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Budget-based classification of Parkinson's disease from
resting state EEG

Ilkka Suuronen, Antti Airola, Tapio Pahikkala, Mika Murtojarvi, Valtteri Kaasinen, Henry Railo

Abstract— Early detection is vital for future neuroprotec-
tive treatments of Parkinson’s disease (PD). Resting state
electroencephalographic (EEG) recording has shown potential
as a cost-effective means to aid in detection of neurological
disorders such as PD. In this study, we investigated how the
number and placement of electrodes affects classifying PD
patients and healthy controls using machine learning based
on EEG sample entropy. We used a custom budget-based
search algorithm for selecting optimized sets of channels for
classification, and iterated over variable channel budgets to
investigate changes in classification performance. Our data
consisted of 60-channel EEG collected at three different
recording sites, each of which included observations collected
both eyes open (total N = 178) and eyes closed (total
N = 131). Our results with the data recorded eyes open
demonstrated reasonable classification performance (ACC =
.76; AUC = .76) with only 5 channels placed far away from
each other, the selected regions including right-frontal, left-
temporal and midline-occipital sites. Comparison to randomly
selected subsets of channels indicated improved classifier
performance only with relatively small channel-budgets. The
results with the data recorded eyes closed demonstrated
consistently worse classification performance (when compared
to eyes open data), and classifier performance improved more
steadily as a function of number of channels. In summary, our
results suggest that a small subset of electrodes of an EEG
recording can suffice for detecting PD with a classification
performance on par with a full set of electrodes. Furthermore
our results demonstrate that separately collected EEG data
sets can be used for pooled machine learning based PD
detection with reasonable classification performance.

Index Terms— Parkinson’s disease, electroencephalogra-
phy, sample entropy, group-wise feature selection, classifica-
tion

[. INTRODUCTION

Parkinson’s disease (PD) is a progressive degenerative
neurological disorder whose cardinal motor signs are rest
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tremor, slowness of movement (bradykinesia), and muscu-
lar rigidity. The characteristic neuropathological feature
of PD is the formation of abnormal alpha-synuclein aggre-
gations, and the degeneration of dopaminergic cells in the
midbrain region substantia nigra pars compacta. Although
multiple biomarkers of PD have been proposed [1], the di-
agnosis of PD is primarily based on motor symptoms. This
is problematic because by the time the motor symptoms
emerge, the neuropathological changes of PD are already
widespread [2], and a large proportion of dopaminergic
cells has been lost [3]. An effective neuroprotection for PD
will require earlier disease detection, and procedures that
aid in the identification of PD from early biomedical sig-
nals are therefore needed. One of the proposed approaches
is to classify PD based on electroencephalographic (EEG)
recordings. EEG measures electrophysiological activity of
large neuronal populations from electrodes attached to
the scalp. It is low-cost, easy to measure, and used as a
standard clinical assessment procedure in hospitals.

PD is associated with changes to the EEG spectrum
[4]-[8], and researchers have tested whether PD can be
classified based on features extracted form the EEG. Stud-
ies which have classified PD patients and neurologically
healthy age-matched controls based on linear features
calculated from different frequency bands have yielded
approximately 75-82% accuracy [9], [10]. Building on the
assumption that instead of reflecting linear stochastic
processes, EEG is characterized by non-linear dynamics
[11], studies suggest that non-linear methods may provide
valuable additional information for classification [12]-[14].
In studies employing non-linear measures for classification,
accuracy has been around 80-95% [12], [13], [15]. For
instance, Lainscsek et al. [12] showed that nine patients
and nine age-matched controls could be classified almost
perfectly with merely one second of EEG when delay
differential equations were used. Liu et al. [13] studied
17 PD patients and 25 healthy controls using resting
eyes-closed EEG, and reported over 90% -classification
accuracy based on discrete wavelet transformation and
sample entropy. Following the promising results obtained
in prior investigations [13], [15] using signal complexity
based features, we based our feature extraction procedure
on a complexity measure and a related algorithm known
as sample entropy.

Studies often report which channels or channel clusters
yield highest classifier performance (e.g., [8], [10], [12],
[16]), but previous studies have not systematically ex-
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amined how classification performance is affected by the
number of EEG channels. From the practical point-of-
view, it would be a considerable advantage if the classifi-
cation of PD from EEG could be performed with minimal
number of channels. Firstly, this would make the EEG set-
up fast. Secondly, high-density EEG montages (e.g., 64-
channel EEG) used in research are rarely used in hospitals.
Previous research suggests that small number of channels
is sufficient for classification. For example, Lainscsek et
al. [12] used clusters of 2-6 local neighbouring channels in
their analysis, and Liu et al. used 10-channel EEG with
electrodes placed evenly across the head. However, system-
atic analysis of how classification performance varies as the
function of number of channels is lacking. Although few
channels may enable adequate classification, it could be
that additional channels further improve the performance
of the classifier.

A related question is which electrode locations yield
the highest classification performance. On the one hand,
recording montages that cover the whole head could work
best because they allow sampling of wide-ranging sources
of neural activity. On the other hand, pathological fea-
tures of EEG could predominantly influence activity in
specific EEG channels (e.g., frontal electrode locations
over the motor cortex). If certain scalp locations provide
more information for classification of PD than others, this
information could be used to optimize EEG recording
montages for PD classification. Finally, due to the high
correlation of EEG signals across electrodes, it could be
that the selection of specific, "optimal" electrode locations
does not significantly improve classifier performance.

Given that the number of different channel combinations
can be very large (e.g., there are 1.51 x 10! different 10-
channel combinations with 64 electrodes), finding optimal
combinations, and determining how the number of selected
channels influences classification is difficult. To examine
how classification performance changes as a function of
number of EEG channels, we implemented a novel channel-
wise feature selection method which first fits a model
to the features extracted from the single best channel,
and then augments the model further with features from
additional performance-maximizing channels, until a pre-
set budget for channels in the model is depleted. By
iterating over variable budgets, we were able to observe
at which number of channels the increase in classification
performance becomes negligible, and which channels pro-
vide most value for classification. To examine how much
additional information the budget-based search algorithm
provides, we compare its performance to randomly selected
channel subsets.

While previous studies report high classification accu-
racy, the studies have typically relied on a relatively small
sample, and all of the data has been collected at one
laboratory (except for [8]). Given that small sample sizes
are known to bias classifier performance [17], [18], we
combined data from three different laboratories to reach a
reasonable sample size. Combining data collected at differ-
ent laboratories is also arguably a more realistic and likely

more difficult situation for classification (e.g., because of
systematic differences in EEG recording equipment, pro-
cedure and environment). The budget-based classification
procedure was run separately for eyes-closed and eyes-open
resting state EEG data, which are both standard clinical
EEG protocols [19]. Most previous studies which classify
PD based on resting state EEG have used eyes closed
recordings [10], [13], [15], [20], [21].

Il. METHOD
A. EEG data

The analysis was based on pooled resting state EEG
data collected at University of Turku [22], University of
New Mexico, and University of Towa (see, [8]). Data col-
lected at each site were approved by the local Institutional
Review Board. Each data set contained data collected both
with the subjects’ eyes open (henceforth EOQ) and closed
(henceforth EC). The Turku and New Mexico datasets
contain both EO and EC data from each subject (except
that one patient is missing the EC in the Turku data).
In the Iowa data, the EC condition has less participants
than the EO condition. The total number of PD patients
is 89 (EO condition) and 68 (EC condition), and 89 (EO
condition) and 63 (EC condition) control participants.
Because four PD patients and two control participants had
an irregular number of channels, they were excluded from
further analysis.

Figure 1 shows the power spectrum of the EEG data
in different conditions across all three datasets. The com-
parison of EEG power spectral density between PD and
control groups displays the often reported pattern that
PD patients display stronger EEG activity around 5-10
Hz. Demographical, clinical and neuropsychological data
describing these datasets are presented in Tables I-IV.
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Fig. 1: Comparison of EEG power spectrum in PD (or-
ange lines) and control (blue lines) groups in the eyes
open (left panel) and eyes closed (right panel) conditions.
Lines represent different channels (average across partici-
pants/patients).

In the Turku dataset, the patients were asked to go
through a voluntary medication break before the test
session to counteract possible intervening effects of medi-
cation. Thirteen patients underwent the medication break,
and did not take their morning medication during the day
of the study (at least 12 h break in medication). These
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Turku (Eyes open and closed) Control PD Iowa (Eyes closed) Control PD

N 20 20 N 15 20

Sex (male/female) 8/12 9/11 Sex (male/female) 7/8 12/8
Age, years 67.8 (6.2) 69.8 (7.2) Age, years 70.8 (5.1) 67.2 (7.8)
levodopa eq. daily dose, mg n/a 663.2 (509.1) levodopa eq. daily dose, mg n/a 947.2 (526.0)
Disease duration, years n/a 6.4 (4.9) Disease duration, years n/a 5.5 (3.0)
Mini-mental state score 28.2 (1.5) 27.8 (1.8) Mini-mental state score n/a n/a
Beck’s depression inventory 5.0 (3.0) 8.4 (6.2) Beck’s depression inventory n/a n/a
Montreal cognitive assessment n/a n/a Montreal cognitive assessment 26.4 (1.6) 23.5 (3.6)
Geriatric depression scale n/a n/a Geriatric depression scale 1.1 (1.5) 4.4 (3.8)
MDS-UPDRS, motor 5.1 (3.5) 28.9 (16.4) MDS-UPDRS, motor n/a 14.8 (4.6)

TABLE I: Demographic, clinical and neuropsychological
data. Turku dataset. Reported as mean (SD).

New Mexico (Eyes open and closed) Control PD

N 28 28

Sex (male/female) 18/10 18/10
Age, years 69.2 (9.0) 69.7 (8.4)
levodopa eq. daily dose, mg n/a 703.6 (432.7)
Disease duration, years n/a 5.5 (4.1)
Mini-mental state score n/a 28.6 (1.0)
Beck’s depression inventory n/a 7.6 (5.1)
Montreal cognitive assessment n/a n/a
Geriatric depression scale n/a n/a
MDS-UPDRS, motor n/a 24.8 (8.6)

TABLE II: Demographic, clinical and neuropsychological
data. New Mexico dataset. Reported as mean (SD).

patients can therefore be considered being in OFF phase.
In the New Mexico dataset, 14 patients were OFF medica-
tion (the New Mexico data we analyzed here contain each
participant’s first recording session). All patients were on
medication in the Iowa dataset.

In all datasets, EEG was originally sampled at 500 Hz
frequency using 64 channels. All data recording protocols
were approved by the local Ethics Committee and followed
the Declaration of Helsinki. During data procerssing, the
EEG was resampled to 250 Hz, and then run through
an automated PREP preprocessing pipeline [23]. During
preprocessing, 50 or 60 Hz line noise was removed, bad
channels were interpolated, and EEG was referenced to
robust average reference. We used PREP preprocessing
pipeline because it follows standardized processing steps,
and doesn’t include time consuming computational steps
such as independent component analysis. Because the
three datasets were collected using different electrode
arrangements, we removed channels that were not included
in all three datasets. This left us with 60 channel EEG
data. EEG preprocessing was performed in Matlab 2016b

Iowa (Eyes open) Control PD

N 41 41

Sex (male/female) 23/18 28/13
Age, years 71.3 (7.4) 66.1 (8.0)
levodopa eq. daily dose, mg n/a 887.6 (414.0)
Disease duration, years n/a 5.4 (3.9)
Mini-mental state score n/a n/a
Beck’s depression inventory n/a n/a
Montreal cognitive assessment 26.6 (1.7) 25.8 (3.2)
Geriatric depression scale 0.7 (1.0) 3.3 (2.8)
MDS-UPDRS, motor n/a 13.6 (7.11)

TABLE Ill: Demographic, clinical and neuropsychological
data. Towa eyes open dataset. Reported as mean (SD).

TABLE IV: Demographic, clinical and neuropsychological
data. Iowa eyes closed dataset. Reported as mean (SD).

using EEGlab plugin [24].

B. Outline of the analysis

The primary objective of this analysis was to investigate
the performance of a machine learning model in correctly
classifying subjects as PD patients or healthy control
participants when using a limited selection of channels of
an EEG recording. To this end, we employed a custom
greedy budget-based and grouped feature selection algo-
rithm [25] to include or exclude groups of features into the
model in such a manner that all features in a given group
pertain to the same channel. Because of the practical
interchangeability between the two concepts, and for the
sake of simplicity, such groups of features pertaining to
the same channel will be henceforth referred to as "chan-
nels". Performing the feature selection procedure in such
a channel-wise manner allowed us to observe the effect
of gradually introducing channel-specific information into
the model on the classification performance, ultimately
yielding insight into a favourable number and placement
of electrodes for recording EEG. Further, we performed
the same analyses for a simple baseline method based on
random selection of channels.

Preprocessing, as described in the previous chapter, was
followed by a feature extraction procedure consisting of
separating a number of distinct wave-form components
from each channel-specific signal using band-pass filtering,
and computing a measure of signal complexity called sam-
ple entropy [26] for each such component. The resulting
feature vectors were then used for training and evaluating
the test performance of a logistic regression classifier
model using nested 10-fold cross-validation to perform the
budget-based grouped feature selection procedure.

K-fold cross-validation is a conventional method for
evaluating a machine learning model’s generalization abil-
ity to previously unseen data by partitioning the training
data into k distinct subsets called folds. Each of the folds
is in turn used for testing, while the remaining k — 1 folds
are pooled and used for training the model. This procedure
results in k fold-specific test performance estimates, from
which a total test performance estimate can be computed
by averaging. Nested k-fold cross-validation involves a
further partitioning of the training data for the purpose
of model selection which can involve hyperparameter tun-
ing or feature selection. The rationale for employing a
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nested cross-validation algorithm instead of a regular,
"flat" one when performing model selection is that the
latter procedure has been reported to result in a highly
biased performance estimate whereas using a nested cross-
validation reduces this bias, resulting in a more realistic
estimate of the model’s generalization capability. [27]

By using the "inner" loop of the nested cross-validation
procedure to perform budget-based grouped feature selec-
tion, we were able to observe the feature selection process
on the level of the EEG channels, as constricted by the
budget variable. Furthermore, by gradually increasing the
budget, we were able to observe the effect of further aug-
menting the model with additional channels with respect
to the classifier performance. The primary metrics used for
reporting the classifier performance were area under the
receiver operating characteristic curve (henceforth AUC),
which can be interpreted as the probability that the model
ranks a random "positive" case higher than a random
'negative" case!, and classification accuracy defined as
the ratio of correctly classified cases to both correctly
and incorrectly classified cases. In order to determine
the statistical significance of the model’s performance,
we performed permutation tests [29] on both datasets at
full budget and observed p-values of < 0.0001 for both
performance metrics. In addition to the aforementioned
metrics, sensitivity, specificity, positive predictive values
and negative predictive values were reported for certain
budgets. The analysis was performed using Python 3 with
NumPy [30], Scikit-learn [31], Scipy [32], Neurokit2 [33]
and Xarray [34] as external libraries.

C. Feature extraction

Feature extraction procedure consisted of applying a
sixth order forward-backward Butterworth band-pass fil-
ter to each of the 60 channel-specific signals of the EEG
recording for each subject to separate the conventional
delta, theta, low alpha, high alpha and beta components.
The respective low and high cutoff frequencies were defined
as [0.5,4.0], [4.0,8.0], [8.0,10.0], [10.0,13.0] and [13.0, 30.0]
in Hz. As the final step of feature extraction stage, sample
entropy was computed for each such signal component
resulting in total 300 numeric features? per subject. As
there was considerable variance in lengths of the EEG
recordings between sites, only the first 15,000 data points
corresponding with the first 30 seconds of the signal were
used for feature extraction.

Sample entropy (henceforth SampEn) is a measure of
complexity used for quantifying the unpredictability of a
physiological time series, based on estimating the proba-
bility that two matching subsequences of a given length m
are still similar at length m+1. It is closely related to an-
other complexity measure known as approximate entropy
(ApEn), but designed to eliminate a bias toward regularity

1For an introduction to ROC-curves and computing AUC, see e.g.
Fawcett 2006 [28]
260 channels * 5 frequency band specific features per channel.

that originates from ApEn comparing each subsequence
with itself.

SampEn is defined by a series of N data points X =
1, T3, ..., N, an embedding dimension m and a tolerance
r. The embedding dimension, also known as order, is
used for constructing a set of template vectors u, (i) =
[T, Tit1y .- Zigm—1] for each ¢ such that 1 < i < N —m
in the embedding space R™. Another such set u,,4+1(%)
of template vectors is constructed in the embedding space
R™*L. Also, a distance function d(u (i), u(3)) is defined for
template vectors u(i),u(j) as the Chebyshev distance (or
some other distance metric) in their respective embedding
spaces.

Given a time series z(n), a distance metric d, an em-
bedding dimension m and a tolerance r, SampEn can be
defined as:

SampEn = logE (1)
A
where
N—m N-m
A= > 00— d(umir (i), umsa(§)  (2)
i=1 j=1,j#i
N—m N-m
B= 0(r — d(um (i), um(4))) (3)
i=1 j=1,j#i

and where 6 is the Heaviside step function.

In the present analysis, SampEn was computed with
embedding dimension of 2 and tolerance of 0.2 x o, where
o is the standard deviation of the sample.

D. Budget-based grouped feature selection

To find locally optimal® subsets of channels for training
the model with, we employed a custom budget-based and
grouped feature search algorithm. Given a budget B, the
algorithm selects in total B channels to include in the
model. New channels are selected in a greedy fashion with
respect to the validation performance, so that each new
channel selected by the algorithm is the one the inclusion
of which in the model has the highest positive effect (or
the least negative effect) on the validation performance.
The selected channel is then removed from the set of
available channels, the cost of the model is increased
and the selection procedure continues until the cost is
equal to the budget, at which point the selection pro-
cedure terminates. After the feature selection procedure
is completed, a final model is trained with the selected
channels using the full training data (i.e. the k — 1 folds)
and its performance is evaluated against the test fold.
Validation AUC was used as the primary optimization
criterion in the feature selection procedure. As a simple
and computationally efficient baseline, we consider also a
channel selection method that simply selects the channels

3By "locally optimal" subset of channels we refer to such a subset
of channels that has been built up by optimal individual choices at
each stage of the greedy search procedure.
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in a random order. For pseudocode representation of the
greedy channel selection procedure, see Algorithm 1. To
assess the effectivity of the feature selection algorithm,
we compare it with a random grouped feature selection
algorithm. For a given budget B, the random grouped
feature selection algorithm iteratively selects B channels
at random instead of based on validation performance.
This procedure was repeated 100 times, and an average
performance was computed for each budget in order to
establish a baseline performance.

Algorithm 1: Budget-based greedy channel
selection

: C = Classifier, X = Training data,
Y = Target variable, B = Budget,
A = Set of available channels

Output: Locally optimal model M given budget B

Initialize the set for selected channels: S <

Initialize model cost variable: ¢ + 1

while ¢ < B do

s+ argmazqaea(Score(C(Xsuq,Y))
S+ SUs
A+ A\ {s}
c+—c+1
end
M <+ C(Xs, Y)

Input

© 00 g 0 oA W N =

[1l. RESULTS

The development of main performance metrics (accu-
racy, and AUC) as functions of budget can be inspected
in Figure 2. The results demonstrate a difference between
the datasets with respect to the performance, the EO
dataset generally outperforming the EC dataset. The EO
dataset has the minimum values for both metrics at a
budget of one channel (accuracy: 0.66, AUC: 0.71) and
the maximum values for both metrics at a budget of five
channels (accuracy: 0.76, AUC: 0.76). The EC dataset
likewise has the minimum values for both metrics at a
budget of one channel (accuracy: 0.52, AUC: 0.69), a
maximum value for AUC at a budget of 59 channels (0.78)
and a maximum value for classification accuracy at a
budget of 56 channels (0.72). For selected budgets, average
receiver operating characteristic curves are depicted in
Figure 3, in addition to which average specificity, sen-
sitivity, positive predictive value and negative predictive
value are displayed in table V.# Most immediately notable
about these metrics is the imbalance between the high
average sensitivity and the low average specificity in the
case of the EC data set, especially at low budgets, while
the metrics are relatively well balanced in the case of the
better performing EO dataset.

As shown in Figure 2, in the case of the EO data, the
greedy search outperforms the random selection at low to

4Missing negative predictive values for certain budgets are caused
by lack of negative predictions in one or more folds.

Budget Sensitivity Specificity Pos. pred. Neg. pred.
value value
EO 5 0.80 0.71 0.74 0.81
EC 5 0.91 0.26 0.58 n/a
EO 10 0.75 0.69 0.70 0.77
EC 10 0.92 0.33 0.61 n/a
EO 20 0.75 0.69 0.70 0.77
EC 20 0.85 0.46 0.65 0.76
EO 30 0.73 0.67 0.67 0.75
EC 30 0.82 0.52 0.67 0.76
EO 60 0.75 0.70 0.70 0.77
EC 60 0.77 0.60 0.69 0.73

TABLE V: Sensitivity, specificity, positive predictive values
and negative predictive values for budgets of 5, 10, 20, 30
and 60 for both EO and EC datasets.

medium budgets. This is in line with our prior results with
greedy selection under a budget (e.g. [25]). Namely, the
first steps of greedy selection tend to be good, because
there is still a lot of room for improvement. However,
after the channels providing the best improvement have
already been selected, the remaining channels can not
be distinguished from each other anymore due to noise,
and the greedy selection starts to resemble the random
one. Indeed, at medium to high budgets, greedy selection
performs like random with bad luck, since it is even
outperformed by the random search averaged over several
runs. This is even more clear with the EC data, on which
the greedy search only sporadically reaches the average
performance of the random selection.

The above result suggests that optimized channel com-
binations improve classification when the classification is
performed with limited number of electrodes (in the EO
condition). Figure 4 shows, for six different sized channel
budgets, the frequency a given channel was selected into
the model. With EO data and a five channel budget,
the search algorithm selected channels located in right-
frontal, left-temporal and midline-occipital sites. With
higher number of channel budgets, frontal channels over
the motor cortex produced highest increase in classifier
performance in the EO condition. In contrast, selected
locations in the EC condition appear more random, with
some concentration on the right parietal sites, consistent
with the observation that the search algorithm was out-
performed by average random feature selection.

IV. DISCUSSION

Our results indicate that a pooled data set of EEG
recordings, comprising of data collected at three different
laboratories, can be classified reasonably well (AUC >
0.7) using complexity-based features and a linear classifier
based on a small number ( 5) of channels. This is consistent
with previous studies showing high accuracy classification
with 1-10 electrodes ( [8], [12], [13]). Our results further
show that when classification is performed with eyes open
(EO) resting state EEG data, classifier performance can
be optimized by selecting features form a limited number
of different channels. In contrast, when classification was
based on eyes closed (EC) data, random feature selection
yielded better performance, and classifier performance
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Fig. 2: A plot depicting classification accuracy and AUC as a function of budget for the EO (a) and EC (b) datasets.

Greedy search algorithm and random selection.

improved as a function of channels (at least with these
features, and a linear classifier).

Our budget-based search algorithm indicated that with
EO data, the best classification performance was obtained
with only five channels. With the five channel budget,
channels that were placed far away from each other on
scalp were selected into the classifier, possibly because
this enabled sampling from somewhat independent EEG
activity sources. With larger budgets, the search algorithm
most often selected channels over the motor cortex. This
suggests that EEG activity in the motor cortical areas may
have contributed to the classifier performance. This result
suggests that (at least when entropy-based features and
eyes-open resting state data), EEG recording montages
where electrodes are placed on these sites may yield best
classification of PD from healthy controls.

The performance of our classifier is modest when com-
pared to previously reported EEG complexity-based clas-
sifiers [13], [15]. Previous studies are typically based on
clearly smaller number of patients, and the data have
been collected in a single site. Because small sample
sizes are likely to lead to biased classifiers, the present
results suggest, in contrast to previous research, that EEG
complexity-based classifiers alone are not sufficient for
accurate classification. It should be noted, however, that

our findings might not generalize well to other feature
generalization or classification algorithms than those as re-
ported in this paper. Features reflecting coherence between
different EEG channels [35], or methods that characterize
the holistic shape of the EEG power spectrum [8] or
stimulus-evoked activation [9] may further improve the
classifier.

Our results suggest that classification may work better
based on eyes open than eyes closed resting state EEG
data. This may indicate that sample entropy features
or the classification algorithm used in the present study
was ill-suited for eyes closed data. Because there are
substantial differences in EEG dynamics between eyes
closed and open conditions [15], [16], [36] — modulating,
for instance, motor-related neural activity [37]-[39] —
different features might be needed to accurately classify
PD based on eyes closed EEG. Previously, Liu et al. [13]
showed that PD could be accurately predicted from eyes
closed resting state EEG data when sample entropy was
used for feature extraction. While this is at odds with the
present results, direct comparison of the studies is difficult.
Sample size was smaller in the Liu et al. [13] study, and
for example, the article do not report how severe PD the
patients in their sample had. If the sample consisted of PD
patients with e.g. severe rest tremor, high classification
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Fig. 3: Cross-validated average receiver operating characteristic curve for EO (a) and EC (b) data sets with varying
budgets. Fold-specific receiver operating characteristic curves displayed in blue.
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Fig. 4: Heatmaps depicting the number of times specific channels were selected into a model between the 10 CV-
iterations for different budgets.

accuracy is relatively trivial as movement affects EEG. Our analysis is based on early or intermediate PD
That said, many previous papers have reported relatively patients. If classifiers are to help in the diagnosis in future,
good classification performance with eyes closed resting naturally the classifiers should work with early stage PD
state data [10], [13], [15], [20], [21]. It should also be taken patients. Because our patients were all on medication, we
into account that the smaller sample size associated with cannot rule out confounds related to medication. Possibly
the EC data set may have contributed to the difference be- classifiers focusing on unmedicated, or strictly on patients
tween the respective classification performance estimates in ON or OFF-phase could work better. Gomez et al. [15]
of the two data sets. report that early non-medicated PD patients could be clas-
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sified from healthy controls with high accuracy based on
eyes closed resting state magnetoencephalography (MEG)
with Lempel-Ziv complexity.
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