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The present study represents a novel method not yet used in the quantitative intersectionality
literature — the CT-C(M-1) model (Eid et al., 2003) — for measuring and understanding the
similarities and uniquenesses among intersectional subgroups. Intersectionality is a conceptual
framework from which to investigate and remedy the ways in which oppression manifests at the
intersections of socio-politico-geo-temporal power structure contexts and individuals’
interwoven experiences of racism, sexism, and other forms of marginalization (Cho et al., 2013).
Specifically, we describe and illustrate the usefulness of the CT-C(M-1) model in intersectionality
research through estimation of the latent variable structure of two school climate variables
(engagement and support) using data from N = 165 schools in which Black non-Hispanic
students’ experience is centered as the reference category, and which other race-ethnicity
subgroups are compared. Consistent with prior research, our substantive findings indicated that,
while a large share of commonality among subgroups was observed, Black Hispanic students
experienced school climate differently from the other groups. This analytic tool adds to the
growing set of quantitative methods that can aid in advancing the second goal of intersectionality

research — intervening in the status quo for true transformational change.
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Introduction

Rooted in Black feminist scholarship that exposed
how race and gender operated multiplicatively as joint
sources of discrimination (e.g., Dill, 1983; Collective,
1977; hooks, 1984), intersectionality was first posited
by critical race theorist Kimberlé Crenshaw (1989,
1991) as a conceptual framework or lens from which
to investigate and remedy the ways in which
oppression manifests at the intersections of socio-
politico-geo-temporal power structure contexts and
individuals’ interwoven experiences of racism, sexism,
and other forms of marginalization (e.g., Bowleg, 2012;
Cho et al., 2013; Collins & Bilge, 2020). For example,
Black and White students might experience the

climates of their school differently, and male and
female students might also experience their school
climate differently, but the joint effect of both race and
gender may be more than the sum of the parts — the
experience of being Black and female may be vastly
different than the experience of being White and
female.

Importantly, intersectionality scholars emphasize
that the framework is not merely for examining
differences among social identities, but rather, it is a
lens with which to examine and intervene on social
inequalities. As one perspective, Gillborn (2015)
asserted that there are really two key components that
should be part of all intersectionality research: 1) an
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empirical basis for understanding the nature and
maintenance of social inequities, and 2) having the aim
of fostering coalitions among subgroups to resist and
change the status quo. Moreover, he argues that
intersectionality research should not succumb to
evaluating deficit-oriented questions that reify existing
stereotypes and power structures, nor should it focus
on never-ending subdivisions of social identities.
Nevertheless, advocates also acknowledge that the two
central goals of intersectionality research (uncovering
and intervening on social inequities) may not be
possible in all studies; as such, it is recommended that
researchers be explicit about what how their work does
or does not accomplish these aims (Agénor, 2020).

Quantitative Approaches to Intersectionality
Research

Although intersectionality as a framework does not
specify a particular method of scholarly inquiry, it can
be argued that it is more suited to qualitative
investigations, such as ethnographies and case studies,
than other modes given the nuances and complexities
that are involved (Syed, 2010). Despite this
observation, quantitative approaches to
intersectionality research have been on the rise over the
past decade across the social and health sciences (Bauer
et al., 2021a). One of the primary tools for testing for
social inequities quantitatively has included modeling
the effects of two or more (intersecting) subgroups on
a given outcome, or testing whether subgroups have
different predictor-outcome relations using interaction
tests.

The general linear model (GLM), which is often
the go-to machinery for modeling relationships among
variables, includes an outcome of interest (Y) that is
regressed on a set of substantive continuous predictors
(X};), wherein the relationships (4,) between each pth
predictor and outcome can be considered a partial

association with respect to other predictors in the
model, as follows:

Y = bo+X1b1 +Xobo + -+ pbp
= bo+ Xpbp. @

where bp is interpreted as the expected change in Y for
a l-unit increase in X, controlling for (or holding
constant) all other predictors in the model. For
example, controlling for student perceptions of teacher
support (X;), are the academic expectations teachers
have for students (X) related to student engagement
(Y)? In this form, no accommodations are made for
the possibility that relationships might be different for
subgroups in the sample. However, the model can be
easily extended to accommodate evaluation of
potential categorical group differences on the outcome
through inclusion of K~1 dummy (D) variables that
capture the intersecting subgroups of interest, with one
group serving as the reference group' such that it is not
directly tested for its comparative effect in the model),
as follows:

Y = bo + ZXpbp + XDibi @)

Here, potential subgroup differences on Y can be
evaluated relative to the reference group. This model
could test, for example, the research question:
controlling for perceptions of teacher support (X;) and
their academic expectations for students (X3), do Black
Hispanic males (D;) report more or less engagement
(Y) than the reference subgroup of Black non-Hispanic
males®?

More interestingly, equation 2 can be expanded to
include X, * Dk product (interaction) terms that
provide for assessments of whether the relationship
between a substantive regressor (X;) and the outcome
(Y) is different for a given group K than it is for the
reference group’, such as in equation 3 below.

! Effect coding can also be used in which the reference category is coded -1 for each of the Dy indicators, instead of 0. With dummy coding

the intercept is the reference group mean and all other groups are compared to that reference category; with effect coding, the intercept is

the sample average, and all other groups are compared to the average.

> We purposefully center our focus here and in the foregoing on persons who self-identify as Black, in keeping with hooks (1984) message
of bringing the “margin” to the “center”; in other words, prioritizing our focus on historically minoritized and discriminated subgroups,

especially Black persons in the U.S.

3 This is true for dummy-coded groups; if effect coding is used, then the interaction tests evaluate whether the relationships differ among

groups from the average relationship.
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Y = bo+lXpbp + XDibk + EXpDicbpr. 3)

This model could, for example, test the research
question: controlling for perceptions of teacher
support (X1), is the relationship between academic
expectations (X2) and engagement (Y) different for
Black Hispanic males than for the reference group of
Black non-Hispanic males? Importantly, in contrast to
equations 1 and 2 that assume relationships among
predictors and outcomes are the same for the entire
sample, equation 3 explicitly allows for a formal
evaluation of whether the X-Y relationships are
different for subgroups.

While the foregoing was focused on a linear model
framework (for metrical outcomes), it can also be
extended to generalized linear models, with some
added steps for appropriately evaluating interaction
effects against a null of zero (e.g., logistic regression;
Bauer, 2014; Bauer et al, 2021a). In addition to
subgroup mean differences and interaction tests just
described, quantitative intersectionality researchers
have more recently recommended the use of multilevel
models to evaluate contextualized intersectionality for
understanding how institutional /structural
characteristics interact with individual-level
demographics (Agénor, 2020; Bauer et al., 2021a; Jang,
2018); as well as the use of classification algorithms and
latent class analyses as ways for empirically deriving
subgroups that share commonalities (Bauer et al.,
2021b).

Multitrait-Multimethod (MTMM) Design

The primary focus of the present paper is on
extending and demonstrating the usefulness of the
correlated trait-correlated method minus one (CT-
C(M-1); Eid, 2000) method as a tool for
intersectionality-based research that focuses on both
the measurement of unobservable (latent) constructs,
as well as similarities and differences among different
groups’ perceptions of a target trait. ‘This
methodological tool was originally developed to
accommodate the challenges inherent in understanding
the influence of different methods (i.e., method
effects) that might be used to measure traits that are
latent in nature.

Interest in the influence of method effects on the
measurement of traits was motivated in large part by
the early work of Campbell and Fiske (1959) where the

ideas of convergent and discriminant validity were
introduced in the context of measuring traits across a
variety of methods (e.g., self-reports vs. peer-reports,
and verbal items vs. non-verbal items). Here, method
effects refer to systematic sources of variance that are
attributable to the manner in which data on a given
construct are obtained, variances that are a function of
the methods and tools used to obtain data on a given
construct that would carry forward across the
measurement of other constructs.

Evaluations of method effect influences continue
to rely on multitrait-multimethod (MTMM) data
collection designs in which multiple traits (MT; e.g.,
student engagement and motivation) are evaluated
through the use of multiple methods (MM; e.g.,
student and teacher reports). At the same time, analysis
of the resulting data has moved beyond observation
of zero-order correlation matrices (Campbell & Fiske,
1959) and observed variable differences that assume
method effects are equally strong across the different
methods, and that confound trait and method sources
of variance (De Haan et al., 2018; Liard & De Los
Reyes, 2013). For example, Widaman (1985) developed
a latent variable taxonomy of four potential trait factor
specifications and a set of four possible method
specifications, that when crossed resulted in a total of
16 model configurations. These models allowed for
additive tests of successive complexity for evaluating
the presence of method variance in the measurement
of trait factors. In addition, Marsh (1989) described 20
variations that could be used to investigate data arising
from MTMM designs.

Latent variable approaches to modeling MTMM
data have been particularly useful for isolating
common sources of trait variance across different
methods, while also providing estimates of observed
score variance that can be attributed to the use of these
methods. When methods have been conceptualized as
arising from evaluations obtained from different
informants (e.g., students and teachers, child and
parent, and mother and father), focus has been on
understanding the extent to which observed variable
ratings are influenced by the traits they are intended to
measure vs. method effects that can be attributed to
the use of different raters. Informant influences on
observed ratings have been found across
measurements of a variety of individual level traits
including affective experiences (Bleidorn & Peters,
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2011), child (Konold & Pianta, 2007) and adolescent
(Konold & Glutting, 2008) behaviors, depression and
anxiety (Eid et al., 2008), social-skills (Konold &
Shukla, 2017), and life quality (Rajmil, Lopez, et al.,
2013). Likewise, they have also been found to be
prevalent in assessments of organizational structures
and characteristics like neighborhood safety (Luo et al.,
2014) and school climates (Konold & Cornell, 2015;
Konold & Sanders, 2021). However, the reach of
MTMM analyses has yet to be realized in examinations
of intersectionality research.

The CT-C(M-1) Approach to MTMM

Arguably one of the more popular approaches for
analyzing MTMM data within a latent variable
framework has been the correlated trait-correlated
method model (CT-CM: J6reskog, 1971; Kenny, 1979).
The CT-CM model specifies a set of correlated trait
factors, a set of correlated method factors, and allows
for the estimation of other sources of residual variance
in the observed indicators. There are as many trait and
method factors as are included in the MTMM design,
and trait and method factor correlations are fixed to
zero. Despite the intuitive appeal of this approach,
estimation of these models often results in under-
identified and/or Heywood cases (Kenny & Kashy,
1992; Marsh & Grayson, 1995). As a result, Eid (2000)
introduced a variation of the CT-CM model that
requires fewer assumptions and specifies one fewer
method factor than the number of methods in the
MTMM design, the correlated trait-correlated method
minus one (CT-C(M-1)) approach. Figure 1 illustrates
a model with six trait-specific method factors and two
trait factors. Here, one method in the MTMM design
serves as the reference group (right side of Figure 1) to
which the remaining methods are compared (left side
of Figure 1). Observed variables from the reference
method serve as indicators of trait factors (first three
indicators for ach trait), and the resulting reference trait
factor is regressed on observed variables of the same
trait obtained by different methods. This is illustrated
on the right side of Figure 1 where reference group
(RG) trait factor 1 is regressed on the non-reference
group (NRG) trait factor 1 indicators, and the RG trait
factor 2 is regressed on the NRG trait factor 2
indicators. In addition, method factors for the non-
reference groups are specified for each trait in the
MTMM design (left side of Figure 1). These represent
trait-specific method factors. Consequently, the

resulting M-1 method factors are residual factors with
respect to the reference method factor, and reflect the
extent to which their indicators are not explained by
the reference method factor.

In the CT-C(M-1) model, the trait factors are free
to be correlated with other traits, and method factor
correlations are freely estimated. However, same trait
and same method factor correlations are fixed to zero.
Flexibility in the model allows for estimation of trait-
specific method factors (as described above) when
there is interest in evaluating whether method effects
might have a different influence on different traits.
Alternatively, a single method factor for each of the M-
1 methods can be substituted for trait-specific method
factors when there is reason to believe the methods
have a similar influence across traits.

lllustration: Intersection of Race and
Ethnicity with respect to Perceptions
of Teacher Support and Personal
Engagement

The focus of the current paper is to directly
incorporate the intersecting subgroups into the
construct modeling process as a structural regression
model with group structured residual factors. More
specifically, the current study demonstrates the use of
the CT-C(M-1) structural regression model for school
climate factors across race-ethnicity intersections. In
keeping with the critical race theory origins of
intersectionality, the analytic approach allows for
purposefully centering on a marginalized group with
which others are to be compared (e.g., hooks, 1984;
Gillborn, 2015). This approach to measurement 1)
makes explicit the similarities and differences among
the subgroups’ construct levels and construct-
construct relationships, and 2) has the potential to
inform policy interventions that can be tailored to the
subgroups under study.

Prior research on the intersection between race and
ethnicity in the U.S. has shown that persons who
identify as Black and Hispanic (also known as Afro-
Hispanic, Afro-Latino/x, and Black Latino/x) have
uniquely different discriminatory experiences from
those who only identify as one or the other (e.g.,
colorism, social exclusion, and authenticity questioning
in their communities). Compared to the Hispanic
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Figure 1. Illustrative Path Diagram of CT-C(M-1) Model with Two Traits as Rated by a Reference Group (RG) and
three Non-Reference Groups (NRG)

Trait-Specifc Method Factors Trait Factors

RG Trait 1 Indicator 1

l RG Trait 1 Indicator 2
| RG Trait 1 Indicator 3 1
1 NRG 1 Trait 1 Indicator 1
NRG 1 ; I
Trait 1 NRG 1 Trait 1 Indicator 2
NRG 1 Trait 1 Indicator 3
RG
1 NRG 2 Trait 1 Indicator 1 Trait Factor 1
NRG 2
Trait 1 NRG 2 Trait 1 Indicator 2
NRG 2 Trait 1 Indicator 3
1 NRG 3 Trait 1 Indicator 1
NRG 3 NRG 3 Trait 1 Indicator 2
Trait 1
NRG 3 Trait 1 Indicator 3
I RG Trait 2 Indicator 1
I RG Trait 2 Indicator 2
RG Trait 2 Indicator 3 1
1 NRG 1 Trait 2 Indicator 1
NRG 1 - -
Trait 2 NRG 1 Trait 2 Indicator 2
NRG 1 Trait 2 Indicator 3
RG
1 NRG 2 Trait 2 Indicator 1 Trait Factor 2
r‘T‘zﬁzz NRG 2 Trait 2 Indicator 2
NRG 2 Trait 2 Indicator 3
1 NRG 3 Trait 2 Indicator 1
NRG 3 NRG 3 Trait 2 Indicator 2
Trait 2
NRG 3 Trait 2 Indicator 3

Note. RG = reference group, NRG = non-reference group. Observed variables obtained by different informants
represented in boxes; model estimated informant traits, and trait-specific method factors, shown in ovals. Curved
double-headed arrows reflect correlations. Some factor correlations omitted for clarity, where all factor correlations
were estimated with the exception of trait-specific method factors with their corresponding traits. All observed
variable residual variances estimated but only illustrated for the first item (r1).

group as a whole, persons identifying as Black- have higher educational attainment but yet lower
Hispanic  possess more Black  phenotypical economic returns on their education (Darity et al.,
characteristics (Haywood, 2017), and are more likely to 2002; Holder & Aja, 2021). Moreover, Black-Hispanic
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experiences have been largely underrepresented in
educational research (Haywood, 2017)*.

Thus, in addition to demonstrating a general
method for assessing similarities (consistencies) and
differences (uniquenesses) in measuring constructs and
their relations, in the present demonstration we also
focus on the intersectional experience of Black non-
Hispanic students compared to Black Hispanic
students, as well as the race-ethnicity combinations of
White non-Hispanic and White Hispanic students.
Specifically, our substantive research questions are as
follows.

1) To what extent do race-ethnicity groups share
a common viewpoint of teacher support and
student engagement?

2) To what extent do subgroups’ perspectives
differ from the Black non-Hispanic reference
group?

3) To what extent do the non-reference groups
share a common perspective among one
another that is not shared with the reference
groups’ perspective of the trait?

While these questions and our analyses do not provide
specific potential policy intervention
recommendations for improving school climate (the
second aim of intersectionality research), the results of
the forthcoming analysis could be used as a first step
in providing data for policymakers to consider in
reducing disparities where they exist.

Method
Sample

Data were obtained from the Virginia Secondary
School Climate Survey (Cornell et al,, 2020). The
survey was administered anonymously online from
January through March 2020. All 326 Virginia public
schools serving a general education high school
population were eligible to complete a statewide school
climate survey. The school participation (N = 299) rate
of 91.7% was achieved with the cooperation of the
Virginia Department of Education and the Virginia

Department of Criminal Justice Services, who
endorsed the survey and encouraged participation.

A total of N = 117,717 students completed the
survey. To improve data quality (Wise, 2017), a multi-
stage screening procedure resulted in the removal of
potentially invalid student responses. Following an
established screening procedure to identify students
who admit not being truthful (Cornell et al., 2012; Jia
et al., 20106), 8.8% of the students were removed from
the analytic sample on the basis of their responses to
two embedded validity questions (i.e., “I am telling the
truth on this survey,” and “How many questions on
this survey did you answer truthfully?”) that have been
shown to be effective in identifying students that give
more exaggerated reports than other students (Cornell,
et al., 2012; Cornell et al., 2014) . In addition, students
were removed for indicating a grade level that did not
exist at their school. An additional 0.4% of the students
were excluded for completing the survey in less than
six minutes, as it was judged that they would not have
sufficient time to complete the survey in that time
frame. See the technical report (Cornell et al., 2020) for
additional information and description of these
sampling procedures.

To create school-level averages that reflected
school climate measurement, and to ensure that more
than one student voice per race-ethnicity combination
for each school was represented in analyses, the sample
of N = 106,865 students (50.2% female) from 282
different schools was further reduced to those schools
with at least two students from each of the four race-
ethnicity groupings. This resulted in an analytic sample
of N = 72,004 students (50.2% female) from 165
schools. Students were distributed across 9th (29.1%),
10th (26.8%), 11th (24.2%), and 12th (19.9%) grades,
and across grades, race-ethnicity combinations were:
Black non-Hispanic (19.9%), Black Hispanic (2.3%),
White non-Hispanic (71.0%), and White Hispanic
(6.8%).

Measures

Multilevel confirmatory factor analyses (CFA) of
the support and engagement items used in the current
study (Table 1) revealed good psychometric properties

#We note that there is evidence that some Hispanics view their ethnicity as integrated with their race (Gonzalez- Barrera & Lopez, 2015);
however, in keeping with research by Haywood and others, in the present paper we treat race and ethnicity as intersecting identities.
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(e, strong pattern coefficients and meaningful
reliability estimates at the level of the informant and
school) when examined on the basis of student
responses (Konold & Cornell, 2015a). Factor loadings
for the Support items ranged from .86-.87 at the
student level (alpha reliability = .87) and from .95-.99
at the school level (Spearman-Brown reliability = .90).
Factor loadings for the student Engagement items
ranged from .84-93 at the student level (alpha
reliability = .89) and from .97-1.0 at the school level
(Spearman-Brown reliability = .95). Descriptive
statistics and alpha reliabilities for the current analytic
sample are shown in Table 1.

Analytic Plan

We illustrate the usefulness of the CT-C(M-1)
model for intersectionality research through focus on
the measurement of two traits: student support and
engagement, through three indicators for each, that
were obtained from each of four informant groups that
were specified on the basis of intersections of race and
ethnicity: Black non-Hispanic (BNH), Black Hispanic
(BH), White non-Hispanic (WNH), and White
Hispanic (WH). Observed variables in the analysis
were average item scores across students in these

Table 1. Common Items across Traits

subgroups within each of the 165 schools. Our
specification of the model involved use of the BNH’

students as the reference group (Figure 2). Correlations
between the two trait factors of support and
engagement were freely estimated, and all non-
reference group method factor correlations were also
estimated (left side of Figure 2). Same trait and same
method factor correlations were fixed to zero (see Eid
et al., 2003). All analyses were conducted in Mplus
version 8.7.

Results

The CT-C(M-1) model illustrated in Figure 2 where
the Black non-Hispanic (BNH) group served as the
reference demonstrated reasonable fit (TLI = .940,
CFI = .950, RMSEA = .076, SRMR = .034). The
sections below describe various model interpretations.

CT-C(M-1) Measurement Model

Completely standardized trait and method factor
loadings are shown in columns 3 and 4 of Table 2.
Trait loadings for BNH group were all strong and
statistically significant. across both support and

BNH BH WNH WH

ftems « M (SD) « M (SD) « M (SD) « M (SD)
Support (Respect for Students) 95 90 92 92
Most teachers and other adults at this school...
S1:...care about all students 294 (0.21) 2.84 (0.30) 3.05 (0.14) 295 (0.31)
S2:...want all students to do well 260 (0.25) 247 (0.42) 270 (0.19) 259 (0.35)
S3:...treat students with respect 283 (0.23) 268 (0.42) 291 (0.16) 283 (0.36)
Engagement (Affective Engagement) 96 .87 98 91
E1: 1 like this school 2.80 (0.206) 2.80 (0.41) 2.80 (0.24) 2.81 (0.31)
E2: T am proud to be a student at this school 2.81 (0.26) 2.82 (0.39) 2.80 (0.24) 2.82 (0.32)
E3: I feel like I belong at this school 274 (0.24) 277 (0.40) 274 (0.21) 275 (0.29)

Note. BNH = Black non-Hispanic; BH = Black Hispanic; WNH = White non-Hispanic; WH = White Hispanic. o =

sample-based Cronbach’s alpha.

5> Recall that we purposefully center our focus on persons who self-identify as Black, in keeping with hooks (1984) message of bringing the

“margin” to the “center.”
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engagement items (Range = .89-98, p’s < .001) the model (i.e., the BNH trait factor was regressed on
indicating that reports from this group were good ratings obtained from BH, WNH, and WH groups) in
measures of the two traits. These reference group trait order to evaluate the degree to which the reference
factors were then regressed on measures of the same group trait factors were related to reports of the same
trait obtained by the other, non-reference, groups in trait obtained by the non-reference groups.

Figure 2. Path Diagram of CT-C(M-1) Model of School Climate Factors as Rated by Black non-Hispanic (Reference
Group), Black Hispanic, White non-Hispanic, and White Hispanic Students

Trait-Specifc Method Factors Trait Factors

Support 1: Black NH

I Support 2: Black NH
[ Support 3: Black NH 1
1 Support 1: Black H
Black
Hispanic Support 2: Black H
28+ Support 3: Black H
| Suppori
1 Support 1: White NH :
Whit
18" P\ non-Hispanic Support 2: White NH
350 Support 3: White NH
1 Support 1: White H
14 White Support 2: White H
Hispanic
Support 3:White H
.59
I Engagement 1: Black NH
16* .
Engagement 2: Black NH
l Engagement 3: Black NH 1
1 Engagement 1: Black H
Black
18" Hispanic Engagement 2: Black H
35 Engagement 3: Black H
Engagement
1 Engagement 1: White NH i
Whit
13 non_His:anic Engagement 2: White NH
Engagement 3: White NH
35%
1 Engagement 1: White H
White Engagement 2: White H
Hispanic

Engagement 3: White H
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Table 2. CT-C(M-1) Standardized Factor Loadings, Consistency, and Method Specificity Results

Loadings
Informant Item Trait Method CO_MS
Black S1 89k - 1 --
non-Hispanic S2 O4xx - 1 -
(reference) S3 95%* - 1 -
E1l 98k - 1 --
E2 96%* - 1 --
E3 89k - 1 --
Black S1 33%k 82K A5 .85
Hispanic S2 32K 75K A6 84
S3 20K 86** A1 .89
E1l S56** L1 46 54
E2 A8* TR 28 72
E3 3067 0% 21 .79
White S1 O1F T 44 56
non-Hispanic S2 O3%F L9 48 .52
S3 o4k STk 58 42
E1l 83 STk g3 0027
E2 81k 53k 70 .30
E3 9K S5 .07 .33
White S1 A0x* T6%* 23 .77
Hispanic S2 A3k 78K A5 .85
S3 34 88** 14 .86
E1l 59k 63%F A7 53
E2 58k 75K 38 .62
E3 58k 62X 47 53

Note. CO = consistency, MS = method specificity, S1-S3 = support items, E1-E3 = engagement items.

*p < .05, % p < .001.

Trait loadings for the non-reference groups’ ratings
of the same traits were moderate to large, and all were
statistically significant, indicating that the BNH trait
factor explained meaningful amounts of variance in the
reports obtained by the other groups. Loadings were
generally stronger for the engagement items across all
non-reference groups. Consistency estimates that are
free of both residual and unique method variance
measure the proportion of non-reference group true
score rating variance that was shared with the BNH

group (see column 5 of Table 2). These too revealed
greater consistency for the engagement items than the
support items across groups. Moreover, there was
somewhat greater consistency between the ratings of
the BNH and WNH groups, than between the BNH
and the WH and BH groups, with the BH group
showing the least amount of consistency, particularly
for items related to support.

Method factor loadings that are indicative of
unique method variance attributable to the non-
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reference groups were also large and statistically
significant across all items and groups. The proportion
of variance in these reports that is unique to the non-
reference informants, and not shared with the BNH
group, is reflected in the corresponding method
specificity coefficients (see column 6 of Table 2).
Estimates ranged from .54 to .89 for BH, .27 to .56 for
WNH, and .53 to .86 for WH. On average, the
proportion of variance in reports of support and
engagement that was unique to the non-reference
informants was greater for BH (M = .77) and WH (M
=.09) than for WNH (M = .40).

Correlations

Specifications of the investigated multilevel CT-
C(M-1) model included fixing the trait factors and trait-
specific method factors of the same name to zero. All
other latent variable associations were freely estimated.
Figure 2 shows the associations that are of primary
interest, with some omitted for being less relevant to
the current focus and for clarity of presentation. The
trait factor association between the BNH group-based
trait factors of support and engagement provides an
indication of convergent validity and was found to be
statistically significant and moderate in size (r = .59, p
<.001).

Cross group trait-specific method factor associations. All
non-reference group trait-specific method factor
associations are partial correlations with respect to the
BNH reference group reports of similarly named trait
factors. These values are shown on the inner double
headed arrows on the left side of Figures 1. Five of the
six partial correlations among the non-BNH
subgroups were moderate in size (frnge = .18 - .35) and
statistically significant, suggesting that the BNH group
reports of the same trait were unable to fully explain
associations among the other informant groups. In
other words, associations among BH, WNH, and WH
trait ratings largely remained beyond what could be
explained by BNH reports; and common perspectives
among these three groups were not entirely shared with
the BNH group. Four of these occurred between the
two WNH-WH method factors and the two WNH-
BH method factors, indicating that these groups
shared a common view of the support and engagement
traits that was not shared with the BNH group. The
WH-BH associations were mixed, with these two
groups sharing a common perspective of support that

was not shared with the BNH group (»= .18, p < .05),
and not sharing a common perspective of engagement
beyond that which could be explained by the BNH
group (r= .13, p > .05).

Common group trait-specific method factor associations.
Correlations among non-reference group method
factors between different traits evaluate the degree to
which informant effects generalize between traits.
These are shown on the left side of the outer double
headed arrows in Figures 1. The WNH (r = .16, p <
.05) and WH (r= .18, p < .05) supportand engagement
method factors correlations were statistically
significant, whereas the BH association was not (r =
14, p > .05). Despite some being statistically
significant, the distance of all associations from the
upper limit of 1 also reflects the fact that these
informant effects did not “perfectly generalize across
traits” (Eid et al., 2003, p. 50), and that their differences
from the BNH reference group perspective does differ
across traits.

Discussion

The present study seeks to demonstrate how
researchers can re-purpose a particular multitrait-
multimethod (MTMM) analysis — the correlated trait-
correlated method minus 1 (CT-C(M-1)) latent variable
model (Fid et al., 2003) — for use in intersectionality
research. Similar to other methods (e.g., the general
linear model), this approach can estimate differences
among intersectional groupings such as race-gender or
race-ethnicity subgroups, but more importantly, the
CT-C(M-1) analysis can also estimate shared
construct(s) variance among the groups as separate
from the unique parts of the construct(s) and their
relations, as defined by the subgroups themselves (i.e.,
as “method” factors). As an added benefit, this model
also takes an asset-based lens toward understanding
subgroup differences (i.e., group similarities vs.
“uniquenesses”), rather than historically more deficit-
otriented approaches (i.e., one group differs from a
“normative” group).

In the current demonstration, we addressed three
questions in the context of our substantive example.
First, to what extent do BNH, BH, WNH, and WH
groups share a common viewpoint of support and
engagement? Evidence in support of a shared common
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perspective was be evaluated through the resulting trait
factor loadings and their corresponding consistency
estimates, where Black and White non-Hispanic
groups shared the strongest common perspective of
support and engagement, with the bond being tightest
for engagement. Similarly, the Black and White
Hispanic groups’ perspectives were more strongly
associated with the BNH group’s perspective of
engagement than they were with support.

Second, to what extent do the non-reference
groups’ perspectives differ from the BNH reference
groupr Complementary to trait factor loadings and
consistency estimates are the method factor loadings
and method specificity estimates. Method factor
loadings revealed relationships between group specific
trait indicators (e.g., items) and method specific group
factors that can be considered group structured
residuals with respect to the BNH reference group trait
factor. These were generally larger for the BH and WH
subgroups, than for WNH. Method specificity
estimates revealed the proportion of indicator variance
by subgroup that was not shared with the BNH
reference group. Here again, these followed a similar
pattern as the method factor loadings, though they
were somewhat higher for the BH engagement
indicators than for the WH engagement indictors.

Last but not least, to what extent do the non-
reference subgroups share a common perspective
among one another that is not shared with the
reference group’s perspective of the traits? Given the
results above that suggest that at least some of the
perspectives of the non-reference subgroups were
different from that of the BNH group on the two traits,
examination of method factor correlations can point to
areas of shared perspectives among the non-reference
subgroups that was not shared with the BNH reference
group. With respect to both support and engagement,
these shared perspectives were greatest for WNHs and
those of BHs and WHs, and were less pronounced
between BH and WH groups, suggesting that the
unique perspectives of BH and WH groups were not
strongly related to each other. Finally, the relatively
small associations between the non-reference
subgroups (as method factors) and the two traits
suggests that the unique perspectives of these groups
are relatively trait-specific, and do not fully generalize
across their perspectives of different traits.

In keeping with the twin goals of intersectionality
research, our substantive aim was to uncover potential
sources of differences in school climate for students
from minoritized backgrounds as a means for laying
the groundwork for discussion around potential
interventions to improve marginalized students’ school
experiences. As was observed in our results, although
the four subgroups shared similarities in the two school
climate factors, they also exhibited meaningful
differences. Most importantly, Black Hispanic students
appeared to differ considerably in their school support
ratings compared to the other three race-ethnicity
subgroups, which is consistent with other scholarship
around the uniquely difficult experiences of Black
Hispanic students in the U.S. (e.g., Haywood, 2017,
Vue et al, 2017). Such findings suggest that
interventions could be put into place to support these
students, ranging from staff professional development
(in considering the engagement) to creatively
developed  after-school/weekend — programs  (in
considering the support).

Limitations and Considerations

Like all research, the present study is not without
limitations. For brevity and due to unequal subgroup
sizes, we used school means as our observed variables,
rather than a multilevel model that can incorporate
individual and school-level construct measurement.
However, it is important to note that our focus on the
school level was because school climate is a school-
level construct (Marsh et al., 2012; Stapleton, et al.,
2016). In other applications in which meaningful
constructs may reside at more than one level of a
clustered data structure (e.g., students and schools),
researchers are encouraged to consider multilevel
extensions of the approach illustrated here that have
been previously described (Koch et al., 2015) and
illustrated (Konold & Sanders, 2021) in the literature.
In addition, we had a limited number of observed
variables per construct, which can sometimes make the
modeling process more difficult. Eid et al. (2003)
describes helpful strategies with limited numbers of
observed variables, and Bayesian estimation methods
have also been found to useful for navigating
convergence issues that can arise in estimating MTMM
structural models (Helm, et al., 2018).

We also acknowledge that our minimum threshold
for having at least two student voices from each group,
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within a given school, may not provide the most
reliable estimate of their perspective of a given trait
where heterogeneity may exist. Further, for brevity, we
examined race-ethnicity subgroups; however, other
combinations (e.g., race-gender or race-gender-
ethnicity subgroups) could certainly be considered in
future work. Related, although the U.S. Census Bureau
makes a distinction between ethnicity and race, a
sizable portion of Hispanics view their ethnicity as
integrated with their race (Gonzalez-Barrera & Lopez,
2015). Although all students in our analytic sample
selected both an ethnicity and race category, it is
possible that this distinction was not meaningful to all
students. Fourth, these data represent only a sample of
schools from Virginia and as such, our results are
limited to student subgroups in this region of the U.S.
Last but not least, all items were administered in
English, which may be problematic in translation for
Spanish-speaking youth. Despite these limitations,
however, the value of the analytic approach we
demonstrate for intersectionality research generalizes
well beyond our specific sample and race-ethnicity
intersections.

Conclusion

The present study represents a novel method not
yet used in the quantitative intersectionality literature —
the CT-C(M-1) model — for measuring and
understanding the similarities and uniquenesses among
intersectional race-ethnicity subgroups. As others have
noted,  qualitative  approaches to  studying
intersectionality may be optimal in many circumstances
(e.g., Cho et al, 2013; Syed, 2010); however,
quantitative methods for studying intersectional
questions are on the rise (e.g., multilevel and latent
class models, among others; Bauer et al., 2021a,b). In
addition, policymakers may be more likely to take note
of research results from larger scale studies that
represent more of their constituents (e.g., Jang, 2018),
and as such, quantitative studies may be quite useful in
advancing the second goal of intersectionality research
— Intervention against the status quo and true
transformational change (Gillborn, 2015).
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Appendix A.

Example Mplus Code

TITLE: CT-C(M-1) Analysis Approach for Intersectional Latent Variable Measurement
DATA: FILE IS data.csv;
! SUP = Support composite item average, with three items (1, 3, 4)

ENG = Engagement composite item parcel average, with three items (1, 2, 8)
BNH = Black, non-Hispanic

BH = Black, Hispanic

WNH = White, non-Hispanic

WH = White, Hispanic
m = school mean
VARIABLE:
NAMES =
USID

SUP1BNHm SUP3BNHm SUP4BNHm ENG1BNHm ENG2BNHm ENG8BNHm
SUP1BHm SUP3BHm SUP4BHm ENG1BHm ENG2BHm ENG8BHMm
SUP1WNHm SUP3WNHm SUP4WNHm ENG1WNHm ENG2WNHm ENG8WNHm

SUP1WHm SUP3WHm SUP4WHm ENG1WHm ENG2WHm ENG8WHMm;
USEVARIABLES =

SUP1BNHm SUP3BNHm SUP4BNHm ENG1BNHm ENG2BNHm ENG8BNHMm

SUP1BHm SUP3BHm SUP4BHm ENG1BHm ENG2BHm ENG8BHm

SUP1WNHm SUP3WNHm SUP4WNHm ENG1WNHm ENG2WNHm ENG8WNHm

SUP1WHm SUP3WHm SUP4WHm ENG1WHm ENG2WHm ENG8WHMm;
ANALYSIS:

TYPE = General;

INFORMATION = Expected;

SDITERATIONS = 100;
ITERATIONS = 500000;
CONVERGENCE = 0.000050;
H1ITERATIONS = 10000;
H1CONVERGENCE = 0.000100;
Estimator = ML;

MODEL:

! Scales set by reference group of BNH
! Spr = Support factor
! Eng = Engagement factor

Spr by SUP1BNHm SUP3BNHm SUP4BNHm SUP1BHm SUP3BHm SUP4BHMm
SUPLWNHm SUP3WNHm SUP4WNHm SUP1WHm SUP3WHm SUP4WHMm;

Eng by ENG1BNHm ENG2BNHm ENG8BNHm ENG1BHm ENG2BHm ENG8BHm
ENG1WNHm ENG2WNHm ENG8WNHm ENG1WHm ENG2WHm ENG8WHm;

BHspr by SUP1BHm SUP3BHm SUP4BHm;

WNHspr by SUP1WNHm SUP3WNHm SUP4WNHm;

WHspr by SUP1WHm SUP3WHm SUP4WHm;

BHeng by ENG1BHm ENG2BHm ENG8BHmMm;

WNHeng by ENG1WNHm ENG2WNHm ENG8WNHm;

WHeng by ENG1WHm ENG2WHm ENG8WHm;

! Trait and method factor variance (V)

definitions

Page 16
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Spr (VSpr);
Eng (VEng);

! Trait and method factor variance (V) definitions, cont’d
BHspr (VBHspr);

WNHspr (VBNHspr) ;

WHspr (VWHspr) ;

BHeng (VBHengq) ;

WNHeng (VBNHeng) ;

WHeng (VWHeng) ;

! correlations among traits & associated method factors fixed to 0

Spr with BHspr@O0 WNHspr@O WHspr@O;
Eng with BHeng@O WNHeng@O WHeng@O;

OUTPUT: standardized stdyx;
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