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Abstract. Imaging genetics is a new field that extends methods from quantitative
genetics to handle brain images. Its goal is to identify features of the brain that are
genetically influenced, and then find specific variations at the genomic level that
contribute to them. Recent studies using diffusion tensor imaging (DTI) in twins
have discovered specific genomic variations that influence standard DTI-derived
measures, such as fractional anisotropy (FA). As these associations require hundreds
of scans to detect, genetic analyses will be accelerated if some measure could be
derived from diffusion images that is more highly genetically influenced than FA.
To test this, we scanned 116 young adult twins (29 identical and 29 fraternal twin
pairs) with high-angular resolution diffusion imaging (HARDI) at 4 Tesla. We fitted
tensor distribution functions (TDFs) to the full HARDI signal at each point in the
brain. We then computed TDF-FA, a fiber-crossing/mixing corrected FA using the
TDF, and the tensor orientation distribution (TOD), whose spherical integral
encodes the volume fraction of fibers detected in each direction. We fitted structural
equation models voxel-wise, using multivariate correlation for genetic analysis of
vector-valued measures. Fiber directions, expressed using the 3-vector of TOD
projections along each axis, were more highly heritable than standard scalar
anisotropy measures (e.g., standard FA). FATDF gave higher inter-twin correlations
than standard FA, avoiding errors where fibers cross or mix. Due to their higher
heritability, these HARDI measures show promise for genome-wide association
studies of diffusion images, and are expected to accelerate the search for specific
genetic causes of variations in fiber integrity and connectivity in large human
populations.
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1. Introduction
Modeling genetic effects on the brain through neuroimaging is a rapidly growing
subspecialty in the field of imaging genetics. However, genetic effects on the white matter
microstructure of the brain are still largely unknown. Localization of genes associated
with differences in white matter integrity and connectivity using diffusion tensor imaging
(DTI) may shed light on molecular mechanisms associated with cognition and risk for
disease [1]. In genetics, several models have been established to estimate the genetic and
environmental contributions to a phenotype, e.g., by comparing correlations in
monozygotic twins (MZs, who share 100% of their genes) to those found between
dizygotic twins (DZs, who share 50% of their genes on average). Among these, the A/C/E
structural equation model uses information from both types of twins to distinguish
between sources of variance attributable to additive genetic factors (A), common
environment (C) and environmental factors unique to each individual (E) [2]. Voxelwise
fitting of these models to databases of DTI scans found that FA, its asymmetry, and scalar
maps of fiber connectivity are all under strong genetic control [3, 4].
Recently, voxelwise genetic analysis of DTI was used to discover several commonly
carried genes that affect fiber anisotropy (FA) in healthy adults [5-7]. One analysis
performed voxelwise genome-wide association scanning (vGWAS) to identify candidate
genes that affect DTI signals [8]. Even so, many of these studies required data from over
400 subjects. If we could identify other measures from HARDI scans that were more
highly genetically influenced, then gene discovery and replication may be more efficient.
As genetic analyses often require the computation of correlations and estimation of
variance components for structural equation models, Lee et al. [9] developed a method for
multivariate genetic analysis of the full diffusion tensor, using log-Euclidean
transformation to flatten the tensor manifold. The required intra-class correlations
between vector- and tensor-valued signals were computed using a variant of canonical
correlation analysis that seeks optimal projections of the high-dimensional data to
maximize correlations between the signals. The heritability of the full 6D diffusion tensor
was found to be higher than that of the standard DTI-derived scalars, such as FA and GA
(geodesic anisotropy). The 3-component vector of the diffusion tensor eigenvalues, sorted
in rank order, was also found to be more heritable than FA. This further suggests the
promise of extending genetic analysis to higher-dimensional DTI signals than FA.
Prior studies show that single-tensor DTI models severely underestimate fiber
anisotropy in brain regions where fibers mix or cross [10]. The full orientation distribution
functions computable from high angular resolution diffusion imaging (HARDI), can
capture additional information about aspects of fiber microstructure relevant to cognition
[11]. To date, genetic contributions to HARDI-derived signals have yet to be explored.
The Tensor Distribution Function (TDF) was recently proposed in [12, 13] to model
multidirectional diffusion at each point as a probabilistic mixture of symmetric positive
definite tensors. The TDF models the diffusion signal more flexibly, as a unit-mass

probability density on the 6D manifold of symmetric positive definite tensors, yielding a
TDF, or continuous mixture of tensors, at each point in the brain. Using the calculus of
variations, the TDF approach separates different dominant fiber directions within each
voxel and computes their individual eigenvalues, and anisotropy measures are weighted
by the proportional contribution of each fiber component. From the TDF, one can derive
analytic formulae for the orientation distribution function (ODF), the tensor orientation
distribution (TOD), and their corresponding anisotropy measures. In this study, we set out
to find HARDI-derived univariate and multivariate measures that are more sensitive for
detecting genetic effects on the brain. We hypothesized that (1) higher-dimensional
HARDI signals, such as the TOD, would be more strongly genetically influenced than FA,
and (2) intraclass correlations would be higher for FA measures derived from the TDF
than for the tensor.

2. Methods
2.1 Subjects and image acquisition
3D structural brain MRI scans and diffusion-weighted scans were acquired from 116
healthy young adult subjects: 29 pairs of monozygotic twins (MZ; 30 men/28 women;
25.1±1.7SD years old) and 29 pairs of same-sex dizygotic twins (DZ; 28 men/30 women;
23.8±1.9SD years old) on a 4 Tesla Bruker Medspec MRI scanner with an optimized
diffusion sequence [14]. Diffusion weighted imaging (DWI) parameters were: TE/TR
92.3/8250 ms, 55 x 2mm contiguous slices, FOV = 23 cm. 105 gradient images were
collected: 11 baseline (b0) images with no diffusion sensitization (i.e., T2-weighted
images) and 94 diffusion-weighted images (b-value: 1159 s/mm2) with gradient directions
evenly distributed on the hemisphere. The reconstruction matrix was 128x128, yielding a
1.8x1.8 mm2 in-plane resolution. Total scan time was 14.5 minutes. T1-weighted scan
parameters were: TI/TR/TE = 1500/2500/3.83 msec; flip angle=15 degrees; slice
thickness = 0.9 mm, with a 256x256x256 acquisition matrix.
2.2. Image Preprocessing and Registration
Raw DWIs were corrected for eddy current distortions using FSL software
(www.fmrib.ox.ac.uk/fsl/). Diffusion tensors and the TDFs were calculated in the raw
image space after distortion correction, prior to computing derived scalars and vectors
(Sect. 2.3).
Non-brain regions were removed from the T1-weighted MR and DWI b0 images, also
using FSL. All T1-weighted images were linearly aligned with a 9-DOF global transform
to a common space. The 11 b0 images were averaged, linearly aligned, and resampled to
their corresponding T1 image. Transformation matrices (1) were retained for each subject.

Each subject’s average b0 maps were then elastically registered to the individual common
space T1-weighted scans using a mutual information cost function [15] to control for EPI
induced susceptibility artifacts. The resulting deformation fields (2) from the EPI
distortion corrections were retained. A mean deformation template (MDT) was created
from the T1 images of randomly selected unrelated subjects using 3D nonlinear fluid
registration [15]. To ensure co-registration between subjects, individual T1 maps were
registered to the final population averaged T1-based MDT using a 3D elastic warping
technique with a mutual information cost function [15]. Deformation fields from this
inter-subject registration (3) were also retained. Global transformation matrices (1) and
deformation fields (2 and 3) were then applied to the scalar and vector parameters
(derived in raw image space) from the eddy distortion corrected DWI so that all maps
were aligned anatomically.
2.3 Parameter calculation
Several parameters (defined below) were computed from the diffusion tensors and TDFs:
(1) fractional anisotropy derived from the tensor or the TDF (FADTI, FATDF), (2) the
principal eigenvector, or dominant direction of the fitted diffusion tensor (TDD); and (3) a
spherical function called the tensor orientation density (TOD), defined below. FADTI was
calculated from eigenvalues (λ1, λ2, and λ3) of the single-tensor model (Eq. 1). TDD is the
principal eigenvector - corresponding to the largest eigenvalue, λ1.
FADTI

(1)

The Tensor Distribution Function (TDF) framework was applied to compute a
probabilistic ensemble of 3D Gaussian diffusion processes at each voxel that best
describes the observed signal [12]. We represent the manifold of 3x3 symmetric positive
definite tensors by . The probabilistic ensemble of tensors, as represented by the TDF P,
is defined on the tensor space that best explains the observed diffusion-weighted signals.
To solve for an optimal TDF P*, we use the multiple diffusion-sensitized gradient
directions qi and arrive at P* using the least-squares principle with a gradient descent
algorithm defined in [12] (Eq. 2):
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By parameterizing the tensor space using eigenvalues (λ) and Euler angles (θ), the
dominant fiber directions may be estimated from Eq. 3 by thresholding the TOD as a
function of spherical angle:
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The FATDF is defined as a weighted average of FA based on the fitted distribution of
component signals in the tensor space (Eq. 4). It can be considered as a HARDI-derived
version of FA, corrected for the multiple fibers or tissue types that contribute to the
diffusion propagator in each voxel.
,
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For visualization, we also projected the TOD spherical function and TDD vector onto
the cardinal x, y and z axes to get six scalar maps: TOD-x, TOD-y, TOD-z and TDD-x,
TDD-y, TDD-z respectively.
2.4 Heritability and structural equation models
For each subject, we computed maps of the univariate scalars FADTI, FATDF, and 3x1
multivariate vectors representing the principal eigenvector (TDD) and projections of the
TOD on the 3-cardinal axes (assembled into a 3-component vector). Two sets of voxelwise covariance matrices for the MZ pairs and DZ pairs were computed for all the
measures. For each statistic, we estimated the intraclass correlation (ICC), heritability
(i.e., proportion of the observed variance due to genetic differences among individuals),
and computed the best-fitting A/C/E model, which partitions the observed variance into
components due to genetic factors (A) as well as common or unique environmental factors
(C,E).
An initial estimate of heritability can be computed from the ICC in both types of twins
(rMZ and rDZ) for both univariate and multivariate maps [9]. Here we used Falconer’s
heritability estimate [2]:
2
(5)
This heritability estimate, ranging from 0 (no genetic effect) to 1 (total genetic control),
is expected to vary across brain regions and across different parameters. The multivariate
ICC [17] is defined as:
(6)
Γ = Σ−1/ 2ΩΣ−1/ 2
where Σ , Ω are the expected values of (t1 − μ)(t1 − μ)T and (t 2 − μ)(t1 − μ)T respectively..
Here, μ is the sample mean of all of the t1 and t 2 vectors. t1 and t 2 are 3-dimensional
vectors (representing with the TOD or the TDD) defined at each voxel for each twin in the
pair. This implies that Σ − Ω , which basically estimates the within-pair correlation, is

positive semi-definite. The maximum eigenvalue of this ICC matrix Γ is considered to be
the multivariate ICC value.
A structural equation model (SEM) may be fitted to the covariances to infer how
much of the population variance is attributable to additive gene effects (A), environmental
factors that are shared, or common, between twins (C), and unique environmental factors
coupled with measurement errors (E). Measurement errors or inter-subject registration
errors will both be classified as part of the E component of variance. Any measure Z in the
twins, such as FA or TOD at a given voxel, may be modeled as arising from contributions
of 3 factors with different weights:
(7)
Here A/C/E are latent variables and a, c, e are the weights of each parameter to be
estimated. A maximum-likelihood estimate (MLE) [18] is used to estimate the proportion
of the voxel-based intersubject variance that is attributable to each of the 3 free model
parameters. The 3 variance components combine to create the total observed interindividual variance, so that a2 + c2 + e2 = 1. The weights Θ = (a, c, e) are estimated by
comparing the covariance matrix implied by the model, Σ(Θ), and the sample covariance
matrix of the observed variables, S, using maximum-likelihood fitting.
The covariance matrix, Σ(θ), for observations (Z1,Z2) in a given twin pair, is specified
by the A/C/E model to be:
⎛cov(Z1,Z1 ) cov(Z1,Z 2 ) ⎞ ⎛ a 2 + c 2 + e 2 αa 2 + c 2 ⎞
(8)
Σ(θ ) = ⎜
⎟
⎟=⎜
⎝cov(Z1,Z 2 ) cov(Z 2 ,Z 2 )⎠ ⎝αa 2 + c 2
a2 + c 2 + e 2 ⎠
where α =1 for MZ twins and α =0.5 for DZ twins, as MZ twins share all the same genes
and DZ twins share half of their genes on average. The maximum-likelihood, FML ,θ , is
modeled as follows:
FLM,β = log|Σ(Θ)| + trace(Σ−1(Θ)S) − log|S| − p
(9)
where p = 2 is the number of observed variables. Under the null hypothesis that Z is
multivariate normal (i.e., each of A, C and E is normally distributed), the MLE model
approximately follows a χ2 distribution with p(p + 1) − t degrees of freedom, where t is
number of model parameters (3 in our case). We used the Broyden-Fletcher-GoldfarbShannon method [1] to obtain the minimum FLM,β
In SEM, the χ2 goodness of fit measure determines a p-value for all specified regions of
interest where the test is performed. This value indicates that the model is a good fit to the
data if p>0.05 (note this is the opposite of the usual convention). To determine the
significance of a particular factor, specifically the A or C, the χ2 goodness-of-fit values of
the model may be compared to those for a reduced model that does not include that factor
(e.g., to a C/E model to determine the significance of the additional A factor) giving:
−1

p(A) = χ 21DF [ χ 2 (ACE) − χ 2 (CE)]

(10)
Here χ21DF-1 denotes the inverse of the cumulative distribution function for a chi-squared
distributed variable with one degree of freedom. In this case, low p-values express
significant improvements when adding a factor, consistent with the more standard
convention for p-values. This allows the effect size and overall significance of the

resulting uncorrected p-value maps to be assessed using standard false discovery rate
(FDR) methods which have proven to be powerful in neuroimaging applications [18].

3. Results and Discussion
Figure 1 shows the set of scalar maps derived for a single subject. FADTI clearly suffers
from partial volume effects and fiber crossings. Visually, TDD projections are also noisy
and inconclusive when compared to TOD projections. Figure 2 shows cumulative
distribution plots for ICC probability values mapped for vectors (TOD and TDD) and
scalars (FATDF and FADTI). All maps show significant ICCs for each type of twin after
multiple comparisons correction that controls the FDR at the 5% level (shown by y=20x
line). For investigating the heritability of white matter directional microstructure, we
found that the TOD projection vector shows higher intraclass correlations than the TDD.
For the corresponding ACE analyses, Figure 4b plots the difference in the genetic
components of variance attributable to the TOD and the TDD; a greater genetic
contribution was detected for the TOD measures. For measures of anisotropy, FADTI and
FATDF show similar patterns of effects, but FATDF outperforms FADTI in its power to detect
genetic effects on FA variance in fiber crossing regions (Figures 3b and 3c). Figure 4a
shows the results of ACE analyses comparing FATDF and FADTI. Here we see that the ACE
model is a significantly better fit for capturing the full genetic and environmental
components of the variance in the entire brain for FATDF as compared to FADTI.

4. Conclusion
Here we showed how to estimate genetic effects on HARDI-derived measures of white
matter microstructure in the brain. Prior studies estimated the fractional anisotropy from
the diffusion tensor, but that measure is known to be incorrect where fibers mix or cross
(Figure 3a). When a continuous mixture of tensors is fitted to HARDI data (here using
the TDF framework), the FA is higher where fibers cross, and in any voxels where
multiple principal directions of diffusion are present. The TDF model recovers maps of
dominant fiber directions that are less noisy and more highly heritable than maps derived
from the standard diffusion tensor. Moreover, it also de-convolves the fiber wiring pattern
(i.e., orientational information; represented by the TOD) from the individual fiber
anisotropy. TDF-derived measures showed higher heritability and greater effect sizes,
both for the intraclass correlations and additive genetic effects. Both of these effects are
depleted by known sources of error in the standard diffusion tensor model.
This study has several strengths. We found that the tensor distribution function, which
uses the full diffusion gradient data, boosts power in genetic studies. We also showed,
perhaps surprisingly, that the dominant fiber direction is more highly heritable than the

FA, which has been the primary focus of most prior genetic studies of DTI. More research
is needed to determine whether the heritability of fiber directions in the brain simply
reflects heritable differences in overall brain shape, or a locally varying genetic control of
fiber trajectories. A “cross-twin cross-trait” design could disentangle whether aspects of
brain shape (encoded in the registration fields) have a partially overlapping genetic basis
with that of the local dominant fiber directions, or whether they are independent.
Some caveats are needed. Our HARDI-derived measures avoid sources of bias that
affect comparable measures from the diffusion tensor. However, this does not imply that
all HARDI-derived measures are more heritable. The information on the diffusion
propagator that is missed by the tensor model may be affected by an unknown mix of
genetic and non-genetic factors. This may tend to enhance or reduce their heritability and
promise of association in genome-wide studies.
Even so, given the greater effect sizes for our HARDI-based measures of anisotropy
and fiber directions, HARDI-based measures are likely to reduce the sample sizes needed
for genetic studies. This may accelerate the search for specific genes that affect brain
integrity and connectivity. It may also make results easier and faster to verify. With this in
mind, genome-wide searches have recently been extended to entire images [6]. Efforts to
replicate promising genetic hits in independent datasets will likely be facilitated by multinational consortia such as the Enigma project (enigma.loni.ucla.edu).

Figure 1. Single subject scalar maps. T1 denotes the T1-weighted image (in arbitrary units). FADTI
tends to underestimate the true FA of the component fibers and is incorrect when fibers cross or mix

in the same voxel. It agrees more with FATDF in highly coherent tracts with a single dominant fiber
direction (e.g., in the corpus callosum). TDD projections show the components of the principal
eigenvector of the diffusion tensor. These components are higher in regions where the dominant
fiber direction is aligned with that axis. TOD projections are less noisy, as they are computed from
the full spherical diffusion function; they can also accommodate multiple fiber directions per voxel.

Figure 2. Cumulative distribution functions for the significance of intraclass correlations.
When similarities between twins are assessed using the ICC (for scalar- or vector-valued signals),
any measurement errors tend to deplete the observed correlations. For different DTI- or HARDIderived measures, we computed a map of the significance of the ICC between twins. We made a
cumulative distribution function from the resulting uncorrected p-values (colored curves). For null
data, uncorrected p-values are uniformly distributed on the unit interval [0,1], and their CDF
approximately follows the line y=x. Using the standard FDR method, curves that rise more steeply at
the origin show greater effect sizes. If the CDFs cross the line y=20x other than at the original, the
FDR is successfully controlled at the conventional 5% level. The power to detect significant
correlations between twins follows a rank order. Greatest effect sizes were found for the TOD
projection (multivariate)>TDD projection (multivariate)>FADTI (univariate)>FATDF(univariate). The
TOD projection reflects the fiber direction, which may be more genetically influenced than the
anisotropy. As expected, the correlation for MZ twins is always greater than that for DZ twins,
which gives evidence for genetic influences on all the measures (confirmed below).

Figure 3. FATDF vs. FADTI. (a) When fractional anisotropy is computed from the diffusion tensor, it
underestimates component fiber FA (too low) in regions where fibers cross (red boxes). These are
effectively measurement errors, and FATDF can correct for them, as it estimates FA from a multifiber model fitted at each voxel. A rough but widely-used estimate of the proportion of variance due
to genetic factors, h2 (Falconer’s heritability statistic), tends to be higher for FATDF than FADTI. This
is clearly evident in fiber crossing regions (red boxes). Red colors indicate generally greater
heritability for FATDF, but not for the entire white matter.

Figure 4. ACE analysis results. (a) CDF plot for the significance of the genetic effect, p(a), on
measures of fractional anisotropy derived from the diffusion tensor (FADTI) and from the tensor
distribution function (FATDF). The FATDF is more accurate when fibers mix or cross. As expected,
the CDF rises more sharply at the origin for the FATDF, so genetic effects are detected with greater
effect sizes. (b) Voxelwise statistics showing (TOD a2-TDD a2). Red colors indicate that TOD
a2>TDD a2, in most white matter regions. This suggests that the dominant fiber directions are more
highly heritable when estimated from the tensor distribution function (which is more accurate) than
from the single-tensor model, which is incorrect when fibers mix or cross. This is reasonable, as any
measurement errors will tend to deplete the observed correlations between twins. Measurement

errors, so long as they are not correlated between the two twins in a pair, also tend to reduce the a2
term (and inflate the e2 term) in the ACE variance-components model.
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