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Abstract

It is unclear whether brain mechanisms underlying human intelligence are distributed throughout the brain or mainly
concentrated in the frontal lobes. Data are inconsistent possibly due, at least in part, to the different ways the construct of
intelligence is measured. Here we apply the method of correlated vectors to determine how the general factor of intelligence (g) is
related to regional gray matter and white matter volumes. This is a re-analysis of an earlier study showing regional gray matter and
white matter volume is correlated to Full Scale IQ (FSIQ). However, it is well-known that FSIQ taps several cognitive abilities and
skills in addition to g. The results now show that the g factor accounts for several but not all FSIQ/gray matter correlations
distributed throughout the brain and these areas may differ for young and older adults.
© 2006 Elsevier Inc. All rights reserved.
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Diverse neuroimaging techniques have identified
numerous brain areas where there is a relationship
between brain function or volume and psychometric
measures of intelligence (Duncan et al., 2000; Frangou,
Chitins, & Williams, 2004; Gignac, Vernon, & Wickett,
2003; Gong et al., 2005; Gray, Chabris, & Braver, 2003;
Haier, 1993; Haier et al., 2003; Haier, Jung, Yeo, Head, &
Alkire, 2004; Haier, Jung, Yeo, Head, & Alkire, 2005;
Haieretal.,1988;Haier,Siegel,Tang,Abel, &Buchsbaum,
1992; Haier, White, & Alkire, 2003; Isaacs et al., 2004;
Jung et al., 1999a, 2005; Lee et al., 2006; Prabhakaran,
Smith, Desmond, Glover, & Gabrieliet, 1997; Risberg &
Ingvar, 1973; Thompson et al., 2001; Vernon, Wickett,

Gordon Bazana, & Stelmack, 2000;Wilke, Sohn, Bryars,
& Holland, 2003). Although there are inconsistencies,
most imaging studies show areas related to intelligence
measures are distributed throughout the brain (see review
by Jung and Haier, submitted for publication). There are
differences of interpretation with respect to how much
frontal areas may be involved. Some of the differences
may derive from the wide range of cognitive tasks used
during functional imaging studies. Structural imaging
studies have the advantage of being task independent
(Haier et al., 2004; Toga & Thompson, 2005). Other
differences may result from age and sex differences
(Haier et al., 2004, 2005).

It is also reasonable to assume that these different
views derive, at least in part, from the way the construct
of intelligence is measured. Here we apply a powerful
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analytic approach proposed by Jensen (1998), namely,
the method of correlated vectors (MCV). This method
tests whether the general factor underlying all cognitive
measures (g) extracted from a battery of several diverse
tests, is related to some variable X (external to the
battery) such as regional brain volumes or cortical acti-
vation. The answer to this question is derived from the
computation of the correlation between the elements in
the column vector of the various tests' g loadings and
the elements in the column vector of the tests' corre-
lations with X. If there is a significant correlation, then
X should be considered related to g.

The MCV relies on the fact that there is a theoret-
ically informative distinction between intelligence in
general (e.g. FSIQ) and general intelligence (g). The
later was first described by Spearman (1904) and should
be conceived as a “distillate of the common source of
individual differences in all mental tests, completely
stripped of their distinctive features of information con-
tent, skill, strategy, and the like” (Jensen, 1998, p. 74,
emphasis added). It is widely accepted that the g factor
is the core of intelligence: “g … is likely to be present, in
some degree, in nearly all measures of cognitive ability.
Furthermore, it is an important factor, because on av-
erage over many studies of cognitive ability tests it is
found to constitute more than half of the total common
factor variance in a test” (Carroll, 1997, p. 31).

While the scientific construct of general intelligence
(g) rests on the correlations among test scores, intel-
ligence in general rests on the summation of standard-
ized mental test scores. However, the simple sum of
various test scores cannot be considered the optimal
measure of general intelligence (g), but rather a measure
of intelligence in general. Intelligence in general means
g plus several more specific cognitive abilities and
skills. Typical IQ scores comprise a complex mixture of
those abilities and skills (Colom, Abad, Garcia, & Juan-
Espinosa, 2002). Although IQ scores have high g-factor
loadings, IQ scores only approximate g. FSIQ and g
factor scores are highly related. However, g factor scores
are not a pure measure of the g factor of the test battery
from which it was extracted. An individual's g factor
score is calculated as a g-weighted mean of the individ-
ual's standardized scores on each of the subtests. There-
fore, it is contaminated by other factors (and/or test
specificity, see Jensen, 1998). It must be noted that in the
analyses presented in this paper we are not treating g as a
g-factor score, but as a vector.

Therefore, it is important to realize that the g factor is
a theoretical construct that can be represented by several
vehicles (psychometric tests or biological indices are
some examples) yielding some measurements. The dis-

tinction between constructs, vehicles, and measure-
ments, is especially important, given that the correlation
between a given intelligence test and some variable X
may or may not be attributed to the g component of that
test (Jensen, 1998).

Although some neuroimaging studies have specifi-
cally tried to assess g (Duncan et al., 2000) most studies
use single or quite general indices of intelligence in
general derived from tests like the Raven Progressive
Matrices Test or Full Scale IQ scores obtained from the
Wechsler Intelligence Scales. To use the MCV, different
g loaded tests (like the Wechsler subtests) must be used
in the same study. Therefore, only neuroimaging studies
that use multiple tests can be re-analyzed with the MCV.
For example, Jensen (1998) reanalyzed the data col-
lected by Haier et al. (1992). Their study measured the
total brain’s glucose metabolic rate after participants had
taken the WAIS-R. They reported inverse correlations
suggesting high psychometric intelligence scores were
associated with low cerebral glucose use. Jensen (1998)
applied the MCV and glucose metabolic rate was cor-
related with scores on each of the WAIS-R's subtests
and the column vector defined by these correlations was
correlated ! .79 with the vector of the subtests' g load-
ings. The finding demonstrated that g is specifically
related to glucose metabolic rate: the higher the g
loading of the test, the greater its negative correlation
with glucose metabolic rate, consistent with the authors’
interpretation of intelligence related to brain efficiency
(Haier et al., 1988).

In another example, the MCV was used with ele-
mentary cognitive tasks (ECTs). Nettelbeck and Rabbitt
(1992) defined a g vector from the WAIS's subtests and
created a second vector by correlating a composite
measure of processing speed with each of the WAIS
subtests. The Pearson correlation between both vectors
was .95 (Spearman rank-order correlation= .72, pb .01).
Therefore, it was concluded that g underlies the cor-
relation between intelligence and processing speed.

As noted, structural brain imaging has the advantage
of being task independent. Voxel-Based Morphometry
(VBM), a recent methodological advance, uses algo-
rithms to segment gray matter and white matter from
structural MRIs (Ashburner & Friston, 2000, 2001;
Good et al., 2001, 2002). This methodology is espe-
cially suited to find out regional brain variations in gray
matter and white matter that show significant correla-
tions with individual differences in intelligence. VBM
has been applied in several recent studies. Haier et al.
(2004) first used VBM in adults, identifying several
brain areas distributed throughout the brain that cor-
related with individual differences in FSIQ. Specifically,
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more gray matter was associated with higher IQ in
frontal Brodmann areas (10, 46, 9), temporal (BA 21,
37, 22, 42), parietal (BA 43 and 3), and occipital (BA
19), and near BA 39 for white matter. A different pattern
was found in males and females (Haier et al., 2005).

Wilke et al. (2003) measured intelligence in children and
structural brain variation was analyzed by VBM. Struc-
tural variation in the anterior cingulate (BA 32) cor-
related with individual differences in FSIQ. Frangou et
al. (2004) measured intelligence and structural brain
variation in adults, but they found frontal BAs 9, 10, 11,
and 47, parietal BAs 5, 7, and 31, as well as the anterior
cingulate (BA 32) correlating with individual differ-
ences in FSIQ. Gong et al. (2005) investigated the
relationship between gray matter and fluid intelligence
(Gf) as measured by the Culture Fair Intelligence Test,
as well as between gray matter and crystallized intel-
ligence (Gc) as measured by the Wechsler Verbal IQ.
Their results revealed positive correlations of gray mat-
ter volumes in frontal areas with fluid intelligence but
not with crystallized intelligence.

Here we move beyond the consideration of specific
or composite measures of intelligence, like the Culture
Fair Intelligence Test or FSIQ, and focus on g. We do so

Table 1
g loadings on eachWAIS subtest (i.e. the g vector) and the correlations
between the amount of gray matter within a particular cluster and the
WAIS subtests (i.e. the cluster vector)

Inf. Dig.
Span

Voc. Arith Sim. Pic
comp.

Block Dig.
symbol

g vector .668 .722 .724 .668 .645 .593 .897 .235
Cluster

vector
.522 .677 .608 .519 .455 .432 .659 .108

The cluster chosen for this illustration is from Table 2 (Cluster
coordinates 30, 46, !22). The subtests are: information, digit span,
vocabulary, arithmetic, similarities, picture completion, block design,
and digit symbol substitution.

Table 2
Correlations between amount of gray matter in specific clusters and WAIS subtests (UNM Sample n=23)

Cluster coordinates*
(Brodmann Areas)

WAIS subtests

INF DIGIT VOC ARIT SIM PICT BLOC SYMB

!41!52 !9 (BA 37) .464 .640 .501 .664 .230 .588 .749 ! .099
!7 60 25 (BA 10) .476 .612 .481 .628 .304 .660 .761 .119
0 17 62 (BA 6) .546 .574 .377 .650 .417 .524 .644 .216
44 !36 !30 (BA 36) .427 .585 .482 .691 .321 .433 .698 .157
14 30 7 (BA 32) .464 .639 .580 .678 .444 .699 .752 .050
31 13 !20 (BA 47) .739 .618 .671 .630 .538 .404 .759 .084
!30 !58 34 (BA 39) .414 .689 .446 .813 .553 .717 .684 ! .078
!17 38 16 (BA 32) .513 .530 .645 .648 .439 .556 .789 .109
!40 58 7 (BA 10) .652 .593 .610 .531 .411 .652 .728 ! .125
30 46 !22 (BA 11) .522 .677 .608 .519 .455 .432 .659 .108
!43 3 !4 (BA 13) .583 .630 .683 .635 .325 .361 .790 .013
!61!65 !9 (BA 19) .547 .274 .345 .517 .257 .422 .518 .142
!8 !16 30 (BA 23) .497 .594 .582 .739 .400 .671 .794 ! .076
13 51 4 (BA 10) .472 .510 .557 .598 .364 .627 .782 .042
!51!47 1 (BA 22) .462 .331 .475 .602 .351 .560 .576 .061
!29 24 !19 (BA 47) .588 .471 .620 .607 .306 .424 .695 ! .052
!60 !11 !28 (BA 20) .255 .649 .291 .594 .206 .501 .716 .264
54 21 24 (BA 9) .437 .502 .556 .634 .321 .332 .611 .209
!48 41 20 (BA 46) .661 .492 .518 .655 .373 .652 .673 ! .202
!42 24 49 (BA 8) .430 .567 .434 .526 .212 .528 .515 .231
38 30 49 (BA 8) .383 .678 .530 .487 .358 .647 .512 .179
!12 32 !11 (BA 10) .414 .602 .571 .566 .347 .769 .803 .009
42 40 18 (BA 10) .701 .615 .617 .707 .547 .604 .745 ! .152
41 21 34 (BA 9) .495 .709 .572 .591 .391 .513 .640 ! .002
34 !45 0 (BA 19) .282 .637 .350 .639 .213 .403 .636 .031
!14 14 44 (BA 32) .508 .611 .461 .655 .433 .618 .556 .003
!54 21 3 (BA 47) .572 .413 .467 .565 .151 .353 .668 .061
!36 13 !20 (BA 38) .547 .649 .539 .568 .526 .404 .515 .115

*Cluster x, y, and z coordinates are in Talairach space and refers to maximum voxel value within a clusters identified previously (see Table 2 in Haier
et al., 2004, page 429). Each row is a cluster vector. The subtests are: information, digit span, vocabulary, arithmetic, similarities, picture completion,
block design, and digit symbol substitution.
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through the application of the analytic approach proposed
by Jensen (1998), namely, the method of correlated vec-
tors (MCV). Specifically, we apply theMCV to the recent
data of Haier et al. (2004) to determine which brain areas
with gray or white matter volume correlations with FSIQ
can be related to the g factor.

1. Method

1.1. Subjects

The same two samples analyzed previously (Haier et
al., 2004) were considered in the present study. The first
sample consisted of 23 normal volunteers (14 women
and 9 men; mean age=27, SD=5.9, range=18–37)
recruited from the University of New Mexico (UNM).
The second sample consisted of 25 normal volunteers
(13 men and 12 women, mean age=59, SD=15.9, range
37–84; one additional subject was added to the 2004

sample) recruited at the University of California, Irvine
(UCI), as middle-aged and older normal controls for an
imaging study of dementia in Down syndrome and
Alzheimer's disease (Haier et al., 2003).

1.2. Measures and procedures

FSIQ was measured by the Wechsler Adult Intelli-
gence Scale (WAIS). The WAIS-R was administered to
the UCI sample, whereas the WAIS-III was adminis-
tered to the UNM sample. For the UNM sample, mean
FSIQ (based on 8 subtests) was 116 (SD=14.7; range 90
to 155), whereas for the UCI sample, mean FSIQ (based
on 11 subtests) was 116 (SD=14.2; range 90 to 142).
For these new analyses, we used only the 8 subtests in
common for both samples: information, digit span, vo-
cabulary, arithmetic, similarities, picture completion,
block design, and digit symbol substitution.

UNM sample MRIs were obtained with a 1.5-T scan-
ner, head coil, and software (Signa 5.4; General Electric
Medical Systems, Waukesha, WI). A T1 sagital localizer
sequence (TE=6.9 ms, TR=200 ms, FOV=24!24 cm2,
five slices, thickness=5 mm, spacing=2.5 mm, ma-
trix=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, ma-
trix=256!192, 120 slices, thickness=1.5 mm) to give
full brain coverage. UCI sampleMRIs 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.

Haier et al. (2004) applied Voxel-Based Morpho-
metry (VBM) to identify brain regions where gray mat-
ter and white matter volumes were correlated to FSIQ
(treating any effects of age, sex, and handedness as
nuisance variables) to test whether any such areas are
clustered in frontal lobes or distributed throughout the
brain. They used Statistical Parametric Mapping soft-
ware (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 using the
methods of Ashburner and Friston (2000) and Good et
al. (2001). Because the two samples were tested with
different MRI scanners, separate analyses were reported
for each sample and statistical conjunction analyses
(Price & Friston, 1997) were used to find correlations
common to both samples. More specific details can be
found in Haier et al. (2004).

Table 3
Pearson and Spearman correlations between the g vector and the
cluster vectors shown in Table 2

Coordinates (Brodmann areas) Cluster size Pearson Spearman

!41!52 !9 (BA 37) .868** .619
!7 60 25 (BA 10) .810* .476
0 17 62 (BA 6) .778* .452
44 !36 !30
(fusiform gyrus, BA 36)

10,187 .832* .738*

14 30 7 (BA 32) .871** .476
31 13 !20 (BA 47) 962 .934** .881**
!30 !58 34 (BA 39) .777* .095
!17 38 16 (BA 32) .941** .667
!40 58 7 (BA 10) .910** .571
30 46 !22 (BA 11) 121 .954** .929**
!43 3 !4 (BA 13) 1,517 .931** .905**
!61 !65 !9 (BA 19) .651 .500
!8 !16 30 (BA 23) .890** .524
13 51 4 (BA 10) .897** .500
!51 !47 1 (BA 22) .774* .357
!29 24 !19 (BA 47) 625 .917** .881**
!60 !11 !28 (BA 20) .533 .524
54 21 24 (BA 9) 272 .807* .738*
!48 41 20 (BA 46) .854** .571
!42 24 49 (BA 8) .614 .286
38 30 49 (BA 8) .654 .476
!12 32 !11 (BA 10) .825* .595
42 40 18 (BA 10) 33 .920** .762*
41 21 34 (BA 9) 94 .910** .738*
34 !45 0 (BA 19) .767* .476
!14 14 44 (BA 32) .806* .190
!54 21 3 (BA 47) 35 .802* .786*
!36 13 !20 (BA 38) .854** .476

* pb .05; ** pb .01.
Cluster size (number of voxels) is shown only for areas where both
correlations are significant (UNM Sample n=23).
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1.3. Method of Correlated Vectors (MCV)

First, a g vector is obtained from the hierarchical
factor analysis (Schmid–Leiman transformation) of the
WAIS subtest intra-correlation matrix (using scaled
scores) for the combined samples (N=48). The g vector
is comprised of the factor loadings on the general factor
for each subtest and this vector is shown in Table 1.
Because these factor loadings are constant, the g vector
is the same for each analysis. The Schmid-Leiman trans-
formation is the best exploratory factor analytic method to
obtain the purest g (Jensen, 1998). Given the small sample
size, we checked if the obtained g factor could be com-
pared with the hierarchical g factor obtained after the
analysis of the standardization sample (Wechsler, 1981).
The result indicated that the congruence coefficient bet-
ween both g vectors was almost perfect (+0.97).

Second, gray and white matter volumes within the
clusters identified by Haier et al. (2004) were correlated
with the intelligence subtests. This was done separately
for the UNM and UCI samples (see their Tables 2 and
3). For each cluster, there are 8 correlations, one with
each subtest, and these 8 correlations define a cluster
vector for that cluster. Therefore, there are as many
vectors as clusters.

Third, the g vector is correlated with each cluster
vector. This correlation is calculated both as a Spearman
rank order (Rho) and as a Pearson product-moment cor-
relation. According to Jensen (1998), statistical signi-
ficance for both is desired to conclude there is a
relationship between g and the external factor, in this
case the brain volume within a cluster. As required, each
correlation is corrected for attenuation by dividing it by
the square root of the subtests' reliability as found in the
WAIS manual (Wechsler, 1981).

Table 1 shows that the eight WAIS subtests de-
monstrate clearly distinguishable loadings on the g vec-
tor. Block design is the most g-loaded subtests (.897),
whereas Digit Symbol is the less g-loaded test (.235).
The implication is that the subtests do not measure the g
factor of intelligence to the same degree. The MCV tests
if this variation on the g loading correlates with the var-
iation on the correlations between the WAIS subtests and
the volume within a particular cluster identified pre-
viously in the study of Haier et al. If g is the main factor
accounting for the correlation of FSIQ (obtained after the
simple sum of the eight subtests) with the volume of a
given cluster, then the higher the g loading of a test, the
larger its correlation with the amount of graymatter in this
particular cluster.

1 2 3 4 5 6 7 8

Rank Order g loadings

1

2

3

4

5

6

7

8

R
an

k-
O

rd
er

 r
 W

A
IS

 a
nd

 c
lu

st
er

 s
iz

e

Digit Symbol

Picture Completion

Similarities

Arithmetic

Information

Vocabulary

Block Design

Digit Span

Fig. 1. Scatter-Plot based on the method of correlated vectors showing the Spearman Rank-Order Correlation between the g vector (rank ordered g
loadings) and one particular cluster vector (rank ordered correlation between WAIS subtests and amount of gray matter within the cluster).
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For the particular example shown in Table 1, the
Pearson correlation between the g vector (first row of
Table 1; this vector is constant for all analyses) and a
cluster vector chosen for this illustration (second row of
Table 1) is .95 (pb .01; Spearman Rho= .92, pb .01).
Therefore, g is the main factor accounting for the cor-
relation of FSIQ with the volume of gray matter in this
particular cluster. Fig. 1 depicts the scatter-plot repre-
senting the .92 Spearman Rank-Order Correlation bet-
ween the g vector and the vector of correlations between
the amount of gray matter in the considered cluster and
the WAIS subtests (cluster vector).

Fig. 1 helps to understand what the MCV shows,
namely, the higher the g loading of the subtest, the larger
its correlation with the amount of gray matter within a
particular cluster, and the lower the g loading of the
subtest, the smaller its correlation with the amount of
gray matter. We calculated these correlations for each
cluster where the previous analyses showed a signifi-

cant correlation between FSIQ and gray or white matter.
MCV analyses were computed separately for the UNM
(young adult) and UCI (older adult) samples. There were
not enough subjects for separate male and female
analyses within a sample. Anatomical localizations are
shown on a standard template as best estimates of Brod-
mann locations based on the Talairach Atlas (Talairach &
Tournoux, 1988).

2. Results

2.1. UNM sample — young adults

Table 2 shows the correlations between gray matter
clusters (Haier et al., 2004, Table 2, p. 429) and WAIS
subtests for the UMN sample. Table 3 shows the Pear-
son and Spearman Correlations between the g vector
(from Table 1) and the correlations shown in Table 2
(cluster vectors).

Fig. 2. Left hemisphere (top row) and right hemisphere (middle row) lateral views for each sample reported by Haier et al. (2004, Fig. 2, p. 428).
Colored areas show the original findings where FSIQ was correlated to amount of gray matter. Based on the method of correlated vectors, the green
circles highlight clusters showing where the general factor of intelligence (g) accounts for a significant portion of the original FSIQ/gray matter
correlation. Anatomical localizations are shown on a standard template as best estimates of Brodmann locations based on the Talairach Atlas.
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The results indicate that seven out of nine clusters
showing significant correlations with g belong to the
frontal lobe: BA 47 (orbital), 9 (granular frontal), 10
(frontopolar), and 11 (prefrontal). The remaining two
clusters revealing significant correlations with the g
vector belong to BAs 13 (sub-lobar insula) and 36
(temporal lobe) (Fig. 2, left panel).

The MCV analyses considering the amount of re-
gional white matter do not show any statistically sig-
nificant correlation.

2.2. UCI sample — older adults

Table 4 shows the correlations between gray matter
clusters (Haier et al., 2004, Table 3, p. 430) and WAIS
subtests for the UCI sample. Table 5 shows the Pearson
and Spearman correlations between the g vector and the
correlations shown in Table 4.

The results indicate that there are two areas with
significant correlations (both Pearson and Spearman).
The first one corresponds to one gray matter cluster

belonging to the frontal lobe (BA 46, middle frontal),
whereas the other corresponds to BA 18 (left lingual
gyrus) located on the occipital lobe (Fig. 2, right panel).
Like the results observed in the UNM sample, the vector
analyses considering white matter do not show any
statistically significant correlations.

2.3. Distribution across brain lobes

Table 6 shows a comparison between the UNM and
UCI samples for the distribution across brain lobes of
the clusters of voxels with significant correlations bet-
ween gray matter vectors and the g vector, along with
the total number of voxels in these clusters. These data
are summarized from Tables 3 and 5.

The UNM sample shows the most clusters where the
FSIQ/gray matter clusters and g are correlated in the
frontal lobes (seven out of nine). However, the highest
number of voxels where the FSIQ/gray matter clusters
and g are correlated is in the temporal lobe (BA 36). The
UCI sample shows one cluster in the frontal lobe and the

Table 4
Correlations between amount of gray matter in specific clusters and WAIS subtests (UCI Sample n=25)

Clusters' coordinates*
(Brodmann Areas)

WAIS subtests

INF DIG VOC ARIT SIM PICT BLO SYM

!55 30 1 (BA 45) .551 .767 .577 .405 .328 .576 .698 .446
!64 !45 !3 (BA 21) .736 .699 .725 .354 .526 .491 .693 .510
37 23 34 (BA 9) .405 .779 .552 .239 .227 .541 .703 .543
2 66 6 (BA 10) .430 .786 .481 .423 .273 .496 .658 .494
60 !7 41 (BA 6) .524 .712 .597 .261 .426 .532 .711 .442
!11!77 1 (lingual gyrus, BA18) .641 .701 .645 .513 .459 .568 .671 .224
9 !61 64 (BA 7) .461 .578 .481 .454 .362 .630 .509 .330
36 34 6 (BA 46) .513 .572 .697 .434 .523 .428 .648 .108
!32 !76 !22 (cerebellum) .369 .757 .486 .436 .173 .521 .764 .277
!55 !59 39 (B4 40) .420 .768 .523 .226 .256 .463 .579 .614
51 !43 50 (BA 40) .341 .697 .446 .149 .205 .586 .629 .625
!9 !53 70 (BA 7) .460 .585 .400 .514 .344 .610 .478 .189
4 58 28 (BA 9) .453 .707 .416 .495 .269 .431 .511 .271
!52 16 25 (BA 9) .465 .608 .454 .283 .161 .459 .582 .428
!69 !10 !17 (BA 21) .498 .726 .495 .378 .527 .553 .628 .135
!36 51 23 (BA 10) .408 .718 .390 .346 .094 .629 .588 .552
!63 !55 22 (BA 22) .531 .695 .503 .217 .316 .466 .575 .727
4 16 !26 (BA 11) .600 .740 .565 .613 .397 .323 .489 .215
41 59 !10 (BA 10) .403 .777 .491 .330 .215 .477 .621 .568
54 !58 !10 (BA 37) .689 .700 .618 .375 .470 .412 .514 .411
!18 !67 58 (BA 7) .510 .684 .498 .624 .319 .411 .530 .362
73 !32 !14 (BA 21) .756 .528 .454 .571 .492 .442 .306 .334
!34 38 41 (BA 8) .397 .654 .405 .190 .216 .659 .586 .451
62 !49 7 (BA 21) .534 .773 .481 .170 .268 .376 .491 .787
48 8 47 (BA 6) .448 .585 .474 .229 .320 .616 .583 .318
26 23 51 (BA 8) .546 .379 .445 .263 .345 .687 .401 .092

*Cluster x, y, and z coordinates are in Talairach space and refers to maximum voxel value within clusters identified previously (see Table 3 in Haier et
al., 2004, page 430). Each row is a cluster vector. The subtests are: information, digit span, vocabulary, arithmetic, similarities, picture completion,
block design, and digit symbol substitution.
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other in the occipital lobe. However, once again the
most voxels where the FSIQ/gray matter clusters and g
are correlated in BA 18 (lingual gyrus).

3. Discussion

Previously (Haier et al., 2004), we reported that FSIQ
correlates with gray and white matter volumes in many
diverse areas throughout brain. The results of the present
analyses show that the g factor accounts for these corre-

lations in several areas. These include: frontal Brodmann
areas (BAs) 47, 9, 10, 11, and 46; temporal BA 36
(fusiform gyrus), occipital BA 18 (lingual gyrus), and BA
13 (sub-lobar insula). Whereas most of these g-related
clusters are in the frontal lobe, the largest ones are not.

As summarized in Table 6, for both samples combined
there were eleven clusters where the correlations between
FSIQ and regional gray matter were accounted for mostly
by the g factor. Eight of these eleven clusters were in the
frontal lobes (7 of 9 in the UNM young adults and 1 of 2
in the older UCI adults), but 70.3% of the total significant
voxels for the UNM sample were in the temporal lobe,
whereas in the UCI sample 93.5% of these significant
voxels were in the occipital lobe. Thus, it appears that the
brain structure related to g may be substantially different
for young and older adults.

Structural differences between both samples were
noted in the original report. The distribution of brain
areas correlating with FSIQ was clearly distinguishable
for the UNM and UCI samples (Haier et al., 2004, Table
4, p. 431). Given that the MCV can only be applied to
these areas previously identified, g in this study must
account for different regional brain volume/FSIQ cor-
relations for both samples.

The present results find many fewer areas related to g
than for FSIQ in the original report of Haier et al. (2004)
and the distribution of areas is also substantially different.
It should be noted that the original report was based on
using VBM to assess the whole brain and found 53
clusters where gray matter was significantly related to
FSIQ, a composite measure based on several cognitive
functions and an imperfect estimate of g (Colom et al.,
2002). The present MCV study, based on the differences
in g-loadings of the WAIS subtests, started with those 53
clusters and found that only 11 were related largely to g.

Nevertheless, given the small number of subtests it is
possible to suggest, for the purpose of hypothesis gene-
ration, that there are more brain areas germane to the g
factor. Tables 3 and 5 show relatively high correlations
between the g vector and the considered cluster vectors,
in addition to those already discussed. For the UNM

Table 6
Number and size of voxel clusters with significant correlations between the g and cluster vectors for each brain lobe in the UNM and UCI samples

Frontal Temporal Occipital Parietal Insula Total

UNM, No. of clusters 7 1 1 9
UNM, total voxels 2,142 10,187 1,517 13,846
Percentage of total 16% 73% 11%
UCI, No. of clusters 1 1 2
UCI, total voxels 296 4,378 4,674
Percentage of total 6.5% 93.5%

Table 5
Pearson and Spearman correlations between the g vector and the
cluster vectors shown in Table 4

Coordinates (Brodmann Areas) Cluster
size

Pearson Spearman

!55 30 1 (BA 45) .487 .667
!64 !45 !3 (BA 21) .437 .619
37 23 34 (BA 9) .187 .548
2 66 6 (BA 10) .294 .310
60 !7 41 (BA 6) .474 .643
!11 !77 1 (lingual gyrus, BA 18) 4,378 .893** .857**
9 !61 64 (BA 7) .513 .429
36 34 6 (BA 46) 296 .930** .905**
!32 !76 !22 (Cerebellum) .619 .643
!55 !59 39 (B4 40) ! .044 .214
51 !43 50 (BA 40) ! .087 .262
!9 !53 70 (BA 7) .634 .190
4 58 28 (BA 9) .586 .595
!52 16 25 (BA 9) .262 .571
!69 !10 !17 (BA 21) .831* .452
!36 51 23 (BA 10) ! .014 .119
!63 !55 22 (BA 22) ! .274 .119
4 16 !26 (BA 11) .669 .595
41 59 !10 (BA 10) .080 .405
54 !58 !10 (BA 37) .416 .643
!18 !67 58 (BA 7) .520 .619
73 !32 !14 (BA 21) .150 .024
!34 38 41 (BA 8) .119 .048
62 !49 7 (BA 21) ! .350 .048
48 8 47 (BA 6) .453 .333
26 23 51 (BA 8) .485 .310

* pb .05; ** pb .01.
Cluster size (number of voxels) is shown only for areas where both
correlations are significant (UCI Sample n=25).
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sample, reasonable candidates are areas belonging to
frontal BAs 32, 6, and 8, parietal BA 23, temporal BAs
37 and 28, and occipital BA 19. For the UCI sample,
candidate areas are frontal BAs 6, 9, 11, and 45, parietal
BA 7, and temporal BAs 21 and 37. Therefore, neuro-
anatomic areas underlying the g factor can be found, for
both samples, across the entire brain, including the fron-
tal, parietal, temporal, and occipital lobes. Also consistent
with the distributed nature of g across the brain, Lee et al.
(2006) recently used the MCV on fMRI data and found
frontal and parietal areas associated with g.

Elsewhere we have used a different approach ap-
plying VBM to individual subtests of the WAIS (Colom,
Jung, & Haier, in press). First, individual differences in
the amount of regional gray matter volumes across the
entire brain were correlated with eight WAIS subtests
showing largely distinguishable g loadings. Results
showed that increasing g-loadings of individual tests
was associated with an increased recruitment of gray
matter areas throughout the brain correlating with indi-
vidual differences in cognitive performance. Second, the
quantitative conjunction of two highly g-loaded mea-
sures of verbal and non-verbal intelligence correlated
with the amount of regional gray matter across frontal,
parietal, temporal, and occipital lobes, suggesting that
the general factor of intelligence (g) relates to areas
distributed across the brain, as opposed to the view that
g derives almost exclusively from the frontal lobes.

The PET study reported by Duncan et al. (2000)
employed an approach that could be roughly compared
with the MCV applied in the current study. Those re-
searchers classified several spatial and verbal intelligence
items according to their g loadings. They concluded that
the only brain areas activated in common for the high g
verbal and high g spatial items were exclusively in the
frontal lobes. However, their spatial items had the highest
g-loadings and they alone activated areas across the
brain: frontal (BAs 6, 8, 45, 46, and 47), parietal (BAs 7,
19, 40), and occipital cortices (BAs 18, 19). Thus, their
high g results can be interpreted as consistent with the
ones presented here.

The original analyses of Haier et al. (2004) reported a
number of clusters where regional white matter volumes
were correlated to FSIQ. Here we reported that none of
those clusters were related to the g factor, although
several other studies indicate an important role for white
matter (Gignac et al., 2003; Jung et al., 1999a,b, 2005).
At this stage of imaging research, inconsistencies across
studies and methods may well be the result of relatively
small samples. Until studies with much larger samples
(greater than 100) are available for multivariate
analyses, especially with subgroups defined by age

and sex, no definitive set of brain areas underlying g or
intelligence in general can be determined.

In conclusion, although FSIQ and g are closely re-
lated, the former is only a vehicle of the construct of
interest (g). The analyses reported here show that g
could result from biological mechanisms related to gray
matter in a small number of specific areas distributed
throughout the brain, consistent with other studies (Jung
& Haier, submitted for publication). The results of the
present study need replication with larger samples where
both VBM and the MCV become more stable; and
where age and sex also can be considered as
independent variables. The observed findings strongly
suggest that future research also should include multiple
measures of intelligence from which a g factor can be
extracted. This will allow the determination of brain
areas that underlie the general factor of intelligence (g)
as well as those related to broader indices of intelligence
in general, like FSIQ.

Acknowledgements

We thank Kevin Head for assistance with data
analyses. The UCI portion of this work was funded in
part by grant from NICHD to Dr. Haier (HD037427).
The UAM portion of this work was funded by grant
BSO-2002-01455 to Dr. Colom. The MIND portion of
this work was supported in part by a generous donation
from Carl and Ann Hawk (Sandia National Laborato-
ries, retired). The authors thank Arthur Jensen for
suggestions on an earlier version of the manuscript.

References

Ashburner, J., & Friston, K. J. (2000). Voxel-based morphometry —
The methods. NeuroImage, 11(6), 805!821.

Ashburner, J., & Friston, K. J. (2001). Why voxel-based morphometry
should be used. NeuroImage, 14(6), 1238!1243.

Carroll, J. B. (1997). Psychometrics, intelligence, and public perception.
Intelligence, 24(1), 25!52.

Colom, R., Abad, F. J., Garcia, L. F., & Juan-Espinosa, M. (2002).
Education, Wechsler's Full Scale IQ, and g. Intelligence, 30(5),
449!462.

Colom, R., Jung, R. E., Haier, R. J. (in press). Distributed Brain Sites
for the g-factor of Intelligence. NeuroImage.

Duncan, J., Seitz, R. J., Kolodny, J., Bor, D., Herzog, H., Ahmed, A.,
et al. (2000). A neural basis for general intelligence. Science, 289
(5478), 457!460.

Frangou, S., Chitins, X., & Williams, S. C. R. (2004). Mapping IQ and
gray matter density in healthy young people. NeuroImage, 23(3),
800!805.

Gignac, G., Vernon, P. A., & Wickett, J. C. (2003). Factors influencing
the relationship between brain size and intelligence. In H. Nyborg
(Ed.), The Scientific Study of General Intelligence. Amsterdam:
Pergamon.

569R. Colom et al. / Intelligence 34 (2006) 561–570



Good, C. D., Johnsrude, I. S., Ashburner, J., Henson, R. N. A., Friston,
K. J., & Frackowiak, R. S. J. (2001). A voxel-based morphometric
study of ageing in 465 normal adult human brains. NeuroImage, 14
(1), 21!36.

Good, C. D., Scahill, R. I., Fox, N. C., Ashburner, J., Friston, K. J.,
Chan, D., et al. (2002). Automatic differentiation of anatomical
patterns in the human brain: validation with studies of degenerative
dementias. NeuroImage, 17(1), 29!46.

Gong, Q. Y., Sluming, V., Mayes, A., Keller, S., Barrick, T., Cezayirli,
E., et al. (2005). Voxel-based morphometry and stereology provide
convergent evidence of the importance of medial prefrontal cortex
for fluid intelligence in healthy adults.NeuroImage, 25, 1175!1186.

Gray, J. R., Chabris, C. F., & Braver, T. S. (2003). Neural mechanisms
of general fluid intelligence. Nature Neuroscience, 6(3), 316!322.

Haier, R. J. (1993). Cerebral glucosemetabolism and intelligence. In P. A.
Vernon (Ed.), Biological approaches to the study of human
intelligence (pp. 317!331). Jersey: Ablex Publishing.

Haier, R. J., Alkire, M. T., White, N. S., Uncapher, M., Lott, I. T.,
Head, E., et al. (2003). Temporal cortex hyper-metabolism in
Down syndrome prior to the onset of dementia. Neurology, 61,
1673!1679.

Haier, R. J., Jung, R. E., Yeo, R. A., Head, K., & Alkire, M. T. (2004).
Structural brain variation and general intelligence. NeuroImage, 23
(1), 425!433.

Haier, R. J., Jung, R. E., Yeo, R. A., Head, K., & Alkire, M. T. (2005).
The neuroanatomy of general intelligence: sex matters. Neuro-
Image, 25(1), 320!327.

Haier, R. J., Siegel, B. V., Nuechterlein, K. H., Hazlett, E., Wu, J. C.,
Paek, J., et al. (1988). Cortical glucose metabolic-rate correlates of
abstract reasoning and attention studied with positron emission
tomography. Intelligence, 12(2), 199!217.

Haier, R. J., Siegel, B., Tang, C., Abel, L., & Buchsbaum, M. S. (1992).
Intelligence and changes in regional cerebral glucose metabolic-rate
following learning. Intelligence, 16(3–4), 415!426.

Haier, R. J., White, N. S., & Alkire, M. T. (1993). Individual
differences in general intelligence correlate with brain function
during non-reasoning tasks. Intelligence, 31(5), 429!441.

Isaacs, E. B., Edmonds, C. J., Chong, W. K., Lucas, A., Morley, R., &
Gadian, D. G. (2004). Brain morphometry and IQ measurements in
preterm children. Brain, 127, 2595!2607.

Jensen, A. R. (1998). The g factor: The science of mental ability.
Westport, Connecticut: Praeger.

Jung, R., & Haier, R. (submitted for publication). The parietal–frontal
integration theory of intelligence: Converging evidence from
neuroimaging. Behavioural and Brain Sciences.

Jung, R. E., Brooks, W. M., Yeo, R. A., Chiulli, S. J., Weers, D. C.,
& Sibbitt, W. L., Jr. (1999a). Biochemical markers of intelligence:

A proton spectoscop study of normal human brain. Proceedings
of the Royal Society of London. B, Biological Sciences, 266,
1375!1379.

Jung, R. E., Yeo, R. A., Chiulli, Sa . J., Sibbitt, W. L., Weers, D. C.,
Hart, B. L., et al. (1999b). Biochemical markers of cognition: A
proton MR spectroscopy study of normal human brain. Neurore-
port, 10(16), 3327!3331.

Jung, R. E., Haier, R. J., Yeo, R. A., Rowland, L. M., Petropoulos, H.,
Levine, A. S., et al. (2005). Sex differences in N-acetylaspartate
correlates of general intelligence: An 1H-MRS study of normal
human brain. NeuroImage, 26, 965!972.

Lee, K. H., Choi, Y. Y., Gray, J. R., Cho, S. H., Chae, J., Lee, S., et al.
(2006). Neural correlates of superior intelligence: Stronger
recruitment of posterior parietal cortex. NeuroImage, 29, 578!586.

Nettelbeck, T., & Rabbitt, P. M. A. (1992). Aging, cognitive
performance, and mental speed. Intelligence, 16, 189!205.

Prabhakaran, V., Smith, J. A. L., Desmond, J. E., Glover, G. H., &
Gabrieli, J. D. E. (1997). Neural substrates of fluid reasoning: An
fMRI study of neocortical activation during performance of the
Raven's Progressive Matrices Test. Cognitive Psychology, 31(1),
43!63.

Price, C. J., & Friston, K. J. (1997). Cognitive conjunction: A new
approach to brain activation experiments. NeuroImage, 5,
261!270.

Risberg, J., & Ingvar, D. H. (1973). Patterns of activation in the grey
matter of the dominant hemisphere during memorizing and
reasoning. Brain, 96, 737!756.

Spearman, Ch. (1904). General intelligence objectively determined
and measured. American Journal of Psychology, 15, 201!293.

Talairach, J., & Tournoux, P. (1988). Co-planar Stereotaxic Atlas of
the Human Brain: A 3-dimensional proportional system, an
approach to cerebral imaging. G. Thieme; Thieme Medical
Publishers: Stuttgart ; New York : New York.

Thompson, P. M., Cannon, T. D., Narr, K. L., van Erp, T., Poutanen,
V. P., Huttunen, M., et al. (2001). Genetic influences on brain
structure. Nature, 4(12), 1253!1258.

Toga, A. W., & Thompson, P. M. (2005). Genetics of brain structure
and intelligence. Annual Review of Neuroscience, 28, 1!23.

Vernon, P. A., Wickett, J. C., Gordon Bazana, P., & Stelmack, R. M.
(2000). The neuropsychology and psychophysiology of human
intelligence. In R. J. Sternberg (Ed.), Handbook of intelligence
(pp. 245!264). Cambridge: Cambridge University Press.

Wechsler, D. (1981). Wechsler Adult Intelligence Scale-Revised.
Psychological Corporation, San Antonio, TX.

Wilke, M., Sohn, J. H., Byars, A. W., & Holland, S. K. (2003). Bright
spots: Correlations of gray matter volume with IQ in a normal
pediatric population. NeuroImage, 20(1), 202!215.

570 R. Colom et al. / Intelligence 34 (2006) 561–570


