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An increasing number of organizations are investing signifi-
cant resources in diversity, equity, and inclusion (DEI) train-
ing to address issues of bias and racist behavior (Carter et al., 
2020). Many U.S. K–12 schools and organizations have also 
adopted DEI professional education to address issues of sys-
temic racism. However, there is very little empirical evi-
dence that these types of interventions lead to substantive 
changes in educators’ teaching practice (Bravo et al., 2014; 
Civitillo et al., 2018; Ehrke et al., 2020; Love, 2019). DEI 
professional education often emphasizes broad, theoretical 
concepts that teachers have difficult transferring into prac-
tice (Emdin, 2011).

Simulations hold promise as a pedagogical approach for 
professional learning on equity-based teaching practices. 
Simulations have been used successfully in teacher educa-
tion to approximate various teaching scenarios and support 
the transfer learning into new situations (Dalinger et al., 
2020; Dotger & Ashby, 2010; Kaufman & Ireland, 2016). 
Increasingly, simulations are being used to help prepare 
teachers for equity-based teaching (G. A. Chen, 2020; J. A. 
Chen et al., 2020; Cohen et al., 2020; Self & Stengel, 2020). 
However, because of the difficulty of analyzing large amounts 
of text it can be difficult to assess participants’ simulation 
performance. Accordingly, most studies of simulation have 
either limited their analysis to a small number of participants 
(G. A. Chen, 2020; Robinson et al., 2018; Self, 2016) or have 
focused on participants’ reactions to the simulations rather 

than behavior in the simulations themselves (Bautista & 
Boone, 2015; J. A. Chen et al., 2020; Dalinger et al., 2020; 
Girod & Girod, 2006).

In our study, we describe a novel method of analyzing 
participants’ text-based responses to simulations using natu-
ral language processing (NLP) tools. We focus on data col-
lected from a series of four digital equity teaching simulations 
that were given to participants within a massive open online 
course (MOOC) for K–12 classroom educators on equity 
teaching practices (N = 963). In the simulations, partici-
pants responded using oral or written text, and they produced 
more than 30,000 rows of unstructured text data. Using 
structural topic modeling (STM; Roberts et al., 2014)—an 
NLP method that does not require prelabeled data—we ana-
lyzed participants’ text responses for discrete “topics” that 
represented different tacks participants might take in 
responding to prompts from characters in a simulation.

To assess the validity of this approach, we examined 
whether the prevalence of topics within simulation responses 
was associated with participants’ attitudes toward equity on 
surveys. Finally, we investigated whether STM can be used 
to detect changes in participants’ behavior across different 
simulations. Using a reference group of “high-equity” (HE) 
participants—those who were in the top quartile (25%) of 
equity-related responses on the course presurvey—we ana-
lyzed whether the remaining participants converged with 
these HE participants in their simulation responses and 
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corroborate changes by examining whether these patterns 
were consistent with changes in attitudes and self-reported 
behaviors on surveys and ratings given by external human 
raters.

As attention to DEI issues become an essential compo-
nent of teacher education and teacher professional learning, 
simulations are likely to play an increasingly important ped-
agogical role (Cohen et al., 2020; Self & Stengel, 2020). 
This study provides insight into how NLP tools can be used 
to formatively assess educators’ text-based responses within 
simulations. As one of the first studies to apply NLP tools to 
equity-based simulations, we examine the potential of these 
tools for understanding participants’ experiences in simula-
tions and for ultimately developing automated supports to 
facilitate teacher learning on equity teaching practices.

Background and Context

The Role of Simulations That Links Equity and Practice in 
Teacher Education

Teacher education, like many other fields, has long been 
criticized for examining equity issues disconnected from 
practice (Sleeter, 2012). Even when teacher education pro-
grams include equity issues in their curriculum, they often 
do not make explicit connections to specific teaching prac-
tices (Bravo et al., 2014; Kavanagh & Danielson, 2020). 
Once teachers enter the profession, though they might be 
aware of overall societal factors that limit opportunities for 
particular groups of students, they struggle to translate this 
knowledge into practice in order to disrupt inequitable prac-
tices in the day-to-day experience of students in schools 
(Emdin, 2011; Love, 2019; Matias et al., 2016; Milner, 2010; 
Schiera, 2020).

Simulations have particular affordances that make them 
well-suited for DEI educator professional learning. 
Simulations provide opportunities for what Resnick (1987) 
described as “bridging apprenticeships” connecting theoreti-
cal learning with classroom practice. Because simulations 
necessitate action, participants draw on the same cognitive, 
affective, and linguistic processes as they would in compa-
rable real-world situations (Aldrich, 2009; G. A. Chen, 2020; 
Slater et al., 2009). At the same time, simulations often sim-
plify the real world. Many are intentionally designed to rep-
resent some aspects of reality, but not others, directing the 
attention of users to specific features and patterns in the 
simulated environment (Aldrich, 2009; Mislevy, 2013). This 
allows them to serve as “approximations of practice” 
(Grossman et al., 2009); creating spaces for less-skilled 
practitioners to try out new practices and receive feedback 
within scaffolded, low-stakes environments (Kaufman & 
Ireland, 2016; Theelen et al., 2019).

Simulations have a long history in teacher education and 
were used during the height of the “microteaching” move-
ment of the 1960s and 1970s in order to prompt teachers to 

enact specific, discrete skills (Cohen et al., 2020). Some of 
these methods were critiqued for decontextualizing and 
deprofessionalizing teachers’ practice (Kavanagh et al., 
2020; Zeichner, 2012). Instead of focusing on developing 
discrete skills, more recent teaching simulations focus on 
improving teachers’ “instructional vision”; their ability to 
notice and interpret educationally significant information 
through a professional teaching lens (Gibbons & Cobb, 
2016; Sherin et al., 2011; Theelen et al., 2019). Simulations 
have been used to help educators learn how to modify their 
instruction based on student needs (Ferry et al., 2005; Girod 
& Girod, 2006); respond to student off-task behavior (Cohen 
et al., 2020); elicit student ideas (Bautista & Boone, 2015; 
Wang et al., 2020); and engage in difficult conversations 
with parents (G. A. Chen, 2020; Thompson et al., 2019).

Simulations that prompt educators to attend to equity 
issues are still an emerging area of research, but initial stud-
ies show promise for helping educators change behavior. For 
example, Self and Stengel (2020) used simulations to call 
participants’ attention to the disproportionate discipline rate 
of Black students in schools. Novice teachers who partici-
pated in the simulations initially did not recognize the racial 
bias highlighted in the simulation, but through cycles of 
reflection and debriefing, the participants moved toward 
greater consciousness of racial bias. Cohen et al. (2020) used 
a randomized control trial to examine the effect of instructor 
feedback in a mixed-reality simulation on responsive class-
room management. Participants who received feedback dur-
ing and after the simulation experience were less likely to 
recommend that punitive steps be taken against student ava-
tars who exhibited minor off-task behaviors in the simula-
tion than participants who only reflected on the experience. 
These promising early findings suggest that learning experi-
ences that include simulations as part of a learning cycle of 
instruction, practice, self-reflection, and expert feedback 
may play an important role in developing DEI training that 
leads to changes in teacher practice.

Developing Digital Teaching Simulations on Equity Issues

Simulations in teaching range from interactions with a live 
human actor to interactions with human-controlled digital pup-
pets to fully digital simulations where users interact with a 
computer. Most research on teacher education simulations on 
DEI issues examines only simulations that include human 
actors (Cohen et al., 2020; Dalinger et al., 2020; Dotger & 
Ashby, 2010; Kannan et al., 2018). One advantage of fully 
automated digital simulations, without human actors, is they 
are inexpensive to produce and can be flexibly deployed 
enabling learners to access them remotely at the time and loca-
tion of their choice. Particularly for in-service professional 
learning where time and resource constraints are a constant 
concern, fully digital simulations may be a practical compro-
mise expanding access on this urgent topic to more teachers.
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In this study, we focus on a series of fully digital equity 
teaching simulations that were embedded within an online 
course for K–12 educators on equity in education. The digi-
tal simulations were developed in Teacher Moments, a free 
openly licensed teaching simulation platform developed by 
the MIT Teaching Systems Lab (https://teachermoments 
.mit.edu/; Dutt et al., 2021; Hillaire et al., 2020; Sullivan 
et al., 2020; Thompson et al., 2019). These digital simula-
tions were designed differently than other computer-based 
simulations where participants selected actions from a pre-
determined list of responses (Ferry et al., 2005; Girod & 
Girod, 2006). In these simulations, participants are immersed 
in a specific teaching situation that is represented by using 
text, images, and video within a web-based platform. As par-
ticipants move through the simulations they encounter a 
number of decision points where they respond with natural 
oral language or text responses that provide a more authentic 
simulation experience than multiple choice scenarios 
(Hirumi et al., 2016). Engaging and reflecting on these types 
of interactions can help participants become adept at notic-
ing and attending to issues of equity (Borneman, Littenberg-
Tobias, & Reich, 2020).

Using Natural Language Processing to Evaluate Responses 
From Digital Simulations

Although studies of Teacher Moments scenarios have 
found preliminary evidence that participants find them 
authentic and contribute to their learning (Robinson et al., 
2018; Thompson et al., 2019), at the time when the simula-
tions used in the study were developed, the platform had no 
way of evaluating natural text and oral language from par-
ticipants’ responses. NLP uses computational tools such as 
machine learning to automate analysis of text responses. 
With NLP, researchers are able to quantitatively analyze text 
data for patterns that are predictive of participants’ attitudes, 
behaviors, and practices. NLP tools have been used, for 
example, to analyze transcripts of classroom teaching to 
detect the presence of particular instructional and discourse 
moves or to evaluate classroom climate (Jensen et al., 2020; 
Ramakrishnan et al., 2019).

Many applications of NLP in education rely on super-
vised approaches that rely on previously labeled text 
responses using a priori classifications (Datta et al., 2021; 
Jensen et al., 2020; Ramakrishnan et al., 2019). In unsuper-
vised approaches to computational text analysis, these cate-
gories are drawn from the data itself. The advantage of 
unsupervised methods is that they do not require a priori 
assumptions about the structure of the data or time-consum-
ing, hand-labeling of text responses. These properties make 
unsupervised approaches a good fit for analyzing text 
responses within large-scale learning environments like 
MOOCs where participants may produce hundreds of thou-
sands of lines of unstructured text.

One unsupervised approach is the STM—a form of com-
putational text analysis that has been used as for computer-
assisted interpretation of open-ended text responses (Roberts 
et al., 2014). Similar to other types of topic models (e.g., 
Latent Dirichlet Allocation), STM uses a probabilistic mix-
ture model to estimate the probability distribution of topics 
within documents and words within topics (Blei et al., 2003). 
STM extends these models by allowing for the inclusion of 
covariates in the topic modeling (Roberts et al., 2014). The 
inclusion of covariates in topic modeling is useful in social 
science research because it allows researchers to examine 
how the prevalence and content of the topics might vary 
based on information about the participant, such as demo-
graphics, attitudes, or behaviors (Roberts et al., 2014).

A number of studies have used STM to examine relation-
ships between patterns in open response texts and participant 
demographics (Roberts et al., 2016; Yeomans et al., 2018). 
For example, Sterling et al. (2019) applied STM to political 
tweets assessing whether liberals and conservatives had dif-
ferent conceptions of what constituted a “good society” 
based on the prevalence of topics in their tweets. Some 
recent studies have used STM to explore population-level 
changes in topic distributions within a population over time. 
For example, X. Chen et al. (2020) studied trends in topics 
within Computers & Education over a 40-year period, find-
ing that certain topics, such as teacher training and social 
networks, increased over time while programming lan-
guages and hardware decreased. Kim et al. (2020) applied 
STM to self-reported inventories of religion and spirituality 
over a 60-year period, demonstrating changes in how the 
authors of the texts experienced their spirituality.

These studies suggest that STM can be a useful way to 
identify aggregate trends across a variety of different types 
of media. However, there has been limited research on how 
STM might perform with simulation response data, particu-
larly with simulations on DEI issues in education. In this 
study, we seek to understand how this method of computa-
tional text analysis performs when used to analyze a large-
scale data set of equity teaching simulation data.

Theoretical Framework

To measure equity-oriented mindsets and behaviors, we 
drew on the opportunity-centered teaching framework 
developed by Milner (2010, 2012). Opportunity-centered 
teaching is rooted in critical race theory and culturally 
responsive and sustaining teaching and pedagogy (Gay, 
2002; Ladson-Billings, 1995; Paris, 2012). It posits that 
when schools fail to effectively serve racially, ethnically, 
and culturally diverse students, it is not because of innate 
lack of academic ability or a demonstrated lack of effort, 
but because of systemic barriers that limit the potential of 
these students. These systemic barriers are often enacted 
and justified by well-intentioned educators who nonetheless 

https://teachermoments.mit.edu/
https://teachermoments.mit.edu/
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possess mindsets that enable these barriers to persist. For 
example, many educators believe in the “myth of meritoc-
racy,” which is the belief that all success is earned through 
talent and/or effort and, by extension, failure is a result of 
individual faults (Milner, 2012). Similarly, many educators 
maintain a “color-avoidant” stance toward discussing race 
and racism with students, believing that avoiding the topic 
is preferable to acknowledging it explicitly (Bonilla-Silva, 
2015; Cochran-Smith, 1995; Neville et al., 2013). Changing 
these educator mindsets toward more equity-oriented mind-
sets is a first step toward dismantling racist systems and 
practices in schools.

In the design and analysis of the Teacher Moments simu-
lations that we developed, we further drew on an adaption of 
Milner’s (2010, 2012) opportunity-centered teaching frame-
work by Filback and Green (2013) that describes equity as 
contrast between two opposing viewpoints, where one of the 
viewpoints represents an equity-oriented lens (e.g., “Equality 
vs. Equity,” “Deficit vs. Asset,” “Avoidant vs. Aware,” and 
“Context-Neutral vs. Context-Centered). For example, an 
educator with an “Equality” mindset believes that all stu-
dents should receive the same treatment regardless of their 
circumstances, while an educator with an “Equity” mindset 
believes that students should be treated differently depend-
ing on their circumstances and needs.

Each of these viewpoints has an appropriate time and 
place in teaching. For example, equality should, of course, 
be one factor in teacher decision making. However, these 
competing tensions are often out of balance in schools where 
concerns about equality often lead to inequitable outcomes. 
For example, a homework policy that does not allow flexi-
bility for students to submit assignments after the due date is 
“equal” because all students are held to the same standards. 
However, this policy is inequitable because wealthier stu-
dents have more parental support for homework and fewer 
family obligations and, thus, are more likely to be able to 
submit homework on time (Sayers et al., 2020).

The four Teacher Moments simulations we developed 
were designed to elicit educator responses related to a spe-
cific mindset (see Table 1 for a description of all the simula-
tions). For example, the Roster Justice simulation was 
designed around the “Avoidant” versus “Aware” mindset. 
Participants play the role of a middle school teacher trying to 
talk with their school principal about demographic dispari-
ties—including race, gender, and dis/ability—in class ros-
ters for computer science and math. The principal is resistant 
to changing the rosters and at various points offers excuses, 
tries to offer “quick-fixes” that do not address the underlying 
problems, and moves the conversation away from race 
toward logistical challenges. The participant must decide 
after each interaction how much they want to explicitly press 
the issue of the demographic disparities, as well as the struc-
tural issues with the course schedules, to the principal. 
Furthermore, the participant must decide whether they are 

willing to accept solutions that do not address the underlying 
discriminatory problems.

Current Study

In this study, we applied the structural topic model, a form 
of unsupervised NLP, to participants’ simulation responses in 
order to evaluate how participants’ applied equity mindsets 
within these simulations. We also used these tools to study 
how participants’ responses to these simulations change over 
a series of successive simulations that were embedded within 
an 8-week MOOC on equity teaching practices in education. 
We address the following research questions:

Research Question 1 (RQ1): To what extent can struc-
tural topic modeling be used to detect aggregate trends 
in participant responses within digital simulations on 
equity teaching practices?

Research Question 2 (RQ2): To what extent can topic dis-
tributions, when compared to a reference group, be 
used to detect individual changes in participant 
responses within digital simulations?
Research Question 2a: To what extent did course par-

ticipants change in their topic distributions over 
sequential simulations to be more similar to a refer-
ence group of participants with initially more equi-
table mindsets?

Research Question 2b: To what extent are these mea-
sures consistent with external ratings and changes 
in equity attitudes and self-reported practices on 
surveys?

Method

Study Context

In spring 2020, we launched an 8-week online course on 
equity in education on edX called “Becoming a More 
Equitable Educator: Mindsets and Practices.”1 Although the 
primary audience was K–12 educators, the course was free 
with open enrollment and thus anyone with an interest in the 
topic could register for the course. The course was publi-
cized through emails to registrants from previous education-
related courses, via social media advertisements, and through 
individual networks. The course was explicitly marketed to 
a broad educator audience rather than solely at educators 
explicitly interested in equity. However, given the topic of 
the course, we expected educators who signed up for the 
course to be interested in addressing equity issues in schools.

A sample unit (Figure 1) starts with a video lecture that 
introduces one of the four equity mindsets and describes its 
importance to teaching. Participants then watched documen-
tary-style case study videos of practicing teachers describing 
how they implemented that mindset in their teaching.  
The participants then completed a Teacher Moments digital 



5

simulation where they were asked to apply their understand-
ing of an equity mindset within a simulated scenario environ-
ment. After completing the simulation, participants watched 
a documentary-style filmed debrief that featured practicing 
K–12 teachers who had completed the same simulation. The 
debrief spliced footage of a live, in-person, facilitated group 
discussion with cutaway scenes where case study teachers 
are interviewed about the decisions they made in the simula-
tion. Each unit concludes with an assignment where partici-
pants were asked to apply the particular equity mindset in 
their own practices.

The online course had 7,918 registrants and of those, 
5,678 (72%) clicked into the course at least once. In order to 

focus on participants who meaningfully interacted with the 
content in the course, we restricted our analysis sample to 
participants who engaged in at least one simulation (N = 
963, 12% of registered participants) during the course. Of 
those in the analysis sample, 609 (63% of analysis sample) 
interacted with at least two of the simulations in the course 
and 342 (36% of analysis sample) interacted with all four of 
the simulations. Many of participants in the analysis sample 
were located in the United States (58%) and 81% identified 
as fluent English speakers. The majority of participants 
reported working in K-12 schools (53%). The demograph-
ics of participants in the analysis sample roughly reflected 
the demographics of educators and those working in 

TABLE 1
Descriptions of Each Simulation and Associated Dimension of Equity

Dimension of equity Simulation description

Equality vs. Equity—An equality perspective argues 
that all students should be treated the same, whereas 
an equity perspective argues that students should be 
treated differently, and sometimes given additional 
resources, based on their needs.

Jeremy’s Journal—Over the period of a week, participants observe the 
work products and social behaviors of an outgoing student, Jeremy 
Green. Jeremy demonstrates some understanding of the learning 
material, yet he seems to prioritize his social life with frequent 
distractions. External events come up midweek causing Jeremy to miss 
a day of class, and he does not have a doctor’s note, which conflicts with 
school policy. Teachers must decide whether they will have Jeremy take 
the scheduled Friday quiz alongside the rest of the class, keeping in mind 
his nervousness, lack of preparedness, and fear of failure.

Deficit vs. Asset—A deficit perspective focuses on 
how educators can “fix” students by changing their 
behavior and attitudes, whereas an asset perspective 
focuses on how educators can recognize and build on 
students’ existing strengths.

Coach Wright—Participants play an instructional coach who is 
observing a teacher, Ms. Porter, over an ELA class period. Ms. 
Porter is working to strengthen student relationships and facilitates 
a classroom discussion in which Jeremy Green participates without 
raising his hand. Participants observe an interaction with Jeremy Green 
and his basketball coach, Coach Wright, while Jeremy is lingering in 
the hallway on his bathroom break. Although Ms. Porter would have 
given Jeremy a referral for lingering per school rules, Coach Wright 
motivates Jeremy to return to his class work by drawing on his assets. 
As the instructional coach, participants have the chance to coach Ms. 
Porter in motivating Jeremy through his unique strengths and assets 
and must decide whether he will receive the referral.

Avoidant vs. Aware—An avoidant perspective explicitly 
avoids mentioning or considering race in order to 
be racially unbiased, whereas an aware perspective 
acknowledges the role that race plays in students’ 
experiences in schools and seeks to explicitly name 
and disrupt system that permutate racial inequity.

Roster Justice—Roster Justice gives participants an opportunity to 
detect inequitable patterns in school scheduling at the start of a new 
semester, and to practice articulating these discrepancies to their 
school principal, Mr. Holl. Participants navigate a dialogue with Mr. 
Holl who would rather not address the demographic issues due to 
time constraints and assumed student choice. Participants practice 
suggesting tangible solutions at the school policy level, advocating for 
racial awareness and equitable opportunity to take computer science 
classes for all students.

Context-Neutral vs. Context-Specific—A context-
neutral perspective maintains that “good teaching” 
is the same in all contexts and educators do need to 
adjust their curriculum and instruction to reflect the 
community students are in, whereas a context-specific 
perspective argues that communities and home-lives 
affect learning and thus these need to be integrated 
these into teaching.

Layers—In Layers, participants reflect on how students’ communities 
and home-lives impact their learning, performance, and belonging 
in the classroom. Teachers practice building connections between 
classroom material and the whole student, by adapting a lesson based 
on new information they learn about their students.

Note. ELA = English language arts.
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education-aligned industries such as teacher preparation 
and instructional design (Table 2).

Instrumentation

Researcher-developed survey instruments were embed-
ded within the course platform, which previous research has 
found increases response rates (van de Oudeweetering & 
Agirdag, 2018). We administered the survey instruments 
three times during the course: precourse, postsimulation, 
and immediately postcourse. A follow-up survey was admin-
istered to all participants in the analysis sample in October–
November 2020. Response rates for the survey were 
generally high for an MOOC (precourse = 56%, postsimu-
lation = 64%, postcourse = 42%, follow-up = 18%).

Measures

Equity Mindsets. Our main survey instrument was a set of 
scales designed to measure each individual pair of educator 
mindsets (e.g., Equality vs. Equity, Avoidant vs. Aware). 
We developed a new set of scales to ensure that the survey 

measures were aligned to the mindsets as they were pre-
sented in the online course. We developed an initial set of 
items in Fall 2019 containing more than 100 items. These 
items were evaluated for content validity and clarity by a 
panel of reviewers that included equity experts, survey 
researchers, and educators. Based on their feedback, we 
modified and reduced the items to a 64-item survey. We 
gave this survey to a pilot sample of K–12 educators who 
also gave feedback on the items (N = 125; Anghel & Litten-
berg-Tobias, 2020). Based on feedback from the pilot sam-
ple and the psychometric performance of these items, we 
selected 26 items and administered those within a nonequity-
focused MOOC for educators (N = 502). We then evaluated 
the psychometric performance of the items and selected a set 
of 18 items that balanced internal consistency with construct 
representation. For the final instrument, we added another 
three items resulting in a 21-item instrument with four scales. 
To assess the concurrent validity of the scales, we included a 
validated measure of equity attitudes, the Colorblind Racial 
Awareness—Blatant Racial Issues (CoBRAS-BRI) scale on 
all administrations of the survey (Neville et al., 2000). All the 
scales we developed were correlated with the validated 

FIGURE 1. Course outline and sample unit.
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CoBRAS-BRI scale (r = 0.33–0.71, p < 0.001) suggesting 
that the scales were assessing similar, though not identical, 
constructs.

The equity mindset scales were administered four times: 
precourse, postsimulation, immediate postcourse, and 
4-month follow-up. We did not include the Equality versus 
Equity mindset scale in Jeremy’s Journal because it was at 
the beginning of the course and thus participants’ mindsets 
were unlikely to have changed from the presurvey. 
Descriptive statistics on each of the survey items and scales 
can be found in Table 3, and Cronbach alpha statistics are in 
Table 4.

Equity-Promoting Practices. We also developed a survey 
instrument to measure participants’ use of equity-promoting 
practices (Table 3). The five-item instrument assessed par-
ticipants’ self-reported use of activities such as “reflecting 
on how your identity influences your actions,” “identifying 
student strengths,” and “participating in networks on equity.” 
We selected these activities because of their alignment with 

the content of the course. The instrument was included in the 
precourse, immediate postcourse, and follow-up surveys, and 
in all cases had Cronbach alpha statistics of greater than 0.80, 
indicating a high level of internal consistency (Table 4). Par-
ticipants’ self-reported use of equity-promoting practices was 
also moderately correlated with the externally validated 
CoBRAS-BRI scale (0.16–0.32, p <0.001), which sug-
gested evidence for concurrent validity.

Structural Topic Modeling of Open-Text Simulation Data

In this section, we describe the steps we used to prepare 
and estimate the STM model on the open-text data from the 
equity simulations in the online course. Our analysis pipe-
line is also depicted in Figure 2.

Data Preprocessing. We followed the standard methods for 
preprocessing data for topic modeling. We removed com-
mon stopwords (e.g., “and,” “or,” “I”), punctuation, and 
numbers, and then applied the SnowballC stemming func-
tion to each token. We also separated each response out by 

TABLE 2
Participant Demographics

Individual demographics Employer, roles, and school characteristics

Category Percentage Percentage

Gender Employer
 Female 69  K–12 school 53
 Male 31  Not-for-profit or NGO 15
Highest degree  University 19
 High school or less 4  Other 13
 Associate’s degree 3 Role (K–12 school only)
 Bachelor’s degree 32  Classroom teacher 73
 Master’s or professional degree 53  Administrator 10
 Doctoral degree 9  Instructional coach 12
Race School type (United States only)
 American Indian or Alaska Native <1  District public school 67
 Asian 18  Private school 14
 Black or African American 8  Charter school 15
 Hispanic, Latino, or Spanish 8 School sector (Non–United States)
 More than one race 8  Public school 55
 Other 4  Private school 45
 White 55 Percentage economically disadvantaged
Current location  0–10 21
 In United States 58  11–25 22
 Outside United States 42  26–50 19
English proficiency  >50% 38
 Basic 1  
 Intermediate 6  
 Proficient 13  
 Fluent 81  

Note. NGO = nongovernmental organization.
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TABLE 3
Descriptions Statistics for Survey Measures

Survey measure

Presurvey Postsimulation Postsurvey Follow-up survey

M SD N M SD N M SD N M SD N

Equality-Equity Overall 4.68 1.01 534 4.88 1.03 403 5.02 0.76 170
 Success in school is primarily the student’s 

responsibility.
4.50 1.23 530 4.83 1.10 401 4.89 0.97 170

 All people are born with the same 
opportunities to be successful.

5.08 1.34 533 5.08 1.41 403 5.34 1.11 170

 Today’s schools help all students equally. 4.90 1.22 528 5.10 1.16 400 5.14 1.11 169
 Anyone who works hard enough can do well 

in school.
3.79 1.47 531 4.25 1.48 401 4.35 1.32 170

 Students from poor families have the same 
opportunities to succeed as students from 
rich families.

5.15 1.24 532 5.14 1.35 400 5.37 0.99 169

Asset-Deficit Overall 5.11 0.58 536 5.23 0.57 519 5.32 0.55 402 5.26 0.56 171
 Teachers should have high expectations for 

all students.
5.10 1.13 533 5.42 1.03 518 5.40 0.97 401 5.33 1.02 171

 Every student can be successful given the 
right supports.

5.37 0.87 533 5.56 0.85 518 5.55 0.65 402 5.39 0.94 169

 Teachers should identify all students’ 
strengths even if they do not fit within 
traditional school norms.

5.49 0.73 532 5.64 0.80 516 5.62 0.65 402 5.56 0.88 171

 Teachers do not need to know much about 
their students beyond their grades and 
behavior in class.

5.31 1.03 532 5.53 0.91 518 5.52 1.02 401 5.49 1.02 180

 All students should be expected to follow the 
same traditional school norms.

4.27 1.31 530 3.95 1.30 517 4.52 1.27 401 4.72 1.12 171

 It is a teacher’s job to challenge all students 
academically.

5.12 0.96 530 5.29 0.85 518 5.29 0.93 401 5.05 1.04 170

Avoidant-Aware Overall 4.74 0.92 534 5.08 0.69 452 5.10 0.79 404 5.13 0.78 171
 Teachers should consider students’ race 

when teaching.
4.45 1.44 528 5.06 1.20 447 5.04 1.19 403 5.02 1.24 170

 Students’ race affects their experiences in 
schools.

5.01 1.11 534 5.40 0.92 451 5.36 0.90 403 5.32 1.00 170

 The current school curriculum is meaningful 
for students from almost all backgrounds.

4.09 1.42 529 4.26 1.28 451 4.34 1.43 402 4.56 1.31 169

 Students’ identities affect their access to 
opportunities in schools.

5.02 1.11 532 5.17 0.98 448 5.31 1.01 403 5.32 0.99 171

 Teachers should talk with their colleagues 
about how race affects students’ experiences 
in schools.

5.12 1.01 529 5.55 0.68 448 5.47 0.77 404 5.42 0.90 171

Context-Specific and Context-Neutral Overall 5.34 0.60 534 5.61 0.50 447 5.55 0.58 403 5.44 0.71 171
 Acknowledging the context in which the 

school is located can help students learn.
5.22 0.84 528 5.57 0.68 446 5.54 0.70 401 5.35 0.82 170

 Students’ surroundings affect the way they 
engage with the material.

5.44 0.69 531 5.70 0.54 446 5.60 0.63 403 5.50 0.80 169

 Engaging with the community can help 
motivate students.

5.37 0.68 531 5.64 0.58 446 5.53 0.67 402 5.43 0.84 171

 Communities play a big role in students’ 
success.

5.37 0.71 531 5.52 0.70 447 5.53 0.68 403 5.46 0.82 170

 Educators should include elements of 
students’ lives outside of school in their 
teaching.

5.28 0.85 532 5.66 0.60 445 5.57 0.68 402 5.47 0.84 171

(continued)
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Survey measure

Presurvey Postsimulation Postsurvey Follow-up survey

M SD N M SD N M SD N M SD N

Composite Equity Attitudes 4.97 0.60 527 5.22 0.56 397 5.22 0.54 170
Equity-Promoting Behaviors Overall 3.46 0.76 587 3.66 0.76 422 3.76 0.76 175
 Reflect on how your own identity influences 

your interactions with students
3.91 0.90 586 4.10 0.88 419 4.09 0.90 175

 Identify strengths for the students you work 
with

4.08 0.82 586 4.16 0.80 420 4.25 0.79 173

 Discuss with colleagues equity issues in your 
school or context

3.44 1.00 585 3.52 1.03 419 3.67 1.00 174

 Share resources with colleagues about equity 
issues

3.17 1.11 585 3.40 1.09 421 3.62 1.07 175

 Participate in a network of educators formed 
specifically around issues of equity (online 
or in-person)

2.69 1.22 587 3.09 1.20 418 3.16 1.26 174

TABLE 3 (CONTINUED)

sentence using standard terminal English punctuation marks 
to identify the end of sentences. We then followed the proce-
dure recommended by Roberts et al. (2014) and removed 
any infrequent terms (e.g., those that appeared in fewer than 
five documents) and created a document-term matrix. We 
then merged in the metadata for each document including a 
dummy indicator for each simulation prompt and the survey 
scale score for the attitude addressed in the simulation. The 
final data set for each simulation consisted of one row per 
sentence from the open-text simulation responses (Jeremy’s 
Journal N = 13,160; Coach Wright N = 11,492; Roster Jus-
tice N = 7,606; Layers N = 7,429).

Number of Topics to Extract. We determined the number of 
topics to extract by generating a series of candidate models 
ranging from five to 50 topics. For each candidate model, we 
extracted the semantic coherence and exclusivity. Semantic 
coherence measures how cohesive the topic is based on how 
often higher probability words for the topic co-occur in the 
same document, and exclusivity measures how often words 
that have high probability in one topic have a low probability 
in another topic (Roberts et al., 2014). We then chose the 
model that best balanced these two criteria. The semantic 
coherence and exclusivity of our candidate models and 

related figures can be found in the Supplemental Appendix 
(available in the online version of this article).

Structural Topic Model Estimation. We used the stm pack-
age in R to estimate the STM model using the “spectral” 
initialization type (Roberts et al., 2019). We included the 
survey scale score for the associated mindset and a dummy 
variable indicating the simulation prompt as covariates. The 
survey scale score allowed us to examine whether individu-
als with more equity-oriented mindsets related to that atti-
tude responded differently to the simulation prompts than 
those with less equity-oriented beliefs. The scale was stan-
dardized so that a 1-unit change was associated with a 1 
standard deviation (SD) increase in the equity mindset sur-
vey scale. This allowed us to identify the topics that were 
more likely to occur for participants with higher endorse-
ments of the more equitable mindset on the survey. A dummy 
variable for the simulation prompt was included to improve 
the fit of the STM model.

Assigning and Validating Topic Labels. Following the pro-
cedures described in Roberts et al. (2016) and X. Chen et al. 
(2020), we extracted the five most frequent, distinct words 
for each topic using the FREX metric, which is the weighted 

TABLE 4
Cronbach Alpha Statistics for Survey Measures

Survey measure Presurvey Postsimulation Postsurvey Follow-up survey

Equality-Equity 0.82 0.85 0.71
Asset-Deficit 0.56 0.62 0.61 0.52
Avoidant-Aware 0.80 0.69 0.78 0.76
Context-Neutral and Context-Specific 0.85 0.81 0.91 0.91
Equity-Promoting Behavior 0.80 0.82 0.80
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harmonic mean of a word’s rank in terms of frequency and 
exclusivity to the topic (Roberts et al., 2016). We also identi-
fied the five most representative texts for each topic (using 
the plotQuote function in the stm R package). Members of 
the research team (one author and two research assistants) 
then independently generated descriptive labels for each of 
the topics. After generating the labels, the members of the 
research team discussed the label terms until a consensus 
was achieved for each topic.

To validate this method for assigning topic labels, we 
adapted a proposed method by Chang et al. (2009) to the 
topic labels we assigned in Jeremy’s Journal. We randomly 
selected 10% of participant responses from each Jeremy’s 
Journal prompt. We then extracted the topic that had the 
highest probability of appearing in that response and three 
other randomly selected topics associated at a lower than 
random chance probability with the response. Four research 
assistants who were not previously involved in assigning 
labels served as validation raters. Validation raters were 
shown a response (e.g., “Jeremy is not paying attention, may 
be distracted”) and were asked to select which of the four 
topics was the most appropriate for that response. Overall, 
validation raters selected the topic with the highest probabil-
ity 65.2% of the time, substantially greater than random 
chance (t = 225.77, df = 1,203, p < 0.001).

Data Analysis Strategy

RQ1: Topic Modeling Within Equity Simulations and Asso-
ciations With Equity Mindsets. We estimated a separate 

structural topic model for each of the four simulations in the 
course. The model produced a set of K topics that then 
needed to be labeled and interpreted in terms of the equity 
teaching literature. For each topic, the structural topic model 
estimates the posterior probability that the topic would 
appear given the text features of the document (θT ; Roberts 
et al., 2014). We then used the estimateEffect function in the 
stm package to estimate the relationship between topic prev-
alence ( )θT  and participants’ survey subscale score for the 
specific mindset measured in the simulation. The estimate 
represents the difference in how likely a participant is to 
mention a topic in their simulation responses based on their 
survey responses for that mindset. A nonnull relationship 
indicates that there is a relationship between the prevalence 
of topics within a participants’ response and that mindset.

RQ2: Changes in Simulation Response Behavior and Asso-
ciations With Changes in Mindsets and Equity-Promoting 
Practices. For this question, we explored whether partici-
pants changed how they responded across each successive 
simulation. Because each of the simulations presented new 
sets of scenarios and content, we could not measure changes 
in topic proportions directly. To address this issue, we devel-
oped a novel method to compare the topic distributions rela-
tive to a fixed group of participants over the course of several 
simulations. We assumed that participants who reported 
higher equity mindsets on the presurvey would from the 
beginning of the course respond more equitably in the simu-
lations. We then chose to compare all participants’ responses 
to those who were in the top quartile (top 25%) for the 

FIGURE 2. Structural topic model analysis pipeline.
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associated equity attitude on the precourse survey. We refer 
to these participants as HE participants. If the remaining par-
ticipants, who we refer to as low-equity (LE) participants, 
became more similar in their responses to the HE partici-
pants, it would suggest that these LE participants were 
responding more equitably in the simulations. However, if 
their responses remained different, it would suggest that the 
LE participants’ behavior within the simulations did not 
change to become more equitable during the course.

To measure how individual LE participants changed in 
their responses within the simulation, we aggregated the 
posterior probabilities across each participant’s responses in 
the simulation and selected the maximum posterior proba-
bility for each topic (max [ ]θT ). This represented the maxi-
mum probability of a topic appearing in a participant’s 
simulation responses; in other words, how likely the partici-
pant was to mention this topic in any of their responses.

We then analyzed the extent to which changes in attitudes 
were evident across simulations by measuring the average 
Euclidean distance from the HE participants. Euclidean dis-
tance can be used to measure the relative similarity between 
the topic distributions of two documents in the same corpus 
(Du et al., 2015). The smaller the average Euclidean distance 
from HE participants the more similar the LE participants 
simulation responses were to those participants. We normal-
ized the Euclidean distance so that it was consistent across 
simulations. We then calculated the difference in the change 
distance between the first and last simulation. A larger 
decrease in distance means that participants were becoming 
more similar in their simulation responses to the HE partici-
pants and that their behavior in the simulation therefore 
became more equitable.

To validate this approach, we used two different methods. 
First, we compared changes in simulation responses to 
changes in equity attitudes and self-reported equity-promot-
ing behaviors on surveys. For equity mindsets, we calculated 
a composite score by averaging participants’ scores on each of 
the four mindset dimensions of equity and then averaging 
across these four dimensions so each component was equally 
weighted. Restricting our analysis to only LE participants, we 
then conducted a paired t test to assess whether the mean dif-
ference in equity mindsets and self-reported equity-promoting 
practices between the pre- and postsurvey and the pre- and 
follow-up survey was statistically significantly different from 
zero. We also calculated the Cohen’s d effect size (ES) for 
each mean difference. If both the distance metric and the sur-
veys indicate changes in attitudes and practices it suggests 
that they are measuring similar underlying changes.

Second, for the Roster Justice simulation we compared 
the distance metric to ratings that were generated by human 
raters using a shared rubric. The rubric was designed to mea-
sure participants’ use of Avoidant versus Aware mindsets 
reasoning in their responses (see the online Supplemental 
Appendix for the full rubric). Each response within Roster 
Justice was coded using a 5-point scale, where 1 represented 

the most Avoidant response and 5 the most Aware (e.g., most 
equitable) response (Borneman, Smith, & Littenberg-Tobias, 
2020). Raters were research assistants (supervised by the 
authors) and did not see the distance measure for any of the 
responses they rated. We randomly sampled 25% of 
responses to be double-rated. In all cases, raters reviewed 
their assignments independently and did not discuss ratings. 
We calculated a weighted Krippendorff’s alpha statistic 
0.76. If the ratings are correlated with the distance metric, it 
offers additional validity evidence that distance from the HE 
reference group is an indicator of the extent to which 
responses reflect more equitable mindsets.

Results

We begin by describing the topics extracted from each 
simulation and the associations between topic prevalence 
and the attitude survey scales (RQ1). We then examine 
whether participants changed in their patterns of simulation 
responses over successive simulations in the course and 
assess to what extent these changes are consistent with 
changes in attitudes and practices on surveys and ratings by 
external human raters (RQ2).

In each of the four simulations, we identified particular top-
ics produced by the STM that were correlated with more 
equity-oriented mindsets and other topics that were correlated 
with less equity-oriented mindsets. When we reviewed these 
topics and correlations, they often reflected tensions and deci-
sion points intentionally built into the scenarios. Although not 
every difference in topic prevalence reflected differences in 
equity mindsets, we found connections frequently enough to 
suggest that STM can identify meaningful equity-based differ-
ences in simulations responses. Additionally, we found that 
participants with less-equitable beliefs at the beginning of the 
course converged over time with participants with initially 
higher equitable beliefs in terms of the topics identified in their 
simulation responses. This suggests that these LE participants 
were applying similar approaches with HE participants in the 
simulations by the end of the course. This shift was corrobo-
rated by LE participants also expressing more equity-oriented 
mindsets and described engaging in more equity-promoting 
practices on surveys (both immediate postcourse and follow-
up). Additionally, for one of the simulations, Roster Justice, we 
found that LE participants whose responses were most similar 
topically with HE participants were also more likely to be rated 
as equitable by human raters. These findings suggest that STM 
and NLP generally can be useful tools for analyzing text-based 
data from equity simulations and identifying changes in simu-
lation behavior over time.

RQ1: Topic Modeling Within Equity Simulations and 
Associations With Equity Attitudes

We examined the topics identified by the unsupervised 
STM model and analyzed their correlation with equity 
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attitudes. The topics often reflected meaningful choices the 
participants could make within the simulation. For example, 
Topic 11 (“Working with Jeremy in small groups”) in 
Jeremy’s Journal was related to responses about whether the 
teacher in the scenario should intervene, based on Jeremy’s 
Journal entry, by meeting with Jeremy and other students 
who seem confused in small groups (e.g., “By utilizing small 
groups, it gives the students more of a chance to share their 
thoughts and maybe bounce ideas off of each other). The full 
list of topics and labels can be found in the online 
Supplemental Appendix.

These findings suggest that STM detected patterns in 
simulation responses that were often associated with mean-
ingful decision points in the simulation. These topics 
reflected meaningful differences in the mindsets that partici-
pants applied when responding to the fictional scenarios in 
the simulations. We measured this relationship by looking at 
the correlation between topic prevalence and participants’ 
responses to survey items about the specific dimension of 
equity measured within each simulation (e.g., Avoidant-
Aware and Roster Justice). In Figure 3, we present the topics 
that were statistically significantly related to the survey 
items.

In the following sections, we briefly describe the key top-
ics associated with equity mindsets in each of the 

simulations and how they relate to mindsets about equity 
based on the existing literature.

Jeremy’s Journal. We found that certain topics were more 
likely to appear in the responses of participants based on the 
survey responses for the Equality-Equity mindset. Partici-
pants with more of an Equality mindset were more likely to 
mention the fact that school policy required students to sub-
mit a doctor’s note when they were sick (Topic 10, “Doctor’s 
note and school policy”). Participants with more of an 
Equality mindset are more likely to be concerned with giv-
ing all students equal treatment, regardless of students’ 
unique individual needs, for example, by equally enforcing 
school policies (Filback & Green, 2013). In contrast, partici-
pants with an Equity mindset are more likely to be concerned 
about meeting individual needs and taking into consider-
ation factors outside of students’ control, such as thinking 
about Jeremy’s health (Filback & Green, 2013). Participants 
who demonstrated an Equity mindset were more likely to 
prioritize Jeremy’s health and well-being in response to 
receiving a note from his mother excusing him for being sick 
(Topic 7, “Glad Jeremy is feeling better”).

Coach Wright. Again, the differences in the prevalence of 
these topics often reflect differences in how participants 

FIGURE 3. Correlations between equity mindsets and topic prevalence for selected topics.
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applied mindsets toward equity. In Coach Wright, partici-
pants with more of Asset mindset were more likely to 
observe that Jeremy went right back to his work after taking 
his bathroom break (Topic 4, “Jeremy went right back to 
work”) and discuss the impact of Coach Wright on motivat-
ing Jeremy’s work (Topic 3, “Coach Wright’s influence on 
Jeremy”). In contrast, participants with more of a Deficit 
mindset were more likely to bring up the school’s referral 
policy for when students are wandering the hallways (Topic 
10, “School referral policy”) and Jeremy’s long bathroom 
break (Topic 12, “Use of bathroom breaks”). Participants 
with more of a Deficit mindset were more likely to frame 
student behavior in terms of compliance with school rules 
(Battey & Franke, 2015; Horn, 2007). In contrast, partici-
pants with more of an Asset mindset were more likely to 
notice specific positive aspects of Jeremy’s interests, person-
ality, and behavior and the supportive relationship with 
Coach Wright. Interestingly, mentioning the concept of 
leveraging student’s strengths was more likely to be associ-
ated with Deficit mindsets (Topic 2, “Student’s strengths”). 
However, many of these responses associated with this topic 
used the language of student strengths without actually ref-
erencing one of Jeremy’s strengths (e.g., “I advised Ms. Por-
ter to recognize and point out Jeremy’s strengths”). This may 
be a case of “conceptual slippage” in the teaching where the 
meaning of the term changes from its original conception to 
meaning something entirely different in practice (Horn & 
Kane, 2019).

Roster Justice. The prevalence of certain topics was con-
nected to certain aspects of the Avoidant-Aware mindsets. 
Participants with more of an Avoidant mindset recognized 
that the classes were imbalanced but they avoided solutions 
that explicitly named racial discrimination. They were more 
likely to describe difference in course composition in racially 
neutral terms without mentioning discrimination explicitly 
(Topic 10, “Fairness is an equal and balanced distribution”). 
Additionally, they were also more likely to agree with the 
principal’s offer of a teaching assistant alone to help balance 
the class loads (Topic 9, “Helpfulness of the teaching assis-
tant”). Paradoxically, they were also more likely to mention 
how this imbalance would affect students’ access to jobs in 
STEM (science, technology, engineering, and mathematics) 
fields (Topic 5, “Students’ access to STEM jobs”). Although 
making connections to students’ future is more important, 
only focusing on career prospects within STEM fields with-
out considering the racialized nature of how students under-
stand their STEM identity is another example of Avoidant 
mindset (Collins, 2018). Many of the responses discussed 
the importance of STEM jobs without mentioning students’ 
racial identities (e.g., “What is the likelihood of those stu-
dents just randomly ending up in tech industries if they don’t 
have any sort of a foundation?”).

Participants with more of an Aware attitude, by contrast, 
were more likely to see the racialized nature of the disparity. 
They were more likely to explicitly mention that the compo-
sition of the class did not match the school demographics 
(Topic 14, “Fairness is that the class should reflect the school 
demographics”). These teachers were more likely to note 
how stereotypes about who can be a computer scientist 
might influence whether students sign up for the course 
(Topic 2, “Access to CS [computer science]”; e.g., “there are 
a lot of stereotypes around who should study CS and who 
should not). Moreover, participants with more of Aware 
mindset were also more likely to observe how relying on 
students to self-select into elective classes in high school can 
perpetuate inequities because students’ previous exposure to 
computer science would affect their choice of electives 
(Topic 15, “Students choice of electives and exposure to 
CS”). Participants with more of an Aware mindset were also 
more likely to mention that the current scheduling system 
perpetuates the racial imbalance (Topic 6, “Equity of the 
scheduling system”).

Layers. As with the other simulations, certain topics in Lay-
ers were related to the Context-Neutral and Context-Cen-
tered mindsets. Educators with more of a Context-Neutral 
mindset were less likely to view student needs in terms of 
their broader social identities or communities. Participants 
with more of a Context-Neutral mindset were more likely to 
describe ways of adapting content that did not incorporate 
aspects of students’ experiences, constraints, and responsi-
bilities outside of school, such as reassigning groups (Topic 
16 “Assigning groups”) or adjusting the amount of time 
given to the activity (Topic 9 “Time to complete the assign-
ment”). Interestingly, participants with a more Context-Neu-
tral mindset were more likely to discuss learning about 
culture and history in general terms (Topic 1, “Learning 
about the outside world”). Responses related to this topic, 
however, often did not mention incorporating the specific 
community where students were located (e.g., “I would have 
them focus on food, typical things found in houses around 
the world and clothing”).

In contrast, educators with more of a Context-Centered 
mindset believe students’ experiences in the world, and thus 
in school, are mediated through particular linguistic and 
cultural-historical practices, and it is important to include 
these in how they adapt their instruction (Gutiérrez & 
Rogoff, 2003; Nasir & Hand, 2006). Participants with more 
of a Context-Centered mindsets were more likely to mention 
drawing on students’ experiences in their communities and 
their home and family (Topic 8, “Students presenting about 
culture/history”); to mention making the lesson relevant to 
students’ interests and lives (Topic 5, “Relevance to stu-
dents’ interests and lives”); drawing on students’ existing 
assets (Topic 4, “Draw on students’ existing experiences, 
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knowledge, and abilities”); and including students perspec-
tives in their lessons (Topic 14, “Seeing students’ of view”).

Summary. Across all four simulations, the STM model was 
able to successfully identify decision points within the simu-
lations that were indicative of different mindsets toward 
equity in teaching. Many topics identified by the STM mod-
els within participants’ simulation responses were both theo-
retically linked to mindsets about equity and were correlated 
empirically with survey items about specific equity mind-
sets. This suggests that NLP tools such as STM, when 
applied to simulation responses, can provide insight into 
mindsets that participants are drawing from when respond-
ing within an equity simulation.

RQ2: Changes in Simulations Response Behavior and 
Associations with Changes in Mindsets and Equity-

Promoting Practices

Next, we explored whether participants changed in their 
simulation responses over the four sequential simulations in 
the online DEI course. We found that as LE participants pro-
gressed through the course, they became more similar in 
their simulation responses to HE participants. We measured 
response similarity by looking at the average distance in 
topic prevalence using a Euclidean distance measure. In 
Jeremy’s Journal, LE participants were an average of 3.71 
percentage points per topic from the reference group of HE 
participants. On Coach Wright, this distance decreased to 
3.38 percentage points; in Roster Justice, to 3.19 percentage 
points, and finally to 2.88 percentage points in Layers, the 
final simulation (Figure 4). In terms of the topics identified 

by the STM model, as LE participants progressed through 
the online course, their simulation responses became increas-
ingly similar to those of HE participants.

We further extended this analysis to look at individual 
changes for LE participants compared with the HE reference 
group. LE participants significantly decreased in their aver-
age distance from the reference group for each topic by 0.64 
percentage points (t =17.18, df = 251, p < 0.001, ES = 1.08 
SD). Changes in simulation responses were consistent with 
shifts in equity attitudes and self-reported practices in sur-
veys. LE participants significantly increased on the equity 
mindsets composite scale between the pre- and postsurvey 
by an average of 0.88 SD (t = 12.72, df = 207, p < 0.001), 
and this increase largely persisted on the follow-up survey 
(0.60 SD; t = 5.81, df = 93, p < 0.001). These participants 
also significantly increased in their self-reported use of 
equity-promoting practices from the pre- to the post- and 
follow-up surveys (presurvey–postsurvey: 0.32 SD, t = 
4.70, df = 216, p < 0.001; presurvey–follow-up: 0.42 SD, t 
= 4.13, df = 97, p < 0.001). Changes in equity mindsets and 
self-reported equity-promoting practices on surveys were 
thus consistent with changes in simulation responses toward 
more equitable behavior.

To further assess the validity of this method for measur-
ing changes in simulation response behavior, we examined 
ratings given by human raters to participants’ responses in 
the Roster Justice scenarios. The average human rating for 
LE participants was correlated with their distance from the 
HE reference group (r = −0.18, df = 198, t = 2.52, p < 
0.05). This suggests that simulations responses from LE par-
ticipants that were closer topically to those from HE partici-
pants were also more likely to be rated as equitable by human 
raters. This indicates that as LE participants became more 
similar to the HE participants in their simulation responses, 
their responses were also likely to be rated as more equita-
ble. This further suggests that the convergence in simulation 
responses between the HE and LE participants over the four 
simulations in the online course likely reflected the LE par-
ticipants becoming more equitable in their simulation 
responses rather than the HE participants becoming less 
equitable.

Discussion

Although equity simulations are a potentially promising 
practice in DEI education (Robinson et al., 2018; Self, 
2016), their utility as a teaching tool is somewhat constrained 
by the challenge of quickly interpreting and providing feed-
back on open-text responses. In this study, we explored the 
potential for using unsupervised NLP techniques to detect 
patterns within participants’ responses to prompts within 
equity teaching simulations. We hypothesized that the topics 
identified by the structural topic model would reflect differ-
ent aspects of what teachers noticed and interpreted within 
the simulation and that these patterns would be associated 

FIGURE 4. Changes in Euclidean distance from high-equity 
reference group.
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with survey measures of attitudes toward equity teaching. 
We also were interested in measuring changes in simulation 
responses of participants over the 8-week online course on 
DEI issues.

Overall, we found promising evidence for the use of NLP 
methods with simulations as a promising teaching tool for 
formatively assessing and evaluating equity-promoting 
teaching practices. Across all four simulations, the STM 
model identified discrete topics that reflected meaningful 
differences in what educators noticed and interpreted in the 
simulation. We also found preliminary evidence that topic 
modeling can be used to evaluate changes in simulation 
behavior over time. This suggests that NLP methods, such as 
STM, can be valuable tools when used in conjunction with 
equity teaching simulations.

The findings of this study point to a number of potential 
applications in the field of teacher education and in DEI 
training within educational settings more broadly. First, this 
study provides evidence supporting the use of simulation-
based approaches to DEI training for educators. Although 
other studies have found benefits from using equity teaching 
simulations (e.g., J. A. Chen et al., 2020; Cohen et al., 2020; 
Self & Stengel, 2020), this is one of the first large-scale stud-
ies to detect changes in behavior within simulations. Digital 
simulation platforms in particular, such as Teacher Moments, 
have potential for wide impact because they are low-cost 
and relatively easy to customize and scale (Kaka et al., 
2021). Cost and scalability are often important factors in 
selecting and implementing teacher professional learning 
(Kraft et al., 2018). As K–12 schools and educational orga-
nizations move toward incorporating more DEI-focused 
professional development, they should consider adopting 
digital equity simulations as part of a larger DEI professional 
learning strategy.

Second, this study suggests unsupervised models, such as 
STM, have the potential to automatically detect population-
level patterns within simulation responses that can be used 
to create tools for teacher educators and professional devel-
opment facilitators to interpret and evaluate data on teacher 
practice more easily. One of the barriers to scaling practice-
based feedback in teacher education is the time and effort 
needed to manually analyze and provide feedback on indi-
vidual practice (Peercy, 2014). Combining digital simula-
tions with NLP tools can help instructors evaluate and 
interpret teacher behavior and provide feedback at scale 
without large increases in resources or cost. These patterns 
could also be disaggregated by demographic characteristics 
(e.g., gender, race), teaching experience, and exposure to 
coursework, which could help identify how different attri-
butes are related to what participants noticed in the simula-
tion. The results of these analyses could also be used to 
study, for example, if what participants noticed in the simu-
lation changed in response to an intervention.

Third, the findings of this suggest the potential effective-
ness of applying NLP tools to evaluate and provide feedback 
on individual educator performance within simulation. 
Although some researchers have proposed using NLP as an 
alternative to human observations of teaching (Jensen et al., 
2020; Ramakrishnan et al., 2019); simulations allow for the 
collection of large-scale data without having to directly col-
lect data from classrooms. The findings of this study suggest 
that NLP tools may be able to be integrated with digital sim-
ulations to provide automated feedback on participants’ per-
formance within the simulations. For example, in the 
Jeremy’s Journal scenario, NLP could be used to detect 
when users are placing the majority of the blame on Jeremy 
for his performance in class. The system could then prompt 
the user to consider how external factors might play a role in 
Jeremy’s performance and have them reattempt their 
response. Such an approach would work well within a large-
scale online learning context, such as a MOOC, where indi-
vidual feedback from instructors may not be logistically 
feasible. Automated feedback may allow simulation design-
ers to tailor different feedback for participants with different 
levels of experience in discussing equity issues. For exam-
ple, a less experienced user might receive recommendations 
on how inequitable educator mindsets affect student experi-
ences in schools, while more experienced users would 
receive suggestions on how they can advocate for school-
wide changes to inequitable school policies.

Areas for Future Research

This study is a preliminary investigation into how NLP 
models can be used to automatically detect patterns within 
participants’ responses in equity teaching simulation 
responses among participants in an MOOC about equitable 
teaching. Although we targeted the course at a broad group 
of educators, because of the topic of the course, participants 
in this course were more likely to be interested in equity 
issues than a general educator audience. As a result, the find-
ings may not transfer to other teacher populations. As a 
future direction, it would be informative to study the effect 
of these scenarios with the general K–12 teacher population. 
In subsequent work, we aim to study patterns among partici-
pants in other settings including teacher education courses, 
in-person professional learning, and nonequity-focused 
online courses. Additionally, because participants did not 
repeat any of the simulations, we cannot say conclusively 
whether the change in patterns between simulations was due 
to changes in attitudes or changes in the simulation. We will, 
in future analyses, study changes in participants’ responses 
within the same or parallel simulations where changes in 
response can be more clearly linked to changes in behavior.

Finally, we aim to expand from the results of this study to 
explore the potential for automatic evaluation of individual 
participants’ responses within equity teaching simulations. 
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Although the STM model was successful in identifying spe-
cific themes within participants’ responses, in some cases it 
identified differences in topics that were not specifically 
related to equity. This may mean that the topics identified by 
the STM model may not be accurate enough to provide feed-
back for individual responses. In future work, we will 
explore using lightly supervised and hybrid approaches to 
improve the precision and accuracy of the NLP tools for 
evaluating individual responses without requiring extensive 
labeling.

Conclusion

In education and every other sector of society, there is much 
work to be done to create a more just and equitable foundation 
for human flourishing. Education has an important role to play 
in helping people recognize how their biases can lead to preju-
diced or discriminatory behavior while also helping them to 
change those behaviors. Given the scope of social change that 
needs to happen, scalable digital technology has the potential 
to play an important role in education around DEI.

The evidence from this study suggests promise for using 
digital simulations to prepare educators on DEI issues within 
large-scale asynchronous learning environments. We found 
initial evidence that NLP analyses of digital equity teaching 
simulation data can be used to formatively assess partici-
pants’ use of equity teaching practices and capture changes 
over time. These findings expand the field’s understanding 
of how technology can prepare educators to enact equitable 
teaching practices (J. A. Chen et al., 2020; Cohen et al., 
2020; Okonofua et al., 2016) and offers tools to instructional 
designers and instructors develop and facilitate more effec-
tive DEI learning experiences.
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