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ABSTRACT
A PSYCHOMETRIC ANALYSIS OF THE COMPREHENSIVE SCHOOL SURVEY
(CSS) MIDDLE SCHOOL STUDENT VERSION
By
Stephen M. Leach
November 11, 2022
School climate is increasingly recognized by scholars and policymakers as a
crucial factor associated with students’ educational experiences. Hence, practitioners
endeavor to equitably measure and improve school climate to promote favorable student
academic and behavior outcomes. Unfortunately, school climate research is fragmented,
and a research-practice gap exists in best scale development and validity testing practices.
The result is a proliferation of practitioner-developed school climate measures lacking
solid theory-grounding and evidence to support intended score interpretations and uses.
In response, Whitehouse et al. (2021) proposed a validity testing framework for

practitioner-developed instruments aimed at supporting culturally responsive school
climate measurement. Their framework, however, suffers from key limitations regarding
the transparency of content validity assessment, breadth of validity evidence reported,
and methods used to examine measurement invariance. Therefore, this study sought to
replicate and extend their validity testing framework by using a standardized rubric to
assess content validity, examining measurement invariance via the alignment method,

and analyzing the predictive validity of group mean scores. By applying the extended



validity testing framework to a practitioner-developed school climate student survey, the
study also aimed to provide useful evidence to a large urban district with respect to the
validity of comparing survey scores across Black and White middle school student
groups and using scores to inform continuous improvement of student learning.

Results suggest the extended framework is superior to the original for obtaining
general content, factorial, and predictive validity evidence, and assessing measurement
invariance across racial subgroups, provided the number and size of groups are adequate.
Findings suggest the district’s middle school student survey is culturally responsive,
although it may not sufficiently address all critical school climate dimensions. To
improve the survey, the district must settle on a clear definition and taxonomy of school
climate to facilitate a program of validity testing, and publicly document all available
validity evidence. Future studies should clarify alignment sample size and simulation
study requirements and extend the framework to assess additional validity concerns and

for use with person-centered approaches.

Vi
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INTRODUCTION

School climate is a crucial factor associated with students’ educational
experiences (e.g., Jordan & Hamilton, 2020; Ryberg et al., 2020; Rudasill et al., 2018;
Wang & Degol, 2016). Although the construct’s precise definition and dimensional
structure remain unsettled, a positive school climate is said to be one in which a school’s
community (e.g., students, staff, and parents) feels safe, supported, and engaged while
working together towards a shared vision that includes placing a high value on education
(Cohen et al., 2009). School climate, therefore, represents a combination of subjective
judgements about a school’s environment (e.g., Bradshaw et al., 2021; Cohen & Thapa,
2017; Rudasill et al., 2018). The U.S. Department of Education (ED, 2014), National
Education Association (NEA; e.g., Long, 2017), and National School Climate Center
(NSCC, 2021) have advocated for improving school climate as a means of promoting
more favorable academic and behavioral student outcomes. A key assumption underlying
the emphasis on school climate improvement is that the perceptions of students, teachers,
parents, and other key stakeholders can be reliably measured, and obtained scores can be
interpreted and used for decision-making purposes (e.g., Clifford et al., 2012; Ryberg et
al., 2020; Schweig et al., 2019).

This assumption regarding measurement is evident in the proliferation of school
climate surveys developed by researchers and national-, state-, and local education
agencies (e.g., Bear, Yang, Mantz et al., 2014; ED, 2020; Hough et al., 2017; Huang et

al., 2015; Lewis, 2019). Indeed, self-report surveys are by far the primary method used to



measure school climate (e.g., Bradshaw et al., 2021; Schweig et al., 2019; Wang &
Degol, 2016). Conceptually, school climate is considered a multidimensional construct
(e.g., Rudasill et al., 2018) comprised of such domains as safety and interpersonal
relationships (e.g., Bradshaw et al., 2021; Lewno-Dumdie, 2020; Wang & Degol, 2016).
Regrettably, however, many school climate instruments lack sufficient reliability and/or
validity evidence to support intended score interpretations and uses (e.g., Bear et al.,
2015; Cohen et al., 2009; Cohen & Thapa, 2017; Ramelow et al., 2015). This problem is
especially prevalent among practitioner-developed instruments (Bear et al., 2015;
Ramelow et al., 2015), largely because the validity literature is unfamiliar or inaccessible
to practitioners (Schweig et al., 2019). Without supporting evidence, well-intentioned
educators may make ill-founded decisions based on; (a) improper subscale scores (Leach
et al., 2020), (b) uninterpretable group score differences (Asparouhov & Muthén, 2014),
and/or (c) unknown relationships with other outcomes (Schweig et al., 2019).

To be fair, researchers have conducted validity studies on a number of school
climate measures (e.g., Bear et al., 2011, 2015, 2018; Ryberg et al., 2020; Whitehouse et
al., 2021). As a result, several existing school climate measures have at least some
evidence supporting the validity of their intended score uses and interpretations (c.f.,
American Educational Research Association [AERA], et al., 2014; Kane, 2013; Messick
1989, 1995). Unfortunately, existing instruments frequently do not meet educators’
practical needs (Bear et al., 2015; Clifford et al., 2012) in terms of target population(s),
survey length, and/or cost. School climate surveys must assess all preferred respondent
types (Bear et al., 2015) and must not place undue burdens on respondents’ time or

administrators’ budgets (Clifford et al., 2012; Waasdorp et al., 2019). Thus, an important



question for practitioners interested in measuring and improving school climate is
whether to select one of the many existing scales or to create their own (e.g., Cohen &
Thapa, 2017). When educators elect to develop an instrument, the dual practicality-
reliability/validity requirement suggests a need for researcher-practitioner partnerships to
assess reliability and validity (Whitehouse et al., 2021).

Acknowledging the ubiquity of locally developed school climate measures that
lack a clear theoretical basis (e.g., Ramelow et al., 2015) and the need for culturally
responsive instruments (e.g., Bear et al., 2011; Zabek et al., 2022) in urban school
settings, Whitehouse et al. (2021) proposed a collaborative two-part validity testing
framework for such measures. They recommend first assessing construct validity by (a)
ascertaining the instrument’s factor structure (i.e., factorial validity), and (b) assessing
item representativeness and domain coverage (i.e., content validity) based on
correspondence of the scale’s factors with an existing school climate model. Whitehouse
et al. used five school climate dimensions proposed by Thapa et al. (2013) to determine
content validity. Their second step is to test the preferred model for measurement
invariance (MI) across racial/ethnic subgroups of interest to facilitate, if Ml is exhibited,
analyzing between-group score differences.

Whitehouse et al. (2021) have therefore taken an important first step in proposing
a standardized validity testing framework for practitioner-developed school climate
measures. Their framework, however, suffers from key limitations with respect to the
transparency of their content validity assessment process, the breadth of validity evidence
reported, and the use of multi-group confirmatory factory analysis (MGCFA) to test MI.

Besides limiting comparisons to two or three groups, the application of MGCFA to



Likert-type items is tenuous (Flake & McCoach, 2018) and it rarely produces strict
invariance (Marsh et al., 2018). To address these issues, Asparouhov and Muthén (2014)
developed the alignment method. Flake and McCoach applied this method to polytomous
items in a simulation study and found that the approach acceptably recovered parameter
estimates, permitting group comparisons even in the presence of moderate noninvariance.
The primary purpose of this study is to replicate and extend Whitehouse et al.’s
(2021) framework in terms of the transparency of the validity process, the statistical
techniques employed, and the breadth of validity evidence reporting. To accomplish that
task, | investigated a school climate measure developed and routinely administered by a
large, urban public school district. The second aim of this study is to provide useful
evidence to the school district regarding the validity of comparing school climate survey
scores across middle school student racial/ethnic subgroups and using scores to inform
school improvement efforts. The updated framework has broad applications beyond the
specific score uses and interpretations investigated here. The validity process described
below can guide the district in assessing the validity of alternative score interpretations
(e.g., analyzing long-term school climate trends) and uses across all versions of the scale
(e.g., parent and staff). The framework is not limited to validity studies of school climate
in urban school contexts but can be adapted for a variety of constructs and settings where

instruments were developed apart from best practices.



LITERATURE REVIEW

According to Kohl et al. (2013), educators seeking to measure school climate can
take one of three basic instrumentation approaches: adoption, adaption, or creation. They
describe an ideal scenario in which existing scales with acceptable reliability and validity
evidence are first examined systematically to determine whether they can be adopted or
adapted for a particular use and chosen conception of school climate. Reliability refers to
the degree to which an instrument’s scores are consistent and without measurement error
(e.g., Schweig et al., 2019); validity refers to the degree of support for score uses and
interpretations provided by theory and evidence (AERA et al., 2014).

Per the Standards for Educational and Psychological Testing (hereafter
Standards; AERA et al., 2014), validity should be the primary concern in instrument
development. In practice, however, educators often skip straight to creation without a
clearly delineated approach to school climate (e.g., Ramelow et al., 2015; Schweig et al.,
2019; Whitehouse et al., 2021). The lack of theory-grounding in school climate measures
gives little guidance for assessing content validity, or the degree to which items align
with theorized dimensions (Schweig et al., 2019), and often results in incomplete domain
coverage (Ramelow et al., 2015).

One example of an educator-created scale is Jefferson County Public Schools’
(JCPS) Comprehensive School Survey (CSS; JCPS, 2018a; Lewis, 2019; Mufioz &
Lewis, 2009; Rudasill & Rakes, 2008). JCPS, a large, urban school district in Louisville,

KY, has administered the CSS annually to students, parents, and employees since the



1996-97 academic year. The district provides several publicly accessible online tools for
examining CSS results (JCPS, 2018a) and encourages teachers and school administrators
to make use of CSS results (JCPS, 2018b). Furthermore, JCPS leadership has indicated
that CSS scores will inform both improvement efforts (Tatman, 2018) and strategic
planning (JCPS, 2018a). The emphasis on using CSS results is not surprising, given that
Climate & Culture is one of JCPS’ three key pillars for improving learning (JCPS,
2018c). Indeed, the district maintains a School Climate and Culture Department which,
among other things, oversees multi-tiered systems of support and social-emotional
learning efforts (JCPS, 2018d).

What is surprising, however, is that despite the sharp focus on improving school
climate (JCPS, 2018d; Tatman, 2019), JCPS has no formal definition of school climate.
In publicly available online documentation, the district appears to use the terms climate
and culture interchangeably (e.g., Tatman, 2018), implying that whether used separately
or together, they represent a single latent construct (c.f., Rudasill et al., 2018). Some
documentation suggests that JCPS views school climate as a higher-order construct
comprised of 14 subdimensions, referred to as constructs (JCPS, 2019a). The theoretical
and/or empirical bases for the underlying factor structure are unclear based on publicly
available information (c.f. Standards, Standard 1.13).

The lack of conceptual clarity can also be seen in conflicting construct names and
item compositions between the various outputs obtained by online CSS comparison tools
(JCPS, 2018a). For example, the item “I feel safe on my way to and from school” is listed
as one of three items comprising a Personal Safety subscale but also included in the 18-

item School subscale. The district’s CSS Results tool reports item-level scores for the



School subscale whereas the CSS Constructs tool reports a single, undescribed score
(perhaps percent agreed?) for the Personal Safety subscale. Leach et al. (2020) suggested
that subscale scores may not be appropriate for instruments with complex factor
structures comprised of intentionally multidimensional items. Item level scores should
not be compared without evidence of residual invariance (Saint et al., 2021). In a 2019
report, the district provided an index of 13 items which form five subdimensions that are
referred to as “constructs related to culture and climate” (JCPS, 2019b). Although the
processes are not well-documented (c.f. Standards, Standard 1.11), the committee-based
approach to CSS development (e.g., Lewis, 2019) indicates that JCPS has at least
partially followed the recommendation of Olsen and colleagues (2017) to consider both
the composition and indicators of the CSS ‘culture and climate’ construct. However, the
lack of a well-defined underlying conception of school climate (e.g., Ramelow et al.,
2015) and the conflicting subdimension and item selection issues outlined above call into
question both what the CSS is intended to measure and what it actually measures.
Acknowledging the apparent research-practice gap exemplified by, but certainly
not limited to, the CSS, Whitehouse et al. (2021) proposed a validity testing framework
for practitioner-developed school climate measures lacking an explicit theoretical
underpinning. In essence, their framework is a means of recreating (or entering) the ideal
adoption-adaption-creation sequence described by Kohl et al. (2013). In the Whitehouse
et al. approach, the sequence is preceded by gathering construct validity evidence,
namely evidence of content (e.g., Standards, Standard 1.9, 1.11) and factorial, or internal
structure validity (e.g., Standards, Standard 1.13-1.15), for the educator’s existing

instrument. Based on the strength of construct validity evidence obtained via the



Whitehouse et al. framework, educators may choose to adopt (i.e., continue using) or
adapt (i.e., revise based on newly obtained validity evidence) their own measure. If the
evidence does not support the intended uses of their measure, practitioners may begin the
adoption-adaption-creation process afresh by examining whether other existing measures
fit their needs. Crucially, the first step in any of the ideal or real-world measurement
scenarios just described is the same; educators must begin with a clear definition of
school climate (e.g., Chirkina & Khavenson, 2018; Kohl et al., 2013; Lewno-Dumdie et
al., 2020; Olsen et al, 2017; Schweig et al., 2019; Whitehouse et al., 2021).
Defining School Climate
Lack of Consensus

Unfortunately, perhaps the only consensus around defining school climate is that
there is no consensus (e.g., Berkowitz et al., 2017; Cohen et al., 2009; Cornell et al.,
2017; Huang & Cornell, 2016; Kohl et al., 2013; Lewno-Dumdie et al., 2020; Lindstrom
Johnson et al., 2019; Ramelow et al., 2015; Rudasill et al., 2018; Ryberg et al., 2020;
Schweig et al., 2019; Shukla et al., 2019; Thapa et al., 2013; Wang & Degol, 2016;
Whitehouse et al., 2021). Grazia and Molinari (2022) and Berkowitz et al. (2017) adjure
researchers to settle on a universal definition to alleviate confusion and facilitate adequate
measurement to support long-term school improvement, although at present that solution
seems unlikely. Rudasill et al. (2018) suggest that the confusion between various
conceptions of school climate stems in part from the failure of researchers to distinguish
between definitions, taxonomies, and models. For them, a precise, operational definition
should provide a clear boundary line as to what is and is not school climate and the

corresponding taxonomy should categorize the dimensional structure of the underlying



causal model, or theory. The underlying model outlines theorized relationships between
school climate dimensions, the hypothesized mechanisms through which school climate
is formed, and proposed associations between school climate dimensions and other
outcomes (Rudasill et al., 2018). Wang and Degol (2016) also differentiate between
concrete (i.e., operational) and abstract (i.e., conceptual) definitions and call on
researchers to better delineate the school climate taxonomy.
Common Ground

The lack of agreement on an operational definition of school climate has clear
measurement implications which will be discussed below. The state of disagreement,
however, does not imply a complete lack of commonality among many of the competing
school climate definitions (e.g., Rudasill et al., 2018). Scholars and practitioners
generally agree (e.g., Grazia & Molinari, 2022; Olsen et al., 2017) with the NSCC’s
(2021) broad depiction of school climate as referring to the quality and character of
school life. Researchers also largely agree that school climate is a malleable and
complex, multidimensional school-level construct comprised of the aggregated
perceptions of various members of a school’s community regarding specific aspects of
school life (e.g., Cohen et al., 2009; Grazia & Molinari, 2022; Rudasill et al., 2018;
Thapa et al., 2013; Wang & Degol, 2016; Zullig et al., 2015). Seemingly all extant
conceptual models (e.g., Aldridge & McChesney, 2021; Bear, Yang, Mantz, et al., 2014;
Bradshaw et al., 2021; Cohen & Thapa, 2017; Hough et al., 2017; Kohl et al., 2013;
Konold et al., 2021; Lewno-Dumdie et al., 2020; NSCC, 2021; Rudasill et al., 2018)
include students and school staff as pertinent school community members whose

combined experiences of school life constitute a school’s climate. Parent perceptions



(e.g., Bear et al., 2011, 2015, 2018) of school life partly compose school climate in many,
though not all, models (e.g., Rudasill et al., 2018).

Furthermore, several reviews have suggested common domains of school climate
across extant studies. For example, Cohen and colleagues (2009) identified safety,
teaching and learning, relationships, and environmental/structural domains, to which they
later added school improvement processes (Thapa et al., 2013). Wang and Degol (2016)
found academic climate, community, safety, and institutional environment domains
evident among 327 empirical and conceptual studies they reviewed. Rudasill et al. (2018)
identified shared beliefs and values, relationships and social interactions, safety, teaching
and instruction, leadership, and physical environment as consistent themes emerging
from research in the organizational, school effects, and psychology literatures. Thus, at
least some school climate domain consistency (e.g., safety, relational, and institutional
factors) exists across time, theoretical approaches, and research traditions.

NSCC Definition

The foregoing discussion implies that the NSCC’s (2021) definition of school
climate as the quality and character of school life is incomplete. The broad, abstract
nature (e.g., Wang & Degol, 2016) of the definition may explain why it is so widely cited
(e.g., Bradshaw et al., 2021; Cohen et al, 2009; Lewno-Dumdie et al., 2020; Marx &
Byrnes, 2012; Olsen et al., 2017; Ramelow et al., 2015; Thapa et al., 2013; Zullig et al.,
2010; 2015), even among studies that do not advocate the same domains and dimensions
proposed by the NSSC (e.g., Aldridge & Ala’l, 2013; Bear et al, 2011; Kohl et al., 2013;
Konold & Cornell, 2015; Konold et al., 2021; Lindstrom Johnson et al., 2019; Wang &

Degol, 2016). Upon closer inspection, however, the characterization of the NSCC’s

10



definition of school climate as abstract and incomplete appears to overstate the case. This
is because the Center does not only define school climate in those terms (e.g., Berkowitz
et al., 2017) but goes on to delineate the construct more concretely (e.g., Rudasill et al.,
2018; Wang & Degol, 2016) and provide a taxonomy (e.g., Rudasill et al., 2018).

What School Climate Is. In the NSCC’s (2021) estimation, school climate is
comprised of the aggregated perceptions of a school community (i.e., students, parents,
and school personnel) along five domains: safety, teaching and learning, interpersonal
relationships, institutional environment, and social media. As such, school climate
reflects a school’s norms, goals, values, practices, and organizational structures.

What School Climate Is Not. Because school climate is based on the experiences
of school community members, neither aggregated nor disaggregated objective measures
of each of the five domains or demographic characteristics of the school community are
included (e.g., Berkowitz et al., 2017; Bradshaw et al., 2021; Kohl et al., 2013; Rudasill
et al., 2018). Similarly, ratings of self-efficacy are not considered a component of school
climate (e.g., Hough et al., 2017). Ratings of school administrators are also excluded (c.f.,
Cohen et al., 2009) from the NSCC'’s five domains in its survey for students and parents.
Dimensions of School Climate

This section follows the example of Rudasill et al. (2018) by presenting a
taxonomy of the school climate model proposed by the NSCC (2020). Here, we consider
the dimensional structure of the model in greater detail, drawing heavily from the
NSCC’s website (www.schoolclimate.org). I will also briefly discuss each dimension’s
alignment (or not) with other school climate models. For clarity, the discussion is

organized by the NSCC'’s (2020) five school climate domains outlined above.
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Safety. Three dimensions—Rules and Norms, Physical Security, and Social-
Emotional Security—are included in the safety domain. Rules and Norms explicitly
convey expectations and consequences regarding violence, harassment, and verbal abuse.
Physical and Social-Emotional Security indicate perceived safety from physical violence
forms of verbal abuse (including exclusion), respectively.

These dimensions of school safety are ubiquitous (e.g., Bradshaw et al., 2021,
Lewno-Dumdie, 2020; Wang & Degol, 2016) among existing models although all three
are not always included within the safety domain, or at all, in each taxonomy. For
example, physical safety, emotional safety, and bullying dimensions partly comprise the
U.S. Department of Education’s (ED; e.g., Ryberg et al., 2020) safety domain, although
ED considers elements of rules and norms as belonging to an institutional environment
domain. Much psychometric support has been found for the Delaware School Climate
Survey model (DSCS; e.g., Bear et al., 2011, 2015, 2018; Bear, Yang, Mantz, et al., 2014;
Bear, Yang, Pell et al., 2014; Yang et al., 2013, 2021), which currently proposes clarity
of expectations, fairness of rules, bullying, and school safety as four distinct dimensions
of school climate within the Demandingness and Structure domain (Bear, Yang, Mantz,
et al., 2014). The precise dimensional structure of the components included in some
taxonomies appears to be empirically derived rather than conceptually delineated (e.g.,
Bear, Yang, Mantz, et al., 2014; Whitehouse et al., 2021). When the underlying
dimensionality indicated by theory and factor analysis are misaligned, uncertainty exists
about the need for new theorizing or better measurement, or both, to remedy the

misalignment (e.g., Leach et al., 2020).
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Interpersonal Relationships. Respect for Diversity entails a sense of
appreciation for distinctive individual characteristics and expectations of tolerance among
school community members. Two additional dimensions—Social Support-Adults and
Social Support-Students—express the extent to which students’ relationships with the
adults and students in their school community are characterized by high expectations for
learning, personal concern for problems, and a sense of welcoming for new students.

As with safety, there is near universal agreement (c.f., Rebelez & Furlong, 2013)
among scholars and practitioners that healthy relationships between school members are
a critical element of a positive school climate (e.g., Berkowitz, 2017; Bradshaw et al.,
2021; Cohen et al., 2009; Grazia & Molinari, 2022; Lewno-Dumdie et al., 2020; Olsen et
al., 2017; Rudasill et al., 2018; Thapa et al., 2013; Wang & Degol, 2016). However, just
as with safety, precise dimensional structures vary across models. For example, the
DSCS model (e.g., Bear, Yang, Mantz, et al., 2014) includes similar components as the
NSCC whereas ED (2020) considers student-student and student-teacher relationships as
comprising a single dimension in the engagement domain. Within that same domain, a
cultural and linguistic competence dimension separately addresses elements of diversity
(e.g., Ryberg et al., 2020). Interestingly, the five dimensions proposed by Whitehouse et
al. (2021) do not include a separate relationship dimension, although elements of student-
student and teacher-student relationships are included in the other dimensions. Their
results are largely empirically driven, although that is not surprising given their intent to
find conceptual support for an existing locally developed scale.

Teaching and Learning. Support for Learning includes experiencing supportive,

differentiated teaching practices aimed at fostering independent thinking, dialogue, and
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manifold avenues for demonstrating skill mastery. Social and Civic Learning reflects
perceived encouragement towards social and civic awareness and engagement, with
emphasis on effective communication and successfully making ethical decisions and
navigating conflicts. Although Cohen and colleagues (Cohen et al., 2009; Cohen, 2013,
2017; Thapa et al., 2013) contend that these dimensions are an essential aspect of school
climate, Rudasill et al. (2018) argue that they are not components but instead influence
school climate by affecting the formation of interpersonal relationships.

In contrast to Rudasill et al. (2018), many school climate models include aspects
of teaching and learning (Grazia & Molinari, 2022; see Rebelez & Furlong, 2013 and
Bear, Yang, Mantz et al., 2014 for exceptions). Lewno-Dumdie et al. (2020) found that
13 of the 18 measures they investigated included dimensions of teaching and learning.
Wang and Degol’s (2016) school climate review categorized teaching and learning as a
dimension of academic climate. Compared with the NSCC’s safety and interpersonal
relationships domains, teaching and learning appears to be less universally regarded by
scholars as a crucial component of school climate (e.g., Bear et al., 2011, 2015, 2018;
Bear, Yang, Mantz et al., 2014). Even among models that include aspects of teaching and
learning, researchers disagree whether it is a domain (e.g., NSCC, 2020) or dimension
(e.g., ED, 2020) or subdimension (e.g., Sun & Royal, 2017).

Institutional Environment. The three dimensions of this domain cover the sense
of positive association with a school’s customs and traditions, and involvement in the
many aspects of school life (School Connectedness/Engagement) and include perceptions
about how the school community seeks to welcome, affirm, and involve its members with

disabilities (Social Inclusion). The final dimension, Physical Surroundings, encompasses
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the perceived condition of a school’s physical environment, including the availability and
sufficiency of materials and resources.

Support for these dimensions among existing school climate models is mixed. For
example, some researchers do not include physical surroundings at all in their taxonomies
of school climate (e.g., Bear, Yang, Mantz, et al. 2014; Rebelez & Furlong, 2013;
Rudasill et al., 2018; Sun & Royal, 2017). Grazia and Molinari (2022) found physical and
resource availability dimensions present in only a small number of studies they reviewed
(c.f., Ryberg et al., 2020; Saint et al., 2021). Lewno-Dumdie (2020) found more than
80% of the instruments they reviewed measured at least some dimensions included in the
NSCC’s (2020) Institutional Environment domain, although less than half assessed
physical surroundings. Aspects of student connectedness and engagement are especially
common among extant models (e.g., Grazia & Molinari, 2022), although many
researchers do not consider connectedness to be a dimension of a school’s environment
(e.g., Bear, Yang, Mantz et al., 2014; Rudasill et al., 2018; Ryberg et al., 2020; Saint et
al., 2021; Wang & Degol, 2016, You et al., 2014). Aspects of inclusion specific to
students with disabilities are noticeably absent from most current models (e.g., Bear,
Yang, Mantz et al., 2014; ED, 2020; Saint et al., 2021) as evidenced by a lack of mention
in several recent school climate reviews (e.g., Bradshaw et al., 2021; Chirkina &
Khavenson, 2018; Grazia & Molinari, 2022; Lewno-Dumdie et al., 2020; Rudasill et al.,
2018; Wang & Degol, 2016).

Social Media. Consisting of a single dimension, social media indicates a feeling
of safety from harm (e.g., teasing, exclusion, verbal abuse) when students are online.

Although some researchers view school climate and bullying, including cyberbullying, as
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interrelated constructs (e.g., Grazia & Molinari, 2022), perceptions of experiencing these
forms of harm are often included in school climate taxonomies (c.f., You et al., 2014) as
individual factors (e.g., Konold & Cornell, 2015) or as dimensions of the safety domain
(e.g., Bear, Yang, Mantz, et al., 2014; Berkowitz et al., 2017; Bradshaw et al., 2021; ED,
2020; Rudasill et al., 2018; Wang & Degol, 2016). Indeed, even the NSCC’s (2020)
taxonomy includes a sense of physical and social-emotional safety under its Safety
domain, thus it is unclear why online forms of these behaviors should constitute a
separate domain altogether.

Rudasill et al. (2018) suggest that much of the incertitude regarding school
climate research stems from conflating definitions, taxonomies, and models. Concretely
defining school climate per the NSCC and outlining its corresponding taxonomy has
enabled us to examine the alignment (or not) between the NSCC’s conceptualization of
school climate and competing definitions. Having addressed two of the three key
elements of school climate confusion identified by Rudasill and colleagues, | now turn to
the NSCC’s (2021) school climate model.

Associated Outcomes

According to the National School Climate Council (2007), the patterns of
judgements formed by various groups of a school’s community regarding safety,
relationships, engagement, emphasis on academic, social, and civic learning, and the
physical environment either foster or inhibit an effective learning environment, i.e., a
positive school climate. A positive climate, in turn, is hypothesized to predict favorable
student academic and behavioral outcomes (e.g., Cohen et al., 2009; Daily et al., 2019;

ED, 2014; Long, 2017; Reaves et al., 2018; Schweig et al., 2019; Thapa et al., 2013;
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Wang & Degol, 2016; Zullig et al., 2011). Researchers have found positive relationships
between school climate and self-reported academic achievement (Daily et al., 2019),
grades (Hopson & Lee, 2011), and standardized test scores (MacNeil et al., 2009) among
middle and high school students. Berkowitz and colleagues’ (2017) synthesis of 78
studies published after the year 2000 suggested that school climate may mediate the
negative relationship between socioeconomic status and academic achievement. Gage et
al. (2016) found a negative relationship between school climate and discipline referrals
among a sample of K-12 students. Huang and Cornell (2018) reported a similar
relationship between school climate and out-of-school suspensions for middle school
students. Steffgen et al. (2013) meta-analyzed 36 empirical studies and reported a
moderate negative effect (r = -.26) of school climate on school violence.

The NSCC’s (2021) current definition and taxonomy are based largely on
syntheses (e.g., Cohen et al., 2009; Thapa et al., 2013) of empirical school climate
research conducted prior to 2012, which the center organizes under its five domains of
school climate (i.e., safety, teaching and learning, institutional environment, interpersonal
relationships, and social media). The Center’s classification scheme for extant research,
however, is not well-described and at times contradictory. For example, a study by Lee et
al. (2011) on the relationship between school suspensions and dropout rates is included in
both the safety and teaching and learning domains. However, Catalano et al.’s (2004)
research on the relationship between school connectedness and risky behaviors is placed
in the safety domain but not in the institutional environment domain despite school
connectedness being included in the latter in the NSCC’s taxonomy. The ongoing lack of

consensus over definitions and taxonomies of school climate (e.g., Rudasill et al., 2018;
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Wang & Degol, 2016) and unresolved issues in school climate measurement, which are
discussed in greater detail below, undoubtedly contribute to the lack of clarity in the
NSCC’s classification scheme for existing school climate research. Because nearly all
empirical school climate studies are correlational (e.g., Berkowitz et al., 2017; Bradshaw
et al., 2021), the choice of classifying studies based on school climate dimensions as
predictors versus outcomes is somewhat arbitrary. Taken together, the existing research
suggests a complex relationship between school climate dimensions and academic and
behavior outcomes and highlights the need for psychometrically sound school climate
measures to help future research further our understanding of these relationships.

The preceding discussion highlights what Rudasill et al. (2018, p. 41) refer to as
the ‘chaotic conceptual landscape’ of school climate research. On the one hand, the
NSCC’s (2020) broad definition of school climate as the quality and character of school
life is widely cited in the literature and its proposed dimensions are common among
alternative school climate models (e.g., Lewno-Dumdie et al., 2020). On the other hand,
concretely defining school climate in the NSCC’s terms and more clearly delineating the
organization’s taxonomy exposes incongruences in domain coverage and dimensional
structures across existing models and, in the case of social media, seemingly within the
NSCC’s model itself. With this in mind, let us now turn to school climate measurement.
Measuring School Climate
Self-Report Surveys

The current state of school climate measurement reflects the overlapping, yet
unsettled nature of school climate definitions, taxonomies, and models (e.g., Bradshaw et

al., 2021; Cohen & Thapa, 2017; Grazia & Molinari, 2022; Huang et al, 2015; Konold et
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al., 2021; Lewno-Dumdie et al., 2020; Rudasill et al., 2018). The inability of scholars to
agree on a unified model of school climate (e.g., Bradshaw et al., 2021) is clearly seen in
the proliferation of competing instruments designed to measure various conceptions of
school climate (Grazia & Molinari, 2022; Kohl et al., 2013; Lewno-Dumdie et al., 2020;
Rudasill et al., 2018). Despite numerous instruments resulting from the fragmented nature
of school climate theory (Grazia & Molinari, 2022), scholars have found commonalities
among the measurement approaches taken in published school climate studies (e.g.,
Bradshaw et al., 2021; Kohl et al., 2013; Lewno-Dumdie, 2020; Wang & Degol, 2016;
Zullig et al., 2010).

Foremost among shared elements in school climate measurement is reliance on
self-report surveys. Wang and Degol (2016) estimate more than 90% of published
empirical school climate studies used self-report surveys, most with Likert-type items.
Lenz et al. (2021) reviewed nine school-climate surveys developed between 1993 and
2017 and found item counts ranging from nine to 153, although the majority (six) were
comprised of between 29 and 54 items. School climate surveys are most commonly
administered to students (e.g., Bear et al., 2011; Ryberg et al. 2020; Zullig et al., 2015),
school staff (e.g., Bear, Yang, Pell et al., 2014), and parents/guardians (e.g., Bear, 2015),
respectively.

Given dimensional overlaps among many competing school climate models (e.g.,
Rudasill et al., 2018), instruments based on alternate conceptual models unsurprisingly
tend to measure distinct yet overlapping dimensions (e.g., Lewno-Dumdie et al., 2020;
Olsen et al., 2017). For example, all 18 school climate measures reviewed by Lewno-

Dumdie and colleagues (2020) included various combinations of at least three of the five
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dimensions (safety, relationships, teaching and learning, institutional environment, and
school improvement processes) advocated by Cohen et al. (2009) and Thapa et al. (2013).
Lewno-Dumdie et al. interpreted their findings to indicate a weak consensus on
dimensionality.

Reliability and Validity Reporting

Inadequate or unavailable score reliability and validity information is prevalent
among extant school climate measures (e.g., Bear et al., 2015; Cohen et al., 2009; Olsen
etal., 2017; Ramelow et al., 2015; Zabek et al., 2022). Of 26 surveys reviewed by Olsen
and colleagues (2017), only four met their acceptable technical adequacy (i.e., reliability
and validity reporting) criteria. Among those four instruments that did report reliability,
internal consistency reliability coefficients were below .70 for several subscales and no
validity details were provided. Although Ramelow et al. (2015) found acceptable
reliability (i.e., Cronbach’s alpha > .70) among eight of 12 published school climate
scales, they found validity evidence largely inadequate or omitted altogether.

Despite Messick’s (1989, 1995) admonition that validity is a property of specific
score interpretations and uses, school climate researchers frequently refer to instruments
themselves as valid (e.g., Aldridge & Ala’l, 2013; Aldridge & McChesney, 2020; Kohl et
al., 2013, Olsen et al., 2017; Whitehouse et al., 2021). Attributing validity to an
instrument wrongly implies that its scores can be validly interpreted and used for any
purpose (c.f., AERA et al., 2014; Clifford et al., 2012; Schweig et al., 2019). Kohl et al.
(2013) suggest educators first consider adopting or adapting an existing school climate
scale with adequate validity evidence, however, the widespread lack of reliability and

validity reporting among published scales limits the available choices.
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The Practitioner World

To develop school climate scales that meet the dual requirements of practicality
and reliability/validity, educators must be aware of the need — and be willing and able —
to formally investigate the psychometric properties of scores derived from employed
school climate measures (c.f., Schweig et al., 2019). In the ‘real world” of K-12
education, practitioners often skip crucial steps when creating instruments (e.g., Cohen &
Thapa, 2017; Hamilton et al., 2019; Zullig et al., 2010). Locally developed school climate
surveys frequently lack a clear, underlying theoretical basis, resulting in uneven domain
coverage across instruments (e.g., Ramelow et al., 2015). Educators are not typically
trained in psychometrics and measurement and, therefore, likely unaware (e.g., Cohen &
Thapa, 2017; Schweig et al., 2019) of both the science of survey development (e.g., de
Leeuw et al., 2014) and the need to gather specific types of evidence to support scoring
inferences (e.g., AERA et al., 2014; Kane, 2013; Messick, 1989; 1995; Schweig et al.,
2019).

When schools and districts create and administer school climate surveys apart
from established best-practices (e.g., AERA et al., 2014; de Leeuw et al., 2014, Difazio et
al., 2018), the resulting response scores may not be reliable (e.g., Henson, 2001;
Ramelow et al., 2015) and, to the extent that agencies fail to gather validity evidence,
score interpretations and uses may be called into question (e.g., AERA et al., 2014; Kane,
2013; Messick, 1989, 1995; Whitehouse et al., 2021). In such commonplace scenarios,
(e.g., Hamilton et al., 2019; Ramelow et al., 2015; Schweig et al., 2019; Zullig et al.,
2010), practitioners are essentially leaving the appropriateness of their interpretations and

uses of survey scores to chance.
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The general consensus is that school climate is worth improving (e.g., Bradshaw
etal., 2021; Cohen et al., 2009; ED, 2014; Long, 2017; NSCC, 2021; Ramelow et al.,
2015; Ryberg et al., 2020; Rudasill et al., 2018; Wang & Degol, 2016; Whitehouse et al.,
2021). If then, school climate measurement is too important to be left to chance (e.g.,
Ramelow et al., 2015), does this mean that educators should cease administering their
own existing school climate instruments and begin the instrument development process
afresh, with a firm and explicit grounding in theory (e.g., Cohen et al., 2009; Ramelow et
al., 2015; Van Houtte & Van Maele, 2011) and guided by the latest methodology (e.g.,
AERA et al., 2014; de Leeuw at al., 2014; Finch et al., 2016; Difazio et al., 2018)? While
that is an option, a practically feasible, science-based alternative is to partner with a
research team to gather validity evidence supporting the survey’s intended interpretations
and uses (e.g., Bear et al., 2011, 2015, 2018; Kane, 2013; Messick, 1989, 1995; Ramelow
et al., 2015; Ryberg et al., 2020; Schweig et al., 2019; Whitehouse et al., 2021; Zullig et
al., 2015).

Validity Testing Framework

A psychometric investigation of a locally developed school climate survey can
provide leadership with evidence-based confidence in response score interpretations and
their intended uses where warranted (e.g., AERA et al. 2014; Kane, 2013; Messick, 1989,
1995), and guidance for any needed improvements (e.g., de Leeuw et al., 2014; Finch et
al., 2016; Marsh et al., 2018). Indeed, Hollands et al. (2022) recommend this approach
for JCPS Comprehensive School Survey. Whitehouse et al. (2021) recently investigated a
locally developed school climate measure lacking a clear theoretical underpinning. In

doing so, the authors provide a validity-testing framework for similar research projects in
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urban ‘majority-minority’ districts where educators need culturally responsive measures
(e.g., Zabek et al., 2022) to inform climate improvement efforts. Whitehouse and
colleagues sought to obtain validity evidence to support comparisons of school climate
survey scores across racial/ethnic subgroups. Their framework is applicable to the current
study, given the makeup of JCPS’ student population and the urban district’s focus on
equitably improving climate.

Whitehouse et al. (2021) followed traditional factor analytic approaches. First,
they conducted exploratory, followed by confirmatory factor analysis (EFA-CFA) on
separate samples (e.g., Morin et al., 2013). To assess construct representation (e.g.,
Standards, Standard 1.9, 1.11), they compared the resulting five factors to Thapa and
colleagues’ (2013) proposed school climate dimensions (c.f., Zullig et al. 2014). Second,
the authors conducted multi-group confirmatory factor analysis (MGCFA) to test
progressively more restrictive models for configural, metric, scalar, and strict invariance
(e.g., Flake & McCoach, 2018). Finally, despite failing to achieve strict invariance (c.f.,
Asparouhov & Muthén, 2014; Flake & McCoach, 2018; Marsh et al., 2018) the authors
analyzed standardized factor score differences between three racial/ethnic subgroups
using ANOVA. Whitehouse et al. (2021) have sought to fill a critical research-practice
gap by proposing a standardized validity testing framework for locally developed urban
school climate measures. However, their approach suffers from key limitations regarding
the breadth of reliability and validity evidence gathered and/or reported, and the

methodological approach to examining MI.
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Types of Reliability and Validity Evidence

Per the Standards (Standard 1.1-1.5), scale development entails identifying
proposed score uses and/or interpretations and providing either supporting evidence or
relevant disclaimers if no validity evidence is available. In the latter case, which is in
focus here, the disclaimer is meant to temporarily warn users about potential misuses
and/or misinterpretations while validity evidence is being gathered (Standards, Standard
1.3, 1.4). To provide researchers with practical guidance for assessing validity, scholars
have advanced the argument-based approach to validity (e.g., Chapelle et al., 2008;
Cronbach, 1988; Kane, 2006, 2013; Shepard, 1993), which, in simplest terms, proposes
that researchers gather and evaluate only that validity evidence which pertains to intended
score interpretations and uses. An argument for specific score interpretation and uses is
clearly delineated and then evidence to support that argument is gathered and evaluated
(e.g., Kane 2013). The argument-based approach suggests that validity is not settled by a
single study (e.g., Kane, 2013). Instead, the validity argument for particular score
interpretations and uses is stronger or weaker based on available evidence gathered across
multiple studies (e.g., Kane, 2013).

Notably, factorial validity and content validity—i.e., domain relevance and
coverage (e.g., Messick, 1989)-are required for any score interpretation or use (e.g.,
AERA et al., 2014; Leach et al., 2020), and the framework proposed by Whitehouse and
colleagues (2021) addresses both forms. For locally developed school climate surveys
lacking an explicit theoretical underpinning (e.g., the JCPS CSS), the Whitehouse et al.
framework follows previous studies (e.g., Ramelow et al., 2015) by assessing coverage

based on the dimensions and relationships theorized by an existing school climate model.
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The necessity of domain relevance explains the ubiquity of factor analysis in existing
school climate validity studies (e.g., Aldridge & McChesney, 2021; Bear et al., 2011,
2015, 2018; Grazia & Molinari, 2022; Ryberg et al., 2020; Shukla et al., 2019; Waasdorp
et al., 2020; Whitehouse et al., 2021; You et al., 2014; Zullig et al., 2015). Whitehouse
and colleagues followed the standard practice of using expert judgment to assess content
validity (e.g., AERA et al., 2014; Kane, 2013). However, the transparency of the process
and therefore the strength of validity evidence (e.g., Standards, Standard 1.9), could be
improved by using a standardized rubric to guide independent assessment (e.g., Difazio et
al., 2018; Rubio et al., 2003).

Although reliability and validity are typically treated as separate in the literature,
validity is undergirded by score reliability and reliability is, in-turn, based on a known
factor structure (e.g., AERA et al., 2014; Henson, 2001; Zullig et al., 2015). Therefore
Kane (2013) includes internal-consistency reliability as a form of validity evidence,
underscoring the importance of analyzing and reporting reliability coefficients to support
validity of score interpretations and uses (e.g., Aldridge & Ala’l, 2013). Unfortunately,
researchers thus far have not reached consensus on assessing reliability for ordinal scales
with more than two but less than five response options (e.g., Muthén, 2013a, 2020;
Raykov & Marcoulides, 2011). This may explain why Whitehouse et al. (2021) did not
report reliability coefficients for their 4-point Likert-type scale (c.f., Bear et al., 2011,
2015, 2018).

Besides assessing factorial validity, researchers have sought evidence of
concurrent (e.g., Bear et al., 2011, 2015, 2018), convergent (e.g., Aldridge & Ala’l,

2013), discriminant (e.g., Aldridge & McChesney, 2020; Bear Yang, Mantz, et al., 2014),

25



and predictive validity (e.g., Aldridge & Ala’l, 2013), and MI (e.g., Bear et al., 2011,
2015, 2018; Whitehouse et al., 2021, Yang et al., 2013). In general, scholars recommend
more comprehensive reliability and validity (e.g., Lenz et al., 2021; Ramelow et al, 2015;
Zabek et al. 2022; Zullig et al., 2015) assessment and reporting for school climate
measures, including specific calls for evidence of predictive validity (Bear, Yang, Pell et
al., 2014) and M1 across grades (Whitehouse et al., 2021).
Measurement Invariance and the Alignment Method

A practical concern for educators and policymakers is making within-school
subgroup and/or between-school comparisons in school climate ratings (e.g., Schweig et
al., 2019). In such cases, measurement invariance (MI) between the groups of interest
must be established to ensure such comparisons are meaningful (e.g., Byrne & van de
Vijver, 2010; Immekus, 2021; Shukla et al., 2019; Waasdorp et al., 2019; Whitehouse et
al., 2021). Interestingly, several reviews of school climate measures omit any mention
whatsoever of MI among included instruments (Clifford et al., 2012; Kohl et al., 2013;
Lewno-Dumdie et al., 2020; Olsen et al., 2017; Ramelow et al., 2015; Wang & Degol,
2016). Among school climate validity studies that include invariance testing, the majority
have sought to establish MI between two or three groups using the same MGCFA
approach as Whitehouse et al. (2021); e.g., between middle and high school students
(Waasdorp et al., 2020), Black, Hispanic, and White students (Bear et al., 2011), middle
school students in Mexico and the U.S. (Shukla et al., 2019), teachers and administrators
(You et al., 2014), and between Chinese and American parents (Yang et al., 2021).

Results are mixed, with many studies failing to obtain scalar invariance, i.e.,

invariant loadings and intercepts (e.g., Asparouhov & Muthén, 2014), across some (e.g.,
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Bear et al., 2011; Bear, Yang, Pell, et al., 2014; Shukla et al., 2019; You et al., 2014) or
all (e.g., Whitehouse et al., 2021) groups and/or subscales under consideration (c.f.,
Konold et al., 2021). Reported evidence of strict invariance is practically nonexistent in
school climate validity studies (Saint et al., 2021). This scenario is not surprising, given
that establishing scalar invariance via MGCFA is unlikely for multi-factor scales (Marsh
et al., 2018) and that the procedure is especially onerous when more than two subgroups
are being compared (Flake & McCoach, 2018). Flake and McCoach (2018) further
suggest that applying MGCFA to Likert-type polytomous items renders model fit
interpretations (i.e., identifying MI) tenuous. If testing invariance across multiple groups
is challenging even for experienced researchers, the task is likely out-of-reach for most
educators, who may not even understand why establishing Ml is important (e.g., Schweig
etal., 2019).

Asparouhov and Muthén (2014) note that scalar invariance required by MGCFA
is rarely obtained when assessing more than two groups. Marsh et al. (2018) suggest the
assumption of scalar invariance inherent in the MGCFA approach is untenable in large
studies. They lament the tendency in applied research to either rely on chance
modification indices to attain partial invariance or ignore invariance altogether. Indeed,
the scale examined by Whitehouse et al. (2021) did not exhibit even acceptable
configural invariance via MGCFA across three racial/ethnic subgroups (c.f., Bear et al.,
2011), yet as discussed above, the authors analyzed group scoring differences anyway.
To address the issues inherent in assessing M1 through MGCFA, Asparouhov and
Muthén (2014; p. 495) developed the alignment method “to estimate group-specific

factor means and variances without requiring exact measurement invariance.” Flake and
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McCoach (2018) applied the alignment method to polytomous items in a simulation study
and found that the approach to be helpful for examining MI across many groups when
specific conditions were met. Another advantage is that the alignment method permits
researchers to compare up to 100 groups (Asparouhov & Muthén, 2014), far surpassing
the plausible two or three group comparisons via MGCFA.

Like MGCFA, the alignment method has as its starting point the estimation of a
configural CFA model with good fit across all groups (Asparouhov & Muthén, 2014).
This model freely estimates item loadings and intercepts, with factor means and variances
fixed to (0, 1), respectively (e.g., Immekus, 2021). Because these parameters are not
identified, latent factor scores are not comparable across groups, however because item
intercepts and loadings are not constrained, the model represents the best possible fit
(Asparouhov & Muthén, 2014). The second step of the alignment method is alignment
optimization, in which the algorithm seeks to minimize noninvariance across groups
while estimating group-specific means and variances (Asparouhov & Muthén, 2014).
Optimization is achieved by minimizing a total loss function that represents the weighted
(by group size) difference between all pairs of scaled loadings and intercepts between all
possible grouping pairs (Asparouhov & Muthén, 2014). The weighting scheme implies
that larger groups will have greater influence on the total loss factor.

Asparouhov and Muthén (2014) developed two basic approaches to the
optimization stage; fixed and free. The former constrains a selected group mean and
variance (0, 1) whereas the latter constrains only the mean to 0 and freely estimates the
variance. Crucially, irrespective of whether the fixed or free approach is taken, the

alignment optimization step does not change model fit achieved by the configural model
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(Asparouhov & Muthén, 2014). In simulation studies, Asparouhov and Muthén found
that for more than two groups with moderate noninvariance among item parameters (10%
to 20%), the free option was preferred. The fixed option performed well (i.e., parameters
exhibited small absolute bias) with a small number (< 60) of groups with at least 100
members and fewer than 20% of item parameters were noninvariant. Several studies (e.g.,
Byrne & Van de Vijver, 2017; Cieciuch et al., 2018; Immekus, 2021; Marsh et al., 2018)
reported model identification problematic when using the free approach, and therefore
recommended the fixed approach. In their simulation study of polytomous items, Flake
and McCoach (2018) found adequate parameter recovery using the fixed option with
default robust maximum likelihood (MLR) estimation with 3, 9, or 15 groups. However,
they suggest that the method’s automated ad hoc noninvariance testing procedure may
require more than 15 groups to adequately measure explained variance (i.e., R? > .90).
Asparouhov and Muthén (2014) warn against cases where the assumption of
approximate M1 is not met. In a model where only a few item parameters are invariant
and most item parameters have a similar amount of noninvariance, the automated
procedure may select noninvariant items as invariant. To guard against the alignment
producing biased parameters when more than 25% of parameters are noninvariant, they
recommend correlating aligned factor means with those produced from a Monte Carlo
simulation using real data parameters as starting values (Muthén & Asparouhov, 2014).
For the alignment optimization procedure to produce trustworthy results, Muthén and
Asparouhov (2014) recommend no more than 25% of item parameters be noninvariant
(see also Flake & McCoach, 2018; Asparouhov & Muthén, 2014) and correlations > .98

between aligned factor means and Monte Carlo simulated ordered factor means.
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Purpose of the Study and Research Questions
The preceding discussion highlights the need to select a specific intended
interpretation and use of school climate survey scores to define and delimit the types of
validity evidence to be gathered and evaluated (e.g., AERA et al., 2014; Kane, 2013). As
such, this study will focus on the district’s stated intention to compare CSS scores across
Black and White middle school student groups (JCPS 2018b, 2019a). The purpose of the
current study is twofold. First, the study seeks to replicate and extend Whitehouse et al.’s
(2021) validity framework by (a) using a standardized rubric to assess content validity,
(b) using the alignment method to evaluate measurement invariance of the survey across
30 school x race groups, and (c) analyzing the predictive validity of aligned factor mean
scores. As such, the extended validity framework endeavors to answer the following
broad research questions:
1. Are the instrument’s proposed dimensions supported by empirical evidence?
2. Do the instrument’s empirically supported dimensions adequately address each of
the domains of the preferred school climate definition and taxonomy?
3. Can score differences between racial/ethnic subgroups on the empirically
supported dimensions of the instrument be meaningfully interpreted?
4. To what extent do scores predict academic achievement?
5. To what extent do scores predict behavior outcomes?
Second, the study aims to provide useful evidence to the school district regarding
the validity of comparing CSS scores across Black and White middle school student
groups and using scores to inform continuous improvement of student learning. Thus, the

broad research questions posed above require adaptation for the specific application here.
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To accomplish the goals of replicating and extending the Whitehouse et al. (2021)
framework while also providing useful CSS validity evidence to JCPS, this study seeks to
answer the following research questions:
1. Are the proposed dimensions of the JCPS middle school CSS supported by
empirical evidence?
2. Do the empirically supported dimensions of the JCPS middle school CSS
adequately address each of the five domains of school climate as defined by the
NSCC (2020, 2021)?
3. Can score differences between Black and White middle school students on
empirically supported CSS dimensions be meaningfully interpreted?
4. To what extent do CSS scores predict NWEA MAP math and reading percentiles?
5. To what extent do CSS scores predict discipline referrals?
Implications
This study synthesizes and extends prior research by proposing a standardized
validity testing framework for locally developed school climate instruments. The
framework recognizes the widespread use of practitioner-developed measures that lack
theory-grounding and/or supporting reliability and validity evidence, as well as the need
for culturally responsive school climate measures. The application of the framework to
answer the research questions above will provide practical guidance to JCPS regarding its
intention to compare CSS scores between and across middle school racial/ethnic
subgroups. Regardless of whether the findings support the intended use or indicate
further scale development is necessary, the approach outlined here can also be applied to

investigate the validity of numerous other suggested uses of the various CSS versions.
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Results will also contribute to the ongoing literature on the psychometrics of practitioner-
based measures. Finally, because the proposed validity testing framework is broadly
applicable, the implications for both practice and research extend beyond the CSS.
Indeed, the framework is not limited to school climate but can be adapted to any
practitioner-designed instrument intended to measure a latent construct but lacking a

clear theoretical basis and relevant supporting reliability/validity evidence.
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METHODS

Participants

JCPS is a large, urban district located in Louisville, KY. In the 2018-19 school
year, the district served more than 94,000 students in 168 school sites. That year, 92% of
JCPS middle school students (grades 6-8) completed the online CSS between January and
March. As per usual district procedures, respondents (n = 20,241; 49% female, 51%
male) were given time to complete the CSS during regular school hours. Respondents in
2018-19 were 42% White, 37% Black, 11% Hispanic/Latino, and 10% categorized as
Other. Last, roughly 67% were eligible for free or reduced-price lunch (FRL).
Inclusion and Exclusion

A total of 13 middle schools serving special student populations were excluded
from the analysis, primarily due to small enrollment sizes. Of the remaining 25 middle
schools, an additional 10 schools were excluded. Of those 10 schools, three were part of
combined schools (two served grades 6-12 and one served grades K-12), two were
gender-isolated, two did not serve all three grades, and three had relatively small student
populations. This left a sample of n = 15 middle schools to be included in the study. The
BW sample (N = 11,385) included only Black (45%) and White (55%) students from the
15 retained middle schools. Roughly 62% of BW sample respondents were FRL-eligible.

All responses to the 2018-19 online student CSS were mandatory, and thus there
were no missing data. However, students could select a Prefer not to respond option for

each item. Following de Leeuw et al. (2016), these non-substantive responses were
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treated as missing. The large number of surveys (n = 4,962) in the BW sample with one
or more such responses precluded replacement due to non-randomness, thus only surveys
with all substantive responses to the final set of CSS items (more details below) were
retained for analyses. This resulted in a final analytic (FA) sample of n = 6,423 students
(48% female, 52% male). Students in the FA sample were 58% White and 42% Black,
with 59% eligible for free or reduced-price lunch. Table 1 provides demographic
information for Black and White CSS respondents in (a) all middle schools, (b) the BW
sample, and (c) the FA sample.

Table 1

Demographic Information for Black & White 2018-19 CSS Respondents (Grades 6-8)

Category All Middle BW Sample FA Sample
Number of Students? 16,077 11,385 6,423
Female 49% 49% 48%
Male 51% 51% 52%
Black 47% 45% 42%
White 53% 55% 58%
Free/Reduced Lunch 65% 62% 59%

Note. CSS = Comprehensive School Survey; a — Black and White students only.
Power Analysis

Although no formal power analysis procedure exists for the alignment method,
researchers (e.g., Asparouhov & Muthén, 2014; Flake & McCoach, 2018; Muthén &
Asparouhov, 2018) have provided rough sample size guidelines (rules of thumb) based
on simulation studies. For example, Asparouhov and Muthén (2014) obtained acceptable

M1 results from groups as small as n = 100, although they suggest that much larger
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sample sizes may be necessary in some (undescribed) scenarios. Asparouhov and Muthén
(2018) also suggest that the Alignment Method is best for fewer than 100 groups and is
preferable to a multilevel modeling approach (e.g., De Jong et al., 2007), when there are
fewer than 30 groups and/or a small number of items per factor. For surveys with
polytomous items, Flake and McCoach suggest that 50 or more groups may be required
to assess MI using a multilevel modeling approach. Thus, the Alignment Method seems
appropriate for the 30 school x race groups (M = 214.10, Nmin = 124, Nmax = 403) in the
current sample, based on the number and size of groups included. The proposed item
composition of CSS factors (more details below) and the number of groups in the middle
school CSS sample also suggest the Alignment Method is preferable to multilevel
modeling for assessing MI (see Research Question 3 in the Data Analysis section below).
Measures
Comprehensive School Survey

JCPS has administered the CSS annually to students in grades 4-12, parents, and
employees since 1996-97. Currently, there are eight (three student, three employee, one
parent English and one parent Spanish) versions of the survey, with slight variations in
item composition and/or wording, depending on the intended respondents. The CSS is
administered online except that parents may opt to complete a paper survey in English or
Spanish. In addition to school climate perspectives, the survey also collects demographic
information, although the non-anonymous administration of all CSS student versions in

2018-19 permitted linkage to student data already collected by the district.
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Figure 1

Content Validity Rubric

School Climate Definition and Taxonomy

In this study, school climate refers to the quality and character of school life (NSCC, 2021), and is comprised of the
aggregated, subjective perceptions of a school community along five domains (dimensions in parentheses): safety
(rules & norms; physical security; social-emotional security), interpersonal relationships (respect for diversity;
social support-students; social support-adults), teaching and learning (support for learning; social & civic learning),
institutional environment (school connectedness/engagement, social inclusion, physical surroundings), and social
media (social media). As such, school climate reflects a school’s norms, goals, values, practices, and organizational
structures. School climate does not include objective measures (e.g., discipline or attendance rates), ratings of
student self-efficacy, or ratings of school administrators.

Click here for more details on the NSCC’s (2021) definition and taxonomy of school climate

Item:

Instructions: Please choose the response that best describes the degree to which you feel the item above represents
school climate as defined above.

This item is not This item needs major This item needs minor This item is
representative revision to be representative | revision to be representative representative

Instructions: Please choose the response that best describes the clarity of the item above.

This item needs major This item needs minor
This item is not clear revision to be clear revision to be clear This item is clear

Instructions: Please choose school climate domain(s) you feel the item above best represents.

Safety

Interpersonal Relationships

Teaching and Learning

Institutional Environment
Social Media
Unable to classify

Instructions: Please provide any addition comments, suggestions, or revisions for the item above.

Note. Rubric adapted and reprinted with permission from Difazio et al. (2018); “here”
links an online summary of the NSCC’s (2021) taxonomy of school climate.
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The 2018-19 CSS middle school student version consisted of 37 items comprising
14 constructs, or subdimensions, of school climate: bullying (1 item), caring environment
(4 items), curriculum (3 items), home resources (1 item), personal safety (3 items),
school administration (1 item), school belonging (3 items), school engagement (3 items),
school resources (3 items), self-efficacy (3 items), site safety (1 item), success skills (5
items), teaching (3 items), and overall satisfaction (3 items). All items used a 4-point
Likert-type response scale (1 = strongly disagree; 2 = disagree; 3 = agree; 4 = strongly
agree), with higher scores indicating a more positive climate rating for every item except
Item 2 (“At my school, I feel bullying/cyberbullying is a problem”). As discussed above,
students were given a non-substantive response option (0 = prefer not to answer).

For the current study, all 37 items were independently assessed by the author and
another researcher for content validity using a rubric (see Figure 1) adapted from Difazio
et al. (2018). Specifically, each item was rated for clarity and representativeness based on
the NSCC’s (2020, 2021) definition and taxonomy of school climate. Any disagreements
were resolved via discussion. Based on this review, nine items were eliminated for non-
representativeness, (i.e., both raters scored the item either ‘not representative’ or ‘needs
major revision), resulting in a final set of 28 CSS items. These items comprised a total of
11 proposed constructs, or subdimensions. See Table 2 below for item details.

Table 2

2018-19 CSS Middle School Student Version CSS Items (n = 37)

Item CSS Construct Retain
1. At my school, | feel bullying/cyberbullying is a problem. Bullying Yes
2. | feel my teachers really care about me. Caring Environment  Yes
3. I believe I can talk with my counselor. Caring Environment  Yes
4. My school provides a caring and supportive environment

for students. Caring Environment  Yes
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Item CSS Construct Retain
5. There is at least one adult at my school whom I feel | can . .

trust Caring Environment  Yes
6. | have developed more appreciation for music and the arts curriculum Yes

through courses at my school.
7. 1 am able to connect what we learn in my classes to what .

we learn in other subjects. Curriculum ves
8. t-mﬁ kactlvmes (work) my teachers give us really makes me curriculum Yes
9. | am very satisfied with my school. Overall satisfaction Yes
10. 1 would rather go to this school than any other school. Overall satisfaction Yes
11. | feel safe on my way to and from school. Personal safety Yes
12. | feel safe outside the building before and after school. Personal safety Yes
13. | feel safe at school. Personal safety Yes
14. | really like other students in my school. School belonging Yes
15. | feel that | belong in my school. School belonging Yes
16. | feel like I am part of my school community. School belonging Yes
17. | learn interesting and useful things at school. School engagement Yes
18. | enjoy going to school. School engagement Yes
19. My classes have a fair number of students in them. School resources Yes
20. Textbooks and other school materials are of high quality. ~ School resources Yes
21. My school is equipped with up-to-date computers and School 1esources Yes

other technology.
22. Adults in my school handle safety concerns quickly. Site safety Yes
23. My teacher lets me show what | know in different ways Success Skills Yes

(projects, presentations, tests, etc.).
24. | _feel comfo_rtable stating my opinion in class even if it Success Skills Yes

disagrees with the opinions of other students.
25. | have opportunities to design and create new solutions, .

products, or processes Success Skills Yes
26. My teachers give me challenging work. Teaching Yes
27. My teachers ask us to summarize what we have learned in .

Teaching Yes

a lesson.
28. My tgachers make me think first, before they answer my Teaching Yes

questions.
29. | have Internet access at home. Home Resources No
30. I am very satisfied with JCPS. Overall satisfaction No
31. My principal provides effective leadership at my school. School Admin. No
32. 1 think school is fun. School engagement No
33. When | make a decision, | think about what might happen .

afterwards. Self-Efficacy No
34. | accept responsibility for my actions when | make a .

mistake or get in trouble. Self-Efficacy No
35. :ntlo what | believe is right, even if my friends make fun of Self-Efficacy No
36. | set goals and then work to achieve them. Success Skills No
37. My classmates and | have opportunities to work together Success Skills No

on projects.

Note. CSS = Comprehensive School Survey
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Academic Outcomes

Since the 2017-18 school year, JCPS has administered NWEA Measures of
Academic Progress (MAP) reading and math assessments thrice annually (fall, winter,
spring) to all elementary and middle school students. Consistent with prior research
linking school climate to standardized test scores (e.g., MacNeil et al., 2009), Spring
2019 MAP math and reading test percentiles were used to investigate the relationship
between school climate and academic outcomes (i.e., Research Question 4). Test
percentiles rank student scores relative to a nationally normed sample (Thum & Kuhfeld,
2020) and permit interpretable aggregation and comparisons across grade levels. Possible
test percentile values ranged from 1-99 and the variable was treated as continuous.
Behavior Outcomes

As per Gage et al. (2016), the relationship between school climate and behavior
outcomes (i.e., Research Question 5) was investigated using student discipline referrals to
operationalize behavior outcomes. The referral process is subjective and likely varies
across schools and student groups. For example, Hollands et al. (2022) observed racial
disparities in referrals favoring non-Black versus Black JCPS students. However, given
the district’s mandate to reduce out-0f-school suspensions, | considered referrals a more
reliable indicator of behavior than suspensions (e.g., Hollands et al., 2022). Like Hollands
et al., | treated referrals as count data.
Psychometrics

Although initial CSS development was guided by a committee appointed by
district leadership, there is little to no available information regarding that process,

including details about item selection or results from any pilot studies (c.f., AERA et al.,
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2014). Unlike other publicly available school climate scales (e.g., Bear et al., 2011, 2015,
2018; Bear, Yang, Mantz, et al., 2014; Clifford et al., 2012; Kohl et al. 2013; Ramelow et
al., 2015, Ryberg et al., 2020), JCPS does not currently provide reliability or validity
evidence for CSS. Following a major redesign of the survey in 2007-2008, internal
(Mufioz, 2008; Mufioz & Lewis, 2009) and external (Rudasill & Rakes, 2008) researchers
conducted complementary psychometric analyses of the CSS, however those reports are
no longer posted to the JCPS website. Their availability is somewhat moot, given that the
CSS was substantially redesigned in 2018 “to eliminate redundant and poorly functioning
items” (Lewis, 2019, p. 1). The redesign was intended to reduce respondent burden and
increase response rates.

Although JCPS nowhere provides documentation of the criteria used to identify
and remove those items, the need for eliminating redundancy largely arose from ad hoc
additions of new CSS items over time. Notably, changes to item composition by JCPS
Cabinet members are anticipated in the district’s annual survey administration process
(Lewis, 2019). Indeed, following the 2018 item reduction effort, several new items were
added to the CSS in 2019 and again in 2020. As with previous changes to the survey, no
information regarding the conceptual or methodological justification for the inclusion of
the new items has been made available to the public, although the additional items were
largely related to the COVID-19 pandemic.

Data Analysis

Because the JCPS has proposed a dimensional structure for the CSS (see Table 2),

my approach deviates slightly from the traditional EFA-CFA approach taken by

Whitehouse et al. (2021). As in Leach et al. (2020), this study first analyzed an a priori
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CFA model and then, if necessary, turned to the traditional EFA-CFA approach to
ascertain the underlying CSS factor structure in order to address Research Questions 1, 2,
4, and 5, and to facilitate assessing Ml via the Alignment Method (Research Question 3).
Brown (2006) warns against conducting EFA and CFA on the same sample, thus the
approach here required randomly splitting the FA sample at the school level to create two
independent subsamples; FA-EFA (n = 7 schools) and FA-CFA (n = 8 schools) for EFA
and CFA, respectively (e.g., Leach et al., 2020). I used an online random number
generator (www.random.org) to generate a random set of five unique integers without
replacement from the range [1, 15], which resulted in the set {1, 2, 3, 5, 8, 9, 15}. | then
used the corresponding anonymized school-level identifiers to create the two subsamples
(i.e., students in Schools 1, 2, 3, 5, 8, 9, and 15 constituted the FA-EFA subsample and
students in Schools 4, 6, 7, 10, 11, 12, 13, and 14 comprised the FA-CFA subsample).
Preliminary data assembly, including random subsample generation, was conducted in R
using RStudio version 1.4.1717. The analytic steps taken to address each of the five
Research Questions are discussed below.
Research Question 1

To investigate the underlying dimensions of the CSS, I first used the FA-CFA
subsample to conduct a CFA of the a priori model shown in Table 2 using Mplus 8.1
(Muthén & Muthén, 2017). Although Table 2 shows 11 factors comprised of 28 items,
four of those factors (Bullying, Overall Satisfaction, School Engagement, and Site Safety)
consisted of only one or two items. Costello and Osborne (2005) suggest that factors
composed of fewer than three items are not interpretable, thus those four factors were

excluded from the CFA. Adequate model fit would provide evidence supporting the
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seven retained dimensions (22 items) proposed by JCPS. As per Brown’s (2006)
recommendation for ordinal (i.e., Likert-type) items, mean and variance adjusted
weighted least squares (WLSMV) estimation was used. Model fit was assessed using
Comparative Fit Index (CFI), root mean squared error of approximation (RMSEA),
Standardized Root Mean Square Residual (SRMR). Adequate model fit was based on Hu
and Bentler’s (1999) criteria; CFI > 0.95, RMSEA < 0.06, SRMR < 0.08.

Assuming inadequate fit of the a priori model, | conducted EFA with default
Geomin oblique rotation on the FA-EFA random subsample. Per Costello and Osborne
(2005), item loadings > 0.32 on a single factor were considered sufficient and only
factors comprised of at least three such items were retained. Eigenvalues > 1 were
examined for supporting the number of factors in the preferred model (e.g., Kaiser,
1960), although not treated as a strict rule (e.g., Fabrigar et al., 1999). Muthén (2013b)
suggests parallel analysis (e.g., Horn, 1965) is not reliable when using WLSMV
estimation. Model fit was assessed using the same criteria (i.e., CFlI, RMSEA, and
SRMR) described above. Nested models demonstrating adequate fit were compared using
the DIFFTEST corrected chi-square test (e.g., Leach et al., 2020). To confirm fit of the
preferred EFA model, a CFA based on that model was conducted using the random FA-
CFA subsample.

Research Question 2!
Assuming an acceptably fitting CSS model with interpretable factors, domain

coverage of the items comprising the model’s retained factors was determined using

! 1deally, researchers would assess internal consistency reliability for scale scores based on the preferred
CFA model. Unfortunately, methods for computing reliability coefficients for ordinal scales with 3-4
response choices are not currently available (e.g., Muthén, 2013a, 2020; Raykov & Marcoulides, 2011).
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independent assessments by the author and another researcher using the rubric shown in
Figure 1. Raters assessed domain coverage based on alignment between retained CSS
items and the NSCC’s (2020, 2021) five domains of school climate (safety, interpersonal
relationships, teaching and learning, institutional environment, and social media).
Research Question 3

Measurement invariance was assessed using the Alignment Method (Asparouhov
& Muthén, 2014; Muthén & Asparouhov, 2014) on the full FA sample (n = 6,243) using
Mplus 8.1 (Muthén & Muthén, 2017). Based on prior studies (e.g., Flake & McCoach,
2018; Immekus, 2021), the fixed option was selected and the group with factor mean
nearest zero in the configural CFA model chosen as the referent. Following the alignment
optimization step, a 100-replication Monte Carlo simulation (n = 250, 500, 1,000, 2,000,
and 3,000 groups) was conducted per Muthén & Asparouhov (2014). Criteria for
assessing trustworthiness of the alignment (Asparouhov & Muthén, 2014; Muthén &
Asparouhov, 2014) were (a) less than 25% of item parameters found to be noninvariant,
and (b) correlations between population and simulated group means > .98.
Research Questions 4 and 5

Assuming trustworthy aligned CSS factor means, | first assessed the predictive
validity of CSS scores by examining the strength of correlations between aligned factor
means and three outcome variables: NWEA MAP math and reading test percentiles
(Research Question 4) and discipline referrals (Research Question 5). I then estimated
three separate two-level (students nested in school x race groups) random intercept
multilevel regression models (MLMs), one for each outcome. Specifically, for the math

and reading MLMs, | regressed student math or reading test percentiles (Level 1) onto
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aligned group CSS factor means (Level 2), controlling for student race and sex, and their
interaction. MLMs were estimated in R using package Ime4 (Bates et al., 2015).

For Research Question 5, | regressed discipline referrals (Level 1) onto aligned
group CSS factor means (Level 2), with students nested in school x race groups, again
controlling for race, sex, and race*sex. For multilevel models with overdispersed (i.e.,
dispersion parameter > 1) count data outcomes, Rowe (2021) recommends using the R
package gimmTMB( ) (Brooks et al., 2017) with negative binomial (NB2) specification
instead of Ime4 (see also Bolker, 2022). Assuming overdispersed referrals (e.g., Hollands
et al., 2022), | followed Rowe’s suggestion.

Per convention (e.g., Mulawa et al., 2018), Level 2 variables in all models were
grand mean centered. Statistical significance for regression coefficients was assessed
using p < 0.05. Because | was interested in the effects of Level 2 variables (i.e., aligned
CSS factor means) on Level 1 student outcomes, | computed design effects (DE) for each
model, based on the intraclass correlation coefficient (ICC) as follows:

DE =1+ (M- 1)*ICC, where M = mean school x race group size.

DE > 1.5 was interpreted as support for a multilevel analytic approach per Lai and Kwok
(2015). The general random intercepts regression equation for all three MLMs (i.e., Yij =
math test percentile, MAP reading test percentile, or discipline referrals) was as follows:

Yij = Poj + pujraceij + f2jSexij + Sajraceij*sexij + eij

Poj = yoo + y01CSS(1)1j +...+ yokCSS(K)xj + Ui

p1j = y10

Pai = y20

[3j = 730 , where CSS(1)...CSS(K) are aligned factor means for k retained factors.
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RESULTS

Descriptive Statistics

Table 3 reports descriptive statistics for the FA sample (n = 6,423; 42% Black,
58% White) and for the Black (n = 2,685) and White (n = 3,738) subsamples. Female
percentages were similar across the sample (48%) and Black (49%) and White (47%)
subsamples. As seen in Table 3, Black students on average reported higher scores on 12
(43%) of the 28 CSS items retained in this study. The average score differences (i.e., the
mean of the differences between mean Black and White subgroup scores) between the
two subgroups for items on which Black students reported higher mean scores (n = 12
items; Mpifr = 0.07, SDpir = 0.06) were lower than those for the items on which White
students reported higher scores (n = 16 items; Mpist = 0.10, SDpif = 0.07). In other words,
when Black students rated CSS items higher than White students the margin tended to be
smaller than when White students rated CSS items higher than Black students.

On average, White students scored roughly 25 percentile points higher in math,
and 23 percentile points higher in reading, than Black students on the Spring 2018-19
NWEA MAP assessment. These large MAP score disparities between Black and White
students are consistent with prior nationwide NWEA findings (e.g., Kuhfeld et al., 2021).
In terms of behavior, just over 38% of students in the FA sample received at least one
discipline referral, however 58% percent of Black students in the sample received one or
more referrals compared with 24% of White students. Similar disparities in discipline

referrals among Black and White JCPS students were reported by Hollands et al. (2022).
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Table 3

Descriptive Statistics for Full Analytic (FA) Sample and Black/White Subsamples

FA Sample Black Subsample  White Subsample

Category (n =6,423) (n=2,685) (n=3,738)

n (%) n (%) n (%)
Female 3,079 (48%) 1,308 (49%) 1,771 (47%)
Male 3,344 (52%) 1,377 (51%) 1,967 (53%)

M (SD) M (SD) M (SD)
MAP Math Percentile 45.15 (29.36) 30.45 (25.05) 55.69 (27.64)
MAP Reading Percentile 50.84 (29.50) 37.28 (27.55) 60.54 (26.91)
Discipline Referrals 2.09 (5.03) 3.68 (6.52) 0.94 (3.11)

M (SD) M (SD) M (SD)
CSSltem 1 2.29 (1.00) 2.20 (1.04) 2.36 (0.96)
CSS Item 2 2.94 (0.84) 2.85 (0.89) 3.01 (0.79)
CSS Item 3 3.03 (0.83) 3.01 (0.86) 3.04 (0.81)
CSS Item 4 2.87 (0.78) 2.86 (0.81) 2.89 (0.77)
CSS Item 5 3.39(0.73) 3.33(0.79) 3.43 (0.68)
CSS Item 6 2.89 (0.92) 2.81(0.91) 2.94 (0.92)
CSS Item 7 3.00 (0.712) 3.02 (0.73) 2.99 (0.69)
CSS Item 8 3.12 (0.71) 3.15(0.73) 3.10(0.70)
CSS Item 9 2.77 (0.85) 2.72 (0.87) 2.81 (0.83)
CSS Item 10 2.62 (1.00) 2.45 (1.03) 2.75 (0.96)
CSS Item 11 3.19 (0.73) 3.14 (0.75) 3.22 (0.72)
CSS Item 12 3.19 (0.71) 3.20 (0.71) 3.18 (0.71)
CSS Item 13 3.05 (0.73) 3.01 (0.75) 3.07 (0.72)
CSS Item 14 2.93 (0.76) 2.90 (0.79) 2.95 (0.73)
CSS Item 15 2.94 (0.79) 2.88 (0.83) 2.98 (0.75)
CSS Item 16 2.90 (0.77) 2.88 (0.79) 2.91 (0.75)
CSS Item 17 2.95 (0.69) 2.96 (0.71) 2.94 (0.68)
CSS Item 18 2.43 (0.89) 2.44 (0.92) 2.42 (0.86)
CSS Item 19 3.13(0.71) 3.07 (0.74) 3.17 (0.68)
CSS Item 20 2.47 (0.93) 2.57 (0.94) 2.40 (0.91)
CSS Item 21 2.91 (0.86) 2.93 (0.86) 2.89 (0.86)
CSS Item 22 3.04 (0.81) 2.98 (0.84) 3.09 (0.78)
CSS Item 23 3.20 (0.712) 3.19 (0.74) 3.21 (0.68)
CSS Item 24 2.97 (0.84) 3.05 (0.83) 2.91 (0.85)
CSS Item 25 2.97 (0.79) 3.00 (0.81) 2.95 (0.77)
CSS Item 26 3.18 (0.73) 3.21 (0.75) 3.16 (0.72)
CSS Item 27 2.88 (0.77) 2.97 (0.78) 2.81 (0.76)
CSS Item 28 3.00 (0.74) 3.04 (0.76) 2.97 (0.72)

Note. CSS = Comprehensive School Survey; MAP = NWEA Measures of Academic
Progress; M = mean; SD = standard deviation. See Table 2 for CSS item details.
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Research Question 1

Demographics of the random FA-EFA (n = 2,801, 50% Female, 44% Black) and
random FA-CFA (n = 3,622; 47% Female, 40% Black) subsamples were similar (+/- 2
percentage points) to those of the overall FA sample (see Table 3 for FA sample details).
A Priori CFA Model

To assess empirical support of the proposed dimensions of the CSS middle school
student version, | first conducted CFA of the a priori model on the FA-CFA subsample
(Table 4, Model M1). Model M1 included the seven factors (22 items) shown in Table 2
comprised of three or more items each; Caring Environment, Curriculum, Success Skills,
Personal Safety, School Belonging, School Resources, and Teaching. Model M1 fit was
adequate, however its covariance matrix was not positive definite due to an inadmissible
correlation (r = 1.03) between Curriculum and Teaching. Modification indices suggested
correlating error terms for Items 8 and 26. The modification seemed conceptually
plausible, given similar language between Item 8 (“The activities (work) my teachers
give us really makes me think”) and Item 26 (“My teachers give me challenging work™).

As seen in Table 4, the 7-factor Model M1a with correlated error terms for Items
8 and 26 demonstrated adequate fit (RMSEA = 0.05; CFI = 0.97; SRMR = 0.03).
Although Model M1a had acceptable fit, Curriculum was highly correlated with
Teaching (r = 0.94), Success Skills (r = 0.90), and School Resources (r = 0.89). The
strong correlations suggested that these four factors could be combined into a single
factor. Conceptually, these four factors appear to represent a school’s Instructional

Environment and combining them would simplify CSS score reporting for JCPS.
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Table 4

A Priori CFA Model Fit Comparisons (FA-CFA Sample)

Model Factors Items 22 (df) RMSEA [95% CI] CFl  SRMR
M1 7 22 Covariance matrix not positive definite
M1la 7 22 1984.30* (187) 0.05*[0.059,0.054] 0.97 0.03
M2 (preferred) 4 21 2474.15*(183) 0.06 [0.057,0.061] 0.96 0.04

Note. CFA = confirmatory factor analysis; df = degrees of freedom; RMSEA = root mean
square error of approximation; CFl = Comparative Fit Index; SRMR = standardized root
mean square residual.
*p <.05

Therefore, | analyzed Model M2, a 4-factor version of Model M1a that combined
Curriculum, Teaching, Success Skills, and School Resources into a single factor called
Instructional Environment?. Given JCPS’ intent to reduce respondent burden, Model M2
also eliminated Item 26 rather than correlating error terms with Item 8. As reported in
Table 4, the 4-factor, 21-item Model M2 had acceptable model-data fit (RMSEA = 0.059;
CFI =0.96; SRMR = 0.04) and factor correlations ranged from r = 0.63 to 0.82. Although
the fit criteria slightly supported Model M1a versus M2, the models were not nested,
precluding the recommended DIFFTEST model comparison test (Muthén & Muthén,
2017). However, the relative dimensional parsimony (i.e., four versus seven factors) of
Model M2 and the inclusion of two factors with at least four items each might be
preferred for both analytic (i.e., model identification and/or convergence) and practical

(i.e., score reporting) reasons. Thus, although either model might have been chosen based

on model fit criteria, for the purposes here, 1 used Model M2 in the analyses that follow.

2 Thanks to Tamara Lewis of JCPS for suggesting this name.
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Exploratory Factor Analysis

Given an acceptably fitting a priori CFA Model M2, | could have bypassed the
EFA-CFA model selection procedure altogether. However, M2 omitted six CSS items
prior to analysis and combined four factors into a single factor, thus it seemed possible
that EFA might support a CFA model retaining more of the 28 items included here.
Specifically, I hoped that the EFA-indicated CFA model would include only factors with
at least four items each. Therefore, | compared the fit of EFA models with 1-5 factors,
omitting the redundant Item 26. Initial analysis revealed that the strongest loading (i.e., |
>0.32 |) for Item 1 tended to be negative, despite reverse-coded scores. Given that Item 1
was the only negatively-worded item on the CSS, it is likely that some, or perhaps many,
respondents did not adjust their responses accordingly. Thus, | also excluded Item 1 from
the EFA, resulting in a total of 26 items included.
Table 5

EFA Model Fit Comparisons (FA-EFA Sample)

Model  Factors  Item 22 (df) RMSEA CFI SRMR DIFFTEST?®

1-factor 1 26 7385.34* (299) 0.09 0.89 0.06

2-factor 2 26 4388.31* (274) 0.07 0.93 0.05 2-factor
3-factor 3 26 2617.00* (250) 0.06 0.96 0.03 3-factor
4-factor 4 26 2017.28* (227) 0.05 097  0.03 4-factor
5-factor 5 26 1413.35* (205) 0.05 .98 0.02 5-factor

Note. EFA = exploratory factor analysis; df = degrees of freedom; RMSEA = root mean
square error of approximation; CFl = Comparative Fit Index; SRMR = standardized root
mean square residual; DIFFTEST = corrected chi square difference test (Muthén &
Muthén, 2017). a — column lists the DIFFTEST preferred n factor vs. n-1 factor models.
*p<.05

As seen in Table 5, the 5-factor EFA model is preferred in terms of fit criteria and

DIFFTEST (5-factor vs. 4-factor; y?(22) = 498.87, p < 0.001). No items loaded > 0.32
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onto factor F5, thus | estimated 4-factor CFA Model E4 indicated by EFA. The 21 items
shared between Models M2 and E4 had the same primary loadings (see Table 6) and no
additional items loaded to Personal Safety or School Belonging. Crucially, CFA of the
26-item, 4-factor model (FA-CFA sample) did not produce acceptable fit (RMSEA =
0.64, CFI =0.946, SRMR = 0.04). Because Model M2 demonstrated acceptable fit
without modification, | used it throughout the remainder of the study.

Table 6

CSS Model M2 Factor Loadings, Structure Coefficients, and Residual Variances

Caring Instructional Personal School

CSS Item Environment  Environment Safety Belonging RV
Item 2 0.77 (0.63) (0.56) (0.62) 0.41
Item 3 0.65 (0.53) (0.47) (0.52) 0.58
Item 4 0.85 (0.70) (0.61) (0.68) 0.29
Item 5 0.63 (0.52) (0.45) (0.50) 0.61
Item 6 (0.44) 0.53 (0.33) (0.36) 0.72
Item 7 (0.63) 0.76 (0.48) (0.51) 0.42
Item 8 (0.53) 0.65 (0.40) (0.43) 0.58
Item 11 (0.59) (0.51) 0.82 (0.54) 0.33
Item 12 (0.57) (0.50) 0.79 (0.53) 0.37
Item 13 (0.65) (0.56) 0.90 (0.60) 0.19
Item 14 (0.51) (0.43) (0.43) 0.64 0.59
Item 15 (0.67) (0.56) (0.56) 0.84 0.30
Item 16 (0.71) (0.60) (0.59) 0.89 0.21
Item 19 (0.49) 0.60 (0.37) (0.40) 0.64
Item 20 (0.49) 0.60 (0.37) (0.40) 0.64
Item 21 (0.50) 0.60 (0.38) (0.41) 0.64
Item 23 (0.59) 0.72 (0.45) (0.48) 0.49
Item 24 (0.47) 0.58 (0.36) (0.39) 0.67
ltem 25 (0.57) 0.70 (0.44) (0.47) 0.51
Item 27 (0.52) 0.64 (0.40) (0.43) 0.59
ltem 28 (0.57) 0.70 (0.44) (0.47) 0.51
Ordinal a®? 0.81 0.88 0.86 0.82

Note. CSS = Comprehensive School Survey; Standardized (STDY X) loadings in bold;
Structure Coefficients in parentheses; RV = residual variance; Model estimated using FA-
CFA subsample. a — Chalmers (2018) warns against interpreting ordinal o as a reliability
statistic; b — Turner et al. (2017) recommend not reporting confidence intervals.
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Research Question 2

Based on CFA Model M2, the second research question asked whether the
model’s four factors and 21 items adequately address the five domains (safety,
interpersonal relationships, teaching and learning, institutional environment, and social
media) of school climate, as defined by the NSCC (2020, 2021). To assess domain
coverage, | relied on the rubric shown in Figure 1. As mentioned earlier, the author and
another experienced researcher independently indicated the corresponding NSCC
domain(s) for each CSS item. For the purpose of assessing domain coverage, only those
domains indicated by both raters for an item were considered to indicate coverage.
Table 7

CSS Model M2 Items and Factors by NSCC School Climate Domains

NSCC Domain CSS Model M2 Items CSS Model M2 Factors
Safety 11,12,13 Personal Safety
2,3,5 Caring Environment
Interpersonal relationships 14,15, 16 School Belonging
24 Instructional Environment
Teaching and learning 6,7,8,23,25,27,28 Instructional Environment
4 Caring Environment
Institutional environment 15, 16 School Belonging
19, 20, 21 Instructional Environment
Social Media None None

Note. CSS = Comprehensive School Survey; NSCC = National School Climate Center;
Domains indicated by NSCC (2020, 2021).

As seen in Table 7, both independent raters indicated that the items and factors
comprising Model M2 reflected elements of four out of five NSCC (2020, 2021) school
climate domains, social media excepted. Among M2’s factors Personal safety exhibited
the best alignment, with its three items mapping 1:1 to the NSCC’s safety domain. Per

the raters, the items comprising School Belonging addressed elements of interpersonal
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relationships and institutional environment, and Model M2’s combined Instructional
Environment factor reflected those two NSCC domains plus teaching and learning.

From a dimensional standpoint, the three CSS Personal Safety items address
elements of the NSCC’s (2020, 2021) physical and social-emotional security dimension
of safety, but not rules and norms. Items from School Belonging and Instructional
Environment reflect elements of social support-students but do not explicitly reflect
respect for diversity or social support-adults. Caring Environment items, on the other
hand, addresses social support-adults but not the other two interpersonal relationship
dimensions. The CSS items comprising School Belonging and Caring Environment
reflect school connectedness/engagement from the institutional environment domain,
although representation of social inclusion or physical surroundings dimensions is not
explicit. Instructional Environment addresses only the physical surroundings dimension
of the institutional environment domain, along with both dimensions (support for
learning, social and civic learning) from the NSCC’s teaching and learning domain.
Research Question 3

To examine whether scoring differences on the four subscales of CSS Model M2
can be meaningfully interpreted, | used the alignment method in Mplus to assess M1 (e.g.,
Asparouhov & Muthén, 2014). The prerequisite for alignment is a well-fitting configural
model. Model M2 using the full FA sample (n = 6,423) met the established fit criteria
(RMSEA = 0.057; CFI = 0.96; SRMR = 0.04). Mplus allows for alignment of multiple
factors concurrently (e.g., Marsh et al., 2018), however the covariance matrix for the four
factors comprising Model M2 was not positive definite when estimating all four factors

(21 items) simultaneously. Therefore, | followed Muthén’s (2017) recommendation for
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such cases by aligning each factor separately to assess MI and obtain aligned factor
scores for the 30 school x race groups under investigation here.

The respective alignment procedures for Caring Environment, Instructional
Environment, and Personal Safety produced no errors or interpretability issues. The
covariance matrix of School Belonging, however, was found not positive definite due to a
negative residual variance (RV; i.e., Heywood case) on Item 15 for two subgroups.
Although Mplus permits fixing RV=0 to overcome this issue, Muthén (2014) suggests
doing so is suboptimal and instead recommends changing the model. In this case,
however, the 3-item School Belonging factor was just identified, thus substantive model
alterations were not possible. Therefore, despite the purported advantage of the alignment
method versus MGCFA in obtaining parameter estimates without reliance on
modification indices (Asparouhov & Muthén, 2014; Marsh et al., 2018), | conducted the
School Belonging alignment with the residual variance of item 15 fixed to zero. Any
resulting validity evidence for School Belonging, however, was considered weaker than if
no modifications were required.

Table 8

CSS Model M2 Alignment Measurement Invariance Results

Item Fit Function Groups with Minimum Maximum
Parameter Contribution  R? Approx. Ml M SD Est. School Est. School
CarEnv

Loading

Item2 -155.96 0.67 30 1.00 0.07 0.85 W 1.12 13B
Item3 -170.53 0.21 30 1.00 0.11 0.60 5B 1.14 W
Item4 -177.66 0.08 30 1.00 0.11 0.79 oW 1.18 3B
Item5 -205.39 0.06 29 1.00 0.23 0.06 1B 1.25 14W
Intercept

Iltem2 -189.44 0.63 29 0.30 0.14 -0.05 15B 0.59 8W
Item3 -189.08 0.05 28 0.29 0.5 -0.09 10W 0.75 6B
Iltem4 -177.33 0.59 30 0.29 0.12 0.06 5W 0.59 3B
Item5 -197.42 0.50 29 0.30 0.17 -0.23 4B 0.58 15W
Sum -1,462.81 235 (98%)
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Item Fit Function Groups with Minimum Maximum
Parameter  Contribution  R? Approx. Ml M SD Est. School Est. School

InstEnv

Loading

Item6 -191.21 0.26 30 1.00 0.15 0.74 15B 1.33 9B
Item7 -172.84 0.43 30 1.00 0.11 0.80 1B 1.23 1AW
Item8 -193.74 0.29 30 1.00 0.16 0.62 12B 1.26 1AW
ltem19 -201.28 0.18 30 1.00 0.17 0.57 5B 1.38 15w
Item20 -183.70 0.00 30 1.00 0.13 0.78 13B 1.24 11B
Item21 -197.99 0.24 30 1.00 0.16 0.72 W 1.27 11B
Item23 -182.08 0.30 30 1.00 0.13 0.80 15W 1.37 5B
ltem24 -184.58 0.26 30 1.00 0.14 0.66 9B 1.25 W
Item25 -164.31 0.40 30 1.00 0.08 0.80 4w 1.12 4B
Item27 -176.89 0.47 30 099 0.11 0.81 3B 1.23 11B
Item28 -156.50 0.50 30 1.00 0.07 0.87 3B 1.16 4B
Intercept

Item6 -246.05 0.07 26 032 029 -0.22 8B 1.05 10W
Item7 -163.81 0.84 30 0.32 0.08 0.19 4B 0.50 3B
Item8 -194.75 0.50 30 032 016 -0.10 2w 0.66 6B
Item19 -257.09 0.07 24 031 032 -0.53 15B 0.54 3B
Item20 -256.35 0.44 26 032 031 -052 6W 0.77 4B
ltem21 -273.85 0.32 22 0.33 037 -0.44 oW 1.09 W
Item23 -186.60 0.60 28 0.32 0.13 0.11 1B 0.62 14W
ltem24 -204.42 0.59 30 031 018 -0.18 6W 0.62 11B
Item25 -182.90 0.76 30 0.32 0.13 0.03 6B 0.50 5w
ltem27 -223.21 0.52 26 032 022 -0.05 ow 0.70 13B
Item28 -165.66 0.74 30 0.32 0.09 0.15 3B 0.52 9w
Sum -4.359.79 632 (96%)

PersSaf

Loading

ltem11 -171.31 0.46 30 1.00 0.10 0.80 10W 1.26 1B
ltem12 -172.77 0.29 30 1.00 0.11 0.80 7B 1.39 15B
ltem13 -167.19 0.66 30 0.99 0.09 0.73 15B 1.22 8W
Intercept

ltem11 -155.74 0.91 30 0.27 0.06 0.15 5B 0.35 6B
ltem12 -166.04 0.80 29 0.26 0.10 -0.12 14W 0.43 9B
ltem13 -182.78 0.80 29 0.26 0.13 -0.02 13B 0.45 4W
Sum -1,015.83 178 (99%)
SchBel

Loading

ltem14 -148.23 0.81 30 1.00 0.05 0.77 8B 1.09 3B
Item15 -167.72 0.07 30 1.00 0.10 0.84 12W 1.28 5B
Item16 -181.87 0.39 30 099 014 0.70 15B 1.35 W
Intercept

ltem14 -157.83 0.88 30 0.11 0.07 -0.06 6w 0.24 8B
ltem15 -153.78 0.82 30 0.11 0.06 -0.01 1B 0.26 6W
Item16 -190.82 0.53 29 0.10 0.16 -0.14 9B 0.61 15B
Sum -1,000.25 179 (99%)

Note. CSS = Comprehensive School Survey; MI = measurement invariance; M = mean;
SD = standard deviation; Est. = estimate; CarEnv = Caring Environment; InstEnv =
Instructional Environment; PersSaf = Personal Safety; SchBel = School Belonging; B =
Black student subgroup; W = White student subgroup.
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Table 8 provides alignment results for each of the four factors retained in CSS
Model M2. I used the fixed option for each of the four separate alignment procedures,
specifying the group with factor mean closest to zero as the referent for each respective
factor; Caring Environment — School 12W(hite), Instructional Environment — School
10B(lack), Personal Safety — School 5W, and School Belonging — School 4W. As seen in
Column 4, just over 69% of item parameters were invariant across all 30 groups. Overall,
the percentages of invariant parameters ranged from to 96% (Instructional Environment)
to 99% (Personal Safety, School Belonging). In total, only 3% of item parameters (mostly
intercepts, with one exception) were noninvariant across the four factors. The percentage
of parameter noninvariance was well under the 25% threshold suggested by Asparouhov
and Muthén (2014) for ensuring trustworthiness of alignment results.

Based on total (i.e., sum of loading and intercept) item fit function contribution
shown in Table 8, Column 2, items 2, 28, 11, and 15 contributed the least amount of
noninvariance to Caring Environment, Instructional Environment, Personal Safety, and
School Belonging, respectively, whereas items 5, 21, 13, and 16 contributed the most
noninvariance to those factors. The R? value shown in Column 3 is a relative measure of
invariance based on across-group parameter variations in the configural model, with
values closer to 1.00 indicating higher levels of invariance. R? values ranged from 0.00
(item 20) to 0.81 (item 28) for loadings and from 0.05 (item 6) to 0.91 (item 11) for item
intercepts. With three exceptions (due to rounding) mean factor loadings across the 30
groups for each factor were 1.00 and mean intercepts ranged from -0.23 (4B) to 0.75

(6B), -0.53 (15B) to 1.09 (7W), -0.12 (14W) to 0.45 (4W), and -0.14 (9B) to 0.61 (15B)
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for Caring Environment, Instructional Environment, Personal Safety, and School
Belonging, respectively (see Table 8, Columns 7-10).
Table 9

CSS Model M2 Aligned Factor Means

Caring Environ. Instr. Environ. Personal Safety School Belonging
School Mean School Mean School Mean School Mean
12W 0.00 8B 0.08 5W? 0.00 14W2 0.22
TWe -0.05 10B 0.00 4B -0.01 10W? 0.22
8W -0.05 8W -0.01 TWe -0.03 8B 0.16
5W? -0.05 W -0.12 11We -0.04 3B 0.08
10w -0.11 12w -0.13 12W -0.04 8w 0.07
14W? -0.13 12B -0.15 4W -0.05 15W? 0.05
8B -0.13 10W -0.17 8B -0.08 3W 0.03
3wW -0.17 2B? -0.22 8W -0.09 W 0.01
12B -0.19 3B -0.24 15W -0.09 10B? 0.01
11W -0.23 14B -0.25 12B -0.12 11We 0.00
3B -0.24 1B -0.26 14B -0.13 4W 0.00
11B -0.24 4W -0.27 10W -0.14 12w 0.00
4W -0.25 7B -0.29 15B -0.17 5B -0.05
15W -0.26 5B -0.30 14W -0.21 6B -0.07
13W -0.28 4B -0.36 10B -0.21 12B -0.10
S\ -0.31 14W -0.38 3B -0.22 5W -0.10
4B -0.32 15B -0.40 3wW -0.25 1B -0.11
7B? -0.33 5W -0.41 1B -0.30 14B? -0.11
10B -0.34 11B?2 -0.41 e\ -0.31 e\ -0.14
1B -0.34 3w -0.45 1w -0.32 7B -0.17
13B -0.36 15W -0.48 11B? -0.33 11B? -0.20
1w -0.36 13B -0.50 5B -0.37 2B -0.20
2B -0.37 6B -0.51 7B? -0.38 1w -0.21
14B2 -0.39 oW -0.55 13W -0.42 4B -0.21
15B -0.40 1We -0.56 2B -0.43 13W -0.24
5B? -0.43 2We -0.57 13B -0.44 15B? -0.25
2W -0.44 9B -0.60 9B -0.46 9B -0.27
6W -0.45 11W? -0.65 6B? -0.53 13B -0.31
9B -0.48 6W -0.66 2W -0.61 2W -0.32
6B -0.48 13W -0.71 6W? -1.10 6W -0.33

Note. CSS = Comprehensive School Survey; B = Black student subgroup; W = White
student subgroup; a — within-school subgroup mean differences were statistically
significant (p < 0.05).
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Table 9 presents aligned CSS Model M2 group factor means for the 30 school x
race groups, with the mean scores sorted in descending order for each of the four factors.
The M1 evidence just discussed suggests that CSS factor score differences between the
Black and White subgroups can be meaningfully interpreted. On average, aligned group
factor means for Instructional Environment were higher for Black middle school student
subgroups (Mie = -0.29, SDie = 0.18) than those of their White middle school student
peers (Mie = -0.41, SDie = 0.22) in the 15 schools included in this study. The opposite
was true for Caring Environment, Personal Safety, and School Belonging, with the mean
of means favoring White students (Mce = -0.21, SDce = 0.15; Mps = -0.25, SDps = 0.29;
Msg = -0.05, SDsg = 0.17) versus Black students (Mce = -0.34, SDce = 0.10; Mps = -0.28,
SDps = 0.16; Msg = -0.12, SDsg = 0.13). Aligned factor means seen in Table 9 were
highly correlated with item summed scores for Caring Environment (r = .99), Personal
Safety (r = .99), Instructional Environment (r = .98), and School Belonging (r =.99).

As seen in Table 9, nearly three-quarters of the top half of Caring Environment
(and 60% of Personal Safety and School Belonging) group factor means were from White
middle school student subgroups whereas two-thirds of the top half of Instructional
Environment group factor means were for Black student subgroups. Mplus provides tests
of statistical significance (a« = 0.05) for aligned factor mean differences, which allowed
me to compare within-school scoring differences between the two subgroups. White
middle school students reported statistically significantly higher Caring Environment
than their Black same-school peers in three schools (5, 7, 14). Black students reported
significantly higher Instructional Environment scores than White students in three

schools (1, 2, 11). White students’ aligned Personal Safety factor mean scores were
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significantly higher than their Black same-school in three schools (5, 7, 11), whereas
Black students’ aligned Personal Safety factor means were higher than their White
counterparts in School 6. Finally, statistically significant aligned School Belonging factor
mean differences favored White students in four schools, namely 10, 11, 14, and 15.
Table 10

Alignment Monte Carlo Simulated Factor Mean Correlations

Group Size
n =250 n=500 n=1000 n=2000 n=3,000
Factor ré ré re ré ré
Caring Environment .88 .93 .97 .98 .99
Instructional Environ. .93 97 .98 .99 .99
Personal Safety .96 975 .99 .99 .996
School Belonging .92 .95 .97 .99 .98

Note. CSS = Comprehensive School Survey; a — correlation between population factor
mean and Monte Carlo (n = 100 repetitions) estimates using real data parameters as
starting values. Correlations in bold met Muthén and Asparouhov’s (2014) criteria for
trustworthiness of alignment results (r >.98).

| followed Munck et al.’s (2018) approach by conducting Monte Carlo
simulations to assess potential bias in alignment estimates despite total item parameter
noninvariance well below 25% in this study. Muthén and Asparouhov (2014) recommend
simulations when >25% of item parameters are noninvariant but Munck et al. recommend
them in all cases. As reported in Table 10, results were mixed. Overall, half of the 20
correlations between population and average simulated factor means, including 60% of
correlations for Caring Environment and School Belonging, were below the .98 threshold
recommended by Muthén and Asparouhov (2014) for obtaining unbiased group factor
means and variances. None of the correlations for simulated group sizes of 250 or 500,

those closest to the actual group sizes in the study (M = 214.10, Nmin = 124, Nmax = 403),

met the criteria. As such, at least some caution is warranted when interpreting group
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mean differences on the four CSS factors in Model M2, especially Caring Environment
and School Belonging. However, the alignment M1 evidence on the whole supported,
though not conclusively so, interpretability of CSS factor mean differences between
school x race groups. Therefore, | proceeded with the analyses.

Table 11

Means, Standard Deviations, and Correlations with 95% Cls for MLM Variables

Variable M SD 1 2 3 4 5 6
1. Math 45.15 29.36
. 81*
2. Reading  50.84 29.50 [.80, .82]
-30*  -31*

3. Referrals ~ 2.09  5.03 [-.32,-.27] [-.33.-.28]

.28* 26*  -.16%
[.26,.31] [.24,.29] [-.18,-.13]
-08* -.08* -02 49*
[-.11,-.06] [-.10,-.05] [-.00, .04] [.47, .51]
A1* A0* -.07* 67* 45*
[.08,.13] [.07,.12] [-.10,-.05] [.66,.69] [.43,.47]
.36* 31*  -16% 67* 51* 59*
/. Schiel 006 015 337081 20, 33] [-18.-13] [.66..69] [49, 53] [58,.61]
Note. CI = confidence interval; MLM = multilevel model; M = mean; SD = standard
deviation; Math, Reading = NWEA MAP math, reading percentiles; CarEnv = Caring
Environment; InstEnv = Instructional Environment; PersSaf = Personal Safety; SchBel =
School Belonging.
*p < .05.

4. CarEnv -0.25 0.14

5. InstEnv -0.35 0.21

6. PerSaf -0.24 0.22

Research Question 4 and 5

To assess the predictive validity of aligned CSS factor means, | computed
separate multilevel regression models for NWEA MAP math and reading test percentiles
(Research Question 4) and discipline referrals (Research Question 5). Prior to estimating
MLMs, | examined relationships among the continuous variables included in the MLMs
for preliminary evidence of predictive validity. Table 11 shows the means, standard

deviations, and correlations for the continuous variables included in MLMs.
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Table 12

MLM Selection for MAP Math & Reading Percentiles, Discipline Referrals

ANOVA

Model AIC BIC Versus 22 (df)
NWEA MAP Math

Null (no predictors) 60,017 60,037

Null + L1 58,790 58,824 Null 1230.40* (2)

Null + L1a 58,786 58,826 Null + L1 7.04* (1)

Null + Lla+ L2 58,579 58,647 Null + L1a 214.41* (4)
NWEA MAP Reading

Null (no predictors) 60,282 60,302

Null + L1 59,215 59,248 Null 1071.60* (2)

Null + L1a 59,214 59,255 Null + L1 2.37 (1)

Null + L1 + L2 59,040 59,101 Null + L1 182.11* (4)
Discipline Referrals

Null (no predictors) 20,752 20,773

Null + L1 19,964 19,998 Null 792.28* (2)

Null + L1a 19,950 19,991 Null + L1 15.49* (1)

Null + L1la+ L2 19,886 19,953 Null + L1a 72.28* (4)

Note. MLM = multilevel model; L1 = Race + Sex; L1a = Race + Sex + Race*Sex; L2 =
Caring Environment + Instructional Environment + School Belonging + Personal Safety
(all grand mean centered; AIC = Akaike information criterion; BIC = Bayesian
information criterion; ANOVA = analysis of variance; df = degrees of freedom.
*p<.05

All correlations were statistically significant (p < .01), with one plausible
exception between discipline referrals and Instructional Environment factor means. Math
and reading test percentiles were highly positively correlated (r = .81) and each was
moderately negatively correlated with referrals (r = -.30, -.31, respectively). Nearly all
correlations of interest were in the expected direction (i.e., CSS factor means positively
correlated with math and reading and negatively correlated with referrals), providing
baseline evidence supporting the predictive validity of aligned CSS factor means for

Caring Environment, Personal Safety, and School Belonging. Unexpectedly, however,

Instructional Environment was negatively correlated with both math and reading test
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percentiles. Although the magnitude of the correlation (i.e., effect size) is small, this
surprising finding is practically significant and warrants further discussion below.
Table 13

Multilevel Regression Results

Math Percentile Reading Percentile Discipline Referrals

Parameter? S SE S SE S SE
Fixed Effects

Race (W) 9.15* 1.63 9.10* 1.52 -1.43* 0.14
Sex (M) -1.20* 0.96 -5.42* 0.65 0.43* 0.08
Race*Sex 2.95* 1.26 0.48* 0.11
Caring Env. 29.96* 7.26 36.47* 7.49 -0.24 0.62
Instructional Env. -47.06* 5.31 -44.11* 5.37 1.26* 0.47
Personal Safety -4.70 3.52 -1.29 3.62 -0.47 0.30
School Belonging 54.02* 4.52 46.55* 4.67 -2.52* 0.39
Random Effects SD SD SD
Intercept 6.43 5.71 0.48
Residual 24.63 25.62 4.75
Dispersion Parameter 10.40

Note. g = regression coefficient; SE = standard error; W = White; M = Male; SD =
standard deviation; a — aligned CSS factor means grand mean centered in all models.
*p < .05.

Next, | obtained ICCs for multilevel regression models (no predictors) for NWEA
MAP math (ICC = 0.11, DE = 24.64) and reading (ICC = 0.08, DE = 17.81) test
percentiles, and discipline referrals (ICC = 0.03, DE = 6.54). Based on DE > 1.5 for each
baseline model, | proceeded with the model estimation process by first adding Level 1
predictors and then Level 2 predictors. As seen in Table 12, statistically significant
ANOVAs favored random intercept models with Level 1 and 2 predictors versus models
with only Level 1 predictors and null models (no predictors) for MAP math and reading
percentiles and discipline referrals. Table 13 provides details the three preferred MLMs,

which included the race by sex interaction term for math and referrals, but not for reading

(see Table 12 for model comparison results). Referrals were overdispersed (dispersion
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parameter = 10.40), supporting my use of gimmTMB( ) with negative binomial (NB2)
specification (e.g., Rowe, 2022). Visual inspection of fitted vs. residual and QQ plots
(e.g., Palmeri, 2016) for the preferred MAP models did not reveal violations of
homogeneity of variance or normal distribution of residuals assumptions. | used the R
package DHARMa (Hartig, 2022) to test assumptions of the preferred discipline referral
MLM. Zero-inflation was not detected (p =.76), and neither the QQ plot nor the fitted
versus residuals plot revealed statistically significant deviations.

As observed in the pattern of bivariate correlations, statistically significant
multilevel regression coefficients in the expected positive direction in the MAP math
model supported the predictive validity of Caring Environment (4 = 29.96, SE = 7.26,
95% CI [15.72, 44.22]) and School Belonging (8 = 54.02, SE = 4.52, 95% CI [44.98,
63.04]) aligned group factor means. MAP reading MLM results indicated similar
statistically significant predictive validity of aligned group factor means for Caring
Environment (8 = 36.47, SE = 7.49, 95% CI [21.76, 51.22]) and School Belonging ( =
46.55, SE = 4.67, 95% CI [37.16, 55.90]). The negative coefficient in the referrals model
indicates that increased School Belonging (5 = -2.52, SE = 0.39, 95% CI [-3.29, -1.75])
was also associated with statistically significantly decreased odds of receiving a
discipline referral. The regression coefficients for Personal Safety were not statistically
distinguishable from zero in any of the three preferred models. Surprisingly, increased
perceptions of Instructional Environment were statistically significantly associated with
lower math (5 = -47.06, SE = 5.31, 95% CI [-58.01, -36.39]) and reading ( = -44.11, SE
=5.37, 95% CI [-55.24, -33.36]) test percentiles, and increased odds of receiving a

discipline referral (8 = 1.26, SE = 0.47, 95% CI [0.34, 2.17]).
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Figure 2 shows prediction estimates with 95% prediction intervals for each of the
three MLM outcomes (MAP math and reading test percentiles and discipline referrals)
for each of the 30 school x race groups. Prediction intervals for MAP math and reading
models were obtained via the predictinterval( ) command in the R package merTools
(Knowles & Frederick, 2020). Discipline referral prediction intervals were computed
manually from standard errors obtained via the gimmTB( )::predict( ) command.

The regression coefficients reported in Table 13 should not be interpreted in the
usual way (i.e., a one unit increase in an aligned group factor mean was associated with a
/3 percentile point change in MAP scores or an Exp(f) change in the odds of receiving a
referral). First, the aligned factor means provided by Mplus are not reported in the same
units as standard CSS summed or mean factor scores, hindering the clear interpretation of
a one unit change (e.g., Munck et al., 2018). Second, the entire range (maximum value -
minimum value) of aligned group factor means for Caring Environment [-0.48, 0.00],
Instructional Environment [-0.71, 0.08], and School Belonging [-0.33, 0.22], was only
0.48, 0.79, and 0.55 units, respectively (see Table 9 for details). As such, the magnitude
of the coefficients can be misinterpreted to imply that small changes in CSS group mean
scores are associated with large changes in outcomes that are not possible. The purpose
here was to assess whether empirical evidence supports the predictive validity of aligned
CSS school x race group factor means and not to establish precise relationships with the

three outcome variables.
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Figure 2

95% Prediction Intervals for MAP Math & Reading Percentiles, and Discipline Referrals
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DISCUSSION

Increasing recognition of the importance of school climate (e.g., Bradshaw et al.,
2021), combined with federal and state policy requirements to measure the construct
(Jordan & Hamilton, 2020) and the fragmented nature of school climate research (Grazia
& Molinari, 2022), has resulted in a proliferation of practitioner-developed school
climate instruments. Unfortunately, practitioner-developed measures often lack a solid
grounding in theory (Ramelow et al., 2015) and/or sufficient reliability and validity
evidence to support intended score interpretations and uses (Jordan & Hamilton, 2020;
Olsen et al., 2017). Scholars have also emphasized the need to measure school climate
equitably across racial/ethnic student groups (Bear et al., 2011; Zabek et al., 2022). To
address these gaps, Whitehouse et al. (2021) recently proposed a collaborative (i.e.,
researchers and practitioners) validity testing framework for practitioner-developed
school climate measures with no clear theory-grounding or Ml evidence to support the
instrument’s cultural responsiveness.

Whitehouse et al.’s (2021) suggested approach, however, suffers from the lack of
a clearly-defined method for rating item content, reliance on MGCFA to assess M1, and a
limited breadth of validity evidence recommended. Therefore, | sought to replicate and
extend their validity testing framework for practitioner-developed urban school climate
measures by (a) using a standardized rubric to assess content validity, (b) using the
alignment method to evaluate M1, and (c) assessing predictive validity. By applying the

extended validity testing framework seen in Table 14 to the CSS middle school student
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version, | also aimed to provide useful evidence to JCPS regarding the validity of

comparing CSS scores across Black and White middle school student groups and using

scores to inform continuous improvement of student learning (JCPS, 2018b, 2019a).

Table 14

Validity Testing Framework for Practitioner-Developed Instruments

Steps Practical Concerns Methods Standards?

1. Settle on a conceptualization that What do we want to Literature 1.1,1.11,

includes a definition, taxonomy, and measure? What are key ~ Review 4.0,4.1,4.4,

causal model. aspects? Relationships 4.7,4.8
with other outcomes?

2. Adapt a content validity rubric based  Are our survey questions Independent 1.9, 1.11,

on the definition and taxonomy of (items) consistent with expert 4.7,4.8

school climate from Step 1 and use the  the definition in Step 1?  ratings

rubric to assess item representativeness.

3. Determine the underlying factor Do our survey questions CFA, EFA-  1.13,1.14,

structure of the items retained in Step 2. work as desired? Dowe  CFA, 1.15,5.0,

The recommended is to first test model- need revisions? Which ESEM 5.1,5.2

data fit of an a priori CFA model. scores should we report?

4. Evaluate the internal consistency Are our survey scores Compute 1.14,2.0,

reliability of all retained factors based  reliable? reliability 23,219

on the dimensional structure found in coefficient

Step 3. (e.9., a, w)

5. Use the rubric from Step 2 to assess ~ Are we measuring what ~ Independent 1.9, 1.11,

domain coverage of the retained items ~ we want to measure? All  expert 1.25,4.12

and factors from Step 3, based on the key aspects? ratings

definition and taxonomy from Step 1.

6. Evaluate measurement invariance Should we compare Alignment, 3.0, 3.1, 3.2,

(M1) across groups of interest to scores between groups?  MGCFA, 3.3,3.6,

determine if group mean differences MLM 3.15, 3.16,

are interpretable. 3.17,4.13

7. Assuming acceptable MI, assess the Do our scores matter? Correlation, 1.5,1.16

predictive validity of group factor How do our scores relate  regression,

means on variables of interest included  to key outcomes in our MLM

in the causal model from Step 1. model from Step 1?

Note. CFA = confirmatory factor analysis; EFA = exploratory factor analysis; ESEM =
exploratory structural equation modeling; MGCFA = multigroup confirmatory factor
analysis, MLM = multilevel modeling. a — Standards refers to AERA et al. (2014).

Evidence found in this study for sufficient factorial validity and uneven content

validity agrees with findings from previous studies of practitioner-developed measures.
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Aligned CSS group factor means demonstrated acceptable MI, and both correlational and
MLM results supported the expected predictive validity of aligned group mean scores for
three of four factors. Overall, the updated framework proposed here (see Table 14) seems
advantageous to the original for gathering content, factorial, and predictive validity
evidence about practitioner-developed school climate instruments. The mixed results
reported above have implications for practice generally, research, and practices at JCPS
specifically. Following a discussion of these implications, I highlight limitations of this
study and suggest future directions before offering concluding remarks.
Implications for Practice and Research

The mixed findings here, combined with those of myriad other studies of
practitioner-developed school climate measures (e.g., Cohen & Thapa, 2017; Hamilton et
al., 2019; Ramelow et al., 2015; Zabek et al., 2022; Zullig et al., 2010) suggest that,
without expert assistance, practitioners should generally refrain from scale development,
including validity testing. Given widely available online tools, creating a school climate
survey is easy, but creating one whose scores can be reliably and validly interpreted and
used is not, even for experienced scale developers (e.g., Ryberg et al., 2020). When a
school climate instrument is not developed through a well-documented, standardized
process beginning with a clear conceptualization (e.g., Standards, Standard 4.0, 4.1, 4.4,
4.7, 4.8; c.f. Whitehouse et al., 2021), revising the measure in a similarly transparent and
regimented approach (e.g., Standards, Standard 4.24, 4.25) is not straightforward. In this
scenario, assessing the representativeness and domain coverage of the original items is
not possible and making ad hoc revisions runs the double risk of removing representative

items and adding items that are not necessarily related to the construct the scale is
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supposed to measure. Including or adding unrelated items unduly increases respondent
burden (e.g., Nathanson et al., 2013) whereas eliminating related items can hinder
factorial validity testing. Notably, all of these issues have negatively affected the CSS at
one time or another (e.g., Lewis, 2019).

Perhaps the most crucial scale creation mistake inexperienced scale developers
(e.g., practitioners) make is beginning without a clear underlying theoretical basis for
their construct of interest (c.f., Standards, Standard 1.1, 1.11). Some scholars (Kohl et al.,
2013; Olsen et al., 2017) recommend that scale developers choose the elements of school
climate they wish to measure when creating an instrument. Their suggestion, however,
assumes developers have first clearly defined school climate and reviewed existing
measures to determine if any are suitable for their intended purpose(s). If domains or
dimensions of school climate are unintentionally left unmeasured as a result of
unfamiliarity with existing research, rather than intentionally as a result of needs- and
research-based decisions, resulting scores may be insufficient for their desired uses
(Standards, Standard 1.25). Thus, Step 1 in the updated validity testing framework is to
settle on a conceptualization of school climate that includes all three elements (definition,
taxonomy, and causal model) suggested by Rudasill et al. (2018).

Whitehouse et al. (2021) recommend expert assessment of content validity (i.e.,
item representativeness and domain coverage), however their validity testing framework
provides little practical guidance on the process. The adapted content validity rubric used
in Steps 2 and 5 in this study (see Figure 1) is a simple tool that practitioners and scholars
alike can use to transparently assess the content validity of school climate instruments

(Standards, Standard 1.9, 1.11). Notably, the rubric, based on Difazio et al. (2018), is not

68



limited to school climate measures but can be easily adapted for use with scales intended
to measure other latent constructs. Ideally, two or more subject-matter experts will
independently rate content validity using the rubric (Standards, Standard 4.7, 4.8).

Previous research suggests uneven domain coverage can result when school
climate measures lack a solid grounding in theory (Ramelow et al., 2015). Based on
independent assessments using the adapted school climate content validity rubric, the 21
items and four factors composing the preferred CSS Model M2 found in Step 3 partially
addressed elements of four out of five school climate domains proposed by the NSCC
(2020, 2021). Given both the newness and limited theoretical and empirical basis for the
NSCC’s Social Media domain, the failure of the CSS to adequately address the domain is
not too concerning. However, Model M2’s items and factors did not provide coverage of
every dimension of the four more established NSCC domains and three of the model’s
factors addressed dimensions of multiple NSCC domains. Because the same set of items
(plus the redundant Item 26) comprised the acceptably fitting Model M1a, the choice of
preferred model did not affect my assessment of CSS item representativeness (Step 2) or
domain coverage (Step 5).

| caution here that although prior studies (Ramelow et al., 2015; Whitehouse et
al., 2021) used earlier versions of the NSCC’s (2020, 2021) conceptualization of school
climate as a basis for judging content validity, my choice to use the latest version here in
Step 1, though somewhat arbitrary, was necessarily consequential. Despite overlaps
between competing school climate definitions (Rudasill et al., 2018), using an alternative
conceptualization of school climate as the basis for assessing item representativeness and

domain coverage would likely affect the resulting content validity assessment, especially

69



for measures that were not developed using that particular definition and taxonomy. This
underscores the recommendation that all aspects of school climate scale development,
including validity studies, should begin with clearly defining the construct (e.g., Chirkina
& Khavenson, 2018; Kohl et al., 2013; Lewno-Dumdie et al., 2020; Olsen et al, 2017,
Schweig et al., 2019; Whitehouse et al., 2021).

Among the steps in my proposed validity testing framework, settling on a
definition and taxonomy of school climate (Step 1) and assessing content validity (Step 2,
Step 5) are certainly within the capabilities of most practitioners. However, the more
technical aspects such as factor analysis (Step 3, Step 4), examining Ml via the alignment
method, MGCFA, or MLM (Step 6), and various statistical analyses used to examine
predictive validity (Step 7) are unlikely within their purview. Educators’ unfamiliarity
with, and the technical sophistication of, the psychometric and validity literatures and
state-of-the-art methods for assessing reliability and validity (e.g., Schweig et al., 2019;
Whitehouse et al., 2021) severely limits their ability to gather and assess reliability and
validity evidence. Hence, scholars recommend practitioners partner with experienced
researchers to conduct validity studies of practitioner-developed measures (Nathanson et
al., 2013; Whitehouse et al., 2021).

Notably, JCPS has in the past followed that recommendation by partnering with
university researchers to conduct validity studies of the CSS (Rudasill & Rakes, 2008).
Unlike many districts, JCPS employs a team of trained researchers in its Division of
Accountability, Research, and Systems Improvement. The Research department has also
formally (Mufioz, 2008; Mufioz & Lewis, 2009) and informally investigated the CSS.

Unfortunately, however, the district’s standard practice of frequently revising the CSS
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rendered the findings of those validity studies essentially moot within a few years. If
practitioners prefer to regularly modify their school climate instruments, they should (a)
follow best scale development practices (e.g., de Leeuw et al., 2014), and (b) conduct
validity testing after each update, and (c) document the process and results (e.g., AERA
et al., 2014). One danger in the unfortunately common practice of referring to instruments
themselves as valid (e.g., Aldridge & Ala’l, 2013; Aldridge & McChesney, 2020; Kohl et
al., 2013, Olsen et al., 2017; Whitehouse et al., 2021) is that scale developers (and users)
may wrongly assume validity is an intrinsic property of their instruments (c.f., Messick,
1989, 1995; Kane 2013; Schweig et al., 2019) and forgo additional testing when needed,
such as after a revision.

Somewhat paradoxically, however, the issues just mentioned do not necessarily
imply that locally developed school climate instruments cannot or do not often exhibit at
least some good psychometric properties (e.g., Gage et al., 2016; Whitehouse et al.,
2021). On the one hand, when scale development is not transparent and the processes of
assessing reliability and validity evidence are not standardized and well-documented
(e.g., Standards, Standard 4.8, 4.10, 4.12, 4.13), appropriate uses and interpretations of
scores rely on chance, i.e., on untested or untestable assumptions, rather than evidence
(e.g., Jordan & Hamilton, 2020). For example, the 4-point Likert-type response scale
used in the CSS, though common (e.g., Immekus, 2021; Whitehouse et al., 2021),
precluded assessing internal consistency reliability (e.g., Muthén, 2013a, 2020; Raykov
& Marcoulides, 2011) in Step 5, leaving a key factor undergirding validity (AERA et al.,
2014; Henson, 2001; Zullig et al., 2015) assumed, but without supporting evidence (c.f.

Kane, 2013). Notably, although Gadermann et al. (2012) propose ordinal « as a reliability
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coefficient for ordinal items such as those in the CSS, Chalmers (2018) strongly cautions
against misinterpreting ordinal « as a measure of observed test score reliability (see also
Muthén, 2020).

Along the same lines, four proposed CSS dimensions—Bullying, School
Engagement, Overall Satisfaction, and Site Safety—comprised only one or two school
climate-related items each (c.f. Costello & Osborne, 2005), excluding them from further
validity testing due to model underidentification. Several other proposed CSS factors
comprised exactly three items each. Although those factors contained the minimum of
items recommended by Costello and Osborne, model identification can be problematic if
an item does not function as expected, as was observed in Step 3 with the School
Belonging factor in the current study.

On the other hand, the application of a systematic validity testing framework to a
practitioner-developed school climate scale may reveal instances where, even when best
scale development practices were not followed, at least some assumptions regarding the
sound psychometric properties of the instrument were indeed warranted. Prior research
has found evidence to support the factorial validity (i.e., underlying simple dimensional
structure) of scores from practitioner-developed scales (Gage et al., 2016; Whitehouse et
al., 2021). In this study, although the CSS middle school student version lacks a clear
theoretical underpinning and well-documented development process (c.f. Standards,
Standard 4.0), the simple factor structure of both the a priori 7-factor Model M1a (22
items) and the modified a priori 4-factor Model M2 (21 items) found in Step 3 met the
predetermined model fit criteria. The factors in each model exhibited moderate to strong

bivariate factor correlations among each other in the expected positive direction.
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My proposed Step 4 advocates a traditional approach to assessing factorial
validity, namely CFA of an a priori model followed by, if necessary, EFA-CFA. The
examination of an a priori model first recognizes that, as discussed above, practitioner
scales can and do exhibit credible evidence of factorial validity (e.g., Whitehouse et al.,
2021). From a practical standpoint, educators may have already created score reporting
tools aligned with their instrument’s proposed factor structure (e.g., JCPS, 2019b), thus
evidence supporting that factor structure will eliminate the need to reconfigure any
existing tools. From a research perspective, Step 3 (and Step 7) of the validity testing
framework also serves to test the theoretical model of school climate selected in Step 1.
To the extent that the emergent simple factor structure aligns with the taxonomy (and
causal model), the factorial (and predictive) validity evidence supports received theory.
Misalignment between the simple factor structure and theorized dimensions may be
interpreted to indicate scale revisions are needed.

Practical concerns also underlie my recommendation for a traditional CFA-based
approach rather than suggesting exploratory structural equation modeling (ESEM; e.g.,
Asparouhov & Muthén, 2009). ESEM is often advantageous versus CFA for obtaining a
well-fitting model (e.g., Morin et al., 2013), primarily due to ESEM allowing items to
load onto multiple factors versus a single factor in CFA (Asparouhov & Muthén, 2009).
However, the finding of a well-fitting complex model that is not aligned with a measure’s
theorized dimensional structure gives little guidance as to the source of misalignment
(e.g., Leach et al., 2020). | am unaware of any existing school climate measures whose
items are specified to represent multiple factors. Thus, depending on the school climate

taxonomy selected in Step 1, the empirical advantage of ESEM may serve to mask poorly
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functioning items whose multiple loadings are not consistent with a theorized simple
factor structure, hindering assessment of content validity.

ESEM models may also complicate score reporting by precluding subscale scores
(e.g., Leach et al., 2020). Although reporting a single, total score is simpler than reporting
subscale scores, practitioners may prefer to report subscale scores for the various factors
in their measures (e.g., JCPS 2019a, 2019b). This preference agrees with the dimensional
focus of prior research investigating the relationships between school climate and student
outcomes (e.g., Berkowitz et al., 2017; Daily et al., 2019). In this more nuanced view, a
simple structure resulting from CFA or EFA-CFA may be preferable to a complex ESEM
factor structure for subscale score reporting.

Of course, CFA is not without shortcomings. For example, reliance on chance
modifications to achieve acceptable model-data fit (e.g., correlating error terms as with
School Belonging) can lead to overfitting a model (Asparouhov & Muthén, 2014; Marsh
et al., 2018), weakening the strength of any resulting validity evidence. In general, the
analytic approach used to gather factorial validity and reliability evidence (Step 3, Step 4)
should align with the complexity of the taxonomy of school climate selected in Step 1,
however researchers should also seek to balance empirical and practical concerns.
Practitioners, however, may need to indulge researchers’ preference to conduct fancy
pants analyses (FPAs; Adelson & Owen, 2012) for publication efforts, so that the
partnership is mutually beneficial.

To equitably promote a positive school climate, educators need to understand
differences in the perceptions of school climate across racial/ethnic student subgroups,

necessitating culturally responsive instruments (e.g., Bear et al., 2011; Whitehouse et al.,
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2020; Schweig et al., 2019; Zabek et al., 2022). Unfortunately, prior studies using
MGCFA (e.g., Whitehouse et al., 2021) and MLM (e.g., Zabek et al., 2022) have failed to
establish M1 across racial/ethnic subgroups, a critical requirement for meaningfully
interpreting group mean differences. Although the Step 6 evidence in this study was not
unequivocal, e.g., below-threshold Monte Carlo correlations for smaller group sizes (n =
250, 500), the preponderance supported the trustworthiness of aligned group factor
means. Thus, the findings here suggest the alignment method (e.g., Asparouhov &
Muthén, 2014) may be a viable alternative to MGCFA or MLM for obtaining unbiased
racial/ethnic group factor means without requiring strict M1. However, sample size
requirements (more below) may limit the alignment method’s applicability to widely
administered instruments. Even in large districts like JCPS, non-substantive responses
may significantly decrease analytic sample sizes. Practitioners can address this issue by
incorporating automated processes aimed at decreasing non-substantive online responses
(e.g., de Leeuw et al., 2016).

Multilevel regression coefficients and/or bivariate correlations observed in Step 7
supported the predictive validity of aligned CSS group factor means. For example, I
found moderate to strong evidence of the weak to moderate predictive validity of Caring
Environment, Personal Safety, and School Belonging in the expected directions for
student math and reading test percentiles (e.g., Daily et al., 2019; MacNeil et al., 2009)
and discipline referrals (Gage et al., 2016; Huang & Cornell, 2018). Moderate to strong
evidence supported weak predictive validity of Instructional Environment on those three
outcomes, but in the opposite direction than expected based on prior research (e.g., Bear

etal., 2011; Gage et al., 2016).
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The distinction between the relative strength of predictive validity evidence and
the relative strength of predictive relationships supported by that evidence is not trivial.
From an argument-based validity perspective (e.g., Kane, 2013), the strength of validity
evidence constituting the argument is perhaps more important than the content of the
evidence. In other words, strong evidence of weak predictive validity is more convincing
than weak evidence for moderate or strong predictive validity, with the caveat that even
strong evidence from a single validity study should be supplemented with evidence from
additional validity studies (e.g., Kane 2013). The surprising predictive validity findings
for Instructional Environment also support Kane’s assertion that validity arguments are
best crafted using evidence gathered from a research program versus a single study.

Perhaps unsurprisingly, given its replicative nature, some results of the current
study corroborate findings from the existing literature on the psychometric properties of
practitioner-developed instruments. Specifically, previous studies (Gage et al., 2016;
Schweig et al., 2019; Whitehouse et al., 2021) have also reported a lack of available
reliability reporting, and evidence of uneven content validity (item representativeness and
domain coverage. This study adds to the literature by (a) demonstrating that practitioners
can create culturally responsive school climate measures that exhibit acceptable levels of
M1, and (b) providing evidence supporting the predictive validity of aligned factor means
from a culturally responsive practitioner-developed school climate instrument.

The preceding discussion has underscored the position that validity testing of
practitioner-developed school climate instruments is best conducted by researcher-
practitioner partnerships (Nathanson et al., 2013; Whitehouse et al., 2021). Unfortunately,

practitioners may be unaware of the need, and/or unaware of the methods, for validity
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testing (Schweig et al., 2019). Thus, Table 14 presents a simple cross-reference tool that
connects each step in the updated validity testing framework with practical concerns,
plausible methods, and relevant Standards. The intent of the tool is to paint a realistic
picture of the needs and skill requirements for validity testing to encourage collaborative
psychometric investigations of existing practitioner-developed instruments. As such, one
potential use of the tool is to facilitate ‘real-world’ scale development conversations in
education leadership courses (e.g., Ed.D., or superintendent or principal certification). I
have attempted to make both the framework and tool broad enough to easily adapt for
alternate constructs and validity purposes, yet still immediately applicable to the current
school climate group mean comparison context. | now turn to the implications for JCPS
of applying the framework to the CSS middle school version.
Implications for JCPS

The mixed findings here indicate several areas of improvement for the CSS while
also providing validity evidence to support some, but not all, proposed CSS dimensions
and JCPS’ intention to compare group score differences between Black and White middle
school students. As noted above, my somewhat arbitrary Step 1 selection of the NSCC’s
school climate definition necessarily influenced the validity testing process. However, not
all ramifications of the current study for JCPS are definition-dependent. Therefore, | will
first delineate which findings were and were not definition-dependent, before drawing out
the JCPS-specific implications of the study.
Definition-Dependent

The second step of my proposed validity testing framework involves adapting

Difazio et al.’s (2018) content validity rubric based on the school climate definition and
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taxonomy selected in Step 1. Thus, any corresponding evidence for (or against) item
representativeness and domain coverage is clearly definition-dependent. For example,
based on the NSCC’s (2020, 2021) school climate definition, | eliminated nine CSS items
from the analysis for poor representativeness (Step 2) and later identified uneven domain
coverage of the retained items and factors in Model M2 (Step 5). Selecting a different
school climate definition and taxonomy as the basis for content validity assessment could
result in more (or fewer) items retained and stronger (or weaker) evidence of domain
coverage, which in turn could affect factorial validity assessment and scale revisions.

Similarly, the corresponding causal model from Step 1 determines the relevant
outcomes for assessing predictive validity in Step 7. However, predictive validity testing
is generally less definition-dependent than content validity testing for two reasons; (a)
dimensional overlaps among extant school climate models (e.g., Rudasill et al., 2018),
and (b) the tendency of researchers to investigate the effects of individual school climate
dimensions on various outcomes. To the extent that relationships between a priori CSS
Model M2 factors and reading/math achievement and referrals are specified in an
alternate school climate causal model, the domain to which they belong in that model is
irrelevant for assessing predictive but not content validity. That said, the prospect remains
that selecting a new school climate model would affect predictive validity results.
Non-Definition-Dependent

Although factorial validity assessment and instrument revision are potentially
definition-dependent in terms of item retention, other aspects are likely to be empirically-
driven. For example, given the set of representative items retained in Step 2, the evidence

supporting the underlying dimensionality and measurement invariance of CSS Model M2
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was not definition-dependent. Instead, the validity evidence was affected by decisions to
combine highly correlated factors, eliminate redundant items, and correlate error terms
due to a Heywood case. Combining the four Curriculum, Teaching, Success Skills, and
School Resources factors into Instructional Environment for parsimony was also
supported conceptually by subject-matter experts at JCPS. The unfortunate inability to
assess internal consistency reliability was, as noted earlier, a consequence of using a 4-
point Likert-type response option and therefore also not definition-dependent. | now turn
to the practical implications of these findings for JCPS.
Next Steps

Evidence from the current study combined with best scale development and
validity testing practices from the Standards suggests two key CSS improvement tasks;
defining and documenting. Per Step 1 of my proposed validity testing framework, the
district should settle on an operational definition of school climate and corresponding
taxonomy and underlying causal model. Although I have used the NSCC’s (2020, 2021)
conceptualization here, there are many options from which JCPS may choose. An
advantage of electing to adopt the NSCC’s version, however, is that the content validity
evidence gathered in this study could be used to guide immediate scale revisions aimed at
improving item representativeness and domain coverage. Because the definition,
taxonomy, and model underlie all other aspects of scale development and validity testing,
the task of defining school climate is paramount® (e.g., AERA et al., 2014; Chirkina &

Khavenson, 2018; Kohl et al., 2013; Lewno-Dumdie et al., 2020; Olsen et al, 2017;

3 The CSS appears to measure latent constructs besides school climate. This is not inherently problematic,
however, as with school climate, JCPS should clearly conceptualize those constructs and use the extended
framework to assess the validity of any intended score uses and interpretations.
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Schweig et al., 2019; Whitehouse et al., 2021). Notably, the Step 1 process of defining
school climate could entail JCPS discontinuing the CSS and adopting an existing theory-
grounded school climate measure (more below).

The second primary task for JCPS is to document all existing (and future) CSS
scale development processes. In particular, the process for adding or deleting CSS items
should be transparent and aligned with best practices (e.g., AERA et al., 2014; de Leeuw
et al., 2014). This task also includes providing any available reliability and validity
evidence to support intended CSS score uses and interpretations, which implies also
clearly reporting all intended CSS score uses and interpretations (Standards, Standard
1.0, 1.1, 1.2). At a bare minimum, all scale development and pertinent reliability and
validity evidence should be available to CSS users and respondents (e.g., AERA, 2014).
However, given that JCPS is a public school district and all online CSS tools are already
publicly available via the district website, | recommend also making all CSS-related scale
development and reliability/validity documentation publicly available.

The documenting task also involves providing warnings against potential
misinterpretations where various suggested or tool-enabled uses (e.g., comparing group
mean scores; JCPS, 2018a, 2018b) are not supported by any evidence (Standards,
Standard 1.3, 1.4). There are currently no such warnings about any of the many group
comparisons enabled via the online CSS Data Tools (JCPS, 2018a), none of which are
currently supported by available validity evidence. Crucially, even if JCPS adopts the
NSCC'’s school climate model, alignment MI results from this study are not transferrable
or broadly applicable. In other words, evidence supporting the meaningful interpretation

of Black and White middle school student group mean CSS score differences does not
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imply support for any other subgroup comparisons on the CSS middle school version or
for any subgroup comparisons whatsoever (including Black and White students) on any
other version, or across versions. To reiterate, every single intended or tool-enabled
comparison (e.g., JCPS 2018a, 2019a) between two or more groups, including comparing
CSS group mean scores across time, grades, or respondent types, must be supported by
evidence of MI between those groups. If not, JCPS should provide a warning against
possible misinterpretations of those group score differences.

After settling upon a definition, taxonomy, and model of school climate and
documenting intended score uses (e.g., group comparisons) and interpretations, JCPS
should apply the remaining steps of the updated validity testing framework to obtain
relevant content, factorial, and predictive validity evidence for the applicable (more
below) intended uses of each version of the CSS. Prior to testing, the district might
consider adopting a response option (i.e., two or at least five answer choices) that permits
assessing internal consistency reliability. The district may also consider using automated
options for decreasing non-substantive responses on its online CSS versions to bolster
analytic sample sizes (e.g., de Leeuw et al., 2016). Upon completing the initial round(s)
of validity testing, JCPS would find itself facing the ideal adoption, adaption, creation
scenario described by Kohl et al. (2013). Specifically, based on the obtained validity
evidence, the district could choose to (a) adopt or adapt (i.e., revise) the CSS, (b) adopt or
adapt another existing school climate measure that meets its needs, or (c) create a new
school climate measure predicated on the definition identified in Step 1.

A word of caution about ‘valid’ or ‘validated’ instruments is appropriate here.

Although this process might lead JCPS to adopt a new school climate measure, adopting
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a survey with existing validity evidence does not eliminate the need for validity testing.
Validity evidence for an instrument is context- and sample-specific (e.g., Standards,
Standard 1.8). The new instrument would require additional supporting evidence based
on administration in a new context, namely JCPS (e.g., Kohl et al., 2013). Similarly, scale
adaption/revision, and creation also necessitate validity testing (e.g., AERA et al., 2014).
In other words, JCPS must conduct additional validity testing irrespective of its decision
to adopt, adapt/revise, or create a school climate measure. There are no shortcuts for
gathering evidence to support reliable and valid score uses and interpretations. Therefore,
given its desire to measure and improve school climate (e.g., JCPS, 2018a, 2018b, 2018c,
2018d; Tatman, 2018, 2019), the district must weigh the available options and determine
the most feasible route to achieve that goal. Depending on the capacity of its internal
research department, JCPS may need to partner with external researchers to conduct the
recommended (e.g., AERA et al., 2014; Kane, 2013) program of CSS validity testing.

Finally, although not a key CSS improvement task, the unexpected negative
relationship between Instructional Environment and NWEA MAP math and reading
percentiles found in Step 7 warrants further investigation. The small, but surprising,
effect appears to be related to the tendency for Black JCPS middle school students to
report higher perceptions of Instructional Environment while also scoring substantially
lower on MAP math and reading than their White peers. Crucially, evidence from the
alignment of acceptable noninvariance found in Step 6 suggests CSS score differences
between the two student groups can be meaningfully interpreted.

The district’s recent focus on racial equity offers a potential explanation for the

observed effects. In May 2018, recognizing widespread racial disparities in achievement,
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opportunities, and discipline outcomes, the Jefferson County Board of Education (JCPS,
2019c) passed the JCPS Racial Education Equity Plan (REP). Among other things, the
REP mandates culturally diverse curriculum and instruction, culturally competent
professional development, and increased programmatic access for students of color.
Elements of each of the four proposed CSS factors (Curriculum, Teaching, Success
Skills, and School Resources) that were combined into Instructional Environment are
addressed in the REP. Importantly, many changes specified in the REP had already been
implemented prior to the 2018-19 school year investigated in this study (JCPS, 2019c).

Perhaps Black middle school students, on average, perceived Instructional
Environment more favorably than White students as a result of changes specified in the
REP. It is therefore possible that Black students’ Instructional Environment aligned
group factor means served as leading indicators of successful implementation of the REP,
foreshadowing later reduced racial/ethnic disparities in math and reading achievement.
On the other hand, it is also possible that successful efforts to provide a culturally
competent classroom environment were not accompanied by grade-level instruction
and/or consistent standards for high quality work. In that case, the negative relationship
between Instructional Environment and NWEA MAP math and reading percentiles could
indicate poor, or at least incomplete, fidelity of REP implementation.

My discussion of Instructional Environment focused on NWEA MAP because its
predictive validity evidence for achievement was stronger than for behavior. However,
the same logic used above also applies to the unexpected positive relationship between
Instructional Environment and discipline referrals. In other words, the observed positive

relationship could indicate successful or incomplete REP implementation. Although the
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intervening COVID-19 pandemic response complicates further analysis, findings could
have important practical implications for both the CSS and the REP.
Limitations and Future Directions

Although my proposed validity testing framework can be easily adapted for use
with a variety of instruments and constructs, it is primarily aimed at examining Ml and
providing general factorial, content, and predictive validity evidence. The approach
seems most suitable for assessing the validity of comparing group mean score differences
on measures lacking clear theory-grounding. | applied the framework to a single measure
in a single study, however it would appear to be less useful when evidence is needed to
support, for example, assigning treatments or classifying schools. Future studies might
further extend the framework to incorporate additional types of validity evidence.

The alignment method is a strength for assessing Ml, but it may have limited
applicability. As noted above, prior school climate validity studies relying on MGCFA
(Whitehouse et al., 2021) or MLM (Zabek et al., 2022) failed to establish MI between
racial subgroup scores. Aligned CSS group factor means in this study demonstrated
acceptable levels of MI, supporting meaningful interpretation of score differences
between Black and White JCPS middle school students. The findings suggest alignment
may be advantageous for developing culturally responsive school climate measures.
Thus, future research should replicate this study by using the alignment method to assess
MI between racial subgroup scores on other school climate measures or CSS versions.

As noted earlier, though, below-threshold Monte Carlo simulation results for the
two smallest sample sizes in this study (n = 250, 500) suggest the alignment method may

not be suitable when group sizes are not adequately large. Crucially, nearly 44% of BW
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sample respondents were excluded due to non-substantive responses to one or more CSS
items. On the one hand, practitioners should employ methods to reduce such responses
(e.g., de Leeuw et al., 2016), thereby increasing analytic sample sizes. On the other hand,
uncertainty exists as to whether simulations were necessary in the first place. Asparouhov
and Muthén (2014) recommend Monte Carlo simulations to establish the trustworthiness
of aligned group factor means when more than 25% of item parameters are noninvariant,
which was the case here. However, Munck et al. (2018) suggest simulations are useful at
levels of noninvariance below the 25% threshold. In general, more guidance is needed on
sample size requirements for unbiased estimation of aligned group factor means and on
the amount of noninvariance necessitating Monte Carlo simulations to assess parameter
bias. Similarly, although researchers have provided general guidelines, or rules of thumb,
for choosing between the alignment method and MLM to assess MI (Asparouhov &
Muthén, 2018; Flake & McCoach, 2018), future studies should clearly delineate the
optimal number and size of groups for using alignment vs. MLM.

Per Schweig et al. (2019), | assessed the predictive validity of aligned CSS factor
means using MLM. However, the cross-sectional design severely limits the applicability
of results to school improvement efforts. In other words, the findings offer little practical
guidance for improving the learning environment without knowing the direction(s) of
causal relationships between school climate and achievement and behavior outcomes.
Future CSS (and other school climate instrument) validity studies should incorporate
experimental designs aimed at determining causal relationships between school climate
and student outcomes. Results from such studies would provide stronger evidence to

support (or not) using scores to inform school improvement (e.g., JCPS, 2018c).
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My proposed validity testing framework advocates a traditional variable-centered
approach to examine theorized relationships between school climate dimensions and
student academic and behavior outcomes. As such, it follows standard practice (e.g.,
Howard & Hoffman, 2017) by using factor analytic (CFA, EFA, ESEM), correlation, and
regression techniques to obtain predictive validity evidence. The variable-centered
approach is well-suited to the NSCC’s (2020, 2021) model of school climate and the
specific research questions asked in this study.

However, a variable-centered approach may not always be preferred. For
example, the theoretical approach and corresponding methodology used in the framework
may require adaptation if the systems view of school climate (SVSC; Rudasill et al.,
2018) is selected in Step 1. Because the SVSC focuses on patterns of proximal and distal
interactions (Rudasill et al., 2018), a person-centered approach may be more appropriate
for validity testing. In a person-centered approach, ‘persons’ or units (e.g., schools) are
viewed as systems that can be grouped by similar response patterns. Latent profile
analysis (LPA; e.g., Nylund et al., 2007) is a common method used to identify those
patterns, or profiles (e.g., Howard & Hoffman, 2017). LPA could be used to identify
emergent patterns of school climate and investigate relationships between latent profiles
and SVSC-theorized distal outcomes. Additionally, latent transition analysis could be
used to observe longitudinal transitions from one latent school climate profile to another
(e.g., Leach et al., 2021). A better understanding of the common shifts in patterns of
school climate could greatly inform school improvement efforts. Future validity studies
based on the SVSC could also identify necessary adaptations of the current framework or

propose alternate validity testing frameworks for use with person-centered approaches.
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Conclusion

Researchers and practitioners agree on the importance of equitably measuring and
improving school climate. However, a research-practice gap in instrument development
and validity testing persists between the two groups. Whitehouse et al. (2021) sought to
bridge the research-practice gap by proposing a collaborative validity testing framework
for practitioner-developed school climate measures lacking theory-grounding. Their
framework, however, suffers from key limitations regarding the transparency of content
validity assessment, breadth of validity evidence reported, and methods used to examine
MI. Therefore, this study sought to replicate and extended their framework by using a
standardized rubric to assess content validity, examining Ml via the alignment method,
and analyzing the predictive validity of aligned group factor scores. | also attempted to
further bridge the research-practice gap by cross-referencing each step in the extended
framework with practical concerns, relevant methods, and best practices (i.e., Standards).

Results suggest the extended framework is superior to the original for assessing
MI across racial/ethnic subgroups and obtaining baseline content, factorial, and predictive
validity evidence, provided the number and size of groups are adequate. Findings indicate
the CSS middle school student version is culturally responsive, although the survey may
not sufficiently address all key school climate dimensions. To improve the survey, JCPS
must settle on a clear definition and taxonomy of school climate to facilitate a program of
validity testing, and publicly document all validity evidence. Future studies should clarify
alignment sample size and simulation study requirements and extend the framework to

assess additional validity concerns and for use with person-centered approaches.
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