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We discuss an investigation of students’ motivational beliefs and performance on the Force Concept
Inventory (FCI) in a calculus-based introductory physics course at a large public university in the U.S. We
investigated how students’ perception of the inclusiveness of the learning environment (including perceived
recognition, perceived effectiveness of peer interaction, and sense of belonging) predicts students’ FCI scores
and physics motivational beliefs (including self-efficacy, interest, and overall physics identity) at the end of
the course after controlling for students’ high school performance and their FCI scores and motivational
beliefs at the beginning of the course. We find signatures of noninclusive learning environment in that female
students’ mean scores in physics motivational beliefs and perception of the inclusiveness of the learning
environment were 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 overall physics identity, and their sense of belonging
predicted their self-efficacy and FCI scores. Our findings can be valuable for contemplating guidelines for
creating an inclusive learning environment in which all students can excel.
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I. INTRODUCTION

Prior studies have shown that women are often under-
represented in many science, technology, engineering,
and mathematics (STEM) courses and disciplines [1–18].
For example, even though women earn approximately 60%
of all bachelor’s degrees in the U.S., only 20% of the
physics undergraduate degrees are earned by women [19].
In addition, several studies have also reported gender
disparity in students’ performance in some STEM disci-
plines [20–22]. Prior research suggests that individuals’
performance and persistence in STEM can be influenced
by their motivational beliefs such as self-efficacy, interest,
and identity in that domain [1–3,5,10,18,23–35]. 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
[36–46]. Therefore, investigation of the factors that can
influence 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 building 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 out-
comes. By equitable course outcomes, we mean that
students from all demographic groups (e.g., regardless of
their gender identity or race or 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 [47]. 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-term and long-term retention in
STEM disciplines [23,48]. We note that adequate oppor-
tunity and access to resources, inclusive learning environ-
ment, and equitable outcomes are strongly entangled with
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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.

A. Students’ motivational beliefs in physics
and other STEM fields

The expectancy-value theory (EVT) [49,50] is one of the
most prominent approaches to the study of students’motiva-
tional beliefs. In the EVT, expectancy refers to students’
belief in their ability to succeed in a given task [50]. Value
refers to the subjective task value for students, which can be
differentiated into four components: intrinsic value, attain-
ment value, utility value, and cost [50]. 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 [50].
Utility value pertains to students’ perception of whether the
task can help them achieve some other goals [50]. 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 [50]. 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 [50].
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 [51,52].
Prior research suggests that self-efficacy is an important
motivational belief for students to excel in a domain
[4,5,10,13]. Studies have shown that students’ engagement
and performance can be influenced by their self-efficacy
[29,31,35,53,54]. 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 challenging courses and ask
to do more challenging problems than students with low
self-efficacy, who usually see difficulties as threats and
obstacles to success [30].
The intrinsic value in EVT is closely related the concept

of interest, which refers to students’ curiosity, enjoyment
and engagement in a specific area [55,56]. Studies have
shown that interest can also influence students’ learning
[28,29,56–60]. 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 [61].
In addition, students’ identity in a specific field such

as physics is another important motivational belief that

influences their career decisions [62–69]. Students’ physics
identity is related to whether they see themselves as a
physics person [1–3,62,65]. Some studies have found that
female students often report lower physics identity than
male students [2,70,71]. 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 [72–74]. These stereotypes can negatively influ-
ence women’s experiences, which may lower their identity
and lead to withdrawal from physics [36,75,76]. Therefore,
investigating students’ physics identity may help us under-
stand the gender difference in participation in physics.
We now turn to our theoretical framework for investigating
the effect of students’ perception of the inclusiveness of
the learning environment on their motivational beliefs and
academic performance.

II. THEORETICAL FRAMEWORK

A. Disciplinary identity theories

In Carlone and Johnson’s science identity framework
[1], students’ science identity includes three interrelated
constructs: competence (belief in one’s competence),
performance (belief in ability to perform), and recogni-
tion (recognition of self and by others as a “science
person”). Hazari et al. adapted this model to physics and
added interest to this model [3]. In addition, Hazari et al.
developed quantitative measures for these constructs and
found that competence and performance factored into a
single construct [3]. Moreover, they separated recogni-
tion of self and by others and used a single item (“I see
myself as a physics person”) to measure students’ overall
physics identity [3]. Potvin and Hazari noted that “this
single item (“I see myself as a physics person”) is not
intended to measure the totality of the nuance and
meaning of students’ physics identity; rather in this
case we have found, as previously, that this item acts
as an excellent and simple stand-in for students’ self-
perceptions about physics” [77]. This is consistent with
prior studies suggesting that a single-item indicator is
reasonable when representing global constructs or when a
holistic impression is desired [78,79]. In Hazari et al.’s
later studies using structural equation modeling, they
found that students’ overall physics identity was pre-
dicted by their interest, competence or performance
beliefs, and perceived recognition from other people
[65,80–82]. This physics identity framework has been
used to study physics identity of students in high school
physics classes [83,84] as well as college students with a
variety of majors [70,81,85–87].
The definition of physics competence or performance

beliefs is peoples’ beliefs about their ability to understand
and perform physics [3], which is very similar to the
definition of self-efficacy for the purposes of our research,
which uses validated survey data, and our survey items
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were adapted from prior studies that use the term self-
efficacy [88,89]. Moreover, prior studies have shown that
self-efficacy is also an important predictor of students’
overall identity [90,91]. Therefore, in this study, wewill use
the physics identity model in which overall physics identity
is predicted by self-efficacy, interest, and perceived
recognition.

B. Factors that can affect self-efficacy and interest

According to Bandura’s social cognitive theory [92,93],
there are four factors that can affect people’s self-efficacy:
mastery experiences (personal experiences of success or
failure), vicarious experiences (observing other people’s
experiences of success or failure), social persuasion
(encouragement or discouragement from other people),
and physiological states (e.g., anxiety and depression can
decrease self-efficacy). Therefore, interaction with other
people and recognition from other people play a very
important role in students’ self-efficacy development. In
addition, prior studies have shown that people’s physio-
logical states are closely related to their sense of belonging
in an environment [94,95] For example, lack of sense of
belonging has been shown to contribute anxiety and
depression [95].
According to the four-phase model of interest develop-

ment developed by Hidi and Renninger [96], there are
four phases in the development of individual’s interest in
a certain object. The first stage is triggered situational
interest. In this stage, students’ interest can be triggered
by environmental features such as novelty and surprise.
The second stage is maintained situational interest. In this
stage, situational interest is held and sustained through
meaningfulness of tasks and/or personal involvement.
The third stage is emerging individual interest. In this
stage, students value the opportunity to reengage tasks
related to their emerging triggered situational interest and
will opt to do these if given a choice. The last stage is
well-developed individual interest. In this stage, students
have relatively enduring predisposition to reengage with
particular classes of content overtime. Prior studies have
shown that students’ situational interest is mainly trig-
gered and maintained by external factors [97,98]. For
examples, learning environments that provide meaningful
and personally engaging activities, such as cooperative
group work and one-on-one tutoring can contribute to the
maintenance of situational interest [99,100]. In the third
and fourth stages, even though students have predispo-
sition to reengage with the content, prior studies have
shown that learners with individual interest also need
encouragement from others to persevere when confronted
with difficulty [101,102]. As we can see, in each stage,
learning environment and interaction with other people
are very important for students to develop and sustain
interest.

C. Factors that may contribute to the gender difference
on concept inventories in physics

Prior studies have shown that in addition to motivational
beliefs, students’ academic performance can also be influ-
enced by their learning environment [103,104]. We note
that in physics, students’ physics conceptual understanding
is an important academic outcome. However, prior studies
showed that female students often have lower average
scores than male students on physics concept inventories
[105–109]. For example, a prior study showed that men, on
average, outperform women on the mechanics conceptual
inventories by 13% on the pretest and by 12% on the post-
test [17]. Many studies exploring gender differences in
physics conceptual performance has been conducted with
the Force Concept Inventory (FCI), which is one of the
most commonly used concept inventories in physics for
introductory mechanics [110]. For example, McCullough
found that the gender gaps on multiple FCI items can be
influenced by switching the problem’s gender context from
stereotypically masculine scenarios to stereotypically femi-
nine contexts [111]. In addition, some other studies show
that particular items on the FCI may be biased against
women or men [112,113]. Other factors such as students’
academic achievement [114], scientific reasoning ability
[115,116], and psychological factors [117,118] have also
been analyzed to investigate the gender difference in
students’ performance on FCI. In addition, some studies
suggested that more interactive teaching methods may help
reduce the gender gap in students’ conceptual understand-
ing [7,119,120]; however, this effect has not been con-
sistently reproduced in other studies [12,20,121]. In
particular, a study shows that in a noninclusive learning
environment, female students may benefit less from inter-
active learning because they do not feel safe to express
themselves, and thus the gender gap may be even larger
than in a traditional lecture-based course [122].

D. Students’ perception of the inclusiveness
of the learning environment

As discussed above, learning environment plays an
important role in developing students’ motivational beliefs
and improving their physics conceptual understanding.
However, to our knowledge, no prior studies have quanti-
tively investigated 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 students’ perception of the inclusiveness
of learning environment predicts their physics conceptual
understanding measured by FCI and their motivational
beliefs in a college level calculus-based introductory
mechanics course. Similar to many quantitative studies
in physics education research designed to examine the
relations between students’ attributes and learning envi-
ronments [123], there are several ontological assumptions
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behind our study. The first ontological assumption is that
students’ attributes such as their motivational beliefs and
physics conceptual understanding are a function of differ-
ent features of the learning environment in which students
are placed. Thereby, a change in the environment, if
systematically varied, may lead to a change in the students’
attributes [123]. Second ontological assumption is that
students’ perception of the inclusiveness of the learning
environments is composed of different components, whose
effects on students’ attributes can be investigated and
quantified using appropriate research methods. Students’
perception of the inclusiveness of the learning environment
is based on their interactions with people in the learning
environment such as their instructors or TAs and peers. For
example, whether students feel validated and recognized by
other people and whether the interactions with others are
meaningful and enjoyable. As discussed earlier, these
factors are important for students to develop interest and
self-efficacy [52,56]. Similarly, prior studies showed that
students’ perceived recognition from other people also
predicts their overall physics identity and academic per-
formance [71,124]. Therefore, in this study, we include
students’ perceived recognition from others and their
perception of the effectiveness of the peer interaction as
two components of students’ perception of the inclusive-
ness of the learning environment.
Another important component of students’ perception of

the inclusiveness of the learning environment is sense of
belonging, which is the feeling of inclusion or acceptance
into a group of people [7,75,76,125–128]. Compared with
perceived recognition and perception of the effectiveness of
the peer interaction, students’ sense of belonging directly
reflects their overall feeling of the inclusiveness of the
learning environment. Prior studies have shown that stu-
dents’ sense of belonging is closely related to their motiva-
tional beliefs and academic performance. For instance,
Freeman and colleagues [129] found that students’ sense of
belonging in a specific college class was positively asso-
ciated with their self-efficacy, task utility, and intrinsic
motivation. In physics, prior studies have shown that
students’ sense of belonging predicts their overall physics
identity, perceived utility value of academic tasks, and
course grades [82,130,131].
Therefore, in this study, we include sense of belonging,

perceived recognition, perception of the effectiveness of the
peer interaction as three components of students’ percep-
tion of the inclusiveness of the learning environment and
investigate how they predict students’ physics conceptual
understanding and motivational beliefs at the end of a
calculus-based introductory physics course. Another nov-
elty of our study is that we focus on the net effect of each
component of the inclusiveness of learning environment
on the course outcomes by controlling for the effects of
the other two (which will be discussed in detail in the
next section). This is important because these three

inclusiveness of learning environment constructs have
been shown to correlate with each other [82,125,132],
and by controlling for the effects of potential con-
founding variables, the net effect can tell us how much
effect a predictor has on an outcome construct beyond the
effects of other predictors.

III. THE PRESENT STUDY AND ANALYTICAL
FRAMEWORK

Inspired by the above studies, we conducted a study
focusing on students’ physics motivational beliefs and
conceptual understanding in a calculus-based introductory
mechanics course at a large public university. We inves-
tigated how students’ perception of the inclusiveness of the
learning environment (including students’ sense of belong-
ing, perceived effectiveness of peer interaction, and per-
ceived recognition) predicts their motivational beliefs and
FCI scores at the end of the course after controlling for
students’ motivational beliefs and FCI scores at the begin-
ning of the course as well as their high school GPA and
scholastic assessment test (SAT) math scores. The SAT is a
standardized test widely used for college admissions in the
United States, which includes math and verbal sections. 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’ experi-
ences outside the class. For example, students may work
together on their homework after class, and they could also
ask for help during TAs’ or instructors’ office hours or
communicate with the instructor or TA via email about
various issues pertaining to the course. As shown in Fig. 1,
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 overall physics identity
at the end of the course (Post SE, Post Interest, and Post
FCI). Perceived recognition (Perceived Recog), peer inter-
action (Peer Int) and sense of belonging (Belonging)
constitute the perception of the inclusiveness of learning
environment.
In our study, students’ peer interaction, perceived rec-

ognition, sense of belonging and overall physics 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 survey in pre- and postsurvey
are correlated because they are students’ responses to the
same questions pertaining to the same construct at two
different time points. However, if students’ motivational
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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 begin-
ning 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 how students’
perception of the inclusiveness of learning environment
predicts students’ self-efficacy, interest, overall physics
identity and FCI scores at the end 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.
We note that our research design is guided by several

epistemological commitments [123]. First, in this study, we
made the decision to focus on students’ perception of the
inclusiveness of the learning environment, which could be
different from the perceptions of instructors/TAs or a third
party who observes the course. However, since students
are the ones who go through the learning experiences,
we believe it is important to study students’ point of view
about the inclusiveness of the learning environment.
Second, the three components (perceived recognition,

sense of belonging, and perception of peer interaction)
cover different aspects of students’ perception of the
inclusiveness of the learning environment with regard to
interactions with others and an overall belonging we want
to investigate. Other factors such as level of anxiety could
also contribute to students’ perception of the inclusiveness
of the learning environment; however, since other factors
often strongly correlate with the three components already
included, we did not include them in our model. Third, by
using statistical methods such as SEM with large sample
size, our aim is to investigate the relationships between the
constructs studied. Because of the nature of quantitative
studies, our study will show the trends and patterns in our
data rather than focusing on any individual student.

IV. 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 in a
calculus-based introductory physics sequence at a large
state-related university in the U.S. 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:

RQ1. 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 (including

FIG. 1. Schematic representation of the theoretical model in which the relation between gender and overall 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.
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sense of belong, peer interaction and perceived rec-
ognition) predict students’ self-efficacy, interest, over-
all physics 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?

RQ3. 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)?

RQ4. If gender does not moderate any path in the model,
how does gender predict
a. the factors that were controlled for?
b. the inclusiveness of learning environment con-

structs 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?

RQ5. What role is played by each of the three compo-
nents we have included in the inclusiveness of learn-
ing 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?

V. METHODOLOGY

A. Participants and data sources

The data used in this study were collected from a college
level calculus-based introductory physics course in two
consecutive school years at a large public research uni-
versity in the U.S. This course is generally mandatory and
taken by engineering, physical science and mathematics
majors in the first semester of their first year of under-
graduate studies. This course is a traditional lecture-based
course (4 h per week) with recitations (1 h 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. In addition, the course assessment
in this course is largely based on students’ performance on
the midterm and final exams, which mainly focus on
quantitative problem solving. Moreover, there was very
little focus on using evidence-based pedagogies or inten-
tional efforts to promote equity and inclusion in this course.
Students’ motivational beliefs and perception of the

inclusiveness of the learning environment were measured
using a validated survey. The Force Concept Inventory [110]
was used to measure students’ conceptual understanding of

introductory mechanics. Both the 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
deidentified 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. There were 1364 students participating our
study at the beginning of the course and 1203 students at the
end of the course. In this study, we focused on 1045 students
(382 female students and 663 male students) who completed
the survey and FCI test at both the beginning and end of the
course (matched students from pre to post) because we want
to investigate how students’ motivational beliefs and FCI
scores change from the beginning to the end of the course
and what role is played by students’ perception of the
inclusiveness of the learning environment in these changes.
Some possible reasons that some students did not take the
pre- or postsurvey or test include they did not attend the
recitations when the survey and test were implemented, or
they added or dropped the course after the survey and test
were implemented (the add-drop period is the first few
weeks of the course). There were no missing data in our
study except a couple of students forgetting to respond to
one survey item. 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, 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.

B. Survey instruments

In this study, our analysis includes three motivational
constructs (physics self-efficacy, physics interest, and
overall physics identity) and three perceptions of the
inclusiveness of the learning environment constructs (peer
interaction, perceived recognition, and sense of belonging).
The questions for each construct are listed in Table I. The
survey questions were adapted from existing motivational
research [89,133–138] and were revalidated in our prior
work [10,139–142]. The validation and refinement of the
survey involved use of one-on-one student interviews with
both introductory and advanced students [10,142–144],
exploratory and confirmatory factor analysis (EFA and
CFA) [145], Pearson correlation between different con-
structs, and Cronbach’s alpha [146,147].
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 ¼
0.69 for pre-self-efficacy and Cronbach’s alpha ¼ 0.80 for
post-self-efficacy [147]). 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
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(Cronbach’s alpha ¼ 0.75 for pre-interest, Cronbach’s
alpha ¼ 0.82 for postinterest). 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
will get a score from 1 to 4 accordingly. For example, if a
student finds physics very boring, he or shewill 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 overall physics identity in this survey (I see myself a
physics person). 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 [148]. We note that the use of the single item
(I see myself as a physics person) to measure students’

overall physics identity was adapted from previous studies of
Hazari et al. [3,80,149]. As noted earlier, prior studies
suggest that a single-item indicator is appropriate when
representing global constructs or when a holistic impression
is desired [78,79]. The single overall identity item (to which
degree individuals perceive themselves as a “type of
person”) has also been commonly adapted to study students’
disciplinary identity in many other areas such as math [86],
biology [150], chemistry [151], engineering [65], science
[152], and STEM overall [153]. Many of these studies
showed that the single item for disciplinary identity is highly
correlated with students’ career pursuits in the corresponding
area [77,154], which is aligned with prior research on the
relationship between identity and career pursuits. In addition,
prior studies showed that the single overall identity item is
also highly correlated with the weighted composite score of
the components of identity (such as self-efficacy, interest,
and perceived recognition) [150,153,154]. Therefore, in this

TABLE I. Survey items for each of the motivational constructs. The Cronbach alphas and CFA item loadings
(Lambda and p values of the significance test for each item loading) shown here were calculated with postdata.

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 alpha ¼ 0.80)
I am able to help my classmates with physics in the laboratory or in recitation 0.802 <0.001
I understand concepts I have studied in physics 0.828 <0.001
If I study, I will do well on a physics test 0.791 <0.001
If I encounter a setback in a physics exam, I can overcome it 0.723 <0.001

Physics interest (Cronbach’s alpha ¼ 0.82)
I wonder about how physics worksa 0.685 <0.001
In general, I find physicsb 0.899 <0.001
I want to know everything I can about physics 0.863 <0.001
I am curious about recent physics discoveries 0.743 <0.001

Physics perceived recognition (Cronbach’s alpha ¼ 0.86)
My family sees me as a physics person 0.920 <0.001
My friends see me as a physics person 0.927 <0.001
My physics TA and/or instructor see me as a physics person 0808 <0.001

Physics sense of belonging (Cronbach’s alpha ¼ 0.86)
I feel like I belong in this class 0.868 <0.001
I feel like an outsider in this class 0.767 <0.001
I feel comfortable in this class 0.877 <0.001
I feel like I can be myself in this class 0.641 <0.001
Sometimes I worry that I do not belong in this physics class 0.780 <0.001

Physics peer interaction (Cronbach’s alpha ¼ 0.91)
My experience and interaction with other students in this class…
Made me feel more relaxed about learning physics 0.750 <0.001
Increased my confidence in my ability to do physics 0.962 <0.001
Increased my confidence that I can succeed in physics 0.981 <0.001
Increased my confidence in my ability to handle difficult physics problems 0.904 < 0.001

aThe response options for this question are “never, once a month, once a week, every day.”
bThe response options for this question are “very boring, boring, interesting, very interesting”.
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study, we used this single item as holistic measure of
students’ physics identity.
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 identity, these three con-
structs are directly related to students’ interactions and
experience in the course. Perceived recognition included
three items which represent whether a student thinks other
people see them as a physics person [2,3,155] (Cronbach
alpha’s ¼ 0.86). Peer interaction, including four items,
represents whether students have a productive and enjoyable
experience when working with peers (Cronbach’s
alpha ¼ 0.91). Both perceived recognition and peer inter-
action have a four-point Likert response on the scale:
“strongly disagree, disagree, agree, and strongly agree.”
Sense of belonging is about students’ overall feelings of
whether they belonged in the physics class [127], 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 ¼ 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.

C. Quantitative analysis

In this study, we first calculated the mean score for each
construct for each student. We note that in our previous
study [124], we checked the response option distances for
our survey constructs by using item response theory (IRT)
to support the use of means across ratings [156,157]. 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 [158,159]. Some items have
response scales of “strongly disagree, disagree, agree, and
strongly agree,” some items have response scale “NO!, no,
yes, YES!”, and the other items have response scale “not at
all true, a little true, somewhat true, mostly true and
completely true.” 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 1.23 and 1.56. For the second
group—“NO!, no, yes, YES!”—the difference between
the location parameters were 1.32 and 1.98. For the third
group—“not at all true, a little true, somewhat true, mostly
true, and completely true,” the difference between the
location parameters were 0.88 and 0.94. 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
[156,159]. Furthermore, we estimated the IRT-based scores
with expected a posteriori (EAP) computation method for
each construct. The results show that the correlation
coefficients between the mean scores and the IRT-based
scores are >0.95 for all constructs studied, which also
indicates that the use of mean scores is reasonable [156].
Before investigating the gender differences in the con-

structs studied and the changes in these constructs from the
beginning to the end of the course, we first examined the
distributions of the collected data (see Appendices A and B),
which is important for choosing appropriate analysis method
[160,161]. The distributions of academic data (including
high school GPA, SAT math score, and pre- and post-FCI
score) are presented via graphs (Appendix A), and the
distributions of students’ responses to the Likert scale survey
items are presented via tables (Appendix B). The results of
the Shapiro-Wilk tests suggest that students’ high school
GPA, SAT math score, pre- and post-FCI score are not
normally distributed. Therefore, we used theWilcoxon rank-
sum test to estimate the gender differences in the constructs
studied. The Wilcoxon rank-sum test is commonly used to
compare two independent samples when normality
assumption is not satisfied or the data are ordinal [162].
We used the Wilcoxon signed-rank test to estimate the
changes in students’ responses to the survey and their FCI
scores from the beginning to the end of the course. The
Wilcoxon signed-rank test is commonly used to compare
two matched samples when normality assumption is not
satisfied or the data are ordinal [162].
Then, we used the R [163] software package “lavaan” to

conduct structural equation modeling [164] to study how
students’ perception of the inclusiveness of learning envi-
ronment 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 motivational
beliefs and FCI scores at the beginning of the course. SEM is
a multivariate statistical analysis technique that is used to
model the relations between measured variables (items) and
latent variables (factors), or between multiple latent varia-
bles. This technique is the combination of confirmatory
factor analysis (which tests test how well the measured
variables represent the latent variables) and path analysis
(which estimates the regression relationships between latent
variables). 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 statistical
power. Another 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.
The assumptions associated with SEM include: correct

model specification, sufficiently large sample size, and no
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systematic missing data [165–167]. Our study is based on
the identity model in which students’ overall physics identity
is predicted by their perceived recognition, self-efficacy, and
interest. This model has been examined by many prior
studies [3,65,82,124]. According to Kline, a typical sample
size in studies where SEM is used is about 200 [165], so the
sample size of our study (N ¼ 1045) is sufficiently large for
SEM. Moreover, since we focus on students who partici-
pated both presurvey and postsurvey (matched students from
pre to post), 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 (which is also
called confirmatory factor analysis) is also very important
for performing full SEM [168]. As we will discuss in the
next paragraph, our data fit the measurement model very
well. Moreover, Table I shows that almost all factor loadings
are higher than 0.7, which is considered as satisfactory
[168]. This means that the constructs extract sufficient
variance from the observed variables, which allows us to
perform full SEM [169]. In this study, we used diagonally
weighted least square (DWLS) to estimate parameters.
DWLS estimation is commonly used to analyze ordinal
variables and has also been shown to produce unbiased
parameters estimates with great statistical power for non-
normal data [170,171].
As noted earlier, the SEM includes two parts: confirma-

tory factor analysis and path analysis. First, we performed
the CFA for each construct. When performing the CFA
model, the program automatically fixed the unstandardized
loading of the first specified indicator for each construct to
1.0 to assign the corresponding factor a scale. Similarly, the
unstandardized loading of the single indicator for overall
physics identity was also automatically fixed to 1.0, which
is consistent with the suggestions of Kline [165]. As Kline
noted, by fixing the unstandardized loading to 1.0, the scale
of the latent variable is set equal to the scale of the indicator
variable. The model fit is good if the fit parameters are
above certain thresholds. In CFA, comparative fit index
ðCFIÞ > 0.9, Tucker-Lewis index ðTLIÞ > 0.9, root mean
square error of approximation ðRMSEAÞ < 0.08 and
standardized root mean square residual ðSRMRÞ < 0.08
are considered acceptable and RMSEA < 0.06 and
SRMR < 0.06 are considered a good fit [172]. In our
study, CFI ¼ 0.979, TLI ¼ 0.975, RMSEA ¼ 0.051, and
SRMR ¼ 0.044, which represents a good fit. This result
provides quantitative support for us to organize the motiva-
tional constructs as proposed.
Before performing the path analysis, we calculated the

pairwise correlations between each pair of constructs
(see Table II) [146]. The correlation coefficients were
calculated using R software package “lavaan” with
DWLS estimator, which is commonly used to estimate
correlations between variables when categorical variables
are involved [173,174]. As shown in Table II, there are
relatively strong correlations among students’ motivational TA

B
L
E
II
.

C
or
re
la
tio

ns
be
tw
ee
n
th
e
co
ns
tr
uc
ts

in
th
e
m
ed
ia
tio

n
m
od
el
.

O
bs
er
ve
d
va
ri
ab
le

1
2

3
4

5
6

7
8

9
10

11
12

1.
SA

T
m
at
h

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

2.
H
S
G
PA

0.
22

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

3.
O
ve
ra
ll
ph
ys
ic
s
id
en
tit
y

0.
10

**
−0

.0
8
*

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

4.
Pr
e-
FC

I
0.
36

0.
11

0.
42

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

5.
Pr
e-
se
lf
-e
ff
ic
ac
y

0.
16

0.
07

*
0.
57

0.
36

��
�

��
�

��
�

��
�

��
�

��
�

��
�

��
�

6.
Pr
e-
in
te
re
st

−0
.0
1
ns

−0
.1
1
**

0.
64

0.
31

0.
62

��
�

��
�

��
�

��
�

��
�

��
�

��
�

7.
Po

st
-F
C
I

0.
33

0.
12

0.
38

0.
77

0.
34

0.
27

��
�

��
�

��
�

��
�

��
�

��
�

8.
Po

st
-s
el
f-
ef
fi
ca
cy

0.
19

0.
03

ns
0.
72

0.
49

0.
61

0.
44

0.
45

��
�

��
�

��
�

��
�

��
�

9.
Po

st
-i
nt
er
es
t

−0
.0
1
ns

−0
.1
5

0.
75

0.
32

0.
48

0.
90

0.
31

0.
62

��
�

��
�

��
�

��
�

10
.
Pe
rc
ei
ve
d
re
co
gn
iti
on

0.
15

−0
.0
1
ns

0.
88

0.
44

0.
52

0.
58

0.
41

0.
74

0.
68

��
�

��
�

��
�

11
.
Pe
er

in
te
ra
ct
io
n

0.
14

0.
03

ns
0.
54

0.
25

0.
40

0.
31

0.
23

0.
68

0.
46

0.
52

��
�

��
�

12
.
Se
ns
e
of

be
lo
ng
in
g

0.
22

0.
05

ns
0.
65

0.
40

0.
46

0.
38

0.
39

0.
80

0.
53

0.
65

0.
68

��
�

p
va
lu
es

ar
e
in
di
ca
te
d
by

**
fo
r
0
.0
0
1
≤
p
<

0
.0
1
,
*
fo
r
0
.0
1
≤
p
<

0
.0
5,

an
d

ns
fo
r
p
>

0
.0
5.

A
ll
th
e
ot
he
r
co
rr
el
at
io
n
co
ef
fi
ci
en
ts

ha
ve

p
<

0
.0
0
1
.

INCLUSIVE LEARNING ENVIRONMENTS … PHYS. REV. PHYS. EDUC. RES. 18, 020147 (2022)

020147-9



beliefs, while the correlation between motivational beliefs
and SAT math or high school GPA are relatively small.
We note that in Table II, there are several very strong
correlations. For example, the correlation coefficient
between overall physics identity and perceived recognition
is 0.88, which is consistent with Godwin et al. and
Kalender et al.’s prior work [65,124] showing that per-
ceived recognition is the largest predictor of overall physics
identity. Another large correlation coefficient is between
students’ post-self-efficacy and sense of belonging, which
is 0.80. 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 [175].
To analyze the relations among the constructs, we

performed the path analysis. The path analysis in SEM
gives regression coefficients β for paths between each pair
of constructs and the value of each β is a measure of the
strength of that relationship. 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 con-
structs using multigroup SEM (to investigate any inter-
action 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 C for detailed multigroup SEM
analysis results).
Because many quantitative studies have shown that

perceived recognition is a strong predictor of students’
motivational beliefs and overall physics identity
[124,176–178], all of the models shown in this paper
include perceived recognition as one of the inclusiveness of
the learning environment constructs. To understand the role
played by each inclusiveness of learning environment
construct, we first considered a model (model 1) with
perceived recognition as the only inclusiveness of learning
environment construct to investigate how students’ motiva-
tional outcomes and FCI scores at the end of the course are
predicted by it. Then, in model 2 we added peer interaction
and in model 3 we added sense of belonging as additional
constructs in the inclusiveness of learning environment to
study whether adding these constructs helps to explain
extra variance in the outcome constructs compared with
model 1. Finally, we included all three inclusiveness of
learning environment components in our model (model 4)
to study how each component predicts the course outcomes
after controlling for the effects of the other two compo-
nents. Moreover, we compared the model fit indices of the
four models and the variance in each outcome construct

explained by each model to understand the role played by
each inclusiveness of learning environment component and
to determine if all three components are productive.

VI. RESULTS

A. Gender differences in students’ motivational
beliefs and FCI scores

Table III shows the descriptive statistics of students’
physics interest, physics self-efficacy, and FCI scores,
along with the results of Wilcoxon rank-sum tests for
gender differences and Wilcoxon signed-rank tests for
changes from the beginning to the end of the course.
Cohen suggested that typically values of 0.1, 0.3, and 0.5
represent small, medium, and large effect sizes for
Wilcoxon rank-sum tests and Wilcoxon signed-rank tests
[179]. As shown in Table III, female students had signifi-
cantly lower average interest, self-efficacy, and FCI scores
than male students, and the effect size of gender difference
in self-efficacy increased from 0.15 to 0.24 by the end of
the course. In addition, Table III shows that both male and
female students’ interest and self-efficacy dropped gener-
ally from pre to post, and the decrease in female students’
interest and self-efficacy dropped (effect size is −0.21 for
interest −0.29 for self-efficacy) even more than male
students’ (effect size is −0.16 for interest and −0.17 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 IV shows the descriptive statistics of students’

perception of the inclusiveness of the learning environment
(including peer interaction, perceived recognition, and
sense of belonging) and overall physics identity. As shown
in Table IV, female students had significantly lower average
scores in all of the four constructs than male students.
These results indicate that, in the current learning envi-
ronment, 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 others see them as a physics person, and they did not
see themselves as a physics person either. In Appendix B,
we report the percentages of students who selected each
choice for each survey item, which show consistent results
with the descriptive statistics shown in Tables III and IV.
Table V shows the descriptive statistics of students’ high

school GPA and SAT math scores. As shown in Table V,
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.

B. SEM path models

In this section, we describe results of the structural
equation modeling carried out to investigate how students’
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perception of the inclusiveness of the learning environment
predicts their motivational beliefs and FCI scores at the end
of the course. As noted earlier, we first considered a model
(model 1) in which perceived recognition was the only
inclusiveness of learning environment construct. Then we
added peer interaction (model 2) or sense of belonging
(model 2) to the inclusiveness of learning environment
one by one to analyze how each helped to predict students’
self-efficacy, interest, overall physics identity, and FCI
scores at the end of the course. Finally, we included all

three constructs in our model (model 4) and studied how
these constructs mediated the outcomes together and what
role was played by each of them.

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 Fig. 2. The model fit indices suggest a good fit to
the data: CFI ¼ 0.987 (>0.90), TLI ¼ 0.986 (>0.90),
RMSEA ¼ 0.051 (<0.08) and SRMR ¼ 0.053 (<0.08).
The solid lines represent regression paths and the num-
bers on the lines are regression coefficients (β values),
which represent the strength of the regression relations. As
shown in Fig. 2, perceived recognition directly predicts
students’ FCI scores, self-efficacy, interest, and overall
physics identity at the end of the course. The direct effect
of perceived recognition on post-self-efficacy (β ¼ 0.48)
is even larger than that of pre-self-efficacy (β ¼ 0.27).
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

TABLE IV. Descriptive statistics of peer interaction, perceived recognition, sense of belonging, and overall
physics identity for female and male students, along with the results of Wilcoxon rank-sum tests for gender
differences.

Gender
Peer

interaction (1–4)
Perceived

recognition (1–4)
Sense of

belonging (1–5)
Overall

physics identity (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
Effect size 0.20 0.21 0.20 0.24

TABLE III. Descriptive statistics of pre- and postinterest, self-efficacy (SE), and FCI scores for female and male students, along with
the results of Wilcoxon rank-sum tests for gender differences and Wilcoxon signed-rank tests for changes from the beginning to the end
of the course. Cohen suggested that typically values of 0.1, 0.3, and 0.5 represent small, medium, and large effect sizes for Wilcoxon
rank-sum tests and Wilcoxon signed-rank tests [179]. Hake suggested that values of g < 0.3, 0.3 < g < 0.7, and g > 0.7 represent
small, medium, and large normalized gains [180]. A minus sign indicates that students’ average score decreased from pre to post.

Pre-Interest (1–4) Post-Interest (1–4) Statistics Pre-SE (1–4) Post-SE (1–4) Statistics

Gender Mean Mean Effect size p value Mean Mean Effect size p value

Male 3.19 3.07 −0.16 <0.001 3.12 2.98 −0.17 <0.001
Female 2.89 2.73 −0.21 <0.001 2.96 2.70 −0.29 <0.001
p value <0.001 <0.001 <0.001 <0.001
Effect size 0.25 0.26 0.15 0.24

Pre-FCI Post-FCI Statistics

Gender Mean Mean Normalized gain (g) Effect size p value

Male 62% 73% 0.29 0.45 <0.001
Female 47% 60% 0.25 0.48 <0.001
p value <0.001 <0.001
Effect size 0.33 0.30

TABLE V. Descriptive statistics of female and male students’
high school GPA and SAT math scores, along with the results of
Wilcoxon rank-sum tests for gender differences. A minus sign
indicates that female students have a higher average score than
male students.

Mean

Grades (Score Range) Male Female p value Effect size

High school GPA (0-5) 4.10 4.25 <0.001 −0.19
SAT math (400-800) 701 694 0.188 0.04
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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 (β ¼ 0.22) and the regression coefficient from
perceived recognition to post-self-efficacy (β ¼ 0.48),
which gives us 0.22 × 0.48 ¼ 0.11. Similarly, the direct
effect from pre-interest to postinterest is β ¼ 0.77, and the
indirect effect is 0.37 × 0.22 ¼ 0.08 Consistent with
Godwin et al. and Kalender et al.’s prior work [65,124],
Fig. 2 shows that overall physics identity is mainly
predicted by self-efficacy, interest, and perceived recog-
nition, 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 (β ¼ −0.18), which means that
female students on average had a somewhat higher high
school GPA than male students. This is consistent with the
results shown in Table V.

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
Fig. 3. This model also fits the data very well.
CFI ¼ 0.988 (>0.90), TLI ¼ 0.987 (>0.90), RMSEA ¼
0.047 (<0.08), and SRMR ¼ 0.051 (<0.08). The results
show that students’ peer interaction directly predicts their
post-self-efficacy (β ¼ 0.38) and postinterest (β ¼ 0.18),

and it also mediates the effect from pre-self-efficacy to
post-self-efficacy with indirect regression coefficient
0.37 × 0.38 ¼ 0.14. We note that the direct effects of
perceived recognition on post-self-efficacy and postinterest
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 [181]. 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 postinterest, so the
regression coefficients decreased. We note that the direct
effect of perceived recognition on post-FCI becomes
statistically insignificant in model 2. On the other hand,
the regression coefficients from perceived recognition,
post-self-efficacy, and postinterest to overall physics iden-
tity are similar to those in model 1.

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
Fig. 4. The model also fits the data well [CFI ¼ 0.979
(>0.90), TLI ¼ 0.977 (>0.90), RMSEA ¼ 0.054 (<0.08),
and SRMR ¼ 0.053 (<0.08)]. As shown in Fig. 4, stu-
dents’ sense of belonging directly predicts their post-FCI
scores, post-self-efficacy, and postinterest. Similarly,
because there is a correlation between sense of belonging

FIG. 2. Schematic diagram of the path analysis part of the structural equation modeling (model 1) between gender and overall 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 β value (standardized regression coefficient) with 0.01 ≤ p < 0.05 indicated by * and
0.001 ≤ p < 0.01 indicated by **. All the other regression lines show relations with p < 0.001.
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and perceived recognition, the correlated effect of sense of
belonging was controlled for when estimating the regres-
sion coefficients from perceived recognition to the outcome
constructs, and thus the direct effects of perceived recog-
nition on post-FCI scores, post-self-efficacy, and post-
interest became weaker or insignificant compared with
those in model 1. On the other hand, the regression
coefficients from perceived recognition, post-self-efficacy,
and post-interest to overall physics identity are also similar
to those in models 1 and 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 5 shows the results visually. The model
also fits the data very well [CFI ¼ 0.982 (>0.90), TLI ¼
0.981 (>0.90), RMSEA ¼ 0.049 (<0.08) and SRMR ¼
0.051 (<0.08)]. As shown in Fig. 5, post-self-efficacy is
directly predicted by all three inclusiveness of learning
environment constructs, and sense of belonging is the

FIG. 4. Schematic diagram of the path analysis part of the structural equation modeling (model 3) between gender and overall 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 β value (standardized regression coefficient) with 0.01 ≤ p < 0.05
indicated by * and 0.001 ≤ p < 0.01 indicated by **. All the other regression lines show relations with p < 0.001.

FIG. 3. Schematic diagram of the path analysis part of the structural equation modeling (model 2) between gender and overall 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 β value (standardized regression coefficient) with 0.01 ≤ p < 0.05
indicated by * and 0.001 ≤ p < 0.01 indicated by **. All the other regression lines show relations with p < 0.001.
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largest predictor. Postinterest is predicted by perceived
recognition and sense of belonging, and post-FCI is
predicted by sense of belonging. Similar to models 1–3,
students’ overall physics identity is directly predicted by
perceived recognition, post-self-efficacy, and postinterest,
and perceived recognition is the largest predictor.
Although Tables III and IV show that there were large

gender differences disadvantaging women in students’ FCI
scores, self-efficacy, interest, and overall physics 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.

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 premotivational beliefs and
FCI scores on postmotivational 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 VI. For example,
there are three different indirect paths from pre-self-efficacy
to post-self-efficacy mediated through peer interaction,
perceived recognition, and sense of belonging, respectively.
The indirect effect of pre-self-efficacy on post-self-efficacy
can be calculated by adding these three paths together
(β¼0.44×0.18þ0.22×0.20þ0.41×0.42¼0.30), which
is larger than the direct effect of pre-self-efficacy on

TABLE VI. Regression coefficients (β) of direct and indirect
paths for the four outcome constructs predicted by various
predictors in model 4.

Outcome Predictor Direct Indirect Total

Post FCI SAT Math 0.00 0.28 0.28
High school GPA 0.00 0.08 0.08
Pre-FCI 0.79 0.02 0.81
Pre-self-efficacy 0.00 0.03 0.03
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 0.08 0.00 0.08

Post self-efficacy SAT Math 0.00 0.20 0.20
High school GPA 0.00 0.03 0.03
Pre-FCI 0.12 0.14 0.26
Pre-self-efficacy 0.19 0.30 0.49
Pre-interest 0.00 0.07 0.07
Peer interaction 0.18 0.00 0.18
Perceived recognition 0.20 0.00 0.20
Belonging 0.42 0.00 0.42

Postinterest SAT Math 0.00 0.05 0.05
High school GPA 0.00 0.01 0.01
Pre-FCI 0.00 0.07 0.07
Pre-self-efficacy 0.00 0.11 0.11
Pre-interest 0.74 0.04 0.78
Peer interaction 0.00 0.00 0.00
Perceived recognition 0.10 0.00 0.10
Belonging 0.22 0.00 0.22

Overall physics
identity

SAT Math 0.00 0.12 0.12
High school GPA 0.00 0.02 0.02
Pre-FCI 0.00 0.19 0.19
Pre-self-efficacy 0.00 0.25 0.25
Pre-interest 0.00 0.42 0.42
Peer Interaction 0.00 0.04 0.04
Perceived recognition 0.49 0.07 0.56
Belonging 0.00 0.16 0.16

FIG. 5. Schematic diagram of the path analysis part of the structural equation modeling (model 4) between gender and overall 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 β value (standardized regression coefficient) with
0.01 ≤ p < 0.05 indicated by * and 0.001 ≤ p < 0.01 indicated by **. All the other regression lines show relations with p < 0.001.

LI and SINGH PHYS. REV. PHYS. EDUC. RES. 18, 020147 (2022)

020147-14



post-self-efficacy (β ¼ 0.19). We note that the direct effect
of students’ sense of belonging on post-self-efficacy
(β ¼ 0.42) is almost the same as the total effect of pre-
self-efficacy on post-self-efficacy (β ¼ 0.49). 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 (β ¼ 0.22) and perceived recognition
(β ¼ 0.10). Similarly, even though post-FCI is mainly
predicted by pre-FCI, it is also predicted by sense of
belonging with β ¼ 0.08. Even though Fig. 5 shows that
perceived recognition is the only inclusiveness of learning
environment construct that predicts overall physics identity,
Table VI shows that students’ sense of belonging also
indirectly predicts their overall physics identity with
β ¼ 0.16.

6. Comparison between models

To further understand the role played by each inclusive-
ness of learning environment construct in predicting the
outcome constructs, we compared the four SEM models
discussed earlier. As shown in Table VII, first, we sum-
marize the regression coefficients from perceived recog-
nition, peer interaction, and sense of belonging to the
outcome constructs in the four models. Then, we calculated
the coefficients of determination R2 (fraction of variance

explained) for each outcome construct in the four models.
Finally, we summarize the fit indices for each model. The
model fit is good if the fit parameters are above certain
thresholds. In particular, CFI > 0.9, TLI > 0.9, RMSEA <
0.08; and SRMR < 0.08 are considered as acceptable and
RMSEA < 0.06 and SRMR < 0.06 are considered as a
good fit [172]. As shown in Table VII, the four models have
very comparable fit indices and they all fit the data verywell.
By comparing the regression coefficients from different

inclusiveness of learning environment constructs to post-
FCI in the four models, we find that perceived recognition
is a direct predictor of post-FCI in model 1, while this effect
is no longer statistically significant in models 2–4 after
controlling for peer interaction or sense of belonging. On
the other hand, we note that the direct effect from sense of
belonging to post-FCI is statistically significant even after
controlling for both perceived recognition and peer inter-
action in model 4. In addition, Table VII shows that
although all three inclusiveness of learning environment
factors are significant predictors of students’ post-self-
efficacy, sense of belonging is always the largest predictor
compared when it is included in the model. We note that in
all four models, perceived recognition is a direct predictor
of students’ overall physics identity, while the direct effects
of sense of belonging and peer interaction are not statis-
tically significant.

TABLE VII. Summary of the regression coefficients from learning environment components to outcome
constructs, coefficient of determination (R2) for various outcome constructs, and model fit indices for different
models with different combinations of perceived recognition (Recog), peer interaction, and sense of belonging (Bel)
as predictors. All regression coefficients shown are statistically significant. ns represents not statistically significant.
All R2 values are significant with p values <0.001.

Regression coefficients from learning environment components to outcome constructs

Model 1 Model 2 Model 3 Model 4

Recog Recog Peer Recog Bel Recog Peer Bel

Post-FCI 0.06 ns ns ns 0.07 ns ns 0.08
Post-self-efficacy 0.48 0.32 0.38 0.22 0.52 0.20 0.18 0.42
Post-interest 0.22 0.14 0.18 0.11 0.20 0.10 ns 0.22
Overall physics identity 0.52 0.51 ns 0.50 ns 0.49 ns ns

Coefficient of determination (R2) for different outcome constructs

Model 1 Model 2 Model 3 Model 4

Post-FCI 0.68 0.68 0.68 0.68
Post-self-efficacy 0.60 0.70 0.75 0.77
Post-interest 0.82 0.82 0.82 0.82
Overall physics identity 0.79 0.80 0.79 0.80

Fit indices

Model 1 Model 2 Model 3 Model 4

CFI 0.987 0.988 0.979 0.982
TLI 0.986 0.987 0.977 0.981
RMSEA 0.051 0.047 0.054 0.049
SRMR 0.053 0.051 0.053 0.051
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Next, we compared the coefficients of determination R2

(fraction of variance explained) for each outcome construct
in the four models. We find that in all four models, R2 values
of outcome constructs are reasonably high, which means that
our models have explained much of the variance in them. In
particular, we note that the R2 values of post-FCI, post-self-
efficacy, and post-interest are almost the same across differ-
ent models. That means that each model can explain 68% of
the variance in post-FCI, around 82% of the variance in
postinterest, and 80% of the variance in overall physics
identity. On the other hand, different models explain differ-
ent amount of variance in post-self-efficacy. In particular, 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. Table VII shows that model
4 has the largest R2 value for post-self-efficacy compared
with the other three models, which means that model 4 can
best explain the variance in post-self-efficacy. Considering
that there are only very small differences between different
models’ fit indices, we believe that model 4, which includes
all three inclusiveness of learning environment constructs, is
most productive.

VII. SUMMARY AND DISCUSSION

In this study, we focused on students’ physics motiva-
tional beliefs and FCI scores in a college calculus-based
introductory physics course at a large public research
university. We studied how students’ perception of the
inclusiveness of the learning environment—including
peer interaction, perceived recognition, and sense of
belonging—predicts students’ motivational beliefs and
FCI scores at the end of the course after controlling for
their gender, high school performance, and motivational
beliefs and FCI scores at the beginning of the course.
In response to RQ2, our results show that the inclusive-

ness of the learning environment statistically significantly
predicts students’ motivational beliefs and FCI scores at
the end of the course. There was no statistically significant
gender difference in the relationship between any two
constructs in the models (RQ3). Moreover, even though
we found that there are statistically significant gender
differences disadvantaging women in self-efficacy, interest,
overall physics identity and FCI scores at the end of the
course (RQ1), gender only directly predicts the controlled
factors and inclusiveness of learning environment con-
structs and does not directly predict any outcome constructs
(RQ4). This implies 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, overall physics
identity and FCI scores are also influenced by their
perception of the inclusiveness of learning environment
[182]. Furthermore, 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 (RQ1). 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 contrib-
ute 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 [24]. In addition, nonsuppor-
tive 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 [124].
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 response to RQ5,
we found that perceived recognition contributed most to
predicting overall physics identity, and sense of belonging
contributed most to predicting self-efficacy. We note that
even though peer interaction has a smaller direct effect on
the outcome constructs compared with perceived recog-
nition and sense of belonging, 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 correlation between
peer interaction and the other two 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). For
example, prior studies have hinted at the fact that the
learning environment is an interconnected ecological sys-
tem rather than the simple sum of its parts [183]. Moreover,
we note that the model including all three inclusiveness
of learning environment constructs can best explain the
variance in outcome constructs compared with the other
three models studied. Therefore, we believe the model
including all three inclusiveness of learning environment
constructs is most productive (RQ6).
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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, contributes 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 perfor-
mance). As noted, the perception of the inclusiveness of
the learning environment directly predicts students’motiva-
tional outcomes and post-FCI scores, so it is reasonable to
expect that a more inclusive 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 traditionally marginalized stu-
dents such as women in physics. For example, instructors
can provide students with opportunities to engage in
different types of interaction, such as setting up study
groups or assigning collaborative tasks [184]. However,
instructors need to keep in mind how 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 stereo-
type about physics is that it requires a natural ability
to excel [185,186]. Studies have shown that the idea of
ability being fixed and unchangeable can increase students’
concerns about belonging, especially for students from
traditionally marginalized groups such as women in
physics who have few role models [187,188]. Thus, it is
critical to build a learning environment that emphasizes
that abilities are malleable and can be changed through

deliberate practice and effort [189]. Instructors can also
show students nonstereotypical role models from diverse
demographic groups, personalities, and interest in different
contexts since this has been shown to increase students’
sense of belonging [190,191]. 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 challeng-
ing task to students in small groups that makes them feel
valued [192]. 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 [185,186].

VIII. LIMITATIONS AND FUTURE DIRECTIONS

In this study, we discussed how students’ perception of
the inclusiveness of the learning environment predicts
female and male students’ motivational beliefs and FCI
scores in the introductory calculus-based physics course.
This study is a field study, in which we did not have
experimental manipulation or intervention with random
assigned control groups to investigate the effect of students’
perception of inclusiveness of the learning environment.
We did use hierarchical linear modeling (HLM) to test the
instructor level effects on students’motivational beliefs and
the results show that the instructor level effects can be
ignored [193]. In future, it would be valuable to conduct
controlled studies to further investigate the role played by
inclusiveness of learning environment. In addition, this
study is based on students’ self-reported responses to a
survey with Likert scale response options. It would be
helpful to interview more students to get a deeper
qualitative understanding of what they experienced during
the learning process in the course, and how their experi-
ences affected their motivational beliefs and learning
outcomes.
In this study, we used a single item as a holistic measure

of students’ overall physics identity, which may not
capture the full complexity of physics identity. Even
though this item is commonly used in studies involving
physics identity [65,80–82], it would be helpful in future
studies to develop more survey items for physics identity
construct. In addition, in this study, we focused on
students’ perception of the inclusiveness of the learning
environment, which could be different from the percep-
tions of instructors or TAs or a third party who observes
the course. Future studies can investigate the roles played
by the perceptions of different groups of people in
predicting students’ course outcomes, which may be also
helpful in developing a better understanding of how to
build an inclusive learning environment.
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This study was conducted in a traditionally taught
introductory calculus-based physics course. It would be
interesting to investigate students’ perception of the inclu-
siveness of the learning environment in courses with
different class formats and teaching approaches, such as
active engagement pedagogies. It would also be valuable to
conduct similar studies in the classes in which there is an
intentional focus on equity and inclusion and compare the
results with those of the current study. Future studies
can also investigate the inclusiveness of the learning
environment in other courses, such as algebra-based
physics courses, where women are often the majority
group, or advanced physics courses beyond the first year,
which are typically taken by physics majors. In the future
studies, we also intend to carry out similar investigations
accounting for intersectional perspectives, e.g., with female
and male students from different ethnic or racial groups and
how their perceptions of the inclusiveness of learning
environment predict their course outcomes. In addition,

our study was conducted in a large public research
university in the U.S. Similar studies in different types
of institutions such as small colleges and universities in the
U.S. and in other countries would also be helpful for
developing a deeper understanding of the relationships
between students’ perceptions of the inclusiveness of
learning environment and their course outcomes.
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APPENDIX A: DATA DISTRIBUTION

The figure below (Fig. 6) presents the distributions of
students’ high school GPA, SAT math scores, pre-FCI
scores and post-FCI scores.

(a) High school GPA (b) SAT math scores

(c) Pre-FCI scores (d) Post-FCI scores

FIG. 6. Graphs of the distributions of (a) high school GPA, (b) SAT math score, (c) pre-FCI scores, and post-FCI scores.
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APPENDIX B: PERCENTAGES OF STUDENTS
WHO SELECTED EACH CHOICE

FOR EACH SURVEY ITEM

In the main text, we discussed how students’ motiva-
tional beliefs change from the beginning (pre) to the end
(post) of the course by comparing their average scores on
the pre- and postmotivational constructs. Here, we present

the percentages of female and male students who selected
each answer choice from a Likert scale for each survey item
(Tables VIII–XI). 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.

TABLE VIII. 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 postsurvey, which have the response scale: 1 ¼ NO!, 2 ¼ no,
3 ¼ yes, and 4 ¼ YES!.

Pre Post

Survey items 1 2 3 4 1 2 3 4

Female SE1 7% 29% 54% 10% 9% 30% 55% 6%
SE2 1% 11% 75% 12% 4% 16% 71% 8%
SE3 1% 4% 64% 31% 5% 28% 54% 13%
SE4 1% 10% 70% 19% 5% 24% 61% 10%

Male SE1 3% 25% 60% 12% 4% 22% 63% 11%
SE2 1% 8% 71% 21% 1% 10% 70% 19%
SE3 1% 3% 55% 41% 2% 14% 56% 28%
SE4 0% 7% 69% 24% 2% 16% 66% 16%

TABLE IX. 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. Interest1 has the response scale: 1 ¼ Never, 2 ¼ Once a month,
3 ¼ Once a week, 4 ¼ Every day”. Interest2 has the response scale: 1 ¼ Very boring, 2 ¼ boring, 3 ¼ interesting,
4 ¼ Very interesting. The other two items have the response scale: 1 ¼ NO!, 2 ¼ no, 3 ¼ yes, and 4 ¼ YES!.

Pre Post

Survey items 1 2 3 4 1 2 3 4

Female Interest1 8% 36% 41% 15% 8% 20% 47% 25%
Interest2 3% 14% 64% 20% 6% 19% 62% 13%
Interest3 2% 26% 55% 17% 6% 41% 42% 10%
Interest4 1% 23% 57% 19% 7% 30% 50% 12%

Male Interest1 4% 22% 43% 31% 3% 12% 41% 44%
Interest2 1% 5% 62% 32% 2% 8% 61% 28%
Interest3 1% 12% 55% 32% 3% 22% 49% 25%
Interest4 1% 13% 64% 23% 3% 20% 52% 25%

TABLE X. 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 ¼ strongly disagree, 2 ¼ disagree, 3 ¼ agree, and 4 ¼ strongly agree.

Female Male

Survey items 1 2 3 4 1 2 3 4

Peer1 6% 17% 60% 17% 2% 17% 55% 26%
Peer2 8% 26% 57% 10% 3% 17% 58% 22%
Peer3 8% 29% 53% 10% 3% 20% 55% 22%
Peer4 8% 33% 50% 8% 4% 22% 56% 19%
Recognition1 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%
Identity1 21% 45% 28% 6% 9% 35% 42% 15%
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As shown in Table VIII, 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 IX shows similar shifts in students’
responses to the survey items under interest. These results
are consistent with the descriptive statics shown in Table III,
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 Tables III and IV
showing that there were statistically significant gender
differences in all motivational constructs studied.

APPENDIX C: MODERATION ANALYSIS

We conducted a moderation analysis to test whether
gender moderates the relationship between any two con-
structs 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 [163] software package “lavaan” to conduct
multigroup 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 multigroup
analysis. The analysis involved introducing certain con-
straints 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 ðΔχ2Þ ¼ 25.001, degree of freedom difference
ðΔdofÞ ¼ 21, and nonsignificant p ¼ 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 (Δχ2 ¼ 27.924, Δdof ¼ 21 ¼ 21, p ¼ 0.1423) or
the freely estimated model (Δχ2 ¼ 52.925, Δdof ¼ 42,
p ¼ 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 significant difference
from the scalar measurement model (Δχ2 ¼ 60.908,
Δdof ¼ 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 multigroup 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, sowe reported the model where regression pathways
are equal for men and women. The model fit parameters
for this case were acceptable (RMSEA ¼ 0.056, SRMR ¼
0.058, CFI ¼ 0.914, TLI ¼ 0.910). The multigroup SEM
results suggest that regression pathways among the constructs
do not have differences across gender when we compared
to the freely estimated model (Δχ2 ¼ 93.438, Δdof ¼ 74,
p ¼ 0.063) or to the scalar model (Δχ2 ¼ 40.513,
Δdof ¼ 32, p ¼ 0.1437).

TABLE XI. 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 ¼ not at all true, 2 ¼ a little true,
3 ¼ somewhat true, 4 ¼ mostly true, and 5 ¼ completely true.

Female Male

Survey items 1 2 3 4 5 1 2 3 4 5

Belonging1 10% 15% 30% 30% 14% 4% 9% 28% 35% 24%
Belonging2 4% 8% 21% 37% 31% 2% 5% 11% 34% 48%
Belonging3 11% 22% 30% 29% 8% 5% 16% 31% 33% 15%
Belonging4 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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