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SPECIAL ISSUE ON EQUITY, INCLUSION, ACCESS, AND JUSTICE

Calling for Equity-focused Quantitative
Methodology in Discipline-based
Education Research: An Introduction to
Latent Class Analysis
Tara Slominski,† * Oluwatobi O. Odeleye,‡ Jacob W. Wainman,§ Lisa L. Walsh,║

Karen Nylund-Gibson,¶ and Marsha Ing#

†Department of Biological Sciences, North Dakota State University, Fargo, ND 58108;
‡Department of Chemistry, West Virginia University, Morgantown, WV 26506; §Department of
Chemistry and Biochemistry, University of Minnesota Duluth, Duluth, MN 55812; ║Department
of Education Research and Outreach Lab, Donald Danforth Plant Science Center, St. Louis, MO
63132; ¶Department of Education, University of California, Santa Barbara, Santa Barbara, CA
93106; #School of Education, University of California, Riverside, Riverside, CA 92521

ABSTRACT
Mixture modeling is a latent variable (i.e., a variable that cannot be measured directly)
approach to quantitatively represent unobserved subpopulations within an overall pop-
ulation. It includes a range of cross-sectional (such as latent class [LCA] or latent pro-
file analysis) and longitudinal (such as latent transition analysis) analyses and is often re-
ferred to as a “person-centered” approach to quantitative data. This research methods
paper describes one type of mixture modeling, LCA, and provides examples of how this
method can be applied to discipline-based education research in biology and other sci-
ence, technology, engineering, and math (STEM) disciplines. This paper briefly introduces
LCA, explores the affordances LCA provides for equity-focused STEM education research,
highlights some of its limitations, and provides suggestions for researchers interested
in exploring LCA as a method of analysis. We encourage discipline-based education re-
searchers to consider how statistical analyses may conflict with their equity-minded re-
search agendas while also introducing LCA as a method of leveraging the affordances
of quantitative data to pursue research goals aligned with equity, inclusion, access, and
justice agendas.
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INTRODUCTION
In this research methods essay, we join a growing number of education researchers
who argue data are socially constructed—shaped by the researchers deciding what
and how to research (Zuberi and BonillaSilva, 2008; Sablan, 2018; Buchanan et
al., 2021). Leaning on tenets of critical quantitative approaches (Zuberi, 2001;
Stage, 2007; Covarrubias and Vélez, 2013; Stage and Wells, 2014; Tabron and
Thomas, 2023), quantitative data and the statistical analysis used to understand
data are not neutral but are filtered through the biases held by the individuals
who create and conduct them. There are different approaches to critically en-
gage in statistical analyses of quantitative data. Hernández’s (2014) description
of quantitative criticalism encourages researchers to define and make their par-
ticular approach transparent. For example, Gillborn and colleagues’ (2018) ap-
plication of Critical Race Theory to quantitative data and analysis includes five
principles: “1) the centrality of racism; 2) numbers are not neutral; 3) cate-
gories are neither “natural” nor given: for ‘race’ read ‘racism’; 4) voice and in-
sight: data cannot ‘speak for itself’; 5) using numbers for social justice” (p. 170).
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Unfortunately, it is common practice that much research does
not take up these tenets. For example, using White students as
a reference group (and comparing them with non-White stu-
dents) is a binary comparison that centers whiteness and can
wrongfully position racial inequities as natural (Castillo and
Babb, 2023). These tenets encourage researchers to recognize
the risks of ‘presenting a wholly social category as if it were
a natural and fixed difference’ (Castillo and Gillborn, 2022, p.
8). Creating a non-White group falsely infers that all individ-
uals included in that category share enough of the same lived
experiences to constitute a meaningful group for the study
at hand. This tenent in particular underscores for researchers
the importance of examining the limitations of the categories
they include (Suzuki et al., 2021). These categories are not
limited to race. For example, researchers have centered tribal
(Sabzalian et al., 2021), queer (Garvey et al., 2019), and trans
(Curley, 2019) theory when trying to better understand varia-
tion. Common across these different approaches is the call for
all researchers to make more thoughtful decisions about the
questions being asked and how their data are analyzed. Some
discipline-based education research (DBER) scholars have be-
gun to take up these tenents, including the recently published
essay in CBE-LSE by Pearson and colleagues (2022). In this
essay, Pearson and colleagues advocate for the importance of
integrating critical quantitative approaches in science, tech-
nology, engineering, and math (STEM) equity research and
offer a series of self-reflective questions and recommendations
intended to support the integration of critical approaches by
DBERs engaged in quantitative STEM equity analysis.

There is no one right way to support more equity-focused
research. This research methods essay contributes to this ef-
fort to support discipline-based education researchers to apply
these tenents to their work by introducing and describing a
particular quantitative method, latent class analysis (LCA), as
one way to support anti-deficit, person-centered, and equity-
focused research agendas in STEM education.

It is important to note that any given statistical method is
neither inherently biased nor unbiased. It is through the ap-
plication of a given statistical method that bias is introduced.
As such, the aim of this essay is not to advocate for LCA as the
only way to support anti-deficit, person-centered, and equity-
focused research in STEM education. Instead, our goal is to
introduce CBE-LSE readers to LCA by highlighting aspects of
this statistical approach that equity-minded researchers could
consider in their research. We provide an overview of LCA
and a hypothetical example of how one could apply LCA in
STEM education, including the types of research questions
this method can support. Next, we describe the ways in which
LCA can offer STEM education researchers prioritizing criti-
cal quantitative approaches a new way to explore variation
in a population. Given our goal of increasing interest in LCA
and illustrating ways in which this methodology can support
equity focused efforts, we conclude this essay by highlighting
publications discipline-based education researchers can refer
to for a more technical tutorial on conducting LCA rather than
including that level of detail here.

The target audience for this essay is DBERs interested in
using equity-focused quantitative methodologies, though we
recognize our intended audience may vary greatly in terms
of experience using quantitative methodologies. Table 1 pro-

vides a glossary of terms to support readers unfamiliar with
the terminology used throughout this paper. The definitions in
the glossary represent how these terms are specifically used in
this paper; alternative or more general definitions appropriate
for other applications may exist.

Positionality Statement
Four of us (T.S., O.O.O., J.W.W., and L.L.W.) are early career
DBERs who were selected to participate in an advanced quan-
titative methods training and mentorship program led by the
last two authors (K.N.-G., M.I.) designed to advance the un-
derstanding of issues related to diversity, equity, and inclusion
in STEM education (NSF Award 2224786). We are a diverse
group of scholars in both a professional and sociocultural
sense and vary in professional status, disciplinary training,
and institutional contexts. While the individual research agen-
das and theoretical frameworks we employ differ, our conver-
sations as a part of this program have revealed our shared
value of quantitative research methods centered around an
anti-deficit, person-centered, and equity-focused perspective.

Throughout our careers, the four of us have learned
about quantitative analyses from different sources, includ-
ing discipline-based education research journals, and our
own reading of and conducting of equity-focused research.
We are all interested in learning about different approaches
researchers take to combine quantitative analyses and
discipline-based education research focused on equity. This
has led us to often wonder whether we need to sacrifice rig-
orous quantitative methods in the hopes of addressing equity-
focused questions or to use traditional quantitative methods
even if we found those to not be in concert with our val-
ues. Through specialized training, we were exposed to mix-
ture modeling, an approach that could help us implement our
equity-focused research interests in ways consistent with our
values. We recognize that this methodological approach is one
of many approaches to equity-focused research questions and
like all methods, has the potential for misuse. However, we
believe that this method could be useful to members of the
STEM education research community interested in conducting
equity-focused quantitative research through an anti-deficit,
person-centered lens.

Description of LCA
LCA is part of a large set of quantitative models called mix-
ture models (see Muthén and Shedden, 1999; Muthén and
Muthén, 2000; Muthén, 2001; Muthén and Masyn, 2005;
Masyn, 2013; Nylund-Gibson et al., 2019). Mixture modeling
is grounded in the fundamental concept of population het-
erogeneity, and assumes in any given population, differences
exist among the individuals within that population. Mixture
modeling methods rely on latent variables, which are variables
that cannot be measured directly (e.g., attitudes, self-efficacy,
mindset, etc.) to model the assumed population heterogeneity
(Table 1). Because latent variables are inherently unobserv-
able, they must be indirectly measured by a set of observable
variables (commonly referred to as indicators; e.g., survey
items) selected based on theoretical considerations. By max-
imizing both within-group homogeneity and between-group
heterogeneity among that set of observable variables (or indi-
cators), mixture modeling approaches identify unobserved (or
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TABLE 1. Glossary of terms used throughout this essay

Term Definition

Between-group exploring variability between groups (e.g., across different genders)
Categorical variable a characteristic that can be binned into separate groups (e.g., gender, attitude, final letter grade, etc.)
Class enumeration the process of selecting the appropriate number of classes in mixture modeling, including a latent class

analysis (LCA), based on several indicators, including statistical indicators (e.g., information
criterion and likelihood-based comparisons), classification accuracy, and the motivating theoretical
background

Conditional probability a value that ranges from 0 to 1 that describes the average probability that a person in a given latent
class (or group) will endorse a given observed variable (indicator). These are the values often used
to create the profile plots.

Continuous variable a characteristic with numeric values typically ranging from a minimum to a maximum value, a
nondiscrete variable (e.g., temperature, height, age, etc.)

Covariate an observed predictor variable that is thought to be related to the emergent latent classes (e.g., student
characteristics, SAT/ACT scores, prior experiences, etc.)

Distal outcome a variable that is conceptualized as a consequence of membership in a specific latent class (e.g., final
course grade, persistence in STEM courses)

Heterogeneity characterized by being different or diverse
Homogeneity characterized by being the same or of a similar kind
Indicator variable an observed variable or measure (e.g., survey item) that is used to characterize the latent class

variable. For LCA, these indicators are assumed to be categorical variables (e.g., engage in a specific
behavior or not)

Latent class (or group) a grouping of individuals based on the set of response patterns of the indicator variables
Latent variable a variable in the statistical analysis that is not directly observed but can be measured using a set of

indicator variables (e.g., attitudes, self-efficacy, depression, etc.). Latent variables can be continuous
variables or categorical variables

Person-centered
approach

research method that focuses on grouping individuals rather than grouping items that measure a
particular construct or factor. In LCA, we focus on individual response patterns instead of individual
items

Within-group exploring variability within the same group (e.g., differences that exist among a group of women
students)

latent) subgroups in a dataset. As such, the number of latent
classes (also known as groups) in a population is commonly
not known before conducting mixture modeling analyses, and
it becomes the job of the researcher conducting the analysis
to justify the number of latent classes present in the popula-
tion by choosing the best-fitting model, a process referred to
as class enumeration.

Similar to factor models, mixture models can accommodate
both continuous and categorical observed indicators (e.g., sur-
vey items) to identify a categorical latent variable of interest.
When models use continuous, measured indicators to estimate
the categorical latent variable, models are referred to as latent
profile analysis (LPA) models, whereas models with categori-
cal observed variables (most commonly binary) are LCA mod-
els.

The main differentiation between more commonly used
latent variable models and mixture models is that the latent
variable is categorical, as presented in Table 2. The rows of
the table differentiate the nature of the observed variables
(e.g., survey data, etc.) and the columns differentiate the
nature of the latent variable (categorical or continuous). For
example, factor analysis and item response theory both esti-
mate continuous latent variables using either continuous or
categorical observed data whereas mixture modeling methods
such as LCA or latent profile analysis estimate categorical
latent variables.

Mixture modeling approaches are similar to commonly
used clustering approaches such as k-means clustering (Beijie

et al., 2013). Both mixture modeling and clustering ap-
proaches identify clusters, or groups of people, that are char-
acterized by being homogenous within a cluster while max-
imizing heterogeneity across clusters. Unlike clustering ap-
proaches, mixture modeling approaches take a model-based
approach to clustering (Nylund et al., 2007; Nylund-Gibson et
al., 2019, 2023; Nylund-Gibson and Choi, 2018), which is ad-
vantageous because it provides ways to evaluate model fit and
is reproducible.

A Hypothetical Application of LCA
To help highlight the utility of mixture models in DBER re-
search, imagine we are interested in the variation of student
behavioral engagement across gateway STEM courses at a
research-intensive university and how it relates to course per-
formance (e.g., course grade). A typical research question may
compare engagement and course performance across different
ethnicities. However, doing so may overlook variation within
different ethnic groups that relate to course performance. An-
other way to explore variation is to model the variation in en-
gagement within our population (and subpopulations) using
LCA.

Consistent with this alternative research aim (i.e., to ex-
plore the nuanced ways in which students’ engagement may
differ), we can use LCA to address the following research ques-
tion: What are different types of student engagement profiles
that relate to course performance?
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TABLE 2. Contextualizing mixture modeling alongside other latent variable models

Latent variable

Continuous Categorical

Observed Data
Continuous Factor analysis Latent profile analysis (LPA)
Categorical (binary,
ordinal)

Item response theory, ordinal
factor analysis

Latent class analysis (LCA)

To explore engagement profiles, we could use five binary
indicators to measure engagement (Table 3; Fredricks et al.,
2004). LCA helps identify groups of individuals that share a
set of engagement characteristics that are different from en-
gagement characteristics of other groups (Figure 1). Based on
their responses to all five items, each individual in our sam-
ple is assigned a conditional probability value of belonging to
each group or class (k). Because the number of latent classes
in our population is unknown, we vary the number of classes
(e.g., k = 1–5) and evaluate the performance of each model
using a variety of statistical indicators along with our theoret-
ical framework to determine the optimal value for k.

For the sake of our example, let us say three classes (k = 3)
is determined to be the most supported model solution. Each
student is assigned probabilities of being assigned to each of
the three classes. By visualizing the average conditional prob-
ability scores of each class for each item in our hypothetical
model (Figure 2), students in Class 1 had a pattern of high
responses of “Yes” for all four items, and we would name this
class “All Around Engagers.” Students in Class 2 only had a
pattern of high responses of “Yes” for engaging in behaviors
outside the classroom, so we would name this class “Out-of-
Class Engagers.” Students in Class 3 only had a pattern of high
responses of “Yes” for engaging in behaviors within the class-
room, so we would name this class “In-Class Engagers.” The
selection of names of the classes in this example was informed
by the patterns observed in the conditional probabilities. Care
must be taken when naming classes to ensure they align well
with these observed patterns, accurately reflect the hetero-
geneity captured by the classes, and are related to existing
theory or literature.

We can then relate these classes to students’ final course
grade. Perhaps we discover In-Class Engagers have signifi-
cantly lower final course grades than All Around and Out-of-
Class Engagers. This insight provides us with potential areas of
intervention to address in our STEM gateway courses. Under-
standing different types of engagement patterns among differ-
ent groups of students with a variety of experiences, identities,
and realities may provide methods in which we can offer tar-
geted support. This support is more nuanced in that it helps
to focus attention beyond comparing students based only on
observable characteristics such as gender or ethnicity.

Applications of LCA in STEM Education Research
There has been an increase in LCA use by educational and
psychological researchers (Denson and Ing, 2014; Chan et al.,
2021; Mayworm et al., 2023) across a wide range of edu-
cational contexts. Despite its utility, LCA has limited uptake
within STEM education research. One example within STEM

education is research by Godec and colleagues (2022) who
used LCA to explore patterns in the participation of young stu-
dents in informal science education. Using survey responses
from 1624 participants, LCA identified subgroups of students’
participation in informal science education. The researchers
concluded that although students from minoritized groups
rarely participated in informal science education activities,
they expressed interest in STEM fields. The students from
nonminoritized groups participated in informal science edu-
cation activities regularly, regardless of their interest in STEM.
While there is growing interest in this modeling approach
from discipline-based education researchers working in the
fields of biology (Tobler et al., 2023), chemistry (Brandriet et
al., 2018), and physics (Chen et al., 2021; Palmgren et al.,
2022), LCA has had limited use in equity-focused STEM edu-
cation research.

In another example from STEM education research, in their
article published in CBE-LSE titled “Identifying Faculty and
Peer Interaction Patterns of First-Year Biology Doctoral Stu-
dents: A Latent Class Analysis,” Jeong and colleagues (2019)
used LCA to understand patterns in graduate students’ in-
teractions with faculty and peers. Jeong and colleagues’ re-
search was informed by the graduate socialization theory,
which posits that both faculty and graduate student peers
act as socialization agents that impact a graduate student’s
cognitive and affective experiences as well as academic out-
comes (Weidman et al., 2001; Austin, 2002; Gardner, 2007).
Instead of comparing socialization patterns in terms of gender
or ethnicity, Jeong and colleagues used LCA to identify social-
ization patterns among 336 doctoral students who completed
an 8-item scale modified from a socialization questionnaire
(Weidman and Stein, 2003). The LCA model identified four
distinct classes characterizing patterns of graduate students’
interactions with faculty and peers as displayed in Figure 3.
The four classes were differentiated in who they socialized
with and what they socialized about (e.g., field-related work
or personal life). The two largest classes were a group of stu-
dents who socialize with faculty and peers about academic
and personal needs (C1, 42%) and those who socialize with
their peers mainly on both academic and personal need (C2,
41%). The smaller two classes consisted of students who only
socialize with their peers on social/personal matters, not work
related (C3, 9%) and those who socialize with both faculty
and peers on field-related academic matter (C4, 8%). Based
on the conditional item probabilities, Jeong et al. (2019) cre-
ated class names as labeled in Figure 3.

Previous research had suggested graduate student social-
ization varies in terms of demographic characteristics such as
gender, ethnicity, and international status. Therefore, the asso-
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TABLE 3. Example student response data to five binary (Yes = 1 or No = 0) items that measure engagement

Student
Have you asked a
question in class?

Have you
answered a

question in class?

Have you attended
the optional review

sessions?
Have you attended

office hours?
Do you have a
study group?

Student A Yes (1) Yes (1) No (0) Yes (1) Yes (1)
Student B No (0) No (0) No (0) Yes (1) Yes (1)
Student C No (0) No (0) No (0) Yes (1) No (0)
Student D Yes (1) No (0) Yes (1) No (0) No (0)
Student E Yes (1) Yes (1) No (0) No (0) No (0)

…
Student Z Yes (1) Yes (1) Yes (1) Yes (1) Yes (1)

Latent Class 
Variable Distal Outcome

Final Course Grade
Behavioral 

Engagement

Indicator (I5)

Do you have a 
study group?

Indicator (I1)

Have you asked a 
question in class?

Indicator (I3)

Have you attended 
the optional review 

sessions?

Indicator (I2)

Have you 
answered a 

question in class?

Indicator (I4)

Have you attended 
office hours?

FIGURE 1. Path diagrams are often used to visually represent mixture models. In our path diagram, the observed data (student
responses to our four binary items drawn from Fredricks et al., 2004; Table 3) are the indicator variables (I1–I5) serving to indirectly
measure the categorical latent variable (i.e., student behavioral engagement). Because the indicator items in LCA drive the emergent
classes, these items should be strongly informed by the research’s theoretical framework.

FIGURE 2. Conditional item probability results for the three class LCA model of behavioral engagement.
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FIGURE 3. Recreation of a figure from Jeong et al. (2019) illustrating the identified 4-class solution of Student Socialization with their
Faculty and Peers. Patterns of item endorsement were used to inform the naming of each class (C1–C4).

ciation between demographics and the four identified social-
ization classes was evaluated after the groups were identified.
Additionally, the researchers selected eight student outcomes
based on the socialization theory to examine the impact of so-
cialization on graduate students. The authors pointed out that
domestic students were spread across the four classes, while
international students were more limited to field-related aca-
demic interactions and personal relationships exclusively with
peers, suggesting inequities in their doctoral socialization ex-
perience and highlighting the potential for departmental in-
terventions in graduate student training.

By employing LCA, Jeong and colleagues (2019) captured
the mosaic of interactions graduate students engage in while
also positioning their findings in a way that frames socializa-
tion through the lens of individual graduate student experi-
ences. As a person-centered approach, LCA highlighted var-
ious ways in which graduate students socialize. Rather than
relying on sociodemographic characteristics to compare stu-
dents’ socialization, LCA is one approach in which the unob-
served variation in how students’ socialize can be better un-
derstood. This approach is just one way to build on existing
literature by offering a student-centered vantagepoint.

Affordances of LCA for STEM Education Research
Understanding the unobserved patterns of variation within a
population provides researchers deeper insight into the het-
erogeneity that is assumed to exist within a population. This
insight can provide a more nuanced understanding of the com-
plexities of a population with respect to measured outcomes.
In the hypothetical example above, exploring patterns of stu-
dent engagement revealed nuances of student behaviors that
other statistical approaches may have masked. An alternative
approach could be to sum student responses to our five survey
items and calculate an engagement score, which could then be
used to categorize students as “high” or “low” engagers. This
approach would require identifying an appropriate threshold

to guide the sorting of high and low engagers, which raises
questions around the appropriate location of the cut point.
Further, this approach provides little information about po-
tential differences in the ways that students engage that could
be productive. For example, say we used a behavioral engage-
ment cut score at the value of 2 (with individuals scoring 2
or lower being labeled as low engagers and individuals scor-
ing 3 or higher being labeled as high engagers). In this sce-
nario, the In-class Engagers previously identified through LCA
would be labeled as low engagers (Figure 2) despite engaging
in a manner many educators and researchers would consider
favorable (i.e., asking and answering questions in class). LCA
can provide meaningfully distinct types of engagers, whereas
the summing student responses to the survey items reflect a
single dimension of students’ engagement.

LCA allows us to make visible the variation in our popu-
lation by retaining and embracing variation across our range
of indicator variables (i.e., survey items). By characterizing
patterns of behavioral engagement, we are able to describe
the distinct ways in which students in our three groups (e.g.,
All Around Engagers, In-Class Engagers, and Out-of-Class En-
gagers) engage with the course—evidence which has direct
implications for further analyses (as discussed in the follow-
ing sections) as well as pedagogical decisions (e.g., incentives
for classroom participation, using permanent group structures
during class to provide additional study group opportunities,
strategic scheduling of optional review sessions, etc.).

The intent of LCA is to uncover groups of individuals who
are similar with respect to their responses to the set of ob-
served measures (e.g., survey items). As such, mixture mod-
eling is often described as a person-centered approach, where
the research questions focus on grouping individuals instead
of variable-centered approaches that aim to explore constructs
(e.g., factor analysis) and then study how those constructs re-
late to each other (e.g., structural equation modeling). More-
over, the categorical nature of the latent variable provides a
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natural context to study subgroup differences and to compare
experiences, characteristics, and outcomes across subgroups,
which can be directly relevant to equity-focused research (see
section below for details).

Many statistical approaches common in DBER require re-
searchers to create groups in terms of categorical variables
(e.g., using an instrument to sort students into “fixed” or
“growth” mindset, sorting students into “high” or “low” self-
efficacy groups, etc.). Creating these groups requires that re-
searchers make a series of somewhat arbitrary decisions, typi-
cally relying on their own pre-existing knowledge of the con-
text. It is also the case that these groups may be created out of
convenience or by applying subjective cut points. Continuing
with our example, if we were to evaluate the behavioral en-
gagement of students with respect to course performance by
creating two groups of students based on the number of survey
items they identified with (i.e., high and low engagers), the
variation in what engagement looks like for students would
not be captured. Using a LCA approach, the nuances in the
ways students engage could be better described. The results
of the LCA (i.e. the number of groups, assignment of the most
likely group membership of each individual, etc.) are based on
a model-based approach, which affords the researcher a range
of evidence-based tools to evaluate and guide what could eas-
ily be perceived as arbitrary decisions.

Using LCA to Support Equity-focused STEM-Education
Research
So often in STEM education, demographic group comparisons
position one group as the norm against which all other groups
are compared (Castillo and Babb, 2023; Van Dusen and Nis-
sen, 2020). The normative group is typically the most priv-
ileged group; comparing other groups with this group per-
petuates a deficit orientation, where there are disparities in
outcomes or achievements. For example, research that com-
pares course outcomes across different ethnic groups (where
ethnicity is treated as a mutually exclusive categorical vari-
able such as White, Asian, Black, Hispanic, or Other), may
wrongly attribute inequalities to racial differences, overlook-
ing other important structural and institutional factors such
as the quality of instructional opportunities that contribute to
such outcomes or the variability within these race categories.
Additionally, this approach of comparing groups in terms of
demographics often ignores intersectionality, not acknowledg-
ing the multiplicative relationship of students’ overlapping
and multiple identities. Further, treating socially defined de-
mographic groups as homogenous risks unidimensional and
essentializing conclusions about student groups (i.e., believ-
ing all students who identify as belonging to a particular de-
mographic group will share comparable lived experiences, be-
liefs, and identities).

LCA can help us understand variation within demographic
groups in a way that has the potential to shift our focus
away from “gap-gazing” practices (Gutiérrez, 2008; Young
et al., 2018), which are common in STEM education re-
search (Metcalf, 2017). Rather than comparing groups, LCA
can support analyses that explicitly model variation within
groups. For example, returning to our hypothetical example

of using LCA to examine behavioral engagement, perhaps we
are interested in the distribution of first-generation students
across the three behavioral engagement classes. By including
first-generation status as a covariate in our model, we can
regress the latent class variable on first-generation status to
explore the variation in behavioral engagement within our
first-generation student subpopulation. As a result, we could
reveal patterns that indicate not all first-generation students
need to engage in similar ways in order to be successful in a
gateway STEM course.

As another example, research focusing on Black girls’ ex-
perience in mathematics (see, e.g., Young and Cunningham,
2021) considers constructs such as student identity, self-
efficacy, and interest. These researchers were particularly in-
terested in exploring the variation among these constructs
for this particular group of students (Black girls) rather than
comparing their experiences to other groups. They argue that
this person-centered approach is necessary because Black girls
experience both gender and racial biases in STEM settings
(Young and Cunningham, 2021, p. 29), thus the methodolog-
ical choice needed to acknowledge and respect these inter-
secting identities (Young and Cunningham, 2021, p. 38) with-
out situating those experiences (or their academic outcomes)
in a contrasting lens comparing results to other demographic
groups.

Another example is research that warns against collaps-
ing subgroups of Asian Americans into a single group rather
than considering the variation within this group (see, e.g.,
Teranishi, 2007). With over 40 ethnic subgroups who speak
over 300 languages, this research argues there is significant
variation among Asian Americans regarding factors such as
culture and history (Teranishi et al., 2004; Takaki, 2012; Lee,
2015). There is also variation among Asian Americans regard-
ing achievement and higher education access (see, e.g., Lee,
1994; Museus et al., 2013 Thus, collapsing all Asian Ameri-
cans into a single group misses important variation among the
groups. By embracing and intentionally modeling this within-
group variation, LCA is one approach researchers can use to
explore potentially theoretically meaningful latent groups that
otherwise remain hidden under more traditional, variable-
centered approaches (i.e., grouping students based on demo-
graphic variables).

Despite the affordance of using LCA to support equity-
focused research, we caution that the method in and of itself
does not automatically address issues of equity and in fact,
could be used inappropriately. Suzuki and colleagues (2021)
identified three moments in quantitative methods more gen-
erally, and mixture modeling specifically, where researchers
make decisions that influence the appropriate application
of quantitative methods to advance toward an anti-racism
agenda. The three moments include: “1) development of the
research question(s) and identification of analysis variables;
2) decision-making about the role of race in planned analy-
ses; and 3) interpretation of the results through a theoretical
framework” (Suzuki et al., 2021, p. 543). While Suzuki and
colleagues’ article focuses specifically on race, they encourage
researchers to consider how similar decisions could be made
with other quantitative research methods and other character-
istics such as gender identity.
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Limitations of LCA
Mixture modeling is a relatively new approach in education
research and recommended best practices are still evolving
(Nylund-Gibson and Choi, 2018). There are few courses avail-
able for graduate students, and many of the training op-
tions available are expensive (ranging from $500–$3000 per
course). Even for those with the resources to attend training,
and with some quantitative research experience, implement-
ing mixture modeling may be intimidating. The learning curve
for latent class analysis requires reading publications com-
monly found in more methods-focused journals rather than
DBER journals. Even if researchers are able to run models,
there are many decision points in the process that require re-
searchers to not only follow best practices but be guided by
their theoretical framework. For example, researchers must
holistically evaluate the models by considering statistical fit in-
formation, the characteristics of resulting classes, and the sta-
tistical accuracy of the results (Muthén, 2003). Interpretation
of the classes, including naming the classes based on patterns
in the conditional item probabilities for the indicator items, re-
quires the researcher to draw heavily on the researcher’s the-
oretical framework (Lanza and Rhoades, 2013). Thus, there
are several barriers to the use of this modeling approach for
discipline-based education researchers, coupled with the on-
going development of the most current recommended prac-
tices based on resources they typically do not have access to.

Mixture modeling necessitates datasets large enough that
are able to adequately capture the heterogeneity in a popu-
lation. While there are no concrete rules around the required
sample size, it has been recommended that to be confident in
modeling solutions, sample sizes should be at least 200–300
(Nylund-Gibson and Choi, 2018), ideally at least 500, which
may serve as a barrier to some DBER scholars. Without suffi-
cient sample size, rare classes (e.g., small in relative size) can
remain cryptic and hard to identify, especially if the overall
sample size is small (Morgan, 2015). Additionally, while mix-
ture modeling is a person-centered modeling approach which
allows for under-represented individuals to be characterized
by their set of item responses, it cannot solve for a lack of
representation in the data. That is, when a particular demo-
graphic group is poorly represented in the data, heterogeneity
unique to that group may not be distilled and thus mixture
modeling does not help dismantle marginalization in these
circumstances. However, unlike variable-centered approaches,
in which data from poorly represented demographics are re-
moved, mixture modeling retains data from these students to
build models and seek solutions across all students, thereby
retaining the voices and opinions of these marginalized stu-
dents as part of the larger student population.

Suggestions for Researchers Interested in Exploring LCA
This paper is an exposition of the affordances of LCA and its
promise in equity-focused STEM education research. As a way
of introduction to mixture modeling, we focus only on LCA
which is a cross-sectional model. The larger mixture mod-
eling framework, however, includes a wide range of other
approaches, including cross-sectional (a snapshot of a single
point in time) and longitudinal models. Interested researchers
should consider the family of mixture models to determine
which method will best apply to the given research questions.

We hope that after reading this paper, DBER scholars will
be prompted to want to learn more about LCA and mixture
modeling. While this paper does not serve as a “how-to” guide
that offers step-by-step instructions to complete LCA or mix-
ture modeling, there are a range of books and peer-reviewed
articles that describe more practical steps for applying this ap-
proach. For example, Nylund-Gibson and Choi (2018) answer
10 frequently asked questions about the application of LCA,
including examples and code that can be used as a starting
point to estimate LCA models. There are also many examples
in different substantive areas of research (see, e.g., Lanza and
Rhoades, 2013; Nylund-Gibson et al., 2023). There are also
opportunities to learn more through virtual or in-person train-
ing programs or professional development at conferences. La-
tent class models are becoming more widely used in a range of
disciplines and quantitative scholars studying the use of mix-
ture models, including LCAs, and the recommendations about
best practices and specification are still being developed. We
encourage DBER scholars interested in LCA to stay current
with best practices by following the mixture modeling liter-
ature and to consider collaborating with quantitative method-
ologists current with the developments in best practice recom-
mendations.

Concluding Remarks
LCA, and the related family of mixture modeling more broadly,
represents a statistical approach that provides the opportunity
to explore heterogeneity in a population that would otherwise
not be observed. While LCA can be used for equity-focused
quantitative analyses, like any quantitative method, learning
how to apply the method in ways that are consistent with
theory that are also in concert with the statistical best prac-
tices requires thought and careful attention. Like any quanti-
tative approach, these methods are not immune to the biases
and assumptions that any individual researcher brings to the
task. Taking steps to increase our awareness of our own bi-
ases and assumptions and making these transparent through-
out our process is one way in which we can all work toward
equity-focused use of quantitative methods.

ACKNOWLEDGMENTS
We thank Jennifer Momsen, Caitlin Anderson, Emily Hacker-
son, Idris Malik, and Rebecca Reichenbach for their insightful
discussions and feedback on this project. This material is based
upon work supported by the National Science Foundation un-
der grants nos. 2222289 and 2224786. Any opinions, findings,
and conclusions or recommendations expressed in this mate-
rial are those of the authors and do not necessarily reflect the
views of the National Science Foundation.

REFERENCES
Austin, A. E. (2002). Preparing the next generation of faculty: Graduate school

as socialization to the academic career. The Journal of Higher Education,
73(1), 94–122. https://doi.org/10.1080/00221546.2002.11777132

Beijie, X., Mimi, R., Xiaojun, Q., Nichoals, F., & Lei, Y. (2013). Clustering edu-
cational digital library usage data: A comparison of latent class analysis
and K-means algorithms. Journal of Educational Data Mining, 5(2), 38–
68. https://doi.org/10.5281/zenodo.3554633

Brandriet, A., Rupp, C. A., Lazenby, K., & Becker, N. M. (2018). Evaluating stu-
dents’ abilities to construct mathematical models from data using latent

23:es11, 8 CBE—Life Sciences Education � 23:es11, Winter 2024

https://doi.org/10.1080/00221546.2002.11777132
https://doi.org/10.5281/zenodo.3554633


LCA for Equity-focused DBER

class analysis. Chemistry Education Research and Practice, 19(1), 375–
391. https://doi.org/10.1039/C7RP00126F

Buchanan, N. T., Perez, M., Prinstein, M. J., & Thurston, I. B. (2021). Upend-
ing racism in psychological science: Strategies to change how science
is conducted, reported, reviewed, and disseminated. American Psychol-
ogist, 76(7), 1097–1112. https://doi.org/10.1037/amp0000905

Castillo, W., & Gillborn, D. (2022). How to “QuantCrit”: Practices and ques-
tions for education data researchers and users. (EdWorkingPaper: 22-
546). Annenberg Institute at Brown University. https://doi.org/10.26300/
v5kh-dd65.

Castillo, W., & Babb, N. (2023). Transforming the future of quantitative ed-
ucational research: A systematic review of enacting quantCrit. Race Eth-
nicity and Education, 27(1), 1–21. https://doi.org/10.1080/13613324.2023.
2248911

Chan, M.-k., Sharkey, J. D., Lawrie, S. I., Arch, D. A. N., & Nylund-Gibson, K.
(2021). Elementary school teacher well-being and supportive measures
amid COVID-19: An exploratory study. School Psychology, 36(6), 533–
545. https://doi.org/10.1037/spq0000441

Chen, C., Bao, L., Fritchman, J. C., & Ma, H. (2021). Causal reasoning in under-
standing Newton’s third law. Physical Review Physics Education Research,
17(1), 010128. https://doi.org/10.1103/PhysRevPhysEducRes.17.010128

Covarrubias, A., & Vélez, V. (2013). Critical race quantitative intersectionality:
An anti-racist research paradigm that refuses to “let the numbers speak for
themselves. In: M. Lynn & A. D. Dixson (Eds.), Handbook of Critical Race
Theory in Education, (pp. 270–285). New York, NY: Routledge.

Curley, K. (2019). Trans QuantCrit: An invitation to a ThirdSpace for higher ed-
ucation quantitative researchers. In: E. M. Zamani-Gallaher, D. D. Choud-
huri, & J. L. Taylo (Eds.), Rethinking LGBTQIA Students and Collegiate Con-
texts: Identity, Policies, and Campus Climate (pp. 169–185). New York, NY:
Routledge.

Denson, N., & Ing, M. (2014). Latent class analysis in higher education: An il-
lustrative example of pluralistic orientation. Research in Higher Education,
55, 508–526. https://doi.org/10.1007/s11162-013-9324-5

Fredricks, J. A., Blumenfeld, P. C., & Paris, A. H. (2004). School engagement:
Potential of the concept, state of the evidence. Review of Educational
Research, 74(1), 59–109. https://doi.org/10.3102/00346543074001059

Gardner, S. K. (2007). “I heard it through the grapevine”: Doctoral student
socialization in chemistry and history. Higher Education, 54(5), 723–740.
https://doi.org/10.1007/s10734-006-9020-x

Garvey, J. C., Mobley, Jr., S. D., Summerville, K. S., & Moore, G. T. (2019). Queer
and trans* students of color: Navigating identity disclosure and college
contexts. The Journal of Higher Education, 90(1), 150–178. https://doi.
org/10.1080/00221546.2018.1449081

Gillborn, D., Warmington, P., & Demack, S. (2018). QuantCrit: Education, pol-
icy,‘Big Data’ and principles for a critical race theory of statistics. Race Eth-
nicity and Education, 21(2), 158–179. https://doi.org/10.1080/13613324.
2017.1377417

Godec, S., Archer, L., & Dawson, E. (2022). Interested but not being
served: mapping young people’s participation in informal STEM education
through an equity lens. Research Papers in Education, 37(2), 221–248.

Gutiérrez, R. (2008). Research commentary: A gap-gazing fetish in math-
ematics education? Problematizing research on the achievement gap.
Journal for Research in Mathematics Education, 39(4), 357–364. https://
doi.org/10.5951/jresematheduc.39.4.0357

Hernández, E. (2014). What is ‘good’ research? Revealing the paradigmatic
tension in quantitative criticalist work. New Directions for Institutional Re-
search, 163, 93–101. https://doi.org/10.1002/ir.20088

Jeong, S., Blaney, J. M., & Feldon, D. F. (2019). Identifying faculty and
peer interaction patterns of first-year biology doctoral students: A latent
class analysis. CBE—Life Sciences Education, 18(4), 1–13. Retrieved from
https://www.lifescied.org/doi/10.1187/cbe.19-05-0089

Kulis, S. S., Robbins, D. E., Baker, T. M., Denetsosie, S., & Parkhurst Deschine, N.
A. (2016). A latent class analysis of urban American Indian youth identities.
Cultural Diversity and Ethnic Minority Psychology, 22(2), 215–228. https://
doi.org/10.1037/cdp0000024

Lanza, S., & Rhoades, B. (2013). Latent class analysis: An alternative perspec-
tive on subgroup analysis in prevention and treatment. Prevention Sci-
ence, 14(2), 157–168. https://doi.org/10.1007/s11121-011-0201-1

Lee, S. J. (1994). Behind the model-minority stereotype: Voices of high-and
low-achieving Asian American students. Anthropology & Education Quar-
terly, 25(4), 413–429. http://dx.doi.org/10.1525/aeq.1994.25.4.04x0530j

Lee, E. (2015). The Making of Asian America: A History. New York, NY: Simon
& Schuster.

Masyn, K. E. Latent class analysis and finite mixture modeling. In: T. D. Little
(Ed.), The Oxford Handbook of Quantitative Methods: Statistical Analysis,
(pp. 551–611). New York, NY: Oxford University Press.

Mayworm, A.M., Sharkey, J. D., & Nylund-Gibson, K. (2023). An exploration
of the authoritative school climate construct using multilevel latent class
analysis. Contemporary School Psychology, 27(2), 283–302. https://doi.
org/10.1007/s40688-021-00386-1

Metcalf, H. (2017). Broadening the study of participation in the life sciences:
How critical theoretical and mixed-methodological approaches can en-
hance efforts to broaden participation. CBE—Life Sciences Education,
15(3), 1–11.

Morgan, G. B. (2015). Mixed mode latent class analysis: An examination of fit
index performance for classification. Structural Equation Modeling, 22(1),
76–86. http://dx.doi.org/10.1080/10705511.2014.935751

Museus, S. D. (2013). Asian Americans and Pacific Islanders: A national por-
trait of growth, diversity, and inequality. In: S. D. Museus, D. C. Maramba, &
R. T. Teranishi (eds.). The misrepresented minority: New insights on Asian
Americans and Pacific Islanders, and their implications for higher educa-
tion (pp. 11–41). Sterling, VA: Stylus.

Muthén, B. (2001). Latent variable modeling. In: G. A. Marcoulides & R. E.
Schmacker (Eds.), New Developments and Techniques in Structural Equa-
tion Modeling, (pp. 1–33). Mahwah, NJ: Lawrence Erlbaum Associates.

Muthén, B. O. (2003). Statistical and substantive checking in growth
mixture modeling: Comment on Bauer and Curran (2003). Psycho-
logical Methods, 8(3), 369–377. https://doi.org/10.1037/1082-989X.8.3.
369

Muthén, B., & Masyn, K. (2005). Discrete-time survival mixture analysis. Jour-
nal of Educational and Behavioral statistics, 30(1), 27–58. https://doi.org/
10.3102/10769986030001027

Muthén, B., & Muthén, L. K. (2000). Integrating person-centered and variable-
centered analyses: Growth mixture modeling with latent trajectory
classes. Alcoholism: Clinical and Experimental Research, 24(6), 882–891.
https://doi.org/10.1111/j.1530-0277.2000.tb02070.x

Muthén, B., & Shedden, K. (1999). Finite mixture modeling with mixture out-
comes using the EM algorithm. Biometrics, 55(2), 463–469. https://doi.
org/10.1111/j.0006-341X.1999.00463.x

Nylund, K. L., Asparouhov, T., & Muthén, B. O. (2007). Deciding on the number
of classes in latent class analysis and growth mixture modeling: A Monte
Carlo simulation study. Structural Equation Modeling: A Multidisciplinary
Journal, 14(4), 535–569. https://doi.org/10.1080/10705510701575396

Nylund-Gibson, K., & Choi, A. Y. (2018). Ten frequently asked questions about
latent class analysis. Translational Issues in Psychological Science, 4(4),
440–461. https://doi.org/10.1037/tps0000176

Nylund-Gibson, K., Garber, A. C., Carter, D. B., Chan, M., Arch, D. A. N., Simon,
O., ... & Lawrie, S. I. (2023). Ten frequently asked questions about latent
transition analysis. Psychological Methods, 28(2), 284–300. https://doi.
org/10.1037/met0000486

Nylund-Gibson, K., Garber, A. C., Singh, J., Witkow, M. R., Nishina, A.,
& Bellmore, A. (2023). The utility of latent class analysis to under-
stand heterogeneity in youth coping strategies: A Methodological In-
troduction. Behavioral Disorders, 48(2), 106–120. https://doi.org/10.1177/
01987429211067214

Nylund-Gibson, K., Grimm, R. P., & Masyn, K. E. (2019). Prediction from la-
tent classes: A demonstration of different approaches to include distal
outcomes in mixture models. Structural Equation Modeling: A Multidisci-
plinary Journal, 26(6), 967–985. https://doi.org/10.1080/10705511.2019.
1590146

Palmgren, E., Tuominen, K., & Kontro, I. (2022). Self-efficacy and concep-
tual knowledge in quantum mechanics during teaching reforms and the
COVID-19 pandemic. Physical Review Physics Education Research, 18(2),
020122. https://doi.org/10.1103/PhysRevPhysEducRes.18.020122

Pearson, M. I., Castle, S. D., Matz, R. L., Koester, B. P., & Byrd, W. C. (2022).
Integrating critical approaches into quantitative STEM equity work. CBE—
Life Sciences Education, 21(1), es1. https://doi.org/10.1187/cbe.21-06-
0158

Quirk, M., Nylund-Gibson, K., & Furlong, M. (2013). Exploring patterns of
Latino/a children’s school readiness at Kindergarten entry and their re-
lations with grade 2 achievement. Early Childhood Research Quarterly,
28(2), 437–449. https://doi.org/10.1016/j.ecresq.2012.11.002

Reeping, D., Lee, W., & London, J. (2023). Person-centered analyses in quan-
titative studies about broadening participation for Black engineering and
computer science students. Journal of Engineering Education, 112(3),
769–795. https://doi.org/10.1002/jee.20530

CBE—Life Sciences Education � 23:es11, Winter 2024 23:es11, 9

https://doi.org/10.1039/C7RP00126F
https://doi.org/10.1037/amp0000905
https://doi.org/10.26300/v5kh-dd65
https://doi.org/10.1080/13613324.2023.2248911
https://doi.org/10.1037/spq0000441
https://doi.org/10.1103/PhysRevPhysEducRes.17.010128
https://doi.org/10.1007/s11162-013-9324-5
https://doi.org/10.3102/00346543074001059
https://doi.org/10.1007/s10734-006-9020-x
https://doi.org/10.1080/00221546.2018.1449081
https://doi.org/10.1080/13613324.2017.1377417
https://doi.org/10.5951/jresematheduc.39.4.0357
https://doi.org/10.1002/ir.20088
https://www.lifescied.org/doi/10.1187/cbe.19-05-0089
https://doi.org/10.1037/cdp0000024
https://doi.org/10.1007/s11121-011-0201-1
http://dx.doi.org/10.1525/aeq.1994.25.4.04x0530j
https://doi.org/10.1007/s40688-021-00386-1
http://dx.doi.org/10.1080/10705511.2014.935751
https://doi.org/10.1037/1082-989X.8.3.369
https://doi.org/10.3102/10769986030001027
https://doi.org/10.1111/j.1530-0277.2000.tb02070.x
https://doi.org/10.1111/j.0006-341X.1999.00463.x
https://doi.org/10.1080/10705510701575396
https://doi.org/10.1037/tps0000176
https://doi.org/10.1037/met0000486
https://doi.org/10.1177/01987429211067214
https://doi.org/10.1080/10705511.2019.1590146
https://doi.org/10.1103/PhysRevPhysEducRes.18.020122
https://doi.org/10.1187/cbe.21-06-0158
https://doi.org/10.1016/j.ecresq.2012.11.002
https://doi.org/10.1002/jee.20530


T. Slominski et al.

Sablan, J. R. (2018). Can you really measure that? Combining Criti-
cal Race Theory and quantitative methods. American Educational Re-
search Journal, 56(1), 178–203. https://doi.org/10.3102/0002831218798
325

Sabzalian, L., Shear, S. B., & Snyder, J. (2021). Standardizing Indigenous era-
sure: A TribalCrit and QuantCrit analysis of K–12 U.S. civics and govern-
ment standards. Theory & Research in Social Education, 49(3), 321–359.
https://doi.org/10.1080/00933104.2021.1922322

Stage, F. K. (2007). Answering critical questions using quantitative data. New
Directions for Institutional Research, 133, 5–16. https://doi.org/10.1002/
ir.200

Stage, F. K., & Wells, R. S. (2014). Critical quantitative inquiry in context. New
Directions for Institutional Research, 2013(158), 1–7. https://doi.org/10.
1002/ir.20041

Suzuki, S., Morris, S. L., & Johnson, S. K. (2021). Using QuantCrit to advance
an anti-racist developmental science: Applications to mixture modeling.
Journal of Adolescent Research, 36(5), 535–560. https://doi.org/10.1177/
07435584211028229

Tabron, L. A., & Thomas, A. K. (2023). Deeper than wordplay: A systematic
review of critical quantitative approaches in education research (2007–
2021). Review of Educational Research, 93(5), 756–786. https://doi.org/
10.3102/00346543221130017

Takaki, R. (2012). Strangers from a Different Shore: A History of Asian Ameri-
cans. Boston, MA: Little, Brown, and Company.

Teranishi, R. T. (2007). Race, ethnicity, and higher education policy: The use
of critical quantitative research. New Directions for Institutional Research,
133, 37–49. https://doi.org/10.1002/ir.203

Teranishi, R. T., Ceja, M., Antonio, A. L., Allen, W. R., & McDonough, P. M.
(2004). The college-choice process for Asian Pacific Americans: Ethnicity

and socioeconomic class in context. The Review of Higher Education,
27(4), 527–551. http://dx.doi.org/10.1353/rhe.2004.0025

Tobler, S., Köhler, K., Sinha, T., Hafen, E., & Kapur, M. (2023). Understanding
randomness on a molecular level: A diagnostic tool. CBE—Life Sciences
Education, 22(2), ar17. https://doi.org/10.1187/cbe.22-05-0097

Van Dusen, B., & Nissen, J. (2020). Equity in college physics student learning:
A critical quantitative intersectionality investigation. Journal of Research
in Science Teaching, 57(1), 33–57. https://doi.org/10.1002/tea.21584

Weidman, J. C., & Stein, E. L. (2003). Socialization of doctoral students to
academic norms. Research in Higher Education, 44(6), 641–656. https://
doi.org/10.1023/A:1026123508335

Weidman, J. C., Twale, D. J., & Stein, E. L. (2001). Socialization of gradu-
ate and professional students in higher education—A perilous passage?
ASHE-ERIC Higher Education Report, 28(3). San Francisco, CA: Jossey-
Bass.

Young, J., & Cunningham, J. A. (2021). Repositioning Black girls in mathe-
matics disposition research: New perspectives from QuantCrit. Investi-
gations in Mathematics Learning, 13(1), 29–42. https://doi.org/10.1080/
19477503.2020.1827664

Young, J. L., Young, J. R., & Capraro, R. M. (2018). Gazing past the gaps:
A growth-based assessment of the mathematics achievement of Black
girls. The Urban Review, 50, 156–176. https://doi.org/10.1007/s11256-
017-0434-9

Zuberi, T. (2001). Thicker than Blood: How Racial Statistics Lie. Minneapolis:
University of Minnesota Press.

Zuberi, T., & Bonilla-Silva, E. (2008). Telling the real tale of the heart: Toward a
race conscious sociology of racial stratification. In: T. Zuberi, & E. Bonilla-
Silva (Eds.), White Logic, White Methods: Racism and Methodology (pp.
329–341). Lanham, MD: Rowman & Littlefield Publishers.

23:es11, 10 CBE—Life Sciences Education � 23:es11, Winter 2024

https://doi.org/10.3102/0002831218798325
https://doi.org/10.1080/00933104.2021.1922322
https://doi.org/10.1002/ir.200
https://doi.org/10.1002/ir.20041
https://doi.org/10.1177/07435584211028229
https://doi.org/10.3102/00346543221130017
https://doi.org/10.1002/ir.203
http://dx.doi.org/10.1353/rhe.2004.0025
https://doi.org/10.1187/cbe.22-05-0097
https://doi.org/10.1002/tea.21584
https://doi.org/10.1023/A:1026123508335
https://doi.org/10.1080/19477503.2020.1827664
https://doi.org/10.1007/s11256-017-0434-9


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket true
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 300
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 150
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ([Based on 'Adobe PDF Preset 1'] [Based on 'wiley_aus'] )
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /WorkingRGB
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines true
        /ConvertTextToOutlines false
        /GradientResolution 150
        /LineArtTextResolution 300
        /PresetName ([Medium Resolution])
        /PresetSelector /MediumResolution
        /RasterVectorBalance 0.750000
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




