNITIVE ENGAGEMENT

Nearly all studies which include a cognitive engagement dimension conceptualize it as
either a value-based dimension, or a self-regulatory based dimension (Fredricks et al., 2004).
This study simultaneously measured engagement in both ways by including a cognitive-value
and cognitive-self-regulatory dimension. Results showed that in discordant profiles (mental and
lower self-regulatory) the two cognitive dimensions substantially diverged from one another (by
an average of 0.7 points on a 1 to 5 scale in the mental profile and 1.1 in the lower self-
regulatory profile). Since there is meaningful separation between the cognitive-value and
cognitive-self-regulatory dimensions in at least two of the profiles measuring both types of
cognitive engagement simultaneously is important.

Conceptualizing cognitive engagement as consisting of two separate dimensions has
implications for future research and theory. Using the term “cognitive engagement” to describe
both self-regulatory and value components adds more confusion to an already muddled

construct. For example, studies by Appleton et al. (2006) and Ainley (2012) both include a
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“cognitive engagement” dimension; however, one defines cognitive engagement as value-based,
while the other as self-regulatory based. Future studies should include and name both definitions
of cognitive engagement when possible, or clearly articulate and name how they conceptualize
cognitive engagement when only one dimension is included. It may even be helpful to replace
the term “cognitive engagement” with “value engagement” and “self-regulatory-engagement”
where appropriate.

It is noteworthy that cognitive-self-regulatory engagement was consistently the lowest
scoring dimension among all engagement profiles. In each profile the mean of cognitive-self-
regulatory engagement was the lowest of all dimensions, and the 95% confidence interval of
cognitive-self-regulatory engagement did not overlap with at least one other engagement
dimension. This is inconsistent with previous research conducted in face-to-face settings (van
Rooij et al., 2017; Wang & Peck, 2013). One explanation is that students might not know how or
when to apply self-regulatory strategies in online environments to the same extent as face-to-face
learning, or they may not recognize certain thoughts as self-regulatory in nature, and therefore
not report them as such. Finally, some questions used in this study referred to specific self-
regulatory strategies. If students were not using the self-regulatory strategies specified, then
questionnaire results would indicate lower self-regulation than was actually the case. Self-
regulation is known to vary based on classroom environment and school context and is especially
important for student success in online environments (Boekaerts et al., 2000; Wijekumar et al.,
2006). The extent of student familiarity with self-regulatory strategies is important knowledge
for teachers because self-regulatory strategies can be taught, and self-regulation is positively

associated with performance and satisfaction in online courses (Wang et al., 2013a).
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INSTRUCTIONAL MODALITY AND INDIVIDUAL DIFFERENCES AS PREDICTORS OF
ENGAGEMENT

I found that synchronous instruction predicted membership in profiles characterized by
moderately higher engagement in all dimensions compared with asynchronous instruction.
Previous research has shown that specific instructional activities are important in determining the
way students engage (Schmidt et al., 2018; Skinner & Pitzer, 2012). However, in this study the
primary instructional activities in both modalities were highly similar. Eighty two percent of the
instructional activities that were recorded during the study were reported in both the synchronous
and asynchronous sessions, whereas only 18% were unique to just one modality. Instructional
activities which were analogous between modalities included: direct instruction (lecture in
synchronous, reading in asynchronous), completing or reviewing notes, virtual lab/simulations,
and various types of assessment (quizzes, tests, and practice questions). Instructional activities
which were unique to a specific modality were video (asynchronous only), and discussions and
small group work (synchronous only). The similarity of instructional activities between
modalities provides evidence that instructional practices was not confounded with instructional
modality, and since instructional practices between modalities were mostly similar it is likely
that some of the unique affordances of synchronous instruction impacted the way that students
engaged. In summary, across an array of instructional activities, those delivered during
synchronous instruction were associated with higher engagement across all dimensions

compared with those delivered during asynchronous instruction.

The unique affordances of synchronous sessions and constraints of asynchronous learning
may help explain some of the association between instructional modality and engagement.
Higher teacher enthusiasm, social presence, and content relevance are all associated with higher

student engagement (Anderman et al., 2011; Roorda et al., 2011; Zhang, 2014). An exclamation
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point at the end of a sentence in an asynchronous text document does not carry the same weight
as voice inflection, facial expressions, and body language conveyed during a synchronous lesson,
all of which help teachers to express their enthusiasm about the content. Additionally,
synchronous learning provides opportunities for students to interact in real time, which may have
enhanced student perceptions of social presence, and in turn, benefited student engagement (Lin
& Gao, 2020; Yamagata-Lynch, 2014). Finally, synchronous interaction allows teachers to
modify their instruction in real time to suit the interests of the class, possibly making the content
more relevant to individual students, whereas asynchronous text and video are static, regardless
of the way students experience the relevance of the content. Although recorded video, which is a
common element of asynchronous instruction, does offer some affordances similar to
synchronous instruction, the absence of live interaction between participants markedly lessons
the extent to which teachers are able to generate and express enthusiasm, foster social presence,
and use students’ questions and interests to highlight the relevance of the content. Notably,
explanations for the association between instructional modality and engagement presented here
are speculative; however, future research might examine the extent to which these features of
synchronous instruction explain the results found in this study.

Finally, although this school claims to be committed to NGSS curriculum, teacher
reported instructional activities demonstrated a substantial lack in practices representative of
NGSS instruction (science and engineering practices and driving questions) in both modalities,
but particularly during asynchronous lessons. The restricted application of NGSS instructional
practices in asynchronous lessons may have played a role in the decreased engagement students

experienced while learning in that modality.
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Two affordances typical of asynchronous instruction are the flexibility granted to
students regarding where and when they learn. However, since this school had a substantial
synchronous component the degree to which students chose when to do school was restricted,
while still allowing students the flexibility of place and pace. So, we do not know if students
reported lower levels of engagement in asynchronous instruction because of inherent differences
in affordances between synchronous and asynchronous learning, or because the synchronous
session schedule necessitated students engaged with the content at specific times throughout the
day. To summarize, synchronous sessions may allow teachers to utilize instructional practices
associated with engagement to a greater degree than asynchronous instruction, and some of the
theorized benefits of asynchronous instruction may not manifest themselves to as large an extent
as speculated in K12 virtual schools because the large synchronous component limits the
flexibility students have to choose when, where, and at what pace they complete their
asynchronous lessons.

Lower socio-economic status (as measured by free/reduced lunch eligibility) was
associated with profiles described by lower levels of engagement. Previous research shows that
students from lower socio-economic backgrounds generally experience lower engagement
compared with their medium or high socio-economic peers (Fullerton, 2002; Tomaszewski,
2020). This lower engagement may be a symptom of the larger issue of a digital and technical
divide reflecting inequalities in a variety of domains, including SES. For example, students from
lower SES backgrounds may have access to lower quality hardware, have workspaces less
conducive to working with technology, have less assistance from individuals familiar with
technology, and have less time to use the technology (Beaunoyer et al., 2020). All four of these

factors may contribute to students’ frustration attending a virtual school, lead to undesirable
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experiences while learning at a virtual school, and result in lower engagement during lessons.
This finding highlights why it is important for teachers to understand the context of students’
personal lives, and to identify school level supports to help students access appropriate

technology and use it effectively.

OVER-SUMMER-RETENTION AND FINAL COURSE GRADES AS AN OUTCOME OF
ENGAGEMENT PROFILES

In general, students who displayed situational engagement patterns where all dimensions
of engagement were high also earned higher science grades. The reader will recall that
engagement patterns are situational, which is to say that students who displayed these high
engagement patterns in some situations may have displayed different engagement in other
situations. Similarly, Connor & Pope (2013) and Wang & Peck (2013) found that specific
profiles of engagement characterized by higher levels of all dimensions, but in particular
behavioral and cognitive engagement, were associated with higher GPA. In virtual settings
studies commonly report that user behaviors and actions (attendance, type or amount of content
accessed, etc.) within an online learning course positively predict achievement (Bonafini et al.,
2017; Green et al., 2018; Hartnett, 2012). However, few studies examine how other dimensions
of engagement are associated with achievement in virtual settings, Lieno et al. (2021) being a
notable exception. Leino et al. (2021) found that positive emotions were indirectly associated

with higher course grades and negative emotions were predictive of lower course grades.

There was one exception to the general association between higher engagement and
higher grades. Engagement characterized by low self-regulation was associated with
significantly higher grades compared to the moderate all profile. There are a few possible

explanations for this finding. First, the lower self-regulatory profile was quite small (n = 17);
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therefore, this finding my not consistently appear with larger sample sizes. Second, it may also
be the case that affective, behavioral, and cognitive-value engagement compensate for a lack of
engagement with self-regulatory strategies. Third, across al/l/ profiles cognitive self-regulatory
was consistently the lowest scoring dimension of engagement. It is possible that this dimension
is not as salient when students actively contemplate their engagement during class, even if they
do in fact utilize self-regulatory strategies. It may be that students did in fact utilize self-
regulatory strategies, but not the ones specifically described in the questions they answered. The
specificity of cognitive-self-regulatory questions might have led to lower scores compared to
affective, behavioral, and cognitive-value engagement, which asked more generally about
emotions behaviors, and thoughts.

Results comparing differences in over-summer-retention indicated the lower self-
regulatory profile was associated with increased retention compared with some other types of
engagement (moderate/high all and high all). This may be because students attending virtual
schools do so as a “last resort” after experiencing a variety of difficulties at their face-to-face
school. Students who can refocus on their academics and regulate their behavior might then
transition back to a face-to-face school, while those who struggle to self-regulate remain at
virtual schools. However, there are two reasons these results should be interpreted with caution.
First, as discussed in the context of final course grades, the lower self-regulatory profile
contained a limited number of observations, meaning that a relatively small number of
individuals may greatly alter the retention proportion in this profile. Indeed, five out of the
fourteen observations in this profile were from the same person, who did persist at the current
school. With a larger number of individuals and observations in this profile, these results may

not remain consistent.
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Second, even though previous studies demonstrate a connection between engagement and
persistence in school, there are a broad array of reasons why students may, or may not, return to
a specific school, independent of student engagement. Muljana (2019) provides a review of the
literature describing factors commonly associated with persistence in online learning and at
online schools. Although engagement certainly plays a part in the process by which students and
their families make the decision about withdrawing from a given school, or school more
generally, it is by no means the only consideration. The decision to persist at online schools is

complex and relies on many variables at multiple levels (institution, instructor, and student).

MEASURING ENGAGEMENT IN ONLINE LEARNING

Prior to this study there were no reports describing the way that virtual high school
students simultaneously engaged in different engagement dimensions. This study makes it
apparent that, similar to their face-to-face peers, high school students in virtual science
classrooms do indeed engage in both concordant and discordant ways, and those specific patterns
of engagement are more or less associated with important predictors and distal outcomes.
Interestingly, some discordant profiles identified by previous research in high school science
classrooms were not identified in this study, but others were. For example, two face-to-face
studies, Connor and Pope (2013) and Schmidt et al., (2018), identified a busily engaged profile,
which was not identified in this study. This profile was characterized by relatively low affective
and cognitive engagement and relatively high behavioral engagement. It may be there is
something inherently different about virtual environments that make it less likely for students to
busily engage. For instance, students attending virtual school may struggle to engage
behaviorally because they are not in a physical classroom with teachers constantly redirecting

and monitoring behavior. The lower self-regulatory profile in this study was similar to a profile
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identified in Wang & Peck (2013). It may be that a sub-set of students in both face-to-face
settings and virtual settings struggle with self-regulatory strategy use in specific learning
situations. These students often appear happy and productive in class; however, results from
Wang and Peck (2013) suggest these students might be at risk of poorer academic outcomes
compared with their more fully engaged peers.

Studies of student engagement in online learning are diverse in the way they both define
and measure engagement. Some studies include affective, behavioral, and cognitive dimensions
and define them in ways quite similar to their face-to-face counterparts (Borup et al., 2020).
Other studies define some dimensions in similar ways (e.g. behavioral), but operationalize that
dimension differently to capture the unique way it manifests in online settings. For example,
Dixson (2015) created an Online Student Engagement Survey which includes some questions
specifically tailored to students’ experiences in online courses. San Pedro et al. (2014) and
Gobert et al. (2015) use microbehavior data to assess engagement. Microbehavior data are
records of student behavior which are automatically captured by an online system (e.g. errors
made, log in data, content visited, number of requests for automated help, etc.) Studies focused
on disengagement seem to be more common in online settings, possibly because automating data
collection for a large amount of student microbehaviors in online settings is much more feasible
compared with face-to-face learning.

The distinction between microbehaviors in online learning contexts and behavioral
engagement as traditionally defined in face-to-face learning suggests that future studies
examining engagement in online settings might consider including two forms of behavioral
engagement. One dimension might focus on perceptions of student hard work and concentration

and another dimension might focus on automatically collected student microbehaviors.
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Substantial divergence between these two domains of behavioral engagement might indicate a
disconnect between students’ perceptions of their effort and the reality about the patterns of

behavior students exhibit in an online course.

USEFULNESS OF A PERSON-ORIENTED APPROACH

Person-oriented analyses are particularly useful when the indicators used in profile
analysis vary substantially within profiles (i.e. discordant profiles) and when these discordant
profiles are either predicted by, or predict, variables of interest. If neither of these conditions is
met, then a variable-centered approach may be warranted, since person-oriented approaches are
generally more complex and more subjective due to model selection and interpretation that is not
present in most variable-centered techniques. Importantly, neither approach is superior to the
other, they are designed for different purposes, and to examine different types of research
questions.

In this study two discordant profiles were identified which contained a total of only 5.5%
of the observations; however, both met the rule of thumb criteria set by Lubke & Neale (2006)
for retaining profiles. There is nothing inherently wrong about keeping smaller profiles if there
are reasons to believe those small profiles further theoretical understanding or assist in practical
application. For example, student presentations are a learning activity which occur in many
science classes but takes a small percentage of overall instructional time during a semester. If a
particular maladaptive pattern of student engagement oftentimes occurs during student
presentations, even though the related profile may have a small number of observations, teachers
may be able to intervene in ways to encourage fuller forms of engagement during that activity.

In this study, a variable-oriented approach would have resulted in similar, but not the

same, conclusions as a person-oriented approach. Notably, I believe the decision to use a person-
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oriented approach in this study was well-grounded in the evidence about the way in which
students engage (Beymer et al., 2019; Schmidt et al., 2018). The discordant profiles identified in
this study were small; however, some significant outcomes were associated with membership in
these discordant profiles. A variable-centered approach would likely have identified associations
between predictors/outcomes and concordant profile membership, but not with discordant profile
membership. Although the predictive power of the discordant profiles should be interpreted with
caution in this study due to their small size, the significant findings suggest that there may be
some unique discordant patterns of engagement associated with important academic outcomes
that warrant further study.

Interestingly, some prior work directly comparing profiles in high school science
classrooms found that profiles created from end-of-class surveys (like this study) resulted in
more concordant profiles compared with profiles created with surveys measuring momentary
engagement during specific learning activities (Beymer et al., 2019). It may be that students are
able to distinguish between different dimensions of their engagement to a greater extent during
instruction, as opposed to retrospectively reflecting on their engagement over the course of an
entire class. Additionally, means on all engagement dimensions were relatively high, suggesting
a possible ceiling effect of the measures, or that most students who participated in this study
were already highly engaged in their science courses. It is possible that highly engaged students
are more likely to engage in concordant ways compared with their lower engaged peers, resulting
in smaller discordant profiles compared to a hypothetical sample of students with more moderate
engagement on average.

Finally, it may be that students’ retrospective recollection of engagement tends to be less

nuanced in online settings compared with face-to-face classrooms. In virtual settings students
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have more freedom to engage with other activities outside of the academic lesson. For example,
if a student is not enjoying or interested in a particular lecture in a virtual class they might play a
game on their phone or look up an interesting article on the internet. Although these positive
feelings are not related to the academic content, students may recall generally higher levels of
interest and enjoyment when they are asked to reflect on their engagement at the conclusion of a

class than they otherwise might.

EDUCATIONAL IMPLICATIONS

Multiple studies support the conclusion that both synchronous and asynchronous
instruction are necessary to create a virtual learning experience which maximizes student
learning (Moorhouse & Wong, 2022; Murphy et al., 2011). In this study I extended those results,
demonstrating that synchronous instruction is facilitative of a pattern of engagement where all
dimensions of engagement are high. Further, results indicate that this pattern of high engagement
is also associated with higher levels of course achievement. Therefore, it seems that including
some form of synchronous instruction within a virtual course is beneficial to several academic
outcomes. Notably, the results of this study do not suggest removing asynchronous content in
high school science virtual courses. Asynchronous learning may be associated with a host of
other important outcomes (goal structures, career aspirations, course satisfaction, etc.) not
considered in this study, provide benefits to students beyond encouraging engagement, and
provides an alternative to students who are unable to attend synchronous sessions; so, to
conclude that asynchronous instruction has no place in high school science education would be a
mistake. However, specific recommendations regarding the ideal amounts of synchronous and
asynchronous instruction time to include within a virtual course and the types of instructional

activities to incorporate were outside the purview of this study, and may depend on grade level,
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subject, teacher and student preference, or a host of other factors. This study provided a first
broad look at the engagement patters of students in a virtual school that included both
synchronous and asynchronous modalities, but more research involving other virtual high
schools is needed to make broader generalizations about implications for instructional design.

For example, it is possible that asynchronous instruction might be more engaging than
was found in this study in virtual schools that design asynchronous work to better leverage the
affordances of this modality. It seems likely that some of the important affordances of
asynchronous instruction were not utilized at this school, which may have contributed to lower
levels of engagement among students in this modality. For example, students’ perceptions of
autonomy and choice may have been considerably lessened during asynchronous instruction due
to the extensive synchronous session schedule. As a result, students were restricted in when they
could complete their asynchronous lessons. As a way to encourage more autonomy during
asynchronous instruction teachers could embed other types of choice and control within these
lessons, such as allowing students to select from a menu of assessment or assignment options
(Schmidt et al., 2018), or helping to “frame” their experience by choosing the topic, the task, or
how to define the problem (Stroupe, 2014).

Improving discussion and interaction among students and between students and teachers
during asynchronous instruction may help to foster a sense of belonging (Martin et al., 2018),
highlight relevance of the content (Schmidt et al., 2019), and express enthusiasm (Diwaele &
Changchen, 2021). During this study, asynchronous lessons at the school relied heavily on
instructional practices which are not particularly effective at encouraging social interaction
among students. For instance, all primary instructional practices reported during asynchronous

instruction (reading, video, completing notes, quiz, and virtual labs) required no interaction or
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communication with other students or teachers. Enhancing the asynchronous component of
courses with instructional practices which encourage interaction and communication, such as
discussion forums, Flipgrid discussions, or collaborative virtual bulletin boards, may heighten
students’ perceptions of belonging, and in turn increase engagement (deNoyelles et al., 2014;
Martin et al., 2018). These same discussion-based interactions might also allow teachers to
highlight the relevance of the content to a greater degree by responding to questions and
comments posed by students. For example, a Biology student might pose a question in a Flipgrid
discussion about local ecosystems to which other students and the teacher can respond. Finally,
videos or screencasts featuring the instructor, either in response to student questions on a video-
based discussion forum or as stand-alone recordings, may allow teachers to express their
enthusiasm for the content to a greater extent compared with text-based communication.

Teachers often think about engagement as a singular entity. In this study I provided a
framework to help teachers understand that engagement is more nuanced, and consists of
multiple dimensions that may, or may not, move together. For example, whereas previously a
teacher might see a student as simply “disengaged”, they might now understand that the student
is disengaged behaviorally, but may still be engaged affectively and cognitively. Understanding
engagement in this fashion is useful because a teacher might apply an intervention targeted at
specific dimensions that are in need of support. For instance, consider a group of students who
fail to see the value of a class project. The utility value literature is replete with examples of
effective interventions to increase students’ perceptions of value (Hulleman et al., 2010;
Harackiewicz & Hulleman, 2010). The teacher could select and use one of these interventions
(e.g. students writing about the personal relevance of the activity) to enhance students’

perceptions of value regarding the project, thus supporting cognitive-value engagement.
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However, note that further study is needed prior to making recommendations regarding
classroom interventions.

Over-summer-retention was positively predicted by only the lower self-regulatory
profile. As discussed previously, there are several possible methodological and practical reasons
for this finding; however, it might also be the case that retention is a not a useful measure of
success for K-12 virtual schools. It may be that low retention rates at K-12 virtual schools are not
a problem, and the schools are functioning as intended for many students who attend for a short
time during a period of their life characterized by extenuating circumstances. For example, many
students attended the school in this study as a “last chance” after failing out of their traditional
school. Those students might reengage academically and return to their previous school,
resulting in lower retention for the virtual school, but a positive outcome for the students. Some
students also have health conditions (physical or mental) that prevent their attendance at a face-
to-face school for a stretch of time. After recovering, they may choose to return to their
traditional school, again reducing retention at the virtual school but resulting in positive student
outcomes. Travel, work, or extracurricular activities are all other circumstances that might cause
students to attend virtual schools for a limited time, but are not indicative of poor student
outcomes. Additional research is needed to understand if retention is a useful indicator of K-12

virtual school quality, and if so, how retention should be operationalized.

FUTURE DIRECTIONS

This study was a first step to more deeply understanding the different ways that students
engage while learning in their virtual high school science courses. Future studies might explore
several directions. First, studies might examine how various instructional activities predict

patterns of engagement. For example, engagement data could be collected during specific
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instructional activities (i.e. lecture, lab, discussion ,etc.) and those learning activities could then
be used to predict engagement profiles. Additionally, these instructional activity data might help
to provide a sense of the variety of activities teachers choose to include in single lessons. The
variety and specific types of activities included in each modality may be more predictive of
engagement than broadly categorizing instruction as synchronous or asynchronous. Future
studies might also measure specific instructional practices discussed in this study (e.g.
relatedness, autonomy, relevance, teacher enthusiasm), and test whether those instructional
practices mediate the relationship between instructional modality and engagement. Next, the way
students engage may be associated with the ratio of synchronous to asynchronous instruction.
Future studies might examine how different amounts of synchronous and asynchronous
instruction within a course are associated with how students engage. For instance, it might be
that students engage differently in a course with mostly synchronous instruction compared to a
course with mostly asynchronous instruction. Finally, future studies might directly compare
findings from a person-oriented with a variable-oriented approach using the same dataset to
answer similar research questions. For example, comparing the ability of engagement profiles to
predict grades and retention with the ability of a variable-oriented approach to do the same
would provide some insight into the similarity of inferences when using these two methods, and

possibly help guide researchers in selecting an approach to match the purpose of their study.

LIMITATIONS AND DELIMITATIONS

As with any study there were several limitations to this research. First, the
generalizability of these results is limited to the included population. This study included
participants from high school virtual science courses; therefore, results may not extend to

traditional face to face settings or to other subjects (Sinatra et al., 2015). Engagement profiles
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provide a unique and meaningful way to describe student engagement; however, the
generalizability of profiles identified in this study to other populations is limited. Techniques
such as LPA require more evidence from multiple studies before strong inferences can be drawn
about the way students engage. Second, Masyn (2013) provides a useful reminder that latent
profile analysis is an exploratory statistical technique that assumes a priori the existence of n
number of subpopulations present in the sample, and that the exact number of profiles is subject
to a somewhat subjective decision-making process. Third, White/Asian students completed
significantly more asynchronous surveys compared with URM students. If non-URM students
engage differently than URM students, then it is possible that the predictive ability of
instructional modality may be more descriptive of White/Asian students compared with other
ethnicities. Underrepresented minority in STEM was included as a covariate in the predictor
analysis to minimize this potential bias. Next, students who earned higher course grades also had
a higher response rate, meaning that the engagement described in this study was likely more
characteristic of higher achieving students. However, a substantial portion of surveys were still
obtained from students who earned lower grades with 31% of survey responses obtained from
students who earned less than an 80%. Importantly, students’ knowledge of self-regulatory
strategies and their achievement prior to the start of this study may have impacted how students
engaged in each instructional modality, and how engagement was related to final course grades
and retention. For instance, students who use self-regulatory strategies to a greater extent or had
higher prior achievement may have been more likely to earn higher course grades. In the future,
a pre-survey given to students could collect data on these (and other) individual differences to be
used as covariates in analyses, and taken into account when discussion conclusions and

implications. The sample of students included in this study was smaller than originally
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anticipated. Over 400 unique students completed at least one end of class report totaling over
1,200 observations; however, only 124 students resulting in 493 observations were included in
the study due to lack of consent from the remaining parents and students. Therefore, this study
may have included students who were already more engaged with school more generally, which
would likely be reflected in their reports of higher engagement in their classes. However, means
of engagement dimension variables, while high, were not alarmingly so (ranging between 3.59
and 4.12 on a 1-5 Likert scale), providing confidence in the validity of the profiles estimated.
Finally, the survey response rate within students was relatively low, students completed an
average of about four out of a possible ten surveys. One of the advantages of giving students the
opportunity to complete ten surveys was to represent engagement more accurately within each
modality, since engagement may fluctuate from day to day. If students did not take full
advantage of the surveys offered, then the engagement profiles may not be representative of as
wide a range of learning contexts as originally hypothesized. However, the number of surveys
completed during each week of the study declined only modestly (125 the first week to 96 the
final week), suggesting that even if the total range of learning contexts was not reported by the
average student, the sample as a whole was representative of the entire range of instructional
activities in the study.

Admittedly, this study looks at learning contexts from quite a large grain size. Learning
contexts are broadly described as synchronous or asynchronous, with no adjustments made for
the type of learning activities occurring within those modalities. Previous work has shown that
learning context influences students’ engagement at finer grain sizes (e.g. what students are
actively doing in their science courses, such as applied activities, lecture, seatwork, etc.)

(Schmidt et al., 2018). Therefore, the way students engage might differ depending on the
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activities they participate in during synchronous or asynchronous lessons. This study provided a
useful first step in describing the way students broadly engage in these two modalities, giving
educators insight into the different ways engagement manifests itself during synchronous and
asynchronous learning.

Finally, the COVID-19 pandemic certainly impacted students’ ability to engage with their
schoolwork and teachers’ ability to provide instruction to students at some point and to some
degree. Although virtual education was “normal” for this group of students and educators, their
lives were undoubtedly affected because of sick family members, economic instability, pervasive
anxiety, or several other reasons related to the pandemic. During the pandemic some students,
parents, and teachers might have viewed participating in a research study as an unnecessary
stressor in an already overloaded environment. Therefore, it is possible that only the more highly
motivated and engaged students, parents, and teachers agreed to participate (mean engagement in
this study was quite high). In a different historical context participation in this study might have
been higher, especially among those students who are generally less motivated and engaged with

school.

CONCLUSIONS

This study is a first step towards understanding and describing how students engage
during instruction in virtual secondary school settings. Students in high school virtual science
courses evidenced distinct patterns of engagement, experienced higher engagement while
participating in synchronous instruction, and earned higher grades in science when engaging at a
higher level. Most of the time students engaged in concordant ways, with all four dimensions of
engagement being nearly equal at various levels (all high, all low, etc.); however, students also

experienced situations where they simultaneously experienced higher engagement in some
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dimensions and lower engagement in other dimensions. These results demonstrate that students
in secondary virtual schools engage in a variety of ways during instruction, in ways both similar
to and different from their face-to-face peers. Although some studies are beginning to utilize a
wider variety of conceptual frameworks (Borup et al., 2014), previous engagement research in
virtual education has mostly focused on engagement at the school level and microbehaviors in
asynchronous lessons; examining how these types of engagement are associated with increased
retention and persistence in online education and at virtual schools. This view of engagement
fails to account for a myriad of other conceptualizations of engagement and various other
important predictors and outcomes of that engagement which are vital to design and create
effective online lessons and instructional episodes. These results add the nascent but growing
body of literature describing and understanding the complexity of engagement in virtual

secondary school instruction.
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Table 1: Participant demographic characteristics

N=124 % Students

Sex

Male 35% Grade Level

Female 65% 9th 14%
10" 35%

Race/Ethnicity 11t 36%

White 74% 12t 15%

Black 16%

Latinx 7% Teacher (Course)

Native American or Alaska 2% Teacher 1 (Physical Science) 9%

Native

Asian <1% Teacher 2 (Physical Science) 23%
Teacher 3 (Earth Science) 11%

Free/Reduced Lunch Eligible  72% Teacher 4 (Forensic Science) 23%
Teacher 5 (Veterinary Science) 11%
Teacher 5 (Chemistry) 23%
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Table 2: Descriptive statistics and correlations for all engagement, predictor, and outcome variables

1 2 3 4 5 6 7

Within-person

1. Aff. Enga.

2. Beh. Enga. 0.45%%*

3. Cog. S-R Enga. 0.31%** 0.45%**

4. Cog. Val. Enga. 0.40%** 0.28%:%* 0.09

5. Synchronous 0.09 0.10 -0.03 0.16**
Between-person

1. Aff. Enga.

2. Beh. Enga. 0.76%**

3. Cog. S-R Enga. 0.73%** 0.76%**

4. Cog. Val. Enga. 0.81%*** 0.59%** 0.64%**

5. Synchronous 0.05 0.22%* 0.05 0.21*

6. Final Grade 0.50%** 0.49%** (0.32%** 0.39%** 0.07

7. Retention -0.07 -0.06 -0.09 -0.08 0.07 -0.18*
Mean(SD) 3.87(0.98)  4.12(0.79) 3.72(0.87)  3.59(1.03) 0.32(0.47) 75.82(21.90) 0.73(0.45)
Min — Max 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0 0.0-1.0 0.05-100 0-1
a 0.95 0.93 0.77 0.88 - - -

Note: * indicates p < 0.05. ** indicates p < 0.01, *** p <0.001
Statistics for the cognitive value dimension were calculated after the removal of two reverse coded items.
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Table 3: Within/between correlations for items measuring affective engagement

1 2 3 4

Within-person

1. Feel good

2. Interest 309%A*

3. Fun 34k 39k

4. Enjoy 26%H* ALHEE A2%H*
Between-person

1. Feel good

2. Interest (0.75%**

3. Fun 0.76%** 0.87#**

4. Enjoy (0.75%** 0.89%** (0.88%**
Mean(SD) 3.99 3.87 3.69 3.92
Min — Max 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0

Note: * indicates p < 0.05. ** indicates p < 0.01, *** p <0.001
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Table 4: Within/between correlations for items measuring behavioral engagement

1 2 3 4 5

Within-person

1. Try hard

2. Work hard S9Hk

3. Participate 33k 36HHE

4. Careful 3k SQH** AOFE

5. Attention 34H A5k A40*E* ATHE*
Between-person

1. Try hard

2. Work hard (0.83%***

3. Participate 0.75%** 0.73%:%*

4. Careful 0.79%** 0.80%#** 0.67***

5. Attention 0.7]%** 0.72%** 0.67%** 0.83%**
Mean(SD) 4.11 4.06 3.95 4.19 4.28
Min — Max 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0

Note: * indicates p < 0.05. ** indicates p < 0.01, *** p <0.001
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Table 5: Within/between correlations for items measuring cognitive-self-regulatory engagement

1 2 3 4 5

Within-person

1. Ask questions

2. Think S4E

3. Connect A4k A4k

4. Understand info. 28%H* 2 5%k 35k

5. Learn RE 32k Rk 8 E*
Between-person

1. Ask questions

2. Think 0.83

3. Connect 0.69 0.69

4. Understand info. 0.54 0.60 0.56

5. Learn 0.73 0.75 0.66 0.49
Mean(SD) 3.56 3.61 3.70 4.23 3.52
Min — Max 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0

Note: * indicates p < 0.05. ** indicates p < 0.01, *** p <0.001
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Table 6: Within/between correlations for items measuring cognitive-value engagement

1 2 3 4 5

Within-person

1. Waste

2. Useless 206%E

3. Meaning .09 D 5HHE

4. Important future 3% J6%* AL AE

5. Important me 2% 20%%* G2k A3HE
Between-person

1. Waste

2. Useless (0.83%***

3. Meaning 0.60%*** 0.61%**

4. Important future 0.58*** 0.5]#** 0.78%**

5. Important me (0.64%** 0.65%** (.82%** (0.74%**
Mean(SD) 4.06 3.94 3.55 3.50 3.74
Min — Max 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0 1.0-5.0

Note: * indicates p < 0.05. ** indicates p < 0.01, *** p <0.001
The “Waste” and “Useless” items were removed from further analyses
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Table 7: Fit statistics for candidate latent engagement profiles

Model #of npar AIC BIC Entropy LL Profile Size (small to large) Smallest
profiles Class %
Model 1: 2 13 3865 3919 0.891 -1919.669 167, 326 34.00%
Varying means, 3 18 3341 3417 0.896 -1652.782 94, 165, 234 19.00%
equal variances, 4 23 3034 3140 0.905 -1498.731 53,113,137, 190 11.00%
and covariances 5 28 2927 3045 0.922 -1435.807 7,48, 116, 137, 185 1.40%
fixed to 0 6 33 2852 2990 0.908 -1393.162 6,48, 58, 103, 127, 151 1.20%
7 38 2797 2957 0.916 -1360.735 3,6,47,55,104, 128, 150 0.60%
8 43 2757 2938 0.894 -1335.749 7,15, 41,43,70, 87,107, 123 1.40%
9 48 2710 2912 0.904 -1307.466 3,4,6,44,45 60, 64, 123, 144 0.80%
10 53 2661 2884 0.904 -1277.844 6, 14,21, 24,31,49,57,75,106,110  1.20%
Model 2: 2 19 2750 2830 0.8 -1356.261 82,411 17.00%
Varying means, 3 24 2706 2807 0.824 -1329.234 45, 58, 390 9.00%
equal variances, 4 29 2655 2777 0.886 -1298.708 8, 80, 196, 209 1.60%
and equal 5 34 2621 2764 0.88 -1276.38 10,17, 78, 191, 197 2.00%
covariances 6 39 2586 2750 0.89 -1254.231 5,10, 17,78, 189, 194 1.00%
7 Non-interpretable model
8 49 2547 2753 0.902 -1224.386 4,4,17, 36, 50, 95, 141, 146 0.80%
9 Non-interpretable model
10 Non-interpretable model

Note: Bolded model is selected solution. Adjusted LMR estimate and p-value are not included in this table because no profile
comparisons were significant. npar = free parameters; AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; LL
= Log Likelihood
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Table 8: Means and 95% confidence intervals of engagement dimensions among profiles (n = 493)

Variable Moderate All Mental Moderate/high All  Lower Self-regulatory High All
(n=178) (n=10) (n=191) (n=17) (n=197)

Affective 3.09[2.78,3.40]. 2.24[1.68,2.80]s  3.87[3.72,4.02]c 3.97[3.62, 4.32]c 4.56[4.42, 4.69]4

Behavioral 3.10[2.94,3.25]. 1.72[1.37,2.08]s  4.00[3.90, 4.09]. 3.93[3.76, 4.10]c 4.76[4.70, 4.83]4

Cognitive Self-Regulatory

Cognitive Value

2.64[2.44,2.84],
2.84[2.46, 3.22].

[
1.46[0.80, 2.117s
2.16[1.56, 2.77]

[
3.47[3.33,3.61]c
3.57[3.40, 3.741s

[
2.29[1.75, 2.82]4
3.39[2.87, 3.91]s

[
4.26[4.12, 4.40]
4.38[4.19, 4.58].

Note: Means and 95% confidence intervals of indicators within each profile. Within each row different subscripts indicate
significantly different means using Tukey’s honestly significant difference tests.
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Table 9: Odds ratios and standard errors for pairwise profile comparisons. Reference profile is listed first

Instructional Modality Gender URM SES

Odds Ratio Odds Ratio Odds Ratio Odds Ratio
Moderate All vs Mental 0.73(0.59) Not estimable 1.59(1.46) Not estimable
Moderate All vs Moderate/High All 1.21(0.54) 2.02(1.12) 0.69(0.43) 0.25(0.15)*
Moderate All vs Lower Self-regulatory 2.83(2.07) 9.07(13.63) 0.68(0.77) 0.22(0.18)
Moderate All vs High All 2.44(0.99)* 1.62(0.97) 0.93(0.62) 0.21(0.13)*
Mental vs Moderate/High All 1.65(1.15) Not estimable 0.43(0.37) Not estimable
Mental vs Lower Self-regulatory 3.86(3.61) Not estimable 0.43(0.54) Not estimable
Mental vs High All 3.32(2.25) Not estimable 0.59(0.50) Not estimable
Moderate/High All vs Lower Self-regulatory 2.33(1.49) 4.48(6.66) 1.000(1.11) 0.88(0.80)
Moderate/High All vs High All 2.01(0.52)** 0.80(0.40) 1.36(0.74) 0.83(0.39)
Lower Self-regulatory vs High All 0.86(0.53) 0.18(0.26) 1.36(1.50) 0.94(0.87)

Note: *p <0.05, **p <0.01, ***p < 0.001. Standard errors given in parentheses after odds ratio. “Not estimable” values are due to
homogeneity of the predictor variable in at least one of the comparison profiles. Significant values are bolded.

Instructional Modality: 0 = asynchronous, 1 = synchronous
Gender: 0 = male, 1 = female

URM: 0 = White/Asian, 1 = Black, Latinx, Native American, or Alaska Native

SES: 0 = free/reduced lunch eligible, 1 = not free/reduced lunch eligible

How to interpret Odds Ratios: For every 1 unit change in the predictor variable, the odds of membership in the comparison profile,

compared to the reference profile, will change by the value of the given odds ratio. Odds ratios greater than 1 indicate greater

likelihood of being in the comparison profile, while odds ratios less than 1 indicate greater likelithood of being in the reference profile.
For example, the odds of an observation being classified in the 4igh all profile is 2.44 higher compared with the moderate all profile if

the observation occurred during synchronous instruction.
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Table 10: Mean differences pairwise comparisons of distal outcomes

Intercept
QOutcome: Final Course Grade Difference SE p
Moderate All vs Mental 12.71 22.74 0.576
Moderate All vs Moderate/High All -9.35 4.31 0.030
Moderate All vs Lower Self-regulatory -14.75 5.09 0.004
Moderate All vs High All -16.10 4.01 0.000
Mental vs Moderate/High All -22.06 21.94 0.315
Mental vs Lower Self-regulatory -27.46 22.04 0.213
Mental vs High All -28.81 22.13 0.193
Moderate/High All vs Lower Self-regulatory -5.40 4.17 0.195
Moderate/High All vs High All -6.75 2.57 0.009
Lower Self-regulatory vs High All -1.35 4.05 0.738

Intercept
QOutcome: Over-summer-retention Difference SE p
Moderate All vs Mental -0.17 0.13 0.195
Moderate All vs Moderate/High All 0.06 0.12 0.586
Moderate All vs Lower Self-regulatory -0.17 0.10 0.099
Moderate All vs High All 0.003 0.12 0.982
Mental vs Moderate/High All 0.24 0.12 0.052
Mental vs Lower Self-regulatory 0.004 0.10 0.970
Mental vs High All 0.18 0.12 0.152
Moderate/High All vs Lower Self-regulatory -0.23 0.09 0.007
Moderate/High All vs High All -0.06 0.09 0.497
Lower Self-regulatory vs High All 0.17 0.08 0.036

Final Course Grade

Profile Means (%) Retention Proportion
Moderate All 71.75 0.79
Mental 58.86 0.90
Moderate/High All 82.98 0.75
Lower Self-regulatory 89.12 0.98
High All 89.93 0.80

Note: *p < 0.05, **p <0.01, ***p <0.001. Bolded comparisons are significantly different.
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Figure 1: Raw score profile means from selected profile solution
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Figure 2: Standardized profile means from selected profile solution
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APPENDIX A - PARENTAL CONSENT AND STUDENT ASSENT TEXT

Parental Consent Form Text

As part of normal instruction in your student’s science class this semester teachers asked
them to complete exit tickets to share how they felt during science instruction and how engaged
they were during the lessons. Teachers can use this information to inform their future instruction.

This consent form gives permission for Michigan State University (MSU) researchers to use
the exit ticket information collected by teachers as part of a research study. Additionally, your
child’s final grade for their science course and demographic information (gender, free/reduced
lunch eligibility, ethnicity, and enrollment status), would be collected from school records. The
purpose of this disclosure of information is to understand the ways that students engage while
reading lessons in the online school, and attending live virtual classes. Gathering data from as
many students as possible is important because it will help us learn how to help all students
engage more effectively, and it will help teachers to create and design meaningful and
educational learning activities.

This study requires no additional time commitment from your students(s) since they have
already completed the exit tickets: We are just seeking access your child’s exit tickets and
school records as described above. Your child’s participation in this study is voluntary. All
identifying information will be removed from your child’s school records and exit ticket
responses before being given to MSU researchers, and your child will not be identified in
any research.

Additionally, if both you AND your student complete consent forms on or before
Friday, May 28th you will be eligible for a drawing to win a $100 Amazon gift card. If
completed after this date you will be eligible for one of four $25 Amazon gift cards (you may
choose to give these gift cards to your student). You must live in the state of Michigan to be
eligible. To give away these gift cards a random drawing from eligible participants will be held
at the conclusion of the study. Each eligible participant will be placed in one of four groups, and
each group with will have one opportunity to win a gift card. You will receive an email prior to
the drawing indicating the date and time of the drawing if you are eligible.

The information we are collecting for the study will be shared with the research team
including Matthew Schell and Jennifer Schmidt. If you have any questions about this consent, or
the research study, please contact the lead researcher, Matthew Schell, at schellma@msu.edu.

Please complete ONE of the following options:
By typing my name and date I agree to allow my student’s classroom exit tickets, final
science course grade, and demographic information (gender, free/reduced lunch eligibility,

ethnicity, and enrollment status), to be shared anonymously with MSU researchers for research
purposes.
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Parent/Guardian First Name

Parent/Guardian Last Name

Date

Student First Name

Student Last Name

By typing my name and date I do NOT agree to allow my student’s classroom exit tickets, final
science course grade, and demographic information (gender, free/reduced lunch eligibility,
ethnicity, and enrollment status), to be shared anonymously with MSU researchers for research
purposes.

Parent/Guardian First Name

Parent/Guardian Last Name

Date

Student First Name

Student Last Name

Student Assent Form Text

You have the opportunity to be involved in a research study in partnership with Michigan
State University. As part of instruction in your science class this semester you completed exit
tickets to share how you felt during science instruction and how engaged you are during your
lessons.

This study requires no additional time or effort from you since you have already
completed the exit tickets. This consent form gives permission for Michigan State University
(MSU) researchers to use the exit ticket information collected by your teachers as part of a
research study. Additionally, your final grade for your science course and your demographic
information (gender, free/reduced lunch eligibility, ethnicity, and enrollment status), would be
collected from school records. The purpose of releasing this information is to understand the
ways that students engage while reading lessons in the online school, and attending live virtual
classes. Gathering data from as many students as possible is important because it will help us
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learn how to help all students engage more effectively, and it will help teachers to create and
design meaningful and educational learning activities.

In order to participate in this study both you AND your parent/guardian must give permission
by completing consent forms. If you and your parent/guardian complete the permission
consent forms on or before Friday, May 28th your parent/guardian will be eligible for a
drawing to win a $100 Amazon gift card. If completed after this date your parent/guardian
will be eligible for one of four $25 Amazon gift cards (they may choose to share this with
you). Your parent/guardian will be placed in one of four groups, and each group with will have
one opportunity to win a gift card. Drawings will take place at the conclusion of the study and
will be randomly selected from those who complete the form, whether you agree to have your
data included or not. Your parent/guardian will receive and email indicating the date and time of
the drawing if you are eligible.

Your assent below gives Michigan State University researchers permission to use your data
from exit tickets collected by your teachers and your demographic information described above.
Your participation in this study is voluntary. Your answers on these exit tickets and your
grades information will be kept confidential. Your teacher will never be able to link your
responses on these exit tickets with your name and researchers will never know your
identify.

The information we are collecting for the study will be shared with the research team
including Matthew Schell and Jennifer Schmidt. If you have any questions about this consent, or
the research study, please contact the lead researcher, Matthew Schell, at schellma@msu.edu.

Please complete ONE of the following options:

By typing my name and date I agree to allow my classroom exit tickets, final science course
grade, and demographic information (gender, free/reduced lunch eligibility, ethnicity, and
enrollment status), to be shared anonymously with MSU researchers for research purposes.

First Name Last Name Date

By typing my name and date I do NOT agree to allow my student’s classroom exit tickets, final
science course grade, and demographic information (gender, free/reduced lunch eligibility,
ethnicity, and enrollment status), to be shared anonymously with MSU researchers for research
purposes.

First Name Last Name Date
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APPENDIX B - RECRUITMENT EMAILS SENT TO PARENTS AND STUDENTS

Parental Recruitment Email Text

Dear [name of parent],

I wanted to share some information about a study that will be taking place in your child’s
science class this semester. Your child has the opportunity to participate in some exciting
educational research at Michigan Great Lakes Virtual Academy (MGLVA)! MGLVA will be
working with educational researchers at Michigan State University (MSU) to learn about the
ways in which students engage while learning virtually.

As part of normal instruction in your student’s science class this semester, their teachers
will ask them to complete exit tickets to share how they feel during science instruction and how
engaged they were during the lessons. I am asking for your permission to use the data collected
as short exit tickets by teachers in a research study. Additionally, your child’s grades for this
course and demographic information (gender, free/reduced lunch eligibility, ethnicity, and
enrollment status), would also be collected from school records. This study requires no time
commitment outside of class: We are just seeking access to your child’s exit tickets and school
records as described above. All identifying information will be removed from your child’s
school records and exit ticket responses before being given to MSU researchers, and your
child will not be identified in any research.

Gathering data from as many students as possible is important because it will help us
learn how to help all students engage more effectively, and it will help teachers to create and
design meaningful and educational learning activities. The purpose of the study is to understand
the ways that students engage while reading lessons in the online school, and attending live
virtual classes. If you have any questions or do not want your child’s data released to MSU
researchers please contact the lead researcher, Matthew Schell, at schellma@msu.edu.

Regards,
Matthew Schell

Student Recruitment Email Text

Hello Learners!

Would you like the opportunity to help make science education more fun, entertaining,
and engaging (along with becoming eligible for an Amazon gift card)? This is your chance!

You have the opportunity to be involved in a research study in partnership with Michigan
State University. As part of your science class this semester, your teachers will be asking you to
complete exit tickets to share how you feel during science instruction and how engaged you are
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during your lessons. I am asking for your permission to use the data collected by your teachers
and your course grades for a research study. Your answers on these exit tickets and your grades
information will be made completely anonymous and you will not be identified in any way.

Your participation in this study will greatly benefit researchers’ understanding of how
students feel and engage in virtual science classrooms and courses. Data from this research will
provide insight into the different ways that students engage with science content and allow
educators to design more interesting and engaging lessons. Additionally, if you complete the
consent form linked in this email you will be eligible for a drawing to win one of several $25
Amazon gift cards. Drawings will take place at the conclusion of the study and will be
randomly selected from those who complete the consent form.

Please click on and complete the consent form to enter the drawing.
Consent form link:

If you have any questions, please contact the lead researcher, Matthew Schell, at
schellma@msu.edu.

A. Student Assent Form Text

You have the opportunity to be involved in a research study in partnership with Michigan
State University. As part of instruction in your science class this semester your teachers will ask
you to complete exit tickets to share how you feel during science instruction and how engaged
you are during your lessons. I am asking for your permission to use the data collected by your
teachers and your course grades in a research study.

Your participation in this study will greatly benefit researchers’ understanding of how
students feel and engage in virtual science classrooms and courses. Data from this research will
provide insight into the different ways that students engage with science content and allow
educators to design more interesting and engaging lessons. Additionally, if you complete this
consent form you will be eligible for a drawing to win one of several $25 Amazon gift cards.
Drawings will take place at the conclusion of the study and will be randomly selected from those
who complete the consent form.

Your consent below gives Michigan State University researchers permission to use your data
from exit tickets collected by your teachers and your course grade for research purposes.
Participation in this study is optional. Your answers on the exit tickets will be made
completely anonymous and you will not be identified in any way.

If you have any questions about this consent, or the research study, please contact the lead
researcher, Matthew Schell, at schellma@msu.edu.
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APPENDIX C — INSTRUCTIONAL ACTIVITIES TABLES

Table C1: Total occurrences of primary instructional activity across all teachers

Synchronous Instructional

Activity

Total Count (days)

Lecture
Practice Questions
Guided Notes
Virtual Lab/Simulation
Discussion
Quiz
Small Group Work

20
16

NN WA W

Asynchronous
Instructional Activity

Reading
Video
Complete/Review Notes
Quiz/Test
Virtual Lab/Simulation

)
SR=)

W K~ W
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Table C2: Description of content and instructional activities during the study period for Teacher 1 — Earth Science

Description of Content

Instructional Activities

Week 1
Synchronous

Asynchronous

Week 2
Synchronous

Asynchronous

Week 3
Synchronous

Asynchronous

Week 4
Synchronous

Asynchronous

Week 5
Synchronous

Asynchronous

Astronomy — Earth, Moon, Sun, Solar system

Introduction to Astronomy, the Sun

Terrestrial and jovian planets; planetary motion
Terrestrial and jovian planets

Color and brightness of stars
Color and brightness of stars

Astronomy units test review and questions
Astronomy unit test

No information

No information
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Lecture, guided notes, quiz

Independent reading

Lecture, discussion, quiz
Online lessons (reading and videos)

Lecture, guided notes
Online lessons (reading and videos)

Polling questions, discussion
Unit test

No information

No information



Table C3: Description of content and instructional activities during the study period for Teacher 2 — Physical Science

Description of Content

Instructional Activities

Week 1
Synchronous

Asynchronous

Week 2
Synchronous

Asynchronous

Week 3
Synchronous

Asynchronous

Week 4
Synchronous

Asynchronous

Week 5
Synchronous

Asynchronous

Introduction to mixtures

Introduction to mixtures

Mixtures and solubility lab
Mixtures and solubility lab

Valence electrons

Valence electrons

Introduction to chemical reactions
Introduction to chemical reactions

Balancing chemical equations

Balancing chemical equations

71

Lecture, notes, review questions

Online lessons (reading and videos)

Lab overview, in-class demo, discussion
Video, virtual lab, lab report

Class discussion, polling questions,
escape room activity

Online lessons (reading and videos),
practice quiz

Class discussion, formative assessment

Online lessons (reading and videos),
practice quiz

Lecture, Nearpod practice, virtual
simulation

Online lesson (reading and videos),
virtual simulation, practice quiz



Table C4: Description of content and instructional activities during the study period for Teacher 3 — Forensic Science

Description of Content

Instructional Activities

Week 1
Synchronous

Asynchronous

Week 2
Synchronous

Asynchronous

Week 3
Synchronous

Asynchronous

Week 4
Synchronous

Asynchronous

Week 5
Synchronous

Asynchronous

Detecting latent blood and blood typing

Blood types and usefulness in crime investigation
Footwear impressions, casting, tire impression evidence
Investigating crimes using footwear and tire impression

evidence

Investigating crime using soil, glass and tool evidence

Continue working on crime case with new evidence

Personal injury crimes
Personal injury crimes

Business and financial crimes

Business and financial crimes
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Lecture, practice questions, formative
quiz
Online lesson (reading and videos)

Create foot wear print, video, polling
questions
Online lesson (reading and videos)

In-class activity/lab

Reading, continue writing essay

Lecture, small group work
Reading

Lecture, small group work

Reading



Table C5: Description of content and instructional activities during the study period for Teacher 4 — Physical Science

Description of Content Instructional Activities
Week 1
Synchronous Introduction to mixtures Lecture, guided notes
Asynchronous Introduction to mixtures Online lesson (reading and videos)
Week 2
Synchronous Factors that influence solubility Virtual lab
Asynchronous Factors that influence solubility Complete notes, video
Week 3
Synchronous Electron energy levels Lecture, practice questions
Asynchronous Electron energy levels Complete notes, website activity
Week 4
Synchronous Chemical bonds — metallic and hydrogen Lecture, practice questions
Asynchronous Chemical bonds — metallic and hydrogen Video
Week 5
Synchronous Balancing chemical equations Lecture, practice questions
Asynchronous Balancing chemical equations Virtual simulation
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Table C6: Description of content and instructional activities during the study period for Teacher 5 — Veterinary Science

Description of Content

Instructional Activities

Week 1
Synchronous

Asynchronous

Week 2
Synchronous

Asynchronous

Week 3
Synchronous

Asynchronous

Week 4
Synchronous

Asynchronous

Week 5
Synchronous

Asynchronous

Case studies and previewed two example case studies

Problems and diseases with animals

Problems with animals and reviewed a case study #2
Problems and diseases with animals

Problems with animals and reviewed a case study #3

Problems and diseases with animals

Practice questions to review for test
Reviewed content in “Problems with Animals’ unit

Requirement to obtain a DVM, and job opportunities

Reviewed content for “Career Opportunities” unit
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Lecture, scenario polling questions
Read articles

Lecture, polling questions
Read articles

Lecture, polling questions
Read articles

Whole class review game
Reviewed guided notes

Polling questions with teacher
explanation

Reviewed guided notes



Table C7: Description of content and instructional activities during the study period for Teacher 5 - Chemistry

Description of Content

Instructional Activities

Week 1
Synchronous

Asynchronous

Week 2
Synchronous

Asynchronous

Week 3
Synchronous

Asynchronous

Week 4
Synchronous

Asynchronous

Week 5
Synchronous

Asynchronous

Mole ratios and molar mass.

Molar mass, stoichiometry, Avogadro’s number

Acids and bases
Environmental impact related to acids and bases

Acid and base equations; difference between weak and strong
acid and base
Neutralization reactions and titrations

Reaction rates and energy of activation
Factors effecting reaction rates

Reaction rates and equilibrium

Review content for unit test (reaction rates and equilibrium)
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Lecture, guided notes

Online lessons (reading and videos)

Lecture, practice questions
Online lessons (reading and videos)

Lecture, practice questions

Online lessons (reading and videos)

Lecture, practice questions
Online lessons (reading and videos)

Lecture

Review guided notes and textbook



APPENDIX D - ENGAGEMENT MEASURES

Behavioral Engagement

S-point Likert scale (1 = Strongly disagree to 5 = Strongly agree)

Asynchronous Item Synchronous Item Citation

I tried hard to do well during I tried hard to do well during Skinner et al. (2009)
the lesson today. class today.

I worked as hard as I could I worked as hard as I could during Skinner et al. (2009)
during the lesson today. class today.

I participated during the lesson I participated during class today.  Skinner et al. (2009)
today.

I read carefully during the I listened carefully during class Skinner et al. (2009)
lesson today. today.
I paid attention during the I paid attention during class Skinner et al. (2009)
lesson today. today.

Affective Engagement

S-point Likert scale (1 = Strongly disagree to 5 = Strongly agree)

Asynchronous Item Synchronous Item Citation

I felt good during the lesson I felt good during class today. Skinner et al. (2009)
today.

I felt interested in what I was I felt interested in what I was Skinner et al. (2009)
working on during the lesson working on during class today.

today.

I had fun during the lesson I had fun during class today. Skinner et al. (2009)
today.

I enjoyed learning new things I enjoyed learning new things Skinner et al. (2009)
during the lesson today. during class today.
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Cognitive-Value Engagement

S-point Likert scale (1 = Strongly disagree to 5 = Strongly agree)

Asynchronous Item

Synchronous Item

Citation

The lesson today was useless to
me.

The lesson today was important
to me.

The lesson today was important
to my future.

The lesson today was
meaningful to me.

The lesson today was a waste of
time.

Cognitive-Self-Regulatory Engagement

Class today was useless to me.

Class today was important to me.

Class today was important to my
future.

Class today was meaningful to
me.

Class today was a waste of time
for me.

Voelkl (1996)

Schmidt et al. (2018)

Schmidt et al. (2018)

Connor & Pope (2013)

Voelkl (1996)

S-point Likert scale (1 = Strongly disagree to 5 = Strongly agree)

Asynchronous Item Synchronous Item Citation

I asked myself questions to I asked myself questions to make  Pintrich & De Groot
make sure I understood the sure I understood the material (1990)

material during the lesson during class today.

today.

I paused once in awhile to think I paused once in awhile to think Pintrich & De Groot
about what [ was learning about what [ was learning during  (1990)

during my lesson today. class today.

I tried to connect what I was I tried to connect what I was Fredricks (2016)
learning to things I have learned learning to things I have learned

before during the lesson today.  before during class today.

I tried to understand the I tried to understand the Fredricks (2016)
information during the lesson information during class today.

today.

I thought about the things I I thought about the things I would Pintrich & De Groot
would need to learn before my  need to learn before class today. (1990)

lesson today.
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APPENDIX E — ADDITIONAL ANALYTICAL INFORMATION

The primary analysis for this study consisted of three steps. I first identified a student
engagement profile solution, then predicted profile membership based on modality of instruction,
and finally used engagement profiles to predict final science course grades and over-summer
retention. To identify engagement profiles, I used latent profile analysis (LPA). LPA is a specific

type of analysis in the mixture modeling family of statistical techniques.

LPA (and all mixture modeling techniques) assumes that there are multiple, distinct
subpopulations within an overall sample of data. These subpopulations are assumed to be
different based on a number of indicators that the researcher is theoretically interested in. A
simple example best illustrates this point. Imagine a research study in a science classroom where
students’ interest in science as the single variable under study. In this sample it might be the case
that about half of the students were very interested in science, and the other half were not
interested at all, with very few being moderately interested. If one were to take the mean of this
sample it would be easy to conclude that students’ interest in science was average; however, that
would be missing an important part of the story. In fact, students in this sample are not generally
moderately interested in science, most lie near the extremes of interest (high and low). One
might say there are two subpopulations of students within the overall sample; those that are
highly interested in science, and those who are not interested in science. LPA and other mixture
modeling techniques can quantify and describe these various subpopulations, leading to insights

that may not emerge using other statistical techniques.

MIXTURE MODELS
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Mixture models assume that there is unobserved heterogeneity in a sample of
observations. This unobserved heterogeneity manifests itself as multiple subpopulations within
the overall sample with each observations” membership unknown. These subpopulations are
modeled as latent variables and given the name /atent classes in the case of categorical
indicators, or latent profiles in the case of continuous indicators. The number and nature of the
classes or profiles present in the population, along with membership in these classes or profiles is
unknown prior to analysis. Therefore, the goal of mixture modeling is to identify these sub-
populations and assign observations to those sub-populations using mixture probabilities.
Mixture models share an underlying goal with traditional clustering approaches; however, a key
benefit of using mixture modeling, in addition to likelihood estimation-based fit indices, is that
probabilities of profile membership are utilized, unlike cluster analysis. For a detailed overview

of finite mixture modeling see Masyn (2013).

ENGAGEMENT PROFILES

I used LPA to identify student engagement profiles consisting of affective, behavioral,
cognitive-self-regulatory, and cognitive-value dimensions using data from both synchronous and
asynchronous surveys. LPA is superior to traditional cluster analysis because of its ability to
account for uncertainty in profile membership assignment and its use of likelihood estimation-
based fit statistics. These profiles make it possible to analyze the multivariate data collected on
engagement within the parsimony of a single model. Broadly, indicator variables of profiles in
LPA can be modeled as latent or observed variables. Latent variable modeling has certain
advantages over modeling variables as observed when the constructs under study are latent in
nature. One key benefit of modeling constructs as latent is the ability to reduce a large number of

observed indicators to a much small number of factors, while also taking into account the
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correlations among the observed variables that constitute each factor (Tabachinck & Fidell,
2013). Since engagement is a latent construct, these variables were initially modeled as such
during the LPA enumeration process; however, issues with convergence and model
interpretability precluded selecting a model solution with latent engagement indicators.
Therefore, engagement dimensions were modeled as observed variables using factor scores.
Modeling LPA indicators as factor scores, as opposed to a composite mean, retained some of the
benefits of modeling indicators as latent variables, but without the complexity that resulted in

uninterpretable solutions.

PREDICTORS AND COVARIATES

I predicted profile membership using a dummy coded instructional modality variable (i.e.
synchronous or asynchronous). I also examined the predictive effects of all covariates in this step
(gender, ethnicity, and SES). To predict profile membership multinomial logistic regressions
were completed in MPlus using the 3-step method (Asparouhov & Muthén, 2014). This method
has the advantage of reducing the likelihood of profile membership shift when adding predictors
to the model. The 3-step method involves using separate multinomial logistic regressions to
examine the ability of all included variables to predict profile membership between all possible
pairs of profiles. For example, one logistic regression was used to compare profile 1 to profile 2.
Another logistic regression was used to compare profile 1 with profile 3. This process proceeded
with all possible comparisons between profiles. All predictor variables and covariates were

included in each logistic regression to control for the effects of one another.
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APPENDIX F — MISSING DATA ANALYSIS

Missing data analyses evaluated the extent to which data was systemically missing from
the sample. These missing data analyses included only students who consented to participate in
the study. First, I conducted a grouping composition check of response rates on synchronous and
asynchronous surveys to check for systematic differences in the number of survey responses
based on individual factors (gender, ethnicity, and SES) using a t-test for all three variables. The
proportion of surveys answered in synchronous and asynchronous modalities was calculated as a
proportion on a scale of 0 (no surveys answered) to 1 (all surveys answered) for each individual
student. I also tested whether there was an association between students’ response rate and
achievement (final course grade) by examining the correlation between these two variables.
Finally, I examined whether there was systemic differences between students based on the same
individual factors (gender, ethnicity, and SES) on each outcome variable (final course grades and
over-summer-retention). A t-test was used to check for differences in final course grades and a

chi-square test was used to check for differences in over-summer-retention.

For gender, t-tests indicated there was no difference in response rates on either
synchronous (t(95.74) = 0.53, p = 0.60) or asynchronous surveys (t(70.50) =-1.08, p = 0.28), no
difference in final course grades (1(92.99) = -1.09, p = 0.28), and no difference in retention (%*(1,
n=124)=1.23, p = 1.0). For ethnicity, t-tests indicated there was no difference in response rates
on synchronous surveys (t(80.51) = 1.70, p = 0.09), but White/Asian students responded to a
significantly higher number of asynchronous surveys compared with underrepresented minorities
(t(63.65) =2.44, p < 0.05, mean difference = 14%, eta squared = 0.044).This is a small effect
size according to Cohen (1988). There was no difference in final course grades (t(59.86) = 0.55,

p = 0.58) or retention (x*(1, n = 124) = 3.485, p = 0.06) based on ethnicity. For socio-economic
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status, t-tests indicated there was no difference in response rates on either synchronous (t(60.49)
=0.09, p = 0.93) or asynchronous surveys (t(70.36) = 1.22, p = 0.23). However, students who
were not eligible for free or reduced lunch earned higher final grades compared to those students
who were eligible (1(122.67) =3.56, p < 0.001, mean difference = 11.26, eta squared = 0.089).
This is a moderate effect size according to Cohen (1988). There was no difference in retention
based on socio-economic status ((x*(1, n = 124) = 0.16, p = 0.69). Finally, students who earned

higher final course grades completed more surveys (7(122) = 0.52, p =<0.001)
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