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Twin studies provide one approach for investigating
and partitioning genetic and environmental contribu-
tions to phenotypic variability in human brain struc-
ture. Previous twin studies have found that cerebral
volume, hemispheric volume, ventricular volume, and
cortical gyral pattern variability were heritable. We
investigated the contributions of genetic and environ-
mental factors to both global (brain volume and lateral
ventricular volume) and regional (parcellated gray
matter) variability in brain structure. We examined
MR images from 10 pairs of healthy monozygotic and
10 pairs of same-sex dizygotic twins. Regional gray
matter volume was estimated by automated image seg-
mentation, transformation to standard space, and par-
cellation using a digital atlas. Heritability was esti-
mated by path analysis. Estimated heritability for
brain volume variability was high (0.66; 95% confi-
dence interval 0.17, 1.0) but the major effects on lateral
ventricular volume variability were common and
unique environmental factors. We constructed a map
of regional brain heritability and found large genetic
effects shared in common between several bilateral
brain regions, particularly paralimbic structures and
temporal-parietal neocortex. We tested three specific
hypotheses with regard to the genetic control of brain
variability: (i) that the strength of the genetic effect is
related to gyral ontogenesis, (ii) that there is greater
genetic control of left than of right hemisphere vari-
ability, and (iii) that random or fluctuating asymmetry
in bilateral structures is not heritable. We found no
evidence in support of the first two hypotheses, but
our results were consistent with the third hypothesis.
Finally, we used principal component (PC) analysis of
the genetic correlation matrix, to identify systems of
anatomically distributed gray matter regions which
shared major genetic effects in common. Frontal and
parietal neocortical areas loaded positively on the
first PC; some paralimbic and limbic areas loaded neg-
atively. Bilateral insula, some frontal regions, and
temporal neocortical regions functionally specialized
for audition and language loaded strongly on the sec-
ond PC. We conclude that large samples are required
for powerful investigation of genetic effects in imag-
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ing data from twins. However, these preliminary re-
sults suggest that genetic effects on structure of the
human brain are regionally variable and predomi-
nantly symmetric in paralimbic structures and lateral
temporal cortex. o 2002 Elsevier Science (USA)

Key Words: brain anatomy; twins; genetic correla-
tion matrix; heritability; asymmetry; MRI; path analy-
sis; structural equation modeling.

INTRODUCTION

Brain structure varies between individuals in cere-
bral volume, ventricular volume, sulcal-gyral pat-
terns, and volumes of cortical and subcortical subre-
gions. What factors control this variability and how do
these factors interrelate? The sources of variability
may be broadly partitioned into genetic and environ-
mental contributions. While brain development is di-
rectly controlled by a large number of genes (Weickert
and Weinberger, 1998), it is also subject to a variety of
environmental influences (such as nutrition and the
intrauterine environment). The effects of environmen-
tal factors may also be modulated by interaction with
genes.

Twin studies provide a method to investigate genetic
and environmental contributions to phenotypic vari-
ability. Whereas monozygotic twins have identical ge-
notypes, dizygotic twins share only 50% of their geno-
type on average, permitting quantitative assessment of
the genetic contribution to the phenotype (subject to a
number of important assumptions detailed below). Pre-
vious twin studies have found that cerebral volume,
hemispheric volume (Bartley et al., 1997), and ventric-
ular volume (Reveley et al., 1982) were highly herita-
ble. Bartley et al. (1997) also found that cortical gyral
patterns were heritable, but to a lesser degree than
cerebral volume.

In this study we have extended this work by inves-
tigating (i) the interrelationship between the genetic
and the environmental contributions to brain volume
and lateral ventricular volume and (ii) the heritability
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of regional gray matter, after parcellation of cerebral
gray matter into cortical regions corresponding approx-
imately to Brodmann’'s areas and other major brain
regions. Lohmann et al. (1999) have argued that the
shape of deep (ontogenetically early) sulci of the hu-
man brain is more strongly predetermined than that of
superficial sulci. Here we have tested the related hy-
pothesis (iii) that regional heritability is correlated
with ontogenesis, such that the structures which de-
velop earliest are the most genetically controlled. We
have also investigated (iv) genetic effects on symmetric
and asymmetric brain development and finally (v) we
have used principal components analysis of the “genetic
correlation matrix” to identify supraregional brain
systems which share major genetic contributions to
heritability.

These investigations necessarily entailed using some
statistical concepts and tools which we will informally
introduce here; more detailed description is provided un-
der Subjects and Methods and in the cited references.

The key statistical technique is path analysis, also
often referred to as structural equation modeling. Path
analysis was originally developed by the biometrician
Sewall Wright, between 1918 and 1934 approximately,
and has been widely used for analysis of multivariate
data in social, political, and behavioral sciences follow-
ing the introduction of computer packages such as LIS-
REL in the 1970s (see Bollen (1989) for historical and
statistical background).

Path analysis starts from a set of correlations or
covariances empirically estimated between each pair of
a set of variables. If there are p variables, these pair-
wise correlations or covariances can be tabulated in a
symmetric (p X p) correlation or covariance matrix.
Simply looking at such a correlation matrix may tell us
something about the patterns of association between
variables: we may note for example that the correla-
tions r(a, B), r(B, v), and r(a, ) are all large and
positive, suggesting that the variables «, 8, and y are
elements of an integrated or connected system. How-
ever, because correlation coefficients are symmetric,
i.e., r(a, B) = r(B, a), correlational analysis alone can-
not inform us about causal or unidirectional relation-
ships between variables. Wright's contribution was to
define a set of rules that could be used to transform a
set of empirically estimated correlation coefficients
into a (generally smaller) set of so-called path coeffi-
cients that quantify the unidirectional relationships
between variables allowed by a prior path model. Path
analysis can therefore be approximately understood as
a way of converting correlation coefficients to partial
regression coefficients.*

' Equivalently, in the terminology of functional brain imaging,
path analysis has been used to translate measures of functional
connectivity to measures of effective connectivity between brain re-
gions in a neurocognitive network; see Bullmore et al. (2000).
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FIG. 1. Path diagram for univariate ACE model. A, C, and E are
latent variables with an influence on manifest brain structure. A,
additive genetic effects; C, common (shared) environmental effects;
E, nonshared environmental effects. The size of each of these effects
on phenotypic variability is quantified by the path coefficients a, c,
and e, respectively. The proportion of total variance accounted for by
each effect is the square of the corresponding path coefficient; i.e.,
heritability = a®. The model assumes that correlation between ad-
ditive genetic effects is 1.0 for MZ twin pairs and 0.5 for DZ twin
pairs.

An important generalization of Wright's basic
method is to incorporate latent variables or factors in
the path model. This means that the empirical corre-
lations between a set of manifest variables may be
modeled not only in terms of causal interaction be-
tween the manifest variables themselves but also in
terms of causal effects of latent variables on manifest
variables. In this more general sense, path analysis is
formally very similar to confirmatory factor analysis
(see Loehlin (1987) for a general introduction to latent
variable models).

In path analysis of data from twin studies, one gen-
erally starts from the correlation(s) between twins on
one (or more) phenotypic characteristic(s). Simply com-
paring the twin-pair correlations separately estimated
for monozygotic (MZ) and dizygotic (DZ) twins might
indicate that the variable in question is more highly
correlated between MZ pairs than between DZ pairs,
immediately suggesting that variability in this charac-
teristic is genetically determined to a large extent
(Thompson et al., 2001). However, there may be many
nongenetic contributions to variability that are shared
between MZ twins and it is important to disambiguate
these shared environmental effects from additive ge-
netic effects on empirical covariation. A path model for
causal effects of additive genetic (A), common environ-
mental (C), and nonshared environmental or “error”
(E) latent factors on phenotypic variability can be writ-
ten diagramatically using the convention that the uni-
directional effect of a factor A on a regional variable 8
is represented as a single-headed arrow pointing from
A to B (see Fig. 1). The path coefficients quantifying
these effects can then be estimated from the MZ and
DZ correlation matrices, assuming that genetic effects
will be 100% correlated in MZ twin pairs and 50%
correlated in DZ pairs (correlations are diagramati-
cally represented as double-headed arrows in the path
diagram of the ACE model shown in Fig. 1). The per-
centage of variability in a region accounted for by a
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FIG. 2. Path diagram for bivariate ACE model. Al, C1, El is a
set of specific factors influencing variability only of region 1; A2, C2,
E2 is a set of specific factors influencing variability only of region 2;
Ac, Cc, Ec is a set of common factors influencing variability of both
regions. A, additive genetic effects; C, common environmental ef-
fects; E, nonshared environmental effects. The model is identified
under the constraint that the path coefficients for the common effects
are identical for both regions. If region 1 and region 2 are bilaterally
homologous regions, then the size of the common effects on variabil-
ity measures genetic and environmental effects on symmetric brain
structure.

Region 2

particular factor is the square of the corresponding
path coefficient. Thus the heritability, or percentage of
variability accounted for by the additive genetic factor
A, is simply estimated by a’.

This basic model can be elaborated by considering
more than one phenotypic characteristic. We will refer
to the simpler case, where only one phenotypic variable
is modeled, as a univariate path analysis. Then, in a
bivariate analysis, we consider two phenotypic vari-
ables simultaneously and specify a path model that
includes genetic and environmental effects on each
variable specifically and genetic and environmental
effects that are common to both variables (Fig. 2). If the
two variables are homologous brain regions in the right
and left hemispheres, then estimation of common ge-
netic factors is an analysis of genetic effects on sym-
metric brain structure. We can also approach the ques-
tion of genetic effects on lateralized or asymmetric
brain structure by deriving a laterality index from a
homologous pair of regional measurements, e.g., right
and left superior temporal gyrus, and using this later-
ality index as the dependent variable in a univariate
path analysis. Later we formally define and use an
index of fluctuating asymmetry, which refers to left—
right differences in bilaterally homologous structures
that may fluctuate in magnitude from one individual to
another and are therefore generally regarded indica-
tive of random “developmental noise.”

The last set of statistical ideas that we need to in-
troduce is the use of principal component (PC) analysis
to decompose the genetic correlation matrix (King-
solver and Wiernasz, 1991). To estimate the genetic
correlation between a pair of brain regions, we first fit
a bivariate path model (as in Fig. 2) with both regional
measurements treated as dependent phenotypic char-
acteristics. This will provide estimates of the heritabil-
ity common to both structures and the heritability
specific to each structure. The genetic correlation coef-
ficient is then simply defined as the ratio of common
heritability of the two structures to their total herita-
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bility (see Eq. (3)); in other words, the genetic correla-
tion coefficient is the proportion of their total herita-
bility that is shared in common between the two
genetically correlated regions. Estimating this coeffi-
cient for each pair of regions will result in a symmetric
genetic correlation matrix. Direct inspection of this
matrix will reveal regional pairs which have propor-
tionally large genetic effects in common; but because
the matrix may be large, we can use principal compo-
nent analysis primarily to simplify representation of
these results. The first few principal components, as
usual, summarize the linear combinations of regional
variables that account for the largest amounts of the
total (genetic) covariance. More specifically, we can
understand the first few PCs as representing anatom-
ically distributed brain systems comprising regions
that share major genetic effects on their variability.
Since principal components are, by definition, mutu-
ally independent, it follows that the genetic effects
shared by regions loading on the first PC are indepen-
dent of the genetic effects shared by regions loading on
the second (and subsequent) PCs. However, it does not
follow that the development of a system defined by a
single PC is under the control of a single gene or indeed
that the genetic effects shared by regions loading on
the first PC are determined by a unique set of genes
that do not contribute to the genetic effects shared by
regions on other PCs.

SUBJECTS AND METHODS

Sample Characteristics

Volunteer twin pairs were recruited from the com-
munity (Bartley et al., 1997) and screened for a history
of neurological, psychiatric, and other major medical
illnesses. One member of a single MZ pair suffered a
severe head injury due to a road traffic accident at age
7.5 years and was comatose for 6 weeks; the co-twin
was involved in the accident but not injured. The sam-
ple consisted of 10 MZ pairs (6 male and 4 female pairs)
of mean age 31 years (range 19-54 years) and 10
same-sex DZ pairs (4 male and 6 female pairs) of mean
age 23 years (range 18-29 years). Note that the mean
age of the MZ group is somewhat greater than that of
the DZ group; however, this difference in means of 8
years is unlikely to have much differential impact on
measures of brain structure in the two groups. Global
gray matter volume decreases by approximately 0.7
mL/year on average over the age range 21-70 years
(Pfefferbaum et al., 1994).

The magnetic resonance study was approved by the
NIMH Institutional Review Board and all volunteers
gave informed consent in accordance with the Declara-
tion of Helsinki.

MZ twins were identically matched for 19 red blood
cell antigens. Population studies indicate that this pre-
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dicts monozygosity at a conservative minimum 97%
confidence level (Vogel and Motulsky, 1986). Informa-
tion about chorion status was not available.

MRI Data Acquisition

Images were performed on a General Electric Signa
1.5 Tesla MR scanner with a T1-weighted spoiled
GRASS sequence (repetition time = 24 ms, echo time =
5 ms); 124 contiguous saggital slices 1.5 mm thick with
an in-plane field of view of 240 mm across a 256 X 256
pixel matrix were acquired.

MRI Data Analysis

MR images were preprocessed using ANALYZE
(Robb, 1989). Images were resized as 0.94-mm?® voxels,
rotated into axial orientation, and sectioned 2 mm be-
low the inferior cerebellum. Minor artifacts in two im-
ages resulting from data storage errors were corrected
at this stage by interpolation.

Preprocessed images were segmented into gray mat-
ter, white matter, cerebrospinal fluid (CSF), and skull/
scalp compartments (with inhomogeneity correction)
using SPM99b software (Friston et al., 1995). Brain
volumes were obtained in ANALYZE by (i) adding gray
and white matter probability maps to estimate the
proportion of parenchymal (non-CSF) tissue repre-
sented by each voxel, (ii) applying an intensity thresh-
old to remove pixels with a low probability of repre-
senting either gray or white matter, and (iii) using a
connectivity algorithm to remove extracerebal tissue.
The segmentation failed on seven images (from five
twin pairs) so for these pairs (10 subjects), cerebral
volumes were obtained from the connectivity algorithm
applied to brains stripped using “NIH Image” (Bartley
et al., 1997).

The lateral ventricles were extracted by manual seg-
mentation of preprocessed images in ANALYZE. Lat-
eral ventricular volumes (the sum of the two lateral
ventricular volumes, but excluding third and fourth
ventricular volumes) were obtained in ANALYZE by
applying an intensity threshold and a connectivity al-
gorithm to remove non-CSF pixels.

Preprocessed images were automatically trans-
formed into Talairach space (Talairach and Tournoux,
1988) using SPM99b software (Friston et al., 1995).
This transformation was successful for all 40 images.
The main motivation for anatomical normalization of
these data was to allow an automated and entirely
reliable regional parcellation of the brain.

A full description of the parcellation technique, in-
cluding a figure of the parcellated template image and
a complete list of the index coordinates defining each
region in standard space, is given by Wright et al.
(1999a). Briefly, the parcellation divided the cortex into
a set of mutually exclusive volumes corresponding ap-
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proximately to Brodmann's areas and divided subcor-
tical gray matter into its main nuclei (e.g., thalamus)
plus the cerebellum. This was done by first assigning
one or more sets of index coordinates in the standard
space of Talairach and Tournoux (1988) to each cere-
bral region based on the consensus view of the authors
using the orthogonal slices of the Talairach atlas to
identify regions. The three-dimensional Euclidean dis-
tances between a given voxel in the gray matter maps
and the index coordinates for all (92) cerebral regions
were computed, and that voxel was assigned to the
region which had index coordinates closest to it (sepa-
rated from it by the smallest Euclidean distance) over
all sets of index coordinates in standard space. Re-
gional gray matter densities were then calculated for
each subject by dividing the sum of gray matter density
over all voxels in a given region by the number of
voxels that it contained.

The parcellation is validated by the prior results
reported by Wright et al. (1999a), who applied this
technique to measurement of gray matter and ventric-
ular regional volumes in 27 patients with schizophre-
nia and 37 comparison subjects. Principal component
analysis of these regional measurements demonstrated
global and supraregional systems of anatomical co-
variation that were compatible with the known connec-
tivity and function of the measured regions. Multiple
univariate comparisons between these two groups also
revealed a pattern of significant gray matter deficits in
the patient group in lateral and medial temporal re-
gions, insula, and inferior frontal and left dorsolateral
prefrontal cortex. These gray matter changes were as-
sociated in patients with a significant excess of CSF
ventricular volumes in several segments of the left
lateral ventricle (Wright et al., 1999a; Fig. 1). This
pattern of anatomical abnormality in schizophrenia is
largely corroborated by a meta-analysis of all relevant
MRI studies published in the period 1988—-1999 that
used manual delineation to measure volumes of a few
regions-of-interest in imaging data (Wright et al.,
2000).

In general, the convergence between anatomical re-
gions parcellated solely on the basis of standard space
coordinates (or by expert manual delineation of brain
images) and the areas defined by Brodmann on the
basis of microscopic examination of cortical cytoarchi-
tectonics must be regarded as no more than approxi-
mate. As we have used the phrase in this paper, “Brod-
mann area” must therefore be understood as a
convenient but approximate label for cortical regions
and does not of course imply that our parcellation
method is informed by cytoarchitectonic features.
There has, however, already been some interesting
early work to map cytoarchitectonically defined areas
to a standard space coordinate system (Morosan et al.,
2001) and, in the future, it is possible to imagine that
this approach might be generalized to provide more
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sophisticated template images, which are truly in-
formed by cytoarchitectonic and other microscopic neu-
roanatomical features, for automated regional parcel-
lation of the whole brain.

Genetic Analysis

Brain volume and lateral ventricular volume: uni-
variate analyses. The validity of the classical genetic
analysis of an MZ/DZ twin study depends on a number
of assumptions including (i) the trait variance is equal
for MZ and DZ twins (which may be violated if, for
example, factors operate on MZ but not on DZ pairs or
if there is reciprocal twin interaction) and (ii) homosce-
dasticity, i.e., that the variation within a twin-pair is
not related to the average of a pair (which may be
violated if, for example, there is geneotype-by-environ-
ment (GXE) interaction). We therefore also tested for
unequal Mz/DZ variances and heteroscedasticity
(Sham, 1998). Equality of MZ/DZ variances was tested
by the F statistic, F = (MST,;,)/(MSTy;), which has an
F distribution (where MST is the total within-squares
sum of squares for the measure) with (2n,, — 1, 2ny, —
1) degrees of freedom under the hypothesis of equal
variances. Homoscedasticity was tested using the Z
test for heteroscedasticity (Sham, 1998). We then pro-
ceeded to path analysis using the Mx software package
(Neale, 1997).

We first analyzed the brain volume and lateral ven-
tricular volume data separately. In the univariate clas-
sical twin model, phenotypic variance is assumed to
arise from the influence of four independent factors: A
(additive genetic), D (dominance genetic), E (specific
“nonshared” environment), and C (common “family”
environment). Environment includes a wide range of
nongenetic sources of variance from both the prenatal
and the postnatal periods: common environmental ef-
fects might include the shared intrauterine environ-
ment; nonshared environmental effects might include
a wide range of random variables including adult sub-
stance use or brain hydration at the time of scanning.
Since our twin sample size was small, we had low
power to detect dominance effects separately from ad-
ditive genetic effects, and therefore we investigated
only models with A, C, and E factors. The structural
equation model for the phenotypic trait g of a twin can
be written

B =aA + cC + eE, (1)

where a, ¢, and e are the path coefficients of the model.
In the twins of an MZ pair, the A and C factors are
perfectly correlated and the E factors are uncorrelated.
In the twins of a DZ pair, the C factors are perfectly
correlated and E factors are uncorrelated; from genetic
theory, the correlation between A factors is 0.5. The
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path diagram for this model is shown in Fig. 1. The path
coefficients a, ¢, and e were estimated by a maximum-
likelihood method from the empirical covariance ma-
trices for the MZ and DZ pairs for the variable g8, and
x° measures of goodness-of-fit were calculated. The size
of genetic effects can be assessed descriptively in terms
of the heritability or proportion of total variance ac-
counted for by additive genetic effects. For some anal-
yses we have also reported 95% confidence intervals for
the estimated heritability. A more formal approach is
to test the hypothesis that the genetic effect (heritabil-
ity) is zero, i.e., a = 0, or to test the hypothesis that the
shared environmental effect is zero, i.e., ¢ = 0, or to test
the more general hypothesis that the genetic and
shared environmental effects are both zero, i.e., a =0
and ¢ = 0 (Neale, 1997).

As the sample size was small, we had low power to
test the hypotheses a = 0 or ¢ = 0; false acceptance of
these hypotheses can lead to overestimates of ¢c and a,
respectively (Christian et al., 1995). Therefore we de-
rived estimates for the a®, ¢?, and e” parameters, and
their 95% confidence intervals, from the ACE model
and used x* tests of hierarchically nested models to test
the hypotheses that both a = 0 and ¢ = 0 (CE vs E
models), a = 0 (ACE vs CE models), and ¢ = 0 (ACE vs
AE models).

Brain volume and lateral ventricular volume: biva-
riate analyses. We then analyzed brain volume and
lateral ventricular volume data jointly to investigate
whether there was an interrelationship in their genetic
and environmental control. We fitted a common and
specific factor model (Neale and Cardon, 1992). This
assumes that there are common factors Ac/Cc/Ec (as-
suming an ACE model) which affect both brain volume
and lateral ventricular volume (Fig. 2). This model is
not generally soluble without additional constraints.
We therefore imposed the condition that the path pa-
rameter values (a., ¢, e.) between Ac/Cc/Ec and brain
volume and between Ac/Cc/Ec and lateral ventricular
volume were equal (Loehlin, 1996).

Regional brain structure: multiple univariate and
bivariate analyses. We applied genetic path analysis
to the parcellated gray matter maps (46 left- and 46
right-sided gray matter regions). Since we were inter-
ested in regional genetic influences, we removed the
potential confounding effect of global gray matter by
regression. Thus, for each region, gray matter vari-
ables from the 40 subjects were regression. Thus, for
each region, gray matter variables from the 40 subjects
were regressed against global gray matter (the sum of
the 92 regional gray matter values for each subject)
and replaced by the standardized residuals of this re-
gression.

First we applied univariate models (E, CE, AE, and
ACE) to each region. We derived estimates for the a
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¢?, and e parameters from the ACE model and used x°
tests of nested models to test the hypotheses that both
a =0andc = 0 (CE vs E models), a = 0 (ACE vs CE
models), and ¢ = 0 (ACE vs AE models).

Univariate models do not take into account the
marked symmetry in brain structure. Therefore we
also investigated bivariate models for bilateral brain
regions (Fig. 2). First, we fitted a common and specific
factor ACE model to each region (left and right sides)
and derived path parameter estimates. We then tested
the hypotheses that (i) there was no common genetic
factor influencing regional brain measure variability
(@2 = 0) and (ii) genetic influences on right and left
rggional brain measure variability were equal (aj, =
a-rig|ht)'

We have used a significance level of P = 0.05 for all
hypothesis tests. This is justified principally by the
exploratory nature of our analysis of a small- to mod-
erate-sized sample. More definitive studies of larger
samples might appropriately make corrections for mul-
tiple comparisons, although control of familywise type
1 error by a Bonferroni correction would be too severe
in light of the correlated nature of the tests.

Genetic control and maturational stage. To investi-
gate the hypothesis that ontogenetically early regions
were more strongly predetermined than ontogeneti-
cally late regions (Lohmann et al., 1999), we tested the
Pearson coefficient of correlation between univariate
heritability (a®) and the typical gestational timing of
gyral development of several brain regions (derived
from Chi et al., 1977); see Table 1.

Fluctuating asymmetry analyses: multiple univari-
ate analyses. For each bilaterally homologous brain
region, we tested the hypothesis that asymmetry vari-
ability was entirely under environmental control (a = 0
and ¢ = 0 in an ACE model). We used a measure (S)
of fluctuating asymmetry applied to global-corrected
and standardized variables (where Y ; is the left re-
gional value for region Y in subject i, Yg; is the right
regional value for region Y in subject i, Y, is the left
mean regional value for region Y over all 40 subjects,
and Yy is the right mean regional value for region Y
over all 40 subjects). This measures the magnitude of
the fluctuating asymmetry:

Si= |YLi = Yri — (YL — YR)| (2)

The genetic and environmental influences on S were
then estimated for each region by univariate genetic
analysis (E, AE, CE, and ACE models).

Supraregional brain systems: genetic correlation ma-
trix analysis. We investigated the patterns of genetic
correlations between brain regions by principal compo-
nent analysis. Using the standardized variables for the
92 gray matter regions (46 left and 46 right), we ap-
plied bivariate path analysis to all nonidentical pairs of
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TABLE 1

Gestational Age at Time of First Sulcogyral Differentiation
of Human Cortical Regions Labeled in Terms of Approximate
Brodmann’s Areas (after Chi et al., 1977)

Brodmann’s Gestational age
area (weeks)

1 25
4 24
5 26
6 27
7 26
8 27
9 27
10 16
11 16
17 27
18 27
19 27
20 30
21 21
22 22
23 18
24 18
25 18
27 28
28 28
29 25
30 25
31 25
34 23
35 23
36 23
37 27
38 23
39 26
40 28
41 31
42 31
44 28
45 28
46 25
Insula 18

regions using a common and specific factor model (Fig.
2). From the bivariate path analyses, we calculated a
genetic correlation (rg) for each pair of brain regions,
using the formula

(3)

re = aZlv/((afq + ag)(afight + a?).

We constructed a symmetric (92 X 92) genetic corre-
lation matrix where each element represented the ge-
netic correlation rg between a pair of regions. We car-
ried out principal components analysis on this matrix
and extracted the first five eigenvectors. The loading of
regions on these eigenvectors can be understood to
identify distributed brain systems which share impor-
tant effects on their heritability.
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TABLE 2
Global Volumes of Brain and Ventricles for Each of 10 Monozygotic (MZ) and Dizygotic (DZ) Twin Pairs

Monozygotic twins Dizygotic twins
Brain (cm?®) Ventricles (cm?) Brain (cm?®) Ventricles (cm?)
Pair A B A B A B A B
1 1378 1374 9.6 9.6 1217 1218 11.4 5.7
2 1118 1169 6.7 13.6 1666 1519 17.0 13.8
3 1527 1557 14.4 7.3 1521 1433 24.7 22.7
4 1216 1163 26.4 12.9 1532 1266 6.6 5.2
5 1113 1103 21.0 15.1 1223 1314 16.8 11.0
6 1526 1554 27.9 21.6 1347 1146 11.0 7.8
7 1392 1390 10.7 11.0 1357 1279 3.3 4.9
8 1299 1377 15.2 13.6 1246 1311 12.6 17.4
9 1540 1472 24.9 13.9 1458 1473 4.6 13.7
10 1352 1523 61.4 23.9 1364 1450 21.8 15.1
Mean: 1357 18 1367 12
SD: 161 12 135 6

Note. MZ twin 10A has an unusually large ventricular volume, probably due to severe head injury in childhood, which accounts for the
greater variability of ventricular volume in the MZ group.

RESULTS 3.53, P = 0.004). We therefore excluded MZ twin pair

10 (including the subject who had suffered severe head

Brain Volume and Lateral Ventricular Volume: injry as a child and his uninjured co-twin) from the
Univariate Analyses analyses, leaving 9 MZ pairs and 10 DZ pairs.

Brain volumes and lateral ventricular volumes for N addition, we standardized the cerebral volume
the 10 MZ and 10 DZ twin pairs are given in Table 2. and lateral ventrlcular_volume variables (se_t'_ung mean
There appeared to be an outlier for ventricular volume ~Values to zero and variances to one), to facilitate com-
(twin 1, MZ pair 10) with a much larger volume (61.4 Parison of the magnitude of the relative genetic and
cm®) than all the other subjects. Interestingly this sub- €nvironmental influences on their variability. The de-
ject had a markedly lower cerebral volume than its pair ~ Scriptive statistics after these procedures are given in
(1352 cm*® vs 1523 cm®) and had suffered severe head Table 3. In this sample, there was no evidence for
injury in childhood. Male subjects had higher mean unequal variances or heteroscedasticity in brain vol-
values for cerebral volume and lateral ventricular vol- ume scores (Fy;, = 1.33, P = 0.27; Z; = 0.0, P = 0.5,
ume than female subjects (1445 cm?® vs 1279 cm® and Zp; = 0.15, P = 0.44) or lateral ventricular volume
18.9 cm® vs 11.5 cm®, respectively). scores (Fi710 = 0.53, P = 0.83; Zy; = 0.55, P = 0.27,

The standard deviation for the MZ lateral ventricu- Zp; = 0.11, P = 0.46).
lar volume (12 cm®) was markedly higher than that for For brain volume, path coefficients for the ACE
the DZ lateral ventricular volume (6 cm?®), violating the model (Table 4) indicated that genetic factors contrib-
equal variance assumption for twin models (Fio, = uted to the majority of variability (a® = 0.66), with

TABLE 3

Mean and Standard Deviation for Brain and Ventricular Volumes in Monozygotic and Dizygotic Twin Pairs

Monozygotic twins Dizygotic twins
Brain Ventricles Brain Ventricles

Estimated (“raw”) variables (cm?)
Pairs 1-9 Mean: 1348 15 Pairs 1-10 1367 12

SD: 165 6 135 6
Standardized variables
Pairs 1-9 Mean: -0.07 0.24 Pairs 1-10 0.06 -0.21

SD: 1.11 0.99 0.91 0.98

Note. The data demonstrate that standard deviation of global volume measures is comparable between the two groups after removal of the
outlier (and co-twin) from the MZ group.
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TABLE 4

Results of Univariate Path Analysis, Fitting the ACE Model to Standardized Brain Volume and Ventricular Volume
Separately Treated as Dependent Phenotypic Characteristics

a? c? e’ P(a=0andc = 0) P(a = 0) P(c = 0)
Brain volume (cm®) 0.66 (0.17-1) 0.22 (0-0.94) 0.12 (0.06-0.25) 0.00 0.06 0.68
Baaré et al. (2001) 0.90 (0.85, 0.93) 0 0.10 (0.07, 0.015) <0.001 NS
Ventricular volume (cm?®) 0.0 (0-0.53) 0.48 (0-0.97) 0.50 (0.32-0.84) 0.03 1.00 0.18
Baaré et al. (2001) 0 0.59 (0.47,0.69)  0.41(0.31, 0.53) NS 0.025

Note. The squared path coefficients (a?, c?, e?) indicate the proportion of total variance in each measure that is attributable to additive
genetic, common environmental, and nonshared environmental effects, respectively (95% confidence intervals are given parenthetically). The
statistical significance of these effects can be gauged in terms of the probability of the data under the null hypothesis, assuming that one or
more of the path coefficients is constrained to be zero. Thus the observed data are unlikely under the constraint that both the additive genetic
effect and the common environmental effect are zero, i.e., P(a = 0 and ¢ = 0) < 0.05 for both global volumes. However, the additive genetic
effect seems larger for brain volume than for lateral ventricular volume. This conclusion is supported by comparable results from a much
larger extended twin study by Baaré et al. (2001), which are also shown.

smaller contributions from common environment (¢ =
0.22) and unique environment (e* = 0.12). These re-
sults were similar to those of Bartley et al. (1997) who
analyzed this data set but with different techniques for
cerebral volume measurement and genetic analysis.
For lateral ventricular volume, path coefficients for
the ACE model (Table 4) indicated contributions from
common environment (¢* = 0.48) and unique environ-
ment (e* = 0.50) but not from genetic factors (a®> = 0.0).

Brain Volume and Lateral Ventricular Volume:
Bivariate Analyses

Cross-covariance matrices for MZ twin pairs 1-9 and
DZ twin pairs 1-10 are given in Table 5. The overall fit
of the common and specific factor model to these data
was satisfactory (P = 0.99). The path coefficient esti-
mates are given in Table 6. As shown also by the
univariate results, brain volume was largely under
genetic control (brain-specific heritability a> = 0.64)
while lateral ventricular volume was largely under
environmental control.

There was little evidence for common factors deter-
mining brain volume and lateral ventricular volume

variability, except for a small common shared environ-
ment effect (c? = 0.20).

Regional Brain Structure: Multiple Univariate and
Bivariate Analyses

The results of univariate path analysis for the 46
bilateral brain regions are given in Table 7. There was
evidence for a familial effect in 24 right-sided regions
and 18 left-sided regions (null hypothesis that a = 0
and ¢ = 0 rejected at 0.05 level). There was evidence for
an additive genetic effect (null hypothesis that a = 0
rejected at 0.05 level) in two right-sided brain regions
(precentral gyrus and anterior temporal pole) and in
two left-sided brain regions (retrosplenial cortex and
ventrolateral prefrontal cortex). There were 15 right-
sided regions and 11 left-sided regions where the esti-
mate for the additive genetic variability (a®) was
greater then 0.5. This is displayed graphically in Fig. 3.
No regions were found where there was evidence for a
common environmental effect (null hypothesis that ¢ =
0 rejected at 0.05 level).

The results of bivariate path analysis for the 46
bilateral brain regions are given in Table 8. This shows

TABLE 5

Cross-Covariance Matrices for Standardized Brain and Ventricular Volumes, Separately Estimated
for Monozygotic (MZ) and Dizygotic (DZ) Twin Pairs

A B A B
MZ Brain Ventricles Brain Ventricles Dz Brain Ventricles Brain Ventricles
A Brain 1.24 A Brain 0.83
Ventricles 0.15 0.98 Ventricles 0.29 0.97
B Brain 1.12 0.07 1.24 B Brain 0.41 0.25 0.83
Ventricles 0.07 0.30 0.15 0.98 Ventricles 0.25 0.63 0.29 0.97

Note. It is clear by inspection that twin-pair covariance of brain volume is greater for the MZ group than for the DZ group, whereas the
twin-pair covariance of ventricular volume is greater for the DZ group than for the MZ group. For both groups, the covariance between brain
and ventricular volumes is relatively small. Cross-covariance matrices in this form are used as the basis for bivariate path analysis; see Fig.

2 and Table 6.
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TABLE 6

Results of Bivariate Path Analysis, Fitting the ACE Model to Standardized Brain Volume and Ventricular Volume
Simultaneously Treated as Dependent Phenotypic Characteristics

Brain volume: specific factors Common factors Ventricular volume: specific factors

a’ c? el a? c? el a’ c e’
0.64 0 0.05 0.20 0.06 0 0.26 0.43

Note. The total variance in brain volume is apportioned between six possible causes: genetic (a2), common environmental (cZ), and
nonshared environmental (e2) effects specific to brain volume (rather than ventricular volume) and genetic (aZ), common environmental (cZ),
and nonshared environmental effects (e) common to both brain and ventricular volume. Similarly, the total variance in ventricular volume
is apportioned between specific and common causes. It is clear that the specific genetic effect on brain variability is large compared to the

common genetic or environmental effects, which is consistent with inspection of the cross-covariance matrices (Table 5).

the parameter estimates for the common factors and
unique right and left brain factors for those (14) re-
gions where the estimated common heritability (aZmmon)
was greater than 0.5. Of these, there were 7 regions
where there was significant evidence for a shared ge-
netic effect (Brodmann areas 24, 29, 31, 38, 41, 42, 47,
null hypothesis that a, = 0 rejected at 0.05 level).
There was no region in which specifically left-sided and
right-sided genetic effects were significantly different
(null hypothesis that ai equal to azy.).

Genetic Control and Maturational Stage

The correlation between univariate heritability a’
and developmental stage was —0.04 and this was not
statistically significant (P = 0.76).

Fluctuating Asymmetry: Multiple Univariate Analyses

There were no regions where the estimated herita-
bility of fluctuating asymmetry was greater than 0.5
and no evidence for significant familial, genetic, or
common environmental effects on fluctuating asymme-
try in any region.

Supraregional Brain Systems: Genetic Correlation
Matrix Analysis

Brain regions loading positively on the first PC (15%
total variance) included several frontal and parietal
neocortical regions (including Brodmann areas 1, 4, 6,
7, 8,9, 39, 40, 44, 46, 47); brain regions loading nega-
tively on this PC included some limbic (right hippocam-
pus) and paralimbic (anterior and posterior cingulate,
left parahippocampus) regions (Table 9). We inter-
preted this PC as representing a frontoparietal-limbic/
paralimbic genetic contrast.

Brain regions loading strongly on the second PC (9%
total variance) included bilateral insula, lateral tem-
poral cortex, and some frontal regions (Table 9). We
interpreted this PC as representing a genetic system
functionally related to audition.

The third, fourth, and fifth PCs (not shown) were not
readily interpretable in terms of brain anatomy or
functional systems.

DISCUSSION

In this study, we applied path analysis or structural
equation modeling, informed by the classical twin
model, to both global and regional neuroanatomical
data to investigate the genetic control of human brain
structure.

Our results need to be interpreted with regard to the
limitations of the classical twin model (discussed by
Bartley et al. (1997) and Phillips (1993))). Specifically,
it is arguable that brain morphology in twins may be
affected by an abnormal intrauterine environment
with potential for low birth weight, prematurity, and
other perinatal hazards. However, it seems unlikely
that such environmental factors would be systemati-
cally confounded with zygosity, which is the basis for
the path analysis reported here. It is also noteworthy
that there was no history of major perinatal adversity
in any of these subjects.

It is also important to be realistic, given the modest
sample size of this study and the generally wide confi-
dence intervals for path model parameter estimates,
about our power to test statistical hypotheses. For this
reason, we have presented the data descriptively and
in the form of hypothesis tests. And when testing the
significance of our model parameters we have adopted
the recommendations of Christian et al. (1995) which
are applicable to small studies of low power.

Brain Volume Variability

We found that brain volume variability was mainly
under genetic control. However, our estimate for heri-
tability (a® = 0.66) was lower than that of Bartley et al.
(1997) (a®> = 0.94), even though we analyzed the same
data set. The difference in heritability estimates was
mainly attributable to our use of the covariance matrix
rather than the correlation matrix for structural equa-
tion modeling. Reanalysis of the Bartley et al. (1997)
data, supplying a covariance matrix to Mx, gave a’ =
0.61; the residual discrepancy probably reflects differ-
ent segmentation processes and our exclusion of an
outlying pair of MZ twins. There are theoretical rea-
sons for preferring analysis of the covariance matrix to
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TABLE 7

Results of Multiple Univariate Path Analyses

Right cerebral hemisphere Left cerebral hemisphere
Region BA A*> C* E®* PA&C=0) PA=0) PC=0) A*> C* E? PA&C=0) P(A=0) P(C=0)

Postcentral gyrus 1,2,3 0.30 0.00 0.64 1.00 0.28 1.00 0.00 0.19 0.77 0.41 1.00 0.70
Precentral gyrus 4 091 0.00 0.17 0.03 0.03 1.00 0.00 0.44 0.52 0.05 1.00 0.32
Superior parietal lobule 5 0.62 0.00 043 0.42 0.26 1.00 0.12 0.00 0.82 0.77 0.75 1.00
Premotor cortex 6 032 030 0.27 0.01 0.49 0.55 0.05 0.37 0.44 0.04 0.93 0.54
Precuneus 7 000 0.69 0.34 0.00 1.00 0.09 0.56 0.00 0.44 0.08 0.35 1.00
Dorsolateral prefrontal 8 041 0.17 043 0.03 0.55 0.81 0.07 0.41 0.36 0.01 0.88 0.45
cortex

Dorsolateral prefrontal 9 0.00 0.00 1.03 1.00 1.00 1.00 0.18 0.00 0.78 0.61 0.70 1.00
cortex

Frontal pole 10 051 0.00 0.48 0.32 0.25 1.00 0.43 0.00 0.59 0.30 0.36 1.00
Orbitofrontal cortex 11 054 0.01 034 0.02 0.39 1.00 0.00 0.66 0.25 0.00 1.00 0.05
Orbitofrontal cortex 12 0.08 0.00 0.94 0.83 0.89 1.00 0.18 0.00 0.77 0.77 0.56 1.00
Visual cortex (V1) 17 0.00 0.09 0.88 1.00 0.70 0.74 0.00 0.40 0.57 0.07 1.00 0.15
Visual cortex (V2, V3) 18 0.21 049 0.25 0.00 0.60 0.30 0.00 0.48 0.48 0.03 1.00 0.26
Visual cortex 19 0.00 0.74 0.16 0.00 1.00 0.04 0.00 0.74 0.23 0.00 1.00 0.07
Inferior temporal gyrus 20 0.31 0.00 0.73 1.00 0.42 1.00 0.44 0.00 0.61 0.46 0.42 1.00
Middle temporal gyrus 21 0.00 0.25 0.76 0.30 1.00 0.59 0.00 0.27 0.75 0.27 1.00 0.38
Superior temporal gyrus 22 0.00 0.00 1.02 1.00 1.00 1.00 0.00 0.50 0.52 0.03 1.00 0.37
Posterior cingulate gyrus 23 051 0.00 0.37 0.17 0.23 1.00 0.75 0.00 0.18 0.01 0.05 1.00
Ant.-mid cingulate gyrus 24 014 0.34 051 0.05 0.84 0.58 0.76 0.14 0.13 0.00 0.06 0.78
Ant. cingulate gyrus 25 033 035 0.32 0.01 0.54 0.56 0.14 047 041 0.01 0.81 0.42
Retrosplenial cortex 27 0.22 0.00 0.80 1.00 0.49 1.00 0.00 0.00 1.02 1.00 1.00 1.00
Parahippocampal gyrus 28 0.10 0.17 0.73 0.33 0.91 0.80 0.43 0.00 0.54 0.26 0.36 1.00
Retrosplenial cortex 29 045 0.17 034 0.02 0.44 0.77 0.84 0.00 0.11 0.01 0.01 1.00
Retrosplenial cortex 30 0.00 0.69 0.34 0.00 1.00 0.15 0.49 0.00 051 0.09 0.42 1.00
Post cingulate gyrus 31 0.60 0.11 0.27 0.01 0.27 0.86 0.58 0.00 0.38 0.11 0.22 1.00
Medial frontal lobe 32 0.00 053 0.32 0.00 1.00 0.08 0.00 0.53 0.42 0.01 1.00 0.09
Temporal lobe (uncus) 34 0.00 0.64 0.39 0.00 1.00 0.07 0.00 0.56 0.44 0.01 1.00 0.15
Retrosplenial cortex 35 011 0.35 0.56 0.08 0.89 0.56 0.48 0.00 0.46 0.18 0.41 1.00
Occipitotemporal gyrus 36 0.00 0.00 1.02 1.00 1.00 1.00 0.31 0.00 0.69 0.51 0.38 1.00
Inf.-post temporal lobe 37 058 029 0.12 0.00 0.08 0.52 0.39 0.25 0.42 0.05 0.61 0.64
Ant. temporal pole 38 1.00 0.00 0.11 0.15 0.01 1.00 0.80 0.00 0.27 0.03 0.17 1.00
Angular gyrus 39 0.00 029 0.73 0.23 1.00 0.52 0.00 0.13 0.87 0.59 1.00 0.85
Supramarginal gyrus 40 0.78 0.00 0.23 0.02 0.10 1.00 0.30 0.00 0.72 0.37 0.49 1.00
Transverse temporal gyrus 41 0.49 0.24 0.29 0.01 0.37 0.68 0.73 0.02 0.30 0.03 0.25 0.97
Superior temporal gyrus 42 0.40 0.00 0.61 0.19 0.57 1.00 0.72 0.00 0.27 0.02 0.07 1.00
Inferior postcentral gyrus 43 0.62 0.00 0.46 0.31 0.23 1.00 0.00 0.00 1.02 1.00 1.00 1.00
Inferior frontal gyrus 44 038 0.19 045 0.04 0.59 0.77 0.08 0.36 0.59 0.09 0.92 0.55
Inferior frontal gyrus 45 0.00 0.07 0.94 0.76 1.00 0.81 0.00 0.04 0.95 1.00 0.87 0.87
Dorsolateral prefrontal 46 0.00 0.49 0.52 0.03 1.00 0.32 0.00 0.00 0.96 1.00 1.00 1.00
cortex
Ventrolateral prefrontal 47  0.34 0.00 0.59 0.55 0.26 1.00 0.88 0.00 0.24 0.17 0.04 1.00
cortex

Hippocampus — 0.71 0.00 0.30 0.05 0.15 1.00 0.66 0.00 0.42 0.19 0.24 1.00
Thalamus — 0.00 0.30 0.69 0.20 1.00 0.38 0.00 0.16 0.87 0.53 1.00 0.61
Corpus striatum — 0.60 0.15 0.30 0.02 0.34 0.76 0.33 0.19 0.50 0.07 0.66 0.76
Putamen — 0.79 0.00 031 0.12 0.11 1.00 0.09 0.47 0.47 0.02 0.89 0.40
Brain stem — 047 000 041 0.02 0.55 1.00 0.38 0.00 0.53 0.12 0.44 1.00
Cerebellum — 0.67 0.09 0.24 0.01 0.21 0.88 0.66 0.00 0.34 0.05 0.19 1.00
Insula — 0.80 0.00 0.29 0.10 0.11 1.00 0.29 0.00 0.73 0.80 0.38 1.00

Note. Each row represents some key results of fitting the ACE path model to left and right homologous brain regions separately treated
as dependent variables. As in Table 5, regions where the additive genetic effect on variance is important will have large heritability (regions
with a? > 0.5 are underlined) and/or small probability under the null hypothesis that heritability is zero (regions with P(a = 0) < 0.05 or
P(a = 0 and ¢ = 0) < 0.05 are underlined). BA denotes approximate Brodmann'’s area.

the correlation matrix (Neale and Cardon, 1992). Our (based on 63 female twin pairs), by Carmelli et al.
result is also comparable to the prior estimates by Todd (1999) of 0.81 for the heritability of intracranial volume
etal. (1999) of 0.52 for heritability of total brain volume (based on 85 elderly twin pairs), and by Baaré et al.
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FIG. 3. Regional brain heritability maps. Top: gray matter regions with univariate heritability a’ > 0.5 are colored pale yellow (a*
1) and superimposed on an axial MR image in standard space. Bottom: gray matter regions with symmetric heritability a

(a®

according to the same color scale. Note that the most marked genetic effects on brain structure tend to be symmetrical and located in paralimbic,

subcortical, and lateral temporal cortical structures.
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(2001) of 0.90 for heritability of total brain volume; see
Table 4. We conclude that brain volume seems herita-
ble beyond doubt, but there is disagreement between
studies concerning the precise proportion of total vari-
ance that is explained genetically. We have also shown
that estimates of heritability and its standard error are
conditional on various details of image processing and
model fitting, particularly use of the covariance matrix
rather than the correlation matrix in path analysis,
which have differed between studies to date.

Ventricular Volume Variability

Although we found that there was a significant fa-
milial effect on lateral ventricular volume variability
(P = 0.03), the parameter estimates (a®> = 0.00 with
95% confidence interval 0.00—0.53, ¢c®> = 0.48, e* =
0.50) indicated that this effect was attributable to com-
mon environment rather than genetic factors. The size
of the common environmental effect did not achieve
statistical significance (null hypothesis ¢ = 0; P =
0.18). In contrast, Reveley et al. (1982) measured ven-
tricular areas in 11 monzygotic twin pairs and 8 dizy-
gotic twin pairs and concluded that “ventricular area is
under a very high degree of genetic control.” Their
heritability estimates were not directly comparable to
our estimates so we reanalyzed their data in Mx using
their ventricular area correlations. By this technique,
a’® was 0.98, with 95% confidence interval [0.41, 1.00],
again emphasising that the width of confidence inter-
vals for heritability estimates may be considerable in
small- to moderate-sized twin studies. Carmelli et al.
(1999) reported heritability of 0.65 for ventricular vol-
ume estimated in 85 elderly twin pairs. However, the
results of another large recent study (Baaré et al.,
2001; see Table 4) are consistent with our findings that
common environmental effects are the main source of
familial covariation in ventricular volume and that the
additive genetic effect is small, if not zero. Indeed
Baaré et al. (2001) concluded that lateral ventricle
volume was disqualified as a candidate endophenotype
for genetic linkage studies because the evidence for any
genetic effect on its structure was so slight. In this
respect, it is interesting to recall the prior model of
Cannon et al. (1989) that pathological variability of
ventricular volume associated with schizophrenia was
likely due to environmental factors such as perinatal
trauma, whereas distributed gray matter deficit was
genetically determined.

Regional Brain Variability

Our analysis of factors influencing regional brain
variability demonstrated that there was significant ev-
idence for a familial effect in multiple brain regions. In
many of these regions, the parameter estimates indi-
cated a major genetic effect, although this was signif-
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TABLE 8

Results of Multiple Bivariate Path Analyses

Common Right specific Left specific
Region BA A? c? E® A? c? E? A? (o E? P(Ac = 0)
Precentral gyrus 4 0.56 0.00 0.00 0.23 0.00 0.19 0.00 0.00 0.46 0.07
Post cingulate gyrus 23 0.57 0.00 0.09 0.00 0.00 0.25 0.09 0.00 0.12 0.08
Ant.-mid cingulate gyrus 24 0.73 0.00 0.00 0.00 0.00 0.34 0.00 0.12 0.12 0.01
Parahippocampal gyrus 28 0.55 0.00 0.06 0.00 0.00 0.42 0.00 0.00 0.37 0.15
Retrosplenial cortex 29 0.68 0.00 0.11 0.00 0.00 0.19 0.16 0.00 0.00 0.03
Post cingulate gyrus 31 0.58 0.00 0.00 0.03 0.09 0.27 0.00 0.00 0.38 0.03
Ant. temporal pole 38 0.85 0.00 0.00 0.05 0.00 0.15 0.00 0.00 0.29 0.01
Supramarginal gyrus 40 0.50 0.00 0.00 0.17 0.00 0.25 0.00 0.00 0.61 0.10
Transverse temporal gyrus 41 0.56 0.00 0.00 0.00 0.24 0.27 0.00 0.18 0.31 0.03
Superior temporal gyrus 42 0.58 0.00 0.00 0.00 0.00 0.50 0.14 0.00 0.26 0.05
Ventrolateral prefrontal cortex 47 0.59 0.00 0.02 0.00 0.00 0.45 0.12 0.00 0.27 0.04
Hippocampus — 0.58 0.00 0.17 0.12 0.04 0.13 0.06 0.00 0.25 0.15
Corpus striatum — 0.54 0.08 0.27 0.04 0.04 0.03 0.00 0.00 0.16 0.35
Cerebellum — 0.63 0.00 0.22 0.12 0.00 0.02 0.00 0.00 0.14 0.22

Note. Each row represents some key results of fitting the ACE path model to left and right homologous brain regions simultaneously
treated as dependent variables. Only brain regions where the common genetic heritability was large (A? > 0.5) are shown. P(Ac = 0) denotes
the probability of the data under the null hypothesis that the common genetic heritability is zero; BA denotes approximate Brodmann'’s area.

(Regions with P(A. = 0) < 0.05 are underlined).

icant for only a few regions. We investigated whether
the strength of this genetic effect was related to mat-
urational stage during neurodevelopment. Our model
was derived from the study of Lohmann et al. (1999),
who investigated sulcal variability in 19 pairs of
monozygotic twins. Their results suggested that the
shaping of deeper sulci was more strongly predeter-
mined than that of superficial ones. They argued that
this was likely to reflect the timing of gyral ontogene-
sis, where the deeper sulci are the first to appear,
followed by the more shallow ones: the younger the
sulcus, the stronger the influence of nongenetic factors.
However, in our analysis, there was no correlation
between the regional genetic parameter estimate (a®)
and the timing of gyral appearance. There are various
possible explanations for this. First, although our hy-
pothetical model (relating genetic control of variability
and gyral ontogenesis) might be correct, a lack of cor-
relation might result from inaccurate estimation of the
genetic parameter (which is possible, since our sample
size was small) or from a poor measure of regional
maturation (we used the timing of gyral appearance
during fetal development). Second, our assumption
that regional gray matter volume is related to gyral
patterning may be incorrect. The morphometric
method that we have used depends on affine transfor-
mation of gray matter probability maps to match a
template image in standard space. This technique does
not coregister details of sulco-gyral anatomy, unlike
some higher-order image registration algorithms
(Thompson et al., 1996), and so there will be an imper-
fect relationship between our regional volume mea-
sures and sulco-gyral markers of maturational stage.

This technical factor will have compromised our power
to detect a relationship between genetic effects and
maturational stage. Thus, although the hypothesis of
an association between genetic determination and
early ontogenesis was not supported by our results,
there are several mitigating factors to consider in re-
lation to its apparent refutation.

Bilateral Brain Regional Variability

We investigated whether variability in bilateral
brain regions was under common genetic control. For
14 of the 46 regions, our parameter estimate for the
common genetic factor was large (a > 0.5), although
this was significant for only 7 regions. These regions
included multiple paralimbic regions and areas of tem-
poral cortex functionally specialized for audition (Brod-
mann areas 41 and 42) where integration of bilateral
sensory fields may be important.

We did not find evidence for a left/right difference in
the genetic effects on variability in any of the 46 bilat-
eral regions. In contrast, Tramo et al. (1995) measured
regional cortical surface area for 32 bilateral regions
and concluded that the left cerebral cortex was under
stronger genetic control than the right. This was based
on their finding that variation in regional surface area
between unrelated twin pairs versus related twin pairs
(“genotype effect”) was significant for the left but not
the right hemisphere. They suggested that there may
be some link between greater genetic control of the left
hemisphere, specialization of linguistic functions in the
left hemisphere, and human evolution. Whether the
differences between their findings and our findings are
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TABLE 9

Principal Component (PC) Analysis of Genetic Correlation Matrix

Principal component 1 Principal component 2

BA Region Right Left Right Left
1 Postcentral gyrus 0.19 0.13
4 Precentral gyrus 0.12
5 Superior parietal lobule 0.11 0.15
6 Premotor cortex 0.16
7 Precuneus 0.18
8 Dorsolateral prefrontal cortex 0.17 0.10 -0.14
9 Dorsolateral prefrontal cortex 0.15
10 Frontal pole —-0.13
11 Orbitofrontal cortex 0.13 0.16 0.12
12 Orbitofrontal cortex -0.13
18 Extrastriate cortex 0.14 0.20
19 Extrastriate cortex 0.14
20 Inferior temporal gyrus 0.18 0.22
21 Middle temporal gyrus 0.13
22 Superior temporal gyrus -0.10 -0.16
23 Post cingulate gyrus -0.13 -0.15
24 Ant.-mid cingulate gyrus -0.12 -0.12
25 Ant. cingulate gyrus -0.10
27 Retrosplenial cortex 0.10
28 Parahippocampal gyrus -0.10 -0.15
29 Retrosplenial cortex -0.13 -0.13
30 Retrosplenial cortex -0.13
35 Retrosplenial cortex -0.20
36 Occipitotemporal gyrus 0.18
38 Ant. temporal pole 0.12 0.13 0.20
39 Angular gyrus 0.16 0.19
40 Supramarginal gyrus 0.16 0.21
41 Transverse temporal gyrus -0.18 -0.19
42 Superior temporal gyrus -0.22 -0.25
43 Inferior postcentral gyrus 0.11
44 Inferior frontal gyrus 0.19 0.18
45 Inferior frontal gyrus -0.12
46 Dorsolateral prefrontal cortex 0.13
a7 Ventrolateral prefrontal cortex 0.19 0.21
— Hippocampus -0.10 0.11
— Putamen 0.24 0.22
— Brain stem -0.11 -0.12
— Cerebellum 0.18
— Insula -0.22 -0.23

Note. Anatomical regions loading on first and second principal components with eigenvector coefficients > |0.1| are shown here. The first
PC can be regarded as mainly a contrast between fronto-parietal neocortical structures and paralimbic/limbic structures; regions loading
strongly on the second PC include several lateral temporal cortical structures specialized for audition. Brain regions loading strongly on the

same PC share important effects on heritability.

accounted for by methodological differences, sample
heterogeneity, or some other factor is not clear. How-
ever, our results suggest that further studies are re-
quired before accepting that there is greater genetic
control of left than right regional brain structure.

Fluctuating Asymmetry

We did not find evidence for genetic control of fluc-
tuating asymmetry. Fluctuating asymmetry refers to
small and seemingly random left-right differences in
symmetrical structures of an organism. Van Valen
(1962) contrasted this with structures showing direc-

tional asymmetry (where there is normally a difference
in size of a structure on one side, e.g., the human heart)
and antisymmetry (where there is normally an asym-
metry induced by competitive interaction between the
two sides, e.g., human handedness). Fluctuating asym-
metry represents the failure of a developmental path-
way on the two sides of an organism to be buffered
against developmental noise. Molenaar et al. (1993)
argued that epigenetic processes (rather than genetic
or environmental processes) were the major source of
developmental noise and represented the chaotic out-
put of nonlinear deterministic systems. On this basis,
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our failure to identify the genetic control of fluctuating
asymmetry was expected and consistent with the re-
sults of other studies of heritability of fluctuating
asymmetry in human anatomy, e.g. dental dimensions
(Potter and Nance, 1976).

Genetic Correlation Matrix

Our analysis of the genetic correlation matrix for
regional cerebral gray matter identified two supra-
regional systems accounting for 24% of the total vari-
ance. We interpreted the first system as representing a
frontoparietal-limbic/paralimbic genetic contrast and
the second as a genetic system related to auditory
functions. We postulate that the common genetic con-
trol of these two anatomical systems relates to two
major processes in the evolution of the human brain:
first the massive increase in size of the neocortex rel-
ative to archicortex/mesocortex and second the devel-
opment of human language. In biomorphometric stud-
ies, the genetic correlation matrix has been used as a
convenient description for the genetic structure of com-
plex phenotypic traits, involving sets of interrelated
guantitative characters that are polygenically inher-
ited (Kingsolver and Wiernasz, 1991). In the field of
evolutionary biology, it has been postulated that the
genetic correlation matrix may reflect both develop-
mental and functional interrelationships between
characters (Turelli, 1988), resulting from the pleiotro-
pic effects of gene action, although caution is required
before inferring biological pleiotropism from statistical
pleiotropism (Carey, 1988).

Methodological Issues

It is timely to reconsider some of the methodological
issues arising from this study in relation to two com-
parable, recent imaging studies of brain heritability.
The work by Baaré et al. (2001) is distinguished by its
relatively large sample size (54 MZ and 58 DZ twins)
and by an interesting extension of the classical twin
design to include full siblings of twins (34 in total).
These elements combine to the benefit of the statistical
power of the study, which is estimated to have approx-
imately 80% power to detect heritability of 70% or more
(Posthuma and Boomsma, 2000). The study by Thomp-
son et al. (2001), like the work reported here, involved
20 MZ and 20 DZ twins and is therefore relatively
underpowered. The advantages of larger sample size
are concretely demonstrated by the generally larger
heritabilities, narrower confidence intervals, and more
significant P values reported by Baaré et al. (2001); see
Table 4. However, we have adopted a modeling strat-
egy very similar to that of Baaré et al. (2001), using Mx
software (Neale and Cardon, 1992; Neale, 1997) to
estimate parameters of univariate and multivariate
ACE models. In contrast, Thompson et al. (2001) used
a simpler estimator of heritability (twice the difference
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between MZ and DZ intraclass correlation coefficients),
which did not entirely disambiguate additive genetic
and common environmental sources of familial covari-
ance. The choice of a simpler estimator of broad-sense
heritability by Thompson et al. (2001) was motivated
mainly by the relatively low degrees of freedom avail-
able to estimate parameters of more complex models,
indicating that sample size may appropriately impact
on model specification as well as statistical power. Sim-
ilar considerations dictated our choice of an ACE model
rather than the more complex ACDE model, which
discriminates the effects of a dominant genetic (D)
factor from an additive genetic (A) factor.

In addition to sample size and its ramifications, one
other major point of difference between these studies is
the anatomical resolution of genetic effects. Thompson
et al. (2001) have pioneered the construction of genetic
brain maps which localize broad-sense heritability in
exquisite detail over the lateral cortical surface. They
have also developed permutation tests to assess the
significance of MZ-DZ differences in intraclass corre-
lations and interregional (e.g., left—right) differences in
heritability at each point on the cortical surface, with a
minimum of distributional assumptions and strong
type 1 error control (see Bullmore et al. (1999, 2001)
and Nichols and Holmes (2002) for introductions to
permutation testing in nongenetic brain mapping). The
study by Baaré et al. (2001), on the other hand, resolves
genetic effects anatomically only at the level of total
gray and white matter volumes and lateral ventricular
volume. Our study achieves an intermediate (regional)
level of anatomical resolution which is unrefined and
somewhat arbitrary compared to the voxel-level reso-
lution of Thompson et al. (2001) but has the compen-
satory merit of being comprehensive. Specifically, we
have estimated heritabilities of subcortical nuclei and
paralimbic structures on the medial hemispheric sur-
faces (cingulate and parahippocampal gyri) which
seem to express relatively strong genetic effects but are
not addressed in the lateral cortical surface-based
analysis of Thompson et al. (2001).

One future development to be anticipated on this
basis is the application of comprehensive and voxel-
level morphometric analyses to characterization of
brain heritability in twin samples large enough for
efficient estimation of genetic, environmental, and in-
teractive effects.

CONCLUSIONS

There is major interest in using neuroimaging to
understand genetic effects on human brain structure
and function. In the post-genomic era, one feasible and
promising strategy is to isolate genetic effects in terms
of single polymorphisms (Egan et al., 2001) but the
classical twin design remains potentially informative
about the relative importance of genetic effects com-



270

pared to nongenetic contributions to phenotypic vari-
ability. We have addressed some of the methodological
issues arising in estimation of heritability at global,
regional, and supraregional levels of human brain
structure. We have confirmed some prior results that
heritability of total brain volume is large compared to
heritability of lateral ventricular volume, and at a finer
level of anatomical resolution we have found that ge-
netic effects on symmetric brain structure are more
salient than genetic effects on asymmetric brain struc-
ture.
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