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Alzheimer’s disease classification network based on improved Residual Network
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[ Abstract] Aiming at the difficulty in brain MRI classification of patients with Alzheimer ‘s disease ( AD), mild cognitive
impairment (MCI) and normal subjects (CN) , the paper proposes a classification method of Alzheimer’s disease based on improved
ResNet. Firstly, the pre — processed data are sent into the channel separation residual module designed according to the MRI
characteristics of AD, and low—dimensional features and high—dimensional features are extracted and combined. Then, the extracted
features are sent into the channel attention module, and the weight between channels is adjusted to obtain more accurate classification
features. Finally, the eigenmatrix is sent to the linear classification layer to output the classification results. The AD/MCI/CN
classification accuracy is 83.54 percentage points, AD/CN accuracy is 95.27 percentage points, and MCL/CN accuracy is 85.07
percentage points. The effectiveness of the proposed method in distinguishing the different stages of AD is proved. In the data set
based mainly on individual IDS, the experimental results are compared with the basic network ResNet, thus the conclusion is that the
classification accuracy of AD/MCI/CN is increased by 0.7 percentage points, the accuracy of AD/CN is increased by 10 percentage
points, and the accuracy of MCI/CN is increased 4 percentage points, respectively. It is proved that the improvement of basic
network in this paper can effectively improve the accuracy of AD classification. At the same time, the necessity of dividing data sets
correctly is proved by comparing the experimental results of data leakage.

[ Key words] improved Residual Network; channel separation residual module; data leakage; channel attention mechanism;
Alzheimer’s disease
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Tab. 1 The distribution of Non—standard Dataset

Sub Age MMSE CDR CDR - SOB

CN Train 571 75.1(6.1) 28.76(1.36) 0.02(0.18) 0.10(0.44)
Test 117 77.2(5.4) 28.65(1.44) 0.04(0.25) 0.12(0.41)
MCI Train 835 76.5(6.3) 27.34(2.37) 0.46(0.20) 1.42(1.06)
Test 183 74.8(7.5) 27.55(2.54) 0.46(0.17) 1.39(1.12)
AD Train 481 75.5(5.8) 23.17(4.23) 0.81(0.42) 4.37(2.68)
Test 100 77.4(8.6) 22.98(4.10) 0.79(0.40) 4.35(2.79)
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Tab. 2 The distribution of Standard Dataset

Sub Age MMSE CDR CDR - SOB

CN Train 99M/102F 76.3(5.6) 28.84(1.36)  0.02(0.15) 0.11(0.46)
Test 42M/46F 76.7(4.0) 28.99(1.76)  0.06(0.24) 0.13(0.44)

MCI Train 220M/157F 75.5(7.9) 27.61(2.47)  0.46(0.19) 1.35(1.17)
Test 94M/68F 75.3(6.5) 27.72(2.65)  0.46(0.18) 1.46(1.07)

AD Train 141M/95F 77.1(7.1) 23.28(4.00)  0.80(0.40) 4.46(2.46)
Test 60M/43F 76.4(6.9) 23.49(4.12)  0.76(0.46) 4.30(2.87)
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Fig. 2 Residual module structure diagram
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Tab. 3 Comparison of classification accuracy of frontier networks
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Tab. 5 Comparison of classification accuracy of different networks

%

1 £ 2544 AD/MCI/CN AD/CN MCI/CN
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Liu!?"] 59.08 77.12 62.48
Our 61.35 84.72 64.46
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Tab. 6 Comparison of sensitivity and specificity of different networks
%o

AD MCI
IR 2% 23544
Sen Spe Sen Spe
ResNet 2D 64.80 60.24 57.14 48.19
ResNet 3D 86.40 65.06 68.83 44.58
Liul?"! 87.90 65.66 71.10 46.39
Our 88.79 74.34 72.40 52.79
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Tab. 7 Comparison of embedding position results of channel
attention module %

S5 WAL E Acc

1 R1-R2-R3-R4 78.23

2 R1-SE-R2-R3-R4 81.56

3 R1-R2-SE-R3-R4 83.57

4 R1-R2-R3-SE-R4 82.97

5 R1-R2-R3-R4-SE 84.72

6 R1-R2-SE-R3-R4-SE 84.58
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