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Translational approach for
dementia subtype classification
using convolutional neural network
based on EEG connectome
dynamics
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Dementia spectrum disorders, characterized by progressive cognitive decline, pose a significant
global health burden. Early screening and diagnosis are essential for timely and accurate treatment,
improving patient outcomes and quality of life. This study investigated dynamic features of resting-
state electroencephalography (EEG) functional connectivity to identify characteristic patterns of
dementia subtypes, such as Alzheimer’s disease (AD) and frontotemporal dementia (FD), and to
evaluate their potential as biomarkers. We extracted distinctive statistical features, including mean,
variance, skewness, and Shannon entropy, from brain connectivity measures, revealing common
alterations in dementia, specifically a generalized disruption of Alpha-band connectivity. Distinctive
characteristics were found, including generalized Delta-band hyperconnectivity with increased
complexity in AD and disrupted phase-based connectivity in Theta, Beta, and Gamma bands for FD.
We also employed a convolutional neural network model, enhanced with these dynamic features, to
differentiate between dementia subtypes. Our classification models achieved a multiclass classification
accuracy of 93.6% across AD, FD, and healthy control groups. Furthermore, the model demonstrated
97.8% and 96.7% accuracy in differentiating AD and FD from healthy controls, respectively, and 97.4%
accuracy in classifying AD and FD in pairwise classification. These establish a high-performance deep
learning framework utilizing dynamic EEG connectivity patterns as potential biomarkers, offering

a promising approach for early screening and diagnosis of dementia spectrum disorders using EEG.
Our findings suggest that analyzing brain connectivity dynamics as a network and during cognitive
tasks could offer more valuable information for diagnosis, assessing disease severity, and potentially
identifying personalized neurological deficits.

Keywords Alzheimer’s disease, Frontotemporal dementia, Electroencephalogram, Convolutional neural
network, Aging disorders, Brain connectivity

Dementia spectrum disorders are a group of neurodegenerative diseases characterized by a progressive decline
in cognitive functions of the brain that affect memory, language, planning, and behavior!. These disorders, such
as Alzheimer’s disease (AD) and frontotemporal dementia (FD), significantly impact both individuals and their
caregivers in mental and economic aspects?®. With a global population of approximately 55 million people
living with dementia as of 2022, this number is projected to rise as populations age, making dementia a pressing
public health concern?. Despite the increasing prevalence of dementia, early diagnosis and timely treatment
of dementia remain challenging, as initial symptoms are often subtle and can easily be mistaken for other
neurological conditions®.

Although neuroimaging techniques such as computed tomography and magnetic resonance imaging
(MRI) can aid in diagnosing dementia, their high cost and accessibility limitations may restrict widespread
use®. Electroencephalography (EEG), a non-invasive method that records brain electrical activity, offers a more
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affordable and accessible alternative. Due to its cost-effectiveness and availability, EEG is well suited for large-
scale screening and early detection of dementia. However, traditional interpretation of EEG data typically
requires specialized expertise and can be time-consuming and subjective”®.

Recent advancements in machine learning algorithms, especially deep learning models, have significantly
enhanced the diagnostic potential of EEG, transforming it into a powerful tool for detecting various neurological
states and disorders, such as sleep stage scoringg, seizure prediction in epilepsyg’lo, Parkinson’s disease!l,
schizophrenia!'?, and dementia!®. Machine learning algorithms not only automate the processing of complex
EEG data, making the process faster and more flexible, but also enhance traditional feature-engineering methods
with their capability to extract meaningful features from minimally preprocessed EEG data’.

Researchers have demonstrated the effectiveness of machine learning algorithms in distinguishing individuals
with dementia using EEG features. By using decision trees and random forests, time-domain statistics and
frequency band energy were utilized to achieve classification accuracies of 78.5% and 86.3%, respectively, in
detecting AD and FD from healthy control (HC)!*. Utilizing maximal overlap discrete wavelets transform
coefficients and linear discriminant analysis, reported a 93.18% accuracy in differentiating AD patients
from HC'® while employing phase locking value with a multiplex network-based approach, which analyzes
the functional integration and segregation of brain networks, was shown to classify AD from HC with 92.5%
accuracy'®. Functional connectivity features with gradient boosting machines reported accuracy of 98.3% and
97.5% in AD and behavioral-variant FD from HC, respectively'’. Recently, deep learning algorithms, such as
convolutional neural networks (CNN), have also been successfully applied to multiclass classification (AD, FD,
and HC) with an accuracy of up to 92.5% based on EEG functional connectivity'®. These findings emphasize the
potential of deep learning approaches for dementia subtype diagnosis.

Despite the promising application of EEG with machine learning in dementia diagnosis, a knowledge gap
remains in understanding the dynamic patterns of brain connectivity, as previous studies have relied mainly
on static features, such as instantaneous or mean connectivity. This study aims to analyze the dynamic brain
connectivity profiles associated with dementia subtypes. We hypothesize that dementia subtypes exhibit distinct
changes in brain connectivity dynamics, which could enhance our understanding of the bioelectrical alterations
in dementia and potentially serve as novel biomarkers. Furthermore, we apply these dynamic connectivity
profiles in our proposed CNN model for dementia subtype classification. We propose that a deep learning model
incorporating dynamic connectivity features could improve their performance in dementia subtype diagnosis
compared to the model using static features. This approach could facilitate early diagnosis, provide insights
into neural mechanisms, and establish a novel framework for targeted interventions. Ultimately, our model
could potentially be implemented as a fully automated diagnostic tool in clinical practice, contributing to more
effective dementia management.

Results

Distinctive connectivity profiles of dementia subtypes

The distinctive connectivity profiles associated with dementia subtypes were revealed through a comprehensive
analysis of dynamic features (e.g., mean, variance, skewness, and Shannon entropy) of brain connectivity
measures, including inter-site phase clustering (ISPC), weighted phase lag index (WPLI), and amplitude envelope
correlation (AEC) in five frequency bands (Delta, Theta, Alpha, Beta, and Gamma) (Fig. 1). The ISPC and wPLI
measure indicates the correlation in terms of their brain wave oscillations between each electrode pair, while the
AEC measure indicates their correlation in terms of their amplitude.

To reflect effective communication between brain regions, a mean connectivity profile analysis was
performed. The Kruskal-Wallis test showed significant differences in mean connectivity, particularly within the
Alpha band for all connectivity measures and ISPC measures across all bands (Fig. 2). Notably, in the Alpha-
ISPC study, these significant differences were concentrated in connections inside the frontal lobe and between
the frontal and other brain regions. Multiple comparisons further highlighted the distinct connectivity profiles
of AD and FD. Both dementia subtypes mutually exhibited strong whole-brain hypoconnectivity in alpha-
band wPLI and AEC measures, with subtle differences between the two subtypes. Similarly, a decrease in mean
connectivity was observed across all dementia subtypes compared to HC in both Alpha and Beta-band ISPC
studies, primarily localized to frontal-frontal and frontal-occipital connections. AD demonstrated a whole-brain
hyperconnectivity in Delta-ISPC studies compared to HC and FD. In the Theta-ISPC study, AD also showed
general hyperconnectivity but was relatively preserved in Frontal-Frontal and Frontal-Occipital connections. In
contrast, whole-brain hypoconnectivity was found specifically for the FD group in most of the connections in
the Theta-ISPC study.

The variance of brain connectivity revealed distinct and significant patterns, particularly in the Alpha-
wPLI and Alpha-AEC studies (Fig. 3). The post-hoc analyses then showed a significantly lower variance of
connectivity in alpha-band wPLI and AEC studies for both AD and FD groups compared to HC. However, no
significant difference was found between the two dementia subtypes. The lower variance was observed in the
Alpha-ISPC study, although less pronounced in frontal-frontal and frontal-occipital connections. Distinctively,
AD has a lower variance of connectivity in some connections across the brain compared to FD and HC in the
wPLI and AEC measures of the Delta band.

The skewness analysis revealed differences mainly in frontal-frontal and frontal-occipital connections within
the Alpha-ISPC study (Fig. 4). Pairwise comparisons demonstrated that both AD and FD exhibited positively
skewed connectivity across all measures in the Alpha band and Beta-ISPC studies; however, no significant
differences in skewness were observed between AD and FD groups.

Shannon entropy was applied to assess the complexity of brain connectivity patterns. Our analysis
demonstrated significant differences in ISPC measure studies and Alpha band studies (Fig. 5). Subsequent post-
hoc analyses revealed that the Shannon entropy of connectivity was lower in the Alpha band for all measures, as
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Fig. 1. The workflow of EEG connectome profile-based convolutional neural network approach for dementia
subtype classification. (A) Derivation of connectivity dynamics profile map from EEG recording. (B) The
convolutional neural network-based architecture of our classification model.

well as for the ISPC measure in the Beta and Gamma bands of both the AD and FD groups. However, AD has a
particularly lower entropy, compared to FD, in the Alpha-ISPC study. In distinguishing dementia subtypes, AD
exhibited significantly higher complexity of connectivity in the Delta-ISPC study, while the FD group displayed
lower entropy of connectivity in the Theta-ISPC study.

In addition to mean, variance, skewness, and Shannon entropy, we also included standard deviation (SD),
kurtosis, and higher-order central and standardized moments in our analysis. While these additional features
generally corroborated the trends observed in the primary features (e.g., SD mirrored variance, and third-order
central moments aligned with skewness), no significant differences were found in kurtosis or higher-order
moments.

Dementia subtypes classification performance

A CNN model was developed to distinguish dementia subtypes using EEG data. Our model used dynamic
features obtained from the previous analysis of brain connectivity measures. As stated in the Methods section,
the statistical features were converted into images of brain connectivity maps to provide information as input
for the models regarding brain connectivity across three connectivity measures and five brain frequency bands.

For the multiclass classification task, models were trained to classify trials into three groups: AD, FD, or HC.
Using dynamic features of whole-trial brain connectivity maps, the model performed at a mean accuracy of
93.5% + 3.4% (Table 1).

To gain an understanding of the impact of frequency bands and connectivity measures, we conducted
additional analyses using partial input. In the band-wise analysis, the models were trained on data from specific
frequency bands. Among the band-wise models, low-frequency bands such as the Delta and Theta bands
achieved superior accuracy of 91.1% + 6.0% and 92.3% + 3.9%, respectively, compared to the high-frequency
Gamma band, which performed at the lowest accuracy of 85.5% + 6.5%. In the measure-wise analysis, where
individual connectivity measures were applied, the models with ISPC or AEC achieved comparable accuracy of
90.5% * 5.2% and 89.8% =+ 5.2%, respectively. In contrast, the wPLI model was relatively inaccurate and unstable,
with an accuracy of 83.7% + 11.4%. For the single band and measure study, where models rely solely on specific
frequency bands or connectivity measures, the results showed limited performance, with mean accuracies
ranging from 38.2 to 67.6%.

To prove that the dynamic feature approach can improve classification performance, we conducted a
comparative classification task on the same model architecture but employed only the static feature (mean)
of brain connectivity. The results showed that it can perform with a mean accuracy of up to 91.6% using the
wPLI measure. For the whole trial model, the accuracy dropped to 87.0% * 3.9%. However, while the models
using band-wise and measure-wise inputs showed a decrease in accuracy, the single band and measure models
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Fig. 2. Mean connectivity between dementia subtypes and healthy control. (A) Mean connectivity significance
profile. Each color represents the preference classification group from the significance of mean connectivity

in a brain wave band and feature between an electrode pair. The color intensity corresponds to the p-value of
difference from the post-hoc analysis in a negative logarithmic scale. (B) Proportion of significant connections.
Each bar represents the proportion of electrode pairs with a higher value of mean connectivity in the brain
wave band and the feature preferring a specific group minus the proportion of electrode pairs that suggest
otherwise. The proportion of + 1 indicates that the mean connectivity for the group in the study is higher

than other comparative groups in all connections, while the proportion of — 1 indicates that the value is lower
than other comparative groups in all connections. The inter-frontal and far-frontal refer to frontal-frontal

and frontal-occipital connections, respectively. AD = Alzheimer’s Disease; FD = Frontotemporal Dementia;

HC =Healthy Control; NS = Not significant; F = Frontal electrodes; O = Occipital electrodes; P =Parietal
electrodes; T=Temporal electrodes.

performed better in various cases with larger input models, especially models using ISPC and AEC measure-
related data.

The pairwise classification was used to differentiate dementia from healthy controls as well as between the
subtypes themselves, as shown in Table 1. For the AD/HC classification, the best model achieved an accuracy of
97.8% + 1.8% using data from the ISPC measure. The model using the AEC measure demonstrated a comparable
accuracy of 95.4% + 1.6%, in contrast to the model using the wPLI measure, which performed at only 91.8%
accuracy with a high standard deviation of 9.5%. For band-wise models, they exhibited comparable performance,
ranging from 93.1 to 97.4% accuracy for the Delta and Beta bands, respectively. The whole trial model achieved
an accuracy of 93.7% * 6.2%. Notably, for single input models, the model using Alpha-ISPC and Alpha-AEC
data reached high accuracies of 91.6% and 90.5%, respectively.

For the classification between FD and HC, the best-performing model used AEC measure data to achieve
an accuracy of 96.7% + 3.3%. Using ISPC and wPLI measures, the model showed comparable mean accuracies
of 96.4% and 95.1%, respectively. For the band-wise study, the model utilizing Theta band data showed a high
accuracy of 96.4% * 3.3%. The model using whole trial data achieved a lower accuracy of 93.4% * 6.2%.

In the classification between dementia subtypes (AD and FD), our best-performing model achieved
an accuracy of 97.4% * 3.4% using AEC measure data. The wPLI measure model also showed equivalent
performance at 96.7% + 5.6% accuracy. For the band-wise study, the model using the Theta and Gamma bands
showed relatively high accuracy, compared to other bands, at 96.1% and 97.1%, respectively. Using whole trial
data, the model could only perform at 93.8% accuracy.

To understand how our proposed model extracted meaningful features in the classification, we displayed
the model’s convolutional features using the t-SNE visualization method. The extracted features of our best-
performing models are displayed in well-separating clusters in every classification task (Fig. 6 and Supplementary
Figures S1-S3), indicating that models learned well distinctive patterns of brain connectivity dynamics.
Additionally, convolutional features extracted from trials of the same subject appeared closer together or
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Fig. 3. Variance of connectivity between dementia subtypes and healthy control. (A) Variance of connectivity
significance profile. Each color represents the preference classification group from the significance of variance
of connectivity in a brain wave band and feature between an electrode pair. The color intensity corresponds

to the p-value of difference from the post-hoc analysis in a negative logarithmic scale. (B) Proportion

of significant connections. Each bar represents the proportion of electrode pairs with a higher value of

the variance of connectivity in the brain wave band and the feature preferring a specific group minus the
proportion of electrode pairs that suggest otherwise. The proportion of + 1 indicates that the variance of
connectivity for the group in the study is higher than other comparative groups in all connections, while the
proportion of — 1 indicates that the value is lower than other comparative groups in all connections. The inter-
frontal and far-frontal refer to frontal-frontal and frontal-occipital connections, respectively. AD = Alzheimer’s
Disease; FD = Frontotemporal Dementia; HC = Healthy Control; NS = Not significant; F = Frontal electrodes;

O =Occipital electrodes; P = Parietal electrodes; T = Temporal electrodes.

superimposed in the visualization, indicating that the model consistently identified and represented the unique
connectivity profiles of individual subjects.

To assess the impact of excluding outliers, we performed the model training for the multiclass classification
task (AD, FD, and HC) on the entire dataset without outlier rejection. The results, using whole trial data, showed
a significant decrease in accuracy and stability, dropping to 59.7% =+ 10.3%. Surprisingly, the model trained on
the outlier-rejected data can maintain an accuracy of 89.6% + 0.5% when classifying the whole dataset that
included the outliers. By examining the prediction behavior of outlier trials, inferred from the model trained
without outlier data, t-SNE visualization of the multiclass classification model demonstrated that certain outlier
subjects are consistently misclassified: some outlier trials labeled as HC are plotted as the AD group, while most
of the outliers in the FD group also appear as AD. Remarkably, a similar pattern was observed in the binary
classification task as well.

Discussion

This research focused on exploring the dynamic features of brain connectivity profiles among dementia subtypes
based on resting-state EEG recordings as electrical biomarkers to enhance dementia diagnosis using deep
learning frameworks. By conducting statistical analysis, we identified distinct connectivity patterns associated
with dementia. Our models, enhanced with the proposed dynamic features, achieved high accuracy and
outperformed the models utilizing static features in dementia classification tasks.

Our findings suggest a common characteristic of dementia: a consistent reduction in whole-brain phase and
amplitude connectivity within the Alpha band, with infrequent instances of normal or hyperconnectivity. The
positive skewness observed in phase-based connectivity patterns indicates a concentration of lower connectivity
values, implying disrupted or impaired communication within the frontal lobe and far-frontal connections.
These findings align with previous functional magnetic resonance imaging (fMRI) studies of the default mode
network (DMN)!%1? and neuropathological findings specific to AD?. In addition, a study combining EEG and
fMRI demonstrated a reduction in frontal-caudal connectivity in AD patients®!, supporting our findings in
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Fig. 4. Skewness of connectivity between dementia subtypes and healthy control. (A) The skewness of
connectivity significance profile. Each color represents the preference classification group from the significance
of skewness of connectivity in a brain wave band and feature between an electrode pair. The color intensity
corresponds to the p-value of difference from the post-hoc analysis in a negative logarithmic scale. (B)
Proportion of significant connections. Each bar represents the proportion of electrode pairs with a higher
value of skewness of connectivity in the brain wave band and the feature preferring a specific group minus

the proportion of electrode pairs that suggest otherwise. The proportion of + 1 indicates that the skewness of
connectivity for the group in the study is higher than other comparative groups in all connections, while the
proportion of — 1 indicates that the value is lower than other comparative groups in all connections. The inter-
frontal and far-frontal refer to frontal-frontal and frontal-occipital connections, respectively. AD = Alzheimer’s
Disease; FD = Frontotemporal Dementia; HC = Healthy Control; NS = Not significant; F = Frontal electrodes;

O =Occipital electrodes; P = Parietal electrodes; T = Temporal electrodes.

frontal-occipital connections. A strong relationship between EEG and fMRI, involving the DMN, has been
reported??, further validating our approach of utilizing distribution features to probe the importance of brain
connectivity dynamics.

Distinct phase-based connectivity profiles can differentiate dementia subtypes. AD patients exhibited
significantly higher mean and Shannon entropy values in Delta-band connections compared to HC; on the
contrary, FD patients showed significantly lower mean value and complexity of phase-based connectivity in the
Theta, Beta, and Gamma bands. Although our findings may appear counterintuitive to the EEG studies reporting
a decrease in lagged phase synchronization in AD patients®, recent research has revealed increased Delta-related
cross-coupling connectivity in AD compared to FD?*. Additionally, fMRI studies have suggested an increase in
functional connectivity of specific AD networks?, aligning with the report of the strong relationship between
EEG and fMRI connectivity dynamics in the Delta band®*. Our study showed that the dynamic changes in AD
were unique to FD. However, further investigation is needed to fully understand these connectivity dynamics,
particularly within the Delta and Theta bands.

Even though wPLI is a phase-based connectivity measure, its profile patterns in most statistical analyses
resemble those of AEC, an amplitude-based connectivity measure. This similarity can be attributed to the
derivation of wPLI from cross-spectral density, which involves the product of amplitude and phase differences.
Consequently, amplitude influences the weighting of wPLI, contributing to the observed similarities between
wPLI and AEC.

For the classification tasks, our CNN framework achieves impressive accuracy in both multiclass and pairwise
classifications. By integrating dynamic features of brain connectivity, the accuracy of the classification models
improved compared to the model that utilized only static features.

The whole-trial classifier generally outperformed band-wise and measure-wise models when classifying
multiple groups. However, the best-performing models in pairwise classifications come from measure-wise
models, which greatly surpassed whole-trial models in both accuracy and stability. We hypothesize that this
optimal performance results from a balanced input for training deep learning models. While incorporating all
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Fig. 5. Shannon entropy of connectivity between dementia subtypes and healthy control. (A) Shannon
entropy of connectivity significance profile. Each color represents the preference classification group from

the significance of Shannon entropy of connectivity in a brain wave band and feature between an electrode
pair. The color intensity corresponds to the p-value of difference from the post-hoc analysis in a negative
logarithmic scale. (B) Proportion of significant connections. Each bar represents the proportion of electrode
pairs with a higher value of Shannon entropy of connectivity in the brain wave band and the feature preferring
a specific group minus the proportion of electrode pairs that suggest otherwise. The proportion of + 1 indicates
that the Shannon entropy of connectivity for the group in the study is higher than other comparative groups
in all connections, while the proportion of — 1 indicates that the value is lower than other comparative groups
in all connections. The inter-frontal and far-frontal refer to frontal-frontal and frontal-occipital connections,
respectively. AD = Alzheimer’s Disease; FD = Frontotemporal Dementia; HC = Healthy Control; NS =Not
significant; F = Frontal electrodes; O = Occipital electrodes; P = Parietal electrodes; T = Temporal electrodes.

data as input provides a broader context, it can also lead to overcomplexity and poor generalization?®, whereas
insufficient input may hinder the model’s ability to classify confidently.

Comparing the model inputs of deep learning, single-input model performances align with statistical
analysis. However, while the profiles of wPLI and AEC measure-related models are similar, their performances
appear to differ significantly. We hypothesize that AEC-measure connectivity matrices exhibit dependency
patterns between electrode pairs, which may convey information to the classification model that is undetectable
through individual connection analysis, thereby enhancing classification performance. We observed that the
classification performance can be improved by integrating wPLI measure-related inputs into a measure-wise
wPLI model. This supports the hypothesis that interactions can be identified across bands as well. These findings
highlight the necessity for further investigation to examine the connectivity dynamics as a network. Future
studies should consider employing novel techniques, such as graph convolutional networks?, topological
models such as N-body orbital graphs®® or graphical features® to explore the complex interactions between
brain regions.

Several comparative studies were conducted on the same dataset (Table 2). Overall, the performance of
our models outperformed most comparative models using the cross-validation scheme®*% in both multiclass
classification tasks and binary classification. Only studies with test-train split validation®”*® and the study using
topological features with an ensemble learning model?® that reported higher performance. While most deep
learning-based studies, including this work, proposed custom CNN architecture for their classification task,
comparative studies of pre-trained CNN models are needed. As pre-trained models have improved brain-
computer interface classification®, future work should assess their potential for dementia diagnosis.

The primary limitation of this study is that the dataset is restricted to a single-centered source with a limited
number of trials, which may result in overfitting and diminished generalization®. As highlighted in the earlier
literature, studies with small sample sizes tend to lack versatility and struggle to generalize across subjects with
differing amounts of training data?®. The imbalance in the dataset, where the FD group had a significantly
shorter recording duration compared to the AD and HC groups, is another limitation that directly impacted
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AD/FD/HC
Dynamic features Static feature AD/HC FD/HC AD/FD
Model inputs | Accuracy | Flscore | Accuracy |Flscore | Accuracy | Flscore | Accuracy | Flscore | Accuracy | F1 score
Whole trial | 93.5(3.3) |93.4(3.5) [87.0(3.9) |86.9(3.8) |93.7(62) | 93.6(6.4) | 93.4(6.2) | 93.3(6.4) |93.8(9.2) |93.8(9.3)
Delta band 91.1(6.0) |90.9(6.2) |859(5.0) |857(50) |93.1(6.1) |93.0(6.3) |91.7(9.4) |91.4(9.9) |92.6(7.2) |925(7.3)
Theta band 92.3(3.9) |923(3.8) |885(55) |885(53) |950(5.1) |95.0(5.2) |92.3(3.6) |922(3.7) |96.1(4.5) |96.1(4.5)
Alphaband | 89.9(3.8) [89.7(3.8) |[86.5(9.2) |86.1(9.6) |95.4(4.6) | 95.4(4.6) | 89.5(9.1) |89.2(9.5) |94.3(7.2) | 94.2(7.4)
Beta band 88.2(6.4) |882(6.4) |86.5(43) |86.4(42) |97.4(3.6) |97.4(3.6) | 96.4(3.3) |96.4(3.3) |93.1(7.0) | 92.9(7.3)
Gammaband | 85.8 (6.5) |85.7(6.6) |84.8(8.2) |84.4(8.6) |96.3(3.3) |96.3(3.4) | 93.0(8.3) |92.7(8.8) |97.1(2.7) |97.1(2.7)
ISPC measure | 90.5(5.2) |90.4(5.2) |87.0(4.8) |86.6(5.2) |97.8(1.8) | 97.8(1.8) | 96.4 (4.8) | 96.3 (4.9) |92.3(6.4) |92.2(6.6)
wPLI measure | 83.7 (11.4) | 83.4 (11.6) | 91.6 (3.8) |91.6(3.8) | 91.8(9.5) | 91.8(9.5) | 95.1 (4.2) | 95.1 (4.2) |96.7 (5.6) | 96.6 (5.6)
AEC measure | 89.8(5.2) |89.7(5.1) |885(59) |885(58) |954(1.6) |954(1.6) |96.7(3.3) | 96.7 (3.4) |97.4(3.4) | 97.4(3.4)
Delta-ISPC 64.5(5.7) |64.1(6.1) |85.4(6.8) |852(6.8) |81.0(2.9) |80.7(3.2) | 75.5(6.2) | 75.2(6.4) | 69.7(3.6) | 69.2 (4.0)
Delta-wPLI 429(7.3) [33.7(12.8) | 47.2(53) |43.1(7.2) |584(7.5) |562(9.7) | 63.1(5.2) |59.7(7.1) |58.6(9.8) |53.6(12.9)
Delta-AEC 64.7 (11.9) | 64.6 (12.2) | 79.8(9.8) | 79.5(10.0) | 83.0(3.8) | 82.9(3.8) | 72.8(8.0) | 72.4(8.3) | 77.0(5.2) | 76.5(5.7)
Theta-ISPC 60.5(7.5) | 60.5(7.5) |86.0(6.4) |86.0(6.4) |86.8(3.2) |86.7(3.2) | 72.5(8.3) | 72.4(8.4) |722(6.3) |71.4(7.1)
Theta-wPLI | 49.2(7.7) |47.7(8.1) |57.7(7.9) |57.3(7.8) |69.1(9.1) | 69.0(9.3) | 59.8 (6.0) | 56.0 (10.4) | 65.6 (6.7) | 64.9 (6.8)
Theta-AEC 62.2(82) |61.7(8.2) |851(85) |851(84) |87.8(1.9) |87.7(1.9) |77.1(6.8) |77.0(6.8) |758(6.4) |75.6(6.4)
Alpha-ISPC 67.6 (13.0) | 66.6 (13.4) | 85.1(7.2) |84.9(7.4) |91.6(4.9) | 91.6(5.0) | 83.5(7.4) | 83.2(7.7) |69.2(8.3) |67.7(9.8)
Alpha-wPLI [ 59.0 (7.5) |[58.5(8.1) |63.6(11.1) | 62.8(10.8) | 81.9 (4.1) | 81.7 (4.2) | 76.6 (9.1) | 75.8(9.9) | 63.4(4.6) | 62.8 (4.3)
Alpha-AEC 65.5(6.6) | 64.0(6.5) |859(6.3) |86.0(6.2) |90.5(57) |90.5(5.8) | 85.4(6.6) | 85.4(6.7) |74.4(9.5) |74.2(9.5)
Beta-ISPC 66.5(7.4) |659(8.2) |77.6(13.3) | 77.6(13.4) | 88.2(3.3) | 88.1(3.4) | 77.1(3.3) | 76.6 (3.8) | 65.9(8.3) | 65.2(8.6)
Beta-wPLI 38.2(3.4) |28.1(6.6) |51.9(7.8) |51.3(8.2) |52.9(3.7) | 50.1(5.6) | 61.3(4.4) | 58.4(6.5) |54.8(4.7) |50.8(6.3)
Beta-AEC 61.2(4.1) |61.1(41) |84.6(72) |84.4(7.6) |84.4(4.1) |84.4(4.1) |80.3(6.0) | 80.3(6.0) |69.7(6.1) |69.1(6.1)
Gamma-ISPC | 58.8(6.5) |58.2(7.1) |78.5(4.1) |783(41) |71.9(5.0) | 71.0(5.4) | 71.1(4.6) | 70.9 (4.5) | 62.4(4.8) | 61.6(5.6)
Gamma-wPLI | 40.7 (8.1) | 34.7 (11.9) | 52.3 (10.4) | 48.7 (16.6) | 53.5 (4.2) | 49.1(8.2) | 60.1 (7.8) | 58.7 (8.9) |56.7(7.2) |52.1(12.2)
Gamma-AEC | 56.7 (4.7) |56.2(4.7) |75.7(7.0) |755(7.1) |729(7.3) | 72.6(7.4) | 74.4(6.8) | 74.0(7.2) |73.5(8.2) | 72.6(9.7)

Table 1. Performance metrics of models in multiclass classification using combinations of brain wave bands
and connectivity measures. Each cell displays the mean percentage and standard deviation (SD) of the accuracy
and F1 score across five-fold cross-validation. The best mean accuracy and F1 score for each classification task
were highlighted in bold. AD, Alzheimer’s disease; FD, frontotemporal dementia; HC, healthy control.

the classification performance involving FD. Although the oversampling technique was implemented to address
this issue, its effects were limited*!. Thus, acquiring additional EEG data, particularly from FD and other rare
dementia subtypes, is essential for a deeper understanding of their unique characteristics and enhancing model
performance. This underscores the significance of assessing model performance across a variety of subjects
and datasets to ensure dependable translation to clinical environments. Therefore, future studies utilizing larger
datasets from multiple clinical centers are advised. Furthermore, to adapt our approach to clinical settings,
we recommend employing transfer learning techniques to fine-tune our model with local datasets, ensuring
enhanced performance and better adaptability.

Although our study focused on resting-state EEG recordings, dementia primarily impacts higher cortical
functions and involves impairments in neurological tasks. Therefore, incorporating task-based EEG data could
provide deeper insights into the dynamic changes in brain connectivity associated with diseases*>. We hypothesize
that examining brain connectivity dynamics during cognitive tests could provide more valuable information for
diagnosis, evaluating disease severity, and potentially identifying personalized neurological deficits.

Conclusion

This study demonstrated the feasibility of using dynamic EEG connectivity features to characterize brain
connectivity changes in dementia and distinguish between its subtypes. We described mutual alterations in
dementia as a generalized and consistent disruption of connectivity in the Alpha band. Distinct characteristics
were identified through generalized phase hyperconnectivity with increased complexity in the Delta band for
AD, along with disrupted phase-based connectivity in the Theta, Beta, and Gamma bands for FD. Our proposed
deep learning model, enhanced with dynamic features, outperformed static feature models and most comparative
studies. This work advances dementia research by establishing a high-performance deep-learning framework
that leverages dynamic EEG connectivity as potential biomarkers. Expanding the dataset and incorporating
multi-center data could improve model generalizability, while task-based EEG studies may enhance diagnostic
insights. Ultimately, this approach could facilitate automated, non-invasive, and cost-effective early dementia
detection, improving patient management and treatment outcomes.
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Fig. 6. Two-dimensional t-SNE visualization of convolutional features of the instance-wise model for AD/
FD/HC task. A uniform jitter of diameter 5 was added to provide a better view of overlapping data points. The
color of the data point represents an actual labeled group of each trial. Data points in the test set and training
set, corresponding to each fold, are displayed in diamonds and points, respectively. Outliers are also displayed
in cross symbols. AD = Alzheimer’s Disease; FD = Frontotemporal Dementia; HC = Healthy Control.

Methods

EEG recordings

EEG data were obtained from the publicly available OpenNeuro Dataset ds004504%. This dataset included
resting-state, eyes-closed EEG recordings from 88 participants: 36 patients with AD, 23 patients with FD, and
29 HC subjects. Participants’ ages ranged from 44 to 79 years, with an average age of 66 years. The participant
characteristics for each group are displayed in Supplementary Table S1. EEG data were collected using a Nihon
Kohden 2100 system in a standard 10-20 configuration at a sampling rate of 500 Hz. The total durations for the
AD, FD, and HC groups were 485.5, 276.5, and 402 minutes, respectively.

Data pre-processing

The EEG data were processed and analyzed using custom-written code in MATLAB 2024a (MathWorks, MA).
Common average referencing was applied to establish a common ground for signal comparison®. A 0.5-Hz
high-pass Butterworth filter was used to remove low-frequency noise and baseline drift. The Artifact Subspace
Reconstruction (ASR)*! was employed to identify and remove 0.5-second epochs with power levels exceeding
20 times SD. The Independent Component Analysis (ICA)* was then carried out to extract 19 independent
components from the 19 EEG channels. ICLabel*® and the wavelet-enhanced ICA (wWICA) algorithm?®” were
utilized to eliminate identified artifacts (e.g., eye movements, jaw movements). The preprocessed EEG signals
were divided into frequency bands (Delta: 0.5-4 Hz, Theta: 4-8 Hz, Alpha: 8-13 Hz, Beta: 13-25 Hz, and
Gamma: 25-45 Hz) using Butterworth bandpass filters for subsequent analysis.

Brain connectivity measures

The connectivity measures were calculated from six-second, non-overlapping epochs of Hilbert-transformed
EEG recordings, considering all 171 electrode pairs within specific frequency bands. This analysis investigates
the functional interactions between brain regions across frequency bands.

Inter-site phase clustering

The ISPC is the phase-based connectivity measure that quantifies the degree of phase synchronization between
two EEG signals®. It is computed by averaging the phase difference between the two electrodes, p and g, over
a specific time window. To calculate the ISPC for a given epoch, we first obtained the phase angles, ¢, (t)
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Classification
References Feature(s) Algorithm(s) | Validation Task Accuracy
AD/FD/HC 93.5%
AD/HC 97.8%
Our Method Functional Connectivity CNN 5-fold CV
FD/HC 96.7%
AD/FD 97.4%
AD/HC 83.28%
Miltiadous et al.®! | Relative Band Power, Spectral Coherence Connectivity DICE-net Leave-one-subject-out
FD/HC 74.96%
Chen et al.** Time domain, Frequency domain ViT-CNN 10-fold CV AD/FD/HC | 76.01%
Zheng et al. Spectral features, Complexity, Synchronization RF Leave-one-subject-out AD/HC 95.86%
10-fold CV 98.90%
Puri et al.?® RMS, Hjorth coefficients, Power Spectrum, Complexity SVM AD/HC
Leave-one-subject-out 96.56%
AD+FD/HC | 86.36%
AD/HC 87.69%
Zheng et al.3* Multi-Threshold Recurrence Rate Plots SVM Leave-one-out
FD/HC 82.69%
AD/FD 72.88%
SVM 99.22%
kNN i 96.35%
Yang et al.’’ Microstate features 70?} Train /14 AD/HC
RF 30% Test Split 99.88%
LR 99.01%
. 38 - . 70% Train / o
Puri et al. Time domain LEADNet 10% Validate / 20% Test Split AD/HC 99.24%
R AD+FD/HC | 93.5%
Rostamikia et al.** | Time domain features, Frequency domain features, Connectivity, Complexity | SVM 10-fold CV
AD/FD 87.8%
AD/HC 76.9%
Ma et al.’ Mutual Information SVM Leave-one-out FD/HC 90.4%
AD/FD 96.6%
Barua et al.?® N-Body orbital graph Ensemble kNN | 10-fold CV AD/FD/HC | 99.64%

Table 2. Comparative studies and performance machine learning-based detection of dementia subtypes
using the same dataset. CV, cross-validation; ViT, visual transformer; RF, random forest; SVM, support vector
machine; kNN, k-nearest neighbor; LR, logistic regression; RMS, root mean square; AD, Alzheimer’s disease;
FD, frontotemporal dementia; HC, healthy control.

and ¢ , (1), for each electrode at each time point ¢ within the epoch. The ISPC was then computed using the
following equation:

ISPC(T,p,q) = |k - 3 i (Bp()—q(®)) O

teT

where T represents the set of time points within the epoch, ISPC value ranges from 0 to 1, with 1 indicating
perfect phase synchronization, meaning that the signals are consistently in phase.

Weighted phase-lag index

The wPLI is a modified version of the phase lag index that quantifies the directionality of functional interactions
between brain regions. It measures the extent to which the phase of one signal consistently leads or lags the phase
of another*’. The wPLI was derived from the cross-spectral density, defined as Spq (t) := 1 (£) - ¥ (t) where
%, (t) is the complex wave of electrode p and )  (¢) is the complex conjugate wave of electrode g at time point
t. The wPLI was then obtained from the equation below:

ﬁ-ZtET|Im(S,,q(t))|sgn(lm(Spq(t)))

wPLI (T, p,q) ==
( ) ﬁhzteT‘Im(sm(f))‘

)

where T represents the set of time points within the epoch. Im (z) indicates the imaginary part of the complex
number z and sgn () is the signum function, which returns — 1, 0, or 1 based on the sign of x. The wPLI value
ranges from 0 to 1, with higher values indicating stronger directed functional connectivity between the two
electrodes.

Amplitude envelope correlation

The AEC is an amplitude-based connectivity measure that quantifies the synchronization of amplitude
fluctuations between two EEG signals®. To calculate the AEC, Pearson’s correlation ( p ) was calculated on
amplitude envelopes as follows:
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AEC(T, p,q) = Lesex (0Ol ) (10Ol 1) 3)

\/ZteT(MP(t)'7”P)2‘Zte:ﬁ(|wq(t>|7”q)2

where T is the set of time points within the epoch. v , (¢) and %, (t) are the complex waves of electrode p,
and g, respectively. 41, and p , refer to the mean of amplitude envelope of complex waves of electrode p, and
g, respectively. The AEC value ranges from —1 to 1. A value of 1 indicates strong amplitude synchronization,
meaning that the amplitudes of the two signals fluctuate in unison. Conversely, the value of -1 indicates strong
anti-synchronization, meaning that the amplitudes of the two signals fluctuate in opposite directions.

Statistical features extraction

To extract meaningful statistical features, we segmented the EEG recordings of each subject into two-minute
overlapping samples (containing 20 epochs) with a maximum overlap of 50%. Statistical features, including the
mean, variance, skewness, and Shannon entropy, were calculated from the ISPC, wPLI, and AEC. These features
provide insights into brain connectivity patterns’ distribution, variability, and randomness. These features were
then employed to determine the unique connectivity profiles associated with each dementia subtype.

Analysis of connectivity profiles

To analyze the connectivity profiles specific to dementia subtypes, the statistical measures of brain connectivity
among AZ, FD, and HC were compared using the Kruskal-Wallis’s test to assess group differences for each
electrode pair, frequency band, and connectivity measure. The significance level was set at 0.05. The effect
size was reported as Eta-squared to quantify the magnitude of the differences. To investigate whether specific
features were associated with dementia subtypes, we performed Dunn-Sidak corrected post-hoc analyses,
which included pairwise comparisons of AD/HC, FD/HC, and AD/FD. The effect size for the post-hoc tests was
indirectly reported as signed p-values, providing insights into both the significance of the differences and the
direction of the effects.

Dementia subtype classification

Connectivity profile maps

The extracted statistical features were used to create connectivity profile maps. The map was a 19 x 19 matrix
representing the statistical features of a specific connectivity measure and brain wave band between all electrode
pairs (Fig. 1). By incorporating four channels for each statistical feature, we expanded the feature maps to a size
of 4x19x19.

The connectivity profile maps were concatenated laterally in three different schemes: band-wise, feature-
wise, and whole trial. In the band-wise scheme, the feature maps for all three statistical features within a specific
frequency band were concatenated vertically. In the feature-wise scheme, the feature maps for all five brain wave
bands and a specific statistical feature were concatenated horizontally. In the whole trial scheme, the feature
maps for all five brain wave bands and all three statistical features were concatenated in both directions. These
concatenated feature maps then served as input for our dementia subtype classification model.

Outlier detection and rejection

To ensure data quality and minimize the impact of outliers, we implemented an outlier detection and rejection
procedure. Initially, subject number three was excluded due to insufficient recording duration. Subsequently, for
each group, we calculated the Mahalanobis distance for each trial based on the first two principal components
derived from the statistical features across all electrode pairs, brain wave bands, and connectivity measures.
Trials with Mahalanobis distances exceeding the 95th percentile of the chi-square distribution with one degree
of freedom were considered outliers and rejected. Subjects with more than half of their trials rejected were also
excluded from further analysis, resulting in the removal of nine subjects. To assess the impact of outlier rejection,
we also report the results without outlier removal for comparison.

Classification model architecture

To classify dementia subtypes, we employed a CNN-based model tailored to process and analyze EEG feature
maps°32. Our architecture consisted of three 2-dimensional convolution stacks, followed by a global average
pooling layer and a fully connected layer (Fig. 1).

Each convolutional stack consists of two 2-dimensional convolutional layers with a kernel size of 3, stride
of 1, and a circular padding of 2. After each convolutional layer, we added a 2-dimensional dropout layer with
a dropout rate of 0.25 and a 2-dimensional batch normalization layer to prevent overfitting. Moreover, we also
applied an exponential linear unit (ELU) activation function following each normalization layer to introduce
non-linearity°>3. The number of filters of the convolutional layer in each stack increased sequentially from 256
to 512 and finally to 1024. After each convolutional stack, a max pooling layer with a kernel size of 3 and a stride
of 3 was used to reduce the spatial dimensions.

After convolutional stacks, a global average pooling layer was introduced to enforce correspondence between
CNN features and predicted classes™, then flattened into a one-dimensional array of size 1024. The fully
connected stack comprised an artificial neural network with a single hidden layer with a size of 512. The hidden
layer was followed by a sigmoid activation function and a dropout layer with a dropout rate of 0.5. Finally, the
output layer consisted of three neurons (or two for pairwise classification) corresponding to the AD, FD, and HC
groups. A SoftMax activation function was applied to obtain the probability of each class prediction. Lastly, the
final predicted class was decided by the class with maximum probability.
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Model training

To train and evaluate the classification model, we employed a stratified five-fold cross-validation scheme in a
subject-wise manner, ensuring that all trials extracted from a subject were confined to a single fold. To address
class imbalance within each fold, the Synthetic Minority Over-sampling Technique (SMOTE)>* was applied to
synthesize additional data on minority classes.

Hyperparameters were optimized using a grid search algorithm. The optimized hyperparameters include an
AdamW optimizer®® with a learning rate of 0.0001, a training batch size of 64 for AD/FD/HC classification task
and 8 for binary classification tasks, a maximum training epoch of 1000, an early stopping regularization applied
with the patience of 30, and a cross-entropy loss function. The learning curves of our best-performing models
were displayed in Supplementary Figure S4-S7.

Model evaluation and xAI approach

The trained models were evaluated by their performance in predicting validation data. The performance metrics
include accuracy and F1 score. Accuracy measures the percentage of correct predictions across all data. The F1
score is the harmonic mean of precision and sensitivity (or recall). Precision represents the percentage of correct
predictions among all actual data in the given class, while sensitivity (or recall) is the percentage of correct
predictions among all the data predicted as belonging to that class.

For binary classifications, the F1 score was calculated on the dementia group and FD group for AD/FD
classification. For the multiclass classification, the macro-averaged F1 score was calculated by averaging the F1
score for individual classes.

Mean and SD of the accuracy and F1 score (or macro averaged F1 score) across all folds were reported
for each study and input to provide an assessment of the model capability and stability in dementia subtypes
classification.

The explainable artificial intelligence (xAI) approach involves interpreting deep learning models to
understand how they make predictions. In this study, we visualize the CNN’s intermediate features obtained
after the global average pooling layer, predicting all trials, including outliers, using the t-distributed stochastic
neighbor embedding (t-SNE) method®’. This method reduces high-dimensional data to a lower dimension
while preserving local similarities among data points. We fitted those intermediate features in two dimensions
with a perplexity of 30. Trials with similar intermediate features will appear close to each other in the t-SNE
visualization. For well-trained CNN models that can extract meaningful discriminative features for classification
tasks, their t-SNE visualization should display well-separated clusters.

Data availability

The public dataset used in this study is accessible through the OpenNeuro Dataset ds004504 (https://openneuro.
org/). The data generated during the current study and selected classification models are available at the author’s
GitHub repository (https://github.com/thawirasm-j/AlzNetV3).
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