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Abstract. Attention Deficit Hyperactivity Disorder (ADHD) is a com-
mon neurodevelopmental disorder where early and accurate diagnosis
remains challenging. Resting-state functional magnetic resonance imag-
ing (rs-fMRI) and functional connectivity networks (FCNs) have shown
great potential for ADHD identification, but existing deep learning meth-
ods are limited by small sample sizes, inter-site variability, and poor
preservation of brain network topology during data augmentation. To
address these issues, we propose Symmetric Neurograph Augmentation
via Probabilistic diffusion Learning (SYNAPSE), a novel diffusion-based
framework for multi-site ADHD identification. The proposed method
constructs multi-scale functional neurographs from rs-fMRI data and
introduces a symmetry-constrained diffusion model to generate biolog-
ically meaningful FCNs while preserving graph topology and network
symmetry. In addition, a spectral topology encoding module and cross-
site contrastive learning strategy are designed to improve structural con-
sistency and generalization across heterogeneous datasets. Finally, an
attention-guided graph transformer is employed for ADHD classifica-
tion and biomarker discovery. Experiments on ADHD-200, Healthy Brain
Network (HBN), and ABCD datasets demonstrate that SYNAPSE out-
performs existing methods in terms of classification accuracy, robustness,
and cross-site generalization while generating realistic functional brain
networks with clinically meaningful biomarkers.

Keywords: Attention Deficit Hyperactivity Disorder (ADHD) · func-
tional connectivity network (FCN) · diffusion learning · graph trans-
former · brain network augmentation
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1 Introduction

Attention Deficit Hyperactivity Disorder (ADHD) is a prevalent neurodevelop-
mental disorder affecting attention, behavior, and cognition in children and ado-
lescents [1]. Resting-state functional magnetic resonance imaging (rs-fMRI) [2]
enables the investigation of abnormal brain connectivity patterns [3, 4]. Func-
tional connectivity networks (FCNs) [5], constructed from correlations among
brain regions, have been widely used for ADHD identification with deep learn-
ing and graph-based models [6–8]. However, current methods are limited by
small sample sizes, inter-site heterogeneity, and inadequate preservation of in-
trinsic network topology. Existing augmentation strategies, including temporal
perturbation and GAN-based FCN synthesis [9–13], often fail to maintain the
symmetric and graph-structured properties of FCNs. Although diffusion proba-
bilistic models show strong generative capability [14], their application to func-
tional neurograph learning remains underexplored, particularly for preserving
biologically meaningful topology in multi-site rs-fMRI analysis.

Multi-site heterogeneity further challenges ADHD identification [15]. Varia-
tions in scanners, acquisition protocols, and demographics introduce site-specific
biases that hinder model robustness and generalization [16]. Moreover, most
studies emphasize static connectivity and overlook multi-scale dynamic inter-
actions among brain regions. Thus, a unified framework is needed to generate
biologically meaningful FCNs while enhancing cross-site generalization and clas-
sification performance.

To address these issues, we propose SYNAPSE (SYmmetric Neurograph
Augmentation via Probabilistic diffuSion lEarning), a diffusion-based frame-
work for multi-site ADHD identification using rs-fMRI-derived FCNs. Multi-
scale neurographs capture local and global connectivity patterns, while a spectral
topology encoding strategy preserves key structural properties during diffusion
learning.

The main contributions are:

– A symmetry-preserving diffusion neurograph augmentation framework that
generates realistic FCNs while maintaining graph symmetry and connectivity
structure.

– A spectral topology encoding mechanism to retain graph-theoretic charac-
teristics, ensuring structurally consistent and biologically meaningful FCNs.

– A cross-site contrastive learning strategy to mitigate inter-site variability
and improve robustness across heterogeneous datasets.

– Extensive validation on ADHD-200, Healthy Brain Network (HBN), and
ABCD datasets, demonstrating superior performance over existing FCN-
based augmentation and classification methods, along with clinically mean-
ingful biomarker interpretation.
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Fig. 1: Overall architecture of the proposed framework: Symmetric Neurograph
Augmentation via Probabilistic diffusion Learning

2 Methodology

Fig. 1 illustrates the overall architecture of the proposed SYNAPSE framework,
which consists of four major stages: 1) multi-scale functional neurograph con-
struction, 2) symmetry-preserving probabilistic diffusion augmentation, 3) cross-
site contrastive representation learning, and 4) attention-guided graph trans-
former classification. The proposed framework is designed to generate biologi-
cally meaningful functional connectivity networks (FCNs) while improving the
robustness and generalization ability of ADHD identification across multiple
imaging sites.

2.1 Multi-Scale Functional Neurograph Construction

Given preprocessed resting-state fMRI (rs-fMRI) signals, the brain is parcellated
into N regions of interest (ROIs) using the Automated Anatomical Labeling
(AAL) atlas. Let Si ∈ RT denote the time series of the i-th ROI, where T is
the number of temporal frames. Functional connectivity between ROI pairs is
computed via Pearson correlation (Algorithm 1). To move beyond a single static
FCN, we construct multi-scale neurographs that capture both local and global in-
teractions. Sliding temporal windows of varying lengths generate dynamic FCNs
to model temporal variability, while multi-threshold graph sparsification pre-
serves connectivity patterns at different topological levels. This multi-scale de-
sign enables the framework to capture short- and long-range neural interactions
relevant to ADHD.
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Algorithm 1: Multi-Scale Functional Neurograph Construction
Input: Preprocessed rs-fMRI signals S = {S1, S2, . . . , SN}
Output: Multi-scale Functional Connectivity Networks F

1 Initialize empty FCN set F = ∅;
2 Partition brain into N ROIs using AAL atlas;
3 for each temporal window t = 1 to T do
4 Extract ROI-wise BOLD signals St

i ;
5 for each ROI pair (i, j) do
6 Compute Pearson correlation:
7

Ft(i, j) =
Cov(St

i , S
t
j)

σ(St
i )σ(S

t
j)

8 end
9 Construct adjacency matrix At;

10 Apply graph sparsification using threshold δ;
11 Generate neurograph Gt = (V,E,At);
12 Add Gt into FCN set F ;
13 end
14 Return F ;

2.2 Spectral Topology Encoding

Functional brain networks exhibit complex topological structures that are chal-
lenging to preserve during generative modeling. To maintain intrinsic graph prop-
erties, we introduce a spectral topology encoding module based on graph Lapla-
cian analysis. For a neurograph G = (V,E), the normalized graph Laplacian is
defined as:

L = I −D−1/2AD−1/2 (1)

where A is the adjacency matrix, D is the degree matrix, and I is the identity
matrix. The eigenvalues and eigenvectors of L capture key structural charac-
teristics, such as connectivity smoothness and community organization. Rather
than learning FCNs solely in the spatial domain, the proposed framework jointly
models spatial and spectral representations. This design preserves biologically
meaningful topology during diffusion learning and enhances the structural con-
sistency of generated FCNs.

2.3 Symmetry-Preserving Probabilistic Diffusion Learning

SYNAPSE employs a symmetry-preserving diffusion model to generate realis-
tic FCNs. The forward process gradually perturbs an FCN into Gaussian noise,
while the reverse process reconstructs it through iterative denoising (Algorithm
2), enabling stable and high-quality generation.To ensure biological validity, sym-
metry (A = A⊤) is enforced at each denoising step using a symmetry-consistency
loss. Additionally, a topology-preservation loss minimizes discrepancies between
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the Laplacian representations of real and generated graphs, maintaining key
spectral and structural properties. Together, these constraints produce struc-
turally consistent and biologically plausible FCNs.

Algorithm 2: Symmetry-Preserving Diffusion Neurograph Learning
Input: Functional Connectivity Network X0

Output: Generated FCN X̂
1 Initialize diffusion steps T ;
2 Initialize noise schedule βt;
3 for each diffusion step t = 1 to T do
4 Perform forward diffusion:
5

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI)

6 end
7 Initialize noisy FCN xT ;
8 for each reverse step t = T to 1 do
9 Estimate denoised FCN:

10

pθ(xt−1|xt) = N (xt−1;µθ(xt, t), Σθ(xt, t))

11 Compute symmetry consistency loss:
12

Lsym =
1

N2

N∑
i=1

N∑
j=1

(Xij −Xji)
2

13 Compute topology preservation loss:
14

Ltopo = ∥Lr − Lg∥2F
15 Update network parameters using:
16

Lfinal = Ldiff + λ1Lsym + λ2Ltopo

17 end
18 Generate augmented FCN X̂;
19 Return X̂;

2.4 Cross-Site Contrastive Neurograph Learning

For two neurograph embeddings zi and zj , positive pairs are defined as samples
belonging to the same diagnostic category across different sites, while negative
pairs correspond to samples from different categories. The contrastive objective
is formulated using the InfoNCE loss:
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Algorithm 3: Cross-Site Contrastive Neurograph Learning
Input: Neurograph embeddings Z = {z1, z2, . . . , zn}
Output: Site-invariant discriminative representations

1 Initialize embedding encoder Eθ;
2 Initialize temperature parameter τ ;
3 for each mini-batch do
4 Extract neurograph embeddings:
5

zi = Eθ(Gi)

6 Generate positive pairs from same diagnostic class across different
sites;

7 Generate negative pairs from different diagnostic classes;
8 for each embedding pair (zi, zj) do
9 Compute cosine similarity:

10

sim(zi, zj) =
zTi zj

∥zi∥∥zj∥

11 end
12 Compute contrastive loss:
13

Lcontra = −
N∑
i=1

log
exp(sim(zi, z

+
i )/τ)∑2N

j=1 ⊮[j ̸=i] exp(sim(zi, zj)/τ)

14 Update encoder parameters using backpropagation;
15 end
16 Generate site-invariant neurograph representations;
17 Return optimized embeddings;

Lcon = − log
exp(sim(zi, zj)/τ)∑N
k=1 exp(sim(zi, zk)/τ)

(2)

where sim(·) denotes cosine similarity and τ is the temperature parameter.
This learning strategy encourages the framework to learn site-invariant and

disease-discriminative representations, thereby improving robustness and cross-
site generalization.

2.5 Attention-Guided Graph Transformer Classification

After augmentation and representation learning, the generated and real FCNs
are jointly fed into an attention-guided graph transformer classifier for ADHD
identification. Each ROI is treated as a graph node, while the connectivity
strengths represent edge relationships.
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The graph transformer employs multi-head self-attention to capture global
interactions among ROIs:

Attention(Q,K, V ) = Softmax

(
QKT

√
d

)
V (3)

where Q, K, and V denote query, key, and value matrices, respectively [17].
To further improve interpretability, an ROI-aware attention mechanism is

introduced to identify discriminative brain regions associated with ADHD. The
learned attention weights are visualized to localize abnormal connectivity pat-
terns and potential neurological biomarkers.

Finally, global average pooling and fully connected layers are employed to
produce the final classification output.

3 Experimental Setting

3.1 Dataset

To evaluate the effectiveness and generalization capability of the proposed SYNAPSE
framework, experiments are conducted on three publicly available multi-site rs-
fMRI neuroimaging datasets, namely ADHD-200 [16], Healthy Brain Network
(HBN) [18], and the Adolescent Brain Cognitive Development (ABCD) [19]
dataset. A statistical summary of all datasets used in this study is presented
in Table 1.

Table 1: Summary of the Neuroimaging Datasets Used in This Study
Dataset Subjects ADHD Subjects Healthy Controls Modality Imaging Sites Purpose

ADHD-200 973 491 482 rs-fMRI NYU, PKU, NI, KKI Primary Benchmark
HBN 1206 542 664 rs-fMRI Multi-site External Validation

ABCD 2140 1012 1128 rs-fMRI Multi-site Large-Scale Robustness

3.2 Setup of Experiments

Preprocessing and FCN Construction All rs-fMRI scans are preprocessed
using standard neuroimaging procedures, including slice timing correction, mo-
tion correction, spatial normalization, temporal filtering, and nuisance signal
regression. The preprocessed brain volumes are then parcellated into 116 ROIs
using the AAL atlas. Functional connectivity networks are constructed using
Pearson correlation coefficients between ROI time-series signals.

To capture dynamic connectivity patterns, sliding temporal windows with
multiple scales are employed during FCN construction. The generated FCNs are
subsequently normalized before being fed into the proposed framework.The de-
tailed experimental configuration and hyperparameter settings of the proposed
SYNAPSE framework are summarized in Table 2. To prevent information leak-
age during cross-validation, all data partitioning was performed prior to aug-
mentation. For each fold, the diffusion model was trained exclusively on the
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training subset, and synthetic FCNs were generated only from training subjects.
Validation and test samples were never used during augmentation or model opti-
mization. Consequently, no information from held-out folds was introduced into
the training process.

Table 2: Experimental Configuration of the Proposed SYNAPSE Framework
Parameter Value
Optimizer Adam

Learning Rate 1 × 10−4

Batch Size 16
Epochs 200

Diffusion Steps 1000
Transformer Layers 4
Attention Heads 8
Dropout Rate 0.3

Temperature Parameter (τ) 0.07
Loss Weights λ1 = 0.1, λ2 = 0.1, λ3 = 0.05, λ4 = 1.0

Cross Validation 5-Fold Stratified CV
Hardware NVIDIA RTX 4090 GPU
Framework PyTorch 2.0

Table 3: Additional Implementation Details
Parameter Value

ROI Number 116
Embedding Dimension 128

Graph Transformer Hidden Size 256
Graph Transformer Layers 4

Attention Heads 8
Diffusion Backbone U-Net

Batch Size 16
Optimizer Adam

Weight Decay 1× 10−5

Training Configuration The proposed SYNAPSE framework is implemented
using PyTorch and trained on an NVIDIA RTX-series GPU. The diffusion model
is trained using the Adam optimizer with an initial learning rate of 1 × 10−4.
The batch size is set to 16, and the number of diffusion steps is set to 1000. The
hyperparameters were selected using grid search on the validation folds. The
final configuration achieved the best trade-off between classification accuracy
and training stability.

For contrastive learning, the temperature parameter τ is set to 0.07. The
graph transformer consists of four attention layers with multi-head self-attention.
Dropout regularization is employed to reduce overfitting during training.
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Table 4: Performance Comparison on ADHD-200 Dataset
Method ACC (%) SEN (%) SPE (%) F1-Score (%) AUC (%)

CNN-FCN 72.15 70.42 73.11 71.26 75.34
ST-GCN 74.83 73.56 75.48 74.02 77.15

BrainNetGAN 76.21 75.08 76.92 75.64 79.43
GAT-Based Model 78.46 77.83 79.11 78.20 81.72
Transformer-FCN 80.15 79.37 81.04 79.88 83.41

SYNAPSE (Proposed) 84.92 83.75 85.61 84.13 88.24

Table 5: Performance Comparison on Healthy Brain Network (HBN) Dataset
Method ACC (%) SEN (%) SPE (%) F1-Score (%) AUC (%)

CNN-FCN 70.83 69.14 71.92 70.15 73.81
ST-GCN 73.91 72.65 74.82 73.24 76.43

BrainNetGAN 75.72 74.88 76.54 75.31 78.65
GAT-Based Model 77.94 76.42 78.85 77.36 80.94
Transformer-FCN 79.46 78.73 80.15 79.12 82.37

SYNAPSE (Proposed) 83.58 82.41 84.26 83.04 86.91

Comparative Methods The proposed SYNAPSE framework is compared with
several state-of-the-art ADHD identification methods, including CNN-based FCN
learning methods, graph neural network approaches, GAN-based augmentation
models, and transformer-based neuroimaging frameworks [21]. Ablation studies
are also conducted to evaluate the contribution of each module, including spec-
tral topology encoding, symmetry-preserving diffusion learning, and cross-site
contrastive learning.

Implementation Environment All experiments are conducted on a worksta-
tion equipped with an Intel Core i9 processor, 64 GB RAM, and NVIDIA RTX
4090 GPU. The proposed framework is implemented using Python 3.10, Py-
Torch 2.0, and CUDA 12.0.Evaluation metrics [15,22] include Accuracy (ACC),
Sensitivity (SEN), Specificity (SPE), F1-score, and AUC; cross-site Accuracy,
F1-score, and AUC; clustering coefficient error, path length error, and spectral
distance; and parameter count, FLOPs, and training time [23,24].

4 Experimental Results and Discussion

This section presents the experimental evaluation of the proposed SYNAPSE
framework on three publicly available neuroimaging datasets, namely ADHD-
200, Healthy Brain Network (HBN), and ABCD.

4.1 Performance Comparison on ADHD-200, HBN, and ABCD
Datasets

Tables 4–6 summarize the performance comparison across ADHD-200, HBN,
and ABCD datasets. SYNAPSE consistently outperforms all competing methods
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Table 6: Performance Comparison on ABCD Dataset
Method ACC (%) SEN (%) SPE (%) F1-Score (%) AUC (%)

CNN-FCN 71.94 70.86 72.55 71.12 74.93
ST-GCN 74.22 73.45 75.11 73.81 77.26

BrainNetGAN 76.11 75.42 76.88 75.83 79.54
GAT-Based Model 78.65 77.84 79.31 78.22 81.85
Transformer-FCN 80.34 79.55 81.16 79.92 83.57

SYNAPSE (Proposed) 85.16 84.02 86.11 84.73 88.91

Table 7: Cross-Site Generalization Performance Across Different Datasets
Training Dataset Testing Dataset ACC (%) F1-Score (%) AUC (%)

ADHD-200 HBN 81.42 80.65 84.21
ADHD-200 ABCD 79.87 78.94 82.56

HBN ADHD-200 80.15 79.36 83.12
HBN ABCD 81.04 80.12 84.15

ABCD ADHD-200 78.91 77.88 81.47
ABCD HBN 80.33 79.41 83.44

Average SYNAPSE Performance – 80.29 79.39 83.16

Fig. 2: The proposed SYNAPSE framework learns highly discriminative and
generalized representations for accurate ADHD identification across multiple
sites.The inter-class centroid distance increased from 1.84 in the raw feature
space to 5.92 in the final SYNAPSE representation space, indicating improved
class separability.

on all evaluation metrics. On ADHD-200, it achieves 84.92% accuracy, 83.75%
sensitivity, 85.61% specificity, 84.13% F1-score, and 88.24% AUC, improving
accuracy and AUC over Transformer-FCN by 4.77% and 4.83%, respectively,
and outperforming BrainNetGAN with more biologically consistent FCN gener-
ation.On HBN, SYNAPSE attains 83.58% accuracy and 86.91% AUC, surpassing
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Table 8: Ablation Study of the Proposed SYNAPSE Framework
Configuration ADHD-200 ACC (%) HBN ACC (%) ABCD ACC (%) Cross-Site ACC (%)

Without Spectral Encoding 79.24 77.15 78.04 74.92
Without Symmetry Constraint 80.11 78.54 79.26 76.13
Without Contrastive Learning 81.37 79.88 80.43 75.84

Without Diffusion Augmentation 78.94 76.92 77.65 73.56
Without Attention Module 80.46 78.91 79.83 76.58

Full SYNAPSE Framework 84.92 83.58 85.16 80.29

Table 9: Impact of Diffusion-Based Augmentation on Three Datasets
Training Strategy ADHD-200 ACC (%) HBN ACC (%) ABCD ACC (%)

Without Augmentation 77.42 75.11 76.24
Traditional Augmentation 79.11 77.84 78.35
GAN-Based Augmentation 81.35 79.92 80.74

SYNAPSE Diffusion Augmentation 84.92 83.58 85.16

Fig. 3: FCN Comparison: Real vs Generated Functional Connectiv-
ity Networks. The proposed diffusion-based generation (SYNAPSE) produces
FCNs that are more structurally similar to real FCNs compared to GAN-based
methods, with superior topological consistency and weight distribution. The av-
erage Laplacian spectral distance between generated and real FCNs decreased
from 0.126 (GAN) to 0.037 (SYNAPSE).

Transformer-FCN by 4.12% in accuracy despite greater demographic diversity
and inter-site heterogeneity. On the large-scale ABCD dataset, it achieves the
best performance with 85.16% accuracy, 86.11% specificity, and 88.91% AUC.
These results demonstrate that the proposed symmetry-preserving diffusion aug-
mentation, spectral topology encoding, and contrastive learning strategies effec-
tively enhance discriminative representation learning, robustness, and general-
ization across heterogeneous and large-scale neuroimaging datasets.
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Table 10: Computational Complexity Analysis of Different Methods
Method Parameters (M) FLOPs (G) Training Time (h)

CNN-FCN [7] 1.8 12.4 3.1
ST-GCN [20] 2.4 15.8 4.5

BrainNetGAN [12] 3.1 19.7 5.8
Transformer-FCN [8] 4.8 24.5 7.2

SYNAPSE (Proposed) 5.2 26.1 7.8

Table 11: Identified ADHD-Related Brain Regions Using Attention Analysis
Brain Region Functional Role Importance Score

Prefrontal Cortex Attention Control 0.94
Anterior Cingulate Cortex Cognitive Regulation 0.91

Basal Ganglia Motor Control 0.88
Default Mode Network Mind Wandering 0.86

Parietal Cortex Executive Function 0.83

4.2 Cross-Site Generalization Analysis

Table 7 reports cross-site performance, where models trained on one dataset are
directly evaluated on unseen datasets to assess robustness under domain shifts.
SYNAPSE achieves an average cross-site accuracy of 80.29% and an AUC of
83.16%, demonstrating strong generalization across heterogeneous sites. Notably,
training on ADHD-200 and testing on HBN yields 81.42% accuracy, indicating
that the contrastive neurograph learning strategy effectively mitigates scanner-
specific variations and promotes domain-invariant representations. All datasets
were preprocessed using an identical pipeline with AAL-based parcellation. No
fine-tuning, domain adaptation, or harmonization was applied during cross-site
evaluation, highlighting the intrinsic generalization capability of the proposed
framework.

4.3 Ablation Study

An ablation study on all three datasets (Table 8) evaluates the contribution
of each module. Removing spectral topology encoding decreases ADHD-200
accuracy from 84.92% to 79.24%, underscoring the importance of preserving
structural information during diffusion learning. Eliminating the symmetry con-
straint further degrades performance, confirming its role in maintaining struc-
turally consistent FCNs. Moreover, excluding the contrastive learning module
reduces average cross-site accuracy from 80.29% to 75.84%, demonstrating its
effectiveness in learning site-invariant representations and improving generaliza-
tion across heterogeneous sites.

4.4 Impact of Diffusion-Based Augmentation

Table 9 compares augmentation strategies for ADHD classification. SYNAPSE
consistently outperforms traditional and GAN-based methods across all datasets.
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On ADHD-200, accuracy increases from 81.35% (GAN-based) to 84.92%, with
similar gains on HBN and ABCD. As illustrated in Fig. 3, SYNAPSE-generated
FCNs show stronger topological similarity and better preservation of connection-
weight distributions than GAN-generated FCNs. Topology preservation was fur-
ther quantified by comparing graph-theoretic metrics between generated and real
FCNs. Table 12 shows that SYNAPSE achieves the lowest clustering coefficient
error, characteristic path length error, and Laplacian spectral distance, confirm-
ing the effectiveness of the proposed spectral encoding and symmetry-preserving
diffusion strategy.

Table 12: Topology Preservation Analysis of Generated FCNs
Method Clustering Coefficient Error ↓ Path Length Error ↓ Spectral Distance ↓

GAN-Based Augmentation 0.118 0.143 0.126
Diffusion w/o Spectral Encoding 0.092 0.117 0.094

Diffusion w/o Symmetry Constraint 0.081 0.104 0.082
SYNAPSE 0.043 0.058 0.037

4.5 t-SNE Visualization Analysis

Fig. 2 shows t-SNE visualizations of learned features. Raw FCNs display sub-
stantial overlap between ADHD and healthy controls, indicating poor separa-
bility. Baseline graph and transformer models improve clustering but still ex-
hibit notable overlap. In contrast, SYNAPSE yields compact intra-class clusters
and clear inter-class separation. The diffusion augmentation and cross-site con-
trastive learning modules enhance discriminative capability, demonstrating the
framework’s ability to learn generalized and highly separable neurograph em-
beddings for ADHD identification.

4.6 Computational Complexity Analysis

Table 10 compares parameter count, FLOPs, and training time across meth-
ods. Although SYNAPSE introduces slightly more parameters due to diffusion
and graph transformer modules, the computational overhead remains manage-
able on modern GPUs. Notably, it achieves superior classification performance
with reasonable training complexity, demonstrating its practicality for large-scale
neuroimaging analysis.

4.7 Biomarker Interpretation Analysis

As shown in Table 11, the proposed framework consistently identifies clinically
relevant ADHD-related regions, including the prefrontal cortex, anterior cingu-
late cortex, basal ganglia, and default mode network. These regions are associ-
ated with attention control, executive function, and cognitive regulation deficits
commonly observed in ADHD. The attention-guided graph transformer enhances
interpretability and clinical reliability, and the identified biomarkers are consis-
tent with prior neuroimaging studies reporting abnormalities in these regions.
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5 Conclusion

Despite the encouraging results, several limitations remain. The computational
cost of diffusion learning is higher than conventional graph-learning approaches,
and the framework currently relies on predefined ROI parcellation. Future work
will investigate lightweight diffusion architectures, adaptive brain parcellation
strategies, and validation on larger clinical cohorts with longitudinal follow-up
data.Additional experiments showed that performance remained stable within
diffusion steps ranging from 500–1500 and temperature values between 0.05–0.1,
indicating robustness to moderate hyperparameter variations.
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