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Alzheimer’s Disease Identification from Brain MRI Images

Using Deep Learning
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Alzheimer’s disease (AD) is an irreversible and progressive brain disorder that impairs memory and thinking

abilities. In diagnosis, physicians make a comprehensive decision using atrophy of MRI images and cognitive

function tests. In recent years, a method of AD identification using CNN, which can automatically extract

features effective for diagnosis, has attracted much attention. However, the number of medical images provided

for CNN training is extremely small, which may cause over-fitting in training. Furthermore, the conventional

methods using CNN only evaluate brain atrophy. In this paper, we propose a set of methods to improve CNN-

based AD identification. Through experiments using a large-scale database, we demonstrate the effectiveness

of our proposed method.
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CN vs. AD sMCI vs. pMCI
B Ace. AUC | B Ace. AUC

Method

Liuetal. © | 0.867 0.962 | 0.629 0.694
LSR ? 0.889  0.967 | 0.679 0.751
Proposed 0.898 0.965 | 0.686 0.790
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