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Abstract. We used tensor-derived measures to map the extent of genetic effects
on brain fiber microstructure, in 23 monozygotic and 23 dizygotic twin pairs.
All 92 DTI volumes were fluidly registered to a geometrically-centered
template via a high-dimensional mapping of co-registered structural-MRI. After
tensor re-orientation, we computed three scalar DTI measures: the fractional
anisotropy (FA), geodesic anisotropy (GA), and the hyperbolic tangent of GA
(tGA); GA measures the geodesic distance between tensors on the symmetric
positive-definite tensor manifold. Spatial maps of intraclass correlations
between MZ and DZ twins were compared to compute maps of Falconer’s
heritability statistics. We also performed a maximum likelihood estimation of
genetic influences using path analysis. The manifold-based measure, tGA, was
marginally more powerful than FA for detecting genetic influences, and
improved the fit of quantitative genetic models relative to FA and GA. The
pattern of genetic influences was remarkably consistent with the
neurodevelopmental sequence, with strong occipital genetic effects and strong
frontal environmental effects.
Keywords: DTI, Fractional Anisotropy, Geodesic Anisotropy, Twins,
quantitative genetics, path analysis.

1 Introduction
Diffusion tensor (DT) MRI is sensitive to the magnitude and directional properties
of local water diffusion in biological tissues. DT imaging of the brain provides vital
information on fiber connectivity and composition; water diffuses preferentially along
fiber tracts, but diffusion is restricted in directions orthogonal to the dominant fiber
orientation. In clinical research, the fractional anisotropy (FA), computed from the
eigenvalues of the local diffusion tensor, is sensitive to the effects of aging and
neurodegenerative disease, and is commonly used to assess white matter fiber
integrity. A related scalar quantity, the Geodesic Anisotropy (GA) [1] is an alternative to

FA. GA measures the intrinsic distance between positive-definite symmetric matrices on
the manifold. GA may be transformed to hyperbolic tangent form of GA (tGA), making
its range comparable to that of FA, [0, 1), and easing comparisons of the two values.
Intersubject variation of DTI signals is not yet well understood. There is great interest
in finding which factors (e.g., genetic versus environmental) influence fiber
characteristics, and ultimately which genes influence fiber structure. Two key steps in
addressing this question are: (1) finding DTI-derived anisotropy measures that are most
sensitive for detecting genetic effects; and (2) determining the relative proportion of
genetic versus environmental control over DTI signals in different brain regions. Here we
examine these two questions using a DTI dataset of 92 healthy young adult twins.
Several twin studies have examined how genes influence brain structure. A structural
MRI study of twins [2] found that genetic factors strongly influence several aspects of
brain morphometry, including cortical thickness and regional gray and white matter
volumes. A neurodevelopmental study [3] found that brain tissue maturation rates
differ by region, with those involved in primary sensory function (e.g., occipital
lobes) maturing prior to those involved in sensory integration and behavioral control
(e.g., frontal and parietal lobes). We hypothesized that fiber integrity in brain regions
that develop earlier would be more heavily influenced by genetics while those
developing over a more protracted period would be more heavily influenced by
environmental factors. In [2], genetic influences on DTI were studied using FA, in a
small sample of subjects, revealing that the proportion of genetic versus
environmental control varied regionally in the corpus callosum.
Here we extend the work in [2] by creating 3D maps of heritability (the proportion
of intersubject variance attributable to individual genetic differences) for FA, GA and
tGA. We use DTI-derived maps of FA and GA to compute the intraclass correlation
(r), or resemblance, for MZ and DZ twins at each voxel. This enables us to assess
genetic effects on white matter microstructure and to visualize the 3D profile of
genetic influences. Extending our work in [4], we computed the relative proportion of
variance attributable to genetic versus environmental factors using the A/C/E
quantitative genetic model. Lobar measures of FA and tGA were computed and
structural equation models were fitted to the lobar mean data, using chi-squared
statistics to rank models [5].
We also compared the power of 3 DTI-derived scalar measures for detecting genetic
effects on fiber microstructure. The suitability of different DT signals for fitting genetic
models depends on (1) empirical factors, e.g., the noise in each channel of the matrixvalued signals, and (2) mathematical factors such as the correct combination of the
tensor components using statistics on associated Lie groups such as the symmetric
tensor manifold [6]. Most clinical DTI studies use FA as a measure of fiber integrity,
but GA exploits more of the multivariate information in the diffusion tensor. We
determined how strongly genetic factors determine the normal population variability for
each of these DTI parameters.

2 Methods
2.1. Subjects and image acquisition.
3D structural brain MRI scans and DT-MRI scans were acquired from 92 subjects:
23 pairs of monozygotic twins (MZ; 22 males/24 females; 25.1±1.4SD years old) and
23 pairs of dizygotic twins (DZ; all same-sex pairs; 20 males/26 females; 23.5±2.1
years) on a 4T Bruker Medspec MRI scanner with an optimized diffusion tensor
sequence [7]. Imaging parameters were: 21 axial slices (5 mm thick), FOV = 23 cm,
TR/TE 6090/91.7 ms, 0.5 mm gap, with a 128×100 acquisition matrix. 30 directional
gradients were applied: three scans with no diffusion sensitization (i.e., T2-weighted
images) and 27 diffusion-weighted images for which gradient directions were evenly
distributed on the hemisphere [7, 8]. The reconstruction matrix was 128×128, yielding
a 1.8x1.8 mm2 in-plane resolution. Total scan time was 3.05 minutes.
3D T1-weighted images of corresponding subjects were also acquired with an
inversion recovery rapid gradient echo sequence using 4T Bruker Medspec MRI
scanner. Acquisition parameters were as follows: TI/TR/TE= 1500/2500/3.83 msec;
flip angle=15 degrees; slice thickness = 0.9 mm, with an acquisition matrix of
256x256x256. The study was approved by the Institutional Review Boards at the
University of Queensland and at UCLA.
2.2. Image Preprocessing and Registration.
Non-brain tissues were removed from the 3D structural MRIs using the Brain
Surface Extraction software (BSE) [9] followed by manual editing. Edited scans were
linearly registered to a high resolution single-subject brain template image, the
Colin27 template, using the FLIRT software [10]. A Minimal Deformation Target
(MDT) was generated from the 92 subjects, and each 3D structural image was warped
using a 3D fluid registration algorithm that allows large deformations while
guaranteeing diffeomorphisms [11, 12]. Jacobian matrices were calculated from the
deformation fields for each subject.
From the DT-MR images, voxel-wise diffusion tensors (3x3 positive symmetric
matrices;
DT)
were
generated
with
the
MedINRIA
software
(http://www.sop.inria.fr/asclepios/software/MedINRIA). Log-Euclidean tensor denoising was used to eliminate singular, negative definite, or rank-deficient tensors. A
diagonal component image (Dxx) was used as a template to eliminate extracerebral
tissues. Masked images were linearly registered to the corresponding 3D structural
images in the standard template space using FLIRT software [10].
2.3. Handling orientation information.
One issue with DT registration is that tensor orientations do not remain consistent
with the anatomy after nonrigid image transformation. We used transformation
parameters from the linear and nonlinear registrations to rotationally reorient the
tensors at each voxel to ensure consistent tensor orientations after image registration
[12, 8]. To compute the tensor rotations, we used the Finite Strain (FS) method on the

affine transformation matrix M. We then applied a preservation of principal direction
(PPD) algorithm on the higher-order transformation, as in [13] and [14].
The rotational component Rr, of the affine transformation, was found from [13] and
[14]:

Rr = argminQ' || Q'"M ||=

M
MM

(1)
T

We then computed reorientation components for the nonlinear transformation (Rn)
using the Jacobian
matrix (J) from the 3D fluid registration step for the structural MR
!
images. The dominant orientation eigenvector (e1) and the secondary eigenvector (e2)
were computed from DT images, as in [13]:

Rn = Rn1 " Rn 2 , Rn1e1 =

Je1
Je2 # (Je2 " Je1 )Je1
, Rn 2e2 =
.
|| Je1 ||
|| Je2 # (Je2 " Je1 )Je1 ||

(2)

2.4. Scalar statistics in the Log-Euclidean space.
!

!

!

Positive-definite, symmetric DT matrices do not form a vector space under
standard Euclidean algebraic operations, so we used the ‘Log-Euclidean framework’
[15] to simplify computations of tensor statistics, as illustrated in Fig. 1. The tensor
manifold was projected by log-transformation to its tangent plane at the origin,
allowing standard vector space operations such as addition or multiplication to be
performed [8, 15]. Fig. 1 illustrates the difference between the geodesic (intrinsic)
distance (green solid line on the manifold) and the Euclidean (extrinsic) distance
between tensors (olive colored dotted line).
We used the conventional definition of FA :
2
2
2
(3)
3 ( "1 # < " >) + ( "2 # < " >) + ( "3 # < " >) ,
FA =
2
"12 + "2 2 + "3 2
with < " >= "1 + "2 + "3 . FA is a simple comparison of eigenvalues, and is an
3
extrinsic measure on the manifold of symmetric positive definite tensors. The intrinsic
!
measure,
GA, was derived from the tensor manifold metric [11]. Here, we computed
GA using the Log-Euclidean metric [15] as an alternative scalar measure to compare
with FA. We used the following definition of GA:
(4)
GA(S) = Trace(log S" < log S > I) 2 ,
with < log S >= Trace(log S) , the distance between the tensor and the “nearest”
3
isotropic tensor in the associated Log-Euclidean metric. GA is a geodesic distance on
! manifold. We also transformed GA into tGA as in [1], to map the GA
the tensor
values to a convenient range [0, 1); FA values already fall in the range [0, 1].

Fig. 1. (a) is an ellipsoidal representation of the DT at one voxel;
the relative rates of diffusion (distance of boundary points to the
origin) are represented by colors. The axes denote the 3
eigenvectors, and the eigenvalues are incorporated into the
magnitude of each axis. (b) shows positive definite symmetric
DTs in a non-linear manifold in R6. The geodesic distance
between tensors in the manifold is indicated by the green curve.
Euclidean distances between tensors are shown by the olive
dotted line. The dotted line does not lie on the manifold and thus
is not an ideal distance measure between tensors. The tensors are
projected to the tangent plane at the origin as in the LogEuclidean framework, as displayed in the bottom panel (b).

2.5. Statistics for heritability analyses in twins.
Voxel-wise FA, GA and tGA values were computed for each subject, and voxelwise intraclass correlations (r) were computed separately for the MZ group (rMZ) and
for the DZ group (rDZ) to assess the similarity within pairs. To provide a basic
estimate of the proportion of variance in the FA (and GA) values attributable to
genetic differences, we used Falconer’s heritability estimate [16]:
(5)
h 2 = 2(rMZ " rDZ ) .
This heritability estimate, ranging from 0 (no genetic effect) to 1 (total genetic
control), is expected to vary across brain regions and across different DTI measures.
This allows inferences about how much of the population variance is attributable to
! factors, measurement errors, or inter-subject registration errors.
genes, environmental

Fig. 2. Structural equation model for the
classical A/C/E design. Each of three
circles represents A (additive genetic), C
(common environment), and E (unique
environment) and the squares represent
each phenotype. Causal paths are shown as
single-headed arrows, correlational paths as
double-headed arrows and the doubleheaded arrow to the same variable (circle)
indicates a variance. " denotes the genetic
correlation between twin pairs (1 for MZ
and 0.5 for DZ).

!

We then used maximum likelihood
estimation (MLE) to estimate a standard
quantitative genetic model (the A/C/E
model, Mx software (version 1.7.03)) [5],
which estimates the proportion of the
intersubject variance in the four major lobes
of the brain (frontal, parietal, temporal,
occipital) as well as within white matter and
gray matter, attributable to each of 3 factors –
additive genetic effects (a2), common
environmental effects (c2), and individualspecific environmental effects (e2).
All
variance components combine to create the
observed inter-individual variance, such that
a2+c2+e2=1. The weights θ = (a, c, e) were
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:

FML," = log #(" ) + trace(#$1 (" )S) $ log S $ p,

(6)

where p = 2 is the number of observed variables. By convention, p<0.05 indicates that
the model is a poor fit to the data and the model is rejected. The Akaike Information
! (AIC) is the difference between the " 2 goodness of fit and twice the number
Criterion
of degrees of freedom, and measures of the goodness of fit of the variance component
model, adjusted for the model complexity. Fig. 2 shows the path diagram for the ACE
twin model.

3

Results & Discussion

!

Fig. 3a, b, c, and g, h, i show intraclass correlation (r) maps between MZ pairs and
DZ pairs for FA, GA and tGA measures. In MZ twins, who share the same genes, all
deep white matter regions show high intra-pair correlations, reaching signficance in a
broadly distributed deep white matter region, including the corpus callosum. This
pattern of correlations is very similar for all three anisotropy measures (FA, GA and
tGA) among the MZs pairs; as would be expected for a genetically influenced trait,
the correlation is weaker in the DZ maps. Maps of Falconer’s heritability (h2) are also
shown in Fig. 3m, n and o. Heritability values are high for all the anisotropy
measures in the corpus callosum and almost all subcortical white matter regions. This
is not unreasonable, as these are heavily myelinated white matter tracts with high FA
(and GA). The correlation maps for tGA (Fig. 3a, e) show marginally higher effect
sizes than those for FA (Fig. 3b, f). Fig. 3c, d, g and h show significance value maps
for these correlations, based on the computed r values; significance was assigned
using a permutation test at each voxel for both FA and tGA, to establish a nonparametric null distribution for the statistics at each voxel.
The correlation is
strongest in the corpus callosum and medial frontal regions (not shown).

Fig. 3. (a, b, c,
g, h, i) show
intraclass
correlation
(ICC) maps for
FA, GA and
tGA in MZ and
DZ twins. (m,
n, o) show
heritability
maps for FA,
for GA, and for
tGA. (c, d, g, h)
show
nonparametric
permutation
based P-values
at each voxel,
based on r
values for tGA
and FA for MZ
and DZ groups.

Percentage measures for a2, c2 and e2 derived from the A/C/E model using both FA
and tGA are displayed in Fig. 4. These estimate the effects of genetic, common and
unique environmental factors on brain fiber parameters, suggesting that the relative
magnitude of these effects may vary by region. Table1 shows model parameters
2
including goodness-of-fit ( " ), degrees of freedom (df), p-values and AIC values for
2

selected regions. p-values greater than 0.05 and low " values indicate that the model
is a good fit to the data (note that this convention for structural equation models is the
opposite of the typical range of significance values when rejecting a null hypothesis).
Both FA and !
tGA measures show strong effects of A (genetic factors) and C
(common environment) in the frontal lobes
! and effects of A (genetic factors) and E
(individual environment) in the occipital lobes. Common environmental effects are
only detected in the frontal lobes. The detection of a genetic effect is consistent with
many other studies (e.g., [17]) that have detected strong genetic influences on brain
morphology, but the mapping of genetic effects on fiber architecture here is novel.
Occipital regions are among the first to mature, and their fiber characteristics may be

already heavily genetically determined at an early age. Frontal regions develop over a
much more protracted period, perhaps making them more susceptible to
environmental influences. Our findings somewhat support our a priori hypothesis that
genetic influences may vary depending on time-course sequence of white matter
development, although this requires further testing.
Model fit

Lobar
Region

"

Frontal
-Left
Frontal
-Right
Occip.Left
Occip.Right

!

Variance attributable to each factor (%)

2
p

AIC
FA

df

FA

tGA

FA

tGA

6.20

6.46

0.10

0.09

0.20

0.46

3.00

3.04

0.39

0.39

-3.00

-2.96

1.36

1.43

0.72

0.70

-4.64

2.22

2.30

0.53

0.51

-3.78

A

tGA

C

E

FA

TGA

FA

tGA

FA

tGA

3

46.25

42.83

34.54

38.09

19.21

19.08

3

40.06

38.16

37.79

39.56

22.15

22.28

-4.57

3

37.55

39.74

0.00

3.93

62.45

56.33

-3.70

3

72.10

71.57

0.00

0.00

27.90

28.43

Table 1. Left: Fit of the genetic twin models for different DTI measures, averaged for the frontal and
occipital lobes. Right: Variance attributable to each of a2, c2, and e2 factors as a percentage of the overall
variance in the sample of subjects. tGA denotes hyperbolic tangent of GA.

Table 2 compares values for GA and tGA, in frontal and occipital regions. p-values
were below 0.05 for GA for both left and right frontal lobes, implying rejection of the
model. Thus the use of tGA, rather than GA values, leads to a better fit of the model.
Table 2. Comparison of goodness-of-fit
for GA and tGA in the ACE genetic

Model fit

"

Lobar region

2
p

2

AIC

GA

tGA

GA

tGA

GA

Frontal-Left

30.40

6.46

0.00

0.09

24.40

0.46

Frontal-Right

34.26

3.04

0.00

0.39

28.26

-2.96

Occpital-Left

32.03

1.43

0.00

0.70

26.03

-4.57

3.27

2.30

0.35

0.51

-2.73

-3.70

!

Occpital-Right

TGA

model. The table displays " , pvalues, and AIC. Model fit is generally
poorer when GA is used, but improves
when tGA is used.

!

p-values for tGA were greater than those for GA (Table 1 and Fig. 4) in all brain
regions, indicating that tGA marginally outperforms GA in detecting genetic
influences on fiber architecture.
Corrected P-value based on Permutation
Anisotropy
Measure

DZ

MZ

FA

0.046

0.014

GA

0.144

0.054

tGA

0.042

0.0056

Table 3. Overall P-values, corrected for multiple
comparisons, using the entire brain as a region of
interest, based on permutation testing. Both FA
and tGA measures show significant patterns of
correlation in both types of twins (MZ and DZ).

We also obtained global P-values, corrected for multiple comparisons, for the
maps, to assess the likelihood that such a pattern of correlations might be observed by

chance. We computed these corrected P-values based on permutation testing (on the
suprathreshold count of voxels with correlations exceeding the p=0.05 threshold at the
voxel level). In such a test, the number of voxels in the brain with significant
correlations is computed for a large number of randomly permuted datasets, and the
corrected P-value is the quantile at which the true maps fall in the overall empirical
null distribution for the suprathreshold volume. Permutation tests verifying the
significance of the maps were significant for FA and tGA in both MZ and DZ twins,
but for GA they were borderline in MZ twins (p=0.054) and not significant for DZ
twins (Table 3). This suggests that the hyperbolic tangent transformation is beneficial
in normalizing the statistical distribution of GA. While both MZ and DZ pairs show
high correlation, the lower effect sizes for the correlations in DZ pairs in comparison
to MZ pairs - who share identical genes - is expected, and points to a genetic effect.
At least in our sample of 92 twins, tGA slightly outperformed FA for detecting twin
correlations, although effect sizes for both measures were strong. This sample will
expand ten-fold to 1150 subjects over 5 years, with the aim of increasing statistical
power sufficiently to detect stronger effect sizes for twin correlations and quantitative
genetic models.

Fig. 4. Variance components, expressed as a percentage of the overall variance, attributable to
each of the A/C/E factors, which respectively denote genetic, common and unique
environmental effects. Results for FA and tGA are compared for each lobar region, and are
highly consistent. An influence of common environment on brain fiber integrity is detected in
the frontal lobes only, consistent with the notion that white matter maturation in this region has
2

the most protracted developmental time-course. The " and p-values of each model are
overlaid on the bar graphs. Note that, contrary to conventional statistics for testing group
difference, p-values higher than 0.05 in these structural equation models denote that the model
terms provide a good fit to the observed data.
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