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Machine learning-based accurate diagnosis of mental disorders is expected to support finding their biomarkers
and understanding their underlying mechanism. Recent studies employed dynamic and generative models due
to the time-varying nature of the brain activities. Though it is difficult to extract complex features due to the
simpleness of the model. In this paper, we model fMRI data using dynamic and deep generative model. The
proposed deep state-space model is flexible, dynamic and generative(interpretable). Hence it can extract complex
feature, capture time-varying nature of the brain activities and identifies brain regions related to the disorders.
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2: Diagnosis Accuracies

Schizophrenia Bipolar

Model BACC F1 BACC F1

PCC+SCCA+SLR [Yahata 16] 0.646 0.462 0.519 0.378

PCC+Kendall+LLE+c-means [Shen 10] 0.670 0.544 0.626 0.480

LSTM [Dvornek 17] 0.673 0.522 0.577 0.345

AE+HMM [Suk 16] 0.579 0.429 0.589 0.417

DGM [Tashiro 17] 0.707 0.571 0.633 0.445

DSSM (proposed) 0.728 0.601 0.633 0.481

3: Regions with Top 3 and Bottom 3 Contribution Weights for Diagnosis.

Schizophrenia Bipolar

ROI weight (×10−4) ROI weight (×10−4)

Postcentral R 3.08 Temporal Inf R 1.49

Precentral R 3.00 Cingulum Post R 1.14

Postcentral L 2.81 Postcentral R 1.01
...

...
...

...

Putamen L 0.04 Cerebelum 7b L -0.26

Temporal Pole Sup R 0.02 Cerebelum Crus1 L -0.28

Vermis 1 2 -0.02 Cingulum Ant R -0.32
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