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Abstract: Mapping gray matter (GM) pathology in Parkinson’s disease (PD) with conventional MRI is
challenging, and the need for more sensitive brain imaging techniques is essential to facilitate early
diagnosis and assessment of disease severity. GM microstructure was assessed with GM-based spatial
statistics applied to diffusion kurtosis imaging (DKI) and neurite orientation dispersion imaging
(NODDI) in 30 participants with PD and 28 age- and gender-matched controls. These were compared
with currently used assessment methods such as diffusion tensor imaging (DTI), voxel-based mor-
phometry (VBM), and surface-based cortical thickness analysis. Linear discriminant analysis (LDA)
was also used to test whether subject diagnosis could be predicted based on a linear combination of
regional diffusion metrics. Significant differences in GM microstructure were observed in the striatum
and the frontal, temporal, limbic, and paralimbic areas in PD patients using DKI and NODDI. Signifi-
cant correlations between motor deficits and GM microstructure were also noted in these areas. Tradi-
tional VBM and surface-based cortical thickness analyses failed to detect any GM differences. LDA
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indicated that mean kurtosis (MK) and intra cellular volume fraction (ICVF) were the most accurate
predictors of diagnostic status. In conclusion, DKI and NODDI can detect cerebral GM abnormalities
in PD in a more sensitive manner when compared with conventional methods. Hence, these methods
may be useful for the diagnosis of PD and assessment of motor deficits. Hum Brain Mapp 38:3704-3722,

2017. © 2017 Wiley Periodicals, Inc.
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INTRODUCTION

Parkinson’s disease (PD) is neuropathologically charac-
terized by the presence of degenerating nigrostriatal dopa-
minergic neurons in the substantia nigra, and Lewy
neurites (LNs) as well as Lewy bodies (LBs), the main
components of the Lewy-related pathology in the brain
[Braak and Del Tredici, 2008]. LB formation is considered
a pathological hallmark of degenerating neurons in
patients with PD, which involves widespread progression
throughout the cortex. According to the established stag-
ing model of PD proposed by Braak et al., Lewy-type
pathology initially involves the medulla oblongata and
olfactory bulb (Braak stage I, II), followed by the limbic
areas (Braak stage III) and the anteromedial temporal and
paralimbic cortices, as well as the thalamus (Braak stage
IV). With disease progression, pathology extends to the
striatal, insular and associated areas of neocortex (Braak
stage V), and finally reaches the primary sensory/motor
fields of the neocortex (Braak stage VI) [Braak and Del
Tredici, 2008]. The onset of PD-related motor symptoms is
thought to occur during Braak stages III and IV [Braak
and Del Tredici, 2008].

The severity of parkinsonian motor deficits is primarily
due to neuronal loss in the substantia nigra and the conse-
quent loss of striatal dopaminergic terminals [Greffard
et al, 2006]. Meanwhile, cortical pathology is closely
related to cognitive impairment and other non-motor
symptoms in PD [Apaydin et al., 2002; Braak et al., 2005].
However, a postmortem study showed that disease dura-
tion and motor severity were correlated with Braak stages
in PD [Braak et al., 2005]. In another postmortem study,
the response to anti-parkinsonian therapy was found to
decline in cases where the Lewy-related pathology had
spread throughout the cerebral cortex and limbic system
[Apaydin et al., 2002]. It is known that the clinical motor
deficit response to levodopa treatment worsens as PD pro-
gresses [Bonnet et al., 1987], and cortex pathology is con-
sidered to reflect the progression of PD. Given the well-
characterized temporal changes in the cortex, markers of
cortical pathology appear to be useful in establishing a PD
diagnosis and evaluating its severity.

To examine the pathology of the cortical and subcortical
structures in vivo in patients with PD, many studies have
employed morphological MRI techniques such as, voxel

based morphometry (VBM) [Ashburner and Friston, 2000]
and surface based cortical thickness analysis [Fischl and
Dale, 2000], which measure brain volume and cerebral
cortical thickness, respectively. However, these methods
have produced inconsistent results. Several studies have
reported no significant changes in cortical morphology in
PD patients with normal cognitive function [Cerasa et al.,
2011; Feldmann et al., 2008; Messina et al., 2011; Paviour
et al., 2006; Rizzo et al., 2008; Seppi and Poewe, 2010]. On
the contrary, there are many reports on the occurrence of
widespread atrophy in the frontal, temporal, limbic, and
paralimbic areas of the brain [Biundo et al., 2011; Burton
et al., 2004; Jubault et al., 2011; Lyoo et al., 2010; Meppe-
link et al., 2011; Tinaz et al., 2011]. These differences in
findings may be attributed to the different MRI acquisition
and processing techniques used, as well as the variability
in disease stage; nevertheless, these inconsistencies can
result from mild or subtle brain atrophy in PD patients
with normal cognitive function, which may remain unde-
tected following the use of conventional gray matter (GM)
analysis methods.

Many studies have utilized diffusion tensor imaging
(DTI) in order to detect in vivo changes in intracerebral
microstructures caused by PD [Chan et al., 2007; Gattellaro
et al., 2009; Kamagata et al., 2012; Kamagata et al., 2013;
Karagulle Kendi et al., 2008; Zhan et al., 2012]. DTI can
resolve the micron-scale displacement of water molecules
that diffuse into the tissue, and may be used to evaluate
neural tissue microstructure in vivo. Studies using DTI in
PD have reported a decrease in fractional anisotropy (FA)
in the substantia nigra and corpus striatum. [Chan et al.,
2007; Vaillancourt et al., 2009; Yoshikawa et al., 2004; Zhan
et al., 2012]. Moreover, the extent of reduction in FA has
been associated with the severity of the clinical symptoms
[Chan et al., 2007; Zhan et al., 2012]. Other studies have
reported no significant differences in DTI parameters mea-
sured in the striatum [Chan et al., 2007; Cochrane and
Ebmeier, 2013; Nicoletti et al., 2013; Paviour et al., 2006;
Zhan et al., 2012]. Significantly lower FA in the white mat-
ter (WM) of the frontal lobes, such as the motor, premotor,
and supplementary prefrontal areas, has also been
reported [Gattellaro et al.,, 2009; Karagulle Kendi et al.,
2008; Yoshikawa et al., 2004, Zhan et al., 2012] as well as
in the white matter of the limbic system, such as the ante-
rior cingulate [Kamagata et al., 2012; Karagulle Kendi
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et al.,, 2008]. DTI assumes that water diffusion has a
Gaussian probability distribution in biological tissue
[Basser and Jones, 2002]. However, water in biological tis-
sue often displays non-Gaussian diffusion because it is
restricted by diffusion barriers such as, cell membranes
and organelles. Therefore, the assumption of Gaussian
water diffusion may be inappropriate in biological tissue.
Moreover, DTI cannot thoroughly describe microstructural
changes in GM because water diffusion is relatively isotro-
pic [Lu et al., 2006]. For these reasons, DTI is not used in
the assessment of gray matter regions (especially the cor-
tex) other than the substantia nigra and striatum in
patients with PD. Several studies have reported the
absence of significant differences between PD and healthy
groups following the use of DTI to assess the substantia
nigra [Focke et al., 2011, Menke et al., 2009]; on the other
hand there are reports of FA increase in patients with PD
[Wang et al., 2011], therefore, leading to a lack of consen-
sus regarding the use of DTI in these patients.

To improve the sensitivity of MRI in detecting subtle
pathologies in PD, we propose the use of multishell diffu-
sion MRI (dMRI) modalities, including diffusional kurtosis
imaging (DKI) [Jensen et al., 2005] and neurite orientation
dispersion and density imaging (NODDI) [Zhang et al.,
2012]. DKI has been proposed as a means of quantifying
non-Gaussian water diffusion [Fieremans et al., 2011; Jen-
sen and Helpern, 2010; Jensen et al., 2005; Veraart et al.,
2011]. In contrast to conventional DTI, DKI is not limited to
anisotropic environments such as WM; hence, it especially
permits the quantification of the microstructural integrity of
GM [Jensen et al., 2005]. In addition, NODDI-derived met-
rics capture the density and direction of neurites (axons
and dendrites) by assuming a three-compartment (intracel-
lular, extracellular, and cerebrospinal fluid) biophysical tis-
sue model for each voxel. Therefore, NODDI provides
specific information regarding pathological processes in the
cortex when compared with traditional DTI metrics [Zhang
et al., 2012].

The use of DKI and NODDI has been reported in previ-
ous studies investigating the basal ganglia and substantia
nigra pars compacta (SNpc) [Kamagata et al., 2015; Sur-
ova et al., 2016;Wang et al., 2011]. However, these studies
used manually traced regions of interest and did not
evaluate the cerebral cortex. In the present study, we
aimed to assess the ability of DKI and NODDI to detect
Lewy-related pathology across the entire cortex and sub-
cortical structures in PD patients. We hypothesized that
whole-brain DKI and NODDI offer increased sensitivity
and specificity in the detection of subtle Lewy-related
cortical pathology in PD when compared with the mea-
sures derived from conventional DTI, VBM and surface-
based cortical thickness. To test this hypothesis, we com-
pared results obtained from dMRI modalities (DKI,
NODDI, and conventional DTI), with GM volumes
derived from VBM and surface-based cortical thickness
measures.

MATERIALS AND METHODS
Subjects

This study was approved by an institutional review
board. Informed consent was obtained from all participants
before evaluation. A total of 30 patients with PD, recruited
between August 2015 and April 2016, participated in this
study. All 30 patients were diagnosed by movement disor-
der specialists and met the United Kingdom Parkinson’s Dis-
ease Society Brain Bank criteria [Hughes et al., 1992]. Disease
severity was assessed using the motor scores of the Unified
Idiopathic Parkinson’s Disease Rating Scale (UPDRS)-III [Marti-
nez-Martin et al., 1994], as well as the Hoehn and Yahr stag-
ing scale [Hoehn and Yahr, 1967]. All patients were taking
levodopa in combination with a dopamine decarboxylase
inhibitor (beneserazide or carbidopa) at the time of MRI and
clinical examinations. Eighteen months or more post diag-
nosis, all patients remained free of Atypical Parkinsonism
and continued to respond to antiparkinsonian therapy.
Twenty-eight age- and gender-matched healthy controls
with no history of neuropsychiatric diseases were recruited
into the study. None of the control subjects showed abnor-
mal signals in structural MRI. The demographic and clinical
characteristics of all participants are shown in Table I.

Magnetic Resonance Imaging (MRI) Acquisition

All MR images were obtained on a 3.0-T system (Achieva;
Philips Healthcare, Best, The Netherlands). A spin-echo echo-
planar imaging diffusion-weighted scheme was obtained con-
sisting of two b-values (1,000 and 2,000 s/mmz) acquired
along 32 uniformly distributed directions in an anterior-
posterior phase encoding direction. Each diffusion-weighted
acquisition was complemented with a gradient-free image
(b=0). Standard and reverse phase encoded blipped image
with no diffusion weighting (Blip Up and Blip Down) were
also acquired to correct for magnetic susceptibility-induced
distortions related to the EPI acquisitions [Andersson, et al.,
2016]. The sequence parameters were as follows: repetition
time, 9,810 ms; echo time, 100 ms; diffusion gradient pulse
duration (3), 21.4 ms; diffusion gradient separation (A), 39.6
ms; field of view (FOV), 256 X 256 mm; matrix size, 128 X
128; slice thickness, 2 mm; and acquisition time, 13.07 min.
The MRI parameters of the three-dimensional MP-RAGE
were as follows: repetition time, 15 ms; echo time, 3.54 ms;
inversion time, 1,100 ms; thickness, 0.86 mm; FOV, 22 X
22 mm; matrix size, 256 X 256, and acquisition time, 5.14
min.

Diffusion Metric Analysis (DKI, NODDI,
Conventional DTI)

Pre-processing diffusion data

All datasets were checked visually in all three orthogo-
nal views, none of which was found to exhibit severe
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TABLE Il. Summary of diffusion MRI models and derived parameters used in the present study.

Diffusion MRI model Parameter Abbreviations Parameters related to
Diffusion tensor imaging FA Fractional overall directionality of water diffusion within brain
anisotropy tissue
MD Mean diffusivity magnitude of isotropic diffusion within brain tissue
AD Axial diffusivity magnitude of isotropic diffusion within brain tissue
along the direction of maximal diffusion
RD Radial diffusivity magnitude of isotropic diffusion within brain tissue
perpendicular to direction of maximal diffusion
Diffusional kurtosis MK Mean kurtosis microstructural complexity or heterogeneity within
imaging brain tissue
AK Axial kurtosis microstructural complexity or heterogeneity within
brain tissue along the direction of maximal
diffusion
RK Radial kurtosis microstructural complexity or heterogeneity within
brain tissue perpendicular to direction of maximal
diffusion
Neurite orientation ICVF Intracellular density of neurites (axons and dendrites) based on
dispersion and density volume fraction intracellular diffusion
imaging OD Orientation dispersion of neurites (axons and dendrites) in the
dispersion index intracellular compartment
ISOVF Isotropic volume volume fraction of isotropic diffusion

fraction

artifacts (e.g., gross geometric distortion, signal dropout,
bulk motion). The diffusion-weighted data were corrected
for susceptibility-induced geometric distortions, eddy cur-
rent distortions, and inter-volume subject motion using
EDDY and TOPUP toolboxes [Andersson and Sotiropou-
los, 2016].

Diffusion metrics

The resulting images were fitted to the NODDI model
[Zhang et al., 2012] using the NODDI Matlab Toolbox5
(http:/ /www.nitrc.org/projects /noddi_toolbox) and Accel-
erated Microstructure Imaging via Convex Optimization
(AMICO) [Daducci et al., 2015]. Maps of intracellular vol-
ume fraction (ICVEF), orientation dispersion index (OD),
and isotropic volume fraction (ISOVF) were generated.

To estimate the heterogeneity or complexity of the tissue
microstructure, the diffusion-weighted data were also proc-
essed using the Diffusional Kurtosis Estimator [Tabesh
et al, 2011] implemented in MATLAB (Math-Works,
Natick, MA). Voxel-wise maps were generated for mean
kurtosis (MK), axial kurtosis (AK), and radial kurtosis (RK).

The classic diffusion tensor was estimated using ordi-
nary least squares applied to the diffusion-weighted
images with b=0 and 1,000 s/ mm?. Once the diffusion
tensor was estimated, FA, MD, axial diffusivity (AD), and
radial diffusivity (RD) were then estimated based on stan-
dard formulae [Basser, et al, 1994]. The parameters of
DTI, DKI, and NODDI are summarized in Table II.

A mask was applied comprising all brain voxels with an
ISOVF below 90% to all diffusion parameter maps in order
to exclude the CSF component.

Diffusion Metric Voxel-Wise Analysis

GM-based spatial statistics (GBSS) [Ball et al., 2013;
Nazeri et al., 2015] were used to regionally map significant
patient-control differences in each of the NODDI, DKI and
DTI metrics (10 metrics in total). The partial volume effect
(PVE) of WM and cerebrospinal fluid (CSF) proximal to
the cortex can lead to errors while measuring the dMRI
parameters of the cerebral cortex; therefore, we used GBSS
[Ball et al., 2013] to exclude the effects of WM and CSF
PVE. This method is a GM analogue of tract-based spatial
statistics (TBSS) [Smith et al., 2006] and ensures accurate
anatomical alignment between subjects with the use of a
skeleton projection step. Classic registration methods can
present difficulty in normalizing an individual’s brain
anatomy to a common template, particularly in the pres-
ence of pathology. associated with regional morphological
changes. We used GBSS to reduce the effects of any resid-
ual spatial misalignment between individuals that may
have resulted from the complex cortical geometry and
pathology. By creating a skeleton of the cerebral cortex
and consolidating parameters of the surrounding regions
into those of the skeleton, it is possible to avoid PVE of
WM and CSF.
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Figure I.

Steps for processing gray matter based spatial statistics. (A)
ICVF map. (B) Normalized ICVF map. (C) 3D TIl-weighted
image. (D) Cortical tissue probability map. (E) Population mean
cortical tissue probability map. (F) Skeletonized cortical map
overlaid on a template. (H) lllustration of the region contained
in the yellow square in F The cortical probability map from D is
transformed into the template space. Once aligned, the cortical

Image processing was performed using the FMRIB Soft-
ware Library version 5.0.9 (FSL) [Jenkinson et al., 2012]. A
schematic of the processing pipeline is shown in Figure 1.
First, the skull was removed [Smith, 2002] from each sub-
ject’s 3D-TIWI volume to exclude non-brain voxels from
further consideration. Then, each skull-stripped 3D-T1WI
was affine- and nonlinearly aligned to a common space
(MNI152 brain at 1-mm resolution) using FLIRT [Jenkinson
et al., 2002] and FNIRT [Jenkinson et al., 2012], respectively.

Next, FAST [Zhang et al., 2001], included in FSL, was
used to bias correct and segment the 3D-TIWI of every
subject into three tissue classes (GM, WM, and CSF). A
mean GM map was created from the GM images, which
was skeletonized to retain the core of highly probable cor-
tical voxels at the center of the GM (mean GM skeleton).
A mean GM skeleton mask was created from the mean
GM skeleton at a threshold of 0.2. Subsequently, a GM
skeleton distance map was produced from the mean GM
image, and GM skeleton masks were delineated using the
“distancemap” program implemented in FSL [Smith et al.,
2006]. Each voxel in the GM skeleton distance map con-
tains a value encoding the distance to the nearest skeleton
point [Smith et al., 2006].

voxels near the skeleton (shown in green) are identified (white
squares). Data from these voxels are then projected onto the
group skeleton for comparison (white arrows). (H) After aligning
the ICVF map in A to the template, ICVF data from the voxels
identified in G are projected onto the skeleton. This process is
repeated for the other diffusion parameter maps. [Color figure
can be viewed at wileyonlinelibrary.com]

Finally, after the b0 maps from each of the subjects were
affine-aligned to their 3D-T1WI (epi-reg), diffusion param-
eter maps for the subjects were affine- and nonlinearly
aligned into a common space (MNI152 brain at 1-mm reso-
lution) [Jenkinson et al.,, 2012]. The aligned diffusion
parameter maps obtained from each subject were then pro-
jected onto the mean GM skeleton map. This was achieved
by searching in a direction perpendicular to the cortical
skeleton and identifying maximally probable cortical vox-
els in each of the spatially transformed cortical probability
maps, such that only data from nearby voxels with maxi-
mal cortical probability were kept and projected onto the
skeleton. The aim here was to account for residual mis-
alignment between subjects after the initial nonlinear
registration.

Diffusion Metric ROl Analysis

We measured the average diffusion metrics of the GM
skeleton of each subject using the Harvard-Oxford cortical
and subcortical structural atlas on MNI152 space. The Har-
vard-Oxford cortical structural atlas provides a regional
parcellation comprising 96 regions (48 regions X 2, left
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and right), and 17 regions in the subcortical structural
atlas (8 from the cerebral cortex, thalamus, caudate, pal-
lidum, hippocampus, amygdala, and accumbens X 2, left
and right; and the brain stem). Each diffusion metric was
averaged over all GM skeleton voxels comprising a given
region delineated by this atlas. This was repeated indepen-
dently for all regions to yield a regional representation for
each diffusion metric.

GM Volume Analysis with Voxel-Based
Morphometry (VBM)

GM volume was examined using voxel-based morphome-
try (VBM). This was conducted using the Statistical Paramet-
ric Mapping (SPM) 8 software for Windows (available at:
http:/ /www fil.ion.ucl.ac.uk/spm/software/spm8/) running
on a Matlab 2014a platform (The MathWorks, Natick, MA,
https:/ /www.mathworks.com/products/matlab.html). The
3D-T1 weighted images were segmented into GM, WM, and
CSF (unified segmentation model; [Ashburner and Friston,
2005]). Although the tissue segmentation of TIWI was
already been performed in the diffusion metric voxel-wise
analysis (described in the previous section), tissue segmenta-
tion was performed again using the unified segmentation
model, which is a method optimized for VBM-DARTEL. The
GM maps were then spatially normalized with Diffeomor-
phic Anatomical Registration using the Exponentiated Lie
algebra (DARTEL) [Ashburner, 2007]. Subsequently, images
were resampled to MNI space in 1.5-mm cubic resolution.
Resulting GM probability maps were smoothed using an 8-
mm full width at half maximum (FWHM).

Surface-Based Cortical Thickness Analysis

Surface-based cortical thickness analyses were performed
using the FreeSurfer software, version 5.0.0 (Massachusetts
General Hospital, Harvard Medical School; available at:
http:/ /surfer.nmr.harvard.edu) the details of which have
been described elsewhere [Fischl and Dale, 2000; Fischl
etal., 1999].

The implemented processing pipeline included the follow-
ing: motion correction, removal of non-brain tissue, transfor-
mation to the Talairach reference space, segmentation of the
subcortical WM and deep GM volumetric structures, inten-
sity normalization, tessellation of the GM-WM boundary,
automated topology correction, and surface deformation fol-
lowing intensity gradients to optimally place the gray/white
and gray/cerebrospinal fluid borders at the location where
the greatest shift in intensity defines the transition to the
other tissue class. Misclassification of tissue types was cor-
rected with minimal manual adjustment by one of the
authors (R.U.) who was blind to the patients” diagnoses and
clinical information. Cortical thickness was calculated as the
shortest distance between the GM/WM boundary and the
corresponding pial surface at each vertex across the cortical
mantle. The maps were smoothed using a surface-based

Gaussian kernel of 15-mm FWHM and averaged across the
subjects. In addition, estimated total intracranial volume
(eTIV), total GM volume, and total WM volume were calcu-
lated from the Freesurfer processing stream. These volumes
were extracted from the aseg.stats file, which is an output of
the recon-all workflow in Freesurfer (see https:/ /surfer.nmr.
mgh.harvard.edu/fswiki/MorphometryStats).

Statistical Analysis

All statistical analyses were performed using the Statisti-
cal Package for the Social Sciences for Windows, Release
20.0 (SPSS, Chicago, IL). All demographic and clinical vari-
ables were normally distributed, as quantified using the
Kolmogorov-Smirnov test. Demographic and clinical data
were analyzed with Student’s f-test for continuous varia-
bles and the Chi Square test for categorical variables. Sta-
tistical significance was set to P < 0.05.

ROI Analysis

To identify significant patient-control differences in ROI-
averaged diffusion measures, an independent two-sample
t-test was performed for each ROIL This resulted in 1,130
independent tests (113 ROIS X 10 diffusion metrics). The
10 diffusion metrics measured at each ROI were as fol-
lows: FA, MD, AD, RD, ICVF, OD, ISOVF, MK, AK, and
RK. Bonferroni correction was used to correct for multiple
comparisons across the 1,130 tests, thus mandating a cor-
rected significance level of P < 0.05/1,130 = 0.0000442).
Effect sizes were measured with Cohen’s d [Cohen, 1992].

In addition, we performed Linear discriminant analysis
(LDA) to test whether subject diagnosis (patient or control)
could be predicted based on a linear combination of
regional diffusion metrics. LDA procedures are described
in detail in Supporting Information Methods.

Pearson’s correlation coefficient was used to test for any
linear associations between the diffusion metrics and clini-
cal variables, including disease duration and disease sever-
ity, as measured by the motor scores of the UPDRS-III
The false discovery rate (FDR) correction was used to cor-
rect for multiple comparisons.

GBSS, VBM, Surface Based Cortical Thickness
Analysis

For GBSS, the Randomize tool [Winkler et al., 2014] (FSL)
was used to ascribe a family-wise error (FWE)—corrected P-
value (pFWE) to each cluster of voxels comprising the GM
skeleton. The TFCE option was used in Randomize to avoid
selection of an arbitrary cluster-forming threshold, and
5,000 permutations were generated to provide an empirical
null distribution of maximal cluster size [Smith and Nich-
ols, 2009]. Voxel-wise statistics of the diffusion metrics for
group differences [all PD (1 = 30) vs. healthy controls,
right-sided onset PD (n = 17) vs. left-sided onset PD (n =
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Figure 2.

Comparison of DTI, DKI and NODDI metrics between PD patients
and controls. GBSS results showed reduced FA, ICVF, MK, AK, and
RK (blue-light blue voxels), and increased MD, AD, RD, and ISOVF
(red-yellow voxels) in PD patients when compared with age-
matched healthy subjects. All images are displayed in Montreal Neu-
rological Institute space using neurological convention. In patients
with PD, cortical GM in the frontal, temporal, limbic, and paralimbic
areas demonstrated significantly reduced MK, AK, RK, and ICVF
when compared with the control group (GBSS analysis). Regions

11), healthy controls (n = 28) vs. right-sided onset PD (n =
17), healthy controls (n = 28) vs. left-sided onset PD
patients (n = 11)] were tested in the general linear model
(GLM) framework with the unpaired t-test, using the Ran-
domize tool with nonparametric permutation testing.

where significant changes in the conventional DTI parameters (FA,
AD, and RD) occurred were noticeably smaller than those where
significant changes in MK, AK, RK, and ICVF were observed. To aid
visualization the results (corrected P < 0.05) are thickened using the
fill script implemented in FSL. AD, axial diffusivity; AK, axial kurtosis;
FA, fractional anisotropy; MD, mean diffusivity; MK, mean kurtosis;
OD, orientation dispersion index; RD, radial diffusivity; RK, radial
kurtosis; ICVF, intracellular volume fraction; ISOVF, isotropic volume
fraction. [Color figure can be viewed at wileyonlinelibrary.com]

A pFWE of <0.05 was considered significant for GBSS. The
Randomize tool was also used to examine the relationship
between diffusion metrics and disease duration, and the
motor score of the UPDRS-III using multiple linear regres-
sion analysis (pFWE <0.05, corrected for gender and age).
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In the VBM analysis, GM volume was compared
between PD patients and healthy controls using GLM
Analysis of Co-variance (ANCOVA), which included age,
sex, and total intracranial volume as covariates. GM vol-
ume comparisons were corrected for multiple comparisons
using the family wise error (FWE) rate set at P < 0.05.
Correlations were used to assess relationships between
regional GM volume and disease duration, and the motor
score of the UPDRS-III by multiple regression analysis,
which corrected for multiple comparisons using a FWE
correction set at P < 0.05.

Cortical thickness was assessed for between-group dif-
ferences at each vertex of the surface using a GLM control-
ling for age, gender, and eTIV. Correlations between
cortical thickness and disease duration, as well as the
motor score of the UPDRS-III were also modeled while
controlling for age, gender and eTIV. In all vertex-wise
analyses, the level of statistical significance was evaluated
using a cluster-wise P (CWP) value correction procedure
for multiple comparisons with cluster-based Monte—-Carlo
simulation using 10,000 permutations. Clusters with CWP
value <0.05 were considered statistically significant.

RESULTS
Participants

No significant differences were observed in age and sex
between all PD patients and healthy controls or right-sided
PD patients and left-sided PD patients or healthy controls
and right-sided PD patients or healthy controls and left-
sided PD patients. The initial symptoms of PD had emerged
on the left side of the body in 11 patients, the right side in 17
patients, and on both sides in two patients. Table I summa-
rizes the demographic and clinical data of the PD patients
and healthy controls included in this study.

GM Microstructure Abnormalities in PD
(NODDI, DKI, DTI)

NODDI

GBSS analysis. In the GBSS analysis, cortical GM in the
frontal, temporal, limbic, and paralimbic areas displayed
significantly reduced ICVF and increased ISOVF in PD
patients when compared with healthy controls (Fig. 2;
Supporting Information Tables I and II). Significant
decreases in ICVF in parts of the parietal lobe, and
increases in ISOVF in the left and right caudate nuclei and
the left putamen were also observed. Increased ISOVF
area was broader in the left hemisphere than the right
hemisphere. No significant differences in OD were
observed between the PD patients and healthy subjects.
There were no significant differences in NODDI parame-
ters between right-sided onset PD patients and left-sided
onset PD patients or healthy subjects and right-sided onset

PD patients or healthy subjects and left-sided onset PD
patients.

ICVF and OD measured in the frontal, temporal, limbic,
basal ganglia, and paralimbic areas was negatively correlated
with UPDRS-III scores in the PD patients, whereas ISOVF of
the basal ganglia was positively correlated with UPDRS-III
scores (Fig. 3; Supporting Information Tables III and IV).

ROI analysis. In the ROI analysis, significantly decreased
ICVF was found in the bilateral paracingulate and cingu-
late gyri (Fig. 4; Table III).

In the ROI-based correlation analysis, significant nega-
tive correlations with UPDRS-III scores were observed for
ICVF and OD of the left inferior frontal gyrus (IFG) pars
triangularis (Tr), as well as the OD of the left central opec-
ular cortex (COC). In addition, ISOVF of the right hippo-
campus (HCP) was positively correlated with the UPDRS-
I scores. No significant correlations were detected
between disease duration and the NODDI parameters.

DKI

GBSS analysis. In the GBSS analysis, cortical GM in the
frontal, temporal, limbic, and paralimbic areas displayed
significantly reduced MK, AK, and RK in PD patients
when compared with the healthy control group (Fig. 2;
Supporting Information Tables I and II). Other findings
included decreased MK, AK, and RK in parts of the parie-
tal lobe; decreased AK in the left caudate nucleus and the
left putamen; and reduced RK in the right putamen.
Decreased MK and RK area were broader in the left hemi-
sphere than in the right hemisphere. There were no signifi-
cant differences in DKI parameters between right-sided
onset PD patients and left-sided onset PD patients or
healthy subjects and right-sided onset PD patients or
healthy subjects and left-sided onset PD patients.

In the GBSS analysis, the MK, AK, and RK of the frontal,
temporal, basal ganglia, limbic, and paralimbic areas showed
negative correlations with UPDRS-III scores in patients with
PD (Fig. 3; Supporting Information Tables IIT and IV).

ROI analysis. In the ROI analysis, the following signifi-
cant decreases were detected: MK and AK in the anterior
division of the left superior temporal gyrus (STG); MK,
AK, and RK of the left frontal operculum cortex (FOC);
and RK of the left planum polare (Fig. 4; Table III).

In the ROI-based correlation analysis, the following sig-
nificant negative correlations were found with UPDRS-III
scores: MK and AK of the left IFGTr; MK and RK of the
right IFGTr; RK of the right FOC; RK of the posterior divi-
sion of the right middle temporal gyrus (MTG); and RK of
the left caudate. No significant correlations were detected
between disease duration and the DKI parameters.

DTI

GBSS analysis. In the GBSS analysis, the area where
there were significant differences in conventional DTI
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Figure 3.

Relationship between diffusion MRI parameters and disease sever-
ity according to Unified Parkinson’s Disease Rating Scale (UPDRS)-
Ill-motor subscale score. GBSS analysis identified a significant cor-
relation between UPDRS-llIl-motor score and the diffusion MRI
parameters of the cortical GM in the frontal, temporal, limbic, and
paralimbic areas, as well as in the basal ganglia (P < 0.05, corrected
for multiple comparisons, gender and age at the time of MRI).
Red-yellow voxels demonstrate a significant positive correlation
between the UPDRS-lll-motor score and diffusion MRI

parameters. Blue—light blue voxels demonstrate a significant nega-
tive correlation between the UPDRS-IIl-motor score and diffusion
MRI parameters. To aid visualization the results (corrected P <
0.05) are thickened using the fill script implemented in FSL. AD,
axial diffusivity; AK, axial kurtosis; FA, fractional anisotropy; MD,
mean diffusivity; MK, mean kurtosis; OD, orientation dispersion
index; RD, radial diffusivity; RK, radial kurtosis; ICVF, intracellular
volume fraction; ISOVF, isotropic volume fraction. [Color figure
can be viewed at wileyonlinelibrary.com]
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Figure 4.

Regions where the values of dMRI parameters in the PD group
were significantly different from their respective values in the
healthy group (A), and box plots of diffusion MRI parameters in
these regions (B). (A) Regions where dMRI parameters were sig-
nificantly reduced are shown. The bilateral cingulate gyrus, bilat-
eral paracingulate gyrus, left superior temporal gyrus anterior
part, the left frontal opeculum cortex, and left planum polare are
represented in light blue, red, pink, yellow, and green, respectively.
LH, left hemisphere; RH, right hemisphere. B) When compared
with the healthy group (light blue), MK and AK of the left superior
temporal gyrus (STG) anterior division; MK, AK, and RK of the
left frontal operculum cortex (FOC); RK of the left planum polare

parameters, including FA, AD, and RD, were noticeably
smaller than, and mostly circumscribed to, areas with sig-
nificantly lower MK, AK, RK, and ICVF. Specifically,
when compared with the control group, PD patients dis-
played significantly reduced FA in the left temporal, left

(PP); and ICVF of the bilateral paracingulate gyrus (PCG) and cin-
gulate gyrus (CG) were significantly reduced in the PD group (light
red). Plots indicate median values, and boxes include the upper
and lower quartiles. Whiskers represent the lowest (highest) val-
ues within the 1.5 interquartile range in the box. AD, axial diffusiv-
ity; AK, axial kurtosis; FA, fractional anisotropy; MD, mean
diffusivity; MK, mean kurtosis; OD, orientation dispersion index;
RD, radial diffusivity; RK, radial kurtosis; ICVF, intracellular volume
fraction; ISOVF, isotropic volume fraction; CG, Cingulate Gyrus;
FOC, Frontal Operculum Cortex; PCG, Paracingulate Gyrus;
STG, Superior Temporal Gyrus. [Color figure can be viewed at
wileyonlinelibrary.com]

limbic, and paralimbic areas; significantly increased MD in
left frontal, left temporal, left limbic, and paralimbic areas;
significantly increased AD in left frontal, left limbic, and
paralimbic areas; and significantly increased RD in the
bilateral frontal, limbic, and paralimbic areas (Supporting
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TABLE Ill. Comparison of diffusion MRI parameters in the anatomic regions where significant differences were
observed between PD patients and healthy subjects

Diffusion parameters Regions CcC PD P value t value Cohen’s d
MK Lt STG anterior 0.29 (0.012) 0.27 (0.014) 14 x 107° 4.76 1.28
Lt FOC 0.21 (0.075) 0.19 (0.011) 9x 1077 5.53 1.49
AK Lt FOC 0.25 (0.0080) 0.24 (0.012) 62 %X 107° 4.33 1.16
RK Lt STG anterior 0.30 (0.014) 0.28 (0.017) 93 x 107° 4.88 1.31
Lt FOC 0.22 (0.0093) 0.21 (0.013) 1.1 x107° 4.83 1.30
Lt PlanumPolare 0.34 (0.015) 0.32 (0.014) 32%x107° 4.52 1.21
ICVF Lt PCG 0.13 (0.0049) 0.12 (0.0068) 6.7 X 107° 497 1.34
Rt PCG 0.11 (0.0041) 0.10 (0.0061) 1.7 X 107° 4.71 1.27
Lt CG 0.15 (0.0049) 0.14 (0.0082) 89 x 107° 4.89 1.32
Rt CG 0.13 (0.0051) 0.12 (0.0064) 31x10°° 5.18 1.39

Abbreviation; (Parameters) AD, axial diffusivity; AK, axial kurtosis; FA, fractional anisotropy; MD, mean diffusivity; MK, mean kurtosis;
OD, orientation dispersion index; RD, radial diffusivity; RK, radial kurtosis; ICVF, intracellular volume fraction; ISOVF, isotropic vol-
ume fraction; (Anatomical part) Lt, left; Rt, right; CG, Cingulate Gyrus; FOC, Frontal Operculum Cortex; PCG, Paracingulate Gyrus;

STG, Superior Temporal Gyrus.

Information Tables I and II). There were no significant dif-
ferences in DTI parameters between right-sided onset PD
patients and left-sided onset PD patients or healthy sub-
jects and right-sided onset PD patients or healthy subjects
and left-sided onset PD patients.

In the GBSS analysis, MD, AD, and RD of the frontal,
temporal, limbic, and paralimbic areas and the basal gan-
glia showed a positive correlation with UPDRS-III scores
in patients with PD (Fig. 3; Supporting Information Tables
III and 1IV).

ROI analysis. The ROI analysis revealed no significant
differences in conventional DTI parameters. In the ROI-
based correlation analysis, only the AD of the right hippo-
campus (HCP) and the left amygdala (AMY) were posi-
tively correlated with the UPDRS-III scores. No significant
correlations were detected between disease duration and
the DTI parameters (Fig. 5).

VBM and Surface-Based Cortical Thickness

There were no significant differences in total brain, GM,
and WM volumes. No statistically significant differences
were found between PD patients and controls in GM vol-
umes and cortical thickness. No significant correlations
were found between disease duration, (UPDRS)-III score,
and GM volume and thickness in PD patients

Prediction of Diagnosis

LDA predicted diagnosis with the greatest accuracy, with
a classification accuracy of 76.7% (sensitivity, 71.0%; specif-
icity, 82.4%) when trained based on MK measurements
from only three regions (left frontal operculum, left superior
temporal gyrus, and left planum polare). LDA classification
accuracies for the other diffusion metrics are shown in
Table IV in the case of a three-feature classifier; as seen in

the table, ICVF, AK, and RK were able to predict diagnosis
with an accuracy exceeding 70%, whereas the tensor-
derived diffusion measures yielded accuracies of 60%—70%.
Table IV also lists the specific regions that provided the
greatest discriminatory power between the patients and
controls. Measurements in the frontal, temporal, and limbic
regions provided the greatest power to predict diagnosis.
LDA classification accuracy was typically greatest when
using three regions (Supporting Information Fig. 1).

DISCUSSION

We used dMRI, VBM, and surface-based cortical thick-
ness analyses to examine the microstructure of the cortical
and subcortical structures in a group of idiopathic PD
patients and healthy controls. Abnormalities in dMRI
parameters were detected within the frontal, temporal,
limbic, and paralimbic areas, and the striatum of the idio-
pathic PD patients. The voxel-wise GBSS results identified
widespread reductions in DKI parameters (MK, AK, and
RK) and a NODDI parameter (ICVF). In addition, the LDA
results indicated that MK and ICVF maximized the predic-
tion accuracy of diagnostic status. In contrast, no gray
matter differences were detected with the traditional VBM
or surface-based cortical thickness analyses suggesting
that, as expected, DKI and NODDI modalities offer greater
sensitivity in the detection of cortical abnormalities in idio-
pathic PD when compared with traditional MR modalities.
This was further reinforced by the correlation analyses,
which revealed strong relationships between DKI and
NODDI metrics in significant clusters and UPDRS-III
scores, reflecting the severity of motor impairments. There-
fore, abnormalities in dMRI parameters were clinically
meaningful and reflected the markers of motor symptom
severity in PD.

Our VBM and cortical thickness results are in agreement
with previous studies reporting no between-group
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Figure 5.

Regions where dMRI parameters were significantly correlated with
the Unified Parkinson’s Disease Rating Scale (UPDRS)-lll-motor sub-
scale scores in the PD group using ROI analysis; scatter diagrams of
these regions. MK, AK, ICVF, and OD of the left inferior frontal
gyrus (IFG) pars triangularis (Tr); MK and RK of the right IFGTr,
OD of the Lt central opercular cortex (COC); RK of the right fron-
tal opercular cortex (FOC); RK of the right middle temporal gyrus
(MTG) posterior division; and RK of the left caudate showed signifi-
cant negative correlations with UPDRS-III scores. ISOVF and AD of

differences in brain atrophy or cortical thinning [Cerasa
et al. 2011; Feldmann et al. 2008; Messina et al. 2011; Pav-
iour et al. 2006; Rizzo et al. 2008; Seppi and Poewe, 2010].
VBM and surface-based cortical thickness measures are
considered as indirect indications of neuronal loss. In
addition, although PD patients displayed abnormalities in
DTI parameters (FA, MD, AD, and RD), the deficits were
more circumscribed when compared with the more wide-
spread abnormalities identified with the DKI and NODDI
parameters. Thus, DTI appears to provide less sensitivity
compared with the higher-order DKI and NODDI

the right hippocampus and AD of the left amygdala (AMY) showed
positive correlations with UPDRS-IIl scores. AD, axial diffusivity;
AK, axial kurtosis; FA, fractional anisotropy; MD, mean diffusivity;
MK, mean kurtosis; OD, orientation dispersion index; RD, radial dif-
fusivity; RK, radial kurtosis; ICVF intracellular volume fraction;
ISOVF, isotropic volume fraction; COC, central opecular cortex;
FOC, Frontal Operculum Cortex; IFGTr, inferior frontal gyrus pars
triangularis; MTG, middle temporal gyrus; STG, Superior Temporal
Gyrus. [Color figure can be viewed at wileyonlinelibrary.com]

parameters. DKI extends conventional DTI measures by
detecting microstructural changes in both anisotropic
(WM) and isotropic tissues (GM) [Jensen et al., 2005; Lu
et al., 2006]. In addition, NODDI can characterize the
microstructure of dendrites and axons in GM and WM
and thus, provides information on pathological changes
that are more specific than those provided by conventional
GM measures [Zhang et al., 2012]. Accurate tissue estima-
tion with these high-order diffusion models may thus
allow the detection of changes in neurite structure preced-
ing neuronal loss in GM.
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TABLE IV. Performance of the linear discriminant models for prediction of PD diagnosis

Accuracy

(%)/SE (%)

Sensitivity

(%)/SE (%)

Specificity
(%) /SE (%)

First region
(P value)

Second region
(P value)

Third region
(P value)

DTI FA 61.9/1.6 64.4/2.5 59.4/2.3
MD 69.0/1.5 70.6/2.2 67.4/2.2
AD 65.8/1.4 67.7/2.2 63.9/2.1
RD 63.6/1.5 69.0/2.4 58.2/2.1
NODDI ICVF 74.3/1.3 74.0/2.0 74.6/1.9
OD 61.3/1.3 59.8/2.3 62.8/2.1
ISOVF 63.6/1.4 61.0/2.0 66.2/2.1
DKI MK 76.7/1.2 71.0/1.9 82.4/1.5
AK 70.1/1.5 65.7/2.1 74.5/2.1
RK 73.9/1.5 66.2/2.1 81.6/2.0

Lt Temporal
Pole (8 X 1074
Rt Middle Temporal
Gyrus (9.3 X 107%)
Rt Middle Temporal
Gyrus (1.3 X 1074
Rt Middle Temporal
Gyrus (1.2 X 1074
Rt Cingulate
Gyrus (3.1 X 1079
Lt Parietal Operculum
Cortex (2.8 X 1079
Lt Middle Temporal
Gyrus (2.3 X 1074
Lt Frontal Operculum
Cortex (8.8 X 1077)
Lt Frontal Operculum
Cortex (2.4 X 107°)
Lt Superior Temporal
Gyrus (9.3 X 107

Rt Superior Temporal
Gyrus (9.1 X 107%)
Lt Temporal Fusiform
Cortex (1.1 X 1074
Lt Temporal Fusiform
Cortex (1.5 X 107%)
Rt Superior Temporal
Gyrus (44 X 1074
Lt Paracingulate
Gyrus (6.7 X 107°)
Rt Caudate
(4.7 X 107%)

Left Amygdala
(33 X 107%)

Lt Superior Temporal
Gyrus (1.4 X 107°)
Rt Superior Temporal
Gyrus (6.2 X 107°)
Lt Frontal Operculum
Cortex (1.1 X 107°)

Rt Central Opecular

Cortex (1.4 X 102 0.0014)

Lt Supracalcarine
Cortex (5.5 X 1074
RtSubcallsal
Cortex (2.2 X 1074
Rt Central Opecular
Cortex (5.3 X 107 %)
Lt Cingulate
Gyrus (8.9 X 107°)
Lt Postcentral
Gyrus (6.8 X 1077)
Lt parahippocampal
Gyrus (3.3 X 1074
Lt Planum
Polare (5.9 X 1079)
Lt Inferior Frontal
gyrus (9.5 X 107°)
Lt Planum Polare
(32 x 107°)

abbreviations: AD, axial diffusivity; AK, axial kurtosis; FA, fractional anisotropy; MD, mean diffusivity; MK, mean kurtosis; OD, orien-
tation dispersion index; RD, radial diffusivity; RK, radial kurtosis; ICVF, intracellular volume fraction;, ISOVF, isotropic volume fraction;

Rt, right; Lt, left; SE, standard error.

The distribution of abnormalities in dMRI parameters
overlaps with areas of cortical LBs and LNs previously
found in patients with symptomatic PD, corresponding to
Braak’s stages IV (thalamus and anteromedial temporal,
and paralimbic cortices) and V (striatum, prefrontal cortex,
temporal cortex, insular, and parietal cortex). LNs and LBs
are deposited in the neurons, axons, and dendrites and are
closely related to neuronal loss and changes in the neurite
structure [Jellinger, 2012]. Axonal accumulation of LNs,
accompanied by changes in the axon structure (for
instance, dystrophic neurites) are thought to endanger the
functional integrity and survival of neurocytes by inhibit-
ing axonal transport, which eventually leads to neurode-
generation [Morfini et al., 2009; Perlson et al., 2010]. In
other words, structural neurite changes associated with
LN deposition precede neuronal loss. Moreover, alpha-
synuclein—a main component of LNs—has been reported
to inhibit neurite outgrowth and branching [Koch et al.,
2015]. Thus, our findings of reduced ICVF (neurite den-
sity), reduced MK, AK, and RK (tissue heterogeneity and
complexity), and increased ISOVF (free water compart-
ment), may reflect the sparse neurite structure and neuro-
nal loss caused by inhibition of neurite outgrowth and
branching inhibition in the gray matter. On the other
hand, studies using DKI in PD mouse models (a-synu-
clein-overexpressing transgenic mice) have shown that the
kurtosis parameters are increased in the SN, striatum, thal-
amus, hippocampus, and cingulate gyrus of PD model
mice, and that levels of a-synuclein accumulation in these

regions positively correlate with kurtosis parameters
[Khairnar et al., 2015a,b]. However, in contrast to results
from previous PD mouse model studies, human PD stud-
ies, including this study and others [Surova et al., 2016],
have shown significantly reduced kurtosis parameters in
the basal ganglia, thalamus and cortical GM. This discrep-
ancy may be due to differences in pathological changes
between human PD and a-synuclein-overexpressing trans-
genic mice. In human PD, neuronal loss and structural
neurite alterations occur as a-synuclein deposits [Jellinger,
2012]. In contrast, a-synuclein is overexpressed throughout
the brain, but no appreciable loss of neurons occurs in a-
synuclein-overexpressing transgenic mice [Chesselet et al.,
2012; Delenclos et al., 2014].

By training a simple linear classifier, we were able to
predict an individual’s diagnostic status with modest accu-
racy (~76%) based on regional variation in patterns of GM
loss inferred from DTI, NODDI, and DKI parameters. In
particular, a linear discriminant function was trained inde-
pendently for each parameter using cross-validation
involving 10 held-out individuals per fold. A linear classi-
fier was chosen because of the modest size of our sample.
The cross-validation procedure used to evaluate classifica-
tion accuracy involved holding out multiple individuals (5
patients and 5 controls). This has been shown to provide
less biased and more stable classification accuracy esti-
mates than leave-one-out methods [Varoquaux et al.,
2017]. The most accurate prediction of diagnostic status
was achieved with the MK parameter of DKI (76.70%) and
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the ICVF parameter of NODDI (74.30%). DTI performed
substantially poorer, with no DTI parameter yielding an
accuracy exceeding 70%. This provides further evidence of
the increased sensitivity of NODDI to Lewy-body pathol-
ogy, relative to classic parameters derived from DTI. Vari-
ation in GM loss in the cingulate and paracingulate gyri
was most informative for the prediction of diagnostic sta-
tus when prediction was based on ICVF, whereas GM loss
in the frontal operculum and temporal gyrus was most
informative with respect to DKI. Future studies might con-
sider a multivariate classifier in which NODDI and DKI
parameters are combined to inform prediction, and predic-
tion of patient outcome, which provides high clinical
utility.

We identified significant correlations between motor def-
icits and dMRI parameters in the frontal, temporal, limbic
and paralimbic areas, striatum, and thalamus, which is
consistent with a previous pathological study showing a
correlation between Braak’s stage of Lewy-related pathol-
ogy and PD severity [Braak et al. 2005]. Furthermore, it is
thought that the basis of the pathophysiology of PD is pri-
marily related to disruption of the cortico-striatal and lim-
bic loop [Braak et al., 2004]. In the present study, motor
symptom severity was correlated to dMRI parameters in
the cortical and limbic loops and may thus reflect abnor-
malities in hubs within these loops.

Some left hemispheric dominant asymmetry was evident
in the spatial distribution of GM pathology in our sample;
correlation analyses showed a tendency toward greater
changes in the left cerebral hemisphere. In most PD
patients, asymmetry in clinical symptoms from disease
onset is remarkably evident and a unilateral predominance
can persist over the course of illness [Djaldetti et al., 2006].
This clinical asymmetry has been associated with more
severe contralateral nigrostriatal degeneration [Kempster
et al., 1989]. In contrast, we found no significant differences
in diffusion parameters between right- and left-sided onset
PD patients or between healthy controls and right- or left-
sided onset PD patients. Contralateral to the side of symp-
tom onset, our asymmetrical result may relate to vulnerabil-
ity in the left hemisphere of PD patients. In particular,
several PD studies have suggested that the left nigrostriatal
pathway is more affected than the right [Prakash et al,
2012; Scherfler et al., 2012]. Given this vulnerability of the
left nigrostriatal pathway to neurodegeneration, it is possi-
ble that cortical degeneration in PD may also lateralize to
the left side. Accordingly, PD-related cortical atrophy in the
left hemisphere was reported in several studies [Bruck
et al., 2004; Claassen et al., 2016; Jubault et al., 2011; Mak
et al., 2015]. Although we did not detect significant cortical
atrophy in PD, we found cortical changes predominantly in
the left hemisphere, in agreement with prior studies.

Our finding of differences in AK, RK, and ISOVF in the
striatum and thalamus between PD patients and healthy
controls may relate to the progressive degeneration of
nigrostriatal dopaminergic neurons. In particular, the thal-
amus and striatum are areas intimately linked to the

degeneration of nigrostriatal dopamine nerves, which rep-
resent the center of the motor symptoms in PD, and corre-
spond to Braak’s stages IV and V, respectively [Braak and
Del Tredici, 2008; Jellinger, 2012]. While previous studies
have documented reduced ICVF and OD of the putamen
[Kamagata et al. 2015], increased MK of the putamen and
caudate nuclei [Wang et al. 2011], and reduced MK of the
putamen [Surova et al. 2016] in patients with PD, no sig-
nificant differences in ICVF nor OD of the putamen and
caudate nuclei were observed in the present study. Con-
flicting findings between our study and previous work
may relate to discrepancies in symptom severity or analy-
ses applied across the studies. For example, the PD patient
group in an earlier study [Wang et al., 2011], displayed
higher motor symptom severity (UPDRS-III motor scores),
than those in our study (Wang et al, mean =33.6; this
study, mean =16.1). It is therefore possible that greater
motor symptom severity underlies degeneration in the stri-
atum. On the other hand, motor severity in the PD groups
of the two aforementioned studies (Kamagata et al., mean-
=18.0; Surova et al., mean = 13.0; this study, mean = 16.1)
[Kamagata et al., 2015; Surova et al., 2016], was similar to
that in the present study. However, the striatum ROI was
manually determined in all the previous studies [Kama-
gata et al., 2015; Surova et al.,, 2016; Wang et al., 2011],
whereas automated voxel-wise measurements (GBSS) and
an automated atlas-defined ROI were employed in the cur-
rent study. In general, voxel-wise measurements and auto-
mated ROI methods, as applied in our study, are
considered advantageous over manual ROI methods,
because the analysis can be performed across the whole
brain with minimal user bias [Johansen-Berg and Behrens,
2014].

We have demonstrated that voxel-wise gray matter anal-
ysis with GBSS enables the regional mapping and charac-
terization of gray matter pathology in PD patients. A
major problem in cortical GM measurement with diffusion
MRI is PVE of the WM and CSF adjacent to the cortical
GM [Lee et al., 2009]. It is difficult to obtain accurate meas-
urements of the cortical GM, which is a very thin structure
(a few mm) and has a complicated convolutional pattern,
while avoiding PVE contamination with WM and CSF.
Moreover, in the Voxel-based analysis (VBA), a common
method of automated exploratory analysis, smoothing is
generally performed to reduce individual differences [Lee
et al., 2009], and this procedure further increases PVE of
the WM and CSF [Lee et al., 2009]. As dMRI parameters of
WM and CSF are very different from those of GM, the
PVE of both WM and CSF greatly affect dMRI parameter
measurements of the gray matter [Alexander et al., 2001].
When measurements are performed on patients with dis-
eases associated with prominent brain atrophy, such as
Alzheimer’s disease, the CSF contamination increases due
to increase in CSF regions in the cerebral sulci and ven-
tricles owing to brain atrophy [Rose et al., 2008]. The GBSS
method used in this study was developed by modifying
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VBA for cortical analyses, and involves the aggregation of
the dMRI parameters of regions surrounding a skeleton
created at the center of the cortical GM, thereby minimiz-
ing PVE of the WM and CSF [Ball et al., 2013]. In addition,
we excluded high-ISOVF regions (>90%) using ISOVF
maps representing CSF compartments calculated by
NODDI. Moreover, previous studies have proved that DKI
is a more robust measurement when compared with con-
ventional DTI with regards to the PVE of CSF [Falangola
et al., 2008; Yang et al., 2013]. In the current study, the
PVE of WM and CSF may not have been completely elimi-
nated due to limited resolution (2-mm voxels were used).
However, brain atrophy is generally mild in patients with
Parkinson’s disease, and no significant brain atrophy or
cortical thinning was observed in the PD patients in this
study. Therefore, it is unlikely that the effects of CSF con-
tamination due to brain atrophy were particularly strong
in the PD group.

There are some limitations to this study. First, the sam-
ple size was small. Large-scale, multicenter studies are
needed to establish evidence for GM degeneration using
DKI and NODDI. In addition, because this study was tar-
geted at PD patients with relatively long disease duration,
a longitudinal study of prodromal or early PD is required
in order to confirm whether DKI and NODDI are effective
as markers of disease progression. Second, this study did
not evaluate clinical subtypes and non-motor symptoms of
PD. PD is a complex neurodegenerative disease with
broad-spectrum motor and non-motor symptoms. In addi-
tion, another neurodegenerative pathology, such as Alz-
heimer’s disease, may exist simultaneously in PD patients.
These findings may cause clinical heterogeneity of PD. PD
clinically includes various motor symptom subtypes, such
as tremor-dominant or akinetic-rigid dominant, and is
often associated with non-motor symptoms, such as olfac-
tory dysfunction or cognitive deficit. For evaluation of clin-
ical subtypes and overlap with other neurodegenerative
pathologies, the utility of functional imaging, such as
dopamine transporter single-photon emission computed
tomography or amyloid positron emission tomography,
wearable biosensors, and serum, and CSF biomarkers has
been reported in recent studies [Herman et al., 2014; Von
Coelln and Shulman, 2016]. Therefore, future MRI studies
should evaluate clinical subtypes and non-motor symp-
toms of PD and combine the results with those of other
biomarkers. Third, it is currently not fully understood as
to how changes in DKI and NODDI parameters relate to
pathological changes in PD patients. DKI/NODDI remain
as models for estimating the microstructure of brain tissue.
Postmortem studies of human PD patients are necessary to
address the relationship between DKI/NODDI parameters
and pathological data. Finally, because the PD diagnoses
were not histopathologically confirmed, the possibility of
misdiagnosis remains. However, the validity of the diag-
noses is supported by the observation that, 18 months or
more after being scanned, all patients continued to

respond satisfactorily to antiparkinsonian therapy and
remained free of Atypical Parkinsonism. Finally, it is
important to recognize that as with TBSS, GBSS does not
provide sensitivity to detect peripheral effects that reside
outside the skeleton, and the skeleton projection step can
introduce bias to the projected parameters (Bach et al,
2014; Schwarz et al 2014; Zalesky, 2010).

In summary, we found that DKI and NODDI could
detect cerebral GM abnormalities in PD patients more sen-
sitively than conventional DTI, VBM, and surface-based
cortical thickness analyses. Abnormalities were likely to
reflect Lewy-related pathology, which is a hallmark of PD
and may serve as a biomarker for early diagnosis and
objective evaluation of its subsequent progression, given
that a sensitive detection method is available. By provid-
ing a more sensitive index of brain pathology in PD, DKI,
and NODDI might be useful for the early diagnosis of PD
as well as the assessment of its motor deficits.
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