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ARTICLE INFO ABSTRACT
Keywords: Background: Parkinson’s disease (PD) demonstrates neurodegenerative changes in the substantia nigra pars
Artificial Intelligence compacta (SNc) using neuromelanin-sensitive (NM)-MRI. As SNc¢ manual segmentation is prone to substantial

Deep Learning
Convolutional Neural Networks
MRI

inter-individual variability across raters, development of a robust automatic segmentation framework is neces-
sary to facilitate nigral neuromelanin quantification. Artificial intelligence (AI) is gaining traction in the neu-
Neuromelanin roimaging community for automated brain region segmentation tasks using MRI.

Parkinson’s Disease Objective: Developing and validating Al-based NigraNet, a fully automatic SNc segmentation framework allowing
Substantia Nigra nigral neuromelanin quantification in patients with PD using NM-MRI.

Methods: We prospectively included 199 participants comprising 144 early-stage idiopathic PD patients (disease
duration = 1.5 + 1.0 years) and 55 healthy volunteers (HV) scanned using a 3 Tesla MRI including whole brain
T1-weighted anatomical imaging and NM-MRI. The regions of interest (ROI) were delineated in all participants
automatically using NigraNet, a modified U-net, and compared to manual segmentations performed by two
experienced raters. The SNc volumes (Vol), volumes corrected by total intracranial volume (Cyo)), normalized
signal intensity (NSI) and contrast-to-noise ratio (CNR) were computed. One-way GLM-ANCOVA was performed
while adjusting for age and sex as covariates. Diagnostic performance measurement was assessed using the
receiver operating characteristic (ROC) analysis. Inter and intra-observer variability were estimated using Dice
similarity coefficient (DSC). The agreements between methods were tested using intraclass correlation coefficient
(ICC) based on a mean-rating, two-way, mixed-effects model estimates for absolute agreement. Cronbach’s alpha
and Bland-Altman plots were estimated to assess inter-method consistency.

Results: Using both methods, Vol, Cy,j, NSI and CNR measurements differed between PD and HV with an effect of
sex for Cyo) and CNR. ICC values between the methods demonstrated optimal agreement for Cy,; and CNR (ICC >
0.9) and high reproducibility (DSC: 0.80) was also obtained. The SNc¢ measurements also showed good to
excellent consistency values (Cronbach’s alpha > 0.87). Bland-Altman plots of agreement demonstrated no

Abbreviations: Al, Artificial Intelligence; ANCOVA, analysis of covariance; AUC, area under the receiver operating characteristic curve; CNR, contrast-to-noise
ratio; ConvNet, convolutional neural network; C,,, total intracranial volume; DA, dopaminergic, DaT, dopamine transporter; DaTScan™, dopamine transporter
single photon emission tomography; HV, healthy volunteers; MDS UPDRS, Movement Disorder Society Unified Parkinson’s Disease Rating Scale; MoCA, Montréal
cognitive assessment score; MP2RAGE, three-dimensional magnetisation-prepared two rapid gradient echo; MRI, magnetic resonance imaging; ROI, regions of in-
terest; SD, standard deviations; SN, substantia nigra; SNc, substantia nigra pars compacta; NSI, normalized signal intensity; SD, standard deviation; TSE, turbo spin
echo.
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association of SNc ROI measurement differences between the methods and ROI average measurements while
confirming that 95 % of the data points were ranging between the limits of mean difference (d + 1.96xSD).
Percentage changes between PD and HV were —27.4 % and —17.7 % for Vol, —30.0 % and -22.2 % for Cy,,
—15.8 % and —14.4 % for NSI, —17.1 % and —16.0 % for CNR for automatic and manual measurements
respectively. Using automatic method, in the entire dataset, we obtained the areas under the ROC curve (AUC) of
0.83 for Vol, 0.85 for Cy,j, 0.79 for NSI and 0.77 for CNR whereas in the training dataset of 0.96 for Vol, 0.95 for
Cyol, 0.85 for NSI and 0.85 for CNR. Disease duration correlated negatively with NSI of the patients for both the
automatic and manual measurements.

Conclusions: We presented an Al-based NigraNet framework that utilizes a small MRI training dataset to fully
automatize the SNc segmentation procedure with an increased precision and more reproducible results.
Considering the consistency, accuracy and speed of our approach, this study could be a crucial step towards the
implementation of a time-saving non-rater dependent fully automatic method for studying neuromelanin

changes in clinical settings and large-scale neuroimaging studies.

1. Introduction

Parkinson disease (PD) is the second-most common neurodegenera-
tive disorder, impacting 2-3 % of the population above 65 years of age.
It is characterized by the progressive loss of dopaminergic neurons in the
substantia nigra pars compacta (SNc¢) which leads to striatal dopamine
depletion (Poewe et al., 2017). The motor symptoms start to show up
when the dopaminergic (DA) neuronal loss reaches a threshold of 30 %
to 60 % (Cheng et al., 2010; Fearnley and Lees, 1991; Greffard et al.,
2006; Hornykiewicz, 1998; Kish et al., 1988). The development of early
biomarkers reflecting the degenerative process associated with the DA
neuron loss could facilitate the investigation of lesion progression,
relationship with clinical symptoms or screening and evaluating future
disease-modifying drug candidates.

The DA neurons in the SNc contain a neuromelanin pigment that
acquires paramagnetic properties when associated with metals (Zecca
and Swartz, 1993). Neuromelanin-sensitive T1-weighted images ac-
quired using different strategies are sensitive to the high paramagnetic
and low magnetization transfer properties of neuromelanin (Priovoulos
etal., 2018; Sulzer et al., 2018). These images show the SNc as an area of
high signal intensity associated with the neuromelanin-iron compound.
Previously, neuromelanin-sensitive MRI technique was validated histo-
logically as a marker of neuromelanin (Blazejewska et al., 2013; Cassidy
et al., 2019; Kitao et al., 2013; Lee et al., 2018, 2016; Sasaki et al., 2006)
although more direct correlation studies between the DA neuron counts
and neuromelanin signal are needed (Kitao et al., 2013). However,
compared to other markers such as free water or [123I] FP-CIT (Andica
et al., 2019; Burciu et al., 2017), neuromelanin may be considered as a
more direct marker of DA neuron content in PD (Sulzer et al., 2018;
Zecca et al., 2002).

Several studies have shown the usefulness of neuromelanin-sensitive
MRI to characterize PD patients from healthy volunteers (HV) using
manual or semi-automatic segmentation of SNc for computing volume
and signal intensity of the SNc (Matsuura et al., 2013; Ogisu et al., 2013;
Ohtsuka et al., 2013; Prasad et al., 2018a). Many concordant studies
have reported reduced size and signal intensity of the SNc in PD patients
using neuromelanin-sensitive imaging with a high diagnostic accuracy
(Castellanos et al., 2015; Sasaki et al., 2006; Schwarz et al., 2011).
However, relying on manual segmentation is a time-consuming task in
large cohorts and semi-automatic methods require defining a threshold
that may differ between studies. This can be challenging and prone to
substantial inter-individual variability across raters and also across
studies.

Currently, deep learning (DL) is used in a wide array of image pro-
cessing tasks from image segmentation to extraction of various kinds of
biomarkers, such as signal intensity and volume of brain structures or
lesions (Burgos and Colliot, 2020; Goodfellow et al., 2016; Lecun et al.,
2015). Furthermore, in DL, convolutional neural networks (ConvNet)
use a simple artificial neural network architecture that has been suc-
cessfully applied to image segmentation, recognition and detection of
region of interest (ROI)s in medical images (Cun et al., 1998; Krizhevsky

et al., 2012).

With respect to manual methods, ConvNet approaches can improve
consistency, be less prone to errors and save a lot of time. While a few
studies have shown the usefulness of ConvNet-based automatic SNc ROI
segmentation approaches, they were tested on rather small datasets of
PD patients by training the model using data augmentation techniques
(Krupicka et al., 2019; Le Berre et al.,, 2019; Shinde et al., 2019).
Therefore, there is a need for a robust automatic SNc segmentation
framework tested on a larger dataset of PD patients, involving fewer
training data and no data augmentation that can still yield diagnostic
performance similar to established ground truth, manual SNc segmen-
tation performed by experts.

In this study, we propose a framework, NigraNet, that facilitates fully
automatic SNc segmentation by employing a ConvNet-based architec-
ture based on a modified U-net (Ronneberger et al., 2015). We aimed to
investigate the neuromelanin changes in early-stage idiopathic PD pa-
tients as compared to HV, as a biomarker of SNc neurodegeneration.
Thereafter, we also compared the automatic segmentation measure-
ments to the manual measurements for the validation of our proposed
framework.

2. Material and methods
2.1. Participants

In this cross-sectional, prospective, observational, case-control
study, patients with early-stage idiopathic PD and HV were recruited
from May 2015 to March 2020 in the ICEBERG study (ClinicalTrials.gov
Identifier: NCT02305147) at the Paris Brain Institute (ICM). The PD
patients were included based on the UK Brain Bank Criteria made by a
movement disorder specialist (Hughes et al., 1992). They were aged
between 18 and 75 years with no/minimal cognitive disturbances (Mini-
Mental State Examination > 24) and a disease duration of less than 4
years. The HV did not have any current or prior history of psychiatric or
neurological disorders. The local ethics committee approved this study
and all participants provided written informed consent (IRB of Paris VI,
RCB 2014-A00725-42).

2.2. Clinical examination

For all participants, Movement Disorders Society Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS) Part I for non-motor aspects of ex-
periences of daily living; Part II for motor aspects of experiences of daily
living and Part III for motor examination were measured, whereas Part
IV for motor complications was obtained only for patients (Goetz et al.,
2012). For computing the mean disease duration in years, we used the
date of diagnosis as the starting point. Levodopa equivalent daily dose
(LEDD, in mg) of patients was also collected.


https://clinicaltrials.gov/ct2/show/NCT02305147

R. Gaurav et al.
2.3. MRI data acquisition

The participants were scanned using a 3 Tesla PRISMA scanner
(Siemens, Erlangen, Germany) and a 64-channel receive-only head coil.
The MRI protocol included whole brain three-dimensional T1-weighted
(T1-w) imaging and axial turbo spin echo two-dimensional (2D) T1-w
neuromelanin-sensitive imaging with a field of view restricted to the
midbrain. Neuromelanin-sensitive images were carefully positioned in
the axial plane perpendicular to the long axis of the brainstem and
covering the locus coeruleus and the SNc. Whole brain T1-w images
were acquired using a sagittal Magnetization Prepared 2 RApid Gradient
Echo (MP2RAGE) with a 1-mm isovoxel size(Marques et al., 2009) and
neuromelanin-sensitive images were acquired with the following pa-
rameters: with TR/TE/flip angle: 890 ms/13 ms/180°, 3 averages, voxel
size: 0.4 x 0.4 x 3 rnrna, acquisition time (TA): 6:55 min.

2.4. Image analysis

Image analysis was performed in MATLAB (MathWorks Inc, MA,
USA, vR2017b) using FSL (FMRIB, UK, v5.0) and Statistical Parametric
Mapping (SPM, UK, v12). Image preprocessing and postprocessing were
performed using MRtrix3 (UK, v3.0). The manual SNc and background
ROIs were delineated using the FreeSurfer image viewer (MGH, USA,
v5.3.0).

2.5. Proposed segmentation framework

The image processing pipeline for the proposed NigraNet framework
comprised three major steps: (1) manual segmentation for training the
network, (2) probability maps prediction using the model, and (3)
postprocessing for yielding the final ROI to be used in further SNc
measurements.

(i) Manual Tracing Procedure: Manual delineation of SNc contours
of all the participants were performed on the neuromelanin-
sensitive images by two independent trained raters (S.L. and R.
G.) as the border of hyperintense area dorsal to the cerebral
peduncle and ventral to the red nucleus on three slices where SNc
was visible as described previously (Gaurav et al., 2021; Pyati-
gorskaya et al., 2017). Both raters were blind to the participant’s
clinical status. Moreover, in order to obtain the signal intensity
ratio with the SNc ROI, a background ROI was also manually
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traced comprising the tegmentum and superior cerebral pedun-
cles as shown in Fig. 1 (Gaurav et al., 2021).

(ii) Automatic Segmentation Procedure: An image-processing pipe-
line was developed for automatic segmentation by implementing
the DL model in Python 3.6.0 using Scikit-learn (v0.21.0) and
Keras library (v2.2.4) with the TensorFlow framework (v1.14) at
the backend. The DL model was trained on NVIDIA-quadro P6000
(v418.67) with CUDA 10.1 and 24 GB GPU memory.

(a) Data preprocessing: All the training images were resliced to a
dimension of 240 x 240 x 48. The manually segmented SNc ROIs
as input features were thresholded, binarized and normalized
before feeding into our training network.

(b) NigraNet architecture details: A complete schematic of the
network architecture of NigraNet has been illustrated in Fig. 1.

The network consisted of an encoder in the form of contracting path
and a decoder in the form of expansive path without employing any fully
connected layer. The encoder part included 3 dilated three-dimensional
convolution layers, each of them followed by a rectified linear unit
(ReLU) activations using 3 x 3 x 3 kernel size (Nwankpa et al., 2018).
We took advantage of the dilated convolutions as they help in main-
taining the input resolution while attaining a larger receptive field. As a
strategy to downsample the image, a three-dimensional max-pooling
operation of 2 x 2 x 2 was applied to extract the maximum value. In the
decoder part, the feature maps were upsampled using a learnable three-
dimensional convolution transpose layer. These upsampled feature
maps were concatenated with the correspondingly cropped feature map
of the encoder. We employed cropping so that we do not lose the border
pixels in every convolution. Thereafter, another three-dimensional
convolutional layer was applied to the concatenated features that
were again upsampled using a three-dimensional convolution transpose
layer which were further concatenated with the correspondingly crop-
ped feature map obtained from the first convolutional layer of the
encoder. A final convolutional layer was then applied to the concate-
nated features using a sigmoid activation function, as this helps in pre-
dicting the probability of the SNc ROI by yielding a mask with the same
dimensions and resolution as the input image.

(c) Experimentations

Evaluation metrics: Dice Similarity Coefficient (DSC) was computed
as described in a previous study.(Sudre et al., 2017) To understand the
loss function during the training process, Dice loss was calculated as 1-

Decoder
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Fig. 1. NigraNet model architecture.
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DSC.

Training: The model was trained using entire neuromelanin image
without employing any bounding box around the targeted regions. The
network was trained using the stochastic gradient-based optimizer
Adam to optimize the weights associated with the connections between
neurons (Kingma and Ba, 2015). We arbitrarily experimented with
various hyperparameters such as epochs of 50, 100, 200, 400 and 1000;
batch size from 1 to 24; validation split from 0.1 to 0.5 and shuffle of
true and false before fixing the epochs to 110, shuffle to true, validation
split to 0.1 along with a mini-batch size of 1. Although we experimented
with data augmentation techniques by using random elastic deformation
using the TorchlO library(Pérez-Garcia et al., 2020) on the images, it did
not alter our main results. Hence, from our pool of 199 manually
segmented SNc ROIs of PD patients and HV, a random dataset of 60
images were randomly split using the shuffle function into 54 principal
training images and 6 external validation images.

(d) Data prediction: We ran the model to predict the SNc probability
mask on the remaining 139 participants which were not used for
training or validation.

(e) Data postprocessing: With an aim to obtain the best segmentation
performance, we binarized the predicted SNc masks by thresh-
olding with a probability of 0.5 so that we do not have over
estimation of SNc. Then we employed the maskfilter function of
the MRtrix3 package(Tournier et al., 2019) in order to retain the
largest connected component in the left and right SNc, yielding
the final automatic ROI used in further analyses.

2.6. Quantitative analysis

The quantitative measurements were calculated on both manual and
automatic SNc ROIs using our in-house algorithm written in MATLAB.
(Gaurav et al., 2021) SNc volume (Vol) was obtained as the number of
voxels in the neuromelanin-based ROI in the image slices multiplied by
the voxel size. The total intracranial volume (TIV) was estimated as the
summation of white matter, grey matter and cerebrospinal fluid volumes
derived from SPM12. Thereafter, we calculated the corrected SNc¢ vol-
ume (Cyo)) by dividing Vol by the TIV in order to normalize for indi-
vidual variations in head sizes. normalized signal intensity (NSI) and
contrast-to-noise ratio (CNR) were calculated by dividing the mean
signal in the SNc by the background ROI signal. In order to correct for
slice-to-slice intensity variations in the 2D TSE acquisition, and for
putting the SNc signal measurements on a scale that is comparable
across participants and over time, we computed normalized signal in-
tensity (NSI) and contrast-to-noise ratio (CNR) for each slice normal-
izing the mean signal in SNc relative to the background signal using the
following formulas (Chougar et al., 2022; Gaurav et al., 2021).

NSI = Mean_over_slices{ (Siggy./Siggnp ) 100 }

CNR = Mean_over_slices{ (Siggy. — Siggnp)/STDsnp }

where Sigsnc is the signal intensity in SN, ROI, Sigpnp the signal
intensity in background ROI and STDgyp the standard deviation in
background ROL.

2.7. Statistical analyses

Statistical analyses were performed using R (R Core Team 2019,
v3.6.1) and MATLAB. We performed the between-group comparisons of
demographic and clinical variables using the parametric Student’s t-test
whereas the inter-group differences in sex distribution were assessed
using the Chi-square test.

Parametric tests were performed as the imaging data were normally
distributed according to the Shapiro-Wilk normality test. For both
automatic and manual methods, we tested the between-group difference
in Vol, Cy,}, NSI and CNR using a one-way general linear model (GLM) —
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analysis of covariance (ANCOVA) by considering the group (PD and HV)
as the between-group factor with both age and sex as covariates.

Diagnostic performance to classify individuals as PD or HV based on
SNc neuromelanin measures was assessed using receiver operating
characteristic (ROC) analysis. Inter and intra-observer variability be-
tween SNc ROI segmentations were estimated using DSC. The agree-
ments between SNc measurements derived from both segmentation
methods were tested using Intraclass Correlation Coefficient (ICC) based
on a mean-rating two-way mixed-effects model estimates for absolute
agreement. In addition, Cronbach’s alpha and Bland-Altman plots were
estimated for inter-method consistency.

Thereafter, we obtained correlations based on Pearson’s correlation
coefficients of SNc measurements using both automatic and manual
methods with clinical variables and age. An approximate multivariate
permutation test was conducted while adjusting for multiple compari-
sons (Nichols and Holmes, 2002). Differences were considered signifi-
cant at p < 0.05 and trends were considered between 0.05 and 0.09.

3. Results
3.1. Clinical characteristics
Altogether, we analyzed 199 participants comprising 144 patients

with early-stage idiopathic PD and 55 HV. There was no significant
difference in age between PD and HV, and also, no significant difference

Table 1
Demographic, clinical characteristics and Substantia Nigra Pars Compacta (SNc¢)
measurements.

Healthy Volunteers Patients with Parkinson’s
(HV) Disease (PD)
Demographics
Number of participants 55 144
Age (years) 61.0 + 9.0 61.8 +£9.3
Male/Female 27/28 89/55
Clinical characteristics
Disease Duration (years) NA 1.5+ 1.0
MMSE score (0-30) 29.5 + 0.8 20.0£1.2"
MDS UPDRS I (0-52) 5.0 £ 3.5 93+397
MDS UPDRS II (0-52) 1.2+ 1.8 81+37"
MDS UPDRS III ON (0-132) NA 26.2+7.3
MDS UPDRS III OFF 5.6 +5.3 296 £7.9"
(0-132)
MDS UPDRS IV (0-24) 0.0 £ 0.0 0.1 +0.7
Hoehn and Yahr score (0-5) 0.1 + 0.5 2.0+03"

Measurements using automatic SN¢c ROI

Volume (mm?®) 297.7 + 54.8 216.0 £ 54.7 "

Corrected Volume (Cyop) 0.20 £+ 0.04 0.14 + 0.04 ™

Normalized signal intensity 110.1 £ 1.5 1085+17 "
(NSI)

Contrast-to-Noise Ratio 1.58 + 0.27 1.31+£0.31"
(CNR)

Measurements using manual SNc ROI

Volume (mm?®) 262.4 + 41.2 216.0 £ 55.2 7"

Corrected Volume (Cyop) 0.18 + 0.03 0.14 + 0.04 ™"

Normalized signal intensity 111.1 +£1.5 109.5+1.6
(NSI)

Contrast-to-Noise Ratio 1.75 + 0.27 1.47 £0.34 "
(CNR)

Other MRI measurements

Total Intracranial Volume 1465.5 + 141.7 1519.8 £ 151.1 "

(TIV, cm®)

Demographical and clinical characteristics were compared using t-tests. Sex was
compared using Chi-2.

SNc measurements were compared using GLM-ANCOVA while adjusting for age
and sex as covariates (p value < 0.001).

*indicates significant difference between HV and PD with p value < 0.01 and *~
for p value < 0.001. Abbreviations: HV: Healthy Volunteers, PD: Parkinson’s
Disease, MDS-UPDRS: Movement Disorders Society - Unified Parkinson’s Dis-
ease Rating scale; MMSE: Mini-Mental State Examination, HY: Hoehn and Yahr
scale. Data represented as mean + standard deviation.
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in sex proportion (y* = 2.65, p = 0.10) Table 1.

3.2. Imaging results (Table 1)

The automatic segmentation prediction took less than a second for a
single participant on a modern GPU (Fig. 1).

Quantitative analysis: For both automatic and manual methods, we
found a highly significant difference in all SNc measurements of Vol,
Cyol, NSI and CNR between PD and HV (p < 0.001 for GLM-ANCOVA and
post-hoc t-tests, Fig. 2).

For automatic and manual methods, respectively, we observed a
percentage difference of —27.4 % and —17.7 % for SNc Vol, —30.0 %
and -22.2 % for Cy,), —15.8 % and —14.4 % for NSI, —17.1 % and —16.0
% for CNR in PD compared with HV (Table 1).

ROC analyses: To discriminate PD patients from HV in the training
dataset (n = 60), the ROC analyses provided areas under the curve
(AUC) of 0.96 and 0.85 for Vol, 0.95 and 0.88 for Cy,j, 0.85 and 0.85 for
NSI and 0.85 and 0.85 for CNR for automatic and manual methods
respectively (Fig. 3). Overall, in the entire dataset comprising both
training and testing data (n = 199), AUC was 0.83 and 0.74 for Vol, 0.85
and 0.76 for Cy.], 0.79 and 0.78 for NSI and 0.77 and 0.76 for CNR for
automatic and manual method respectively.

Effect of sex: Overall, there was a highly significant effect of sex for
both Cy and CNR measurements using both the automatic and manual
methods (p < 0.001 for GLM-ANCOVA). Further separate post-hoc
analysis demonstrated that both groups had significantly larger Cy,; in
females than in males (p < 0.001 for t-test). In addition, the female
patients also showed significantly larger CNR than the male patients
using both the methods (p < 0.001 for t-test).

3.3. Variability of measurements

There was high agreement between the automatic and manual seg-
mentations (DSC: 0.80) and between the measurements performed by
the two manual raters (DSC inter-observer: 0.82, DSC intra-observer:
0.85). ICC values between the methods demonstrated a strong
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agreement for all the SNc measurements (all the ICC values > 0.8) with
optimal agreement for C,,) and CNR (ICC > 0.9) (Table 2).

3.4. Reliability

Overall, SNc ROI comparisons using volumes and signal intensities
from both methods demonstrated absolute agreement ranging from
good to excellent (ICC > 0.83). The consistency estimates for SNc
measurements also showed good to excellent consistency values
(Cronbach’s alpha > 0.87).

Furthermore, visual inspection of Bland-Altman plots of agreement
of SNc ROI measurements obtained from automatic and manual seg-
mentations demonstrated no association of SNc ROI measurement dif-
ferences between the methods and ROI average measurements while
confirming that 95 % of the data points were ranging between the limits
of mean difference (d + 1.96xSD). (Fig. 4).

3.5. Correlations between imaging and clinical status

The correlations between imaging and clinical status are shown in
the Table 3. Age in PD correlated negatively with Vol and positively with
NSI using manual measurements but not using automatic measure-
ments. Age in HV correlated negatively with Vol and tended to correlate
negatively with C,, using manual but not using automatic
measurements.

The disease duration correlated negatively with NSI of the patients
for both the automatic and manual measurements.

MDS UPDRS III score in OFF mode tended to correlate negatively
with Vol and correlated negatively with Cy, in PD, and negatively with
Vol and tended to correlate negatively with Cy,] using automatic mea-
surements in HV. No such correlations were found using manual mea-
surements. MDS UPDRS III score in ON mode showed negative trend
with Vol using automatic measurements and negative trends for both
Vol and Cy,) using manual measurements.

LEDD correlated negatively with NSI and CNR using the automatic
measurements but not using the manual measurements.
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Box plot of corrected SNc volume (C,,) between the HV and PD using both automatic and manual segmentation
methods with groups being highly significant from each other (ANOVA p value <0.001).

Fig. 2. Box plot of Cy, between HV and PD obtained using automatic and manual segmentation.
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ROC curve based on corrected SNc volume (C,,)) between PD patient and HV, showing higher area under ROC value for automatic (in

red) than manual (in green) segmentation method.

Fig. 3. Diagnostic performance to discriminate PD from the HV using AUC of Cy, using automatic method (in red) and manual method (in green). (For interpretation
of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
Intraclass correlation coefficients (Average raters absolute) and Cronbach co-
efficients between automatic and manual measurements.

Number of Judges = 3

ICC F df1 df2 p lower  upper
Vol 0.87 7.6 199 400 1.4e-65 0.84 0.89
Cvot  0.90 9.6 199 400 5.7e-80  0.87 0.91
NSI 0.83 5.7 199 400 1.2e-49 0.79 0.86
CNR  0.92 13 199 400 1.4e- 0.91 0.94

101
Number of Judges = 2

Vol 0.75 3.9 199 200 5.3e-21 0.68 0.80
Cyol 0.80 5.0 199 200 1.9e-27 0.75 0.84
NSI 0.84 6.2 199 200 2.4e-34  0.80 0.87
CNR 0.89 9.1 199 200 8.6e-47 0.86 0.91
Cronbach coefficients

Alpha Alpha

3) )
Vol 0.87 0.75
Cyol 0.90 0.81
NSI 0.95 0.95
CNR 0.94 0.92

4. Discussion

This study demonstrated a DL-based robust, fast, fully automatic
segmentation model of the SNc using neuromelanin-sensitive MRI. The
diagnostic performance of the neuromelanin-based volume and signal
intensity using the NigraNet automatic method showed comparable
results with the manual method while demonstrating superior perfor-
mance in Cy, measurements. These measurements were correlated
clinically with disease duration for NSI, and LEDD for both NSI and CNR.

The NigraNet framework comprised a simple network architecture
employing dilated convolutional layers that was tested on a large
database of early-stage idiopathic PD patients rather than advanced-
stage PD patients as in the previous studies (Le Berre et al., 2019;
Shinde et al., 2019). It demonstrated reliable predictions despite
training on a small number of neuromelanin-sensitive images. Taken
together, our results endorsed earlier findings and demonstrated the

potential of automated neuromelanin-based SNc segmentation as a
powerful imaging biomarker of PD diagnosis.

4.1. Neuromelanin physiology and histological correlates

Neuromelanin is a dark pigment produced in the cytosol of cate-
cholaminergic neurons by oxidation of excess dopamine in quinones and
is subsequently stored in neuromelanin autophagic lysosome organelles
where it is bound to metals such as copper, zinc and iron (Zucca et al.,
2018). In PD, the synthesis of neuromelanin may be neuroprotective by
removing an excess of dopamine (Zucca et al., 2014). However, beyond
a certain threshold, intracellular neuromelanin accumulation may
compromise neuronal function and triggers a PD-like pathology as
suggested experimentally in rodents producing a tyrosinase-induced
neuromelanin-like pigment in the SN (Carballo-Carbajal et al., 2019),
although this needs to be confirmed in patients.

The neuromelanin-iron complex can also be found in the extracel-
lular compartment after neuronal death (Beach et al., 2007). The
extracellular neuromelanin-iron complex may then participate to the
neurotoxicity by neuroinflammation processes and activated microglia
(Zhang et al., 2011).

The neuromelanin-iron complex is paramagnetic (Zecca and Swartz,
1993) and thus hyperintense on T1-weighted images at 3 Tesla, using
gradient echo with magnetization transfer,(Chen et al., 2014; Priovoulos
et al., 2018) black blood delay alternating with nutation for tailored
excitation-prepared T1-weighted variable flip angle turbo spin echo
(DANTE T1-SPACE),(Oshima et al., 2020) spin echo (Chen et al., 2014;
Kitao et al., 2013; Sasaki et al., 2006; Schwarz et al., 2011) and also at 7
Tesla (Blazejewska et al., 2013).

4.2. Neurodegeneration pattern in SNc

Neuromelanin-based SNc volume measurements showed variable
results (Castellanos et al., 2015; Isaias et al., 2016; Pyatigorskaya et al.,
2018; Takahashi et al., 2018) depending on several factors such as the
calculation technique, the number of segmented slices, the type of
sequence and other imaging parameters like slice thickness that often
leads to partial voluming. We obtained larger segmentation with a
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Fig. 4. Bland Altman plots.

higher SNc Vol values in the automated method as compared to the
manual method. This could be due to several potential reasons such as
the fact that we resized the ROIs and raw images to 240 x 240 x 48,
yielding around 10-15 slices after prediction.

We observed highly significant differences in volume and signal in-
tensity in early PD. Neuromelanin-based SNc¢ volume in PD for auto-
matic and manual methods decreased by 27.4 % and 17.7 % respectively
whereas NSI decreased by 16.9 % and 14.9 % respectively as compared
to the HV. Previously,(Gaurav et al., 2021) we showed lower Vol
reduction of around 11 % possibly because we used manual segmenta-
tions on raw neuromelanin images on 3 slices involving no image
resizing as in this current study. Some studies have demonstrated similar
reductions in size of 22 % to 29 % in de novo patients (Reimao et al.,
2016, 2015; Wang et al., 2019, 2018) and some in the range of 29 % to
47 % either using measurements based on SN width or area. (Isaias et al.,
2016; Reimao et al., 2016; Schwarz et al., 2011) These reductions varied
across studies possibly because of patient selection and the methodology
used. Recent literature also demonstrated variations in signal intensity
reductions such as —21 % in de novo PD(Wang et al., 2018) to —48 % in
advance stage PD (Ohtsuka et al., 2013). However, some studies re-
ported greater signal intensity variations in the lateral part of this
structure (Biondetti et al., 2020; Martin-Bastida et al., 2019; Ohtsuka
et al., 2014; Prasad et al., 2018b; Schwarz et al., 2017; Takahashi et al.,
2019; Wang et al., 2019, 2018).

4.3. Al-based models for MRI segmentations

Previous studies using pL-based SNc segmentation included relatively
smaller datasets of 36 PD patients,(Krupicka et al., 2019) 45 PD patients
(Le Berre et al., 2019) or 60 PD patients (Shinde et al., 2019). This study
using ConvNet(Le Berre et al., 2019) obtained a percentage of Vol
reduction in PD compared with HV of 46.4 % using automatic method
and 42.8 % using the manual method, and AUC of 0.95 for both

automatic and manual measurements. In our present study, PD patients
had a lower percentage Vol decrease and AUC relative to HV than the
aforementioned studies, likely because we examined early PD patients.

Studies also reported better performance of SNc segmentation using
a U-net model compared to threshold segmentation(Krupicka et al.,
2019; Le Berre et al., 2019) for discriminating patients from HV,
particularly in the superior segmented SNc slices, with a Vol reduction of
26.2 % between HV and PD for all slices, which was in line with ours
(Krupicka et al., 2019). More studies utilizing inferior, middle and su-
perior SNc slices separately are warranted to confirm these results
(Krupicka et al., 2019).

The study (Le Berre et al.,, 2019) examined patients with more
advanced PD with disease duration of 10.0 + 6.2 years in the principal
dataset and 15.8 + 13.3 years in the external dataset. Another study
(Shinde et al., 2019) included patients with moderately advanced PD
with disease duration of 6.3 + 4.1 years where ConvNet showed better
performance than the radiomics based classifiers. Although this study
(Shinde et al., 2019) trained the model using a boxed region around the
brain stem on the axial slices of the neuromelanin images.

Our model had the advantage of not using a boxed region around the
SNc and rather employing the entire neuromelanin image as the training
input to minimize preprocessing steps, and the model was tested on
early-stage idiopathic PD patients of disease duration of 1.5 + 1.0 years.

We attempted to improve the accuracy of the model using data
augmentation by applying random elastic deformation. However, this
did not alter our segmentation accuracy, as possibly it needs further
experimentation using random motion, gamma, blur or flip (Pérez-
Garcia et al., 2020). Recently, we also used a similar approach on pa-
tients with isolated REM sleep behavior disorder, (Gaurav et al., 2022)
the prodromal phase of parkinsonism (Iranzo et al., 2014; Pyatigorskaya
et al., 2017). Lastly, a recent study in PD patients employed U-net to
automatically segment the locus coeruleus, which can also be visualized
using the same neuromelanin-sensitive MRI acquisitions (Diinnwald
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Correlations of SNc measurements with age and clinical scores for automatic and manual measurements.

AUTOMATIC METHOD

Patients with Parkinson’s Disease (PD)

Healthy Volunteers (HV)

CNR

NSI

Cvol

Volume

CNR

NSI

Cyol

Volume

0.244
0.376
0.319

0.277 0.054

0.050

0.248
0.048
0.075

0.205 0.039 0.323 0.058

0.117
0.112
—0.041
—0.060
0.031
NA

0.189
0.009

0.125
0.319

0.346
0.057

—0.058
—0.220
—0.020
0.003

0.206
0.007
0.273

—-0.111
—0.327
0.079
0.125

AGE

—0.027
—0.040

—0.015 0.438
—0.059
0.057

0.080
0.013

-0.139
0.121

—0.127 0.062

0.143
0.065

0.213

MDS UPDRS III OFF

MMSE

0.241

0.051

0.392

0.329

—0.065
—0.189
0.228
NA

NA

NA

0.458
0.485
0.319
NA
NA
NA

0.256
0.493

0.175
0.440
0.153
0.465
0.001

0.037 0.330

0.217

0.340
0.417
NA
NA
NA

0.098

0.188
0.082
NA
NA
NA

Schwab and England

HY Score

—0.002
—0.100

—0.011

—0.046
—0.157

0.069

0.122
0.048

0.085

0.116
0.006

0.059
NA

—0.073
NA

-0.197
NA
NA
NA

0.098

—0.084
0.009

0.304
0.108

0.056

0.512

MDS UPDRS IV

0.455

-0.112
—0.133

0.013

0.093
0.446
0.265

—0.120
—-0.011
0.055

NA

NA

NA

MDS UPDRS III ON

0.279

—0.261
—0.152

NA

NA

NA

DISEASE DURATION(years)

LEDD

0.026

0.029

0.439

NA NA NA NA NA

NA

NA

NA

MANUAL METHOD

Parkinson’s Disease (PD)

Volume

Healthy Volunteers (HV)

Volume

CNR

NSI

Cyol

CNR

NSI

Cyol

0.118 0.073

0.042
0.182
0.473
0.098
0.296

0.145

0.090

-0.115
—0.088
—0.046
—0.038
0.155
0.106

0.040
0.222

—0.150
—0.066
—0.041
—0.019
0.155
0.062

0.233
0.205

0.109
—0.118

0.056
0.037

0.305
0.470

0.016 —0.222 0.051 0.069
0.024

0.270

—0.302
—-0.083
—0.087

0.005

AGE

0.176
0.427

-0.077
0.016

—0.076
—0.005
0.108

0.146
0.299
0.310

—-0.010
0.031

0.432
0.074
0.160
0.117

NA

MDS UPDRS III OFF

MMSE

0.327

0.326

0.412

—0.203
—0.141
0.166

NA

0.264
0.491

0.153
0.275

0.089

0.417

0.398
0.038
NA
NA
NA
NA

0.257
0.024
NA

—0.090
-0.313
NA
NA
NA
NA

Schwab and England

HY

—0.049
—0.150
—0.014
—0.082
—0.099

—0.042
—0.174

0.004

0.032
0.096

0.034
0.240

—0.239
NA

0.458
NA
NA
NA
NA

0.012
NA
NA
NA

0.031
0.436

0.027
0.483

MDS UPDRS IV

0.069

—0.133
—0.108
—0.096

0.059
0.270
0.197

—0.139
—0.051
—0.074

NA

NA

NA
NA

NA

MDS UPDRS III ON

0.161
0.105

—0.246 0.001
0.137

—0.092

0.102
0.128

NA

NA

NA

DISEASE DURATION (years)

LEDD

NA

NA

NA

NA

NA
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et al., 2021).

Taken together, our framework not only needed few training images
but did not need any data augmentation to yield precise SNc segmen-
tations. Furthermore, our untrained testing data sample size was more
than double the size of the training data, suggesting the robustness of
our model.

4.4. Effect of clinical parameters, sex and age

Overall, the correlations between the signal intensity changes and
disease duration changes using both methods are in line with results of
previous studies (Isaias et al., 2016; Okuzumi et al., 2019; Prasad et al.,
2018b; Taniguchi et al., 2018). Correlations results for age, MDS-UPDRS
III scores, and LEDD differed between the two methods. Using the
manual method, age correlated with NSI and Vol in PD in line with our
previous study (Gaurav et al., 2021) and also with Vol in HV. Using the
automatic method, we did not observe any correlation between neuro-
melanin SNc measurements in HV and age. Although this dissimilarity in
correlations should be interpreted with caution, this could be due to the
hypothesis in line with a previous study which demonstrated a plateau
of neuromelanin in midlife including the 5th-6th decades (Xing et al.,
2018). MDS-UPDRS III scores correlated with Cy, in PD, in line with
previous studies (Gaurav et al., 2021; Okuzumi et al., 2019; Schwarz
et al., 2017; Taniguchi et al., 2018; Xing et al., 2022) and Vol in HV
using the automatic but not the manual method. LEDD showed a
significantly negative correlation with NSI and CNR using the automatic
method. Although this correlation was expected as LEDD increases with
disease duration and dopaminergic denervation, it was not found using
the manual method, in line with our previous study (Gaurav et al.,
2021). Overall, the most reproducible correlations were therefore
observed between NSI and disease duration. The other correlations were
more variable between methods and between different studies and
therefore probably less robust. There could be several reasons to this
such as larger segmentation in the automatic method compared to the
manual method. Also, image resampling procedure in this study could
also be a potential reason. For instance, automatic SNc predictions often
yielded more slices than manual images, as the model predicted SNc
mask wherever they were visible in the image slices. Thus, this differ-
ence highlights the fact that although both methods provided overall
similar results, yet they did not perform identical SNc segmentation.

We observed a highly significant effect of sex for both Cy, and CNR
measurements with higher C,,; in female participants and higher CNR in
female patients using both segmentation methods, in line with our
previous study (Gaurav et al., 2021). The sex differences in signal in-
tensity were not observed in HV with a much larger age range (Xing
et al., 2018). The DAT studies in HV have also reported higher striatal
binding in women compared with men (Kaasinen et al., 2015; Muellner
et al., 2015; Varrone et al., 2013).

4.5. Limitations and challenges

Although our aforementioned study showed promising results, it has
several limitations and we intend to improve this framework in various
ways in the future. Firstly, there is a need for validation using external
cohorts, preferably with different image acquisition parameters or in
clinical settings. Secondly, we used thick 2D slices (2- to 3-mm) which
are prone to partial voluming; the implementation of three-dimensional
acquisitions may possibly improve the results (Oshima et al., 2020,
2018). Thirdly, other acquisition schemes like magnetization transfer
can possibly enhance the signal intensity (Langley et al., 2016; Liu et al.,
2020; Schwarz et al., 2011). Fourthly, our method did not allow
studying the topography of changes as done in previous studies that
segmented the SNc into ventrolateral and dorsomedial compartments
(Xing et al., 2022) or using voxel wise method (Biondetti et al., 2020;
Cassidy et al., 2019). Lastly, an important question would be to under-
stand what the effect of a drug might look like. We can hypothesize that
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a drug acting on the neuromelanin content or its paramagnetic effect
would modify the signal intensity, while a drug slowing neuronal death
would slow the loss of SNc volume as well.

5. Conclusion

We presented a framework NigraNet utilizing small MRI training
dataset to fully automatize the SNc segmentation procedure by elimi-
nating the human factor as much as possible in order to process more
data in a rather shorter time with an increased precision and more
reproducible results. We showed comparable performance with ground
truth for detecting neuromelanin-based volume and signal changes in
the SNc. Considering the consistency, accuracy and speed of our
approach, this study could be a crucial step towards the implementation
of a time-saving, non-rater-dependent, fully automatic method for
studying neuromelanin changes in clinical settings and large-scale
neuroimaging studies.
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