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SPECT in silico

In silico disease classification based on brain perfusion SPECT
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Brain perfusion SPECT is an imaging technique to evaluate a cerebral blood
flow (CBF) in diagnosis of several neurodegenerative diseases. In this study, our aims are to build
the model which enables us to classify some neurodegenerative diseases based on SPECT images, and to

supply the information about the brain regions that it is important for the prediction of the
diseases.
We built the model to classify three kinds of diseases (Alzheimer disease, Parkinson disease or
other neurodegenerative diseases) by support vector machine. In the prediction, brain regions whose
CBF was different between the diseases and which were included into the SVM model were not conflict
with clinical knowledge. Therefore, the model and information about the brain regions obtained in
this study should be useful for computer aided diagnosis.
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