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Abstract

Alterations in the structural or functional connectivity take place at different stages of Alzheimer’s
DERAER .
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Disease (AD). These connectivity-based features can greatly improve the disease diagnosis accu-
racy and explain the causes of the disease. How to effectively fuse structural and functional images
for exploring complementary information remains challenging. This paper proposes an adver-
sarial graph autoencoder model to extract connectivity-based features for AD analysis. Specifically,
Diffusion Tensor Imaging (DTI) and functional Magnetic Resonance Imaging (fMRI) are combined
to construct graph data for each subject. The graph encoder (generator) transforms the graph data
into a latent representation. Meanwhile, the fMRI data is utilized to estimate the latent distribu-
tion, which can regularize the graph encoder to ensure good latent representation. To ensure the
latent representation is stable, the graph decoder regains the graph data from the latent representa-
tion. Finally, the latent representation is sent to the classifier to make it class-discriminative. Experi-
mental results demonstrate that the proposed model can achieve higher prediction accuracy than
other related models. Generally, this method can reconstruct the structural-functional connectivi-
ty and analyze abnormal brain connections for early AD study.

Keywords

Graph Generator, Adversarial Learning, Structural-Functional Brain Connectivity

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5]

B[ 7R 2% i3 ERAE (Alzheimer’s Disease, AD)JE & N i W —Fh s £ 1R AT P00, Ho™ = A LB R
TR AR B UERFEER EIUTAR 1] XA AR BE LU BRI NIEIZ 77 TR RIBSEN DR T RE[2]. H
HIMTGIRTT AD A RLZY), {552 AD ¥ F AR B BIEE B A R B 65 (Mild Cognition Impairment, MCI) [3]
Al DUEE LA 22 ) A AT BT, R i Y 1) T i B A 5% 5 BB 1 B .

ITAER, R AD R SE RN S M T R B D) R I R AR TE R R 2 R R g R . Bilhn, ThEE
53R 4% (functional Magnetic Resonance Imaging, fMRI) [4]#57~ T 7 MCI BB, Bl Thae&Esebon, o5
H ik & B4 (Diffusion Tensor Imaging, DTI) [515¢B 178 AD BB, 0 3 e ] DX 3 ) 495 ) i 0 5 B0 2% o
BEHE N TR Re b RAEBE 22 EURr h )32 S [6]-[13], HLAS 24 ST R [14] [15] 7T LR AD S 32 i
RO FIRE R, AE A 10 I FE 0 A RIOR] FH 45 K4 R0 T B8 RSAG E0a 0 52 27 i DX B R 2R AT 220 1, X A2 90
PSR DG B W ERE, AR AD BFE R INZIT . BT BRI o TV EEVE 2 0GRS T2
NF[16]-[21], ZIEARIT 8T AD BB N XS HEAE,  3E T A 1 R 2 W L AE br £

BT B WS K, AR TR B E B b ds s ] SR A T AD R EINAT AT, T
ik A BB ) SR RN T BEE BRI HLAMERE ,  JF38 i 500 A 6} B 2 RAE AT A LR, 2B 7
W CERRE, )5, W R s A B EE, IR B SN, AT AD BT B2
A R S A, AT DORZ SR DA R0 () e R - YR 97 S A A5

2. XTI
2.1. AD BB 54347

LTI AD BIF TR AR B — BESFI 2 BES BSR4 o B0 B — RS I BE 22 248 20 A, Wang 55 A
(221 FH DT | K 1) Sl o ] 248 4544 G2 B PR P AR BURF I, 25 5RR T, AD 41 LY 1k 5 36 2L AR B R 2 A

ik
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JRFBBCR A R . MRI AR e B3 S WL AR iE,  Wang %5 A\ [23] [24] [25]FIH 3D % &4
FAR 200 =2t MRI SAAREEATRFESR I, 23 52T 1 AR /R2Z I BRIE M Wik BT, SR, Yu 55 A [26]
[271F MRI SR AR o B S BB ER T T AD B IORE BE,  1f ELX 03 A 5% R DX 24T T 41
g, e 7R AT R . MR S AR B 7T DL BB AR DI RERFAE, Lei 258 A\ [28]3% T 4%
SIS S E @I TR IERARFE, £ AD 433807 HIHUS T RIFIIRCR, JFH 7 AR SCAEbR B .

RS RS LT B AS AT LU 4R = AD 2T IRS I, Yu S8 N[29]26 T DTI A fMRI # - 8dls, JF
FIF 6 A1 /4% (Graph Convolutional Network, GCN)@h& PIFIELAS, 76 AT EdESE Lidt— 8T T MCI
MR PERE . Pan 25 A[3015& T DTI AT fMRI #4228 B AR ORI 2 A5 28, 0 Ao 2 1) 52 20 BT T i A
M DXCRFAE, A BT 0o PR BE s VR T

2.2. I

A T A 4% (Generative Adversarial Network, GAN) [31]7E 2% > £ 4L 54 5 i B A IR K& REST,
TR 2 UG 732K [32] B 4543 M7 [33] [34] [35] BEHEAS & [36] [37] [38] [39]- K& AEmk[40]. EIE 4 #1
[41] [42]+ 5 P2 HA[43] [44] [45]H0 i 2 2 F[46] [47] [A8]FE40EAT )2 R FH o FEBE A Ji 22 )
A543 HE (26 20 AT 5 B KA [49] [50] [51] [52]. % M4 — M & — N A i gs A — A0 2%, AR s i
IR 26 5 A6 38 5 HH 22 AR S AL 2 A B T 12, it B s B0 (B B [ s ERAE), L H AR 2 ) S
AR AT PRI EEE B R 2 PRGN, N BSOS R, R AR
MEE (L B2 0), B 12 X o B0 o0 A I EAR . @ P A AR X P ), s BN I i, AR Rk
A BN R, T2 ) BRI BRERAE, T J5 2L AD BITIIAI 43 BT 55

3. BIREFH*
3.1. HiE

ARSI BT AR B A A ADNI RS2 18 B 46 (53], MAZEE S5 T 8 F AL EE DTI A fMRI 5 Al
A¥HE, WE3 4 285095, /09)5EIEH A(Normal Control, NC). F-11%# i\ 4015 (Early Mild Cognition
Impairment, EMCI). 3142 &\ &1F% 55 (Late Mild Cognition Impairment, LMCI). [l /R 2% ERAE(AD) .
TR, BRI BL((NC, EMCI, LMCI, AD)Z & I kit 256 MEA, i 10 338 X i
UEXTEOR AT 3 A 402K 5286, 445 NC vs. EMCL, NC vs. LMCI, NCvs. AD. A, Fiisbs i 24 i
(1 i) 27 B 2 AAL9O [54], THALFE DT 14 545 21K /N A 90 x 90 FAIN 3 25 1 I B A B (A) » TiAL 3 fMRI
el 515 2K/ A 90 x 187 [ FHHE X

32. A%

3.2.1. EEmEE
Wil 1R, AKEHGRRS 5 M B B (A) M DI BE R 10(X), (] =)Z GCN W48 4ty i = ik
JA Tanh o8 %5, 55— JZ 4 AR AR IS O 128, 55 240 H RS EAERE Dy 96, 25 = J2 5t FUR 77 KURFAE H,
R/NR 90 x 640 BB RIEN:
H = GCN4(GCN, (GCN, (A X))) 1)

H, GCN,:tanh(li’o'sAD’”‘sXW,), A=A+1,, Dy =2, A » D AT RIBIEZMIE, W (1=123) Ak
RIS H . BIRED 2% 1) (R 2 S5 BRI 282500, B H M N BIfRL 38 b, 20d = 2 BB R (R IR 4R S 7 oA
96. 128, 187), iIHAFE] 128 4EMIARIDHRFIE X', Hor 8 2 B0 tH 40 FE BE ] AR AN sigmoid BR BB
i K /N o 90 x 90 B MY 5 MR FE A o ERIIR SR AN
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Yoo (AX) =By [[X =X, |+ By, [[A- AT, ] @

3.2.2. ¥|RU2&
AHEERL) H 240 N BRI B . BEAEAR KA T 040 pH)FIRFEH', K/NA 90 x 64, IXH
I3 A p(H) AL 377 109 4% X HEAT PCA [E4E15 3] Xp (K/NH 90 x 64), FET- k%55 B J794k 5 Xp 14045,

B R p(H)=ﬁz?1K(H j Sorb, w OB R B, KR BT %

Xp WIAT &, BREEACKRE TESERNHEE H. BRANREMKERN—AZE 2 2L
(Multi-Layer Perceptron, MLP), 2% 4EFEMK KA : 64, 32, 1. H 8L H' &3 A7 4% Dy Ja it HER .

XS BUBUR R O -
%o =By g [(DH (H ))2]+]EH'~p(H) [(DH (H -)_1)2} 3
7 :EH~p(H)|:(DH (H)_l)z} 4)
3.2.3. 5yaE

FRURHRFIE H ééﬁ%ﬁﬁilj\ﬁ“ (HHT) 3 210/0 4 90 x 90 ({2 BRI HERT e, FRZIS — M 4r 2578
Bt oy RGP R . %0 KA =& MLP M, R R% I 4ERE MKy 10, 10 A1 2. € Ly PRI
PRZE, 4EFEON 2 IR, 3 SRBUR MEON:

Ve (H) =By | Y100 (C(c(HHT)))| (5)

LREBUR AT ARIR

/total - ‘/G +0. 1/ + YRec T ‘/Cls (6)

Rec

PR ETRAE
H ~ o)
(i)~
S5 ThEE
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Figure 1. Overall framework of the proposed model
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4. B ESER
4.1 KB E

AR LR AT AR 2 T TensorFlow -5 #3171, GPU fifif44 Quadro P4000, #4712 GB. K4
5 R B AR 28 IR 4G 5 2] TR N 0.0001,  BEAE IZR IR B FR B8, JU0 2% 2 13K 0.0004 [& & A
A%, epoch {X#(}y 1000, batchsize B A 4, AKILIG VP 4 FEPEREITEFR 73 0 A HERI 2 (ACC). REEE
(SEN). 55 (SPE)AIl ROC Hh£E i fH(AUC).

4.2. SRROEER

AR LR T ANE TR vERe . 0l R E— B TN (MR FIXUEEZS R (FMRI AT DT 9 52565468
Ebgi R, Horf MPCA J77%[55] 2 45 MM D Re i Het ME kAT 2 & RE4E S R A SVM #8474 38, DCNN 75
T[S0 A2 HF 25 H) 32 2 AR G X B [0 F U E AR 0 25 (1A T R G, B e R i il . G L T DA H, B
BSOS 7 BB E R 2, IR i T XU T DR AR A G BAME B TEZFhEIEp, A
R bt fe e dE, £ =4 "0 ZAES(EMCI vs. NC, LMCI vs. NC, AD vs. NC) it i (I HER: 20 51l
86.72%- 91.41%A1 94.53%.

Table 1. Comparison of mean classification performance using different methods (%)

% 1 REITS AR5 2 B LB (%)

EMCI vs. NC LMCI vs. NC AD vs. NC

ACC SEN SPE AUC ACC SEN SPE AUC ACC SEN SPE AUC

SVM 7266 7812 6719 7932 7500 6875 8125 8021 79.69 79.69 79.69 83.78

MRI
Ours 7969 8281 7656 8215 8359 8125 8594 8245 8672 9062 8281 87.35
MPCA 7812 7812 7812 7957 8047 7656 8438 8583 8516 89.06 8125 8472
fMDF%& DCNN 8203 8125 8281 8369 8516 8438 8694 8960 89.06 9375 8438 91.84

Ours 86.72 90.62 8281 8850 9141 8750 9531 92.60 9453 96.88 9219 96.26

Kl 2 et RIR T 455 1% (Empirical) RIS 8 # 14 77 72 (Reconstructed) THEL NC BB T 1) 45 14 i i 26
R, Horb,  BEURI NG #8228 7 B I [X (Region of Interest, RO 5 o i F X p b 7 i1+ 5 1 45
PEPRAE AR [ — 43 25 8 (GCN) R 2Kk BE, Wil 3 Fan, AR & Ry i 45 M 0 MR B T 206 7
P, Ul AEE R I B AR AR RE S AR A 1 S A S M IE B R, TR T RIS AR AR BUR B R AE AR E M. @
i LOOCV Sk, XF&A 7 RAF55 T HEMWG X AT 7 sEM 4, Wil 4 frox, fE EMCI vs. NC i, 10
AN BB B X 5 Sl A2 < AR Rl (MFGLR) S HE 845 T [8] (ORBINF.R) < I8L 57 Jii (OLF.R)« Pl L [ (SFGmed.R)-
W3 (PHG.L) . A1 (AMYG.L). Ti L [H(SPG.L). #i[I(ANG.R). FAR%E FER(PAL.R). Hifk: it
[](TPOsup.L) . 7E LMCI vs. NC 1, BE #5457 K [21(ORBInf.R) W & Jii (OLF.R) ¥ & (HIP.L) A 1= % (AMYG.L)
til J5 [\ (PoCG.L) . TH R A mI(IPL.L). H2RTH(PCUN.R). EAK(THA.R). 5% L[5l (TPOsup. L) A5
FI(ITG.R); 7 AD vs. NC H1, 10 ANE WX 7350 2 HESAT F [FI(ORBinf.L). P UI%H L [Al(SFGmed.L)-
G 5 (INS.R)~ Al A1 5541145 i [1 (DCG.R)  J& 411317 [FI(PCG.R) #F 557 [Fl(PHG.R). H{-#Z%(AMYG.L). &
[F](LING.R). % L[FEI(SMG.R)FEN(THA.L) . HHifg Sk, W5 5a. A W A Bl 45 X #
CLPIE S5 5 BT /R 2515 BRI 25 VI AH DR [57] [58]
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Figure 2. Schematic diagram of the brain connectivity matrices computed by different methods
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Figure 3. Comparison of classification performance of structural
connectivities using different methods for AD vs. NC

B 3. TNEFAETENEHERIERE AD vs. NC T M RERIELER

NT s AT ARG B B E AR AR, TR St (0 5 0 - ThREM S0, 8
t RS 7%, IR p fH/NF 0.001 (OB AE R i EEMGER: . 18] 5 FEIR T Bl /R 243 BRIE AN [R5 B B 1)
BEERGERBE TSR, b L ERRERN B (EMCI. LMCI 2t AD)HXS T NC B B/ i ik i 4z ,
R T T O T SR I A T L BT R 2 U BRORE R R R e S B () A2 AR A U
P R I 0 XA HE VR A W 55 [ | R R S A [ A [, 3000 S R B A A I S (HIP.L)-
AW E (ANG.L) Ao i 5 (HIP.L)-A5 g 1 55 (81 (PHG.R) e g 1 5[] (PHG.L)- /e M SRR 5t 1 [a]
(TPOMid.L) A7 MM K7 57 (OLF.R)- 47 AN 5 (INS.R), /b (0 5 W VP2 (4% - A2 O 25 (HIP.L)- 22 00 J& 41
HE(PCG.L). 2 MIMS B2 57 (OLF.L)-45 A %5 L 51 (SFGmed.R) 4 1l 5 (HIP.R)-Z il k% _E [Fl(SOG.L). %
M Ji5 4175 [Bl (PCG.L)- 45 i & 5% [7] (PHG.R) »

4.3. HRASCIE

N T BT AL LIS RGN, 35 s ) de it g s iy, 7 LMCI vs. NC 73
FAEST IR . R3PS B, BIZAR R I i o . PARRAD AR AN 7 KB AL KB ai sk,
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Figure 4. Visualization of 10 important ROIs for different classification tasks
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Figure 5. Important abnormal brain connections at different stages of AD (p-value < 0.001)
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Figure 6. Influence of different modules on the classification performance of LMCI vs. NC
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