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Alzheimer’s disease in patients

Highly skilled and experienced doctors are currently required to make a
decision on the health status of a patient which could be costly

There are no simple machine learning algorithm which could detect AD
from MRI, we want to use deep learning to diagnose AD by using
promising architectures for 3D brain images

Challenges: Lack of preprocessed data, high dimensional input
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Autoencoder couldn't perform well as the architecture was
minimal under memory constraints - leading to poor
encodings.

Future works

' edctes o Ry | Manually preprocess and clean more data
I T Increase the autoencoder's capacity so that it can properly
translate encoded info down the network.
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