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ABSTRACT comparing correlations in monozygotic twins (MZs, who

We present a new algorithm to compute the voxel-wise ge§har6100% of their genes) to those found between dizy-

netic contribution to brain fiber microstructure using dgffon gotic twins (DZs, who sharB0% of their genes on average).

tensor imaging (DTI) in a dataset of 25 pairs of monozygotidfo‘mon? th?se, tgetﬁ‘/ tC/E strt;ct'i;_ral (iqu;tl?n m_oﬂeila utses in-
(MZ) twins and 25 pairs of dizygotic (DZ) twins. First, the ormation from both types of twins 1o distinguish between

structural and DT scans were linearly co-registered. Th&CUrces of variance that are attributable to additive genet
structural MR scans were nonlinear mapped via a 3D ﬂuigactors (A), common environment (C) and environmental

transformation to a geometrically centered mean templat Z,B.CIOI’S unique to each mdmd_ual (E) [15]. o .

and the deformation fields were applied to the DTI vol- The 'A.‘CE model was first introduced to the brain imaging
umes. After tensor re-orientation to realign them to thecommymty through the popular Mx so.ftware [15]. M.X uses
anatomy, we computed several scalar and multivariate D.Iglma_)qmum—hkehhood approach to estimate the relative-con
derived measures including the geodesic anisotropy (GA)tnbutlon of each of the A/C/E components. Though Mx was

the tensor eigenvalues and the full diffusion tensors. Ade5|gned for the analysis of single traits such as totahbrai

covariance-weighted distance was found between twins iKqume, we recently exten(_jed It to compute maps of genetic
arameters at each voxel in a brain image [5], revealing the

the Log-Euclidean framework [2], and used as input to para o .
maximume-likelihood based algorithm to compute the con-prOfIIes of genetic influences in 3D. . I
tributions from genetics (A), common environmental fastor .One means to und.erstgnd th? genetics .Of braln flbgr ar
(C) and unique environmental ones (E) to fiber architecture(?h'teCture IS through.dlffl_Jsmn we|ghted MR imaging, Wh'Ch
measures the multidirectional profile of water diffusioniga

Quantitative genetic studies can make use of the full infor- Wh dt | brain fi th thod id
mation in the diffusion tensor, using covariance weighteosue' en usedto analyze brain tissue, the method provides

distances and statistics on the tensor manifold vital information on brain architecture and compositionda
' estimates of fiber integrity that are correlated with irell

Index Terms— tual performance [5]. In most studies of diffusion weighted
images, a diffusion tensor (DT) is computed at each voxel
1. INTRODUCTION whose eigenvectors represent the three orthogonal pahcip

directions of the diffusion, and its eigenvalues represeat
Twin studies are popular in the neurosciences and medicahagnitude of diffusion along these axes. Fiber directiars c
imaging as a means to understand the genetic control dme inferred from the principal eigenvector direction, aad-s
brain structure and function. Of particular importance ineral tractography methods have been developed to estimate
these works is the search for specific genes implicated iwhite matter connectivity [13].
brain development and disease. Several measures, both scalar and multivariate, can be
Much work has previously been performed to understanderived from the DTs to better understand the fiber struc-
the influence of genetic factors on various aspects of braiture in the brain. Common measures include the fractional
anatomy such as cortical thickness [20], regional gray andnisotropy (FA), mean diffusivity (MD) and the eigenvalues
white matter volumes [4], and fiber structure [5, 11]. In rg More recently, a few more sophisticated quantities have bee
scale studies of pediatric twins [19], the corpus callosumused such as the geodesic anisotropy (GA) [3, 14], which
cerebrum, cerebellum, thalamus and basal ganglia werelfourmeasures the geodesic distance between tensors on the sym-
to be strongly influenced by a single genetic factor. Even sanetric positive-definite tensor manifold. In [11], we found
few studies have analyzed genetic influences on signals thttat a multivariate statistical analysis of the full diffois ten-
are inherently multidimensional, such as diffusion teasor ~ sor outperformed derived scalar signals in detecting group
Several models have been established to estimate tlufferences in the blind.
genetic and environmental contributions to a phenotype, by Here we present a new multivariate A/C/E model that can



estimate genetic influences on multidimensional signate su model, 3(©), and the sample covariance matrix of the ob-
as DTI. As diffusion tensors lie in a non-Euclidean mani-served variablesy, using maximume-likelihood fitting:
fold, we use a covariance-weighted distance to map the ge: _
netic/environmental contributio%s to the full multivetEiSZ)T. ’ Fra g = log|2(O)] + trace(3) '(©)8) ~loglS| —p (2)
As the matrices are positive-definite and symmetric, they daherep = 2 is the number of observed variables. Under the
not form a vector subspace of the vector space of matricesull hypothesis that Z is multivariate normal (i.e., eachAof
with the usual matrix addition and scalar multiplicatioro T C and E are normally distributed), the MLE model follows a
account for this, we performed all statistical computagion 2 distribution withp(p + 1) — ¢ degrees of freedom, where
the Log-Euclidean framework [2], which allows for simple tis number of model parameters (3 in our case). We used the
computations on the DT manifold. This method enables uBroyden-Fletcher-Goldfarb-Shanno method [17] to obtiaén t
to assess genetic influences in brain architecture by cempuninimum Fz 5 g
ing variances within and between members of twin pairs, with
distances computed on the diffusion tensor manifold. 2.2. Multivariate Statistics in Log-Euclidean Space

We implemented a version of our model by expandin
on the multi-voxel univariate A/C/E algorithm in [5]. Our
method is used to compute 3D maps of the genetic and e
vironmental influences on FA, GA and the full DT 90
healthy young adult twins. We also compared the DT
derived measures to determine which one is most heritabl
The search for heritable measures in images is typically th
first step in identifying specific genes that affect aspeéts o
brain structure and function [8].

gIn the case of the 3-component vector whose elements are the
r(?_igenvalues, or the full DT, there are either 3 or 6 pararseter
per voxel, all containing potentially useful informatiarge-
I_netic analysis. The covariance matrices can no longer be com
g_uted using the previous general formula. Here we propose to
se a new covariance-weighted distance in the Log-Eugclidea
ormalism using twin pairs (Fig. 1). We first compute the
matrix logarithms of the tensors in the Log-Euclidean space
In the Log-Euclidean framework, the distanég,, S2) be-
tween two tensor§'1 andS2 is defined as
2. METHODS

d(S1,52) = ||logS1 — logS2|| 3)
2.1. Statistical analysis of structural equation models fo ~ where||.|| is the norm. Here we use [2]
twins d(S1 — S2) = (Trace(logSy — 1095’2)2)% 4)

To understand how genetic and environmental effects are egye puilt on equation 4 to design a distance that measures the
timated for a scalar DTI-derived measure, such as the GAyeviation from each subject to the mean of the population,

we note that such a measure can be computed in a range gjghted by the component-wise covariance of the 6D tensors
MZ pairs and DZ pairs, and the covariance between twin 1, the sample:

and twin 2 for these measures can be computed. These em-

pirically estimated covariance matrices can be computed fo 1 & i _ . i -
any observed variable (Z), and a structural equation modef = N, Z(ZOQTl — logT)Cov™"(logTy — logT)"  (5)
1=1

(SEM) can be fitted to the covariances to infer how much of

the population variance is attributable to additive gefiect$ ~ whereT is the mean of a set of vecto®’,i = 1,...,m;

(A), environmental factors that are shared, or common, be; and T, represent each subject of the twin paif; =

tween twins (C), and unique environmental factors couple@xp(% >i—, logT?) whereN,, is number of twin pairs and

with measurement errors (E). Measurement errors or intethe component-wise covarian€egv, is the6x6 matrix . This

subject registration errors will both be classified as péithe  distance is illustrated in Figure 1, where each twins tesisor

E component of variance. Z for one twin pair may be modeledhre represented as ellipsoids on the curved manifold. Téis d

as: tance on the Lie group may be thought of as a bilinear form
that takes two tensors as arguments and returns their giscre

Z =aA+cC+eFE (1) ancy, taking into account the naturally occurring (and ppeh

genetically mediated) correlations between the tensopoem

where A/C/E are latent variables and a, c, e are the weightgent; in twin 1 and tensor componepin twin 2. This defines

of each parameter to be estimated. A maximume-likelihoodhe covariance among samples of tensors, and the variahces o

estimate (MLE) [15] is used to estimate the proportion of thewin 1 and twin 2 are computed by making a sample consist-

voxel-based intersubject variance that is attributableaoh  ing of one twin from each pair, i.eVar[T;'] = Cov[T}, T}!]

of the 3 free model parameters. The 3 variance componengd Var[T?] = Cov[T?,T?]. The 3 variance/covariance

combine to create the total observed inter-individualarace,  terms,Var|[T}], Var[T?], Cov[T}, T?] are computed sepa-

so thata? + ¢? + e¢? = 1. The weights® = (a,c,e) are es-  rately for both MZ and DZ twins, yielding 6 scalars per voxel

timated by comparing the covariance matrix implied by thethat are used as an input to form matrieg®) in (2).



2.3. Data and Preprocessing with < logS >= M We renormalized> A by ap-
plying the hyperbolic tangent transformation to tel val-

ues (G A) as in [3], to create maps with a comparable range
To test our analysis methods, we acquiséistructural brain  to the ' A.

MRI scans and DT-MRI scans froi)0 subjects: 25 pairs of

MZ twins (25.1 £+ 1.5SD years old) and 25 pairs of DZ twins . , .

(23.08 + 2.1 years) on alT’ Bruker Medspec MRI scanner 2-2- Statistical analysis for twins

with an optimized diffusion tensor sequence [6]. Imaging pa
rameters were21 axial slices { mm thick), FOV= 23 cm,
TR/TE6090/91.7 ms,0.5mm gap, with al28 = 100 acquisi-

2.3.1. Subject description and image acquisition

We computed+A andtG A values as well as the logarithms
of the eigenvalues and the matrix logarithms of the full dif-
fusion tensors for each subject. Two sets of voxel-wise co-
. o L2 ) . Yariance matrices for the MZ pairs and DZ pairs were com-
with no d.'ﬁus'on sen5|t!zat|on (., T2_—we|ghte.d mapexsq puted for all the univariate and multivariate measuresilgeta

21 dlffu5|on-wg|ghted images for W.h'Ch gradient direction above. We estimated the genetic (A) and non-genetic (C/E)
were evenly distributed on the hemisphere [10]. The rQeconéontribution to DT-derived measures at each voxel using the
§truct|on matnx_ wasl 28 « 128, )_/leldmg a“? * 1.8 mm methods described in section 2.1 and 2.2. We also computed
in-plane resolution. Total scan time wa®5 minutes.

permutation-based p values to evaluate the goodness-of-fit

2.3.2. Image Preprocessing and Registration

3D structural MR images were automatically skull-stripped 3. RESULTS

using the Brain Surface Extraction software (BSE) [18] fol-

lowed by manual editing. Each masked image was registereﬁg_ure 2 shows _the probability Vf""“‘?s mapped for GA (uni-
via 12-parameter affine transformation to a high resolutior_Ya”ate) and 3 e|genvalue_s_(multlvarlate) measures. Nhate ¢

single-subject brain template image, the Colin27 tempiate " AICIE m(_)del, a probability of less than 0.05 indicated tha
ing the FLIRT software [9]. 3D structural images were regis-1"¢ Model is not trustworthy. We only mapped the voxels
tered to a Mean Deformation Template (MDT; created fromwhere had probability values greater than 0.05. Higherprob

the dataset) using a 3D fluid registration [6]. Jacobian matr ab|I|t_|es.are seen in the 3 eigenvalues maps |nd|ca_t|ng the
ces were obtained from the resulting deformation fields. multivariate measures do have more genetic informatiom tha
Diffusion Tensorsx3 positive symmetric matrices) were Scalar measures.
computed from DICOM DT-MR images and smoothed us-
ing Log-Euclidean tensor denoising to eliminate singular,
negative definite, or rank-deficient tensors, using MediAIRI
(http://www.sop.inria.fr/asclepios/software/MedINRIA). . . I
To eliminate extracerebral tissues, non brain tissues we ere we §h0we_d howlto est|.mat_e ggnetlc contr|but|ons 0
manually deleted from one of the diagonal componentimage € muIU@mensmn_al s_lgnals in diffusion tensor Images by
(D,..), yielding a binary brain extraction mask (Cerebe"umtransformmg the diffusion tensors to the log-Euclidean do

included). Masked images were registered by 9-paramet£’?ain via the matrix logarithm transformation. In the resgt

transformation to the corresponding 3D structural images jSPace, the component-wse corrglatlons inthe d|ffu5|nsde .
the standard template space usfdRT software [9]. components were incorporated into a 6x6 covariance matrix,

Transformation parameters from affine and nonlinear re which was used as an inverse distance metric on the Lie group

istrations were used to rotationally reorient the tensbesieh t% V;?'tght th% ctontnbu:\ll\cl)nst of each <_:rcr>1mponent t(_) the over-
voxel [1] to ensure that the multidimensional tensor odent all dis ?n(;:? € weent 60 er:sors. nese CO\I/arlances werle
tions remained consistent with the anatomy after imagestran computed to generate & scalar covariance values per voxel,

formation [1, 21]. We used two separate algorithms to com?hS ngéil to fit at\].C(r)]n.ven_gorlwal strg(;tural e?tj?'on moo![.el of
pute the tensor rotations: the finite Strain (FS) and thegpres Tr?' ¢ yrieaw Ic IIS wi esél\L;ISs Indqx?g/:ga |Ive gfhm N
vation of principal direction (PPD) algorithms (see [1] and IS automated voxel-wise ase algorithm can

[21]). also be applied_to any_other multidimensional neurqimaging
measures in twin studies. For example, the Jacobian deter-

minants in a tensor based morphometry are only a scalar

summary of the full deformation tensor, and as in [13], one

As a scalar statistic to compare to our multivariate measurecould replace the covariance definitions among twins to use a

we used the GA, which is the manifold equivalent of the FAl0g-Euclidean distance on the associated Lie group ofrstrai
computed in the Log-Euclidean framework [2, 12]: tensors. These multivariate tactics may be beneficial fem-id

tifying heritable measures in high-dimensional brain iesg
GA(S) = /(Trace(logS— < logS > I)?) (6) such as HARDI [5] or diffusion spectrum images.

4. DISCUSSION

2.4. Scalar Statistics in the Log-Euclidean space
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Fig. 1. Statistical distance on tensors. Here we define a statis-
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Fig. 2. Probability maps for the A/C/E model with 3 eigen-
value (left) and GA (right). Only voxels with p¢0.05 are
shown.



