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Students” motivational beliefs about physics can influence their engagement and
performance in physics as well as retention in their majors and careers. Students from
underrepresented groups in physics such as women may not have enough encouragement and role
models to help them develop strong motivational beliefs in physics. The societal stereotypes and
biases in physics may further undermine their motivational beliefs and lead to withdrawal from
physics courses or careers. In addition to motivational beliefs, students’ academic performance at
the end of a physics course is also an important course outcome. Prior studies have shown that
factors such as students’ prior preparation, quality of teaching, and sociocultural factors can
influence students’ motivational beliefs and academic performance. However, very few studies
have investigated the effect of students’ perception of the inclusiveness of the learning
environment on their motivational beliefs and academic performance.

In this dissertation I address the question of what role is played by students’ perception of
the inclusiveness of the learning environment and its relationship to gender, motivational beliefs,
and academic performance in introductory physics courses. | first investigated the relationship
between different motivational beliefs using both quantitative and qualitative methods. | also
examined how students’ physics motivational beliefs predict their identity in physics-related
disciplines such as engineering. Then I analyzed gender differences in students’ motivational

beliefs and academic performance at the end of introductory physics courses and how different



components of perception of the inclusiveness of the learning environment predict these course
outcomes. These findings suggest that instructors play an important role in developing a more
equitable and inclusive learning environment, in which all students can thrive. Lastly, I discuss my
work on the development, validation and in-class implementation of a multiple-choice questions
sequence (MQS), which was designed to help advanced undergraduate students improve their

understanding of quantum measurement.
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1.0 Introduction

Prior studies have shown that women are often underrepresented in many science,
technology, engineering, and mathematics (STEM) courses and disciplines [1-12]. For example,
even though women earn approximately 60% of all bachelor’s degrees in the US, only 20% of the
physics undergraduate degrees are earned by women [13]. In addition, several studies have
reported a gender disparity in students’ performance in physics [14,15]. Moreover, prior studies
showed that female students leave physics at higher rates than male students [16,17]. These studies
suggest that we are largely missing out on the talents of half of the population, which not only
hinders the development of physics because of the loss of talent and diversity, but also hinders
women from pursuing many great career opportunities. Therefore, efforts to promote participation,
achievement, and continuation of women in physics are important for the development of both
individuals and the society as a whole. Some prior studies suggest that individuals’ performance
in physics can be influenced by their motivational beliefs such as self-efficacy, interest and identity
in that domain [18-23]. Students from underrepresented groups in physics such as women may not
have enough encouragement and role models to help them develop strong motivational beliefs in
physics. In addition, the societal stereotypes and biases in physics may further undermine their
motivational beliefs and lead to withdrawal from physics courses or careers [11,24-32]. Thus,
investigation of students’ motivational beliefs is important for better understanding the
underrepresentation of women and minority students in physics and can be useful for formulating
guidelines for developing an inclusive learning environment and promoting diversity and equity

in physics.



By inclusive learning environment, we refer to an environment in which all students feel
welcome, valued, and supported. By equity in learning, we mean that not only should all students
have adequate opportunities and access to resources, and have an inclusive learning environment
with appropriate support and mentoring so that they can engage in learning in a meaningful and
enjoyable manner, but the course outcomes should be equitable. Therefore, inclusiveness is
necessary but not sufficient for equity since inclusiveness does not guarantee equitable course
outcomes. By equitable course outcomes, we mean that students from all demographic groups (e.g.,
regardless of their gender identity or race/ethnicity) who have the prerequisites to enroll in the
course, on average, have comparable outcomes, which is consistent with Rodriguez et al.’s equity
of parity model [33]. The STEM course outcomes include student performance and their STEM
motivational beliefs at the end of the courses because regardless of the performance, the
motivational beliefs can influence students’ short and long-term retention in STEM disciplines
[34,35]. We note that adequate opportunity and access to resources, inclusive learning environment
and equitable outcomes are strongly entangled with each other. For example, if the learning
environment is not inclusive, the outcomes are unlikely to be equitable. In this study, we aim to
understand how students’ perception of the inclusiveness of the learning environment predicts their

course outcomes including both academic performance and motivational beliefs.

1.1 Motivational Beliefs

Prior research suggests that students’ self-efficacy is an important motivational belief for
them to excel in a domain [20,36-38]. Self-efficacy is one’s belief in one’s ability to succeed in a

specific area or accomplish a task [39,40]. Studies have shown than students’ engagement and



performance can be influenced by their self-efficacy [41-44]. For example, students who have high
self-efficacy tend to see difficulties as challenges and believe that productive struggle can help
them improve, so they often choose to take harder courses and ask to do more challenging
problems than students with low self-efficacy, who usually see difficulties as threats and obstacles
to success [45].

Another motivational characteristic is interest, which refers to students’ curiosity,
enjoyment and engagement in a specific area [46,47]. Studies have shown that interest can also
influence students’ learning [41,47-51]. For example, one study showed that students’
performance can be improved by connecting physics courses to students’ daily lives or using
evidence-based curricula to make the courses more interesting [52].

According to Eccles’s Expectancy-Value Theory (EVT) [53,54], interest and self-efficacy
are correlated with each other and together influence students’ learning outcomes and career
choices. In the EVT, expectancy refers to students’ belief in their ability to succeed in a given task
[54], which is closely related to self-efficacy. Value refers to the subjective task value for students,
which can be differentiated into four components: intrinsic value, attainment value, utility value,
and cost [54]. Intrinsic value refers to students’ interest in the task and the enjoyment they
experience from doing the task. Attainment value reflects how important students themselves feel
it is for them to develop mastery and do a good job in the field [54]. Utility value pertains to
students’ perception of whether the task can help them achieve some other goals [54]. The last
value component is cost, which refers to the assessments of how much effort and time will be taken
to engage in the task as well as the amount of opportunity cost and stress caused by the task [54].
In the EVT, students’ learning goals, academic engagement and performance, and persistence in a

field are impacted by their expectancy of success and the four components of value [54].



In addition, students’ identity in a specific field such as physics is another important
motivational belief that influences their career decisions and outcome expectations [21,22,55-62].
Students’ physics identity is related to whether they see themselves as a physics person
[21,22,55,58,63]. Some studies have found that female students often report lower physics identity
than male students [63-65]. This gender difference in physics identity has been shown to be related
to societal biases and stereotypes about who belongs in and can succeed in physics [66-68]. In
physics, these stereotypes can negatively influence women’s experiences, which may lower their
sense of belonging and identity, and lead to withdrawal from physics [24,69,70]. Therefore,
investigating students’ physics identity may help us understand the gender difference in

participation in physics.

1.2 Overview

In chapters 2 and 3, we focus on the physics identity framework in which introductory
students’ physics identity is predicted by their perceived recognition, self-efficacy and interest.
We investigate the relationships among these motivational beliefs by using structural equation
modeling (SEM) with many statistically equivalent models and discuss how our theoretical
framework guides us to select good models from amongst the equivalent SEM models. Our
theoretical framework suggests that in addition to statistical information about the model fit,
researchers should use other evidence such as interview data and findings from prior studies as
well as instructional implications of each equivalent model to select good models. According to
prior interviews with students, we find that the perception of not feeling positively recognized by

the instructors/TAs as a person who can excel in physics has the potential to deteriorate students’
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physics self-efficacy and interest. In addition, SEM models in which recognition predicts self-
efficacy and interest have the potential to empower instructors and help them understand their role
in creating an inclusive and equitable learning environment in which students are recognized and
affirmed, compared to other equivalent models which may mask the important role instructors play
in supporting their students. Thus, even though all the equivalent models are equally good from a
statistical point of view, it is better to select the models with perceived recognition predicting self-
efficacy and interest, consistent with our theoretical framework.

In chapter 4, we analyze data from individual interviews with 38 female students to
investigate their learning experiences in physics courses in order to obtain a qualitative
understanding of the factors that shape their beliefs. We find that female students’ negative and
positive perceived recognition from instructors and TAs greatly influenced their self-efficacy and
interest and even impacted their desire to persist in STEM majors. We categorize different types
of perceived recognition that women reported in our interviews and how they influenced them.
These findings can help physics educators reflect on their interactions with students in order to
contemplate ways to provide positive recognition and validation to their students. Our research
suggests that it is important for instructors and TAs to realize that they have responsibility to
intentionally develop an inclusive and equitable learning environment in which all students feel
appropriately recognized and feel safe to express themselves and learn from each other.

In chapter 5, we investigate students’ physics motivational beliefs including their physics
self-efficacy, interest, perceived recognition and identity in a traditionally taught two-semester
college calculus-based introductory physics sequence (referred to as physics 1 and physics 2). We
studied whether and how these motivational beliefs evolve in this course sequence in terms of the

average scores and the predictive relationships among them. The results show that both female and



male students’ physics self-efficacy and interest decreased from physics 1 to physics 2, while there
was no statistically significant change in students’ perceived recognition and identity. We found
signatures of an inequitable and non-inclusive learning environment in that not only was there a
gender difference in students’ motivational beliefs disadvantaging women, but the gender
difference in perceived recognition increased from physics 1 to physics 2. We used structural
equation modeling (SEM) to investigate the predictive relationships among students’ motivational
beliefs in physics 1 and physics 2. Analysis revealed that perceived recognition from others, e.g.,
instructors and teaching assistants, was the strongest predictor of physics identity in both courses,
and the role played by perceived recognition was even more important in physics 2 for predicting
identity and mediating the gender difference in self-efficacy. Our findings suggest that perceived
recognition is very important for the development of students’ physics identity in both physics 1
and 2. However, female students feel less recognized in the current learning environment and this
gender difference grows from physics 1 to physics 2. Instructors should be trained to create an
equitable and inclusive learning environment, in which all students feel recognized and supported
appropriately and develop a stronger physics self-efficacy, interest, and identity.

In chapter 6, we discuss a study in a first year college introductory physics course that
shows that women, on average, feel less recognized by their physics instructors than men as
students who can excel in physics. We also discuss how this lack of perceived positive recognition
pertaining to physics can adversely affect their self-efficacy and academic performance in the
course. We recommend that physics instructors not be parsimonious in their praise of students and
make a conscious effort to positively recognize their students for their effort and progress
whenever an opportunity arises. Our study also suggests that instructors should be careful not to

give unintended messages to students, e.g., by praising some students for brilliance or intelligence



as opposed to their effort because praising a student for brilliance can convey to other students that
they do not have what is required to excel in physics.

In chapter 7, we investigate how students’ sense of belonging predicts their academic
performance including both conceptual understanding and quantitative problem solving skills in a
college introductory physics course, controlling for high school performance measured by high
school grade point average (GPA) and Scholastic Aptitude Test (SAT) math scores. We found
signatures of inequitable and non-inclusive learning environment; e.g., compared to male students,
female students’ sense of belonging was lower on average. Using structural equation modeling
(SEM), we found that students’ sense of belonging plays an important role in predicting their
academic performance even after controlling for high school performance. These results indicate
that the gender difference in students’ sense of belonging at least partially explains the finding that
while female students had a similar average SAT math score and a higher average high school
GPA compared with male students, they had a lower average score on the conceptual test (Force
Concept Inventory) than male students. Our findings suggest that physics instructors must be
intentional about creating an inclusive and equitable learning environment in which students from
all demographic groups have a high sense of belonging and can excel.

In chapter 8, we adapt a prior identity framework to investigate how students’ perception
of the inclusiveness of the learning environment (including their sense of belonging, perceived
effectiveness of peer interaction and perceived recognition) predicts students’ physics self-
efficacy, interest and identity by controlling for their self-efficacy and interest at the beginning of
a calculus-based introductory physics course. We surveyed 1203 students, 35% of whom identified
as women. We found signatures of inequitable and non-inclusive learning environment in that not

only were female students’ physics self-efficacy and interest lower than male students’ at the



beginning of the course, but the gender gaps in these motivational constructs became even larger
by the end of the course. Analysis revealed that the decreases in students’ physics self-efficacy
and interest were mediated by the learning environment and predicted students’ physics identity.
We find that perceived recognition played a major role in predicting students’ physics identity,
and students’ sense of belonging in physics played an important role in explaining the change in
students’ physics self-efficacy.

In chapter 9, we focus on students’ motivational beliefs in a two-term college calculus-
based introductory physics sequence (physics 1 and physics 2) at a large public university in the
US. We investigated how students’ perception of the inclusiveness of the learning environment
(including their sense of belonging, perceived effectiveness of peer interaction and perceived
recognition) predicts their physics course grades and physics motivational beliefs including self-
efficacy, interest and physics identity. Our results show that students’ perception of the
inclusiveness of the learning environment statistically significantly predicts their physics grades
and motivational beliefs. Students’ perceived recognition (e.g., by instructors) was an important
predictor of their physics identity, and their sense of belonging was central to their self-efficacy.
In addition, we found possible signatures of non-inclusive learning environment in that female
students’ mean scores in sense of belonging, perceived effectiveness of peer interaction and
perceived recognition were all lower than male students’ in both courses, and the gender gap in
perceived recognition increased from physics 1 to physics 2. Even though there was no gender
difference in students’ SAT math scores and female students even had a higher average high school
GPA than male students, female students’ average grades were significantly lower than male
students in both physics 1 and physics 2. Using structural equation modeling, we find that the

gender differences in students’ physics self-efficacy, interest, identity and grades were partially



mediated by the different components of students’ perception of the inclusiveness of the learning
environment.

In chapters 10, we investigate how students’ perception of the inclusiveness of the learning
environment, including sense of belonging, perceived peer interaction and perceived recognition
(e.g., by instructors), predicts students’ scores on Force Concept Inventory (FCI) and physics
motivational beliefs including self-efficacy, interest and identity at the end of the course after
controlling for students’ high school performance including SAT math scores and high school
GPA as well as their FCI scores and motivational beliefs at the beginning of the course. We find
that female students’ mean scores in physics motivational beliefs and perception of the
inclusiveness of the learning environment were all lower than male students’, and the gender gap
in students’ self-efficacy increased from the beginning to the end of the course. Using structural
equation modeling, we find that the gender differences in students’ motivational beliefs and FCI
scores were mediated by the different components of students’ perception of the inclusiveness of
the learning environment. In particular, students’ perceived recognition, e.g., by instructors, was
an important predictor of their physics identity, and their sense of belonging predicted their self-
efficacy. Our findings can be valuable for contemplating guidelines for creating an inclusive and
equitable learning environment in which all students can excel.

Physics courses are important for engineering students because not only are they the
foundation for many engineering courses, but students’ physics motivational beliefs such as self-
efficacy and identity may also influence their engineering identity as well as their choice of careers.
Therefore, in chapters 11, we investigate first-year undergraduate engineering students’
engineering identity and how it is predicted by their physics motivational beliefs (including physics

self-efficacy, interest, perceived recognition and identity) in a calculus-based introductory physics



course at a large research university in the US. We first investigated how these motivational beliefs
change from the beginning to the end of the course (i.e., from pre to post) using descriptive
statistics. Then, we investigated the predictive relationships among these motivational constructs
using structural equation modeling (SEM). The SEM analysis revealed that students’ engineering
identity is predicted by their physics self-efficacy and identity. However, the descriptive statistics
results showed that both male and female students’ physics self-efficacy and identity decreased
from pre to post, and female students’ physics self-efficacy dropped even more than male students’
did. Although students’ average score on engineering identity also decreased from pre to post, this
change was only statistically significant for male students. Our results show that students’ physics
perceived recognition is the strongest predictor of physics identity, and it also predicts students’
engineering identity through physics identity and self-efficacy. We note that even though there
were significant gender differences disadvantaging women in all motivational constructs studied,
gender does not directly predict engineering and physics identities, which means that the gender
differences in both identities are mediated through physics self-efficacy, interest and perceived
recognition. Thus, in order to boost students’ engineering identity, it is important to create an
equitable and inclusive environment for learning physics, in which all students feel recognized and
supported appropriately and develop a stronger physics and engineering identity.

In chapter 12, we discuss the development, validation, and implementation of a multiple-
choice questions sequence (MQS) on the topic of quantum measurement. This MQS was
developed using students’ common difficulties with quantum measurements as a guide and was
implemented in a junior-/senior-level quantum mechanics course at a large research university in

the US. We compare student performance on assessment tasks focusing on quantum measurement
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before and after the implementation of the MQS and discuss how different difficulties were
reduced and how to further improve students’ conceptual understanding of quantum measurement.

Lastly, in the final chapter, we discuss future directions for this work.

11



2.0 How to Select Suitable Models from Many Statistically Equivalent Models: An Example

from Physics Identity

2.1 Introduction

In the disciplines of science, technology, engineering, and mathematics (STEM), there
have been efforts to enhance the participation and advancement of underrepresented groups such
as women [1,2,4,6,7,13,20-22,36,37,63,71,72]. Prior research suggests that individuals’ course
enrollment, degree attainment and achievement in STEM can be influenced by their motivational
beliefs such as self-efficacy, interest and identity in that domain [20,37,41,44,45,48,63,73]. For
students from underrepresented groups, these motivational beliefs might be undermined, e.g., by
negative societal stereotypes and biases about who belongs in STEM and can excel in STEM as
well as lack of role models and encouragement from others, which can lead to withdrawal from
STEM courses, majors or careers [24,28,74-77]. Hence, investigating students’ motivational
characteristics is critical to understanding and addressing diversity, equity, and inclusion issues in
STEM disciplines.

In explaining participation in STEM careers, identity has been argued to be a particularly
important motivational construct [21,22,58,63]. Students’ identity in an academic domain, such as
physics, is students’ views about whether they see themselves as a “physics person” [21,22]. Prior
studies have shown that students’ identity in STEM can be influenced by other motivational
beliefs. For example, the well-known science identity framework by Carlone and Johnson includes
three dimensions: competence (“I think I can”), performance (“I am able to do”), and recognition

(“T am recognized by others”) [22]. Hazari et al. modified the framework by adapting it to physics
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specifically and focused on students’ beliefs about their competence and performance rather than
how students can practice and exhibit them in class [78,79]. In addition, a new factor “interest”
was added [78,79]. Moreover, they found that beliefs about performance and competence are
actually not distinct and predict students’ physics identity as a single construct [21,57]. Kalender
et al. adapted Hazari et al.’s physics identity framework and used self-efficacy in place of
performance/competence beliefs in their model [80].

Self-efficacy, which is very closely tied to performance/competence beliefs, is defined as
students’ beliefs in their capability to succeed in a certain situation, task, or particular domain
[39,81,82]. It has been shown to influence students’ engagement and performance in a given
domain [41,44]. Students with high self-efficacy in a domain often enroll in more difficult courses
in that domain than those with low self-efficacy because they perceive difficult tasks as challenges
rather than threats [45]. In addition, studies suggest that students’ self-efficacy predicts their career
choices and persistence toward their short- and long-term career goals [41,73].

Another motivational characteristic is interest, which is defined by positive emotions
accompanied by curiosity and engagement in a particular content [47]. Interest has also been
shown to influence students’ learning [41,47,48]. For example, one study showed that making
science courses more relevant to students’ lives and transforming curricula to promote interest in
learning can improve students’ achievement [52]. In addition, studies have shown that students’
interest is not independent of self-efficacy [41,54]. According to Eccles’s Expectancy-Value
Theory (EVT) [53,54], interest is paired well with self-efficacy as connected constructs that predict
students’ academic outcome expectations and career aspirations.

The identity framework discussed earlier reveals that individuals’ internal identity in a

domain is not only impacted by their self-efficacy and interest but also by their perceived
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recognition from others (also called external identity). Perceived recognition in a domain, such as
physics, refers to students’ perception about whether other people see them as a physics person
[79]. Many studies have shown that female students did not feel that they were recognized
appropriately in science even before they entered college [66,83]. For example, a report of the
National Science Foundation [84] indicated that elementary and high school boys and girls
interested in science felt that they were treated differently by parents, teachers and friends with
regard to their interest in science. While boys received admiration and encouragement for their
interests, responses to girls were often characterized by ambivalence, lack of encouragement, or
suggestions that their goals were inappropriate [84]. Studies show that these stereotypes and biases
also exist in the university context [81,85]. For example, one study showed that science faculty
members in biological and physical sciences exhibit biases against female students and rate male
students as more competent even though only the names were different in the hypothetical
information they were provided [85]. These experiences of not being recognized as a science
person may increase stereotype threat for female students, and all of these gender-based biases
may accumulate over time and become a detriment to female students’ science identity.

Some quantitative studies focusing on the relationship between students’ science identity
and other motivational beliefs show that perceived recognition is the strongest predictor of science
identity as compared to interest and self-efficacy [58,81]. For example, Godwin et al. found that
students’ physics and math recognition beliefs each have the largest direct effect on physics and
math identity, respectively, which are critically important for engineering career choice [58]. In
addition, Kalender et al.’s physics identity framework shows that college students’ perceived
recognition not only predicts their physics identity directly, but also indirectly predicts their

physics identity by predicting their self-efficacy and interest in physics [81]. All of these
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quantitative studies also show that even though there are gender differences in students’ identity,
gender does not directly predict physics identity.

Moreover, studies have shown that the motivational characteristics that comprise physics
identity (self-efficacy, interest, and perceived recognition) correlate to and interact with each other
in meaningful ways [39,47,86]. Thus, one may wonder which of these constructs generally act as
predictors for others. For example, does interest primarily drive self-efficacy or does self-efficacy
primarily drive interest? It is difficult to answer this question from a statistical point of view
because the multivariate statistical techniques such as structural equation modeling (SEM) [87]
only examine the correlations among variables but cannot establish causal effects [88]. The model
with interest predicting self-efficacy is actually statistically equivalent to the model with self-
efficacy predicting interest, and they have identical model fit indices. The fact that there are many
statistically equivalent models tells us that using SEM, we never test one statistical model but
rather a whole class of equivalent models from which the hypothesized model cannot be
distinguished by statistical means alone [89]. Thus, no matter how well a hypothesized model fits
the data in comparison with competing models, no possibility exists of unequivocally confirming
the model if there are models equivalent to it without using other sources of data [89]. In particular,
model equivalence is methodologically significant because it shows that other input is required to
prefer one statistically equivalent SEM model over another [89]. In this study, we propose a
theoretical framework which could be helpful for researchers to select good models from several
statistically equivalent ones. In particular, we focus on the statistically equivalent models showing
different mediation mechanisms between gender, physics self-efficacy, interest, and perceived
recognition predicting physics identity. We argue that even though these statistically equivalent

models have the same model fit indices, our theoretical framework guides the selection of good
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models based upon interview data and their potential to empower the instructors to make positive

changes.

2.2 Theoretical Framework

Prior studies of physics identity suggest several possible relationships among the
motivational characteristics that comprise physics identity (i.e., self-efficacy, interest, and
perceived recognition) [58,81,90]. However, researchers have not explicitly acknowledged the fact
that there are several statistically equivalent models to the model they proposed. In a recent paper,
physics education researchers have been asked to explain why they select a specific model out of
several statistically equivalent ones while using SEM or multiple-regression as the analysis tool.
In other words, researchers must explain why the proposed model is preferable to the other
equivalent ones.

Here, we propose a theoretical framework, which can be helpful for researchers to select
good models from several statistically equivalent ones. Our framework includes three criteria.
First, a good model should be supported by robust quantitative analysis with statistical tools. For
example, researchers can use several fit parameters to examine the consistency between their
models and data, the model fit is good if the fit parameters satisfy specific threshold criteria.
However, a model that fits the data well is not necessarily a good model. Another important
criterion for selecting a good model from several statistically equivalent ones is that it should be
supported by additional evidence. This evidence may include but is not limited to researchers’ own
interview data or findings from prior studies. Furthermore, in addition to quantitative and

qualitative support, a good model should also have positive influence on pedagogical approaches.
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One primary goal of physics education research is to empower instructors and inspire them to
adopt and adapt evidence-based pedagogical approaches to help students learn physics effectively
in an equitable and inclusive learning environment. Thus, researchers should consider the potential
instructional implications of different statistically equivalent models and select the models that
have high instructional benefits.

In this paper, we take physics identity as an example to show how the proposed theoretical
framework is used to select good models from many statistically equivalent ones for how self-
efficacy, interest, and perceived recognition mediate physics identity. In particular, inspired by
prior studies and the framework of physics identity [21,58,81], here we consider 27 possible
statistically equivalent models for how the relationship between gender and physics identity is
mediated by the three motivational constructs (self-efficacy, interest, and perceived recognition)
in college students’ first calculus-based introductory physics course. We discuss affordances of
different statistically equivalent models with different predictive relations between the three
mediating constructs in order to elucidate how our theoretical framework guided us to select a few
good models and highlight instructional implications of some of the models. For example, as
shown in Figure 1, we first considered a model that only has covariance among the three
motivational constructs that mediate the relation between gender and physics identity (note that
although there can be a direct path from gender to identity, we never find that path to be statistically
significant in any of the 27 statistically equivalent models so we have omitted it for clarity). Then,
we considered other statistically equivalent models to the one shown in Figure 1 by making one
or two of the mediating constructs as predictors of the other mediating constructs (discussed later
in greater detail). We argue that even though the 27 SEM models are equivalent, our interviews

with students suggest that some of these models are better than others and they also have the
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potential to inspire instructors to make positive transformations in their courses. Therefore, we
prefer some SEM models over other equivalent ones based on our theoretical framework guided
by interviews and instructional value driven considerations. Even though, in this study, we
consider all of 27 possible statistically equivalent models, we are not asking researchers to list all
possible statistically equivalent models for the situation they have, since it is unrealistic especially
when the proposed model is complex. However, our theoretical framework posits that researchers
should generate at least a few substantively meaningful different equivalent versions and deliberate
based upon other data and instructional implications why the proposed model is better than the

others [91].

Identity

Figure 1 Schematic representation of the path analysis that shows how the relationship between gender and
physics identity is mediated by perceived recognition (Recog), self-efficacy (SE) and interest in one of the 27
statistically equivalent models. The covariances between the three mediating constructs are shown with dashed

lines. The direct path from gender to identity is not shown (it is not statistically significant in our model).
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2.3 Research Questions

Our research questions pertaining to physics identity in a quantitative study involving
structural equation modeling (SEM) [87] at the end of a calculus-based introductory physics course
taken by engineering, physical science, and mathematics majors in the first semester of their first
year at a large state-related university are as follows (please note that RQ1 focuses on descriptive
statistics, which is necessary to draw meaningful inferences from the predictive statistics in RQ2):
RQ1. What are the gender differences in a set of physics motivational beliefs, i.e., self-efficacy,

interest, perceived recognition, and identity, for students at the end of the course?

RQ2. How can we narrow down and select good models from a large number of statistically
equivalent SEM models (in which the relation between gender and physics identity is
mediated via perceived recognition, self-efficacy and interest) based upon our theoretical

framework using other evidence and potential instructional implications of the models?

2.4 Methodology

2.4.1 Participants

In this study, we collected motivational survey data at the end of the semester from students
who took the introductory calculus-based physics 1 course in two consecutive fall semesters. This
course is taken mostly by students majoring in engineering, physical sciences, and mathematics.
The paper surveys were handed out and collected by TAs in the last recitation class of a semester.

Finally, we combined the two semesters’ data. The demographic data of students—such as
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gender—were provided by the university. Students’ names and IDs were de-identified by an honest
broker who provided each student with a unique new ID (which connected students’ survey
responses with their demographic information). Thus, researchers could analyze students’ data
without having access to students’ identifying information.

There were 1219 students participating in this survey including both semesters. In our final
data analysis, we kept 1203 students (including 427 female students and 776 male students)
because the other 16 students did not provide their gender information. We recognize that gender
is a social construct and is not binary. However, because students’ gender information was
collected by the university, which offered binary options, we did the analysis with the binary
gender data in this study. 1.3% of the students who did not provide this information were not

included in this analysis.

2.4.2 Survey Instruments

In this study, we considered four motivational constructs—physics self-efficacy, interest,
perceived recognition, and identity. The survey items for each construct are listed in Table 1. The
survey items were adapted from the existing motivational research [21,92-94] and have been re-
validated in our prior work [37,95,96]. The validation and refinement of the survey involved use
of one-on-one student interviews with both introductory and advanced students, exploratory and
confirmatory factor analyses (EFA and CFA) [97], Pearson correlation between different
constructs and Cronbach alpha (which is a measure of the internal consistency of each construct
with several items) [98-100].

In our survey, each item was scored on a 4-point Likert scale (1-4). Students were given a

score from 1 to 4 with higher scores indicating greater levels of interest, self-efficacy, perceived
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recognition and identity. Physics self-efficacy represents students’ belief about whether they can
excel in physics. We had four items for self-efficacy (Cronbach’s alpha = 0.8) and these items had
the response scale “NO!, no, yes, YES!”. We also had four items for interest (Cronbach’s alpha =
0.82). The question “I wonder about how physics works” had temporal response options “Never,
Once a month, Once a week, Every day”, whereas the question “In general, I find physics” had
response options “very boring, boring, interesting, very interesting”. The remaining two items
were answered on the “NO!, no, yes, YES!” scale. Physics identity corresponds to students’ belief
about whether they designate themselves as a physics person [21]. Perceived recognition
corresponds to whether a student thinks other people see them as a physics person [21,63,101],
and it includes three items which correspond to family, friends and TA/instructor (Cronbach’s
alpha = 0.86). These items involved a four-point Likert response on the scale: “strongly disagree,

disagree, agree, and strongly agree” and they correspond to 1 to 4 points [102].
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Table 1 Survey questions for each of the motivational scales, along with CFA factor loadings. Lambda
represents the factor loading of each item, which is the correlation between the item and the construct with p <
0.001 indicating the correlation is highly statistically significant. The square of Lambda for each item gives the
fraction of its variance explained by the construct. TThe response options for this question are “Never, Once
a month, Once a week, Every day”. * The response options for this question are “very boring, boring,

interesting, very interesting”.

Construct and Item Lambda p value

Physics Identity
| see myself as a physics person. 1.000 <0.001
Physics Self-Efficacy (Cronbach’s alpha = 0.8)

| am able to help my classmates with physics in the laboratory

_ o 0.706 <0.001
or in recitation.
| understand concepts | have studied in physics. 0.728 <0.001
If I study, | will do well on a physics test. 0.738 <0.001
If I encounter a setback in a physics exam, | can overcome it. 0.675 <0.001
Physics Interest (Cronbach’s alpha = 0.82)
| wonder about how physics works 0.669 <0.001
In general, | find physics * 0.793 <0.001
| want to know everything | can about physics. 0.795 <0.001
| am curious about recent physics discoveries. 0.692 <0.001
Physics Perceived Recognition (Cronbach’s alpha = 0.86)
My family sees me as a physics person. 0.903 <0.001
My friends see me as a physics person. 0.900 <0.001
My physics TA and/or instructor sees me as a physics person. 0.691 <0.001
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2.4.3 Quantitative Analysis of Survey Data

First, we calculated the mean score for each construct for each student. Then, we used a t-
test [103,104] to compare the mean scores by gender. In our previous study [81], we have checked
the response option distances for our survey constructs by using item response theory (IRT) to
support the use of means across ratings [105]. Here, we performed IRT with the new data set to
verify the validity of using means across ratings. The parametric grades response model (GRM)
by using the R software package “mirt” was used to test the measurement precision of our response
scale [106,107]. Some of the items have response scales of “strongly disagree, disagree, agree, and
strongly agree” while other items had response scale “NO!, no, yes, YES!”. GRM calculates the
location parameter for each response and calculates the difference between the locations. For the
first group—strongly disagree, disagree, agree, and strongly agree—the differences between the
location parameters were 1.3 and 1.4. For the second group — “NO!, no, yes, YES!” — the
differences between the location parameters were 1.4 and 2.0. These results show that the
numerical values for the location differences for item responses are comparable, which suggests
that calculating the traditional mean score for items is reasonable [105,107]. Furthermore, we
estimated the IRT-based scores with expected a posteriori (EAP) computation method for each
construct, and the results are highly correlated with the mean scores (the correlation coefficient are
> 0.98 for all constructs), which indicates that the use of mean scores is reasonable [105].

To validate the items on our survey, we performed the confirmatory factor analysis (CFA)
for each construct. The model fit is good if the fit parameters are above threshold. In CFA,
Comparative Fit Index (CFI) > 0.9, Tucker-Lewis Index (TLI) > 0.9, Root Mean Square Error of
Approximation (RMSEA) < 0.08 and Standardized Root Mean Square Residual (SRMR) < 0.08

are considered as acceptable and RMSEA < 0.06 and SRMA < 0.06 are considered as good fit
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[98]. In our study, CFI = 0.973, TLI = 0.964, RMSEA = 0.060 and SRMR = 0.033, which
represents a good fit. Thus, there is additional quantitative support for dividing the constructs as
proposed. Besides, as shown in Table 1, all of the factor loadings are higher than 0.5, which is
considered as acceptable, and most of them are higher than 0.7. This means that the constructs
extract sufficient variance from the observed variables, which allows us to perform the structural
equation modeling (SEM) to analyze the predictive relationships among students’ self-efficacy,
interest, perceived recognition, and identity using our survey data. [108].

Before performing the SEM, we calculated the Pearson correlation coefficients pairwise
between the constructs. As shown in Table 2, the correlation coefficients of all constructs are above
0.2, and most of them are below 0.8, which means even though they have strong correlations with
each other, the correlations are not so high that the constructs could not be separately examined in
the SEM [109]. It is noteworthy that the correlation coefficient between physics identity and
perceived recognition is 0.84. This is consistent with Godwin et al. and Kalender et al.’s prior work
finding that perceived recognition (external identity) is the largest predictor of physics identity

(internal identity) [58,81].

Table 2 Pearson correlation coefficients of the constructs in the mediation model.

Observed Variable 1 2 3 4

1. Physics identity -- -- -- -

2. Self-efficacy 0.68 - - -
3. Interest 0.70 0.63 -- -
4. Perceived Recognition 0.84 0.70 0.68 --

In this study, we used the R software package “lavaan” to perform structural equation

modeling (SEM) [110]. The SEM includes two parts: CFA and path analysis. Apart from CFA,
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the path analysis part of SEM gives regression coefficients g for paths between each pairs of
constructs. The value of each g is a measure of the strength of that relationship. Compared with a
multiple regression model, the advantage of SEM is that we can estimate all the regression links
for multiple outcomes and factor loadings for items through CFA simultaneously [87]. The level
of the SEM model fit is also given by CFI, TLI, RMSEA and SRMR [87,98].

Before performing gender mediation analysis (which tests how the relation between gender
and physics identity is mediated through self-efficacy, interest, and perceived recognition), we first
tested the gender moderation relations between each pair of constructs (i.e., does the strength of
relationship between any two constructs in the model differ for women and men?), which includes
testing of factor loadings, indicator intercepts and residual variances. Then, we performed multi-
group SEM analysis to investigate whether the regression pathways were different across gender.
Results showed that in all of our models, strong measurement invariance holds and there is no
difference in any regression coefficients by gender, which allowed us to perform the gender
mediation analysis using SEM [87].

To answer RQ2, we explicitly illustrate only four equivalent SEM models out of 27
possible equivalent models for brevity (see Supplemental Material [111] for results of some other
statistically equivalent SEM models if one is interested in comparing some other SEM models).
We first delineate the model fit indices (e.g., CFI, TLI, RMSEA and SRMR) of these statistically
equivalent models to make sure these models are robust from a statistical perspective. A
comparison of the coefficients of determination (R squared) of constructs in the different models
is presented to estimate how much variance of each construct that mediates the relation between
gender and physics identity is explained by each model (of course, the total amount of variance

explained in the physics identity is the same across all 27 models). We argue that some of these
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statistically equivalent models in which physics self-efficacy, interest, and perceived recognition
mediate the relation between gender and physics identity are better than others based upon our
theoretical framework using evidence gathered from individual interviews and instructional

implications.

2.5 Results

2.5.1 Gender Differences in Motivational Characteristics

Pertaining to RQ1, Table 3 shows that women have significantly lower average scores in
all of the four motivational constructs, and the effect sizes given by Cohen’s d are all in the medium
range [104]. In particular, female students’ average scores on identity and perceived recognition
were below the neutral score of 2.5. Thus, many female students did not think others see them as
a physics person, and they did not see themselves as a physics person either. Table 3 also shows

that male students’ average scores on all four constructs were above the neutral score.
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Table 3 Descriptive statistics for female and male students in which M stands for construct mean value, SD is
the standard deviation and N is the number of students. Effect sizes and p-values are presented in the right
most column with p < 0.001 indicating highly statistically significant gender differences. A minus sign indicates

that male students have higher scores than female students.

Female Students Male Students
Statistics
Constructs N =427 N =776

M SD M SD Cohen’s d p value
Physics Identity 2.17 0.83 2.63 0.83 -0.56 <0.001
Perceived Recognition 2.24 0.72 2.60 0.73 -0.49 <0.001
Self-efficacy 2.71 0.57 2.99 0.50 -0.53 <0.001
Interest 2.72 0.64 3.10 0.58 -0.64 < 0.001

2.5.2 Using the Theoretical Framework to Select Good Models from Several Equivalent

SEM Models

In order to understand why there are 27 statistically equivalent models in which the relation
between gender and physics identity is mediated by self-efficacy, interest, and perceived
recognition, we consider the associations among these three mediating constructs. There are three
possible associations between each pair. These associations are covariance, direct effect via
regression from one to the other, or direct effect via regression in the reverse direction. For
example, there can be a direct regression path from self-efficacy to interest or from interest to self-
efficacy, or there may only be a covariance between self-efficacy and interest. Similarly, there are
three possible types of associations between self-efficacy and perceived recognition, and between

interest and perceived recognition. Thus, with the constraints that no regression arrows point to
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gender and arrows can only point to physics identity since it is the outcome variable, there are
3 X 3 x 3 = 27 statistically equivalent SEM models in total. As discussed earlier, the model fit
indices are the same for all 27 models and suggest a good fit to the data CFI = 0.972 (>0.90), TLI
= 0.962 (>0.90), RMSEA = 0.056 (<0.08) and SRMR = 0.032 (<0.08). In addition, we also
calculated the coefficient of determination R? for each construct in each statistically equivalent
SEM model, which represents the proportion of each construct’s variance explained by each
model. The results show that R? of identity is 0.74 in all of the models, which means that each
equivalent model explains 74% of the variance in physics identity, i.e., these models explain
students’ physics identity equally well (see Appendix A for results of R? values for other
constructs). Thus, these statistically equivalent SEM models are robust from a statistical point of
view, i.e., they all satisfy the first criterion of our framework (good statistical model fit).

Next, we focus on the next two criteria for selecting good models from many statistically
equivalent ones. In particular, we explicitly discuss 4 of these 27 equivalent models to illustrate
how to use the second and third criteria of our framework to select good models (see Supplemental
Material [111] for results of some other statistically equivalent SEM models). In particular, we
consider the data collected from our prior hour-long individual interviews with 52 student
volunteers (42 women and 10 men) in the introductory physics courses using a semi-structured
protocol [71,76,112] and the affordance of each model for its instructional implications.

First, we consider a model in which there are only covariances between each pair of
perceived recognition, self-efficacy and interest, i.e., this model does not make assumptions about
predictive relationships between these three mediating constructs. The results of the path analysis
of the SEM for this model are presented visually in Figure 2. The numbers on the lines represent

the standardized regression coefficients £ [87] between variables in which the standardization
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ensures that different #in the model can be directly compared with each other. Figure 2 shows that
there is a statistically significant regression line from gender to each of the three mediating
constructs (self-efficacy, perceived recognition, and interest), consistent with Table 3 showing that
there are significant gender differences in all of these three motivational constructs. However, the
direct effect of gender on physics identity is statistically insignificant (8 = 0.02, p = 0.36) even
though female students’ identity is significantly lower than that of male students, as shown in Table
3. This result indicates that the relation between gender and physics identity is mediated by the
other three motivational constructs (self-efficacy, interest, and perceived recognition). In addition,
Figure 2 shows that even though there is a strong covariance among self-efficacy, interest, and
perceived recognition, students’ perceived recognition is the strongest predictor (£ = 0.59) of their
physics identity. This result is consistent with Hazari et al.’s and Kalender et al.’s prior work
[21,81].

Model 1 in Figure 2 shows that there are positive correlations between students’ physics
self-efficacy, perceived recognition, and interest, which is consistent with our interview data
showing that positive encouragement and recognition are likely to help students develop self-
efficacy and interest in physics [71,76,112]. For example, some students reported that they feel
better when the instructors know what students tend to struggle with and acknowledge that it's
okay to not completely understand the content and they just need more practice, and eventually
they will get over the struggle with that topic and move on to the next topic. In addition, the
interviewed students also mentioned that they felt really encouraged when their physics problem
solving, posters and talks were recognized by their instructors. On the other hand, students’ self-
efficacy and interest can deteriorate due to lack of appropriate recognition from instructors/TAs.

For example, some students reported that when they went to the course instructor or TA to ask for
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help on physics problems, sometimes they were explicitly told that the problems were “easy”,
“obvious” or “trivial”, which they perceived as disparaging or belittling in that they felt they were
being told that they are not smart enough to do physics if they could not do such easy problems on
their own. Thus, our interview data not only show that students’ positive or negative perceived
recognition is correlated with their self-efficacy and interest, but they also indicate that perceived
recognition can affect students’ physics self-efficacy and interest in the course and in physics
overall. However, the important role played by perceived recognition on self-efficacy and interest
is not reflected in Model 1, in which there are only covariances among self-efficacy, perceived
recognition, and interest.

Furthermore, with regard to the instructional implications, the path analysis in Model 1
indicates that the gender difference in physics identity is mediated through self-efficacy, perceived
recognition and interest. However, in Model 1, gender is the only predictor of self-efficacy and
interest, which may be interpreted to imply that female students have lower physics identity
because they have lower self-efficacy and interest in physics. Considering self-efficacy and interest
may be perceived as fixed by many people, Model 1 does not provide suggestion with regard to
instructors having the potential to improve students’ self-efficacy and interest. Thus, this model in

Figure 2 may not be the most instructionally beneficial model.
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Model 1

Figure 2 Results of the path analysis part of SEM Model 1, in which there are only covariances between each
pair of constructs: self-efficacy (SE), perceived recognition (Recog), and interest. Each regression line thickness
qualitatively corresponds to the magnitude of B values (standardized regression coefficient). All gvalues shown
are significant with p < 0.001. For clarity, we have removed the statistically insignificant regression path from

gender to identity.

Next, we consider two models in which self-efficacy and interest each act as predictors of
the other two mediating constructs (see Figure 3). In particular, in Model 2, self-efficacy predicts
interest and perceived recognition, and interest predicts perceived recognition. In Model 3, interest
predicts self-efficacy and perceived recognition, and self-efficacy predicts perceived recognition.
As shown in Figure 3, in Model 2, self-efficacy is only predicted by gender and the regression
coefficient is 0.28, and in Model 3, interest is only predicted by gender with regression coefficient
S =0.32. These regression coefficients are the same as those in Model 1. However, in Model 2,
the regression coefficients from gender to perceived recognition and interest are smaller or
statistically insignificant compared to those in Model 1. This is because in Model 2, perceived
recognition and interest are predicted not only by gender but also by self-efficacy, and thus there
is more correlated effect being controlled for when estimating the regression coefficients from the

gender to perceived recognition and interest. Similarly, in Model 3, the regression coefficients
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from gender to perceived recognition and self-efficacy are smaller or statistically insignificant
compared to those in Model 1.

As noted, Models 2 and 3 in Figure 3 are statistically equivalent to Model 1 in Figure 2.
However, these two models suggest that students’ perceived recognition is predicted by their self-
efficacy and interest, which is not consistent with our interview findings showing that perceived
recognition may be an important driver of the other two constructs. Moreover, our interview also
show that women were less likely than men to feel positively recognized by physics
instructors/TAs, and this lack of recognition or discouraging feedback from instructors/TAs
deteriorated their self-efficacy, and lowered perceived recognition and self-efficacy further
lowered their interest [71,76]. For example, some interviewed women noted that their
instructors/TAs sometimes showed more interest in male students’ questions and answered male
students’ questions with more attention than when they answered their questions. This experience
made the female students wonder whether it was because their questions were not good or too
easy, and thus they started doubting their ability to do well in this course. Thus, Models 2 and 3
showing that students’ perceived recognition is predicted by their interest and self-efficacy are not
consistent with our interview data.

Furthermore, Models 2 and 3 also do not satisfy the third criterion of our theoretical
framework for selecting a good model. In particular, Model 2 with self-efficacy in the first place
may be interpreted to imply that students’ self-efficacy about physics predicts their interest in
physics and their views about whether other people see them as a physics person. Similarly, Model
3 with interest in the first place emphasizes that students’ interest predicts their self-efficacy and
their perceived recognition. Moreover, in Models 2 and 3, gender is the only predictor of interest

or self-efficacy which together with the data in Table 3 (which shows gender differences in all of
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these motivational constructs) can be interpreted as deficit models. In particular, these equivalent
models can be interpreted to imply, e.g., that women are not feeling positively recognized by their
instructors and teaching assistants (TAs) as much as men because they have lower interest in
physics and lower self-efficacy than men. Thus, Models 2 and 3 can be misinterpreted and instead
of empowering instructors to recognize their students whenever an opportunity arises, they may
lead to instructors becoming complacent about their own role in helping students develop identity
as someone who can excel in physics. Thus, according to our interview data and the possible

instructional implications of Models 2 and 3, these two models are not aligned with our framework.
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(a) Model 2

(b) Model 3

—> Identity

Figure 3 Results of the path analysis part of the SEM models that show how the relationship between gender
and physics identity is mediated through self-efficacy (SE), interest, and perceived recognition (Recog). (a) In
Model 2, self-efficacy predicts interest and perceived recognition, and interest predicts perceived recognition.
(b) In Model 3, interest predicts self-efficacy and perceived recognition, and self-efficacy predicts perceived

recognition. Each regression line thickness qualitatively corresponds to the magnitude of g with 0.001 < p <0.1

indicated by ™ and p > 0.05 indicated by ns. All the other regression lines show relations with p < 0.001. For

clarity, we have removed the statistically insignificant regression path from gender to identity.

Finally, we consider a model in which perceived recognition predicts self-efficacy and
interest, and self-efficacy predicts interest (see Figure 4). In Model 4, perceived recognition is only
predicted by gender with regression coefficient g = 0.24, which is the same as that in Model 1,
while the regression coefficients from gender to self-efficacy and interest are smaller than those in

Model 1. Similar to Models 1-3, there is no statistically significant direct regression line from
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gender to physics identity in Model 4 (8= 0.02, p = 0.36). In addition, the regression coefficient
from self-efficacy to identity is 0.13, from interest to identity is 0.23, and from perceived
recognition to identity is 0.59, which are the same as those in Models 1-3.

As noted, according to our interview data, perceived recognition plays an important role in
the development of students’ self-efficacy and interest. Also, our interviews show that female
students feel less recognized by their instructors/TAs than their male peers, which indicates that
the current learning environment is not inclusive and equitable. For example, some interviewed
women reported that men in their physics courses were generally praised more by the
instructors/TAs than women, and sometimes instructors/TAs called men who answered the
questions “brilliant”, which made them feel as though they were not brilliant. In the interviews,
some women reported that because of the negative experiences in their physics courses, they
started questioning “Why am I here in the first place? Am I really interested in this?”, and some
had contemplated switching out of their major (either engineering or physics) while men never
expressed similar concerns [76]. Thus, Model 4 with perceived recognition predicting self-efficacy
and interest model is more theoretically grounded than the other three models based on our
interview data.

Moreover, Model 4 with perceived recognition as the predictor of interest and self-efficacy
is also likely to empower the instructors and give them the message that students’ interest and self-
efficacy in physics can be influenced by the recognition they receive from instructors. In addition,
in Model 4, gender is the direct predictor of perceived recognition, which is consistent with Table
3 showing that women feel significantly less recognized as a physics person. Thus, Model 4 is
more likely to inspire instructors to recognize their role in creating more inclusive and equitable

learning environments in which all students including those from the underrepresented groups in
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physics such as women feel more positively recognized and affirmed. Moreover, Model 4 may be
even more instructionally beneficial than other models, e.g., in which gender predicts perceived
recognition but interest predicts self-efficacy unlike Model 4 because interest may be perceived as
fixed by some instructors. We note that although Model 1 does not mask instructors’ role in
supporting their students by recognizing them, it may not empower instructors as much as Model
4. Thus, while physics self-efficacy, interest and perceived recognition are correlated constructs
and predict each other differently in the statistically equivalent SEM models, by emphasizing
different predictor-outcome relationships between these motivational constructs and between
gender and these constructs, these statistically equivalent models can be interpreted very
differently by physics instructors and therefore have different instructional implications. Thus,
Model 4 with perceived recognition predicting self-efficacy and interest is theoretically more
grounded consistent with our framework and more instructionally beneficial than the other models

discussed.

Model 4

Figure 4 Results of the path analysis part of SEM Model 4, in which perceived recognition predicts interest and
self-efficacy, and self-efficacy predicts interest. Each regression line thickness qualitatively corresponds to the
magnitude of g values. All g values shown are significant with p < 0.001. For clarity, we have removed the

statistically insignificant regression path from gender to identity.
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2.6 Summary and Discussion

Building on prior research on the gendered nature of physics identity, we investigated how
the relationship between gender and physics identity is mediated by the three motivational
constructs (perceived recognition, self-efficacy and interest) in different statistically equivalent
SEM models. In particular, we show that there are 27 statistically equivalent SEM models (with
identical model fit parameters) with different predictive relations between the three mediating
constructs. We discuss how some equivalent models are preferable than others based on our
theoretical framework using evidence gathered from our prior interviews with students and the
affordance of each model for instructional implications, e.g., the likely interpretations of these
statistically equivalent models by the physics instructors as well as educational policy makers. We
emphasize the importance of selecting good models that are theoretically grounded from
statistically equivalent models. These models are supported by additional evidence and have the
potential to empower stakeholders such as instructors and TAs to understand the value of
recognizing and affirming their students. This issue is especially important for underrepresented
students in physics classes, e.g., women, because we want these students to develop a strong
physics identity and see themselves as people who can excel in physics despite all the societal
stereotypes and biases pertaining to who can excel in physics.

Moreover, our study shows that in current classes, there are statistically significant gender
differences disadvantaging female students in all motivational constructs. Thus, to make physics
learning equitable and inclusive, we highlight the importance of framing physics education
research intentionally in an instructionally beneficial manner, e.g., even if the 27 models of identity
with gender mediation are statistically equivalent, they can convey very different messages to

physics educators about their role in supporting their students and creating an equitable and

37



inclusive classroom. Some of these equivalent models emphasize the importance of the critical
roles played by educators in supporting students, while others may inadvertently even relieve the
educators of their responsibility and strengthen their fixed mindset [113,114]. Studies have indeed
shown that instructors’ mindset about whether all or only some of their students can excel in their
courses can influence students’ motivation and achievement, and underrepresented students are
more likely to be demotivated and have negative experiences in classes taught by fixed mindset
instructors [114].

For example, if we put interest as the predictor of both self-efficacy and perceived
recognition as in Model 3 of Figure 3 (b), the important roles played by instructors and TAs in
recognizing students and developing their interest and self-efficacy may not be clear to them. In
fact, prior research suggests that instructors with fixed mindset believe that students come to their
classes with fixed interest and there is nothing they can do if students do not have interest in the
subject [113,114]. On the other hand, prior studies suggest that students’ interest can be triggered
and sustained by their learning environment [47,86]. For example, inclusive learning environments
can trigger situational interest [115]. Thus, both prior interviews and instructional implications
suggest that Model 4 in Figure 4 is a good model to select (as opposed to Model 3 of Figure 3 (b))
and can empower instructors to take responsibility to create a learning environment in which
students are appropriately recognized and in turn have the opportunity to grow their physics self-
efficacy and interest in a supportive environment. On the other hand, even though Model 3 fits the
data well with the same model fit parameters as Model 4, it has the potential to inadvertently
strengthen the notion that interest is immutable and weaken instructors’ role in creating an

equitable and inclusive learning environment.

38



In summary, according to our theoretical framework, the statistically equivalent models in
which perceived recognition is the predictor of both self-efficacy and interest are good models to
select, because they are supported by interview findings and can also inspire instructors to embrace
their role and recognize their students appropriately since these models suggest that students’
physics self-efficacy, interest and identity can be influenced by perceived recognition.
Furthermore, Model 4 signifies that students’ interest is not a fixed thing but rather can be
influenced by both perceived recognition and self-efficacy, which instructors can improve by
creating an equitable and inclusive learning environment and affirming their students for their
progress. Thus, this model places the most emphasis on the importance of recognizing students
and is most productive for empowering instructors and helping them develop a growth mindset

about their students’ potential and their role in supporting learning [113,114].
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3.0 Selecting Pedagogically Beneficial Models That Are Theoretically Grounded from

Statistically Equivalent Models of Physics Identity

3.1 Introduction and Theoretical Framework

Prior research suggests that individuals’ course enrollment, degree attainment and
achievement in STEM can be influenced by their motivational beliefs such as self-efficacy, interest
and identity in that domain [116-120]. In explaining participation in STEM careers, identity has
been argued to be a particularly important motivational construct [21,22,58,121]. Students’
identity in a domain, e.g., physics, is defined by whether they see themselves as a ‘physics person’
[21,22]. Prior studies have found that students’ physics identity can be predicted by their other
motivational beliefs such as self-efficacy, interest, and perceived recognition [21,22,57,80]. These
motivational beliefs have also been shown to influence students’ engagement, performance and
retention in physics [18,20,21,23,45,48,122,123]. Therefore, the investigation of students’
motivational beliefs and the relationships among them can help us understand students’
performance and retention in physics and can provide guidelines for developing an inclusive and
equitable learning environment and promoting diversity in physics.

Self-efficacy is defined as one’s belief in one’s ability to do well in a specific situation,
task or domain such as physics [39]. Interest refers to students’ curiosity, enjoyment and
engagement in physics [47]. Physics perceived recognition refers to students’ perception about
whether others see them as a physics person [21]. Prior studies have shown that these three
motivational constructs correlate to and interact with each other in meaningful ways [39,86]. Thus,

one may wonder which of these constructs generally acts as a predictor for the others. For example,
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does interest primarily drive self-efficacy or does self-efficacy primarily drive interest? Prior
studies have shown many possible predictive relationships among students’ physics self-efficacy,
interest, and perceived recognition [58,81,90,124,125]. For example, some prior studies used the
model in which self-efficacy is the predictor of both interest and perceived recognition [58,125],
while another study used the model in which interest is the predictor of both self-efficacy and
perceived recognition [90]. However, these studies have not explicitly acknowledged the fact that
statistical techniques used by them alone cannot be used to draw conclusions about the
directionality of the associations between the constructs [88], so the model with interest predicting
self-efficacy is actually statistically equivalent to the model with self-efficacy predicting interest,
and they have identical model fit indices. In a recent paper, physics education researchers have
been asked to explain why they select a specific model out of several statistically equivalent ones
while using SEM or multiple-regression as the analysis tool . In other words, model equivalence
shows that other input is required to prefer one statistically equivalent model over another [89].

Here, we propose a theoretical framework, which provides one way to select good models
from several statistically equivalent ones. Our framework suggests researchers consider two
aspects of the statistically equivalent models when selecting good models from them. First, what
potential instructional implications each model has, i.e., whether these instructional implications
have positive influence on pedagogical approaches. Second, whether the instructionally beneficial
models are also supported by additional evidence in addition to model fit indices. This additional
evidence may include but is not limited to researchers’ own interview data or findings from prior
studies such as intervention with experiment and control groups.

In this paper, we take physics identity model as an example to show how the proposed

theoretical framework is used to select good models from several statistically equivalent ones for
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how the relationship between gender and physics identity is mediated by the three motivational
constructs (self-efficacy, interest, and perceived recognition) in a college calculus-based
introductory physics course. According to the Lee—Hershberger replacing rules [126], there are 27
statistically equivalent models with different predictive relations between the three mediating
constructs. In this paper, we discuss 4 of these models, which are representative of the models in
prior research, to elucidate how our theoretical framework guided us to select a few good models
and highlight instructional implications of some of the models. As shown in Figure 5, we first
considered a model that only has covariances among self-efficacy, interest, and perceived
recognition. Then, we considered other statistically equivalent models to the one shown in Figure
5 by making one of the mediating constructs as the predictor of the other constructs (discussed

later in greater detail).

Gender : Identity

Figure 5 Schematic representation of the path analysis that shows how the relationship between gender and
physics identity is mediated by self-efficacy (SE), interest, and perceived recognition (Recog) in one of the 27
statistically equivalent models. The covariances between the three mediating constructs are shown with dashed

lines. The direct path from gender to identity is not shown (since it is not statistically significant in our model).
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3.2 Research Questions

Our research questions are as follows (please note that RQ1 focuses on descriptive
statistics, which is necessary to draw meaningful inferences from the predictive statistics in RQ2):
RQ1. What are the gender differences in a set of physics motivational beliefs, i.e., self-efficacy,

interest, perceived recognition, and identity, for students at the end of the course?

RQ2. How can we narrow down from a large number of statistically equivalent SEM models (in
which the relation between gender and physics identity is mediated via self-efficacy,
interest, and perceived recognition) based upon our theoretical framework using potential

instructional implications of the models as well as other data?

3.3 Methodology

3.3.1 Participants

The motivational survey data used in this study were collected at the end of the second
course of a two-term college calculus-based introductory physics sequence (physics 2) in two
consecutive spring semesters. Physics 2 includes topics such as electricity and magnetism,
electromagnetic waves, images, interference, and diffraction. This course is a traditional lecture-
based course (4 hours per week) with recitations (1 hour per week) in which students typically
work collaboratively on physics problems. This course is generally mandatory and taken by those
intending to major in engineering, physical science, and mathematics in the second semester of the

first year of their undergraduate studies. In physics 2, after students have been on campus for a
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semester, the feeling of uncertainty and anxiety during the transition to college may decrease. As
students gradually adapt to the new environment, their motivational beliefs may also become more
stable. In addition, students in the introductory physics course are admitted to engineering school
and school of arts and sciences as undecided majors, and they usually declare their majors in their
second year, which is after physics 2. Thus, their physics motivational beliefs at the end of physics
2 are important in influencing their major decisions in engineering and physical science
disciplines. Furthermore, the introductory physics sequence is generally mandatory for these
students because it is the foundation of many disciplines and contributes directly to engineering,
and most scientific fields, so their motivational beliefs at the end of this sequence may also have a
long-term influence on their future studies and career. Therefore, in this study, we focus on
students’ motivational beliefs and the predictive relationships among them at the end of physics 2.

This research protocol was approved and carried out in accordance with the principles
outlined in the university institutional review board (IRB) ethical policy. The paper surveys were
handed out and collected by TAs in the last recitation class of a semester. We encouraged the
instructors to give students small amount of course credit or extra credit for completing the survey.
The demographic data of students—such as gender—were provided by the university. Students’
names and IDs were de-identified by an honest broker, so researchers could analyze students’ data
without having access to students’ identifying information. There were 915 students participating
in this survey, including both semesters. In our final data analysis, we focused on 907 students
(including 299 female students and 608 male students) who provided their gender information.
Less than 1% of the participants who did not provide this information were not included in this

analysis.
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3.3.2 Instrument Validity

In this study, our analysis includes four motivational constructs—physics self-efficacy,
interest, perceived recognition, and identity. Table 4 shows the survey questions for each
motivational construct. We adapted these questions from existing motivational research [21,92-
94] and re-validated them in our prior work [37,65,95,127,128]. The validation and refinement of
the survey involved use of individual interviews with students, exploratory and confirmatory factor
analyses (EFA and CFA) [97], Pearson correlation between different constructs and Cronbach’s
alpha [98-100].

In our survey, each item was scored on a 4-point Likert scale (1-4) [102] with higher scores
indicating greater levels of self-efficacy, interest, perceived recognition and identity. Most of the
self-efficacy and interest questions had response options ‘NQO!, no, yes, YES!’, which have been
shown to have good psychometric properties and a low cognitive load while reading [82,92]. The
questions under physics identity and perceived recognition all had response options ‘strongly

disagree, disagree, agree, and strongly agree’.
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Table 4 Survey questions for each motivational construct, along with CFA item loadings. Lambda represents
the factor loading of each item, which is the correlation between the item and the construct. The square of
Lambda for each item gives the fraction of its variance explained by the construct. All Lambdas shown in this
table are statistically significant with p value < 0.001. TThe response options for this question are ‘Never, Once
a month, Once a week, Every day’. *The response options for this question are ‘very boring, boring, interesting,

very interesting’.

Construct and Item Lambda

Physics Identity
| see myself as a physics person. 1.000
Physics Self-Efficacy (Cronbach’s alpha = 0.81)

I am able to help my classmates with physics in the laboratory or in

o 0.698
recitation.
| understand concepts | have studied in physics. 0.742
If I study, | will do well on a physics test. 0.735
If I encounter a setback in a physics exam, | can overcome it. 0.715
Physics Interest (Cronbach’s alpha = 0.85)
| wonder about how physics works 0.701
In general, | find physics * 0.811
| want to know everything | can about physics. 0.829
I am curious about recent physics discoveries. 0.720
Physics Perceived Recognition (Cronbach’s alpha = 0.87)
My family sees me as a physics person. 0.885
My friends see me as a physics person. 0.908
My physics TA and/or instructor sees me as a physics person. 0.730
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We then calculated the Pearson correlation coefficients pairwise between the constructs.
As shown in Table 5, these constructs have strong correlations with each other, but the correlations
are not so high that these constructs cannot be examined separately [109]. Table 5 shows that the
highest correlation coefficient is between physics identity and perceived recognition, which is
consistent with Godwin et al.’s and Authors’ prior work finding that perceived recognition

(external identity) is the strongest predictor of physics identity (internal identity) [58,81].

Table 5 Pearson correlation coefficients of the motivational constructs.

Variable 1 2 3 4

1. Physics identity -- -- -- -
2. Self-efficacy 0.71 -- -- --
3. Interest 0.69 0.63 -- --

4. Perceived Recognition 0.83 0.70 0.68 --

3.3.3 Quantitative Analysis of Survey Data

First, we calculated the mean score for each construct for each student. Then, we used a t-
test [103,104] to compare the mean scores by gender. Next, we performed the structural equation
modeling (SEM) [87] to analyze the predictive relationships among students’ gender, self-efficacy,
interest, perceived recognition, and identity using our survey data. Initially, we tested different
levels of measurement invariance model. 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 [87]. Results showed that in all of our models, measurement invariance holds and regression
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pathways among the constructs do not have differences across gender. These results allowed us to
perform the gender mediation SEM model [87].

As noted, there are 27 possible statistically equivalent models showing different predictive
relationships among the three mediating constructs (self-efficacy, interest, and perceived
recognition). For brevity, here we explicitly illustrate four of them, which are representative of the
models in prior research. We first delineate the model fit indices of these models to make sure they
are good models from a statistical perspective. Then, we argue that some of these statistically
equivalent models are better than others based upon our theoretical framework focusing on
model’s instructional implications and supporting evidence from individual interviews with
students. In particular, we take advantage of the data from our prior hour-long empathetic
individual interviews with 52 student volunteers (42 women and 10 men) in the introductory
physics course [71,76,112,129]. Even though these interviews were conducted in the context of
our prior studies, the interview findings do provide some extra evidence that can be used to select
good models. The interviews followed a semi-structured think aloud protocol established by the
researchers prior to conducting the interviews [130]. We call these interviews empathetic
interviews because the goal of the interviews is to understand the experiences of students in physics
courses in order to improve equity and inclusion. In particular, inspired by standpoint theory
[131,132], we centered the experiences of students from underrepresented groups, e.g., women, in
order to understand how to support them and improve the learning environment. Therefore, there
were more women who were interviewed than men. During the interviews, we asked students a
set of questions about their experiences and asked them to think aloud as they answered the
questions. We did not disturb the students when they thought aloud in order to not disrupt their

thought processes and asked them for clarifications of the points they may not have made only
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after they had finished their thoughts. We coded the interviews using hybrid coding methods that
involved both deductive and inductive coding [133]. One of the authors coded the interviews and
both authors discussed and converged on the codes developed based on the student interviews. In
those interviews, one theme that kept recurring was that recognition by instructors and teaching
assistants is very important in shaping students’ self-efficacy and interest. We make use of this
finding to confirm that the instructionally beneficial models are also supported by the interview

data.

3.4 Results and Discussion

3.4.1 Gender Differences in Motivational Beliefs and Grades

Pertaining to RQ1, Table 6 shows that women have significantly lower average scores in
all of the four motivational constructs than male students, and the effect sizes given by Cohen’s d

are all in the medium range [104].
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Table 6 Descriptive statistics for female and male students’ motivational beliefs in which M stands for construct
mean value, SD is the standard deviation and N is the number of students. All effect sizes (Cohen’s d values)
are statistically significant with p < 0.001 and a minus sign indicates that male students have a higher score

than female students.

Females Males
Constructs N =299 N =608 Cohen’s d
M SD M SD
Physics ldentity 2.13 0.83 2.67 0.86 -0.63
Perceived Recognition 2.24 0.71 2.71 0.70 -0.66
Self-efficacy 2.64 0.57 2.92 0.56 -0.48
Interest 2.61 0.66 3.02 0.62 -0.65

3.4.2 Equivalent SEM Models and Path Analysis

In order to understand why there are 27 statistically equivalent models in which the relation
between gender and physics identity is mediated by self-efficacy, interest, and perceived
recognition, we consider the associations among these three mediating constructs. According to
the replacing rules [126], there are three possible associations between two endogenous variables.
These associations are covariance, direct effect via regression from one to the other, or direct effect
via regression in the reverse direction. Therefore, with the constraints that no regression arrows
point to gender and arrows can only point to physics identity since it is the outcome variable, there
are 3 x 3 x 3 = 27 statistically equivalent SEM models in total. The level of SEM model fit can
be represented by Comparative Fit Index (CFI), Tucker-Lewis Index (TLI), Root Mean Square

Error of Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR). In our
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study, the model fit indices are the same for all 27 models and suggest a good fit to the data: CFI
=0.968 (> 0.90), TLI = 0.956 (> 0.90), RMSEA = 0.063 (< 0.08) and SRMR = 0.034 (< 0.08)
[98]. Thus, these statistically equivalent SEM models are all robust from a statistical point of view.
In this section, for brevity, we explicitly discuss only 4 of these 27 equivalent models, which are
representative of the models in prior research, to illustrate how to use our theoretical framework
to select good models from many statistically equivalent ones.

First, we consider a model (Model 1) in which there is no predictive relationship among
self-efficacy, interest and perceived recognition. Instead, there are covariances between each pair.
Figure 6 shows the path analysis results of this SEM model. We note that even though female
students’ physics identity is significantly lower than that of male students, as shown in Table 6,
Model 1 indicates that gender does not directly predict physics identity, which means that the
gender difference in physics identity is mediated through self-efficacy, perceived recognition and
interest, which is consistent with prior study [81]. However, in Model 1, gender is the only
predictor of self-efficacy and interest, which may be interpreted to imply that female students have
lower physics identity because they have lower self-efficacy and interest in physics. Considering
self-efficacy and interest may be perceived as fixed by many people, Model 1 does not provide
suggestion with regard to instructors having the potential to improve students’ self-efficacy and
interest. Thus, this model in Figure 6 is not the most instructionally beneficial model.

In addition, Model 1 also does not fully reflect our finding from prior interviews. In
particular, our interviews data show that recognition by instructors and teaching assistants is very
important in shaping students’ self-efficacy and interest [71,76,112,129]. For example, 31% of the
interviewed students suggested that it would be helpful if instructors could realize that physics is

challenging and acknowledge that it's okay to not completely understand the content right away
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and they just need more practice in order to develop a good grasp of concepts. In addition, 19% of
the interviewed students mentioned that they felt really encouraged and became more interested in
physics when their opinions and success in physics problem solving were recognized by their
instructors. On the other hand, students’ self-efficacy and interest deteriorated when there was lack
of appropriate recognition from instructors/TAs. For example, 38% of the interviewed students
reported that when they went to the course instructor or TA to ask for help on physics problems,
sometimes they were explicitly told that the problems were “easy”, “obvious” or “trivial”, which
they perceived as disparaging or belittling in that they felt they were being told that they are not
smart enough to do physics if they could not do such easy problems on their own. Thus, our
interview data indicate that students’ positive or negative perceived recognition can affect their
physics self-efficacy and interest in the course and in physics overall. However, the important role
played by perceived recognition on self-efficacy and interest is not reflected in Model 1, in which

there are only covariances among self-efficacy, perceived recognition, and interest.
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Model 1

> Identity

Figure 6 Results of the path analysis part of SEM Model 1, in which there are only covariances between each
pair of constructs: self-efficacy (SE), perceived recognition (Recog), and interest. The dashed lines represent
residual covariances between constructs. The solid lines represent regression paths, and the numbers on the
lines are standardized regression coefficients (8 values), which represent the strength of the regression
relations. Each regression line thickness qualitatively corresponds to the magnitude of the Bvalue. All Svalues
shown are significant with p < 0.001. For clarity, we have removed the statistically insignificant regression path

from gender to identity.

Next, we consider two models in which self-efficacy and interest each act as predictors of
the other two mediating constructs (see Figure 7). In particular, in Model 2, self-efficacy predicts
interest and perceived recognition, and interest predicts perceived recognition. In Model 3, interest
predicts self-efficacy and perceived recognition, and self-efficacy predicts perceived recognition.

With regard to potential instructional implications, Models 2 and 3 may also not be
consistent with our theoretical framework for selecting good models. In Models 2 and 3, gender is
the only predictor of interest or self-efficacy which together with the data in Table 6 (which shows
gender differences in all of these motivational constructs) can be interpreted as deficit models. In
addition, Models 2 and 3 emphasize that students’ perceived recognition is predicted by their
interest and self-efficacy. Thus, these models may be interpreted to imply, e.g., that women are

not feeling positively recognized by their instructors and teaching assistants (TAs) as much as men
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because they have lower interest in physics and lower self-efficacy than men. Therefore, Models
2 and 3 can be misinterpreted and instead of empowering instructors to recognize their students
whenever an opportunity arises, they may lead to instructors becoming complacent about their
own role in helping students develop identity as someone who can excel in physics.

In addition, Models 2 and 3 suggest that students’ perceived recognition is predicted by
their self-efficacy and interest, which is also not consistent with our prior interview findings
showing that perceived recognition may be an important driver of the other two constructs.
Moreover, our interviews show that women were less likely than men to feel positively recognized
by physics instructors/TAs, and this lack of recognition or discouraging feedback from
instructors/TAs deteriorated their self-efficacy, and lowered perceived recognition and self-
efficacy further lowered their interest [71,76,129]. For example, 21% of the interviewed women
explicitly noted that their instructors/TAs sometimes showed more interest in male students’
questions and answered male students’ questions with more attention than when they answered
their questions. This experience made the female students wonder whether it was because their
guestions were not good or too easy, and thus they started doubting their ability to do well in the
course. Thus, Models 2 and 3 showing that students’ perceived recognition is predicted by their
interest and self-efficacy are not aligned with our framework in regard to their potential

instructional implications and lack of support from our prior interview data.
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(a) Model 2

Identity

Figure 7 Results of the path analysis part of the SEM models that show how the relationship between gender
and physics identity is mediated through self-efficacy (SE), interest, and perceived recognition (Recog). (a) In
Model 2, self-efficacy predicts interest and perceived recognition, and interest predicts perceived recognition.
(b) In Model 3, interest predicts self-efficacy and perceived recognition, and self-efficacy predicts perceived
recognition. Regression coefficients with 0.001 < p < 0.1 are indicated by ™ and with p > 0.05 are indicated by
ns. All the other regression lines show relations with p < 0.001. For clarity, we have removed the statistically

insignificant regression path from gender to identity.

Finally, we consider a model (Model 4) in which perceived recognition predicts self-
efficacy and interest, and self-efficacy predicts interest (see Figure 8). Even though statistically
equivalent to Models 1-3, Model 4 is more likely to empower the instructors and give them the
message that students’ interest and self-efficacy in physics can be influenced by the recognition
they receive from instructors. In addition, in Model 4, gender is the direct predictor of perceived

recognition, which is consistent with Table 6 showing that women feel significantly less
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recognized as a physics person. Thus, Model 4 is also more likely to inspire instructors to recognize
their role in creating more inclusive and equitable learning environments in which all students
including those from the underrepresented groups in physics such as women feel more positively
recognized and affirmed. Moreover, Model 4 may be even more instructionally beneficial than
other models, e.g., in which gender predicts perceived recognition but interest predicts self-
efficacy unlike Model 4 because interest may be perceived as fixed by some instructors.

As noted, according to our prior interview data, perceived recognition plays an important
role in the development of students’ self-efficacy and interest. Also, our interviews show that
female students feel less recognized by their instructors/TAs than their male peers, which indicates
that the current learning environment is not inclusive and equitable. For instance, 31% of the
interviewed female students mentioned that instructors/TAs treated men and women differently in
class. For example, they noted that men in their physics courses were generally praised more by
the instructors/TAs than women, and sometimes instructors/TAs called men who answered the
questions “brilliant”, which made them feel as though they were not brilliant. Furthermore, in the
interviews, 24% of the interviewed women reported that because of the negative experiences in
their physics courses, they had contemplated switching out of their major (either engineering or
physics) while men never expressed similar concerns [76,129]. Thus, Model 4 with perceived
recognition predicting self-efficacy and interest model is not only more instructionally beneficial

than the other models discussed, but it is also supported by our prior interview data.
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Model 4

Figure 8 Results of the path analysis part of SEM Model 4, in which perceived recognition predicts interest and
self-efficacy, and self-efficacy predicts interest. Each regression line thickness qualitatively corresponds to the
magnitude of g values with p > 0.05 are indicated by ns. All gvalues shown are significant with p < 0.001. For

clarity, we have removed the statistically insignificant regression path from gender to identity.

3.5 Summary

Building on prior research on the gendered nature of physics identity, we investigated how
the relationship between gender and physics identity is mediated by the three motivational
constructs: perceived recognition, self-efficacy and interest. In particular, we show that there are
27 statistically equivalent SEM models (with identical model fit parameters) with different
predictive relations between the three mediating constructs. We discuss how the models with
perceived recognition predicting self-efficacy and interest are more instructionally beneficial than
the others, and they are also supported by our prior interview data. In particular, the models with
perceived recognition predicting self-efficacy and interest emphasize the importance of the roles
played by educators, while others may inadvertently even relieve the educators of their
responsibility and strengthen their fixed mindset [113,114]. Therefore, as instructors, we should

take the responsibility to create an inclusive and equitable learning environment in which all
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students are appropriately recognized and validated and have the opportunity to grow their physics
motivational beliefs. As researchers, we should consider the instructional implications of our work

and frame our research in a way which is instructionally beneficial.

3.6 Limitations and Future Directions

In this study, we emphasize the importance of considering statistically equivalent models
and provide one way to select good models from the statistically equivalent ones using
instructional implications and extra evidence. In particular, we discussed four physics identity
models, which are representative of the models in prior research to elucidate how our theoretical
framework guided us to select good models. There are several other statistically equivalent models
not discussed in this paper, e.g., models involving self-reinforcing feedback loops, which would
be worth investigating in future studies. In addition, even though the single physics identity item
is commonly used in studies involving physics identity [58,90,124,125], it would be helpful in
future studies to develop more survey items for this construct. In addition, similar to prior studies
[58,90,124,125], the data used in this study were collected at one time point. Future studies using
longitudinal data may provide further understanding of the predictive relationships among
students’ motivational beliefs. In this study, since the gender data were collected using only binary
categories, we did not have the gender information of students who did not identify as male or
female. This issue has been resolved very recently in the manner in which our university is now
collecting data. In addition, since the sample size of these students is small (less that 1% of
participants), we would not be able to analyze them as separate groups using multigroup analysis

in SEM even if we knew their gender identity. Future studies can use other research methods to
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investigate motivational beliefs of students in other gender categories. In the future studies, we
also intend to investigate motivational beliefs of students from other underrepresented groups such
as ethnic/racial minority students. Even though this study is conducted in the introductory calculus-
based physics course, it would be valuable to investigate the relationship among motivational
beliefs of students in other courses, such as algebra-based physics courses, where women are the
majority group, often making up 60% or more of the classroom. In addition, it would be also useful
to investigate students’ physics motivational beliefs in advanced physics courses, which are
usually taken by physics major students beyond the first year. Similar studies in different types of
institutions and in other countries would also be helpful for developing a deeper understanding of

the relationships among students’ motivational beliefs in different contexts.
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4.0 The Impact of Perceived Recognition by Physics Instructors on Women’s Self-Efficacy

and Interest

4.1 Introduction

In the disciplines of science, technology, engineering, and mathematics (STEM), there
have been efforts to enhance the participation and advancement of marginalized groups such as
women [1,2,4,6,7,13,20-22,36,37,63,71,72]. Prior research suggests that individuals’ course
enrollment, degree attainment and achievement in STEM can be influenced by their domain
specific motivational beliefs such as self-efficacy, interest and identity [20,37,41,44,45,48,63,73].
For students from marginalized groups, these motivational beliefs might be undermined, e.g., by
negative societal stereotypes and biases about who belongs in STEM and can excel in STEM as
well as lack of role models and encouragement from others, which can lead to withdrawal from
STEM courses, majors or careers [24,28,74-77]. Hence, investigating students’ motivational
beliefs is critical to understanding and addressing diversity, equity, and inclusion issues in STEM
disciplines.

Self-efficacy, which is defined as students’ beliefs in their capability to succeed in a certain
situation, task, or particular domain [39,81,82], has been shown to influence students’ engagement
and performance in a given domain [41,44]. Students with high self-efficacy in a domain often
enroll in more challenging courses in that domain than those with low self-efficacy because they
perceive difficult tasks as challenges rather than threats [45]. In addition, studies suggest that
students’ self-efficacy predicts their career choices and persistence toward their career goals

[41,73].
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Another important motivational belief is interest, which is defined by positive emotions
accompanied by curiosity and engagement in particular content [47]. Interest has also been shown
to influence students’ learning [41,47,48]. For example, one study showed that making science
courses more relevant to students’ lives and transforming curricula to promote interest in learning
can improve students’ achievement [52].

According to Eccles’s Expectancy-Value Theory (EVT) [53,54], interest is paired well
with self-efficacy as connected constructs that predict students’ academic outcome expectations
and career aspirations. Moreover, prior studies [21,22,58,81] show that students’ self-efficacy and
interest are two important predictors of their identity in a given domain. Students’ identity in an
academic domain, such as physics, relates to their views about whether they see themselves as a
“physics person” [21,22], and it has been shown to influence students’ career decisions as well as
short- and long-term academic goals.

Prior quantitative studies have shown that female students often report a lower level of
self-efficacy, interest and identity than their male peers in many STEM fields [38,134-136].
Moreover, a prior study showed that female students with an A grade had similar physics self-
efficacy as male students with a C grade by the end of a two-semester introductory calculus-based
physics course (whereas these women with A grades had the same self-efficacy as men with B
grades at the end of the first-semester physics course) [38]. In other words, the gender difference
in self-efficacy increased over time. This study is consistent with another study showing that
female students are more likely to drop STEM majors with significantly higher grade point
averages than their male peers [137]. In order to shed light on these types of quantitative findings,
qualitative studies probing the experiences of female students in physics courses can be invaluable.

These qualitative studies can also shine light on whether women have differential experiences
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compared to men in physics courses and what instructors and TAs could do to create an equitable

and inclusive learning environment and better support female students in these courses.

4.2 Theoretical Framework

In this study, we conducted individual hour-long interviews with 38 women in both
introductory and advanced physics courses at a large research university in the US to investigate
their experiences and how these experiences shape their motivational beliefs such as self-efficacy
and interest. Our interviews are inspired by the framework of standpoint theory [131,132], which
emphasizes that one should center the experiences of people from traditionally marginalized
groups since they have experienced inequities and will be able to articulate how those inequities
manifest in their everyday experiences and point to the issues within the system that must be fixed.
Therefore, in these interviews, we centered the experiences of female students in physics courses
from introductory to advanced levels in order to understand how to support them and improve the
physics learning environment.

In addition to the theoretical framework of standpoint theory, our interviews are also
inspired by the framework of physics identity [21,81]. According to the identity framework, in
addition to self-efficacy and interest, individuals’ identity pertaining to a domain such as physics
is predicted by their perceived recognition from others. Perceived recognition in a domain, such
as physics, refers to students’ perception about whether other people see them as a physics person
[79]. Prior studies have shown that female students did not feel that they were recognized
appropriately in many science domains even before they entered college [66,83]. A report from

the National Science Foundation [84] indicated that elementary and high school boys and girls
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interested in science felt that they were treated differently by parents, teachers and friends with
regard to their interest in science. While boys received admiration and encouragement for their
interests, interactions and responses from others were often characterized by girls as ambivalent,
with lack of encouragement, or suggestions that their goals were inappropriate [84]. Prior studies
show that similar biases and stereotypes also impact female students in the university context
[81,85]. For example, one study showed that science faculty members in biological and physical
sciences exhibited biases against female students and rated male students as more competent, and
they were more likely to hire them and pay them more even though only the names were different
in the hypothetical information they were provided about the student [85]. Although prior studies
have shown that students’ perceived recognition plays an important role in shaping their identity
in a given domain, the relationships between perceived recognition and the other predictors of
identity, i.e., self-efficacy and interest, are not as clear. Therefore, in this qualitative study, we
focused on female students’ perceived recognition from their instructors and TAs in physics
courses to investigate the relationships between students’ perceived recognition and their other

physics beliefs such as self-efficacy and interest.

4.3 Research Questions

Consistent with our theoretical framework, we seek to address the following research
questions:
RQ1. What are female students’ perceptions of different types of recognition from

instructors/TAs in physics courses?
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RQ2. How do female students’ perceived recognition from instructors/TAs shape their self-

efficacy and interest?

4.4 Methodology

4.4.1 Participants

We conducted semi-structured, empathetic interviews with 38 female students in physics
courses and majoring in Physics and Astronomy, Engineering/Computer science, or Chemistry
(includes those on a bio track) at a large research university in the US. Although 22 of these women
were White, 12 were Asian, 3 were Hispanic and 1 was Black, our focus here is on their
experiences as women in physics. The self-reported year and discipline are shown in Table 7. We
sent the interview advertisement to the department’s undergraduate administrative assistant to
share it with all of the undergraduate students in the physics department, and we also sent the
advertisement to instructors of different physics courses and asked them to share it with their
students. Each student received a $25 gift card for participating in an hour-long interview. Roughly
half of these students were interviewed before the COVID-19 pandemic and half of them during
the pandemic. The interviews followed a semi-structured think aloud protocol with interview
questions that were agreed upon by the researchers prior to the interviews [130]. We call these
interviews empathetic interviews because the goal of the interviews was to understand the
experiences of female students in physics courses in order to improve equity and inclusion. In
particular, before interviews, we communicated with students that the broader goal of the research

is to make the physics learning environments equitable and inclusive. All participants agreed to be
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audio-recorded and quoted in academic publications. Students also had the opportunity to ask

questions about the research before and after the interviews.

Table 7 Self-reported year and discipline of the female students (N=38) interviewed.

Year

First year 20
Second year 8
Third year 3
Fourth year 6

First year graduate student talking about undergraduate experience 1

Discipline

Physics and Astronomy 19
Engineering/Computer science 17
Chemistry 2

4.4.2 Semi-structured Interviews

To investigate female students’ learning experience in physics courses and their perception
of the learning environment, we assembled and refined a list of potential interview questions via
an iterative process between the two researchers. These included questions about the student’s
background (e.g., how they got interested in STEM, early experiences in K-12 including high
school experience); overall college experience so far; experience in physics courses (such as their
interaction with instructors, TAs and peers) both inside and outside of the classroom; and
perception of their learning in physics courses (including any challenges in learning, thoughts on
underrepresentation of women and how to improve the physics learning environments). Also,
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inspired by the framework of physics identity [21,81], we focused on female students’ perceived
recognition from instructors and TAs to investigate the relationship between students’ perceived
recognition and their other motivational beliefs such as self-efficacy and interest. Therefore, many
questions in the interview are used to elicit students’ perceived recognition from instructors and
TAs. Examples of these types of questions are shown in Table 8. We made these semi-structured
hour-long individual interviews empathetic to give students the opportunity to express themselves
freely, dig deeply on critical issues of equity and inclusion in physics courses, and make sure they
felt comfortable expressing themselves. We asked students to think aloud as they answered the
questions, and we did not disturb them when they thought aloud in order to not disrupt their thought
processes and asked them for clarifications of the points they may not have made only after they
had finished their thoughts. Most participants required little prompting and were very keen to share

their thoughts with us openly. All interviews were audio-recorded and transcribed.

Table 8 Examples of the interview questions that can elicit students’ perceived recognition from instructors

and TAs.

Example questions

How do you think your experiences in your physics classes might have affected your identity
as a physics person?

Do you feel respected as a physics person/someone who can excel in physics courses by your
peers, TAs, and instructors?

Do you feel supported by your instructors and TAs/UTAS in your physics course(s)?

Do you feel that your contributions are valued by your peers, TAs, and instructors?

Do you think your experiences in physics have been different because of your gender? If so,
how?

Do you think your gender has had an impact on your success as a physics student/a student in
physics courses?

Have you witnessed any barriers to success that students in physics at this institution have
experienced because of their gender?

Do you think that it is more difficult to succeed in physics/physics courses as a woman?
Why/why not?
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4.4.3 Data Analysis

We coded the interviews using hybrid coding methods that involved both deductive and
inductive coding [133]. Initially, deductive coding was used based on the interview protocols, but
after reading through the interviews, we incorporated inductive coding to encompass different
aspects of the interviewed women’s experiences. The first author coded the interviews using Nvivo
and both authors discussed and converged on the codes developed based on the student interviews.
The codes themselves are inspired by the research questions and interviews themselves, in which
we center the experiences of the female students in physics courses in order to understand how to
better support them and improve the physics learning environments. Both authors discussed how
the codes could be combined to form greater themes. In all, 43 codes resulted in 5 broad analytic
themes (Perceived recognition from instructors and TAs, High school and other pre-college
experiences, Interactions with peers, Research experiences, and Suggestions to improve physics
learning environments). In this paper, we focus on the first theme, perceived recognition from
instructors and TAs, and the relationships between students’ perceived recognition and their self-

efficacy and interest.

4.5 Results

In our interviews, 26 (68%) of the interviewed female students reported negative perceived
recognition or lack of positive recognition from their physics instructors or TAs, while only 4
students (11%) reported positive perceived recognition. The other students did not provide answers

to questions related to perceived recognition that were clearly categorized as positive or negative
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by researchers. We divide the interview findings into three broad sections: (i) Negative perceived
recognition or lack of positive recognition from instructors/TAs; (ii) Impact of negative perceived
recognition or lack of positive recognition from instructors/TAs on students’ self-efficacy and

interest; (iii) Positive recognition from instructors/TAs and its influence on students’ self-efficacy.

4.5.1 Negative Perceived Recognition or Lack of Positive Recognition from Instructors/Tas

In our interviews, 68% of the interviewed female students reported negative perceived
recognition or lack of positive recognition from their physics instructors/TAs. The negative
perceived recognition or lack of positive recognition by female students from instructors/TAs can
be categorized into four subthemes: (1) Feeling belittled for questions or efforts; (2) Feeling
marginalized due to differential gender dynamics; (3) Feeling that the physics learning
environment is unsafe; (4) Feeling negatively recognized about their abilities and potential. As
shown in Table 9, each subtheme includes two codes, and each code is followed by a definition

and an illustrative example from the participants in this study.
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Table 9 Subthemes for negative perceived recognition or lack of positive recognition from instructors/TAs. The
percentages in parentheses represent the proportions of the interviewed women whose experiences were coded
under each subtheme. In total, 68% of the interviewed female students reported perceived recognitions that

were coded under at least one of the following subthemes.

Subtheme

Code

Definition

Example from participant data

Feeling belittled for
questions or efforts
(17/38 = 45%)

Belittling students’
questions or
struggles

Belittling students’
efforts

Expressing that students’
questions or some
concepts that students are
struggling with are easy,
obvious or trivial

Negative recognition or
lack of positive
recognition for students’
efforts, improvement, and
achievement

“...d thought this was so easy... I'm
disappointed you guys didn't get
this.”

“Once he finally comes over to help
me, he doesn't actually acknowledge
any of the work that I've done...he
doesn't try to find a solution from
what | started, he just does it his own

2

way.

Feeling marginalized
due to differential
gender dynamics
(14/38=37%)

Differential
treatment of female
and male students

Letting men
dominate the class

Responding to or treating
men and women
differently when
interacting with students

Letting men dominate the
class so that the
classroom dynamics
dominated by men make
women feel marginalized

“I've interacted with, very sadly, a
TA who has sort of brushed off my
question and then answered a guy's
question in my group...”

“They had men ask and answer
questions and everyone else was
sitting quietly”

“Once I asked a question in office
hour, he asked a guy to do it for me
on the board.”

Feeling that the
physics learning
environment is
unsafe
(11/38=29%)

Condescending or
intimidating
behavior

Cold calling

Displaying a feeling of
patronizing superiority or
causing feelings of fear in
students about asking
questions

Cold calling students
randomly to answer
questions or show work
in front of their peers

“My professor was pretty
condescending, just not really willing
to help... I was personally very
terrified of him. I never wanted to go
to him with anything.”

“He would ask you to write stuff on
the board in front of the whole group.
It was very intimidating.”

Feeling negatively
recognized about
their abilities and
potential
(6/38=16%)

Underestimating
students' abilities

Fixed mindset about
students’ potential

Doubting some students’
ability to do well in a task
or having low
expectations of some
students

Emphasizing brilliance
rather than efforts

“He was like leaning over my
shoulder and like telling me one key
at a time what to type instead of just
trusting me to be able to spell the
word.”

“He definitely thinks that some
people cannot do physics.”

69



4.5.1.1 Feeling Belittled for Questions or Efforts

In our analysis, 45% of the interviewed female students reported experiences that were
coded under the subtheme feeling belittled for questions or efforts, which includes two codes:
belittling students’ questions or struggles and belittling students’ efforts.

(a) Belittling students' questions or struggles

This code includes instances in which physics instructors and/or TAs express that students’
questions or some concepts that students are struggling with are easy, obvious or trivial. Often
these comments were given by instructors and TAs explicitly using the words “easy”, “trivial”,
and “obvious”, which made these female students feel that their questions were not good and they
did not want to ask more questions. Hailey shared an experience from her Electricity and
Magnetism class:

Hailey: He [the instructor] was also the kind of professor that would say like, “oh, all this
information is trivial, so let me just like [go over it] really fast and assume that you know it” ...
So I just felt like I didn't want to go and like ask a stupid question to him.

Mary shared a similar experience in her physics class:

Mary: My physics professor said, like, that, things were obvious a lot. And according to
my TA, who's worked closely with him, he [the instructor] says that to make it [the question] not
seem as overwhelming. But for me, at least, the effect was much more like, if you don't know this,
you're dumb. So that made it difficult to like, ask questions in class.

Thus, Hailey and Mary note that the comments from their physics instructors make them
hesitate to ask questions to their instructors because they are worried that their questions will look

“stupid”. Mary also mentioned that even though her TA thinks that the instructor may want to
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make students feel at ease and encourage them by saying that the problems are easy or trivial, these
comments have a negative impact on her and make her feel “dumb” rather than encouraged.

Sometimes, instructors may not explicitly use words such as “easy”, “trivial”, “obvious”,
etc. directly; however, the interviewed students reported that the way instructors communicate
with students can also make them feel nervous about not knowing and asking questions. Fem
shared her experience of interacting with her physics instructors:

Fem: Sometimes when they [the physics instructors] are explaining something, they kind
of make you feel dumb. It's never their intention, it [is] just clearly in their tone [and] in the way
that they talk, it's like you should know this...I don't like going to my teachers, because sometimes
they make me feel dumb.

Elaine recalled a similar experience in a physics instructor’s office hours:

Elaine: | had some bad experiences [in office hours], where like, | would ask a question,
and then 1'd just feel the way he would explain it would make me feel like really dumb ... because
| had like a few and, what I think are embarrassing moments. | stopped going to office hours, to
my professor’s office hours in fall semester.

As we can see from both Fem and Elaine’s experiences, even without explicitly saying
something is “easy” or “trivial”, the tone or body language of instructors can also convey similar
message that can discourage students. In addition, instructors may not even realize it when they
are conveying this kind of message to students. Fem later repeated that “It's never their intention”;
however, it still negatively influenced her. It is important for instructors to understand that it is
really the effects of instructors on students that matter rather than instructors’ intentions.

In addition to body language, when instructors respond to students’ questions quickly and

carelessly or they show lack of interest in students’ questions, this can also convey the message
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that students’ questions are not good, worth asking or important. Hailey recalled that in office
hours, her physics instructor seemed to be more interested in hard physics questions (usually asked
by male students), which made her nervous about asking homework questions.

Hailey: Even though he's like, “Oh yeah, come ask me questions”, he didn't really seem
like he was interested in helping me... he seemed like he was interested in answering what he
considered to be good questions about physics whereas like, 1 just wanted to know how to do
homework, you know?

Shreya narrated that the quick and careless response from her physics instructor was very
discouraging for her.

Shreya: When 1'd asked him about like specific things, he'd just be like, “Oh, I think you
should just review this topic” ...I think it definitely deterred me from asking more questions.

As we can see from the experiences of the interviewed female students in physics courses,
the discouraging and belittling comments from instructors made students feel less comfortable or
outright uncomfortable to ask questions because they worried that their questions were not good
enough and felt nervous about showing that they did not know something. Moreover, many female
students reported that these discouraging behaviors of physics instructors are contagious. For
example, Samantha mentioned that she noticed that after physics professors used “easy”, “trivial”,
and “obvious” in their lectures, her male peers started to pick up these cues and used these terms.

Samantha: “Oh, this is trivial, and you should know this right?” I did not encounter that
phrase during high school. And then when I came to college, | heard professors start to use that.
And then shortly after | heard the professors use that, | started hearing my [male] peers say that,
and | feel like it's something that's almost like also taught along with the curriculum, [it] is like,

this is how physics culture is.
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This experience of Samantha is consistent with our interviews with other female students,
many of whom reported being also talked down and disparaged by their male peers during physics
learning.

(b) Belittle students’ efforts

This code refers to situations in which students described receiving negative recognition or
lack of positive recognition for their efforts, improvement, and achievement. For example, Suzie
shared the following example of her instructor giving negative recognition to students routinely:

Suzie: The instructor usually begins the classroom by saying “You guys aren't serious
about this class because you're not doing well on the work”, and I'm just like you don't have to
tell me that, you don't have to start every class with that, | don't want to hear.

Suzie mentioned that these comments discouraged her and her peers from working hard in
this course because their work was never recognized by the instructor. In addition to negative
recognition, lack of positive recognition can also discourage students. For example, Maya noted
that even small recognition or acknowledgement could encourage her; however, she never gets
any when asking questions to her college physics instructors and TAs:

Maya: [When asking questions to physics instructors or TAs], | usually clearly show that
I'm reading the material and | understand what's going on, but there's a certain concept that |
don't understand. However, I've never been told directly like, “Oh, you're doing a good job”, or
like, “No, you got it, you're just making a simple mistake” or something like that. So I guess 1
never really had the reinforcement, from a professor or TA of like, “You're being too hard on
yourself”.

Lack of positive recognition or acknowledgement can make students worry about whether

their work is good enough even though they might actually have done well, which may impact
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students’ self-assessment and self-efficacy [25]. This is especially true for students who are
underrepresented in physics, a field with strong stereotypes about who belongs and can excel in.
Lack of positive recognition has negatively impacted the entry and retention in physics related

disciplines for decades.

4.5.1.2 Feeling Marginalized Due to Differential Gender Dynamics

In our analysis, 37% of the interviewed female students reported experiences that were
coded under the subtheme feeling marginalized due to differential gender dynamics, which
includes two codes: differential treatment of female and male students and letting men dominate
the class.

(a) Differential treatment of female and male students

This code refers to situations in which instructors and/or TAs respond to or treat women
and men differently when interacting with students. For example, Amy shared her experience in a
college physics recitation:

Amy: There have also been times, where I've interacted with, very sadly, a TA who has sort
of brushed off my question and then answered a guy's question in my group or came into the room
and only greeted the guys in my group and not greeted me.

Amy further mentioned that even though she thinks this experience is not necessarily
aggressive or outright offensive, it makes her feel that there is a difference in the treatment of men
and women in this field. In our interviews, we found that the differential treatment of women and
men also happens in other STEM courses and sometimes in STEM courses even before college.
For example, Shally shared her experience of how her instructor in a coding course provides more

detailed answers when answering men’s questions:
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Shally: Sometimes when the girls mess up in the class, he's [the instructor] just like “okay,
Jjust share your screen, like I cannot understand what you're talking about” and then when it's the
guys, he's like “oh we'll just do this, do this, do this, like...”

Mila shared a similar experience in her high school chemistry class:

Mila: When a guy is asking question to him [the instructor] he would be like “oh that's a
really interesting question, let's look into it more”. For mine, he'd be like “oh it's like we've been
over this before” and it's like okay, just because my question is more simplistic doesn't mean that
[it is not worth going over] ... you know what [ mean?

Mila also mentioned that this high school instructor “sometimes would be too busy playing
a chess game with one of the guys to like actually [bother to even] answer my questions”. \We can
see from these examples from Amy, Shally and Mila that they felt that the instructors or TAs gave
more detailed feedback and answers to male students than they gave to female students, which
usually made the female students feel that their questions were not as important or good as male
students’. In our interviews, we also found that sometimes female students felt that the instructors
overexplained something to women but not to men during office hours, which was perceived by
them as being due to the instructors’ low expectations of them and thinking that they did not know
much physics. This type of behavior can also discourage female students. For example, Lucy
shared her experience in physics office hours:

Lucy: I remember going to office hours with one of my female friends. And we were waiting
outside. And then two of the guys that we knew from class came out, and then we went in and like,
whenever we'd ask this professor question, he would just kind of like, work out the whole problem
for us. Even though we just asked for like one little thing, we had done most of it ourselves already.

When we asked for like one part of a five-part question, he went over the whole problem from the
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beginning. And then like we compared notes with the two guys who were there before, and they're
like, “yeah, he didn't do that for us”.

Both Lucy and her female friends wondered whether it was because the instructor did not
trust their answers to other parts of the question. The fact that the instructor did not answer male
students’ questions in this way made these female students feel that this instructor had lower
expectations of women. In addition, the interviewed female students also reported that instructors
sometimes used humiliating sexist language and explicitly showed biases toward women in class.
For example, Evelyn shared her experience in a college physics class:

Evelyn: There's like a group of girls that are also next to each other, they're really good
friends. And he [the instructor] called on one of them. And she didn't know the answer. And he
was like, “did you read the book?” And she said, “No, I haven’t read yet” ... And then he was
like, “what, so all of you are just in college for the social aspect?” And that was, everyone was
just like, kind of like, visibly like, Oh, that was a really weird thing to say to a group of girls who
were like friends...

Evelyn also recalled that because it was only the second day of class, actually no one in the
class had read the book yet by adding:

Evelyn: [the instructor] was like suggesting that maybe like they [the group of female
students] are only going to school because they want the image or that they have ulterior motives
[for being in physics] or as though they're not really passionate, hardworking scientists, which
they absolutely are...I think it's kind of just like ingrained sexism and like, misogyny ... I think that
there is some part of him that maybe thinks that women don't take it as seriously as men do. And

he might not even be aware that he feels that way.
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Evelyn also mentioned that even though there had been times when she noticed that several
physics professors’ behaviors were not appropriate, she had never said anything to the professors
or reported her experiences to superiors because she thought, “what's it gonna matter?”. In
addition to Evelyn, other interviewed female students noted that they felt hesitant to communicate
their feelings to the instructors or report their experiences because they worried that this will
influence how the instructors think of them and even jeopardize their course grade. It is clear from
the interviews that the lack of safe and effective ways for students to communicate their negative
interactions with instructors and TAs and their overall learning experiences is itself very
problematic.

(b) Letting men dominate the class

This code refers to situations in which the instructors and/or TAs let men dominate the
class and the classroom dynamics dominated by men makes women feel marginalized. Elaine
shared her experience in a physics professor’s office hours, in which she felt being marginalized
in this way.

Elaine: I wasn’t a very big fan of like, how he [the professor] did them [office hours].
Because if you’d like had a question, he gives you like, just like a tiny bit of information and wants
you to just know what that means... or like, sometimes you’d ask a question, and he’d be like, aah,
this person [a male student in the office hours] can explain that ... that was like, really
embarrassing for me... it made me feel like lesser than people who were supposed to be my peers.

Elaine mentioned that maybe the physics professor thought that having students explain
physics to their peers can reinforce their learning, but to her, “it felt kind of like, degrading, having
a [male] peer explain something that | asked to a professor, you know? It felt like, my question

wasn 't important enough to be answered [by the professor].” In addition, in the office hours, this
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professor usually gave “just a tiny bit of information” for Elaine’s questions, while spending a lot
of office hour time answering male students’ questions even though many of their questions were
not very relevant to that physics course:

Elaine: I think another problem with the office hours is that there were also a lot of boys,
they're trying to show off, and they asked like, very deep questions and stuff that wasn't like really
important [for that physics course] ... I showed up at office hours to get help with the homework
that | needed help with. And they'd be asking totally random questions about like one very, very
specific thing. I was just kind of annoyed that they were like talking about something so irrelevant
when | needed help with something more tangible. But also, it kind of was annoying that the
professor spent so much time answering their irrelevant questions when I had like, actual problems
with the material we were learning in class.

Elaine mentioned that this also happened in her physics TA’s office hours and she
sometimes ended up wasting a lot of time as in this situation described below:

Elaine: [The TA’s] office hours were like, two hours long. And we spent the first hour
answering one guy's question that had nothing to do with what we were learning. So | just sat there
for an hour, like trying to interject, but like, my TA, just kept going on and on about this, like,
irrelevant subject. And I don't know, I just feel like it's, like, those questions shouldn't be prioritized
[in office hours].

As we can see from Elaine’s experiences, the physics offices hours are sometimes
dominated by male students. She felt that the professor and TA did not make efforts to balance the
time they spent on each student and, on the contrary, they showed more interest in male students’

questions, which made female students like her feel marginalized. Elaine noted that after these
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experiences, her interest in the course decreased and she stopped going to the office hours because
“It just felt like I wasn't supposed to be there. That wasn't the right course for me.”

In addition to office hours, the interviewed female students also reported that they
sometimes felt being talked down to or marginalized in group learning situations especially when
they were the only female student in the group with several male students. Emma shared an
example of her experience as the only woman in a physics learning group with three male students
in an online collaboration over Zoom during the pandemic:

Emma: We had this, like a weekly assignment, and | was the one like writing down the
answers and turning in ... I was [the] only one that put my camera on and unmute. [When] | asked
questions and then they wouldn’t answer them, [ would basically have to do it by myself. After two
to three weeks, I was like “hey guys I’ve been writing down the answers for a while, I think it’s
someone else’s turn to do it . SO then, as soon as one of the guys started writing down the answers,
the rest of the guys started participating...

Emma further noted that she felt very sad and helpless, and attempted to find resolution by
reporting these experiences to her male physics TA:

Emma: | had like no patience left...it was bad and I started crying and I went to the TA,
and I was like “I can't be in this group anymore, they don't listen to me, didn't even call me by my
name, they called me ‘the girl’ to my face ... My name is on the [Zoom] screen, it's not that hard”
...He [the TA] was just like “It doesn’t matter, this is such a low stakes thing, it's just a
participation grade. If you don't want to participate with them, just try to practice problems on
your own, why are you worried about how your group was doing?”.

As we can see from Emma’s experience, the male TA did not help her resolve this problem,

and he did not even validate her feelings. Emma further noted that, for the rest of the semester, she
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just turned off her camera and microphone and worked on her own during the times assigned for
group learning, in which students were supposed to co-construct knowledge in a collaborative
environment. Emma’s example is consistent with prior studies [75,138] showing that in a non-
inclusive and inequitable learning environment, female students cannot fully benefit from
interactive learning and gender performance gaps can grow.

In addition to being marginalized in physics learning groups, some female students also
reported being marginalized in classes dominated by male students. Paola shared an example of
her experience in a physics lab course, in which she was the only female student and all the other
male students paired with each other and left her to do the experiments alone.

Paola: “I was the only girl in that class, which is not ideal...people [the other students]
kind of paired off, like, “Hey, do you want to do the photoelectric effect with me?”” or “Do you
want to do blackbody radiation with me?”... | ended up doing that lab by myself. The first few
weeks were fine, because it was like programming and stuff, which I'm obviously comfortable with.
And then for the first like, intensive lab that we had to do for that class, I didn’t have a partner, so
| was doing like the photoelectric experiments by myself, which was just a ton of data, a ton of lab
write up. I knew, I can’t do this anymore.

In addition to having to do the lab alone, Paola also mentioned that in this lab class, “people
[male students] don't really listen to you. It's not necessarily intentional. But you suggest
something, and people just ignore you...I didn’t want to go to that class anymore...I didn’t want
to deal with the mental stress of that. Or, you know, pay money for a class I didn’t want to go t0”.
Paola ended up withdrawing from the class after several weeks. Even though she told the lab
instructor about her experiences before she withdrew, he did not try to improve the learning

environment or make efforts to help her.
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Michaela’s recollections of her physics classes, below, sum up much of what the other
interviewed female student discussed in their narratives:

Michaela: I never felt like they [her physics instructors] were encouraging women... The
men in the class, were kind of like, already dominating conversations, they [instructors] would
kind of answer those [men’s] questions and go on with whatever they [men] were thinking. They

kind of focused on that as opposed to encouraging women to share their ideas and ask questions.

4.5.1.3 Feeling That the Physics Learning Environment Is Unsafe

In our analysis, 29% of the interviewed female students reported experiences that were
coded under the subtheme feeling that the physics learning environment is unsafe, which includes
two codes: condescending or intimidating behavior and cold calling.

(a) Condescending or intimidating behavior

This code refers to situations in which female students noted that the instructors and/or
TAs displayed a feeling of patronizing superiority when answering student questions or caused
them to feel fearful about not knowing, which can deter them from asking questions and
communicating with instructors and TAs. Madalynn shared her fear of going to office hours for
her physics courses:

Madalynn: | feel like it's intimidating sometimes to go to professor's office hours. | don't
want to go in there and look like a complete idiot... Sometimes, in office hours, you get a professor
who's like “You're really asking me this question?” It's like, that's just what I want to avoid.

Angelina shared an experience about feeling intimidated in a synchronous online class.

Angelina: The teacher would be harsh when people asked “not good” questions... He’d be

like “You don't understand what you're asking!”, then he might call you out for it, SO quite a few
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people were like a little scared to ask questions, because if you don't ask the right question, you
might get him annoyed.

As we can see from Madalynn and Angelina’s experiences, they were not only discouraged
but also intimidated by their instructors. Angelina added that the instructor disabled the chat
function, so students could not type their questions in chat. In addition to implicitly being harsh
on students, the way instructors ask or answer questions can also be intimidating to students. For
example, Mary shared how intimidated she was when she saw how her physics instructor answers
students’ questions in his office hours:

Mary: He [the professor] had been talking about like, you should answer questions until
you don't know...and then you should look for ways to figure out how. If you want, I can help you
with that...And while | was there [in his office hours], this other kid in the class had come. [The
professor] would basically ask him questions until he didn't know stuff... And I was like,
intimidated by this other kid in there doing that, well, I had a really dumb question to ask...

Even though Mary’s instructor may want to use this Socratic method to encourage students
to find out the answers by themselves, the way he did it during office hours might make students
even more nervous about not knowing and feel unsafe to expose their struggles. This is particularly
true for students from the marginalized groups in physics such as women.

In addition to feeling intimidated by instructors, the interviewed female students also
reported that sometimes physics instructors may create a stressful learning environment in which
top performance is over emphasized. For example, Evelyn shared an experience in one of her
physics courses.

Evelyn: He [the professor] would announce names and grades of high scorers [in front of

the class], which I thought was kind of weird because it was like if you weren't in the top and then
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everyone knew what your score was almost... I don't know what the purpose of that was, maybe
like to chase the glory of being, having your name called in class, which is just kind of weird to
me...I think this is like a weird environment... [my score] shouldn't be anyone's business...I think
everyone [other women she talks to] thought it was really weird.

Evelyn further mentioned that announcing names of top students may promote an
unhealthy competition. This may foster a fixed mindset in the classroom, especially when most of
the top students are men, because due to societal stereotypes and biases, the words “brilliance” and
“intelligence” are associated with men.

In addition, the interviewed female students also reported that some of their instructors
were condescending when answering questions. Hailey shared her experience in her electricity and
magnetism course:

Hailey: | just did not feel comfortable with him [the instructor] at all. I didn't feel like |
could ask him questions without fear of like being mocked or something like that. So, if I had any
questions about that, I would talk to my friends... this professor [also] didn’t mind mocking like
humanities majors and classes and stuff like that, and saying like, “Oh, like they're not as hard as
physics and stuff” ...he could be pretty condescending even in class. I just didn't really want to be
around it.

Hailey noted that she did not think that talking to this professor would have helped her
because, “he wouldn't have listened...there just seemed to be no connection between him and the
Students... it didn't really seem like he had any concern about making a positive learning
environment”. She mentioned that it is also true for many other physics instructors because “They
seem like set in their ways, and not really open to other opinions”. Hailey’s experiences indicate

that it is necessary to provide professional development and train physics instructors to help them
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realize their responsibility in building an inclusive and equitable learning environment and they
need to make intentional efforts to build such an environment in which all students feel safe and
can thrive.

(b) Cold calling

This code refers to situations in which women described instructors calling students to
answer questions at random or asked them to share answers in front of their peers. Even though
the instructors may think this is a good strategy to engage students, many interviewed female
students noted that they did not like it and this approach made for a very stressful environment for
them. For example, Evelyn shared how students like her felt when a physics instructor randomly
called on students.

Evelyn: " He [the instructor] had this Socratic method, which is like he kind of puts people
on the spot. It is kind of stressful, because it feels like going in class... you're just like a sitting
duck, waiting to be called out...I know a lot of people don't like that and think it's like a stressful
environment.

Maya shared a similar experience in which she and her female peers were concerned about
being called randomly in a physics course:

Maya: I've spoken with all the women who I sit with at the beginning of the semester. When
we heard that he [the instructor] likes to call on people at random, there was one spot in like an
initial thing where you wrote your name, year, background and stuff. And then [there was a
question] “Do you have any concerns about this course?” All of us were like, can we write that
we don't want to be called on at random? We literally talked about writing that in the concerns for

the course.
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Maya mentioned that despite writing that, they still ended up being called randomly to
answer questions in the course. She further noted that the reason they do not like cold calling is
because they worry about getting the answers wrong in front of the whole class adding, “but |
guarantee our professor isn't even really thinking about it... They're just doing it”.

In addition to being randomly called in class, similar situations can arise in office hours.
For example, Mary shared her experience in a physics instructor’s office hours:

Mary: His office hours were just largely very overwhelming to attend. He would ask you
to write stuff on the board in front of the whole group. It was very intimidating, especially because
| was there to ask for help. And so like, I didn't know how to do the stuff he was trying to ask us to
do.

Mary further noted that male peers were already showing off and she did not want her male
peers to think she is not smart and ““I felt like I had to prove it to them that I was smart enough”.
As we can see from the interviewed women’s experiences, cold calling may increase students’
anxiety, particularly if they are from marginalized groups, which is consistent with prior studies
[139,140]. Moreover, the anxiety caused by cold calling may increase stereotype threats for

students from underrepresented groups such as women.

4.5.1.4 Feeling Negatively Recognized about Their Abilities and Potential
In our analysis, 16% of the interviewed female students reported experiences that we coded
under the subtheme negative recognition for students’ ability and potential, which includes two

codes: underestimating students’ ability and fixed mindset about students’ potential [114].
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(a) Underestimating students’ abilities

This code refers to situations in which instructors doubt students’ ability to do well in a
task or have low expectations of students. For example, Paola shared an experience of consulting
with her physics department academic course advisor about the courses she wanted to take.

Paola: I said [to the advisor], “I'm gonna take that computational physics class... it's like
coding and | have taken the entire CS [computer science] core [courses], so that's fine. And I've
programmed in Python for work”. And he's like, “Well, it's really project heavy.” ... It just felt
like he’s just trying to dissuade me. He just kind of kept saying things like, well, it's really project
heavy. And I was like, I'm taking CS 1501, which is like an algorithm’s implementation course,
which is like a weeder class for CS. | got a 90 for my midterm. It's really project heavy. | can do
coding projects like I've been doing that for a while. I've had to code like three years ago, it's
fine... He’s like, “well, it's gonna be hard” and I was like, what? | know how to code. You can
look at my transcript, I've taken more programming classes than probably most of the guys. So
why are you saying this to me?

As we can see from Paola’s experience, the academic course advisor implied that the course
she wanted to take was too difficult for her. Even though after Paola showed that she had enough
coding experience to take this course, the advisor still doubted her ability, which made her
frustrated. Paola further added that this actually was not the first time she had such an experience
pertaining to physics related course work. Her previous academic course advisor in the first year
before she declared the physis major (students usually declare physics major in their second year)
also didn't trust that she could take an advanced calculus course, “He was like, are you sure you
should take calc 111?”. Even though Paola took this course anyway, she said that she was

“annoyed” by people who keep doubting her ability.
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During the interviews, other female students also related similar experiences and they also
reported examples of other female students going through similar experiences. For example,
Evelyn shared an experience of one of her female peers who did undergraduate research that
required extensive coding being dissuaded from taking the computational physics course with
another core class in physics.

Evelyn: My friend went to her advising appointment. She wanted to take the computational
methods [in physics] that [is] like coding class, and her advisor was like telling her she's really
going to struggle with it, like it's really difficult and like he doesn't think that she should take it
with another core class... And she was really offended because...she was like, “why does he think
that I'm not gonna be able to handle this coding class”. And it's particularly strange because her
[undergraduate] research is coding. She codes in Python every day for hours, and she's really,
really good at it. So it was weird that he [the advisor] would kind of assume that she's gonna really
struggle with this class and she couldn't handle the workload with other things. Particularly
because other people like men were like, “he's [the advisor] never said anything about that to me”
...that was really frustrating.”

Evelyn mentioned that witnessing this makes her think that the professor may have lower
expectations of female students and added that “Actually, it happened two semesters in a row. He
did it again this semester. He was like, I think you should wait on that class, because coding is
very difficult. And she's in it now and it's a breeze.” Many interviewed female students mentioned
that this type of experience makes them really want to prove to others that they deserve to be in
physics, and they are as capable as men are, but this feeling sometimes caused extra pressure on
them as female students in physics courses. These findings are consistent with prior studies

showing that negative stereotypes about women in physics may cause women to assume that they
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have to make extra efforts to succeed in physics relative to male students and their achievements
are not a reflection of how good they are in physics unlike the achievements of “successful” men
who excel in these fields without making effort [25]. Likewise, women in physics courses might
undergo additional stress and struggle to demonstrate their skills to be valued equally as men in a
classroom in which they are underrepresented. These pressures may partially explain the finding
in a prior study that female students are more likely to drop out of STEM majors such as physics
than their male peers who earn the same grades [141].

In addition to lack of recognition and encouragement, the interviewed female students
reported that sometimes micromanagement can also make them feel that physics professors do not
trust their ability. For example, Mckinley shared her experience working as an undergraduate
researcher with a physics professor in his lab.

Mckinley: If I was asking him [the professor] a question on how to input a command into
a Linux computer... He was like leaning over my shoulder and like telling me one key at a time
what to type instead of just trusting me to be able to spell the word ... It was weird being
micromanaged in the places where I've felt pretty confident in myself. So it was just like a
frustrating experience.

Mckinley noted that on one hand this professor micromanaged her on the things that she
was confident with, on the other hand, there was no guidance when she really needed help with
the research. Finally, Mckinley left that lab because she did not think that she was given a project
that played to her strengths. In addition, she added that even though that professor has once said
that everybody can learn physics, she felt that “he didn't actually put that into practice in his own

lab, which was frustrating.”
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(b) Fixed mindset about students’ potential

This code refers to situations in which female students described instructors emphasizing
brilliance rather than effort. For example, McKinley reported that some of her physics instructors
think that only some people can do well in physics.

Mckinley: And then there really are professors here who think that some people will just
never be able to learn certain concepts.

Prior studies have shown that instructors’ mindset about whether all or only some of their
students can excel in their courses can influence students’ motivation and achievement, and
underrepresented students are more likely to be demotivated and have negative experiences in

classes taught by fixed mindset instructors [114].

4.5.2 Impact of Negative Perceived Recognition or Lack of Positive Recognition from

Instructors/TAs on Students’ Self-Efficacy and Interest

In the last section, we discussed different types of negative perceived recognition or lack
of positive recognition from instructors and/or TAs. In our interviews, we found that these
experiences of not being appropriately recognized often had a negative impact on female students’
learning and physics motivational beliefs such as their self-efficacy and interest. In addition, the
lack of appropriate recognition can influence female students’ persistence and retention in physics
and other STEM majors.

For example, Raina shared the feeling students might have when physics instructors

assume that something is easy for students:
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Raina: The professors just expect you to completely understand it and so that can be very
discouraging sometimes because, they'll just like go on and assume you know things...That can
cause a lot of students to just be like I'm doing so poorly, like I am not confident and stuff like that.

In addition to discouraging students, negative recognition can also cause students to doubt
their ability to do well in physics. For example, Hailey shared her feelings when she received
negative recognition from her physics instructor.

Hailey: [I am] like having this professor who didn't seem [to think] my questions were
valid...It just made me feel like stupid... and like other people in the class were smarter than me
and like | wasn't capable of doing well.

Evelyn had similar feelings when she was told by physics instructors that something she
had struggled with was easy:

Evelyn: They [physics instructors] say like, this is trivial, this is easy, this should be
obvious. So then, if you don't think that, you immediately, you're like, oh, there's something wrong
with me. I'm like, I'm missing this super obvious thing.

As we can see from these examples, when physics instructors belittle students’ difficulties,
questions or struggles, students’ self-efficacy can be negatively impacted, and they may even think
“there's something wrong with me”. The situation can be worse if the same instructors show more
interest in and patience for men’s questions because it can convey to women that they are not as
capable as men. Amy shared her feelings after she was consistently ignored by her male TA, who
“brushed off”’ her questions and answered the questions of male students in her group.

Amy: ...anytime that I made a small mistake, | felt like it was completely larger than it was,
and | felt like I had made a grave mistake and | was not as smart as my classmates. Even if it was

just typing something incorrectly into my calculator. Every little thing that I did incorrectly or
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every time that I wasn't listened to, I thought it was because of me, and because of my academic
success and my personal knowledge...

Amy added that these types of experiences made her feel that she did not belong in physics
and also made her start to lose her interest in physics and her desire to major in engineering because
physics courses are required for engineering students:

Amy: They made me feel as if | didn't belong, which made me question, why am | here in
the first place? Am | really interested in this? Do I really want to be here, meaning like in the
engineering school...? And for me that [the experiences in the physics course] was a big reason
why I was thinking of switching out of engineering...

As we can see, not being appropriately recognized and validated by physics instructors or
TAs can negatively impact student’s self-efficacy and interest and also increase anxiety and
stereotype threats of these students from marginalized groups. This can further influence their
persistence and retention in physics and other related STEM majors. In addition, female students’
self-efficacy and interest can also be impacted if instructors let the class be dominated by men and
let women feel marginalized. For example, Katie shared her experience in a physics course.

Katie: | guess in that class there were a lot of people who would just ask questions to show
that they 're smart like that they know what they 're talking about. I was like, I don't even understand
your question, I don't know what you're asking ... They were all male, | don't even know how many
girls were in that class, but it seemed like you only heard from the boys ever. It just kind of seems
like they're [instructor and male students] like off in their own little world talking about something
that the rest of us don't understand.

Katie further added that the physics instructor talked very fast in class, and she had to re-

watch the lecture videos and put it on half speed (these were online classes during the pandemic).
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At the same time, the way some of the male students who dominated the class talked made her feel
that the male students in general seemed to know what was going on in the class. Moreover, the
professor gave very low scores on exams. Katie said that she put in a lot of effort in this course but
still got 30% on a test and 60% after curve. These experiences strongly impact her interest and
self-efficacy in physics.

Katie: | hated physics. I just hated it so much. Anytime somebody would bring it up, I would
like shudder... I cannot put into words how much I hated that class. I was like I can’t do
engineering, because I don’t like this class ... I really was like about to switch and do something
else...I was like maybe this isn’t for me, some people really seem to know what they’re talking
about, like maybe it’s just a me problem.

As we can see, both Amy and Katie considered switching out from an engineering major
because of their negative experiences in physics courses. In addition, our interviews suggest that
physics majors may also switch out of physics due to negative recognition. For example, Elaine
shared many experiences pertaining to how she felt negatively recognized in physics courses, for
example, how her questions were belittled by physics instructors in office hours and how the
physics courses were dominated by men. She mentioned that the only reason she is still a physics
major is that she has dreamed of becoming a physicist from age 12 and she wrote her dream down,
keeps it with her and reads it whenever she feels discouraged and wants to quit.

Elaine: I think what I'm trying to say is, | would not have been here still if I hadn't been so
focused on my reasons for being here. Because there have been so many times where I've been
like, I don't even know why I'm doing this ...

Elaine also mentioned that she had female peers switching out of the physics major because

of lack of recognition and support.
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Elaine: 1 know four separate girls who were planning on majoring in physics and
astronomy, but after the intro courses, they were too discouraged and switched out... which is
really sad because I think they could have done it...it's hard, since there's not a lot of support.

As we can see, negative recognition from instructors/TAs can impact students’ self-
efficacy and interest in physics, which have been shown to be very important for student
engagement, performance, and retention in physics. Our interviews show that female students may
switch out from their majors because of the discouraging experiences they had in physics courses.
Therefore, instructors and TAs should realize that it is their responsibility to appropriately
recognize and support students and make intentional efforts to build an inclusive and equitable

learning environment in which all students can thrive.

4.5.3 Positive Recognition from Instructors/TAs and Its Influence on Students’ Self-

Efficacy

In previous sections, we discussed different types of negative perceived recognition/lack
of positive recognition and their impact on female students’ self-efficacy and interest. In our
interviews, four female students shared their experiences of being positively recognized by physics
instructors, which helped their learning and boosted their self-efficacy. In addition, some female
students also shared their experiences in other courses (not physics) that made them feel positively
recognized. In this section, we will discuss examples of how some instructors positively
recognized students.

In our interviews, we found that explicitly recognizing and validating students’ ability can
help them build their physics self-efficacy. For example, Hailey shared a positive experience

communicating with her quantum mechanics instructor:
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Hailey: My quantum professor, he's doing an excellent job at seeing what the students
want...1 feel like really supported in that environment, especially like, when I go to office hours...
this professor literally said to me, like, “I think that you're just struggling with some of complex
math stuff, but you're good on the concepts, you're doing well for where you should be”. That was
really encouraging because quantum is difficult for me at this time and it would definitely be easy
to just feel overwhelmed...But the fact that this professor literally was like, “No, you are doing
well, and you're capable of doing this.”, it just makes me want to try so much more. And it makes
me feel like I really am capable of doing it.

Hailey further added that this kind of validation is not typical of what she is used to getting
from physics instructors so it feels strange to her:

Hailey: ... I feel like supported in the class, [it] is just like so strange, but in the best way...1
enjoy the class so much more and I feel really motivated to study especially compared to my other
core physics classes...

As we can see, positive recognition from instructors has the power to encourage and
motivate students to work hard and boost their self-efficacy. Hailey used the word “strange” to
describe her feeling of being supported by only one of her physics course instructors, i.e., such
affirmation was not typical which is sad because this should be the situation in all of her physics
courses.

In addition to explicitly recognizing students’ ability, encouraging students to pursue their
goal is also positively recognizing them. For example, Katie shared her experience of talking to a
physics instructor when she felt overwhelmed:

Kaylah: I really liked him as a professor...I was like, have a hard time getting concepts

and stuff and | went to his office hours a couple of times at the end of the semester. | was like
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telling him how much | was kind of struggling or like worried about this class. And I told him, |
wanted to be a physics and astronomy major. And he was like, “Oh, I don't think you should be
discouraged by this one class. And if you really want to do this, you should keep trying”. And so I
[kept trying and] did pass that class...

As we discussed in earlier sections, interviewed female students often reported that asking
questions to some physics instructors could be quite intimidating. On the other hand, Evelyn’s
account below suggests that a physics instructor who acknowledges that struggles are normal may
reduce students’ fear of asking questions or making mistakes:

Evelyn: When | was in his class, he told me he went to Harvard | think and he was like,
“Yeah, I got like a 20% on my first test” ... that just shocked me cuz I, I was like, wow ... this person
that | thought was just like this, you know, perfect academic like genius also struggled in the same
way that I struggled and is now like a professor, you know, doing research... that just really altered
my perspective of it. Because now it's easy to think of your professors as just like a flawless genius
and they're just like constantly judging and grading you, but it's helpful when they open up and
tell you what their experiences are and that your experience is normal, and you don't need to freak
out about whatever you're thinking...

In addition to physics instructors, the interviewed female students also shared experiences
of feeling positively recognized by instructors of other courses. For example, Suzie shared her
experience in her chemistry class:

Suzie: | like to hear when my professor knows what students tend to struggle with and why
they struggle with something. For example, if she sees something that in general students have
trouble with, she'll say, students tend to have trouble with this part specifically, so focus more on

this when you're studying. And | enjoyed that because it tells me specifically where I might struggle
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with and | don't feel as bad when | do struggle with that topic, because | know that other students
in the past tend to struggle with it...

As we can see, Evelyn’s and Suzie’s instructors help students to realize struggles are
normal by sharing their own experience or sharing prior students’ struggles. Sometimes,
instructors can even help students by normalizing struggle by showing in a visual manner that
many students have similar questions that they do not know the answers to:

Raina: My chemistry teacher would always encourage us to ask questions...Like one time,
when someone had a question and asked it, he stopped the class and was like, “How many of you
are also thinking this question?” and like half the class raise their hands. So it was like half of the
class had the same question, but everyone thought that they were like the only person that had the
question, so it was like very helpful to like visually see how so many other people were also
confused on the same topic like. | feel like that definitely made it very easy for me to just like
realize, oh like I'm not the only one that's confused all the time.

These examples show that after students realize that struggles are normal, they are not the
only ones who are confused, and the difficulties can finally be overcome by working hard, they
tend to be less nervous about not knowing or making mistakes. This can be helpful for developing
their self-efficacy and interest. In addition, when students ask questions, instructors who recognize
students’ effort and ideas come across as more approachable for students. For example, Mila
shared how her math instructor explicitly recognized students’ questions and/or thoughts:

Mila: ...my math professor, he always says, “you know, that's a really good question let's
look into it and kind of go through it” rather than just, “this is the answer”...And then he kind of

makes you feel like, “Okay, thank you for thinking about this in a different way, we can answer
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this so you can understand it better”, not just I'm answering your question to shut you up and get
you out of the way.

Helen shared a similar positive experience in her math methods in physics class, which
influenced her self-efficacy in this class:

Helen: The [math methods/ professor is very open to questions, and he's really nice ... he
will not make you feel like stupid for asking the question or anything like that. And like, anytime
you want to, like go up to his office and ask a question, he is happy to help. And that just like makes
a difference in how well | feel like I can do in the class.

The interviewed female students also mentioned that interpersonal communication with
instructors and advisors is very helpful for their learning because their personal life and academic
life are so deeply intertwined. For example, Charlize shared her experience with her academic
advisor through her sorority.

Charlize: She's really nice about like, sitting down, just because | had some classes that
didn't go so well. And so she sat down with me... just to like plan out the rest of my steps to
graduation and things like that... Every time we go, we print out another copy of the physics major
requirements and figure out what I've done and what | haven't done and how to make my next
semester, like, minimize the stress from classes and things like that.

Charlize added that personal attention on specific issues she is having has been extremely
beneficial to her:

Charlize: That's been really helpful just because | feel like it's like, for me, it's really having
her because she asks questions about my life and like I can tell her all like the issues that I'm
having and things like that. And she'll listen and like talk to me and like, more like interpersonal

interaction added to that has been a really helpful thing for me...
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As we can see from Charlize’s experience, in addition to clearly communicating that
difficulties are a normal part of learning and being open to questions, it is also important for
advisors and instructors to provide students with appropriate guidance and support and let them
know that they believe that they can do well, and they are always there to support them and

brainstorm with them about the challenges they may be facing.

4.6 Summary and Discussion

There have been many efforts to understand the underrepresentation of women in STEM
fields such as physics. Studies have shown that students’ motivational beliefs such self-efficacy
and interest can influence their persistence and retention in a field [20,37,41,44,45,48,63,73]. Prior
quantitative studies have shown that female students usually reported lower physics self-efficacy
and interest than their male peers [38,135,136]. In this study, we provide narratives from female
students about their experiences in physics courses, which can help unravel some mechanisms for
why they consistently report a lower level of motivational beliefs than men. In particular, we
conducted interviews with female students enrolled in physics courses to investigate their
experiences and perceived recognition from instructors and TAs and the relationship between
perceived recognition and students’ motivational beliefs such as self-efficacy and interest. Our
results indicate pervasive existence of negative perceived recognition or lack of positive
recognition from instructors/TAs for female students in the current learning environment. In
particular, the negative perceived recognition or lack of positive recognition was categorized into
four categories: (1) feeling belittled for questions or efforts, (2) feeling marginalized due to

differential gender dynamics, (3) feeling that the physics learning environment is unsafe, and (4)
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feeling negatively recognized about their abilities and potential. We found that female students’
perceived recognition from instructors/TAs often impacted their self-efficacy and interest and can
influence their retention and persistence in physics and other STEM majors. Our findings suggest
that it may be beneficial to do professional development for instructors and TAs to help them
realize their responsibility to appropriately recognize and validate students and make intentional
efforts to develop an equitable and inclusive learning environment in which all students can thrive.

We find that the most common negative perceived recognition from instructors and TASs is
feeling belittled for questions or efforts. When students are confused about a new concept or have
questions, the words “easy”, “obvious” or “trivial” from instructors and TAs can convey to
students that if they cannot do such easy problems on their own, they may not be smart enough to
do physics. We find that this message from instructors and TAs can be conveyed not only via
words, but also via tone and facial expression. This situation is exacerbated when the same
instructors/TAs show interest in other students’ questions (especially those from male students)
because due to societal stereotypes and biases, the words “genius” and “brilliant” are associated
with men, and thus the dichotomy in the instructor/TA responses to female and male students’
questions can reinforce the negative recognition received by women [83]. Moreover, our
interviews show that instructors’ use of the words “easy”, “obvious” or “trivial” for physics
problems can be learned quickly and used abundantly by students (particularly male students)
when communicating with other students and contributes to the toxic culture of physics.
According to our interviews, belittling students’ questions usually caused female students to feel
nervous about not knowing physics concepts and made them feel less comfortable about asking

more questions to the instructors/TAs to the extent that some of them completely stopped going to

the office hours.
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Our interviews also show that when female students made efforts or improved, lack of
positive recognition and affirmation by instructors/TAs can also be discouraging. Students may
sometimes worry about whether lack of positive recognition is because their work is not good
enough even though they might actually have done well. Thus, a lack of positive recognition can
impact students’ self-assessment [25]. Moreover, we find that if instructors and TAs convey a
doubt about female students’ ability to do well in physics or convey a low expectation of them,
students can also start doubting their ability even more and their persistence and retention in
physics related majors may also be impacted. These findings are consistent with prior quantitative
studies showing that women with A grades have the same self-efficacy level as men with C grades
[38], and women quit the STEM majors with significantly higher grade point average than men
and sometimes the women who quit on average have the same grade point average as their male
peers who stay [141]. Eileen Pollack, the first woman to get a BS degree in physics at Yale
University, has provided an excellent illustration of the effects of a lack of positive recognition in
her memoir [142]. As a child, Pollack wanted to be a theoretical physicist, but after graduating,
she eschewed her childhood dreams and decided instead to pursue graduate work in English. In
her book, she recounts how she felt when she was dismissed by her instructors and even her
undergraduate thesis adviser after solving a theoretical problem for her thesis: “When at last I
found the answer, I knocked triumphantly at my adviser’s door. Yet I don’t remember him praising
me in any way. | was dying to ask if my ability to solve the problem meant that | was good enough
to make it as a theoretical physicist. But I knew that if I needed to ask, I wasn’t.” There are many
Eileen Pollocks out there who will not narrate the impact of the negative recognition or lack of

recognition on their career trajectories in memoirs.
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In our interviews, we also find that perception of an unsafe learning environment can be
perceived by female students in physics courses as negative recognition by instructors/TAs who
are in powerful positions. For example, female students narrated that some instructors or TAs were
“condescending” or “intimidating”, which usually caused them to be afraid of making mistakes
and asking questions, which are antithetical to learning physics. Moreover, we found that cold
calling can also make female students feel unsafe. When instructors or TAs put female students on
the spot, they often feel very nervous and do not want to make mistakes in front of their male
peers, which can cause anxiety and rob students of their cognitive resources (since working
memory where information is processed while problem solving is limited and part of that working
memory can be taken up by the anxiety) and influence students’ performance [5,75]. If the female
students do make mistakes while being cold called or cannot answer the questions asked, this
experience can make them feel frustrated and increase the stereotype threat which can further
impact physics self-efficacy and interest.

During the interviews, female students noted that the physics courses and office hours were
usually dominated by men, and some even reported being talked down by their male peers. Also,
in most cases, instructors and TAs did not intervene to correct students’ behaviors and support
female students, and sometimes instructors and TAs belittled the problems that these students
communicated with them. As a result, these female students explicitly mentioned feeling
negatively recognized by instructors/TAs in physics courses. A recent study [143] shows that in
an equitable and inclusive physics department, when students fail to interact with each other
equitably, faculty members intervene in the student-student interactions and insist on students’
behaving appropriately and learning the norms. This type of intervention by instructors and TAs

in which they take responsibility to protect students from, e.g., sexist and racist microaggressions
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has the potential to create a more welcoming environment and ensure that all students, regardless
of the demographic groups they belong to, can excel. Our interviews suggest that instructors and
TAs usually did not intervene in the negative student-student interactions even when they were
made aware of them and sometimes they themselves treated men and women differently, e.g., by
displaying higher expectations of men, showing more interest in men’s questions or paying more
attention to men in general. These issues in the unsupportive learning environment dominated by
men usually impacted female students’ sense of belonging, self-efficacy and interest further.

We note that even though instructors and TAs sometimes negatively recognize or fail to
recognize or validate students unconsciously, they still impact students’ self-efficacy and interest.
Therefore, it is important for instructors or TAs to realize that it is the impact on the students that
matters and not their intention. Our study discussed four types of common negative perceived
recognition or lack of positive recognition by female students from instructors and TAs, which can
help physics educators to be intentional about not negatively recognizing students and focus on
positively recognizing and validating students, which is particularly critical for students from
marginalized groups such as women. Our findings can also help researchers to further understand
the role played by perceived recognition in shaping students’ self-efficacy and interest.

We also discussed examples of positive perceived recognition shared in the interviews that
boosted female students’ motivational beliefs, for example, situations in which they felt explicitly
recognized for their effort and ability, encouraged to pursue challenging goals, and situations in
which instructors/TAs were open to questions and interpersonal communication with students,
acknowledged that difficulties are normal and surmountable, and were always there to support
students in their learning. Prior studies have also shown that a social belonging intervention, which

focuses on establishing a classroom climate in which adversity is framed as normal and likely to
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be overcome by working hard and working smart and taking advantage of all of the resources, can
reduce gender differences in students’ performance [144]. Based upon our interview findings and
how much female students valued the fact that a few instructors attempted to normalize adversity,
this type of intervention might also be helpful in improving female students’ self-efficacy and
interest.

Our findings suggest that it is important to make intentional efforts to appropriately
recognize and validate students. A study found that the synergy between explicitly and implicitly
recognizing strategies used by instructors is a critical feature of effective recognition that can be
internalized effectively by the students [145]. For example, instructors can explicitly recognize
students by directly acknowledging their efforts and questions and expressing faith in their ability
to excel. They can also implicitly recognize students by valuing their opinions and assigning a
leadership position or a challenging task to students in small groups that makes them feel excited
[145]. In addition to positive recognition, instructors should be careful not to give unintended
messages to students, e.g., praising some students for brilliance or intelligence as opposed to their
effort since it can convey to other students that they do not have what is required to excel in
physics. In addition, when students ask instructors for help on physics problems, if instructors
inadvertently label those problems as “easy”, “trivial” or “obvious”, it can also make students feel
disparaged [112]. We emphasize again that in any professional development workshops for
instructors/TAs focusing on these issues, it is important for instructors/TAs to reflect upon and

internalize that it is not their intentions that matter but the impact they are having on their students.
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5.0 Do Female and Male Students’ Physics Motivational Beliefs Change in a Two-Semester

Introductory Physics Course Sequence?

5.1 Introduction and Theoretical Framework

In the disciplines of science, technology, engineering, and mathematics (STEM), there
have been efforts to enhance the participation and advancement of underrepresented groups such
as women [1,2,4,6,13,20,22,36,37,63,71]. Prior research suggests that individuals’ course
enrollment, degree attainment and achievement in STEM can be influenced by their motivational
beliefs such as self-efficacy, interest and identity in that domain [20,37,41,44,45,48,63]. For
students from underrepresented groups, these motivational beliefs might be undermined, e.g., by
negative societal stereotypes and biases about who belongs and can excel in STEM as well as lack
of role models and encouragement from others, which can lead to withdrawal from STEM courses,
majors or careers [24,28,74-77]. Hence, investigating students’ motivational beliefs is critical to
understanding and addressing diversity, equity, and inclusion issues in STEM disciplines.

For explaining participation in STEM careers, identity has been argued to be a particularly
important motivational construct [21,22,58,63]. Students’ identity in an academic domain, such as
physics, is students’ views about whether they see themselves as a “physics person” [21,22]. Prior
studies have shown that students’ identity in STEM can be influenced by other motivational
beliefs. For example, the well-known science identity framework by Carlone and Johnson includes
three dimensions: competence (“I think I can”), performance (“I am able to do”), and recognition
(“I am recognized by others”) [22]. Hazari et al. adapted this framework to physics and added a

new factor “interest”. Also, they focused on students’ beliefs about their competence and
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performance rather than how students can practice and exhibit them in class [78,79]. Moreover,
they found that beliefs about performance and competence are actually not distinct and predict
students’ physics identity as a single construct [21,57]. Kalender et al. adapted Hazari et al.’s
physics identity framework such that perceived recognition is a predictor of competency belief and
interest while all of these predict identity similar to Hazari et al. [81]. Based on the studies
discussed above, other studies have been conducted to examine the impact of physics identity on
students’ career intentions [64,125] as well as other possible factors that could affect physics
identity such as out-of-class science and engineering activities [125] and students’ sense of
belonging [90,146]. In addition, the identity framework has also been adapted to studies of math
and engineering identities [124,147-149].

Competency belief is defined as the extent to which a person feels they have the necessary
attributes to succeed [150]. A related concept is self-efficacy, which refers to an individual's belief
in their capacity to execute behaviors necessary to produce specific performance attainments [151-
153]. In a particular academic domain, self-efficacy is defined as students’ beliefs in their
capability to succeed in specific situations or in accomplishing a task [39]. Since the definitions of
competency belief and self-efficacy are very similar for the purposes of this research which uses
validated survey data, and our survey items were adapted from prior studies that use the term self-
efficacy [94,154], we continue using this term here. In this study, we will use the physics identity
model in which physics identity is predicted by self-efficacy, interest, and perceived recognition
to study progression of students’ motivational beliefs in a two-semester college introductory
physics course sequence.

Prior research suggests that self-efficacy is an important motivational belief of students in

order for them to excel in a domain [20,36,37]. In particular, self-efficacy has been shown to
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influence students’ engagement and performance in a given domain [41,44]. Students with high
self-efficacy in a domain often enroll in more challenging courses in that domain than those with
low self-efficacy because they perceive difficult tasks as challenges rather than threats [45]. In
addition, studies show that students’ self-efficacy predicts their career choices and persistence
toward their short-term and long-term career goals [41].

Another component of identity is interest, which is defined by positive emotions
accompanied by curiosity and engagement in a particular topic [47]. Interest has also been shown
to influence students’ learning [41,47,48]. For example, one study showed that making science
courses more relevant to students’ lives and transforming curricula to promote interest in learning
can improve students’ achievement [52]. In addition, studies have shown that students’ interest is
not completely independent of self-efficacy [41,54]. According to Eccles’s Expectancy-Value
Theory (EVT) [53,54], interest is paired well with self-efficacy as connected constructs that predict
students’ academic outcome expectations and career aspirations.

The identity frameworks discussed earlier reveal that individuals’ internal identity (how a
person perceives themselves [155]) in a domain is also predicted by their perceived recognition
from others (also called external identity). Perceived recognition in a domain, such as physics,
refers to students’ perception about whether other people see them as a physics person [79]. Some
quantitative studies focusing on the relation between students’ motivational beliefs and identity in
a field show that perceived recognition is actually the strongest predictor of identity as compared
to interest and self-efficacy [58,81]. For example, Godwin et al. found that students’ physics and
math recognition beliefs each have the largest direct effect on physics and math identity,

respectively [58].
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However, many studies have shown that female students did not feel that they were
recognized appropriately in science even before they entered college [66,83]. For example, a report
of the National Science Foundation [84] indicated that elementary and high school boys and girls
interested in science felt that they were treated differently by parents, teachers and friends with
regard to their interest in science. While boys received admiration and encouragement for their
interests, responses to girls were often characterized by ambivalence, lack of encouragement, or
suggestions that their goals were inappropriate [84]. Studies show that these stereotypes and biases
also exist in the university context [81,85]. For example, one study showed that science faculty
members in biological and physical sciences exhibit biases against female students and rate male
students as more competent even though only the names were different in the hypothetical
information they were provided [85]. These experiences of being belittled or not being recognized
as a science person not only have the potential to deteriorate female students’ motivational beliefs
and performance but may also dissuade them from pursuing study in science altogether. In
addition, many disciplines in science such as physics have stereotypes about requiring a natural
ability to excel in them, which may further impact female students’ motivational beliefs because,
due to societal stereotypes, being a genius or exceptionally smart is always associated with boys
[11,66,156]. These stereotypes may cause female students to have a different perception of what
it means to excel in these disciplines than male students, and they may even assume that they have
to make extra efforts to succeed in these fields relative to male students. For example, one study
shows that in introductory physics courses, female students had significantly lower physics self-
efficacy than their equally performing male peers [38]. In addition, female students’ interest in
science can also be influenced by these negative stereotypes. For example, in a ten-year

longitudinal study, researchers found that science-keen girls or young women who named physics
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as their favorite subject slowly lose their interest due to alienation, discrimination, and gender-
biased beliefs about physics [66].

These studies show that students’ motivational beliefs are not static; rather, they are
dynamic and evolve in response to interactions with other people and the type of learning
environment they are in. Moreover, in a field with biases and stereotypes about who belongs and
can excel in it, motivational outcomes of underrepresented students such as women in physics are
unlikely to show growth if the learning environment is not equitable and inclusive. Even though
prior studies have shown that students’ motivational beliefs can be influenced by many factors,
there are very few studies focusing on how female and male students’ motivational beliefs evolve
in a year-long physics course sequence (e.g., college introductory physics sequence) in terms of
the average scores and the predictive relationships among them.

Here we discuss an investigation focusing on female and male students’ motivational
beliefs in a two-semester college calculus-based introductory physics sequence (including physics
1 and physics 2) at a large public research university in the US. Each semester in the US is
generally 15-17 weeks long, and at the university discussed in this study, it is 15 weeks long. All
full time students take classes in Fall and Spring semesters, and summer semesters are optional for
students. Students who enrolled in the calculus-based introductory physics sequence are mostly
majoring in engineering, physical sciences, and mathematics, and survey shows that almost all
students in this course sequence at our university had already learned at least some physics 1 topics
in high school. Even though both courses are traditionally taught lecture-based courses with similar
assessment style, there are several factors that may lead to progression in students’ motivational
beliefs. For example, students in this course sequence usually take physics 1 in the first semester

and physics 2 in the second semester of their first year of undergraduate studies. Therefore, in
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physics 2, after students have been on campus for a semester, they may feel more comfortable and
familiar with the way college physics courses are taught and how to interact with their instructors
and classmates than when they were in physics 1, and thus the uncertainty and anxiety during the
transition to college in their first-semester may decrease, which can potentially impact their
physics motivational beliefs [39,153,157]. In addition, physics 1 includes topics such as
kinematics, forces, energy and work, while physics 2 includes topics such as electricity and
magnetism, electromagnetic waves, and interference and diffraction of light. Also, not only are the
physics 1 concepts more familiar from everyday life and less abstract, students were more familiar
with the topics in physics 1 than those in physics 2 because, as noted earlier, most students in
calculus-based introductory courses at our university had already learned at least some physics 1
topics in high school. Thus, we conducted a study focusing on how female and male students’
physics motivational beliefs evolve in this two-semester introductory course sequence in terms of
the average scores and predictive relationships among them.

To study the predictive relationships among students’ physics motivational beliefs
quantitatively, we adapt the physics identity model from prior work [21,81], in which the
relationship between gender and identity is mediated through self-efficacy, interest, and perceived
recognition. As shown in Figure 9 (a), we first considered a model (Model 1) in which there are
only covariances between perceived recognition (Recog), self-efficacy (SE) and interest, so this
model does not make assumptions about predictive relationships between these three mediating
constructs. Then, we considered another model (Model 2) in which perceived recognition is the
predictor of both self-efficacy and interest (Figure 9 (b)), which is similar to the model in Kalender
et al’s prior work [81]. Due to societal stereotypes about physics, interest may be thought to be

fixed by many people. However, prior studies suggest that ones’ interest can be shaped by their
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self-efficacy [158-160]. Therefore, in Model 2, self-efficacy is the predictor of interest, which is
different from the model used in the prior work [81], in which interest is the predictor of self-
efficacy. We fit both models with the data collected at the end of physics 1 and physics 2, and then

we compared the predictive relationships among the constructs in the two courses.

Vd
/

(a) Model 1

I
g
1

' 1
I

/
!
\
A

(b) Model 2

Figure 9 Schematic representation of the path analysis part of the SEM models that shows how the relationship
between gender and physics identity is mediated by perceived recognition (Recog), self-efficacy (SE) and
interest. (a) In Model 1, all the three predictors are correlated with each other. (b) In Model 2, perceived
recognition predicts self-efficacy and interest, and self-efficacy predicts interest. The direct path from gender

to identity is not shown because it is not statistically significant in both models for both courses.
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5.2 Research Questions

Our research questions regarding matched students in a two-semester calculus-based
introductory physics course sequence (in the recommended sequence with physics 1 in the Fall
semester and physics 2 in the Spring semester) at a large public research university in the US are
as follows. These courses are required by engineering, physical science and mathematics majors
in the first year of their undergraduate studies.

RQ1. How do male and female students’ physics motivational beliefs (including physics self-

efficacy, interest, perceived recognition, and identity) change from physics 1 to physics 2?
RQ2. Are there gender differences in students’ motivational beliefs and do they change from

physics 1 to physics 2?

RQ3. How do perceived recognition, self-efficacy, and interest mediate the relation between

gender and identity in physics 1 and physics 2?

RQ4. How do the predictive relationships among students’ motivational beliefs change from

physics 1 to physics 2?

5.3 Methodology

5.3.1 Participants

The motivational survey data used in this study were collected at the end of each course of
a two-semester college calculus-based introductory physics sequence (including physics 1 and

physics 2) in two consecutive school years at a large research university in the US. These courses
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are taken mostly by students majoring in engineering, physical sciences, and mathematics for
whom they are mandatory. Because majority of students in these courses are required to take both
physics courses, the populations of students in the two courses are almost the same. There were
1203 students in physics 1 and 921 students in physics 2 participating in the survey. In this study,
we focused on 695 students (233 female students and 462 male students) who took the survey in
both courses in recommended semesters, i.e., physics 1 in Fall semester and physics 2 in Spring
semester because we wanted to track the same group of students’ motivational beliefs in the two
courses in the recommended sequence. Some possible reasons that some students took these
courses in the off semesters (not recommended semesters) include students taking Advanced
Placement (AP) physics in high school with scores that exempted them from college physics 1 and
allowed them to directly enroll in physics 2 in their first semester, students repeating physics 1 in
the off semester if they did not perform well the first time, and students putting off taking at least
one of these courses in the summer semester due to their heavy course load in Fall and Spring
semesters. Physics 1 mainly includes mechanics, while the main content of physics 2 is electricity
and magnetism and optics. Both physics 1 and physics 2 are traditionally taught lecture-based
courses (4 hours per week) with recitations (1 hour per week) and both courses were taught in
person in the years studied. In the recitations, teaching assistants (TAs) answer students’
homework questions and students typically work collaboratively on physics problems in part of
the available time. Physics 1 was taught by six instructors and physics 2 was taught by seven
instructors. Two of these instructors taught both physics 1 and physics 2. There were 8 classes for
each course, and some instructors taught more than one class. We performed Hierarchical Linear
Modeling (HLM) to test the instructor level effects on students’ motivational beliefs and the results

show that Interclass Correlation Coefficient (ICC) is around 0.01 for all motivational beliefs
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studied [161]. Since the ICC values are significantly smaller than 0.1, the instructor level effects
can be ignored [161]. In physics 1, there were 52 recitation sessions, and 3 sessions (6%) were
taught by female TAs. In physics 2, there were 49 recitation sessions, and 1 session (2%) was
taught by female TA. Therefore, the gender balance of TAs is similar in physics 1 and physics 2.
In addition, the assessment styles are also similar in physics 1 and physics 2, which are largely
based on students’ performance on midterm and final exams, which mainly focus on quantitative
problem solving. Moreover, there was very little focus on using evidence-based pedagogies or
intentional efforts to promote equity and inclusion in both courses.

This research protocol was approved and carried out in accordance with the principles
outlined in the university institutional review board (IRB) ethical policy. The paper surveys were
handed out and collected by TAs during the last recitation class of a semester. Course instructors
were encouraged to give students course credit or extra credit for completing the survey. Since this
survey is also part of the department assessment survey, students’ responses were first sent to an
honest broker who was an expert in merging such data with demographics from provost’s office
as well as in de-identifying data before providing it to us for research. The honest broker generated
a unique new ID for each student (which connected students’ survey responses with their
demographic information), so researchers could analyze students’ data without having access to
students’ identifying information. We recognize that gender is fluid and on a spectrum rather than
a binary construct. However, because students’ gender information was obtained from the

university, which offered binary options, we did the analysis with the binary gender data.
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5.3.2 Survey Instruments

In this study, we considered four motivational constructs—physics self-efficacy, interest,
perceived recognition, and identity. The survey items for each construct are listed in Table 10. The
survey items were adapted from the existing motivational research [92-94,162-164] and have been
revalidated in our prior work [37,95,96,127,165]. The validation and refinement of the survey
involved use of one-on-one interviews with students using a think-aloud protocol, exploratory and
confirmatory factor analyses (EFA and CFA) [97], Pearson correlation between different
constructs and Cronbach’s alpha (which is a measure of the internal consistency of each construct
with several items) [98-100]. As shown in Table 10, factor loadings (lambda) of each construct in
physics 1 and physics 2 are very similar.

In our survey, each item was scored on a 4-point Likert scale (1-4). Students were given a
score from 1 to 4 with higher scores indicating greater levels of interest, self-efficacy, perceived
recognition and identity. Physics self-efficacy represents students’ belief about whether they can
excel in physics. We had four items for self-efficacy and these items had the response scale “NO!,
no, yes, YES!” (Cronbach’s a = 0.79 for self-efficacy in physics 1 and a = 0.81 for self-efficacy
in physics 2), which have been shown to have good psychometric properties and a low cognitive
load while reading [82,92]. We also had four items for interest (Cronbach’s a = 0.82 for interest
in physics 1, a = 0.84 for interest in physics 2). The question “I wonder about how physics works”
had temporal response options ‘“Never, Once a month, Once a week, Every day”, whereas the
question “In general, I find physics” had response options “very boring, boring, interesting, very
interesting”. The remaining two items were answered on the “NO!, no, yes, YES!” scale. Physics
identity corresponds to students’ belief about whether they designate themselves as a physics

person [21]. Perceived recognition corresponds to whether a student thinks other people see them
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as a physics person [21,63], and it includes three items which correspond to family, friends and

TA/instructor (Cronbach’s @ = 0.86 for perceived recognition in both physics 1 and physics 2).

These items involved a four-point Likert response on the scale “strongly disagree, disagree, agree,

and strongly agree” and they correspond to 1 to 4 points [102].

Table 10 Survey questions for each of the motivational constructs, along with CFA factor loadings for physics

1 and physics 2. Lambda (factor loading) represents the correlation between each item and its corresponding

construct, and the square of Lambda for each item gives the fraction of its variance explained by the construct.

All Lambdas shown in this table are statistically significant with p value <0.001. TThe response options for this

question are “Never, Once a month, Once a week, Every day”. *The response options for this question are “very

boring, boring, interesting, very interesting”.

Lambda
Construct and Item Physics 1 Physics 2
Physics Identity
| see myself as a physics person. 1.000 1.000
Physics Self-Efficacy
I am ablfz to_ help my classmates with physics in the laboratory 0.700 0.684
or in recitation.
| understand concepts | have studied in physics. 0.703 0.755
If I study, | will do well on a physics test. 0.717 0.734
If I encounter a setback in a physics exam, | can overcome it. 0.667 0.727
Physics Interest
| wonder about how physics works T 0.676 0.687
In general, | find physics * 0.757 0.809
I want to know everything | can about physics. 0.786 0.827
| am curious about recent physics discoveries. 0.693 0.721
Physics Perceived Recognition
My parents see me as a physics person. 0.914 0.870
My friends see me as a physics person. 0.895 0.904
My physics TA and/or instructor sees me as a physics person. 0.672 0.721
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5.3.3 Quantitative Analysis of Survey Data

We calculated the mean score for each motivational construct for each student. Then, we
used a t-test to compare students’ mean scores for each motivational construct in physics 1 and
physics 2 as well as conducted an analysis of gender differences using descriptive statistics. We
note that in our previous study [81], we checked the response option distances for our survey
constructs by using item response theory (IRT) to support the use of means across ratings
[105,166]. Even for this study, we performed IRT with the new data set to verify the validity of
using means across ratings. The parametric grades response model (GRM) by using the R software
package “mirt” was used to test the measurement precision of our response scale [106,107]. Some
of the items have response scales of “strongly disagree, disagree, agree, and strongly agree” while
other items had response scale “NO!, no, yes, YES!”. GRM calculates the location parameter for
each response and calculates the difference between the locations. For the first group—strongly
disagree, disagree, agree, and strongly agree—the difference between the location parameters were
1.3 and 1.5 for physics 1 and 1.3 and 1.4 for physics 2. For the second group—“NO!, no, yes,
YES!”— the difference between the location parameters were 1.5 and 2.1 for physics 1 and 1.4
and 1.9 for physics 2. These results show that the numerical values for the location differences for
item responses are comparable, which suggests that calculating the traditional mean score of items
is reasonable [105,107]. Furthermore, we estimated the IRT-based scores with expected a
posteriori (EAP) computation method for each construct, and the results are highly correlated with
the mean scores (the correlation coefficients are > 0.97 for all constructs), which indicates that the
use of mean scores is reasonable [105].

Next, we calculated the Pearson correlation coefficients pairwise between the constructs

for physics 1 and physics 2 separately. As shown in Table 11, the correlation coefficients between
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the constructs are very similar in physics 1 and physics 2. In particular, the correlation coefficients
of all constructs are above 0.2, and most of them are below 0.8, which means even though they
have strong correlations with each other, the correlations are not so high that the constructs could
not be examined as separate constructs [109]. We note that the correlation coefficient between
physics identity and perceived recognition is 0.81 for physics 1 and 0.83 for physics 2. This is
consistent with Godwin et al.’s [58] and Kalender et al.’s [81] prior findings that perceived

recognition (external identity) is the largest predictor of physics identity (internal identity).

Table 11 Zeroth order correlation coefficients of the constructs in the mediation model.

Physics 1 Physics 2
Observed Variable
1 2 3 4 1 2 3 4
1. Physics identity -- -- -- -- -- -- - -
2. Self-efficacy 0.66 -- -- -- 0.71 - -- -
3. Interest 0.73 059 -- - 0.67 0.64 -- --
4. Perceived Recognition 081 0.67 0.70 - 083 071 0.66 --

Finally, we used structural equation modeling (SEM) to analyze the predictive
relationships among the constructs [87]. Compared with a multiple regression model, the
advantage of SEM is that we can estimate all of the regression links for multiple outcomes and
factor loadings for items simultaneously, which improves the statistical power [87]. The SEM
includes two parts: confirmatory factor analysis (CFA) and path analysis. CFA is used to test how
well the measured variables represent the constructs studied, so it is also called measurement
model. In CFA, Comparative Fit Index (CFI) > 0.9, Tucker-Lewis Index (TLI) > 0.9, Root Mean

Square Error of Approximation (RMSEA) < 0.08 and Standardized Root Mean Square Residual
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(SRMR) < 0.08 are considered as acceptable and RMSEA < 0.06 and SRMA < 0.06 are considered
as a good fit [98]. In our study, CFI = 0.970, TLI = 0.960, RMSEA = 0.062 and SRMR = 0.035
for physics 1 and CFI = 0.969, TLI = 0.958, RMSEA = 0.066 and SRMR = 0.035 for physics 2,
all of which represent good fits. Thus, there is additional quantitative support for dividing the
constructs as proposed. Apart from CFA, the path analysis in SEM gives regression coefficients g
for paths between each pair of constructs and the value of each S is a measure of the strength of
that relationship.

The major assumptions associated with SEM include: correct model specification,
sufficiently large sample size and no systematic missing data [91,167,168]. Our study is based on
the identity model in which students’ physics identity is predicted by their perceived recognition,
self-efficacy, and interest. This model has been examined by many prior studies [21,58,81,90].
According to Kline, a typical sample size in studies where SEM is used is about 200 [91], so the
sample size of our study (N=695) is sufficiently large for SEM. Moreover, since we focus on
students who were in both physics 1 and physics 2 (matched students from physics 1 to physics
2), there were no missing data in our study except a couple of students forgetting to respond to one
survey item. In addition, a well fitted measurement model (CFA) is also very important for
performing full SEM [169]. As noted, our data fit the measurement model very well. Moreover,
Table 10 shows that all factor loadings are higher than 0.5, which is considered as acceptable [169],
and most of them are higher than 0.7. This means that the constructs extract sufficient variance
from the observed variables, which allows us to perform the SEM [108]. In this study, we used
full information maximum likelihood (FIML) to estimate parameters. FIML estimation is often
the default in SEM software (e.g. Mplus and lavaan) and it has been shown to produce unbiased

parameters estimates with great statistical power [170]. In addition, we also performed the same
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SEM models using diagonally weighted least square (DWLS) estimation and the results are very
similar to those of FIML. In this study, we reported the results of FIML.

We first analyzed the saturated SEM model that includes all possible links between
different constructs, and then we used the modification indices to improve the model fit. We kept
path links which were statistically significant in SEM path analysis. We fit the two SEM models
(Model 1 and Model 2) shown in Figure 9 with the data from the end of physics1 and physics 2
separately, and then compared the SEM path analysis results (predictive relationships among the

constructs) for physics 1 and physics 2.

5.4 Results

5.4.1 Gender Difference in Motivational Beliefs

Table 12 shows the descriptive statistics for students’ motivational beliefs at the end of
physics 1 and physics 2. As shown in Table 12, female students had significantly lower scores in
all of the four motivational constructs in both courses, and the effect sizes are all in the medium
range [104]. In particular, female students’ average scores pertaining to perceived recognition and
physics identity show that on average, female students did not think others see them as a physics
person, and they did not see themselves as a physics person either. Furthermore, the effect sizes of
gender differences in students’ perceived recognition and identity increased from physics 1 to
physics 2. The confidence interval for the gender difference in perceived recognition is (0.36, 0.68)
for physics 1, and (0.51, 0.84) for physics 2. A prior study [171] shows that p < 0.05 when the

overlap of the 95% confidence intervals is no more than about half the average margin of error,
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that is when proportion overlap is about 0.5 or less. In our case, the midpoint of the first confidence
interval (0.36, 0.68) is 0.52, which is comparable to the lower bound of the second confidence
interval 0.51. Thus, the widening gender gap in perceived recognition is on the boundary of
statistical significance of p <0.05. On the other hand, the confidence interval for gender difference
in physics identity is (0.41, 0.73) for physics 1, and (0.47, 0.79) for physics 2. Thus, the widening
gender gap in physics identity is not statistically significant.

When we compared students’ motivational beliefs in the two courses, we found that from
physics 1 to physics 2, both male and female students’ self-efficacy and interest in physics
significantly decreased, while there was no statistically significant change in students’ perceived
recognition and identity. We note that even though male students’ self-efficacy and interest
dropped in physics 2, they were still higher than female students’ in physics 1. Moreover, although
we focus on students’ motivational beliefs at the end of the courses in the main text, readers who
are also interested in motivational beliefs at the beginning of these courses (pre) for the same
students for whom we have discussed the data here can see Appendix B for the descriptive
statistics. Appendix B shows similar results as the results shown here in the sense that students’
motivational beliefs either decreased or were unchanged from pre to post, and the gender
differences disadvantaging women increased at the end of both courses. In addition, we report the
percentages of students who selected each choice for each survey item in Appendix C, which show

consistent results with the descriptive statistics shown in Table 12.
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Table 12 Descriptive statistics of female and male students’ motivational beliefs (matched students in physics

1 and physics 2). The sample size is 695 (462 male students and 233 female students). Cohen suggested that a

typical value d ~ 0.2 be considered a small effect size, d ~ 0.5 a medium effect size and d ~ 0.8 a large effect size.

Self-efficacy Statistics Interest Statistics
Gender Physics1 Physics2 pvalue Cohen’sd | Physics1 Physics2 pvalue Cohen’sd
Male 3.06 291 <0.001 0.29 3.14 3.00 <0.001 0.24
Female 2.83 2.65 <0.001 0.34 2.76 2.61 0.011 0.23
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.48 0.47 0.65 0.64
Perce|ye_d Statistics Identity Statistics
Recognition
Gender | Physics1 Physics2 pvalue Cohen’sd | Physics1 Physics2 pvalue Cohen’sd
Male 2.74 2.72 0.654 0.03 2.75 2.68 0.190 0.09
Female 2.37 2.25 0.065 0.17 2.29 2.16 0.100 0.16
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.52 0.68 0.57 0.63

5.4.2 SEM Models Mediated by Motivational Factors

Before performing gender mediation analysis, we first tested the gender moderation

relations between each pair of the constructs using multi-group SEM (to investigate any interaction

effects with gender), which includes testing of factor loadings, indicator intercepts, residual

variances and regression coefficients. Results showed that in all our models, strong measurement

invariance holds and there is no difference in any regression coefficients by gender, which allowed

us to perform the gender mediation analysis using SEM. In addition, we calculated the standard

deviation for each motivational construct in physics 1 and physics 2. Results showed that the

standard deviations of all motivational constructs are roughly the same in the two courses. This

means that if the predictive relationships among the constructs changed from physics 1 to physics
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2, it is not because of changes in the standard deviations; instead, it means that the relationships
themselves have changed.

For gender mediation, we first consider a model (Model 1) in which there are only
covariances between each pair of constructs: perceived recognition, self-efficacy, and interest.
Thus, this model does not make assumptions about the predictive relationships between these three
mediating constructs. We fit this model with our motivational survey data collected in physics 1
and physics 2 separately, and the results of the path analysis of the SEM model for each course are
visually presented in Figure 10. A summary of all direct and indirect effects can be found in Table
13 (for physics 1) and Table 14 (for physics 2). The model fit indices suggest a good fit to the data:
For physics 1, CFI = 0.970 (>0.90), TLI = 0.959 (>0.90), RMSEA = 0.057 (<0.08) and SRMR =
0.033 (<0.08). For physics 2, CFI = 0.969 (>0.90), TLI = 0.959 (>0.90), RMSEA = 0.061 (<0.08)
and SRMR = 0.034 (<0.08).

As shown in Figure 10 or Table 13 and Table 14, in both physics 1 and physics 2, there is
a statistically significant regression line from gender to self-efficacy, perceived recognition, and
interest, consistent with Table 12 showing that there are significant gender differences in all these
three motivational constructs. However, the direct effect of gender on physics identity is
statistically insignificant (p = 0.76 for physics 1, and p = 0.90 for physics 2) even though female
students’ identity is significantly lower than that of male students in both courses as shown in
Table 12. This result indicates that the relation between gender and physics identity is mediated
by the other three motivational constructs (self-efficacy, interest, and perceived recognition). In
addition, Figure 10 shows that even though there is a strong covariance among self-efficacy,

interest, and perceived recognition, students’ perceived recognition is the strongest predictor of
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their physics identity (8 = 0.51 for physics 1 and £ = 0.60 for physics 2). This result is consistent
with Hazari et al.’s [21] and Kalender et al.’s prior work [81].

By comparing the SEM path analysis results of physics 1 (Figure 10 (a) or Table 13) and
physics 2 (Figure 10 (b) or Table 14), we found that the effect of gender on perceived recognition
is larger in physics 2 (8= 0.31) than in physics 1 (£ = 0.24). This result indicates that the gender
difference in perceived recognition increased in physics 2, which is consistent with the descriptive
statistics shown in Table 12. In addition, we note that the effect of perceived recognition on identity
is also larger in physics 2 (£ =0.60) than that in physics 1 (8= 0.51), which means that, in physics
2, perceived recognition plays an even more important role in predicting identity. However, the

effect of interest on identity is smaller in physics 2 (£ = 0.15) than that in physics 1 (= 0.29).
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Figure 10 Results of the path analysis part of SEM Model 1, in which there are only covariances between each
pair of constructs: perceived recognition (Recog), self-efficacy (SE) and interest. (a) Shows the results of using
physics 1 data, and (b) shows the results for physics 2 data. The dashed lines represent residual covariances
between constructs. The solid lines represent regression paths, and the numbers on the lines are standardized
regression coefficients (8 values), which represent the strength of the regression relations. Each regression line
thickness qualitatively corresponds to the magnitude of the gvalue. All gvalues shown are significant with p <

0.001.
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Table 13 Results of the path analysis part of SEM Model 1 for physics 1. Recog represents perceived
recognition. SE represents self-efficacy. Single-headed arrows represent direct or indirect regression

relationships. Double-headed arrows represent covariances.

Relationships Unstar-ldardized Stan(-jardized Standard o-value
Estimates estimates error
Direct effects
Gender—SE 0.24 0.25 0.04 <0.001
Gender— Interest 0.38 0.33 0.05 <0.001
Gender—Recog 0.40 0.24 0.06 <0.001
Gender—ldentity 0.01 0.01 0.04 0.758
SE—ldentity 0.27 0.15 0.07 <0.001
Interest—Identity 0.44 0.29 0.06 <0.001
Recog—ldentity 0.56 0.51 0.05 <0.001
Indirect effects
Gender—ldentity 0.46 0.26 0.06 <0.001
Covariances
SE«<>Recog 0.21 0.64 0.02 <0.001
SE>Interest 0.13 0.56 0.01 <0.001
Recog<«>Interest 0.26 0.68 0.02 <0.001
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Table 14 Results of the path analysis part of SEM Model 1 for physics 2. Recog represents perceived
recognition. SE represents self-efficacy. Single-headed arrows represent direct or indirect regression

relationships. Double-headed arrows represent covariances.

Relationships Unstar-ldardized Stan(-jardized Standard o-value
Estimates estimates error
Direct effects
Gender—SE 0.26 0.24 0.05 <0.001
Gender— Interest 0.38 0.32 0.05 <0.001
Gender—Recog 0.49 0.31 0.06 <0.001
Gender—ldentity 0.01 0.00 0.04 0.901
SE—ldentity 0.33 0.19 0.07 <0.001
Interest—Identity 0.23 0.15 0.06 <0.001
Recog—ldentity 0.70 0.60 0.05 <0.001
Indirect effects
Gender—ldentity 0.52 0.28 0.06 <0.001
Covariances
SE«<>Recog 0.24 0.69 0.02 <0.001
SE>Interest 0.16 0.61 0.02 <0.001
Recog<«>Interest 0.24 0.63 0.02 <0.001

Next, we consider a model (Model 2) in which perceived recognition predicts self-efficacy
and interest, and self-efficacy predicts interest. We fit this model with our motivational survey data
collected in physics 1 and physics 2 separately, and the results of the path analysis of the SEM
model for each course are presented visually in Figure 3. A summary of all direct and indirect
effects can be found in Table 15 (for physics 1) and Table 16 (for physics 2). This model also fits

the data very well: For physics 1, CFl = 0.970 (>0.90), TLI = 0.959 (>0.90), RMSEA = 0.057
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(<0.08) and SRMR = 0.033 (<0.08). For physics 2, CFl = 0.969 (>0.90), TLI = 0.959 (>0.90),
RMSEA = 0.061 (<0.08) and SRMR = 0.034 (<0.08). We note that, for both physics 1 and physics
2, the direct effect of gender on perceived recognition in Model 2 is the same as that in Model 1.
This is because in both models, gender is the only predictor of perceived recognition. On the other
hand, for both courses, the direct effects of gender on self-efficacy and interest are smaller or
statistically insignificant in Model 2 compared with those in Model 1. This is because in Model 2,
self-efficacy and interest are predicted by more constructs than in Model 1, and thus there is more
correlated effect being controlled for when estimating the regression coefficients from gender to
self-efficacy and interest.

By comparing the path analysis results of Model 2 in physics 1 (Figure 11 (a) or Table 15)
and physics 2 (Figure 11 (b) or Table 16), we found that the effect of gender on perceived
recognition is larger in physics 2 than in physics 1. This result indicates that the gender difference
in perceived recognition increased in physics 2, which is the same as what we found in Model 1
(Figure 10) as discussed earlier. We also found that the effect of perceived recognition on identity
is larger in physics 2 than that in physics 1, while the effect of interest on identity became smaller
in physics 2. In addition, Figure 11 shows that gender directly predicts self-efficacy in physics 1,
while this effect is not statistically significant in physics 2. Because the total effect of gender on
self-efficacy is the same in physics 1 (8 = 0.24 X 0.64 + 0.09 = 0.24) and physics 2 (f =
0.31 x 0.70 4+ 0.02 = 0.24), this result means that, in physics 2, more effect of gender on self-
efficacy was mediated by perceived recognition. Likewise, we note that even though the total effect
of perceived recognition on interest is similar in physics 1 and physics 2 (£ =0.66 in physics 1 and

£ = 0.63 in physics 2), the direct effect of perceived recognition on interest became smaller in

physics 2 (4= 0.53 in physics 1 and £ = 0.39 in physics 2), while the indirect effect mediated by
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self-efficacy became larger in physics 2 (# = 0.64x0.21 = 0.13 in physics 1 and f =
0.70 x 0.34 = 0.24 in physics 2). This means that more effect of perceived recognition on interest

was mediated by self-efficacy in physics 2.

Identity

Figure 11 Results of the path analysis part of SEM Model 2, in which perceived recognition (Recog) predicts
self-efficacy (SE) and interest, and self-efficacy predicts interest. (a) Shows the results of using physics 1 data,
and (b) shows the results for physics 2 data. The solid lines represent regression paths, and the numbers on the
lines are standardized regression coefficients (8 values), which represent the strength of the regression
relations. Each regression line thickness qualitatively corresponds to the magnitude of the Swith 0.001 < p <
0.01 indicated by **, 0.01 < p < 0.05 indicated by *, and p = 0. 05 indicated by ns (not significant). All the

other regression lines show relations with p < 0.001.
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Table 15 Results of the path analysis part of SEM Model 2 for physics 1. Recog represents perceived
recognition. SE represents self-efficacy. Single-headed arrows represent direct or indirect regression

relationships.

Unstandardized Standardized
Relationships Standard error p-value
Estimates estimates

Direct effects
Gender—SE 0.09 0.09 0.04 0.011
Gender—Interest 0.18 0.15 0.04 <0.001
Gender—Recog 0.40 0.24 0.06 <0.001
Gender—ldentity 0.01 0.01 0.04 0.758
Recog—SE 0.38 0.64 0.03 <0.001
Recog— Interest 0.37 0.53 0.04 <0.001
SE—Interest 0.25 0.21 0.07 <0.001
SE—identity 0.27 0.15 0.07 <0.001
Interest—identity 0.44 0.29 0.06 <0.001
Recog—identity 0.56 0.51 0.05 <0.001

Indirect effects

Gender—SE 0.15 0.16 0.03 <0.001
Gender—Interest 0.21 0.18 0.03 <0.001
Gender— ldentity 0.46 0.26 0.06 <0.001
Recog— Interest 0.09 0.13 0.03 <0.001
Recog—Ildentity 0.31 0.28 0.04 <0.001
SE—ldentity 0.11 0.06 0.03 0.001
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Table 16 Results of the path analysis part of SEM Model 2 for physics 2. Recog represents perceived
recognition. SE represents self-efficacy. Single-headed arrows represent direct or indirect regression

relationships.

Relationships Unstarjdardized Stam-jardized Standard error p-value
Estimates estimates
Direct effects
Gender—SE 0.02 0.02 0.04 0.530
Gender— Interest 0.14 0.12 0.04 0.001
Gender—Recog 0.49 0.31 0.06 <0.001
Gender— ldentity 0.01 0.00 0.04 0.901
Recog—SE 0.48 0.70 0.03 <0.001
Recog— Interest 0.30 0.39 0.05 <0.001
SE—Interest 0.38 0.34 0.07 <0.001
SE—identity 0.33 0.19 0.07 <0.001
Interest—identity 0.23 0.15 0.06 <0.001
Recog—identity 0.70 0.60 0.05 <0.001
Indirect effects
Gender—SE 0.24 0.22 0.03 <0.001
Gender— Interest 0.25 0.20 0.04 <0.001
Gender—ldentity 0.52 0.28 0.06 <0.001
Recog—Interest 0.18 0.24 0.03 <0.001
Recog— ldentity 0.27 0.23 0.04 <0.001
SE—ldentity 0.09 0.05 0.03 0.001

To further understand the relationships among the motivational constructs in different
models and in different courses, we calculated the coefficients of determination R squared (fraction

of variance explained) for each construct in each model using physics 1 and physics 2 data
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separately (Table 17). We note that the R? of physics identity is 0.72 in physics 1 and 0.73 in
physics 2 in both Model 1 and Model 2. This is because in both models, identity is predicted by
all the other constructs even though the predictive relationships among these predictors are
different. Similarly, since perceived recognition is only predicted by gender in both models, the
R? of perceived recognition in each course is the same across models. On the other hand, for both
physics 1 and physics 2, the R? of self-efficacy and interest are larger in Model 2 than in Model 1.
This is because in Model 2, self-efficacy and interest are predicted by more constructs than they
are in Model 1, and thus more variance in self-efficacy and interest is explained by Model 2. Even
though the R? values of self-efficacy and interest are different in Model 1 and Model 2 as discussed

above, R? of each construct in each model is very similar in physics 1 and physics 2.
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Table 17 Coefficient of determination (R?) for various constructs in different models. All R? values are
significant and p values < 0.001. In Model 1, there are only covariances between each pair of constructs: physics
self-efficacy (SE), perceived recognition (Recog), and interest. In Model 2, the arrows indicate the direction of

the predictive relationships.

Models Courses Constructs R?
Perceived recognition 0.06
) Self-efficacy 0.06
Physics 1
Interest 0.11
Model 1 Identity 0.72
SE + Recog + Interest Perceived recognition 0.10
) Self-efficacy 0.06
Physics 2
Interest 0.10
Identity 0.73
Perceived recognition 0.06
] Self-efficacy 0.45
Physics 1
Interest 0.54
Model 2 Identity 0.72
Recog — SE — Interest Perceived recognition 0.10
] Self-efficacy 0.50
Physics 2
Interest 0.51
Identity 0.73

5.5 Summary and Discussion

In this study, we investigated progression in female and male students’ physics
motivational beliefs in a traditionally taught two-semester college calculus-based introductory
physics sequence. In particular, we focused on whether and how students’ physics motivational

beliefs evolve from physics 1 to physics 2 in terms of not only the average score on each
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motivational construct but also the predictive relationships among them. To quantitatively analyze
the predictive relationships, we adapted a prior identity framework [21,81] and performed
structural equation modeling (SEM) for students’ motivational beliefs in each course.

Although the first semester in physics 1 consisted of high school to college transition period
and physics 1 also had different content than physics 2, our research suggests that the big picture
trends are very similar in both physics 1 and physics 2. We found that female students had
significantly lower scores in all of the motivational constructs than male students in both physics
1 and physics 2.

Even though the larger trends are similar in the two courses, there are some changes from
physics 1 to physics 2. For example, gender differences in perceived recognition actually increased
in physics 2 (Table 12). In addition, we found that both female and male students’ self-efficacy
and interest significantly decreased in physics 2. These results indicate that the current learning
environment in these traditionally taught courses is not helping to improve students’ motivational
beliefs and the gender differences became larger. In our prior interviews with students in this
course sequence, some interviewed female students noted that their instructors/TAs sometimes
showed more interest in male students’ questions and answered male students’ questions with more
attention than when they answered their questions [71,76]. The interviewed female students also
reported that men in their physics courses were generally praised more by the instructors/TAs than
women, and sometimes instructors/TAs called men who answered the questions “brilliant”, which
made them feel as though they were not brilliant [71,76]. Due to societal stereotypes and biases
about who belongs in physics and who can do well in physics, female students may not have
received enough recognition and encouragement even before they entered the college physics

courses, e.g., from their high school counsellors, teachers and other stakeholders. Our study
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indicates that without intentional efforts to improve students’ motivational beliefs and promote
equity, the current learning environment may further impact students’ motivational beliefs and be
particularly detrimental to the underrepresented students such as women.

In terms of the predictive relationships among the motivational constructs, we found that
the SEM models for physics 1 and physics 2 are qualitatively similar. In both courses, the
relationship between gender and physics identity is mediated through self-efficacy, interest and
perceived recognition. Moreover, students’ physics identity is predicted by their self-efficacy,
interest and perceived recognition, with perceived recognition being the strongest predictor, which
confirms perceived recognition as a key factor of physics identity throughout. We note that in
physics 2, perceived recognition plays an even more important role not only in predicting students’
identity but also in mediating the gender difference in students’ self-efficacy. One hypothesis that
may at least partly explain these findings is that in a more abstract course that students have less
prior exposure to, they may need even more encouragement and recognition to help them build
self-efficacy and identity in physics, and thus instructors and TAs may play an even more
important role in supporting and affirming their students as they learn. This is particularly
important for students from underrepresented groups such as women, who have few role models
and may also experience stereotype threat in these physics courses. Also, our results show that the
gender difference in perceived recognition actually increased from physics 1 to physics 2 (and also
increased from pre to post in both courses as shown in Appendix B), which means that the current
learning environment disadvantages female students more than male students and is therefore not
equitable and inclusive.

Our findings suggest that it is important to make intentional efforts to create an inclusive

and equitable learning environment, in which not only should all students have equitable
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opportunities and access to resources, but they are also recognized and supported appropriately. A
study found that the synergy between explicitly and implicitly recognizing strategies used by
instructors is a critical feature of effective recognition that can be internalized effectively by the
students [145]. For example, instructors can explicitly recognize students by directly
acknowledging their work and expressing faith in their ability to excel. They can also implicitly
recognize students by valuing students’ opinions and assigning a leadership position or a
challenging task to students in small groups that makes them feel excited [145]. In addition to
positive recognition, instructors should be careful not to give unintended messages to students,
e.g., praising some students for brilliance or intelligence as opposed to their effort since it may
convey to other students that they do not have what is required to excel in physics. In addition,
when students ask instructors for help on physics problems, if instructors inadvertently label those
problems as “easy”, “trivial” or “obvious”, it can also make students feel disparaged [112]. What
is important for instructors to internalize is that it is not their intentions that matter but the impact
they are having on the students.

In this study, both physics 1 and physics 2 are traditional lecture-based courses. Prior
studies show that in lecture-based courses, students are often passive, and they may not have
enough opportunities to let instructors know their extent of learning [172,173]. Research in physics
education has shown that traditional lectures, even when perceived as good lectures, have limited
success in helping students learn physics [174-176]. Therefore, it could help if instructors
incorporate more research-validated active engagement pedagogies in their class, but that is not
enough to make physics courses equitable and inclusive. According to prior studies [75,138],
active engagement in an inequitable learning environment actually can increase the gender gap in

students’ performance because the stereotyped group (e.g., women) may not feel safe to participate
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without feeling judged/anxious if the environment is not equitable and inclusive. Therefore,
instructors need to keep in mind how the societal stereotypes and biases about who belongs in
physics and who can excel in it impact the stereotyped groups. They should be mindful of students’
motivational beliefs and have an explicit goal of improving these in their physics courses by
supporting and recognizing their students appropriately. They should also have an explicit equity
goal and strive to close the gap between underrepresented students in physics such as women and
students from the dominant groups. There are some research-based classroom interventions that
have been shown to enhance students’ self-efficacy and reduce gender gaps in students'
performance [177-180]. Instructors can also tailor these short interventions in their classes to help

all students develop positive motivational beliefs and learn physics equitably.

5.6 Limitations and Future Directions

In this study, we investigated possible evolution in students’ motivational beliefs in a
traditionally taught college introductory physics course sequence. To better understand how
students’ experience in each course influence their motivational beliefs, we also compared
students’ motivational beliefs at the beginning and the end of each course (see Appendix B for
detailed results). However, since perceived recognition and identity constructs were included in
our survey at the end of physics 1 in the first year of study, we do not have the pre-perceived
recognition and pre-identity data for that semester. Thus, for physics 1, we only present students’
pre- and post- motivational beliefs in the second year studied in Appendix B with 291 students.
Although the size of this sample is reasonable, in our future studies, we will further investigate

students’ motivational beliefs at the beginning and end of this course with a larger sample size. In

136



addition, in this study, we did not track the data for which students were assigned to which TAs,
so we could not test the effect of gender balance of TAs on students’ motivational beliefs. In future
studies, it would be helpful to track gender of the TAs and analyze data to test if the gender balance
of TAs impacted students’ motivational beliefs.

In this study, we found that even though physics 1 and physics 2 have different class
content, the larger trends of students’ motivational beliefs and the relationships among these
beliefs in these two traditional taught courses are similar. This result is based on students’ self-
reported responses to the motivational survey. It would be helpful to interview more students to
get a deeper qualitative understanding of what they experience during the learning process in
physics 1 and physics 2, how their experiences shape their physics motivational beliefs in the two
courses, and whether and how the class content impacts their motivational beliefs in a nuanced
manner. Moreover, future studies can also investigate students’ motivational beliefs in active
learning classes and the classes in which there is an intentional focus on equity and inclusion to
see if class content in those class settings impacts students’ motivational beliefs.

Our study was conducted in a large public research university in the US, and the
introductory physics courses discussed here are very similar in these large universities. Therefore,
we believe that the results are likely to be generalizable to other similar universities in the US.
More studies should be conducted in different types of institutions such as small colleges and
universities in the US and in other countries to see if similar results are obtained. In addition, as
noted, this study was conducted in a traditionally taught introductory calculus-based physics
course sequence. It would be interesting to investigate how different teaching approaches and class
formats, such as studio physics class, affect students’ motivational beliefs and the predictive

relationships among them. It would also be interesting to investigate students’ motivational beliefs
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in algebra-based physics course sequence for bioscience majors where women are usually

overrepresented.
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6.0 How Perception of Being Recognized or Not Recognized By Instructors as a “Physics

Person” Impacts Male and Female Students’ Self-Efficacy and Performance

6.1 Introduction

Physics has historically been portrayed as a field for brilliant men. Many prior studies have
focused on the reasons for women’s underrepresentation in physics and related disciplines from
different perspectives and strategies to improve the learning environments so that all students can
excel in physics courses [3,4,20-22,36-38,63,72,78,181,182]. Due to societal stereotypes, women
often have significantly lower physics self-efficacy than men even when they perform similarly
and many shy away from physics related majors and careers [20,36-38]. Moreover, being
recognized by the instructor as a student who can excel in physics can be valuable for all students
in physics courses. However, it is particularly important for underrepresented students including
women and ethnic and racial minorities partly due to the societal stereotypes associated with who
can excel in physics and lack of role models [3-5,20-22,36-38,63,72,75,78,81,181-185].

Perceptions regarding lack of positive recognition pertaining to whether a student can excel
in physics and unintended belittling of students by instructors has a greater potential to negatively
impact underrepresented students including women. For example, Eileen Pollock, the first woman
to get a BS degree in physics at Yale University, decided to pursue graduate work in English
despite finishing her physics undergraduate degree summa cum laude. In her memoir [142], she
recounted the negative impact of not being positively recognized by her instructors, “By the start
of my senior year, | was at the top of my class, with the most experience conducting research. But

not a single professor asked me if | was going on to graduate school. When | mentioned shyly to
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Professor Zeller that my dream was to apply to Princeton and become a theoretician, he shook his
head and said that if you went to Princeton, you had better put your ego in your back pocket,
because those guys were so brilliant and competitive that you would get that ego crushed, which
made me feel as if [ weren’t brilliant or competitive enough to apply.” Being a woman, it is not
surprising that Pollock would interpret such statements to imply that she was essentially being told
that she was not capable of excelling like the brilliant men at Princeton!

Pollock [142] also noted lack of positive recognition from her thesis advisor, “Not even
the math professor who supervised my senior thesis urged me to go on for a Ph.D. | had spent nine
months missing parties, skipping dinners and losing sleep, trying to figure out why waves — of
sound, of light, of anything — travel in a spherical shell, like the skin of a balloon, in any odd-
dimensional space, but like a solid bowling ball in any space of even dimension. When at last |
found the answer, I knocked triumphantly at my adviser’s door. Yet I don’t remember him praising
me in any way. | was dying to ask if my ability to solve the problem meant that | was good enough
to make it as a theoretical physicist. But I knew that if [ needed to ask, I wasn’t.” She added that
she was “certain this meant I wasn’t talented enough to succeed in physics, I left the rough draft
of my senior thesis outside my adviser’s door and slunk away in shame.” This example illustrates
another missed opportunity in which a thesis advisor failed to positively recognize her
accomplishments and she went from feeling “triumphant” about having solved her thesis problem
to feeling she wasn’t talented enough to succeed in physics. What is also worth noting is that while
writing her book, when Pollock asked her former advisor what he thought of her thesis, he stated
that it was exceptional and when pressed further confessed that he had never encouraged anyone to

pursue further studies.
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Here we discuss a study on how the perception of being positively recognized or not
recognized appropriately by the instructor or teaching assistant (TA) as a “physics person” or a
person who can excel in physics impacts male and female students’ self-efficacy and performance
at the end of a two-term college calculus-based introductory physics sequence. At the large public
university where this study was conducted, Physics 1 involves mechanics and waves and physics
2 involves electricity and magnetism. A majority of students were first year engineering, physics,
chemistry and math majors.

In addition to individual semi-structured think-aloud interviews with 30 student volunteers
(20 women and 10 men), we used Structural Equation Modeling (SEM) with gender mediation.
SEM is an approach involving simultaneous multiple regressions and can be used to predict
relationships among different variables [87]. We focused on matched students who took both
physics 1 and physics 2, i.e., there were 233 female and 464 male students followed from physics
1 to the end of physics 2. In four sections of the courses from which we present data, four
instructors were involved who primarily used traditional lecture-based method. As shown in Fig.
1, we used this method [87] to investigate how male and female students’ self-efficacy at the end
of physics 2 (post self-efficacy 2 or Post SE 2) and their physics 2 grade (Grade 2) are mediated
by the perceived recognition as a “physics person” by the course instructor/TA. Fig. 1 shows that
our model controls for student high school math SAT scores (SAT-Math), high school GPA (HS-
GPA), physics 1 grade (Grade 1) and self-efficacy at the end of physics 1 (post self-efficacy 1 or
Post SE 1). We collected data from a validated motivational survey [21,38,81,182,183] to measure
students’ self-efficacy at the end of both physics 1 and 2 and students’ perceived recognition by
the instructor and TA at the end of physics 2. However, details of the survey and measurement

part of SEM will be described elsewhere.
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Table 18 Mean values of high school GPA and SAT math scores, college grades and post self-efficacy in physics
1 and 2, and perceived recognition in physics 2 by gender, along with p-values showing statistical significance
of t-tests and effect sizes (given by Cohen’s d with a positive value favoring male students) showing the strength

of gender contrast [22]. Score ranges for all variables are also shown.

Predictors and Outcomes Mean
p value Cohen’s d
(Score Range) Male Female
High School GPA
4.20 4.34 <0.001 -0.34
(0-5)
SAT Math
713 706 0.130 0.13
(400-800)
Post Self-Efficacy in Physics 1
3.06 2.83 <0.001 0.47
(1-4)
Physics 1 Grade (0-4) 2.93 2.74 0.001 0.28
Perceived Recognition
2.55 2.14 <0.001 0.55
(1-4)
Post Self-Efficacy in Physics 2
2.91 2.65 <0.001 0.47
(1-4)
Physics 2 Grade (0-4) 2.73 2.48 <0.001 0.31
6.2 Results

Table 18 shows the averages and effect sizes [87] for the differences between male and
female students for their high school GPA and SAT math scores, their college physics 1 and
physics 2 grades, their post self-efficacy at the end of physics 1 and physics 2 and their perceived

recognition by TA/instructor in physics 2. Cohen suggested that typical values of d=0.2, 0.5 and
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0.8 represent small, medium and large effect sizes, respectively [87]. Table 18 shows that female
students had a higher average high school GPA than male students but lower average grades in
both Physics 1 and 2 with small effect size. Table 18 also shows that there is a statistically
significant gender gap in students’ post self-efficacy scores both in physics 1 and physics 2
favoring male students with moderate effect sizes. In addition, Table 18 shows that female students
also had lower perceived recognition by instructor/TA compared with male students with a

moderate effect size.

0.23*** 0.53***

Figure 12 Results of the structural equation modeling with gender mediation showing all of the paths
connecting various predictor and outcome variables for which the regression coefficients g are statistically
significant (p-values are indicated by *** for p<0.001, ** for p<0.01 and * for p<0.05 values) [22]. Each arrow
with the line connecting two variables in the diagram indicates the direction of regression. Numbers shown
with regressions connecting two variables are standardized values of @ that can be compared with each other
and thicker lines qualitatively signify stronger . Each dashed line with double arrow connecting two variables

indicates the correlation between them, and the number on the line is standardized covariance between them.
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Figure 12 depicts the path analysis part of the SEM with gender mediation [87] for
students’ self-efficacy and grade at the end of physics 2 and how these are mediated by the
perceived recognition by the course instructor/TA, controlling for students’ high school math SAT
scores, high school GPA as well as their grade and self-efficacy at the end of physics 1. While
details of SEM will be presented elsewhere, our SEM model fits are CFI = 0.945, TLI = 0.925,
RMSEA =0.061 and SRMR = 0.035, which represent good fits [87].

In Figure 12, the standardized regression coefficient (3 between each dependent (outcome)
and independent (predictor) variable can be interpreted as the amount by which the dependent
variable changes if the independent variable changes by one standard deviation [87]. We note that
the B between perceived recognition by instructor/TA and student grade in physics 2 (Grade 2) is
larger than the B between the high school GPA and Grade 2 suggesting that perceived recognition
by their instructor/TA plays a more important role in predicting the course grade in physics 2 (see
Figure 12). Similarly, the impact of students’ perceived recognition by instructor/TA on their post
self-efficacy in physics 2 (B for Perceived Recognition to Grade 2) is large ( B = 0.40), and is
roughly as large as the B = 0.58 between post self-efficacy in physics 1 and physics 2 (see Figure
12). Thus, by recognizing students for their effort and progress when appropriate and being careful
not to belittle them in unintended ways, instructors/TAs can impact their students’ post self-
efficacy and grade in physics 2 at the end of a two-term physics sequence in a positive way. In
fact, instructor/TA’s positive recognition for effort and progress at appropriate times can go a long
way in supporting women’s self-efficacy and identity and creating a learning environment in which
all students can thrive [21,81].

We note that prior investigation suggests that women with an A grade have comparable

physics self-efficacy to men with a C grade in introductory physics [38] and this difference in self-
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efficacy has the potential to disproportionately drive out women from physics related majors and
careers. In particular, the perception of not feeling positively recognized by the instructors/TAs as
a person who can excel in physics has the potential to not only deteriorate students’ self-efficacy
and performance in a physics course but can also have a long term negative impact. While the
details will be presented elsewhere, we note that even in individual interviews, we find that women
are less likely than men to feel positively recognized by instructors/TAs (similar to Table 18), and
it has the potential to disrupt their paths away from physics related majors and/or careers. In the
individual interviews we conducted with students, women sometimes reported that they had
contemplated switching out of their majors (either engineering or physics) because of negative
experiences in their physics courses while men did not express similar concerns. The interviewed
women sometimes noted that men in their physics courses were generally praised more by the
instructor/TA than women and men often dominated asking questions and answering most of the
questions instructors asked. Moreover, some women noted that instructors often did not make an
effort to improve their sense of belonging, e.g., by ensuring that everyone was given an opportunity
to contemplate the answers to the questions asked in small groups and then each time a different
group was asked to answer the questions. Some interviewed women reported that sometimes
instructors/TAs called men who answered the questions “brilliant”, which made them feel as
though they were not brilliant. They also noted that when they went to the course instructor or the
TA to ask for help on physics problems, they were told that the problems were “easy”, “obvious”
or “trivial”, which they perceived as disparaging or belittling in that they felt they were being told
that they are not smart enough to do physics if they could not do such easy problems on their own.

Some of them reported never going back to their instructor or TA after that for help.
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6.3 Discussion and Summary

Women are severely underrepresented in physics and related disciplines in which there are
pervasive gender stereotypes about who can excel and systemic disadvantages to women from
these stereotypes accrue from a young age. We presented both quantitative and qualitative
evidence focusing on the impact of male and female students’ perceived recognition by the
instructor and TA on their physics self-efficacy and performance at the end of a two-term calculus-
based introductory physics sequence. We find gender differences in students’ perceptions of being
recognized.

Positively recognizing students who are underrepresented in physics is particularly
important because lack of positive recognition has negatively impacted their entry and retention in
physics related disciplines for decades. We strongly recommend that physics instructors and
advisors have high expectations of all students. However, they should not be parsimonious in
providing micro-affirmations to students whenever an opportunity arises and praise them for their
effort instead of brilliance or intelligence [186]. Building an inclusive and welcoming
environment, being empathetic, learning students’ names as well as offering mentoring, guidance
and support for next steps that focus on individual student’s strengths, interests and growth can
help in improving students’ perception of feeling recognized [186]. Thus, instructors should set
high standards but make it clear to students that they know they can achieve those high goals by
working hard and working smart [187]. This is important for students to feel that the instructor
was applying high standards to them and not just giving empty praise [187].

Also, calling problems that students are struggling with “trivial” or “obvious” is likely to
have a student feel disparaged even if no harm was intended. What instructors and advisors must

realize is that what is important is the impact on students of what they say and not whether harm
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was intended! Instructors should realize that labeling a question that a student is asking “trivial”
has the potential to create stereotype threat [5,185] for students who are underrepresented in
physics, increase their anxiety and decrease their physics self-efficacy.

We also encourage established members of the field to tackle head-on any issues of bias or
microaggression that they observe in their classes rather than staying silent. Otherwise, due to
societal stereotypes about physics, lack of perceived recognition as someone who can excel in
physics has the potential to most hurt the underrepresented students, e.g., women who have few
role models. They often enter physics courses with lower self-efficacy and doubts about whether
they have what it takes to excel in physics courses. Our findings suggest that without explicit
thought and action by instructors and TAs to appropriately recognize students as people who can
excel in physics, not only is the gender gap in a physics course grade likely to be maintained but
the self-efficacy gender gap is also likely to persist. This self-efficacy gender gap has the potential
to not only have short term negative impact on women in physics courses but can also have long

term negative impact, e.g., on their career choices.
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7.0 How Female and Male Students’ Sense of Belonging in Introductory Physics Class

Predicts Their Academic Performance

7.1 Introduction and Theoretical Framework

Prior studies have shown that women are often underrepresented in many science,
technology, engineering, and mathematics (STEM) courses and disciplines [2-
4,22,23,36,38,63,185]. For example, even though women earn approximately 60% of all
bachelor’s degrees in the US, only 20% of the physics undergraduate degrees are earned by women
[13]. In addition, some studies have reported gender disparity in students’ performance in STEM
disciplines [14,15,188]. Prior research also suggests that individuals’ course enrollment and
performance in STEM can be influenced by their motivational beliefs such as their sense of
belonging in that domain [21,22,37,43,189-192]. For students from underrepresented groups,
sense of belonging might be undermined due to negative stereotypes about who can excel in certain
STEM fields and lack of encouragement and role models, leading to withdrawal from STEM fields
[24,25,28,29,32,74,193]. Hence, investigating students’ sense of belonging is critical to
understanding and addressing diversity, equity, and inclusion issues in STEM disciplines.

By equity in learning, we mean that not only should all students have equitable
opportunities and access to learning resources, but they should also have an equitable and inclusive
learning environment with appropriate support and mentoring so that they can engage in learning
in a meaningful and enjoyable manner and the learning outcomes should also be equitable. By
equitable learning outcomes, we mean that students from all demographic groups (e.g., regardless

of their gender identity or race/ethnicity) who have the pre-requisites to enroll in the course have
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comparable learning outcomes, which is consistent with Rodrigues et al.’s equity of parity model
[33]. The STEM learning outcomes not only include students’ academic performance but also
include their motivational beliefs in the domain such as student sense of belonging. If students do
not believe that they belong in a science or engineering course, they are unlikely to fully engage
in learning and are less likely to be enthusiastic about future studies and careers related to these
fields [194]. Thus, investigation of students’ sense of belonging is important to understanding their
engagement, performance, and persistence, and can provide guidelines for developing an inclusive

and equitable learning environment in which students from all demographic groups can excel.

7.1.1 Prior Studies on Students’ Sense of Belonging

Students’ sense of belonging refers to whether students feel that they belong within a
particular community [195]. The feeling of belongingness is related to being valued, respected,
and accepted in academic spaces [195]. Prior studies have shown that students’ sense of belonging
can influence their persistence and retention in a domain. For example, one study showed that even
after controlling for other known correlates of persistence (e.g., financial difficulties, standardized
test performance), students who reported higher sense of belonging also reported stronger
intentions to persist at the university [196]. Furthermore, research has suggested that, in STEM
settings such as physics, students from underrepresented groups, €.g., women in some of the
disciplines, often experience threats to their belonging, and they are also more likely to be impacted
negatively by lack of a sense of belonging [197,198]. For example, a study shows that women who
reported lower sense of belonging specifically in their STEM major (e.g., physics) were more
likely to expect to switch out of their major [199]. Seymour and Hewitt conducted a study to

investigate why undergraduate students leave science, and they found that a common reason for
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women’s attrition was feeling less welcome and accepted in the traditional masculine culture in
STEM [200]. Their work also suggests that this feeling of being an outsider is not only related to
the fact that female students often have few same-sex peers in STEM fields, but it is also affected
by the traditional “weed-out system” of many STEM fields (e.g., physics) that encourages
behaviors such as self-promotion and competitiveness, which are often in conflict with traditional
female gender roles [200].

In addition, students’ sense of belonging has also been shown to predict other motivational
beliefs. For instance, Freeman and colleagues [201] found that students’ sense of belonging in a
specific college class was positively associated with their self-efficacy, task utility, and intrinsic
motivation. In physics, prior studies have shown that students’ sense of belonging predicts their
physics identity and perceived utility value of academic tasks [90,202]. Prior studies also show
possible association between sense of belonging and students’ academic outcomes [203-206]-For
example, Pittman and Richmond [207] found that students who reported a higher sense of
belonging were not only more motivated than peers who were low in belonging, but they also
reported higher grades. Regression analysis can help us understand how strong this association is
in different disciplines in different contexts (e.g., in traditionally taught courses vs. when explicit
effort is made in the courses to increase the sense of belonging of students, particularly for those
who are from marginalized backgrounds such as women in physics). It is important for instructors
to know the factors (e.g., sense of belonging which has been found to be important in other contexts
and can be measured using validated surveys in different types of courses) that can influence
students’ learning outcomes and to what extent they influence the outcomes because this can help
instructors make intentional effort to improve their courses for all students. Several studies have

used multiple regression analysis or structural equation modeling to study the direct effect of sense
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of belonging on students’ overall grade [208,209] or grade in a specific course such as math [146].
However, very few studies have been done to study the effect of students’ sense of belonging on
learning outcomes (such as conceptual understanding and quantitative problem solving skills) at
the end of a physics course. Even though this association may be mediated by other variables (e.g.,
students’ motivation to learn, self-regulation, engagement in class, initiative, interaction with peers
and instructors, the level of anxiety, etc.), it is useful to first study the total effect of sense of

belonging on students’ learning outcomes.

7.1.2 Gender Difference on Concept Inventories in Physics

Even though teaching students to solve quantitative physics problems is often a central
objective in traditional physics instruction, students’ conceptual understanding of the physics
content knowledge is also a very important learning outcome [210]. However, prior studies have
shown that female students often have lower average score than male students on physics concept
inventories [211-215]. Moreover, a prior study investigating students’ performance on physics
conceptual and quantitative tests showed that women had significantly lower conceptual scores
than men, while men and women performed equally on the quantitative test questions [216].
Several factors have been proposed to explain the gender difference in students’ performance on
these physics concept inventories. For example, studies have shown that differential background
and preparation of men and women can account for part of the gender gaps [217,218]. In addition,
prior studies suggested that more interactive teaching methods are beneficial for all students
[219,220] and may also help reduce the gender gaps in students’ conceptual understanding
[2,217,221]; however, this effect has not been consistently reproduced in other studies
[14,181,222]. In particular, a study shows that in an inequitable and non-inclusive learning
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environment, female students may benefit less than male students from interactive learning
because they may not feel safe to express themselves in collaborative group discussions, and the
gender gap was even larger at the end of the course than that in a traditional lecture-based course
even though all students benefited compared to a traditionally taught course [138]. Prior studies
show that factors such as sense of belonging can also contribute to the gender difference in
students’ performance in physics [180,223]. However, there are very few studies focusing on the
effect of students’ sense of belonging on their conceptual understanding and quantitative problem

solving in a physics course.

7.1.3 The Present Study and Theoretical Model

Inspired by the above studies, we conducted a study focusing on how students’ sense of
belonging predicts students’ conceptual understanding and course grades at the end of a college
introductory physics course after controlling for gender, high school grade point average (GPA),
Scholastic Aptitude Test (SAT) math scores, and their sense of belonging and conceptual
understanding at the beginning of the course. In this study, students’ conceptual understanding was
measured by the Force Concept Inventory (FCI), which is one of the most commonly used concept
inventories in physics for introductory mechanics [224]. This study was conducted in a
traditionally taught course, in which students’ course grades are largely based on their performance
on midterm and final exams, which mainly focus on quantitative problem solving. Moreover, the
quantitative exams are spread out throughout the course and average over student performance on
all the topics covered in this course. Therefore, course grade is also a good measure of students’
quantitative understanding. We also investigated how students’ sense of belonging and FCI scores

changed from the beginning to the end of the course and whether there were gender differences in
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the constructs studied. As shown in Figure 13, high school GPA and SAT math scores are the two
high school constructs, and there is a covariance between them. Students’ pre-sense of belonging
and pre-FCI were measured at the beginning of the course, and their post-sense of belonging and
post-FCI were measured at the end of the course. There is a regression path from sense of
belonging to FCI for both pre and post, which helps us study how students’ sense of belonging
predicts their performance on the FCI test. Grade is a learning outcome predicted by the other
constructs. Gender is not predicted by any construct, so there is no path pointing to it. In Figure
13, each construct can be predicted by all of the constructs on its left. From left to right, all possible

paths were considered in the structural equation modeling (SEM) model, but only some of the

paths are shown for clarity in Figure 13.

B
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]
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Figure 13 Schematic representation of the theoretical framework. From left to right, all possible regression

paths were considered, but only some of the paths are shown here for clarity. HS GPA represents high school

grade point average. Bel represents sense of belonging.
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7.2 Research Questions

Our research questions regarding students’ sense of belonging and academic performance
in a calculus-based introductory physics course at a large state-related university in the US are as
follows. This course is generally mandatory and taken by engineering, physical science and
mathematics majors in the first semester of their first year of undergraduate studies.

RQ1. Are there gender differences in students’ sense of belonging and academic outcomes in an
introductory physics course, and how does students’ sense of belonging predict their
academic outcomes after controlling for students’ gender, high school GPA, SAT math
scores, and their sense of belonging and FCI scores at the beginning of the course?

RQ2. Does gender moderate the relationship between any two constructs in the model? In other
words, does the strength of relationship given by the standardized regression coefficients

between any two constructs in the model differ for women and men?

7.3 Methods

7.3.1 Participants

The data used in this study were collected from students enrolled in a first-semester college
calculus-based introductory physics course at a large research university in the US. This course is
taken primarily by students majoring in engineering, physical sciences, and mathematics for whom
it is mandatory. This course is a traditional lecture-based course (4 hours per week) with recitations

(1 hour per week), in which students typically work on physics problems with the help of a teaching
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assistant (TA). This course mainly includes mechanics topics such as kinematics, forces, energy
and work, rotational motion, gravitation and oscillations and waves. There were 533 students (211
female students and 322 male students) who participated in the study at both the beginning and
end of the course (matched students from pre to post). In our study, most students were 18 or 19
years old, and the average age was 18.7 years old. Most students were first year students, who had
just graduated from high school. Students were predominantly White (74%), with the remaining
students coming from a number of other ethnic or racial backgrounds: Asian (12%), Hispanic
(5%), African American (4%), Multiracial (4%) and Others (1%). Students’ demographic data
were provided by the university. Students’ names and IDs were de-identified by an honest broker
who provided each student with a unique new ID. Thus, researchers could analyze students’ data

without having access to students’ identifying information.

7.3.2 Measures

In this study, we investigate how students’ sense of belonging predicts their academic
outcomes (measured by FCI scores and course grades) after controlling for students’ gender, high
school GPA, SAT math scores, and their sense of belonging and FCI scores at the beginning of
the course. Students’ pre-college scores including high school grade point average (GPA) and
Scholastic Assessment Test (SAT) math scores were provided by the university, which are widely
used for college admissions in the United States. Students’ course grades are largely based on their
performance on midterm and final exams, which mainly focus on quantitative problem solving.
The course grades were obtained from the university records. The conversion between the letter
grade and corresponding grade point is given in Table 19. Students’ conceptual understanding and

their sense of belonging were measured using Force Concept Inventory (FCI) and a validated
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survey, respectively. Both the conceptual test and survey were administered to students in the first

and last recitation class of the semester.

Table 19 Letter grades and corresponding grade points.

F D- D D+ C- C C+ B- B B+ A- A/A+

Grade Point 0 0.75 1.00 125 1.75 2.00 225 275 3.00 325 375 4

Minimum Superior
Definitions  Failure
level to pass attainment

7.3.2.1 Conceptual Test

The Force Concept Inventory (FCI) which consists of 30 multiple choice questions was
administered to measure students’ conceptual understanding of Newtonian mechanics [224], in
contrast to their ability to solve quantitative problems that are typically used in regular course
exams (and which can sometimes be solved algorithmically without conceptual understanding of
the underlying concepts). The Force Concept Inventory (FCI) is one of the most commonly used
multiple choice surveys for assessing students’ conceptual understanding of Newtonian mechanics
[225]. FCI has been validated with extensive interviews and by comparison with the former
mechanics diagnostic test [224,226]. Face and content validity of FCI was established through the
support of the numerous physics instructors who have used the test and who have generally agreed
that the test measures students’ understanding of the force concept [224,226]. In addition, FCI
correlates well with other kinematics and forces related assessments such as force and motion
conceptual evaluation (FMCE) [227,228]. Reliability of FCI has been well established through
extensive use of the tests. Hake’s large survey data give convincing support for reliability and

similar pre- and post-test scores have been found in the USA in many institutions where the style
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of instruction has been similar [229]. Moreover, FCI shows global test-retest stability [230] and
low global context dependence [231].

Moreover, it is well established that student knowledge structures are often loosely
organized, incoherent, and context-dependent [232-234]. Thus, FCI is not going to show that
students’ knowledge structure is coherent if factor analysis of FCI concepts is conducted based
upon cognitive task analysis from an expert perspective. In particular, based upon the fact that
student knowledge is context dependent, the FCI results will show the structure and organization
of students’ context-dependent knowledge [235]—In particular, FCI provides a standard against
which students’ context-dependent conceptual understanding can be compared in detail [235].
Students’ performance on FCI can show what aspects of Newtonian force students approach
correctly and where and how the students use their common-sense beliefs. In other words, the FCI
score is a measure of disparity between student concepts and the Newtonian force concepts [235].
Moreover, prior studies show that students with low FCI scores usually have fragment and
incoherent concepts about force and motion, while students scoring 85% or higher on FCI exhibit
a fair degree of coherence in their conception of force and motion [236,237], which are consistent
with Vosniadou’s study showing that pre-Newtonian thinkers have conceptions that are not fully
coherent or consistent [238]. Therefore, FCI is useful to measure the degree to which the student

has assimilated the Newtonian mechanics concepts.

7.3.2.2 Survey Instruments with belonging items

In this study, we used a validated survey to measure students’ sense of belonging at the
beginning (pre) and end (post) of the course. The survey questions for sense of belonging are listed
in Table 20. These survey questions were adapted from existing motivational research [164] and

were re-validated in our prior work [37,95,96,127,165]. As shown in Table 20, for both pre and
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post, all of the CFA item loadings are above 0.6 and most of them are above 0.7, which means that
our construct extracts sufficient variance from the items [239].

Students’ sense of belonging pertains to their feelings of whether they belonged in the
physics class [195]. We measured it using four items that were scored on a 5-point Likert scale:
“not at all true, a little true, somewhat true, mostly true and completely true” (Cronbach’s alpha =
0.81 for pre and Cronbach’s alpha = 0.86 for post). Two items pertaining to sense of belonging (“I
feel like an outsider in this class” and “Sometimes I worry that I do not belong in this physics
class”) were reverse coded, which means that a higher score in these two items represents a lower
sense of belonging. Students’ sense of belonging score is the average score of all items related to

this construct.

Table 20 Survey questions for sense of belonging, along with CFA factor loadings for students’ pre and post
responses to the survey. Lambda (factor loading) represents the correlation between each item and the
construct, and the square of Lambda for each item gives the fraction of its variance explained by the construct.

All Lambdas shown in this table are statistically significant with p value < 0.001.

Lambda
No. Survey Items for Physics Sense of Belonging
Pre Post
1 | feel like I belong in this class. 0.704 0.832
2 | feel like an outsider in this class. 0.704 0.733
3 | feel comfortable in this class. 0.770 0.773
4 Sometimes | worry that | do not belong in this 0.689 0.782

physics class.
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7.3.3 Data Analysis

In this study, we first used a t-test [103,240] to compare students’ sense of belonging and
FCI scores at the beginning and end of the course as well as conducted an analysis of gender
differences using descriptive statistics. Then, we used structural equation modeling (SEM) [87] to
study how students’ sense of belonging predicts their FCI scores (conceptual understanding) and
course grades (quantitative understanding) at the end of the course after controlling for students’
gender, high school GPA and SAT math scores as well as their sense of belonging and FCI scores
at the beginning of the course.

Before performing the SEM, we calculated the Pearson correlation coefficients pairwise
between the constructs [100]. The results show that even though these constructs have correlations
with each other, the correlations are not so high that the constructs could not be examined as
separate constructs [109] (see Appendix D for detailed results). To analyze the regression
relationships among the constructs, we performed integrated SEM analysis. First, we evaluated the
measurement model for pre- and post-sense of belonging using confirmatory factor analysis (CFA)
and obtained factor scores for pre- and post-sense of belonging [241,242]. Then, we performed a
path analysis using these factor scores. The two-steps SEM is implemented because, while not
strictly a SEM, which would require simultaneous estimation of factor loadings and regression
coefficients, the factor scores approach enhances stability of the solution avoiding the effects of
misspecifications that always happen in complex models with multiple predictors, mediators and
dependent variables as in our case [241,243]. Even though FCI also includes 30 items, we use FCI
total score rather than factor score to conduct the path analysis. This is because FCI includes many
conceptual dimensions such as kinematics, Newton’s first law, second law, third law,

superposition principle for vector addition, and different kinds of force [224]. The authors of FCI
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emphasized that the total FCI score is the most reliable single index of student understanding
because it measures coherence across all dimensions of Newtonian force concept [235]. Lasry et
al.’s study also showed that FCI total score is highly reliable [230]. Therefore, in this study we use
total score for FCI.

The path analysis in SEM gives regression coefficients S for paths between each pair of
constructs and the value of each S is a measure of the strength of that relationship. Compared with
a multiple regression model, the advantage of SEM is that we can estimate all regression links for
multiple outcomes simultaneously, which improves the statistical power. The level of SEM model
fit can be represented by the Comparative Fit Index (CFI), Tucker-Lewis Index (TLI), Root Mean
Square Error of Approximation (RMSEA) and Standardized Root Mean Square Residuals
(SRMR), and CF1 >0.9, TLI >0.9, RMSEA < 0.08, and SRMR < 0.08 are considered as acceptable
[98]. We first analyzed the saturated SEM model as shown in Figure 13 (i.e., included all possible
regression pathways), and then dropped the pathways that were not statistically significant to
obtain a model that produced an acceptable fit to the data and contained only statistically
significant regression paths. Before performing mediation analysis involving gender as shown
schematically in Figure 13 (in which gender predicts each construct in the model through direct
and indirect paths), we first tested the gender moderation relations between each pair of the
constructs using multi-group SEM (to investigate any interaction effects with gender), which
includes testing of factor loadings, indicator intercepts, residual variances and regression

coefficients.
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7.4 Results

7.4.1 Descriptive Statistics for Students’ Sense of Belonging and Academic Performance

Table 21 shows the descriptive statistics of students’ sense of belonging and FCI scores at
the beginning and end of the course. As shown in Table 21, female students had statistically
significantly lower scores in both sense of belonging and FCI than male students at the beginning
of the course, and the gender differences were maintained at the end of the course. In addition, we
found that from pre to post, both female and male students’ FCI scores increased, while their sense
of belonging decreased. Even though female students showed a larger improvement in FCI scores
than male students according to the Cohen’s ds, the FCI normalized gains were the same for men
and women. In Appendix E, we report the percentages of female and male students who selected
each answer choice from a 5-point Likert scale for each survey item for sense of belonging, which
show consistent results with the descriptive statistics shown in Table 21.

Table 22 shows the descriptive statistics of students’ high school GPA, SAT math scores,
and grades in the physics course. As shown in Table 22, there was no statistically significant gender
difference in students’ SAT math scores, and female students had a higher average high school
GPA than male students. In addition, even though the average course grade of women is lower

than that of men, this gender difference is not statistically significant.
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Table 21 Descriptive statistics of pre- and post-sense of belonging (Bel) and FCI scores for female and male
students. Cohen suggested that typically values of d ~ 0.2, 0.5 and 0.8 represent small, medium and large effect
sizes, respectively [240]. Hake suggested that value of g <0.3,0.3< g < 0.7, and g > 0.7 represent small, medium
and large normalized gains, respectively [229]. A minus sign indicates that students’ average score decreased

from pre to post.

Pre-Bel Post-Bel Statistics
Gender
Mean Mean Cohen’s d p value
Male 4.01 3.71 -0.37 <0.001
Female 3.74 3.42 -0.35 <0.001
p value <0.001 0.001
Cohen’s d 0.36 0.30
Pre-FCI Post-FCI Statistics
Gender Normalized gain  Cohen’s
Mean Mean p value
(9) d
Male 63% 2% 0.23 0.42 <0.001
Female 50% 61% 0.23 0.60 <0.001
p value <0.001 <0.001
Cohen’s d 0.63 0.50
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Table 22 Descriptive statistics of female and male students’ high school GPA, SAT math scores and course

grades. A minus sign indicates that female students have a higher average score than male students.

Mean
Grades (Score Range) p value Cohen’s d
Male Female
High School GPA (0-5) 4.12 4.31 <0.001 -0.48
SAT Math (400-800) 706 703 0.593 0.05
Grade (0-4) 2.57 2.44 0.104 0.14

7.4.2 Moderation Analysis of Gender

We first conducted a moderation analysis to test whether gender moderates the relationship
between any two constructs in the model (i.e., do the strength of relationships given by the
standardized regression coefficients between any two constructs in the model differ for women
and men?). We used the R [110] software package “lavaan” to conduct multi-group SEM. We
initially tested for measurement invariance. In other words, we analyzed whether the factor
loadings, intercepts, and residual variances of the observed variables are equal in the model where
we measured the latent constructs so we can confidently perform multi-group analysis. The
analysis involved introducing certain constraints in steps and testing the model differences from
the previous step. In each step, we compared the model to both the previous step and the freely
estimated model, that is, the model in which all parameters are freely estimated for each gender
group. First, to test for “weak” or “metric” measurement invariance, we ran the model where only
factor loadings were fixed to equality across both gender groups, but intercepts and errors were
allowed to differ. The model was not statistically significantly different from the freely estimated

model according to a likelihood ratio test, so weak measurement invariance holds (Chi-square
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difference (Ay?) = 8.817, degree of freedom difference (Adof) = 6, and non-significant p = 0.184).
Next, we tested for “strong” or “scalar” measurement invariance by fixing both factor loadings
and intercepts to equality across gender groups. This model was not statistically significantly
different from either the metric invariance model (Ay? = 6.977, Adof =6, p = 0.323) or the freely
estimated model (Ay? = 15.794, Adof = 12, p = 0.201), so strong measurement invariance holds.
Finally, to test for “strict” measurement invariance, we fixed factor loadings, intercepts, and
residual variances to equality. This model was not statistically significantly different from either
the scalar invariance model (Ay? =7.892, Adof =8, p = 0.444) or the freely estimated model (Ay?
= 23.685, Adof = 20, p = 0.256), so strict measurement invariance holds. Therefore, since all
levels of measurement invariance hold for this model, we continued on to perform multi-group
comparisons.

We ran a multi-group SEM in which all regression estimates were fixed to equality for
female and male students in addition to the factor loadings and intercepts, and we compared this
model with the freely estimated model. There was no statistically significant difference between
the two models, so we reported the model in which regression pathways are equal for men and
women. The model fit parameters for this case were acceptable (RMSEA =0.053, SRMR = 0.065,
CFI =0.962, TLI =0.960). The multi-group SEM results suggest that regression pathways among
the constructs do not have differences across gender when compared to the freely estimated model
(Ax? =44.479, Adof =34, p =0.108) or to the strict model (Ay? = 20.794, Adof = 14, p = 0.107).
Therefore, the results shown above indicate that in our model, strong measurement invariance
holds and there is no difference in any regression coefficients by gender, which allowed us to
perform the mediation analysis involving gender using SEM (as shown schematically in Figure

13).
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7.4.3 SEM Model Controlling for Both SAT Math and High School GPA

In this section, we discuss our use of structural equation modeling (SEM) to investigate
how students’ sense of belonging predicts their course grades (quantitative understanding) and FCI
scores (conceptual understanding) at the end of the course after controlling for students’ gender,
high school GPA and SAT math score as well as their sense of belonging and FCI scores at the
beginning of the course. Fig. 2 shows the path analysis results of the integrated SEM model. The
model fit indices suggest a good fit to the data: CFI = 1.000 (>0.90), TLI = 1.000 (>0.90), RMSEA
= 0.000 (<0.08) and SRMR = 0.015 (<0.08). The solid lines represent regression paths, and the
numbers on the lines are regression coefficients (4 values), which represent the strength of the
regression relations.

As shown in Fig. 2, students’ sense of belonging at the end of the course directly predicts
their grades and post-FCI even after controlling for their pre-FCI, SAT math and high school GPA.
In particular, the direct effect of post-sense of belonging on grades is £ = 0.23, which is
comparable to the effects of SAT math, high school GPA and post-FCI on students’ grades. In
addition, students’ post-sense of belonging also directly predicts their post-FCI with = 0.12,
which provides an indirect path from post-sense of belonging to grades (post-Bel - post-FCI >
Grade). We note that gender predicts high school GPA with a negative regression coefficient (£ =
—0.23), which means that female students on average had a somewhat higher high school GPA
than male students. This result is consistent with the descriptive statistics shown in Table 22. We
note that SAT math directly predicts post FCI (£ = 0.08) and grade (£ = 0.21), and high school
GPA also directly predicts grade (8 = 0.23). In addition, the Pearson correlation coefficient

between SAT math and grade is 0.50 and between high school GPA and grade is 0.38. Therefore
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[244,245], SAT math accounts for around 10% variance in students’ course grades, and high
school GPA accounts for around 9% variance in students’ course grades. In Appendix F, we
reported the results of full SEM (which estimates factor loadings and regression coefficients

simultaneously), which are very similar to the results of the integrated SEM model shown in Figure
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Figure 14 Results of the path analysis part of the integrated SEM model. Bel represents sense of belonging. The

solid lines represent regression paths and the dashed lines represent residual covariances. The regression line
thickness corresponds to the magnitude of g value (standardized regression coefficient) with 0.001 < p < 0.01

indicated by **. All the other regression lines show relations with p < 0.001

To further understand how the model explains the variance in students’ learning outcomes,
we calculated the coefficients of determination R? (fraction of variance explained) for each
construct in the SEM model ( Table 23). We found that pre-sense of belonging and pre-FCI have
relatively small R? values compared to those for post-sense of belonging, post-FCI and grades.

This is because they are input constructs that we are controlling for, which are predicted by fewer
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constructs than the outcome constructs. As shown in Table 23, R? values of all outcome constructs
are reasonably high, which means that our model explains much variance in the outcome

constructs.

Table 23 Coefficient of determination (R?) for various constructs in the SEM model. All R? values are

significant with p values < 0.001. Bel represents sense of belonging.

Constructs
Pre Bel Pre FCI Post Bel Post FCI Grade
0.07 0.30 0.53 0.67 0.51

7.5 Discussion

In this study, we focused on female and male students’ sense of belonging and how it
predicts students’ learning outcomes including both conceptual understanding (measured by Force
Concept Inventory) and quantitative problem solving (measured by course grades) in a college
calculus-based introductory physics course. In particular, we studied how students’ sense of
belonging predicts their FCI scores and grades at the end of the course (post) after controlling for
their gender, high school GPA, SAT math scores, and their sense of belonging and FCI scores at
the beginning of the course (pre). We also investigated the gender differences in different
constructs and whether gender moderates the relationship between any two constructs in our
model.

Our results show that students’ post-sense of belonging statistically significantly predicts

their post-FCI scores and grades, and there is no statistically significant gender difference in the
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relationship between any two constructs in the model. The results also show that there are
statistically significant gender differences disadvantaging women in both sense of belonging and
FCI scores at the end of the course. Since sense of belonging is a predictor of FCI scores, the
gender difference in students’ sense of belonging may at least partially explain the gender gap in
FCI scores. Due to reasons such as societal stereotypes and biases about who can do well in physics
and lack of female role models, female students may have lower sense of belonging even before
they enter college. Moreover, studies have shown that students from marginalized demographic
groups such as women are more likely to be impacted negatively by negative cues relevant to
belonging [197,198,246,247]. Thus, this type of gender gap in students’ sense of belonging in
physics is likely to exist unless intentional efforts are made by instructors to create an inclusive
and equitable learning environment, in which all students can develop a high sense of belonging.
If we could eliminate the gender difference in sense of belonging by creating a learning
environment in which all students feel safe to engage in collaboration and discussions with peers
and instructor, the gender difference in FCI scores may also decrease. In addition, our results show
that both men’s and women’s sense of belonging decreased from pre to post, which means that the
current physics learning environment is not helping students build a higher sense of belonging.
Considering that FCI scores are predicted by sense of belonging, it is possible that students’ post-
FCI scores will be higher if we could improve students’ sense of belonging in the class.

In addition, students’ post-sense of belonging also statistically significantly predicts their
course grades. We note that there is no gender difference in students’ SAT math scores, and women
actually have a higher average high school GPA than men; however, at the end of the physics
course, women have somewhat lower course grades even though this gender difference is not

statistically significant. Since there is a gender difference disadvantaging women with regard to
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sense of belonging, and sense of belonging statistically significantly predicts students’ course
grades, it is possible that female students would perform better in a more inclusive and equitable
learning environment in which they have a higher sense of belonging.

We note that increased sense of belonging can be related to a variety of factors e.g., higher
motivation to learn, self-regulation, engagement, initiative, more productive interactions with
peers and instructors, and reduced anxiety, etc. For example, a possible hypothesis for why
students’ sense of belonging predicts their learning outcomes is that when students do not feel that
they belong in the class, they may not fully take advantage of the interactions with their instructors
and peers. For example, in group problem solving or class discussions, students with low sense of
belonging may not fully participate in learning and discussions because they may not feel safe to
share their ideas. For students from underrepresented groups, e.g., women in physics, it might be
even more difficult to participate in group learning when the learning environments are not
equitable and inclusive and discussions are dominated by students from the dominant groups. In
addition, if appropriate attention is not paid to equity and inclusion, students with low sense of
belonging may also feel less comfortable asking questions to instructors or TAs in class or office
hours because they may worry that their questions are not good enough and feel nervous about
showing that they do not know something. Moreover, the lack of sense of belonging may also
result in anxiety [248], which can rob students of their cognitive resources and reduce their level
of cognitive engagement while learning.

Our study hints at the important role played by instructors in improving students’ sense of
belonging by creating an inclusive and equitable learning environment. In particular, instructors
need to keep in mind how the societal stereotypes and biases about who belongs in physics and

who can excel in physics impact the stereotyped groups. They should also be mindful of the factors
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and cues that can influence students’ sense of belonging and make explicit efforts to improve their
classes. For example, instructors should provide every student with equal opportunity to ask and
answer questions during the class and avoid letting a small group of students dominate the class
discussion. In addition, studies have shown that framing adversity as something that all students
experience and emphasizing that embracing struggle and using it as a stepping stone will help them
become better over time at solving challenging physics problems can help students interpret
adversity as normal and temporary instead of as a sign that the students do not belong and do not
have what it takes to excel [144,194].

Furthermore, physics is one of the disciplines with the worst stereotypes about requiring a
natural ability to be successful [11,83], and studies have shown that the idea of ability being fixed
and unchangeable can increase students’ concerns about belonging, especially for students from
underrepresented groups who have few role models [249,250]. Thus, it is critical to build a learning
environment which emphasizes that abilities are malleable and can be changed through deliberate
practice and effort [146]. In addition, instructors can also show students non-stereotypical role
models from diverse demographic groups, personalities and interest, since this has been shown to
increase students’ sense of belonging [251,252]. Instructors can apply these strategies in their
classes and intentionally make efforts to develop an inclusive and equitable learning environment,
in which all students recognize that failing and struggling are normal and they can overcome them
by working hard, working smart using deliberate strategies, going to instructors’ office hours,
working with peers and taking advantage of all of the resources provided. In an equitable and
inclusive learning environment, instructors convey to students that they have high expectations for
all of them, know that each one of them will meet those expectations by embracing challenges,

and are always there to support all students as needed. In an equitable and inclusive learning
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environment, students can be encouraged to view struggles as stepping stones to learning and be
proud of struggling since it is a sign that they are on their way to learning.

In this study, we focus on the relationship between students’ sense of belonging and
learning outcomes in a college level calculus-based introductory physics course. Our results show
that sense of belonging is a strong predictor of students’ learning outcomes. Since this effect might
be mediated by other factors such as students’ motivation to learn, self-regulation, engagement in
class, initiative, interactions with peers and instructors, the level of anxiety, etc., it would be helpful
to investigate what factors mediate this effect and what role is played by each mediator in future
studies. In addition, this study is based on students’ self-reported responses to the motivational
survey. It would be helpful to interview more students to get a deeper understanding of the
mechanism of how the learning environment shapes students’ sense of belonging and how sense
of belonging influences students’ learning outcomes in the physics course. It would also be helpful
to use belonging interventions with control groups to further study the effect of sense of belonging
on students conceptual understanding and course grades. In future studies, it would also be
valuable to investigate students’ sense of belonging and its impact on learning outcomes in other
courses, such as algebra-based physics courses, where women are the majority group, often
making up 60% or more of the classroom. In addition, it would be also useful to investigate
students’ sense of belonging and its impact on learning outcomes in advanced physics courses,
which are usually taken by physics major students beyond the first year. Similar studies in other
disciplines and in other countries would also be helpful for developing a deeper understanding of

the role played by sense of belonging in student learning.
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7.6 Conclusions

In this study discussed in the context of an introductory physics course at a large research
university in the US, we find that students’ sense of belonging plays an important role in predicting
their physics conceptual understanding and grades (quantitative understanding) in the college
physics course, and this relationship is comparable for men and women. Our results show that in
the current learning environment, female students felt a significantly lower sense of belonging than
male students, which can contribute to the gender difference in students’ learning outcomes at the
end of the course. These findings suggest that women’s lower sense of belonging can explain their
physics learning and hint at the importance of instructors being intentional about creating an
inclusive and equitable learning environment in which students from all demographic groups have

a high sense of belonging and can excel.
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8.0 How Perception of Learning Environment Predicts Male and Female Students’ Physics

Self-Efficacy, Interest and Identity in Calculus-Based Introductory Physics Courses

8.1 Introduction and Theoretical Framework

Several prior studies have focused on underrepresented groups such as women in science,
technology, engineering, and mathematics (STEM) courses, majors and careers [1-7,13,21,22,36-
38,63,135,181,184,185,253,254]. Prior research suggests that individuals’ career enrollment and
achievement in STEM can be influenced by their domain specific motivational beliefs such as self-
efficacy, interest and identity [18-22,34,37,41,43,45,48,63,73,255-261]. For students from
underrepresented groups, these motivational characteristics might be undermined due to lack of
encouragement, negative stereotypes, and inadequate prior preparation, leading to withdrawal
from STEM fields [24-32,74,262]. Hence, investigating students’ motivational characteristics is
critical to understanding and addressing diversity, equity, and inclusion in STEM disciplines.

Prior research suggests that self-efficacy is an important motivational characteristic of
students in order for them to excel in a domain [20,36-38]. In particular, self-efficacy is the belief
in one’s capability to be successful in a particular task, course, or subject area [39,40], and it has
been shown to influence students’ engagement and performance in a given domain [41-
43,122,258]. Students with high self-efficacy in a domain often enroll in more difficult courses in
that domain than those with low self-efficacy because they perceive difficult tasks as challenges
rather than threats [45].

Another motivational characteristic is interest, which is defined by positive emotions

accompanied by curiosity and engagement in a particular discipline [46,47]. Studies have shown
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that interest can also influence students’ learning [41,47-50]. For example, one study shows that
making science courses more relevant to students’ lives and transforming curricula to promote
interest in learning can improve students’ achievement [52]. In addition, studies have shown that
students’ interest is not independent from self-efficacy [41,54].

According to Eccles” Expectancy-Value Theory (EVT) [53,54], interest is paired well with
self-efficacy as connected constructs that predict students’ academic outcome expectations and
career aspirations. In this theory, students’ persistence and engagement in a task or field can be
influenced by their expectancy of success and by their estimation of the task’s value. The
expectancy here refers to learners’ belief in their ability to succeed in the given task [54], which is
closely related to self-efficacy. Value in this theory includes four components: intrinsic value,
attainment value, utility value, and cost [54]. Intrinsic value represents students’ personal interest
in the task or field. Attainment value refers to how important students themselves feel it is for them
to develop mastery and do a good job in the field [54]. Utility value pertains to whether this task
can help them succeed in various fields [54]. The last value component is cost, which corresponds
to the negative aspect of engagement such as the amount of anxiety or opportunity cost due to the
time spent on the task [54]. In the Expectancy-Value Theory, people’s learning goal, academic
performance, and persistence in the field are impacted by their expectancy and the four
components of value [54].

Science identity is another important motivational characteristic that influences students’
career decisions and outcome expectations [21,22,55-58,63,101]. Students’ identity in a specific
field such as physics is related to whether they see themselves as a physics person
[21,22,55,58,63,101]. Some studies have found that female students are less likely to see

themselves as a physics person than male students [63,64]. In prior research, in general, the
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challenges women face in developing physics identity are related to societal biases and stereotypes
[66-68]. For example, negative societal stereotypes and generalizations about who can succeed in
physics and other STEM disciplines can lower women’s sense of belonging and undermined their
experiences, so that they often have lower STEM identity than men [24,69,70]. Thus, studying
STEM identity may help us to understand the gender difference in participation in STEM. The
well-known science identity framework developed by Carlone and Johnson [22] includes three
dimensions: competence (“I think I can”), performance (“I am able to do”), and recognition (“T am
recognized by others”). Hazari et al. adapted this model to physics and added interest to this model
[21]. They investigated whether the relation between gender and physics identity was mediated by
interest, competency belief, and perceived recognition from other people [78,79]. These two
studies reveal that individuals’ internal identity in science is not only impacted by their own
motivational characteristics but also by their perceived recognition from others.

Several studies have shown that female students did not feel that they were recognized
appropriately even before they entered college [66,83,183]. We have conducted interviews with
women in physics courses and it is clear from these interviews that they felt that in general men
were recognized more by the instructors than women and it impacted their self-efficacy, interest
and identity as a physics person [71,76]. One of the stereotypical views of science is that it is for
high achievers or naturally gifted students [66]. In general, due to societal stereotypes, being a
genius or exceptionally smart is associated with boys [156]. In one investigation, boys and girls
were externally exposed to these fixed intelligence views starting from early ages, which
influenced the development of their science identity [83]. In addition, one study indicated that
elementary and high school boys and girls interested in science were treated differently by parents,

teachers and friends. While boys received admiration and encouragement for their interests,
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responses to girls were often characterized by ambivalence, lack of encouragement, or suggestions
that their goals were inappropriate [84]. Studies showed that these stereotypes and biases also exist
in university context [81,85]. For example, one study found that science faculty members in
biological and physical sciences exhibit biases against female students by rating male students
significantly more competent [85]. Our prior study also found that in introductory physics course,
there is a significant gender difference in perceived recognition from TAs and instructors [81,112].
There is often a feedback loop, e.g., between recognition and identity. For example, the
experiences of not being recognized as a science person may further increase the stereotype threat,
and these gender-based biases may accumulate over time and become a detriment to female
students’ science identity.

Moreover, students’ interest and self-efficacy have also been found to be connected to their
interaction with other people and recognition by them [40,47]. In Hidi and Renninger’s four stages
model of interest development [47,49,86], people’s interest in a field is triggered and maintained
by external factors first and then becomes an individual interest. In addition, according to
Bandura’s social cognitive theory, individual’s self-efficacy can be shaped by verbal
encouragement from others [151,153]. Kalender et al.’s physics identity framework [81] showed
that students’ perceived recognition not only strongly predicts their physics identity, but also
predicts their physics interest and self-efficacy, which suggests that the gender difference in
students’ perceived classroom experience may partially explain the gender differences in students’
physics self-efficacy, interest and identity at the end of the course. However, it is not clear how
much of self-efficacy and interest changed from the beginning to the end of the course, and what

role was played by perception of learning environment in this change.
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In addition to perceived recognition, some studies have shown that students’ sense of
belonging and their interaction with peers are also important constructs of learning environment
[2,69,70,195,263-265]. For example, if students feel more secure in their belonging in school, they
may approach others in the academic environment more and with more positive attitudes, building
better interaction and higher perceived recognition [178]. However, there are very few quantitative
studies about the effect of learning environment on students’ motivational beliefs and what role is
played by each factor in the learning environment. To better understand how the learning
environment influences students’ motivational outcomes and how to develop an inclusive and
equitable learning environment, further study is needed.

Our conceptualization of inclusive excellence and equity in learning includes three pillars:
equitable access and opportunity to learn, equitable and inclusive learning environment, and
equitable outcomes. Thus, by inclusive excellence and equity in learning, we mean that not only
should all students have equitable opportunities and access to resources, they should also have an
equitable and inclusive learning environment with appropriate support and mentoring so that they
can engage in learning in a meaningful and enjoyable manner and the learning outcomes should
be equitable. By equitable learning outcomes, we mean that students from all demographic groups
(e.g., regardless of their gender identity or race/ethnicity) who have the pre-requisites to enroll in
courses have comparable learning outcomes. This conceptualization of equitable outcome is
consistent with Rodriguez et. al.’s equity of parity model [33]. The learning outcomes include
student performance in courses as well as evolution in their motivational beliefs such as self-
efficacy etc. because regardless of performance, students’ motivational beliefs can influence their
short and long-term retention in their major and careers. In other words, an equitable and inclusive

learning environment should provide guidance, support and mentoring to all students as
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appropriate and ensure that students from all demographic groups have equal sense of belonging
regardless of their prior preparation so long as they have the prerequisite basic knowledge and
skills. An equitable and inclusive learning environment would also ensure that students from all
demographic groups and prior preparation embrace challenges as learning opportunity instead of
being threatened by them and enjoy learning. Equitable learning outcomes also include the ability
of the courses to empower students from all demographic groups and make them passionate to
pursue further learning and careers in related areas. We note that equitable access and opportunity
to learn, equitable and inclusive learning environment and equitable outcomes are strongly
entangled with each other. For example, if the learning environment is not equitable and inclusive
in a particular course, the learning outcomes are unlikely to be equitable.

To improve equity and inclusion in physics classes, we conducted a study to investigate
the effect of the perception of learning environment (including sense of belonging, perceived peer
interaction, and perceived recognition) on students’ self-efficacy, interest and identity by
controlling for students’ gender and their self-efficacy and interest at the beginning of a calculus-
based introductory physics course. We note that the learning environment mentioned here is not
necessarily the classroom environment: it also includes students’ experiences outside the class. For
example, students may work together on their homework after class, and they could also ask for
help during instructors’ office hours. As shown in Figure 15, the total nine constructs are divided
into three groups: what we control for, perception of learning environment, and outcomes.
Students’ gender, pre-self-efficacy (Pre SE) and pre-interest measured at the beginning of the
course are constructs that we control for, which are related to students’ beliefs about physics based
on their prior experience. Outcomes include students’ physics post-self-efficacy (Post SE), post-

interest and identity at the end of the course. Perceived recognition (Perceived Recog), perceived

178



peer interaction (Peer Int) and sense of belonging (Belonging) constitute the perception of learning
environment. For convenience, perceived peer interaction is shortened to peer interaction in the
rest of the paper. We note that out of the three components of the pre-physics identity, pre-self-
efficacy and pre-interest have been controlled for. However, perceived recognition is part of the
perception of learning environment and thus is not controlled for at the beginning of the course
(i.e., students have no experience interacting with their instructors and TAS).

In our study, peer interaction, perceived recognition and sense of belonging were measured
at the end of the course. This is because only after the course can students answer these survey
questions based on their real experience in the course such as their interaction with peers, TAs and
instructors. Because pre- and post- responses are actually students’ responses to the same questions
at two different time points, it is not surprising if students’ pre-self-efficacy and pre-interest
partially predict their post-self-efficacy and post-interest. However, if students’ self-efficacy and
interest changed from pre to post, we want to study whether the perception of learning environment
helps to explain the changes and what role is played by each construct in the perception of learning
environment.

In this study, we first calculated female and male students’ mean scores for each
motivational construct. Then, we studied how much of students' self-efficacy and interest changed
from pre- to post- and how much of these changes can be explained by the perception of learning
environment. We used Structural Equation Modeling (SEM) to study the effect of learning
environment on students’ post-self-efficacy, interest, and identity by controlling for gender and
their pre-self-efficacy and interest. To better understand the role played by each perception of
learning environment construct, we first considered a model with perceived recognition as the only

perception of learning environment construct to see how much variance in students’ self-efficacy,
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interest and identity was explained by the model. Then, we added peer interaction and sense of
belonging into this model one by one to see whether the adding constructs help to explain extra

variance in students’ motivational outcomes.
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Figure 15 Schematic representation of the theoretical framework regarding physics identity. From left to right,

all possible regression paths were considered, but only some of the paths are shown here.

8.2 Research Questions

Our research questions regarding the calculus-based introductory physics course 1 at a
large state-related university are as follows. This course is generally taken by engineering, physical
science, and mathematics majors in the first year of undergraduate studies.

RQ1. Are there gender differences in students’ motivational characteristics and do they change

from the beginning to the end of the course (i.e., from pre to post)?
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RQ2.

RQ3.

RQ4.

RQ5.

RQ6.

How do the components of the perception of learning environment (including sense of
belonging, peer interaction and perceived recognition) predict students’ physics identity as
well as post-self-efficacy and post-interest controlling their gender, pre-self-efficacy and
pre-interest?

Does gender moderate the relationship between any two constructs in the model? (i.e.,
Does the strength of relationship given by the standardized regression coefficient between
any two constructs in the model differ for women and men?)

If gender does not moderate any path in the model, how does gender mediate

the factors that were controlled for?

the perception of learning environment after controlling for pre-self-efficacy and pre-
interest?

the motivational outcomes after controlling for everything in the model?

What unique role is played by each of the three components we have included in the
learning environment in predicting students’ motivational outcomes?

Based on the aspects of the perception of learning environment that explain most of the
variance in the outcomes, which model is most productive for creating the inclusive

environment?
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8.3 Methodology

8.3.1 Participants

In this study, we collected motivational survey data at the beginning and end of the
semester from students who took the introductory calculus-based physics 1 course in two
consecutive fall semesters. This course is taken mostly by students majoring in engineering,
physical science, and mathematics. This course is a traditional lecture-based course (4 hours per
week) with recitations (1 hour per week) in which students typically work collaboratively on
physics problems. The paper surveys were handed out and collected by TAs in the first and last
recitation class of a semester. Course instructors were encouraged to give students course credit or
extra credit for completing the survey, and the completion rates are typically 80%-90%. We named
the data collected at the beginning of the semester as pre-data and that collected at the end of the
semester as post-data. Finally, we combined the two semesters’ data and put them into two
categories, pre and post. The demographic data of students—such as gender—were provided by
the university. Students’ names and IDs were de-identified by an honest broker who provided each
student with a unique new ID (which connected students’ survey responses with their demographic
information). Thus, researchers could analyze students’ data without having access to students’
identifying information.

There were 1364 students participating in the pre-survey and 1219 students participating
in the post-survey. There were 1052 students participating both pre- and post- survey. Students
may miss the first or the last recitation class for many possible reasons. In this study, we only
considered students who are in our post-data set even though some of them might not take the pre-
survey. This is because our focus is on students’ motivational outcomes at the end of the course,
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and what role is played by the perception of learning environment in predicting students’
motivational outcomes by controlling for their pre-motivational scores. In addition, SEM can
provide a better estimation with the more completed outcome data [266]. Thus, it is reasonable to
keep students’ response to the post-survey rather than the pre-survey. To handle the missing data,
we used the full information maximum likelihood method to estimate the model by using all
available information [170]. In this method, the population parameters are estimated that would
most likely produce the estimates from the sample data that is analyzed [170].

In all, there were 1219 students participating in the post-survey including both semesters.
In our final data set, we kept 1203 students (including 427 female students and 776 male students)
because the other 16 students did not provide their gender information. We recognize that gender
identity is not a binary construct. However, because students’ gender information was collected
by the university which offered binary options, we did the analysis with the binary gender data in
this study. 1.3% of the students who did not provide this information were not included in this

analysis.

8.3.2 Survey Instruments

In this study, our analysis includes six motivational constructs—physics self-efficacy,
interest, peer interaction, perceived recognition, sense of belonging, and identity. The questions
for each construct are listed in Table 24. The survey questions were adapted from the existing
motivational research [92-94,162-164,267] and were re-validated in our prior work
[37,95,96,127,165]. The validation and refinement of the survey involved use of one-on-one
student interviews with both introductory and advanced students [37,76,96,268], exploratory and

confirmatory factor analyses (EFA and CFA) [97], Pearson correlation between different
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constructs and Cronbach alpha [99,100]. The peer interaction scale was added later, and therefore
additional validation (CFA and Cronbach alpha results) for that scale is reported in Table 24.

Physics self-efficacy represents students’ belief about whether they can excel in physics.
In our survey, we had four items for self-efficacy (Cronbach alpha = 0.69 for pre-self-efficacy and
Cronbach alpha = 0.8 for the post-self-efficacy [99]). These items had response scale of “NO!, no,
yes, YES!”, which is a 4-point Likert scale (1-4). We also had four items for physics interest
(Cronbach alpha = 0.75 for the pre-interest, Cronbach alpha = 0.82 for the post-interest). The
question “I wonder about how physics works” had temporal response options: “Never, Once a
month, Once a week, Everyday.” whereas the question “In general, I find physics:” had response
options “Very boring, boring, interesting, Very interesting”. The remaining two items were
answered on the “NO!, no, yes, YES!” scale. By choosing the four options, students will get score
from 1 to 4 accordingly. For example, if a student finds physics very boring, he/she will get one
point for this item. And the more interest a student has in physics, the higher score the student will
get for this item. It is noteworthy that Cronbach’ alpha is always higher in our post-data than in
the pre-data. This may be because students had a clearer judgment about their self-efficacy and
interest after one semester of learning so that they could answer those questions in a more
consistent way at the end of the semester than at the beginning of the semester.

There is one item for physics identity in this survey (I see myself a physics person). Physics
identity corresponds to students’ belief about whether they designate themselves as a physics
person [21]. This item involved a four-point Likert response on the scale: “strongly disagree,
disagree, agree, and strongly agree” and they correspond to 1 to 4 points [102].

In addition, perceived recognition, peer interaction and sense of belonging are the other

three motivational constructs in our study. Unlike self-efficacy, interest and identity, these three
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constructs are directly related to students’ experience in the course. Perceived recognition included
three items which represent whether a student think other people see them as a physics person
[21,63,101] (Cronbach alpha = 0.86). Peer interaction including four items represents whether
students have a productive and enjoyable experience when working with peers (Cronbach alpha =
0.91). Sense of belonging is about students’ feelings of whether they belonged in the physics class
[195], and it included five items that were scored on a 5-point Likert scale: “not at all true, a little
true, somewhat true, mostly true and completely true” (Cronbach alpha = 0.86). Two sense of
belonging items (“I feel like an outsider in this class” and “Sometimes | worry that | do not belong
in this physics class”) were reverse coded, which means that a higher score in these two items
represents a lower sense of belonging. Students’ score of each construct is the average score of all

items in this construct.

185



Table 24 Survey items for each of the motivational scales. The Cronbach alphas and CFA item loadings

(Lambda and p-values of the significance test for each item loading) shown here were calculated with the post-

data. TThe response options for this question are “Never, Once a month, Once a week, Every day”. *The

response options for this question are “Very boring, boring, interesting, Very interesting”.

Construct and Item Lambda p value
Physics Identity

I see myself as physics person. 1.000 <0.001
Physics Self-Efficacy (Cronbach alpha = 0.80)

I am able to help my classmates with physics in the laboratory or in recitation. | 0.722 <0.001
I understand concepts | have studied in physics. 0.726 <0.001
If I study, | will do well on a physics test. 0.727 <0.001
If I encounter a setback in a physics exam, | can overcome it. 0.669 <0.001
Physics Interest (Cronbach alpha = 0.82)

I wonder about how physics works 0.664 <0.001
In general, 1 find physics * 0.795 <0.001
I want to know everything | can about physics. 0.796 <0.001
I am curious about recent physics discoveries. 0.693 <0.001
Physics Perceived Recognition (Cronbach alpha = 0.86)

My family sees me as physics person. 0.902 <0.001
My friends see me as physics person. 0.899 <0.001
My physics TA and/or instructor see me as physics person. 0.693 <0.001
Physics Sense of Belonging (Cronbach alpha = 0.86)

| feel like | belong in this class. 0.831 <0.001
| feel like an outsider in this class. 0.697 <0.001
| feel comfortable in this class. 0.830 <0.001
| feel like I can be myself in this class. 0.616 <0.001
Sometimes | worry that | do not belong in this physics class. 0.712 <0.001
Physics Peer Interaction (Cronbach alpha = 0.91)

My experience and interaction with other students in this class...

made me feel more relaxed about learning physics. 0.717 <0.001
increased my confidence in my ability to do physics. 0.910 <0.001
increased my confidence that | can succeed in physics. 0.928 <0.001
increased my confidence in my ability to handle difficult physics problems. 0.846 <0.001
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8.3.3 Quantitative Analysis of Survey Data

First, we calculated the mean score for each construct for each student. Then we used a
regular two-sample t-test [103,104] to compare students’ pre and post-score and to compare
responses for female and male students. Finally, we used Structural Equation Modeling (SEM)
[87] to study the effect of the perception of learning environment on students’ motivational
outcomes by controlling for gender and their pre-self-efficacy and interest. The SEM includes two
parts: confirmatory factor analysis (CFA) and path analysis.

To validate the items on our survey, we performed the CFA for each construct. The model
fit is good if the fit parameters are above certain thresholds. In CFA, Comparative Fit Index (CFl)
> 0.9, Tucker-Lewis Index (TLI) > 0.9, Root Mean Square Error of Approximation (RMSEA) <
0.08 and Standardized Root Mean Square Residual (SRMR) < 0.08 are considered as acceptable
and RMSEA < 0.06 and SRMA < 0.06 are considered as good fit [266]. In our study, CFIl = 0.943,
TLI = 0.934, RMSEA = 0.05 and SRMR = 0.041 which represents a good fit. Thus, there is
additional quantitative support for dividing the constructs as proposed. In addition, as show in
Table 24, all of the CFA item loadings are above 0.5 and most of them are above 0.7, which means
that our constructs extract sufficient variance from the items [239]. The CFA results allowed us to
perform the path analysis.

Before performing the path analysis, we calculated the Pearson correlation coefficients
pairwise between each two constructs [100]. As shown in Error! Reference source not found., e
ven though these constructs have strong correlations with each other, the correlations are not so
high that the constructs could not be separately examined in SEM [109]. It is noteworthy that in
Error! Reference source not found., there are three very strong correlations. The correlation ¢

oefficient between the pre-interest and post-interest is 0.87, which means that students’ interest at
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the end of the course is highly related to their interest at the beginning of the course. The correlation
coefficient between physics identity and perceived recognition is 0.84, which is consistent with
Godwin et al. and Kalender et al.’s prior work [58,81] finding that perceived recognition is the
largest predictor of physics identity. Another large coefficient is between students’ post-self-
efficacy and sense of belonging. According to prior work done by Kalender et al., these two

constructs are indeed strongly correlated with each other [183].

Table 25 Zeroth order correlation coefficients of the constructs in the mediation model.

Observed Variable 1 2 3 4 5 6 7 8

1. Physics identity - - - - -- - -- --

2. Pre-Self-efficacy 0.55 -- -- -- -- -- -- -

3. Pre-Interest 0.60 0.66 -- -- -- - -- -

4. Post-Self-efficacy 068 061 045 -- -- -- -- --
5. Post-Interest 0.70 049 087 0.63 -- - - -

6. Perceived Recognition 0.84 046 059 0.70 0.68 -- -- --
7. Peer Interaction 0.51 037 031 067 047 049 -- --

8. Sense of Belonging 062 046 038 083 055 0.63 0.68 --

To analyze the relations among the constructs, we performed the full SEM. Apart from
CFA, the path analysis in SEM gives regression coefficients g for paths between each pair of
constructs and the value of each g is a measure of the strength of that relationship. Compared with
a multiple regression model, the advantage of SEM is that we can estimate all of the regression

links for multiple outcomes and factor loadings for items simultaneously, which improves the
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statistical power. The level of SEM model fit can also be represented by CFI, TLI, RMSEA and
SRMR. We first analyzed the saturated SEM model that includes all of the possible links between
different constructs, and then we used the modification indices to improve the model fit. We kept
path links which were statistically significant in SEM path analysis. Before performing gender
mediation analysis, we first tested the gender moderation relations between each pair of constructs
using multi-group SEM (to investigate any interaction effects with gender), which includes testing
of factor loadings, indicator intercepts, residual variances and regression coefficients. Results
showed that in all of our models, strong measurement invariance holds and there is no difference
in any regression coefficients by gender, which allowed us to perform the gender mediation
analysis using SEM (see Appendix G for detailed multi-group SEM analysis results).

One advantage of SEM is that it shows not only the direct regression relation between two
constructs but also all of the indirect relations mediated though other constructs, which allowed us
to calculate the total regression effect by adding the direct and indirect regression coefficients up.
In this study, we first considered a model with perceived recognition as the only perception of
learning environment construct to see how students’ physics self-efficacy, interest and identity
were predicted by it. Then, we added peer interaction or sense of belonging as additional constructs
in the perception of learning environment. Finally, our model included all of the perception of
learning environment constructs. We analyzed the variance in each motivational outcome denoting
students’ motivational characteristics explained by each model to understand the unique role
played by each perception of learning environment component and to determine if all three

perception of learning environment components are productive.
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8.4 Results

8.4.1 Gender Differences in Motivational Characteristics

The results of the regular two-sample t-test are shown in Table 26 and Table 27. We also
used a paired sample t-test for matched pairs to compare students’ pre- and post-self-efficacy and
interest, and the results are similar to those using the regular t-test (see Appendix H for results of
the paired-sample t-test for matched pairs of pre and post responses). As shown in Table 26, female
students had significantly lower average interest and self-efficacy scores in both pre- and post-
survey than male students, and these gender differences increased by the end of the semester. The
effect size given by Cohen’s d [104] of gender difference in physics interest increased from 0.54
to 0.60, and the effect size of gender difference in self-efficacy increased from 0.32 to 0.53. In
addition, even though students’ interest and self-efficacy dropped generally from pre to post (see
Table 26), female students’ interest and self-efficacy dropped (d = 0.52 for self-efficacy and d =
0.30 for interest) even more than male students’ (d = 0.27 for self-efficacy and d = 0.19 for
interest). Table 27 shows the average scores on the other constructs (perception of peer interaction,
perceived recognition, sense of belonging and identity) in the post-survey. As shown in Table 27,
female students also had significantly lower average scores in all of the four constructs than male

students, and the effect sizes are all in the medium range [104].
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Table 26 Descriptive statistics of pre- and post-self-efficacy and interest for female and male students.

Pre- Post-
Pre-SE  Post-SE
Interest Interest Statistics Statistics
(1-4) (1-4)
Gender (1-4) (1-4)
p Cohen’s p Cohen’s
Mean Mean Mean Mean
value d value d
Male 3.19 3.08 <0.001 0.19 3.12 2.98 <0.001 0.27
Female 2.89 2.70 <0.001 0.30 2.96 2.68 <0.001 0.52
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.54 0.60 0.32 0.53

Table 27 Descriptive statistics of peer interaction, perceived recognition, sense of belonging and identity for

female and male students.

Post-sense of
Post-peer Int | Post-perceived recog Post-identity
Gender belonging
(1-4) (1-4) (1-4)
(1-5)
Male 2.97 2.60 3.73 2.63
Female 2.68 2.24 3.33 2.17
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.44 0.49 0.46 0.56
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8.4.2 Perception of Learning Environment Mediation Models

In this section, we will show the predictive relationships among the constructs using SEM
models. Because many studies have shown that perceived recognition is a strong predictor of
students’ motivational beliefs and identity [81,269-271], all of the models shown in the main text
of this paper include perceived recognition as one of the perception of learning environment
constructs (see Appendix | for results of other SEM models). Firstly, perceived recognition was
the only perception of learning environment construct in the model. Then we added peer
interaction or sense of belonging to the perception of learning environment one by one to analyze
how each helped to predict students’ identity, post-self-efficacy and interest. Finally, we included
all of the three constructs in our model and studied how these constructs mediated the outcomes
together and what role was played by each of them.

Figure 16 shows the path analysis results of the SEM model in which perceived recognition
is the only perception of learning environment construct. The model fit indices suggest a good fit
to the data: CFI =0.939 (>0.90), TLI=0.927 (>0.90), RMSEA = 0.055 (<0.08) and SRME = 0.043
(<0.08). The solid lines represent regression paths, and the numbers on the lines are regression
coefficients (S values), which represent the strength of the regression relations. As we can see in
Figure 16, there are two paths going from pre-self-efficacy to post-self-efficacy. One path goes
from pre- to post- directly, and the other path goes through the perceived recognition. The
regression coefficient of the direct path from pre-self-efficacy to post-self-efficacy is 0.35. The
regression coefficient of the indirect path can be calculated by multiplying the regression

coefficients from pre-self-efficacy to perceived recognition (f = 0.28) and the regression

coefficient from perceived recognition to post-self-efficacy (# = 0.50), which gives us
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0.28 x 0.50 = 0.14. Similarly, the direct effect from pre-interest to post-interest is g = 0.72, and

the indirect effect is 0.42 x 0.25 = 0.11.
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Figure 16 Schematic diagram of the path analysis part of the structural equation modeling between gender and
being a physics person through self-efficacy, interest and perceived recognition. The solid lines represent
regression paths, and the dashed lines represent residual covariances. The regression line thickness
corresponds to the magnitude of B value (standardized regression coefficient). All B values are significant with
p < 0.001.

We then added peer interaction to the model. The results of the SEM model are presented
visually in Figure 17 This model also fit the data very well. CFI = 0.951 (>0.90), TLI= 0.943
(>0.90), RMSEA = 0.048 (<0.08) and SRMR = 0.040 (<0.08). The results show that peer
interaction directly predicts post-self-efficacy and interest. By comparing this model with the one
only including perceived recognition, we can see that after adding peer interaction to the model,
the direct effect of pre-self-efficacy on post-self-efficacy became weaker (the direct g value
dropped from 0.35 to 0.29). In addition, the direct effect of perceived recognition on post-self-

efficacy also decreased (the £ value from perceived recognition to post-self-efficacy dropped from
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0.50 to 0.35). This is due to the shared variance between peer interaction and the other direct
predictors (pre-self-efficacy and perceived recognition) of post-self-efficacy. The regression
coefficient from a predictor to an outcome represents the expected changes in the outcome as a
result of changes in the predictor in standardized deviation units while controlling for the
correlated effects of other predictors [244]. When peer interaction was added to the model, the
direct effect of pre-self-efficacy and perceived recognition on post-self-efficacy decreased because
more correlated effect had been controlled for. Similarly, the direct effect of pre-interest and
perceived recognition on post-interest also decreased because the effect that correlated with peer
interaction had been controlled for. It is noteworthy that the direct effect of perceived recognition,
post-interest and post-self-efficacy on identity did not change after adding peer interaction. This is

because peer interaction does not predict identity directly.
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Figure 17 Schematic diagram of the path analysis part of the structural equation modeling between gender and
being a physics person through self-efficacy, interest, perceived recognition and peer interaction. The solid lines
represent regression paths, and the dashed lines represent residual covariances. The regression line thickness
corresponds to the magnitude of B value (standardized regression coefficient) with 0.01< p < 0.05 indicated by
*. Other regression lines show relations with p < 0.001.

Then, we analyzed a SEM model which only includes perceived recognition and sense of
belonging as shown in Figure 18 The model also fits the data well (CFI = 0.930 (>0.90), TLI =
0.919 (>0.90), RMSEA = 0.054 (<0.08) and SRMR = 0.043 (<0.08)). Figure 18 shows that sense
of belonging is predicted by pre-self-efficacy and interest, and it directly predicts post-self-efficacy
and interest. In addition, there is a strong correlation between sense of belonging and perceived
recognition. Thus, there is more correlated effect being controlled for when estimating the
regression coefficients from the predictors to the outcomes. For example, compared to the model
only including perceived recognition (Figure 16), adding sense of belonging decreased the direct
regression coefficients from pre-self-efficacy, pre-interest, and perceived recognition to post-self-

efficacy and post-interest. It is noteworthy that even though pre-self-efficacy directly predicts
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identity in this model as shown in Figure 18, because the regression coefficient of this path is very
small (# = 0.06), the regression coefficients from post-self-efficacy, post-interest and perceived

recognition to identity are still almost the same as in the first two models discussed earlier.
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Figure 18 Schematic diagram of the path analysis part of the structural equation modeling between gender and
being a physics person through self-efficacy, interest, perceived recognition and peer interaction. The solid lines
represent regression paths, and the dashed lines represent residual covariances. The regression line thickness
corresponds to the magnitude of B value (standardized regression coefficient) with 0.01< p < 0.05 indicated by

*and 0.001 < p < 0.01 indicated by **. Other regression lines show relations with p < 0.001.

Finally, we analyzed a SEM model which includes all of the three perception of learning
environment constructs. Figure 19 shows the results visually. This model also fits the data very
well (CFI = 0.941 (>0.90), TLI = 0.932 (>0.90), RMSEA = 0.049 (<0.08) and SRMR = 0.042
(<0.08)). As shown in Figure 19, all three perception of learning environment constructs directly

predict post-self-efficacy and post-interest, and the direct effect from pre-self-efficacy to post-self-
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efficacy and from pre-interest to post-interest are weaker than any models discussed earlier. In
other words, as we added more constructs to the perception of learning environment, the strength
of the direct paths from pre to post decreased. This result indicates that the perception of learning
environment is mediating the effect of students’ pre-self-efficacy and pre-interest on their
motivational outcomes. Because there is no other construct predicting identity directly apart from
perceived recognition, post-self-efficacy and post-interest, the regression coefficients from the
three predictors to identity are almost the same in all of the above models. This result is consistent
with Godwin et al. and Kalender et al.” prior work on physics identity framework [58,81]. In
addition, as shown in Fig. 2-5, as more perception of learning environment constructs are added,
the residual covariance between post-self-efficacy and post-interest decreases while the residual
covariance between pre-self-efficacy and pre-interest almost stays the same. This is because the
residual covariance represents covariance between the constructs that is not explained by their
predictors. This means that as we added more perception of learning environment constructs, more
variance in post-self-efficacy and post-interest was explained.

Figure 19 shows that gender not only directly predicts the three perception of learning
environment constructs but also indirectly predicts them through pre-self-efficacy and pre-interest.
For example, the direct effect of gender on peer interaction is 0.15. The indirect effect can be
calculated by multiplying the coefficient 0.22 (gender - pre-self-efficacy) and coefficient 0.35
(pre-self-efficacy - peer interaction). Thus, the total effect of gender on peer interaction is 0.15 +
0.22 x 0.35 = 0.23. Similarly, the total effect of gender on perceived recognition is 0.06 +
0.22 x 0.32 4+ 0.31 x 0.35 = 0.24, and the total effect of gender on sense of belonging is 0.14 +

0.22 x 0.45 = 0.24. These results are consistent with the descriptive statistics shown in Table 27,
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which shows that there are statistically significant gender differences in all three perception of
learning environment constructs and the effect size are all in the medium range [104].

Although there were large gender differences in students’ pre- and post- self-efficacy and
interest, Figure 19 shows gender mediation and clarifies that gender only directly predicts pre-self-
efficacy, pre-interest, and the three learning environment constructs. Thus, Figure 19 reveals that
the gender differences in students’ post-self-efficacy, post-interest, and identity shown in Table 26
were mediated by the different components of the perception of the learning environment. We note
that due to reasons such as societal stereotypes and biases about who belongs in physics and can
excel in it, women already had lower self-efficacy and interest at the beginning of the course.
Moreover, Table 26 shows that the gender differences in students’ self-efficacy and interest
actually increased from the beginning to the end of the course. Thus, our results indicate that the
current learning environment disadvantages female students more than male students and is not

equitable and inclusive.
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Figure 19 Schematic diagram of the path analysis part of the structural equation modeling between gender and
being a physics person through self-efficacy, interest, perceived recognition, peer interaction and sense of
belonging. The solid lines represent regression paths, and the dashed lines represent residual covariances. The
regression line thickness corresponds to the magnitude of B value (standardized regression coefficient) with
0.01< p < 0.05 indicated by * and 0.001 < p < 0.01 indicated by **. Other regression lines show relations with p

<0.001.

In this study, we investigated how students’ perception of learning environment predicts
their motivational outcomes by controlling for gender, self-efficacy and interest at the beginning
of the course. Even though two out of the three components of pre-identity (pre-self-efficacy and
pre-interest) have already been controlled for, it would still be helpful to check the model in which
pre-identity is also controlled for. However, because the identity construct was added to our survey
at the end of the first fall semester we studied, we do not have the pre-identity data for that
semester. Thus, we checked the model including pre-identity with only the second fall semester’s
data (see Appendix J for results of the path analysis part of this SEM model). We find that the

direct effect from pre-identity to post-identity is very small and there are no qualitative changes
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with regard to how the perception of learning environment predicts outcomes compared with the
model without pre-identity.

To summarize how the outcome constructs were predicted through both direct and indirect
paths, we calculated the regression coefficient for each path in the model that includes all three
learning environment constructs (Table 28). The indirect effect of pre-self-efficacy on students’
post-self-efficacy is 0.34 which is even larger than the direct effect 0.23. This means that most
effect of pre-self-efficacy on post-self-efficacy was mediated by the perception of learning
environment. It is noteworthy that the effect of students’ sense of belonging on post-self-efficacy
(8 = 0.51) is almost the same as the effect of pre-self-efficacy on post-self-efficacy (4 = 0.57).
Unlike post-self-efficacy, students’ post-interest is mainly predicted by their pre-interest directly,
and the effect of perception of learning environment constructs is small. In addition, we found that
self-efficacy, interest and perceived recognition are the three main predictors of identity, and
perceived recognition is the major predictor, which is consistent with prior studies about physics

identity [21,58,81].
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Table 28 Regression coefficients (8 ) of direct and indirect paths for three outcomes predicted by various
predictors in the model which includes perception of learning environment (sense of belonging, peer

interaction, and perceived recognition).

Total

Predictor Outcome Direct Indirect

(Direct+Indirect)

Pre-SE Post-SE 0.23 0.34 0.57
Pre-SE Post-Interest 0.00 0.15 0.15
Pre-SE Identity 0.00 0.29 0.29
Pre-Interest Post-SE 0.00 0.06 0.06
Pre-Interest Post-Interest 0.68 0.05 0.73
Pre-Interest Identity 0.00 0.17 0.17
Peer Int Post-SE 0.15 0.00 0.15
Peer Int Post-Interest 0.10 0.00 0.10
Peer Int Identity 0.00 0.04 0.04
Perceived Recog Post-SE 0.18 0.00 0.18
Perceived Recog Post-Interest 0.15 0.00 0.15
Perceived Recog Identity 0.58 0.06 0.64
Sense of Belonging Post-SE 0.51 0.00 0.51
Sense of Belonging  Post-Interest 0.15 0.00 0.15
Sense of Belonging Identity 0.00 0.11 0.11

Table 28 shows that the perception of learning environment is mediating the effect of
students’ pre-self-efficacy and pre-interest on their motivational outcomes. To further understand
the role played by each learning environment construct, we calculated the coefficients of
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determination R? (fraction of variance explained) for each construct in seven different SEM
models with different combinations of components of the perception of learning environment
(Table 29). We found in all models, input constructs have very small R? (R? for pre-self-efficacy
is 0.05 and R? for pre-interest is 0.10). This is because they are input constructs that we are
controlling for, which are only explained by gender. The three perception of learning environment
constructs are not only explained by gender but also by pre-self-efficacy and pre-interest. In all
models, the variance in peer interaction is explained 17%, the variance in perceived recognition is
explained 39%, and the variance in sense of belonging is explained around 24%.

R? for all outcome constructs are pretty high, which means that our models have explained
most variance in them. It is noteworthy that R values for post-interest are around 0.79 in all of
the models, which means that the models which include any of the three learning environment
constructs can explain 79% of the variance of post-interest. However, there is 75% of the variance
of post-self-efficacy explained by the model which only includes sense of belonging, which is
larger than that explained by the other two single construct models and is very close to that
explained by the model including all of the three perception of learning environment constructs.
In addition, we found that the models including sense of belonging always explain more variance
in post-self-efficacy than the models without sense of belonging. For example, the model including
perceived recognition and sense of belonging explains 77% of variance of post-self-efficacy, and
the model including peer interaction and sense of belonging also explains 77% of variance of post-
self-efficacy; however, the combination of peer interaction and perceived recognition only
explains 68% of variance of post-self-efficacy. Similarly, the model which only includes perceived
recognition explains 74% of the variance of identity, and adding peer interaction or sense of

belonging does not help explain the variance in identity further. Table 29 shows that both sense of
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belonging and perceived recognition play unique roles in the perception of learning environment

in explaining students’ motivational outcomes. However, peer interaction co-varies with sense of

belonging and perceived recognition and uniquely explains very small percentages of the variance

in the outcomes. However, this does not mean that peer interaction is not important. In contrast,

the co-variation actually suggests a possibility that students’ sense of belonging and perceived

recognition can potentially be shaped by helping students interact meaningfully with peers (which

in turn can improve their motivational outcomes). Thus, we believe the model including all of the

three perception of learning environment constructs is productive.

Table 29 Coefficient of determination (R?) for various constructs in different models for impact of the

perception of learning environment. All R? values are significant and p values < 0.001.

Models
Construct
Recog Peer Bel Peer+Recog Peer+Bel Recog+Bel Peer+Recog+Bel

Pre-SE 0.05 0.04 0.04 0.05 0.05 0.05 0.05
Pre-Interest 0.11 0.10 0.10 0.10 0.09 0.10 0.10
Peer Int / 0.17 / 0.17 0.17 / 0.17
Recog 0.39 / / 0.39 / 0.39 0.38
Belonging / / 0.24 / 0.25 0.24 0.25
Post-SE 0.56 0.61 0.75 0.68 0.77 0.77 0.79
Post-Interest | 0.79 0.77 0.78 0.80 0.78 0.80 0.80
Identity 0.74 0.61 0.61 0.74 0.61 0.75 0.75
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8.5 Summary and Discussion

We studied students’ physics motivational beliefs in a calculus-based introductory physics
course. In particular, we studied how the perception of learning environment—including peer
interaction, perceived recognition, and sense of belonging—predicts students’ physics self-
efficacy, interest and identity at the end of the course by controlling for their gender as well as
their self-efficacy, interest at the beginning of the course.

We found that both male and female students’ self-efficacy and interest dropped from pre
to post but female students’ dropped even more than male students’ (Table 26). In addition, we
found significant gender differences disadvantaging female students in all motivational constructs
in our models with the effect sizes for all of them in the medium range (Table 26) [104]. The
gender differences in students’ perception of learning environment may partially explain the
finding that the gender differences in students’ self-efficacy and interest increased by the end of
the course. These results show that the current learning environment influenced students’
motivational belief in a negative way and was even more detrimental to female students’ feelings.

To further understand how the perception of learning environment predicts students’
motivational outcomes, we performed structural equation modeling (SEM) to analyze predictive
relationships among the constructs. Our results show that the perception of learning environment
constructs directly predict students’ motivational outcomes even after controlling for students’
gender, pre-self-efficacy and pre-interest. In particular, we found that in the learning environment,
students’ sense of belonging is the major predictor of their post-self-efficacy, and students’
perceived recognition is the major predictor of their physics identity (Figure 19).

Finally, we studied the role played by each of the three perception of learning environment

components in explaining students’ motivational outcomes. By comparing the fraction of variance
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in motivational outcomes explained by each model, we found that perceived recognition uniquely
contributed most in explaining identity, and sense of belonging uniquely contributed most in
explaining post-self-efficacy. Our results are consistent with Kalender et al.’s prior work [81,183]
which showed that perceived recognition is the major predictor of identity and there is a strong
correlation between students’ sense of belonging and self-efficacy. However, they did not take into
account students’ motivational characteristics at the beginning of the course. In our study, we
found that even after controlling for students’ gender, pre-interest and pre-self-efficacy, the
perception of learning environment still plays a very important role in predicting students’
motivational outcomes. We note that even though peer interaction co-varies with sense of
belonging and perceived recognition and uniquely explains very small percentages of the variance
in the outcomes, this does not mean that peer interaction is not important. Many instructors may
not know how to implement strategies to improve students’ sense of belonging. The co-variation
suggests a possibility that students’ sense of belonging and perceived recognition may possibly be
shaped by helping students interact meaningfully with peers (which in turn can improve their
learning outcomes). Thus, we believe the model including all of the three learning environment
constructs is productive.

In this study, we found that students’ post-interest was mainly predicted by their pre-
interest and the perception of learning environment predicted only a small amount. This means
that our current learning environment barely helped students build their physics interest. Actually,
both male and female students’ interest in physics dropped by the end of the course. Even though
our results show that the perception of learning environment had a large effect on students’ post-
self-efficacy, the drop in students’ average self-efficacy scores after instruction shows that this

overall effect of the current learning environment in introductory physics is actually negative.

205



Another important finding is that even though there are significant gender differences in
students’ post-self-efficacy, interest and identity, gender does not directly predict them. This
means that all of the gender differences in students’ motivational outcomes can be explained by
the gender differences in the predictors. This finding indicates that we may be able to bridge the
gender gap in students’ self-efficacy, interest and identity by developing an inclusive and equitable
learning environment. Unfortunately, our results show that the current learning environment did
not bridge the gap and actually enlarged it. Due to reasons such as societal stereotypes and biases
about who belongs in physics and can excel in it, women already had lower self-efficacy and
interest at the beginning of the course. The current learning environment disadvantaging female
students may further impact their motivational beliefs.

Our findings suggest that an inclusive and equitable learning environment is very important
for helping students improve their motivational belief in physics. An ideal situation would be that
all students get full scores in self-efficacy, interest and identity after the course; however, this also
means that there would be no variance in these motivational outcomes at all and the effect of the
perception of learning environment would also be zero. A more realistic situation is that we
improve the learning environment so that everyone develops a significantly higher self-efficacy,
interest and identity at the end of the course. As we found, the perception of learning environment
directly predicts students’ motivational outcomes at the end of the course (as shown in Figure 19),
so it is reasonable to expect that we can enlarge this effect (which means the regression coefficients
from the perception of learning environment to students’ post-self-efficacy, interest and identity
could be even larger). In addition, we should try to reduce the effect of gender, pre-self-efficacy
and interest on the perception of learning environment. Thus, students can equally benefit from

the inclusive and equitable learning environment regardless of the gender and what their
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motivational beliefs were at the beginning of the course. We note that even though we find that
the perception of learning environment did not explain students’ interest much, this does not mean
that interest cannot be changed. People’s interest can be trigged and maintained by external factors
[86]. For example, effective evidence-based instructional conditions or learning environments that
include group work, puzzles, computers, and so on have been found to trigger situational interest
[115,272-276]. Thus, it is important for instructors and researchers to develop an engaging
evidence-based learning environment in which students can develop their interest in physics.

This investigation was conducted in a traditionally taught lecture-based course. It would
definitely help to incorporate more research-validated active engagement pedagogies, but that is
not enough. For example, according to prior studies [75,138], active engagement in an inequitable
learning environment actually can increase the gender gap in students’ performance because the
stereotyped group (e.g., women) may not feel safe to participate without feeling judged/anxious if
the environment is not equitable and inclusive. Instructors will need to create an equitable and
inclusive learning environment keeping in mind how the societal stereotypes and biases about who
belong in physics and who can excel in physics impacts the stereotyped groups. Some social-
psychological interventions such as value-affirmation intervention and ecological-belonging
intervention have been shown to reduce gender gaps in students’ performance [144,180]. However,
further studies are needed to understand whether they help to improve students’ perceptions of
learning environment and motivational outcomes in a course.

In our study, responses to the survey were all self-reported by students. It would be helpful
to interview more students to get a deeper qualitative understanding of what they had experienced
during the learning process and how the perception of learning environment influenced their

learning behavior and motivational characteristics. In addition, it would also be interesting to look
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at the relation between the perception of learning environment and students’ motivational
outcomes in algebra-based physics courses. Is the self-efficacy and interest of female students
higher in algebra-based physics courses than that in calculus-based physic courses? Are the gender
differences in students’ motivational beliefs smaller in algebra-based physics courses because
female students are overrepresented in these courses? Even though the general societal stereotype
threat still exists even for female students in algebra-based physics courses, if their motivational
beliefs can be protected by a classroom where they have many female peers, this may itself be a

useful finding.
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9.0 How Inclusiveness of Learning Environment Mediates Gender Differences in Students’

Physics Motivational Beliefs and Grades

9.1 Introduction

Prior studies have shown that women are often underrepresented in many science,
technology, engineering, and mathematics (STEM) courses and disciplines [1-12]. For example,
even though women earn approximately 60% of all bachelor’s degrees in the US, only 20% of the
physics undergraduate degrees are earned by women [13]. In addition, several studies have also
reported gender disparity in students’ performance in some STEM disciplines [14,15,188].
Moreover, prior studies also showed that female students leave STEM fields at higher rates than
male students [9,277]. These studies suggest that we are largely missing out on the talents of half
of the population, which not only hinders the development of STEM fields because of the loss of
talent and diversity, but also hinders women from pursuing many great career opportunities.
Therefore, efforts to promote participation, achievement, and continuation of women in STEM
fields are important for the development of both individuals and the society as a whole. Some prior
studies suggest that individuals’ performance in STEM can be influenced by their motivational
beliefs such as self-efficacy, interest and identity in that domain [18-23,34,35,41,43,45,256,278-
281]. Students from underrepresented groups in STEM such as women may not have enough
encouragement and role models to help them develop strong motivational beliefs in STEM. In
addition, the societal stereotypes and biases in STEM may further undermine their motivational
beliefs and lead to withdrawal from STEM courses, majors or careers [9-11,24-32,74,262]. Thus,

investigation of students’ motivational beliefs is important for better understanding the

209



underrepresentation of women and minority students in STEM, and can be useful for formulating
guidelines for developing an inclusive learning environment and promoting diversity and equity
in STEM fields.

By inclusive learning environment, we refer to an environment in which all students feel
welcome, valued, and supported. By equity in learning, we mean that not only should all students
have adequate opportunities and access to resources, and have an inclusive learning environment
with appropriate support and mentoring so that they can engage in learning in a meaningful and
enjoyable manner, but the course outcomes should be equitable. Therefore, inclusiveness is
necessary but not sufficient for equity since inclusiveness does not guarantee equitable course
outcomes. By equitable course outcomes, we mean that students from all demographic groups (e.qg.,
regardless of their gender identity or race/ethnicity) who have the prerequisites to enroll in the
course, on average, have comparable outcomes, which is consistent with Rodriguez et al.’s equity
of parity model [33]. The STEM course outcomes include student performance and their STEM
motivational beliefs at the end of the courses because regardless of the performance, the
motivational beliefs can influence students’ short and long-term retention in STEM disciplines
[34,35]. We note that adequate opportunity and access to resources, inclusive learning environment
and equitable outcomes are strongly entangled with each other. For example, if the learning
environment is not inclusive, the outcomes are unlikely to be equitable. In this study, we aim to
understand how students’ perception of the inclusiveness of the learning environment predicts their

course outcomes including both academic performance and motivational beliefs.
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9.1.1 Students’ Motivational Beliefs Related to STEM Learning

The Expectancy-Value Theory (EVT) [53,54] is one of the most prominent approaches to
the study of students’ motivational beliefs. In the EVT, expectancy refers to students’ belief in
their ability to succeed in a given task [54]. Value refers to the subjective task value for students,
which can be differentiated into four components: intrinsic value, attainment value, utility value,
and cost [54]. Intrinsic value refers to students’ interest in the task and the enjoyment they
experience from performing the task. Attainment value reflects how important students themselves
feel it is for them to develop mastery and do a good job in the field [54]. Utility value pertains to
students’ perception of whether the task can help them achieve some other goals [54]. The last
value component is cost, which refers to the assessments of how much effort and time will be taken
to engage in the task as well as the amount of opportunity cost and stress caused by the task [54].
In the EVT, students’ learning goals, academic engagement and performance, and persistence in a
field are impacted by their expectancy of success and the four components of value [54].

The expectancy component of EVT is closely related to the concept of self-efficacy in
Bandura’s social cognitive theory, which is defined as one’s belief in one’s ability to succeed in a
specific area or accomplish a task [39,40]. Prior research suggests that self-efficacy is an important
motivational belief of students for them to excel in a domain [20,36-38]. Studies have shown that
students’ engagement and performance can be influenced by their self-efficacy [41-44,282]. For
example, students who have high self-efficacy tend to see difficulties as challenges and believe
that productive struggles can help them improve, so they often choose to take harder courses and
ask to do more challenging problems than students with low self-efficacy, who usually see

difficulties as threats and obstacles to success [45].
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Another important motivational belief is interest, which refers to students’ curiosity,
enjoyment and engagement in a specific area [46,47]. Interest is closely related to intrinsic value
in EVT. Studies have shown that interest can also influence students’ learning [41,47-51,283]. For
example, one study showed that students’ performance can be improved by connecting physics
courses to students’ daily lives or using evidence-based curricula to make the courses more
engaging and interesting [52]. Prior studies (both experimental and correlational) have also shown
that interest can be affected by self-efficacy [160,284]. Some other studies show that interest may
also lead to the development of self-efficacy [285,286].

In addition, students’ identity in a specific field such as physics is another important
motivational belief that influences their career decisions and outcome expectations [21,22,55-62].
Students’ physics identity is related to whether they see themselves as a physics person
[21,22,55,58,63]. Some studies have found that female students often report lower physics identity
than male students [63-65]. This gender difference in physics identity has been shown to be related
to societal biases and stereotypes about who belongs in and can succeed in physics [66-68]. In
physics and other STEM fields, these stereotypes can negatively influence women’s experiences,
which may lower their sense of belonging and identity and lead to withdrawal from STEM fields
[24,69,70]. Therefore, investigating students’ STEM identity may help us understand the gender
difference in participation in STEM. We now turn to our theoretical framework for investigating

the factors that can affect students’ identity, self-efficacy, interest and their academic performance.

9.1.2 Theoretical Framework

In Carlone and Johnson’s (2007) science identity framework, students’ science identity

includes three interrelated constructs: competence (belief in one’s competence), performance
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(belief in ability to perform), and recognition (recognition of self and by others as a “science
person”). Hazari et al. (2010) adapted this model to physics and added interest to this model. In
addition, Hazari et al. (2010) developed quantitative measures for these constructs and found that
competence and performance factored into a single construct. Moreover, they separated
recognition of self and by others and used a single item (“I see myself as a physics person”) to
measure students’ overall physics identity [21]. In their later studies using structural equation
modeling, they found that students’ overall physics identity was predicted by the physics identity
constructs (interest, competence/performance, and perceived recognition from other people)
[58,90,124,125]. The advantage of keeping all identity constructs in structural equation modeling
is that one can investigate the predictive relationships between each identity construct and overall
identity and other factors (e.g., grade) as well as the predictive relationships among the identity
constructs. This physics identity framework has been used to study physics identity of students in
high school physics classes [287,288] as well as college students with a variety of majors
[64,125,147,289,290], and studies have shown that students’ physics identity is an important
predictor of their engineering identity [58,124]. These studies reveal that individuals’ overall
identity in STEM fields is not only impacted by their own motivational characteristics but also by
their perceived recognition from others.

Several studies have shown that female students did not feel that they were recognized
appropriately even before they entered college [66,83,183]. One stereotypical view of science is
that it is for students who are very smart or have a natural gift in science [66]. In general, due to
societal stereotypes, being brilliant or exceptionally smart is usually associated with boys [156].
One investigation showed that the gendered notions of brilliance are endorsed by children as young

as 6 years old and have an immediate effect on their interest and identity in science [83]. These
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stereotypes and biases also exist in the university context [81,85,112]. For example, one study
showed that science faculty participants rated men as more competent and would like to offer
higher starting salary and more mentoring to male applicants than the (identical) female applicants
even though only the names were different in the hypothetical information they were provided
[85]. For female students, the experiences of not being recognized as a science person and the
gender-based biases may accumulate over time and negatively influence their science identity.

Moreover, students’ interest and self-efficacy have also been found to be connected to their
interaction with other people and recognition by them [40,47]. In the four-phase model of interest
development, Hidi and Renninger pointed out that external factors such as group work and tutoring
can trigger and maintain people’s interest [47,49,86]. In addition, according to Bandura’s social
cognitive theory, an individual’s self-efficacy can be shaped by verbal encouragement from others
[151,153]. Authors’ physics identity framework [65,81] showed that students’ perceived
recognition not only strongly predicts their overall physics identity, but also predicts their physics
interest and self-efficacy.

In addition to perceived recognition, students’ sense of belonging and their interaction with
peers have also been shown to be important aspects of the inclusiveness of the learning
environment [2,69,70,195,263-265]. For example, if students have a high sense of belonging in
class, they may interact with others more and with more positive attitudes, and they may also
develop a higher perceived recognition [178]. In our previous study (Authors, 2021), we found
that students’ sense of belonging, perceived effectiveness of peer interaction, and perceived
recognition in an introductory physics course statistically significantly predicts their motivational
beliefs such as self-efficacy, interest at the end of a physics course after controlling for their

motivational beliefs at the beginning of the course. As noted earlier, in addition to motivational
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beliefs, students’ academic performance at the end of a physics course is also a very important
course outcome. Although prior studies have shown that perceived recognition, sense of belonging,
and peer interaction are important for student learning, it is not well understood how these three
constructs together predict students’ course outcomes (including both academic performance and
motivational beliefs) after controlling for students’ academic preparation, what role is played by
each one of them in predicting students’ course outcomes after controlling for the other two, and
whether there are any gender differences in these predictive relationships. Moreover, very few
studies have investigated how students’ motivational beliefs evolve in a two-semester course
sequence and the role played by perceived recognition, sense of belonging, and peer interaction in
this evolution. Answering these questions is important for developing a deeper understanding of
how to improve students’ course outcomes by cultivating an inclusive learning environment in

which all students can thrive.

9.1.3 The Present Study

In this study, we include students’ self-reported perceived recognition by instructors and
teaching assistants, sense of belonging, and perceived effectiveness of peer interaction as three
aspects of students’ perception of the inclusiveness of the learning environment, and we used
quantitative methods to investigate how the perceived inclusiveness of the learning environment
predicts students’ course outcomes in a calculus-based introductory physics sequence (including
physics 1 and physics 2) at a large state-related university in the US. In this study, we include
students’ academic performance (measured by course grades) and motivational beliefs (including
physics self-efficacy, physics interest, and overall physics identity) at the end of the physics

sequence as course outcomes. Specifically, we try to address the following research questions:
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RQL1. Are there gender differences in students’ academic performance and motivational beliefs
and do they change from physics 1 to physics 2?

RQ2. How do the different components of the perception of the inclusiveness of the learning
environment in physics 2 (including perceived recognition, sense of belonging, and
perceived effectiveness of peer interaction) predict students’ academic performance and
motivational beliefs in physics 2 after controlling for students’ gender, high school
preparation, and their performance and motivational beliefs in physics 1?

RQ3. If gender does not moderate any predictive relationship in RQ2 (the regression coefficients
among the constructs are not different for women and men), how does gender directly or
indirectly predict
a. students’ high school preparation and their academic performance and motivational

beliefs in physics 1?

b. the perception of the inclusiveness of the learning environment after controlling for
students’ high school preparation and their academic performance and motivational
beliefs in physics 1?

c. students’ academic performance and motivational beliefs in physics 2 after controlling

for everything else in RQ2?

This study was conducted in a two-term college calculus-based introductory physics
sequence (including physics 1 and physics 2) at a large public university. These courses are
generally mandatory and taken by students majoring in engineering, physical science, and
mathematics in their first year of university. Physics 1 mainly includes mechanics, while the main
content of physics 2 is electricity and magnetism. In our prior work, we found that students’

physics motivational beliefs decreased from the beginning to the end of physics 1, and these
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changes were mediated by the inclusiveness of the learning environment in physics 1 [136,261].
Students’ physics motivational beliefs may further change for better or worse from physics 1 to
physics 2 based upon the inclusiveness of the learning environment, e.g., depending on whether
students had a high sense of belonging in the course, whether they felt recognized, e.g., by
instructors and teaching assistants and whether their interaction with peers was positive. We note
that for most students in the calculus-based introductory physics sequence, physics 2 might be
their last formal physics course in college, so their motivational beliefs at the end of physics 2 are
very important not only for their engagement in the following courses in physical science and
engineering, but also for their short and long-term academic goals in STEM disciplines.

Therefore, in this study, we investigated the effect of the perception of the inclusiveness of
the learning environment (including students’ sense of belonging, perceived effectiveness of peer
interaction, and perceived recognition) on students’ grades and motivational beliefs (including
physics self-efficacy, physics interest, and overall physics identity) in physics 2 after controlling
for students’ gender and pre-college test scores (including high school Grade Point Average (GPA)
and Scholastic Assessment Test (SAT) math scores) as well as their self-efficacy, interest, and
grades in physics 1. For convenience, perceived effectiveness of peer interaction is shortened to
peer interaction in the rest of the paper. We note that the learning environment here is not only the
classroom environment but also includes students’ experiences outside the class. For example,
students may work together on their homework after class, and they could also ask for help during
TAs’/instructors’ office hours.

As shown in Figure 20, the thirteen constructs are divided into three groups: what we
control for, perception of the inclusiveness of the learning environment, and outcomes. Students’

gender, SAT math scores, high school GPA (HS GPA), and their self-efficacy, interest and grades
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in physics 1 (Self-efficacy (SE) 1, Interest 1, and Gradel) are constructs that we control for.
Outcomes include students’ self-efficacy, interest, overall physics identity and grades in physics 2
(Self-efficacy (SE) 2, Interest 2, Identity, and Grade 2). Perceived recognition (Perceived Recog),
peer interaction (Peer Int) and sense of belonging (Belonging) constitute the perception of the
inclusiveness of the learning environment. It is expected that students’ responses to the
motivational survey in physics 1 and physics 2 are correlated because they are students’ responses
to the same questions pertaining to the same motivational construct at two different time points.
However, if students’ motivational beliefs changed from physics 1 to physics 2, we want to study
whether the perception of the inclusiveness of the learning environment helps to explain the
changes and what role is played by each construct in the inclusiveness of the learning environment.
In addition, since previous studies suggest that self-efficacy and interest can influence student
learning [41,44,47,49], we also model a direct path from self-efficacy and interest to grade in both
physics 1 and physics 2.

In this study, we first investigated how students’ motivational beliefs changed from physics
1 to physics 2 and whether there were gender differences in the constructs studied. Then, we used
Structural Equation Modeling (SEM) to study the effect of the perception of the inclusiveness of
the learning environment on students’ motivational beliefs and grades in physics 2 after controlling
for students’ gender, high school GPA, SAT math scores, and their motivational beliefs and grades

in physics 1.
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Figure 20 Schematic representation of the theoretical framework. The solid lines represent regression paths,
and the dashed lines represent covariances. From left to right, all possible regression paths were considered,

but only some of the paths are showed here for clarity.

9.2 Methods

9.2.1 Participants and Data Sources

The motivational survey data used in this study were collected at the end of each course of
a two-term college calculus-based introductory physics sequence (including physics 1 and physics
2) in two consecutive school years at a large research university in the US. These courses are taken
mostly by students in engineering school and school of arts and sciences (students majoring in

physical sciences and mathematics) for whom they are mandatory. Physics 1 mainly includes
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mechanics, while the main content of physics 2 is electricity and magnetism. The paper surveys
were handed out and collected by TAs during the last recitation class of a semester. In particular,
students’ self-efficacy and interest in physics 1 and physics 2 were measured at the end of each
course, and their perceived recognition, peer interaction, sense of belonging and overall physics
identity were measured at the end of physics 2. This is because only after the course can students
answer the survey questions pertaining to inclusiveness of the learning environment based on their
real experience in the course such as their interaction with peers, TAs and instructors. Table 30
shows when each construct was assessed throughout the course sequence. The demographic data
of students—such as gender—were provided by the university. Students’ SAT math scores, high
school GPA, and course grades in physics 1 and physics 2 were also obtained from the university
records. Students’ names and IDs were de-identified by an honest broker who generated a unique
new ID for each student. Thus, researchers could analyze students’ data without having access to

students’ identifying information.

Table 30 Time points when different constructs were assessed.

Constructs When the constructs were assessed
Gender, SAT Math, High School GPA Pre-college
Grade 1, Self-efficacy 1, Interest 1 At the end of Physics 1 (December)

Peer interaction, Perceived recognition,
At the end of Physics 2 (April)
Sense of Belonging

Grade 2, Self-efficacy 2, Interest 2 At the end of Physics 2 (April)

There were 1203 students in physics 1 and 921 students in physics 2 participating in the

survey. However, in this study, we only focused on 697 students (233 female students and 464
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male students) who took the survey in both courses in recommended semesters, i.e., physics 1 in
Fall semester and physics 2 in Spring semester because we wanted to track the same group of
students’ motivational beliefs and academic performance in the two courses in the recommended
sequence. Some possible reasons that some students took these courses in the off semesters (not
recommended semesters) include students taking Advanced Placement (AP) physics in high
school with scores that exempted them from college physics 1 and directly enrolling in physics 2
in their first semester, students repeating physics 1 in the off semester if they did not perform well
the first time, and students putting off taking at least one of these courses in the summer semester
due to their heavy course load in Fall and Spring semesters. As noted, the participants of this study
were undergraduate students in engineering school and school of arts and sciences and most of
them were in their first year of university when the study was conducted. Students in engineering
school usually declare their majors in the first year, while most students in the school of arts and
sciences usually do not declare their majors until the second year. In this study, 524 of the students
are engineering majors. For the 173 students who are in school of arts and sciences, only 56 of
them had declared their majors when the study was conducted, and the rest of them were
undeclared majors. The average age of the participants of this study was 18 years old. Only 11

students were above 20 years old and only 1 student was above 30 years old.

9.2.2 Survey Instruments

In this study, our analysis includes three motivational constructs (physics self-efficacy,
physics interest, and overall physics identity) and three perception of the inclusiveness of the
learning environment constructs (peer interaction, perceived recognition, and sense of belonging).
The survey questions for each construct are shown in Table 31. We adapted these questions from
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existing motivational research [21,92-94,164] and revalidated them in our prior work
[37,65,95,96,127,128,165]. The validation and refinement of the survey involved use of individual
interviews with students [37,76,95,96], exploratory and confirmatory factor analysis (EFA and
CFA) [97], Pearson correlation between different constructs and Cronbach alpha [99,100].

Physics self-efficacy represents students’ belief about whether they can excel in physics.
In our survey, we had four items for self-efficacy [92-94] (Cronbach’s a = 0.79 for self-efficacy
in physics 1 and a = 0.81 for self-efficacy in physics 2 [99]). These items each had four options
“NO!, no, yes, YES!”, which is a 4-point Likert scale (1-4). We also had four items for physics
interest [92,94] (Cronbach’s a = 0.82 for interest in physics 1 and a = 0.84 for interest in physics
2). For the item “I wonder about how physics works”, students can choose from “Never, Once a
month, Once a week, Every day”. For the item “In general, I find physics”, students can choose
from “very boring, boring, interesting, very interesting”. The remaining two items under interest
had a response scale of “NO!, no, yes, YES!”. By choosing the four options, students will get a
score from 1 to 4 respectively. For example, if a student finds physics very boring, they will get
one point for this item. The more interest a student has in physics, the higher score the student will
have for this item. We had one item for overall physics identity [21], which corresponds to
students’ belief about whether they designate themselves as a physics person. This item had
response options “strongly disagree, disagree, agree, and strongly agree”, which correspond to 1
to 4 points [102].

In addition, perceived recognition, peer interaction and sense of belonging are the
perception of the inclusiveness of the learning environment constructs in our study. Unlike self-
efficacy, interest and overall physics identity, these three constructs are directly related to students’

experience in the course. Perceived recognition (included in perception of the inclusiveness of the
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learning environment) included one item which represents whether a student thinks their
instructors or TAs see them as a physics person [21,63,101]. Peer interaction (which includes four
items) [93] represents whether students have a productive and enjoyable experience when working
with peers (Cronbach’s a = 0.92). Sense of belonging is about students’ feelings of whether they
belonged in the physics class [195], and it included five items [164] that each had a 5-point Likert
scale: “not at all true, a little true, somewhat true, mostly true and completely true” (Cronbach’s a
= 0.87). Two sense of belonging items (“I feel like an outsider in this class” and “Sometimes [
worry that | do not belong in this physics class”) were reverse coded, which means that a higher
score in these two items represents a lower sense of belonging. Students’ score on each construct

is the average score of all items in that construct.

223



Table 31 Survey items for each of the motivational scales. The Cronbach alphas and CFA item loadings
(Lambda and p-values of the significance test for each item loading) shown here were calculated with physics
2 data. TThe response options for this question are “Never, Once a month, Once a week, Every day”. *The

response options for this question are “very boring, boring, interesting, very interesting”.

Construct and Item Lambda p value
Overall Physics Identity

I see myself as a physics person. 1.000 <0.001
Physics Self-Efficacy (Cronbach’s a = 0.81)

I am able to help my classmates with physics in the laboratory or 0.707 <0.001
in recitation.

I understand concepts | have studied in physics. 0.744 <0.001
If I study, I will do well on a physics test. 0.729 <0.001
If 1 encounter a setback in a physics exam, | can overcome it. 0.723 <0.001
Physics Interest (Cronbach’s a = 0.84)

| wonder about how physics works T 0.706 <0.001
In general, | find physics * 0.804 <0.001
| want to know everything | can about physics. 0.826 <0.001
I am curious about recent physics discoveries. 0.708 <0.001
Physics Perceived Recognition

My physics TA and/or instructor see me as a physics 1.000 <0.001
person.

Sense of Belonging (Cronbach’s a = 0.87)

| feel like I belong in this class. 0.812 <0.001
| feel like an outsider in this class. 0.710 <0.001
| feel comfortable in this class. 0.835 <0.001
| feel like I can be myself in this class. 0.689 <0.001
Sometimes | worry that | do not belong in this physics class. 0.705 <0.001

Physics Peer Interaction (Cronbach’s a = 0.92)
My experience and interaction with other students in this

class...

made me feel more relaxed about learning physics. 0.734 <0.001
increased my confidence in my ability to do physics. 0.928 <0.001
increased my confidence that | can succeed in physics. 0.930 <0.001
increased my confidence in my ability to handle difficult physics 0.873 <0.001
problems.
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9.2.3 Analysis

First, we calculated the mean score for each construct for each student. Then we used a t-
test [103,240] to compare students’ responses in physics 1 and physics 2 and to compare responses
for female and male students. Then, we conducted Structural Equation Modeling (SEM) [87] using
the “lavaan” package in software R [110] to study how the perception of the inclusiveness of the
learning environment predicted students’ motivational and academic outcomes in physics 2 after
controlling for students’ gender, high school GPA and SAT math as well as their self-efficacy,
interest and grades in physics 1.

The SEM includes two parts: confirmatory factor analysis (CFA) and path analysis. First,
we performed the CFA for each construct. The CFA model fit is considered adequate if the
Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI) are >0.9 and Root Mean Square Error
of Approximation (RMSEA) and Standardized Root Mean Square Residual (SRMR) are <0.08
[98]. In our study, CFI = 0.933, TLI = 0.918, RMSEA = 0.054 and SRMR = 0.038, which
represents a good fit. This result provides quantitative support for us to divide the motivational
constructs and the inclusiveness of the learning environment constructs as proposed. In addition,
as shown in Table 31, all of the CFA item loadings are above 0.5 and most of them are above 0.7,
which means that our constructs extract sufficient variance from the items [239].

Before performing the path analysis, we calculated the Pearson correlation coefficients
pairwise between each pair of constructs [100]. As shown in Table 32, there are relatively strong
correlation among non-academic constructs, while the correlation between non-academic
constructs and SAT math or high school GPA are relatively small. Even though these non-
academic constructs have strong correlations with each other, the correlations are not so high that

SEM cannot examine the constructs separately [109]. We note that in Table 32, there are two very
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strong correlations. The correlation coefficient between Interest 1 and Interest 2 is 0.88, which
means that students’ interest in physics 2 is highly related to their interest in physics 1. Another
large coefficient is for correlation between students’ Self-efficacy 2 and sense of belonging.
According to the prior work done by Authors, these two constructs are indeed strongly correlated

with each other even though they are separate constructs [65,183].

Table 32 Zeroth order correlation coefficients of the constructs studied. p values are indicated by ** for 0.001 <

p <0.01, " for 0.01 < p < 0.05, and ™ for p > 0.05. All the other correlation coefficients have p < 0.001.

Observed Variable 1 2 3 4 5 6 7 8 9 10 11
1. SAT math -- -- -- -- -- -- -- -- -- -- --
2. High school GPA 017 - - -- - - - - - - --
3. Overall Physics Identity 0.08" -0.09" -- -- -- -- -- -- -- -- --
4. Grade 1 029 0.21 0.28 -- -- -- -- -- -- -- --
5. Self-efficacy 1 0.09" -0.01™ 0.56 047 -- -- -- -- -- -- --
6. Interest 1 0.02 -0.13" 057 021 059 -- -- -- -- -- -
7. Grade 2 025 0.21 031 059 030 018 -- -- -- -- --
8. Self-efficacy 2 0.07™ -0.02 0.71 033 075 048 041 -- - - -
9. Interest 2 0.04 -0.07 0.67 0.21 046 088 025 0.64 -- - -
10. Perceived Recognition 0.11™ -0.03" 0.65 020 045 042 030 066 052 -- --
11. Peer Interaction 0.06"™ -0.04" 053 0.18 047 037 028 073 052 05 --

12. Sense of Belonging 0.09" 0.02" 0.60 0.29 058 034 038 083 052 061 0.64

To analyze the relationships among the constructs, we performed the full Structural
Equation Modeling (SEM). Apart from CFA, the path analysis part of SEM estimates the
predictive relationships between different constructs. The strength of each relationship is
represented by a regression coefficient 5. One advantage of SEM is that it simultaneously estimates
factor loadings for items and all of the regression links for multiple outcomes, which improves the
statistical power compared with other statistical methods such as multiple regression. Another

advantage of SEM is that it shows not only the direct regression relation between two constructs
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but also all of the indirect relations mediated through other constructs, which allowed us to
calculate the total regression effect by summing the direct and indirect regression coefficients. The
level of SEM model fit can also be represented by CFI, TLI, RMSEA and SRMR. We first
analyzed the saturated SEM model that includes all of the possible links from left to right between
different constructs shown in Figure 20, and then we removed the most insignificant path line
(with the highest p value) and re-ran the model. We used this method to trim one path at a time
until all remained path lines were statistically significant. Next, we used modification indices to
improve the model fit. The modification index is the chi-square value, with 1 degree of freedom,
by which model fit would improve if a particular path was added back. Modification index bigger
than 3.84 indicates that the model fit would be significantly improved, and the p value for the
added parameter would be < 0.05 [291,292]. We added back the paths with modification index
larger than 3.84 one at a time (from high to low modification index) to improve the model fit.
Finally, we checked the statistical significance of each trimmed path by adding them back to make
sure that all trimmed paths are not statistically significant and all statistically significant paths are
kept.

We also tested measurement invariance (which tests whether the survey items were
interpreted in a similar manner by male and female students) and performed gender moderation
analysis using multi-group SEM (which tests whether the regression pathways were different
across gender). Results showed that strong measurement invariance holds for our model, and
regression pathways among the constructs do not have differences across gender. Therefore, we
concluded that our SEM model can be interpreted similarly for men and women, and any gender
differences can be modeled using a separate gender variable (1 for male and O for female) as an

exogenous variable as in Figure 20. If there are statistically significant paths from gender to any
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of the constructs in the model, it implies that women and men did not have the same average value
for those constructs controlling for all constructs to the left. This is the gender mediation SEM
model, which we will discuss in more detail in the results section. In addition, we also tested
measurement invariance between students in engineering school and school of arts and sciences,
and our results show that measurement invariance also holds for our model. (see Supplemental

Material for detailed results of testing measurement invariance and multi-group SEM analysis).

9.3 Results

9.3.1 Gender Differences in Motivational Characteristics and Grades

Table 33 shows the descriptive statistics of students’ motivational characteristics in physics
1 and physics 2. For all of the t-tests conducted, the difference in means was considered significant
if the p-value was below 0.05/28 = 0.0018, which was determined using a Bonferroni correction
because 28 t-tests were performed [293]. We note that female students had significantly lower
scores in all of the six constructs in both physics 1 and physics 2, and the effect sizes are all in the
medium range [240]. These results indicate that, in the current learning environment, female
students reported less benefit from peer interaction and also felt a lower sense of belonging than
male students. Moreover, female students’ average scores pertaining to perceived recognition and
overall physics identity indicate that on average, female students did not think their instructors/TAs
see them as a physics person, and they did not see themselves as a physics person either.
Furthermore, the gender differences in students’ perceived recognition increased from physics 1

to physics 2.
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When we compared students’ perception of the inclusiveness of the learning environment
and motivational characteristics in the two courses, we found that, from physics 1 to physics 2,
there was no statistically significant change in students’ perceived recognition and overall physics
identity. Even though both male and female students’ self-efficacy and male students’ interest,
peer interaction and sense of belonging significantly decreased from physics 1 to physics 2, the
effect sizes are relatively small compared with the effect sizes of the gender differences in these
constructs.

Table 34 shows students’ high school GPA, SAT math scores, and grades in physics 1 and
physics 2. We note that even though female students had significantly lower grades than male
students in both physics 1 and physics 2, there was no statistically significant gender difference in
SAT math scores, and female students even had a higher average high school GPA than male

students.
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Table 33 Descriptive statistics of female and male students’ motivational characteristics in physics 1 and physics

2. N = 233 for female students N = 464 for male students. Cohen suggested that typically values of d = 0.2, 0.5

and 0.8 represent small, medium and large effect sizes. The minus sign indicates male students have higher a

perceived recognition average score in physics 2 than in physics 1. *p-value < 0.0018.

Self-efficacy Statistics Interest Statistics
Gender physics1 physics2 pvalue Cohen’sd | physics1 physics2 pvalue Cohen’sd
Male 3.06 2.91 <0.001 0.29* 3.14 3.00 <0.001 0.24*
Female 2.83 2.65 <0.001 0.34* 2.76 2.61 0.011 0.23
p value <0.001 <0.001 <0.001 <0.001
Cohen’sd | 0.48* 0.47* 0.65* 0.64*
Perceived o ] o
Recognition Statistics Peer Interaction Statistics
Gender | physics1 physics2 pvalue Cohen’sd | physics1 physics2 pvalue Cohen’sd
Male 2.53 2.55 0.711 -0.02 3.09 2.95 0.001 0.22*
Female 221 2.14 0.360 0.09 2.79 2.64 0.022 0.22
p value <0.001 <0.001 <0.001 <0.001
Cohen’sd | 0.44* 0.55* 0.49* 0.46*
Overall Physics
Sense of Belonging Statistics _ Statistics
Identity
Gender | physics1 physics2 pvalue Cohen’sd | physics1 physics2 pvalue Cohen’sd
Male 3.92 3.75 0.001 0.22* 2.75 2.68 0.190 0.09
Female 3.54 3.37 0.037 0.19 2.29 2.16 0.100 0.16
p value <0.001 <0.001 <0.001 <0.001
Cohen’sd | 0.49* 0.45* 0.57* 0.63*
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Table 34 Descriptive statistics of students’ high school GPA, SAT math, and grades in physics 1(Grade 1) and
physics 2 (Grade 2). N = 233 for female students N = 464 for male students. Cohen suggested that typically
values of d = 0.2, 0.5 and 0.8 represent small, medium and large effect sizes. The minus sign indicates female

students have higher scores than male students. *p-value < 0.0018.

Mean
Grades (Score Range) p value Cohen’s d
Male Female
High School GPA (0-5) 4.20 4.34 <0.001 -0.34*
SAT Math (400-800) 713 706 0.130 0.13
Grade 1 (0-4) 2.93 2.74 0.001 0.28*
Grade 2 (0-4) 2.73 2.48 <0.001 0.31*

9.3.2 Perception of the Inclusiveness of the Learning Environment Mediation Models

Using SEM

In this section, we show the predictive relationships among the constructs using Structural
Equation Modeling (SEM). We ran the full SEM model in which perceived recognition, peer
interaction and sense of belonging constitute the perception of the inclusiveness of the learning
environment to study how these inclusiveness of the learning environment constructs predict
students’ motivational beliefs and grades in physics 2 after controlling for students’ gender, high
school GPA, SAT math scores, and their motivational beliefs and grades in physics 1 (see
Supplemental Material for results of other SEM models with only one or two inclusiveness of the
learning environment constructs if one is interested in comparing some other SEM models). The

results of the SEM model are presented visually in Figure 21. The model fit indices suggest a good
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fit to the data; CFI = 0.929 (>0.90), TLI = 0.919 (>0.90), RMSEA = 0.053 (<0.08) and SRMR =
0.040 (<0.08).

As shown in Figure 21, students’ course outcomes at the end of physics 2 are statistically
significantly predicted by the perception of the inclusiveness of the learning environment. In
particular, students’ self-efficacy in physics 2 is predicted by all three inclusiveness of the learning
environment constructs, interest in physics 2 is predicted by peer interaction and sense of
belonging, Grade 2 is predicted by perceived recognition and sense of belonging, and overall
physics identity is predicted by perceived recognition. Figure 21 shows that Self-efficacy 1 directly
predicts Grade 1, while the direct effect of Self-efficacy 2 on Grade 2 is not statistically significant
after controlling for Grade 1, sense of belonging and perceived recognition. We note that the
regression coefficient from sense of belonging to Self-efficacy 2 is 0.37, which is almost as large
as the effect of Self-efficacy 1 on Self-efficacy 2 (£ = 0.39). In addition, consistent with Godwin
et al. and Authors’ prior work [58,81], Figure 21 shows that overall physics identity is mainly
predicted by self-efficacy, interest and perceived recognition.

As shown in Figure 21, gender directly predicts students’ motivational beliefs in physics 1
and the three inclusiveness of the learning environment constructs, which are consistent with the
descriptive statistics shown in Table 33, which show that there were statistically significant gender
differences disadvantaging women in these constructs. Although there were also significant gender
differences in students’ grades, self-efficacy, interest and overall physics identity in physics 2 as
shown in Table 33 and Table 34, gender does not directly predict these constructs in the SEM
model. Thus, Figure 21 reveals that the gender differences in these outcome constructs were
partially mediated by the different components of the perception of the inclusiveness of the

learning environment. We note that gender predicts high school GPA with a negative regression
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coefficient (4 =-0.17), which means that female students actually had a higher average high school

GPA than male students. This is consistent with the results shown in Table 34.

SAT 0.23
Math

—>\ Grade 2

0.19

Identity

Interest 1

Figure 21 Schematic diagram of the path analysis part of the SEM between gender and overall physics identity
mediated through SAT Math, high school GPA (HS GPA), grade, self-efficacy (SE) and interest (in physics 1
and physics 2), perceived recognition (Perceived Recog), peer interaction (Peer Int) and sense of belonging. The
solid lines represent regression paths and the dashed lines represent residual covariances. The regression line
thickness corresponds to the magnitude of £ value (standardized regression coefficient) with 0.01 < p < 0.05

indicated by * and 0.001 < p < 0.01 indicated by **. Other regression lines show relations with p < 0.001.

In addition to the direct paths shown in Figure 21, we also calculated the indirect effects of
the controlled variables and the inclusiveness of the learning environment constructs on different
outcome constructs (Table 35). An indirect path is measured by finding the product of each path
(p) from a given predictor to an outcome construct. The total indirect effect of a given predictor
on an outcome construct was found by adding all of the indirect paths together. For example, there
are two indirect paths from sense of belonging to overall physics identity. The first path goes from

sense of belonging — self-efficacy physics 2 — identity (0.37x0.33 = 0.12). The second path goes
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from sense of belonging — interest physics 2 — identity (0.18x0.32 = 0.06). Therefore, the total
indirect effect from sense of belonging to overall physics identity is 0.12 + 0.06 = 0.18. A summary
of all direct and indirect effects can be found in Table 35. As we can see from Table 35, even
though perceived recognition is the only inclusiveness of the learning environment construct that
directly predicts overall physics identity, peer interaction and sense of belonging both have indirect

effects on students’ overall physics identity.

Table 35 Regression coefficients for direct paths and indirect paths from the controlled variables and the
inclusiveness of learning environment constructs to the outcome constructs. The paths that have a total

regression coefficient equal to zero are not shown in the table.

Direct Total Indirect Total

Outcome Predictor Path Path Path
Self-efficacy physics 1 0.39 0.33 0.72

. Interest physics 1 0.00 0.07 0.07
S(;I;;a;fclze;:y Peer Interaction 0.23 0.00 0.23
Perceived Recognition 0.15 0.00 0.15

Sense of belonging 0.37 0.00 0.37

Self-efficacy physics 1 0.00 0.14 0.14

Interest Interest physics 1 0.77 0.02 0.79
physics 2 Peer Interaction 0.12 0.00 0.12
Sense of belonging 0.18 0.00 0.18

Self-efficacy physics 1 0.00 0.37 0.37

Overall Interest physics 1 0.00 0.34 0.34
Physics Peer Interaction 0.00 0.11 0.11
Identity Perceived Recognition 0.27 0.05 0.32
Sense of belonging 0.00 0.18 0.18

SAT Math 0.00 0.11 0.11

High School GPA 0.11 0.09 0.20

Grade Graqle physics 1 0.49 0.00 0.49
physics 2 Self-efficacy physics 1 0.00 0.35 0.35
Interest physics 1 0.00 0.02 0.02

Perceived Recognition 0.09 0.00 0.09

Sense of belonging 0.19 0.00 0.19
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To further understand how much variance in students’ course outcomes is explained by our
model, we calculated the coefficient of determination R? (fraction of variance explained) for each
of the four outcome constructs. According to our results, the R? value of Grade 2 is 0.40, which
means that the model explains 40% of the variance in Grade 2. For the motivational outcomes,
there is 87% of the variance in Self-efficacy 2, 82% of the variance in Interest 2, and 63% of the
variance in Overall Physics Identity explained by the model. Thus, our model explains students’

course outcomes reasonably well.

9.4 Discussion

Prior studies have shown that students’ motivational beliefs such as self-efficacy, interest
and identity can influence their persistence and retention in STEM fields such as physics
[20,37,41,44,45,48,63,73]. According to prior quantitative studies [38,135,136], female students
usually report lower physics self-efficacy, interest, and overall physics identity than their male
peers, which can partially explain the underrepresentation of women in physics. Even though there
have been many efforts to understand the factors that impact students’ motivational beliefs, no
prior study has investigated the effect of students’ perception of the inclusiveness of the learning
environment in a course on their course outcomes (including both motivational beliefs and
academic performance at the end of the course). In this study, we focused on female and male
students’ physics motivational beliefs and academic performance in a calculus-based introductory
physics sequence and investigated the role played by students’ perception of the inclusiveness of

the learning environment (including sense of belonging, peer interaction and perceived recognition)
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in predicting their motivational beliefs (including self-efficacy, interest and overall physics
identity) and academic performance (measured by grades) at the end of this course sequence.

We found that there were statistically significant gender differences disadvantaging women
in all motivational beliefs studied, which is consistent with prior studies [38,135,136]. Moreover,
we found that, in the current learning environment, female students felt a lower sense of belonging
and perceived recognition by their instructors/TAs than male students, and they also reported less
benefit from peer interaction than men. However, we did not find gender difference in students’
SAT math scores and female students actually had a somewhat higher average high school GPA
than male students. Although female students had lower average grades in both physics 1 and
physics 2, the gender differences in students’ motivational beliefs and perception of the
inclusiveness of the learning environment are much more pronounced than the gender differences
in their course grades. This result is consistent with a prior study finding that in introductory
physics courses, female students had significantly lower physics self-efficacy than their equally
performing male peers [38]. Therefore, our study suggests that the largest gender differences were
in students’ motivational beliefs, rather than in actual physics performance. There could be several
possible reasons for this phenomenon. For example, students’ motivational beliefs can be impacted
by how society sees the connection between gender and STEM achievement [25,26,29,262]. One
stereotype about physics is that only students who are very smart or have natural ability can do
well in physics. This may make people think of physics as a masculine subject because, due to
societal stereotypes, the words “brilliant” or “genius” are usually associated with men [156]. These
negative stereotypes may deteriorate female students’ physics self-efficacy and identity, and they
may think they need to put more effort than men to succeed in physics [25]. In addition, some prior

studies have shown that instructors may teach and interact with women and men in different ways,
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which may lead to gender disparity in course outcomes [85]. For example, if instructors do not call
on female students to answer questions or do not express the same expectation and recognition as
they do for male students, female students’ motivational beliefs such as perceived recognition and
sense of belonging may be negatively impacted.

Another major contribution of this study is that we found that students’ perception of the
inclusiveness of the learning environment in an introductory physics course significantly predicts
their physics motivational beliefs and grades even after controlling for their gender, motivational
beliefs and grades in a previous course as well as their high school preparation. Moreover, we
found that although there were large gender differences in students’ self-efficacy, interest, overall
physics identity and grades at the end of the course sequence, gender does not directly predict these
outcome constructs, which means that the gender differences in these constructs were partially
mediated by the perception of the inclusiveness of the learning environment. This finding indicates
that we may be able to reduce the gender differences in students’ course outcomes by developing
an inclusive learning environment. However, our results show that female students perceived a
lower level of inclusiveness of the learning environment than male students and the current
learning environment is not helping to reduce the gender differences in students’ course outcomes.
Thus, the instructor’s focus on equity and inclusion, and approaches to appropriately recognizing
students in poorly gender-balanced classrooms become even more vital in supporting women and
promoting learning for all students in the classroom [81].

Our findings suggest that an inclusive learning environment is very important for equitable
outcomes in physics. As educators and instructors, we should make intentional efforts to develop
an inclusive learning environment that emphasizes recognizing students for making progress,

promoting positive peer interactions, and providing a space where all students can feel that they
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belong in which students from all demographic groups can equally excel. In addition, instructors
should strive to reduce or eliminate the effects of gender, prior preparation, and prior motivational
beliefs on student perception of the inclusiveness of the learning environment so that students can
equally benefit from the learning environment regardless of their gender and motivational beliefs
coming into the course.

In this study, we focused on female and male students’ motivational beliefs and academic
performance in a two-term college calculus-based introductory physics sequence. One possible
limitation of this study is that we only included students who took physics 1 and physics 2 in the
same school year, which means that they passed physics 1 with one attempt and students who
failed physics 1 were not included in this study. Our data show that the fail rate of physics 1 was
13% in the years studied. Future studies will investigate students’ perception of the inclusiveness
of the learning environment in each course and how it predicts students’ motivational beliefs and
academic performance at end of the course, which can be compared with the results of the current
study. Another limitation of the current study is that it only focuses on the underrepresentation of
female students and not on other underrepresented demographic groups. In future studies, we
intend to carry out similar investigations accounting for intersectional perspectives, e.g., with
female and male students from different ethnic/racial groups and how their perceptions of the
inclusiveness of learning environment predict their course outcomes. It would be also valuable to
investigate the inclusiveness of the learning environment in other courses, such as algebra-based
physics courses, where women are the majority group, often making up 60% or more of the
classroom. Even though the general societal stereotype threat still exists even for female students
in algebra-based physics courses, if their motivational beliefs can be protected by a classroom

where they have many female peers, this may itself be a useful finding. In addition, the data from
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this study was collected from one research university in the US. Similar studies in different types
of institutions and in other countries would also be helpful for developing a deeper understanding
of the relationships between students’ perception of the inclusiveness of the learning environment

and their course outcomes.

9.5 Conclusions

Prior studies have shown that students’ motivational beliefs are important factors that can
influence students’ engagement, performance, and retention in STEM disciplines [34,35,278-281].
In this study, we found that female students’ motivational beliefs and grades in the college
calculus-based introductory physics courses were statistically significantly lower than male
students. Our study shows that students’ perception of the inclusiveness of the learning
environment plays an important role in predicting their grades and motivational beliefs and
explaining the gender differences in these course outcomes. We found possible signatures of non-
inclusive learning environment in that female students perceived significantly lower level of
inclusiveness. Thus, the instructor’s focus on equity and inclusion, and approaches to recognizing
students is vital in supporting women and promoting learning for all students in the classroom.
Our study can be valuable for formulating guidelines for creating an inclusive learning

environment in which all students can excel.

239



10.0 How Students’ Perception of The Inclusiveness of Learning Environment Mediates
Gender Differences in Their Physics Motivational Beliefs and Force Concept Inventory

Scores Controlling for High School Performance

10.1 Introduction

Prior studies have shown that women are often underrepresented in many science,
technology, engineering, and mathematics (STEM) courses and disciplines [1-7,20-23,36-
38,63,72,181,185]. For example, even though women earn approximately 60% of all bachelor’s
degrees in the US, only 20% of the physics undergraduate degrees are earned by women [13]. In
addition, several studies have also reported gender disparity in students’ performance in some
STEM disciplines [14,15,188]. Prior research suggests that individuals’ performance in STEM can
be influenced by their motivational beliefs such as self-efficacy, interest and identity in that domain
[18-23,34,37,41,43-45,48,63,73,255-257,259]. Students from underrepresented groups in STEM
such as women may not have enough encouragement and role models to help them develop strong
motivational beliefs in STEM. In addition, the societal stereotypes and biases in STEM may further
undermine their motivational beliefs and could lead to withdrawal from STEM courses, majors or
careers [24-30,32,74,193,262]. Therefore, investigation of how student perception of the
inclusiveness of the learning environment impacts students’ motivational beliefs and performance
is important to understanding the underrepresentation, e.g., of women and other marginalized
students in STEM, and can help in developing guidelines for developing an inclusive and equitable

learning environment and promoting diversity and equity in STEM fields.
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By equity in learning, we mean that not only should all students have equitable
opportunities and access to resources, but they should also have an equitable and inclusive learning
environment with appropriate support and mentoring so that they can engage in learning in a
meaningful and enjoyable manner and the learning outcomes should be equitable. By equitable
learning outcomes, we mean that students from all demographic groups (e.g., regardless of their
gender identity or race/ethnicity) who have the pre-requisites to enroll in the course have
comparable learning outcomes, which is consistent with Rodriguez et al.’s equity of parity model
[33]. The STEM learning outcomes include student performance in courses as well as their STEM
motivational beliefs because regardless of the performance, the motivational beliefs can influence
students’ short and long-term retention in STEM disciplines. We note that equitable opportunity,
equitable and inclusive learning environment and equitable outcomes are strongly entangled with
each other. For example, if the learning environment is not equitable and inclusive, the learning

outcomes are unlikely to be equitable based upon the equity of parity model [33].

10.1.1 Students’ Motivational Beliefs in Physics and Other STEM Fields

Prior research suggests that students’ self-efficacy is an important motivational belief for
them to excel in a domain [20,36-38]. Self-efficacy is one’s belief in one’s ability to succeed in a
specific area or accomplish a task [39,40]. Studies have shown than students’ engagement and
performance can be influenced by their self-efficacy [41-44]. For example, students who have high
self-efficacy tend to see difficulties as challenges and believe that productive struggles can help
them improve, so they often choose to take harder courses and ask to do more challenging
problems than students with low self-efficacy, who usually see difficulties as threats and obstacles
to success [45].
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Another motivational characteristic is interest, which refers to students’ curiosity,
enjoyment and engagement in a specific area [46,47]. Studies have shown that interest can also
influence students’ learning [41,47-51]. For example, one study showed that students’
performance can be improved by connecting physics courses to students’ daily lives or using
evidence-based curricula to make the courses more interesting [52].

According to Eccles’s Expectancy-Value Theory (EVT) [53,54], interest and self-efficacy
are correlated with each other and together influence students’ learning outcomes and career
choices. In the EVT, expectancy refers to students’ belief in their ability to succeed in a given task
[54], which is closely related to self-efficacy. Value refers to the subjective task value for students,
which can be differentiated into four components: intrinsic value, attainment value, utility value,
and cost [54]. Intrinsic value refers to students’ interest in the task and the enjoyment they
experience from doing the task. Attainment value reflects how important students themselves feel
it is for them to develop mastery and do a good job in the field [54]. Utility value pertains to
students’ perception of whether the task can help them achieve some other goals, e.g., help in
career [54]. The last value component is cost, which refers to the assessments of how much effort
and time will be taken to engage in the task as well as the amount of opportunity cost and stress
caused by the task [54]. In the EVT, students’ learning goals, academic engagement and
performance, and persistence in a field are impacted by their expectancy of success and the four
components of value [54].

In addition, students’ identity in a specific field such as physics is another important
motivational belief that influences their career decisions and outcome expectations [21,22,55-
58,63,101]. Students’ physics identity is related to whether they see themselves as a physics person

or someone who can excel in physics [21,22,55,58,63,101]. Some studies have found that female
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students often report lower physics identity than male students [63-65]. This gender difference in
physics identity has been shown to be related to societal biases and stereotypes about who belongs
in physics and can excel in it [66-68]. In physics and other STEM fields, these stereotypes can
negatively influence women’s experiences, which may lower their sense of belonging and identity
and thus lead to withdrawal from STEM fields [24,69,70]. Thus, studying students’ STEM identity
may help us understand the gender difference in participation in STEM. In Carlone and Johnson’s
science identity framework [22], students’ science identity includes three components:
competence, performance, and recognition. Hazari et al. adapted this model to physics and added
interest to this model [21]. They studied whether the gender difference in students’ physics identity
was mediated by interest, competency belief, and perceived recognition from other people [78,79].
These two studies reveal that individuals’ identity in science is not only impacted by their own
motivational characteristics but also by their perceived recognition from others.

Several studies have shown that female students did not feel that they were recognized in
STEM disciplines even before they entered college [66,83,183]. One stereotypical view of science
is that it is for students who are very smart or have a natural gift in science [66]. In general, due to
societal stereotypes, being brilliant or exceptionally smart is usually associated with boys [156].
One investigation showed that the gendered notions of brilliance are endorsed by children as young
as 6 years old and have an immediate effect on their interest and identity in science [83]. These
stereotypes and biases also exist in the university context [81,85]. For example, one study showed
that science faculty participants rated men as more competent and were willing to offer higher
starting salary and more mentoring to a male applicant than an identical female applicant even

though only the names were different in the hypothetical information they were provided [85]. For
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female students, the experiences of not being recognized as a science person and the gender-based
biases may accumulate over time and become a detriment to their science identity.

Moreover, students’ interest and self-efficacy are also connected to their interaction with
other people and recognition by them [40,47]. In the four-phase model of interest development,
Hidi and Renninger pointed out that external factors such as group work and tutoring can trigger
and maintain people’s interest [47,49,86]. In addition, according to Bandura’s social cognitive
theory, an individual’s self-efficacy can be shaped by verbal encouragement from others
[151,153]. Kalender et al.’s physics identity framework [65,81] showed that students’ perceived
recognition not only strongly predicts their physics identity, but also predicts their physics interest
and self-efficacy.

In addition to perceived recognition, students’ sense of belonging and their interaction
with peers have also been shown to be important aspects of the inclusiveness of the learning
environment [2,69,70,195,263-265]. For example, if students have a high sense of belonging in
class, they may interact with others more and with more positive attitudes, and they may also
develop a higher perceived recognition [178]. However, there were very few quantitative studies
about the effect of the inclusiveness of the learning environment on students’ motivational beliefs
and academic performance and what role is played by each component of the learning
environment. Thus, further study is needed to develop a better understanding of how to develop

an inclusive and equitable learning environment.
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10.1.2 Factors That May Contribute to the Gender Difference on Concept Inventories in

Physics

Since this investigation focuses on physics, we note that students’ physics conceptual
understanding is an important learning outcome. However, prior studies showed that female
students often have lower average scores than male students on physics concept inventories [211-
215]. Several factors have been proposed to explain the gender difference in students’ performance
on these physics concept inventories. For example, studies have shown that differences in
background and preparation of men and women due to a variety of reasons can account for part of
the gender gap [217,218]. In addition, some studies suggested that more interactive teaching
methods may help reduce the gender gap in students’ conceptual understanding [2,217,221];
however, this effect has not been consistently reproduced in other studies [14,181,222]. In
particular, a study shows that in an inequitable and non-inclusive learning environment, female
students may benefit less from interactive learning because they do not feel safe to express
themselves, and thus the gender gap may be even larger at the end of the course than in a traditional
lecture-based course [138]. Prior studies show that factors such as students’ motivational beliefs
can also contribute to the gender difference in students’ performance in physics [180,223].
However, there are very few studies focusing on the effect of students’ perception of the
inclusiveness of the learning environment on their physics conceptual understanding. Therefore,
in this study, we focus on how perception of the inclusiveness of learning environment predicts
both students’ motivational beliefs and their conceptual understanding in a college level
introductory calculus-based physics course. In this study, students’ conceptual understanding was
measured by the Force Concept Inventory (FCI), which is one of the most commonly used concept

inventories in physics for introductory mechanics [224].
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10.1.3 The Present Study and Theoretical Model

Inspired by the above studies, we conducted a study focusing on students’ physics
motivational beliefs and conceptual understanding in a calculus-based introductory physics course
at a large public university. This course includes topics such as kinematics, forces, energy and
work, rotational motion, gravitation, and oscillations and waves. We investigated how students’
perception of the inclusiveness of the learning environment (including students’ sense of
belonging, perceived effectiveness of peer interaction, and perceived recognition) predicts their
self-efficacy, interest, identity and FCI scores at the end of the course after controlling for students’
self-efficacy, interest, and FCI scores at the beginning of the course as well as their high school
GPA and SAT math scores. For convenience, perceived effectiveness of peer interaction is
shortened to peer interaction in the rest of the paper. We note that the learning environment here
is not only the classroom environment but also includes students’ experiences outside the class.
For example, students may work together on their homework after class, and they could also ask
for help during TAs’/instructors’ office hours or communicate with the instructor/TA via email
about various issues pertaining to the course. As shown in Figure 22, the thirteen constructs are
divided into three groups: what we control for, students’ perception of the inclusiveness of the
learning environment, and outcomes. Students’ gender, SAT math, high school GPA (HS GPA),
and their self-efficacy, interest and FCI scores at the beginning of the course (Pre SE, Pre Interest,
and Pre FCI) are constructs that we control for. Outcomes include students’ self-efficacy, interest,
FCI scores and identity at the end of the course (Post SE, Post Interest, and Post FCI). Perceived
recognition (Perceived Recog), peer interaction (Peer Int) and sense of belonging (Belonging)

constitute the perception of the inclusiveness of learning environment.
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In our study, students’ peer interaction, perceived recognition, sense of belonging and
identity were measured at the end of the course because only after the course can students answer
these survey questions based on their real experience in the course such as their interaction with
peers, TAs and instructors. It is expected that students’ responses to the motivational survey in
pre- and post-survey are correlated because they are students’ responses to the same questions
pertaining to the same motivational construct at two different time points. However, if students’
motivational beliefs changed from pre to post, we want to study whether the inclusiveness of the
learning environment helps to explain the changes and what role is played by each construct in the
inclusiveness of learning environment.

In this study, we first investigated how students’ self-efficacy, interest, and FCI scores
changed from the beginning to the end of the course and whether there were gender differences in
the constructs studied. Then, we used Structural Equation Modeling (SEM) to study the effect of
inclusiveness of learning environment on students’ self-efficacy, interest, identity and FCI scores
at the end of the course after controlling for gender, high school GPA, SAT math scores, and their
motivational beliefs and FCI scores at the beginning of the course. To better understand the role
played by each inclusiveness of learning environment construct, we first considered a model with
perceived recognition as the only inclusiveness of learning environment construct to analyze how
much variance in the outcome constructs is explained by the model. Then, we added peer
interaction and sense of belonging into this model one by one to investigate whether adding these

constructs helps to explain extra variance in the outcome constructs.
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Figure 22 Schematic representation of the theoretical model in which the relation between gender and physics
identity is mediated through SAT Math scores, high school GPA (HS GPA), and FCI scores as well as peer
interaction (Peer Int), perceived recognition (Recog), sense of belonging, self-efficacy (SE), and interest. The
solid lines represent regression paths, and the dashed lines represent covariances. From left to right, all possible

regression paths were considered, but only some of the paths are shown here for clarity.

10.2 Research Questions

In this study, we used quantitative methods to investigate how students’ perception of the
inclusiveness of the learning environment predicts physics motivational beliefs and performance
on the Force Concept Inventory (FCI) in a calculus-based introductory physics sequence at a large
state-related university in the US. This course is mandatory for students majoring in engineering,
physical science, and mathematics in their first year at the university. Specifically, we address the

following research questions:
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RQL1. Are there gender differences in students’ FCI scores and motivational beliefs and do they

change from pre to post?

RQ2. How do the components of students’ perception of the inclusiveness of learning environment

RQ3.

RQA4.

RQ5.

(including sense of belong, peer interaction and perceived recognition) predict students’
self-efficacy, interest, identity, and FCI scores at the end of the course after controlling for
students’ gender, high school GPA, SAT math scores, and their self-efficacy, interest and
FCI scores at the beginning of the course?

Does gender moderate the relationship between any pairs of constructs in the models (i.e.,

does the strength of relationship given by the standardized regression coefficients between

any two constructs in the models differ for women and men)?

If gender does not moderate any path in the model, how does gender mediate

a. the factors that were controlled for?

b. the inclusiveness of learning environment constructs after controlling for students’ high
school GPA, SAT math scores, and their self-efficacy, interest and FCI scores at the
beginning of the course?

c. the learning outcomes after controlling for everything in the model?

What unique role is played by each of the three components we have included in the

inclusiveness of learning environment in predicting the outcome constructs?

RQ6. Based on the aspects of students’ perception of the inclusiveness of the learning environment

that explain most of the variance in the outcome constructs, which model is most productive

for providing guidelines for creating an inclusive environment?
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10.3 Methodology

10.3.1 Participants and Data Sources

In this study, we collected the motivational survey data at the beginning and end of a
college calculus-based introductory physics course in two consecutive school years at a large
research university in the US. This course is generally mandatory and taken by engineering,
physical science and mathematics majors in the first semester of their first year of undergraduate
studies. This course is a traditional lecture-based course (4 hours per week) with recitations (1 hour
per week), in which students typically work on physics problems with the help of a teaching
assistant (TA). This course mainly includes mechanics topics such as kinematics, forces, energy
and work, rotational motion, gravitation, and oscillations and waves.

Students’ motivational beliefs were measured using a validated motivational survey. The
Force Concept Inventory (FCI) [224] was used to measure students’ conceptual understanding of
introductory mechanics. Both the motivational survey and conceptual test were administered to
students in the first and last recitation class of the semester. The demographic data of students—
such as gender—were provided by the university. Students” SAT math scores and high school
GPA were also obtained from the university records. Students’ names and IDs were de-identified
by an honest broker who provided each student with a unique new ID. Thus, researchers could
analyze students’ data without having access to students’ identifying information. In this study,
we analyzed data from 1045 students (382 female students and 663 male students) who completed
the motivational survey and FCI test at both the beginning and end of the course (matched students
from pre to post). We recognize that gender identity is not a binary construct. However, students’
gender information was collected by the university, which offered binary options. For our analysis,
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we use the binary gender data. Fewer than 1% of the participants did not provide this information

and therefore were not included in this analysis.

10.3.2 Survey Instruments

In this study, our analysis includes six motivational constructs—physics self-efficacy,
interest, peer interaction, perceived recognition, sense of belonging, and identity. The questions
for each construct are listed in Table 36. The survey questions were adapted from existing
motivational research [92-94,162-164,267] and were re-validated in our prior work
[37,95,96,127,165]. The validation and refinement of the survey involved use of one-on-one
student interviews with both introductory and advanced students [37,76,96,268], exploratory and
confirmatory factor analysis (EFA and CFA) [97], Pearson correlation between different
constructs and Cronbach’s alpha [99,100]. As shown in Table 36, all of the CFA item loadings are
above 0.6 and most of them are above 0.7, which means that our construct extracts sufficient
variance from the items [239].

Physics self-efficacy represents students’ belief about whether they can perform well in
physics. In our survey, we had four items for self-efficacy (Cronbach’s alpha = 0.69 for pre-self-
efficacy and Cronbach’s alpha = 0.80 for post-self-efficacy [99]). These items had the response
scale “NO!, no, yes, YES!”, which is a 4-point Likert scale (1-4). We also had four items for
physics interest (Cronbach’s alpha = 0.75 for pre-interest, Cronbach’s alpha = 0.82 for post-
interest). The question “I wonder about how physics works” had temporal response options:
“Never, Once a month, Once a week, Every day.” whereas the question “In general, I find physics:”
had response options “Very boring, Boring, Interesting, Very interesting”. The remaining two
items were answered on the “NO!, no, yes, YES!” scale. By choosing the four options, students
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will get a score from 1 to 4 accordingly. For example, if a student finds physics very boring, he/she
will get one point for this item. The more interest a student has in physics, the higher score the
student will get for this item. There is one item for physics identity in this survey (I see myself a
physics person). Physics identity corresponds to students’ belief about whether they designate
themselves as a physics person [21]. This item involved a four-point Likert response on the scale:
“Strongly disagree, Disagree, Agree, and Strongly agree” and they correspond to 1 to 4 points,
respectively [102].

In addition, perceived recognition, peer interaction and sense of belonging are the other
three motivational constructs in our study. Unlike self-efficacy, interest and identity, these three
constructs are directly related to students’ experience in the course. Perceived recognition included
three items which represent whether a student thinks other people see them as a physics person
[21,63,101] (Cronbach alpha’s = 0.86). Peer interaction, including four items, represents whether
students have a productive and enjoyable experience when working with peers (Cronbach alpha =
0.91). Sense of belonging is about students’ feelings of whether they belonged in the physics class
[195], and it included five items that were scored on a 5-point Likert scale: “not at all true, a little
true, somewhat true, mostly true and completely true” (Cronbach alpha = 0.86). Two sense of
belonging items (“I feel like an outsider in this class” and “Sometimes I worry that I do not belong
in this physics class”) were reverse coded, which means that a higher score in these two items
represents a lower sense of belonging. A student’s score for each construct is the average score of

all items in this construct.
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Table 36 Survey items for each of the motivational constructs. The Cronbach’s alphas and CFA item loadings
(Lambda and p-values of the significance test for each item loading) shown here were calculated with
postdata. TThe response options for this question are “Never, Once a month, Once a week, Every day”. *The

response options for this question are “Very boring, boring, interesting, Very interesting”.

Construct and Item Lambda p value

Physics Identity
| see myself as a physics person. 1.000 <0.001
Physics Self-Efficacy (Cronbach’s alpha = 0.80)

| am able to help my classmates with physics in the laboratory

. Y 0.714 <0.001
or in recitation.
| understand concepts | have studied in physics. 0.721 <0.001
If I study, I will do well on a physics test. 0.725 <0.001
If I encounter a setback in a physics exam, | can overcome it.  0.663 <0.001
Physics Interest (Cronbach’s alpha = 0.82)
| wonder about how physics works 0.647 <0.001
In general, | find physics * 0.796 <0.001
| want to know everything | can about physics. 0.801 <0.001
| am curious about recent physics discoveries. 0.698 <0.001
Physics Perceived Recognition (Cronbach’s alpha = 0.86)
My family sees me as a physics person. 0.900 <0.001
My friends see me as a physics person. 0.892 <0.001
My physics TA and/or instructor see me as a physics person.  0.677 <0.001
Physics Sense of Belonging (Cronbach’s alpha = 0.86)
| feel like I belong in this class. 0.822 <0.001
| feel like an outsider in this class. 0.699 <0.001
| feel comfortable in this class. 0.825 <0.001
| feel like I can be myself in this class. 0.608 <0.001
Sometimes | worry that | do not belong in this physics class.  0.730 <0.001
Physics Peer Interaction (Cronbach’s alpha = 0.91)
My experience and interaction with other students in this
class...
made me feel more relaxed about learning physics. 0.700 <0.001
increased my confidence in my ability to do physics. 0.916 <0.001
increased my confidence that | can succeed in physics. 0.931 <0.001
increased my confidence in my ability to handle difficult 0.841 <0.001

physics problems.
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10.3.3 Quantitative Analysis of Survey Data

In this study, we first used a t-test [103,240] to compare students’ motivational beliefs and
FCI scores at the beginning and end of the course and also conducted an analysis of gender
differences using descriptive statistics. Then, we used Structural Equation Modeling (SEM) [87]
to study how students’ perception of the inclusiveness of learning environment predicted their
motivational beliefs and FCI scores at the end of the course after controlling for students’ gender,
high school GPA and SAT math as well as their self-efficacy, interest and FCI scores at the
beginning of the course. The SEM includes two parts: confirmatory factor analysis (CFA) and path
analysis.

To validate the items on our survey, we performed the CFA for each construct. The model
fit is good if the fit parameters are above certain thresholds. In CFA, Comparative Fit Index (CFI)
> 0.9, Tucker-Lewis Index (TLI) > 0.9, Root Mean Square Error of Approximation (RMSEA) <
0.08 and Standardized Root Mean Square Residual (SRMR) < 0.08 are considered as acceptable
and RMSEA < 0.06 and SRMR < 0.06 are considered as a good fit [98]. In our study, CFI = 0.940,
TL1=0.931, RMSEA =0.051 and SRMR =0.041, which represents a good fit. This result provides
quantitative support for us to organize the motivational constructs as proposed.

Before performing the path analysis, we calculated the Pearson correlation coefficients
pairwise between each pair of constructs [100]. As shown in Table 37, there are relatively strong
correlations among students’ motivational beliefs, while the correlation between motivational
beliefs and SAT math or high school GPA are relatively small. We note that in Table 37, there are
three very strong correlations. The correlation coefficient between pre-interest and post-interest is
0.87, which means that students’ interest at the beginning and end of the course are highly

correlated. The correlation coefficient between physics identity and perceived recognition is 0.83,

254



which is consistent with Godwin et al. and Kalender et al.’s prior work [58,81] finding that

perceived recognition is the largest predictor of physics identity. Another large correlation

coefficient is between students’ post-self-efficacy and sense of belonging, which is 0.82.

According to prior work done by Kalender et al., these two constructs are indeed strongly

correlated with each other even though they are separate constructs [183].

Table 37 Pearson correlation coefficients of the constructs in the mediation model. p values are indicated by ™

for 0.001 < p <0.01, " for 0.01 < p < 0.05, and ™ for p > 0.05. All the other correlation coefficients have p < 0.001.

Observed Variable 1 2 3 4 5 6 7 8 9 10 11 12
1. SAT math -- -- -- -- -- -- -- -- -- -- -- --
2. HS GPA 0.25 - - - - - - -- - -- - -
3. Physics identity 0.10™ -0.07" -- -- -- -- -- -- -- -- -- --
4. Pre-FCI 0.38 0.12 040 -- - - - -- - -- - -
5. Pre-self-efficacy 0.18 0.08" 054 037 -- -- -- -- -- -- -- --
6. Pre-interest -0.01™ -0.10™ 060 031 065 -- -- -- -- -- -- --
7. Post-FCI 0.33 0.12 035 077 034 026 -- -- - -- -- -
8. Post-self-efficacy 0.20 0.03* 067 048 060 043 044 - -- -- -- --
9. Post-interest -0.01™ -0.15 070 033 048 087 031 061 -- -- - -
10. Perceived

Recognition 0.14 -0.02= 083 042 051 059 040 0.68 0.67 -- - -
11. Peer Interaction 0.16 0.05™® 050 025 036 029 022 067 044 047 -- -
12. Sense of Belonging 0.23 0.05 061 040 045 037 040 082 054 061 068 --

To analyze the relations among the constructs, we performed the full SEM. Apart from

CFA, the path analysis in SEM gives regression coefficients g for paths between each pair of

constructs and the value of each S is a measure of the strength of that relationship. Compared with

a multiple regression model, a major advantage of SEM is that we can estimate all of the regression

links for multiple outcomes and factor loadings for items simultaneously, which improves the
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statistical power. The level of SEM model fit can also be represented by CFI, TLI, RMSEA and
SRMR. We first analyzed the saturated SEM model that includes all of the possible links between
different constructs, and then we used the modification indices to improve the model fit. We kept
path links which were statistically significant in SEM path analysis. Before performing gender
mediation analysis, we first tested the gender moderation relations between each pair of constructs
using multi-group SEM (to investigate any interaction effects with gender), which includes testing
of factor loadings, indicator intercepts, residual variances, and regression coefficients. Results
showed that in all our models, strong measurement invariance holds and there is no difference in
any regression coefficients by gender, which allowed us to perform the gender mediation analysis
using SEM (see Appendix K for detailed multi-group SEM analysis results).

One advantage of SEM is that it shows not only the direct regression relation between two
constructs but also all the indirect relations mediated through other constructs, which allowed us
to calculate the total regression effect by adding the direct and indirect regression coefficients up.
In this study, we first considered a model with perceived recognition as the only inclusiveness of
learning environment construct to investigate how students’ motivational outcomes and FCI scores
at the end of the course are predicted by it. Then, we added peer interaction or sense of belonging
as additional constructs in the inclusiveness of learning environment. Finally, our model included
all the inclusiveness of learning environment constructs. We analyzed the variance in each
outcome construct denoting students’ motivational beliefs and FCI scores explained by each model
to understand the unique role played by each inclusiveness of learning environment component

and to determine if all three components are productive.
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10.4 Results

10.4.1 Gender Differences in Students’ Motivational Beliefs and FCI Scores

Table 38 shows the descriptive statistics of students’ physics interest and self-efficacy as
well as FCI scores at the beginning and end of the course. As shown in Table 38, female students
had significantly lower average interest, self-efficacy, and FCI scores than male students, and the
effect size given by Cohen’s d [240] of gender difference in self-efficacy increased from 0.32 to
0.50 by the end of the course. In addition, Table 38 shows that both male and female students’
interest and self-efficacy dropped generally from pre to post, and female students’ interest and
self-efficacy dropped (d = -0.26 for interest and d = -0.49 for self-efficacy) even more than male
students’ (d =-0.20 for interest and d = -0.27 for self-efficacy). Even though both female and male
students’ FCI scores increased by the end of the course, the gender difference is maintained.

Table 39 shows the descriptive statistics of students’ perception of the inclusiveness of the
learning environment (including peer interaction, perceived recognition, and sense of belonging)
and physics identity. As shown in Table 39, female students had significantly lower average scores
in all of the four constructs than male students, and the effect sizes are all in the medium range
[104]. These results indicate that, in the current learning environment, female students reported
less benefit from peer interaction and also felt a lower sense of belonging than male students.
Moreover, female students’ average scores pertaining to perceived recognition and physics identity
indicate that on average, female students did not think others see them as a physics person, and
they did not see themselves as a physics person either. In Appendix L, we report the percentages
of students who selected each choice for each survey item, which show consistent results with the
descriptive statistics shown in Table 38 and Table 39.
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Table 40 shows the descriptive statistics of students’ high school GPA and SAT math

scores. As shown in Table 40, there was no statistically significant gender difference in students’

SAT math scores, and female students had a higher average high school GPA than male students.

Table 38 Descriptive statistics of pre- and post-interest, self-efficacy (SE), and FCI scores for female and male

students. Cohen suggested that typically values of d ~ 0.2, 0.5 and 0.8 represent small, medium and large effect

sizes [240]. Hake suggested that values of g < 0.3,0.3 < g <0.7, and g > 0.7 represent small, medium and large

normalized gains [229]. A minus sign indicates that students’ average score decreased from pre to post.

Pre- Post-
Interest Interest Statistics Pre-SE POSE-SE Statistics
Gender | " ) (1-4) (1-4) (1-4)
Mean Mean  Cohen’sd p value Mean Mean Cohen’sd  pvalue
Male 3.19 3.07 -0.20 <0.001 3.12 2.98 -0.27 <0.001
Female 2.89 2.73 -0.26 <0.001 2.96 2.70 -0.49 <0.001
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.55 0.55 0.32 0.50
Pre-FCI Post-FCI Statistics
Gender Mean Mean Normal(;z)ed gain Cohen’s d p value
Male 62% 73% 0.29 0.50 <0.001
Female 47% 60% 0.25 0.66 <0.001
p value <0.001 <0.001
Cohen’s d 0.73 0.64
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Table 39 Descriptive statistics of peer interaction, perceived recognition, sense of belonging and physics identity

for female and male students.

Peer Interaction | Perceived recognition | Sense of belonging Physics identity
Gender
(1-4) (1-4) (1-5) (1-4)
Male 2.97 2.58 3.73 2.62
Female 2.70 2.26 3.36 2.19
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.42 0.44 0.43 0.52

Table 40 Descriptive statistics of female and male students’ high school GPA and SAT math scores. A minus

sign indicates that female students have a higher average score than male students.

Mean
Grades (Score Range) p value Cohen’s d
Male Female
High School GPA (0-5) 4.10 4.25 <0.001 -0.39
SAT Math (400-800) 701 694 0.120 0.11

10.4.2 SEM Path Models

In this section, we describe results of the structural equation modeling (SEM) carried out

to investigate how students’ perception of the inclusiveness of the learning environment predicts

their motivational beliefs and FCI scores at the end of the course. Because many studies have

shown that perceived recognition, e.g., by instructors, is a strong predictor of students’

motivational beliefs such as identity [81,269-271], all of the models shown in the main text of this
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paper include perceived recognition as one of the inclusiveness of learning environment constructs
(see Appendix M for results of other SEM models). We first considered a model in which
perceived recognition was the only inclusiveness of learning environment construct. Then we
added peer interaction or sense of belonging to the inclusiveness of learning environment one by
one to analyze how each helped to predict students’ self-efficacy, interest, identity and FCI scores
at the end of the course. Finally, we included all three constructs in our model and studied how

these constructs mediated the outcomes together and what role was played by each of them.

10.4.2.1 Model 1: Perceived Recognition

In our first model (Model 1), perceived recognition is the only inclusiveness of learning
environment construct. The path analysis results of the SEM model are presented visually in Figure
23. The model fit indices suggest a good fit to the data: CFI = 0.939 (>0.90), TLI = 0.927 (>0.90),
RMSEA = 0.050 (<0.08) and SRMR = 0.042 (<0.08). The solid lines represent regression paths
and the numbers on the lines are regression coefficients (S values), which represent the strength of
the regression relations. For clarity, we present only the regression paths with p value < 0.01. As
shown in Figure 23, perceived recognition directly predicts students’ FCI scores, self-efficacy,
interest and physics identity at the end of the course. The direct effect of perceived recognition on
post-self-efficacy (= 0.43) is even larger than that of pre-self-efficacy (£ =0.32). In addition, we
note that even though pre-self-efficacy directly predicts post-self-efficacy, there is also an indirect
path from pre-self-efficacy to post-self-efficacy mediated through perceived recognition. The
regression coefficient of the indirect path can be calculated by multiplying the regression

coefficients from pre-self-efficacy to perceived recognition (f = 0.20) and the regression

coefficient from perceived recognition to post-self-efficacy (8 = 0.43), which gives us
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0.20 x 0.43 = 0.09. Similarly, the direct effect from pre-interest to post-interest is = 0.73, and
the indirect effect is 0.39 x 0.24 = 0.09. Consistent with Godwin et al. and Kalender et al.’s prior
work [58,81], Figure 23 shows that identity is mainly predicted by self-efficacy, interest and
perceived recognition, and perceived recognition is the largest predictor. In addition, perceived
recognition also predicts students’ post-FCI scores even after controlling for their pre-FCI scores,
high school GPA and SAT math scores. We note that gender directly predicts high school GPA
with a negative regression coefficient (8 = -0.19), which means that female students on average

had a somewhat higher high school GPA than male students. This is consistent with the results
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Figure 23 Schematic diagram of the path analysis part of the structural equation modeling (Model 1) between
gender and physics identity through SAT Math scores, high school GPA (HS GPA), and FCI scores as well as
perceived recognition (Recog), self-efficacy (SE), and interest. The solid lines represent regression paths and
the dashed lines represent residual covariances. The regression line thickness corresponds to the magnitude of
P value (standardized regression coefficient) with 0.001 < p < 0.01 indicated by **. All the other regression lines

show relations with p < 0.001.
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10.4.2.2 Model 2: Perceived Recognition and Peer Interaction

In the second model (Model 2), we include both perceived recognition and peer interaction
in the perception of the inclusiveness of the learning environment. The results of the SEM model
are presented visually in Figure 24. This model also fits the data very well. CFl = 0.948 (>0.90),
TLI=0.939 (>0.90), RMSEA = 0.045 (<0.08) and SRMR = 0.040 (<0.08). The results show that
students’ peer interaction directly predicts their post-self-efficacy (£ = 0.40) and post-interest (8=
0.16), and it also mediates the effect from pre-self-efficacy to post-self-efficacy with indirect
regression coefficient 0.32 x 0.40 = 0.13. We note that the direct effects of perceived recognition
on post-self-efficacy and post-interest are weaker in Model 2. This is because the regression
coefficient from a predictor to an outcome represents the expected change in the outcome as a
result of change in the predictor in standard deviation units while controlling for the correlated
effects of other predictors [244]. Since there is a shared variance between peer interaction and
perceived recognition, after peer interaction was added to the model, the correlated effect of peer
interaction is controlled for when estimating the regression coefficients from perceived recognition
to post-self-efficacy and post-interest, so the regression coefficients decreased. On the other hand,
the direct effects of perceived recognition on post-FCI scores and physics identity did not change
much after adding peer interaction because peer interaction does not predict these outcome
constructs directly. Similarly, the regression coefficients from perceived recognition, post-self-

efficacy, and post-interest to identity are also similar to those in Model 1.
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Figure 24 Schematic diagram of the path analysis part of the structural equation modeling (Model 2) between
gender and physics identity through SAT Math scores, high school GPA (HS GPA), and FCI scores as well as
peer interaction (Int), perceived recognition (Recog), self-efficacy (SE), and interest. The solid lines represent
regression paths and the dashed lines represent residual covariances. The regression line thickness corresponds
to the magnitude of g value (standardized regression coefficient) with 0.001 < p < 0.01 indicated by **. All the

other regression lines show relations with p < 0.001.

10.4.2.3 Model 3: Perceived Recognition and Sense of Belonging

We next analyzed a SEM model (Model 3) which includes only perceived recognition and
sense of belonging as the inclusiveness of learning environment constructs. The results of the SEM
model are presented visually in Figure 25. The model also fits the data well (CFI = 0.928 (>0.90),
TLI =0.918 (>0.90), RMSEA = 0.050 (<0.08) and SRMR = 0.044 (<0.08)). As shown in Figure
25, students’ sense of belonging directly predicts their post-FCI scores, post-self-efficacy, and
post-interest. Similarly, because there is a correlation between sense of belonging and perceived

recognition, the correlated effect of sense of belonging was controlled for when estimating the
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regression coefficients from perceived recognition to the outcome constructs, and thus the direct
effects of perceived recognition on post-FCI scores, post-self-efficacy, and post-interest became
weaker or insignificant compared with those in Model 1. Since sense of belonging does not directly
predict physics identity, the regression coefficients from perceived recognition, post-self-efficacy,

and post-interest to identity are also similar to those in Models 1 and 2.
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Figure 25 Schematic diagram of the path analysis part of the structural equation modeling (Model 3) between
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gender and physics identity through SAT Math scores, high school GPA (HS GPA), and FCI scores as well as
perceived recognition (Recog), sense of belonging, self-efficacy (SE), and interest. The solid lines represent
regression paths and the dashed lines represent residual covariances. The regression line thickness corresponds
to the magnitude of g value (standardized regression coefficient) with 0.001 < p < 0.01 indicated by **. All the

other regression lines show relations with p < 0.001.
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10.4.2.4 Model 4: Perceived Recognition, Peer Interaction, and Sense of Belonging

Finally, we consider a SEM model (Model 4) which includes all three inclusiveness of
learning environment constructs. Figure 26 shows the results visually. The model also fits the data
very well (CFI =0.937 (>0.90), TLI=0.929 (>0.90), RMSEA =0.046 (<0.08) and SRMR = 0.043
(<0.08)). As shown in Figure 26, students’ perception of the inclusiveness of the learning
environment significantly predicts their motivational beliefs and FCI scores at the end of the
course. In particular, post-self-efficacy is directly predicted by all three inclusiveness of learning
environment constructs, and sense of belonging is the largest predictor. Post-interest is predicted
by perceived recognition and sense of belonging, and post-FCI is predicted by sense of belonging.
Similar to Models 1-3, students’ physics identity is directly predicted by perceived recognition,
post-self-efficacy and post-interest, and perceived recognition is the largest predictor.

Although Table 38 and Table 39 show that there were large gender differences
disadvantaging women in students’ FCI scores, self-efficacy, interest, and identity at the end of
the course, we note that gender does not directly predict these constructs in any of the models
discussed. Thus, our results reveal that the gender differences in these outcome constructs were
mediated through the different constructs of the model including components of students’

perception of the inclusiveness of the learning environment.
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Figure 26 Schematic diagram of the path analysis part of the structural equation modeling (Model 4) between
gender and physics identity through SAT Math scores, high school GPA (HS GPA), and FCI scores as well as
peer interaction (Int), perceived recognition (Recog), sense of belonging, self-efficacy (SE), and interest. The
solid lines represent regression paths and the dashed lines represent residual covariances. The regression line
thickness corresponds to the magnitude of S value (standardized regression coefficient) with 0.001 < p < 0.01

indicated by **. All the other regression lines show relations with p < 0.001.

10.4.2.5 Direct and Indirect Paths in Model 4

Model 4 shows that the three components of students’ perception of the inclusiveness of
the learning environment not only directly predict the outcome constructs but also mediate the
indirect effect of pre-motivational beliefs and FCI scores on post-motivational beliefs and FCI
scores. To summarize how the outcome constructs were predicted by different predictors through
both direct and indirect paths, we calculated the regression coefficient for each path in Model 4.
The results are shown in Table 41. For example, there are three different indirect paths from pre-

self-efficacy to post-self-efficacy mediated through peer interaction, perceived recognition, and
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sense of belonging, respectively. The indirect effect of pre-self-efficacy on post-self-efficacy can
be calculated by adding these three paths together (£ = 0.37 X 0.16 + 0.24 X 0.15 +
0.40 x 0.48 = 0.29), which is larger than the direct effect of pre-self-efficacy on post-self-
efficacy (8= 0.21). We note that the direct effect of students’ sense of belonging on post-self-
efficacy (= 0.48) is almost the same as the total effect of pre-self-efficacy on post-self-efficacy
(8= 0.50). In addition, we found that even though students’ post-interest is mainly predicted by
their pre-interest, it is also predicted by their sense of belonging (£ = 0.21) and perceived
recognition (£ = 0.13). Similarly, even though post-FCI is mainly predicted by pre-FClI, it is also
predicted by sense of belonging with g = 0.11. Even though Figure 26 shows that perceived
recognition is the only inclusiveness of learning environment construct that predicts physics
identity, Table 41 shows that students’ sense of belonging also indirectly predicts their physics

identity with g=0.12.
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Table 41 Regression coefficients (B) of direct and indirect paths for the four outcome constructs predicted by

various predictors in Model 4.

Outcome Predictor Direct Indirect Total
Post SAT Math 0.00 0.26 0.26
FCI High School GPA 0.00 0.09 0.09

Pre-FCI 0.73 0.02 0.75

Pre-self-efficacy 0.00 0.04 0.04

Pre-interest 0.00 0.00 0.00

Peer Interaction 0.00 0.00 0.00

Perceived Recognition 0.00 0.00 0.00

Belonging 0.11 0.00 0.11

Post SAT Math 0.00 0.17 0.17
Self-efficacy High School GPA 0.00 0.09 0.09
Pre-FCI 0.11 0.12 0.23

Pre-self-efficacy 0.21 0.29 0.50

Pre-interest 0.00 0.06 0.06

Peer Interaction 0.16 0.00 0.16

Perceived Recognition 0.15 0.00 0.15

Belonging 0.48 0.00 0.48

Post SAT Math 0.00 0.04 0.04
Interest High School GPA 0.00 0.02 0.02
Pre-FCI 0.00 0.07 0.07

Pre-self-efficacy 0.00 0.12 0.12

Pre-interest 0.71 0.05 0.76

Peer Interaction 0.00 0.00 0.00

Perceived Recognition 0.13 0.00 0.13

Belonging 0.21 0.00 0.21

Identity SAT Math 0.00 0.11 0.11
High School GPA 0.00 0.05 0.05

Pre-FCI 0.00 0.18 0.18

Pre-self-efficacy 0.00 0.25 0.25

Pre-interest 0.00 0.39 0.39

Peer Interaction 0.00 0.03 0.03

Perceived Recognition 0.59 0.05 0.64

Belonging 0.00 0.12 0.12
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10.4.2.6 Variance Explained by Each Model

To further understand the role played by each inclusiveness of learning environment
construct in explaining the outcome constructs, we calculated the coefficients of determination R?
(fraction of variance explained) for each construct in different SEM models with different
combinations of the three inclusiveness of learning environment constructs. The results are shown
in Table 42. Even though in the main text we only discussed four models that include perceived
recognition, Table 42 also show the R? values for the other three models in Appendix M that do
not include perceived recognition.

We found that in all models, input constructs have relatively small R? values. For example,
both pre-self-efficacy and pre-interest have R? = 0.09, which means that only 9% of the variance
in these constructs are explained by the models. This is because input constructs are what we are
controlling for and thus they are only explained by very few predictors. On the other hand, R?
values of all outcome constructs are reasonably high, which means that our models have explained
much of the variance in them. For example, models that include any of the three inclusiveness of
learning environment constructs can explain around 80% of the variance in post-interest and 60%
of the variance in post-FCI. We note that the model only including sense of belonging can explain
75% of variance in post-self-efficacy and adding perceived recognition and peer interaction only
slightly improves the R? value. Moreover, the models including sense of belonging always explain
more variance in post-self-efficacy than the models without sense of belonging do. These results
are consistent with the finding discussed earlier that sense of belonging is the major predictor of
post-self-efficacy. Similarly, the model that only includes perceived recognition explains 74% of
the variance in identity and adding peer interaction or sense of belonging does not help explain the

variance in identity further. These results show that both sense of belonging and perceived
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recognition play unique roles in explaining students’ motivational outcomes, while peer interaction
covaries with sense of belonging and perceived recognition and uniquely explains very small
percentages of the variance in the outcome constructs. However, this does not mean that student
perception of peer interaction is not important. Figure 26 shows that peer interaction directly
predicts post-self-efficacy even after controlling for the correlated effects of sense of belonging
and perceived recognition. In addition, the correlations among these three inclusiveness of learning
environment constructs suggest that an instructor can potentially improve students’ sense of
belonging and perceived recognition by helping students interact meaningfully with peers. Thus,
we believe the model including all three inclusiveness of learning environment constructs is most

productive.
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Table 42 Coefficient of determination ( R?) for various constructs in different models with different

combinations of perceived recognition (Recog), peer interaction, and sense of belonging (Bel). All R? values are

significant with p values < 0.001.

Models
Construct
Recog  Peer Bel Peer+Recog Peer+Bel Recog+Bel Peer+Recog+Bel
SAT Math 0.00 0.00 0.00 0.00 0.00 0.00 0.00
High school GPA 0.04 0.04 0.04 0.04 0.04 0.04 0.04
Pre-FCI 0.25 0.25 0.25 0.25 0.25 0.25 0.25
Pre-self-efficacy 0.09 0.09 0.09 0.09 0.09 0.09 0.09
Pre-interest 0.09 0.09 0.09 0.09 0.09 0.09 0.09
Peer interaction / 0.17 / 0.17 0.17 / 0.18
Perceived
. 0.43 / / 0.43 / 0.43 0.43
recognition
Sense of belonging / / 0.28 / 0.29 0.29 0.28
Post-FCI 0.60 0.60 0.60 0.60 0.60 0.60 0.60
Post-self-efficacy 0.57 0.67 0.75 0.69 0.78 0.77 0.79
Post-interest 0.80 0.79 0.79 0.80 0.79 0.80 0.81
Identity 0.74 0.61 0.61 0.74 0.61 0.74 0.74
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10.5 Summary and Discussion

In this study, we focused on students’ physics motivational beliefs and FCI scores in a
college calculus-based introductory physics course. We studied how students’ perception of the
inclusiveness of the learning environment—including peer interaction, perceived recognition, and
sense of belonging—ypredicts students’ physics self-efficacy, interest, identity and FCI scores at
the end of the course after controlling for their gender, high school GPA, SAT math, and pre-self-
efficacy, pre-interest and pre-FCI scores at the beginning of the course.

Our results show that the inclusiveness of the learning environment statistically
significantly predicts students’ motivational beliefs and FCI scores at the end of the course.
Moreover, even though we found that there are statistically significant gender differences
disadvantaging women in self-efficacy, interest, identity and FCI scores at the end of the course,
gender does not directly predict these outcome constructs. This means that the gender differences
in these learning outcomes were mediated by students’ perception of the inclusiveness of the
learning environment. Thus, in addition to being driven by prior differences, which often result
from inequities including societal stereotypes and biases about who belongs in physics and lack of
role models, students’ self-efficacy, interest, identity and FCI scores are also influenced by the
inclusiveness of learning environment [294]. However, our results show that the current learning
environment is not helping to reduce the gender difference, and instead, the gender difference in
students’ self-efficacy increased by the end of the course. We note that, in the current learning
environment, female students also reported less benefit from peer interaction, felt a lower sense of

belonging and felt less recognized as a physics person than male students, which may all contribute
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to the gender differences in students’ learning outcomes at the end of the course. For example, in
a male-dominated classroom environment, a woman may experience a lower level of sense of
belonging and higher level of anxiety with lower self-efficacy than men [255]. In addition, non-
supportive instructional pedagogies, lack of recognition from instructors and TAs and lack of
positive interactions with peers can further decrease women’s self-efficacy in physics. Thus, the
instructor’s focus on equity and inclusion, and approaches to recognizing students in poorly
gender-balanced classrooms, become even more vital in supporting women’s self-efficacy and
promoting learning for all students in the classroom [81].

Our findings also suggest that students’ perception of the inclusiveness of the learning
environment plays a very important role in explaining their motivational beliefs and performance
at the end of the course. In particular, we found that perceived recognition uniquely contributed
most to explaining physics identity, and sense of belonging uniquely contributed most to
explaining self-efficacy. We note that even though peer interaction co-varies with sense of
belonging and perceived recognition and peer interaction uniquely explains very small percentages
of the variance in the outcome constructs, this does not mean that effective peer interaction is not
important. Many instructors may not know how to implement strategies to improve students’ sense
of belonging. The co-variation between the inclusiveness of learning environment constructs
suggests a possibility that students’ sense of belonging and perceived recognition may possibly be
shaped by helping students interact meaningfully with peers (which in turn can improve student
outcomes). Actually, prior studies have pointed out that the learning environment is more of an
interconnected ecological system than the simple sum of its parts [295]. Thus, we believe the

model including all three inclusiveness of learning environment constructs is most productive.
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By comparing students’ responses to the survey in pre and post, we found that both male
and female students’ self-efficacy and interest statistically significantly dropped from pre to post.
And female students’ motivational beliefs dropped even more than male students’, which may
partially explain that the gender difference in students’ self-efficacy increased by the end of the
course. These results indicate that the current learning environment is not helping students improve
their physics motivational beliefs and, on the contrary, may contribute to decreasing them in such
a way that the gender gap increases.

Therefore, instructors must make intentional efforts to help students improve their physics
motivational beliefs and performance within the equity of parity framework discussed earlier (i.e.,
regardless of the initial value at the beginning of the course, instructors should strive to ensure that
at the end of the course, all demographic groups have similar high levels of motivational beliefs
and performance). As noted, the perception of the inclusiveness of the learning environment
directly predicts students’ motivational outcomes and post-FCI scores, so it is reasonable to expect
that a more inclusive and equitable learning environment will help. Instructors should strive to
reduce the effects of prior preparation and prior motivational beliefs so that all students can equally
benefit from the learning environment. If we could eliminate the gender difference in sense of
belonging, perceived recognition and peer interaction by creating a learning environment, in which
all students feel safe to engage in collaboration and discussions with peers and instructor, and
provide appropriate scaffolding support commensurate with students’ prior knowledge, the gender
difference in students’ motivational beliefs and FCI scores may also decrease.

Evidence-based instructional strategies may be helpful for instructors to improve the
inclusiveness of the learning environment and support underrepresented students. For example,

instructors can provide students with opportunities to engage in different types of interaction, such
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as setting up study groups or assigning collaborative tasks [296]. However, instructors need to
keep in mind how the lack of role models and societal stereotypes and biases about who belongs
in physics and can excel in it impact the stereotyped groups and avoid letting a small group of
students dominate the discussion so that all students’ voices can be heard and valued. Another
stereotype about physics is that it requires a natural ability to excel [11,83]. Studies have shown
that the idea of ability being fixed and unchangeable can increase students’ concerns about
belonging, especially for students from underrepresented groups such as women in physics who
have few role models [249,250]. Thus, it is critical to build a learning environment which
emphasizes that abilities are malleable and can be changed through deliberate practice and effort
[146]. Instructors can also show students non-stereotypical role models from diverse demographic
groups, personalities and interest in different contexts since this has been shown to increase
students’ sense of belonging [251,252]. In addition, instructors can explicitly recognize students
by directly acknowledging their work and expressing faith in their ability, and they can also
implicitly recognize students by valuing students’ opinions and assigning a leadership position or
a challenging task to students in small groups that makes them feel valued [145]. However,
instructors should be careful not to give unintended messages to students, e.g., praising some
students for brilliance or intelligence as opposed to their effort since it may convey to other
students that they do not have what is required to excel in physics [11,83].

In this study, we discussed how the inclusiveness of the learning environment impacts
female and male students’ motivational beliefs in the introductory calculus-based physics course.
In the future studies, we intend to carry out similar investigations accounting for intersectional
perspectives, e.g., with female and male students from different ethnic/racial groups and how their

perceptions of the inclusiveness of learning environment predict their learning outcomes. In
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addition, it would be valuable to investigate the inclusiveness of the learning environment in other
courses, such as algebra-based physics courses, where women are the majority group, often
making up 60% or more of the class. It would also be useful to investigate students’ physics
motivational beliefs in advanced physics courses beyond the first year, which are typically taken

by physics majors.
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11.0 How Engineering Identity of First-year Female and Male Engineering Majors is

Predicted by Their Physics Self-efficacy and Identity

11.1 Introduction and Theoretical Framework

Due to the increasing demand in the work force for engineers, many studies have focused
on issues surrounding students’ retention and persistence in engineering [297-303]. According to
a recent report, the overall 4-year graduation rate of students in the US who enter an undergraduate
engineering program remains below 40% in the last 10 years [304]. In particular, 20% of students
are lost within the first year alone [304]. Another study shows that only 42% of seniors enrolled
in undergraduate engineering programs definitely intend to pursue a career in engineering upon
graduation [305]. Moreover, the retention issue is even more severe for students from
underrepresented groups such as women [302,304,306]. Studies show that less than 30% of all
engineering degrees are awarded to women [297], and women have been found to leave
engineering at an earlier stage than men [307,308]. Many factors have been shown to affect
undergraduate students’ choices to persist in engineering, for example, students’ prior preparation,
quality of teaching, sociocultural and motivational factors [17,34,69,70,265,294,299,309-312]. In
particular, motivational factors such as engineering identity have been shown to be significant
indicators of students’ retention in engineering, and also influence their short-term and long-term
career goals [269,313-315].

In prior research, engineering identity has been studied from several different perspectives
[316,317]. For example, some studies consider engineering identity as the combination of multiple

identities such as academic, social and occupational identities [313,318,319]. Some other studies
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identified several cognitive, affective, and performance variables to comprise engineering identity
[124,300,320,321]. Another widely used definition of engineering identity is how students see
themselves with respect to engineering or whether they see themselves as an engineer based on
their perceptions and navigation of engineering related experiences [322-324], which is also the
most relevant definition to our study. However, studies have shown that many students have very
few direct experiences with engineering before they enter college [325]. Thus, due to the
interdisciplinary nature of engineering, students’ experiences in other engineering related domains
such as math and science may play a very important role in the development of students’
engineering identity [124]. For example, studies have shown that doing well in math and science
courses in high school has a positive impact on students’ choice of and persistence in an
engineering major and longer-term career goals [299,301]. Therefore, studying students’
motivational beliefs in engineering related domains, e.g., physics, and how they interact with
engineering identity may help us develop a better understanding of students’ attrition and retention
in engineering majors.

Introductory physics courses usually serve as a prerequisite for many engineering courses,
and thus for most students who enrolled in an undergraduate engineering program, physics is
mandatory in their first year. A study shows that students’ grades in introductory physics courses
predict their performance in later engineering courses [326]. Moreover, physics is not only
important for engineering students’ knowledge building but may also affect their attitudes and self-
beliefs about being an engineer. For example, studies have shown that students’ physics
motivational beliefs such as self-efficacy and interest can influence their engineering career agency
[58]. However, physics is also one of the most stereotyped domains in the sense that it is a

traditionally male-dominated field and has a masculine culture and a masculine public image
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[69,70]. In addition, physics is perceived by many people to depend largely on the innate qualities
of “brilliance” or “genius”, which are also typically attributed to men [11,83,156]. These societal
stereotypes not only impact female students’ physics motivational beliefs but may also dissuade
them from pursuing study in physics-related disciplines such as engineering. A prior study shows
that in an undergraduate engineering program, students’ self-efficacy in physics showed a larger
gender difference than their self-efficacy in mathematics, engineering, and chemistry [135]. In
addition, physics was the only science subject for which female engineering students had a lower
average score than male engineering students [135,327]. Therefore, the gender difference in
physics motivational beliefs may partially explain the underrepresentation of women in
engineering disciplines and studying the relationship between students’ physics and engineering
motivational beliefs may provide new insights into how to improve the recruitment, retention and
diversity within engineering.

In this study, we investigated first-year undergraduate engineering students’ engineering
identity and physics motivational beliefs (including physics identity, self-efficacy, interest and
perceived recognition) in a calculus-based introductory physics course. In particular, we focus on
how students’ motivational beliefs in physics and engineering change from the beginning to the
end of the course and the predictive relationships among these motivational constructs. This course
is usually taken by engineering students in the first semester of their first-year of undergraduate
study, and they must pass this course before they declare a specific major, e.g., electrical
engineering, within the engineering school. Thus, students’ experiences in this course are not only
important for the development of their physics and engineering motivational beliefs but may also
influence their choice of majors. Even though there are several studies focusing on students’

physics and engineering motivational beliefs [58,124,320], very few studies have investigated how
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male and female students’ engineering identity and physics motivational beliefs change in an
introductory physics course, and how students’ physics motivational beliefs predict their
engineering identity at the end of the course.

As noted, students’ identity in engineering or physics is related to whether they see
themselves as an engineer or a physics person, and these identities have been shown to influence
students’ career decisions and outcome expectations [21,22,300,322]. The other three motivational
beliefs considered in this study (physics self-efficacy, interest and perceived recognition) have
been shown to be the predictors of students’ physics identity and also very important to students’
engagement, performance and retention [21,81,136,260,261]. In particular, self-efficacy is defined
as students’ beliefs in their capability to succeed in a certain situation, task, or particular domain
[39,81,82]. Studies suggest that students with high self-efficacy in a domain often enroll in more
challenging courses in that domain than those with low self-efficacy because they perceive difficult
tasks as challenges rather than threats [41,44,45]. Another motivational belief is interest, which is
defined by positive emotions accompanied by curiosity and engagement in a particular topic [47].
Interest has also been shown to influence students’ learning [41,47,48]. For example, one study
suggested that making science courses more relevant to students’ lives and transforming curricula
to promote interest in learning can improve students’ achievement [52]. Perceived recognition
(also called external identity) in physics refers to students’ perception about whether other people
see them as a physics person [79]. Some quantitative studies focusing on the relation between
students’ physics identity and other motivational beliefs show that physics perceived recognition
is actually the strongest predictor of physics identity as compared to physics interest and self-

efficacy [58,81].
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In this study, we first investigated how students’ engineering and physics motivational
beliefs change from the beginning to the end of the introductory physics course (i.e., from pre to
post) using descriptive statistics. Then, we performed structural equation modeling (SEM) using
the post data to study the predictive relationships among these motivational constructs. We focus
on the predictive relationships at the end of the course because most students take this course in
the first semester in college, and they may feel uncertainty and anxiety during the transition from
high school to college. Thus, students’ motivational beliefs may be more stable after they have
been on campus for a semester. In addition, since students’ perceived recognition is related to their
interaction with TAs and instructors, only after the course can students answer these survey
questions based on their real experience in the course. We adapt the physics identity model from
Hazari et al.’s (with Godwin, Lock, and Potvin) [57,58,125] and Kalender et al.’s prior work [81]
as shown in Figure 27, in which students’ physics identity is predicted by their interest,
recognition, and performance/competence or competency belief, which is very closely tied to self-
efficacy. In this study, we add the engineering identity construct and focus on how students’
physics motivational beliefs predict their engineering identity. As shown in Figure 28 (a), we first
considered a model (Model 1) in which there are only covariances between each pair of perceived
recognition (Recog), self-efficacy (SE) and interest, so this model does not make assumptions
about predictive relationships between these three mediating constructs. Then we considered
another model (Model 2) in which perceived recognition is the predictor of both self-efficacy and
interest (Figure 28 (b)), which is similar to the model in Kalender et al.’s prior work, in which

competency belief and interest are predicted by perceived recognition (see Figure 27 (b)) [81].
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Figure 27 Schematic representation of the physics identity models of prior studies. (a) shows the model used in
Hazari et al.’s (with Godwin, Lock, and Potvin) prior studies [57,58,125] (b) shows the model used in Kalender

et al.’s prior study [81]
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Figure 28 Schematic representation of the path analysis part of the SEM models that shows how the relationship
between gender and engineering identity is mediated by physics self-efficacy, physics perceived recognition,
physics interest and physics identity. (a) In Model 1, physics self-efficacy, perceived recognition and interest
are correlated with each other. (b) In Model 2, physics perceived recognition predicts physics self-efficacy and
interest, and physics self-efficacy predicts physics interest. The direct paths from gender to physics and

engineering identity are not shown because they are not statistically significant in both models.
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11.2 Research Questions

Our research questions to investigate the relationship between physics motivational beliefs
and engineering identity of undergraduate engineering students in the calculus-based introductory
physics 1 course at a large research university in the US are as follows:

RQ1. How do male and female students’ engineering identity and physics motivational beliefs
(including physics identity, self-efficacy, interest, and perceived recognition) change from
the beginning to the end of the course (i.e., from pre to post)?

RQ2. Are there gender differences in students’ motivational beliefs and do they change from pre
to post?

RQ3. How do students’ physics motivational beliefs directly and indirectly predict their

engineering identity?

11.3 Methodology

11.3.1 Participants

The motivational survey data used in this study were collected at the beginning and end of
the semester from engineering students who took the calculus-based introductory physics 1 course
at a large research university in the US. The data were collected from two consecutive fall
semesters. The majority of these students were in the first semester of their first year in the
undergraduate engineering program. This course consists of traditional lectures (4 hours per week)

and recitations (1 hour per week), in which students typically work collaboratively on physics
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problems. The paper surveys were handed out and collected by TAs in the first and last recitation
class of a semester. We named the data collected at the beginning of the semester as pre-data and
that collected at the end of the semester as post-data. Finally, we combined the two semesters’ data
and put them into two categories, pre and post. The demographic data of students—such as
gender—were provided by the university. Students’ names and IDs were de-identified by an honest
broker who generated a unique new ID for each student (which connected students’ survey
responses with their demographic information). Thus, researchers could analyze students’ data
without having access to students’ identifying information.

In this study, we first investigated how students’ physics and engineering motivational
beliefs change from pre to post. However, because some motivational constructs were added to
our survey at the end of the course in the first year of study, we do not have the pre-data for these
constructs in that year. Thus, we first focus on 346 undergraduate engineering students (205 male
students and 141 female students) who completed both the pre- and post-survey in the second year
of study. We use Structural Equation Modeling (SEM) to study the predictive relationships among
the motivational constructs at the end of the course [87]. Since we have complete post-data for
both years of study, we performed SEM with the post-data collected from 761 engineering students
(273 female students and 488 male students) in both years, which further improved the statistical
power. Because students’ gender information was obtained from the university, which offered

binary options, we did the analysis with the binary gender data in this study.

11.3.2 Survey Instruments

In this study, we considered five motivational constructs—engineering identity and physics

identity as well as physics self-efficacy, interest and perceived recognition. The survey items for

285



each construct are listed in Table 43. The survey items were adapted from the existing motivational
research [92-94,162-164] and have been revalidated in our prior work [37,65,95,96,127,128,165].
The validation and refinement of the survey involved use of one-on-one interviews with students
using a think-aloud protocol, exploratory and confirmatory factor analyses (EFA and CFA) [97],
Pearson correlation between different constructs and Cronbach’s alpha (which is a measure of the
internal consistency of each construct with several items) [98-100].

In our survey, each item was scored on a 4-point Likert scale (1-4). Students were given a
score from 1 to 4 with higher scores indicating greater levels of motivational beliefs. Physics self-
efficacy represents students’ belief about whether they can excel in physics. We had four items for
physics self-efficacy and these items had the response scale “NO!, no, yes, YES!” (Cronbach’s «
= 0.81), which have been shown to have good psychometric properties and a low cognitive load
while reading [82,92]. We also had four items for physics interest (Cronbach’s a = 0.82). The
question “I wonder about how physics works” had temporal response options ‘“Never, Once a
month, Once a week, Every day”, whereas the question “In general, I find physics” had response
options “very boring, boring, interesting, very interesting”. The remaining two items under physics
interest were answered on the “NO!, no, yes, YES!” scale. Physics perceived recognition
corresponds to whether a student thinks other people see them as a physics person [21,63,101],
and it includes three items which correspond to family, friends and TA/instructor (Cronbach’s «
= 0.87). Physics identity corresponds to students’ belief about whether they designate themselves
as a physics person [21]. Engineering identity corresponds to whether they see themselves as an
engineer [322,323]. The items for physics perceived recognition and both physics and engineering
identity involved a four-point Likert response on the scale “strongly disagree, disagree, agree, and

strongly agree” and they correspond to 1 to 4 points [102].
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Table 43 Survey questions for each of the motivational constructs, along with factor loadings of CFA using two

years of post-data. Lambda (factor loading) represents the correlation between each item and its corresponding

construct, and the square of Lambda for each item gives the fraction of its variance explained by the construct.

All Lambdas shown in this table are statistically significant with p value <0.001. TThe response options for this

question are “Never, Once a month, Once a week, Every day”. *The response options for this question are “very

boring, boring, interesting, very interesting”.

Construct and Item Lambda
Engineering identity

I see myself as an engineer. 1.000
Physics identity

I see myself as a physics person. 1.000
Physics self-efficacy (Cronbach’s a = 0.81)

I am able to help my classmates with physics in the laboratory or in recitation.  0.731
I understand concepts | have studied in physics. 0.736
If I study, I will do well on a physics test. 0.742
If I encounter a setback in a physics exam, | can overcome it. 0.682
Physics interest (Cronbach’s a = 0.82)

| wonder about how physics works 0.650
In general, | find physics 0.781
I want to know everything | can about physics. 0.791
I am curious about recent physics discoveries. 0.707
Physics perceived recognition (Cronbach’s a = 0.87)

My family sees me as a physics person. 0.913
My friends see me as a physics person. 0.909
My physics TA and/or instructor sees me as a physics person. 0.692

287



11.3.3 Quantitative Analysis of Survey Data

We calculated the mean score for each motivational construct for each student. Then, we
used a t-test to compare students’ pre- and post-scores for each motivational construct as well as
conducted an analysis of gender differences using descriptive statistics. We performed ltem
Response Theory (IRT) analysis using the R software package “mirt” to check the response option
distances for our survey constructs [105-107,166]. The results show that our scales had
approximately equal distance between the levels, so the linearity assumption is reasonable and
allowed us to calculate the traditional mean scores [105,107]. Furthermore, we estimated the IRT-
based scores (which tend to produce trait estimates that are linearly related to the underlying trait
being measured) for each construct, and the results are highly correlated with the mean scores (the
correlation coefficients are > 0.98 for all constructs), which indicates that the use of mean scores
is reasonable [105].

Next, we performed Structural Equation Modeling (SEM) [87] with the post-data to study
the predictive relationships between students’ physics motivational beliefs and engineering
identity. The SEM includes two parts: confirmatory factor analysis (CFA) and path analysis. In
CFA, the model fit is good if the fit parameters are above threshold. In particular, Comparative Fit
Index (CFI) > 0.9, Tucker-Lewis Index (TLI) > 0.9, Root Mean Square Error of Approximation
(RMSEA) < 0.08 and Standardized Root Mean Square Residual (SRMR) < 0.08 are considered as
acceptable and RMSEA < 0.06 and SRMA < 0.06 are considered as a good fit [98]. In our study,
CFI =0.976, TLI =0.967, RMSEA = 0.054 and SRMR = 0.033, which represent a good fit. Thus,
there is additional quantitative support for dividing the constructs as proposed. Besides, as shown

in Table 43, all factor loadings are higher than 0.5, which is considered acceptable, and most of
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them are higher than 0.7. This means that the constructs extract sufficient variance from the
observed variables, which allows us to perform the path analysis part of SEM [108].

Before performing the path analysis, we calculated the Pearson correlation coefficients
pairwise between the motivational constructs. As shown in Table 44, all correlation coefficients
are above 0.2, and most of them are less than 0.8, which means that even though these motivational
constructs have strong correlations with each other, the correlations are not so high that they could
not be examined as separate constructs in SEM [109]. We note that the correlation coefficient
between physics identity and perceived recognition is 0.84. This is consistent with Godwin et al.’s
[58] and Kalender et al.’s [81] prior finding that students’ physics perceived recognition (external

identity) is the largest predictor of their physics identity (internal identity).

Table 44 Pearson correlation coefficients of the constructs in the mediation model. (p<0.001)

Constructs 1 2 3 4 5

1. Engineering identity -- - - - -

2. Physics identity 0.34 -- -- -- -

3. Physics self-efficacy 0.37 0.70 - -- --

4. Physics Interest 0.32 0.71 0.64 -- --

5. Physics perceived recognition 0.30 0.84 0.70 0.67 --

To analyze the predictive relationships among the constructs, we performed the path
analysis. Apart from CFA, the path analysis in SEM gives regression coefficients g for paths
between each pair of constructs and the value of each g is a measure of the strength of that
relationship. Compared with a multiple regression model, the advantage of SEM is that we can

estimate all of the regression links for multiple outcomes and factor loadings for items
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simultaneously, which improves the statistical power. The level of SEM model fit can also be
represented by CFI, TLI, RMSEA and SRMR. We first analyzed the saturated SEM model that
includes all possible links between different constructs, and then we used the modification indices
to improve the model fit. We kept path links which were statistically significant in SEM path
analysis. Before performing gender mediation analysis, we first tested the gender moderation
relations between each pair of constructs using multi-group SEM (to investigate any interaction
effects with gender), which includes testing of factor loadings, indicator intercepts, residual
variances and regression coefficients. Results showed that in all of our models, strong
measurement invariance holds and there is no difference in any regression coefficients by gender,
which allowed us to perform the gender mediation analysis using SEM (see Appendix N for
detailed multi-group SEM analysis results). We fit the two SEM models (Model 1 and Model 2)
shown in Figure 28 with our data and then compared the path analysis results (predictive

relationships among the constructs) for these two models.

11.4 Results

11.4.1 Descriptive Statistics of Students’ Motivational Beliefs at the Beginning and End of

the Course

Here, we present the descriptive statistics of the students’ pre- and post-motivational
beliefs. As shown in Table 45, female students had significantly lower scores in all of the five
motivational constructs. In particular, we note that the gender difference in students’ physics

identity is larger than that in engineering identity and students’ physics identity is lower than
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engineering identity, which is expected because they are all engineering students. In addition,
Table 45 shows that both male and female students’ physics self-efficacy and physics identity
deteriorated from pre to post. Moreover, female students’ average scores on physics self-efficacy
and physics interest decreased more than male students’ did so that the gender differences in these
two constructs became larger by the end of the course. Although students’ average score on
engineering identity also decreased from pre to post, this change is only statistically significant for
male students.

We also conducted a one-way repeated measures MANOVA to analyze the changes in
multiple dependent variables over time (from pre to post). The results show that female students’
overall physics and engineering motivational beliefs decreased from pre to post (F(5,128) = 7.103
p < 0.001, Wilks’ Lambda = 0.78, partial eta squared (77;2;) = 0.217). Partial eta squared values
indicate effect sizes in one-way MANOVA with 77;2; ~ 0.01 generally considered a small effect
size, n; ~0.06 a medium effect size and 17 ~ 0.14 a large effect size [328]. Follow-up univariate
tests show that female students’ physics identity (F(1,132) = 12.946, p < 0.001, n;; = 0.089), self-
efficacy (F(1,132) = 22.590, p < 0.001, n;, = 0.146), and interest (F(1,132) = 11.215, p = 0.001,
r]zzj = 0.078) statistically significantly decreased from pre to post. Similarly, male students’ overall
physics and engineering motivational beliefs also decreased from pre to post (F(5,189) = 4.361 p
=0.001, Wilks’ Lambda = 0.90, n;, = 0.103). Follow-up univariate tests show that male students’
physics identity (F(1,193) = 14.668, p < 0.001, n;; = 0.071), self-efficacy (F(1,193) = 10.086, p =
0.002, n;, = 0.050), and engineering identity (F(1,193) = 6.739, p =0.01, n; = 0.034) statistically
significantly decreased from pre to post. Thus, the results of the one-way repeated measures

MANOVA are consistent with the results shown in Table 45. In addition, we also report the
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percentages of students who selected each choice for each survey item in the pre and post-survey

(see Appendix O), which are also consistent with the descriptive statistics shown in Table 45.

Table 45. Descriptive statistics of female and male students’ motivational beliefs at the beginning and end of

the course. The sample size is 346 (205 male students and 141 female students). Cohen suggested that a typical

value d ~ 0.2 be considered a small effect size, d ~ 0.5 represents a medium effect size and d ~ 0.8 a large effect

size.

Physics self- o o o
Gender efficacy Statistics Physics interest  Statistics

pre post p value Cohen’sd | pre post p value  Cohen’s d
Male 3.09 3.00 0.046 0.20 3.05 3.00 0.394 0.08
Female 2.97 2.78 <0.001 042 2.86 2.72 0.033 0.26
p value <0.001 <0.001 0.001 0.003
Cohen’s d | 0.29 0.42 0.37 0.46

Physics perceived o Physics o
Gender recognition Statistics identity Statistics

pre post pvalue Cohen’sd | pre post pvalue Cohen’sd
Male 2.70 2.60 0.151 0.14 2.77 2.59 0.019 0.23
Female 2.44 2.36 0.310 0.12 2.42 2.23 0.043 0.24
p value 0.001 0.003 <0.001 <0.001
Cohen’s d | 0.38 0.33 0.48 0.43

Engineerin
Gender ideitity : Statistics

pre post p value Cohen’s d
Male 3.62 3.50 0.036 0.21
Female 3.45 3.33 0.114 0.19
p value 0.006 0.016
Cohen’sd | 0.31 0.26
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11.4.2 SEM Models Mediated by Motivational Factors

In this section, we will show the predictive relationships among students’ motivational
beliefs using SEM models. We first considered a model (Model 1) in which there are only
covariances between each pair of constructs: physics perceived recognition, self-efficacy and
interest. Thus, this model does not make assumptions about the predictive relationships between
these three mediating constructs. We fit this model with our motivational survey data. The path
analysis results are shown in Figure 29 (a). The model fit indices suggest a good fit to the data:
CF1=0.976 (> 0.90), TLI=0.969 (> 0.90), RMSEA =0.049 (< 0.08) and SRMR = 0.032 (< 0.08).

As shown in Figure 29 (a), there is a statistically significant regression line from gender to
each of physics self-efficacy, perceived recognition, and interest, consistent with Table 45 showing
that there are statistically significant gender differences in all of these three motivational
constructs. However, the direct effects of gender on both physics identity and engineering identity
are statistically insignificant (p = 0.21 for physics identity and p = 0.22 for engineering identity)
even though female students’ physics and engineering identities are statistically significantly lower
than those of male students as shown in Table 45. This result indicates that the gender differences
in students’ physics and engineering identity are actually mediated by the other three physics
motivational constructs. In addition, Figure 29 (a) shows that even though there is a strong
covariance among physics self-efficacy, interest, and perceived recognition, students’ physics
perceived recognition is the strongest predictor of their physics identity (4 = 0.58). This result is
consistent with Hazari et al.’s [21] and Kalender et al.’s prior work [81].

Next, we consider a model (Model 2) in which physics perceived recognition predicts
physics self-efficacy and interest, and physics self-efficacy predicts interest. The path analysis

results are shown in Figure 29 (b). This model also fits the data very well: CFl = 0.976 (> 0.90),
293



TLI = 0.969 (> 0.90), RMSEA = 0.049 (< 0.08) and SRMR = 0.032 (< 0.08). We note that the
direct effect of gender on physics perceived recognition in Model 2 is the same as that in Model
1. This is because in both models, gender is the only predictor of perceived recognition. On the
other hand, the direct effects of gender on physics self-efficacy and interest are smaller in Model
2 compared with those in Model 1. This is because in Model 2, physics self-efficacy and interest
are predicted by more constructs than in Model 1, and thus there is more correlated effect being
controlled for when estimating the regression coefficients from gender to physics self-efficacy and

interest.
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(a) Model 1
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Interest

(b) Model 2
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elf-efficacy,
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Physics
Perceived
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Identity

Engineering)

0.15* Identity

Physics
Interest
Figure 29 Results of the path analysis part of the SEM models that show how the relationship between gender
and engineering identity is mediated by physics self-efficacy, physics perceived recognition, physics interest
and physics identity. (a) In Model 1, physics self-efficacy, perceived recognition and interest are correlated with
each other. (b) In Model 2, physics perceived recognition predicts physics self-efficacy and interest, and physics
self-efficacy predicts physics interest. The solid lines represent regression paths, and the numbers on the lines
are standardized regression coefficients (g values), which represent the strength of the regression relations.
Each regression line thickness qualitatively corresponds to the magnitude of g with 0.001 < p < 0.1 indicated
by ™. All the other regression lines show relations with p < 0.001. For clarity, we have removed all statistically

insignificant regression paths.

To further understand the relationships among the motivational constructs in different

models, we calculated the coefficients of determination R squared (fraction of variance explained)
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for each construct in each model (Table 46). We note that the R? of physics identity is 0.75 and
the R? of engineering identity is 0.15 in both Model 1 and Model 2. This is because in both models,
physics and engineering identity are predicted by the same constructs, even though the predictive
relationships among the predictors are different in the two models. Similarly, since perceived
recognition is only predicted by gender in both models, the R? of perceived recognition is the same
across models. On the other hand, the R? of physics self-efficacy and interest are larger in Model
2 than in Model 1. This is because in Model 2, physics self-efficacy and interest are predicted by
more constructs than they are in Model 1, and thus more variance in self-efficacy and interest is

explained by Model 2.

Table 46 Coefficient of determination (R?) for various constructs in different models. All R? values are
statistically significant with p values < 0.001. In Model 1, there are only covariances between each pair of
constructs: physics self-efficacy (SE), perceived recognition (Recog), and interest. In Models 2, the arrows

indicate the direction of the predictive relationships.

Models Constructs R?
Physics perceived recognition 0.06

Model 1 Physics self-efficacy 0.08

SE + Recog + Interest Physics interest 0.12
Physics identity 0.75

Engineering identity 0.15

Physics perceived recognition 0.06

Model 2 Physics self-efficacy 0.49

Recog — SE — Interest Physics interest 0.53
Physics identity 0.75

Engineering identity 0.15
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11.5 Discussion

In this study, we investigated female and male undergraduate engineering students’
engineering identity and physics motivational beliefs (including physics identity, self-efficacy,
interest and perceived recognition) in a calculus-based introductory physics course. In particular,
we focused on the predictive relationships among these engineering and physics motivational
constructs, and how these constructs change from pre to post in the course.

Our results reveal that students’ engineering identity is directly predicted by their physics
identity and self-efficacy. Even though physics interest and perceived recognition do not have
direct effects on engineering identity, they all indirectly predict engineering identity through
physics identity. Since engineering is interdisciplinary in nature and physics is an important
foundational discipline for engineering students, students’ perception of their ability to do well in
engineering may be influenced by their physics motivational beliefs, which can be influenced by
their physics learning experiences. In addition, since physics is one of the disciplines that are
believed to require intelligence for success [11,83], doing well in physics may boost students’ self-
beliefs in learning other subjects such as engineering, while a low self-efficacy in physics may
lead students to doubt their ability. According to our previous interviews with students, some
students chose to major in engineering because of their earlier experience with mechanics in high
school, while some other engineering students considered changing their majors because of their
negative experience in a previous physics course.

Another important finding is that even though there are statistically significant gender
differences disadvantaging women in all engineering and physics motivational constructs, gender
does not directly predict engineering and physics identity. This means that the gender differences

in students’ engineering and physics identity are mediated through the other three physics
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motivational beliefs (physics self-efficacy, interest, and perceived recognition). According to a
prior study, among an undergraduate engineering population, the gender difference in physics self-
efficacy is the largest compared with the gender differences in students’ self-efficacy in other
STEM disciplines such as chemistry and math [135]. Thus, the gender difference in physics
motivational beliefs may help explain the underrepresentation of women in “physics-heavy”
engineering disciplines. Our study further indicates that we may be able to reduce the gender gap
in students’ engineering identity by eliminating the gender differences in physics motivational
beliefs. For example, we can create a more inclusive and equitable learning environment for
physics learning so that all students feel recognized as people who can do well in physics and other
related disciplines.

However, our results show that the two direct predictors of students’ engineering identity—
physics identity and self-efficacy—actually decreased by the end of the physics course for both
male and female students. Moreover, female students’ physics self-efficacy dropped even more
than male students’ did, and the gender difference in physics self-efficacy became larger at the end
of the course. These findings may partially explain the result that students’ average score on
engineering identity also decreased from pre to post, although this change is only statistically
significant for male students. Overall, our results indicate that the current learning environment
didn’t help students develop a stronger engineering identity, and the gender difference in
engineering identity is also maintained.

Physics courses are very important for engineering students because not only are they the
foundation for engineering courses, but students’ physics motivational beliefs can also influence
their attitudes and beliefs toward engineering as well as their choice of careers. Due to societal

stereotypes, physics is one of the disciplines that have a masculine image and are believed to
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require a natural ability to excel [156]. Studies have shown that these stereotypes and biases can
negatively impact female students’ motivational beliefs in physics [70,185]. According to our
study, these gender differences in physics motivational beliefs contribute to the gender difference
in undergraduate engineering students’ engineering identity. Thus, it is important to focus on the
role played by physics courses in students’ persistence and retention in engineering and
engineering school should work with physics department to take effective measures to create an
inclusive and equitable learning environment in which all students can develop a stronger identity
in both physics and engineering. There are some research-based classroom interventions that have
been shown to reduce gender gaps in students' performance in different types of classes (not
necessarily focused on engineering students) [177-180]. However, to our knowledge, no
intervention has investigated how engineering students’ self-efficacy and identity are impacted by
these interventions. Their impact on self-efficacy and identity of engineering students from
different demographic groups should be studied in future studies. Appropriate interventions could
particularly help underrepresented engineering students such as women in physics courses if they
were designed well.

In this study, we used single item to measure students’ physics identity and engineering
identity. Even though these items are commonly used in studies involving physics and engineering
identity [58,90,124,125,149,315,329], it would be helpful in future studies to develop more survey
items for these identity constructs. Another limitation of the current study is that it only focuses
on the underrepresentation of female students and not on other underrepresented demographic
groups. In future studies, we intend to investigate motivational beliefs of students from other
underrepresented groups such as ethnic/racial minority students. In addition, the data from this

study was collected from one research university in the US. Similar studies in different types of
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institutions and in other countries would also be helpful for developing a deeper understanding of

the relationships between students’ physics motivational beliefs and their engineering identity.

11.6 Conclusion

Students’ engineering identity is an important motivational belief that can influence
students’ retention in engineering as well as their short-term and long-term career goals.
Introductory physics courses usually serve as a prerequisite for many engineering courses because
they are foundation of many disciplines and contribute directly to engineering. In this study, we
investigated how undergraduate engineering students’ physics motivational beliefs predict their
engineering identity in an introductory physics course. We find that students’ engineering identity
is directly predicted by their physics identity and self-efficacy and also indirectly predicted by their
physics interest and perceived recognition (RQ3). However, our results show that both women and
men’s physics identity and self-efficacy decreased from the beginning to the end of the course
(RQ1). In addition, there are statistically significant gender differences in all physics motivational
beliefs and engineering identity, and the gender differences in physics self-efficacy and interest
became larger at the end of the course (RQ2). Our results show that students’ physics motivational
beliefs play an important role in shaping their engineering identity; however, students’ physics
motivational beliefs decreased after the course, and current learning environment didn’t help
students develop a stronger engineering identity. Therefore, engineering school should reflect upon
the role played by physics courses in undergraduate students’ academic trajectory and retention in

engineering and work with physics department to make intentional efforts to create an inclusive
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and equitable learning environment in which all students can develop a stronger identity in both

physics and engineering.
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12.0 Improving Student Understanding of Quantum Measurement Using a Research-

Validated Multiple-Choice Question Sequence

12.1 Introduction

Prior studies have shown that learning quantum mechanics is challenging for students at
all levels including advanced undergraduate and graduate students [330-350]. Our group has been
involved in investigating student difficulties in learning quantum mechanics and developing
curricula and pedagogies to reduce these difficulties [351-388]. Quantum measurement is one of
the key concepts in quantum mechanics. The outcome of a quantum measurement is in general
probabilistic and reflects the probabilistic nature of quantum mechanics. Quantum measurement
is also fundamental to quantum computation since measurement is necessary to extract the
outcome at the end of the computation. In prior studies, quantum measurement has been found to
be one of the particularly difficult topics for students [331,340,362,363,372,389].

One source of difficulty of students in learning quantum measurement is the fact that
quantum measurements are very different from those in classical mechanics, which students are
more familiar with [369]. In classical mechanics, physical observables such as position and energy
have well defined values even before the measurement. However, in a generic quantum state,
physical observables such as position and energy are usually not well defined, and there are many
possible outcomes of measuring an observable [390]. Also, in a quantum system, each observable
corresponds to a Hermitian operator, which has a complete set of orthonormal eigenstates and a
corresponding set of real eigenvalues. Any quantum state of this system can be expanded as a

linear superposition of the complete set of eigenstates of the operator corresponding to any
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observable. In a measurement, when an observable is measured, the quantum system
instantaneously collapses into an eigenstate of the operator corresponding to that observable
measured and we obtain a corresponding eigenvalue as the measurement outcome. The probability
of yielding (or collapsing into) each eigenstate is given by the absolute square of the projection of
the quantum state before the measurement along the eigenstate. The eigenvalue spectrum of an
operator can be discrete or continuous or a combination of both. For example, in a one-dimensional
infinite potential well, the energy operator A (Hamiltonian) has a discrete eigenvalue spectrum,
while the position operator X has a continuous eigenvalue spectrum. A measurement of energy
will collapse the system into one of the energy eigenstates with well-defined energy, and a
measurement of position will collapse the system into an extremely peaked wavefunction (a
position eigenstate) with well-defined position between x and x+dx.

Another source of difficulty in understanding quantum measurement comes from the fact
that for a given quantum system, the probability of measuring each possible value of an observable
may change with time depending upon the quantum state and the observable measured [341,391-

393]. The time development of quantum states is governed by the time-dependent Schrodinger

equation (TDSE) ih%’}’(x, t) = H ¥(x, t). For a time-independent Hamiltonian, by solving the

—iHt —iHt
TDSE, the time dependence of a generic state is given by ¥ (x,t) = e » ¥(x,0), wheree = is

the time-evolution operator. This equation shows that a quantum state at time t is given by acting

with the time-evolution operator on the quantum state at time t = 0. If the initial state ¥(x,0) =

—iAt —iHt —iEnt

¥, (x) is an energy eigenstate, thene » W(x,0) =e » ¥, (x) = eTann(x), where En is the
energy corresponding to the energy eigenstate ¥, (x). On the other hand, if ¥(x,0) is not an

energy eigenstate, it can be expanded as a linear superposition of energy eigenstates, and the time
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dependence of this quantum state is given by multiplying each expansion term by a time-dependent

—iEnt
phase factor e » , where E,, is the energy corresponding to the n" energy eigenstate.

As noted, measuring an observable will collapse the system into an eigenstate of the
Hermitian operator corresponding to the observable measured. After measuring an observable, the
time development of the collapsed quantum state is governed by the TDSE. If the measured
observable is energy, the measurement of the observable will collapse the system into an energy
eigenstate. Energy eigenstates evolve in time via an overall phase factor, so the probability or
probability density of measuring any observable in an energy eigenstate will be time independent.
Therefore, energy eigenstates are also called stationary states. On the other hand, if the measured
observable corresponds to an operator that does not commute with H, e.g., position, the outcome
of the measurement will not be a stationary state. For example, a measurement of position will
collapse the system into a position eigenstate, which can be expanded as a linear superposition of
energy eigenstates. The time development of the position eigenstate can be obtained by
multiplying each expansion term by a corresponding time-dependent phase factor. Since these
phase factors are typically different for each term in the expansion, the state will evolve in time in
a non-trivial manner, and the probability or probability density of measuring most observables
after the position measurement will be time dependent. The only exception is the probability of
measuring energy or observables whose corresponding operators commute with A since they are
constants of motion. This is because the probability of measuring each energy only depends on the
modulus of the expansion coefficients, which is independent of time. Therefore, the probability of
measuring a particular value of energy is time independent even in a non-stationary state after a

position measurement.
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Our prior studies have shown that students have many common difficulties with quantum
measurement after lecture-based instruction [331,361-363]. For example, some students have
difficulties in distinguishing between eigenstates of operators corresponding to different
observables [362,363]. Research shows that some students incorrectly think that the eigenstates of
any Hermitian operator are stationary states, and some students do not relate the concept of
stationary state with the special nature of the time evolution of that state [362,363]. In addition,
some students incorrectly think that an operator acting on a state corresponds to a measurement of
the corresponding observable [362,363]. The prior studies also show that many students have
difficulties in identifying the probability of measuring different energies in a given state, especially
when the quantum state is not explicitly given as a linear superposition of energy eigenstates, and
they also have difficulties in identifying the probability density of measuring position given a
wavefunction [362,363]. Some other common difficulties relate to the time development of a
quantum state after a measurement [362,363]. For example, prior research shows that some
students incorrectly think that a system will stay in a position eigenstate after measuring position,
and some others think that a system will evolve back to the initial state a long time after a
measurement of an observable.

In our prior studies, we developed, validated, and implemented quantum interactive
learning tutorials (QUILTS) to help students learn many quantum mechanics topics including
quantum measurement [363], and the implementation of these materials showed encouraging
results [355,363,364,367,371-373,378-382,387]. A QUILT consists of learning sequences which
are developed and validated based on cognitive task analysis from both the expert and student

perspectives and extensive research on students’ common difficulties in learning quantum
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mechanics. QUILTs use a guided inquiry-based approach to keep students engaged and build a
good knowledge structure.

In addition to interactive learning tutorials, studies have shown that multiple-choice
questions implemented in classes with peer instruction are effective for students’ learning. This
method was first popularized by Eric Mazur in the physics community [394]. In Mazur’s approach,
an instructor poses a multiple choice question, and students first think by themselves and answer
the question anonymously using an electronic response system (clickers) [394]. Then, the students
discuss their thoughts with their peers, during which they can compare their answers with each
other and explain their reasoning. After the discussion, the instructor may ask for volunteers to
share their discussion or give students feedback based on students’ performance. In this process,
students can have immediate feedback from their peers and instructor, and the instructor can obtain
an understanding of students’ common difficulties and the percentage of students who understand
the concepts. This method using multiple-choice questions with peer instruction has been shown
to be effective and relatively easy to incorporate in classes without the need to greatly restructure
them [395]. Moreover, prior studies show that the use of multiple-choice questions in class can be
more effective if the questions are carefully sequenced to systematically help students with a
particular theme that they may be struggling with [363]. In our prior studies
[360,384,386,396,397], we have developed and validated multiple-choice question sequences
(MQS) for several topics in quantum mechanics such as the Stern—Gerlach experiment [384] and
time-development of two-state quantum systems [391]; however, there has not been a MQS
developed for quantum measurement. In this paper, we describe the development, validation and
evaluation of a multiple-choice question sequence for helping students learn quantum

measurement.
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12.2 Methodology

12.2.1 Development and Validation of Research-Validated Multiple-Choice Question

Sequence

To develop the quantum measurement MQS, we took inspiration from the learning
objectives and inquiry-based guided learning sequences of the guantum measurement QuILT
[363], which had been validated and implemented in previous years with students in junior-/senior-
level quantum mechanics courses at a large research university in the US. We paid specific
attention to when and how different concepts are invoked and build upon students’ prior
knowledge in the QUILT, and what were the common difficulties students had and how those
difficulties were reduced after the implementation of the QUILT [363]. In addition, we took
advantage of the cognitive task analysis from both the expert and student perspectives conducted
when developing the QUILT and focused on what scaffolding supports are needed to reduce
students’ difficulties and help them develop a good knowledge structure of quantum measurement.
After identifying and contemplating upon students’” common difficulties with quantum
measurement and scaffolding supports that have been shown to be effective as well as a proper
order to invoke different concepts in the MQS, we drafted, discussed, and iterated a MQS among
researchers and several other faculty members. While some questions in this MQS are adapted
from the quantum measurement QUILT [363], we also created new questions inspired by students’
written responses to the QUILT and its corresponding pre-test and post-test.

The MQS was designed to help students improve their conceptual understanding of
guantum measurement, so we avoided complicated calculations to avoid causing cognitive

overload for students. Since the MQS is designed to be used in class with peer instruction, we
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ensured that the number of the questions was such that it can be administered during limited class
time while still covering the common difficulties students have in understanding quantum
measurement. In addition, we carefully designed each alternative choice in each multiple-choice
question and incorporated the common incorrect responses that we found in previous interviews
and students’ written responses to the QuILT and its corresponding pre- and post-tests. Thus, the
MQS provides students opportunities to think about common difficulties, struggle productively,
and get immediate feedback from their peers and instructors. Moreover, we balanced the difficulty
level of the questions that build on each other and avoided using either too difficult or too easy
questions. If a question is too difficult and most students choose the distractors, then students’
inaccurate understanding may be reinforced during peer instruction. On the other hand, if a
question is too easy, the learning potential of peer instruction might be limited [398,399]. Another
feature of the quantum measurement MQS is that it includes both concrete and abstract questions.
Concrete questions provide opportunities for students to apply their knowledge in a concrete
context, which help them learn applications of the quantum measurement concepts in specific
contexts. Concrete questions are usually followed by or integrated with abstract questions, which
can help students generalize their understanding of the concepts and transfer their knowledge
across contexts.

In the quantum measurement MQS, the questions are carefully sequenced to build on each
other. For example, the same concept may be applied in different contexts or different concepts
may be applied in similar contexts in two consecutive questions. Thus, students can compare and
contrast the premise of consecutive questions to solidify their understanding of the concepts and
build their knowledge structure. In addition to the class discussion using peer instruction

mentioned earlier, we also added some discussion slides between the questions in the MQS, which
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can be used by instructors to review and emphasize the important concepts in the previous
questions and lead general class discussion on some broader themes related to those questions.
Some discussion slides that instructors can use with the MQS also include visual representation of
guantum measurements to help students build physical intuition and resolve possible conflicts
between their understanding and the correct conceptual model.

After the initial development of the quantum measurement MQS using the learning
objectives adapted from the inquiry-based guided sequences in the QuILT [363] as well as
empirical data from student responses to existing individually validated questions in previous
years, we conducted hour-long individual interviews with five students to further validate the
MQS. We asked students to answer the questions in the MQS and think aloud as they answered
them so that we could understand their reasoning process. We did not disturb them when they
thought aloud in order to not disrupt their thought processes. After each MQS, we first asked
students for clarification of the points they may not have made, then we led discussions with them
on each choice in the MQS question as appropriate. The MQS was iterated multiple times as the
interviews were conducted. The feedback from students helped in fine-tuning and refining some
new guestions that were developed and integrated with the existing ones to construct the sequence
of questions in the quantum measurement MQS and to ensure that the questions were
unambiguously worded. In the interviews, students showed some common difficulties in
understanding quantum measurements, which are consistent with the results of our prior studies
[362,363]. Moreover, the interviews showed that after working through the whole MQS, students’
difficulties with many concepts related to quantum measurement were reduced. The students also

reported that they found the scaffolding provided by the sequenced questions and discussion slides
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helpful. The interviews also helped us to further improve the MQS by simplifying the wording to

reduce students’ cognitive load.

12.2.2 Learning Objectives and Structure of the Quantum Measurement MQS

The quantum measurement MQS in its final iteration includes four sections (see Appendix
P). Each section focuses on one aspect of students’ common difficulties in understanding quantum
measurement. The first section of the MQS includes two questions (MQS 1.1 and 1.2). The
learning objective of this section is to help students review basic concepts pertaining, e.g., to
eigenvalues and eigenstates of energy or position operators. The second section of the MQS
includes three questions (MQS 2.1-2.3), which help students learn about the postulates related to
guantum measurement, e.g., a measurement of an observable collapses the system into an
eigenstate of the operator corresponding to that observable and returns the eigenvalue
corresponding to the eigenstate. In particular, the learning objectives include being able to identity
the possible outcomes of the measurement of an observable and calculate the probability (for
operators with discrete eigenvalue spectra) or probability density (for operators with continuous
eigenvalue spectra) of measuring each outcome for a given quantum state. MQS 2.2 helps students
to recognize that an operator acting on a state is not equivalent to a measurement of the
corresponding observable in that state, which has been shown to be a common difficulty in our
prior studies [362,363]. The third section of the MQS includes six questions (MQS 3.1-3.6), which
aim to help students learn the time development of the quantum state after a measurement of an
observable. In particular, MQS 3.1 and 3.2 help students to learn about the time development of a
generic state and a stationary state (energy eigenstate) and the fact that one can always expand a

generic state as a linear superposition of energy eigenstates. In MQS 3.3-3.5, we use both
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mathematical and pictorial representations to help students learn about how a quantum system
evolves in time after a measurement of energy or position, respectively. MQS 3.6 helps students
to learn about whether the probability (for operators with discrete eigenvalue spectra) or
probability density (for operators with continuous eigenvalue spectra) of measuring an observable
depends on time. This question also prepares students for the next section of the MQS, pertaining
to consecutive measurement. In the last section (MQS 4.1-4.5), MQS 4.1 and 4.2 help students
identify the possible outcomes and the corresponding probability densities of measuring position
immediately after or a long time after a measurement of energy. MQS 4.3 and 4.4 help students
identify the possible outcomes and the corresponding probability densities of measuring position
immediately after or a long time after a measurement of position. MQS 4.5 helps students identify
the possible outcomes and the corresponding probabilities of measuring energy immediately after

or a long time after a measurement of position.

12.2.3 In Class Implementation

The quantum measurement MQS can be used in many different situations. For example, it
can be integrated with lecture as an in-class activity to help students apply their newly learned
knowledge. The MQS can also be given at the end of each class to summarize and review the
important concepts covered in the class. In addition, it can be given after all lectures on quantum
measurement to help reduce common difficulties, resolve possible conflicts between students’
understanding and the correct conceptual model, make connections between different concepts,
and help students build a good knowledge structure. In this study, the MQS was implemented by
an instructor after traditional lecture instruction on quantum measurement in a junior-/senior- level
quantum course in a large research university in the US. There were 25 students in this class, who
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are all physics majors. The implementation involved students answering the questions
anonymously using an electronic response system (clickers) [394] followed by peer instruction
and feedback from the instructor. We carefully considered effective strategies for in-class
implementation including when the instructor should provide opportunities for class discussion to
promote students’ engagement and take advantage of productive struggles.

After the traditional lecture-based instruction on quantum measurement, students were
administered a pre-test before the implementation of the quantum measurement MQS. After the
implementation of the MQS, which took three class periods, students completed a post-test. The
post-test was a slightly modified version of the pre-test, containing changes such as the initial
wavefunction, but remaining conceptually similar. The pre-test and post-test were adapted from
the quantum measurement QUILT developed and validated by Zhu et al. [363]. We adjusted the
questions to make them align with the learning objectives introduced earlier. We revalidated the
pre-test and post-test by obtaining feedback from two faculty members and interviewing 5 students
to make sure that the questions can be interpreted as intended by students.

There are 4 questions in the pre-test and post-test (see Appendix Q). The first question is a
multiple-choice question, and the rest of the questions are all open-ended questions that ask for
both the answer and the corresponding reasoning. Question 2 includes two sub-questions (2a, 2b),
and questions 3 and 4 each include five sub-questions (3a-3e, 4a-4e). Q1 tests students’
understanding of what happens when the Hamiltonian or position operator acts on a generic state
and whether students realize that any state can be expanded as a linear superposition of a complete
set of energy eigenstates. Questions 2a and 2b test students’ understanding of the possible
outcomes and the corresponding probability/probability density of measuring energy/position in a

given quantum state. Questions 3 and 4 test students’ understanding of the time development of a
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guantum system after measuring energy/position and the possible outcomes and corresponding
probability/probability densities of measuring energy/position in consecutive sequence.

Students’ responses to the pre-test and post-test were graded by two researchers. Each sub-
question in the pre-test and post-test was scored out of 1 or 2 points, with partial credit assigned to
answers that were correct, but for which either incorrect justification or no justification was

provided if reasoning was requested. The inter-rater reliability was better than 95%.

12.3 Results and Discussion

Table 47 compares students’ performances on the pre-test (after traditional lecture-based
instruction) and on the post-test (after students had engaged with the quantum measurement MQS).
The normalized gain was calculated as g = (post% — pre%)/(100% — pre%) [229,240]. Effect size
was calculated as Cohen’s d = (Upost — Upre)Tpootear WHEre wyy. and ¢, are students’ average

correctness in the pre-test and post-test and oy,4,¢4 is the pooled standard deviation, which is the

weighted average of standard deviations of pre- and post-test [240].
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Table 47 Comparison of the mean pre-test and mean post-test scores on each question, normalized gains, and
effect sizes for students who engaged with the quantum measurement MQS (N=23 for the pre-test and N=25

for the post-test).

Question Pre-test mean Post-test mean Normalized gain Cohen’s d
1 81% 84% 0.15 0.12
2a 93% 98% 0.69 0.26
2b 43% 84% 0.72 1.17
3a 86% 93% 0.54 0.27
3b 91% 92% 0.08 0.02
3c 63% 74% 0.30 0.24
ad S571% 2% 0.36 0.39
3e 48% 70% 0.43 0.48
4a 13% 64% 0.59 1.20
4b 65% 92% 0.77 0.76
4c 48% 94% 0.89 1.22
4d 0% 42% 0.42 1.20
4e 33% 62% 0.44 0.27

As can be seen in Table 47, students’ average correctness for questions 1, 2a, 3a, and 3b in
the pre-test were higher than 80%, which indicates that after traditional lecture-based introduction,
students had a relatively good understanding of single energy measurement and consecutive
energy measurements. However, the average correctness for other questions were low in the pre-
test. In particular, students’ average correctness on questions 4a, 4d, and 4e were below 40% in
the pre-test. Question 4a tests students’ understanding of the wavefunction immediately after a

314



position measurement, which is a delta function, and questions 4d and 4e assess students’
understanding of the possible outcomes of an energy measurement immediately after or a long
time after the measurement of position in 4a. Students’ average correctness for the rest of the
questions (2b, 3c, 3d, 3e, 4b, and 4c) was around 50% on the pre-test, which indicates that students
also had difficulties in understanding the concepts assessed by these questions. In particular,
question 2b assesses students’ understanding of the possible outcomes and the corresponding
probability densities of measuring position in a given quantum state. Questions 3c, 3d, and 3e
assess students’ understanding of the possible outcomes of energy/position measurements after a
measurement of energy. Questions 4b and 4c assess students’ understanding of the possible
outcomes of a position measurement made immediately after or a long time after a measurement
of position.

By comparing students’ average correctness for different questions, we find that students
had more difficulties in questions involving position measurement (such as 4b) than those
involving energy measurement (such as 3b). Students also had more difficulties in identifying the
possible outcomes of consecutive measurements (such as 3c) than of a single measurement (such
as 2a and 3a). In addition, students had more difficulties on questions involving consecutive
measurements with a time interval between them (such as 3c) than those involving measurements
made in immediate succession (such as 3b). Moreover, they had more difficulties on questions
involving measuring energy after a position measurement (such as 4d and 4e) than those involving
measuring position after an energy measurement (such as 3d and 3e). Below, we discuss the
difficulties students found in detail and compare student performance on the pre-test and post-test.

Table 47 shows an overall improvement in students’ performance from the pre-test to post-

test. In particular, the major improvements were on questions 2b, 4b, and 4c. We note that the
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average correctness was around 50% for questions 2b, 4b, and 4c on the pre-test, and it improved

to around 90% on the post-test. Question 2b asks about the probability density of measuring
position in state ¥(x,0) =\/§'P1(x)+ﬁ‘}/2(x) for one dimensional infinite square well

(O<x<a). One common difficulty we found from student written responses is that some students
could not distinguish between the eigenstates of energy and position operators. For example, some
students wrote that the probability density of measuring position in the state W (x, 0) is “|¥; (x)|?
or |¥,(x)|?”. One possible reason for this difficulty could be that since wavefunctions are often
discussed in the context of energy eigenstate or written as a linear superposition of energy
eigenstates, students may assume that each term in the linear superposition corresponds to a
possible measurement outcome regardless of the observable measured. In addition, some students
incorrectly thought that the position operator has discrete eigenvalues. For example, some students
wrote the possible outcomes of a position measurement as “x,,”.

Questions 4b and 4c assess students’ understanding of the possible outcomes of a position
measurement made immediately after or a long time after the first measurement of position. We
note that on the pre-test, some students wrote that the second measurement of position will always
yield the same result as the first position measurement regardless of whether there is a time interval
between the two measurements because “the first measurement collapsed the state” or “the position
measurement is time independent”. These types of answers reflect students’ difficulties in
distinguishing between stationary states and eigenstates of other operators, e.g., position, that do
not commute with the Hamiltonian. Some other students noted that position eigenstates evolve
with time, but they thought that the time development of position eigenstates is such that the
probability density of measuring position is not affected. For example, one student who stated that

the probability of measuring position is time-independent explained, “the time [phase] factor will
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be all that changed”. This reasoning also indicates that students may have difficulty in
distinguishing between the time development of energy eigenstates and those of other operators
such as position. As shown in Table 47, after the implementation of the MQS, students had
significant improvement in their understanding of single position measurement and consecutive
position measurements (evidenced by performance on questions 2b, 4b, and 4c).

As shown in Table 47, the average correctness for questions 4a, 4d, and 4e was very low

on the pre-test. Question 4a asks students to identify the wavefunction after a measurement of

position in state ¥(x,0) = \/gsl’l(x) + \E’Pz (x) with outcome x,,, and questions 4d and 4e ask

students to identify the possible outcomes of an energy measurement made immediately after or a
long time after the position measurement in 4a. As we can see in Table 47, the correctness for

question 4a was only 13% in the pre-test. The most common student response was that the
wavefunction right after the position measurement is \/gllfl(xo) + \/gllfz (xo), which is obtained

by simply replacing the variable x in the initial state W(x, 0) with position x,. However, this
expression is actually the probability amplitude at x = x, before the position measurement. This
result shows that some students had difficulties in recognizing that a position measurement will
instantaneously collapse the wavefunction to a delta function in position. Another common
incorrect answer to question 4a was “W¥, (x,) or ¥, (x,)”, which also shows that some students had
difficulties in distinguishing between energy eigenstates and position eigenstates as discussed
earlier.

The analysis of students’ written responses shows that after the implementation of the
MQS, many students were able to recognize that a delta function is the outcome for the state right

after a position measurement. Question 4d asks students to identify the probability of measuring
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E; immediately after the position measurement in 4a. This question requires students to expand
the delta function as a linear superposition of energy eigenstates and then express the probability
of measuring E; using the expansion coefficient for the ground state. We note that on the pre-test,
no students provided the correct response. Many students wrote that the probability of measuring
E;is % obtained by simply squaring the coefficient of ¥, (x) in the initial state W(x, 0), which is
consistent with the difficulty in identifying the wavefunction after a position measurement. Table
47 shows that on the post-test, many students were able to express the probability of measuring E;
by projecting the delta function along state ¥, (x). For example, on the post-test, some students
wrote statements such as “the system is in a superposition of an infinite number of energy
eigenstates and the probability of measuring E; is [{¥; (x)|8(x — x,)|?”. Even though keeping the
wavefunction with x in Dirac notation is not accurate, this example shows students’ improvement
at the conceptual level about probability of measuring energy after the implementation of the MQS.

Question 4e asks about the time dependence of the probability of measuring E; after a
position measurement. This question is challenging for students because the system itself is not in
a stationary state and will evolve in time in a non-trivial manner, but the probability of measuring
each eigenenergy is time independent since the Hamiltonian is a constant of motion. Students need
to recognize that any state can be expanded as a linear superposition of energy eigenstates, and
each expansion coefficient evolves in time via a different phase factor, but the phase factor will
cancel out when calculating the probability of measuring a specific energy (by taking the absolute
square). A common difficulty that students had was that they thought that since the state is not a

stationary state, the probability for measurement of a particular value of energy should also change
with time. Moreover, some students stated that the probability of measuring E; will be%with
explanation such as this, “after a long time, the wavefunction will evolve back to ¥(x,0) =
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\/%'Pl(x) + \E%(x) ”. In the post-test, many students recognized that the probability of

measuring different energies is time independent. These results show that students’ understanding
of energy measurements after a position measurement improved after the implementation of the
quantum measurement MQS.

In addition, Table 47 shows some improvement in students’ performances on questions 3c,
3d, and 3e. The correctness of these questions on the pre-test was 50% - 60% and improves to
around 70% on the post-test. These three questions ask about the possible outcomes of measuring
energy or position immediately after or a long time after a measurement of energy. Question 3c
asks about the possible outcomes of measuring energy a long time after an energy measurement
that yields E;. One common difficulty with this question was that some students thought that the
system would evolve to a linear superposition of energy eigenstates after the first measurement of
energy. For example, one student stated that the second energy measurement will yield a different
value from the first one because “the wavefunction will no longer be collapsed, so you could
measure E; or E, [for the second measurement]”. Question 3d asks about the probability density
of measuring position at x = x, immediately after an energy measurement that yields E;. Even
though many students correctly identified that after the energy measurement, the state will collapse
to ¥, (x), some of them still had difficulties in identifying the probability density of the position
measurement. For example, one student stated, “the probability density is 100% at x = x, because
the system has collapsed to ¥,(x) ”. This response again shows students’ difficulty in
distinguishing between eigenstates of different operators corresponding to observables (e.g.,
Hamiltonian and position).

In addition, we note that some students had difficulties in writing the probability density

for a given wavefunction, which was reflected in students’ responses to both questions 2d and 3d.
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As examples, some students stated something similar to this student explanation, “the probability
density of measuring position is 0 because position is a single point”, and some put a position
operator in front of the wavefunction, e.g., “|X¥, (x)|?”, or multiplied the wavefunction by x, e.g.,

“lxw; (x)|?” to represent the probability density. Some students had difficulties in distinguishing
between probability density and probability and used an integral such as f0x°|’1’1(x)|2dx to

represent probability density. Question 3e asks whether the probability density of measuring
position changes with time after an energy measurement. Students who incorrectly stated that the
probability density will change with time usually had two types of reasoning: the state itself will
evolve with time after the energy measurement, or since the position operator does not commute
with the energy operator (Hamiltonian), the measurement of position is time dependent even in an
energy eigenstate. In the post-test, many students correctly stated that in a stationary state, the
probability/probability density of measuring any observable will be time independent.

Even though most students answered questions 1, 2a, 3a and 3b correctly on the pre-test as
shown in Table 47, we still find some common difficulties among students who did not answer
these questions correctly. For example, in our interviews, students who chose H¥(x) = E (%)
as a correct statement in question 1 explained that acting with an operator on a state will collapse
this state to an eigenstate of the operator corresponding to the observable, which is consistent with
the findings of prior studies [362,363]. We also found that some students were confused about the

normalization of quantum states after energy measurement. For example, question 3a asks about

the normalized state after a measurement of energy in state W(x, 0) = \E‘Pl (x) + \/glpz (x) that

yields E;, and some students incorrectly stated \/% ¥, (x). A summary of the student difficulties

found in written pre-test and post-test is presented in Table 48.
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Table 48 Summary of conceptual difficulties addressed by the MQS. Below, specific examples of difficulties

with quantum measurement along with the MQS questions that address them are listed. In the comments

section, we include the relevant pre-/post-test question numbers and whether post-test showed ‘some’

improvement or ‘major’ improvement compared to the pre-test.

Difficulties

MQS #

Comments

Incorrectly thinking that an operator acting on a state corresponds
to a measurement of the corresponding observable.

11,12,22

1
Some improvement

Difficulties in distinguishing between measurement outcome, e.g.,
energies and probability of measuring it (related to the coefficients
in the expansion of the wave function in terms of energy
eigenstates).

21,23

2a
Some improvement

Difficulties in appropriately distinguishing between energy and
position measurements or overgeneralizing some ideas, e.g., from
energy to position measurement:

» Stating that the probability density of measuring position

in state \E‘Pl(x) + \/%‘Pz(x) is “|w, ()% or |, (x) .

»  Stating that the probability density of measuring position
in state \E‘Pl(x) + \/%‘Pz(x) is §+§ =1

«  Stating that the probability of measuring ground state
energy after a position measurement is 100% because the
state has collapsed.

» Stating that a position measurement in a given state will

’

yield discrete possible outcomes, e.g., “x,,”.

21,23,3.1,41

2b, 3d
Major improvement

Not writing the correct probability density for measuring position
for a given wavefunction.
« Using an incorrect integral to represent probability
density, e.g., “f £ (x)dx” or “ [ xo ¥ (xo) |2 dx”.
« Acting with the position operator on the wavefunction,
e.g., “I&¥; (x)|?” or multiplying the wavefunction by x,
e.g., “|x¥;(x)|?” to represent probability density.
«  Stating that the probability density is 0 because position
is a single point.

2.3,41,4.2

2b, 3d
Some improvement

Not writing the correct normalized state after an energy
measurement, e.g., stating that the normalized state after a

measurement of energy in state ¥(x,0) = \Elpl(x) + \/%Wz(x)

that yields E; is\/% Y ()

3.3,45

3a
Some improvement
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Difficulties with measurements made in an energy eigenstate at | 3.5, 3.6, 4.1, 4.2 | 3c, 3e
future times Some improvement
» Not recognizing that energy eigenstates evolve in time
via a trivial overall time-dependent phase factor.
* Not recognizing that the probability/probability density
of measuring any observable (with no explicit time-
dependence) is time independent in an energy eigenstate.
Not recognizing that the probability of measuring a particular | 3.6, 4.5 3c,4e
value of energy is time independent regardless of state since Some improvement
energy is a constant of motion.
Stating that states will evolve back to the original state (before | 3.3, 3.5 3¢, 3e, 4c, 4e
measurement) after a long time after a measurement of position or Some improvement
energy.
Not recognizing that the wavefunction will collapse to a delta | 3.3, 3.4,4.5 4a
function after a position measurement. Major improvement
«  Stating that the wavefunction after a position
measurement that yields x, is \/%'Pl(xo) + \/%llfz(xo).
+  Stating that the wavefunction after a position
measurement that yields x is ¥; (xg) or ¥, (x,).
Not recognizing that consecutive position measurements made in | 4.3 4b
immediate succession will yield the same outcomes. Major improvement
Not recognizing that the probability density for position | 3.2, 3.6, 4.4 4c
measurement in a non-stationary state changes with time. Major improvement
Stating that a position eigenstate does not evolve in time (system | 3.3, 3.4, 4.4 4c, de
is stuck in a position eigenstate because it is an eigenstate) or it Major improvement
evolves in time via a trivial overall time-dependent phase factor so
that the probability density for position measurement will be time-
independent if the system was in a position eigenstate at time t =0
Difficulties in recognizing the need to expand a generic | 4.5 4d, 4e
wavefunction as a linear superposition of energy eigenstates in Major improvement
order to identify the probability of measuring each energy.
Difficulties in calculating the expansion coefficients of each
energy eigenstate when a generic wavefunction is not explicitly
written as a linear superposition of energy eigenstates.

12.4 Conclusions and Summary

In this study, we developed and validated a multiple-choice question sequence (MQS)

intended to improve students’ understanding of quantum measurements. This MQS was developed
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based on students’ common difficulties with quantum measurement, e.g., the difficulties in
distinguishing between eigenstates of different operators, the difficulties with the time
development of a quantum system after measuring an observable, and the difficulties in identifying
the possible outcomes of consecutive measurements with or without time evolution. The
development of the MQS including the learning objectives was guided by the learning objectives
and inquiry-based guided learning sequences of the interactive tutorial (QUILT) that we previously
developed for the same topic. The questions in the MQS were carefully sequenced to build on each
other and help students organize, extend, and repair their knowledge structure and develop a better
understanding of different issues pertaining to quantum measurement. There are 16 multiple-
choice questions divided into four sections, each of which focuses on one aspect of students’
common difficulties in understanding quantum measurement. Each section includes concrete
questions followed by abstract questions, so students can apply their knowledge in concrete
contexts as well as generalize their understanding of the concepts and transfer their knowledge
across contexts.

In this study, the quantum measurement MQS was implemented in a junior-/senior-level
quantum mechanics course in a large research university in the US. The implementation involved
students answering the questions anonymously using an electronic response system (clickers)
[394] followed by peer instruction and feedback from the instructor. We used a research-validated
pre-/post-test to assess students’ understanding before and after the implementation of the MQS.
The results show that the average correctness for all questions improved. The major improvement
was in students’ understanding of single position measurement, consecutive position
measurements, and energy measurements after a position measurement. There were also some

improvements in questions pertaining to measurements of energy or position immediately after or

323



a long time after an energy measurement. We note that, for some post-test questions, there is still
room for further improvement, so we plan to add more checkpoints for discussion to further
enhance students’ understanding. In addition, in future studies, it would also be helpful to
investigate the effectiveness of the quantum measurement MQS in other modes of classroom

implementations.
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13.0 Future Directions

The research presented here gives insight into the role played by female and male students’
perception of the inclusiveness of the learning environment in predicting their motivational beliefs
and academic performance in college calculus-based introductory physics courses. These findings
can be very useful for instructors interested in making these courses more equitable and inclusive.
However, more research is needed.

The present studies only focus on female students and not on other underrepresented
demographic groups. In future studies, it would be useful to carry out similar investigations
accounting for intersectional perspectives, e.g., with female and male students from different
ethnic/racial groups, and how their perceptions of the inclusiveness of learning environment
predict their course outcomes.

In addition, the research presented here was conducted at a large public research university
in the US. Similar studies in different types of institutions such as small colleges and universities
in the US and in other countries would also be helpful for developing a deeper understanding of
the relationships between students’ perception of the inclusiveness of the learning environment
and their course outcomes. Moreover, the present studies were conducted in a traditionally taught
introductory calculus-based physics course sequence. It would be interesting to investigate how
different teaching approaches and class formats, such as a studio physics class and an active
learning class, affect students’ perception of the inclusiveness of the learning environment and
their motivational and academic outcomes.

Future studies can also investigate students’ motivational beliefs and academic
performance in the classes in which there is an intentional focus on equity and inclusion or use
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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 Coefficient of Determination for Each Construct in Each Model

Here, we present the coefficient of determination R? for each construct in Models 1-4 (see
Table 49), which represents the proportion of each construct’s variance explained by each
statistically equivalent SEM model [98] (see Supplemental Material [111] for results of R? in some
other statistically equivalent SEM models). We note that these equivalent models have the same
coefficient of determination R? for the physics identity but R? is in general different for each
construct that mediates the relation between gender and physics identity. As shown in see Table
49, R? of identity is 0.74 in all of the models (as expected), which means that each equivalent
model explains 74% of the variance in the physics identity. However, the R? of self-efficacy,
interest, and perceived recognition are different in different models. In particular, if a motivational
construct is only predicted by gender, its R? will be smaller than if it is also predicted by other
motivational constructs. For example, see Table 49 shows that in Models 1 and 2, in which self-
efficacy is only predicted by gender, the R? of self-efficacy is only around 0.08, while in Models
3 and 4, in which self-efficacy is also predicted by another motivational construct, R? of self-
efficacy becomes 0.39 in Model 3 and 0.50 in Model 4. This is because when self-efficacy is

predicted by more constructs, more variance in self-efficacy is explained by the model.
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Table 49 Coefficient of determination (R?) for various constructs in different statistically equivalent SEM
models. All R? values are statistically significant with p < 0.001. In Model 1, there are only covariances between
each pair of constructs: physics self-efficacy (SE), perceived recognition (Recog), and interest. In Models 2-4,

the arrows indicate the direction of the predictive relationships

NO. Models Variables R?
Perceived Recog 0.06
Self-efficacy 0.08
1 SE + Recog + Interest

Interest 0.10
Identity 0.74
Perceived Recog 0.59
Self-efficacy 0.08

2 SE - Interest - Recog
Interest 0.41
Identity 0.74
Perceived Recog 0.59
Self-efficacy 0.39

3 Interest > SE - Recog
Interest 0.10
Identity 0.74
Perceived Recog 0.06
Self-efficacy 0.50

4 Recog = SE - Interest
Interest 0.52
Identity 0.74
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Appendix B Students’ Pre- and Post-Motivational Beliefs

In the main text, we focused on students’ motivational beliefs at the end of physics 1 and
physics 2. Here, we present the descriptive statistics of students’ motivational beliefs at both the
beginning and end of each course. The results presented here are from the same students for whom
we have discussed the data in the main text. We matched students’ responses from pre to post.
Since not all of them took the survey at the beginning of the courses, the sample sizes presented
here are somewhat smaller than that in the main text. In addition, because the perceived recognition
and identity constructs were included to our survey at the end of physics 1 in the first year of study,
we do not have the pre-perceived recognition and pre-identity data for that semester. Thus, for
physics 1, we only present students’ pre- and post- motivational beliefs in the second year studied
(Table 50).

As shown in Table 50 and Table 51, female students had lower average motivational beliefs
at the beginning of both physics 1 and physics 2, and the gender differences in most constructs
increased at the end of the courses. In addition, both female and male students’ motivational beliefs
are lower in post than in pre (even though not all of which are statistically significant), and the

effect sizes are larger for women.
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Table 50 Descriptive statistics of female and male students’ motivational beliefs in physics 1 in the second year

studied. The sample size is 291 (179 male students and 112 female students). Cohen suggested that a typical

value d ~ 0.2 be considered a small effect size, d ~ 0.5 represents a medium effect size and d ~ 0.8 a large effect

size.
Physics 1 Self-efficacy Statistics Interest Statistics
Gender pre post pvalue  Cohen’sd pre post pvalue  Cohen’sd
Male 3.15 3.07 0.121 0.17 3.08 3.08 0.946 0.01
Female 3.06 2.90 0.006 0.37 2.89 2.78 0.154 0.19
p value 0.070 0.003 0.003 <0.001
Cohen’s d 0.22 0.37 0.36 0.49
Perceived
Statistics Identity Statistics
Recognition
Gender pre post pvalue  Cohen’sd pre post pvalue  Cohen’sd
Male 2.74 2.73 0.898 0.01 2.84 2.73 0.195 0.14
Female 2.54 2.47 0.442 0.10 2.54 2.40 0.175 0.18
p value 0.012 0.002 0.001 0.001
Cohen’s d 0.31 0.38 0.39 0.40
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Table 51 Descriptive statistics of female and male students’ motivational beliefs in physics 2 in both years

studied. The sample size is 626 (411 male students and 215 female students).

Physics 2 Self-efficacy Statistics Interest Statistics
Gender pre post pvalue  Cohen’sd pre post pvalue Cohen’sd
Male 3.08 2.90 <0.001 0.37 3.09 3.01 0.038 0.14
Female 2.87 2.65 <0.001 0.43 2.73 2.62 0.069 0.18
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.48 0.45 0.64 0.64
Perceived
Statistics Identity Statistics
Recognition
Gender pre post pvalue  Cohen’sd pre post pvalue Cohen’sd
Male 2.76 2.71 0.257 0.08 2.75 2.69 0.306 0.07
Female 241 2.24 0.011 0.24 2.28 2.15 0.096 0.16
p value <0.001 <0.001 <0.001 <0.001
Cohen’s d 0.53 0.68 0.57 0.65
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Appendix C Percentages of Students Who Selected Each Choice for Each Survey Item |

In the main text, we investigated how students’ motivational beliefs change from physics
1 to physics 2 by comparing their average scores on the motivational constructs in the two courses.
Here, we present the percentages of female (Table 52) and male students (Table 53) who selected
each answer choice from a 4-point Likert scale for each survey item. Students were given a score
from 1 to 4 respectively with higher scores indicating greater levels of interest, self-efficacy,
perceived recognition, and identity.

As shown in Table 52 and Table 53, for both female and male students, the percentages of
students who selected 3 or 4 decreased from physics 1 to physics 2 for most survey items, while
the percentages of students who selected 1 or 2 increased. In particular, these shifts were larger in
self-efficacy and interest items than in perceived recognition and identity items. These results are
consistent with the descriptive statics shown in Table 12, which show that both male and female
students’ self-efficacy and interest statistically significantly decreased from physics 1 to physics
2, while the decreases in perceived recognition and identity were not statically significant. In
addition, by comparing Table 52 and Table 53, we found that the percentages of female students
who selected 1 or 2 were larger than those of male students, while the percentages of female
students who selected 4 were smaller than those of female students. These findings are also
consistent with Table 12 showing that there were statistically significant gender differences in all

motivational constructs studied.
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Table 52 Percentages of female students who selected each choice from a 4-point Likert scale for each survey
item in physics 1 and physics 2. The self-efficacy (SE) and interest (Int) items have the response scale: 1= NO!,
2=no, 3 =Yyes, and 4 = YES!, while the perceived recognition (Recog) and identity (Idt) items have the response

scale: 1 = strongly disagree, 2 = disagree, 3 = agree, and 4 = strongly agree.

Physics 1 Physics 2
Survey items
1 2 3 4 1 2 3 4
SE1 5% 24%  63% 8% 9% 3%  49% 5%
SE2 3% 13% 76% 9% 5% 25% 65% 5%
SE3 4% 22% 60% 14% 7% 30% 52% 12%
SE4 3% 22% 63% 12% 4% 27% 61% 9%
Intl 8% 19%  49%  24% 8% 29% 43% 20%
Int2 6% 16% 64% 14% 9% 26% 53% 12%
Int3 6% 40% 42% 11% 10% 45% 38% 7%
Int4 6% 34%  46% 14% 9% 33% 47% 11%
Recogl 15% 38% 38% 9% 18% 40% 35% 6%
Recog? 13% 36% 40% 10% 15% 45% 33% 6%
Recog3 17% 50% 31% 3% 17% 53% 28% 2%
Idtl 18%  43% 31% 8% 21% 46% 27% 5%
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Table 53 Percentages of male students who selected each choice from a 4-point Likert scale for each survey
item in physics 1 and physics 2. The self-efficacy (SE) and interest (Int) items have the response scale: 1= NO!,
2=no, 3 =Yyes, and 4 = YES!, while the perceived recognition (Recog) and identity (Idt) items have the response

scale: 1 = strongly disagree, 2 = disagree, 3 = agree, and 4 = strongly agree.

Physics 1 Physics 2
Survey items
1 2 3 4 1 2 3 4
SE1 2% 16% 67% 15% 5% 28% 55% 12%
SE2 1% 8% 70% 22% 2% 17% 67% 14%
SE3 2% 11% 58%  30% 3% 19% 51% 27%
SE4 1% 14% 68% 17% 2% 19% 59% 21%
Intl 3% 8% 43%  45% 3% 15% 48% 34%
Int2 1% 7% 61% 30% 4% 12% 62% 23%
Int3 2% 20% 92%  26% 3% 23% 55% 19%
Int4 3% 18% 52%  26% 3% 20% 55% 22%
Recogl 5% 25%  48% 21% 5% 271% 47% 20%
Recog? 5% 2800 47% 20% 5% 30% 47% 18%
Recog3 8% 3%  48% 7% 7% 41% 42% 10%
Idtl 6% 30% 48% 16% 8% 33% 42% 17%
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Appendix D Pearson Correlation between the Constructs

Before performing structural equation modeling, we calculated the Pearson correlation
coefficients pairwise between the constructs [100]. As shown in Table 54, these constructs have
correlations with each other, but all of the correlations are lower than 0.6 except between pre and
post-FCI [109]. In particular, in Table 54, the strongest correlation is between pre-FCI and post-
FCI with correlation coefficient 0.81, which means that students’ FCI scores at the end of the
course are highly related to their scores at the beginning of the course. In addition, Table 54 shows
that the correlation between high school GPA and students’ sense of belonging is not statistically
significant at either the beginning or end of the course. This may imply that students with a higher

high school GPA do not necessarily have a higher sense of belonging in the physics course.

335



Table 54 Pearson correlation coefficients of the constructs. p values are indicated by ™ for 0.001 < p < 0.01 and

"sfor p > 0.05 (not statistically significant). All of the other correlation coefficients have p < 0.001.

Variable 1 2 3 4 5 6 7

1. SAT math - -- - - - - -

2. HS GPA 0.32 -- -- - - - -

3. Pre-belonging 0.19 0.00"s - - - - -
4. Post-belonging 0.32 0.09" 0.60 -- -- -- --
5. Pre-FClI 0.37 0.12™ 0.36 0.48 -- -- --

6. Post-FCI 0.38 0.16 0.36 0.48 0.81 -- --

7. Grade 0.50 0.38 0.28 0.50 0.54 0.59 --
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Appendix E Percentages of Students Who Selected Each Choice for Each Survey Item 11

To better understand how students’ sense of belonging changed from the beginning to the
end of the course, we calculated the percentages of female (Table 55) and male students (Table
56) who selected each answer choice from a 5-point Likert scale for each survey item for sense of
belonging. Students were given a score from 1 to 5 respectively with a higher score indicating a
greater level of sense of belonging.

As shown in Table 55 and Table 56, for both female and male students, from the beginning
(pre) to the end (post) of the course, the percentages of students who selected 5 decreased, while
the percentages of students who selected 1 or 2 increased. These results are consistent with the
descriptive statistics shown in Table 21, which show that both female and male students’ sense of
belonging statistically significantly decreased from pre to post. In addition, by comparing Table
55 and Table 56, we found that the percentages of female students who selected 2 were larger than
those of male students, while the percentages of female students who selected 5 were smaller than
those of male students. These findings are also consistent with Table 21 showing that there were
statistically significant gender differences disadvantaging women in both pre- and post-sense of

belonging.

337



Table 55 Percentages of female students who selected each choice from a 5-point Likert scale for each survey

item of sense of belonging. All four items have the response scale: 1 = not at all true, 2 = a little true, 3 =

somewhat true, 4 = mostly true and 5 = completely true.

Survey Pre Post
items 1 2 3 4 5 1 2 3 4 5
Bel 1 1% 10% 26% 38% 24% 8% 15% 30% 31% 16%
Bel 2 1% 5% 17% 37% 41% 4% 8% 200 37% 31%
Bel 3 4% 17% 33% 36% 10% 10% 22% 30% 32% 7%
Bel 4 4% 11% 21% 30% 33% 9% 15% 22%  26% 28%

Table 56 Percentages of male students who selected each choice from a 5-point Likert scale for each survey

item of sense of belonging. All four items have the response scale: 1 = not at all true, 2 = a little true, 3 =

somewhat true, 4 = mostly true and 5 = completely true.

Survey Pre Post
items 1 2 3 4 5 1 2 3 4 5
Bel 1 1% 4% 27% 37% 31% 4% 8% 30% 34% 23%
Bel 2 1% 3% 8% 31% 56% 3% 8% 13% 33% 43%
Bel 3 2% 10% 32% 40% 16% 5% 17% 33% 29%  16%
Bel 4 3% 3% 13% 36% 45% 5% 10% 18% 31% 36%
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Appendix F Full SEM Model

—

0.19

,.

Gender Grade

SAT math | Post Bel

Pre FCI Post FCI

Figure 30 Results of the path analysis part of the full SEM model. Bel represents sense of belonging. The solid
lines represent regression paths and the dashed lines represent residual covariances. The regression line
thickness corresponds to the magnitude of S value (standardized regression coefficient) with 0.001 < p < 0.01

indicated by **. All the other regression lines show relations with p < 0.001.
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Appendix G Moderation Analysis |

We did a moderation analysis to test whether gender moderates the relationship between
any two constructs in the models (i.e., Does the strength of relationships given by the standardized
regression coefficients between any two constructs in the models differ for women and men?). We
used the R [110] software package “lavaan” to conduct multi-group SEM. We initially tested for
measurement invariance. In other words, we looked at whether the factor loadings, intercepts, and
residual variances of the observed variables are equal in the model for the latent constructs so we
can confidently perform multi-group analysis. The analysis involved introducing certain
constraints in steps and testing the model differences from the previous step. In each step, we
compared the model to both the previous step and the freely estimated model, i.e., the model in
which all parameters are freely estimated for each gender group. First, to test for “weak” or
“metric” measurement invariance, we ran the model in which only factor loadings were fixed to
equality across both gender groups, but intercept and errors were allowed to differ. The model was
not statistically significantly different from the freely estimated model according to a likelihood
ratio test, so weak measurement invariance holds (Chi-square difference (Ay?) = 21.324, degree
of freedom difference (Adof) =21, and non-significant p = 0.439). Next, we tested for “strong” or
“scalar” measurement invariance by fixing both factor loadings and intercepts to equality across
gender groups. This model was not statistically significantly different from either the metric
invariance model (Ay? = 25.314, Adof = 21, p = 0.234) or the freely estimated model (Ay?=
46.637, Adof =42, p=0.288), so strong measurement invariance holds. Finally, to test for “strict”
measurement invariance we fixed factor loadings, intercepts, and residual variances to equality. In

this step, there was a statistically significant difference from the previous models, therefore “strict
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invariance” did not hold when we compared to scalar measurement (Ay? = 64.732, Adof = 27, p
<0.001). However, strict invariance is unlikely to hold in most situations. Therefore, since strong
measurement invariance holds for this model, we continued on to perform other group
comparisons.

Next, we ran a multi-group SEM in which all regression estimates were fixed to equality
for female and male students in addition to the factor loadings and intercepts, and we compared
this model with freely estimated model. There was no statistically significant difference between
the two models, so we reported the model where regression pathways are equal for men and
women. The model fit parameters for this case were acceptable (RMSEA =0.051, SRMR =0.057,
CFI =0.931, TLI =0.928). The multi-group SEM results suggest that regression pathways among
the constructs did not show differences across gender when we compared to freely estimated model
(Ay? = 77.059, Adof = 62, p = 0.094) or to the scalar model (Ay? = 30.422, Adof = 20, p =
0.063). However, the means of the latent variables showed the same gender differences that have
been reported in the mediation models. That is, there were large gender differences in students’
pre-self-efficacy and interest and slight differences in peer interaction, perceived recognition and

sense of belonging.
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Appendix H Paired-Sample t-test

Table 57 Paired-sample t-test for matched pairs (matched pair refers to students who took both pre and post

surveys) of pre- and post-self-efficacy and interest for female and male students.

Pre- Post-
o Pre-SE  Post-SE o
Interest  Interest Statistics Statistics
Gender (1-4) (1-4)
(1-4) (1)
Mean Mean p value Cohen’sd | Mean Mean p value Cohen’s d
Male (N=662) 3.19 3.07 <0.001 0.24 3.12 2.98 <0.001 0.25
Female (382) 2.89 2.72 <0.001 0.33 2.96 2.70 <0.001 0.45
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Appendix | SEM Results of Other Models |

Gender
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Figure 31 Schematic diagram of the path analysis part of the structural equation modeling of perception of learning environment
models including only peer interaction, only sense of belonging and both peer interaction and sense of belonging. The solid lines
represent regression paths, and the dashed lines represent residual covariances. The regression line thickness corresponds to
the magnitude of g value (standardized regression coefficient) with 0.01< p < 0.05 indicated by * and 0.001 < p < 0.01 indicated

by **. Other regression lines show relations with p < 0.001.
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Appendix J SEM Results of the Model Including Pre-ldentity

Post
Identity

Belonging

Figure 32 Schematic diagram of the path analysis part of the SEM model including pre-identity. The solid lines
represent regression paths, and the dashed lines represent residual covariances. The regression line thickness
corresponds to the magnitude of B value (standardized regression coefficient) with 0.01< p < 0.05 indicated by

*and 0.001 < p < 0.01 indicated by **. Other regression lines show relations with p < 0.001.
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Appendix K Moderation Analysis 11

We conducted a moderation analysis to test whether gender moderates the relationship
between any two constructs in the models (i.e., do the strength of relationships given by the
standardized regression coefficients between any two constructs in the models differ for women
and men). We used the R [110] software package “lavaan” to conduct multi-group SEM. We
initially tested for measurement invariance. In other words, we looked at whether the factor
loadings, intercepts, and residual variances of the observed variables are equal in the model where
we measured the latent constructs so we can confidently perform multi-group analysis. The
analysis involved introducing certain constraints in steps and testing the model differences from
the previous step. In each step, we compared the model to both the previous step and the freely
estimated model, that is, the model where all parameters are freely estimated for each gender
group. First, to test for “weak” or “metric” measurement invariance, we ran the model where only
factor loadings were fixed to equality across both gender groups, but intercept and errors were
allowed to differ. The model was not statistically significantly different from the freely estimated
model according to a likelihood ratio test, so weak measurement invariance holds (Chi-square
difference (Ax?) = 25.001, degree of freedom difference (Adof) =21, and non-significant p =
0.2471). Next, we tested for “strong” or “scalar” measurement invariance by fixing both factor
loadings and intercepts to equality across gender groups. This model was not statistically
significantly different from either the metric invariance model (Ay? = 27.924, Adof = 21, p =
0.1423) or the freely estimated model (Ay? = 52.925, Adof = 42, p = 0.1203), so strong
measurement invariance holds. Finally, to test for “strict” measurement invariance we fixed factor
loadings, intercepts, and residual variances to equality. In this step, there was a statistically
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significant difference from the scalar measurement model (Ay? = 60.908, Adof = 27, p <0.001),
therefore “strict invariance” did not hold. However, strict invariance is unlikely to hold in most
situations. Therefore, since strong measurement invariance holds for this model, we continued on
to perform other group comparisons.

Next, we ran a multi-group SEM in which all regression estimates were fixed to equality
for female and male students in addition to the factor loadings and intercepts, and we compared
this model with the freely estimated model. There was no statistically significant difference
between the two models, so we reported the model where regression pathways are equal for men
and women. The model fit parameters for this case were acceptable (RMSEA = 0.056, SRMR =
0.058, CFI = 0.914, TLI = 0.910). The multi-group SEM results suggest that regression pathways
among the constructs do not have differences across gender when we compared to the freely
estimated model (Ay? = 93.438, Adof = 74, p = 0.063) or to the scalar model (Ay? = 40.513,

Adof =32, p = 0.1437).
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Appendix L Percentages of Students Who Selected each Choice for Each Survey Item 111

In the main text, we discussed how students’ motivational beliefs change from the
beginning (pre) to the end (post) of the course by comparing their average scores on the pre- and
post-motivational constructs. Here, we present the percentages of female and male students who
selected each answer choice from a Likert scale for each survey item (Table 58-Table 61). The
survey items for sense of belonging were scored on a 5-point Likert scale, while the survey items
for all the other motivational constructs were scored on a 4-point Likert scale. For all survey items,
higher scores indicate greater levels of motivational beliefs.

As shown in Table 58, for both female and male students, the percentages of students who
selected 4 decreased from pre to post for all self-efficacy items, while the percentages of students
who selected 1 or 2 mostly increased. Table 59 shows similar shifts in students’ responses to the
survey items under interest. These results are consistent with the descriptive statics shown in Table
38, which show that both male and female students’ self-efficacy and interest statistically
significantly decreased from pre to post.

In addition, by comparing percentages of female and male students who selected each
answer choice, we found that for most survey items, the percentages of female students who
selected 1 or 2 were larger than those of male students, while the percentages of female students
who selected 4 (for sense of belonging is 5) were smaller than those of male students. These
findings are also consistent with Table 38 and Table 39 showing that there were statistically

significant gender differences in all motivational constructs studied.

348



Table 58 Percentages of female and male students who selected each choice from a 4-point Likert scale for each
survey item of self-efficacy (SE) in the pre- and post-survey, which have the response scale: 1= NO!, 2 = no, 3

=yes, and 4 = YES!.

Survey Pre Post
items 1 2 3 4 1 2 3 4
SE1 7% 29% 54%  10% 9% 30% 55% 6%
SE2 1% 11% 5% 12% 4% 16% 71% 8%
Female  SE3 1% 4% 64%  31% 5% 28% 54% 13%
SE4 1% 10%  70%  19% 5% 24% 61%  10%
SE1 3% 25% 60% 12% 4% 22% 63% 11%
SE2 1% 8% 71% 21% 1% 10% 70% 19%
Male SE3 1% 3% 55%  41% 2% 14% 56% 28%
SE4 0% 7% 69%  24% 2% 16% 66% 16%

349



Table 59. Percentages of female and male students who selected each choice from a 4-point Likert scale for
each survey item of interest in the pre- and post-survey. Interestl has the response scale: 1 = Never, 2 = Once
a month, 3 = Once a week, 4 = Every day”. Interest2 has the response scale: 1 = Very boring, 2 = boring, 3 =

interesting, 4 = Very interesting. The other two items have the response scale: 1= NO!, 2 =no, 3=yes,and 4 =

YES!.
Survey Pre Post
items 1 2 3 4 1 2 3 4
Interestl 8% 36% 41%  15% 8% 20% 47% 25%
Interest2 3% 14% 64%  20% 6% 19% 62% 13%
Female Interest3 2% 26% 55% 17% 6% 41% 42% 10%
Interestd 1% 23% 5%  19% 7% 30% 50% 12%
Interestl 4% 22%  43% 31% 3% 12% 41% 44%
Male Interestz 1% 5% 62%  32% 2% 8% 61% 28%
Interest3 1% 12% 5%  32% 3% 22% 49% 25%
Interestd 1% 13% 64% 23% 3% 20% 52% 25%
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Table 60 Percentages of female and male students who selected each choice from a 4-point Likert scale for each
survey item of peer interaction, perceived recognition, and physics identity. All items have the response scale:

1 = strongly disagree, 2 = disagree, 3 = agree, and 4 = strongly agree.

Female Male
Survey items
1 2 3 4 1 2 3 4

Peerl 6% 17% 60% 17% 2% 17% 55% 26%
Peer2 8% 26% S57% 10% 3% 17% 58% 22%
Peer3 8% 29% 53% 10% 3% 20% 55% 22%
Peer4 8% 33%  50% 8% 4% 22% 56% 19%
Recognitionl 18% 38% 35% 8% 9% 30% 44% 17%
Recognition2 16% 40% 36% 8% 9% 32% 44% 15%
Recognition3 21% 48% 28% 2% 12% 42% 40% 6%
Identityl 21% 45% 28% 6% 9% 35% 42% 15%
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Table 61 Percentages of female and male students who selected each choice from a 5-point Likert scale for each

survey item of sense of belonging. All items have the response scale: 1 = not at all true, 2 = a little true, 3 =

somewhat true, 4 = mostly true, and 5 = completely true.

Survey Female Male
items 1 2 3 4 5 1 2 3 4 5
Belongingl 10% 15% 30% 30% 14% 4% 9% 28% 35% 24%
Belonging2 4% 8% 21% 3% 31% 2% 5% 11% 34% 48%
Belonging3 11% 22% 30% 29% 8% 5% 16% 31% 33% 15%
Belongingd 6% 18% 30% 35% 12% 4%  12% 32% 36% 17%
Belonging5 8% 14% 28% 24% 26% 5% 9% 18% 30% 39%
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Appendix M SEM Results of Other Models 11
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Figure 33 Results of the path analysis part of the SEM models including (a) only peer interaction, (b) only sense
of belonging, and (c) both peer interaction and sense of belonging. The solid lines represent regression paths,
and the dashed lines represent residual covariances. The regression line thickness corresponds to the magnitude

of g value (standardized regression coefficient) with 0.001 < p < 0.01 indicated by **. Other regression lines

show relations with p < 0.001.
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Appendix N Multi-Group SEM Analysis

We conducted a multi-group analysis to examine whether the survey items were interpreted
in a conceptually similar manner by female and male students, and whether the strength of
relationships given by the standardized regression coefficients between any two constructs in the
models differ for women and men.

We first tested for measurement invariance. In other words, we looked at whether the factor
loadings, intercepts, and residual variances of the items are equal across gender in the model. Since
Model 1 and Model 2 include the same motivational constructs, measurement invariance tests are
the same for these two models. To test measurement invariance, we ran a set of increasingly
constrained models and tested the differences between these models. First, we examined the
configural invariance model, in which the number of constructs and the correspondence between
constructs and items are the same across gender groups, but all parameters can vary freely in each
group. The result indicated that configural invariance holds (CFI = 0.975 > 0.90, TLI = 0.967 >
0.90, RMSEA = 0.051 < 0.08, SRMR = 0.038 < 0.08). Second, to test for “weak” measurement
invariance, we ran the model in which the item loadings were constrained to be equal across gender
groups, but intercepts and residual variances were allowed to vary between groups. According to
a likelihood ratio test, there was no statistically significant difference between the weak invariance
model and the configural invariance model, so the weak measurement invariance holds (Chi-
square difference Ay? = 4.936, degree of freedom difference Adof = 8, p = 0.764). The third step
is testing for “strong” measurement invariance. We ran the model in which both the item loadings
and intercepts were constrained to be equal across gender groups, but the residual variances were
allowed to differ. A likelihood ratio test shows that there was no statistically significant difference
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between the strong invariance model and the weak invariance model (Ay? = 7.935, Adof =8,p =
0.440) or the configural invariance model (Ay? = 12.872, Adof = 16, p = 0.682), so strong
measurement invariance holds. Finally, to test for “strict” measurement invariance, we ran the
model in which the item loadings, intercepts, and residual variances were constrained to be equal
across gender groups. This model was statistically significantly different from the strong
invariance model (Ay? = 18.378, Adof =9, p =0.031), therefore “strict invariance” did not hold.
However, strict invariance is unlikely to hold in most situations. Therefore, since strong
measurement invariance holds for this model, we proceeded on to test for structural invariance.
We tested for structural invariance to examine whether the regression coefficients among
the motivational constructs are equal across gender. Since the regression relationships among the
constructs are different in Model 1 and Model 2, we conducted the structural invariance test for
Model 1 and Model 2 separately. We first ran a multi-group SEM for Model 1, in which all
regression coefficients were constrained to be equal across gender groups in addition to the item
loadings and intercepts. The model fit parameters for this model indicate a good fit (CFI = 0.975,
TLI =0.972, RMSEA =0.047, SRMR = 0.050). According to the results of likelihood ratio tests,
this model was not statistically significantly different from either the configural invariance model
(Ax? =26.599, Adof = 24, p = 0.324) or the strong invariance model (Ay? = 13.728, Adof =8, p
=0.089). Thus, the regression pathways among the constructs do not have statistically significant
differences across gender for Model 1. Then, we ran a multi-group SEM for Model 2, in which all
regression coefficients were constrained to be equal across gender groups in addition to the item
loadings and intercepts. This model also fits the data very well (CFI = 0.975, TLI =0.972, RMSEA
=0.047, SRMR = 0.048). Similarly, there was no statistically significant difference between this

model and the configural invariance model (Ax? = 25.754, Adof = 24, p = 0.366) or the strong
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invariance model (Ay? = 12.882, Adof = 8, p = 0.116). Thus, structural invariance also holds for

Model 2.
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Appendix O Percentages of Students Who Selected Each Choice for Each Survey Item 1V

In the main text, we investigated how students’ motivational beliefs change from the
beginning to the end of the course by comparing their average scores on the motivational constructs
in the pre- and post-survey. Here, we present the percentages of female (Table 62) and male
students (Table 63) who selected each answer choice from a 4-point Likert scale for each survey
item. Students were given a score from 1 to 4 respectively with higher scores indicating greater
levels of interest, self-efficacy, perceived recognition, physics identity, and engineering identity.

As shown in Table 62 and Table 63, for both female and male students, the percentages of
students who selected 3 or 4 for most survey items under self-efficacy and physics identity
decreased from pre to post, while the percentages of students who selected 1 or 2 increased. These
results are consistent with the descriptive statics shown in Table 45, which show that both male
and female students’ self-efficacy and physics identity statistically significantly decreased from
the beginning to the end of the course. In addition, by comparing Table 62 and Table 63, we found
that for most survey items, the percentages of female students who selected 1 or 2 were larger than
those of male students, while the percentages of female students who selected 4 were smaller than
those of female students. These findings are also consistent with Table 45 showing that there were

statistically significant gender differences in all motivational constructs studied.
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Table 62 Percentages of female students who selected each choice from a 4-point Likert scale for each survey

item in the pre- and post-survey. The self-efficacy (SE) and interest (Int) items have the response scale: 1= NO!,

2=no, 3=Yyes, and 4 = YES!, while the perceived recognition (Recog), physics identity, and engineering identity

items have the response scale: 1 = strongly disagree, 2 = disagree, 3 = agree, and 4 = strongly agree.

Survey items

2 3 4
SE1 4% 26% 65% 5%
SE2 2% 11% 78% 9%
SE3 0% 5% 72% 23%
SE4 0% 11% 72% 18%
Intl 6% 38% 44% 12%
Int2 1% 9% 70% 19%
Int3 0% 25% 62% 13%
Int4 1% 27% 54% 18%
Recogl 11%  39% 42% 7%
Recog? 12%  36% 45% 6%
Recog3 7% 50% 42% 1%
Physics identity 9% 48% 38% 6%
Engineering
_ ) 0% 4% 46%  49%
identity

Post
1 2 3 4

9% 25% 60% 6%
4% 16% 74% 6%
6% 20% 61% 14%
5% 19% 65% 11%
8% 22% 46% 24%
4% 22% 63% 11%
5% 48% 39% 9%
6% 29% 54% 11%
13% 38% 41% 8%
12% 39% 40% 9%
15% 54% 29% 2%
16% 49% 30% 5%
1% 5% 52% 41%
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Table 63 Percentages of male students who selected each choice from a 4-point Likert scale for each survey
item in the pre- and post-survey. The self-efficacy (SE) and interest (Int) items have the response scale: 1= NO!,
2=no, 3=Yyes, and 4 = YES!, while the perceived recognition (Recog), physics identity, and engineering identity

items have the response scale: 1 = strongly disagree, 2 = disagree, 3 = agree, and 4 = strongly agree.

Survey items ore Post
1 2 3 4 1 2 3 4
SE1 2% 27%  60%  10% 3% 20% 64% 13%
SE2 0% 8% 72%  20% 0% 11% 68% 20%
SE3 0% 4% 60%  36% 3% 14% 55% 27%
SE4 0% 8% 69%  23% 0% 18% 65% 17%
Intl 4% 24%  42% @ 29% 4% 14% 38%  43%
Int2 2% 6% 66%  25% 3% 12% 60% 25%
Int3 2% 15%  61% 21% 3% 28% 47% 21%
Int4 1% 15%  62% 22% 4% 25% 49% 21%
Recogl 4% 31% 49%  16% 9% 26% 49% 15%
Recog2 6% 33% 43% 18% 10% 33% 42% 15%
Recog3 5% 35% 54% 5% 13% 35% 46% 6%
Physics identity 3%  30%  52%  14% 11% 32% 45% 12%
Engineering
) ) 1% 1% 32%  66% 1% 4% 39% 56%
identity
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Appendix P Quantum Measurement MQS

The multiple-choice questions in the sequence and notes to the instructors are reproduced below.

The correct answers are in boldface.

Notes to Instructor

« In general, an operator acting on a state can be represented in Dirac notation as Q|¥), where
Q stands for a quantum operator, and | W) stands for a quantum state.

+ In this Multiple-choice Question Sequence (MQS), we write Q|W¥) in position representation
as (x|Q|¥) = 0 (x, —ih :—x) Y(x) = Q¥(x), where 0 (x, —ih :—x) (shorten as Q) is the
operator Q in position representation, and W (x) is the wavefunction in position representation
corresponding to state |¥).

» Inorder to go from the Dirac notation to position representation, one should take the scalar
product with (x|

~ ~ ~ 0
Q¥)—— (x|0|¥) & Q (x, —iha> ¥ (x)

|¥) — (x|¥) & ¥(x)
 In this Multiple-choice Question Sequence below, none of the operators explicitly depend on
time.

(MQS 1.1)

Choose the following that is correct regarding the Hamiltonian operator A acting on a generic
wavefunction ¥ (x) which is not an eigenstate of A.

A. A¥(x) = E¥(x)

;HW(X) = Epin(®)

H¥Y(x) = E,

HY () = ¥y (%)

None of the above

mo O w

Class discussion for MQS 1.1

« Some students may incorrectly think that an operator acting on a state corresponds to a
measurement of the corresponding observable and that this process of measuring the
observable is given, e.g., by equations such as H¥ (x) = E,s,,(x) for measurement of
energy.

«  Some students may incorrectly think that whenever an operator Q corresponding to a
physical observable Q acts on any generic state W(x), it will yield a corresponding
eigenvalue and the same state back, i.e., Q ¥(x) = A ¥(x) (e.g., H¥(x) = E¥(x))

«  Butonly when W, (x) is an eigenstate of Q , we obtain Q ¥, (x) = q¥,(x), where q is the
corresponding eigenvalue.

» A generic wave function W(x) can be expanded in terms of a complete set of eigenstates of
any Hermitian operator corresponding to an observable, e.g., if A, (x) = E (%)

* W) = Xn Ch Yn(x), where C, =(,[¥)
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Thus, H acting on a generic state W(x) can be represented by A¥(x) = ¥, HC, Y, (%) =
Zl’l Encn Lljn(x)

If the instructor has covered Dirac notation, they can also discuss:

Because W(x) = (x|¥), [¥) = Xn CalWn) , and H|,) = E;[dy)

(MQS 1.2)
Choose the statement that is correct regarding the position operator X acting on a generic
wavefunction ¥ (x).

mooOw>

RP(x) = x'

P (x) =x'6(x—x")
¥ (x) = x¥(x)
XP(x) = 6(x —x")
None of the above

Class discussion for MQS 1.2

Ch

This question is similar in spirit to the previous one about the Hamiltonian operator.

In the position representation, R¥ (x) = xW(x). This is because in position representation, X =
x. This does not mean that W(x) is an eigenstate of X.

» If you have covered Dirac notation, you can also discuss:

Because ¥ (x) = (x|¥), |¥) = ffooo C(x") [x)dx', R |x') = x'|x") and (x"|% = x'(xX|

R6(x — x') = (x|x) = x|R[x) = x'(x|x") = x'8(x — x') is an eigenvalue equation, in which
position operator X is acting on a position eigenstate §(x — x") (in the position representation)
with eigenvalue x'. Here, x' is a number, which is the eigenvalue corresponding to the
position eigenstate §(x — x').

RW(x) = j(x|W) = [ REIXNK[W)dx = [ %8(x — xIP(x) dx

= f_wm x8(x —x)¥P(x) dx = x¥(x).

Please note that X¥W(x) = x¥(x) is not an eigenvalue equation. In position representation,
position operator X acting on any generic wave function W(x) or (x|¥) simply corresponds to
multiplication by x.

Or you can start with a generic expression of the position operator % acting on a state |¥),
which is %|W). By multiplying it the bra (x|, we can write this expression in the position
representation (x|X|W¥). Since (x|X|¥) = x(x|¥) = xW¥(x), position operator X acting on
any generic wave function W(x) or (x|¥) simply corresponds to multiplication by x, i.e.,
¥ (x) = x¥P(x).

eckpoints

An operator (corresponding to an observable) acting on a state does NOT correspond to the
measurement of the corresponding observable.

What is the result of % acting on a position eigenstate?

What is the result of % acting on a generic state?

What is the result of H acting on an energy eigenstate?

What is the result of H acting on a generic state?

(MQS 2.1)
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Suppose at time t = 0, the initial wavefunction of a particle in a 1D infinite square well of width

a (0<x<a) is¥(x) = % (¥ (x) + ¥,(x)), where ¥; (x) and ¥, (x) are the ground state and first

excited state wavefunctions. Choose all of the following statements that are correct for

measurements on the system in this state at t = 0.

1. A measurement of the energy can yield any energy E,,, where n=1,2,3...c0.

2. A measurement of the energy will yield (E; + E,)/2.

3. A measurement of the position in a narrow range dx can yield many different values in this
well (0<x<a).

A. lonlyB.2only C.3only

D. 2 and 3 only E. None of the above

(MQS 2.2)

Q is a generic observable (with corresponding Hermitian operator Q which has eigenstates Pq(x)
and continuous eigenvalues q and eigenvalue equation Qcpq(x) = q@q(x)). Choose all of the
following statements that are correct about a measurement of the observable Q on a generic state

Y (x) (which is not an eigenstate of the operator Q).
1. The measurement of the observable Q will collapse the wavefunction into one of the

eigenstates ¢, (x) of operator Q.
2. A measurement of an observable Q must return one of the eigenvalues q of the operator Q.
3. The operator Q acting on state ¥ (x) is equivalent to the measurement of the observable Q .
The measurement process is given by Q¥ (x) = q@q(x).
A) lonly B)land2only C)1and3only
D) 2 and 3 only E) All of the above

(MQS 2.3)

Attime t = 0, the initial wavefunction of a particle is W(x,0) = (§ — gi)‘}’l x) + ‘/5—§‘Pz (x), where
Y, (x) and W, (x) are the ground state and first excited state wavefunctions. Choose all of the
following statements that are correct for measurements on the system in this state at t = 0.

1. If energy is measured, the probability of obtaining E; is iand E, isﬁ5

2. If position is measured, the probability density for measuring x, is ( |‘P1 (x0)|% +

P |qu x0)I?)
25

3. If a generic observable D (with corresponding Hermitian operator D which has eigenstates
|d;) and discrete eigenvalues d; and eigenvalue equation D|d;) = d;|d;), where i=1,2,3...)
is measured, the probability of obtaining d; is |{¢;|¥}|?, where |¥) represents the quantum
state corresponding to ¥ (x).

4. If a generic observable Q (with corresponding Hermitian operator Q which has eigenstates
|q) and continuous eigenvalues q and eigenvalue equation Q|q) = q|q)) is measured, the
probability density for measuring q is [{(q|¥)|?, where | W) represents the quantum state
corresponding to W(x).

A. 1lonlyB.2only C.3and4 only

D. 2 and 3 only E. None of the above
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Class discussion for MQS 2.3
If you haven’t discussed Dirac notation with the students, please feel free to replace the choice 3
and choice 4 with:

3.

If a generic observable D (with corresponding Hermitian operator D which has eigenstates
¢;(x) and discrete eigenvalues d; and eigenvalue equation Dd;(x) = d;d;(x), where i

2
=1,2,3,4...) is measured, the probability of obtaining d; is | J_, di ()Y )dx| .

If a generic observable Q (with corresponding Hermitian operator Q which has eigenstates

@q(x) and continuous eigenvalues g and eigenvalue equation Qcpq(x) = q@q(x)) is
2

measured, the probability density for measuring q is |f_°°00 PP (x)dx| .

Note:

In D|d;) = d;|d;), operator D is an operator corresponding to observable D, and |¢;) stands
for an eigenstate of D with eigenvalue d;
Dd;(x) = d;d;(x) is the same eigenvalue equation written in position representation, where

DisD (x, —ih aa_x)’ and ¢;(x) is an eigenfunction of D with eigenvalue d; in the position
representation.

Class discussion for MQS 2.1-2.3
Consider a generic wavefunction W(x) corresponding to a generic state |W¥).

If you measure energy, the probability of obtaining E,, is
oo 2 oo 2 .

P(Em) = (Wn|W)? = |- (Pl xIW)dx|” = |[_) WH()W()dx| (where |Wy,) is an
energy eigenstate satisfying H|W,,) = E|¥))
If you measure position, the probability density for measuring x, is

oo 2 o0 2
p(Xo) = [(xo|W)? = | [ (xolx}x[W)dx|" = [[ " 8(xo —x)W(x)dx| = [W(xo)|* (where
|xo) is a position eigenstate satisfying X|x,) = X¢|Xo))
If you measure the observable D whose corresponding Hermitian operator D has a discrete
eigenvalue spectrum, the probability of obtaining d; is

2
P(d;) = [{;|¥)? = |f_°°m<<l>iI><)<x|‘1’>olxl2 = |/ di W )dx| (where |d;) is an
eigenstate of D satifying D|d;) = d;| ;)
If you measure the observable Q whose corresponding operator Q has a continuous
eigenvalue spectrum, the probability density for measuring q is

0 0 2 - -
p(q) = {q|¥)|? = |f_oo(q|x)(x|‘{’)dx|2 = |-, @)W (x)dx| (where |q) is an eigenstate
of Q satifying Q|q) = q|q))

Note:
1. Emphasize to students that when considering the probability of measuring an observable in a

generic state, they should be thinking about the measurement basis, which is the basis
consisting of the eigenstates of the operator corresponding to the observable being measured.
Then projecting the generic state onto an eigenstate of the operator corresponding to the
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2.

3.

4.

observable (in the measurement basis), the absolute square of the projection will give the
probability (discrete eigenvalues) or probability density (continuous eigenvalues) of
obtaining the corresponding eigenvalue.

The projections are given by the inner product of the generic state W(x) and the eigenstates
of the operator corresponding to the observable. For example, for energy measurement, the
projection of state W(x) onto energy eigenstate W, (x) is ffooo Y (x)¥(x)dx. If you have

discussed Dirac notation, this projection can be simply represented by (¥, |¥).

We can calculate the probability/probability density by projecting the generic state onto the
eigenstates as discussed above. However, if we can expand the generic state in terms of a
complete set of eigenstates of the operator corresponding to the observable we measure, the
probability/probability density of measuring a particular value of the observable is the
absolute square of the corresponding expansion coefficient.

» For example, we can expand a generic state W(x) in terms of energy eigenstates, ¥(x)
o0 2
Yn CnWn(x), then P(Ep,) = (Wi [P)]? = If_oo<‘PmIX)(XI‘P)dXI =

© * 2 © *
|7, W @WE x| = |50 Co [, Wi (OWa (x| = (80 Co Snl? = 1l
» If you have done Dirac notation with students, you can also calculate the probability in
the following way:

P(Em) = (Wm|W)? = |20 Col Wil W) I? = |24 Cn Smn|? = |Cpl?
The probability density for measuring position x, is p(xq) = [{(Xo|¥)|? = |W(x0)|?

Checkpomts

When a measurement is made, what measured values can you obtain if the state of the system
is not an eigenstate of the operator corresponding to an observable (or when it IS an
eigenstate of the operator corresponding to the observable)?

When a measurement is made, what happens to the wave function instantaneously after the
measurement if the state is not an eigenstate of the operator corresponding to the observable
measured?

Does a Hermitian operator corresponding to an observable acting on the quantum state
correspond to a measurement of the observable? No!

How does one calculate probability (discrete eigenvalue spectrum) or probability density
(continuous eigenvalue spectrum) of measuring an observable?

(MQS 3.1)
Choose all of the following statements that are correct.

1.

2.

3.

The stationary states refer to the eigenstates of any operator corresponding to a physical
observable.

Any wavefunction for a system can be expressed as a linear superposition of the energy
eigenstates.

If a system is in an eigenstate of any operator that corresponds to a physical observable, it
stays in that state unless an external perturbation is applied.

A. 1lonly B. 2 only C.3only
D.2and 3only E. None of the above
(MQS 3.2)
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Suppose at time t = 0, a particle in a 1D infinite square well has the initial wavefunction
Y(x,0) = %('{/1 (x) + ¥,(x)), where ¥; (x) and ¥, (x) are the ground state and first excited

state wavefunctions. Choose all of the following expressions that can correctly represent the state
¥ (x, t) of the particle after time t

—i(Eq +EQ) t

L ¥ =ge @ (00 + ()
—LE —iE 5t
2. Y(x,t)= \/i_ (e n 'I’l(x) +e r ¥,(x))
3. WD =L (100 + ¥, ()
A.1only B. 2 only C.1and 3 only
D. 2 and 3 only E. None of the above

Class discussion for MQS 3.2
« By solving the Time-dependent Schrodinger equation ih%‘l’(x, t) = H¥(xt) , the time

—iHt —iHt
dependance of a generic state is given by W(x,t) = e » W(x,0), where e » is the time-
evolution operator.

« Any wavefunction for a system can be expressed as a linear superposition of the energy
eigenstates:
Y(x,0) =>,C, y,(x), where yr,(x) is an energy eigenstate with eigenvalue E,. Thus,

W) =e h W(x0) = z Coe R, (%)

—ifAt
Let’s look at one term in this expansion — C,e » {r,(x). We can expand the exponential

. ZiHt il —ifit 1 (—iB\? 1 [-ifAt\3
functione » asfollow:e n =1+ +5( - ) +E(T) + -
) Lpn(x)‘l'
) lljn(x):

—ift

Thus, e~ Y, () = Y (x) + ””wn( )+ (FEY g, )+ 2(2
Because Hy, (x)= EnL|Jn(X) we have— q;n( ) = lE“ P, (%), (
(FE)° o o), (22 ¢n<x>=( o t) Yn(x), .

Therefore, ¢ () = () + 22 4 (1) + 1 (‘E ) a0 + 2 (F2) gy 0+

—iEnt

e Yn(x) .

—iHt —iHt

Thus, ¥(x,t) =e » P(x,0) =Y,Che n Y,(x) =X, ,Che = Lpn(x)

Therefore, the initial state ¥ (x, 0) evolves in time such that each term in the expansion of the state
—iEpt

in terms of the energy eigenstates is multiplied by its corresponding time dependent factor e” = .

Note that in general, the time dependent factor is different for each term because the energy
corresponding to each term is generally different.
« Asaspecial case, if W(x,0) itself is an energy eigenstate with eigenvalue E,,,
—iAt —ift —iEnt
then W(x,0) = Y,(x) and ¥(x,t) = e » ¥(x,0) =e & Y(x) =e r Y,(x). Inthis case,
the time-evolution of the state is trivial because the state is multiplied by an overall phase
factor.

(MQS 3.3)

h
iAt
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Suppose at time t = 0, the initial wavefunction of a particle in a 1D infinite square well is ¥ (x) =
% (P (x) +¥,(x)), where ¥;(x) and ¥,(x) are the ground state and first excited state

wavefunctions. Choose all of the following statements that are correct for measurements on the
system in this state at t = 0.
1. If energy is measured, the wavefunction will become either ¥, (x) or ¥, (x) immediately

after the energy measurement but go back to ¥ (x) = 715 (W1 (x) + ¥,(x)) along time after
the measurement.
2. If position is measured, the wavefunction ¥ (x) = % (¥, (x) + ¥, (x)) will become a delta

function immediately after the position measurement, but go back to ¥ (x) = \/% (P, (x) +
¥,(x)) a long time after the measurement.
3. If position is measured, the wavefunction ¥ (x) = \/% (W, (x) + ¥, (x)) will become a delta

function immediately after the position measurement, and the wavefunction will remain the
delta function a long time after the measurement.

A. 2 only B. 3 only C.1and 3 only

D.1and 2 only E. None of the above

Class discussion for MQS 3.3

It should be emphasized to students that whenever talking about time evolution, we should expand
the wave function in terms of energy eigenstates, and then multiply each term in the expansion by
the corresponding time-dependent phase factor.

« If we measure energy at t = 0 and obtain E,,, the wavefunction will instantaneously collapse

—iEpt
to Y, (x). After time t,, this wave function becomes e .
iEnty

time dependent phase factor, e P, (x) is still an energy eigenstate with eigenvalue E,,.
Thus, the spatial part of the wavefunction remains {, (x) after the energy measurement.

Y, (x). Even though there is a

t = O t = tl
—iEpty
Yx0) =yyx) ——————— S¥Et)=e b Y(x)
Note:
* Multiplying a state with an overall phase factor doesn't change the state. Therefore,
—iEntq

e n» ,(x) isthe time dependence of the stationary state with energy E,,.

» For example, if we measure energy at t = 0 and obtain E;, the wave function will collapse to
Y5 (x) right after an energy measurement. The three time-lapsed pictures from a simulation
below show the time evolution of the absolute value of yi;(x) in a 1D infinite square well
with boundary (O<x<a). (a) shows the absolute value of the wavefunction right after the
energy measurement. (b) and (c) show the absolute value of the wave function at t = 0.3 units
and t = 14.3 units. As shown in the simulation, the absolute value of the wavefunction does
not change with time. Thus, the wavefunction will remain {5 (x) after the energy
measurement.
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If we measure position at t = 0 and obtain x, the wavefunction will instantaneously collapse

to 6 (x — x,), which can be expanded as }:, C,, ¥, (x). After time t,, the wave function
iE

—iEnt
becomes )., C,e * 11/)n(x). Thus, the wavefunction will neither remain §(x — x,) nor go
back to % (W, () + w,(x)).

t=20

W(x,0) = 80r = %) = ) Cyhy(¥) == — = — == S W) = Y Cre

Note:
The expansion coefficient in this case is
Co = J70, W, 0 (0)dx = [ 8(x — x)P (x)dx = 15, (xo).
—iEnty

—iEnt

In general, Y., C,, eTnllpn(x) is not equal to § (x — xo) = X, Cp, Y (x) , because e™ »
are generally different for each E,,.

The three time-lapsed pictures from a simulation below show the time evolution of

& (x — x,) in a 1D infinite square well with boundary (0<x<a). (a) shows the absolute value
of the wave function which is very localized (the actual wavefunction right after a position
measurement is closer to a delta function which will be highly localized but the simulation is
unable to show that level of a localized function so students would have to imagine a very
peaked function). (b), (c) show the absolute value of the wave function at t = 0.6 units and t =
1.6 units. As shown in the simulation, the wave function does not remain localized (similarly,
a delta function §(x — x,) after the position measurement will not remain localized at future
times).

Since delta function § (x — x,,) contains nonzero coefficients C,, for higher energy eigenstate

wave function ¥, (x)(n > 2), the probability of measuring these higher energies
—iEntq |2
Cpe % | would not be zero at future times. Therefore, the system will not return to the

t=t

Ry ()

initial state % (¥, (x) + W, (x)) after the position measurement, no matter how long we wait.
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(MQS 3.4)

Suppose at time t = 0, a particle in a 1D infinite square well has the initial wavefunction ¥(x) =
\/% (W, (x) +¥,(x)), where ¥;(x) and ¥,(x) are the ground state and first excited state

wavefunctions (see the first graph below). You measure the position of the particle and obtain x,.

Choose all of the following statements that are correct.

1. The wavefunction will instantaneously collapse to a delta function at x = x, (the second
graph is a schematic) when the position measurement is performed.

2. The wavefunction will remain a delta function at x, (one example is the second graph) a long
time after the position measurement.

3. The wavefunction must evolve from a delta function at x, (one example is the third graph) so
that it has different shapes a long time after the position measurement.

A. lonlyB.1and2only C.1and 3 only

D. 2 and 3 only E. all of the above.

EW&H%MW l ‘
' N4

Xo Xo

(MQS 3.5)
Suppose attime t = 0, aparticle in a 1D infinite square well (0 < x < a) has the initial wavefunction

Y(x) = % (P, (x) + ¥,(x)), where ¥, (x) and ¥, (x) are the ground state and first excited state

wavefunctions. You measure the energy of the particle and obtain E,. Choose all of the following

statements that are correct.

1. The wavefunction will instantaneously collapse to a stationary state when the energy
measurement yielding E, is performed (the second graph).

2. The wavefunction will remain the first excited state a long time after the energy
measurement.

3. The wavefunction must return to its initial state before the measurement a long time after the
energy measurement (the third graph).

A. lonlyB.1and2onlyC. 3 only
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D 1 and 3 only E. None of the above.
1

1
(¥ (x) + ¥, (x)) —= (¥ (x) + ¥, (x))
\Q I/i(x) ‘ I;\

(MQS 3.6)
At time t = 0, the initial wavefunction of a particle is ¥(x, 0) = \%(‘Pl(x) + W, (x)), where

Y, (x) and W, (x) are the ground and first-excited energy eigenstates. Choose all of the following
statements that are correct about a measurement performed on this system at t = t;.

1. If we measure the position of the particle, the probability density for measuring the
position of the particle will depend on the time t,.

2. If we measure the energy of the particle, the probability of obtaining the energy E; or E,
will depend on the time t;.

3. If we measure an observable Q (with corresponding Hermitian operator Q which has
eigenstates ¢4 (x) and continuous eigenvalues g and eigenvalue equation Qcpq(x) =
q@4(x)), the probability density for measuring q will depend on the time ¢; (Note: Q does
NOT commute with H).

A. lonly B.2only C.3only
D.1land 3only E. all of the above

Class discussion for MQS 3.6

Emphasize to students that when talking about time evolution, since the Hamiltonian of the system
governs the time-evolution, we should expand the wave function in terms of energy eigenstates,
and multiply each term by the corresponding time-dependent phase factor.

Initial state After waiting for t
—iEpt
Y 0) =X ChPp(x) ——————— S ¥YED =X,Che t Yp(x)

« If we measure energy at t = t4, the probability of obtaining E,, is

P(Em) = (Pl WEN? = [ (W l)x[W(t))x|” = | [ Wi (OW(x, ty)dx |2 =

—iEmtq 2

—iEnptq 2
= | Cme h

TnCoe [ Wi ()W, (x)dx

is independent of t;.
» If we measure position at t = t,, the probability density for measuring x, is

2
pxa) = (o[ EM? = | [ o b xlW(e)dx| = |1, 8o — )W 1)l
2, which depends on t;.

—iEnty

Zn Cne h 6mn

= |C|? , which

2

—iEntq

|lP(X0rt1)|2 = Zn Cn e n lIJn(XO)
« If we measure Q at t = ¢4, the probability density for measuring q is
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p(@) = Kql¥(E))I* = |f_°°oo(q|x)(x|1{1(t1))dx|2 = /7 CPZ(X)‘P(X»H)dXF =
—iEpt; 2

TuCne v [ @) Py(x)dx

Because Q does NOT commute with H, Q and H don’t have a complete set of simultaneous
—iEnty 2

YnCoe n [0 @h(x) W,()dx| will not cancel

eigenstates. Therefore, the time factor in
out. Thus, p(q) depends on t;.

Note:
1. For the position measurement, the probability density for measuring position x, is

—iEpt 2
(o) = [Pt )2 = [W(xo,t)|? = |2, Cue * Wy(xo)| , which depends on time.

2. If you have discussed Dirac notation with students, you can also discuss calculation of
the probability of obtaining E,, in the following way: P(E,,) = (W, |¥Y(t))? =
—iEpt 2

n-i
2nChe (W |¥h)
independent of ¢,.

—iEntl

Zl’l Cne h 6mn

2 —iEmty
= | Cme h

= |C,|?, which is

Checkpoints:
Consider a generic state ¥(x, 0) att=0.
» If energy is measured, what is the wave function instantaneously after and long time after
the energy measurement?
» If position is measured, what is the wave function instantaneously after and long time
after the position measurement?

(MQS 4.1)
The energy eigenvalues for a one-dimensional simple harmonic

oscillator (SHO) are E, = (n +%) hw (n=0,1,2,3,..). The initial
wavefunction of a particle in a SHO potential energy well is W(x, 0) =
% (W; (x) + ¥,(x)). You first measure the energy of the particle at t =

0 and obtain %hw. Then immediately following the energy measurement,

you measure the position of the particle. What is the probability of
finding the particle in the region between x, and x, + dx?

1o (1% (xo) 12+, (%0) [2)dx

2. Wi (xo)|*dx

3. |’Y; (%)|*dx

A. lonly B. 2only C. 3only

D. 2 and 3 only E. None of the above

Note:
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Emphasize to students that even though MQS 4.1 is about a quantum harmonic oscillator, the
expression of probability density for measuring x,, is generalizable to other quantum systems with
different Hamiltonians such as the 1D infinite square well.

(MQS 4.2)
At time t = 0, the initial state of a particle in a 1D infinite square well is ¥ (x, 0) = \/iz P, (x) +

¥,(x)), where ¥, (x) and ¥, (x) are the ground and first-excited energy eigenstates. You first
measure the energy of the particle at t = 0 and obtain E;. Then you measure the position of the
particle at a later time t = t; (not immediately after the measurement of energy). What is the
probability of finding the particle in the region between x, and x, + dx?

—iE1tq 2

l.le » Wi(xg)| dx

—iEqtq —iEytq

2.le n Yi(xg)+e n W,(xg)

—iEnt 2
3., che h W (xo)| dx, wherec, = (¥, |¥),n=1,2,3.... and (c, # 0 for 1,2,3....)
A. lonly B. 2only C. 3only

D. 1 or 2 depending on how much time has elapsed between the measurements
E. None of the above

2
dx

Note:
* Ifyou haven’t discussed Dirac notation with students, please feel free to replace choice 3
with:
2 co
dx, where ¢, = [__ ¥r(x)¥(x)dx,n=1,2,3... and ¢, # 0 for 1, 2,

—iEntl

Zn Ch€ h llun(xo)
3.

2
¥, (x0)| dx = |¥;(x,)|*dx, which means that if the system is

« ltis worth noting that |e h
in a stationary state, the probability density for measuring position does not change with

time.

(MQS 4.3)
The initial state of a particle in a 1D infinite square well (0 < x < a) is ¥(x, 0) = %(Wl(x) +

¥, (x)). You first measure the position of the particle and obtain x,. Then immediately following

the position measurement, you measure the position of the particle again. Choose all of the

following that are correct:

1. The second measurement must also yield x.

2. The second measurement could yield any of the infinitely many position eigenvalues possible
for the system (0 < x < a).

3. The wavefunction immediately after the second measurement is still the position eigenstate
corresponding to eigenvalue x,,.

A. lonly B. 2only C. 3only

D. 1and 3only E. 2and 3 only

(MQS 4.4)
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The initial state of a particle in a 1D infinite square well (0 < x <a) is¥(x, 0) = %(Wl(x) +

¥,(x)) when you measure the position of the particle and obtain x,. Then some time t later
following the position measurement, you measure the position of the particle again. Choose all of
the following that are correct:
1. The second measurement must also yield x.
2. The second measurement could yield any of the infinitely many position eigenvalues possible
for the system 0 < x < a.
3. The probability density for the second position measurement will depend on how much
time elapses between the two measurements.
A. lonly B. 2only C. 3only
D. 1and 3only E. 2 and 3 only

(MQS 4.5)
The initial state of a particle in a 1D infinite square well (0 < x < a) is W(x, 0) = %(‘Pl(x) +

Y, (x)) when you measure the position of the particle and obtain x,. Then some time t later

following the position measurement, you measure the energy of the particle. Choose all of the

following that are correct:

1. The energy measurement can yield any energy E,,, wheren = 1,2,3... .

2. The wavefunction will become either ¥, (x) or ¥, (x) immediately after the energy
measurement and the system will remain in that state at future times.

3. The probability of obtaining the energy E; will depend on how much time elapses between
the two measurements.

A. lonly B. 2only C. 3only

D. 1and 3 only E. 2 and 3 only

Class discussion for MQS 4.1-4.5

Emphasize to students that when talking about time evolution, we should expand the wave function
in terms of energy eigenstates, and multiply each term by the corresponding time-dependent phase
factor.

» If we measure energy at t = 0 and obtain E,, the wavefunction will instantaneously

—iEpt
collapse to Y, (x). After time t,, the wave function becomes e = 1qJn(x).
t=0 t=1t;
—iEpty
Y(x0) =¢(x) ——————— Pt =e & Y(x)
» If we measure energy at t = t,, the probability of obtaining E,, is
—iEpty

2 .

© Ly © 1, ifm=n

P(Em) = | [, Wn(WCot)dx 2 = [0 [, Ui G0WnGOdx| = Bpn {0 (e 27
Thus, the second measurement of energy will still yield E,, and the result is independent
of t;. This means that the measurement of energy immediately after or a long time after
the first energy measurement will yield the same value.

» If we measure position at t = t4, the probability density for measuring x, is

2

—iEpt
0(xg) = |¥(xo,t,)[? = |e—h Waxo)| = W (xe)[2, which is independent of ¢,. This

means that the measurement of position immediately after or a long time after the energy
measurement will have the same probability density for measuring x,.
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» If we measure position at t = 0 and obtain x, the wavefunction will instantaneously
collapse to 8(x — x,), which can be expanded to }.,, C,, ¥, (%) (in which C,, = {1}, (x()).

—iEptg

After time t,, the wave function becomes }', C,e » y,(x).
t=0 t=1t;
—iEpty
Y(x,0) =6(x—xg) = Z Chyyx)—————— -S> W¥(xt) = Z Che » Y,(x)

* If we measure posmon att= t1, the probablllty density for measurlng Xg IS

p(X) = [¥(xo, t)|* = [ZnChe
the measurement of position immediately after or a long time after the first position

measurement will generally have different probability density for measuring x,.
« If we measure energy at t = t4, the probability of obtaining E,, is

—iEnt; oo 2
P(Em) = | [ WP t)dx |2 = [E,Che + [ WnGy,®dx| =

—iEpt 2
Y. Coe b 8un| = ICul? = W (xe)]?, which is independent of t,. This means that

Lpn(xo)| , which depends on t;. This means that

the measurement of energy immediately after or a long time after the position
measurement will have the same probability of obtaining E,,
Note:
It is important for instructors to discuss with students subtleties with regard to measurements of
position. The eigenstates of the position operator are Dirac delta functions, which are not strictly
normalizable or even physical in the sense that position is not infinitely resolved in any true
measurement. A Dirac delta function can be expressed as an infinite series of energy eigenstates,
each of which has an infinitesimally small amplitude. Students should understand the unrealistic
aspects of working with delta functions, even though they have pedagogical value and are
convenient approximations for spatially localized states.

Overall Class Discussion/Summary

Measure energy at = 0:
Probability of obtaining E,, is 1 (and the probability would be the

o same if the measurement was made at ¢ = t; instead of at = 0)
If the particle is in

an energy eigenstate

P,(x)att=0

Measure position at ¢ = 0:
Probability density for measuring x, is |y, (x,)|? (and the probability density
would be the same if the measurement was made at ¢ = t; instead of at 1= 0)

Measure energy at ¢ = (:
‘ Probability of obtaining Ey, is | [ ys(x)W(x)dx |? (and the probability
_If ?t 1= 0, the particle would be the same if the measurement was made at = t, instead of at = 0).
is in a state ¥ (x)
which is not an
eigenstate of either H
or any operator that

commutes with H.

Measure position at # = 0:

Probability density for measuring x, is |[¥(x,)|? (and the probability density
would be different if the measurement was made at ¢ = t, instead of at £ = 0).
The position operator does not commute with the Hamiltonian, so position is
not a constant of motion. The probability density for measuring position in a
non-energy eigenstate depends on time.
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Appendix Q Questions in the Pre-Test and Post-Test

The pre- and post-test questions are reproduced below. The same information provided at the
beginning of Appendix P applies to the questions in Appendix Q.

All of the questions in this test refer to an isolated system in which a particle is ina 1-D
. ~2
infinite square well with Hamiltonian H = ;—m +V(x) (V(x) =0when0<x<aV(x)=

2252
+00 otherwise). The energy eigenvalues are E, =n2£ah2 (n=1,23,..),and the energy

eigenstate corresponding to E,, is ¥, (x) = \/%sin (?) when 0<x<a and ¥, (x) = 0 elsewhere.

Q1. Choose all of the following statements that are correct about a generic state ¥(x) (which is
not a stationary state).

HY¥(x) = E,u, (%)

P (x) = x¥P(x)

Y (x) can be expressed as a linear superposition of the energy eigenstates.

Q2. The state of a particle at t=0 is given by W(x,0) = \/%‘Pl x) + \/E‘PZ (x).

(a) If you measure the energy of the particle at t = 0, what possible energies could you obtain
and what is the probability of each? Explain.

(b) If you measure the position of the particle at t = 0, what possible values could you obtain, and
what is the corresponding probability density? Explain.

Q3. The state of a particle at t=0 is given by W(x,0) = \/%Lpl x) + \/%‘Pz (%)

(a) If you measure energy at t = 0 and obtain a value of E;, what is the normalized state of the
system right after the measurement?

(b) Immediately after the measurement of energy in 3(a), you measure energy again. What is the
probability of obtaining E;?

(c) A long time after the measurement of energy in 3(a), you measure energy again. Will the
probability of obtaining E; be the same or different as in 3(b)? Explain your reasoning.

(a) Immediately after the measurement of energy in 3(a), you measure position. What is the
probability density of finding the particle at x = x,? Explain.

(d) A long time after the measurement of energy in 3(a), you measure position. Will the
probability density of finding the particle at x =x,, be the same or different as in 3(d)?
Explain your reasoning.

Q4. The state of a particle at t=0 is given by W(x,0) = \/%Lpl x) + \/%‘Pz (%)

(b) If you measure position and obtain a value of x,, what is the wavefunction of the system
right after the measurement?

375



(c) Immediately after the measurement of position in 4(a), you measure position again. Will the
wavefunction of the system right after the measurement be the same or different as in 4(a)?
Explain.

(d) A long time after the measurement of position in 4(a), you measure position again. Will the
wavefunction of the system right after the measurement be the same or different as in 4(b)?
Explain your reasoning.

(e) Immediately after the measurement of position in 4(a), you measure energy. What is the
probability of obtaining E;? Explain.

(F) A long time after the measurement of position in 4(a), you measure energy. Will the
probability of obtaining E; be the same or different as in 4(d)? Explain your reasoning.
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