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Abstract
Objective. In the last decades, machine learning approaches have been widely used to distinguish
Parkinson’s disease (PD) and many other neuropsychiatric diseases. They also speed up the
clinicians and facilitate decision-making for several conditions with similar clinical symptoms. The
current study attempts to detect PD with dementia (PDD) by event-related oscillations (EROs)
during cognitive processing in two modalities, i.e. auditory and visual. Approach. The study was
conducted to discriminate PDD from healthy controls (HC) using event-related phase-locking
factors in slow frequency ranges (delta and theta) during visual and auditory cognitive tasks.
Seventeen PDD and nineteen HC were included in the study, and linear discriminant analysis was
used as a classifier. During classification analysis, multiple settings were implemented by using
different sets of channels (overall, fronto-central and temporo-parieto-occipital (TPO) region),
frequency bands (delta-theta combined, delta, theta, and low theta), and time of interests
(0.1–0.7 s, 0.1–0.5 s and 0.1–0.3 s for delta, delta-theta combined; 0.1–0.4 s for theta and low theta)
for spatial-spectral-temporal searchlight procedure.Main results. The classification performance
results of the current study revealed that if visual stimuli are applied to PDD, the delta and theta
phase-locking factor over fronto-central region have a remarkable contribution to detecting the
disease, whereas if auditory stimuli are applied, the phase-locking factor in low theta over TPO and
in a wider range of frequency (1–7 Hz) over the fronto-central region classify HC and PDD with
better performances. Significance. These findings show that the delta and theta phase-locking factor
of EROs during visual and auditory stimuli has valuable contributions to detecting PDD.

1. Introduction

Among neurodegenerative disorders, Parkinson’s dis-
ease (PD) ranks after Alzheimer’s disease (AD) as
the second most common disorder, with nearly ten
million people worldwide (Khoshnevis and Sankar
2021), and due to the aging population, the estimated
prevalence of PD will increase in the coming years.
Although PD is mostly known as a motor disorder,
it is a multi-system disease including both motor and
non-motor symptoms (Aarsland et al 2017, Güntekin

et al 2020). The cognitive decline that affects different
domains, including attention, working memory, and
visuospatial skills, is the most common non-motor
symptoms symptom of PD, and it has a severe and
negatively influences on the quality of life (Hinnell
and Chaudhuri 2009, Tolosa et al 2021). According
to long-term follow-up studies in literature, approx-
imately half of PD patients evolve into PD dementia
(PDD) in ten years (Williams-Gray et al 2013), but
the ratio increases to 83%with the longer duration of
the disease if they survive (Hely et al 2008). Therefore,
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early and accurate diagnosis becomes a crucial issue to
mitigate its complications.

Non-motor symptoms like cognitive changes
mostly have been used as supportive diagnostic cri-
teria. However, there are recently published stud-
ies that revealed the contribution of sleep features
(Bestwick et al 2021, Yang et al 2022), olfactory func-
tions (Tremblay et al 2020, Bestwick et al 2021),
and social functioning (Yu et al 2022) to detect PD
althoughMei et al (2021) mentioned that non-motor
symptoms are not yet valid for independently dia-
gnosing PD. On the other hand, motor symptoms
are a late manifestation of early diagnosis (Maitín
et al 2020). Clinical evaluation and neuropsycholo-
gical assessment batteries are used to detect cognitive
impairment in PD. Nevertheless, neuropsychological
assessment batteries may not be sensitive enough,
especially at the early stages. Besides, inevitably, it
can appear as an evaluation tool open to the subject-
ive interpretation of the practitioner. Various studies
use neuroimaging techniques like functional mag-
netic resonance imaging (fMRI), Positron-Emission
Tomography/Single-photon emission computed
tomography (PET/SPECT), magnetoencephalogram
(MEG), and electroencephalogram (EEG) to invest-
igate cognitive impairment in PD (Weingarten et al
2015, Shirahige et al 2020). However, the interpret-
ation of findings and identification of biomarkers is
not an easy process, therefore, it needs the expertise
to distinguish the disease precisely and objectively
(Alzubaidi et al 2021). Moreover, different neuro-
physiological features should be evaluated to obtain
straightforward and robust results. Considering all
these reasons, there is a need for an objective tool
that will increase sensitivity in diagnosis and clinical
evaluation, and neuropsychological tests performed
by the specialist.

Especially in the last decade, machine learning
(ML) techniques have made quite a splash because of
the improvements in computing technology and are
started to be widely used as computer-aided diagnosis
tools for distinguishing many neuropsychiatric dis-
eases (Raghavendra et al 2019, Tulay et al 2019, Chen
et al 2022), also they can speed up the clinicians and
facilitate decision-making for several conditions with
similar clinical symptoms. There are various stud-
ies that use different neuroimaging techniques, ML
models, and feature extraction methods for detecting
PD (please see the reviews, Bind et al 2015, Pereira
et al 2019, Khachnaoui et al 2020, Mei et al 2021,
Radha et al 2021, Saravanan et al 2022).

EEG is themost used neuroimaging technique for
classification studies in PD due to its being technic-
ally and economically more practical (Maitín et al
2020). A large majority of the studies have been
focused on resting-state data (Chaturvedi et al 2017,
Yuvaraj et al 2018, Anjum et al 2020, Oh et al
2020, Aljalal et al 2022, Chang et al 2022, Yang
and Huang 2022), event-related potentials (Wang

et al 2020, Hassin-Baer et al 2022) and other time
domain characteristics of EEG (Coelho et al 2023) as
features of classifiers for the diagnosis of PD based
on EEG. However, there is vast literature support-
ing the association between event-related oscillations
(EROs) in specific frequency ranges and specific cog-
nitive domains (Başar-Eroğlu et al 1992, Başar et al
1999, 2001, Klimesch 1999, Demiralp et al 2000, 2001,
Başar-Eroğlu and Demiralp 2001).

Across years of research, event-related delta and
theta oscillations elicited by an oddball task have
been linked with several cognitive functions like
perception, attention, decision-making, and work-
ing memory (please see the reviews; Harmony 2013,
Güntekin and Başar 2016, Karakaş et al 2020). EROs
also provide a promising methodology to observe
abnormalities of cognitive processes in PD and PDD
as well as other dementia types such as AD (Güntekin
et al 2022). Studies revealed that cognitively normal
PD patients had reduced delta responses than healthy
controls (HC) upon application of visual (Emek Savaş
et al 2017) and auditory (Güntekin et al 2018) target
stimulation. In addition, delta ERO during auditory
target stimuli decreases in PDDaswell (Güntekin et al
2018). Event-related spectral perturbation (ERSP)
(Delorme and Makeig 2004) and inter-trial phase
coherence (ITPC, also referred to as inter-trial coher-
ence) (van Diepen and Mazaheri 2018) are other
two important measurements of oscillatory activit-
ies to understand mechanisms of cognitive processes.
According to the results of the studies in the literature,
ERSP and ITPC in delta and theta frequency bands
can be distinctive for PD patients with mild cognit-
ive impairment (MCI) (Yener et al 2019) and PDD
(Güntekin et al 2020).

A few studies use EROs in response to cognit-
ive tasks to detect PD by using an ML approach
(Cavanagh et al 2018, Singh et al 2018, Vanegas et al
2018). To the best of our knowledge, there is a big gap
in identifying PDD patients via ML approaches upon
application of a cognitive task. The current study
aimed to examine mainly two aspects of the classi-
fication of PDD. First, to attempt to close the gap
via ITPC measurements obtained upon application
of visual and auditory cognitive tasks as features of
the classification model. Second, to detect the best
spatial-spectral-temporal feature set among different
modalities of cognitive tasks, frequency bands, time
ranges, and brain areas to classify PDD. In this way,
we could provide the electrophysiological clue that
would form the basis of the hypothesis that could be
focused on in future studies investigating the classific-
ation of subtypes of PD patients with different levels
of cognitive impairment. For this purpose, linear dis-
criminant analysis (LDA) was used. We hypothesized
that PDD patients would be discriminated with the
delta and theta ITPC values in response to target stim-
ulation of visual cognitive task in especially fronto-
central regions.
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2. Method andmaterials

2.1. Participants
A total of 36 participants were included in the
study and there were two groups, PDD and healthy
elderly controls. Seventeen PDD patients and nine-
teen healthy elderly controls who had no cognit-
ive impairment were included in the study. PDD
patients were diagnosed according to clinical exam-
ination using UK Parkinson’s Disease Society Brain
Bank Diagnostic Criteria for PD (Daniel and Lees
1993), and for the diagnosis of dementia in PD, Emre
et al (2007)’s criteria were followed. The local eth-
ical committee approved the present study (Istanbul
Medipol University, Ethical report no: 10840098-51).
Also, all participants and/or their relatives signed the
informed consent form.

A detailed neuropsychological assessment test
battery was applied to all participants in both PDD
andHCgroups.Within the scope of the neuropsycho-
logical test battery, the Turkish version of the stand-
ardized Mini-Mental State Examination (MMSE)
(Folstein et al 1975, Güngen et al 2002), the Öktem
Verbal Memory Processes test (Tanör 2011), the
verbal fluency tests (Parker and Crawford 2018),
Clinical Dementia Rating scale (CDR) (Morris 1993,
1997) were employed to assess the general cognitive
states of the participants, memory functions, execut-
ive functions, and staging of dementia, respectively.
Additionally, the Geriatric Depression Scale (GDS)
(Yesavage et al 1982) was used to check for any
signs of depression. Moreover, the Neuropsychiatric
Inventory (NPI) evaluating the impact of neuropsy-
chiatric symptoms and the REM Sleep Behavior Dis-
order Screening Questionnaire (RBD) assessing REM
Sleep Behavior Disorder (Stiasny-Kolster et al 2007)
were applied to PDD group. Furthermore, the uni-
fied Parkinson’s disease rating scale (UPDRS) (Move-
ment Disorder Society Task Force on Rating Scales
for Parkinson’s Disease 2003) and Hoehn and Yahr
scale (Hoehn and Yahr 1967) were applied to PDD
patients to assess motor symptoms associated with
PD. A neurologist evaluated all participants at Istan-
bul Medipol University Hospital in terms of dia-
gnosis, exclusion, and inclusion criteria.

Table 1 shows the demographic and clinical char-
acteristics of the groups. As seen in table 1, the
mean ages were 71.23 (SD: 6.81) and 66.89 (SD:
6.35) years for PDD and HC groups, respectively
(p = .061). In our study, there were 17 men in the
PDD group, whereas 12 men and 7 women were
in the HC group. The mean education years were
5.47 (SD: 5.33) and 8.37 (SD: 5.00) years for PDD
and HC groups, respectively (p = .146). Moreover,
the mean MMSE scores were 19.18 (SD: 3.56) and
27.21 (SD: 1.62) for PDDandHCgroups, respectively
(p < .0001). The mean GDS score were 10.35 (SD:
6.22) and 6.10 (SD: 6.93) for PDD and HC groups,
respectively (p = .028). The mean scores of UPDRS

(only motor score), NPI, and RBD were 27.87 (SD:
9.62), 23.47 (SD: 17.01), and 4.47 (SD: 3.45) for the
PDD patients, respectively. The Mann–Whitney U
test was used for group comparisons of demographics
(table 1).

Fifteen patients of the PDD group were mild
dementia and two patients were moderate demen-
tia according to the CDR scale. In the PDD group, a
patient was in stage 1 and six patients were in stage
2 according to Hoehn and Yahr scale. Moreover, two
patients were in stage 2.5 and five patients were in
stage 3. Furthermore, two patients were in stage 4
(table 1).

The inclusion criteria for the PDD group were
MMSE scores lower than 26, CDR scores higher
than 0.5, and impaired daily living activities. Fur-
thermore, another inclusion criterion was having a
cognitive impairment as defined with performance
⩾1.5 standard deviations shift from the norm val-
ues in the neuropsychological assessment tests. The
exclusion criteria for PDD patients were the pres-
ence of dementia such as vascular dementia, Fron-
totemporal dementia, dementia with Lewy body, or
other types of dementia, alcohol and/or drug abuse,
history of stroke and traumatic brain injury, pres-
ence of epilepsy, history of psychiatric disease, his-
tory of any other neurological disease except for
PD, seconder parkinsonism such as cerebrovascular
parkinsonism and drug-induced parkinsonism, atyp-
ical parkinsonism with absent or minimal responses
to antiparkinsonian drugs. It permitted the use
of PD-related medications for PDD patients. All
PDD patients were evaluated after taking their daily
LevoDopa (equivalent) dose.

The inclusion criteria for the HC group were as
follows;MMSE score⩾26, no diagnosed neurological
and/or psychiatric disease, and no use of neurological
and/or psychiatric drugs. The exclusion criteria for
the HC group were the presence of dementia (fron-
totemporal dementia, vascular dementia, dementia
with Lewy body, PDD, AD dementia, etc), history of
head trauma, psychiatric and/or neurological disease,
presence of epilepsy, and use of medications affecting
cognitive performance, alcohol and/or drug abuse.

2.2. Experimental task
In the current study, the auditory and visual oddball
paradigms were applied to participants during EEG
recording. In the auditory oddball paradigm, there
were two types of sound with different frequen-
cies named target (1600 Hz) and nontarget stimuli
(1500 Hz). In total, there were 120 stimuli which
included 40 target stimuli and 80 nontarget stimuli
(figure 1). The sound intensity was 80 dB for both
stimulus types. In the visual oddball paradigm, there
were again two types of stimuli (target and nontarget)
with different luminance, and the luminance of target
was 40 cd m−2, whereas the luminance of nontarget
was 10 cd m−2. In total, there were 120 stimuli which
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Table 1. The clinical and demographic and clinical characteristics of the participants.

HC
Mean± SD

PDD
Mean± SD p

Age (year) 66.89± 6.35 71.23± 6.81 .061
Education (year) 8.37± 5.00 5.47± 5.33 .146
MMSE 27.21± 1.62 19.18± 3.56 <.0001
GDS 6.10± 6.93 10.35± 6.22 .028
UPDRS (motor score) — 27.87± 9.62 —
NPI — 23.47± 17.01 —
RBD — 4.47± 3.45 —

HC
(n)

PDD
(n)

CDR (mild/moderate/severe dementia) — 15/2/0 —
Hoehn and Yahr stage (stage 1/2/2.5/3/4) — 1/6/2/5/2 —

MMSE: Mini–Mental State Examination; UPDRS: Unified Parkinson’s Disease Rating Scale; CDR: Clinical Dementia

Rating scale; NPI: Neuropsychiatric Inventory; RBD: REM Sleep Behavior Disorder; Mann–Whitney U test; SD:

standard deviation; n: noun; p< .05.

Figure 1. Experimental designs for auditory and visual oddball paradigms.

included 40 target stimuli and 80 nontarget stimuli
(figure 1).

The stimuli were presented at full size on a 19 inch
computer monitor with a refresh rate of 60 Hz. All
stimuli were presented to participants randomly and
with 1 s duration. The inter-stimulus interval var-
ied between 3 and 7 s. The subjects mentally counted
the target stimuli in both paradigms. The number of
stimuli counted by the subjects was noted at the end
of the paradigms.

2.3. EEG recording
EEGs of participants were recorded in an isolated
Faraday room dimly lit by using Brain Amp 32-
Channel DC System (Brain Products, Munich, Ger-
many). During EEG recording, the sampling rate was
500 Hz, and band limits were 0.01 and 250 Hz. The
elastic cap (Easy Cap) where 32 Ag–AgCl electrodes
were mounted according to the international 10–20
systemwas used for EEG recordings. Additionally, the

two linked electrodes (A1 + A2) were placed on the
earlobes and served as references for all electrodes.
In addition, the participants were requested to look
at the screen without moving their eyes too much
during the recording to minimize eye movements as
well as the electro-oculogram (EOG) that was placed
in the medial upper, and lateral orbital rim of the
right eye was registered to detect eye movements. The
impedance values of electrodeswere kept below 10 kΩ
(kiloohm).

2.4. EEG data analysis
Preprocessing and feature extraction steps of EEG
data analysis were fulfilled using two different soft-
ware. Preprocessing was performed via BrainVision
Analyzer (Brain Products GmbH,Munich, Germany)
and feature extraction was performed via FieldTrip
Toolbox (version no: 20220104) (Oostenveld et al
2011) running under Matlab R2018b (MathWorks,
Natick, MA, U.S.A).

4
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2.4.1. Preprocessing
EEG data were analyzed for visual and auditory
oddball, separately. Firstly, the continuous raw data
were filtered (infinite impulse response filters: 0.01–
60 Hz), and then the filtered continuous data were
decomposed into distinct components using inde-
pendent component analysis (ICA) to detect and
remove artifacts caused by eye movements. The
restricted infomax algorithm was used in the calcu-
lation of ICA. All recorded EEG and EOG channels
(32 channels) were chosen for the ICA decomposi-
tion. The number of computed ICA components was
equal to the number of chosen channels. ICA was
conducted in semi-automatic mode. Each compon-
ent was carefully checked, and regarding their topo-
logy, voltage ranges, and the improvement in the
data that resulted from the extraction of these com-
ponents, components for the horizontal and vertical
eye movements were removed. After the removal of
the detected components (these components were
set to zero), the remaining components were com-
posed with the inverse ICA analysis. The maximum
component number removed for a subject was two.
Afterward, continuous data were divided into epochs
according to the stimulus onset (3000 ms before and
3000 ms after the stimulus) to avoid boundary effects
in time-frequency analysis (Herrmann et al 2005).
Manual artifact rejection was employed for the seg-
mented data to clean the remaining artifacts. In this
step, all data were manually checked, epoch by epoch.
Accordingly, epochs with artifacts (e.g. remaining
eye movement-related artifacts) were excluded. The
remained epoch numbers were equalized for target
and nontarget stimuli. Finally, the preprocessed data
were exported for further analysis.

2.4.2. Feature extraction: ITPC analysis
ITPC which was first introduced as ‘phase-locking
factor’ by Tallon-Baudry et al (1996) is a measure of
the appearance and degree of consistency over trials
within the range of zero to one. If the ITPC value
is close to zero, it means that there is a high variab-
ility of phase angles across trials, whereas an ITPC
value of 1 reflects all trials having the samephase angle
(Delorme and Makeig 2004). As Makeig et al (2004)
mentioned, ITPC is a useful measurement to model
event-related brain dynamics. In the current study,
ITCP values were extracted from the EEG data and
used as features for the classifiers.

Before the extraction process, segmented data
exported from the BrainVision Analyzer software
were imported to the Matlab Platform by using
custom-written scripts via the FieldTrip toolbox.
After that, ITPC6 values were computed for both
visual and auditory target trials over each EEG
channel and for all participants after the sensor-level

6 www.fieldtriptoolbox.org/faq/itc/

time-frequency decomposition with complex Morlet
wavelets was conducted on each trial of preprocessed
data. A Morlet function with three cycles was used
to calculate the time-frequency transform between 1
and 15 Hz with 0.5 Hz frequency resolution and the
wavelet coefficients were estimated for 10 ms steps
between −3 s and 3 s. Then, these ITPC values were
used as the feature vector of the classifier.

2.5. Classification analysis
A Matlab toolbox for multivariate pattern ana-
lysis (MVPA), fieldtrip integrated MVPA-light tool-
box (Treder 2020), was used to assess whether
the EEG features could be decoded to predict the
two groups, PDD and HC. LDA classifier with
default hyperparameters7 ofMVPA-light toolbox was
employed to differentiate PDD and HC via ITPC of
EROs in response to visual and auditory target stim-
ulation, separately.

To avoid the flow of information from the test
set flowing into the processing of the train set, nes-
ted z-scoring was used as a preprocessing step prior
to training the classifier. LDA was trained in ten-fold
cross-validation and applied for each time-frequency
point separately and for the average of time-frequency
points in a specific time and frequency ranges using
channels as features. The entire cross-validation was
repeated five times with new randomly assigned folds
to reduce the bias and ensure the robustness of the
trainedmodel. Then, the final result was calculated by
averaging across all test folds and repetitions. The per-
formance of the classifier was evaluated using mul-
tiple metrics, including confusion matrix, accuracy,
Area under the ROC Curve (AUC), precision, recall,
and F1 score (figure 2).

During classification analysis, multiple settings
were implemented by using different sets of channels,
frequency bands, and time of interest for the spatial-
spectral-temporal searchlight procedure (figure 2)
which is a technique to investigatewhich features con-
tribute most to classification performance by per-
forming a separate classification for each element of
the searchlight dimension. These dimensions could
be time and frequency as well as the channel (loc-
ation) (Treder 2020). In the initial stage, all chan-
nels were included as features in the 1–7 Hz fre-
quency band which involves both delta and theta
bands and delta (1–4 Hz) frequency band with dif-
ferent time windows of interest (0.1–0.7 s, 0.1–0.5 s,
and 0.1–0.3 s), also at theta (4–8 Hz) and low theta
(4–6 Hz) frequency bands with 0.1–0.4 s time win-
dow of interest. The time windows and frequency
ranges were determined by visual inspection of grand
averages as well as accuracy tables obtained for each
frequency–time point in 1 −10 Hz and at 0.1–0.9 s
timewindow (please see figure 3). Then, in the light of

7 https://github.com/fieldtrip/fieldtrip/blob/master/ft_statistics_
mvpa.m
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Figure 2. The pipeline of the classification analysis.

the literature on EROs during a cognitive task (please
see section 1), all the processes were repeated for
the special region of interest (ROI) which was the
fronto-central area (F7, F3, Fz, F4, F8, FC3, FCz, FC4,
C3, Cz, C4). Also, according to the visual inspection
of classification accuracies for each channel in topo-
graphic plots (please see figure 5), the special ROI
which was the temporo-parieto-occipital (TPO) area
(T7, C3, Cz, C4, T8, TP7, CP3, CPz, CP4, TP8, P7, P3,
Pz, P4, P8, O1, Oz, O2) were used as features for the
separate run.

This searchlight procedure for the classification
approach has been applied to the data collected and
analyzed in previous studies by Güntekin et al (2018)
and Güntekin et al (2020).

3. Results

After calculating complex Fourier-spectra in the 1–
15 Hz frequency range by means of the wavelet trans-
form, ITPC values for the targets of the visual and
auditory oddball paradigms were calculated for each
participant (see section 2.4.2). The grand averages are
presented in the left box of figure 3, which includes
topographic distributions in the 1–7 Hz frequency
range and at the 0.1–0.7 s time window over all
electrodes. According to the topographic plots, espe-
cially the fronto-central region seems a distinguish-
ing feature of PDD in both paradigms. The middle
box of figure 3 depicts the grand averages of ITPC
values over the averaged across all electrodes in the
visual and auditory modality for both HC and PDD.
The plots give us clues for the frequency and time
ranges in order to perform spectral-temporal search-
light analyses for the classification process (please
see section 2.5). The classification results are presen-
ted by means of accuracy performance metrics for
each time-frequency point separately using all chan-
nels as features (figure 3—right box) and help to
identify which time-frequency point discriminative

information shows up. The upper accuracy table in
figure 3—right box shows that in the classification of
HC and PDD, the higher performances were reached
in the frequencies up to 7 Hz and at a latency between
0 and 0.7 s for visual modality. However, bottom
accuracy table in figure 3—right box, which is for
auditory modality, the higher performances are more
localized and obtained in the 0.2–0.6 s time window
for delta frequency band up to 2 Hz and in the quite
early time window for the theta (4–8 Hz) frequency
band.

Figure 4 depicts the results of the classification
analyses by means of the accuracy metric by specify-
ing different time–frequency points, where all chan-
nels were used as features. Figure 4(A) represents the
accuracy values for visual and auditory delta (1–4Hz)
and delta-theta combined (1–7 Hz) as the frequency
of interest at three different times of interest (0.1–
0.3 s, 0.1–0.5 s, and 0.1–0.7 s). Figure 4(B) repres-
ents the accuracy values for visual and auditory theta
(4–8 Hz) and low theta (4–6 Hz) as the frequency
of interest at 0.1–0.4 s time window. As seen from
the bar graph (figure 4(A)), the application of visual
stimulation distinguish PDD with higher accuracies
than auditory stimulation for all time and frequency
of interest. Also, while the 0.1–0.3 s time window
gives better accuracy values than the other time win-
dows upon the application of visual target stimuli,
auditory target stimulation causes higher values in a
wider range of time window (0.1–0.7 s). To identify
PDD, the classification performance for low theta is
better than theta for both paradigms (figure 4(B)).
Moreover, in the case that all the channels were used
as features, the delta frequency band has more dis-
tinctive than the other frequency bands to predict
PDD.

The classification steps were also re-run for
the fronto-central and TPO regions for the same
frequency and time windows to find the best
predictive feature vector. All the classification metrics
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Figure 3. Results upon application of the target stimuli during visual oddball paradigm (upper row) and auditory oddball
paradigm (bottom row). Left box: topographic maps of averaged ITPC values in 1–7 Hz and at 0.1–0.7 s over all electrodes for HC
and PDD. Middle box: time-frequency representations: grand average of ITPC values in low frequency bands, delta and theta,
over the averaged across all electrodes. Right box: plots yield (frequency× time) matrix of classification accuracies using all
channels as features (HC vs PDD). HC: healthy controls, PDD: Parkinson’s disease with dementia.

Figure 4. The classification accuracies for different times and frequencies where all channels were used as features.

(accuracy, AUC, confusion matrix, f1 score, pre-
cision, and recall) obtained by running spatial-
spectral-temporal searchlight analyses are sum-
marized in table 2 for event-related visual target
ITPC and table 3 for event-related auditory target
ITPC.

Table 2 shows that when all channels are used
as features, the highest accuracies achieved for visual
delta (0.93) and delta-theta combined (0.86) are in
the 0.1–0.3 s time window whereas for auditory delta
(0.76) and delta-theta combined (0.80) are in the 0.1–
0.7 s time window (table 3). Also, theta shows a lower
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Table 2. Classification metrics for visual target stimulation after running spatial-spectral-temporal searchlight analyses.

Visual target

Acc Acc_std TP/TN AUC f1 score Precision RecallROI Frequency band Time windows

All channels Delta theta 0.1–0.7 s 0.80 0.18 0.88/0.72 0.97 0.82 0.86 0.85
0.1–0.5 s 0.83 0.21 0.87/0.76 0.92 0.85 0.85 0.89
0.1–0.3 s 0.86 0.16 0.87/0.88 0.92 0.84 0.90 0.84

Delta 0.1–0.7 s 0.87 0.17 0.84/0.92 0.96 0.83 0.87 0.84
0.1–0.5 s 0.85 0.19 0.84/0.82 0.94 0.84 0.89 0.84
0.1–0.3 s 0.93 0.15 0.95/0.93 0.98 0.94 0.94 0.95

Theta 0.1–0.4 s 0.69 0.22 0.76/0.70 0.86 0.64 0.64 0.71
Low theta 0.1–0.4 s 0.79 0.21 0.80/0.75 0.87 0.80 0.82 0.84

Fronto-central
channels

Delta theta 0.1–0.7 s 0.85 0.20 0.86/0.83 0.96 0.85 0.87 0.88
0.1–0.5 s 0.91 0.13 0.90/0.94 0.97 0.90 0.96 0.88
0.1–0.3 s 0.92 0.13 0.89/0.93 0.97 0.90 0.94 0.89

Delta 0.1–0.7 s 0.88 0.19 0.89/0.88 0.93 0.88 0.91 0.90
0.1–0.5 s 0.88 0.16 0.88/0.93 0.94 0.86 0.93 0.84
0.1–0.3 s 0.94 0.11 0.95/0.94 0.95 0.95 0.96 0.95

Theta 0.1–0.4 s 0.82 0.20 0.77/0.88 0.88 0.80 0.87 0.79
Low theta 0.1–0.4 s 0.87 0.14 0.87/0.91 0.97 0.85 0.90 0.84

Temporo-parieto-
occipital
channels

Delta theta 0.1–0.7 s 0.87 0.16 0.91/0.84 0.94 0.86 0.88 0.89
0.1–0.5 s 0.83 0.20 0.84/0.80 0.92 0.84 0.86 0.86
0.1–0.3 s 0.86 0.17 0.88/0.81 0.92 0.87 0.89 0.89

Delta 0.1–0.7 s 0.88 0.19 0.89/0.89 0.89 0.89 0.92 0.89
0.1–0.5 s 0.84 0.21 0.87/0.89 0.89 0.83 0.87 0.82
0.1–0.3 s 0.83 0.19 0.84/0.78 0.92 0.84 0.87 0.86

Theta 0.1–0.4 s 0.66 0.25 0.72/0.67 0.79 0.65 0.65 0.69
Low theta 0.1–0.4 s 0.69 0.22 0.75/0.61 0.85 0.69 0.71 0.75

ROI: region of interest, Acc: accuracy, Acc_std: accuracy standard deviation, TP/TN: true positive/true negative.

Table 3. Classification metrics for auditory target stimulation after running spatial-spectral-temporal searchlight analyses.

Auditory target

Acc Acc_std TP/TN AUC f1 score Precision RecallROI Frequency band Time windows

All channels Delta theta 0.1–0.7 s 0.80 0.23 0.74/0.91 0.82 0.76 0.84 0.72
0.1–0.5 s 0.77 0.22 0.76/0.74 0.86 0.77 0.76 0.84
0.1–0.3 s 0.71 0.21 0.64/0.72 0.82 0.66 0.71 0.68

Delta 0.1–0.7 s 0.76 0.23 0.74/0.82 0.84 0.69 0.74 0.69
0.1–0.5 s 0.74 0.22 0.69/0.80 0.79 0.69 0.75 0.69
0.1–0.3 s 0.69 0.25 0.66/0.75 0.76 0.63 0.70 0.62

Theta 0.1–0.4 s 0.72 0.21 0.68/0.76 0.85 0.70 0.79 0.68
Low theta 0.1–0.4 s 0.73 0.19 0.66/0.74 0.85 0.69 0.74 0.71

Fronto-central
channels

Delta theta 0.1–0.7 s 0.85 0.17 0.82/0.87 0.88 0.81 0.85 0.82
0.1–0.5 s 0.76 0.24 0.75/0.84 0.88 0.70 0.75 0.71
0.1–0.3 s 0.68 0.28 0.76/0.62 0.81 0.70 0.69 0.77

Delta 0.1–0.7 s 0.77 0.22 0.74/0.77 0.81 0.72 0.78 0.72
0.1–0.5 s 0.75 0.23 0.71/0.78 0.81 0.72 0.76 0.72
0.1–0.3 s 0.64 0.26 0.62/0.66 0.69 0.57 0.59 0.61

Theta 0.1–0.4 s 0.74 0.24 0.69/0.75 0.81 0.72 0.75 0.72
Low theta 0.1–0.4 s 0.63 0.25 0.59/0.70 0.74 0.58 0.61 0.61

Temporo-parieto-
occipital
channels

Delta theta 0.1–0.7 s 0.79 0.20 0.75/0.84 0.87 0.78 0.85 0.77
0.1–0.5 s 0.84 0.19 0.88/0.77 0.92 0.84 0.82 0.89
0.1–0.3 s 0.75 0.23 0.78/0.68 0.87 0.72 0.73 0.76

Delta 0.1–0.7 s 0.72 0.23 0.68/0.77 0.78 0.69 0.73 0.71
0.1–0.5 s 0.75 0.19 0.65/0.83 0.79 0.67 0.75 0.65
0.1–0.3 s 0.65 0.25 0.65/0.70 0.65 0.62 0.66 0.63

Theta 0.1–0.4 s 0.77 0.22 0.76/0.75 0.86 0.75 0.77 0.78
Low theta 0.1–0.4 s 0.84 0.18 0.79/0.84 0.95 0.82 0.88 0.81

ROI: region of interest, Acc: accuracy, Acc_std: accuracy standard deviation, TP/TN: true positive/true negative.

prediction accuracy rate than low theta, especially for
event-related visual target ITPC.

To understand which channels contribute most
to classification performances, accuracy metrics
were obtained for each channel and plotted as a

topography (figure 5). The topographies were plotted
for each frequency band and time window where the
best accuracy has been achieved for both paradigms
and highlight the distinguishing features of visual
and auditory event-related ITPC to detect PDD. As
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Figure 5. Topographic distributions of accuracy values for all frequency ranges and time windows where the highest value has
been achieved upon application of both visual and auditory target stimulations separately.

seen from the figure, mostly fronto-central chan-
nels have contributed to the classification perform-
ance for all frequency bands upon application of
visual target stimulation. On the other hand, there
are somewhat widespread accuracy values over the
TPO region, especially for theta and low theta upon
application of auditory target stimulation whereas in
delta and delta-theta combined almost all locations
have contributed.

In the case fronto-central ROI was used as fea-
tures, event-related visual delta and delta-theta com-
bined have slightly similar accuracy values to the
other ROIs, however, the accuracies for event-related
visual theta and low theta have much higher than the
other ROIs. On the other hand, when TPO channels
were used as features, there is an appreciable increase
in the accuracy of low theta for event-related audit-
ory ITPC. Among all results of searchlight analyses
performed for different ROIs, frequency, and time of
interest, the best accuracy which is supporting our
hypothesis has been obtained for the delta (1–4 Hz)
frequency band and at 0.1–0.3 s time window over the
fronto-central region upon application of visual tar-
get stimulation to classify HC and PDD.

Figure 6 depicts the results of the classification
by means of confusion matrix, recall, precision, and
accuracy metrics. The confusion matrix shows that
the classifier is slightly better at predicting HC (0.95)
than it is at predicting PDD (0.94) with 0.95 recall,
0.96 precision, and 0.94 accuracy.

4. Discussion

To our knowledge, this is the first study that attempts
to classify PDD by means of EROs during cognit-
ive tasks and compare the classification performances

of two different modalities. The current study evalu-
ated the ITPC upon target stimulation of visual and
auditory oddball paradigms with varying analyses of
searchlight to understand which features have more
contribution to identifying PDD. For this purpose,
LDA was used as a classifier.

The results revealed that we were able to classify
PDD successfully. The remarkable performances were
exhibited in different frequency bands and at different
time windows. The most important observations of
spatial-spectral-temporal searchlight analyses can be
summarized as follows;

(1) The results from the classification analyses of
the event-related visual target ITPC in the delta
frequency band and at 0.1–0.3 s time win-
dow demonstrate the highest accuracy (0.94) for
identifying PDD in the case that fronto-central
channels were used as features.

(2) Visual target ITPC features contribute more to
the differentiation of PDD compared to Audit-
ory target ITPC in delta and delta-theta com-
bined frequency bands.

(3) Low theta frequency band performs better in
visual target stimulation over fronto-central
channels. However, if auditory target stimula-
tion is used, then TPO channels are more helpful
to detect PDD, but still have lower performance
than the case where visual target stimulation was
used.

These results were not surprising since various
studies reported abnormalities in delta and theta
EROs of visual and auditory modality in all stages
of the PDD continuum including cognitively nor-
mal PD (Emek Savaş et al 2017, Güntekin et al 2018,
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Figure 6. The classification metrics that were obtained for the delta (1–4 Hz) frequency band and at 0.1–0.3 s time window (HC
vs PDD).

Solís-Vivanco et al 2018), PD with MCI (Güntekin
et al 2018, Yener et al 2019) and PDD (Güntekin et al
2018, 2020) as well as cognitive impairments due to
non-Parkinsonian pathologies (MCI, AD) (Yener et al
2007, 2008, 2009, 2012, 2013, 2016, Kurt et al 2014,
Tulay et al 2020). Moreover, there are a few studies
that have revealed that PD and HC can be classified
by delta and theta brain responses to different cog-
nitive tasks. Singh et al (2018) evaluated mid-frontal
theta activity during the Simon reaction-time task
and reported that post-error mid-frontal theta could
be used to classify HC vs. PDwith a near-chance sens-
itivity but reasonable specificity. Also, Cavanagh et al
(2018) showed that brain responses to novel sounds
differentiate PD from HC with a maximum accur-
acy of 82%, primarily in the delta band. PD has also
been distinguished from Dementia with Lewy bodies
by means of visual delta and theta powers via ROC
curve analysis (Rosenblum et al 2022).

Among the aforementioned previous ERO stud-
ies, Güntekin et al (2020) mainly focused on the
theta band, whereas in the current study, we evalu-
ated both delta and theta during the visual and audit-
ory stimulus. Moreover, Güntekin et al (2018) invest-
igated the role of delta oscillatory response during a
single modality (i.e. auditory oddball) and they used
different EEG features instead of phase information
of EEG, which was affected in dementia. However,
in the present study, visual and auditory modalit-
ies for delta and theta frequency were evaluated to
detect the best spatial-spectral-temporal feature set
among different cognitive task modalities, frequency

bands, time ranges, and brain areas to classify PDD.
In line with these pioneering studies, our results also
demonstrated quite substantial classification results
for delta-theta frequency bands during the cognit-
ive task. Furthermore, we showed that the results of
the classification might vary according to paramet-
ers that were used in the analysis, such as exact fre-
quency band limits, chosen time window,modality of
the used task, and, accordingly locality of the recorded
EEG signal. In this respect, the most substantial clas-
sification outcomes of the current study will be dis-
cussed in the following paragraphs by comparing the
results of mentioned different parameters.

4.1. Phase-locking of event-related responses in
delta frequency during visual target stimuli
differentiates PDD fromHC
In the current study, spatial-spectral-temporal
searchlight analyses revealed that visual modality
contributes to the classification of PDD more than
auditory modality in general (please see tables 2
and 3) and these findings are fully in line with the
previous researches that reported visual impairment
on cognitive processes in PD (Arrigo et al 2017).
Correspondingly, frontal lobe dysfunction occurs in
the early stages of PD (de la Fuente-fernández 2012,
Biundo et al 2016). Therefore, finding the highest
classification performances for delta and theta phase-
locking factor over the fronto-central region during
visual modality is an expected result for PDD with
progressive visual system impairment. Additionally,
according to Güntekin et al (2022), in line with our

10



J. Neural Eng. 20 (2023) 026025 E E Tülay et al

finding, slow frequency responses (<8 Hz) during
visual oddball task were more sensitive in detecting
cognitive impairment (as a physiological biomarker)
than other tasks (and frequencies). Although Gün-
tekin et al (2022) concluded this for Alzheimer’s
dementia, it is quite consistent with our findings
in terms of showing that slow oscillatory responses
during the visual oddball task are important in the
classification of dementia.

Although the best classification performance to
detect PDD was achieved with ITPC of event-related
responses in the delta frequency band and at 0.1–0.3
time window during visual target stimuli over fronto-
central channels (0.94), in the case where all chan-
nels contributed to the classification process, almost
the same accuracy value has obtained for the equal
frequency-time points (0.93). Moreover, when the
slow oscillatory response (1–7 Hz) to visual modality
over fronto-central locations was used as features, the
classifier performances exceeded 0.90 s in both 0.1–
0.5 and 0.1–0.3 time windows and reached 0.91 and
0.92, respectively. The predominance of the fronto-
central region in visual stimuli also seems to be in
accordance with previous studies (Emek Savaş et al
2017, Yener et al 2019).

On the other hand, in the auditory modal-
ity, the performance of the classifier is lower than
the visual modality for the same spatial-spectral-
temporal interests. However, for auditory modality,
when the slow oscillatory response in a wider time
range (0.1–0.7 s) was used as a feature, the accur-
acy values reached the same level as visual modal-
ity over all locations (0.80), and fronto-central loc-
ations (0.85). Cavanagh et al (2018) also reported
similar accuracy (82%) in delta responses to detect
PD for auditory stimuli as well. Furthermore, in line
with current findings, Güntekin et al (2018) showed
a gradual decrease of delta responses at 0–0.6 s time
window and at overall locations in the dementia
spectrum of PD during the auditory oddball task.
Güntekin et al (2020) also revealed that PD-MCI and
PDD had lower theta phase-locking and power com-
pared to HC at overall locations. In contrast, the dif-
ferentiation between HC and cognitively normal PD
was more specific to frontal-central areas. Therefore,
our results may indicate that a wider time window in
the slower oscillations may provide a higher level of
accuracy for the auditory modality in the classifica-
tion of PDD.

4.2. Low theta has a discriminative role in different
regions upon application of visual and auditory
target
According to the literature, theta oscillatory responses
are associated with several cognitive functions
(Başar-Eroglu et al 1992, Demiralp et al 1994,
Yener et al 2007). These studies showed that theta
responses increase with the increase of cognitive
functions. Therefore, it is highly expected to find the

contribution of theta phase-locking to predict PDD
in the current study.

Although misclassification is most prominent for
theta and low theta responses of both visual and
auditory stimulation, promising accuracy values has
obtained for low theta responses rather than theta
responses. However, recent studies reported that the
wider range of theta (from 4 Hz to 7–8 Hz) helps to
discriminate PD over the frontal-central area (Singh
et al 2018, Güntekin et al 2020) and PDD over all loc-
ations (Güntekin et al 2020). On the other hand, the
current study revealed a relatively low level of accur-
acy for the same frequency and ROI during visual
(0.69) and auditory (0.72) target stimuli.

Interestingly, the results of the current study
revealed that ITPC of event-related responses in the
low theta frequency band during visual target stimuli
over fronto-central channels showed a slightly greater
accuracy level (0.87) than the full range theta fre-
quency band showed (0.82). On the other hand, in
auditory modality classification, performance for the
low theta frequency band reached the same levels as
visual modality over the TPO region (0.84), where
the classifier is better at predicting PDD (0.84) than
it is at predicting HC (0.79). This modality-specific
classification success at differentiated locations could
provide us with the initial information to be used in
facilitating the EEG recording process in the clinical
setting, such as recording EEG only from certain loc-
ations depending on task modality.

5. Conclusion

The current study is the pioneering study in the clas-
sification of PDD by means of EROs during visual
and auditory stimuli and has shown the valuable con-
tributions of delta and theta phase-locking factors
to detect the disease. The classification perform-
ance results of the current study revealed that if the
visual stimuli are applied to PDD, the delta and theta
phase-locking factor over the fronto-central region
has a substantial contribution to detecting the disease
whereas if auditory stimuli are applied, the phase-
locking factor in low theta over the TPO region and
in a wider range of frequency (1–7 Hz) over the
fronto-central region classify HC and PDD with bet-
ter performances.

Although the results have revealed a promising
classification rate, several biases/challenges/limita-
tions can be mentioned. As a major problem, it is
not possible to understand whether the current find-
ings, which confirm the results of previous studies
about the decrement of slow oscillatory responses in
different phases of PD and AD are disease-specific
(Güntekin et al 2022). More explicitly, at this stage,
it is not possible to conclude yet whether our res-
ults reflect the different phases of cognitive decline
in PD patients (i.e. subtyping) or are even disease-
specific (i.e. AD vs PD). To overcome this limitation,
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it absolutely would be better to include different
groups of PDpatients with different cognitive statuses
and also other types of dementia, such as AD, in
future studies. In such a future study design, as a next
step, it would be possible to test how sensitive the
spatial-spectral-temporal specific classification find-
ing found here is for other subtypes of PD and other
types of dementia. Additionally, this inclusion also
will be helpful for early diagnosis of the diseases.

Moreover, the fact that patients are using drugs
will undoubtedly affect the classification performance
to predict PDD since medication affects the auditory
perception of PD (Georgiev et al 2015). We should
also acknowledge that the current study addressed the
PDD classification with a small sample set and imbal-
anced gender categories.
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Güngen C, Ertan T, Eker E, Yaşar R and Engin F 2002 Standardize
Mini Mental test’in türk toplumunda hafif demans tanisinda
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