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Functional magnetic resonance imaging transformation for classification of Alzheimer's disease

JIA Hongfei, WANG Yu, XIAO Hongbing, XING Suxia

School of Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China

Abstract: To identify the early symptoms of Alzheimer's disease (AD), an improved 3DPCANet combined with functional
magnetic resonance imaging (fMRI) transformation is proposed for classifying patients at different stages of AD. After the
fMRI image is preprocessed, regional homogeneity image transformation is carried out for the preprocessed fMRI images.
Then, the features of the transformed images are extracted using the improved 3DPCANet. Finally, support vector machine is
used for AD classification. The experimental results show that the improved 3DPCANet model can be used to extract the
effective classification features from the images after transformation. The classification accuracies reach 90.00%, 88.89%,
and 88.00% for late mild cognitive impairment vs AD, subjective memory decline vs AD, and subjective memory decline vs
early mild cognitive impairment, respectively, which proves the feasibility and effectiveness of the proposed method.
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Vector Machine-Recursive Feature Elimination, SVM-
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Table 1 Statistical analysis of the basic information of subjects

A5 no B AERE JIgsE DAk
AD 34 18/16 733473 24 10
EMCI 57  34/23  74.9+7.6 40 17
LMCI 35 1421  72.6£6.7 25 10
NC 50 2822 76.4%6.8 35 15
SMD 26 1412 725455 18 8
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Figure 1 Flowchart of fMRI preprocessing
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Figure 2 Comparison before and after fMRI preprocessing
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Table 2 Comparison of results of experiment 1 (%)

H PFEI$EFE  SMDvs LMCI  EMCI vs AD LMCI vs AD
3DPCANet+SVM+ReHo ACC 77.78 81.48 80.00
SEN 80.00 88.24 70.00
SPE 75.00 70.00 90.00
Fl 80.00 85.71 77.78
AUC 77.50 79.12 80.00
i/t 3DPCANet+SVM +ReHo ACC 83.33 85.19 90.00
SEN 70.00 82.35 100.00
SPE 100.00 90.00 80.00
F1 82.35 87.50 90.91
AUC 86.25 86.18 90.00

PIF H ,NC . SMD .EMCI Fl LMCI 2 AH 81 995 & & iy
B, TEARAR B & R B B ) 43 25 rh K &5 kAR 4L, 43
K RIME , (H 5k J 1Y 3DPCANet 254 ReHo K {4 % NC
5 SMD . SMD 5 EMCI.EMCI 5 LMCI 432 [a] £ 5t
15 TR o3 A5 5 o M 2324301 R 82.61%

88.00%. 77.78%, F1 {A 43 il i 87.50%. 91.89%.
83.33%, AUC 43 51l 7 77.92% . 89.71% . 74.12%, 5L ¥
45 SAIE B e 5 1Y 3DPCANet 454 ReHo B4 & 4
AD H 2.
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