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Fig. 1 Overall framework of the algorithm proposed in this paper
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Table 2 Results of the classification experiment [average value (% ) and standard deviation]

gﬁft ijji L1SVM GCN GAT Transformer SUGRL DGLCN Proposed
AD-NC ACC 76.3 (2. 1) 81.5 (1.0) 81.3 (1.3) 84.0 (1. 4) 81.6 (0.4) 86.9 (1.6) 85.8 (0.7
SEN 77.5 (1.2) 84.7 (0.7 85.1 (2. 88.1 (2.7 84.9 (1.5 85.9 (1.6) 88.8 (1. D

SPE 75.1 (2.0 77.5 (1.4 76.2 (2.0) 78.9 (1.2) 81.1 (1. D 87.2 (1.7 82.1 (1.1

AUC 77.6 (1.8) 88.3 (0.6) 87.0 (1.2) 78.4 (3.0) 88.1 (0.5) 90.6 (2.5) 91.3 (0.6)

AD-MCI ACC 65.3 (1.8) 66.1 (1.4) 65.1 (0.8) 67.7 (0.6) 66.5 (0.4) 68.7 (1.5) 69.9 (1.2)
SEN 66.4 (1.6) 73.8 (2.3) 73.5 (1.7 66.0 (1. 1) 66.8 (0.9) 68.5 (1.6) 78.0 (2.2)

SPE 64.2 (3.4) 51.0 (6.7) 47.3 (3.6) 70.5 (2.3) 72.0 (1.0) 74.8 (2.4 53.0 (2.4

AUC 61.4 (2.2) 69.2 (2. D 67.3 (0.6) 70.9 (0.8) 71.6 (0.6) 65.5 (2.8) 71.8 (1. D

NC-MCI ACC 61.2 (1.4 64.2 (1.6) 61.8 (1.6) 67.7 (0.6) 63.5 (1.3) 67.5 (2. 4) 69.1 (1.0)
SEN 56.8 (1.6) 64.6 (1.2) 64.9 (3.2) 66.0 (1. 1) 65.6 (2. 1) 61.7 (1.5) 67.2 (1. D

SPE 63.5 (2.7) 63.9 (3.4) 56.5 (2.9 70.5 (2. 4) 68.2 (1.7) 67.7 (1.3) 72.4 (1.2)

AUC 63.5 (2.0) 70.1 (1.3) 66.3 (1.7) 70.9 (0.8) 68.4 (0.5) 69.2 (2.8) 74.8 (0.3)

MCIce-MCIn  ACC 62.4 (2.8) 65.5 (2.2) 62.0 (2.3) 64.7 (3.6) 65.0 (0.9) 67.7 (2.0 68.8 (0.7)
SEN 66.4 (3.1 70.1 (3.2) 67.9 (3.3) 67.9 (4.6) 67.2 (1.2) 64.0 (2.5) 72.0 (2.4

SPE 62.4 (2.3) 58.9 (0.5) 53.6 (2.9 59.3 (6.9 66.6 (1.7) 69.9 (3.1 64.4 (1. 8)

AUC 64.4 (1.6) 69.8 (2.2) 65.8 (1.7) 66.0 (3.8) 68.9 (1. 1) 63.7 (3.0) 72.3 (0.8)

Note:data in bold and underlined are the best and second best results, respectively.

2.5 HmXIw

A SCHE G AL HE A E AR ), ROREAS 5
) FEB T F24 2] (b) o A T FEA SCHRE 0
2 TP 2SS BB A A M FE A RO B AN TR R 43
WA PEREHFITIHM LT 25 R L3R 3. A E
TR W 55 AN ol FH B AH BL S 76 T A BB 4R 19 4 S 0F AN
FeAr FAF 4R T 3. 2 %6, 3 2 PR R A AR E ALK
3 o 7 BT A AN [ 28 ) B R AR A3 O AN R i AE  g A TE

TN S T B A S0 R A7 27 2], AR AR T AF A9 3z A 1k
AE .l W X LE o o] 5 AN I A L A I A K
I 4 DR IR L8R T 6. 800 I R B
Xof LU 2 2] RE B8 fof 45 Y = o B REAS (6] 9 AR HL R &R L 4R T
F5 IR0 ) R A B HURE 0 o DT — 25 i T8 R ) 73 S
fE . DA o [ IS 255 BB A I ASC SR e A0 B X b=~
EHHARW.
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Table 3 Results of the ablation experiment 1 [average value (%) and standard deviation]
B S , ) e 3 g H 5t i 2
Dataset ACC SEN SPE AUC
AD-NC N 85.2 (0.8 88.6 (1.4) 81.2 (0.4 91.1 (0.6)
N 83.0 (0.8) 85.1 (1.5) 80.4 (0.7) 89.0 (0.7)
NG N 85.8 (0.7) 88.8 (1. 1) 82.1 (1. D 91.3 (0.6)
AD-MCI N 70.2 (1.0) 83.0 (1.8) 43.5 (1.2) 71.6 (1.4)
N 68.8 (1.2) 76.7 (1.6) 51.9 (2.5) 68.7 (1.2)
NG N 69.9 (1.2) 78.0 (2.2) 53.0 (2.4 71.8 (1. 1)
NC-MCI N 67.7 (0.8) 80.4 (0.8) 46.5 (2.7 74.5 (0.3)
N 65.9 (0.7) 70.9 (1.6) 57.6 (1.8) 72.0 (0.6)
N/ N/ 69.1 (1.0) 67.2 (1.1) 72.4 (1.2) 74.8 (0.3)
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£ S
Continued table
HURIE . b e 1 R 1 51 i 2%
Dataset ACC SEN SPE AUC
MCIn-MClec N 67.5 (1.3) 72.7 (1.1 60.7 (3.2) 72.0 (1.0)
N 63.4 (1.3) 67.3 (1.7 58.3 (3. 1) 68.2 (1.7)
N N 68.8 (0.7) 72.0 (2. 4) 64.4 (1.8) 72.3 (0.8)

Note:data in bold are the best results.
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Table 4 Results of the ablation experiment 2 [average value ( % ) and standard deviation]
Bob 4R i HIRTIES U LRI N TR
Dataset Setting ACC SEN SPE AUC
AD-NC 1 84.7 (0.8 87.8 (1.6) 80.8 (1. D 91.0 €0.7)
Il 84.7 (1.0) 87.7 (1.6) 81.0 (0.7) 90.5 (0.4)
| 85.3 (1.2) 88.5 (1. 1) 81.3 (1.5) 91.1 (0.6)
v 85.8 (0.7) 88.8 (1. D 82.1 (1. D 91.3 (0.6)
AD-MCI 1 69.1 (0.9 79.8 (3. D 47.1 (4. 4) 70.8 (0.8)
68.8 (1.3) 76.6 (2.3) 52.2 (2.0) 71.2 (1.1
69. 4 (0. 8) 78.1 (1.7 51.3 (2.6) 71.1 (0.8
v 69.9 (1.2) 78.0 (2.2) 53.0 (2.4 71.8 (1. 1D
NC-MCI 1 67.5 (1.0) 63.1 (1.4 75.2 (1.5) 74.3 (0.3)
II 67.3 (0.4) 63.6 (1.4) 73.7 (2.1 74.0 (0.6)
Il 68.0 (0.8) 64.9 (0.7) 73.6 (2.1 74.3 (0.3)
v 69.1 (1.0) 67.2 (1.1) 72.4 (1.2) 74.8 (0.3)
MCIn-MClc 1 66.6 (2.0) 70.3 (1.0) 61.9 (4.3) 71.9 (0. 6)
Il 67.1 (0.8 70.2 (1.4 63.0 (1.4) 72.1 (0.8
I 66.6 (1.8) 69.9 (0.8 62.2 (3.6) 71.8 (1.2)
v 68.8 (0.7) 72.0 (2. 4) 64.4 (1.8) 72.3 (0.8)

Note:data in bold are the best results.
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Abstract: Alzheimer's Disease (AD) is currently incurable and its deterioration can only be mitigated by early
intervention. Therefore,early diagnosis of Alzheimer's disease by neuroimaging has been widely used in clini-
cal practice. A deep learning network model is built based on the Magnetic Resonance Imaging (MRI) data
for the early diagnosis of Alzheimer’s disease. First,a sample reweighting strategy is introduced to mitigate
the impact of the class imbalance problem prevalent in disease diagnosis datasets on the model. Second,super-
vised contrastive learning is designed to improve the feature extraction capability of the model. The experi-
mental results on four neurodegenerative disease diagnosis datasets show that the method proposed in this
paper achieves better performance than existing methods.

Key words: Alzheimer’s disease;neurodegenerative disease;disease diagnosis;deep learning;contrastive learn-

ing; multilayer perceptron
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