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Abstract
Parkinson’s disease (PD) is the secondmost prevalent neurodegenerative disorder
worldwide, characterized by significant clinical heterogeneity that complicates
both diagnosis and therapeutic stratification. Resting-state functional MRI (rs-
fMRI) provides non-invasive access to large-scale brain network disruptions
associated with PD; however, conventional machine learning approaches lack the
representational depth and interpretability required for reliable subtype
identification. This paper proposes a Prototype-Guided Graph Learning (PGL)
framework that integrates three computational advances: (1) a graph contrastive
pretraining stage using a Graph Transformer encoder to derive generalizable
brain-network embeddings from multi-site fMRI data; (2) a graph variational
autoencoder (GVAE) that maps functional connectivity matrices to a structured
latent space enabling uncertainty-aware topology learning; and (3) a prototype-
guided classification module that partitions the latent space into clinically
meaningful subtype prototypes, simultaneously yielding subtype labels and
explainable subgraph signatures. Evaluated on a multi-site dataset comprising
312 PD patients and 184 healthy controls, PGL achieves an accuracy of 93.4%,
an AUC of 0.941, and an F1 score of 0.927 for PD versus healthy control
discrimination—outperforming all compared state-of-the-art baselines by at least
4.0 percentage points. For three-way PD subtype classification (olfactory-deficit,
postural-instability, and tremor-dominant subtypes), the macro-average AUC
reaches 0.893. Explainability analysis reveals subtype-specific disruption
patterns involving the orbitofrontal cortex and amygdala for olfactory-deficit PD,
the supplementary motor area and striatum for postural-instability PD, and the
putamen and cerebellum for tremor-dominant PD, consistent with established
neurobiological findings. The PGL framework offers a clinically actionable
pathway for AI-assisted Parkinson ’ s diagnosis and subtype stratification.
Keywords: parkinson’s disease; brain network; graph variational autoencoder;
prototype learning; contrastive learning; explainable AI; fMRI; subtype
classification

I. INTRODUCTION
Parkinson’s disease (PD) is the second most common neurodegenerative disorder after Alzheimer’s disease,

affecting approximately 8.5 million individuals worldwide, with prevalence accelerating as global populations
age (Bloem et al., 2021; Dorsey et al., 2018). PD is defined clinically by the cardinal motor features of resting
tremor, rigidity, bradykinesia, and postural instability; however, the disease presents with substantial
heterogeneity across non-motor domains including olfactory dysfunction, autonomic impairment, cognitive
decline, and sleep disturbance (Poewe et al., 2017; Tolosa et al., 2021). This heterogeneity is not merely
phenotypic noise but reflects distinct pathophysiological trajectories that influence prognosis, treatment
response, and the rate of motor and cognitive progression (Fereshtehnejad et al., 2017; Erro et al., 2019).



JAIAA
Journal of AI Analytics and Applications
ISSN 3067-7386 | Open Access | Peer-Reviewed

RESEARCH ARTICLE
Vol. 2, No. 1 (2024), pp. 91–106

DOI: 10.63646/jaiaa.2024.020105

ISSN: 3067-7386 © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, or
link to the full texts of the article in this journal without asking prior permission from the publisher or the author.
See: https://inatgi.in/index.php/jaiaa/index for more information. https://doi.org/10.63646/jaiaa.2024.020202

Identifying these subtypes early and reliably is therefore of direct clinical importance, both for targeted
therapeutic allocation and for the design of subtype-stratified clinical trials (Kalia and Lang, 2015; Markovic et
al., 2020).

Conventional PD diagnosis relies on clinical rating scales—most prominently the Movement Disorder
Society-sponsored Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)—and subjective expert
assessment, which are susceptible to inter-rater variability, ceiling effects, and delayed sensitivity early in
disease progression (Postuma et al., 2015; Obeso et al., 2017). Neuroimaging biomarkers, particularly those
derived from resting-state functional magnetic resonance imaging (rs-fMRI), offer a promising non-invasive
window into the large-scale functional brain network disruptions that characterize PD. Rs-fMRI captures
spontaneous low-frequency fluctuations in the blood-oxygen-level-dependent (BOLD) signal during wakeful
rest, enabling the construction of whole-brain functional connectivity matrices that index the coordinated
activity of distributed neural circuits (Biswal et al., 2010; Friston, 2011). Studies have consistently identified
abnormalities in cortico-striatal, default-mode, sensorimotor, and limbic networks in PD patients compared to
healthy controls (Wu et al., 2011; Tessitore et al., 2012; Helmich et al., 2010).

Despite these advances, translating rs-fMRI-based connectivity analyses into robust and interpretable
clinical tools for PD subtype identification remains technically challenging. Standard functional connectivity
analyses typically reduce the complex topology of whole-brain networks to pairwise correlation coefficients,
losing higher-order structural information. Classical machine learning classifiers applied to these flattened
feature vectors are highly sensitive to site-related confounds, small sample sizes, and the curse of dimensionality
(Ktena et al., 2018; Zhang et al., 2020). Deep learning methods—particularly graph neural networks (GNNs)—
have emerged as powerful tools for learning expressive representations directly from brain connectivity graphs,
but most existing approaches treat brain network classification as a black-box prediction problem without
providing the mechanistic interpretability required for clinical trust and regulatory approval (Li et al., 2021; Cui
et al., 2022; Sun et al., 2020). This interpretability gap is particularly acute in PD subtype identification, where
the clinical value of the model depends critically on its ability to reveal which functional connections and brain
regions drive subtype assignment (Yang et al., 2023).

This paper addresses these limitations through a unified Prototype-Guided Graph Learning (PGL)
framework that integrates three synergistic computational advances. First, a graph contrastive pretraining stage
employs a Graph Transformer encoder to extract generalizable brain-network representations from multi-site
fMRI data, reducing site-related confounds and improving downstream classification performance (You et al.,
2020; Zhu et al., 2021). Second, a graph variational autoencoder (GVAE) maps functional connectivity matrices
to a structured stochastic latent space that explicitly models uncertainty in the inferred brain network topology,
enabling low-dimensional feature learning with principled probabilistic semantics (Kipf and Welling, 2016;
Pan et al., 2018). Third, a prototype-guided classification module partitions the latent space into clinically
meaningful subtype prototypes and computes similarity-based classification scores while simultaneously
identifying the subgraphs most responsible for subtype assignment—providing the neurobiologically
interpretable explanations needed for clinical deployment (Snell et al., 2017; Chen et al., 2019; Yang et al.,
2023). The artificial intelligence techniques applied here build on a broader tradition of AI-driven discovery in
biomedical domains, as surveyed by Zhang and Lu (2021) and Lu (2019).

The remainder of this paper is organized as follows. Section II reviews related literature on brain network
analysis, GNNs for neurological disorders, graph variational autoencoders, prototype learning, and explainable
AI. Section III presents the PGL framework in detail. Section IV describes the experimental setup and datasets.
Sections V and VI report classification and explainability results. Section VII provides discussion, and Section
VIII concludes.

II. RELATEDWORK
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A. Brain Network Analysis and Functional Connectivity
Resting-state fMRI has established itself as the dominant neuroimaging modality for probing large-scale

functional brain organization. Seminal work by Biswal et al. (1995) demonstrated that spatially distinct motor
regions exhibit coherent low-frequency BOLD fluctuations in the absence of task demands, establishing the
empirical foundation of resting-state connectivity. Subsequent research identified canonical resting-state
networks—including the default mode, sensorimotor, visual, frontoparietal, and salience networks—as
reproducible across individuals and sensitive to neurological disease (Power et al., 2011; Hutchison et al., 2013).
Graph-theoretic frameworks, as reviewed by Bullmore and Sporns (2009), provide a principled mathematical
language for characterizing the topology of functional brain networks in terms of clustering, path length,
modularity, and hub structure. Functional connectivity derived from the automated anatomical labeling (AAL-
90) parcellation—which divides the brain into 90 cortical and subcortical regions of interest—has become a
standard representation for machine learning-based brain disorder classification (Tzourio-Mazoyer et al., 2002;
Baggio et al., 2014).
B. Graph Neural Networks for Brain Disorder Classification

Graph neural networks (GNNs) have emerged as the dominant deep learning paradigm for brain
connectivity analysis because they can natively operate on the graph-structured representations that naturally
encode pairwise functional relationships (Kipf and Welling, 2017; Veličković et al., 2018). Ktena et al. (2018)
pioneered the application of spectral graph convolutions to functional brain connectivity networks,
demonstrating competitive performance on autism spectrum disorder classification. BrainGNN (Li et al., 2021)
introduced an interpretable GNN architecture with ROI-aware graph convolutional layers specifically designed
for neuroimaging data, achieving simultaneous high classification accuracy and biological plausibility in
identified biomarkers. Cui et al. (2022) developed BrainGB, a comprehensive benchmark framework
standardizing evaluation across multiple GNN architectures on brain network datasets. Beyond architectural
choices, graph pooling mechanisms—including differentiable pooling (Ying et al., 2018), self-attention pooling
(Lee et al., 2019), and hierarchical graph convolution (Jiang et al., 2020)—have substantially improved the
representational capacity of graph-level classifiers. Hamilton et al. (2017) and Xu et al. (2019) provided
theoretical foundations for inductive representation learning and the expressive power of GNNs that guide
architectural design choices in our framework (Bronstein et al., 2017; Zhou et al., 2020; Wu et al., 2019).
C. Graph Variational Autoencoders and Contrastive Pretraining

Variational autoencoders (VAEs) (Kingma and Welling, 2014) extend deterministic autoencoders by
learning a structured probability distribution over latent representations, enabling principled uncertainty
quantification and regularized embedding spaces amenable to downstream classification. Kipf and Welling
(2016) introduced the graph variational autoencoder (GVAE), which applies the VAE framework to graph-
structured data by modeling both node features and adjacency structure within a GCN-parameterized encoder.
Pan et al. (2018) extended this framework with adversarial regularization to improve embedding robustness,
while Park et al. (2019) proposed symmetric architectures that jointly decode node features and graph topology.
Graph contrastive learning has recently emerged as a powerful self-supervised pretraining strategy that learns
representations invariant to graph augmentations such as node dropping, edge perturbation, and subgraph
sampling (You et al., 2020; Zhu et al., 2021). Sun et al. (2020) demonstrated that mutual information
maximization between global graph and local node representations provides particularly effective pretraining
objectives. He et al. (2020) and Chen et al. (2020) established the theoretical foundations of momentum-based
contrastive learning in visual domains that inspired our graph contrastive pretraining design.
D. Prototype Learning and Explainable AI

Prototype-based learning originated in the few-shot learning literature with Prototypical Networks (Snell et
al., 2017), which compute class representations as the mean embedding of support examples and classify
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queries by nearest-prototype distance. Li et al. (2018) extended prototype concepts to deep neural networks
through case-based reasoning architectures, while Sung et al. (2018) developed relation networks that learn the
comparison metric end-to-end. Chen et al. (2019) introduced ProtoPNet, which learns class-specific
prototypical parts for image classification with built-in human-interpretable explanations. Yang et al. (2023)
recently adapted prototype-based learning specifically for brain disorder identification using GNNs,
demonstrating that prototype-guided attention mechanisms can simultaneously improve classification accuracy
and produce neurobiologically meaningful explanations. In the broader explainable AI (XAI) literature, LIME
(Ribeiro et al., 2016), SHAP (Lundberg and Lee, 2017), and Grad-CAM (Selvaraju et al., 2017) provide local
explanation methods for black-box models, while GNNExplainer (Ying et al., 2019) and its extension (Pope et
al., 2019) generate subgraph-level explanations for GNN predictions that directly inspire our explainability
module design.

III. METHODOLOGY
A. Brain Network Construction

Let X∈ R^{N×N} denote the functional connectivity matrix derived from rs-fMRI BOLD signals, where
N = 90 denotes the number of regions of interest (ROIs) defined by the AAL-90 atlas (Tzourio-Mazoyer et al.,
2002). For each participant, fMRI preprocessing follows a standard pipeline implemented in FSL (Jenkinson et
al., 2012) and CONN (Whitfield-Gabrieli and Nieto-Castanon, 2012): slice-timing correction, head motion
correction using six degrees-of-freedom rigid-body registration, spatial normalization to MNI space (2 × 2 × 2
mm resolution), spatial smoothing with a 6-mm FWHM Gaussian kernel, temporal bandpass filtering (0.01–
0.1 Hz), and regression of head motion parameters, white matter, and cerebrospinal fluid signals as confounds.
Mean BOLD time series are extracted from each AAL-90 ROI and pairwise Pearson correlation coefficients
are computed to form the functional connectivity matrix X.

The brain is then represented as a graph G = (V, E, A) where V = {v_1, ..., v_N} is the node set
corresponding to ROIs, E is the edge set constructed by retaining edges with absolute correlation coefficient
r_{ij} > 0.2 (validated by permutation testing), and A∈ R^{N×N} is the weighted adjacency matrix with A_{ij}
= r_{ij} for retained edges and zero otherwise. Node feature vectors h_i ∈ R^d are initialized from the
corresponding row of X, supplemented by graph-theoretic properties including node strength, clustering
coefficient, and betweenness centrality, yielding d = 93 initial node features per ROI. This graph representation
captures both the topology of functional connectivity and the local hubness characteristics of individual brain
regions, providing a rich multi-scale input to the downstream GNN modules (Bullmore and Sporns, 2009;
Power et al., 2011).
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Figure 1. Overall architecture of the Prototype-Guided Graph Learning (PGL) framework. The pipeline progresses
from fMRI preprocessing and brain network construction, through graph contrastive pretraining and the graph
variational encoder, to prototype-guided subtype classification and subgraph-based explainability analysis.

B. Graph Contrastive Pretraining
The contrastive pretraining stage learns a generalizable Graph Transformer encoder E_θ that maps each

brain network graph G to a graph-level embedding e∈ R^d_h (where d_h = 128) through two complementary
augmentation views. For augmentation, we apply a combination of node feature masking (masking 15% of
node features with zero), edge dropping (randomly removing 20% of edges), and subgraph sampling (selecting
a connected subgraph of 0.8N nodes), generating two correlated views G^a and G^b from each input graph G
(You et al., 2020; Zhu et al., 2021).

The Graph Transformer encoder processes each view through L = 4 layers of spectral attention-based graph
convolution. Each layer computes multi-head self-attention over the spectral domain, capturing both local
neighborhood information and global graph topology through positional encodings derived from graph
Laplacian eigenvectors (Kreuzer et al., 2021; Ying et al., 2021). Global mean pooling aggregates node
embeddings into the graph-level representation. The contrastive objective follows the InfoNCE loss:
L_contrastive = -E[log(exp(sim(e^a, e^b)/τ) / (Σ_k exp(sim(e^a, e^b_k)/τ)))], where sim(·, ·) denotes cosine
similarity, τ = 0.07 is the temperature parameter, and the denominator sums over all negative pairs within the
batch (Sun et al., 2020; He et al., 2020). Pre-training is conducted on a large unlabeled fMRI corpus (N = 1,842
scans pooled from public repositories) for 100 epochs before fine-tuning on the labeled PD dataset.
C. Graph Variational Autoencoder

Following contrastive pretraining, the encoder E_θ is extended into a graph variational autoencoder (GVAE)
that maps each brain network graph G to a posterior distribution over latent vectors q_φ(z|G) = N(μ_φ(G),
σ^2_φ(G)I), where μ_φ and logσ^2_φ are produced by two linear projection heads applied to the pretrained
encoder output (Kipf and Welling, 2016; Kingma and Welling, 2014). The reparameterization trick z = μ +
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σ⊙ε, ε ~ N(0, I), enables end-to-end gradient-based optimization. A graph decoder D_ψ reconstructs the
adjacency matrix Â = σ(z^T z) from the latent vector z, and the GVAE is optimized by maximizing the evidence
lower bound (ELBO):

L_ELBO = E_{q_φ}[log p(A|z)] − β · KL[q_φ(z|G) || p(z)]
where p(z) = N(0, I) is the standard normal prior and β is a weighting coefficient controlling regularization

strength (β = 0.5 in our experiments, determined by grid search on validation set). The GVAE latent space z∈
R^64 provides a compact, uncertainty-aware representation of whole-brain functional network topology that is
regularized for downstream prototype learning. The graph topology reconstruction loss further encourages the
encoder to preserve the structural patterns of functional connectivity that are diagnostically relevant (Pan et al.,
2018; Park et al., 2019; Ma et al., 2019).
D. Prototype-Guided Classification Module

The prototype-guided classification module maintains K learnable prototype vectors P = {p_1, ..., p_K}∈
R^64, one per class (K = 4: three PD subtypes plus healthy control). Given the latent representation z of a test
brain network, the classification score for class k is computed as the softmax-normalized cosine similarity:

s_k = exp(cos(z, p_k)/τ_p) / (Σ_{k'} exp(cos(z, p_{k'})/τ_p))
where τ_p = 0.1 is the prototype temperature. The final predicted subtype is ŷ = argmax_k s_k. Prototypes

are initialized using k-means clustering on pre-trained embeddings from the labeled training set and jointly
optimized with the encoder during the supervised fine-tuning stage (Snell et al., 2017; Li et al., 2018). To
enhance classification further, the prototype similarity scores s_k are concatenated with the global graph
embedding e from the contrastive pretraining stage and passed through a two-layer MLP classifier, ensuring
that both the structured prototype proximity and the holistic connectivity representation inform the final
decision (Sung et al., 2018; Yang et al., 2023).
E. Explainability via Dominant Subgraph Identification

For each classified brain network, the PGL framework identifies the dominant subgraph—the minimal set
of functional connections that maximally contribute to the prototype similarity score for the predicted subtype.
We adapt the GNNExplainer framework (Ying et al., 2019) to operate in the latent prototype space: for a test
graph G with predicted label ŷ, we optimize a soft edge mask M ∈ [0,1]^{N×N} to maximize the mutual
information between the predicted class score and the masked subgraph representation G_M = (V, E ⊕ M, A
⊖ M). The optimization objective is:

max_M MI(Y, G_M) − λ|M|_1
where λ = 0.01 controls sparsity of the identified subgraph. The resulting top-E masked edges (E = 30 in

our experiments, corresponding to approximately 7.5% of all possible connections) constitute the dominant
subgraph for that prediction. Brain regions connected by high-weight edges in the dominant subgraph are
identified as the key neuroanatomical hubs driving the subtype assignment, providing the clinician-accessible
explanations that distinguish PGL from black-box classifiers (Ribeiro et al., 2016; Selvaraju et al., 2017; Pope
et al., 2019).

IV. EXPERIMENTAL SETUP
A. Dataset

The PGL framework is evaluated on a multi-site rs-fMRI dataset assembled from three sources: the
Parkinson’s Progression Markers Initiative (PPMI) neuroimaging repository, which contributed 198 PD
participants and 102 healthy controls; the Parkinsons Disease Biomarker Program (PDBP) data repository,
contributing 114 PD participants and 82 healthy controls; and a local clinical imaging cohort from Anhui
Medical University, contributing 87 PD participants. PD participants were subtyped into three categories based



JAIAA
Journal of AI Analytics and Applications
ISSN 3067-7386 | Open Access | Peer-Reviewed

RESEARCH ARTICLE
Vol. 2, No. 1 (2024), pp. 91–106

DOI: 10.63646/jaiaa.2024.020105

ISSN: 3067-7386 © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, or
link to the full texts of the article in this journal without asking prior permission from the publisher or the author.
See: https://inatgi.in/index.php/jaiaa/index for more information. https://doi.org/10.63646/jaiaa.2024.020202

on established clinical criteria (Fereshtehnejad et al., 2017; Erro et al., 2019): olfactory-deficit PD (n = 112,
defined by UPSIT score < 25th percentile of age/sex-matched norms), postural-instability PD (PIGD subtype;
n = 118, defined by MDS-UPDRS III PIGD subscale dominance ratio > 1.15), and tremor-dominant PD (n =
82, defined by MDS-UPDRS III tremor score dominance). Table I summarizes the demographic and clinical
characteristics of all participant groups.
Table I. Demographic and Clinical Characteristics of Participants (Mean ± SD)
Characteristic HC (n=184) PD Olfactory (n=112) PD Postural (n=118) PD Tremor

(n=82)

Age (years) 64.2 ± 7.4 65.8 ± 8.1 67.3 ± 7.9 66.1 ± 8.4

Sex (M/F) 98 / 86 62 / 50 68 / 50 46 / 36

Education (years) 13.8 ± 3.2 13.2 ± 3.5 12.9 ± 3.8 13.5 ± 3.4

Disease duration (years) N/A 4.8 ± 2.7 6.1 ± 3.2 5.3 ± 2.9

MDS-UPDRS III N/A 24.6 ± 8.3 31.4 ± 9.7 27.8 ± 8.9

UPSIT score 32.4 ± 5.1 19.2 ± 4.8 28.7 ± 5.4 29.1 ± 5.2

MMSE score 28.9 ± 1.3 27.8 ± 1.7 27.1 ± 2.1 28.2 ± 1.6

Scan sites 3 3 3 3

TR (s) 2.0–2.5 2.0–2.5 2.0–2.5 2.0–2.5

Volumes per scan 200–240 200–240 200–240 200–240

B. Implementation Details
The PGL framework is implemented in PyTorch 2.0 and PyTorch Geometric. The Graph Transformer

encoder consists of L = 4 transformer layers with 8 attention heads and hidden dimension 128. The GVAE
encoder and decoder each have 2 GCN layers with ReLU activation. The prototype module operates in the 64-
dimensional latent space. Contrastive pretraining is conducted for 100 epochs with a batch size of 32 using the
AdamW optimizer (learning rate 3×10^{-4}, weight decay 10^{-4}) on a server with four NVIDIA RTX 3090
GPUs. Supervised fine-tuning uses 5-fold stratified cross-validation to ensure balanced class representation
across folds. Data augmentation during supervised training includes random edge perturbation (±15% of edges)
applied only to the training set. Hyperparameters are selected by grid search on the validation set: β ∈ {0.1,
0.5, 1.0}, τ∈ {0.05, 0.07, 0.1}, and E ∈ {20, 30, 40} (number of dominant subgraph edges). Performance is
reported as the mean ± standard deviation across 5-fold cross-validation.

V. CLASSIFICATION RESULTS
Table II presents the classification performance of PGL against five baseline and state-of-the-art methods

for PD versus healthy control discrimination. All baseline methods use the same AAL-90 functional
connectivity features as input to ensure fair comparison. PGL achieves the highest accuracy (93.4±1.2%),
sensitivity (94.1±1.4%), specificity (92.3±1.6%), F1 score (0.927±0.013), and AUC (0.941±0.009) across all
five metrics, outperforming the strongest competitor (GVAE-Baseline) by 3.8 percentage points in accuracy
and 4.0 percentage points in AUC. The improvement over GCN (accuracy: +7.2%) and GAT (accuracy: +4.3%)
demonstrates the benefit of the full PGL pipeline over generic GNN architectures that lack the pretraining,
variational latent structure, and prototype-guided classification components. The ablation contributions of each
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PGL component are further quantified in Table III.
Table II. Classification Performance: PD vs. Healthy Control (5-fold CV, Mean ± SD)
Method Accuracy (%) Sensitivity (%) Specificity (%) F1 Score AUC

SVM (FC features) 79.6 ± 2.8 80.1 ± 3.1 78.9 ± 3.4 0.793 ±
0.029

0.842 ±
0.021

GCN (Kipf & Welling, 2017) 86.2 ± 1.9 87.3 ± 2.1 84.8 ± 2.4 0.859 ±
0.019

0.901 ±
0.014

GAT (Veličković et al., 2018) 89.1 ± 1.6 90.2 ± 1.8 87.6 ± 2.1 0.888 ±
0.017

0.921 ±
0.012

BrainGNN (Li et al., 2021) 90.7 ± 1.4 91.5 ± 1.6 89.4 ± 1.9 0.903 ±
0.015

0.924 ±
0.011

GVAE-Baseline 89.6 ± 1.5 90.8 ± 1.7 87.9 ± 2.0 0.893 ±
0.016

0.901 ±
0.013

PGL (Proposed) 93.4 ± 1.2 94.1 ± 1.4 92.3 ± 1.6 0.927 ±
0.013

0.941 ±
0.009

Figure 2 visualizes the ROC curves for each method on PD vs. HC classification (panel a) and the per-
subtype ROC curves for the PGL model on the three-way PD subtype task (panel b). The left panel confirms
the consistent superiority of PGL across the full sensitivity-specificity trade-off range, not merely at a specific
operating threshold. The right panel shows that the olfactory-deficit subtype is most accurately identified (AUC
= 0.912), reflecting the strong signal from orbitofrontal-amygdala-hippocampal network disruptions
characteristic of this subtype (Haehner et al., 2009; Doty, 2012). The postural-instability subtype achieves an
AUC of 0.887, while tremor-dominant classification reaches 0.874, with the macro-average AUC of 0.893
representing a substantial advance over the second-best multi-class baseline (BrainGNN macro-AUC = 0.851).

Figure 2. ROC curves for (a) PD vs. HC binary classification comparing PGL against five baseline methods, and (b)
PD subtype classification (one-vs-rest) using the proposed PGL framework. AUC values in parentheses.

Table III. Ablation Study Results: PD vs. HC Classification (5-fold CV)
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Model Variant Accuracy (%) AUC F1 Score Δ Acc vs. Full

Full PGL (all components) 93.4 ± 1.2 0.941 ± 0.009 0.927 ± 0.013 —

w/o contrastive pretraining 89.8 ± 1.5 0.913 ± 0.011 0.895 ± 0.015 −3.6

w/o GVAE (deterministic encoder) 90.6 ± 1.4 0.918 ± 0.012 0.902 ± 0.014 −2.8

w/o prototype module (MLP only) 91.2 ± 1.3 0.923 ± 0.011 0.908 ± 0.013 −2.2

w/o global feature fusion 91.7 ± 1.3 0.928 ± 0.010 0.913 ± 0.012 −1.7

w/o Graph Transformer (GCN
encoder)

90.1 ± 1.5 0.916 ± 0.012 0.897 ± 0.015 −3.3

The ablation study in Table III quantifies the contribution of each PGL component. Removing the
contrastive pretraining stage causes the largest single-component accuracy drop of −3.6 percentage points,
highlighting the critical role of self-supervised pretraining in learning site-robust representations from the multi-
site data. The GVAE component (versus a deterministic encoder) contributes −2.8 percentage points,
confirming that the stochastic latent space regularization improves generalization. The prototype module
contributes −2.2 percentage points beyond a direct MLP classifier, demonstrating that structured prototype-
based classification captures subtype-discriminative structure in the latent space that flat classifiers miss. The
Graph Transformer encoder outperforms a standard GCN encoder by 3.3 percentage points, validating the
benefit of spectral attention mechanisms for brain network representation learning. All differences are
statistically significant (paired t-test, p < 0.01).

Figure 3. t-SNE visualization of latent representations for HC, PD Olfactory-Deficit, PD Postural-Instability, and PD
Tremor-Dominant groups. Panel (a) shows embeddings from the GCN encoder without contrastive pretraining; panel
(b) shows PGL embeddings with contrastive pretraining, demonstrating substantially improved inter-class separation

and intra-class compactness.

Figure 3 provides t-SNE visualizations of the latent representations learned by the PGL framework with
and without contrastive pretraining. Without pretraining (panel a), the four participant groups overlap
substantially in the embedding space, with the three PD subtypes nearly indistinguishable from each other and
partially overlapping with the HC cluster. With contrastive pretraining (panel b), the four groups form well-
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separated, compact clusters, with the healthy control group clearly distinct from all PD subtypes and the three
PD subtypes forming separable, though partially overlapping, clusters that reflect their clinical similarity. The
silhouette coefficient improves from 0.31 (without pretraining) to 0.67 (with pretraining), providing a
quantitative measure of the improved cluster structure that directly enables the prototype module to accurately
assign subtype labels.

VI. EXPLAINABILITY ANALYSIS
The dominant subgraph identification module identifies the most informative functional connections for

each PD subtype prototype. Figure 4 visualizes the top-30 edges of the dominant subgraph for each of the three
PD subtypes, displayed as circular connectome diagrams over the 10 most relevant AAL-90 ROIs: orbitofrontal
cortex (OFC), amygdala (AMY), hippocampus (HIPP), supplementary motor area (SMA), striatum (STR),
insula (INS), prefrontal cortex (PFC), cerebellum (CER), putamen (PUT), and cingulate cortex (CG). Edge
thickness is proportional to the GNNExplainer edge mask weight, and node size reflects aggregate connection
strength within the dominant subgraph.

Figure 4. Dominant subgraph connectivity patterns identified by PGL for each Parkinson’s disease subtype. (a)
Olfactory-Deficit subtype: prominent OFC–AMY–HIPP hyper-connectivity. (b) Postural-Instability subtype: dominant
SMA–STR–CER disruption. (c) Tremor-Dominant subtype: PUT–CER–SMA network anomalies. Node abbreviations:
OFC=orbitofrontal cortex, AMY=amygdala, HIPP=hippocampus, SMA=supplementary motor area, STR=striatum,

INS=insula, PFC=prefrontal cortex, CER=cerebellum, PUT=putamen, CG=cingulate gyrus.

For the olfactory-deficit PD subtype (Figure 4a), the dominant subgraph is characterized by abnormally
strong connectivity within the orbitofrontal cortex–amygdala–hippocampus circuit (OFC–AMY edge weight:
0.72; OFC–HIPP: 0.65; AMY–HIPP: 0.58), a finding that aligns with established neuropathological evidence
linking olfactory dysfunction in PD to early Lewy body deposition in the olfactory bulb and subsequent
propagation to the amygdala and entorhinal cortex (Haehner et al., 2009; Ross et al., 2008; Doty, 2012). The
secondary OFC–INS connection (weight: 0.48) further implicates the interoceptive integration network in
olfactory-deficit PD, consistent with reports of autonomic and interoceptive abnormalities in this subtype. These
findings provide strong biological face validity for the PGL framework’s explainability mechanism.

The postural-instability PD subtype (Figure 4b) shows prominent disruption in the SMA–STR–CER circuit,
with dominant edges connecting the supplementary motor area to the striatum (weight: 0.71) and to the
cerebellum (0.63), and a strong striatum–putamen connection (0.68). This pattern is consistent with the basal
ganglia-thalamocortical loop disruption that is widely recognized as the primary circuit pathology underlying
postural instability and freezing of gait in PD (Helmich et al., 2010; Baggio et al., 2014; Wu et al., 2011). The
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cingulate–SMA connection (0.42) further implicates executive motor control circuitry in this subtype, aligning
with the clinical observation that cognitive-motor integration is particularly impaired in postural-instability PD.
Table IV. Key Brain Regions and Functional Connections in PD Subtype Dominant Subgraphs
Subtype Top 3 ROI Pairs (Edge Weight) Involved Networks Clinical Consistency

Olfactory-Deficit OFC–AMY (0.72), OFC–HIPP
(0.65), AMY–HIPP (0.58)

Limbic, olfactory, memory
networks

High: aligns with α-syn
propagation from
olfactory bulb

Postural-Instability SMA–STR (0.71), PUT–STR (0.68),
SMA–CER (0.63)

Motor, basal ganglia,
cerebellar networks

High: consistent with
BGT loop disruption

Tremor-Dominant PUT–CER (0.76), STR–CER (0.70),
PUT–STR (0.62)

Cerebellar-thalamo-
cortical, BG circuit

High: consistent with
CTC loop in essential
tremor

For the tremor-dominant PD subtype (Figure 4c), the dominant subgraph centers on the putamen–
cerebellum–striatum circuit, with the strongest edges connecting the putamen to the cerebellum (weight: 0.76)
and the striatum to the cerebellum (0.70). This pattern reflects the well-characterized role of the cerebello-
thalamo-cortical (CTC) loop in generating parkinsonian tremor: aberrant synchronization between the
cerebellum and basal ganglia nuclei, particularly at the 4–12 Hz tremor frequency, is a consistent finding in
neurophysiological studies of tremor-dominant PD (Wu et al., 2011; Helmich et al., 2010). Table IV provides
a summary of the key brain regions, involved functional networks, and clinical consistency ratings for all three
PD subtypes, demonstrating that the PGL explainability mechanism reliably recovers neurobiologically
plausible subtype signatures. The face validity of these findings supports the potential clinical utility of the PGL
framework as a decision-support tool for PD subtype stratification.

VII. DISCUSSION
The PGL framework represents a significant advance over prior work on AI-assisted Parkinson’s disease

identification from functional brain networks on three dimensions: classification accuracy, subtype
discrimination, and mechanistic interpretability. The 4.0 percentage-point AUC advantage over the next-best
baseline (BrainGNN, AUC = 0.901) is attributable to the synergistic combination of contrastive pretraining,
variational latent structure, and prototype-guided classification—components that each independently
contribute meaningfully to performance as demonstrated by the ablation study. Of particular note is the finding
that contrastive pretraining on unlabeled multi-site fMRI data provides the single largest performance
contribution, suggesting that the primary bottleneck in fMRI-based PD classification is not the classification
algorithm but the quality of the learned brain network representations, which are often contaminated by site-
related confounds and subject motion artifacts (van den Heuvel and Hulshoff Pol, 2010; Biswal et al., 2010).

The explainability analysis reveals that PGL recovers subtype-specific functional connectivity signatures
that are not only statistically robust but also neurobiologically coherent, providing a form of external validation
that purely accuracy-based evaluation cannot supply. The identification of the OFC–AMY–HIPP circuit as the
dominant signature of olfactory-deficit PD is particularly noteworthy because this pathway represents the
neuroanatomical route by which α-synuclein pathology is hypothesized to propagate in early PD according to
the Braak staging model—from the olfactory bulb to the amygdala and entorhinal cortex before reaching the
substantia nigra (Haehner et al., 2009; Ross et al., 2008; Doty, 2012). This biological plausibility supports the
hypothesis that the PGL framework is genuinely learning disease-relevant network patterns rather than
exploiting statistical artifacts or demographic confounders.

Several limitations of the present study deserve acknowledgment. First, the clinical subtype labels used in
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this study are derived from cross-sectional clinical assessments rather than longitudinal pathological
confirmation, introducing some label uncertainty particularly for the postural-instability and tremor-dominant
subtypes whose overlap can be substantial (Erro et al., 2019; Markovic et al., 2020). Future work should
incorporate longitudinal follow-up data to validate that the identified subtypes correspond to distinct disease
trajectories. Second, the current dataset, while multi-site, is limited to three scanning centers and does not fully
capture the demographic and technical diversity of real-world clinical imaging environments. Third, while the
GNNExplainer-based dominant subgraph identification provides valuable local explanations, it does not yield
population-level summary statistics of subtype-defining circuits; future extensions should incorporate global
attribution methods such as integrated gradients or causal inference frameworks to generate population-level
subtype biomarker profiles (Ribeiro et al., 2016; Lundberg and Lee, 2017; Litjens et al., 2017; Shen et al., 2017).

Despite these limitations, the PGL framework demonstrates clear potential for clinical translation. Its three-
way PD subtype macro-average AUC of 0.893 substantially exceeds the diagnostic yield of existing clinical
rating scales applied at a single time point, and its subgraph-based explanations provide the mechanistic
transparency that regulatory bodies increasingly require for AI-assisted medical device approval. Future
development should include prospective validation on fully independent cohorts, integration with dopaminergic
imaging data (e.g., DaTscan) for multi-modal subtype confirmation, and investigation of whether PGL-derived
subtype labels predict differential treatment response to dopaminergic versus non-dopaminergic interventions.
The integration of AI and brain network analysis exemplifies the broader trend toward intelligent biomedical
applications described by Lu (2019) and Zhang and Lu (2021), where AI methods progressively transform
clinical diagnosis and personalized medicine.

VIII. CONCLUSION
This paper has presented the Prototype-Guided Graph Learning (PGL) framework, a comprehensive AI-

driven approach for Parkinson’s disease identification and subtype classification from resting-state functional
brain networks. By integrating graph contrastive pretraining, graph variational autoencoding, and prototype-
guided classification with subgraph-based explainability analysis, PGL achieves state-of-the-art performance
on PD vs. HC discrimination (AUC = 0.941) and PD subtype classification (macro-average AUC = 0.893) on
a multi-site dataset. The neurobiologically coherent subtype-specific dominant subgraphs identified by PGL—
including the OFC–AMY–HIPP circuit for olfactory-deficit PD, the SMA–STR–CER circuit for postural-
instability PD, and the PUT–CER circuit for tremor-dominant PD—provide interpretable mechanistic
explanations that support clinical trust and regulatory compliance. The PGL framework establishes a
generalizable blueprint for prototype-guided explainable AI in brain disorder classification that extends beyond
PD to Alzheimer’s disease, schizophrenia, and other neurological conditions with functional connectivity
biomarkers, offering a scalable pathway toward clinically deployable AI-assisted neurodiagnostics.

REFERENCES.
Baggio, H.C., Segura, B., Sala-Llonch, R., Marti, M.J., Valldeoriola, F., Compta, Y., Tolosa, E., & Junque, C. (2014). Functional

brain networks and cognitive deficits in Parkinson’s disease. Human Brain Mapping, 35(9), 4620–4634.
https://doi.org/10.1002/hbm.22499

Biswal, B., Yetkin, F.Z., Haughton, V.M., & Hyde, J.S. (1995). Functional connectivity in the motor cortex of resting human
brain using echo-planar MRI. Magnetic Resonance in Medicine, 34(4), 537–541. https://doi.org/10.1002/mrm.1910340409

Biswal, B.B., Mennes, M., Zuo, X.N., Gohel, S., Kelly, C., Smith, S.M., Beckmann, C.F., Adelstein, J.S., Buckner, R.L.,
Colcombe, S., & Dogonowski, A.M. (2010). Toward discovery science of human brain function. Proceedings of the National
Academy of Sciences, 107(10), 4734–4739. https://doi.org/10.1073/pnas.0911855107

Bloem, B.R., Okun, M.S., & Klein, C. (2021). Parkinson’s disease. The Lancet, 397(10291), 2284–2303.
https://doi.org/10.1016/S0140-6736(21)00218-X

Bronstein, M.M., Bruna, J., LeCun, Y., Szlam, A., & Vandergheynst, P. (2017). Geometric deep learning: Going beyond
Euclidean data. IEEE Signal Processing Magazine, 34(4), 18–42. https://doi.org/10.1109/MSP.2017.2693418

Bullmore, E., & Sporns, O. (2009). Complex brain networks: Graph theoretical analysis of structural and functional systems.



JAIAA
Journal of AI Analytics and Applications
ISSN 3067-7386 | Open Access | Peer-Reviewed

RESEARCH ARTICLE
Vol. 2, No. 1 (2024), pp. 91–106

DOI: 10.63646/jaiaa.2024.020105

ISSN: 3067-7386 © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, or
link to the full texts of the article in this journal without asking prior permission from the publisher or the author.
See: https://inatgi.in/index.php/jaiaa/index for more information. https://doi.org/10.63646/jaiaa.2024.020202

Nature Reviews Neuroscience, 10(3), 186–198. https://doi.org/10.1038/nrn2575
Chen, R.T.Q., Li, O., Tao, C., Barnett, A.J., & Rudin, C. (2019). This looks like that: Deep learning for interpretable image

recognition. Advances in Neural Information Processing Systems, 32, 8928–8939.
https://doi.org/10.48550/arXiv.1806.10574

Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020). A simple framework for contrastive learning of visual representations.
Proceedings of ICML 2020, 119, 1597–1607. https://doi.org/10.48550/arXiv.2002.05709

Cui, H., Dai, W., Zhu, Y., Kan, X., Chen Gu, A.A., Lukemire, J., Zhan, L., He, L., Guo, Y., & Yang, C. (2022). BrainGB: A
benchmark for brain network analysis with graph neural networks. IEEE Transactions on Medical Imaging, 42(2), 493–506.
https://doi.org/10.1109/TMI.2022.3218745

Dorsey, E.R., Sherer, T., Okun, M.S., & Bloem, B.R. (2018). The emerging evidence of the Parkinson pandemic. Journal of
Parkinson’s Disease, 8(s1), S3–S8. https://doi.org/10.3233/JPD-181474

Doty, R.L. (2012). Olfactory dysfunction in Parkinson disease. Nature Reviews Neurology, 8(6), 329–339.
https://doi.org/10.1038/nrneurol.2012.80

Erro, R., Picillo, M., Vitale, C., Amboni, M., Moccia, M., Scannapieco, S., Barone, P., & Pellecchia, M.T. (2019). The
heterogeneity of Parkinson’s disease from a clinical and research perspective. Journal of Parkinson’s Disease, 9(2), 267–
278. https://doi.org/10.3233/JPD-181649

Errica, F., Podda, M., Bacciu, D., & Micheli, A. (2020). A fair comparison of graph neural networks for graph classification.
Proceedings of ICLR 2020. https://doi.org/10.48550/arXiv.1912.09893

Fereshtehnejad, S.M., Zeighami, Y., Dagher, A., & Postuma, R.B. (2017). Clinical criteria for subtyping Parkinson’s disease:
Biomarkers and longitudinal progression. Brain, 140(7), 1959–1976. https://doi.org/10.1093/brain/awx118

Friston, K.J. (2011). Functional and effective connectivity: A review. Brain Connectivity, 1(1), 13–36.
https://doi.org/10.1089/brain.2011.0008

Haehner, A., Hummel, T., Hummel, C., Sommer, U., Junghanns, S., & Reichmann, H. (2009). Prevalence of smell loss in
Parkinson’s disease. Parkinsonism & Related Disorders, 15(7), 490–494. https://doi.org/10.1016/j.parkreldis.2008.12.005

Hamilton, W.L., Ying, R., & Leskovec, J. (2017). Inductive representation learning on large graphs. Advances in Neural
Information Processing Systems, 30, 1024–1034. https://doi.org/10.48550/arXiv.1706.02216

He, K., Fan, H., Wu, Y., Xie, S., & Girshick, R. (2020). Momentum contrast for unsupervised visual representation learning.
Proceedings of CVPR 2020, 9729–9738. https://doi.org/10.1109/CVPR42600.2020.00975

Helmich, R.C., Derikx, L.C., Bakker, M., Scheeringa, R., Bloem, B.R., & Toni, I. (2010). Spatial remapping of cortico-striatal
connectivity in Parkinson’s disease. Cerebral Cortex, 20(5), 1175–1186. https://doi.org/10.1093/cercor/bhp178

Hutchison, R.M., Womelsdorf, T., Allen, E.A., Bandettini, P.A., Calhoun, V.D., Corbetta, M., Della Penna, S., Duyn, J.H., Glover,
G.H., Gonzalez-Castillo, J., & Handwerker, D.A. (2013). Dynamic functional connectivity: Promise, issues, and
interpretations. NeuroImage, 80, 360–378. https://doi.org/10.1016/j.neuroimage.2013.05.079

Jenkinson, M., Beckmann, C.F., Behrens, T.E., Woolrich, M.W., & Smith, S.M. (2012). FSL. NeuroImage, 62(2), 782–790.
https://doi.org/10.1016/j.neuroimage.2011.09.015

Jiang, H., Cao, P., Xu, M., Yang, J., & Zaiane, O. (2020). Hi-GCN: A hierarchical graph convolution network for graph
embedding learning. Information Sciences, 560, 88–105. https://doi.org/10.1016/j.ins.2021.01.019

Kalia, L.V., & Lang, A.E. (2015). Parkinson’s disease. The Lancet, 386(9996), 896–912. https://doi.org/10.1016/S0140-
6736(14)61393-3

Kingma, D.P., & Welling, M. (2014). Auto-encoding variational Bayes. Proceedings of ICLR 2014.
https://doi.org/10.48550/arXiv.1312.6114

Kipf, T.N., & Welling, M. (2016). Variational graph auto-encoders. NeurIPS Workshop on Bayesian Deep Learning.
https://doi.org/10.48550/arXiv.1611.07308

Kipf, T.N., &Welling, M. (2017). Semi-supervised classification with graph convolutional networks. Proceedings of ICLR 2017.
https://doi.org/10.48550/arXiv.1609.02907

Kreuzer, D., Beaini, D., Hamilton, W.L., Létourneau, V., & Bacon, P. (2021). Rethinking graph transformers with spectral
attention. Advances in Neural Information Processing Systems, 34, 21618–21629.
https://doi.org/10.48550/arXiv.2106.03893

Ktena, S.I., Parisot, S., Ferrante, E., Rajchl, M., Lee, M., Glocker, B., & Rueckert, D. (2018). Metric learning with spectral graph
convolutions on brain connectivity networks. NeuroImage, 169, 431–442. https://doi.org/10.1016/j.neuroimage.2017.12.052

Lee, J., Lee, I., & Kang, J. (2019). Self-attention graph pooling. Proceedings of ICML 2019, 97, 3734–3743.



JAIAA
Journal of AI Analytics and Applications
ISSN 3067-7386 | Open Access | Peer-Reviewed

RESEARCH ARTICLE
Vol. 2, No. 1 (2024), pp. 91–106

DOI: 10.63646/jaiaa.2024.020105

ISSN: 3067-7386 © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, or
link to the full texts of the article in this journal without asking prior permission from the publisher or the author.
See: https://inatgi.in/index.php/jaiaa/index for more information. https://doi.org/10.63646/jaiaa.2024.020202

https://doi.org/10.48550/arXiv.1904.08082
Li, O., Liu, H., Chen, C., & Rudin, C. (2018). Deep learning for case-based reasoning through prototypes. Proceedings of AAAI

2018, 32(1), 3530–3537. https://doi.org/10.1609/aaai.v32i1.11681
Li, X., Zhou, Y., Dvornek, N., Zhang, M., Gao, S., Zhuang, J., Scheinost, D., Staib, L.H., Ventola, P., & Duncan, J.S. (2021).

BrainGNN: Interpretable brain graph neural network for fMRI analysis. Medical Image Analysis, 74, 102233.
https://doi.org/10.1016/j.media.2021.102233

Litjens, G., Kooi, T., Bejnordi, B.E., Setio, A.A.A., Ciompi, F., Ghafoorian, M., van der Laak, J.A.W.M., van Ginneken, B., &
Sánchez, C.I. (2017). A survey on deep learning in medical image analysis. Medical Image Analysis, 42, 60–88.
https://doi.org/10.1016/j.media.2017.07.005

Lu, Y. (2019). Artificial intelligence: A survey on evolution, models, applications and future trends. Journal of Management
Analytics, 6(1), 1–29. https://doi.org/10.1080/23270012.2019.1570365

Lundberg, S.M., & Lee, S.I. (2017). A unified approach to interpreting model predictions. Advances in Neural Information
Processing Systems, 30, 4765–4774. https://doi.org/10.48550/arXiv.1705.07874

Ma, T., Xiao, C., Zhou, J., & Wang, F. (2019). Drug similarity integration through attentive multi-view graph auto-encoders.
Proceedings of IJCAI 2019, 3477–3483. https://doi.org/10.24963/ijcai.2019/483

Markovic, V., Agosta, F., Valsasina, P., Stojkovic, T., Stankovic, I., Copetti, M., Tomic, A., Kostic, V.S., & Filippi, M. (2020).
Multimodal MRI of the corticospinal tract reveals loss of white matter integrity and motor cortex thinning in essential tremor.
Movement Disorders, 35(8), 1368–1378. https://doi.org/10.1002/mds.28048

Obeso, J.A., Stamelou, M., Goetz, C.G., Poewe,W., Lang, A.E.,Weintraub, D., Burn, D., Halliday, G.M., Bezard, E., Przedborski,
S., & Lehericy, S. (2017). Past, present, and future of Parkinson’s disease: A special essay on the 200th anniversary.
Movement Disorders, 32(9), 1264–1310. https://doi.org/10.1002/mds.27115

Pan, S., Hu, R., Long, G., Jiang, J., Yao, L., & Zhang, C. (2018). Adversarially regularized graph autoencoder for graph
embedding. Proceedings of IJCAI 2018, 2609–2615. https://doi.org/10.24963/ijcai.2018/362

Park, J., Lee, M., Chang, H.J., Lee, K., & Choi, J.Y. (2019). Symmetric graph convolutional autoencoder for unsupervised graph
representation learning. Proceedings of ICCV 2019, 6519–6528. https://doi.org/10.1109/ICCV.2019.00662

Pinaya, W.H., Vieira, S., Garcia-Dias, R., & Mechelli, A. (2019). Using deep autoencoders to identify abnormal brain structural
patterns in neuropsychiatric disorders. Human Brain Mapping, 40(3), 944–954. https://doi.org/10.1002/hbm.24423

Poewe, W., Seppi, K., Tanner, C.M., Halliday, G.M., Brundin, P., Volkmann, J., Schrag, A.E., & Lang, A.E. (2017). Parkinson
disease. Nature Reviews Disease Primers, 3, 17013. https://doi.org/10.1038/nrdp.2017.13

Pope, P.E., Kolouri, S., Rostami, M., Martin, C.E., & Hoffmann, H. (2019). Explainability methods for graph convolutional
neural networks. Proceedings of CVPR 2019, 10772–10781. https://doi.org/10.1109/CVPR.2019.01103

Postuma, R.B., Berg, D., Stern, M., Poewe, W., Olanow, C.W., Oertel, W., Obeso, J., Marek, K., Litvan, I., Lang, A.E., &
Halliday, G. (2015). MDS clinical diagnostic criteria for Parkinson’s disease. Movement Disorders, 30(12), 1591–1601.
https://doi.org/10.1002/mds.26424

Power, J.D., Cohen, A.L., Nelson, S.M., Wig, G.S., Barnes, K.A., Church, J.A., Vogel, A.C., Laumann, T.O., Miezin, F.M.,
Schlaggar, B.L., & Petersen, S.E. (2011). Functional network organization of the human brain. Neuron, 72(4), 665–678.
https://doi.org/10.1016/j.neuron.2011.09.006

Ribeiro, M.T., Singh, S., & Guestrin, C. (2016). “Why should I trust you?”: Explaining the predictions of any classifier.
Proceedings of ACM KDD 2016, 1135–1144. https://doi.org/10.1145/2939672.2939778

Ross, G.W., Petrovitch, H., Abbott, R.D., Tanner, C.M., Popper, J., Masaki, K., Launer, L., & White, L.R. (2008). Association
of olfactory dysfunction with risk for future Parkinson’s disease. Annals of Neurology, 63(2), 167–173.
https://doi.org/10.1002/ana.21291

Selvaraju, R.R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., & Batra, D. (2017). Grad-CAM: Visual explanations from
deep networks via gradient-based localization. Proceedings of ICCV 2017, 618–626. https://doi.org/10.1109/ICCV.2017.74

Shen, D., Wu, G., & Suk, H.I. (2017). Deep learning in medical image analysis. Annual Review of Biomedical Engineering, 19,
221–248. https://doi.org/10.1146/annurev-bioeng-071516-044442

Snell, J., Swersky, K., & Zemel, R.S. (2017). Prototypical networks for few-shot learning. Advances in Neural Information
Processing Systems, 30, 4077–4087. https://doi.org/10.48550/arXiv.1703.05175

Sun, F.Y., Hoffmann, J., Verma, V., & Tang, J. (2020). InfoGraph: Unsupervised and semi-supervised graph-level representation
learning via mutual information maximization. Proceedings of ICLR 2020. https://doi.org/10.48550/arXiv.1908.01000

Sun, L., Cao, B., He, L., Li, J., Philip, S.Y., & Leow, A.D. (2020). Graph convolutional network for fMRI-based psychiatric



JAIAA
Journal of AI Analytics and Applications
ISSN 3067-7386 | Open Access | Peer-Reviewed

RESEARCH ARTICLE
Vol. 2, No. 1 (2024), pp. 91–106

DOI: 10.63646/jaiaa.2024.020105

ISSN: 3067-7386 © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, or
link to the full texts of the article in this journal without asking prior permission from the publisher or the author.
See: https://inatgi.in/index.php/jaiaa/index for more information. https://doi.org/10.63646/jaiaa.2024.020202

disease identification. Proceedings of MICCAI 2020, LNCS 12267, 212–221. https://doi.org/10.1007/978-3-030-59728-
3_21

Sung, F., Yang, Y., Zhang, L., Xiang, T., Torr, P.H., & Hospedales, T.M. (2018). Learning to compare: Relation network for
few-shot learning. Proceedings of CVPR 2018, 1199–1208. https://doi.org/10.1109/CVPR.2018.00131

Tessitore, A., Esposito, F., Vitale, C., Santangelo, G., Amboni, M., Russo, A., Corbo, D., Cirillo, G., Barone, P., & Tedeschi, G.
(2012). Default-mode network connectivity in cognitively unimpaired patients with Parkinson disease. Neurology, 79(23),
2226–2232. https://doi.org/10.1212/WNL.0b013e31827689d6

Tolosa, E., Garrido, A., Scholz, S.W., & Poewe, W. (2021). Challenges in the diagnosis of Parkinson’s disease. The Lancet
Neurology, 20(5), 385–397. https://doi.org/10.1016/S1474-4422(21)00030-2

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N., Mazoyer, B., & Joliot, M. (2002).
Automated anatomical labeling of activations in SPM using a macroscopic anatomical parcellation of the MNI MRI single-
subject brain. NeuroImage, 15(1), 273–289. https://doi.org/10.1006/nimg.2001.0978

van den Heuvel, M.P., & Hulshoff Pol, H.E. (2010). Exploring the brain network: A review on resting-state fMRI functional
connectivity. European Neuropsychopharmacology, 20(8), 519–534. https://doi.org/10.1016/j.euroneuro.2010.03.008

Veličković, P., Cucurull, G., Casanova, A., Romero, A., Liò, P., & Bengio, Y. (2018). Graph attention networks. Proceedings of
ICLR 2018. https://doi.org/10.48550/arXiv.1710.10903

Whitfield-Gabrieli, S., & Nieto-Castanon, A. (2012). Conn: A functional connectivity toolbox for correlated and anticorrelated
brain networks. Brain Connectivity, 2(3), 125–141. https://doi.org/10.1089/brain.2012.0073

Wu, T., Long, X., Wang, L., Hallett, M., Zang, Y., Li, K., & Chan, P. (2011). Functional connectivity of cortical motor areas in
the resting state in Parkinson’s disease. Human Brain Mapping, 32(9), 1443–1457. https://doi.org/10.1002/hbm.21118

Wu, Z., Pan, S., Chen, F., Long, G., Zhang, C., & Philip, S.Y. (2019). A comprehensive study on graph neural networks. IEEE
Transactions on Neural Networks and Learning Systems, 32(1), 4–24. https://doi.org/10.1109/TNNLS.2020.2978386

Xu, K., Hu, W., Leskovec, J., & Jegelka, S. (2019). How powerful are graph neural networks? Proceedings of ICLR 2019.
https://doi.org/10.48550/arXiv.1810.00826

Yang, M., Zhang, X., Yan, J., Cui, C., Luo, Z., Li, X., & Ye, Z. (2023). Prototype-based interpretable graph neural networks for
brain disorder identification. IEEE Transactions on Neural Networks and Learning Systems, 35(8), 10849–10861.
https://doi.org/10.1109/TNNLS.2023.3278791

Ying, C., Cai, T., Luo, S., Zheng, S., Ke, G., He, D., Shen, Y., & Liu, T.Y. (2021). Do transformers really perform bad for graph
representation? Advances in Neural Information Processing Systems, 34, 28877–28888.
https://doi.org/10.48550/arXiv.2106.05234

Ying, Z., Bourgeois, D., You, J., Zitnik, M., & Leskovec, J. (2019). GNNExplainer: Generating explanations for graph neural
networks. Advances in Neural Information Processing Systems, 32, 9240–9251. https://doi.org/10.48550/arXiv.1903.03894

Ying, Z., You, J., Morris, C., Ren, X., Hamilton, W.L., & Leskovec, J. (2018). Hierarchical graph representation learning with
differentiable pooling. Advances in Neural Information Processing Systems, 31, 4805–4815.
https://doi.org/10.48550/arXiv.1806.08804

You, Y., Chen, T., Sui, Y., Chen, T., Wang, Z., & Shen, Y. (2020). Graph contrastive learning with augmentations. Advances in
Neural Information Processing Systems, 33, 5812–5823. https://doi.org/10.48550/arXiv.2010.13902

Yu, D., Zhou, Z., Zhang, Y., Zhong, Y., Cao, W., Li, W., Yao, D., & Luo, C. (2013). Changes in hippocampal connectivity in
the early stages of Alzheimer’s disease: Evidence from resting state fMRI. Behavioural Brain Research, 256, 595–601.
https://doi.org/10.1016/j.bbr.2013.09.022

Zhang, C., & Lu, Y. (2021). Study on artificial intelligence: The state of the art and future prospects. Journal of Industrial
Information Integration, 23, 100224. https://doi.org/10.1016/j.jii.2021.100224

Zhang, M., & Chen, Y. (2018). An end-to-end deep learning architecture for graph classification. Proceedings of AAAI 2018,
32(1), 4438–4445. https://doi.org/10.1609/aaai.v32i1.11782

Zhang, W., Guo, L., Hu, M., Li, W., & Bi, S. (2020). Recurrent neural network-based brain functional connectivity analysis for
Alzheimer’s disease. Neural Networks, 121, 470–481. https://doi.org/10.1016/j.neunet.2019.09.016

Zhang, X., Mu, Y., & Zhao, H. (2019). Identification of Parkinson’s disease subtypes based on motor and non-motor symptom
profiles. Parkinson’s Disease, 2019, 1781880. https://doi.org/10.1155/2019/1781880

Zhao, X., Rangaprakash, D., Denney, T.S., Katz, J., Deshpande, G., & Mayer, A.R. (2019). Diagnosis of mild traumatic brain
injury using resting-state functional MRI. PLOS ONE, 14(4), e0215463. https://doi.org/10.1371/journal.pone.0215463

Zhou, J., Cui, G., Hu, S., Zhang, Z., Yang, C., Liu, Z., Wang, L., Li, C., & Sun, M. (2020). Graph neural networks: A review of



JAIAA
Journal of AI Analytics and Applications
ISSN 3067-7386 | Open Access | Peer-Reviewed

RESEARCH ARTICLE
Vol. 2, No. 1 (2024), pp. 91–106

DOI: 10.63646/jaiaa.2024.020105

ISSN: 3067-7386 © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, or
link to the full texts of the article in this journal without asking prior permission from the publisher or the author.
See: https://inatgi.in/index.php/jaiaa/index for more information. https://doi.org/10.63646/jaiaa.2024.020202

methods and applications. AI Open, 1, 57–81. https://doi.org/10.1016/j.aiopen.2021.01.001
Zhu, Y., Xu, Y., Yu, F., Liu, Q., Wu, S., &Wang, L. (2021). Graph contrastive learning with adaptive augmentation. Proceedings

of the Web Conference 2021, 2069–2080. https://doi.org/10.1145/3442381.3449802
Yun, S., Jeong, M., Kim, R., Kang, J., & Kim, H.J. (2019). Graph transformer networks. Advances in Neural Information

Processing Systems, 32, 11983–11993. https://doi.org/10.48550/arXiv.1911.06455
Pereira, S., Pinto, A., Alves, V., & Silva, C.A. (2016). Brain tumor segmentation using convolutional neural networks in MRI

images. IEEE Transactions on Medical Imaging, 35(5), 1240–1251. https://doi.org/10.1109/TMI.2016.2538465
Sporns, O. (2011). The human connectome: A complex network. Annals of the New York Academy of Sciences, 1224(1), 109–

125. https://doi.org/10.1111/j.1749-6632.2010.05888.x


