Characterizing schizophrenia neural dynamics using
univariate time-series feature analysis
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Conclusions Key Takeaways
This analysis highlighted both individual brain regions and univariate TS features derived Systematically quantifying  univariate TS
from BOLD fMRI that distinguish participants with versus without schizophrenia. Pairwise TS features presents a promising method for
features, like the commonly-used Pearson correlation coefficient, showed improved linear understanding how the dynamics of individual
SVM classification performance with the inclusion of univariate TS feature information. brain regions contribute to disrupted network
activity in neurological disease.
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