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Abstract: Neuroimaging techniques are widely used to study the correlations between brain structural/functional abnormalities
and neuropsychiatric diseases. Different from traditional statistical analysis methods, machine learning model can realize
individualized prediction from neuroimaging data and exploit potential biomarkers. The auxiliary diagnosis of neuropsychiatric
diseases includes data preprocessing and machine learning algorithms. Data preprocessing is a kind of artificial feature engineering,
providing quantitative features for machine learning algorithms; and machine learning algorithms include feature dimensionality
reduction, model training and model evaluation. Robust machine learning algorithms can accomplish accurate predictions for
different datasets and provide features that contribute significantly to the prediction as potential biomarkers. Herein the recent
advances in auxiliary diagnosis of neuropsychiatric diseases based on machine learning are summarized, including data
preprocessing, machine learning algorithms and biomarkers found in previous studies. Finally, the research direction in the future
is discussed.
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Fig.1 Data preprocessing flowchart
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Fig.2 Methodology flowchart
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