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Abstract

Alterations in the substantia nigra are strongly associated with Parkinson’s disease. How-
ever, due to low contrast and partial volume effects present in typical MRl images, the sub-
stantia nigra is not of sufficient size to obtain a reliable segmentation for region-of-interest
based analysis. To combat this problem, the approach proposed here offers a method to
investigate and reveal changes in quantitative MRI parameters in the vicinity of substantia
nigra without any a priori delineation. This approach uses an alternative method of statisti-
cal, voxel-based analysis of quantitative maps and was tested on 18 patients and 15 healthy
controls using a well-established, quantitative free water mapping protocol. It was possible
to reveal the topology and the location of pathological changes in the substantia nigra and
its vicinity. Moreover, a decrease in free water content, T; and T»* in the vicinity of substan-
tia nigra was indicated in the Parkinson’s disease patients compared to the healthy controls.
These findings reflect a disruption of grey matter and iron accumulation, which is known to
lead to neurodegeneration. Consequently, the proposed method demonstrates an
increased sensitivity for the detection of pathological changes—even in small regions—and
can facilitate disease monitoring via quantitative MR parameters.

Introduction

Parkinson’s disease (PD) is a progressive neurodegenerative disorder with rising incidence
due to an ageing population [1, 2]. Motor dysfunction in PD is linked to a loss of dopaminergic
neurons and the accumulation of iron in the substantia nigra (SN) [2-4]. Consequently,
understanding changes in the SN is essential for diagnosis and treatment monitoring. How-
ever, this is particularly challenging, due to its small size. Although the underlying
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mechanisms, i.e. protein misfolding and aggregation, oxidative stress and mitochondrial dys-
function, associated with PD are known and have been studied extensively [5, 6], establishing
quantitative biomarkers, crucial indicators for monitoring the disease, has been more difficult.
Magnetic resonance imaging (MRI) enables the detection and monitoring of the pathophysio-
logical substrate of the disorder non-invasively, while quantitative MRI gives more sensitive
and unbiased information about the tissue properties. Most of the quantitative MRI studies in
PD have focused on the evaluation of iron deposition in the SN solely using R,* or susceptibil-
ity imaging [7-9]. There are very few studies reporting R; changes [10] and, to the best of our
knowledge, none investigating total free water content (FW) in this pathology. Recently, Ofori
etal. [11] reported an increase in the fractional volume of free water using bi-tensor diffusion.
This is, to date, the most important finding related to water content variations in PD patients,
since it is also supported by the longitudinal study of Burciu et al. [12] However, this should
not be confused with FW since the latter depicts the total MR-visible free water. It is known,
that during normal ageing, the concentration of neuromelanin increases in order to facilitate a
higher concentration of iron and to protect the cell from its toxicity and ferroptosis [13-15].
In the case of PD, however, as dopaminergic neurons die, iron-saturated neuromelanin is
released extracellularly, leading to iron-mediated toxicity, which in turn activates microglia
and causes inflammation [16]. Therefore, it is apparent that the multiple pathological sub-
strates of PD require simultaneous investigation of multiple quantitative parameters e.g. Ty,
T,* and FW, which-thus far-has not been reported.

Although the aforementioned studies have attempted to investigate the manifestation of the
pathophysiology in the SN via quantitative MR parameters, they are based on either manual
segmentation or thresholding using contrast provided by one of the employed sequences. This
introduces a source of bias, as each sequence is sensitive to different biological changes in the
tissue. Therefore, the shape and size of the region-of-interest (ROI) might differ. Furthermore,
segmentation of the pathological SN is very difficult, especially in patient cohorts, due to low
contrast, insufficient resolution in the MRI images and inevitable partial volume effects caused
by the movement of the subject and misregistration. Typically, gradient echo sequences with
an isotropic 1 mm in-plane resolution and a slice thickness of 1 or 2 mm are employed to
access quantitative water content mapping [17, 18]. However, the SN only consists of approxi-
mately 300 voxels—too few for detailed investigation.

It is a common practice to perform manual segmentation of small structures. For example,
Keuken et al. [19] used the superposition of voxels selected independently by two researchers.
With ultra-high-field MRI providing higher signal-to-noise-ratio and an adequate inter-rater
reliability metric (e.g. dice coefficient)—manual segmentation is, in many cases, the most
robust approach. Some studies report that the best contrast for revealing the SN is magnetisa-
tion transfer contrast (MTC). For example, Bolding et al. [20] compared MTC with T,-
weighted images using histological brain sections as a reference and concluded that MTC
images were more suitable for manual segmentation. This knowledge has been subsequently
employed, for instance, by Chen et al. [21] to calculate the volume of SN regions in a healthy
cohort. A multi-modal approach, suggested by Visser et al. [22], involved machine learning by
means of a Bayesian framework to find the expected appearance of edges on a training data-
set. This information was then used to deform an initial rough mesh of the feature of interest,
based on intensity profiles across the boundaries. Ali et al. [23] defined the probability density
function based on a training data set which was then used (via Bayesian decision theory) to
classify the voxels of the target image. In a recent variation of the gold-standard unified seg-
mentation method of Ashburner and Friston [24], where spatially normalised images are parti-
tioned into different tissue probability maps, Lambert et al. [25] utilised a modified
multivariate mixture of Gaussians on magnetisation transfer and proton density maps.
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Recently, Milletari et al. [26] proposed employing convolutional neural networks (CNN) for a
fully automated segmentation of the brain. However, although this method is very robust,
multi-modal and multi-regional, it does not perform well for small ROIs, including the SN.
Finally, Archer et al. [27] managed to train SVM (support vector machine) to detect the
pathology in a diffusion-weighted MRI image. The approach demonstrated very good perfor-
mance; however, a priori delineated data was used. The main aim of this work is to present a
method for quantifying the changes seen in the SN of PD patients. The method aims to over-
come the dual challenges of low statistics and poor detectability of the area of interest (SN) due
to low SNR and insufficient resolution in “standard” MRI techniques. Here, together with con-
trast enhancement via a joint metric, clustering is used as an alternative to sophisticated cor-
rection methods for type-1 errors and to further decrease partial volume effects. As it requires
a priori knowledge about the existence of the pathology and does not provide an accurate con-
tour, it cannot be treated as a typical segmentation method. It is noted that, very often, it is not
segmentation of the SN or its topological contours that are important but rather statistically
significant deviant voxels; the method described herein delivers such voxels. Due to its simplic-
ity, the described methodology can offer an interesting alternative to existing strategies. More-
over, it is, to the authors” knowledge, the first study investigating all three quantitative
parameters i.e. Ty, T,* and FW together in a PD cohort.

Material and methods
Study cohort

A total of 33 participants, 18 with PD and 15 age- and gender-matched healthy controls were
scanned in this study. The PD patients were recruited in collaboration with the Department of
Neurology, Aarhus University Hospital, Denmark, and fulfilled the U.K. Parkinson Disease
Society Brain Bank criteria for PD [28]. The healthy control subjects had no known neurologi-
cal or psychiatric disorders or any MR visible manifestation of other pathological conditions.
Note that, the information regarding the full medical history of patients was not available to
the authors, and, therefore, this study is not intended to give insight to quantitative parameters
response to treatment. The demographic data of the cohort are shown in Table 1. After receiv-
ing detailed study information, written consent was acquired from each subject or their legal
representative. The study was approved by the research ethics committee of Region Midtjyl-
land and The Danish Data Protection Agency and was conducted in agreement with the Dec-
laration of Helsinki.

Measurement protocol

Participants were scanned with a Siemens multi-slice, multi-echo RF spoiled gradient-recalled
echo sequence (GRE) optimised for the quantitative mapping of cerebral water content [17,
18]. For details relating to the applied water mapping protocol, the reader is referred to Neeb

Table 1. Demographic and clinical characteristics of the study cohort.

Demographic and clinical variables Healthy Controls Patients

Age (median, min, max, std) 66, 52, 76, 8.5 68, 53, 81, 8.5
Gender Male: Female 8:7 11.7

Education level in years (median, min, max, std) 15,9.5,23,3.2 14,6, 19, 3.5

PD duration in years (median, min, max, std) 9,7,15,3

Hoehn & Yahr staging (number of patients) 2 (8),3(6), NA (4)

https://doi.org/10.1371/journal.pone.0247552.t001
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etal. [17], Gras et al. [29], and Abbas et al. [18] but a general overview will be given here.
Unless stated, all sequences used were standard.

As a foundation for further calculations, a proton-density-weighted image (Siemens GRE
sequence) was acquired using partially parallel acquisition (GRAPPA) with an acceleration fac-
tor of 2 and 24 auto-calibration lines, TR = 1800 ms, TE = 5.8 ms, FA = 40° and band-
width = 210 Hz/pixel. Two interleaved concatenations (32 slices each) were used, resulting in a
gap-free acquisition. This finally led to 64 transverse slices of 2 mm thickness and 1 mm in-
plane resolution, measured in 6 minutes.

The transmit profile (B,") was measured via a multiple flip angle technique (MFA) [29-31].
This technique employs 4 echo-planar images (EPI) with different FAs (30°, 60°, 90° and 120°)
with a TR of 20 seconds (for full relaxation), acquired in 1.5 minutes.

For the estimation of T, relaxation times, the two-point method was used [18, 32] employ-
ing two acquisitions, i.e. proton-density-weighted GRE and T-weighted GRE (TR = 500 ms,
TE = 5.8 ms, FA = 90°) along with B, " information. The total time required for the two-point
method acquisitions was 2 minutes.

Receiver profile correction (B;") was achieved using a low-resolution GRE sequence. This
was performed through two measurements, first using the phase array and then using the
body coil for the signal reception. The same parameters were used in both cases, i.e. TR =500
ms, TE = 5.8 ms, FA = 40° [30] adding 1 minute to the total acquisition time.

In order to sample the T,* decay, a 3D GRE was acquired (3 minutes) with 8 echoes [18]
(1x1x2 mm, TE; = 2.3 ms, ATE = 2.3 ms). This also allowed the T,* decay of the proton-den-
sity-weighted scan to be corrected.

For all sequences, the same orientation and field-of-view were used. All mentioned parame-
ters were as presented in Abbas et al. [18].

Additionally, a T;-weighted 3D, magnetisation preparation rapid gradient-echo sequence
(MPRAGE) was acquired and used for further registration to a standard MNI template (Mon-
treal Neurological Institute [33]). This scan was acquired with the following parameters:

TR = 2250 ms, TE = 3.37 ms, TT = 1100 ms, FA = 15°, FOV = 256x256x256 mm, with isotropic
resolution of 1 mm and 176 sagittal slices. The T;-weighted 3D sequence added 8 minutes to
total acquisition time. In the end, the whole acquisition protocol took 18.5 minutes for each
subject.

Estimation of relaxation parameters and total free water content

Following the acquisition of the MR images, FW, T; and T,* were estimated and additional
corrections, as presented by Abbas et al. [18], were applied. However, after the corrections for
T, T,* and transmit/receiver profiles, the proton-density-weighted scan is not yet ready to be
treated as a quantitative water content map and requires further correction for receiver bias
profile [18]. This was achieved using the well-known linear relation between proton density
contrast and T, relaxation time in certain brain regions (60 ms > T,* > 50 ms).

Finally, instead of choosing arbitrary voxels within the cerebrospinal fluid (CSF), a more
sophisticated procedure for normalisation was used [18, 34]. Valid regions were located based
on T}, T,* thresholds and stability in terms of their transmit profile. The normalisation factor
was then computed via the weighted average across the stable regions.

Registration

Quantitative maps were registered to a common template (MNI152 1x1x1 mm) by means of
the combination of linear and non-linear registration methods. The pre-processing chain is
presented in Fig 1.
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Fig 1. Registration procedure for quantitative maps with the assistance of an MPRAGE image for nonlinear
alignment. Raw data is registered to the additional MPRAGE image (T,;) which is then non-linearly deformed (T,,) to
match the MNI template. Composition of both deformations provides the final transformation.

https://doi.org/10.1371/journal.pone.0247552.9001

Twelve-parameter affine linear registration was applied to match the quantitative maps
with the MPRAGE image. In order to stay in the same modality, T,-weighted acquisition was
considered as being most similar to MPRAGE. Good inter-subject matching was obtained by
non-linear registration of the MPRAGE image to the MNI template. Here, diffeomorphic
demons registration was applied. This step was performed using an in-house solution based
on the method presented by Vercauteren et al. [35], with all the computationally exhaustive
elements such as gradient calculations, convolution and interpolation implemented on a
GPGPU (OpenCL).

Finally, by defining T,; as an intra-subject, linear transformation between MPRAGE and
quantitative maps, and T}, as a non-linear transformation between MPRAGE and the MNI
template, the complete transformation was constructed as a composition of both: T, = T,; o
T,,. A single registered slice, together with the reference, is shown in Fig 2.

Region of interest definition

Although the exact location and shape of the SN was not assumed a priori, a rough contour
(ROI) was defined in order to highlight the changes around its expected location. To make

Subject: 3 (Gontrol) . Subject: 5 (Control)

Subject: 9 (Patient) | . Subject: 15 (Patient) Subject: 18 (Patient)

Subject: 21 (Patient) Subject: 23 (Control) o 7 Sl Subject: 26 (Control)

Fig 2. Registration performance for the example T, quantitative image. The green outline represents the rough
contour of the search region.

https://doi.org/10.1371/journal.pone.0247552.g002
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analysis easily replicable, a radiologist manually delineated the SN region on an MNI template
using the ITK-SNAP toolbox [36]. The ROI was then dilated with a spherical kernel to contain
around 1000 voxels. The final contour is presented in Fig 2. Note, that the contour can be in
fact arbitrary since it acts only as additional mask revealing area of interest around the SN.

Statistical analysis

Following registration, global statistical analysis was performed by calculating the average val-
ues of the quantitative parameters of white matter (WM) and grey matter (GM) in the whole
brain and inside the ROI. Voxels belonging to WM and GM were selected based on SPM tem-
plates [24], since all the volumes were already registered to a common coordinate space. Partial
volume effects were suppressed by using a 0.95 threshold for the SPM template. Note that, this
method does not specifically consider possible misregistration, and consequently, the voxels
close to the borders may still be affected by partial volume, leading to a bigger variance of the
data used for statistical tests. This is a significant issue, particularly in terms of the correction
of type-1 errors. Every method that corrects for family-wise-errors is based on certain assump-
tions. For example, in the case of Random Field Theory, there is a dependence between Euler
Characteristics and data topology i.e. smoothness, number of resells, shape and size of the vol-
ume [24]. Hence, in the case of a small signal-to-noise ratio, an adjustment of the Z-score
threshold is required, which ultimately reduces confidence in the results. In the following sec-
tion, an alternative approach, which is based on analysis of raw p-values distributions, will be
described.

First, the quantitative parameters were abstracted into a metric estimator, E, which was
defined as either the value of T;, T,*, FW or combination of all three:

B = FW /ng, + T, /ng + T /ny, (1)
E" =T,
E" =T,
E™ =Fw

where normalisation factors (1) are defined as CSF values for the corresponding modalities,
taken from calculated quantitative maps. Note that, this way, the weighting is strongest for
FW, while T, with T," are acting as contrast-enhancing factors, as long as they follow the same
trend. Therefore, firstly, the standard metrics, i.e. E", E™ and E™" must be checked and then
applied to the joint metric with appropriate signs enhancing the final contrast.

For each metric, two 4D volumes were created—a first one, where each voxel in space was
characterised by a vector of 15 values from co-registered controls (E,) and a second, where
each voxel was characterised by a vector of 18 values from co-registered patients (E,), as pre-
sented in. In order to reduce the possible effect of misregistration, voxels with a signal varia-
tion that was too high were eliminated. The exclusion criterion was based on the standard
deviation. If a vector from either a control or a patient had at least one value deviating from
the mean by more than four standard deviations, then both vectors, and hence the voxel itself,
were eliminated from the analysis. This reduced the number of voxels for analysis by a factor
of 2 (from around 1x10° to 0.4x10°). The final mask can be defined simply as a logical conjunc-
tion of a WM mask, GM mask and voxel elimination mask.
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A voxel-wise comparison was performed using a simple two-means, one-tailed t-test with a
null hypothesis stating "metric has not decreased". The p-value threshold for the null hypothe-
sis was set to 0.05 and the alternative hypothesis H; binary map was calculated. There, high val-
ues represent the regions rejecting the null hypothesis. This map was further processed in
order to eliminate small clusters using an arbitrary threshold of 27 voxels, which corresponds
to the 3x3x3 cube, normally considered as noise limit for segmented data [37]. Here, an addi-
tional step was performed in order to further reduce the influence of misregistration and type-
1 errors at the same time. With the assumption that the highest misalignment takes place at
the interfaces between GM, WM and CSF, the H; map was labelled with 18 connected compo-
nents (ignoring weak connections at voxels corners). For each cluster, following Oriani et al.
[38], solidity was defined as a ratio between the convex hull volume and the total volume. Clus-
ters with very low solidity (0.1) were subsequently removed from the analysis. Finally, all clus-
ters were sorted from biggest to smallest.

Additionally, the differences between estimators were defined as in Eq (2):

d(E) =E, — E, (2)

Where E,and E, are the average values of estimators in patient and control vector respectively.
The histograms of d(E) were computed both globally and for the selected ROI. This was
useful for the observation of signal variation around the SN since hypothesis testing only pro-

vides a binary map and p-value distribution.

Results

Normalised histograms of the differences between the estimators for each quantitative parame-
ter globally and within the ROI are presented in Fig 3.

Globally, the histograms were either symmetric (FW, T;) or eventually slightly shifted
towards the decrease of the metric (T,*), indicating a very small value of average change for a
given metric. Any attempt of quantification based on the global average failed (Table 2).

Even when only considering the region in the vicinity of the SN (ROI), very little change
was found and any change was practically hidden within the range of standard deviation.
Although the histograms are shifted towards negative values inside the ROI, the non-gaussian
shape suggests that misregistered voxels play an important role in this small region.

Voxel-based statistical analysis showed a similar result, as long as all voxels were considered.
In Fig 4, the dark-grey shaded area represents the fraction of voxels rejecting the null hypothe-
sis, therefore confirming the decrease in the metric with a p-value at 0.05. In fact, the com-
monly used value of 0.05 is far too permissive in the case of multiple comparisons, and
therefore, around half of the voxels in the one-tailed t-test reject the null hypothesis. This is
clearly visible in Fig 4A for each metric, except the T,*, which shows different behaviour, sup-
porting, in this case, the statement that T,* values decreased globally. Inside the ROI, this state-
ment is supported even more strongly and for each metric. Binary histograms, representing
the fraction of voxels rejecting the null hypothesis, as shown in Fig 4B, indicate that most of
the voxels decreased in value, even if the difference was small. Although the magnitude of
change is not provided with enough significance, it is clear that the values of T}, T,* and FW,
are reduced for most of the voxels inside the ROL

The H, binary map shown in Fig 5, together with the corresponding distribution of differ-
ences and raw p-values for each metric, reveal the bilateral clusters of voxels rejecting the null
hypothesis in the vicinity of the SN. The distribution of differences (last column) shows the
greatest contrast in the case of the joint estimator. Moreover, the detected clusters are bigger
and more homogenous than those revealed by individual metrics.
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Table 2. Mean values for water content and relaxation parameters for all GM/WM voxels and ROIL.
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Fig 3. Normalised histograms of differences for all voxels (left column) and inside the ROI (right column). The
shift towards the negative values is more apparent inside the ROL Notice that histograms are cropped for readability
and hence do not show outliers.

https://doi.org/10.1371/journal.pone.0247552.9003

Following the removal of any small or irregular clusters, based on solidity, it can be seen
that the biggest clusters are the two located in the vicinity of the expected location of the SN.
This is visualised in Fig 6. Notice a very small number of remaining clusters and a significant

difference in the volume between the first two clusters and the rest. The same situation was
observed for each metric with the exception of T,*, where the decreased value was distributed
across large regions within the whole brain and more clusters were detected globally. A

Quantitative variables GM WM
Global ROI Global ROI

Controls Patients Controls Patients Controls Patients Controls Patients
FW [%] 83+1 83+1 81+1 7942 7312 7312 77+1 7542
T, [ms] 150140 1469+55 1422477 1375491 1169+85 1171486 116773 1172479
T,* [ms] 56+5 54+7 36+3 36+6 48+5 4845 40+4 4146
https://doi.org/10.1371/journal.pone.0247552.t1002
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a)100 Fraction of voxels rejecting null hypothesi b)100 Fraction of voxels rejecting null hypothesis

Rejected [l Rejected

. Rejected
Rejected

Rejected

Fig 4. Fraction of voxels rejecting the null hypothesis (dark-grey) with a p-value of 0.05, hence supporting the
statement that “the metric has decreased” for all voxels (a) and inside the ROI (b).

https://doi.org/10.1371/journal.pone.0247552.g004

summary of this can be seen in Table 3. The consistent location of the two biggest regions
inside the expected location of the SN for T, FW and, most importantly, the joint estimator,
confirms that the observed decrease in parameters is not the result of random effects.

There is a good overlap (around 80%) between the clusters detected by each metric within
the SN search region. In Fig 7, for clarity, the overlap between the convex hulls and 2D outlines
are shown. The clusters, according to Duvernoy’s Atlas of the Human Brain Stem and Cerebel-
lum [39], span across several brain regions located in the midbrain, i.e. the ventral tegmental
area (VTA), cerebral peduncle (CP), retrorubal field (A8), and the anterior and posterior SN
(see Table 4 for details). Notice that, while T,* clusters are smallest; they are located precisely
inside the SN. Others, including the joint estimator, are extending outside the SN and towards
the centre of the midbrain.

Discussion
Segmentation and statistical analysis

Assuming that the region of the SN is affected by PD and that the pathological changes are
reflected in the quantitative MR parameters, the voxel-wise statistical approach presented here
was able to identify the pathological regions. The voxels rejecting the null hypothesis, hence
indicating a reduction in the metrics, are contained within the ROI. This allows conclusions to
be drawn about the decreased MR parameters i.e. T}, T,* and FW in the vicinity of the SN, i.e.
VTA, CP, A8 and the SN itself. Although the approach relies on the assumption of the

p-values differences

Fig 5. Null hypothesis rejection indicator (first column, white = rejected), raw p-values (middle column) and
differences between estimators (last column) for each metric selected for the analysis.

https://doi.org/10.1371/journal.pone.0247552.g005
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Fig 6. Eight biggest clusters for the joint metric. The green outline in 3D visualisation represents the convex hull of
the cluster and the corresponding central slice is shown on the left with a red cross indicating the centre of the mass.

https://doi.org/10.1371/journal.pone.0247552.9006

existence of the pathology, this disadvantage is balanced by the simplicity of the method itself
and the good final contrast. This can be seen in Fig 5, where the H, clusters are located inside
and in the vicinity of the SN. More advanced strategies, i.e. based on machine learning [22] or
employing additional modalities [40], may provide the valid contour, but this comes with the
cost of higher implementation complexity and reduced robustness. On the other hand, a man-
ual approach, which can be accurate, especially with a higher SNR provided by ultra-high-field
MR, is still prone to human error and is extremely time inefficient [19]. The proposed method
uses no spatial priors and initially checks the number of voxels with changed signal intensities.
Therefore, it counteracts the low statistical power and the problem of signal averaging or par-
tial volume effects inside the ROI. Moreover, it does not require a sophisticated approach for
multi comparison correction-this is bypassed by clustering and voxel elimination step-and
hence, a standard p-value threshold can be used, even if it initially results in a large number of
sparse voxels rejecting the null hypothesis.

Although this method may not provide the exact contour of the SN, it indicates the direc-
tion of change for a given metric. It is shown that, although variations in quantitative parame-
ters were small, and hence not detected by global statistics, voxel-wise analysis reveals a cluster
consistent with decreased MR parameters. This cluster coincides with the pathological region
of the SN. In future studies, the size of the cluster could potentially provide a better marker for
monitoring disease progression than the average value of a given quantitative parameter,
which can easily be disturbed by partial volume effects. Clearly, the existence of multiple clus-
ters outside the RO, as seen in Fig 7, might be disturbing, and this is the biggest disadvantage

Table 3. Summary of detected clusters of voxels in the whole brain.

Metric | Number of clusters Number of clusters after Were clusters within SN search region
elimination biggest?

T1 99 42 Yes

T2* 129 51 No

FW 43 18 Yes

Joint 40 17 Yes

https://doi.org/10.1371/journal.pone.0247552.t1003
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Fig 7. H, clusters overlap for the SN region. In the top row, sagittal view (first picture) is presented for orientation,
together with 3D visualisation of SN clusters (middle) and their convex hulls (last picture). In the second and third
row, outlines of SN regions detected by each metric are shown for selected slices.

https://doi.org/10.1371/journal.pone.0247552.9007

of the method. Without a priori knowledge of the pathomorphology of the disease, it is impos-
sible to draw conclusions. In the case of the presented work, the authors could not interpret
the smallest clusters distributed sparsely among the brain. However, two clusters located in the
vicinity of the SN were much bigger, i.e. ~700 voxels vs ~100 voxels, hence giving confidence
in the results.

Relaxation times

The shortening of Ty and T,* times in the SN coincides with most of the findings in the litera-
ture [9, 10, 41] and can be explained based on the pathophysiological substrate underlying the
disease. Dopaminergic neuronal loss in the SN pars compacta causes T, shortening [5], while
iron and Lewy body accumulation results in both lower T,* and T; values [42]. However, there
are some studies that contradict these findings. For example, Reiméo et al. [43], found no sig-
nificant difference in T,* between controls and patients at baseline and after 2-5 years of dis-
ease duration. However, there is evidence that iron accumulation happens years before the
symptomatic manifestation of the disorder and by the time clinical symptoms become appar-
ent, half of the neurons are already dead [43, 44]. Nevertheless, attention is drawn to the small
sample size and manual segmentation as limitations of this study. Similarly, Menke et al. [40]
were not able to find any significant changes in T, values using DESPOT1. Their sample size
consisted of only 10 patients and 10 control subjects. Hence, the low statistical power might
have been a hindrance for detecting the manifested changes.

In the presented work, it is shown that T; decrease extends outside of the area of the SN
and mostly covers the ventral tegmental area, as well as the retrorubral field and cerebral
peduncle. Similarly, Baudrexel et al. [10] have shown T; changes beyond the SN in the

Table 4. Regions of the brain overlapping with H; clusters.

Metric Right hemisphere Left hemisphere
T1 SN post.; CP SN post.
T2* SN ant.; VTA; CP; A8 SN ant.; VTA
FW SN ant.; CP; VTA; A8 SN ant.; VTA
Joint SN; VTA; CP; A8 SN; VTA

https://doi.org/10.1371/journal.pone.0247552.1004
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midbrain regions of PD patients. Interestingly, VTA and the retrorubral field contain dopami-
nergic neurons and have been shown to degenerate in PD [45].

Total free water content

Although numerous studies have explored the behaviour of water diffusion in the SN of PD
patients using DTI, this is, to the best of the authors’ knowledge, the first attempt to investigate
total water content in this region using relaxometry. Many authors have reported decreased
fractional anisotropy in the SN, reflecting neurodegeneration [46, 47]. Recently Ofori et al.
[11], demonstrated a longitudinal increase in free-water using a bi-tensor diffusion model. At
first glance, these data contradict the finding of lower total water content values presented in
this work, however, the difference between the physical phenomena observed with each tech-
nique must be considered. Ofori used two terms in the model equation: Cgsue and Cyaer—
modelling grey matter or a single bundle of white matter and a fractional volume of free water,
respectively. Therefore, Cy . is mainly influenced by the extracellular water molecules, while
the water content quantified in the present work depicts total free water content both in the
extra- and intracellular compartments. Later, Guttuso et al. [48], replicated the results of
Ofori’s study, but with longer disease duration, and showed the increase of fractional free
water only takes place in the anterior part of the SN.

The total free water content measured in the presented study is a sensitive measure of
oedema. At a glance, one might think that increased extracellular fluid should also be reflected
in the increased FW. However, considering the fact that water is the major source of the MR
signal in the tissues, and grey matter has a higher FW content than white matter [49, 50], neu-
ronal cell loss should lead to a reduction in total water. Therefore, it is possible that the
increase in extracellular water might not be enough to compensate for the decrease in total
water content caused by the disruption of the deep grey matter integrity.

Limitations and future work

As previously stated, the assumption of the existence of pathology at a severity sufficient to be
manifested by a change in quantitative parameters is the main requirement of the proposed
method. Furthermore, the contour of the region does not necessarily represent anatomical
boundaries, but rather the area in which pathological changes occur, which could be either big-
ger or smaller than the actual anatomically-defined structure. The small sample size is another
limitation of this study. However, the proposed approach uses the affected voxels to evaluate
the changes and is actually more robust for the low statistical power encountered by having a
relatively small number of subjects. Nonetheless, in the future, it would be desirable to intro-
duce a larger cohort, where the mean values of the quantitative MR parameters are also signifi-
cantly changed, making it possible to cross-validate the presented voxel-wise statistical
approach. Note that, to date, the method has only been tested on a quantitative dataset
acquired with a specialised water mapping protocol, and extra care was taken for proper nor-
malisation and correction against inhomogeneities (as in [18, 29]), therefore, the cohort size is
small and cannot be easily extended by using publicly available PD data. In the future, this
proof-of-concept should be generalised and applied to multiple, large datasets, including dif-
ferent pathological states. In this case, any quantitative metric could be used, with the impor-
tant condition, however, that pathology actually exists. Otherwise, since the initial threshold
for p-values distribution and filtering the segmented H; image (see method section) are rather
permissive, it might lead to the incorrect interpretation of results. Moreover, the combined
metric will not always be beneficial or even possible to compute at all, especially when there is
no (or only one) pathophysiological connection between the parameters. However, in specific
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cases, like the one presented in this work, a combination of weighted parameters highlights the
importance of detected clusters, as presented in Table 3. It would be interesting to compare
the existing segmentation methods directly with the contour given e.g. by a H; binary map
(Fig 5B). Note however, that in many cases, especially when the segmentation is trivial and
changes are apparent, it will be probably easier to segment manually or rely on simple thresh-
olding. On the other hand, even if delineation is easy, statistical analysis might provide only
weak; or no proof for (H;) hypothesis. In such a case, the presented method would be still
advantageous, since the data clustering is taken into account.

Therefore, a longitudinal study including disease progression and analysis of the evolution
of the affected region is the ultimate goal for forthcoming work.

Conclusions

In this study, a new approach is introduced which was able to demonstrate the decrease in all
measured quantitative parameters; T, T,* and FW, in the clusters of voxels reflecting the
shape and the location of the pathological region. This was achieved without the a priori spatial
constraint of a manually segmented mask. The proposed method overcomes the limited spatial
resolution, small number of subjects and poor statistics "per subject” (few voxels of interest). It
is expected that this method will help to provide a better understanding of the underlying
mechanisms of PD via the measurement of quantitative MR parameters. The observed
decrease in relaxation parameters is in agreement with the literature and it is speculated that
the reduced FW is most likely due to neuronal cell death. This insight gives an indication of
changes both in intra and extracellular space and supplements previous findings showing
increased fractional water content in the SN of PD patients.

Finally, the presented approach can be abstracted to a more general method-that of "if-
instead-of-how-much" and, by selecting an appropriate null hypothesis, easily extrapolated to
other pathologies affecting different brain regions, even if completely different metrics are
used as imaging markers.

Author Contributions

Conceptualization: Krzysztof Dzieciol, Elene Iordanishvili, Zaheer Abbas, Adjmal Nahimi.
Data curation: Krzysztof Dzieciol.

Formal analysis: Krzysztof Dzieciol, Elene Iordanishvili, Zaheer Abbas.
Funding acquisition: N. Jon Shah.

Investigation: Krzysztof Dzieciol, Elene Iordanishvili, Zaheer Abbas.
Methodology: Krzysztof Dzieciol, Zaheer Abbas.

Project administration: N. Jon Shah.

Resources: Adjmal Nahimi, Michael Winterdahl, N. Jon Shah.
Software: Krzysztof Dzieciol.

Supervision: Elene Iordanishvili, Michael Winterdahl, N. Jon Shah.
Validation: Krzysztof Dzieciol, Elene Iordanishvili, Adjmal Nahimi.
Visualization: Krzysztof Dzieciol.

Writing - original draft: Krzysztof Dzieciol, Elene Iordanishvili, Zaheer Abbas.

PLOS ONE | https://doi.org/10.1371/journal.pone.0247552  February 24, 2021 13/16


https://doi.org/10.1371/journal.pone.0247552

PLOS ONE

Method for detection of small changes in the vicinity of substantia nigra in Parkinson’s disease patients

Writing - review & editing: Krzysztof Dzieciol, Elene Iordanishvili, Zaheer Abbas, Adjmal

Nahimi, Michael Winterdahl, N. Jon Shah.

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

Burke RE, O’'Malley K. Axon degeneration in Parkinson’s disease. Exp Neurol. 2013; 246: 72—83.
https://doi.org/10.1016/j.expneurol.2012.01.011 PMID: 22285449

Frohlich F. Network neuroscience. Amsterdam; Boston: Academic Press; 2016.

Galvan A, Wichmann T. Pathophysiology of Parkinsonism. Clin Neurophysiol. 2008; 119: 1459-1474.
https://doi.org/10.1016/j.clinph.2008.03.017 PMID: 18467168

Schapira AHV, Byrne E, editors. Neurology and clinical neuroscience. Philadelphia: Mosby Elsevier;
2007.

Dauer W, Przedborski S. Parkinson’s disease: mechanisms and models. Neuron. 2003; 39: 889—909.
https://doi.org/10.1016/s0896-6273(03)00568-3 PMID: 12971891

Vera D, Eunsung J, Maral MM. The Role of Oxidative Stress in Parkinson&apos;s Disease. J Park Dis.
2013; 461-491. hitps://doi.org/10.3233/JPD-130230 PMID: 24252804

Hopes L, Grolez G, Moreau C, Lopes R, Ryckewaert G, Carriére N, et al. Magnetic Resonance Imaging
Features of the Nigrostriatal System: Biomarkers of Parkinson’s Disease Stages? Fleming SM, editor.
PLOS ONE. 2016; 11: e0147947. https://doi.org/10.1371/journal.pone.0147947 PMID: 27035571

Azuma M, Hirai T, Yamada K, Yamashita S, Ando Y, Tateishi M, et al. Lateral Asymmetry and Spatial
Difference of Iron Deposition in the Substantia Nigra of Patients with Parkinson Disease Measured with
Quantitative Susceptibility Mapping. Am J Neuroradiol. 2016; 37: 782—788. https://doi.org/10.3174/ajnr.
A4645 PMID: 26822728

Martin WRW, Wieler M, Gee M. Midbrain iron content in early Parkinson disease: A potential biomarker
of disease status. Neurology. 2008; 70: 1411-1417. https://doi.org/10.1212/01.wnl.0000286384.31050.
b5 PMID: 18172063

Baudrexel S, Nirnberger L, Riib U, Seifried C, Klein JC, Deller T, et al. Quantitative mapping of T1 and
T2* discloses nigral and brainstem pathology in early Parkinson’s disease. Neurolmage. 2010; 51:
512-520. https://doi.org/10.1016/j.neuroimage.2010.03.005 PMID: 20211271

Ofori E, Pasternak O, Planetta PJ, Burciu R, Snyder A, Febo M, et al. Increased free water in the sub-
stantia nigra of Parkinson’s disease: a single-site and multi-site study. Neurobiol Aging. 2015; 36:
1097-1104. https://doi.org/10.1016/j.neurobiolaging.2014.10.029 PMID: 25467638

Burciu RG, Ofori E, Archer DB, Wu SS, Pasternak O, McFarland NR, et al. Progression marker of Par-
kinson’s disease: a 4-year multi-site imaging study. Brain. 2017; 140: 2183-2192. https://doi.org/10.
1093/brain/awx146 PMID: 28899020

Ferrari CC, Pott Godoy MC, Tarelli R, Chertoff M, Depino AM, Pitossi FJ. Progressive neurodegenera-
tion and motor disabilities induced by chronic expression of IL-1f3 in the substantia nigra. Neurobiol Dis.
2006; 24: 183—198. https://doi.org/10.1016/j.nbd.2006.06.013 PMID: 16901708

Sulzer D, Cassidy C, Horga G, Kang UJ, Fahn S, Casella L, et al. Neuromelanin detection by magnetic
resonance imaging (MRI) and its promise as a biomarker for Parkinson’s disease. Npj Park Dis. 2018;
4. https://doi.org/10.1038/s41531-018-0047-3 PMID: 29644335

Ward RJ, Zucca FA, Duyn JH, Crichton RR, Zecca L. The role of iron in brain ageing and neurodegener-
ative disorders. Lancet Neurol. 2014; 13: 1045-1060. https://doi.org/10.1016/S1474-4422(14)70117-6
PMID: 25231526

Zhang W, Phillips K, Wielgus AR, Liu J, Albertini A, Zucca FA, et al. Neuromelanin activates microglia
and induces degeneration of dopaminergic neurons: implications for progression of Parkinson’s dis-
ease. Neurotox Res. 2011; 19: 63—72. https://doi.org/10.1007/s12640-009-9140-z PMID: 19957214

Neeb H, Ermer V, Stocker T, Shah NJJJ. Fast quantitative mapping of absolute water content with full
brain coverage. Neurolmage. 2008; 42: 1094—1109. https://doi.org/10.1016/j.neuroimage.2008.03.060
PMID: 18632287

Abbas Z, Gras V, Méllenhoff K, Keil F, Oros-Peusquens A-M, Shah NJ. Analysis of proton-density bias
corrections based on T1 measurement for robust quantification of water content in the brain at 3 Tesla.
Magn Reson Med Off J Soc Magn Reson Med Soc Magn Reson Med. 2014; 00: 1735-45. https://doi.
org/10.1002/mrm.25086 PMID: 24436248

Keuken MC, Bazin P-L, Crown L, Hootsmans J, Laufer A, Miller-Axt C, et al. Quantifying inter-individual
anatomical variability in the subcortex using 7 T structural MRI. Neurolmage. 2014; 94: 40—46. https:/
doi.org/10.1016/j.neuroimage.2014.03.032 PMID: 24650599

PLOS ONE | https://doi.org/10.1371/journal.pone.0247552  February 24, 2021 14/16


https://doi.org/10.1016/j.expneurol.2012.01.011
http://www.ncbi.nlm.nih.gov/pubmed/22285449
https://doi.org/10.1016/j.clinph.2008.03.017
http://www.ncbi.nlm.nih.gov/pubmed/18467168
https://doi.org/10.1016/s0896-6273%2803%2900568-3
http://www.ncbi.nlm.nih.gov/pubmed/12971891
https://doi.org/10.3233/JPD-130230
http://www.ncbi.nlm.nih.gov/pubmed/24252804
https://doi.org/10.1371/journal.pone.0147947
http://www.ncbi.nlm.nih.gov/pubmed/27035571
https://doi.org/10.3174/ajnr.A4645
https://doi.org/10.3174/ajnr.A4645
http://www.ncbi.nlm.nih.gov/pubmed/26822728
https://doi.org/10.1212/01.wnl.0000286384.31050.b5
https://doi.org/10.1212/01.wnl.0000286384.31050.b5
http://www.ncbi.nlm.nih.gov/pubmed/18172063
https://doi.org/10.1016/j.neuroimage.2010.03.005
http://www.ncbi.nlm.nih.gov/pubmed/20211271
https://doi.org/10.1016/j.neurobiolaging.2014.10.029
http://www.ncbi.nlm.nih.gov/pubmed/25467638
https://doi.org/10.1093/brain/awx146
https://doi.org/10.1093/brain/awx146
http://www.ncbi.nlm.nih.gov/pubmed/28899020
https://doi.org/10.1016/j.nbd.2006.06.013
http://www.ncbi.nlm.nih.gov/pubmed/16901708
https://doi.org/10.1038/s41531-018-0047-3
http://www.ncbi.nlm.nih.gov/pubmed/29644335
https://doi.org/10.1016/S1474-4422%2814%2970117-6
http://www.ncbi.nlm.nih.gov/pubmed/25231526
https://doi.org/10.1007/s12640-009-9140-z
http://www.ncbi.nlm.nih.gov/pubmed/19957214
https://doi.org/10.1016/j.neuroimage.2008.03.060
http://www.ncbi.nlm.nih.gov/pubmed/18632287
https://doi.org/10.1002/mrm.25086
https://doi.org/10.1002/mrm.25086
http://www.ncbi.nlm.nih.gov/pubmed/24436248
https://doi.org/10.1016/j.neuroimage.2014.03.032
https://doi.org/10.1016/j.neuroimage.2014.03.032
http://www.ncbi.nlm.nih.gov/pubmed/24650599
https://doi.org/10.1371/journal.pone.0247552

PLOS ONE

Method for detection of small changes in the vicinity of substantia nigra in Parkinson’s disease patients

20.

21,

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Bolding MS, Reid MA, Avsar KB, Roberts RC, Gamlin PD, Gawne TJ, et al. Magnetic Transfer Contrast
Accurately Localizes Substantia Nigra Confirmed by Histology. Biol Psychiatry. 2013; 73: 289-294.
https://doi.org/10.1016/j.biopsych.2012.07.035 PMID: 22981657

Chen X, Huddleston DE, Langley J, Ahn S, Barnum CJ, Factor SA, et al. Simultaneous imaging of locus
coeruleus and substantia nigra with a quantitative neuromelanin MRI approach. Magn Reson Imaging.
2014; 32: 1301-1306. https://doi.org/10.1016/j.mri.2014.07.003 PMID: 25086330

Visser E, Keuken MC, Forstmann BU, Jenkinson M. Automated segmentation of the substantia nigra,
subthalamic nucleus and red nucleus in 7 T data at young and old age. Neurolmage. 2016; 139: 324—
336. https://doi.org/10.1016/j.neuroimage.2016.06.039 PMID: 27349329

Ali AA, Dale AM, Badea A, Johnson GA. Automated segmentation of neuroanatomical structures in
multispectral MR microscopy of the mouse brain. Neurolmage. 2005; 27: 425—435. https://doi.org/10.
1016/j.neuroimage.2005.04.017 PMID: 15908233

Ashburner J, Friston KJ. Unified segmentation. Neurolmage. 2005; 26: 839851. https://doi.org/10.1016/
j.neuroimage.2005.02.018 PMID: 15955494

Lambert C, Lutti A, Helms G, Frackowiak R, Ashburner J. Multiparametric brainstem segmentation
using a modified multivariate mixture of Gaussians. Neurolmage Clin. 2013; 2: 684—694. https://doi.org/
10.1016/j.nicl.2013.04.017 PMID: 24179820

Milletari F, Ahmadi S-A, Kroll C, Plate A, Rozanski V, Maiostre J, et al. Hough-CNN: Deep learning for
segmentation of deep brain regions in MRI and ultrasound. Comput Vis Image Underst. 2017 [cited 7
Dec 2017]. https://doi.org/10.1016/j.cviu.2016.10.002 PMID: 28603407

Archer DB, Bricker JT, Chu WT, Burciu RG, McCracken JL, Lai S, et al. Development and validation of
the automated imaging differentiation in parkinsonism (AID-P): a multicentre machine learning study.
Lancet Digit Health. 2019; 1: e222—e231. https://doi.org/10.1016/S2589-7500(19)30105-0 PMID:
33323270

Hughes AJ, Daniel SE, Kilford L, Lees AJ. Accuracy of clinical diagnosis of idiopathic Parkinson’s dis-
ease: a clinico-pathological study of 100 cases. J Neurol Neurosurg Psychiatry. 1992; 55: 181-184.
https://doi.org/10.1136/jnnp.55.3.181 PMID: 1564476

Gras V, Abbas Z, Shah NJ. Spoiled FLASH MRI with Slice Selective Excitation: Signal Equation with a
Correction Term. Concepts Magn Reson. 2013; 42: 89—100. https://doi.org/10.1002/cmr.a

Wang J, Qiu M, Yang QX, Smith MB, Constable RT. Measurement and correction of transmitter and
receiver induced nonuniformities in vivo. Magn Reson Med Off J Soc Magn Reson Med Soc Magn
Reson Med. 2005; 53: 408—417. https://doi.org/10.1002/mrm.20354 PMID: 15678526

Cheng H-LM, Wright G a. Rapid high-resolution T(1) mapping by variable flip angles: accurate and pre-
cise measurements in the presence of radiofrequency field inhomogeneity. Magn Reson Med Off J Soc
Magn Reson Med Soc Magn Reson Med. 2006; 55: 566-574. https://doi.org/10.1002/mrm.20791
PMID: 16450365

Parker GJ, Barker GJ, Tofts PS. Accurate multislice gradient echo T(1) measurement in the presence
of non-ideal RF pulse shape and RF field nonuniformity. Magn Reson Med Off J Soc Magn Reson Med
Soc Magn Reson Med. 2001; 45: 838—845.

Jenkinson M, Beckmann CF, Behrens TEJ, Woolrich MW, Smith SM. FSL. Neurolmage. 2012; 62:
782-790. https://doi.org/10.1016/j.neuroimage.2011.09.015 PMID: 21979382

Abbas Z, Gras V, Méllenhoff K, Oros-Peusquens A-M, Shah NJ. Quantitative water content mapping at
clinically relevant field strengths: A comparative study at 1.5T and 3T. Neurolmage. 2015; 106: 404-13.
https://doi.org/10.1016/j.neuroimage.2014.11.017 PMID: 25463455

Vercauteren T, Pennec X, Perchant A, Ayache N. Diffeomorphic demons: Efficient non-parametric
image registration. Neurolmage. 2008; 45. Available: http://hal.archives-ouvertes.fr/inserm-00349600/
https://doi.org/10.1016/j.neuroimage.2008.10.040 PMID: 19041946

Yushkevich PA, Piven J, Hazlett HC, Smith RG, Ho S, Gee JC, et al. User-guided 3D active contour
segmentation of anatomical structures: Significantly improved efficiency and reliability. Neurolmage.
2006; 31: 1116-1128. https://doi.org/10.1016/j.neuroimage.2006.01.015 PMID: 16545965

Shen X, Spann M, Nacken P. SEGMENTATION OF 2D AND 3D IMAGES THROUGH A HIERARCHI-
CAL CLUSTERING BASED ON REGION MODELLING. Pattern Recognit. 1998; 31: 1295-1309.
https://doi.org/10.1016/S0031-3203(97)00159-3

Oriani F, Renard P. Binary upscaling on complex heterogeneities: The role of geometry and connectiv-
ity. Adv Water Resour. 2014; 64: 47-61. https://doi.org/10.1016/j.advwatres.2013.12.003

Naidich TP, Duvernoy HM, Delman BN, Sorensen AG, Kollias SS, Haacke EM. Duvernoy’s Atlas of the
Human Brain Stem and Cerebellum. Vienna: Springer Vienna; 2009. https://doi.org/10.1007/978-3-
211-73971-6

PLOS ONE | https://doi.org/10.1371/journal.pone.0247552  February 24, 2021 15/16


https://doi.org/10.1016/j.biopsych.2012.07.035
http://www.ncbi.nlm.nih.gov/pubmed/22981657
https://doi.org/10.1016/j.mri.2014.07.003
http://www.ncbi.nlm.nih.gov/pubmed/25086330
https://doi.org/10.1016/j.neuroimage.2016.06.039
http://www.ncbi.nlm.nih.gov/pubmed/27349329
https://doi.org/10.1016/j.neuroimage.2005.04.017
https://doi.org/10.1016/j.neuroimage.2005.04.017
http://www.ncbi.nlm.nih.gov/pubmed/15908233
https://doi.org/10.1016/j.neuroimage.2005.02.018
https://doi.org/10.1016/j.neuroimage.2005.02.018
http://www.ncbi.nlm.nih.gov/pubmed/15955494
https://doi.org/10.1016/j.nicl.2013.04.017
https://doi.org/10.1016/j.nicl.2013.04.017
http://www.ncbi.nlm.nih.gov/pubmed/24179820
https://doi.org/10.1016/j.cviu.2016.10.002
http://www.ncbi.nlm.nih.gov/pubmed/28603407
https://doi.org/10.1016/S2589-7500%2819%2930105-0
http://www.ncbi.nlm.nih.gov/pubmed/33323270
https://doi.org/10.1136/jnnp.55.3.181
http://www.ncbi.nlm.nih.gov/pubmed/1564476
https://doi.org/10.1002/cmr.a
https://doi.org/10.1002/mrm.20354
http://www.ncbi.nlm.nih.gov/pubmed/15678526
https://doi.org/10.1002/mrm.20791
http://www.ncbi.nlm.nih.gov/pubmed/16450365
https://doi.org/10.1016/j.neuroimage.2011.09.015
http://www.ncbi.nlm.nih.gov/pubmed/21979382
https://doi.org/10.1016/j.neuroimage.2014.11.017
http://www.ncbi.nlm.nih.gov/pubmed/25463455
http://hal.archives-ouvertes.fr/inserm-00349600/
https://doi.org/10.1016/j.neuroimage.2008.10.040
http://www.ncbi.nlm.nih.gov/pubmed/19041946
https://doi.org/10.1016/j.neuroimage.2006.01.015
http://www.ncbi.nlm.nih.gov/pubmed/16545965
https://doi.org/10.1016/S0031-3203%2897%2900159-3
https://doi.org/10.1016/j.advwatres.2013.12.003
https://doi.org/10.1007/978-3-211-73971-6
https://doi.org/10.1007/978-3-211-73971-6
https://doi.org/10.1371/journal.pone.0247552

PLOS ONE

Method for detection of small changes in the vicinity of substantia nigra in Parkinson’s disease patients

40.

41.
42.

43.

44,

45.

46.

47.

48.

49.

50.

Menke RA, Jbabdi S, Miller KL, Matthews PM, Zarei M. Connectivity-based segmentation of the sub-
stantia nigra in human and its implications in Parkinson’s disease. Neurolmage. 2010; 52: 1175—-1180.
https://doi.org/10.1016/j.neuroimage.2010.05.086 PMID: 20677376

Tofts P. Q uantitative MRI of the Brain. Tofts P, editor. London: John Wiley & Sons; 2003.

Castellani RJ, Siedlak SL, Perry G, Smith MA. Sequestration of iron by Lewy bodies in Parkinson’s dis-
ease. Acta Neuropathol (Berl). 2000; 100: 111-114. https://doi.org/10.1007/s004010050001 PMID:
10963356

Reiméo S, Ferreira S, Nunes RG, Pita Lobo P, Neutel D, Abreu D, et al. Magnetic resonance correlation
of iron content with neuromelanin in the substantia nigra of early-stage Parkinson’s disease. Eur J Neu-
rol. 2016; 23: 368—374. https://doi.org/10.1111/ene.12838 PMID: 26518135

Berg D, Siefker C, Becker G. Echogenicity of the substantia nigra in Parkinson’s disease and its relation
to clinical findings. J Neurol. 2001; 248: 684—689. https://doi.org/10.1007/s004150170114 PMID:
11569897

Hirsch E, Graybiel AM, Agid YA. Melanized dopaminergic neurons are differentially susceptible to
degeneration in Parkinson’s disease. Nature. 1988; 334: 345-348. https://doi.org/10.1038/334345a0
PMID: 2899295

Schwarz ST, Abaei M, Gontu V, Morgan PS, Bajaj N, Auer DP. Diffusion tensor imaging of nigral degen-
eration in Parkinson’s disease: A region-of-interest and voxel-based study at 3T and systematic review
with meta-analysis. Neurolmage Clin. 2013; 3: 481-488. https://doi.org/10.1016/j.nicl.2013.10.006
PMID: 24273730

Vaillancourt DE, Spraker MB, Prodoehl J, Abraham |, Corcos DM, Zhou XJ, et al. High-resolution diffu-
sion tensor imaging in the substantia nigra of de novo Parkinson disease. Neurology. 2009; 72: 1378—
1384. https://doi.org/10.1212/01.wnl.0000340982.01727.6e PMID: 19129507

Guttuso T, Bergsland N, Hagemeier J, Lichter DG, Pasternak O, Zivadinov R. Substantia Nigra Free
Water Increases Longitudinally in Parkinson Disease. Am J Neuroradiol. 2018 [cited 13 Mar 2018].
https://doi.org/10.3174/ajnr.A5545 PMID: 29419398

Deoni SCL, Meyers SM, Kolind SH. Modern methods for accurate T1, T2, and proton density MRI. In:
Filippi M, editor. Oxford Textbook of Neuroimaging. Oxford University Press; 2015. pp. 13-26. https:/
doi.org/10.1093/med/9780199664092.003.0002

Neeb H, Dierkes T, Shah NJ. Quantitative T1 mapping and absolute water content measurement using
MRI. Int Congr Ser. 2004; 1265: 113—123. https://doi.org/10.1016/j.ics.2004.02.168

PLOS ONE | https://doi.org/10.1371/journal.pone.0247552  February 24, 2021 16/16


https://doi.org/10.1016/j.neuroimage.2010.05.086
http://www.ncbi.nlm.nih.gov/pubmed/20677376
https://doi.org/10.1007/s004010050001
http://www.ncbi.nlm.nih.gov/pubmed/10963356
https://doi.org/10.1111/ene.12838
http://www.ncbi.nlm.nih.gov/pubmed/26518135
https://doi.org/10.1007/s004150170114
http://www.ncbi.nlm.nih.gov/pubmed/11569897
https://doi.org/10.1038/334345a0
http://www.ncbi.nlm.nih.gov/pubmed/2899295
https://doi.org/10.1016/j.nicl.2013.10.006
http://www.ncbi.nlm.nih.gov/pubmed/24273730
https://doi.org/10.1212/01.wnl.0000340982.01727.6e
http://www.ncbi.nlm.nih.gov/pubmed/19129507
https://doi.org/10.3174/ajnr.A5545
http://www.ncbi.nlm.nih.gov/pubmed/29419398
https://doi.org/10.1093/med/9780199664092.003.0002
https://doi.org/10.1093/med/9780199664092.003.0002
https://doi.org/10.1016/j.ics.2004.02.168
https://doi.org/10.1371/journal.pone.0247552

