A mode for diffusion spectra and restoration
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Introduction
Diffusion Spectrum Imaging (DSl) is a powerful diffusion MR technique that allows to image diffusion spectra (DS), p(r) , which are voxel averaged diffusion pdfs

(eg. 1) [1]. In particular it affords the capacity of resolving several diffusion orientational maximarelated to the shape of the underlying fibrous tissue structure.
However, because of water exchange between the various compartments, noise and finite mixing time, the measured pdfs are blurred versions of the compartment shape
functions, which as a consequence limit the separation power of the imaging technique. Furthermore the relation between the observed signal and the tissue structureis
sufficiently complex that it has only been modeled for simple structural configurations[2]. We propose a simplified analytic model that relates the compartment shapes
tothe MR signal. It allows easy DSI modeling of various fiber configurations. We then use the model to design a restoration technique to di minish the angular

uncertainty of the fiber orientations by sharpening the diffusion spectra.
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Modeling the diffusion spectrum. When compartments have perfectly reflecting wall, so that spins do not @ p(l’) T Jrevoxa p(l’ +r | r )p(l‘ )d r
exchange across barriers, the voxel DS can be written as the sum of the DS of their individual
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compartments (eg. 2). We know from Callaghan [3] that in this case, and if the diffusion time is 2 p(r) = Z'—l p (I’)
sufficiently long, the individual DS tend to the autocorrel ation (eg. 3.a) of their compartment shape 'f
functions. In biological tissues however restriction is only partial and the experimental mixing timeis _ ;(' (r) (a)
finite so that the voxel DSis not simply the sum of the individual compartment autocorrelations. A simple (3 8} (I‘) = i
way to qualitatively model this situation is to convolve theindividual compartment shape functions or ( X * hd )(I’) (b)
their autocorrelations by a low passfilter (eg. 3.b); practically we use a Gaussian function. The voxel DS |
can then be seen as the results of the smoothed sum of theindividual compartment autocorrelations. @ s (g)=H = i +N
Modeling the MR signal. We remember that in a diffusion encoding experiment the MR signal is made (q) d(q) ;l (Q) (q)
proportional to the inverse Fourier transform of the DS (S~ F ‘1{[_)} ) [1]. According to our model we H (Q)
express the observed MR signal as the sum between the inverse Fourier transform of the voxel DS that is (5) H r (C]) = d—2
multiplied by the degradation filter frequency response and noise (eqg. 4). The observed DS isthen |H d (Q)| +N

reconstructed by taking the Fourier transform of
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Restauration. Eq. 4 fits the classical formulation of an inverse filtering problem, where an image,
degraded by blurring and additive noise, is optimally (in the least square sense) restored by a Wiener filter

H, (q) (eqa.5 NSRistheNoiseto Signal ratio).

Material and Methods
For al following experiments we use asimilar DSI scheme where S"bs(q) is sampled over 515 values of

g comprising the interior of a sphere of radiusr=5 grid unitsina 3D grid. The DSisreconstructed by
taking the Fourier transform of the signal modulus and represented as an Orientation Diffusion Function
(ODF): radial projection of the DS. (Exp. 1) The above proposed model is used to create a synthetic
dataset of the MR signal, S (q)- 'trepresentsapair of 30° crossing fibertracts embedded into an

isotropic medium. Fibertracking is based on a streamline approach and is described in [4]. (Exp. 2) We
use an MR phantom made of a stack of plastic capillaries placed orthogonally and scanned it according to
aDSl scheme [1] (3T Bruker with a spatial resolution of 0.72x0.72x3.5 mn®, TR/TE/A/S = 2000/20/250/6
ms and b-max = 8000 s/mn? for details see [5]). (Exp. 3) 5 coronal slices were obtained on a healthy
volunteer with aDSI scheme (3T Philipps scanner with a spatial resolution of 2x2x3 mm?®, TRITE/A/S =
3000/154/47.6 /35 ms and b-max = 12000 mm?/s).

Results

(Exp. 1) We notice that, on the original synthetic dataset (1.a), the two directional maximarelated to the
fiber crossings are confounded because of noise and the blurring effect of the water exchange between
compartments, i.e. the convolution of the compartments autocorrelations with a Gaussian kernel. Asa
conseguence the tractography results are aberrant. If the datais filtered by our proposed Wiener method
the bimodal shape of the odf is restored and as a consequence tractography result is correct (1.b). (Exp. 2)
We also validate the restoration method on the MR phantom (2.a). The result shows that the distribution of
the ODF tightens around the capillary main axes that are aligned with the image frame. Furthermore some
orientational bias in the horizontal component is reduced by the deconvolution (2.b). (Exp. 3) Finally we
run the algorithm on the brain images (3.b). The zoom on the corona radiate shows that as a result of the
deconvolution the orientational maxi ma are sharpened, potentially revealing new orientational
components (3.c).

Conclusion

We have constructed a analytical model of DSI measurement in fibrous tissue. It allows simple
conceptualization of DSI and a straightforward implementation for further simulation. We used this model
in order to design arestoration algorithm that sharpens the odfs to potentially enhance the separation
power of the DSI.
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