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A measurement model is invoked whenever a psychological interpretation is placed
on test scores. When stated in detail, a measurement model provides a description of
the numerical and theoretical relationship between observed scores and the corre-
sponding latent variables or constructs. In this way, the hypothesis that similar mean-
ing can be derived from a set of test scores can be tested by examination of a
measurement model across groups. This study examines the invariance of a measure-
ment model underlying Wechsler Adult Intelligence Scale-Third Edition scores in the
U.S. and the Canadian standardization samples. The measurement model, involving
four latent variables, satisfies the assumption of invariance across samples. Subtest
scores also show similar reliability in both samples. However, slightly higher latent

variable means are found in the Canadian normative sample.

Keywords: intelligence; measurement invariance; Wechsler Adult Intelligence

Scale—Third Edition; cross-cultural study

I nvariance in the measurement of psychological constructs across populations is a
necessary condition to generalize results from validity studies to clinical practice.
Therefore, establishing measurement invariance, or the equivalence of construct
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measurement, has broad implications for the validity of clinical decisions, including
meaningful interpretation of diagnostic inferences and classification decisions
(American Educational Research Association, American Psychological Association,
National Council on Measurement in Education, 1999). In applied research, methods
for examining comparability of construct measurement across groups are still little
known (Keith, 1997; Vandenberg & Lance, 2000; Widaman & Reise, 1997).

Examining measurement invariance involves evaluation of the latent variable
model underlying a set of test scores and testing for numerical equality across
groups. Latent variables are the explicit definitions of psychological constructs
(Byrne, Shavelson, & Muthén, 1989; Widaman & Reise, 1997). A full measurement
model has been defined in terms of five matrices, derived from a mean-structure
confirmatory factor analysis (CFA; see Byrne et al., 1989; Meredith, 1993; Reise,
Widaman & Pugh, 1993; Vandenberg & Lance, 2000). The five matrices include
(a) the matrix of factor loadings (the Lambda matrix: A), (b) the vector of observed
variable intercepts (tau: ), (c) the matrix of residual variances (theta: 0), (d) the vec-
tors of means of the latent variables in each group (alpha: o), and (e) the matrix of
variances and covariances between factors or latent variables (psi: ¥). The first three
matrices are usually termed the measurement components of the model because these
matrices define the measurement of the latent variables in terms of the observed vari-
ables in each group, and the reliability of the measurement through the observed
scores (see Vandenberg & Lance, 2000; Widaman & Reise, 1997). The final two
matrices, (d) and (e) above, usually termed the structural components, represent the
values of and relationships between the latent variables.

The numerical values of the first three matrices in the measurement model,
(a) to (c) above, have critical meaning when establishing the invariance of a mea-
surement model across groups. Differences in the regression relationship relating
the latent variables to the observed scores, provided by the numerical values of the
factor loading and observed variable intercept matrices, may imply that the latent
variables are measured on a different scale in different groups (Byrne et al., 1989;
Horn & McArdle, 1992). Such a finding may seriously hamper interpretation of test
scores and generalization of validity studies across groups (Taub, McGrew, &
Witta, 2004). As noted by Widaman and Reise (1997), ““for test scores to be com-
parable across ostensibly distinct examinee populations, the observed test items, or
indicators, must have identical, or invariant, quantitative relationships with the
latent variable for each population of interest” (p. 282).

Most interpretation of psychological tests in applied settings, other than the popu-
lation in which the test was developed, involves the assumption of measurement
invariance. Without this assumption the scientific basis of assessment is uncertain
(Horn & McArdle, 1992). As noted above there is, to date, little research bearing on
the measurement invariance of commonly used tests. The purpose of this study was
to examine, in detail, the measurement invariance of the latent variable model
derived from the U.S. standardization sample for the WAIS-III (The Psychological
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Corporation, 2002), with the model derived from the Canadian WAIS-III standardi-
zation (The Psychological Corporation, 2001). The demonstration of measurement
invariance is necessary for the inference that the test measures the same psychologi-
cal constructs on the same scales in different populations. On the assumption of mea-
surement invariance, the equivalence of latent variables in the U.S. versus Canadian
normative samples can then be examined.

Method

Participants

Participants were drawn from the U.S. WAIS-III standardization sample
(n=2,450) and the Canadian WAIS-III standardization sample (n = 1, 105), obtained
with permission from the Psychological Corporation, a Harcourt Assessment
company.

The U.S. WAIS-III standardization sample was selected to match the demo-
graphic characteristics of the 1995 U.S. Census and is divided into 13 age groups
each containing 200 individuals, with the exception of the two oldest age groups
(i-e., 80-84 and 85-89), which had 150 and 100 individuals, respectively. The U.S.
norms are generated using the customary method of forced normalization (i.e., the
norms for each age group are based on a subset of the entire sample). Full details
regarding the demographic characteristics and inclusion criteria of the sample can be
found in the WAIS-III/WMS-III technical manual (The Psychological Corporation,
2002) and reviewed by Tulsky and Ledbetter (2000).

The Canadian WAIS-III standardization sample was selected to match the demo-
graphic characteristics of the 1991 Canadian Census and is divided into 13 age groups
ranging from age 16 to 89 years. The Canadian norms were derived from people who
were fluent in English, although 30% of the sample identified themselves as ethnically
French or other European (see Table 2.3 of The Psychological Corporation, 2001).
The Canadian norms were generated using a statistical technique known as continu-
ous norming (i.e., the norms are based on the entire sample). Full details regarding the
demographic characteristics and inclusion criteria of this sample can be found in the
WAIS-III Canadian technical manual (The Psychological Corporation, 2001).

Below we analyze two samples. Initially, only participants in both samples who
completed all 13 subtests of the test were included (for detail of subtests see Figure 1).
We were interested to examine this subsample because the 13-subtest version of the
WAIS-III, including Letter-Number Sequencing provides the strongest basis for the
empirically derived factor scores (Tulsky & Price, 2003). Therefore, a subsample of
1,299 individuals from the U.S. standardization sample and a subsample of 886 indivi-
duals from the Canadian standardization sample were included in the first invariance
analysis. Demographic information for these subsamples is presented in Table 1.
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Figure 1
Four-Factor Model Identified as Best-Fitting
in the U.S. and Canadian Normative Samples
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Note: This model was used as the basis for testing measurement equivalence across samples (see Table 2
and text for details). In line with convention, rectangles represent observed variables, ellipses represent
latent variables, and triangles represent intercepts of observed variables or means of latent variables.
Double-headed arrows represent covariances between latent variables, and single-headed arrows repre-
sent regressions of observed variables on latent variables, variances of latent variables, or residual var-
iances of observed variables.
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Table 1
Demographic Characteristics of the 13-Subtest Subsamples
From the U.S. and Canadian WAIS-III Standardization Data

United States Canada
Overall ns 1,299 866
No. of females / no. of males 696/603 506/380
% Female / % male 54%/46% 57%143%
Mean age (SD), range 48.6 (23.8), 16-90 42.4 (21.7), 16-88
Education, n (%)
8 years or less 149 (11.5%) 83 (9.4%)
9-11 years 164 (12.6%) 181 (20.4%)
Completed high school 457 (35.2%) 139 (15.7%)
College or vocational 284 (21.9%) 319 (36%)
University degree 245 (18.9%) 164 (18.5%)

Note: All data are derived from the U.S. and Canadian standardization samples of the Wechsler Adult
Intelligence Scale-Third Edition. Copyright © 1997, 2003 by the Psychological Corporation, a Harcourt
Assessment company. Used with Permission. All rights reserved.

Subsequently, the 12-subtest version was examined across the entire, census-matched
samples.

Results

Thirteen-Subtest Data Sets

Data analysis and baseline model estimation. Maximum likelihood CFA was
conducted with Mplus 3.12 (Muthén & Muthén, 2004). The basis for analysis was
the variance—covariance matrix of WAIS-III subtest total raw scores in both samples.
A model of WAIS-III scores comprising four latent variables is well established (The
Psychological Corporation, 2002; Tulsky & Price, 2003) and has been shown to be
invariant across the entire age range of the U.S. standardization sample (Bowden,
Weiss, Holdnack, & Lloyd, 2006). These latent variables are Verbal Comprehension
(VC), Perceptual Organization (PO), Working Memory (WM), and Processing Speed
(PS). Because the four-factor model is well established, relative model fit in the U.S.
standardization sample will not be reexamined here. However, it should be noted that
recent analyses indicate improved model fit if Arithmetic is allowed to load on both
VC and WM, and Similarities loads on both VC and PO (see Figure 1 and Bowden,
Cook, Bardenhagen, Shores, & Carstairs, 2004; Bowden et al., 2006).

Similarly, in the Canadian sample, the four-factor model with cross loadings for
Arithmetic and Similarities (see Figure 1) also provided the best fit—y?(n = 886;
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df=57)=215.67; p < .0l—replicating the similar four-factor solution originally
reported from the Canadian standardization sample (Saklofske, Hildebrand, &
Gorsuch, 2000). Again, the relative fit of factor models has been examined exten-
sively in the Canadian standardization and will not be reiterated here (The Psychologi-
cal Corporation, 2001; Saklofske et al., 2000). However it is important to note that in
the present analysis, the four-factor model with cross loadings for Arithmetic and
Similarities provided a statistically significantly better fit than a simpler three-factor
model comprising VC, PO, and WM, with this latter factor also incorporating Digit-
Symbol-Coding and Symbol Search, y*(n = 886; df=62)=752.00; p < .01. Simi-
larly, the four-factor model with cross loadings provided better fit than a five-factor
model including a Quantitative Ability factor in addition to VC, PO, WM, and PS,
¥%(n=886; df=56) =327.48; p < .01. The pattern of results for the Canadian sam-
ple is similar to that obtained for the U.S. standardization sample (Bowden et al.,
2006; The Psychological Corporation, 2002) and to that obtained in analysis of the
full Canadian standardization sample (The Psychological Corporation, 2001) although
the four-factor model with cross loadings has not been examined previously.

To determine whether nonnormal data was producing misestimation of model
fit, the above relative model fit comparisons were repeated using the mean-adjusted
maximum likelihood (MLM) estimator, which is robust to departures from normal-
ity (Muthén & Muthén, 2004). A very similar pattern of model fit was obtained
with the MLM estimator in both samples, suggesting that nonnormality did not lead
to inappropriate conclusions regarding relative or absolute model fit.

Measurement invariance. Finding that the same baseline CFA model provides
the best fit to the data in both samples has been termed configural invariance
(Widaman & Reise, 1997). In other words, the same configuration of indicator vari-
ables or observed scores measures the same number of latent variables in each sam-
ple. Configural invariance provides the starting point for examination of numerical
or metric invariance of the measurement model across groups.

Following the strategy outlined by Widaman and Reise (1997), goodness-of-fit
statistics were examined against the baseline model when estimated simultaneously
in both groups (see the baseline Invariance Model 1 in Table 2). As detailed below,
stepwise invariance or equality constraints were then placed on the factor loading,
observed score intercept, and residual matrices, in order, and the model reestimated
at each step to evaluate the equality of these components across groups. This
approach uses a particular type of CFA, known as a mean-structure analysis, that
estimates all five of the matrices described above in both samples simultaneously,
including the latent variable means, variances, and covariances in each group
(Muthén & Muthén, 2004). The covariance matrix of raw scores in both samples
was used as the basis of the analysis.

A model specification approach identical to that used in previous studies was fol-
lowed (Bowden et al., 2004; Bowden et al., 2006; Widaman & Reise, 1997). Initially,
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factor variances were fixed to unity in the factor variance—covariance matrix for the
U.S. sample, and freely estimated in the Canadian sample. Values in the vector of
latent factor means were fixed to zero in the U.S. sample and freely estimated in the
Canadian sample. In addition, the first factor loading for each factor in the A matrix
and the corresponding observed-variable intercept in the T matrix, respectively, were
constrained to equality (but not unity) across groups to identify the model.

A variety of statistics and fit indices were used to evaluate relative model fit.
Apart from y2, other fit indices examined were the comparative fit index (CFI), the
Tucker-Lewis index (TLI), and the standardized root mean square residual (SRMR).
We also examined the multiple group versions of the root mean square error of
approximation (RMSEA), Gamma 1 (a multiple group version of the goodness-of-fit
index), and the expected cross-validation index (ECVI). For these last three indices,
it is now possible to calculate confidence intervals, particularly useful for comparison
of nested models (Dudgeon, 2004). Details of these fit indices can be found in a vari-
ety of sources (e.g., Byrne, 1998; Dudgeon, 2004; Muthén & Muthén, 2004).

Small sample statistics such as y> may be overly sensitive to changes in good-
ness of fit when applied to large samples (see Cheung & Rensvold, 2002). There-
fore, to evaluate change in fit with stepwise invariance restrictions, we placed most
emphasis on the overall pattern of fit (Cheung & Rensvold, 2002; Vandenberg &
Lance, 2000) and those indices for which confidence intervals can be estimated,
namely the RMSEA, ECVI, and Gamma 1. In their review, Vandenberg and Lance
(2000) suggested that when comparing invariance models across groups, absolute
RMSEA values below .06 and SRMR values below .08 reflect excellent fit, and
stepwise changes in the CFI of more than —.02 represent definite loss of fit. All of
the fit statistics were estimated using Mplus 3.12 (Muthén & Muthén, 2004), except
for the multigroup RMSEA, ECVI, and Gamma 1 that were calculated using a pro-
gram provided by Dudgeon (2004).

As noted, the results for the baseline model when estimated simultaneously in
both groups in the mean-structure CFA are shown in Table 2 as Invariance Model 1.
The y? value and degrees of freedom for this model are simply the sum of the values
from each model estimated in the separate samples. All of the other fit indices for
Invariance Model 1 in Table 2 indicate that this baseline model provides an excellent
fit to the model of subtest raw scores.

In the next step, we tested the hypothesis that the numerical values in the A or
factor loading matrices were equal across groups. The results are shown as Invar-
iance Model 2 in Table 2. Although a statistically significant increment in %> sug-
gests statistically significant loss of fit compared to the baseline model (invariance
Model 1 in Table 2), other fit statistics suggest that invariance Model 2 shows no
appreciable loss of fit and in fact continues to provide an excellent fit to the data in
both samples. In absolute terms the CFI, TLI, and SRMR all suggest excellent fit
and no obvious change from the values obtained for Invariance Model 1 in terms of
the criteria described by Vandenberg and Lance (2000). In addition, the values of
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the RMSEA, ECVI, and Gamma 1 were all within the 95% confidence intervals for
the same indices estimated for Invariance Model 1. Therefore, the assumption of
invariant factor loadings across groups was retained.

To evaluate the invariance of the numerical values of the observed variable
intercepts in the T vector, these values were then held constant across groups in
addition to the factor loadings. The results are shown as Invariance Model 3 in
Table 2. The results again show a statistically significant increment in %2 but the
other statistics show little change, and the values of the RMSEA, ECVI, and
Gamma 1 indices were again within the confidence intervals for the respective
indices estimated for the preceding step. Overall, the fit statistics indicate excellent
fit for Invariance Model 3, so the assumption of invariance of observed variable
intercepts across groups was retained. This level of measurement invariance is
known as scalar or strong metric invariance (Widaman & Reise, 1997).

Finally, invariance of the residual variances in the ® matrix was examined by
placing additional equality constraints on these elements. Results can be seen as
Invariance Model 4 in Table 2 and again, apart from a statistically significant
change in XZ, there was little absolute change in the other fit indices, and the
RMSEA, ECVI, and Gamma 1 fell within the confidence intervals for the preced-
ing step. These results prompt retention of the assumption of equality of the resi-
dual variances or reliability of observed scores across the U.S. and Canadian
normative samples.

Twelve-Subtest Data Sets

Measurement invariance. To examine measurement invariance in representative
samples, the above analyses were repeated in the full U.S. (n =2, 450) and Canadian
(n=1,105) standardization samples, comprising data for 12 subtests, excluding
Letter-Number Sequencing. Thirteen cases in the Canadian sample were excluded
because of missing data on Digit Symbol Coding, resulting in a final sample of
1,092. Although results are not shown, relative baseline model fit was examined in
the Canadian sample as reported above for the smaller 13-subtest sample. This pro-
cess led to the same conclusion of preference for the modified four-factor model (as
shown in Figure 1 minus the Letter-Number Sequencing subtest). Reexamination of
relative model fit using the MLM estimator again suggested that departures from
normality were not influencing absolute model fit, or choice of model.

The invariance analysis was then repeated, and fit statistics and indices for the
stepwise restrictions on invariance testing are shown in Table 3. The method of
analysis and sequence of steps is identical to that reported above for the 13-subtest
samples. Briefly, inspection of the fit statistics and indices at each step in Table 3
led to the same conclusions regarding retention of the null hypothesis of invariance
as was the case for the 13-subtest samples reported above (see Invariance Models 1
to 4 in Table 3).
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Latent variances and covariances. In the context of an invariant measurement
model across groups, the values of the latent variables were examined. The fully
invariant measurement model (Invariance Model 4 in Table 3) was used as the
basis for estimation of latent variable variances and covariances with equality
restraints across groups. Invariance Model 5 in Table 3 reports the results of equal-
ity constraints imposed on the latent variable variances and covariances. Although
there is a statistically significant increment in > compared to Invariance Model 4
in Table 3, none of the fit indices suggest appreciable loss of fit.

Parameter estimates from the model with no equality constraints on latent vari-
able variances or covariances are shown in Table 4. In the upper part of Table 4
(shown on the diagonal in bold) are the latent variable variances, fixed to 1 for
model identification in the U.S. sample and freely estimated in the Canadian sam-
ple. The variances for VC and WM in the Canadian sample were both less than 1
standard error different from unity. The variances for PO and PS were both
between 2 and 3 standard errors less than the unit value in the U.S. sample.

Below the diagonal in the upper part of the Table 4 are shown the covariances
between latent variables freely estimated in both samples. Some of the covariances
between latent variables differed between samples by more than 2 standard errors.
Inspection of modification indices for Invariance Model 5 in Table 3 showed that if
the equality constraints for the covariances for VC with PO, VC with PS, and PO
with WM, respectively, were relaxed then there was no longer a statistically signifi-
cant increment in %> between Invariance Models 4 and 5 (Table 3).

Latent means. In the lower part of Table 4 are the latent variable means, fixed to 0
in the U.S. sample and freely estimated in the Canadian sample. Testing equality of
the latent means across groups also led to rejection of the assumption of invariance
(Invariance Model 6 in Table 3). Not only was there a statistically significant incre-
ment in Xz compared to Invariance Model 4, but all of the fit indices for which confi-
dence intervals could be estimated also led to rejection of the assumption of no loss of
fit between Invariance Models 4 and 6 (Table 3). Inspection of the modification indices
for Invariance Model 6 showed that it was necessary to relax equality constraints on all
four latent means to eliminate the statistically significant difference between Invariance
Models 4 and 6 (Table 3). When standardized, the latent means in the Canadian sample
range from .38 for PS to .53 for PO and represent small to medium effects in terms of
Cohen’s d (Cohen, 1988). Cohens’ d is a commonly used measure of experimental
effect and is calculated from the difference between sample means divided by the geo-
metric mean of the sample standard deviations (Cohen, 1988; Wilkinson et al., 1999).
When reliable indicators are used to generate latent means, effects slightly overesti-
mate Cohen’s metric for observed means (Hancock, 2001).

Latent means across the age bands. Although details of invariance testing are
not shown, stratification of the respective samples into five age bands replicated the
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Table 5
Latent Means in the Canadian Sample Compared to Means
in the U.S. Sample Across the Five Standardization Age Groups

Means of Latent Variables

vC PO WM PS

PE SE PE SE PE SE PE SE
<20 52° (.10) A0° (.10) 45 (12) 230 (.10)
20-34 67 (.07 A4 07 39° (.08) 320 07
35-54 49° (.08) A49° (.08) A1 (.09) 21° (.08)
55-74 31° (.08) 35° (.09) 36° (.09) 14 (.09)
>74 20 (.13) 16 (12) 33° (.15) 03 (11

Note: VC = Verbal Comprehension; PO = Perceptual Organization; WM = Working Memory; PS = Pro-
cessing Speed. For each age group, the means in the U.S. sample that were fixed to zero (not shown).
Parameter estimates (PE) with respective standard errors (SE) are shown in covariance matrix metric for
the invariant measurement model (Invariance Model 4 in Table 3) estimated separately in each age stra-
tum. All data are derived from the U.S. and Canadian standardization samples of the Wechsler Adult
Intelligence Scale-Third Edition. Copyright © 1997, 2003 by the Psychological Corporation, a Harcourt
Assessment company. Used with Permission. All rights reserved.

a. Parameter values different in statistically significant terms from the zero values in the U.S. sample.

same pattern of invariance to that reported above. The age bands and respective
sample sizes were as follows: less than 20 (U.S. n =354; Canadian n = 157), 20 to
34 (U.S. n=0617; Canadian n =360), 35 to 54 (U.S. n=419; Canadian n =252),
55 to 74 (U.S. n=1593; Canadian n=216), and greater than 74 (U.S. n=464;
Canadian n=107). Latent variable means were then calculated from Invariance
Model 4 in Table 3 and were rerun in each of the age bands; these are shown in
covariance matrix metric in Table 5. Differences in the latent means were larger in
the lower age groups.

Influence of demographic variables on latent means. To examine some of the
effects of demographic differences between national samples, latent variables in
the fully invariant 12-subtest measurement model (Invariance Model 4 in Table 3)
were regressed on age in years, gender, and the five educational categories avail-
able for both samples (see Table 1 or the respective technical manuals: The Psy-
chological Corporation, 2001, 2002). Gender and education category were dummy
coded for this analysis. Although all the regression coefficients relating latent vari-
ables to demographic variables were statistically significant and in the expected
directions, the pattern of latent mean differences remained essentially unchanged.
In other words, the higher latent mean values in the Canadian sample do not appear
to be a function of differences in age, gender, or education between the U.S. and
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Canadian samples. In view of the differences in ethnic composition and associated
coding in the two national samples, no useful comparisons could be made in rela-
tion to ethnicity.

Discussion

Results of this study suggest that the same latent variable model underlies
WAIS-III scores in the U.S. and Canadian normative samples. Consistent with pre-
vious studies using the U.S. WAIS-III standardization data (Bowden et al., 2006;
Tulsky & Price, 2003) and WAIS-R data from healthy community and clinical
samples (Bowden et al., 2004), a four-factor model with cross loadings for two
subtests provide the best fit in the Canadian W AIS-III standardization sample. Initi-
ally the 13-subtest version was examined (see Figure 1) and then the 12 subtest ver-
sion in the larger, representative samples.

Examination of the numerical components of the measurement model through
incremental equality restrictions on the factor loading and observed-score intercept
matrices revealed that the regression relationships relating observed scores and latent
variables is the same in both versions of the test in both samples (see Tables 2 and 3).
This set of findings suggests that the latent variables are estimated in equivalent scales
in the U.S. and Canada. As noted above, the assumption of equivalent measurement
of latent variables across samples is fundamental to generalization of validity studies
and interpretation of patterns of deficit (Horn & McArdle, 1992; Meredith, 1993;
Widaman & Reise, 1997). Without equivalent scales in different populations, diagnos-
tic inferences based on the observed scores cannot be assumed to be reflecting equiva-
lent levels of the underlying latent variable.

Examination of the invariance of the residual variances also supported retention
of invariance (Invariance Model 4 in Tables 2 and 3). In the context of equivalent
latent variable variances, this finding facilitates the generalization of construct valid-
ity because as is well known, variations in the reliability of test scores across groups
can attenuate or otherwise distort validity relationships (Schmidt & Hunter, 1996).

Having established metric invariance of the full measurement model, with both
the 12- and 13-subtest versions of the test, the values of the latent variable means,
variances, and covariances were examined in the fully representative samples
(Table 4). Although the overall test of equivalence of latent variances and covar-
iances did not suggest marked differences in these structural parameters, inspection
of modification indices suggested that there were statistically significant differ-
ences in some covariances, specifically VC with PO, VC with PS, and PO with
WM, respectively. Because the samples can be assumed to be representative, these
differences may reflect small differences in the strength of population covariances,
suggesting a lesser convergence between the respective pairs of latent variables in
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the Canadian population. In addition, the differences in the covariances suggest that
some caution should be exercised in generalizing precise values of these specific
validity correlations across populations. Studies of these relationships in Canadian
clinical samples should take into account the slightly lower correlations between
these latent variables in the Canadian normative sample.

Finally, latent variable means were contrasted across the fully representative sam-
ples, with the result that all differences between means were found to be statistically
significant in favor of the Canadian sample, although the magnitude of these differ-
ences represented small to medium effects (Table 4). When these mean differences
were reexamined in the age strata (Table 5), it was noted that more statistically sig-
nificant differences between the national samples were observed in the younger age
strata, with smaller differences in the older age groups. When potential differences
in the measured demographic variables of age, gender, and education were incorpo-
rated into the mean-structure analysis, the pattern of mean differences remained
essentially unchanged. These findings suggest that in representative samples of U.S.
and Canadian participants, scores on the four cognitive variables are higher in
Canada, with larger differences being observed in the younger age groups.

Iverson, Lange, and Viljoen (2006) examined the interpretive effects of applying
U.S. and Canadian normative systems in a sample of 100 Canadian forensic psy-
chiatry and neuropsychiatry inpatients. Overall, the Canadian normative system
yielded scores that were systematically lower than the U.S. scores. In other words,
a raw score interpreted as average (50th percentile) against the U.S. norms would
be interpreted as below average (<50th percentile) against the Canadian norms.
Thus, clinicians will infer slightly lower intellectual abilities from the same raw
scores when using the Canadian norms. On the basis of the information available to
Iverson and colleagues, the differences in the normative scores might be interpreted
as due to real differences between the two normative samples, differences attributa-
ble to the different statistical norming methods, or both.

However, the results of the present study were based on raw scores derived from
representative U.S. and Canadian samples and are not confounded by any differ-
ences in the procedures by which normative scores were calculated. In the context
of measurement invariance, the differences in latent variable means may reflect
real, albeit small, differences in the underlying abilities in the two populations.

In conclusion, the measurement model underlying scores on the WAIS-III was
shown to be invariant across the U.S. and Canadian standardization samples. This
finding has important implications for interpretation of construct validity in the
broadest sense and shows that validity studies conducted in one population may
generalize to the other. In addition, in the context of similar latent variable var-
iances across samples, three of the six latent variable covariances were slightly
smaller in the Canadian sample. In contrast, all four latent means showed eleva-
tions in the Canadian sample, these elevations being more pronounced in the
younger age groups.
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