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Abstract Awealth of empirical evidence is accumulating on
the genetic mediation of brain structure phenotypes. This
comes from twin studies that assess heritability and genetic
covariance between traits, candidate gene associations, and
genome-wide association studies (GWAS) that can identify
specific genetic variants. Here we review the major findings
from each of these approaches and consider how they inform
on the genetic architecture of brain structure. The findings
from twin studies show there is a strong genetic influence
(heritability) on brain structure, and overlap of genetic effects
(pleiotropy) between structures, and between structure and
cognition. However, there is also evidence for genetic speci-

ficity, with distinct genetic effects across some brain regions.
Candidate gene associations show little convergence; most
have been under powered to detect effect sizes of the magni-
tude now expected. GWAS have identified 19 genetic variants
for brain structure, though no replicated associations account
for more than 1 % of the variance. Together these studies are
revealing new insights into the genetic architecture of brain
morphology. As the scope of inquiry broadens, including
measures that capture the complexity of the brain, along with
larger samples and new analyses, such as genome-wide com-
mon trait analysis (GCTA) and polygenic scores, which com-
bine variant effects for a phenotype, as well as whole-genome
sequencing, more genetic variants for brain structure will be
identified. Increasingly, large-scale multi-site studies will fa-
cilitate this next wave of studies, and promise to enhance our
understanding of the etiology of variation in brain morpholo-
gy, as well as brain disorders.
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Introduction

Imaging genetics is a rapidly emerging field integrating imag-
ing and genetic approaches to better understand the aetiology
of normal brain variation, and, especially mental illness. As
magnetic resonance imaging (MRI) measures of brain mor-
phology are thought to be closer to the biology of genetic
function than a behavioural phenotype or a disease syndrome
itself, they are often used as endophenotypes to provide an
objective tool to search for genetic variability in the brain
(Gottesman and Gould 2003; Glahn et al. 2007). To be the
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most useful, endophenotypes must meet certain criteria
(Gottesman and Shields 1967; Gottesman and Gould 2003),
inc lud ing tha t the endophenotype i s he r i t ab le .
Endophenotypes have been hypothesized to have a simpler
genetic architecture (Gottesman and Gould 2003), or reduced
genetic complexity (de Geus 2010) than other complex traits
and have higher penetrance for genetic variants because they
are biologically closer to the genes. However, there is a shift in
current perspect ive such that the importance of
endophenotypes is not in gene discovery itself, but rather, in
the critical insights they will likely provide into the neurobiol-
ogy underlying neurodegenerative, developmental, and neuro-
psychiatric conditions (Iacono et al. 2014).

Here we review imaging genetic studies focussing on brain
morphology, including i) twin studies that assess not only the
heritability of brain structure, but, importantly, the genetic
covariance between different brain structure phenotypes (e.g.
brain regions), ii) candidate gene association studies, which
are hypothesis driven, and iii) genome-wide association stud-
ies (GWAS) that can identify specific genetic variants and
provide insight into the biological mechanisms influencing
the structure of the brain. We review the major findings from
each of these approaches, and consider how they inform on
the genetic architecture of brain structure. We also provide a
brief overview of the methodology, highlighting important
design considerations and central themes that emerge from
the work, which are relevant to future research.

Twin and Family Imaging Studies

Twin and family studies provide a powerful method to establish
the heritability of brain imaging phenotypes (see below for a
brief overview of how twin studies estimate heritability). The
very first study examined total brain volume and included ten
identical (monozygotic (MZ)) and nine non-identical (dizygot-
ic (DZ)) twin pairs (Bartley et al. 1997). Today there are several
large imaging cohorts for which structural scans have been
acquired in over 100 pairs of twins (200 individuals) or multi-
ple members from the one family. These studies include imag-
ing cohorts from North America (CLDRC, GOBS/SAFHS,
FHS, NIMH/PTS, NHLBI, QNTS, UNC, VETSA), Europe
and the UK (FNTR, TEDS, NTR/UMCU) and Australia
(OATS, QTIM, TWIN-E) (Table 1). Together, the cohorts cov-
er a wide age range. Some cohorts themselves cover much of
the lifespan (FHS, GOBS/SAFHS, NTR/UMCU, TWIN-E),
whereas others are more restricted with respect to age, focus-
sing on either neonates and children (NIMH/PTS, QNTS,
TEDS, UNC), adolescents and young adults (CLDRC,
QTIM), middle-aged adults (FNTR, VETSA) or the elderly
(NHLBI, OATS). Encouragingly, for a number of the cohorts
(NIMH/PTS, NHLBI, NTR/UMCU, OATS, QTIM) imaging
data are being acquired at more than one time point using the

same imaging protocol. Longitudinal studies in genetically in-
formative samples are vital to characterise the extent that
changes in brain structure during the life course are due to
genes and/or the environment. As can be seen in Table 1, for
almost all cohorts global and regional brain volumes have been
extracted, with more recent efforts examining cortical topogra-
phy and white matter integrity. For many cohorts there is also
extensive phenotyping on a wide range of measures, including
cognition, as well as resting state and/or task based functional
magnetic resonance imaging (fMRI) (Glahn et al. 2010; Koten
et al. 2009; Blokland et al. 2011).

Estimating Heritability and Multivariate Genetic Analysis

The pattern of MZ and DZ twin correlations provides a first
indication of whether there is a genetic contribution to brain
morphology. Increased similarity between MZ twins com-
pared to DZ suggests that variation in brain structure is influ-
enced by additive genetic factors, while increased similarity
between DZ twins (DZ twin correlation is more than half the
MZ twin correlation) suggests an effect of common (i.e.
shared) environment. Non-additive genetic effects will further
increase the degree of similarity between MZ twins compared
to DZ, though large samples are required to detect non-
additive genetic effects (Martin et al. 1978). As well as exam-
ining twin correlations most studies use standard ACE model
fitting analysis in Mx (Neale and Cardon 1992) to partition the
variance in a structure into additive genetic (A), common en-
vironmental (C) and unique or non-shared environmental (E)
sources. Variation due to dominant genetic (D) effects can also
be partitioned; though not simultaneously with C in samples
where twins are reared together (C and D are confounded in
this instance). See Evans et al. (2002); Neale and Cardon
(1992) and Verweij et al. (2012) for excellent reviews of the
twin method and genetic analyses.

The twin design can be extended to include additional fam-
ily members such as siblings, estimate the effects of covariates
such as age to improve the fit of the model, allow multiple
phenotypes to be studied simultaneously or to analyse more
complex genetic and environmental influences (e.g. interac-
tion terms such as gene-environment correlation). By includ-
ing multiple phenotypes, as shown in Fig. 1, it is possible to
decompose the variance both within and between variables
into genetic and environmental components. From this, genet-
ic, environmental and phenotypic correlations can be calculat-
ed, with the genetic correlation indicating the extent to which
two different structural measures share genetic influence. For
example, a genetic correlation of 1 indicates two traits are
influenced completely by the same latent genetic factor(s).
Several studies have examined the genetic overlap among
different brain measures, and a few have investigated whether
there is any genetic overlap across brain structure and cogni-
tion. We review these studies in the sections below.
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Besides twin studies, heritability can also be estimated
from family pedigrees (Kochunov et al. 2009). More recently
it has become possible to estimate heritability directly from
DNA (Yang et al. 2011). This method, often called GCTA
(Genome-wide Complex Trait Analysis), estimates the genetic
influence (heritability) using genome-wide genotypes from
very large samples (i.e. thousands) of unrelated individuals,
rather than comparing MZ and DZ twins. GCTA detects only
the genetic effects that are tagged by common single nucleo-
tide polymorphisms (SNPs) (allele frequencies greater than
1 %) available on a DNA array used in GWAS. Thus GCTA
heritability (or SNP heritability) is not expected to be as large
as the heritability estimated from twin studies that can detect
genetic influences due to DNA variants of any kind
(Vinkhuyzen et al. 2013). GCTA can also be extended to
multivariate analysis to estimate the SNP heritability of each
phenotype and the SNP-correlation between phenotypes
(Wray et al. 2014). To date only a few studies have estimated
SNP heritability of brain imaging phenotypes (Bryant et al.
2013; Adib-Samii et al. 2015), mainly because very large
samples are necessary, requiring genotypes and phenotypes
to be shared among several research groups (which is not
always possible). We discuss these results later.

Heritability of Brain Structure

The growing number of imaging studies in twins and families
provides strong evidence that individual differences in brain
structure are due to both genetic factors and the environment.
Fig. 2 shows heritability estimates for a range of measures,
including global and regional brain volumes, subcortical

volumes, cortical thickness and white matter integrity. These
results are from a recent meta- and mega-analysis (Blokland
et al. 2012; Kochunov et al. 2014), or a new meta-analysis,
including data that has accumulated since 2012. Heritability
estimates range from moderate to high i.e. 40 % to >80 %. As
noted previously (Blokland et al. 2012), lower heritability
estimates are generally found for smaller brain structures rel-
ative to larger global or lobar structures. However, whether
one structure has a higher heritability than the other needs to
be interpreted with care. As seen in Fig. 2, confidence inter-
vals for heritability estimates overlap for many structures.

Notably, few studies have examined whether the heritabil-
ity of imaging phenotypes is a function of gender (Chiang
et al. 2011). By dividing twin pairs into five groups (MZmale,
MZ female, DZ male, DZ female, DZ opposite sex pairs), sex
limitation modelling can estimate both qualitative and quanti-
tative differences between males and females (i.e. is heritabil-
ity larger in one sex than in the other (same genetic source,
different magnitude), or whether a factor (genetic or environ-
mental) effects one sex but not the other). As different
neurodevelopmental trajectories for males and females have
been reported (Dennison et al. 2013; Koolschijn and Crone
2013; Lenroot and Giedd 2010), and as the majority of the
cohorts include both opposite and same sex pairs, these stud-
ies will be well placed to examine sex-dependent effects as
their samples increase. Additionally, throughout development
into old age, the structure of the brain changes over the life
course. While cross sectional studies have demonstrated her-
itability changes associated with age (Lenroot et al. 2009;
Wallace et al. 2006), longitudinal twin studies (Schmitt et al.
2014; van Soelen et al. 2012) that are well powered (large
samples) are needed to detect changes in heritability for dif-
ferent brain structures as a function of age. Recently, some
progress was made when several groups with longitudinal
imaging data on twins worked together as part of the ENIG
MA Consortium to estimate the heritability of subcortical
brain plasticity (Brouwer et al. 2015).

Though heritability tells us nothing about the underlying
genes or the number of genes involved or their effect size, the
magnitude of the heritability estimate does provide some in-
dication of the statistical power for discovering the causal
genes of a trait (Bochud et al. 2012). For example, if the
heritability estimates of several brain structures are available,
the structure with the highest heritability estimate can be cho-
sen for genome-wide association studies (e.g. Stein et al.
(2012) selected hippocampus and intracranial volume on this
basis). A general benchmark is to consider heritability esti-
mates below 20 % as low, those between 20 and 50 % as
moderate, and estimates above 50 % as high. Of the 67 brain
structure phenotypes in Fig. 2, two structures (bilateral lateral
ventricles, corticospinal tract) are moderately heritable, with
all others highly heritable. Nonetheless, a high heritability
estimate does not imply that genetic variants associated with

Fig. 1 Correlated factors bivariate twin model. a, c and e are the latent
additive genetic, common environment and unique environment factors
respectively, which influence cerebral gray and white matter volume. rg,
rc and re are the genetic, common environmental and unique
environmental correlations respectively, with rp the phenotypic
correlation between the two observed traits. a, c and e represent
parameter estimates, conceptualised as the strength of the latent factor
on the phenotype

Neuropsychol Rev



the brain structure will have a large effect on the phenotype
(Visscher et al. 2008). Limitations of heritability estimation
include a lack of information on the mode of inheritance of
the trait, and the possibility that heritability estimates may
vary across populations or with time. This may be especially

relevant to child and adolescent samples, with Schmitt et al.
(2014) reporting increases in cortical thickness heritability es-
timates during the first two decades of life. The finding of a
similar genetic architecture behind subcortical structures in
young (Rentería et al. (2014) and middle-aged (Eyler et al.

Fig. 2 Additive genetic estimates and 95 % confidence intervals for a
volumetric and cortical thickness and b fractional anisotropy (FA) white
matter integrity. a Meta-analysis combining estimates from Blokland
et al. (2012) and 3 additional studies, some of which include new
imaging phenotypes not included in Blokland et al. 2012; * denotes
revised heritability estimate, and ^ denotes new phenotype. The meta-
analyses including the additional studies (Batouli et al. 2014; den
Braber et al. 2013; Rentería et al. 2014) used the same methodology as
Blokland et al. (2012). Full ACE estimates available in Online Resource
1. b FA white matter mega-analysis estimates (Kochunov et al. 2014)
publically available from http://enigma.ini.usc.edu/ongoing/dti-working-
group/2014_nimg/. A harmonisation protocol combined DTI for 2248
participants from five cohorts followed by a mega-analysis to estimate

heritability. 3rd third ventricle; AMYG amygdala; bilat bilateral; CB
cerebellum; CAUD caudate; CC corpus callosum; CING_G cingulum
gyrus; cGM cerebral gray matter; CST corticospinal tract; CR corona
radiate; CT cortical thickness; cWM cerebral white matter; EC external
capsule; FA fractional anisotropy; FR frontal; FX fornix;GM gray matter;
GP globus pallidus; HIP hippocampus; IC internal capsule; ICV
intracranial volume; IFO inferior fronto-occipital fasciculus; L left; LH
left hemisphere; LV lateral ventricle; NA nucleus accumbens; OCC
occipital; PAR parietal; PTR posterior thalamic radiation; PUT putamen;
R right; RH right hemisphere; SFO superior fronto-occipital fasciculus;
SLF superior longitudinal fasciculus; SS sagittal stratum; TBV total brain
volume; TCV total cerebral volume; TEMP temporal; THAL thalamus;
WM white matter
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2011) adults possibly suggests greater stability in heritability
estimates following adolescence. In samples with a wide age
range there may be cohort effects, which may confound the
Bequal environment^ within the sample population (Bochud
et al. 2012).

The pervasiveness of a genetic contribution to brain struc-
tural measures does not mean that environmental influences
are not important. Both genetic and environmental (non-
genetic) factors contribute to the variance in brain structure.
Non-genetic factors include identifiable environmental factors
and measurement error, though both are not well assessed.
However, recently collaborative studies such as IMAG
EMEND (Frangou 2014) have begun collecting information
on environmental factors as well as genetic data. This will
facilitate considerations of the interplay between genes and
the environment in the development of the brain, brain ageing,
as well as psychiatric disorders.

Issues in Estimating Heritability For Imaging Phenotypes

Sample size, namely whether it is large enough to provide
sufficient power to detect genetic variance (heritability) is an
important consideration. Generally, the global brain measures
in Fig. 2 are available on large samples; the smaller confidence
intervals for the heritability estimates reflect this increased
power. Many of the early imaging studies in twins were re-
stricted by small sample size (Bartley et al. 1997; Pennington
et al. 2000; Wright et al. 2002) so the degree to which the
results can be generalized to larger populations is somewhat
limited. The high cost of brain imaging and twin recruitment
are ever present factors impacting sample size for imaging
genetics studies. The mega-analysis approach undertaken by
Kochunov et al. (2014) is an engaging future research direc-
tion for addressing such concerns. In this method, imaging
data from multiple sites are pooled together and analysed as
one data set, ensuring homogeneity of processing. Though the
sharing of data across research groups is not always possible,
this technique allows for large sample sizes to be amassed and
removes one level in which error variance may be introduced
(measurement variability).

Another issue is that some brain structures are more easily
measured than others. In assessing or ranking heritability es-
timates, any differences in measurement error need to be con-
sidered. For example, the lower heritability estimates for
smaller brain structures (e.g. nucleus accumbens) may be
due to increased measurement error, as reflected in lower
test-retest reliability (Morey et al. 2010; Nugent et al. 2013;
Rentería et al. 2014). Measurement error artificially reduces
the similarity between MZ twins and thereby reduces herita-
bility estimates (i.e. reliability sets the upper limit for herita-
bility by constraining the maximum possible correlation be-
tween MZ twins). How well a brain region or white matter
tract can be reliably measured is often overlooked, but in the

absence of test-retest reliability statistics it is difficult to deter-
mine if low heritability estimates are valid or simply reflect
measurement error (Kuntsi et al. 2006). If test-retest statistics
were provided alongside heritability estimates (e.g. as per
Rentería et al. (2014)), any differences in the genetic contri-
bution across measures could be better evaluated. For exam-
ple, as the intra-class correlation (ICC) is conceptually analo-
gous to the r2 obtained in regression analysis (Rousson et al.
2002), it is possible to make a direct comparison between the
portion of variability not explained between the repeats (1 - r2

test‐retest or 1 – ICC test-retest) and e2 (variance due to non-
shared environment and measurement error). Where e2 ex-
ceeds unreliability (1 - r2 test‐retest), non-shared environmen-
tal influences are greater than measurement error. Conversely,
measurement error is greater than non-shared environment
when unreliability (1 - r2 test‐retest) is greater than e2. See
Online Resource 2 for an example. Further, the accuracy of
the heritability estimate can be increased by modelling unre-
liability (Kuntsi et al. 2006; Luciano et al. 2001), though this
can result in an overestimation of the genetic effects (Luciano
et al. 2001). Thus it is better to improve measurement of a
phenotype rather than statistically adjust for measurement er-
ror (Kuntsi et al. 2006). For genetic association studies to
build upon the findings of heritability estimates, imaging phe-
notypes, and the resulting heritability estimates, should be as
reliable as possible.

A further consideration, especially when comparing or
meta-analyzing heritability estimates, is the use of different
software to segment and measure the brain (Gronenschild
et al. 2012; Morey et al. 2009), as well as the MRI platform
or field strength used for scanning (Jovicich et al. 2009; Han
et al. 2006). Variation in measurement can arise through dif-
ferences in software methodologies (Freesurfer, FSL, SPM),
but also differences within the same analysis package (i.e.
different versions of the same software). For instance,
Rentería et al. (2014) reported test-retest Pearson’s correla-
tions of 0.51 and 0.52 for mean nucleus accumbens and amyg-
dala volume respectively, extracted through Freesurfer 5.1.
Correlations from the same sample extracted through
Freesurfer 5.3, and with improved intensity inhomogeneity
correction, increased to 0.68 and 0.77 respectively. Recently,
standardised imaging and analysis protocols have been
adopted for multi-site analyses (e.g. as implemented by the
ENIGMA consortium) to address this issue and enhance phe-
notypic heritability.

Are there Overlapping or Distinct Genetic Factors
Contributing to Brain Structure?

While the brain can be segmented into many regions and
quantified in different ways, several brain structure pheno-
types are highly correlated. For instance, individuals with a
large gray matter volume also have a large white matter
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volume (Baare et al. 2001). Several twin studies have investi-
gated whether different brain structure phenotypes are genet-
ically correlated (Table 2). A number of these show high ge-
netic correlations, such as between intracranial and thalamus
volume (Rentería et al. 2014), cortical gray and white matter
volume (Baare et al. 2001), gray matter volume and surface
area (Winkler et al. 2010) and longitudinal change in total
cerebral and cerebellum volume (van Soelen et al. 2013).
The average phenotypic correlation for these studies is .60.
The genetic correlations are slightly higher, ranging from
0.68 to 0.88, indicating an overlapping set of genes are re-
sponsible for the heritability of these brain structure pheno-
types. Genetic correlations estimate the extent that genetic
effects on one phenotype are correlated with the genetic ef-
fects on another phenotype, independent of their heritability.
Overlapping genetic effects provide evidence for pleiotropy
(each gene affects many traits) across the brain, and this has
mostly been demonstrated between regional brain volumes
and/or global measures.

Examining cortical thickness in 54 cortical sub-regions,
Schmitt et al. (2008) identified a single factor accounting for
over 60 % of the genetic variability in cortical thickness mea-
surements. Using the same sample they also reported a strong
genetic factor influencing variation between lobar volumes
(Schmitt et al. 2010). Interestingly, in both studies, after
correcting for mean cortical thickness or total brain volume,
regionally specific patterns of genetic influence emerged,
showing that there is genetic specificity, with distinct genetic
effects across brain regions. Examining cortical thickness,
Chen et al. (2013) reported distinct clusters of genetic influ-
ence throughout the cortex, i.e. different sets of genes influ-
enced cortical thickness in different areas of the cortex. The
structuring of these clusters appeared to reflect differences in
maturation timing, and also the division between primary and
association cortex. However, in an older sample, genetic ef-
fects on lobar volumes tended to be general rather than spe-
cific (Batouli et al. 2014). Differences in sample age andmeth-
odology across studies may account for these findings.

The low phenotypic and genetic correlations found for
some of the studies shown in Table 2 also suggest that a
common genetic influence does not extend to all areas of the
brain, or two measures of the same structure. For example,
Panizzon et al. (2009) andWinkler et al. (2010) found that two
standard measures of gray matter (cortical thickness and sur-
face area), shared little genetic overlap. Further, Rentería et al.
(2014) identified region specific genetic factors explaining
over 50% of the heritability in hippocampus, caudate nucleus,
amygdala and nucleus accumbens volumetric measures.
These findings confirmed those of a prior study (Eyler et al.
2011), and demonstrate a similar genetic framework for sub-
cortical structures across young and older adults.

Clearly, further work is needed to determine the pattern of
genetic effects on brain structure phenotypes. A limited range

of brain structure phenotypes have been examined and we
have little understanding of whether the genetic covariance
across brain structure phenotypes changes throughout the
lifespan, or how such genetic organization reflects brain
function.

Shared Genetic Influences Across Brain Structure
and Cognitive Ability

Both brain structure (Blokland et al. 2012; Kremen et al.
2010) and cognitive ability (Deary et al. 2010; van Soelen
et al. 2011) show substantial individual variability, much of
which appears to be influenced by genetic factors.
Multivariate studies have revealed that, to some degree, these
genetic factors overlap. Table 3 displays phenotypic, genetic,
and environmental correlations between measures of brain
morphology and intelligence. Notably, the phenotypic corre-
lations peak at approximately ±.30, thus brain structure is at
best moderately associated with cognitive ability. However,
genetic and environmental influences can sometimes have op-
posing effects that cancel each other out (Brans et al. 2010).
Alternatively, both genetic and environmental factors can
have the same direction of influence and thus enhance the
phenotypic correlation (Brouwer et al. 2014b), and in some
cases, the association is largely due to a common genetic
source (Brans et al. 2010). The majority of studies to-date
have focused on total measures of gray and white matter tissue
(Posthuma et al. 2002, 2003; Betjemann et al. 2010; van
Leeuwen et al. 2009). Interesting, Vuoksimaa et al. (2014)
recently demonstrated genetic associations between cortical
volume and cognitive ability to be the result of variation in
cortical surface area, but not cortical thickness. White matter
tracts have also shown phenotypic and genetic overlap with
cognition (Karlsgodt et al. 2010; Chiang et al. 2009), possibly
illustrating biological networks underpinning intelligence.
Overall, the low phenotypic correlations reported by studies
signify that while there does appear to be pleiotropy across
brain structure and function, overlapping genes have only a
small association with intelligence. Future studies focusing on
the neural circuitry associated with cognitive ability (as op-
posed to global or anatomical brain divisions) may be able to
tap into a greater phenotypic relationship between brain mor-
phology and function, thereby identifying genetic factors with
stronger genetic influences on cognition. Further, the relative
importance of genetic and environmental factors may vary
across the lifespan, with periods such as adolescence being
of particular interest (Lenroot and Giedd 2008) and a potential
target for future work.

Examining associations between brain development trajec-
tories and whether this predicts cognitive performance, and
whether shared genetic factors underlie such an association
(and if this represents causality) are important future research
questions. Additionally as studies have shown environmental
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Table 2 Shared genetic influence across brain structures

Reference Cohort n pairs MZ/DZ
(age in years)

Phenotypesa rp rg re

Posthuma et al. (2000) NTR/UMCU 53/58
(19–69)

ICV & CB – .57 .44

Pfefferbaum et al. (2000) NHLBI 45/40
(68–78)

CC msa height & LV bilat .66 .68 .58

Baare et al. (2001) NTR/UMCU 54/58
(19–69)

cGM & cWM
ICV & cWM
ICV & cGM
ICV & TBV

.59

.81

.84

.93

.68

.83

.90

.95

.03

.66

.49

.79

Schmitt et al. (2007) NIMH 127/36
(5–18)

(Lowest rg) LV bilat & THAL bilat
(Highest rg) TCV & THAL bilat

–
–

0
.97

−.22
.35

DeStefano et al. (2009) FHS 1538 subjects (34–97) (Lowest rg) OCC lobe & LV bilat
(Highest rg) TEMP lobe & HIP bilat

−.01
.38

.01

.76
.01
−.11

Panizzon et al. (2009) VETSA 110/92
(51–59)

cGM CT & SA
(Lowest rg) PCC R CT & SA
(Highest rg) lat OCC R CT & SA

.01
−.06
−.03

.08

.01

.88

−.13
−.03
−.11

Kochunov et al. (2009) SAFHS 459 subjects (19/85) Subcortical WMHI & ependymal WMHI – .46 .07

Kochunov et al. (2010) SAFHS 467 subjects (19–85) FA mean & L⊥ mean
FA mean & L|| mean
L⊥ mean & L|| mean

–
–
–

−.68
−.70
.95

–
–
–

Rogers et al. (2010) GOBS 242 subjects (19–85) SA mean & GI mean
C mean & GI mean

–
–

−.60
-.73

–
–

Schmitt et al. (2010) NIMH 127/36
(5–18)

(Lowest rg) PAR GM & TEMP WM
(Highest rg) FR GM & TEMP GM

–
–

.56

.94
–.10
.86

Winkler et al. (2010) GOBS 486 subjects
(26–85)

(Lowest rg) PCUN GM & PCUN CT
cGM & SA
(Highest rg) TEMP pole GM & TEMP

pole SA

.10

.85

.81

.03

.85
1

.16

.85

.76

Eyler et al. (2011) VETSA 110/92
(51–59)

(Lowest rg) THAL L & LV L
THAL L & HIP R
(Highest rg) CAUD L & CAUD R

–
–
–

0
.51
1

–
–
–

Panizzon et al. (2012) VETSA 130/97
(51–60)

(Lowest rg) PCUN LWM/GM
contrast & PCUN L CT

(Highest rg) PCAL RWM/GM
contrast & PCAL R CT

.15
−.54

−.01
−.89

.33
−.34

van Soelen et al. (2012) NTR/UMCU 23/28
(T1 Mean = 9)
(T2 Mean = 12)

(Lowest rg)
Δ in FR R CT & Δ in sup

TEMP L CT over 3 years
(Highest rg)

Δ in inf PAR L CT & Δ in
inf FR L CTΔ over 3 years

0
.30

−.01
1

–
–

van Soelen et al. (2013) NTR/UMCU 23/28
(T1 Mean = 9)
(T2 Mean = 12)

Δ in TCV & Δ in height over 3 years
Δ in CB & Δ in height over 3 years
Δ in TCV & Δ in CB over 3 years

.09

.24

.49

.39

.48

.88

−.13
−.05
.34

Batouli et al. (2014) OATS 77/41
(65–88)

(Lowest rg) cGM & cWM
(Highest rg) TEMP & TCV

–
–

.17

.95
.56
.9

Rentería et al. (2014) QTIMS 148/202
(16–29)

(Lowest rg) CAUD mean &
AMYG mean

(Highest rg) ICV & THAL mean

.10

.76
.13
.86

–
–

a These phenotypes are volumes unless otherwise stated. Where results for a large number of structures are reported, the regions with lowest and highest
genetic correlations are shown. Multivariate studies were identified through a PubMed search of the following terms: twin - brain - imaging - MRI -
genetic. With a cut-off date of 1 July 2014, 27 studies were identified, with an additional 18 studies identified manually through references. Those that
could be quantified are summarised in Tables 2 and 3, with those that could not be quantified (Chen et al. 2011, 2012, 2013; Chiang et al. 2009, 2012;
Giedd et al. 2007; Schmitt et al. 2008, 2009; Wallace et al. 2010; Wright et al. 2002; Rimol et al. 2010; Eyler et al. 2011; Jahanshad et al. 2013a)
consistent with tabled findings

AMYG amygdala, bilat bilateral, C cerebral; CAUD caudate, CB cerebellum, CC corpus callosum, cGM cerebral gray matter, cWM
cerebral white matter, CT cortical thickness, FA fractional anisotropy, FR frontal, GI gyrification index, GM gray matter, HIP hippo-
campus, inf inferior, ICV intracranial volume, L left, lat lateral, L|| axial diffusivity, L⊥ radial diffusivity, LV lateral ventricle, msa
midsagittal area, OCC occipital, PAR parietal, PCAL pericalcarine cortex, PCC posterior cingulate cortex, PCUN precuneus, R right, re
environmental correlation, rg genetic correlation, rp phenotypic correlation; SA surface area, sup superior, T1/T2 time one/time two, TBV
total brain volume, TCV total cerebral volume, TEMP temporal, THAL thalamus, WM white matter, WMHI white matter hyperintensities,
Δ change
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factors can influence intelligence (Bates et al. 2013; Tucker-
Drob et al. 2011; Turkheimer et al. 2003), determining if gene
by environment interactions modify genetic associations be-
tween structure and cognition could prove crucial to our un-
derstanding of brain development. Also worth exploration is
the gene-environment correlation (Plomin et al. 1977), which
denotes the possibility that differential environmental effects
can occur as a function of genetics (active gene-environment
correlation). For example, individuals may choose to under-
takementally challenging activities (due to genetic influences)
which may then influence cognitive ability or brain morphol-
ogy. Furthermore examining if the magnitude of genetic over-
lap between brain morphology and cognitive ability differs by
brain regions and structural phenotype (cortical thickness, vol-
ume, white matter integrity) will aid in identifying Bhigher
order^ brain structures especially sensitive to genetic or envi-
ronmental influences. Multivariate twin studies provide un-
paralleled insights into the genetic relationships between brain
structures and behavioral traits, and offer basic insights into
the genetic mechanisms behind the human brain, which ge-
netic association studies can build upon.

Candidate Genes for Brain Morphology

Candidate gene studies of brain phenotypes, especially prior
to the GWAS era, offered the possibility of revealing genetic
impact on neurobiological mechanisms that underlie human
behaviour (Bigos and Hariri 2007; Bigos and Weinberger
2010; Addington and Rapoport 2012). Consequently, there
is a large and ever growing number of publications, particu-
larly for genetic polymorphisms known to be relevant to psy-
chiatric illness and behavioural problems, as reviewed (e.g.
Iofrida et al. 2014; Erhardt and Spoormaker 2013; Duff et al.
2013; Flint and Munafo 2013; Tost et al. 2012; Hasler and
Northoff 2011; Meyer-Lindenberg 2010; Durston 2010). This
work builds on the broader literature of gene characterisation,
including studies of gene structure and the identification of
critical polymorphisms, protein expression in the brain, as
well as physiological function and implication in brain-
related illnesses (e.g. Adachi et al. 2014).

The first candidate gene study of an MRI-based phenotype
was published in 2000 (Bookheimer et al. 2000; Bigos and
Weinberger 2010) and was for the APOE (apolipoprotein E)
gene, an Alzheimer’s disease risk gene involved in lipid me-
tabolism and injury repair in the brain (Liu et al. 2013). The
study showed that carriers of the ε4 risk allele had greater
memory-related activation in brain regions affected by
Alzheimer’s disease than non-carriers. Many other studies
followed (see reviews Liu et al. 2015; Cherbuin et al. 2007),
exploring the effect of the risk allele on indicators of brain
vulnerability (such as smaller volumes (Knickmeyer et al.
2014) and greater atrophy over time (Hostage et al. 2014) in

ε4 carriers compared to non-carriers), particularly in regions
associated with Alzheimer’s disease (e.g. Knickmeyer et al.
2014). Other candidate genes that have received extensive
attention are BDNF (brain-derived neurotrophic factor) and
COMT (catechol-O-methyltransferase), both of which have
been implicated in cognitive and emotional processing.
BDNF is the most studied neurotrophin in the central nervous
system due to its importance in the development and main-
tenance of normal brain functions (Adachi et al. 2014) and
decreased levels have been associated with neurodegene-
rative, developmental, and neuropsychiatric disease (Allen
et al. 2013; Ignacio et al. 2014; Malter Cohen et al. 2013). It
is highly expressed in the prefrontal cortex and hippocam-
pus (Pezawas et al. 2004), making these regions of interest
in imaging studies. COMT is a dopaminergic system-related
gene that dominates the regulation of dopamine metabolism
in the prefrontal cortex (Scheggia et al. 2012). It has been
widely studied in relation to neurocognitive processes and
conditions such as depression, with considerable attention
paid to brain systems linked to emotional processing
(Antypa et al. 2013). Neuroimaging candidate gene studies
have targeted specific structures and networks (e.g. hippo-
campal volume (Shi et al. 2013; Harrisberger et al. 2014;
Wang et al. 2013b), Alzheimer’s disease-related network
(Hostage et al. 2014)), or alternatively, taken a whole brain
approach (e.g. Brooks et al. 2014; Zhang et al. 2013; Dean
et al. 2014).

However, many candidate gene studies of brain morphol-
ogy have not been replicated and there are considerable incon-
sistencies across studies (e.g. see reviews for APOE (Chetelat
and Fouquet 2013), BDNF (Harrisberger et al. 2014), and
COMT (Barnes et al. 2012; Ira et al. 2013)). In an effort to
gain some clarity several meta-analyses have been conducted.
For example, a meta-analysis of APOE genotype effects on
hippocampal volume (Liu et al. 2015) showed that ε4 carrier
status was associated with smaller volumes (N = 760; 6 studies
including Alzheimer’s disease, mild cognitive impairment,
and cognitively normal individuals). However, a study of
BDNF Val66Met effects on hippocampal volume in healthy
individuals (Harrisberger et al. 2014) concluded that there
was no effect (N = 5298; data from 32 independent studies),
consistent with GWAS; see http://enigma.ini.usc.edu/enigma-
vis/ (Stein et al. 2012)). Similarly, meta-analyses assessing
genetic effects on white matter hyperintensities (Paternoster
et al. 2009) did not find convincing evidence of association for
APOE (N = 8546; 24 studies),MTHFR (N = 2796; 3 studies),
AGT (N = 2702; 6 studies), or ACE (N = 2316; 9 studies).

This lack of replication is not specific to imaging pheno-
types. Candidate gene studies of complex traits in general
(Hewitt 2012), including intermediate phenotypes such as
subjective and physiological responses (Hart et al. 2013), are
often not replicated. The reasons for this inconsistency and the
problem of false positives, have been addressed in several
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reviews (Hewitt 2012; Ioannidis et al. 2008; Little et al. 2009;
Moonesinghe et al. 2008; Munafo and Gage 2013; Sullivan
2007). The main issues are (i) sample size, (ii) the level of
statistical evidence required, as for example, based on prior
probability andmultiple testing, (iii) confounding factors such
as population stratification and genotyping errors, and (iv) the
need for replication and/or meta-analyses to provide an addi-
tional level of validation, which we have summarised in the
form of a checklist (Table 4). It consists of seven checkpoints
for reducing false positives (first column), the reasons why
these points should be considered (middle column), and some
recommendations (last column). A recommendation with re-
spect to sample size is to use effect sizes from well-powered
GWAS as a guide. Of course, insights derived from GWAS
have only been possible since 2007, when the first neuroim-
aging GWAS was published (Seshadri et al. 2007), and thus
far these studies have largely focussed on brain volumes (see
Table 5). Prior to GWAS, it was believed that effect sizes for
candidate genes would be much larger for associated biolog-
ical traits than for target behavioural and psychiatric traits (e.g.
Inoue and Lupski 2003).

To assess the extent that candidate gene studies of brain
morphology are now taking steps to reduce false positives,
we examined publications from January 2013 to July 2014
for the frequently studied APOE, BDNF, and COMT genes.
In total, we identified 58 publications (27 APOE, 22 BDNF, 9
COMT; Online Resources 3–5). While this is a narrow band,
the studies are generally representative of the larger body of
work in terms of the range of imaging phenotypes examined
(from single measures through to whole brain approaches),
sample size (from small studies of 30 individuals to meta-
analysis of >5000), age range (neonates to the elderly), cohort
(both healthy and patient groups), study design (including
longitudinal, gene-gene interactions, gene-environment inter-
actions), and differing ancestral populations. While the con-
siderable between-study diversity makes comparison (and
thereby consistency of findings) difficult to assess, we can
nonetheless assess overall study power as well as the issue
of replication.

Excluding meta-analyses, sample sizes for these studies
ranged from 36 to 1147 for APOE, from 30 to 645 for
BDNF, and from 30 to 274 for COMT. Figure 3 shows the
power to reject the null hypothesis and declare a significant
association, by sample size and amount of variance explained,
for three different significance thresholds (α = 0.05 (Fig. 3a),
α = 5.0 × 10−5 (Fig. 3b), and α = 5.0 × 10−8 (Fig. 3c)). Broer
et al. (2013) recommended a threshold of 0.05 be used when
the prior probability of true association is high (i.e.
α < 1.0 × 10−7 in GWAS), but that a threshold of 1.0 × 10−5

be adopted for candidate genes not having prior probability
established through GWAS, while 5.0 × 10−8 is the standard
threshold required for GWAS significance. At the 0.05 thresh-
old, a sample of 1566 would provide 80 % power to detect an

additive 0.5 % effect, while a sample of 4785 would be re-
quired for the 5.0 × 10−5 threshold and 7900 for the 5.0 × 10−8

threshold. Superimposed upon the curves in Fig. 3a, b, and c,
are the maximal sample sizes of the candidate gene studies of
APOE (green line), BDNF (blue line), and COMT (red line).
As is evident from these figures, even at the most lenient
threshold for significance no studies other than meta-
analysis (Harrisberger et al. 2014) achieved the canonical
80 % power threshold (at which we expect true effect will
be missed 20 % of the time) to detect an effect accounting
for 0.5 % of the variance. Note that large-scale GWAS studies
thus far indicate that common genetic variants are likely to
account for less than 0.5 % of phenotypic variance in complex
traits, including structural brain imaging phenotypes (Flint
and Munafo 2013; Hibar et al. 2015), and further, indicating
that effect sizes reported in candidate gene studies have in
some cases been overestimated (the accuracy of estimates of
effect size is influenced by study power). Last, for a continu-
ous distributed trait, which is the case for most measures of
brain morphology, the amount of variance accounted for is a
function of the minor allele frequency (MAF) of the candi-
date gene (Fig. 3d).

While it is possible to increase power by only genotyping
individuals with extreme phenotypes (i.e. ±2 standard devia-
tions from the mean) this strategy is not commonly used in
imaging studies as it requires a large pool of phenotyped in-
dividuals to select from. However, the related practice of over
sampling cases (or collecting phenotypes in a case control
sample) is often used in imaging studies. Conceptually this
method involves over sampling from one end of the distribu-
tion; however, the gain in power is dependent on the correla-
tion between the trait studied and the disease on which the
participants are ascertained. An example of a case–control
imaging genetics cohort is the Alzheimer’s Disease
Neuroimaging Initiative (ADNI, http://www.adni-info.org/),
for which the target sample was 800 individuals, comprising
200 healthy elderly, 400 with mild cognitive impairment, and
200 with Alzheimer’s disease (Mueller et al. 2005).

Candidate gene studies of brain morphology often examine
multiple phenotypes and include correction for multiple
testing, as seen in recent studies (e.g. Aas et al. 2013; Brown
et al. 2014; Hostage et al. 2014; Knickmeyer et al. 2014; Rabl
et al. 2014; Zhang et al. 2013). On the related issue of multiple
testing from the same dataset, it is becoming more common for
studies to report where analyses and prior studies have used
overlapping samples (e.g. Blokland et al. 2014). Similarly,
transparent reporting can make clear the potential impact of
confounding factors such as genotyping error and sample
ancestry. To infer ancestry, ancestry informative marker
(AIM) panels comprising a small number of highly informa-
tive genetic variants have been developed (Kidd et al. 2014;
Phillips et al. 2014) and may become the new gold standard for
assessing population stratification in candidate gene studies.
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The credibility of novel findings can be greatly enhanced
by including replication from an independent sample in the
same publication (as is required by some journals (Hewitt
2012)). However, replication is not typically included in can-
didate gene studies of brain morphology. Of the APOE,
BDNF, and COMT studies (Online Resources 3–5), the ma-
jority report significant effects or suggestive trends (many of
which are for novel findings), but none include independent
replication within the same paper. The challenge for imaging
studies is finding an available replication sample, which for
the more complex phenotypes becomes difficult from a prac-
tical perspective. Recent approaches have sought validation
across age groups (e.g. OPRD1 effects on brain volume in
independent young adult and elderly cohorts (Roussotte
et al. 2014)) and through splitting a single cohort into discov-
ery and replication subgroups (e.g. ATXN7 effects on cerebel-
lar volume (van der Heijden et al. 2013)). Further, with the

growing use of common software, and facilitated by the shar-
ing of processing pipelines and scripts, opportunities for im-
agers to work together and seek independent validation in
comparable samples will increase. In addition, groups with
imaging phenotypes and genotyping are coming together to
form large consortia (e.g. ENIGMA (Thompson et al. 2014),
CHARGE (Psaty and Sitlani 2013), EGG (Taal et al. 2012),
IMAGEN (Schumann et al. 2010)), thereby furthering
opportunities for collaboration and replication, and
maximising samples for meta-analysis and/or pooling data
(mega-analysis).

In summary, underpowered candidate gene studies have
led to considerable inconsistency in the literature. However,
in looking only at larger studies, meta-analyses, and large-
scale GWAS results, there is some evidence that the APOE
genotype may influence hippocampal volume in patient
groups (N = 760, meta-analysis, smaller volume in ε4 carriers

Fig. 3 The power of studies examining continuous measures (such as
brain morphology) is typically discussed in terms of variance explained.
Here, variance explained is plotted as a function of sample size (X axis)
and power to reject the null hypothesis and declare a significant
association (Y axis) given thresholds of a 0.05, b 5.0 × 10−5, and c
5.0 × 10−8. Superimposed on the power curves for a, b, and c are lines
indicating the largest sample found for recent candidate gene studies for
brain morphology (January 2013 to July 2014) for APOE (green line),
BDNF (blue line), and COMT (red line). Section d shows that for a

continuous normally distributed phenotype, the amount of variance
explained by an individual variant is a function of the minor allele
frequency (MAF) and the size of the effect in standard deviations. For a
common variant with a MAF of 0.5, an increase in the mean of 0.14
standard deviations per risk allele will account for 1 % of the variance,
whereas for a less common variant with a MAF of 0.1, the increase in the
mean per risk allele required to generate a 1 % effect is around twice the
size, at 0.32 standard deviations
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versus non-carriers (Y. Liu et al. 2015)), but not in healthy
adolescents (N = 1412 (Khan et al. 2014)). BDNF Val66Met
does not appear to influence hippocampal volume in healthy
individuals or patient groups (N = 5298, meta-analysis
(Harrisberger et al. 2014); N ≥ 5775, GWAS, http://enigma.
ini.usc.edu/enigma-vis/ (Stein et al. 2012)), nor does COMT
Val158Met (N ≥ 5775, GWAS, (Stein et al. 2012)). Larger
samples and independent replication will provide more
robust insights into the role of these and other candidate genes.

The way forward for candidate gene studies of brain
morphology is changing as we gain more knowledge
regarding the genetic architecture of brain phenotypes
(e.g. GWAS show that small effect sizes are expected
for common genetic variants). Moreover, the perfor-
mance of well-studied genetic variants can be assessed
in large GWAS to help resolve existing conflicts (al-
though the number of brain phenotypes investigated in
large GWAS is still limited). Note that lack of replica-
tion in GWAS may reflect selective reporting and pub-
lication bias among candidate gene studies (i.e. the bias
of both researchers and journal editors to treat positive
results differently to null results) and implies the publi-
cation of false-positive findings (Bosker et al. 2011;
Hart et al. 2013; Ioannidis et al. 2008). To address these
biases, both researchers and journals should routinely
seek to publish high-quality null results (Shields 2000;
Ioannidis et al. 2008). In addition, new avenues of re-
search are made possible through GWAS. The top
performing genetic variants provide new candidates for
closer research, and further, rather than focussing on the
effect of a single variant, multiple variants can be com-
bined (summing Brisk^ alleles weighted by discovery
sample effect size) to create individual polygenic scores
(Wray et al. 2014). Finally, collaboration is a growing
requirement for candidate gene studies in order to ob-
tain large samples and to provide independent replica-
tion of novel findings. These and other steps to reduce
false positives (Table 4) will enhance the validity of
future candidate gene studies.

GWAS: a Decade of Publications

The past decade has seen a number of milestones for
GWAS, beginning with the first report of genome-wide
association (found for age-related macular degeneration
in a modest sample of 96 cases and 50 controls (Klein
et al. 2005)). Just two years later, the first large-scale
GWAS was conducted (for common familial diseases;
~2000 cases per disease and 3000 shared controls; total
N = 16,179; (Wellcome Trust Case Control 2007)).
Modest effect sizes were observed, with significant loci
explaining only a small proportion of trait heritability.

This study was followed by more than 1900 GWAS
(Mailman et al. 2007; Welter et al. 2014), in which hun-
dreds of SNPs, all with small effect sizes, were associat-
ed with Mendelian and complex disorders (Visscher et al.
2012a; Bentham and Vyse 2013; Stranger et al. 2011).
More recently, imaging phenotypes have been the target
of GWAS in order to identify specific genes responsible
for the moderate to high heritability found for brain mor-
phology. The largest study thus far is for subcortical
volumes (N > 30,000, Hibar et al. (2015)).

AWell Described Methodology

Several excellent reviews have described the main steps in a
GWAS (McCarthy et al. 2008; Hirschhorn and Daly 2005),
including meta-analysis methods (Evangelou and Ioannidis
2013; Pereira et al. 2009) and software (Marchini and Howie
2010; Begum et al. 2012; Benyamin et al. 2009; Evangelou
and Ioannidis 2013), as well as specific issues such as impu-
tation (Marchini and Howie 2010) and genome-wide signifi-
cance levels (Dudbridge and Gusnanto 2008; Pe’er et al.
2008; Rosenberg et al. 2010; Teo et al. 2010; Medland et al.
2014). An overview of GWAS and GWAS meta-analysis
methods is given in Fig. 4 (summarising the GWAS process-
ing and analyses undertaken at each site, with an emphasis on
the further methods and requirements of a meta-analysis, as
well as key references).

First, at each site the phenotype is extracted from the
MRI image(s), using a rigorous processing pipeline that
maximises signal to noise ratio and reliability of the mea-
surement. In a meta-analysis it is essential to establish a
common protocol that can be used across sites (participant
inclusion and exclusion criteria, software for extracting the
brain phenotype, software version and quality control (QC)
checks, inclusion of covariates) to ensure harmonization of
the phenotype (Evangelou and Ioannidis 2013; de Bakker
et al. 2008). Similarly, at each site the same QC checks
(e.g. call rate, minor allele frequency, Hardy–Weinberg
outliers, technical artefacts, cryptic relatedness, and popu-
lation outliers) of the genotypes are essential and can pre-
vent false positives (de Bakker et al. 2008; Teo 2008).
Each site then imputes their genotype data from the same
reference panel (International HapMap, C 2005; Genomes
Project et al. 2010). Imputation allows the same set of
SNPs to be analysed across sites, despite the use of dif-
ferent SNP chips with distinct SNP content (de Bakker
et al. 2008). Once both the phenotypic and genetic data
have been extracted the sites use standard software
(Benyamin et al. 2009; Galesloot et al. 2014; Anderson
et al. 2010) to test the association of every SNP with the
phenotype. For a quantitative trait such as a brain volume
this is the difference in mean score associated with the
probability of having the alternate SNP allele. Sites with
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Fig. 4 Flowchart of genome-wide association study meta-analysis
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twin or family data control for individual relatedness in
the regression (Benyamin et al. 2009; Chen and
Abecasis 2007; Laird and Lange 2006).

In a meta-analysis, each site uploads the regression
summary statistics (sample size, strength of the associa-
tion and p-value for every SNP) to a central site. The
data are then quality controlled to remove results from
SNPs with low MAF (e.g. less than 1 %) and poor
imputation, as well as checking for evidence of popula-
tion substructure, which is a major confound when cor-
related with the trait/disease studied (Marchini et al.
2004; Rosenberg et al. 2010; Campbell et al. 2005;
Teo et al. 2010). Because different ethnic groups can
have different SNP allele frequencies, even if geograph-
ically close (Rosenberg et al. 2010; Teo et al. 2010),
random sampling within a heterogeneous population
can create false positive association or reduce the power
of detection (Campbell et al. 2005; Marchini et al.
2004). Population heterogeneity is assessed by calculat-
ing the ratio of the median test statistic to that of the
expected (lambda) and by plotting the expected and ob-
served distribution of p-values (quantile-quantile or QQ
plot), see Fig. 4. A greater frequency of Bhigh^ p-values
(e.g. >10−4) than expected by chance and a lambda
different to 1 suggest an unaccounted population struc-
ture. These spurious effects can be reduced by exclud-
ing genetic outliers, regressing out principal genetic
components (Stranger et al. 2011; Price et al. 2006),
using Genomic Control (Devlin and Roeder 1999),
mixed models (Price et al. 2010), population stratifica-
tion (Price et al. 2010) or family data (Benyamin et al.
2009).

The threshold for declaring genome wide significance of an
association test is a p-value <5.0 × 10−8. This corresponds to a
Bonferroni correction from an estimated 1 million indepen-
dent loci (0.05/1,000,000) in a European genome (Pe’er et al.
2008). The GWAS results can be summarised in a Manhattan
plot in which the significance level is represented (Y-axis) for
all SNPs tested (X-axis). Several meta-analysis approaches
allow aggregating the results (Evangelou and Ioannidis
2013; Pereira et al. 2009) with more or less power and sensi-
tivity to heterogeneity (Evangelou and Ioannidis 2013).
Remaining differences between sites (e.g. MRI field strength,
population differences) can be included as covariates.
Ultimately, a meta effect size and p-value summarise the
SNP association across sites, and heterogeneity metrics (Q
and I2) used to assess the remaining between-study variance
and heterogeneity not due to chance (Evangelou and Ioannidis
2013).

Replication of the results in an independent sample is im-
portant in GWAS in order to validate findings and eliminate
false positives (Stranger et al. 2011). Often only a set of sig-
nificant SNPs from the discovery stage are carried on to the

replication phase, which reduces the burden of multiple test-
ing correction. To provide a more accurate estimate of the
effect size, discovery and replication samples are often meta-
analysed.

GWAS for Brain Morphology

We conducted an extensive search in PubMed for GWAS
using brain morphology phenotypes. The search terms
BGWAS AND brain AND (MRI or DTI)^ returned 168 arti-
cles, among which 27 were GWAS of brain morphology, in-
cluding one GWAS of head circumference (Taal et al. 2012).
An additional 6 articles used fMRI or magnetic resonance
spectroscopy (MRS) (Baranzini et al. 2010; Liu et al. 2010;
Liu et al. 2011; Brown et al. 2012; Ousdal et al. 2012; Potkin
et al. 2009b) (these are described in Online Resource 4). We
confirmed that our PubMed search was exhaustive by cross-
checking with the GWAS catalogues (Mailman et al. 2007;
Welter et al. 2014; Hindorff et al. 2013), and identified no
additional studies. We omitted two studies that selected
SNPs based on a round of penalised regression (Kohannim
et al. 2012a; Kohannim et al. 2012b), which limits their com-
parison with standard GWAS. Table 5 lists the 25 GWAS for
brain morphology, as well as the most recent GWAS on brain
and subcortical volumes (Hibar et al. 2015) – a total of 26
GWAS. The number of publications over the last decade is
presented in Fig. 5.

Volumetric phenotypes are the most widely studied (19 out
of 26 publications). A main reason being that brain volumes
are more straightforward to extract from the images. The most
common is hippocampal volume with 10 studies (Seshadri
et al. 2007; Potkin et al. 2009a; Stein et al. 2010; Furney
et al. 2011; Bis et al. 2012; Melville et al. 2012; Stein et al.
2012; Hass et al. 2013; Hibar et al. 2013a, 2015) followed by
global head size (i.e. total brain volume, intracranial volume,
head circumference) with 8 publications (Seshadri et al. 2007;
Baranzini et al. 2009; Furney et al. 2011; Ikram et al. 2012;
Melville et al. 2012; Paus et al. 2012; Stein et al. 2012; Hibar
et al. 2015). Hippocampal volume has been a main focus as it
is commonly associated with early Alzheimer’s disease (Jack
et al. 2011; Simic et al. 1997), schizophrenia (Wright et al.
2000), depression (Videbech and Ravnkilde 2004) and mem-
ory ability (Van Petten, 2004). Other volumetric phenotypes
include lobe volumes (Seshadri et al. 2007; Stein et al. 2010),
ventricle (Seshadri et al. 2007; Furney et al. 2011), caudate
(Stein et al. 2011; Hibar et al. 2015), lentiform nucleus (Hibar
et al. 2013b) and temporal horn volume (Seshadri et al. 2007);
gray matter (GM) volumes (Shen et al. 2010; Wang et al.
2013a), tensor based morphometry (Hibar et al. 2011b), and
most recently nucleus accumbens, putamen, palladium, thala-
mus and amygdala volumes (Hibar et al. 2015). There are also
three GWAS for white matter hyperintensity (Seshadri et al.
2007; Fornage et al. 2011; Melville et al. 2012) and one for
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subclinical brain infarcts (Debette et al. 2010). White matter
lesions are frequently associated with ageing (Launer 2004),
mood disorders (Steffens et al. 1999) stroke (Vermeer et al.
2003; Launer 2004), and with decreases in cognitive functions
(de Groot et al. 2000). More recently, with DTI becoming
acquired in larger samples, two studies focused on fractional
anisotropy (Sprooten et al. 2013) and brain fibre connectivity
(Jahanshad et al. 2013b).

Of the 26GWAS, 12 are meta-analyses, of which 11 (92%)
report a genome-wide significant result. In contrast, for single
site studies only three (out of 14, or 21 %) found an associa-
tion that was genome-wide significant (Table 5). The higher
rate of genome-wide associations in meta-analyses is due to
the larger sample sizes, hence power. For example, the mean
sample size in the meta-analyses discovery stage was 6891,
range [1181–19,089], while in the single site or single centre
studies the mean was 577, range [94–1677]. The largest (and
most recent) meta-analysis included >13000 individuals from
28 sites in the discovery sample, and >17,000 scans from 22
sites for the replications (Hibar et al. 2015). This illustrates the
trend towards larger samples through the formation of consor-
tia (e.g. CHARGE (Psaty et al. 2009; Psaty and Sitlani 2013)
or ENIGMA (Thompson et al. 2014)). ENIGMA has seen its
discovery sample size almost double in three years (Stein et al.
2012; Hibar et al. 2015) with an additional six groups (sites)
joining, and the availability of larger samples at many of the

participating sites. This increase in statistical power resulted
in more genome-wide significant associations (e.g. for hippo-
campal volume from one SNP to two) and allowed more phe-
notypes to be studied (e.g. from three to eight traits).
Ultimately, increased power leads to greater precision in esti-
mating SNP effect sizes, as well as enhancing the probability
of detecting rare variants with small effects (Panagiotou et al.
2013; Sham and Purcell 2014; Anderson et al. 2010; Pereira
et al. 2009).

Eleven of the 26 GWAS included a replication sample
(Debette et al. 2010; Bakken et al. 2011; Fornage et al.
2011; Bis et al. 2012; Ikram et al. 2012; Melville et al. 2012;
Paus et al. 2012; Stein et al. 2012; Jahanshad et al. 2013b;
Hass et al. 2013; Hibar et al. 2015), though two (Debette et al.
2010; Hass et al. 2013) used a more lenient significance
threshold, which increases the probability of reporting false
positives in the discovery phase as well as limiting the confi-
dence in the replication because it is based on a weak prior
(Broer et al. 2013; Nuzzo 2014). Debette et al. (2010) did not
replicate their association and the results from Hass et al.
(2013) were suggestive. Among the other nine publications
that identified genome wide significant results, seven replicat-
ed their findings, at least partially (Fornage et al. 2011; Bis
et al. 2012; Ikram et al. 2012; Melville et al. 2012; Stein et al.
2012; Jahanshad et al. 2013b; Hibar et al. 2015). Replication
samples were smaller than the discovery sample in about half
of the studies (Fornage et al. 2011; Bis et al. 2012; Ikram et al.
2012; Melville et al. 2012; Jahanshad et al. 2013b). However,
due to the smaller number of tests at replication compared to
discovery, most replication samples were well-powered.
Failure to replicate can arise from a false positive result at
the discovery stage (Lazzeroni et al. 2014) or insufficient sta-
tistical power in the replication phase (Lazzeroni et al. 2014).

At a SNP level, the 26 GWAS identified 29 genome-wide
significant associations (excluding loci in strong linkage
disequilibrium) with one of the brain morphological pheno-
types (Table 6). Of these, 21 findings (73 %) replicated, five
(17 %) were only suggestive (no replication) and three (10 %)
did not replicate. One study used head circumference as a
replication proxy for brain volume and found suggestive sup-
port (Paus et al. 2012). In addition, some results were repli-
cated in European populations only (Fornage et al. 2011;
Hibar et al. 2015; Stein et al. 2012) suggesting a different
SNP effect across ethnicities, while others replicated in ethni-
cally diverse populations (Melville et al. 2012).

As can be seen in Table 6 and Fig. 6, the associated SNPs
are scattered over 13 different chromosomes, with
Chromosome 12 having the largest number of variants (5)
associated with hippocampal volume (Hibar et al. 2015; Bis
et al. 2012; Stein et al. 2012), intracranial volume (Stein et al.
2012) or head circumference (Taal et al. 2012). On several
chromosomes, including the sex chromosomes (X and Y),
which are often excluded from an analysis, no genome-wide

Fig. 5 Number of published GWAS for brain morphology per year,
studies with replicated results appear in gray. The GWAS that focused
on brain phenotypes were identified in PubMed using search terms
BGWAS AND brain AND (MRI OR DTI)^ and manually filtered to
select GWAS. We ensured that our list was exhaustive by running
PheGenI (Phenotype-Genotype Integrator (Welter et al. 2014)) and
genome.gov (Mailman et al. 2007) searches for each phenotype previous-
ly identified. The second ENIGMA paper (Hibar et al. 2015), was not
included for 2015
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associations have been identified. Multiple variants were re-
ported across independent studies at locations: 12q14.3
(rs17178006, rs6581612, rs61921502) and 12q24.22
(rs7294919, rs77956314) for hippocampal volume (Hibar
et al. 2015; Bis et al. 2012; Stein et al. 2012) and 17q21.31
(rs9303525, rs17689882) for intracranial volume (Ikram et al.
2012; Hibar et al. 2015). For some of the regions there were
several SNPs in linkage disequalibrium that passed the
genome-wide threshold (Paus et al. 2012; Fornage et al.
2011; Bakken et al. 2012; Ousdal et al. 2012; Ikram et al.
2012). Though it is not possible to identify the causal
variant(s) from a set of variants in linkage disequilibrium
using p-values (Visscher et al. 2012a), together with expres-
sion quantitative trait loci (eQTL), and regulatory informa-
tion they can provide suggestive evidence (Pickrell 2014;
Veyrieras et al. 2008; Kindt et al. 2013; Gagliano et al. 2014).

In Table 6, we also report the minor and major alleles, the
MAF, and the nature (intronic, intergenic) of the published
SNPs. Most (83 %) are common SNPs with a MAF > 10 %,
ranging from 4 % (Hibar et al. 2013a) to 49 % (Stein et al.
2012). In addition, 19 of the reported SNPs are intronic (with-
in gene sequence), with the other 10 being intergenic (between
genes). This overrepresentation of intronic SNPs aligns with
the global trend observed across all published GWAS (Schaub
et al. 2012), though, as already noted above, the causal
variants could be different from the reported ones or located
in different genetic regions (Visscher et al. 2012a; Schaub
et al. 2012). Even so, the finding of a large number of causal
variants in intergenic regions suggests the need for a better
understanding of gene expression regulation in non-coding
regions (Edwards et al. 2013). Several techniques, such as
eQTL or chromosome conformation capture (3C) are now
being used to charactrerise non-coding regulatory variants
(Edwards et al. 2013). In addition, epigenome-wide associa-
tion studies (EWAS), where traits are associated withmethyl-
ated sites (Michels et al. 2013; Rakyan et al. 2011), can help
characterise the effect of non-coding epigenetic variants.
However, as recent studies suggest methylation of some
CpG sites could have a genetic origin (McRae et al. 2014), a
better integration of EWAS and GWAS (van der Sijde et al.
2014) may be necessary to disentangle the genetic and
epigenetic components of a trait.

Also shown in Table 6 are p-values and effect sizes. We
show effect sizes as both percentage change in structure size
(e.g. from mL or mm3), and as percentage of variance ex-
plained, to allow comparisons across studies. Percentage
change in structure was not possible where means and vari-
ances were not reported. Most of the SNPs had small effects
on structure size, that is, they accounted for less than a 1 %
change in size per effect allele. The largest percentage change
in size (−5.2 %) was identified in a relatively small sample
(N = 599) and did not replicate (Paus et al. 2012), and there-
fore is likely to be overestimated (Ioannidis et al. 2001).T
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Percentage of variance explained was also small, being less
than 1 % in the larger studies. Much larger estimates of vari-
ance explained were found in smaller studies. This phenome-
non is well known in genome-wide association studies and
reflects a combination of imprecision due to poor power and
Bwinner’s curse^, where the effect within discovery samples is
affected by bias away from the null. The combination of evi-
dence frommultiple studies via meta-analysis has been shown
to produce more accurate estimates.

It is common for variants to have small effects on complex
traits, leaving the total variance explained by all the GWAS
hits (genome-wide significant heritability or h2GWS) often far
below the heritability measured from twin studies (Craddock
et al., 2011; So et al. 2011). For example, genome-wide sig-
nificant variants currently explain only 7 % of variance for
schizophrenia (from 108 genome-wide significant SNPs)
(Schizophrenia Working Group of the Psychiatric Genomics
Consortium 2014). This gap, often referred to as missing
heritability (Maher 2008), remains substantial for complex
traits, even though the percentage of variance explained by
genome-wide associations has risen, as the power of studies
has increased (Visscher et al. 2012a).

As we indicated earlier, a greater proportion of variance can
be explained by considering all SNPs in aggregate (SNP her-
itability) using tools such as GCTA (Yang et al. 2010; Yang
et al. 2011). Assuming brain structure phenotypes are similar
to other complex traits, SNP heritability estimates will likely
be about half that estimated from twin studies (Sullivan et al.
2012; Silventoinen et al. 2003). Of the first SNP heritability
estimates reported for brain structure (Adib-Samii et al. 2015;
Bryant et al. 2013), the best powered study is consistent with
this assumption. This study found a SNP heritability of 23 %
for white matter hyperintensity, which was considered conser-
vative due to limited SNP coverage (N = 2,336; <500,000
SNPs (Adib-Samii et al. 2015), compared to estimates of
55–80 % from twin and family studies (Atwood et al. 2004;
Carmelli et al. 1998; Turner et al. 2004). As GCTA requires
thousands of unrelated individuals, the earlier study of SNP
heritability for multiple GM and WM volumes was consider-
ably underpowered (N = 747), with confidence intervals cov-
ering almost the entire range of possibilities (Bryant et al.
2013). Even so, as larger samples are amassed, it is likely that
common SNPs from current genotyping will account for more
of the missing heritability in brain morphology.

Accumulating evidence shows that most of the missing
heritability is Bhidden^ (Visscher et al. 2012b): due to low
power, and in causal SNPs neither tagged nor imputed
(Schaub et al. 2012; Visscher et al. 2012a; 2012b). These
include unknown causal SNPs in LD with identified hits, un-
observed structural variations (insertions, deletions, inver-
sions and translocations) as well as less common
(MAF<1 %)) SNPs (Maher 2008), which could be identified
in the future usingWhole-Genome Sequencing, (i.e. the entire

genome is sequenced) (Bansal et al. 2010; Panoutsopoulou
et al. 2013). In addition, non-additive genetic variance could
also explain some of the missing heritability (Hemani et al.
2013).

Challenges for Future GWAS in Neuroimaging and Emerging
Approaches

A major challenge for genome-wide studies in neuroimaging
is to work out how best to handle the high dimensional imag-
ing and genetic data without generating too many false posi-
tives or false negatives. Voxel-wise brain maps are an example
of high dimensional phenotypes that, when combined with
genotype data can cause the number of tests to skyrocket in
GWAS. Several multivariate approaches have been tried, for
example, parallel independent component analysis (ParaICA)
(Liu et al. 2009; Hibar et al. 2011a), sparse-reduced rank re-
gression (sRRR) (Vounou et al. 2010), or reduction of the
brain map based on its genetic structure (Chiang et al. 2012;
Hibar et al. 2013a). Though sample sizes were limited (less
than 500 individuals), these exploratory analyses reported a
handful of SNP associations with parietal lobe activation (Liu
et al. 2009) or a gene network associated with brain wiring
(Chiang et al. 2012). These methods are not easily adapted to
meta-analysis and ideally require the sharing of scans and
genotypes across studies (Vounou et al. 2010; Liu et al. 2009).

Gene-based analyses can also be used to reduce dimension-
ality by aggregating SNP effects across genes and excluding
intergenic loci (e.g. Kohannim et al. 2012b). While the num-
ber of tests performed per phenotype is reduced (there are only
around 18,000 genes in the human genome), the number of
phenotypes across a voxel-wise brain map is considerable and
thus the burden of correcting for these multiple tests remains.
As GWAS have become better powered gene-based analyses
are often used to complement GWAS, as illustrated in (Hibar
et al. 2015). In addition, pathway association analyses, which
groups genes in terms of their biological interactions can re-
duce the multiple testing (Ramanan et al. 2012).

Ultimately, the reduction of dimension, as well as the
prioritisation of SNPs or voxels, leads to a (over) simplifi-
cation of the relations between phenotype and genotype and
does not make complete use of the data collected. Thus, the
optimal solution is not to reduce the number of tests per-
formed, but rather to correct for multiple testing while tak-
ing into account the correlated structure of genotype and
brain maps. For example, imaging specialists can evaluate
the significance of a signal peak, or that of a cluster of
voxels within a brain map (Ge et al. 2012), using results
from random field theory (RFT) (Nichols and Hayasaka
2003). A concurrent approach derived from genome-wide
significance threshold calculation, has proposed a genome-
wide brain-wide significance threshold of 5.0 × 10−12,
based on the empirical evaluation of correlational structure
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of voxel level data from two independent cohorts of only
10,000 independent tests brain wide (Medland et al. 2014).
Further development of these and newmethods should arise
from conjoint methodological efforts and the cross-
fertilization of ideas between the fields of neuroimaging
and genetics.

Lastly, with GWAS findings for brain volumes starting to
emerge, it is now possible to construct a polygenic score from
an individual’s SNP data (Wray et al. 2014). These scores are
created by summing an individual’s effect (risk) alleles for a
given phenotype, each weighted by the effect size identified in
an independent discovery sample. The set of loci is limited to
those with a p-value below a defined threshold in the discovery
sample, though in principal, all loci can be included. Polygenic
scores provide an estimate of the genetic liability for a trait (or
disease) and can be used to test associations or to predict a
complex trait, even if larger GWAS samples are required to
achieve useful levels of prediction (Dudbridge 2013).
Ultimately, the quality of a polygenic score depends on the
precision of the SNP effect estimates, which requires large(r)
GWAS samples. As yet, no polygenic scores have been com-
puted for measures of brain morphology, mainly due to the
small number of genome-wide significant hits and small dis-
covery sample sizes, which would contribute to noise in the
score. However, a polygenic risk score based on 26 SNPs that
have shown replicated associations with Alzheimer’s disease
(AD) identified an association between cortical thickness and
genetic liability for AD (Sabuncu et al. 2012).

Conclusions

The findings emerging from the work reviewed here show that
the genetic architecture of the brain is indeed complex.
However, sample sizes are increasing in parallel with deep
phenotyping and measures that capture the complexity of the
brain. Large scale multi-site studies of brain structure pheno-
types will enable well powered GWAS to discover more loci,
which may be tied in with other information to further our
understanding of the function of a particular genetic variant,
and link to the neurobiology. The next stage of multi-site
studies will also enable us to gain a more complete picture
by examining the effect of rare variants, environmental risk
factors, and gene x environment interactions, incorporating
whole genome sequencing data, as well as the impact of epi-
genetic factors on brain structure.
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Glossary

Bonferroni
correction

simplest method of correcting for
multiple testing (α=Ntests). In GWAS,
the number of independent tests has been
estimated to 106, leading to a genome
wide significance threshold of 5×10−8.

Causal variant a variant that has a direct or indirect
functional effect on disease risk.
Because of the LD structure of the
genome, identifying the causal variant
among highly correlated signals is not
straightforward. A lower p-value,
expression data or a biological
understanding of the causal mechanism
are only suggestive evidence.

Endophenotypes endophenotypes are heritable
phenotypes; genetically correlated with
the disease/complex trait (John and
Lewis 1966; Gottesman and Gould
2003).

Epigenetic molecular process that causes gene
expression to change in time through
environmental changes in the DNA
methylation sites or RNA sequence.

eQTL (expression Quantitative Trait Loci):
Loci that regulate the expression of a
gene by regulating the number of micro
RNA copies.

(Genetic) Variant used to refer to observed/tagged SNPs
but also to SNPs or any structural vari-
ants imputed from the reference panel.

Haplotype set of SNPs, within one chromosome,
that show non random association
(linkage disequilibrium). Within one
haplotype, SNPs can be highly
correlated, which reduces the number
of independent testing but creates
collinearity issues when
simultaneously testing the effect of
several SNPs (e.g. gene based tests).

Imputation the statistical method consisting in
inferring a missing value. In genetics, it
uses the LD structure of a fully
sequenced reference panel to predict
the unobserved SNPs (up to 3 millions)
based on the set of tagged SNPs
(usually 500,000 from a SNP chip).

Linkage
Disequilibrium
(LD)

non-random association of alleles
across a population genome. The LD
structure of a genome, defines blocks of
strongly correlated alleles called
haplotypes.
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Intergenic region DNA region located between genes.
Intergenic regions are non-coding and
tend to regulate nearby gene
expression.

Intronic region DNA region located inside a gene.
Minor Allele
Frequency (MAF)

the frequency of the least frequent
nucleotide version at one SNP. MAF
can be different across ethnic groups.

Meta-analysis statistical method that allows merging
results from different centres without
having to share the (raw) individual da-
ta. Only summary statistics of the asso-
ciations (size effect, number of
individuals, p-values) are shared and
combined. Studies where the raw data is
shared are usually called mega-analyses.

Mode of
inheritance

The manner in which a particular
genetic trait or disorder is passed from
one generation to the next.

(DNA)
Methylation

epigenetic process that sees a methyl
group binding to the DNA molecule
with consequences on gene expression.
In the human adult, methylation only
happens on sites where a cytosine is
directly followed by a guanine in the
DNA sequence (CpG site). However,
highly conserved non-CpG methyla-
tion has been shown to accumulate in
neurons from fetal to early adult age, to
compose the main form of methylation
in the neuronal genome (Lister et al.
2013).

Missing
Heritability

discrepancy between heritability
estimated from twin or family studies
and heritability calculated from
genome-wide significant SNPs identi-
fied through GWAS.

Pleiotropy One gene influences multiple traits
Polygenic Score Also known as a genomic profile score.

Individual scores are calculated from
participant’s genotype data by summing
the number of effect (risk) alleles
weighted by the variant effect size as
determined in an independent Discovery
sample. The SNP list is limited to vari-
ants with a p-value less than a defined
threshold (or several thresholds may be
considered, e.g. <.00001, .001, .001, .01,
.1, etc. (Wray et al. 2014)).

SNP Single Nucleotide Polymorphism, a
variant in the genome where the
nucleotide can differ between
individuals.

Statistical Power Probability of detecting a significant
association, in presence of true
association i.e. 1- probability of false
negative. In GWAS, the power is spe-
cific to a SNP and depends on the level
of statistical significance (α), the SNP
effect size and MAF, the sample size.
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