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Prediction of depression classification based on small sample
plasma mass spectrometry data

TU Qianggiang, GUO Wenjing, PAN Qiao, CHEN Dehua

(College of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract; Depression is a common mental disorder, with about 27% of people experiencing similar symptoms during their lifetime.
Early diagnosis is essential for treatment, but traditional diagnostic methods have subjective limitations that make them prone to
misdiagnosis or omission, so an objective diagnostic method is needed to improve diagnosis rates. Proteomics technology studies
changes in protein expression levels, which can help understand disease mechanisms and contribute to the development of clinical
diagnostic tools. Proteomics data are usually characterised by high feature dimensions and small sample sizes. In this paper, we
propose a classification prediction model for depression based on small sample learning, which significantly improves the
classification prediction ability of depression compared to traditional machine learning models.
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Fig. 1 Overall framework of depression diagnosis method based on small sample learning
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