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Abstract

Previously, Evans and colleagues (2001) utilized simultaneous multiple regression to examine relations between
Cattell-Horn-Carroll (CHC; Schneider & McGrew, 2012) broad and narrow cognitive abilities and reading
achievement across the school age span. Although their findings suggest that many broad/narrow abilities had
clinically significant effects on reading achievement they failed to account for the potential moderating effects of
the general factor. To account for these effects, the current study employed hierarchical multiple regression
analysis to reexamine the relationships between CHC dimensions and reading achievement after controlling for the
effects of the general factor with 4,722 participants ages 6-18 from the Woodcock Johnson IIT Psychoeducational
Battery (WJ III; Woodcock, McGrew, & Mather, 2001a). Results from the present study indicate that the full scale
GIA composite (as a proxy for g) consistently accounted for large effects across the school age span for all of the
reading achievement variables that were assessed. Among the broad and narrow abilities, only Gc consistently
accounted for meaningful proportions of reading scores beyond g. As a consequence, researchers are encouraged
to give greater consideration to the dimensionality of broad and narrow CHC measures when examining
cognitive-achievement relationships or they may risk over-interpreting the predictive effects associated with these
indices. Potential implications for clinical application of CHC theory are also discussed.

Keywords: incremental validity, CHC, general intelligence
1. Introduction

In psychology and education, the Cattell-Horn-Carroll (CHC) model of human cognitive abilities has emerged as
the consensus psychometric-based model for understanding the structure of human intelligence (McGrew, 2009).
CHC theory was developed as a synthesis of the Gf-Ge theory (Horn & Cattell, 1966) and Carroll’s (1993)
three-stratum model. It conceptualizes cognitive abilities within a hierarchical taxonomy in which elements are
stratified according to breadth. The most general ability resides at the apex of the model at Stratum III and is
referred to as a general factor of intelligence or g. The next level (Stratum II) includes seven to nine broad abilities
(e.g., Fluid Reasoning [Gf], Crystallized Ability [Gc]). At the bottom of the model are over 70 narrow abilities
(Stratum I) which are organized according to their mapping onto the Stratum II dimensions.

Intelligence testing research has been significantly impacted over the last 15 years as a result of the rise of the CHC
model. Additionally, CHC theory has been used to provide a theoretical and empirical blueprint for understanding
cognitive abilities and how they may relate to academic learning (Keith & Reynolds, 2010; McGrew & Wendling,
2010). Although several contemporary cognitive tests reference CHC theory within their technical and interpretive
manuals, the Woodcock-Johnson III Tests of Cognitive Abilities (WJ III COG; Woodcock, McGrew, & Mather,
2001c¢) was the first commercial test to utilize CHC specifically for its structural foundation. Additionally, the WJ
III COG was the first test reported to measure all of the proposed broad cognitive abilities in the most recent
iteration of the CHC model (Schneider & McGrew, 2012). Accordingly, the WJ III COG has been utilized as the
de facto reference instrument for making refinements to the CHC model and validating many of the inferences
made about potential relationships between broad cognitive abilities and academic achievement in the technical
and professional literature over the last 15 years (Dombrowski, McGill, & Canivez, 2016).

With regard to CHC cognitive-achievement relationships, a series of predictive validity investigations (Evans et al.,
2001; Floyd, Evans, & McGrew, 2003; Floyd, McGrew, & Evans, 2008) completed shortly after the publication of
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the WJ III COG are particularly noteworthy. In sum, these studies provide evidence of differential predictive
effects for CHC-related broad abilities for reading, mathematics, and written language achievement across the age
span. In addition to being highly cited (~450 citations) across the school, developmental, and educational
psychology literatures, these studies have been instrumental in supporting the dissemination of numerous
CHC-related technologies in clinical practice (e.g., Fiorello & Primerano, 2005; Flanagan, Ortiz, & Alfonso, 2013;
Flanagan, Ortiz, Alfonso, & Dynda, 2006; Hale et al., 2010; McGrew & Wendling, 2010).

With regard to reading achievement, Evans and colleagues (2001) utilized simultaneous multiple regression to
examine relations between CHC broad and narrow abilities and various reading abilities across 14 age groups.
Their findings suggest that several abilities (i.e., Phonological Awareness, Processing Speed [Gs], and Long-Term
Retrieval [Glr]) consistently accounted for significant effects in reading achievement across the age span. As a
result, they encouraged primary consideration of these and other related CHC broad and narrow abilities when
investigating reading skill development. However, Evans et al. (2001) did not to include an estimate of general
intelligence in their prediction models, a variable that has a rich history of accounting for meaningful levels of
academic achievement variance (Buckhalt, 2002; Canivez, 2013b; McGhee, 2002; Naglieri & Bornstein, 2003).
To wit, Thorndike (1986) noted that 85% to 90% of predictable variance in measures of achievement may be
accounted for by a single general score (i.e., FSIQ), that is thought to estimate general intellectual ability. As a
consequence of this omission, the unique contributions of CHC broad and narrow abilities in predicting reading
abilities above and beyond a more parsimonious general intelligence dimension was unclear.

According to Pedhazur (1997), leaving out variables that are known to have strong predictive effects on dependent
variables is a type of specification error that can lead to misleading regression estimates. Additionally, the results
produced from structural validity and latent variable modeling studies raise additional concern about the potential
impact of this omission. Several of these studies specifically analyzed the WJ III COG (e.g., Dombrowski, 2013,
2014; Dombrowski & Watkins, 2013; Strickland, Watkins, & Caterino, 2015). In these structural validity studies,
it was concluded that the WJ III COG was potentially overfactored (i.c., too many factors extracted), was a solid
measure of general intellectual ability, but that caution should be heeded when interpreting the broad and narrow
ability scores as singular entities as they were saturated with non-trivial proportions of variance attributable to g
and lacked enough target construct variance for confident clinical interpretation.

Floyd, Keith, Taub, and McGrew (2007) employed Structural Equation Modeling (SEM) with the WJ III COG to
examine the latent predictive effects of CHC-related abilities on reading decoding. In contrast, to Evans et al.
(2001), the authors chose to model a general intelligence factor and found that its influence on reading was
mediated through the Stratum II broad abilities. Utilizing the same methodological approach, Benson (2007) later
concluded that g had direct and significant effects on reading abilities and that the effects associated with the broad
and narrow abilities was mostly small. Alternatively, Floyd, Meisinger, Gregg, and Keith (2012) suggested that an
integrative model with both direct and indirect effects from g best predicted reading comprehension across
development. Although researchers may disagree as to whether g has a direct or indirect latent influence on
reading, the potential influence of this dimension has been accounted for in a host of psychometric studies
examining cognitive-achievement relations in educational and developmental psychology (Canivez, 2013a;
Carroll, 1993, 1997; Gottfredson, 1997; McDermott, Goldberg, Watkins, Stanley, & Glutting, 2006; McGill, 2016;
Watkins, Lei, & Canivez, 2007).

It is also important to note that researchers examining CHC-achievement relationships have increasingly relied
upon SEM and other related latent variable modeling techniques to support the primacy of broad ability
interpretation in clinical practice. However, Glutting, Watkins, Konold, and McDermott (2006) argued that
reliance on SEM can lead to over-interpretation of spurious constructs. Furthermore, they suggested that
“psychologists cannot directly apply results from SEM” (p. 111) because latent scores differ from the observed
scores used in practice. As a result, Canivez (2013a) suggested that it is necessary to consider the degree to which
observed and latent variable investigations converge, with a preference for the former as those results can be more
readily applied to clinical decision-making.

Given the multidimensionality inherent in contemporary measures of CHC-related abilities, researchers (e.g.,
Beaujean, 2015; Brunner, Nagy, & Wilhelm, 2012; Gignac, 2007, 2016; Gustafsson & Aberg-Bengtsson, 2010;
Mansolf & Reise, 2016; Reise, Moore, & Haviland, 2010) have consistently recommended that the effects of the
higher-order g-factor should be partialed out or controlled for prior to making inferences regarding the relative
importance of lower-order cognitive variables. Failure to do so, may risk overestimating the effects of lower-order
variables at the expense of the higher-order dimension (Carretta & Ree, 2001; Carroll, 1993, 1995; Chen, Hayes,
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Carver, Laurenceau, & Zhang, 2012; Gignac, 2007). One of the ways in which this can be achieved at the observed
level of measurement is to examine the incremental predictive validity provided by broad ability measures after
controlling for the effects of variance already accounted for by the full scale IQ score (as a proxy for g).

Hierarchical Multiple Regression Analysis (HMRA) is a well-established statistical procedure for assessing
incremental validity in the social sciences. In this procedure, the full scale score is entered first into a regression
equation followed by the lower order scores (i.e., factor-level scores, subtests) to predict a criterion achievement
variable. This entry technique allows for the predictive effects of the lower-level scores to be assessed while
controlling for the effects of the full scale score and operates conceptually in very much the same way as the
Schmid and Leiman technique (1957) for residualizing variance in exploratory factor analysis.

Incremental validity studies using HMRA have been conducted previously on the WJ III COG (McGill, 2015a;
McGill & Busse, 2015) and other related intelligence tests (e.g., Canivez, 2013a; McGill, 2015b; McGill &
Spurgin, 2016). Across these studies, it was consistently demonstrated that the omnibus full scale 1Q score
accounted for most of the reliable achievement variance that could be predicted in the regression models and that
little additional incremental variance was accounted for by the lower-order broad and narrow ability scores after
controlling for the predictive effects of the general factor. However, these studies failed to examine predictive
effects across a relevant age span. As latent variable modeling studies (McArdle, Ferrer-Caja, Hamagami, &
Woodcock, 2002; Tucker-Drob, 2009) have furnished evidence to suggest differential patterns of development for
CHC-related broad abilities across the age span, it is possible that some CHC abilities may emerge to account for
meaningful portions of variance beyond g at specific age points. In fact, it is this evidence that appeared to guide
the analytical strategy employed by Evans and colleagues (2001) in their WJ III COG reading analyses across the
school age. Unfortunately, such an investigation has yet to be conducted.

Accordingly, the current study sought to examine the incremental validity of narrow and broad CHC scores on the
WI III COG in predicting variance in reading measures from the Woodcock-Johnson III Tests of Achievement
(WIJ IIT ACH; Woodcock, McGrew, & Mather, 2001b) across the school age span (ages 6-18). Given the results of
previous incremental validity research, it is believed that a reexamination of the data utilized by Evans et al. (2002)
using alternative methods (i.e., HMRA) that account for the effects of the General Intellectual Ability composite
score (GIA) may provide a different perspective on CHC cognitive-achievement relations specifically as they
relate to reading achievement. Additionally, the present study is the first to examine the incremental validity of
cognitive-achievement relationships across the school age span. If the results furnished previously by Evans and
colleagues (2001) cannot be replicated in the present study, it may suggest a more circumspect appraisal of the
relative importance of CHC broad and narrow abilities in predicting achievement in general and specific reading
abilities.

2. Method

2.1 Participants

The participants were children and adolescents ages 6-0 to 18-11 (N = 4,722) drawn from the standardization
sample for the WJ III (Woodcock et al., 2001a). Demographic characteristics are provided in detail in the WJ-IV
Technical Manuals (McGrew, Schrank, & Woodcock, 2007; McGrew & Woodcock, 2001). The standardization
sample was obtained using stratified proportional sampling across demographic variables of sex, race, ethnicity,
geographic region, community type, and parent educational level. Examination of the tables in the Technical
Manual revealed a close correspondence to the 2005 U. S. census estimates across the stratification variables. The
present sample was selected on the basis that it permitted direct comparison to the results furnished by Evans et al.
(2001).

2.2 Measurement Instruments

The WJ III COG is a multidimensional test of general intelligence for ages 2 to 90 years. The measure is comprised
of 20 subtests, 14 of which contribute to the measurement of seven CHC-based Stratum II broad cluster scores:
Comprehension-Knowledge (Gce), Fluid Reasoning (Gf), Auditory Processing (Ga), Visual-Spatial Thinking (Gv),
Short-Term Memory (Gsm), Long-Term Retrieval (Glr), and Processing Speed (Gs). Additionally, six clinical
cluster scores (Phonemic Awareness, Working Memory, Broad Attention, Cognitive Fluency, Executive
Processes, and Delayed Recall) thought to reflect more narrow CHC dimensions are also available through
different configurations of the subtests. All of the CHC clusters are differentially weighted according to their
relative g loadings and then combined to form the Stratum III GIA composite. All variables on the WJ 111 COG are
expressed as standard scores with a mean of 100 and a standard deviation of 15. Extensive normative and
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psychometric data can be found in the WJ III technical manuals (McGrew et al., 2007; McGrew & Woodcock,
2001).

The WJ I1I-ACH is a comprehensive academic assessment battery designed to measure five academic domains:
Reading, Written Language, Mathematics, Oral Language, and Academic Knowledge. The WJ III ACH is
comprised of 22 subtests that combine to provide 17 broad clusters and a total achievement composite score. Broad
clusters are expressed as standard scores with a mean of 100 and a standard deviation of 15. Mean internal
consistency estimates for the included ages in this study ranged from .82 to .96 for the composite and broad scores
that were assessed. Additional technical information for the WJ III ACH can be found in the WJ III technical
manuals (McGrew et al., 2007; McGrew & Woodcock, 2001).

Table 1. Univariate descriptive statistics for WJ-III cognitive-achievement variables

Variables M SD Skewness Kurtosis
GIA 100.13 14.27 -0.19 0.46
Comprehension-Knowledge 101.12 13.89 -0.38 0.73
Fluid Reasoning 100.38 14.69 -0.29 0.44
Auditory Processing 100.06 14.43 0.6 0.73
Visual Spatial Thinking 100.13 11.92 -0.13 1.57
Short-Term Memory 100.75 14.35 -0.09 0.82
Long-Term Retrieval 100.31 13.2 -0.04 0.84
Processing Speed 100.33 13.58 -0.14 0.96
Phonemic Awareness 99.05 15.3 -0.11 0.9
Working Memory 99.84 13.9 -0.16 0.99
Broad Attention 99.02 14.41 -0.18 0.85
Cognitive Fluency 100.75 12.94 0.03 1.09
Executive Processes 99.59 13.13 -0.3 0.74
Delayed Recall 99.89 11.09 -0.22 0.74
Broad Reading 100.7 14.89 -0.34 1
Basic Reading Skills 100.66 14.49 -0.33 0.68
Reading Comprehension 100.81 14.79 -0.35 1.11
2.3 Data Analyses

Data analyses for the current study proceeded in several steps. First, participants from the WJ III normative sample
ages 6-18 were divided into 13 age brackets. Next, HMRAs were conducted for each age bracket to assess the
proportions of WJ III ACH reading cluster score variance accounted for by the observed WJ III COG GIA and
CHC broad and narrow cluster scores across the school age. Using, SPSS version 22, the WJ III COG GIA was
entered into the first block, and the seven CHC broad and six narrow cluster scores were entered jointly into the
second block of the regression equations. Broad and narrow cluster effects also were individually assessed by
entering each cluster alone into the second block. The WJ III ACH Broad Reading, Basic Reading Skills, and
Reading Comprehension scores were used as criterion variables in the present analyses. The change in the WJ III
ACH achievement variance predicted by the broad and narrow cluster scores in the second block of the regression
model provided an estimate of the incremental prediction beyond the GIA in the first block of the model.
According to Pedhazur (1997), these variance partitioning procedures are appropriate for the goals of the current
study.

The results were interpreted using the resulting R? statistic as an effect size. Guidelines for interpreting R? as an

effect size are found in Cohen (1988); they are “small,” .01; “medium,” .09; and “large,” .25. The critical

coefficient in HMRA analyses is the incremental squared multiple correlation coefficient (AR?). The AR?

represents the amount of variance that is explained by an Independent Variable (IV) after controlling for the effects
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of IVs previously entered into a regression equation. At present, there are no conventional guidelines for
interpreting the AR? coefficient, thus Cohen’s interpretive framework for R? was applied.

2.4 Power Analysis

Given the fact that HMRA analyses was conducted across 13 different age brackets rather than the normative
sample as a whole, an a priori power analysis was conducted to determine the minimum number of cases needed to
exhibit adequate power for this study. Analyses were conducted utilizing G¥*Power 3.1 (Faul, Erdfelder, Buchner,
& Lang, 2009), a software tool for general power analysis. Using a linear fixed model multiple regression design
for assessing incremental R? increase with seven tested predictors (CHC factors) and eight total predictors
(inclusion of the GIA in block one of the regression equation), power equal to .80, and an alpha level of .05, it was
determined that a sample size of 153 cases was needed to detect a medium effect size (> =.09; Cohen, 1988). It is
expected that this study will yield small to medium effect sizes based upon the results of previous empirical
investigations of the incremental prediction beyond the full-scale score provided by various intelligence test
part-scores.

3. Results

The means, standard deviations, skewness, and kurtosis statistics for all of the WJ III cognitive and achievement
variables are listed in Table 1. The mean (99.05 to 101.12) and standard deviation ranges (11.09 to 14.89) for the
cognitive-achievement variables generally reflect values that would be expected for normally distributed standard
score variables. Skewness values ranged from -0.38 to 0.60. Additionally, inspection of the residual plots of the
data indicated that the regression models utilized in this study met the assumptions for homoscedasticity of the
residuals. The distribution of cases across the 13 age brackets are reported in Table 2. HMRA sample sizes ranged
from 249 (age 17) to 579 (age 10).

Table 2. Distribution of cases across age level in the school age sample (7-18)

Age n
6 308
7 335
8 431
9 533
10 579
11 428
12 352
13 324
14 292
15 302
16 308
17 249
18 281

3.1 Broad Reading

Table A.1 presents the results from hierarchical multiple regression analyses for Broad Reading. The GIA
accounted for statistically significant (p <.05) portions of the Broad Reading scores in all of the age brackets that
were assessed. Across the 13 regression models utilized to predict Broad Reading, the GIA accounted for 48% (age
6) to 70% (age 17; M = 59%) of the criterion variance. The R? values that corresponded to those variance
increments all reflect large effects using Cohen’s (1988) interpretive guidelines. As illustrated in Figure 1, the
amount of reliable criterion variance accounted for by the GIA was consistently large whereas, the contributions
made by the broad and narrow ability clusters were more modest.
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Figure 1. Incremental predictive effects of general and broad/narrow cognitive abilities on Broad Reading

GIA = General Intellectual Ability Composite; GC = Comprehension-Knowledge; GF = Fluid Reasoning; GA = Auditory Processing; GV =
Visual-Spatial Thinking; GSM = Short-Term Memory; GLR = Long-Term Retrieval; GS = Processing Speed; PA = Phonemic Awareness;
WM = Working Memory; CF = Cognitive Fluency; DR = Delayed Recall; EF = Executive Processes; BA = Broad Attention. Squared
multiple correlation coefficient values represents proportion of variance accounted for by variables at their entry point into regression
equation after controlling for the effects of the general factor (e.g., R%4R? values multiplied by 100).

Broad clusters entered jointly into the second block of the regression equations accounted for 4% (age 17) to 8%
(ages 9, 11, 16; M = 7%) additional variance beyond g. The AR? values that corresponded to those variance
increments reflect small effects. The incremental variance coefficients attributed to individual WJ III COG broad
clusters ranged from 0% to 5%. Although ANOVA-based tests of significance indicated that the broad clusters on
the WJ III COG accounted for significant portions of incremental achievement variance beyond the effects of the
GIA, the effect size estimates associated with these indicators were more circumspect.

Narrow clusters entered jointly into the second block of the regression equations accounted for 1% (age 15) to 11%
(ages 9, 7; M = 4%) additional variance beyond g. The AR? values that corresponded to those variance increments
reflect small to moderate effects. The incremental variance coefficients attributed to individual WJ III COG
narrow clusters ranged from 0% to 8% (Delayed Recall, age 7). Although ANOVA-based tests of significance
indicated that the narrow clusters on the WJ III COG contributed significant portions of incremental achievement
variance beyond the effects of the GIA, effect size estimates were more circumspect.

3.2 Basic Reading Skills

Table A.2 presents the results from hierarchical multiple regression analyses for Basic Reading Skills. The GIA
accounted for statistically significant (p < .05) portions of the Basic Reading scores in all of the age brackets that
were assessed. Across the 13 regression models utilized to predict Basic Reading, the GIA accounted for 40% (age
12) to 63% (age 17; M = 49%) of the criterion variance. The R? values that corresponded to those variance
increments all reflect large effects using Cohen’s interpretive guidelines. As illustrated in Figure 2, the amount of
reliable criterion variance accounted for by the GIA was consistently large whereas, the contributions made by the
broad and narrow ability clusters were more modest.
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Figure 2. Incremental predictive effects of general and broad/narrow cognitive abilities on Basic Reading

GIA = General Intellectual Ability Composite; GC = Comprehension-Knowledge; GF = Fluid Reasoning; GA = Auditory Processing; GV =
Visual-Spatial Thinking; GSM = Short-Term Memory; GLR = Long-Term Retrieval; GS = Processing Speed; PA = Phonemic Awareness;
WM = Working Memory; CF = Cognitive Fluency; DR = Delayed Recall; EF = Executive Processes; BA = Broad Attention. Squared
multiple correlation coefficient values represents proportion of variance accounted for by variables at their entry point into regression
equation after controlling for the effects of the general factor (e.g., R%4R? values multiplied by 100).

Broad clusters entered jointly into the second block of the regression equations accounted for 2% (age 17) to 6%
(ages 6; M = 4%) variance beyond g. The AR? values that corresponded to those variance increments reflect small
effects. The incremental variance coefficients attributed to individual WJ III COG broad clusters ranged from 0%
to 3%. Although ANOVA-based tests of significance indicated that the broad clusters on the WJ III COG
contributed significant portions of incremental achievement variance beyond the effects of the GIA, effect size
estimates were not clinically significant.

Narrow clusters entered jointly into the second block of the regression equations accounted for 1% (ages 8-10, 16,
17) to 7% (age 7; M = 2%) additional variance beyond g. The AR? values that corresponded to those variance
increments reflect small effects. The incremental variance coefficients attributed to individual WJ III COG narrow
clusters ranged from 0% to 5% (Delayed Recall, age 7). Although ANOVA-based tests of significance indicated
that the narrow clusters on the WJ III COG contributed significant portions of incremental achievement variance
beyond the effects of the GIA, effect size estimates were more circumspect.

3.3 Reading Comprehension

Table A.3 presents the results from hierarchical multiple regression analyses for Reading Comprehension. The
GIA accounted for statistically significant (p < .05) portions of the Reading Comprehension scores in all of the age
brackets that were assessed. Across the 13 regression models utilized to predict Reading Comprehension, the GIA
accounted for 46% (age 6) to 67% (age 17; M = 61%) of the criterion variance. The R? values that corresponded to
those variance increments all reflect large effects using Cohen’s interpretive guidelines. As illustrated in Figure 3,
the amount of reliable criterion variance accounted for by the GIA was consistently large whereas, the
contributions made by the broad and narrow ability clusters were more modest.
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Figure 3. Incremental predictive effects of general and broad/narrow cognitive abilities on Reading
Comprehension

GIA = General Intellectual Ability Composite; GC = Comprehension-Knowledge; GF = Fluid Reasoning; GA = Auditory Processing; GV =
Visual-Spatial Thinking; GSM = Short-Term Memory; GLR = Long-Term Retrieval; GS = Processing Speed; PA = Phonemic Awareness;
WM = Working Memory; CF = Cognitive Fluency; DR = Delayed Recall; EF = Executive Processes; BA = Broad Attention. Squared
multiple correlation coefficient values represents proportion of variance accounted for by variables at their entry point into regression
equation after controlling for the effects of the general factor (e.g., R%4R? values multiplied by 100).

Broad clusters entered jointly into the second block of the regression equations accounted for 3% (age 6) to 10%
(ages 17; M = 8%) additional variance beyond g. The AR? values that corresponded to those variance increments
reflect small to moderate effects. The incremental variance coefficients attributed to individual WJ III COG broad
clusters ranged from 0% to 9%. With only the variance coefficient associated with the Comprehension-Knowledge
cluster at age 17 (df? g =.09) accounting for meaningful amounts of achievement variance on its own. Although
ANOVA-based tests of significance indicated that the broad clusters on the WJ III COG contributed significant
portions of incremental achievement variance beyond the effects of the GIA, most of corresponding effect size
estimates were mostly small.

Narrow clusters entered jointly into the second block of the regression equations accounted for 0% (age 14) to 9%
(age 7; M = 4%) additional variance beyond g. The AR? values that corresponded to those variance increments
reflect small to moderate effects. The incremental variance coefficients attributed to individual WJ III COG
narrow clusters ranged from 0% to 7% (Delayed Recall, age 7). Although ANOVA-based tests of significance
indicated that the narrow clusters on the WJ III COG contributed significant portions of incremental achievement
variance beyond the effects of the GIA, effect size estimates were more circumspect.

3.4 Post-Hoc Power Analysis

A post hoc power analysis revealed that for each of the Vs, moderate RZAR? effect sizes (e.g., = .09) could be
reliably detected with a set at .05, at a power of greater than .94 in all of the regression models that were estimated
in the current study. As a result, the failure to consistently locate meaningful incremental predictive effects for the
Stratum I/I variables (as per Evans et al., 2001) in the present study is not likely the result of sampling bias
(Nakagawa, 2004).
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4. Discussion

The present study reexamined the predictive effects of broad and narrow CHC constructs for reading achievement
across the school age span. Although a previous investigation by Evans et al. (2001), posited that several
CHC-related abilities on the WJ III COG were clinically significant predictors of reading measures across the
same age span, the potential moderating effects of the general factor were not accounted for in their study. As
noted by Rodriguez, Reise, and Haviland (2016), “unless all relevant variables are in the predictor space, one
cannot know the true unique relation between predictors and the criterion” (p. 233).

Subsequent structural and latent variable modeling studies conducted on the WJ III COG suggest that (a) many of
the broad and narrow ability scores contain large portions of variance attributable to g (Dombrowski, 2013, 2014;
Dombrowski & Watkins, 2013), (b) g exerts strong direct or indirect influence on reading achievement (Benson,
2007; Floyd et al., 2007; Floyd et al., 2012; Vanderwood, McGrew, Flanagan, & Keith, 2002), and (c) when the
predictive effects g are controlled for, the aggregate incremental contributions of broad and narrow abilities may
be small (McGill, 2015; McGill & Busse, 2015). As a consequence, the present study sought to reexamine the
findings produced by Evans and colleagues (2001) utilizing an alternative analytical scheme (HMRA) to
determine the extent to which WJ III COG broad and narrow cluster scores provided meaningful improvements in
the prediction of WJ III ACH reading scores beyond the GIA composite across the same age range.

Results from the present study indicate that the GIA score consistently accounted for statistically significant and
large effects across the school age for all of the reading achievement variables that were assessed (R’ coefficients
ranged from .49 to .61). While the broad and narrow abilities as a whole accounted for moderate increments in
prediction beyond g for Broad Reading (ages 6-7) and Reading Comprehension (Ages 7, 10, 18), the contributions
of individual indicators were mostly trivial. Whereas several broad and narrow abilities accounted for statistically
significant effects, the magnitude of these effects was consistently small (.00 to .06) after controlling for g.
However, meaningful incremental prediction was accounted for by several Stratum I/II variables (e.g.,
Crystallized Ability, Delayed Recall) for some reading measures (Basic Reading Skills and Reading
Comprehension). Additionally, despite evidence suggesting that latent CHC broad and narrow constructs
differentiate across the age span, the manifestation of these effects in the current study was less consistent.
Whereas, linear increases in prediction was observed for Ge in the Reading Comprehension model, this same
effect on other areas of reading was not observed. In contrast, the predictive effects of the GIA score (as a proxy for
g) increased linearly across school age in all of the regression models that were assessed suggesting that the
accumulative effects of general ability may render the GIA a more robust predictor of reading achievement as
individual’s progress through school.

The present results diverge from those produced from Evans et al. (2001) in several ways. First, although Evans
and colleagues suggested that Phonological Awareness, Gs, and Glr were clinically significant predictors of WJ III
ACH reading abilities, the unique contributions of those indicators was more modest in the present study. More
importantly, the predictive effects associated with broad and narrow dimensions as a whole were manifestly
weaker once the effects of the GIA were accounted for. Given the WJ III structural validity findings furnished by
Dombrowski (2013, 2014) and Dombrowski and Watkins (2013) indicating that these measures mostly sample
general intelligence, the latter finding was not surprising.

The present study is the first to describe the incremental validity of cognitive-achievement relationships across a
relevant age span. Whereas, related predictive validity studies with cognitive measures (e.g., Benson, Kranzler, &
Floyd, 2016; Canivez, 2013a; McGill, 2015a, 2015b; McGill & Spurgin, 2016) have largely suggested that broad
and narrow cognitive abilities account for trivial portions of achievement after controlling for general ability, the
present results suggest that this conclusion as a general rule may be overstated. As previously mentioned, although
the GIA consistently accounted for large reading effects, lower-order scores accounted for meaningful incremental
prediction in several circumstances.

Specifically, the present analyses indicate well that Gc may account for meaningful reading variance beyond the
GIA. This finding is consistent with the corpus of latent variable modeling research examining the predictive
effects of CHC dimensions on reading achievement (Beaujean, Parkin, & Parker, 2014; Benson, 2007; Floyd et al.,
2007; Floyd et al., 2012; Vanderwood et al., 2002) and is consonant with the investment theory first proposed by
Cattell (1971). Cattell argued that cognitive resources are invested selectively in the environment, resulting in the
development of specific broad abilities over others. As a result, when predicting reading achievement, it may be
beneficial to go beyond g. Nevertheless, the failure to replicate the broader results produced by Evans et al. (2001),

273



jedp.ccsenet.org Journal of Educational and Developmental Psychology Vol. 7, No. 1; 2017

suggest that a more circumspect appraisal of the importance of CHC dimensions in relationship to the development
of reading skills may be needed in the professional literature.

4.1 Study Limitations and Future Directions

This study is not without limitations that should be considered when interpreting the results. Most notably, the W]
IIT has recently been revised and is now currently in its fourth edition (WJ IV; Schrank, McGrew, & Mather, 2014).
Nevertheless, the current study utilized data from the previous measurement instrument for several reasons. First,
as the stated goal of the study was ostensibly to reexamine the results furnished by Evans et al. (2001), multiple
regression analyses with the same sample and measurement instrument were necessary for a direct comparison to
these results given the CHC content and structural changes implemented in the WJ IV (see McGrew, LaForte, &
Schrank, 2014). Second, over the last 15 years the WJ III has served as the preeminent reference instrument for
making refinements to the CHC model (McGrew, 2009; McGrew & Wendling, 2010; Schneider & McGrew, 2012)
as well as for understanding broader cognitive-achievement relationships in educational and developmental
psychology. While there is no doubt that the WJ IV is poised to take its place, the so-called “reproducibility crisis”
(Pashler & Wagenmakers, 2012) in scientific psychology illustrates well that it is sometimes beneficial to
reevaluate the evidence-base for widely accepted theories (or recommended application of those theories) in light
of new developments by researchers. Relatedly, given the critical role that the WJ battery has played in the
development of CHC theory, it is believed that the present results will be important for linking and establishing an
evidentiary chain with related analyses on the WJ IV and other CHC-related measurement instruments.

As previously noted, structural validity studies on the WJ III COG suggest that the broad and narrow dimensions
may not be measured well, if at all, apart from general intelligence across the school-age. Nevertheless, structural
validity is necessary but not singularly sufficient for establishing construct validity. As a consequence, additional
examinations of concurrent and predictive relationships with external measures are also important elements of
scale validation (Canivez, 2013b; Cronbach & Meehl, 1955). According to Schneider, Mayer, and Newman (2016)
it is not enough that a factor analysis supports the existence of a latent dimension, that factor should also “predict
something that matters, above and beyond the other facets of intelligence” (p. 12). The current results add to a
growing literature base suggesting that most of the predictive variance accounted for by broad and narrow CHC
dimensions on the WJ and related measures can be sourced to a more global general intelligence dimension. As a
consequence, Cucina and Howardson (2016) suggest that even if one accepts the legitimacy of all posited CHC
vectors, these findings indicate that these dimensions may not be sampled well by existing measures. As noted
long ago by McGhee (2002), “Deconstruction of g into more narrowly defined primary abilities does not allow for
greater diagnostic interpretation of strengths and weaknesses, but steers away from how these abilities are
integrated” (p. 201).

Related research on the W] IV is presently starting to accumulate however, a recent structural validity study of the
WI IV COG (Dombrowski et al., 2016) failed to locate several posited CHC broad abilities and, like its
predecessor, that general intelligence accounted for most of the reliable variance in the lower-order measures.
Accordingly, researchers have also begun to update the previous series of cognitive-achievement relations studies
(Evans et al., 2002; Floyd et al., 2003, 2008) with the WJ IV. Whereas, Cormier, McGrew, Bulut, and Funamoto
(2016) included the general factor in their reading achievement analyses, this variable was not included in a related
analyses of writing achievement produced by the same research team (Cormier et al., 2016). As noted long ago by
Meehl (1990), one can only have confidence in a theory when it has been subjected to a “risky” empirical test, with
due consideration to the specification of appropriate parameters (i.e., g) which may obviate the importance of the
target variables in question (lower-order CHC variables). Additionally, both studies failed to cite any of the
previous research questioning the structural or predictive validity of CHC-related scores on the WJ III which is
vital for informing future studies with the WJ IV and other related CHC instruments (Dombrowski et al., 2016).

It is also important to point out that the present study relied upon observed standard scores. In contrast, Evans et al.
(2001) assessed the predictive effects of broad and narrow abilities using W-scores which are derived from a
1-parameter Rasch measurement model. Nevertheless, it should be noted that WJ III standard scores used in the
present study are derived utilizing the same W scale as a reference anchor (Jaffe, 2009).

Although conventional guidelines (Cohen, 1988) for interpreting the R? statistic as an effect size were employed in
the present study, methodologists (Dawes, 1999; Keith, 2015) have cautioned against ridged application of these
criteria to make inferences about the relative importance of variables. Schneider and Newman (2015) noted that
while broad abilities have historically accounted for modest levels of incremental prediction after accounting for
general intelligence, this should not automatically preclude their consideration in practical applications of
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intelligence testing. That is, the relative importance of cognitive variables as it relates to prediction remains very
much in the eye of the beholder. Whereas some clinicians may find an additional 4% of predicted variance to be
beneficial, others may balk at the cost in time and assessment resources needed to obtain these modest increments.

Finally, as in other incremental predictive validity investigations, multicollinearity of the GIA and the broad and
narrow cluster scores in the hierarchical multiple regression analyses was observed in the present study due to the
linear combination of subtests to produce cluster scores and the GIA. However, it should be noted that
multicollinearity is not a threat to validity in regression studies that are limited to interpreting the R? statistic
(Cohen, Cohen, West, & Aiken, 2003; Pedhazur, 1997; Tabachnick & Fidell, 2013), nor does it invalidate the use
of HMRA to detect improvements in R? such as those provided by the broad and narrow scores beyond the GIA
(Schneider, 2008). Although, it has long been suggested (e.g., Hale, Fiorello, Kavanagh, Holdnack, & Aloe, 2007;
Keith, 2015) that the predictive effects of lower-order scores are suppressed because they lack the freedom to vary
from global scores such as the GIA, this argument fails to take into consideration that the correlations between
broad/narrow dimensions and g are far from unitary. As previously mentioned, the GIA composite is differentially
weighted based upon the g loadings from its constituent measures. To buttress this position, it is worth noting that
in the present study the Gs cluster consistently produced some of the weakest residual predictive effects despite
having a relatively low g loading. In contrast, the Gc cluster consistently produced the largest residual predictive
estimates in the despite its relatively large contribution to the overall GIA score.

Relatedly, due to the hierarchical structure of the measurement instrument, the importance of order of entry when
utilizing HMRA to assess the incremental effects of IVs must also be considered. Hale, Fiorello, Kavanaugh,
Holdnak, and Aloe (2007) demonstrated that by entering the first-order factor scores from a previous iteration of
the Wechsler Intelligence Scale prior to entering the FSIQ score, the predictive effects of FSIQ were diminished to
the point of being inconsequential. As a result, Hale and colleagues argued that order of entry arbitrarily
determines whether scores such as the GIA mean everything or nothing due to the long established fact that
variables entered first into a regression equation capture greater criterion variance than variables entered later
(Cohen et al., 2003). However, order of entry is not an arbitrary process and must be determined a priori according
to the expected theoretical relationships between variables (Pedhazur, 1997). The proposed indirect hierarchical
structural model for the WJ III COG (as per CHC theory) support entering the GIA score prior to the broad and
narrow clusters due to the fact that these scores are subordinate to the GIA. Further, reverse entry conflicts with
CHC theory and constitutes a violation of the scientific law of parsimony.

5. Conclusion

In sum, the current reexamination of previous results for reading achievement, coupled with independent structural
and incremental predictive validity investigations of the WJ battery and other CHC-related instruments (e.g.,
Benson et al., 2016; Canivez, 2008; Canivez & McGill, 2016; Canivez, Watkins, & Dombrowski, 2016a, 2016b;
DiStefano & Dombrowski, 2006; McGill & Spurgin, 2015, 2016) coalesce to suggest a more circumspect
appraisal of the empirical and practical importance of many broad and narrow abilities within the CHC lexicon as
measured by commercial ability tests. Nevertheless, clinical applications of the CHC model (e.g., Fiorelllo &
Primano, 2015; Flanagan, Ortiz, & Alfonso, 2013) in education and psychology continue to focus
disproportionally on the importance of broad and narrow abilities in isolation, with little regard for g despite the
influence of Carroll’s (1993) treatise on the broader CHC marriage. Although well intentioned, a countering body
of scientific literature is presently accumulating to suggest that these practices may not be psychometrically
defensible.
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Appendix A

Table A.1 Incremental contribution of CHC cognitive abilities in predicting broad reading beyond the general
factor across the school age

6 7 8 9 10 11 12 13 14 15 16 17 18 M

GIA 0.48*  0.49* 0.54* 0.54* 0.62* 0.59* 0.53* 0.63* 0.61* 0.65*% 0.60* 0.70* 0.68% 0.59
CHC (df=7)" 0.07* 0.06* 0.07* 0.08* 0.07* 0.08* 0.10* 0.06* 0.06* 0.05* 0.08* 0.04* 0.07* 0.07

Gce 0.00 0.01* 0.03* 0.02* 0.03* 0.04* 0.04* 0.01* 0.02* 0.02*¥ 0.03* 0.00% 0.02* 0.02
Gf 0.02*  0.02* 0.02* 0.04* 0.02* 0.04* 0.04* 0.02* 0.03* 0.02* 0.01* 0.00* 0.05*% 0.02
Ga 0.01*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00%  0.00 0.00 0.00
Gv 0.00 0.00 0.00*  0.00 0.01* 0.00* 0.00 0.00* 0.01* 0.00¥ 0.00 0.00 0.00 0.00
Gsm 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Glr 0.02*  0.02*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gs 0.04* 0.01* 0.01* 0.02 0.00 0.00* 0.01* 0.01* 0.01* 0.00 0.02* 0.02* 0.01* 0.01

Clinical (df=6)* 0.10* 0.11* 0.04* 0.05% 0.02* 0.03* 0.03* 0.04* 0.04* 0.01* 0.02* 0.03* 0.03* 0.04

PA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WM 0.00*  0.00 0.00 0.01*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CF 0.02* 0.00* 0.01* 0.01* 0.01* 0.01* 0.00* 0.03* 0.01* 0.00 0.02* 0.01* 0.01* 0.01
DR 0.05* 0.08* 0.01* 0.00 0.00 0.01*  0.00 0.00*  0.00* 0.00 0.00 0.00 0.00 0.01
EF 0.00*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BA 0.04* 0.02* 0.01* 0.02* 0.00% 0.00 0.01* 0.01* 0.01* 0.00 0.00 0.00 0.01* 0.01

Note. GIA = General Intellectual Ability; CHC = Cattell-Horn-Carroll; Gc = Comprehension-Knowledge; Gf = Fluid Reasoning; Ga =
Auditory Processing; Gv = Visual-Spatial Thinking; Gsm = Short-Term Memory; Glr = Long-Term Retrieval; Gs = Processing Speed; PA =
Phonemic Awareness; WM = Working Memory; CF = Cognitive Fluency; DR = Delayed Recall; EF = Executive Processes; BA = Broad
Attention. Coefficients represent the proportion of variance accounted for by variables at their entry point into regression equation. “Degrees
of freedom reflects controlling for the effects of the GIA. *p < .05.
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Table A.2 Incremental contribution of CHC cognitive abilities in predicting basic reading skills beyond the
general factor across the school age

6 7 8 9 10 11 12 13 14 15 16 17 18 M
GIA 0.45* 0.49* 046* 045* 0.53* 047* 040* 049* 0.50% 0.55% 045* 0.63* 0.53* 049
CHC (df=7)" 0.06* 0.05* 0.03* 0.04* 0.03* 0.03* 0.05* 0.03* 0.03* 0.03* 0.04* 0.02* 0.05* 0.04
Ge 0.00 0.01* 0.01* 0.01* 0.02* 0.01* 0.02* 0.00 0.00 0.01* 0.01* 0.00 0.01*  0.01
Gf 0.01* 0.02* 0.01* 0.03* 0.02* 0.03* 0.03* 0.02* 0.02* 0.01* 0.01* 0.01* 0.03* 0.02
Ga 0.01*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00*  0.00 0.00 0.00 0.00 0.00
Gv 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gsm 0.00 0.00 0.00 0.00*  0.00 0.00 0.00 0.01*  0.00 0.00 0.00 0.00 0.00 0.00
Glr 0.02*  0.02*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00*  0.00 0.00 0.00 0.00
Gs 0.01*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Clinical (df = 6)* 0.06* 0.07* 0.01* 0.01* 0.01* 0.02* 0.04* 0.02* 0.03* 0.02* 0.01* 0.02*¥ 0.01* 0.02
PA 0.00*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00*  0.00 0.00 0.00 0.00 0.00
WM 0.00 0.00*  0.00 0.00 0.00 0.00 0.00 0.01* 0.00 0.00 0.00 0.00 0.00 0.00
CF 0.00*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00*  0.00 0.00 0.00 0.00
DR 0.03* 0.05* 0.00 0.00 0.00 0.00 0.01*  0.00 0.00 0.00*  0.00* 0.00 0.00 0.00
EF 0.00 0.00 0.00 0.00 0.00 0.01* 0.00 0.00*  0.00* 0.00 0.00 0.00*  0.00* 0.00
BA 0.01* 0.01* 0.00 0.00*  0.00 0.00 0.00 0.00 0.00*  0.00 0.00 0.00 0.00 0.00

Note. GIA = General Intellectual Ability; CHC = Cattell-Horn-Carroll; Gc = Comprehension-Knowledge; Gf = Fluid Reasoning; Ga =
Auditory Processing; Gv = Visual-Spatial Thinking; Gsm = Short-Term Memory; Glr = Long-Term Retrieval; Gs = Processing Speed; PA =

Phonemic Awareness; WM = Working Memory; CF = Cognitive Fluency; DR = Delayed Recall; EF = Executive Processes; BA = Broad

Attention. Coefficients represent the proportion of variance accounted for by variables at their entry point into regression equation. “Degrees
of freedom reflects controlling for the effects of the GIA. *p < .05.

Table A.3 Incremental contribution of CHC cognitive abilities in predicting reading comprehension beyond the
general factor across the school age

6 7 8 9 10 11 12 13 14 15 16 17 18 M
GIA 0.46* 0.55* 0.59* 0.57* 0.61* 0.63* 0.60* 0.65* 0.65* 0.66* 0.66* 0.60* 0.67* 0.61
CHC (df =7)" 0.03* 0.07* 0.08* 0.07* 0.09* 0.08* 0.09* 0.07* 0.08* 0.07* 0.08* 0.08* 0.10* 0.08
Ge 0.00 0.04* 0.06* 0.04* 0.07* 0.07* 0.07* 0.05* 0.06* 0.06* 0.07* 0.07* 0.09* 0.06
Gf 0.01* 0.01* 0.01* 0.01* 0.01* 0.01* 0.00* 0.00 0.00 0.01*  0.00* 0.00 0.01* 0.01
Ga 0.00 0.00 0.00 0.00 0.00 0.00 0.00 00.00  0.00 0.00 0.00 0.00 0.00 0.00
Gv 0.00 0.00 0.00 0.00 0.01*  0.00 0.01*  0.00 0.01* 0.00 0.00 0.00 0.00 0.00
Gsm 0.00 0.01* 0.00* 0.00 0.00 0.01* 0.01* 0.00 0.00 0.00* 0.01* 0.02* 0.00* 0.00
Glr 0.02*  0.02* 0.00 0.00 0.00*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gs 0.00*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00*  0.00 0.00 0.01*  0.00
Clinical (df=6)"  0.05* 0.09* 0.03* 0.02* 0.03* 0.03* 0.01* 0.03* 0.00* 0.02* 0.02* 0.04* 0.02* 0.03
PA 0.00 0.00*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
WM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01*  0.00 0.00 0.00
CF 0.01*  0.00 0.01*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DR 0.04* 0.07* 0.02* 0.01* 0.01* 0.01* 0.00* 0.01* 0.00 0.00*  0.00 0.02*  0.00 0.02
EF 0.00 0.01*  0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00* 0.00* 0.00* 0.01* 0.00
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BA 0.01*  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01* 0.00* 0.01* 0.00

Note. GIA = General Intellectual Ability; CHC = Cattell-Horn-Carroll; Gec = Comprehension-Knowledge; Gf = Fluid Reasoning; Ga =
Auditory Processing; Gv = Visual-Spatial Thinking; Gsm = Short-Term Memory; Glr = Long-Term Retrieval; Gs = Processing Speed; PA =
Phonemic Awareness; WM = Working Memory; CF = Cognitive Fluency; DR = Delayed Recall; EF = Executive Processes; BA = Broad
Attention. Coefficients represent the proportion of variance accounted for by variables at their entry point into regression equation. “Degrees
of freedom reflects controlling for the effects of the GIA. *p < .05.
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