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ARTICLE INFO ABSTRACT

Differential diagnosis between Parkinson's disease (PD) and atypical parkinsonism, such as multiple system
atrophy (MSA), can be difficult, especially in the early stages of the disease. Deep learning using neural networks
(NNs) makes possible the prediction of the diagnosis using various types of biomarkers, unlike conventional
linear statistics. We aimed to differentiate the Parkinson's variant of MSA (MSA-P) from PD both in the early
stages by clinical utilization of NN analyses before the hot cross-bun and putaminal rim imaging features of MSA
appeared. Analysis by NN involved the data of voxel-based morphometry (VBM) that indicate morphological
changes and magnetic resonance spectroscopy (MRS) that indicate qualitative changes. VBM analysis showed
that compared with PD patients, MSA-P patients showed atrophy in the superior cerebellar peduncle, middle
cerebellar peduncle, cerebellar hemisphere, pons, midbrain, and putamen, but not in the globus pallidus. Proton
MRS on the globus pallidus in the diseased hemisphere, lacking atrophy as observed with VBM, revealed de-
creased neurons and gliosis in both groups. Clinical differentiation of MSA-P from PD using NN analysis, in-
volved measuring the prediction potential using the area under the receiver operator characteristic (ROC) curves
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(AUC). Using both VBM and MRS data, NNs contributed adequately to the clinical diagnosis.

1. Introduction

Differentiating between multiple system atrophy with predominant
parkinsonism (MSA-P) and Parkinson's disease (PD) is often difficult.
However, such differentiation is important for prognosis and treatment.
Diagnostic accuracy of multiple system atrophy (MSA) varies greatly
between different centers from as little as 29% up to 86% (approxi-
mately 62% according to autopsies), despite well-established diagnostic
criteria [1-5]. Imaging techniques and biomarkers are urgently needed
to improve the accuracy of in vivo clinical diagnosis. Various magnetic
resonance imaging (MRI) techniques have been used for the differential
diagnosis of atypical parkinsonism, such as MSA-P, and PD [6,7]. These
findings suggest that better and novel MRI techniques are needed to
improve the sensitivity, and to be able to serve as specific biomarkers
for monitoring disease progression [1]. If the various MRI biomarkers
are combined, a more comprehensive and more accurate diagnosis may
be realized. To achieve this, a neural network (NN) approach, a type of
deep learning is used. NN mainly makes possible the prediction of the
diagnosis from various types of biomarkers unlike conventional linear
statistics [8]. With regard to the data used for NN diagnosis of MSA-P,
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we examined morphological changes using voxel-based morphometry
(VBM) [9] and qualitative changes in the intracellular metabolic status
using magnetic resonance spectroscopy (MRS) [10,11]. Further, we
aimed at differential diagnosis between MSA-P and PD in the earlier
stages when the conventional MR imaging features of MSA namely, the
putaminal rim sign, middle cerebellar peduncle sign, and hot cross-bun
sign [2] have not appeared. In this study, we used only objective MRI
data, without including the clinical findings, as the data of NN, because
when the NN diagnosis is different from the clinical diagnosis, the re-
sults of NN can be used as a feedback to review the clinical diagnosis
and neurological findings. This pilot study will be the first trial using
NN in these neurological diseases.

2. Materials and methods
2.1. Patients
The subjects included patients with MSA-P (n = 30; mean * SD

[SD: standard deviation] age: 66.7 * 4.2years; 14 women and 16
men) and PD patients (n = 30; mean age: 66.8 + 6.3 years; 18 women
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Table 1
Demographic characteristics of MSA-P, PD, and controls.
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Characteristics MSA-P

PD Controls

66.7 = 4.2
women 14, men 16

Ages (years)

Diagnosis
UMSARS-II 26.2 = 3.4
UPDRS-III 18.5 + 3.9
Possible 28, probable 2
Disease duration (years) 2.7 + 1.6

Parkinsonism
Cerebellar symptoms
Autonomic dysfunction
Pyramidal signs

all present

7 present, 23 absent
18 present, 12 absent
5 present, 25 absent

66.8 = 6.3
women 18, men 12

66.8 = 7.4
women 18, men 7

21.8 + 5.6
H&Y 1122,1118
3.6 =25
all present

MSA-P, multiple system atrophy - parkinsonian type; PD, Parkinson's disease; SD, standard deviation; The data indicate the means + standard deviation.
Controls of an age and sex-matched group are used in voxel-based morphometry (VBM) studies. The diagnosis of MSA-P was made based on UMSARS (unified
MSA rating scale) Part II and the new diagnostic criteria (2nd consensus criteria) of multiple system atrophy.

The diagnosis of PD was made based on UPDRS-III, Unified Parkinson's and H&Y indicate Hoehn & Yahr Staging.

Table 2
The z-scores obtained from VBM of MSA-P compared to PD.

Area p Value z Scores”
Superior cerebellar peduncle 0.0001 > Increase
Middle cerebellar peduncle 0.0001 > Increase
Cerebellar hemisphere1® 0.0001 > Increase
Cerebellar hemisphere2© 0.0001 > Increase
Pallidum 0.5301 N.8.¢

Putamen 0.0396 Increase
Pons 0.0001 Increase
Midbrain 0.0084 Increase

? The increase of z scores indicate the atropy of each area.

b Cerebellar hemispherel (the mean of MNI cerebellumI~VI).

¢ Cerebellar hemisphere 2 (the mean of MNI cerebellumVII~X).
4 N.S. is no significant differences between the two groups.

and 12 men) and controls, an age and sex-matched group (n = 25;
mean age: 66.8 * 7.4years; 18 women and 7 men). MSA-P and PD
cases at earlier stage of the disease were chosen from our database and
were diagnosed by two different neurologists (M.T"$(and M.M), twice,
as reliable diagnosis was important for providing appropriate learning
data to NN. The clinical diagnosis of MSA-P was made based on the
unified MSA rating scale (UMSARS-II) [12] and the new diagnostic
criteria (second consensus criteria) of MSA [5]. The clinical diagnosis of
PD was made based on the motor subsection of the Unified Parkinson's
Disease Rating Scale Part III (UPDRS-III) [13] and Hoehn and Yahr
Staging (H&Y) [14].

In the MSA-P cases, the mean of UMSARS-II score was 26.2 + 3.4
and the clinical diagnosis were almost possible MSA-P (possible 28
cases and probable 2 cases). In the PD cases, the mean UPDRS stage 2H
&Y and 8 patients in stage 3H&Y. The patient profile including clinical
features is indicated in Table 1.

All procedures followed were in accordance with the Declaration of
Helsinki and investigations were performed with the approval of the
Medical Communities Ethics Committee (Japanese local committee).
The ethical approval number is 1(15th June 2018 accepted). Informed
consent was obtained from all the patients.

2.2. Statistical analysis

The normality of all data in each group was confirmed using the chi-
square test, and then Student's t-tests were performed for comparisons.
P-values were based on the 2-sided tests and considered statistically
significant at P < 0.05. The software used was the BellCurve for Excel
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(Social Survey Research Information Co., Ltd., Tokyo, Japan).
2.3. Voxel-based morphometry

For VBM, brain imaging data sequences were analyzed using
Statistical Parametric Mapping (SPM12, v.12; Welcome Department of
Cognitive Neurology, London, UK, http://www.fil.ion.ucl.ac.uk/spm/).
For anatomical segmentation, Automated Anatomical Labeling (AAL)
was used prior to determining the z-scores, which indicated the atrophy
rate for each region of interest. A z-score of 1 represents 1 unit of
standard deviation. MNI templates, created by the Montreal
Neurological Institute (MNI), were used for all analyses. MNI templates
are the anatomically segmented, spatially normalized single-subject
high-resolution T1 volumes [15]. The regions examined in MSA-P and
PD patients included the superior cerebellar peduncle, middle cere-
bellar peduncle, cerebellum hemisphere 1 (the mean of MNI cerebellum
[~VI), cerebellum hemisphere 2 (the mean of MNI cerebellum VII~X),
globus pallidus, putamen, pons, and midbrain.

2.4. Magnetic resonance spectroscopy

MRS (magnetic field strength: 1.5 T) was performed, using Proton
MRS (*HMRS), on the globus pallidus of the diseased hemisphere in
which atrophy was not observed with VBM. We selected the globus
pallidus for MRS as the region of interest because it has been reported
that important changes occur in the globus pallidus during the early
stage of PD [16,17]. We measured levels of lactate (Lac), N-acet-
ylaspartate (NAA), gamma-aminobutyric acid (GABA), creatine +
phosphocreatine (Cr), choline-containing compounds (Cho), and
myoinositol (ml). Furthermore, we compared NAA with Cr (NAA/Cr),
Cho with Cr (Cho/Cr), NAA with Cho (NAA/Cho), mI with Cr (mI/Cr),
GABA with Cr (GABA/Cr), GABA with NAA (GABA/NAA), and GABA
with mI (GABA/mlI) in the globus pallidus of PD patients [18] as was
described in our previous report. These values were obtained by ap-
proximating relative peak areas to the Lorentzian function.

2.5. Data analyses by the neural network

We used a stochastic NN as the NN for our analyses [19]. The
NeuralTools 7.5 (Palisade Corporation, Ithaca, NY, USA) software was
used. It was necessary to carefully select the data for learning of NNs.
We examined all variable factors in the NNs and excluded the factors
with a low contribution to the results. For the analysis of NNs, the z-
values were selected from the areas in the superior cerebellar peduncle,
middle cerebellar peduncle, cerebellum hemisphere 1, cerebellum
hemisphere 2, globus pallidus, putamen, pons, and midbrain that were
obtained using VBM and the peak area values of NAA/Cr, Cho/Cr,
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Fig. 1. Representative axial images obtained using VBM (SPM 12) and raw T1- weighted images (a) Parkinson's variant of multiple system atrophy (MSA-P), (b)
Parkinson's disease (PD), (c) raw T1-weighted images of the MSA-P patient in (a), (d) raw T1- weighted image of the PD patient in (b). The colors red and yellow
indicate atrophy of 2 standard deviations or more in the T1 weighted images. No significant differences were observed in the raw T1-weighted images in MSA-P and
PD patients using visual image inspection alone, unless the VBM method was used. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

NAA/Cho, mI/Cr, GABA/Cr, GABA/NAA, and GABA/mlI that were ob- learning. The dependent variables (prediction values) were a diagnosis
tained using MRS. These values were processed for the input layer as of either MSA-P, PD, or normal.
independent variables. The intermediate layer was set with 5 nodes for As the learning data of the NNs, 10 MSA-P (all possible MSA-P), 10
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Table 3
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The basic statistics of various parameters of metabolites obtained from MRS of MSA-P and PD.

(a) MSA to control® (b) PD to control

(c) MSA to PD

Metabolites p Value inc/dec Metabolites p Value inc/dec Metabolites p Value inc/dec
Lac 0.0477 Increase Lac 0.0260 Increase Lac 0.4311 N.S.
NAA 0.0010 Decrease NAA 0.0220 Decrease NAA 0.0890 N.S.
GABA 0.0269 Increase GABA 0.0050 Increase GABA 0.9956 N.S.
Cr 0.0120 Decrease Cr 0.2590 N.S. Cr 0.2768 N.S.
Cho 0.1100 N.S. Cho 0.5380 N.S. Cho 0.6726 N.S.
ml 0.0136 Increase ml 0.0130 Increase ml 0.5025 N.S.
NAA/Cr 0.0000 Decrease NAA/Cr 0.0002 Decrease NAA/Cr 0.1850 N.S.
Cho/Cr 0.8937 N.S. Cho/Cr 0.0020 Decrease Cho/Cr 0.5187 N.S.
NAA/Cho 0.2784 N.S. NAA/Cho 0.3220 N.S. NAA/Cho 0.8157 N.S.
ml/Cr 0.0044 Increase ml/Cr 0.0230 Increase ml/Cr 0.9114 N.S.
GABA/Cr 0.0079 Increase GABA/Cr 0.0240 Increase GABA/Cr 0.0777 N.S.
GABA/NAA 0.0210 Increase GABA/NAA 0.0000 Increase GABA/NAA 0.0709 N.S.
GABA/ml 0.6745 N.S. GABA/ml 0.1960 N.S. GABA/ml 0.5145 N.S.

MRS: magnetic resonance spectroscopy; MSA-P: Parkinson's variant of multiple system atrophy; PD: Parkinson's disease; Lac, lactate; NAA, N-acetylaspartate; GABA,
gamma-aminobutyric acid; Cr, creatine + phosphocreatine; Cho, choline-containing compounds; mI, myoinositol.

2 N.S.: no significant differences between the two groups.

Table 4
The values of area under the curve (AUC) obtained from Receiver Operating
Characteristic (ROC) analysis.

Kind of NN AUC Values P Values
VBM- NN” 0.6292 2.0311 0.1541
MRS-NN¢ 0.5217 0.0513 0.8209
VBM- and MRS-NN¢ 0.7749 12.3854 0.0004°

2 P < 0.01 chi-square test (Null hypothesis:area = 0.5).

> VBM-NN: neuralnet was made with the only data of VBM.

¢ MRS-NN: neuralnet was made with the only data of MRS.

4 VBM- and MRS-NN: neuralnet was made with the data of both VBM and
MRS.

PD (all H&Y staging II) patients, and 5 normal individuals were se-
lected. Thereafter, the learning effect of NNs was compared and ex-
amined in 20 MSA-P, 20 PD patients, and 20 normal persons. Three
kinds of NNs were examined. The first NN was made with only the data
of MRS (MRS-NN), the second NN (VBM-NN) was made with only the
data of VBM, and, the third NN was made with all the data, of VBM and
MRS (VBM and MRS-NN), to compare the accuracy of the NNs. The
probability of prediction could be obtained from the NNs. The accuracy
of each NN was evaluated by the values of area under the curve (AUC)
obtained from Receiver Operating Characteristic (ROC) analysis using
the values of probability [20].

3. Results
3.1. Voxel-based morphometry

Considering the z-scores in the VBM results revealed atrophy in the
superior cerebellar peduncle, middle cerebellar peduncle, cerebellar
hemisphere 1, cerebellar hemisphere 2, putamen, pons, and midbrain,
and in the MSA-P patients when compared with PD patients, however,
no significant difference was seen in the globus pallidus (Table 2:
Fig. 1a, b. We did not find any significant difference in conventional
MRI images between MSA-P and PD patients with visual image in-
spection alone, if the VBM method was not used (Fig. 1c, d).

The UMSARS-II scores were not significantly correlated except for
the cerebellar hemisphere region. The correlation coefficients of cere-
bellar hemisphere 1 (the mean of MNI cerebellum I~VI) and cerebellar
hemisphere 2 (the mean of MNI cerebellum VII~X) were p = 0.788
(95% credible interval 0.49%-0.92%) and p = 0.752 (95% credible
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interval 0.42%-0.91%) respectively.
3.2. Magnetic resonance spectroscopy

Table 3 outlines the results for various metabolic parameters in
MSA-P and PD patients. In MSA-P patients, Lac, GABA, mI, mI/Cr,
GABA/Cr, and GABA/NAA levels were increased, whereas NAA, Cr, and
NAA/Cr levels were decreased in comparison with those of controls
(Table 3a). In PD patients, Lac, GABA, ml, mI/Cr, GABA/Cr, and GABA/
NAA levels were increased in comparison with controls, but NAA, NAA/
Cr, and Cho/Cr levels were decreased in comparison with controls in
globus pallidus of PD patients, as was described in our previous report
[18] (Table 3b). However, no significant differences were found in the
various metabolite parameters between MSA-P patients and PD patients
(Table 3c). The UMSARS-II scores were not significantly correlated in
all results.

3.3. Data analysis using neural networks

At first, we attempted to differentiate between MSA-P and PD using
only MRS data in the MRS-NN; however, our results were un-
satisfactory. Next, we attempted the same trial with only VBM data in
the VBM-NN. The results were slightly improved; however, they were of
low accuracy. However, on including both VBM data and MRS data
(VBM- and MRS-NN), the accuracy of NNs to differentiate MSA-P from
PD was fairly improved. In the Table 4, the values of AUC obtained by
NNs were 0.775 (VBM and MRS-NNs), 0.625 (VBM-NN), and 0.522
(MRS-NN). The Receiver Operating Characteristic (ROC) curves ob-
tained from neural networks are shown in Supplementary Fig. 1.

An example of the use of NN for the discrimination is shown in
Table 5.

4. Discussion

Differential diagnosis between MSA-P and PD is often difficult.
However, such differentiation is important for prognosis and treatment.
Diagnostic accuracy in MSA varies greatly between different centers
from as little as 29% up to 86% (approximately 62% according to au-
topsies), despite well-established diagnostic criteria [1-5]. The large
difference in diagnostic accuracy may be due to the duration and stage
of MSA and due to the presence of various pathological changes in
MSA-P [21-23].

MRI has undoubtedly enhanced the accuracy of the differential di-
agnosis of MSA. The hyperintense putaminal rim, middle cerebellar
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peduncle atrophy, and hot cross bun sign identified using conventional
MRI, which are regarded as an anomaly in MSA, are also not necessarily
recognized [2,3]. These findings suggest that better and novel MRI
techniques are needed to improve the sensitivity but not specificity.
Therefore, new methods of distinction between MSA-P and PD are
particularly important, especially in the early stages of the disease [1].

NN makes possible the prediction of the diagnosis using various
types of biomarkers unlike conventional linear statistics [8,19]. We
examined the clinical utilization of NN analysis using both data of
VBMthat indicate the morphological changes and those of MRS that
indicate the qualitative changes in intracellular metabolic status for the
differential diagnosis.

VBM allows for the quantification of atrophy in regions of interest
without depending on visual judgment and then can be used as an in-
dependent variable in NN, not only for various statistical analyses.
Attempts have been made to differentiate between MSA-P and PD using
VBM via MRI; Brenneis et al. used VBM (using SPM2) to examine
morphological changes in MSA-P patients as compared with PD pa-
tients, and verified atrophy in the striatum, midbrain, thalamus, cere-
bellum, and various cortexes; only striatal atrophy was independent of
the stage of disease [22]. Shigemoto et al. used VBM (using SPM8) to
compare individuals with MSA-P and healthy individuals, and reported
atrophy in the putamen, globus pallidus, cerebellum, midbrain, middle
cerebellar peduncle, and pons [23]. Our VBM study (using SPM12, the
latest version) involving MSA-P patients compared with PD patients
revealed atrophy in the superior cerebellar peduncle, middle cerebellar
peduncle, cerebellar hemisphere, putamen, pons, and midbrain. How-
ever, we did not observe significant differences in the globus pallidus.
Although in the present study there were some slight differences of AAL
positioning used in the VBM method and the SPM version, our findings
are consistent with the results of the above-mentioned studies, except
for the globus pallidus.

Since MRS can measure metabolites in the brain in vivo, it has been
used for many clinical applications [10,11,17]. In the current study, we
performed MRS on the globus pallidus for three reasons: 1) atrophy in
the globus pallidus was not seen in either MSA or PD in our VBM study,
and 2) in early PD, the changes in the globus pallidus are more pro-
nounced on the side affected [17], and 3) at the onset of PD, the role of
GABA in PD has drawn significant attention recently, and the globus
pallidus is known as the important input and output area of GABA [24].
In this MRS study, changes to metabolites in the globus pallidus were
observed in both PD and MSA-P (Table 3a, b). These results are con-
sistent with those of previous studies [6,10,17]. However, there was no
significant difference between the metabolic profiles of MSA-P and PD
patients (Table 3c). It is thought that the observed increase in Lac in-
dicates mitochondrial degeneration, while the increase in ml indicates
gliosis, and the decrease in NAA suggests a decrease in neurons [17,18].
These results are consistent with pathological findings in MSA-P [21].
An increase of GABA in the globus pallidus that was also observed in
both MSA-P and PD patients here, may indicate neuronal inhibitory
dysfunction, a critical mechanism which may underlie motor dysregu-
lation in both diseases [24]. Therefore, these findings suggested similar
metabolic changes in the MSA-P as well as PD patients.

Correlation analyses were performed between the VBM and MRS
data and the motor disability assessed using UMSARS-IL. In this study,
we failed to show a correlation of the UMSARS-II scores except for the
cerebellar hemispheric region obtained with VBM. This finding may
indicate that the pathological change is initiated at the beginning of
disease before the emergence of clinical symptoms, and additionally,
we had selected cases of the earlier stage. Brenneis et al. reported that
the UPDRS-III score was not significantly correlated with any brain
region in the study of MSA and PD using VBM [22].

It is a challenge to determine how to comprehensively analyze these
changes and to use them to establish an appropriate diagnosis. NN
approaches (also known as deep learning) have been used in various
fields [8]. In the field of medicine, for example, NNs have been applied
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to the analysis of findings in radiology [25] and pathology [26]. We
used an NN approach here because we believed that a comprehensive
analysis of the various data reported in MSA-P and PD cases could only
be achieved using improved potential, enabled by NN, to recognize
patterns within these data.

NNs have the potential to learn complicated interrelationships
within data, recognize the pattern inherent in the data by imitating the
human brain function, and render predictions from the new data. They
further enable the modeling of very complicated functions and solve
problems that were difficult with conventional linear methods (such as
linear regression and linear discriminant analysis). While various NNs
can be used, we opted for a stochastic NN, often used in predicting
classifications and categories [19].

The present study is characterized by the use of two types of data
analyzed by an NN: VBM, which reflects morphological changes, and
MRS, which reflects qualitative changes.

The differentiation between MSA-P and PD using only MRS data in
the NN (MRS-NN) were unsatisfactory and the same trial with only
VBM data in the NN (VBM-NN) was improved slightly; however, it
exhibited low accuracy. However, in the NN including both VBM and
MRS data (VBM- and MRS-NN), the accuracy of NN was fairly im-
proved. As shown in Table 4 and Supplementary Fig. 1, the values of
AUC using prediction values of NNs were 0.775 (VBM-and MRS-NN),
0.625 (VBM-NN), and 0.522 (MRS-NN).

The advantage of deep learning techniques such as NN is that one
can use various data obtained using various modalities, which will help
lead to better diagnosis. The methodology of this investigation using
deep learning may be useful not only for clinical diagnosis of other
neurodegenerative diseases but also for new findings from future stu-
dies.

In summary, our study suggests that the analysis utilizing two types
of data analyzed by NN (VBM, which reflects morphological changes,
and MRS, which reflects qualitative changes) can lead to better diag-
nosis than diagnosis using each data separately. We are aware that the
small size of the data is a limitation, however, this was a pilot study.
However, we believe that this methodology could improve the sensi-
tivity of diagnosis of MSA-P. The use of a larger data set is necessary to
improve the accuracy of NN-derived predictions in future studies.

5. Conclusions

In this study we used only objective MRI data, without including
clinical findings, as the data for NN learning, because sometimes NN
renders a diagnostic result different from the clinical diagnosis. In such
cases, the NN results can provide us an opportunity to review the
clinical diagnosis and neurological findings. We believe that NN is not
the protagonist here; diagnoses should be rendered by the neurologist.
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