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Brain Network Learning Method Based on Multimodal Dynamic Fusion

MA Rui, GONG Jinnan
(School of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: In view of the challenges of multimodal brain network feature fusion in schizophrenia, such as strong modal heterogeneity,, complex
structure function coupling relationship, and difficulty in dynamic modeling of multimodal feature contributions, a multimodal dynamic fusion
graph network model, MDF-GNN, is proposed. This model realizes multimodal information fusion through a triple mechanism. Firstly, inde-
pendent and shared convolutional channels are designed and combined with adaptive sensing pooling (ASAP) to extract the sub network char-
acteristics of functional connectivity (FC) and structural connectivity (SC) ; Secondly, the dual attention mechanism is used to dynamically
balance the feature contribution weight in the shared channel and the feature contribution weight in the multi—channel; Finally, the class dis-
crimination is enhanced by constructing a joint representation space of contrastive learning constraints. The model achieved a classification ac-
curacy of 93.55% on the self collected schizophrenia data set, and achieved a performance increase of 16.13% compared with the best single—
mode baseline model GCN (accuracy of 77.42%). The results of visual analysis showed that the combined contribution of structural (cortical
thickness) and functional (local consistency) characteristics in the patient group accounted for 65.3%, suggesting the synergistic effect of gray
matter atrophy and functional compensation imbalance; The results of multi—channel weight analysis showed that patients were more depen-
dent on SC (the weight increased by 17% compared with the healthy group) , while the healthy group was dependent on FC (62.9%) , which
confirmed the neurodevelopmental mechanism of the disease; The difference in the weight of shared channels between groups (A+4%) sug-
gested that there was structural functional decoupling in patients. The above results provide new ideas for the development and precise diagno-
sis and treatment of multimodal biomarkers.
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o B2 R A 5 I H ) AR IR A M R (I Bk
V) 5 A 6 . H Y ReHo B B (B K 0.870, fd B 2 Hy
0.133,A=0.737 ,3X — I 3 25 5 S Wit 1 2B Jry S i % ) [) 26
PR S Th B 28 W 2 as B )25 (A0 Fe isi— 1z )23 [l i
SR 5 BRI S M sE M & VIAE G . thickness (4549)
5 ReHo (T g ) 7€ f8 34 BTk B o & (& 31 o Ltk 65.3%) .
R J5T 25 45 RT3 {2y 1 0 24 B 41 (40 ReHo F i ), (H 45 )
A R T D REACAZ AR S BOR IR 4 e SR A, (i 25 4 —
e kKA.
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XF 22 38 18 B [F) 1 B rp (Y =38 1 AR (SC A FC
M7 38 B DL S FC/SC R S 2 38 T8 ) 43 e i A7 T A AR Ak
PR RRE R B DA R S AR R A T 45 A TR )
R A, 2R E 4, ATLUE R ARAE T, SC
i 3 24 1 22.00%, FC i 38 29 15 53.90%, 3 500 6E 205
24.10% , 2 WAL BUAE 43 BB FC, 8 BUEE 55 R5 # 43
ZUREh IHAEM 4 Sl AS ALY S L e — 207 A, A
U5 T i A g B e R W)l 38 (SC L FC AR =E) gAY
For A 255, IEAr BIRE SC AN FC3# 38 HEFT Welch s ¢ K56,
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Fig. 4 Visualization of multi-channel collaborative attention weight

allocation
B4 ZEEHETEANESEARL
X AN A2 1 AP AR 15 14 6 =258 18 61T Mann—Whitney U £
Bro B IEBNA SCHEAT T 3 T W BB AS 56 , Sy 4 i A
FR5F — 2 R AR 1 9% Bonferroni A2 1E 7 ¥k . 1% 77 i@ 1t
W 5 M KT o B DAL 58 0K B0 m Sk ] g UG 56 11 Y
PEAKS- Bl @ = o/ mo FEASCHY, J5UA6G 3 PE K4 0.05,
PR BOCR 3, SO 5 1 B35 K- 0.016 7. BRI,
HA M p /T 0.016 78, 25 A BN EA Gt 0%
e o AR FIRK S 5 7% A1 Bonferroni £% 1E 45 5 , 3 45l i 1)
o1 1) 22 5 B R B G i+ KT (p (H ¥/ T70.016 7) , 45 54
mFE2/R . BAOKRE , B AAE SC Il T8 A B W%
W TR R IR 2 (32.4% vs. 15.4% ,A=0.17,p=0.000 9) , %%
HH B3 T RE SR T 45 M R AR L X T RE S K R A L
JoT £ 2t S SESE A B VAR OG o T AE FCIEE
Y1 1B 5 KT AR BE AL (41.9% vs. 62.9%,A=-0.21,p=
0.000 3) , $ 7% H Ty i 00 28 76 1] 25 sl 25 W8 5 1 v] REAEAE
JUHE AL, FEFCRHE X RL  SH STRRI S . Ak, S
38 T R AE A 2 P s A T R (25.7% vs. 21.7%, A=

0.04,p=0.010 0) , F&/R 4516 5 DI RE Z (W] A & 5 ¢ R A A7
FERAH AFAE— BB DR G DL 3
Table 2 Differences in channel weights
*2 AEBENEEER
WIH rAPOXT BE EEEIR 2R R ACGRE-XIR) P
SC 0.220 0.324 0.154 0.170 0.000 9
FC 0.539 0.419 0.629 -0.210 0.000 3
Jr 0.241 0.257  0.217 0.040 0.0100
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fifi {24 35 55 & — &5 13th Gen Intel (R) Core (TM) i9-
13900HX@ 2.20 GHz, 16 GB 4 ,GPU GeForce RTX 4060
8 CB N A HLING , FH T RI AN 25 5 005K . A7 AE TR Y
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Table 3 Model training parameter settings

*3 WEANGSEIRE

SRR BOEE
R Adamax
Thfss o) & 0.001
R D Se—4
Epoch 1 500
Momentum 0.9
Batch size 32
Seed 1
GCN [z /B 2 128/64
A 0.1

4.2 iEMIERR
WEHG R (Accuracy, Ace) N IE B IS REAR 5 BEEAR
e, A
TP + TN

Aceuracy = b T EN v TP + TN (25)

RIS R S TE AR AR BE AR R B Ee ] (ORI ) o 3
NN W R

o TP
Sensitivity = TN+ TP

R S 2 DA SRR S IE A R B EE B LB =R ) o 3
NN

(26)

Specificity = % (27)
AUC (Area Under Curve) s ROC HiZE TR, Z8 &
B T RV AN R B A 2 PR B
F1 5380 (F1-Score) A A 1 R 55 4 [0 3R {4 8 A1 14 .
HEAX N

Precision + Recall

F1=2X——F—7—"7-—+ (28)

Precision X Recall

43 ERERESSH
431 BAEHHRE

(DGCN B )Z . i P2 GON 45 PR 52 9 151> il
TE TP A [R5 AR AT B i BB, %k G v A B 2 AR A T e
WAL B TUPERE RS20 o A5 OR WL 4. T LU MY 3
BT 2= O A B R ol 5 — 2 B B A B T AR T AR L
REo 50— 2 a2 4 B 128, 55 T )28 64 I, BRI SR
Bl fE .
Table 4 The impact of the number of hidden layers in GCN on model

performance
F4 GONEFHBEHXEE R (%)
FRZ 1 BURUZ 2 MERRR BURE R F1 438 AUC
64 32 71554 71935 83333 72165  74.422
64 64 72581 72728  79.167  74.666  74.681
128 16 80.184  80.645  86.458  81.673  83.442
128 32 86.021 85714 92424  86.755  88.346
128 64 93.548  87.090  95.002  94.444  94.737
128 128 81389  80.265  83.407 82465  82.775

(2)XF A 2R s . AR L2y > Y IEE LA 7 e
5 B R IK B B AETERE , X S8 Flm PSS Bk AT 58
S, A T AN [l R AL S5, S m
FHFAE X A R r 458 ) TR A X 5 S0 R AR XoF 22 T] F) B 2
B . SRR S TR 6. MIIRTBIE m=1.0, X & K2 H0xt
Fesy >3 5k o E RN B B, BERS TR PR BRI ZRA 5 Ve Y
) S Bt R Ar AR 5 . Pl I S O U 7R m
€10.1,0.5,1.0, 1.5} [l P E A7 526, L8 O e 28 702k
RERVRZI . AT LA, P A B R A S5 BN
0.1 I, BERITE M6 4 BIUREE VR SRR L F 120 BOR AUC 55
febr B IR B R AL Y m BOE N 1O BAMERE R AL . &
R SHOCR B TR TERT L2 ST R B AP RE
Table 5 Quantitative evaluation results of parameters A in contras-

tive learning

F5 XMLEFEIFASHNEZIFNER (%)
A MRTES U e F1 538 AUC
0.01 87.100 87.096 93.750 88.086 89.473
0.1 93.548 87.090 95.002 94.444 94.737
0.5 81.637 81.290 87.121 83.265 82.316
1 74.193 75.930 80.952 76.953 76.734

Table 6 Quantitative evaluation results of parameter m in contrastive

learning
x6 FTEEIRSEnMNEETMNER (%)
Margin/m iRES U M F15% AUC
0.1 69.623 67.741 81.517 71.193 71.893
0.5 83.871 83.371 88.333 84.103 81.579
1.0 93.548 87.090 95.002 94.444 94.737
1.5 72258 72.521 76.923 74.402 72.672

432 HEEH

1 MDF-GNN 5 7 Ffr 28 Sl SRS 25 0 2 A R EA T 1L
i, £ 45 MLP . GCN, GAT'®) | Chebynet'®’ | GIN"® | AM-
GCN ., BrainGNN' 5 5L 7 fioR o X T i A A A |
53 S HT SC RN FC AR Ay fii 199 2 A7 1000 , SR FRR0R BT 47 1Y
VERETY () B 2 45 51 AR B A BRADE A 8 b 3 5
SRR RS — 2, a IR Y AR SR B FE 4 e hn B34
AFEFR I, AT BB SR BAT BOR R B 14Tt

Table 7 Comparative test results

R7 URLBER (%)

BiR e BURIE ek F1Ias AUC
MLP 74.193 70967  71.667 75.000  77.412
GCN 77420 74194 75670 78950  76.973
GAT 73.958 75000  73.624 72786  74.220
Chebynet 74480 74376 71250  76.153 72.660
GIN 83.870  80.638 75.000 87.638 82.237

AM-GCN 90.012 85.935 90.334 90.147 92.105
Brain-GNN 87.097 85.483 90.677 88.890 87.938
AR 93.548 87.090 91.667 94.444 94.737

[ 5 FIEl 6 2 9l 7s T MDF-GNN 5 7 fp i S i £
LSRR F1 20 80M AUC th £ n] ifb g 5. nT LB 3],
A SCAERIAE AUC FIF1 4380 3945 A58 3 BE, 3% {4k 351
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Fig. 5 Visualization result of F1 scores of different models
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Fig. 6 Visualization result of AUC of different models
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Oy 95 AR TR P 22 0 A P () 2 ST AR RS AR TE R
Yo ZimIE R AR 0] L ) B ST B, JEAT LA
TH B EG, T9 RRSE 5 G A5 58 BT LA K 73 391 B o B — AL B
1025 Rl AZ A, “w/o” Fe7m MBI RS B 0f MR B . S 46 45
RnFE PR

Table 8 Ablation experiment results

RS HBLIGLR (%)
% HEWR  BURE FRRME FLargk AUC

wlo ZiBIEPHFE DB 77419 76129 81.666  79.156  79.230
wlo BERRZASTER UM 87.007 88.172 94.445 88.245 89.217
wlo Z2 B I il G A 84.410 85.808 93.055 86.147 86.840

wlo X H2E 2] 83.578 84.367 88.889 85.117 82.712
A SCE 93.548 87.090 95.002 94.444 94737
Al LA W, SRR AL A MERT %R 93.548% , 1T 4B £

B P A2 S B S BT A A R B NP 77.419%,
T ZBL YRR P R BB STk . 2SI, YRS BR B
AR BRI 2238 38 A AR S AR R R A T
R 25 87.097% F1 84.410% , 7R S WL T 33K 1 A 452 Bl Xof A5 75
RERIBR L I . RS RN Ho > Bk 5 AR 7 44 I 45 b
Y BN R E (0 R B, LA AUC Bl N B3 . X —
PG 22 B L 2 2T 7 O A A A 1) 0 5 BE g iR 2 T ¢
SRR BRI A R 45 e 45 (] 36 5 28 R A] 43y T
PR o XF e ST A% 0 JELAR A 3l 1 7 U R S RE AR 22 (]
B A T 7378 S R AR 22 ) ) S R R (A AR s 7 2 [
e ) B HR IR R OR o 78 B 2% AT 45 v,

JEAE Bl 73 BUIE SRR AT g BE T PR SRR 3 5t b, AN ] A
T BEAF TR AR AN ] 19 12 e X S AR R 1 A28 1 531
FOXERE o ARS8 B o 2] OT AR R g > 2R/ a2 1l ik
FU B RAER R NEAR R G . JIAX L]
J5 AR Zde 7 e o A T SRR A 8 b i 2
N R 7 B AU 2 R A 8R4 T R SR A 1 4y
ik 23 18] P B o A Y L, 98 1 A, ST 1R i
FREA IS PRAEAZ AL RE ST, Xt B4R S WAE AUC 12T
b o PR AUCHE R — A7 B R AR 2R B8 1 A3 b , SRR
J¥ b3 g TRLRAE A Rl RE B T ROFRE FI I PERE . L
bR HE 27 2 B 5T AT A ] Il 3 0 i 1 — P 254 £k
5T S A E R AR [R] A AR LR B B R R AR
P HA AU B B 0 2645 20, I AT DR 202
B, $ v KA A 3 BRUAE I — S 2R IR A

AR SCAE S B AL A @ G Hh FC 5 SC Ol TH 1Y 254 2
FEAE Rl 0 220 T i S A Rl S (1A ] 5 ) 240
weight, % ] sigmoid bR UK HLZYHAEL0, 1158 [ 9453 2IAL
Ha) LR PFE— AR (PR S S MRS e mil ) R Ak R
BT BV bR [ D vk i O PR RE R B ANk 9 Bir
Ao AT Y A SCRRIE RS 7 s Ve RE e (o 0 AR
filt G 5 P — 2R M AR S A PR BE 25 BT BE 32 SR T i A
B RS 8 18 7 A e AR APEZE B FRIKRE T AT BR o T B
RS T 0 e 3l A P AN AR R MR R AR 2 B I 3 4
TH TR 22 BSHE 2 A O R R RE ), AT AE 45T
flifabr LIS BF 40

Table 9 Experimental results of different feature fusion methods
R TEFHEMATELBER (%)

FEAERLG D5k MR BURE RERE S ORI AUC

AR R 90.322 85.806 95.000 84.845 86.842
PHE—4 M 83.871 80.642  88.333 85.714 85307

A SCRG Tk 93.548  87.090  95.002  94.444 94737

5 #iF

ARSI GRS 00 2UIE ) 2 B P 2 R R Hr 4R —
T ) 22 W25 Bl 25 TR A AR R 28 K508 MDF-GNN i A 77l
AT SCFC M A2 BARRAE BT T 238 38 Dy IR 254 5 5
RS TE R TP, IFAERS Hese ) iR LA ™A RER T 1
B RIAG B HACR S0 R FRE T . SR as KR,
AT R R UL RS R AUC S 2T bR LY
DU T BUAT B T5 0k, 38 i R w4 A A A 2 B
BN TR0 2EAE ] RE IO S5 I — D BRI RB AL , A i A=
Ybr W B AT S B4 1o R

S AR SCAE AR R A5 M BT 5 SE B DAl T T B T4
WRCR A E—E R IR, i AR A AT RIS AT R, O
HAEAER FC BT AEBR 22 57, I P78 AR AT AEREA
A 5F R R 25 v 580075 e TR 3R, 7 b i 0 4R 1
R , JF AR i g AR SR o A2 i BoR FH X 47
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