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Physics programs are continually evolving to better support student learning and meet the diverse needs
of their students. Achieving many of these goals requires not only structural adjustments but also
fundamental shifts in departmental culture. Recognizing this, disciplinary organizations in physics have
placed systemic change and equity at the center of reform efforts, identifying them as essential pillars of
meaningful and sustainable change. Yet, tools for assessing departmental culture around educational
change remain limited. In this study, we introduce the Culture around Systemic Change Survey (CSCS),
designed to assess departmental culture around pursuing any program-level change (undergraduate and/or
graduate) aimed at improving student experience or outcomes (e.g., curriculum revisions, instructional
practices, and efforts to strengthen departmental climate). This new instrument measures faculty and staff
perceptions of their department’s “current” and “ideal” states with respect to their typical approaches to
leading change efforts. Using responses from the “current” scale only (N ¼ 111 participants across 33
departments), we conducted a psychometric evaluation of the CSCS. Exploratory factor analysis supported
a five-factor structure, including open-mindedness (OM), student involvement (SI), collective interpre-
tation of evidence (CIE), sustainability (S), and disruption of systemic injustices (DSI). As survey
development is an iterative process, future work will focus on refinement and confirmatory analysis. This
work sets the foundation for conducting population studies that assess the state of progress of the physics
community along an equitable and systemic culture to pursuing educational change.
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I. INTRODUCTION

As higher education responds to shifting social, demo-
graphic, and institutional landscapes, academic depart-
ments, particularly in science, technology, engineering,
and mathematics, are being increasingly called upon to
engage in not just responsive but transformative change
[1,2]. In physics and related disciplines, this includes
efforts to foster more inclusive and equitable environments
and to critically examine departmental cultures that often
reinforce the status quo. National initiatives such as the
American Physical Society (APS) Inclusion Diversity and
Equity Alliance (IDEA) [3], Effective Practices for Physics
Programs (EP3) Departmental Action Leadership Institute
(DALI) [4], and American Institute of Physics (AIP) Task

Force to Elevate African American Representation in
Undergraduate Physics and Astronomy (TEAM-UP) [5]
have placed systemic change and equity at the center of
disciplinary excellence [6,7]. Yet, translating these goals
into meaningful, sustained departmental action remains a
significant challenge.
Cultural change within departments requires more than

adopting new programs or policies; it involves shifts in
collective beliefs, values, and behaviors [8]. These deeper
shifts, often called “second-order change” [9,10], are
essential to achieving goals that alter the culture of
departmental life. Research on organizational change has
shown that successful efforts often depend on the ability of
individuals and groups within a department to work
collaboratively [11], reflect critically [2], and adapt over
time [12]. However, departments often struggle to assess
their current culture, monitor progress, or identify barriers
to change [11,13,14].
To address the need for better insight into departmental

cultures, we developed the Culture around Systemic
Change Survey (CSCS), an instrument designed to support
national change efforts and help researchers understand the
extent to which departmental actors pursue educational
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change through an equitable, systemic approach. Rather
than relying solely on researcher-driven models, our
development process was grounded in collaborative design.
We partnered with, among others, leaders from multiple
national initiatives to identify the cultural dimensions that
stakeholders viewed as most critical. This collaborative
approach ensured that the survey would be both relevant to
ongoing change work and practically useful to those
supporting departments at scale.
This project involves the development of two instru-

ments: the current CSCS survey and the Culture around
Equity and Inclusion Survey, which will be the focus of a
future publication. We view departmental cultures sur-
rounding systemic change and those centered on equity
and inclusion as deeply interconnected. As emphasized by
APS-IDEA, advancing justice, equity, diversity, and inclu-
sion depends on the collective capacity of departmental
teams to transform their culture. A department’s ability to
respond to formative feedback around inclusion is closely
tied to its readiness for systemic change. The CSCS was
developed as a resource for national change initiatives to
better understand patterns across departments, monitor
progress, and provide targeted support based on each
department’s context. In this paper, we present the develop-
ment and psychometric evaluation of the CSCS, based on
data collected during the summer of 2024.

II. BACKGROUND

Systemic change in higher education refers to a com-
prehensive and long-term process that fundamentally alters
the typical operational framework of an organization.
Rather than focusing on isolated fixes, systemic change
spans multiple organizational domains and involves deep,
pervasive transformation requiring shifts in culture
[2,9,10,15]. Because it addresses the underlying assump-
tions, norms, and power dynamics that shape institutional
life, systemic change is often referred to as second-order
change, distinguishing it from the more piecemeal or
incremental first-order change [13].
Building on earlier distinctions between first- and

second-order change, Reigeluth and Garfinkle offer a
helpful framing by contrasting piecemeal and systemic
change. Piecemeal (or first-order) change modifies indi-
vidual parts of a system without challenging its underlying
structures or assumptions. In contrast, systemic (or second-
order) change involves rethinking and redesigning the
system as a whole to meet new goals and conditions.
For example, consider a physics department aiming to
improve graduate student retention. A first-order change
might involve offering additional mentoring or tutoring
sessions—practices that, while beneficial, leave core
departmental structures and norms intact. In contrast, a
second-order change could involve redesigning graduate-
level core courses to incorporate more inclusive pedago-
gies, reexamining the department’s advising model, or

revising criteria for faculty promotion to reward inclusive
mentorship practices. These changes require faculty to
reflect critically on long-standing assumptions about teach-
ing and departmental values.
The impact of such systemic efforts has beendemonstrated

in real-world contexts. One notable example is Strive
Together, a regional initiative based in Greater Cincinnati
and Northern Kentucky, which brought together education,
nonprofit, and civic leaders around a shared vision to
improve student outcomes [16]. By fostering cross-sector
collaboration and building a culture of shared accountability,
Strive Together reported improvements in early childhood
readiness, fourth-grade reading and math scores, and high
school graduation rates. This example illustrates how coor-
dinated, community-wide action grounded in systemic
principles can lead to measurable and sustainable improve-
ments in educational equity and success.
Systemic change is difficult precisely because it pushes

against long-standing beliefs and norms that remain
implicit and go unquestioned. It requires not just doing
things differently, but thinking differently while critically
reflecting on how departmental life should look. As such,
systemic change depends on a range of interrelated ele-
ments, including shared leadership, organizational learn-
ing, and the ability to interpret and respond to feedback.
Next, we expand on each of these elements that comprise a
systemic approach to change.
A systemic approach to change involves a diverse collec-

tive of individuals, including faculty, staff, and students,
working together under a shared vision to achieve a common
goal [17]. Rather than rushing to implement solutions, these
groups take a deliberate, reflective approach by first exam-
ining the root causes of the problems they aim to address
[4,18,19]. This process typically involves gathering input
from relevant stakeholders, such as students, and engaging in
collective interpretation of the evidence to reflect transparent
decision-making processes [20].
Systemic change efforts also involve examining the

institutional structures such as reward systems and leadership
hierarchies that may reproduce inequities [2]. Throughout
this process, the groups leading the change effort maintain
regular communicationwith the broader department to foster
transparency [18]. Importantly, engaging in this type of
change often requires difficult conversations about bias,
privilege, and structural barriers that hinder equity and
inclusion [18,21,22]. Systemic change efforts unfold over
iterative cycles of planning action, and reflection, reinforcing
the idea that systemic change is not a one-time intervention
but a long-term, adaptive process. By embracing these
practices, departments build the capacity for deep, cultural
change that characterizes systemic change [11].
We use Schein’s [8] definition of culture that consists of

three hierarchical levels: (i) artifacts, (ii) espoused beliefs
and values, and (iii) basic underlying assumptions. In our
work, we use artifacts to describe observable behaviors
(things one sees and hears in interacting with others).
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Espoused beliefs or values are ideas individuals hold that
suggest what one sees as important. Finally, when a set of
espoused beliefs or values is widely shared among mem-
bers of an organization, these can, over time, become taken-
for-granted basic underlying assumptions.
When organizations engage in systemic change, it is

critical to examine these cultural elements to understand
why practices and behaviors unfold the way they do and to
assess readiness for change through members’ values and
beliefs. Existing large-scale survey instruments that assess
organizational change have primarily been developed and
validated in contexts outside of higher education [23,24],
where decision making is centralized and change initiatives
are often top-down [25]. Moreover, these instruments often
focus narrowly on employees’ reactions to specific change
initiatives rather than capturing the broader cultural context
in which change occurs [24]. Within higher education, the
most relevant instrument is the DELTA survey [26], which
provides an important foundation for studying faculty
perspectives on change. Our work builds on this foundation
by expanding the conceptual space to include additional
cultural dimensions of change, such as ideas related to
openness to engaging with and learning from others and
centering collective interpretation of evidence.
In this paper, we describe the development of a survey

instrument designed to assess the extent to which depart-
ment members perceive their department as engaging in
key practices related to a systemic approach to educational
change, as well as their beliefs about whether these
practices should be part of an ideal department.

III. METHODS

A. Survey development

Traditional survey development often relies on expert-
driven methods, which can overlook the lived experiences
and needs of those most affected by the outcomes. Without
input from key stakeholders—such as faculty, students, or
department leaders—surveys may feel disconnected from
local realities, leading to low engagement and limited impact.
This gap is especially problematic in systemic change efforts,
where cultural context and organizational dynamics are
critical.
Our goal in developing this surveywas to create a practical

and relevant tool for leaders of APS and AIP change
initiatives. Specifically, the instrument is intended to help
identify the resources, supports, and departmental readiness
necessary for change, thereby fostering a more meaningful
engagement and effective, tailored partnerships.
To achieve this, we used a Human-Centered Design (HCD)

approach [27], which originates from engineering and product
development and emphasizes the creation of tools based on a
deep understanding of user needs and experiences. Guided by
HCD principles, we organized a series of collaborative design
sessions with 15 stakeholders holding multiple roles, includ-
ing leaders of APS and AIP change initiatives, APS site visit

leaders, department chairs, members of the APS Committee
on Minorities and Committee on the Status of Women in
Physics, representatives from AIP Research (formerly the
Statistical Research Center), faculty members, and graduate
student representatives.
We conducted four virtual codesign sessions over the span

of 1 month, each lasting 2 h and held via Zoom. We used
slides to guide the activities, and participants contributed to a
shared Google document where notes were recorded in real
time. These sessions provided a space for participants to
collectively identify critical indicators of departmental cul-
ture related to systemic change and equity and inclusion. Our
initial goal was to develop a single instrument for assessing
two constructs: (i) systemic change and (ii) equity and
inclusion. However, during these codesign sessions, several
subconstructs were identified that made the idea of a single
instrument impractical. These two instruments are distinct
and cover related but not overlapping constructs. The
systemic change survey includes constructs related to prac-
tices around pursuing educational change. Aspects around
educational change can have an equity lens, but these aspects
heavily focus on addressing theway that peoplework to alter
areas in their department. On the other hand, the equity and
inclusion survey focuses on people’s perspectives on the
extent to which equity and inclusion principles are enacted
through practices and policies in the department. As a result,
we decided to split these two main ideas into two distinct
surveys. In the long term, future work should empirically
explore the relationship between the constructs in these two
surveys. This paper focuses on the development process of
the Culture around Systemic Change Survey (CSCS). A
more detailed description of the codesign process is provided
in a separate publication [28].
Following the codesign sessions, we synthesized the

findings and reviewed relevant literature to inform the
development of the main constructs. Each construct was
clearly defined, and we developed an initial pool of items
designed to capture multiple dimensions of each construct.
We started with eight constructs: centering students’ voices,
partnering with students, advancing equity and inclusion,
shared leadership, transparency and accountability of
practices of change teams, centering data and informed
decision making, context dependence, sustainability, and
changing hearts and minds. The DELTA instrument and the
EP3 Chairs Survey served as starting points and offered
inspirations for our item development [26,29]. The DELTA
instrument, in particular, guided the design of survey items
that capture respondents’ perceptions of both an ideal depart-
mental culture and the current departmental culture [26].
Survey items were developed based on the departmental

practices and values identified in the codesign sessions and
adapted from the DELTA and EP3 Chairs surveys. The
initial version of the CSCS consisted of 50 items measured
on a seven-point response scale of “strongly disagree” (1) to
“strongly agree” (7). All items were developed under one of
three stems. We used a limited number of question stems to
balance (a) engaging respondents in sensemaking about the
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items and (b) attempting to reduce cognitive load for
respondents by minimizing the number of different question
stems. Each stemwas developed to target a different aspect of
departmental culture around change. More specifically,

1. Individual-level behaviors (“on average, people in
my department …”) meant to capture what individ-
uals do (behaviors, attitudes, and interactions) as
observed within the department.

2. Departmental change efforts (“On averagemy depart-
ment’s change efforts…”) meant to capture collective
actions and initiatives taken by the department.

3. Use of student data (“Typically, systematic evidence
about students’ experiences in our program(s) …”)
meant to capture the department’s use of systematic
data. While most departments collect some infor-
mation about students, this is different from taking a
systematic approach to collecting, interpreting, and
using that evidence to guide decisions.

Each item asks respondents to consider the item statement
in relation tohowwell it characterizes the “current state of your
department” and how well it characterizes your “ideal depart-
ment.” Each item includes a pair of responses that can be
compared to better understand respondents’ current percep-
tions of their departmental culture, as well as what they would
consider to be ideal qualities of a program. The items were
coded into Qualtrics [30].We then conducted ten think- aloud
interviews with faculty and graduate and undergraduate
students. Although we initially intended for the survey to
be completed by all department members, these interviews
revealed that students could meaningfully engage with only a
subset of the items. As a result, we narrowed the intended
audience to faculty and staff. Following best practices in
survey methodology [31], we revised item wording, removed
double-barreled questions, and ensured that language was
clear and interpretable for faculty and staff respondents.
Following the interviews, a panel of five survey experts

reviewed the items for content validity [32]. Based on their
feedback, we refined the wording and eliminated redundant
items. A list of the original 50 items on the administered pilot
survey is displayed in Table VIII of the Appendix. The
revised survey was then piloted across 33 physics depart-
ments, a process further described in detail in the remainder
of this paper. In this paper, we used exploratory factor
analysis (EFA) to validate the factor structure of the “current
state of your department” scale only. Responses on the ‘ideal
department” scale were highly skewed toward the agree/
strongly agree end of the scale and therefore did not contain
enough variance to be subjected to factor analysis.

B. Pilot test

1. Physics departments

Our sampling source was the American Institute of
Physics (AIP) list of U.S. institutions offering at least a
bachelor’s degree in physics (N ¼ 734). From this dataset,
we excluded institutions that were actively engaged in
formal change initiatives at the time of sampling (APS-

IDEA, EP3 DALI, or AIP TEAM-UP), yielding 620
eligible institutions. We piloted the survey in a subset of
institutions not currently participating in these initiatives
because, following the pilot, we wanted to administer the
survey to institutions active in change initiatives.
From the eligible pool, we randomly selected 33 insti-

tutions (28 Ph.D.-granting and 5 bachelor’s-only) for pilot
administration. Of these, 20 were public and 13 private. For
each institution, we compiled faculty and staff contact lists
from publicly available university directories and distrib-
uted the pilot survey via email to all individuals for whom
addresses were available.

2. Sample of participants

After deleting 18 cases from the original dataset, we
ended up with N ¼ 111 responses (see Sec. III C 1 for a
detailed description of which cases were removed and how
missing data were handled). The demographic data of the
sample are given in Table I.

TABLE I. Demographic data associated with the N ¼ 111
responses analyzed. All participants were faculty and staff at
one of 33 randomly selected physics bachelor’s-degree-granting
institutions that had not previously participated in any of the focal
change initiatives (APS-IDEA, EP3 DALI, or AIP TEAM-UP).

Gender N %

Man 71 64
Woman 24 22
Gender queer 1 1
Did not answer 15 14

Race or ethnicity N %

White 72 65
Asian or Asian American 8 7
Hispanic or Latino 2 2
Black or African American 1 1
Middle Eastern or North African 1 1
Irish 1 1
Multiple races 6 5
Did not answer 20 18

Sexuality N %

Straight or heterosexual 86 77
Queer 15 14
Did not answer 10 9

Position N %

Postdoc 9 8
Staff or administration 18 16
Nontenured and non-TT faculty 13 12
Tenured and TT faculty 66 59
Other 5 5
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C. Data analysis

1. Sample and missing data

We received 129 total responses over about a month.
Four were discarded because respondents exited the survey
having answered fewer than 10 of the 50 items. One
response set was identified for deletion due to consecutive
identical responses throughout the survey, a type of “care-
less response” pattern that indicates the respondent’s
answers do not accurately reflect their beliefs [33].
In the 124 remaining cases, 10.7% of the data were

missing. Approximately, 90% of the missing data came
from 27 respondents. Much of the missingness occurred in
the last 20 questions of the survey, and the highest missing
response rate occurred on the final item (N ¼ 32 missing
responses, 25.6%), suggesting that at least some respon-
dents may have exited due to the length of the instrument
[33–35]. Item response distributions for the 27 cases from
whom most of the missing data derived were qualitatively
similar to distributions of responses from participants who
completed the survey in its entirety. This suggests a degree
of similarity in how the two groups interpreted the survey
and lends credence to the idea that nonresponse was at least
somewhat attributable to survey fatigue.
However, there was a slightly higher rate of nonresponse

on questions related to the experiences marginalized people
in the department. Some respondents may therefore have
chosen not to answer these questions purposefully, perhaps
if they felt these items espoused values that misaligned with
their own. We also observed that the rate of nonresponse
among postdocs, staff, and nontenured faculty was dispro-
portionately high compared to their representation among
the overall survey population. In particular, among 13
individuals who did not respond to any of the items starting
with the question stem “Typically, systematic evidence
about students’ experiences in our program(s) …,” 8 held
one of these positions. Some nonresponse may therefore
have occurred because these individuals did not have
firsthand knowledge of how evidence in their departments
is used and felt unsure how to respond.
In the analysis presented in Sec. IV, we opted to remove

those 13 cases from the data, bringing the final sample size
to N ¼ 111. This decision was motivated by several
preliminary versions of the exploratory factor analysis that
suggested one of the factors (“collective evidence”) would
consist almost entirely of items sharing the “Typically,
systematic evidence about students’ experiences in our
program(s) …” stem. Hence, data about this factor were
effectively unavailable for those 13 respondents. To better
understand the effect of this decision, we conducted several
versions of the EFA in which we included these cases using
different missing data handling procedures. However,
regardless of whether those cases were included in the
analysis or not, the overall factor structure remained highly
consistent. Comparisons of EFA results under different
conditions are available in Table X of the Appendix.

In the final sample ofN ¼ 111 responses presented in the
results, 6.0% of the data were missing. Several common
methods exist for handlingmissing data. These often include
listwise deletion, pairwise deletion, and mean imputation.
However, such methods require a missing completely at
random (MCAR)mechanism of generating the missing data,
meaning that the probability of missing data has no relation-
ship with any other values in the dataset [36]. In our data,
little’sMCAR testwas statistically significant, indicating that
the missingness is not MCAR [37] In fact, this is rarely a
tenable assumption in real-world data [38–40]. Even under
the most ideal circumstances of MCAR data, evidence
suggests that results may still be biased when using deletion
methods or mean imputation [41,42].
More typically, missing data are missing at random

(MAR) or missing not at random. The critical difference
between the two is that for MAR data, the probability of an
observation being missing is conditionally associated with
other data in the dataset, but not with the missing data
themselves [36]. Here, we assume our data are MAR. The
higher rate of missingness among postdocs, staff, and
nontenured faculty indicated that at least some missingness
was explained by other parts of our data. Moreover, this
type of missingness is amenable to the use of statistical
methods for handling missing data, such as multiple
imputation (MI) and full-information maximum likelihood
(FIML) [43–45]. Using such techniques allowed us to
increase the statistical power of the study by avoiding
further reduction of the sample size.
We tested both MI and FIML methods for handling the

remaining missing data and found results to be similar
regardless of which was used (see Table X in the
Appendix for a comparison of several methods discussed
here). One approach using MI was to generate a pooled
covariance matrix, which was then used as the input for EFA
in the PSYCH package in R [46–48]. Another MI approach
involved conducting a principal component analysis on each
individual imputed dataset, then using generalized procrustes
analysis to rotate the solutions toward a reference solution
[49]. Several FIML approaches were also tested, including
use of FIML to generate an interitem covariancematrix to use
as input for EFA in the PSYCH package. In the end, we opted
to present the results of the EFA as carried out using FIML
methods implemented in the UMX package [50]. Since the
results of each were mostly consistent and all were theoreti-
cally coherent, we decided to use the UMX package due to its
ability to calculate individual factor scores for participants
with minimal missing responses.

2. Steps in EFA

We began by testing whether the data met the assump-
tions for exploratory factor analysis. The assumptions
tested are detailed in the Appendix, and the results of
those tests are presented in Sec. IVA. Four items were
found unsuitable for inclusion in the EFA. We therefore
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moved on to exploratory factor analysis using N ¼ 111
responses to the subset of 46 items deemed suitable for
analysis. To choose the number of factors to retain in the
exploratory factor analysis, we relied on both theoretical
considerations and several analytical indicators, such as a
scree plot (see Fig. 1), Horn’s parallel analysis, and Kaiser’s
criterion [51–53]. Each of these offer different means of
determining the number of factors to retain. Scree plots
show the eigenvalues produced by a common factor model,
and the number of factors to retain is indicated by an
inflection point in the plot. In parallel analysis, eigenvalues
generated from the data are compared to the eigenvalues of
randomly generated data with similar structure. Com-
ponents with larger eigenvalues than those of the randomly
generated data are recommended to be retained [52].
Meanwhile, Kaiser’s criterion suggests retaining factors
with eigenvalues greater than 1 [53].
To support our decision regarding the number of factors

to retain, we conducted several EFAs using different factor
structures and examined their pattern matrices to determine
which best supported our goal of a parsimonious and
theoretically convergent factor structure. Guidelines for
practical and statistical significance for our sample size of
N ¼ 111 suggest that factor loadings greater than approx-
imately 0.5 are salient for interpretation [54]. However, this
value is also dependent on the number of variables being
analyzed, and smaller loadings are needed to be considered
significant as the number of variables increases [55].
Furthermore, since this survey is intended for future use,
a major goal of this exploratory factor analysis was to
identify items for removal in future administrations. Given
this goal, we were conscientious of retaining potentially

meaningful items rather than strictly adhering to a cutoff
point of 0.5. This approach allowed for the possibility that
some items, which may not have loaded strongly in the
current analysis due to the relatively small sample size,
could become more significant with more data.
Weighing these considerations, we chose to identify

loadings of 0.40 or greater as significant. Items that did
not significantly load on any factor were systematically
removed from the analysis until all remaining items were
associated with a factor. To be considered an adequate
solution overall, we also required all factors to have a
minimum of three items with significant loadings. We
applied these standards to the candidate solutions in order
to arrive at the final five-factor solution detailed in Sec. IV
B and summarized in Table VI. All analyses were carried
out using FIML methods as implemented in the UMX

package in R [48,50].

3. Reliability

Reliability refers to the consistency of scores across
multiplemeasurements of a variable [56,57]. However, when
only one administration of an instrument is done, internal
measures of consistency are used to estimate reliability [56].
Most commonly, Cronbach’s alpha is reported as an estimate
of reliability [58,59]. However, α relies on several assump-
tions that are often unrealistic in practice, including the
assumption that all factor scores are the same for each item
[60]. Therefore, in addition to reporting α as a measure of
reliability, we also report McDonald’s ωt and ωh [61,62].
These model-based alternatives allow for greater insight into
the internal structure of the instrument. A brief discussion
regarding themeaning and calculation of theseω coefficients
using the PSYCH package in R is given in the Appendix;
however, for a more thorough theoretical description, see
Refs. [61–63]. For more in-depth guidance on calculating ω
using R, see Refs. [61,64,65]).

4. Convergent and discriminant validity

Validity refers to the extent to which an instrument
measures the attribute of respondents that it is intended to
measure [56,62]. Convergent validity is ameasure of internal
consistency of indicators measuring the same construct,
while discriminant validity refers to the degree to which
measures of different constructs are unique [66,67].
Evidence of convergent and discriminant validity is provided
through several sources. For example, one important aspect
of convergent validity is whether individual items are
interpreted by respondents in the way intended by the
researcher [57]. Meanwhile, a factor solution with few
cross-loadings and moderate or low interfactor correlations
can be interpreted as evidence of discriminant validity.
In addition to assessing these criteria, we also analyzed

several metrics of convergent and discriminant validity
using the results of an independent clusters factor model
fitted to the data. Whereas EFA allows items to load onto
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FIG. 1. Scree plot showing eigenvalues produced by a common
factor model. The inset excludes the first eigenvalue to illustrate
more detail. The red line shows simulated eigenvalues used in
parallel analysis, which suggested a four-factor solution. The
dotted gray line indicates eigenvalues above and below 1
(Kaiser’s criterion).

DIANA SACHMPAZIDI et al. PHYS. REV. PHYS. EDUC. RES. 22, 010107 (2026)

010107-6



more than one construct, an independent clusters model
constrains observed variables to only load onto one factor
[62] (results are shown in Table XII). This model was fit
to the data using the LAVAAN package in R [68]. Using these
results, we employed the Fornell and Larcker criterion
for evaluating convergent and discriminant validity. This
involves calculating the average variance extracted (AVE)
for each construct, which measures the average amount of
variance that a construct explains relative to the overall
variance of its indicators. AVE is calculated by averaging
the squared factor loadings of the independent clusters
model. AVE values greater than 0.5 are indicative of
convergent validity [69].
We then constructed an interfactor correlation matrix by

calculating the Pearson correlation between respondents’
average construct scores. We assessed discriminant validity
by comparing the squared interconstruct correlations to the
calculated AVE values. Specifically, Fornell and Larcker
suggest that for two constructs, discriminant validity is
established when AVEs associated with both constructs are
greater than their squared correlations. This condition
indicates that the latent variable explains more variance
of the indicators than the other latent variable [70].

IV. RESULTS

A. Assumptions for EFA

To test the suitability of the data for exploratory factor
analysis, we began by calculating Pearson correlations
between the items. Questions 1.5, 1.13, and 1.15 were
observed to have correlations less than r ¼ 0.3 with over
half of the other items, which raised concerns about their
suitability for inclusion in a factor analysis. Meanwhile,
questions 1.23 and 1.24 had an interitem correlation of 0.88,
which suggested possible multicollinearity concerns for
these items.
The overall KMO test value for our data was 0.89,

supporting their general suitability for factor analysis.
Scores are on a 0–1 scale, with scores below 0.5 indicating
the data are unfit for factor analysis and scores above 0.9
considered “marvelous” [71]. Bartlett’s test was significant
at an alpha level of 0.05 [χ2ð1128Þ ¼ 5132.2, p < 0.001],
which further indicated that correlations between items
were sufficient for factor analysis [72].
However, KMO scores for individual variables rein-

forced that questions 1.5, 1.13, and 1.15 were candidates
for deletion, with scores of 0.71, 0.54, and 0.69, respec-
tively. Combined with evidence from the correlation
matrix, we opted to eliminate questions 1.5, 1.13, 1.15,
and 1.23 from the data prior to conducting a factor analysis.
Regarding distributional assumptions, Mardia’s test was

statistically significant and therefore indicated multivariate
non-normality. However, as noted in the methods, even
slight departures from non-normality can return a signifi-
cant result [73]. We therefore analyzed the univariate
distributions of each item (see Fig. 4 in the Appendix),

which revealed that most had a skewness and kurtosis less
than j1.0j. All were under j2.0j except question 1.14, which
had a skewness of −1.76 and kurtosis of 3.33. These values
indicated that the data were not severely non-normal
[74,75], and that maximum likelihood estimation was
likely appropriate [76]. Finally, visual inspection of bivari-
ate plots between each variable did not suggest any strong
nonlinear relationships, nor did the residual plots. Thus, we
deemed the data sufficient for exploratory factor analysis
(see the Appendix for a more detailed explanation of the
metrics reported here).

B. Exploratory factor analysis

The first step in exploratory factor analysis was to
identify the appropriate number of factors to retain. As
discussed in Secs. II and III A, we initially theorized eight
underlying constructs. However, this analysis is explor-
atory, and we anticipated that several factors were likely to
overlap conceptually, meaning that the number of distinct
factors identified through EFA could be fewer.
We started assessing the factor structure quantitatively by

extracting eigenvalues produced by a common factor model
and plotting them in the scree plot shown in Fig. 1. Parallel
analysis was also conducted, in which the eigenvalues
generated from the data are compared to the eigenvalues of
randomly generated data with similar structure. The eigen-
values from the randomly generated data are plotted in Fig. 1
as well. The steep drop after the first eigenvalue might
suggest that one factor could best fit the data. However, this
was not supported by theory, and other criteria indicated that
more than one factor was appropriate. Kaiser’s criterion
(retaining factors with eigenvalues greater than 1 [53])
suggests a seven-factor solution, while parallel analysis
indicates that a four-factor solution is the optimal choice.
These are highlighted in the inset plot of Fig. 1 by the red and
gray lines. Given several reasonable choices for factor
retention, we ran models ranging from four to eight factors,
as well as a single-factor model, to compare solutions for
theoretical sense and total variance explained.Wealsokept in
mind the potential to overfit the data given the smaller sample
size. Due to the nature of the theorized constructs, we
assumed that factors would be correlated and therefore used
an oblique rotation (promax) to improve interpretation of
solutions with multiple factors [77].
Next, we used the criteria outlined in Sec. III C 2

(loadings of 0.40 or greater are significant, all factors must
have a minimum of three significant loadings) to eliminate
unsatisfactory solutions. Solutions with six or more factors
were quickly deemed inadequate due to too few significant
loadings on several constructs, as well as concerns that
these models would overfit the data. This left the four- and
five-factor solutions as candidates for selection. However,
since both potential solutions had a number of poorly fitting
items, we continued our analysis by systematically remov-
ing those items with low pattern coefficients and rerunning
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the analysis. For both the four- and five-factor models, we
removed items with low pattern coefficients (< 0.4) in a
stepwise process. We began by eliminating items that did
not seem to align well theoretically with their assigned
factor, as well as those that we deemed were likely
confusing or misinterpreted by respondents. Cross-loaded
items were considered individually. Decisions to keep or
remove these items were based on whether they clearly
loaded more strongly on one factor than another. In
determining which items to remove, we also considered
the item’s communality. Communalities lower than 0.50
were considered for deletion as recommended by Hair et al.
[55]. Choosing a solution for which each factor had most or
all communalities greater than 0.5 was also important to
ensure a stable solution given our sample size [78]. Given
the exploratory nature of this study and our aim to refine the
survey instrument for future large-scale administration, we
prioritized item retention at this stage. In close decisions
about whether to retain an item, we erred on the side of
inclusion, anticipating that future data collection will allow
for more definitive decisions about item reduction.
Across both solutions, items 1.5, 1.6, 1.9, 1.11, 1.12,

1.13, 1.15, 1.16, 1.19, 1.21, 1.23, 1.24, and 3.8 were
removed. For the four-factor model, questions 1.17 and
1.18 were also removed for failing to load onto any of the
factors. Comparing the solutions of the four- and five-factor
models, we observed that three factors across both sol-
utions were identical. They represented three coherent
themes: (i) collective decision making by faculty and staff
and their use of systematic evidence; (ii) whether individ-
uals with different backgrounds feel valued and respected
in decision making; and (iii) open-mindedness to change.
The total variance explained was 59% for the four-factor
model and 62% for the five-factor model. From this
perspective, it was not clear that adding a factor that only
contributed 3% to the explained variance was preferable to
a more parsimonious model. The decision to choose a four-
or five-factor solution therefore depended on whether we
believed the final factor in the four-factor solution should
be split into two.
Theoretical considerations strongly influenced this deci-

sion-making process. In the four-factor model, the final
factor included ten items that we believed represented two
separate constructs. During item development, we had
identified three of the items (1.20, 3.1, and 3.9) as having
to do with sustainability of change; questions 1.17 and
1.18, which were dropped in the four-factor model, were
also associated with sustainability. Meanwhile, the remain-
ing seven items were strongly associated with student
involvement in decision-making processes. A five-factor
solution served to split this final factor along this theoretical
boundary, producing two factors with more coherent
meaning. Notably, items 1.17 and 1.18 were retained in
the five-factor model and belonged to the factor associated
with sustainability of change as we originally theorized,

providing evidence that five factors best fit the data. Adding
this factor also improved the communalities for its asso-
ciated items. For instance, the communalities for items 3.1
and 3.9 were raised from 0.44 and 0.38 in the four-factor
solution to 0.60 and 0.53 in the five-factor solution.
The final five-factor solution is presented in Table VI. Once

a satisfactory solution had been found, we finalized our
interpretation of the five factors and selected names for each.
They were labeled open-mindedness (OM), student involve-
ment (SI), collective interpretation of evidence (CIE), sustain-
ability (S), and disruption of systemic injustices (DSI).
Definitions are given in Table VII. This solution accounted
for 69% of the total variance in the 35 items. Specifically, OM
(n ¼ 7) accounted for 11%, SI (n ¼ 7) accounted for 19%,
CEI (n ¼ 8) accounted for 14%, S (n ¼ 5) accounted for
11%, and DSI (n ¼ 8) accounted for 14%. Correlations
between all items used in the EFA are shown in Table IX
in the Appendix, which allows all EFA results shown here to
be reproduced.

C. Example data analysis

In this section, we illustrate several examples of ways the
data collected with this instrument might be used by change
initiative leaders at professional societies to inform decision
making. For example, leaders may be interested in answer-
ing the question, “How are departments’ current cultural
practices around systemic change assessed by their faculty
and staff members, and are there any areas that are seen as
strengths?”We used the data from this paper to explore this
question in as part of a previous publication [79], but we
briefly outline the methods and results here.
First, we calculated respondents’ composite factor scores

based on the average of the itemswithin each factor.We then
calculated the mean, standard deviation, and median values
of these factor scores across all respondents. These are
summarized in Table II. Distributions of factor scores are
shown in Fig. 2 and visually suggest that the open minds
factor and collective evidence factor may have higher scores
on average than the other three factors (sustainability, student
involvement, and disrupting injustices).Weperformed a one-
way repeated-measures analysis of variance (ANOVA) to
test whether a significant difference exists between mean

TABLE II. Summary statistics describing the distribution of
factor scores across the five constructs identified through EFA.
For this study, factor scores for individual participants are
calculated as the mean score of the items associated with a
factor. The Likert scale ranged from 1 to 7.

Mean SD Median % Variance

OM 4.97 1.22 5.29 11
SI 4.45 1.35 4.57 19
CE 4.85 1.26 5.00 14
S 4.44 1.32 4.60 11
DI 4.54 1.30 4.62 14
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current factor scores.Results of theANOVAwere significant,
Fð4; 440Þ ¼ 13.90, p < 0.001.
Then, to explore differences between specific pairs of

factors, we use paired t tests with a Bonferroni corrected p
value (padj ¼ 10p) to test for significance at the α ¼ 0.05
level. We also report the point-biserial correlation r as a
measure of effect size, calculated as

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
t2=ðt2 þ dfÞ

p
where t

is the test statistic [80]. Those results reveal that on average,
participants rate their current department significantly higher
on the open minds factor (M ¼ 4.97, SD ¼ 1.22) than on
student involvement (M ¼ 4.45, SD¼ 1.35), tð110Þ ¼ 5.44,
padj<0.001, r¼0.46; sustainability (M¼4.44, SD¼1.32),
tð110Þ ¼ 5.36,padj < 0.001, r ¼ 0.45; anddisrupting injus-
tices (M ¼ 4.54, SD ¼ 1.30), tð110Þ ¼ 4.95, padj < 0.001,
r ¼ 0.43. These represent medium effect sizes according to
guidelines set by Cohen (r ¼ 0.10 represents a small effect,
r ¼ 0.30 a medium effect, and r ¼ 0.50 a large effect)
[81,82]. Similar to the open minds factor, participants rate
their current department significantly higher on the collective
evidence factor (M ¼ 4.85, SD ¼ 1.26) than onstudent
involvement, tð110Þ ¼ 4.20, padj < 0.001, r ¼ 0.37; sus-
tainability, tð110Þ ¼ 4.64, padj < 0.001, r ¼ 0.40; and dis-
rupting injustices, tð110Þ¼3.58, padj¼0.005, r¼0.32.
All of these represent medium effect sizes. The average
difference between scores on the open minds factor and the
collective evidence factorwas not statistically significant, nor
were any of the pairwise comparisons between the student
involvement, sustainability, and disrupting injustices factors.
In summary, these results indicate that respondents score their
departments significantly higher on the open minds and
collective evidence factors than on student involvement,
sustainability, or disrupting inequities.

The relatively higher ratings for openminds and collective
evidence may suggest that faculty and staff broadly view
their departments as open to learning and willing to use data
collaboratively in order to guide change. For change leaders,
together these results may be leveraged as foundational
resources when planning how to best approach a new change
initiative. A departmental culture that is receptive to new
ideas and willing to engage in data-based decision making
could provide a fertile environment for significant and
sustained transformation, particularly when data are avail-
able to support a shared view that change is needed.

D. Validity and reliability of sample data

RegardingFornell andLarcker’smetrics for convergent and
discriminant validity,we find values ofAVE for each construct
to be greater than the threshold value of 0.50, indicating
convergent validity [69]. We also found that the squared
interconstruct correlation values were all lower than the AVE
values for each construct, providing evidence for discriminant
validity. These results are summarized in Table V.
We assessed internal consistency by calculating reliabil-

ity coefficients α, ωt, and ωh for both the whole instrument
as well as its individual subscales. The results of these
calculations are summarized in Table IV. For the total score,
we find ωt ¼ 0.98 and α ¼ 0.97, which indicate that nearly
all of the observed score variance in the 35 items can be
attributed to “true score” variance. We also find ωh ¼ 0.88,
which indicates that 88% of the total score variance is
attributable to a general factor. This means that only about
10% (0.98–0.88) of the reliable variance can be attributed
to the multidimensionality of the group factors. This
indicates that the total score reflects the general factor
well, and the total score can be regarded as a sufficiently
reliable measure of the general factor [83].
We also calculated ωt·sub, ωh·sub, αsub for the individual

subscales to better understand the extent to which they are
reliably measuring their specific intended constructs. We
find ωt·sub and αsub scores all between 0.89 and 0.95,
indicating that the proportion of true score variance in the
subscales is also quite high. However, calculations of ωh·sub
are much lower. The highest omega hierarchical subscale is

Median = 5.00

Median = 5.29

Median = 4.62

Median = 4.57

Median = 4.60

Open Minds

Collective
Evidence

Disrupting
Inequities

Sustainability

Student
Involvement

3.5 4.0 4.5 5.0 5.5 6.0

FIG. 2. Interquartile ranges of factor scores on the “current”
scale. Respondents score their departments significantly higher
on the open minds and collective evidence factors than on student
involvement, sustainability, or disrupting inequities. The Likert
scale ranged from 1 to 7.

TABLE III. Factor correlations as determined by the oblique
rotation in EFA, often denoted as ϕ. Oblique rotations allow the
factors to correlate, meaning the new axes in the subspace of
retained factors are not constrained to be perpendicular to one
another. The values in the correlation matrix are analogous to the
dot product between these axes [63].

OM SI CE S DI

OM 1.00
SI 0.60 1.00
CE 0.55 0.72 1.00
S 0.52 0.74 0.73 1.00
DI 0.49 0.67 0.58 0.58 1.00
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ωh·OM ¼ 0.40, and the lowest are ωh·SI and ωh·CE, which are
equal to 0.18. These values represent the common variance
remaining after partitioning out the contribution of the
general factor. They reflect the degree to which the subscale
score reflects the intended specific factor. Taking the values
of ωt·sub and ωh·sub together, the high reliability of the
subscale scores indicated by ωt·sub is mostly attributable to
individual differences on the general factor rather than
differences on the subscales.
Reise et al. suggest ωh·sub should be greater than 0.50 in

order to reliably use the subscales as a measure of their
intended construct [83], but acknowledge that this recom-
mendation is subjective. A more recent simulation study
indicates that for a test with 5 factors and ωt·sub values of
0.90 across each subscale, ωh·sub of 0.130 or higher are
sufficient to justify the interpretability of subscores [84].
Thus, although the values of ωh·sub presented here do not
meet the higher threshold of 0.50, we believe there is
evidence to suggest meaningful interpretation of subscale
scores. Still, further evidence of subscale reliability should
be established in future work.
We anticipate that the subscale reliabilities will improve as

we continue to refine this instrument in future iterations of
data collection. This is because, in line with the exploratory

goals of the study, we retained some borderline items
including severalwith cross-loadings. This decision reflected
our intention to conduct a more comprehensive item evalu-
ation in future analyses based on larger-scale data. However,
inclusion of such items here likely diminished subscale
reliability [83]. Indeed, in a separate analysis of these data, in
whichwemoved the threshold for item inclusion to a loading
of 0.50 and removed the cross-loaded items, allωh·sub values
aside from ωh·SI increased to between 0.40 and 0.60 without
significant reduction in total reliability.

V. DISCUSSION

This study examined the psychometric properties of data
derived from the Culture around Systemic Change Survey
(CSCS), developed to measure physics departments’
approaches to educational change. We evaluated the dimen-
sional structure of the data using exploratory factor analysis
(EFA) and estimated internal consistency reliability of factor
scores. Before conducting EFA, we evaluated whether the data
were appropriate for factor analysis. After making some well-
justified adjustments (see Sec. IV for details), we proceeded
with the appropriate use of EFAwith the cleaned dataset.
We began the EFAwith an evaluation of howmany factors

to retain. While we initially hypothesized eight constructs,
we expected that conceptual overlap could yield fewer
distinct latent factors. Scree plot analysis suggested a sharp
drop after the first eigenvalue, but both Horn’s parallel
analysis and Kaiser’s criterion suggested four and seven
factors, respectively. Following these quantitative indicators
along with initial theoretical considerations, we tested
models with one to eight factors. Solutions withmore factors
were eliminated due to insufficient item loadings per factor.
The final five-factor solution accounted for 69% of the

total variance in the retained items. Each factor was labeled
based on its inferred conceptual meaning: open-mindedness
(OM), student involvement (SI), collective interpretation of
evidence (CIE), sustainability (S), and disruption of systemic
injustices (DSI). The internal consistency for the total score
was high (α ¼ 0.97,ωt ¼ 0.98), and a hierarchical omega of
0.88 suggests that most of the reliable variance reflects a
general factor. Subscale (factor) reliability estimates were
also high (ωt·sub and αsub between 0.89 and 0.95), but lower
hierarchical omega values (ωh·sub ranging from 0.18 to 0.40)
indicate that much of this reliability stems from individual
differences of the general factor rather than differences on the
specific subscales. Therefore, while the total score can be
interpreted as a reliable indicator of a general construct (e.g.,
culture around systemic change), additional validation is
needed before factor scores can be used as stand-alone
measures of distinct dimensions.
Overall, the final five-factor model closely reflects our

initial theorization of cultural dimensions relevant to
departmental change and offers strong preliminary evi-
dence supporting the structural validity of the data inter-
pretations. The total score demonstrates strong internal

TABLE IV. Summary of reliability statistics across the entire
instrument (top row) and individual subscales. The high values of
omega total and alpha indicate excellent internal consistency. The
comparatively lower values of ωh·sub mean that further evidence
of subscale reliability should be established before confidently
drawing conclusions from individual subscale scores.

ωt ωh α

Total 0.98 0.88 0.97
ωt·sub ωh·sub αsub

OM 0.91 0.40 0.89
SI 0.93 0.18 0.93
CE 0.95 0.18 0.95
S 0.90 0.23 0.89
DI 0.94 0.30 0.93

TABLE V. Matrix summarizing Fornell and Larcker’s metrics
for convergent and discriminant validity [69]. The diagonals
represent the average variance extracted for each construct while
off-diagonals represent the squared Pearson correlations between
participants’ scores on the different factors. Squared intercon-
struct correlations were all lower than the AVE values, providing
evidence for discriminant validity. Meanwhile, AVE values were
above 0.50, providing evidence for convergent validity.

OM SI CE S DI

OM (0.57)
SI 0.47 (0.65)
CE 0.45 0.57 (0.70)
S 0.33 0.44 0.57 (0.64)
DI 0.31 0.44 0.47 0.34 (0.65)
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consistency and reflects a reliable general factor underlying
the survey instrument. However, further work is needed to
establish the reliability of the individual subscale responses.

A. Limitations

Several limitations should be acknowledged. First, the
relatively small sample size and limited number of
responses per department constrain the generalizability
of the findings. Second, while we conducted cognitive
interviews (think alouds) with some participants during the
survey development stage, additional interviews with staff
members are needed to ensure item clarity and relevance
across groups. Third, this study relied solely on exploratory
factor analysis, which is the first step in the psychometric
evaluation process, an iterative processin nature. At this
time, we have collected additional data and will perform
confirmatory factor analysis and internal consistency met-
rics to test the stability and generalizability of the proposed
factor structure. This work will be the focus of a future
publication, and we invite more researchers to continue
using and refining this instrument across various contexts.

B. Implications for research and practice

The findings from this study offer several important
implications for both researchers and practitioners seeking
to understand and shape departmental culture in higher
education. This survey is designed to assess departmental
culture around pursuing any program-level change (under-
graduate and/or graduate) aimed at improving student
experience or outcomes (e.g., curriculum revisions, instruc-
tional practices, and efforts to strengthen departmental
climate). Although this survey was developed with physics
departments in mind, its underlying constructs are broadly
relevant and should not be viewed as strictly discipline-
specific. Researchers in other fields are encouraged to
review, adapt, and validate the instrument responses within
varied disciplinary contexts, accounting for local cultural
norms and priorities. The five-factor solution identified in
this analysis provides a theoretically grounded and empiri-
cally supported framework for studying how departments
approach systemic change. Researchers could also use this
survey to examine important program outcomes, such as
student retention. Additionally, the strong reliability of the
general factor suggests that the total score may serve as a
meaningful, high-level indicator of departmental culture
and readiness for change, while the factor structure offers a
foundation for future confirmatory analyses and continued
refinement of the survey instrument.
This survey instrument was developed primarily to

inform leaders of disciplinary change initiatives. While
the instrument may also be used to assess culture at the
level of individual departments, we advise caution in doing
so. Responses to the survey may reflect sensitive percep-
tions and experiences; therefore, data collection, storage,
and dissemination of findings must follow rigorous ethical

protocols to ensure the protection of participants’ identities
and confidentiality, given the small pool of respondents per
department. We encourage potential users to carefully
consider partnering with the research arms of professional
societies and/or external evaluators for meaningful local
assessments of departmental culture. We argue that this
instrument may only be useful at the community/popula-
tion level. In a follow-up publication, we will continue
refining this survey using a larger dataset. Based on the
resulting factor model, we will develop a guide and related
resources to help practitioners (e.g., external evaluators and
department leaders) interpret the scores on the underlying
dimensions. These materials will support departments in
understanding their readiness for change and identifying
specific areas for improvement. In future work, we are
interested in developing alternative study design strategies
(like having multiple local departmental liaisons that can
amplify the survey recruitment locally) which might result
in a high enough response rate and sample size (particularly
at medium or larger institutions) to build claims and draw
reasonable conclusions at a local departmental level.

VI. CONCLUSIONS

This study presents a first step toward assessing the
psychometric evaluation of a newly developed survey
designed to assess cultural dimensions relevant to systemic
change in physics departments. Using exploratory factor
analysis, we identified a five-factor solution that closely
aligns with our theoretical expectations. The scores obtained
from its first pilot testing offered preliminary evidence for
structural validity. Future work will focus on confirmatory
analyses, broader sampling, and continued refinement of the
survey instrument. As development progresses, this survey
tool has the potential to support both research on depart-
mental and institutional change and practical efforts to foster
a more equitable and systemic approach to the change pro-
cess. This work sets the foundation for conducting popula-
tion studies that measure the state of progress of the physics
community along culture around systemic change.
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APPENDIX

1. Assumptions tested

a. Assumptions for EFA

One significant consideration in the application of factor
analysis is sample size, as correlation coefficients are likely to
fluctuate more from sample to sample in smaller samples
than in large samples.Hence, large sample sizes are generally
desirable formore reliable factor analysis results, particularly
if loadings on the factors are expected to be small [57].
Common guidelines recommend a sample size about 5 times
the size of the number of items in the EFA, and more when
accounting for missing data [85–87]. For this survey, that
would imply a sample size of approximately 250, just over
twice the size of our sample (N ¼ 111). However, other
studies illustrate that this rule of thumb becomes less
important as the magnitude of factor loadings increases,
so long as factors are represented by enough variables to be
clearly interpreted [88,89]. Indeed,MacCallum et al. showed
that samples between 100 and 200 can be adequate when all
communalities are greater than 0.5 (the communality of a
variable is the part of its variance that can be accounted for by
the common factors) [78]. Hence, potential disadvantages
related to sample size can be mitigated through the choice of
retained factors, the cutoff value for factor loadings, and the
examination of communalities.
From a conceptual perspective, one critical assumption of

EFA is that there is an underlying structure in the set of vari-
ables included in the analysis [55]. In this regard, the extensive
efforts described in Sec. III A to develop the survey instrument
support theoretical coherence between sets of items.
From a quantitative perspective, one source of evidence

for factorability is sufficiently large correlations between
variables. For preliminary analyses aimed at determining
whether the data were suitable for EFA, we leveraged the
PSYCH package in R to generate a FIML interitem corre-
lation matrix. Since survey responses were gathered on a
seven-point Likert scale, we treated these variables as
continuous in our analyses [90,91]. Alongside examination
of the correlation matrix, several metrics are typically
recommended to judge the factorability of the dataset
[55,57,85,86,92]. The Kaiser-Meyer-Olkin (KMO) mea-
sure of sampling adequacy represents the ratio of squared

correlations between variables to squared partial correla-
tions between variables and is therefore an indicator of
compact patterns of correlations [71]. Another common
metric indicating suitability for factor analysis is Bartlett’s
test of sphericity, which tests whether the correlation matrix
is significantly different from the identity matrix [72].
Although many results of factor analysis do not directly

depend on specific distributional assumptions, departures
from univariate and multivariate normality, linearity, and
homoscedasticity are important due to their potential
influence on the observed correlations between variables
[55,92,93]. Mardia’s multivariate normality test is one
means of testing for violations of multivariate normality
[94]. However, this test is of limited usefulness on its own,
as even slight departures from normality in large samples
can return a significant result [73]. Thus, we also conducted
a visual inspection of the data and calculated the skewness
and kurtosis for each item’s distribution.

2. Reliability metrics

Factor analysis attempts to model the correlations
between observed variables using a reduced set of latent
unobserved variables (factors). When an oblique rotation is
used and the factors correlate with one another, a corre-
lation matrix summarizing these relationships is produced
(see Table III). The factor correlation matrix can then be
factored as well to find the loadings of these “first-order”
factors on a “second-order” factor. The first- and second-
order factors can then be orthogonalized using the Schmid-
Leiman transformation [95] to produce independent load-
ings on each observed variable due to both factor levels (see
Fig. 3 for a graphical representation of the factors following
the transformation and Table XI for a quantitative repre-
sentation of the factors following the transformation).
Conceptually, the second-order “general” factor measures
what all the other first-order factors have in common. In the
context of this study, we interpret the general factor as
measuring “culture around systemic change” and repre-
senting what the group factors open-mindedness (OM),
student involvement (SI), collective interpretation of evi-
dence (CE), sustainability (S), and disruption of systemic
inequities (DI) have in common.
This hierarchicalmodel serves to decompose thevariance in

the data into three sources: variance that is common to all items
(general factor g), variance that is shared between specific
groups of items (the set of orthogonal group factors f), and
variance that is unique to each individual items (combined into
a single error term e) [61,62]. Mathematically, if the observed
data are given by a vector x, then

x ¼ cgþAfþ e; (1)

where c is a column vector representing the factor loadings of
each survey item on the general factor and A represents a
matrix whose columns are the loadings of each survey item on
a particular group factor.
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The reliability measures ωt and ωh are based on how the
variance in the data is distributed across the general and
group factors; that information is embedded in the loadings
on those factors represented by c and A [61]. ωt is a model-
based estimate of the proportion of variance attributable to all
modeled sources of common variance, general and group
[61,64].Analogous to coefficientα, it is theproportionof true
score variance to total variance [62,96] and is given by

ωt ¼
10cc01þ 10AA01

Vx
; (2)

where 1 is a columnvector of 10s, 10 is its transpose, andVx is
the total variance (the sum of all variances and covariances
between items). Equivalently, in terms of the factor loadings,

ωt ¼ ðP λgenÞ2 þ ðP λgrp1Þ2 þ ðP λgrp2Þ2 þ…

Vx
(3)

and the total variance can be estimated as

Vx ¼
�X

λgen

�
2

þ
�X

λgrp1

�
2

þ
�X

λgrp2

�
2

þ…þ
X

ð1 − h2i Þ; (4)

where λgen, λgrp1, λgrp2,… represent the factor loadings for the
general and group factors and h2i represents the communality
of item i. Together, Eqs. (3) and (4) illustrate that ωt may be
interpreted as a proportion of modeled variance to total
variance.

Meanwhile, ωh is a measure of the total score variance
that is attributable only to the general factor [61,64] and is
therefore given by

ωh ¼
10cc01
Vx

¼ ðP λgenÞ2
Vx

: (5)

The larger ωh, the more strongly the scale scores are
influenced by the general factor common to all the indicators
[97]. Comparison of ωt and ωh therefore yields insight into
the extent towhich the reliable variance in total scores can be
attributed to the general factor versus the group factors.
Both ωt and ωh have analog metrics, ωt·sub and ωh·sub, for

individual subscales. To refer to a specific subscale, we use
its name in the metric’s subscript (e.g., ωt·grp1 refers to ωt·sub

calculated for the group 1 subscale).ωt·sub may be interpreted
as the proportion of true score variance to total variance in a
particular subscale. For example, the two factors contributing
to the modeled variance in the grp1 subscale are the general
factor and the grp1 group factor. Thus,

ωt·grp1 ¼
ðP λgenÞ2 þ ðP λgrp1Þ2

ðP λgenÞ2 þ ðP λgrp1Þ2 þ
Pð1 − h2i Þ

: (6)

However, since Eq. (6) reflects the proportion of variance
attributable to both thegeneral factor and group factor, itmay
indicate high reliability even if the majority of that reliable
variance stems from the general factor rather than from the
group factor that the subscale is intended to measure. Hence,
the subscale may seem to be a reliable indicator of a specific
construct, when in fact its reliability largely reflects variance
due to the general factor.
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FIG. 3. A graphical representation of the hierarchical model used to calculate ωt and ωh. Arrows pointing to items that did not
significantly load on specific factors following Schmid-Leiman transformation are suppressed, although they may be nonzero. Other
means of estimating the general factor such as bifactor models force these loadings to zero (see Refs. [96,98]).

PSYCHOMETRIC EVALUATION OF THE … PHYS. REV. PHYS. EDUC. RES. 22, 010107 (2026)

010107-13



To address this issue, we also compute ωh·sub, which
estimates the proportion of reliable variance in the subscale
that can be attributed uniquely to the group factor after
partitioning out the influence of the general factor.
Applying the logic of ωh to Eq. (6), ωh·grp1 is given by

ωt·grp1 ¼
ðP λgrp1Þ2

ðP λgenÞ2 þ ðP λgrp1Þ2 þ
Pð1 − h2i Þ

: (7)

When ωh·sub is low relative to ωt·sub, much reliable
variance in the subscale scores is attributable to the general
factor rather than what is unique to the group factors [96].
This comparison provides a more accurate assessment of
the extent to which the subscale score reflects variance
specific to the intended construct rather than variance
shared across all items [83]. Calculation of c and A and
their subsequent reliability estimates were carried out in R

using the omega function in the PSYCH package.

3. Additional tables and figures
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2.7 2.8 3.1 3.2 3.3 3.4
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FIG. 4. Individual item score distributions across the current and ideal scales. The ideal items are skewed toward the high end of the
score distribution, which precluded their use in factor analysis. Future work will explore the best use of these scores.
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TABLE VI. The final five-factor solution as estimated using the UMX package in R. Promax rotation was used. Bold indicates that the
factor loading was above 0.40, which we determined as the cutoff for a significant factor loading.

Loading

Item number and content by factor 1 2 3 4 5

Factor 1—Open to engaging with and learning from others [OM]
On average, people in my department
(1.3) are open to revising their thinking. 0.99 −0.15 −0.08 0.02 0.09
(1.2) take advantage of opportunities to learn, grow, or change. 0.79 0.29 −0.09 0.07 −0.16
(1.4) hold stubbornly to their own opinion. 0.77 0.02 −0.05 −0.25 0.18
(1.1) engage with differing perspectives. 0.69 0.17 −0.11 0.06 −0.09
(1.10) share the reasoning behind the changes made. 0.50 −0.01 −0.17 0.32 0.04
On average, my department’s change efforts
(3.5) are driven by a shared responsibility among department faculty for the health
of the department and the people in it.

0.44 −0.02 0.39 0.03 0.10

On average, people in my department
(1.14) take into account the current state of our program(s) when planning a change effort. 0.42 0.24 0.20 0.05 −0.05
Factor 2—Student involvement in change efforts [SI]
On average, my department’s change efforts
(3.6) involve students in decision making. 0.05 0.95 0.04 −0.26 0.00
(3.7) involve students in implementing changes. 0.11 0.92 0.04 −0.11 −0.18
On average, people in my department
(1.7) partner with student representatives to collectively pursue change efforts. 0.02 0.91 −0.17 −0.01 0.09
(1.8) partner with student representatives in a way that allows students
to meaningfully participate in decision making.

−0.10 0.84 −0.07 −0.14 0.19

Typically, systematic evidence about students’ experiences in our program(s)
(2.4) is interpreted in collaboration with student representatives. −0.13 0.79 0.04 −0.03 0.11
On average, my department’s change efforts
(3.2) are based on adapting research-based, well-established practices to local situations. 0.14 0.65 0.03 0.14 −0.04
(3.3) are informed by our students’ values or goals. 0.20 0.56 0.03 0.22 −0.06
Factor 3—Change through collective interpretation of evidence [CE]
Typically, systematic evidence about students’ experiences in our program(s)
(2.8) guides collective actions by faculty and/or staff. −0.18 0.02 0.95 0.02 0.11
(2.7) leads to collective decision making among faculty, and/or staff. −0.09 0.04 0.95 −0.04 0.07
(2.6) is interpreted in a collaborative environment with multiple faculty members. −0.02 0.03 0.77 0.00 0.16
On average, my department’s change efforts
(3.4) are based on consensus among faculty. 0.39 −0.36 0.74 −0.09 0.05
Typically, systematic evidence about students’ experiences in our program(s)
(2.5) is used to identify the nature of problems in our program(s). −0.04 0.35 0.49 0.12 −0.02
(2.2) leads to change(s) (e.g., modifying recruitment practices, curricular modifications,
instructional changes, etc.).

−0.04 0.37 0.47 0.27 −0.23
(2.1) leads to informed decision making. 0.09 0.36 0.45 0.05 −0.04
(2.3) is used to improve the experiences of marginalized students. −0.05 0.30 0.40 0.03 0.27

Factor 4—Systematic approaches to planning change and monitoring changes [S]
On average, people in my department
(1.18) build assessments into change plans. −0.03 −0.25 −0.01 0.98 0.12
(1.17) systematically monitor change efforts to understand progress toward goals. 0.10 −0.16 −0.13 0.94 0.11
(1.20) build plans for how to overcome potential challenges with change initiatives. 0.08 0.10 0.07 0.70 −0.03
On average, my department’s change efforts
(3.1) are supported by formal evidence (such as outcomes from surveys, interviews,
literature, expert feedback, assessments, national or institutional reports).

−0.04 0.24 0.17 0.54 −0.13
(3.9) are documented for others to consider or review. −0.17 0.21 0.18 0.46 0.06

Factor 5—Fostering inclusive change to disrupt systemic injustices [DI]
On average, people in my department
(1.28) take steps to ensure that marginalized people feel safe
and comfortable voicing their opinions or concerns.

0.08 −0.18 0.22 −0.07 0.90

(Table continued)
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TABLE VI. (Continued)

Loading

Item number and content by factor 1 2 3 4 5

(1.26) take steps to ensure that marginalized people have an active role
in departmental decision making.

0.04 −0.09 0.02 0.06 0.85

(1.27) actively attend to the needs of marginalized people. −0.03 0.01 −0.02 0.15 0.83
(1.29) address power differentials in departmental conversations. −0.02 0.24 0.12 −0.11 0.62
(1.25) monitor the effects of the change efforts on the experiences of marginalized people. −0.09 0.01 0.03 0.40 0.59
(1.30) take action to build a more just system. 0.18 0.33 −0.12 −0.03 0.55
(1.22) disrupt biases that they recognize in departmental processes. 0.24 0.19 −0.10 0.07 0.50
On average, my department’s change efforts
(3.10) are designed to rectify past injustices (e.g., discrimination, exclusion). −0.16 0.34 −0.02 0.08 0.47

TABLE VII. Definitions of each factor alongside example items from each.

1—Open to engaging with and learning from others [open minds (OM), seven items]
Definition: Willingness of department members to consider new perspectives and revise their thinking in an effort to improve the overall
well-being of the community (e.g., “On average, people in my department take advantage of opportunities to learn, grow, or change.”)

2—Student involvement in change efforts [student involvement (SI), seven items]
Definition: Extent to which students are actively engaged in departmental change efforts through collaboration with faculty and staff and
input in decision making to ensure changes are informed by students’ values and goals (e.g., “On average, my department’s change
efforts involve students in decision making.”)

3—Change through collective interpretation of evidence [collective evidence (CE), eight items]
Definition: Collaborative analysis of evidence about students’ experiences to reach shared understanding, guide decision making, and
implement informed changes to improve programs (e.g., “Typically, systematic evidence about students’ experiences in our program
guides collective actions by faculty and/or staff.”)

4—Systematic approaches to planning and monitoring change [sustainability (S), five items]
Definition: Departmental commitment to ensuring the longevity and effectiveness of change efforts through proactive planning,
systematic monitoring, assessment, and documentation (e.g., “On average, people in my department build assessments into change
plans.”)

5—Fostering inclusive change to disrupt systemic injustices [disrupting injustices (DI), eight items]
Definition: The department’s commitment to centering the voices, needs, and participation of underrepresented groups in physics to
address power imbalances and create a more just system (e.g., “On average, people in my department take steps to ensure that
marginalized people have an active role in departmental decision making.”)

TABLE VIII. List of original 50 items on the administered pilot survey.

On average, people in my department …
• 1.1 Engage with differing perspectives.
• 1.2 Take advantage of opportunities to learn, grow, or change.
• 1.3 Are open to revising their thinking.
• 1.4 Hold stubbornly to their own opinion.
• 1.5 Treat conversations as arguments to be won.
• 1.6 Discuss openly common biases in educational practices (hiring decisions, admission practices, writing

and/or reading recommendation letters, etc.).
• 1.7 Partner with student representatives to collectively pursue change efforts.
• 1.8 Partner with student representatives in a way that allows students to meaningfully participate

in decision making.
• 1.9 Communicate about the intended purpose of their change efforts.
• 1.10 Share the reasoning behind the changes made.

(Table continued)
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TABLE VIII. (Continued)

• 1.11 Utilize relevant experts (e.g., equity and inclusion experts, physics education researchers) when collecting
and interpreting data.

• 1.12 Adapt change efforts to the available resources (within or external to the department).
• 1.13 Consider peoples’ power and influence when planning a change effort.
• 1.14 Take into account the current state of our program(s) when planning a change effort.
• 1.15 Are supported by the resources needed to make the change feasible.
• 1.16 Periodically revisit the justifications for past programmatic changes.
• 1.17 Systematically monitor change efforts to understand progress toward goals.
• 1.18 Build assessments into change plans.
• 1.19 Anticipate potential challenges with change plans.
• 1.20 Build plans for how to overcome potential challenges with change initiatives.
• 1.21 Do not collect systematic evidence about students’ experiences in our programs(s) unless it is mandated

(by the institution, department, etc.).
• 1.22 Disrupt biases that they recognize in departmental processes.
• 1.23 Are transparent about methods of collecting data about students’ experiences in our program(s).
• 1.24 Are transparent about analysis and representation of data about students’ experiences in our program(s).
• 1.25 Monitor the effects of the change efforts on the experiences of marginalized people.
• 1.26 Take steps to ensure that marginalized people have an active role in departmental decision making.
• 1.27 Actively attends to the needs of marginalized people.
• 1.28 Take steps to ensure that marginalized people feel safe and comfortable voicing their opinions or concerns.
• 1.29 Address power differentials in departmental conversations.
• 1.30 Take action to build a more just system.

Typically, systematic evidence about students’ experiences in our program(s) …
• 2.1 Leads to informed decision making.
• 2.2 Leads to change(s) (e.g., Modifying recruitment practices, curricular modifications,

instructional changes, etc.).
• 2.3 Is used to improve the experiences of marginalized students.
• 2.4 Is interpreted in collaboration with student representatives.
• 2.5 Is used to identify the nature of problems in our program(s).
• 2.6 Is interpreted in a collaborative environment with multiple faculty members.
• 2.7 Leads to collective decision making among faculty, and/or staff.
• 2.8 Guides collective actions by faculty and/or staff.

On average, my department’s change efforts …
• 3.1 Are supported by formal evidence (such as outcomes from surveys, interviews, literature, expert feedback,

assessments, national or institutional reports).
• 3.2 Are based on adapting research-based, well-established practices to local situations.
• 3.3 Are informed by our students’ values or goals.
• 3.4 Are based on consensus among faculty.
• 3.5 Are driven by a shared responsibility among department faculty for the health

of the department and the people in it.
• 3.6 Involve students in decision making.
• 3.7 Involve students in implementing changes.
• 3.8 Are guided by informal student feedback (e.g., ad hoc conversations).
• 3.9 Are documented for others to consider or review.
• 3.10 Are designed to rectify past injustices (e.g., discrimination, exclusion).
• 3.11 Result in changes that positively impact marginalized people.
• 3.12 Are successful in making the department a better place for its students.
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TABLE X. A comparison of factor loadings based on several methods of missing data handling and sample sizes. Results remain
highly consistent regardless of method used. The sustainability factor is most different, with one to two items being swapped from one
solution to another. *ML1: Same as in Sec. IV, provided here for reference. Uses the UMX package and a sample of N ¼ 111. This
method drops items that will not be used in EFA before using FIML to calculate a correlation matrix. EFA is carried out in the UMX

package as well. **ML2: Uses the PSYCH package and a sample of N ¼ 124. Calculates a FIML correlation matrix based on all items in
the data, then items are dropped from the correlation matrix. EFA implemented with the PSYCH package as well. ***MI: Uses the MICE

package and a sample of N ¼ 124. Missing data are imputed in 20 datasets. Predictors included all other item responses and
demographic variables. Pooled covariance matrices were calculated and used as input for EFA implemented in the PSYCH package. Bold
indicates that the factor loading was above 0.40, which we determined as the cutoff for a significant factor loading.

OM SI CE S DI

Item ML1* ML2** MI*** ML1 ML2 MI ML1 ML2 MI ML1 ML2 MI ML1 ML2 MI

1.3 0.99 0.85 0.94 −0.15 −0.07 −0.09 −0.08 −0.06 −0.03 0.02 0.01 −0.03 0.09 0.10 0.08
1.2 0.79 0.66 0.78 0.29 0.26 0.28 −0.09 −0.11 −0.07 0.07 0.21 0.08 −0.16 −0.10 −0.16
1.4 0.77 0.77 0.71 0.02 0.04 0.04 −0.05 0.01 −0.04 −0.25 −0.32 −0.22 0.18 0.15 0.15
1.1 0.69 0.69 0.59 0.17 0.21 0.21 −0.11 −0.17 −0.21 0.06 0.15 0.16 −0.09 −0.17 0.01
1.10 0.50 0.45 0.39 −0.01 −0.05 −0.02 −0.17 −0.10 −0.16 0.32 0.37 0.51 0.04 0.05 0.00
3.5 0.44 0.42 0.52 −0.02 0.03 −0.04 0.39 0.44 0.47 0.03 −0.06 −0.15 0.10 0.11 0.09
1.14 0.42 0.54 0.24 0.06 0.20 0.10 0.05 0.21 −0.05 −0.04
3.6 0.05 0.04 0.07 0.95 0.88 0.89 0.04 0.07 0.09 −0.26 −0.19 −0.29 0.00 0.00 −0.01
3.7 0.11 0.14 0.16 0.92 0.88 0.83 0.04 0.05 0.04 −0.11 −0.10 −0.16 −0.18 −0.17 −0.13
1.7 0.02 0.01 0.04 0.91 0.82 0.87 −0.17 −0.10 −0.16 −0.01 −0.03 0.06 0.09 0.13 0.03
1.8 −0.10 −0.06 −0.09 0.84 0.80 0.80 −0.07 −0.05 −0.08 −0.14 −0.16 −0.07 0.19 0.24 0.19
2.4 −0.13 −0.14 −0.14 0.79 0.67 0.55 0.04 0.10 0.13 −0.03 −0.14 0.02 0.11 0.14 0.19
3.2 0.14 0.10 0.18 0.65 0.63 0.55 0.03 0.12 0.11 0.14 0.11 0.04 −0.04 −0.06 0.00
3.3 0.20 0.15 0.23 0.56 0.59 0.51 0.03 0.09 0.05 0.22 0.20 0.16 −0.06 −0.12 −0.06
2.8 −0.18 −0.18 −0.19 0.02 0.09 0.02 0.95 0.85 0.90 0.02 0.08 0.09 0.11 0.10 0.07
2.7 −0.09 −0.10 −0.05 0.04 0.08 −0.01 0.95 0.81 0.86 −0.04 0.10 0.04 0.07 0.06 0.08
2.6 −0.02 −0.03 0.03 0.03 0.01 −0.09 0.77 0.74 0.71 0.00 0.05 0.09 0.16 0.19 0.19
3.4 0.39 0.38 0.24 −0.36 −0.30 −0.19 0.74 0.68 0.71 −0.09 −0.11 −0.11 0.05 0.11 0.09
2.5 −0.04 −0.06 −0.02 0.35 0.37 0.23 0.49 0.51 0.52 0.12 0.12 0.20 −0.02 −0.07 −0.04
2.2 −0.04 −0.06 −0.03 0.37 0.37 0.36 0.47 0.53 0.50 0.27 0.27 0.26 −0.23 −0.26 −0.29
2.1 0.09 0.08 0.12 0.36 0.38 0.29 0.45 0.52 0.55 0.05 0.03 0.01 −0.04 −0.09 −0.08
2.3 −0.05 −0.06 −0.09 0.30 0.26 0.23 0.40 0.47 0.51 0.03 0.04 −0.05 0.27 0.28 0.32

1.18 −0.03 −0.08 −0.14 −0.25 −0.16 −0.16 −0.01 0.13 0.17 0.98 0.83 0.82 0.12 0.11 0.07
1.17 0.10 0.05 0.06 −0.16 −0.16 −0.17 −0.13 0.01 −0.05 0.94 0.84 0.93 0.11 0.11 0.02
1.20 0.08 −0.02 0.08 0.10 0.07 0.04 0.07 0.11 0.16 0.70 0.81 0.70 −0.03 −0.07 −0.08
3.1 −0.04 0.24 0.17 0.54 −0.13
3.9 −0.17 −0.17 0.21 0.26 0.18 0.15 0.46 0.43 0.06 0.01
1.19 0.18 0.32 −0.06 −0.18 0.02 0.09 0.56 0.45 0.04 0.08

1.28 0.08 0.08 0.11 −0.18 −0.18 −0.16 0.22 0.21 0.20 −0.07 −0.07 −0.11 0.90 0.90 0.91
1.26 0.04 0.05 0.01 −0.09 −0.09 −0.05 0.02 0.07 0.03 0.06 −0.03 0.02 0.85 0.88 0.82
1.27 −0.03 −0.03 −0.04 0.01 0.07 0.12 −0.02 −0.03 −0.01 0.15 0.17 0.06 0.83 0.76 0.78
1.29 −0.02 −0.01 −0.03 0.24 0.19 0.12 0.12 0.03 0.05 −0.11 0.01 −0.05 0.62 0.62 0.69
1.25 −0.09 −0.06 −0.05 0.01 0.03 0.05 0.03 0.07 0.09 0.40 0.36 0.26 0.51 0.55 0.54
1.30 0.18 0.18 0.21 0.33 0.31 0.26 −0.12 −0.10 −0.11 −0.03 −0.03 0.01 0.55 0.54 0.50
1.22 0.24 0.23 0.28 0.19 0.17 0.07 −0.10 −0.10 −0.11 0.07 0.04 0.09 0.50 0.52 0.48
3.10 −0.16 −0.20 −0.22 0.34 0.38 0.26 −0.02 −0.10 −0.06 0.08 0.14 0.16 0.47 0.46 0.43
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