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The general factor of intelligence ( g) results from the empirical fact

that almost all cognitive tests are positively correlated with one another.

Individual tests can be classified according to the degree to which they

involve g . Here, regional brain volumes associated with g are

investigated by means of structural magnetic resonance imaging and

voxel-based morphometry. First, individual differences in the amount

of regional gray matter volumes across the entire brain were correlated

with eight cognitive tests showing distinguishable g-involvement.

Results show that increasing g-involvement of individual tests was

associated with increased gray matter volume throughout the brain.

Second, it is shown that two prototypical measures of verbal and non-

verbal g (i.e., vocabulary and block design) correlate with the amount

of regional gray matter across frontal, parietal, temporal, and occipital

lobes, suggesting that the general factor of intelligence relates to areas

distributed across the brain as opposed to the view that g derives

exclusively from the frontal lobes.
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Human intelligence includes more than sixty individual

cognitive abilities, but the general factor of intelligence ( g)
encompasses all of these in one common factor (Carroll, 1993).
g results from the empirical phenomenon, first discovered by
Spearman (1904), that all cognitive tests are positively correlated

with one another, irrespective of the cognitive domain sampled. In
the most comprehensive review to date, Jensen (1998) addressed
virtually the entire published research about g and demonstrated

that g is significantly related to an impressive array of psycholog-
ical, social, biological, and genetic factors. This fact underlies
current multi-disciplinary efforts directed at resolving basic

questions concerning this core scientific construct among psychol-

ogists, neuroscientists, and geneticists (Jensen, 1998; Lubinski,

2004).
Psychometricians have demonstrated that intelligence tests can

be classified according to the degree to which they involve the g-

factor. Factor analysis was the statistical method expressly
designed by Spearman (1904) to precisely quantify the g-loadings
of several diverse cognitive tests. It is important to note that the

computation of a robust and stable g-loading requires the
simultaneous consideration of several diverse intelligence tests
(Jensen and Weng, 1994). The g-loading for test X derives from its
average correlation with all the remaining tests in a comprehensive

test battery: the higher its average correlation, the larger its g-
loading. From a theoretical standpoint, a high g-loading for test X
can only result from the empirical fact that it shares a large amount

of mental processes with the other tests in the battery. Therefore, a
test with a perfect g-loading should comprise most of the mental
processes germane to the general factor of intelligence ( g).

There are a number of published reports addressing the neural
basis for human intelligence using several imaging methods (Haier
et al., 1988, 2003, 2004; Jung and Haier, submitted for publication;
Jung et al., 1999; Thompson et al., 2001; Gong et al., 2005;

Schmithorst et al., 2005). The increasing availability of functional
(PET or fMRI) and structural (sMRI, DTI, MRS) brain imaging
techniques has contributed to this vigorous research area. However,

while functional measures and their interpretation are closely tied
to the experimental tasks employed to evoke brain activation,
structural measures are independent of any task effects. Toga and

Thompson (2005) note ‘‘the present paucity of data using
functional imaging is due to the vagaries of neurovascular
coupling, the variability of response, or the limitations of

instrumentation and protocols to date’’ (p. 5). They also support
the idea that structural mapping can help provide the anatomic
framework necessary to guide functional studies.

Structural imaging has demonstrated that there is a significant

correlation between total brain volume and intelligence, as well as
between intelligence and the total amount of gray and white matter
(Gignac et al., 2003). Recent studies using voxel-based morphom-

etry (VBM) have also shown widespread correlations between IQ
and the amount of regional gray matter and white matter (Wilke et
al., 2003; Frangou et al., 2004; Haier et al., 2004, 2005; Gong et

1053-8119/$ - see front matter D 2006 Elsevier Inc. All rights reserved.

doi:10.1016/j.neuroimage.2006.01.006

* Corresponding author.

E-mail address: rjhaier@uci.edu (R.J. Haier).

Available online on ScienceDirect (www.sciencedirect.com).

www.elsevier.com/locate/ynimg

NeuroImage 31 (2006) 1359 – 1365



al., 2005). However, these structural studies focused on broad
measures of intelligence, like Full Scale IQ (FSIQ), Verbal IQ, or
Non-Verbal IQ, as opposed to the general factor of intelligence ( g)

itself. Since these broad measures of human intelligence confound
g with other cognitive abilities and skills (Colom et al., 2002), the
present study focuses specifically on g.

Here, we relate g to brain structure, specifically to gray matter
volume. The scores obtained by a sample of participants on
cognitive tests showing distinguishable g-loadings or g-involve-

ment are correlated to their individual differences in the amount of
regional gray matter volumes throughout the entire brain. Two
alternative theoretical models are explicitly tested in this study. The

frontal model would predict that increasing g-loadings for a given
intelligence test should augment the amount of gray matter
correlating with individual differences in the test score but almost
exclusively within the frontal lobes (Duncan et al., 2000; Gong et

al., 2005). The distributed model would predict that increasing g-
loadings should be related to gray matter volumes throughout the
brain (Haier et al., 1988, 2004; Frangou et al., 2004; Jung and

Haier, submitted for publication).

Method

Participants

A total of 48 normal adult volunteers from two independent
samples (age range = 18–84) participated in the study (Haier et
al., 2005). The younger sample was tested at the University of

New Mexico (UNM) and consisted of 14 women and 9 men
(mean age = 27, SD = 5.9, range = 18–37); the older sample was
tested at the University of California, Irvine (UCI), and consisted

of 13 men and 12 women (mean age = 59, SD = 15.9, range 37–
84). All the participants gave written informed consent, and the
study was approved by the respective institutional Human

Subjects Committees.

Intelligence testing

The Wechsler Adult Intelligence Scale (WAIS) was individually
administered, with eight of the 11 subtests completed by both
samples (digit symbol, picture completion, similarities, informa-

tion, arithmetic, digit span, vocabulary, block design). Participants’
scores were based on age norms (Wechsler, 1981). The WAIS
subtests measure a wide array of cognitive abilities. In his

encyclopedic review of the literature, Carroll (1993) indicates that
the available factorial studies consistently show three main factors
underlying the WAIS: a verbal or language factor derived from the
verbal subtests (information, vocabulary, etc.), a non-verbal factor

derived from the performance subtests (block design, picture
completion, etc.), and a short-term or working memory factor
derived from digit span and arithmetic subtests.

Computation of g-loadings

We used the Schmid-Leiman hierarchical factor analysis
(Schmid and Leiman, 1957) to quantify the g-loadings of the tests
included in the WAIS. We did this to select tests showing low,

medium, and high g-loadings. In the Schmid-Leiman hierarchical
factor analysis, the higher order factor (that specifically quantifies
the g-factor) is allowed to account for as much of the correlation

among the intelligence tests as it can, while the remaining factors
(that quantifies so-called group factors or specific cognitive
abilities) are reduced to residual factors uncorrelated with each

other and with the higher order factor. It is usually observed within
the cognitive abilities domain that the general (higher order) factor
of intelligence accounts for a larger proportion of the variance than

any other intelligence factor. In practice, the general factor
accounts for more variance than all of the other factors combined
(Carroll, 1993).

This method is more appropriate than non-hierarchical factor
analyses because the factors obtained from a non-hierarchical
factor analysis confound the shared variance among all the

intelligence tests (reflecting g) and variance specific to groups of
tests (reflecting specific cognitive abilities and skills). The great
advantage of this hierarchical factor analytic method is that those
distinguishable sources of variance are clearly separated, and, thus,

it approximates the g-factor almost perfectly (Jensen and Weng,
1994). According to Jensen’s comprehensive review of the best
methods for extracting g, ‘‘among the various methods of factor

analysis that do not mathematically preclude the appearance of g
when it is actually latent in the correlation matrix, a hierarchical
model is generally the most satisfactory, both theoretically and

statistically’’ (Jensen, 1998, p. 73).The g-loadings for each of the
8 subtests and the subtest reliabilities are shown in Table 1. The
loadings were also corrected for attenuation by dividing by the
square root of the subtests’ reliability. All analyses are based on the

attenuation-corrected loadings.

MRI data acquisition and analyses

MRIs for the younger sample (UNM) were obtained with a 1.5-
T scanner, head coil, and software (Signa 5.4; General Electric

Medical Systems, Waukesha, WI). AT1 sagittal localizer sequence
(TE = 6.9 ms, TR = 200 ms, FOV = 24 ! 24 cm2, five slices,
thickness = 5 mm, spacing = 2.5 mm, matrix = 256 ! 128) was

acquired, followed by a T1-weighted axial series (fast RF spoiled
gradient-recalled, TE = 6.9 ms, TR = 17.7 ms, flip angle = 256,
matrix = 256 ! 192, 120 slices, thickness = 1.5 mm) to give full
brain coverage. MRIs for the older sample (UCI) were obtained

with a 1.5-T clinical Phillips Eclipse scanner (Philips Medical
Systems, N.A., Bothell, WA). T1-weighted, volumetric SPGR MRI
scans (FOV = 24 cm, flip angle = 40, TR = 24, TE = 5) were used.

The images consisted of 120 contiguous 1.2-mm thick axial slices,
each with an in-plane image matrix of 256 ! 256 image elements.

Subsequently, we applied voxel-based morphometry (VBM)

methods (Ashburner and Friston, 2000; Good et al., 2001). VBM is

Table 1

g-loadings obtained from the Schmid–Leiman hierarchical factor analysis

of the WAIS subtests with subtests reliabilities and attenuation-corrected

g-loadings

WAIS subtests Reliability g-loading g-loading corrected

for attenuation

Digit symbol 0.820 0.213 0.235

Picture completion 0.810 0.534 0.593

Similarities 0.840 0.591 0.645

Arithmetic 0.840 0.612 0.668

Information 0.890 0.630 0.668

Digit span 0.830 0.658 0.722

Vocabulary 0.960 0.709 0.724

Block design 0.870 0.837 0.897
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based on mathematical algorithms that segment gray and white
matter from structural MRIs. We used Statistical Parametric
Mapping software (SPM2; The Wellcome Department of Imaging

Neuroscience, University College London) to create a study-
specific template and then applied the optimized VBM protocol to
each sample separately. For each WAIS subtest analysis, the SPM

computed where gray matter (and white matter) intensities for each
voxel correlated to score; the design matrix included age, sex, and
handedness as nuisance variables to remove any effects they might

have. Because the two samples were tested with different scanners,
statistical conjunction analyses were used to find where there were
correlations common to both samples (Price and Friston, 1997).

These analyses minimize possible problems associated with
combining data from different scanners, and they maximize
statistical power because all subjects (N = 48) are used. All results
are based on global null conjunction analyses where P < 0.0001,

except where noted; all clusters larger than 1 voxel are reported.
Anatomical localization is based on the Talairach atlas (Talairach
and Tournoux, 1988).

Results and discussion

Is a higher g-loading on a given cognitive test correlated with
more gray matter in any brain areas? Table 2 reports the number of
gray matter clusters and the total number of voxels in those clusters

showing correlations (P < 0.0001) with each of the WAIS subtest
scores. As the g-loading increases, there are more clusters and
voxels related to gray matter volume. The rank order correlation

(rho) between attenuated g-loadings (from Table 1) and the total
number of clusters for all lobes shown in Table 2 is 0.89 (P <
0.001; see scatterplot in Fig. 1). Moreover, these areas are

distributed throughout the brain, with most in the frontal lobes.
Fig. 2 selects three subtests (low, medium and high g-loadings) to

illustrate further that the higher the g-loading of the subtest, the
more significant correlations there are between gray matter
volumes and subtest scores (digit symbol and picture completion

are shown at P < 0.001; block design at P < 0.0001). Table 2 also
shows that the pattern of clusters across the lobes is quite similar
for all the subtests, except for block design (the highest g-loaded
subtest). For block design, the majority of clusters are in parietal

and temporal lobes. Moreover, the total number of voxels in these

Table 2

Number and size of voxel clusters with a significant correlation ( P < 0.0001) between regional gray matter and WAIS subtests for each brain lobe

Tests Frontal Temporal Parietal Occipital Sub-lobar Limbic Total

Digit symbol

No. of clusters 1 1

Total voxels 7 7

Picture completion

No. of clusters 5 1 6

Total voxels 82 2 84

Similarities

No. of clusters 4 1 1 6

Total voxels 720 5 9 734

Arithmetic

No. of clusters 4 4

Total voxels 493 493

Information

No. of clusters 9 1 2 2 1 3 18

Total voxels 6447 5137 2751 4508 28 3548 22,419

Digit span

No. of clusters 8 9 4 5 2 28

Total voxels 43,932 10,031 11,846 1222 1919 68,950

Vocabulary

No. of clusters 17 3 4 3 2 3 32

Total voxels 50,130 10,000 6491 227 3644 27,510 98,002

Block design

No. of clusters 5 10 11 6 7 1 40

Total voxels 30,724 1970 2839 4944 2283 99 42,859

Fig. 1. Scatterplot of rank correlation (q = 0.89, P < 0.003) between g-

loadings on WAIS subtests and the number of clusters where gray matter

volume correlates with subtest score ( P < 0.0001).
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clusters is less than half of those found for the vocabulary subtest

(second highest g-loading).
What brain areas are most related to g? The next analysis was

based on the most highly g-loaded subtests from the verbal and

non-verbal scales of the WAIS, namely Vocabulary ( g-loading =

0.72) and Block Design ( g-loading = 0.90), respectively. Gray
matter correlations (P < 0.0001) with these tests are shown side by
side in Fig. 3. We used the statistical conjunction approach to show

Fig. 2. Correlations between regional gray matter and digit symbol scores, picture completion, and block design (N = 48, df = 41). Color bar shows t values;

maximum r = 0.36, 0.39, and 0.57 respectively.

Fig. 3. Correlations ( P < 0.0001, N = 48, df = 41) between regional gray matter and the two highest g-loaded subtests, vocabulary and block design. Color bar

shows t values; maximum r = 0.58 and 0.57 respectively.

R. Colom et al. / NeuroImage 31 (2006) 1359–13651362



where gray matter correlations empirically overlap across these two
highly g-loaded tests for both samples. The results are shown in
Fig. 4 (left panel; P < 0.0001); white matter correlations (right

panel) are also shown (P < 0.0001). Given that the selected
intelligence tests involve the g-factor to a high degree and that they
belong to the verbal and non-verbal scales of the WAIS, the results

should be a strong indication of the structural correlates (brain
sites) underlying the general factor of intelligence ( g). Table 3
reports in detail the location and size of gray matter clusters and the

number of voxels by brain region showing the conjunction of
correlations between gray matter volumes and both the high-g
tests.

The analyses of g-loadings on eight tests show that increasing
g-loading is associated with greater gray matter volume in several
areas distributed throughout the brain (Fig. 2). The analysis of the
two highest g-loaded tests shows the brain areas where gray matter

may be most relevant for g (Fig. 4 and Table 3). These include
large portions of frontal Brodmann areas (BAs) 10 and 47 along
with smaller clusters in 8, 11, 46; temporal BAs 20, 21, 37, 41, 13;

parietal BAs 7, 19, and 40; occipital BAs 18 and 19, as well as BA
24 (limbic lobe) and four sub-lobar structures (especially the
lentiform nucleus and smaller clusters in the thalamus, caudate, and

claustrum). Although frontal areas clearly show the most relation-
ship to g, many other areas also were related. Several of these areas
are consistent with those identified in a comprehensive review of
brain imaging studies of intelligence (Jung and Haier, submitted for

publication). White matter correlations are found almost entirely
under and interlaced with the gray matter areas. Inconsistencies
among studies likely result mostly from relatively small samples

and from vagaries of task demands in functional paradigms. Until
studies with large samples over 100 subjects are available for stable

multivariate analyses, the specific brain areas uniquely related to g

cannot be determined definitively.
Imaging studies of g may produce findings different than

studies using broad measures of intelligence. For example, Gong et
al. (2005) used VBM to explore the correlations between regional
brain volumes and verbal and non-verbal intelligence scores in 55

normal male and female volunteers across a wide age range. They
reported that non-verbal intelligence correlated only with medial
prefrontal cortex gray matter volume, and there were no significant

associations for verbal intelligence. This is not consistent with our
previous VBM studies of FSIQ (Haier et al., 2004, 2005), nor with
the findings reported in the present study, especially the vocabulary

subtest results. The discrepancy could be attributed to the fact that
a distinction between verbal vs. non-verbal intelligence is not the
main issue. The key could be related to the g-loadings character-
izing the available measures of intelligence. Jensen (1998) explains

this in a comprehensive manner, ‘‘. . .although certain types of tests
consistently show higher g-loadings than other tests, it is
conceptually incorrect to regard characteristics of such tests as

the Fessence_ or Fdefining characteristics_ of g . . . g may be thought
of as a distillate of the common source of individual differences in
all mental tests, completely stripped of their distinctive features of

information content, skill, strategy, and the like . . . the knowledge
and skills tapped by mental test performance merely provide a
vehicle for the measurement of g’’ (p. 74). Intelligence and g are
not the same thing; measures of both provide unique insights.

The frontal lobe model as the neural basis for intelligence was
endorsed by Duncan et al. (2000) in their report of a PET study
stating that the general factor of intelligence ( g) derives almost

exclusively from discrete frontal lobe regions. The results reported
here do not support such a highly localized view. The present study

Fig. 4. Correlations ( P < 0.0001, N = 48, df = 39) between regional gray matter (left columns) and white matter (right columns) and g based on the conjunction

of the two highest verbal and non-verbal g-loaded subtests (vocabulary and block design) (N = 48). Color bar shows t values; maximum r = 0.33.
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provides several advantages over their design. First, here we use g-
loadings in the strict psychometric sense, whereas Duncan et al. do
not describe the procedure by which their g correlations were

obtained. Second, we provide a broad spectrum of g-loadings
(range 0.23 to 0.90), whereas Duncan et al. g correlations were in
the low-medium range (0.37 to 0.59). Third, we use standardized

tests which are psychometrically reliable as opposed to the
individual items used in their study. Fourth, it is well known that
quantitative estimations are highly sensitive to sample size, and the

present sample comprised almost four times more participants.
Finally, we obtained the results from the statistical conjunction of
participants and tests, whereas the main conclusion from the

Duncan et al. report was derived from the qualitative comparison
of two experimental conditions. Indeed, a close examination of the
Duncan et al. study also reveals support for a distributed model.
Examining their results obtained from the most highly g-loaded

items in their analysis (adapted from the Culture Fair Intelligence
Test), they found activations in frontal (BAs 6, 8, 45, 46, and 47),
parietal (BAs 7, 19, and 40), and occipital (BAs 18 and 19) brain

regions (see their Table 2).
Another approach to identifying brain areas associated with g is

to apply the Method of Correlated Vectors (MCV) proposed by

Jensen (1998). This method determines the relationship between g-
loadings on a series of tests (low to high) and how strongly the
tests are related to a variable external to the test battery (i.e., brain
metabolic rate or gray matter volume). Jensen (1998, p. 157–8)

first demonstrated its use with brain imaging data from Haier et al.
(1992). Recently, we have applied this method to gray matter/FSIQ
data. The analyses were limited to the brain areas where FSIQ was

correlated to gray matter and addressed which of those relation-
ships were due mostly to the g-factor. The results showed gray
matter volume in areas distributed throughout the brain was related

to g, although not in all areas where FSIQ was related to gray
matter (Colom et al., in press). A disadvantage of the MCV,
however, is that it cannot yet be applied to the entire brain voxel-

by-voxel because no software exists to apply vectors to each of
nearly 1 million voxels. Therefore, its use is limited to brain areas
identified as salient to intelligence by other means. When first
identified by functional imaging studies, the set of salient areas

may be overly constrained by the specific activation task used (Lee
et al., 2006; Haier et al., 1992), so the MCV result may be limited.
An advantage to the approach taken in this report is that the entire

brain can be surveyed for g correlates.
It should be noted that the obtained g-loadings in this study

could change if all WAIS subtests were factor analyzed together.

Therefore, we have computed the congruence coefficient between
the g-loadings obtained for the present sample and those derived
from the standardization sample (Wechsler, 1981). The congruence

coefficient (rc) is an index of factor similarity. A value for rc of
+0.90 is considered a high degree of factor similarity; a value
greater than +0.95 is generally interpreted as practical identity of
the factors (Jensen, 1998). rc estimates the correlation between the

factors themselves. The n factor loadings of each of the n tests for
each sample can be arranged as two-column vectors. The
congruence coefficient is computed through the formula: rc =

AXY/!AX2AY2. The obtained result was rc = 0.97; therefore, the g-
factors for both samples should be considered the same.
Furthermore, there is no reason to expect a change in the rank

order of the WAIS subtests even if additional intelligence tests are
included in a factor analysis. According to Jensen (1998), g-
loadings are consistent across samples and across test batteries.

Table 3

Localization of correlations ( P < 0.0001) between regional gray matter and

g conjuncted for block design and vocabulary (Fig. 4)

Brain regiona x, y, z coordinates Cluster size

Left frontal

BA 46 !42, 47, 13 1787

BA 10 !39, 38, 17

BA 47 !50, 33, !6 546

BA 47 !49, 45, !7

BA 10 !52, 39, !2

BA 11 !36, 36, !12 105

BA 11 !39, 45, !12 31

Right frontal

BA 10 37, 56, !6 3774

BA 10 38, 51, 4

BA 10 25, 63, 10

BA 8 28, 45, 43 15

Total voxels frontal lobes 6258

Left parietal

BA 19 !14, !84, 30 73

BA 7 !27, !60, 56 167

BA 7 !32, !56, 60

BA 40 !53, !44, 41 27

Right parietal

BA 40 57, !34, 40 30

Total voxels parietal lobes 297

Left temporal

BA 20 !66, !11, !24 36

BA 21 !62, 1, !24 60

BA 37 !66, !54, !9 19

BA 41 !38, !39, 13 12

Right temporal

BA 13 48, !42, 24 501

Total voxels temporal lobes 628

Left occipital

BA 18 !32, !85, !5 758

BA 19 !46, !82, !5

BA 18 !38, !81, !9

Right occipital

BA 17 21, !95, !1 167

BA 18 20, !95, 7

BA 19 15, !83, 37 247

BA 19 23, !84, 34

Total voxels occipital lobes 1172

Left sub-lobar

Caudate !13, 5, 11 953

Thalamus !15, !11, 15

Caudate !14, !2, 15

Lentiform nucleus !31, !7, 7 1962

Insula !38, !4, !4

Claustrum !33, 2, 9

Right sub-lobar

Caudate 13, 25, 13 58

Total voxels sub-lobar 2973

Left limbic lobe

BA 24 !16, !14, 40 81

Total voxels limbic lobe 81

a Brain regions (approximate Brodmann areas, BAs) are estimated from

Talairach and Tournoux atlas (Talairach and Tournoux, 1988). Coordinates

refer to maximum voxel of identified clusters. Cluster size is number of

voxels with a significant correlation to the WAIS subtests (a blank size

indicates a subcluster of the preceding major cluster).
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Our strategy was based on the relative ordering of the WAIS
subtests from low to high, first, and then the selection of the most
g-loaded subtests.

Finally, Table 2 shows a relatively consistent pattern of brain
areas across lobes for all the subtests except arithmetic and block
design. We have no explanation for the arithmetic result showing

fewer than expected clusters given its moderate g-loading,
although we note that this subtest loads more on working memory
than on either verbal or non-verbal factors. Block design has the

highest g-loading; however, the brain areas where gray matter is
associated with performance are distributed more evenly through-
out the brain without a focus in the frontal lobe. Block design

shows fewer than half the voxels correlated to gray matter than
vocabulary. These differences may reflect subtest demands rather
than characteristics of g, which may better be reflected by the
conjunction shown in Table 3 and Fig. 4.

In conclusion, we found that g is related to gray matter volume
in a number of specific areas distributed throughout the brain,
consistent with other studies using global measures of intelligence

rather than g (Haier et al., 1988, 2003, 2005, 2004; Gray et al.,
2003; Frangou et al., 2004). These areas represent a number of
higher cognitive functions including language, memory, and

attention and suggest that theories about the neural basis of
intelligence should include consideration of how salient brain
structures relate to each other, as well as to individual differences
in test scores.
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