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ABSTRACT

Dementia subtyping from routine scalp EEG could enable
low-cost decision support, but deep models often ignore 10—
20 electrode geometry and can overfit small clinical cohorts.
We introduce graph-harmonic scalpograms, a geometry-
aligned representation that projects 19-channel EEG onto
low-frequency scalp graph harmonics and converts harmonic
activity into compact time-frequency images. Using Open-
Neuro ds004504 (N = 88, eyes-closed; AD/FTD/CN),
recordings are segmented into 8s windows (75% overlap),
projected onto the first K = 12 non-DC graph modes, trans-
formed over 1-45Hz using F' = 60 log-spaced bins, and
encoded as Band-RGB scalpograms (d+6, «, +7) under
strict subject-wise 80/10/10 splits to prevent leakage. Models
are trained with class-weighted cross-entropy, geometry-
preserving spectro-temporal augmentations, and post-hoc
temperature scaling to improve probability calibration; eval-
uation is performed at the subject level by averaging window
posteriors with 95% BCa bootstrap confidence intervals.
A lightweight CNN trained from scratch achieves the best
subject-level performance (balanced accuracy 0.83 £ 0.07,
macro-F1 0.847 + 0.06, AUROC 0.95 + 0.05), outperform-
ing transfer baselines such as ResNet-34 (0.65 = 0.05 /
0.667 £ 0.04 / 0.90 £ 0.03). Overall, aligning the model
inductive bias with 10-20 sensor geometry supports accu-
rate, well-calibrated subject-level dementia subtyping using
lightweight CNNs that are promising for small clinical EEG

cohorts.
1. INTRODUCTION

Dementia subtyping from routine scalp EEG could provide
a low-cost, noninvasive adjunct to neuropsychological as-
sessment and imaging, especially in settings where access
to advanced biomarkers is limited [1]. Eyes-closed resting
EEG is widely available and quick to acquire, yet its use
in clinical decision support remains constrained by small
datasets, heterogeneous preprocessing, and representations
that either discard spatial structure or require large models
that are poorly suited to small clinical cohorts. Classical
EEG analyses for Alzheimer’s disease (AD) and frontotem-
poral dementia (FTD) emphasize bandpower changes (alpha
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slowing; increased delta—theta) [2], band ratios, and regional
asymmetries; other lines examine spectral aperiodic/periodic
separation [3], functional connectivity (e.g., wPLI/imaginary
coherence) [4], [5], and microstates. Deep learning work
commonly projects channel-wise signals to spectrograms and
applies CNNs or transformers; these approaches can be ef-
fective but often (i) ignore the 10-20 sensor geometry [6],
(ii) rely on large backbones that overfit small clinical cohorts,
and (iii) risk information leakage when splitting by windows
instead of subjects [7]. Graph-signal processing has been
explored [8] to encode spatial priors over electrode layouts,
yet most methods either require heavy graph construction
(subject-specific connectivity) or do not couple the graph
basis with a compact time—frequency (TF) representation
suitable for small-N training.

Problem Statement. We study routine 19-channel, eyes-
closed EEG from OpenNeuro ds004504 [9] (88 subjects;
AD/FTD/CN). Our goal is a geometry-aware representation
that (i) preserves smooth scalp structure, (ii) produces small
image-like inputs for lightweight models, and (iii) supports
strict subject-wise evaluation with calibrated outputs.

We project signals onto the lowest non-DC scalp graph
harmonics, i.e., eigenvectors [10] of a kNN graph with heat-
kernel weights built from 10-20 electrode coordinates, which
explicitly encodes spatial smoothness. The time-frequency
energy of harmonic coefficients yields a compact K x F' map.
We summarize it as Band-RGB scalpograms (§ + 0, a, 8 +
=), then standardize and resize the resulting geometry-aligned
image for common backbones. Training uses subject-wise
splits (80/10/10), class-weighted cross-entropy, and safe aug-
mentations (cutout; frequency masking along the F' axis). We
apply temperature scaling for calibration [11]. Evaluation is
at the subject level by averaging window probabilities and re-
porting bootstrap confidence intervals [12].

Contributions. (i) An interpretable graph-harmonic
scalpogram representation that enables small-capacity mod-
els. (ii) A calibrated subject-level evaluation protocol on
ds004504 designed to avoid leakage. (iii) An ablation iden-
tifying practical defaults (K=12, combinatorial Laplacian,
STFT) that balance spatial smoothness and discriminative
detail.
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Fig. 1: Geometry-aware EEG classification pipeline. We preprocess 19-channel EEG, project signals onto the lowest non-DC scalp graph
harmonics from a kNN 10-20 electrode graph, and compute per-mode STFT energy to obtain a compact K X F scalpogram. We then form a
three-channel Band-RGB encoding (R: § + 6, G: o, B: 8 + ) and feed the resulting image to a lightweight classifier for dementia subtyping.

2. RELATED WORK

EEG Markers for Dementia & Dementia Subtyping
Resting-state EEG has long been explored as a non-invasive
and low-cost biomarker for neurodegenerative disorders. A
large body of work reports characteristic spectral slowing
in Alzheimer’s disease (AD), typically reflected by reduced
posterior «v activity and increased d—6 power, together with
reduced dynamical complexity and altered coupling patterns.
Comprehensive reviews have summarized these findings and
the associated quantitative EEG (QEEG) pipelines based on
bandpower, complexity, and synchronization/connectivity
features [13], [14], [15]. More recently, expert recommen-
dations have emphasized the importance of standardized
resting-state EEG measures and evaluation practices for trans-
lation to clinical trials and decision support [16].

Beyond AD versus cognitively normal (CN) classifica-
tion, distinguishing AD from frontotemporal dementia (FTD)
remains clinically important and methodologically challeng-
ing. Prior work suggests that differences in topography and
spectral power ratios may support AD-FTD separation, al-
though reported performance depends on cohort characteris-
tics and protocol design [17], [18].

Deep Learning on EEG Time-Frequency & Topographic
Representations. Deep learning approaches for EEG com-
monly start from time—frequency representations (e.g., STFT
or wavelet spectrograms) and apply convolutional networks
that can be trained end-to-end. Compact architectures such
as EEGNet are widely used as strong baselines in small-
data EEG settings, while deeper ConvNet variants can learn
more expressive representations when sufficient data are
available [19], [20]. A key limitation of naive spectrogram
pipelines is that channels are often treated as independent
“rows,” which can underuse known electrode geometry. To
better exploit spatial structure, topology-aware image-like
encodings and recurrent-convolutional schemes have been

proposed to learn from spectrograms while preserving (ap-
proximately) scalp neighborhood relations [21]. In dementia-
focused applications, CNN-based frameworks operating on
spectrogram-derived inputs remain common, including recent
studies combining spectrogram representations with neural
or hybrid learning components [22], [23], [24].
Graph-Based EEG Learning & Spectral Graph Methods.
Graph signal processing and graph neural networks (GNN5s)
provide a principled way to model EEG channels on irreg-
ular domains, where nodes represent electrodes and edges
encode spatial proximity or functional relations. Localized
spectral graph filtering and graph convolutions have become
standard tools for learning on graphs [25], [26], motivating
EEG-specific GNN pipelines that explicitly leverage elec-
trode graphs for classification [27]. Recent reviews further
highlight the growing interest in GNNs for EEG analysis
and discuss design choices such as graph construction, pool-
ing, and dynamic connectivity estimation [28]. In parallel,
spectral graph theory offers interpretable multiscale represen-
tations through graph wavelets and Laplacian eigenmodes,
enabling geometry-aligned analysis of spatially smooth EEG
patterns [29]. These perspectives motivate approaches that
combine compact time—frequency features with geometry-
aware spatial bases to improve robustness on small clinical
datasets.

3. METHODS

Dataset & Preprocessing. We use the preprocessed deriva-
tives of OpenNeuro ds004504, consisting of 19-channel eyes-
closed resting-state EEG from three cohorts (AD/FTD/CN).
Recordings are loaded with MNE. To ensure consistent sen-
sor localization, legacy channel names (T3/T4/T5/T6) are
renamed to T7/T8/P7/P8 before attaching the standard 10-20
montage, which provides 3-D electrode coordinates for all
channels. Signals may be resampled to 250 Hz to reduce
computation. To prevent information leakage due to cor-



related windows from the same subject, we perform strict
subject-wise partitioning into train/validation/test splits using
an 80/10/10 ratio, stratified by diagnosis; all windows and
derived representations inherit the subject assignment.

Windowing & Frequency Discretization. Each continu-
ous recording is segmented into 8-s windows with 75% over-
lap (hop = 2 s). Windows with more than 20% missing sam-
ples are discarded. We restrict analysis to 1-45 Hz and dis-
cretize the spectrum into F' = 60 logarithmically spaced fre-
quency bins {f,, }£ _,.

Scalp Sensor Graph & Graph-Harmonic Basis. Let
{ri}}2, denote the 3-D electrode coordinates. We construct a
weighted undirected sensor graph using a k-nearest-neighbor
rule (default & = 3) based on Euclidean distances d;; =
lri — ;|2 Edge weights follow a heat kernel:

e exp(—dfj/az), j € kENN(4),
“ 0, otherwise, 1)

o =median{d;; : j € kNN(i)}.

Let W = [w;;] and D be the degree matrix. We use the
(combinatorial) graph Laplacian L. = D — W with eigen-
decomposition L = UAU . The eigenvectors {uy} form a
graph Fourier (harmonic) basis. We retain the lowest non-DC
modes

Uk = [ug,...,ux] € RIOXE 2)

with default K = 12.

Graph-Spectral Projection of EEG Windows. For each
time sample ¢ within a window, let z(¢) € R1? be the vector
of simultaneous sensor values. Because we exclude the DC
eigenvector ug, we remove the instantaneous sensor mean to
suppress the DC component:

(1) = a(t) — %11%@). 3)
This operation is equivalent to applying a per-time-sample
common-average reference (CAR) on the 19 channels; we use
it solely to suppress the DC graph mode and not as a separate
clinical rereferencing step. We then project the demeaned sig-
nal onto the retained graph harmonics:

c(t) = Uga'(t) e RE, 4)

yielding K harmonic coefficient time series {cx(t)}_ | per
window.

Time-Frequency Power On Harmonic Coefficients.
For each harmonic coefficient ¢ (t), we compute a short-time
Fourier transform (STFT) using a Hann window of length 2 s
and hop 2 s:

(1) = Setyhe -0
t

We summarize each window by the time-averaged power
spectrum

Py(f) = E. [Sk(f,7)?, (6)

sampled on the common frequency grid { f,, }£ _,. Stacking
over k yields a fixed-size harmonic power map

P e REXF, (7

for every EEG window.

Scalpogram Encoding, Resizing, & Normalization. We
use either (i) the full P € RX*F as a single-channel “scal-
pogram”, or (ii) a three-channel Band-RGB encoding derived
from canonical EEG bands: 6(1—4), (4-8), a(8—13), 3(13—
30), v(30—45) Hz. To keep the representation image-like
(K x F') while injecting band semantics, we form three chan-
nels by masking the frequency axis into band groups (Red:
0 U#, Green: «, Blue: 5 U~). Concretely, each RGB channel
is formed by averaging Py (f) within a predefined band group
(red: 640, green: «, blue: S++) and replicating that sum-
mary along the frequency axis for backbone compatibility;
this yields an RGB tensor I € RE*3 that preserves har-
monic ordering while injecting band semantics. Optionally,
for interpretation, we also compute band-averaged power per
harmonic, Plgb) — ﬁ > tep, Pu(f), and summarize bands
as R =P 4 pO) G = pl) B=pPB 4 PO Weresize
the resulting map with bicubic interpolation to 224 x 224 for
ResNet/VGG/VIT (or 299 x 299 for InceptionV3). Each im-
age is standardized independently using per-image z-scoring
and clipping:

P (I pd) _ 10-6
I—chp(g(j_)+€7 4,4)7 e=10"". )

Data Augmentation. To preserve the semantics of the
K x F representation, we apply augmentations limited to:
(i) random erasing (small rectangles), (ii) frequency masking
along the F’ axis (SpecAugment-style), and (iii) low-variance
Gaussian noise in log-power. We do not use flips, which
would alter harmonic order or invert frequency structure.

Models, Training, & Calibration. We evaluate stan-
dard image backbones (ResNet-18/34, VGG-16(BN), In-
ceptionV3, ViT-S/16) and a lightweight CNN trained from
scratch (four convolutional blocks + global average pooling
+ 3-way linear head). For single-channel inputs, we either
replicate channels or use a learned 1 x 1 convolution to adapt
to RGB backbones.

Class imbalance is handled with weighted cross-entropy
using weights inversely proportional to class frequencies;
we optionally apply label smoothing (¢ = 0.1). Models
are optimized with AdamW, cosine learning-rate decay with
warmup, mixed precision, and early stopping based on vali-
dation macro-F1.

After training, we calibrate probabilities via temperature
scaling. Given logits z, calibrated probabilities are

pe = softmax (%) . T>0, ©)
where T is fitted on the validation set by minimizing negative
log-likelihood.



Table 1: Subject-level performance comparison with classical ML baselines and the proposed lightweight CNN (mean £ 95% CI).

Model Input features / representation Bal. Acc. Macro-F1 AUROC

Logistic Regression PCA on flattened Band-RGB scalpograms 0.36 £0.05 0.42+0.04 0.66+0.04
LDA Region-averaged band powers and band-power ratios 0.43£0.06 0.474+0.05 0.78+£0.05
kNN (k = 3) PCA on flattened Band-RGB scalpograms 0.434+0.05 0.42£0.05 0.75+£0.05
SVM (RBF) Flattened Band-RGB scalpograms 0.57+£0.06 0.54+0.05 0.86=+0.04
Decision Tree Flattened Band-RGB scalpograms 0.478 £0.05 0.50+0.05 0.83+0.04
XGBoost Flattened Band-RGB scalpograms 0.544+0.05 0.55£0.05 0.67+£0.03
Lightweight CNN (ours) Band-RGB scalpograms 0.83+£0.07 0.847+£0.06 0.95+0.05

Subject-Level Aggregation & Evaluation. Because
clinical decisions are made per subject, we aggregate window-
level predictions into a subject prediction. For subject s with
N, windows, we average the calibrated window posteriors
(optionally using a 10% trimmed mean):

ﬁ(s) —

N,
Al]g Sop g —agmaxpl®.  (10)
S =1
We report subject-level balanced accuracy and macro-F1,
as well as one-vs-rest AUROC computed from subject-level
probabilities. We apply temperature scaling to improve prob-
ability calibration and compute calibration diagnostics (e.g.,
ECE) on the validation split; uncertainty is quantified using
95% BCa bootstrap confidence intervals over subjects.

4. RESULTS

4.1. Main Comparison.

Table 2 summarizes subject-level performance averaged
over 1,000 BCa bootstrap samples (95% CIs shown). The
lightweight CNN operating on Band-RGB scalpograms is the
top performer, reaching Bal. Acc. 0.83 £ 0.07, Macro-F1
0.847 + 0.06, and AUROC 0.95 + 0.05. Among transfer-
learned baselines, ResNet-34 is the strongest (0.65 £ 0.05
bal-acc; 0.667 = 0.04 macro-F1; 0.90 +0.03 AUROC), while
ResNet-18 and ViT-S/16 form a middle tier. InceptionV3 and
VGG-16(BN) underperform on accuracy/F1 despite moderate
AUROC values.

Two observations stand out. (i) Capacity vs. inductive
bias: deeper or more complex backbones did not yield higher
subject-level accuracy; the best model is the smallest one,
suggesting that our K X F' representation with Band-RGB
already encodes a strong spatial-spectral prior that benefits
from local convolutional biases rather than high-capacity
feature mixers. (ii) Ranking vs. decision quality: VGG-
16(BN) attains relatively high AUROC (0.91 4 0.04) yet
low Macro-F1 (0.32 +£ 0.05), indicating good score ranking
but poor operating-point behavior under class imbalance. In
contrast, the light CNN pairs high AUROC with high Macro-
F1, reflecting both separability and usable calibration for
3-way decisions. Decisions are made per subject by aver-
aging window-level probabilities (not logits). Using a 10%
trimmed mean changed results by < 0.5 Macro-F1 points on
validation and remained within the reported Cls, so we fixed
plain averaging for test reporting.

Table 2: Subject-level performance (mean £+ 95% CI over boot-
strap).

Model Input Bal. Acc. Macro-F1  AUROC

ResNet-18 Band-RGB 0.54£0.04 0.5040.03 0.78+0.02
ResNet-34 Band-RGB 0.65£0.05 0.667+0.04 0.9040.03
ViT-S/16 Band-RGB 0.60+£0.05 0.52+0.04 0.7540.03
InceptionV3  Band-RGB 0.34+0.05 0.2040.04 0.8240.03
VGG-16(BN) Band-RGB 0.40+0.06 0.3240.05 0.9140.04

CNN (light) Band-RGB 0.83+0.07 0.847£0.06 0.95+0.05

Comparison with Classical Machine-Learning Baselines.
Table 1 contrasts standard classical machine-learning (ML)
baselines against our lightweight CNN when trained/evaluated
using the proposed Band-RGB scalpogram representation.
For the classical ML models, each scalpogram is converted
into a fixed-length feature vector (flattened), and PCA is
applied where indicated to reduce dimensionality; in addi-
tion, we include a handcrafted-feature baseline using region-
averaged band powers and band-power ratios. In contrast,
the lightweight CNN operates directly on the Band-RGB
scalpogram images, preserving spatial-spectral structure and
enabling end-to-end feature learning. All results are reported
at the subject level as mean £ 95% confidence intervals (CI).

Ablation Studies. Table 3 explores three design axes. (i)
Graph harmonics K. Peak at K = 12 (Macro-F1 0.84);
K = 6—9 underfit spatial structure, X = 15 adds high-
frequency noise/overfit. (ii) Laplacian. Combinatorial >
symmetric-normalized (0.84 vs. 0.77 Macro-F1), likely due
to better preservation of informative degree patterns on 19
nodes. (iii) Time—frequency. STFT > CWT > SST (Macro-
F1: 0.8475/0.6564/0.4722); fixed tiling aligns with resizing
and per-image z-scoring.
Table 3: Ablation study (Macro-F1).

Macro-F1

0.76 / 0.774 / 0.84 / 0.699
0.84 / 0.77
0.8475 / 0.6564 / 0.4722

Setting Variant

#Harmonics K 6 / 9 / 12 / 15
Laplacian Comb. / Norm.
T-F Engine STFT / CWT / SST

Interpretability, Calibration, and Robustness. Low-
order harmonics (u; — ug) form smooth global waves; be-
yond u1o they become localized/inconsistent, matching the
K ablation (Fig. 2). Class scalpograms align with neurophys-
iology—CN shows posterior o (G), while AD/FTD exhibit
elevated 6+6 (R), broadened «, and weaker S+~ (B) (Fig. 3).
The pipeline is compact: derivatives — graph projection —
STFT — Band-RGB — classifier (group-aware batching,
temperature scaling) (Fig. 1). Uncertainty is reported as 95%



BCa bootstrap CIs over subjects (1,000 resamples) in Ta-
bles 2—-3. Post-hoc temperature scaling is used as a standard
post-hoc step to improve the reliability of predicted proba-
bilities; we fit it on the validation split and report metrics on
held-out test subjects. Sanity checks confirmed strict subject-
wise splits (no leakage), approximate energy conservation
(sensor vs. graph; excluding DC), and well-conditioned low-
frequency spatial modes.

Graph Harmonics u; to us on the Scalp

uy (A=0.000)

u (A=0.702)

u3 (A=0.928)

us (\=1.068)

Fig. 2: Graph harmonics u; ... ug on the scalp: smooth spatial
waves validate the geometric prior.

(a) Healthy(CN) (b) AD (c) FTD
Fig. 3: Class-conditioned scalpograms (CN, AD, FTD). Band-RGB
mapping (640, o, B+y) emphasizes cross-band contrasts.

S. DISCUSSION

Our results indicate that geometry-aware scalpograms de-
rived from graph-harmonic projections provide an effective
and compact representation for subject-level dementia clas-
sification from routine EEG. On OpenNeuro ds004504, a
lightweight CNN operating on Band-RGB images achieved
the strongest performance (Bal. Acc. 0.83+0.07, Macro-
F1 0.847+0.06, AUROC 0.9540.05), outperforming deeper
ImageNet-initialized backbones.

Inductive Bias vs. Capacity. With limited clinical data,
locality and translation-equivariant inductive bias appeared
more beneficial than additional depth or long-range token
mixing: the light CNN exceeded ResNet-34, ViT-S/16, VGG-
16, and InceptionV3, indicating that K x F' energy maps ben-
efit from convolutional biases more than heavy architectures.

Scalp Graph as Scaffold. Ablations peak at K=12;
smaller K underfit spatial structure, larger K add high-
frequency noise. The combinatorial Laplacian outperformed
the symmetric-normalized variant on the 19-node montage.

Under our standardization and Band-RGB mapping, STFT >
CWT > SST.

Interpretability, Calibration, & Robustness. Low-
order harmonics are smooth global waves (Fig. 2); class scal-
pograms align with expected posterior o in CN and broader
low-frequency power in dementia (Fig. 3). Probabilities are
well calibrated via temperature scaling. We use subject-wise
splits to avoid leakage, average window posteriors for sub-
ject decisions, and report BCa bootstrap CIs over subjects
(IN=88). The pipeline requires only the standard 10-20 mon-
tage and can be applied under different referencing schemes
when used consistently; we recommend reporting the refer-
ence choice and preprocessing settings for reproducibility.

Clinical and Scientific Impact. Graph-harmonic scal-
pograms couple a biophysically plausible spatial prior with
a computationally light pipeline, yielding calibrated, subject-
level decisions from routine EEG. Because they rely on stan-
dard clinical montages and produce interpretable intermedi-
ate maps, they are amenable to retrospective screening and
workflow integration (e.g., flagging studies with dementia-
like spectral profiles). Scientifically, the observed peak at
K =12 supports the view that dementia effects manifest as
low-to-moderate spatial frequency patterns rather than highly
localized features.

Limitations. This single-site, eyes-closed dataset has a
modest sample size (N=88), limiting external validity. We
did not explicitly separate aperiodic/oscillatory components
or model connectivity/microstate dynamics, and potential
confounds (e.g., age, disease duration) were not adjusted in
the classifier. Results may depend on the A1-A2 reference,
TF hyperparameters, and Laplacian construction.

6. CONCLUSION

We propose a geometry-aware EEG pipeline that projects 10—
20 sensor signals onto scalp graph harmonics and converts
harmonic coefficients into compact time—frequency scal-
pograms for dementia subtyping. On OpenNeuro ds004504
(88 subjects; 19-channel, eyes-closed EEG), a lightweight
CNN trained on Band-RGB scalpograms achieves the
best subject-level results (Bal. Acc. 0.83+0.07, Macro-
F1 0.847£0.06, AUROC 0.9540.05), surpassing deeper
ImageNet-pretrained backbones. Ablations support practi-
cal defaults ({=12 non-DC harmonics, combinatorial Lapla-
cian, STFT), showing that an explicit geometry-aligned in-
ductive bias can outperform higher-capacity models in the
small-N clinical regime. The evaluation protocol is de-
signed to resist leakage through strict subject-wise splitting
and yields calibrated probabilities that are more clinically in-
terpretable. Future work will validate robustness across sites
and hardware, incorporate covariate-aware and causal analy-
ses, model periodic/aperiodic structure, integrate connectivity
and microstates, and scale via self-supervised pretraining and
domain adaptation.
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