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Hierarchical factor analyses involving Schmid-Leiman transformations (Schmid & Lei- 

man, 1957) were conducted on specific cognitive abilities data collected in a sample of 

148 identical (MZ) and 135 same-sex fraternal (DZ) twin pairs. Two main questions were 

addressed: First, are genetic influences on specific cognitive abilities simply a reflection 

of their g loading, or are different sets of genes affecting separate abilities’? Second, to the 

extent that specific cognitive abilities are affected by common genetic variance, how 

similar is the common genetic factor to a phenotypic factor reflecting R’? Model fitting 

results suggest that genetic influences on specific abilities are a reflection of both general 

intelligence and genetic influences specific to separate abilities and that loadings on the 

common genetic factor are more highly correlated with phenotypic g loadings than are 

common environmental factor loadings. 

A continuing topic of interest within the field of psychology is the structure and 
etiology of individual differences in intelligence. A perusal of current psycho- 
logical journals will show that the topic is currently drawing a great deal of 
attention (Carroll, 1992; Humphreys, 1992; Jensen, 1992), particularly with re- 
spect to issues surrounding potential biological bases of intelligence (see Intel- 
ligence, 16(3-4), 1992). Studies of genetic and environmental influences on 
general intelligence have contributed a great deal to knowledge of the etiology of 
individual differences in cognition, and most researchers today accept the idea 
that genes and environment play an important role in creating variation in general 
intelligence (Humphreys, 1992). 

Although researchers concerned with phenotypic aspects of intelligence have 
begun dissecting general intelligence into basic processes or components (Car- 
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roll, 1992), behavioral geneticists have lagged behind somewhat in deciphering 
the genetic and environmental underpinnings of these processes. Several studies 
have published estimates of heritability and environmentality for specific cogni- 
tive abilities (see Plomin, DeFries, & McClearn, 1990, for a review). In general, 
genetic factors influence specific cognitive abilities, and to some extent, abilities 
may be differentially affected by genetic and environmental variation. However, 
these differential patterns may be simply reflecting the degree to which specific 
abilities measure genera1 intelligence, or x. Carroll (1992, p. 269) points out, 
“Even studies using a number of different kinds of measures to assess the heri- 
tability of special aptitudes have not adequately controlled for the possibility that 
measures of such special aptitudes include a considerable amount of variance due 
to a genera1 factor.” 

In a recent commentary discussing the nature of general intelligence, Jensen 
(1992, p. 277) asks, “Could it be that g reflects scarcely anything besides the 
common genetic variance in mental tests’.” 7 This question was inspired by an 
observation that Jensen made while examining a total matrix of genetic correla- 
tions among cognitive ability and scholastic achievement tests presented in 
Thompson, Detterman, and Plomin (199 1). He noticed that the genetic correla- 
tions among the seven variables could be accounted for by a single factor. He 
continues with the statement, “This intriguing possibility suggested by this study 
awaits replication with other sets of diverse tests.” 

A recent article examining genetic and environmental influences on specific 
cognitive abilities in elderly twins reared together and apart (Pederson, Plomin, 
Nesselroade, & McClearn, 1992) reports a correlation of .77 between phenotypic 
g loadings and heritability estimates for 13 specific cognitive abilities tests. Al- 
though this finding is supportive of Jensen’s observation, the analyses did not 
isolate common genetic variance, a procedure that is necessary to accurately test 

Jensen’s hypothesis. 
Two important questions were identified: First, are genetic influences on spe- 

cific cognitive ability tests simply a reflection of their g loading, or are different 
sets of genes affecting separate abilities? Second, to the extent that specific cog- 
nitive abilities are affected by common genetic variance, how similar is the com- 
mon genetic factor to a phenotypic factor reflecting g? The first question was 
addressed in a recent report by Cardon, Fulker, DeFries, and Plomin (1992). 
Using a sample of 52 unrelated and 69 related sibling pairs from the Colorado 
Adoption Project, Cardon et al. analyzed a set of 8 specific cognitive abilities 
tests. Through model fitting procedures and Schmid-Leiman transformations 
(Schmid & Leiman, 1957), they were able to conclude that even though a signifi- 
cant genera1 genetic factor exists across Verbal, Spatial, Memory, and Perceptual 
Speed abilities, specific genetic influences also operate on Verbal, Spatial, and 
Memory abilities. These results are an important contribution to the study of 
mental structure. However, given that a relatively small sample of subjects was 
used and that models should be developed on one sample and then verified with 
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an independent sample (Humphreys, 1989), further replication of these results is 
warranted. 

The present study will attempt to replicate the findings of Cardon et al. (1992) 
using a twin design and a broad battery of cognitive tests (17 in all). This study 
will also explore further the hypothesis that g primarily reflects common genetic 
variance in cognitive ability tests using the same sample. 

METHOD 

Subjects 
All subjects were participants in the Western Reserve Twin Project, a study of 
cognitive abilities and scholastic achievement in elementary school twins. The 
twins were recruited through public, private, and parochial schools within a six 
county area surrounding the city of Cleveland, OH. All subjects were in the first 
through sixth grade at the time of participation. The sample consists of 148 
identical (MZ) and 135 same sexed fraternal (DZ) twin pairs. 

Measures 
Each child in the study was tested over three sessions. All of the measures were 
administered individually. We analyzed 17 measures of specific cognitive abili- 
ties grouped into two test batteries. The Specific Cognitive Abilities Battery 
(SCA) consists of tests that are similar to those used in the Cardon et al. (1992) 
study and detailed in Cyphers, Fulker, Plomin, and DeFries (1989). The eight 
tests include the Wechsler Intelligence Scale for Children-Revised (WISC-R; 
Wechsler, 1974) Vocabulary subtest, a test of Verbal Fluency, PMA Spatial Rela- 
tions, WISC-R Block Design, Colorado Perceptual Speed, Hidden Patterns, 
Names and Faces, and Picture Memory. Scores from these eight tests were stan- 
dardized residuals from a regression procedure that partialed out the effects of 
age and sex. The second battery consists of scale scores of 11 subtests from the 
WISC-R: Vocabulary, Information, Similarity, Comprehension, Arithmetic, Dig- 
it Span, Picture Completion, Picture Arrangement, Object Assembly, Block De- 
sign, and Coding. Although the two batteries share two subtests, WISC-R 
Vocabulary and Block Design, the groupings were selected to be representative 
of previous behavioral genetic reports on specific cognitive abilities. 

Analyses 
Covariances of the two test batteries were analyzed separately. A hierarchical 
model was formulated for phenotypic covariances of each battery. Figures 1 and 
2 show the formulated models. 

The Schmid-Leiman formulation was used to transform the hierarchical mod- 
els into the structures shown in Figures 3 and 4. 

The method detailed in Cardon et al. (1992) was used to further decompose 
the general factor loadings, the group factor loadings, and the unique variance 
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Figure 1. Hierarchical Structure of WISC-R (Phenotypic). V, P, and F represent the Verbal, Perfor- 

mance, and Freedom-From-Distraction factors, respectively. U I through Ul I are unique variances 

for WISC-R subtests. 

estimates into genetic, common environmental, and specific environmental sub- 
components. Reduced models were tested to evaluate the relative importance of 
the genetic, common environmental, and specific environmental subcompo- 
nents. The estimated genetic, common environmental, and specific environmen- 
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Figure 2. Hierarchical Structure of SCA (Phenotypic). V. S, P, and M represent the Verbal, Spatial. 

Perceptual, and Memory factors, respectively. LJI throuph U8 are unique variances of Specific Abili- 

ty tests. 
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Figure 3. Schmid-Leiman Transformation of WISC-R Factor Structure (Phenotypic). Vgroup, 

Pgroup, and Fgroup represent the transformed Verbal, Performance, and Freedom-From-Distraction 

group factors. G represent the General factor. 

tal subcomponents of the g variances were then correlated with the estimated 
phenotypic g variances from the basic Schmid-Leiman procedure. Analyses were 
conducted using a linear structural equation modeling package MX (Neale, 
1991). 

The phenotypic factor analysis models and the genetic/environmental decom- 
position models were all evaluated with two model fit indices: the Comparative 
Fit Index (CFI; Bentler, 1990) and the Tucker-Lewis index (TLI; Tucker & 
Lewis, 1973; Marsh, Balla, & McDonald, 1988; McDonald & Marsh, 1990). 
These indices evaluate models with reference to the null model that constrains all 
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Figure 4. Schmid-Leiman Transformation of SCA (Phenotypic). Vgroup, Sgroup, Pgroup, and 

Mgroup represent the transformed group factors involved in the SCA. G represents the General 
factor. 
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covariances to be zero. Values of these indices are increments of the model fit of 
the tested model in relation to the null model. CFI varies from zero to one. TLI 
varies between the same boundaries in the population, but can go out of such 
bounds in samples, a higher value of the index represents a better fit. 

RESULTS 

Confirmatory factor analyses were conducted for both the phenotypic and the 
genetic data. First, the hierarchical model was applied to the phenotypic data. 
The WISC-R subtests adopted the widely accepted Verbal, Performance, and 
Freedom-From-Distraction three-factor model. The Verbal factor loaded on Vo- 
cabulary (VO), Information (IN), Similarities (SI), and Comprehension (CO). 
The Performance factor loaded on Picture Completion (PC), Picture Arrange- 
ment (PA), Object Assembly (OA), and Block Design (BD). The Freedom-From- 
Distraction factor loaded on Arithmetic, Coding, and Digit Span. The SCA was 
fitted with a four-factor model similar to the one in Cardon et al. (1992): a Verbal 
factor that loaded on WISC-R Vocabulary (WV) and CAP Verbal Fluency (VF); 
a Spatial factor, which loaded on WISC-R Block Design (WB) and PMA Spatial 
Relations (SR); a Perceptual Speed factor, with Colorado Perceptual Speed (PS) 
and Hidden Patterns (HP) as its indicators; and a Memory factor marked by 
Names and Faces (NF) and Picture Memory (PM) subtests. Model fit indices of 
these models are shown in Table 1. 

Although the significant chi-square values indicate that these models are 
probably not the “true models” for the two test batteries (Marsh et al., 1988), 
values of the CFI and TLI indices show that these models are reasonable 
approximations. 

Reduced models, based on the full decomposition model, were tested to eval- 
uate the relative importance of the genetic, shared environmental, and the non- 
shared environmental components. First, to test relative contributions of the 
genetic, the shared environmental, and the nonshared environmental influences 

TABLE 1 

Model Fit Indices for Phenotypic and Decomposition Models 

Model X2 df TLI CFI 

Specific Cognitive Abilities 

Phenotypic (576) 59.95 16 .91 .96 

Decomposition (MZ = 148, DZ = 135) 244.16 212 .98 .98 

WISC-R 

Phenotypic (561) 114.52 41 .96 .97 

Decomposition (MZ = 141, DZ = 129) 543.52 431 .96 .Y6 

Note. Size discrepancies between samples for the phenotypic models and samples for the decom- 
position models were caused by missing values in twin data. Sample sizes appear in parentheses. 
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to the general factor, g loadings of the genetic, the shared environmental, and the 
nonshared environmental components were constrained to be zero, respectively. 
The increments in chi-square values caused by constraints on different compo- 
nents were used to compare relative contributions of the genetic, the shared envi- 
ronmental, and the nonshared environmental components to the g variance. The 
results are shown in Table 2. 

In Table 2, it can be seen that with the same number of constraints on the full 
models, the fixed genetic g parameters resulted in the largest increment in chi- 
square value in the Cognitive Abilities battery, indicating the poorest fit. On the 
other hand, the fixed shared environmental parameters had the largest impact on 
the model fit in the WISC-R. The composite of g varies across the two batteries 
probably because the SCA taps more nonverbal abilities, which are less affected 
by environmental influences. The impact of the constrained nonshared environ- 
mental parameters was the smallest in both batteries. These results suggest that 
the genetic and shared environmental components both made large contributions 
to the g variances. The nonshared environmental components had the least to do 
with the g factor. 

The contributions of the genetic, shared environmental, and nonshared envi- 
ronmental components to common factor variances (i.e., both the g and the 
group factor variances were also compared in a similar fashion. Common factor 
parameters of the genetic components, shared environmental components, and 
nonshared environmental components were fixed to zero respectively. Incre- 
ments in chi-square values due to the constraints on common factor parameters 
are listed in Table 3. The results suggest that the genetic components were the 
most important for the common factor variances in both batteries, and the non- 
shared environmental components were the least important to the common fac- 
tors. In fact, the importance of the shared environmental component to the 
common factors in both batteries is only trivially higher than that of the non- 
shared environmental influences. 

TABLE 2 
Chi-Square Differences Between the Full Models and Models 

With General (n) Factor Loadings Constrained to Zero 

Model X* df P 

Specific Cognitive Abilities 
No genetic g 

No shared environment R 
No specific environment g 

WISC-R 
No genetic g 

No shared environment g 
No specific environment g 

63.73 4 < .Ol 

36.35 4 < .Ol 
19.88 4 < .Ol 

22.11 3 < .Ol 

31.52 3 < .Ol 
8.70 3 .04 
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TABLE 3 
Chi-Square Differences Between the Full Models and Models 
With General and Group Factor Loadings Constrained to Zero 

Model X2 4f P 

Specific Cognitive Abilities 
No genetic 70.57 12 < .Ol 
No common environment 39.60 12 < .Ol 
No specific environment 35.91 I2 < .Ol 

WISC-R 
No genetic 70.38 14 < .01 
No common environment 54.91 14 < .Ol 
No specific environment 50.10 14 < .Ol 

Finally, the overall importance of the genetic and shared environmental com- 
ponents was evaluated by constraining either all genetic parameters or all shared 
environmental parameters of the full model to zero. Comparable evaluations 
were not made for the nonshared environmental components, because deleting 
all nonshared environmental components would make the specified models to 
have nonpositive definite expected covariance matrices. Table 4 presents the re- 
sults from the evaluation. The larger increments in chi-square values caused by 
setting genetic parameters to zero in both test batteries suggest a larger total 
importance of the genetic influence in both batteries. 

Other than evaluating reduced models with respect to the full model, differ- 
ences between reduced models were also examined. Table 5 shows the difference 
between Table 2 and 3. 

It can be seen from Table 5 that group factors play a more important role in the 
WISC-R than in the SCA. In the WISC-R, constraints on the genetic, shared 
environmental, and nonshared environmental group factor components in addi- 

TABLE 4 
Chi-Square Differences Between the Full Models 

and Models With All Genetic or All Shared Environmental 
Parameters Constrained to Zero 

Model 

Specific Cognitive Abilities 
No genetic 
No common environment 

WISC-R 

No genetic 
No common environment 

X* df 

93.26 20 
45.20 20 

86.82 25 
67.89 25 

P 

< .Ol 

< .Ol 

< .Ol 

< .Ol 
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TABLE 5 
Chi-Square Differences Between Models With Only General Factor Loadings Constrained 

and Models With Both General and Group Factor Loadings Constrained 

Model Comparison X* df P 

Specific Cognitive Abilities 
Genetic 8 and group factors both constrained- 

genetic g constrained 
Shared environmental R and group factors both 

constrained-shared environmental R constrained 

Nonshared environmental R and group factors both 

constrained-nonshared environmental g con- 

strained 

6.8 8 .60 

3.2 8 .90 

16.0 8 .05 

WISC-R 
Genetic g and group factors both constrained- 

genetic R constrained 

Shared environmental R and group factors both 

constrained-shared environmental R constrained 

Nonshared environmental R and group factors both 

constrained-nonshared environmental g con- 

strained 

48.3 11 < .Ol 

21.4 I1 .05 

41.4 I1 < .Ol 

tion to the g components resulted in chi-square increments of 48.27, 2 1.39, and 
41.40, respectively, with a gain of 11 degrees of freedom. In the SCA, such 
increments were only 6.8 and 3.2, respectively, for the genetic and shared envi- 
ronmental group factors with 8 degrees of freedom. The increment of the chi- 
square value due to the nonshared environmental group factor in the SCA was 
larger (16.0 with 8 degrees of freedom), but was still not as large as its counter- 
part in the WISC-R. Table 6 shows a similar comparison between Tables 3 and 4 
and suggests that chi-square increments due to zero genetic unique variances 
over or above the general and group factors in both batteries are larger than those 
due to zero shared environmental unique variances. It appears from Tables 5 and 
6 that the SCA is a better measure of g than the WISC-R, particularly the part.of 
g that is genetically determined. 

From the estimates of the full decomposition models, proportions of the ge- 
netic, the shared environmental, and the nonshared environmental components in 
the total variance of each subtest of both batteries were computed. These propor- 
tions show the relative contributions of the genetic, shared environmental, and 
nonshared environmental influences to individual tests. Table 7 lists these 
proportions. 

To find the covariation between the phenotypic g and the decomposed g, that 
is, the genetic, shared environmental, and nonshared environmental components 
of g, both the phenotypic and the decomposed g loadings were calculated. For 



TABLE 6 
Chi-Square Differences Between Models With Both General and Group Factors Constrained 

and Models With General, Group, and Unique Variances Constrained 

Model Comparison X* df P 

Specific Cognitive Abilities 

Genetic R, group factors, and unique variances all 

constrained-genetic R and group factors both 

constrained 

22.7 8 < .Ol 

Shared environmental g. group factors, and unique 

variances all constrained--shared environmental 

K and group factors both constrained 

5.6 8 .70 

WISC-R 
Genetic fi. group factors, and unique variances all 

constrained-genetic g and group factors both 

constrained 

16.4 II .I0 

Shared environmental g, group factors, and unique 

variances all constrained-shared environmental 

K and group factors both constrained 

12.98 II .30 

TABLE 7 
Estimated Proportion of Variance Explained by Genetic, Shared Environmental, 

and Nonshared Environmental Influences 

Subtests Genetic Shared Environment Nonshared Environment 

Specific Cognitive Abilities 
WV .46 .25 .28 
VF .09 .22 .69 
WB .46 .23 .31 
SR .53 .09 .37 
PS .34 .27 .39 
HP .36 .34 .30 

NF .OS .2x .67 

PM .I7 .I4 .69 

WISC-R 
vo .54 .I7 .29 
IN .26 .46 .28 
Sl .32 .24 .44 
co .45 .I9 .35 

AR .I9 .4l .40 
PC .25 .16 .59 
PA .4l .09 .50 
OA .45 .20 .35 
BD .I7 .47 .35 
CD .I3 .43 .44 
DS .I5 .37 .48 

Now. Names of subtests are as follows: WISC-R Vocabulary (WV), CAP Verbal Fluency (VF), 
WISC-R Block Design (We), PMA Spatial Relations (SR), Colorado Perceptual Speed (PS), Hidden 
Patterns (HP), Names and Faces (NF), Picture Memory (PM), Vocabulary (VO), Information (IN), 
Similarities (SI), Comprehension (CO), Arithmetic (AR). Picture Completion (PC), Picture Arrange- 
ment (PA), Object Assembly (OA), Block Design (BD), Coding (CD), and Digit Span (DS). 
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the phenotypic model, these loading estimates are products of the second-order 
general factor loadings and the first-order factor loadings. For the decomposition 

model, these estimates are also the products of the second-order general factor 
loadings and the first-order group factor loadings, only they were calculated with 
respect to the genetic, shared environmental, and nonshared environmental com- 
ponents. All g loadings are standardized using the SC procedure suggested by 
Joreskog and Sot-born (1989) and are listed in Table 8. 

All g loadings in Table 8 were then transformed to Fisher’s z values to approx- 
imate normality. Pearson product-moment correlations between the phenotypic g 
loadings and the decomposed genetic, shared environmental, and nonshared en- 
vironmental g loadings were obtained from the transformed z values. 

In Table 9, the correlations between the phenotypic g loadings and the genetic 
g loadings in both test batteries are high and significant. On the other hand, the 
correlations between the phenotypic g loadings and the environmental g loadings 
are low and nonsignificant. 

TABLE 8 

Phenotypic, Genetic, and Environmental g Loading Estimates 

Suhtest PhenotvDic Genetic Shared Environment Nonshared Environment 

Specific Cognitive Abilities 

WV .53 
VF .47 

WB .76 

SR .63 

PS .53 

HP .81 

NF .39 

PM .29 

WISC-R 
vo .I5 
IN .71 
SI .I0 
co .I1 
AR .I1 

PC .50 

PA .46 

OA .62 
BD .63 

CD .36 

DS .51 

.37 .40 .07 

.I5 .47 .21 

.67 .45 .02 

.61 .29 .I5 

.22 .48 .26 

.58 .48 .I5 

.03 .53 .lO 

.ll .22 .35 

.69 .37 .26 

.51 .54 .lO 

.57 .43 .15 

.58 .40 .35 

.32 .64 .I8 

.38 .29 .oo 

.42 .27 .oo 

.44 .27 -.Ol 

.31 .62 -.Ol 

.I4 .34 .oo 

.28 .43 .I6 

Note. Names of subtests are as follows: WISC-R Vocabulary (WV), CAP Verbal Fluency (VF), 
WISC-R Block Design (WB), PMA Spatial Relations (SR), Colorado Perceptual Speed (PS), Hidden 
Patterns (HP), Names and Faces (NFL Picture Memory (PM), Vocabulary (VO), Information (IN), 
Similarities (SI), Comprehension (CO), Arithmetic (AR), Picture Completion (PC), Picture Arrange- 
ment (PA), Object Assembly (OA), Block Design (BD), Coding (CD), and Digit Span (DS). 
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TABLE 9 

Correlations Between g Loading Estimates 

Specific Cognitive Abilities 
Phenotypic 1.00 

Genetic .%3** I .oo 
Shared environment .28 -.0X 

Specific environment -.54 p.55 
I .oo 

-.52 1.00 

WISC-R 

Phenotypic 1.00 

Genetic .76* 1.00 

Shared environment .49 -.I6 1.00 
Specific environment .61 .62 .40 1.00 

*Significant at .05 level. **Significant at .Ol level 

DISCUSSION 

The results from this study suggest two main findings. First, individual differ- 
ences in specific cognitive abilities as defined across two test batteries appear to 
be influenced by both genetic influences that are common across all of the mea- 
sures, that is, genetic g, and by genetic influences that are specific to group 
factors (Verbal, Performance, and Freedom-From-Distraction for the WISC-R 
and Verbal, Spatial, Perceptual Speed, and Memory for the SCA). Common 
shared environmental influences, shared environmental R, appear to be less im- 
portant than the common genetic factor for the SCA, but equally important for 
the WISC-R. Overall, genetic factors are more influential in structuring individu- 
al differences in specific cognitive abilities than are shared environmental 
influences. 

The findings for genetic influences in this study replicate those reported in 
Cardon et al. (1992). However, the role of shared family environment is much 
more pronounced here. This difference is especially true for the WISC-R. There 
is one possible explanation. The present study used twin pairs while Cardon et al. 
used adopted and nonadopted sibling pairs. Twins are assessed at the same point 
in time and are exactly the same age. They share more experiences than do 
typical siblings. 

On a theoretical level, the genetic results just discussed provide support for 
theories that emphasize general intelligence or g but also provide support for 
theories that postulate separable dimensions. It appears that at least from a genet- 
ic perspective, a theory that integrates both approaches is required to explain the 
data. 

The results from this study also contribute to knowledge about the nature 
and/or structure of general intelligence. A strong relationship between phe- 
notypic g loadings and genetic g loadings (.88 for the SCA, and .76 for the 
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WISC-R) was found, indicating that the two are controlled by the same source. 

In contrast, environmental R loadings are not significantly related to phenotypic g 
loadings. Although these results were only from two batteries of ability tests, 
which may not be fully representative of all ability tests, they do seem to support 
Jensen’s observation that general intelligence is a strong indicator of common 
genetic variance among cognitive tests. This observation is particularly relevant 
as researchers continue to search for the biological and neurophysiological corre- 
lates of cognitive ability. 
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