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[ Abstract] In recent years, the classification of Alzheimer’s disease ( AD) based on magnetic resonance imaging ( MRI) has
attracted much attention. Existing research usually directly selects specific substructures in medical analysis such as hippocampus and
amygdala for exploration, and does not comprehensively screen specific substructures. In order to explore the correlation between
Alzheimer's disease ( AD) and the specificity of substructures, this article is mainly engaged in the following two aspects of work:
(1) extract the volume information of brain substructures as feature vectors for classification, and the machine learning decision tree
outputs the substructures in the network that play a decisive role in classification. (2) build the network on the basis of ResNet-30,
introduce the attention sub—module to filter the redundant information in the MRI image, and at the same time integrate the volume
information of the specific substructure extracted by machine learning as a feature into the fully connected feature layer of the
proposed network for classification. In this study, 2 294 brain MRI images of 765 patients (358 normal (CN) and 407 AD patients )
on the ADNI public data set are selected for experimental verification. The experimental results show that the substructures in the
decision tree that play a major role in classification are the hippocampus, amygdala, and nasal olfactory cortex. The proposed
method of adding attention and fusing volume features is better than the other five methods, which could be taken as a promising
method of assisting AD diagnosis.
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Tab. 1 ADNI-SEG data distribution

Mode ZiAH MRI AR MMSE CDR CDR - SB
CN Train 285 857 76.54(6.34)  29.06(1.19)  0.04(0.13) 0.09(0.27)
Test 122 366 75.79(6.23)  29.16(1.08)  0.04(0.14) 0.10(0.39)
AD Train 251 751 76.69(7.16)  21.78(4.21)  0.92(0.48) 5.47(2.68)
Test 107 320 76.13(8.32)  22.35(4.37)  0.95(0.44) 5.52(2.74)
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