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Synopsis
E�ective representation of the di�usion signal's dependence on di�usion time is a sought-after challenge in di�usion MRI (dMRI). As a solution, we recently
proposed Multi-Spherical Di�usion MRI (MS-dMRI) to represent the dMRI signal in this four-dimensional space - varying over gradient strength, direction and
di�usion time. Our representation allows for the estimation of time-dependent q-space features, providing unique insights on the tissue microstructure. In the
study, we assess test-retest reproducibility of these indices in three C57Bl6 wild-type mice. We �nd that due to our e�ective regularization methodology during
signal �tting, these time-dependent features can be estimated reliably without over�tting the data.

Introduction
Studying the di�usion time-dependence of the di�usion signal is currently a hot topic in the di�usion MRI community. To this end, we recently proposed the
Multi-Spherical Di�usion MRI (MS-dMRI) functional basis approach [1, 2] to represent the dMRI signal in this four-dimensional space - varying over gradient
strength, direction and di�usion time - that we call the multi-spherical space. MS-dMRI allows for the estimation of time-dependent q-space features, providing
unique insights on the tissue microstructure [3]. To assess the reliability of their estimation, we quantify both the �tting error of the measured signal and the
reproducibility of these features in a test-retest study.

Methods
MS-dMRI represents the di�usion signal attenuation  at di�usion encoding position  and di�usion time . It uses an orthogonal basis
that allows e�cient representation of any multi-spherical di�usion signal with few parameters , using e�ective regularization approaches imposing signal
smoothness and sparsity. We follow Callaghan et al.'s description of time-dependent di�usion in pores and assume an in�nitely short gradient pulse  and
separability in the dependence of the dMRI signal to  and  [4]. We represent the �tted signal attenuation using the cross-product between the spatial Fourier

basis  [5] and temporal basis  [2] such that we �t  with basis coe�cients  and  and  the number of
spatial or temporal basis functions, respectively. The voxel-wise optimization is as follows:

Once the coe�cients  are known, we can directly estimate features of the multi-spherical di�usion propagator  through our spatial basis' Fourier
properties [5]. We illustrate this by computing the time-dependent indices for the Mean Squared Displacement (MSD) [6]; and Return-To-Origin, Return-To-Axis
and Return-To-Plane Probability (RTOP, RTAP and RTPP) [5], whose values are inversely related to the mean, perpendicular and parallel di�usivity, respectively.
We apply our method in-vivo to three C57Bl6 wild-type mice. For each mouse we acquire test-retest spin-echo multi-spherical images in an 11.7 Tesla Bruker
scanner. We show our scheme on the left of Figure 1. We acquire 35 di�erent ``shells'' with one b0 each and a total of 480 DWIs using . We measure
�ve equispaced " -shells" ms and seven approximately equispaced "gradient shells" between mT/m. The voxels are
of size . We corrected each dataset from eddy currents and motion artifacts using FSL's eddy_correct, and drew a region of interest in the
middle slice of the corpus callosum, taking voxels with Fractional Anisotropy . We show a sagittal slice with the ROIs on the right of Figure 1.

Results
To ensure that we are not over�tting the data we analyze the �tting error of our technique on a random subset of the data and predict the missing values. For
every subject, we show the mean squared error (MSE) of the regularized model �tting in Figure 2. It can be seen that the MSE is similar for all datasets except for
the Test Subject 3, which is almost twice as high. We then estimate and illustrate the time-dependent indices: MSD, RTOP, RTAP and RTPP in Figure 3. As
expected, the MSD increases and RTOP, RTAP, and RTPP decrease over di�usion time as particles can travel further as time increases. Subject 1 shows that, for
all indices, the mean retest indices fall within 0.2 standard deviations of the test indices with similar dispersion. Subject 2 shows similar overlap for the q-space
indices, but the retest MSD is slightly o�. Subject 3 does not show the same consistency, which corresponds to the higher �tting error found in Figure 2.

Discussion
We assessed the reproducibility of time-dependent, microstructurally-relevant q-space indices using our MS-dMRI approach. In two out of the three mice we
found these indices to be well reproducible within a region of interest in the corpus callosum (see in Figure 3). The results of subject 3 appear less consistent,
which corresponds to the higher �tting error of Test Subject 3 in Figure 2. DTI analysis in this data also reveals relatively lower FA values in the corpus callosum
compared to the other datasets. Therefore, this inconsistency appears to be a particularity of the data itself and not our method.

Conclusion
We showed that we can robustly and consistently estimate time-dependent q-space indices using MS-dMRI in in-vivo di�usion spin echo acquisitions of C57Bl6
wild-type mice. This result underlines the feasibility of using MS-dMRI in the analysis of time-dependent features of the di�usion signal.
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Figures

left: Multi-Spherical di�usion acquisition using a spin echo sequence. Every point represents a shell with uniformly spread DWIs on the sphere. right: FA
illustrations of the test-retest mice with in red the region of interest (ROI) voxels in the corpus callosum.

Regularized �tting error of our model while randomly subsampling the data from 400 to 100 �tted DWIs. We broke the y-axis into two parts. The top part uses
log-scaling to show the much higher �tting error of unregularized MS-dMRI. The bottom part uses regular scaling and shows our much lower regularized �tting
error. For the regularized result, we see that the �tting error is robust to subsampling for all data sets except for Test Subject 3, whose error is nearly twice as
high as in all other cases.

Mean and Standard deviation of the MSD (top) and RTOP, RTAP and RTPP (bottom) in the corpus callosum for the test and retest data (red and green) of
every subject. We used a  multiplier to better separate index groups. For comparison, the gray tones show MSD isolines for di�erent free di�usion
coe�cients. In subject 1 the test-retest indices overlap closely for every metric, indicating excellent reproducibility. Subject 2 shows similar overlap for q-space
indices, but the MSD is slightly o�. Subject 3 does not show the same consistency, which corresponds to the higher �tting error found in Figure 2.
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