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Credit hours traditionally quantify expected instructional time per week in a course, informing student course
selection decisions and contributing to degree requirement satisfaction. In this study, we investigate course load
measures beyond this metric, including determinants from course assignment structure and LMS interactions.
Collecting 596 course load ratings on time load, mental effort, and psychological stress, we investigate to what
extent course design decisions gleaned from LMS data explain students’ perception of course load. We find that
credit hours alone explain little variance compared to LMS features, specifically number of assignments and
course drop ratios late in the semester. Student-level features (e.g., satisfied prerequisites and course GPA)
exhibited stronger associations with course load than the credit hours of a course; however, they added only little
explained variance when combined with LMS features. We analyze students’ perceived importance and man-
ageability of course load dimensions and argue in favor of adopting a construct of course load more holistic than

credit hours.

1. Introduction

Credit hours is an attribute of a course at an institution of higher
education expected to correlate with the amount of time a student can
expect to spend on the course. Giving a thorough historical account of
the credit hour, Heffernan (1973) describes how the introduction of the
elective system at Harvard in 1869 through Charles Eliot brought the
need for standardized quantification of student progress. Initially,
measurements of credit hours were based on hours of weekly classroom
contact. The idea of standardizing credit hours around classrtoom time
further expanded in adoption via the Carnegie unit, which linked faculty
eligibility for the Carnegie Foundation’s retirement fund to satisfying a
120 instruction hours per year standard (Shedd, 2003).

Around the same time, the student hour was described in a report
titled, “Academic and industrial efficiency: A report to the Carnegie
Foundation for the Advancement of Teaching” (Cooke, 1910). It repre-
sented one hour of work of one student on lectures, lab work, or reci-
tation and was adopted by public institutions to measure the cost and
output of teaching and research (i.e., instructional cost per student
hour). The Carnegie unit and the student hour are foundational to
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university administration today and have since spilled over to the Eu-
ropean Credit Transfer and Accumulation System (ECTS), which simi-
larly bases its accounting of credit hours on student time spent on
courses (Silva, White, & Toch, 2015). In 2009, the U.S. Department of
Education defined a credit hour as a minimum of one hour of classroom
instruction and two hours of out-of-class work per week (Laitinen,
2012). The University of California at Berkeley (UC Berkeley), the
location of our study, considers one credit hour to represent one hour of
in-class instruction per week, with students given the guidance that this
translates approximately to an additional two to three hours spent
studying outside of class per credit hour.'

Although initially designed with instructor contact hours rather than
student hours in mind, credit hours are highly relevant to students’
course selection and academic outcomes. This attribute can be regarded
as the single piece of official information about course workload
conveyed to students when choosing their courses. Auxiliary sources
include peers, advisers, and inferences made from reading the syllabus if
available during registration. The credit hours attribute is therefore
instrumental in students selecting a set of courses for a term that is
manageable with respect to workload. Prior literature suggests that
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students with high GPAs tend to choose a higher term load compared to
their peers (Cummings & Knott, 2001). Higher term load has also been
observed at institutions with fixed-term tuition (i.e., as opposed to per-
credit tuition), where students may be incentivized to exceed the
normative number of courses taken per term in order to attempt to
reduce their cost and time to degree (Bound, Lovenheim, & Turner,
2007).

Given the coarse-grain resolution of credit hours, typically ranging
from 1-4 at UC Berkeley, and its focus on instruction time, the question
arises how precisely credit hours can encapsulate students’ course
workload experiences. At the same time, the digital age allows the
collection of several data sources that may account for student work-
load. The modern university poses a wide breadth of challenges and
tasks for students to undertake (e.g., projects, lab reports, writing as-
signments), which may not adequately be represented by a course’s
credit hours. Next to discrepancies with regards to the actual time stu-
dents spend on courses, credit hours only represent the dimension of
time in course load. This precludes course dimensions such as the
intrinsic difficulty of the material or stress factors induced by instruc-
tional decisions (e.g., the placing of deadlines). We ask how adequate
the notion of credit hours is in describing students’ university course
load experiences. To investigate this question, we turn to psychological
literature to define how workload is measured in different domains.

Beyond time load, we propose two additional components to student
workload in higher education: Mental effort and psychological stress.
Within psychology, workload has been routinely studied in industrial
and organizational psychology. We find studies that investigate the link
between workload and organizational commitment (Ahuja, Chudoba,
George, Kacmar, & McKnight, 2002; Dee Cuyper & De Witte, 2006) as
well as workload and well-being (Geurts, Kompier, Roxburgh, & Hout-
man, 2003; Ilies, Dimotakis, & De Pater, 2010). These studies measure
workload via subjective survey assessment. Items from these scales often
include references to overload and workload pressure inducing subjec-
tive stress (Spector & Jex, 1998; Janssen, 2001; Bowling & Kirkendall,
2012). Workload is nevertheless more than stress and multi-faceted
(Bowling, Alarcon, Bragg, & Hartman, 2015).

Another variable that can increase workload is tasks requiring a high
degree of mental effort, which may be defined as the complexity and
cognitive difficulty of completing a task (Paas, Van Gog, & Sweller,
2010). Arguably, mental effort has been neglected in the literature due
to its multiple facets and influence factors (e.g., practice, strategies to
deal with tasks) that make it a complex construct to measure and
quantify (Kantowitz, 1987). This has led to very different operationali-
zations and approaches to measuring mental effort, ranging from
self-report (Hart & Staveland, 1988) to physiological data such as
eye-tracking (Palinko, Kun, Shyrokov, & Heeman, 2010). Nevertheless,
there is reason to assume that mental effort might be vital in higher
education workload, as it was found to be in high school science learning
(Kalyuga, Ayres, Chandler, & Sweller, 2003).

Interactions have been observed between workload and STEM de-
gree persistence. For example, prerequisites of higher education courses
indicate a degree of prior knowledge required to deal with the content of
a course successfully and subsequently with the ability to persist in a
STEM degree (Sithole et al., 2017). Furthermore, prior research has
noted declines in STEM student motivation in the last week of the se-
mester (i.e., finals week) in higher education that might relate to
increased end-of-term workload (Young, Wendel, Esson, & Plank, 2018).
In this study, we engineer features from the learning management sys-
tem and enrollment data that, analogous to industrial and organiza-
tional psychology studies investigating the complexity and excess of
tasks, are expected to be associated with student workload.

We draw from the Subjective Workload Assessment Technique
(SWAT) by Reid and Nygren (1988) to measure time load, mental effort,
and psychological stress and adapt its wording to the educational
context. We ask: Is credit hours a reasonable reflection of this more
general workload associated with a course that students will consider
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when balancing their term selections? Do individual students differ in
their perceptions or ability to manage course workload? Finally, if the
credit hours attribute of a course does not accurately represent its
workload, then what is a more accurate representation?.

We explore potential determinants of course load, broken out by
student self-reported time load, mental effort, and psychological stress
for N = 596 courses taken by N = 127 students during the Spring ’21
semester at UC Berkeley. We employ correlational analysis and linear
mixed modeling to course design and student interaction features
derived from learning management system (LMS) and enrollment data
that may relate to course load. We extend on a previous study showing
that the prediction of student course load leaves considerable room for
improvement (Chockkalingam et al., 2021). Given these gaps regarding
the factors contributing to student course load and the emerging possi-
bility of mining LMS and enrollment data to investigate them, we
defined two research questions:

RQ 1: Which course design choices contribute to students’ perceptions
of course load, broken out by time load, mental effort, and psy-
chological stress? How does this compare to the credit hours of a
course ascribed by the instructor?

RQ 2: How specific to the individual are student perceptions of course
load? Are students’ academic attributes associated with their
perceptions of course load?

2. Literature review

There has been little research exploring and comparing contributors
to student course load systematically. However, studies have focused on
single determinants of course load and their correspondence to student
outcomes. For example, a survey study linked test anxiety with students’
perceptions of course load and their course work time management
ability (Sansgiry & Sail, 2006). Other studies have investigated the ef-
fects of the COVID-19 pandemic on students’ workload, academic out-
comes, and well-being in higher education. A recent study by
Huntington-Klein and Gill (2021) investigating longitudinal data from a
four-year university with a high average time-to-degree suggested that
students often avoid lower grades in high time load courses by re-
allocating free time otherwise planned for non-educational activities.
Smith (2019), however, observed that high time load is not without
other consequences, finding that students’ self-reported time load and
time pressures were significantly associated with negative well-being. A
longitudinal study during the first and second wave of the COVID-19
pandemic later demonstrated the adverse effects of the pandemic on
perceived student stress and mediating effects of coping styles between
perceived stress and life satisfaction (Rogowska, Kusnierz, & Ochnik,
2021). These studies also operate on a conceptualization of course
workload experiences of students that extend beyond credit hours or
time load measures alone. In particular, they emphasize that personal
resources to deal with course load moderate the effects of course load,
relating to our second research question regarding individual differences
in course load perception.

In the following literature review, we survey research from educa-
tional psychology to describe previous attempts at operationalizing
course load. In addition, we describe studies related to our methodology
and research aims from the learning analytics literature. Finally, we take
a broader look into work related to this study’s implications for course
design to contextualize our first research question.

2.1. Measuring course load

Hart and Staveland (1988) evaluated 10 workload-related factors
from different experiments. They began with the assumption that
workload is a hypothetical construct that represents the cost incurred by
a human operator to achieve a particular level of performance. There-
fore, they defined workload as human-centered rather than task-
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centered, and workload ratings were subject to a variety of task- and
operator-specific sources of variability. They proposed the following
sources: task difficulty, time pressure, performance, mental sensory
effort, physical effort, frustration level, stress level, fatigue, and activity
type. Justification for a subset of these constructs involved manual labor
activities found in the workplace but not in an academic environment.
Based on their suitability to evaluate workload in the college and uni-
versity course context, we focused on time load, mental effort, and
psychological stress.

2.1.1. Time load, mental effort, and psychological stress

Time load can refer to both the time a task requires with respect to the
time available as well as task overlap as assessed via the Subjective
Workload Assessment Technique (SWAT) by Reid and Nygren (1988).
Task overlap can impose additional time load through the necessity to
prioritize some task over another at the expense of the performance in
the task with lower priority. Task overlap is applicable to courses in the
form of parallel assignments.

Mental effort, or cognitive load, can be measured through self-report
items, for example, through the NASA Task Load Index (Hart & Stave-
land, 1988) whose subscales (e.g., effort) have been modified and
routinely used in educational psychology (Briinken, Seufert, & Paas,
2010). However, mental effort is frequently assessed via physiological
responses such as pupil dilation in eye-tracking (Palinko et al., 2010),
EEG activity (Zarjam, Epps, & Chen, 2011). Conventionally, mental
effort is measured during or immediately after a task. Hence, it may be
challenging to operationalize mental effort through features from LMS
or enrollment data. However, the number of satisfied prerequisites of
students may represent their ability to manage more advanced courses.

Psychological stress is typically assessed through self-report (Cohen,
Kamarck, & Mermelstein, 1994; Matthews et al., 1999). Psychological
stress may depend on the characteristics of a course (e.g., the placement
of assignment deadlines). Previous studies found the time students spent
on courses regularly increased right before assignment deadlines (Ruiz-
Gallardo, Castano, Gomez-Alday, & Valdés, 2011; Breslow et al., 2013).
A recent study surveying students regarding instructor behavior asso-
ciated with stress found that multiple, effective strategies to mitigate
stress in higher education are exam-related, for example, allowing for a
makeup exam day (Meredith, Liu, & Frazier, 2021).

2.2. Learning analytics and learning management system data

The advent of big data in educational contexts has enabled new data-
driven approaches to improve educational processes and decision-
making at scale (Fischer et al., 2020). This has led to nascent research
communities, such as education data science (McFarland, Khanna,
Domingue, & Pardos, 2021), offering methodologies that enable new
lenses with which we can study facets of higher education.

The learning analytics community has explored time management,
cognitive load, and student emotional states with respect to learning
outcomes. Uzir et al. (2020) used undergraduate trace data from a
learning management system to derive time management tactics that
correlated with academic performance. Similarly, Li, Baker, and War-
schauer (2020) investigated to what degree self-regulation (e.g.,
studying in advance) can be automatically assessed through clickstream
data to predict learning outcomes beyond traditional self-report mea-
sures (e.g., Motivated Strategies for Learning Questionnaire). Investi-
gating the relationship between procrastination and learning outcomes
through LMS data, Park et al. (2018) related the regularity of procras-
tination behavior to course performance. Relating to mental effort,
Larmuseau, Cornelis, Lancieri, Desmet, and Depaepe (2020) link skin
temperature to probabilistic reasoning task performance and self-
reported cognitive load. Yen, Chen, Lai, and Chuang (2015) leverage
log data from a learning management system and social messenger to
adjust instructional strategies and cognitive load to improve learning.
Meanwhile, affect detection has been used to predict college attendance
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from middle school interaction data collected in the ASSISTments sys-
tem (Pedro, Baker, Bowers, & Heffernan, 2013) and learning outcomes
in intelligent tutoring systems (Joshi et al., 2019). Similarly, there has
been evidence that self-reported emotional states predict dropout in
MOOCs (Dillon et al., 2016). In summary, as time management, cogni-
tive load, and student emotional states have been found to correlate with
learning outcomes, we ask whether course load is a mediating factor that
might be influenced via course design decisions.

Learning management system data offer course structure and
learning behavior (Conijn, Snijders, Kleingeld, & Matzat, 2016) from a
wide breadth of courses. These may include clickstream measures
(Cicchinelli et al., (2018)), data about assignments and quizzes
(Zacharis, 2015), or discussion forums (Mwalumbwe & Mtebe, 2017).
Early work leveraging these data included an early warning detection
system to predict adverse course grades (Macfadyen & Dawson, 2010).
Recent studies also revealed that engineering features from LMS forum
posts are not trivial. Top-level, rather than reply comments in for-credit
online courses predict grades, one study found (Almeda et al., 2018). In
addition, a study showed that students contributing to content-related
threads earned slightly higher grades on average (Wise & Cui, 2018).

2.3. Instructional design and course design

Instructional design may be defined as a systematic and knowledge-
driven approach to planning, managing, and evaluating instruction to
improve learning and retention (Baturay, 2008) and has been a concern
of university-specific centers for teaching and learning (Lieberman,
2005). In educational psychology, the guiding principle of instructional
design is to design learning materials that consider how the human
cognitive architecture can process information best to foster long-term
retention (Sweller, 2021). For example, design principles of multi-
media learning environments take into account cognitive load (Mayer,
2005; Briinken et al., 2010). However, instructional design requires
practitioners to effectively translate instructional design principles to in-
person and online courses.

The advent of online courses such as massive open online courses
(MOOCs) has put new importance on instructional design, or course
design decisions, more specifically (Matcha et al., 2020). We may study
course design features associated with successful course completion or
other outcomes or measures through learning analytics. These features
may pertain to broader considerations such as the development of task
complexity within the course or detailed features like unlocking a
problem set only by watching a video until the end (Shukor & Abdullah,
2019). The evaluation of course design in MOOCs is particularly rele-
vant given the high dropout rates observed in MOOCs (Kloft, Stiehler,
Zheng, & Pinkwart, 2014; Goopio & Cheung, 2021) which have been
attributed to learners’ perceptions of the course and their time man-
agement (Eriksson, Adawi, & Stohr, 2017).

Methods applied to MOOC content can be relevant to similar
educational settings. Davis, Seaton, Hauff, and Houben (2018) cluster
MOOCs based on learning design sequences (e.g., transitioning from
video to HTML) and link the resulting clusters to learning outcomes. In
our study, we similarly aggregate instructional behavior within Canvas
LMS courses, linking it to student workload perceptions in higher edu-
cation. Notably, course design decisions in online courses (e.g., the
number of assignments, frequency of assessment, and degree of scaf-
folding in lectures) can be idiosyncratic. Work by Margaryan, Bianco,
and Littlejohn (2015) found that, in a sample of 76 MOOCs, the majority
were neglecting effective instructional design principles while being
well organized in terms of the presentation of learning material. We put
forward that the systematic study of student workload, particularly in
remote instruction, may advance educational effectiveness by consid-
ering course design aspects associated with workload and learners’ in-
dividual ability to deal with workload effectively.
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PHYSICS C21: Physics and Music

Course Subject: Physics

Course Catalog Description: What can we learn about the nature of reality and the ways that we humans have invented to discover
how the world works? An exploration of these questions through the physical principles encountered in the study of music. The
applicable laws of mechanics, fundamentals of sound, harmonic content, principles of sound production in musical instruments,
musical scales. Numerous illustrative lecture demonstrations will be given. Only the basics of high school algebra and geometry will
be used.

1) About how many hours per week did you spend on this course, on average, including instruction time?

O 0-5 hours per week
O 6-10 hours per week
(O 11-15 hours per week
(O 16-20 hours per week
O 21-25 hours per week

O 26+ hours per week
2) How often did assignments (e.g., homework, projects and study For exams) For this course overlap with one another?

O Nearly never
(O seldom

O Sometimes
O Frequently

O Nearly always
3) How manageable were the hours required per week and assignment overlaps For this course?

O Nearly always manageable
O Mostly manageable

O Sometimes manageable
O Mostly unmanageable

O Nearly always unmanageable
4) How much concentration and attention did assignments and studying for this course require?

O Avery low amount
O A low amount

(O Amoderate amount
(O Ahigh amount

O Avery high amount
5) How manageable was the mental effort required to learn course material or complete course assignments for this course?

O Nearly always manageable
O Mostly manageable

O Sometimes manageable
O Mostly unmanageable

O Nearly always unmanageable

6) How confused, frustrated, or anxious were you while learning course material or pleting course

(O Nearly never
O Seldom

O Sometimes
O Frequently

O Nearly always

7) How manageable was the confusion, frustration, or anxiety experienced while learning course material or completing
course assignments?

O Nearly always manageable
O Mostly manageable

O Sometimes manageable
O Mostly unmanageable

O Nearly always unmanageable

Fig. 1. Course load survey questions for each course a respondent took in Spring 2021.
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3. Methods

The aim of this study is threefold. First, we designed a survey to
collect students’ perceptions of course load on the dimensions of time
load, mental effort, and psychological stress for their most recent term.
Second, we investigated which features from the learning management
system and enrollment data are associated with the different types of
course load (i.e., time load, mental effort, and psychological stress)
surveyed from students. Our data set of remote instruction in the Spring
2021 semester at UC Berkeley, a large public liberal arts university,
offers a lens into which elements of course design and delivery relate to the
perceived workload of students that is unprecedented in its coverage of
courses, as all courses were mandated to be online during this semester,
whereas only a subset may register considerable LMS activity in se-
mesters prior to the pandemic. Third, we conducted an inferential
analysis to investigate which classes of features (i.e., LMS data, enroll-
ment data, personalized survey features) explain what level of variance
in course load. Specifically, we considered course-level LMS features
compared to individualized features constructed from historic enroll-
ment and grade data (e.g., prior GPA of students). The following sections
will elaborate on our data sources and analysis methods.

3.1. Overview on source data sets

Our analysis data set comprises three different data sources. These
include (1) institutional learning management system (LMS) data for the
Spring 2021 semester, (2) institutional enrollment data, and (3) survey
data of individual student course pairs comprising course load ratings.

Learning management system (LMS) data. We engineered features
from Spring 2021 LMS data collected throughout the semester (January
18th to May 13th, 2021) for all 332 courses rated in our survey. We
engineered all features from a larger database based on the Canvas suite,
including data on 3,724 courses. Furthermore, the database entailed
61,723 assignments, 3,992,638 submissions to assignments, 423,380
submission comments, and 225,732 forum posts. Further intel on our
LMS data preprocessing, analytic code, and synthetic data availability
can be found in Section 3.3.2.

Enrollment data. We sourced institutional enrollment data collected
between the Fall 2011 and Spring 2021 semester to create course-level
(e.g., number of credit hours, historic course GPA) and student-level
variables (e.g., prior GPA, number of satisfied prerequisites) for course
load inference. The total sample size of our enrollment data set
amounted to 193,980, with the unit of analysis being student course
enrollment pairs across individual semesters.

Survey data. Our survey data was collected between June 2nd and
June 15th, 2021, and included 596 course load ratings from 128 stu-
dents. We asked students to rate the courses they enrolled in the past
semester on time load, mental effort, and psychological stress. The
following section details the processing of our survey design and data
collection.

3.2. Collecting student perceptions of course load

We first designed a survey instrument to collect student perceptions
of different course load types in each of their courses taken in Spring
2021.

3.2.1. Survey design

Reid and Nygren (1988) designed a survey instrument to measure
time load, mental effort load, and psychological stress load in workplace
settings. They named their instrument the Subjective Workload Assess-
ment Technique (SWAT). We adapted questions from this instrument to
be appropriate for students in educational settings with the rationale for
our adaptations detailed in A. Our survey questions consisted of two
questions for each of the three load constructs, one question on the
magnitude of the construct perceived in the course and the second on the
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manageability of that construct. These sets of questions were designed to
be answered per course. At the end of the survey, participants were
asked to rate how important each of the constructs was for them, in
general, when making course selection decisions.

Our survey (Fig. 1) was designed for each student participant to
answer the set of load questions for each course they were enrolled in for
the Spring 2021 semester. All questions were five-point Likert scale
options, with the exception of the first time load question which rep-
resents an objective assessment of the hours students spent per week on
the rated course. For this question, compared to the subjective assess-
ment scales, we added an additional scale point to accommodate ratings
beyond the common range of weekly hours seen in the distribution of
credit hours in our database, which translated to between 1 and 36 h per
week per course. Since the amount of overlap in tasks was a component
of the SWAT survey’s time load measure, we included it as an additional
time load question; however, during our feature engineering process, we
found that we could create an objective measure of assignment overlap
based on release dates and deadlines seen in the learning management
system data. Therefore, we decided to omit this task overlap question
from our analyses.

3.2.2. Survey implementation and participant recruitment

We developed a web-based system to deploy our survey connected to
campus enrollment records. The advantage of this approach compared
to off-the-shelf solutions (e.g., SurveyMonkey) was that our personalized
system could provide students with the collection of all courses they
took in the Spring 2021 semester directly through our database. This left
less room for error by omission on the part of respondents and less cross-
referencing error when connecting courses rated by students to their
respective data in the LMS. Students logged into the system using their
standard authentication system credentials for the institution.

To recruit students to participate in our study, we posted a link with a
description of the study on student social media groups pages (e.g., UC
Berkeley class of 23) and sent emails to listservs of interested student
survey participants.

Once the student visited the survey page, they could see the re-
quirements and benefits. The requirements were that participants must
be registered for Spring 2021 and take at least three courses. After taking
the survey, each participant received a $15 gift card. We set this reward
amount based on a time expectation of 1-2 min to rate each course, with
four as the median number of courses enrolled per semester. Students
were only asked to rate lecture courses, filtering out non-lecture courses
such as seminars, independent and group study courses.

3.3. Feature engineering

3.3.1. Individual student features from enrollment data

Research question 2 asks if course load perceptions depend on in-
dividual student attributes. To create student attributes, we utilized
features that prior literature deemed potentially relevant to course load
perception and used campus historic enrollment data from 2011 Fall to
2021 Spring, which contains 4.2 million enrollments from 193,980
anonymized undergraduate students.

Features based on course and student prerequisites. The presence of
prerequisites to enroll in a course suggests higher knowledge or skill
necessary to successfully complete it. For example, students need to
recall the contents of prerequisite courses to master the course material,
leading to higher mental effort. Hence, we expect the number of course
prerequisites to be associated with course load. We calculated the total
number of course prerequisites and the number of prerequisites a stu-
dent fulfilled for the course. Prerequisite satisfaction is generally not
enforced at UC Berkeley. For the latter, we created two separate vari-
ables for the number of prerequisites satisfied in the Spring 2021 se-
mester and before the Spring 2021 semester.

Features based on prior student GPA. One recent study found a small,
positive association between course load and GPA (as measured on a 4.0
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scale) in a US higher education institution (Huntington-Klein & Gill,
2021). This was substantiated by a related study quantifying course load
as the number of courses students took each semester (Boumi & Vela,
2021). We created a feature representing the student’s overall GPA and
another feature representing their within-major GPA.

Features based on prior course GPA. The average GPA of a university
course may be regarded as a heuristic proxy for course difficulty as
students who tend to register for courses with a relatively low average
grade also tend to receive a lower GPA, according to a study by Szafran
(Szafran, 2001). Other studies argued that course GPA represents grade
leniency to obtain positive course evaluations (Marsh & Roche, 2000) or
increase enrollments (Achen & Courant, 2009). We created features for
both the mean and standard deviation of grades in courses in the Spring
2021 semester. Importantly, students may apply less effort to courses
taken as Pass/No-pass, potentially leading to lower course load. There-
fore, for courses where non-letter grades are an option, we both included
the percentage of non-letter grades and the percentage of pass or satis-
factory grades among non-letter grades of courses as additional features.

3.3.2. LMS data preprocessing

We received all learning management system data for the Spring
2021 semester at UC Berkeley from campus. UC Berkeley uses the
Canvas LMS. In the following, we refer to Canvas as simply “LMS”, as the
data we engineer features from are, in principle, also available in other
learning management systems that grant institutions the ability to
export data. Due to privacy concerns, we did not link student-level data
across our survey and LMS data, but rather aimed at predicting our
course load survey measures through course-level variables derived
from LMS data. The technical details of our analysis (e.g., Python
version) can be found in the supplementary GitHub repository,
including reproducible analysis code and synthetic data.”

To ascertain the dropout status of students, we took the latest
enrollment status in our records (i.e., deleted rather than active or
completed). By default, we based our features on students that did not
drop out throughout the semester. In addition, we created separate
features for students that dropped out where appropriate (see Appendix
B). Since we could not ascertain the dropout status of students that rated
our courses in our survey, we considered the dropout versions of LMS
features as additional course-level variables. Therefore, we did not fit
separate models for students who dropped out but investigated the
utility of features based on dropout students in a combined inference of
course load with the other LMS features. We further describe how we
used the separate set of dropout features for modeling in Section 3.5.4.
In addition, we divided the Spring 2021 semester instruction time
(2021-01-18 until 2021-05-13) into four equally-sized parts. We esti-
mated the frequency with which students who initially enrolled in the
course dropped out of a course each semester quarter.

We sampled all assignments with at least one student submission for
filtering assignments. Not all of these assignments had due dates and
unlock dates (i.e., an optional, visible date of an upcoming assignment at
which students would be able to access it). Therefore, we created a
separate subset for assignments that included deadlines and deadlines
and unlock dates. This ensured that we based our LMS features on the
most assignment data possible for each feature. Since we could not
create features based on deadlines for 23.49% and deadlines and unlock
dates for 35.54% of courses in our sample due to missing data, we
created two binary control variables for modeling representing whether
features could be created based on these subsets or not.

Out of all rated courses, 44.56% of courses had multiple LMS courses
attached to them. This is because different course sections (e.g., dis-
cussion groups) may be assigned their own LMS course. For these
courses, we always created features based on concatenated data (e.g.,
combining all forum posts across LMS courses into one data set). We also

2 https://github.com/CAHLR/credit-hours-THE.
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included a control variable representing whether data were concate-
nated or not for modeling. Furthermore, if courses did not use the
assignment (i.e., no assignment was posted), forum (i.e., no forum post
was published), or submission (i.e., students did not submit any
assignment) feature at all, we included additional control variables for
modeling as described in Section 3.5.3 and omitted these cases for our
correlational analysis. We refer the reader to B for an overview of all
control variables.

3.3.3. LMS data feature engineering

Our feature engineering process was guided by prior LMS learning
analytics literature (Li et al., 2020; Zacharis, 2015; Macfadyen & Daw-
son, 2010), literature review, papers on discussion-based features in
forums, and a deliberate engagement with LMS features. We categorized
our LMS features in three categories: Features based on assignments (13
features), submission comments (4 features), and forum posts (14 features)
made by students, teaching assistants and instructors.

Features based on assignments. We computed the standard deviation of
all due dates of course assignments. As prior research found university
students’ workload to increase close to assignment deadlines (Ruiz-
Gallardo et al., 2011), we expected assignment deadlines being evenly
spread across the semester to be negatively associated with psycholog-
ical stress. Similarly, we calculated the number of parallel assignments by
adding either 24 or 72-h timeframes (or a flexible timeframe based on
whether the assignment was graded) to deadlines. We also included the
maximum number of graded assignments per week and timely submission
as the mean timeframe students submitted before the deadline. Simi-
larly, we calculated the mean difference between assignment avail-
ability and due dates, including the ratio with which deadlines and
assignments were within the first two weeks of instruction. We conjec-
tured that a large number of parallel assignments, late assignment
availability, and late submissions would all be conducive to psycho-
logical stress, potentially due to increased procrastination caused by
high workload (Shokeen, 2018). Finally, we computed the total number
of assignments and graded assignments (per week).

Features based on forum posts. We considered the number of original
(i.e., not being a reply to another post) posts students created to be
associated with time load. In addition, we considered the average size of
original posts of students in bytes to be associated with mental effort
load since longer posts might point to more complex forum assignments.
We also created variables indicating the number of forum posts written
by instructors per student and their average reply time. Similarly, we
investigated the percentage of original forum posts made by students
that received a reply (by either other students or instructional staff). We
conjectured that receiving timely and frequent instructor posts on the
forum correlates with psychological stress as studies are pointing to the
importance of student-instructor interactions in online courses for
educational outcomes. Jaggars and Xu (2016) found positive associa-
tions between high-quality and frequent student-instructor interaction
in online courses and course grades through survey data and qualitative
analysis. Similarly, the perceived quality of online discussion forums
was positively associated with students’ participation and perceived
learning in another study (Balaji & Chakrabarti, 2010).

Features based on submission comments. We considered the number of
submission comments per student and their average size in bytes to be
associated with mental effort as we expect more complex courses and
assignments to yield, on average, more and longer submission com-
ments. Similar to forum responsivity, we considered the percentage of
submissions that received at least one submission comment to be
negatively associated with psychological stress. Notably, we did not
create separate feature versions for dropout students for this category
due to a high frequency of missing values.

Other LMS features. We divided the semester into four equally-sized
quarters to calculate course dropout ratios since we considered the
reasons for dropping out throughout the semester to differ. While early
dropout might signal selection of courses after over-enrolling in courses,


https://anonymous.4open.science/r/workload-prediction-1EDB
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Table 1
Example analysis data set for five (synthetic) student responses and sample variables from each sourced data set.
IDs LMS Enrollment Responses
Student Course ID N Course % Posts N Preregs Course Historic Indiv: Indiv: N Time Mental Psychological
D Assignments with Course Credit Course Student Satisfied Load Effort Stress
Replies Hours GPA GPA Prereqs
1 Physics 123A 0 0.000 2 3 3.271 3.878 2 2 3 4
1 Mathematics 17 0.113 0 2 3.668 3.878 0 1 2 1
1A
2 Music 120 32 0.017 4 3 3.214 3.473 3 3 3 3
2 Education 64 0.000 1 4 3.411 3.473 1 2 3 2
131
2 History 100 6 0.000 0 1 3.051 3.473 0 2 5 5
3 Psychology 22 0.500 1 4 3.767 3.689 0 1 3 4
290

late dropout might signal prioritizing other courses to achieve a higher
grade overall (i.e., students expecting to earn a worse grade than they
planned). Note that at UC Berkeley, there is a deadline for dropping
courses without a fee in December, while each student is allocated a
budget of dropping two courses late in the semester without paying a fee
until the last day of instruction.”

Notably, some of these variables might fluctuate each time the course
is carried out. While we might assume characteristics of assignments and
the responsiveness of instructors and TAs to remain similar over time,
variables based on forum posts and assignment submissions likely vary
by cohort.

An overview of all features and their mathematical definitions can be
found in Appendix B.

3.4. Analysis data set

The unit of analysis for our study is student course pairs, with stu-
dents generally rating multiple courses regarding course load. Our
analysis data set includes 596 course ratings from 128 students. Data
sets with repeated observations (i.e., students rating multiple courses)
are particularly suited for linear mixed models as we detail in Section
3.5.3. As our independent variables, we join enrollment data on the
student level and course level as well as LMS data on the course level to
our student course pairs.

Note that student and course features are on different levels of ag-
gregation. We combine both variable types by creating all features for
every row of our student survey response data (i.e., course student
pairs). We thus joined the student-level features of each student rater
with course-level features of each rated course. For illustration, we
include an analysis data set preview including example variables and
survey responses in Table 1.

3.5. Analysis methods

3.5.1. Confirmatory correlational analysis

This correlational analysis relates to our first research question of
which course design choices contribute to students’ perceptions of
course load, broken out by time load, mental effort, and psychological
stress. In particular, we pre-select a set of course-level LMS features
representing course design decisions (e.g., placement of deadlines and
number of assignments) for each course load type based on our expec-
tations regarding which features would likely correlate with which
course load type. We then tested our expected correlations of LMS
course-level features by estimating 95% confidence intervals (@ = 0.05)
based on Pearson correlations (using pairwise complete observations) in
the R statistical software (R Core Team, 2021).

We motivate the particular hypotheses regarding which LMS features

% https://Isadvising.berkeley.edu/policies/late-change-class-schedule.

correlate with which course load type via prior literature. These include
previous studies on the relationship between forum use in online courses
and course grades (Jaggars & Xu, 2016) as well as previous survey
research on the relationship between assignment deadlines and psy-
chological stress (Ruiz-Gallardo et al., 2011). Our hypothesizing is
further detailed in Section 3.3.3. A tabular overview of our hypotheses
and a list of all course-level LMS features are in Appendix B.

3.5.2. Exploratory correlational analysis

We extend our confirmatory correlational analysis to speak to our
first research question by correlating all of our LMS and enrollment
features with each course load type and reporting significant correla-
tions. In particular, we conduct this analysis to speak to the latter part of
our first research question, that is, how the correlation of credit hours
with students’ course load perceptions compares to other LMS and
enrollment features. While we have pre-selected variables for our
confirmatory correlational analysis, unexpected associations might exist
across LMS and enrollment variables that are distinct or common across
course load types.

We hand-code the STEM status of all courses and majors based on the
U.S. Department of Homeland Security (DHS) STEM Designated Degree
Program List.” in order to explore if there are significant differences in
the determinants of course load between STEM and non-STEM courses.

3.5.3. Mixed models

We employed linear mixed models to model time load, mental effort,
and psychological stress. We checked model assumptions (normal dis-
tribution of target, homoscedasticity, random effects normality, residual
normality, and linearity) and excluded variables with a variance infla-
tion factor greater than 10 which is a commonly applied threshold (Midi
& Bagheri, 2010).

Linear mixed models allow for the representation of multilevel data,
most notably data obtained through repeated measurements. Using the
package lme4 (Bates, Machler, Bolker, & Walker, 2015) for the R sta-
tistical software (R Core Team, 2021), we conceptualized students as
random effects since they were measured repeatedly (i.e., students rated
multiple courses; M = 4.69, SD = 1.22), potentially introducing bias to
estimates based on their frequency in the data.

Next to fitting random model intercepts per student, we did not fit
random slopes since we considered the effect of, for example, the
number of assignments on course load to not differ across individuals. In
contrast, we considered students to have different baselines (i.e.,
proneness to psychological stress), represented by random intercepts.
Notably, linear mixed models allowed us to estimate how much variance
in course load perceptions these individual baselines explain.

Overall, these decisions resulted in the following model formula per
type of course load, where f,, ..., ; denote features predicting course

4 https://www.ice.gov/sites/default/files/documents/stem-list.pdf.
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Table 2
Mean and standard deviation for all survey question responses (5-point Likert
scales except a 6-point Likert scale for Q1).

Question M SD

Q1 Time Load 2.25 1.18
Q2 Parallel Work 2.62 1.29
Q3 Time Load Manageability 3.91 1.07
Q4 Mental Effort 3.24 1.23
Q5 Mental Effort Manageability 3.70 1.13
Q6 Psychological Stress 2.70 1.27
Q7 Psychological Stress Manageability 3.83 1.14
Q8 Time Load Importance 3.85 1.00
Q9 Mental Effort Importance 3.64 1.08
Q10 Psychological Stress Importance 3.70 1.18

load Y; while v, denotes student random effects:

Yi=Bo+Bi+ oA Bt o))

3.5.4. Model comparison
Our second research question relates to the specificity of perceptions

N Credit Hours |:| 4 3
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of course load to each individual student. To investigate this research
question, we ran incremental likelihood-ratio model comparisons of
linear mixed models for different variables sets and time load, mental
effort, psychological stress, and combined course load as dependent
variables. We classified our features into (1) course-level LMS features
conjectured to be associated with the different course load types as
outlined in Section 3.5.1, (2) the personalized student-level survey rat-
ing of how important the student finds the different course load types
when choosing courses, and (3) individualized student-level features
based on enrollment records (e.g., prior student GPA, number of satis-
fied prerequisites). Given that the personalized importance rating might
be more feasibly collected in practice (e.g., in a course recommendation
system) compared to the individualized enrollment features, we treated
these two variable sets separately. We used a model only featuring credit
hours as our baseline.

Within our LMS feature set, we considered variables based on stu-
dents that dropped out of the course to be a separate set of features. We
conjectured that the signal from students that did not complete the
course might be particularly useful for inferring course load. Note, that
our data precluded us from linking an individual student’s course load

2[ ]+
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Fig. 2. Survey responses by course load type and credit hours, 13 responses with more than 4 credit hours omitted.
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Table 3
Correlation tests for course-level LMS features expected to correlate with time
load, significant correlations with asterisk.

Feature r 95% CI
Forum Post Size (Bytes), Dropout Students* -0.17 [-0.32, —0.01]
Forum Post Size (Bytes), Students —-0.12 [-0.26, 0.02]
N Course Assignments* 0.18 [0.08, 0.26]
N Graded Assignments per Week* 0.13 [0.03, 0.23]
N Graded Course Assignments* 0.17 [0.08, 0.26]
N Original Forum Posts by Students —0.07 [-0.21, 0.07]
N Original Forum Posts by Students (Dropout) —0.06 [-0.22, 0.10]
Original Forum Posts per Student —0.07 [-0.21, 0.07]
Original Forum Posts per Student (Dropout) —0.08 [-0.24, 0.08]
Table 4

Correlation tests for course-level LMS features expected to correlate with mental
effort, significant correlations with asterisk.

Feature r 95% CI

% Assignments Available in 1st 2 Weeks of Semester -0.04 [-0.14, 0.07]
Dropout Ratio Q1 —0.04 [—0.12, 0.04]
Dropout Ratio Q2* 0.15 [0.07, 0.23]
Dropout Ratio Q3* 0.25 [0.17, 0.32]
Dropout Ratio Q4* 0.22 [0.14, 0.30]
Forum Post Size (Bytes), Dropout Students -0.15 [-0.31, 0.01]
Forum Post Size (Bytes), Students -0.02 [-0.16, 0.13]
Submission Comments per Student —0.02 [-0.11, 0.07]
Submission Comments Size (Bytes) —0.04 [—0.14, 0.06]

Table 5

Correlation tests for course-level LMS features expected to correlate with psy-
chological stress, significant correlations with asterisk.

Feature r 95% CI

% Assignments Available in First 2 Weeks of Sem. 0.02 [-0.08, 0.13]
% Posts by Students (Dropout) with Replies -0.12 [-0.28, 0.04]
% Posts by Students with Replies 0.00 [-0.14, 0.14]
% Submissions that Received Comments -0.10 [-0.19, 0.00]
Avg Diff Assignment Availability to Deadline* -0.17 [-0.27, —0.06]
Avg Instructor/ TA Forum Reply Time —0.12 [-0.26, 0.02]
Avg Instructor/ TA Forum Reply Time (Dropout)* -0.21 [-0.36, —0.05]
Avg Submission Time to Deadline -0.07 [-0.17, 0.03]
Instructor/ TA Posts per Student 0.05 [-0.09, 0.19]
N Assignments in Week with Most Due Assignments 0.06 [-0.04, 0.16]
N Parallel Assignments (1 day timeframe)* 0.13 [0.03, 0.22]

N Parallel Assignments (3 day timeframe)* 0.13 [0.03, 0.22]

N Parallel Assignments (flexible timeframe)* 0.14 [0.04, 0.23]
Spread of Assignment Due Dates —0.03 [-0.13, 0.07]

rating from our survey to the dropout status of the student that gave the
rating. Therefore, we compared a model with the standard LMS features
of students that completed the course to a model additionally featuring
LMS features based on students that dropped out. We amended the LMS
model to include the additional dropout features based on the p-value of
the model comparison to the standard LMS model.

In summary, our model comparison procedure proceeded as follows:
(1) Compare the baseline model against the curated LMS model
including, if useful, an additional set of dropout features, (2) compare
the curated LMS model to a model additionally featuring the personal-
ized importance rating of each student regarding the respective course
load type when choosing courses, and (3) compare the personalized
model to a model additionally including all individualized enrollment
features.

4. Results

In our results, we first report descriptive statistics of our survey on
course load perceptions, confirmatory correlation testing, and explor-
atory correlation analysis. We then report inferential model
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comparisons, which prompt an additional exploratory analysis of indi-
vidual student differences in sensitivity to course load.

4.1. Descriptive survey results

This entire survey took, on average, 7 min. All students participated
in this survey between June 2nd and June 15th, which was after their
grades were released. Finally, we collected 596 course ratings from 128
students.

We show the mean and standard deviation of all survey questions in
Table 2 assuming that the majority of the scales would be centered
around a rating of 2.5 (with the exception of time load). Given that
credit hours is conventionally used to represent course load, we ex-
pected that perceived course load would primarily covary with credit
hours. To visually investigate this assumption, we exported the distri-
bution of course load ratings by credit hours in Fig. 2. We can observe
three notable trends in this figure.

First, the course load distribution for one credit hour courses is more
left-skewed than for courses with two, three, and four credit hours.
Second, the distributions of course load for two, three, and four credit
hour courses are somewhat similar for time load and close to indistin-
guishable for mental effort and psychological stress. Third, the distri-
bution of time load is left-skewed across all credit hours. Given our
response categories, higher response categories may be too high and
unrealistic (e.g., 25 + hours per week on one course). This descriptive
analysis speaks to our first research question. Given that there seems to
be no strong association between the number of credit hours and the
distribution of course load (except for one credit hour courses) based on
Fig. 2, credit hours might be a relatively imprecise measure for students’
perceptions of course load.

The relative frequency of 1, 2, 3, 4, 5, and 6 credit hours in our survey
data were 4.53%, 7.55%, 26.01%, 59.73%, 1.85%, and 0.34% (note that
we omitted ratings with credit hours larger than 4 in Fig. 2). In the full
database of all courses at UC Berkeley in the Spring 2021 semester (N =
3,002) the relative frequency from 0 to 12 credit hours were 0.23% (0),
15.02% (1), 14.29% (2), 27.44% (3), 38.70% (4), 3.53% (5), 0.23% (6),
0.23% (7), 0.06% (8), 0.09% (9), 0.06% (10), 0.06% (12).

4.2. Confirmatory correlational analysis of course design choices to
course load

Our first research question pertains to the course design choices
relating to students’ perceptions of course load (i.e., time load, mental
effort, and psychological stress). We conjectured different sets of course-
level LMS features, representing course design choices, to correlate with
the three course load constructs as detailed in Section 3.3.3 and report
the resulting correlations in Tables 3-5.

Observing the correlations of our LMS features with course load in
Tables 3-5, we find small to moderate positive associations between the
number of assignments (r = 0.18), graded assignments (r = 0.17), and
graded assignments per week (r = 0.13) in LMS courses and perceived
time load. In addition, the average size of forum posts in bytes by stu-
dents that dropped out throughout the semester was significantly
negatively correlated with perceived time load (r = —0.17). While the
correlation estimate was similar for students that did not drop out (i.e.,
longer posts were related to lower perceived time load), that estimate
was not significantly different from 0. Similarly, the number of parallel
assignments was positively associated with perceived psychological
stress (r = 0.13 for overlap counts with a 1, 3, and flexible timeframe
before assignment deadlines). This means that the more deadlines
overlapped during the semester (given a timeframe of 1 or 3 days before
the deadline), the higher students perceived psychological stress.
Notably, assignments’ general spread (i.e., the standard deviation of
deadlines) was not significantly correlated with psychological stress. On
average, we also find that courses that made assignments available
earlier before their deadline were rated lower on our psychological
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Table 6
Course load type intercorrelations.
r 95% CI
Time Load, Mental Effort 0.61 [0.56, 0.66]
Time Load, Psych. Stress 0.54 [0.48, 0.59]
Mental Effort, Psych. Stress 0.67 [0.62, 0.71]

stress scale (r = —0.17). Furthermore, courses with longer reply times in
the LMS forum by instructors to posts by students that dropped out
during the semester were also rated lower in psychological stress (r =
—0.21). This means that the shorter the average course reply time was in
the LMS forum, the higher students perceived psychological stress.
Finally, the ratio of students that dropped out in the second (r = 0.15),
third (r = 0.25), and fourth (r = 0.22) quarter of the Spring 2021 se-
mester was positively associated with perceived mental effort. All
remaining correlations were not significant, see Tables 3-5.

4.3. Exploratory correlational analysis and comparison to credit hours

The second part of our first research question asks how course design
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choices correlate with credit hours. Given the constrained subsets of
variables tested for each course load type in our confirmatory analysis,
we filtered significant correlations between course-level LMS and
enrollment features. Before doing so, we investigated the in-
tercorrelations of our three course load scales in Table 6. We find cor-
relations between 0.54 for time load and psychological stress and 0.67
for mental effort and psychological stress. Heavily consulted literature
(Costello & Osborne, 2005) suggests that, given these correlations, the
scales may be combined into a unidimensional construct but do not
necessarily have to be combined (e.g., by averaging course load ratings
across scale types).

To further investigate this issue of unidimensionality, we computed
correlations for all features for all course load types and a combined,
averaged course load score. We then tested whether the correlation es-
timates of the different scales would be significantly different from one
another, which was not the case and is visualized in Fig. 3.

We could not significantly distinguish the correlation estimated
across course load types based on our data. Therefore, we only per-
formed correlation-based filtering of features based on a combined
course load measures by averaging across our three course load scales.
In this step, we also investigated individualized features on the student
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Fig. 3. Correlations of LMS and individualized enrollment features with different course load types, including 95% confidence intervals.
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Table 7
Significant correlations of LMS features and individualized enrollment features
(indicated via “indiv” prefix) with combined course load.

Feature r 95% CI

Indiv: N Satisfied Prereqs of Student 0.41 [0.34, 0.47]

N Prereqgs Course 0.40 [0.33, 0.46]
Dropout Ratio Q3 0.32 [0.24, 0.39]
Course GPA SD Spring 2021 0.27 [0.19, 0.35]
Dropout Ratio Q4 0.26 [0.18, 0.33]
Course Credit Hours 0.25 [0.17, 0.32]

N Graded Course Assignments 0.23 [0.14, 0.32]

N Course Assignments 0.23 [0.14, 0.32]
Course was a STEM Course 0.23 [0.15, 0.30]
Dropout Ratio Q2 0.22 [0.14, 0.29]

N Graded Assignments per Week 0.16 [0.07, 0.26]
Indiv: Student x Course STEM Match 0.16 [0.08, 0.23]

N Parallel Assignments (3 day timeframe) 0.14 [0.04, 0.23]

N Parallel Assignments (1 day timeframe) 0.14 [0.04, 0.23]

N Parallel Assignments (flexible timeframe) 0.14 [0.04, 0.23]
Indiv: Historic Student GPA —0.10 [-0.18, —0.02]
% Submissions that Received Comments —0.10 [-0.19, —0.01]
Forum Post Size (Bytes), Dropout Students -0.17 [-0.32, —0.01]
Avg Diff Assignment Availability to Deadline -0.19 [-0.29, —0.09]
% Pass or Satisfactory among Non-Letter Grades -0.21 [-0.29, —0.13]
% Non-Letter Grades -0.27 [-0.35, —0.20]
Course had no Letter Grades -0.38 [-0.44, —0.30]
Course GPA Spring 2021 —0.41 [-0.48, —0.33]

Table 8

Likelihood-ratio test for combined course load comparing credit hours to LMS
features, the importance item, and individualized features. Note: A direct
comparison between the second and last model also yielded significance.

Model BIC Rlarg cond. deviance 2 @ p
Credit Hours 1712.87  0.06/0.12  1687.37

LMS 1585.80 0.42/0.54 1388.12 299.24 27 <.001
LMS + Import. ~ 1589.57  0.42/0.54  1385.51  2.61 1 .106
LMS + Indiv. 1584.19  0.45/0.57  1361.01  24.51 3 <.001

level (e.g., prior student GPA).

We present all significant correlations with combined course load in
Table 7. Speaking to our first research question, we find eight features
that exhibited stronger correlations with combined course load than the
number of credit hours of the course (r = 0.25): First, the number of
satisfied prerequisites of the student and the number of prerequisites of
the course. The more prerequisites were required and fulfilled, the
higher the perceived course load. Note, however, that in courses with
more prerequisites, the number of prerequisites students fulfilled was
also higher (r = 0.74) while 62.35% of courses in our sample had no
prerequisites. Second, the course GPA in the Spring 2021 semester,
whether the course was a non-letter grade only course, and the per-
centage of non-letter grades in the course. This indicates that the higher
the average grade of the course and the more no letter grades were
given, the lower was perceived course load. Third, the dropout ratio in
the third and fourth quarter of the semester, meaning that students
perceived courses with high late dropout ratios as being high in course
load. Finally, the standard deviation of letter grades in the course in
Spring 2021, indicating that the more grades varied in courses, the
higher their perceived course load was.

4.4. Model comparison of the inferential utility of course-level and
student-level attributes for course load

Our second research question related to the relative utility of indi-
vidual student academic attributes to infer course load. In other words,
we investigated how useful an individualized inference of course load
beyond course-level features is. We operationalized this question by
classifying our features into different types (see Section 3.5.4) and
computing how much variance in course load ratings they explain. In
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particular, we used model comparisons to speak to the utility of load
importance ratings and individualization (i.e., student-level enrollment
features such as GPA) to infer course load. As this may differ across
course load types, we ran our model selection procedure for all types of
course load, including combined course load, individually.

The individualized model was chosen for all four model selection
procedures (i.e., inferring time load, mental effort, psychological stress,
and combined course load). Recall that the individualized model
included, next to the LMS features and credit hours, enrollment features
(e.g., prior GPA) tailored to each student rater as well as the rating of
how important each student generally perceived the relevant course
load type when choosing courses. In addition, the separate set of LMS
features based on students that dropped out did not improve the LMS
models significantly and were, therefore, not included in any LMS
model. We observed differences between course load types in the mar-
ginal (i.e., variance explained by features) and conditional (i.e., variance
explained by features and random intercept) R? of the chosen model.
First, the conditional R? was lowest for psychological stress (33%) and
highest for time load (50%). Second, marginal R? was highest for com-
bined course load (45%) compared to 32% for mental effort and 27% for
both time load and psychological stress. Third, the variance explained
by individual student-level intercepts was highest for time load (23%)
and lowest for psychological stress (6%) which can either be interpreted
as different levels of within-student variance or different efficacy levels
of individualized features to capture within-student variance. For
reference, this metric was 12% for combined course load. In summary,
speaking to our second research question, while individualization of
course load prediction significantly improved model fit, the relative
inferential utility compared to course-level LMS features is small, as
indicated by R? values in Table 8.

We report the model selection results for combined course load in
Table 8 with all other model comparison tables included in Appendix D.
Full model tables including model coefficients are in Appendix E.

4.5. Additional exploratory analyses

We report on three exploratory analyses relating to our two research
questions. With respect to the first research question, we investigated if
any course design choices correlate differently with course load
depending on if the course was STEM or non-STEM. Regarding our
second research question regarding the utility of individualization for
course load inference, we conducted additional analyses to investigate
student-level differences in course load manageability and sensitivity.

4.5.1. Differences in course load correlations between STEM and non-
STEM courses

We extend inquiry into our first research question regarding which
course design choices contribute to perceptions of course load by
examining if these contributions differ between STEM and non-STEM
courses. Past work has shown that different factors do play a role
when it comes to STEM and non-STEM persistence at the degree level.
Perception of math preparedness was found to contribute to STEM
persistence, whereas perceived social fit was found to be a significant
factor in non-STEM preparedness (Dika & D’Amico, 2016; Sithole et al.,
2017). Different correlates at the course level may lead to different
implications for course design for STEM vs. non-STEM courses.

We summarize significant differences in correlation estimates of our
course-level LMS and enrollment features between STEM courses and
non-STEM courses for all types of course load (i.e., time load, mental
effort, psychological stress, and combined course load) in Fig. 4.

We find that courses without any letter grade (i.e., taken as Pass/No-
Pass) are less indicative of low course load for non-STEM courses. In
addition, the number of prerequisites correlate only with course load for
STEM courses. This is also true for the spread of grades in STEM courses,
which was positively correlated to mental effort. Notably, for all
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Fig. 4. Significantly different correlation estimates with course load types between STEM and non-STEM courses.

Table 9

Course load correlations with manageability responses by type.
Feature r (Manageability Rating) 95% CI
Time Load -0.56 [-0.61, —0.50]
Mental Effort —-0.61 [-0.66, —0.56]
Psych. Stress —-0.79 [-0.82, —0.76]

Table 10
Importance item correlations with student-level course load sensitivity as a
function of the random student intercept taken from linear mixed models.

Feature r (Random Effect) 95% CI

Time Load Importance —0.00 [-0.18, 0.18]
Mental Effort Importance —0.00 [-0.18, 0.18]
Psych. Stress Importance 0.05 [-0.13, 0.22]

observed differences, the direction of the association did not change
between STEM and non-STEM courses but was amplified for STEM
courses. Our observation that prerequisites are a significant factor only
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Table 11
Importance item correlations with student-level course load sensitivity as a
function of the average difference between course load and manageability
responses.

Feature r (A Load, Manage) 95% CI

Time Load Importance -0.03 [-0.20, 0.15]
Mental Effort Importance 0.22 [0.04, 0.38]
Psych. Stress Importance 0.11 [-0.06, 0.28]

in STEM courses squares with similar observations made in related work
with respect to STEM major persistence (Dika & D’Amico, 2016; Sithole
et al., 2017).

4.5.2. Associations between course load and course load manageability
across students

Speaking to our second research question, our main analysis indi-
cated that the relative utility of individualization for course load infer-
ence is low. As another feature that may systematically differ across
students, we investigated the correlation of our course load
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manageability items (i.e., how manageable students perceived each
course load type) with our course load scales across all three types of
course load. We find that higher load was associated with lower
perceived manageability for all three course load types. This association
was significantly higher for psychological stress than time load and
mental effort (Table 9).

4.5.3. The role of student course load sensitivity and perceived importance
for individualization

As another lens on individualization and our second research ques-
tion, individual sensitivity or ability to deal with a high course load may
differ. For example, prior research pointed out that resources to deal
with psychological stress differ across individuals (Rabenu & Yaniv,
2017). In this exploratory analysis, we explore ways of gauging course
load sensitivity at the student level.

At the end of our survey, we asked students to rate how important
they find time load, mental effort, and psychological stress when
choosing courses. We hypothesized post hoc that students that are
particularly prone (i.e., sensitive, leading to lower perceived manage-
ability) to particular course load types also place high importance on
them during course planning. Hence, we created two metrics repre-
senting sensitivity to course load on the student level. Notice that the
course load ratings were collected after students completed the course,
while the importance measure alludes to the general course selection
strategy of students. Hence, if there is a dissonance between the
perception of what type of course load is important and what is actually
manageable for students, this speaks to a miscalculation on the side of
students and raises an opportunity for intervention and advising.

We considered two ways of quantifying student sensitivity to
different types of course load. First, we extracted the estimated indi-
vidual intercepts of the linear mixed models for each student for the
models we chose during our model selection procedure. We may inter-
pret these intercepts as the baseline or proclivity of each student to rate
time load, mental effort, or psychological stress as high or low. Second,
we calculated the average difference between the course load ratings
and their perceived manageability for each student. For example, a
student who tends to rate course load high and manageability low will
be assigned a high sensitivity score. Conversely, a student that tends to
rate course load low and manageability high will receive a low sensi-
tivity score. We then correlated these two sensitivity measures for each
student and course load type with the reported importance ratings for
the respective course load type.

We find no significant correlations of importance scores at the end of
the survey with student sensitivity as represented as the random in-
tercepts in the respective linear mixed models (Table 10).

We find that students that place particular importance on the mental
effort of a course when choosing it were also significantly more likely to
find the mental effort of courses less manageable (Table 11).

5. Discussion

Our first research question pertained to the course design choices
relating to students’ perceptions of course load (i.e., time load, mental
effort, and psychological stress) and how they compare to course credit
hours. We found that eight features exhibited stronger associations with
perceived course load than the number of credit hours of the course.
These findings may have implications for pedagogy, course design, and
possibly program design. Specifically, reducing the number of (parallel)
assignments and increasing the time assignments are available in the
LMS ahead of their deadline might reduce course load. This is in line
with a recent study finding that students perceived stress and anxiety to
be lower for courses making course materials available throughout the
semester (Meredith et al., 2021) and adds emphasis to prior research
proposing novel ways instructors can make study material available for
students during university remote instruction (Majumdar, Flanagan, &
Ogata, 2021). It might also be beneficial to deeply engage students in the
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forum as we found longer forum posts to be associated with lower per-
ceptions of course load.

The number of prerequisites a course has most heavily correlated
with perceived course load. Departments could consider spreading out
the material of high prerequisite courses so as to more evenly distribute
prerequisite requirements, and thus workload, across a program of
study. Courses with a high percentage of students enrolled as Pass/No-
Pass were associated with a notable decrease in perceived workload.
This observation supports a policy enacted at UC Berkeley to allow
students to satisfy more degree requirements as Pass/No-Pass during the
pandemic to reduce additional anxieties caused by emergency remote
instruction.” Notably, our exploratory comparison of STEM and non-
STEM courses indicated that the associations of non-letter grades and
prerequisites with course load differ across course types. Future research
may investigate how these course-level enrollment features can be in-
tegrated into course advising to help students plan their semester and
balance their course load more effectively.

Our second research question related to the association of individual
students’ academic attributes with course load and the specificity of
individual student perceptions of course load. Crucially, our model
comparisons indicate that LMS features explain a considerably larger
amount of variance in course load than credit hours, approximately four
times more for time load and six times more for combined course load.
Credit hours alone explained only 6% of course load variance; however,
the best single feature was under double this value, showing that a
multitude of features may be necessary to capture the nuanced di-
mensions of course load. Student-level random intercepts explained 12%
of the variance for combined course load, though our importance and
individualized features explained only 3%, a small but still significant
fraction of the variance beyond LMS features. The within-student vari-
ance might represent student-level calibration of how students inter-
preted the course load scales (e.g., what a moderate amount of
psychological stress is) as captured by the random intercept in the mixed
models.

Other factors may contribute to student-level differences in course
load perception. For example, student-level variance might primarily
reside in students’ sensitivity and perceived manageability of course
load. In our exploratory analysis, we found that the importance students
place on mental effort when choosing courses correlated with the ten-
dency to perceive high mental effort as less manageable. This association
may further be studied through a construct from personality psychology
called need for cognition, which is the individual proclivity to engage
with and enjoy demanding cognitive tasks (Cacioppo & Petty, 1982;
Cacioppo, Petty, & Feng Kao, 1984). Need for cognition has been found
to have behavioral correlates in customer decisions and nudging effec-
tiveness, among others (Ingendahl, Hummel, Maedche, & Vogel, 2021).
Similarly, we found a specifically pronounced inverse correlation be-
tween psychological stress and manageability compared to time load
and mental effort, pointing towards the importance of stress coping
styles in student course load (Endler & Parker, 2008; Rogowska et al.,
2021).

While students perceived time load as most important when
choosing courses, this importance rating was least related to perceived
manageability compared to mental effort and psychological stress. This
may mean that while students are conditioned to focus on time load
when choosing courses (i.e., with credit hours being the only analytic
often provided about a course’s load), they might be least affected by
this dimension of load. This is in accordance with prior research arguing
that students may deal with time load by subtracting time from non-
education activities (Huntington-Klein & Gill, 2021) while conditions
during the pandemic may have affected students’ perceived stress
(Rogowska et al., 2021) and is more difficult to deal with than time load.

5 https://Isadvising.berkeley.edu/policies/covid-policy-modifications/fall-
2020-and-spring-2021-policy-modifications-and-faq.
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This speaks to the need to view student available resources to deal with
course load more holistically.

Given that we primarily collected our sample during the Spring 2021
semester and emergency remote instruction during the pandemic, the
question of how specific our findings are to the pandemic context arises.
There are different ways the pandemic context might have influenced
our results. First, the pandemic might have increased the general psy-
chological stress of students. While a qualitative study noted increases in
psychological stress in university students due to the nature of online
courses (Kara, 2021), this scenario would not have altered the relative
feature correlations with course load and inferences drawn from our
study. In addition, we collected our data during the second year of
remote instruction at UC Berkeley, which precludes effects caused by the
emergency switch to remote instruction. Second, the pandemic might
have amplified individual differences in course load experience.
Consequently, our individualized model might be less useful in inferring
course load outside the pandemic than this study reported. For example,
Wang, Zhang, Wang, and Li (2021) found that individual differences in
digital competence among university studies indirectly influenced aca-
demic burnout via its counteracting effect on cognitive load during the
pandemic. Similarly, students’ coping styles may moderate the impact of
perceived stress during the pandemic (Rogowska et al., 2021). Finally,
course-unrelated pandemic experiences, for example, isolation,
distinctly affected different student populations (Maleku et al., 2021).
This might have led to more variance captured by our individualized
model compared to our model based on LMS features only. Future
studies may further explore how individual differences might influence
students’ course load and how they need to be accommodated during
remote instruction.

Our findings bear implications for research and practice. Credit
hours appeared to be an insufficient measure of course load. At the same
time, higher education institutions can now capitalize on more data and
analytics that may speak to course load. Our results suggest that basing
course load analytics on these data is fruitful. Therefore, the question
arises if course workload analytics, such as the ones we presented, might
serve students better. What context would be appropriate for such an-
alytics to be presented to students? The course catalog is where credit
hours can be found; however, the catalog traditionally contains only
factual information provided by the instructor or registrar. Including
workload analytics in the catalog would be an innovation, if not norm-
breaking. It’s an open question as to what academic unit, or more likely,
what software vendors might provide these analytics and how they will
be integrated. Institutions may like to consider where those analytics
should be placed and how they should be framed.

Furthermore, our results speak to course design. Associations between
course design elements of online courses and course load may have
implications for course design that mitigates online and offline psy-
chological stress. We demonstrated how institutional data allow us to
investigate which types of data and course features contribute most to
students’ perceptions of course load (i.e., course-level characteristics
such as the number of assignments or student-level factors such as GPA).
The mining of these data for their ability to represent course information
relevant to students is also valuable as it can help institutions decide if
the retrieval of these data is worth the cost. These costs can otherwise
hinder adoption (Arroway, Morgan, O’Keefe, & Yanosky, 2015) and
come with additional ethical considerations (Slade & Prinsloo, 2013).

Finally, our analytical methods may contribute to course advising
with respect to the various aims of students (e.g., completing their de-
gree, maintaining GPA, and balancing effort with the attractiveness of
courses to employers or graduate programs). This is particularly the case
in the U.S., where students have considerable freedom in choosing
courses to enroll in. A common issue in course selection may be choosing
too many courses at once, as excessive course load can be regarded as an
additional stressor for students next to social, emotional, and financial
stress (Pariat, Rynjah, Joplin, & Kharjana, 2014). Hence, helping stu-
dents balance their course load is a paramount priority of academic
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advisors. However, traditional means to quantify course load and guide
students’ course selection process may be insufficient to take into ac-
count students’ diverse aims and resources appropriately.

5.1. Limitations

Our study has notable limitations. First, there are additional likely
contributors to course load that were not part of our data set. As an
example, we did not have access to the content of any lecture material
nor did we have access to the chats and voice discussions in any syn-
chronous remote sessions (i.e., Zoom). The U.S. Department of Educa-
tion’s definition of the credit hour implies that in-class time comprises
approximately one-third of student workload (Laitinen, 2012). There-
fore, future work is encouraged to engineer features from in-class in-
teractions to infer student course load (e.g., frequency and quality of in-
class engagements).

Second, students rated the course load of the courses they took after
completing them and might have had difficulties accurately recalling the
time load, mental effort, and psychological stress they experienced
throughout the semester. Prior literature pointed out that retroactive
evaluations are chiefly influenced by significant events and the endpoint
of events, called peak-end rule (Geng, Chen, Lam, & Zheng, 2013). For
example, ratings may have been biased by the grades students received
since our data collection between June 2nd and June 15th took place a
few weeks after final course grades were determined.® Future studies
may elect to continuously assess course load throughout the semester as
a potential extension of this work.

Third, additional work is required to investigate how our findings
regarding course load determinants in higher education generalize to
other cultural contexts. For example, the number of (satisfied) pre-
requisites might capture less variance in higher education contexts
outside of the U.S., where there is less elective course choice and fewer
ways to fulfill prerequisites. As another source of variability, pre-
requisites, unlike at many other universities in the U.S., are not enforced
at UC Berkeley. Similarly, we did not investigate moderating effects of
learner demographics on course load. Demographic variables (e.g.,
gender) may moderate the interest or participation in subject areas via
sense of belonging (Cheryan, Plaut, Davies, & Steele, 2009; Cheryan
et al., 2020). Brooks, Gardner, and Chen (2018) find the gender in
instructional videos in MOOCs influences student engagement across
genders which, according to our findings, may transfer to course load in
the context of formal higher education courses. Furthermore, identity
threat may cause psychological stress (Major & O’brien, 2005) and has
been studied with respect to student-teacher race congruence in K-12
(Joshi, Doan, & Springer, 2018). Our particular data set did not include
demographic data on instructors; however, future research with access
to demographic data may look at how the distribution of student de-
mographics in classes and a student’s relationship to that distribution
may correspond to perceived psychological stress.

Lastly, our study data sample is somewhat unique since the Spring
2021 semester was entirely comprised of remote instruction during the
pandemic which may limit generalizability. This likely increased LMS
data availability and some LMS features may require calibration in post-
pandemic replication studies. For example, an institutional study of LMS
data at UC Berkeley found that forum activity spiked while the number
of assignment comments decreased during pandemic-impacted semes-
ters (Pardos, 2022). However, findings may be more generalizable if a
greater percentage of courses persist in being offered in the online
modality.

6 https://registrar.berkeley.edu/wp-content/uploads/2021/03/UCB_Acade
micCalendar_2020-21_V3.pdf.
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6. Conclusion

We can conclude that course credit hours alone is an inadequate
attribute for students to use to anticipate the course load they will
experience, as it only explained 6% of course load variance compared to
a collection of LMS course-level features, which explained 36%. Course
design features that correlated with higher student perceptions of course
load included the number of total assignments and the number of
overlapping assignment deadlines in a course. Several course design
features correlated with lower course load, including courses being
offered as Pass/No Pass instead of a letter grade and the average amount
of time assignments were made available on the LMS ahead of their due
date. The three constructs of course load (i.e., mental effort and psy-
chological stress) were highly correlated with one another. Thus, we did
not find any LMS feature correlations significantly distinct to each;
however, there were differences in how manageable students reported
them to be. High psychological stress was reported to be significantly
less manageable than both time load and mental effort.

We find that perceptions of course load were somewhat specific to
the individual, with LMS features capturing 42% of course load variance
without student intercepts and 54% with student intercepts. Our three
individual student-level features, combined with LMS features, provided
a small but significant increase in variance captured, improving to 45%
without intercepts.
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Appendix A. Survey questions adapted from SWAT
A.1. Time load questions

Reid and Nygren (1988) described in their Subjective Workload
Assessment Technique (SWAT) instrument that time load depends on
the availability of spare time and overlap of task activities. They defined
the following three levels of time load:

1. Often have spare time. Interruptions or overlap among activities
occur infrequently or not at all.

2. Occasionally have spare time. Interruptions or overlap among ac-
tivities occur frequently.
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3. Almost never have spare time. Interruptions or overlap among ac-
tivities are frequent or occur all the time.

To measure the spare time and the overlap of task activities sepa-
rately, we split these three levels into two questions. The first question
was about how many hours per week a student spent on the course per
week, on average, including instructional time. The more time students
reported spending on homework, projects, exams, and other activities,
the less spare time they would have each week. For this time spent
question, we defined six choices of time intervals. For all other ques-
tions, we used a 5-point Likert scale. We switched from detailed level
selection to a Likert scale because this has become the more common
and valid way to conduct social research since the SWAT study was
published 30 years ago. We also switched from three options to five for
more granularity, with the hope of being able to assess the time load of
students more precisely.

The second question was how often assignments (e.g., homework
and projects) for a course overlap with one another, corresponding to
the part of SWAT levels referring to overlapping tasks and interruptions.
We removed the language of “interruptions” from the question and
focused on assignment overlap. We then defined five levels of frequency
from low to high as nearly never, seldom, sometimes, frequently, and
nearly always to replace the three levels given by SWAT.

A.2. Mental effort questions

Mental effort was defined in SWAT as the amount of attention or
concentration that is required to perform a task. Activities such as per-
forming calculations, making decisions, remembering or storing infor-
mation, and problem-solving are all examples of mental effort. SWAT
defined the following three levels of mental effort:

1. Very little conscious mental effort or concentration required. Activ-
ity is almost automatic, requiring little or no attention.

2. Moderate conscious mental effort or concentration required.
Complexity of activity is moderately high due to uncertainty,
unpredictability, or unfamiliarity. Considerable attention required.

3. Extensive mental effort and concentration are necessary. Very com-
plex activity requiring total attention.

The fourth question of our survey asked how much concentration
and attention assignments for a course required, as derived from the
SWAT levels above. The answers to this question were defined as a Very
Low amount, a Low amount, a Moderate amount, a High amount, and a
Very High amount.

A.3. Psychological stress questions

Psychological stress was defined by SWAT as the presence of
confusion, frustration, and/or anxiety associated with task performance.
SWAT defined the following three levels of psychological stress:

1. Little confusion, risk, frustration, or anxiety exists and can be easily
accommodated.

2. Moderate stress due to confusion, frustration, or anxiety noticeably
adds to workload. Significant compensation is required to maintain
adequate performance.

3. High to very intense stress due to confusion, frustration, or anxiety.
High to extreme determination and self-control required.
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The sixth question of our survey was about how confused, frustrated,
or anxious a student was while learning course material or completing
course assignments. The only change we made was to remove the word
“risk” from the language of the SWAT levels because there is no physical
danger involved in normal course activities as there is in some work-
place settings. We again designed five options as frequency-related
terms; Nearly Never, Seldom, Sometimes, Frequently, and Nearly
Always.

A.4. Course load manageability questions

After each course load type (i.e., time load, mental effort, psycho-
logical stress) question, we asked students to rate the degree to which
they found the respective course load manageable. We included this
measure as prior research on coping strategies of college students noted
differences across students in coping with academic stress (Kariv &
Heiman, 2005). The five options provided were: Nearly Always

Table B.12
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manageable, Mostly manageable, Sometimes manageable, Mostly un-
manageable, Nearly Always unmanageable.

A.5. Importance items

At the end of our survey, we asked students to rate the general
importance (irrespective of courses) of time load, mental effort, and
psychological stress. We asked, “How important are each of these factors
for you when choosing courses to take for a semester?” We then pro-
vided the following five options for each load type; Not Important at all,
Slightly Important, Moderately Important, Important, Very Important.

Appendix B. Variable overview

B.1. LMS variables

Full LMS feature overview including hypothesized correlations (time load, mental effort, or psychological stress) and if separate dropout versions were created for
testing the utility of dropout features in a combined inference with the default feature set. Note: Features based on submission comments did not include a dropout

version due to a high frequency of missing values.

Name Explanation Mathematical Formula Dropout Hypothesized
Version? Correlation
Average Size of Original Posts Averaging the byte size of forum posts made by students throughout the > postsize Yes TL
semester. Tposts
Number of Original Forum Posts ~ Counting the total number of posts in the LMS forum made by students count(Mposss ) Yes TL
throughout the semester.
Number of Original Forum Posts ~ Counting the total number of top-level posts in the LMS forum. count(Mposss) Yes TL
Original Forum Posts per The number of top-level posts in the LMS forum divided by the number of count(Mposss) Yes TL
Student students. count(Nggygents )
Number of TA/Instructor Posts Counting the total number of posts in the LMS by TAs/instructors and count(Mposss) No PS
per Student dividing it by the number of originally enrolled students. Count(Nypygents )
Average Forum Reply Time Average difference in minutes between student posts and TA/instructor > replytime Yes PS
replies. Treplies
% Posts by Students with Replies Ratio of forum posts by students with at least one reply from any course count(Mpogiswithreplies ) Yes PS
user. T count(mpogs)
Average Size Of Submission Averaging the byte size of submission comments. >~ submissionsize No ME
Comments Ngybmissions
Number of Submission Counting the total number of submission comments and dividing it by the  count(ngpmeomments) No ME
Comments per Student number of students. count(Nsgdents )
% Submissions with Comments Dividing the number of submissions with comments by the number of COUNt(Mgybmu/comments) No PS
submissions.  count(Ngpmissions)
Assignment Spread Standard deviation of due dates represented in integers. SD(int(tguedatedatetime)) No PS
Number of Parallel Assignments Number of pair overlaps of assignment due dates timeframes (1 day, 3 day, count(Ngssign.—overlap) No PS
flexible depending on assignment type).
Number of Course Assignments Counting the total number of assignments in the LMS. count(Nassignments ) No TL
Number of Graded Course Counting the total number of graded assignments in the LMS. count(Ngradedassignments ) No TL
Assignments
Number of Graded Course Counting the total number of graded assignments in the LMS and dividing count(Ngradedassignments) No TL
Assignments per Week it by the number of weeks of instruction time. Tlyecksofinstruction
Most Graded Course Taking the number of graded assignments from the week with the most max(Nasgn,, » - -+ Nasgn,;) No PS
Assignments perWeek assignments.
Average Submission Time to Average difference in minutes between student submissions and >"(deadline — submission)  Yes PS
Deadline assignment deadlines. Nassignments
Early Assignment Availability Ratio of assignments visible to students within the first two weeks of count(Nassignments .y ) No PS
Ratio instruction. count(Ngssignments )
Average Assignment Average difference in minutes between assignment unlock and due dates. > taue — tavailable No PS
Availability Time Nassignments
Dropout ratio Q1, Q2, Q3, and Ratio of enrolled students in primary section that dropped out each > taue — tavailable No ME
Q4 quarter. Nassignments

16



Z.A. Pardos et al.

B.2. Control variable and enrollment-based variables

Table B.13

The Internet and Higher Education 56 (2023) 100882

Full individual and control variable overview, including whether separate versions based on students that dropped out were created.

Name Category  Explanation Mathematical Formula
Number of Satisfied Prerequisites Student Total number of satisfied prerequisites of student. count(Naisfiedpreregs)
Student Course STEM Match Student Binary variable representing whether student major and course had the same STEM status 1 Cstem = Sstem
(STEM/non-STEM). m(e,s) = { 0 Cem # Sstem
Historic Student Major GPA Student Average student GPA in all past semesters in their major. >~ grade
Teoursesgor
Course Credit Hours Course Number of credit hours of course. count(Neredithours )
Course GPA Spring 2021 Course Average GPA of students in course in Spring 2021. >~ grade
Nstudents
Course GPA Standard Deviation Spring Course Variation of GPA of students in course in Spring 2021 expressed as standard deviation. de — GPA )2
2021 2. (gra course
Nstudents
Course was a STEM Course Course STEM status of the course. 1 yes
status(c) = { 0 o
Number of Course Prerequisites Course Number or prerequisites of the course. count(Naisfiedpreregs )
% Pass and Satisfactory among Non- Course Ratio of pass and satisfactory grades of all non-letter grades of course. count(grade,qg, sqis)
Letter Grades Ngrades, e
Course had no Letter Grades Course Binary variable representing whether the course did not have any letter grades. noletter(c) — { 1 yes
0 no
No LMS Assignments Control Binary variable representing whether the course did not use the LMS assignment feature. o) = { 1 count(asgn) =0
0 count(asgn) > 0
No LMS Assignments with Due Control Binary variable representing whether the course did not use the LMS assignment feature ~ [1 count(asgng) =0
with due dates. fle) = {0 count(asgng) > 0
No LMS Assignments with Due + Unlock  Control Binary variable representing whether the course did not use the LMS assignment feature
with due and unlock dates. fe) =
{ 1 count(asgng,,) =0
0 count(asgng,,) >0
No LMS Forum Control Binary variable representing whether the course did not use the LMS forum feature 1 count(posts) = 0
fle) = {0 count(posts) > 0
No LMS Submissions Control Binary variable representing whether the course did not use the LMS submission feature. fle) = { 1 count(subm) = 0
0 count(subm) > 0
Multiple LMS Courses Concatenated Control Binary variable representing whether the course had multiple LMS courses via sections.

fle) =

1 count(sections) = 0
0 count(sections) > 0

Appendix C. Full correlation tables
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Table C.14
Correlations of all features with time load.

Feature r 95% CI t df p
Indiv: N Satisfied Preregs of Student 0.35 [0.28, 0.42] 9.10 594 <.001
N Prereqs Course 0.33 [0.26, 0.40] 8.59 594 <.001
Dropout Ratio Q3 0.25 [0.17, 0.32] 6.29 594 <.001
Dropout Ratio Q4 0.23 [0.15, 0.30] 5.76 594 <.001
Course Credit Hours 0.21 [0.13, 0.28] 5.22 594 <.001
Course GPA SD Spring 2021 0.19 [0.11, 0.28] 4.39 500 <.001
Course was a STEM Course 0.18 [0.10, 0.26] 4.49 594 <.001
N Course Assignments 0.18 [0.08, 0.26] 3.71 436 <.001
N Graded Course Assignments 0.17 [0.08, 0.26] 3.68 436 <.001
Dropout Ratio Q2 0.16 [0.08, 0.24] 3.98 594 <.001
N Graded Assignments per Week 0.13 [0.03, 0.23] 2.67 403 .008
Indiv: Student x Course STEM Match 0.12 [0.04, 0.20] 3.03 590 .003
N Parallel Assignments (1 day timeframe) 0.11 [0.01, 0.20] 2.15 403 .032
N Parallel Assignments (3 day timeframe) 0.11 [0.01, 0.20] 2.14 403 .033
N Parallel Assignments (flexible timeframe) 0.10 [0.00, 0.19] 2.00 403 .047
Spread of Assignment Due Dates 0.09 [-0.01, 0.18] 1.77 403 .077
N Assignments in Week with Most Due Assignments 0.06 [-0.04, 0.16] 1.25 403 211
Dropout Ratio Q1 0.03 [-0.05, 0.11] 0.81 594 421
Avg Instructor/ TA Forum Reply Time to Dropout 0.02 [-0.14, 0.18] 0.26 147 .796
Avg Instructor/ TA Forum Reply Time —0.02 [-0.16, 0.12] —0.31 193 .757
Submission Comments per Student —0.03 [-0.12, 0.07] -0.57 436 .566
% Assignments Available in First 2 Weeks of Semester —0.03 [-0.13, 0.08] —0.56 348 .577

(continued on next page)
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Table C.14 (continued)

Feature r 95% CI t df p

% Posts by Students with Replies —0.06 [-0.20, 0.09] —0.78 193 436
Instructor/ TA Posts per Student —0.06 [-0.20, 0.08] -0.83 193 .405
N Original Forum Posts by Students (Dropout) —0.06 [-0.22, 0.10] —0.76 147 .451
% Posts by Students (Dropout) with Replies —0.06 [-0.22, 0.10] -0.79 147 1432
Original Forum Posts per Student -0.07 [-0.21, 0.07] —0.98 193 .326
N Original Forum Posts by Students —-0.07 [-0.21, 0.07] -1.02 193 .308
Original Forum Posts per Student (Dropout) —0.08 [-0.24, 0.08] -1.03 147 .305
Submission Comments Size (Bytes) -0.10 [-0.20, 0.00] —1.91 366 .057
Avg Submission Time to Deadline —-0.10 [-0.20, 0.00] —2.05 403 .041
% Submissions that Received Comments -0.12 [-0.21, —0.02] —2.45 436 .015
Forum Post Size (Bytes), Students -0.12 [-0.26, 0.02] —-1.72 193 .087
Indiv: Historic Student Major GPA —-0.16 [-0.27, —0.05] —2.81 302 .005
Avg Diff Assignment Availability to Deadline —0.16 [-0.26, —0.06] -3.03 348 .003
% Pass or Satisfactory among Non-Letter Grades —0.17 [-0.25, —0.09] —4.12 584 <.001
Forum Post Size (Bytes), Dropout Students -0.17 [-0.32, —0.01] —2.08 147 .039
Indiv: Historic Student GPA -0.18 [-0.25, —0.10] —4.37 590 <.001
% Non-Letter Grades —-0.20 [-0.28, —0.13] —5.06 584 <.001
Course had no Letter Grades -0.29 [-0.36, —0.21] -7.33 594 <.001
Course GPA Spring 2021 -0.31 [-0.38, —0.23] -7.31 512 <.001

Table C.15
Correlations of all features with mental effort.

Feature r 95% CI t df p

N Prereqs Course 0.35 [0.28, 0.42] 9.18 594 <.001
Indiv: N Satisfied Prereqs of Student 0.35 [0.27, 0.42] 9.03 594 <.001
Dropout Ratio Q3 0.25 [0.17, 0.32] 6.29 594 <.001
Course GPA SD Spring 2021 0.24 [0.16, 0.32] 5.52 500 <.001
Dropout Ratio Q4 0.22 [0.14, 0.30] 5.51 594 <.001
N Graded Course Assignments 0.21 [0.12, 0.30] 4.57 436 <.001
N Course Assignments 0.21 [0.12, 0.30] 4.48 436 <.001
Course Credit Hours 0.21 [0.13, 0.28] 5.16 594 <.001
Indiv: Student x Course STEM Match 0.17 [0.09, 0.25] 4.19 590 <.001
Course was a STEM Course 0.16 [0.08, 0.24] 4.04 594 <.001
Dropout Ratio Q2 0.15 [0.07, 0.23] 3.79 594 <.001
N Graded Assignments per Week 0.15 [0.06, 0.25] 3.12 403 .002
N Parallel Assignments (1 day timeframe) 0.12 [0.02, 0.21] 2.37 403 .018
N Parallel Assignments (3 day timeframe) 0.12 [0.02, 0.21] 2.37 403 .018
N Parallel Assignments (flexible timeframe) 0.11 [0.02, 0.21] 2.28 403 .023
N Assignments in Week with Most Due Assignments 0.09 [-0.01, 0.19] 1.86 403 .064
Avg Instructor/ TA Forum Reply Time 0.08 [-0.06, 0.22] 1.13 193 .261
Spread of Assignment Due Dates 0.06 [-0.03, 0.16] 1.30 403 .193
% Posts by Students with Replies 0.06 [-0.08, 0.20] 0.82 193 413
Instructor/ TA Posts per Student -0.01 [-0.15, 0.13] -0.10 193 917
Indiv: Historic Student Major GPA -0.01 [-0.12, 0.10] -0.20 302 .843
Original Forum Posts per Student —0.01 [-0.15, 0.13] —0.16 193 .870
Forum Post Size (Bytes), Students —0.02 [-0.16, 0.13] -0.22 193 .830
Submission Comments per Student -0.02 [-0.11, 0.07] -0.44 436 .663
Indiv: Historic Student GPA —0.02 [-0.10, 0.06] —0.54 590 .588
N Original Forum Posts by Students —0.03 [-0.16, 0.12] -0.35 193 728
% Assignments Available in First 2 Weeks of Semester —0.04 [-0.14, 0.07] -0.66 348 511
Avg Submission Time to Deadline —0.04 [-0.14, 0.06] -0.81 403 416
Submission Comments Size (Bytes) —0.04 [-0.14, 0.06] -0.79 366 431
Avg Instructor/ TA Forum Reply Time to Dropout —0.04 [-0.20, 0.12] —0.50 147 .617
Original Forum Posts per Student (Dropout) —0.04 [-0.20, 0.12] —0.53 147 .599
Dropout Ratio Q1 —0.04 [-0.12, 0.04] —1.06 594 .287
% Submissions that Received Comments —0.05 [-0.15, 0.04] -1.13 436 .259
N Original Forum Posts by Students (Dropout) —0.08 [-0.23, 0.09] -0.91 147 .362
% Posts by Students (Dropout) with Replies -0.15 [-0.30, 0.01] —1.80 147 .075
Forum Post Size (Bytes), Dropout Students -0.15 [-0.31, 0.01] —1.88 147 .062
Avg Diff Assignment Availability to Deadline —0.16 [-0.26, —0.06] -3.11 348 .002
% Pass or Satisfactory among Non-Letter Grades —0.20 [-0.28, —0.12] —4.99 584 <.001
% Non-Letter Grades -0.29 [-0.36, —0.21] —7.22 584 <.001
Course GPA Spring 2021 -0.33 [-0.41, —0.25] —8.00 512 <.001
Course had no Letter Grades -0.36 [-0.43, —0.29] -9.34 594 <.001
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Table C.16

Correlations of all features with psychological stress.
Feature r 95% CI t df P
Indiv: N Satisfied Prereqs of Student 0.35 [0.27, 0.41] 8.98 594 <.001
N Prereqgs Course 0.34 [0.27, 0.41] 8.87 594 <.001
Dropout Ratio Q3 0.31 [0.24, 0.38] 7.98 594 <.001
Course GPA SD Spring 2021 0.25 [0.17, 0.33] 5.88 500 <.001
Course was a STEM Course 0.24 [0.16, 0.31] 6.00 594 <.001
Dropout Ratio Q2 0.24 [0.16, 0.31] 5.99 594 <.001
Course Credit Hours 0.22 [0.15, 0.30] 5.59 594 <.001
Dropout Ratio Q4 0.22 [0.14, 0.29] 5.43 594 <.001
N Graded Course Assignments 0.21 [0.11, 0.29] 4.40 436 <.001
N Course Assignments 0.20 [0.11, 0.29] 4.36 436 <.001
N Graded Assignments per Week 0.14 [0.04, 0.23] 2.75 403 .006
N Parallel Assignments (flexible timeframe) 0.14 [0.04, 0.23] 2.74 403 .006
N Parallel Assignments (3 day timeframe) 0.13 [0.03, 0.22] 2.57 403 .011
N Parallel Assignments (1 day timeframe) 0.13 [0.03, 0.22] 2.53 403 .012
Indiv: Student x Course STEM Match 0.11 [0.03, 0.19] 2.61 590 .009
N Assignments in Week with Most Due Assignments 0.06 [-0.04, 0.16] 1.23 403 .219
N Original Forum Posts by Students (Dropout) 0.05 [-0.11, 0.21] 0.57 147 .569
Instructor/ TA Posts per Student 0.05 [-0.09, 0.19] 0.64 193 521
% Assignments Available in First 2 Weeks of Semester 0.02 [-0.08, 0.13] 0.39 348 .695
% Posts by Students with Replies 0.00 [-0.14, 0.14] 0.01 193 .995
Forum Post Size (Bytes), Students 0.00 [-0.14, 0.14] 0.00 193 .999
Dropout Ratio Q1 —0.01 [-0.09, 0.07] -0.14 594 .887
N Original Forum Posts by Students —0.03 [-0.17,0.11] -0.39 193 .699
Submission Comments Size (Bytes) —0.03 [-0.13, 0.07] -0.59 366 .558
Spread of Assignment Due Dates —0.03 [-0.13, 0.07] —0.63 403 .529
Indiv: Historic Student GPA —0.06 [-0.14, 0.02] -1.38 590 .168
Avg Submission Time to Deadline —-0.07 [-0.17, 0.03] —1.44 403 .150
Submission Comments per Student —0.08 [-0.17, 0.02] -1.60 436 .109
Original Forum Posts per Student —0.08 [-0.22, 0.06] -1.11 193 .270
Indiv: Historic Student Major GPA -0.09 [-0.20, 0.02] -1.58 302 .116
% Submissions that Received Comments —0.10 [-0.19, 0.00] —2.02 436 .044
Original Forum Posts per Student (Dropout) —0.10 [-0.26, 0.06] -1.21 147 227
Forum Post Size (Bytes), Dropout Students -0.11 [-0.27, 0.05] -1.37 147 172
% Posts by Students (Dropout) with Replies —0.12 [-0.28, 0.04] —1.48 147 142
Avg Instructor/ TA Forum Reply Time -0.12 [-0.26, 0.02] -1.72 193 .088
Avg Diff Assignment Availability to Deadline -0.17 [-0.27, —0.06] -3.14 348 .002
% Pass or Satisfactory among Non-Letter Grades —0.18 [-0.26, —0.10] —4.39 584 <.001
Avg Instructor/ TA Forum Reply Time to Dropout —0.21 [-0.36, —0.05] —2.56 147 .011
% Non-Letter Grades -0.21 [-0.29, —0.13] -5.23 584 <.001
Course had no Letter Grades -0.32 [-0.39, —0.25] -8.23 594 <.001
Course GPA Spring 2021 -0.39 [-0.46, —0.31] —9.55 512 <.001

Table C.17

Correlations of all features with combined course load.
Feature r 95% CI t df P
Indiv: N Satisfied Prereqs of Student 0.41 [0.34, 0.47] 10.80 594 <.001
N Prereqgs Course 0.40 [0.33, 0.46] 10.61 594 <.001
Dropout Ratio Q3 0.32 [0.24, 0.39] 8.12 594 <.001
Course GPA SD Spring 2021 0.27 [0.19, 0.35] 6.32 500 <.001
Dropout Ratio Q4 0.26 [0.18, 0.33] 6.54 594 <.001
Course Credit Hours 0.25 [0.17, 0.32] 6.26 594 <.001
N Graded Course Assignments 0.23 [0.14, 0.32] 4.99 436 <.001
N Course Assignments 0.23 [0.14, 0.32] 4.95 436 <.001
Course was a STEM Course 0.23 [0.15, 0.30] 5.70 594 <.001
Dropout Ratio Q2 0.22 [0.14, 0.29] 5.40 594 <.001
N Graded Assignments per Week 0.16 [0.07, 0.26] 3.35 403 .001
Indiv: Student x Course STEM Match 0.16 [0.08, 0.23] 3.82 590 <.001
N Parallel Assignments (3 day timeframe) 0.14 [0.04, 0.23] 2.78 403 .006
N Parallel Assignments (1 day timeframe) 0.14 [0.04, 0.23] 2.77 403 .006
N Parallel Assignments (flexible timeframe) 0.14 [0.04, 0.23] 2.76 403 .006
N Assignments in Week with Most Due Assignments 0.08 [-0.01, 0.18] 1.70 403 .089
Spread of Assignment Due Dates 0.05 [-0.05, 0.14] 0.91 403 .361
% Posts by Students with Replies 0.00 [-0.14, 0.14] 0.04 193 .970
Dropout Ratio Q1 —-0.01 [-0.09, 0.07] -0.17 594 .865
Instructor/ TA Posts per Student -0.01 [-0.15, 0.13] -0.10 193 .923
% Assignments Available in First 2 Weeks of Semester —0.02 [-0.12, 0.09] -0.31 348 .759
Avg Instructor/ TA Forum Reply Time —0.03 [-0.17,0.12] —0.35 193 725
N Original Forum Posts by Students (Dropout) —0.03 [-0.19, 0.13] —0.42 147 .673
N Original Forum Posts by Students —0.05 [-0.19, 0.09] —0.68 193 .496
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Feature r 95% CI t df P
Submission Comments per Student —0.05 [-0.14, 0.04] —-1.04 436 .301
Forum Post Size (Bytes), Students —0.05 [-0.19, 0.09] -0.73 193 .465
Original Forum Posts per Student —0.06 [-0.20, 0.08] —0.88 193 .378
Submission Comments Size (Bytes) —-0.07 [-0.17, 0.04] -1.27 366 .205
Avg Submission Time to Deadline —0.08 [-0.18, 0.02] -1.66 403 .097
Original Forum Posts per Student (Dropout) -0.09 [-0.25, 0.07] -1.11 147 .270
Avg Instructor/ TA Forum Reply Time to Dropout —0.09 [-0.25, 0.07] -1.15 147 .251
Indiv: Historic Student GPA —0.10 [-0.18, —0.02] -2.39 590 .017
% Submissions that Received Comments -0.10 [-0.19, —0.01] -2.16 436 .031
Indiv: Historic Student Major GPA -0.10 [-0.21, 0.01] -1.81 302 .071
% Posts by Students (Dropout) with Replies -0.13 [-0.29, 0.03] -1.65 147 .101
Forum Post Size (Bytes), Dropout Students -0.17 [-0.32, —0.01] —-2.13 147 .035
Avg Diff Assignment Availability to Deadline -0.19 [-0.29, —0.09] -3.67 348 <.001
% Pass or Satisfactory among Non-Letter Grades —-0.21 [-0.29, —0.13] —5.27 584 <.001
% Non-Letter Grades -0.27 [-0.35, —0.20] —6.84 584 <.001
Course had no Letter Grades —0.38 [-0.44, —0.30] —9.88 594 <.001
Course GPA Spring 2021 —-0.41 [-0.48, —0.33] —-10.11 512 <.001

Appendix D. Model comparison tables for time load, mental

effort, and psychological stress

Table D.18

Likelihood-ratio test for time load comparing credit hours to LMS features, the importance item, and individualized features. Note: A direct comparison between the

second and last model also yielded significance.

Model BIC Rgmrg_/,m 4 deviance e df p
Credit Hours 1825.65 0.05/0.25 1800.14
LMS 1747.42 0.23/0.48 1658.15 142.00 10 <.001
LMS + Import. 1753.74 0.23/0.48 1658.09 0.05 1 .816
LMS + Indiv. 1745.88 0.27/0.50 1631.10 26.99 3 <.001
Table D.19
Likelihood-ratio test for mental effort comparing credit hours to LMS features, the importance item, and individualized features.
Model BIC Rl arg cond. deviance Y df p
Credit Hours 1893.07 0.04/0.15 1867.57
LMS 1792.71 0.30/0.44 1671.56 196.01 15 <.001
LMS + Import. 1794.12 0.31/0.44 1666.58 4.97 .026
LMS + Indiv. 1803.32 0.32/0.46 1656.66 9.93 3 .019
Table D.20
Likelihood-ratio test for psychological stress comparing credit hours to LMS features, the importance item, and individualized features.
Model BIC Rgmg Jeond. deviance Ve df P
Credit Hours 1947.82 0.05/0.05 1922.31
LMS 1916.46 0.26/0.31 1776.18 146.13 18 <.001
LMS + Import. 1920.94 0.26/0.31 1774.28 1.90 .168
LMS + Indiv. 1929.30 0.27/0.33 1763.51 10.77 3 .013
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Appendix E. Full model tables for all selected inferential models Table E.23
Model table for psychological stress with numerical features scaled to a mean of
0 and a standard deviation of 1.

Feature p 95% CI P
Table E.21
Model table for time load with numerical features scaled to a mean of 0 and a Intercept 248 [2.16-2.80] <.001
standard deviation of 1. No LMS Assignments with Due + Unlock 0.51 [0.17 - 0.85] .003
Is Stem Course 0.47 [0.22 - 0.72] <.001
Feature p 95% CI p Course Credit Hours 0.24 [0.14 - 0.34] <.001
Intercept 2.09 [1.82 - 2.37] <.001 Indiv: N Satisﬁe.d Prereqs Student 0.23 [0.09 - 0.37] .002
Is Stem Course 0.27 10.05 - 0.48] 015 Iiol;];:le(fell)[ZsssliJr:lI:ﬁei?sz }1 day timeframe) g?z {8(1)2 : ggg} 7)(5)20 '
Indiv: N Satisfied Preregs Student 0.25 [0.12 - 0.37] <.001 N Prereqs Coufse y 0-13 [7-0 . _-0 - -079
No LMS Assignments 0.23 [0.02 - 0.45] .033 . . . : ) :
oh mhom e st moce 07 L0100 27
Course GPA Spring 2021 0.19 0.09 - 0.29] <.001 % Post§ by Students with Replies 000 [-011-011] .978
N Prereqgs Course 0.15 [0.03 - 0.27] .012 : : ) :
N Graded Assignments per Week 0.13 [0.05 - 0.22] 002 E‘;tﬁ;"g] Jn’?i:;‘i’(jiper Student :g'gi {:gég - g'gg ';;2
Indiv: Student x Course STEM Match 0.04 [-0.16 - 0.23] 704 % Submissions that Received Comments —0.02 [—0'13 - 0.09] .762
Multiple LMS Courses Concatenated —0.02 [-0.23 - 0.19] .866 X : : : )
Indiv: Reported Time Load Importance —0.02 [-0.15-0.10] 718 izre:i;ig:;gnn::‘et gu;:;;]?ie :ggi {:gfi - g(l):% Z;‘g
N Original Forum Posts by Students —0.02 [-0.15-0.10] 733 Incﬁw Historic Student GPA 70'04 [70'14 B 0.06] '447
Original Forum Posts per Student —0.03 [-0.16 - 0.11] .687 : . : : : !
Forum Post Size (Bytes), Students ~0.04  [-0.14-0.05] 370 Avg Instructor/ TA Forum Reply Time ~0.06 [-0.17-0.04] 243
No LMS Forum 012 [-0.34 - 0.10] 286 Indlv'. Student x Course STEM Match :0.07 [:0.30 -0.16] .560
Indiv: Historic Student GPA -0.20 [-0.32 - —0.08] 001 Multiple LMS Courses Concatenated 0.09 [-0.34-0.17] .503
Random Effects No LMS Forl.lm o —-0.09 [-0.35-0.17] 512
2 0.76 Avg Diff Assignment Availability to Due —0.11 [-0.22--0.00] .047
00 0.35 N Assignm. in Week with Most Deadlines —-0.11 [-0.25-0.02] .088
anon . No LMS Assignments with Due —0.44 [-0.99-0.11] 120
ICC 0.32
Random Effects
Nanon 125 o2 1.14
Observations 588 Tovanon 0.10
Marginal R? / Conditional R? 0.27/ 0.50 G 0.08
Nanon 125
Observations 588
Marginal R? / Conditional R? 0.27/ 0.33
Table E.24
Table E.22 Model table for combined course load with numerical features scaled to a mean
Model table for mental effort with numerical features scaled to a mean of 0 and a of 0 and a standard deviation of 1.
standard deviation of 1.
Feature p 95% CI P
Feature p 95% CI p
Intercept 2.67 [2.42 - 2.92] <.001
Intercept 3.11 [2.82 - 3.39] <.001 No LMS Assignments with Due + Unlock 0.30 [0.05 - 0.54] .018
Course GPA Spring 2021 0.27 [0.16 — 0.38] <.001 N Course Assignments 0.27 [0.16 - 0.37] <.001
Dropout Ratio Q4 0.18 [0.09 - 0.27] <.001 Indiv: N Satisfied Preregs Student 0.23 [0.13 - 0.34] <.001
N Prereqgs Course 0.17 [0.04 - 0.30] .008 Course GPA Spring 2021 0.19 [0.11 - 0.28] <.001
Indiv: Satisfied Prereqs Student 0.17 [0.04 - 0.30] .009 Course Credit Hours 0.17 [0.10 - 0.25] <.001
Course Credit Hours 0.16 [0.07 - 0.25] <.001 Dropout Ratio Q3 0.17 [0.10 - 0.25] <.001
No LMS Assignments with Due + Unlock 0.15 [-0.10 - 0.39] .236 Dropout Ratio Q4 0.15 [0.08 - 0.22] <.001
Dropout Ratio Q3 0.14 [0.05 - 0.23] .003 N Preregs Course 0.15 [0.05 - 0.25] .003
Indiv: Student x Course STEM Match 0.14 [—0.07 — 0.34] .199 No LMS Submissions 0.15 [-0.11 - 0.42] .253
Is Stem Course 0.12 [-0.11 - 0.35] .302 Is Stem Course 0.13 [-0.05 - 0.32] .162
Indiv: Reported Mental Effort Importance 0.11 [0.00 - 0.23] .049 Dropout Ratio Q2 0.07 [-0.00 - 0.14] .055
Dropout Ratio Q2 0.07 [-0.02 - 0.15] .149 Indiv: Reported Combined Importance 0.06 [-0.04 - 0.15] .234
No LMS Submissions 0.05 [-0.22 - 0.32] 721 Spread of Assignment Due Dates 0.06 [-0.07 - 0.19] .335
Submission Comments per Student 0.03 [-0.07 - 0.13] .536 % Submissions that Received Comments 0.05 [-0.06 - 0.15] .375
Forum Post Size (Bytes), Students 0.02 [-0.08 - 0.12] 719 Student x Course STEM Match 0.05 [-0.12 - 0.21] .577
Indiv: Historic Student GPA 0.00 [-0.11 - 0.11] .983 % Assignments Available in 1st 2 Weeks 0.04 [-0.03 - 0.12] .261
% Assignments Available in 1st 2 Weeks —0.03 [-0.11 - 0.06] .548 Forum Post Size (Bytes), Students 0.03 [-0.06 - 0.11] .563
Submission Comments Size (Bytes) —0.06 [-0.16 — 0.04] .233 % Posts by Students with Replies —0.00 [—0.08 — 0.08] 935
No LMS Forum —0.08 [-0.31 - 0.15] .488 Avg Instructor/ TA Forum Reply Time —0.01 [-0.09 - 0.07] .873
Multiple LMS Courses Concatenated —0.13 [—0.36 — 0.09] .243 N Original Forum Posts by Students —0.01 [-0.12-0.10] .829
Dropout Ratio Q1 —-0.20 [-0.29 — —-0.11] <.001 Avg Submission Time to Deadline -0.04 [-0.11 - 0.03] .285
Random Effects Instructor/ TA Posts per Student —0.05 [-0.12 - 0.02] 170
o2 0.86 Submission Comments per Student —0.05 [-0.14 - 0.04] .296
To0anon 0.22 Submission Comments Size (Bytes) —0.06 [-0.15 - 0.04] .228
1CC 0.20 Original Forum Posts per Student —0.06 [-0.17 - 0.06] .335
Nanon 125 Indiv: Historic Student GPA —-0.07 [-0.16 — 0.02] 121
Observations 588 No LMS Assignments with Due -0.08 [-0.46 - 0.30] .680
Marginal R? / Conditional R? 0.32/ 0.46 Avg Diff Assignment Availability to Due —0.09 [-0.16 - —0.01] .027
Multiple LMS Courses Concatenated —0.09 [-0.27 - 0.10] .345
N Assignm. in Week with Most Deadlines -0.12 [-0.22 - —0.02] .018
Dropout Ratio Q1 -0.14 [-0.21 - —0.07] <.001
No LMS Forum —0.23 [-0.43 - —0.03] .027
Random Effects
o 0.52
T00anon 0.15
ICC 0.22
Nanon 125
Observations 588

21
Marginal R? / Conditional R? 0.45/ 0.57
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