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Abstract

Major depressive disorder (MDD) is highly heterogeneous, and there is a growing need for objective
biomarkers that can complement symptom-based diagnosis. In this study, we analyzed resting-state
fMRI functional connectivity in 821 patients with MDD using a graph autoencoder (GAE) that
integrates a variational autoencoder (VAE) and graph convolutional networks (GCNs). Connectivity
matrices from 160 regions of interest were embedded into a low-dimensional latent space, and
sensitivity analysis was used to identify connections most influential to the learned representations. The
model with a 16-dimensional latent vector showed stable performance and emphasized
fronto—temporo-occipital connectivity as a key feature. In particular, superior frontal - occipital and
ventromedial prefrontal cortex (vmPFC) -temporal connections were negatively associated with
HAM-D items related to agitation and psychic anxiety (p < 0.001), suggesting a potential role of
prefrontal top—down regulation in these symptoms. Overall, our results support the utility of
unsupervised GAE-based learning for extracting clinically interpretable connectivity features in MDD,
with implications for future studies on subtype characterization and treatment-response prediction.
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Variables MDD
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Rank MNI coordinate ROl label
(ROl - ROI) (ROI - ROI)
1 (60, 8, 34)- 'dFC’
(58, -41, 20) ~parietal’
5 (34, -39, 65) 'sup parietal’
-(51, -59, 34) —‘angular gyrus'
3 (42, -46, 21) 'sup temporal’
-(33, -73, -30) ~'inf cerebellum’
4 (43, 43, 8) "temporal’
-(5, 50, 33) ~'precuneus’
5 (40, 17, 40) 'dFC’
-(-35, 46, 48) ~'post parietal’
6 (-16, 29, 54) 'sup frontal
-(17, -68, 20) ~'occipital’
7 (-6, 50, -1) vmPFC'
—(-55, -44, 30) ~'temporal’
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MNI coordinate: X, y, z coordinate of Montreal Neurological
Institute. ROI label:. dFC, dorsal Frontal Cortex. parietal,
parietal lobe. sup parietal, superior parietal lobule. angular
gyrus, angular gyrus. sup temporal, superior temporal
gyrus. inf cerebellum, inferior cerebellum. temporal,
temporal gyrus. precuneus, precuneus. post parietal,
posterior parietal cortex. sup frontal, superior frontal gyrus.
occipital, occipital lobe. vmPFC, ventromedial Prefrontal
Cortex. vFC, ventral Frontal Cortex.
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