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The loss of dopamine in the striatum underlies motor symptoms of Parkinson’s disease (PD). Rapid eye move-
ment sleep behaviour disorder (RBD) is considered prodromal PD and has shown similar neural changes in the
striatum. Alterations in brain iron suggest neurodegeneration; however, the literature on striatal iron has been
inconsistent in PD and scant in RBD.

Toward clarifying pathophysiological changes in PD and RBD, and uncovering possible biomarkers, we imaged
26 early-stage PD patients, 16 RBD patients, and 39 age-matched healthy controls with 3 T MRI. We compared
mean susceptibility using quantitative susceptibility mapping (QSM) in the standard striatum (caudate, putamen,
and nucleus accumbens) and tractography-parcellated striatum. Diffusion MRI permitted parcellation of the
striatum into seven subregions based on the cortical areas of maximal connectivity from the Tziortzi atlas.

No significant differences in mean susceptibility were found in the standard striatum anatomy. For the par-
cellated striatum, the caudal motor subregion, the most affected region in PD, showed lower iron levels
compared to healthy controls. Receiver operating characteristic curves using mean susceptibility in the caudal
motor striatum showed a good diagnostic accuracy of 0.80 when classifying early-stage PD from healthy controls.

This study highlights that tractography-based parcellation of the striatum could enhance sensitivity to changes
in iron levels, which have not been consistent in the PD literature. The decreased caudal motor striatum iron was
sufficiently sensitive to PD, but not RBD. QSM in the striatum could contribute to development of a multivariate
or multimodal biomarker of early-stage PD, but further work in larger datasets is needed to confirm its utility in
prodromal groups.

1. Introduction

Parkinson’s disease (PD) is the second most common and fastest-
growing neurodegenerative disease in the world (Dorsey et al., 2018).
PD is characterized by both motor (e.g., bradykinesia, tremor, rigidity,
etc.) and non-motor symptoms (Barone et al., 2009). There are no
objective tests to diagnose PD in clinical practice and no disease-
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modifying therapies or cures for the disease (Emre et al., 2014; Mitch-
ell et al., 2021). Accurate diagnostic tests would improve clinical man-
agement and advance discovery of disease-modifying therapies for PD.

Clinical populations at increased risk for developing PD provide an
opportunity to investigate neural changes that precede and lead to PD
symptoms as well as to uncover preclinical biomarkers signalling who
will convert to PD and over what period (Barber et al., 2017; Postuma

Received 12 July 2023; Received in revised form 24 September 2023; Accepted 26 September 2023

Available online 28 September 2023

2213-1582/© 2023 Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:penny.macdonald@gmail.com
www.sciencedirect.com/science/journal/22131582
https://www.elsevier.com/locate/ynicl
https://doi.org/10.1016/j.nicl.2023.103519
https://doi.org/10.1016/j.nicl.2023.103519
https://doi.org/10.1016/j.nicl.2023.103519
http://creativecommons.org/licenses/by-nc-nd/4.0/

E. Alushaj et al.

et al., 2012). Rapid eye movement sleep behaviour disorder (RBD) is a
substantial risk factor for PD and other alpha-synucleinopathies such as
multiple system atrophy (MSA) and Lewy body dementia (LBD; Schenck
et al., 2019). A recent study identified alpha-synuclein seeds in the ce-
rebrospinal fluid of RBD patients (Concha-Marambio et al., 2023). RBD
requires objective v ideo polysomnography for confirmation, which
identifies electromyographic abnormalities during REM sleep (American
Academy of Sleep Medicine, 2014). This lack of normal muscular pa-
ralysis during REM sleep can lead to dream-enactment behaviour, which
is a main diagnostic criterion of RBD (American Academy of Sleep
Medicine, 2014).

Emerging evidence from several groups has suggested up to 75% of
RBD patients will develop an alpha-synucleinopathy, suggesting RBD is
one of the strongest predictors of neurodegeneration (Iranzo et al., 2014;
Postuma et al., 2019; Postuma and Berg, 2016; Schenck et al., 2013).Ina
large multi-centre study, of the RBD patients who phenoconverted, 52%
developed PD, 4% developed MSA, and 44% developed LBD (Postuma
et al., 2019). RBD generally exists for years before parkinsonian motor
symptom onset, which heralds a diagnosis of PD (Hogl et al., 2018).
Discovery of preclinical biomarkers could promote earlier diagnosis,
provide targets for treatment, and improve the health of over ten million
PD patients worldwide (Lehericy et al., 2017).

Degeneration of the nigrostriatal pathway, which connects the
dopamine-producing neurons of the substantia nigra pars compacta
(SNc) and the striatum, is widely accepted as the main contributor to
motor deficits in PD (Peran et al., 2010; Prasad et al., 2018). Up to 80%
of nigral dopaminergic neurons will have degenerated by the timepoint
of clinical diagnosis of PD (Cheng et al., 2010). Iron elevation in the SNc
is a consistent feature of PD, which might contribute to or signal neu-
rodegeneration in dopaminergic neurons (Ayton & Lei, 2014). In this
way, abnormal iron deposition might serve as a tool for understanding
RBD and PD pathophysiology. Although iron is involved in cellular
homeostasis, it is also implicated in neurodegeneration (Pyatigorskaya
et al., 2020). There is substantial evidence to suggest that oxidative
stress derived from iron and dopamine interactions contribute to
neuronal loss and pathophysiology in PD (Cao and Dixon, 2016; Dixon
et al., 2012; Hare and Double, 2016). It is unknown if iron accumulation
is an initiator of neurodegeneration or a secondary event, nevertheless,
iron overload is a potential marker of the PD state (Ayton & Lei, 2014).
The properties of iron, its presence in the subcortical structures, its
involvement in oxidative stress and neurodegeneration, as well as
findings of elevated iron in PD, make it an ideal candidate for detecting
and tracking PD longitudinally (Ayton & Lei, 2014), perhaps even from
its preclinical/prodromal period.

Changes to striatal iron levels as measured by QSM have been re-
ported less consistently than alterations to iron levels in the SNc in a
recent systematic review (Ravanfar et al., 2021). The review found that
overall, there was a non-significant trend towards lower susceptibility in
the basal ganglia, which included the caudate nuclei, putamen, and GP,
in PD patients relative to HCs (Ravanfar et al., 2021). In the caudate,
nine of 18 studies trended toward lower iron levels, one showed
increased caudal iron, and eight found no differences between PD pa-
tients and HCs (Ravanfar et al., 2021). In the putamen, nine of 22 studies
trended toward lower iron levels, four revealed increased iron, and nine
studies found no differences in putaminal iron levels between PD pa-
tients and HCs (Ravanfar et al., 2021). In the GP, eight out of 21 studies
trended toward lower iron levels, while six revealed increased iron, and
seven studies found no differences between PD patients and HCs (Rav-
anfar et al., 2021). Differences across patient samples and methodo-
logical approaches to region definition or QSM image generation could
be contributing factors to the lack of consistency in this literature.
Furthermore, the striatum is not as iron-rich as the SN or GP but might
still provide neuroimaging features of PD for classification (Hallgren and
Sourander, 1958). Given the importance of the striatum in the patho-
physiology of PD, evaluating changes in iron is warranted toward un-
derstanding the disease and identifying biomarkers.
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The first study of striatal iron in RBD found no differences between
patients and HCs in the caudate or putamen when using R2* relaxometry
(Lee et al., 2014). This technique has proven to be a less sensitive
measure than QSM with regards to detecting nigral iron elevation due to
PD, as QSM does a better job of accounting for local tissue susceptibility
than R2* (Alushaj, 2019; Langkammer et al., 2016). Follow-up work
using QSM, however, found no differences between RBD and HC, but
reported marginally lower (p = 0.058) right putaminal mean suscepti-
bility in PD compared to RBD patients (Sun et al., 2020). This finding
was not replicated in a follow up study (Zhang et al., 2021). In fact, the
most recent work only reported lower volume in the right caudate of
RBD patients versus HCs, with no group differences in overall striatal
susceptibility (Zhang et al., 2021).

Our aim in this study was to use QSM to investigate changes to
striatal iron in patients with PD and RBD. Based on the results of the
recent systematic review (Ravanfar et al., 2021), if changes occur in
early-stage PD patients, mean susceptibility should be lower for this
group in the striatum compared to HCs, suggesting lower iron levels.
However, comparisons of iron measures extracted from standard striatal
structures, such as the caudate nucleus, putamen, and nucleus accum-
bens often failed to reveal group differences between PD patients and
HCs (Du et al., 2016; Ravanfar et al., 2021; Sethi et al., 2019; Takahashi
et al., 2018), as well as between RBD patients and HCs (Sun et al., 2020;
Zhang et al., 2021). In contrast to this previous work, we planned to
measure iron in these standard striatal structures as well as in distinct
functional subregions of the striatum. These striatal subregions are
achieved using a parcellation technique developed in our lab (Khan
et al., 2019). This approach relies on structural connectivity of the
striatum to cortical regions, premised on work illustrating functional
heterogeneity of these striatal subregions (Khan et al., 2019; Tziortzi
et al., 2014). This parcellation approach generates seven subregions of
the striatum. Voxels are classified based on the cortical region from the
Tzortzi atlas to which they connect maximally. Susceptibility values
from striatal subregions will be compared across early-staged PD pa-
tients, RBD patients, and HCs. The caudal motor subregion of the
striatum is the earliest and most dopamine-deficient subregion in PD
(Kish et al., 1988). We predict that combining QSM and this
tractography-based parcellation will improve sensitivity to detect group
differences, by enabling more targeted measures of the most affected
regions in PD, and potentially in RBD, a precursor condition. These more
sensitive measures might show potential to distinguish patients at the
single-subject level, or to contribute to multivariate diagnostic bio-
markers of PD or RBD.

2. Materials & methods
2.1. Participants

Twenty-six patients with early-stage PD (mean disease duration =
2.4 + 0.4 years), 16 patients with RBD (mean disease duration = 3.8 +
0.8 years), and 39 age-matched HCs participated in this experiment. All
PD patients had their diagnoses confirmed by a licenced neurologist
within five years prior to testing to meet our early-stage criterion. Par-
ticipants had no co-existing diagnosis of dementia or another neuro-
logical or psychiatric disease (Hughes et al., 1992). Only PD patients
were being treated with dopaminergic therapy. All RBD patients were
diagnosed by physicians at the Sleep Disorders Clinic at the London
Health Sciences Centre based on v ideo polysomnography and the
appropriate diagnostic criteria (American Academy of Sleep Medicine,
2014). Age-matched HCs were within five years of age to their matched
patient. Participants with PD and RBD were recruited through the
London Health Sciences Centre. Participants abusing alcohol, prescrip-
tion, or illicit drugs, or taking cognitive-enhancing medications were
excluded. Further, we excluded any participants who had a contrain-
dication to MRI.

The Montreal Cognitive Assessment (MoCA) was performed on all
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participants to rule out cognitive impairment, with a total MoCA score of
23/30 being used as a cut off (Carson et al., 2018; Nasreddine et al.,
2005). The RBD questionnaire Hong Kong (RBDQ-HK) was used to
measure clinical RBD symptoms and severity, and to further confirm
diagnostic statuses in RBD (Li et al., 2010). RBDQ-HK scores range from
0 to 100, with 18-19 serving as a diagnostic cut-off value for RBD (Li
et al., 2010).

The Movement Disorders’ Society-Unified Parkinson Disease Rating
Scale Part III (MDS-UPDRS-III) was scored by a licenced neurologist with
sub-specialty training in movement disorders (P.A.M.) to assess the
presence and severity of motor symptoms for all patients off dopami-
nergic medication (Martinez-Martin et al., 1997). Control and RBD
participants were also screened to rule out undiagnosed neurological
illness causing motor impairments. Demographic variables, MoCA total,
and RBDQ-HK scores are summarized in Table 1. MDS-UPDRS-III scores
off dopaminergic therapy, mean disease duration, daily doses of dopa-
mine replacement therapy in terms of levodopa equivalents (LED), and
motor deficit dominance (i.e., body side most affected) were also
recorded (Table 1). Calculation of daily LED for each patient was based
on the theoretical equivalence to levodopa(mg) as follows: levodopa
dose(mg) x 1 + levodopa controlled release(mg) x 0.75 + levodopa
(mg) x 0.33 if on entacapone(mg) + amantadine(mg) x 0.5 + bromo-
criptine(mg) x 10 + cabergoline(mg) x 50 + pergolide(mg) x 100 +
pramipexole(mg) x 67 + rasagiline(mg) x 100 + ropinirole(mg) x
16.67 + selegiline(mg) x 10 (Wiillner et al., 2010). All participants
provided informed written consent to the protocol before beginning the
experiment according to the Declaration of Helsinki. This study was
approved by the Health Sciences Research Ethics Board of Western
University.

2.2. MRI data acquisition

Participants were scanned on a 3 T Siemens MAGNETOM Prisma Fit
whole-body scanner at the Centre for Functional and Metabolic Map-
ping, Western University, London, Ontario, Canada. The scanner had a
32-receiver channel head coil with head position fixation devices
installed and a standard body transmit coil was used. A localizer image
was obtained first to position participants. T1-weighted (T1w)
anatomical scans were obtained for structural information, registration
of quantitative maps and diffusion volumes and the segmentation of
midbrain nuclei using the CIT168 probabilistic subcortical atlas (Pauli
et al, 2018). Tlw anatomical images were acquired using a
magnetization-prepared rapid gradient echo (MPRAGE) sequence
(repetition time (TR) = 2300 ms, echo time (TE) = 2.98 ms, flip angle =
9°, Field of View (FoV) = 256 x 256 rnmz, 159 slices, voxel size =1 x 1
x 0.9 mm?, receiver bandwidth = 160 Hz/Px, acquisition time = 5:35
min). High resolution GRE images were acquired with an rf-spoiled, flow
compensated 3D gradient echo sequence with six echoes (TE 8.09 ms to
40.49 ms with an interval of 6.48 ms), and (TR = 52 ms, flip angle = 20°,
FoV = 224 x 224 mm?, 96 slices, voxel size = 0.5 x 0.5 x 2 mm?®,

Table 1

Demographic and clinical information for PDs, RBDs, and HCs. Cells show ratio
of female to male for sex, age in years, education in years, MoCA total scores,
disease duration in years, MDS-UPDRS-III, and RBDQ-HK and body side most
affected by PD (i.e., dominant body side L:R). Averages are reported as means +
standard error mean.

HC RBD PD p-value
Sex (F:M) 21:18 3:13 8:18 < 0.05
Age (years) 649+1.1 654+15 669+14 051

Education (years) 15.8 £ 0.5 15.2+0.8 14.2 £ 0.6 0.12
MoCA Total (/30) 28.0 £ 0.3 27.3+0.5 27.5+ 0.4 0.41
Disease Duration (years) - 3.8 +£0.8 24 +0.4 -
MDS-UPDRS-III (/132) 0.67 + 0.3 N/A 33.5+3.9 < 0.001
RBDQ-HK (/100) 115+ 21 429 +5.0 19.2+5.3 < 0.001
Dominant Body Side (L:R) - - 11:15 -

Neurolmage: Clinical 40 (2023) 103519

receiver bandwidth = 160 Hz/Px, acquisition time = 8:30 min) to
generate QSM images (Jenkinson et al., 2012). dMRI scans were ac-
quired for parcellation of striatal subregions through probabilistic
tractography. All dMRI scans were acquired using echo-planar imaging
sequence (TR = 3800 ms, TE = 88 ms, flip angle = 90°, gradient di-
rections = 95, bl = 1000 s/mm?, b2 = 2000 s/mm?, FoV = 232 x 232
mm?, 72 slices, voxel size = 2 x 2 x 2 mm?, receiver bandwidth = 1488
Hz/Px, acquisition time = 7:02 min).

2.3. T1-weighted Anatomicals

Tlw anatomicals of all participants were skull-stripped using Syn-
thStrip (Hoopes et al., 2022) then bias fields for skull-stripped T1w im-
ages were corrected using N4BiasFieldCorrection from Advanced
Normalization Tools (ANTs, version 2.2; https://picsl.upenn.edu/soft
ware/ants).

SynthSeg, a deep learning tool was then used to parcellate the whole
cortex (Billot et al., 2023). Registration between the MNI152N-
Lin2009cAsym template and subject space was then performed with
greedy (Yushkevich et al., 2016), for Tlw and SynthSeg outputs (2
channels), using the normalized cross-correlation cost function with
default parameters (Billot et al., 2023). To generate surfaces for the
subcortical structures (striatum and VTA/SNc), we generated meshes in
the template space and propagated them to each subject. The CIT168
probabilistic atlas (Pauli et al., 2018) segmentation was used to generate
a triangulated surface in the template space by creating an isosurface at
intensity 0.5, and decimating using 25% (removes 25% of vertices) with
PyVista (Sullivan and Kaszynski, 2019). Because of its small size, we
customized the approach for the VTA/SNc, by first resampling the im-
ages by 200%, creating the isosurface at 0.3, and not performing any
decimation.

2.4. Gradient echo magnitude images

Magnitude images from the first echo of the GRE sequence were
again skull-stripped using bet (Jenkinson et al., 2012). Skull-stripped
GRE magnitude images were then linearly registered to the final post-
processed T1w images using FMRIB’s Linear Image Registration Tool
(FLIRT).

2.5. QSM image generation

An in-house singular value decomposition algorithm based on Walsh
et al., (2000) was employed to reconstruct the GRE raw data (Klassen
and Menon, 2013). This algorithm provides the least squares best esti-
mate of the magnetization and avoids phase singularities. QSM pro-
cessing was performed as follows: spatial phase unwrapping was
accomplished using a 3D best path algorithm (Abdul-Rahman et al.,
2007). The frequency at each voxel was then estimated by weighted
least squares; each phase echo was weighted by the local signal-to-noise
ratio in the corresponding T2*-weighted image. Finally, background
removal and dipole inversion were performed simultaneously using a
single-step QSM algorithm: https://github.com/AlanKuurstra/qsm_sstv
(Chatnuntawech et al., 2017). Since susceptibility values calculated by
dipole inversion are relative with unknown offset, an offset was set by
forcing the average value within the cerebrospinal fluid to be zero parts
per billion (ppb).

Due to low contrast in QSM images, the transformation matrices
from the earlier GRE magnitude to T1w image registrations were used to
perform linear registration of quantitative maps onto T1w images using
FLIRT. QSM images were then offset using the average susceptibility in
the cerebrospinal fluid of each participant as an internal reference,
which allows for between subject comparisons to be performed (Lang-
kammer et al., 2012).
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2.6. Atlas-based segmentation

The CIT168 probabilistic subcortical atlas was used for atlas-based
segmentation of the striatum (Pauli et al., 2018). This high-resolution
atlas clearly demarcates the regions of interest based on data from
young HCs in the Human Connectome Project database. Pre-processed
Tlw images were registered with the MNI152N1in2009cAsym tem-
plate using an initial affine registration using block-matching, followed
by deformable b-spline registration, both implemented in NiftyReg
v1.3.9 (Modat et al., 2014; Modat et al., 2010). Overlay visualizations
depicting the skull-stripping, affine registration, and deformable regis-
tration were generated for each subject to check for failures. Failures in
affine registration were corrected by forcing initialization with an
existing transformation matrix. Discrete and probabilistic segmentation
images in the template spaces were automatically propagated to each
participant’s Tlw space, using nearest neighbour interpolation for
discrete segmentations, and linear for probabilistic segmentations.
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2.7. dMRI pre-processing

All dMRI data was processed using open-source and containerized
applications, snakedwi and diffparc, which use the Brain Imaging Data
Structure (BIDS; Gorgolewski et al., 2016) and BIDS apps (Gorgolewski
et al., 2017) standards to perform systematized pre-processing, fitting,
image registration, and tractography.

dMRI data were pre-processed with denoising using a local principal
component analysis method with (dwidenoise from mrtrix3), and
correction of ringing artifacts with the unring tool (Kellner et al., 2016;
Veraart et al., 2016). Eddy current distortions were corrected using eddy
(FSL), with the -repol option enabled for outlier replacement (Ander-
sson et al., 2016; Andersson and Sotiropoulos, 2016). If multiple phase-
encoding directions were collected, top-up was used to correct for sus-
ceptibility distortions, with the resulting parameters were fed into eddy
(Andersson et al., 2003). For datasets without multiple phase-encoding
directions, we performed a registration-based susceptibility distortion
correction with greedy (Yushkevich et al., 2016) on the average b0 image

Caudate
ll Putamen

Jl Ventral striatum

Caudal motor

Rostral motor

[ Executive
Limbic

Parietal

Occipital

Temporal

Fig. 1. Striatum parcellation and region of interest segmentation on QSM of a HC. Top two rows show the standard striatum anatomy from the CIT168 atlas in
coronal, axial, and sagittal planes. Bottom two rows show the striatum parcellation from probabilistic tractography on the CIT168 atlas in coronal, axial, and sagittal
planes with the seven subregions in their respective colours. QSM volumes were registered to T1w images to determine average susceptibility in ppb within each

subregional volume averaged between hemispheres.
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using the T1lw image as a reference. This registration was performed
using synthesized T1lw-contrast images obtained from the SynthSR
(Iglesias et al., 2023) tool, to improve registration between the b0 and
T1lw. Overlay visualizations depicting the skull-stripping and registra-
tion were generated to check for failures in each participant. Registra-
tion of the final preprocessed diffusion-weighted image to the T1w space
was also performed using SynthSR to produce images with matched
contrast prior to registration. Preprocessed diffusion-weighted image
volumes in the T1lw space were then used to fit tensors and estimate
diffusion tensor metrics using mrtrix (Tournier et al., 2012). The fibre
orientation distribution (FOD) reconstruction using constrained spher-
ical deconvolution (CSD) was performed by using an FA-based response
function, with the number of spherical harmonics (l_.max) chosen
automatically based on the number of gradient directions.

2.8. Tractography

Tractography was performed from spheres of radius 0.5 mm centered
at each vertex, using the iFOD2 algorithm (Tournier et al., 2012). Re-
gions of interest in the MNI152NLin2009cAsym template space were
chosen to cover the striatum (i.e., caudate nucleus, putamen, and nu-
cleus accumbens) from the recent CIT168 probabilistic subcortical atlas
(Pauli et al., 2018), and cortical labels were built from the Harvard-
Oxford atlas, split into seven regions in each hemisphere: limbic,
caudal motor, rostral motor, executive, parietal, occipital, and temporal
(Fig. 1; Desikan et al., 2006). As we have done previously, in a subject-
specific manner, 250 seeds per vertex on the surface of the striatum were
initiated to parcellate the striatum into seven subregions, based on the
cortical regions to which they were connected (Fig. 1). Volumes of the
seven striatal subregions in each hemisphere were then extracted from
the parcellation. Masks for each subregion were generated in the T1lw
space (Fig. 1) to allow for assessment of mean susceptibility averaged
across hemispheres in each participants’ QSM image registered in their
T1w space. All steps in our approach are fully specified or automated,
which make them reproducible across centres and better suited for
clinical adoption.

2.9. Statistical analysis

Demographic data for participants were compared across groups
using one-way ANOVA looking at age, MoCA total scores, and MDS-
UPDRS-III scores and a chi-square test was performed for sex. For the
regions of interest, PD and RBD patients were compared to HCs, and
each other, for the mean susceptibility in parts per billion (ppb) in QSM
images. Given that our data was non-normally distributed, per Shapiro-
Wilk test, and violated Levene’s test for equality of variances, we
employed non-parametric tests for our analyses. A Kruskal-Wallis non-
parametric test was conducted for each region to assess overall differ-
ences across the three groups (early-stage PD, RBD, and HC) and the
Dunn’s post hoc comparisons was conducted to compare individual
groups (ie. RBD-HC, PD-HC, and PD-RBD). For all statistical analyses, p
< 0.05 was used as the statistical threshold. Benjamini-Hochberg
correction was used to control the false discovery rate at ¢ = 0.05 in
our analyses (Benjamini and Hochberg, 1995).

Repeated k-folds cross validation and receiver operating character-
istic (ROC) curve analysis was performed to assess the potential of our
various iron measures to discriminate among the three groups at the
single subject level, using MATLAB (version R2021b, MathWorks,
Natick, MA, USA). A best cut-off point for sensitivity and specificity was
determined using the Youden method. All statistical analyses were
performed using IBM SPSS Statistics (version 25, IBM Corp., Armonk,
NY, USA). Figures of mean susceptibility were generated using JASP
(version 0.17, JASP Team, https://jasp-stats.org/).
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3. Results
3.1. Demographics

Our participants did not differ significantly in age, F(2,78) < 1, years
of education, F(2,76) = 2.15, MSe = 8.9, p = 0.12, 2, = 0.05, or MoCA
Total scores, F(2,78) < 1. There was a significant difference in sex, X2(2)
=7.07, p = 0.03, arising from the male dominant patient groups. Early-
stage PD patients had an average disease duration of 2.4 + 0.4 years and
RBD patients had an average disease duration of 3.8 + 0.8 years.

As expected, there were significant differences across groups in the
MDS-UPDRS-III score, F(1,31) = 85.8, MSe = 103, p < 0.001, 2, = 0.74,
with PD patients showing higher scores. For the PD cohort, the LEDD
was 453 + 55 mg. For the RBDQ-HK, there was a significant difference
across groups, F(2,30) = 18.4, MSe = 194, p < 0.001, #2, = 0.55, with
RBD patients showing higher values than HCs [t(26) = 5.95, pqgj <
0.001, d = 2.3] and PDs [t(17) = 3.26, pagj = 0.01, d = 1.70] and no
difference between HC and PD [t(19) = 1.06, psqj = 0.55, d = 0.55] as
expected. Higher scores are associated with increased RBD symptom
severity and likelihood of presence of RBD pathophysiology. De-
mographic data for the participants is summarized in Table 1.

3.2. QSM in the standard striatum anatomy

Due to the non-normally distributed data and a significant Levene’s
test for equality of variances, the Kruskal-Wallis non-parametric test was
employed separately in each standard striatum region. There were no
significant main effects of Group in the caudate, H(2) = 2.82, p,qj = 0.48,
;12 = 0.01, putamen, H(2) = 3.95, pagj = 0.34, n2 = 0.03, and nucleus
accumbens, H(2) = 1.75, pgj = 0.59, ;12 = 0.003, suggesting similar iron
deposition across groups (Fig. 2).

nyc = 39, NRBD = 16, Npp = 26.

QSM in the Connectivity-based Parcellated Striatum Anatomy.

Due to the non-normal data and a significant Levene’s test for
equality of variances, the Kruskal-Wallis non-parametric test was
employed separately in each parcellated striatal subregion. In the caudal
motor striatum, there was a significant main effect of Group, H(2) =
10.2, pagj = 0.04, ;12 = 0.11, suggesting different iron deposition across
groups (Fig. 3). Dunn’s post hoc comparisons revealed significantly
lower mean susceptibility in early-stage PD patients, z = 3.17, pagj =
0.005, suggesting lower iron in PD patients in this subregion (Fig. 3). No
significant differences occurred in RBD versus HC, z = 0.78, pagj = 0.99,
or in PD versus RBD, z = 1.75, pagj = 0.24.

The Kruskal-Wallis non-parametric tests revealed no significant main
effects of Group in any other striatal subregion: limbic, H(2) = 1.35, pag;
=0.59, * = 0.009, executive, H(2) = 2.08, paqj = 0.59, > = 0.01, rostral
motor, H(2) = 1.28, p,gj = 0.59, 112 =0.008, parietal, H(2) = 5.95, pagj =
0.26, 1> = 0.05, occipital, H(2) = 4.63, pagj = 0.33, #* = 0.03, or tem-
poral subregions, H(2) = 0.70, pag; = 0.71 7% = 0.0006. Mean suscep-
tibility in the caudal motor subregion was the only measure sensitive to
group-level changes in early-stage PD patients when compared to HCs
(Figs. 3 and 4).

ROC Curve Analyses of the Caudal Motor Striatum and Standard
Striatum.

Binary logistic regressions were conducted with the caudal motor
striatum mean susceptibility data to perform PD versus HC classifica-
tion. The predicted probabilities underwent 10 repeated k-folds cross
validation, and the ROC curve and confusion matrix are shown in Fig. 5
to indicate classification performance. The caudal motor striatum had a
mean AUC of 0.80, SEM = 0.02, 95% CI = 0.76 — 0.84, p < 0.001, with a
sensitivity of 0.88 and specificity of 0.60, and F1 score of 0.67 (Fig. 5).

For comparison, identical ROC curve analyses to the above were
conducted with the caudate and putamen mean susceptibility data,
which are shown in Fig. 5. The caudate mean susceptibility had a mean
AUC of 0.71, SEM = 0.02, with a sensitivity of 0.92, specificity of 0.40,
and F1 score of 0.39. The putamen mean susceptibility had a mean AUC
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Fig. 2. Mean susceptibility of the Caudate, Putamen, and Nucleus accumbens
for HCs, RBD patients and PD patients. Data are shown as scatterplots, boxplots
and raincloud plots for the standard striatum region mean susceptibility in ppb.
No significant group level differences were found in the caudate, putamen, or
nucleus accumbens following correction for multiple comparisons.

of 0.62, SEM = 0.02, with a sensitivity of 0.72, specificity of 0.43, and F1
score of 0.40 (Fig. 5).

4. Conclusions

In this study, we investigated whether pathophysiological changes in
the striatum that are known to occur in PD and speculated to arise in
RBD, are detected using QSM. Further, we tested whether our
tractography-based parcellation technique improves the sensitivity of
iron measures from QSM to identify group differences. We only found
differences in QSM in the caudal motor subregion of the striatum in
early-stage PD patients relative to HCs. That is, early-stage PD patients
evidenced significantly lower mean susceptibility in the caudal motor
striatum compared to HCs. QSM measures did not differ for PD patients
and HCs comparing a) standard parcellations of the striatum (i.e., the
caudate nucleus, putamen, and nucleus accumbens) or b) other striatal
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Fig. 3. Mean susceptibility of the Caudal Motor striatal subregion for HCs, RBD
patients and PD patients. Data are shown as scatterplots, boxplots and raincloud
plots for the caudal motor striatum mean susceptibility in ppb. Significant
group level differences were found with PD patients having lower mean sus-
ceptibility than HCs and RBD patients showing no differences from HC or PD
patients. nyc = 39, nggp = 16, npp = 26.

subregions (i.e., rostral motor, executive, temporal, parietal, occipital,
and limbic) that are known to be affected later and to a lesser extent in
PD patients. Furthermore, a binary logistic regression model using the
lone QSM feature that differed between PD patients and HCs at the
group level classified PD patients and HCs with good diagnostic accu-
racy of 0.80. This suggests the potential of caudal motor QSM to
contribute to multivariate MRI models for identifying PD patients from
HCs at the single-subject level. Application at the single-subject level is
required for a diagnostic measure. Though we achieved good diagnostic
accuracy, this measure alone would be insufficient for use in clinical
practice.

No significant group level differences were found between RBD pa-
tients and HCs. Further, no significant group level differences were
found between RBD patients and PD patients, which makes interpreta-
tion difficult. Larger samples with longer disease durations are needed to
determine if RBD patients resemble PD patients or HCs with regards to
mean susceptibility in the caudal motor striatum.

4.1. PD

Striatal abnormalities are detected inconsistently with QSM in PD
(Ravanfar et al., 2021). Differences in QSM image generation and seg-
mentation (e.g., manual versus atlas-based) could contribute to the
variability (Eskreis-Winkler et al., 2017). Further, these inconsistencies
could result because standard striatum anatomy demarcation relies on
external borders and MRI-visible landmarks, though subregions of the
striatum are functionally heterogenous and differentially impacted by
PD and its progression (Kish et al., 1988; MacDonald et al., 2013; Rav-
anfar et al., 2021). Given this, measures of the caudate nucleus, puta-
men, and nucleus accumbens potentially lack sensitivity to detect
pathophysiological changes that affect only small regions of these
structures, especially in early PD.

Across this literature, in addition to small sample sizes that can
reduce the potential for replication and generalizability of findings,
recruitment of patients that differ widely in disease duration within and
between studies, will affect the ratio of diseased versus spared striatal
substrate. Studies that test a larger proportion of later-staged PD patients
will more likely uncover differences in measures of standard striatum
structures relative to studies testing earlier-staged PD patients.
Combining a review conducted by the Neuroimaging Working Group of
the International Parkinson and Movement Disorder Society (MDS;
Peralta et al., 2022) with another PD biomarker review (Mitchell et al.,
2021) revealed that studies in this literature have a mean disease
duration of 4.6 years with a typical PD patient sample of 30 (Mitchell
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Fig. 4. Mean susceptibility of the Limbic, Executive, Rostral motor, Parietal, Occipital, and Temporal striatal subregion for HCs, RBD patients and PD patients. Data
are shown as scatterplots, boxplots and raincloud plots for the mean susceptibility in ppb of the striatal subregions. No significant group level differences were found.

nyc = 39, ngep = 16, npp = 26.

et al., 2021; Peralta et al., 2022). This mean disease duration cannot be
considered early-stage and identifies biomarkers that appear too late in
the disease time course for meaningful treatment. Lending credence to
these explanations, here we found significant differences between early-
staged PD patients (mean disease duration of 2.4 + 0.4 years) and HCs,
using an isolated measure of the caudal motor striatum—the posterior
putaminal subregion that is first and most dopamine-depleted in PD
based on histology (Fig. 1; Kish et al., 1988). In contrast, in these same
data and participants, there were no group differences in QSM measures
of the caudate nuclei, putamen, and nucleus accumbens, or the six other
striatal subregions that are affected later in PD. These results using QSM
replicate our previous findings using volume, in which we found mea-
sures in the caudal motor striatum but not the total striatum, caudate
nucleus, putamen, or nucleus accumbens different between PD patients
and HCs (Khan et al., 2019).

Investigating the potential of our measure to distinguish PD patients
at the single-subject level through ROC curve analyses of the caudal
motor striatum mean susceptibility, we found a binary logistic regres-
sion model that used this single feature had good diagnostic accuracy
with an AUC of 0.80 to classify early-stage PD from HC. This falls within
the good diagnostic accuracy range (i.e., AUC = 0.80 — 0.90), but per-
forms slightly worse than our model which combined dopaminergic
midbrain and GP QSM features (i.e., AUC = 0.86; Alushaj et al., sub-
mitted). Nine of 43 studies performed ROC curve analyses looking at PD
versus HC in QSM in the SN, with AUCs ranging from 0.68 to 0.88
(Ravanfar et al., 2021). It is important to highlight that our single

measure of mean susceptibility within the caudal motor striatum, a later-
affected structure than SN in PD, performs with accuracy that rivals SN
related features.

In contrast, the AUC for the caudate nuclei and putamen revealed fair
diagnostic accuracy of 0.71 and 0.62 respectively when sorting PD pa-
tients from HCs using mean susceptibility (Fig. 5). This suggests our
tractography-based parcellation improved the sensitivity and specificity
of classifying PD patients from HCs as it achieved a good diagnostic
accuracy with AUC of 0.80. This suggests that measures of the parcellated
striatum might be considered for inclusion in multivariate biomarkers of
PD. MRI biomarkers should be prioritized given that they are non-
invasive, have moderate cost, and have good clinical availability as
compared to other techniques like positron emission tomography or
cerebrospinal fluid sampling (Concha-Marambio et al., 2023; Miglis
et al., 2021). However, given we are the only group employing this
subregional assessment, larger samples are necessary to assess replica-
bility and diagnostic performance of this feature in comparison to other
techniques. Inclusion of a de novo PD sample may also help to determine
when striatal iron changes appear along the disease time course (i.e., at
the time of diagnosis or after the early stages of PD).

4.2. RBD

Striatal abnormalities have scarcely been explored using QSM in RBD
(Sun et al., 2020). When assessing the prodromal population of RBD
patients, no significant group differences were found between RBD
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Fig. 5. ROC curve analyses and confusion matrices showing classifications for PD and HC from binomial logistic regression. Data show ROC curves for 10 repeated 5-
folds cross validation (dash lines) and the average ROC curve (black line) for 3 T QSM in the caudal motor striatum, caudate, and putamen following binomial logistic
regression to classify PD versus HC. AUC, sensitivity, specificity, and F1 score are shown. Diagnostic accuracy is good in when using the caudal motor striatum in PD

versus HC and only fair in the caudate and putamen. nyc = 39, npp = 26.

patients and HCs in this study, though we applied a tractography-based
parcellation to the striatum to focus on the earliest affected subregion in
PD. This could be due to a true lack of difference in striatal mean sus-
ceptibility at the prodromal stage. Alternatively, QSM and MRI lack
sensitivity to detect prodromal changes in the striatum in RBD patients.
Further, small sample sizes could be contributing to the lack of group
differences. The only other striatal QSM study in RBD also reported no
significant differences between 29 RBD patients and 28 HCs with com-
parable RBDQ-HK scores to our sample (Zhang et al., 2021). In contrast,
in our previous work, we identified SNc iron elevation in RBD, which
allowed for differentiation of RBD patients from HCs at the single-
subject level with good accuracy (Alushaj et al., submitted). This nig-
ral iron elevation could be a precursor to other changes that occur in PD,
including lower mean susceptibility in the caudal motor striatum
(Alushaj et al., submitted; Sun et al., 2020). Using dMRI measures in the
striatum of RBD patients, we detected group level differences from HCs
(Alushaj et al., submitted). This finding did not replicate in a sample of
RBD patients and HCs from the multicentered Parkinson’s Progression
Markers Initiative. However, it is important to note that dMRI measures
were found to be greatly affected by MRI scanner type, and these large
between-scanner differences could have obscured changes in

subregional striatal connectivity measures. It is likely that the striatal
iron changes occur later than decreased dopamine binding (Frosini
et al., 2017; Iranzo et al., 2011) or altered microstructural integrity in
RBD patients (Alushaj et al., submitted). As such, measures of the
striatum such as iron, dopamine transporter, diffusion of water
(measured with dMRI) might have disparate roles across the RBD-PD
disease continuum (Iranzo et al., 2011). Comparing QSM and these
other techniques directly in the same RBD patients could be revealing.

No differences were found between PD and RBD patients, which
could reflect that RBD is specific to alpha-synucleinopathies and not
exclusive to PD (Mahowald and Schenck, 2013). We did not find group
level differences in mean susceptibility for RBD patients relative to PD
patients. This is in line with previous work that failed to reveal signifi-
cant group-level differences in striatal mean susceptibility. Sun and
colleagues (2020) only found marginally lower right putaminal mean
susceptibility in PD compared to RBD patients. No significant differences
were reported in the caudate or putamen between 25 RBD patients and
50 HCs (Sun et al., 2020). Striatal changes in RBD that resemble those in
PD have been reported using other techniques, such as dopamine
transporter imaging (Iranzo et al., 2011. It is possible that QSM might
lack the sensitivity to detect subtle differences in the striatum that might
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distinguish RBD and PD, as well as RBD and HC, though the anticipated
larger differences between PD patients and HCs are potentially within
the detectable difference range. This could explain our pattern of data.
Exploring RBD patients with various disease durations could be
revealing and could help to explore this explanation for our findings.

Finally, though iron elevation is a cardinal feature in the SNc, the
iron levels of the basal ganglia tell a different story. Previous work
suggests a trend toward lower iron levels in PD as compared to HC in the
caudate, putamen, and GP (Alushaj et al., submitted; Ravanfar et al.,
2021). Histological work revealed lower ferritin levels in the caudate
and putamen, but no significant differences in the total iron levels within
these structures (Dexter et al., 1991; Griffiths et al., 1999). Iron eleva-
tion may not be present in the striatum due to different neuronal pop-
ulations, lower iron levels, and differential changes across the disease
time course (Dexter et al., 1991; Dexter et al., 1989). As such, the QSM
narrative may need to shift from iron elevation to altered iron homeo-
stasis in PD within these subcortical structures (Matak et al., 2016). This
suggests “optimal” iron level ranges may exist such that deviations that
are either too high or too low may contribute to disease processes.

5. Limitations

Our RBD sample was smaller than the other two groups but is of
comparable size to previous QSM literature and is still an isolated RBD
cohort without Parkinsonian motor symptoms (Lee et al., 2014; Sun
et al., 2020; Zhang et al., 2021). Our RBD cohort was male-dominant
which necessitates further work to balance samples to generate sex-
specific models to better account for sex differences across groups. To
increase replicability, we used a single atlas for segmentation, which
was developed in a younger cohort (mean age of 35) than our partici-
pants (Pauli et al., 2018). Given that we used the same atlas on all
participants, any ageing differences would equally impact our age-
matched samples (Persson et al., 2015).

Probabilistic tractography has its own limitations regarding false
positive and negatives based on connections in regions with complex
fiber orientations, which can impact the volumes generated in our
downstream analyses (Jeurissen et al., 2019; Tournier et al., 2012).
Furthermore, we employed just one model to estimate tissue diffusion,
thus a different model could lead to different results as could a different
probability of connection threshold (Daducci et al., 2012). Lastly, the
assigned volumes are based on probability of connection and does not
reflect strength of connection or directionality (Jones, 2010; Thomas
et al., 2014).

There is no gold standard approach to QSM; various algorithms are
used to best handle the estimation of local tissue magnetic susceptibility
(Chatnuntawech et al., 2017; Langkammer et al., 2018; Rasmussen
et al., 2018). Our approach is one of many techniques which could be
used to detect group differences (Biondetti et al., 2021). Previous work
has also reported significant correlations between susceptibility values
of standard striatum and cognitive dysfunction measured by the MoCA
(Uchida et al., 2020; Uchida et al., 2019). Furthermore, additional
quantitative techniques are available beyond QSM; R2* relaxometry was
not assessed in this study given its lower sensitivity to PD iron elevation
(Alushaj, 2019; Langkammer et al., 2016).

QSM is not purely associated with iron, as calcium and myelin can
have diamagnetic influences on susceptibility (Buch et al., 2015;
Hametner et al., 2018; Lee et al., 2021). Furthermore, larger regions of
interest may be prone to signal averaging, loss of contrast information,
and have greater microstructural tissue differences within them, which
are not easily captured using our approach (Hametner et al., 2018).
Lastly, the striatum is not as iron-rich as the substantia nigra or globus
pallidus which can complicate interpretation (Hallgren and Sourander,
1958).

There is a need to establish bigger cohorts to develop separate train
and test sets for analyses of group differences and accuracies in
biomarker classification tests. Establishing openly available QSM
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datasets would allow for stratifying patients on various measures such as
disease duration.

5.1. Summary

Our findings suggest that pathophysiological changes in the striatum
can be effectively detected using QSM and MRI in PD relative to HCs but,
not relative to RBD. QSM did not differ in RBD patients relative to HCs,
even at the group level. We also demonstrated that parcellation of the
striatum, enabling targeted measures of the earliest and most affected
region in PD-the caudal motor subregion—increases the sensitivity of
QSM and MRI to detect group-level differences. In fact, group-level
differences in QSM between PD patients and HCs only occurred in this
subregion of the striatum. QSM in caudal motor striatum detect PD even
at the single-subject level with good accuracy. Our approach uses pub-
licly available atlases to define the striatum and cortex. Our methods can
be reproduced by individuals with no specialized neuroradiological
training. Given these features and our findings, isolating the most PD-
sensitive subregion—the caudal motor striatum—using our parcella-
tion technique and extracting QSM could contribute to multivariate or
multimodal diagnostic measures of PD. QSM in caudal motor striatum
alone, however, does not appear to have the sensitivity and specificity to
act as a biomarker in a clinical setting. Biomarkers of PD would simplify
the diagnosis and would improve the power of clinical trials to detect
disease-modifying therapies. Ideally, identifying neural changes present
in RBD that predict PD could provide preclinical biomarkers, as well as
of measures of progression to PD, which might allow introducing po-
tential disease modifying therapies at earlier stages in the disease pro-
gression when they are expected to have the greatest effects.
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