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a b s t r a c t
Diﬀusion MRI (dMRI) provides unique insights into the neural tissue milieu by probing interactions between diﬀusing molecules and tissue microstructure. Most
dMRI techniques focus on white matter (WM) tissues, nevertheless, interest in gray matter characterizations is growing. The Soma and Neurite Density MRI (SANDI)
methodology harnesses a model incorporating water diﬀusion in spherical objects (assumed to be associated with cell bodies) and in impermeable “sticks” (assumed
to represent neurites), which potentially enables the characterization of cellular and neurite densities. Recognising the importance of rodents in animal models of
development, aging, plasticity, and disease, we here employ SANDI for in-vivo preclinical imaging and provide a ﬁrst validation of the methodology by comparing
SANDI metrics with cellular density reﬂected by the Allen mouse brain atlas. SANDI was implemented on a 9.4T scanner equipped with a cryogenic coil, and in-vivo
experiments were carried out on N = 6 mice. Pixelwise, ROI-based, and atlas comparisons were performed, magnitude vs. real-valued analyses were compared, and
shorter acquisitions with reduced the number of b-value shells were investigated. Our ﬁndings reveal good reproducibility of the SANDI parameters, including the
sphere and stick fractions, as well as sphere size (CoV < 7%, 12% and 3%, respectively). Additionally, we ﬁnd a very good rank correlation between SANDI-driven
sphere fraction and Allen mouse brain atlas contrast that represents cellular density. We conclude that SANDI is a viable preclinical MRI technique that can greatly
contribute to research on brain tissue microstructure.

1. Introduction
The development of non-invasive imaging biomarkers which can reﬂect microscopic tissue properties, for instance the size and density of
cells and/or neurite projections (Alexander et al., 2017; Novikov et al.,
2019), is an active research topic for neuroimaging in general and diffusion Magnetic Resonance Imaging (dMRI) in particular. In dMRI, the
signal is sensitized to micron-scale displacements of water molecules
in the tissue, which are strongly inﬂuenced by microscopic boundaries imparted by cellular and subcellular structures (Stejskal and Tanner, 1965). Various approaches have been proposed for analysis of
dMRI signals and a detailed discussion can be found in several excellent recent reviews (Alexander et al., 2017; Novikov et al., 2019;
Novikov et al., 2018; Ghosh et al., 2018; Jelescu et al., 2020; De Luca
et al., 2021). Among these approaches, biophysical modeling aims to
disentangle signal contributions from two or more water pools, usually assigned to diﬀerent tissue components, such as intra- and extracellular space (Alexander et al., 2017; Novikov et al., 2019, 2018;
Ghosh et al., 2018; Jelescu et al., 2020; Panagiotaki et al., 2012). For
instance, some techniques (Behrens et al., 2003; Jespersen et al., 2010,
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2007; Zhang et al., 2012; Fieremans et al., 2013) model the signal ascribed to the intra-neurite space (i.e. axons and dendrites) by diﬀusion
inside impermeable cylinders, usually considered to have zero radius
(i.e. “sticks” (Behrens et al., 2007)). Other studies, consider the axon
diameters ﬁnite and aim to estimate them, usually including measurements with high diﬀusion weighting (Stanisz et al., 1997; Assaf et al.,
2008; Alexander et al., 2010; Kakkar et al., 2018; Huang et al., 2020;
Fan et al., 2020; Veraart et al., 2020). Nevertheless, in most cases
the extra-neurite tissue signal is assumed to comprise both spins in
extra-cellular space as well as spins inside cell bodies, which are both
modeled as a single, Gaussian diﬀusion system (Novikov et al., 2018;
Panagiotaki et al., 2012; Jespersen et al., 2010, 2007; Fieremans et al.,
2013; Behrens et al., 2007; Sotiropoulos et al., 2012; Kaden et al., 2016;
Ferizi et al., 2014). To better capture the signal decay over a wide range
of diﬀusion weightings up to high b-values, other techniques include an
additional component comprising slow Gaussian diﬀusion (Olesen et al.,
2021; Palombo et al., 2018; Tax et al., 2020). In some cases, the slow
diﬀusion component is represented by restricted diﬀusion (Stanisz et al.,
1997) in spheres (Palombo et al., 2018) and has been proposed
to represent the signal from cell bodies (and other quasi spherical
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structures), with a signiﬁcant contribution especially in gray matter
(GM) (Stanisz et al., 1997; Palombo et al., 2020; Afzali et al., 2021;
Gyori et al., 2021).
The recently-introduced Soma and Neurite Density Imaging (SANDI)
methodology (Palombo et al., 2020) aims to characterise such spherical object contributions using standard single diﬀusion encoding (SDE)
dMRI, acquired with several shells (usually ≥5) up to (very) high bvalues and powder-averaged data (Callaghan et al., 1979). The SANDI
model relies on a three-compartment model consisting of sticks, spheres
and isotropic Gaussian diﬀusion ﬁtted to the powdered averaged data.
Insofar, SANDI has been applied to in-vivo human brain imaging on a
high-performance scanner, as well as ex-vivo in the mouse brain, where
a preliminary comparison with histology data showed a good correlation between the soma signal fraction and signal intensity of DAPI stain,
a marker for cell nuclei (Palombo et al., 2019). Nevertheless, estimating
the signal fractions of diﬀusion restricted in sticks and spheres is challenging due to signal-to-noise and contrast-to-noise limitations as well
as bias due to Rician noise ﬂoor (Fan et al., 2020; Afzali et al., 2021;
Ianus et al., 2020).
In this study we aim to address several gaps in the evaluation and application of the original SANDI approach based on SDE acquisitions: (i)
we investigate the stability of SANDI metrics in the mouse brain, in-vivo
at 9.4T; (ii) we utilize the complex dMRI data to assess experimentally
the eﬀects of Rician noise ﬂoor on the SANDI parameters; and perhaps
most importantly, (iii) we assess the correspondence of SANDI parameters to a histological proxy of cell density based on the Allen mouse brain
atlas; (iv) lastly, we also investigate the possibility of ﬁtting SANDI to a
shorter protocol with less shells and a lower maximum b-value, and its
impact on the estimated parameters.

(Buonocore and Gao, 1997) (step 2). Then, diﬀerent channels were combined using an adaptive approach (Walsh et al., 2000) (step 3), real valued data was calculated based on low-pass ﬁltering (Fan et al., 2020;
Eichner et al., 2015) (step 4), and images were corrected for Gibbs ringing (Kellner et al., 2016) (step 5). The last step was to rigidly register
images to the ﬁrst set of b0-values (step 6). A detailed description of
each step is presented in SI.
Finally, data was normalized by the mean b0 image and was averaged over directions for each shell.
2.2. SANDI analysis
The SANDI model assumes three compartments, namely intraneurite signal modeled as diﬀusion inside impermeable sticks, intrasoma signal modeled as restricted diﬀusion inside spheres, and extracellular signal modeled as Gaussian diﬀusion, as illustrated in Fig. 1b.
The powder-averaged normalized diﬀusion signal has thus the following
expression:
𝑆̃ (𝑏)
= 𝑓𝑠𝑡𝑖𝑐𝑘 𝐴̃ 𝑠𝑡𝑖𝑐𝑘 (b) + 𝑓𝑠ℎ𝑒𝑟𝑒 𝐴̃ 𝑠𝑝ℎ𝑒𝑟𝑒 (b) + 𝑓𝑏𝑎𝑙𝑙 𝐴̃ 𝑏𝑎𝑙𝑙 (b),
𝑆 (0)

(1)

where fstick + fsphere + fball = 1; 𝐴̃ 𝑠𝑡𝑖𝑐𝑘 and 𝐴̃ 𝑠𝑝ℎ𝑒𝑟𝑒 are the normalized, directionally averaged signals for restricted diﬀusion within neurites and
soma, respectively and 𝐴̃ 𝑏𝑎𝑙𝑙 is the normalized, directionally averaged
signal of the extra-cellular space. The speciﬁc expressions are given in SI.
The parameters estimated from the direction-averaged data are
𝐷𝑠𝑡𝑖𝑐𝑘 , 𝐷𝑏𝑎𝑙𝑙 , 𝑅𝑠𝑝ℎ𝑒𝑟𝑒 as well as the signal fractions subject to the constraint fstick + fsphere + fball = 1. The bulk diﬀusivity inside the sphere is
ﬁxed to 𝐷𝑠𝑝ℎ𝑒𝑟𝑒 2 𝜇m2 /ms (Harkins et al., 2011). The parameters are ﬁtted using a Random Forest regression algorithm (TreeBagger Matlab®)
with 200 trees and default parameters, trained on simulated data. Details are provided in SI.
This model formulation assumes negligible exchange between compartments and it does not explicitly account for size distributions or
intra-compartment kurtosis, which is neglected in the Gaussian Phase
Distribution approximation for the spherical compartment.

2. Methods
2.1. In-vivo MRI experiments
All animal studies were approved by the competent institutional
and national authorities and performed according to European Directive 2010/63.
In-vivo dMRI data was acquired from N = 6 C57BL/6 J mice (34 ± 5
weeks on a 9.4T Bruker Biospec scanner equipped with an 86 mm
quadrature transmission coil and 4-element array reception cryocoil.
Brieﬂy, mice were induced with 5% isoﬂurane and maintained at 1.5–
2%, and their temperature and breathing rate were continuously monitored.
Diﬀusion MRI datasets for SANDI were acquired using a PGSE-EPI
sequence with the following parameters: TE = 36.8 ms, TR = 4 s,
4 averages, slice thickness = 0.4 mm, 35 slices, in plane resolution = 0.12 × 0.12 mm2 , FOV = 14.2 × 12 mm2 , matrix = 118 × 100,
Partial Fourier = 1.35, per-slice triggering and with fat suppression. The
EPI acquisition bandwidth was 375 kHz and data were acquired in a single shot.
Diﬀusion data has 8 shells with b-values of 1, 2.5, 4, 5.5, 7, 8.5,
10 and 12.5 ms/𝜇m2 and 40 directions each, uniformly distributed
on a hemisphere following the directions from the manufacturer. The
diﬀusion time Δ = 20 ms was chosen to provide sensitivity for mapping apparent soma density according to previous simulation studies
(Ianus et al., 2020), and the gradient duration 𝛿 = 5.5 ms was chosen
based on the maximum diﬀusion weighting given the hardware constraints (Gmax ∼ 660 mT/m). Acquisition time was ∼ 2.5 h.

2.4. Magnitude vs real data
The Rician noise distribution in magnitude data can lead to parameter biases especially when including measurements with very high diﬀusion weighting (Fan et al., 2020; Afzali et al., 2021), as typically reached
in SANDI. One way to reduce this bias is to model the Rician noise
(Alexander et al., 2010) or, when complex data is available, to use the
real part of the data instead (Fan et al., 2020; Eichner et al., 2015). In
the ﬁrst analysis, we investigate the eﬀect of using magnitude or real
data on the SANDI parameters. Subsequently, to minimize the eﬀect of
Rician noise (Fan et al., 2020; Eichner et al., 2015), we use parameters
derived from real data.
2.5. ROI analysis
For each animal, representative regions of interest (ROI) were manually delineated in gray matter (GM) (cortex, thalamus, striatum, hippocampus), white matter (WM) (corpus callosum, internal capsule) and
cerebrospinal ﬂuid (CSF) regions, as illustrated in Fig. 1c.
The ROI analysis was employed to (i) analyse diﬀerences of SANDI
parameters derived from magnitude and real data and to (ii) investigate parameter distributions across diﬀerent ROIs and variability across
animals.

2.2. Data pre-processing
2.6. Comparison with the Allen Brain Atlas
Complex data for each of the four receiver channels was processed in Matlab® (The MathWorks, Natick, MA, USA), unless otherwise speciﬁed. Complex data was denoised per channel using the MPPCA approach (Veraart et al., 2016) (step 1) and corrected for ghosts

The next analysis focused on comparing SANDI parameters with the
Allen mouse brain atlas (Wang et al., 2020). In the atlas, which is based
on serial two-photon tomography, the image intensity generally reﬂects
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Fig. 1. (a) Powder-averaged raw diﬀusion weighted images using either magnitude or real data, from one representative animal. The data are presented for 6 diﬀerent
b values increasing left to right. Clearly, the signal to noise of the powder averaged data is high even at the highest b-value used in this study (b = 12.5 ms/𝜇m2 ),
enabling the downstream processing of the SANDI model. The average SNR of the raw data across the entire brain was 37.9 ± 8.2, with higher values in GM, for
instance SNR = 50.1 ± 12.7 in the cortex, and lower in WM, for instance SNR = 31.1 ± 5.2 in the internal capsule. After denoising the SNR increased by a factor of
∼1.3. (b) SANDI parameter maps derived from magnitude (top) and real (bottom) data in one representative animal. Note the lower, but non-zero fsphere in WM, and
higher fsphere in GM. The opposite is observed for fstick . In the ventricles, fball is close to 1. Sphere radii are quite uniform across GM, and are lower in WM, while the
diﬀusivity in sticks is between free diﬀusion (e.g. ventricles in Dball ) and the other Gaussian diﬀusion processes in the brain (Dball in the brain parenhcyma).
3
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cell density (Wang et al., 2020), with the exception of some highly cellular areas with large nuclei, such as the pyramidal layer of the hippocampus, a region excluded from the analysis.

Fig. 2 depicts the correlation between parameters derived from magnitude and real data in diﬀerent WM and GM ROIs. Overall, a good correlation was noted, especially for fstick and Dball with correlation coeﬃcients r > 0.8. For fsphere we also see high correlations in WM (r > 0.85),
and slightly lower in GM (0.5 < r < 0.8). For Rsphere and fball the correlation strength is lower, especially in GM. In terms of bias, parameters
estimated from magnitude data are slightly higher for fstick and Rsphere
and slightly lower for fsphere , while other parameters show little bias,
as also illustrated in the Bland-Altman diagrams in Fig. S3 in SI. The
trends are consistent with simulations based on SANDI parameters from
GM and WM when Gaussian or Rician noise was added (Fig. 2b).

2.6.1. Registration
To create the template, the P56 Mouse Brain Atlas in NIFTY format
(https://scalablebrainatlas.incf.org/mouse/ABA_v3) was downsampled
to match the resolution of the dMRI data, namely 0.12 × 0.12 × 0.4 mm.
To compare the atlas intensity with SANDI parameters, we performed a 2D non-rigid registration (ANTs package (Avants et al., 2014))
on manually chosen slices to avoid interpolation between MRI slices
during the registration process. We tested registrations both using
b = 0 ms/μm2 images as well as the fsoma maps, and the latter provided better outcomes. Then, the transformations were applied to all
other parameters. The registered maps were then averaged over the 6
animals.

3.3. SANDI parameter distributions within the ROIs
Next, we analyse SANDI metrics within similar GM, WM and CSF
ROIs across the animals. Fig. 3a shows the powder-averaged signal decay from one voxel in each ROI, the prediction from the estimated
SANDI parameters, as well as their diﬀerence, indicating a good model
ﬁt. Fig. 3b presents boxplots of the estimated SANDI parameters from
ROI averaged signals and Fig. 3c presents the ROI distributions of
SANDI parameters across animals, showing consistent values. Higher
fsphere values were observed in GM than in WM, while the fstick contrast is reversed, consistent with previous results (Palombo et al., 2020;
Afzali et al., 2021; Gyori et al., 2021). In CSF, both fsphere and fstick are
almost 0 and fball is close to 1. The other parameters vary less across
tissue ROIs. In CSF, Dball approaches the diﬀusivity of free water. Table
S1 in supplementary information presents the mean parameter values
in each ROI.
The variability across animals was quantiﬁed by the coeﬃcient of
variation (CoV), calculated for the ROI averaged parameters as the ratio
between the standard deviation and mean across animals. We found that
fsphere and fstick have CoV values up to ∼12% in tissue ROIs and higher
in CSF due to the very low fsphere and fstick mean values. Rsphere and
Dstick have low CoVs across animals (< 3.1% in tissue ROIs), while Dball
has higher values (6.4–15.4%). Intra-subject variability quantiﬁed from
a bootstrapping analysis resulted in CoVs < 1.3% for all parameters, as
detailed in SI.

2.6.2. Correlation analysis
To study the link between the MRI derived parameters and the image
intensity of the atlas, we considered WM and GM ROIs in three representative slices, covering the cerebrum and the cerebellum as illustrated
in Fig. 4. Then, for all the voxels in the ROIs we computed the Spearman
rank correlation coeﬃcient (𝜌) between the dMRI parameters and the
atlas intensity, a metric that reﬂects a monotonic relationship between
variables, rather than a linear relationship. The correlation coeﬃcient
was computed separately for WM and GM voxels, as well as for all voxels
together.
2.7. Shorter acquisition protocols
The last analysis investigated how reducing SANDI’s number of
shells and maximum b-value aﬀects the extracted metrics, aiming both
to reduce the acquisition and to mimic weaker gradients, such as in
more standard clinical scanners. Thus, we progressively excluded the
last shells (higher b-values) from the full protocol employed in this
study, which consists of 8 shells with a maximum b-value of 12.5 ms/
𝜇m2 . We have analysed data for 7 shells (bmax = 10 ms/𝜇m2 ), 6 shells
(bmax = 8.5 ms/𝜇m2 ), and 5 shells (bmax = 7 ms/𝜇m2 ). Protocols with
less than 5 shells were not tested as this is the number of free parameters
in the current SANDI implementation. The RF regressors were retrained
for each protocol.

3.5. Comparison of SANDI parameters with the Allen Brain Atlas
We then strived to compare SANDI parameters (fsphere , fstick and
Rsphere ) with the image intensity of the P56 Allen mouse brain atlas,
which reﬂects cell density (among other things) (Wang et al., 2020).
Fig. 4 shows the results for diﬀerent ROIs in three representative slices
covering the cerebrum (a) and cerebellum (b).
Group fsphere maps qualitatively followed the intensity patterns observed in the downsampled Allen atlas in both cerebrum and cerebellum, with higher values in GM. Although group fsphere does not exhibit
the same dynamic range as the atlas image intensity in gray matter,
it does provide contrast between diﬀerent regions, for example it has
lower values in striatum and amygdala compared to the cortex. When
considering voxels in both GM and WM, the scatterplots show that there
is a strong positive rank correlation between group fsphere and the atlas intensity with Spearman correlation coeﬃcients of 𝜌t =0.71, 𝜌t =0.72
and 𝜌t =0.69, for ROIs in the three diﬀerent slices. When considering
the tissue types separately, we see lower correlation coeﬃcients in GM
compared to WM with 𝜌GM = {0.53, 0.45, 0.59} and 𝜌WM = {0.77, 0.69,
0.62} for the three diﬀerent slices. Moreover, in two slices, the overall
correlation coeﬃcient is higher than the one measured for each tissue
separately, showing that, as expected, the diﬀerences in fsphere between
WM and GM play an important role in the measured correlations.
When considering both GM and WM ROIs, we also see moderate
negative correlations with fstick (𝜌t =-0.47, 𝜌t =-0.54, 𝜌t =-0.53) and weak
positive correlations with Rsphere (𝜌t =0.37, 𝜌t =0.27, 𝜌t =0.52). When
analysing GM and WM ROIs separately, stronger correlations are usually
observed for white matter voxels.

3. Results
3.1. Data quality assessment
Fig. 1a depicts the registered, normalized and directionally averaged raw data. The maps show faster signal attenuation in GM compared to WM and clear white matter delineation at very high b-values
(b > 7 ms/𝜇m2 ). Moreover, at high b-values we observe most diﬀerences
between real and magnitude data due to the Rician noise ﬂoor. Fig. S1
presents similar plots for slices in the entire brain and Fig. S2 presents
SNR maps. The observed superior-inferior image gradient is due to the
sensitivity proﬁle of the receiver cryoprobe (a 4-element arrayed surface
coil).
3.2. SANDI parameter for magnitude and real data
Fig. 1b presents SANDI parameter maps for real and magnitude preprocessed data, in one representative animal. Overall, a good correspondence between parameters derived from real and magnitude data is observed, with better GM/WM contrast for real data. Maps of SANDI parameters for the entire brain are shown in Fig. S4 in Supplementary
Information.
4
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Fig. 2. (a) Scatter plots of SANDI parameters estimated based on real and magnitude data for the ROIs deﬁned in Fig. 1c. The data is shown for GM ROIs (cortex,
striatum, thalamus and hippocampus) depicted with dark gray, WM ROIs (corpus callosum and internal capsule) depicted with light gray, and CSF depicted with light
blue. While correlations are generally good, some bias is observed in the magnitude data. All correlations are signiﬁcant with p << 0.01. (b) Boxplots of estimated
SANDI parameters based on simulated signals when either Gaussian or Rician noise is considered. The simulated signals are based on the average parameters values
in the one GM ROI (cortex) and one WM ROI (internal capsule). To better mimic the eﬀect of noise, the data was simulated for the diﬀerent gradient directions,
assuming a Watson distribution of sticks with concentration parameter of 0 in GM (i.e. isotropically distributed) and 10 in WM. Then Gaussian or Rician noise was
added with an SNR of 50 in GM and 35 in WM, similar to the values we measured in vivo.
5
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Fig. 3. (a) Decay curve as a function of b-value of the powder averaged signal, predicted signal from the estimated SANDI model parameters, as well as their
diﬀerence for one voxel in GM, WM and CSF ROIs. The curves are presented for one representative animal and show a good ﬁt of the SANDI model to the data. (b)
Boxplots of estimated SANDI parameters across the six animals in the diﬀerent ROIs calculated from the mean ROI signal. (c) Histograms of SANDI parameters in
the diﬀerent ROIs. The six animals are presented by diﬀerent colours. The CoV across animals is calculated for the mean parameter values in each ROI. Excellent
stability of the SANDI parameters is observed between the animals.
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Fig. 4. Comparison between SANDI parameters and the downsampled Allen mouse brain atlas for three slices in the (a) cerebrum and (b) cerebellum. For each
region, the top row shows the parameter maps derived from SANDI (fsphere , fstick and Rsphere ) averaged over the 6 animals, after registration to the template as
described in Section 2.6.2. The bottom row shows voxelwise scatter plots of the same parameters versus the image intensity of the atlas, for diﬀerent GM and WM
ROIs depicted on the downsampled atlas. The legend presents the Spearman correlation coeﬃcients, derived for all voxels in the ROIs, for GM voxels and for WM
voxels. All correlations with |𝜌| > 0.1 are signiﬁcant with p << 0.01. Strikingly, fsphere exhibits a very good rank correlation with the Allen brain contrast in both
cerebrum and cerebellum.

revealing that the values are overall stable, both in terms of median values and interquartile ranges, which reﬂect variability within the ROIs as
well as between animals. In most cases presented in Fig. 5, the median
values estimated from the 5-shell protocol are within 10% of the values estimated from the full protocol (dotted green lines). In other cases,
there is a small change in parameter values, for instance, an increase in
the estimated Rsphere , which is more pronounced in the WM ROIs, as well
as an increase in fstick in the GM ROIs. For Rsphere , the median values are

Similar patterns were observed in individual mice, as illustrated in
Fig. S5.
3.7. Shorter SANDI protocols
Finally, we investigated the potential of using SANDI acquisitions
with less shells and lower maximum b-values. Fig. 5 illustrates the
SANDI parameters estimated from protocols with 8, 7, 6 and 5 shells,
7
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Fig. 5. Boxplots of estimated SANDI parameters for protocols with varying number of shells in GM, WM, and CSF ROIs. The parameters are estimated voxelwise and
aggregated over diﬀerent animals for the voxels in each ROI. The rows present diﬀerent model parameters and the columns diﬀerent ROIs. The dotted black lines
show the values estimated from the full, 8-shell, protocol, while the green lines show a variation of ±10% from this value. The b-values employed in the diﬀerent
protocols are the following: full protocol (8 shells): b = {1, 2.5, 4, 5.5, 7, 8.5, 10, 12.5} ms/𝜇m2 ; 7-shells: b = {1, 2.5, 4, 5.5, 7, 8.5, 10} ms/𝜇m2 ; 6-shells: b = {1, 2.5,
4, 5.5, 7, 8.5} ms/𝜇m2 and 5-shells: b = {1, 2.5, 4, 5.5, 7} ms/𝜇m2 . Overall, all SANDI parameters are stable as the protocol is reduced from 8 shells with maximum
b-value of 12.5 ms/𝜇m2 to 5 shells with maximum b-value of 7 ms/𝜇m2 .

still within 10% diﬀerence, while for fstick the absolute diﬀerences are
small, i.e. median value diﬀerences < 0.03, although in GM this change
is larger than 10% due to the overall small values of the parameters.

From a methodological perspective, we note that real valued data
provides a robust and reproducible assessment of the SANDI parameters, even for shorter protocols. Our ﬁndings are in good agreement with previous ex-vivo SANDI-driven maps in the mouse brain
(Palombo et al., 2020, 2019), and in-vivo SANDI maps in the human
brain (Palombo et al., 2020; Afzali et al., 2021; Gyori et al., 2021). Notably, the sphere fraction is close to zero in CSF (especially when using
real-valued data) and intermediate (∼0.3) in WM, likely reﬂecting the
non-negligible (Palombo et al., 2019; Sampaio-Baptista and JohansenBerg, 2017) WM cell body population (neurons, astrocytes, microglia)
in WM. The largest fsphere estimates were observed in GM with values
between 0.45 and 0.65. When considering the cell densities and sizes
measured from histology (Keller et al., 2018; Palombo et al., 2021), a

4. Discussion
In this work, we assessed the SANDI methodology for characterising
mouse brain tissue microstructure, in-vivo. Speciﬁcally, we investigated
the eﬀect of Rician noise on the estimated parameters, the reproducibility across animals, the feasibility of using shorter protocols, as well as a
ﬁrst level validation by comparing the SANDI metrics with the intensity
of the Allen Mouse Brain Atlas.
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lower bound on cell body volume fraction can be considered in the range
12–40% for diﬀerent GM areas. The higher fsphere values estimated by
SANDI (∼45–65%) can also be explained by the fact that fsphere is a signal fraction and not a volume fraction, hence also aﬀected by relaxation
eﬀects (e.g., T1, T2). Although previous ex-vivo SANDI data acquired
with much higher spatial resolution (0.05 × 0.05 × 0.25 mm3 ) was able
to capture fsphere diﬀerences between GM cortical layers (Palombo et al.,
2019), here, such diﬀerences were not as obvious, likely due to the lower
spatial resolution (0.12 × 0.12 × 0.4 mm3 ). Furthermore, the coeﬃcients
of variation of the mean fsphere values across animals were small, < 8%
both in GM and WM, suggesting a good reproducibility of SANDI metrics.
SANDI-driven Rsphere values exhibited lower values in WM compared
with GM. Overall, the estimated Rsphere values are between 6 and 9 𝜇m,
approximately consistent with values derived from histology (Erö et al.,
2018), considering that the apparent eﬀective radii are tail-weighted
values of the underlying distribution of sizes (Palombo et al., 2021)
(c.f. Fig. S7 for simulations). Larger Rsphere values can also be observed
in regions known to have larger cells, such as the granular and pyramidal layer of the hippocampus or the piriform cortex (Paxinos and
Franklin, 2019) (Fig. S6). Nevertheless, for a detailed analysis of Rsphere
and soma sizes, further experiments comparing MRI and histology are
needed. The choice of sequence parameters, especially the gradient duration and diﬀusion time, can also play a role on the sensitivity to different cellular sizes and might inﬂuence the estimated Rsphere values,
especially in the presence of exchange.
Neurites in SANDI are modeled as cylinders with zero radius (i.e.
sticks) (Jespersen et al., 2010, 2007; Zhang et al., 2012; Fieremans et al.,
2013; Behrens et al., 2007). When considering the possibility of nonzero cylinder radii, the estimated fstick and Dstick values are stable for
Rcyl < 1.5 𝜇m, which is plausible for most WM, although, the parameters can become biased for larger axons as illustrated in Fig. S7 and
consistent with previous literature (Fan et al., 2020; Drobnjak et al.,
2015). The coeﬃcient of variation for fstick is also relatively small <
12% and the patterns and values of fstick measured here are in line with
previous works estimating the signal fraction of sticks from directional
data (Jespersen et al., 2010, 2007; Zhang et al., 2012; Fieremans et al.,
2013), as well as powder averaged data (Palombo et al., 2020, 2019;
Afzali et al., 2021; Gyori et al., 2021). The other SANDI parameters,
namely Dball and Dstick were also quite reproducible across animals, although their ﬁts seem to better capture imaging artifact eﬀects, for instance Gibbs ringing around the ventricles, that were not fully corrected
due to the partial Fourier acquisition, as also observed before with diffusion metrics (Guglielmetti et al., 2016).
From a more biological perspective, we attempted to correlate the
SANDI contrasts with the Allen mouse brain contrast which reﬂects to
some extent cell density (Wang et al., 2020). Interestingly, SANDI-driven
fsphere was the only parameter that was strongly correlated with the Allen
mouse brain atlas image intensity, suggesting that – whether directly or
indirectly – fsphere is inﬂuenced, at least in part, by cell body density.
Similar correlation patterns were observed even in individual animals
(Fig. S5) which bodes well for future individual animal characterizations
in health and disease.
Although we ﬁnd a strong rank correlation between fsphere and the
Allen mouse brain atlas when including both white matter and gray matter voxels, we observe only a moderate correlation in gray matter, where
the atlas exhibits a wider dynamic range of intensity values compared
to fsphere . This is likely due to the diﬀerent contrast mechanisms of the
two imaging modalities. In Allen atlas’ two-photon tomography, the image intensity is related to the amount of cytoplasm, while fsphere reﬂects
the amount of dMRI signal arising from water molecules restricted in
spherical environments. While both metrics are considered to reﬂect to
some extent cell density, their contrast is inherently diﬀerent. One example is the hippocampus, where the pyramidal layer has highly packed
cells, as illustrated by stains such as Nissl (Paxinos and Franklin, 2019).
However, in the Allen Brain Atlas, the pyramidal layer appears dark,

due to the large and densely packed cell nuclei. Nevertheless, SANDI’s
fsphere is high in this region as expected. These ﬁndings are encouraging
for future studies more directly correlating speciﬁc aspects of the microstructure with more reﬁned SANDI theory, e.g., including exchange
(Olesen, 2022; Jelescu et al., 2021) (see below).
4.1. Limitations
As any study, several limitations can be identiﬁed in our work. First,
the SANDI model assumptions include non-exchanging compartments,
spherical structures, sticks, and a well-mixed extracellular environment
characterised by Gaussian diﬀusion. These assumptions are likely overly
simpliﬁed and do not account for the tissue’s complexity. Variations in
cell sizes and shapes, ﬁnite neurite sizes, intracellular organelles, membrane permeability and exchange across diﬀerent compartments, etc.,
can all bias SANDI’s estimations and the interpretation of its metrics.
Further, kurtosis of each compartment is assumed negligible, in contrast with recent clinical and pre-clinical Correlation Tensor MRI studies (Henriques et al., 2020, 2021; Novello et al., 2022). In addition,
recent studies suggest that water exchange across compartments can be
faster in GM and can inﬂuence the dMRI signal at this diﬀusion time
(Olesen et al., 2022; Jelescu et al., 2021; Lee et al., 2020), while others
have shown that the intra-cellular residence time of water is on the order
of 500 ms (Yang et al., 2018), a timescale that would not render an important mechanism at the diﬀusion time considered here (20 ms). Future
work should aim at incorporating exchange to the model (Olesen et al.,
2022), and harnessing multiple diﬀusion times, e.g. between 10 and
40 ms for pre-clinical acquisition, to disentangle the eﬀects.
The comparison of SANDI metrics with the Allen mouse brain atlas
contrast is clearly confounded by the diﬀerent sources of information,
the usage of averaged-brain templates, and diﬀerent inherent spatial
resolution. Future studies should be performed using individual-level
comparisons, where SANDI maps will be compared to maps derived from
directly targeted histology mapping cell body density.
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