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Fig. 5. SMI shows reasonable contrast between and within tissues in the brain and spinal cord. A representative axial
slice of five randomly selected subjects (five rows) is shown for the brain and cord, showing the structural image and the

corresponding SMI-based contrasts.

Fig. 6. SANDI shows reasonable contrast between and within tissues in the brain and spinal cord. A representative axial
slice of five randomly selected subjects (five rows) is shown for the brain and cord, showing the structural image and the

corresponding SMI-based contrasts.

Both SMI and SANDI have similar reproducibility, with
Pearson r ranging from 0.62 to 0.96 (with the exception of
De), and from 0.45 to 0.98, respectively. For both, neurite
fractions are highly reproducible, as are orientation dis-
persion (p,) from SMI and soma fraction (f_ ) from

SANDI, with the lowest reproducibility associated with
extracellular diffusivities.

4.4. DTl is moderately reproducible in the cord, SMI
and SANDI reproducibility less than that of DTI

Similarly, reproducibility of diffusion measures in the cord
is assessed using test-retest scans and are shown in
scatter plots in Figure 8. Overall, reproducibility is
reduced but remains moderate for most measures. DTI
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Fig. 7. Repeatability of microstructural measures in the brai

n. Scatter plots of scan-rescan microstructural measures

extracted from 12GM and 12WM regions are shown for DTI, SMI, and SANDI models. Points are colored based on subjects.
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Fig. 8. Repeatability of microstructural measures in the cord. Scatter plots of scan-rescan microstructural measures

extracted from 12GM and 12WM regions are shown for DTI,

ranges from 0.33 to 0.75 with lowest reproducibility of
MD, SMI ranges from 0.33 to 0.77 with lowest also for
extracellular diffusivity measures, and SANDI from 0.12
to 0.64, with low reproducibility for intracellular diffusivity
(D,) and f

soma”

4.5. Measures show low test-retest variability,
moderate ICC

TRV and ICC for DTI, SMI, and SANDI models, in the brain
and cord, are shown in Table 2. Test-retest variability of
SANDI and SMl is on par with that of DTI. TRV ranges of
DTI, SMI, and SANDI in the cord are 7.5-11.3, 3.4-31.1,
and 3.9-12.0, while those in the brain are 5.2-13.1, 3.6-

SMI, and SANDI models. Points are colored based on subjects.

28.2, and 2.0-19.69. Thus, while Pearson r across regions
is low, the metrics themselves show little deviation
between scan and rescan, and similar values in the spinal
cord as in the brain. In general, ICC decreases from DTI,
to SMI, to SANDI, and decreases from brain to cord
(although this is not true across all measures), with partic-
ularly low reliability (low ICC) of D, and f____ in the cord.

soma

4.6. Soma and neurite density and organization
show contrast within and between tissue types
in the brain

Figure 9 shows distributions across the sample popula-
tion of microstructural measures across the brain, for
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Table 2. Reproducibility and intraclass correlation coefficient of microstructural measures in the brain and cord.

Spinal cord Brain
TRV DTI DTI
FA MD AD MK FA MD AD MK
8.02 10.75 7.57 11.33 13.31 9.12 6.82 5.25
SMI SMI
F Da De_par De_perp fw p2 f D_a De_par De_perp fw p2
11.89 3.42 5.30 22.65 31.08 11.41 14.32 3.63 7.60 12.17 28.19 11.43
SANDI SANDI
De fneurite Din fextra fsoma Rsoma De fneurite Din fextra  fsoma Rsoma
8.72 11.94 3.91 11.42 11.99 5.54 19.69 12.19 2.66 8.55 9.17 1.99
ICC DTI DTI
FA MD AD MK FA MD AD MK
0.74 0.29 0.60 0.56 0.97 0.57 0.63 0.87
SMI SMi
f Da De_par De_perp fw p2 f Da De_par De_perp fw p2
0.50 0.74 0.30 0.29 0.62 0.76 0.95 0.56 0.75 0.03 0.68 0.92
SANDI SANDI
De fneurite Din fextra fsoma Rsoma De fneurite Din fextra fsoma Rsoma
0.54 0.25 0.12 0.35 0.12 0.59 0.43 0.98 0.34 0.69 0.89 0.71
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Fig. 9. DTI (top), SMI (middle), and SANDI (bottom) show contrast between and within white matter regions (left) and
gray matter regions (right). Plots are colored based on location in the lobes of the brain and corresponding white matter
regions. For each metric, asterisks in the plot title indicate the level of overall statistical significance for differences across
regions, as determined by a one-way repeated measures ANOVA (*p < 0.05, **p < 0.01, **p < 0.001).

10



K.G. Schilling, M. Palombo, A.A. Witt et al.

Imaging Neuroscience, Volume 3, 2025

Dorsal Columns

Lateral Columns

Ventral Columns

FA MD (pm?/ms) ** AD (pm?/ms) *** MK **
O'BT'T*--OOMTY ; A
! 00147, 7. T 13t7 .17 o
1 i +| 0.0024 o b
0.7 'y : 12 . | \
0.0012 -] ! Tl
1
oslt T D gﬁ: O'OOQZ‘IEILTT 11 HH
) 4 (. Ll T !
1| o001 [ 0.002 ! D 4 T
0.5 1! . 1
n 1
+ | 0.0008 I 00018 08 v b s
0.4 N 1t 1 08t &
£ D, (pum?/ams) Dl (u?fus) ¥ DE (umt/ms) * fu e »
Toor * 24 1 ¢ 17 +] 04 3 i
I CI 717 |oss o7 LTI
055 tho - ‘Z'SHH:D 08! L |
- [ Y ; ' . i) os K
05 HH: | ZSEEHQY 22 Iﬁ' H u,sHHE’ 025 ' 08
oas| 7T Mi"AQHZIHJ.lEM‘:AAD;M Ho,sl‘ i
I D gl H © T HH e i
' 22 i 102 ' 015 DH - L
035 il Hile N o * 01]1 1 03 L
Sestea Jooma

'] 026
[
| 024
T[] -
1| 022 [
Ty
02
I
B 018

T T
14| 016 g

0.14

Dorsal Horns

Intermediate Zones

Ventral Horns

h /
=

FA MD (pm?/ms) *** AD (pm?/ms) *** MK ***
T * T T Toeo
0.8 ooot2l * 00022f - - 1114 - b
: : 0.0021 H 13 T
0.7 n |- _ 0.002 | n T
.- 1 1| 00011k o s 112 O
1 1
0.6 1 000191+ TH 4 11 4
: S 0.0018 ' 1T
05 2o 0.001 7, 1 : ! 0.0017 : 10 L 1
R I ot ’ L S|
P
s l 1 i 1 : 0.0016 { * 1 0.9 n l
£ D! (un?/ms) ** Dy (um? /ms) *** fu* o
065 e R o — :
06 . e - T
SARPLI [TET I CE .
;’5 'ZE_HQJJ 05 1 )T H R fﬂﬂ wn
. + | 0.15 ' 0
045 19 04 i H ﬂ 0s H. A s
04 8 03 E o TL. 0allF 1 i ‘
035 " oos  t T H
02
21 Dy, (a0 /ms) * Joxtra ¥ Juoma Reoma (prm)
27 08 E 0»45:377- 0.26 ‘f?' 14 YT: T 7
18 2 A H " HQ: | o Vi Hs ‘3HH >
E Mg = 0.22 H il ahi 2
16 195 e 1y 02 IR R R lw]
"9::‘51 035} 1 0.1811“::H}lili‘ -
14 18 1)t ‘i1 ote ! .

Fig. 10. DTI (top), SMI (middle) and SANDI (bottom) show contrast within and between the somatotopically organized
white and gray matter regions. Plots are colored based on location in the white matter (bilateral Dorsal Columns, Lateral
Funiculi, Ventral Funiculi) and gray matter (dorsal horn, intermediate zone, and ventral horns). For each metric, asterisks in
the plot title indicate the level of overall statistical significance for differences across regions, as determined by a one-way
repeated measures ANOVA (*p < 0.05, **p < 0.01, **p < 0.001).

both WM (Fig. 9, left) and GM (Fig. 9, right) regions. For all
models, several measures show clear trends across
white and gray matter regions. For example, DTl mea-
sures of FA and AD, SMI measures of f, D!, and p,, and
SANDI measures of f_ .. f ., and f__ show clear vari-
ation across white matter (while many others also reach
statistical significance). These same metrics additionally
show trends across gray matter regions, with SANDI
offering additional soma-based contrast that varies
across the cortex. In all cases, measures are more similar
to contralateral regions than across regions of the same

hemisphere.

4.7. Soma and neurite density and organization
show contrast within tissue types in the cord

Figure 10 shows regional values of DTI, SMT, and SANDI-
derived microstructural measures across the cord, for
both WM (Fig. 10, left), and GM (Fig. 10, Right). As in the
brain, all models show regional heterogeneity in both tis-
sue types, although with less visible contrast than that in
the brain. For example, DTI (AD, MD) and SMI (D,,, f, Del,
f,) show contrast across white matter pathways (with
none reaching statistical significance in WM for SANDI),
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while most measures show contrast across gray matter
regions. All SMI measures show clear gray matter trends,
and the soma-based SANDI measures also show differ-
ences across the ventral horn, intermediate zone, and
dorsal horns. Again, measures are more similar to contra-
lateral regions than across regions of the same hemi-
sphere.

5. DISCUSSION

We implemented a clinically feasible diffusion protocol for
the in vivo human brain and spinal cord that enables
modeling of the white and gray matter tissue microstruc-
ture of a large portion of the central nervous system. Spe-
cifically, this protocol enables DTI, the standard model of
white matter (SMI), and its extension to gray matter via
the SANDI model. We show that derived microstructural
measures exhibit reasonable and expected tissue con-
trast in the brain and cord, with contrast across and
within both white and gray matter of both structures.
Notably, this study also represents the first images of SMI
and SANDI modeling of the spinal cord, and the resulting
contrasts and values are reasonable and within expecta-
tions given knowledge of brain data. However, the partial
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volume effects and small intra-cord structures provide
insight into the current challenges and requirements for
improvements to better characterize the entire central
nervous system.

5.1. Acquisition and considerations

The data acquisition takes approximately 16 min for each
anatomy (brain and cord), and includes 6 b-values, 176
total diffusion weighted images, and 24 b = 0 images.
While we implement DTI, SMI, and SANDI, this acquisi-
tion also enables commonly employed multicompart-
ment models that require only multiple shells using
standard PGSE sequences, for example, Neurite Orienta-
tion Dispersion and Density Imaging (NODDI) (Zhang
et al.,, 2012), Freewater DTl (Pasternak et al., 2009),
Spherical Mean Technique (SMT) (Kaden, Kruggel, et al.,
2016), White Matter Tract Imaging (WMTI) (Jelescu et al.,
2015), among others.

The protocol was inspired by optimization performed
by Schiavi et al. (2022), who optimized a protocol for the
human brain for the SANDI model, within the constraints
of their 3T scanner equipped with 80mT/m gradients. By
generating simulated tissue substrates, they assess bias
and reproducibility of various acquisition schemes, rang-
ing from 14 shells to 6 shells, and showing that at realistic
noise levels (SNR = 100 after spherical averaging over all
directions) reducing from 14 to 6 shells has no major
impact on parameter estimation. However, a major chal-
lenge to acquisition on these systems is the long diffu-
sion times, 6= 24 ms and A= 51 ms, which lead to an
increased TE (and decreased SNR) but also an increased
sensitivity to exchange, which may violate assumptions
of the model and bias parameter estimation. Optimisti-
cally, with exchange between compartments on the scale
of ~20-50ms (as estimated in rat brain cortex (Jelescu
et al., 2022)), biases due to exchange are lower than the
impact of noise, however, biases still range on the order
of 5-15% for most parameters. Similarly, the authors
(Schiavi et al., 2022),and others (Dhital et al., 2019;
Howard et al., 2022) highlight that measures such as D,
are neither accurate nor precise without alternative acqui-
sitions (linear and planar encodings, or varying diffusion
times (Coelho et al., 2019)), which matches our results
where D, has lowest scan-rescan reproducibility in both
the brain and cord.

While the protocol matched that of Schiavi et al. (2022)
in the brain, several innovations were needed in the spi-
nal cord. Typical spinal cord diffusion protocols suggest
cardiac triggering during the same point in the cardiac
cycle to minimize susceptibility to motion effects
(Cohen-Adad et al., 2021), however, this reduces scan
efficiency and would result in tremendously long scan
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times to acquire ~200 total image volumes. Recent work
(Kurt et al., 2023) suggests that removing cardiac trigger-
ing, which enables acquiring ~60% more data, combined
with denoising, motion correction, and outlier removal
and replacement, results in measures of similar DTI indi-
ces, with similar reproducibility as triggered acquisitions.
In this work, we removed triggering (which also enables
harmonization between brain and cord by keeping TR
similar), applied MPPCA denoising (Veraart, Novikov,
et al., 2016), used spinal cord-specific motion correction
(Xu et al., 2013) with slice-wise regularization along the
cord and grouping of eight successive low SNR volumes
to improve robustness, and finally implemented a Patch-
2Self denoising algorithm that replaces outlier signals
(i.e. slice dropouts) (Fadnavis et al., 2020; Pizzolato et al.,
2023; Schilling et al., 2023). We note that we did not
apply distortion correction, as these algorithms have not
been fully optimized in the cord and do not quantitatively
nor qualitatively improve derived metrics (Schilling et al.,
2024; Snoussi et al., 2019, 2021). Overall, the acquisition
and subsequent preprocessing resulted in high-fidelity
images with white and gray matter contrast in diffusion-
weighted images, and facilitated DTIl, SMI, and SANDI-
based modeling on a clinical scanner.

5.2. Brain and cord

A major innovation in this work is the feasibility of a har-
monized acquisition that will enable characterization and
quantification of diffusion-based measures of soma and
neurite densities and organizations, and possible bio-
markers, throughout the neuroaxis from brain to cervical
cord. Most studies of the central nervous system study
the brain or cord in isolation, whereas both structures
may contribute to clinical deficits. We hypothesize that
the ability to simultaneously examine both will advance
our understanding of various central nervous system
pathologies.

One such example is multiple sclerosis (MS). Conven-
tional MRI facilitates lesion visualization and quantifica-
tion, in both brain and cord, yet lacks specificity to axonal
content, both within lesions and in hormal appearing tis-
sue. Because of this, conventional T1- or T2-weighted
measures of lesion load in the brain or in the cord only
reveal low-to-moderate associations with cognitive or
motor functions (Hackmack et al., 2012; Johnen et al.,
2019; Mollison et al., 2017). Utilizing advanced diffusion
MRI to provide measures of neurite and soma organiza-
tion, size, and density, and subsequent neurite/soma
loss, swelling/shrinking, or edema may enable higher
sensitivity to functional changes with the increased spec-
ificity to tissue microstructural changes. Recent changes
to the McDonald criteria for MS diagnosis (in 2017 and
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2024) included dissemination of lesions in space by
including both brain and spinal cord lesions (in structural
images), with the goal of moving toward a biological
diagnosis (as opposed to clinical means/symptoms);
expanding the arsenal of tools to query tissue micro-
structure is a prerequisite to provide a more comprehen-
sive picture of the disease.

Our results show some consistency between these
two structures connected by the ascending and descend-
ing projection pathways. Using our protocol, the white
matter of the cord exhibits anisotropies (FA, p,) within the
range expected of white matter in the brain. Similar
results are observed for diffusivities, both axonal and
extra-axonal, as well as neurite fractions. Future work
may investigate a pathway-specific analysis of the decus-
sating and non-decussating corticospinal tracts to
assess the feasibility of studying the length of this path-
way from the cortex to the cord. Overall, our results show
reasonable contrast from the brain to the cord, with val-
ues within expected ranges (despite differences in SNR
and resolution) for white and gray matter microstructures.

5.3. Multicompartment modeling of the spinal cord

This is the first application of the SMI and SANDI models
in the in vivo human spinal cord. Previous work have
characterized white and gray matter in the cord using
NODDI and SMT, providing evidence of dispersion and
neurite density changes in disease (MS) in both lesion
and normal appearing tissue, as well as providing norma-
tive values metrics in the healthy cord (By et al., 2017,
2018; Grussu et al., 2015, 2017; Schilling et al., 2019).
Here, we show that SMI and SANDI similarly provide con-
trast among the various white matter pathways and gray
matter regions where heterogeneous axonal environ-
ments are expected.

The advantage of SMI is that it encompasses a num-
ber of WM models made to capture Gaussian compart-
ments, with axons represented by sticks (Coelho et al.,
2022). While other models impose constraints on param-
eters, between parameters, or on forms of the fiber distri-
bution to improve robustness, they may introduce biases
into the parameter estimation. Here, supervised machine
learning is used to improve precision of parameter esti-
mates (Coelho et al., 2022), while also providing micro-
structural maps without constraints or priors. We find
neurite fractions of ~.4-.5, axial diffusivity >2 (and greater
than extra-axonal parallel diffusivity), orientation disper-
sion (p,) ~0.7, and a relatively large partial volume frac-
tion with free water (~.15-.2). These maps are all in line
with that observed in the brain white matter (Coelho
et al., 2022) (although with larger partial volume fraction
with free water, and subsequently smaller neurite frac-
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tion), with maps that are anatomically and microstructur-
ally feasible.

The advantage of the SANDI model is explicit model-
ing of compartments that are prevalent in the gray matter,
in particular soma size and soma fraction (Palombo et al.,
2020). This necessitates the high b-value data, for
increased sensitivity to the small, restricted spherical
compartments. Here, the disadvantage is the increased
TE to reach this diffusion weighting, decreasing signal
and increasing diffusion times. SMI, above, may benefit
from a multi-shell acquisition that is limited to a b-value
of ~2000-3000 instead of occurring the signal loss asso-
ciated with also modeling SANDI. The increased diffusion
times increase biases due to exchange, for which there is
no consensus on the time scale in the cord, and limits
sensitivity to smaller soma. Despite this, this model also
results in an intracellular diffusivity slightly greater than
extracellular parallel diffusivity, and a neurite fraction of
~.3-.45.

On the optimistic side, both models result in quantita-
tive differences across both white and gray matter tis-
sues, which is expected in the cord. For example,
differences in locations of sensory synapses (dorsal horn)
and motor cell bodies (ventral horn), along with branching
nerve roots are expected to result in different microstruc-
tural environments across these structures. Moreover,
reproducibility (particularly TRV) of most measures
derived from SMI/SANDI was similar to that of DTI, with
generally similar values between brain and cord. How-
ever, ICC was (in general) lower in the cord than in the
brain. Some of this can be attributed to smaller voxel vol-
ume in the cord, smaller tissues of interest, and poten-
tially incompletely mitigated motion.

Similarly, for white and gray matter contrast, partial
volume effects from the small size and incompletely mit-
igated motion (across volumes), geometric distortion,
and atlas-based tissue segmentation play a role.
Together, this makes localization of specific changes in
the small (often less than the size of a voxel) ascending/
descending pathways or gray matter horns challenging,
losing some of the spatial specificity but gaining micto-
structural specificity gained with multi-compartment
modeling. Another challenge is the large axons of the
spinal cord, with a volume-weighted mean axon diame-
ter often on the order of 2-5 um depending on pathway,
which may violate assumptions of a zero-radius cylinder
(i.e., a stick) for the neurite compartment. Veraart et al.
(2019, 2020) show that in in vivo human brain, this
assumption holds valid when using clinical scanners
and subsequently long diffusion times, with the neurites
indistinguishable from sticks. Similar studies should be
performed in the cord to assess sensitivity to non-
negligible axon radii.
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5.4. Limitations and future

There are several limitations that must be acknowledged.
First is the limited sample size (N = 11) of the current
study. While 11 subjects (and N = 5 rescans) are sufficient
to assess reproducibility (Koller et al., 2021; Schiavi et al.,
2022; Veraart et al., 2021), it is not sufficient to provide
comprehensive normative values across the population,
nor is this a validation of the derived indices. However,
the goal was to demonstrate the potential of capturing
newly developed contrasts within and across tissue types
on a clinical scanner. Second, these models may not be
suitable for this acquisition —with these noise properties,
diffusion times, and PGSE acquisition. For gray matter in
particular, the long diffusion times increase susceptibility
to water exchange biases. While reported exchange
times vary (Jelescu & Novikov, 2020; Novikov, 2021),
some estimates (often from ex vivo studies) are as fast as
~10 ms (Olesen et al., 2022; Williamson et al., 2019),
much shorter than our acquired diffusion times. As these
models do not account for time dependence, their accu-
racy in GM is limited should such fast exchange occur in
vivo. In addition to biases described above due to long
diffusion times, variance due to noise in parameter esti-
mation, and possibly invalid stick-like assumptions in
neurites, the use of alternative diffusion weightings (pla-
nar, spherical) may better condition model fitting (Coelho
et al., 2022), and should be investigated in the future.

Next, while a ~16 acquisition time per anatomical
structure is comparable with advanced research proto-
cols, the total duration for comprehensive brain and cord
imaging, combined with 80mT/m gradient systems and
multi-stage processing, may limit widespread clinical
adoption. Further research is necessary to validate the
specific clinical utilized of the derived SMI or SANDI met-
rics for various neurological conditions. Improvements in
spinal cord image processing are also needed, including
optimizing preprocessing associated with high b-value
data, which challenges distortion and motion correction
when most volumes are expected to be at the noise level.
Finally, future studies should investigate the clinical utility
of combining brain and cord features in studying neuro-
logical disorders, and use similar acquisitions to investi-
gate the relationship between brain and cord.

6. CONCLUSION

We have presented and evaluated a harmonized diffusion
protocol to study the brain and spinal cord on a clinical
scanner. The protocol enables DTI modeling, as well as
advanced SMI and SANDI models to improve specificity
in characterizing neurite and soma organization. We
demonstrate feasibility of acquiring multi-shell diffusion
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data at high b-values and high SNR, show qualitatively
reasonable contrast across brain and cord, and show
SMI and SANDI have moderate reproducibility relative to
DTI, with higher scan-rescan variability in the cord than in
the brain. Finally, we demonstrate that soma and neurite
density with these models shows contrast across white
matter pathways, and across gray matter regions in both
structures, which is expected given known variation in
neurite densities and diameters and cellular architectures
and densities. This protocol can be employed in a rea-
sonable amount of time to study CNS pathologies and
investigate biomarkers of structural integrity throughout
the neuroaxis.
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