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In neurodegenerative diseases including ALS, it is necessary to detect and
elucidate the pathogenesis of very early lesions. In this study, we generated and imaged motor
neurons using iPS cells from healthy subjects and ALS patients, and collected a copious amount of
image information. This information was trained by deep learning, which can analyze thousands of
dimensions, to identify very early pathological changes that cannot be detected by conventional
analysis, and to obtain an index to predict neurodegeneration. Deep learning detected lesions in ALS
motor neurons that were undetectable by conventional analysis. The results suggest that deep

learning can support the diagnosis of ALS and that this method may help to promote ALS treatment in
the future.
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