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Abstract

Objective. Parkinson’s disease (PD) is a neurodegenerative disorder characterized by motor and
non-motor symptoms, including cognitive impairment. Its diagnosis, which used to be based on
clinical assessment, increasingly relies on biomarkers. While electroencephalography (EEG)
biomarkers are still at an experimental stage, they have been studied using deep learning (DL)
models. Our aim was to determine whether a cognitive task could improve the accuracy of
EEG-based disease detection by activating cortical regions affected by the disease. Approach. We
trained a DL model to discriminate PD patients from controls based on their high-density EEG
recordings. Previous studies have employed a range of preprocessing techniques, models and,
predominantly, resting state (RS) EEG. We also investigated different network architectures and
hyperparameters, and the role of spatial and temporal resolution. Main results. The best model
gave a classification accuracy of 83% on the cognitive task EEG dataset and 76% on the RS EEG
dataset. Sensitivity analysis indicated that the model predominantly uses specific temporal and
spatial components of the EEG in the cognitive task condition, differing from the RS. Significance.
Our results suggest that cortical activation by the cognitive task unveils EEG features that are
effective in distinguishing between PD and controls. These features can be used by the model,

thereby improving its diagnostic accuracy.

Abbreviations 1. Introduction
CNN convolutional neural network PD is a neurodegenerative disorder that primar-
DL deep learning ily affects the midbrain and basal ganglia (Galvan
EEG electroencephalography and Wichmann 2008), leading to motor dysfunction
HC h?althy Co‘ntml due to the progressive loss of dopaminergic neur-
HD high density

. . ons. Non-motor features may precede the formal
ICA independent component analysis . . .

. L diagnosis of PD by several years (Fereshtehnejad

MRI magnetic resonance imaging 0 A
PD Parkinson disease et al 2017). Among them, cognitive impairment res-
RS resting state ults from cortical damage (Postuma et al 2015)
SPECT single photon emission computed and/or dysregulations in the subcortical modulation

tomography
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executive functions (EF) is one of the most common
and earliest cognitive disorders in PD (Dujardin et al
2015). Patients may have difficulties with task switch-
ing, planning, inhibitory control, and conflict resolu-
tion (Dirnberger and Jahanshahi 2013, Cavanagh et al
2022). The assessment of cognitive action control, a
subtype of the EF, typically involves conflict tasks that
require the inhibition of automatic responses in favor
of goal-directed actions. The Simon task (ST) (Simon
and Rudell 1967) is one such task in which parti-
cipants respond with either hand to a stimulus color,
regardless of its spatial location on a screen, with con-
gruent (response on the same side as the stimulus loc-
ation) or incongruent trials. In ST, PD patients show a
decrease in the inhibition of incorrect responses and
an increase in fast errors (Wylie et al 2010, Duprez
etal 2017).

The diagnosis of PD, which is based on clin-
ical criteria, increasingly includes biomarkers such as
SPECT or F-DOPA positron emission tomography.
There are other various candidates, including EEG
(Waninger et al 2020). PD causes alterations in
the surface patterns of the EEG, some of which
respond to dopamine replacement therapy (Devos
2004, Geraedts et al 2021). Furthermore, within the
RS-EEG, phase-amplitude coupling (PAC) between
beta and gamma bands has been proposed as a dia-
gnostic marker (de Hemptinne et al 2013, 2015,
Swann et al 2015). RS-EEG is widely studied as a bio-
marker in clinical research. However, for certain neur-
ological conditions, it could be more relevant to use
a standardized paradigm aimed at activating specific
brain circuits to improve accuracy.

The increasing use of DL in biomarker research
for diagnostic purposes has sparked interest in the
use of neural networks (NNs) to distinguish PD
patients from HCs, especially using RS-EEG (Shi
et al 2019, Oh et al 2020, Chu et al 2021, Khare
et al 2021, Lee et al 2021, Loh et al 2021, Qiu et al
2022, Shaban and Amara 2022, Nour et al 2023).
RS-EEG recordings provide information about spon-
taneous neuronal activity that reflects the default
mode network (DMN), a fundamental state of the
brain (Das et al 2022). During task performance,
changes in alpha and beta band power are frequently
observed in surface EEG recordings due to cortical
desynchronization (Pfurtscheller and Lopes da Silva
1999). Especially in motor (Defebvre et al 1999) and
visual tasks (Heida et al 2014) this desynchronization
is disturbed by PD. Abnormalities in event-related
desynchronization have been reported in the alpha
(Defebvre et al 1999), beta (Brown and Marsden
1999, George et al 2013, Rosenblum et al 2022)
and gamma (Waninger et al 2020) frequency bands.
The correlates of cognitive control in the EEG were
explored using cognitive-motor dual-tasks, which
revealed changes in the alpha and theta bands (Singh
et al 2018, Stuart et al 2021, Nwogo et al 2022). PD
can thus affect the EEG in most of its components,
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which makes the problem suitable for a DL approach,
as a NN is able to capture a wide range of available
information to optimize the function it is modeling.

In this study, we used high-density EEG (HD-
EEG) data recorded from PD patients and HC dur-
ing ST (Duprez et al 2022) to train a DL model to
classify PD and HC. The ST induces a dynamic cor-
tical activation pattern (figure 4(A)). Firstly, the stim-
ulus perception stage (from 0 to 150 ms) leads to
desynchronization and reorganization of the func-
tional networks of the occipital, parietal and temporal
regions. From 150 ms onwards, this reorganization
begins to affect frontal regions (Hassan et al 2015).
The conflict task then modulates the EEG in beta and
gamma bands across a large network involving pari-
etal, prefrontal, cingulate and premotor cortex before
reaction time, which occurs between 500 and 600 ms,
and prefrontal dorsolateral and anterior cingulate
cortex after reaction time (Duprez et al 2022). Motor
execution induces a desynchronization of alpha and
beta rhythms in somatosensory, motor and premotor
cortex, and gamma synchronization in premotor and
motor cortex (Babiloni et al 2016).

Given the results of previous studies on EEG
changes in PD during cognitive (Schmiedt-Fehr et al
2007, Singh et al 2018, Rosenblum et al 2022) and
motor (Defebvre et al 1999) tasks, we hypothesized
that EEG data recorded during a ST would contain
more information about PD than RS-EEG, leading to
better classification performance. We also wanted to
investigate different NN architectures and hyperpara-
meters. Finally, we studied potential biases related
to the database partitioning method by perform-
ing comparative analyzes between subject-wise and
sample-wise datasets.

2. Methods

The pipeline applied to our EEG data and the key
points of the study are summarized in figure 1. A
HD-EEG was recorded during a ST preceded by a
10 min RS recording. The EEG data were prepro-
cessed by filtering and noise reduction through inter-
polation of invalid channels, and ICA to remove arti-
fact components. We performed trial-based segment-
ation into 1.9 s samples. The database was split 80%—
20% subject-wise to test different architectures and
hyperparameters of the CNN. The selected model
was then trained with the dataset in the following
paradigms. We performed a 10-fold testing with a
90%-10% subject-wise split; a spatial resolution test
comparing 199 vs 60 vs 20 channels; a training pro-
cess with a sample-wise split of the dataset; a sensit-
ivity analysis to clarify the role of the cognitive task,
whereby the influence of different signal components
on classification was quantified in the time domain
and in the electrode domain; a training process on the
RS EEG dataset; finally, we tested the accuracy on an
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Figure 1. General overview of the study. (A): A high-density electroencephalogram (HD-EEG) was recorded during a Simon task
(ST) preceded by a 10 min resting-state (RS) recording. The EEG data were preprocessed by filtering, manual selection and
interpolation of bad channels, independent component analysis (ICA) and manual selection and interpolation of bad
components, and trial-based segmentation into 1.9 s samples. (B): The dataset was split 80%/20% subject-wise to test different
architectures and hyperparameters of the convolutional neural network. (C): During learning, an epoch refers to an entire pass on
the training dataset (x axis). The selected model was trained with the dataset in the following paradigms: 1 (main result): 10-fold
testing with a 90%—10% subject-wise split; 2: Test of spatial resolution: 199 vs 60 vs 20 channels; 3: Sample wise split vs
subject-wise split of the dataset; 4: Sensitivity analysis; 5: Accuracy on RS vs ST datasets; 6: Test of an external database after

A

Subject-wise split

External ST Database

=

=
=

60 chan.

A

external database after training on the spatially down-
sampled local database.

2.1. Participants

Thirty patients (15 men, 15 women) with a dia-
gnosis of idiopathic PD, aged between 45 and 73 yr
(mean = 60.4, sd = 7.3) and 30 HC (15 men and 15
women), aged between 45 and 70 yr (mean = 61.7,
sd = 7.3) were included. Patients with major cognit-
ive deficits (Montreal Cognitive Assessment (MoCA)
<22) or with a previous or current neurological
disease (except PD) or psychiatric disorder, as well
as patients with deep brain stimulation, were not

included in the study. The same criteria were used for
HC. One patient was excluded from further analyses
due to a technical problem during the recordings.
Thus, the analyses were performed on 30 HC and 29
PD patients (table 1).

All HC were recruited from the general popu-
lation at public conferences and through particip-
ation announcements. Patients were recruited from
the University Hospital of Rennes, France, dur-
ing hospitalization for their usual care. All parti-
cipants gave informed consent to participate in the
study, which was approved by a national ethics
committee (CPP ID-RCB: 2019-A00608-49; approval
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Table 1. Demographic and clinical data. Data are presented as
mean (sd).

HC (n=30) PD(n=29) t-test

Age (years) 61.7 (7.3) 60.4 (7.3) t=0.77;
p=0.44

Sex (M: F) 15:15 14: 15 —

Education 13.5(3.6) 12.5(3.2) t=1.19;

(years) p=0.24

MoCA (/30) 28 (1.9) 26.6 (2.0) t =272
p<0.01

Disease — 12.1 (4.2) —

duration

(years)

Side of onset ~ — 16: 13 —

(L:R)

LEDD — 1348.0 (462.0) —

(mg/day)

UPDRSIII On — 10.0 (5.7) —

UPDRS Il Off — 36.8 (12.5) —

Hoehn & Yarh — 1.1 (0.8) —

On

Hoehn & Yarh — 2.0 (0.4) —

Off

Schwabb & — 93.0 (5.6) —

England On

Schwabb & — 76.5 (10.3) —

England Off

UPDRS: Unified Parkinson’s Disease Rating Scale.
LEDD: Levodopa equivalent daily dose (Tomlinson et al 2010).
MoCA: Montreal Cognitive Assessment.

number: 19.03.08.63626). The patients provided
written informed consent for all procedures, ana-
lysis, and publication of anonymized clinical data in
accordance with the Declaration of Helsinki.

2.2. Experimental task

The Simon effect (Simon and Rudell 1967) refers to
the difference in reaction time or accuracy between
congruent and incongruent stimuli. At every trial, a
circle randomly colored in blue or yellow appears on
one random side of the screen. The subject is instruc-
ted to press the colored button corresponding to the
color of the circle, regardless of its position. Reaction
times are typically shorter and accuracy is better for
congruent (stimulus and response button on the same
side) than for non-congruent trials. For more details
on the task, see Duprez et al (2022). Each recording
included a first period of RS, consisting of the subject
sitting still for about 10 min.

2.3. Data acquisition and preprocessing

The EEG signals were recorded on a HD-EEG sys-
tem (EGI, Electrical Geodesic Inc), with 256-channel
and a sampling rate of 1 kHz. A period of RS-EEG
was followed by the ST. The facial electrodes were dis-
carded, 199 channels distributed over the entire scalp
were retained. The preprocessing software used was
provided by EEGLab (Delorme and Makeig 2004).
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Preprocessing included notch filtering, bandpass fil-
tering (1-100 Hz), and manual selection and inter-
polation of bad channels. These were distinguished by
a markedly divergent signal from adjacent electrodes.
Moreover, they exhibited a low-amplitude signal lack-
ing the physiological frequencies of the EEG, with
excessive sensitivity to mechanical artifacts and to the
50 Hz power. To improve the signal-to-noise ratio,
an ICA was then performed, followed by suppression
of bad components before inverse transformation.
The identification of bad components was contingent
upon the absence of physiological EEG rhythms and
the presence of EMG or electrode artifacts. For ST
recordings, EEG was segmented into single trials, with
each trial lasting from the stimulus minus 700 ms
to the stimulus plus 1200 ms. Trials with significant
motion or myogram artifacts, despite filtering and
ICA, were manually discarded. Each trial was labeled
by the subject’s disease status into a data sample, res-
ulting in the ST database containing 43 706 samples,
22 594 from PD and 21 112 from HC, with a mean of
546 samples per subject.

2.4. Open source Iowa database

The Iowa Database, an open-source database by Singh
et al (2018), was used to access EEGs from 29 PD
and 30 HC subjects recorded during the ST. The EEG
were recorded on a Brainvision 64 channel device
according to the 10-10 EEG system, from which
the authors subtracted the 4 most ventral channels
FT9, FT10, TP9, and TP10. The samples lasted from
—1500 to + 5000 ms, with a sampling rate of 500 Hz.
Each session averaged 856 samples. We used this data
to test whether the classification could be applied
to EEG recordings using with different techniques
and devices. To match the Iowa database, we down-
sampled our own signals to 500 Hz and kept the 60
channels mentioned above. If the electrodes of the 60-
channel cap did not exactly match with those of the
256-channel cap, the spatially closest electrode was
selected.

2.5. Learning process

We used the entire database for each learning task,
and did not conduct subgroup studies. For the choose
of hyperparameters, the database was split 80%—20%
between training and validation datasets. This was
dictated by the need to repeat time-consuming learn-
ing processes with numerous parameter combina-
tions. Once defined the optimal hyperparameters, the
database was split 90%—10% between training and
validation datasets, and all the learning processes were
done according to a 10-fold schema.

2.6. ST-EEG vs RS-EEG

We applied the same preprocessing to the RS-EEG as
to the ST-EEG. We then split the EEG into samples of
the same duration as in the ST dataset (1.9 s), with an
overlap of 0.7 s, to obtain a number of samples (on
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PD

HC

Figure 2. Architecture of the 2-scale convolutional neural network: EEG signal was downsampled (meanpool layer) to a sampling
rate (SR) of 125 Hz (blue blocks) or 62 (yellow blocks). Signals with different SR were processed separately in a convolutional
block, which consists of convolutional layers separated by maxpool layers if necessary. The blue blocks were intended to capture
gamma band features (under 62 Hz), while the yellow blocks could only process beta or lower bands. The outputs were then
concatenated along the electrode axis (green blocks), to facilitate the detection of patterns such as beta-gamma correlations,

altered in Parkinson Disease.

average 539 per file) close to that of the ST dataset
(546). After selecting the model that performed best
on the ST database, we performed the same learn-
ing process on this RS database and compared the
accuracies.

2.7. Spatial and temporal resolution

To evaluate the effects of temporal and spatial resolu-
tion on classification accuracy, we compared the per-
formance and accuracy curves of our database with
three different channel configurations: 20 channels
(standard 10-20 EEG setup), 60 channels identically
to the Iowa database, and all 199 channels of our data-
base. For details about these electrode configurations,
see figure 1 in supplementary data. We also applied
different subsampling rates to the EEG before the first
convolutional layer, ranging from 1:4 to 1:16, corres-
ponding to sample rates from 250 to 62 Hz.

2.8. DL models

The NN and datasets were created using Tensorflow
(Abadi et al 2016). We started with a classic CNN,
alternating convolutional and pooling layers, fol-
lowed by dense layers. We then introduced archi-
tectural variations and searched for optimal hyper-
parameters. Three types of architectures were tested
with a set of hyperparameters based on our object-
ives and previous works on this topic (Khare et al
2021, Lee et al 2021, Qiu et al 2022, Shaban and
Amara 2022, Li et al 2023). In all cases, the input layer
performed a downsampling whose ratio was one of
the model’s hyperparameters listed below. We star-
ted with a basic CNN with 2—6 convolutional layers,
separated individually or in pairs by 2-3 pooling lay-
ers, followed by 2-3 dense layers before an output
layer; we tested a residual network with 2-3 residual

cores followed by 2-3 dense layers, and finally a 2-
scale’ network intended to enhance the relationships
between the gamma band and lower frequency bands.
It was designed to work with a downsampling at the
input of 1:8 or more, resulting in maximum frequen-
cies in the gamma band when applied to a 1000 Hz
input signal. Another 1:2 downsampling applied to
the same signal, resulted in a maximum frequency
in the upper beta band, that we used to feed a sep-
arate input branch of the network, processed inde-
pendently before merging the two branches as shown
in figure 2. We then assessed different CNN archi-
tectures known to provide improvements in specific
learning tasks. These variations included a dropout
layer after convolutional or dense layers, batch nor-
malization layers after convolutional layers, and resid-
ual cores instead of single convolutional layers, as
adopted by Qiu et al (2022).

2.9. Hyperparameter optimization

To compare the performance of the networks and
hyperparameters, we executed five-epoch learning
processes using combinations of hyperparameters by
systematically varying: the rate of the first pool layer,
which is somehow related to the sampling frequency,
from 4 to 12 on the 500 Hz data; the stride length
for first convolutional layer, from 1 to 3; the length
of the convolution kernel in the time domain, from 3
to 5; the number of kernels per convolutional layer,
from 24 to 128; the number of convolutional lay-
ers, 3 or 4, and dense layers, 2 or 3; if applicable,
the dropout rate from 0.2 to 0.5 for dropout layers.
Finally during the learning, we tested batch sizes of
16, 32, or 64. We then selected the optimal hyper-
parameters for the three types of architecture and
compared their performance on a 10-fold test of the
database.
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2.10. ‘Sample-wise’ vs ‘subject-wise’ datasets

Each EEG sample in the database was labeled PD or
HC. We assumed that the EEG data contains informa-
tion related to the disease on one hand, and to the sub-
ject and the recording technique on the other hand.
We referred to these as ‘disease-related” and ‘subject-
related’ information. DL algorithms are designed to
exploit all available information in the data to optim-
izelearning. Therefore, if the model identifies subject-
related information to be useful to disease status clas-
sification, it should use it. This can happen here, since
every subject generates a large subset of samples shar-
ing the same label and common EEG characteristics,
non-relevant for our purpose, such as features related
to the anatomy or electrode impedances.

Our reference method to split the database
involved the division of subjects into two sets: 90%
for training and 10% for validation, ensuring the ratio
PD:HC remained constant. Each set comprised all the
samples from each of its subjects, and was therefore
referred to as a ‘subject-wise’ dataset. Consequently,
validation and training samples were systematically
derived from different subjects. the accuracy was cal-
culated by counting the number of correctly classified
subjects, based on the average output across samples.

Then, the method of partitioning the data was
modified. The sets were created by shuffling all
samples of all subjects and distributing them into
training and validation datasets. These datasets were
referred to as ‘sample-wise’. Finally, we constructed
sample-wise datasets with a total number of subjects
that we gradually reduced from 40 to 8 with steps
of 4, maintaining a 1:1 ratio between PD and HC.
The hypothesis was that reducing the number of sub-
jects would make the classification task easier and
improve accuracy if the model learned predominantly
subject-specific features. Accordingly, in the sample-
wise dataset, the model’s performance for classifying
a subject was the average model output across the
samples derived from this subject.

2.11. Sensitivity analysis

NN make it difficult to explicit which features in
the samples are the most relevant for classification.
Sensitivity analysis methods measure the change in
prediction resulting from a change in the samples,
providing an indication of which part of the signal is
most used. This analysis is performed after the model
has been trained on all samples from all subjects.

We used an integrated gradient (IG) method.
This method described by Sundararajan et al meas-
ures attribution of input features (Sundararajan et al
2017). It is widely used in image processing, and has
been applied to EEG, as it is or in some variants
(Kawai et al 2022).

After training the model, we embedded it into an
IG algorithm. Then we selected the EEG samples with
a prediction accuracy > to 80% and we measured the
average IG across all subjects. To highlight the role of

6

Y Denoyer et al

the different time segments of the EEG samples, the
result was visualized as a 199 x 1900 pixels image,
the vertical axis representing the electrodes and the
horizontal axis representing time. Then, to focus on
the role of different cortical regions in the electrode
domain, the result was visualized as the average of
the gradients on the time axis for each electrode. The
RS and the ST datasets were subjected to the same
procedure, after which the results were compared in
terms of electrodes and timing.

Additionally the temporal aspect of the ST dataset
was examined with a segmentation a priori, whereby
sensitivity to segments approximating the perceptual,
pre-motor, and motor components of ST was invest-
igated. In our samples, the 1900 ms time window
includes a period of 700 ms before the stimulus, which
can be considered the baseline, and extends to 1200 s
after the stimulus, including around 600 ms after the
motor response in the ST, which was considered suf-
ficient time for a return to baseline. The duration of
the window therefore exceeds that of the task. Biased
samples were obtained by setting the signal to zero in
one 200 ms time segment of the EEG sample, as illus-
trated in figure 4(B). The choice of 200 ms allowed
us to define 8 temporal segments, three of which
roughly corresponding to the visuospatial, cognitive
and motor components of the task.

We compared the changes in model response
between the original and the biased sample for each
of the temporal segments. The data was averaged
across all subjects then compared among the 200 ms
segments. The average change in the response for a
given segment reflects the relative quantity of relev-
ant information found by the model in this segment
(figure 4(C)).

3. Results

Briefly, the optimal architecture and hyperparameters
resulted in a classification accuracy of 83% on the ST
database. The models started to overfit after 3 epochs.
We then tested the best model on the RS database, and
its accuracy was 76%.

3.1. Type or network and hyperparameters

The optimal parameters yielded to an accuracy of
75% for a classical CNN and 76% for a residual
network. The 2-scale network slightly outperformed
them with an accuracy of 83%. The optimal hyper-
parameters were: a pool rate of 12 and a stride length
of 1 for the first pool layer; a kernel length of 3; a
number of convolutional layers of 3 with 48 kernels
in each layer; a number of dense layers of 2 with sizes
of 32 and 8. Additionally, we found that either adding
a separate convolutional first layer, an initial normal-
ization layer, dropout layers after dense or convolu-
tional layers, and batch normalization after convolu-
tional layers did not improve performance. Overall,
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we observed that having a number of trainable para-
meters greater than 100 000 or less than 30 000
was associated with poorer performance in both the
classical and 2-scale networks. The optimal batch
size was 32.

3.2. Accuracy curves and overfitting

Opverfitting occurred quickly when using a subject-
wise dataset, with a peak in accuracy after 3 epochs
(figure 3(A)). Further epochs did not improve it for
any type of model.

3.3. Subject-wise vs sample-wise datasets

For sample-wise datasets consisting of an increas-
ing number of subjects, equally divided between PD
and HC, the speed of convergence and the max-
imum accuracy decreased as the number of subjects
increased. Maximum accuracy was 98% for data sets
containing all subjects, and up to 100% for smaller
datasets (figure 3(C)).

3.4. ST vs RS-EEG

When comparing the ST and the RS datasets, learning
curve followed a similar pattern over epochs, with a
rapid peak around the third epoch, followed by over-
fitting. However, the maximum accuracy on the RS
dataset was 76%, slightly lower than that of 81% on
the ST dataset (figure 3(D)).

3.5. Spatial and temporal resolutions

When comparing the performances on data with 199,
60, and 20 channels, the accuracy decreased with the
number of channels used, but not proportionally. On
average, using 60 channels results in a 6% reduction
in accuracy compared to 199 channels, while 20 chan-
nels lead to an 11% reduction. On the opposite, an
increase in time resolution did not improve the accur-
acy beyond a threshold around 100 Hz. A 1/12 first
layer pooling rate induced the highest maximal accur-
acy in the 2-scale network (figure 3(E)).

3.6. Sensitivity analysis

The contribution of EEG signals corresponding to
different temporal segments and cortical regions
was estimated and visualized following the method
exposed in 2.7.6. Regarding the temporal aspect, the
segments corresponding to the premotor and motor
components of the task are associated with higher IG
and thus are likely to be more discriminating than
the others, as shown in figure 4(B). On the oppos-
ite, in the RS condition, the IGs exhibit a uniform
intensity along time, indicating that no segment plays
a predominant role. For the purpose of comparison,
the relevant figure is provided in the supplement-
ary data (supplementary figure 2). sensitivity analysis
based on time segments corresponding to the three
main components of the task confirmed this result.
We measured and averaged the gap in the trained
model’s answer between the genuine sample and the
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biased samples obtained by setting the signal to zero
in a time segment (figure 4(B)). The time segment
[200—400 ms] produced the greatest variation in pre-
diction, corresponding to the cognitive/premotor and
motor execution (figure 4(C)), suggesting that these
segments are the most useful for the model to dis-
criminate between HC and PD.

3.7. Results on another HD-EEG during the ST

The model trained on the entire database achieved
a mean accuracy of 61.8% in classifying the files
from the Iowa database. However, it exhibited a bias
towards false positives, correctly identifying 22 out
of 27 patients but only 12 out of 28 controls. The
mean scores for on vs off status during recordings
were 72.9% and 74.9 %, respectively.

4, Discussion

We confirmed that a simple CNN architecture is able
to discriminate PD patients from HC with 83% accur-
acy, based on HD-EEG data. Our study highlighted
the potential information richness of EEG recordings
obtained during a cognitive task compared to RS-
EEG. In addition, we pointed out the central role of
the dataset partitioning method, suggesting that EEG
contains more subject-related than disease-related
features.

4.1. EEG as a biomarker in PD

In the field of PD, a comprehensive review published
in 2022 identified 143 studies employing CNN for
classification purposes (Tanveer et al 2022). Only two
used EEG as an input data source, a number that
has since increased to ten (Shi et al 2019, Oh et al
2020, Chu et al 2021, Khare et al 2021, Lee et al 2021,
Loh et al 2021, Qiu et al 2022, Shaban and Amara
2022, Li et al 2023, Nour et al 2023). Although when
available, the information about the dataset construc-
tion indicated a sample-wise approach, they show
that machine learning (ML) achieves high or very
high performance, often exceeding accuracies of 98%.
This figure should be compared to the 75%-95% of
patients diagnosed with PD by human experts and
whose diagnosis is confirmed at autopsy, according
to the Movement Disorder Society (Postuma et al
2015). Although less represented, other ML methods
than DL have been used to detect PD, with similar
performances. Aljalal et al (2022) have attempted to
identify PD from RS-EEG by extracting several fea-
tures, including multiple entropy, energy and band
power measures (Aljalal et al 2022). The authors com-
pared ML classification methods that are not based
on NNs with these features. They demonstrated that
certain entropy measures, in combination with a suit-
able selection of EEG channels, can achieve perform-
ance comparable to NN methods while requiring less
computational power.
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Figure 3. Results. (A): Accuracy in subject classification along epochs for 10-fold training on the subject-wise dataset with 199
channels. The bar chart shows the global classification accuracy (fraction of the subjects correctly classified). Horizontal dashes
inside each bar represent the individual outputs for patients (left) and controls (right) averaged across samples. A dash above 0.5
is correctly classified. The best performance was obtained after 3 epochs, after which the model started to overfit. (B): Average
performance in the sample classification along epochs on a sample-wise dataset for 10-fold training (bar chart). Horizontal
dashes represent the individual subjects’ average output as in (A). After 1 epoch, all subjects are correctly classified. The
performances are much higher than those on the subject-wise dataset, possibly due to subject-specific information. (C): Average
performance on sample-wise datasets with a progressive increase of the number of subjects. The performances were better with a
smaller number of subjects, supporting the hypothesis of a bias induced by subject-specific information. (D): Accuracy in subject
classification computed and displayed as in (A) compared along epochs between Simon task (ST) and resting state datasets. The
accuracy was slightly better for ST. (E): Accuracy in subject classification compared along epochs between the 199 channel, 60
channel, and 20 channel subject-wise datasets. Although not proportional, the performances were better with more channels.

rhythms on the Cz electrode during cognitive control

In addition to disease detection, other studies
tasks including ST. They showed that those markers

have investigated the prediction of cognitive impair-

ment in PD patients based on EEG biomarkers.
Singh et al (2023) studied cue-evoked delta and theta

relate to cognition in PD (Singh et al 2023). Anjum
et al have developed a specific marker based on Linear
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Figure 4. Simon task and sensitivity analysis in the time domain (A): Outline of the Simon task (ST): at time 0 the stimulus
appears on one side of the visual field. The subject has to analyze the stimulus (T1, visuospatial task) and to decide whether it is
congruent or not (T2, cognitive and premotor task) and then responds by pressing a button (T3, motor execution) (B): Integrated
gradients (IG) computed and averaged across samples classified with an accuracy > 80% in the ST dataset. Time segments
corresponding to the cognitive/premotor and motor execution lead to higher gradients, suggesting those segments are the most
useful for the model. (C): Biased sample: the signal of all the electrodes is set to zero during a 200 ms time segment. 8 different
biased samples are generated from every sample in the database, some of which corresponding to T1, T2 and T3. (D): the gap in
the model’s answer between the genuine samples and the biased ones is computed and averaged across all samples for each time
segment. It is maximal during the premotor and motor components of the task, confirming the IG results with regard to the
contribution of the EEG signal to the model’s response in the electrode domain, the anterior regions, and to lesser extent the
parietal regions, play a more important role in the ST condition than in the RS condition, as shown in figure 5.
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Figure 5. Comparison of integrated gradients (IG) between the Simon task (ST) and the resting state (RS) datasets in the
electrode domain. IG are computed across samples classified with an accuracy > 80%, then averaged by electrode along the time
axis. The results in ST and RS dataset are subtracted and normalized. The electrodes corresponding to the EEG signals that the
model uses predominantly to classify subjects from the ST dataset are indicated in red. Electrodes predominantly used to classify
subjects from the RS dataset are shown in blue. EEG signal generated by frontal, and to a lesser extent parietal convexity cortical
regions, involved in ST execution, are more discriminating in the ST dataset. (for clarity electrode names are specified in

supplementary figure 1).

Predictive Coding on RS-EEG, which enables them to
detect cognitive disorders in PD patients (Anjum et al
2020, 2024). We cannot directly compare our results
with these studies, as our aim was to find a perform-
ance gain related to the ST using a subject-wise data-
set. However, we have tested and combined in a new
way different methods recently proven useful in this
field, illustrating a new generation of biomarkers.

4.2. Preprocessing, network’s architecture and
hyperparameters

After preprocessing of EEG signals (Xie and Oniga
2020), feature extraction can be used to reduce the
size of the data or increase its relevance. Four of the
studies cited above that used DL on EEG to detect PD
included feature extraction methods, three of which
with 2D maps, including spectrograms. Some of them
were based on established PD biomarkers such as PLV
(Qiu et al 2022), a biomarker known to be modified
in PD (de Hemptinne et al 2013).

Since CNN was primarily developed for 2D
images, many EEG studies use 2D spectrograms as
input (Craik et al 2019). However, such a transform-
ation emphasizes a selected feature of the inform-
ation that may not be the most pertinent for the
model, unless one is defining dedicated features. For
instance, Chu et al proposed identifying the optimal
frequencies for detecting PD, which they found to
be the high delta and low alpha bands. They then
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constructed a quantitative index of spectral charac-
teristics incorporating spatial distribution (Chu et al
2021). Although we did not investigate this compar-
ison in our study, it is conceivable that preprocessing
techniques that significantly increase the input size,
such as the 2D spectrogram, should be used with cau-
tion, as the desired enhancement of time—frequency
information may be outweighed by the increase in
model size, increasing the risk of overfitting. On
the other hand, methods that reduce the size of the
information may lose components that would have
been relevant for classification. In the end, we found
it preferable to use the raw data directly.

Most of the studies cited above have used CNN or
CNN-derived architectures, sometimes in combina-
tion with recurrent networks. For example, Lee et al
(2021) explored light and fast NNs with an innovat-
ive architecture that uses convolutional layers whose
kernels are ‘orthogonal’ (i.e. the first convolution is in
the time domain, the second in the electrode domain)
and feed recurrent layers. The authors tested a range
of hyperparameters and found that the best kernel
number for the first convolutional layer was 35, which
was also the highest tested. In addition, they experi-
mented with reversing the time in the input, which
did not significantly affect performance. This suggests
that the use of recurrent layers may not be neces-
sary for fixed-size samples. Despite different model
architectures, all the above studies achieve similar
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performance, with the exception of Oh et al (2020),
which performed slightly worse. The NN in this study
is characterized by large kernels in the convolutional
layers, contrasting with a small number of kernels.
This suggests that a small number of highly com-
plex features may be less discriminatory than a larger
number of simpler ones.

In our study, we tested several combinations of
hyperparameters and architectural variations. Most
of those did not improve performance compared to
a simple CNN alternating pooling and convolutional
layers feeding dense layers. Nevertheless, a two-scale
network, with one branch capturing frequencies up
to gamma and the other up to beta before merging,
slightly improved performance, potentially due to the
PAC between the beta and gamma frequency bands,
altered in PD.

4.3. Accuracy, overfitting and ‘disease-related’
versus ‘subject-related’ features

When considering the speed of convergence of the
model parameters, it is important to note that the
training dataset contains considerable redundancy of
subject-related information, as each subject is rep-
resented by an average of 546 samples. The learn-
ing curves reveal an early occurrence of overfitting
when using subject-wise datasets. The accuracy on
the validation set stabilized at 0.7-0.8 after only 2
or 3 epochs, depending on the spatial resolution and
architecture of the model (figure 3(A)). However,
when using sample-wise datasets, the accuracy on
the validation set increased faster, higher and for
more epochs, reaching above 0.98 after 5 epochs
(figure 4(B)). Another global observation was that
models with more than about 100 000 trainable
parameters experienced more overfitting and loss of
performance on subject-wise datasets, but not with
sample-wise datasets.

We believe these observations are due to the
greater weight of subject-specific information in the
EEG data, due to the individual peculiarities of ana-
tomy and recordings. The model focuses more on
subject-specific features rather than disease-specific
ones. To confirm this, an additional learning process
with a sample-wise split and a number of subjects
varying from 40 to 8, was conducted. As the number
of subjects decreased, performance improved, sup-
porting the idea that non-relevant subject-specific
information (stronger with fewer subjects) contrib-
utes significantly to overfitting. This validates the use
of a subject-wise splitting schema.

4.4. ST-EEG versus RS-EEG and sensitivity analysis
In HC, cortical activity is modified by visuospatial
(Womelsdorf er al 2006, Muthukumaraswamy and
Singh 2013) and cognitive tasks in large cortical net-
works and in frequency bands ranging from theta to
gamma. Studies have shown that gamma rhythms in
the lateral occipital cortex are specifically enhanced by
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stimulus-response (Simon) interference (Wiesman
and Wilson 2020). Specifically, ST causes a decrease
in the alpha band in posterior regions and the cuneus,
and an increase in the theta band in frontal and pari-
etal regions of the attention network (Son et al 2023).
Functional MRI and EEG studies have shown that the
midcingulate, prefrontal, and parietal cortical regions
(Wittfoth et al 2006, Cohen and Ridderinkhof 2013,
Wang and Weekes 2014) are involved in ST-related
cortical activity. These regions differ from the DMN,
which is active during rest and includes deep cortical
areas, whose activity is more difficult to capture with
surface EEG.

Regarding PD, The concept of leveraging disease-
affected networks to enhance available information
is well-established. While motor and cognitive func-
tions are most studied, patients also have visual per-
ceptual disorders. Vanegas et al found that ML meth-
ods can achieve high accuracy in distinguishing PD
from HC based on EEG spectral data in posterior
regions during visual processing (Vanegas et al 2018).

In our case, the model was also supposed to lever-
age the cortical networks activated by the conflict task,
as demonstrated by the sensitivity analysis. The cal-
culation of IG showed that EEG components corres-
ponding to specific regions of the cerebral cortex and
time segments related to stimulus processing, premo-
tor, and motor sequences of the ST, played a more sig-
nificant role in the ST dataset than in the RS dataset.
We also found that setting to zero these segments led
to higher changes in prediction accuracy.

This indicates that the model relies heavily on
these components of the EEG, highlighting differ-
ences between PD and HC in cognitive and premotor
activation. Moreover, maximum accuracy was slightly
superior with ST-EEG than with RS-EEG, supporting
our hypothesis regarding the gain achieved by activ-
ating cortical networks via the ST.

The lack of explainability is a constant drawback
of deep NN. To get more clues about the patterns
used by the model, especially in terms of frequency
bands, we could use another type of sensitivity ana-
lysis, e.g. using band-stop filters. However, we con-
sidered that the size of our database and the over-
all performance of the models on the whole signal
were not sufficient for this type of analysis. A number
of algorithms have been developed by teams working
on DL to enhance the explicability of models. These
algorithms are based on general-purpose (Islam et al
2022) or more specialized (Khare and Acharya 2023)
models. This is exemplified by the adaptive gated
graph convolutional network proposed by Klepl et al
which exhibits a level of explicability that surpasses
that of a standard CNN (2023).

4.5. The role of spatial resolution

Increasing the number of electrodes improved accur-
acy. Higher spatial resolution increases the amount of
information conveyed by the EEG samples in source
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reconstruction (Lantz et al 2003, Vorderwiilbecke et al
2020) or when using ICA (Janani et al 2018). Fast
frequencies, being more localized and less powerful
than slow rhythms, may fall between the electrodes,
explaining the superiority of HD-EEG in study-
ing conditions like PD that affect beta and gamma
rhythms. However, HD-EEG is susceptible to errors
in electrode positioning. To mitigate this, a network
architecture could use a rectangular 2D grid mapped
to the scalp topology to minimize deformation, with
an initial 2D convolution layer in the spatial domain
feeding into 1D convolution layers in the temporal
domain.

4.6. The role of time resolution

The initial pooling rate that gave optimal results for
our data in the time domain was 1/12 for 1000 Hz
data, corresponding to a high cutoff frequency in the
low gamma band. Of note, using a small or no initial
pooling rate resulted in higher accuracy for sample-
wise datasets, while subject-wise datasets exhibited
lower accuracy. This may be because information
contained in the high frequencies (>40 Hz) tends
to be highly specific to individual recordings, pos-
sibly due to the presence of power line or muscle
artifacts in some channels. These artifacts constitute
part of the subject-specific information that dilutes
the disease-specific information, as discussed in 4.6
section. Alternatively, increasing the sampling rate in
the first convolution layer requires more parameters,
raising the risk of overfitting due to higher variance
error.

4.7. Results on another database

The results were not satisfactory as there were biases,
in particular evidence of misclassification of several
control subjects as PD patients. The origin of this
bias remains unclear. However, automatic noise sup-
pression techniques, may have contributed. We were
unable to find an appropriate compromise for the
threshold defined in EEGlab for rejecting independ-
ent components based on their identification as pre-
dominantly muscle, eye movement, or DC artifacts.
Although additional manual processing could have
improved accuracy, our aim was to evaluate the auto-
mation of the entire process on any EEG datasets after
training the model with our data.

5. Limitations of this study

This study has several limitations. First, the perform-
ance of the model on subject-wise datasets is signi-
ficantly lower than that reported in previous studies,
although it is comparable for sample-wise datasets.
While part of this discrepancy may be due to differ-
ences in the making of the datasets, additional factors
related to processing techniques, may also contribute.

Our database is limited in size, which renders it
susceptible to sampling bias. Consequently, a decision
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was taken against conducting a subgroup analysis,
which would have examined factors such as time or
accuracy of response to the task, congruence or incon-
gruence of the stimulus, lateralization of patients, or
other criteria. This would have opened up interest-
ing perspectives, but ML models require large data-
sets, and we considered that splitting the data to per-
form finer analyses would have made the paradigm
too vulnerable to sampling bias.

It is obvious that the ST paradigm is more com-
plex to implement and may be more difficult to repro-
duce than an EEG SR. This complexity could poten-
tially offset any enhancements in classification per-
formance, although it can be argued that a simple
paradigm in which the subject is instructed to optim-
ize his performance, could activate NNs in a more
reproducible way than a RS condition. Finally, the
fusion of model responses in RS and ST conditions
has not been studied, as the aim was a comparison
between the RS and a cognitive task.

In addition to NN, several other ML techniques
have been used for EEG classification in PD. Although
our main focus is not an exhaustive review of these
techniques, the comparative analysis between NN
and other ML techniques remains valuable, as shown
by Aljalal et al (2022). DL techniques are time-
consuming and computationally intensive, which is
questionable at a time when energy savings are cru-
cial. It is recommended to use less expensive statist-
ical learning tools instead of NN when their perform-
ances are comparable. In addition, downsampling of
the data can be considered if it does not degrade per-
formance, as is the case in the time domain.

The opacity of the model is inherent to NN,
although more modern and sophisticated algorithms
than a CNN can provide clues to the features
exploited by the model, in terms of frequency (Khare
and Acharya 2023) or connectivity (Klepl et al 2023).
Sensitivity analysis is an indirect technique that may
be susceptible to biases, as it only gives an indication
of the information that the model has found to be
most relevant.

6. Conclusion

EEG is a potential biomarker for PD in DL models.
Our results indicate that EEG contains more informa-
tion during the activation of cortical networks known
to be impaired by the disease, compared to RS-EEG.
Furthermore, the sensitivity analysis suggests that the
model predominantly uses EEG components that are
specifically involved in the task, in both the time
domain and the spatial domain. Spatial resolution
is a crucial factor, as more electrodes can improve
the results, although the gain is not proportional.
Conversely, temporal resolution has limitations, typ-
ically at a sampling frequency of 100 Hz, beyond
which increased precision is unnecessary and could
lead to overfitting.
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Prudent construction of training and validation
datasets is imperative, particularly when they are
derived from subsets that may share the same label
and non-relevant but powerful information, typically
one EEG recording per subject split into hundreds of
samples. Disease-related information can be weaker
than subject-related information, potentially predis-
posing sample-wise datasets to yield optimistic per-
formances. Overfitting can also quickly occur with
such data. The limited number of subjects in existing
studies may explain why smaller models perform as
well or even better than larger ones. Our results sug-
gest that simple NN architectures perform fairly well
in classification on these databases, although more
sophisticated algorithms could improve explainab-
ility. Increasing the number of subjects may dilute
subject-related information in favor of disease-related
information, making the data more exploitable by
larger models that could extract more subtle fea-
tures. However, the accessibility of databases with
large patient cohorts while maintaining homogen-
eity of acquisition devices and parameters remains a
challenge.
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