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Editor: Craig A. Albers There has been little research investigating the predictive validity of modern intelligence tests for
racially and ethnically diverse students. The validity of test score interpretation within educa-
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Research Association et al., 2014; Messick, 1995; Warne et al., 2014). We used multiple group
latent variable structural equation modeling (SEM) to investigate Cattell-Horn-Carroll general (g)
and broad cognitive abilities on reading and mathematics achievement and whether these
differed between racial (African American, Asian, and Caucasian) and ethnic (Hispanic, non-
Hispanic) children and adolescents within the Woodcock-Johnson IV norming sample (N =
3127). After establishing construct equivalence across racial and ethnic groups, supporting the
consistent calculation of composite scores regardless of group membership, we then examined the
predictive validity of intelligence on achievement. After controlling for parent education, findings
suggested two instances of differential predictive relations: (a) general intelligence had larger
influences on basic reading skills for Caucasians when compared to Asian peers, and (b)
comprehension-knowledge had larger influences on basic reading skills for Asians when
compared to Caucasian peers. The overall pattern of findings suggests there is little to no pre-
dictive bias with the WJ IV. However, the findings indicate that when latent mean differences
exist (after establishing strong factorial invariance), then bias will be introduced into the esti-
mation of regression parameters used to identify differential predictive validity. Thus, even when
measurement invariance is supported, differential prediction bias is inevitable when there are
mean differences in the scores used as predictors. Future test bias research should consider latent
ability differences and how that may impact findings of bias, and possibly, socioeconomic status-
related indicators when assessing for measurement or prediction bias in intelligence and
achievement tests.

Cognitive ability tests are often included in diagnostic psychological assessments in school and clinical settings (Benson et al., 2019;
Jewsbury et al., 2017). As predicting academic achievement continues to be used in educational protocols for guiding the selection,
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diagnosis, and placement of students in special education programs (Konold & Canivez, 2010; Maki et al., 2015), there is a need to
assess the accuracy of modern intelligence tests in predicting achievement for members of different groups to ensure equitable
assessment practices. Although there is ample research on cognitive-achievement relations (CARs; e.g., Flanagan et al., 2006; McGrew
& Wendling, 2010; Zaboski et al., 2018), there has been relatively less research on the extent that race and ethnicity influence CARs.
When analyzing CARs in racially and ethnically diverse children, one needs to consider contextual variables to avoid spurious findings,
potentially confounded by systematic differences in social and educational opportunities. For example, children from families of lower
socioeconomic status (SES) tend to show disproportionate representation in special education, which can compound issues for children
of color who are already marginalized in educational contexts (Morgan et al., 2017; Shifrer et al., 2011; Sullivan & Bal, 2013).
Although the reasons for disproportionate representation are likely multifaceted and complex (e.g., environmental living conditions,
opportunities, resources), the persisting problems with disproportionality in special education, along with the continued widespread
use of modeled discrepancies in CARs to identify individuals with learning disabilities (Benson et al., 2020; Maki et al., 2015), makes it
imperative to examine the predictive validity of cognitive abilities on academic achievement between racial and ethnic groups while
controlling for differences in SES-related contextual variables.

1.1. Test bias research in intelligence and achievement for children and adolescent youth

The topic of bias in psychological assessment has been a popular subject within intelligence research (e.g., Gould, 1981; Herrnstein
& Murray, 1994; Jensen, 1980; Reynolds & Lowe, 2009). There has been considerable and controversial debate around the accuracy of
the measurement of intelligence as well as the use of intelligence tests in predicting educational outcomes for members of different
groups. This controversy remains despite a general pattern of evidence demonstrating consistent construct measurement (with some
minor differences) across different groups and a lack of systematic differences in predictive CARs between majority and minority
groups (see Edwards & Oakland, 2006; Konold & Canivez, 2010; Reynolds & Lowe, 2009; Scheiber, 2016a, 2016b; Scheiber &
Kaufman, 2015; Trundt et al., 2018; Warne et al., 2014; Weiss & Saklofske, 2020; Woods Jr. et al., 2021). Test bias research can
generally be divided into two main areas, one focusing on internal measurement bias (e.g., factor structure, item difficulty) and the
other focusing on external criterion prediction bias (e.g., slopes, intercepts; see Reynolds & Lowe, 2009, for a review).

1.1.1. Bias in measuring cognitive ability

The Cattell-Horn-Carrell (CHC) theory of cognitive abilities is a hierarchical model that taxonomizes purported cognitive abilities
across three strata, ranging from narrow to general (Schneider & McGrew, 2018). The first stratum encompasses a wide range of
narrow cognitive abilities (e.g., Lexical Knowledge, Working Memory, Deductive Reasoning) that are observed or measured variables.
The second stratum represents broad (also referred to as group factors) cognitive abilities (e.g., Auditory Processing, Processing Speed)
that are identified by the aggregation of associated narrow cognitive abilities from the first stratum (e.g., General Information and
Lexical Knowledge narrow abilities are measures of the broad ability Comprehension-Knowledge). The third and final stratum is the
broadest level of representation for cognitive ability and is commonly referred to as the g factor, or general intelligence. The CHC
framework has been instrumental for studying human intelligence, which has been used as a system of cognitive abilities to explain
individual differences in reading and mathematics achievement (Caemmerer et al., 2020; Hajovsky et al., 2014; Niileksela et al., 2016;
Villeneuve et al., 2019).

The broad cognitive abilities that are purported to be represented at the second stratum, as measured using the Fourth Edition of the
Woodcock-Johnson Tests of Cognitive Abilities (WJ IV Cognitive), include Fluid Reasoning (Gf), Comprehension-Knowledge (Gc),
Visual-Spatial Processing (Gv), Auditory Processing (Ga), Short-Term Working Memory (Gwm), Long-Term Storage (Glr), and
Cognitive Processing Speed (Gs; McGrew et al., 2014; Schneider & McGrew, 2018; Schrank, McGrew, & Mather, 2014). Studies using
the WJ IV Cognitive have led to mixed results concerning the hypothesized factor structure and its alignment with CHC theory. In one
study testing the latent factor structure, Dombrowski et al. (2017) conducted an exploratory factor analysis using the standardization
sample correlation matrices and suggested the WJ IV Cognitive constructs are best structured as Gs, Gwm, Gc, and a factor resembling
perceptual reasoning, with the strongest evidence for the measurement of g at the third stratum (Dombrowski et al., 2017). In a
subsequent study using confirmatory factor analyses, Dombrowski et al. (2018) suggested the WJ IV Cognitive is best represented as
four factors at the second stratum (i.e., Verbal, Working Memory, Perceptual Reasoning, and Processing Speed), arguing the WJ IV
Cognitive should be operationalized according to the prior Wechsler conceptualization of intelligence. Researchers have also examined
a CHC structure for invariance for use in predicting reading that was composed of as few as five first-order CHC factors (Ga, Gc, Gs,
Gsm, and Gf) and a second-order g factor (Woods Jr. et al., 2021). Similarly, Niileksela et al. (2016) reported on the WJ IV CHC in
predicting achievement across age levels using higher-order factor models consisting of eight different CHC-based broad abilities.

An important step in testing for bias in the measurement of cognitive ability is first establishing whether the constructs are
measured similarly across different groups or whether there are inconsistencies in information provided by the cognitive test about the
latent variable to be measured (Keith & Reynolds, 2018). Tests of construct bias (i.e., factorial or measurement invariance) involve
specifying increasingly restrictive equality constraints on parameters within a latent factor model (e.g., equal factor structures,
loadings, intercepts; Keith, 2019). When the factor structure, factor loadings, and item intercepts are proportionally the same across
different racial and ethnic groups, then factorial invariance is tenable. Findings of factorial invariance across different groups suggest
the calculation of composite scores representative of theoretical constructs are not confounded by differences due to measurement
artifacts; thus, supporting the conclusion that scoring is equally meaningful for individuals from different groups. Confirming factorial
invariance is a critical step in establishing a lack of construct bias, as different scores for different groups may not necessarily indicate
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differences in performance, but rather differences in the measurement of the construct. The general pattern of findings within research
on modern intelligence tests (e.g., DAS-II, KABC-II, WJ IV, WISC-V) suggests they demonstrate factorial invariance across different
racial and ethnic groups (e.g., Scheiber, 2016a, 2016b; Trundt et al., 2018; Woods Jr. et al., 2021), although some research suggests
partial invariance when using non-standardization samples (e.g., Picture Span and Figure Weights WISC-V subtests are non-invariant
by race; Graves Jr. et al., 2021). These results provide structural validity evidence and instill confidence that scores can be interpreted
similarly regardless of group identification by school psychologists. It is worthy of mention that some invariance findings reported in
the literature may indicate that an inadequate model did not significantly differ across various groups and therefore was equally
inadequate across specified groups (e.g., due to too low or high parameter estimates of Stratum II factors, correlated residuals, or other
modifications; Dombrowski et al., 2017, 2018).

1.1.2. Bias in predictive validity of CARs

For scores obtained from educational and psychological assessments to be valid, they must not only measure what they purport to
measure but also predict theoretically and empirically associated phenomena consistently for all individuals, regardless of group
membership (American Educational Research Association et al., 2014; Messick, 1995; Warne et al., 2014). The issue of predictive
validity has been argued to be one of the most important forms of validity for the practical use of tests; the evaluation of predictive bias
in CARs has been a focus in modern intelligence research (e.g., Keith, 1999; Scheiber & Kaufman, 2015; Woods Jr. et al., 2021). When
examining predictive bias, researchers primarily examine differences in intercepts and slopes in CARs as a function of group mem-
bership (Potthoff, 1978; Reynolds & Lowe, 2009). Intercept bias occurs when the CAR is the same for all groups, but the y-intercept of
the best-fit line for at least one of the groups is significantly different than the others (Konold & Canivez, 2010; Scheiber & Kaufman,
2015). Intercept bias is common; these findings suggest that the regression formula for the reference group (e.g., normative sample)
would either consistently under- or over-predict at least one group’s performance on the outcome variable (e.g., basic reading skills)
along the predictor continuum (e.g., IQ). Alternatively, slope bias occurs when the CAR is not the same for all groups (Keith, 2019;
Warne et al., 2014). In slope bias, different groups have different slopes (i.e., rate of change in outcome scores associated with changes
in the predictor variable) such that the slope for one group may be steeper than another, leading to under- or over-prediction when
groups are combined. A distinguishing feature of slope bias, compared to intercept bias, is that the magnitude of under- or over-
prediction depends on the interaction point (i.e., it is not consistent across the continuum of scores on the predictor variable;
Keith, 2019). For example, slope bias reflects differential predictive validity coefficients for various groups and that for lower pre-
dictive validity coefficients there are greater amounts of prediction error (and thus larger standard errors of estimate). Although slope
bias is more difficult to correct, it has occurred less frequently in predictive CARs research (Konold & Canivez, 2010; Scheiber &
Kaufman, 2015; Warne et al., 2014; Woods Jr. et al., 2021). Fig. 1 illustrates three examples of bias in CARs. Fig. 1A exemplifies no bias
in the regression model. Fig. 1B exemplifies intercept bias by group membership. Fig. 1C exemplifies intercept and slope bias by group
membership.

Prior research has suggested mixed findings regarding differential CARs due to race and ethnicity (e.g., Konold & Canivez, 2010;
Naglieri et al., 2005, 2007; Scheiber & Kaufman, 2015; Weiss et al., 1993; Weiss & Prifitera, 1995; Woods Jr. et al., 2021). For example,
Scheiber and Kaufman (2015) examined the predictive validity of three KABC-II global IQ scores in predicting reading, writing, and
math achievement for Caucasian, African American, and Hispanic children. They found a consistent pattern of intercept bias (over-
prediction) for African American and Hispanic children’s achievement at middle school grade levels. Weiss and Prifitera (1995) found
Hispanic students’ reading scores were over-predicted when using a common regression equation in the WISC-III and WIAT; however,
these were limited to intercept bias with small effect sizes. Conversely, Konold and Canivez (2010) reported findings of slope bias with
over-prediction observed for written language for Hispanic students scoring at the lower end of the general ability index (GAI; full scale
1Q), and under-prediction for higher scores on the GAI on the WISC-IV and WIAT-IL; they noted small effect sizes around the bivariate
center with larger effect sizes only at approximately two standard deviations above the mean for the GAI. One potential limitation in
these studies is that they used the raw data, failing to control for the effects that social and financial factors have shown to have on both
cognitive ability and academic achievement test scores (Weiss & Saklofske, 2020). In addition, prior research examining group dif-
ferences in cognitive test scores has not always examined measurement invariance prior to examining the predictive validity of IQ
scores on achievement (e.g., Naglieri et al., 2005, 2007; Scheiber & Kaufman, 2015). Furthermore, studies using current cognitive and
achievement measures to examine differential CARs due to race or ethnicity are limited (Woods Jr. et al., 2021).

Gc is often one of the strongest correlates of reading comprehension and math problem solving (although Gc and several other
broad abilities contains conflated g variance) with evidence of a developmental shift in increased importance over time (Decker &
Roberts, 2015; Hajovsky et al., 2014; Villeneuve et al., 2019). The demands of higher-order reading require increased use of linguistic
comprehension skills, background knowledge, and vocabulary, whereas math problem solving involves a shift from learning symbol
associations and procedural sets of operations towards more language-based reasoning. Ga has been linked with both basic reading
skills and math calculation skills, which is likely due to the phonological component of language that overlaps with learning the
associated sounds of letter names and math symbols (Grigorenko et al., 2020). Gs shows decreasing influences on basic reading skills as
children age (Evans et al., 2002). Both Gs and Ga appear to be more important in the beginning stages of reading when children are
building schemas for phoneme-grapheme correspondence and decoding skills that then leads to successful orthographic mapping skills
in older readers (Ehri, 2014; Kilpatrick, 2016). In addition, Gf and Gs have been shown to influence mathematics (Floyd et al., 2003;
Taub et al., 2008). Gwm tends to show a more expansive domain-general influence across different academic skills including reading
and mathematics academic skills (Evans et al., 2002; Floyd et al., 2012; Grigorenko et al., 2020; Hajovsky et al., 2014; Villeneuve et al.,
2019). GIr has also been linked with early reading skills (Evans et al., 2002; Hajovsky et al., 2014), whereas Gv has shown effects on
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math problem solving skills (Villeneuve et al., 2019). General intelligence (IQ) has shown large effects on reading and mathematics
achievement (Caemmerer et al., 2018; Lewno-Dumdie & Hajovsky, 2020; Villeneuve et al., 2019), with meta-analytic work supporting
the use of general intelligence scores to diagnose reading and mathematics difficulties (Zaboski et al., 2018).

Although researchers have reported consistencies with CHC broad ability influences on mathematics and reading achievement
across studies (with typically small to medium effect sizes; Keith, 2019), the literature is not immune from limitations. For example,
despite comprehensive summaries of CARs research (e.g., McGrew & Wendling, 2010), Benson et al. (2016) called on researchers to
examine effect sizes and the incremental prediction of CHC broad abilities on academic achievement after accounting for the variance
due to g. The issue of effect sizes is, by methodological necessity, affected by the type of statistical model employed (an issue pertinent
to measurement bias) and the subjective interpretation of effect sizes, whereas the incremental prediction of CHC broad abilities
beyond g (an issue pertinent to prediction bias) depends on the theoretical orientation of the researcher. Benson et al. (2016) suggested
researchers should examine the effect sizes of CHC broad abilities on achievement in comparison to g once g has been residualized from
the broad abilities, and only if they provide an incremental contribution to achievement above and beyond g. Zaboski et al. (2018)
conducted a meta-analysis of CARs for reading and mathematics and found g accounted for a majority of the variance in achievement,
with Gc accounting for the most variance in all measured achievement skills relative to other broad abilities. Canivez (2013) examined
the incremental prediction of broad abilities after accounting for the FSIQ (WAIS-IV, WIAT-II, and WIAT-III) and found all broad
abilities together explained small to moderate amounts of variance in achievement. In a study employing both observed factor index
scores as well as latent ability constructs in predicting reading and mathematics achievement (WISC-IV and WIAT-II), observed scores
provided statistically significant incremental prediction above and beyond the FSIQ but the effect sizes were too small to be of practical
utility (Glutting et al., 2006). When latent ability constructs were used, g and Gc were significant influences on reading and mathe-
matics achievement (Glutting et al., 2006).

An additional concern is how the hierarchical nature of intelligence is represented within factor models, which provide structural
evidence and guide the interpretation of scores (American Educational Research Association et al., 2014; Dombrowski et al., 2018). In
a higher-order model, g is positioned as an overall factor representing general cognitive ability that manifests due to the shared
variance among the broad abilities (e.g., Gc, Gwm). In this model, the effects of g on individual subtests are fully mediated by the broad
abilities (Benson et al., 2016). Alternatively, the bifactor model posits all subtests load on a general factor as well as broad ability
factors that remain after the general factor has been partialled from the subtests. In the bifactor model the general and broad ability
factors are assumed to be orthogonal. The bifactor model is a useful technique for variance partitioning, which allows for a comparison
of effect sizes once g has been partialled out from the broad abilities and the residualized broad abilities can then be used to examine
whether they provide incremental prediction of achievement above and beyond g (Beaujean, 2015; Benson et al., 2016). The higher-
order model can also be applied in this respect by determining how much of the relation between a broad cognitive ability and
achievement is due to the unique variance left in that broad cognitive ability after extracting variance associated with the second-order
factor, g (i.e., the residual variance of the broad ability factor). It should be noted there are other theoretically plausible models that
have been employed in the extant literature. For example, one plausible model is a correlated first-order factor model, or a model
where g is considered an emergent property that is caused by the correlations between broad abilities (Kovacs & Conway, 2016; see
Gottfredson, 2016, for a different view). Although there are theoretical differences between different hierarchical models of intelli-
gence, examining CARs using both higher-order models and estimates obtained from the first-order residual factor variances of the
higher-order model (Caemmerer et al., 2018) helps to address concerns with estimating the incremental prediction of broad cognitive
abilities on achievement after controlling for g (Benson et al., 2016; Canivez, 2013).

1.2. Social and demographic factors in intelligence and achievement

Although racial and ethnic group differences in mean IQ test scores are known, the reasons for these differences have been widely
debated (see Reynolds & Lowe, 2009; Weiss & Saklofske, 2020). Some researchers have argued that race and ethnicity identifiers
function as proxies of less tangible factors associated with specific cultural and environmental opportunities that ultimately influence
test score performance (Helms et al., 2005). In a review of racial and financial effects in the WISC-IV, WISC-V, and WAIS-IV stan-
dardization samples, Weiss and Saklofske (2020) reported on the effects of SES-related mediators (e.g., parental education and income)
on IQ test score differences between racial and ethnic groups. Their findings suggested that SES accounted for a much larger percentage
of the variance in IQ test score performance between groups than racial or ethnic group endorsements alone, with more variance
accounted for by SES in IQ test score differences between Hispanic and White children than between African American and White
children (Weiss & Saklofske, 2020). Furthermore, their results suggested race and ethnicity may act as proxies that partially reflect
group differences in social and educational opportunities that influence cognitive development during childhood.

The effects of SES on achievement are also well supported. Meta-analytic work has demonstrated a medium to large positive
relation between SES and achievement that is moderated by minoritized status (Sirin, 2005). Prior research has shown that deficiencies
in reading and mathematics achievement may be accounted for by indicators of SES, such as poverty status, with the achievement gap
widening disproportionately for children from racial and ethnic minorities across a 20-year period (Paschall et al., 2018). Findings
have also shown that SES moderates the association between IQ and academic performance, with differences between low and high
SES groups being half a grade level, on average, from ages 7 to 16 years (von Stumm, 2017). Despite the substantial correlation be-
tween global intelligence and achievement reported in the literature (e.g., mean r estimates = 0.83; Kaufman et al., 2012), it is
important to recognize that these associations do not exist in isolation. Instead, performance on standardized measures of cognitive
ability and academic achievement is reflective of the multifaceted, complex interactions between individuals and their environments.

The biopsychosocial ecological model is a theoretical framework that situates human development within the context of multiple,
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interactive systems (e.g., genetics, personal characteristics, behaviors, social contexts) that together influence cognitive and psy-
chological functioning (Bronfenbrenner & Morris, 2006; Kranzler et al., 2020; Sameroff, 2010). Within these models, genetic in-
fluences on psychological functioning are influenced by contextual factors that include the family environment and broader social
contexts. These contextual factors within the environment can be partitioned into two sub-components consisting of shared and non-
shared environmental influences. Individual differences in developmental trajectories combined with specific life events (unique or
shared) lead to outcomes that are of educational significance (e.g., intellectual flexibility, academic achievement, absenteeism). For
example, although research has shown that approximately 50% of individual differences in intelligence may be accounted for by
genetics (Plomin, 2018), social inequality can have significant impacts on achievement (Selita & Kovas, 2019). Stated differently, the
extent that genetics influence child developmental trends and academic achievement is different based on environments in which the
individual is engaged (e.g., family, neighborhood, school; Burchinal et al., 2011; Dupere et al., 2010). A meta-analysis of gene x SES
interactions on intelligence and academic achievement by Tucker-Drob and Bates (2016) also supports findings of environmental
influences on intellectual development. Thus, CARs are not only an outcome of genetic predispositions but also are likely to be
influenced by the environmental conditions that an individual is exposed to throughout their lifetime.

Despite the substantial correlations observed between measures of cognitive ability, academic achievement, and SES, there have
been rigorous attempts to untangle this complex relationship (for a review, see Lubinski, 2004). For example, one study used a lon-
gitudinal, quasi-experimental design to examine the relative influences of ability and SES of origin on a variety of social outcomes in
1074 pairs of biologically related siblings within the National Longitudinal Survey of Youth (NLSY; see Gottfredson, 1997; Murray,
1998). After being assessed as young adults and tracking their differential trajectories along IQ while allowing for a quasi-experimental
control of SES, findings indicated the strong influence of ability on social outcomes 15 years later. Likewise, in a comparison of the full
NLSY sample (N = 12,686) against a subsample from which participants in the bottom quartile of income were excluded (to eliminate
the potential effects of extreme poverty and limitations in educational opportunity), the analysis indicated a high degree of similarity
in mean years of education and percent obtaining a bachelor’s degree that suggested general cognitive ability may influence social
mobility and opportunities (see Lubinski, 2004; Murray, 1998). These findings are noteworthy as they highlight difficulties with
accounting for indicators of SES and help clarify potential limitations associated with inferences drawn from study results.

Parent education has been used within test bias research as an indicator of SES (e.g., Konold & Canivez, 2010; Weiss & Saklofske,
2020). Previous research suggests parent education can act as a proxy to environmental factors critical to child development (e.g.,
Magnuson et al., 2009) and is associated with both genetic and environmental factors that influence cognitive ability (Lange et al.,
2010). Parent education levels have been shown to predict intelligence regardless of family income (Lemos et al., 2011), and parent
education explains variability in measures of cognitive ability and achievement (Tucker-Drob & Harden, 2012; Weiss & Saklofske,
2020) with significant correlations observed between global IQ and parent education levels (r = 0.43; Weiss et al., 2006).

1.3. Addressing measurement and predictive validity biases with latent variable models

Given our focus on predictive validity, it is essential to determine whether differential CARs between racial and ethnic groups is due
to systematic differences in the measurement of constructs across groups (i.e., measurement bias) or differences in the predictions of
achievement across groups (i.e., prediction bias). Latent variable models are methodologically advantageous in the examination of
predictive bias in CARs research for several reasons. First, latent variable models of cognitive ability can be explicitly tested for
measurement invariance, ensuring that the constructs are being measured the same for different groups of individuals (Dimitrov, 2010;
Little, 1997). Second, latent variable models of cognitive ability rely on capturing and representing the shared variance among the
subtests purported to measure the broad cognitive abilities, reducing the extent that error from individual subtests influences the
predictive models (Benson et al., 2016; Keith, 2019). Finally, latent variable models facilitate the examination of complex predictive
CARs while maintaining the hierarchical factor structure of cognitive ability.

Once strong measurement invariance is supported (i.e., constrained subtest loadings and intercepts across racial and ethnic
groups), differences in latent means and predictive CARs between groups can be examined (Keith, 2019). As mentioned previously,
bias in the predictive validity of CARs can occur at the intercept and the slope. In the context of CARs, intercept differences emerge
when the groups being compared have divergent averages on the outcome variable (i.e., achievement). Latent mean comparisons are
critical within predictive bias research, as differential slopes between groups may not be indicative solely of slope bias but instead
differences in latent ability (i.e., the latent mean; Wicherts & Millsap, 2009). However, predictive CAR models must consider latent
mean differences, as constraining latent means may bias the magnitude and significance of group slope deviations from the reference
group.

Borsboom et al. (2008) conducted a simulation study and demonstrated that when there are latent mean differences, and mea-
surement invariance holds, prediction bias is inevitable. As classification decisions occur at the individual level, the implications of
predictive bias are arguably more problematic if they arise from measurement bias related to group membership rather than true
differences in latent ability. With measurement bias, it would be unfair to use the test when making special education eligibility
determinations; however, with predictive bias, errors would need to be addressed. How these errors are dealt with (e.g., using different
cut points based on group membership) may be seen as unfair or of questionable legality. Test bias research may be misdirected if it is
left undetermined whether there are true differences in measured ability or if these differences reflect measurement bias. Many of these
findings are largely absent from the extant literature but may help guide future research on test bias. Moreover, there has been a
paucity of research using latent variable models to examine the effects of CHC-based cognitive abilities on academic achievement
across racial and ethnic groups (Keith, 1999; Woods Jr., 2021), and these studies did not control for indicators of SES known to in-
fluence performance on cognitive and achievement batteries (Weiss & Saklofske, 2020).



D.B. Hajovsky and S.R. Chesnut Journal of School Psychology 93 (2022) 1-27
1.4. Purpose of the study

The purpose of the present study was two-fold. First, this study aimed to add empirical evidence to the literature concerning the
extent that a seven-factor, higher-order model, informed by CHC-theory, invariantly represents cognitive ability for children and
adolescents from racially and ethnically diverse backgrounds. Second, this study aimed to clarify the nature by which predictive CARs
differ as a function of race or ethnicity. To accomplish these goals, we leveraged multiple group latent variable structural equation
modeling to examine the (a) factorial invariance of a seven-factor, higher-order latent variable representation of cognitive ability
between racially and ethnically diverse children and adolescents, and (b) intercept and slope bias in predictive CARs between the
latent variable representation of cognitive ability and reading and mathematics achievement. To address limitations in prior research,
the current study aimed to control for proxies of SES and opportunity by controlling for parent education at the indicator level (i.e.,
individual subtest level). To address common trends associated with modeling g and broad cognitive abilities in predictive CARs, the
current study aimed to examine the incremental predictions of broad cognitive abilities on reading and mathematics achievement,
after extracting variance associated with g from both the broad cognitive abilities and the achievement outcomes. Importantly, we
examined whether latent ability differences account for any observed predictive bias in CARs, which has not been considered in prior
research using a current and widely used cognitive test.

2. Method
2.1. Data and sample

To answer our research questions, we analyzed previously collected data used in the norming sample of the WJ IV, provided by
Riverside Insights (formerly known as Houghton Mifflin Harcourt; McGrew et al., 2014). The WJ IV Cognitive (Schrank, McGrew, &
Mather, 2014) and WJ IV Achievement (Schrank, Mather, & McGrew, 2014) data include measures from individuals between Grades
1-12, sampled from various census regions in the USA (i.e., Northeast, Midwest, South, and West), community types (i.e., metro-
politan, micropolitan, and rural), and demographic composition of the population per the 2010 census projections using a stratified
random sampling approach. Given the breadth of data to be collected from each participant, data were collected using a planned
missing data design, wherein participants were randomly assigned to subgroups of assessments, reducing the overall length of data
collection protocols and ensuring that data not collected could be reliably recovered due to them being missing completely at random
(see also McGrew et al., 2014; Rhemtulla & Little, 2012). Assessments were administered by trained professional examiners and
submitted to the company where multistep, multiple imputation procedures were used (see McGrew et al., 2014).

The norming sample consisted of 3569 observations of children and adolescents ranging in age from 5 to 19 years, with an average
of 11.8 years of age (SD = 3.39). Most of the participants identified as Caucasian (78%; n = 2792), with fewer identifying as African
American (14%; n = 504), Asian (5%; n = 165), American Indian (1%; n = 24), or Other (2%; n = 84). In addition to racial group
endorsements, approximately 18% identified as Hispanic (n = 644). There was nearly an even split between gender groups with 50.6%
of the participants identifying as female (n = 1809), with the remaining identifying as male. Each grade level was nearly equally
represented with the percent of students in each grade ranging from 6% (Grade 12; n = 208) to 10% (Grade 1; n = 340) of the total
sample. Most of the participants in the sample lived with parents who had an education level greater than high school (56.7%; n =
2022), with fewer living with parents who had a high school equivalency (30.3%; n = 1081), and less than a high school education
(12.7%; n = 454). Table 1 disaggregates parent education level by child endorsed race and ethnic groups.

2.2. Measures

The WJ IV norming data contain multiple measures of cognitive ability and academic skills (McGrew et al., 2014). The test batteries
were administered individually and the raw scores from these assessments were converted to age-referenced standardized scores, with
means of 100 and standard deviations of 15.

2.2.1. Cognitive ability

In the present study, the WJ IV scoring model was utilized and included g and seven CHC broad cognitive abilities (McGrew et al.,
2014). Specifically, to represent cognitive ability, we utilized a higher-order factor structure to model g as a second-order latent
variable, represented by seven broad cognitive abilities. These broad cognitive abilities, identified as Comprehension-Knowledge (Gc),
Fluid Reasoning (Gf), Short-Term Working Memory (Gwm), Cognitive Processing Speed (Gs), Auditory Processing (Ga), Long-Term

Table 1
Distribution of parent education levels overall, by ethnicity, and by race.
Sample By Ethnicity By Race
Education Level Overall Non-Hispanic Hispanic Asian African American Caucasian
LTHS 442 (12.8%) 323 (11.2%) 119 (21.3%) 12 (7.3%) 94 (18.8%) 336 (12.1%)
HSEQ 1043 (30.3%) 862 (29.9%) 181 (32.4%) 34 (20.6%) 183 (36.6%) 826 (29.7%)
GTHS 1960 (56.9%) 1701 (58.9%) 259 (46.3%) 119 (72.1%) 223 (44.6%) 1618 (58.2%)

Note. LTHS = less than high school; HSEQ = high school equivalent; GTHS = greater than high school.
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Retrieval (Glr), and Visual Processing (Gv), were first-order latent variables represented by the subtests identified in the WJ IV
Technical Manual in accordance with CHC factors (McGrew et al., 2014). We modeled the standardized scores of the Oral Vocabulary
and General Information subtests as indicators of Gc, the Concept Formation and Analysis-Synthesis (in place of Number Series)
subtests as indicators of Gf, the Verbal Attention and Numbers Reversed subtests as indicators of Gwm, the Letter-Pattern Matching and
Pair Cancellation subtests as indicators of Gs, the Phonological Processing and Nonword Repetition subtests as indicators of Ga, the
Story Recall and Visual-Auditory Learning subtests as indicators of Glr, and the Visualization and Picture Recognition subtests as
indicators of Gv (see Fig. 3 for visual representation). The internal consistencies for the subtests used to create these latent variables
ranged from 0.77 to 0.99 for individuals between the ages of 5-19 years, except for Picture Recognition, which ranged from 0.61 to
0.88 (McGrew et al., 2014). More details concerning the development, validity, and reliability of these cognitive ability measures are
available in the WJ IV Technical Manual (McGrew et al., 2014).

2.2.2. Academic skills

To represent achievement in reading and mathematics, we modeled four first-order latent variables, identified as Basic Reading
(BR), Reading Comprehension (RC), Math Problem Solving (MP), and Math Calculation (MC) using relevant subtests detailed in the WJ
IV Technical Manual (McGrew et al., 2014). We modeled the standardized scores of the Letter-Word Identification and Word Attack
subtests as indicators of BR, the Passage Comprehension and Reading Recall subtests as indicators of RC, the Applied Problems and
Number Matrices subtests as indicators of MP, and the Calculation and Math Fluency subtests as indicators of MC. The internal
consistencies for the subtests used to create these latent variables ranged from 0.81 to 0.98 for individuals between the ages of 5-19
years (McGrew et al., 2014). More details concerning the development, validity, and reliability of these achievement measures are
available in the WJ IV Technical Manual (McGrew et al., 2014).

2.3. Protocol for data analysis

We utilized R (R Core Team, 2021, ver. 4.1.2) to prepare these data and conduct preliminary analyses and assumption tests,
including checks for linearity and normality. Given our focus on predictive bias in CARs as a function of race and ethnic group
membership, we retained only the children and adolescents who identified with a racial or ethnic group large enough for analytic
comparison (i.e., Caucasian, African American, Asian, Hispanic/non-Hispanic). This reduced our sample size from 3569 to 3461 (AN
= 108). Eleven did not have data for parent education levels and 17 more were missing scores on at least one of the subtests to be used.
We removed these 28 individuals from data prior to analysis, resulting in a pre-analytic sample of 3433.

All latent variable models, including the measurement models and structural equation models (SEM), were specified and estimated
with the lavaan package (Rosseel, 2012, ver. 0.6-9) in R. Given the well-documented influence of parent education, as a proxy of SES,
on variability in measures of intelligence and achievement (e.g., Tucker-Drob & Harden, 2012; Weiss & Saklofske, 2020) and the
statistical issue of confounding effects due to race and education, we controlled for variability in subtest performance that was
attributable to differences in the levels of parent reported education. With prior support for collapsing parent education into a college/
non-college binary variable (e.g., Hajovsky, Oyen, et al., 2020) and nearly balanced split between those with greater than high school
education (N = 1953, 56.89%) and those with equal to or less than a high school education (N = 1480, 43.11%) in the pre-analytic
sample, we dichotomized parent education in the current study. Dichotomizing the parent education variable in the current study also
created more robust groups, removing the relatively underpowered sample sizes for the less than high school classification (i.e., N =
441). Preliminary analyses examining differences in the ability to predict variance in the subtests between the three-group and two-
group representations of parent education yielded little difference, with the three-group representation of parent education being able
to explain 0%-0.9% more of the variance across subtests (M = 0.45%, SD = 0.23%). Ultimately, the empirical precedent for
dichotomization and greater statistical power emerging from aggregating the parent education variable drove our decision.
Appendix Table 1 summarizes the effect of the college education binary variable on the subtests of cognitive ability and achievement.

2.3.1. Measurement model and factorial invariance

Prior to examining the nature of predictive bias in CARs as a function of racial and ethnic group membership, we first established
factorial invariance for the first-order latent variable representations of achievement (i.e., BR, RC, MP, and MC) and the higher-order
latent variable representation of g and its broad cognitive abilities (i.e., Gc, Gf, Gwm, Gs, Ga, Glr, and Gv). The latent variables were
identified using the subtests described previously. Residual correlations between four subtests were allowed based on support from
prior research. For example, residuals from the Numbers Reversed and Letter-Pattern Matching indicators, and Verbal Attention and
Nonword Repetition indicators were allowed to correlate based on common specific variance beyond the latent factors (McGrew et al.,
2014; Niileksela et al., 2016; Woods Jr. et al., 2021). The scale of the latent factors was set using the effects coding method to model the
latent factors and the relations between these latent factors on the same scale as the domains were measured (Keith, 2019; Little,
2013).

Factorial invariance for the first-order latent variables was established in sequential models. First, configural invariance was
established in which all parameters were freely estimated for each race or ethnic group. Second, weak invariance was established,
constraining the loadings across race and ethnic groups. Finally, strong invariance was established, constraining the item intercepts
across race and ethnic groups. Prior to the moderated SEMs, we examined latent mean differences in comparison to the reference group
(i.e., Caucasian for racial groups, non-Hispanic for ethnic groups). Factorial invariance was assessed using changes to the y2 and CFI
model fit indices. More specifically, Ay? that is not statistically significant and/or ACFI <0.01 indicate acceptable fit change between
levels of constraint (Cheung & Rensvold, 2002). Additionally, the significance of the Ay? between constrained and unconstrained
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models was used to determine if the difference in latent variable means between race and ethnic groups was statistically significant (p
< .05). Additionally, latent variable mean differences were modeled as defined parameters in the unconstrained SEM model, with
respective confidence intervals and p-values.

As we represented g as a second-order latent variable, further constraints were applied to ensure that g was factorially invariant
across all race and ethnic groups prior to the predictive bias analyses. With the broad cognitive abilities (i.e., Gc, Gf, Gwm, Gs, Ga, GIr,
and Gv) demonstrating strong factorial invariance, we further constrained the loadings of the broad cognitive abilities on g to represent
weak factorial invariance of the second-order factor, g We then constrained the intercepts of the broad cognitive abilities to represent
strong factorial invariance of the second-order factor, g. We used the same criteria for ensuring factorial invariance of g as we did for
the latent variables representing broad cognitive abilities. Likewise, we examined standardized differences in g between race and
ethnic groups prior to constraining g across all race and ethnic groups for the predictive bias analyses. Overall, model fit to data was
examined with the y? statistic, root mean square error of approximation (RMSEA), comparative fit index (CFI), and standardized root
mean square residual (SRMR). Based on prior findings from the extant literature, we determined RMSEA estimates less than 0.10, CFI
estimates greater than 0.90, and SRMR estimates less than 0.10 to be indicative of acceptable model fit to data (Cangur & Ercan, 2015;
Iacobucci, 2010; Little, 2013).

2.3.2. SEM models for analytic goal 1: g directly predicting achievement

To address the first part of our main analytic goal to examine intercept and slope bias in predictive CARs between the latent variable
representation of cognitive ability and reading and mathematics achievement, we conducted an eight-condition experimental simu-
lation study to determine the best protocol for accurately capturing the bias in predictive CARs, without artificially creating bias due to
constraints across groups. More specifically, we designed a 2 x 2 x 2 experimental simulation that manipulated (a) the equality of the
latent variable mean of the predictor variable across groups (i.e., equal vs unequal), (b) the equality of the latent variable mean of the
outcome variable across groups (i.e., equal vs unequal), and (c) the equality of the strength of the relation between the predictor and
outcome latent variables across groups (i.e., equal vs unequal). The analysis of data from these eight conditions relied on sequential
models that (a) first established factorial invariance, (b) then constrained the latent variable means of the independent variable, (c)
then constrained the latent variable means of the dependent variable (i.e., intercept), and (d) finally constrained the regression
parameter of the relationship between the predictor and the outcome. In summary, the results indicated that when the latent variable
means of the predictor were equal across groups, the protocol did not introduce any bias in the estimation of intercept and slope bias in
the regression. However, when there was a significant difference in the latent variable mean of the predictor, constraining it across
groups introduced significant bias in the estimation of intercept and slope parameters in the regression. Systematically altering the
order of the protocol (e.g., constraining the slope parameter prior to constraining the latent variable means of the predictor and
outcome latent variables) under these conditions did not improve the accuracy in capturing bias in the intercept and slope of the
regression model.

With differences in the latent variable mean of the predictor, an iterative process was required to accurately estimate the intercept
and slope bias in a latent variable regression model. First, iterative constraints on the (a) latent variable mean of the predictor, (b)
latent variable mean of the outcome (i.e., intercept), and (c) relation between predictor and outcome (i.e., slope) were specified with
Ay? tests conducted to act as omnibus tests of differences between groups. With statistically significant Ay? results, comparisons of the
coefficients estimated for each pair of groups is justified. These analyses can be accomplished in lavaan with defined parameters (e.g.,
“d.lv :=1v.grpl - lv.grp2”). To ensure that the differences in these estimates are not likely to occur by chance, both the overall p-value
of the estimates for the defined parameters and their confidence intervals from bootstrapped models were examined. Given that prior
studies have demonstrated differences in observed IQ scores as a function of group membership (e.g., Edwards & Oakland, 2006;
Scheiber, 2016a, 2016b; Scheiber & Kaufman, 2015), with procedural support from our experimental simulation study, we approached
the examination of bias in the intercept and slope of predictive CARs assuming there would be differences in the latent variable mean of
g between race and ethnic groups.

2.3.3. SEM models for analytic goal 2: g predicting achievement via broad cognitive abilities

To accomplish the second part of our main analytic goal, we sequentially modeled the indirect effects of g on achievement through
the broad cognitive abilities (i.e., Gc, Gf, Gwm, Gs, Ga, Glr, and Gv). To consider the arguments in the literature surrounding the extent
that broad cognitive abilities incrementally predict achievement beyond g, the first analytic model estimated a regression path from g
to achievement. With g as the predictor of achievement, broad cognitive abilities were then iteratively added to the model to examine
the extent that each broad cognitive ability contributed to the prediction of achievement above and beyond g. Broad cognitive abilities
that did not fall within the exclusion criteria were retained and aggregated into a final analytic model. The criteria for broad cognitive
abilities to be excluded from the final model included (a) being a negative predictor of achievement in the presence of g, (b) causing g to
become a negative predictor of achievement, and (c) not being a statistically significant predictor of achievement.

Once these final models were obtained, we examined the extent of difference in the regression intercept and slopes as a function of
race and ethnic group identification using an adapted protocol from the prior analyses for goal 1. More specifically, we iteratively
constrained latent variable means, regression intercepts, and regression slopes across race and ethnic groups, while testing overall
change in model fit via Ay? tests. We then examined differences in estimates of regression intercepts and regression slopes, examining
the overall p-values and confidence intervals from bootstrapped models to determine which groups had statistically significantly
different estimates. Additionally, we evaluated the predictive CARs via (a) traditional direct effects of g and indirect effects of g via the
broad cognitive abilities on achievement (higher-order model) and (b) by multiplying the standardized residual of the broad cognitive
abilities with the standardized regression coefficient from the broad cognitive ability to achievement (i.e., used the residuals of the
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broad ability factors as predictors of achievement). This latter approach has been used in prior research (e.g., Caemmerer et al., 2018)
to approximate the results one might obtain using a bifactor approach, in which variance in the broad cognitive ability that is
attributable to g is partialled out (Hajovsky, Villeneuve, Reynolds, et al., 2018; Reynolds & Keith, 2017).

3. Results

Results from the assumption tests revealed 306 multivariate outliers spread across the diverse groups comprising our pre-analytic
sample of 3433 children and adolescents. More specifically, gender proportions were similar with the multivariate outliers being
comprised of 51.63% male. Racial group proportions were similar with the multivariate outliers being comprised of 72.22% Caucasian,
21.24% African American, and 6.54% Asian. Ethnic group proportions were similar with the multivariate outliers being comprised of
16.01% Hispanic. Finally, parent education group proportions were similar with the multivariate outliers being comprised of 54.25%
having an education greater than high school, 29.74% having an education equivalent to high school, and 16.01% percent having an
education less than high school. Given the proportional similarity between the pre-analytic sample and the multivariate outliers, we
determined there to be little concern for systematic bias and removed them prior to further analyses (N = 3127).

Prior to analyzing data, we examined the cross-group distribution of race and ethnicity in the final sample of 3127 children and
adolescents. Although nearly 16% of our analytic sample identified as Hispanic, this percentage was not equitable across the racial
groups. Instead, of those who identified as Hispanic, 96.06% also identified as Caucasian (N = 488), 1.97% also identified as African
American (N = 10), and 1.97% also identified as Asian (N = 10). Given that the Hispanic representation was almost solely nested
within those identifying as Caucasian, we subsetted the analytic sample for ethnicity-oriented analyses to include only those in-
dividuals in the sample that identified as Caucasian, so that confounding issues with race would not interfere in our interpretation of
ethnic bias in the predictive CAR models. This subsetting reduced the sample for ethnicity-oriented analyses to a final sample of 2548.
We did not adjust the final sample for race-oriented analyses (i.e., 3127).

3.1. Factorial invariance of g and achievement

Results demonstrated strong factorial invariance for the higher-order representation of g across racial groups. More specifically,
constraining the loadings of the subtests for the first-order broad cognitive abilities met the Ay? and ACFI criteria for weak factorial
invariance (Ay? = 16.93, p = .260, ACFI = 0.000). Constraining the intercepts of the subtests for the first-order broad cognitive
abilities met the Ay? and ACFI criteria for strong factorial invariance (Ay? = 7.87, p = .896, ACFI = 0.000). Additionally, constraining
the loadings of the broad cognitive abilities for second-order g met the ACFI criterion for weak factorial invariance (ACFI = 0.000).
Finally, constraining the intercepts of the broad cognitive abilities for the second-order g met the ACFI criterion for strong factorial
invariance (ACFI = 0.001). Standardized loadings of the subtests on the broad cognitive abilities ranged from 0.449 to 0.940. The final
model, demonstrating strong factorial invariance of g across racial groups, also demonstrated acceptable model fit with an RMSEA =
0.073, 90% CI [0.070, 0.076], CFI = 0.907, and SRMR = 0.045. Table 2 summarizes the model fit indices for each model. Additionally,

Table 2

Results of factorial invariance tests of cognitive ability and academic achievement.
Model $ df Ay? Adf p (AyD CFI ACFI RMSEA 90% CI SRMR
Factorial Invariance of Cognitive Ability Across Racial Groups
Configural 1608.58 204 0.908 0.081 [0.078, 0.085] 0.042
BA — Weak 1625.50 218 16.93 14 0.260 0.908 0.000 0.079 [0.075, 0.082] 0.043
BA - Strong 1633.37 232 7.87 14 0.896 0.908 0.000 0.076 [0.073, 0.080] 0.043
g — Weak 1658.58 244 25.21 12 0.014 0.908 0.000 0.075 [0.071, 0.078] 0.045
g - Strong 1681.48 256 22.90 12 0.029 0.907 0.001 0.073 [0.070, 0.076] 0.045

Factorial Invariance of Cognitive Ability Across Ethnic Groups

Configural 1270.40 136 0.908 0.081 [0.077, 0.085] 0.042
BA — Weak 1278.08 143 7.68 7 0.362 0.908 0.000 0.079 [0.075, 0.083] 0.043
BA — Strong 1286.45 150 8.37 7 0.301 0.908 0.000 0.077 [0.073, 0.081] 0.043
g — Weak 1290.46 156 4.01 6 0.675 0.908 0.000 0.076 [0.072, 0.079] 0.044
g - Strong 1314.38 162 23.93 6 < 0.001 0.906 0.002 0.075 [0.071, 0.078] 0.045

Factorial Invariance of Academic Achievement Across Racial Groups

Configural 262.34 42 0.985 0.071 [0.063, 0.079] 0.018
Weak 265.07 50 2.73 8 0.950 0.985 0.000 0.064 [0.057, 0.072] 0.019
Strong 278.52 58 13.45 8 0.097 0.985 0.000 0.060 [0.053, 0.068] 0.020

Factorial Invariance of Academic Achievement Across Ethnic Groups

Configural 234.03 28 0.982 0.076 [0.067, 0.085] 0.019
Weak 237.51 32 3.48 4 0.481 0.982 0.000 0.071 [0.063, 0.080] 0.021
Strong 245.47 36 7.96 4 0.093 0.982 0.000 0.068 [0.060, 0.076] 0.022

Note. BA = broad cognitive abilities, g = higher order representation of g.
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Appendix Table 2 summarizes the first- and second-order loadings for the measurement model of cognitive ability.

Results demonstrated strong factorial invariance for the higher-order representation of g across ethnic groups. More specifically,
constraining the loadings of the subtests for the first-order broad cognitive abilities met the Ay? and ACFI criteria for weak factorial
invariance (AX2 =7.68,p =.362, ACFI = 0.000). Constraining the intercepts of the subtests for the first-order broad cognitive abilities
met the Ay? and ACFI criteria for strong factorial invariance (Ay?> = 8.37, p = .301, ACFI = 0.000). Additionally, constraining the
loadings of the broad cognitive abilities for second-order g met the ACFI criterion for weak factorial invariance (Ay? = 4.01, p = .675,
ACFI = 0.000). Finally, constraining the intercepts of the broad cognitive abilities for the second-order g met the ACFI criterion for
strong factorial invariance (ACFI = 0.002). Standardized loadings of the subtests on the broad cognitive abilities ranged from 0.612 to
0.964. The final model, demonstrating strong factorial invariance of g across racial groups, also demonstrated acceptable model fit
with an RMSEA = 0.075, 90% CI [0.071, 0.078], CFI = 0.906, and SRMR = 0.045. Table 2 summarizes the model fit indices for each
model. Across racial and ethnic groups, parent education (represented as having a college education) was a consistently positive
predictor of performance across all subtests modeled as manifest indicators of the broad cognitive abilities with standardized
regression coefficients ranging from 0.102 to 0.221 (p < .05 or less).

Results demonstrated strong factorial invariance for the first-order representations of achievement across racial groups. In testing
factorial invariance of achievement, all constructs were modeled simultaneously (i.e., BR, RC, MP, and MC) for each racial and ethnic
group. Constraining the loadings of the subtests for the each first-order latent variables of achievement met the Ay? and ACFI criteria
for weak factorial invariance (Ay? = 2.73, p = .950, ACFI = 0.000). Constraining the intercepts of the subtests for the first-order latent
variables of achievement met the Ay? and ACFI criteria for strong factorial invariance (Ay?> = 13.45, p = .097, ACFI = 0.000).
Standardized loadings of the subtests on the measures of achievement ranged from 0.542 to 0.934. The final model, demonstrating
strong factorial invariance of the four latent variables of achievement, also demonstrated acceptable model fit with an RMSEA = 0.060,
90% CI [0.053, 0.068], CFI = 0.985, and SRMR = 0.020. Table 2 summarizes the model fit indices for each model. Additionally,
Appendix Table 3 summarizes the first-order loadings for the measurement models of each achievement domain.

Results demonstrated strong factorial invariance for the first-order representations of achievement across ethnic groups. In testing
factorial invariance of achievement, all constructs were modeled simultaneously (i.e., BR, RC, MP, and MC) for each racial and ethnic
group. Constraining the loadings of the subtests for the each first-order latent variables of achievement met the Ay? and ACFI criteria
for weak factorial invariance (AX2 = 3.48, p = .481, ACFI = 0.000). Constraining the intercepts of the subtests for the first-order latent
variables of achievement met the Ay? and ACFI criteria for strong factorial invariance (Ay? = 7.96, p = .093, ACFI = 0.000). Stan-
dardized loadings of the subtests on the measures of achievement ranged from 0.622 to 0.926. The final model, demonstrating strong
factorial invariance of the four latent variables of achievement, also demonstrated acceptable model fit with an RMSEA = 0.068, 90%
CI [0.060, 0.076], CFI = 0.982, and SRMR = 0.022. Table 2 summarizes the model fit indices for each model. Across racial and ethnic
groups, parent education was a consistently positive predictor of performance across all subtests modeled as manifest indicators of
achievement with standardized regression coefficients ranging from 0.139 to 0.228 (p < .05 or less).

3.2. Differences in g and achievement as a function of race and ethnicity

When considering differences in latent means between racial groups, results suggested significant differences in g and the four
measures of achievement. More specifically, constraining the latent mean of g across racial groups resulted in statistically significant
changes in model fit (A;(g = 44.685, p < .001), suggesting significant differences in g between racial groups. Likewise, independently

Table 3
Means, standard deviations, and pairwise comparisons of g and achievement latent variables.
g BR RC MP MC

Group M SD M SD M SD M SD M SD
By Race
Caucasian 98.19 7.92 97.56 12.47 98.09 11.21 98.05 10.64 98.15 11.89
African American 94.03 7.83 92.41 12.26 91.68 11.79 91.87 10.78 91.87 12.49
Asian 98.60 8.14 100.21 13.75 98.10 11.07 98.58 11.36 102.22 11.74
By Ethnicity
Non-Hispanic 98.78 7.72 98.64 12.13 99.49 11.11 98.80 10.37 98.81 11.73
Hispanic 96.48 8.36 94.53 13.45 94.03 10.98 95.58 11.38 95.74 12.35

Pairwise Comparisons (Score Differences and Probabilities)

Est p-val Est p-val Est p-val Est p-val Est p-val
Ca-AA 4.16 < 0.001 5.15 < 0.001 6.41 < 0.001 6.18 < 0.001 6.29 < 0.001
Ca-As -0.41 0.767 -2.66 0.232 0.00 0.999 -0.53 0.789 -4.06 0.046
As— AA 4.57 0.002 7.81 0.001 6.42 0.003 6.71 0.001 10.35 < 0.001
NonHisp - Hisp 2.30 < 0.001 4.11 < 0.001 5.45 < 0.001 3.22 < 0.001 3.07 0.001

Note. g = second order latent variable of cognitive ability; BR = basic reading; RC = reading comprehension; MP = math problem solving; MC = math
calculation; Ca = Caucasian; AA = African American; As = Asian; NonHisp = Non-Hispanic; Hisp = Hispanic; Est = Unstandardized difference es-
timate from unconstrained latent variable model; p-val = probability of unstandardized estimate occurring by chance.
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constraining the latent means of achievement (i.e., BR, RC, MP, and MC) across racial groups resulted in statistically significant
changes in model fit with AyZz = 32.819 (p < .001), Ayéc = 43.804 (p < .001), Ay3p = 48.845 (p < .001), and Aygc = 50.452 (p <
.001). Constraining means across pairs of racial groups (i.e., Caucasian-African American, Caucasian-Asian, African American-Asian)
resulted in mixed findings, with some pairwise constraints resulting in significant changes to model fit and other pairwise constraints
not resulting in significant changes to model fit. Table 3 summarizes the latent means and standard deviations of g and the four
measures of achievement (i.e., BR, RC, MP, and MC) across racial groups, along with results of racial pairwise comparisons. Overall,
differences in g and the four measures of achievement between Caucasian and African American children and adolescents ranged from
4.16 to 6.41 standard score points (all p < .001). Likewise, differences between Asian and African American children and adolescents
ranged from 4.57 to 10.35 points (all p < .010). Differences between Caucasian and Asian children and adolescents ranged from —4.06
to 0.00 points, with only the difference on MC (i.e., —4.06) being statistically significant (p = .046).

When considering differences in latent means between ethnic groups, results suggested significant differences in g and the four
measures of achievement. More specifically, constraining the latent mean of g across ethnic groups resulted in statistically significant
changes in model fit (A;(gz =13.004, p < .001), suggesting significant differences in g between ethnic groups. Likewise, independently
constraining the latent means of achievement (i.e., BR, RC, MP, and MC) across ethnic groups resulted in statistically significant
changes in model fit with Ay3g = 17.521 (p < .001), Aydc = 34.788 (p < .001), Ayp = 12.958 (p < .001), and AyZc = 10.746 (p <
.001). Table 3 summarizes the latent means and standard deviations of g and the four measures of achievement (i.e., BR, RC, MP, and
MC) across ethnic groups, along with results of ethnic group pairwise comparisons. Overall, differences in g and the four measures of
achievement between Non-Hispanic and Hispanic children and adolescents ranged from 2.30 to 5.45 points (all p < .001).

3.3. Analytic goal part 1: direct effects of g on achievement

Given the results from the prior analyses suggesting significant differences in the latent variable means of g and achievement
between race and ethnic groups, we adhered to our established protocol for analyzing intercept and slope bias in predictive CAR
models to reduce the bias that would emerge via constraining the latent variable means of g. More specifically, we iteratively con-
strained (a) the latent variable mean of g, (b) the latent variable mean of the achievement measure (i.e., intercept), and (c) the relation
between g and achievement (i.e., slope). Constraints that resulted in significantly worse fitting models based on a Ay? test were fol-
lowed up with pairwise analyses coded within the SEMs. However, as the latent variable mean of g was examined in the prior section,
we only report on the constraints and pairwise tests associated with the intercept and slope. Table 4 summarizes the intercept and slope
results from the CAR models, with coefficients estimated for disaggregated subgroups and combined. Appendix Table 4 provides
additional details about the path coefficients. The results from these models are discussed in the following paragraphs.

Results from the SEM models examining the influence of g on BR demonstrated noticeable differences in the intercept coefficients
between racial groups, with nearly a 12-point difference between Asian children and adolescents and their African American peers.
Although constraining the unstandardized intercepts of all racial groups to an averaged —11.98 resulted in significantly worse model
fit (Ay? = 515.03, p < .001), none of the pairwise comparisons were statistically significant. The differences in the Ay? and pairwise
tests were likely due to larger standard errors around the individual racial groups’ intercepts. Constraining the unstandardized slopes
to an averaged 1.12 did not result in significantly worse model fit indices. Aside from the CFI, estimates of model fit for the SEM
examining the CAR between g and BR between racial groups were acceptable with RMSEA = 0.081, 90% CI [0.078, 0.084], CFI =

Table 4
Intercept and slope coefficients of g predicting achievement by race and ethnicity.
BR RC MP MC

Group Intercept Slope Intercept Slope Intercept Slope Intercept Slope
By Race
Caucasian -12.07 1.12 -9.04 1.09 -24.39 1.25 -10.91 1.11
African American -17.88 117 -14.93 1.14 -25.93 1.25 -10.59 1.09
Asian -6.00 1.08 -14.44 1.14 -36.65 1.37 -9.78 1.14
Aggregate ~11.98 1.12 -12.80 1.12 -28.99 1.29 -10.43 1.11
By Ethnicity
Non-Hispanic -12.47 1.12 -9.12 1.10 -24.12 1.25 -9.36 1.10
Hispanic -14.36 1.13 -8.51 1.06 -24.85 1.25 -16.05 1.16
Aggregate -13.42 1.13 -8.82 1.08 -24.49 1.25 -12.70 1.13

Pairwise Comparisons (Estimates of Differences in Intercepts and Slopes, and Probabilities)

Ca-AA 5.81 -0.05 5.90 -0.05 1.54 -0.01 -0.32 0.02
Ca—As —6.08 0.04 5.40 -0.05 12.27 -0.13 -1.13 -0.03
As - AA 11.89 -0.09 0.50 0.01 -10.73 0.12 0.81 0.05
NonHisp — Hisp 1.89 -0.01 -0.62 0.04 0.73 0.00 6.70 -0.06

Note. No pairwise comparisons for intercepts or slopes were statistically significant (p < .05); BR = basic reading; RC = reading comprehension; MP =
math problem solving; MC = math calculations; Ca = Caucasian; AA = African American; As = Asian; NonHisp = Non-Hispanic; Hisp = Hispanic;
Pairwise comparisons of intercepts and slopes based on unconstrained models.
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0.883, and SRMR = 0.052. Results from the same model applied to ethnic groups (i.e., Hispanic, Non-Hispanic) demonstrated similar
trends. With a nearly 2-point difference between ethnic groups, constraining the unstandardized intercepts to an averaged —13.42 did
not result in significantly worse model fit indices. Likewise, constraining the unstandardized slopes to an averaged 1.13 did not result
in significantly worse model fit indices. Aside from the CFI, estimates of model fit for the SEM examining the CAR between g and BR
between ethnic groups were acceptable with RMSEA = 0.082, 90% CI [0.079, 0.085], CFI = 0.884, and SRMR = 0.051.

Results from the SEM models examining the influence of g on RC only demonstrated a noticeable difference for Caucasian children
and adolescents, with their intercept being nearly 6 points higher than their African American and Asian peers. Constraining the
unstandardized intercepts to an averaged —12.80 did not result in significantly worse model fit indices. Constraining the unstan-
dardized slopes to an averaged 1.12 did not result in significantly worse model fit indices. Aside from the CFI, estimates of model fit for
the SEM examining the CAR between g and RC between racial groups were acceptable with RMSEA = 0.089, 90% CI [0.086, 0.092],
CFI = 0.856, and SRMR = 0.051. Results from the same model applied to ethnic groups demonstrated similar trends. With nearly a
half-point difference between ethnic groups, constraining the unstandardized intercepts to an averaged —8.82 did not result in
significantly worse model fit indices. Likewise, constraining the unstandardized slopes to an averaged 1.08 did not result in signifi-
cantly worse model fit indices. Aside from the CFI, estimates of model fit for the SEM examining the CAR between g and RC between
ethnic groups were acceptable with RMSEA = 0.091, 90% CI [0.088, 0.094], CFI = 0.855, and SRMR = 0.051.

Results from the SEM models examining the influence of g on MP only demonstrated a noticeable difference for Asian children and
adolescents, with their intercept being nearly 12 points above their Caucasian peers and 11 points above their African American peers.
Constraining the unstandardized intercepts to an averaged —28.99 did not result in significantly worse model fit indices. Although
constraining the unstandardized slopes to an averaged 1.29 resulted in significantly worse model fit (Ay? = 1684.6, p < .001), none of
the pairwise comparisons were statistically significant. Aside from the CFI, estimates of model fit for the SEM examining the CAR
between g and MP between racial groups were acceptable with RMSEA = 0.079, 90% CI [0.077, 0.082], CFI = 0.887, and SRMR =
0.047. Results from the same model applied to ethnic groups demonstrated similar trends. With nearly a 1-point difference between
ethnic groups, constraining the unstandardized intercepts to an averaged —24.49 did not result in significantly worse model fit indices.
Likewise, constraining the unstandardized slopes to an averaged 1.25 did not result in significantly worse model fit indices. Aside from
the CFI, estimates of model fit for the SEM examining the CAR between g and MP between ethnic groups were acceptable with RMSEA
= 0.081, 90% CI [0.078, 0.084], CFI = 0.885, and SRMR = 0.047.

Results from the SEM models examining the influence of g on MC did not demonstrate noticeable differences in the intercepts
between the racial groups. Constraining the unstandardized intercepts to an averaged —10.43 did not result in significantly worse
model fit indices. Although constraining the unstandardized slopes to 1.11 resulted in significantly worse model fit (Ay? = 7835.8, p <
.001), none of the pairwise comparisons were statistically significant. Aside from the CFI, estimates of model fit for the SEM examining
the CAR between g and MC between racial groups were acceptable with RMSEA = 0.089, 90% CI [0.086, 0.092], CFI = 0.860, and
SRMR = 0.056. Results from the same model applied to ethnic groups demonstrated similar trends. Although there was nearly a 7-
point difference between ethnic groups, constraining the intercepts to an averaged —12.70 did not result in significantly worse
model fit indices. Likewise, constraining the unstandardized slopes to an averaged 1.13 did not result in significantly worse model fit

Table 5
Predicted achievement scores across a continuum of g for different racial groups.

Continuum of LV Scores on g

70 85 100 115 130
For Basic Reading
Caucasian 66.1 82.9 99.6 116.4 133.1
African American 63.9 81.5 99.0 116.6 134.1
Asian 69.6 85.8 102.0 118.2 134.4
For Reading Comprehension
Caucasian 67.3 83.7 100.1 116.4 132.8
African American 64.5 81.5 98.6 115.6 132.6
Asian 65.4 82.5 99.6 116.7 133.8
For Math Problem Solving
Caucasian 62.9 81.6 100.3 119.0 137.7
African American 61.8 80.6 99.4 118.2 137.0
Asian 59.5 80.1 100.6 121.2 141.8
For Math Calculation
Caucasian 66.9 83.5 100.2 116.9 133.5
African American 65.7 82.1 98.4 114.8 131.1
Asian 69.9 87.0 104.0 121.1 138.2

Note. Predicted scores calculated from intercepts and slopes from Table 4. For predicted outcome ¥ = binercepe + &(bsiope)- & = higher order repre-
sentation of g.
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indices. Aside from the CFI, estimates of model fit for the SEM examining the CAR between g and MC between ethnic groups were
acceptable with RMSEA = 0.090, 90% CI [0.087, 0.093], CFI = 0.086, and SRMR = 0.056.

To improve our explanation of the differences in relations between g and four measures of achievement (i.e., BR, RC, MP, and MC)
at contextually relevant scores, we applied the unique regression formulas (i.e., intercept and slope) for each racial group to create
predicted levels of achievement from 5 levels of g (i.e., 70, 85, 100, 115, and 130). Table 5 reports these predicted achievement scores
for each racial group. We visualized the relation between g and MC for each racial group in Fig. 2A. Although the prior results indicated
no statistically significant intercept or slope bias in the predictive CAR, there was a marked difference in MC between Asian children
and adolescents and their African American peers. More specifically, a 4.2-point difference existed at a g of 70, increasing to 5.6 points
at a gof 100 and 7.1 points at a g of 130.

To improve our explanation of the differences in relations between g and four measures of achievement (i.e., BR, RC, MP, and MC)
at contextually relevant scores, we applied the unique regression formulas (i.e., intercept, slope) for each ethnic group to create
predicted levels of achievement from 5 levels of g (i.e., 70, 85, 100, 115, and 130). Table 6 reports these predicted achievement scores
for each ethnic group. We visualized the relation between g and RC for each ethnic group in Fig. 2B. Although the prior results
indicated no statistically significant intercept or slope bias in the predictive CAR, there is an observable difference in RC between
Hispanic children and adolescents and their non-Hispanic peers. More specifically, a 1.8-point difference existed at a g of 70, increasing
to 2.9 points at a g of 100 and 3.9 points at a g of 130.

3.4. Analytic goal part 2: g predicting achievement via broad cognitive abilities

Prior to examining the direct effects of g and the indirect effects of g via the broad cognitive abilities on achievement, we iteratively
modeled the additive predictive strength of broad cognitive abilities on achievement after controlling for variance attributable to g.
Broad cognitive abilities were retained for the final models if they did not (a) become a negative predictor of achievement in the
presence of g, (b) cause g to become a negative predictor of achievement, or (c) significantly predict variance in achievement. In the
models disaggregated by racial group, Gc was a statistically significant, positive predictor of BR, RC, MP, and MC, even in the presence
of g. Additionally, Gs was a statistically significant, positive predictor of MC. These findings were consistent with the models dis-
aggregated by ethnic group. Fig. 3 exemplifies the models analyzed in this section with g predicting BR directly and indirectly via Gc.

Results from the SEM models examining the direct and indirect effects of g on BR suggested potential differences in the predictive
relation between g, Gc, and BR as a function of racial group identification. Table 7 and Appendix Table 5 summarize the results from
these SEM models. Constraining the slope between g and BR to an averaged 0.45 across racial groups resulted in significantly worse
model fit indices (Ay? = 924.09, p < .001). Likewise, constraining the slope between Gc and BR to averaged 0.47 resulted in signif-
icantly worse model fit (Ay? = 8.58, p < .05). The most notable differences in these slopes emerged in the model for Asian children and
adolescents. The slope between g and BR for this racial group was quite smaller than in the models for the other racial groups (i.e., by =
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Fig. 2. Regression lines for CARs across racial and ethnic groups.
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Table 6
Predicted achievement scores across a continuum of g for different ethnic groups.

Continuum of LV Scores on g

70 85 100 115 130
For Basic Reading
Non-Hispanic 66.2 83.1 99.9 116.8 133.6
Hispanic 64.8 81.8 98.7 115.7 132.7
For Reading Comprehension
Non-Hispanic 67.8 84.3 100.8 117.3 133.7
Hispanic 66.0 81.9 97.9 113.9 129.8
For Math Problem Solving
Non-Hispanic 63.0 81.7 100.4 119.1 137.7
Hispanic 62.5 81.2 100.0 118.7 137.4
For Math Calculation
Non-Hispanic 67.3 83.7 100.1 116.6 133.0
Hispanic 65.1 82.5 99.8 117.2 134.6

Note. Predicted scores calculated from intercepts and slopes from Table 4. For predicted outcome ¥ = bintercept + & (bsiope)- & = higher order repre-
sentation of g.

0.19), with a statistically significant difference from the slope estimated in the model for Caucasian children and adolescents (Abg =
0.46, p < .05). The slope between Gc¢ and BR for this racial group was larger than in the models for other racial groups (i.e., bg. = 0.63),
with a statistically significant difference from the slope estimated in the model for Caucasian children and adolescents (Abg, = — 0.30,
p < .05). Considering the indirect effect of g on BR through Gc, the effect was strongest for Asian children and adolescents (i.e., bjnq =
0.70) and weakest for Caucasian children and adolescents (i.e., binq = 0.36). There was a statistically significant difference in the
indirect effects between Asian children and adolescents and their Caucasian peers (Abjng = — 0.34, p < .05). Given that these are
unstandardized estimates, we can interpret the indirect estimate for Asian children and adolescents as one standard score increase in g
would result in 0.70 standard score increase in BR via Gc. These results are corroborated by the estimates of unique influence of Gc on
BR, after residualizing out the variance attributable to g (i.e., Residual * p). After controlling for the variability attributable to g, Gc has
a greater standardized influence on BR for Asian children and adolescents (f = 0.33, large effect; Keith, 2019) than their African
American (f = 0.23, moderate effect) and Caucasian (f = 0.16, moderate effect) peers. Although there was some variability in the
models between ethnic groups, there were not any noticeable or significant differences in the estimates.

Results from the SEM models examining the direct and indirect effects of g on RC suggested little difference in the predictive
relation between g, Gc, and RC as a function of racial or ethnic group identification. Table 8 summarizes the results from these SEM
models. Although there was some minor variability in the estimates for each group, iteratively constraining the slopes did not result in
significantly worse model fit for any comparative models (i.e., race and ethnicity). Overall, Gc was a statistically significant mediator in
the predictive CAR between g and RC. By racial group, indirect effects ranged from 0.44 to 0.51. By ethnic group, indirect effects
ranged from 0.36 to 0.43. Concerning the unique influence of Gc on RC, after residualizing out the variance attributable to g, stan-
dardized estimates ranged from moderate to large (f = 0.20 to 0.26) across racial groups and moderate (f = 0.19 to 0.22) across ethnic
groups.

Results from the SEM models examining the direct and indirect effects of g on MP suggested little difference in the predictive
relation between g, Gc, and MP as a function of racial or ethnic group identification. Table 9 and Appendix Table 6 summarize the
results from these SEM models. Although there was some minor variability in the estimates for each group, iteratively constraining the
slopes did not result in significantly worse model fit for any comparative models (i.e., race and ethnicity). Overall, Gc was a statistically
significant mediator in the predictive CAR between g and MP. By racial group, indirect effects ranged from 0.18 to 0.30. By ethnic
group, indirect effects ranged from 0.15 to 0.22. Concerning the unique influence of Gc on MP, after residualizing out the variance
attributable to g, standardized estimates ranged from small to moderate (f = 0.09-0.18) across racial groups and small to moderate (f
= 0.08-0.14) across ethnic groups.

Results from the SEM models examining the direct and indirect effects of g on MC suggested little difference in the predictive
relation between g, Gc, Gs, and MC as a function of racial or ethnic group identification. In determining the final model, there was some
discrepancy in the broad cognitive abilities to be included. Specifically, in the model disaggregated by race, using both Gc and Gs as
additive predictors of MC did not result in estimates that should have been excluded (i.e., broad cognitive ability becoming negative
predictor, g becoming negative predictor, and broad cognitive ability not statistically significant). However, in the model dis-
aggregated by ethnicity, adding both Gc and Gs as additive predictors resulted in g becoming a negative predicator of MC. As such, we
retained the strongest predictor of the two (i.e., Gs) for just the model examining ethnic group differences. Table 10 summarizes the
results from these SEM models. Although there was some minor variability in the estimates for each group, iteratively constraining the
slopes did not result in significantly worse model fit for any comparative models (i.e., race, ethnicity). Overall, Gc and Gs were

15



D.B. Hajovsky and S.R. Chesnut

| ParentEduc

Journal of School Psychology 93 (2022) 1-27

\| OralVoc

\| Genlnfo

\| LetPatMatch

\| PairCanc

PhonProc

\| AnalSyn ’ e \\\

\| ConForm . . \\\\ b,
\| VerbAtt ’ \\\
\| NumRev @ \

M M
bd
& Pid
7
'

bint

&
WrdAttk }/

LWIdnt |/

M ™
;v

S
)

NonWordRep

StorRec

Ve

\| VisAudLm

Visual

\| PicRec

Ve

M ™

™

Fig. 3. SEM for g predicting basic reading achievement directly and via Gc.

Note. Gc = comprehension-knowledge; Gf = fluid reasoning; Gwm = short-term working memory; Gs = cognitive processing speed; Ga = auditory
processing; Glr = long-term storage; Gv = visual-spatial processing; g = general intelligence; BR = basic reading. Tables 1-1 and 1-3 in McGrew et al.
(2014) provide full subtest names for each achievement and cognitive ability domain.

statistically significant mediators in the predictive CAR between g and MC. By racial group, results concerning the indirect effects and
unique influence both demonstrated that Gs was a strong predictor of MC than Gc. Across racial groups, indirect effects ranged from
0.41 to 0.46 for Gs and from 0.19 to 0.32 for Gc. Similarly, after residualizing out the variance attributable to g, the unique influence of
Gs ranged from 0.31 to 0.37 (large effect) and Gc ranged from 0.09 to 0.17 (small to moderate effect). By ethnic group, the indirect
effects of Gs ranged from 0.54 to 0.57. Concerning the unique influence of Gs on MC, after residualizing out variance attributable to g,
standardized estimates ranged from 0.28 to 0.32 (large effect).

4. Discussion

Test bias research continues to be an important avenue of research to inform equitable assessment practices within school psy-
chology. Measures of cognitive ability and academic achievement are frequently employed within psychological assessment practices
and are often used in disability identification models (Benson et al., 2019; Jewsbury et al., 2017). In the current study we examined the
construct equivalence and predictive validity of the Woodcock-Johnson Tests of Cognitive Ability, Fourth Edition on reading and
mathematics achievement across children and adolescents from diverse racial and ethnic backgrounds using latent variable structural
equation modeling. To address limitations in prior research and improve the accuracy of our results, we controlled for parent edu-
cation, as it is considered a proxy to SES and has theoretical and empirical associations with cognitive ability and standardized
achievement scores (e.g., Weiss & Saklofske, 2020). As an important extension of prior research, we examined whether latent mean
differences in g may account for any observed differences in prediction bias, which have not been considered in prior test bias research.
Simulation research suggests that when latent mean differences exist between groups, and measurement invariance is supported, then
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Table 7
Results of direct and indirect relations between g and BR via broad abilities.
Direct Effects (b) Indirect Effects (b) Broad Ability Effects (Residual*p)

Group bine by bge Gc Gc
By Race
Caucasian 1.76 0.65%** 0.327%** 0.36%** 0.16
African American 2.09 0.51%** 0.45%** 0.51%** 0.23
Asian 22.24 0.19%** 0.63*** 0.70%** 0.33
Aggregate 8.70 0.45%** 0.47%** 0.52%**
By Ethnicity
Non-Hispanic 0.41 0.14
Hispanic -0.46 0.19
Aggregate -0.03

Pairwise Comparisons (Estimates of Differences in Intercepts and Slopes, and Probabilities)

Ca-AA -0.33 0.15 -0.13 -0.15
Ca-As -20.47 0.46* —-0.30* -0.34*
As - AA 20.15 -0.32 0.17 0.19
NonHisp — Hisp 0.87 0.04 -0.04 -0.04

Note. * p < .05; ** p < .01; *** p < .001; Ca = Caucasian; AA = African American; As = Asian; NonHisp = Non-Hispanic; Hisp = Hispanic; g = higher
order representation of g; BR = Basic Reading; Gc = Comprehension-Knowledge; Direct b;,; is unstandardized intercept, b, is unstandardized
regression slope with g, and bg, is unstandardized regression slope of Gc; g Indirect are unstandardized indirect effects calculated from bootstrapped
model; Residual * f are standardized coefficients.

Table 8
Results of direct and indirect relations between g and RC via broad abilities.
Direct Effects (b) Indirect Effects (b) Broad Ability Effects (Residual*p)

Group bt be bge Gc Gc
By Race
Caucasian 10.83%** 0.50%** 0.39%** 0.44%** 0.20
African American 7.19 0.46%** 0.45%** 0.51%** 0.22
Asian 9.44 0.47%** 0.44%** 0.50%** 0.26
Aggregate 9.16* 0.48%+* 0.43%%* 0.48%*
By Ethnicity
Non-Hispanic 10.16** 0.43%** 0.19
Hispanic 10.02 0.32%** 0.36%** 0.22
Aggregate 10.09** 0.35%** 0.40%**

Pairwise Comparisons (Estimates of Differences in Intercepts and Slopes, and Probabilities)

Ca-AA 3.63 0.05 -0.07 -0.08
Ca-As 1.38 0.03 -0.05 -0.06
As - AA 2.25 0.01 -0.01 -0.02
NonHisp — Hisp 0.14 -0.04 0.06 0.07

Note. *p < .05; ** p < .01; *** p < .001; Ca = Caucasian; AA = African American; As = Asian; NonHisp = Non-Hispanic; Hisp = Hispanic; g = higher
order representation of g; RC = Reading Comprehension; Gc = Comprehension-Knowledge; Direct by, is unstandardized intercept, b, is unstan-
dardized regression slope with g, and bg, is unstandardized regression slope of Gc; g Indirect are unstandardized indirect effects calculated from
bootstrapped model; Residual * p are standardized coefficients.

differential predictive CARs are likely to occur (Borsboom et al., 2008). Given the lack of research using latent variable models to
examine CHC-based cognitive abilities on achievement across racial and ethnic groups, we examined general and broad cognitive
abilities on reading and mathematics achievement. In a set of these models, we also examined the incremental prediction of broad
cognitive abilities on reading and mathematics achievement, after controlling for g in the broad cognitive abilities and achievement as
suggested by Benson et al. (2016). Our findings suggested that there was limited evidence of bias observed in the present study.
Furthermore, these findings were consistent across theoretical models using general and broad cognitive abilities as predictors of
reading and mathematics achievement.

4.1. Summary of findings

Our discussion of findings predominantly focus on the analyses within the latent variable SEM models that examined general and
broad cognitive abilities on reading and mathematics achievement, after controlling for parent education. It was first important to
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Table 9
Results of direct and indirect relations between g and MP via broad abilities.
Direct Effects (b) Indirect Effects (b) Broad Ability Effects (Residual*p)

Group bine by bgc Gc Gc
By Race
Caucasian -18.66*** 1.03%** 0.16%** 0.18%** 0.09
African American -19.05%* 1.01%* 0.18** 0.20** 0.10
Asian -26.32%* 1.01%** 0.27%%* 0.30%** 0.18
Aggregate —21.34%** 1.01%** 0.20%** 0.22%**
By Ethnicity
Non-Hispanic -18.90*** 0.14%** 0.08
Hispanic -18.29%* 0.14
Aggregate

Pairwise Comparisons (Estimates of Differences in Intercepts and Slopes, and Probabilities)

Ca-AA 0.39 0.02 -0.01 -0.01
Ca-As 7.66 0.02 -0.11 -0.12
As - AA -7.26 0.00 0.09 0.10
NonHisp — Hisp -0.60 0.07 -0.06 -0.07

Note. * p < .05; ** p < .01; *** p < .001; Ca = Caucasian; AA = African American; As = Asian; NonHisp = Non-Hispanic; Hisp = Hispanic; g = higher
order representation of g; MP = Math Problem Solving; Gc = Comprehension-Knowledge; Direct by, is unstandardized intercept, b is unstandardized
regression slope with g, and bg, is unstandardized regression slope of Gc; g Indirect are unstandardized indirect effects calculated from bootstrapped
model; Residual * f are standardized coefficients.

Table 10
Results of direct and indirect relations between g and MC via broad abilities.
Direct Effects (b) Indirect Effects (b) Broad Ability Effects (Residual*p)

Group bint by bgc bgs Gc Gs Gc Gs
By Race
Caucasian —13.81%** 0.45%** 0.17%%* 0.52%** 0.19%** 0.41%** 0.09 0.32
African American -10.69 0.26** 0.23** 0.59%** 0.26%** 0.46%** 0.11 0.37
Asian —6.68 0.29%* 0.28** 0.53** 0.32%** 0.41%** 0.17 0.31
Aggregate -10.39%* 0.34%+* 0.23 %+ 0.55%#* 0.25%* 0.61%#*
By Ethnicity
Non-Hispanic -16.60*** 0.66%** 0.51%** 0.32
Hispanic —27.34%** 0.79%** 0.48%** 0.28
Aggregate —21.97%** 0.73%** 0.49%** 0.56***

Pairwise Comparisons (Estimates of Differences in Intercepts and Slopes, and Probabilities)

Ca-AA -3.12 0.19 -0.07 -0.07 -0.07 -0.06
Ca-As -7.13 0.16 -0.12 -0.01 -0.13 -0.01
As - AA 4.01 0.03 0.05 -0.06 0.06 -0.05
NonHisp — Hisp 10.74 -0.13 0.03 0.03

Note. *p < .05; ** p < .01; *** p < .001; Ca = Caucasian; AA = African American; As = Asian; NonHisp = Non-Hispanic; Hisp = Hispanic; g = higher
order representation of g; MC = Math Calculation; Gc = Comprehension-Knowledge; Gs = Processing Speed; Direct by, is unstandardized intercept, bg
is unstandardized regression slope with g, bg, is unstandardized regression slope of Gc, and bgs is unstandardized regression slope of Gs,; g Indirect are
unstandardized indirect effects calculated from bootstrapped model; Residual * p are standardized coefficients.

establish strong factorial invariance before comparing latent means across groups or examining the predictive validity of intelligence
on achievement. We found support for strong factorial invariance across racial and ethnic groups, supporting the same comparison of
scores across groups. In essence, the calculation of composite scores used in practice are not confounded by measurement differences
across groups, which should give confidence that scoring is equally meaningful for individuals from different groups when using the
WJ IV. Findings of construct equivalence of modern intelligence tests across racial and ethnic groups is consistent with results from
previous research (e.g., Scheiber, 2016a, 2016b; Trundt et al., 2018; Woods Jr. et al., 2021). Given evidence of strong factorial
invariance, we then conducted a simulation to determine whether the presence of latent mean differences in g would potentially bias
predictive validity estimates. Results showed that when latent g means were equal across groups, constraining the latent variable mean
across groups introduced no additional bias into the estimation of predictive validity of intelligence on achievement (i.e., the intercept
or slope in the regression). However, when latent mean differences in g were observed, constraining the latent variable mean across
groups introduced bias in the estimation of the intercept or slope in the regression when analyzing the predictive validity of intelli-
gence on achievement. As such, when discussing general and broad cognitive ability effects on reading and mathematics achievement
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from the latent variable SEM models, we do so when latent g means were freed across groups to mitigate any potential bias that could
be introduced into the models.

Results showed that g was the strongest predictor of achievement in predictive models for basic reading, reading comprehension,
and math problem solving; however, Gs was the strongest predictor of achievement in the predictive model for math calculation. It is
noteworthy that Gc was a consistent positive predictor of achievement, in addition to g, in all models. The small to moderate Gc effects
on math calculation and math problem solving and moderate to large Gc effects on basic reading and reading comprehension remained
after partialling out g from the broad abilities (the broad ability residual factors) and achievement, which is a consistent finding
(Benson et al., 2016; Zaboski et al., 2018). In addition, Gs had large effects on math calculation above and beyond g within the latent
variable SEM models (Floyd et al., 2003; Niileksela et al., 2016), but no other broad cognitive abilities were significant after partialling
out g. When examining predictive validity differences across racial and ethnic groups, we found evidence of two instances of slope bias.
Specifically, g was a stronger predictor of basic reading for Caucasian children and adolescents than it was for Asian children and
adolescents (unstandardized effect of 0.65 vs. 0.19). This result suggests that for every standard score point increase in g, it results in a
corresponding increase in 0.65 standard score points in basic reading for Caucasian children and adolescents, but a 0.19 standard score
point increase in basic reading for Asian children and adolescents. Conversely, the broad cognitive ability Gc was a stronger predictor
for Asian children and adolescents than it was for Caucasian children and adolescents (unstandardized effect of 0.63 vs. 0.32). In other
words, in the presence of Gc, overall g is less predictive of achievement for Asian children and adolescents. These findings diverge from
prior research (e.g., Keith, 1999; Woods Jr. et al., 2021); however, this prior research did not account for parent education levels or
examine bias within Asian children and adolescents. We did not find any other evidence of slope bias and we found no evidence of
intercept bias in our study. Although findings of slope bias are rare (e.g., Konold & Canivez, 2010), findings of intercept bias are more
common (e.g., Lewno-Dumdie & Hajovsky, 2020; Scheiber & Kaufman, 2015; Weiss & Prifitera, 1995). We believe our findings differ
from prior literature in two important ways. First, we controlled for parent education prior to any analyses, which reduced systematic
variance between groups that was attributable to SES-indicators (Weiss & Saklofske, 2020). Second, we conducted predictive validity
bias analyses using hierarchical models of intelligence that iteratively accounted for g and broad abilities simultaneously (Benson et al.,
2016). Related to this second point, other studies have used observed scores (e.g., Konold & Canivez, 2010), and our use of latent factor
scores may be more representative of the targeted construct of interest (Benson et al., 2016). We hypothesize these analytical decisions
likely account for some of the differences reported across studies. Overall, the key takeaway from our findings, at least within this
sample data and analytic protocol, is that there is no evidence of construct bias and little evidence of prediction bias with the WJ IV
Cognitive and WJ IV Achievement.

4.2. Implications for research and practice

We found with the WJ IV that only g, Gc, and Gs made important contributions to predicting reading and mathematics. According to
our findings, there was largely an absence of evidence of test bias, which is consistent with data obtained with intelligence tests over
the past three decades. We specifically found an absence of prediction bias for African American and Hispanic youth. However, we did
find evidence of slope bias for g and Gc predicting basic reading skills in relation to Asian children and youth. Furthermore, our findings
were observed after controlling for parent education levels and when using a latent variable hierarchical model of intelligence,
showing evidence of moderation of CHC-based general and broad cognitive ability effects on basic reading skills. In our view, the
higher-order model represents a plausible system of cognitive abilities to examine test bias, but there are alternative conceptualizations
(e.g., bifactor model). We also obtained estimates from the first-order residual factor variances to validate the cognitive-achievement
relations before examining potential racial or ethnic moderation (Caemmerer et al., 2018). Thus, there are a few implications for
changes to research and practice that are warranted according to our study results.

Researchers engaged in test bias research should aim to control for variables that may produce spurious effects. For example, Weiss
and Saklofske (2020) identified several SES-related indicators (e.g., parent education, income, occupation, academic expectations)
that account for substantial variation in test performance between racial and ethnic groups (more so than racial or ethnic group
endorsements alone explain). In our study, when we controlled for parent education levels, systematic group differences were sub-
stantially reduced, which may have artificially inflated findings of test bias otherwise. These findings highlight two of our main foci:
(1) the need to account for contextual factors that might influence performance on cognitive ability and academic achievement as-
sessments, and (2) bias in CARs due to how the tests and administrations interact with racial and ethnic differences. An additional
important consideration that has not received due attention in prior test bias research is how differences in latent dimensions impact
test bias findings. According to Borsboom et al. (2008) simulation study as well as our own experimental simulation results, when
latent mean differences exist between groups, and factorial invariance is supported, then prediction bias is likely to be observed. Our
simulation results suggest that when latent g mean differences exist (after establishing strong factorial invariance) and are constrained
equal across groups, then bias will be introduced into the estimation of the regression parameters that are used to identify differential
predictive validity. These methodological considerations should be accounted for in future test bias research.

Our limited findings of prediction bias did not result from measurement bias, which would likely have resulted in more problematic
educational consequences. For example, given school psychologists and multi-disciplinary teams (MDTs) make identification and
eligibility decisions on a case-by-case basis, implications of differential predictive validity are more consequential if derived from
issues related to measurement bias due to group membership than due to differences in latent ability. With the former there would be a
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larger and more impactful concern about accurate and equitable measurement of intelligence, which our study showed consistent
measurement across different groups. In the latter, errors resulting from differential predictive validity can be seen as unfair and how
to address those concerns remains unresolved (e.g., Do you use different cut points based on group membership? Do these different cut
points vary by co-normed test battery?). Nonetheless, our findings showed minimal evidence of test bias, but researchers should be
aware of implications of not accounting for latent mean differences when evidence of prediction bias is found.

Implications for practice may also be warranted given the current study findings. We found evidence of slope bias where g was a
stronger predictor of basic reading skills for Caucasian children and adolescents when compared to their Asian peers, and Gc was a
stronger predictor of basic reading skills for Asian children and adolescents (large effects) when compared to their Caucasian peers
(moderate effects). Given the majority of referrals in school settings tend to be due to concerns with basic reading, this finding is worth
consideration in practice. Gc represents a culturally sensitive index of background knowledge, language, and vocabulary development
(Schneider & McGrew, 2018). One seemingly obvious implication is to encourage the use of more linguistically and culturally neutral
measures that reduce language and background knowledge requirements in the assessment of intelligence, at least for Asian children
and adolescents with the WJ IV. Although slope bias is generally uncommon, it is more difficult to grapple with when found (Keith,
2019). If CARs systematically differ due to moderating factors, such as race and ethnicity, identification methods that rely on dis-
crepancies from predicted achievement have the potential to over- or under-predict the actual achievement of individuals from
subgroups within the normative sample. Although the systematic error in prediction occurs due to not accounting for moderating
factors, the mis-prediction could emerge as a result of slope bias. In cases where bias does exist, a fairer solution may be to use
predictors with smaller group differences by making comparisons with tests that evidence smaller mean differences between race-
based groups (e.g., mean differences for the CAS-2 and KABC-II are approximately half of what is observed with the WJ or the
Wechsler scales).

Although most researchers examine bias in CARs with a focus on global IQ, broad cognitive abilities continue to be employed
within identification methods despite controversy for doing so (cf. Alfonso & Flanagan, 2018; McGill et al., 2018). Nonetheless, re-
searchers and practitioners should be aware of potential bias in CARs with broad cognitive ability scores, even after controlling for
variability due to g and parent education levels. The results from our race-moderated CAR model between g, Gc, and basic reading
achievement offer an example of differential slopes being the driver of prediction bias. For example, the difference in predicted
achievement (y) between Caucasian children and adolescents and their Asian peers can be observed in the linear formula for their
unique best fit lines. More specifically, the best fit line for Caucasian children and adolescents follows the linear formulay = 1.76 +
0.65g + 0.32Gc, whereas the best fit line for Asian children and adolescents follows the linear formula y = 22.24 + 0.19g + 0.63Gc.
Predictive bias emerges when applying these linear formulae to varying levels of Gc while holding g constant. For example, when
holding g constant at 85 and varying Gc between 75, 85, and 95, predicted differences in achievement range from nearly 5 points (Gc =
75) to nearly 11 points (Gc = 95), favoring Asian children and adolescents. At higher levels of g (e.g., g = 115), the predictive bias is
reduced with differences ranging from nearly 0 points (Gc = 105) to nearly 6 points (Gc = 125), favoring Asian children and ado-
lescents. Maintaining the assumption that CARs are linear, which may be refuted in future research, the fluctuating difference in
predicted achievement scores between racial and ethnic groups further complicates research and assessment efforts as it creates a
moving target along the broad ability continuum (see also Keith, 2019; Kranzler et al., 1999).

4.3. Limitations and directions for future research

There are several limitations to our study that are worthy of consideration. Although we used latent variable SEM models that align
with the WJ IV scoring model (McGrew et al., 2014), there are alternative theoretical and empirical conceptualizations of the WJ IV
(Dombrowski et al., 2018; Niileksela et al., 2016; Woods Jr. et al., 2021). Furthermore, we only used two indicators per construct
within our multiple group latent variable models. Future research may consider a cross-battery confirmatory factor analysis approach
that allows for a larger sampling of indicators for each broad cognitive ability. Additionally, although the residual correlations between
four subtests were allowed based on prior research and empirical justification from the current study, considerations should be given to
the extent that this affects interpretation of the overall model and the extent that these subtests might be measuring independent
subdomains.

Consistent with prior empirical research with the WJ IV, model fit statistics were acceptable for some models (especially for RMSEA
and SRMR fit statistics), but mediocre for others (according to CFI fit statistic). Niileksela et al. (2016) hypothesized the use of data
imputation methods during the development of the WJ IV norming sample as a plausible explanation for model fit issues, which could
have affected the model fit results for the diverse populations examined in the current study. Future research should consider latent
variable models with cognitive tests that are also relatively popular to use among school psychologists (e.g., WISC-V; Benson et al.,
2019). The use of different IQ and achievement instruments would provide opportunities of replication to support the integrity of
results; approximately only 1% of psychological studies are replication studies (Koole & Lakens, 2012; Makel et al., 2012). In addition,
local fit considerations should be applied in future research as global model fit is not always adequate for judging model viability
(Kline, 2016).

The range and depth of sampling of diverse populations may also have affected our results. The standard errors around the best fit
line varied, suggesting there may have been insufficient power to be confident in the estimation of some of the regression parameters.
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Future studies should employ larger and more racially diverse respondents to be confident about the best fit line for each respective
group, which would tighten the standard errors and reduce Type II error. Although samples that are representative of national de-
mographics can aid in broader generalizations, samples that are predominantly one subgroup (e.g., 80% Caucasian) undermine sta-
tistical power when conducting complex comparative analyses with smaller subgroups (e.g., 5% Asian). Additionally, the racial and
ethnic variables used in our study are only proxies and do not necessarily tap into more meaningful and contextually relevant indices of
cultural experiences and language proficiency (Weiss & Saklofske, 2020). As noted within the WJ IV Technical Manual (McGrew et al.,
2014), there is no reference to language requirements throughout data collection process and the sampling of participants does not
adequately account for cultural and linguistic differences. Thus, future research should operationalize and measure salient contextual
variables and quantify their effects on cognitive ability and achievement directly. Another limitation related to the sampling is data
were from the standardization sample and not specific to a special validity sample or disability group. Although these data represent a
large, nationally representative sample, it is plausible findings of differential predictive validity may be observed in more academically
at-risk samples. As an example, prior research has found that cognitive ability effects on academic achievement differ as a function of
achievement level (Hajovsky, Oyen, et al., 2020; Hajovsky, Villeneuve, et al., 2020; Hajovsky, Villeneuve, Mason, & De Jong, 2018),
and it is possible under- and over-prediction is more problematic at the margins of achievement. Future research should consider
alternative analytical techniques to examine whether general findings of a lack of test bias are also present in different special
populations.

Although latent g differences between groups may introduce bias into the estimation of prediction bias (when factorial invariance is
tenable), especially when the latent mean of g is constrained equal across groups, we did not determine the degree to which these latent
mean differences impact bias estimations. To conduct a study of this magnitude would require a larger set of analyses that were outside
the scope of the current study. Our simulation results overlap with Borsboom et al.’s (2008) simulation results, but future research
should examine the different ways latent mean differences can impact test bias results. Our study showed a general pattern of a lack of
bias — both in measurement and prediction bias; we urge future researchers to consider and possibly account for latent mean differ-
ences in g between groups when conducting test bias research with intelligence and achievement constructs. Doing so might help
explain findings of slope bias when factorial invariance is supported.

Finally, assessment is an iterative process that involves the ongoing systematic collection, organization, and interpretation of
multiple data points (Wilcox & Schroeder, 2015). We only investigated cognitive and achievement scores and how racial and ethnic
endorsements affect the relation between these scores. Given the concern with over- and under-representation of students from
minoritized racial and ethnic groups within special education, the importance of SES differences across groups and how that may
impact environmental opportunities also warrants consideration by school teams. Research has shown that uneven (significant
interfactor variability) and even broad cognitive ability profiles do not differentially predict reading and mathematics outcomes (see
Kotz et al., 2008), suggesting group differences on measured cognitive abilities may not result in differential predictive validities with
reading and mathematics. This hypothesis was largely supported in our study. Any potential bias reported may be attenuated within
MDT discussions as other relevant assessment data are incorporated into team decision-making (e.g., degree of language proficiency
and level of acculturation effects on school learning; teacher support and school climate for addressing diversity and inclusion). As
such, future research should address how MDTs engage the multiple ecological contexts to navigate the use of assessment scores across
diverse populations. However, as reported within our study, there is no evidence of construct bias and little evidence of prediction bias.

5. Conclusion

School psychologists use cognitive ability and academic achievement tests to measure child and adolescent functioning within
educational settings, which may differentially impact students from racially and ethnically diverse backgrounds. Collectively, our
results suggest the WJ IV provides equally meaningful scores for individuals from different racial and ethnic groups with little evidence
of differential predictive validity. The culturally sensitive, background knowledge and language-based variable of comprehension-
knowledge predicted basic reading skills more strongly for Asian children and adolescents when compared to Caucasian peers,
even after controlling for general intelligence and parent education levels. Furthermore, as latent mean differences in ability between
groups and systematic differences in SES-indicators of test performance may confound conclusions about group differences on in-
telligence tests and their accuracy in predicting achievement, these variables should also be considered in research on test bias. Our
findings should be replicated with other popular tests that are commonly used in comprehensive evaluations to provide evidence of
equitable measurement and assessment practices of youth and adolescent children.
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Appendix A

Appendix Table 1
Regression coefficients of parent college education on WJ-IV subtest scores from the measurement models for g and achievement.

Caucasian African American Asian

Parameter Est SE Std P Est SE Std P Est SE Std P
Measurement Model for g

OrlVoc on Col Educ 6.229 0.567 0.208 < 0.001 7.206 1.307 0.234 < 0.001 7.700 2.244 0.225 < 0.001
GenlInf on Col Educ 5.213 0.575 0.169 < 0.001 4.386 1.227 0.148 < 0.001 5.350 1.953 0.166 0.006
AnlSyn on Col Educ 5.137 0.569 0.170 < 0.001 5.055 1.277 0.167 < 0.001 6.029 2.103 0.186 0.004
ConFor on Col Educ 4.507 0.567 0.151 < 0.001 5.938 1.283 0.197 < 0.001 7.121 2.212 0.209 < 0.001
VrbAtt on Col Educ 5.120 0.560 0.171 < 0.001 6.352 1.204 0.216 < 0.001 4.896 1.963 0.149 0.013
NumRev on Col Educ 4.696 0.558 0.158 < 0.001 6.608 1.217 0.222 < 0.001 6.260 1.911 0.201 < 0.001
LtrPtr on Col Educ 2.725 0.543 0.095 < 0.001 4.526 1.225 0.148 < 0.001 4.298 1.770 0.140 0.015
ParCan on Col Educ 2.552 0.556 0.086 < 0.001 3.973 1.198 0.132 < 0.001 5.482 1.748 0.173 0.002
PhnPro on Col Educ 5.446 0.578 0.178 < 0.001 6.794 1.288 0.222 < 0.001 5.317 2.110 0.169 0.012
NwdRep on Col Educ 4.253 0.561 0.142 < 0.001 3.609 1.215 0.121 0.003 7.970 1.930 0.231 < 0.001
StyRec on Col Educ 4.835 0.566 0.161 < 0.001 3.525 1.276 0.114 0.006 4.480 2.023 0.133 0.027
VisAud on Col Educ 3.602 0.574 0.119 < 0.001 4.238 1.278 0.136 < 0.001 3.732 2.007 0.112 0.063
Visual on Col Educ 5.155 0.578 0.168 < 0.001 4.231 1.308 0.136 < 0.001 5.210 2.069 0.165 0.012
PicRec on Col Educ 2.641 0.569 0.087 < 0.001 3.448 1.221 0.114 0.005 3.608 1.870 0.107 0.054

Measurement Model for Achievement

WrdAtk on Col Educ 5.473 0.580 0.180 < 0.001 6.769 1.305 0.226 < 0.001 5.519 2.515 0.159 0.028
LwlIdnt on Col Educ 5.909 0.590 0.194 < 0.001 7.301 1.370 0.247 < 0.001 3.881 2.868 0.111 0.176
RdgRec on Col Educ 4.828 0.598 0.154 < 0.001 6.891 1.403 0.212 < 0.001 4.329 2.279 0.134 0.057
PsgCmp on Col Educ 5.965 0.593 0.194 < 0.001 7.898 1.456 0.249 < 0.001 7.638 2.589 0.231 003

NumMat on Col Educ 5.404 0.571 0.179 < 0.001 8.090 1.280 0.266 < 0.001 7.400 2.214 0.225 < 0.001
ApProb on Col Educ 5.852 0.574 0.197 < 0.001 7.626 1.361 0.258 < 0.001 7.585 2.630 0.230 0.004
MthFlu on Col Educ 3.922 0.577 0.130 < 0.001 6.043 1.356 0.192 < 0.001 2.970 2.247 0.095 0.186
Calcul on Col Educ 5.140 0.581 0.172 < 0.001 7.421 1.406 0.245 < 0.001 3.622 2.672 0.110 0.175

Note. g = higher order representation of general intelligence. Tables 1-1 and 1-3 in McGrew et al. (2014) provide full subtest names for each
achievement and cognitive ability domain.

Appendix Table 2
Model parameters for first-order and second-order cognitive ability latent factors by race with strong factorial invariance and scaling via effects
coding.

Caucasian African American Asian
Parameter Est SE Std P Est SE Std P Est SE Std P
Latent Factors
Ge by OrlVoc 1.120 0.013 0.939 < 0.001 1.120 0.013 0.897 < 0.001 1.120 0.013 0.935 < 0.001
GenlInf 0.880 0.013 0.718 < 0.001 0.880 0.013 0.735 < 0.001 0.880 0.013  0.781 < 0.001
Gf by AnlSyn 0.972  0.016 0.675 < 0.001 0.972  0.016  0.650 < 0.001 0.972 0.016  0.621 < 0.001
ConFor 1.028 0.016 0.722 < 0.001 1.028 0.016 0.690 < 0.001 1.028 0.016 0.624 < 0.001
Gwm by VrbAtt 0.993 0.020 0.643 < 0.001 0.993 0.020 0.599 < 0.001 0.993 0.020 0.636 < 0.001
NumRev 1.007 0.020 0.658 < 0.001 1.007  0.020  0.600 < 0.001 1.007 0.020  0.679 < 0.001
Gs by LtrPtr 1.044 0.022 0.791 < 0.001 1.044 0.022 0.748 < 0.001 1.044 0.022 0.770 < 0.001
ParCan 0.956 0.022 0.703 < 0.001 0.956 0.022 0.699 < 0.001 0.956 0.022 0.683 < 0.001
Ga by PhnPro 1.147  0.021 0.661 < 0.001 1.147  0.021 0.656 < 0.001 1.147 0.021 0.700 < 0.001
NwdRep 0.853  0.021 0.504 < 0.001 0.853  0.021 0.502 < 0.001 0.853 0.021 0.475 < 0.001
Gl by StyRec 1.003 0.022 0.577 < 0.001 1.003 0.022 0.514 < 0.001 1.003 0.022 0.591 < 0.001
VisAud 0.997 0.022  0.569 < 0.001 0.997 0.022  0.509 < 0.001 0.997 0.022 0.596 < 0.001
Gv by Visual 1.172  0.021 0.767 < 0.001 1.172  0.021 0.712 < 0.001 1.172 0.021 0.718 < 0.001
PicRec 0.828  0.021 0.548 < 0.001 0.828  0.021 0.516 < 0.001 0.828 0.021 0.475 < 0.001
g by Gc 1.108  0.024 0.708 < 0.001 1.108  0.024 0.714 < 0.001 1.108 0.024  0.677 < 0.001
Gf 1.175  0.021 0.901 < 0.001 1.175  0.021 0.926 < 0.001 1.175 0.021 0.991 < 0.001
Gwm 0.967  0.022  0.801 < 0.001 0.967  0.022  0.867 < 0.001 0.967 0.022 0.802 < 0.001
Gs 0.776  0.025  0.572 < 0.001 0.776 ~ 0.025  0.563 < 0.001 0.776 0.025 0.597 < 0.001
Ga 1.025 0.021 0.932 < 0.001 1.025  0.021 0.932 < 0.001 1.025 0.021 0.932 < 0.001
Gl 0.988  0.022 0.917 < 0.001 0.988  0.022  0.990 < 0.001 0.988 0.022 0.865 < 0.001
Gy 0.961 0.023 0.770 < 0.001 0.961 0.023 0.809 < 0.001 0.961 0.023 0.867 < 0.001

(continued on next page)
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Caucasian African American Asian
Parameter Est SE Std p Est SE Std p Est SE Std p
Residual Covariance
NumRev  with  LtrPtr 32.667 2.845 0.353 <0.001 39.972 7.714 0.355 < 0.001 27.440 11.024 0.316 0.013
VrbAtt with  NwdRep 34.881 3.340 0.252 < 0.001 34591 8.080 0.242 <0.001 54.141 15.168  0.361 < 0.001

Note. Gc = Comprehension-Knowledge, Gwm = Short-Term Working Memory, Gs = Cognitive Processing Speed, Ga = Auditory Processing, GIr =
Long-Term Retrieval, Gv = Visual Processing, g = higher order representation of general intelligence. Tables 1-1 and 1-3 in McGrew et al. (2014)
provide full subtest names for each achievement and cognitive ability domain.

Appendix Table 3

Model parameters for first-order achievement latent factors by race with strong factorial invariance and scaling via effects coding.

Caucasian African American Asian
Parameter Est SE Std P Est SE Std p Est SE Std P
Latent Factors
BR by WrdAtk 0.900 0.010 0.748 < 0.001 0.900 0.010 0.742 < 0.001 0.900 0.010 0.791 < 0.001
Lwldnt 1.100 0.010 0.915 < 0.001 1.100 0.010 0.919 < 0.001 1.100 0.010 0.964 < 0.001
RC by RdgRec 0.899 0.013 0.652 < 0.001 0.899 0.013 0.656 < 0.001 0.899 0.013 0.682 < 0.001
PsgCmp 1.101 0.013 0.816 < 0.001 1.101 0.013 0.822 < 0.001 1.101 0.013 0.814 < 0.001
MP by NumMat 0.860 0.014 0.613 < 0.001 0.860 0.014 0.613 < 0.001 0.860 0.014 0.654 < 0.001
ApProb 1.140 0.014 0.830 < 0.001 1.140 0.014 0.834 < 0.001 1.140 0.014 0.865 < 0.001
MC by MthFlu 0.880 0.011 0.705 < 0.001 0.880 0.011 0.703 < 0.001 0.880 0.011  0.730 < 0.001
Calcul 1.120 0.011  0.906 < 0.001 1.120 0.011  0.928 < 0.001 1.120 0.011 0.875 < 0.001
Latent Variable Covariance
BR with RC 127.141 4.329 0.910 < 0.001 123.798 10.232 0.857 < 0.001 132.521 18.613 0.865 < 0.001
MP 91.737  3.757 0.692 < 0.001 86.318 8.614 0.653 < 0.001 95.153 16.806 0.606 < 0.001
MC 103.105 4.014 0.695 < 0.001 98.164 9.344 0.642 < 0.001 103.629  17.538 0.640 < 0.001
RC with MP 87.829 3.647 0.737 < 0.001 88.749 8.948 0.699 < 0.001 99.908 15.593 0.795 < 0.001
MC 99.931 3.908 0.750 < 0.001 110.244 9.942 0.750 < 0.001 116.715 16.702 0.901 < 0.001
MP  with MC 118.837 4.023 0.939 < 0.001 118.634 9.565 0.883 < 0.001 128.495 17.186 0.968 < 0.001

Note. BR = Basic Reading, RC = Reading Comprehension, MP = Math Problem Solving, MC = Math Calculation. Tables 1-1 and 1-3 in McGrew et al.
(2014) provide full subtest names for each achievement and cognitive ability domain.

Appendix Table 4

Intercept and slope coefficients of g predicting achievement by race.

g Predict BR

g Predict RC

g Predict MP

g Predict MC

Std

Std

Std

Parameter Est SE p Est SE p Est SE p Est SE Std p
Intercept

Caucasian -12.07 3.03 -0.96 <0.001 -9.04 290 -0.79 0.002 -24.39 253 -228 <0.001 -1091 290 -0.90 < 0.001
African American -17.88 6.83 -1.34 < 0.001 -14.93 6.84 -1.12 0.048 -25.93 576 -2.26 <0.001 -10.59 6.80 -0.74 0.173
Asian -6.00 13.45 -0.43 0.661 -14.44 10.26 -1.14 0.189 -36.65 8.81 -3.24 <0.001 -9.78 10.86 -0.81 0.385
Pairwise Comparisons (Intercept)

Ca-AA 5.81 7.44 0.38 0.517 590 7.29 0.33 0.526 1.54 6.21 -0.02 0939 -0.32 7.28 -0.16 0.838
Ca-—As -6.08 13.77 -0.54 0.661 5.40 10.55 0.35 0.665 12.27 9.11 0.96 0.186 -1.13 11.20 -0.10 0.906
As — AA 11.89 15.07 0.91 0.471 0.50 12.22 -0.02 0.996 -10.73 10.48 -0.98 0.269 0.81 12.77 -0.07 0.990
Slope

Caucasian 1.12 0.03 0.71 < 0.001 1.09 0.03 0.77 < 0.001 1.25 0.03 0.93 < 0.001 1.11  0.03 0.74 < 0.001
African American 1.17 0.07 0.75 < 0.001 1.14 0.07 0.75 < 0.001 1.25 0.06 0.92 < 0.001 1.09 0.07 0.70 < 0.001
Asian 1.08 0.14 0.64 < 0.001 1.14 0.10 0.79 < 0.001 1.37 0.09 1.00 < 0.001 1.14 0.11 0.80 < 0.001
Pairwise Comparisons (Slope)

Ca-AA -0.05 0.08 -0.03 0.658 -0.05 0.07 0.02 0.752 -0.01 0.06 0.01 0.826 0.02 0.07 0.04 0.582
Ca-As 0.04 0.14 0.07 0.796 -0.05 0.11 -0.02 0.697 -0.13 0.09 -0.07 0.177 -0.03 0.11 -0.06 0.882
As — AA -0.09 0.15 -0.10 0.648 0.01 0.12 0.04 0.884 0.12 0.11 0.08 0.192 0.05 0.13 0.09 0.609

Note. Ca = Caucasian, AA = African American, As = Asian, BR = Basic Reading, RC = Reading Comprehension, MP = Math Problem Solving, MC =
Math Calculation, g = higher order representation of general intelligence.
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Appendix Table 5
Results of direct and indirect relations between g and BR via broad abilities by race.
Direct Effects Indirect Effects
Intercept g Predict BR Gc Predict BR Gc Predict BR via g
Est SE Std p Est SE Std p Est SE Std p Est SE Std p
Racial Groups
Caucasian 1.76 3.08 0.15 0.544 0.65 0.05 0.42 < 0.001 0.32 0.03 0.32 < 0.001 0.36 0.03 0.23 < 0.001
African American 2.09 6.60 0.19 0.718 0.51 0.11 0.33 < 0.001 0.45 0.07 0.46 < 0.001 0.51 0.08 0.33 < 0.001
Asian 22.24 1251 1.60 0.073 0.19 0.19 0.11 0.312 0.63 0.12 0.59 < 0.001 0.70 0.13 0.42 < 0.001

Pairwise Comparisons

Ca-—AA -0.33 7.22 -0.04 0944 0.15 0.12 0.09 0.200 -0.13 0.08 -0.14 0.083 -0.15 0.08 -0.10 0.084
Ca—-AA -20.47 12.83 -1.44 0.110 0.46 0.20 0.31 0.019 -0.30 0.12 -0.27 0.012 -0.34 0.13 -0.19 0.012
As - AA 20.15 14.09 1.40 0.156 -0.32 0.22 -0.22 0.161 0.17 0.13 0.13 0.211 0.19 015 0.09 0.212

Note. Ca = Caucasian, AA = African American, As = Asian, BR = Basic Reading, RC = Reading Comprehension, Gc = Comprehension-Knowledge, g =
higher order representation of general intelligence.

Appendix Table 6
Results of direct and indirect relations between g and MP via broad abilities by race.

Direct Effects Indirect Effects

Intercept g Predict MP Gc Predict MP Gc Predict MP via g

Est SE Std p Est SE Std P Est SE Std P Est SE Std P
Racial Groups
Caucasian -18.66 258 -1.74 <0.001 1.03 0.04 076 <0.001 016 0.02 019 <0.001 018 0.03 0.13 <0.001
African American -19.05 5.86 -1.70 0.002 1.01 010 074 <0.001 0.18 0.06 0.20 0.004 020 0.07 0.14 0.004
Asian -26.32 8.60 -2.28 0.003 1.01 0.13 0.73 < 0.001 0.27 0.08 0.31 < 0.001 0.30 0.08 0.22 < 0.001

Pairwise Comparisons

Ca-AA 0.39 6.32 -0.04 0.996 0.02 0.10 0.02 0.758 -0.01 0.07 -0.01 0.846 -0.01 0.07 -0.01 0.846
Ca—AA 7.66 8.92 0.54 0.432 0.02 0.13 0.03 0.874 -0.11 0.08 -0.13 0.194 -0.12 0.09 -0.09 0.195
As - AA -7.26  10.36 -0.59 0.501 0.00 0.16 -0.01 0.948 0.09 0.10 0.11 0.349 0.10 0.11 0.08 0.350

Note. Ca = Caucasian, AA = African American, As = Asian, MP = Math Problem Solving, Gc = Comprehension-Knowledge, g = higher order rep-
resentation of general intelligence.
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