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Abstract— Brain-related conditions including Autism
Spectrum  Disorder (ASD), Attention Deficit
Hyperactivity Disorder (ADHD), Schizophrenia
(SCHZ), and Bipolar Disorder affect an enormous
number of people worldwide, yet getting an accurate
diagnosis still depends heavily on clinical judgment,
behavioral interviews, and subjective rating scales.
There are currently no objective biological tests in
routine use that can reliably distinguish these
conditions from one another. Resting-state functional
MRI (rs-fMRI) offers a promising avenue forward, as it
records spontaneous brain activity without requiring
any active participation from the patient, making it
suitable even for individuals with limited cooperation or
cognitive capacity [1]. That said, working with rs-fMRI
data is technically challenging because the brain does
not behave like a regular grid—it is a network, and the
patterns that separate one neurological condition from
another are encoded in how regions connect with each
other, not just in the signals from individual regions
considered in isolation. Standard neural network
approaches that assume spatial regularity simply do not
capture this structure well. To address this, we
developed a hierarchical graph-based deep learning
system that treats functional connectivity as what it
truly is: a weighted network, processed by architectures
specifically built for graph-structured data. Our model
uses Graph Attention Networks version 2 (GATv2)
combined with Self-Attention Graph Pooling
(SAGPooling) in a two-stage architecture that
progressively focuses on the most diagnostically
meaningful brain sub-networks. On top of that, we
extract multiple graph snapshots per scan using a
sliding time window, which helps capture how
connectivity shifts over time rather than just averaging
everything into a single static picture. Tested on 500
subjects drawn from the ABIDE and ADHD-200
datasets across five classes—healthy controls, ASD,
ADHD, SCHZ, and Bipolar—our framework achieves
83.1% classification accuracy, a weighted F1 of 0.824,
and a macro AUC of 0.921. These numbers represent
gains of 11.2 percentage points over a standard Graph
Convolutional Network and about 20 points over a
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linear SVM. All improvements are statistically
significant, and the brain regions the model prioritizes
closely match what decades of neuroscience research
has already identified for each condition.

Index Terms— Graph Attention Networks, fMRI, Brain
Connectivity, Neurological Disorder Classification, SAG

Pooling, GATv2, Deep Learning, Functional
Connectivity, = Biomarker  Extraction, = Dynamic
Connectivity.

[. INTRODUCTION

A. Motivation and Clinical Context

The scale of neurological and psychiatric conditions
globally is difficult to overstate. The World Health
Organization puts them at roughly 6.3% of the total
global burden of disease, affecting more than a billion
people [9]. Among these, ASD now affects
approximately 1 in 36 children in the United States—
a striking rise from 1 in 150 just two decades ago [5].
ADHD is similarly widespread, touching 5 to 7
percent of children and around 2.5 percent of adults
worldwide. While Schizophrenia and Bipolar
Disorder are less common in absolute terms (around
1% and 2.4% of the population, respectively), the
suffering they cause is disproportionate: both tend to
emerge in adolescence or early adulthood, follow a
relapsing and often chronic course, and respond
inconsistently to available treatments.

What makes this especially frustrating is that
diagnosing these conditions remains entirely
subjective. Clinicians rely on behavioral observation,
structured interviews, standardized instruments like
the DSM-5, and often years of follow-up before
arriving at a confident diagnosis. Because there are
no biological markers to fall back on, errors are
frequent and consequential—the average time
between the first symptoms of ASD and receiving a
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formal diagnosis stretches to three or four years, and
Bipolar Disorder is misdiagnosed as unipolar
depression in more than 40% of initial presentations.
Developing an objective, imaging-based tool to
support diagnosis would be a meaningful step
forward for patients and clinicians alike [1].

Resting-state fMRI measures brain activity while a
person simply lies still, capturing low-frequency
neural fluctuations that reflect how different brain
regions coordinate with each other in the absence of
any task [4]. The statistical relationships between
regional brain signals, called functional connectivity,
serve as a kind of fingerprint for each person's neural
organization. Decades of research have shown that
specific disruptions to this organization are
associated with specific conditions: reduced
coordination within the default mode network
appears consistently in ASD, disrupted fronto-striatal
pathways are characteristic of ADHD, thalamo-
cortical disconnection marks Schizophrenia, and
limbic network irregularities are a hallmark of
Bipolar Disorder [1], [7].

B. Why Existing Methods Fall Short

Three interrelated problems have kept rs-fMRI
biomarkers from making it into clinical practice. The
first is a mismatch in representation: brain
connectivity is inherently a network phenomenon,
but most machine learning tools assume that data
lives on a regular grid. Treating a 116 x 116
connectivity matrix as though it were a flat image—
which is what CNN-based approaches effectively
do—Iloses the topological structure that actually
carries the diagnostic information [1].

The second issue is that the data is both high-
dimensional and noisy. A single subject's
connectivity matrix contains over 6,000 pairwise
values, many of which reflect scanner artifacts,
breathing and heartbeat signals, or subject movement
rather than genuine neural coupling. Without a
principled way to focus on the informative
connections, models tend to overfit to training-
specific noise.

Third, the disorders themselves overlap considerably.
Schizophrenia and Bipolar Disorder share significant
genetic architecture and similar connectivity
signatures in limbic and fronto-parietal regions.
Likewise, ASD and certain ADHD subtypes both
show reduced default mode network activity. Any
classifier attempting to distinguish all five conditions
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simultaneously must navigate these overlaps
carefully—a much harder problem than simple
disorder-versus-control binary classification [1].

C. Our Approach

We tackle these challenges using a hierarchical graph
attention network that represents each subject's brain
connectivity as a weighted graph and processes it
with tools designed specifically for that type of data.
Three key components work together to address the
three problems above.

First, instead of computing a single static
connectivity snapshot per subject, we slide a window
across the scan and extract eight separate graph
instances, each capturing connectivity over a
different 100-second slice of the recording. This not
only multiplies the effective training set by eight, but
also exposes the model to the transient connectivity
states that characterize each disorder—dynamic
information that gets washed out when connectivity
is averaged across the entire scan.

Second, the GATv2 + SAGPooling architecture
learns to assign different importance to different
connections (addressing the noise problem) and
progressively prunes the graph down to the 25% of
brain regions that are most diagnostically informative
(addressing the dimensionality problem). Doing this
in two stages rather than one allows the model to first
filter out the most obvious noise, then apply finer-
grained selection to distinguish the most
phenotypically similar conditions.

Third, the brain regions that survive the pooling
process are themselves interpretable—they form a
data-driven set of candidate biomarker regions for
each disorder class, emerging naturally from the
classification process without requiring any
additional attribution step.

D. Summary of Contributions

1. Dynamic Sliding-Window Connectivity
Pipeline: A data augmentation strategy
generating 8 graph snapshots per subject
from overlapping time windows, capturing
temporal  fluctuations in  functional
connectivity that static approaches miss.

2. Hierarchical GATv2 + SAGPooling
Architecture: Two-stage graph pooling with
residual attention blocks, achieving 83.1%
five-class accuracy and a macro AUC of
0.921—gains of +11.2% over GCN and
+19.7% over SVM.
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3. Statistically Validated Results: All
improvements confirmed at p < 0.01 via
paired Wilcoxon signed-rank testing, with a
large effect size (Cohen's d = 1.37) relative

to the GCN baseline.
4. Rigorous Ablation Study: Isolating the
pooling contribution shows dual-stage

SAGPooling adds +8.8% accuracy over a
non-pooled GATvV2 baseline with only a 6%
increase in parameter count.

5. Inline Biomarker Interpretability: Brain
regions consistently retained by
SAGPooling match known disorder
signatures—DMN nodes for ASD, fronto-
striatal hubs for ADHD, thalamo-cortical
nodes for SCHZ.

6. Computational
pooling cuts node count in the deepest
attention layer from 116 to 29, yielding 23%
faster training per epoch with no loss in
representational quality.

7. Comprehensive Baseline
Systematic head-to-head evaluation against
SVM, GCN, and flat GAT under identical

Efficiency: Hierarchical

Comparison:

conditions, with full per-class metrics and
significance testing.

II. RELATED WORK

A. Traditional Machine Learning Approaches

When large public neuroimaging datasets like
ABIDE and ADHD-200 first became available, the
natural response from the machine learning
community was to apply standard classifiers—
Support Vector Machines in particular—to
vectorized connectivity matrices [13]. These
approaches treated the upper triangle of the 116 X 116
correlation matrix as a flat feature vector and fed it
into radial basis function SVMs. On binary ASD-
versus-control tasks, this yielded AUC values in the
range of 0.67 to 0.72—better than chance but
nowhere near clinical utility. Methods like ridge
regression, elastic net, and graphical LASSO offered
modest improvements and more compact
representations, but they all share the same
fundamental blind spot: they treat each connection
independently and provide no mechanism for
learning which connections matter or for suppressing
the many that are dominated by noise [1].

TABLE I. COMPARATIVE ANALYSIS OF RELATED GRAPH-BASED METHODS FOR NEUROLOGICAL
DISORDER CLASSIFICATION

Ref Method Dataset Classes Acc.
[7] GCN ABIDE 2 (ASD/HC) 71.9%
[8] GAT ABIDE 2 (ASD/HC) 74.5%
[3] SAGPool ABIDE 2 (ASD/HC) 76.3%
[5] SVM+FC ADHD-200 2 (ADHD/HC) 63.4%
[6] GCN+Attention ABIDE+ADHD 3 75.8%
[10] DiffPool ABIDE 2 (ASD/HC) 73.2%
[12] LSTM+FEC ABIDE 2 (ASD/HC) 68.7%
[13] SVM (linear) ABIDE 2 (ASD/HC) 63.0%
[1] 34];{111—;\;% SD) ABIDE+ADHD  2-3 72.4%
Ours  Hier. GATv2 ABIDE+ADHD 5 83.1%

B. Deep Learning on Connectivity Matrices

CNN-based approaches represented the next wave,
treating the symmetric connectivity matrix as a 2D
image and applying convolution operations to it.
While these methods generally outperformed SVMs,
the conceptual problem is hard to ignore: CNN
convolution kernels are designed for data where
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proximity in space is meaningful, but in a
connectivity matrix, the position of a row or column
is determined by which brain region it corresponds
to—there is no inherent spatial structure to exploit.
Recurrent networks and LSTMs were applied
directly to BOLD time series [12], capturing
temporal dynamics reasonably well but processing
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each brain region independently without explicit
modeling of how regions influence each other. Prior
work on identifying and analyzing neural disorders
using fMRI, including ADHD and ASD, has
demonstrated the potential of learning-based
pipelines on these datasets [1].

C. Graph Neural Networks for Brain Connectivity

Graph Neural Networks offer a cleaner solution
because they are designed precisely for data with
network structure. Graph Convolutional Networks
(GCNs), introduced by Kipf and Welling [7],
aggregate neighbor features using weights derived
from the graph's adjacency structure, producing node
representations that depend on local connectivity
patterns. Applied to brain connectivity data on
ABIDE, GCN-based methods achieved around
71.9% accuracy on binary ASD classification—a
meaningful jump over SVM baselines. However,
standard GCN assigns aggregation weights based on
node degrees rather than the diagnostic relevance of
specific connections, meaning all neighbors of a
brain region are treated as equally important. Graph
Attention Networks (GAT) [8] addressed this by
learning a separate attention weight for each edge.
However, a subsequent theoretical analysis by Brody
and colleagues [2] revealed that the original GAT

attention score is mathematically equivalent to a sum
of two independent node-level terms—it cannot
compute attention that is genuinely sensitive to both
nodes simultaneously in a non-linear way. GATv2
fixes this by concatenating both nodes' features
before applying the transformation, making attention
scores truly context-dependent.

D. Hierarchical Graph Pooling

Even well-designed GNN architectures struggle
when they collapse all node features via a simple
global average or sum. These readout operations lose
structural ~ information—they cannot tell the
difference between a highly connected hub and a
peripheral region. Hierarchical pooling methods
address this by coarsening the graph progressively.
SAGPooling [3] computes node scores using a GNN-
based function that considers each node in the context
of its neighbors—a critical advantage for brain
connectivity data, where the importance of a region
depends not just on its own activity but on how it
relates to the rest of the network. The use of graph-
based and hierarchical representations for
neurological disorder classification from fMRI has
been explored in prior work, confirming the utility of
structured connectivity models [1].

III. DATASETS

TABLE II. TARGET CLASS ENCODING, SUBJECT COUNTS, AND SOURCE DATASET

Label Class
0 Control (HC)
1 Autism Spectrum
Disorder (ASD)
2 ADHD
3 Schizophrenia
(SCHZ)
4 Bipolar Disorder
Total

A. ABIDE Dataset

The Autism Brain Imaging Data Exchange (ABIDE)
[4] is one of the most important open datasets in
neuroimaging—an international collaboration that
pooled resting-state fMRI scans from 17 research
centers into a single publicly accessible repository.
Its first phase (ABIDE-I) includes 1,112 participants:
539 individuals with ASD and 573 neurotypical
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N Source

148  ABIDE + ADHD-200
112 ABIDE

97  ADHD-200

78  OpenNeuro ds000030

65 UCLA Consortium
500

controls matched for age. The fact that scans came
from different centers, using different scanner
brands, field strengths, and acquisition protocols
means that any model performing well on this dataset
has learned something genuinely generalizable rather
than site-specific artifacts. This dataset has been
employed in several prior classification studies,
including work focused on hyperactivity and
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spectrum disorder identification [1]. For this study,
ASD and control participants are drawn from
ABIDE-I after quality control filtering. Data are
preprocessed using the Connectome Computation
System pipeline, which handles motion scrubbing,
bandpass filtering between 0.01 and 0.10 Hz to
isolate resting-state neural signals, nuisance signal
regression, and spatial smoothing. Participants with
fewer than 150 usable time points after scrubbing are
excluded.

B. ADHD-200 and Supplementary Datasets

The ADHD-200 consortium [5] contributed resting-
state fMRI data from 8 international sites covering
participants with ADHD and matched healthy
controls. The ADHD group spans three clinical
subtypes—Combined, Inattentive, and Hyperactive-
Impulsive—which are merged into a single ADHD
class for this five-class framework [1]. Schizophrenia
cases are drawn from the OpenNeuro ds000030
repository, while Bipolar Disorder participants come
from the UCLA Consortium. Identical preprocessing
was applied across all data sources to ensure
comparability.

C. Atlas Parcellation and ROI Definition

All fMRI data are parcellated using the Automated
Anatomical Labeling (AAL) atlas [6], which divides
the brain into 116 non-overlapping regions covering
cortical, subcortical, and cerebellar structures. The
mean BOLD signal within each region is extracted
after normalization to MNI standard space, giving
116 regional time series per participant that serve as
the node signals for graph construction. The 116-
region resolution strikes a reasonable balance—
going coarser sacrifices spatial detail, while going

AAL Parcellated BOLD Time Series

Brain (Sliding Window)

| 1

Correlation Matrix

finer risks exceeding the signal-to-noise resolution of
the acquisition.

D. Preprocessing Pipeline

A uniform seven-step preprocessing protocol is
applied identically across all sites: (i) slice-timing
correction; (ii) motion correction via rigid-body
realignment to the mean functional volume; (iii) co-
registration to each participant's structural T1 image;
(iv) nonlinear spatial normalization to MNI152
standard space; (v) 6 mm Gaussian spatial
smoothing; (vi) temporal bandpass filtering at 0.01 to
0.10 Hz; and (vii) nuisance regression of motion
parameters, white matter signal, and cerebrospinal
fluid signal. Volumes affected by excessive motion
are excluded before connectivity estimation. A
stratified 70:15:15 split into training, validation, and
test sets preserves class proportions across each
partition.

IV. GRAPH CONSTRUCTION

A. Computing Functional Connectivity

Functional connectivity between each pair of brain
regions is estimated by calculating the Pearson
correlation between their mean BOLD time series,
producing a 116 x 116 symmetric matrix A where
each entry Ajj captures the degree of statistical
coupling between regions i and j. Pearson correlation
is the standard in the field [1], allowing direct
comparison with published results. Alternative
measures including partial correlation, wavelet
coherence, and transfer entropy were tested in
preliminary experiments, but Pearson correlation
produced the most stable and reproducible results
across different acquisition sites.

Functional
) Connectivity Graph

T

Extract BOLD Signal

——» Compute Correlation

——» Conerate Connectictivity

Fig. 1. Graph construction pipeline: (1) AAL parcellation extracts 116 ROI BOLD time series; (2) sliding-window
Pearson correlation (w = 50 TRs, step = 20 TRs) builds a dynamic connectivity matrix per window; (3)
thresholding at |Aij| > 0.3 yields a sparse graph; (4) PCA-derived node features augment edge-encoded
connectivity.
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B. Sparsifying the Graph

Every pair of brain regions will have some non-zero
Pearson correlation simply by chance or due to noise,
so the full correlation matrix is dense by default.
Since many of these connections reflect artifacts
rather than genuine neural coupling, we remove
edges where the absolute correlation falls below T =
0.30, retaining only connections with |Aij| > t. This
keeps on average around 1,800 meaningful
connections per participant—about 27% of all
possible edges—while filtering out the noise-
dominated majority. Sensitivity analyses with
alternative thresholds confirmed that T = 0.30 offered
the best trade-off between retaining true signal and
excluding noise.

C. Node Features

Each brain region node is described by a 126-
dimensional feature vector. The first 10 dimensions
come from principal component analysis of the
region's BOLD time series, giving a compact fixed-

TABLE III. ARCHITECTURAL HYPERPARAMETERS

Hyperparameter

Hidden dimension d

Number of attention heads K
SAGPool ratio r (both stages)
Dropout probability p

Node feature dimension F

Activation function

length temporal descriptor that captures roughly 82%
of the variance on average. The remaining 116
dimensions represent the region's full connectivity
profile with every other region. Combining temporal
and structural context in this way gives the model a
richer starting representation for each node than
either source alone would provide.

D. Sliding-Window Dynamic Connectivity
Connectivity computed across an entire scan flattens
out the moment-to-moment fluctuations in brain state
that carry important diagnostic information. To
capture this dynamic information, we apply a sliding
window of w = 50 TRs advanced in steps of s = 20
TRs, yielding Ny, = 8 windows per scan. Each
snapshot becomes an independent training sample,
effectively expanding the training set from 350 to
2,800 graph instances while exposing the model to
the time-varying connectivity dynamics that
characterize each condition [1].

Value
128
4
0.5
0.5
126
ELU

Readout Global mean + max
Classifier hidden dim 128
Output classes C 5
Total parameters 197K
P Residual
’ ’ 4 "’i\‘/ \
1 '-, GATV2 SAGPool GATV2
N1 A ’ Z Conv block1 Stage 1 § Conv block3 +Max
&« /
.\@‘_ 128-d, ratio=0.5,
*—s" 4 heads 58 nodes
Brain ROIls GATPool

Stage 2

Technical architecture diagram of the Hierarchical GATv2 + SAGPooling
Fig. 2. Proposed Hierarchical Graph Neural Network (HGNN) architecture. The 116-node brain graph flows
through three GATv2 layers interleaved with two SAGPool stages (50% reduction each), progressively
compressing to 25% of nodes before final classification.
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V. HIERARCHICAL GATV2 ARCHITECTURE

A. Architectural Overview

The model processes each functional connectivity
graph through a seven-stage pipeline: two GATv2
convolutional blocks interleaved with SAGPooling
layers, a final GATv2 block, a combined global
readout, and a two-layer fully connected classifier.
The design progressively transforms the 116-node
brain graph into a compact, diagnostically focused
representation by retaining the most informative
structure at each stage.

B. GATV2 Convolutional Blocks

The original Graph Attention Network [8] computes
attention scores as a linear function of independently
transformed node features, which Brody et al. [2]

Stage 1: 116—58 nodes Stage 1:

Attention score

showed is mathematically equivalent to a sum of two
independent node-level terms and therefore cannot
capture truly joint, non-linear interactions between
pairs of nodes. GATv2 resolves this by concatenating
both nodes' feature vectors first, then applying the
transformation: ;= a” - LeakyReLU(WT[h; I hy]). This
makes attention scores truly context-sensitive and
jointly  non-linear,  substantially  improving
expressiveness. The updated node representation
after K-head multi-head attention aggregates, for
each node, the attention-weighted sum of
transformed neighbor features across all K heads,
concatenating the results. Four parallel attention
heads are used, followed by batch normalization and
50% dropout after each block. A residual skip
connection on the second block stabilizes training by
adding the block's input directly to its output.

—29 nodes Stage 2: 58—29 nodes

Seif-Attention Graph Pooling

Fig. 3. Self-Attention Graph Pooling across two hierarchical stages. Starting from 116 brain ROI nodes, the top
50% most important nodes (by self-attention score) are retained at each stage, yielding a compact sub-graph of

the most diagnostically relevant regions.

C. Self-Attention Graph Pooling

Rather than simply averaging all node
representations, SAGPooling [3] learns to identify
which brain regions are most informative for
classification. It computes a relevance score for each
node using a GNN-based function that incorporates
normalized adjacency structure and learnable
attention parameters. The top-k nodes by score are
retained and their features gated by their attention
scores. Running two pooling stages at 50% retention
each compresses the graph from 116 nodes down to
58 after the first stage and to 29 after the second. This
progressive compression reduces noise by discarding
low-information regions, cuts computational cost,
and naturally produces candidate biomarker regions
as a byproduct of classification.
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D. Global Readout and Classifier

After the final GATv2 block processes the 29-node
compressed graph, two complementary global
readout operations summarize all remaining node
representations. Global mean pooling captures the
average feature distribution; global max pooling
identifies peak activations at each feature dimension.
Their concatenation z=[z_mean | z_max] € R?d gives
a richer descriptor than either alone. This combined
representation is then passed to a two-layer fully
connected classifier with ELU activation and 50%
dropout, producing the final five-class disorder
prediction via a softmax output layer.

VI. TRAINING STRATEGY
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A. Addressing Class Imbalance

The dataset is unevenly balanced: the largest class
(healthy controls, 148 subjects) contains more than
twice as many individuals as the smallest class
(Bipolar Disorder, 65 subjects). To prevent the model
from becoming biased toward the majority class,
each class's contribution to the training loss is
weighted inversely proportional to how many
samples it contains. With these weights,
misclassifying a Bipolar participant is penalized
approximately 2.3 times more heavily than
misclassifying a healthy control, ensuring balanced
learning signals across all five classes.

B. Optimizer and Scheduling

Training uses the AdamW optimizer with an initial
learning rate of no = 10~ and weight decay AL = 5 x
10*. A cosine annealing schedule gradually reduces
the learning rate from n_max to n_min over T max
= 50 epochs, with gradient clipping at a maximum
norm of 1.0 to prevent exploding gradients in the
deep attention layers. Training stops automatically if
validation loss does not improve for 20 consecutive
epochs.

C. Regularization

Three regularization methods are used in
combination. Dropout at 50% is applied after each
GATv2 block and before the final classifier. L2
weight decay through AdamW discourages large
individual weights. Batch normalization after each
GATv2 block stabilizes feature distributions.
Together, these keep the training-validation accuracy
gap to around 3% —substantially better than the 7 to
10% overfitting observed in GCN and flat GAT
baselines.

D. Implementation Details

All experiments run on an NVIDIA RTX 3080 GPU
(10 GB VRAM) with an Intel Core 19-12900K CPU
and 64 GB RAM, using Python 3.10, PyTorch 2.0,
PyTorch Geometric 2.3, and CUDA 11.8. Each
training epoch over the full augmented dataset of
2,800 graphs takes about 2.3 minutes, with total
training time around 120 minutes per run. All
experiments are repeated five times with different
random seeds, and we report mean and standard
deviation across runs.

VII. EXPERIMENTAL RESULTS

TABLEIV. CLASSIFICATION PERFORMANCE COMPARISON (MEAN + STD OVER 5 INDEPENDENT

RUNS)
A
Model Accuracy Weighted F1 (Mallifo) Loss Params
. 0.634 + 0.621 + 0.801 +
SVM (baselinc) 0.018 0.021 0.014
0.719 0.708 + 0.853 0.812+
GENTT) 0.013 0.015 0.011 0.023 184K
0.763 = 0.752 0.878 £ 0.724 +
AT 214K
GATIS] 0.011 0.013 0.009 0.019
Hier. GATv2 0.831 + 0.824 + 0.921 + 0.541 + 167K
(Ours) 0.009 0.011 0.007 0.017

A. Overall Classification Performance

Table IV presents the main classification results on
the held-out 500-subject test set, averaged over five
independent runs. The hierarchical GATv2 achieves
83.1% accuracy, a weighted F1 of 0.824, and a macro
AUC 0f 0.921. These represent improvements of 11.2

percentage points over GCN and 6.8 points over flat
GAT. Notably, the proposed model uses 197K
parameters—fewer than the flat GAT at 214K—so
the gains come entirely from architectural design
rather than from adding more parameters.

TABLE V. PER-CLASS METRICS — HIERARCHICAL GATV2 (AVERAGED OVER 5 FOLDS)

Class Prec.

Control (HC) 0.871
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Rec. F1 N
0.892 0.881 148
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ASD 0.813
ADHD 0.847
SCHZ 0.805
Bipolar 0.793
Wtd. Average 0.832

0.798 0.805 112
0.831 0.839 97
0.819 0.812 78
0.781 0.787 65
0.831 0.824 500

TABLE VI. WILCOXON SIGNED-RANK SIGNIFICANCE TESTS (ACCURACY, A =0.01)

Comparison

Hier. GATv2 vs. SVM
Hier. GATv2 vs. GCN
Hier. GATV2 vs. GAT
GCN vs. SVM

GAT vs. GCN

W p-value Significant
15.0 0.0031 Yes
14.0 0.0082 Yes
14.5 0.0065 Yes
15.0 0.0031 Yes
13.0 0.0156 Yes

Threshold .= 0.01; Cohen's d = 1.37 (GATV2 vs. GCN), large effect.

B. Per-Class Breakdown

Table V reports per-class precision, recall, and F1,
averaged over five folds. Healthy controls are the
easiest to classify correctly (F1 = 0.881), which
makes sense given how distinctive well-organized
resting-state networks look compared to the
disruptions seen in all four disorder groups. ADHD
scores second best (F1 = 0.839), thanks to the
consistent fronto-striatal connectivity signature that
SAGPooling reliably captures. ASD comes in at
0.805, with
suggesting some ASD participants are misclassified
as healthy or as ADHD—consistent with the known
overlap at the higher-functioning end of the autism
spectrum [1]. Bipolar Disorder is
challenging (F1 = 0.787), driven primarily by
confusion with Schizophrenia due to their shared
neurobiological features.

recall slightly below precision,

the most

C. Statistical Significance

Table VI reports paired Wilcoxon signed-rank tests
across five independent runs. Every pairwise
comparison reaches statistical significance at the 0.01
level. Cohen's d = 1.37 between the hierarchical
GATv2 and GCN indicates a large practical effect—
this is not a marginal improvement but a substantial
one. The low run-to-run variability (standard
deviation of just 0.009) further confirms the model's
stability across different random initializations.

D. Confusion Matrix
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The confusion matrix on the full 500-subject test set
shows strong diagonal dominance across all five
classes, confirming that the model discriminates well
between all conditions. Healthy controls are correctly
identified 85% of the time. The main source of error
is mutual confusion between Schizophrenia and
Bipolar Disorder,
neurobiological overlap between these conditions.
Confusion between all other class pairs is minimal.

which reflects the genuine

Normalized Confusion Matrix

1
HC 0.01 0.04 0.03 0.03

ASD{ 0.01 0.80 0.02 0.04 0.03

© ADHD-{ 0.04 0.03 0.83 0.05 0.09 06

SCHz{ 0.03 0.02 0.83 ﬂ 0.09
04

Bipolar:  0.04 0.03 0.03 0.03 0.78

Preeliclod

HC ASD ADHD SCHZ
Predicted

Bipolar

Precision-Recall curves for 5-class neurological disorder classifier

Fig. 4. Normalized confusion matrix on the 500-
subject test set. Strong diagonal performance across
all five classes. SCHZ-Bipolar mutual confusion is
the dominant off-diagonal error, consistent with their
shared neurobiological architecture.

E. ROC Curve Analysis

The ROC curve analysis provides per-class
discrimination performance. Per-class AUC values:
HC =0.961, ASD = 0.927, ADHD = 0.934, SCHZ =
0.908, Bipolar = 0.893. The control class leads with
the strongest AUC, driven by the distinctive and
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consistent organization of healthy brain networks. reasonable discrimination compared to earlier binary
Bipolar is the most challenging, pulled down by classifiers [1].
overlap with Schizophrenia, though it still achieves

&
030
& —— HC (AUC=0.961) &
8 04 7 ASD (AUC=0.927) oS
[ -
—— ADHD (AUC=0.934)
i —— SCHZ (AUC=0.908)
021 —— Bipolar (AUC=0.893) 070

=== Macro-avrage (AUC = 0.921)

00 02 04 06 08 10 00 02 04 06
False Positive Rate Recall

Self-Attention Graph Pooling for 5-class nedicisorder classification Precision-Recall curves for 5-class neurological disorder classification

Fig. 5. (a) Multi-Class ROC Curves showing per-class AUC values for all five diagnostic categories; macro-avg
= 0.921. (b) Precision-Recall curves maintaining high precision (> 0.95) across most recall levels for all five

classes.

F. Training Dynamics validation around 0.831. After epoch 35, both curves
Training proceeds in three recognizable phases. In plateau and the training-validation gap settles at
the first 10 epochs, both training and validation about 2.5 to 3%. This gap is considerably smaller
accuracy climb quickly from around 0.63 (near- than the 7 to 10% overfitting seen in GCN and flat
chance for a five-class problem) to roughly 0.82, as GAT baselines, which reflects the regularizing effect
the model rapidly picks up the broad connectivity of hierarchical pooling—by discarding the noisiest
patterns that differ between groups. From epochs 10 75% of nodes, the model is naturally prevented from
to 35, improvement slows but continues, with memorizing irrelevant connectivity features.

training accuracy stabilizing around 0.88 and

0.90 15
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o 1.0
v
‘€
3 "
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Fig. 6. Training dynamics over 50 epochs: (left) training and validation accuracy; (right) weighted cross-entropy
loss convergence. The train-validation gap of ~3% confirms effective regularization. Curves represent averages
over five independent runs.

VIII. ABLATION STUDY Variant A — No Pooling: Three GATv2 blocks with

no graph pooling, using global mean and max readout

A. Experimental Setup across all 116 nodes. This establishes what GATv2
To understand which parts of the architecture actually attention alone can achieve.

matter, three variants are compared under identical
training conditions:
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Variant B — Single SAGPool: One SAGPooling
stage (retaining 50% of nodes) after the first GATv2
block, compressing to approximately 58 nodes.

Variant C — Hierarchical SAGPool (Proposed): Two
SAGPooling stages each at 50% retention,
compressing 116 — 58 — 29 nodes. This is the full
proposed architecture.

TABLE VII. ABLATION STUDY — IMPACT OF POOLING STRATEGY ON PERFORMANCE AND
PARAMETERS

Var. Pooling Acc. Fl1 AUC Params
A None 0.743 0.731 0.862 214K
B Single SAGPool 0.798 0.787 0.897 186K
c  Hier. SAGPool 0.831 0.824 0.921 197K

(Ours)

B. Results

Moving from Variant A to B (adding one pooling
stage) gives a 5.5 percentage point accuracy gain and
0.035 AUC improvement. This confirms that pruning
the least relevant brain regions is not just
computationally convenient—it genuinely improves
classification by focusing the model on the most
informative sub-network and reducing the noise that
propagates through subsequent layers.

The step from Variant B to C (adding the second
pooling stage) delivers another 3.3 percentage points
and 0.024 AUC with only a 6% increase in parameter
count. The second stage particularly helps with the
hardest pair—Schizophrenia and Bipolar—where F1
improves by roughly 0.04 to 0.05 each. From a
computational angle, reducing the node count in the
final attention block from 116 to 29 makes Variant C
about 23% faster per epoch than Variant A.

IX. BIOMARKER INTERPRETATION

0.95
e Accuracy
mm AUC
0.90
® 0851
(9]
=
(o]
-
3
E 0.80 1
0.75 1
0.70-
A
No Pooling

B C
Single SAGPool

Hierarchical
SAGPool

Model Variants

Fig. 7. Ablation study: Accuracy and AUC for Variants A (No Pooling), B (Single SAGPool), and C
(Hierarchical SAGPool, proposed). Each additional pooling stage yields consistent gains on both metrics.

A. How the Model Identifies Candidate Biomarkers
One of the understated benefits of SAGPooling is that
the brain regions it retains after processing a test
subject can be read as a data-driven list of candidate
biomarker regions. This interpretability comes for
free—it is a direct byproduct of classification rather
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than a separate analysis step. To identify disorder-
specific biomarkers, we track which of the 116 brain
regions are retained in more than 80% of test subjects
from each diagnostic class, and designate these as
class-specific candidates.
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B. ASD: Default Mode Network

For participants with ASD, the most frequently
retained regions include the medial prefrontal cortex,
posterior cingulate cortex, angular gyrus, and
precuneus—the four core hubs of the default mode
network (DMN). Reduced coordination within the
DMN is among the most replicated findings in ASD
neuroimaging research, having appeared in more than
150 independent studies [1], [4]. This network
underlies social cognition, theory of mind, and self-
referential ~ processing—functions  that  are
characteristically disrupted in ASD. The model
discovered these same regions with no anatomical
tuning.

Salient Sub-Graph for ASD Diagnosis

<

Fig. 8. Salient sub-graph identified for ASD
diagnosis. The highlighted nodes and connections
correspond to default mode network regions (medial
prefrontal cortex, posterior cingulate, precuneus)
whose hypo-connectivity is the most replicated
neuroimaging finding in ASD.

C. ADHD: Fronto-Striatal Circuit

For ADHD participants, the most consistently
retained regions are the dorsolateral prefrontal cortex,
inferior parietal lobule, caudate nucleus, and
supplementary motor area [1], [5]. The caudate
nucleus—a subcortical structure often left out of
cortical-only parcellations—is particularly
noteworthy: its consistent retention flags a genuine
connectivity signature that complements the cortical
fronto-parietal markers.

D. Schizophrenia: Thalamo-Cortical Disconnection
The top retained regions for Schizophrenia include
the mediodorsal thalamus, superior temporal gyrus,
dorsal anterior cingulate cortex, and insula. Among
the most robust findings in the schizophrenia
literature  are  thalamo-cortical  connectivity
abnormalities—specifically hyper-connectivity
between thalamus and sensorimotor cortex and hypo-
connectivity between thalamus and prefrontal cortex.
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The superior temporal gyrus, which contains auditory
processing areas implicated in hallucination, adds
further biological specificity.

E. Bipolar Disorder: Limbic-Striatal Circuit

For Bipolar Disorder, the primary retained regions
are the amygdala, hippocampus, ventral striatum
(including the nucleus accumbens), and orbitofrontal
cortex. The contrast between the amygdala-centered
Bipolar signature and the thalamus-centered
Schizophrenia signature is what gives the model its
primary mechanism for distinguishing these two
frequently confused conditions.

X. DISCUSSION

A. What the Results Tell Us

Stepping back from the numbers, three things stand
out. First, the hierarchical dual-stage pooling is doing
most of the heavy lifting—it contributes 8.8
percentage points in accuracy over a flat GATv2
baseline, more than any other single architectural
choice. Second, GATv2's more expressive attention
mechanism genuinely matters: the 6.8 percentage
point gain over standard GAT confirms that context-
sensitive, jointly non-linear attention scores translate
into better classification. Third, the disorder-specific
connectivity patterns identified through pooling-
based biomarker analysis match remarkably well
with decades of neuroscience research—the model
did not need to be told which brain regions matter for
which condition [1].

B. The SCHZ-Bipolar Challenge

The persistent confusion between Schizophrenia and
Bipolar Disorder is the principal unresolved
challenge. Both conditions share substantial genetic
architecture, and their functional connectivity
patterns in limbic and fronto-parietal networks
genuinely overlap. The current model does better at
SCHZ-Bipolar discrimination than any prior graph-
based approach on the same dataset, primarily
because the second pooling stage isolates the
thalamic specificity of SCHZ against the amygdalar
specificity of Bipolar. But further progress will likely
require additional data modalities—genetic profiles,
structural morphometry, or diffusion tractography.

C. Cross-Site Generalization

One of the most practically important results is that
the model generalizes well despite being trained and
tested on data from more than 25 different acquisition
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sites. The 3% training-validation gap and the low run-
to-run variability (standard deviation of 0.009) across
five independent seeds suggest the learned
representations reflect genuine neural connectivity
patterns rather than site-specific acquisition artifacts.
Cross-site  robustness is essential for clinical
translation, because any diagnostic tool that only
works on data from the same scanner as the training
set has no practical value [1].

D. Limitations

We want to be clear about what the current results do
and do not demonstrate. Five hundred subjects is a
reasonable proof-of-concept scale, but it is orders of
magnitude smaller than the datasets used to validate
Al-assisted  diagnostics in  radiology  or
ophthalmology. The current results should be treated
as encouraging preliminary evidence, not as clinical
validation. Prospective studies with pre-registered
endpoints and independent validation cohorts would
be required before any consideration of clinical
deployment.

Additional limitations include the merging of all
ADHD subtypes into one class; the restriction to 2D
connectivity matrices; and the absence of uncertainty
quantification, which would be an essential feature
for any responsible clinical decision support tool.

E. Future Directions

Five directions are planned: Graph Transformers
using full self-attention over all node pairs;
incorporation of UK Biobank data for dramatically
larger sample sizes; multimodal fusion of structural
MRI, diffusion tractography, EEG coherence, and
genetics; federated learning across clinical sites
without sharing raw patient data; and uncertainty
quantification via conformal prediction or Monte
Carlo dropout as a prerequisite for clinical
deployment.

XI. CONCLUSION

This paper presents a hierarchical graph attention
framework that classifies five neurological
conditions—healthy  controls, ASD, ADHD,
Schizophrenia, and Bipolar Disorder—from resting-
state fMRI functional connectivity [1]. The core of
the approach is a two-stage SAGPooling mechanism
that progressively compresses each subject's 116-
node brain graph to the 29 most diagnostically
informative nodes, combined with GATv2 blocks
that compute context-sensitive attention over the
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remaining connections. On a 500-subject multi-site
test set, the framework achieves 83.1% accuracy,
weighted F1 of 0.824, and macro AUC of 0.921—
improvements of +11.2 and +19.7 percentage points
over GCN and SVM baselines, respectively.

Ablation experiments confirm that two-stage pooling
is the single most important architectural decision,
adding 8.8 percentage points in accuracy with
minimal parameter overhead and 23% faster training.
Every improvement is statistically significant (p <
0.01, Cohen's d = 1.37). The brain regions selected
by pooling—DMN nodes for ASD, fronto-striatal
hubs for ADHD, thalamo-cortical nodes for SCHZ,
limbic-striatal regions for Bipolar—align closely
with established neuroscientific findings, offering
strong evidence that the model learns clinically
meaningful representations rather than dataset-
specific artifacts.

The primary remaining challenge—SCHZ-Bipolar
disambiguation—points toward multi-modal
integration and larger prospective datasets as the
most productive next steps. We hope this work
provides a solid foundation for that future research.
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