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Abstract

EEG-based dementia classification often degrades
under clinically realistic subject-wise evaluation
due to non-stationarity and large inter-subject vari-
ability. A key modeling limitation is relation com-
pression: many EEG-GNN pipelines encode func-
tional connectivity as scalar edge weights and blur
interaction structure during message passing, while
models may also exploit subject-specific cues.
We propose ST-BiT, a Spatio-Temporal Bipartite
Transformer that represents electrodes as node to-
kens and functional interactions as explicit, learn-
able edge tokens. Edge tokens preserve pairwise
coupling patterns and are updated only from their
endpoint electrodes via incidence-masked cross-
attention, while electrode tokens aggregate in-
formation only from incident edges. Window-
wise sparse graphs are constructed from time-
sample correlations of band-limited signals to-spar-
sify and initialize edge tokens. ST-BiT combines
this interaction-preserving backbone with tempo-
ral self-attention, lightweight band attention, and
domain-adversarial alignment to-reduce subject
bias. On OpenNeuro ds006036 (eyes-open with
photic stimulation), using leakage-free subject-
wise stratified 5-fold cross-validation with nested
model selection, ST-BiT achieves 93.0% accuracy
for CN vs. (AD+FTD) and 76.1% for CN/AD/FTD,
outperforming classical ML and GNN baselines
under identical folds. To assess robustness across
recording states and align with prior work on this
cohort, we also evaluate on the ds004504 (eyes-
closed) dataset.

1 Introduction

Dementia is a growing clinical burden, yet scalable screen-
ing and reliable differential diagnosis remain limited outside
specialized centers [Aranda er al., 2021]. EEG offers an ap-
pealing path toward accessible assessment, due to its low cost
and sensitivity to fast neural dynamics [Paitel et al., 2025];
however, dementia classifiers often degrade under leakage-
free subject-wise evaluation because inter-subject shifts and

non-stationarity encourage reliance on subject- or session-
specific cues [Varoquaux, 2018]. A second, more structural
limitation lies in how many EEG graph pipelines represent
interactions [Li et al., 2023]. Dementia phenotypes are not
only reflected in regional spectral changes but also in al-
tered functional coupling across scalp regions [Jeong, 2004;
Musaeus et al., 2019]. Yet most EEG-GNN approaches en-
code connectivity as scalar edge weights and then compress
relation information into node embeddings through message
passing [Cui‘et al., 2023]. This relation compression discards
interaction-specific structure that may matter most for sub-
typing problems such as differentiating Alzheimer’s disease
(AD) from frontotemporal dementia (FTD), where scalp-
level signatures can overlap and subtle coupling patterns may
be discriminative.

We propose ST-BiT (see Figure 1), a Spatio-Temporal
Bipartite Transformer that represents electrodes and
electrode-electrode relations as distinct token types. ST-BiT
models electrodes as node tokens and retained func-
tional connections as learnable edge tokens, updated using
incidence-masked cross-attention: each edge token is updated
only from its two endpoint electrodes, and each electrode
aggregates information only from its incident edges. This
preserves interaction structure rather than collapsing relations
into scalar adjacency weights. Window-wise sparse graphs
are constructed from per-band time-sample correlations
of band-limited signals and are used to sparsify connec-
tions and initialize edge tokens. The interaction-preserving
spatial backbone is combined with temporal self-attention
across windows, lightweight frequency-band attention, and
domain-adversarial alignment to reduce subject-specific bias.

We evaluate primarily on OpenNeuro ds006036 (eyes-open
with photic stimulation) from an 88-subject cohort (29 CN,
36 AD, 23 FTD) under leakage-free subject-wise stratified 5-
fold cross-validation with nested model selection, a setting
less studied than the eyes-closed benchmark for this cohort.
To assess robustness across recording states and connect with
prior literature, we additionally evaluate ST-BiT on Open-
Neuro ds004504 (eyes-closed) under the same leakage-free
subject-wise protocol.

Our contributions are as follows:

* Interaction-preserving EEG modeling. We introduce
ST-BiT, a bipartite transformer that represents func-
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Figure 1: Overview of the proposed ST-BiT architecture. (1) Preprocessing and features: EEG is band-pass filtered (0.5-50 Hz), denoised
with Kalman smoothing, and segmented into 8s window features via differential entropy over five bands (6—y). (2) Graph Construction:
per-window functional connectivity is estimated using time-sample correlations of band-limited signals, then sparsified and converted to a
bipartite incidence representation with electrode node tokens and explicit edge tokens. (3) Backbone: band attention, a temporal transformer
for window-to-window dynamics, and incidence-masked bipartite cross-attention that exchanges information between node and edge tokens.
(4) Heads: masked pooling and classification; an auxiliary domain discriminator supports adversarial subject-invariant learning.

tional connections as explicit edge tokens and updates
node and edge tokens via incidence-masked node cross-
attention, mitigating relation compression.

Robust spatio-temporal-spectral learning. We couple
the bipartite backbone with temporal self-attention, band
attention, and domain-adversarial alignment to improve
subject-wise robustness.

Comprehensive evaluation on eyes-open dementia
subtyping. We provide leakage-free nested subject-
wise cross-validation on eyes-open EEG with ablations
and sensitivity analyses, and we additionally evaluate
on eyes-closed recordings to-assess robustness across
recording states and connect with prior work on this co-
hort.

2 Related Work

Early EEG-based dementia studies paired handcrafted spec-
tral complexity descriptors with classical classifiers [Jeong,
2004]. Although effective in subject-dependent settings, per-
formance often degrades under subject-wise evaluation due to
inter-subject variability and recording-condition shift. Deep
models (CNNs, time-frequency networks, transformers) have
improved EEG-based dementia classification [Wang et al.,
2024; Stefanou et al., 2025], but many pipelines still decom-
pose space, time, and frequency into loosely coupled mod-
ules and provide limited support for explicitly modeling inter-
electrode interactions. Graph neural networks (GNNSs) in-
corporate functional connectivity by representing electrodes

as'nodes and connectivity estimates as edges [Klepl et al.,
2022]. In common EEG-GNN formulations, edges are treated
as scalar weights and interaction information is propagated
via message passing. This design can induce relation com-
pression: edge-specific structure is absorbed into node em-
beddings, potentially blurring interaction patterns that matter
for fine-grained phenotyping (e.g., AD vs. FTD) [Hasan er
al., 2024].

Heterogeneous and bipartite attention architectures miti-
gate relation compression by treating relations as explicit
entities and alternating node—edge and edge—node up-
dates, enabling learned relation representations rather than
fixed adjacency scalars [Hu er al., 2020; Kim et al., 2022;
Yun et al., 2019]. Separately, domain-adversarial learning
with gradient reversal reduces subject-specific bias by en-
couraging representations that are predictive of the label of
interest while being uninformative of subject identity [Ganin
etal.,2016].

ST-BiT builds on these directions by modeling functional
connections as explicit edge tokens updated using incidence-
masked cross-attention between node and edge tokens, and
by combining this interaction-preserving backbone with tem-
poral self-attention, lightweight band attention, and domain-
adversarial alignment to support robust subject-wise demen-
tia screening and subtyping.
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3 Dataset and Problem Formulation

We study EEG-based dementia screening and subtyping un-
der subject-wise evaluation. All experiments are conducted
on publicly available datasets to ensure reproducibility.

3.1 Datasets

We use two publicly available EEG datasets hosted on Open-
Neuro, collected from a single clinical cohort of 88 subjects
(29 cognitively normal (CN), 36 Alzheimer’s disease (AD),
and 23 frontotemporal dementia (FTD)) at the 2nd Depart-
ment of Neurology, AHEPA General Hospital (Thessaloniki,
Greece) [Ntetska er al., 2025]. Participant demographics are
summarized in Table 1. EEG was recorded using a 19-channel
10-20 montage at a sampling rate of 500 Hz. Each recording
is denoted X(™ € RT™x19 with label y™ € {0, 1,2} cor-
responding to CN, AD, and FTD.!

Group N Age(y) MMSE Rec. Dur. (min)

CN 29 67.9+£5.4 30.0£0.0 6.43
AD 36 66.4+79 17.8+4.5 4.86
FTD 23 63.6 £8.2 22.2+8.2 4.42

Table 1: Participant demographics for the 88-subject cohort
(mean£SD). The same cohort was recorded in ds006036 (eyes-open
photic stimulation) and ds004504 (eyes-closed resting-state).

Eyes-Open Dataset (ds006036). The ds006036 [Ntetska et
al., 2025] dataset, recorded under eyes-open conditions with
incremental photic stimulation (5-30 Hz), is used as the pri-
mary evaluation dataset for training ST-BiT and for com-
parison against classical machine learning, graph-based, and
deep-learning baselines. Representative grand-average de-
noised EEG waveforms highlighting cohort-level differences
in amplitude and temporal variability are shown in Figure 2.
Group-averaged band-power scalp topographies illustrating
spatial distribution differences across cohorts are shown in
Figure 3.

Why ds006036 (eyes-open) is challenging and under-
benchmarked. Unlike the commonly studied eyes-closed
resting-state setting, ds006036 contains eyes-open record-
ings with photic stimulation, which introduces stronger non-
stationarity and amplifies inter-subject variability. To our
knowledge, there is no established leakage-free subject-wise
benchmark with standardized folds for this setting; we there-
fore treat ds006036 as the primary benchmark and report a
unified subject-wise nested-CV protocol to support consistent
comparison.

Eyes-Closed Dataset (ds004504). To evaluate robustness
to recording conditions, we additionally assess ST-BiT on
the ds004504 dataset [Miltiadous et al., 20241, which con-
sists of eyes-closed resting-state EEG recordings from the
same cohort. This dataset is used exclusively to assess gen-
eralization and to enable comparison with prior works on

"For binary screening, AD and FTD are grouped into a single
dementia class.

the same cohort [Kim et al., 2025; Stefanou et al., 2025;
Hasan et al., 2024].

3.2 Tasks

We consider two classification tasks: (i) binary screening
(CN vs. AD+FTD) and (ii) three-way subtyping (CN vs. AD
vs. FTD).
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Figure 2: Grand-average denoised EEG waveforms (ds006036
eyes-open) over a 75s interval for AD (charcoal), FTD (teal), and
CN (gold). Cohorts show distinct offsets and amplitude fluctuations;
AD exhibits higher temporal variability relative to CN.
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Figure 3: Group-averaged EEG scalp topographies (ds006036, eyes-
open) of band-limited power across d—y for CN, AD, and FTD, il-
lustrating qualitative differences in spatial power distribution across
frequency bands.

4 Methodology

ST-BiT is a spatio-temporal bipartite transformer designed
for clinically realistic subject-wise dementia screening and
subtyping from EEG. The pipeline (see Figure 1) consists
of: (i) preprocessing and window-level feature extraction, (ii)
window-wise functional connectivity estimation and conver-
sion to a bipartite incidence graph, and (iii) spatio-temporal
modeling with explicit node-edge relational attention and
subject-invariant learning.

4.1 Preprocessing and Feature Representation

We use a standard EEG preprocessing procedure that re-
tains physiologically meaningful rhythms while suppress-
ing broadband noise. Each channel is band-pass filtered to
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0.5—-50 Hz using a zero-phase IIR filter and Kalman smooth-
ing [Nalatore et al., 2009] to reduce measurement noise. We
segment each recording into non-overlapping 8s windows
{w, }m3_ For each window, we isolate the canonical EEG
bands
B ={(0.5-4), 6(4-8), «(8-13), 4(13-30), v(30-50)} Hz,
ey
using zero-phase filtering and compute differential entropy
(DE) [Duan et al., 2013] per electrode and band under a Gaus-
sian assumption:

DE(w,;) = 1 In(2me afyb), Jib =1 (WT,b[i]—v’\/ﬁb)Q.
1
@)
Stacking DE features over N=19 electrodes and |B|=5
bands yields F € RTmaxXNX5_We apply per-recording z-
score normalization for each channel-band series, pad se-
quences to Tiax, and use a binary mask M € {0, I}Tmax
to ignore padded windows in attention and pooling. Mini-
batches are represented as Fpaion € REXTmaxxXNX5 with
masks Mpaeen € {0, 1} 5> Tmax,

L

7

4.2 Window-Wise Functional Connectivity &
Bipartite Graph Construction

Dementia-related EEG alterations may manifest not only in
regional activity but also in disrupted functional coupling
across scalp regions. To expose interaction structure explic-
itly, we estimate functional connectivity within each window
and convert the resulting electrode graph into a bipartite inci-
dence representation, allowing electrode activity and interac-
tions to be modeled as distinct token types. For each window
7 and frequency band b € B, we compute Pearson correlation
across time samples of the band-limited signals [Zheng et al.,
2025]:

pg’b) = Corr(zript], 7 jp[t]), t=1,000,L, (3)
where z, ;5 € R’ denotes the band-pass filtered signal at
electrode ¢ within window 7. We convert band-wise cor-
relations to nonnegative edge strengths using a contrast-
enhancing power transform:

ATV =lo @

where larger p increases the separation between strong and
weak couplings. In all experiments we set p € {1,2,3} (se-
lected on the validation folds), and then we sparsify each
window graph by retaining the top-K edges per node based

P
O >,

on A,E;’b). We aggregate bands by averaging retained A(™-?)
across b € B to form a single sparse adjacency per window.
The retained edges define the interaction structure for window
7 and initialize relation features for edge tokens.

We represent each retained electrode pair (i, 7) as an ex-
plicit edge token e;; and form a bipartite incidence graph
G = (VUE,C), where V are electrode nodes, £ are edge
tokens, and incidence links are

C:{z'<—>el-j,j<—>el-j\i<j}. (5)
This construction preserves interaction structure and avoids
compressing functional relations into scalar adjacency
weights during representation learning.

4.3 ST-BiT: Spatio-Temporal Bipartite
Transformer

ST-BiT integrates three complementary dimensions of
dementia-relevant EEG structure: (i) spatial topographies
across electrodes, (ii) temporal dynamics across windows,
and (iii) spectral variation across frequency bands. Its core
architectural contribution is incidence-masked node<+edge
cross-attention, which treats functional interactions as first-
class entities and supports robust subject-wise learning when
combined with domain-adversarial alignment.

Incidence-Masked Node<>Edge Cross-Attention. For
each window 7, let V.. € RV >4 denote electrode node tokens
and E, € RM-*d denote edge tokens for the M, retained
functional connections (Section 4.2). Let I, € {0, 1}V*M~
be the incidence mask, where (I;); = 1if node ¢ is incident
to edge m. ST-BiT alternates incidence-masked multi-head
cross-attention (MHCA) updates:

E, + MHCA(Q=E,, K=V, V=V, mask=1])
(6)
V,+MHCAQ=V,, K=E,, V=E,; mask=1,).
@)

Non-incident query-key pairs are suppressed by additive —oo
masking of attention logits. Each MHCA block is followed
by residual connections, layer normalization, and a position-
wise feed-forward network. This mechanism ensures that
each relation token is updated only from its endpoint elec-
trodes, and each electrode aggregates information only from
incident relations.

Spatial Module (Within-Window). For each window 7,
we embed the 5-band DE features into d dimensions:

VO =F . W,.+b,, F, e RV v(0) ¢ RN*d (g)

We apply L, transformer encoder layers to capture within-
window spatial structure, and then apply the bipartite
node<+edge attention block (Eqs. 6-7) to integrate electrode
activity and functional interactions.

Temporal Module (Across Windows) with Temporal

Edges. Let \77 denote the spatially updated electrode to-
kens for window 7. We summarize each window into a win-
dow token and construct a masked sequence S € R7max>d:

N
1 ~
Sr = N § VT,i7

i=1

S =[sy,... ©)

STl

We apply L; temporal transformer layers with the padding
mask M to model non-stationary dynamics across windows.
To mirror relation-centric modeling over time, we define
sparse temporal edge tokens by connecting each window 7
to its £r neighbors and apply the same incidence-masked
node<+edge attention between window tokens and temporal
edge tokens using an analogous incidence mask.

Stimulation/Spectral Band Attention. In Figure 1, the
“stimulation module” denotes the spectral band-attention
component used to adaptively weight canonical EEG rhythms
under the eyes-open photic-stimulation recording condition,
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Binary (CN vs. AD+FTD)

Multi-class (CN vs. AD vs. FTD)

Model

ACC F1 Prec. Rec. AUC ACC F1 Prec. Rec. AUC
Classical ML Models
SVM [Jakkula, 2006] 79.48+59 0.72+0.11 0.844+0.07 0.724+0.09 0.86£0.07 45.10+£15.2 0.3440.12 0.3740.11 0.40£0.14 0.5940.14
Logistic Regression [Peng e al., 2002] ~ 76.14+9.2  0.724+0.13 0.73+0.11 0.73+0.13 0.85+0.05 51.96+12.9 0.504+0.12 0.504+0.12 0.52+0.13 0.66+0.12
KNN [Guo et al., 2003] 74.97+9.3 0.69+0.13 0.724+0.13 0.6940.11 0.71£0.11 47.39+13.6 0.4240.11 0.4640.17 0.45£0.13 0.63+0.13
Random Forest [Rigatti, 2017] 77.19+54 0.70+£0.09 0.814+0.07 0.7040.08 0.75£0.11 44.1248.8 0.394+0.09 0.3940.09 0.42+0.10 0.63+0.15
Gradient Boosting [Ke et al., 2017] 66.01+£5.7 0.60+0.08 0.61+£0.09 0.60£0.07 0.684+0.05 41.83+11.9 0.39+0.10 0.41+0.11 0.41£0.10 0.5840.12
AdaBoost [Schapire, 2013] 71.57+6.1  0.66+0.06 0.71+0.10 0.6740.07 0.75£0.04 44.18+15.1 0.4340.15 0.454+0.15 0.43+0.14 0.6010.12
XGBoost [Chen and Guestrin, 2016] 69.48+7.9 0.65+0.11 0.664+0.10 0.6640.10 0.74£0.07 43.01£11.5 0.3940.10 0.384+0.10 0.41£0.11 0.6140.12
MLP [Murtagh, 1991] 70.46+7.3 0.57+0.14 0.63+0.19 0.6040.11 0.66+£0.10 45.29+12.3 0.4040.08 0.4440.11 0.43+0.10 0.63+0.16
Graph Neural Networks
GCN [Kipf and Welling, 2017] 7157452 0.53+0.12 0.63+0.25 0.58+£0.08 0.784+0.07 43.07+4.8 0.27+0.07 0.32+0.15 0.37£0.06 0.6040.20
GraphSAGE [Hamilton et al., 20171 72.75+6.4 0.59+0.12 0.72+0.21 0.614+0.08 0.76£0.04 46.47+13.9 0.354+0.18 0.404+0.22 0.42+0.15 0.68+0.15
GAT [Veli¢kovié er al., 2018] 73.86+4.5 0.68+0.02 0.774+0.09 0.6940.02 0.77£0.04 46.414+8.8 0.331+0.10 0.3040.09 0.41£0.09 0.61+0.17
ST-BiT (Ours) 93.011+6.87 0.93+0.06 0.97+£0.05 0.90+0.10 0.954+0.05 76.14+2.05 0.75+0.03 0.80+0.03 0.76+0.04 0.82+0.04

Table 2: Dementia-EEG classification performance across subject-wise stratified 5-fold cross-validation (Mean £ SD). Best results in each
column are highlighted in soft yellow and bold. Note: Experiments use OpenNeuro ds006036 eyes-open EEG with photic stimulation. For
consistency with prior work, we report mean+SD across the five outer folds for all methods, including ST-BiT.

rather than a separate external-stimulus input. Within each
electrode-window, we apply lightweight attention over the
five band embeddings to emphasize diagnostically informa-
tive spectral components. For electrode ¢ in window 7, each
scalar DE feature f,;; € R is independently projected to a
d-dimensional band embedding:

grib = fribWp+Ch Wp, Cp € R (10)

where wy, and c; are learnable parameters shared across elec-
trodes and windows. We then compute attention over these
band embeddings:

eXP(gT,i,bg;l—,i7b//\/g)
S pren exp(8risgl; y/Vd)
g‘r,i,b = Z Ay Gr,i,b -
b'eB

Masked Pooling & Prediction. Let Z € R7maxxNxd de_
note the final electrode representations: We apply masked
mean pooling over valid windows and electrodes:

(1)

Qpp =

12)

Tne N
1
= M2 Z., | eRY (13)
DLETIPIEL Lo R

and predict diagnosis using.an MLP classifier f.is(z) for bi-
nary screening or three-class subtyping.

Domain-Adversarial Subject-Invariant Learning. EEG
exhibits strong inter-subject shifts that can cause models to
overfit subject identity cues. To encourage subject-invariant
representations, we adopt domain-adversarial learning with a
gradient reversal layer (GRL). Using the pooled embedding z
(Eq. 13), we predict diagnosis and subject identity:

§ = fas(z), 8= faom(GRA(2)), (14)
where GR, acts as identity in the forward pass and multi-

plies gradients by —\ during backpropagation. The min—max
objective is

min max Les(y,9) — A Ldom (s, §), (15)

07,0, O

equivalently implemented as £ = Lqs + A Lgom With
GRL. We use cross-entropy for both terms. We use DANN
as subject-invariant adversarial regularization [Ganin et al.,
2016; Zhang et al., 2023]: the discriminator is trained only
on training-subject IDs within each fold (never test IDs) with
a lightweight MLP, and X is warmed up from O to 1 during
early epochs for stability. Here, s denotes the subject identi-
fier within the training fold (one domain per subject).

5 Experimental Setup

Evaluation Protocol. We evaluate cross-subject general-
ization using stratified 5-fold cross-validation [Varoquaux,
2018] with subject-wise splits: all windows from a subject
are assigned to exactly one fold. In each outer fold, 80% of
subjects are used for training and 20% are held out for testing
while preserving class ratios. Hyperparameters are selected
via nested cross-validation on training subjects only. We re-
port mean+SD across the five outer folds for all experiments.

Prediction Granularity (Subject-Level). All metrics are
computed at the subject level. Each recording is segmented
into windows, processed by the model, and aggregated into
a single embedding via masked pooling over valid windows
(Eq. 13), yielding one prediction per subject. Classical ML
baselines use the same evaluation unit by mean-pooling win-
dow features within each subject (using the same padding
mask) under identical subject-wise folds.

Metrics. We report accuracy (ACC), macro-F}, precision,
recall, and AUC. For the three-class task, AUC is computed
one-vs-rest and macro-averaged.

Implementation Details. All models are implemented in
PyTorch and trained with AdamW (learning rate 10~3 with
cosine decay, batch size 8, weight decay 10, gradient
clipping 1.0) with early stopping on validation accuracy.
Inputs are DE features from non-overlapping 8s windows
over five bands, forming tensors of shape (B, Tiax, 19,5)
with padding masks; all baselines and ST-BiT use identical
subject-wise folds and are tuned on training subjects only.
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Method ACC Fi Ref.

EEGNet (all) [Lawhern et al., 2018] 44.44 044  [Kim et al., 2025]
Informer [Zhou et al., 2021] 4845 0.46 [Wang et al., 2024]
EEGNet [Lawhern er al., 2018](6+«a)  50.00 0.40  [Kim et al., 2025]
Crossformer [Zhang and Yan, 2023] 5045 0.46 [Wang et al., 2024]
Transformer [Vaswani et al., 2017] 50.47 0.48  [Wang et al., 2024]
SVM-RBEF [Cortes and Vapnik, 1995]  51.35 0.51 [Hasan ez al., 2024]
Medformer [Wang et al., 2024] 5327 0.51 [Wang et al., 2024]
CNN-Spec. [Stefanou et al., 2025] 5428 049 [Kim et al., 2025]
LDA [Fisher, 1936] 55.69 0.56 [Hasan eral., 2024]
Lin. SVC [Cortes and Vapnik, 1995] 57.54 0.58 [Hasan et al., 2024]
EfficientNet [Tan and Le, 2019] 61.11 049 [Kim et al., 2025]
SSPNet [Kim e al., 2025] 7222 0.72  [Kim eral., 2025]
ST-BiT (Ours) 7392 0.71  Ourwork

Table 3: Comparison on OpenNeuro ds004504 (eyes-closed) for 3-
class CN/AD/FTD. Rows above ST-BiT are reported from the cited
papers and are included for context; Best values are highlighted in
soft yellow and bold.

Electrode tokens are initialized by a linear projection of 5-
band DE features, while edge tokens use band-averaged |p|?
connectivity strengths after top-K sparsification projected
into d dimensions; temporal edge tokens connect each win-
dow to its +7r neighbors (with r selected on inner folds),
and variable edge counts are handled by padding edge to-
kens to My,ax with an edge mask jointly applied with the
incidence mask. We tune p € {1,2,3}, K € {3,5,7},
d € {64,128,256}, and heads € {2,4, 8}, via inner-CV on
training subjects only.

6 Results & Analysis

We evaluate ST-BiT under leakage-free subject-wise cross-
validation to reflect a clinically realistic deployment setting,
where a model must generalize to unseen individuals and ses-
sion conditions. We first compare against classical ML and
GNN baselines on the primary eyes-open ds006036 bench-
mark, then analyze ablations, robustness across recording
state, and interpretability.

Comparison with Baseline Models Table 2 reports per-
formance on ds006036 (eyes-open with photic stimulation).
ST-BiT achieves 93.01£6.87% accuracy for binary screen-
ing (CN vs. AD+FTD) and 76.1442.05% accuracy for three-
way subtyping (CN vs. AD vs. FTD), outperforming classical
machine-learning baselines and GNN variants under identical
subject-wise folds. In particular, ST-BiT improves substan-
tially over the strongest classical model (SVM) and the best-
performing GNN baseline (GAT), indicating that preserv-
ing interaction structure.as explicit edge tokens and integrat-
ing it with temporal dynamics provides a measurable advan-
tage beyond standard graph message passing. While classi-
cal methods remain competitive for binary screening in some
folds, their performance degrades substantially in the multi-
class setting, as subtyping requires richer feature structure be-
yond marginal spectral summaries. In contrast, ST-BiT main-
tains strong macro-F} and AUC across both tasks, support-
ing the central claim that joint spatio-temporal-spectral mod-
eling with explicit interaction tokens improves cross-subject
dementia classification.

Ablation Study. To isolate the effect of each component,
Table 4 reports ablations on the ds006036 dataset under the

same leakage-free subject-wise protocol. Removing the tem-
poral module yields the largest degradation in three-way sub-
typing, indicating that non-stationary window-to-window dy-
namics are important for differentiating AD vs. FTD be-
yond static spectral summaries. Removing the spatial mod-
ule also reduces performance, consistent with dementia-
related topographic alterations across scalp regions. Impor-
tantly, removing the bipartite relation module (i.e., replac-
ing incidence-masked node<>edge attention with node-only
processing and eliminating explicit edge tokens) consistently
lowers ACC/AUC in both tasks, supporting our central claim
that explicit interaction tokens mitigate relation compres-
sion relative to standard message passing. Removing the
stimulation/spectral band-attention module reduces perfor-
mance, suggesting that adaptive emphasis over canonical
EEG frequency bands improves robustness under the eyes-
open photic-stimulation setting. Finally, removing domain-
adversarial learning (DANN) hurts both screening and sub-
typing, indicating that encouraging subject-invariant repre-
sentations is beneficial under strict subject-wise evaluation.

Eyes-Closed Evaluation & Generalizability. Our main re-
sults are on ds006036 (eyes-open with photic stimulation) un-
der leakage-free subject-wise stratified 5-fold CV with nested
model selection (Sec. 5), reported in Tables 2 and 4. To as-
sess robustness across recording state and connect with prior
work on this cohort, we additionally evaluate ST-BiT on
ds004504 (eyes-closed resting-state) under the same leakage-
free subject-wise protocol. ST-BiT achieves 73.92% accuracy
for 3-class CN/AD/FTD classification, remaining competitive
against prior work on ds004504 (Table 3).

Error Analysis. We analyze confusion matrices on
ds004504 (Figure 4) to characterize residual failure modes.
Binary screening shows high CN recall and high patient pre-
cision, indicating reliable separation of cognitively normal
controls from dementia cases. In contrast, the 3-class setting
shows most remaining errors arise from AD-FTD confusion,
consistent with overlapping scalp-level EEG signatures and
heterogeneity within clinical subtypes. This suggests that im-
proved subtype discrimination may require richer interaction
measures and/or complementary clinical metadata.

Window-Length Sensitivity. We vary the analysis window
length (4s, 8s, 12s, 16s) under the same subject-wise protocol
(Table 5). Performance peaks at 8s, balancing spectral resolu-
tion against effective sample count; shorter windows reduce
frequency resolution and connectivity stability, while longer
windows decrease training instances and may average over
non-stationary dynamics. We use 8s windows throughout.

Sensitivity to the Number of Folds. Table 6 reports sen-
sitivity to the number of subject-wise folds (K € {3,5,7}).
Performance is strongest at K = 5, providing a favorable
balance between training-set size and stability for this cohort.

Interpretability & Clinical Plausibility. We summarize
spatial attention over electrodes as a lightweight interpretabil-
ity analysis. Figure 5 shows consistent emphasis on frontopo-
lar sensors (Fpl1/Fp2), followed by central/parietal/temporal
electrodes (C4, P3, T5), compatible with prior reports linking
dementia to frontal and fronto-temporal dysfunction [Jeong,
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Binary (CN vs. AD + FTD)

. Multi-class (CN vs. AD vs. FTD)
Configuration
ACC (%) F1 Prec. Recall AUC ACC (%) F1 Prec. Recall AUC

Without Spatial 80.52+6.34 0.866+0.04 0.814+£0.06 0.933+0.08 0.771£0.12 62.75+13.50 0.6174+0.15 0.6514+0.17 0.62740.14 0.68740.12
Without Temporal 79.41+5.15  0.85440.03 0.8284+0.09 0.898+0.10 0.778+0.10  55.88+8.06  0.507£0.09 0.498+0.11 0.559+0.08 0.64010.09
Without Band Attention ~ 84.97+9.74  0.8874+0.08 0.8884+0.08 0.898+0.12 0.917+0.07 61.57£14.96 0.608+£0.16 0.659+0.16 0.6164+0.15 0.698+0.13
Without Bipartite 86.21£8.13  0.903+£0.05 0.863+£0.05 0.948+0.07 0.889+0.08 67.06+7.14  0.655+0.08 0.713+0.07 0.6714+0.07 0.76340.07
Without DANN 86.21+7.94 0.899+0.06 0.897£0.09 0.917+0.11 0.859+0.08 68.24+4.48 0.673+0.06 0.7204+0.07 0.68240.04 0.76140.05
Full Model (ST-BiT) 93.01+6.87 0.93+0.06 0.97+0.05 0.90+0.10  0.95+0.05  76.14+2.05  0.75+0.03  0.804+0.03  0.7640.04  0.8240.04

Table 4: Ablation study on eyes-open dataset: effect of removing each component (mean4SD). Best values in each column are highlighted
in soft yellow and bold.
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Figure 4: Confusion-matrix evaluation on ds004504 (eyes-closed). (a) CN vs. AD+FTD and (b) CN vs. AD vs. FTD. Left panels
show fold-aggregated counts; right panels show row-normalized values (recall).

Window Binary ACC Multi-class ACC

7 Conclusion

4s 92.1 70.3
8s 93.0 76.1
12s 88.8 67.9
16s 88.5 68.3

Table 5: Window-length sensitivity. Best values are highlighted.

K Task ACC (%) macro-F; AUC
K =3 Binary 87.59 0.908 0.890
Multi-class 67.05 0.645 0.736

=5 Binary 93.01 0.930 0.948
Multi-class 76.14 0.749 0.819

=7 Binary 90.84 0.937 0.882
Multi-class 71.61 0.652 0.772

Table 6: ST-BiT cross-validation sensitivity on ds006036 eyes-open.
Best values within each task are highlighted.
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Fp1 (Frontal) 0.0533

C4 (Central) 0.0531

P3 (Parietal) | ] 0.0529

0.0528
0.052 0.053
Attention Weight

T5 (Temporal)
0.050

0.051 0.054 0.055

Figure 5: Top-5 Electrode Importance from ST-BiT’s Spatial Atten-
tion on ds006036 eyes-open.

2004; Musaeus et al., 2019]. Attention scores are descriptive
hypothesis-generating signals, not causal biomarkers; clinical
validation requires targeted studies with appropriate controls.

We introduced ST-BiT, a spatio-temporal bipartite trans-
former for EEG-based dementia screening and subtyping un-
der strict subject-wise evaluation. The core idea is to model
functional interactions as explicit edge fokens and update
them using incidence-masked cross-attention between node
and edge tokens, preserving interaction structure rather than
compressing connectivity into scalar weights. Together with
temporal modeling, lightweight band attention, and domain-
adversarial alignment for subject-invariant learning, ST-BiT
achieves strong performance on the eyes-open ds006036
benchmark under leakage-free nested cross-validation and re-
mains competitive against representative classical, GNN, and
recent deep learning baselines. Overall, the results highlight
bipartite relation modeling as a practical inductive bias for
robust EEG-based dementia phenotyping.

Despite these encouraging results, some challenges re-
main. The main remaining difficulty is AD-FTD separa-
tion in the three-class setting, which could benefit from
richer interaction features and optional clinical context when
available. The current edge initialization relies on within-
window correlation; future work can incorporate phase-based
or directed connectivity and explore alternative sparsification
strategies to improve robustness. Finally, attention summaries
should be interpreted as hypothesis-generating rather than
clinically validated biomarkers, motivating follow-up valida-
tion with region-level aggregation, source localization, and
links to cognitive measures or neuroimaging.
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