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This study investigated the concurrent validity of the Woodcock-Johnson I11 (WJ-I11; Woodcock,
McGrew, & Mather, 2001) and Form 6 of the Cognitive Abilities Test (CogAT; Lohman & Hagen,
2001). A total of 178 students in grades 2, 5, and 9 were administered 13 tests from the WJ-I11 and
the appropriate level of the CogAT. Interbattery confirmatory factor analyses showed that the
general factors on the two batteries correlated r = .82. Correlations between broad-group
clusters on the WJ-I11 and battery-level scores on the CogAT generally supported the construct
interpretations of each, but also suggested important differences in the abilities measured by both

batteries.

The Cognitive Ahilities Test (CogAT) is one of the
most widely used group ability tests, and the
Woodcock-Johnson is one of the most widely used
individually administered ability tests. However, there
are no published reports of the concurrent validity of
these two test batteries. The purpose of this study was
to investigate the relationships between the latest
editions of each test: Form 6 of the CogAT (Lohman &
Hagen, 2001), and the Woodcock-Johnson IlI
(Woodcock, McGrew, & Mather, 2001).

The Woodcock-Johnson |Il Tests of Cognitive
Abilities (WJI1) is the most recent revision of a series
of tests that was first published in 1977. The WXIII is
based on the Cattell-Horn-Carroll (CHC) three-stratum
theory of cognitive abilities. CHC theory combines
Cattell-Horn's Gf-Gc (Cattell, 1971; Horn, 1989) and
Carroll’s three-stratum theories of human abilities
(Carroll, 1993). This hierarchical theory posits a large
array of specific or stratum | abilities (Carroll, 1993,
identified 69). These narrow abilities may be grouped
into eight broad or stratum Il abilities. Stratum 11
abilities in turn define a general (g) cognitive ability
factor at the third level. Although abilities at all three
strata are represented in the W11, the primary focus
is on the measurement of the broad CHC factors at
stratum |l. The stratum |1l g score on the WXIII is
estimated from the first principal component of the
scores for stratum |1 abilities.

Form 6 of the CogAT isthe latest revision of atest
that was first published in 1954 as the Lorge-Thorndike
Intelligence test (Lorge & Thorndike, 1954). Like the
WUXIII, the CogAT has undergone several important
revisions over the years. It is aso based on a
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hierarchica model of abilities. Unlike the WXIII,
however, the CogAT focuses on the g factor at the third
stratum and the stratum Il fluid reasoning (Gf) abilities
that load most highly on g. Carroll (1993) argues that
the Gf factor is defined by three reasoning abilities: (1)
sequential reasoning—verbal, logical, or deductive
reasoning; (2) quantitative reasoning—inductive or
deductive reasoning with quantitative concepts; and (3)
inductive reasoning—typically measured with figural
tasks. These correspond roughly with the three CogAT
batteries. verbal reasoning, quantitative reasoning, and
figural/nonverbal reasoning. Each reasoning ability is
estimated from two tests in grades K-2 and from three
tests in grades 3-12. Using multiple measures reduces
the impact of test format and alows for reliable
separation of three highly correlated reasoning abilities.
A general ability score is estimated from the average of
scale scores across the three batteries.

Although the CogAT and the WJ-111 are both based
on hierarchical models of human abilities, the CogAT
focuses on general reasoning abilities, whereas the
WUXHII attempts to measure a much broader collection
of stratum |l ahilities in CHC theory. The WXIII g
score is the first principal component of a large and
varied test battery. The CogAT, on the other hand,
emphasizes depth. All nine of its tests measure
reasoning abilities. Its g score is simply the centroid of
the three battery scores. There is some question then,
about the extent to which the composite and battery-
level scores on CogAT will predict the general and
more specific cluster scores on WX I.

Method

The sample for this study consisted of a total of
178 second, fifth, and ninth grade students who were
administered both tests. Average ages were 7.8, 10.9,
and 14.9 years for the second, fifth, and ninth graders,
respectively. The sample was reasonably diverse: 71.5
percent were White, 11.7 percent Black, 7.3 percent
Hispanic, and 4.0 percent other ethnic backgrounds.
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Ethnic background was not indicated for the remaining
5.6 percent of the sample. There were approximately
the same number of males and females across all
grades (N = 90 females, N = 88 males) and at Grade 2
(N = 43 females, N = 44 males). However, there were
more males in the grade 5 sample (N = 38 of 66) but
more females in the grade 9 sample (N = 18 of 25). All
students were administered the nine tests in the WJI|
Standard Battery, plus four additional tests. Planning,
Analysis-Synthesis, Applied Problems, and
Quantitative Concepts. The Planning and Anaysis-
Synthesis tests were included to enhance the
measurement of the Visual-Spatial Thinking (Gv) and
Fluid Reasoning (Gf) factors. Applied Problems and
Quantitative Concepts were included as measures of
the Mathematics factor (Gg). WX tests were
administered by school psychologists.

Within approximately 2-3 weeks of taking the WJ-
[, students were also administered the appropriate
level of CogAT either by their teacher or the school
psychologist. The second grade students took Level 2
of the Primary Battery, whereas the fifth and ninth
grade students took levels C and F (respectively) of the
Multilevel Battery. Although scale scores for the
CogAT Primary Battery (grades K-2) and Multilevel
Battery (grades 3-12) are vertically eguated on a
common scale, the two batteries differ in mode of
administration (the Primary Battery requires no reading
and has no time limits), as well as in the content of all
but one subtest. Grades 2 and 5 were selected in order
to investigate the possibility of differences in the
abilities measured by the two CogAT batteries. Grade 9
was included simply to represent the post-elementary
school population. Unfortunately, it proved amost
impossible to recruit students at this age for the study.
Therefore, scores for the 25 grade 9 students are only
included in those analyses that pool scores across
grades.

Results

Generalizations about relationships between test
batteries depend on the extent to which the study
sample faithfully represents the population. Univariate
means and standard deviations provide some evidence
on the representativeness of the sample. These are
reported in Table 1. In general, the students in this
sample were somewhat above average in ability. Mean
CogAT SAS scores ranged from 103.7 to 105.3 across
the three batteries. WJIIl standard scores were
generally somewhat higher.

Average scores that depart from the population
mean can signal restricted score variability. Although
final distributions for some of the WXl tests showed
SDs well below the population SD of 15, most tests in

both batteries showed only moderately less variability
than was observed in the standardization samples.
(Population SD is 16 for CogAT.)

The most important concern, however, is whether
the patterns of relationships among subtests in each
battery mirror population covariances. The best
estimate of the population variance-covariance matrix
for the tests in each battery is given in the
standardization sample. For the WJIII, we used the
covariance matrices for 6-8 year olds and 9-13 year
olds (McGrew & Woodcock, 2001). For the CogAT, we
used the covariance matrices for levels 2 and C
(Lohman & Hagen, 2002). We then compared these
covariance matrices with the corresponding matrix for
second or fifth gradersin our sample.

There are anumber of ways to compare covariance
matrices. The most stringent test is simply to test the
equality of the two covariance matrices. For even
moderately large matrices, however, the probability
that al k variances and k(k - 1)/2 covariances will be
the same is exceedingly unlikely (Bollen, 1989). At the
other extreme, one can test whether the factor
structures of the two matrices have the same general
form or show what some call configura invariance
(Horn & McArdle, 1992). Two models are said to have
the same form if the model for each group has the same
parameter matrices with the same dimensions, and the
same location of fixed, free, and constrained
parameters. For example, two confirmatory factor
models would have the same form if both specified
three factors, and the same paths between factors and
observed variables. However, factor loadings and
correlations among the factors could vary. Different
degrees of equivalence may be identified between these
two extremes.

For the CogAT data, we assumed that covariances
among tests in the standardization sample could be
treated as population values. This seemed reasonable,
given the size of the standardization samples
(N = 16,235 and 15146 a levels 2 and C,
respectively). We then tested whether the parameters of
confirmatory models fit to these data also fit the
CogAT datain our grade 2 and grade 5 samples. Thisis
afairly stringent test of factorial equivalence.

The procedure used with the W21 data was a hit
different. The assumption that the 156 covariances in
each of the two standardization matrices could be
treated as population values seemed unlikely, given the
smaller sample size and fact that each pooled scores for
several ages. Therefore, we tested whether a common
model could be fit smultaneously to our data and the
standardization data sets. In judging fit for these
models, we sometimes adopted a somewhat more
libera criteria than is commonly employed when
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Table1
Descriptive Statistics for All Grades (N = 178)
Skewness Kurtosis

Instrument Scores Min  Max M SD Initial Final Initial Final

WU Cluster Scale Scores
Generd Intellectual Ability 62 145 107.2 13.37 0.07 -0.02 0.31 0.34
Verbal Ability 73 138 106.3 11.45 -0.27 -0.25 0.55 0.57
Thinking Ability 69 151 109.0 14.31 0.07 0.00 0.57 0.29
Cognitive Efficiency 66 140 103.1 13.37 -0.41 -0.11 1.01 0.38
Fluid Reasoning 63 143 107.8 12.99 0.15 0.01 0.90 0.62
Phonemic Awareness 73 160 1115 15.15 0.19 -0.04 011 -0.14
Working Memory 65 146 106.8 14.14 0.00 0.15 0.12 -0.06
Math Reasoning 55 139 105.4 10.71 -0.50 -0.58 2.66 2.83

W Test Scale Scores
Verbal Comprehension 73 138 106.3 11.45 -0.27 -0.25 0.55 0.57
Visual-Auditory Learning 55 145 102.1 15.10 0.36 0.17 3.9 127
Spatial Relations 55 145 103.2 12.52 -1.84 -0.67 11.09 3.80
Sound Bending 76 151 111.3 15.72 0.57 0.17 0.92 -0.28
Concept Formation 57 141 106.4 14.67 -041 -0.41 1.08 1.08
Visual Matching 54 144 103.5 15.74 -1.23 -0.25 4.67 0.40
Numbers Reversed 67 144 102.4 12.81 -0.19 0.20 1.62 0.42
Incomplete Words 67 146 107.3 13.59 0.01 0.22 0.82 0.54
Auditory Working Memory 74 144 110.0 14.23 -0.01 -0.08 0.14 -0.18
Analysis-Synthesis 65 145 107.8 12.66 0.57 0.10 242 137
Planning 85 145 108.6 9.81 3.86 0.82 24.46 2.37
Applied Problems 61 145 108.0 11.66 -0.13 -0.21 1.47 132
Quantitative Concepts 55 142 104.2 12.64 -0.27 -0.19 111 1.28

CogAT Standard Age Scores
Verbal SAS 71 150 105.3 14.58 0.33 0.38 0.13 0.19
Quantitative SAS 71 139 103.7 14.78 -0.01 0.08 -043  -0.46
Nonverbal SAS 71 144 103.8 15.54 0.01 0.07 -0.60 -0.59
Composite SAS 73 143 105.0 15.16 0.18 0.28 -0.50 -043

Note. Minimum, maximum, mean, and standard deviation are for final sample, after replacement of outliers and missing values.
Means and standard deviations were generally unaltered by these replacements. Exceptions were the three tests with large initial
skewness and kurtosis: Planning, Visual Matching, and Spatial Relations.

fitting models to data. For example, Hu and Bentler
(1999) recommend a cutoff close to .95 for the Tucker-
Lewis index and of .06 for RMSEA. Our concern was
not to decide how best to characterize either the sample
or the standardization data. Rather we sought to
establish the level of congruence or similarity we could
assume between the sample and standardization data.
Equivalence between sample and standardization
covariance matrices is often merely assumed in validity
studies.

Once the degree of equivalence was established
for each test battery, we proceeded to estimate

relationships between latent variables on the WJIII
and CogAT6 in a series of models that combined the
two test batteries. All confirmatory factor models were
tested using AMOS 4.0 (Arbuckle, 1999).

Data Screening

For the WXIII, we used standard scores in all
analyses. Since these are normed to a mean of 100 and
SD of 15 at each age, they can be used both for within-
grade and across-grade analyses. For the CogAT, we
used raw scores on each of the six (Primary Battery) or
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Figure 1. Model |. Hypothesized factor structure for the 13 Woodcock-Johnson I11 ability tests. Factor loadings and chi square are
for the model fit to the covariance matrix for 6-8 year olds reported by McGrew and Woodcock (2001).

nine (Multilevel Battery) subtests for the within-grade
analyses. For analyses that pooled across grades, we
used the agenormed Verbal, Quantitative, and
Nonverbal standard age scores (SAS).

We first screened for outliers by examining the
univariate distributions for each score. Observations
that differed from the mean by more than 3 SD were
replaced by the corresponding 3 SD value. Overall,
1.5% of scores on the 13 WJII tests were replaced.
Cluster scores defined by any of these altered scores
were then recomputed. None of the CogAT scores were
replaced. Missing scores were replaced with regression
estimates. The predictor set included all other WJ-111

and CogAT tests with non-missing scores. In all 1.2%
of the scores were missing, mostly on the four WJ-l11
supplemental tests.

Means and standard deviations reported in Table 1
are for the final data set. Skewness and Kurtosis
statistics, however, are reported for both the initial and
final data. Distributions with absolute vaues of
skewness greater than 3.0 are generaly considered
extremely skewed. Skewness for the Planning test
exceeded this value. Kurtosis values greater than 10
indicate markedly peaked distributions. Kurtosis
statistics for the Planning and Spatial Relations
exceeded this value. Clearly, replacing outliers with
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Confirmatory Factor Models for the 13 Woodcock-Johnson tests in (a) the standardization sample, (b) our grade 2 sample, and

(c) both samples simultaneously

Model® 2 df x/df TLI AlC RMSEA
Standardization 6-8 year olds (N = 325)
1. W-J 86.5 60 144 975 148.5 .037
I1. No Gv 91.0 61 1.49 972 151.0 .039
I11. No Gv, Gaon Gc 74.0 60 123 .987 135.9 .027
Grade 2 sample (N = 87)
II. No Gv 92.6 61 1.52 .860 152.6 .078
I11. No Gv, Gaon Gc 78.2 60 1.30 918 140.2 .059
Standardization and Grade 2
I11. No Gv, Gaon Gc 168.9 132 1.28 974 268.9 .026

Note. TLI = Tucker-Lewis fit index; AIC = Akaike information criteria; RMSEA = Root Mean Square Error of Approximation;

W-J = Woodcock-Johnson.

& See text for model descriptions.

less extreme scores had a substantial impact on these
and severa other WJ-111 subtests.

Modeling the WJ-111 Data

McGrew and Woodcock (2001) report that the nine
tests in the Standard battery load on seven broad group
factors. The four supplementary tests we administered
help determine two of these factors, as well as a Gq
factor. In al, five broad group factors were measured
by two testss Mathematical Reasoning (Gqg), Fluid
Reasoning (Gf), Visual-Spatia Thinking (Gv), Short-
Term Memory (Gsm), and Auditory Processing (Ga).
These are shown in Figure 1. Three other broad group
factors (Verba Comprehension [GIr]) were measured
by only one test, and so each of the three corresponding
tests (Verbal Comprehension, Visua Matching, and
Visual-Auditory learning) contributes only the
definition of g in the model.

The first step in our analysis was to see if the
hypothesized factor model fit the correlations among
these 13 tests reported by McGrew and Woodcock
(2001) for 6-8 year olds, and then for 9-13 year olds.
These correspond to the second and fifth gradersin this
sample, respectively.

Grade 2 sample. We began with the covariance
matrix for 6-8 year olds. Average within-year sample
size for this matrix was 325. As would be expected, the
covariance matrix for the sample of 87 Grade 2
students only poorly (x? = 95.4, df = 60, Tucker-Lewis
fit index = .841, RMSEA = .083). Both the g to Gf and
G to Gv paths were substantially greater than 1.0 in this
model (1.18 and 1.12, respectively). Consequently, the

residual factors for both Gf and Gv had sizable
negative variances. We then removed g from the model
and estimated correlations among the five broad group
factors shown in Figure 1. The estimated correlation
between Gsm and Gv exceeded unity. We considered
either collapsing Gsm and Gv into one factor, or
reassigning tests to factors differently. Examination of
the covariance matrix showed clearly that the Spatial
Relations test could be placed on the Gsm factor, and
the Planning test on the Gf factor. Indeed, in the
analyses McGrew and Woodcock (2001) report, the
Planning test frequently split what little common
variance it shared with other tests between the Gv and
Gf factors.

This new model (Model 11 in Table 2) fit the
standardization matrix, but not quite as well as the
original model (x* = 91.0, df = 61, Tucker-Lewis fit
index = .972, RMSEA = .039). However, the residual
matrix showed a large covariance between the Verbal
Comprehension test and the Ga factor. This makes
sense because Ga is surely related to—if not
subordinate to Gc in a true hierarchical model (see
Carroll, 1993, chapter 5). Further Gc was poorly
represented in this battery of 13 tests.

Model 111 tests the hypothesis that Ga can be
subsumed by Gc. (The form of this model is shown in
Figure 2, but for a different analysis). The x*for Model
Il was 74.0 (60 df), which represents a significant

! The recent addition of the Block Rotation test to the W11
Cognitive easel allows gresatly strengthens the Gv factor. This
test was not commercialy available when the data for this
study were gathered.
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Figure 2. Modd 1Il. Find WXIII model for the simultaneous analysis of the grade 2 test sample and the 6-8 year old
standardization samples. No Gv factor. Ga subsumed under Ge. Standardized |oadings are for the 87 second graders. Chi square

isfor the simultaneous multiple group factor analysis.

reduction in the y? observed for Model 11 (Ay? = 17.3,
df = 1, p < .01).* Fitting Model 111 to the covariance
matrix for the second graders in our sample gave a
similar x? of 78.2 (60 df). Finaly, we performed a
simultaneous multiple group analysis on the
standardization (N = 325) and grade 2 (N = 87)
covariance matrices. The unstandardized paths were
constrained to be the same in both matrices. The
result is shown in Figure 2. Standardized path
coefficients are for the sample of 87 second graders.
The Ay? for this model was 16.7 (12 df) greater than
the sum of the y?s for separate analysis in which

2 Since Model 111 represents more than a simple trimming
of Model Il, we also report AIC fit indexes in Table 2.
These also show that Model 111 fits better than Model 11 in
both the standardization and Grade 2 samples.

Model 111 was fit to each data set. Thisincrement in x%is
not significant, and so we conclude that Model 111 fits the
covariance matrices for both the standardization sample
of 6-8 year olds and our sample of second graders
equally well.

Although unstandardized regression coefficients
were constrained to be the same in this analysis, the
standardized regression coefficients differed because
variances were not the same in the two samples. For the
standardization sample, g had its highest loading
(B = 1.02) on Gsm.? This supports Kyllonen's (1996)
argument that g is primarily working memory. In our

3 Although this loading is greater than 1.0, it is not significantly
greater than 1.0.
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Confirmatory Factor Models for the 13 Woodcock-Johnson tests in (a) the standardization sample, (b) our grade 5 sample, and

(c) both samples simultaneously

Model® 7 df 22df TLI AIC RMSEA
Standardization 9-13 year olds (N = 325)
. W-J 716 60 1.19 .989 1336 .025
Illa. Gaon Gc 62.0 59 1.05 .997 125.9 .013
Grade 5 sample (N = 66)
Illa. Gaon Gc 94.3 59 1.60 .848 158.3 .096
Standardization and Grade 5
Illa. Gaon Gc 179.5 130 1.38 .964 2835 .032
I11b. Gaon Gc, unconstrain g-Gsm 171.2 129 123 .969 277.2 .030

Note. TLI = Tucker-Lewis fit index; AIC = Akaike information criteria; RMSEA = Root Mean Square Error of Approximation;

W-J = Woodcock-Johnson.
& See text for model descriptions.

sample, however, g had the most influence on Gf
(B = .99), followed closely by Gg (B = .97). This
conforms more closely with the arguments of
Gustafsson (2002) that g = Gf. Variation in
standardized loadings across samples demonstrates that
controversies about the nature of general ability may in
part reflect differences in variability of test scores in
the samples. It aso introduces the possibility
(discussed later) that Gg might be central to the
definition of g.

Grade 5 sample. The same procedure was repeated
for the Grade 5 data. The results are summarized in
Table 3. Once again, we found that the model that
placed Ga under Gc (Model Illa) fit the data
significantly better than the model that had direct paths
from g to Ga and from g to verbal comprehension
(Model 1). This time, however, the hypothesized Gv
factor could be identified in both the standardization
covariance matrix for 9-13 year olds and in our Grade
5 data. Further, when the unstandardized regression
coefficients value constrained to be equal in the two
samples, the Ay? was 23.2 (with 12 df) over the sum of
the chi sguares for the two separate anayses. This
increment in %2 is significant at the p = .05 level.

Examination of the factor loadings showed a large
difference in the g to Gsm path in the two samples.
Unconstraining this parameter in Model 111b reduced
the overall ¥? to 171.2 (with 129 df). This is not a
significant increment in x? over the basdline y? of
156.3 (with 118 df). Thus, we concluded that Model
[11b fit both data sets equally well. Further, this model
closely approximates the hypothesized factor model
than the model that best fit the data for the second
grade samples.

To summarize, we tested whether the covariances
among the 13 WJ-111 tests computed for our samples of
second and fifth graders differed from covariances
among these tests observed in the standardization for
children of roughly the same age. For second graders,
we found congruence, but only after eliminating Gv
from our model. This conforms with the hypothesis
that abilities may exhibit a less differentiated structure
for younger children. For both second and fifth graders,
we found that Ga was best subsumed under a more
genera verbal factor. This suggests that abilities may
fal in more than three strata, as Carroll (1993) has
acknowledged. Nonetheless, we concluded that the
covariances among WJI1 tests in our two samples did
not differ markedly from those observed in the larger
and more representative standardization samples.

Modeling the CogAT Data

Grade 2 sample. The CogAT Primary Battery
contains six subtests, each of which help define one of
the three broad ahilities shown in Figure 3. This is
caled Model IV in Table 4. Wefirst fit Model |V to the
standardization sample (N = 16,235) and then to our
sample of second grade students (N = 87). These are
caled Models 1V-a and IV-b in Table 4. Model fits
were good, which establishes what Bollen (1989) calls
form equivalence. It says that the same basic model can
be fit to both data sets. However, the parameters of the
models are alowed to vary across the two samples.
More stringent definitions of equivalence require that
some or all of the model parameters be the same.

Given the enormous discrepancy in sample size
between the standardization and test samples, it seemed
most reasonable to treat the parameters from the
analysis of the standardization data as population
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Table 4

Confirmatory Factor Models for the Level 2/Grade 2 CogAT Primary Battery (Top Panel) and Level C/Grade 5 of the CogAT

Multilevel Battery (Bottom Panel)

Model and Sample x? df x2ldf TLI RMSEA
Grade 2
1V. CogAT Primary
IV-a. Standardization (N = 16,235) unconstrained 662.7 6 1104 .993 .082
IV-b. Grade 2 (N = 87) unconstrained 7.2 6 12 .998 .048
IV-c. Grade 2 all paths fixed 139 11 1.26 997 .056
Grade5
V. CogAT Multilevel
V-a. Standardization (N = 15,146) unconstrained 1013.0 24 4221 .995 .052
V-b. Grade 5 (N = 66) unconstrained 51.5 24 214 .968 133
V-c. Grade 5 all paths fixed 54.2 32 1.69 .981 .103

Note. TLI = Tucker-Lewis fit index; RMSEA = Root Mean Square Error of Approximation; CogAT = Cognitive Abilities Test.

values. We then tested whether the model that best fit
the standardization data would also fit the sample data.
We did this by fixing the unstandardized regression
coefficients to the values obtained in the analysis of the
standardization data (Model 1V-a) and then fitting this
model to the Grade 2 sample data. Thisis called Model
IV-c in Table 4 and Figure 3. The increment in 32 over
model 1V-b in  which factor loadings were
unconstrained was not significant (Ax” = 6.7, df = 5).
Thus, we conclude that the relationships among CogAT
subtests observed in this sample of second graders are
congruent with those observed in the standardization
sample.

Grade 5 sample. We followed the same procedure
for the Grade 5 sample. Figure 4 shows the
hypothesized factor structure for the CogAT Multilevel
battery. The fit statistics for this series of models are
shown in the bottom half of Table 4. As expected, the
hypothesized factor structure (Model Va) fit the
standardization covariance matrix quite well (Tucker
Lewis fit index = .995; RMSEA = .052). The same
model aso fit the sample of 66 fifth graders reasonably
well (Tucker Lewis fit index = .968; RMSEA = .133).*
Figure 4 shows the standardized path coefficients for
our fifth-grade sample when the unstandardized
regression paths were fixed at the values aobtained in
the analysis of the standardization data. This is called

“ltis noteworthy that the rather high value for RMSEA is
actually reduced when all paths are fixed. More importantly,
the goa here is merely to investigate the representativeness
of the sample, not to determine the best-fitting model for the
sample data.

Model V-c in Table 4. The increment in %2 over Model
V-b was not significant (Ay?= 2.7, df = 8).

In the models for both the CogAT Primary Battery
(Figure 3) and Multilevel Battery (Figure 4), the
general  factor enters most prominently into
performance on the quantitative battery, secondarily on
the verbal battery, and thirdly on the nonverbal battery.
The differentiation between verbal and quantitative
factors is stronger on the Multilevel than on the
Primary Battery. This could reflect both developmental
changes in the organization of abilities or content
differences between the two batteries, or both.

Interbattery Analyses

We have now established that the relationships
among subtests on each test battery that we observed in
our samples of second and fifth graders do not differ
significantly from those observed in the much larger
and more representative standardization samples for
the two test batteries. Were this not the case, then we
would have less confidence in any relationships we
might report between scores or latent variables in the
two test batteries.

Three different types of interbattery analyses are
reported. First, we report correlations between the nine
cluster scores on the WXl and the four CogAT SAS
scores. Second, we report correlations between the
broad group factors that were represented in our
models of each battery. Third, we report the results of a
confirmatory, interbattery factor analysis in which we
estimate the correlation between the genera factors on
the two batteries.
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Figure 3. Model IV-c. Find CogAT Primary Battery model for the grade 2 sample. Unstandardized loadings were fixed.
Standardized factor loadings are for the sample of 87 second graders.

WJ-111 cluster, CogAT SAS correlations. Users of
either the WJIIl or the CogAT typicaly report
cluster scores on the WXIII or battery scores on the
CogAT. Thus, the most direct comparison of the two
batteries is given by the correlations between the nine
WX cluster scores and the four CogAT SAS
scores. Using CogAT SAS scores also alows us to
include all 178 cases in a single analysis. These
correlations are reported in the first four columns of
Table 5. Within-grade correlations are also reported
for the grade 2 and the combined grade 5 and grade 9
samples.

The first question to be addressed is the extent to
which the general ability scores on the two test
batteries are correlated. General ability is estimated
by the General Intellectual Ability (GIA) cluster on
the WXl and by the Composite SAS score on
CogAT. The correlation of r = .68 (see Table 5) is

about the same as the reported correlation between the
WX and individually administered intelligence tests.
For example, Phelps (in McGrew & Woodcock, 2001)
reports a correlation of r = .71 between the WXl GIA
score and the Full Scale 1Q on the WISC-111 for a sample
of 150 randomly chosen grade 3-5 students. Flanagan,
Kranzler, and Keith (in McGrew & Woodcock, 2001)
report a correlation of r = .70 between the WJ-111 Brief
Intellectual Ability score and the Full-Scale Score on the
CAS.

On the other hand, the correlation of r = .68 between
the GIA cluster and the CogAT Composite SAS is
somewhat lower than the correlation between the CogAT
and the WISC-I11. Lohman (2003) found a correlation of
r = .79 between CogAT Composite SAS scores and
WISC Full Scale 1Q scores for a sample of 91 sixth
graders. This is not entirely unexpected, however. Both
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Figure 4. Modd V-c. Fina CogAT Multilevel Battery model for the grade sample. Unstandardized loadings were fixed.

Standardized factor loadings are for the sample of 66 fifth graders.

CogAT and the WISC are designed to measure
primarily g and its major constituents, whereas the
WUXIII is designed to measure seven broad-group
abilities.

In general, the CogAT Verbal, Quantitative, and
Nonverbal scores correlate higher with the W31 GIA
cluster than with any of the more specific WJ-lII
clusters. This could in part be due to the greater
reliability of the GIA score. However, the estimated
reliabilities for most of the specific WXl clusters
exceed ry, = .90. Therefore, it seems more likely that
all three of CogAT batteries best measure what is
captured by the GIA cluster and only secondarily what
is measured by the five more specific clusters.

Nevertheless, there is some evidence for
convergent validity. Look first at the correlations for all

subjects (columns 1-3 in Table 5). In each case, the
CogAT battery-level score shows its highest
correlations with the specific WXIII clusters that
measure similar abilities. CogAT Verbal correlates
most highly with WJ-I11 Verba Ability scores (which
here is defined by one test); CogAT Quantitative
correlates most highly with WJ-I1l Math Reasoning;
and CogAT Nonverbal correlates most highly with
WU Fluid Reasoning.

At the Primary level (columns 5-8), the CogAT
Verbal score correlates highest with the W11 Verbal
Ability cluster (r = .68). The CogAT Quantitative score
correlates about r = .6 with the W31l Verbal, Fluid
Reasoning, and Math Reasoning clusters. And the
CogAT Nonverbal score correlates highest with the
Fluid Reasoning cluster.
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Correlations between Cognitive Ability Test (CogAT) Standard Age Scores (SAS) and Woodcock-Johnson 111 (WJ-111) Cluster

Scores

CogAT SAS Score

Grades 2,5, & 9 (N = 178)

Primary Battery
Grade 2 (N = 87)

Multilevel Battery
Grades5& 9 (N =91)

WJIII Cluster Score V Q N Composite

V Q N Composite V Q N Composite

General Intellectua Ability 62 .64 57 .68
Verbal Ability .62 56 .40 .59
Thinking Ability 52 51 52 .58
Cognitive Efficiency 43 49 40 48
Fluid Reasoning 42 56 .55 .57
Phonemic Awareness 36 .26 .17 .30
Working Memory b5l 56 45 .56
Math Reasoning .57 58 .48 .60

.63 .65 .55 .68 .63 .64 .60 .69
.68 .60 .38 .60 58 51 .43 .58
55 52 .49 .58 .51 50 .56 .58
36 47 41 A7 48 51 .40 .50
46 .60 .58 .62 40 53 .53 54
34 .22 .07 .22 39 .30 .27 .37
38 44 .38 A5 .61 .68 .52 .66
53 .62 .47 .61 .60 .55 .48 .60

Note. Grade 2 CogAT scores are from level 2 of Primary Battery; grade 5 and 9 scores are from levels C and F of the Multilevel
Battery. Composite SAS scores are based on the average of verbal (V), quantitative (Q), and nonverbal (N) scale scores.

Correlations for the Multilevel Battery (columns
9-12) are less clear cut. CogAT Verbal correlates about
as highly with WXl Verbal Ability as with WZ3III
Working Memory and Math Reasoning. Similarly,
CogAT Quantitative correlates highest with Working
Memory (r = .68), followed by Math Reasoning
(r = .55) and Fluid Reasoning (r = .53). Finally, CogAT
Nonverba correlates with W3-I11 Thinking Ability (r =
.56), Fluid Reasoning (r = .53), and Working Memory
(r =.52).

In summary, each of the three CogAT batteries
measures abilities that cut across several of the
WU cluster scores. All seem primarily to measure
genera ability (as indexed by the GIA or Working
Memory clusters), and secondarily the more specific
verbal, quantitative, or fluid reasoning abilities that
would reasonably be linked to each battery.

Correlations between latent broad-group factors.
Correlations between WX cluster scores and CogAT
SAS scores address the practical matter of how much
discrepancy test users are likely to see in observed
scores on the two tests. However, questions about
relationships among the constructs measured by the
two batteries are better addressed through SEM models
that estimate correlations between latent variables.
These are reported in Table 6. Note that Gc', Gf’, and
Gsn' for Grade 2 and Gc' for Grade 5 are marked with
primes in this table to remind the reader that these
constructs are defined somewhat differently than in
McGrew and Woodcock (2001).

These correlations show several interesting
patterns. First, they show that latent variables are

highly correlated on both tests. For CogAT, these
correlations range from r = .78 between Verba and
Nonverbal in Grade 2 to r = .92 between Verba and
Quantitative at Grade 5. This is probably expected,
since al three batteries purport to measure abstract
reasoning abilities. It was not expected for the WJIII
latent variables. The median correlation among W31
latent variableswasr = .76 for at Grade2 and r = .67 at
grade 5. Two correlations actually exceeded r = .90.
(Interestingly, both involve the Gf factor.)

In spite of this substantial overlap among factors,
there is once again reasonably good evidence that the
three CogAT batteries measure predictably different
abilities. For the CogAT Primary battery (Grade 2), the
CogAT Verbal factor had its highest correlation
(r = .75) with the WXIII Gc¢' factor, and both the
CogAT Quantitative and Nonverbal factors correlated
r = .85 with the WJXIIl Gf' factor. For the CogAT
Multilevel battery (Grade 5), the CogAT Verbal factor
once again had its highest correlations with Gc/,
followed closely by Gqg. Further, both the CogAT
Quantitative and Nonverbal factors showed their
highest correlations with Gq. This could mean that the
CogAT Primary battery measures mainly Gc and Gf,
whereas the Multilevel battery measures mainly Ge and
Gqg. Alternatively, it could mean that the WJIIl Gq
factor is actually a better measure of g than the Gf
factor in this sample of 87 fifth graders. The fact that
the Nonverbal Battery did not show particularly high
correlations with the Gv factor at grade 5 suggests that
it is not a measure of spatia visualization ability. This
concurs with the observation that there are no
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-(l;?)?lreelgtions among Latent Stratum Il Variables for Grade 2 (Upper Diagonal) and Grade 5 (Lower Diagonal)

\Y Q N Gc' Gq Gf’ Gsm'
\% — .90 .78 .75 57 .66 .53
Q .92 — .84 .65 .69 .85 .58
N .79 .90 — .39 48 .85 .60
Gc' a7 .56 .62 — .75 .78 .62
Gq .74 .86 12 .67 — .93 .61
Gf .38 41 54 .94 45 — .89
Gsm .68 72 48 .85 .85 57 —
Gv .38 51 .52 .67 .75 .63 .67

Note. Grade 2 (N = 87) and Grade 5 (N = 66) variables marked with a prime (e.g., Gc') are estimated differently in these models
(see Figures 1 and 2) than in McGrew and Woodcock (2001). For definitions of Gc, Gq, Gf, Gsm, and Gv, see Figure 1
(for grade 2, upper diagonal) and Figure 2 (for grade 5, lower diagonal). V = CogAT Verbal; Q = CogAT Quantitative;

N = CogAT Nonverbal.

sex differences on the CogAT Nonverbal Battery
(Lohman & Hagen, 2002). However, none of the
correlations in Table 6 should be taken too serioudly.
All depend on the way observed variables are
combined to form factors. Different models and/or a
wider range of observed variables to define each
“broad” factor would change the estimated correlations
among factors.

Interbattery factor analyses. The final set of
analyses is in some ways the most important. For these
models, we estimated the relationship between the
latent general factors measured by each battery.
Separate analyses were performed at Grade 2, Grade 5,
and then for all participants (Grades 2, 5, and 9). This
last analysis used the three CogAT SAS scores to
define g rather than the six (Primary Battery) or nine
(Multilevel battery) CogAT subtests.

The three models are shown in Figures 5, 6, and 7.
Model fit statistics are reported in Table 7. Each model
combines the CogAT model for a particular group (left
panel) with the corresponding WJIIl model (right
panel). Since we have already estimated the integrity of
the two parts of each of these within-test models, the
model fit statistics reported in Table 7 are of secondary
interest. Instead, the purpose of fitting each model was
to estimate the correlation between the two g factors. In
these models, we set the variance of both general
factors to 1.0 and freed al paths from g to first order
factors. As is shown in Figures 5, 6, and 7, these
correlations between the two g factors were r = .76 at
grade 2, r = .78 at grade 5, and r = .82 across grades 2,
5, and 9.

Although these correlations indicate considerable
overlap, they are not as high as the correlation Lohman
(2003) reported between CogAT6 and the WISC-III. In

a study of 91 sixth-grade students, the CogAT
Composite score correlated r = .79 with WISC Full
Scale 1Q. Latent g factors on the two tests were
perfectly correlated. This concurs with an earlier study
in which CogAT was found to correlate approximately
r = .77 with I1Q on the Stanford-Binet Intelligence
Scale. This suggests that the general factor on the
WUXIII differs somewhat from the general factors on
the CogAT, the WISC-111, and the Stanford-Binet.

But are the g factors redly different? We re-fit
models VI, VII, and VIII, this time fixing the
covariance between the two factors at 1.0. Because the
variances of the g factors were aso fixed at 1.0, the
covariance is the same as a correlation. Each of the
new models thus had one more degree of freedom than
the parallel model in Table 7. A nonsignificant increase
in % would indicate that one cannot reject the
hypothesis that the two g factors are the same. Instead,
the increases in > were al large and highly significant
(Ax? = 44.6, 32.0, and 40.8 for models VI, VII, and
VIII, respectively.) Therefore, we conclude that the
genera factors measured by the two batteries are not
the same. This could be because the WX samples a
broader range of stratum Il abilities and thus has a
better, more representative g. On the other hand, it
could mean that the effort to sample broadly resulted in
a genera factor that is statistically broader but also
psychologically more diverse.

Since the earliest days of mental testing, there
have been two views about g. One view is that it
represents the efficiency with which one can perform a
particular set of cognitive processes—such as the
“eduction of relations and correlates’ (Spearman,
1923). Closely allied with this view is that it captures
individual  differences in particular  functions
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Figure 5. Model VI. Confirmatory interbattery factor analysis for the grade 2 sample. The unique and error variances of the
measured variables are not shown to improve readability.
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Figure 6. Model VII. Confirmatory interbattery factor analysis for the grade 5 sample. The unique and error variances of the
measured variables are not shown to improve readability.
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Figure 7. Model VIII. Confirmatory interbattery factor analysis for the full sample of 178 of grade 2, 5, and 9 students. The
unique and error variances of the measured variables are not shown to improve readability.

or parameters of the brain. The other view is that g is
simply a datistical abstraction, with no particular
psychological meaning (Thomson, 1916). If the latter
view is correct, then the best estimate of g would be
one that averaged over a broad and representative
sample of cognitive performances. If, on the other
hand, the former view is correct, then the best estimate
of g would be one that elicits the key cognitive
processes in avariety of contexts.

We explored these possibilitiesin amodel that fit a
single general factor to the 13 WJ-11 tests and the three
CogAT SAS scores. Since the W scores outnumber
the scores by a ratio of more than 4 to 1, the g factor
should be swayed toward the g defined by the W I

test battery. Such a result would support the hypothesis
that the WJ-111 defines a broader g than the CogAT. On
the other hand, if both test batteries measure the same
genera factor, but the CogAT simply measures it
better, then the CogAT tests should show higher
loadings on the common g factor.

The results of this analysis, which are shown in
Figure 8, clearly support the latter hypothesis. The
CogAT Quantitative score had the highest g loading
(B = .83), followed by CogAT Verba (p = .80), WXIII
Applied problems (B = .74), CogAT Nonverbal
(B =.73), WXHII Verba Comprehension (B = .72), and
WX Quantitative Concepts (B = .70). Clearly,

Table 7

Confirmatory Factor Models Estimating Correlations between the General Factors in Grade 2, Grade 5, and across Grades

2,5,and 9

Model Sample ¥? df x2ldf TLI RMSEA

V1. CogAT PB—WUXII Grade 2 220.4 143 154 .880 .079
(N=87)

VII. CogAT ML—WUXII Grade 5 293.4 199 147 .843 .085
(N =66)

VIII. CogAT—WUXHII Grades 2,5, 9 200.0 97 2.06 .894 .077
(N=178)

Note. TLI = Tucker-Lewis fit index; RMSEA = Root Mean Square Error of Approximation; CogAT = Cognitive Abilities Test;
PB = Primary Battery; ML = Multilevel Battery; WJ-111 = Woodcock-Johnson 111.
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Figure 8. Model 1X. Common g model for the 13 WJ-111 and the 3 CogAT scores (N = 178).

whatever these 16 tests have in common is better
measured by the CogAT than by any of the W3III
tests. Further, it is noteworthy that, in both batteries, it
is the quantitative reasoning tests rather than fluid
ability, working memory, or verbal reasoning tests that
have the highest g loadings.

Discussion

The purpose of this study was to investigate the
concurrent validity of the Cognitive Abilities Test
(Form 6) and the Woodcock-Johnson 11l Tests of
Cognitive Abilities. We began by testing whether the
covariance matrices for our samples of second and fifth
grade students differed significantly from the
population covariance matrices reported by the test
publishers. We did this by fitting the hierarchical factor
model specified by the test authors first to the
standardization data, and secondly to the sample data.
Separate models were fit at Grades 2 and 5 in part
because the number and content of subtests on the

CogAT differs between these grades, and in part
because the hypothesized model for the W21 fit the
data for our second graders only poorly. In particular,
the Gv factor could not be identified in the set of 13
WUXHIII tests that were administered to second graders.
Nonetheless, we were able to establish that, with the
exception of one factor loading, relationships among
the tests in each battery could be described by the same
factor models in the standardization sample and in our
data.

Given this evidence on the representativeness of
our data, we investigated relationships between scores
on the two test batteries in three ways. First, we
examined correlations between W31l cluster scores
and CogAT SAS scores. The WX Generd
Intellectual Ability (GIA) score correlated about as
highly with the CogAT Composite score (r = .68) as
with the general scores from individually administered
ability tests. Each of the three CogAT batteries also
showed convergent validity in that its highest
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correlation was with the corresponding W31 cluster.
These pairs were CogAT Verba-WJIII Verba
(r = .62), CogAT Quantitative-WJI1l Math Reasoning
(r = .58), and CogAT Nonverba-WXIll Fluid
Reasoning (r = .55). Correlations computed within the
separate CogAT batteries were less straightforward.
The best conclusion seemed to be that the CogAT
primarily measured something shared by the various
WX test clusters, and only secondarily abilities
unique to each.

We then examined correlations between latent
variables on the two tests. These showed considerable
overlap among the latent factors on both batteries,
which made interpretation difficult. Nonetheless, there
was clear separation among the three CogAT scores for
the Multilevel Battery and for two scores (Verbal
versus Quantitative/ Nonverbal) at the Primary Battery.

Finally, we investigated relationships between the
general factors defined by the two test batteries in a
series of confirmatory interbattery factor analyses.
Relationships between the CogAT and WJIII genera
factors defined by the two batteries were strong and
consistent across grades. Overall, the latent g factors on
the two batteries correlated r = .82. Although this
indicates considerable overlap, it is noticeably less than
the overlap reported between the CogAT and the
WISC-111 or between an earlier edition of the CogAT
and the Stanford-Binet. This could be because the
WUXIII samples a broader range of stratum |1 abilities
and thus has a better, more representative g. On the
other hand, it could mean that the effort to sample
broadly resulted in a general score that is both
statistically broader and psychologically more diverse.
A mode fit to al 16 tests supported the latter
interpretation. The CogAT Quantitative score was the
best measure of g, followed by the CogAT Verbal
score, the WXIII quantitative tests and the CogAT
Nonverbal score.

Recent discussions of the nature of general ability
have emphasized the importance of physiologica
processes (Jensen, 1998), the role of working memory
(Kyllonen, 1996), or the congruence between a primary
Inductive Reasoning factor, the stratum Il Fluid Ability
factor (Gf), and g (Gustafsson, 2002). However, the
present study supports Keith and Witta's (1997)
hypothesis that quantitative reasoning may be an even
better indicator of g. Quantitative reasoning has aways
been represented in some form in achievement test
batteries, and in aptitude tests (such as the SAT)
designed to predict academic success. But a broad
guantitative knowledge factor (Gqg) was not added to
Gf-Gc theory until the late 1980s (Horn, 1989).
Carroll’s (1993) three-stratum theory, on the other
hand, considers quantitative reasoning to be part of a
broad fluid reasoning (Gf) factor. Confirmatory factor
analyses of different ability test batteries mirror this

ambivalence. Some studies find g and Gq
indistinguishable [asin Keith & Bickley's (1992) factor
analysis of the Stanford-Binet IV or Lohman &
Hagen's (2002) factor analyses of the CogAT Primary
Battery], other studies find Gq to be the best indicator
of g [asin Keith & Witta's (1997) factor analyses of the
WISC-111 or Lohman & Hagen's (2002) factor analyses
of the CogAT Multilevel Battery], and yet other studies
find distinguishable g and Gq factors [as in Bickley,
Keith, & Wolfle's (1995) factor anaysis of the
Woodcock-Johnson ~ Psychoeducational Battery—
Revised)].

Paradoxically, quantitative reasoning has not been
much studied because it is difficult to separate from g
unless combined with tests of more specific
mathematical knowledge and skill (asin the Gq factor).
But it is this overlap with g that makes quantitative
reasoning particularly interesting as a vehicle for
understanding the nature of g. Perhaps the most salient
characteristic of quantitative concepts is abstraction.
Even elementary operations like counting require
abstraction: two cats are in some way the same as two
dogs or two of anything. The number line itself is an
abstraction, especially when it includes negative
numbers. Abstraction is most obvious in understanding
concepts such as variable or, later, imaginary number.

Several early definitions of g emphasized abstract
thinking or reasoning abilities. And the transition from
concrete to abstract thinking figured prominently in
Piaget's theory of intelligence. Modern definitions of g
emphasize the importance of working memory
resources or even of reasoning, but do not have much
to say about the role of abstract thinking. These
analyses suggest a closer study of quantitative
reasoning might be a good place to begin in exploring
this possihility.
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