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Abstract—Accurate differential screening of Alzheimer’s disease (AD) and frontotemporal
dementia (FTD) remains difficult, motivating scalable EEG-based decision support;
however, prior work often benchmarks spectral, microstate, and connectivity features
separately and uses heuristic dimensionality reduction. Using a public OpenNeuro eyes-
closed resting-state EEG dataset (N=88; 10-20 montage; 500 Hz), we built a standardized
pipeline including EEGLAB preprocessing (filtering, ICA artifact removal), temporal
standardization (60-360 s), multi-domain feature extraction (spectral band power, theta-
alpha ratio, aperiodic 1/f exponent, alpha peak frequency; wPLI-based connectivity with
graph metrics; four-class microstate parameters), and leakage-controlled dimensionality
reduction via PCA with parallel analysis to automatically determine retained components
within each training fold. We compared Elastic Net, RBF-SVM, and Random Forest (500
trees) using repeated 5-fold cross-validation over 100 cycles, evaluating classwise
precision/recall/F1 and an integrated radar-area index capturing balanced multi-class
performance across AD/FTD/controls. Across models, FTD was frequently misclassified as
AD, indicating limited intrinsic separability from resting EEG alone. Feature representation
was the dominant determinant of performance: microstate features yielded the largest and
most balanced radar areas, spectral features were intermediate, and connectivity features
were weakest. The proposed workflow provides a reproducible benchmarking template
and practical guidance for EEG/BCI-oriented dementia screening systems.

Keywords— Alzheimer’s Disease, Electroencephalography (EEG), Machine Learning,
Dementia Classification, Resting State.

L. INTRODUCTION

Alzheimer’s disease (AD) and frontotemporal dementia (FTD) represent major
neurodegenerative disorders with significant societal and economic impact worldwide
[1]. Early and differential identification of these conditions remains challenging in clinical
practice, particularly in resource-limited settings. Electroencephalography (EEG), as a
non-invasive, low-cost, and portable neurophysiological recording modality, has
attracted increasing attention for computer-aided diagnosis and brain-computer-
interface-based screening applications [2, 3]. Resting-state EEG is particularly suitable for
clinical translation due to its minimal task demands and standardized acquisition
protocols [4, 5].

A growing body of research has reported that resting-state EEG contains discriminative
information for dementia classification [6, 7]. Three major feature families are commonly
investigated: spectral features, e.g., power spectral density, theta-alpha ratio [8],
aperiodic 1/f slope [9, 10], alpha peak frequency [11], microstate features derived from
canonical four-class segmentation [12, 13], and functional connectivity metrics such as
the weighted phase lag index (wPLI) [14]. Each feature family captures distinct aspects of
large-scale brain dynamics and has been independently used in machine learning models
for AD detection [6, 15]. However, most existing studies evaluate these feature domains
separately, making it difficult to determine their relative discriminative utility under a
unified computational framework. Furthermore, cross-model comparisons (e.g., linear vs.
non-linear classifiers) are often limited, and performance metrics are inconsistently
reported, reducing reproducibility and comparability.
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From an engineering perspective, two methodological limitations remain prominent.
First, feature selection is frequently theory-driven and manually constrained to a small
subset of predefined metrics, which may introduce bias and limit scalability when
extending to higher-dimensional EEG descriptors [6, 16]. Second, dimensionality
reduction strategies are often arbitrarily defined (e.g., retaining a fixed number of
principal components), rather than statistically determined [17, 18]. To address these
issues, we implemented a fully data-driven feature reduction strategy based on principal
component analysis (PCA) combined with parallel analysis (PA) to automatically
determine the optimal number of retained components. This approach enables adaptive
dimensionality control without relying on prior assumptions about feature importance,
improving generalizability and deployment feasibility in real-world BCI pipelines.

Using eyes-closed resting-state EEG from AD, FTD, and healthy control groups, we
constructed a standardized computational pipeline integrating preprocessing, multi-
domain feature extraction (spectral, microstate, and connectivity), PCA with parallel
analysis-based dimensionality reduction, and supervised classification. Three machine-
learning models with distinct inductive biases were evaluated, including Elastic Net as a
regularized linear baseline, Random Forest as an ensemble-based non-linear model, and
Support Vector Machine as a margin-optimization classifier. To ensure statistical
robustness and mitigate variance induced by data partitioning, repeated five-fold cross-
validation was conducted over 100 cycles. Model performance was assessed using
precision, recall, and F1 score, and further aggregated across diagnostic groups to provide
a balanced evaluation of multi-class discrimination.

The primary contribution of this study lies in the establishment of a reproducible, data-
driven EEG classification framework in which feature dimensionality is automatically
determined via PCA combined with parallel analysis rather than predefined heuristics.
This design enables adaptive control of model complexity while preserving the latent
structure of high-dimensional EEG descriptors. In addition, by evaluating spectral,
microstate, and connectivity features under identical preprocessing, reduction, and
validation conditions, the present work provides a systematic horizontal benchmarking
of feature families that are typically investigated in isolation. Finally, through direct
comparison of linear and non-linear classifiers within the same experimental setup, this
study offers practical guidance for model selection in EEG-based dementia screening
systems. Collectively, the proposed workflow emphasizes algorithmic robustness,
scalability, and deployment feasibility, contributing to the development of engineering-
oriented BCI solutions for automated neurodegenerative disease identification.

II. METHODS

A. Participants and EEG data

We used a publicly available EEG dataset from OpenNeuro [19], comprising 88
participants assigned to three diagnostic groups: Alzheimer’s disease (A), frontotemporal
dementia (F), and healthy controls (C) based on the Mini-Mental State Examination
(MMSE). Diagnostic labels provided by the dataset were used as ground-truth classes for
all machine learning analyses. All EEG recordings were obtained from the same
OpenNeuro dataset [19]. Recordings were collected in an eyes-closed resting-state
condition for about 15 min. EEG was recorded following the 10-20 international system,
with a sampling rate of 500 Hz.

B. EEG Preprocessing

EEG preprocessing was performed using standard pipelines implemented in EEGLAB [20].
The workflow consisted of band-pass filtering, independent component analysis (ICA),
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and artifact rejection. Artifactual components were identified and removed prior to signal
reconstruction. All subsequent analyses were conducted on the cleaned EEG signals. To
ensure comparability across participants, resting-state recordings were temporally
standardized. Continuous EEG data were cropped to a fixed interval between 60 and 360
seconds whenever available, and this standardized segment served as the basis for all
feature extraction procedures described below.

C. Participants Resting-State EEG Feature Extraction and EEG data

Spectral Analysis: Spectral features were extracted from the standardized resting-state
segment for each channel. Power spectral density (PSD) was estimated using Welch'’s
method across the 0.5-45 Hz frequency range with 10-second windows and 90% overlap
between adjacent segments. Band-specific power was calculated through numerical
integration within canonical frequency bands spanning delta (1-4 Hz), theta (4-8 Hz),
alpha (8-13 Hz), beta (13-30 Hz), and gamma (30-45 Hz).

In addition to band power, complementary spectral descriptors were derived. The theta-
alpha ratio (TAR) was calculated as the ratio of theta power to alpha power with
numerical stabilization applied when necessary. The aperiodic 1/f exponent was
estimated by regressing log-transformed PSD values against log-transformed frequency
across 0.5-45 Hz while excluding the alpha band to reduce oscillatory peak contamination.
Alpha peak frequency was defined as the frequency within the 8-13 Hz range showing the
maximum residual after subtraction of the fitted 1/f trend in log-log space. All spectral
measures were concatenated into a unified feature matrix for subsequent modeling.
Functional Connectivity Analysis: Functional connectivity was quantified using the
weighted Phase Lag Index (wPLI) within each canonical frequency band [21]. Signals
were band-pass filtered and transformed into their analytic representations prior to
connectivity estimation. Pairwise wPLI values were computed for all channel
combinations to quantify consistent phase-lag relationships while minimizing volume
conduction effects. To characterize network organization, connectivity matrices were
summarized using graph-theoretical metrics. Weighted clustering coefficient was
averaged across nodes to index local segregation, whereas characteristic path length and
global efficiency were derived from weighted shortest paths after transforming
connectivity strengths into connection lengths via reciprocal mapping. Appropriate
numerical safeguards were applied to handle zero or infinite values before computing
shortest paths. Connectivity-derived features, including global network metrics and
vectorized connectivity matrices, were concatenated into a subject-level feature matrix
for machine learning analyses.

Microstate Analysis: Microstate analysis was conducted on ICA-cleaned resting-state EEG.
Signals were band-pass filtered to 5-20 Hz, cropped to the standardized interval, and re-
referenced to the average reference prior to template estimation [22]. Microstate maps
were derived using a clustering procedure, i.e., k-means, allowing four classes [23]. Global
field power peak selection was employed to enhance signal-to-noise ratio during template
extraction, and polarity invariance was enforced to ensure physiologically meaningful
clustering. Multiple random initializations were used to enhance solution stability.
Microstate-derived parameters were prepared as an additional feature family when
required for modeling.

D. Dimensionality Reduction: PCA with Parallel Analysis

Dimensionality reduction was performed using principal component analysis (PCA), with
the number of retained components determined through Parallel Analysis (PA). To
prevent data leakage, all dimensionality reduction procedures were conducted
exclusively on training data within each cross-validation fold. Features were standardized
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using statistics derived from the training set, and variance stabilization procedures were
applied when necessary. PA involved generating random reference datasets with
identical dimensionality to the empirical training data. Eigenvalues obtained from PCA on
the real data were compared to the 95th percentile of eigenvalues derived from random
data. Components exceeding this threshold were retained, with at least one component
enforced. The trained PCA transformation was subsequently applied to both training and
test data to obtain low-dimensional feature representations.

E. Machine Learning Models and Repeated Cross-Validation

Model performance was evaluated using repeated 5-fold cross-validation over 100
independent cycles to obtain stable and generalizable performance estimates. For each
cycle, data were randomly partitioned into five folds. Within each fold, dimensionality
reduction was fitted exclusively on the training subset and then applied to the held-out
test subset.

Three supervised classification algorithms were trained using the PCA-reduced features.
Elastic Net multinomial logistic regression was implemented with mixed L1/L2
regularization to balance sparsity and stability. A Support Vector Machine (SVM) with a
radial basis function kernel was employed to capture potential nonlinear decision
boundaries. A Random Forest classifier consisting of 500 decision trees was used to model
complex interactions through ensemble learning. Predictions were generated for the
held-out test data within each fold and aggregated across folds and cycles for final
evaluation.

F. Performance Metrics and Visualization

For each cross-validation cycle, predicted labels were compared with true labels to
construct confusion matrices. Precision, recall, and F1-score were computed in a one-vs-
rest framework for each diagnostic class. Macro-averaged, weighted-by-support, and
micro-averaged summary metrics were calculated per cycle, and overall performance was
reported as mean * standard deviation across the 100 cycles. To facilitate visual
comparison of classification performance across diagnostic classes, radar plots were
generated based on classwise metrics. Radar plot area was calculated using an
equiangular polygon formulation and normalized relative to the theoretical maximum
area obtained when all classwise metrics equal one.

G. Statistical Analysis

Statistical analyses were conducted using GraphPad Prism (v9). When radar plot area was
used as the dependent variable for comparing models or feature configurations, effects
were assessed using two-way analysis of variance (ANOVA). Statistical significance was
determined according to conventional criteria.

IIL.RESULTS

We first established a multimodal classification framework using eyes-closed resting-
state EEG data from 88 participants obtained from OpenNeuro (Figure 1). After standard
preprocessing, including band-pass filtering, ICA, and artifact removal, three categories of
EEG features were extracted: spectral measures, functional connectivity indices, and
microstate parameters. To reduce dimensionality while preserving major variance
components, PCA combined with parallel analysis was applied. The resulting components
were then entered into three classifiers, i.e.,, SVM, Elastic Net, and Random Forest, across
100 repeated cycles. Classification performance was evaluated using confusion matrices
and standard metrics including precision, recall, and F1 score.
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Clear differences in classification performance were observed across feature families and
model types (Figure 2). Connectivity features demonstrated moderate discriminatory
capacity among Alzheimer’s disease (A), frontotemporal dementia (F), and healthy
controls (C). As shown in Figure 2 (top row), the Elastic Net model exhibited a strong
classification bias toward the Alzheimer’s disease group, assigning the majority of
participants to this category. The SVM model showed some ability to distinguish healthy
controls; however, its overall accuracy remained limited and it failed to reliably identify
frontotemporal dementia cases.

Fig. 1 Workflow of the EEG processing and machine learning pipeline.
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Although the Random Forest model was capable of assigning samples to all three groups,
its class-wise accuracies were uniformly modest, indicating limited separability based on
connectivity features alone. Microstate features yielded relatively improved classification
performance compared to connectivity features (Figure 2, middle row). Under the Elastic
Net model, frontotemporal dementia cases were poorly identified, with most F
participants misclassified as Alzheimer’s disease. In contrast, both Random Forest and
SVM models demonstrated better group discrimination, although residual
misclassification persisted, particularly with a subset of F cases incorrectly assigned to A.
Spectral features showed intermediate discriminatory power (Figure 2, bottom row).
Both Elastic Net and SVM models failed to reliably classify frontotemporal dementia, again
exhibiting misclassification bias toward the Alzheimer’s disease group. While the Random
Forest model demonstrated some capacity to identify F, overall classification accuracy
across all three groups remained suboptimal. Collectively, classification performance
varied by feature family and model, with microstate features yielding the strongest
(though still imperfect) discrimination among A/F/C, whereas connectivity and spectral
features showed weaker separability and Elastic Net displayed a marked bias toward
predicting Alzheimer’s disease with persistent misclassification of F.
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Fig. 2 Confusion matrices are shown for Connectivity, Spectral, and Microstate (MS)
feature sets using Elastic Net (EN), Random Forest (RF), and Support Vector Machine
(SVM) classifiers. Each matrix represents the mean performance across 100 cross-
validation cycles. Rows correspond to true labels and columns to predicted labels (A
= Alzheimer’s disease, C = Healthy control, F = Frontotemporal dementia).
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To provide a unified performance index integrating precision, recall, and F1 score, we
quantified the geometric area of the radar plots defined by these three metrics for each
model-feature combination (Figure 3). In each radar plot, the three vertices correspond
to the diagnostic groups (A, C, and F), such that each axis represents the class-specific
value of the given metric (i.e., the radius along the A, C, or F axis reflects performance for
that group). For each metric (precision, recall, and F1), a triangular polygon was formed
by connecting the class-specific values across the three axes, and its area was used as a
composite measure capturing the overall balance between class-wise predictive value,
sensitivity, and harmonic-mean performance. Larger radar areas therefore indicate more
balanced and globally stronger classification performance across diagnostic groups and
evaluation metrics. Visually, microstate-based features show the largest and most
symmetric radar areas overall, particularly under the SVM and Random Forest models,
which indicated comparatively more balanced performance across classes, whereas
connectivity and spectral features frequently produce shrunken and skewed triangles,
reflecting uneven class performance and weaker discrimination.
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Fig. 3 Confusion Radar plots of class-wise precision, recall, and F1-score for
individual feature domains. Solid lines of radar represent mean class-specific
precision, recall, and F1-scores across 100 cross-validation cycles for Connectivity,
Spectral, and MS features using EN, RF, and SVM classifiers. Shaded areas represent
standard deviation. Axes correspond to diagnostic classes (4, C, F). Radar area
reflects balanced multi-class performance, integrating per-class behavior into a
single geometric measure.
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To quantify the radar plots, the two-way ANOVA performed on the radar-derived area.
Precision values revealed a significant interaction between feature family and algorithm
for precision-derived areas (Table I, F(4,707) = 28.09, p < 0.0001), as well as a robust
main effect of feature type (F(2,707) = 248.3, p < 0.0001). In contrast, the main effect of
algorithm was not significant (F(2,707) = 0.3196, p = 0.7265), indicating that overall
performance, as quantified by the integrated metric area, was primarily driven by the
intrinsic discriminative properties of the EEG feature family rather than by classifier
choice alone. For recall-based areas, both feature family (Table II, F(2,891) = 2525, p <
0.0001) and algorithm (F(2,891) = 499.6, p < 0.0001) showed highly significant main
effects, accompanied by a strong interaction (F(4,891) = 97.04, p < 0.0001). This suggests
that sensitivity-driven performance differed not only between feature representations
but also depended on classifier architecture. Similarly, F1l-derived area wvalues
demonstrated significant main effects of feature family (Table III, F(2,642) = 583.2, p <
0.0001) and algorithm (F(2,642) = 11.82, p < 0.0001), together with a significant
interaction effect (F(4,642) = 56.06, p < 0.0001). Across all composite metrics, microstate
features consistently exhibited the largest radar areas, followed by spectral features,
whereas connectivity features yielded smaller integrated areas when averaged across
algorithms.

Taken together, these findings indicate that when classification performance is evaluated
as a balanced integration of precision, recall, and F1, the dominant determinant is feature
representation rather than classifier type. Although certain algorithm-feature pairings
(e.g., connectivity features under Elastic Net) showed strong class-specific separability in
confusion matrices, aggregated geometric performance metrics highlight microstate
features as providing the most stable and globally balanced discrimination across
diagnostic categories.
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Fig. 4 Quantitative comparison of radar area for precision, recall, and F1-score
across individual feature domains. Bar charts represent the mean radar area (+ SD)
computed from 100 cross-validation cycles for Connectivity, Microstate (MS), and
Spectral feature sets. Radar area quantifies the geometric area of class-wise
precision, recall, and F1 plots, providing a global measure of balanced multi-class
performance. Statistical comparisons were performed using repeated-measures 2-
way ANOVA.
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IV. DISCUSSION

In the present study, we established an engineering-oriented, reproducible pipeline for
three-class classification of AD, FTD, and healthy controls using eyes-closed resting-state
EEG. A central methodological contribution is the unified horizontal benchmarking of
three commonly used EEG feature families, i.e., spectral, microstate, and functional
connectivity, under identical preprocessing, dimensionality reduction, validation, and
reporting conditions. Critically, instead of manually selecting a small, theory-driven
subset of features (a common source of bias and limited scalability), we adopted a fully
data-driven dimensionality control strategy based on PCA combined with PA, which is
widely recognized as a robust empirical method for determining the number of
components to retain [24, 25]. This design helps decouple “feature representation” effects
from “classifier” effects and provides an experimentally grounded methodological
template for EEG-based dementia screening and BCI-style deployment workflows.

Across models, FTD samples were consistently prone to being classified as AD,
suggesting that separability between these two dementia syndromes remains
intrinsically difficult when relying on resting-state EEG alone. Clinically, FTD is well
known to be frequently misdiagnosed as AD (and vice versa) [26, 27], reflecting
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overlapping symptom profiles, heterogeneous phenotypes, and imperfect ground-truth
labeling in real-world diagnostic pathways—factors that can compress inter-class
differences and inflate within-class variance in supervised learning [28]. From a
neurophysiological perspective, AD is strongly associated with resting-state spectral
slowing (e.g., increased theta power and elevated theta/alpha-related indices, alongside
reduced posterior alpha), and such global slowing signatures can partially overlap with
other neurodegenerative conditions or emerge in mixed/atypical presentations [29-31],
making AD-like patterns an “attractor” for classifiers trained on limited samples. In
addition, FTD is a pathologically and clinically heterogeneous umbrella, which can further
weaken a single [32], stable EEG fingerprint and increase the likelihood that
discriminative boundaries are dominated by the more stereotyped AD-related slowing
profile.

When comparing feature representations under the same pipeline, microstate features
yielded the strongest overall and most balanced discrimination, spectral features showed
intermediate performance, and connectivity features exhibited the weakest separability.
This pattern is consistent with the idea that microstates capture sub-second, whole-brain
spatiotemporal organization that may better reflect large-scale network dynamics
relevant to dementia syndromes [33, 34]. Supporting this interpretation, prior work has
suggested that EEG microstate measures can be sensitive to early-onset dementia
phenotypes and may aid differentiation between AD and FTD beyond conventional EEG
impressions [35, 36]. In contrast, connectivity metrics, even those designed to reduce
volume conduction such as phase-lag-based indices, can remain vulnerable to confounds
from limited montage density, reference choice, signal-to-noise variability, and the
difficulty of summarizing high-dimensional networks into stable subject-level descriptors
[37, 38], which may help explain their comparatively weaker performance in this dataset.
At the classifier level, SVM showed a slight advantage over Elastic Net and Random Forest
in achieving more balanced classwise performance, consistent with SVM’s tendency to
generalize well in small-to-moderate samples when decision boundaries are non-linear
but the effective dimensionality has been controlled via PCA/PA.

A. Limitations

Several limitations should be noted. First, results were derived from a single public
dataset with modest sample size and potentially imbalanced/heterogeneous class
structure, so external validity across sites, acquisition systems, and diagnostic standards
remains to be established. Second, we used the dataset-provided clinical diagnoses as
ground-truth labels for supervised learning; however, clinical differentiation between AD
and FTD can be challenging in practice, and overlap in symptom profiles and underlying
pathology may reduce separability in resting-state EEG. Thus, some misclassifications
may reflect inherent diagnostic and biological overlap rather than model failure alone.
Third, our feature sets were computed in sensor space; future work could test whether
source-level representations, individualized alpha-theta parametrization (including
aperiodic components), or multimodal fusion (e.g., EEG + clinical measures) improves AD-
FTD separability. Finally, to move toward real-world BCI-style screening, the next step is
rigorous cross-dataset validation with domain-shift handling, complemented by
calibrated uncertainty estimates (e.g., abstention on ambiguous AD/FTD cases) so that
the system can support clinical triage rather than force overconfident categorical
decisions.

V. CONCLUSION

Our study establishes a reproducible, data-driven resting-state EEG classification pipeline
for differentiating Alzheimer’s disease, frontotemporal dementia, and healthy controls. By
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benchmarking spectral, microstate, and connectivity features under identical
preprocessing and validation, and by using PCA with parallel analysis for automatic
dimensionality control, we reduce manual feature-selection bias and improve
methodological comparability. Overall, the proposed framework provides practical
guidance for building scalable EEG/BCI-oriented dementia screening systems and
highlights key challenges for future improvements in AD-FTD separation.

ACKNOWLEDGEMENT

[ thank Dr. Zhang, F.-R. for their helpful support and contributions to this work. We also
acknowledge Miltiadous, A., and colleagues for making their dataset publicly available,
which enabled portions of the analyses reported here.

TABLES

TABLE I Two-wAYy ANOVA FOR PRECISION

SS (Type IlI)] DF MS F (DFn, DFd) P
Interaction 0.7968 4 0.1992 |F(4,707)=28.09| <0.0001

Feature Factor | 3.522 2 1.761 |F(2,707)=2483| <0.0001

Algorithm Factor| 0.004534 | 2 | 0.002267 |F (2,707)=0.3196] 0.7265
Residual 5.015 707 | 0.007093

TABLE Il Two-wAY ANOVA FOR RECALL

SS (Type IlI)| DF MS F (DFn, DFd) P
Interaction 0.5549 4 0.1387 |F(4,891)=97.04| <0.0001
Feature Factor 7.220 2 3.610 F(2,891)=2525| <0.0001
Algorithm Factor 1.428 2 0.7141 |F(2,891)=499.6| <0.0001
Residual 1.274 891 | 0.001429

TABLE Il TWo-wAY ANOVA FOR F1 SCORE

SS (Type IlI)] DF MS F (DFn, DFd) P
Interaction 0.4416 4 0.1104 |F (4,642)=56.06| <0.0001
Feature Factor 2.297 2 1.149 F (2,642)=583.2| <0.0001
Algorithm Factor| 0.04655 2 0.02327 |F(2,642)=11.82| <0.0001
Residual 1.264 642 | 0.001969
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