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Abstract 

Background: Motivational factors are one active area of research that aims to increase the inclusion of women in 
physics. One of these factors that has only recently gained traction in physics is intelligence mindset (i.e., the belief 
that intelligence is either innate and unchangeable or can be developed). We studied 781 students in calculus-based 
Physics 1 to investigate if their mindset views were separable into more nuanced dimensions, if they varied by gen-
der/sex and over time, and if they predicted course grade. Confirmatory factor analysis was used to divide mindset 
survey questions along two dimensions: myself versus others and growth versus ability aspects of mindset. Paired and 
unpaired t-tests were used to compare mindset factors over time and between genders, respectively. Multiple regres-
sion analysis was used to find which mindset factors were the best predictors of course grade.

Results: This study shows that intelligence mindset can be divided into four factors: My Ability, My Growth, Others’ 
Ability, and Others’ Growth. Further, it reveals that gender differences are more pronounced in the “My” categories 
than the “Others’” categories. At the start of the course, there are no gender differences in any mindset component, 
except for My Ability. However, gender differences develop in each component from the start to the end of the 
course, and in the My Ability category, the gender differences increase over time. Finally, we find that My Ability is the 
only mindset factor that predicts course grade.

Conclusion: These results allow for a more nuanced view of intelligence mindset than has been suggested in previ-
ous interview and survey-based work. By looking at the differences in mindset factors over time, we see that learning 
environments affect women’s and men’s intelligence mindsets differently. The largest gender difference is in My Abil-
ity, the factor that best predicts course grade. This finding has implications for developing future mindset interven-
tions and opens new opportunities to eliminate classroom inequities.

Keywords: Gender, Physics, Mindset, Motivation, Course performance

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

Introduction
Improving the diversity in postsecondary science, tech-
nology, engineering, and mathematics (STEM) educa-
tion has been a long-standing focus of policymakers and 
researchers (Gonzalez & Kuenzi, 2012; Vooren et  al., 
2022). Physics and engineering in particular have very 
low numbers of women in high school courses, under-
graduate programs, and in the fields (National Center 

for Science & Engineering Statistics, 2019; Porter, 2019). 
Numerous factors affect representation in STEM fields. 
For example, parents of girls are less likely to believe their 
child could succeed in a career that requires mathemati-
cal ability (Bleeker & Jacobs, 2004; Jacobs & Eccles, 1992). 
Once they are in high school, girls are less likely than 
boys to believe that a career in physics could align with 
their professional goals (Hazari et al., 2010).

In physics, there are also gender disparities in intro-
ductory course performance (Kost et  al., 2009; Mad-
sen et al., 2013; Sadler & Tai, 2001; Salehi et al., 2019). 
Motivational factors have been linked to general aca-
demic performance (Bouffard-Bouchart et  al., 1991; 
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Pintrich & De Groot, 1990; Zimmerman, 2000) as well 
as to gender differences in persistence in STEM courses 
(Goodman, 2002; Raelin et  al, 2014; Sawtelle et  al., 
2012) and performance in STEM courses (Cavallo et al., 
2004; Cwik & Singh, 2021; Marshman et al., 2017, 2018; 
Nissen & Shemwell, 2016).

Among the many motivational factors that have 
been investigated, researchers have put considerable 
attention on the role of intelligence mindsets (Little 
et  al., 2019; Scherr et  al., 2017). Intelligence mindset 
describes a person’s beliefs about the nature of intelli-
gence: is it innate and unchangeable or something that 
can be developed with effort (Dweck, 2006)? In more 
recent years, a focus has shifted to discipline-specific 
intelligence mindsets since students appeared to have 
separate views by discipline and the disciplines-specific 
mindset was more predictive of student performance in 
the discipline (Kalender et  al., 2022; Marshman et  al., 
2017). However, since physics-specific mindset is still 
a very recently explored concept, many fundamental 
questions about its nature and relationship to gendered 
performance in physics are still open. Specifically, we 
address the research questions:

 RQ1. What are the components to students’ physics 
intelligence mindsets?

 RQ2. Are there gender/sex differences in the compo-
nents of students’ physics intelligence mindsets?

 RQ3. If there are differences in the components of stu-
dents’ physics intelligence mindsets, do the differ-
ences grow or decline from the beginning to the 
end of their first university-level physics course?

 RQ4. Do any of the mindset components predict 
course grade?

To answer these questions, we chose the first calcu-
lus-based introductory course as the research context. 
Introductory calculus-based physics courses are typically 
taken by engineering and physical science majors, while 
most algebra-based physics students are life science and 
pre-medical majors. As a result, calculus-based introduc-
tory physics courses are likely to be majority men, which 
likely further reinforces stereotypes and negative mes-
sages that women in physics courses are receiving (Miller 
et  al., 2015; National Center for Science & Engineering 
Statistics, 2019; Porter, 2019). Because of the inequities 
in these courses and the underrepresentation of women, 
finding effective ways to measure and improve physics 
mindset is particularly important in this population if 
we wish to make physics classrooms more equitable for 
women and gender minorities. If physics mindset is a 
useful predictor of learning outcomes, then improving it 
in physics students may help overall outcomes and equity 

of outcomes in engineering, physics, and other physical 
science fields.

Theoretical background
Intelligence mindset theory
Carol Dweck and her colleagues theorized two types 
of intelligence mindset—growth and fixed—in the late 
twentieth century. A growth mindset is one in which 
intelligence is viewed as something that can be culti-
vated with effort, like a muscle, whereas a fixed mindset 
is one in which intelligence is thought to be innate and 
unchangeable (Dweck, 2006). In the original conception, 
researchers conceived intelligence mindset as a single 
continuum in which students varied from having a strong 
growth mindset at one end of the continuum to having a 
strong fixed mindset at the other end of the continuum. 
However, in recent years researchers have used both con-
tinuum models (see Yeager & Dweck, 2020) and models 
with separable dimensions in which students can endorse 
both (or neither) simultaneously (Cook et al., 2017; Shih, 
2011; Troche & Kunz, 2020). The original view holds that 
as a student ceases to endorse a fixed mindset, they will 
necessarily endorse a growth mindset (Yeager & Dweck, 
2020). In a two-factor model, it may be possible for a stu-
dent to endorse neither growth nor fixed beliefs, or they 
may endorse both types of beliefs. For example, a stu-
dent might think some basic foundational intelligence or 
talent is required in addition to seeing value in practice 
towards further developing intelligence.

The mindsets held by a learner are thought to shape 
how students engage in learning. With a fixed mindset, 
a student will disengage from or avoid difficult tasks; 
with a growth mindset, a student will view struggle as an 
opportunity to learn and gain skills, and therefore will 
welcome such challenges (Muenks & Miele, 2017; Yeager 
& Dweck, 2012). Six-year-old girls are more likely to say 
that boys are “really, really smart” than they are to say 
girls are, and to avoid activities that are said to be for chil-
dren who are “really, really smart” (Bian et al, 2017). The 
engagement, propensity to attempt challenging prob-
lems, and persistence that come with a growth mindset 
have been linked to positive learning outcomes (Dweck, 
2007, 2008; Limeri et al., 2020), even after controlling for 
prior academic achievement (Aronson et al., 2002; Black-
well et al., 2007; Good et al., 2003).

Intelligence mindsets may also play a role in shaping 
learner self-efficacy (Bandura, 1997, 2012) and in expe-
riences of anxiety in learning and testing environments 
(Bandura, 1997; Zeidner, 1998). As a result, growth 
mindsets are not only relevant to improving learning out-
comes for all students, but they also may be an impor-
tant factor in creating equitable classroom environments. 
For example, having a growth mindset has been linked to 
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greater participation in STEM fields, especially for stu-
dents from racial and ethnic underrepresented groups 
(Kricorian et al., 2020; Rattan et al., 2015). Additionally, 
both students in underrepresented groups and women 
reported a greater sense of belonging if they endorsed a 
growth mindset (Rattan et  al., 2018). Growth mindsets 
can be particularly useful for students as a way to com-
bat stereotype threat. Stereotype threat is “being at risk 
of confirming, as self-characteristic, a negative stereotype 
about one’s group” (Steele & Aronson, 1995, p. 797). For 
example, a girl or woman taking a math test may feel anx-
ious because of cultural stereotypes that women are not 
as good at math as men. When such stereotype threats 
are combined with a fixed mindset, withdrawal from 
efforts in mathematics can result: the student cannot 
change their gender, race, or culture, so they may choose 
to divest from a field that leaves them anxious about 
representing these identities poorly (Steele & Aronson, 
1995).

Although intelligence mindsets are carried by students 
into various learning contexts (i.e., have some stability 
over time and context), they can be malleable through 
strategic (and relatively brief ) interventions with positive 
results for students’ learning outcomes, such as mathe-
matics assessments (Bagès et al., 2016), standardized test 
outcomes (Good et al., 2003), and course grades (Black-
well et  al., 2007) especially if students are at a high risk 
of failing a class (Yeager et al., 2016, 2019). However, the 
effectiveness of both mindset as a predictor of student 
success as well as the methodology and effectiveness of 
mindset interventions has been found to vary greatly 
(Denworth, 2019; Sisk et al., 2018). For example, only 12% 
of the interventions included in a recent meta-analysis 
resulted in significantly greater academic achievement 
(Sisk et al., 2018), which may make some instructors con-
cerned about their use of class time (Hattie, 2012).

The Sisk et al. study explores several potential reasons 
the effectiveness of these interventions varies, they tend 
to focus on technical (i.e., if the intervention is online 
or in-person, the length of the intervention, etc.) differ-
ences, which may not be the only aspects of importance. 
Yeager and Dweck (2020) offer more explanations of the 
varied effectiveness of mindset interventions: first, they 
show concern about moderation of an intervention’s 
effectiveness at the study level (for example, by length 
of intervention) rather than the student level (for exam-
ple, by student gender or socioeconomic status), as it 
can be difficult to discern the effectiveness of an inter-
vention without simultaneously knowing of methods 
of the intervention, the students who receive the it, and 
the larger context the intervention takes place in (e.g., if 
a growth mindset is supported in the classroom after the 
intervention). There is also concern about the procedural 

differences among mindset intervention studies: for 
example, an intervention that simply explains what a 
growth mindset is will not be as effective as one that 
offers students concrete actions to utilize such a mindset 
(Yeager & Dweck, 2020).

We also hypothesize that some of the varying effective-
ness of the interventions may be due to procedural details 
in the interventions. One possibility is that intervention 
effectiveness relies on customization to the particu-
lar concerns that students have in a particular context. 
Another possibility is that the focus of the intervention 
affected its outcome. For example, did the intervention 
seek only to address the growth mindset but ignore the 
ability mindset?

Another conceptual divide in mindset research 
involves beliefs about self versus others. De Castella and 
Byrne (2015) found that Australian high-school stu-
dents conceptualized intelligence mindsets differently for 
themselves than for others. They also found that intelli-
gence “self-theory” was a stronger predictor of academic 
performance and motivation than general intelligence 
mindsets. Some prior interventions have tried to con-
vince students that people in general can grow their intel-
ligence, leaving relatively untouched the beliefs they have 
about themselves.

A third issue might also exist in domain-specificity of 
intelligence mindsets. That is, students might believe that 
intelligence in general can change through hard work 
but still have fixed mindsets about particular domains 
that then more strongly shape how they engage in those 
particular domains. For example, it was physics-specific 
mindsets rather than general intelligence mindsets that 
predicted performance in physics classes (Marshman 
et  al., 2017). Further, many stereotypes about women 
and students from underrepresented racial and ethnic 
groups (for example, Black or Latinx students) are highly 
domain-specific (e.g., strengths in arts and humanities, 
weaknesses in math and sciences; Eaton et al., 2020; Gan-
ley et  al., 2018). Indeed, women in general have higher 
grades on average in high school and in university (Voyer 
& Voyer, 2014), so a domain-specific mindset would 
make more sense as contributing to performance differ-
ences in physics courses.

Physics intelligence mindsets
There appear to be common views both in society and 
within the discipline that physics requires a special bril-
liance. In a study of brilliance beliefs by academic dis-
cipline, physics faculty, post-doctoral researchers, and 
graduate students were more likely to say that physics 
requires innate talent than those in almost all other fields 
(Leslie et al., 2015). Brilliance beliefs are not the same as 
a fixed mindset, though they work in tandem. If a student 
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thinks raw talent is needed to succeed in a domain (a 
brilliance belief ), and they believe that intelligence is 
unchangeable (a fixed mindset), then they will see no 
path to success unless they believe they have innate talent 
(Deiglmayr et  al., 2019). Indeed, the Leslie et  al. (2015) 
brilliance study revealed a negative correlation between 
degree of endorsement in ability beliefs and percentage 
of PhDs who are women or are from underrepresented 
racial and ethnic groups, with physics being second 
highest (after mathematics) among STEM disciplines in 
field-specific ability beliefs and lowest in percentage of 
women with doctorates. In a recent study, only half of 
graduate admissions committees in physics prioritized a 
growth mindset in their selection process, meaning that 
they prioritized potential for growth, rather than exclu-
sively seeking out the students with the highest grades 
and Graduate Record Examinations (GRE) scores (Scherr 
et al., 2017).

Physics-specific mindset research has just begun in 
recent years. Interviews show that students (Little et al., 
2019) and faculty (Scherr et al., 2017) may simultaneously 
endorse both growth and fixed mindset beliefs, pointing 
to a need for nuanced measures of mindset. Meanwhile, 
survey data have provided evidence that students’ physics 
mindsets can be different than their general intelligence 
mindsets (Marshman et al., 2017). But an open question 
regarding physics-specific mindset involves its nature. 
In particular, does it also separate into independent 
dimensions of growth and fixed mindsets, with students 
independently endorsing or denying fixed (fundamental 
talent) and growth (ability to further improve) aspects? 
We turn to this issue and potential dimensions of physics 
mindset in the next section.

Dimensions of physics intelligence mindsets
As noted previously, prior research on general intelli-
gence mindsets has gradually transitioned from strict 
characterization as one continuum (with fixed and 
growth mindsets on either end Blackwell et  al., 2007; 
Dweck, 2006) to considering a two-factor model meas-
uring endorsement of fixed and growth mindsets sepa-
rately (Cook et  al., 2017; Shih, 2011; Troche & Kunz, 
2020), which we denote as growth versus ability because 
the fixed label seems to connote the absence of growth 
rather than the presence of a foundational talent. The pri-
mary evidence in favor of treating them separately as two 
dimensions is psychometric evidence in which a two-
factor model produced a better fit to the data. To date, 
evidence supports a separation of growth and ability 
dimensions in physics mindsets as well (Kalender et  al., 
2022), although some researchers have applied a sin-
gle dimension approach to their data (e.g., Kepple et al., 
2020; Marshman et al., 2017).

Another divide which has recently emerged in mindset 
research is the me versus others distinction. As noted ear-
lier, De Castella and Byrne (2015) found that intelligence 
about the self was the stronger predictor of academic 
performance. A recent study about physics intelligence 
mindsets, Kalender et al. (2022) found that physics intel-
ligence mindsets divided into four components along 
the combinations of me versus others and growth ver-
sus ability. Although the four components showed some 
correlations with each other, the best fitting model to the 
survey data separately measures the four components: 
My Ability (students’ beliefs about their own abilities), 
My Growth (students’ beliefs about their own potential 
to grow), Others’ Ability (students’ beliefs about others’ 
abilities), and Others’ Growth (students’ beliefs about 
others’ potential to grow). Further, the My Ability com-
ponent was the best predictor of physics course grade, 
had the largest gender differences, and appeared to 
largely mediate the effects of gender on grades.

However, the Kalender study uncovered the four phys-
ics intelligence mindset components through exploratory 
quantitative analyses of survey results from a survey that 
was not designed to separately measure four components 
of physics intelligence mindsets. There were only one or 
two survey items for each component’s measure, and the 
items also sometimes differed in other ways across com-
ponents. In this study, we aim to expand on these results 
using a larger set of survey items that were specifically 
designed to measure these four components, allowing for 
more robust test of the separation into these four com-
ponents, as well as replicate the three main findings from 
that study: My Ability was found to be the main predictor 
of course grades, it was also the component showing the 
largest gender difference, and it was found to be the only 
component that mediates the relationships between gen-
der and grades.

Materials and methods
Participants
This study takes place at University of Pittsburgh, a large 
(19,017 degree-seeking undergraduates in 2019), pub-
lic, urban, predominantly White institution (78% in 
2019; University of Pittsburgh, 2021) in the northeastern 
United States. The university is very high research activ-
ity, doctoral, and has an acceptance rate of 57% (Inte-
grated Postsecondary Education Data System, 2020). The 
participants were students enrolled in calculus-based 
Physics 1 over one semester and across four course sec-
tions, each taught by a different instructor. The course 
covers mechanics and waves, and is taught in a traditional 
lecture-based format. The N = 683 students included 
in the study were those who completed at least pre- or 
post-surveys and passed an attention check (a question 
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inserted in the survey that requested students answer 
“C”). Some (N = 39) students were excluded from some 
portions of this study because they were missing either 
course grades or prior academic preparation information, 
though these students were included in the survey valida-
tion portion of this study.

Demographic data were acquired from university 
records. In the student sample, 63% were enrolled in the 
college of engineering, and virtually all of these engi-
neering students (99%) were in their first semester at the 
university. The rest of the students were primarily sci-
ence majors and 59% were from later years at the univer-
sity. Based upon the data available from the university, 
women constituted 36% of the student sample. According 
to university-provided race/ethnicity data, students iden-
tified as follows: 73% White, 13% Asian, 7% Hispanic/
Latinx, 4% multiracial, 2% African American/Black, and 
1% unspecified.

Measures
Demographic information
Students provide demographic information as part of 
university enrollment. Students were given the binary 
options “male” and “female” to identify their gender upon 
entering the university, although this conflates gender 
and sex (Schudson, 2021). We acknowledge the harm 
that such data collection practices cause (Traxler et  al., 
2016), and we are pleased to report that our university 
has recently switched to collecting gender information 
using more than binary options. Given the limitations of 
the data source, the patterns will predominantly reflect 
patterns of cis-gendered women and men. This approach 
marginalizes non-binary and other gender minority stu-
dents (Traxler et  al., 2016; Van Dusen & Nissen, 2020). 
However, we use the data collected by the university (i.e., 
the options provided were female and male while labeled 
as gender) and refer this variable as “Gender/Sex” in our 
analysis and results sections (Schudson, 2021).

For the quantitative analyses, gender/sex was coded as 
an indicator variable: women = 1, men = 0. For race and 
ethnicity, students were given six options (American 
Indian or Alaska Native, Asian, Black or African Ameri-
can, Hispanic or Latino, Native Hawaiian/Other Pacific 
Islander, and White), and students could choose multiple 
options. Race/ethnicity was only used in description of 
the sample, and was coded as a series of indicator vari-
ables for each major category (i.e., included that racial/
ethnic identity or not).

Physics intelligence mindset
We adapted this mindset survey from previously vali-
dated surveys (Kalender et  al., 2022). The survey was 
designed to measure mindsets about self and others, as 

well as growth- and ability mindsets. Therefore, to be 
able to separately assess these different aspects of mind-
set, additional questions were created and some ques-
tions were adapted to make the more specific focus more 
salient. For example, “People can change their intelli-
gence in physics quite a lot by working hard”, becomes 
“I can change my intelligence in physics quite a lot by 
working hard.” After the questions were drafted, we used 
semi-structured cognitive interviews to ensure that stu-
dents interpreted questions as intended. We conducted 
20 one-hour interviews with students who had previ-
ously taken physics courses ranging from introductory 
to graduate-level. Participants were compensated $25. 
We oversampled on women, given the research focus. A 
few questions were edited slightly after the interviews, 
and the questions in the final set were generally inter-
preted as intended. The final survey had 19 items, each 
on a four-point Likert scale (Strongly Disagree, Disagree, 
Agree, Strongly Agree): seven My Ability items, four My 
Growth items, four Others’ Ability items, and four Oth-
ers’ Growth items. See Appendix A for the full set of 
items. For analysis, the four ratings levels were recoded 
as 1 to 4, with reverse coding for all my ability and others’ 
ability questions (e.g., questions 5–11 and 16–19). Prior 
Rasch modeling (Frey, 2018) with this four-point scale 
for mindset items had found roughly equal psychologi-
cal distance between levels, justifying use of mean scores 
(Kalender et al., 2022; Marshman et al., 2017).

Prior academic preparation
Two measures of prior academic preparation were used 
as control variables in the analyses. High school Grade 
Point Average (HS GPA) was reported using the weighted 
0–5 scale, which is based on the standard 0 (Failing)–4 
(A) scale with adjustments for Honors, Advanced Place-
ment and International Baccalaureate courses (all of these 
programs may offer a “weighted” GPA that adds up to 
one grade point as a reward to taking advanced courses, 
which can allow a GPA higher than 4.0). Approximately 
1% of students had high school GPAs over 5. They were 
excluded from the study because their high schools likely 
used a different grading system. HS GPA is regularly 
found to predict early undergraduate course performance 
and is taken to be a measure of general academic skills 
related to self-regulation, attendance, and putting effort 
into assignments (Galla et  al., 2019). Students’ Scholas-
tic Achievement Test math (SAT math) scores were used 
as proxies for mathematical problem-solving skills at the 
time of university admission. SAT math is one predic-
tor of college performance (Galla et  al., 2019), particu-
larly in quantitative courses like introductory physics 
(Crisp et al., 2009; Hazari et al., 2007; Vincent-Ruz et al., 
2018). The scores are on a scale of 200–800. We mediated 
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outliers in SAT math by winsorizing (Frey, 2018). To win-
sorize the scores, we replaced outliers with values two 
standard deviations above or below the mean, so that we 
maintained the direction of the outlier without introduc-
ing extreme values. If a student took the American Col-
lege Testing (ACT) examination, we converted ACT to 
SAT scores (The College Board & ACT, Inc., 2018). SAT 
scores had a negative skew. If a student took a test more 
than once the school provided the highest section-level 
score if a student took the SAT and the highest composite 
score if the student took the ACT. If a student took both 
tests, we used their SAT score.

Physics course grade
Physics 1 course grades, the primary course performance 
measure, were based on the 0–4 scale used at this uni-
versity, with A = 4, B = 3, C = 2, D = 1, F = 0 or W (late 
withdrawal), where the suffixes ‘ + ’ and ‘−’, respectively, 
add or subtract 0.25 grade points (e.g., B −  = 2.75 and 
B +  = 3.25), except for the A + , which is also reported as 
4. Each course instructor determined their own grading 
schemes and there was not a shared departmental exam. 
However, from examination of syllabi across all sections, 
course grades were predominantly based upon tradi-
tional midterm and final exams, with a smaller portion of 
the grades based on homework, quizzes, and recitation 
attendance. Course grades had a negative skew.

Procedures
The surveys were administered to students during reci-
tations associated with the course. The 50 min recitation 
sections are mandatory and led by teaching assistants 
(TAs). The first (“pre”) survey was administered on paper 
during the first or second week of classes, and the final 
(“post”) survey was administered last week of classes. 
The mindset items were a subset of a larger survey, which 
took approximately ten minutes to complete. To encour-
age a high completion rate, students receive either a 
participation grade or a small amount of extra credit for 
completing the survey, depending on the instructor’s 
preference. 80% of course enrollees completed the survey 
at pre and 41% did so at post, reflecting a lower recitation 
participation at the end of the semester. However, the 
student sample that completed the survey is very similar 
to the general population of the course in terms gender/
sex, prior preparation, and course performance, and the 
students that completed only the pre-survey are similar 
to those who took both the pre- and post-surveys (see 
Additional file 2: Appendix B).

Survey results were collected, de-identified by an hon-
est broker, and then combined with similarly de-identi-
fied demographic information and academic history.

Analyses
Survey validation
Confirmatory factor analysis (CFA) using the R pack-
age “lavaan” was used to both provide quantitative 
validation of the survey items and to test the proposed 
conceptual division into four components in terms of 
growth/ability and myself/others. To evaluate if the 
model was acceptable, we chose the following stand-
ards: standardized factor loadings of each item were all 
above 0.5 (Kline, 2016, p. 301), a Comparative Fit Index 
(CFI) and Tucker–Lewis index (TLI) greater than or 
equal to 0.95 (Hu & Bentler, 1999), a Root Mean Square 
Error of Approximation (RMSEA) less than or equal 
to 0.05 for “good fit” or 0.08 for “fair” fit (Browne & 
Cudeck, 1992), and a Standardized Root Mean Square 
Residual (SRMR) less than or equal to 0.06 (Hu & 
Bentler, 1999). The survey was designed to divide items 
into four categories, but we also explored if a one-fac-
tor or two-factor model (i.e., only dividing along one 
of the aforementioned dimensions, rather than ability/
growth and myself/others simultaneously) resulted in 
a better fit. Poorly fitting items were dropped, and the 
model was re-evaluated with the remaining items. To 
create latent variables, we calculated the average score 
of the questions in each validated category. All the 
mindset factors are scored from 1 to 4, and are coded 
such that a high score corresponds with a growth/mal-
leable physics mindset, and a low score corresponds 
with a fixed mindset. After averaging scores, we win-
sorized each mindset factor so that outliers were set at 
a cutoff two standard deviations from the mean of each 
factor. The resulting variables were used as the mindset 
measures for the rest of the study.

Descriptive statistics
To characterize change in mean attitudes over time, and 
differences by gender/sex in mean attitudes at pre and 
post as well as grades, we used Cohen’s d to describe 
the size of the means differences and t-tests to evaluate 
the statistical robustness of the differences. Cohen’s d 
is considered small if d ∼ 0.2, medium if d ∼ 0.5, and 
large if d ∼ 0.8 (Cohen, 1988). Paired t-tests were used 
to compare mindset factors between pre and post, 
while unpaired t-tests were used to compare mind-
set factors between genders/sexes. Levene’s test (Frey, 
2018) was implemented to ensure that the homogene-
ity of variance assumption was met for the unpaired 
t-tests. We used a significance level of 0.05 in the t-tests 
and the later regression models as a balance between 
Type I (falsely rejecting the null hypothesis) and Type 
II (falsely accepting the null hypothesis) errors (Frey, 
2018). The change-over-time analyses were also done 
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for all instructors separately to check for consistency of 
the patterns across instructors.

Pearson correlations were calculated between the 
generated latent variables and between the pre- and 
post-survey scores of the same variable. These corre-
lations provided information on potential problems of 
collinearity among predictors in the multiple regres-
sions (e.g., Pearson r > 0.7). Further, Pearson correla-
tions allowed us to examine attitude stability over time 
during this first experience with university-level phys-
ics. We also found correlations between mindset fac-
tors and course grades as a baseline prediction model.

Predicting learning outcomes
Multiple linear regression analysis was used to find par-
tial correlations between mindset factors and grades, 
controlling for gender/sex and prior preparation. We 
chose to use regression analysis instead of hierarchal 
linear modeling because we find the Interclass Cor-
relation Coefficients of motivational factors in these 
courses are regularly smaller than o.o4 and always 
smaller than 0.10. Multiple models were tested in 
order to find which was the best predictor of learning 
outcomes and show robustness of relationships across 
model specification. All models used standardized 
regression coefficients as a measure of effect size. The 
models were implemented using Stata statistical soft-
ware (StataCorp, 2021). To test the normality of errors, 
we compared a kernel density estimate of each model’s 
residuals with a normal distribution. Each model had a 
normal distribution of residuals.

A baseline model predicted grade using only gender/
sex, high school GPA, and SAT math scores. Next, we 
added the mindset variables with the strongest correla-
tion to grade one-by-one until all mindset variables were 
present. All models with significant mindset variables 
were kept, along with the final model with all variables 
induced as a robustness test.

The regression analyses were repeated with two sets of 
attitudinal variables: first the scores from the pre-survey, 
then from the average of pre- and post-survey scores. 
The average group included only students who took the 
survey both times. Average scores were used instead of 
post-survey scores for two reasons. First, post-survey 
scores raise the question of causality (did course per-
formance affect mindset or did mindset affect course 
performance?). Second, the average score is a proxy for 
students’ mindset during the semester, while they were 
taking the course, rather than after the class. Using 
average rather than only pre-survey data is particularly 
important given the sizeable changes from pre to post 
that were observed in several of the attitudinal variables.

Results
RQ1: What are the components to students’ physics 
intelligence mindsets?
One of the 19 survey items (“I will always be as good at 
physics as I was in high school.”) was removed as a first 
step because the cognitive interviews show that students 
did not interpret it as intended. All other survey items 
appeared to be interpreted as intended.

Five additional survey items were removed during the 
CFA model testing process due to consistently low fac-
tor loadings or cross-loading that led to a poor overall 
model fit. The removed items are indicated in italics on 
the full survey shown in Additional file  1: Appendix A. 
Of the four tested models (using all questions in a sin-
gle factor; splitting by a “growth/ability” dimension; and 
splitting by a “myself/others” dimension; dividing into 
four categories in the combination of both dimensions), 
both two-category models were rejected, as they failed 
to meet accepted cutoff values for our chosen fit indices. 
The third model, which divided survey items into four 
categories and can be seen in Table 1, had a good model 
fit. The CFI was 0.95, the TLI was 0.95, the RMSEA was 
0.073, and the SRMR was 0.052. Three of the fit indi-
ces—CFI, TLI, and SRMR meet our chosen cutoffs. Our 
RMSEA meets Browne and Cudeck’s (1992) ≤ 0.08 guide-
line for acceptable fit. All standardized factor loadings 
were above a 0.50 threshold. We named the resulting 
categories “My Ability” (MA), “My Growth” (MG), “Oth-
ers’ Ability” (OA), and “Others’ Growth” (OG). Three 
categories—MA, MG, and OG—had acceptable values 
of internal consistency (Cronbach α > 0.7), while OA had 
slightly lower reliability (α = 0.68). All four categories had 
negative skew (e.g., a skew toward a growth mindset). To 
confirm that these factors held equally well for men and 
women, we performed measurement invariance testing 
and found that both weak and strong invariance held for 
these factors (see Additional file 3: Appendix C). Table 2 
displays Pearson correlations between the four mindset 
groups. Intercorrelations among the scales are all moder-
ate and positive (after reverse coding of ability), but none 
are so high as to represent redundant measures. There is 
also not strong organization of these correlations at the 
level of the dimensions: while there are some pairwise 
combinations that are higher, on the whole there are four 
scales that are all moderately correlated with one another.

All four factors show moderate stability over time. 
Thus, the attitudes that students had at the beginning 
of the semester could have provided the opportunity to 
continuously influence student performance and behav-
iors during the whole semester. However, because there 
is also significant change, the average attitude held across 
the semester is likely a better estimate of the relationship 
of attitudes to performance.
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RQ2: Are there gender/sex differences in the different 
components of students’ physics intelligence mindsets?
Table 3 shows descriptive statistics for each measure by 
gender/sex at pre and post. On the pre-surveys, men and 
women have nearly identical and high scores in the My 
Growth, Others’ Ability, and Others’ Growth categories. 
That is, in general most students have growth rather than 
fixed mindsets, particularly when considering others. 
The only pre-survey category with a significant gender/
sex difference is My Ability. In this category the gender/
sex difference has a medium effect size with men having 

higher scores than women (i.e., women were more likely 
than men to believe that natural ability is important for 
themselves to succeed in physics).

There were also gender/sex differences in prior aca-
demic performance. As seen in Table 3, women tend to 
have higher high school GPAs than men in our sample, 
but lower SAT math scores. Both of these differences had 
relatively small effect sizes and both populations gener-
ally had high scores (i.e., were generally well prepared 
for challenging academic work). Thus, the lower aver-
age course grades for women (see Table 3) are somewhat 

Table 1 Survey items included in the study

The Survey Item Text column contains factor names and internal consistency using Cronbach’s α, in addition to the survey item text. The λ column contains 
standardized factor loadings, using both pre- and post-survey results (N = 781)

Survey item text λ

My growth (α = 0.84)

 I can become even better at solving physics problems through hard work 0.76

 I am capable of really understanding physics if I work hard 0.83

 I can change my intelligence in physics quite a lot by working hard 0.82

My ability (α = 0.84)

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

 I won’t get better at physics if I try harder 0.64

 I could never excel in physics because I do not have what it takes to be a physics person 0.87

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

Others’ growth (α = 0.84)

 People can change their intelligence in physics quite a lot by working hard 0.82

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

 People can become good at solving physics problems through hard work 0.77

Others’ ability (α = 0.68)

 Only a few specially qualified people are capable of really understanding physics 0.67

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

 If a student were to often make mistakes on physics assignments and exams, I would think that maybe they are just not smart enough to excel 
in physics

0.55

Table 2 Pearson correlations among attitudinal measures

Clockwise from top left: pre, post, and pre- versus post-Pearson correlations between constructs. The following terms are abbreviated: My Growth (MG), My Ability 
(MA), Others’ Growth (OG), and Others’ Ability (OA). All correlations are statistically significant at p < 0.001

Pre Post

MG MA OG OA MG MA OG OA

Pre-survey intercorrelations

Pre-MG

Pre-MA 0.52

Pre-OG 0.51 0.43

Pre-OA 0.28 0.45 0.33

Pre–post intercorrelations Post-survey intercorrelations

Post-MG 0.34

Post-MA 0.44 0.67

Post-OG 0.38 0.69 0.57

Post-OA 0.33 0.43 0.65 0.44
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surprising from an academic preparation perspective. 
Note, we cannot assume men’s higher SAT math scores 
directly translate into higher grades in math-intensive 
courses. There is no similar gendered grade difference in 
Calculus 1, which this population often takes in tandem 
with Physics 1 (Whitcomb & Singh, 2020; Whitcomb 
et al., 2021). Instead, factors other than academic prepa-
ration are likely at play.

RQ3: If there are differences in the components of students’ 
physics intelligence mindsets, do the differences grow 
or decline from the beginning to the end of their first 
university‑level physics course?
By the end of the semester, there were moderate-to-large 
gender/sex differences in all four mindset constructs, and 
all gender/sex contrasts became statistically significant. 
Thus, following their first experience in university-level 
physics, women were more likely than men to believe 
that natural ability is important to succeed in physics 
for both themselves and others. This change in gender/
sex differences reflects moderate-to-large declines in 
attitudes in women but only small declines in men, on 
average (see Fig. 1). This suggests that classroom experi-
ences that influenced student mindsets affected men and 
women differently. Trends were similar across instruc-
tors, though some results were nonsignificant when 
calculated for individual instructors’ classes, due to low 
sample size.

RQ4: Do any of the mindset factors from RQ1 predict 
course grade?
We conducted multiple regression analysis to find 
which of the four mindset factors best predicted phys-
ics course grade (see Table  4). Models 1–3 used only 
pre-survey results, while Models 4–6 used the mean of 
pre- and post-survey mindset scores (because of the large 
changes in mindset across the semester). In Model 1, 
only gender, SAT math scores, and HS GPA are included 
as predictors and all three were statistically signifi-
cant. This model shows that women have lower Physics 
1 grades than men when controlling for prior academic 
preparation, formally establishing that other factors are 
needed to account for gender/sex differences in course 
performance.

Model 2 includes My Ability (MA) as a fourth pre-
dictor, the single strongest correlate of grades. Here 
pre-survey MA is a significant predictor beyond aca-
demic preparation. Its addition weakens the relation-
ship between gender/sex and Physics 1 grade, though 
gender/sex remains significant. Additionally, Model 2 
has a small increase in adjusted R-squared compared to 
Model 1. This means that Model 2 explains more of the 
variance in course grades than Model 1, while penalizing 
for nonsignificant predictors (Frey, 2018). Model 3 adds 
the remaining pre-survey mindset factors: MG, OA, and 
OG. None of the newly added factors are statistically sig-
nificant, and their addition leaves fully intact or slightly 
strengthens the predictive power of the other predictors, 

Table 3 Descriptive statistics and gender/sex differences for all measures

Mean and standard deviation (SD) by gender/sex of each mindset factor at pre and post, along with SAT Math, HS GPA, and Physics 1 grade, and Cohen’s d and t-test of 
gender/sex differences. Positive values of d and t indicate that men have a higher score

*p < 0.05, **p < 0.01, ***p < 0.001

Men Women Gender/sex contrast

Variable N Mean SD N Mean SD t d

My growth

 Pre 307 3.62 0.48 190 3.59 0.46 0.57 0.05

 Post 161 3.48 0.54 84 3.12 0.58 4.76*** 0.64

My ability

 Pre 307 3.49 0.46 190 3.32 0.46 3.99*** 0.37

 Post 161 3.28 0.62 84 2.98 0.59 3.69*** 0.50

Others’ growth

 Pre 307 3.50 0.49 190 3.48 0.49 0.47 0.04

 Post 161 3.45 0.54 84 3.17 0.44 3.93*** 0.53

Others’ ability

 Pre 307 3.16 0.55 190 3.15 0.53 0.13 0.01

 Post 161 3.08 0.61 84 2.91 0.49 2.24* 0.30

SAT Math 342 712 60 203 695 64 3.12** 0.28

HS GPA 342 4.09 0.42 203 4.25 0.35 -4.45*** -0.39

Course Grade 342 2.76 0.98 203 2.49 0.90 3.07** 0.27
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suggesting robust relationship estimates. The predictive 
power of gender/sex decreases slightly. Variance Infla-
tion Factors (VIFs) for every variable in Models 1–3 were 
below our cutoff of 2.0, which indicates that our models 
are not skewed by multicollinearity, even in the case of 
the different mindset factors that were also moderately 
correlated with one another.

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

Model 5 adds average MA as a predictor. Average MA 
has more than twice the predictive power of pre-MA, and 

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

In Models 4–6, VIFs are mostly below the cutoff of 
2.0, except for MG (VIF = 3.08) and MA (VIF = 3.19) 
in Model 6. MA and MG are often conceptualized as a 
single factor (García-Cepero & McCoach, 2009) because 
they have substantial intercorrelations (Troche & Kunz, 
2020) as in our analysis (see Table  3). However, the 
robustness of the pattern of regression estimates and 
much lower predictive power of MG across models 

Fig. 1 Student mindset changes over time by gender/sex. We report the effect size (Cohen’s d) between pre- and post-survey mindset scores. A 
negative value indicates students had lower scores at the end of the semester than at the start. *p < 0.05, **p < 0.01, ***p < 0.001

Table 4 Regression models predicting physics course grades

This table shows standardized regression coefficient (β) values of multiple regression analysis predicting Physics 1 course grade using pre-survey responses (Models 
1–3) and an average of pre- and post-survey responses (Models 4–6). Adjusted  R2 and N are reported for each model

*p < 0.05, **p < 0.01, ***p < 0.001

Variable Pre Pre/post average

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Gender/sex (W = 1, M = 0) − 0.13*** − 0.12*** − 0.11** − 0.15* − 0.09 − 0.09

HS GPA 0.32*** 0.32*** 0.32*** 0.28*** 0.28*** 0.28***

SAT math 0.39*** 0.38*** 0.38*** 0.34*** 0.31*** 0.31***

My growth 0.03 0.07

My ability 0.09* 0.10* 0.25*** 0.24***

Others’ growth − 0.01 − 0.02

Others’ ability − 0.05 − 0.06

N 497 497 497 197 197 197

Adjusted R2 0.32 0.33 0.33 0.27 0.33 0.32
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supports the focus on MA as the key predictor of student 
performance.

Although there was analytic support for treating the 
Likert ratings as continuous predictors, some skew in 
the distributions did occur. However, regression results 
were very similar when binary mindset variables (i.e., 1 
for strong endorsement of growth mindset/strong rejec-
tion of fixed mindset; 0 otherwise) were used instead of 
means based upon 1–4 codings. Most importantly, MA 
was the strongest predictor of grade among the mindset 
factors.

Discussion
RQ1: What are the components to students’ physics 
intelligence mindsets?
The current study strongly replicated the exploratory 
findings of Kalender et  al. (2022) using a survey instru-
ment designed to specifically test for the four compo-
nents: My Ability (MA), My Growth (MG), Others’ 
Ability (OA), and Others’ Growth (OG). It also builds 
upon the work of De Castella and Byrne (2015), who 
found an empirical separation of my versus others’ mind-
set factors, along with a number of other studies that 
found support for a divide along the ability/effort dimen-
sions (Cook et  al., 2017; Shih, 2011; Troche & Kunz, 
2020). The four components were only moderately cor-
related with one another (~ 25% shared variance at pre) 
and were separable in CFA models. Further, the My Abil-
ity factor showed different patterns related to RQ2 and 3. 
In sum, there was support for separating our four com-
ponents both from psychometric analyses and empirical 
phenomena.

RQ2: Are there gender/sex differences in the different 
components of students’ physics intelligence mindsets?
At the start of the semester, there were no gender/sex 
differences in My Growth, Others’ Growth, or Others’ 
Ability. However, there was an initial (moderately sized) 
gender/sex difference in My Ability even among this rela-
tively selective set of students who have opted into engi-
neering and physical science pathways. That is, women 
in this context were more likely than men to believe that 
physics requires innate ability and that they, in particular, 
did not possess that ability. However, by the end of the 
semester, all four mindset categories showed significant 
gender/sex differences, and sometimes large differences.

RQ3: If there are differences in the components of students’ 
physics intelligence mindsets, do the differences grow 
or decline from the beginning to the end of their first 
university‑level physics course?
Both self-theory mindset factors (My Ability and My 
Growth) significantly decreased (i.e., mindsets became 

less growth-oriented and more fixed) for men from the 
start to the end of the semester, while all intelligence 
mindset factors significantly decreased for women. In 
addition to decreasing all mindset factors for students 
regardless of gender, the courses also created or contrib-
uted to a gender-based inequity in physics intelligence 
mindsets.

These results add to research showing that women 
in physics courses also have other forms of lower aver-
age motivational characteristics, such as self-efficacy 
and sense of belonging, than do men, even in highly 
self-selected pathways (Marshman et al., 2017; Nissen & 
Shemwell, 2016; Sawtelle et  al., 2012). Such differences 
may come from general messages about the discipline. In 
physics, and a few other fields, success is often viewed as 
a result of brilliance (Leslie et al., 2015) and women may 
receive fewer messages that they are brilliant and can 
thus succeed in physics. Such differences may also come 
from differential experience. In the US, women make up 
less than a third of students who take advanced (Physics 2 
or AP Physics C) high school physics (Porter, 2019).

RQ4: Do any of the mindset factors from RQ1 predict 
course grade?
Despite having only small differences in SAT Math scores 
and compensatory strengths in HS GPA, women had 
lower grades in this physics course. Mindset differences, 
especially related to My Ability, offer a partial explana-
tion for this phenomenon. Based on our regression mod-
els, My Growth, Others’ Ability and Others’ Growth did 
not predict course grade, while both pre- and average-My 
Ability did. Note, however, that less than half the grade 
gender/sex difference was explained by the My Abil-
ity component. It may be that other motivational fac-
tors, such as self-efficacy (Cavallo et al., 2004; Marshman 
et al., 2017, 2018; Nissen & Shemwell, 2016; Raelin et al, 
2014; Sawtelle et al., 2012), were also important contribu-
tors to students’ final grades. Alternatively, differences 
in the learning environment, such as micro-aggressions 
by peers, TAs, and instructors, or differential levels of 
support, may also have played an important role in the 
differential learning outcomes (Bian et  al., 2017; Moss-
Racusin et al., 2012).

Because physics self-mindset is a predictor of Physics 
1 grade, finding a way to increase My Ability beliefs may 
mitigate gendered grade differences. In this population 
(primarily engineering students) women are more likely 
to leave the major due to concerns about low grades than 
men are, even when they have an A or B average (Good-
man, 2002), so enhancing women’s My Ability beliefs may 
increase retention. Importantly, average-My Ability is a 
stronger predictor of course grade than pre-My Ability. 
Thus, educators have an opportunity to intervene and 
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potentially improve grades and cultivate growth mind-
sets, especially since (from RQ1) mindset self-theory 
appears to be malleable during this time period. If self-
mindset is simultaneously more malleable and has a 
stronger correlation to learning outcomes, than mindset 
interventions in this context should focus on students’ 
individual experiences or the experiences of people they 
can relate to (for example: Binning et al., 2020; Mueller & 
Dweck, 1998; Walton & Cohen, 2011), rather than activi-
ties that focus on teaching students about the brain’s 
general ability to change and grow (for example: Black-
well et al., 2007; Good et al., 2003). The latter approach 
appears to be well-suited to students who hold a general 
fixed mindset. However, it may not be useful to students 
who endorse a general growth mindset but a fixed self-
theory. In addition to showing students that changing 
one’s intelligence is possible, we must show them that 
they can change their own intelligence.

Teaching implications
For instructors who want to help students abandon fixed 
mindsets, student-level interventions can be valuable. It 
is especially important in disciplines like physics, where 
endorsing a fixed mindset is common (Leslie et al, 2015), 
that instructors clearly state that hard work and effort 
are necessary for success, not innate ability. Providing 
opportunities for self-reflection about times that students 
improved their abilities, or sharing stories of a diverse (so 
that all students in the class will be able to relate to some 
examples) range of people that overcame academic chal-
lenges may also help students develop a growth mindset 
and improve academic outcomes (Bandura, 2012; Bin-
ning et al., 2020).

Instructor-facing interventions can be useful, too. Dis-
cipline-wide mindset beliefs can predict the diversity of 
graduate programs (Leslie et  al., 2015), but do not pre-
dict student course achievement as well as the mindset 
of instructors do (Canning et al., 2019). Instructors with 
fixed mindsets tend to have low expectations of students 
they believe lack natural talent, which can lead instruc-
tors to give easier assignments or encourage students 
to drop difficult classes because of presumed low ability 
(Rattan et  al., 2012). Instructors with growth mindsets 
encourage students to accept mistakes and failures as a 
part of a normal learning process, congratulate persis-
tence, and praise effort rather than intelligence when 
students succeed (Mueller & Dweck, 1998; Rattan et al., 
2012). Instructors with growth mindsets are also more 
likely to implement active learning in their courses 
(Yik et  al., 2022). Students report decreased interest in 
courses, as well as more concerns over fair treatment 
and low grades if their instructor had a fixed mindset as 

opposed to a growth mindset, and this effect was larger 
for women than men in the study (LaCosse et al., 2021).

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

A second set of concerns relate to generalizability of 
the findings. Because the studied institution is predomi-
nantly white, we were unable to study if mindset beliefs 
differ or predict grades differently for students of differ-
ent racial/ethnic backgrounds due to low sample size. 
Although the findings were stable across the instruc-
tors in the study, a broader set of instructional contexts 
should also be examined. It may be that other instruc-
tional formats (e.g., with well-supported group-work) or 
more gender-balanced courses would produce smaller 
declines in physics intelligence mindsets (Haak et  al., 
2011). However, due to regular replications of related 
research (Cavallo et al., 2004; Marshman et al., 2018; Nis-
sen & Shemwell, 2016), we believe our results are likely to 
translate directly to other large state universities. Results 
from different contexts, like such as liberal arts and com-
munity colleges, as well as schools that are much more 
or less selective than our institution, should be examined.

Due to the focus on gender in this study, future 
research should also explicitly include students who fall 
outside of the binary gender/sex categories included here, 
as well as transgender students who may not have their 
gender accurately recorded by the university. Though 
this university recently began to include more sex/gen-
der options for students, qualitative studies may be more 
appropriate to understand mindset in these marginalized 
populations until student samples are large enough to be 
meaningful in quantitative analysis.

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

Conclusions
Mindset research has recently garnered attention in 
the physics context. This study shows that intelligence 
mindset can be divided into four factors: My Ability, 
My Growth, Others’ Ability, and Others’ Growth. Previ-
ous work studying mindset has divided along either by 
growth/ability or me/others categories, but rarely simul-
taneously. However, qualitative studies in physics have 
called for a more nuanced measurement of mindset than 
most surveys allow; these four categories are a step in 
that direction. Next, this work reveals that gender/sex 
differences are more pronounced in the “My” categories 
than the “Others” categories, and these differences are 
developed or exacerbated from the start to the end of 
an introductory physics course. These results show that 
women’s and men’s intelligence mindsets are affected 
differently by the classroom environment, and future 
studies may find this useful when developing new inter-
ventions or teaching methods aimed at helping students 
develop growth mindsets. Finally, we find that My Ability 
is the only mindset factor that predicts course grade. This 
information may be useful to target mindset interven-
tions to student beliefs. A student who believes nobody 
can become more intelligent through hard work has very 
different needs than one who believes that most people 
can become more intelligent but that they personally lack 
the ability to do so.
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