18, 834 oK WoF W W H A $A8 % 41
lfui Sl R L .
y ELECTRONIC MEASUREMENT TECHNOLOGY 20254 1 A

DOI:10. 19651/j. cnki. emt. 2416955

Z S5 WM E %1 CNN #0 Transformer B
B /R % i B TR iZ W fF 3

2H%2 Mz & A
A7 AT XFMEEIAEFRE M 5100065 2. 7 AERFERFEFE5EF L5 7 M 510665)

W OE: AR R SO B CAD) B 5 ORI 25 0 P A% A S IR 52 A5 (sMIRD 5 745 4 fof &2 2= A 2 [ 55 0 M 4 A1 3 1 A 1 s
A 12 W A A 00 1) R, 42 10 T — Ah 4% & 5 FR A 28 W 45 (CNIND Il Transformer H5 A IE & 224, 1 T AD SR 5E 2 W,
T BT T 2 W BRI g i 25 38 5 4 3 Al TR B T ML 0 A 11 ) R AT 4 B 43 3, I sMIRT 1 e AR T L 5 bk
TR R A 1] T 7 1 4R OO A AT B L O 2 I RIE B 8 B AR 2 SR B SRR L X I TR CRAE . HOR L B T L
ZRERE T M, %20 A 2 RERAEE LA B £ & A0 E B . G, I Transformer 4 % #5 #8557 4 i
sMRI (1 & JR R AE 2275 o 7 i SR 2 T RO 4l 2 52 1248 I CADND B 48 8 b 19 45 51 R A S 878 AD 20 28 R i A
BB (MCD %% AL U AT 45 14 i 0 22 53 3K B T 94. 05 %6 1 81. 59 % IR T 2 A8 A Jr ik,

KB BTJR 2206 B 5 25 0 PR AZ WG AR AR IR A 28 2 EE B 2 RUERHT

FESZES: TNI1L. 73 XHERARIRED . A ERRAEZRSERE: 520.20

Combining view-aware CNN and Transformer for
Alzheimer’s disease diagnosis research

Wu Huidong' Liu Licheng' Pan Dan’
(1. School of Information Engineering, Guangdong University of Technology,Guangzhou 510006, China;

2. School of Electronics and Information, Guangdong Polytechnic Normal University, Guangzhou 510665, China)

Abstract: To address the low diagnostic accuracy of Alzheimer’s disease (AD) caused by the subtle complexity and
spatial heterogeneity of brain lesions in structural magnetic resonance imaging (sMRI) of AD patients, a hybrid
architecture that combines the strengths of convolutional neural networks (CNN) and Transformers is proposed for the
AD diagnosis. First, a multi-view feature encoder is designed, in which a view local feature extractor with integrated
hybrid attention mechanisms is employed to extract complementary information from the coronal, sagittal, and axial
views of sMRI. The semantic representation of lesion regions is further enhanced through a multi-view information
interaction learning strategy. Second, a cascaded multi-scale fusion subnetwork is designed to progressively fuse multi-
scale feature map information, enhancing discriminative ability. Finally, a Transformer encoder is used to model the
global feature representation of full-brain sMRI. Results on the Alzheimer's disease neuroimaging initiative ( ADNI)
dataset show that the proposed method in this paper achieves classification accuracies of 94. 05% for AD and 81.59%
for mild cognitive impairment (MCID conversion prediction, outperforming several existing methods.

Keywords: Alzheimer's disease; structural magnetic resonance imaging; hybrid architecture; multi-view feature; multi-

scale feature
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% (view-local feature extractor, VLFE) 4> 37 @& 4= ki kb
S5 RG E S AR THT | 2 R i AR A 1B 5 1) ) B ARME R 5
PRE F 2 /1 (cross-view attention, CVA) 43 37 g i#F 5 1 K
5B H, LIRS AR A X 4l sMRT Y35 SRR AR, b Abh, B
T m B A ERAE, Bt T R 2 RO Rl A F R 4%
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FREE V, s A R B R R W (V) € R,
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{1 CADND 2 2L 5045 2 (https: //adni. loni. usc. edu/) , 3
1504 4 ZARF B 4 796 3K 1.5T/3T T1 AL sMRI
PR, BUREMAEBWNE 1R, N T B0 Q5T
25 A 2 0 55 LA BSR4 MRS B 2 R L AS A 9 R AR vfE AL B R
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MATLAB ¥ 48 1T Z S 4 T. B 48 (SPM12) Chttp://

www. fil. ion. ucl. ac. uk/spm/software/spm) L F ,

Rl HEEAOZHZENRABEXER

Table 1 Demographic and clinical information of the dataset

G
(% /20
AD 197/167
NC  204/234

ERY MMSE
(mean=std) (mean=+std)
75.354+7.85 23.2842.26
74.13%+5.79 29.03£1.12

sMCI 273/191 73.35£7.72 27.59£1.86 0.497+0.06
pMCI 154/109 74.22+7.06 26.55=£1.89 0.50+0.08

1B W XF B840 (normal control, NC) , i 5 ¥ #UIR 2546
AP (MMSE) . I R R 373 (CDR)

CDR
(mean= std)
0.77=+0.27
0.0340.01

el
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AW FESE W P LR B 45 NVIDIA RTX A5000 24 G GPU
M Linux T.{E 35 I+ 58 B H % B % 2J HE 32 PyTorch
1.8. 1(Python 3.8.0) # @ #5 A . 7E 52 56 5 B B0 & 1%
A= 1= THO B BE ML A 0 VI 5 L 560 A 3t 7 4 L DAk <7 900 3t 42
LS SR i AR . Y 2R B 4 2 AR 7RI
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B (£15%) BEPLEIEE F1 K /NH 10 px X 10 px X 10 px BB
ML HE , LA % 5 0.5,

BG4 BIFAL T AD 43264155 (AD vs. NOFIl MCI
HALTUAT % (sMCI vs. pMCD , 5% T T Z ik 1 A5 2 7 1
28 SRR R B S 8. AR By 100, HiE K/
Jg 8 AHFAE RN 1}X10 " B Adam AL 28, # 25 T &
Wh 5X10 7, EREGESECD ., IR OLE v, X Rk 4 il
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5% Cspecificity, SPE) fl 3z i 3 1 4F #¢ 1 il 28 T~ i 2
characteristic

(area under

receiver operating curve,

AUC) . X BB kXU F .
ACCZTP+§§1£§+FN an
SEN = % 12)
SPE = % (13)

Ko, TP TN .FP Ml FN 45 Jj| /% # £ P H
(true positive) . B FA £ (true negative) . & FH 4 (false
positive) Fl i1 i 14 (false negative) , AN SZ 8% AD F
pMCT 321X # B 4 IR A 5 NC Fl sMCT Z i #
FEA S, T SEN F1 SPE 43 1 Jiz e 1 485 78 140 1] 58

1.0 F
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Jin CVA #id J5 (1 52 56 45 S (Proposal) #47 e #, Ah, B
SR FAU SRIRIEHPERER 25 . 10/E“No FAU”,

THE SR 2 RN 5 FFE 2 h ROC & s, 5% %
MVFE 3L AL M L, HoE. BIA R G ERB N EW
VLFE i R£8 7E P> 43 254 55 h 3 BUE T 29 10 %6 1 ACC
P& T, 3% 3 W i o 25 8 4L 0 N s [ AL, i VLFE fig
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5 MCI % 4k 3000 AT 55 09 Jir G 48 AR W3 3k 1% 0. 09%6 &
2. 09 % WI4R TH, UM 7E MVFE Z AT & FAU AR08 T
Y9915 BB R AR T AR TR AE IR B BE T

—:= Baseline (AUC = 0.8958)

===+ MVFE-VLFE-SA (AUC = 0.9630)

—-= Baseline (AUC = 0.7395)
=== + MVFE-VLFE-SA (AUC = 0.8355)

o2 + MVFE-VLFE-CA (AUC = 0.9653) 0.2 4+ MVFE-VLFE-CA (AUC = 0.8438)
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(a) AD vs. NC (b) sMCI vs. pMCI
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Fig.5 ROC curves for ablation of MVFE and FAU
£ 2 MVFE # FAU Ry E R SCIR 45 32
Table 2 Ablation study results of the MVFE and FAU
. MVFE AD vs. NC sMCI vs. pMCI
ik FAU CVA
VLFE-SA VLFE-CA AUC ACC SEN SPE AUC ACC SEN SPE
Baseline Vv 89.58 82.07 89.20 74.88 73.95 69.33 67.48 71.05
+MVFE-VLFE-SA Vv 96.30 91.43 83.10 94.23 83.55 77.12 73.57 83.33
+MVFE-VLFE-CA Vv Vv 96.53 92.59 92.94 93.62 84.38 79.26 76.45 84.64
No FAU Vv Vv Vv 97.22 93.38 92.42 94.26 85.53 80.72 83.77 78.22
A Vv Vv Vv Vv 97.83 94.05 93.25 95.68 87.62 81.59 85.10 78.31
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Net BB 70 A 3 55 7 S 2 AD ARG DX Clnitg = X fil
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Table 3 Comparison results with pure Transformer and pure CNN architecture based networks %
. Transformer . AD vs. NC sMCI vs. pMCI
URES - CNN . T - . a -
EryEs AUC ACC SEN SPE AUC ACC SEN SPE
3DVIT Vv 72.80 71.46  67.60 < 75.35 65.61  63.48 59.35 67.29
MVFP-CNN Vv 95.42  90.22  86.97 94.43  81.98 75.59  67.89 82.70
ES RS Vv 4 97.83 94.05 93.25 95.68 87.62 81.59 85.10  78.31
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Fig. 8 Hybrid architecture network ablation ROC curve
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Table 4 Ablation results for Transformer encoder

embedding dimension d and depth [

B d=576 B [=5
R ACC/ % WRAHERE d ACC/ %
1 92.13 192 88. 68
3 92. 62 384 93.72
5 94. 05 576 94. 05
7 93.31 768 93. 36
9 93. 04 960 92.21

Fr MR 56 5 . SCERLO VRN VGG-16 $2 3 2D 4] | 4%
TE IR O R g 35 R S5z Y) R AR 0 Jm 30 A4
SRR A RS LR . ML Z R AR D75 FI A 3DCNN
Pk B2 sMRI i 25 0955 48 5 B, 9 1 Transformer
TRy G 1 TRy R L Rl 151 N SO 1 0 N NS G 7
FHABBRBZRE AN ZREMA R, EEMET L
BT/ 800 6 BUR AL B AR, S SE RO LT ALY R AE il
G . R sMRI 20 B B 1808 5 440 28 3 5 B &= AE,
TEARGI AN B AR B AT S8 T a2 Tt

*£ 5 5EETF CNN # Transformer HIE G B FEHITILE R

Table 5 Comparison results with hybrid architecture approach based on CNN and Transformer

X H AD vs. NC/% sMCI vs. pMCI/ %

Tk AUC ACC SEN SPE AUC ACC SEN SPE

ik 93.43 89. 37 82.17 91.22 78.92 73.98 62.20 76.08

(5] [94.2141.017 [91.1940.79] [83.19+1.56] [92.89+1.09] [80.23+1.11] [75.31+1.04] [62.1341.25] [78.33+1.53]

Sk 96.03 92. 42 92.05 91.97 83.72 78. 81 81.42 73.08

[8] [96.8841.52] [93.8840.927] [93.11+1.74] [92.42+1.51] [84.82+0.68] [81.1941.28] [82.67+1.72] [75.19+1.12]

Sk 95. 59 91.23 85. 26 94. 82 82. 87 78.32 85. 66 68.92

(9] [95.8141.56] [92.304+1.247 [87.72+1.62] [95.38+0.75] [84.09-+1.20] [79.2140.96] [87.3241.32] [70.92+2.02]
97. 83 94. 05 93. 25 95. 68 87. 62 81.59 85. 10 78. 31

X [98.1741.15] [95.1041.08] [94.38+1.21] [95.89=0.85] [88.49+1.25] [82.7240.98] [85.7941.43] [80.490. 93]

7 [mean std ] F 7 47 38 U IR 1Y 349 {6 AR v 22
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1E MCT 5 A0 T0I AT 55 (0 K5 13 W& S 9% I T 7 35, X T g

5 3D AR T R A AR N M R R e B iR T
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B BCHE 4 1 AR SCBR T MCT %% 4k W AT 45 B9 52 ik SPE #4
FRAM, FE KA F8 hr W R B 1. 23% 2 10. 6 % Y2 TF,
B T 25 5 4 i 2 40 BT A B R4S R 1 e 4R T Y 4R A
AICGE SO EIR LR P ZAE. L2 KM AD B #H
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Table 6 Performance comparison with other deep learning methods using sSMRI
. Zik & AD vs. NC/% sMCI vs. pMCl/ %
%971k ES S — —
(AD/NC/sMCI/pMCD AUC ACC SEN SPE AUC ACC SEN SPE
CHk[16] 2D ¥ i . 2DCNN 187/229/181/138 89.72 90.36 93.94 83.78 62.50 63.49 57.56 64.29
Hk[17] 2D ¥ i . 2DCNN 397/419/268/252 96.70 93.40 92.9 93.80 87.30 81.10 83.70 78.70
k18] 3D ¥4, 3DCNN 353/650/232/172 96.70 92.00 92.00 91.90 85.70 81.90 81.80 81.60
HR[19] 3D A48 . 3DCNN 389/400/232/172 96.50 92.40 91.00 93.80 85.10 80.20 77.10 82.60
SCHR[11] 2K %1%, 3DCNN 326/413/470/242 95.00 91.10 88.80 91.40 78.90 80.10 52.00 85.60
SCHR[20] k1%, 3DCNN 408/773/445/269 96.60 91.60 89.20 93.50 81.40 80.20 74.50 82.10
ENG A
Ny ¥ 335/441/465/263 97.83 94.05 93.25 95.68 87.62 81.59 85.10 78.31
3DCNN-+ Transformer

3)BREA ST 84 FERT He

AT T PR R A B 4 S SE VIT i
WA %NS 8 &, 7 818 & (floating point
operations, FLOPs) 5%t 1 f ACC, LIl 4% 3005 2318
MEERMEF TR, KX FENEHEMNXT
3DVGG16.3DResNet18, 3DVIT LA K SCHk [5], JE g T
TR ACC, B SCHRLoJh IR & 284 ik 2D 5
FURBUR 25 B /b T S 80& M FLOPs, {HA 35 3% |
THEZH &S AE B LRIk, ACC 1 i 35 I8 3%
VLT T HE & S i Wik g

x7 BEETEREIL

Table 7 Comparison of model computational efficiency

. Z ¥/ FLOPs/ ACC/ %

i MB GB  AD vs. NC sMCI vs. pMCI
3DVGG16 139.56 59.65 74.59 65. 00
3DResNetl8 55.25 39.66 84.23 68. 84
3DVIT 88.20 38.42 71. 46 63. 48
XHk[5]  34.69  41.98 89. 37 73.98
k(9] 23.18  30.85 91.23 78.32
A 27.15 34.35 94. 05 81.59
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Model interpretability results based on mean class

activation maps
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