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Investigating Gender Differences in Test Anxiety, Self-efficacy, Mindset,
Grade Penalty and Grades in Physics Courses: A Quest for Equity

Alysa Malespina, PhD

University of Pittsburgh, 2023

Students’ grades and motivational beliefs about physics can influence their per-
formance and persistence in science, technology, engineering, and math (STEM)
disciplines, as well as their future career opportunities and goals. In recent years,
many studies have used these outcomes as measures of equity in physics classrooms.
Students from traditionally marginalized groups in physics (such as women) may
not have the support and resources needed to develop strong motivational beliefs in
physics. They have to contend with societal stereotypes and biases about who can
excel in physics throughout their lives and are less likely to take advanced physics
in high school. In this dissertation, I investigate the relationship between gender,
physics motivational beliefs and grade outcomes for students.

Through my quantitative studies, I first analyzed gender differences in students’
physics self-efficacy and test anxiety and how those constructs predict high-stakes and
low-stakes test performance. Next, I investigated how perception of the effectiveness
of peer interactions can influence women and men’s physics self-efficacy, and how
these measures predict performance. Additionally, I investigated gender differences
in physics intelligence mindset and analyzed how mindset predicted course grades.
Lastly, I investigated gender differences in grade penalties (grade penalty for a group
is defined as a lower grade in a course compared to the overall grade point average
up to that point).

These findings can be useful to instructors who aim to make their courses more
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equitable and inclusive for all students. I discuss approaches that can make the

learning environment more equitable and inclusive while maintaining high standards.
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1.0 Introduction

Women are underrepresented in many science, technology, engineering, and math-
ematics (STEM) disciplines [1-4]. These gender disparities are particularly large in
fields such as physics, in which only one-fifth of degree-earning undergraduates are
women [1,5]. Additionally, physics courses often have gender differences in course
grades and motivational factors.

Gendered grade differences are important to address in part because grades affect
students’ access for scholarships, graduate and professional school admissions, and
career opportunities. Gender differences in motivational factors are also important
for many reasons. For example, they are related to performance and persistence
in physics [6-12]. Prior research from our research group has investigated the gen-
der differences in physics performance and motivational beliefs across a variety of
contexts [?,3,9,10,13-50].

Representation and retention of women in physics, who have historically been
excluded, is important to ensure that we do not miss out on the talents of this pool
of individuals even in the twenty first century.

If physics departments do not adequately support and retain women by creating
an equitable and inclusive environment, they will lose the talent of many women
who may have excelled in the major and future physics careers but decided against
doing so due to the current chilly climate and culture of physics. In prior studies,
gendered grade and motivational belief differences have been observed in engineering
and other physical science majors [51,52]. Women leave physics the major at a higher
rate than men, and often cite concerns over low grades as a reason for changing their

major [53]. Some studies have found that women who leave physics and other STEM



majors tend to have higher grades than the men who leave, and sometimes have
grades comparable to the men who remain in the major [39].

The importance of equitable outcomes based upon students’ gender holds also
for students who are not physics majors, such as engineering and bioscience majors.
While the students in these programs are unlikely to become physicists because they
usually have aspirations to pursue engineering or health-related careers, introductory
physics courses are mandatory for these groups at least in the US. Large-enrollment
introductory science courses often act as “weed-out” courses for students, and may
discourage students from pursuing other STEM disciplines [53,54]. In physics courses
for bioscience majors, women are not underrepresented, whereas in physics courses
for engineering and physical science students women are underrepresented. One im-
portant reason for investigating physics courses for both engineering/physical science
majors and bioscience majors is to compare gender differences in these two contexts.

Gender differences in grades and motivational factors have often been attributed
to unequal opportunities to participate in physics as well as pervasive societal stereo-
types and biases about who can excel in physics [55-58]. For example, fields that are
widely perceived to require innate talent or “brillinace”, such as physics, tend to have
less gender diversity than fields that do not have associations with brilliance [59].
Efforts in increase women’s opportunities to flourish and persist in physics are im-
portant both to the women taking physics courses, and the departments that have

the opportunity to recruit and retain these women’s interests and talents.



1.1 Motivational Beliefs

Part of this research presented here focuses on test anxiety, self-efficacy, intelli-
gence mindset, and academic self-concept.

Test anxiety is a phenomenon with several facets. The cognitive facet consists
of worry and self-preoccupation (e.g., thinking about one’s perceived shortcomings
instead of the task at hand), as well as intrusive thoughts of failure, all of which
limit the time and cognitive resources students with test anxiety can devote to the
assessment [60, 61]. The affective facet of test anxiety affects how students feel
when they have test anxiety, for example, a fast heartbeat or “butterflies in their
stomach” [60]. The behavioral aspect manifests in avoidance techniques, such as
procrastination or interacting only with surface-level feedback after the exam (e.g.,
not examining mistakes closely to make a plan for future improvement) [60,62]. It
is possible for students to experience all three facets, or only a subset of them [60].
In addition, women are more likely to report test anxiety than men [60, 63|, so
understanding test anxiety is vital to create equitable learning environments.

Self-efficacy is one’s belief in their capability to succeed at an activity or subject
[63,64], and has been linked to positive outcomes for physics students [11,12,40,41,
65]. Self-efficacy is developed through four mechanisms: mastery experiences, such
as overcoming obstacles; social modeling, or people similar to oneself succeeding;
social persuasion, encouragement to increase resolve and measure success via personal
improvement; and emotional states, such as management of anxiety [64]. Female
students tend to have lower self-efficacy than male students in physics [3,11,12,40,
41,65]. Prior research has attributed this to many related factors alluded to earlier,
e.g., women are less likely to have the same level of previous mastery experiences as

men (because they are less likely to take advanced physics in high school [66]), they



have few role models due to under-representation of women in physics [3,66], and
they are less likely to receive encouragement that they can succeed in physics from
family [67], instructors [3,28], and society at large [55]. In addition to investigating
self-efficacy directly, we also introduce a new measure: self-reported “peer influence
on self-efficacy”, which measures students’ perceptions about how interactions with
their peers affected their confidence in physics. This measure may be especially
useful for high-enrollment classes in which students interact much more with other
students than with the instructor or teaching assistant.

Intelligence mindset describes a person’s beliefs about the nature of intelligence
[68]. A growth mindset is one in which intelligence is viewed as something that can be
cultivated with effort, like a muscle, while a fixed mindset is one in which intelligence
is thought to be innate and unchangeable [68]. The mindsets held by learners are
thought to shape how students engage in learning. With a fixed mindset, a student
is likely to disengage from or avoid difficult tasks [68-71]. On the other hand, the
engagement, propensity to attempt challenging problems, and persistence that often
come with growth mindsets have been linked to positive learning outcomes [68-71],
even after controlling for prior academic achievement [68,72-75]. Growth mindsets
have also been linked to greater participation in STEM fields for students from
underrepresented groups [76], and can be a useful resource for underrepresented
students to combat stereotype threat or anxiety [77].

Expectancy Value Theory is a framework to understand student achievement and
persistence in a domain [78-80]. Expectancy Value Theory posits that performance
and persistence is determined by someone’s expectation of success and the extent to
which they value that task. Expectation of success relies on factors such as academic
self-concept. Academic self-concept describes a long-term expectation of success

that students hold regarding their academic abilities and that primarily depends



on grades and outside feedback (e.g., from parents, peers, and instructors) [78].
Grades inform academic self-concept as both an external (“How good at math am
I compared to other students?”) and internal (“How good am I at math compared
to English?”) frame of reference [78]. Low academic self-concept may lead to lower
future achievement and persistence because it discourages student engagement in a

domain [79].

1.2 Overview

In chapter 2 we focus on female and male students’ self-efficacy and test anxiety
in introductory physics courses for engineering and physical science majors. We ex-
plore the relationships between self-efficacy, test anxiety, and gender differences in
introductory calculus-based physics performance. Although there has been research
that uses test anxiety and self-efficacy to predict student grades, no study to our
knowledge has investigated this in the context of low- (e.g., homework and quizzes)
and high-stakes (e.g., traditional exams) physics assessments. Using validated survey
data and grade information, we compared the predictive power of self-efficacy and
test anxiety on student performance on a variety of assessment types. We found
that there are gender differences in both self-efficacy and test anxiety, as well as in
high-stakes assessment outcomes. There were no gender differences in low-stakes as-
sessment scores. Further, we found that models that control for self-efficacy and/or
test anxiety eliminate the predictive power of gender for high-stakes assessment out-
comes. Finally, we found that self-efficacy partially mediates the effect of test anxiety
on high-stakes assessment outcomes. From these results, we make several suggestions

for instructors that may alleviate the adverse effects of test anxiety and make physics



assessments more equitable and inclusive.

In chapter 3, we investigate the relationship between self-efficacy, test anxiety,
and gender differences in performance in an introductory physics sequence for bio-
science students. Using validated survey data and grade information from students
in a two-semester introductory physics course sequence, we compared the predictive
power of self-efficacy and test anxiety on student performance on both low- and
high-stakes assessments. We found that there are gender differences in self-efficacy,
test anxiety, and high-stakes assessment outcomes in both Physics 1 and Physics 2.
There were no gender differences in low-stakes assessment scores. We also found that
self-efficacy and test anxiety predicted high-stakes (but not low-stakes) assessment
outcomes in both Physics 1 and Physics 2.

In chapter 4, we explore differences in motivational factors and learning outcomes
between students in introductory physics courses who took online classes during re-
mote instruction due to COVID-19 and those who took in-person classes. We first
investigated mean differences in students’ self-efficacy, test anxiety, and learning
outcomes in two categories: low-stakes (homework, quizzes) and high-stakes (ex-
ams) assessments. We found that most differences were small or moderate; however,
students performed drastically better on exams during remote classes compared to
in-person classes. This may be partially attributed to different exam formats for
remote versus in-person classes. Gender differences in high-stakes assessment grades
were also eliminated during online instruction. Finally, we find that in both in-
person and remote courses, test anxiety predicts self-efficacy, which in turn predicts
high-stakes assessment outcomes. From these results, we make several suggestions
for instructors that may alleviate the adverse effects of test anxiety and make physics
assessments more equitable and inclusive.

In chapter 5, we describe a study in which a validated motivational survey was



used to investigate the effect of working in mixed or same-gender groups on physics
self-efficacy and self-reported “peer influence on self-efficacy” in a calculus-based
introductory physics course in which women are severely underrepresented both in
our sample and in the US broadly. Partly due to societal stereotypes and biases,
we found that men tended to have higher physics self-efficacy and reported higher
peer influence on self-efficacy than women both before and at the end of the physics
course. Additionally, all students except those who worked in same-gender groups
had a decrease in average physics self-efficacy from the beginning to the end of the
semester. Finally, using mediation analysis, we found that gender predicted self-
efficacy for students who worked in mixed gender groups, but not for those in same-
gender groups. Our findings suggest that instructors should implement classroom
policies that encourage equitable and inclusive group work, so that all students can
thrive.

In chapter 6, we investigate intelligence mindset (i.e., the belief that intelligence
is either innate and unchangeable or can be developed). We studied 781 students
in calculus-based Physics 1 to investigate if their mindset views were separable into
more nuanced dimensions, if they varied by gender/sex and over time, and if they
predicted course grade. Confirmatory factor analysis was used to divide mindset
survey questions along two dimensions: myself versus others and growth versus abil-
ity aspects of mindset. Paired and unpaired t-tests were used to compare mindset
factors over time and between genders, respectively. Multiple regression analysis was
used to find which mindset factors were the best predictors of course grade. This
study shows that intelligence mindset can be divided into four factors: My Ability,
My Growth, Others’ Ability, and Others’ Growth. Further, it reveals that gender dif-

bl

ferences are more pronounced in the “My” categories than the “Others™ categories.

At the start of the course, there are no gender differences in any mindset component,



except for My Ability. However, gender differences develop in each component from
the start to the end of the course, and in the My Ability category, the gender differ-
ences increase over time. Finally, we find that My Ability is the only mindset factor
that predicts course grade. These results allow for a more nuanced view of intelli-
gence mindset than has been suggested in previous interview and survey-based work.
By investigating the differences in mindset factors over time, we see that learning
environments affect women’s and men’s intelligence mindsets differently. The largest
gender difference is in My Ability, the factor that best predicts course grade. This
finding has implications for developing future mindset interventions and opens new
opportunities to eliminate classroom inequities.

In chapter 7, we study how bioscience students’ motivational beliefs, such as
disciplinary intelligence mindsets, can influence their physics performance and per-
sistence. Intelligence mindset beliefs have long been argued to fall along a continuum
between fixed and growth mindsets. Those with fixed physics mindsets believe that
ability in physics is innate and unchangeable, while those with growth mindset be-
lieve that ability in physics can be developed with effort. More recent research with
physical science and engineering majors suggests that these are somewhat separable
beliefs, with some students believing aspects of both fixed and growth mindsets, and
that students can hold different beliefs about other students vs. beliefs about them-
selves (e.g., others could improve through effort but they themselves could not). In
this study, 419 students in Physics 1 for students pursuing bioscience majors took
pre- and post- physics mindset surveys. We investigated whether the physics mindset
views of students pursuing bioscience or health-related majors were separable into
more nuanced dimensions, if the means and distribution of these views varied by
gender/sex and over time, and if any of these views predicted course grade. Repli-

cating prior findings with physical science and engineering majors, we found that



intelligence mindsets can be divided into four separable but correlated constructs:
My Ability, My Growth, Others’ Ability, and Others’ Growth. Further, in this
bioscience /health-related majors group, the “Ability” beliefs grew stronger and the
“Growth” beliefs became weaker over time. These shifts were particularly strong for
women. The changes in beliefs were also stronger for “My” beliefs than “Others”™
beliefs for both men and women. My Ability and My Growth scores were also the
strongest predictors of course grades above and beyond academic preparation differ-
ences as assessed by high school GPA and SAT/ACT Math scores. These findings
have implications for eliminating classroom inequities.

In chapter 8, we introduce a framework that posits that grade penalty is a mea-
sure of academic self-concept and investigate if there are gender differences in grade
penalties in physics courses for students majoring in physics. In order to quantify
grade penalty, we define grade anomaly as the difference between a student’s grade
in a course under consideration and their grade point average (GPA) in all other
classes thus far. A grade anomaly lower than students’ expected grade based on
their GPA is a grade penalty and higher than expected average grade is a grade
bonus. Our framework posits that since women have traditionally been marginalized
in physics, female physics majors are more likely to be negatively impacted by a
grade penalty in their courses since their academic self-concept as a physics major
hinges on them securing a certain grade. In the study presented here, we examine
the average grade anomalies across a number of courses for female and male physics
majors. We find that these students received grade penalties in almost all physics
courses studied, though there were grade bonuses in a few laboratory courses. We
also find that in physics courses, on average, women often had larger grade penalties
than men, especially in introductory courses. We hypothesize that, because their

grade penalties are often larger than men’s, women’s decisions to pursue a physics



major and career may be particularly affected by grade penalties received in their
various courses. Furthermore, the grade penalty measure can be easily computed by
the physics programs concerned with equity.

In chapter 9, we continue to use the average grade anomaly framework that
posits that grade penalty in first year foundational science courses for engineering
majors may be particularly damaging to female students who do not have role models
and are questioning whether they have what it takes to excel in an engineering
major and career due to pervasive stereotypes. In order to quantify grade penalty,
we define Grade Anomaly as the difference between a student’s grade in a course
under consideration and their grade point average (GPA) in all other classes thus
far. A grade anomaly lower than students’ expected grade based on their GPA is
a grade penalty and higher than expected grade is a grade bonus. Our framework
posits that female engineering majors are more likely to be negatively impacted by
a grade penalty in their first-year foundational science courses since their academic
self-concept as an engineering major hinges on them securing a certain grade. In
the study presented here, we examine Average Grade Anomalies of 6,028 first-year
engineering students across a number of required courses. We find that students
tend to receive grade bonuses in engineering and English composition courses, and
grade penalties in physics, chemistry, and math courses. These courses with grade
penalties tend to be large, lecture-based courses. We also find that in physics courses,
women have larger grade penalties than men, whereas in chemistry and math, men
have larger grade penalties. Thus, physics courses may be most damaging to women
out of all of the courses in which they receive grade penalty. We hypothesize that
women’s decisions to pursue an engineering major and career may be affected more
by the grade penalty received in foundational science courses than men’s due to

societal stereotypes about who can excel in engineering and access to other coping
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mechanisms that may help to rationalize lower-than-expected grades. Furthermore,
the grade penalty measure can be easily computed by the engineering programs
concerned with equity. Finally, we provide recommendations for how engineering
programs may mitigate grade penalties in the foundational science courses, which
may be particularly damaging to women.

In chapter 10, we investigate a framework that posits that since women study-
ing bioscience have traditionally been marginalized in the sciences, they are more
likely to be negatively impacted by a grade penalty in their courses since their aca-
demic self-concept may be dependent on receiving a certain grade. In this study,
we examined AGAs of 2,445 students across a number courses. We found that on
average students received grade penalties in the twelve most commonly taken science
courses for bioscience students at our institution. We also found that women had
more extreme grade penalties than men in seven of the twelve science classes we in-
vestigated. We hypothesize that women’s decisions to pursue STEM careers may be
affected more by the grade penalty received in required science courses than men’s
because their grade penalties are often larger.

In chapter 11, we use grades and “grade anomalies” to investigate student per-
formance before, during, and after the period of COVID-19 remote instruction in
courses for first-year engineering majors. We also use these measures to investigate
gender equity in these courses. We investigated all required courses for this group of
students and found that the Engineering and English Composition courses tended to
have grade bonuses, while Mathematics, Physics, and Chemistry courses tended to
have grade penalties. We broadly find that both grades and grade penalties showed
positive trends during remote instruction and deteriorated after remote instruction.
We also find that there were many more gender differences in grade anomalies than

in grades. We hypothesize that women’s decisions to pursue STEM careers may be
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affected more by the grade penalty received in required science courses than men’s
because their grade penalties are often larger during all time periods studied.

In chapter 12, we use grades and “grade anomalies” to investigate student per-
formance before, during, and after COVID-19 remote instruction in courses for bio-
science and health-related majors. We also use these measures to investigate gender
equity in these courses. Students received grade penalties in all courses studied,
consisting of the twelve courses taken by the greatest number of bioscience and
health-related majors. We broadly find that both grades and grade penalties showed
positive trends during remote courses and deteriorated after remote instruction. We
also find that there were many more gender differences in grade anomalies than in
grades. We hypothesize that women’s decisions to pursue STEM careers may be
affected more by the grade penalty received in required science courses than men’s
because their grade penalties are often larger during all time periods studied.

Lastly, in the final chapter, we briefly discuss some future directions based upon

this work.
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2.0 Gender differences in test anxiety and self-efficacy: Why
instructors should emphasize low-stakes formative assessments in

physics courses

2.1 Introduction

Research on gender differences in introductory physics course performance is
abundant, as is the work focusing on ways to mitigate this “gender gap” [81-84].
Some of this work focuses on how student experiences before they enter the class-
room affect physics performance, and how societal changes could increase opportuni-
ties for women in science, technology, mathematics, and engineering (STEM) fields.
Examples include societal stereotypes about who belongs in physics [23,55,67,85,86],
and limited opportunities to take advanced physics courses in high school resulting
in gendered differences in prior preparation [66]. Other work focuses on changes in
the classroom that could make physics more equitable. Examples of this approach
include addressing gender bias in exams and standardized tests [87-89] and inves-
tigating the effects of alternatives to lecture-based courses (such as evidence-based
active learning) on gender differences in performance [90-92]. In this work, we use
a third approach that studies the crossroads of in-class and out-of-class experiences:
the study of motivational beliefs [9,28] and how those beliefs affect classroom ex-
periences. Previous research has shown that gendered performance differences can
be attributed to differences in motivational beliefs about physics between male and
female students (which can again at least partly be attributed to societal stereotypes
about physics) [11,12,23,32,40,41,65,93,94].

Here, we study two factors that have been linked to gender differences in physics
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performance. The first is test anxiety (TA) [93,94], a phenomenon that affects
students’ test performance and is more likely to affect women [63,95]. The second
is self-efficacy (SE) [11,12,40,41,65], a student’s belief in their ability to complete
a task [63,64]. Because both TA and SE have been studied independently in the
physics context, we are particularly interested in the interactions between the two,
and if the type of assessment (e.g., homework or exams) is important when observing
their effects. In this study, we investigate the relationship between gender, low- and
high-stakes assessment outcomes, test anxiety, and self-efficacy. Specifically, we aim

to answer the following questions:

RQ 1. Are there gender differences in students’ prior preparation, self-efficacy, or
test anxiety?

RQ 2. Are there gender differences in students’ low- and high-stakes assessment
scores?

RQ 3. Are self-efficacy and test anxiety independent predictors of assessment scores?

RQ 4. Does gender predict scores in low- or high-stakes assessments when control-

ling for self-efficacy or test anxiety?

2.1.1 Gender differences in Physics Courses

Performance differences between male and female students in physics courses are
often due to sociocultural stereotypes and biases pertaining to who belongs in physics
and who can excel in it, and insufficient efforts to counter them in order to make
the learning environment more equitable and inclusive. For example, girls are less
likely than boys to have parents who believe they can excel in the sciences so parents
are less likely to encourage them to pursue related courses and activities from early

on [96,97]. This, combined with societal stereotypes that success in physics requires

14



particular brilliance and brilliance is associated with men, in part explains the low
numbers of women in the field [59]. Women are less likely than men to take physics
in high school [66], so they are less likely to have prior experience if they are required
to take physics in college. Once women are enrolled in physics courses, they tend
to have lower self-efficacy, which is an important predictor of physics performance,
even when controlling for prior academic preparation [11,12,40,41,65].

Though our focus here is on the relationship between text anxiety and self-
efficacy in the physics context, prior work focusing on biology classes establishes
a relationship between test anxiety and high-stakes assessment outcomes [94]. How-
ever, we chose to incorporate self-efficacy into the study for two reasons: first be-
cause the relationship between performance and self-efficacy is well-documented in
physics [11,12,40,41,65], and because management of anxiety is explicitly mentioned

as a mechanism to build self-efficacy [63].

2.1.2 Self-Efficacy

Self-efficacy is one’s belief in their capability to succeed at an activity or subject
[63,64], and has been linked to positive outcomes for physics students [11, 12,40,
41, 65]. Self-efficacy is developed through four mechanisms. The first is mastery
experiences, which describes learning by overcoming difficulties such as a challenging
homework assignment. The second is social modeling, or having role models. This
describes seeing people similar (for example, somebody of a similar age, ethnicity,
or gender) to oneself succeeding in a domain. The third is social persuasion, which
is encouragement to increase resolve and measure success via personal improvement.
Though it is not necessary for a potential role model to share all of a student’s

identities, prior work has shown that women especially benefit from other women
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as peers and role models [98,99]. The final mechanism is emotional state, such as
management of anxiety [64]. Because they have fewer opportunities to utilize the
first three of these mechanisms, female students tend to have lower self-efficacy than
male students in physics [11,12,40,41,65]. For example, women are less likely to
have the same level of previous mastery experiences as men (because they are less
likely to take advanced physics courses in high school for a variety of reasons [66]),
they have few role models due to under-representation of women in physics [66],
and they are less likely to receive encouragement that they can succeed in physics
from family [67], instructors [28], and society at large [55]. Because self-efficacy
allows students to develop coping mechanisms that could thwart test anxiety [63],
we hypothesize that students with high self-efficacy will also have low test-anxiety.
To explore how test anxiety and self-efficacy predict students’ performance in
different situations, we compare female and male students’ performance on low-stakes
and high-stakes assessments. Here, low-stakes assessments are those that make up a
small portion of a student’s grade, such as recitation quizzes. High-stakes assessments
are individual assessments that make up a large portion of a student’s grade (e.g.,
traditional exams [100]). In this paradigm, ten assessments that each make up five
percent of a student’s grade would be relatively low-stakes, while a single assessment
that makes up fifty percent of a student’s grade would be high-stakes, even if the
content was identical between the assessments. Because previous studies have shown
larger gender gaps in high-stakes than low-stakes assessment [100], and women are
more likely to report low self-efficacy [41] and high test anxiety [63,95] than men, we
hypothesize that test anxiety and self-efficacy will more strongly predict high-stakes

than low-stakes assessment outcomes.
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2.1.3 Test Anxiety

Test anxiety is a phenomenon with three facets: cognitive, affective, and behav-
ioral. The cognitive facet consists of worry and self-preoccupation (e.g., thinking
about one’s perceived shortcomings instead of the task at hand), as well as intrusive
thoughts of failure, all of which limit the time and cognitive resources students with
test anxiety can devote to the assessment [95]. The affective facet of TA affects how
students feel when they have test anxiety, for example, a fast heartbeat or “but-
terflies in their stomach” [95]. The behavioral aspect of test anxiety manifests in
avoidance techniques, such as procrastination or interacting only with surface-level
feedback after the exam (e.g., not examining mistakes closely to make a plan for
future improvement) [95,101].

Test anxiety can affect students in different ways: one student may have strong
study skills but be unable to concentrate due to physiological manifestations of test
anxiety, another may feel extremely anxious because they lack study skills to succeed
in exams, while other students will have their own unique manifestations of test
anxiety [95]. Ideally, educators will find ways to provide all students the environment
they need to succeed in assessments without the burden of test anxiety, but this may
require a multifaceted approach to meet different students’ needs. Women are more
likely to report test anxiety than men [63,95], so understanding test anxiety and
how to minimize its effect on student success is vital to create equitable learning
environments.

Previous work in physics [93] has found that women report higher levels of TA
than men, and that the predictive power of SE on the Force Concept Inventory (FCI)
superseded that of TA. We aim to build upon these findings in two ways. First,

instead of using the FCI and course exams, we compare course exams and ”low-
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stakes” assessments, like homework and quizzes, so that results are more likely to
generalize to courses that do not utilize the FCI. Second, we explore the interactions
of TA and SE. We predict that, because the management of anxiety can contribute

to high self-efficacy (and vice versa) [63], test-anxiety may predict self-efficacy.

2.2 Methodology

2.2.1 Participants and Procedures

This study took place at a large research university in the United States. We
administered a multiple-choice motivational survey to students in an introductory
calculus-based Physics 1 course. The surveys were given during the first and last
week of their mandatory teaching assistant-led recitations. We call the first and final
data sets “pre” and “post”, respectively. For analysis, we longitudinally matched
students (N = 176), including only students who completed both surveys and suc-
cessfully passed an attention check (a question that requested the students select
“C”) on both. This research was carried out in accordance with the principles out-
lined in University of Pittsburgh Institutional Review Board (IRB) ethical policy.
The traditional lecture-based course was taught by four instructors and primarily
covered Newtonian mechanics. Students were either given extra credit or a partici-
pation grade for taking the survey, depending on the instructor.

Demographic data indicated our sample was 37% women. Students identified
with the following races/ethnicities: 72% White, 14% Asian, 7% Hispanic/Latinx, 4%
multiracial, 2% African American/Black, and 1% unspecified. The majority (80%)

of students in the sample were first-semester first year students, and 60% of them
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were engineering majors. Outside of engineering, most students were undeclared or

studying a physical science.

2.2.2 Measures
2.2.2.1 Prior Academic performance

We used high school grade point averages (HS GPAs) and Scholastic Achievement
Test (SAT) scores to measure prior academic preparation. HS GPAs were reported
on a 4.0 scale, and students with HS GPAs greater than 5.0 (~ 1% of the sample)
were excluded from analysis because their schools likely used a different grading
system. SAT scores are on a scale of 200-800. American College Testing (ACT)
scores were converted into approximate SAT scores [102]. If the student took a test
more than once, the university provided the highest subject scores for the SAT or the
highest composite score for the ACT. Both demographic data and prior academic

information were acquired from de-identified university records via an honest broker.

2.2.2.2 Physics 1 Grades

Academic performance measures were provided by instructors. These measures
included assessment scores for homework, quizzes, midterm exams, and final exams.
For analysis, we divided these into two groups: “low-" and “high-stakes” assessments.
The high-stakes assessment measure combined midterm and final exam grades. Be-
cause each instructor had three midterms and one final, each exam made up 25% of
the high-stakes category score. The low-stakes assessment measure combined quiz
and homework grades, and each assessment type counted for 50% of the category.

Homework grades were only available for 74% of students. Students without home-
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work grades were excluded from “low-stakes” analysis, though all of our findings
were similar when they were included in the same analysis using only quiz scores.
All other assessment scores were available for the whole sample. Before averaging,

all assignments were normalized to a 10-point scale.

2.2.2.3 Survey

The TA survey questions were adapted from the previously validated [103,104]
Motivated Strategies for Learning Questionnaire [105]. To ensure we were measuring
domain-specific mindset, we explicitly mentioned physics in the survey items, as
seen in Table 1. For example “I have an uneasy, upset feeling when I take an
exam,” becomes “I have an uneasy, upset feeling when I take a physics test”. SE
survey questions were constructed from other surveys and previously validated [40,
41]. We further validated the survey through twenty one-hour student interviews to
ensure that students interpreted questions as intended. Additionally, we performed
confirmatory factor analysis (CFA) using the students in this study as a check for
continued validity. For both the pre and post-surveys, the Comparative Fit Index
(CFI) and Tucker Lewis Index (TLI) were > 0.95 [106], the Root Mean Square Error
of Approximation (RMSEA) was < 0.08 [107], and the Standardized Root Mean
Square Residual (SRMR) was < 0.06 [106]. Standardized factor loadings ranged
from 0.62-0.88 [106]. Chronbach’s o was 0.75 and 0.81 for self-efficacy pre and
post, while o was 0.88 and 0.90 for test anxiety pre and post. We found Pearson
correlations between all variables. The weakest correlations were non-significant,
while the strongest correlation was 7 = 0.60 (p < 0.001), between post test anxiety
and post self-efficacy.

Test anxiety items were on a five-point Likert scale scale (1—Not at all true, 2—A
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Table 1: The physics test anxiety (TA) and self-efficacy (SE) items on the survey.

One item mentions a laboratory because this survey is used in multiple course

contexts, not because the course in question has a laboratory component.

Item No. Item Text

TA 1 I am so nervous during a physics test that I cannot remember what I
have learned.

TA 2 I have an uneasy, upset feeling when I take a physics test.

TA 3 I worry a great deal about physics tests.

TA 4 When I take a physics test, I think about how poorly I am doing.

SE 1 I am able to help my classmates with physics in the laboratory or in
recitation.

SE 2 I understand concepts I have studied in physics.

SE 3 If I study, I will do well on a physics test.

SE 4 If I encounter a setback in a physics exam, I can overcome it.

little true, 3—Somewhat true, 4—Mostly true, 5>—Completely true) and self-efficacy

questions were on a four-point Likert scale (1—NO!, 2—no, 3—yes, 4—YES!). A

higher score that indicates the student has more test anxiety or higher self-efficacy.

Thus, an ideal course outcome is that all students have low test anxiety scores and

high self-efficacy scores.

2.2.3 Analysis

Before conducting any analysis, SAT scores, HS GPAs, assessment scores, test

anxiety and self-efficacy scores were winsorized to two standard deviations from the

mean (in order to maintain the direction of outliers while eliminating extreme values

[108]). To determine if there were gender differences in pre and post TA, as well
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as assessment scores and prior academic preparation, we performed unpaired t-tests
and calculated the Cohen’s d between groups. Cohen’s d is a measure of effect size,
and we used the following standards: small, d ~ 0.2; medium, d ~ 0.5; and large,
d ~ 0.8 [109].

Next, we conducted a mediation analysis of test anxiety and high-stakes assess-
ment grades, using self-efficacy as a mediator. This model was chosen because self-
efficacy had the largest Pearson correlation with test anxiety compared to all other
variables. All involved variables were z-scored, meaning that observations were con-
verted to measure the number of standard deviations they were from the mean so
that regression weights can be directly compared without regard to their original
units [108]. Mediation was conducted in R using the bootstrap method with 1000
simulations [110].

Finally, to explore the predictive relationships between test anxiety and assess-
ment outcomes, we used multiple regression analysis. For each regression model,
we report the standardized 3 coefficients, sample size, and R-squared. Standardized
coefficients were used because they are in units of standard deviation and allow for
direct comparison of effects [109]. We initially used gender, SAT math scores, and
HS GPA as predictors for low- and high-stakes assessment scores. After establishing
baseline models, we introduced pre TA or the average TA as predictor variables.
Average test anxiety is the mean of pre and post test anxiety, and was used as a
proxy for students’ test anxiety while they were taking the course. During regression
analysis, we used combined assessment categories (e.g., low and high-stakes assess-
ments), but results were similar when the categories were separated. For example,
the regression models predicting low-stakes assessment scores were similar to both
the models predicting quiz grades and those predicting homework grades. All of the

regression models predicting individual assessment types (i.e., homework, quizzes,
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midterm exams, and final exams) can be found in Tables 57 and 58 in Appendix A.

2.3 Results and Discussion

2.3.1 Are there gender differences in students’ prior preparation, self-

efficacy, or test anxiety?

Both men and women seemed well-prepared for an introductory STEM course,
with SAT scores above the national average of 523 [111] and HS GPAs above 4.0,
SAT math scores were significantly higher for men, while high school GPAs were non-
significantly higher for women in this subset of students (see Table 29). Both HS GPA
and SAT math scores have been shown to be predictors of undergraduate performance
[112], especially in quantitative courses [113]. However, we cannot assume that men’s
higher SAT scores directly translate into physics performance, as students in this
sample have no similar gap in Calculus 1, which they often take in tandem with
Physics 1 [43-45].

Table 29 also shows that women reported higher levels of test anxiety and lower
self-efficacy than men. For self-efficacy, the gender differences grew from small (d ~
0.2) to medium (d ~ 0.5) over the semester; the test gender gap also increased, but
maintained a large (d ~ 0.8) effect size. This is consistent with other studies that
find gender differences in SE [40,114] and TA [93] in the physics context. Growth in
both TA and SE gender differences over the semester suggest that both constructs
are malleable and that classroom experiences are affecting women’s and men’s test

anxiety and self-efficacy differently.
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2.3.2 Are there gender differences in students’ low and high-stakes as-

sessment scores?

From Table 29, homework and quiz grades show no significant gender difference,
while midterm and final exams have significant medium (d ~ 0.5) differences. Al-
though grade schemes differed by instructor, all courses had grades based primarily
on midterm and final exam scores. Because research suggests that women are more
likely than men to leave STEM fields due to concerns about grades (even if they
have an A or B average) [115], women’s lower exam scores may contribute to the loss
of women from majors that require introductory calculus-based physics. This, com-
bined with recent research that suggests that introductory mathematics courses are
better predictors of future course success for physics and engineering students than
introductory physics courses [43-45], suggests that many women who may have found
success in advanced courses leave STEM fields before they have the opportunity to

do so.

2.3.3 Are self-efficacy and test anxiety independent predictors of assess-

ment scores?

The relationship between average self-efficacy and test anxiety is explored in a
mediation model (see Figure 1). This model tests if average self-efficacy mediates
the relationship between test anxiety and high stakes assessment scores, and was
statistically significant. The Average Causal Mediation Effect (ACME) was -0.19
(p < 0.001), with a confidence interval of [-0.29,-0.09]. The average direct effect
(ADE) was -0.24, p = 0.006 and the total direct effect (TDE) was -0.43, p < 0.001.
Mediation models were similar for men and women when tested separately, so we

combined them to maximize our sample size.
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The model in Figure 1 suggests that test anxiety is partially mediated by self-
efficacy. This means that test anxiety affects high-stakes assessment outcomes both
directly and indirectly. One direct effect may be that test anxiety takes up students’
cognitive resources during assessments [116]. In this model, the indirect effect refers
to the effect of test-anxiety on self-efficacy (for example, a student thinking that they
will never master physics because they always “freeze” when they’re being assessed)
and the subsequent effect of low self-efficacy on exam performance (that same student
may decide that studying is not worth their time because they believe they will not
receive a high grade even if they do put in the necessary effort).

Additionally, Bandura [63] theorized that poor performance and anxiety are “co-
effects” of low self-efficacy. Heightened self-efficacy and reduced test anxiety likely
form a virtuous cycle wherein students’ development of coping mechanisms (for ex-
ample, stress-reduction techniques and explicitly rehearsing strategies for academic
challenges) increase their self-efficacy, and increased self-efficacy frees students’ cog-
nitive resources to focus on the task at hand and better implement coping strate-
gies [63,117].

Importantly, the relationship between test anxiety, self-efficacy and high-stakes
assessments is similar for women and men. Prior work has shown similar results:
anxiety affects academic self-efficacy similarly for men and women [118], but women
tend to have lower self-efficacy than men regarding physics [11,12,40,41,65]. This is
useful for instructors, as they do not have to focus on using different methods to aid
students in developing self-efficacy or mitigating test anxiety, but rather using these

methods more or less depending on the needs of the student.
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2.3.4 Does gender predict scores in low- or high-stakes assessments when

controlling for self-efficacy or test anxiety?

Tables 3 and 4 show the results of our eight regression models predicting low and
high-stakes assessments, respectively. Each of the models uses the variables in the
far left column to predict the outcome variable (e.g., low or high-stakes assessment
scores). Any blank spaces in the table indicate that the predictor in the corresponding
row was not used in that model. The strength of each predictor, controlling for all
other predictors in the model, is given by the standardized regression (/3) coefficient
[109]. More specifically, for each change of one standard deviation in the predictor
variable, the model predicts there will be a change of 5 standard deviations in the
outcome variable, controlling for all other predictor variables [109].

In Models 1-4 (see Table 3), gender is not a significant predictor of low-stakes
assessment scores, so there is no difference in motivational factors to account for.
Only SAT Math and and pre SE were significant predictors of low-stakes assessment
outcomes. Pre SE was only a predictor when pre TA was also included, as in Model 4
(as opposed to Model 2, which includes only TA, or Model 3, which includes only SE).
However, SE is unlikely to have real-world effects on students’ low-stakes assessment
outcomes; all of the models in Table 3 explain only small amounts of the variance as
R? never exceeds 0.06. Average TA and SE were not significant predictors (alone or
together, see Table 58 in Appendix A).

Regression models predicting high-stakes assessments are found in Table 4. Model
5 shows that women have lower scores than men on high-stakes assessments when
controlling for SAT math scores and HS GPA. Therefore, more factors are needed
to account for this discrepancy. Pre SE and TA were not significant predictors,

so models that included them did not account for the gender difference. However,
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including average TA (as in Model 6) or average SE (as in Model 7) renders the
gender effect non-significant, suggesting that both TA and SE can explain some of
the gendered performance differences in this class. If both average TA and SE are
included, as in Model 8, TA becomes non-significant.

Prior work has found similar results: both TA and SE are significant, but TA
does not explain more variance than SE alone, and TA becomes non-significant when
SE is included [93]. These similarities suggest that differences in both test anxiety
and self-efficacy are widespread in physics. However, the mediation model in Figure 1
and prior work which states that SE and TA are related [63], suggest that addressing
test anxiety may be a way for instructors to aid their students in building self-
efficacy. Thus, creating a low anxiety, equitable, and inclusive learning environment
in which all students have a high sense of belonging and feel recognized by their
instructors for their effort and progress is important, particularly for students from
underrepresented groups who do not have role models, in order for them to master

physics and develop confidence in their abilities to do so.

2.3.5 Teaching Recommendations

To help decrease student test anxiety and increase self-efficacy, educators should
create an equitable and inclusive learning environment while maintaining high stan-
dards and provide students the tools and scaffolding support they need to become
independent learners, utilizing frequent feedback [63]. The student sample in this
study was 80% first-semester college students, who may be new to exams that make
up the majority of their course grade. Implementing frequent, low-stakes assessment
(for example, weekly or biweekly exams) can give students many attempts to prac-

tice test-taking and study skills and gives ample opportunity for feedback [119-121].

27



It also can space the practice (instead of cramming right before the exams, students
will study more uniformly), which can lead to better retention of content and better
skill development [122]. This can create a more equitable classroom environment by
minimizing fears that come with test anxiety (e.g., receiving a low course grade due
to one bad exam score) and also helps students develop the skills they will need if
and when they encounter high-stakes exams in the future. In addition, instructors
should decrease the importance of traditional exams in final course grades, while
increasing the importance of clicker questions, homework, projects, and other assess-
ments. A broad range of low-stakes formative assessments should be implemented
throughout the course, to give students both frequent feedback and opportunities to

master content [123,124].

2.4 Summary and Conclusion

Our results show that there are gender differences in students’ self-efficacy and
test anxiety. When controlling only for prior preparation, there is also a gender gap
in high-stakes assessment scores, which becomes non-significant when controlling
for self efficacy and/or test anxiety. Lastly, self-efficacy mediates the relationship
between test anxiety and high stakes assessment scores. From these findings we
conclude that physics classrooms have the potential to become more equitable for
women if instructors focus on giving students the support they need to enter a
cycle of increasing self-efficacy and decreasing test anxiety. Further, we suggest that
measuring student test anxiety in addition to self-efficacy in physics courses may
be useful. If a student has low self-efficacy, there are a range of interventions and

approaches that may improve their learning outcomes. However, students with test
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anxiety may have certain needs that are different from students who have not received
encouragement from previous instructors, even though both groups of students may
have low self-efficacy. By measuring and addressing the different mechanisms through
which self-efficacy is developed, instructors and education researchers may be able
to pinpoint the combination of supports students must be provided to excel.

This study mirrors results seen in other disciplines and institutions [93,94]. As
we collect more data, we want to include intersectional analysis to understand the re-
lationship between gender, race, test anxiety, and self-efficacy. Additionally, it would
be valuable to investigate how test anxiety and self-efficacy predict female and male
student performance in low and high-stakes assessment in different countries in simi-
lar courses. It would also be valuable to investigate these issues in other contexts, e.g.,
at different types of institutions (e.g., large research university vs. small colleges).
Outside of the physics context, studies about the relationship between text anxiety,
self-efficacy, and low- and high-stakes assessment outcomes in other contexts (for ex-
ample, other sciences or in the humanities) may be valuable to the larger education
community. However, we hypothesize that test anxiety may be worse in physics than
in other sciences because physics exams often have problems that are asked in very
different contexts to the problems students solved earlier even though they involve
similar underlying physics principles. For example, if students earlier learned that
angular momentum conservation can be used to understand why a ballerina speeds
up when she puts her arms close to herself, the exam question may ask them about
the change in the angular speed of a white dwarf that is collapsing under its own
gravitational force [125,126]. Our prior research including individual interviews with
students suggest that they struggle in transferring their learning from the ballerina
context to the white dwarf context [125,126] and it is particularly difficult for them

when they are asked these types of isomorphic problems in timed exams in which
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they do not have sufficient time for contemplating that the underlying principles are
similar for these problems. Although in interviews, some students mentioned that
these types of physics problems in exams in which they have to transfer their learning
from one context to another make them anxious, future studies would explicitly ask
all students to rate their anxiety while answering such problems during high stakes

and low stakes situations to investigate statistical differences.
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Table 2: Means and standard deviations (SD) of prior preparation, test anxiety,
self-efficacy, and assessment grades by gender. Cohen’s d is negative when men

have a higher score than women. * = p < 0.05, ** = p < 0.01, and *** = p < 0.001.

Women Men

Variable (Range) ‘ Mean SD ‘ Mean SD ‘ d
SAT Math (200-800) 691 55 718 51 -0.51*
HS GPA (0-4) 4.22 0.33 4.18 0.33 0.13
TA Pre (1-4) 2.83 1.02 2.11 0.79 0.82***
TA Post (1-4) 3.15 0.99 2.29 0.89 0.93***
SE Pre (1-4) 3.03 0.44 3.24 0.43 -0.49**
SE Post (1-4) 2.82 0.48 3.18 0.47 0,75
Homework (0-10) 9.16 0.52 9.04 0.59 0.19
Quiz (0-10) 9.36 0.58 9.48 0.46 -0.22
Midterm Avg. (0-10) 7.30 1.13 8.01 1.18 -0.61%**
Final Exam (0-10) 5.50 1.73 6.41 1.75 10.53%%
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High-Stakes
Test Anxiety Avg. $1  Assessment
Scores

Self-Efficacy Avg.
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Scores

Figure 1: Mediation model results: (a) shows the model without self-efficacy, while
(b) shows the model including self-efficacy. Average self-efficacy mediates the
relationship between average test anxiety and high-stakes assessment scores. Line
thickness corresponds to the standardized regression coefficient size. N = 181. * =

p < 0.05, ™ = p < 0.01, and ** = p < 0.001.
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Table 3: Standardized 3 coefficients of regression models predicting low-stakes
assessment scores. N = 131, “F” and “M” refer to female and male students.

Significant predictors are bold. * = p < 0.05, ™ = p < 0.01, and ** = p < 0.001.

Predictor: Model 1 Model 2 Model 3  Model 4
Gender (F=1, M=0) 0.01 -0.03 0.04 0.00
SAT Math 0.19* 0.19* 0.19* 0.20*
HS GPA 0.11 0.11 0.12 0.12
Test Anxiety Pre 0.07 0.16
Self-Efficacy Pre 0.16 0.22*
R? 0.03 0.03 0.05 0.06

Table 4: Standardized S coefficients of regression models predicting high-stakes
assessment scores. N = 176, “F” and “M” refer to female and male students.

Significant predictors are bold. * = p < 0.05, ** = p < 0.01, and ** = p < 0.001.

Predictor: Model 5 Model 6 Model 7 Model 8
Gender (F=1, M=0) -0.20** -0.09 -0.08 -0.05
SAT Math 0.46*** 0.42*** 0.43*** 0.41%**
HS GPA 0.23*** 0.23*** 0.25*** 0.24***
Test Anxiety Avg -0.26** -0.10
Self-Efficacy Avg 0.37* 0.32**
R? 0.38 0.43 0.49 0.49
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3.0 Bioscience students with test anxiety have lower grades than those
who don’t: Low-stakes assessments could improve outcomes and increase

gender equity in introductory physics courses

3.1 Introduction and theoretical framework

Students’ science, technology, engineering, and mathematics (STEM) related mo-
tivational beliefs have implications for their performance in individual courses as well
as their long-term outcomes [6-12]. In particular, students’ motivational beliefs are
correlated with their goals and tend to predict student learning outcomes [6-12].
There also tend to be differences between men’s and women’s motivational beliefs
regarding physics, which have been linked to performance differences in physics
courses [11,16,18,42,65]. Here, we focus on two motivational factors: test anxi-
ety and self-efficacy. Test anxiety can affect students’ test performance and is more
likely to affect women [60]. Self-efficacy in a given domain is a student’s belief in
their ability to succeed at an activity or subject or complete a task [127].

Test anxiety can impact students’ cognition, physical body, and behavior [60].
When they experience test anxiety, students’ cognitive resources are not entirely
devoted to the assessment, but can be taken up by worry and intrusive thoughts
of failure [60]. Additionally, test anxiety can affect how students feel during an
assessment. For example, they may experience a fast heartbeat or “butterflies in their
stomach”. The behavioral aspect of test anxiety manifests in avoidance techniques,
such as procrastination or interacting only with surface-level feedback after the exam
(e.g., not examining mistakes closely to make a plan for future improvement) [60,62].

Other studies have found that test anxiety negatively affects student performance,
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especially on high-stakes assessments such as exams [18,93,94]. In addition, women
are more likely to report test anxiety than men [60, 127], so understanding test
anxiety and how to minimize its effect on student success is vital to create inclusive
and equitable learning environments.

Self-efficacy [64, 127] has been linked to positive learning outcomes for physics
students [11,12,18,41,65]. Self-efficacy of students in a particular domain can be en-
hanced through several mechanisms. One way is by overcoming difficulties (such as
a challenging homework assignment) [64]. Self efficacy can also be formed through
social means, such as through seeing role models succeed in the domain of inter-
est, and by encouragement to increase resolve and measure success via personal
improvement [64]. The final mechanism is regulation of emotional states, such as
management of anxiety [64].

Women commonly have lower physics self-efficacy than men [11,12,41,65]. We
hypothesize that one reason for this is that they tend to have fewer opportunities
than men to develop self-efficacy. For example, they may have fewer experiences over-
coming challenges in physics because they are less likely to take advanced physics
courses in high school for a variety of reasons [66]. Additionally, women may have
fewer role models due to under-representation of women in physics [66], and they
are less likely to receive encouragement that they can succeed in physics from in-
structors and peers [28]. Because high self-efficacy allows students to develop coping
mechanisms that could reduce test anxiety, we hypothesize that students with high
self-efficacy are also likely to have low test anxiety [127].

In this research, we aim to investigate if test anxiety and/or self-efficacy can
predict low- and high-stakes assessment outcomes. Here, low-stakes assessments
are those that individually make up a small portion of a student’s grade, such as

homework. High-stakes assessments are individual assessments that make up a large
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portion of a student’s grade such as traditional exams [18,94]. For example, five
assessments that each make up 10% of the student’s grade are each lower-stakes than
a single exam that makes up 50% of a student’s grade, even if the content of each
assessment is identical. Prior work has shown that gender gaps are more prevalent
in high-stakes than low-stakes assessments [18,94]. This, combined with gender
differences in self-efficacy and test anxiety, leads us to hypothesize that test anxiety
and self-efficacy may predict high-stakes, but not low-stakes assessment performance.

Past research shows a relationship between self-efficacy, test anxiety, and physics
grades for students enrolled in introductory courses for engineering and physical
science majors [18]. Additionally, prior research has found that there is a relationship
between test anxiety and high-stakes assessment grades in biology classrooms [94].
Here, we focus on students in introductory physics for bioscience and heath-science
related majors.

Students pursuing bioscience and health-science related majors are generally re-
quired to take at least one physics course for their major (and many of them are
required to take two physics courses). Women are not underrepresented in these
physics courses for bioscience and health-science related majors, but there may still
be a gender gap in the motivational beliefs of students in the course. In particu-
lar, prior research has found that even in physics courses in which women are not
underrepresented, men tend to have higher grades and physics-specific motivational
beliefs than women [10, 16, 23, 33, 34, 128-135]. For example, women tend to have
lower physics self-efficacy than men with the same grades in courses for engineer-
ing and physical science students as well as courses for students with interest in
bioscience and health-science related professions [23,41].

One goal of this research is to investigate the relationship between test anxi-

ety and assessment outcomes, with a focus on gender differnces in each construct,
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for students majoring in bioscience and health-science related majors in introduc-
tory physics courses. We hypothesize that test anxiety will predict students’ high-
stakes, but not low-stakes assessment outcomes. We included self-efficacy in our
investigation because the relationship between performance and self-efficacy is well-
documented in physics [10,41,65], and because management of anxiety is explicitly
mentioned as a mechanism to enhance self-efficacy [64]. With these goals in mind,

we aim to answer the following research questions:

RQ1. Are there gender differences in students’ prior preparation, self-efficacy, or
test anxiety?

RQ2. Are there gender differences in students’ low- or high-stakes assessment
scores?

RQ3. Does gender predict performance on low- or high-stakes assessments when

controlling for self-efficacy or test anxiety?

3.2 Methodology

3.2.1 Participants and Procedures

This study took place at a large research university in the United States. Par-
ticipants were students enrolled in a Physics 1 or 2 course for bioscience and health-
related majors. The Physics 1 course primarily covered mechanics, though both
thermodynamics and waves were also included. The Physics 2 course covered elec-
tricity and magnetism, geometrical optics, and physical optics. Instructors taught the
course in a traditional lecture-based format alongside smaller-sized recitations taught

by teaching assistants in which students work collaboratively on physics problems.
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The Physics 1 student sample included sections taught by two separate instructors,
and the Physics 2 sample included sections taught by three separate instructors. Stu-
dents were either given extra credit or a participation grade for taking the survey,
depending on the instructor.

The surveys were given during the first and last week of their mandatory teach-
ing assistant-led recitations. We call the first and final data sets ‘pre’ and ‘post’,
respectively. In Physics 1, 426 students took the pre test and 422 took the post test.
In Physics 2, 563 students took the pre test and 536 took the post test.

For analysis, we included only students who successfully passed an attention
check on the survey (a question that requested the students select ‘C’). Additionally,
we included as many students as possible in each part of the analysis. For example,
in a model that uses the average of one construct as well students’ standardized
test scores, we would exclude students who were missing SAT and ACT scores, or
were missing either pre or post survey results. One Physics 1 class section and one
Physics 2 class section was not able to fully complete the post survey and are missing
post test anxiety data. This resulted in a smaller sample size for test anxiety post,
but students in this section had statistically indistinguishable prior preparation, pre
motivational factors, and assessment outcomes from other students in the sample, so
they were included in analysis where possible.

This research was carried out in accordance with the principles outlined in this in-
stitution’s Institutional Review Board ethical policy, and de-identified demographic
data were provided through university records. For some variables, such as high
school GPA, this approach allows us to rely on records that may be more accu-
rate than students’ memories. However, it limits other measures such as student
sex/gender, which students could only report as “male” or “female”. We acknowl-

edge the harm that collecting data this way can cause [136]. This institution recently
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began to implement more inclusive sex and gender reporting methods for students,
which we plan to use once student samples are large enough to be meaningful in
quantitative analysis. Demographic data indicated our Physics 1 sample was 66%
women and our Physics 2 sample was 56% women. Students in Physics 1 identified
with the following races/ethnicities: 62% White, 20% Asian, 4% Hispanic/Latinx, 6%
multiracial, 8% African American/Black, and 1% unspecified. Students in Physics
2 identified with the following races/ethnicities: 60% White, 24% Asian, 4% His-
panic/Latinx, 5% multiracial, 5% African American/Black, and 1% unspecified.

3.2.2 Measures
3.2.2.1 Self-Efficacy and Test Anxiety

All test anxiety and self-efficacy survey items can be found in Table 5. The
test anxiety survey questions were adapted from the previously validated Motivated
Strategies for Learning Questionnaire [?,137]. To ensure we were measuring domain-
specific mindset, we explicitly mentioned physics in the survey items, as seen in Table
5. For example ‘I have an uneasy, upset feeling when I take an exam,” becomes ‘I have
an uneasy, upset feeling when I take a physics test’. Self-efficacy survey questions
were constructed from other surveys and were previously validated [18,23,29]. Test
anxiety items were either on a five-point Likert scale (1 - Not at all true, 2 - A
little true, 3 - Somewhat true, 4 -Mostly true, 5 - Completely true) or a 7-point
Likert scale (1 - Never true, 2 - Rarely true, 3 - Occasionally true, 4 - Neutral, 5
- Sometimes true, 6 -Usually true, 7 - Always true). Self-efficacy items were either
on a four-point Likert scale (1-NO!, 2-no, 3-yes, 4-YES!) or a 7-point Likert scale
(1-No!, 2-no, 3-Slightly leaning toward no, 4-Neutral, 5-Slightly leaning toward yes,

6-yes, 7-Yes!). All responses were placed on a 0-1 scale to account for multiple Likert
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scales.

Test Anxiety items were reverse coded so that a higher score indicates the stu-
dent has low test anxiety or high self-efficacy. Thus, an ideal course outcome is
that all students have low test anxiety and high self-efficacy scores. We further vali-
dated the survey through twenty one-hour student interviews to ensure that students
interpreted questions as intended. Additionally, we performed confirmatory factor
analysis using the students in this study as a check for continued validity.

For both the pre and post-surveys, the Comparative Fit Index (CFI) and Tucker
Lewis Index (TLI) were > 0.90 [106], the Root Mean Square Error of Approximation
(RMSEA) and Standardized Root Mean Square Residual (SRMR) were both < 0.08
[107], which can be seen in Appendix B in Table 59. Standardized factor loadings
were all above 0.5 [106], which can be seen in Table 5. Cronbach’s o was between

0.7 and 0.9 for all factors pre and post [108].

3.2.2.2 Prior academic preparation

High school Grade Point Average (HS GPA) was reported using the weighted
0-5 scale, which is based on the standard 0 (Failing)-4 (A) scale with adjustments
for Honors, Advanced Placement and International Baccalaureate courses (all of
these programs may offer a bonus of one or two grade points as a reward to taking
advanced courses, which can allow a GPA higher than 4.0). High School GPA is
taken as a measure of general academic skills and generally is a strong predictor of
carly undergraduate course performance [138].

Students’ Scholastic Achievement Test math (SAT math) scores are on a scale
of 200-800 and were used as a predictor of performance on high-stakes assessments

involving mathematical problem-solving (e.g., physics exams) [113,138,139]. If a
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student took the American College Testing (ACT) examination, we converted ACT
to SAT scores [102]. If a student took a test more than once, the school provided
the highest section-level score for the SAT and the highest composite score for the
ACT. If a student took both ACT and SAT tests, we used their SAT score.

3.2.2.3 Assessment Scores

Homework and exam grades were provided by instructors and were de-identified
by an honest broker before being included in analysis. If grades were not on a 0-100
scale, they were rescaled. For example, if homework was graded on a 10-point scale,

all scores were multiplied by 10 for analysis.

3.2.3 Analysis

First, we report means and standard deviations of each variable separately for
men and women. Next, to determine if there were sex differences in the means of self-
efficacy, test anxiety, prior preparation, or assessment scores we performed unpaired
t-tests to measure statistical significance of the differences [108] and Cohen’s d to

measure the size of the difference [140]. Cohen’s d is calculated using:

1 — M2
(0f +03)/2

where 1 and ps are the mean values of each group and o, and o, are the standard

I

deviations of each group [140]. Group one was women and group two was men.
Cohen’s d is considered small if d ~ 0.2, medium if d ~ 0.5, and large if d ~ 0.8 [140].
We performed this analysis separately for Physics 1 and Physics 2 courses.
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To explore the predictive relationships between test anxiety and assessment out-
comes, we used multiple regression analysis. For each regression model, we report
the standardized [ coefficients, sample size, and R-squared. Standardized coeffi-
cients were used because they are in units of standard deviation and allow for direct
comparison of effects [141]. We initially used gender, SAT math scores, and HS GPA
as predictors for low- and high-stakes assessment scores. Here, low-stakes assessment
scores are the students’ average homework grades. High-stakes assessment scores are
weighted so that 75% of the category is midterm exam grades and 25% is the final
exam grade. This weighting was done because the instructors gave three midterm
exams and one final exam.

After establishing baseline models, we introduced pre or average test anxiety and
self-efficacy as predictors. Average test anxiety/self-efficacy is the mean of pre and
post scores, and was used as a proxy for students’ test anxiety/self-efficacy while they
were taking the course. During regression analysis, we used combined assessment
categories (e.g., low and high-stakes assessments), but results were similar when the
categories were separated. For example, the regression models predicting high-stakes
assessment scores were similar to both the models predicting midterm exam grades

and those predicting final exam grades.
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3.3 Results and Discussion

3.3.1 RQ1. Are there gender differences in students’ prior preparation,

self-efficacy, or test anxiety?

For both Physics 1 and 2, men had higher SAT math scores than women, while
women had higher high school GPAs than men. All these differences are small to
medium (d ~ 0.2 to d ~ 0.5). Students were generally well-prepared for introduc-
tory physics: their average SAT Math score is well above the 2019 national average
of 528 [?], and average high school GPA was around or above 4.0 on a 5.0 point
scale. High school GPA and SAT Math scores are both predictors of undergraduate
STEM performance [138]. However, we cannot assume that men’s higher SAT scores
directly translate into physics performance, as students in this sample show the re-
verse pattern in calculus 1, with women having a statistically significantly higher
grade than men in this course [19]

Men tended to report higher self-efficacy and less test anxiety than women in both
Physics 1 and Physics 2, for both the pre and post surveys. However, the magnitude
of differences differed by construct and course. In Physics 1, gender differences were
larger for test anxiety than for self-efficacy both pre and post. However, gender
differences in text anxiety grew from pre to post, while they decreased in self-efficacy
from pre to post. We note that the smaller gender gap in self efficacy at the end of
the semester was the result of an average self-efficacy drop for both men and women
from pre to post.

In Physics 2, gender differences were larger for test anxiety than for self-efficacy
both on pre and post. Moreover, both test anxiety and self-efficacy gender gaps

decreased from pre to post. However, this was the result of women’s self-efficacy
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and test anxiety staying approximately the same, with very small drops in men’s
motivational factors over time.

In some ways, our results are similar to findings for students taking calculus-
based introductory physics: there are gender differences in both self-efficacy and test
anxiety favoring men [18], and the constructs change over time, showing that they are
malleable and potentially able to be influenced [18]. However, this study does show
some differences from prior work: it appears that in Physics 2 for students majoring
in bioscience and health-science related majors, students’ motivational factors do not
decrease much over time.

We also note differences in motivational factors from Physics 1 to Physics 2.
Students’ self-efficacy decreased from Physics 1 pre to post, which can be seen in
Figure 2. At the start of Physics 2, students reported self-efficacy that was similar
to or slightly higher than what they reported at the start of Physics 1. From pre
to post, self-efficacy in Physics 2 stayed fairly constant, which can also be seen in
Figure 2. On the other hand, Figure 3 shows that students’ average test anxiety
gets worse over time, so that students reported the most test anxiety at the end
of Physics 2. A student affected by test anxiety is likely to experience limits on
the cognitive resources they can devote to the assessment [60], so we hypothesize
that increased test anxiety may prevent students from accurately representing their
knowledge on high-stakes assessments. In traditional exam-reliant courses, this is

particularly concerning.

44



3.3.2 RQ2. Are there gender differences in students’ low- and high-

stakes assessment scores?

Homework constitutes the “low-stakes” assessment category. Tables 6 and 7 show
that female students had higher homework scores than male students in Physics 1
(Table 6) and Physics 2 (Table 7). Both effect sizes were small (d ~ 0.2). Midterm
and final exams constitute “high-stakes” assessments. In Physics 1, men tended to
have higher exam scores. The gender difference was medium (d ~ 0.5) for midterm
exams and small (d ~ 0.2) for final exams. On the other hand, there were no
statistically significant gender differences in exam scores for Physics 2.

Although grade schemes differed by instructor, all courses had grades based pri-
marily on midterm and final exam scores. This raises concerns for the Physics 1
course. Because research suggests that women are more likely than men to leave
STEM fields due to concerns about grades (even if they have an A or B average) [115],
women’s lower exam scores may contribute to the loss of women from majors that
require introductory physics. This, combined with data that shows that gender gaps
exist in very few bioscience courses at this institution [19], suggests that many women
who may have found success in advanced courses leave STEM fields before they have
the opportunity to do so.

Physics 2 shows no such gender disparity in exam scores, though the course is
graded in a similar way to Physics 1. Though this study is correlational in nature,
one potential reason for this difference is the population (some bioscience and health
science related majors only require students to take Physics 1). Another hypothesis
is that students have had more time to develop coping mechanisms to mitigate the

effect that factors such as test anxiety and self-efficacy have on exam performance.
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3.3.3 RQ3. Does gender predict scores in low- or high-stakes assessments

when controlling for self-efficacy or test anxiety?

For Physics 1, low-stakes assessment scores are not predicted by pre self-efficacy,
average self-efficacy, pre test anxiety, or average test anxiety. The results of models
predicting low-stakes assessments for Physics 1 and 2 can be found in Table 60 in
Appendix B.

Physics 2 low-stakes assessment scores are not predicted by pre self-efficacy, av-
erage self-efficacy, or average test anxiety. Test anxiety scores negatively predict
homework scores (i.e., students who report more test anxiety tend to have higher
homework scores), but the effect size is small (8 = —0.10, p = 0.030) and the model
that includes test anxiety explains less of the variance than the model that excludes
it (Adjusted R? = 0.074 versus 0.077). Because of the small effect size and drop
in variance explained, this is unlikely to be a meaningful result. Results of mod-
els predicting low-stakes assessments for Physics 2 can be found in the Table 60 in
Appendix B.

Tables 8 and 9 show the results of our regression models predicting high-stakes
assessment outcomes. Each of the models uses the variables in the far left column to
predict the outcome variable (e.g., low or high-stakes assessment scores). Any blank
spaces in the table indicate that the predictor in the corresponding row was not used
in that model. The strength of each predictor, controlling for all other predictors in
the model, is given by the standardized regression coefficient [141]. More specifically,
for each change of one standard deviation in the predictor variable, the model predicts
there will be a change of beta standard deviations in the outcome variable, controlling
for all other predictor variables [141].

For Physics 1, high stakes assessment scores are not predicted by pre test anxiety,
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but are predicted by pre self-efficacy, which can be seen in Table 8. However, Pre
Model 1 in Table 8 (which includes self-efficacy and test anxiety as predictors) does
not explain much more of the variance than Pre Model 2 (which does not include
self-efficacy and test anxiety as predictors). Thus, pre self-efficacy does not appear to
greatly contribute to performance differences among students. This is good because
instructors can intervene during the course to improve students’ self-efficacy and test
anxiety.

However, in Physics 1, high-stakes assessment scores were predicted by average
test anxiety but not self-efficacy, which can be seen in Table 8. Average Model 1 in
Table 8 shows that average test anxiety predicts high-stakes assessment outcomes.
Importantly, Average Model 1 explains more of the variance compared to Average
Model 2. Additionally, there are no statistically significant gender differences in
Average Model 1 which includes test anxiety as a predictor of high-stakes grades,
but there are in Average Model 2. This means that gender differences in test anxiety
may account for at least some of the gender discrepancies we see in high-stakes
assessments.

For Physics 2, high-stakes assessment scores are not predicted by either pre self-
efficacy or pre test anxiety. However, both average self-efficacy and average test
anxiety predict high-stakes assessment scores, which can be seen in Table 9.

Broadly, we find that self-efficacy positively predicts high-stakes assessment scores,
while test anxiety negatively predicts scores. We also found in Section 3.3.1.RQ1 that
both self-efficacy and test anxiety measures became worse over time for all students,
and that women reported lower self-efficacy and more test anxiety than men. Ad-
ditionally, women in Physics 1 had lower high-stakes assessment scores than men.
Thus, it is important to take steps to reduce student test anxiety and increase stu-

dent self-efficacy. This is important to encourage the success of all students, but
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particularly women who appear to be more affected by low self-efficacy and high test
anxiety, especially in Physics 1.

Test anxiety and self-efficacy can both be improved through providing coping
strategies for students. For example, frequent assessment gives students many at-
tempts to practice test-taking and encourages spaced practice which is more effective
for retention and skill development than “cramming” before an exam [122]. Addi-
tionally, implementing a range of assessments (such as clicker questions, homework,
tutorials, projects, and other types of assessments), each of which do not count for
a very large portion of a students’ course grade, can help students develop a wider
variety of skills without increasing anxiety. Providing students with these supports
can help students develop the skills they will need if and when they encounter high-
stakes exams in the future. Additionally, instructors can help decrease test anxiety
by directly decreasing the importance of high-stakes assessments and increasing the
importance of low-stakes assessments in their course. This can create a more equi-
table classroom environment by minimizing fears that come with test anxiety (e.g.,

receiving a low course grade due to one bad exam score).

3.4 Conclusions

In summary, test anxiety and self-efficacy predict high-stakes assessment out-
comes. Additionally, women tend to have worse outcomes for self-efficacy, test anxi-
ety, and high-stakes assessment outcomes than men in an introductory physics course
for bioscience and health science related majors. Finally, we note that students’ self-
efficacy and test anxiety tended to get worse from the start to the end of the semester:

this is a poor outcome for all students and is particularly detrimental to women in
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the course. To help decrease student test anxiety and increase self-efficacy, educa-
tors should create an equitable and inclusive learning environment while maintaining
high standards and provide students the tools and scaffolding support they need to

become independent learners, utilizing frequent feedback.
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Table 5: Items included in student survey. Items 5-8 were reverse coded. The same

items were given to students for the pre and post survey. Students were included in

factor analysis if they competed the pre or post survey.

Factor Loading

Physics 1 ~ Physice 2
Construct Name/Item Text Pre Post Pre Post
Self-Efficacy
1. Tam able to help my classmates with physics in the laboratory 0.57 0.54 0.58 0.57
or in recitation
2. I understand concepts I have studied in physics 0.58 0.73 0.70 0.69
3. If I study, I will do well on a physics test 0.71 0.82 0.85 0.84
4. If I encounter a setback in a physics exam, I can overcome it 0.73 0.80 0.84 0.89
Test Anxiety
5. I am so nervous during a physics test that I cannot remember 0.85 0.81 0.85 0.86
what I have learned
6. I have an uneasy, upset feeling when I take a physics test 0.90 092 093 091
7. I worry a great deal about physics tests 0.83 0.87 0.86 0.84
8. When I take a physics test, I think about how poorly  am 0.83 0.80 0.85 0.86

doing
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Table 6: Sample size, mean, standard deviation (SD), and comparison of prior
preparation, motivational factors, and assessment outcomes of students enrolled in
Physics 1 during remote and in-person instruction. Results and significance of
unpaired t-tests are provided. Cohen’s d effect sizes are also given; a negative d

indicates that female students had lower scores than male students.

Female Male Comparison
Variable N Mean  SD N Mean  SD t p d
HS GPA 321 417 040 162 398 0.54 4.25 <0.001 0.41
SAT Math 310 668 69 158 684 70 -2.34  0.020 -0.23

Self-Efficacy Pre 285 0.60 0.16 139 0.69 0.14 -543 <0.001 -0.56
Self-Efficacy Post 280  0.53  0.19 140 0.62 0.20 -4.38 <0.001 -0.45
Test Anxiety Pre 2v7 050 025 138 068 025 -6.89 <0.001 -0.72
Test Anxiety Post 142  0.40 0.26 68 0.62 025 -5.63 <0.001 -0.49

Homework 321 93 11 162 90 17 2.32 0.21 0.22
Midterm Exams 321 67 16 162 73 15 -4.40 <0.001 -0.42
Final Exam 321 61 17 162 65 16 -2.41 0.016 -0.23
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Table 7: Sample size, mean, standard deviation (SD), and comparison of prior
preparation, motivational factors, and assessment outcomes of students enrolled in
Physics 2 during remote and in-person instruction. Results and significance of
unpaired t-tests are provided. Cohen’s d effect sizes are also given; a negative d

indicates that female students had lower scores than male students.

Female Male Comparison
Variable N Mean  SD N Mean  SD t p d
HS GPA 350 420 0.38 276 4.07 0.44 4.07 <0.001 0.33
SAT Math 346 679 71 272 699 66  -3.58 <0.001 -0.29

Self-Efficacy Pre 301 0.62 016 240 0.70 0.16 -5.88 <0.001 -0.51
Self-Efficacy Post 299  0.60 0.18 208 0.67 0.17 -4.44 <0.001 -0.40
Test Anxiety Pre 314 037 024 244 054 0.27 -8.07 <0.001 -0.69
Test Anxiety Post 223  0.38 0.25 143  0.51 0.26 -4.61 <0.001 -0.49

Homework 350 95 11 276 91 19 3.48 <0.001 0.28
Midterm Exams 350 76 18 276 76 20 -0.34 0.738  -0.03
Final Exam 350 69 21 276 67 25 0.97 0.334 0.08
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Figure 2: Average self-efficacy scores of men and women from the start of Physics 1

to the end of Physics 2. Error bars represent standard error and self-efficacy is on a

0-1 scale.
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Figure 3: Average test anxiety scores of men and women from the start of Physics

1 to the end of Physics 2. Error bars represent standard error and test anxiety is on

a 0-1 scale.
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Table 8: Physics 1 high-stakes assessment scores predicted by student sex, High
School GPA (HS GPA), SAT/ACT Math scores, average self-efficacy and average
test anxiety. Standardized regression () coefficients are provided. * = p < 0.05,

*=p<0.01, "™ =p<0.001, and ™ = not statistically significant.

Pre Average

Variable Model 1 Model 2 Model 1  Model 2
Sex -0.16***  -0.19™* | -0.06™  -0.20**
HS GPA 0.23"*  0.23*** | 0.23**  0.29"**
SAT/ACT Math | 0.46™*  0.48%* | 0.38***  (.43***
Self-Efficacy 0.13** 0.127¢

Test Anxiety -0.01™ 0.26***

Adjusted R? 0.38 0.37 0.45 0.37
N 399 399 174 174

Table 9: Physics 2 high-stakes assessment scores predicted by student sex, High
School GPA (HS GPA), SAT/ACT Math scores, average self-efficacy and average
test anxiety. Standardized regression () coefficients are provided. * = p < 0.05,

*=p<0.01, "™ =p<0.001, and ™ = not statistically significant.

Pre Average

Variable Model 1 Model 2 Model 1  Model 2
Sex 0.01™s -0.01™* | -0.03™  -0.10™°
HS GPA 0.31%** 0.31*** 0.23*** 0.23***
SAT/ACT Math 0.28%*  0.29*** | 0.30**  0.35™**
midrule Self-Efficacy | 0.07™° 0.16**

Test Anxiety 0.01™* 0.14**

Adjusted R? 0.22 0.22 0.27 0.22
N 304 304 533 533
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4.0 Introductory physics during COVID-19 remote instruction: Gender
gaps in exams are eliminated, but self-efficacy and test anxiety still

predict success

4.1 Introduction

Assessing student learning outcomes and improving diversity in physics depart-
ments and classrooms during the COVID-19 pandemic are issues in physics edu-
cation that many researchers are trying to address, especially regarding differences
between online and in-person courses [142-145]. Some studies have found that remote
instruction during COVID-19 correlates with lower student motivation and perfor-
mance [142]. However, some researchers found that there was no significant drop
in student learning outcomes or motivation during the COVID-19 pandemic [143].
Other studies have found that prior physics knowledge and homework completion
are both stronger predictors of exam grades than whether the class was online or
in-person [144].

Prior research suggests that student performance on content-based surveys does
not significantly differ between in-person and online administration [146]. Some
studies have also found that answer copying on homework problems is not more
prevalent during remote than in-person instruction [147]. Because of this, we make
the assumption that assessment outcome differences between in-person and online
courses are not inherent, but may be the result of instructor choices in class policies.
For example, at this institution, online and in-person physics courses had different
exam policies. During online instruction, students were given a two part exam in

which a group exam was followed by an individual exam. This approach decreases the
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importance of each individual assessment because they were worth a smaller portion
of their overall grade (i.e., the group and individual sections combined were the
worth the same amount of points as one traditional exam during in-person classes).
Additionally, prior studies have fund that students have better individual assessment
outcomes after working in a group [148]. Researchers suggest that this is partly due
to co-construction of knowledge: that is, students are able to combine knowledge to
correctly answer questions neither one would be able to answer on their own [148].
Because some prior research shows that students tend to have higher grades for
online than in-person courses [149], and due to different grading approaches for the
two course types, we anticipate that remote classes will have higher assessment scores
than in-person courses.

Motivational factors tend to predict learning outcomes both inside and outside of
physics classrooms [6-8,150], so in this study we compare two motivational factors
during in-person versus online classes: self-efficacy and test anxiety. Self-efficacy
is someone’s belief in their capability to succeed at an activity or subject [63,64],
and has been linked to positive outcomes for physics students [11,12,41,42,65]. Self
efficacy can be developed in a variety of ways. These mechanisms include experiences
successfully overcoming obstacles, seeing peers or relatable role models succeeding,
and interpersonal encouragement that one can overcome challenges in a domain [64].
A fourth mechanism that is less commonly studied is management of physical and
emotional states [64]. One such emotional state is test anxiety [63].

Test anxiety is a phenomenon that affects students in a variety of ways. One
such way is physiological: a student may experience “butterflies in their stomach” or
a fast heartbeat [95]. Another example is worry and self-preoccupation (e.g., think-
ing about one’s perceived shortcomings instead of the task at hand) and intrusive

thoughts of failure. A student affected by test anxiety in this manner will experi-
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ence limits on time and cognitive resources they can devote to the assessment [95].
A third way test anxiety may affect students in how they prepare for and reflect
back on exams. Students may procrastinate or choose to avoid looking at assess-
ment feedback once it is graded [95,101]. Managing test anxiety can help students
increase their self-efficacy, and high self-efficacy can help students manage test anx-
iety [63,151]. Instructors may be able to take advantage of this “virtuous cycle” of
increasing self-efficacy and decreasing test anxiety to improve students motivation
and learning outcomes.

Because self-efficacy allows students to develop coping mechanisms that could
thwart test anxiety [63], we hypothesize that students with high self-efficacy will also
have low test anxiety. To explore how test anxiety and self-efficacy predict students’
performance in different situations, we first compare the performance of students
taking in-person and online classes. We compared outcomes separately for low-
stakes (for example, homework and quizzes) and high-stakes (for example, exams)
assessments. In this paradigm, ten assessments that each make up five percent of a
student’s grade would be relatively low-stakes, while a single assessment that makes
up 50 percent of a student’s grade would be high-stakes, even if the content was
identical between the assessments. Prior research has found that test anxiety and
self-efficacy both predict high-stakes; but not low-stakes assessment outcomes [18].
Thus, we hypothesize that a course structure with more assessments will trigger
less test anxiety and students will have higher grades. In this case, this suggests
students will report less test anxiety during online classes because exams were given
in two parts: group followed by individual. Additionally, we predict that, because
the management of anxiety can contribute to high self-efficacy (and vice versa) [63],
test-anxiety may predict self-efficacy.

In addition to comparing students’ mean low- and high-stakes assessment scores
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between in-person and remote classes, we also compare gender differences in each as-
sessment category. Specifically, we compare female and male students’ performance
on low-stakes and high-stakes assessments for both online and in-person classes.
Gendered performance differences in introductory physics and other science courses
have been found by many researchers [11,12,22,32,41,42,65,93,152], and these per-
formance differences are commonly attributed to differences in motivational beliefs.
These differences can be at least partially attributed to societal stereotypes about
who can excel in physics [11,12,41,42,65,93,94]. Specifically, test anxiety [18,93,94]
and self-efficacy [11,12,42,65], among other factors, have been linked to gender dif-
ferences in performance.

Female students tend to have lower self-efficacy than male students in physics,
even if they earn the same grade in the course [11,12,41,42,65]. gender differences
in self-efficacy may be due to inequitable opportunities for women in physics. One
way students form self-efficacy is through mastery experiences. Because women are
less likely to take advanced physics courses in high school, they are less likely to
have previous mastery experiences [66]. Women also tend to have fewer role models
in physics due to the underrepresentation of women in the field [66]. Though it
is not necessary for a potential role model to share all of a student’s identities,
prior work has shown that women especially benefit from other women as peers and
role models [98,99]. Additionally, women, in general, are more likely to report test
anxiety than men [60,63], so understanding test anxiety may play a key role in
creating equitable learning environments.

Because previous studies have shown larger gender gaps in high-stakes than low-
stakes assessment [94], and women are more likely to report low self-efficacy [41]
and high test anxiety [60,63] than men, we hypothesize that test anxiety and self-

efficacy will more strongly predict high-stakes than low-stakes assessment outcomes.
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Additionally, there is some evidence that online learning particularly benefits female
students [153]. Thus, we also predict that the course type with the lowest-stake
assessments (for example, more exams or exams in multiple parts) will have smaller
gender differences in performance.

Broadly, we are interested in how in-person courses compare to remote classes.
We are interested in overall learning outcome differences, as well as differences in gen-
der equity three times: instruction prior to the COVID-19 pandemic (“pre-remote” ),
remote instruction due to the COVID-19 pandemic (“remote”), and in-person in-
struction after the two semesters of remote instuction (“post-remote”). More specif-
ically, we aim to answer the following research questions in the context course taught

during the three time periods:

RQ1. Overall differences between in-person versus remote instruction

a. How do the means of students’ self-efficacy and test anxiety differ during
remote versus in-person instruction?

b. How do the means and distributions of students’ high school GPAs,
SAT/ACT math scores, and low- and high-stakes assessment outcomes
differ during remote versus in-person instruction?

RQ2. gender differences during in-person versus remote instruction

a. How do gender differences in students’ self-efficacy and test anxiety differ
during remote versus in-person instruction?

b. How do gender differences in students’ high school GPAs, SAT/ACT
math scores, low- and high-stakes assessment outcomes differ during
remote versus in-person instruction?

RQ 3. Predicting assessment outcomes during in-person versus remote instruction
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a. Which factors predict low-stakes assessment scores during remote and
in-person instruction?
b. Which factors predict high-stakes assessment scores during remote and

in-person instruction?

4.2 Methods

4.2.1 Participants and Procedures

This study took place at a large research university in the United States. We ad-
ministered a multiple-choice motivational survey to students in introductory calculus-
based Physics 1 and 2 courses. The surveys were given during the first and last week
of their teaching assistant-led recitations. We call the first and final data sets “pre”
and “post”, respectively. For analysis, we included only students who successfully
passed an attention check (a question that requested the students select ‘C’) on both.
Students were given extra credit for taking the survey.

This research was carried out in accordance with the principles outlined in this in-
stitution’s Institutional Review Board ethical policy, and de-identified demographic
data were provided through university records. For some variables, such as high
school GPA, this approach allows us to rely on records that may be more accurate
than students” memories. However, it limits other measures such as student gender.
Historically, this institution only allowed students to select “male” or “female” for
their gender. We acknowledge the harm that collecting data this way using a label
that conflates gender and sex can cause [135,136]. In this paper, we refer to this

variable as “gender”, although “male” and “female” are used in some places consis-
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tent with the label used by the institution. This institution recently began to collect
separate information on student sex and gender, which we plan to use once student
samples are large enough to be meaningful in quantitative analysis.

There was a total of 838 enrolled students in Physics 1, 87% of students took
the pre survey, 73% took the post survey, and 67% took both. One class with 191
students was not able to complete post test anxiety questions. However, the grades
and demographics were indistinguishable from students who were able to complete
the post test anxiety questions. Demographic data indicated our sample was 37%
women. Students identified with the following races/ethnicities: 70% White, 14%
Asian, 6% Hispanic/Latinx, 4% multiracial, 4% African American/Black, and 2%
unspecified.

There was a total of 603 enrolled students in Physics 2, 77% of students took
the pre survey, 65% took the post survey, and 52% took both. Demographic data
indicates our sample was 37% female students. Students identified with the following
races/ethnicities: 66% White, 18% Asian, 4% Hispanic/Latinx, 5% multiracial, 3%
African American/Black, and 2% unspecified. For both Physics 1 and 2, the majority
of students are physical science or engineering majors in their first year of university.

Less that 15% of students at this institution received a Pell grant and 34% of
students have a household income < 200% of the federal poverty level. Additionally,
at this institution, 6-year graduation rates are above 80% for all races and genders of
students, regardless of income level [46]. Thus, we assume that assessment outcome
differences between remote and in-person classes were primarily due to differences
in class structure rather than a direct result of student difficulties outside of their

classes during the pandemic when classes were moved online.
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4.2.2 Course description

All courses included in this analysis were taught by one instructor with over a
decade of experience regularly teaching introductory physics sequence courses for
engineering and physical science majors. Though the course was primarily lecture-
based, instruction included some pre-class online lectures and active learning ap-
proaches, such as clicker questions and in-class problem solving. Because this class
has both synchronous and asynchronous activities/lectures when offered both in-
person and remotely, these courses may be more comparable than other instances
of in-person versus remote teaching. Physics 1 covers mechanics and waves, while
Physics 2 covers electricity, magnetism, circuits, and physical optics.

remote classes were held for two semesters as a result of the COVID-19 pandemic,
but this institution typically offers only in-person classes in physics. For both Physics
1 and 2, in-person and remote classes had a grading scheme in which the final exam
made up 20% of final grades, three midterm exams that made up 40%, recitation
quizzes that made up 10%, homework that made up 10%, and various other in-class
assignments (such as clicker questions and open-book concept quizzes to check that
students kept up with readings) that made up 20%.

For in-person classes, quizzes were completed in groups and exams were com-
pleted individually. For remote classes, quizzes were also completed in groups. How-
ever, exams (both midterm and final) during remote classes consisted of two parts.
In the first part, students completed two questions in groups, followed by four ques-
tions individually. The group and individual problems each made up 50% of the

exam grade.
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4.2.3 Measures
4.2.3.1 Self-Efficacy and Test Anxiety

All test anxiety and self-efficacy survey items can be found in Table 10. The test
anxiety survey questions were adapted from the previously validated [104] Motivated
Strategies for Learning Questionnaire [105]. To ensure we were measuring domain-
specific mindset, we explicitly mentioned physics in the survey items, as seen in Table
10. For example ‘I have an uneasy, upset feeling when I take an exam,” becomes
‘I have an uneasy, upset feeling when I take a physics test’. Self-efficacy survey
questions were constructed from other surveys and previously validated [41,42].

Test anxiety items were either on a five-point Likert scale (1-Not at all true, 2-S
little true, 3-Somewhat true, 4-Mostly true, 5-Completely true) or a 7-point Likert
scale (1- Never true, 2-Rarely true, 3-Occasionally true, 4-Neutral, 5-Sometimes true,
6-Usually true, 7-Always true). Self-efficacy items were either on a four-point Likert
scale (1-NO!, 2-no, 3-yes, 4-YES!) or a 7-point Likert scale (1-No!, 2-no, 3-Slightly
leaning toward no, 4-Neutral, 5-Slightly leaning toward yes, 6-yes, 7-Yes!). All re-
sponses were placed on a 0-1 scale to account for multiple Likert scales. Test Anxiety
items were reverse coded so that a higher score indicates the student has low test
anxiety or high self-efficacy. Thus, an ideal course outcome is that all students have
low test anxiety and high self-efficacy scores.

We further validated the survey through twenty one-hour student interviews to
ensure that students interpreted questions as intended. Additionally, we performed
confirmatory factor analysis using the students in this study as a check for contin-
ued validity. For both the pre and post-surveys, the Comparative Fit Index (CFI)
and Tucker Lewis Index (TLI) were > 0.95 [106], the Root Mean Square Error of
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Table 10: Items included in student survey. Items 5-8 were reverse coded. The

same items were given to student for the pre and post survey.

Self-Efficacy
1. I am able to help my classmates with physics in the laboratory or in recitation
2. I understand concepts I have studied in physics
3. If I study, I will do well on a physics test
4. If I encounter a setback in a physics exam, I can overcome it
Test Anxiety
5. I am so nervous during a physics test that I cannot remember what I have learned
6. I have an uneasy, upset feeling when I take a physics test
7. I worry a great deal about physics tests
8. When I take a physics test, I think about how poorly I am doing

Approximation (RMSEA) and Standardized Root Mean Square Residual (SRMR)
were both < 0.08 [107], which can be seen Table 61 of Appendix C. Standardized
factor loadings were all above 0.5 [106], which can be see in Table 62. Cronbach’s «

was between 0.7 and 0.9 for all factors pre and post [108].

4.2.3.2 Prior academic preparation

High school Grade Point Average (HS GPA) was reported using the weighted 0-5
scale, which is based on the standard 0 (Failing)-4 (A) scale with adjustments for
Honors, Advanced Placement and International Baccalaureate courses. High School
GPA is taken as a measure of general academic skills and generally is a strong
predictor of early undergraduate course performance [138]

Students’ Scholastic Achievement Test math (SAT math) scores are on a scale

of 200-800 and were used as predictor of performance on high-stakes assessments
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involving mathematical problem-solving (e.g., physics exams) [113,138,139]. If a
student took the American College Testing (ACT) examination, we converted ACT
to SAT scores [102]. If a student took a test more than once the school provided
the highest section-level score for the SAT and the highest composite score for the
ACT. If a student took both the ACT and SAT tests, we used their SAT score. Some
students (97 taking Physics 1 and 57 taking Physics 2) did not take the SAT or ACT
because this institution became test-optional during the COVID-19 pandemic.

4.2.3.3 Course Grade

Course grades were based on the 0-4 scale used at our university, with A = 4,
B=3C=2D=1,F =0 or W (late withdrawal), where the suffixes ‘+" and
‘-7, respectively, add or subtract 0.25 grade points (e.g., B- = 2.75 and B+ = 3.25),
except for the A+, which is reported as 4.

4.2.4 Analysis

To determine if there were mean differences in self-efficacy, test anxiety, prior
preparation, and assessment scores between remote and in-person classes, we per-
formed unpaired t-tests and calculated Cohen’s d between groups. Cohen’s d is a

measure of effect size that is calculated using:

P o S (1)
(0 +03)/2
where p1; and py are the mean values for each group and oy and oy are the standard

deviations for each group [140]. For remote versus in-person analysis, group one

was in-person and group two was remote. For sex-based analysis, group one was
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female students and group two was male students. We used the following standards
for effect size: small, d ~ 0.2; medium, d ~ 0.5; and large, d ~ 0.8 [109]. We
performed this analysis separately for Physics 1 and Physics 2 courses. Additionally,
we created histograms (using Stata [154]) of the distributions of each variable for
both in-person and remote classes. Next, to determine if there were sex differences
in the means of self-efficacy, test anxiety, prior preparation, and assessment scores
for both remote and in-person classes, we performed unpaired ¢-tests and calculated
Cohen’s d between male and female students. Again, this analysis was performed
separately for Physics 1 and 2.

To explore the predictive relationships between test anxiety and assessment out-
comes, we used multiple regression analysis. For each regression model, we report
the standardized 3 coefficients, sample size, and Adjusted R-squared. Standardized
coefficients were used because they are in units of standard deviation and allow for
direct comparison of effects [109]. We initially used student sex, SAT math scores,
high school GPA, test anxiety, and self-efficacy as predictors for low- and high-stakes
assessment scores. Here, low-stakes assessment scores are the average of homework
and quiz grades. High-stakes assessment scores are weighted so that 75% of the cat-
egory is midterm exam grades and 25% is the final exam grade. This weighting was
done because the instructor gave three midterm exams and one final exam.

Our first model used student sex, SAT/ACT math scores, high school GPA,
test anxiety, and self-efficacy as predictors of assessment outcomes. Our second
model removed test anxiety, leaving only student sex, SAT/ACT math scores, high
school GPA, and self-efficacy as predictors. Our third model removed self-efficacy but
included test anxiety. Our fourth and final model only used student sex, SAT/ACT
math scores, and high school GPA, and acted as a baseline model.

Average test anxiety is the mean of pre and post test anxiety, and was used

66



as a proxy for students’ test anxiety while they were taking the course. Average
self-efficacy was found the same way. During regression analysis, we used combined
assessment categories (e.g., low and high-stakes assessments), but results were similar
when the categories were separated. For example, the regression models predicting
low-stakes assessment scores were similar to both the models predicting quiz grades
and those predicting homework grades.

As we conducted regression analysis, we also used mediation where appropri-
ate [155, p. 49-50]. First, test anxiety predicts assessment outcomes in a linear
regression model. Second, test anxiety predicts self-efficacy in a linear regression
model. And third, test anxiety becomes a weaker predictor of assessment outcomes
if it is included with self-efficacy in a multiple regression model [155, p. 49-50]. For
both mediation and regression analysis, all involved variables were z-scored, meaning
that observations were converted to measure the number of standard deviations they
were from the mean so that regression weights can be directly compared without re-
gard to their original units [108]. Mediation was conducted in R using the bootstrap
method with 1000 simulations [110].

4.3 Results

4.3.1 Overall differences between in-person versus remote instruction

4.3.1.1 How do the means of students’ self-efficacy and test anxiety differ

prior to remote versus in-person instruction?

Mean self-efficacy and test anxiety scores were indistinguishable between students

enrolled in remote versus in-person Physics 1 classes. Table 11 shows that there was
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no statistically significant difference in pre or post self-efficacy or test anxiety scores
between students enrolled in remote and in-person classes.

Unlike students enrolled in Physics 1, students enrolled in Physics 2 had some
differences in motivational factors between the in-person and remote groups. Table
12 reveals that there is a small (d ~ 0.2) difference in pre self-efficacy scores: students
taking the in-person class entered the course with slightly higher self-efficacy than
those taking the remote class. However, differences in self-efficacy became non-
significant by the end of the course. Students taking Physics 2 entered with similar
test anxiety at the beginning of the course, but by the end students enrolled in remote
classes reported more test anxiety then those taking in-person classes, though the

difference was small (d ~ 0.2).

4.3.1.2 How do the means and distributions of students’ high school
GPAs, SAT/ACT math scores, and low- and high-stakes assessment out-

comes differ during remote versus in-person instruction?

Students taking Physics 1 online tended to have slightly higher high school GPAs
than those who took Physics 1 in-person, though Table 11 shows that the difference
was small (d ~ 0.2). Physics 1 students taking in person and remote classes had
statistically indistinguishable SAT/ACT math scores. Students taking Physics 2
remotely and in-person had statistically indistinguishable high school GPAs and
SAT/ACT math scores, which can be seen in Table 12.

There was no statistically significant difference in homework grades between in-
person and remote instruction for students enrolled in either Physics 1 or Physics 2
(see Tables 11 and 12). For students enrolled in Physics 1, quiz grades were higher

during remote instruction, and Table 11 shows that this difference had a moderate
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effect size (d ~ 0.5). There was no statistically significant difference between quiz
grades for remote and in-person instruction for students enrolled, shown in Table 12.

In both Physics 1 and Physics 2 courses, high-stakes assessments grades were
higher for students during remote than in-person instruction. The differences were
more pronounced in Physics 2 than Physics 1. For example, Table 11 shows that
the grade differences in Physics 1 were moderate (d ~ 0.5) for midterm exams and
large (d ~ 0.8) for final exams. However, Table 12 shows that the grade differences
in Physics 2 were large (d ~ 0.8) for midterm exams and extremely large (dfina =
—1.71) for final exams.

Notably, the difference in final exam scores between remote and in-person in-
struction were larger than for any other assessment category. Figure 8 shows that
the distribution of final exam scores is both higher and more narrowly distributed
for remote than for in-person classes. This figure also shows that very few students
received a final exam lower than 50% during remote Physics 1 or Physics 2 courses,
while a score of 50% is within one standard deviation of the mean final exam score

for both Physics 1 and 2 courses taken in-person.

4.3.2 Gender differences during in-person versus remote instruction

4.3.2.1 How do gender differences in students’ self-efficacy and test anx-

iety differ during remote versus in-person instruction?

Men tended to report higher self-efficacy and less test anxiety than women in
both Physics 1 and Physics 2, for both the pre and post surveys. However, the
magnitude of differences differed by construct. Generally, students entered both
in-person and online classes with similar self-efficacy gender differences, but those

differences evolved differently over time. In Physics 1, students entered both remote
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and in-person classes with medium sex difference effect sizes (d ~ 0.5), which can
be seen in Table 13. This difference decreased more for remote classes than for in-
person classes: by the end of the semester, the gender difference was still medium for
in-person classes, but the gender difference was small (d ~ 0.2) and not statistically
significant for remote classes. It should be noted that, although gender differences
decrease over time, mean motivational scores for all students stayed approximately
the same or decreased from pre to post.

At the start of Physics 2, Table 14 shows that students entered in-person and re-
mote classes with identical self-efficacy gender differences (though students in remote
classes entered with lower self-efficacy than those in in-person classes). This gender
difference decreased during in-person classes, but increased during remote classes.
Broadly, pre self-efficacy was similar regardless of whether the class was remote or
in-person. Self-efficacy gender differences decreased from pre to post in Physics 1,
regardless of whether the class was remote or in-person. However, self-efficacy gen-
der differences decreased for Physics 2 in-person classes and increased for Physics 2
remote classes.

In Physics 1, text anxiety gender differences decreased over time for both in-
person and remote courses, though this difference was larger at the start of the
semester for in-person classes, which can be seen in Table 13. For Physics 2, gen-
der differences increased over time during in-person classes, but remained stagnant
during online classes, as seen in Table 14.

In conclusion, most gender differences in test anxiety and self-efficacy decrease
or remain the same from the start to the end of the semester. However, in-person
Physics 2 classes had an increased gender difference in test anxiety from the start to
the end of the semester, and remote Physics 2 courses had an increased difference in

self-efficacy from the start to the end of the semester. From an equity standpoint,
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gender differences decreased more during remote than in-person Physics 1 classes,

but the trends are more complicated for Physics 2.

4.3.2.2 How do gender differences in students’ high school GPAs, SAT/ACT
math scores, low- and high-stakes assessment outcomes differ during re-

mote versus in-person instruction?

There were no statistically significant gender differences in SAT/ACT Math
scores in remote or in-person classes for either Physics 1 or Physics 2. Male stu-
dents tended to have lower high school GPAs than female students, this difference
had a medium effect size (d ~ 0.5) for both remote and in-person Physics 1 classes
(see Table 15). The gender difference in high school GPA had a small (d ~ 0.2) effect
size for both remote and in-person Physics 2 classes, which can be seen in Table 16.
Importantly, sex differences in prior preparation are not drastically different between
in-person and remote classes.

Together, homework and quizzes constitute “low-stakes” assessments. Table 15
shows that female students had higher homework scores then male students in Physics
1 for both remote and in-person classes, and the effect sizes of this difference were
both small (d ~ 0.2) and very similar. On the other hand, Table 16 shows that there
was no statistically significant gender difference in homework scores for either in-
person or remote courses. There was no statistically significant differences between
male and female students’ quiz scores in either Physics 1 or Physics 2 in-person
or remote classes. For low-stakes assessments, scores either have no statistically
significant gender differences, or small gender differences that favor female students.

Midterm and final exams constitute “high-stakes” assessments. Midterm exams

did not have any statistically significant gender differences for any class (Physics 1
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or Physics 2; in-person or remote), which can be seen in Tables 15 and 16. However,
male students tended to have slightly higher midterm exam scores than female stu-
dents, though the differences were not statistically significant. Final exams had small
(d ~ 0.2) sex differences for Physics 1 and medium (d ~ 0.5) sex differences Physics
2 in-person classes (seen in Tables 15 and 16, respectively). However, remote classes
— both Physics 1 and Physics 2 — had no statistically significant sex differences in

final exam scores.

4.3.3 Predicting assessment outcomes during remote versus in-person

instruction

4.3.3.1 Which factors predict low-stakes assessments scores during re-

mote and in-person instruction?

For this analysis, homework and quizzes were combined into a single low-stakes
category. Average homework and quiz scores were weighted equally in this category.
Before combining the results, analysis was performed separately for homework and
quizzes, which can be found in the supplementary materials.

Regression models predicting low-stakes assessment outcomes in Physics 1 can
be found in Table 17. Models 1a and 1b predict low-stakes assessment scores for
remote classes, while Models 2a and 2b do the same for in-person courses. We find
that average self-efficacy predicts low-stakes assessment outcomes during remote but
not in-person classes, which can be seen in Models 1a and 2a in Table 17. Removing
average self-efficacy as a predictor, as is done between Models 1a and 1b, lowers the
variance in low-stakes assessment outcomes explained. In both remote and in-person
courses, low-stakes assessment scores are predicted by high school GPA, but not

student sex or test anxiety.
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Pre self-efficacy and test anxiety did not predict low-stakes assessment outcomes
for Physics 1. For Physics 2, pre self-efficacy and test anxiety either did not predict,
or explained very little (< 7%) of the variance in low-stakes assessment outcomes.
Average self-efficacy and test anxiety did not predict low-stakes grades in Physics
2. All low-stakes regression models not included in Table 17 can be found in the

supplementary materials.

4.3.3.2 Which factors predict high-stakes assessment scores during re-

mote and in-person instruction?

For this analysis, midterm and final exams were combined into a single high-
stakes category. The instructor gave three midterm exams and one final exam, so
the midterm grade made up 75% of the category and the final exam constituted
the other 25%. Before combining the results, analysis was performed separately
for midterm and final exams, which can be found in the supplementary materials.
Models included in the main text use average self-efficacy and test anxiety variables.
Models that use only pre self-efficacy and test anxiety predictors can be found in
Appendix D, in Tables 63 (Physics 1) and 64 (Physics 2).

Regression models predicting high-stakes assessment outcomes in Physics 1 can
be found in Table 18. Models 3a-3d predict high-stakes assessment scores for in-
person classes, while Models 4a-4d do the same for remote courses. We find in Model
3a that when both average self-efficacy and test anxiety are predictors of high-stakes
assessment outcomes, only self-efficacy, high school GPA, and SAT/ACT math scores
predict high-stakes grades. In Model 3a, neither student sex nor test anxiety predict
high-stakes grades.

However, Models 3b and 3c¢ show that when included individually, both self-
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efficacy and test anxiety predict high-stakes assessment scores. This suggests that
a mediation model may be appropriate to investigate the relationship between test,
anxiety, self-efficacy, and high-stakes assessment scores. Mediation testing can be
found in the Figure 5d in Appendix D, and there was a full mediation. That is,
though test anxiety predicts high-stakes assessment scores, it’s predictive power can
be fully directed through self-efficacy.

Finally, in Model 3d, when neither self-efficacy nor test anxiety are included as
predictors, student sex becomes statistically significant, which indicates that high-
stakes assessment scores only differ by gender when we do not control for self-efficacy
or test anxiety; these factors may explain sex differences in high-stakes assessment
scores.

Models 4a-4d in Table 18 predict high-stakes assessment scores for Physics 1
remote courses. Similar to in-person courses, Model 4a shows that when both aver-
age self-efficacy and test anxiety are predictors of high-stakes assessment outcomes,
only self-efficacy, high school GPA, and SAT/ACT math scores predict high-stake
grades. In Model 4a, neither student sex nor test anxiety predict high-stakes grades.
However, Models 4b and 4c¢ show that when included individually, both self-efficacy
and test anxiety predict high-stakes assessment scores. This pattern, similar to the
results for in-person courses, suggests that text anxiety may be mediated by self-
efficacy. We tested for mediation in Appendix D, and the results can be seen in
Figure 5b. Like the mediation models for in-person classes, the relationship between
average test anxiety and high-stakes assessment scores is fully mediated by average
self-efficacy. For both remote and in-person Physics 1 classes, test anxiety appears
to predict self-efficacy, which in turn predicts assessment outcomes.

Next, observing Model 4d, one important difference between remote and in-

person classes is that there is no sex difference in high stakes assessment scores, even
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if we do not control for average self-efficacy or test anxiety.

For Physics 1, the trends are broadly the same for remote and in-person classes.
Both self-efficacy and test anxiety predict high-stakes assessment grades, and test
anxiety is mediated by self-efficacy when predicting assessment outcomes. How-
ever, remote and in-person physics classes differ in some ways. For example, gender
predicts high-stakes assessment outcomes when controlling for self-efficacy and test
anxiety for in-person classes, but gender does not predict high-stakes assessment
during remote classes, regardless of if we controlled for self-efficacy or test anxiety.

Regression models predicting high-stakes assessment outcomes in Physics 2 can
be found in Table 19. Models 5a-5d predict high-stakes assessment scores for in-
person classes, while Models 6a-6d do the same for remote courses.

We find in Model 5a that when both average self-efficacy and test anxiety are
included as predictors of high-stakes assessment outcomes, only self-efficacy, high
school GPA, and SAT/ACT math scores statistically significantly predict high-stakes
grades. In Model 5a, neither student sex nor test anxiety predict high-stakes grades.
However, Models 5b and 5¢ show that when included individually, both self-efficacy
and test anxiety predict high-stakes assessment scores for in-person classes. This
pattern again suggests that text anxiety may be mediated by self-efficacy. A me-
diation model was tested (shown in the Appendix C in Figure 6b), and found that
the relationship between average test anxiety and high-stakes assessment scores was
fully mediated by average self-efficacy. For both online Physics 1 and 2 classes, test
anxiety appears to predict self-efficacy, which in turn predicts assessment outcomes.
There are no models in which student sex predicts high-stakes assessment grades for
in-person Physics 2 classes.

Models 6a-6¢ in Table 19 predict high-stakes assessment scores for Physics 2

remote courses. Model 6a shows that when both average self-efficacy and test anxiety
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are included as predictors of high-stakes assessment outcomes, only self-efficacy, high
school GPA, and SAT/ACT math scores statistically significantly predict high-stakes
grades. In Model 6a, neither student sex nor test anxiety predict high-stakes grades.
Unlike all previous models, test anxiety does not predict high-stakes assessment
grades, even if self-efficacy is not included in the model.

Broadly, student sex does not predict high-stakes assessment outcomes for Physics
2 classes. Additionally, the relationship between high school GPA and grades is
weaker for Physics 2 than for Physics 1, which can be seen in Models 3a-4d in Table
18 and Models 5a-6¢ in Table 18. Finally, both self-efficacy and test anxiety pre-
dict Physics 2 in-person assessment outcomes, but only self-efficacy predicts these

outcomes for remote classes.

4.4 Discussion

4.4.1 Overall differences between in-person versus virtual instruction

Broadly, we found that there were either small (d ~ 0.2) or not statistically
significant differences in students’ test anxiety and self-efficacy between in-person
and virtual physics 1 classes. In physics 2, there were small differences in students’
pre self-efficacy and post test anxiety: students taking in-person classes started the
course with higher self-efficacy and ended the course with more test anxiety than
students in virtual classes.

However, the most stark differences between virtual and in-person classes were
in assessment outcomes. Students had much higher final exam scores during vir-

tual classes than in-person. The average exam score was 83% in virtual physics 2
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class but 57% in the in-person class. Differences were smaller but still significant in
midterm exams in both physics 1 and physics 2: students in virtual classes had higher
midterm grades than those taking in-person classes. Students taking virtual classes
had higher quiz grades in virtual classes for physics 1 but not physics 2. Homework
grades were indistinguishable between virtual and in-person classes. Despite mini-
mal differences in self-efficacy and test anxiety, students taking virtual classes had
much higher high-stakes assessment grades than their counterparts taking in-person
classes. However, students taking virtual and in-person classes had similar low-stakes
assessment outcomes.

There are a range of reasons students may have higher high-stakes assessment
scores during remote instruction, but we present one hypothesis here. We posit that
the exams were lower-stakes during virtual classes because they were in two parts:
one group section and one individual section. This may provide an opportunity for
students to construct knowledge together during the group portion that they can
bring into the individual section [148]. In addition, prior work has found that imple-
menting more frequent exams can improve exam scores [119]. This may be through
the mechanism of giving students more frequent access to feedback and to encourage
spaced practice (i.e., instead of cramming right before one or two exams, students
will study more uniformly), both of which can lead to better retention of content
and better skill development [119-122]. Implementing a range of assessment oppor-
tunities (such as clicker questions, projects, and group exams) may reproduce an
environment in which test anxiety does not correlate as strongly to assessment out-
comes, and providing frequent assessments may provide students frequent feedback

and opportunities for spaced practice and learning [120,124].
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4.4.2 Gender differences between in-person versus virtual instruction

In all courses, male students tended to report higher levels of self-efficacy and
less test anxiety than female students. However, gender differences in both factors
tended to decrease from the start to the end of the semester, though students in both
groups tended to have lower self-efficacy and more test anxiety at the end of the
semester than at the start. There were two exceptions to the trend of sex differences
diminishing over time. In-person physics 2 classes had an increased gender difference
in test anxiety from the start to the end of the semester, and virtual physics 2 courses
had an increased difference in self-efficacy from the start to the end of the semester.

Sex differences in assessment scores tended to be smaller than in motivational
factors. During in-person instruction, female students had higher homework scores
than male students in physics 1. However, male students had higher midterm exam
scores than female students in physics 1 in-person courses, and male students had
higher final exam scores than female students in both physics 1 and 2 in-person
classes. During virtual instruction, there was small difference in physics 1 homework
scores favoring female students, but the average score for male students was also
relatively high (88%). There were no other statistically significant grade differences
in virtual classes.

Because research suggests that women are more likely than men to leave STEM
fields due to concerns about grades (even if they have an A or B average) [115,
156], women’s lower exam scores during in-person instruction may contribute to the
loss of women from majors that require introductory calculus-based physics. This,
combined with recent research that suggests that introductory mathematics courses
are better predictors of future course success for physics and engineering students

than introductory physics courses [43-45], suggests that many women who may have
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succeeded in the major leave STEM fields before they have the opportunity to do so.

4.4.3 Predicting assessment outcomes between in-person versus virtual

instruction

Generally, test anxiety did not strongly predict low-stakes assessment outcomes,
and regression models predicting low-stakes assessment outcomes did not predict
much of the variance. High-stakes assessments were predicted by self-efficacy and
test anxiety. In both virtual and in-person physics 1 classes, both self-efficacy and test
anxiety predict high-stakes assessment grades. However, gender predicted assessment
outcomes (even when controlling for self-efficacy, test anxiety, and prior preparation)
for in-person classes, but not for virtual classes. In physics 2, both self-efficacy and
test anxiety predict physics 2 in-person high-stakes assessment outcomes, but only
self-efficacy predicts these outcomes for virtual classes.

For both virtual and in-person physics 1 classes, as well as in-person physics 2
classes, test anxiety is mediated by self-efficacy when predicting high-stakes assess-
ment outcomes. This means that test anxiety may not predict high-stakes assessment
outcomes directly, but that test anxiety predicts self-efficacy which in turn predicts
high-stakes assessment outcomes. Self-efficacy is built through several mechanisms,
but one that may be pertinent here is through management of emotions [63]. Bandura
theorized that poor performance and anxiety are ‘co-effects’ of low self-efficacy [63].
In his paper he theorizes that heightened self-efficacy and reduced test anxiety likely
form a virtuous cycle wherein students’ development of coping mechanisms (for ex-
ample, stress-reduction techniques and explicitly rehearsing strategies for academic
challenges) increase their self-efficacy, and increased self-efficacy and reduced anxiety

frees students’ cognitive resources to focus on the task at hand [63,151].
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These models suggest that addressing test anxiety may be a way for instructors
to aid their students in building self-efficacy. Thus, creating a low anxiety, equitable,
and inclusive learning environment in which all students have a high sense of belong-
ing and feel recognized by their instructors for their effort and progress is important

in order for them to master physics and develop confidence in their abilities to do so.

4.5 Conclusion

In this work we investigated differences in motivational factors and learning out-
comes between in-person and virtual instruction due to the COVID-19 pandemic.
We found that there were small differences in motivational factors, but the differ-
ences were most notable in high stakes assessments. The average final exam grade
during in-person classes was a 60 in Physics 1 and an 57 in Physics 2. However, the
average final exam grade for virtual classes was 78 in Physics 1 and 83 in Physics 2.

Gender differences in motivational factors were diminished more during remote
than in-person instruction. Assessment outcomes in high stakes assessments typically
favored male students during in-person classes. However, sex differences in exam
outcomes were eliminated in high-stakes assessments during virtual classes for both
physics 1 and 2.

Finally, we found that both self-efficacy and test anxiety predict high-stakes as-
sessment outcomes in both in-person and virtual classes, though the correlations
were weaker for virtual classes. This implies that utilizing methods to increase stu-
dent self-efficacy and minimize test anxiety may improve student high-stakes grade
outcomes.

We acknowledge that one limitation of this study is that it is fundamentally cor-
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relational in nature. Any causal relationship between test anxiety, self-efficacy, and
learning outcomes would need to be supported, e.g., thaough controlled intervention
studies. Another limitation is in the generalizability of our findings. An institution
which generally has more low-income students or more students who work full or
part-time may have very different virtual course outcomes during COVID than the
studied institution. One other limitation of this study is the use of sex rather than
gender variables, which may provide a more accurate picture of a student’s classroom
experiences. We plan to use a gender rather than sex variable as more gender data
from this institution becomes available in future years. As we collect more data, we
also aim to include intersectional analysis to understand the relationship between
gender, race, test anxiety, and self-efficacy.

A mediation model for physics 1 virtual classes can be seen in Figures 5¢ and
5d. Figure 5c shows that test anxiety is statistically significant when predicting
high stakes assessment outcomes on its own. However, Figure 5d shows that, as
during virtual classes, if test anxiety is used to predict self-efficacy and high-stakes
assessment outcomes separately, test anxiety predicts self-efficacy but not high-stakes
grades. For virtual physics 1 classes, The average causal mediation effect was 0.33
(p < 0.001), with a confidence interval of [0.22, 0.47]. The average direct effect was
0.10, (p = 0.250) and the total direct effect was 0.43 (p < 0.001).
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Table 11: Mean, standard deviation (SD), and comparison of motivational factors,
assessment outcomes, and prior preparation of students enrolled in Physics 1 during
remote and in-person instruction. Cohen’s d effect sizes are also given; a negative d
indicates that students taking in-person classes had lower scores then those taking

remote classes. ™ =p > 0.05, * = p < 0.05, ** = p < 0.01, and *** = p < 0.001.

In-Person Remote

Variable Scale N Mean SD N Mean SD d
Self-Efficacy Pre 0-1 509 0.68 0.14 218 0.67 0.14 0.10™8
Self-Efficacy Post 0-1 387 0.65 0.18 202 0.66 0.16 -0.06™°
Test Anxiety Pre 0-1 504 0.59 0.26 216 0.56 0.28 0.12™s
Test Anxiety Post 0-1 159 0.54 0.23 204 0.48 0.29 0.22*
Homework 0-100 600 90 16 238 90 18 0.00™8
Quizzes 0-100 600 87 12 238 92 10 -0.46™**
Midterm Exams 0-100 600 74 16 238 78 13 -0.31%**
Final Exam 0-100 600 60 22 238 78 15 -0.90***

SAT/ACT Math 200-800 503 706 61 238 706 99 0.00™°
High School GPA 0-5 600 4.19 0.37 238 4.25 0.36 -0.18*
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Table 12: Mean, standard deviation (SD), and comparison of motivational factors,
assessment outcomes, and prior preparation of students enrolled in Physics 2 during
remote and in-person instruction. Cohen’s d effect sizes are also given; a negative d
indicates that students taking in-person classes had lower scores then those taking

remote classes. ™ =p > 0.05, * = p < 0.05, ** = p < 0.01, and *** = p < 0.001.

In-Person Remote

Variable Scale N Mean SD N Mean SD d

Self-Efficacy Pre 0-1 206 0.72 0.15 253 0.67 0.17 0.33%**
Self-Efficacy Post 0-1 251 0.70 0.16 130 0.67 0.15 0.20™s
Test Anxiety Pre 0-1 209 0.51 0.25 252 0.53 0.28 -0.08™¢
Test Anxiety Post 0-1 258 0.47 0.25 129 0.53 0.26 -0.24*
Homework 0-100 318 94 11 285 94 13 -0.02™¢
Quizzes 0-100 318 91 10 285 90 8 0.13™s
Midterm Exams 0-100 318 77 10 285 85 8 -0.89***
Final Exam 0-100 318 57 19 285 83 10 -1.71%*

SAT/ACT Math 200-800 261 716 59 285 720 52 -0.07™8
High School GPA 0-5 318 4.31 0.34 285 4.34 0.30  -0.09™°
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Figure 4: Histograms of student final exam grades with an overlaid normal curve.

Figure (a) shows the grades for Physics 1 for online and in-person classes, while (b)

does the same for Physics 2.
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Table 13: Self-efficacy and test anxiety survey scores for male and female students
taking both remote and in-person Physics 1 courses. Cohen’s d effect sizes are also
given; a negative d indicates that men had lower scores then women. ™ = p > 0.05,

* = p < 0.05, * =p<0.01, and ** = p < 0.001.

Female Male
Variable Pre/Post N Mean SD N Mean SD d

g Self-Efficacy  Pre 179 0.63 0.13 330 0.71 0.13  0.55***
% Post 142 0.60 0.18 245 0.68 0.17  0.42***
A Test Anxiety Pre 177 0.47 027 327 0.66 0.23  0.75"**
= Post 55 048 023 104 057 0.23 0.41*

o Self-Efficacy  Pre 92 0.62 0.15 126 0.70 0.11 0.59***
3 Post 92 0.64 0.15 110 0.68 0.15 0.27ns
% Test Anxiety Pre 92 0.46  0.29 110 0.63 0.25 0.63***
& Post 92 042 029 110 053 029  0.38*
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Table 14: Self-efficacy and test anxiety survey scores for male and female students
taking both remote and in-person Physics 2 courses. Cohen’s d effect sizes are also
given; a negative d indicates that men had lower scores then women. ™ = p > 0.05,

* = p < 0.05, * =p<0.01, and ** = p < 0.001.

Female Male
Variable Pre/Post N Mean SD N Mean SD d
g Self-Efficacy  Pre 76 0.68 0.13 130 0.74  0.15 0.37**
4 Post 84 0.67 0.16 167 0.71  0.15 0.27*
A Test Anxiety Pre 7 0.45 0.23 130 0.54  0.25 0.36*
R Post 86 038 021 172 0.51 0.26  0.55***
o Self-Efficacy  Pre 109 0.63 0.16 144 0.69 0.16 0.37**
S Post 53 0.61 0.13 77 0.70  0.15  0.62***
% Test Anxiety Pre 108 044 025 144 0.60 0.28  0.59***
= Post 52 044 026 77 059 025 059"
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Table 15: Mean and standard deviartion (SD) of assessment and prior preparation
scores for male and female students taking both remote and in-person Physics 1
courses. Cohen’s d effect sizes are also given; a negative d indicates that men had
lower scores then women. ™ = p > 0.05, * = p < 0.05, * = p < 0.01, and

* = p < 0.001.

Female Male

Variable Scale N Mean SD N Mean SD d

SAT/ACT Math 200-800 164 702 65 339 708 59 0.10™
- HS GPA 0-5 203 429 034 397 413 0.38  -0.45***
% Homework 0-100 203 93 13 397 89 17 -0.27*
oq; Quizzes 0-100 203 87 12 397 87 12 -0.03n¢
S Midterm Exams 0-100 203 71 15 397 75 16 0.25**

Final Exam 0-100 203 56 21 397 62 22 0.29***

SAT/ACT Math 200-800 101 699 54 137 712 54 0.24™¢
» HS GPA 0-5 101 4.37 0.31 137 417 037  -0.57***
g Homework 0-100 101 93 14 137 88 20 -0.30*
pqé Quizzes 0-100 101 93 7 137 91 11 -0.22™s

Midterm Exams 0-100 101 79 11 137 77 14 -0.15™¢

Final Exam 0-100 101 77 14 137 79 16 0.09™8
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Table 16: Mean and standard deviartion (SD) of assessment and prior preparation
scores for male and female students taking both remote and in-person Physics 2
courses. Cohen’s d effect sizes are also given; a negative d indicates that men had
lower scores then women. ™ = p > 0.05, * = p < 0.05, * = p < 0.01, and

* = p < 0.001.

Female Male

Variable Scale N Mean SD N Mean SD d

SAT/ACT Math 200-800 76 720 55 185 714 60 -0.10™s
g HS GPA 0-5 101 4.39 0.30 217 427  0.34 -0.35**
& Homework 0-100 101 96 9 217 93 12 -0.27"
D; Quizzes 0-100 101 92 8 217 91 10 -0.15™
™ Midterm Exams 0-100 101 75 11 217 78 10 0.22ns

Final Exam 0-100 101 52 19 217 59 18 0.40***

SAT/ACT Math 200-800 124 720 52 161 720 53 -0.02m¢
» HS GPA 0-5 124 4.39 0.28 161 4.30 0.30 -0.30*
g Homework 0-100 124 96 11 161 93 14 -0.17m™¢
pqé Quizzes 0-100 124 90 7 161 90 9 -0.03™

Midterm Exams 0-100 124 85 9 161 86 8 0.1178

Final Exam 0-100 124 83 9 161 84 10 0.07ns
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Table 17: Physics 1 low-stakes assessment scores predicted by student sex, High
School GPA (HS GPA), SAT/ACT Math scores, average self-efficacy and average
test anxiety. Standardized regression () coeflicients are provided. * = p < 0.05,

*=p<0.01, "™ =p<0.001, and ™ = not statistically significant.

Remote (N=187) In-Person (N=146)
Variable Model 1a  Model 1b Model 2a  Model 2b
Sex 0.11m 0.06™ 0.11™ 0.07™
HS GPA 0.25** 0.27* 0.29*** 0.31***
SAT/ACT Math | 0.08"¢ 0.14* 0.07m¢ 0.09™°
Self-Efficacy 0.27%** 0.157¢
Test Anxiety -0.04™8 -0.05™¢
Adjusted R? 0.15 0.10 0.11 0.11
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Table 18: Physics 1 high-stakes assessment scores predicted by student sex,
High School (HS) GPA, SAT/ACT Math scores, average self-efficacy, and
average test anxiety. Adjusted R? and standardized regression (3) coefficients
are provided. For remote classes, N = 187, and for in-person classes, N = 146.

ns = p>0.05%=p<0.05"°=p<0.01, and ¢ = p < 0.001.

Model | Sex HSGPA SAT/ACT SE TA  Adj. R?
g Model 3a 0.00™s 0.28¢ 0.35¢ 0.45¢  0.11™  0.55
Z  Model 3b -0.02"  0.27¢ 0.36¢ 0.50¢ 0.55
A Model 3c -0.06™  0.34¢ 0.38¢ 0.36°¢ 0.43
= Model 3d -0.18° 0.32¢ 0.46°¢ 0.33
»  Model 4a 0.107s 0.21° 0.26°¢ 0.37¢ 0.10™  0.38
2 Model 4b 0.08"* 0.21° 0.26¢ 0.42¢ 0.37
S Model 4c 0.07ms 0.22b 0.33¢ 0.27¢ 0.28
A Model 4d | -0.027  0.24 0.37¢ 0.22
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Table 19: Physics 2 high-stakes assessment scores predicted by student sex,
High School (HS) GPA, SAT/ACT Math scores, as well as average self-efficacy
and test anxiety. Adjusted R? and standardized regression (3) coefficients are
provided. For remote classes, N = 187 and for in-person classes, N = 146.

"8 =p>0.05%=p<0.05°=p<0.01,and ¢ =p < 0.001.

Model | Sex HSGPA SAT/ACT SE TA  Adj. R?
= Model 5a 20.027  0.14° 0.38¢ 0.39° 0.00™  0.40
Z  Model 5b | -0.04"  0.13" 0.44¢ 0.39¢ 0.40
& Model 5¢ 20.0275  0.14¢ 0.38¢ 0.18%  0.29
= Model 5d | -0.07"  0.117% 0.49¢ 0.26
£ Model 6a 0.05"  0.127% 0.32¢ 0.27° 0.05™  0.22
= Model 6b 0.05"  0.137% 0.32¢ 0.29° 0.23
~  Model 6¢ -0.06™  0.17"s 0.37¢ 0.16
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Figure 5: Mediation model results for physics 1 classes. For virtual classes

(N = 187), (a) shows the model without self-efficacy, while (b) shows the model
including self-efficacy. For in-person classes (N = 147), (c¢) shows the model
without self-efficacy, while (d) shows the model including self-efficacy. Average
self-efficacy mediates the relationship between average test anxiety and high-stakes
assessment scores. Unless specified, all regression coefficients are significant to the

p < 0.001 level. ™ indicates a result is not statistically significant.
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Figure 6: Mediation model results for physics 2 in-person classes (N = 180): (a)

shows the model without self-efficacy, while (b) shows the model including

self-efficacy. Average self-efficacy mediates the relationship between average test

anxiety and high-stakes assessment scores. Unless specified, all regression

coefficients are significant to the p < 0.001 level. ™ indicates a result is not

statistically significant.
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5.0 Peer interaction, self-efficacy, and equity: Same gender groups are

more beneficial than mixed gender groups for female students

5.1 Introduction and Theoretical Framework

In recent years, science education researchers have particularly focused on strate-
gies for creating equitable and inclusive learning environments for underrepresented
students such as women [39, 44, 157,158]. Here, we focus on women because they
are drastically underrepresented in science disciplines that require students to take
calculus-based physics, such as physics, chemistry and engineering [1,159]. Many
frameworks have been proposed for understanding gender disparities in science, tech-
nology, engineering, and mathematics (STEM) courses. For example, motivational
factors such as self-efficacy are often used to investigate gender differences in physics
performance and persistence [10, 160, 161].

According to Bandura, self-efficacy is one’s belief in their capability to succeed
at an activity or subject [127], and high self-efficacy correlates with positive grade
and retention outcomes for students [8,12,32]. Self-efficacy is developed through
four mechanisms [64,127]. The first is mastery experiences, which describes learning
by overcoming difficulties such as a challenging problem set. The second is social
modeling [127]. This describes seeing people similar to oneself succeeding in a field of
study (for example, somebody who shares your gender). The third is social persua-
sion, which is encouragement to increase resolve and measure success via personal
improvement [127]. The final mechanism is emotional state, such as management
of anxiety [127]. Partly due to pervasive stereotypes and biases pertaining to who

belongs in physics and can excel in it, women taking physics courses often have
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lower physics self-efficacy than men [11,23,41,44,65]. Another reason for this gen-
der disparity may be that women tend to have fewer social modeling experiences in
the context of physics because women in physics have fewer peers and role models
(e.g., instructors or teaching assistants and well-known researchers) that share their
gender [1,162,163].

Prior research suggests that group work, even if all members have similar lev-
els of knowledge, can positively affect individual learning outcomes [148, 164, 165].
Although most of the prior research focuses on how working with peers can di-
rectly improve student learning, peers can also affect students’ motivational be-
liefs [98,99,166]. This is particularly important because of the long-term benefits
of increased self-efficacy [167-169]. For example, women in engineering courses ex-
perience less anxiety and participate more if they work in majority-female groups
compared to majority-male groups [98]. Same-gender peer mentoring also has a pos-
itive impact on the self-efficacy of women in engineering programs [99,162]. We posit
that the women in these studies have an increase in self-efficacy due to the social
modeling experiences facilitated by working with other women and reduced stereo-
type threat (stereotype threat can increase if students from the dominant group,
e.g., men in physics, dominate the discussions in a mixed-gender group work). In the
physics context, one study found that, in a group of two men and one woman, the
woman’s inputs tended to be disregarded even if she was deemed by the researcher to
have the highest level of physics knowledge in the group [170]. Additionally, women
may be disadvantaged in mixed-gender groups compared to men due to gendered
task division [34,35]. There is also support from individual interviews that women
feel more confident working with other students of the same gender, while men claim
they are comfortable working with either gender [171].

In addition to measuring self-efficacy directly, here we introduce a new measure:
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self-reported “peer influence on self-efficacy”, which measures students’ perceptions
about how interactions with their peers affected their confidence in physics. This
measure may be especially important for high-enrollment classes in which students
interact much more with other students than with the instructor or teaching assistant
(e.g., when they participate in clicker questions with peer discussion or solve problems
collaboratively in recitation classes). We hypothesize that self-reported peer influence
on self-efficacy may also be a useful measure of how equitable and inclusive those peer

interactions are. In this study, we aim to answer the following research questions:

RQ1. How do women and men’s self-efficacy and peer influence on self-efficacy
compare within the three subgroups (students who worked alone, students
who worked in same-gender groups, and students who worked in mixed-
gender groups)?

RQ2. How does self-efficacy change over time for students in each subgroup?

RQ3. ow does gender and group type predict student self-efficacy and peer influ-

ence on self-efficacy?

The answers to these questions have important implications on how instructors
organize group work and create an equitable learning environment in which group

work is valuable for all students regardless of their gender.
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5.2 Methods

5.2.1 Participants and Procedures

Participants were students who enrolled in the first of the two calculus-based
introductory physics course during two consecutive fall semesters. This traditional
lecture-based course covers Newtonian mechanics. Most students enrolled in the
course are first-year engineering or physical science (chemistry and physics) majors.
Surveys were completed in recitation during the first and last week of the semester,
which we call “pre” and “post” surveys, respectively. Students were offered either
course credit or extra credit for completion, depending on the instructor’s preference.
There were 1266 students who completed the pre-survey and 930 who completed the
post-survey. The discrepancy is partially due to some (N=148) students being given
a different post survey. Also, students may miss the first or last recitation of the
semester when the survey was administered for many reasons. Less than 1% did not
list their gender, and less than 1% did not pass the survey’s attention check (a random
question number that requested students respond with “C”). Three groups were were
excluded from the study, leaving 890 total students in our study who completed both
surveys. The sample was 37% women and 63% men. This research was carried out in
accordance with the principles outlined in the University of Pittsburgh Institutional
Review Board (IRB) ethical policy, and de-identified demographic data were provided

through university records.

5.2.2 Measures and Survey Validation

The survey was designed to measure students’ physics self-efficacy and peer influ-

ence on self-efficacy, and was adapted from previously validated surveys [9,41]. We
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conducted 20 one-hour semi-structured interviews with current and former physics
students to ensure that students interpreted questions as intended. A few ques-
tions were edited slightly after the interviews during the validation process, and the
questions in the final set were interpreted by students as intended.

Self-efficacy is one’s belief in their capability to succeed at an activity or subject
[127]. Students’ self-reported peer influence on self-efficacy (PISE) is how students
believe their peer interactions influenced their self-efficacy. In our survey, we included
four physics self-efficacy and four PISE items, each on a four-point Likert scale
(1I—NO!, 2—no0, 3—yes, 4—YES!). These items are listed in Table 20.

After initial exploratory factor analysis that included other motivational con-
structs not discussed here that were part of the same survey instrument, we performed
Confirmatory Factor Analysis (CFA) for each construct. We considered the model a
good fit if it met certain cutoffs for various fit indices. These cutoffs are: compara-
tive fit index (CFI) > 0.9 and Tucker Lewis index (TLI) > 0.9 [172]. Additionally,
root mean square error of approximation (RMSEA) < 0.08, and standardized root
mean square residual (SRMR) < 0.08 are considered an acceptable fit [172]. We also
conducted measurement invariance tests to determine if men and women could be
included in the same models, and found that they could. The results of the CFA
can be seen in Table 20. The factor loadings for all constructs were all greater than
the out cutoff of 0.5 [173], and Cronbach’s « for each construct was between 0.7 and
0.95 [108]. Finally, students were asked “Most typically in this physics course ...”
with three answer options: “I worked alone”, “I worked with students mostly of my
own gender”, and “I worked with students mostly of another gender.” Because each
instructor structured their course differently, there was no standard set of experi-
ences students had within their groups. Instead, the question is likely to reflect their

experiences working on some combination of clicker questions, in-class group work,
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homework, study groups, and office hours, depending on the structure of the course.
The number of students of each gender that worked in each sort of group can be seen

in Table 21.

Table 20: Survey items for each of the motivational scales. The model fit indices
were as follows: CFI = 0.98, TLI = 0.97, RMSEA = 0.067, and SRMR = 0.026.
The factor loadings (M) are all standardized and significant to the p < 0.001 level.

Construct and Item A

Self-Efficacy, o = 0.81
I am able to help my classmates with physics in the laboratory or in recita-

: 0.73
tion.
I understand concepts I have studied in physics. 0.71
If I study, I will do well on a physics test. 0.75
If I encounter a setback in a physics exam, I can overcome it 0.67
Peer Influence on Self-Efficacy, o = 0.92
My experiences and interactions with other students in this class...
made me feel more relaxed about learning physics. 0.73
increased my confidence in my ability to do physics. 0.90
increased my confidence that I can succeed in physics. 0.93

increased my confidence in my ability to handle difficult physics problems.  0.88

5.2.3 Analysis

First, we calculated the mean scores for pre self-efficacy, post self-efficacy, and
peer influence on self-efficacy. Peer influence on self-efficacy was only measured at
the end of the semester on the post survey. We found these values for men and
women separately within each of three student categories: those who worked alone,
those who worked in same gender groups (SGGs), and those who worked in mixed

gender groups (MGGs). Then we used a regular two-sample ¢-test [108] to compare
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responses of female and male students.

We used structural equation modeling (SEM) to study the effect of student gender
and pre self-efficacy on post self-efficacy and peer influence on self-efficacy. We
performed a multigroup SEM to explore the model differences for each group of
students. By performing a full SEM, we combine CFA with path analysis, which
provides regression coefficients between multiple factors while allowing for multiple
outcomes. We use the same fit indices and cutoffs for full SEM as we do for CFA.

All analysis was conducted using R [174] and the package lavaan [175].

Table 21: Number and percentage of students working alone, in same gender

groups, and in mixed gender groups.

All Students ‘ Alone Same Gender Group Mixed Gender Group
Women N="74 (23%) N=58 (18%) N=194 (60%)
Men N=183 (33%) N=109 (20%) N=258 (47%)

5.3 Results and Discussion

With regard to RQ1, regardless of group type, men in our sample have higher
pre self-efficacy, post self-efficacy (as seen in Table 22), and peer influence on self-
efficacy than women (as seen in Table 23). In both Tables 22 and 23, a high score
(i.e., close to 4) for self-efficacy or peer influence on self-efficacy indicates that the
student has high self-efficacy or a more positive peer influence on self-efficacy. This
result supports past research that shows that men often have higher self-efficacy

than women, especially in physics [41,113,176]. One major reason for this self-
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efficacy difference is societal stereotypes and biases about who belongs in physics
and can excel in physics and other STEM fields [58, 59, 177].

We find, using Table 22, that the largest gender difference in pre self-efficacy is
between students who work in MGGs (Cohen’s d=0.57, p < 0.041). This is because
men who worked in MGGs tended to have higher pre self-efficacy than men who
work alone or in SGGs, while women who work in MGGs do not have higher pre
self-efficacy than women who work alone or in SGGs. The largest gender difference in
post self-efficacy is also between students who worked in MGGs. One hypothesis for
why this may be the case is that group work between men with higher self-efficacy
and women with lower self-efficacy created inequitable and non-inclusive learning
environments in which men dominated the group work [38,178-180].

There was also a gender difference in reported peer influence on self-efficacy, seen
in Table 23, regardless of group type. One potential reason for this difference is
that students are influenced by societal stereotypes and biases when they enter the
physics classroom: societal stereotypes about women’s abilities in the sciences affect
not only how they are treated by parents [97,181] and instructors [56], but also how
they are treated by peers [182]. Examples of interactions that may decrease women’s
reported peer influence on self-efficacy include having ideas ignored by men in their
classes [50], inequitable group roles such as being expected to write down answers
or manage time instead of focusing on physics concepts [34], and experiencing sexist
comments from peers [183].

In response to RQ2, we explore how self-efficacy may change over time for stu-
dents in each subgroup. Concerningly, students who worked alone or in MGGs tended
to have significant decreases in self-efficacy over the semester, and those decreases
had larger effect sizes for women than men. In particular, we find that men who work

alone or in MGGs have a statistically significant but marginal (Cohen’s |d| < 0.1)
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drops in self efficacy, but men who work in same gender group have no significant
decrease in self-efficacy from pre to post, as seen in Table 22. We also find that
women have significant but small (Cohen’s |d| ~0.2) decreases in self efficacy if they
work alone or in MGGs. However, women have no significant self-efficacy decrease
from pre to post if they work in SGGs.

Thus, our findings suggest that the classroom environment generally decreased
students’ self-efficacy. However, students who worked in SGGs did not have signifi-
cant drops in self-efficacy from the beginning to end of the semester. Therefore, the
dynamics of same gender group work may be a good example for instructors to take
inspiration from in order to create equitable and inclusive learning environments
and minimize self-efficacy decreases which can be particularly detrimental for the
underrepresented students such as women.

One area that needs further investigation is the relationship between self-efficacy
and peer influence on self-efficacy. Men who worked in MGGs had a small, borderline-
significant decrease in self-efficacy from pre to post, and they reported the highest
peer influence on self-efficacy. This result is intuitive: if students’ peers have a pos-
itive effect on their self-efficacy, then their self-efficacy should drop less. However,
women who worked in MGGs had a slightly larger decrease in self-efficacy com-
pared to those who worked alone or in SGGs, but reported higher peer influence on
self-efficacy than other women. While we cannot know the reason for this without
interviewing these women, we have some potential hypotheses for why this may be
the case as follows.

If women who work in MGGs work with men who appear to be friendly, then
during group work they may feel supported by their peers, even if their group work
practices have inequitable outcomes [36]. In this sort of group, women will have mas-

tery experiences as they complete assignments, and they may also have peers who
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provide social persuasion that increases self-efficacy. These are two modes of increas-
ing self-efficacy [127]. However, due to gendered task division [34,35] and women’s
assumed lack of ability by men [183], women in mixed gender groups may be less
likely to witness social modeling from other women. Another method of increasing
self-efficacy is the management of emotions, such as anxiety [127]. Women are more
likely to experience anxiety in academic settings [60] due to societal biases against
women in STEM fields [59] and stereotype threat [116] which may be triggered by
mixed-gender group work particularly if men dominate. Thus, women working in
MGGs may have fewer opportunities to develop self-efficacy than those who work
in SGGs, even if they have supportive group members. We emphasize here that an
equitable learning environment is not only an environment in which minoritized stu-
dents do not experience blatant discrimination, but one in which all students achieve
course objectives and personal goals, regardless of background. Because self-efficacy
is correlated with increased learning outcomes [184], enrollment in future physics
classes [51], and career choices [12], implementing classroom policies that eliminate
this gendered self-efficacy difference is an important part of creating an equitable
and inclusive environment in physics classes and departments.

Finally, in response to RQ3, we explore how gender and group type predict
student self-efficacy and peer influence on self-efficacy. We conducted multigroup
SEM, seen in Figure 1, to produce three similar path analysis models, one each
for students who worked alone, students who worked in same gender groups, and
students who worked in mixed gender groups. Each model shows the predictive
relationship of gender on post self-efficacy and peer influence on self-efficacy, allowing
us to compare this relationship across group types. The model fit indices suggest a
good fit to the data: CFI = 0.98 (> 0.95), TLI = 0.98 (> 0.95), RMSEA = 0.057
(< 0.06), and SRMR = 0.029 (< 0.06).
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In Figure 7, the solid lines are labeled with standardized regression coefficients
(6). Standardized regression coefficients represent the expected change in an outcome
variable for each change in standard deviation of an input variable, while controlling
for other variables in the model. For example, if 5=0.62 between peer effect on self-
efficacy and post self-efficacy, then if a student’ peer effect on self-efficacy score is one
standard deviation higher than the mean, we would expect their post self-efficacy
score to be 0.62 standard deviations higher than the mean. From these models, we
note several important findings. First, for students who work alone, gender predicts
neither their post self-efficacy nor peer influence on self-efficacy.

Though gender differences are smallest in this group, this is likely because women
who work alone start with slightly higher self-efficacy than other women (see Table
22), rather than due to classroom practices. Women who work alone have similar
self-efficacy decreases to women who work in MGGs, and larger self-efficacy decreases
than women who work in SGGs.

We note that gender predicts peer influence on self-efficacy, for both SGGs and
MGGs. This suggests that men’s self-efficacy tends to benefit more from group work
than women’s. Additionally, the only group for which gender significantly predicts
post self-efficacy is students who worked in MGGs. This suggests that women’s post
self-efficacy may be harmed by mixed gender group work in inequitable learning

environments. This may be due to aforementioned inequitable group work practices.

5.3.1 Implications

Based on the results of this research, we suggest that same-gender group work
is especially beneficial to women in these classes. This is particularly important

for women, who may feel more confident working with other students of the same
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gender [171]. Prior work suggests that having the women-only groups increases
engineering students’ self-efficacy [99]. One explanation may be that working in
majority-female groups may provide students with “stereotype inoculation”, which
may directly combat internalized stereotypes about women’s ability in physics by
providing positive female role models, providing evidence to students with low self-
efficacy that their gender will not prevent them from succeeding [98,99,162].
However, instructors should not discourage students from working in MGGs, es-
pecially if students’ alternative is working alone. This is due to the body of evidence
that group work is beneficial to students and students can even co-construct knowl-
edge when each student did not know how to solve a problem but students were able
to figure it out together [148,164,165]. Instead, instructors should implement poli-
cies that encourage a more equitable and inclusive group environment. For example,
implementing individual accountability for students working in groups (e.g., review-
ing peer interactions based on inclusive teamwork practices and task division) can
be valuable to avoid an inequitable dynamic in which a woman in a group acts as a
“secretary” who takes notes or becomes a “manager” for the men she is working with
(being a manager of the group can take up cognitive resources she could be using to
learn since working memory is limited) [34]. Another possibility to increase gender
equity in group work is creating opportunities for all students to act as “experts” in
a subject, for example assigning students to teach a topic to a small group of peers.
Assuming the role of an expert can increase students’ self-efficacy [185], and this may
be especially beneficial for women since it can give all of the women in the classroom

an opportunity to build self-efficacy through social modeling.
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5.3.2 Limitations and Future Directions

This research is based at a primarily white, large, public university. While our
results may generalize to similar institutions, it is important to see if similar patterns
exist at smaller liberal arts colleges, minority-serving institutions, or community col-
leges in the US. Additionally, though we investigate group work more generally here,
future research can focus on specific group work situations (for example, structured
in-class group work or informal study groups). Finally, future investigation can study
if reverse-coding some items may change the results of the study in order to further

improve the PISE measure.

5.4 Conclusion

In this study, we found that men tended to have higher self-efficacy and reported
higher peer influence on self-efficacy than women, regardless of whether they worked
alone, in same gender groups, or in mixed gender groups. This disparity may be
due to societal stereotypes and biases about who can excel in science, particularly
in physics. Further, we found that students who worked in same-gender groups
had a non-significant change in self-efficacy from the beginning to the end of the
semester as measured by the pre to post survey. However, students who worked
alone or in mixed gender groups had significant drops in self-efficacy. Furthermore,
SEM shows that gender predicts both peer effect on self-efficacy and self-efficacy if
students worked in mixed gender groups, but gender does not predict self-efficacy
if students worked in a same gender group. Instructors can take inspiration from

the group practices in the same gender group to increase equity and inclusion in
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group work overall. In particular, instructors should implement classroom policies
that encourage equitable and inclusive group work, so that all students can benefit

regardless of their demographic group.
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Figure 7: Multigroup path analysis models for students who worked alone, in same
gender outcomes groups, and in mixed gender groups, predicting the effect of
gender and peer influence on self efficacy (SE) on self-efficacy. The lines represent
regression paths, and the line thickness corresponds to the magnitude of 3 value
(standardized regression coefficient) with p < 0.001 indicated by ***. If a coefficient

is nonsignificant, it has no asterisks.
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Table 22: Mean scores of pre and post self-efficacy. Cohen’s d is used to compare
the effect size between men and women for each group (worked alone, worked in a
same-gender group, worked in a mixed-gender group) as well as to compare pre and
post self-efficacy for men and women in each group. A positive d indicates that men
had higher scores than women or that self-efficacy increased from the beginning to
end of the semester. The p-value reports the significance level of the t-tests

comparing either men and women or the pre and post results of each gender group.

SE Pre SE Post Statistics
Gender 1-4 1-4 Cohen’s d  p-value
Alone Women (N=74) 2.89 2.78 -0.21 0.021
Men (N=183) 3.01 2.97 -0.08 0.011
Cohen’s d 0.24 0.36
p-value 0.080 0.010
Same Gender Group ~ Women (N=58) 2.78 2.72 -0.10 0.263
Men (N=109) 2.99 2.94 -0.11 0.138
Cohen’s d 0.46 0.43
p-value 0.005 0.010
Mixed Gender Group Women (N=194) 2.84 2.72 -0.24 ;0.001
Men (N=258) 3.12 3.08 -0.08 0.050
Cohen’s d 0.57 0.70
p-value 0.041 i0.001
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Table 23: Mean scores of peer influence on self-efficacy (PISE). Cohen’s d is used
to compare the effect size between men and women for each group (worked alone,
worked in a same-gender group, worked in a mixed-gender group). A positive d
indicates that men had higher scores than women. The p-value reports the

significance level of the between-gender ¢-tests.

Women Men Statistics
N  PISE (1-4) N PISE (1-4) Cohen’s d p-value
Alone 74 2.64 183 2.86 0.31 0.027
Same Gender Group 58 2.65 109 3.01 0.28 <0.001
Mixed Gender Group 194 2.74 258 3.04 0.44 <0.001
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6.0 Whose ability and growth matter? Gender, mindset and

performance in physics

6.1 Introduction

Improving the diversity in post-secondary science, technology, engineering, and
mathematics (STEM) education has been a long-standing focus of policymakers and
researchers [4,186] Physics and engineering in particular have very low numbers of
women in high school courses, undergraduate programs, and in the fields [1,66].

Numerous factors affect representation in STEM fields. For example, parents
of girls are less likely to believe their child could succeed in a career that requires
mathematical ability [67,97]. Once they are in high school, girls are less likely
than boys to believe that a career in physics could align with their professional goals
[185]. In physics, there are also gender disparities in introductory course performance
[81-83,187]. Motivational factors have been linked to general academic performance
[6-8] as well as to gender differences in persistence in STEM courses [12,115, 188§]
and performance in STEM courses [11,22,23,40,41,65]

Among the many motivational factors that have been investigated, researchers
have put considerable attention on the role of intelligence mindsets [128, 189] Intel-
ligence mindset describes a person’s beliefs about the nature of intelligence: is it
innate and unchangeable or something that can be developed with effort [68]7 In
more recent years, a focus has shifted to discipline-specific intelligence mindsets since
students appeared to have separate views by discipline and the discipline-specific
mindset was more predictive of student performance in the discipline [33,40]. How-

ever, since physics-specific mindset is still a very recently explored concept, many

111



fundamental questions about its nature and relationship to gendered performance in

physics are still open. Specifically, we address the research questions:

RQ 1. What are the components to students’ physics intelligence mindsets?

RQ 2. Are there gender/sex differences in the components of students’ physics in-
telligence mindsets?

RQ 3. If there are differences in the components of students’ physics intelligence
mindsets, do the differences grow or decline from the beginning to the end
of their first university-level physics course?

RQ 4. Do any of the mindset components predict course grade?

To answer these questions, we chose the first calculus-based introductory course
as the research context. Introductory calculus-based physics courses are typically
taken by engineering and physical science majors, while most algebra-based physics
students are life science and pre-medical majors. As a result, calculus-based in-
troductory physics courses are likely to be majority men, which likely further rein-
forces stereotypes and negative messages that women in physics courses are receiv-
ing [1,66,190]. Because of the inequities in these courses and the under-representation
of women, finding effective ways to measure and improve physics mindset is partic-
ularly important in this population if we wish to make physics classrooms more
equitable for women and gender minorities. If physics mindset is a useful predictor
of learning outcomes, then improving it in physics students may help overall out-
comes and equity of outcomes in engineering, physics, and other physical science

fields.
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6.2 Theoretical background

6.2.1 Intelligence mindset theory

Carol Dweck and her colleagues theorized two types of intelligence mindset—growth
and fixed—in the late twentieth century. A growth mindset is one in which intelli-
gence is viewed as something that can be cultivated with effort, like a muscle, whereas
a fixed mindset is one in which intelligence is thought to be innate and unchange-
able [68]. In the original conception, researchers conceived intelligence mindset as a
single continuum in which students varied from having a strong growth mindset at
one end of the continuum to having a strong fixed mindset at the other end of the con-
tinuum. However, in recent years researchers have used both continuum models [191]
and models with separable dimensions in which students can endorse both (or nei-
ther) simultaneously [192-194]. The original view holds that as a student ceases to
endorse a fixed mindset, they will necessarily endorse a growth mindset [191]. In
a two-factor model, it may be possible for a student to endorse neither growth nor
fixed beliefs, or they may endorse both types of beliefs. For example, a student might
think some basic foundational intelligence or talent is required in addition to seeing
value in practice towards further developing intelligence. The mindsets held by a
learner are thought to shape how students engage in learning. With a fixed mind-
set, a student will disengage from or avoid difficult tasks; with a growth mindset, a
student will view struggle as an opportunity to learn and gain skills, and therefore
will welcome such challenges [69, 70].

The engagement, propensity to attempt challenging problems, and persistence
that come with a growth mindset have been linked to positive learning outcomes

[72,73], even after controlling for prior academic achievement [74,75,122]. Intelli-
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gence mindsets may also play a role in shaping learner self-efficacy [63,64] and in
experiences of anxiety in learning and testing environments [60,63]. As a result,
growth mindsets are not only relevant to improving learning outcomes for all stu-
dents, but they also may be an important factor in creating equitable classroom
environments. For example, having a growth mindset has been linked to greater
participation in STEM fields, especially for students from racial and ethnic under-
represented groups [71,195]. Additionally, both students in underrepresented groups
and women reported a greater sense of belonging if they endorsed a growth mind-
set [76].

Growth mindsets can be particularly useful for students as a way to combat
stereotype threat. Stereotype threat is “being at risk of confirming, as self-characteristic,
a negative stereotype about one’s group” [77, p. 797]. For example, a girl or woman
taking a math test may feel anxious because of cultural stereotypes that women are
not as good at math as men. When such stereotype threats are combined with a
fixed mindset, withdrawal from efforts in mathematics can result: the student cannot
change their gender, race, or culture, so they may choose to divest from a field that
leaves them anxious about representing these identities poorly [77].

Although intelligence mindsets are carried by students into various learning
contexts (i.e., have some stability over time and context), they can be malleable
through strategic (and relatively brief) interventions with positive results for stu-
dents’ learning outcomes, such as mathematics assessments [196], standardized test
outcomes [74], and course grades [75] especially if students are at a high risk of fail-
ing a class [197,198]. However, the effectiveness of both mindset as a predictor of
student success as well as the methodology and effectiveness of mindset interventions
has been found to vary greatly [199]. For example, only 12% of the interventions

included in a recent meta-analysis resulted in significantly greater academic achieve-
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ment [199], which may make some instructors concerned about their use of class
time [200].

The Sisk et al. study [199] explores several potential reasons the effectiveness of
these interventions varies, they tend to focus on technical (i.e., if the intervention is
online or in-person, the length of the intervention, etc.) differences, which may not
be the only aspects of importance. Yeager and Dweck [191] offer more explanations
of the varied effectiveness of mindset interventions: first, they show concern about
moderation of an intervention’s effectiveness at the study level (for example, by
length of intervention) rather than the student level (for example, by student gender
or socioeconomic status), as it can be difficult to discern the effectiveness of an
intervention without simultaneously knowing of methods of the intervention, the
students who receive the it, and the larger context the intervention takes place in
(e.g., if a growth mindset is supported in the classroom after the intervention).
There is also concern about the procedural differences among mindset intervention
studies: for example, an intervention that simply explains what a growth mindset
is will not be as effective as one that offers students concrete actions to utilize such
a mindset [191]. We also hypothesize that some of the varying effectiveness of the
interventions may be due to procedural details in the interventions. One possibility
is that intervention effectiveness relies on customization to the particular concerns
that students have in a particular context. Another possibility is that the focus of
the intervention affected its outcome. For example, did the intervention seek only to
address the growth mindset but ignore the ability mindset?

Another conceptual divide in mindset research involves beliefs about self ver-
sus others. De Castella and Byrne [201] found that Australian high-school students
conceptualized intelligence mindsets differently for themselves than for others. They

also found that intelligence “self-theory” was a stronger predictor of academic perfor-
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mance and motivation than general intelligence mindsets. Some prior interventions
have tried to convince students that people in general can grow their intelligence,
leaving relatively untouched the beliefs they have about themselves.

A third issue might also exist in domain-specificity of intelligence mindsets. That
is, students might believe that intelligence in general can change through hard work
but still have fixed mindsets about particular domains that then more strongly shape
how they engage in those particular domains. For example, it was physics-specific
mindsets rather than general intelligence mindsets that predicted performance in
physics classes [40]. Further, many stereotypes about women and students from
underrepresented racial and ethnic groups (for example, Black or Latinx students)
are highly domain-specific (e.g., strengths in arts and humanities, weaknesses in math
and sciences [56,202]). Indeed, women in general have higher grades on average in
high school and in university [203], so a domain-specific mindset would make more

sense as contributing to performance differences in physics courses

6.2.2 Physics intelligence mindsets

There appear to be common views both in society and within the discipline that
physics requires a special brilliance. In a study of brilliance beliefs by academic
discipline, physics faculty, post-doctoral researchers, and graduate students were
more likely to say that physics requires innate talent than those in almost all other
fields [59]. Brilliance beliefs are not the same as a fixed mindset, though they work in
tandem. If a student thinks raw talent is needed to succeed in a domain (a brilliance
belief), and they believe that intelligence is unchangeable (a fixed mindset), then
they will see no path to success unless they believe they have innate talent [177].

Indeed, the Leslie et al. study [59] revealed a negative correlation between degree of
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endorsement in ability beliefs and percentage of PhDs who are women or are from
underrepresented racial and ethnic groups, with physics being second highest (after
mathematics) among STEM disciplines in field-specific ability beliefs and lowest
in percentage of women with doctorates. In a recent study, only half of graduate
admissions committees in physics prioritized a growth mindset in their selection
process, meaning that they prioritized potential for growth, rather than exclusively
seeking out the students with the highest grades and Graduate Record Examinations
(GRE) scores [189].

Physics-specific mindset research has just begun in recent years. Interviews show
that students [128] and faculty [189] may simultaneously endorse both growth and
fixed mindset beliefs, pointing to a need for nuanced measures of mindset. Mean-
while, survey data have provided evidence that students’ physics mindsets can be
different than their general intelligence mindsets [40]. But an open question regarding
physics-specific mindset involves its nature. In particular, does it also separate into
independent dimensions of growth and fixed mindsets, with students independently
endorsing or denying faxed (fundamental talent) and growth (ability to further im-
prove) aspects? We turn to this issue and potential dimensions of physics mindset

in the next section

6.2.3 Dimensions of physics intelligence mindsets

As noted previously, prior research on general intelligence mindsets has gradually
transitioned from strict characterization as one continuum (with fixed and growth
mindsets on either end [68,75]) to considering a two-factor model measuring endorse-
ment of fxed and growth mindsets separately [192-194], which we denote as growth

versus ability because the first label seems to connote the absence of growth rather
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than the presence of a foundational talent. The primary evidence in favor of treating
them separately as two dimensions is psychometric evidence in which a two-factor
model produced a better ft to the data. To date, evidence supports a separation
of growth and ability dimensions in physics mindsets as well [33], although some
researchers have applied a single dimension approach to their data [40,204].

Another divide which has recently emerged in mindset research is the me versus
others distinction. As noted earlier, De Castella and Byrne found that intelligence
about the self was the stronger predictor of academic performance [201]. A recent
study about physics intelligence mindsets, Kalender et al. found that physics intel-
ligence mindsets divided into four components along the combinations of me versus
others and growth versus ability [33]. Although the four components showed some
correlations with each other, the best fitting model to the survey data separately
measures the four components: My Ability (students’ beliefs about their own abili-
ties), My Growth (students’ beliefs about their own potential to grow), Others’ Abil-
ity (students’ beliefs about others’ abilities), and Others’ Growth (students’ beliefs
about others’ potential to grow). Further, the My Ability component was the best
predictor of physics course grade, had the largest gender differences, and appeared
to largely mediate the effects of gender on grades.

However, the Kalender study uncovered the four physics intelligence mindset
components through exploratory quantitative analyses of survey results from a sur-
vey that was not designed to separately measure four components of physics intelli-
gence mindsets [33]. There were only one or two survey items for each component’s
measure, and the items also sometimes differed in other ways across components.
In this study, we aim to expand on these results using a larger set of survey items
that were specifically designed to measure these four components, allowing for more

robust test of the separation into these four components, as well as replicate the
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three main findings from that study: My Ability was found to be the main predictor
of course grades, it was also the component showing the largest gender difference,
and it was found to be the only component that mediates the relationships between

gender and grades.

6.3 Materials and Methods

6.3.1 Participants

This study takes place at a large, public, urban, predominantly White institu-
tion in the northeastern United States. The participants were students enrolled in
calculus-based Physics 1 over one semester and across four course sections, each
taught by a different instructor. The course covers mechanics and waves, and is
taught in a traditional lecture-based format. The N=683 students included in the
study were those who completed at least pre- or post-surveys and passed an atten-
tion check (a question inserted in the survey that requested students answer “C”).
Some (N=39) students were excluded from some portions of this study because they
were missing either course grades or prior academic preparation information, though
these students were included in the survey validation portion of this study.

Demographic data were acquired from university records. In the student sample,
63% were enrolled in the college of engineering, and virtually all of these engineering
students (99%) were in their first semester at the university. The rest of the students
were primarily science majors and 59% were from later years at the university. Based
upon the data available from the university, women constituted 36% of the student

sample. According to university-provided race/ethnicity data, students identified as
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follows: 73% White, 13% Asian, 7% Hispanic/ Latinx, 4% multiracial, 2% African
American/Black, and 1% unspecified.

6.3.2 Measures
6.3.2.1 Demographic information

Students provide demographic information as part of university enrollment. Stu-
dents were given the binary options “male” and “female” to identify their gender
upon entering the university, although this conflates gender and sex [205]. We ac-
knowledge the harm that such data collection practices cause [136], and we are
pleased to report that our university has recently switched to collecting gender infor-
mation using more than binary options. Given the limitations of the data source, the
patterns will predominantly reflect patterns of cisgendered women and men. This
approach marginalizes non-binary and other gender minority students [136, 158].
However, we use the data collected by the university (i.e., the options provided were
female and male while labeled as gender) and refer this variable as “Gender/Sex”
in our analysis and results sections [205]. For the quantitative analyses, gender/sex
was coded as an indicator variable: women=1, men=0. For race and ethnicity, stu-
dents were given six options (American Indian or Alaska Native, Asian, Black or
African American, Hispanic or Latino, Native Hawaiian/Other Pacific Islander, and
White), and students could choose multiple options. Race/ethnicity was only used
in description of the sample, and was coded as a series of indicator variables for each

major category (i.e., included that racial/ ethnic identity or not).
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6.3.2.2 Physics intelligence mindset

We adapted this mindset survey from previously validated surveys [33]. The
survey was designed to measure mindsets about self and others, as well as growth-
and ability mindsets. Therefore, to be able to separately assess these different aspects
of mindset, additional questions were created and some questions were adapted to
make the more specific focus more salient. For example, “People can change their
intelligence in physics quite a lot by working hard”, becomes “I can change my
intelligence in physics quite a lot by working hard.” After the questions were drafted,
we used semi-structured cognitive interviews to ensure that students interpreted
questions as intended. We conducted 20 one-hour interviews with students who
had previously taken physics courses ranging from introductory to graduate-level.
Participants were compensated $25. We oversampled on women, given the research
focus. A few questions were edited slightly after the interviews, and the questions
in the final set were generally interpreted as intended. The final survey had 19
items, each on a four-point Likert scale (Strongly Disagree, Disagree, Agree, Strongly
Agree): seven My Ability items, four My Growth items, four Others’ Ability items,
and four Others’ Growth items. See Appendix E for the full set of items. For
analysis, the four ratings levels were recoded as 1 to 4, with reverse coding for all my
ability and others’ ability questions (e.g., questions 5-11 and 16-19). Prior Rasch
modeling [108] with this four-point scale for mindset items had found roughly equal

psychological distance between levels, justifying use of mean scores [33,40].

6.3.2.3 Prior academic preparation

Two measures of prior academic preparation were used as control variables in

the analyses. High school Grade Point Average (HS GPA) was reported using the
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weighted 0-5 scale, which is based on the standard 0 (Failing)-4 (A) scale with ad-
justments for Honors, Advanced Placement and International Baccalaureate courses
(all of these programs may offer a “weighted” GPA that adds up to one grade point
as a reward to taking advanced courses, which can allow a GPA higher than 4.0).
Approximately 1% of students had high school GPAs over 5. They were excluded
from the study because their high schools likely used a different grading system. HS
GPA is regularly found to predict early undergraduate course performance and is
taken to be a measure of general academic skills related to self-regulation, atten-
dance, and putting effort into assignments [138]. Students’ Scholastic Achievement
Test math (SAT math) scores were used as proxies for mathematical problem-solving
skills at the time of university admission. SAT math is one predictor of college perfor-
mance [138], particularly in quantitative courses like introductory physics [113,206].
The scores are on a scale of 200-800. We mediated outliers in SAT math by win-
sorizing [108]. To winsorize the scores, we replaced outliers with values two standard
deviations above or below the mean, so that we maintained the direction of the
outlier without introducing extreme values. If a student took the American College
Testing (ACT) examination, we converted ACT to SAT scores [102]. SAT scores had
a negative skew. If a student took a test more than once the school provided the
highest section-level score if a student took the SAT and the highest composite score

if the student took the ACT. If a student took both tests, we used their SAT score

6.3.2.4 Physics course grade

Physics 1 course grades, the primary course performance measure, were based on
the 0—4 scale used at this university, with A=4, B=3, C=2, D=1, F=0 or W (late

withdrawal), where the suffixes ‘+” and ‘—’, respectively, add or subtract 0.25 grade
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points (e.g., B— =2.75 and B+ =3.25), except for the A+, which is also reported as
4. Each course instructor determined their own grading schemes and there was not a
shared departmental exam. However, from examination of syllabi across all sections,
course grades were predominantly based upon traditional midterm and final exams,
with a smaller portion of the grades based on homework, quizzes, and recitation

attendance. Course grades had a negative skew.

6.3.3 Procedures

The surveys were administered to students during recitations associated with the
course. The 50 minute recitation sections are mandatory and led by teaching assis-
tants (TAs). The first (“pre”) survey was administered on paper during the first or
second week of classes, and the final (“post”) survey was administered last week of
classes. The mindset items were a subset of a larger survey, which took approximately
ten minutes to complete. To encourage a high completion rate, students receive either
a participation grade or a small amount of extra credit for completing the survey, de-
pending on the instructor’s preference. 80% of course enrollees completed the survey
at pre and 41% did so at post, reflecting a lower recitation participation at the end of
the semester. However, the student sample that completed the survey is very similar
to the general population of the course in terms gender/ sex, prior preparation, and
course performance, and the students that completed only the pre-survey are similar
to those who took both the pre- and post-surveys (see Appendix G). Survey results
were collected, de-identified by an honest broker, and then combined with similarly

de-identified demographic information and academic history.
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6.3.4 Analyses
6.3.4.1 Survey validation

Confirmatory factor analysis (CFA) using the R package “lavaan” was used to
both provide quantitative validation of the survey items and to test the proposed con-
ceptual division into four components in terms of growth /ability and myself/others.
To evaluate if the model was acceptable, we chose the following standards: stan-
dardized factor loadings of each item were all above 0.5 (Kline, 2016, p. 301), a
Comparative Fit Index (CFI) and Tucker-Lewis index (TLI) greater than or equal
to 0.95 [172], a Root Mean Square Error of Approximation (RMSEA) less than or
equal to 0.05 for “good fit” or 0.08 for “fair” fit [107], and a Standardized Root Mean
Square Residual (SRMR) less than or equal to 0.06 [172]. The survey was designed
to divide items into four categories, but we also explored if a one-factor or two-factor
model (i.e., only dividing along one of the aforementioned dimensions, rather than
ability /growth and myself/others simultaneously) resulted in a better ft. Poorly fit-
ting items were dropped, and the model was re-evaluated with the remaining items.
To create latent variables, we calculated the average score of the questions in each
validated category. All the mindset factors are scored from 1 to 4, and are coded
such that a high score corresponds with a growth/malleable physics mindset, and a
low score corresponds with a fixed mindset. After averaging scores, we winsorized
each mindset factor so that outliers were set at a cutoff two standard deviations from
the mean of each factor. The resulting variables were used as the mindset measures

for the rest of the study.
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6.3.4.2 Descriptive statistics

To characterize change in mean attitudes over time, and differences by gender /sex
in mean attitudes at pre and post as well as grades, we used Cohen’s d to describe
the size of the means differences and t¢-tests to evaluate the statistical robustness of
the differences. Cohen’s d is considered small if d ~ 0.2, medium if d ~ 0.5, and
large if d ~ 0.8 [140]. Paired t-tests were used to compare mindset factors between
pre and post, while unpaired t-tests were used to compare mindset factors between
genders/sexes. Levene’s test [108] was implemented to ensure that the homogeneity
of variance assumption was met for the unpaired ¢-tests. We used a significance level
of 0.05 in the t-tests and the later regression models as a balance between Type I
(falsely rejecting the null hypothesis) and Type II (falsely accepting the null hypoth-
esis) errors [108]. The change-over-time analyses were also done for all instructors
separately to check for consistency of the patterns across instructors. Pearson corre-
lations were calculated between the generated latent variables and between the pre-
and post-survey scores of the same variable. These correlations can be found in Table
28 and provided information on potential problems of collinearity among predictors
in the multiple regressions (e.g., Pearson r > 0.7). Further, Pearson correlations
allowed us to examine attitude stability over time during this first experience with
university-level physics. We also found correlations between mindset factors and

course grades as a baseline prediction model.

6.3.4.3 Predicting learning outcomes

Multiple linear regression analysis was used to find partial correlations between
mindset factors and grades, controlling for gender/sex and prior preparation. We

chose to use regression analysis instead of hierarchical linear modeling because we
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find the Interclass Correlation Coefficients of motivational factors in these courses
are regularly smaller than 0.04 and always smaller than 0.10. Multiple models were
tested in order to find which was the best predictor of learning outcomes and show
robustness of relationships across model specification. All models used standardized
regression coefficients as a measure of effect size. The models were implemented
using Stata statistical software [154]. To test the normality of errors, we compared
a kernel density estimate of each model’s residuals with a normal distribution. Each
model had a normal distribution of residuals.

A baseline model predicted grade using only gender/sex, high school GPA, and
SAT math scores. Next, we added the mindset variables with the strongest correla-
tion to grade, which can be found in Table 28 one-by-one until all mindset variables
were present. All models with significant mindset variables were kept, along with
the final model with all variables induced as a robustness test. The regression anal-
yses were repeated with two sets of attitudinal variables: first the scores from the
pre-survey, then from the average of pre- and post-survey scores.

The average group included only students who took the survey both times. Aver-
age scores were used instead of post-survey scores for two reasons. First, post-survey
scores raise the question of causality (did course performance affect mindset or did
mindset affect course performance?). Second, the average score is a proxy for stu-
dents’ mindset during the semester, while they were taking the course, rather than
after the class. Using average rather than only pre-survey data is particularly im-
portant given the sizable changes from pre to post that were observed in several of

the attitudinal variables.
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6.4 Results

6.4.1 RQ1l: What are the components to students’ physics intelligence

mindsets?

One of the 19 survey items (“I will always be as good at physics as I was in
high school.”) was removed as a first step because the cognitive interviews show
that students did not interpret it as intended. All other survey items appeared to be
interpreted as intended. Five additional survey items were removed during the CFA
model testing process due to consistently low factor loadings or cross-loading that
led to a poor overall model fit. The removed items are indicated in italics on the full
survey shown in Appendix E.

Of the four tested models (using all questions in a single factor; splitting by a
“growth/ability” dimension; and splitting by a “myself/others” dimension; divid-
ing into four categories in the combination of both dimensions), both two-category
models were rejected, as they failed to meet accepted cutoff values for our chosen ft
indices.

The third model, which divided survey items into four categories and can be
seen in Table 1, had a good model fit. The CFI was 0.95, the TLI was 0.95, the
RMSEA was 0.073, and the SRMR was 0.052. Tree of the ft indices—CFI, TLI,
and SRMR meet our chosen cutoffs. Our RMSEA meets Browne and Cudeck’s [107]
<0.08 guideline for acceptable ft. All standardized factor loadings were above a 0.50
threshold. We named the resulting categories “My Ability” (MA), “My Growth”
(MG), “Others” Ability” (OA), and “Others’ Growth” (OG). Three categories—MA,
MG, and OG—had acceptable values of internal consistency (Cronbach a <0.7),
while OA had slightly lower reliability (o =0.68). All four categories had negative
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skew (e.g., a skew toward a growth mindset). To confirm that these factors held
equally well for men and women, we performed measurement invariance testing and
found that both weak and strong invariance held for these factors (see Appendix F).

Intercorrelations among the scales are all moderate and positive (after reverse
coding of ability), but none are so high as to represent redundant measures. Figure
28 shows that there is also not strong organization of these correlations at the level of
the dimensions: while there are some pairwise combinations that are higher, on the
whole there are four scales that are all moderately correlated with one another. All
four factors show moderate stability over time. Thus, the attitudes that students had
at the beginning of the semester could have provided the opportunity to continuously
influence student performance and behaviors during the whole semester. However,
because there is also significant change, the average attitude held across the semester

is likely a better estimate of the relationship of attitudes to performance.

6.4.2 RQ2: Are there gender/sex differences in the different components

of students’ physics intelligence mindsets?

Table 3 shows descriptive statistics for each measure by gender/sex at pre and
post. On the pre-surveys, men and women have nearly identical and high scores in
the My Growth, Others’ Ability, and Others’ Growth categories. That is, in general
most students have growth rather than fixed mindsets, particularly when considering
others.

The only pre-survey category with a significant gender /sex difference is My Abil-
ity. In this category the gender/sex difference has a medium effect size with men
having higher scores than women (i.e., women were more likely than men to be-

lieve that natural ability is important for themselves to succeed in physics). There
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were also gender/sex differences in prior academic performance. As seen in Table 3,
women tend to have higher high school GPAs than men in our sample, but lower
SAT math scores. Both of these differences had relatively small effect sizes and both
populations generally had high scores (i.e., were generally well prepared for challeng-
ing academic work). Thus, the lower average course grades for women (see Table 3)
are somewhat surprising from an academic preparation perspective. Note, we can-
not assume men’s higher SAT math scores directly translate into higher grades in
math-intensive courses. There is no similar gendered grade difference in Calculus 1,
which this population often takes in tandem with Physics 1 [14,39]. Instead, factors

other than academic preparation are likely at play.

6.4.2.1 RQ3: If there are differences in the components of students’
physics intelligence mindsets, do the differences grow or decline from the

beginning to the end of their first university-level physics course?

By the end of the semester, there were moderate-to-large gender/sex differences
in all four mindset constructs, and all gender/sex contrasts became statistically sig-
nificant. Thus, following their first experience in university-level physics, women
were more likely than men to believe that natural ability is important to succeed in
physics for both themselves and others. This change in gender /sex differences reflects
moderate-to-large declines in attitudes in women but only small declines in men, on
average (see Figure 1). This suggests that classroom experiences that influenced
student mindsets affected men and women differently. Trends were similar across
instructors, though some results were non-significant when calculated for individual

instructors’ classes, due to low sample size.

129



6.4.2.2 RQ4: Do any of the mindset factors from RQ1 predict course

grade?

We conducted multiple regression analysis to find which of the four mindset
factors best predicted physics course grade (see Table 4). Models 1-3 used only
pre-survey results, while Models 4-6 used the mean of pre- and post-survey mindset
scores (because of the large changes in mindset across the semester). In Model 1, only
gender, SAT math scores, and HS GPA are included as predictors and all three were
statistically significant. This model shows that women have lower Physics 1 grades
than men when controlling for prior academic preparation, formally establishing that
other factors are needed to account for gender/sex differences in course performance.

Model 2 includes My Ability (MA) as a fourth predictor, the single strongest
correlate of grades. Here pre-survey MA is a significant predictor beyond academic
preparation. Its addition weakens the relationship between gender/sex and Physics
1 grade, though gender/sex remains significant. Additionally, Model 2 has a small
increase in adjusted R-squared compared to Model 1. This means that Model 2
explains more of the variance in course grades than Model 1, while penalizing for
non-signifcant predictors [108].

Model 3 adds the remaining pre-survey mindset factors: MG, OA, and OG. None
of the newly added factors are statistically signifcant, and their addition leaves fully
intact or slightly strengthens the predictive power of the other predictors, suggesting
robust relationship estimates. The predictive power of gender/sex decreases slightly.
Variance Inflation Factors (VIFs) for every variable in Models 1-3 were below our
cutoff of 2.0, which indicates that our models are not skewed by multicollinearity,
even in the case of the different mindset factors that were also moderately correlated

with one another.
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Models 4-6 are focused on the sample that completed both pre and post to
unpack the predictive role of average attitudes across pre and post. Model 4 is
identical to Model 1, but now providing the baseline model for the reduced sample
set. The parameter values are similar in approximate magnitude as those of Model
1, although the SAT estimate is smaller and the gender/sex estimate is larger.

Model 5 adds average MA as a predictor. Average MA has more than twice
the predictive power of pre-MA, and the gender/sex estimate decreases in size by
40%. Model 6 introduces the remaining average mindset factors, none of which are
statistically significant predictors, similar to the findings of Model 3. There are no
major changes in the predictive power of MA, HS GPA, or SAT math from Model 5
to Model 6, again suggesting robust relationship estimates and that MA in particular
was the most likely mediator of gender/sex differences in grades among the mindset
factors.

In Models 4-6, VIFs are mostly below the cutof of 2.0, except for MG (VIF=3.08)
and MA (VIF=3.19) in Model 6. MA and MG are often conceptualized as a single
factor [207] because they have substantial intercorrelations [194] as in our analysis
(see Table 3). However, the robustness of the pattern of regression estimates and
much lower predictive power of MG across models supports the focus on MA as the
key predictor of student performance. Although there was analytic support for treat-
ing the Likert ratings as continuous predictors, some skew in the distributions did
occur. However, regression results were very similar when binary mindset variables
(i.e., 1 for strong endorsement of growth mindset/strong rejection of fxed mindset;
0 otherwise) were used instead of means based upon 1-4 codings. Most importantly,

MA was the strongest predictor of grade among the mindset factors.
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6.5 Discussion

6.5.1 RQ1l: What are the components to students’ physics intelligence

mindsets?

The current study strongly replicated the exploratory findings of Kalender et
al. [33] using a survey instrument designed to specifically test for the four components:
My Ability (MA), My Growth (MG), Others’ Ability (OA), and Others’ Growth
(OG). It also builds upon the work of De Castella and Byrne [201], who found an
empirical separation of my versus others’ mindset factors, along with a number of
other studies that found support for a divide along the ability/effort dimensions
[192-194]. The four components were only moderately correlated with one another
(~25% shared variance at pre) and were separable in CFA models. Further, the My
Ability factor showed different patterns related to RQ2 and 3. In sum, there was
support for separating our four components both from psychometric analyses and

empirical phenomena.

6.5.2 RQ2: Are there gender/sex differences in the different components

of students’ physics intelligence mindsets?

At the start of the semester, there were no gender/sex differences in My Growth,
Others’ Growth, or Others’ Ability. However, there was an initial (moderately sized)
gender /sex difference in My Ability even among this relatively selective set of stu-
dents who have opted into engineering and physical science pathways. That is,
women in this context were more likely than men to believe that physics requires
innate ability and that they, in particular, did not possess that ability. However, by

the end of the semester, all four mindset categories showed significant gender/sex
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differences, and sometimes large differences.

6.5.3 RQ3: If there are differences in the components of students’ physics
intelligence mindsets, do the differences grow or decline from the begin-

ning to the end of their first university-level physics course?

Both self-theory mindset factors (My Ability and My Growth) significantly de-
creased (i.e., mindsets became less growth-oriented and more fixed) for men from the
start to the end of the semester, while all intelligence mindset factors significantly
decreased for women. In addition to decreasing all mindset factors for students re-
gardless of gender, the courses also created or contributed to a gender-based inequity
in physics intelligence mindsets. These results add to research showing that women
in physics courses also have other forms of lower average motivational characteristics,
such as self-efficacy and sense of belonging, than do men, even in highly self-selected
pathways [11,12,40]. Such differences may come from general messages about the
discipline. In physics, and a few other fields, success is often viewed as a result of
brilliance [59] and women may receive fewer messages that they are brilliant and can
thus succeed in physics. Such differences may also come from differential experience.

In the US, women make up less than a third of students who take advanced (Physics

2 or AP Physics C) high school physics [66].
6.5.4 RQ4: Do any of the mindset factors from RQ1 predict course
grade?

Despite having only small differences in SAT Math scores and compensatory
strengths in HS GPA, women had lower grades in this physics course. Mindset
differences, especially related to My Ability, offer a partial explanation for this phe-
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nomenon. Based on our regression models, My Growth, Others’ Ability and Others’
Growth did not predict course grade, while both pre- and average-My Ability did.
Note, however, that less than half the grade gender/sex difference was explained
by the My Ability component. It may be that other motivational factors, such
as self-efficacy [11,12,40,41, 65, 188], were also important contributors to students’
final grades. Alternatively, differences in the learning environment, such as micro-
aggressions by peers, TAs, and instructors, or differential levels of support, may also
have played an important role in the differential learning outcomes [57,208].

Because physics self-mindset is a predictor of Physics 1 grade, finding a way to
increase My Ability beliefs may mitigate gendered grade differences. In this pop-
ulation (primarily engineering students) women are more likely to leave the major
due to concerns about low grades than men are, even when they have an A or B
average [115], so enhancing women’s My Ability beliefs may increase retention. Im-
portantly, average My Ability is a stronger predictor of course grade than pre-My
Ability.

Thus, educators have an opportunity to intervene and potentially improve grades
and cultivate growth mindsets, especially since (from RQ1) mindset self-theory ap-
pears to be malleable during this time period. If self-mindset is simultaneously
more malleable and has a stronger correlation to learning outcomes, than mindset
interventions in this context should focus on students’ individual experiences or the
experiences of people they can relate to (for example: [132,209,210]), rather than
activities that focus on teaching students about the brain’s general ability to change
and grow (for example [74,75]). The latter approach appears to be well-suited to
students who hold a general fixed mindset. However, it may not be useful to students
who endorse a general growth mindset but a fixed self-theory. In addition to showing

students that changing one’s intelligence is possible, we must show them that they
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can change their own intelligence.

6.5.5 Teaching implications

For instructors who want to help students abandon fixed mindsets, student-level
interventions can be valuable. It is especially important in disciplines like physics,
where endorsing a fixed mindset is common [59], that instructors clearly state that
hard work and effort are necessary for success, not innate ability. Providing opportu-
nities for self-refection about times that students improved their abilities, or sharing
stories of a diverse (so that all students in the class will be able to relate to some
examples) range of people that overcame academic challenges may also help students
develop a growth mindset and improve academic outcomes [64,132].

Instructor-facing interventions can be useful, too. Discipline-wide mindset be-
liefs can predict the diversity of graduate programs [59], but do not predict student
course achievement as well as the mindset of instructors do [211]. Instructors with
fixed mindsets tend to have low expectations of students they believe lack natural
talent, which can lead instructors to give easier assignments or encourage students to
drop difficult classes because of presumed low ability [212]. Instructors with growth
mindsets encourage students to accept mistakes and failures as a part of a normal
learning process, congratulate persistence, and praise effort rather than intelligence
when students succeed [209,212]. Instructors with growth mindsets are also more
likely to implement active learning in their courses [213]. Students report decreased
interest in courses, as well as more concerns over fair treatment and low grades if
their instructor had a fixed mindset as opposed to a growth mindset, and this effect

was larger for women than men in the study [214].
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6.6 Limitations and future directions

The primary goal of this research was to identify which physics intelligence mind-
sets participate in important empirical phenomena: changing after instruction, pre-
dictive of course grades, and potentially explaining gender/sex differences in course
grades. However, it is important to acknowledge that the analyses were fundamen-
tally correlational in nature. The causal relationship of physics intelligence mindsets
would need to be further supported through intervention studies. The established
benefits of other mindset interventions (e.g., Felder et al. 1995 [215]) suggest such a
causal link is plausible. Further, the more specific physics intelligence mindset factor
most directly associated with course grades (My Ability) suggests a new focus for
mindset interventions that could have even larger effects.

A second set of concerns relate to generalizability of the findings. Because the
studied institution is predominantly white, we were unable to study if mindset beliefs
differ or predict grades differently for students of different racial /ethnic backgrounds
due to low sample size. Although the findings were stable across the instructors
in the study, a broader set of instructional contexts should also be examined. It
may be that other instructional formats (e.g., with well-supported group-work) or
more gender-balanced courses would produce smaller declines in physics intelligence
mindsets [120]. However, due to regular replications of related research [11,41, 65],
we believe our results are likely to translate directly to other large state universities.
Results from different contexts, like such as liberal arts and community colleges, as
well as schools that are much more or less selective than our institution, should be
examined.

Due to the focus on gender in this study, future research should also explicitly

include students who fall outside of the binary gender/sex categories included here,

136



as well as transgender students who may not have their gender accurately recorded
by the university. Though this university recently began to include more sex/gender
options for students, qualitative studies may be more appropriate to understand
mindset in these marginalized populations until student samples are large enough to
be meaningful in quantitative analysis.

Another dimension of generalization relates to other disciplines. This study fo-
cused on gender/sex and physics mindsets because women are an underrepresented
group in physics. Because the intelligence mindsets are likely important in other
STEM disciplines, generalizability should be tested in other fields, especially where
women are more equitably represented (e.g., biology and chemistry). The patterns
across disciplines will provide important clues into the mechanisms that produce

these effects.

6.7 Conclusions

Mindset research has recently garnered attention in the physics context. This
study shows that intelligence mindset can be divided into four factors: My Ability,
My Growth, Others’ Ability, and Others’ Growth. Previous work studying mindset
has divided along either by growth/ability or me/others categories, but rarely simul-
taneously. However, qualitative studies in physics have called for a more nuanced
measurement of mindset than most surveys allow; these four categories are a step
in that direction. Next, this work reveals that gender/sex differences are more pro-
nounced in the “My” categories than the “Others” categories, and these differences
are developed or exacerbated from the start to the end of an introductory physics

course. These results show that women’s and men’s intelligence mindsets are af-
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fected differently by the classroom environment, and future studies may find this
useful when developing new interventions or teaching methods aimed at helping stu-
dents develop growth mindsets. Finally, we find that My Ability is the only mindset
factor that predicts course grade. This information may be useful to target mindset
interventions to student beliefs. A student who believes nobody can become more
intelligent through hard work has very different needs than one who believes that
most people can become more intelligent but that they personally lack the ability to

do so.
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Table 24: Survey items included in the study and standardized factor loadings for

pre and post surveys. N=781

Construct name or Item test A
My Growth (o = 0.84)

I can become even better at solving physics problems through hard work 0.76
I am capable of really understanding physics if I work hard 0.83
I can change my intelligence in physics quite a lot by working hard 0.82
My Ability (o =0.84)

Even if I were to pend a lot of time working on difficult physics problems, I cannot 0.64
develop my intelligence in physics further

I won’t get better at physics if I try harder 0.64
I could never excel in physics because I do not have what it takes to be a physics 0.87
person

I could never become really good at physics even if I were to work hard because I 0.87
don’t have natural ability

Others’ Growth (o = 0.84)

People can change their intelligence in physics quite a lot by working hard 0.82
If people were to spend a lot of time working on difficult physics problems, they 0.82
could develop their intelligence in physics quite a bit

People can become good at solving physics problems through hard work 0.77
Others’ Ability (a = 0.68)

Only a few specially qualified people are capable of really understanding physics 0.67
To really excel in physics, people need to have a natural ability in physics 0.73
If a student were to often make mistakes on physics assignments and exams, I would 0.55

think that maybe they are just not smart enough to excel in physics
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Table 25: Pearson correlations between each mindset construct as well as physics 1

course grade. The following abbreviations are used: My Ability (MA), My Growth
(MG), Others’ Ability (OA), and Others’ Growth (OG). p < 0.001 unless otherwise

noted by: * =p < 0.05, ™ = p < 0.01, and ™ = not statistically significant.

Pre Post

MG MA oG OA MG MA oG OA
MG Pre 0.34
MA Pre 0.52 0.44
OG Pre 0.51 0.43 0.38
OA Pre 0.28 0.45 0.33 0.33
MG Post
MA Post 0.67
OG Post 0.69 0.57
OA Post 0.43 0.65 0.44
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7.0 Bioscience student’ internalized mindsets predict grades and reveal

gender inequities in physics courses

7.1 Introduction and theoretical framework

For decades, physics departments have struggled to recruit and retain women
[1-3] and generally many women in the broader STEM workforce have a negative
view of physics [216]. In response, researchers have dedicated effort into improv-
ing gender equity and diversity (for example, see [34,132-135,217,218]) of physics
departments and classrooms. Some of their research has focused on gender differ-
ences in motivational beliefs that arise from negative messages in prior and current
classrooms as well as broader society. For example, researchers have found that gen-
der differences in physics-specific motivational beliefs (such as physics self-efficacy,
perceived recognition from instructors, and intelligence mindset) may account for
some of the differences in physics performance and persistence between women and
men [10,16,23,33,128-131]. Other studies also posit that societal stereotypes and bi-
ases about who belongs in and can excel in physics also may explain some of these gen-
der differences [55-58], either via messages from media, family, and friends or as the
cause of negative messages voiced by instructors, TAs, and classmates [10, 130, 131].

Much of the research about motivational beliefs, performance, and equity in in-
troductory physics courses has focused on courses for students pursuing engineering
and physical science majors, rather than for bioscience and health-related majors.
These courses in the US often differ in gender/sex makeup: most students in courses
for engineering and physical science students are men, but most students in courses

for bioscience students are women, similar to the higher participation rate of male
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students in calculus-based vs. algebra-based AP physics courses [219]. Some re-
search suggests being a numerical minority in a classroom has negative motivational
consequences [220]. On the other hand, negative prior experiences with physics may
continue to produce negative attitudes towards physics even when one is not a numer-
ical minority. Other prior research has found that even in physics courses in which
women are not underrepresented, men tend to have higher grades and physics-specific
motivational beliefs in physics courses than women [10, 16,23, 33, 34, 128-134, 158].
For example, women tend to have lower physics self-efficacy (one’s belief in their
capability to succeed at an activity or subject [127]) than men with the same grades
in courses for engineering and physical science students as well as courses for bio-
science students [23,41]. However, one motivational belief that has not been studied
in the context of bioscience majors taking introductory physics is physics intelligence
mindset, which may be particularly skewed towards fixed mindsets among students
choosing majors and career paths that involve relatively little physics.

More broadly, intelligence mindset describes a person’s views about the nature
of intelligence, and was originally conceptualized on a spectrum [68]. On one end of
this spectrum is a growth mindset, in which intelligence is believed to be cultivated
with effort and can be developed over time [68]. On the other end is a fixed mindset,
in which intelligence is believed to be innate and unchangeable [68]. The study of
domain-specific intelligence mindset has gained popularity in recent years [16,33,128].
This is because the mindset for a discipline can be different from a general intelligence
mindset and because domain-specific mindsets tend to be more predictive of student
performance in that discipline [16,33,41].

In prior work, we developed a new, physics-specific tool to measure intelligence
mindsets [16, 33], which has been previously used to investigate mindset beliefs of

students in physics courses aimed at engineering and physical science majors, but has
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not yet been used for students in physics courses for bioscience and health-related
majors. In this study, we aim to investigate the nature of physics-specific mindsets
for this latter group, as well as whether physics intelligence mindsets change from
the beginning to the end of the course, differ by gender, or can predict learning

outcomes.

7.1.1 Intelligence Mindset Theory

Intelligence mindset theory posits that there are two broad beliefs about intelli-
gence and how it is formed: growth mindsets and fixed mindsets. A growth mindset
is one in which intelligence is viewed as something that can be cultivated with ef-
fort, like a muscle, whereas a fixed mindset is one in which intelligence is thought to
be innate and unchangeable [68]. Mindset beliefs have implications for how people
engage with challenges faced while learning. Students with fixed mindsets tend to
disengage from or avoid difficult tasks, and tend to view struggle as a sign that they
are not smart enough to succeed, rather than a normal part of learning [68, 70, 71].
On the other hand, students with growth mindsets tend to welcome challenges and
view them as an opportunity to learn and improve their abilities [69, 70].

Intelligence mindsets are a useful focus for educational research because of their
important role in influencing student learning behaviors but also because relatively
brief interventions have been found to successfully change student mindsets for
months and even years later. Focusing on their role in student learning behaviors,
growth mindsets have been linked to positive learning outcomes even after control-
ling for prior academic achievement because they can increase students’ engagement,
propensity to attempt challenging problems, and persistence [68,72-75]. Further, in-

telligence mindsets often vary by gender and race/ethnicity, and these relationships
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have been argued to be an important pathway by which inequity of learning out-
comes and participation in STEM occur [71,195]. Strong growth mindset beliefs
can lead to a greater sense of belonging for both women and students from other
underrepresented groups [76].

Turning to interventions focused on student intelligence mindsets, a number of
brief interventions have been tested in middle school, high school, and university
contexts. Several of these interventions have successfully changed students’ reported
mindsets [75, 132,198, 221] and improved students’ learning outcomes [74, 75, 196].
These interventions have tended to be especially effective for students at high risk of
failing a class [197,198].

Despite some well publicized successes with some interventions, a recent meta-
analysis by Sisk et al. [199] revealed that the effectiveness of mindset interventions
varies significantly, with only 12% of included interventions significantly improving
academic achievement. One possible factor that could determine the effectiveness of a
mindset intervention is the demographic groups a student belongs to. An intervention
may be more effective for women or low-income students than for men or high-income
students [191]. Indeed it is important to examine which groups experience low growth
mindsets or high ability mindsets to understand which groups are likely to be helped
by a mindset intervention. However, Sisk et al. also raised concerns about mindset’s
ability to predict learning outcomes in particular contexts. We argue (see below) that
general intelligence mindsets may not be as important as discipline specific mindsets
for participation and learning outcomes within disciplines, especially in disciplines

like physics for which there are especially strong stereotypes about brilliance [59].
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7.1.2 Dimensions of Intelligence Mindset

Researchers initially viewed intelligence mindset as a single continuum in which
a growth and fixed mindset sit on either end [68]. However, interviews show that
students may simultaneously have some growth mindset beliefs and and fixed mindset
beliefs, pointing to a need for more nuanced dimensional measures of mindset [128,
189]. Technically speaking, the former approach is a “one-factor” model, while the
latter is a “multi-factor” model. Though the one-factor approach is still popular
[42,191,204], there is a growing body of work that uses separable growth and fixed
mindset dimensions [16,33,192-194]. For example, in a two-factor model, a student
might report both come growth mindset and some fixed mindset beliefs. Such a
student may understand that practice and hard work are necessary to excel in physics.
However, that student may also believe a base level of ability is also needed and feel
disempowered if they think that they do not personally posses that “necessary” talent
or ability to excel.

Another conceptual divide in mindset research involves beliefs about self versus
others. One study [201] found that high-school students conceptualized intelligence
mindsets differently for themselves than for others. They also found that intelligence
“self-theory” was a stronger predictor of academic performance than general intelli-
gence mindsets. As noted in the next section, similar patterns were recently found
with self vs. other physics mindsets.

We aim to investigate if students had separable beliefs about growth and fixed
mindsets, as well as if they held different mindset beliefs about themselves versus
others. If student mindsets are separable along these divides, then there is an oppor-
tunity to learn which more specific mindsets are particularly important for learning

outcomes or especially associated with gender differences. Those findings in turn
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would better enable targeted interventions.

7.1.3 Physics Intelligence Mindsets

Students may have different mindset beliefs in different domains and contexts.
For example, they may believe that intelligence in general can change through hard
work or that they in general have enough intelligence for most situations, but still
have fixed mindsets about particular domains with especially strong stereotypes of
innate brilliance such as physics. Physics-specific mindset research is relatively new
[16,33,42,128]. One of these first studies found that physics-specific mindsets are
both different from (via a factor analysis) and a better predictor of physics learning
outcomes than general intelligence mindsets [42].

Further, many stereotypes about women and intelligence are domain-specific.
For example, women are perceived to have strengths in the arts and humanities
and weaknesses in math and the sciences [56,202]. Physics in particular is a field
with particularly strong stereotypes and biases about who belongs in and who can
excel in the domain [55,56,177]. Both the general public [55] and working physicists
[59] believe that success in physics requires innate talent or brilliance and societal
narratives about talent and brilliance tend to ascribe these traits to boys and men
[57,177,222]. Parents of girls are less likely to believe their child could succeed in a
career that requires mathematical ability [67,97]. Boys are more likely than girls to
receive positive recognition from their science instructors, including in physics courses
[9,28,131]. Finally, there is evidence that physics intelligence mindsets become more
fixed after taking a physics course, especially for women [42].

Recent research supports a four-way division of physics intelligence mindsets,

and finds that one of the four physics-specific mindsets was especially predictive
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of introductory physics course grades in the male-dominated courses for physical
science and engineering majors [16, 33]. In particular, Kalander et al. were the
first to find that physics intelligence mindsets can be divided into four dimensions
along the combinations of me versus others and growth versus ability and the best
fitting model to the survey data separately measures the four factors: My Ability
(students’ beliefs about their own abilities), My Growth (students’ beliefs about their
own potential to grow), Others’ Ability (students’ beliefs about others’ abilities), and
Others’ Growth (students’ beliefs about others’ potential to grow) [33].

However, the Kalender et al. study uncovered these four mindset factors using
a survey that was not specifically designed to measure four dimensions of physics
intelligence mindset (i.e., had too few items per dimension) because this was not the
original conception that drove the design of that survey instrument [33]. Malespina
et al. then built upon this work in the same context by expanding the number of
survey items and designing their structure to directly map onto the four hypotheses
components and was able to replicate the original findings [16]. Further, both studies
(each conducted in the calculus-based context for engineering and physical science
majors) found that My Ability was the best predictor of physics course grade, had
the largest gender differences, and appeared to largely mediate the effects of gender

on grades.

7.1.4 Research Questions

Here the same survey items from the Malespina et al. study are used in a new
context: introductory physics for bioscience majors [16]. The survey aims to pin-
point specific mindset beliefs (such as if a student holds different mindset beliefs

for themselves versus their peers). Additionally, the measure is context-specific to

147



physics. We will also examine whether mindset beliefs predict learning outcomes dif-
ferently for men and women, as suggested by Yeager and Dweck’s [191]. In addition,
this research will investigate whether student grades are predicted by mindset across
the full range of possible mindset levels or whether there are threshold effects such
that mindset differences only matter at the high or low end. Here, we use “low”,
“medium”, and “high” threshold values to measure student mindset. Though these
thresholds are specific to the instrument used in this study, such threshold effects
could help investigate which courses and students are most in need of intervention.
For example, if outcomes for low and medium mindset values are similar, then it
would be important to prioritize high scores for students through interventions and
other means. We aim to answer the following research questions for students in

introductory physics courses for bioscience majors at a large research university:

RQ1. Do physics intelligence mindsets organize into four factors (My Ability, My
Growth, Others’ Ability, and Others’ Growth) as they did for students en-
rolled in physics for engineering and physical science majors?

RQ2. a. Are there overall gender/sex differences in the means or distributions
(in low, medium, and high categories) of students’ physics intelligence
mindset beliefs?

b. Are gender/sex differences in the means or distributions of students’
physics intelligence mindset beliefs especially localized to particular di-
mensions?

c. Do gender/sex differences grow or decline during students’ first university-
level physics course?

RQ3. Do any of the mindset dimensions predict course grade and is the predictive

relationship linear?
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If the findings replicate what was found in the male-dominated introductory
physics courses for physical science and engineering majors, then we expect: 1) four
dimensions (My Growth, My Ability, Others’ Growth, Others’ Ability); 2) men will
have higher mindset scores than women, especially for My Ability beliefs, and gender
differences in all of the mindset factors will grow over time; and 3) My Ability is the

best predictor of grade.

7.2 Methodology

7.2.1 Participants and Procedures

We collected survey data at the beginning and end of the semester. Participants
were students enrolled in a physics 1 course for bioscience and health-related majors.
At this institution, introductory physics courses for bioscience majors are algebra-
based, while courses for physical science and engineering majors are calculus-based.
The physics 1 course primarily covered mechanics, though both thermodynamics and
and waves were also included. Faculty taught the course in a traditional lecture-based
format alongside smaller-sized recitations taught by teaching assistants in which
students work collaboratively on physics problems. The student sample involved
three different sections taught by three different instructors in one semester.

Surveys were handed out and collected by the teaching assistants in the first and
last recitation class of a semester. Students were given course credit or extra credit
for completing the survey, depending on the instructor’s preference. The completion
rate was 83% (N = 547) for the pre test and 78% (N = 500) for the post test. We

focused upon the 428 students who took both surveys so we could observe students’
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change in motivational beliefs over time; however, similar findings were obtained
when using the full set of respondents. An additional 9 students were excluded from
the study due to missing demographic information or receiving an “incomplete” grade
in the course. The final number of students in the presented analyses was 419.

Based upon institutional data, the longitudinally matched sample was 66% women
(compared to 62% for all enrolled students), which is typical for introductory physics
for bioscience majors courses at this institution. We note that response rates were
slightly different by gender (Pre/Post response rates were for 85%/79% for women
and 79%/70% for men). Students at this predominantly white institution (PWT)
identified with the following races/ethnicities: 68% White, 19% Asian, 3% His-
panic/Latinx, 5% multiracial, and 5% African American/Black. This course is taken
almost exclusively by students intending to pursue postgraduate work in the health
fields (especially medicine). Most students were in their second (13%) or third (65%)
year of university.

This research was carried out in accordance with the principles outlined in this in-
stitution’s Institutional Review Board ethical policy, and de-identified demographic
data were provided through university records. For some variables, such as high
school GPA, this approach allows us to rely on records that may be more accu-
rate than students’ memories. However, it limits other measures such as student
sex/gender, which students could only report as “male” or “female”. We acknowl-
edge the harm that collecting data this way can cause [136,158]. This institution
recently began to implement more inclusive sex and gender reporting methods for
students, which we plan to use once student samples are large enough to be mean-

ingful in quantitative analysis.
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7.2.2 Measures
7.2.2.1 Physics intelligence mindset

We adapted this mindset survey from previously validated surveys [16, 33, 42].
The survey was designed to measure mindsets across a self vs. others dimension, as
across a growth vs. ability dimension. Initially, there were 19 items in the mindset
survey, which can be found in Appendix H.

After the questions were drafted, we conducted 20 one-hour semi-structured cog-
nitive interviews to ensure that students interpreted questions as intended. Partic-
ipants were students who had previously taken physics courses ranging from intro-
ductory to graduate-level. One of the 19 survey items (“I will always be as good
at physics as I was in high school.”) was removed because the cognitive interviews
indicated that students did not interpret it as intended [16].

This survey was designed to have four separable mindset beliefs based upon the
combinations of those two dimensions [16,33]: My Ability, My Growth, Others’ Abil-
ity, and Others’ Growth. The items were distributed across mindsets as follows: six
My Ability items, and four items each for the three other constructs. See Appendix
H for the full set of items. Each item used a common set of four response options
(Strongly Disagree, Disagree, Agree, Strongly Agree). Responses were correspond-
ingly coded as 1 to 4, with reverse coding for all My Ability and Others’ Ability
questions such that higher values corresponded to mindsets hypothesized to support

learning.
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7.2.2.2 Prior academic preparation

High school Grade Point Average (HS GPA) was reported using the weighted 0-5
scale, which is based on the standard 0 (Failing)-4 (A) scale with adjustments for
Honors, Advanced Placement and International Baccalaureate courses (all of these
programs may offer a “weighted” GPA that adds up to one or two grade points as a
reward to taking advanced courses, which can allow a GPA higher than 4.0). High
School GPA is taken as a measure of general academic skills and generally is a strong
predictor of early undergraduate course performance [138]

Students’ Scholastic Achievement Test math (SAT math) scores are on a scale
of 200-800 and were used as a predictor of performance on high-stakes assessments
involving mathematical problem-solving (e.g., physics exams) [113,138,139]. If a
student took the American College Testing (ACT) examination, we converted ACT
to SAT scores [102]. If a student took a test more than once the school provided the
highest section-level score for the SAT and the highest composite score for the ACT.
If a student took both ACT and SAT tests, we used their SAT score.

7.2.2.3 Course Grade

Course grades were based on the 0-4 scale used at our university, with A = 4,

B=3C=2D=1,F =0 or W (late withdrawal), where the suffixes ‘+" and
‘-7, respectively, add or subtract 0.25 grade points (e.g., B- = 2.75 and B+ = 3.25),
except for the A+, which is reported as 4.
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7.2.3 Analysis
7.2.3.1 Survey Validation

Confirmatory factor analysis (CFA) using the R package “lavaan” was used to
provide quantitative validation for whether the survey items fit the proposed four
mindset constructs. To evaluate whether the model was acceptable, we chose the
following standards: standardized factor loadings of each item were greater than 0.5
[173, p.301], a Comparative Fit Index (CFI) and Tucker—Lewis index (TLI) greater
than 0.90, a Root Mean Square Error of Approximation (RMSEA) less than or equal
to 0.08, and a Standardized Root Mean Square Residual (SRMR) less than or equal
to 0.08 [223].

We first investigated whether the conceptual division into four components in
terms of growth/ability and myself/others was replicated in this course context. In
particular, in addition to testing the fit of the model based upon the four categories,
other models were also evaluated based upon other approaches to intelligence mind-
set. A one-factor model in which all items were included in a single construct was
tested and rejected due to poor model fit. Two-factor models were also evaluated:
one model divided items that asked about the self and others, and the other divided
questions that asked about growth and ability. Both models were rejected due to
poor model fits. The four-factor model resulted in the best overall model fits.

After deciding on a four-factor model, the item with the lowest factor loading was
dropped, and the model was iteratively re-evaluated with the remaining items. Items
were dropped as long as fit indices improved or remained consistent and each factor
had at least three items. This process produced a robust model while eliminating

excess variables. After determining the items to include, we calculated Cronbach’s
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«, a measure of internal consistency between items within a construct. A generally
accepted value for Cronbach’s « is between between 0.70 and 0.90 [108].

To create latent variables, we calculated the mean score of the questions in each
validated category using the reduced set of twelve survey items. As a reminder, all
the mindset dimensions are scored from 1 to 4, and are coded such that a high score
corresponds to agreeing strongly with growth/malleable physics mindset beliefs or
disagreeing with fixed/ability mindset beliefs. We used mean scores for constructs
because prior Rasch modeling [108] with this four-point scale for mindset items had
found roughly equal psychological distance between levels [33] and because the cor-
relation between simple mean scores and Rasch-adjusted person estimates are very
high (e.g., usually above .99).

We also tested different levels of measurement invariance in the final CFA model
to make sure the survey items functioned equally across gender groups given the
focus of the current study. In each step, we fixed different elements of the model
to equality across gender and compared the results to the previous step using the
likelihood ratio test [173]. We did not find any statistically significant moderation
by gender, supporting the use of mean scales scores in analyses of gender differences.

After completing the CFAs to determine the mindset scales, we addressed outliers
in all mindset scale values (as well as in SAT/ACT math, course grade, and high
school GPA) by winsorizing [108]. To winsorize the scores, we replaced outliers with
values two standard deviations above or below the mean, so that we maintained
the direction of the outlier without introducing extreme values that produce poor
performance in the regression models.

Pearson correlations were calculated between the generated latent variables within
a time point to provide information on potential problems of collinearity among pre-

dictors in the multiple regressions (e.g., Pearson r > 0.70). Further, pre-post Pearson
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correlations for each attitude were used to examine attitude stability over time: pre-
post correlations below 0.3 would indicate low stability, correlations above 0.8 would
indicated high stability, and intermediate values would indicated moderate stability.
We also calculated Pearson correlations between each mindset dimension and course

grades as a baseline prediction model.

7.2.3.2 Descriptive Statistics

To analyze gender differences on all measures, we calculated means and standard
deviations by gender and then we compared men and women’s scores using unpaired
t-tests to measure statistical significance of the differences [108] and Cohen’s d to

measure the size of the difference [140]. Cohen’s d is calculated using:

q= - 2)
(of +03)/2
where 1 and o are the mean values of each group and o; and o9 are the standard
deviations of each group [140]. Group one was women and group two was men.
Cohen’s d is considered small if d ~ 0.2, medium if d ~ 0.5, and large if d ~ 0.8
[140]. Levene’s test was implemented to ensure that the homogeneity of variance
assumption was met for the unpaired ¢-tests [108].

Similarly, to compare students’ mindset scores from pre to post, paired t-tests
[108] and Cohen’s d effect size measures were also used. The change-over-time anal-
yses were also conducted for all instructors separately to check for consistency of
the patterns across instructors. Trends were generally similar between instructors.
One instructor’s class did not have statistically significant mindset decreases in all
constructs for men, though the decrease was similar in magnitude to other instruc-

tors. This may be due to small class size, as there were only 22 men in that group
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of participants.

Finally, we divided students into groups that reported “low” (< 2.5), “medium”
(2.5 —3.5), and “high” (> 3.5) on the 1-to-4 scales (after recoding) for each mindset
dimension. The specific thresholds were selected given the distribution of the data,
as it was rare for students to select the lowest values for each survey ite. We divided
students into categories for two reasons. First, for instructors with large class sizes,
strategically dividing students into groups with low, medium, or high mindset scores
may be easier to manage than placing students into groups based upon a continuum.
Second, analyzing the data this way provides a test of the linearity assumption in
the regression analyses. Third, if effects were non linear, this could shape the scale
of interventions that would be needed (e.g., for moving students from low all the way

to high).

7.2.3.3 Predicting Learning Outcomes

First, multiple linear regression analysis was used to find partial correlations be-
tween mindset components and grades, controlling for gender /sex and prior academic
preparation. For the quantitative analyses, gender/sex was coded as an indicator
variable: women=1, men=0.

Regression analysis was chosen over hierarchical linear modeling because the
Interclass Correlation Coefficients of the motivational measure data in these larger
lecture courses are adequately small (always < 0.10 and regularly < 0.04). Multiple
models were evaluated in order to find which was the best predictor of learning
outcomes and show robustness of relationships across model specification. All models
used standardized regression coefficients as a measure of effect size. The models

were implemented using the regress command in Stata [154]. To test the normality
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of errors, we compared a kernel density estimate of each model’s residuals with a
normal distribution. Each model had a normal distribution of residuals. We also
ensured that predictor effects were not miss-estimated due to multicollinearity by
implementing a Variance Inflation Factor cutoff of 2.0 for each model.

The regression models were built incrementally to assess the robustness of the
findings across different models. A baseline model predicted course grade using
only gender/sex, high school GPA, and SAT math scores. Next, we added the
mindset variables one-by-one in order of correlation strength with course grade until
all mindset variables were included. All models with significant mindset variables
were kept, along with the final model with all variables included as a robustness test.
The regression analyses used an average across pre and post scores. Average scores
were used instead of pre or post survey scores for two reasons. First, using post
survey scores raises a question of causality (did course performance affect mindset
or did mindset affect course performance?). Second, the average score is a proxy
for students’ mindset during the semester, while they were taking the course, rather
than after the class. Using average rather than only pre survey data is particularly
important given the sizable changes from pre to post alongside only moderate pre-
post stability that were observed in several of the attitudinal variables. The results
of linear regressions using either pre survey or post survey scores can be found in the
supplemental material.

After using a linear model, we also implemented regression analysis using a
threshold method based upon the low, medium, and high categories described in
the preceding section. Instead of using continuous variables for each mindset score,
these models used dummy variables for the two higher thresholds, treating low as the

contrast group. For each mindset component, we performed a regression controlling

for SAT math, High School GPA, and gender. Finally, if a mindset belief dummy
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variable predicted grade, we performed each regression again, but included an inter-
action between gender and that mindset belief dummy variable. Such an interaction
test could reveal whether a dimension predicts course grade for one gender but not

another or to a much larger extent for one gender.

7.3 Results

7.3.1 RQ1. Do physics intelligence mindsets organize into four factors
(My Ability, My Growth, Others’ Ability, and Others’ Growth) as they
did for students taking physics for engineering and physical science ma-

jors?

Initially, there were 19 items in the mindset survey, which can be found in Ap-
pendix H. A one-factor (in which all items were contained in the same construct) and
both two-factor models (in which one model construct used “growth” and “ability”
items, and another model used “me” and “others” factors) were rejected due to poor
overall model fit. After deciding on a four-factor model, six additional survey items
were removed (that is, they were completely excluded from the analysis) during the
CFA model testing process due to low factor loadings or cross-loading that led to a
poor model fit. The factor loadings for the 12 remaining items in the final model
can be seen in Table 26. This model meets all chosen fit index cutoffs. Standardized
factor loadings of each item were all greater than 0.5 [173, p.301], as seen in Table
26. All other fit indices (CFI, TLI, SRMR, and RMSEA) along with their cutoff
values [223], can be seen in Table 27. Thus, answering RQ1, the final model had the

four predicted mindset constructs: My Growth,
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In Table 26, Cronbach’s « values were between 0.71 and 0.89 for all constructs
for both the pre and post surveys, within the acceptable values range of 0.70 to
0.90 [108].

My Ability, Others’ Growth, and Others’ Ability. Further, each construct was
based upon three items, similar to prior work on mindsets [16, 33, 65].

Finally, the upper left and lower right of Table 28 reveals that intercorrelations
among the scales at pre and at post are all moderate and positive (after reverse
coding of ability mindsets), but none are so high (r > 0.7) as to represent redundant
measures. Correlations within each construct from pre to post (upper right of Table
28) showed low to moderate stability of the mindsets during this course experience,

with especially low stability of the My Growth mindset.

7.3.2 RQ2. Gender Differences

7.3.2.1 a. Are there overall gender/sex differences in the means or dis-
tributions (in low, medium, and high categories) of students’ physics in-

telligence mindset beliefs?

The winsorized means of both men’s and women’s mindset dimensions can be
found in Table 29. As a reminder, all the mindset constructs are scored from 1 to 4,
and are coded such that high scores correspond to a strong agreement with growth
mindset beliefs or rejection of of a fixed mindset beliefs. Table 29 also shows the
unpaired t-tests and Cohen’s d effect sizes comparing men and women’s mindsets at
the beginning of the semester.

Answering the means component of RQ2a, as expected based upon prior work,
men generally had higher mindset scores than women, as shown in Table 29. The

smallest gender differences were non-significant, while the largest differences had
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moderate effect sizes. Men had higher mindset scores than women in every mindset
category both pre and post.

Next, we divided students into groups that reported low (< 2.5), medium (2.5 —
3.5), and high (> 3.5) on a 1-to-4 scale for each mindset dimension. These student
distributions can be seen in Figure 8a for the pre survey and Figure 8a for the post
survey. As an important context note, more students in this course had growth rather
than fixed mindsets: average scores for both genders are closer to 4 than to 1 for the
pre survey. Distributions of mindset scores by gender showed similar trends to the
means. For all constructs, men were more likely than women to fall into the high
category, which can be seen in Figure 8. Similarly, for all constructs women were
more likely than men to fall into the low category. There was only one exception to
this trend, but this category did not have any student in the low category. Figure
8 also reveals that at the end of the semester men continue to be more likely to fall

into the high category and are less likely to fall into the low category.

7.3.2.2 b. Are gender/sex differences in the means or distributions of
students’ physics intelligence mindset beliefs especially localized to par-

ticular dimensions?

Though men generally had higher mindset scores than women, the size of the gen-
der differences varied by mindset construct, which we will now discuss individually.
My Growth beliefs had no statistically significant mean gender difference between
men and women at the start of the semester (see Table 29. For this construct, ap-
proximately half of women report high scores for pre beliefs (compared to 58% of
men). By contrast, pre My Ability beliefs had the largest mean gender difference

of any of the four pre constructs. These gender differences are also apparent in the
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score distributions that are found in Figure 8a. At pre, over half of men report a
high My Ability score, while only one-third of women do.

The dimension that had the smallest pre gender/sex mean difference was Others’
Growth. In this category, men and women had indistinguishable scores, shown in
Table 29. Others’” Growth also had the smallest gender differences in pre score
distributions. Figure 8a shows that less than 5% of both men and women reported
low pre scores, and a similar portion of men and women reported high scores (42%
versus 43%).

Others’ Ability had the lowest pre scores of any construct. Additionally, Others’
Ability had statistically significant gender differences in pre scores. The Others’
Ability gender differences are moderate at the start of the semester. As Others’
Ability had the lowest scores of any construct, it also had the largest portion of
students reporting low beliefs. In particular, 17% of women reported low pre Others’
Ability beliefs, compared to < 5% of men. Men were also more likely than women
to report high pre Others’ Ability scores.

Broadly, we found that men tended to report higher mean pre scores in all four
mindset constructs than women. The categorical distributions had a similar trend:
women were more likely to report low scores and men were more likely to report
high scores for all four pre mindset factors. However, to answer RQ2b, the gender
differences were smallest in the My Growth and Others” Growth factors, and largest

in the My Ability and Others’ Ability factors.
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7.3.2.3 c¢. Do gender/six differences grow or decline during students’

first university-level physics course?

All students had statistically significant drops in mindset beliefs over time. The
decreases in mean scores for each factor can be seen in Table 29 and the changes in
student score distributions can be found in Figure 8. Men had similar but usually
smaller decreases than women, with quantitative variations by construct.

The My Growth construct did not have statistically significant mean gender
differences at the start of the semester. However, by the end of the semester, there is
a moderate and significant mean gender difference in this construct. This growth in
gender difference is the largest of any construct, and appears to be due to a dramatic
drop (d = —0.92) in women’s My Growth beliefs. This decrease is also shown in
Figures 8a and 8b, which shows the distributions of students low, medium, and high
mindset beliefs at post. At the end of the semester, only 19% of women have high
My Growth beliefs, compared to 27% of men. Both men and women have lower My
Growth beliefs at the end of the semester, but the shift was more drastic for women.

Turning to the mindset with the largest gender difference, Table 29 reveals that
My Ability gender differences grew from d = —0.51 at pre to d = —0.61 at post.
These gender differences are also apparent in the score distributions that are found in
Figure 8. Both men and women show decreases in the number of students reporting
high scores from pre to post, but at the end of the semester men were over twice as
likely as women to report high My Ability scores. Women were also more than twice
as likely as men to report low post My Ability scores.

By contrast, focusing on the dimension that had the smallest gender/sex dif-
ferences, Others’ Growth, men and women were indistinguishable at pre, and then

there was a small gender difference at post. For pre Others’ Growth, Figure 8 shows
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that less than 5% of both men and women reported low scores, and a similar portion
of men and women reported high scores (42% versus 43%). Post Others’ Growth
distributions show minimal gender differences for low scores, but 7% more men than
women report high My Growth scores at the end of the semester.

The construct with the lowest scores, Others’ Ability, also showed the lowest
(but still substantial) declines, and these declines were similar for men and women.
Thus, the gender difference was similar at pre and post, but in the context of overall
relatively low scores. At the end of semester, one-third of women and one-fifth of
men had low scores in this construct. Women were also less likely than men to report
high post scores.

In sum, to answer RQ3c, mindset scores generally declined over time, but they
tended to decrease more for women than men, leading to larger gender differences at
the end of the semester than at the start. The largest increases in gender differences
from the start to the end of the semester were for My Growth and Others’ Growth
beliefs. The smallest increases in gender differences from the start to the end of the
semester were for My Ability and Others’ Ability beliefs. However, My Ability had

the largest differences both pre and post.

7.3.3 RQ3. Do any of the mindset dimensions predict course grade and

is the predictive relationship linear?

First, we conducted multiple regression analysis to find which of the four mindset
beliefs best predicted physics course grade. We conducted this analysis two ways.
First, we used linear regression using students’ mean scores for each construct (see
Table 30). Each model was conducted using the average of pre and post survey mind-

set scores due to the large changes in mindsets across the semester. Similar models
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using pre and post survey results can be found in the supplementary materials.

These models needed to include controls because there were also gender/sex
differences in prior academic performance, although in opposing directions: for our
sample women tended to have higher high school GPAs than men, but lower SAT
math scores, as seen in Table 29. However, men in the sample tended to have higher
physics 1 course grades than women. Here we investigate whether mindset differences
could account for this gender difference in grade outcome.

Model 1, which can be seen in Table 30 uses only gender, SAT /ACT math scores,
and HS GPA to predict students’ physics 1 course grades. All three predictors are sta-
tistically significant. This model establishes that women had lower physics 1 course
grades than men, even when controlling for High School GPA and standardized test
scores, formally establishing that other factors are needed to account for gender/sex
differences in course performance.

Model 2 includes My Ability as a fourth predictor. My Ability was chosen the
first predictor to add because it has the strongest correlation with course grade
for both the pre and post mindset components (see Table 28). Model 2 in Table
30 reveals that adding average My Ability to the model weakens the relationship
between gender/sex and physics 1 grade, though it remains a statistically significant
predictor. Model 2 also has an increase in Adjusted R-squared compared to Model 1.
This means that Model 2 explains more of the variance in course grades than Model
1 even with a penalty for having an additional predictor [108].

Model 3 includes all four mindset components. This model reveals that both
My Growth and My Ability are positively correlated with physics 1 course grades.
Adding these other constructs marginally decreases the regression () coefficients of
gender, SAT/ACT Math, and My Ability. Additional model testing revealed that

My Growth average is a not statistically significant predictor of course grade unless
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either or both Others’ Ability or Others’ Growth are added to the model. Most
importantly, Model 3 shows that the “My” dimensions of mindset (especially My
Ability) are stronger predictors of physics 1 grades than “Others” dimensions.

Next, we conducted the regression analyses predicting grades using two dummy
variables for each mindset construct: one for students categorized as reporting having
medium mindsets and one for students categorized as having high mindsets; the
regressions then treat the low group as the reference category [108, p. 551]. As a
reminder, on the 4-point Likert scale, low was < 2.5, medium was 2.5 — 3.5, and high
was > 3.5.

We focus on the models of this type that added dummy codes for each mindset
factor individually, rather than using all four factors simultaneously. Models that
used all mindset constructs simultaneously can be found in the supplementary ma-
terials. For each construct, we first introduce a model that predicts physics 1 course
grade using each of the four mindset constructs (My Ability, My Growth, Others’
Ability, and Others’ Growth), gender/sex, SAT/ACT Math scores, and high school
GPA. These models can all be seen in Appendix I. When both gender and mindset
predictors were statistically significant, we proceeded to include interaction terms to
test whether men and women’s mindset scores predicted course grade to a different
extent.

Looking across the factors, the dummy code approach replicated the high-level
findings of the linear modeling approach in that strong agreement with My Growth
beliefs was the best predictor of course grade. On the other hand, both medium and
high agreement with My Ability beliefs predicted course grade (Figure 9). Other’s
Ability also was a statistically significant predictor, in contrast to being not signifi-
cant as a linear predictor. On a related point, the support for linearity of effects was

weak. Saliently, medium and high effects for Others’ Ability were almost identical,
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potentially explaining why the linear model was not significant. However, even in the
cases of My Ability and My Growth, the effect of high levels of agreement was not
statistically different from medium levels. Others’ Growth was not included in Fig-
ure 9 because neither medium nor high levels predicted course grade. Additionally,
no statistically significant gender interaction term was found for any of the average
mindset components. In other words, the relationship between mindset and course
grade was similar for men and women, validating the use of simpler models that did

not include interaction terms.

7.4 Discussion

Regarding RQ1, we found four components to students’ mindsets (My Ability, My
Growth, Others’ Ability, and Others’ Growth) using a survey instrument designed to
specifically test for these components. This result replicated the findings of past work
using previous iterations of the survey [16,33]. These findings build on past work
that separated mindset into multiple constructs, either between my versus others’
mindset dimensions [201] or between growth and ability dimensions [192-194].

The four components were only moderately correlated with one another (18-
34% shared variance at pre) and were separable in CFA models. Further, though
each component showed similar patterns of gender difference, and change over time,
the magnitudes of these effects were different and each component predicted course
grades with different strengths. Thus, our components were not only separated
by psychometric analyses, but by empirical patterns as well. Therefore, future re-
search should avoid collapse measurement of mindsets into overall intelligence mind-

set scores.
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Regarding RQ2, there were gender differences in the pre survey means of My
Ability and Others’ Ability, and men tended to report higher scores than women.
There were gender/sex differences in the distributions of all mindset beliefs. More
men fell into the high score range for each mindset component, and more women fell
into the low score ranges. These differences were more pronounced for My Ability
and Others’ Ability pre. Women in this context were more likely than men to believe
that physics requires innate ability. They were also more likely than men to believe
that they did not personally have this innate ability. This is particularly concerning
for this student sample, which consists of relatively high-achieving students who had
decided to pursue bio- and health-science majors.

Even though women were the numerical majority in this context, the gender/sex
differences in the means of each mindset component increased substantially from pre
to post for My Growth and Others” Growth. As a result, men reported much higher
mean scores than women for all four mindset constructs at the end of the semester.
By the end of the semester, women were more likely to report low mindset scores than
men in three out of four constructs (men and women reported low Others’ Growth
scores at similar rates). Men were more likely than women to report high mindset
scores for all four mindset constructs. These inequities are not present because
men had steady or increasing mindset beliefs. Instead, both men and women had
moderate-to-large drops in all four mindset components during the semester. Women
tended to have larger drops than men, creating or widening gender differences. It
is important to note that, while there are gender inequities in student mindsets, the
decreases over time are concerning themselves. Research in physics mindsets has
found decreases in mindset beliefs for both men and women [16,33]. Motivational
factors, such as self-efficacy or interest, commonly tend to decrease over time in

introductory physics coxfurses, both for physical science and engineering majors
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[29,32], as well as for bioscience majors [25].

A large body of research shows that women tend to have lower motivational
characteristics in physics courses than men [11,12,42], including mindsets [16, 33].
Most of this research has been conducted in physics courses in which men outnumber
women, such as courses for engineering and physical science majors. This study shows
that gender differences also exist in courses in which women outnumber men, such
as physics courses aimed at bioscience majors.

One similarity between mindset trends in these two types of courses is that stu-
dents enter the course with gender differences in mindset. One important difference
is that, while women in both categories of courses show moderate-to-large decreases
in mindset scores, men show much larger decreases in mindset scores in courses aimed
at bioscience, rather than engineering or physical science students [16,33]. In this
context, efforts to increase mindset scores may benefit all students while simultane-
ously decreasing gender differences in physics intelligence mindset.

Regarding RQ3, we found that using linear regression models, both My Ability
and Others’ Ability positively predict physics 1 course grade. Mindset differences,
especially related to My Ability, may offer a partial explanation for gender differ-
ences in physics 1 grades despite men and women having only small and opposing
differences in SAT Math scores and HS GPAs. However, less than half the grade
gender/sex difference was explained by the My Ability construct. The remainder of
the gender/sex differences may be explained by other motivational or environmental
factors [11,12,41,42,65,188].

Using threshold regression models (in which we divide students into groups with
low, medium, and high scores for each construct), we found slightly different results.
Here, we found that having at least a medium score for My Ability and Others’
Ability positively predicted course grades. A high score for My Ability, My Growth,
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and Others’ Ability all positively predicted course grades.

One theme that emerges in both the linear and threshold regression models is that
agreement with both My Ability and My Growth beliefs positively predicts learning
outcomes for both men and women. We also found that mindsets are malleable
over time. If self-mindsets are more malleable and have a stronger correlation to
learning outcomes, then one goal of physics instructors should be to focus on messages
targeting the students’ beliefs about themselves and their own growth rather than
presenting students with messages about students or intelligence in general.

This study reveals that there are both similarities and differences between the
mindsets of engineering/physical science majors and bioscience majors. Both groups
had four mindset components: My Ability, My Growth, Others’ Ability, and Others’
Growth. Additionally, women in both groups saw declines in mindset component
scores during the semester [16,33]. Men in both groups saw significant declines in
their My Ability and My Growth scores, but only men in the physics courses for
bioscience majors saw significant declines in Others’ Ability and Others’ Growth [16,
33]. Finally, My Ability was the strongest predictor of course grades for both groups
of students [16,33]. However, for students taking physics for bioscience majors, My
Growth and Others” Ability also predict course grades.

If an instructor wants to help students reject fixed mindsets and cultivate growth
mindsets, student-level interventions can be valuable. In many such interventions,
students are explicitly taught that hard work and effort, not innate ability, are neces-
sary for success [132,210]. These lessons are particularly important in physics, where
fixed mindsets are commonplace [59].

Successful student-level mindset interventions tend to provide opportunities for
self-reflection and show students that they can change their own intelligence. For

example, students may be asked to remember instances during which they were
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able to improve their abilities [132,210]. Interventions may also share stories from
a diverse group of peers or experts about overcoming academic challenges, so that
all students may find someone they can relate to. If a relatable role model shares
that they were able to work hard to achieve success instead of relying on innate
talent, students may realize they can do the same and develop growth mindsets for
themselves [127,132].

Instructor-focused change can be useful as well. Instructor mindsets can predict
student achievement in their courses [211]. In addition, students in courses taught
by instructors with growth mindsets report increased interest in their courses as well
as fewer concerns about fair treatment and low grades [214]. Instructors with growth
mindsets encourage students to accept mistakes and failures as a part of a normal
learning process, congratulate persistence, praise effort rather than intelligence when
students succeed [209,212], and are more likely to implement active learning in their
courses [213]. On the other hand, instructors with fixed mindsets tend to have low
expectations of students they believe lack natural talent, which can lead instructors
to give easier assignments or encourage students to drop difficult classes because of

presumed low ability [212].

7.5 Conclusions

This study shows that intelligence mindset can be divided into four constructs:
My Ability, My Growth, Others’ Ability, and Others’ Growth. Previous work in
studying mindset has divided along either growth/ability or me/others categories,
but rarely simultaneously. Next, this work reveals that gender/sex differences are

more pronounced in the “Ability” categories than the “Growth” categories. Gen-
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der/sex differences developed or widened over the semester for all mindset constructs.
These differences are the result of substantial drops in all four mindset factor scores
from all students, which tended to be even larger for women than for men.

Next, students’ mindset scores decrease over the semester for all four constructs.
They also show women’s mindset scores decrease more than men’s. We also find
that My Ability and My Growth consistently predict the course grade. My Ability
positively predicts grades if students report a medium or high score, but My Growth
only predicts grades if students report a high score. This information may be useful
to target mindset interventions to student beliefs. A student who believes nobody
can become more intelligent through hard work may have different needs than one
who believes that most people can become more intelligent but that they personally

lack the ability to do so.

7.6 Limitations and Future Directions

We now note several limitations of this study. First, the analyses were correla-
tional in nature: the causal nature of physics intelligence mindsets would need to be
further supported through intervention studies and interview data. The established
benefits of other mindset interventions [209]) suggest such a causal link is plausible,
and we note that future interventions that focus on My Ability and My Growth may
show even larger effects.

Another limitation is the generalizability of the findings. The studied institution
is predominantly white, so we were unable to study if mindset beliefs differ or pre-
dict grades differently for students of different racial/ethnic backgrounds due to low

sample size. Because of the focus on gender/sex in this study, future work should
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also explicitly include students who fall outside of the binary gender/sex categories
included here, as well as transgender students who may not have their gender accu-
rately recorded by the university. Though this university recently began to include
more sex/gender options for students, qualitative studies may be more appropriate
to understand mindsets in these marginalized populations until student samples are

large enough to be meaningful in quantitative analysis.
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Table 26: Survey items included in the study and standardized factor loadings for

pre and post surveys.

Construct name or Item Pre Post
My Growth (apre = 0.83, opost = 0.89)

1. I can become even better at solving physics problems through hard  0.77 0.85
work

2. T am capable of really understanding physics if I work hard 0.85 0.91

3. I can change my intelligence in physics quite a lot by working hard 0.80 0.84
My Ability (apre = 0.77, cpost = 0.88)

4. T won’t get better at physics if I try harder 0.61 0.72

5. I could never excel in physics because I do not have what it takes to  0.80 0.88
be a physics person

6. I could never become really good at physics even if I were to work  0.84 0.90
hard because I don’t have natural ability
Others’ Growth (ayre = 0.85, aposr = 0.81)

7. People can change their intelligence in physics quite a lot by working  0.84 0.77
hard

8. If people were to spend a lot of time working on difficult physics 0.83 0.80
problems, they could develop their intelligence in physics quite a bit

9. People can become good at solving physics problems through hard 0.74 0.80
work
Others’ Ability (apre = 0.71, apost = 0.75)

10. Only a few specially qualified people are capable of really understand-  0.68 0.70
ing physics

11. To really excel in physics, people need to have a natural ability in  0.73 0.80
physics

12. If a student were to often make mistakes on physics assignments and  0.62 0.65

exams, | would think that maybe they are just not smart enough to
excel in physics
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Table 27: Fit indices for the CFAs testing survey validity at pre and post, along
with the applied fit index cutoffs. There were 419 students included in the factor

analysis.

CFI TLI RMSEA SRMR
Cutoft | >0.90 >0.90 <0.08  <0.08
Pre 097  0.95 0.06 0.05
Post 097  0.95 0.07 0.04

Table 28: Pearson correlations between each mindset construct as well as physics 1

course grade. The following abbreviations are used: My Ability (MA), My Growth
(MG), Others’ Ability (OA), and Others’ Growth (OG). p < 0.001 unless otherwise

noted by: * =p < 0.05, ™ = p < 0.01, and ™ = not statistically significant.

Pre Post

MG MA oG OA MG MA oG OA Grade
MG Pre 0.28 0.08"8
MA Pre 0.53 0.47 0.10*
OG Pre 0.58 0.47 0.36 -0.03"#
OA Pre 0.42 0.51 0.43 0.44 0.06™
MG Post 0.25
MA Post 0.67 0.34
OG Post 0.59 0.48 0.16
OA Post 0.53 0.67 0.46 0.17
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Table 29: Mean and standard deviation (SD) of each mindset factor, along with
SAT Math, HS GPA, and Physics 1 grade, Cohen’s d and t-test of gender/sex

differences (“d Gender”). Positive values of d indicate that women had a higher

score or that scores increase over time. * = p < 0.05, ** = p < 0.01, and

= p < 0.001.
Women (n = 276) Men (n = 143)

Variable Mean SD Mean SD d Gender

My Growth Pre 3.45 0.47 3.54 0.45 -0.19
Post 2.95 0.60 3.20 0.57 —0.42%**
d Over Time —0.92%** —0.69"**

My Ability Pre 3.28 0.48 3.52 0.48 —0.51%**
Post 2.82 0.64 3.20 0.57 —0.61***
d Over Time —0.81"** —0.63"**

Others’ Growth Pre 3.37 0.47 3.40 0.48 —0.08
Post 3.09 0.44 3.20 0.51 —0.24*
d Over Time —0.62*** —0.41%**

Others’ Ability  Pre 3.03 0.56 3.24 0.47 —0.40***
Post 2.73 0.60 3.00 0.61 —0.44***
d Over Time —0.52%** —0.47%**

HS GPA 4.19 0.38 4.07 0.42 0.30**

SAT/ACT o

Math 669 65 688 65 -0.29

Course Grade 2.91 0.76 3.22 0.71 —0.41***
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(b) Post survey distributions

Figure 8: Percentages of students who reported low (< 2.5), medium (2.5 — 3.5), or
high (> 3.5) on a 4-point Likert Scale, by gender. Figure 8a contains pre survey
distributions and Figure 8b contains post survey distributions. If any category

contains < 5% of students, the percent is not labeled.
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Table 30: Linear regression models predicting final course grade using average

mindset beliefs. The regression () coefficiants are standardized, and the

gender/sex variable was coded such that women = 1 and men = 0. * = p < 0.05,

* =p<0.01, and ** = p < 0.001. N=418.

Variable Model 1 Model 2 Model 5
Gender —0.18***  —0.12** —0.11*
HS GPA 0.34*** 0.32%** 0.32%**
SAT/ACT Math 0.39*** 0.39*** 0.38***
My Ability Average 0.21%** 0.19**
My Growth Avg 0.14**
Others’ Ability Avg —0.04
Others’ Growth Avg —0.09
Adjusted R? 0.37 0.41 0.41
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Figure 9: Unstandardized regression coefficients predicting course grade, controlling
for gender, high school GPA, and SAT or ACT math scores. Error bars represent
standard error. On a 4-point Likert scale, a medium score is 2.5 — 3.5, and a high
score is > 3.5. Statistically significant regression coefficients are in bold. Others’

Growth is excluded because it did not predict course grade.
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8.0 Gender differences in grades versus grade penalties:

Are grade anomalies more detrimental for female physics majors?

8.1 Introduction

In recent years, physics education researchers have been particularly focused on
creating equitable learning environments, which is particularly important for under-
represented students such as women [5, 11,41, 65, 158, 224-226], racial and ethnic
minority students [158,226-228|, and students with disabilities [229,230]. Here, we
focus on women majoring in physics because they are more drastically underrepre-
sented than women in many other science, technology, engineering, and mathematics
(STEM) disciplines. Prior research has explored gender differences in performance
and persistence in physics and other STEM fields [81,82]. This research has explored
a range of potential factors that may lead to such differences. Some factors that re-
searchers have investigated include societal biases regarding who can be successful
in physics [55,59], lack of encouragement from families and instructors [67,97,208],
and motivational characteristics and attitudes towards physics learning [11,41,224].

Societal stereotypes about physics are still prevalent, and both practitioners and
students often believe that success in physics requires natural ability. For example,
physics researchers are more likely than those in other STEM disciplines to endorse
that their subject required natural ability for success [59], and young people often
hold beliefs that “physics has always been seen as ... really hard, and you know you
have to be so clever to understand it” [231]. This type of belief that physics requires
a particular ability may combine with common societal stereotypes that men and

boys are more likely than women and girls to be extremely intelligent [57,222,232],
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to discourage women from believing they have what it takes to pursue physics.

Lack of encouragement from families may also discourage early interest in sci-
ence and physics. For example, parents tend to rate boys’ abilities in math higher
than girls’ [67,97], and are less likely to explain science to girls than boys while
using interactive science exhibits at museums [181]. Because of these lack of early
experiences and encouragement, girls may be less likely to develop an early interest
in science. Similar lack of encouragement from instructors later in life may discour-
age women from participating in physics as well. For example, in one study [208]
faculty members in physics rated men as more competent than women with an iden-
tical curriculum vitae. If women are not receiving the same amount of confidence or
encouragement from their instructors, they may be less compelled to pursue physics.

Finally, some research on gender differences in physics performance and per-
sistence has focused on motivational beliefs and attitudes towards physics learn-
ing [11,41,224]. One such attitudinal construct is academic self-concept, which
describes a long-term expectation of success that students hold regarding their aca-
demic abilities and that depends on outside feedback, such as grades [79, 80, 233].
Low academic self-concept may lead to lower future achievement and persistence be-
cause it discourages student engagement in a domain [79]. When women leave STEM
disciplines, particularly physics, they often do so with higher grades than the men
who remain in the program [39,53,54]. For example, a recent investigation shows
that among students with the same STEM GPAs, women were more likely to leave
the major, while men were more likely to earn a degree [39].

There are many potential partial explanations that have been suggested regarding
why women who are meeting or exceeding the requirements of their programs leave.
These include lack of role models, societal stereotypes and biases about who can excel

in these disciplines [38,56,57,59,67,202], gender discrimination in hiring [208], and
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differences in STEM motivational beliefs such as self-efficacy [6-12,23,32,34,41,42,
65, 188], recognition from instructors and peers [27,29], intelligence mindset [16,33],
and sense of belonging [22,24]. One related reason for why this happens may be
lower academic self-concept of female students in these courses compared to male
students. Though none of these factors may provide complete explanations of gender
differences in physics, aiming to address them simultaneously may create a better
learning environment for women in these programs.

Here, we focus on physics majors and inquire about gender differences in grade
penalties. In order to quantify grade penalty, we define grade anomaly as the differ-
ence between a student’s grade in a course of interest and their grade point average
(GPA) in all other classes up to that point. The mean of this statistic for all students
who took a course is the average grade anomaly (AGA). We divide average grade
anomalies into “bonuses” and “penalties”. A course in which students on average
earn a lower grade than usual has an AGA with grade penalty, while a course in
which students on average earn a higher grade than usual has an AGA with grade
bonus.

Within our framework, we posit that grade anomaly may allow us to track,
through institutional grade data, an important measure of how courses may affect
students’ academic self-concept. Our framework uses grade penalty as a central con-
struct instead of grade because students’ academic self-concept is often based on
comparisons, not absolute grades [78]. Students may compare their grades across
courses to determine which disciplines they excel at or struggle with [78]. Addition-
ally, students tend to have a fairly fixed view of what “kind” of student they are,
e.g., students may endorse the idea that “If I get As, I must be an A kind of person.
If T get a C, I am a C kind of person” [53]. Grade anomalies may challenge or re-

inforce students’ ideas about what kind of student they are, and if they are capable
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of succeeding in their chosen major. Many students who leave STEM majors explic-
itly cite lower grades than they are used to as a reason for doing so [53,54]. Grade
penalties are more common and extreme in STEM disciplines than in humanities or
social science departments [53,152,234,235], and women tend to have larger grade
penalties than men in many subjects, including physics [152].

In this paper, we use Situated Expectancy Value Theory (SEVT), studies about
why students leave STEM, and previous work on grade anomalies to explore whether
the average grade anomalies for male and female physics majors are different, making
grade anomalies an equity issue in physics. We also posit that grade anomaly may be
a better measure of self-concept [78] than raw grades because it is a unique measure
of “within-student” frame of reference (i.e., students are comparing their own grades

across different courses as opposed to comparing their grades with others) [233].

8.1.1 Research Questions

We aim to answer the following research questions regarding average grade anoma-

lies (AGAs):

RQ1. For which of their courses do students majoring in physics, on average, re-
ceive a “grade penalty” and for which courses do they receive a “grade
bonus”?

RQ2. To what extent do men and women have different AGAs in their physics
courses?

RQ3. To what extent do gender differences in AGAs follow the same trends as

gender differences in average grades?
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8.1.2 Theoretical Framework

Expectancy Value Theory (EVT) [79] and Situated Expectancy Value Theory
(SEVT) [78] are frameworks to understand student achievement, persistence, and
choice of tasks in a domain (e.g., physics or chemistry). EVT posits that performance
and persistence is determined by someone’s expectation of success and the extent to
which they value that task. If a student expects they will succeed in a task and
believes that the task will be valuable to them (for personal interest, as a path to
achieve another goal, etc.) they are more likely to pursue that task. If they do not
expect to succeed and do not value a task, they are unlikely to attempt it. Here,
we will focus primarily on student expectancies, though value is also important to
understanding why some students may persist while others do not. Expectancies are
a combination of academic self-concept, expectations for success, and perceptions of
task difficulty [78-80,233]. Academic self-concept is the most stable and the least
task and domain-dependent of the three, and it is based primarily on grades and
outside (e.g., from parents, peers, and instructors) feedback [78-80,233,236]. Grades
can inform academic self-concept as both an external (“How good at math am I
compared to other students?”) and internal (“How good am I at math compared to
English?”) frame of reference [79, 80, 233].

Expectancies of success are domain and task specific, and refer to a student’s
belief in their ability to complete a specific task; which will include considerations
such as knowledge and skill related to the subject, time allotted, and experience in
a subject [78-80,233]. Expectancy for success closely relates to Bandura’s theory
of self-efficacy [78,80,127]. A student may have a positive academic self-concept in
math, but may have low expectancy for success if they take a math test on very

new material they have not had adequate time to learn. The third issue related
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to expectancy, perceptions of task difficulty, is more straightforward; most students
have less faith in their ability to do well on an exam if their peers have reported it
to be particularly difficult [79].

In EVT, the three expectancy concepts were collapsed into one factor. How-
ever, the updated framework, SEVT, has called for a separation of these three con-
cepts [78]. According to Eccles and Wigfield [78], combining academic self-concept,
expectancies for success, and perceived task difficulty has led to a lack of under-
standing of the unique developmental mechanisms of each and how the three con-
cepts relate. We posit that grade anomaly may be a better measure of how students’
self-concept evolves [78] due to feedback about performance than raw grades. This is
because students often judge their ability by comparing their grades across courses
rather than comparing their grades to other students’ (in EVT/SVET, this is called
the “within student” frame of reference). Poor performance from a within-student
frame of reference may cause students to question if they should continue in a disci-
pline [78].

Grade anomalies allow us to measure how courses can affect students’ academic
self-concept [78, 80, 234] using institutional grade data [152], which may be more
accessible to instructors and researchers than surveys or interview data. While stu-
dents’ raw grades are a useful measure, e.g., because they allow for direct comparison
between students and because they are used by institutions to award scholarships and
track student academic standing, we propose that using grade penalty in addition to
raw grades gives researchers and instructors more insight into student self-concept
(that is, a students’ view of what “kind” of student they are).

A student who receives lower grades in their science courses than their humanities
courses may take this as a sign that they are not capable of excelling in the sciences,

even if the grades they earn are high enough for them to continue in their major
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[53,54]. This experience may be common, because grade penalties tend to be more
extreme and widespread in STEM disciplines than in other subjects [53,235,237,238].
Women may also have fewer resources available to cope with these grade penalties
than men are, in part due to lack of role models and societal stereotypes about who
belongs in these disciplines and can excel in them [1,55,237]. When students leave
STEM fields, they often list lower grades than expected as a reason [53,54], and
women tend to leave these fields with higher grades than men [39]. Larger grade
penalties may be one potential reason for this discrepancy.

Several studies [152,235,239] have utilized “grade anomaly” or “grade penalty”,
the difference between a students’ GPAs excluding a course of interest and their
grades in all courses thus far. Koester et al. [235] conducted the first study we know
of that focuses on average grade anomaly (AGA). They used AGA because it was
perceived to be a better measure of how students view their comparative performance
than their raw grades across different courses. They found that, at their institution,
grade penalties were greater for STEM than non-STEM courses. Further, within
STEM courses, grade penalties were smaller for men than women. In particular,
they found that physics courses had the largest grade penalty and largest gender
difference in AGA. The researchers theorized that large grade penalties and gender
differences may be partially attributed to high-stakes assessments [13,94,120,121,240]
and stereotype threat [77]. The Matz et al. [152] study had similar findings but
with a larger student sample across multiple institutions. Across five universities,
STEM courses had larger grade penalties and larger gender differences in AGA that
usually favored men. Their study also raised concerns over high-stakes assessments,
. They emphasized that large grade anomalies often reflect grading decisions made
by instructors (for example, choosing high-stake assessments may increase gendered

grade differences [13,94,119,120]), rather than being an accurate measure of student

185



learning.

Additionally, Witteveen and Attewell [239] found that having lower STEM GPAs
than overall GPAs during the first two semesters of university were negatively corre-
lated with completing a STEM degree, even when controlling for gender, race, high
school preparation, and college performance. This was not the case for courses taken
later in students’ college career, which speaks to the importance of introductory
courses in student retention. Past research has found that during times of transition,
the usually-stable academic self-concept becomes more dependent on grade feedback
and less dependent on outsider (e.g., parental) feedback [233]. These findings hint
at the importance of monitoring and reducing grade penalties in students’ first few
semesters.

Thus, past work provides evidence for the existence of average grade penalties
in many STEM courses, and the existence of gender differences in these anomalies.
Here, we present an investigation that focuses on average grade anomaly in various
courses for physics majors. We analyze data to study if these trends hold in a
more homogeneous population of students in the same major at a large university
in the US, rather than combining students across institutions and many majors. We
hypothesize that grade anomalies, e.g., grade penalty, discussed here can negatively

influence students’ internal frame of reference.
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8.2 Methodology

8.2.1 Participants and Procedures

Participants in this study were students who declared a physics major at any
time during the thirteen-year duration of the study. All participants attended the
University of Pittsburgh, which is a large, public, and urban institution. Thus, our
sample included both students who graduated with a physics major and students who
declared a physics major but later switched to another field. We excluded summer
introductory courses they are not a typical representation of courses at our institu-
tion. For example, many summer students do not primarily attend our institution,
but are local students visiting home for the summer. In addition, summer courses
are typically taught by graduate students, the class sizes are an order of magnitude
smaller than those in the Fall and Spring semesters, many students work full time
while taking an introductory course which is not as common during the Fall and
Spring semesters. We had a total of 671 students who took 23,154 classes (including
5,713 physics courses). The sample consisted of 23.2% women and 76.8% men. All
students in the sample selected one of these binary gender options. Students identi-
fied with the following races/ethnicities: 79% White, 9% Asian, 3% Hispanic/Latinx,
4% multiracial, 2% African American/Black, and 3% unknown or unspecified. This
research was carried out in accordance with the principles outlined in the Univer-
sity of Pittsburgh Institutional Review Board (IRB) ethical policy, and de-identified
demographic data were provided through university records.

We chose the twenty most common physics courses taken by students in our
sample, many of which are mandatory for physics majors. All the courses we studied

are listed in Table 31, along with information about the year in which the students
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typically take the course. The total number of students who took each course, as
well as the gender distribution for each course can be found in Table 33. Due to
changing course requirements over time (for example, Quantum Mechanics 1 was
optional for the first three years of the study) and the tendency of students to leave
the physics major over time [45,53, 54, 156], more students took introductory than

advanced courses.

8.2.2 Measures
8.2.2.1 Course Grade

Course grades were based on the 0-4 scale used at our university, with A = 4,
B=3C=2D=1,F =0 or W (late withdrawal), where the suffixes ‘+’ and
‘-7, respectively, add or subtract 0.25 grade points (e.g., B- = 2.75 and B4+ = 3.25),
except for the A+, which is reported as 4. We are unable to report detailed grading
schemes of each physics instructor, type of course, or any other detailed course-
level information but a majority of courses are traditionally taught primarily using

lectures.

8.2.2.2 Grade Anomaly

Grade anomaly (GA) was found by first finding each student’s grade point average
excluding the course of interest (GPAc.), including all courses taken prior and

simultaneously with the course of interest. This was done by using the equation

(GPA. x Units.) — (Grade x Units)

GPA.z. = - 4
Units, — Units

(3)
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where GPA, is the student’s cumulative GPA, Units,. is the cumulative number of
units the student has taken, Grade is the grade the student received in an individual
course, and Units is the number of units associated with an individual course. After
finding GPA... we can calculate GA by finding the difference between a student’s
GPA.,. and the grade received in that class:

GA = Grade — GPA,,.. (4)

A negative GA corresponds to a course grade lower than a student’s GPA in other
classes (a “grade penalty”). A positive GA corresponds to a course grade higher than
a student’s GPA in other classes (a “grade bonus”). Average grade anomaly (AGA)
is the mean of students’ grade anomalies (GA) for each course, and is the metric by

which we compare courses.

8.3 Results

8.3.1 For which of their courses do physics students receive a “grade

penalty” and for which courses do they receive a “grade bonus”?

To answer RQ1, we calculated average grade anomaly (AGA) for our courses of
interest. We show the descriptive statistics for both grades and AGA in Table 39.
On average, students received grade penalties in most of their courses. However,
two courses tended to give students grade bonuses: Introductory Physics Lab and
Modern Physics Lab. Three courses gave neither a grade penalty nor a grade bonus
(i.e., the AGA of the course was within one standard error of zero) : Optics Writing,

Honors Introductory Lab, and Introduction to Astronomy. The courses that gave
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students grade bonuses or no grade anomalies were all lab courses except Astronomy
and the Optics wiring practicum.

Four courses gave students particularly large grade penalties (< —0.50): Modern
Physics 1, Thermodynamics and Statistical Mechanics, Mechanics, and Electricity
and Magnetism 1. This means that a student taking one of these courses can expect
to receive half a letter grade lower in these courses than they do on average. Notably,
the courses with the largest grade penalties are mandatory (see Table 39).

The courses in Table 32 do not average to an AGA of zero because student sample
changes over time due to students who leave the major and because not all courses
students take are included. For example, students may receive grade bonuses in
general education courses which students can select from several hundred courses.

Women and men had statistically significantly different outcomes in their first
year courses, as shown by the MANOVA analysis in Table 34. Figure 33 displays
the mean and standard error of both men and women’s AGAs in first year courses.
From Figure 10, one can see that there is a distinguishable difference between men
and women’s AGAs for each of the first year courses, and that men tended to have
smaller grade penalties than women. The largest gender differences shown in Figure
10 and Table 33) tend to be in the courses that students take earliest in their time
as physics students: Physics 1 and Physics 1 Honors. Thus, it is not surprising that
first-year courses show a statistically significant gender difference in Table 34.

However, Table 33 also shows that there are no statistically significant gender dif-
ferences for courses taken primarily by second, third, and fourth-year students. This
finding is supported by Figure 10, which shows that women had indistinguishable
AGA outcomes to men in most individual courses, including Honors Introductory
Physics Lab, Electronics Lab, Introduction to Astronomy, Modern Physics 1, Mod-
ern Physics 2, Modern Physics Lab, Thermodynamics and Statistical Mechanics,
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Optics, Optics Writing, Electricity and Magnetism 1, Electricity and Magnetism 2,
Computational Methods, and Quantum Mechanics 1.

Though these courses are not included in any course groups that show significant
AGA gender differences, we note that women had favorable AGA outcomes (e.g.,
smaller grade penalties or larger grade bonuses) compared to men in two courses:

Introductory Physics Lab and Quantum Mechanics 2.

8.3.2 To what extent do gender differences in AGAs follow the same

trends as gender differences in average grades?

Next, we explore if grade anomaly and raw grades can provide different informa-
tion. That is, does calculating AGA reveal additional trends beyond what raw grades
can provide? Table 34 shows that the only group of courses that has a statistically
significant gendered AGA difference is courses taken primarily by first-year students.
Similarly, Table 34 shows that the only group of courses that has a statistically signif-
icant gendered grade difference is also courses taken primarily by first-year students.
However, it is important to note that the gender difference is larger for AGA than
raw grades.

This trend is further supported by Figures 10 and 11. These figures show that the
gendered grade differences appear to be larger (i.e., their standard errors are further
from overlapping) for AGAs than for grades, especially for first year courses such as
Physics 1 and Physics 1 Honors. This trend is also shown by the between-gender
effect sizes listed in Table 33: Cohen’s d [109] is larger (Ad = 0.18) for AGA than
grade for Physics 1, which is most students’ introduction to the major.

Beyond first-year courses, there are a few differences in effect size between some

courses, which are shown in Table ?7. For example, both Honors Introductory Lab
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(Ad = 0.20) and Modern Physics Lab (Ad = 0.15) appear to strongly favor women
in terms of raw grades, but this effect is smaller for AGAs. Similarly, Modern Physics
Lab appears to have favorable outcomes for women in raw grades (seen in Figure 11),
but not AGAs (seen in Figure 10). Importantly, there are some additional trends

revealed in AGA that cannot be seen with grade data alone.

8.4 Discussion

Our results show that there are grade penalties in the majority of courses studied.
First, we discuss why grade penalties can potentially be harmful. It is important to
note that students at the University of Pittsburgh do not declare their major until
the end of their second year, so we are unable to track students who decided to leave
the physics discipline before their third year. However, lower than expected grades,
even in one course, can be a catalyst for students to leave STEM majors [53, 54].
This does not just include D and F grades or withdrawal from the course, but grades
that were high enough to continue in the program that did not meet a student’s
personal expectations [53,54]. This can especially be an important issue among
high-achieving students, who are more likely to endorse perfectionism and feeling
that their identity as “good STEM students” is threatened by B’s and C’s, or even a
low grade on a single exam [53]. Thus, we hypothesize that the courses with largest
grade penalties, in this case Modern Physics 1, Thermodynamics and Statistical
Mechanics, Mechanics, and Electricity and Magnetism 1, are the courses that are
more likely to discourage most students from continuing in physics.

In addition to seeing evidence of grade penalties in some physics courses, we

also see evidence of gender differences in average grade anomalies in over half of
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the courses studied, particularly Physics 1, Physics 2, and Physics 1 Honors. We
find these introductory courses to be particularly concerning. Our research shows
that women have statistically significantly lower grades and AGAs than men in first
year courses (see Table 33), which has the potential to affect women’s academic self-
concept more than other courses and they are taken during students’ first year at
the university when their academic self-concept is in major flux [233]. Additionally,
prior research suggests that low STEM GPAs during students’ first year are correlated
with lower degree completion [239]. Because women leave majors with higher grades
than men who remain both in [39,53] and outside [237] of STEM, this raises serious
equity concerns. Past work also suggests that women tend to have lower self-efficacy
and sense of belonging that relate to academic self-concept [12,41,94,224,241,242].
Women report feeling more demoralized than men when they receive lower grades
than expected, and cite more worry about not understanding the material even if
they receive A’s, B’s, or C’s (all of which are grades that allow students to continue
in most programs) [53]. This trend can be particularly strong among high-achieving
women [53].

We hypothesize that women may be more likely to have a low academic-self-
concept than men at similar performance levels for several reasons. First, prior
research suggests that women are less likely to separate their academic self-concept
from their grades which is one of the clearest types of recognition in a domain [53,
54,237]. In particular, grades are the resource that women have the most access
to. Academic self-concept is formed through grades and feedback from outsiders.
Because women are less likely to receive recognition as someone with potential in
STEM from their parents [67,97,181], society at large [55,57], and their instructors
[56, 130, 208], they are more likely to rely on grade information to develop their

academic self-concept. Also, women often tend to earn higher grades than men
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with the same standardized test scores [53,203]. Because women are often more
accustomed to higher grades, they may have more concern about grades that are
lower than what they are accustomed to, or they may compare their relatively-low
STEM grades and leave for another subject that gives them the recognition for their
work that they are accustomed to [53,54].

We find that average grade anomalies and raw average grade data do not always
reveal the same trends. Some courses have larger gender differences in AGA than
in grades, such as Physics 1 and 2, Physics 1 Honors, Modern Physics Lab, and
Optics Writing. This further speaks to the usefulness of tracking both AGA and
grades of the students. An instructor may see a small or negligible grade difference
by gender and assume that there is gender equity in their classroom based upon
grade outcomes by gender, but without knowing the gender differences in AGA, the
instructor will not understand how those grades are perceived by female and male
students. Understanding both grades and AGA differences may allow instructors to
understand both classroom-level inequities and the extent to which their course may
be pushing out students, particularly those from underrepresented groups, such as
women, out of STEM fields.

From our results, we make several recommendations to instructors and depart-
ments. First, measuring grade anomaly in addition to grades may be a useful way
to find inequities in the learning environment. Measuring grades and gendered grade
differences is both valuable for and accessible to individual instructors, but grade
anomalies may be useful to departments concerned about students’ retention over
longer periods and finding which courses may be discouraging students, particularly

those from underrepresented groups, to leave a major.
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8.5 Conclusion and Future Research

In this investigation, we found that grade anomalies exist for all studied physics
courses at our institution for those who had declared a physics major. Further, sev-
eral physics courses had an average grade anomaly that favored men over women.
These findings raise particular concern about the need for an equitable learning en-
vironment and outcome for these students. These results are very important because
they provide some evidence that courses in physics departments tend to have grade
penalties. They support the grade penalties found in introductory courses from prior
work on grade anomalies. The relatively new measure of AGA may also act as one
measure of academic self-concept that is easy for institutions to access and evaluate
over time. This can also be useful to researchers as they develop separate measure-
ments for academic self-concept and expectancies for success. Although we have
strong evidence of grade penalties in the studied physics courses for those who had
declared a physics major as well as gendered AGA differences, we did not have access
to syllabi or other information about individual courses offered over the thirteen-year
period of data collection. Therefore, we are not able to pinpoint specific practices
that may lead to grade penalties, grade bonuses, or gender inequities at our insti-
tution. However, we know that out of the courses currently offered, most of these
courses focus on teaching in a traditional, lecture-based, and exam-reliant format.

Finally, this research is based at a primarily white, large, public university. While
our results may generalize to similar institutions [152,235], we do not know what
patterns of grade anomalies exist minority-serving institutions or community colleges.
Conducting research at a diverse range of institutions, as well as a focus on how grade
anomaly affects students from a variety of underrepresented groups, will help us more

fully understand how grade anomalies differ for a range of students.
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Table 31: Names of the courses studied and the percentage of students who take

each course in a given year.

Course st ged ged  gth > 5th
Physics 1 74 19 4 2 1
Physics 2 54 34 9 1 2
Physics 1 Honors 87 8 4 0 1
Physics 2 Honors 8 9 4 2 2
Introductory Laboratory 17 58 15 7 3
Intro to Astronomy 35 41 15 5 4
Hon Introductory Laboratory 4 75 13 6 2
Modern Physics 1 6 49 27 13 5
Modern Physics 2 1 44 23 24 8
Electronics Laboratory 2 43 32 14 9
Modern Physics Laboratory 0 32 44 16 8
Thermodynamics and Statistical Mechanics | 2 10 42 32 14
Mechanics 4 30 41 17 8
Electricity and Magnetism1 2 14 53 22 9
Electricity and Magnetism 2 0 7T 42 34 17
Computational Methods 2 13 44 25 16
Optics 0 4 29 47 20
Optics Writing 1 12 28 42 17
Quantum Mechanics 1 0 4 25 50 21
Quantum Mechanics 2 0 4 25 49 22
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Table 32: Mean and standard deviation (SD) of average grade anomalies (AGA)

and grades, number of students (N) for each course, and the percentage of women

that took the course (“% W?”). Courses are marked as required or optional.

Optional courses are chosen from a group of electives to fulfill degree requirements.

We used the following abbreviations: Laboratory (Lab), Astronomy (Astro),

Modern Physics (Modern), Thermodynamics and Statistical Mechanics (Stat

Mech), Electricity and Magnetism (E&M), Computational (Comp), and Mechanics

(Mech). Students may take either Physics 1 and 2 or Physics 1 and 2 Honors, and

either Introductory Lab or Honors Introductory Lab

AGA Grade
Course Course Type | % W N Mean SD Mean SD
Physics 1 Required 23 335 -0.36 0.92 2.89 0.92
Physics 2 Required 26 389 -0.39 0.86 2.87 0.94
Physics 1 Honors Required 25 198 -0.18 1.06 3.31 0.77
Physics 2 Honors Required 21 183 -0.11 0.54 3.43 0.70
Intro Lab Required 23 371 0.27 0.71 3.49 0.82
Intro to Astro Optional 23 151 -0.04 0.88 3.10 0.99
Honors Intro Lab Required 15 116 -0.02 0.58 3.53 0.69
Modern 1 Required 19 315 -0.50 1.03 2.84 1.08
Modern 2 Optional 19 286 -0.28 0.71 3.04 0.93
Electronics Lab Optional 22 241 -0.29 0.66 3.00 0.89
Modern Lab Optional 19 125 0.13 0.29 3.46 0.63
Thermo Required 21 219 -0.52 -0.78 2.88 1.05
Mechanics Required 20 291 -0.53 0.70 2.83 0.93
E&M 1 Required 20 318 -0.64 0.83 2.68 1.08
E&M 2 Optional 23 100 -0.25 0.62 3.33 0.80
Comp Methods Required 19 272 -0.34 1.00 2.95 1.24
Optics Optional 20 196 -0.41 0.81 2.90 1.06
Optics Writing Optional 25 166 -0.04 0.78 3.30 0.98
Quantum Mech 1 Required 19 204 -0.17 0.81 3.27 0.99
Quantum Mech 2 Optional 23 103 -0.15 0.59 3.41 0.74
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Table 33: Average grade anomalies (AGAs), grades, and effect sizes for both

measures for each course of interest, by student gender. Cohen’s d is positive if men

had higher grades than women in a course. We used the following abbreviations:

Honors (Hon), Laboratory (Lab), Astronomy (Astro), Physics (Phys), Electronics

(Elect), Thermodynamics and Statistical Mechanics (Stat Mech), Electricity and

Magnetism (E&M), Computational (Comp), and Quantum Mechanics (QM).

Women Men
AGA Grade AGA Grade Cohen’s d
Course Mean SD Mean SD ‘ Mean SD  Mean SD ‘ AGA Grade
Physics 1 -0.64 1.03 273 093 | -036 092 294 0.92 0.41 0.23
Physics 2 -0.56 0.79 273 096 | -0.33 0.88 292 0.93 | 0.27 0.20
Phys 1 Hon -0.45 059 3.09 071 |-009 116 3.38 0.78 | 0.34 0.39
Phys 2 Hon -0.22 0.54 329 0.68 | -0.08 0.54 347 0.70 | 0.25 0.26
Int Lab 0.38 051 362 058 | 024 0.7 345 0.88 | -0.19 -0.20
Int to Astro 0.08 0.69 319 094 |-0.08 0.92 3.07 1.01 | -0.18 -0.12
Hon Int Lab 0.02 039 369 049 | -0.03 0.60 3.50 0.71 | -0.08 -0.28
Mod Phys 1 -046 0.72 286 091 | -0.51 1.09 284 1.12 0.04 -0.02
Mod Phys 2 -0.29 0.64 3.06 0.78 | -0.27 0.72 3.04 0.96 | 0.02 -0.02
Elect Lab -0.21 0.43 310 0.73 |-032 0.71 297 0.93 | -0.15 -0.14
Modern Lab 0.23 050 364 0.51 | 011 060 342 0.65 | -0.20 -0.35
Stat Mech -0.53 0.79 297 096 | -051 0.78 286 1.07 | 0.01 -0.10
Mechanics -0.68 0.66 269 085 |-049 0.71 288 0.95 | 0.28 0.20
E&M 1 -0.73 0.70 264 093 |-062 0.8 269 1.11 | 0.13 0.05
E&M 2 -0.22 0.44 333 0.61 | -0.26 0.67 3.33 0.86 | -0.07 0.00
Comp Meth -0.26 0.92 3.10 1.08 | -0.36 1.02 291 1.28 | -0.10 -0.15
Optics -0.43 070 294 1.01 | -040 0.84 289 1.07 | 0.03 -0.05
Optics Wri 0.09 0.70 348 0.83 |-0.08 0.80 3.23 1.03 | -0.22 -0.25
QM 1 -0.29 0.70 3.17 091 |-0.15 0.83 329 1.01 | 0.17 0.13
QM 2 0.01 0.49 358 0.65 |-0.19 061 335 0.76 | -0.35 -0.31
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Table 34: Three multivariate analyses of variance (MANOVA) are reported, with
courses grouped to reduce listwise deletion into courses typically taken in students’

first, second, third, and fourth years in the physics program.

Courses ‘ AGA Grade

1 Physics 1, Physics 2, Physics 1 Honors, | F(1,1112) = 18.61*** F(1,1118) = 13.99***
Physics 2 Honors

2 Intro Lab, Intro to Astro, Honors Intro F(1,1416) =2.22 F(1,1416) =3.23
Lab, Lodern Physics 1, Modern Physics 2,
Electronics Lab

3 Modern Lab, Stat Mech, Mechanics, E&M F(1,1383) =0.04 F(1,1383) =0.07
1, E&M 2, Comp Methods
4 Optics, Optics Writing, QM 1, QM 2 F(1,702) =1.20, F(1,702) =1.72

199



Physics 1 b I — i
Physics 2 b 4 | f | 1
Intro Physics Lab i [ e I e |

Physics 1 Honors —a— I—o—{
g Physics 2 Honors f—a————] ‘
é Honors intro Physics Lab i
Electronics Lab f———a—q }

intro to Astronomy f f %} . } Gender

Modern Physics 1 b ‘ e Men

Modern Physics 2 e | 4 Women
-0.75 -0.50 -0.25 0.50 0.25 0.5C

Average Grade Anomaly

(a) Grade anomalies by course for students in their first and second year of
university, separated by gender.
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(b) Grade anomalies by course for students in their first and second year of
university, separated by gender.

Figure 10: Average grade anomalies (AGA) of all students who declared a physics
major by course, separated by gender. Ranges represent standard error of the
mean. All courses are required except for Intro to Astronomy, Modern Physics 2,
Electronics Lab, Modern Physics Lab, Electricity and Magnetism 2, Waves and
Optics, Waves and Optics Writing, and Quantum Mechanics 2. The dashed line

represents an average grade anomaly of 0.
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(b) Grades by course for students in their third year of university and beyond,
separated by gender.

Figure 11: Average grades of all students who declared a physics major by course,
separated by gender. Ranges represent standard error of the mean. All courses are
required except for Intro to Astronomy, Modern Physics 2, Electronics Lab,

Modern Physics Lab, Electricity and Magnetism 2, Waves and Optics, Waves and

Optics Writing, and Quantum Mechanics 2.
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9.0 Impact of Grade Penalty in First-Year Foundational Science

Courses on Female Engineering Majors

9.1 Introduction and Theoretical Framework

Gender differences in performance and persistence in science, technology, engi-
neering, and mathematics (STEM) are well-studied phenomena, especially in en-
gineering [1,4, 44, 115]. When women leave STEM disciplines, they often do so
with higher grades than men who remain in the program [53,54,180]. Women are
more drastically underrepresented in engineering than many other STEM disciplines
[1,4,115], so focusing on retention is particularly important for this field. If women
are leaving engineering programs with grades that meet or exceed minimum require-
ments [53,54], it is likely that many students who would succeed in engineering careers
will pursue other professional paths. There are many partial explanations regarding
why women who are meeting or exceeding the requirements of their programs leave.
These include societal stereotypes and biases about who can excel in these disciplines
that discourage women from pursuing STEM careers [9,38,56,57,59,67,202,243,244],
gender discrimination in hiring [208], and differences in STEM motivational beliefs
such as self-efficacy and sense of belonging [6-8,11,12,41,44,65,115,188]. We have
been focusing on how to improve equity and inclusion in STEM, with a particular
focus on motivational factors [9,10,22,23,32,171].

Here, we focus on first-year engineering majors and introduce a framework that
posits that grade penalty in first year foundational science courses for engineering
majors may be particularly damaging to female students who do not have role models

and are questioning whether they have what it takes to excel in an engineering
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major and career. We focus on grade anomaly as a tool to help understand gender
differences in first year engineering grades. Grade anomaly is the difference between
a student’s grade in a course of interest and their GPA in all other courses thus far
excluding that course. We divide grade anomalies into “bonuses” and “penalties”.
A course in which most students earn a lower grade than usual has a grade penalty,
while a course in which most students earn a higher grade than usual has a grade
bonus.

We propose that grade anomaly is a potential measure of students’ academic self-
concept which is easy to track, through institutional grade data. Our framework uses
grade penalty as a central construct instead of grade because students’ self-concept
is tied to what type of student they think they are. Low academic self-concept can
be particularly detrimental to women [78-80,233], so measuring it may be useful for
tracking classroom equity. Students tend to have a fairly fixed view of what “kind”
of student they are: for example, students may endorse the idea that “If I get As, I
must be an A kind of person. If T get a C, T am a C kind of person” [53,54]. Grade
anomalies may challenge or reinforce students’ ideas about what kind of student they
are, and if they are capable of succeeding in their chosen major. Many students who
leave STEM majors explicitly cite lower grades than they are used to as a reason for
doing so [53,54]. Grade penalties are more common and extreme in STEM disciplines
than in humanities or social science departments [53,152,234,235], and women are
more affected by these grade penalties due to stereotypes and lack of role models,
and they are more likely to leave their majors or career aspirations with fewer and
smaller grade penalties than men are [53,234].

In this paper, we use Situated Expectancy Value Theory (SEVT), studies about
why students leave STEM, and previous work on grade anomalies to explore if grade

anomalies in first-year foundational courses affect male and female engineering majors
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differently, making grade anomalies an equity issue in engineering. We also posit that
grade anomaly may be a better measure of self-concept [78] than raw grades and
students are more likely to question whether they should continue in disciplines in
which the foundational courses involve grade penalty because it is a unique measure
of “within-student” frame of reference (i.e., students are comparing their own grades

across different courses as opposed to comparing their grades with others) [233].

9.1.1 Prior Work on Grade Penalty

Several studies [152,235,238| have utilized “grade anomaly”, the difference be-
tween a student’s GPA excluding a course of interest and their grade in all courses
thus far. Huberth et al. [238] developed this measure, but Koester et al. [235] con-
ducted the first study we know of that focuses on average grade anomaly (AGA).
They used AGA because it was perceived to be a better measure of how students
view their comparative performance than their raw grades across different courses.
They found that, at their institution, grade penalties were greater for STEM than
non-STEM courses. Further, within STEM courses, grade penalties were smaller for
men than women. In particular, they found that physics courses had the largest grade
penalty and largest gender difference in AGA. The researchers theorized that large
grade penalties and gender differences may be partially attributed to high-stakes
assessments [13,94, 120, 121] and stereotype threat [77]. High-stakes assessments
like exams are shown to have larger gender differences in grades than low-stakes
assessments like problem sets or quizzes [13,94,120, 121], while stereotype threat (a
students’ feeling of risk associated with confirming a negative stereotype, for example
a woman who fears confirming the stereotype that women are bad at math) takes

up cognitive resources of students from underrepresented groups [77]. The Matz et
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al. [152] study had similar findings but with a larger student sample across multiple
institutions. Across five universities, STEM courses had larger grade penalties and
larger gender differences in AGA that usually favored men. Their study also raised
concerns over high-stakes assessments. They emphasized that large grade anomalies
often reflect grading decisions made by instructors, rather than being an accurate
measure of student learning.

Thus, past work provides evidence for the existence of grade anomalies in STEM
courses, and the existence of gender differences in these anomalies. Here, we present
an investigation that focuses on grade anomaly in first-year foundational courses in
engineering in which we analyze data to study if these trends hold in a more homo-
geneous population of first-year engineering students at a single university, rather
than combining students across institutions and majors. This focus on first-year
engineering students can help control for potential confounding factors. This study
is particularly important because first year foundational courses in engineering play

a critical role in students’ short and long-term professional trajectories.

9.1.2 Situated Expectancy Value Theory Framework

Expectancy Value Theory (EVT) [79] and Situated Expectancy Value Theory
(SEVT) [78] are frameworks to understand student achievement, persistence, and
choice of tasks in a domain (e.g., engineering). EVT posits that performance and
persistence is determined by someone’s expectation of success and the extent to which
they value that task. If a student expects they will succeed in a task and believes
that task will be valuable to them (for personal interest, as a path to achieve another
goal, etc.) they are more likely to pursue that task. If they do not expect to succeed

and do not value a task, they are unlikely to attempt it. Here, we will focus primarily
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on student expectancies, though value is also important to understanding why some
students may persist while others do not.

Expectancies are a combination of academic self-concept, expectations for suc-
cess, and perceptions of task difficulty [78-80,233]. Academic self-concept is the
most stable and the least task and domain-dependent of the three, and it is based
primarily on grades and outside (e.g., from parents, peers, and instructors) feed-
back [78-80, 233, 236]. Grades inform academic self-concept as both an external
(“How good at math am I compared to other students?”) and internal (“How good
am I at math compared to English?”) frame of reference [79,80,233].

Expectations of success are more domain and task specific, and refer to a student’s
belief in their ability to complete a specific task, which will include considerations
such as skill in the subject, time allotted, and experience in a subject ( [78-80,233].
Expectancy for success most closely relates to Bandura’s theory of self-efficacy [78,
80,127]. A student may have a positive academic self-concept in math, but may have
low expectancy for success if they take a math test on very new material they have
not had adequate time to learn. The third expectancy, perceptions of task difficulty,
is more straightforward; most students have less faith in their ability to do well on
an exam if their peers have reported it to be particularly difficult [79].

In EVT, the three expectancy concepts were collapsed into one factor. However,
the updated framework, SEVT, has called to separate these three concepts [78].
According to Eccles and Wigfield [78], combining academic self-concept, expectancies
for success, and perceived task difficulty has led to a lack of understanding of the
unique developmental mechanisms of each and how the three concepts relate.

We propose that grade anomalies can act as a proxy for student’s internal frame
of reference. Additionally, past research has found that during times of transition,

the usually-stable academic self-concept becomes more dependent on grade feedback
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and less dependent on outsider (e.g., parental) feedback [233]. We study first-year
engineering students because they are more likely to have an unstable academic self-
concept due to the transition from high school to university and can be impacted by

their performance in first-year courses in college.

9.1.3 Research Questions

We aim to answer the following research questions regarding grade anomalies for

first-year engineering students:

RQ1. For which of their first-year courses do engineering students receive a “grade
penalty” and for which courses do they receive a “grade bonus”?

RQ2. Do male and female engineering students have different “grade anomalies”
in their first-year courses?

RQ3. If there are gender differences in “grade anomalies”, do they follow the same

trends as gendered grade differences?

9.2 Methods

9.2.1 Participants

This study takes place at the University of Pittsburgh, a large, public, urban,
predominantly-white institution in the northeastern United States. The participants
were students enrolled in the School of Engineering, who were in their first or second
semester at the university, and took calculus-based physics 1 as well as other manda-

tory first year courses taken by engineering majors between Spring semester of 2006
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and Fall semester of 2019. We excluded courses that were taken during the summer
semester. This left us with 6,028 engineering majors who took 48,116 courses dur-
ing their first and second semesters of college. The sample was 29.9% women and
70.1% men. Students who did not list their gender were excluded from the study as
they made up less than 0.1% of the sample. Students identified with the following
races/ethnicities: 79% White, 9% Asian, 3% Hispanic/Latinx, 3% multiracial, 5%
African American/Black, and 1% unknown or unspecified. Demographic data were
provided through deidentified university records. This research was carried out in
accordance with the principles outlined in the University of Pittsburgh Institutional

Review Board (IRB) ethical policy.

9.2.2 Procedures

We chose the courses to include in our investigation by reviewing the engineering
first-year curriculum, which is standardized for students at our institution, and con-
firming that the majority of students took these courses during their first or second
semester of college. Chemistry 1 and Chemistry 2 were offered by the Department of
Chemistry, but are reserved for engineering students. Physics 1 and Physics 2 were
offered by the Department of Physics and Astronomy, and Calculus 1 and Calculus
2 were offered by the Department of Mathematics. All other courses were offered
by the school of engineering. Some courses, such as “Composition Seminar”, a writ-
ing course for first-semester engineering students, have fewer students than other
courses. This is a result of changes in the writing part of the curriculum over the
thirteen-year data collection period. All curriculum changes resulted in a very gen-
eral requirement becoming more specific (for example, students were once required

to take one general education course in humanities before graduation, but are now
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required to take “Composition Seminar” during their first semester). In situations
involving these cases, we only included the newer and more specific requirement in

our analysis.

9.2.3 Measures
9.2.3.1 Course Grade

Course grades were based on the 0-4 scale used at our university, with A = 4,
B=3C=2D=1,F =0 or W (late withdrawal), where the suffixes ‘+’ and
‘-7, respectively, add or subtract 0.25 grade points (e.g., B- = 2.75 and B4+ = 3.25),
except for the A+, which is reported as 4. We are unable to report detailed grading
schemes of each physics instructor, type of course, or any other detailed course-
level information but a majority of courses are traditionally taught primarily using

lectures.

9.2.3.2 Grade Anomaly

Grade anomaly (GA) was found by first finding each student’s grade point average
excluding the course of interest (GPA..), including all courses taken prior and

simultaneously with the course of interest. This was done by using the equation

(GPA. x Units.) — (Grade x Units)
Units. — Units

GPA.. = (5)

where GPA, is the student’s cumulative GPA, Units. is the cumulative number of

units the student has taken, Grade is the grade the student received in an individual

course, and Units is the number of units associated with an individual course. After
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finding GPA.,. we can calculate GA by finding the difference between a student’s
GPA,,. and the grade received in that class:

GA = Grade — GPA.;.. (6)

A negative GA corresponds to a course grade lower than a student’s GPA in other
classes (a “grade penalty”). A positive GA corresponds to a course grade higher than
a student’s GPA in other classes (a “grade bonus”). Average grade anomaly (AGA)
is the mean of students’ grade anomalies (GA) for each course, and is the metric by

which we compare courses.

9.2.4 Analysis

To characterize both average grade anomaly (AGA) and grades, we found the
sample size, mean, standard deviation, and standard error of each measurement for
each course of interest. We calculated these statistics for women and men separately,
and then for all students combined. We also compared the effect size of gender on
both grade and grade anomaly, using Cohen’s d to describe the size of the mean dif-
ferences and unpaired t-tests to evaluate the statistical robustness of the differences.

Cohen’s d is calculated as follows:

d=- (7)

01 — 03
where p; and p; are the means of the two groups, o; and o, are the standard
deviations [108] and Cohen’s d is considered small if d ~ 0.2, medium if d ~ 0.5,
and large if d ~ 0.8 [140]. We used a significance level of 0.05 in the t-tests and as
a balance between Type I (falsely rejecting a null hypothesis) and Type II (falsely

accepting a null hypothesis) errors [108]. All analysis was conducted using R [174],
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using the package plotrix [245] for descriptive statistics, Isr [246] for effect sizes, and
ggplot2 [247] to create plots.

9.3 Results

9.3.1 For which of their first-year courses do engineering students receive

a “grade penalty” and for which do they receive a “grade bonus”?

To answer RQ1, we calculated average grade anomaly (AGA) for each course
engineering students are required to take during their first and second semester at
the university. We show the descriptive statistics for both grades and AGA in Table
35 and Figure 12. The largest student sample can be found for Physics 1, because
this is the class we used to select engineering students for our sample. We find that
students generally receive grade penalties in the courses offered by the departments
of Chemistry, Mathematics, and Physics, while students receive grade bonuses in
first-year courses offered by the department of English and School of Engineering.
The courses in which students receive a grade penalty are (in order from largest to
smallest penalty): Chemistry 1, Chemistry 2 and Physics 2 (tie), Calculus 2 and
Physics 1 (tie), and Calculus 1. The courses that students receive a grade bonus are
(in order from smallest to largest bonus): Introduction to Computing, Composition
Seminar, Introduction to Analysis, and Engineering Communication in a Professional

Context.
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9.3.2 Do male and female engineering students have different “grade

anomalies” in their first-year courses?

To find if there are differences in grade anomalies for men and women, we grouped
students by their self-reported gender and calculated the average grade anomaly for
both groups for each course of interest. We then calculated Cohen’s d as a measure
of effect size between the two groups [108], which can be seen in Table 36. Women
had indistinguishable or favorable AGA outcomes (e.g., smaller grade penalties or
larger grade bonuses) compared to men, with three exceptions (see Figure 13). For
Intro to Computing, Physics 1, and Physics 2, men have smaller grade penalties or
larger grade bonuses than women.

For both men and women, Professional Communication, a writing course, pro-
vided the largest grade bonus. For men, the courses that provided the largest grade
penalties are Chemistry 1 and Chemistry 2, with grade penalties of -0.62 and -0.64,
respectively. This means that men tended to receive over half a letter grade lower
in this course than in their other courses. For women, the course that provided the

largest grade penalty is Physics 2, with an AGA of -0.71.

9.3.3 4.3. If there are gender differences in “grade anomalies”, do they

follow the same trends as gendered grade differences?

There are some classes that show similar trends for grades and AGA, which
can be seen in Table 36. We define similar trends as having a similar effect size
(small, medium, or large) and a similar p-value. These include Composition Seminar,
Chemistry 1, Chemistry 2, Calculus 1, and Calculus 2. There are courses with a larger
gender difference in grade than AGA. These include Intro to Computing, Intro to

Analysis, and Engineering Communication in a Professional Context. There are
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courses with a larger gender difference in AGA than grade. These include Physics 1
and Physics 2.

9.4 Discussion

Our results show that there are grade penalties in all science and math courses
studied, and bonuses in all engineering and English courses. We note that, similar
to other studies that focus on AGA [152,235], science and math courses have large
grade penalties, while humanities courses have grade bonuses. Our results differ from
past studies because first year courses offered by the engineering school have grade
bonuses as opposed to penalties. In this section, we discuss: the potential harms of
grade anomalies, what gender differences in grade anomalies can reveal about course
equity, how grade anomaly related to academic self-concept; concerns about unequal
access to coping mechanisms (methods that students use to persist in an environment
with large grade penalties) regarding grade penalties, and why grade anomalies are
a useful measure above and beyond raw grades.

First, we discuss why grade anomalies can be harmful. Lower than expected
grades, even in a single course, can be a catalyst for students to leave STEM majors
[53,54]. This does not just include D and F grades or withdrawal from the course,
but grades that were high enough to continue the program that did not meet a
student’s personal expectations [53,54]. This was a particular issue among high-
achieving students, who were more likely to endorse perfectionism and feeling that
their identity as “good STEM students” was threatened by B’s and C’s, or even a
low grade on a single exam [53].

One way that students report coping with these unexpectedly low grades is by
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relying on others (such as friends, professors, or mentors) for support, which often
comes as reassurance that low grades are normal in these difficult classes [53]. A
second way students report coping is by accepting the harsher grading standards
(such as curved grading or very low class exam averages) of STEM courses and
decoupling their self-concept as STEM students with their grades [53]. Both of these
coping mechanisms raise equity concerns, which are discussed in the next section.

It is important to note that these grading standards are a choice made by STEM
departments and instructors. Requiring students to accept harsh grading standards
and separate their identities as STEM students from their grades in order to suc-
cessfully complete their degrees can distract students from their coursework. This,
combined with evidence that shows that many high-achieving students leave these
majors due to grade-related concerns, should lead instructors to question if their
standards actually improve the education they offer students, or if they are simply
pushing away all students except those who are capable of maintaining their academic
self-concept divorced from grades.

In addition to seeing evidence of grade penalties in some courses for first-year
engineering students, especially large-enrollment introductory courses, we also see
some gender differences in grade anomalies. In particular, there were larger grade
penalties for women in Physics 1 and Physics 2. Because women leave majors with
higher grades than men who remain both in [44,53] and outside [234] of STEM, this
raises serious equity concerns. Past work suggests that women tend to have lower
motivational beliefs that relate to academic self-concept, such as self-efficacy and
sense of belonging [10, 12,41, 44,94, 120, 224, 241, 242]. Women report feeling more
demoralized than men when they receive low grades, and cite more worry over not
understanding material even if they receive A’s, B’s, or C’s (all of which are grades

that allow students to continue in most programs) [53,115]. This trend has been
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found to be particularly strong among high-achieving women [53].

We suggest that women may be more likely to have a low academic-self-concept
than men at similar performance levels for two reasons. First, prior research also
suggests that women are less likely to separate their academic self-concept from their
grades which is one of the clearest types of recognition in a domain [53,54,234]. In
particular, grades are the resource that women have the most access to. Academic
self-concept is formed through grades and feedback from outsiders. Because women
are less likely to receive recognition as someone with potential in STEM from their
parents [67,97,181], society at large [55,57], and their instructors [56,130,208], they
are more likely to rely on grade information to develop their academic self-concept.
Next, women often tend to earn higher grades than men with the same standardized
test scores [53,203]. Because women are often more accustomed to higher grades, they
may have more concern about grades that are lower than what they are accustomed
to (especially if there are stereotypes about who can excel in those domains), or they
may compare their relatively-low STEM grades and leave for another subject that
gives them the recognition for their work that they are accustomed to [53,54].

Next, interview-based studies [53] suggest that women are less likely to have ac-
cess to the coping mechanisms (i.e., support from peers or mentors and resources to
decouple their self-identity as STEM students with their grades [53]) that students
often use to continue even if they receive lower-than-expected grades in foundational
courses. For example, women are less likely to receive advice that low grades are
acceptable from peers and mentors because they are less likely to have peers and
mentors they can relate to due to the underrepresentation of women in many STEM
fields, such as engineering [1]. Further, if women are less likely to continue in their
field of interest due to low grades [53,115], the women who remain in or complete

programs are more likely to be high-achieving in the field, and would thus be less
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likely to give advice that is useful to the average student (for example “I, like many
others, received a C in this class but was still able to complete my program”). This
second coping mechanism is essentially separating grades from academic self-concept.
As stated earlier, because women are less likely to have positive feedback from out-
siders (e.g., parents and instructors), they have no other way to form academic
self-concept unless they can find a support system that can provide that outside
recognition, though this sort of system may not be available to every student who
seeks it out. These same arguments about lack of access to coping mechanism may
apply to students from other underrepresented groups, who are also more likely to
leave their programs due to lower-than-expected grades, i.e., due to grade penalty,
than students from groups that are not underrepresented. Other groups that may
be more affected by grade anomalies are racial and ethnic minority students [47, 53]
and first-generation students [248].

Finally, we find that grade anomalies and raw grade data do not always reveal the
same trends. Some courses have larger gender differences in AGA than in grades,
such as Physics 1 and Physics 2. This speaks to the usefulness of tracking both
AGA and grades of the students. An instructor may see a small grade difference and
understand that there is gender inequity in their classroom, but without knowing
the gender differences in AGA, the instructor will not understand how those grades
are perceived by female and male students. Understanding both grades and AGA
differences may allow instructors to understand both classroom-level inequities and
the extent to which their course may be pushing underrepresented groups, such as
women, out of STEM fields.

There are also some courses that have larger gender differences in grades than
in AGA, such as Intro to Computing, Intro to Analysis, and Engineering Commu-

nication in a Professional Context. However, we do not find these differences as
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concerning, because all of these courses are, on average, offering grade bonuses to all
students, so they are less likely to decrease students’ academic self-concept.

From our results, we make several recommendations to instructors and depart-
ments. First, measuring grade anomaly in addition to grades may be a useful way
to find inequities in the learning environment. Measuring grades and gendered grade
differences is both valuable for and accessible to individual instructors, but grade
anomalies may be useful to departments concerned about students’ retention over
longer periods and finding which courses may be discouraging students from under-
represented groups to leave a major.

Next, we encourage instructors and departments to evaluate their goals when de-
veloping grading practices. If a department aims to create a diverse and welcoming
environment that attracts students, while also maximizing student learning, there are
several productive practices to consider. Frequent, low-stakes assessment gives am-
ple opportunity for instructor feedback and can minimize gender inequities in STEM
classrooms [94,120,127]. This includes offering many types of assessment, such as
quizzes, clicker questions, and projects in addition to or instead of homework problem
sets and exams [13,94,119]. Collaborative and active learning approaches in equi-
table learning environments may also improve learning outcomes and grades while
eliminating gender performance differences [94,120,157,249]. Finally, we recommend
instructors avoid curved grading and very low class averages: these practices do not
reflect student performance, but they do discourage students and often contribute to
students’ reasons for leaving a field [53,54].

The results presented in this study are very important because they provide ev-
idence that courses in STEM departments (particularly large, mandatory, introduc-
tory courses) tend to result in grade penalties for students. This allows us to pinpoint

departments and courses that may have grading practices that are inequitable or un-
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representative of student learning, as well as those that have more equitable and
representative grading, so that practices may be shared across disciplines to improve
learning environments in all disciplines. The relatively new measure of AGA may
also act as a measure of academic self-concept that is easy for institutions to access.
This can also be useful to researchers as they develop separate measurements for aca-
demic self-concept and expectancies for success. Because most research on measures
of self-concept is relatively new [78], qualitative work in this area may help further
clarify the connection between grade anomalies and academic self-concept, as well
as reveal how they both affect retention. Further, grade anomaly may correlate with
multiple factors, not just self-concept (for example, student self-efficacy, interest,
course engagement, and impact of teaching methods), and qualitative or survey data
may reveal more nuanced impact for each of these factors on grade penalty.
Although we have strong evidence of grade penalties in chemistry, mathemat-
ics and physics courses for first-year engineering students as well as gendered grade
anomaly differences, we did not have access to syllabi or other information about
individual courses for every course offered over the thirteen-year period of data col-
lection. Therefore, we are not able to pinpoint specific practices that may lead to
grade penalties, grade bonuses, or gender inequities at our institution. Instead, we
assume that, like the courses currently offered, most of these large, introductory

courses are taught in a traditional, lecture-based, and exam-reliant format.

9.5 Conclusion

In this work we found that grade anomalies exist for all first-year engineering

courses at our institution. Engineering and English Composition courses offered
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grade bonuses while Physics, Math, and Chemistry courses had grade penalties.
Further, all courses had a grade anomaly (larger grade bonuses or smaller grade
paneities) that favored women over men except for both Physics courses and Intro-
duction to Computing. This raises particular concern about physics classes and the
need for an equitable learning environment for engineering students. We also note
that grade anomalies and raw grades do not reveal the same gender difference trends.
Thus, both grade anomaly and raw grades should be tracked when determining if a
course is equitable.

Finally, this research is based at a primarily white, large, public university, and
while our results may generalize to similar institutions, we do not know what pat-
terns of grade anomalies exist at liberal arts colleges, minority-serving institutions,
or community colleges. Conducting research at a diverse range of institutions in
different countries, as well as a stronger focus on how grade anomaly affects students
from a variety of underrepresented groups, will help us more fully understand how

grade anomalies differ for a range of students.
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Table 35: Grades and AGA for each course of interest, including the department

that offered it and semester in which it was offered. The following words are

abbreviated: Seminar (Sem.), Computing (Comp.), Communication (Com.),

Professional (Prof.), and Standard Deviation (SD).

Course Semester Department ‘ N Mean SD Mean SD
Composition Seminar Fall English 787 3.51 072 048 0.70
Intro to Analysis Fall Engineering | 5352 3.52 0.53 0.5 0.54
Chemistry 1 Fall Engineering | 4185 255 0.99 -0.62 0.85
Physics 1 Fall Physics 6022 2.73 0.79 -047 0.72
Calculus 1 Fall Mathematics | 4381 2.81 1.01 -0.23 1.08
Intro to Comp. Spring Engineering | 4672 3.29 0.73 0.27 0.62
Prof. Com. Spring English 338 381 031 0.63 0.55
Chemistry 2 Spring Chemistry 3385 252 091 -0.59 0.68
Physics 2 Spring Physics 4762 2.58 091 -0.58 0.70
Calculus 2 Spring Mathematics | 4601 2.63 1.13 -0.48 0.99
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Table 36: Comparison of grades and AGA between men and women. If the effect
size given by Cohen’s d is positive for grade, women had higher grades than men. If
d is positive for AGA, women had a larger grade bonus or smaller grade penalty
than men in that course. The following words are abbreviated: Seminar (Sem.),
Computing (Comp.), Communication (Com.), Professional (Prof.), and Standard

deviation (SD). ¢ = p < 0.05, b = p < 0.01, and a = p < 0.001

Course ‘ N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ Grade AGA
Composition Sem. 277 3.70 0.48 0.64 0.65 510 3.41 0.80 0.40 0.71 0.41% 0.34%
Intro to Comp. 1352 3.34 0.70 0.24 0.57 3320 3.26 0.75 0.28 0.63 0.10% -0.05
Intro to Analysis 1580 3.60 0.49 0.55 0.47 | 3772 3.49 0.55 0.55 0.57 | 0.20% 0.00
Prof. Com. 129 3.86 0.35 0.68 0.52 209 3.77 0.34 0.60 0.57 | 0.26% -0.10
Chemistry 1 1103 2.68 0.90 -0.55 0.81 | 3082 2.50 0.98 -0.64 0.86 0.19° 0.10°
Chemistry 2 899 2.67 0.84 -0.50 0.63 | 2486 2.46 0.93 -0.62 0.69 | 0.22¢ 0.17%
Physics 1 1783 2.67 0.73 -0.65 0.68 | 4239 2.76 0.81 -0.40 0.72 | -0.11¢ -0.36“
Physics 2 1342 2.54 0.82 -0.71 0.64 3420 2.59 0.94 -0.54 0.71 -0.06¢ -0.25¢
Calculus 1 1222 2.98 0.90 -0.10 0.99 3159 2.75 1.04 -0.28 1.11 0.232 0.16¢
Calculus 2 1288 2.79 1.06 -0.38 0.93 | 3313 2.63 1.13 -0.48 0.99 | 0.20¢ 0.15%
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Figure 12: Average grade anomaly (AGA) of all students by course. The following
words are abbreviated: Seminar (Sem.), Computing (Comp.), Communication

(Com.), and Professional (Prof.). Ranges represent standard error of the mean.
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Figure 13: Comparison of average grade anomaly (AGA) between men and women.
The following words are abbreviated: Seminar (Sem.), Computing (Comp.),
Communication (Com.), Professional (Prof.), and Standard deviation (SD). Ranges

represent standard error of the mean.
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10.0 Gender gaps in grades versus grade penalties: Why grade
anomalies may be more detrimental for women aspiring for careers in

biological sciences and contribute to a leaky pipeline

10.1 Introduction

Research on gendered performance and persistence differences in science, tech-
nology, engineering, and mathematics (STEM) fields is important in the fields in
which women are the least likely to earn degrees, such as physics or engineer-
ing [4,7,11,12,41,43,45,65,115]. However, less research has been conducted on
gender differences in fields in which women are not underrepresented, such as biol-
ogy [120,240]. Concerns about gender equity in STEM education are not limited to
the number of women in the field, but includes the experiences of female students
when they do participate [24,25,56,188,250]. In domains such as biological science,
woman may earn the same number of undergraduate degrees as men [1], even if men
and women have different experiences in the classroom.

Prior research has found that women are less likely to participate in class discus-
sions in biology classrooms [251] and are less likely to be viewed as knowledgeable by
their peers [182]. Further, women and tend to have lower exam grades than men in
their introductory biology classes [94]. Despite their different classroom experiences,
women earn undergraduate and graduate bioscience degrees at higher rates then
men [1]. Becuase biology degree recipients make up over half of medical school ap-
plicants and matriculants in the United States [252], it is also important to note that
there are more women from 2018-2021 who entered medical school than men [252].

If women are earning degrees at high rates regardless, why would it be important to
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investigate undergraduate classroom inequities?

The answer may lay in gender-differences after graduation. Women who earn
biological science degrees are less likely than men to work as scientists after receiving
graduate degrees [253]. If they do continue in their field of study, women who pursue
medical careers or academic biology are likely to experience gender-based inequities.
For example, there are gender disparities in compensation and time to promotion
for all academic medical specialties [254] as well as for physicians [255]. In addition,
one recent study [256] found that in biology, women tend to have shorter publishing
careers (due to leaving the field) than men, and during those careers men had higher
annual publishing rates than women. The annual publishing rate for Biology had a
larger gender difference favoring men than any other domain studied, including those
in which women are underrepresented at all levels, such as physics and computer
science [256]. Other work has estimated that Biology authorship will not reach
gender parity for another twenty-five years [217]. Despite their lower publishing
rates, women in biology also feeling more stress arising from the pressure to publish
than men do [257].

If gender differences career outcomes are explained a lack of representation in
the classroom, than motivational factors may provide some insight. One such moti-
vational construct is academic self-concept, which describes a long-term expectation
of success that students hold regarding their academic abilities and that depends on
outside feedback, such as grades [79,80,233]. Low academic self-concept may lead to
lower future achievement and persistence because it discourages student engagement
in a domain [79]. When women leave STEM disciplines, they often do so with higher
grades than the men who remain in the program [39,53,54].

There are many potential partial explanations that have been suggested regarding

why women who are meeting or exceeding the requirements of their programs leave,
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or do not continue after graduation. These include lack of societal biases about
who can excel in these disciplines [56,57,59,67,202], gender discrimination in hiring
[208], and differences in STEM motivational beliefs such as self-efficacy and sense
of belonging [6-8,11,12,41,65,115,188]. One related reason for why this happens
may be lower academic self-concept of female students in these courses compared
to male students. Though none of these factors may provide complete explanations
of gender differences, aiming to address them simultaneously may create a better
learning environment for women.

Here, we focus on bioscience majors and inquire about gender differences in
grade penalties. In order to quantify grade penalty, we define grade anomaly as the
difference between a student’s grade in a course of interest and their grade point
average (GPA) in all other classes up to that point. The mean of this statistic for
all students who took a course is the average grade anomaly (AGA). We divide
average grade anomalies into “bonuses” and “penalties”. A course in which students
on average earn a lower grade than usual has an AGA with grade penalty, while a
course in which students on average earn a higher grade than usual has an AGA with
grade bonus.

Within our framework, we posit that grade anomaly may allow us to track,
through institutional grade data, an important measure of how courses may affect
students’” academic self-concept. Our framework uses grade penalty as a central con-
struct instead of grade because students’ academic self-concept is often based on
comparisons, not absolute grades [78]. Students may compare their grades across
courses to determine which disciplines they excel at or struggle with [78]. Addition-
ally, students tend to have a fairly fixed view of what “kind” of student they are, e.g.,
students may endorse the idea that “If I get As, I must be an A kind of person. If I

get a C, I am a C kind of person” [53]. Grade anomalies may challenge or reinforce
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students’ ideas about what kind of student they are, and if they are capable of suc-
ceeding in their chosen domain. Many students who leave STEM explicitly cite lower
grades than they are used to as a reason for doing so [53,54]. Grade penalties are
more common and extreme in STEM disciplines than in humanities or social science
departments [53,152,234,235], and women tend to have larger grade penalties than
men in STEM subjects [152].

In this paper, we use Situated Expectancy Value Theory (SEVT), studies about
why students leave STEM, and previous work on grade anomalies to explore whether
the average grade anomalies for men and women in biology and related majors are
different, making grade anomalies an equity issue. We also posit that grade anomaly
may be a better measure of self-concept than raw grades because it is a measure of
a “within-student” frame of reference (i.e., students are comparing their own grades

across different courses as opposed to comparing their grades with others) [78,233].

10.1.1 Research Questions

We aim to answer the following research questions regarding grade anomalies:

RQ1. For which of their courses do students majoring in biological sciences receive
a “grade penalty” and for which courses do they receive a “grade bonus”?

RQ2. Do men and women have different “grade anomalies” in their STEM courses?

RQ3. Do gender differences in “grade anomalies” follow the same trends as gender

differences in grades?
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10.1.2 Theoretical Framework
10.1.2.1 Expectancy Value Theory

Expectancy Value Theory (EVT) [79] and Situated Expectancy Value Theory
(SEVT) [78] are frameworks to understand student achievement, persistence, and
choice of tasks in a domain (e.g., biology or neuroscience). EVT posits that perfor-
mance and persistence are determined by someone’s expectation of success and the
extent to which they value that task. If a student expects they will succeed in a
task and believes that the task will be valuable to them (for personal interest, as a
path to achieve another goal, etc.) they are more likely to pursue that task. If they
do not expect to succeed and do not value a task, they are unlikely to attempt it.
Here, we will focus primarily on student expectancies, though value is also important
to understanding why some students may persist while others do not. Expectancies
are a combination of academic self-concept, expectations for success, and percep-
tions of task difficulty [78-80,233]. Academic self-concept is the most stable and the
least task and domain-dependent of the three, and it is based primarily on grades
and outside (e.g., from parents, peers, and instructors) feedback [78-80,233,236].
Grades inform academic self-concept as both an external (“How good at math am I
compared to other students?”) and internal (“How good am I at math compared to
English?”) frame of reference [79, 80, 233].

Expectancies of success are more domain and task specific and refer to a student’s
belief in their ability to complete a specific task, which will include considerations
such as knowledge and skill related to the subject, time allotted, and experience in a
subject [78-80,233|. Expectancy for success most closely relates to Bandura’s theory

of self-efficacy [78,80,127]. A student may have a positive academic self-concept in
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math, but may have low expectancy for success if they take a math test on very
new material they have not had adequate time to learn. The third expectancy,
perceptions of task difficulty, is more straightforward; most students have less faith
in their ability to do well on an exam if their peers have reported it to be particularly
difficult [79].

In EVT, the three expectancy concepts were collapsed into one factor. How-
ever, the updated framework, SEVT, has called for a separation of these three con-
cepts [78]. According to Eccles and Wigfield, combining academic self-concept, ex-
pectancies for success, and perceived task difficulty has led to a lack of understanding
of the unique developmental mechanisms of each and how the three concepts re-
late [78]. We posit that grade anomaly may be a better measure of self-concept [78§]
than raw grades. This is because students often judge their ability by comparing
their grades across courses rather than comparing their grades to other students’ (in
EVT/SVET, this is called the “within student” frame of reference). Poor perfor-
mance from a within-student frame of reference may cause students to question if

they should continue in a discipline [78].

10.1.2.2 Grade Anomalies

Grade anomalies allow us to measure how courses can affect students’ academic
self-concept [78, 80, 234] using institutional grade data [152], which may be more
accessible to instructors and researchers than surveys or interview data. While stu-
dents’ raw grades are a useful measure because they allow for direct comparison
between students and because they are used by institutions to award scholarships
and track student academic standing, we propose that using grade penalty in addition

to raw grades gives researchers and instructors more insight into student self-concept
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(that is, a students’ view of what “kind” of student they are). This is because stu-
dents tend to have a fairly fixed self-concept and often endorse the idea that “If I
get As, I must be an A kind of person. If I get a C, I am a C kind of person” [53].

A student who receives lower grades in their science courses than their humanities
courses may take this as a sign that they are not capable of excelling in the sciences,
even if the grades they earn are high enough for them to continue in their major
[53,54]. This experience may be common, because grade penalties tend to be more
extreme and widespread in STEM disciplines than in other subjects [53,235,237,238].

Several studies [152,235,239] have utilized “grade anomaly” or “grade penalty”,
the difference between a student’s GPA excluding a course of interest and their grade
in all courses thus far. Koester et al. [235] conducted the first study we know of that
focuses on average grade anomaly (AGA). They used AGA because it was perceived
to be a better measure of how students view their comparative performance than
their raw grades across different courses. They found that, at their institution, grade
penalties were greater for STEM than non-STEM courses. Further, within STEM
courses, grade penalties were smaller for men than women. In particular, they found
that physics courses had the largest grade penalty and largest gender difference in
AGA. The researchers theorized that large grade penalties and gender differences
may be partially attributed to high-stakes assessments [13,94, 120, 121, 240], and
stereotype threat [77]. The Matz et al. [152] study had similar findings but with a
larger student sample across multiple institutions. Across five universities, STEM
courses had larger grade penalties and larger gender differences in AGA that usually
favored men.

Thus, past work provides evidence for the existence of grade anomalies in STEM
courses, and the existence of gender differences in these anomalies. Here, we present

an investigation that focuses on grade anomaly in various courses for biological sci-
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ence majors in which we analyze data to study if these trends hold in a more homo-
geneous population of largely pre-health and pre-medical students at a single large
university in the US, rather than combining students across institutions and many

majors.

10.2 Methodology

10.2.1 Participants

Participants in this study were enrolled in bioscience or health majors at the
University of Pittsburgh, which is a large, public, and urban institution. The stu-
dent major breakdown was as follows: 37% Biological Sciences, 1% Bioinformat-
ics/Computational Biology, 3% Ecology and Evolution, 6% Microbiology, 6% Molec-
ular Biology, 30% Neuroscience, 4% Pharmacy, and 13% Rehabilitation Science. All
major except for Neuroscience, Pharmacy, and Rehabilitation Science are offered
through the Department of Biological Sciences. These students were chosen because
of their similar course requirements, especially for large introductory science courses.

Grade data collected over thirteen years, and we excluded courses that were
taken during the summer semester. We excluded summer courses because they are
not a typical representation of courses at our institution. For example, many summer
students do not primarily attend our institution, but are local students visiting home
for the summer. In addition the class sizes are an order of magnitude smaller than
those in the Fall and Spring semesters. This left us with 2,445 students who took
89,560 courses. The sample was 58.1% women and 41.9% men. Less than 0.1% did

not list their gender, so they were excluded from the study due to small sample size.
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Students identified with the following races/ethnicities: 68% White, 17% Asian, 3%
Hispanic/Latinx, 3% multiracial, 7% African American/Black, and 1% unknown or
unspecified. This research was carried out in accordance with the principles outlined
in the University of Pittsburgh Institutional Review Board (IRB) ethical policy, and

de-identified demographic data were provided through university records.

10.2.2 Course Selection

We chose to study courses that were taken by the largest number of students, ex-
cluding non-major electives (for example, “Introduction to Piano” or ”Public Speak-
ing”) and courses that make up general education requirements. Thus, many courses
were mandatory for students in the majors we focus on. However, not all courses
were required for students in all the majors in our sample. Information about if a
course was required, optional (i.e., an elective that count towards the major), or not
required is included in Table 37. The courses we chose are listed in Table 38, along
with information about the year in which the students typically take the course. We
would like to note that, though it is not required for most majors studied, Human
Physiology met our criteria because it is a commonly-chosen elective for both Biol-
ogy and Rehabilitation Science Students. In addition, students in this sample may
take either calculus or algebra-based physics, but so few (N = 61) students chose
calculus-based physics that they were excluded from this study.
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10.2.3 Measures
10.2.3.1 Course Grade

Course grades were based on the 0-4 scale used at our university, with A =4, B =
3,C=2,D=1,F=0or W (late withdrawal); the suffixes ‘4’ and ‘-’, respectively,
add or subtract 0.25 grade points (e.g., B- = 2.75 and B+ = 3.25), except for the A+,
which is reported as 4. We are unable to report grading schemes of each instructor,
type of course (i.e., traditional lectures or active learning), or any other detailed

course-level information due to the large number of courses sampled.

10.2.3.2 Grade Anomaly

GA was found by first finding each student’s grade point average excluding the
course of interest (GPA...). This was done by using the equation
GPA, x Units. — Grade x Units

GPAexc = . ; 8
Units, — Units (8)

where GPA, is the student’s cumulative GPA, Units,. is the cumulative number of

units the student has taken, Grade is the grade the student received in an individ-
ual course, and Units is the number of units associated with an individual course.
After finding G P A.,. we can calculate grade anomaly (GA) by finding the difference

between a student’s GPA,.,. and the grade received in that class:

GA = Grade — GPA,,.. (9)

A negative GA corresponds to a course grade lower than a students’ GPA in
other classes and we call this a “grade penalty”. A positive GA corresponds to a

course grade higher than a students’ GPA in other classes and we call this a “grade
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bonus”. Average grade anomaly (AGA) is the mean of students’ grade anomalies

(GA) for each course, and is the metric by which we compare courses.

10.2.3.3 Analysis

To characterize both average grade anomaly (AGA) and grades, we found the
sample size, mean, standard deviation, and standard error of each measurement for
each course of interest. We calculated these statistics for women and men separately,
and then for all students combined. We also compared the effect size of gender on
both grade and grade anomaly, using Cohen’s d to describe the size of the mean dif-
ferences and unpaired t-tests to evaluate the statistical robustness of the differences.

Cohen’s d is calculated as follows:

d— M1 — M2

2 2
01 — 03

(10)

where p; and p; are the means of the two groups, o; and o, are the standard
deviations [108] and Cohen’s d is considered small if d ~ 0.2, medium if d ~ 0.5,
and large if d ~ 0.8 [140]. We used a significance level of 0.05 in the t-tests and as
a balance between Type I (falsely rejecting a null hypothesis) and Type II (falsely
accepting a null hypothesis) errors [108]. All analysis was conducted using R [174],
using the package plotrix [245] for descriptive statistics, Isr [246] for effect sizes, and
ggplot2 [247] to create plots.
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10.3 Results

10.3.1 For which of their courses do bioscience students receive a “grade

penalty” and for which courses do they receive a “grade bonus”?

To answer RQ1, we calculated average grade anomaly (AGA) for the most pop-
ular courses taken by biological science students and students in related majors
focusing on future careers in health professions. We show the descriptive statistics
for both grades and AGA in Table 39 and Figure 14. We find that students generally
received grade penalties in all STEM courses we studied. One course, Human Physi-
ology, has a smaller grade penalty than other courses, while Organic Chemistry 1 and
2 have much larger grade penalties than all other courses. For Organic Chemistry
courses, students have an AGA of approximately 1, meaning on average, students
receive one full letter grade lower in these courses than in their other courses. There
are no grade bonuses in the table because not all courses students take are included.
For example, students may receive grade bonuses in general education courses, e.g.,

in social sciences and humanities as well as in laboratory courses.

10.3.2 Do men and women have different “grade anomalies” in their

STEM courses?

To investigate if there are differences in grade anomalies between men and women,
we grouped students by their self-reported gender and calculated the average grade
anomaly for both groups for each course of interest. We then calculated Cohen’s
d as a measure of effect size between the two groups [108], which can be seen in
Table 40. Group differences can also be seen in Figure 15. Women had statistically

indistinguishable AGA outcomes to men in Calculus, Human Physiology, Genetics,
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Biochemistry, and Chemistry 2. By indistinguishable, we mean there is no statisti-
cally significant difference between men and women’s AGAs in Table 40. Women did
not have favorable AGA outcomes (e.g., smaller grade penalties) compared to men
in any course. Men had favorable AGA outcomes compared to women in several
courses, meaning there was a statistically significant difference in AGA between man
and women, and men tended to have smaller grade penalties than women. These
courses included Biology 1, Biology 2, Organic Chemistry 1, Organic Chemistry 2,
Chemistry 1, Physics 1, and Physics 2.

10.3.3 Do gender differences in “grade anomalies” follow the same trends

as gender differences in grades?

There are many courses for which there was no statistically significant differences
in grades or grade anomalies, such as Human Physiology, Genetics, Biochemistry,
Chemistry 2, and Physics 2, which can be seen in Table 40. With the exception of
Chemistry 2, these are all courses that students tend to take in their second year of
university or later. There was also one course in which the gender differences were
similar for grades and AGA: Organics Chemistry 1. Cohen’s d between genderes
was similar for Grade and AGA, as shown in Table 40. These similar but significant
gaps favoring men can also be seen in Figures 15 and 16. For the aforementioned six
courses, AGA and grades provide similar information.

There are also courses that show difference trends in AGA versus raw grades.
For example, Table 40 reveals that Biology 1, Biology 2, Organic Chemistry 2, and
Chemistry 1 have no statistically significant gender difference in grades, but all have
a statistically significant difference between men and women when in AGA. Similarly,

Table 40 also shows that the gender difference in AGA (d = 0.26) is larger than in
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raw grades (d = 0.11) for Physics 1, even if the gender difference is statistically
significant for both measures. Comparing Figures 15 and 16, it is clear that the
gender differences are larger for AGA than raw grades for all of these courses.
There is one course that has a larger gender difference in grades than in AGA:
Calculus 1, which can be seen in Table 40. In this course, women tend to have
indistinguishable AGAs to men, but statistically significantly higher grades than

mern.

10.4 Discussion

Our results show that there are grade penalties in all courses studied. First, we
discuss why grade anomalies can be harmful. Lower than expected grades, even in
a single course, can be a catalyst for students to leave STEM majors [53,54]. This
does not just include D and F grades or withdrawal from the course, but grades that
were high enough to continue the program that did not meet a student’s personal
expectations [53,54]. This was a particular issue among high-achieving students, who
were more likely to endorse perfectionism and feeling like their identity as “good
STEM students” was threatened by B’s and C’s, or even a low grade on a single
exam [53]. Thus, we believe that the courses that have the largest grade penalties,
in this case Organic Chemistry 1 and 2, are the courses most likely to push students
out of these disciplines or cause them to question their abilities.

In addition to seeing evidence of grade penalties in some courses we also see
evidence of gender differences in grade anomalies in over half of the courses studied,
particularly Biology 1 and 2, Organic Chemistry 1 and 2, Chemistry 1, and Physics

1 and 2. In particular, we find Organic Chemistry 1 and 2 concerning, because
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this is the largest grade penalty women receive, so it is likely to stand out as a
unique anomaly, and may affect women’s academic self-concept more than other
courses. Women report feeling more demoralized than men when they receive low
grades, and cite more worry over not understanding material even if they receive
A’s, B’s, or C’s (all of which are grades that allow students to continue in most
programs) [53, 115]. This trend has been found to be particularly strong among
high-achieving women [53].

We hypothesize that women may be more likely to have a low academic-self-
concept than men at similar performance levels for two reasons. First, prior research
suggests that women are less likely to separate their academic self-concept from their
grades, which is one of the clearest types of recognition in a domain [53,54,237]. In
particular, grades are the resource that women have the most access to. Academic
self-concept is formed through grades and feedback from outsiders. Because women
are less likely to receive recognition as someone with potential in STEM from their
parents [67,97,181], society at large [55,57], and their instructors [56,130,208], they
are more likely to rely on grade information to develop their academic self-concept.
Next, women often tend to earn higher grades than men with the same standardized
test scores [53,203]. Because women are often more accustomed to higher grades, they
may have more concern about grades that are lower than what they are accustomed
to, or they may compare their relatively-low STEM grades and view themselves as
less able to succeed in biology than a subject that gives them the recognition for
their work that they are accustomed to [53,54].

Finally, we find that grade anomalies and raw grade data do not always reveal
the same trends. Some courses have larger gender differences in AGA than in grades,
such as Biology 1 and 2, Chemistry 1, and Physics 1. This speaks to the usefulness

of tracking both AGA and grades of the students. An instructor may see a small or
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negligible grade difference by gender and assume that there is gender equity in their
classroom based upon grade outcomes by gender, but without knowing the gender
differences in AGA, the instructor will not understand how those grades are perceived
by female and male students. Understanding both grades and AGA differences may
allow instructors to understand both classroom-level inequities.

There is one course that has larger gender differences in grades than in AGA:
Calculus 1. We find this course concerning because of the average grade penalty
for all students, particularly because this course is most often taken by first-year
students, who are more likely to have an academic self-concept that is in flux [78].

Measuring grade anomaly in addition to grades may be a useful way to find
inequities in the learning environment. Measuring grades and gendered grade differ-
ences is both valuable for and accessible to individual instructors, but grade anoma-
lies may be useful to departments concerned about students’ retention over longer
periods and finding which courses may be particularly discouraging to students from

underrepresented groups.

10.5 Conclusion and Future Research

In this work we found that grade penalties exist for all the courses we studied.
Further, seven courses had a grade anomaly (larger grade bonuses or smaller grade
penalties) that favored men over women, while five courses had a grade anomaly
that did not favor either gender. This raises particular concern about the need for
an equitable learning environment for these students.

These results are very important because they provide evidence that courses in

STEM departments tend to have grade penalties. This support the results found in
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prior work on grade anomalies in a more homogeneous population. The relatively
new measure of AGA may also act as a measure of academic self-concept that is
easy for institutions to access. This can also be useful to researchers as they develop
separate measurements for academic self-concept and expectancies for success.

Although we have evidence of grade penalties in the studied courses as well
as gendered grade anomaly differences, we did not have access to syllabi or other
information about individual courses offered over the thirteen-year period of data
collection. Therefore, we are not able to pinpoint specific practices that may lead
to grade penalties, grade bonuses, or gender inequities at our institution. Instead,
we assume that, like the courses currently offered, most of these courses focus on
teaching in a traditional, lecture-based, and exam-reliant format.

Finally, this research is based at a primarily white, large, public university. While
our results are likely to generalize to similar institutions [152,235], we do not know
what patterns of grade anomalies exist at smaller liberal arts colleges, minority-
serving institutions, or community colleges in the US. Also, conducting research at
a diverse range of institutions in different countries, as well as a focus on how grade
anomaly affects students from a variety of underrepresented groups, will help us more

fully understand how grade anomalies differ for a range of students.
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Table 37: Course Requirements by Major R designates a required course, O
designates a course that can be taken for elective credit in the major, and no letter
designates a course that does not fulfill any credits for the major. The following
terms are abbriviated: Computational (Comp), Biology (Bio), Ecology and
Evolution (E&E), Rehabilitation (Rehab), Calculus (Calc), Chemistry (Chem),
Genetics (Gen), Organic Chemitry (Organic), Human Physiology (HP), and
Biochemistry (BC).

Bio Chem Organic Physics
Major Calc1 1 2 1 2 Gen 1 2 HP BC 1 2
Biology R R R R R R R R O R R R
Comp Bio R R R R R R R R O
E&E R R R R R R R R R R R
Microbiology R R R R R R R R O R R R
Molecular Bio R R R R R R R R R R
Neuroscience R R R R R R R R R R R
Pharmacy R R R R R R R R O O
Rehab Science R R (0] R
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Table 38: List of courses studied, the department that offers them, and the
percentage of students in our sample who take each course in a given year. For
example, 61% of students take calculus during their first year of university, and
11% of students take calculus during their second year. The year in which students

take the course most often has its percentage of students in bold.

Course Department ‘ 15t ed  ged  yth > 5th
Calculus 1 Mathematics | 61 22 9 6 2
Biology 1 Biology 81 14 3 1 1
Biology 2 Biology 55 34 7 2 2
Chemistry 1 Chemistry 8 10 2 1 1
Chemistry 2 Chemistry 64 28 4 3 1
Genetics Biology 6 44 31 13 6
Organic Chemistry 1 ~ Chemistry 7T 72 15 4 2
Organic Chemistry 2 Chemistry 3 50 32 9 6
Physics 1 Physics 21 37 30 7 )
Human Physiology Biology 2 18 56 19 )
Biochemistry Biology 1 4 48 35 12
Physics 2 Physics 6 26 60 5 3
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Average Grade Anomaly

Figure 14: Average grade anomaly (AGA) of all students by course. Ranges

represent standard error of the mean.

Table 39: Mean and standard deviation (SD) of average grade anomalies (AGA)

and grades, as well as number of students (N) for each course of interest.

AGA Grade
Course Department N Mean SD Mean SD
Calculus 1 Mathematics | 1018 -0.87 1.53 2.43 1.22
Human Physiology Biology 1010 -0.30 0.78 3.11 0.93
Genetics Biology 775 -0.63 089 272 1.05
Biochemistry Biology 886 -0.68 0.89 2.73 1.06
Biology 1 Biology 1740 -0.70 1.10 2.65 1.03
Biology 2 Biology 1630 -0.65 0.78 2.69 0.92

Organic Chemistry 1 Chemistry 1614 -1.00 1.08 240 1.15
Organic Chemistry 2 Chemistry 1135 -1.04 1.01 235 1.21

Chemistry 1 Chemistry 1746 -0.47 1.08 2.89 0.87
Chemistry 2 Chemistry 1673 -0.58 0.83 2.79 0.96
Physics 1 Physics 2685 -0.64 095 260 1.08
Physics 2 Physics 1350 -0.58 0.77 2.79 0.97
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Figure 15: Comparison of average grade anomaly (AGA) between men and women

for each course of interest. Ranges represent standard error of the mean.
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Figure 16: Comparison of average grades between men and women for each course

of interest. Ranges represent standard error of the mean.
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Table 40: Average grade anomalies (AGAs), grades, and between-gender effect sizes
for each course of interest. Cohen’s d is positive if men had higher grades or AGAs
than women in a course. A bold Cohen’s d signifies that a t-test showed significant
differences between men and women. The following abbreviations are used: Human
Physiology (Hum. Phy.), Biochemistry (Biochem.), Organic Chemistry (Organic),
and Chemistry (Chem.). ¥ = p < 0.05, # = p < 0.01, and ® = p < 0.001.

‘Women Men
AGA Grade AGA Grade Cohen'’s d
Course N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade

Calculus 1 | 527 -0.85 1.55 2.53 1.17] 491 -0.89 1.52 232 1.26| -0.03 -0.18"
Hum. Phy. | 626 -0.27 080 3.11 0.94| 384 -0.32 0.76 3.12 0.92| 0.07 0.02
Genetics 463 -0.67 092 270 1.08] 312 -0.58 0.84 2.75 0.99] 0.10 0.05
Biochem. 508 -0.70 0.88 272 1.04| 378 -0.64 091 2.75 1.09| 0.07 0.02
Biology 1 1078 -0.76 1.16 2.63 1.03| 662 -0.60 1.00 2.68 1.05| 0.14° 0.04
Biology 2 993 -0.70 0.77 2.67 0.90| 637 -0.57 0.78 2.72 0.94| 0.16" 0.05
Organic 1 983 -1.07 1.12 235 1.16] 631 -0.89 1.02 248 1.11| 0.16° 0.117
Organic 2 | 673 -1.10 1.00 2.29 1.19| 462 -0.94 1.02 243 1.22| 0.16° 0.11
Chem. 1 1046 -0.51 1.11 2.87 0.87| 700 -0.40 1.04 291 0.88| 0.107 0.04
Chem. 2 986 -0.59 0.80 2.80 0.92] 687 -0.56 0.88 2.76 1.02| 0.03 -0.05
Physics 1 1572 -0.75 0.94 256 1.04| 1113 -0.49 0.95 2.67 1.14| 0.28~ 0.11°
Physics 2 776 -0.61 0.68 2.78 0.89| 574 -0.54 0.86 2.80 1.06| 0.09 0.02
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11.0 Grades and grade anomalies before, during, and after remote
COVID-19 instruction for first-year engineering majors: Overall trends

and gender inequities

11.1 Introduction

Remote teaching due to the COVID-19 pandemic has inspired research assessing
the differences between online and in-person courses regarding student learning out-
comes and classroom equity [142-145]. There are mixed findings regarding the effect
of online instruction on student learning [142,143]. In this study, we explore overall
trends in both grades and grade anomalies before, during, and after the period of
remote instruction due to COVID-19 in courses for first-year engineering students in
a large public university.

We define grade anomaly as the difference between a student’s grade in a course
of interest and their grade point average (GPA) in all other classes up to that point.
The mean of this statistic for all students who took a course is the average grade
anomaly (AGA). We divide average grade anomalies into “bonuses” and “penalties”.
A course in which students on average earn a lower grade than usual has an AGA
with grade penalty, while a course in which students on average earn a higher grade
than usual has an AGA with grade bonus.

Within our framework, we posit that grade anomaly may allow us to track,
through institutional grade data, an important measure of how courses may affect
students’ academic self-concept. Academic self-concept is a relatively stable measure
of a students’ perceived ability to succeed in the academic sphere, and is based on

grades and outside feedback (e.g., from parents, peers, and instructors) [78-80, 233,
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236]. Grades inform academic self-concept as both an external (“How good at math
am I compared to other students?”) and internal (“How good am I at math compared
to English?”) frame of reference [79,80,233]. We also note that, while academic
self-concept is generally quite stable, it can change quite quickly during periods
of transition (such as the transition from high school to university) [233]. Grade
penalties in STEM courses during the first two semesters (but not later semesters)
of university were negatively correlated with completing a STEM degree, even when
controlling for gender, race, high school preparation, and college performance [239].
These findings hint at the importance of monitoring and minimizing grade penalties
in students’ first few semesters.

Our framework uses grade penalty as a central construct instead of grade because
students’ academic self-concept is often based on comparisons, not absolute grades
[78]. Students may compare their grades across courses to determine which disciplines
they excel at or struggle with [78]. Additionally, students tend to have a fairly
fixed view of what “kind” of student they are, e.g., students may endorse the idea
that “If T get As, I must be an A kind of person. If I get a C, I am a C kind of
person” [53]. Grade anomalies may challenge or reinforce students’ ideas about what
kind of student they are, and if they are capable of succeeding in their chosen major.
Many students who leave STEM majors explicitly cite lower grades than they are used
to as a reason for doing so [53,54]. Grade penalties are more common and extreme in
STEM disciplines than in humanities or social science departments [53,152,234,235].

Additionally, we aim to investigate gender differences in grades and AGAs. When
women leave STEM disciplines, they often do so with higher grades than men who
remain in the program [39,54,59]. Women are more underrepresented in engineering
than in many other STEM disciplines [4,7,11,12,41,43,45,65], so focusing on retention

is important for this field. If women are leaving engineering programs with grades
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that meet or exceed minimum requirements [53,54], it is likely that many students
who would succeed in engineering careers will pursue other professional paths.
Broadly, in this research we aim to understand differences in students’ grade
anomalies before, during, and after the period of remote instruction due to COVID-
19 with a particular focus on gender differences in grades and grade anomalies. This
will build on previous work which observed grade anomalies at this same institution
for over ten years pre-COVID [14,15,19]. We focus on first-year engineering majors

and aim to answer the following research questions regarding grade anomalies:

RQ1. Do grades or grade anomalies differ between before, during, and after the
period of remote COVID teaching?
RQ2. Are there gender differences in grades or grade anomalies, and do they differ

between the periods before, during, and after COVID-19 remote instruction?

11.2 Methodology

11.2.1 Participants

Participants in this study were enrolled in engineering majors at a large, public,
and urban institution. Grade data were collected over four years. We divide these
semesters into three groups, which are described in Table 41. We excluded courses
that were taken during the summer semester. We excluded summer courses because
they are not a typical representation of courses at our institution. For example,
many summer students do not primarily attend our institution, but are local students
visiting home for the summer. In addition the class sizes are an order of magnitude

smaller than those in the Fall and Spring semesters.
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Table 41: Labels for each time period studied

Label ‘ Period

Pre-Remote Four semesters of in-person instruction before the COVID-19 pandemic,
excluding Spring 2020

Remote Two semesters of remote instruction due to the COVID-19 pandemic,
excluding Spring 2020

Post-Remote | Two semesters of in-person instruction after the return to in-person
classes

This left us with 5,807 pre-remote, 2,775 remote, and 4,065 post-remote instances
of an enrollment in a course. For example, a student who takes four courses in one
semester and three in the next semester has seven instances of enrollment. Demo-
graphic information for the student sample can be found in Table 42. De-identified

demographic data were provided through university records.

11.2.2 Course Selection

At this institution, there is a standardized curriculum for first-year engineering
majors. All of these courses were included in this research, with an exception of two
pass/fail seminars which do not count towards a students’ grade point average. This
included a total of ten courses, which are described in Table 43. Students typically
took Physics 1, Chemistry 1, Calculus 1, Engineering Analysis, and Composition
Seminar during their first Fall semester. Students typically took Physics 2, Chemistry
2, Calculus 2, Engineering Computing, and Engineering Communication during their
first Spring semester. Engineering Communication was not offered until Spring of

2020, so there is no Pre-Remote data for this course.
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Table 42: Demographic information for study participants. Several survey options
for ethnicity were excluded because they each made up less than 0.5% of the
sample. These groups are Indigenous American, Pacific Islander, Not Specified, and
Other. Unknown indicates that a student did not submit a response to the item,

while Not Specified indicated that they chose the option “I prefer not to specify”.

Sex Race/Ethnicity
Group Female Male ‘ Asian Black Latine Multiracial White Unknown
Pre-Remote 36%  64% | 11% 4% 6% 5% 4% 1%
Remote 36%  64% | 9% 5% 6% 6% 72% 1%
Post-Remote | 31%  69% | 1% 4% 6% 5% 65% 2%

11.2.3 Measures
11.2.3.1 Course Grade

Course grades were based on the 0-4 scale used at our university, and a conversion
of letter grades to GPA points can be seen in Table 44. We are unable to report
grading schemes of each instructor, type of course (i.e., traditional lectures or active

learning), or any other detailed course-level information due to the large number of

courses sampled.

11.2.3.2 Grade Anomaly

GA was found by first finding each student’s grade point average excluding the

course of interest (GPAcy.). This was done by using the equation
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pA — .
GPA. — GPA, x Um.tsc Grqde x Units (1)
Units. — Units

where GPA, is the student’s cumulative GPA, Units,. is the cumulative number of
units the student has taken (also called credit hours), Grade is the grade the student
received in an individual course, and Units is the number of units associated with
an individual course. After finding GPA.,. we can calculate grade anomaly (GA)
by finding the difference between a student’s GPA.,. and the grade received in that

class:

GA = Grade — GPA,,.. (12)

A negative GA corresponds to a course grade lower than a students’ GPA in
other classes and we call this a “grade penalty”. A positive GA corresponds to a
course grade higher than a students’ GPA in other classes and we call this a “grade
bonus”. Average grade anomaly (AGA) is the mean of students’ grade anomalies

(GA) for each course, and is the metric by which we compare courses.

11.2.3.3 Analysis

To characterize both average grade anomaly (AGA) and grades, we found the
sample size, mean, standard deviation, and standard error of each measurement for
each course of interest. We calculated these statistics for women and men separately,
and then for all students combined. We also compared the effect size of gender on
both grade and grade anomaly, using Cohen’s d to describe the size of the mean dif-
ferences and unpaired t-tests to evaluate the statistical robustness of the differences.

Cohen'’s d is calculated as follows:
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d— M1 — M2

2 2
01 — 03

(13)

where iy and ps are the means of the two groups, and o, and oy are the standard
deviations [108]. Cohen’s d is considered small if d ~ 0.2, medium if d ~ 0.5,
and large if d ~ 0.8 [140]. We used a significance level of 0.05 in the t-tests as
a balance between Type I (falsely rejecting a null hypothesis) and Type II (falsely
accepting a null hypothesis) errors [108]. All analysis was conducted using R [174],
using the package plotrix [245] for descriptive statistics, Isr [246] for effect sizes, and
ggplot2 [247] to create plots.

11.3 Results

11.3.1 Chemistry Courses

Chemistry courses had the lowest grades of the courses studied during the pre-
remote, remote, and post-remote periods, which can be seen in Figures 17 and 18 as
well as Tables 69 and 70 in Appendix J. For Chemistry 1 and 2, grades as well as
grade anomalies were similar before and during remote instruction. However, during
post-remote instruction, average course grades (see Figure 17) and the magnitude of
the grade penalty (see Figure 18) increased. Before and during remote instruction
the average grade for Chemistry 1 was between a C+ and B— (2.48 for both), which
dropped to a C+ (2.24) for post-remote instruction. Before and during remote in-
struction the average grade for Chemistry 2 was also between a C+ and B— (2.36 and
2.49, respectively), which also dropped to a C+ (2.24) for post-remote instruction.

Chemistry courses also had the largest grade penalties during the pre-remote,
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remote periods, which can be seen in Figure 18. Excluding Calculus 1, they also
had the largest grade penalties in the post-remote period. Chemistry 1 had slightly
larger grade penalties than Chemistry 2. Students taking Chemistry 1 could expect
a grade approximately three-fourths of a letter grade lower than their overall GPA
before and during remote instruction, and a full letter grade after remote instruction.
Students could generally expect a grade three-fourths of a letter grade lower than
their other courses for all time periods studied. Table 45 shows that neither chemistry
course had any statistically significant difference between men’s and women’s grades

or average grade anomalies.

11.3.2 Engineering Courses

Generally, courses offered by the Engineering School had the highest grades of all
STEM courses, and were the only STEM courses that had a grade bonus (or a grade
anomaly of almost 0) rather than grade penalty which can be seen in Figures 17
and 18 as well as Tables 69 and 70 in Appendix J. For Engineering Analysis, average
grades increased slightly from pre-remote to remote instruction and decreased slightly
from remote to post-remote instruction, though the average grade remained between
a B+ and A— during all three time periods. Figure 18 reveals that, on average,
students tended to have a grade bonus of almost half a letter grade. Generally,
courses offered by the Engineering School had the highest grades of all STEM courses,
and were the only STEM courses that had a grade bonus (or a grade anomaly of
almost 0) rather than grade penalty which can be seen in Figures 17 and 18 as well as
Tables 69 and 70 in Appendix J. For Engineering Analysis, average grades increased
slightly from pre-remote to remote instruction and decreased slightly from remote to

post-remote instruction, though the average grade remained between a B+ and A—
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during all three time periods. Figure 18 reveals that, on average, students tended
to have a grade bonus of almost half a letter grade. Generally, courses offered by
the Engineering School had the highest grades of all STEM courses, and were the
only STEM courses that had a grade bonus (or a grade anomaly of almost 0) rather
than grade penalty which can be seen in Figures 17 and 18 as well as Tables 69 and
70 in Appendix J. For Engineering Analysis, average grades increased slightly from
pre-remote to remote instruction and decreased slightly from remote to post-remote
instruction, though the average grade remained between a B4+ and A— during all
three time periods. Figure 18 reveals that, on average, students tended to have a
grade bonus of almost half a letter grade.

For Engineering Computing, average grades dropped slightly from pre-remote to
remote instruction and again from remote to post-remote instruction (see Figure 18
and Table 70). However, the average grade remained between a B and B+ through-
out. Before remote instruction, students tended to have a slightly higher grade in
Engineering Computing than their average, but during and after remote instruction
there was no grade anomaly in this course.

There were generally no statistically significant grade or average grade anomaly
differences between men and woman in these courses, which can be seen in Table
46. One exception was average grade anomaly during post-remote courses, in which

men had a small grade bonus and women had a small grade penalty.

11.3.3 English Courses

Courses offered by the English Department were the only non-STEM courses
included in this study, and Figures 17 and 18 show that they also tended to have the

highest grades and largest grade bonuses of all the courses included in this research.
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The average grade for Composition Seminar was between a B4+ and A— throughout,
though the average course grade was slightly lower during post-remote instruction
than pre-remote or remote instruction. During all three periods, students on average
had a grade half of a letter grade higher in Composition Seminar then in their other
courses (see Figure 18).

There is no pre-remote instruction data for Engineering Communication because
the class did not exist yet. However, Figure 17 shows that the average grade during
remote instruction was the highest of any course studied: an A— (3.80). During
post-remote instruction, the average grade decreased slightly to 3.60. Composition
Seminar had the largest graded bonuses of all the courses, and students generally
had almost three-fourths of a letter grade higher in this course than in their other
courses during remote and post-remote instruction (see Figure 18).

In Composition Seminar, Table 47 shows that there were statistically significant
gender differences in both grades and grade anomalies. Before and during remote
instruction, women tended to have higher grades and larger grade bonuses than
men, and after remote instruction women had larger average grade bonuses (but not
grades) than men. There were no statistically significant grade or average grade
anomaly differences between men and women for Engineering Communication either

during or after remote instruction which can be seen in Table 47.

11.3.4 Mathematics Courses

Unlike courses offered by other departments, the courses in the Mathematics
department, Calculus 1 and 2, did not follow similar trends. Figures 17 and ?7?
reveal that the average grade in Calculus 1 went from approximately a B— during

the pre-remote and remote periods, and dropped to a C+ during the post-remote
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period. Though the average letter grade was the same during the pre-remote and
remote periods, the average grade in Calculus 1 decreased from pre-remote to remote
instruction. ConcerningllY ; Calculus 1 was the only course in which the average
grade consistently decreased from pre-remote to remote to post-remote courses. On
the other hand, the average Calculus 2 grade was between a C+ and B— during the
pre-remote period, rose to a B during remote teaching, and fell back to a 2.30 during
the post-remote period. This was a common trend among the overall set of courses
(see Figure 17): grades were similar during the pre- and post-remote periods, but
slighly higher during the remote period.

Regarding AGAs, Figure 18 shows that Calculus 1 had a comparatively small
grade penalty compared to other courses during the pre-remote period. However,
the AGA for Calculus 1 increased in magnitude for each period. In fact, Calculus 1
had the largest grade penalties aside from the Chemistry courses during remote and
post-remote instruction. Calculus 2 consistently had AGAs that were not particularly
high or low compared to other courses studied. The average grade penalty in Calculus
2 was identical during the pre- and post-remote periods, but was smaller during the
remote period.

There were no statistically significant gendered grade differences in either Math-
ematics course during any period studied, which can be seen in Table 48. There
was a gender difference in AGA in Calculus 1 during the post remote period, with
women having larger average grade penalties than men. Aside from this, there were

no gendered differences in AGAs.
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11.3.5 Physics Courses

Figure 17 and Table 69 show that Physics 1 letter grades increased from pre to
during, but then decreased again during post. In Physics 1, grades went from a B—
during pre-remote courses to a B during remote instruction to between a C+ and
B— during Post-Remote instruction. Physics 2 letter grades increased from a B—
to a B from pre-remote to remote teaching. However, instead of decreasing again
during post-remote instruction, the grades remained consistent, and the average
grade during post-remote instruction was also a B—. Physics 1 and 2 average grade
penalties followed similar trends. Both had similar AGAs during pre- and post-
remote instruction, and had smaller AGAs during remote instruction.

Courses offered by the physics department tended to have more gender differences
in both grades and AGAs than courses offered by other departments, which can be
seen in Table 49. During pre-remote instruction both Physics 1 and 2 had gendered
grade differences. In both cases, men on average had higher grades than women,
with a small effect size for both courses (d ~ 0.2). There were also gendered grade
differences in Physics 1 grades during post-remote instruction which were similar in
magnitude to pre-remote gender differences. There were gender differences in AGAs
for both Physics courses during almost all periods, as shown in Table 49. Physics 1
had a small gender differences (d ~ 0.2) during pre-remote and remote courses, and
had medium gender differences (d ~ 0.5) during post-remote instruction. Physics 2
had medium (d ~ 0.5) AGA gender differences during pre-remote instruction and

small-to-medium (d ~ 0.2 to 0.5) gender differences during post-remote instruction.
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11.4 Discussion

11.4.1 Do grades or grade anomalies differ between before COVID, dur-
ing remote COVID teaching, and after remote COVID teaching?

Grades are important to students for a variety of reasons such as continuing their
major, scholarship requirements, graduate school or professional school admissions,
and career goals. In general, grades were higher during remote instruction than they
were during pre-remote instruction, and then decreased after remote instruction.
During remote instruction, grades tended to be a fraction of a letter grade higher
than during pre- or post-remote instruction (for example, the mean Calculus 2 grade
was C+ during pre-remote instruction, B— during remote instruction, and a C+
during post-remote instruction). These increases in grades may be due to a range of
factors. For example, grading schemes and assessment types may have been changed,
or instructors may have been more flexible than during pre-remote classes [258].

Broadly, grades were higher during remote instruction and were lower again dur-
ing post-remote instruction but there were some courses that did not follow this
trend. Two of those courses will not be discussed here because they had higher
grades compared to most courses in this study. On the other hand, Chemistry 1,
Chemistry 2, and Calculus 1 had concerning trends in grades. Namely, Chemistry 1
and 2 had the lowest overall grades of the courses studied during all periods studied:
both had a C average post-remote grade. Calculus 1 had the largest decrease in
average grade of any course over time - from pre- to post-remote, the average grade
dropped from a 2.89 to a 2.30 on a 4-point scale.

AGAs, unlike grades, do not have a direct effect on students’ outcomes such as

scholarships and graduate admissions. A student with an A average who receives a B
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in a class has the same grade anomaly as a student with a B average who receives a C
in the class. Here, we use the idea of academic self concept from Situated Expectancy
Value Theory to frame how students may think about grade anomalies [78]. AGAs
may challenge a student’s idea about what kind of student they are (i.e. an “A”
student or a “C” student) [53]. In particular, students may compare their grades
across courses to determine which disciplines they excel at or struggle with [78].

Our results show that there are grade penalties in all Chemistry, Math, and
Physics courses studied, while there were either grade bonuses or no grade anomaly
in the Engineering and English Composition courses. Other studies that focus on
AGA find that science and math courses have large grade penalties, while humanities
courses have grade bonuses [53,152,234,235]. This aligns with our findings except
that engineering courses do not have grade penalties.

Generally, AGAs had a smaller magnitude during remote instruction than pre-
or post-remote instruction. That is, generally, students’ grades were more consistent
during remote instruction, so that most classes deviated less from a students GPA
during remote instruction. This was not true for Calculus 1, Chemistry 1, or Chem-
istry 2. The Chemistry courses did not have increased average grades during remote
instruction as many other courses did, while Calculus 1 actually had lower grades
during remote than pre-remote instruction. Throughout the study, Chemistry 1 and
2 had the largest grade penalties.

We hypothesize that smaller grade anomalies may result in students being less
concerned that they can succeed in their discipline, and may rely more on other
factors (such as interest) to make decisions regarding major and career choice.

Grade penalties are more common and larger in STEM disciplines than in so-
cial sciences or humanities [53, 152,234, 235], but our findings show that there are

significant variations in AGAs even among STEM courses. For example, Chemistry
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courses tended to have large grade penalties, Engineering courses tended to have
grade bonuses, and Physics and Mathematics courses tended to have AGAs in the
middle. Thus, AGAs are not a simple issue of STEM courses having larger AGAs
than non-STEM courses. Instructors and departments with comparatively lower
grades and larger AGAs than others may benefit from pedagogies implemented by
other STEM departments and instructors at their institution.

There are likely to be a range of potential factors contributing to differences in
grades and AGAs over time. Though there is a possibility that some students are
cheating, cheating on exams seems to have only small increases in the USA during
the pandemic, though the effect may be larger in other regions [259]. There is also
research that suggests that there are specific factors that could lead to increased
grades during remote instruction. For example, because there were were more low-
stakes assessments during remote instruction, students may be more likely to engage
in spaced practice instead of “cramming” for assessments during remote learning
[260]. One study showed that students had higher grades during COVID-19 remote
instruction even on identical assessments that were also given online pre-pandemic
[260]. One study that focused on quantum mechanics (an upper-level physics course)
found that implementing low-stakes formative assessments instead of exams did not
lead to lower scores on course post-test (which only contributed a small amount
to the students’ final grade) [143]. Though these studies do not specify any specific
reason that there may be differences in grades during remote versus in-person classes,
they do suggest that increases in grades do not necessarily correlate with lowered

academic standards or cheating.
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11.4.2 RQ2. Are there gender differences in grades or grade anoma-
lies, and do they differ between before COVID, during remote COVID
teaching, and after remote COVID teaching?

During pre-remote instruction, three courses had statistically significant gender
differences. For Physics 1 and 2, men had higher grades then women. For Composi-
tion Seminar, women had higher grades then men. During remote instruction, only
composition seminar had statistically significant grade differences. Again women had
higher grades then men. Finally, during post-remote instruction, men had higher
grades than women in Physics 1. Physics 1 gendered grade differences were very
similar between pre-remote and post-remote courses.

There were more instances of statistically significant AGA differences than grade
differences between men and women. During pre-remote instruction, both Physics
courses and Composition Seminar had gender differences. Compared to women, men
had smaller grade penalties in Physics 1 and 2 as well as smaller grade bonuses in
Composition Seminar. During remote instruction, there were similar trends. Men
had smaller grade penalties in Physics 1 and smaller grade bonuses in Composition
Seminar, and the effect size of these differences did not change substantially between
pre-remote and remote instruction.

The post-remote period had more AGA differences by gender than the other
periods. Men had smaller grade penalties than women in Physics 1, Physics 2, and
Calculus 1. Women had larger grade bonuses then men in Composition Seminar. In
Engineering Computing, men had a small grade bonus and women had a small grade
penalty. Broadly, we note that there are more gender differences in AGA than in
grades, and that Physics and Composition Seminar had more gender differences in

grades and AGAs than other courses. However, because students tend to have grade

261



bonuses in Composition Seminar, we are less worried about this course.

For women in engineering majors, a large grade anomaly in their first Physics
course at university may be particularly concerning, and potentially lead them to
believe that they do not “have what it takes” to succeed in their major. Women
often report worrying more then men that they do not understand the material even
if they receive A’s, B’s, or C’s (which are grades that allow students to continue in
most programs) [53]. This trend has been found to be particularly strong among
high-achieving women [53].

We hypothesize that women may be more likely to have a low academic-self-
concept than men at similar performance levels. Prior work has theorized that men
are more likely to separate their grades and sense of academic self-concept [53,54,237].
Academic self-concept is formed through grades and feedback from outsiders. Women
are generally less likely to receive recognition from instructors [56,130,208], so women
may rely more than men on grade information to develop their academic self-concept
[53,54,237]. Women also tend to earn higher grades than men who have the same
standardized test scores [53,203], so they may be more accustomed to higher grades.
As a result, they may have more concern about grades that are lower than what they
are accustomed to, especially during the transition from high school to university.

AGAs and raw grade data do not always reveal the same trends: there are many
more gender differences in AGA than in grades in the findings presented here. This
trend reveals how AGA may be a useful measure. For example, an instructor may
not see any gender differences in grades, which is one important indicator of gender
equity. However, if they do not know the gender differences in AGA, an instructor
or department may not recognize how those grades may be perceived by women and
men in their classes. Understanding both grades and AGA differences may allow

instructors to understand classroom-level inequities better.
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11.5 Conclusion, Limitations, and Future Research

In this work we found that courses offered by the Engineering and English depart-
ments tended to have grade bonuses while courses offered by the Physics, Mathemat-
ics, and Chemistry departments tended to have grade penalties. Generally, grades
were higher and grade penalties were smaller during remote instruction compared to
pre-remote instruction. During post-remote instruction, grades were lower and grade
penalties were larger than during remote instruction. Further, there were more gen-
der differences in both grades and grade penalties (favoring men) during post-remote
teaching than for pre-remote or remote teaching.

These results are very important because they provide evidence that courses in
STEM departments tend to have grade penalties, and that these penalties tended
to decrease during remote instruction. Additionally, AGA may also act as a useful
measure of academic self-concept that is easy for institutions to access.

Although we have evidence of grade penalties in the studied courses as well as
gendered grade anomaly differences, we did not have access to syllabi or other infor-
mation about individual courses offered over the period of data collection. Therefore,
we are not able to pinpoint specific practices that may lead to grade penalties, grade
bonuses, or gender inequities at our institution.

Finally, this research is based at a primarily white, large, public university. While
our results may generalize to similar institutions, we do not know what patterns of
grade anomalies exist at smaller liberal arts colleges, minority-serving institutions,
or community colleges in the US. Additionally, it may also be useful to repeat similar
research in other countries, as many countries worldwide were affected differently by

the COVID-19 pandemic.
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Table 43: Courses engineering majors were required to take during their first year,
along with which department /school offered the course and a description of the

course. Engineering its own school in the university.

Course Title

Department

Description

Physics 1
Physics 2

Physics
Physics

Calculus-based, covered mechanics and waves
Calculus-based, covered electricity, magnetism,
circuits, electromagnetic theory and optics

Chemistry 1

Chemistry 2

Chemistry

Chemistry

Only for engineering students. Covered stoi-
chiometry, the properties of solids, liquids and
gases, thermochemistry and the electronic struc-
ture of atoms and molecules.

Only for engineering students. Covered solu-
tions, thermodynamics, kinetics, chemical equi-
librium, coordination chemistry, redox reactions
and nuclear chemistry.

Calculus 1

Calculus 2

Mathematics

Mathematics

Covered derivative and integral of functions of
one variable and their applications.

Covered calculus of transcendental functions,
techniques of integration, series of numbers and
functions, polar coordinates, and conic sections

Eng Analysis

Eng Computing

Engineering

Engineering

Covered an introduction to Excel and an intro-
duction to design and entrepreneurship.
Covered basic programming skills using MAT-
LAB and C.

Composition Seminar

Eng Communication

English

English

Course in which students wrote about the disci-
plines, practices, methods, ethics, and education
of engineering.

Students researched and wrote about a single
topic regarding a current engineering innovation
or technology in a conference paper format.
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Table 44: Grades and GPA points for this university’s grading standards. For most

majors, a “C” or above is a passing grade. A C was the minimum grade needed to

pass a course at this institution for all majors included.

Grade

| A/JA+ A

B+

B

B—

C+

C

C—

D+

D

D—

F

GPA Value ‘ 4.00

3.75 3.

25

3.00

2.75

2.25 2.00

1.75

1.25

1.00 0.75 0.00

Table 45: Means and standard deviations (SD) of grades and grade anomalies by

gender for courses offered by the Chemistry (“Chem”) Department before (“Pre”),

during (“Rem”), and after (“Post”) remote instruction due to COVID-19. Cohen’s

d is positive if men had higher grades or smaller AGAs than women in a course.

7 =p<0.05°=p<0.01, and ® = p < 0.001.

Women Men
AGA Grade AGA Grade Cohen’s d
Course Type | N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Chem 1 Pre 234 -0.83 1.17 2.50 1.00| 418 -0.77 1.01 2.47 0.99| 0.05 -0.03
Rem |79 -0.74 0.74 2,53 0.91| 167 -0.75 0.73 246 0.92| -0.01 -0.07
Post | 106 -1.11 1.41 2.23 1.25| 257 -0.91 0.96 2.25 1.15| 0.18 0.01
Chem 2 Pre 148 -0.74 0.55 2.39 0.77| 292 -0.73 0.59 234 0.87| 0.02 -0.06
Rem | 70 -0.60 0.52 2.63 0.80| 135 -0.75 0.63 241 0.87| -0.25 0.26
Post | 82 -0.81 0.62 2.27 0.94| 205 -0.83 0.69 2.24 1.05| -0.04 -0.03
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Table 46: Means and standard deviations (SD) of grades and grade anomalies by
gender for courses offered by the Engineering School before (“Pre”), during
(“Rem”), and after (“Post”) remote instruction due to COVID-19. Engineering
Analysis is abbreviated as “Analysis”, and Engineering Computing is abbreviated
as “Comp”. Cohen’s d is positive if men had higher grades or smaller AGAs than

women in a course. ¥ = p < 0.05, # = p < 0.01, and © = p < 0.001.

‘Women Men

AGA Grade AGA Grade Cohen’s d
Course Type | N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade

Analysis  Pre 320 0.36 0.53 3.43 0.57| 531 0.36 0.60 3.37 0.6 | 0.01 0.10
Rem | 132 0.42 048 3.53 0.65| 212 045 045 3.47 0.64| 0.08 -0.09
Post | 156 0.40 0.72 3.28 0.82| 322 045 0.62 3.33 0.76| 0.08 0.07

Comp Pre 231 0.10 0.79 3.15 0.92| 439 0.22 0.73 3.23 0.80| 0.15 0.10
Rem | 103 -0.06 0.57 3.10 0.78| 187 0.03 0.62 3.15 0.82| 0.15 0.06
Post | 126 -0.14 0.74 2.89 0.98] 289 0.08 0.71 3.06 0.94| 0.29"  0.17
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Table 47: Means and standard deviations (SD) of grades and grade anomalies by

gender for courses offered by the English Department before (“Pre”), during

(“Rem”), and after (“Post”) remote instruction due to COVID-19. . Composition

Seminar is abbreviated as “Seminar”, and Engineering Communication is

abbreviated as “Comm”. Cohen’s d is positive if men had higher grades or smaller

AGAs than women in a course. ¥ = p < 0.05, # = p < 0.01, and © = p < 0.001.

Women Men
AGA Grade AGA Grade Cohen’s d
Course  Type | N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Seminar Pre 161 0.59 0.79 3.68 0.58] 281 0.34 0.74 3.42 0.77| -0.33% -0.36~
Rem | 138 0.57 0.60 3.67 0.53| 223 0.43 0.53 3.45 0.55| -0.257 -0.39¢
Post | 164 0.62 0.81 3.48 0.81| 347 0.43 0.90 3.36 0.83| -0.217 -0.14
Comm Rem | 104 0.75 0.54 3.83 0.30| 191 0.73 0.60 3.78 0.37| -0.03 -0.17
Post | 126 0.67 0.63 3.62 0.43| 284 0.64 0.67 3.59 043| -0.05 -0.08
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Table 48: Means and standard deviations (SD) of grades and grade anomalies by

gender for courses offered by the Mathematics Department before (“Pre”), during

(“Rem”), and after (“Post”) remote instruction due to COVID-19. Calculus is

abbreviated as “Calc”. Cohen’s d is positive if men had higher grades or smaller

AGAs than women in a course. ¥ = p < 0.05, # = p < 0.01, and ® = p < 0.001.

Women Men
AGA Grade AGA Grade Cohen’s d
Course Type | N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Calc1 Pre 216 -0.22 1.45 2.97 0.99| 365 -0.28 1.43 2.85 1.00| -0.04 -0.12
Rem | 94 -0.56 1.11 2.74 0.82| 148 -0.43 1.02 2.76 0.95| 0.12 0.01
Post | 155 -1.21 2.31 2.21 1.33] 310 -0.68 1.42 2.35 1.22| 0.30" 0.11
Calc 2 Pre 209 -0.55 1.06 2.61 1.16] 395 -0.54 0.98 2.57 1.07| -0.01 -0.03
Rem | 78 -0.31 0.51 2.96 0.68] 133 -0.15 1.00 3.05 0.78| 0.19 0.11
Post 92 -0.41 0.83 2.71 1.05| 231 -0.61 1.05 2,51 1.22| -0.20 -0.17
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Table 49: Means and standard deviations (SD) of grades and grade anomalies by

gender for courses offered by the Physics Department before (“Pre”), during
(“Rem”), and after (“Post”) remote instruction due to COVID-19. Physics is

abbreviated as “Phys”. Cohen’s d is positive if men had higher grades or smaller

AGAs than women in a course. ¥ = p < 0.05, # = p < 0.01, and © = p < 0.001.

Women Men
AGA Grade AGA Grade Cohen’s d
Course Type | N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Phys 1 Pre 376 -0.84 094 249 0.77| 573 -0.51 1.03 2.71 0.86| 0.33* 0.27“
Rem | 127 -0.32 0.64 294 0.71| 209 -0.12 0.63 3.00 0.7 | 0.32  0.09
Post | 180 -0.95 1.55 2.36 1.03| 351 -0.45 1.05 2.66 1.03| 0.40® 0.29°
Phys 2 Pre 198 -0.67 0.55 2.59 0.74] 416 -0.39 0.60 2.80 0.82] 0.48% 0.27°
Rem | 87 -0.28 0.54 3.04 0.73| 157 -0.34 0.69 293 0.81| -0.09 -0.15
Post | 88 -0.61 0.50 2.72 0.74| 219 -0.42 0.56 2.76 0.81| 0.35°  0.05
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12.0 Grades and grade anomalies before, during, and after remote
COVID-19 instruction for bioscience and health-related majors: Overall

trends and gender inequities

12.1 Introduction

In the wake of the COVID-19 pandemic, many education researchers have been
focusing on assessing differences between online and in-person courses regarding stu-
dent learning outcomes and classroom equity [142-145]. There are mixed findings
regarding the effect of online instruction on student learning [142,143,260]. In this
study, we explore overall trends in both grades and grade anomalies before, dur-
ing, and after remote instruction due to COVID-19 in courses for bioscience and
heath-related majors.

We define grade anomaly as the difference between a student’s grade in a course
of interest and their grade point average (GPA) in all other classes up to that point.
The mean of this statistic for all students who took a course is the average grade
anomaly (AGA). We divide average grade anomalies into “bonuses” and “penalties”.
A course in which students on average earn a lower grade than usual has an AGA
with grade penalty, while a course in which students on average earn a higher grade
than usual has an AGA with grade bonus.

Within our framework, we posit that grade anomaly may allow us to track,
through institutional grade data, an important measure of how courses may affect
students’ academic self-concept. Academic self-concept is a relatively stable measure
of a students’ perceived ability to succeed in the academic sphere, and is based off of

grades and outside feedback (e.g., from parents, peers, and instructors) [78-80, 233,
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236]. Grades inform academic self-concept as both an external (“How good at math
am I compared to other students?”) and internal (“How good am I at math compared
to English?”) frame of reference [79,80,233]. We also note that, while academic
self-concept is generally quite stable, it can change quite quickly during periods
of transition (such as the transition from high school to university) [233]. Grade
penalties in STEM courses during the first two semesters (but not later semesters)
of university were negatively correlated with completing a STEM degree, even when
controlling for gender, race, high school preparation, and college performance [239].
These findings hint at the importance of monitoring and minimizing grade penalties
in students’ first few semesters.

Our framework uses grade penalty as a central construct instead of grade because
students’ academic self-concept is often based on comparisons, not absolute grades
[78]. Students may compare their grades across courses to determine which disciplines
they excel at or struggle with [78]. Additionally, students tend to have a fairly
fixed view of what “kind” of student they are, e.g., students may endorse the idea
that “If T get As, I must be an A kind of person. If I get a C, I am a C kind of
person” [53]. Grade anomalies may challenge or reinforce students’ ideas about what
kind of student they are, and if they are capable of succeeding in their chosen major.
Many students who leave STEM majors explicitly cite lower grades than they are used
to as a reason for doing so [53,54]. Grade penalties are more common and extreme in
STEM disciplines than in humanities or social science departments [53,152,234,235].

Additionally, gender differences in performance and persistence in science, tech-
nology, engineering, and mathematics (STEM) have been closely studied in fields
such as physics or engineering, in which women are underrepresented [?,4,7,11,12,
41,45,65,115]. This line of research has been less common in fields such as biology,

in which women are not underrepresented [120,240]. However, even if fields in which
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women and men earn similar numbers of undergraduate degrees [1], women and men
may have very different classroom experiences [?,56, 188, 250].

There are many examples of gender inequities in biological science classrooms as
well as career paths. Women in biology classrooms are less likely to participate in
classroom discussions, are viewed as less knowledgeable by their peers, and tend to
have lower exam grades in introductory biology courses [94,182,251]. After grad-
uation, women with biological science graduate degrees are less likely than men to
work as scientists after receiving graduate degrees [253]. If they pursue jobs in re-
search, women in biology tend to have shorter publishing careers and lower yearly
publishing rates than men in the same field [217,256]. If they choose to purse medical
careers, women may still experience inequities: there are gender disparities in com-
pensation and time to promotion for all academic medical specialties [254] as well as
for physicians [255]. If gender differences in career outcomes are not explained by a
lack of representation in the classroom, we hypothesize that academic self-concept
may provide some insight [79,80,233]. Low academic self-concept may lead to lower
future achievement and persistence because it discourages student engagement in a
domain [79]. When women leave STEM disciplines, they often do so with higher
grades than the men who remain in the program [39,53,54].

Broadly, in this research we aim to understand differences in students’ grade
anomalies before, during, and after remote instruction due to COVID-19 with a
particular focus on gender differences in grades and grade anomalies. This will build
on previous work which observed grade anomalies at this same institution for over ten
years pre-COVID [?]. We aim to answer the following research questions regarding

grade anomalies:

RQ1. Do grades or grade anomalies differ between before COVID, during remote
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COVID teaching, and after remote COVID teaching?

RQ2. Are there gender differences in grades or grade anomalies, and do they differ
between before COVID, during remote COVID teaching, and after remote
COVID teaching?

12.2 Methodology

12.2.1 Participants

Participants in this study were enrolled in bioscience or health majors at a large,
public, and urban institution. The student major breakdown can be found in Table
??7. All majors except for Neuroscience, Pharmacy, and Rehabilitation Science are
offered through the Department of Biological Sciences. These students were chosen
because of their similar course requirements, especially for large introductory science
courses.

Grade data were collected over four years. We divide these semesters into three
groups. First is ”pre-remote” teaching, which consisted of the four semesters before
instruction became remote due to the COVID-19 pandemic. Second is "remote”
teaching, which spanned two semesters. Spring 2020 data were not included in any
group because it included both in-person and remote instruction. Third was ”post-
remote” instruction, which covers two semesters. Additionally, we excluded courses
that were taken during the summer semester. We excluded summer courses because
they are not a typical representation of courses at our institution. For example,
many summer students do not primarily attend our institution, but are local students

visiting home for the summer. In addition the class sizes are an order of magnitude
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Table 50: Major information for study participants. Undeclared was used as a
potential major for students. This is because students are not required to declare a
major until their third year. Undeclared students who later went on to declare any

major not on this list were excluded.

Major ‘ Pre-remote Remote Post-remote
Biological Sciences 34% 28% 22%
Bioinformatics/Computational Biology 2% 2% 1%
Ecology and Evolution 2% 1% 1%
Microbiology 6% 4% 3%
Molecular Biology 5% 5% 4%
Neuroscience 25% 19% 15%
Pharmacy 1% 0% 0%
Rehabilitation Science 6% 4% 3%
Undeclared 20% 36% 50%

smaller than those in the Fall and Spring semesters.

This left us with 14,152 pre-remote classes, 7,795 remote classes, and 6,143 post
remote classes. We measure classes instead of students because most students take
multiple courses studied over several years, so one student may be included multiple
times in each data set. Demographic information for the student sample can be
found in Table ??. This research was carried out in accordance with the principles
outlined in the University of Pittsburgh Institutional Review Board (IRB) ethical

policy, and de-identified demographic data were provided through university records.
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Table 51: Demographic information for study participants. Several survey options
for ethnicity were excluded because they each made up less than 0.5% of the
sample. These groups are Indigenous American, Pacific Islander, Not Specified, and
Other. Unknown indicates that a student did not submit a response to the item,

WM

while Not Specified indicated that they chose the option “I prefer not to specify”.

Sex Race/Ethnicity
Group Female Male ‘ Asian Black Latine Multiracial White Unknown
Pre-Remote 62% 38% | 28% 5% 6% 5% 54% 0%
Remote 63% 3% | 28% 5% 5% 5% 56% 1%
Post-Remote | 62% 38% | 25% 5% 5% 5% 59% 1%

12.2.2 Course Selection

We chose to study courses that were taken by the largest number of students, ex-
cluding non-major electives (for example, " Introduction to Piano” or ”Public Speak-
ing”) and courses that make up general education requirements. Thus, many courses
were mandatory for students in the majors we focus on. However, not all courses
were required for students in all the majors in our sample. Information about if
a course was required, optional (i.e., an elective that count towards the major), or
not required is included in Table 37 in Appendix H. The courses we chose are listed
in Table 75 in Appendix H, along with information about the year in which the
students typically take the course. We would like to note that, though it is not
required for most majors studied, Human Physiology met our criteria because it is

a commonly-chosen elective for both Biology and Rehabilitation Science Students.
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Table 52: Grades and GPA points for this university’s grading standards. For most

majors, a C or above is a passing grade.

Grade | A/A+ A- B+ B B- C+ C C- D+ D D- F
GPA Value | 4.00 375 325 3.00 275 225 200 175 1.25 100 0.75 0.00

12.2.3 Measures

12.2.3.1 Course Grade

Course grades were based on the 0-4 scale used at our university, and a conversion
of letter grades to GPA points can be seen in Table 52. We are unable to report
grading schemes of each instructor, type of course (i.e., traditional lectures or active
learning), or any other detailed course-level information due to the large number of

courses sampled.

12.2.3.2 Grade Anomaly

GA was found by first finding each student’s grade point average excluding the
course of interest (GPAg..). This was done by using the equation
GPA. x Units, — Grade x Units

GPA@:EC = - : 14
Units, — Units (14)

where GPA, is the student’s cumulative GPA, Units,. is the cumulative number of
units the student has taken, Grade is the grade the student received in an individ-

ual course, and Units is the number of units associated with an individual course.
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After finding G P A.,. we can calculate grade anomaly (GA) by finding the difference

between a student’s GPA,.,. and the grade received in that class:

GA = Grade — GPAze. (15)

A negative GA corresponds to a course grade lower than a students’ GPA in
other classes and we call this a “grade penalty”. A positive GA corresponds to a
course grade higher than a students’ GPA in other classes and we call this a “grade
bonus”. Average grade anomaly (AGA) is the mean of students’ grade anomalies

(GA) for each course, and is the metric by which we compare courses.

12.2.3.3 Analysis

To characterize both average grade anomaly (AGA) and grades, we found the
sample size, mean, standard deviation, and standard error of each measurement for
each course of interest. We calculated these statistics for women and men separately,
and then for all students combined. We also compared the effect size of gender on
both grade and grade anomaly, using Cohen’s d to describe the size of the mean dif-
ferences and unpaired t-tests to evaluate the statistical robustness of the differences.

Cohen'’s d is calculated as follows:

d— H—H2

2 2
01 — 03

(16)

where p; and ps are the means of the two groups, o; and o, are the standard
deviations [108] and Cohen’s d is considered small if d ~ 0.2, medium if d ~ 0.5,
and large if d ~ 0.8 [140]. We used a significance level of 0.05 in the ¢-tests as
a balance between Type I (falsely rejecting a null hypothesis) and Type II (falsely
accepting a null hypothesis) errors [108]. All analysis was conducted using R [174],
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using the package plotrix [245] for descriptive statistics, Isr [246] for effect sizes, and
ggplot2 [247] to create plots.

12.3 Results

The primary result from our study in regards to research question 1 is the fol-
lowing: in general, course grades were highest during COVID-19 remote instruction
compared to grades before or after, which can be seen in Figure 21. Addition-
ally, grades after COVID-19 remote instruction tended to be the same or slightly
lower after COVID-19 remote instruction. If average grades were lower after remote
instruction, they tended to only be part of a letter grade lower (for example, if a pre-
remote instruction average grade was a C+, it may be a C after remote instruction),
which can be seen in either Figure 21 or in Table 76 in the Appendix I.

Also regarding research question 1, AGAs were the smallest during remote classes,
which can be seen in Figure 22 or Table 77 in Appendix I. There were mixed trends
regarding the relationships between pre and post remote AGAs. Most courses had
larger AGAs post-remote instruction.

We do note that for any classes that are typically taken after a student’s first
semester (which are listed in Table 75), AGAs are expected to be higher. This
is because grades tended to be higher during remote instruction than after. For
example, student X and student Y both get a B— in their Biology 2 class. Student
X took Biology 2 before the pandemic. Student X also took Biology 1 before the
pandemic and got a B—, which was the average grade for pre-remote instruction.
Thus, this B— has grade penalty compared to Biology 1. Student Y took Biology 2

in-person during post-remote instruction. Student Y took Biology 1 during remote
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instruction and got a B+, which was the average grade during remote instruction.
To student Y, the B— in Biology 2 is a grade penalty compared to Biology 1. This
example can be generalized to explain why AGAs tended to be larger during post
remote instruction versus pre-remote instruction.

There were generally more grade differences in AGAs than in grades. For exam-
ple, before remote instruction, there were gendered grade differences in two courses
(Calculus 1 and Genetics, which can be seen in Figure 23a), in which women tended
to have higher grades than men. During COVID-19 remote instruction, there was
only one gendered grade difference (in Physics 2, favoring men). During post-remote
instruction, all gendered grade differences (in Biology 1, as well as Organic Chemistry
1 and 2, which can be seen in Figure 23c) favored men. However, most courses did
not have gendered grade differences. This trend is very different than gendered AGA
differences. Before the pandemic, men had smaller grade penalties than women in six
of the twelve of the courses studied, while women had smaller grade penalties in only
one course, Genetics. During remote instruction, men had smaller grade penalties
than women in three courses, and after remote instruction, men had smaller grade
penalties than women in five courses. There were no courses in which women had
smaller grade penalties than men during or after remote instruction. In most classes,
men and women had indistinguishable AGAs. However, in most first-year courses,
women had larger average grade penalties than men. Below, we investigate trends

in specific subjects regarding student grades and AGAs.

12.3.1 Biology Courses

Biology grades were typically in the upper half of the course grade distributions,

before, during, and after remote instruction. This means that, among the courses
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Figure 21: Average grades for each course of interest for classes before (a), during

(b), and after (c) remote instruction. Ranges represent standard error of the mean.
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included in this study, students with bioscience and health-related majors tended
to have their highest grades in courses offered by the Biological Science (Biology)
department, which can be seen in Figure 21. Generally, Biology grades during remote
instruction were higher than before or after. Course grades after remote instruction
tended to be the same or one partial letter grade lower than they were before remote
instruction (for example, in Biology 1 had an average course grade of B— before
remote instruction, but C+ after).

However, some Biology classes had gender differences in grades, which can be seen
in Table 53. Genetics had the largest gender difference in course grades (d = 0.26,
p < 0.01) among the courses studied pre-remote instruction (favoring women), and
Biology 1 had a statistically significant gender difference in course grades (d = 0.30,
p < 0.05) post-remote instruction (favoring men).

AGAs for Biology courses also tended to be average or small compared to other
courses studied, as shown in Figure 22. Though Bioscience students can gener-
ally expect lower grades in biology compared to most courses they take, the grade
penalties are relatively modest compared to other STEM courses included in this
study. Biology course AGAs tended to have the smallest magnitude during remote
instruction, as seen in Table 53. AGAs tended to be either similar or slightly larger
after post-remote instruction than before remote instruction. One exception to this
trend was Biochemistry, which had a smaller grade penalty after than before remote
instruction.

Most Biology courses have a gender difference in AGAs during at least one time
in the study (see Table 53). All of these gender differences showed that women
had larger grade penalties on average than men. Biology 1, Biology 2, Genetics,
and Human Physiology had small (d ~ 0.2) gender differences pre-remote teaching,

and Biology 1 had a small gender difference during remote instruction. Biology 2
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and Genetics did not have grade penalty gender differences during or after remote
instruction. Genetics did not have any gender differences during remote instruction,
and returned to a small gender difference after. Biology 1 grade anomaly gender
differences became larger over time, and during post-remote instruction there was a

medium grade difference (d ~ 0.5) between men and women.

12.3.2 Chemistry Courses

Chemistry courses tended to have some of the lowest grades among any courses
studied, shown in Figure 21. Notably, Organic Chemistry 2 had the lowest average
grade of the courses studied before and during remote instruction, and had the second
lowest average grade after. Figure 21 also shows that Organic Chemistry 1 had
similar grades, though they were slightly higher than those in Organic Chemistry
2. Introductory Chemistry 1 and 2 had grades that were closer to the average of
courses studied before and after remote instruction, but Chemistry 2 had very low
average grades, comparable to Organic Chemistry 1. This means that, among the
courses included in this study, students with bioscience and health-related majors
tended to have their lowest grades in courses offered by the Chemistry department.
Generally, grades during remote instruction were higher than before or after, as
seen in Figure 21. Course grades after remote instruction tended to be the same or
one partial letter grade lower than they were before remote instruction. Before and
during remote instruction, Table 54 shows that no Chemistry courses had gender
differences in grades. However, during post-remote instruction, men tended to have
higher grades in both Organic Chemistry 1 and 2.

AGAs for Chemistry courses also tended to be large compared to other courses

studied, as shown in Figure 22. Chemistry course grade anomalies tended to have the
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smallest magnitude during remote instruction. AGAs tended to be either similar or
slightly larger during post-remote instruction than before remote instruction, which
can be seen in Table 54. Notably, after remote instruction, students taking Organic
Chemistry 1 or 2 can expect to receive a grade over one full letter grade lower than
their GPA excluding these classes.

Men had smaller grade anomalies in all Chemistry classes except Chemistry 2
before remote instruction (see Table 54), and the gender differences tended to be
small (d ~ 0.2). Chemistry had a small gender difference in grade anomalies during
remote instruction, but no statistically significant difference before or after. Men
tended to have smaller grade penalties than women with a medium effect size (d ~

0.5) in both Organic Chemistry 1 and 2.

12.3.3 Math Courses

Before remote instruction, Table 55 shows that Calculus 1 had an average grade
of C+. During remote classes, Calculus 1 had an average grade of B—. During Post-
Remote classes, the average grade was C, which is the lowest grade of any course
studied, which can be seen in Figure 21. Calculus 1 had a statistically significant
grade difference pre-remote instruction, in which women tended to have higher grades
than men. Calculus 1 AGAs tended to be the largest after Organic Chemistry 1 and
2 (as well as Chemistry 2 during remote instruction), which can be seen in Figure
22. Calculus 1 AGAs were -0.85 before, -0.59 during, and -1.12 during post-remote
instruction. This means that after remote instruction, students could expect to have
a Calculus grade more than one full letter grade lower than their GPA in other
courses. There were no gender differences in AGAs before the pandemic, but women

had larger AGAs than men during and after remote instruction.
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12.3.4 Physics Courses

Before, during, and after remote instruction, Physics course grades were generally
higher than those in other subjects, which can be seen in Figure 21. For both Physics
1 and 2, Table 56 shows that grades were highest during remote instruction. For
Physics 1, the average grade before remote instruction was also a B, but dropped to
a B— after remote instruction. For Physics 2, the average grade both before and after
remote instruction was a B. Both Table 56 and Figure 23 show that neither Physics
1 or 2 had gendered grade differences before or after remote instruction. However,
during remote instruction, men tended to have higher grades than women, with a
small effect size (d ~ 0.2).

AGAs in Physics courses also tended to have a smaller magnitude than those
of other subjects (see Figure 22). Grade anomalies for both Physics courses were
smallest during remote instruction, but in most cases, student’s physics grades were
less than half a letter grade lower than their GPA excluding those courses, which
can be seen in Table 56. The exception to this trend is that during post remote
instruction, Physics 1students tended to have a grade penalty between half and
three-fourths of a letter grade. Physics 1 courses had small (d ~ 0.2) AGA gender
differences favoring men before, during, and after remote instruction. Physics 2 had
no gender difference in AGA before or after remote instruction, but men tended to
have smaller grade penalties than women during remote instruction, with a small

effect size (d ~ 0.2).
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12.4 Discussion

12.4.1 Do grades and AGAs differ between before COVID, during re-
mote COVID teaching, and after remote COVID teaching?

Grades are important to students for a variety of reasons such as continuing their
major, scholarship requirements, graduate school admissions. Broadly, grades were
higher during the transition to remote instruction and were lower again during post-
remote instruction. AGAs, unlike grades, do not have a direct effect on students’
outcomes such as scholarships and graduate admissions. A student with an A average
who receives a B in a class has the same grade anomaly with a B average who receives
a C in the class. Here, we use the idea of academic self concept form Situated
Expectancy Value Theory to frame how students may think about grade anomalies.
Students tend to have a somewhat fixed idea of what sort of student they are (for
example, they may endorse that idea that “If I get As, I must be an A kind of
person”) [53]. AGAs may challenge a student’s idea about what kind of student they
are. In particular, students may compare their grades across courses to determine
which disciplines they excel at or struggle with [78].

During the transition from pre-remote to remote instruction, there tended to be
large increases in average grades (often over one full letter grade) for classes students
usually take in their third year of university or later (see Table 75 in Appendix K
for information about when students tend to take each course). On the other hand,
Chemistry 1 and Biology 1 courses, which are primarily taken by first-semester stu-
dents, had worse grades during remote instruction than during pre-remote instruc-
tion. These increases in grades may be due to a range of factors. For example,

grading schemes and assessment types may have been changed, or instructors may
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have been more flexible for students than during pre-remote classes [258]. We note
that student performance on content-based surveys is similar in online and in-person
administration [146], and answer-copying on homework does not significantly differ
between remote and in-person instruction [147]. This leaves open the possibility that
grade differences between in-person and online courses are not inherent, but may be

the result of instructor choices in class policies.

After the transition to remote instruction, AGAs for almost all courses were lower.
That is, students’ grades were more consistent during remote instruction, so that
most classes deviated less from a students average GPA during remote instruction.
We hypothesize that these smaller grade anomalies may result in students being less
concerned that they can succeed in their discipline, and may rely more on other
factors (such as interest) to make decisions regarding major and career choice.

Next, we discuss changes from remote to post-remote courses. Comparing remote
to post-remote classes, only two courses had better grades during in-person courses
were Biology 1 and Chemistry 1, which are classes primarily taken by first-year
students. During the transition back to in-person classes, all courses developed larger
AGAs. Part of this drop is due to the fact that grades were generally higher during
remote than in-person classes. However, this trend also holds for many first-year
classes (in which students would have no grades from remote instruction), so there
are likely other factors involved.

Trends in grades between pre- and post-remote instruction were more compli-
cated. Half of the courses studied had the same or a higher average grade during
post-remote courses, and half had a lower grade during post-remote than pre-remote
courses. Again, first-semester courses (Calculus 1, Chemistry 1, and Biology 1)

had worse outcomes during pre-remote than post-remote instruction, and generally
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courses that students took in their first two years were more likely to show grade
decreases from pre- to post-remote instruction.

There was no course in which AGAs decreased in magnitude from pre to post,
and almost all courses had larger AGAs during post-remote than pre-remote courses.
However, several courses had similar AGAs between pre and post, including two first-
year courses: Biology 1 and Chemistry 1. While it is encouraging that the AGAs are
not getting worse over time for these courses, it should still be noted that the AGAs
are on average larger than they are for courses students take later in their major.

The courses with the lowest grades and largest AGAs over all time periods are
Calculus 1 and Organic Chemistry 1 and 2, which are often labeled as “weed out”
courses. Grade penalties are more common and larger in STEM diciplines than in
social sciences or humanities (53,152,234, 235], but our finsdings show that there are
significant variations in AGAs even among STEM courses. In general, Biology and
Physics courses tended to have had the smallest AGAs, while Math and Chemistry
courses tended to have the largest. Thus, AGAs are not a simple issue of STEM
courses having larger AGAs than non-STEM courses. Instructors and departments
with comparatively lower grades and larger AGAs than others may benefit from
pedagogies implemented by other STEM departments and instructors at their insti-
tution.

There are likely to be a range of potential factors contributing to differences in
grade and AGAs over time. Though there is a possibility that some students are
cheating, cheating on exams seems to have only small increases in the USA during
the pandemic, though the effect may be larger in other regions [259]. There is also
research that suggests that there are specific factors that could lead to increased
grades during remote instruction. For example, because there were were more low-

stakes assessments during remote instruction, students may be more likely to engage
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in spaced practice instead of “cramming” for assessments during remote learning
[260]. One study showed that students had higher grades during COVID-19 remote
instruction even on identical assessments that were also given online pre-pandemic
[260]. One study that focused on quantum mechanics (an upper-level physics course)
found that implementing low-stakes formative assessments instead of exams did not
lead to lower scores on course post-test (which only contributed to a small amount
of the students’ final grade) [143]. Though these studies do not specify any specific
reason that there may be differences in grades during remote versus in-person classes,
they do suggest that the increase in grades do not necessarily correlate with lowered
academic standards or cheating.

One of the concerning trends from this study was that there are lower grades and
larger AGAs for students in their first two years of university than for later years.
Low grades early on during the transition to university are particularly concerning.
Low grades, even if they are high enough to continue in a major, are a common
reasons that students cite for leaving a STEM major [53,54]. Additionally, because
academic self-concept is most in flux during transitional periods, low grades early in
a student’s college career may negatively affect students’ self-concept more than low
grades received in later years [233].

We also note that students tended to have lower grades and larger grade anomalies
during post-remote courses than pre-remote courses. This was more true for courses
that students tended to take after their first two years of university. We hypothesize
that this is because students who took introductory level courses did not have the
same supports (such as first year programs that focus on building community) as
students who started university during in-person instruction. It is possible that
students who started university during remote courses may not have developed a

sense of community and group study skills that students who started during in-
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person classes may have. This may result in less preparation for courses students

take later in their major which are often a higher level and more complex.

12.4.2 Are there gender differences in grades or grade anomalies, and do
they differ between before COVID, during remote COVID teaching, and
after remote COVID teaching?

Before remote instruction, there were either no statistically significant grade dif-
ferences, or women had higher grades than men. However, during and after remote
instruction, all classes with statistically significant grade differences favored men. In
each case, there were only a few courses with any statistically significant grade differ-
ences. One particularly concerning class was Calculus 1. Before and during remote
instruction, women had an average grade of C+, but an average grade of C— during
post-remote instruction. This means that on average, women did not have a grade
in Calculus 1 needed to continue in the major. These women need to choose between
taking the class again, which involves a commitment of both time and tuition, or
change to a major that does not require Calculus. Though other courses had a larger
gender differences, this is the only course and group for which the average outcome
was not passing the course.

There were many courses that had statistically significant gendered AGA differ-
ences. In all of these courses (except pre-remote Genetics), men had smaller AGAs
than women. The largest of these AGA differences were post-remote Biology 1, Or-
ganic Chemistry 1, and Organic Chemistry 2. For women in bioscience majors, a
large grade anomaly in thier first biology course at university may be particularly
concerning, and potentially lead them to believe that they do not “have what it

takes” to succeed in her major. Women often report worrying more then men that
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they do not understand the material even if they receive A’s, B’s, or C’s (which are
grades that allow students to continue in most programs) [53,115]. This trend has
been found to be particularly strong among high-achieving women [53].

We hypothesize that women may be more likely to have a low academic-self-
concept than men at similar performance levels. Prior work has theorized that men
are more likely to separate their grades and sense of academic self-concept [53,54,237].
Academic self-concept is formed through grades and feedback from outsiders. Women
are generally less likely to receive recognition from instructors [56,130,208], so women
may rely more than men on grade information to develop their academic self-concept
[53,54,237]. Women also tend to earn higher grades than men who have the same
standardized test scores [53,203], so they may be more accustomed to higher grades.
As a result, they may have more concern about grades that are lower than what they
are accustomed to, or they may compare their relatively-low STEM grades and view
themselves as less able to succeed in biology sciences or a health-related field than
a subject that gives them the recognition for their work that they are accustomed
to [53,54].

AGAs and raw grade data do not always reveal the same trends: there are many
more gender differences in AGA than in grades in the findings presented here. This
trend reveals how AGA may be a useful measure. For example, an instructor may
not see any gender differences in grades, which is one important indicator of gender
equity. However, if they do not know the gender differences in AGA, an instructor
or department may not recognize how those grades may be perceived by women and
men in their classes. Understanding both grades and AGA differences may allow

instructors to understand classroom-level inequities better.
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12.5 Conclusion and Future Research

In this work we found that grade penalties exist for all the courses we studied.
Over the transition from in-person to remote courses, grades were higher and grade
penalties were smaller. During the transition back to in-person instruction the grades
were lower and grade penalties became larger again. Further, there were more gender
differences in both grades and grade penalties (favoring men) after remote teaching
than before or during.

These results are very important because they provide evidence that courses in
STEM departments tend to have grade penalties, and that these penalties tend to
decrease during remote instruction. Additionally, AGA may also act as a useful
measure of academic self-concept that is easy for institutions to access.

Although we have evidence of grade penalties in the studied courses as well as
gendered grade anomaly differences, we did not have access to syllabi or other infor-
mation about individual courses offered over the period of data collection. Therefore,
we are not able to pinpoint specific practices that may lead to grade penalties, grade
bonuses, or gender inequities at our institution.

Finally, this research is based at a primarily white, large, public university. While
our results may generalize to similar institutions, we do not know what patterns of
grade anomalies exist at smaller liberal arts colleges, minority-serving institutions,
or community colleges in the US. Additionally, it may also be useful to repeat similar
research in other countries, as many countries worldwide were affected differently by

the COVID-19 pandemic.
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Table 53: Means and standard deviations (SD) of grades and grade anomalies by
gender for courses offered by the Biological Science Department before (Pre),
during (Rem), and after (Post) remote instruction. Human Physiology
(Physiology) and Biochemistry (Biochem) are abbreviated. Cohen’s d is positive if
men had higher grades or smaller AGAs than women in a course. A bold Cohen’s d
signifies that a t-test showed significant differences between men and women.

T=p<0.05 °%=p<0.01, and * = p < 0.001.

‘ ‘Women Men

AGA Grade AGA Grade Cohen’s d
Course Type N Mean SD Mean  SD ‘ N Mean  SD Mean SD ‘ AGA Grade

Biology 1 Pre 1079  -0.70  1.17 2.86 1.02 | 569 -0.56  0.92 2.88 1.00 | 0.137 0.02
Rem 326 -0.50 0.74 3.04 0.83 | 185 -0.32 0.70 3.03 0.91 0.257 -0.01
Post 141 -0.87 1.15 2.28 1.22 76 -0.36  0.87 2.62 1.03 | 0.48“~ 0.307

Biology 2 Pre 902 -0.38  0.65 3.10 0.77 | 519 -0.30 0.64 3.11 0.79 0.127 0.02

Rem 363 -0.16  0.65 3.26 0.80 | 186 -0.07 0.62 3.29 0.79 0.14 0.03

Post 121 -0.57  0.65 2.77 0.85 91 -0.44  0.72 2.77 0.98 0.20 0.00
Genetics Pre 453 -0.48 0.78 3.02 0.96 | 305 -0.67 1.01 2.74 1.18 | -0.227 -0.26°

Rem 267 -0.12  0.62 3.42 0.80 | 172 -0.14 0.63 3.35 0.84 0.04 0.08

Post 225 -0.72  0.80 2.7 1.02 | 138 -0.50 0.79 2.8 1.14 | 0.277 0.10

Physiology  Pre 571 -0.36  0.76 3.18 0.90 | 334 -0.25 0.69 3.22 0.87 | 0.147 0.05

Rem 480 -0.14  0.61 3.34 0.75 | 230 -0.12  0.67 3.44 0.78 0.03 0.13
Post 527 -0.58  0.80 2.98 0.96 | 282 -0.51 0.82 3.04 1.00 0.10 0.06
Biochem Pre 305 -0.93 0.88 2.57 1.03 | 219 -1.00 0.92 2.41 1.15 -0.09 -0.15
Rem 349 -0.19  0.67 3.37 0.81 | 234 -0.08 0.68 3.33 0.82 0.16 -0.05
Post 376 -0.74  1.02 2.78 1.24 | 199 -0.64 0.98 2.81 1.26 0.10 0.03
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Table 54: Means and standard deviations (SD) of grades and grade anomalies by
gender for courses offered by the Chemistry Department before (Pre), during
(Rem), and after (Post) remote instruction. Chemistry (Chem) and Organic
Chemistry (Orgo) are abbreviated. Cohen’s d is positive if men had higher grades
or AGAs than women in a course. A bold Cohen’s d signifies that a t-test showed
significant differences between men and women. ¥ = p < 0.05, # = p < 0.01, and

@ = p < 0.00L.

‘ ‘Women Men

AGA Grade AGA Grade Cohen’s d
Course Type N Mean SD  Mean SD ‘ N Mean SD  Mean SD ‘ AGA  Grade

Chem 1  Pre 1160 -0.79  1.38 2.86 0.87 | 679 -0.61 141 2.83 0.97 | 0.137 -0.04
Rem 374 -0.37  0.70 3.10 0.74 | 224 -0.35 0.69 2.97 0.83 0.04 -0.17
Post 134 -0.84  1.13 2.44 1.09 | 127 -0.61 0.88 2.44 1.02 0.23 0.00

Chem 2 Pre 970 -0.58  0.77 2.94 0.86 | 597 -0.52 0.86 2.85 0.91 0.07 -0.09
Rem 359 -0.70  0.69 2.80 0.83 | 217 -0.55 0.65 2.80 0.90 | 0.237 0.00
Post 174 -1.13 0.91 2.17 1.08 | 138 -0.81 0.82 2.36 1.09 0.37 0.18

Orgo 1 Pre 1051  -1.04 0.99 2.47 1.12 | 583 -0.87 0.94 2.57 1.07 | 0.18~ 0.09
Rem 530 -0.81  0.79 2.77 0.95 | 270 -0.69 0.70 2.83 0.88 0.16 0.06
Post 340 -1.30 0.91 2.11 1.09 | 197 -0.76  0.97 2.58 1.16 | 0.58* 0.42¢

Orgo 2 Pre 682 -0.95 0.92 2.56 1.08 | 420 -0.82 0.98 2.64 1.17 | 0.137 0.07
Rem 441 -0.90 0.81 2.71 0.97 | 213 -0.75 0.90 2.73 1.12 0.18 0.02
Post 249 -1.37  1.02 2.07 1.22 | 172 -0.93 1.08 2.43 1.28 | 0.43* 0.30°
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Table 55: Means and standard deviations (SD) of grades and grade anomalies by

gender for courses offered by the Mathematics Department before (Pre), during

(Rem), and after (Post) remote instruction. Cohen’s d is positive if men had higher

grades or AGAs than women in a course. A bold Cohen’s d signifies that a t-test

showed significant differences between men and women. 7 = p < 0.05, # = p < 0.01,

and “ = p < 0.001.

‘ Women Men
AGA Grade AGA Grade Cohen’s d
Course Type N Mean SD  Mean SD ‘ N Mean SD  Mean SD ‘ AGA Grade
Calculus 1 Pre 379  -0.78 149  2.60 1.11 | 433 -0.92 1.91 2.35 1.3 -0.08 -0.217°
Rem | 226 -0.70 095 269 098 | 222 -0.47 0.85 2.86  0.93 | 0.267 0.17
Post 131 -1.37  1.57 1.92 1.45 | 162 -0.92 1.55 2.19 1.44 | 0.297 0.19

Table 56: Means and standard deviations (SD) of grades and grade anomalies by

gender for courses offered by the Physics Department before (Pre), during (Rem),

and after (Post) remote instruction. Cohen’s d is positive if men had higher grades

or AGAs than women in a course. A bold Cohen’s d signifies that a t-test showed

significant differences between men and women. ¥ = p < 0.05, # = p < 0.01, and

o« = p < 0.001.
‘ Women Men
AGA Grade AGA Grade Cohen’s d
Course Type N Mean SD  Mean SD ‘ N Mean SD  Mean SD ‘ AGA  Grade
Physics 1 Pre 720 -0.42 0.61 3.06 0.77 | 438 -0.26 0.64 3.12 0.84 | 0.26% 0.09
Rem 414 -0.29 0.60 3.22 0.78 | 295 -0.13 0.58 3.35 0.81 | 0.26° 0.167
Post 590 -0.72 0.79 274 095 | 291 -048 0.76 2.85 0.98 | 0.31¢ 0.12
Physics 2 Pre 449 -0.33 0.61 3.17 0.78 | 292 -0.28 0.66 3.15 0.88 0.08 -0.02
Rem | 394 -0.22 063 337 0.71 | 253 -0.08 0.51 3.40 0.79 | 0.237 0.05
Post 384 -040 076 3.12 093 | 252 -0.33 0.73 3.15 0.98 0.10 0.03
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13.0 Future Directions

The research presented here gives insight into the relationship between moti-
vational beliefs and academic performance in physics courses. It also investigates
gender differences in these constructs in a range of contexts, including introductory
physics for engineers and physical science majors, introductory physics for bioscience
majors, and upper-division physics courses. Further, the research presented here ex-
plores how remote teaching due the COVID-19 pandemic impacts student grades
and grade penalties.

The present studies only focus on gender differences, and do not include any
investigation focusing on other underrepresented groups. In future studies, it would
be useful to carry out similar investigations considering more aspects of students’
identities, such as race/ethnicity, disability status, first-generations status, and sex-
ual orientation as well as how the intersectionality impacts students with multiple
marginalized identities. Additionally, studies with more nuanced measures of gender
can be useful to capture a diverse range of student experiences.

This research was carried out at a large public research university in the north-
eastern United States. Thus, the results may not always be realizable to other types
of institutions, such as two-year colleges, minority serving institutions, or universities
outside of the United States.

Future studies should also investigate students’ motivational beliefs and academic
performance in the classes in which there is an intentional focus on equity and in-
clusion or those using research-based classroom interventions with control groups
to further study their effect on the perception of the inclusiveness of the learning

environment and on students’ course outcomes.
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Appendix A. Factor Analysis and Predicting Low-Stakes Assessment
Scores in introductory physics courses for engineering and physical

science majors.

Table 57: Survey fit indices for confirmatory factor analysis for both Physics 1 and
2. Chronbach’s « for pre and post Test Anxiety and Self-Efficacy is included.

Students were included if they competed the pre or post survey.

Fit Indicies Cronbach’s «
Self-Efficacy Test Anxiety
Course CFI TLI RMSEA SRMR | Pre Post Pre Post
Physics 1 0.93 0.91 0.07 0.05 0.74 0.81 0.91 0.91
Physics 2 0.93 0.92 0.08 0.05 0.83 0.83 0.92 0.92
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Table 58: Physics 1 and 2 low-stakes assessment scores predicted by student sex,

High School GPA, SAT/ACT Math scores, pre or average self-efficacy and pre or

average test anxiety. Standardized regression () coefficients are provided.

*=p<0.05, * =p<0.01, and ** = p < 0.001.

Physics 1 Physics 2

Pre Avg. Pre Avg.
Variable ‘ Model 1 | Model 1 | Model 1 Model 2 Model 3 | Model 1
Sex (M=0, F=1) 0.05 -0.04 0.08 0.08 0.10 0.02
High School GPA | 0.22*** 0.31%** 0.23*** 0.25%** 0.24*** 0.12*
SAT/ACT Math 0.05 0.05 0.03 0.04 0.03 0.05
Self-Efficacy 0.09 -0.05 0.04 -0.01
Test Anxiety -0.10 -0.07 -0.10* -0.07 0.06
N 401 186 552 552 552 304
Adjusted R? 0.06 0.07 0.07 0.08 0.08 0.01
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Appendix B. Factor Analysis and Predicting Low-Stakes Assessment

Scores in introductory physics courses for bioscience majors

Table 59: Survey fit indices for confirmatory factor analysis for both Physics 1 and
Physics 2. Chronbach’s « for pre and post Test Anxiety (TA) and Self-Efficacy
(SE) is included. For Physics 1, N = 516 and for Physics 2, N = 608.

Fit Indicies Cronbach’s «
Self-Efficacy Test Anxiety
Course CFI TLI RMSEA SRMR | Pre Post Pre Post

Physics 1 | 0.93 0.91 0.07 0.06 | 074 081 091 091
Physics 2 | 0.93 0.92 0.08 0.05 083 083 092 0.92
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Table 60: Physics 1 and 2 low-stakes assessment scores predicted by student sex,
High School GPA (HS GPA), SAT/ACT Math scores, pre or average self-efficacy
and pre or average test anxiety. Standardized regression (f3) coefficients are

provided. * = p < 0.05, ** = p < 0.01, and ** = p < 0.001.

Physics 1 Physics 2

Pre Avg. Pre Avg.
Variable ‘ Model 1 ‘ Model 1 ‘ Model 1 Model 2 Model 3 ‘ Model 1
Sex (M=0, F=1) 0.05 -0.04 0.08 0.08 0.10 0.02
HS GPA 0.22%** 0.31%** 0.23*** 0.25%** 0.24*** 0.12*
SAT/ACT Math 0.05 0.05 0.03 0.04 0.03 0.05
Self-Efficacy 0.09 -0.05 0.04 -0.01
Test Anxiety -0.10 -0.07 -0.10* -0.07 0.06
N 401 186 552 552 552 304
Adjusted R? 0.06 0.07 0.07 0.08 0.08 0.01
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Appendix C. Survey Validation for Self-Efficacy and Test Anxiety

Constructs Before, During, and After Remote Instruction

Acceptable cutoff values for the Comparative Fit Index (CFI) and Tucker Lewis
Index (TLI) are > 0.95 [106], and the acceptable cutoff the Root Mean Square Error
of Approximation (RMSEA) and Standardized Root Mean Square Residual (SRMR)
are both < 0.08 [107]. The fit indices for our survey meet these standards and can be
found in Table 61. Acceptable values for Cronbach’s « in education are between 0.7
and 0.9 [108]. All constructs fell within this range, as seen in Table 61. Standardized

factor loadings were all above 0.5 [106], which can be see in Table 62.

Table 61: Survey fit indices for confirmatory factor analysis for both Physics 1 and
Physics 2. Additionally, Chronbach’s « for pre and post Test Anxiety (TA) and
Self-Efficacy (SE) is included.

Fit Indicies Cronbach’s «
Course CFI TLI RMSEA SRMR ‘ Pre SE Post SE Pre TA Post TA
Physics 1 | 0.92 0.90 0.07 0.06 0.70 0.77 0.89 0.83
Physics 2 | 0.93 0.92 0.07 0.04 0.82 0.82 0.89 0.90
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Table 62: Survey items with standardized factor loadings. For Physics 1, N = 786

and for Physics 2, N = 546.

Factor Loading

Physics 1 Physice 2
Construct Name/Item Text Pre Post Pre Post
Self-Efficacy
1. Tam able to help my classmates with physics in the laboratory 0.59 0.68 0.69 0.72
or in recitation
2. T understand concepts I have studied in physics 0.66 0.70 0.75 0.77
3. If I study, I will do well on a physics test 0.64 0.66 0.82 0.77
4. If I encounter a setback in a physics exam, I can overcome it 0.56 0.68 0.73 0.77
Test Anxiety
5. I am so nervous during a physics test that I cannot remember 0.82 0.80 0.79 0.79
what I have learned
6. I have an uneasy, upset feeling when I take a physics test 0.87 0.67 0.90 0.92
7. I worry a great deal about physics tests 0.81 0.62 0.82 0.77
8. When I take a physics test, I think about how poorly I am 0.80 0.86 0.79 0.85

doing
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Appendix D. Regression models predicting high-stakes assessments

Before, During, and After Remote Instruction

Table 63: Physics 1 high-stakes assessment scores predicted by student sex, HS
GPA, SAT/ACT Math scores, pre self-efficacy and pre test anxiety. For virtual
classes, n = 216 and for in-person classes, n = 426. Standardized regression

coefficients are provided. ¢ = p < 0.05, > = p < 0.01, and ¢ = p < 0.001.

Model | Sex HSGPA SAT/ACT SE TA  R?
g Model 7a -0.13>  0.30° 0.42¢  0.18° 0.03" 0.39
Z  Model 7b -0.14¢  0.30° 0.43¢  0.19¢ 0.39
A Model 7c -0.16¢  0.31¢ 0.42¢ 0.11°  0.37
= Model 7d -0.19¢  0.31¢ 0.45¢ 0.36
=  Model 8a 0.05"*  0.23¢ 0.29°  0.24° -0.02"¢ 0.25
£ Model 8b 0.06"5  0.23¢ 0.29°  0.24¢ 0.25
> Model 8c 0.00"*  0.25¢ 0.35° 0.21
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Table 64: Physics 2 high-stakes assessment scores predicted by student sex, HS
GPA, SAT/ACT Math scores, as well as pre self-efficacy and test anxiety.
Standardized regression () coefficients are provided. For virtual classes,

N = 216 and for in-person classes, N = 426. ™ =p > 0.05, * = p < 0.05,

b= p<0.01, and ¢ = p < 0.001.

Model | Sex HSGPA SAT/ACT SE  TA  R?
g Model 9a -0.05™  0.16% 0.40°¢ 0.33¢  0.00™ 0.34
Z  Model 9b -0.09"  0.15% 0.43¢ 0.33¢ 0.35
A Model 9c -0.06™  0.16% 0.40°¢ 0.15%  0.37
= Model 9d -0.127s  (.13" 0.48¢ 0.25
=  Model 10a -0.08™  0.23¢ 0.33¢ 0.23%  -0.07™ 0.24
£ Model 10b -0.07"  0.23¢ 0.32¢ 0.19° 0.24
2 Model 10c -0.11m  (.24¢ 0.37¢ 0.21

D.1 Mediation Models

A mediation model for physics 1 in-person classes can be seen in Figures 5a and
5b. Figure ba shows that test anxiety is statistically significant when predicting high
stakes assessment outcomes on its own. However, Figure 5b shows that if test anxiety
is used to predict self-efficacy and high-stakes assessment outcomes separately, test
anxiety predicts self-efficacy but not high-stakes grades. For virtual physics 1 classes,
the average causal mediation effect was 0.24 (p < 0.001), with a confidence interval
of [0.14, 0.34]. The average direct effect was 0.08, (p = 0.260) and the total direct
effect was 0.32 (p < 0.001).
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Appendix E. Original mindset survey items for an introductory physics

course for engineering and physical science majors

Table 65: Original Survey Items. Italicized items were removed during validation.

Construct name or Item

B

My Growth (o = 0.84)

I can become even better at solving physics problems through hard work

I am capable of really understanding physics if I work hard

I can change my intelligence in physics quite a lot by working hard

Struggling with difficult physics problems would help me develop mastery in physics

== © 00
=

My Ability (a = 0.84)

Even if I were to spend a lot of time working on difficult physics problems, I cannot develop my intelligence
in physics further

If T were to often make mistakes on physics assignments and exams, I would think that maybe I'm just not
smart enough to excel in physics.

I won’t get better at physics if I try harder

I will always be as good at physics as I was in high school.

I will always get the same physics grade whether I try or not.

I could never excel in physics because I do not have what it takes to be a physics person

I could never become really good at physics even if I were to work hard because I don’t have natural ability

~

Others’ Growth (apre = 0.84)

People can change their intelligence in physics quite a lot by working hard

If people were to spend a lot of time working on difficult physics problems, they could develop their intelli-
gence in physics quite a bit

People can become good at solving physics problems through hard work

10.
11.
12.

Others’ Ability (apre = 0.68)

Only a few specially qualified people are capable of really understanding physics

To really excel in physics, people need to have a natural ability in physics

If a student were to often make mistakes on physics assignments and exams, I would think that maybe they
are just not smart enough to excel in physics
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Appendix F. Invariance Testing of Intelligence Mindset Constructs

To determine if men and women could be included in the same factor analysis,
we conducted tests for both strong and weak measurement invariance. First, we
tested for weak measurement invariance: that is, does each survey item have similar
factor loadings for men and women? To test for this, we compared the model fits
of a free model (in which all factor loadings and intercepts are freely varying for
each gender/sex group) and a metric model (in which the factor loadings are fixed
to equity across gender/sex groups, but the intercepts were allowed to freely vary).

This free model (CLI = 0.95, TLI=0.93, RMSEA = 0.076, SRMR=0.056) and
the metric model (CLI = 0.94, TLI = 0.93, RMSEA = 0.074, SRMR = 0.058) were
not statistically significantly different (Ax? = 15.2, Ad.f. =9, p = 0.084). Thus, we
assumed weak invariance.

Next, we tested for strong measurement invariance: that is, does each survey item
have similar factor loadings and intercept for men and women? We compared the
model fits of a free model (in which all factor loadings and intercepts are freely varying
for each gender group) and a scalar model (in which both the factor loadings and
intercepts are fixed to equity across gender/sex groups). The chi-squared difference
test between the free model and the scalar model (CLI = 0.94, TLI=0.94, RMSEA =
0.071, SRMR=0.059) was also nonsignificant (Ax? = 23.0, Ad.f. = 18, p = 0.191).
The chi-squared difference test between the metric model and the scalar model was
also nonsignificant (Ax? = 7.74, Ad.f. =9, p=0.561). Because of the non-significant
chi-squared tests, we also assumed strong invariance, so we included both men and

women in our factor analysis
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Appendix G. Comparison of Students who Took the Mindset

Pre-Survey Versus Pre- and Post-Surveys

Table 66: Comparison of sample size, gender/sex distribution, prior academic

preparation and grades between students who only took the pre-survey, those who

took both surveys, and all students enrolled in the class. Additionally, we use

t-tests of mindset survey responses between students who took only the pre survey

and those who took both. Numbers in parentheses are standard deviations.

‘ All Students ‘ Pretest Only Pre and Post ‘ t-test D

N 644 300 197

% Women 36% 40% 36%

HS GPA 412 (0.41) | 4.14 (0.42)  4.19 (0.35) | -1.38 0.167
SAT Math 705 (62) 705 (64) 707 (56) -0.19 0.852
Grade 2.62 (0.98) | 2.60 (0.97)  2.73 (0.97) | -1.94 0.125
My Growth Pre 3.58 (0.49) 3.65 (0.44) -1.66  0.098
My Ability Pre 3.40 (0.48) 3.46 (0.45) -1.55  0.130
Others’ Growth Pre 3.48 (0.50) 3.52 (0.48) | -0.94 0.346
Others’ Ability Pre 3.15 (0.57) 3.17 (0.50) -0.50 0.614
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Appendix H. Original mindset survey items for an introductory

physics course for bioscience majors

Table 67: Original Survey Items. Italicized items were removed from analysis
during validation. Item 10 was removed during interviews because students did not
interpret the question as intended and the rest were removed during statistical

survey validation.

Item
My Growth
1. I can become even better at solving physics problems through hard work
2. I am capable of really understanding physics if I work hard
3. I can change my intelligence in physics quite a lot by working hard
4. Struggling with difficult physics problems would help me develop mastery in physics
My Ability
5. I won’t get better at physics if I try harder
6. I could never excel in physics because I do not have what it takes to be a physics person
7. I could never become really good at physics even if I were to work hard because I don’t have natural
ability
8. If I were to often make mistakes on physics assignments and exams, I would think that maybe I'm

just not smart enough to excel in physics.
9. I won’t get better at physics if I try harder
10. I will always be as good at physics as I was in high school
11. I will always get the same physics grade whether I try or not

Others’ Growth

12. People can change their intelligence in physics quite a lot by working hard

13. If people were to spend a lot of time working on difficult physics problems, they could develop their
intelligence in physics quite a bit

14. People can become good at solving physics problems through hard work

15. If people were to persist in struggling with difficult physics problems, they would develop mastery in
physics

Others’ Ability

16. Only a few specially qualified people are capable of really understanding physics

17. To really excel in physics, people need to have a natural ability in physics

18. If a student were to often make mistakes on physics assignments and exams, I would think that maybe
they are just not smart enough to excel in physics

19. If people really have to struggle to solve physics problems, that means they are just not physics people.
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Appendix I. Predicting introductory physics for bioscience majors

course grades with categorical mindset components

Table 68: Unstandardized regression coefficients for each average mindset

categorical component. SAT/ACT math (“SAT/ACT” scores have been divided by
10 (such that they are on a 20-80). Medium (“Med”) scores are > 2.5, and high

scores are > 3.5. The gender/sex (“Gen”) variable was coded such that women = 1

and men = 0. An “x”

*

= p < 0.05,* = p < 0.01, and ** = p < 0.001.

indicates an interaction term between two variables.

My Others’

Ability Growth Ability Growth
Variable Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 Model 1
Gender —0.22"  —0.03 —0.25"*  —0.02 —0.26**  —0.52* —0.29%**
HS GPA 0.62***  0.62*** 0.63***  0.63*** 0.66***  0.66*** 0.65***
SAT/ACT 0.05%**  0.05™*|  0.04**  0.04*** 0.05***  0.05*** 0.05***
Med 0.28** 0.48 0.36 0.63 0.19* —0.05 —0.11
High 0.47**  0.61 0.59** 0.82 0.25* 0.06 —0.04
Gen x Med —-0.23 —0.31 0.30
Gen x High —-0.13 —0.23 0.22
Adjusted R? 0.39 0.39 0.40 0.39 0.38 0.38 0.3
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Appendix J. Majors, courses, grades, and AGAs of Engineering majors

taking introductory physics before, during, and after remote instruction

Table 69: Mean and standard deviation (SD) of average grades, as well as number

of students (N) for each course of interest before the COVID-19 Pandemic, during

remote classes due to COVID-19, and after the return to in-person instruction.

Engineering Communication was a class that was required for students stating

Spring 2020 and was not available during pre-remote instruction.

Pre-Remote Remote Post-Remote
Course N Mean SD N Mean SD | N Mean SD
Physics 1 949 263 0.830 | 336 298 0.70 | 531 2.6 1.04
Physics 2 614 2.73 0.800 | 244 297 0.78 | 307 2.75 0.79
Chemistry 1 652 248 0990 | 246 248 092 ] 363 224 1.18
Chemistry 2 440 2.36 0.840 | 205 249 0.85 | 287 2.24 1.02
Calculus 1 581 2.89 1.000 | 242 2.75 090 | 465 2.30 1.26
Calculus 2 604 259 1.100 | 211  3.02 0.74 | 323 2.57 1.18
Engineering Analysis 861 3.39 0.590 | 344 349 0.64 | 478 3.32 0.78
Engineering Computing 670 3.20 0.840 | 290 3.13 0.81 | 415 3.01 0.96
Composition Seminar 442 351  0.720 | 361  3.54 0.56 | 511 3.40 0.83
Engineering Communication 295 3.8 035|410 3.60 0.43
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Table 70: Mean and standard deviation (SD) of average grade anomalies (AGA), as

well as number of students (N) for each course of interest before the COVID-19

Pandemic, during remote classes due to COVID-19, and after the return to

in-person instruction.. Engineering Communication was a class that was required

for students stating Spring 2020 and was not available during pre-remote

instruction.
Pre-Remote Remote Post-Remote
Course N Mean SD | N Mean SD | N Mean SD
Physics 1 949 -0.64 1.01 | 336 -0.20 0.64 | 531 -0.62 1.26
Physics 2 614 -0.48 0.60 | 244 -0.32 0.64 | 307 -0.48 0.55
Chemistry 1 652 -0.79 1.07 | 246 -0.75 0.74 | 363 -0.96 1.11
Chemistry 2 440 -0.73 0.57 | 205 -0.70 0.60 | 287 -0.83 0.67
Calculus 1 581 -0.26 1.44 | 242 -0.48 1.05 | 465 -0.86 1.78
Calculus 2 604 -0.55 1.00 | 211 -0.21 0.85 | 323 -0.55 0.99
Engineering Analysis 81 0.36 0.57 | 344 0.44 0.46 | 478 043 0.66
Engineering Computing 670 0.18 0.75 | 290 0.00 0.60 | 415 0.01 0.73
Composition Seminar 442 0.43 0.77 | 361 048 0.57 | 511 0.49 0.88
Engineering Communication 295 0.73 0.58 | 410 0.65 0.66

317



Table 71: Average grade anomalies (AGAs), grades, and between-gender effect sizes

for each course of interest in the four semesters before the COVID-19 Pandemic.

Cohen’s d is positive if men had higher grades or AGAs than women in a course.

T=p<0.05 °%=p<0.01, and * = p < 0.001.

‘Women Men
AGA Grade AGA Grade Cohen’s d
Course N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Physics 1 376 -0.84 094 249 0.77 | 573 -0.51 1.03 2.71 0.86 | 0.33% 0.27¢
Physics 2 198 -0.67 0.55 259 0.74 | 416 -0.39 0.60 2.80 0.82 | 0.48~ 0.27°
Chem 1 234 -0.83 1.17 250 1.00 | 418 -0.77 1.01 247 0.99 | 0.05 -0.03
Chem 2 148 -0.74 055 239 0.77 292 -0.73 0.59 234 087 | 0.02 -0.06
Calculus 1 216  -0.22 1.45 297 099 | 365 -0.28 1.43 2.85 1.00 | -0.04 -0.12
Calculus 2 | 209 -0.55 1.06 2.61 1.16 | 395 -0.54 0.98 257 1.07 | -0.01 -0.03
Analysis 320 036 0.53 343 057|531 036 060 3.37 0.6 0.01 0.10
Computing | 231 0.10 0.79 3.15 0.92 | 439 0.22 0.73 323 0.80 | 0.15 0.10
Seminar 161 059 0.79 3.68 058|281 034 0.74 342 0.77|0.33° 0.36%
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Table 72: Average grade anomalies (AGAs), grades, and between-gender effect sizes
for each course of interest in the two semesters of remote instruction due to the
COVID-19 Pandemic. We abbreviate the following course names: Engineering
Analysis (Analysis), Engineering Computing (Computing), Composition Smeinar
(Seminar), and Engineering Communication (Comm). Cohen’s d is positive if men
had higher grades or AGAs than women in a course.

T =p<0.05 °%=p<0.01, and ® = p < 0.001.

‘ ‘Women Men

AGA Grade AGA Grade Cohen’s d
Course N Mean SD Mean SD ‘ N Mean SD Mean SD‘ AGA Grade

Physics 1 127 -0.32 0.64 294 0.71] 209 -0.12 0.63 3.00 0.7 | 0.327 0.09
Physics 2 87 -0.28 0.54 3.04 0.73] 167 -0.34 0.69 293 0.81] -0.09 -0.15
Chemistry 1 | 79 -0.74 0.74 2.53 0.91] 167 -0.75 0.73 2.46 0.92| 0.01 0.07
Chemistry 2 | 70 -0.60 0.52 2.63 0.80| 135 -0.75 0.63 241 0.87| 0.25 0.26
Calculus 1 94 -0.56 1.11 274 0.82] 148 -0.43 1.02 2.76 0.95 0.12 0.01
Calculus 2 78 -0.31 0.51 296 0.68] 133 -0.15 1.00 3.05 0.78 0.19 0.11

Analysis 132 042 048 3.53 0.65) 212 0.45 045 3.47 0.64| 0.08 -0.09
Computing | 103 -0.06 0.57 3.10 0.78) 187 0.03 0.62 3.15 0.82| 0.15 0.06
Seminar 138 0.57 0.60 3.67 0.53] 223 0.43 0.53 3.45 0.55| -0.257 -0.39¢
Comm 104 075 054 3.83 0.30] 191 0.73 0.60 3.78 037 -0.03 -0.17
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Table 73: Average grade anomalies (AGAs), grades, and between-gender effect sizes
for each course of interest in the two semesters of in-person instruction after remote
classes due to COVID-19. We abbreviate the following course names: Engineering
Analysis (Analysis), Engineering Computing (Computing), Composition Smeinar
(Seminar), and Engineering Communication (Communication). Cohen’s d is
positive if men had higher grades or AGAs than women in a course. ¥ = p < 0.05,

f=p<0.01, and ® = p < 0.001.

‘ Women Men
AGA Grade AGA Grade Cohen’s d
Course N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Physics 1 180 -0.95 1.55 2.36 1.03] 351 -0.45 1.05 2.66 1.03| 0.40* 0.29°

Physics 2 88 -0.61 0.50 2.72 0.74| 219 -0.42 0.56 2.76 0.81| 0.35° 0.05
Chemistry 1 | 106 -1.11 1.41 2.23 1.25| 257 -0.91 0.96 2.25 1.15| 0.18 0.01
Chemistry 2 | 82 -0.81 0.62 2.27 0.94| 205 -0.83 0.69 2.24 1.05| -0.04 -0.03
Calculus 1 155 -1.21 231 2.21 1.33| 310 -0.68 1.42 2.35 1.22| 0.307 0.11
Calculus 2 92 -0.41 083 2.71 1.05] 231 -0.61 1.05 2.51 1.22| -0.20 -0.17

Analysis 156 040 0.72 3.28 0.82| 322 0.45 0.62 3.33 0.76| 0.08 0.07
Computing | 126 -0.14 0.74 2.89 0.98| 289 0.08 0.71 3.06 0.94| 0.297 0.17
Seminar 164 0.62 0.81 3.48 0.81| 347 043 090 3.36 0.83|-0.21 -0.14
Comm 126 0.67 0.63 3.62 0.43| 284 0.64 0.67 3.59 0.43] -0.05 -0.08
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Appendix K. Majors and Courses for Bioscience Majors taking

introductory physics before, during, and after remote instruction

Table 74: Course Requirements by Major. R designates a required course, O

designates a course that can be taken for elective credit in the major, and no letter

designates a course that does not fulfill any credits for the major. The following

terms are abbreviated: Computational (Comp), Ecology and Evolution (E&E),

Rehabilitation (Rehab), Calculus (Calc), Chemistry (Chem), Genetics (Gen),

Organic Chemitry (Organic), Human Physiology (HP), and Biochemistry (BC).

Biology Chem Organic Physics
Major Calc1l 1 2 1 2 Gen 1 2 HP BC 1 2
Biology R R R R R R R R O R R R
Comp Biology R R R R R R R R O
E&E R R R R R R R R R R R
Microbiology R R R R R R R R O R R R
Molecular Biology R R R R R R R R R R
Neuroscience R R R R R R R R R R R
Pharmacy R R R R R R R R O O
Rehab Science R R O R
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Table 75: List of courses studied, the department that offers them, and the
percentage of students in our sample who take each course in a given year. For
example, 61% of students take calculus during their first year of university, and
11% of students take calculus during their second year. The year in which students

take the course most often has its percentage of students in bold.

AY
>

Course Course Type ‘ 15t ged  ged gyth > 5
Calculus 1 Pre-Remote 68 21 6 4 1
Remote 60 27 5 4 4
Post-Remote | 39 35 19 6 2
Biology 1 Pre-Remote 91 8 1 0 0
Remote 80 17 2 1 0
Post-Remote | 67 21 8 2 1
Biology 2 Pre-Remote 72 23 4 1 0
Remote 60 33 6 1 1
Post-Remote 41 44 11 4 0
Chemistry 1 Pre-Remote 93 6 0 0 0
Remote 86 11 2 1 0
Post-Remote | 68 22 8 1 1
Chemistry 2 Pre-Remote T 19 3 1 0
Remote 65 26 6 1 1
Post-Remote | 45 39 12 3 1
Organic Chemistry 1  Pre-Remote 5 81 11 2 1
Remote 7 83 7 2 0
Post-Remote 8 69 18 3 1
Organic Chemistry 2  Pre-Remote 2 63 28 5 1
Remote 3 70 18 6 3
Post-Remote 3 54 32 8 3
Genetics Pre-Remote 4 54 32 9 1
Remote 2 49 32 12 4
Post-Remote 4 30 46 16 4
Physics 1 Pre-Remote 13 30 51 5 1
Remote 14 32 45 7 2
Post-Remote 15 32 47 5 2
Physics 2 Pre-Remote 2 23 59 12 2
Remote 4 18 60 14 4
Post-Remote 3 21 61 12 3
Human Physiology Pre-Remote 2 20 61 15 2
Remote 1 12 51 30 6
Post-Remote 1 11 54 31 4
Biochemistry Pre-Remote 1 8 60 27 5
Remote 1 8 60 24 7
Post-Remote 0 8 64 21 8
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Appendix L. Grades and Grade Anomalies for Bioscience Majors

taking introductory physics before, during, and after remote instruction

Table 76: Course grades and number of students before the COVID-19 Pandemic,

during remote classes due to COVID-19, and after the return to in-person

instruction.
Pre-Remote Remote Post-Remote
Course N Mean SD ‘ N Mean SD ‘ N Mean SD
Calculus 1 812 246 1.22 | 448 2.77 0.96 | 293 2.07 1.45
Biology 1 1648 2.87 1.01 | 511 3.04 0.86 | 217 240 1.17
Biology 2 1421 3.10 0.77 | 549 3.27 0.80 | 212 2.77 0.91
Chemistry 1 1839 2.85 0.91 | 598 3.05 0.77 | 261 2.44 1.05
Chemistry 2 1567 290 0.88 | 576 2.80 0.85 312 225 1.09
O Chemistry 1 1634 250 1.10 | 800 2.79 093 | 537 2.28 1.14
O Chemistry 2 1102 259 1.12 | 654 2.72 1.02 | 421 222 1.25
Genetics 758 291 1.06 | 439 340 0.81|363 274 1.07
Physics 1 1158 3.07 0.80 | 709 3.27 0.80 | 881 2.77 0.96
Physics 2 741 3.16 082|647 3.38 0.74]636 3.13 0.95
Human Physiology | 905 3.20 0.89 | 710 3.37 0.76 | 809 3.00 0.98
Biochemistry 524 2,50 1.08 | 583 3.36  0.81 | 575 2.79 1.25
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Table 77: Course grade anomalies before the COVID-19 Pandemic, during remote
classes due to COVID-19, and after the return to in-person instruction. Mean and
standard deviation (SD) of average grade anomalies (AGA), as well as number of

students (N) for each course of interest.

Pre-Remote Remote Post-Remote
Course N Mean SD N Mean SD N Mean SD
Calculus 1 812 -0.85 1.72 | 448 -0.59 0.91 293 -1.12 1.58
Biology 1 1648 -0.65 1.09 | 511 -0.43 0.73 | 217 -0.69 1.08
Biology 2 1421 -0.35 0.64 | 549 -0.13 0.64 | 212 -0.51 0.68
Chemistry 1 1839 -0.73 1.40 | 598 -0.36 0.69 | 261 -0.73 1.02
Chemistry 2 1567 -0.56 0.80 | 576 -0.65 0.68 | 312 -0.99 0.88

Organic Chemistry 1 | 1634 -0.98 0.98 | 800 -0.77 0.76 | 537 -1.10 0.97
Organic Chemistry 2 | 1102 -0.90 0.95 | 654 -0.85 0.84 | 421 -1.19 1.06

Genetics 758 -0.55 088 | 439 -0.13 0.62 | 363 -0.64 0.80
Physics 1 1158 -0.36 0.62 | 709 -0.22 0.60 | 881 -0.64 0.79
Physics 2 741  -0.31 0.63 | 647 -0.17 0.59 | 636 -0.37 0.75
Human Physiology 905 -0.32 0.74 | 710 -0.14 0.63 | 809 -0.56 0.81
Biochemistry 524 -096 0.90 | 583 -0.14 0.67 | 575 -0.70 1.01
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Table 78: Average grade anomalies (AGAs), grades, and between-gender effect sizes
for each course of interest in the four semesters beofore the COVID-19 Pandemic.
Organic Chemistry (O Chem) and Human Physiology (Human Phys) are
abbreviated. Cohen’s d is positive if men had higher grades or AGAs than women

in a course. ¥ = p < 0.05, # = p < 0.01, and ® = p < 0.001.

‘ ‘Women Men
AGA Grade AGA Grade Cohen’s d
Course N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA  Grade
Calculus 1 379 -0.78 1.49 2.60 1.11 433 -0.92 1.91 2.35 1.3 0.08 0.218
Biology 1 1079 -0.70 1.17 2.86 1.02 | 569 -0.56  0.92 2.88 1.00 | 0.137 0.02
Biology 2 902 -0.38 0.65 3.10 0.77 | 519 -0.3 0.64 3.11 0.79 0.127 0.02

Chemistry 1 1160 -0.79  1.38 2.86 0.87 | 679 -0.61 1.41 2.83 0.97 | 0.137 0.04
Chemistry 2 970 -0.58  0.77 2.94 0.86 | 597 -0.52 0.86 2.85 0.91 0.07 0.09

O Chem 1 1051  -1.04  0.99 2.47 1.12 | 583 -0.87 0.94 2.57 1.07 | 0.18% 0.09
O Chem 2 682 -0.95 0.92 2.56 1.08 | 420 -0.82 0.98 2.64 1.17 | 0.137 0.07
Genetics 453 -0.48  0.78 3.02 0.96 | 305 -0.67 1.01 2.74 1.18 | 0227 0.267
Physics 1 720 -0.42  0.61 3.05 0.77 | 438 -0.26 0.64 3.12 0.84 | 0.26% 0.09
Physics 2 449 -0.33  0.61 3.17 0.78 | 292 -0.28 0.66 3.15 0.88 0.08 0.02

Human Phys 571 -0.36  0.76 3.18 0.90 | 334 -0.25 0.69 3.22 0.87 | 0.147 0.05
Biochemistry 305 -0.93  0.88 2.57 1.03 | 219 -1.00 0.92 2.41 1.15 0.09 0.15
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Table 79: Average grade anomalies (AGAs), grades, and between-gender effect sizes
for each course of interest in the two semesters of remote instruction due to the
COVID-19 Pandemic. Organic Chemistry (O Chem) and Human Physiology
(Human Phys) are abbreviated. Cohen’s d is positive if men had higher grades or
AGAs than women in a course. ¥ = p < 0.05, # = p < 0.01, and ¢ = p < 0.001.

‘ ‘Women Men
AGA Grade AGA Grade Cohen’s d
Course N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Calculus 1 226  -0.70  0.95 2.69 0.98 | 222 -047 0.85 2.86 0.93 | 0.26* 0.17
Biology 1 326 -0.50 0.74 3.04 0.83 | 18 -0.32 0.70 3.03 0.91 | 0.257 0.01
Biology 2 363 -0.16 0.65 3.26 0.80 | 186  -0.07 0.62 3.29 0.79 0.14 0.03

Chemistry 1 374 -0.37 0.70 3.1 0.74 | 224 -0.35 0.69 2.97 0.83 0.04 0.17
Chemistry 2 359  -0.70  0.69 2.80 0.83 | 217 -0.55 0.65 2.80 0.90 | 0.237 0.00

O Chem 1 530 -0.81  0.79 2.77 0.95 | 270 -0.69 0.70 2.83 0.88 0.16 0.06
O Chem 2 441  -0.90 0.81 2.71 097 | 213 -0.75 0.90 2.73 1.12 0.18 0.02
Genetics 267 -0.12  0.62 3.42 0.80 | 172 -0.14 0.63 3.35 0.84 0.04 0.08
Physics 1 414 -0.29  0.60 3.22 0.78 | 295 -0.13 0.58 3.35 0.81 | 0.26%  0.167
Physics 2 394  -0.22 0.63 3.37 0.71 | 2563 -0.08 0.51 3.40 0.79 | 0.237 0.05

Human Phys | 480 -0.14 0.61 3.34 0.75 | 230 -0.12  0.67 3.44 0.78 0.03 0.13
Biochemistry | 349 -0.19  0.67 3.37 0.81 | 234 -0.08 0.68 3.33 0.82 0.16 0.05
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Table 80: Average grade anomalies (AGAs), grades, and between-gender effect sizes
for each course of interest in the two semesters of in-person instruction after remote
classes due to COVID-19. Cohen’s d is positive if men had higher grades or AGAs
than women in a course. Organic Chemistry (O Chem) and Human Physiology

(Human Phys) are abbreviated. ¥ = p < 0.05, » = p < 0.01, and © = p < 0.001.

‘Women Men
AGA Grade AGA Grade Cohen’s d
Course N Mean SD Mean SD ‘ N Mean SD Mean SD ‘ AGA Grade
Calculus 1 131 -1.37 1.57 1.92 1.45 162 -0.92 1.55 2.19 1.44 0.297 0.19
Biology 1 141  -0.87 1.15 2.28 1.22 76 -0.36  0.87 2.62 1.03 | 0.48~ 0.307
Biology 2 121 -0.57 0.65 2.77 0.85 91 -0.44  0.72 2.77 0.98 0.20 0.00

Chemistry 1 134 -0.84 1.13 2.44 1.09 | 127 -0.61 0.88 2.44 1.02 0.23 0.00
Chemistry 2 174  -1.13 091 2.17 1.08 | 138 -0.81  0.82 2.36 1.09 0.37 0.18

O Chem 1 340 -1.3 0.91 2.11 1.09 | 197 -0.76  0.97 2.58 1.16 | 0.58%  0.42¢
O Chem 2 249  -1.37 1.02 2.07 1.22 | 172 -0.93 1.08 2.43 1.28 | 0.43  0.308
Genetics 225 -0.72  0.80 2.7 1.02 | 138 -0.50 0.79 2.8 1.14 | 0.277 0.10
Physics 1 590 -0.72  0.79 2.74 0.95 | 291 -0.48 0.76 2.85 0.98 | 0.31¢ 0.12
Physics 2 384 -0.40 0.76 3.12 0.93 | 2562 -0.33 0.73 3.15 0.98 0.10 0.03

Human Phys | 527 -0.58 0.80 2.98 096 | 282 -0.51 0.82 3.04 1.00 0.10 0.06
Biochemistry | 376  -0.74  1.02 2.78 1.24 | 199 -0.64 0.98 2.81 1.26 0.10 0.03
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