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Multiscale domain adaptation network for the auxiliary
diagnosis of Alzheimer’s disease

CAI Hongshun, ZHANG Qiongmin, LONG Ying
(College Of Computer Science And Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract: The paper proposes a multiscale domain adaptation network for the auxiliary diagnosis of Alzheimer’s dis-
ease. The network is designed to address the domain shift problem that traditional supervised learning ignores due to in-
dividual differences and different sites in magnetic resonance imaging (MRI) data. The network uses the Atrous Spatial
Pyramid Pooling module in the three-dimensional convolutional neural network for feature extraction and fusion at mul-
tiple scales. Attention consistency loss is added to preserve the semantic information of interdomain transfer. Two do-
main discriminators and feature extractors are jointly trained in adversarial learning to achieve feature alignment of the
source domain and target domain. Weight difference loss is added to prevent the domain discriminator from overfitting.
A distance metric method based on the Maximum Density Divergence is introduced in the adversarial training to en-
hance the feature alignment of the two domain data. Experimental results reveal that this method exhibits superior recog-
nition accuracy and robustness of MRI data facing the domain shift.

Keywords: Alzheimer’s disease; magnetic resonance imaging; domain shift; multiscale information; domain
adaptation; joint training; adversarial learning; distance metrics
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Fig.1 Multi-scale domain adaptation network architecture diagram
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2.1 FRREBBREHEE

A SCAGE I  sMRI B4l K I8 7 (Alzheimer’s
disease neuroimaging initiative, ADNI) {4} /% ( adni.
loni.usc.edu) . ADNI i 3¢ [E [E K Z4EMF 55 BT |
FAEYESNGSEY TRIR I, EEEMNZ
i SRRy | FAE B2 24 il AR B R ZH 2T 2003 4R
B, FEH KRN MRI, PET, HAfth A= Prbr ik
YIRAH G W5 B 256 RE 75 E T BT R T8 3R
N FLRIRRY B (R Ak SR E5Y . AR SO FH Y sSMRI
BB HEA 32 1) BRI BE 2 (Alzheimer’s
disease, AD) ; 2 ) IAF1E 7 25 ( cognitively normal, CN ) ;
3) 52 B\ A% 25 (mild cognitive impairment,
MCI) .

T L4 52 5 8 i E A B 2 B TR A A [
A5 20 5T AN 7] 04 AR B, HG v i 3 8 R R A
BRI R Z—. ADNIEHE EH sMRI
WG EE FTEAITM LS TR, &R
WEIEIR 3 TAHLL 1.5 T A E ZRY0H, Lt hn=s A
PR, E MR L, BRI RO AT, H
[ ) 3 T % 4% i 47 5 A6 1k £ 52 0SS o #h L T
I, 3T A L5 T (4 sMRI (5038 77 76 88 2 35 1)
BAwmA LG o A S50 M 4l 4 37 5 B sMIRT 4
o3 g R ICRT H AR, b 3 T $edls 9 IR, 1.5 T
Bl o BArik, EdEirdnfs 8k 1 iR,
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Table 1 Data statistics table A
%5 3T 15T A
AD 128 144 272
MCI 160 152 312
CN 152 160 312

2.2 EIETALIEFNEPEIE SR
fii FH SPM #1 FSL X {4 X%t sMRI %5045 47 it b
PR, A1 4G AC-PC #Z1E | Fiil B p) i AN o fic v, T v

B Colin27, WAL AR WNIA 2 FisR .

A SCAH FH 896 A~ T1 MALH) sMRI 5218 #4753
Sy, O AL BE 2 5 A BCHE R ST B S 150
180x150, F1£ 4 #E% R 1 mmx1 mmx1 mm, M
UL S5 R SR 42 sMRI B I B8 49 45 F0 R4 7
K FEA BRI, [F B 1k 53 2528 7 U5 )
LA, 7 R SR B Hh BE L 3 BBCGHS  H i
11 0 F B s 20 4 B, B BRSO S O
BHEE ORI 3 iR .

(a) Jillh MRI &% (b) AC-PC #ifE

(c) ot (d) ZeHERCHE

E 2 MRI#HETMLERE
Fig.2 MRI data preprocessing process

(a) FLLFE MRI K14

(b) ZeA7 BlEE

(c) s

Bl 3 MRI ##E1E 5% E
Fig.3 MRI data augmentation

23 EWIMERMEITM ISR

RS R (TR B2 2 2T HEZR Ol PyTorch1.7.1,
1E 2 4: A Ubuntul8.04, 4L # 2% 4 Intel(R) Xeon(R)
Gold 5218 CPU @ 2.30 GHz, ¥ 2 > & 8 i 1l 5
K H GPU Jini#, GPU #1454 Tesla V100,

A SO 3 e % A( Accuracy, ACC) | Sgy
RAEGE (Sensitivity, SEN) | 455+ & Spi( Specificity,
SPE) 1 3Z ik & TAE4FAE th £ T 10 #2 ( Area under
curve, AUC) 1B R #HI H: BE PRk br ol o K ECBH A
LR M 1B BH M AR A i e R T T
Fp Fl Fy, MOCTEMN R A5 XANF

Tp+ T

A=_— PN (10)

To+ TN+ Fp+ Fy

Tp

SEn = 11

W T (1)
Ty

= 12

PE TN+FP ( )

24 HEMINESHIZE

ASCHRFESE RS TS 9 2 =45
S, 5 B R /N ol 333, iy AGEE M 1,
HIE ST H 8.8, 16,16, 32,32, 64, 64, 128, £ )2
HRIGN A T BatchNorm JZ fil ReLU 347 8
B, R B LR St UG, 7ESE 2. 4.6.8,
9 RJEMAT Kb LZE . EHERE 4 ZHRME
6 J2 1145 FALE HAE Sl ASPP FEl iy A, Xt 34 fifi
Mz 2,4, 6 Iz AER, ¥ 3 kR THEH
W &5 RPHERLE, IF EAT B TE &, 15 5] ASPP
BB 1, o B 2RI 2 ROE R RRIEAS B, %
P~ ASPP % th AT - Ak, IF M s — )2
1) FREE SR AT DR R G, VR b B A K an nY
Ao R =R TR, P50
BEHE R 256, 128 F1 2, PS50 245 [ RE R Hh =
JE A AL, W2 TTA B I E R 256, 128
2,
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A SCHE 5 22 ROBE S8 W ) 4% 455 280 1] 25
i, R Adam™ BB T R AT S B AU E
. batch size W B K 8, ffi H ¥ warmup HJ AR 5%iR
K FRIEPHRMG, 5 ] R IR (HBE R 0.001,
I KAH &~ 0.01, warmup A9 epoch (HiX & N
15, #A YN gt #2245 120 4> epoch. N B 1k 3T 4
E, IR I E Dropout 4 0.5, 1, a, BFllw
4 VBB S H 8 0.9, 0.1, 02 F10.1,
25 IHhEXWER

Ry S UE B T AR T A W A ) FH A
B8 38 N 5 VR AR B R R BRAE sMRI B F 326
55 WA R0, A SCHE AR [R) Y sMRT F Ak 3245 4
A T XS LRSS . FEAT R L B A B A ) ik
> 3DResNet50™", % ) T W B 18035 17 77 A0
1% - DANNPY . Sl 25 %40 138 B3 M 4% ( dynamic ad-
versarial adaptation network, DAAN) (25 5 gl %of
P 4% (conditional domain adversarial networks,
CDAN) ™ 3 7 /1 5| 5 9 TR B J80E B2 5 4 ( atten-
tion-guided deep domain adaptation, AD’A )" Fi %t
i % %5 DU P 23 (adversarial tight match, ATM) ™),
PEATXT EE 2B B, 3DResNetS0 78 P 3 1 it 47 W
2 Ja e BRI B SR T 43 2SR, b A A Bl
J7 B SR AR SCIRE T 22 RUBE R AE 32 B &%, R
YSURH [R] A A AR 2 B R I DR SR G, e 24 BUH 2K e />
A AIAE H ARl #4740 28 R 51, AD Fl CN 4326
FE55 TR L IR 25 SR a3k 2 FioR .

F2 ADFACN SEEEIFLEWHER

Table 2 AD vs. CN task comparison experimental results

Al ACC SEN SPE AUC
3DResNet50 0.783 0.847 0.725 0.786
DANN 0.865 0.819 0.906 0.863
DAAN 0.882 0.847 0.913 0.880
CDAN 0.865 0.854 0.875 0.865
AD’A 0.865 0.840 0.888 0.864
ATM 0.862 0.868 0.856 0.862
AT 0.908 0.847 0.963 0.905

M 2 B, AR IAE AD Fl CN 1943 24T
% FIkE] T 90.8% MY HERH 4, AH L T 3DResNet50
1) 78.3% M2 UER I RIR = T 12.5%. TEPT LA
14 10 W B B 0 T s v, AR ST ) ACC L SPE
I AUC $5 453938 8 T fe bf, SEN 45 45 I 5 4 1)
ATM Jr kAT o

L3451 T AD I MCI 43250 45 58
T MCI & AD T & B B, 76 ik 45 44 1) 95 22
b HA AL B 4 R A s ERERAE, AH LE T AD A1 CN

H BN R . A SO AR IZAT 55 L) 4 4G b
PJE it T 3DResNet50, F1JC Wi B el 1 o 2k e
4, ACC. SEN fll AUC #8455 3| T H 4, SPE
545 H/NT DAAN, (HFIHAA FE, A SCH5 378 SEN
A1 SPE W3 45 b I HUAS T 58 4 19 -

®3 ADFIMCI 3 RESIEIBWER
Table 3 AD vs. MCI task comparison experimental results

T ACC SEN SPE AUC
3DResNet50  0.615 0.618 0.612 0.615
DANN 0.662 0.611 0.711 0.661
DAAN 0.683 0.583 0.776 0.680
CDAN 0.672 0.750  0.599 0.674
AD’A 0.676 0757 0599  0.678
ATM 0.699  0.715 0.684 0.700
A5k 0.750 0.771 0.730 0.751

4 451 T MCLFTCN 43 28U 4528 . MCI
VR D i BEIPAR 2, A7 283 19 n] REJS W1 e 45 AD,
A BT REOR R E , X B MCT AR A A TE & B
SEME, AR T AD A CN 9 3050 5 IR HE
ARIOTTEAEZAT 55 EHAT T 78.8% B HERI#R, SPE
FEPR A AUC F8h5 A B T e df, SR SEN F5 45
fi& T CDAN, {HA 3CT5 LMK SR 76 SEN Al SPE _EHX
GRS TIR R

&4 MCIFICNFRESHEIBER

Table4 MCI vs.CN task comparison experimental results

A ACC SEN SPE AUC
3DResNet50 0.737 0.717 0.756 0.737
DANN 0.747 0.737 0.756 0.747
DAAN 0.744 0.704 0.781 0.743
CDAN 0.753 0.855 0.656 0.756
AD’A 0.740 0.704 0.775 0.739
ATM 0.756 0.757 0.756 0.756
AT 0.788 0.796 0.781 0.789

ZEA 3 A RAT 55 BT HS2 g 45 51 BT H A
B3 N 71 A A 4 bR 24 2 T 3DResNets0,
FEW R FH 453, [ 38 R 4 AR X sMRI 8048 ik 47 45
X35 AT LU R4 = 7E B AR i PERE . AT DANN,
AD’A T — AN 51 28 45 0 o2 31 05 1 4
L, AR SCHE 3 M43 284F 45 ACC. SEN., SPE Fl AUC
PR 8 bR B0 & T, 2R W0 T A~ 3l ) 551 % P )
YIZRAT LA 30 8 FH B B P i s A1 DAAN FI CDAN
S Rl I X B2 2T 10 ik B, AR SOy ok R
JE R AP S TS S, 3RS T
ACC il AUC ¥ — & R 47, U MDD
0 T TR 38 R R E X 5 RN R B 2 2D U R R
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HBh LI
R T B AEAR ST AR H A Bk, FRAT
fili 1 3 FhagsfR UEA T Al S 5

1) JUff 22 ROBE FR A 45 OB B (3DCNN)
ATRFAE X 55, AR 3K 2 Yo 845 B 7E B bRk b
FHAF SR AEATHI 5 2) 78 1) A LRS- AT 38
AR B (+Adv) 5 3)7E 2) BYFERE A MDD
B EARAH(+MDD) ., £ 5 45T 3 FpAE A4
TEARR AT 55 45

3.1

F5 HMEWER
Table S Ablation experiment results

ML A ACC  SEN  SPE  AUC
3DCNN 0.842 0.792 0.888  0.840

AD vs. CN +Adv 0.878 0.861 0.894 0.877
+MDD  0.908 0.847 0.963 0.905

3DCNN  0.672 0.597 0.743 0.670

AD vs. MCI +Adv 0.696 0.569 0.816 0.693
+MDD  0.750 0.771 0.730 0.751

3DCNN 0.744 0.770 0.719 0.744

MCI vs. CN +Adv 0.750 0.757 0.744 0.750
+MDD  0.788 0.796 0.781 0.789

H1 ¢ 5 Al WL, 3DCNN 7£ 3 432455 bk i
WA TR AR R85 R, RUIA S M2
FROBERAIE S OB I A 300 o DA S0 45 SR o
2R, FLLR S o A BT IGE M AR LS, 3 AR
f£% | ACC. SPE Il AUC Ay 45 R IR T /MG
R TE, 2 B AR SCHR H 118 X6 70 3 o A5 e RE 18 5
R A AE B 0 #% B9 sMIRT B30 58 AR AE %) 5%,
B T2 BUSUR 284540, SEN 78 AD vs. MCI 44326
55 BRI KFE, £ T XUk 2 A1
ANFaE ML) M AD F MCI 43 284F 55 1778 — E M
B fEMIERE i A MDD B B LG,
3T L EE R PR BT, FRIETE AD vs.
MCI 73 284%: 55 32T+ &8, B MDD 7£ /) 35k
(i) AL R SIS oA %85 32, 9 s ARP AU 40 A 6 5% Bk
T BH
32 BHESW

P R o BT V- 7 2 ) — Bk
2. MDD P 5 B 8 452k MO B 3803 N 5 2k T T

RIEHREREMER . o TS TA SR
R, FA1LE [0, 0.01, 0.02, 0.05, 0.1, 0.2,
0.5, 17 v Bl P4 e A48 AR, % e e A BE R AR B bR
W LW AUC #5454k . BRI N TE 3 T IR
o155 T HHBREMKET, BEAF P, B
wfH7E AD vs. CN AL 55 LI SEER 25 . R
AN RO TR AU Y 38 25 RICR, — Pk R AR
BCE AR AR, HAR P IESHERE N 0,
MIE 4 0PI &, Yael0.1,0.5], B€[0.2,0.5] Flwe
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Fig. 4 Ablation analysis of parameters
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