
ORIGINAL ARTICLE

https://doi.org/10.1007/s00062-018-0727-8
Clin Neuroradiol (2019) 29:605–614

Improved Automatic Morphology-Based Classification of Parkinson’s
Disease and Progressive Supranuclear Palsy

Aron S. Talai1 · Zahinoor Ismail2 · Jan Sedlacik3 · Kai Boelmans4 · Nils D. Forkert1

Received: 4 April 2018 / Accepted: 25 August 2018 / Published online: 14 September 2018
© Springer-Verlag GmbH Germany, part of Springer Nature 2018

Abstract
Objectives The overlapping symptoms of Parkinson’s disease (PD) and progressive supranuclear palsy—Richardson’s
syndrome (PSP-RS) often make a correct clinical diagnosis difficult. The volume of subcortical brain structures derived
from high-resolution T1-weighted magnetic resonance imaging (MRI) datasets is frequently used for individual level
classification of PD and PSP-RS patients. The aim of this study was to evaluate the benefit of including additional
morphological features beyond the simple regional volume, as well as clinical features, and morphological features of
cortical structures for an automatic classification of PD and PSP-RS patients.
Material and Methods A total of 98 high-resolution T1-weighted MRI datasets from 76 PD patients, and 22 PSP-RS
patients were available for this study. Using an atlas-based approach, the volume, surface area, and surface-area-to-volume
ratio (SA:V) of 21 subcortical and 48 cortical brain regions were calculated and used as features for a support vector
machine classification after application of a RELIEF feature selection method.
Results The comparison of the classification results suggests that including all three morphological parameters (volume,
surface area and SA:V) can considerably improve classification accuracy compared to using volume or surface area
alone. Likewise, including clinical patient features in addition to morphological parameters also considerably increases
the classification accuracy. In contrast to this, integrating morphological features of other cortical structures did not lead
to improved classification accuracy. Using this optimal set-up, an accuracy of 98% was achieved with only one falsely
classified PD and one falsely classified PSP-RS patient.
Conclusion The results of this study suggest that clinical features as well as more advanced morphological features should
be used for future computer-aided diagnosis systems to differentiate PD and PSP-RS patients based on morphological
parameters.
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Introduction

The identification of patients with a Parkinsonian syndrome
and related disorders, and the accurate diagnosis of the spe-
cific entity causing the syndrome is an important clinical
issue. Due to differences in disease progression, rate of
cognitive decline, cognitive and neuropsychiatric symptom
profile, quality of life, and responses to specific treatment
strategies, such as levodopa or deep brain stimulation, di-
agnosis support systems can assist clinicians in choosing
appropriate interventions earlier in the disease course [1–3].

This is especially a critical issue for patients with pro-
gressive supranuclear palsy—Richardson’s syndrome (PSP-
RS) due to the lower life expectancy, and the poor response
to standard Parkinson’s disease (PD) therapies. Diagnos-
tic guidelines for PD [4] and PSP [5, 6] are mainly based
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on clinical features, resulting in high misdiagnosis rates
due to overlapping symptoms, particularly in early disease
stages. More precisely, failure rates up to 25% have been
reported in neuropathologically proven studies [7]. Thus,
clinical symptom-based nosologies may be inadequate on
their own for early detection and diagnosis.

To overcome this challenge and improve the diagnos-
tic precision of PD and PSP differentiation, a wide variety
of computer-aided diagnostic approaches based on elec-
tro-oculography [8], gait analyses [9], or imaging-based
[10–14] methods have been suggested with varying de-
grees of success. Within this context, the usage of mor-
phological parameters extracted from high-resolution T1-
weighted magnetic resonance imaging (MRI) datasets seem
especially promising due to the modality’s comparably high
discriminative power and widespread availability. In recent
years, numerous studies utilizing information derived from
structural T1-weighted images have been conducted to iden-
tify differences between Parkinsonian syndromes. In terms
of group-wise studies, most previous studies have reported
overall increased atrophy signs in PSP compared to PD.
Messina et al. [15], for example, showed significant vol-
ume reductions in the cerebellum, putamen, thalamus, pal-
lidum, brainstem, and hippocampus in PSP vs. PD. Cere-
bellar gray matter and mesencephalon white matter loss
have been reported by Focke et al. [16] in PSP compared
to PD. Alternatively, previously proposed methods for an
individual level morphology-based classification of PD and
PSP patients employing machine learning techniques fo-
cused mostly on the volume of specific regions of interests
(ROI), such as the brainstem and other regions, which are
known to be significant discriminators between PD and PSP
[14, 17, 18].

Utilizing the volumetric values of these known ROIs as
input features, Scherfler et al. [19], Sarica et al. [20], and
Focke et al. [16] were able to obtain comparably high clas-
sification accuracies of more than 90%. However, recent
studies suggest that various other brain regions, apart from
the deep gray matter are also affected by atrophy and could
hold additional informative value as input features in clas-
sification routines [15, 18, 21, 22].

In addition to plain volume of brain structures, previ-
ous research also suggests that the corresponding surface
area of the brain structures might also have some addi-
tional predictive value for the classification of neurological
diseases [23–26]. Worker et al. [27] for example, found
an increased surface area in the pericalcarine cortex along
with general patterns of cortical thinning as well as volume
loss in the superior frontal gyrus in PSP compared to PD.
Nevertheless, the surface area and combination of volume
and surface area in terms of the surface area-to-volume ra-
tio (SA:V) have rarely been used for classification despite
their potential to enhance the classification accuracy.

Volumetric differences are typically considered to be re-
lated to the atrophic processes, which naturally take place
as part of the aging process but is often accelerated by neu-
rological diseases [22]. While age is a confounding factor
for atrophy assessment, it is only infrequently used as an ad-
ditional feature for classification purposes. Similarly, very
few image-based studies have included additional patient
information such as gender or clinical test scores as input
features within the classification process [28, 29]. Conse-
quently, the investigation of the morphological profile such
as volume, surface area, and SA:V of brain regions within
and beyond deep gray matter, as well as the incorporation
of cognitive and neuropsychiatric symptom test scores and
patient demographics may further increase the diagnostic
accuracy of an automatic morphology-based classification
of PD and PSP-RS patients. Indeed, the combination of
multi-modal imaging features has been shown to improve
classification accuracy compared to using single source in-
formation for classification [30–35].

The aim of the present study was to utilize a wide range
of morphological features in combination with clinical test
scores to develop and evaluate an automatic method to dif-
ferentiate PD and PSP-RS patients using a support vec-
tor machine classifier. Moreover, the significance of adding
cortical features to subcortical features in this morphology-
based classification was further investigated.

Material andMethods

Patients andMR Protocol

A total of 98 MR datasets were available for the present
study, including 76 PD and 22 PSP-RS patients, which were
previously described by Boelmans et al. [36]. Information
about demographic and clinical features is given in Table 1.

Institutional ethics committee (Ärztekammer Hamburg)
approval (ethics number PV3436) was obtained and all sub-
jects provided written informed consent consistent with the
Declaration of Helsinki prior to study participation. Patients
included in this single center study were recruited from
the movement disorder outpatient clinic of the Neurology
Department of the University Medical Center Hamburg-
Eppendorf between July 2009 and September 2010. All pa-
tients were seen at least twice by two movement disorder
specialist and only patients with a probable diagnosis were
included in this study. No FDG-PET results were available
for the study participants.

The clinical diagnosis of PD [4] and PSP [5, 6] were
made according to established consensus criteria at the
time of patient recruitment, with PSP patients presenting
as classical RS. In detail, probable PSP-RS patients with
axial rigidity, early falls, balance instability, and vertical
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Table 1 Demographic and
clinical characteristics of study
participants

Parkinson’s disease Progressive
supranuclear palsy

Number of patients 76 22

Gender, M/F 53/23 10/12
Age at examination, years, mean± SD (range) 63.3± 9.0 70.9± 5.5

(40–77) (59–79)
Disease duration, years, mean± SD (range) 12.2± 6.2 5.9± 3.3

(0.5–30.2) (1.2–12.6)
Hoehn and Yahr, mean± SD (range) 2.7± 0.8 2.5± 0.8

(1–4) (1–4)
UPDRS motor score (OFF condition), mean± SD (range) 36.8± 11.8 32.8± 11.4

(14–63) (9–52)
UPDRS motor score (ON condition), mean± SD (range) 20.3± 8.8 28.7± 10.3

(5–52) (6–48)
MMSE, mean± SD (range) 28.2± 1.3 24.8± 3.1

(23–30) (17–29)

MMSE mini-mental state examination; UPDRS unified Parkinson’s disease rating scale; SD standard devia-
tion

palsy were included in the study, whereas PSP-RS patients
who demonstrated noticeable freezing, significant clinical
response to levodopa, as well as asymmetric clinical fea-
tures were excluded. Patients with a possible level of evi-
dence for diagnosis, or presenting with other neurological,
psychiatric, or systemic disorders were excluded from this
study.

All MRI datasets were acquired using a 3T Skyra scan-
ner (Siemens, Erlangen, Germany). A high-resolution T1-
weighted MPRAGE [37] dataset was acquired for each
patient with TR= 1900ms, TE= 2.46ms, flip angle= 9°,
TI= 900ms, image in-plane resolution of 0.94mm2, and
0.94mm slice thickness.

Image Processing

The automatic brain parcellation, which is required for the
subsequent regional brain morphometry analysis, was per-
formed by registration of the 152 MNI brain atlas [38] to
each patient dataset (Fig. 1). For this purpose, an affine
registration of the atlas to the patient dataset was per-
formed first using the block-matching approach described
by Ourselin et al. [39]. The resulting affine transformation
was then used as an initialization for the subsequent non-
linear registration using a free-form deformation as imple-
mented in the NiftyReg software package [40].

The calculated non-linear transformation for each patient
was used to warp the Harvard-Oxford sub-cortical and cor-
tical atlas brain regions to each patient employing a nearest-
neighbor interpolation. More precisely, the Harvard-Oxford
subcortical atlas defined in the MNI reference space con-
sists of 21 brain regions such as the thalamus, caudate,
hippocampus, and brainstem and the Harvard-Oxford cor-

tical atlas consists of 48 brain regions such as the insular
cortex, precentral gyrus, and temporal pole.

In addition to the segmented atlas brain regions, the non-
linear deformation field was also used for transforming a bi-
nary segmentation of the total intra-cranial volume defined
in the atlas space to each patient dataset, which was used
for volumetric normalization of the single brain regions to
account for differences regarding the general head anatomy.
Apart from the volume, the segmented brain regions were
also used to determine the surface area of each brain region
as well as the SA:V. For calculation of the SA:V, the raw
regional volumes instead of the volumes corrected for the
full intra-cranial volume were used as the ratio calculation
represents a normalization for the individual head geometry
by itself.

Classification Pipeline

The morphological analysis results in a total of 207 imag-
ing features consisting of 69 features for each of the vol-
ume, brain surface area, and SA:V categories. In detail,
21 sub-cortical and 48 cortical structures were determined
per patient in each category as described above. Further-
more, seven clinical features were recorded and available
for classification in this study, which included age, gender,
disease duration, Hoehn and Yahr score, unified PD rat-
ing scale (UPDRS; ON and OFF condition), and the Mini-
Mental State Examination scale (MMSE). Thus, a total of
214 image and non-image features are available for each
patient.

The classification pipeline consists of a feature selection
method followed by a classification algorithm. It is clear
that many of the available features are likely to be non-infor-
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Fig. 1 Schematic representation
of the regional brain volume
quantification procedure using
non-linear registration of the
MNI atlas to the T1-weighted
datasets

Fig. 2 Schematic representation
of the classification pipeline
used for this study (LOOCV
leave-one-out cross validation,
SVM support vector machine,
LOOCV leave one out cross
validation

mative, which may downgrade the classification accuracy if
included in the feature pool. Therefore, the RELIEFF fea-
ture selection method [41], with 10 nearest neighbors was
employed to reduce the number of redundant features. The
RELIEFF method was chosen due to its ability to recog-

nize non-linear relationships between features and the class
labels.

After feature ranking, a linear kernel support vector ma-
chine (SVM) as implemented in the libSVM toolbox [42]
with a cost function value of C= 1, which controls the trade-
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off between misclassification and error minimization, was
first employed using the entire feature set. The linear kernel
SVM and default parameter C= 1 were selected to reduce
the risk of data over-fitting. The optimal number of high
ranking features used for training and testing of the clas-
sifier was then systematically optimized by iteratively re-
moving the lowest ranked feature from training and testing.
After training, the SVM can be used to classify a new fea-
ture sample with unknown class label not part of the training
set. A nested leave-one-out cross-validation (LOOCV; leave
one out cross validation) strategy was employed to evalu-
ate the performance of the SVM classifiers by calculating
the overall accuracy and group-specific evaluation metrics.
To prevent a double-dipping bias, the feature selection was
also included in the training of each leave-one-out iteration
in a nested loop so that the composition and rank of fea-
tures included in the optimal subset may be different for
each training and testing iteration (Fig. 2).

The same process described above was conducted six
times in two phases with different input feature set-ups.
In the first phase, only subcortical features were used for
the classification process. In the first case of phase 1, only
the volumetric features (n= 21) were used for training and
testing of the classifier. In the second case, the 7 clinical
features were added to the volume-based subcortical fea-
tures leading to a total of 28 features. In the third case,
the brain surface area features instead of the volumetric
features were employed for classification, whereas in the
fourth case clinical features were added to the surface area
features, again leading to 28 features. Finally, all subcortical
morphological image-based features, consisting of volume,
surface area, and SA:V (n= 63), were used in the classifi-
cation pipeline and ultimately, the entire feature set includ-
ing all image-based subcortical, morphological, and clinical
features (n= 70) was employed for classification.

In the second phase, the same 6-stage classification set-
ups described above were repeated but using subcortical
as well as cortical features in each category. The primary
rational behind this approach was to investigate the poten-
tial benefits of adding less investigated cortical features to
traditionally used subcortical features.

Results

The RELIEFF and linear kernel SVM pipeline, followed
by LOOCV, yielded a total of 12 classification paradigms,
which were evaluated and compared. Table 2 contains de-
tails regarding the classification performance for each case
using the subcortical features only while Table 3 shows the
corresponding results for the classifiers using the cortical
morphological features in addition to the subcortical mor-
phological and clinical features.

Overall, the results show that subcortical volume and sur-
face area features alone lead to rather similar classification
results, with the surface area features slightly outperform-
ing the volumetric features (84.7% vs. 85.7% accuracy);
however, the volumetric features led to a better classifi-
cation accuracy for PD patients (three misclassifications)
compared to the subcortical surface area features (four mis-
classifications), which resulted in an improved classifica-
tion of PSP-RS patients (10 vs. 12 misclassifications). This
finding suggests that these two morphological parameters
contain complementary information valuable for classifica-
tion of the two patient groups, which is further supported
by the higher classification accuracy of 88.8% obtained by
the classifier including all three types of subcortical mor-
phological features (only 5 PD patients falsely classified as
PSP-RS and 6 PSP-RS patients falsely classified as PD).

Including the clinical features in addition to the subcorti-
cal morphometric features led to considerably higher classi-
fication accuracy in all three cases, with the classifier using
all three morphological parameters and the clinical features
achieving the best classification accuracy of 98% compared
to 94.9% for the volume and clinical feature classifier and
95.6% for the surface area and clinical feature classifier. Us-
ing all subcortical morphological and clinical features led
to only one falsely classified PD and one falsely classified
PSP-RS patient.

The inclusion of the other cortical morphological param-
eters in addition to the subcortical structures only improved
the classification accuracy slightly for three of the classi-
fiers (1: volume only, 2: volume and clinical features, and
3: volume, surface area, and SA:V); however, including the
morphological analysis of the cortical structures did not
improve the accuracy of the classifier using the three sub-
cortical morphological parameters and clinical features for
training and testing of the classifier.

Discussion

This is one of the first studies to investigate the potential
benefits of less frequently used morphological parameters
such as the brain surface area and surface area to volume
ratio as well as clinical test scores and patient demographics
in an automatic classification routine. The main findings of
this study with implications for future developments of mor-
phological classification methods for PSP-RS vs. PD differ-
entiation are three-fold. First, inclusion of clinical features
and clinical test scores considerably improves the classifica-
tion accuracy in all investigated cases. Second, the inclusion
of the surface area and SA:V provides complimentary in-
formation and leads to slightly better classification results
compared to using volumetric features only. Third, adding
the morphological profiles of cortical structures for classi-
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Table 2 Extended classification performance by class (76 PD, 22 PSP-RS) in each case by only using subcortical based features. Confusion
matrix is denoted in italics

Volumetric features

Class TP rate FP rate Precision Recall F-measure MCC ROC Area PD PSP-RS Accuracy

PD 0.961 0.545 0.859 0.961 0.907 0.511 0.708 73 3 84.69%

PSP-RS 0.455 0.039 0.769 0.455 0.571 12 10

Volumetric and clinical features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.974 0.136 0.961 0.974 0.967 0.851 0.919 74 2 94.89%

PSP-RS 0.864 0.026 0.905 0.864 0.884 3 19

Surface area features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.947 0.455 0.878 0.947 0.911 0.556 0.746 72 4 85.71%

PSP-RS 0.545 0.053 0.750 0.545 0.632 10 12

Surface area and clinical features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.961 0.045 0.986 0.961 0.973 0.888 0.958 73 3 95.91%

PSP-RS 0.955 0.039 0.875 0.955 0.913 1 21

Surface area, volumetric, and surface area to volume ratio features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.934 0.273 0.922 0.934 0.928 0.673 0.831 71 5 88.77%

PSP-RS 0.727 0.066 0.762 0.727 0.744 6 16

Surface area, volumetric, surface area to volume ratio, and clinical features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.987 0.045 0.987 0.987 0.987 0.941 0.971 75 1 97.95%

PSP-RS 0.955 0.013 0.955 0.955 0.955 1 21

TP true positive, FP false positive,MCCMatthews correlation coefficient, ROC receiver operating characteristic, PD Parkinson’s disease, PSP-RS
progressive supranuclear palsy—Richardson’s syndrome

fication does not improve the classification accuracy com-
pared to using all three subcortical morphological features
and clinical scores and, thus, can be neglected.

Individual level classification of PD vs. PSP-RS resulted
in an overall accuracy of 98%, when all subcortical morpho-
logical and clinical features were employed. The obtained
results of this classification method are in the top range
of previously reported classification approaches, although
it needs to be highlighted that the results are not directly
comparable since different databases were used for the de-
velopment and evaluation of the classifiers. The 98 patients
included in this study were recruited prospectively to set up
a representative clinical cohort, which denotes a relatively
large number of participants compared to most previous
studies.

The finding that the inclusion of clinical features allows
higher classification accuracies is well in line with previous
research in this domain. Planetta et al. [28], for example, re-
ported that adding clinical measures to diffusion-based im-
age features improved the overall classification metrics dif-
ferentiating PD patients and patients with various atypical
Parkinsonian syndromes. Similarly, Hirschauer et al. [29]
showed an overall increase in classification accuracy for
differentiating PD patients from those patients with scans

without evidence of dopaminergic deficit (SWEDD) when
clinical and image-based features were combined. Consid-
ering the ubiquity of these tests in clinical practice, as well
as their positive contribution to classification performance,
the integration of such measures within future computer-
aided diagnosis systems for Parkinsonian syndrome clas-
sification seems strongly suggested. This finding is espe-
cially relevant as most image-based classification methods
described in the past did not even include simple clinical
variables such as age.

The second major finding of this study is that the com-
bination of brain surface area, volume, and area to volume
ratio features outperforms the individual features sets in
terms of classification accuracy. Several studies in the past
have illustrated the point that the combination of multi-
modal imaging data (e.g. regional volumetric and diffu-
sion features) compared to unimodal feature usage can im-
prove classification accuracy [30, 31, 43]. This is an intu-
itive aspect considering that multimodal feature sets elu-
cidate a more comprehensive overview of a given entity
compared to single-source features. Within this context, it
should be highlighted that the morphometric features used
in this study were obtained from a single high resolution T1-
weighted dataset and, thus, are strictly speaking not mul-
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Table 3 Extended classification performance by class (76 PD, 22 PSP) in each case using subcortical and cortical features. Confusion matrix is
denoted in italics

Volumetric features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.961 0.364 0.901 0.961 0.930 0.658 0.798 73 3 88.77%

PSP-RS 0.636 0.039 0.824 0.636 0.718 8 14

Volumetric and clinical features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.987 0.091 0.974 0.987 0.980 0.911 0.948 75 1 96.93%

PSP-RS 0.909 0.013 0.952 0.909 0.930 2 20

Surface area features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.947 0.455 0.878 0.947 0.911 0.556 0.746 72 4 85.71%

PSP-RS 0.545 0.053 0.750 0.545 0.632 10 12

Surface area and clinical features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.961 0.045 0.986 0.961 0.973 0.888 0.958 73 3 95.91%

PSP-RS 0.955 0.039 0.875 0.955 0.913 1 21

Surface area, volumetric, and surface area to volume ratio features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.961 0.318 0.913 0.961 0.936 0.692 0.821 73 3 89.79%

PSP-RS 0.682 0.039 0.833 0.682 0.750 7 15

Surface area, volumetric, surface area to volume ratio, and clinical features

Class TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PD PSP-RS Accuracy

PD 0.987 0.045 0.987 0.987 0.987 0.941 0.971 75 1 97.95%

PSP-RS 0.955 0.013 0.955 0.955 0.955 1 21

TP True Positive, FP False Positive, MCCMatthews correlation coefficient, ROC Receiver operating characteristic

timodal; however, the classification results suggest that the
volume, surface area, and SA:V indeed describe different
aspects of the regional brain morphometry that are not fully
captured by one of these morphometric parameters alone.
This hypothesis generated based on the classification results
is further supported by the features selected and used for the
optimal classification procedure, which generally included
a mixture of volumetric, surface area, SA:V, and clinical
features in the top ranked features; however, more research
is needed to investigate how these different morphological
features might describe different atrophic processes in PD
and PSP-RS patients, which is beyond the scope of this
work.

Finally, the comparison of the results obtained by the
different classifier set-ups suggests that the inclusion of cor-
tical morphological brain features in addition to the subcor-
tical regions does not or only marginally improves the clas-
sification accuracy. This might be because cortical regions
are less affected than subcortical areas in PD syndromes
[44]. It is worth noting that no additional classification was
performed using just the corresponding cortical features;
however, it is highly likely that the performance would be
weaker than what is explicitly reported in this study.

It is worth highlighting that in the proposed classification
pipeline, brain surface area features result in slightly bet-
ter PSP-RS differentiation compared to volumetric features
when subcortical or the combination with cortical features
are employed. This finding further encourages the combi-
nation of multimodal features in classification tasks.

It should be noted that morphological parameters have
been used rather frequently to classify PD and PSP subjects
compared to other image sequences with varying classifi-
cation results [16, 19, 45, 46]. This is most likely a result
of the widespread availability of this image sequence in
retrospectively collected study cohorts as a high-resolution
T1-weighted MRI sequence is typically part of any brain
MRI protocol and the regional brain volume is a rather intu-
itive parameter that is related to known atrophic processes
in Parkinsonian syndromes, e.g. the brainstem. These as-
pects highlight the utility of this specific MRI sequence
for Parkinsonian syndrome classification; however, it also
needs to be highlighted that this is the first work to sys-
temically investigate the potential benefits of several tech-
nical aspects of machine learning models using features ex-
tracted from high-resolution T1-weighted MRI sequences.
It might also be argued that at least some of the findings
of this study also hold true for machine learning models
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using different image sequences (e.g. the aspect of inclu-
sion of clinical features improving classification accuracy
and focus on subcortical structures rather than whole brain
analyses). Within this context, it should also be noted that
only support vector machines with a standard set-up, which
are typically viewed as very powerful, were used in this
study. While other machine learning approaches such as
random forests or neural nets might be able to improve the
classification accuracies to some extent, preliminary tests
conducted with other machine learning approaches suggest
that the general conclusions from this study still hold true.

A few limitations are present in this study. First, the
ground truth classifications were determined by expert
movement disorder specialists according to established
consensus criteria without neuropathological proof. Thus,
there may still be a minor level of uncertainty left regarding
the ground truth classification used for training and eval-
uation of the classifier. Within this context, it should also
be mentioned that due to the retrospective analysis of the
prospectively collected datasets, the most recent guidelines
for PD and PSP-RS diagnosis were not available at that time
and the previous guidelines were used. The new Movement
Disorder Society Clinical Diagnostic Criteria for PD [47]
aim to increase the diagnostic accuracy with the emphasis
on exclusion criteria, red flags, and supportive criteria.
Likewise, the new clinical criteria for PSP [48] recognize
early forms of PSP and operationalize a broader spectrum
of PSP clinical phenotypes; however, the main findings
should also apply if these criteria were used for patient
selection and all patients included in this study were seen
by two movement disorder specialists at least two times to
ensure highly probable ground truth classifications. Second,
the proposed method was only evaluated using a leave-one-
out validation. Thus, further validation using a completely
different prospectively collected database should be per-
formed in the next step. Finally, while the sample size
available for this study is considerably large compared to
previous similar studies, an even larger sample population
would improve the generalizability of the classification
model. Consequently, a large database of standardized MR
images obtained from multiple MR manufacturers will be
helpful in reaching a complete general model needed for
assisted clinical diagnosis. Within this context, it should
also be pointed out that the two patient cohorts differed con-
siderably regarding the age distribution, which might bias
the classification results to some extent; however, while
the PSP patients were considerably older, which should
lead to more pronounced atrophy effects, the average dis-
ease duration was also considerably shorter compared to
the PD patients, which might counterbalance the expected
increased atrophy due to age compared to the PD group.

Further improvements of the method could be possible
by including multispectral MRI features in the classifica-

tion method such as susceptibility weighted imaging (SWI),
diffusion tensor imaging (DTI), or T2 prime MR datasets,
which have also been used in previous classification models.
The presented model has the potential of integrating sub-
cortical and cortical features of other less prevalent atypical
PSP subtypes such as PSP-parkinsonism, PSP-corticobasal
syndrome, PSP-progressive non-fluent aphasia, and others
in a multilevel classification paradigm provided sufficient
syndrome representative datasets are available. Likewise, it
would be possible to also include patients with other neuro-
logical diseases that are associated with atrophy and healthy
subjects in the presented classification framework; however,
in this case the morphological fingerprint of the other cor-
tical structures, which did not seem to be relevant for the
classification of PD and PSP-RS patients, might become
more informative.

Conclusion

In summary, the results of this study show that combina-
tion of subcortical morphological features such as regional
brain volumes, brain surface area, and brain surface area
to volume ratio has the potential to discriminate PSP-RS
and PD subjects with high accuracy. Moreover, including
the morphology of other cortical brain regions does not
lead to considerably better classification results, whereas,
the addition of clinical and demographic features consider-
ably enhances the predictive power of imaging biomarkers,
reflecting the importance of nosological constructs in an
automatic classification paradigm.
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