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An automatic interpretable deep learning pipeline for accurate
Parkinson's disease diagnosis using quantitative susceptibility
mapping and T1-weighted images
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Abstract

Parkinson's disease (PD) diagnosis based on magnetic resonance imaging (MRI) is still
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challenging clinically. Quantitative susceptibility maps (QSM) can potentially provide
underlying pathophysiological information by detecting the iron distribution in deep
gray matter (DGM) nuclei. We hypothesized that deep learning (DL) could be used to
automatically segment all DGM nuclei and use relevant features for a better differen-
tiation between PD and healthy controls (HC). In this study, we proposed a DL-based
pipeline for automatic PD diagnosis based on QSM and T1-weighted (T1W) images.
This consists of (1) a convolutional neural network model integrated with multiple
attention mechanisms which simultaneously segments caudate nucleus, globus palli-
dus, putamen, red nucleus, and substantia nigra from QSM and T1W images, and
(2) an SE-ResNeXt50 model with an anatomical attention mechanism, which uses
QSM data and the segmented nuclei to distinguish PD from HC. The mean dice
values for segmentation of the five DGM nuclei are all >0.83 in the internal testing

cohort, suggesting that the model could segment brain nuclei accurately. The
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deep learning; DSC, Dice coefficient per case; FA, flip angle; GP, globus pallidus; Grad-CAM, gradient-weighted class activation mapping; GRE, gradient echo; HC, healthy control; MRI, magnetic
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1 | INTRODUCTION

Parkinson's disease (PD) is a neurodegenerative movement disorder
and has been proven to be associated with abnormal brain iron accu-
mulation (Berg & Youdim, 2006; Kalia & Lang, 2015). The major path-
ologic changes caused by PD is the loss of dopaminergic neurons
from the substantia nigra (SN), which would lead to a decrease in neu-
romelanin and an increase in iron deposition. The cardinal signs of PD
patients are tremor, rigidity, and bradykinesia, all of which can seri-
ously affect the quality of life (Tysnes & Storstein, 2017). Rating scales
are used for the evaluation of motor impairment and disability in PD
patients, but most of these scales are subjective and may be difficult
to use in some hospitals (Jankovic, 2008). Although PD patients with
typical symptoms can be diagnosed easily, it is still difficult to distin-
guish PD with atypical parkinsonism in the early stage due to the simi-
lar symptoms. It is very critical to differentiate early-stage PD from
other movement disorders for developing effective treatment strate-
gies to improve the life quality of the patient.

Quantitative susceptibility mapping (QSM) is a novel postproces-
sing technique used to calculate the magnetic susceptibility distribu-
tion of tissues in vivo from gradient echo (GRE) magnetic resonance
phase images (Haacke et al., 2015; Li & Leigh, 2004). QSM has already
been used widely in quantifying in vivo iron content, especially in
deep grey matter structures (Haacke et al., 2015). The iron distribu-
tion in deep brain nuclei, as shown in QSM images could provide
pathophysiological-related information underlying PD (He et al., 2021;
Lotfipour et al., 2012). QSM has been shown to be able to detect
increases in iron in the deep gray matter (DGM) of the brain in early-
stage PD, suggesting that it could potentially serve as an early diag-
nostic tool for clinical practice (Eskreis-Winkler et al., 2017).

Previous QSM studies in PD diagnosis can be roughly divided into
two categories: whole-brain analysis and region of interest (ROI)-
based analysis. Whole-brain analysis methods extract high-level con-
textual features from the 3D imaging data. For example, whole brain
T2-weighted magnetic resonance (MR) images have been used as
input into the convolutional neural network (CNN) to distinguish PD
from healthy controls (HC) and the models achieved good perfor-
mance (Kaur et al., 2020; Sivaranjini & Sujatha, 2019). However, these
methods did not take full advantage of the shape and position priors
of brain nuclei structures, possibly leading to a suboptimal perfor-

mance. The ROIl-based methods focus on extracting quantitative

proposed PD diagnosis model achieved area under the the receiver operating charac-
teristic curve (AUCs) of 0.901 and 0.845 on independent internal and external testing
cohorts, respectively. Gradient-weighted class activation mapping (Grad-CAM) heat-
maps were used to identify contributing nuclei for PD diagnosis on patient level. In
conclusion, the proposed approach can potentially be used as an automatic, explain-

able pipeline for PD diagnosis in a clinical setting.

deep learning, Parkinson's disease, quantitative susceptibility mapping, segmentation

features from specific brain nuclei regions such as the SN, red nucleus
(RN), globus pallidus (GP), caudate nucleus (CN), and putamen (PUT),
according to a priori knowledge of their role in PD diagnosis. For
example, a joint feature-sample selection framework (Adeli
et al,, 2016) was proposed to extract useful features from SN, RN, and
other clinical important regions based on T1-weighted (T1W) images
for PD diagnosis. Texture analysis in the SN from QSM and R2* maps
was utilized to classify PD and HC (Li, Zhai, et al., 2019). A hybrid fea-
ture extraction method was introduced for PD diagnosis based on the
SN as seen in QSM images (Xiao et al., 2019). Another group used a
histogram analysis of the QSM data for the SN and PUT which yielded
the highest diagnostic performance (Zhang et al., 2022). While the
pathological manifestations of PD in the SN are relatively clear, there
is still inconsistency about the role of iron measurements throughout
the DGM regions of the brain.

These ROIl-based studies (Li, Zhai, et al., 2019; Xiao et al., 2019)
relied on manually delineated ROIs for downstream analysis, which
would make their application time-consuming and expensive in the
real-world clinical environment. To address this challenge, it is highly
desirable to develop a fully automatic model to segment brain nuclei
regions. Though QSM images can provide superior image contrast
between iron-rich subcortical nuclei and their surroundings (Cobzas
et al,, 2015), the CN and PUT boundaries are not always clearly visible
on QSM images. However, T1W images usually do a good job to show
the CN and PUT boundaries, implying that multimodal magnetic reso-
nance imaging (MRI) images (T1W and QSM) can be used for better
automatic segmentation of multiple brain nuclei (Jin et al., 2022).

Recently, deep learning (DL) methods have shown superior per-
formance in medical imaging applications (Suganyadevi et al., 2022).
CNN can automatically learn discriminative and representative fea-
tures from large annotated datasets to address complex computer
vision problems. Well-known CNN networks such as VGG-Net
(Simonyan & Zisserman, 2014), ResNet (He et al., 2016), ResNeXt (Xie
et al,, 2017), and U-Net (Ronneberger et al., 2015), together with their
variants, have been used widely in medical imaging for lesion detec-
tion, segmentation, and diagnosis (Suganyadevi et al., 2022). It has
been demonstrated that CNNs could enhance the efficacy of clini-
cians in image-based diagnosis. However, due to the nonlinear struc-
ture of CNN, most existing models are considered as black boxes
whose internal inference processes are hard to interpret, which, in

turn, makes it hard for clinicians to confirm the models' predictions
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and thus limits their acceptance in clinical practice (Riccardo
et al., 2018).

To address the problem of lack of interpretability, gradient-
weighted class activation mapping (Grad-CAM) (Selvaraju et al., 2020)
has been proposed to generate visual explanations for the model out-
put by visualizing discriminative regions on the input images. An
attention mechanism approach could also increase the performance
and explainability of the network. Different types of attention mecha-
nisms have been integrated into CNN and achieved some success in
medical imaging applications (Niu et al., 2021). Squeeze and excitation
(SE) block (Hu et al., 2017) provides channel attention that could gen-
erate an attention mask across channels and highlight important chan-
nels. Spatial attention could help CNN models focus on the most
relevant regions in the feature maps and ignore irrelevant background
and can be seen as an adaptive spatial region selection mechanism
(Du et al., 2018).

Therefore, we hypothesized that it might be useful to automati-
cally segment all candidate nuclei instead of one or two specified
nuclei and use features from all these nuclei with attention mecha-
nism to improve the diagnosis of PD, and in the process, reveal those
deep gray nuclei relevant to PD at patient level with the help of
Grad-CAM.

In this study, we present a cascade DL pipeline for PD diagnosis
with MR images. Five brain nuclei regions were analyzed by our seg-
mentation model before being used as a priori information by an ana-
tomical attention-guided CNN model for PD diagnosis. Grad-CAM
heatmaps were calculated to highlight the regions relevant to the pre-
diction. The experimental results showed that the anatomical atten-
tion mechanism provided by the automatic segmentation not only
improved the performance of the classification model, but also
increased its interpretability by generating more meaningful heat-
maps. Quantitative and qualitative comparisons with other DL
methods demonstrated that our approach achieved highly accurate
and reliable PD diagnosis performance, and with minimal human inter-

action, it could achieve near-perfect performance.

2 | MATERIALS AND METHODS

2.1 | Subject recruitment, MRI scanning, and
processing

Two different datasets, Dataset 1 (nl =379) and Dataset
2 (n2 = 155), were used in our study. In Dataset 1, 92 PD patients
and 287 HC were prospectively recruited from Ruijin Hospital. In
Dataset 2, 83 PD patients and 72 HC were collected from the First
Affiliated Hospital of Zhengzhou University. This study was approved
by the local ethics committees and informed consent was signed by
each subject at both institutions. All the PD subjects were on medica-
tion. The inclusion and exclusion criteria were the same as given in a
previously published study (He et al., 2021). In brief, the diagnosis and
severity of motor symptoms were assessed by two neurologists based
on the Movement Disorders Society (MDS) PD criteria (Berg

et al., 2018), the Hoehn and Yahr (H&Y) stage and the MDS Unified
Parkinson's Disease Rating Scale Part-llll (UPDRS-III) (Goetz
et al., 2008). The exclusion criteria for PD patients were as follows:
(1) H&Y scale more than 2.5; (2) Mini-Mental State Examination
(MMSE) score <24; (3) a history of cerebrovascular disease, brain
tumor, head trauma, or any other type of psychiatric disorders; (4) a
history of medication known to cause parkinsonism or affect clinical
assessment; (5) contraindications to an MRI examination, and (6) youn-
ger than 40 years of age. The inclusion criteria for the HCs were as
follows: (1) no family history of movement disorders; (2) no neurologi-
cal or psychiatric disorders; (3) an MMSE score of at least 24 and
(4) older than 40 years of age. PD subjects were evaluated 1 year later
to confirm the diagnosis with the same MDS-PD diagnostic criteria
used at the baseline assessment.

Dataset 1 was collected on a 3T scanner (Ingenia, Philips Health-
care, Netherlands) with a 15-channel phased array head coil using a
3D GRE imaging sequence. All scanning was done parallel to the ante-
rior commissure-posterior commissure line. TIW and QSM were
derived from the STrategically Acquired Gradient Echo (STAGE) imag-
ing data (Chen et al., 2018). STAGE could provide similar results for
any manufacturer's system thereby providing standardization of brain
imaging (Haacke et al., 2020). It is more stable and consistent across
different scanners. Therefore, we used STAGE image data in this
study. The imaging parameters were as follows: echo times (TEs)
= 7.5 and 17.5 ms, repetition time = 25 ms, flip angles (FA) = 6° and
24°, in-plane resolution = 0.67 mm x 1.34 mm (interpolated to
0.67 mm x 0.67 mm), pixel bandwidth = 220 Hz/pixel, imaging
matrix size = 384 x 384, slice thickness = 2 mm, 64 slices and a scan
time = 1 min 53 s for each FA.

Dataset 2 was collected on a 3T scanner (Prisma, Siemens Health-
care, Erlangen, Germany) with a 64-channel phased array head coil
using a 3D GRE imaging sequence. TIW and QSM were also derived
from the STAGE imaging data. The STAGE protocol included two fully
flow-compensated multiecho susceptibility-weighted imaging scans.
One scan used a 6° FA with two TEs of 7.5/17.5 ms, and the other
used a 24° FA with two TEs of 8.75/18.75 ms. Other imaging parame-
ters were: in-plane resolution = 0.67 mm x 1.34 mm, imaging matrix
size = 384 x 288, slice thickness =2 mm, 64 slices, and an iPAT
factor = 2. The total acquisition time was 5 min 8 s.

The QSM data were created using the second echo
(TE =17.5 ms) of the STAGE data since the longer TE has better
signal-to-noise in mapping the iron content. The QSM processing was
done as follows: (1) Brain extraction (BET) was performed using the
BET tool on the first echo magnitude images with a threshold of 0.2,
an erosion factor of 2, and an island factor of 2000 (Smith, 2002).
(2) 3DSRNCP (3D sorting following a noncontinuous path) was used
to unwrap the phase (Abdul-Rahman et al., 2007); (3) SHARP (sophis-
ticated harmonic artifact reduction processing) was used to remove
background phase (Schweser et al., 2011); and (4) iterative QSM was
used with four iterations and a threshold of 0.1 to reconstruct the
susceptibility maps (Haacke et al., 2010; Tang et al., 2013).

In Dataset 1, one neuroradiologist segmented the CN, GP, PUT,
RN, and SN in bilateral hemispheres manually. Another radiologist
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with 5 years of experience in neuroimaging double checked all the
structural boundaries. Finally, those ROIls approved by these two radi-

ologists were used as the ground truth for the segmentation model.

2.2 | Data preparation

Dataset 1 was randomly split into a training cohort (74 PD/230 HC)
and an independent testing cohort (18 PD/57 HC). Dataset
2 (83 PD/72 HC) was used as an external testing cohort to assess the
performance and generalizability of the diagnostic model. The details
of the basic characteristics of the subjects in the three cohorts were
summarized in Table 1. Each subject was normalized to [0, 1] before
contrast-limited adaptive histogram equalization (CLAHE) (Reza, 2004)
was used to enhance and harmonize local image contrast. Since all
images for a subject were derived from a single STAGE acquisition,

there was no need for registration of QSM and T1W images.

2.3 | Model structure

For accurate PD diagnosis, we proposed a two-stage DL framework,
which consisted of (1) a segmentation model for brain nuclei segmen-
tation, and (2) a classification model for PD diagnosis. In the first
stage, we trained a segmentation model using QSM and T1W images
as input to automatically segment five deep gray nuclei. In the second
stage, QSM images and the corresponding segmented brain nuclei
regions were simultaneously fed into a classification model for PD
diagnosis. The proposed classification network contained two
branches, the first one was used to extract discriminative feature rep-
resentation from QSM images, and the second one was used to cap-
ture the anatomical priori information from the segmented brain
nuclei. The attention gate fused feature maps from two branches for
better PD diagnosis. The details about the two DL models and atten-
tion gate were presented in the following section.

A modified 3D implementation of CA-Net (Gu et al., 2021) was
utilized to segment brain nuclei on QSM and T1W images. Brain
nuclei exhibit clearer edges on QSM and T1W images, so QSM and
T1W images were concatenated in the channel dimension and fed
into the CA-Net to obtain all the five nuclei. In the CA-Net, spatial
attention, channel attention, and scale attention modules were

TABLE 1

Training cohort

Internal testing cohort

integrated into U-Net at the same time for more accurate and explain-
able medical image segmentation. Spatial attention forced the net-
work to focus on the region of interest. Channel attention adjusted
weights of different channels of feature maps so that the most rele-
vant feature channels will be highlighted. Scale attention enhanced
the most relevant features among different scales so that the network
can segment objects of different sizes.

The structure of classification model adopted to distinguish PD
from HC in this work was shown in Figure 1. The proposed network
consisted of a 3D SE-ResNeXt50 branch and an anatomical attention
branch, and was thus called AG (attention gated)-SE-ResNeXt50. In
the anatomical attention module, the segmented brain nuclei were
used as priori information to make the network extract features in the
useful brain structures for better PD diagnosis. The cropped 3D QSM
images were fed into the 3D SE-ResNeXt50 branch which was com-
posed of two convolution layers, a 3D max pooling layer, SE-ResNeXt
bottleneck blocks, a global max pooling layer, and a fully connected
layer. SE-ResNeXt bottleneck block integrated SE module into
ResNeXt bottleneck. Compared with the standard ResNet bottleneck,
ResNeXt used a grouped convolution layer to replace the traditional
convolution operation, which improved the accuracy and controlled
the model complexity and number of parameters.

In the anatomical attention branch, two convolution layers and a
3D max pooling layer were used to extract features from the regions
of the five brain nuclei segmented by CA-Net. The subsequent convo-
lution layers with the kernel size of 1 x 1 x 1 and the stride of 2 were
used to keep the feature size the same as the image feature size in
the SE-ResNeXt50 branch. The anatomical gate (AG) (Sun et al., 2020)
fused feature maps on different scales from two branches in the chan-
nel dimension. Then, the fused feature maps went through two paral-
lel 1 x 1 x 1 convolution layers followed by a sigmoid layer to get the
two weighted maps and multiplied with original feature maps. Finally,
the two weighted feature maps were added together to get the

anatomical-guided feature maps.

24 | Model training
Five-fold cross-validation was used for model training and selection in
the training cohort. For each fold, we selected the best model accord-

ing to the model's performance on the cross-validation dataset. We

Basic characteristics of the subjects in the training, internal testing, and external testing cohorts.

External testing cohort

PD (n = 74) HC (n = 230)
Age (years) 63.27 +7.72 62.83 + 6.54
Gender (M/F) 36/38 80/150
Disease duration (years) 342 +239
UPDRS-III 26.06 + 17.89

PD (n = 18) HC (n = 57) PD (n = 83) HC (n =72)
63.44 +7.06 62.02 +£7.35 59.38 £ 9.14 57.86 £ 9.46
10/8 23/34 35/44 37/35
3.95+£3.30 3.48 + 3.07

30.10 + 15.71 23.71 +13.83

Note: Values are represented in the form mean + standard deviation. The UPDRS-IIl was administered while subjects were in the ON-medicated state.
Abbreviations: HC, healthy controls; PD, Parkinson's disease; UPDRS-III, Unified Parkinson's Disease Rating Scale Part-Ill.
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Architecture of the classification model. Anatomical gate (bottom right) was used to fuse feature maps generated by two branches

to obtain anatomical-guided feature maps. AG, anatomical gate; HC, healthy controls; PD, Parkinson's disease; SE, squeeze and excitation.

integrated the results by averaging the predicted probability of the
five trained models to obtain the final segmentation or classification
results. During the training process, we repeated random PD cases to
remove the imbalance of samples in the training data. To increase the
robustness of the model, we used an online data augmentation strat-
egy including random shifting within +10 pixels, rotating within +5°,
and shearing from 0.8 to 1.2, vertical and horizontal flipping, elastic
transform from O to 0.1 and gamma transform from 0.9 to 1.1. We
center cropped the original QSM and T1W images to
160 x 160 x 64 image patches which covered all five brain nuclei,
and used them as the network input.

For training of both segmentation and classification models, we
used focal loss (Lin et al., 2017) as the loss function, which can be

described as:
Focal Loss(p,p;) = —(a(1 —p¢)"plog(p) + (1 — a)p;’ (1 —p)log(1 —py))

where p and p; represents label and predicted probability. Hyper-
parameters a and y were set to 0.25 and 2 in the experiments. We
used the Adam optimizer with momentum of 0.9, a weight decay of
0.0001, and an initial learning rate of 10~* to minimize the loss. The
batch size was set to 16. The training process was stopped if the loss
on the validation dataset did not decrease over 30 epochs. The DL
models were implemented in Python 3.8.0, using PyTorch 1.9.0.

Model training was conducted on a workstation equipped with three

NVIDIA A100 graphic processing units (GPU) with 40 GB of graphic
memory each.

To find the best model for PD diagnosis, and demonstrate the
influence of different input on PD diagnosis, we trained a series
models using different combinations of input, including (1) 3D ver-
sions of VGG16 and ResNet50 models using QSM images as input;
(2) SE-ResNeXt50 network using QSM images only, QSM and T1W
images, and QSM images masked with the corresponding segmented
brain nuclei regions, respectively. These models were named using a
“network-input” format, such as VGG16-QSM. The results of the
above models were compared with the proposed model. Considering
the article length, we included the details of these experiments in the
Supplementary material S1. To evaluate the influence of errors in the
automatic segmentation on the diagnosis, we conducted two experi-
ments: (1) manual outlined ROIs were used when evaluating the pro-
posed diagnostic model and (2) manual-outlined ROIs were used to
train and evaluate a new instance of proposed diagnostic model. All
the models were trained with the same DL settings and the same

training and testing cohorts in Dataset 1 as mentioned above.

2.5 | Assessment of model predictions

The Dice coefficient per case (DSC) and average symmetric surface

distance (ASSD) were used to measure the agreement between the
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manual delineation (ground truth) and the predicted segmentation.
The DSC and ASSD are defined as:

2|PNR
DSC(P,R):W

1

ASDD == (3, s dS0+>" ) d.5e))

where P, R are the predicted results and ground truth, respectively,
and Sp, Sg denote their corresponding surfaces. Here, (x, y) denotes a
voxel on the surface of P and R, respectively and d denotes the dis-
tance from a voxel to the surface. Higher DSC values and smaller
ASSD values correspond to better segmentation results.

The performance of PD diagnosis was assessed by the receiver
operating characteristic (ROC) analysis and confusion matrix. Evalua-
tion metrics including accuracy, area under the ROC curve (AUC), sen-
sitivity, specificity, positive predictive value, negative predictive value,
precision, recall, and F1 score were calculated at a cutoff value that
maximized the Youden index in the training cohort. The difference of
the predicted probability between PD and HC was assessed with Wil-
coxon test and p-value < .001 was regarded as statistically significant.
Statistical analyses were performed with R software (version 4.0.4,
http://www.R-project.org).

3 | RESULTS

3.1 | Segmentation

Overall, the segmentation from the CA-Net model performed well in
terms of the DSC values and ASSD values (Table 2). The mean DSC
values (Figure 2) for the five brain nuclei were all greater than 0.83
with a small standard deviation, indicating that the model achieved
stable segmentation results. Figure 3 demonstrated for two cases that
the CA-Net was able to segment the five regions well compared with
the manual drawings. These boundaries could then be used to assess
volume or average susceptibility for example. However, for a small
number of cases, some segmented nuclei may exhibit visually discern-
able differences from the ground truth, as illustrated in the CN Case
2 in Figure 3 where the CA-Net placed a boundary in a location not
drawn by the raters. To calculate the inter-rater variability, a third
radiologist manually drew the ROIs in 30 cases randomly selected

from the testing cohort. The mean values of Dice between two raters

TABLE 2 Metrics of segmentation of

were 0.849, 0.860, 0.860, 0.870, and 0.833 for CN, GP, PUT, RN, and
SN, respectively.

3.2 | Classification

To evaluate the classification performance of the proposed AG-SE-
ResNeXt50 model, we plotted the ROC curves, the distribution of
predicted probabilities, and the confusion matrix over both the train-
ing and internal testing cohort (Figure 4). The proposed model demon-
strated promising performance with AUC values of 0.970 and 0.901
on the training and internal testing cohorts, respectively. Significant
differences were found between the predicted probabilities of PD and
HC cohorts (Wilcoxon, p <.001). When using manually segmented
ROIs in the classification, AG-SE-ResNeXt50 achieved AUC values of
0.994 and 1.0 over the training and internal testing cohort,
respectively.

The proposed model achieved an AUC of 0.901, significantly
higher than those of VGG16-QSM (0.422), ResNet50-QSM (0.765),
SE-QSM (0.784), SE-QSM/T1 (0.709), and SE-maskedQSM (0.856)
(Figure 5) in the internal testing cohort. As illustrated in Table 3, while
VGG16-QSM failed for the classification task, ResNet50-QSM, SE-
QSM, SE-QSM/T1, and SE-maskedQSM achieved acceptable perfor-
mance with accuracies of 66.7%, 70.7%, 58.7%, and 88.0%,

1.0 4
- —'_ . = = . 1 l—_l_—l ——
=l =
o o
g
E 0.6
i o]
¥y}
o
0.4 4
0.2 4
0.0 . - - - :
CN GP PUT RN SN
FIGURE 2 Box-plot showing the distribution of dice coefficient

per case (DSC) scores in the caudate nucleus (CN), globus pallidus
(GP), putamen (PUT), red nucleus (RN), and substantia nigra (SN) over
the internal testing cohort.

- | > CN GP PUT RN SN
all nuclei in the internal testing cohort.
DSC 0.831+£0.071 0.849 £0.037 0.858+0.034 0.852+0.041 0.831+0.041
ASSD (mm)  0.663+0.430 0.509+0.110 0.531+0.104 0.281+0.068 0.251 +0.074

Note: All values are represented in the form of mean * standard deviation.
Abbreviations: ASSD, average symmetric surface distance; CN, caudate nucleus; DSC, dice similarity
coefficient; GP, globus pallidus; PUT, putamen; RN, red nucleus; SN, substantia nigra.
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Manual

Case 1

Segmented

Case 1

Manual
Case 2

Segmented

Case 2

FIGURE 3 Visual comparison of segmented nuclei of two PD patients with the ground truth. The top two rows represent the manual drawing
and segmented ROlIs of Case 1, with dice coefficient per case (DSC) values for caudate nucleus (CN), globus pallidus (GP), putamen (PUT), red
nucleus (RN), and substantia nigra (SN) are 0.838, 0.905, 0.874, 0.893, and 0.861, respectively, while the bottom two rows illustrated Case 2, with
DSC values for CN, GP, PUT, RN, and SN are 0.679, 0.890, 0.883, 0.809, and 0.863, respectively. The red, green, blue, orange, and yellow
contours outline CN, GP, PUT, RN, and SN regions, respectively.
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100]  Wilcoxon, p < 2 2e-16 100{ Wicoxon, p = 3.5e-07
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FIGURE 4 Parkinson's disease (PD) diagnosis results (a) the receiver operating characteristic (ROC) curves predicted with automatic
segmented and manual region of interests (ROls) in the training and internal testing cohorts; (b) The probability distribution of the predicted
results using automatic segmented ROls in the training and internal testing cohorts; (c-f) The confusion matrix of the classification model
predicted with automatic segmented and manual ROIs on the training and internal testing cohort. PD patients/healthy controls (HC) were treated
as positive/negative, respectively.
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ROC Net model contained multiple mechanism attentions and had advan-
1.0 4 tages in dealing with segmentation targets with a variation of scales
and shape. The accuracy of segmentation ensured the resulting ROIs
0.84 could be used to provide anatomical quantitative information for
DGM volumes and iron content for potential PD classification. Before
DL achieved robust results in medical image segmentation, atlas-
0.6 1
:‘g based segmentation had been widely used in DGM nuclei segmenta-
'EJ tion, often combined with other classic image segmentation algo-
[+]
v 0.4+ rithms, such as LevelSet, for better results. However, segmentation
VGG16-QSM (AUC = 0.442) based on DL can easily produce better results, often in much less time.
ResNet50-QSM (AUC = 0.765) . .
0.2 1 SE-QSM (AUC = 0.784) For example, our segmentation model achieved a DSC value of 0.83
—— SE-QSM/T1 (AUC = 0.709) for SN, higher than those reported in previous atlas-based studies
SE-maskedQSM (AUC = 0.856) . .
- Proposed (AUC = 0.901) (Garzon et al., 2018; Guo et al., 2018; Li, Chen, et al., 2019) with range
r T . : r T of 0.77-0.81. Further, these classic atlas-based methods (Li, Chen,
0.0 0.2 0.4 0.6 0.8 1.0 . . . .
1 - Specificity et al,, 2019; Lim et al., 2013) required much longer computational time
(~1 h) to segment each instance than DL-based model (~3 min). Gen-
FIGURE 5 Receiver operating characteristic (ROC) curves of

different models for Parkinson's disease (PD) diagnosis over the
internal testing cohort. AUC, area under the ROC curve; QSM,
quantitative susceptibility mapping; SE, squeeze and excitation.

respectively. The proposed AG-SE-ResNeXt50 model achieved a
much higher accuracy of 92.0%, and the proposed diagnostic model
tested with manually segmented ROIs achieved the highest accuracy
of 98.7%. In the independent external testing cohort, the proposed
model achieved an AUC of 0.845, an accuracy of 0.787, a sensitivity
of 0.771, and a specificity of 0.806 (Table 3) and the ROC curve and
confusion matrix were shown in Figure 6.

To reveal the region the AG-SE-ResNeXt50 model focused on
during PD diagnosis, the Grad-CAM technique was used to visualize
the activation maps for two PD patients in the testing cohort, and the
resulting heatmaps were overlaid onto the QSM images as shown in
Figure 7. The top row shows a true positive case (Case 1 in Figure 3),
whereas the second row and the third row illustrate a positive case
(Case 2 in Figure 3) predicted incorrectly with the automatically seg-
mented ROI (second) but correctly with the ground truth ROI (third).

4 | DISCUSSION

In this study, we proposed an automatic DL model which used ana-
tomical priori information to distinguish PD from HC subjects using
QSM and T1W images. The segmentation model based on CA-Net
integrated comprehensive attention modules, including spatial atten-
tion, channel attention, and scale attention into U-Net, so that it can
segment five brain nuclei regions with various shapes and sizes simul-
taneously and accurately. The classification model, namely AG-SE-
ResNeXt50, which used QSM images and the segmented brain nuclei
regions to diagnose PD, achieved an AUC of 0.901 and 0.845 on the
independent internal and external testing cohorts and provided good
interpretability.

Quantitative and visual comparison showed that the trained CA-

Net model achieved accurate segmentation results. The proposed CA-

erally, building DL model is straightforward and once built, the models
are often faster and can achieve better results than classic segmenta-
tion algorithms.

There were also many studies using DL for nuclei segmentation
and PD diagnosis on neuromelanin-sensitive (NM-MRI) images. For
example, several studies (Gaurav et al., 2022; Krupicka et al., 2019; Le
Berre et al., 2019) used U-Net for SN segmentation on neuromelanin-
sensitive and achieved DSC values near 0.80. NM-MRI can be used to
delineate the boundaries of structures such as SNpc, ventral tegmen-
tal area, and locus coeruleus, and to visualize the NM contents in
these structures. However, it is not ideal for segmentation of other
DGM nuclei. PD diagnosis can also be performed on NM-MRI, from
perspective of NM distribution. For example, Shinde et al. (2019) used
a bounding box around the brain-stem created manually on the axial
slices of the NM-MRI as input to the 2D ResNet50 for PD diagnosis
and achieved an accuracy of 80%.

Different from NM-MRI, QSM can visualize clearly the contour of
ferrous DGM nuclei, such as CN, PUT, GP, SN, and RN. It can also be
used to quantify the iron deposition in these structures. For PD
patients, abnormal iron deposition in DGM nuclei, especially SN, is
known to be a sign with relatively high sensitivity and specificity, and
observable with medical imaging. Compared with the above studies
using NM-MRI, our model could simultaneously segment five brain
nuclei using QSM and T1W images and achieved a higher mean DSC
value (0.83). Chai et al. (2022) have also simultaneously segmented
five nuclei with a contrast attention U-Net on TIW and QSM images,
and achieved comparable DSC values for the segmentation of CN,
GP, PUT, and RN, but much lower DSC than our study (0.71 vs. 0.83)
for SN segmentation. Different to this work, our segmentation model
employed a scale attention mechanism that could automatically learn
adaptive weights to calibrate the feature maps at different scales and
combine features of different scales for accurate segmentation of all
nuclei of different sizes. Generally, NM-MRI and QSM have their own
respective advantages in PD diagnosis and we will utilize both of them
to improve the diagnostic performance of PD in the future.

In the proposed AG-SE-ResNeXt50 model, grouped convolution
could greatly reduce the number of parameters while ensuring
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FIGURE 6 Receiver operating

ROC

characteristic (ROC) curve (left) and 1.0
confusion matrix (right) for Parkinson's
disease (PD) diagnosis over the external 0.81

testing cohort. AUC, area under the
curve; HC, healthy controls.
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effectiveness of the model (Xie et al., 2017) and the SE module could
learn to use global information to selectively discriminate features and
suppress less useful ones among channels (Hu et al., 2017). The
center-cropped QSM and T1W images covered all five nuclei regions
and were used as network input, which could remove irrelevant back-
ground, reducing the memory usage while making full use of the 3D
structure all the nuclei. The results demonstrated the effectiveness of
our proposed DL-based model integrated with anatomical attention
mechanism for structural definition and PD diagnosis. It can be seen
clearly from the Grad-CAM heatmaps in Figure 7 that the SN, RN, and
CN regions are highlighted, indicating that model used discriminative
features from these relevant nuclei for PD diagnosis. However, for
Case 2 which was incorrectly predicted by the proposed model using
segmented ROIs, SN and RN are not highlighted, implying that (1) the
other nuclei, such as CN might contribute relatively more in this case,
compared with SN and RN, and (2) inaccurate segmented CN influ-
enced the diagnosis of this case, where CN contribute more to the
diagnosis of PD. Thus, with the help of Grad-CAM activation maps,
we could potentially know the relative contribution of different deep
gray nuclei to the PD diagnosis on an individual patient level.

It is worth noting that when the proposed model was used to pre-
dict PD status with ground truth ROls, it achieved AUC values of
1.000 and 0.984 over the training and internal testing cohorts, respec-
tively, which is even better than the training AUC. A close inspection
on all the six test cases that were incorrectly classified by the pro-
posed model using model-segmented ROIs revealed that each case
had at least one nucleus with a DSC value <0.70. This result has sev-
eral important implications: (1) using inaccurate ROIls for anatomical
attention will negatively influence the classification; (2) even with
inaccurate ROls, the proposed classification model can be trained to
learn distinct features generalizable to predict when using ground
truth ROIs correctly; and (3) with minimal human interaction to revise
the poorly segmented nuclei, a near-perfect diagnosis of PD can be
achieved.

We also compared the performance of the proposed classification
model with different models and input data: VGG16-QSM,
ResNet50-QSM, SE-QSM, SE-QSM/T1, and SE-maskedQSM. Among
these models, the proposed model achieved the best performance
and the results demonstrated that using anatomical attention

HC PD
—— External Testing (AUC = 0.545) Predicted
0.4 0.6 0.8 1.0
1 - Specificity

provided by brain nuclei segmentation can help to improve PD diag-
nosis. The DGM nuclei are known to be important to PD diagnosis
(Eskreis-Winkler et al., 2017), and features extracted from these ROIs
are known to be relevant to the diagnosis (Adeli et al., 2016; Rana
et al.,, 2015; Xiao et al., 2019). Therefore, we see that using the infor-
mation derived from the DGM nuclei to provide anatomical attention
could greatly improve the efficiency of learning useful features and
promote the model performance.

Previous studies about PD diagnosis based on classic machine
learning (Adeli et al, 2016; Rana et al., 2015; Xiao et al., 2019)
employed handcrafted features to represent information about the
ROls. In our case, these ROIs were obtained from manual delineation
by several radiologists, which was burdensome and costly in human
effort and time. In general, these results will be dependent on the
experience of the radiologists. The proposed method automatically
segmented brain nuclei regions to provide anatomical information for
PD diagnosis, so it eliminated the manual workload and achieved an
accuracy of 92.0%, higher than those of previous studies in the range
of 80% to 90%. It worth noting that the proposed diagnosis model
using the manual-outlined ROIs outperformed the one using auto-
matic segmentation (98.7% vs. 92.0%), implying that (1) a better seg-
mentation model may be used to further improve the performance of
proposed pipeline, and (2) when anatomical attention is combined
with accurate segmentation, near-perfect performance can be
achieved in PD diagnosis.

While the proposed method has achieved promising results, there
are also some limitations in this work. First, although brain nuclei
regions could provide anatomical priori knowledge, inaccurate seg-
mentation may potentially influence the classification performance. In
future work, we will design a multi-task architecture (Vandenhende
et al., 2021) to perform joint brain nuclei segmentation and PD diag-
nosis. Second, the datasets were collected from two centers, but the
number of the testing cohort was small. Therefore, it is desirable to
collect more multi-center and multi-vendor MRI data for further eval-
uation of the performance of the proposed method.

In summary, in this work, we proposed a fully automated
approach for PD diagnosis based on QSM and T1W images, which
achieved superior performance relative to previous studies and can
potentially be used to help clinicians distinguish PD from HC with
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FIGURE 7 The gradient-
weighted class activation
mapping (Grad-CAM)
visualization of AG-SE-
ResNeXt50 on quantitative
susceptibility mapping images of
Parkinson's disease (PD) patients
in the testing cohort. Top row:
PD patient (Case 1 in Figure 3)
predicted correctly with
segmented regions of interest
(ROIs). Second row: PD patient
(Case 2 in Figure 3) predicted
incorrectly as negative by the
proposed model using segmented
ROls. Third row: Case

2 predicted correctly by the
proposed model using the
manually outlined ROI. Fourth
and fifth rows: another two PD
patients predicted incorrectly
with segmented ROls. Sixth and
seventh rows: another six PD
patients predicted correctly with
segmented ROIs. AG: anatomical
gate; SE, squeeze and excitation.

improved accuracy. The Grad-CAM heatmaps can be used to provide

information about relevant nuclei for an individual patient to help

radiologists confirm the model's prediction.
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