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Highlights:  

• Standard FFT spectra discriminated between synucleinopathies and controls 

during eyes open conditions. 

• Autoregressive (AR) modelling identified fewer spectral differences between 

cohorts but delivered enhanced spectral smoothing. 

• Slowing of the dominant frequency (4-15 Hz range) differentiated between 

synucleinopathies vs controls during eyes closed only. 

• Combining AR spectra with FOOOF yielded robust differences of periodic 

parameter between all conditions vs controls in eyes open and closed. 

• Aperiodic EEG parameters (1-45 Hz) achieved the most superior discrimination 

for all channels and conditions.   
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Abstract   
  
 
Background: Dementia is caused by neurodegenerative conditions and characterized by 

cognitive decline. Diagnostic accuracy for dementia subtypes, such as Alzheimer’s Disease 

(AD), Dementia with Lewy Bodies (DLB) and Parkinson’s Disease with dementia (PDD), 

remains challenging.  

Methods: Here, different methods of quantitative electroencephalography (qEEG) analyses 

were employed to assess their effectiveness in distinguishing dementia subtypes from healthy 

controls under eyes closed (EC) and eyes open (EO) conditions.  

Results: Classic Fast-Fourier Transform (FFT) and autoregressive (AR) power analyses 

differentiated between all conditions for the 4-8 Hz theta range. Only individuals with dementia 

with Lewy Bodies (DLB) differed from healthy subjects for the wider 4-15 Hz frequency range, 

encompassing the actual dominant frequency of all individuals. FFT results for this range 

yielded wider significant discriminators vs AR, also detecting differences between AD and 

DLB. Analyses of the inclusive dominant / peak frequency range (4-15 Hz) indicated slowing 

and reduced variability, also discriminating between synucleinopathies vs controls and AD.  

Dissociation of periodic oscillations and aperiodic components of AR spectra using Fitting-

Oscillations-&-One-Over-F (FOOOF) modelling delivered a reliable and subtype-specific 

slowing of brain oscillatory peaks during EC and EO for all groups. Distinct and robust 

differences were particularly strong for aperiodic parameters, suggesting their potential 

diagnostic power in detecting specific changes resulting from age and cognitive status. 

Conclusion: Our findings indicate that qEEG methods can reliably detect dementia subtypes. 

Spectral analyses comprising an integrated, multi-parameter EEG approach discriminating 

between periodic and aperiodic components under EC and EO conditions may enhance 

diagnostic accuracy in the future.  

 

Keywords. Electroencephalography, Dementia, Lewy Body, Parkinson, Alzheimer, Spectral 

analysis, Aperiodic, FOOOF    
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Introduction 

Dementia is an umbrella term for conditions where there is decline in cognitive function, 

memory, and decision-making which has a significant functional impact on the lives of those 

affected (Centers for Disease Control and Prevention , 2019). Currently, there are 

approximately 58 million people worldwide with dementia, and it is projected to increase to 

153 million by 2050 (Nichols et al., 2022). Various neurodegenerative disorders lead to the 

development of dementia, with Alzheimer's disease (AD) being the most common, accounting 

for ~70 % of cases. The second most prevalent type is Lewy body dementia (LBD), which 

encompasses Parkinson's disease dementia (PDD) and dementia with Lewy bodies (DLB). 

Although PDD and DLB share many clinical and morphological features, DLB is diagnosed 

when dementia precedes or coexists with motor parkinsonism (McKeith et al, 2017).  

The neuropathology of dementia subtypes is associated with distinct behavioural and 

cognitive symptoms. AD features cerebral atrophy, beta-amyloid (Aβ) plaques and 

neurofibrillary (tau) tangles (NFTs). LBDs, including DLB and PDD, are marked by α-synuclein 

accumulation (Lewy Bodies), affecting attention and cognition, and causing visual 

hallucinations, parkinsonism, and REM sleep behaviour disorder (McKeith et al., 2017). The 

exact role of amyloid, tau and α-synuclein in these conditions are complex, with many cases 

showing mixed pathologies (Kapasi et al., 2017; Toledo et al., 2023), which impacts clinical 

progression and complicates diagnosis. Post-mortem findings reveal end-stage pathologies, 

not necessarily accounting for early disease initiators. Mild cognitive impairments can precede 

dementia by 10-15 years, yet such early impairments are sometimes reversible.  Accurate and 

early diagnosis of patients is crucial to manage and alleviate symptoms and identify most 

promising interventions. Despite recent advances in blood-based biomarkers, it is apparent 

that there is no absolute diagnostic cut-off point for these, and identification of 

neurodegenerative disorders via functional measures, capable to capture subtle and early 

changes in neuronal communication, are essential.  

Functional techniques, such as electroencephalography (EEG), are among the tools currently 

explored. EEG offers valuable diagnostic options due to its non-invasive, portable, and cost-
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effective nature, allowing for direct measurement of neural activity with high temporal 

resolution. Despite its advantages, EEG is not routinely used in dementia clinics. This is 

primarily attributed to the lack of standardized EEG metrics independent of equipment and 

analysis techniques (Meghdadi et al., 2019). Research collectives and professional bodies 

have endeavoured to establish recommendations to achieve a degree of standardization 

within the field (Babiloni et al., 2020, 2021), yet guidelines still await widespread adaptation 

and consensus. 

Quantitative EEG (qEEG) encompasses mathematical methods beyond visual inspection of 

recorded traces to decode neural activity (Livint Popa, et al, 2020), most commonly focussed 

on spectral patterns. Traditional qEEG applies Fast Fourier Transform (FFT) to convert the 

brain’s discrete, time-domain signal into its frequency components. However, FFT operates 

under the assumption of signal stationarity and linearity, and thus overlooks the dynamic, non-

linear and non-stationary nature of brain signals (Crouch et al., 2018). Alternatives such as 

autoregressive (AR) modelling enables transformation of EEG signals into the frequency 

domain based on a point-by-point approach that predicts future values based on previous data 

points. This process utilizes autocorrelation and regression to effectively model the signal and 

generate spectral information, incorporating an estimation error to account for the inherent 

unpredictability and noise within EEG recordings (Sommerlade et al., 2015). Hence, AR-

generated spectra are smoother and offer a parametric perspective with enhanced spectral 

resolution (Crouch et al., 2018). Both FFT and AR can analyse the full spectrum or individual 

components of the signal, encompassing both its periodic and aperiodic elements.  

As the field of qEEG is moving forward, other methods may offer valuable additional 

information. Over the past two decades, innovative methodologies have been proposed, 

among these are for example the evaluation of Sample Entropy (SaEn; Bruce et al., 2009), 

Ordinal pattern (OP) analysis (Ouyang et al., 2010), Fitting-Oscillations-&-One-Over-F 

(FOOOF) model (Donoghue et al., 2020) and assessment of Higuchi fractal dimensions (HDF; 

Higuchi, 1988; explored in Supplement C).  
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FOOOF is designed to distinguish oscillatory (periodic) and aperiodic (slope) properties of 

EEG signals. This approach deconstructs the EEG power spectrum into the aperiodic element, 

(background spectral density characterized by a 1/f-like distribution), and a sequence of 

Gaussian peaks that represent the oscillatory elements. Through this, FOOOF precisely 

estimates parameters (offset and exponent) and fits for the slope function of the aperiodic 

component alongside an examination of the periodic signals without background contribution. 

This approach has emerged as a promising approach to potentially differentiate between 

various forms of dementia (Wang et al., 2024) as it detects significant changes in the neural 

dynamics distinctive for specific disease states (Kopčanová et al., 2024). Although 

conventional methods for examining EEG signals, such as FFT and AR, have consistently 

observed hallmarks of dementia such as ‘slowing’ due to a shift in peak power (Baik et al., 

2022; Dauwan et al., 2019; Musaeus et al., 2018; Peraza et al., 2018; Jelic et al., 2000) in 

individuals with cognitive impairments (Olde Dubbelink et al., 2013; Stoffers et al., 2007), 

however, no distinctive markers differentiating dementia subtypes have yet been identified. 

In this study, we conducted a detailed comparative analysis to evaluate the effectiveness of 

various qEEG techniques in identifying and differentiating between dementia subtypes (AD, 

DLB and PDD). We analysed the spectral composition of EEGs from a dementia cohort via 

FFT and AR modelling and investigated parameters arising from the separation of periodic 

and aperiodic components of the AR EEG signal to determine if this enhances detection and 

distinction of the different dementia types. 

 
Methods  

Participants 

Recordings of the Cognitive and Attentional Function in Lewy Body Disease (CATFieLD) 

study, which were previously published in other journals (see Schumacher et al., 2020; 

Stylianou et al., 2018), have been provided by the research group of Taylor et al. from 

Newcastle University, UK. Patients included in the study were diagnosed by experienced 

physicians according to specific criteria for DLB (McKeith et al., 2017), PDD (Emre et al., 
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2007) and AD (McKhann et al., 2011) and were receiving appropriate medication for their 

clinical diagnoses. Patients were excluded if they presented any other neurological disorder 

or psychiatric condition. Neuropsychological tests, such as the Mini-Mental State 

Examination (MMSE) and the Cambridge Cognition Examination (CAMCOG) were collected 

for the patients included. 

The CATFieLD dataset included 85 participants for EO and 82 for EC, diagnosed with 

Alzheimer’s disease (AD), Parkinson’s disease (PD), Dementia with Lewy bodies (DLB) or 

healthy control (Table 1). The number of patients included for EC/EO differed in the CTRL, 

AD and PDD groups, as the EEG recordings of one patient in each condition displayed a high 

number of noise and artifacts. Similarly, the frontal channels of one patient in the control 

group were excluded from all the analysis due to artefact issues. 

 

Data acquisition 

Resting-state EEG recordings were obtained from 128 electrodes placed on the scalp. These 

electrodes or channels were located according to the 10-5 international system, with a ground 

electrode placed on the right clavicle, and a reference for all derivations at Fz position. 

Recordings were performed during eyes open (EO) and eyes closed (EC) conditions for 2 

minutes with a sampling rate of 1024Hz. 

 

EEG data processing  

A custom Matlab (Mathworks, version R2022b) script was used to read and select frontal (F3, 

F4), central (C3, C4), occipital (O1, O2) and temporal (T7 and T8) channels, included in this 

study. The electrode locations were deliberately chosen to facilitate the detection of signal 

alterations in brain regions that have been previously associated with or correlated to 

dementia (Latreille et al., 2016; Rodriguez et al., 1999). Then, 100-second episodes of 

artefact-free EEG recordings were identified and extracted from EO and EC conditions for 

each patient. Artifacts in the EEG signals were identified based on the presence of abnormal, 

high-amplitude aperiodic spikes, visually discernible within the EEG traces. 
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Fast Fourier Transform (FFT) spectral decomposition was performed using built-in MATLAB 

R2022b function (pwelch), which estimates the power spectral density (PSD) using 

overlapping segments. Each 4 second epoch was subjected to a Hamming window with a 

50% overlap, and PSD was calculated for 0.5-48Hz, with 0.5Hz resolution. 

Autoregressive (AR) spectral decomposition was performed using an in-house MATLAB 

R2022b script for each 4 sec epochs (Crouch et al., 2019). The spectral analyses were 

conducted from 0.5-48 Hz using an AR order of 256 points (1/4 of sample frequency) and a 

resolution of 0.5 Hz. 

 

Spectral power analysis  

After obtaining AR and FFT spectra, spectral power was calculated for each participant, 

separately for each condition and channel. Total FFT and AR spectra (0.5 - 45 Hz) were then 

converted to relative power by calculating the percentage of total power for FFT and by 

normalizing the AR power estimate of each individual frequency bin to the sum of all bins. 

Normalized spectra were divided into frequency ranges of interest and ultimately focussed 

on 4-15 Hz for each channel during EC and EO since the dominant frequency fell into this 

range when considering all groups. The variability of the dominant frequency was also pooled 

for each sample. The dominant frequency was defined as the average of the peak frequency 

of all 4 sec epochs, the dominant frequency variability was defined as its standard deviation.  

 

Fitting-Oscillations-&-One-Over-F (FOOOF)  

Parameterization of neural AR power spectra was conducted using the FOOOF algorithm 

(version 1.0.0; Donoghue et al., 2020) in Matlab (Mathworks, version R2022b). The 

parameters set in the model included a maximum number of peaks (5), minimum peak height 

(0.1), peak threshold (2.0) and peak width limits (1-10). The analysis encompassed the 

frequency spectrum of 1-45 Hz; the highest periodic peak of each epoch within the range of 

interest (4-15 Hz) were pooled for analysis. Statistical comparison of the mean periodic peak 

power, its frequency and frequency variability (SD of peak frequency) were conducted and 
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visually compared with results obtained from the traditional AR spectral analysis accounting 

for the full signal. In addition, FOOOF was employed to assess the aperiodic component of 

the EEG signal through its parameters, i.e. the offset representing the intercept of the 

aperiodic (non-oscillatory) component of the power spectrum; the exponent or the parameter 

that quantifies the slope of the aperiodic component; and the aperiodic fit (one phase decay 

of the non-oscillatory background activity) were evaluated at each channel for each group. 

 

Statistical analysis 

Standard statistical analyses were performed using GraphPad Prism 7 (GraphPad Software, 

La Jolla, California, USA). Significance was set to p < 0.05. Spectral comparisons between 

the dementia groups (AD, DLB and PDD) versus the control group were run via two-way 

ANOVAs followed by post hoc tests using Bonferroni correction for multiple comparisons. 

Secondly, groups were compared through estimation statistics (Ho et al., 2019).  Estimation 

statistics can visualise the relative size of the mean (effect size) and the confidence interval 

(CI) and thus portray a better measure of magnitude and precision (see Supplement A). The 

estimation plots were created by the ‘Shared Control Estimation stats and plot generator’ 

(www.estimationstats.com), which compares groups by a two-sided permutation t-test. The 

effect size is calculated for each permutation P value by reshuffling 5000 times both the 

control and test group data. Results are represented as Cumming estimation plots and give 

the effect size as a bootstrap resampling for the 95% confidence interval (bias-corrected and 

accelerated). The P value reports the possibility of observing such an effect size if the null 

hypothesis of zero difference is true (Ho et al., 2019).  

Dominant frequency, its variability, periodic peak power, periodic peak frequency, its 

variability and aperiodic parameters, exponent and offset values, were analysed using a 

mixed model design two-way ANOVA with Bonferroni post-hoc multiple comparisons test. In 

order to evaluate the distinctions in the aperiodic components of the signal between the 

different types of dementia and control groups, a one-phase exponential decay model was 

implemented on the aperiodic fit curves derived from each group (least square regression 
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and extra sum of squares F test). This tested whether the curves followed the same decay 

function or whether they differed significantly. Additionally, as a measure of quality control, 

the "goodness of fit" displayed as the coefficient of determination (R²) is reported, and indicate 

a robust alignment between the predictive model and the empirical data (see Supplement B). 

 

Results 

Comparative examples of normalised EEG power spectra from C3 of AD, DLB and PDD 

patients are shown in Fig. 1 (FFT left, AR right), depicting the improved smoothing and noise 

reduction achieved by AR.  

Statistical analysis comparing the spectral power of theta (4-8 Hz) and alpha (8-15 Hz) 

frequency bands derived from FFT and AR methods revealed general concordance between 

these procedures (Table 2), yet, FFT obtained a wider range of reliable significant differences, 

for example selectively affecting theta in PDD patients vs CTRL (EO). For alpha, group 

differences were limited to EC conditions, here, only FFT yielded a discrimination between AD 

vs CTRL.  

As the primary objective of the present investigation was to optimise peak frequency analyses 

relevant for patients with cognitive impairments, we next opted to widen the frequency range 

of interest to incorporate the dominant frequency range (4-15 Hz) so that all relevant peaks of 

both dementia and healthy subjects were included (Table 3). For this range, FFT again 

detected far more significant differences between the study groups and CTRL compared to 

AR, but only during EO. It can be speculated that significances identified by both methods 

(highlighted in yellow in Tab. 3) are most robust and dominated by changes in the theta range 

(Table 2). Additional differences for the FFT analysis might be affected by false-positive results 

from noisy data, while excess averaging may lead to false negatives in AR spectra. However, 

only FFT identified multiple differences between PDD vs CTLR and AD (highlighted in green) 

during EO.  

For AR, agreement was detected between eyes open and closed for the left central channel 

(C3) suggesting robust differences between DLB vs both CTRL and AD. All AR-based 
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significances suggested a clear pattern of lateralisation e.g in PDD at left frontal channel (EC) 

and in AD vs PDD at right central site (Table 3). These results were further corroborated and 

visualised through estimation statistics of AR spectral results (see Supplement A).  

Based on AR spectra, the well-established slowing of the dominant frequency was robustly 

confirmed for all groups (except for the frontal pair in PDD), yet during EC only (Table 4; all ns 

for EO). The high significance of these changes and their consistency were also strikingly 

depicted in the corresponding estimation plots (Suppl. Fig. 1). Results for the dominant 

frequency variability are detailed in Table 5 and suggest a reduction particularly in all 

synuclein-related dementia groups (see also spectra Fig.1). This may underscore a reduced 

capacity for dynamic frequency modulation in synucleinopathies.  

Analysis of periodic and aperiodic components of AR spectra was conducted next using the 

FOOOF approach, example fits and their components are given in Fig.2. Focusing first on the 

detection of peaks (corresponding to classic peak power data presented above), attributable 

to neural periodic oscillations within the targeted frequency range of 4-15 Hz, these were 

examined for their power and frequency characteristics. The comparative evaluation of 

periodic peak power derived from the FOOOF model revealed significant outcomes during EO 

for both synucleinopathy groups across most channels (Table 6). Findings that aligned with 

the AR spectral power analysis are denoted in yellow and showed a reliable overlap solely for 

DLB, facilitating the differentiation between DLB and control as well as AD (under both EO 

and EC conditions). Despite the absence of discernible differences for PDD in the AR spectral 

analysis, which includes both aperiodic and periodic signal components, the focused analysis 

on the periodic peak power unveiled significant changes. These changes were observed 

across frontal, central, and right occipital channels during EO conditions, with discriminators 

from AD at the central channels. Interestingly, a robust discrimination between AD and DLB 

was here also achieved during EC. 

The analysis of periodic peak frequency (corresponding to dominant frequency analyses) 

elucidated significant distinctions across all examined groups, with notably consistent findings 

in both EO and EC conditions, as delineated in Table 7. Synucleinopathy groups exhibited 
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markedly reduced peak frequencies across all channels when compared to healthy controls, 

and differed from AD at central and occipital channels. The AD cohort demonstrated spectral 

alterations in the EO state at both occipital and temporal channels, as well as a single frontal 

channel (right frontal), and in the EC state at temporal channels along with one frontal channel 

(left frontal). A subtle differentiating factor between the synucleinopathies was observed only 

in EC at the occipital channels, where PDD presented a significantly slower peak compared 

to DLB. Crucially, classic dominant frequency analyses only revealed significant findings in 

the EC condition (Table 3), whereas a more pronounced array of alterations was observable 

in EO and EC when exclusively considering periodic signal components (Table 7).  

Further, analysis of the periodic peak frequency variability largely agreed with AR peak 

variability analysis (Table 4), i.e. it identified changes predominantly in synucleinopathies vs 

CTRL and AD yet reported with more extensive differences (Table 8). Hence, this approach 

also delineated distinguishing features of synucleinopathies in comparison to AD in both EO 

and EC states, primarily at central (LBDs) and occipital channels (DLB). 

Evaluation of the aperiodic spectral parameters delineated by the FOOOF model (Fig.2), 

specifically the offset (maximum) and the exponent (slope) offered a clear differentiation 

between control subjects and dementia cohorts (Table 9). This differentiation was only 

apparent during EC conditions, mirroring results obtained for the dominant frequency analysis 

(Table 3). Notably, across most channels, all groups exhibited significant variations in offset 

vs. CTRLS, with the exception of the frontal channels for AD and PDD cohorts. Conversely, 

alterations in the exponent in the PDD cohort were limited to central channels.  

Further assessment of the decay function via nonlinear fitting of the aperiodic component 

(examples illustrated in Fig.3) yielded the most powerful differentiation among all groups from 

the study during both EO and EC, as delineated in Table 9. A comprehensive overview of key 

findings is summarised in Table 11. 

 

Discussion 

Spectral power analyses: Bands and peaks 
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This study evaluated spectral data within the 4-15 Hz range, encompassing both classic theta 

and alpha frequencies. We established the critical impact of the spectral range on standard 

EEG measures but also highlight that commonly used band borders may not allow detection 

of a genuine dominant / alpha peak in all conditions. The peak is generally reported to slow in 

individuals with cognitive impairments, hence shifting into the theta range (Anuradha et al., 

2017; Olde Dubbelink et al., 2013; Stoffers et al., 2007). Conversely, in healthy individuals, 

the peak predominantly falls within the alpha range, especially during eyes open conditions 

(Schumacher et al., 2020; Markand, 1990). Traditional analyses based on theta and alpha 

power revealed significant disease-state dependent shifts specifically affecting the theta 

range, a phenomenon extensively documented (Baik et al., 2022; Dauwan et al., 2019; 

Musaeus et al., 2018; Peraza et al., 2018; Jelic et al., 2000). However, when spectral power 

for the combined 4-15 Hz range was compared, fewer distinctions emerged. To appropriately 

capture differences related to dominant peak analyses, we suggest the use of the wider range 

to enable robust peak inclusion across all groups, regardless of slowing. Other research 

groups have also proposed alternative frequency ranges that may offer superior analytical 

accuracy (Nuñez & Buño, 2021; Vinding et al., 2021; He et al., 2010). While oscillations in the 

4-10 Hz range are crucial for memory and spatial navigation in healthy individuals (Buzsaki 

and Moser, 2013), adjustments in spectral analysis are needed to yield more accurate and 

comparable data to account for changes in patients with dementia. 

Spectral FFT based methods have been extensively applied for the detection of brain diseases 

within research settings (Platt et al, 2011). However, their adoption in the routine clinical 

diagnosis of dementia still remains limited. EEG based diagnostics have faced criticism due 

to challenges related to reproducibility and reliability, a situation exacerbated by the lack of 

standardized parameters and protocols for clinical assessments (see Babiloni et al. 2020, 

2021). Here, we identified FFT analysis as an effective spectral estimator for 

synucleinopathies within a clearly defined clinical cohort. This was particularly evident in 

distinguishing PDD vs control groups and AD patients during EO. Conversely, AR spectral 

data modelling may offer other advantages for diagnosing medical conditions, facilitating basic 
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research  (Crouch et al., 2018, 2019), and pinpointing brain regions impacted by specific 

diseases  (Ghafar et al., 2008). Yet, AR spectra have not yet been explored in-depth for their 

ability to discriminate between neurodegenerative conditions. Our study demonstrates the 

smoother and less noisy spectral appearance, and differentiation between DLB and control 

groups (CTRL), as well as DLB and AD, consistent with FFT based methods. Partial 

agreements between FFT and AR analyses were obtained for theta as well as over the wider 

4-15 Hz range. Our data also suggest a potential for AR spectral analysis to reveal 

lateralization in DLB (4-15 Hz range). Furthermore, estimation statistics (see Supplement A) 

emphasised changes in spectral power during EC, particularly at the frontal pair and left 

central channels for PDD, suggesting that some alterations are not detected with traditional 

statistical methods. These findings underscore the value of utilizing effect sizes and their 

associated uncertainties through estimation methods (Claridge-Chang & Assam, 2016; Ho et 

al., 2019).  Notably, neither FFT nor AR spectral analyses were able to robustly distinguish 

AD from healthy controls. 

When isolating the periodic oscillations from the underlying signal (analysing peak power and 

frequency), more pronounced changes became apparent for both synucleinopathies during 

EO, with the DLB group exhibiting more significant alterations. This was more robustly 

detected compared to the conventional spectral power analysis. Additionally, focusing solely 

on periodic oscillations revealed alterations in the PDD group, mirroring findings from the 

traditional FFT spectral power analysis. These outcomes indicate that isolating periodic 

oscillations, rather than analysing the entire signal, can provide a more accurate method for 

identifying DLB and PDD. This approach also enhanced the differentiation of DLB from AD in 

EC conditions, a distinction that was less clear when using traditional spectral power analysis. 

Thus, periodic oscillations appear to be a more effective marker for identifying LBDs. 

  

Dominant Frequency Slowing 

All patient cohorts demonstrated significantly lower dominant frequencies (within 4-15 Hz) 

during EC. This substantiates the transition of dominant EEG peak power from the alpha to 
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the theta range in dementia patients (Barber et al., 2000; Bonanni et al., 2008; Briel et al., 

1999; Micanovic & Pal, 2014; Peraza et al., 2018; Stylianou et al., 2018; van der Zande et al., 

2018). Remarkably, when the analysis was adjusted to specifically detect the peak frequency 

of periodic components using FOOOF, a significant and consistent shift was confirmed, 

regardless of eyes being open or closed. The shift was reliable for AD and LBDs, but still more 

pronounced in patients with LBDs than AD, aligning with the above data and other studies that 

indicate a more substantial decrease in dominant frequency as a characteristic of 

synucleinopathies (Stylianou et al., 2018). This may be linked to a more severe cholinergic 

deficits present in LBD (Tiraboschi et al., 2002). Furthermore, periodic oscillations provided a 

distinction between the two types of synucleinopathies during EC at occipital channels, with 

PDD exhibiting a slower oscillation pattern than DLB. However, this observation necessitates 

further investigation, as the clinical manifestations of both forms of LBD can closely resemble 

each other at various stages of the disease (Schmitz et al., 2023). 

The investigation of dominant frequency variability revealed largely matching insights using 

classical and FOOOF based methods, and estimation statistics. These approaches yielded 

complementary outcomes with synucleinopathies exhibiting lower variability than AD and 

CTRLS, except for a notable decrease in variability within the temporal region for AD when 

analysing the entire signal, encompassing both periodic and aperiodic components. This 

finding contrasts with Stylianou et al. (2018), who reported significantly increased variability in 

AD compared to controls within the theta-alpha frequency band. The discrepancies could be 

attributed to differences in the analytical methods and frequency ranges utilized. From a 

functional perspective, less variability of the peak frequency suggests a more rigid and 

inflexible network, in line with symptomatology seen in both DLB and PDD. Hence, periodic 

oscillatory activity may be more rigid in synucleinopathies than in AD, and despite AD and 

LBD both displaying a slowing pattern, patients with α-synucleinopathy might face greater 

challenges in adapting to cognitive demands, potentially leading to the cognitive slowdown 

commonly associated with LBD (Schumacher et al., 2019).  
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Aperiodic components  

The study of the aperiodic component of EEG spectra offers novel revelations into the brain's 

physiological state and its functional integrity (Schaworonkow & Voytek, 2021; Wang et al., 

2022). Here, alterations in aperiodic parameters, offset and exponent, observed in EC 

conditions, aligned closely with changes observed for the dominant frequency analysis of the 

signal. This suggests that aperiodic activity may play a role in the observed EEG slowing in 

dementia patients during EC, as detected through AR spectral analysis.  

Variations in offset and exponent parameters were noted across all subtypes of dementia in 

EC conditions. Similar alterations have been identified in PD without dementia (Vinding et al., 

2021), and are believed to be associated with the reduced dopamine levels found in LBD (Kim 

et al., 2022; Wiest et al., 2023). Interestingly, a previous study comparing AD patients to 

healthy individuals, while accounting for age, found no differences in offset and exponent 

evaluations (Kopčanová et al., 2023). This may suggest that the observed aperiodic 

component alterations in AD may primarily be driven by (accelerated?) age-related changes 

(Voytek et al., 2015; Donoghue et al., 2020). Additionally, Wang et al. (2022) discovered that 

early-stage PD patients on medication exhibited increased exponent and offset values 

compared to those off medication. Although these findings are not directly comparable with 

the results of our study, patients included here were also taking PD medication and displayed 

enhanced offset and exponent. This parameter thus requires careful consideration as an 

important confounder.  

The aperiodic fit comparison revealed marked differences among all dementia subtypes as 

well as vs controls, indicating that non-rhythmic brain activity varies significantly across all 

groups. This approach was so robust that it discriminated regardless of eyes closed  / open 

status. While normal aging may be associated with changes in the slope of aperiodic activity 

in older adults (Merkin et al., 2023; Voytek et al., 2015), recent research indicated that a 

steeper slope of aperiodic activity characterizes cognitively impaired elderly individuals 

(Aggarwal & Ray, 2023), aligning with our observations. Therefore, aging is likely a significant 

confounding factor, but the underlying mechanisms associated with dementia-specific 
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changes in aperiodic activity remain speculative. Proposed theories include a potential 

imbalance in the excitation-inhibition (E/I) ratio (Gao et al., 2017; Naskar et al., 2021), changes 

in brain morphology (Bédard et al., 2006), and neuronal physiological alterations (Bédard & 

Destexhe, 2009). These factors are closely related to each other and impact the brain’s 

electrical activity of both periodic and aperiodic signals, as observed in neurodegenerative 

diseases such as AD, DLB and PDD. 

Overall, our study investigated the utility of various quantitative EEG (qEEG) methods for 

analysing brain signals within the 4-15 Hz frequency range during both EO and EC conditions. 

Highlighting the role of frequency ‘band’ selection and partly non-aligned outcomes of AR 

spectra vs FFT analysis, results based on separating periodic and aperiodic signal 

components demonstrated superior capability in distinguishing between dementia subtypes. 

Although the influence of aging vs neurodegeneration on aperiodic activity warrants further 

investigation, our findings offer promising insights for enhancing the diagnostic precision of 

EEG to differentiate between AD, DLB, and PDD in the future. 
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Tables 

  n Age 
Percentage of 

males 
MMSE CAMCOG 

Group EO EC EO EC EO EC EO EC EO EC 

CTRL 21 20 75.67 ± 5.36 75.95 ± 5.34 66.67 65 29.14 ± 0.85 29.20 ± 0.89 96.52 ± 3.61 96.85 ± 3.73 

AD 29 28 77.24 ± 7.46 76.11 ± 7.41 65.52 75 19.69 ± 4.42 20.18 ± 4.32 64.24 ± 16.07 66.04 ± 15.44 

DLB* 22 22 74.77 ± 5.06 75.73 ± 5.67 95.45 86.36 23.05 ± 4.46 23.14 ± 4.41 76.91 ± 12 76.73 ± 12.11 

PDD 13 12 72.85  ± 4.39 72.42 ± 4.29 100 100 23.85 ± 2.48 23.58 ± 2.39 77.15 ± 9.23 77 ± 9.62 

Table 1. Summary of CATFieLD patients’ demographic information. Values represent the 
mean ± SD of each group under eyes open (EO) and eyes closed (EC). PDD = Parkinson’s 
Disease Dementia, DLB = Dementia with Lewy Bodies, AD = Alzheimer’s Disease; MMSE = 
Mini Mental State Examination, CAMCOG = Cambridge Cognition Examination. 

 

 

 

 

Table 2.  AR vs FFT spectral power analysis for classic theta (4-8 Hz) and alpha (8-15 Hz) 
ranges using the autoregressive (AR) and Fast Fourier Transform (FFT) methods under 
eyes open and eyes closed conditions for eight channels. Groups of Alzheimer’s disease 
(AD), Dementia with Lewy Bodies (DLB) and Parkinson’s disease with dementia (PDD) were 
compared to each other and to the control group (CTRL). Agreement with the range of 4-15 
Hz (Table 3) for both methods were found (yellow). Red outline of cells highlight changes 
detected only for EC. Potential lateralization is also pointed out (blue font colour). Data were 
analysed using two-way ANOVA followed by post hoc comparison using Bonferroni 
correction. The number of ‘*’ corresponds to the significance of the statistical difference: p < 
0.05, p < 0.01, p < 0.001. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, 
O2 = Occipital left and right, T7, T8 = Temporal left and right.  
 

 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD

F3 * ** *

F4 * *** * **

C3 ** ** **** **** **** ***

C4 ** * ** * **** **** *** ***

O1 * **** *** ** **

O2 * **** **** ** **

T7 ** * **** **** *** ***

T8 * **** **** ** **

F3 * ** * * *

F4 ** ** **** ** *

C3 **** *** ** * *** *** ** * ** *** **

C4 ** **** * *** **** *** ** ** **** **** ***

O1 ** * * * ** **** **** ****

O2 ** ** * * ** **** **** ****

T7 *** * *** ** * * *** *** **

T8 * ** ** *** * **** **** ****

Eyes 

open

Eyes 

closed

AR FFT

8-15 Hz 8-15 Hz

AR FFT

4-8 Hz 4-8 Hz

Relative power spectra
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Table 3. AR vs FFT spectral power analysis. Spectral analysis of 4-15 Hz comparing 
autoregressive (AR) and Fast Fourier Transform (FFT) methods under eyes open and eyes 
closed conditions for eight channels. Groups of Alzheimer’s disease (AD), Dementia with Lewy 
Bodies (DLB) and Parkinson’s disease with dementia (PDD) were compared to each other 
and to the control group (CTRL). FFT and AR results exhibited some agreement (yellow). 
Green highlights significances between PDD and CTRL and PDD vs AD only detected with 
FFT. Red outline of cells highlights matching changes detected during EC and EO through 
AR. Data were analysed using two-way ANOVA followed by post hoc comparison using 
Bonferroni correction. The number of ‘*’ corresponds to the significance of the statistical 
difference: p < 0.05, p < 0.01, p < 0.001. F3, F4 = Frontal left and right, C3, C4 = Central left 
and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. 

 

 

Table 4. Dominant frequency during eyes closed. Comparison of peak frequency in eight 
channels was performed between 4-15 Hz. Alzheimer’s disease (AD), Dementia with Lewy 
Bodies (DLB) and Parkinson’s disease with dementia (PDD) compared to control were 
compared to each other and to the control group (CTRL). Data were analysed using mixed 
model two-way ANOVA followed by post hoc comparison using Bonferroni correction. 
Asterisks indicate p values, * = p<0.05, ** = p<0.01, *** = p<0.001. F3, F4 = Frontal left and 
right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left 
and right. 

 

 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD

F3 *

F4 ** *

C3 * ** **** *** *** **

C4 *** ** ** *

O1 * * * *

O2 ** ** * *

T7 * * *** *** *** **

T8 ** ** ** *

F3 *

F4

C3 * *

C4 *

O1

O2 *

T7

T8

Relative AR power spectra Relative FFT power spectra 

4-15 Hz 4-15 Hz

Eyes 

open

Eyes 

closed

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD

F3 ** *

F4 * **

C3 **** **** ****

C4 **** **** ****

O1 *** **** ****

O2 ** **** ****

T7 ***** **** ****

T8 **** **** ****

Dominant frequency

4-15 Hz

Eyes 

closed
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Table 5. Dominant frequency variability. Comparison of dominant frequency variability at 
4-15 Hz under eyes open and eyes closed conditions for eight channels. Alzheimer’s disease 
(AD), Dementia with Lewy Bodies (DLB) and Parkinson’s disease with dementia (PDD) groups 
were compared to each other and to the healthy group (CTRL). Agreement between both 
conditions (EO and EC) are indicated a with red outline of cells. Central and occipital channels 
(EC) were remarkable indicators of synucleinopathies vs AD during EC (yellow) and probable 
lateralization (blue asterisks) are also highlighted. Data were analysed using mixed model 
two-way ANOVA followed by post hoc comparison using Bonferroni correction. The number 
of ‘*’ corresponds to the significance of the statistical difference: p < 0.05, p < 0.01, p < 0.001. 
F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, 
T7, T8 = Temporal left and right. 
 

 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD

F3

F4 *** **

C3 *

C4 *

O1

O2 ** *

T7 ***

T8 ** **** ***

F3 *

F4 *** *

C3

C4 ** **

O1

O2 * *

T7

T8

Eyes 

closed

Eyes 

open

Dominant frequency variability

4-15 Hz
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Table 6. Periodic peak power analysis at 4-15 Hz. Power comparison of the peaks based 
on AR spectra corrected for aperiodic component between AD, DLB and PDD vs. controls 
(CTRL) during eyes open and eyes closed is depicted. Matching of both EO and EC conditions 
are highlighted with red outline of cells. Agreement with AR spectral power comparison 
(yellow) of the signal was also found, and possible lateralization (blue asterisks) were 
observed. Statistically significant difference was determined by mixed model two-way ANOVA 
with Bonferroni post hoc multiple comparisons test. The number of ‘*’ corresponds to the 
significance of the statistical difference: p < 0.05, p < 0.01, p < 0.001. F3, F4 = Frontal left and 
right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left 
and right. 
 
 

 

Table 7. Periodic peak frequency analysis at 4-15 Hz. Frequency comparison between AD, 
DLB and PDD vs. controls (CTRL) of the peak based on AR spectra corrected for aperiodic 
component during eyes open and eyes closed is illustrated. Matching of both EO and EC 
conditions are highlighted with red outline of cells. Agreement with dominant frequency 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD

F3 **** * **

F4 **** * **

C3 **** * **** *

C4 *** * **** *

O1 ** ***

O2 ** * ***

T7 **** ****

T8 ** ***

F3 *

F4 * *

C3 **

C4 **

O1

O2

T7 **

T8

Periodic peak power

4-15 Hz

Eyes 

open

Eyes 

closed

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD

F3 ** **
F4 ** **** ***
C3 ** *** **
C4 *** **** * ***
O1 * **** **** * **
O2 ** **** **** * *
T7 ** **** ****
T8 ** **** ****
F3 * *** **

F4 *** ***

C3 **** **** * **

C4 **** **** ** ***

O1 **** **** ** **** *

O2 **** **** ** **** *

T7 * **** **** * ***

T8 ** **** **** ** **

Periodic peak frequency

4-15 Hz

Eyes 

open

Eyes 

closed
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(yellow) of the signal was also found, and possible lateralization (blue asterisks) were 
observed. Data were analysed using mixed model two-way ANOVA followed by post hoc 
comparison using Bonferroni correction. Asterisks indicate p values, * = p<0.05, ** = p<0.01, 
*** = p<0.001. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital 
left and right, T7, T8 = Temporal left and right. 
 

 

 

Table 8. Periodic peak frequency variability analysis at 4-15 Hz. Comparison between AD, 
DLB and PDD vs. controls (CTRL) of the peak frequency variability based on AR spectra 
corrected for aperiodic component during eyes open and eyes closed is displayed. Matching 
of both EO and EC conditions are highlighted with red outline of cells. Agreement with 
dominant frequency variability (yellow) of the signal was also found, and possible lateralization 
(blue asterisks) were observed. Statistically significant difference was determined by mixed 
model two-way ANOVA with Bonferroni post hoc multiple comparisons test. The number of ‘*’ 
corresponds to the significance of the statistical difference: p < 0.05, p < 0.01, p < 0.001. F3, 
F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, 
T8 = Temporal left and right. 
 
 

 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD

F3

F4 * ** *
C3 *** **
C4 * *** ****
O1 *** ** **** **
O2 *** ****
T7 ** * ***
T8 ** *
F3 **
F4 **
C3 * *
C4 **** **
O1 *
O2 * *
T7

T8 *

4-15 Hz

Eyes 

open

Eyes 

closed

Periodic peak frequency variability
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Table 9. Aperiodic offset and exponent values for eyes closed condition. Parameters of 
the aperiodic component of the signal estimated in the AR spectral range of 1-45 Hz were 
compared and displayed. Agreement of both parameters (offset and exponent) is highlighted 
in green. Statistical significance was determined by mixed model 2-way ANOVA with 
Bonferroni multiple comparisons test. * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001. 
F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, 
T7, T8 = Temporal left and right. 
 

 

 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsPDD ADvsDLB PDDvsDLB

F3 *

F4 *** *

C3 **** **** ***

C4 *** **** *

O1 *** **** ** *

O2 ** **** **

T7 **** **** **

T8 * *** ***
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F4 **

C3 * ** *

C4 ** *
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T7 ** ***
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closed
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closed
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Table 10. Aperiodic fit during eyes open and eyes closed, estimated for the range of 1-45 
Hz (least square regression and extra sum of squares F test). Each dementia type differed 
significantly from controls and other conditions. Statistical significance * p < 0.05, ** p < 0.01, 
*** p < 0.001, **** p < 0.0001. F3, F4 = Frontal left and right, C3, C4 = Central left and right, 
O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. CTRL = controls, AD = 
Alzheimer’s disease, DLB = Dementia with Lewy bodies, PDD = Parkinson’s disease 
dementia. 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsPDD ADvsDLB PDDvsDLB

F3 **** *** ** **** **** ****

F4 **** **** **** **** ****

C3 **** **** **** **** ****

C4 **** **** **** **** **** **

O1 **** **** **** **** *** ****

O2 **** **** **** **** **** ****

T7 **** **** **** ****

T8 **** **** **** **** ****

F3 **** **** **** **** **** ***

F4 **** **** **** **** ****

C3 **** **** **** **** **** ***

C4 **** **** **** **** **** ****

O1 **** **** **** **** **** ****

O2 **** **** **** **** **** ****

T7 **** **** **** **** **** ****

T8 **** **** **** **** ****

Fit of aperiodic slope

Eyes 

open

Eyes 

closed
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Figures and Legends  

  

Figure 1. FFT (left) and AR (right) power spectra of the left central channel (C3). 
Normalised group (mean ± SEM) power spectra under eyes open and eyes closed conditions. 
CTRL = control group, AD = Alzheimer’s disease, DLB = Dementia with Lewy bodies, PDD = 
Parkinson’s disease dementia.  
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Figure 2. Exemplar FOOOF based modelling graphs of the right occipital channel (O2) 

from one representative patient per group (one epoch). Periodic peaks and exponential 

decay components are shown. CTRL = control group, AD = Alzheimer’s disease, DLB = 

Dementia with Lewy bodies, PDD = Parkinson’s disease dementia.  

 

 

Figure 3. Example of the aperiodic fit of the aperiodic decay function. Graphic 
visualization for each group (AD, DLB, PDD and controls (CTRL)) for the left frontal channel 
during eyes closed. Error bars not included (for statistical results see Table 10). 
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Supplementary Material A: Estimation plots  666 

 667 

 668 

 669 

Suppl Figure 1. Estimation plots of the dominant frequency at 4-15 Hz during eyes closed condition. The mean difference for 670 
comparisons of all the disease groups (AD, DLB and PDD) versus the healthy control group (CTRL) are shown. These Cumming 671 
estimation plots represent mean differences based on nonparametric bootstrap resampling and the 95% confidence interval; each 672 
estimation depicts the plotted individual raw data on the upper graph; the effect size and distribution is visualised on the lower graph. 673 
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 682 

Suppl Figure 2. Estimation plots of AR spectral power analysis (4-15 Hz) during eyes open. Mean differences of the spectral 683 
power comparing dementia groups (AD, DLB and PDD) versus the control group (CTRL). On each Cumming estimation plot, the 684 
upper graph depicts the plotted individual raw data, while the lower graph summarises the effect size and distribution (mean 685 
differences based on nonparametric bootstrap resampling and the 95% confidence interval). 686 
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 691 

Suppl Fig. 3. Estimation plots of AR spectral power analysis (4-15 Hz) during eyes closed. Mean differences of the spectral 692 
power comparing dementia groups (AD, DLB and PDD) versus the control group (CTRL). On each Cumming estimation plot, the 693 
upper graph depicts the plotted individual raw data, while the lower graph summarises the effect size and distribution (mean 694 
differences based on nonparametric bootstrap resampling and the 95% confidence interval). 695 
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 697 

Suppl Fig. 4. Estimation plots of dominant frequency variability at 4-15 Hz during eyes closed. Alzheimer’s disease (AD), 698 
Dementia with Lewy Bodies (DLB) and Parkinson’s disease with dementia (PDD) groups versus the control group (CTRL) are shown 699 
in the Cumming estimation plots. Each one display the plotted individual raw data on the upper graph, the effect size and distribution 700 
is shown in the lower graph (mean differences based on nonparametric bootstrap resampling and the 95% confidence interval). 701 

 702 

 703 

 704 

  705 

F3 F4 C3 C4 

    
 
 
 
  

O1 O2 T7 T8 

    

 

Jo
ur

na
l P

re
-p

ro
of



QEEG ANALYSES DISCRIMINATES BETWEEN DEMENTIA SUBTYPES 

41 
 

 706 

Supplementary Material B: Goodness of fit 707 

 708 

 709 

  710 

Suppl Fig. 5. Coefficient of determination (R
2
). The R

2
 metrics represent the explained variance of the model fit for each group, under eyes 711 

open and eyes closed conditions. CTRL = control group, AD = Alzheimer’s disease, DLB = Dementia with Lewy bodies, PDD = Parkinson’s 712 
disease dementia. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and 713 
right. No statistically significant difference was found as determined by mixed model two-way ANOVA with Bonferroni post hoc multiple 714 
comparisons test.   715 
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Supplementary Material C: Higuchi’s fractal dimensions (HDF) analysis 717 

 718 

 719 

Suppl. Fig. 6.  Higuchi’s Fractal Dimension (HFD) index during eyes closed. Higuchi’s fractal analysis was performed on 0-45 Hz of raw, 720 
unfiltered EEG signals with a script provided by Arezooji (2020). Comparison of HFD index of each dementia group to control is portrayed. 721 
Alzheimer’s disease (AD), Dementia with Lewy bodies (DLB) and Parkinson’s disease with dementia (PDD). Error bars represent standard 722 
deviation. Statistically significant difference was determined by mixed model analysis two-way ANOVA with Bonferroni post hoc multiple 723 
comparisons test. * p < 0.05, ** p < 0.01. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 724 
= Temporal left and right. 725 
  726 

F3 F4
C
3

C
4

O
1

O
2 T7 T8

1.5

1.6

1.7

1.8

1.9

2.0

2.1

Fractal analysis

Electrode

H
F

D
 i

n
d

e
x

CTRL

AD

DLB

PDD

✱ ✱ ✱

Jo
ur

na
l P

re
-p

ro
of



QEEG ANALYSES DISCRIMINATES BETWEEN DEMENTIA SUBTYPES 

43 
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Tables 730 

  n Age Percentage of males MMSE CAMCOG 

Group EO EC EO EC EO EC EO EC EO EC 

CTRL 21 20 75.67 ± 5.36 75.95 ± 5.34 66.67 65 29.14 ± 0.85 29.20 ± 0.89 96.52 ± 3.61 96.85 ± 3.73 

AD 29 28 77.24 ± 7.46 76.11 ± 7.41 65.52 75 19.69 ± 4.42 20.18 ± 4.32 64.24 ± 16.07 66.04 ± 15.44 

DLB* 22 22 74.77 ± 5.06 75.73 ± 5.67 95.45 86.36 23.05 ± 4.46 23.14 ± 4.41 76.91 ± 12 76.73 ± 12.11 

PDD 13 12 72.85  ± 4.39 72.42 ± 4.29 100 100 23.85 ± 2.48 23.58 ± 2.39 77.15 ± 9.23 77 ± 9.62 

Table 1. Summary of CATFieLD patients’ demographic information. Values represent the mean ± SD of each group under eyes open (EO) 731 
and eyes closed (EC). PDD = Parkinson’s Disease Dementia, DLB = Dementia with Lewy Bodies, AD = Alzheimer’s Disease; MMSE = Mini 732 
Mental State Examination, CAMCOG = Cambridge Cognition Examination. 733 

 734 

 735 

  

Relative power spectra 
AR FFT AR FFT 

4-8 Hz 4-8 Hz 8-15 Hz 8-15 Hz 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD 

Eyes 
open 

F3       *       ** *                         

F4     *     *** * **                    

C3   **  **     **** **** **** ***                   

C4   ** * ** *    **** **** *** ***                   

O1   *       **** *** ** **                   

O2   *       **** **** ** **                   

T7   **  *     **** **** *** ***                   

T8   *         **** **** ** **                           

Eyes 
closed 

F3   * **   *     * *                               

F4   ** **      **** ** *                    

C3   **** *** ** *    *** *** ** *          ** *** **     

C4   ** **** * ***    **** *** ** **          **** **** ***     

O1   **       * *       * **    **** **** ****     

O2   **       ** *       * **    **** **** ****     

T7   *** *      *** ** * *          *** *** **     

T8   * **         ** ***   *               **** **** ****       

Table 2.  AR vs FFT spectral power analysis for classic theta (4-8 Hz) and alpha (8-15 Hz) ranges using the autoregressive (AR) and Fast 736 
Fourier Transform (FFT) methods under eyes open and eyes closed conditions for eight channels. Groups of Alzheimer’s disease (AD), Dementia 737 
with Lewy Bodies (DLB) and Parkinson’s disease with dementia (PDD) were compared to each other and to the control group (CTRL). Agreement 738 
with the range of 4-15 Hz (Table 3) for both methods were found (yellow). Red outline of cells highlight changes detected only for EC. Potential 739 
lateralization is also pointed out (blue font colour). Data were analysed using two-way ANOVA followed by post hoc comparison using Bonferroni 740 
correction. The number of ‘*’ corresponds to the significance of the statistical difference: p < 0.05, p < 0.01, p < 0.001. F3, F4 = Frontal left and 741 
right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and right.  742 
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 743 

 744 

  
Relative AR power spectra  Relative FFT power spectra  

4-15 Hz 4-15 Hz 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD 

Eyes 
open 

F3               *         

F4           **  *    

C3   *  **      **** *** *** **   

C4           *** ** ** *   

O1           * * * *   

O2           ** ** * *   

T7   *  *      *** *** *** **   

T8           ** ** ** *   

Eyes 
closed 

F3     *                   

F4                 

C3   *  *            

C4      *           

O1                 

O2         *       

T7                 

T8                         

Table 3. AR vs FFT spectral power analysis. Spectral analysis of 4-15 Hz comparing autoregressive (AR) and Fast Fourier Transform (FFT) 745 
methods under eyes open and eyes closed conditions for eight channels. Groups of Alzheimer’s disease (AD), Dementia with Lewy Bodies (DLB) 746 
and Parkinson’s disease with dementia (PDD) were compared to each other and to the control group (CTRL). FFT and AR results exhibited some 747 
agreement (yellow). Green highlights significances between PDD and CTRL and PDD vs AD only detected with FFT. Red outline of cells highlights 748 
matching changes detected during EC and EO through AR. Data were analysed using two-way ANOVA followed by post hoc comparison using 749 
Bonferroni correction. The number of ‘*’ corresponds to the significance of the statistical difference: p < 0.05, p < 0.01, p < 0.001. F3, F4 = Frontal 750 
left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. 751 

 752 

 753 

  

Dominant frequency 

4-15 Hz 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD 

Eyes 
closed 

F3 ** *      

F4 * **      

C3 **** **** ****     

C4 **** **** ****     

O1 *** **** ****     
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O2 ** **** ****     

T7 ***** **** ****     

T8 **** **** ****       

Table 4. Dominant frequency during eyes closed. Comparison of peak frequency in eight channels was performed between 4-15 Hz. 754 
Alzheimer’s disease (AD), Dementia with Lewy Bodies (DLB) and Parkinson’s disease with dementia (PDD) compared to control were compared 755 
to each other and to the control group (CTRL). Data were analysed using mixed model two-way ANOVA followed by post hoc comparison using 756 
Bonferroni correction. Asterisks indicate p values, * = p<0.05, ** = p<0.01, *** = p<0.001. F3, F4 = Frontal left and right, C3, C4 = Central left and 757 
right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. 758 

 759 

 760 

  

Dominant frequency variability 

4-15 Hz 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD 

Eyes 
open 

F3         

F4   *** **     

C3   *      

C4   *      

O1         

O2   ** *     

T7   ***      

T8 ** **** ***       

Eyes 
closed 

F3   *      

F4   *** *     

C3         

C4     ** **   

O1         

O2     * *   

T7         

T8             

Table 5. Dominant frequency variability. Comparison of dominant frequency variability at 4-15 Hz under eyes open and eyes closed conditions 761 
for eight channels. Alzheimer’s disease (AD), Dementia with Lewy Bodies (DLB) and Parkinson’s disease with dementia (PDD) groups were 762 
compared to each other and to the healthy group (CTRL). Agreement between both conditions (EO and EC) are indicated a with red outline of 763 
cells. Central and occipital channels (EC) were remarkable indicators of synucleinopathies vs AD during EC (yellow) and probable lateralization 764 
(blue asterisks) are also highlighted. Data were analysed using mixed model two-way ANOVA followed by post hoc comparison using Bonferroni 765 
correction. The number of ‘*’ corresponds to the significance of the statistical difference: p < 0.05, p < 0.01, p < 0.001. F3, F4 = Frontal left and 766 
right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. 767 
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 768 

 769 

  

Periodic peak power 

4-15 Hz 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD 

Eyes 
open 

F3   **** * **     

F4   **** * **    

C3   **** * **** *   

C4   *** * **** *   

O1   **  ***    

O2   ** * ***    

T7   ****  ****    

T8   **   ***     

Eyes 
closed 

F3     *    

F4   *  *    

C3     **    

C4     **    

O1         

O2         

T7     **    

T8             

Table 6. Periodic peak power analysis at 4-15 Hz. Power comparison of the peaks based on AR spectra corrected for aperiodic component 770 
between AD, DLB and PDD vs. controls (CTRL) during eyes open and eyes closed is depicted. Matching of both EO and EC conditions are 771 
highlighted with red outline of cells. Agreement with AR spectral power comparison (yellow) of the signal was also found, and possible 772 
lateralization (blue asterisks) were observed. Statistically significant difference was determined by mixed model two-way ANOVA with Bonferroni 773 
post hoc multiple comparisons test. The number of ‘*’ corresponds to the significance of the statistical difference: p < 0.05, p < 0.01, p < 0.001. 774 
F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. 775 
 776 
 777 

  

Periodic peak frequency 

4-15 Hz 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD 

Eyes 
open 

F3   ** **       

F4 ** **** ***     

C3   ** ***  **   

C4   *** **** * ***   

O1 * **** **** * **   
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O2 ** **** **** * *   

T7 ** **** ****     

T8 ** **** ****     

Eyes 
closed 

F3 * *** **       

F4   *** ***     

C3   **** **** * **   

C4   **** **** ** ***   

O1   **** **** ** **** * 

O2   **** **** ** **** * 

T7 * **** **** * ***   

T8 ** **** **** ** **   

Table 7. Periodic peak frequency analysis at 4-15 Hz. Frequency comparison between AD, DLB and PDD vs. controls (CTRL) of the peak 778 
based on AR spectra corrected for aperiodic component during eyes open and eyes closed is illustrated. Matching of both EO and EC conditions 779 
are highlighted with red outline of cells. Agreement with dominant frequency (yellow) of the signal was also found, and possible lateralization 780 
(blue asterisks) were observed. Data were analysed using mixed model two-way ANOVA followed by post hoc comparison using Bonferroni 781 
correction. Asterisks indicate p values, * = p<0.05, ** = p<0.01, *** = p<0.001. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, 782 
O2 = Occipital left and right, T7, T8 = Temporal left and right. 783 
 784 

 785 

  

Periodic peak frequency variability 
4-15 Hz 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsDLB ADvsPDD DLBvsPDD 

Eyes 
open 

F3             

F4  * **  *   

C3     *** **   

C4    * *** ****   

O1   *** ** **** **   

O2   ***  ****    

T7   ** * ***    

T8   **  *    

Eyes 
closed 

F3       **     

F4     **    

C3     * *   

C4     **** **   

O1     *    

O2     * *   

T7         

T8         *   
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Table 8. Periodic peak frequency variability analysis at 4-15 Hz. Comparison between AD, DLB and PDD vs. controls (CTRL) of the peak 786 
frequency variability based on AR spectra corrected for aperiodic component during eyes open and eyes closed is displayed. Matching of both 787 
EO and EC conditions are highlighted with red outline of cells. Agreement with dominant frequency variability (yellow) of the signal was also 788 
found, and possible lateralization (blue asterisks) were observed. Statistically significant difference was determined by mixed model two-way 789 
ANOVA with Bonferroni post hoc multiple comparisons test. The number of ‘*’ corresponds to the significance of the statistical difference: p < 790 
0.05, p < 0.01, p < 0.001. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left 791 
and right. 792 
 793 
 794 

  

 Offset 
ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsPDD ADvsDLB PDDvsDLB 

Eyes 
closed 

F3   *         

F4   *** *     

C3 **** **** ***     

C4 *** **** *     

O1 *** **** **  *   

O2 ** **** **     

T7 **** **** **     

T8 * *** ***       

  

Exponent 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsPDD ADvsDLB PDDvsDLB 

Eyes 
closed 

F3             

F4   **      

C3 * ** *     

C4   ** *     

O1 * *      

O2 * *      

T7 ** ***      

T8             

Table 9. Aperiodic offset and exponent values for eyes closed condition. Parameters of the aperiodic component of the signal estimated in 795 
the AR spectral range of 1-45 Hz were compared and displayed. Agreement of both parameters (offset and exponent) is highlighted in green. 796 
Statistical significance was determined by mixed model 2-way ANOVA with Bonferroni multiple comparisons test. * p < 0.05, ** p < 0.01, *** p < 797 
0.001, **** p < 0.0001. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and 798 
right. 799 
 800 

 801 
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Fit of aperiodic slope 

ADvsCTRL DLBvsCTRL PDDvsCTRL ADvsPDD ADvsDLB PDDvsDLB 

Eyes 
open 

F3 **** *** ** **** **** **** 

F4 **** **** ****  **** **** 

C3 **** ****  **** **** **** 

C4 **** **** **** **** **** ** 

O1 **** **** **** **** *** **** 

O2 **** **** **** **** **** **** 

T7 **** ****   **** **** 

T8 **** **** ****   **** **** 

Eyes 
closed 

F3 **** **** **** **** **** *** 

F4 **** **** **** **** ****   

C3 **** **** **** **** **** *** 

C4 **** **** **** **** **** **** 

O1 **** **** **** **** **** **** 

O2 **** **** **** **** **** **** 

T7 **** **** **** **** **** **** 

T8 **** **** **** **** ****   

Table 10. Aperiodic fit during eyes open and eyes closed, estimated for the range of 1-45 Hz (least square regression and extra sum of 802 
squares F test). Each dementia type differed significantly from controls and other conditions. Statistical significance * p < 0.05, ** p < 0.01, *** p 803 
< 0.001, **** p < 0.0001. F3, F4 = Frontal left and right, C3, C4 = Central left and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left 804 
and right. CTRL = controls, AD = Alzheimer’s disease, DLB = Dementia with Lewy bodies, PDD = Parkinson’s disease dementia. 805 
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SUMMARY 

Spectral Band and Peak Power Analyses 

o AR and FFT based theta power and dominant frequency analyses differentiated well between synucleinopathies vs. CTRLS 
and AD (EO and EC), yet AD vs CTRLS and PDD vs DLB did not differ. 

o FFT yielded the most widespread and strongest group significances for both the theta range and extended 4-15 Hz range. 
o Only FFT-based alpha band comparison during EC differentiated between all conditions vs. CTRLS 
o Lower dominant peak frequency variability was particularly apparent for synucleinopathies vs CTRLs and AD. 

FOOOF based parameters 

o Periodic peak frequency discrimination was particularly successful between all groups but not robust for DLB vs PDD. 
o Periodic peak frequency variability also detected lower variability in synucleinopathies vs CTRLS but yielded more robust 

differences between synucleinopathies and AD. 
o Aperiodic parameters (offset and slope) offered excellent discrimination between all conditions and controls for both EO and 

EC. 
o The aperiodic fit comparison was the only approach that discriminated between all groups and under both EO and EC 

conditions. 

Table 11. Summary of main results during eyes closed (EC) and eyes open (EO) conditions. CTRL = control group, AD = Alzheimer’s 
disease, DLB = Dementia with Lewy bodies, PDD = Parkinson’s disease dementia, F3, F4 = Frontal left and right, C3, C4 = Central left and right, 
O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. 
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Figures and Legends  

  

Figure 1. FFT (left) and AR (right) power spectra of the left central channel (C3). 
Normalised group (mean ± SEM) power spectra under eyes open and eyes closed conditions. 
CTRL = control group, AD = Alzheimer’s disease, DLB = Dementia with Lewy bodies, PDD = 
Parkinson’s disease dementia.  
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Figure 2. Exemplar FOOOF based modelling graphs of the right occipital channel (O2) 

from one representative patient per group (one epoch). Periodic peaks and exponential 

decay components are shown. CTRL = control group, AD = Alzheimer’s disease, DLB = 

Dementia with Lewy bodies, PDD = Parkinson’s disease dementia.  

 

 

Figure 3. Example of the aperiodic fit of the aperiodic decay function. Graphic 
visualization for each group (AD, DLB, PDD and controls (CTRL)) for the left frontal channel 
during eyes closed. Error bars not included (for statistical results see Table 10). 
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Supplementary Material A: Estimation plots  

 

 

 

Suppl Figure 1. Estimation plots of the dominant frequency at 4-15 Hz during 
eyes closed condition. The mean difference for comparisons of all the disease 
groups (AD, DLB and PDD) versus the healthy control group (CTRL) are shown. These 
Cumming estimation plots represent mean differences based on nonparametric 
bootstrap resampling and the 95% confidence interval; each estimation depicts the 
plotted individual raw data on the upper graph; the effect size and distribution is 
visualised on the lower graph. 
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Suppl Figure 2. Estimation plots of AR spectral power analysis (4-15 Hz) during 
eyes open. Mean differences of the spectral power comparing dementia groups (AD, 
DLB and PDD) versus the control group (CTRL). On each Cumming estimation plot, 
the upper graph depicts the plotted individual raw data, while the lower graph 
summarises the effect size and distribution (mean differences based on nonparametric 
bootstrap resampling and the 95% confidence interval). 
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Suppl Fig. 3. Estimation plots of AR spectral power analysis (4-15 Hz) during 
eyes closed. Mean differences of the spectral power comparing dementia groups (AD, 
DLB and PDD) versus the control group (CTRL). On each Cumming estimation plot, 
the upper graph depicts the plotted individual raw data, while the lower graph 
summarises the effect size and distribution (mean differences based on nonparametric 
bootstrap resampling and the 95% confidence interval). 
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Suppl Fig. 4. Estimation plots of dominant frequency variability at 4-15 Hz during 
eyes closed. Alzheimer’s disease (AD), Dementia with Lewy Bodies (DLB) and 
Parkinson’s disease with dementia (PDD) groups versus the control group (CTRL) are 
shown in the Cumming estimation plots. Each one display the plotted individual raw 
data on the upper graph, the effect size and distribution is shown in the lower graph 
(mean differences based on nonparametric bootstrap resampling and the 95% 
confidence interval). 
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Supplementary Material B: Goodness of fit 

 

 

  

Suppl Fig. 5. Coefficient of determination (R
2
). The R

2
 metrics represent the explained 

variance of the model fit for each group, under eyes open and eyes closed conditions. CTRL 
= control group, AD = Alzheimer’s disease, DLB = Dementia with Lewy bodies, PDD = 
Parkinson’s disease dementia. F3, F4 = Frontal left and right, C3, C4 = Central left and right, 
O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. No statistically significant 
difference was found as determined by mixed model two-way ANOVA with Bonferroni post hoc 
multiple comparisons test.   
  

F3 F4
C
3

C
4

O
1

O
2 T7 T8

0.5

0.6

0.7

0.8

0.9

1.0

Coefficient of determination  - Eyes Open

Channel

A
v
e
ra

g
e
 R

2
V

a
lu

e

CTRL

AD

PDD

DLB

F3 F4
C
3

C
4

O
1

O
2 T7 T8

0.5

0.6

0.7

0.8

0.9

1.0

Coefficient of determination  - Eyes Closed

Channel
A

v
e
ra

g
e
 R

2
V

a
lu

e

CTRL

AD

PDD

DLB

Jo
ur

na
l P

re
-p

ro
of



QEEG ANALYSES DISCRIMINATES BETWEEN DEMENTIA SUBTYPES 

 59 

Supplementary Material C: Higuchi’s fractal dimensions (HDF) analysis 

 

 

Suppl. Fig. 6.  Higuchi’s Fractal Dimension (HFD) index during eyes closed. Higuchi’s 
fractal analysis was performed on 0-45 Hz of raw, unfiltered EEG signals with a script provided 
by Arezooji (2020). Comparison of HFD index of each dementia group to control is portrayed. 
Alzheimer’s disease (AD), Dementia with Lewy bodies (DLB) and Parkinson’s disease with 
dementia (PDD). Error bars represent standard deviation. Statistically significant difference 
was determined by mixed model analysis two-way ANOVA with Bonferroni post hoc multiple 
comparisons test. * p < 0.05, ** p < 0.01. F3, F4 = Frontal left and right, C3, C4 = Central left 
and right, O1, O2 = Occipital left and right, T7, T8 = Temporal left and right. 
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