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1 Problem Description tensor components using statistics on associated Lie group
[21] such as the symmetric tensor manifold.

[Introduce the problem assuming readers will not have Tensor-valued statistics are under rapid development

knowledge of it. Why worth doing? Take readers from for other types of computational brain imaging studies.

general to speci ¢ using succinct explanation.] Among the many deformation-based approaches for analyz-

ing anatomy, tensor-based morphometry (TBM) computes

Detection of systematic patterns of anatomy in brain h -1 derivati fth ‘ . Ids th h
imaging has become essential to our understanding of dis-{N€ Spatial derivatives of the deformation elds that maic

ease effects on brain anatomy and function. Unlike other Set ©f brainimages to a common template. When images of
imaging modalities, noninvasive MRI-based measurement™any subjects are aligned to the same standard template or
of the local water diffusion tensor (DT) in brain tissue can atlas, maps of the deformation gradients (Jacobians) can be
provide vital information on tissue microstructure and eom ¢0mputedin the atlas coordinate system and group statistic

position. DT images can be analyzed to provide 3D images®2n be computed at each voxel to identify localized group
of mean diffusivity, anisotropy and dominant orientatidn o differences in anatomical shape or size.
water diffusion for each imaged voxel in brain tissue. Some ~ The standard TBM analysis is performed in on the de-
brain regions, such as the cortical and subcortical gray mat terminant of the Jacobian matrix, which gives the local vol-
ter and cerebrospinal uid, have largely isotropic diffusi ume change recovered by the deformation and thus the di-
ity, as the diffusion process is not heavily constrained by rectional component of the change is discarded. In [16],
axons running in myelinated ber tracts. In that case, an the authors retained the local directional parameter gisha
overall scalar-valued diffusion measure, such as the tace change - the eigenvalues of the strain matrix- and performed
mean diffusivity can adequately describe the local charac-a manifold version of the Hotelling‘§2 test to obtain statis-
teristics of water diffusion. In the white matter, howewbg  tics on the deformation. This method makes use of the
Fractional Anisotropy (FA) is typically computed from the full deformation tensors, but as these tensors do not form
diffusion tensor eigenvalues, thus providing a singleacal @ Euclidean vector space, the resulting positive-de née d
measure at each voxel as an index of Speci c tissue Charac.formation tensors are analyzed using a manifold version of
teristics. FA is progressi\/e|y reduced in normal aging and the multivariate statistics. In this paper, we show thatcom
neurodegenerative conditions such as Alzheimer's diseaseparable statistics on the symmetric tensor manifold can be
as water diffusion becomes less directionally constrainedused to compute statistics on the diffusion tensors, wth si
when then myelin sheaths on white matter axons deterio-ni cant empirical advantages in a neuroscience applicatio
rate. FA is widely used in neuroscienti ¢ studies to detect (mapping brain structure differences in the blind).
and map disease effects on white matter. Even so, in white The typical measure of anisotropy is FA which describes
matter areas with substantial diffusion anisotropy, mdislti  the eccentricity of the diffusion when represented as an el-
rectional water mobility can not be described by any single lipsoid. The difference of FA between diseased and control
measurement [6]. groups is typically used to identify the pathological chasig

In this paper we use tensor-valued statistical framework in brain morphology. However, FA is not a valid geodesic
to exploit the information in the full diffusion tensor and measure on the manifold of symmetric positive de nite ten-
identify situations in which this outperforms derived stal  sors as described in [16]. One measure of anisotropy, de-
signals for detection of group differences. This questiend rived from metric de ned on the tensor manifold, is the
pends on empirical factors such as the noise in each channeGeodesic Anisotropy (GA) introduced by Bachelor [7].
of the matrix-valued signals, as well as mathematical fac- Here, we used GA, computed in the Log-Euclidean met-
tors such as the correct combination and comparison of theric de ned in Lepore [16] as an alternative scalar measure



to compare with FA. Like FA, GA is a scalar measure de- 2 Research Questions

rived from a tensor, but it measures the deviation of a tensor

from the zero tensor in the associated log-Euclidean metric [What is the approach? is it novel? What are you inves-
In a sense, GA can be seen as a geodesic distance on thgyating and not investigating? Rival techniques? What
attened tensor manifold, while FA is just a simple compar- pape ts justify the approach or method? List all perti-

ison of the tensor eigenvalues. Itis an open and important, ot provocative questions and their implications.]
guestion in DTI analysis which of these metrics has greatest

power for detecting clinically relevant differences in gps
of tensor-valued images.

We validate our technique by statistically analyzing a
dataset of Diffusion Tensor (DT) images from 12 blind sub-
jects and 14 sighted controls. A similar method was applied

While both FA and GA are sensitive scalar measure of di- to deformation mappings derived from structural images in
rectional water diffusion, they still discard informatisom Lepore [16], and the metric used in our work was also used
the reconstructed diffusion tensors are not used. Eigenvalin Fillard [10] for de-noising of DT data. However, to
ues of the DT, for example, express the relative rates of dif- our knowledge this is the rst time that the diffusion ten-
fusion in three principal directions directions obtaingd b sor is statistically analyzed within this tensor-basetsta
singular value decomposition. The notion of a valid eigen- cal framework and the approach will be of general interest
structure breaks down in cases where bers cross, and soméo computer vision researchers analyzing multi-dimeraion
high-angular resolution diffusion imaging models (HARDI) images.
have been proposed - sucheaball imaging [19], or diffu-
sior) spectrum imaging - to overcome this limitation. Even 3 Research Method and Evidence
so, in the framework of DTI, several researchers have found
that individual eigenvalues may be more speci ¢ markers

of axonal morphology than other tensor-derived scalar mea-IState the most salient and important points about your
surement ([12], [17]). approach. Describe the thought experiment, demonstra-

tion, argument, numerical or physical experiment. Put

With some caveats regarding ber crossing, eigenvalue some examples of your most important results. In words

I 1 typically represents the diffusion rate along the printipa describe other lesser results that your paper will con-

diffusion direction, where this exists, and eigenvalues,of  tain. Why were the experiments appropriate to answer
and/ 3 represent diffusion rates in directions perpendicular the research questions?]

to the principal direction. The latter two values can intica 3D MPRAGE MRI and DTI scans were acquired from
demyelination ( [2]). 12 blind subjects and 14 sighted subjects (mean age of 34.5
In this work, we analyze and compare the four years; standard deviation(SD) of 10.0 yrs.) A Siemens

measurements-the matrix logarithm of the full diffusion-te (Avgnto) 1.5 T scanner was used to obtain DTI scans .Of
sors (this is a six-parameter matrix), the tensor eigem&lu SUb_JeCtS for the study. A s_mgle-shot _et_:ho pl_anar (EPD) d'f.'
and the GA and FA -for a group of 12 blind subjects and 14 fusion tenso_r sequence with an acqglsm(_)n time of approxi-
matched controls. Since symmetric, positive-de nite raatr ma@ely 4_0 mmuFes and 12 grad|.ent d|r'ect|ons was ysed._ Full
ces form a conical subspace of the vector space of matrices*?ralln axial sections were gcquweq W'th 2.5mm slice thick-

statistics were computed within the Log-Euclidean frame- ness, and a 128x128 matrix. The imaging parameters were:

work developed in [4], and we used a manifold version of TgR;8000ms, TE=92ms, 2.5 mm slice distance, and 4 aver-
DICOMS format diffusion gradient images were con-
verted to tensor components using the softwisiedIN-
RIA [10], and all DT images were denoised with a Log-
This approach tackles a general issue in computer visionEuclidean tensor denoising method that eliminates simgula
where pattern classi cation and statistical inference tmus or rank-de cient tensors (, negative or zero diffusion eige
be performed on matrix-valued images. Such images arisevalues) which arise due to acquisition noise but cannot rep-
naturally in brain imaging with DTI, and in the imaging resent a physical diffusion process. After removal of ex-
of strain elds in mechanical engineering (, in the ow of tracerebral tissues, each individual scan was rigidlynaliy
foams and in seismic monitoring), and in the analysis of 2D to a high-resolution single subject average brain MRI scan
and 3D ows, deformation mappings, and correspondencein ICBM space (the Colin27 brain template, [11]) via a 9-
elds in image processing, as the derivatives of deforma- parameter af ne registration using the FSL/FMRIB linear
tion elds are second-rank tensors. Such work in the brain image registration tool (FLIRT) algorithm [13]. A uid-
imaging eld has been termeténsor-based morphometry based 3D registration algorithm [9] and described in [16]
([8], [15], [16], [18]). was used to map each subject's MP-RAGE MR onto one

Hotelling's T test as a measure of difference between pop- a
ulations while a Studentistest was performed on the scalar
statistics.



of the control subjects. To reduce computational time, the 3.2  Multivariate statistical analysis on the

source and target images were downsampled using a Hann- DTI matrices

sindowed sinc kernel [16]. The resulting deformation elds

were trilinearly interpolated to restore the warped image t We applied a Riemannian manifold version of the

its original resolution. Hotelling's T2 test to the logarithms of the tensors, and vox-
The deformation elds from the anatomical images were elwise Student's t-tests to the derived scalar images (GIA an

applied to the DT-MR images to map them to the common FA). In order to apply Hotelling'sT? test, we need to rst

space. To obtain the right orientation for the DTI tensors, compute the geodesic mean and variance matrices from the

we corrected the orientation of the uidly-convected ten- multi-subject DT data at each voxel. From [16] and [22],

sor signals by applying the local rotational and transtalo  in the Log-Euclidean framework the Mahalanobis distance

component of the deformation only. Rotation operator that is found to be:

we applied to DT is described in the next section.

M=(logS log9a ‘logsS logy": (5)

3.1 Handling orientation information whereSis the mean of a set of vectagsi=1,...,m:

Unlike the case of scalar images, one must ensure that S= exp(i é mlogS) (6)
the multidimensional tensor orientations remain consiste My
with the anatomy after image transformations ( [3], [22]). and the covariance is given by

Both the parameters of the af ne registration [20] and o
uid-based nonlinear registration described in [9] were a =(logS logy (logS logy" (7)
used to compute the displacement elds and Jacobian ma-
trices to obtain the rotation matrix to correct the orieiotat 4 Outcome

of the DT.

Two separate methods were used here to compute th
tensor rotations. First, the Finite Strain (FS) method was
applied using the transformation matrices M resulting from

‘TDid the research questions get answered? What new
research suggests itself?]

the af ne registration. A preservation of principal diriet We found that, as expected, the Hotelling¥ test
(PPD) algorithm was then applied to the higher order trans-©n the full tensor was more sensitive for detecting dif-
formation as described in [3] and [22]. ferences between populations, including differences that

would remain undetected with conventional univariate sta-
tistical methods. Group differences between blind subject
and sighted subjects were apparent in broadly distributed
M brain regions, and diffusely throughout the white matter.
R = argmingkQ® Mk = P 1) Prominent FA de cits were detected in occipital brain re-
MM gions that house the primary and secondary visual cortices,
whereQ represents the best orthogonal appromination of @s well as Meyer's loop and other thalamostriate pathways
M. that are fundamental to visual processing in normal sub-
The relevant reorientation components of the nonlinear J€Cts, butlikely to be developmentally impaired in the Hlin
transformation (R) were computed using (1) Jacobian ma- Subjects. region. Figurkadisplays maps that compared the
trix (J) from the uid registration with the MP-RAGE MR ~ Mean GA of the blind group versus the sighted group, with
images, and (2) the principal eigenvectaj@nd secondary  differences shown as a percentage of the healthy control

eigenvector (8 computed from DT images, as detailed in Mean values. Some occipital lobe white matter regions and
[3]: corpus callosum regions were found to have less anisotropic

diffusion for blind versus control subjects.
Figure 1b and 1c show the p-value maps (signi cance

More precisely, to nd the rotational component,Rf
the af ne transformation, we used

Rn= Rz Rnz (2) values) from the Hotelling ‘g2 statistic computed at each
voxel from the matrix logarithm of the full diffusion tensor

Jo These are shown alongside statistical signi cance maps for

Rnep = Kiek 3) tests of group differences in the eigenvalues. Signi cance

maps based on Student'tests on the scalar measures, GA
and FA, are also mapped in Figutd andle The effect
Rip€ = Je (Je Je)le (4)  sizes, as inferred from the signi cance maps, were numeri-
kJeJerk cally greater for the matrix logarithms of the DT versus the




tests of the eigenvalues alone. Differences in the scalar GA[8] Chiang, M.C., Dutton, R.A., Hayashi, K.M., Toga, A.W.,,

and FA measures showed lesser effect sizes, regionally and Lopez, O.L., Aizenstein, H.J., Becker, J.T., Thompson,

in general, compared to the differences detected with the ~ P.M.3D Pattern of Brain Atrophy in HIV/AIDS Visualized us-

multivariate statistics. Minimal differences were obsetv ing Tensor-Based Morphomefrijleuroimage, (2006) Oct 9.

when comparing the two scalar measures to each other. 1) cyigensen, G., Rabbitt, R., Miller, MDeformable tem-
Figure2 illustrates the cumulatlye distribution function plates using large deformation kinemati¢EEE Trans. Im-

(_CDI_:) of the_p-\_/alu_es for_the four dlﬁ‘e_re_nt scalar and mul- age Process. 5 (1996) 1435-1447.

tivariate statistics including th&? statistics on the tensor

logarithms, and statistics on the eigenvalues, GA and FA [10] Fillard, P., Arsigny, V., Pennec, X., Ayache, Blinical DT-

of the diffusion tensor. The null distribution, which repre MRI Estimation, Smoothing and Fiber Tracking with Log-

sents the expected CDF if no group difference were present,  Euclidean Metrics IEEE Transactions on Medical Imaging,

is indicated by the dotted line, for comparison. The degree  (2007).

of difference betwet_an_nu_ll distribution and the empiriad c [11] Holmes, C.J., Hoge, R., Collins, L., Woods, R., Togana.

curve for each statistic is a reason_able measure of the ef- Evans, A.C.,Enhancement of MR images using registra-

fe_ct size of each denvgd mdex, as |t' re.ects the extent and tion for signal averagingJ Comput Assist Tomogr. (1998).

distribution of voxels with different signi cance level#&s 22:324-333.

expected, the multivariate tests yielded signi cance CDFs

that rose faster and more sharply than the univariate statis[12] Gulani, V.,Webb, A.G., Duncan, 1.D., Lauterbur, P.Bp-

tics indicating greater effect sizes for the detection ofugr parent diffusion tensor measurements in myelin-de ciext r
differences. spinal cordsMagnetic Resonance in Medicine. (2001) 45,
Figure2 also illustrates that, even when using multivari- 191-195.

ate statistics, the cumulative distribution pivalues from

. . 13] Jenkinson, M., and Smith, S.MA global optimisation
the 6 variables of the full tensor, computed in the Log- [13] J P

method for robust af ne registration of brain imagededi-

Euclidean framework, yields a more steeply risprgalue cal Image Analysis, (2001) 5(2):143-156.
curve than based on the 3 eigenvalues, treated as a travariat
vector of observations. [14] Joshi, S., Davis, B., Jomier, M., Gerig, Glnbiased diffeo-

morphic atlas construction for computational anatorigu-

roimage 23 Suppl (2004) 1:S151-160.
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Figure 1. The rstcolumn (&) shows ratio maps indicating percent differences in mean GA a nd FA be-
tween groups of blind and sighted subjects. Group differenc es are indicated as a percentage differ-
ence relative to the control group mean at each voxel. Maps (b)-(e) show nonparametric-permutation
based p-values derived at each image voxel for the Hotelling 's T2 statistic on the matrix logarithm
of the full diffusion tensor, for a Hotelling's T2 statistic computed on its 3 eigenvalues, treated as a
3-vector, and for a t statistic computed from log (GA) and log (FA). All maps show diffuse differences
(largely reductions in diffusion anisotropy) between the b lind and control subjects, using different
locally derived measures of diffusion.



Figure 2. Cumulative distribution plots of p-values. Each g raph shows a cumulative distribution func-
tion (CDF) plot for the scalar and multivariate statistics a nd compares them with the null distribution
(represented by a dotted diagonal line).



