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Abstract
Parkinson's disease (PD) is the second most prevalent neurodegenerative disorder, affecting
over 10 million people worldwide. Alterations in functional brain connectivity, particularly
within the cortico-striato-thalamo-cortical circuits, represent a promising neuroimaging
biomarker for PD diagnosis and progression monitoring. However, existing deep learning
approaches for automated PD detection based on resting-state functional magnetic
resonance imaging (rs-fMRI) brain networks suffer from limited interpretability, hindering
their clinical adoption. This study proposes Interpretable Graph Neural Networks (IG-GNN), a
novel framework that integrates graph contrastive pretraining, a variational graph encoder
with attention mechanisms, and prototype-based subgraph interpretation to enable
simultaneous high-accuracy classification and biologically meaningful explanations. We
evaluate our framework on data from the Parkinson's Progression Markers Initiative (PPMI)
dataset comprising 86 PD patients and 70 healthy controls. IG-GNN achieves an accuracy of
87.6%, sensitivity of 86.4%, specificity of 88.7%, and an AUC of 0.921, outperforming six state-
of-the-art baseline methods. Interpretability analysis identifies abnormal connectivity in the
putamen, caudate nucleus, supplementary motor area, and thalamus as the most
discriminative features, consistent with established neuropathological evidence. Our results
demonstrate that interpretable GNN architectures can provide clinically actionable
diagnostic insights, bridging the gap between computational precision and neuroscientific
understanding.
Keywords ： parkinson's disease;resting-state fMRI;graph neural networks;brain
connectivity;interpretability;deep learning;neuroimaging

INTRODUCTION

Parkinson's disease (PD) is the second most common neurodegenerative disorder after Alzheimer's disease, currently
affecting more than 10 million individuals worldwide, with prevalence projected to double by 2040 (Dorsey et al., 2018;
GBD 2016 Parkinson's Disease Collaborators, 2018). The disease is characterized by the progressive degeneration of
dopaminergic neurons in the substantia nigra pars compacta and the consequent disruption of basal ganglia-thalamocortical
motor circuits, resulting in the cardinal motor symptoms of bradykinesia, rigidity, resting tremor, and postural instability
(Kalia & Lang, 2015; Obeso et al., 2017). Current diagnosis relies predominantly on clinical evaluation by movement
disorder specialists, following criteria established by the Movement Disorder Society (MDS), which are subject to
substantial inter-rater variability and are insensitive to early-stage disease (Postuma et al., 2015; Berg et al., 2015).

Resting-state functional magnetic resonance imaging (rs-fMRI) provides a non-invasive window into intrinsic brain
network organization, quantifying spontaneous fluctuations in blood oxygen level-dependent (BOLD) signals across brain
regions in the absence of explicit task demands (Biswal et al., 1995; Fox & Raichle, 2007). Functional connectivity (FC)
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analyses of rs-fMRI data have consistently revealed disease-specific abnormalities in PD, including reduced connectivity
within the default mode network, sensorimotor network, and cortico-striato-thalamo-cortical (CSTC) circuits, and
increased compensatory connectivity in frontoparietal networks (Wu et al., 2011; Tessitore et al., 2012; Ni et al., 2017).
These neuroimaging biomarkers hold considerable promise for the development of objective, scalable diagnostic tools that
could supplement or eventually replace subjective clinical assessments.

Deep learning approaches, particularly graph neural networks (GNNs), have recently emerged as powerful tools for
analyzing brain connectivity data represented as graphs, where nodes correspond to brain regions and edges represent FC
between them (Ktena et al., 2018; Li et al., 2019; Cao et al., 2021). Unlike conventional convolutional neural networks
that assume regular Euclidean data structure, GNNs can naturally exploit the non-Euclidean, irregular topology of brain
functional networks, capturing both local node-level and global graph-level patterns relevant to disease classification
(Bronstein et al., 2017; Zhou et al., 2020). Several GNN-based PD detection frameworks have reported promising
classification accuracies, yet they overwhelmingly treat the model as a black box, providing predictions without
interpretable explanations of which brain regions or connectivity patterns drive the classification decision (Zhang et al.,
2021; Lu, 2019).

This lack of interpretability represents a critical barrier to clinical translation, as clinicians require mechanistic
understanding of AI-assisted diagnoses to integrate them trustworthily into clinical workflows (Rudin, 2019; Holzinger et
al., 2019). Furthermore, interpretable models can validate computational findings against established neuropathological
evidence, strengthen scientific credibility, and potentially reveal novel biomarkers invisible to conventional statistical
analyses (Zhang & Lu, 2021). Existing interpretability approaches applied to brain imaging GNNs, including
GNNExplainer (Ying et al., 2019), gradient-based saliency (Simonyan et al., 2014), and attention visualization (Veličković
et al., 2018), typically operate post-hoc and independently of the classification objective, leading to explanations that may
not faithfully reflect the model's actual decision-making process.

To address these limitations, this study proposes IG-GNN (Interpretable Graph Neural Networks), a unified framework for
PD brain connectivity classification that embeds interpretability directly into the learning objective. IG-GNN integrates
three components: (i) graph contrastive pretraining using augmented view pairs to learn robust, generalizable brain network
representations without requiring large labeled datasets; (ii) a variational graph encoder with multi-head attention
mechanisms that projects brain networks into a latent probabilistic space, enabling uncertainty quantification in addition
to point predictions; and (iii) prototype-based subgraph pooling that identifies the most discriminative subgraph structures
and maps them to interpretable brain region groups, providing biologically meaningful explanations consistent with
neuropathological knowledge. We evaluate IG-GNN on data from the Parkinson's Progression Markers Initiative (PPMI),
the largest publicly available longitudinal PD cohort with rs-fMRI data, and demonstrate state-of-the-art performance
alongside clinically interpretable findings.

1. RELATEDWORK

1.1 Brain Connectivity Analysis in Parkinson's Disease

Functional brain connectivity analysis based on rs-fMRI has become a cornerstone approach for investigating the neural
correlates of PD and related parkinsonian syndromes. Early studies using seed-based correlation and independent
component analysis (ICA) established that PD is associated with reduced within-network connectivity in the striatal-
thalamic circuit and the sensorimotor network, alongside compensatory hyperconnectivity in the dorsal attention and
frontoparietal networks (Wu et al., 2011; Tessitore et al., 2012; Rolinski et al., 2015). Graph theoretical analyses of FC
matrices derived from parcellation-based brain atlases further revealed that PD networks exhibit reduced local efficiency,
altered small-world properties, and disrupted hub connectivity in the putamen and supplementary motor area (SMA),
consistent with the known dopaminergic deafferentation pattern in PD (Griffa et al., 2013; Filippi et al., 2019; de Schipper
et al., 2021).

Machine learning approaches have been applied to brain connectivity features for automated PD classification, with support
vector machines (SVMs) and random forests trained on FC matrices achieving accuracies of 70–80% in moderately sized
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datasets (Haller et al., 2017; Long et al., 2012). These methods require extensive feature engineering and typically cannot
capture the complex interaction structure of brain networks beyond pairwise FC features. Deep learning methods, including
convolutional neural networks applied to connectivity matrices (BrainNetCNN; Kawahara et al., 2017) and recurrent
networks applied to FC time series, have shown improved performance but retain the limitation of treating the connectivity
matrix as regular 2D data, ignoring the inherently graph-structured nature of brain networks.

1.2 Graph Neural Networks in Neuroimaging

Graph neural networks have rapidly gained traction in the neuroimaging community as a natural framework for learning
from brain connectivity graphs (Ktena et al., 2018; Cao et al., 2021). Spectral GNN methods, including Chebyshev
convolutional networks and the simplified graph convolutional network (GCN; Kipf &Welling, 2017), define convolution
operations in the graph Fourier domain and have been applied to functional connectivity graphs with promising results.
Spatial GNN methods, including GraphSAGE (Hamilton et al., 2017), Graph Attention Networks (GAT; Veličković et al.,
2018), and message-passing neural networks (MPNNs; Gilmer et al., 2017), define convolution by aggregating information
from local neighborhoods, enabling flexible adaptation to irregular graph topology. For brain network classification,
hierarchical GNN architectures that combine node-level feature learning with graph-level pooling, such as DiffPool (Ying
et al., 2018) and SAGPool (Lee et al., 2019), have been shown to capture multi-scale connectivity patterns relevant to
neurological disease classification (Li et al., 2021; Cao et al., 2021).

Despite these advances, most GNN applications in neuroimaging face two key challenges: limited labeled data and lack of
interpretability. Self-supervised and contrastive pretraining methods have emerged as effective solutions to the data
limitation problem, by learning useful representations from unlabeled or augmented data before fine-tuning on downstream
tasks (You et al., 2020; Zhu et al., 2020). Graph contrastive learning approaches that maximize agreement between
representations of augmented graph views have shown substantial improvements in downstream task performance when
labeled data is scarce, a common situation in clinical neuroimaging studies where data collection and annotation are
expensive and time-consuming.

1.3 Interpretability Methods in Medical AI

The need for interpretable AI in medical applications has been widely recognized (Rudin, 2019; Holzinger et al., 2019;
Tjoa & Guan, 2020). For GNN-based medical image analysis, several post-hoc interpretability approaches have been
proposed. GNNExplainer (Ying et al., 2019) optimizes a mask over nodes and edges to identify the subgraph most
responsible for a given prediction. Gradient-based methods, including GradCAM (Selvaraju et al., 2017) and integrated
gradients (Sundararajan et al., 2017), attribute importance to input features based on gradient magnitudes. Prototype-based
explanation methods learn a set of representative graph prototypes during training and explain predictions by their
similarity to these prototypes, providing class-level rather than instance-level explanations that are more consistent and
easier to validate clinically (Chen et al., 2019; Li et al., 2018). Our IG-GNN adopts and extends the prototype-based
approach, combining it with subgraph pooling to produce explanations that directly identify discriminative brain
subnetworks rather than individual edges or nodes.

2. MATERIALS AND METHODS

2.1 Dataset and Participants

We used rs-fMRI data from the Parkinson's Progression Markers Initiative (PPMI) database (www.ppmi-info.org), a
multicenter observational study funded by the Michael J. Fox Foundation for Parkinson's Research (Marek et al., 2011).
PPMI represents the largest publicly available, longitudinal cohort of de novo PD patients and healthy controls with
standardized neuroimaging, biomarker, and clinical assessments, making it the reference benchmark for computational PD
research. Our analysis included baseline rs-fMRI scans from 156 participants: 86 early-stage PD patients (mean age: 62.4
± 8.7 years; 51 male) and 70 healthy controls (HC; mean age: 61.1 ± 7.9 years; 41 male). Inclusion criteria for PD
participants required a diagnosis of idiopathic PD with onset within two years of enrollment, Hoehn and Yahr (H&Y) stage
1–3, and no dementia (MMSE ≥ 26). Table 1 presents the demographic and clinical characteristics of all participants.
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Table 1. Participant Demographics and Clinical Characteristics

Group N Age (yrs) Male/
Female

MDS-UPDRS
III H&Y Stage

Disease
Duration
(yrs)

MMSE

PD 86 62.4 ± 8.7 51/35 28.6 ± 11.3 2.1 ± 0.7 4.8 ± 3.6 27.8 ± 2.1

HC 70 61.1 ± 7.9 41/29 N/A N/A N/A 28.9 ± 1.4

p-value — 0.312 0.847 — — — 0.074

Note: MDS-UPDRS III = Movement Disorder Society Unified Parkinson's Disease Rating Scale Part III (motor score). H&Y = Hoehn
and Yahr staging scale. MMSE =Mini-Mental State Examination. Values are mean ± standard deviation unless otherwise stated. Group
comparisons between PD and HC by independent t-test or chi-squared test; p-values indicate no significant between-group differences
in age, sex, or MMSE.

2.2 fMRI Data Acquisition and Preprocessing

All rs-fMRI data in PPMI were acquired on 3T Siemens Magnetom Verio or Trio MRI scanners using a standard EPI
sequence (TR = 2400 ms, TE = 25 ms, flip angle = 80°, voxel size = 3.3 × 3.3 × 3.3 mm, 140 volumes, 8-minute scan
duration). Preprocessing followed the standardized PPMI preprocessing pipeline implemented in fMRIPrep 21.0 (Esteban
et al., 2019), encompassing: (i) slice-timing correction using AFNI's 3dTshift; (ii) head motion correction via rigid-body
registration to the mean volume using ANTs; (iii) spatial normalization to MNI152 standard space using nonlinear
registration; (iv) nuisance regression removing 24 motion parameters (6 rigid-body parameters plus their derivatives and
squares), white matter, cerebrospinal fluid (CSF) signals, and global signal; (v) bandpass filtering retaining frequencies in
the 0.01–0.08 Hz range to isolate neuronal slow oscillations; and (vi) spatial smoothing with a 6-mm FWHM Gaussian
kernel. Participants with more than 10% of volumes exceeding 0.5 mm framewise displacement or with mean BOLD
signal-to-noise ratio below 80 were excluded, retaining the final sample of 156 participants.

2.3 Functional Brain Network Construction

Functional brain networks were constructed using the Automated Anatomical Labeling (AAL-90) atlas (Tzourio-Mazoyer
et al., 2002), which parcellates the cortex and subcortex into 90 regions of interest (ROIs), excluding the cerebellum. Mean
BOLD time series were extracted from each ROI after preprocessing, and pairwise Pearson correlation coefficients were
computed between all 90 × (90-1)/2 = 4,005 region pairs, yielding individual-level 90 × 90 FC matrices. Positive-valued
thresholding was applied with a sparsity threshold of 20%, retaining the strongest 20% of positive connections to construct
sparse, binary-weighted adjacency matrices. This thresholding approach has been validated in prior PD connectivity studies
as optimally balancing network density with signal-to-noise ratio (Bullmore & Sporns, 2009; de Schipper et al., 2021).
Node features were represented by a 7-dimensional vector per ROI, comprising: mean BOLD signal, variance, degree
centrality, clustering coefficient, betweenness centrality, local efficiency, and the first principal component of the regional
FC profile.

Figure 1 presents the overall framework of the proposed IG-GNN pipeline, from raw rs-fMRI data acquisition through
brain network construction, graph encoding, and interpretability-driven classification.
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Figure 1. Overall framework of the proposed Interpretable Graph Neural Network (IG-GNN) model for Parkinson's disease detection
from rs-fMRI brain connectivity graphs. The pipeline encompasses rs-fMRI data acquisition, signal preprocessing, functional network

construction using the AAL-90 atlas, variational graph Transformer encoding with attention mechanisms, and prototype-based
subgraph classification with interpretability feedback.

2.4 IG-GNN Architecture

The proposed IG-GNN framework consists of four interconnected modules: a graph Transformer encoder, a variational
latent space, a prototype-based subgraph pooling module, and a classification head with interpretability readout.

Graph Transformer Encoder: Following Yun et al. (2019), we adopt a graph Transformer architecture as the backbone
encoder, which computes attention weights between all pairs of nodes in the graph, rather than restricting attention to local
neighborhoods as in standard GCN or GAT. This global attention mechanism is particularly suitable for brain connectivity
graphs, where distant brain regions can exhibit meaningful functional coupling. Formally, given the input graph G = (V,
E, X) with node feature matrix X ∈ ℝ^(N×d), the Transformer encoder computes attention scores α_ij =
softmax(QK^T/√d_k), where Q = XW_Q and K = XW_K are query and key projection matrices. The node representation
after L encoder layers is H^(L) = Transformer(G; X; W_Q, W_K, W_V). We use L = 3 encoder layers with 4 attention
heads and hidden dimension d = 64.

Variational Latent Space: The graph-level representation z is obtained by applying a mean pooling operation over node
embeddings and then mapping to a Gaussian latent space via a variational encoder: μ = MLP_μ(mean_pool(H^(L))), log
σ² =MLP_σ(mean_pool(H^(L))). The latent vector z is sampled as z ~ N(μ, σ²I) using the reparameterization trick, enabling
end-to-end gradient-based training. The variational objective adds a KL-divergence regularization term to the classification
loss: L = L_CE(y, ŷ) + β × KL(N(μ, σ²) || N(0, I)), where β = 0.01 controls regularization strength. This probabilistic latent
space enables uncertainty quantification in addition to point predictions, providing an additional reliability indicator for
clinical use.

Graph Contrastive Pretraining: Prior to supervised fine-tuning, the encoder is pretrained using a graph contrastive learning
strategy inspired by GraphCL (You et al., 2020). Two augmented views of each brain connectivity graph are generated by
randomly dropping 10% of nodes and 20% of edges, and masking 15% of node features. The encoder is trained to maximize
the cosine similarity between representations of augmented views from the same graph (positive pairs) while minimizing
similarity with augmented views from different graphs (negative pairs), using the NT-Xent loss. Pretraining was conducted
for 100 epochs with a batch size of 32 and a learning rate of 1×10⁻³.

Prototype-Based Subgraph Pooling and Interpretability: After learning the latent graph representation z, a prototype-based
classification module computes the similarity of z to K = 10 learnable prototype vectors {p_k}_{k=1}^K: sim_k = cosine(z,
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p_k). The top-m prototype nodes are identified for each prototype, and the corresponding induced subgraph serves as the
explanation for the classification decision. This mechanism ensures that interpretability is an integral component of the
classification objective rather than a post-hoc analysis, yielding explanations that faithfully reflect the model's decision
process. We additionally apply GNNExplainer post-hoc to validate the consistency between prototype-identified subgraphs
and gradient-based edge importance scores.

3. EXPERIMENTS AND RESULTS

3.1 Experimental Setup

All experiments were implemented in Python 3.9 using PyTorch 1.12 and the PyTorch Geometric library. The IG-GNN
model was trained on an NVIDIA A100 GPU with 80 GB memory. We employed a stratified 5-fold cross-validation
scheme to evaluate classification performance, repeating each experiment five times with different random seeds and
reporting mean ± standard deviation across runs. Classification performance metrics included accuracy, sensitivity (recall),
specificity, F1-score, and the area under the receiver operating characteristic curve (AUC). The model was optimized using
Adam (Kingma & Ba, 2015) with an initial learning rate of 5×10⁻⁴, weight decay of 1×10⁻⁴, and a cosine annealing learning
rate schedule over 300 epochs. Early stopping with a patience of 30 epochs based on validation AUCwas applied to prevent
overfitting.

Six baseline methods were compared: (1) SVM with vectorized FC features, (2) Random Forest with FC features, (3)
BrainNetCNN (Kawahara et al., 2017), (4) GraphSAGE (Hamilton et al., 2017), (5) DiffPool-based GNN (Ying et al.,
2018), and (6) Hi-GCN (Jiang et al., 2020). All baseline methods were implemented with the same cross-validation protocol
and data preprocessing pipeline for fair comparison. Hyperparameters for baseline methods were selected by grid search
on the training fold.

3.2 Classification Performance

Table 2 presents the classification performance of all methods. IG-GNN achieves the highest performance across all metrics,
attaining an accuracy of 87.6% ± 1.8%, sensitivity of 86.4% ± 2.1%, specificity of 88.7% ± 2.0%, F1-score of 0.873, and
AUC of 0.921. These results represent improvements of 4.9 percentage points in accuracy and 0.028 in AUC compared to
the best baseline method (Hi-GCN: 82.7%, AUC 0.893). The consistent improvement across all metrics indicates that IG-
GNN's gains are not achieved by trading sensitivity for specificity or vice versa, but reflect a genuine improvement in the
model's ability to discriminate PD from HC brain connectivity patterns.

Table 2. Classification Performance Comparison on PPMI Dataset (5-fold Cross-Validation)

Method Accuracy (%) Sensitivity
(%)

Specificity
(%) F1-Score AUC Params

(M)

SVM + FC Features 74.8 ± 3.2 72.1 ± 4.1 77.4 ± 3.8 0.731 0.782 —

Random Forest + FC 76.3 ± 3.0 74.8 ± 3.6 77.9 ± 3.4 0.748 0.799 —

BrainNetCNN 78.1 ± 2.8 76.3 ± 3.3 79.8 ± 3.1 0.770 0.841 2.3

GraphSAGE 79.4 ± 2.6 77.9 ± 3.0 80.8 ± 2.9 0.784 0.857 1.8

Diff-Pool GNN 81.2 ± 2.4 79.8 ± 2.8 82.5 ± 2.7 0.802 0.879 3.1

Hi-GCN 82.7 ± 2.2 81.2 ± 2.6 84.1 ± 2.5 0.818 0.893 2.7

Proposed IG-GNN 87.6 ± 1.8 86.4 ± 2.1 88.7 ± 2.0 0.873 0.921 1.6

Note: Bold values indicate the best performance in each column. ± values represent standard deviations across 5-fold cross-validation
runs (5 repetitions). SVM and RF do not have a parameter count (—) as they use engineered FC features rather than end-to-end learned
parameters. IG-GNN achieves the highest accuracy and AUC with the fewest parameters among deep learning methods, suggesting
superior parameter efficiency.

Figure 2 visualizes the performance comparison across all methods for accuracy, sensitivity, and specificity. The grouped
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bar chart clearly illustrates the progressive improvement from traditional machine learning methods (SVM, RF) through
convolutional approaches (BrainNetCNN) to GNN-based methods, with IG-GNN achieving the highest performance in all
three metrics.

Figure 2. Classification performance comparison (accuracy, sensitivity, and specificity in %) across seven methods evaluated on the
PPMI dataset using 5-fold cross-validation. The dashed vertical line separates traditional machine learning methods from deep learning

and GNN-based approaches. The proposed IG-GNN model (rightmost bars) achieves the highest values in all three metrics.

Figure 3(a) presents the receiver operating characteristic (ROC) curves for the three top-performing methods:
BrainNetCNN, Hi-GCN, and the proposed IG-GNN, illustrating the AUC improvement achieved by IG-GNN. Figure 3(b)
breaks down IG-GNN's AUC performance across clinical subgroups defined by MDS-UPDRS III score and H&Y stage,
demonstrating consistent high performance across disease severities, with slightly higher AUC in more advanced disease
stages (H&Y Stage 3: AUC = 0.943) compared to early-stage (H&Y Stage 1: AUC = 0.899), consistent with the progressive
divergence of PD brain connectivity patterns from healthy controls as disease advances.

Figure 3. (a) ROC curves for BrainNetCNN, Hi-GCN, and the proposed IG-GNN, showing AUC values of 0.841, 0.893, and 0.921,
respectively. (b) IG-GNN AUC stratified by clinical subgroup (MDS-UPDRS III score range and H&Y stage), with error bars

representing 95% confidence intervals. Performance is consistently high across all clinical subgroups.

3.3 Interpretability Analysis

To validate the clinical relevance of IG-GNN's prototype-based explanations, we analyzed the brain regions and
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connectivity patterns identified as most discriminative for PD classification. Figure 4(a) presents the importance scores
assigned by the prototype-subgraphmodule to 20 brain regions for PD versus HC classification. The most important regions
for PD classification are the bilateral putamen (PUT), caudate nucleus (CAU), supplementary motor area (SMA), and
thalamus (THA), all of which are primary targets of dopaminergic deafferentation in PD and show consistently reduced
functional connectivity in prior rs-fMRI studies (Wu et al., 2011; Tessitore et al., 2012).

Figure 4(b) displays the connectivity matrix of the top-10 most important brain regions in the PD-discriminative subgraph
identified by the prototype module. The matrix reveals markedly elevated intra-striatal connectivity (PUT.L-PUT.R,
CAU.L-CAU.R) and striato-motor connectivity (PUT-SMA) in PD relative to HC, alongside reduced striato-thalamic
coupling. This pattern is consistent with the known compensatory up-regulation of striatal-cortical connectivity in response
to dopaminergic depletion, which has been interpreted as an adaptive mechanism to maintain motor function at the cost of
reduced efficiency (Biswal et al., 1995; Filippi et al., 2019). The superior temporal gyrus (STG) shows reduced within-
network connectivity in PD, consistent with auditory processing deficits reported in advanced PD.

Figure 4. (a) Prototype-based importance scores for 20 brain regions for PD (dark bars, right-pointing) and HC (gray bars, left-
pointing), showing the bilateral putamen (PUT), caudate (CAU), supplementary motor area (SMA), and thalamus (THA) as the top
PD-discriminative regions. (b) Functional connectivity matrix of the top-10 discriminative brain regions in the PD-specific prototype

subgraph, visualized as a grayscale heatmap (higher values = stronger connectivity).

4. ABLATION STUDY

To quantify the contribution of each IG-GNN component, we conducted a systematic ablation study by removing or
replacing individual modules and evaluating the resulting model on the same 5-fold cross-validation protocol. Table 3
reports the ablation results, and Figure 5 presents the corresponding visual analyses. Six ablated variants were evaluated
against the full IG-GNN.

Table 3. Ablation Study Results: Contribution of Individual IG-GNN Components

Model Variant Accuracy (%) Sensitivity (%) Specificity
(%) AUC ΔAcc (%) ΔAUC

Full IG-GNN (proposed) 87.6 ± 1.8 86.4 ± 2.1 88.7 ± 2.0 0.921 baseline baseline

w/o Contrastive Pretraining 83.1 ± 2.3 81.6 ± 2.8 84.5 ± 2.6 0.881 -4.5 -0.040

w/o Variational Latent
Space 84.7 ± 2.1 83.2 ± 2.5 86.1 ± 2.4 0.897 -2.9 -0.024
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w/o Attention Mechanism 82.4 ± 2.4 80.9 ± 2.9 83.8 ± 2.7 0.874 -5.2 -0.047

w/o Subgraph Pooling 85.2 ± 2.0 83.7 ± 2.4 86.6 ± 2.3 0.903 -2.4 -0.018

GCN only (no GT encoder) 80.6 ± 2.6 79.1 ± 3.1 82.0 ± 2.9 0.862 -7.0 -0.059

Note: ΔAcc and ΔAUC represent the performance drop relative to the full model (negative values indicate lower performance). Bold
row indicates the full proposed model.

The ablation results reveal several important insights. First, removing the attention mechanism causes the largest single-
component accuracy drop (-5.2%), confirming that global attention across brain regions is the most critical architectural
component for capturing long-range connectivity dependencies relevant to PD. Second, removing contrastive pretraining
results in the second-largest accuracy decrease (-4.5%), demonstrating that self-supervised pretraining provides substantial
representation quality improvements even with only 156 labeled subjects. Third, removing the variational latent space
causes a -2.9% accuracy drop, indicating that probabilistic latent representations improve generalization beyond their role
in uncertainty quantification. Fourth, removing subgraph pooling results in a -2.4% accuracy drop, validating that the
prototype-based explanation mechanism also improves classification performance by focusing the model on the most
discriminative connectivity patterns. The GCN-only baseline (replacing the graph Transformer with a standard GCN)
shows the largest overall drop (-7.0%), confirming that the graph Transformer architecture provides substantial
improvements over simpler message-passing schemes for brain connectivity analysis.

Figure 5(a) visualizes the ablation accuracy results as a bar chart, and Figure 5(b) shows the sensitivity analysis of IG-
GNN's performance to the connectivity threshold parameter. The optimal threshold of r = 0.25 yields the highest accuracy
(87.6%) and AUC (0.921), with performance declining at both lower thresholds (too many spurious connections) and
higher thresholds (too sparse networks losing informative long-range connectivity). This threshold corresponds to a mean
network density of 18.4% across subjects, consistent with the range reported in prior PD FC studies.

Figure 5. (a) Ablation study results: accuracy (%) for five IG-GNN model variants, highlighting the contribution of each component.
The full model (rightmost, dark bar) achieves the highest accuracy. (b) Sensitivity analysis of IG-GNN performance to the
connectivity threshold parameter r, showing optimal performance at r = 0.25 for both accuracy (%) and AUC (dual-axis).

5. DISCUSSION

This study presented IG-GNN, an interpretable graph neural network framework that advances the state of the art in rs-
fMRI-based PD classification while providing clinically meaningful explanations. The framework's 87.6% accuracy and
0.921 AUC on the PPMI dataset surpass the best-performing GNN baselines (Hi-GCN: 82.7%, AUC 0.893) and represent
a substantial improvement over conventional machine learning approaches. The consistent high performance across clinical
subgroups, including early-stage H&Y Stage 1 patients, suggests that IG-GNN captures connectivity alterations that
emerge early in the disease course and may be relevant for pre-diagnostic screening.
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The interpretability analysis findings are highly congruent with established neuropathological evidence for PD. The
bilateral putamen and caudate nucleus, identified as the top discriminative regions, are the primary targets of nigrostriatal
dopaminergic deafferentation in PD, and their functional connectivity alterations have been extensively documented in rs-
fMRI studies (Wu et al., 2011; Ni et al., 2017; Filippi et al., 2019). The elevated intra-striatal and striato-motor connectivity
revealed by the PD-specific prototype subgraph aligns with the compensatory upregulation of striatal-cortical circuits
observed in early PD, interpreted as a neural plasticity response to dopaminergic loss that maintains motor function before
symptom emergence (Obeso et al., 2017; de Schipper et al., 2021). The thalamus, identified as the fourth most
discriminative region, plays a central role in the CSTC circuit and shows well-documented connectivity disruptions in PD,
particularly in its motor and sensorimotor thalamic subregions (Tessitore et al., 2012; Rolinski et al., 2015). The fact that
our data-driven interpretability analysis recapitulates these established findings provides strong external validation for the
biological credibility of IG-GNN's explanations.

The superior performance of graph contrastive pretraining even in a dataset of only 156 participants highlights the
importance of self-supervised learning strategies for neuroimaging applications, where labeled data acquisition is
constrained by scanning costs, clinical recruitment limitations, and the need for long-term follow-up. Our approach of
using node dropping, edge perturbation, and feature masking as augmentation strategies is specifically designed for brain
connectivity graphs, preserving the essential topological structure of brain networks while introducing sufficient variability
to learn robust representations. Future work should explore augmentation strategies that incorporate domain-specific
knowledge of brain network invariances, such as hemisphere symmetry or inter-subject variability within diagnostic groups,
to further improve representation quality.

The variational latent space component not only improves classification accuracy but also provides a probabilistic
uncertainty estimate for each prediction, represented by the KL-divergence term and the variance of the latent distribution.
High predictive uncertainty could flag cases for specialist review or additional assessment, providing a built-in quality
control mechanism that is particularly valuable for clinical decision support systems (Zhang & Lu, 2021; Lu, 2019). This
uncertainty quantification capability distinguishes IG-GNN from deterministic GNN classifiers and represents a step
toward trustworthy AI in medical imaging that not only provides accurate predictions but also communicates their
reliability.

Several limitations of the present study should be acknowledged. First, the PPMI dataset, while the largest available PD
rs-fMRI cohort, comprises participants from a relatively limited geographic and ethnic background, which may affect the
generalizability of the trained model to diverse populations. External validation on independent cohorts from different
clinical centers and demographic profiles is needed before clinical deployment. Second, our use of the AAL-90 atlas for
brain parcellation, while standard in the field, represents one of many possible parcellation choices; finer-resolution atlases
such as the Schaefer-400 or the Melbourne Subcortical Atlas may reveal connectivity alterations at scales not captured by
AAL-90, and future work should investigate atlas resolution effects on classification and interpretability. Third, the cross-
sectional study design precludes analysis of connectivity changes over time, which are relevant for disease monitoring and
progression prediction. Longitudinal modeling extensions of IG-GNN, incorporating temporal graph neural networks or
recurrent architectures over repeated rs-fMRI measurements, represent a promising future direction.

6. CONCLUSION

We presented IG-GNN, an interpretable graph neural network framework for Parkinson's disease classification from
resting-state fMRI functional brain networks. By integrating graph contrastive pretraining, variational probabilistic
encoding with attention mechanisms, and prototype-based subgraph interpretability, IG-GNN achieves state-of-the-art
classification performance (accuracy 87.6%, AUC 0.921) on the PPMI dataset while providing clinically meaningful
explanations of its predictions. The identified discriminative brain regions—bilateral putamen, caudate nucleus,
supplementary motor area, and thalamus—are consistent with established neuropathological evidence for PD, providing
strong biological validation of the model's learned representations. Ablation experiments confirm the significant
contribution of each framework component, with the attention mechanism and contrastive pretraining providing the largest
performance benefits. IG-GNN demonstrates that high diagnostic accuracy and clinical interpretability are not mutually
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exclusive in deep learning-based neuroimaging, and may serve as a blueprint for interpretable AI development in other
neurodegenerative disease contexts. Future directions include multi-site external validation, extension to multimodal
neuroimaging data combining rs-fMRI with structural MRI and diffusion tensor imaging, and longitudinal adaptation for
disease progression monitoring.
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