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The degree to which genetic factors influence brain connectivity is beginning to be understood. Large-scale ef-
forts are underway to map the profile of genetic effects in various brain regions. The NIH-funded Human
Connectome Project (HCP) is providing data valuable for analyzing the degree of genetic influence underlying
brain connectivity revealed by state-of-the-art neuroimagingmethods.We calculated the heritability of the frac-
tional anisotropy (FA) measure derived from diffusion tensor imaging (DTI) reconstruction in 481 HCP subjects
(194/287 M/F) consisting of 57/60 pairs of mono- and dizygotic twins, and 246 siblings. FA measurements were
derivedusing (EnhancingNeuroImagingGenetics throughMeta-Analysis) ENIGMADTI protocols and heritability
estimates were calculated using the SOLAR-Eclipse imaging genetic analysis package. We compared heritability
estimates derived from HCP data to those publicly available through the ENIGMA-DTI consortium, which were
pooled together from five-family based studies across the US, Europe, and Australia. FA measurements from
the HCP cohort for eleven major white matter tracts were highly heritable (h2 = 0.53–0.90, p b 10−5), and
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were significantly correlatedwith the joint-analytical estimates from the ENIGMA cohort on the tract and voxel-
wise levels. The similarity in regional heritability suggests that the additive genetic contribution to white matter
microstructure is consistent across populations and imaging acquisition parameters. It also suggests that the
overarching genetic influence provides an opportunity to define a common genetic search space for future
gene-discovery studies. Uniquely, the measurements of additive genetic contribution performed in this study
can be repeated using online genetic analysis tools provided by the HCP ConnectomeDB web application.

© 2015 Elsevier Inc. All rights reserved.
Introduction

Imaging genetics/genomics is an active research direction aimed at
improving our understanding of the genetic underpinnings of brain
structure, function, and connectivity in health and disease. The avail-
ability of data from a growing number of large-scale imaging projects
enables meta-analyses that provide increased analytic power by
combining data across projects. The ENIGMA (EnhancingNeuroimaging
Genetics throughMeta-Analysis) consortiumwas organized to facilitate
this by bringing together genetic imaging researchers and developing
methods for multi-site data harmonization and analyses (Thompson
et al., 2014). The ENIGMA-DTI workgroup is focused on the analyses of
Diffusion Tensor Imaging (DTI) data. Here, we compare the estimates
of additive genetic contribution (heritability) to fractional anisotropy
(FA) measurements previously reported for the ENIGMA-DTI
(Kochunov et al., 2014) with comparably analyzed DTI data from the
Human Connectome Project (HCP) (Van Essen et al., 2013). The HCP is
a large-scale international collaboration aimed at elucidating the genet-
ic and environmental sources of normal variability within the structural
and functional connections of the human brain. The HCP is collecting
and sharing data from a large cohort of healthy young adult twins and
siblings using state of the art, high resolution, neuroimaging acquisition
and analysis methods (Glasser et al., 2013; Van Essen et al., 2013). The
HCP diffusion imaging data differs from those used in previous
ENIGMA-DTI studies in several importantways, including higher spatial
resolution (1.25 mm isotropic voxels vs. 2–3mm for ENIGMA-DTI stud-
ies) and higher number of diffusion directions (270 vs. 30–100 for
ENIGMA-DTI studies) (Sotiropoulos et al., 2013). Here, we tested
whether the estimates of heritability obtained from the HCP data are
comparable to published ENIGMA-DTI joint-analytic estimates and
whether new insights and information emerge by analyzing the
higher-resolution HCP data. Toward this aim, we compare regional
and voxelwise heritability estimates for FA values in the current HCP
public data sample with heritability estimates pooled from multiple
sites across the world and published by the ENIGMA-DTI workgroup
(http://enigma.ini.usc.edu) (Kochunov et al., 2014).

FA is a widely used quantitative measure of white matter micro-
structure (Basser et al., 1994; Basser and Pierpaoli, 1996) calculated
from the diffusion tensor (DTI) model of water diffusion (Thomason
and Thompson, 2011). This is an important biomarker in clinical studies,
as it can sensitively track the white matter changes in Alzheimer's
disease (AD) (Clerx et al., 2012; Teipel et al., 2012), general cognitive
function (Penke et al., 2010a; Penke et al., 2010b), and several neurolog-
ical and psychiatric disorders (Barysheva et al., 2013; Carballedo et al.,
2012; Kochunov et al., 2012; Mandl et al., 2013; Sprooten et al., 2011).
The ENIGMA-DTI workgroup has developed a standardized protocol
(http://enigma.ini.usc.edu/ongoing/dti-working-group/) for extraction
and harmonization of phenotypes for genetic analyses of FA traits
(Jahanshad et al., 2013; Kochunov et al., 2014). This protocol was previ-
ously evaluated in five family-based cohorts including 2248 children
and adults (ages: 9–85). The findings were summarized in two ways.
In the meta-analytic approach, heritability results across cohorts were
normalized using a standard error (SE)-weighted model to yield
meta-analytical estimates of heritability. In themega-analytic approach,
all the data were shared and synthesized pedigree was used to directly
estimate heritability (Kochunov et al., 2014). Here, we applied the
ENIGMA-DTI protocol to HCP DTI data to report the whole-brain and
regional estimate heritability of FA values in the HCP sample in voxel-
wise and region-of-interest based tests. Then, we compared the global
and regional heritability estimates in HCP to the joint-analytic estimates
previously reported by ENIGMA-DTI. Finally, we took advantage of the
high spatial resolution of HCP acquisition to study the heritability pat-
tern of the white matter periphery, where the common 2 mm or larger
resolution of standard DTI scans leads to artificial lowering of FAmagni-
tude in regions of diverging fibers due to partial voxel averaging effects
(Basser et al., 1994; Basser and Pierpaoli, 1996).

This analysis is based on the previous studies of the ENIGMA-DTI
workgroup that quantified heritability of the whole-brain and regional
FA values in geographically and ethnically diverse cohorts (Jahanshad
et al., 2013; Kochunov et al., 2014). It aimed to identify the “genetic
search space” for FA measurements: a set of endophenotypes that are
significantly heritable regardless of age, ethnicity and family structure
to be used for follow-up genome-wide association (GWAS) analyses.
To qualify as an endophenotype, a measurement must show a signifi-
cant and reproducible heritability value across diverse cohorts. While
significant heritability alone offers no guarantee that specific genetic
variants associated to the trait will be discovered, measures that are
not reliably heritable may be unstable and are unlikely to be influenced
by genetic variants with effect sizes that are detectable in GWAS. In our
prior work, the whole-brain average FA was found to be significantly
heritable in all cohorts with tight confidence intervals. The regional FA
measurements showed a variable additive genetic contribution
(Kochunov et al., 2014) that suggested that there may be a consistent
pattern of additive genetic contributions to variance in FA values across
the brain regions assessed. Here, we extend this work by testing the
reliability and generalizability of ENIGMA-DTI to the HCP cohort and
attempt to take a deeper view on the spatial variability of heritability
of FA values across brain regions. We demonstrate the consistency of
heritability measurements across populations by showing that regional
heritability estimates from an HCP cohort fall in line with the pooled
estimates derived from independent populations.

Methods

Subjects

ENIGMA-DTI processing of FA images and heritability analyses
were performed in 481 (194/287 M/F) participants of the Human
Connectome Project (HCP) for whom the scans and data were released
in June 2014 (humanconnectome.org) after passing the HCP quality
control and assurance standards (Marcus et al., 2013). The details of
this release are available in the HCP reference manual. The participants
in the HCP study were recruited from the Missouri Family and Twin
Registry that includes individuals born in Missouri (Van Essen et al.,
2013). All HCP participants are in young adult sibships of average sizes
3–4 that include an MZ or DZ twin pair. Subjects ranged in age from
22 to 36 years (29.1 ± 3.5 years). This age range is chosen because it
corresponds to the period after neurodevelopment is completed and
before the onset of neurodegenerative changes. This release included
117 twin pairs (57 monozygotic and 60 dizygotic pairs), and 246 of
their siblings. The full set of inclusion and exclusion criteria is detailed
elsewhere (VanEssen et al., 2013). In short, theHCP subjects are healthy
individuals who are free from major psychiatric or neurological ill-
nesses. They are drawn from ongoing longitudinal studies (Edens

http://enigma.ini.usc.edu
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http://humanconnectome.org
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et al., 2010; Sartor et al., 2010), where they received extensive previous
assessments including the history of drug use, emotional and behavioral
problems. All subjects provided written informed consent on forms
approved by the Institutional Review Board of Washington University
in St Louis.

Diffusion data collection and preprocessing

Diffusion data was collected atWashington University St Louis using
a customized Siemens Magnetom Connectome 3 T scanner with a
100 mT/mmaximum gradient strength and a 32 channel head coil. De-
tails on the scanner, image acquisition and reconstruction are provided
in Ugurbil et al. (2013) and https://www.humanconnectome.org/
documentation/S500/HCP_S500_Release_Reference_Manual.pdf. Diffu-
sion data were collected using a single-shot, single refocusing spin-
echo, echo-planar imaging sequence with 1.25 mm isotropic spatial
resolution (TE/TR=89.5/5520ms, FOV=210× 180mm). Three gradi-
ent tables of 90 diffusion-weighted directions and six b=0 images each
were collectedwith right-to-left and left-to-right phase encoding polar-
ities for each of the three diffusion weightings (b = 1000, 2000, and
3000 s/mm2). The total imaging time for collection of diffusion data
was approximately 1 h.

Diffusion data were preprocessed using the HCP Diffusion pipeline
(Glasser et al., 2013; Sotiropoulos et al., 2013) that included: normaliza-
tion of b0 image intensity across runs; correction for EPI susceptibility
and eddy-current-induced distortions, gradient-nonlinearities, subject
motion and application of a brain mask. FA maps were obtained by
the fitting diffusion tensor model using FSL-FDT toolkit (Behrens et al.,
2003). For visual comparison purposes, an FA image for a random HCP
subject is shown next to corresponding FA maps from age-matched
individuals scanned with the DTI protocols used by the Genetics
Fig. 1. An FA image collected using HCP protocol is shown next to the images of age-and-gender
direction) and QTIM (1.8 × 1.8 × 2 mm isotropic resolution, 94 directions).
Of Brain Structure (GOBS) study (Kochunov et al., 2010b) and the
Queensland Twin IMaging (QTIM) studies (Fig. 1). The FA image
collected using the HCP protocol shows a finer spatial resolution and
an improved signal-to-noise ratio (SNR) throughout, including thin
white matter blades underlying convoluted cortex (Fig. 1).

ENIGMA-DTI processing

ENIGMA-DTI protocols for extraction of tract-wise average FA values
were used. These protocols are detailed elsewhere (Jahanshad et al.,
2013) and are available online (http://enigma.ini.usc.edu/protocols/
dti-protocols/). Briefly, FA images from HCP subjects were non-
linearly registered to the ENIGMA-DTI target brain using FSL's FNIRT
(Jahanshad et al., 2013). This target was created as a “minimal deforma-
tion target” based on images from the participating studies as previous-
ly described (Jahanshad et al., 2013). The data were then processed
using FSL's tract-based spatial statistics (TBSS; http://fsl.fmrib.ox.ac.uk/
fsl/fslwiki/TBSS) analytic method (Smith et al., 2006) modified to pro-
ject individual FA values on the hand-segmented ENIGMA-DTI skeleton
mask. After extracting the skeletonizedwhitematter and the projection
of individual FA values, ENIGMA tract-wise regions of interest, derived
from the Johns Hopkins University (JHU) white matter parcellation
atlas (Mori et al., 2008), were transferred to extract the mean FA across
the full skeleton and average FA values for eleven major white matter
tracts, with subdivision of the corpus callosum into 3 regions, for a
total of 15 regions of interest (ROIs) (Table 1). The whole brain average
FA values were calculated to include all voxels in the ENIGMA-DTI skel-
eton. The protocol, target brain, ENIGMA-DTI skeleton mask, source
code and executables are all publicly available (http://enigma.ini.usc.
edu/ongoing/dti-working-group/). Finally, we analyzed the voxelwise
FA values along the ENIGMA skeleton mask.
matched subjects from the two conventional DTI protocols GOBS (1.71 × 1.71 × 3mm, 55
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Table 1
Results of the additive analysis for the whole average and regional FA values in HCP subjects, including the heritability values (first column) and significance values for each of the five
covariates. Regions of interest (ROIs) examined along the ENIGMA-DTI skeleton as defined by the JHU white matter parcellation atlas (Mori et al., 2008).

Trait h2 ± SE (p) Covariates

Age (p) Age2 (p) Sex (p) Age ∗ sex (p) Age2 ∗ sex (p) Variance
explained (%)

Average FA 0.88 ± 0.03 (10−25) 0.60 0.75 6.6 10−8 0.48 0.56 10.9
Genu of the corpus callosum (GCC) 0.89 ± 0.02 (10−30) 0.19 0.23 8.6 10−5 0.48 0.08 4.6
Body of the corpus callosum (BCC) 0.90 ± 0.02 (10−25) 0.32 0.44 2.9 10−8 0.92 0.36 11.1
Splenium of the corpus callosum (SCC) 0.90 ± 0.02 (10−26) 0.40 0.57 1.8 10−9 0.92 0.47 12.9
Fornix (FX) 0.53 ± 0.08 (10−9) 0.50 0.73 3.8 10−8 0.26 0.62 14.7
Cingulum (cingulate gyrus) — L and R combined (CGC) 0.81 ± 0.04 (10−22) 0.45 0.46 8.0 10−8 0.30 0.18 9.2
Corona radiata — L and R anterior, superior and posterior
sections combined (CR)

0.87 ± 0.03 (10−23) 0.64 0.62 2.0 10−3 0.98 0.86 3.8

External capsule — L and R combined (EC) 0.82 ± 0.05 (10−15) 0.35 0.87 7.9 10−5 0.44 0.78 6.5
Internal capsule — L and R anterior limb, posterior limb,
and retrolenticular parts combined (IC)

0.86 ± 0.03 (10−28) 0.53 0.67 3.3 10−13 0.94 0.58 19.1

Inferior fronto-occipital fasciculus — L and R combined (IFO) 0.78 ± 0.06 (10−13) 0.15 0.41 0.3 0.89 0.77 1.6
Posterior thalamic radiation — L and R combined (PTR) 0.85 ± 0.03 (10−23) 0.89 0.22 2.1 10−7 0.87 0.23 8.6
Superior fronto-occipital fasciculus — L and R combined (SFO) 0.76 ± 0.05 (10−18) 0.89 0.41 0.2 0.89 0.65 1.3
Superior longitudinal fasciculus — L and R combined (SLF) 0.87 ± 0.03 (10−28) 0.32 0.34 1.5 10−3 0.75 0.40 3.1
Sagittal stratum (include inferior longitudinal fasciculus and
inferior fronto-occipital fasciculus) — L and R combined (SS)

0.81 ± 0.05 (10−19) 0.33 0.24 6.2 10−10 0.73 0.18 12.8

Corticospinal tract — L and R combined (CST) 0.66 ± 0.05 (10−18) 0.20 0.74 7.7 10−7 0.29 0.67 9.3
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Heritability measurements: analysis of additive genetic variance

The variance componentsmethod, as implemented in the Sequential
Oligogenic Linkage Analysis Routines (SOLAR)-Eclipse software package
(http://www.nitrc.org/projects/se_linux), was used for all individual
cohort heritability estimations. In short, the algorithms in SOLAR em-
ploy maximum likelihood variance decomposition methods and are
an extension of the strategy developed by Amos (1994). The covariance
matrix Ω for a pedigree of individuals is given by:

Ω ¼ 2 �Φ � σ2
g þ I � σ2

e ð1Þ

where σg
2 is the genetic variance due to the additive genetic factors,Φ is

the kinship matrix representing the pair-wise kinship coefficients
among all individuals, σe

2 is the variance due to individual-specific envi-
ronmental effects, and I is an identitymatrix (under the assumption that
all environmental effects are uncorrelated among family members).
Narrow sense heritability is defined as the fraction of phenotypic vari-
ance σp

2 attributable to additive genetic factors,

h2 ¼ σ2
g=σ

2
P: ð2Þ

The variance parameters are estimated by comparing the observed
phenotypic covariance matrix with the covariance matrix predicted by
kinship (Almasy and Blangero, 1998). Significance of heritability is test-
ed by comparing the likelihood of the model in which σg

2 is constrained
to zero with that of a model in which σg

2 is estimated. Twice the differ-
ence between the loge likelihoods of these models yields a test statistic,
which is asymptotically distributed as a 1/2:1/2 mixture of a χ2 variable
with 1 degree-of-freedom and a point mass at zero. Prior to testing for
the significance of heritability, phenotype values for each individual
within the cohort were adjusted for covariates including sex, age,
age2, age × sex interaction, and age2 × sex interaction. Inverse Gaussian
transformation was also applied to ensure normality of the measure-
ments. Outputs from SOLAR include the heritability value, the signifi-
cance value (p), and the standard error for each trait (ROI or voxel).
All heritability analyses were conducted with age, sex, age ∗ sex, age2,
and age2 ∗ sex included as covariates. Registered HCP users can
replicate our analyses using the web version of SOLAR-Eclipse software
(www.humanconnectome.org).
Variation in heritability estimates in HCP vs. ENIGMA

Meta-SE andmega-genetic joint-analytic heritability estimates from
ENIGMA-DTIwere compared to and evaluated as predictors of heritabil-
ity estimates in HCP subjects. Specifically, we used a z-test to evaluate
whether the heritability estimates for the HCP subjects fell within the
confidence intervals for the estimates of heritability derived by meta-
and mega-analysis pooling methods. Next, we tested whether variabil-
ity in regional heritability estimates for HCP subjects could be predicted
from the regional heritability estimates derived for the pooling
methods. This analysis was performed for both the tract-wise average
FA and the voxel-wise FAvalues. Finally, we testedwhether the variabil-
ity in the voxel-wise heritability estimates in HCP subjects could be pre-
dicted based on the voxel-wise FA values and the distance from the
center of the MNI brain array space (voxel position x = 91, y = 109,
z = 91 mm). This was tested using two regression analyses, including
testing two predictors (Eq. (3)) and their interaction (Eq. (4))

h2
i; j;k ¼ βFA FAi; j;k þ βddi; j;k ð3Þ

h2
i; j;k ¼ βFA FAi; j;k þ βddi; j;k þ βFA�d FAi; j;k � di; j;k ð4Þ

where h2 is a heritability, the FA is the fractional anisotropy value and d
is the Euclidean distance from the center of theMNI brain space and to a
voxel (i,j,k). In the HCP cohort, the voxel-wise average FA map was ob-
tained by averaging FA maps for individual subjects. This modeling was
performed with the [R] package (R-Development-Core-Team, 2009)
using the linear effects model library and the maximum likelihood
estimation algorithm (Pinheiro et al., 2008).

Results

Heritability estimates for whole-brain averaged and by-tract FA
values are shown in Table 1. The whole-brain average and regional FA
values in the HCP subjects were significantly heritable (p b 0.001)
(Fig. 2). The covariates (age, sex, age2, age × sex, and age2 × sex) ex-
plained 10.9% of the phenotypic variance in the whole-brain averaged
FA values (Table 1). Sex was the only significant covariate (p =
6.6 · 10−8) and female subjects showed ~2% higher average FA values
(FA = 0.40 ± 0.12 vs 0.39 ± 0.14 for females and males, respectively).
Additive genetic factors explained 88% of the residual (or 78% of the
total) phenotypic variance in the whole brain FA values (h2 = 0.88,

http://www.nitrc.org/projects/se_linux
http://www.humanconnectome.org


Fig. 2. Regional heritability pattern in HCP sample is shown for eleven tract-wise measurements of FA values.
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p b 10−10). Together, covariates and additive genetic factors explained
89% of the total variance, leaving 11% of unexplained variance that
was attributed to environmental factors.

For regional FAmeasurements, the highest heritabilitywas observed
for the body (BCC) and splenium (SCC) of the corpus callosum (h2 =
0.90, p b 10−10). The lowest heritability was observed for the fornix
(FX) and corticospinal tract (CST) (h2 = 0.53 and 0.66, respectively)
and both were significantly lower (p b 0.001) than the next lowest her-
itability estimate h2 = 0.76 for superior longitudinal fasciculus (SLF).
Covariates explained, on average, 8.5 ± 5.3% of the variance. Sex was
the only significant covariate for all regional FA measurements but for
the inferior (IFO) and superior frontal occipital (SFO) tracts (Table 1).
Sex explained the largest proportion of variance in the internal capsule
(IC) and fornix (FX) tracts (19.1% and 14%, respectively). The lowest
proportion of variance explained by covariates was observed for the
SFO and IFO tracts (1.3% and 1.6%, respectively).

We further explored the effect of sex on heritability in HCP by calcu-
lating heritability of the female and male participants separately.
Average FA was highly heritable in both sexes, with females (N =
287) having 85.7% (p= 1.9 × 10−15) of the overall average FA variance
explained by additive genetic factors, and males (N= 194) 91.9% (p=
4.7 × 10−11). In females, 0.15% of the variance was attributable to the
linear and nonlinear effects of age, whereas this proportion was
modestly higher (1.5%) in males.

The heritability estimate for the average FA values in HCP cohortwas
significantly (p b 10−4) higher than the joint-analytic estimates report-
ed by ENIGMA-DTI (Fig. 3A). Likewise, the tract-average FA heritability
estimates for HCP cohort were higher than those reported by ENIGMA-
DTI (Fig. 3B). These differences were significant (p b 0.0035, after
correcting for fourteen comparisons) for the following tracts from the
ENIGMA-DTI meta-analysis SE estimate: GCC, BCC, SCC, CR, IC and SS.
HCP heritability estimates were significantly higher for all but three
tract-wise estimates of heritability for the mega-analysis (FX, EC, IFO)
analytical estimates of heritability (Fig. 3B). The overall regional pat-
terns of heritability for the ENIGMA-DTI estimation methods signifi-
cantly predicted the regional pattern of heritability in the HCP cohort



Fig. 3.Heritability estimates for thewhole-brain (A) and tract-wise average FA values (B) for the HCP andmeta-SE andmega-genetic estimate derived by the ENIGMA-DTI study. Standard
error of measurement is represented by the error bars. *Pooled estimate was significantly (p b 0.0035) higher for the HCP sample.
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(r= 0.79 and 0.64; p b 0.01, for meta- andmega-analysis estimates, re-
spectively; Fig. 4). Likewise, aggregated voxelwise heritability estimates
from ENIGMA-DTI were significantly predictive of the voxel-wise heri-
tability measurements in HCP (r = 0.51 and 0.62; p b 10−10, for
meta- and mega-analysis estimates, respectively; Fig. 5).

Voxel-wise variations in heritability were tested as a function of FA
magnitude, distance and their interaction (Eqs. (3) and (4)). FA and dis-
tancewere significant predictors of voxelwise heritability values in both
HCP and ENIGMA cohorts (Table 2). Higher heritability values
corresponded to higher FA values (Fig. 6, top row) and voxels located
near the center of the MNI array space (Fig. 6, bottom row). Together,
these factors explained 25% of variability in heritability values in HCP
subjects and 32% and 41% of variability in the meta- and mega-genetic
estimates of heritability in the ENIGMA-DTI dataset, respectively. Test-
ing of the interaction model (Eq. (4)) demonstrated that FA × distance
term was not significant (p = 0.75) in the HCP cohort. In contrast, this
interaction was highly significant in the ENIGMA-DTI sample
(Table 2). When comparing the plot of FA values versus distance from
the center of MNI array space, the HCP data showed higher FA values
throughout the brain and especially at the periphery (distance:
40–70mm) than average ENIGMA-DTI FA values (Figs. 6 and 7). In con-
trast, voxel-wise heritability values in HCP subjects were only higher for
Fig. 4. Scatterplot of heritability estimate for tract-wise average FAmeasurements plotted fo
by ENIGMA-DTI study.
the central regions (distance 10–40 mm; p N 0.001) and showed no
difference from the meta-and-mega-genetic ENIGMA-DTI estimates in
the peripheral regions (distance 40–70 mm, p = 0.3; Fig. 7).

Discussion

In this study, we performed three analyses: (1) A comprehensive
heritability analysis of whole-brain and regional FA values in the HCP
cohort indicated that FA measurements extracted using the ENIGMA-
DTI protocolwere highly heritable, with ~70–80%of the total phenotyp-
ic variance explained by additive genetic factors. (2)When compared to
meta-and-mega-genetic estimates of heritability, the heritability
measurements in HCP cohort were generally higher. Nonetheless, the
agreement between the joint-analytical estimates and HCP heritability
measurements indicates that the overall regional genetic contributions
for tract-wise and voxel-wise levels are similar among independent co-
horts. (3) The additive genetic contribution to voxel-wise FA values is
modulated by the magnitude of FA and the distance away from the
core of the brain. The trends in the HCP and ENIGMA-DTI cohorts
were similar but for one substantive difference: the interaction between
FA and distance was significant in ENIGMA, but not so in HCP sample.
Overall, our study demonstrated highly robust estimates of additive
r the HCP sample versus themeta-SE andmega-genetic heritability estimates derived



Fig. 5. Scatterplot of voxel-wise heritability values for HCP subject plotted versus themeta-SE andmega-genetic voxel-wise heritability derived by the ENIGMA-DTI study. Dash lines show
a significant linear correlation between voxel HCP heritability values and two joint ENIGMA-DTI estimates (r=0.51 and 0.62; p b 10−10, formeta-SE andmega-genetic analytic estimates,
respectively).
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genetic variability in HCP data. The joint-analytic estimates of heritabil-
ity derived by ENIGMA-DTI groupwere highly predictive of the variance
in regional heritability estimates in the data collected by HCP. Together
this suggests the consistency of additive genetic contribution to FA
values. This posits FA as a promising phenotype for future gene discov-
ery studies. Replication of our analyses and further genetic analyses in
the HCP subjects can be performed using a web-version of SOLAR-
Eclipse available at HCP web-based analysis portal.

The heritability estimates for the whole-brain (h2 = 0.88) and all
tract-wise average FA values (h2 = 0.53–0.90) calculated for HCP sub-
jects were highly significant (p = 10−9–10−26). Findings of significant
heritability for average and regional FA measurements have withstood
several independent replications (Chiang et al., 2008; Chiang et al.,
2011; Duarte-Carvajalino et al., 2011; Jahanshad et al., 2013; Jahanshad
et al., 2010; Kochunov et al., 2010b). Heritability is the proportion of the
variance that is attributed to the additive genetic variance after correc-
tion for covariates. In HCP sample, we explored this relation further
and found that sex was the only significant covariate. The HCP recruit-
ment was designed to reduce the effects of age on the brain measure-
ments by limiting recruitment to age-range that corresponds to a
plateau in FA-aging trend (22–35 years) (Kochunov et al., 2011; Van
Essen et al., 2013). Significant sex differences in the average and region-
al FA values are commonly reported (Bava et al., 2010; Menzler et al.,
2010; O'Dwyer et al., 2013; Wang et al., 2012), however, the direction
Table 2
Results of the testing of two predictive models for regional heritability values.

HCP Me

Model 1 (h2 = FA + d)
βFA ± sd (t-value, p-value) 0.40 ± 0.004 (90.3, p b 10−16) 0.3
βd ± sd (t-value, p-value) − .004 ± 4.3 · 10−5 (101.4, p b 10−16) −0
R2 (t-value, p-value) 0.25 (p b 10−16) 0.3

Model 2 (h2 = FA + d + FA · d)
βFA ± sd (t-value, p-value) 0.39 ± 0.001 (32.9, p b 10−16) 0.0
βd ± sd (t-value, p-value) −0.004 ± 0.0001 (65.3, p b 10−16) −0
βFA ∗ d ± sd (t-value, p-value) −0.0008 ± 0.002 (0.3, 0.75) 0.0
R2 (t-value, p-value) 0.25 (p b 10−16) 0.3
and size of this effect vary from study to study (den Braber et al.,
2013). High heritability values and modest effects of covariates posit
HCP cohort for further studies of genetic effects on normal variability
in cerebral white matter.

The heritability estimate for the average FA inHCP cohortwas higher
than the joint analytic estimate calculated for the ENIGMA-DTI sample.
The degree of additive genetic variation (i.e., heritability) depends on
study design, sample characteristics, and the fidelity and ‘closeness’ of
the trait to underlying genetic processes. The higher heritability of the
whole-brain average FA values in theHCP cohort is likely to be the prod-
uct of three factors: study design, recruitment strategy and the quality
of the imaging data. The HCP study uses a twin-sibling study design
and heritability estimates obtained using this design can be higher
than those calculated in extended families (Kochunov et al., 2014).
The shared environmental factors were not evaluated here as to main-
tain the same design as our previous ENIGMA-DTI studies (Jahanshad
et al., 2013). The lack of aging effects on FA in HCP subjects is another
likely contributor to the higher heritability estimates. The age-by-
genotype interaction during maturation and aging, observed in studies
that recruit subjects across the lifespan, can reduce heritability esti-
mates (Batouli et al., 2013; Brouwer et al., 2012; Glahn et al., 2013).
The ethnic diversity in the HCP sample may also add shared environ-
mental aspects of FA variance to the apparent genetic influence. Lastly,
the higher quality of the HCP DTI data likely reduces the measurement
ta-SE Mega

5 ± 0.004 (91.2, p b 10−16) 0.42 ± 0.002 (169.7, p b 10−16)
.031 ± 3.8 · 10−5 (80.9, p b 10−16) −0.026 ± 2.4 · 10−5 (106.6, p b 10−16)
2 (p b 10−16) 0.41 (p b 10−16)

3 ± 0.01 (2.8, p = 0.004) 0.26 ± 0.01 (35.5, p b 10−16)
.007 ± 0.0001 (67.3, p b 10−16) −0.004 ± 0.0001 (65.3, p b 10−16)
09 ± 0.0002 (40.9, p b 10−16) 0.004 ± 0.0001 (28.4, p b 10−16)
3 (p b 10−16) 0.42 (p b 10−16)



Fig. 6. Scatterplot of voxel-wise heritability plotted versus FA value (top row) or distance from the center of the brain (bottom row) constituted testing of model 1 (Table 2).
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error and thus contributes to higher heritability estimates. Further re-
searchwill be needed to assess the specific contributions to high herita-
bility from these three factors. That being said, the heritability estimates
in HCP are compatiblewith those collected in cohortswith similar study
design (Kochunov et al., 2014).

Importantly, the joint estimates of heritability from the ENIGMA-DTI
studies were predictive of the regional pattern of additive genetic con-
tribution to FAvalues in theHCP subjects. This suggests that the regional
pattern of additive genetic variance in FA values is similar across popu-
lations. Our examination of the heritability of the FA along parcellated
white matter tracts and voxel-wise FA showed a pattern of inheritance
that was similar across cohorts. Specifically, heritability values for the
fornix (FX) and corticospinal tract (CST) and were consistently low
across cohorts. Confirmation of the previous ENIGMA-DTI findings of
low heritability in the FX and CST regions in the HCP sample suggests
that GWAS findings in these regions should be interpretedwith caution.
However, the correlation between tract-wise heritability estimates
remained significant even when excluding CST and FX. Likewise, the
voxel-wise correlation analyses showed that HCP shared 32% and 41%
of the regional inheritance pattern with the joint-analytic estimates of
heritability. The sources of regional variability in the FA heritability
across the white matter skeleton are not clear. The regions with the
greatest heritability overall are the regions where the core brain tracts
had simplified fiber architecture, including the three regions of the
corpus callosum, corona radiata, superior longitudinal fasciculus and
internal capsule.

Furthermore, we observed that both themagnitude of FA values and
the distance from the center were significant predictors of heritability
estimates for voxel-wise FA values in both HCP and ENIGMA estimates.
An important observation was the difference in the FA-by-distance in-
teraction in explaining the spatial pattern of voxel-wise heritability.
This interaction was significant in ENIGMA but not in HCP data. The sig-
nificance of FA by distance interaction in ENIGMA sample suggests that
reduced additive genetic contributionwas observed for voxelswhere FA
magnitude was reduced due to spatial divergence of the tracts as they
approach the cerebral cortex. Reduced partial voxel produced higher
FA values at the periphery of the brain in the HCP subjects. Yet in con-
trast, the higher peripheral FA values in the HCP data did not contribute
to higher peripheral estimates of heritability, suggesting a rise in unex-
plained variance as the fiber tracts diverge toward the cerebral cortex.
Nonetheless, we observed an excellent agreement between the pattern
of additive genetic variance in the HCP cohort and joint analytical esti-
mate from five other cohorts. This does not imply that the same genes
were responsible for the similar patterns of heritability in the different
populations. Instead, regions where consistently high heritability is ob-
served among populations provide reliable phenotypes for discovery of
genetic factors that exert a control over cerebral white matter structure
and integrity.

Overall, this work posits FA as a useful phenotype for further genetic
analyses, with some caveats. Both biological andmethodological factors
are likely to contribute to the findings of lower heritability in voxels
more distant from the center of the image and those in the fornix and
corticospinal tracts. The most significant biological factor that contrib-
utes to lower heritability is the residual intersubject variability, especial-
ly in cortical structures (Kochunov et al., 2002; Kochunov et al., 2001;
Kochunov et al., 1999). Substantial variability in the cortical landscape
is present even in monozygotic twins (Van Essen et al., 2013) and this
leads to modest (30–50%) heritability estimates for cortical measure-
ments. Cerebralmorphology in adults is the product of the primary, sec-
ondary and tertiary gyrogenesis processes that are driven by genetic
and environmental factors (Kochunov et al., 2010a; Kochunov et al.,
2009). These processes fold the cerebral cortex into an intricate pattern



Fig. 7. Left panels: Voxel-wise heritability (h2) values for HCP sample shown on the ENIGMA-DTI skeletonwith the cortical outline (axial, coronal, and sagittal views). Right panels: voxel-
wise FA and h2 plotted versus the distance from the center of theMNI space. The dotted circles (left panel) and lines (right panel) represent distances of 10, 40 and 70mm from the center
of theMNI space. The FA valueswere significantly higher (p b 0.001) for both proximal (10–40mm) and distal (40–70mm)voxels inHCP vs. ENIGMA sample. HCPheritability valueswere
significantly higher for proximal (p = 0.001) but not distal voxels (p = 0.32) (bottom row, right column).
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of sulci and gyri with variable function–structure relationships among
cortical structures, underlying white matter tracts and functional areas
(Fischl et al., 2008; Van Essen, 1997; Van Essen, 2004). Current
intersubject alignmentmethods (even high-dimensional nonlinear reg-
istration)may not consistently align cortical and functional areas, espe-
cially in frontal and parietal areas where tertiary and anastomotic sulci
add uniqueness to cortical gyrification patterns (Fischl et al., 2008;
Kochunov et al., 2009; Kochunov et al., 2005). High spatial resolution
in HCP protocol reduced a partial voxel voluming effect, as signified by
the higher FA values in the peripheral white matter on a voxel-by-
voxel level. However, the complex organization and spatial distribution
(including crossings) of white matter tracts in the periphery likely in-
troduced errors in the FA projection step. Thus, there was no corre-
sponding rise in heritability estimates, suggesting an increase in
individualized variance that could not be explained by genetic factors.

Our findings of reduced additive genetic contribution towards the
periphery may also reflect methodological limitations. Recent work by
Bach et al. (2014), built upon previous work by others (Edden and
Jones, 2011; Keihaninejad et al., 2012; Zalesky, 2011), discusses two
limitations of multi-subject analyses of FA values: spatial registration
and FA projection. The multi-subject spatial alignment was performed
based on the voxel-wise maps of FA values (Jahanshad et al., 2013). Ad-
vanced, diffusion tensor-based spatial registration techniques have
been advocated as an alternative approach to register DTI data (Wang
et al., 2011; Zhang and Arfanakis, 2013). Tensor-based alignment tech-
niques such as those implemented in http://dti-tk.sourceforge.net use
the similarity in voxel-wise diffusion tensors to drive multi-subject
alignment. We studied if the use of this advanced warping approach
might lead to high heritability estimates by repeating voxel-wise herita-
bility analyses using the DTI-TK tensor-driven TBSS approach. This was
executed using standard parameters and 1-mm isotropic resolution.
DTI-TK uses the full tensor model for spatial alignment, and FA values
are calculated at the final step. We observed that the tensor-based
warping approach produced significantly (p b 10−6) higher FA values
at the core (distance = 10–40 mm from the center) and at the periph-
ery of the brain (distance= 40–80mm) (Fig. 1S). However, the tensor-
basedwarping produced significantly lower voxel-wise heritability esti-
mates compared to the FA-warping approach (average h2 = 0.20 vs.
0.34, p b 10−10). Moreover, its voxel-wise heritability values showed a
strong decline with distance (Fig. 1S) and FA magnitude explained
64% of the variance. Clearly, tensor-based registration led to higher av-
erage FA estimate, but it did not result in a better intersubject overlap
especially in areas of more complex fiber geometry near the periphery
of the brain. This tensor-based analysis was only performed in the
HCP sample because additional research is needed to demonstrate the
stability of these registration techniques when aligning multi-site data
collected using DTI protocolswith variable spatial resolutions and num-
ber of directions.

Additional methodological limitations such as partial voluming ef-
fects or intersubject misregistration can cause errors during projection
of FAvalues of the small, tubularwhitematter structures such as the for-
nix and corticospinal tract on the group-wise skeleton (Bach et al.,
2014). Contributing to this, the spatial course of the fornix parallels
that of the stria terminalis and the projection-based techniques may
not be sufficiently sensitive to separate these tracts in individual
subjects (Vasung et al., 2010). In agreement with these limitations, we
consistently observed low heritability estimate for FA values from
these two regions (Kochunov et al., 2014). Our study reveals that de-
spite the greatly improved spatial resolution of HCP data, this limitation
remains. Therefore the results from fornix should be interpreted with
caution, particularly in lower powered studies with reduced spatial res-
olution. Similar errors are also likely to be observed in the areas of high

http://dti-tk.sourceforge.net
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intersubject variability such as near periphery of the brain. Bach et al. of-
fered several recommendations, including the use of a study-specific
template and manual review and editing of the skeleton image. Both
of these recommendations were implemented in ENIGMA-DTI protocol
(Jahanshad et al., 2013). Overall, the manuscript affirms the validity of
ENIGMA-DTI approach inHCP data collectedwith a highly advanced dif-
fusion weighted imaging protocol. However, it is important to under-
stand the methodological caveats. This study illuminated these
limitations from the genetic imaging perspective and our findings can
help to define the set of regional phenotypes that can be reliably ex-
tracted from multi-site data collected with diverse imaging protocols.
Our approach ranks FA-based phenotypes based on the degree of ob-
served variance attributable to additive genetic factors and can serve
to limit future genetic analyses to brain regions where this is high and
stable across populations and cohorts regardless of the acquisition
method.

Conclusion

The ENIGMA-DTI FA homogenization protocol was tested in the
state-of-the-art data collected by the HCP. This research helps to define
the genetic search space for future localization of risk factors that affect
white matter integrity in behavioral, neurological, and neuropsychiatric
disorders. Limiting genetic searches to the traits that show significant
and replicable heritability will improve confidence in outcomes of
these analyses and reduce the number of degrees of freedom. In agree-
ment, we showed that both global and regional heritability estimates
from pooled approaches were highly predictive of the heritability
pattern in a new cohort derived using state of the art neuroimaging
methods. We also demonstrated that genetic contribution is replicable
and high for the corewhitematter areas and that environmental contri-
butions are greater in the vicinity of the variable convolutions of the ce-
rebral cortex. We provide our heritability results online at http://
enigma.ini.usc.edu/ongoing/dti-working-group/ to define voxelwise
additive genetic contribution for future genetic studies. Unique to this
study is the ability to repeat our genetic analyses using the registered
users of the HCP online version of the genetic analysis tools.
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