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Abstract

Alzheimer’s disease is a neurodegenerative disease commonly occurring in aged people, and its
pathological mechanism has not been revealed. Characterizing brain networks through mul-
ti-modal brain imaging has shown great potential and promise in Alzheimer’s disease research.
However, due to the heterogeneity among multimodal data, most existing multimodal fusion me-
thods cannot effectively utilize the functional-structural complementary information between
different modal data. In order to solve the above problems, based on the hypergraph theory and
generative adversarial strategy, this paper proposes a multimodal brain network computing me-
thod based on the interleaved hyperedge neurons algorithm and the optimal hypergraph homo-
morphism algorithm. Specifically, hypergraph data is constructed from functional magnetic re-
sonance imaging (fMRI) and diffusion tensor imaging (DTI) by using the optimal hypergraph ho-
momorphism algorithm. Then use the interleaved hyperedge neurons algorithm to deeply fuse the
functional-structural complementary information between fMRI and DTI. Finally, use this fused
information to compute a multimodal brain network. The advantage of the proposed model is that
it can efficiently integrate the functional and structural information provided by fMRI and DTI to
extract disease-related complementary information. The experimental results show that the mod-
el can not only improve the early recognition performance of Alzheimer’s disease but also effec-
tively detect abnormal brain connections related to Alzheimer’s disease as disease markers, pro-
viding a foundation for understanding the pathological mechanism.
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Figure 1. Network structure of proposed module
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Figure 2. Left: A hypergraph H with V = {vl,vz,v3,v4,v5,v6} and E ={el,ez,e3,e4} , where ¢, :{vl,vz,vs,vé} ,
e, ={v.n}, e ={v,v,},and e ={v, v,,v} . Right: The incidence matrix 4 of the hypergraph H
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Table 2. Experimental environment parameter configuration
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Figure 3. The multimodal brain network with respect to four groups of different disease stages

& 3. FRIBERRE T SRS IM L ER

BT 72 500 i Jee a1 0 B i/ £ P 322 422 2 B R 2 i BRORE B IR bR 5, AEAS BN
(10 2 A5 i DX 288 T2 i 5 i T LG FRAT 0T 90 A8 A 2 PR P R 4 AR A I gk AT T I, A5 R lE] 4 B

AR 22 BEAS I 9 2 LE AN R RAS B B BRI O, APkt T 8 MR R Z KX 37-
e M S 4R (Hippocampus_L), 38-745 Il & 4& (Hippocampus R), 42-4 {751~ #%(Amygdala R), 56-4 1
R[] (Fusiform R), 59-4 15 _E 1] (Parietal Sup L), 68-45 {M#2 ] i (Precuneus R), 73-7: M0 4R 4%
(Putamen_L), 89-7- Ml  [7l(Temporal Inf L). X HLAX X 44 FRFTHECT 90t B ##] H bR idgs 5 (ALL
id)o FRAT 05 el RN AR /R I v BRE S 38 7E 3R 8 AN EE I IX P S ) 2 A BT T TR, 45 R
il s Bs.

GERNLIR, RN R 2R PR e BRE S5 7 B RO XN SR AR E S B R AR, DRt 1 B 3R
AT BT A5 380 1) 22 A5 785 o P9 265 R 0 A7 20021 1 ] 7R % 9 BRORE 5 93 SRR A

4.3. %FELSCIG
AT TG MG IE AR Y R AL R PRI BRE B A REFIE RO BE 1, BATE =AM 42888 A=

DOI: 10.12677/csa.2022.129224 2210 TR 5 R H


https://doi.org/10.12677/csa.2022.129224

R, HIHE

BpIIERbEE S Il R SER R I8 )

ﬂ0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
i ‘g y SiE 0 [ 0

10
20

X 2R 30
. :
BRI 60

70
80

EJE30% BRI 30% I 11H70% EE70%

0 10 20 30 40 50 60 70 80
0

0 10 20 30 40 50 60 70 80

00 10 20 30 40 50 60 70 80 U() 10 20 30 40 50 60 70 80

BRI B

£
B REE A RS
BJE30% BHE30% EJ11170% BJE70%
'0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80 “0 10 20 30 40 50 60 70 80 0() 10 20 30 40 50 60 70 80

, e o !
. 20
AR A |-
% .

50
60
70
80

A 73 TR SBRAE

FI130% FI130% B 70% FI11170%

Figure 4. The changes of multimodal brain network connectivity on the different development processes of AD
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Figure 5. Multimodal connectivity in crucial ROIs
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Figure 6. Under different classifiers, the prediction performance of multimodal brain network computed by different multi-
modal fusion methods
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