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Epilepsy Identification Method Based on Multi-modal Multi-grained Fusion Net-

work

QI Xiaoyu, DING Weiping, JU Hengrong, CHENG Xueyun, HUANG Jiashuang
(School of Information Science and Technology, Nantong University, Nantong 226019, China)

Abstract: Structural brain network (SC) and functional brain network (FC) can reflect the changes in
brain structure information caused by epilepsy from different perspectives. Currently, the fusion of two
types of brain network information for auxiliary diagnosis of epilepsy has become one of the important
studies in the field. However, common fusion models only fuse the information of the two types of brain
networks at a single granularity, ignoring the multi-grained attribute of brain networks. This paper
proposes an epilepsy identification method based on multi-modal multi-grained fusion network (MMFN) ,
which integrates the features of the multi-modal brain network from global and local granularities to take
full advantage of multi-modal brain network information. Specifically, at the local granularity, two modules
(i.e., edge features fusion module and node features fusion module) are designed to reconstruct the feature
maps of edge layer and node layer of two types of brain network, so that these two modes can learn
features interactively. At the global granularity, a multimodal decomposition bilinear pooling module is

designed to learn the joint representation of the two types of brain networks. Compared to current methods,
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experimental results show that the proposed method can improve the accuracy of epilepsy recognition
significantly and assist doctors in the diagnosis of epilepsy.

Key words: multi-modal image; multi-grained; epilepsy; structural brain network; functional brain network
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N B REAS B AE S BRI T o 1 e 9], NPV 378 T30 Ay 58 2 i R A vh ELOE S BB T S i L. PP AL
FEAR a3 E LN

ACC = TP+ TN SEN S
TP+ TN+ FP+ FN’ TP+ FN
TN TP
SPE=————— PPV=——— 15
TN+ FP TP + FP (15)
TN SEN
NPV =——— BAC :ﬂ
TN+ FN 2

AL SR 5 A% 28 S IR W R DAl BT AT O vE VR BE L BIHE B 2 R 43S 5 AN R/NVRE AR Y 74 L B
AT AR AR U AR M e 4 R S S IRV R S MR 4R o 78 & k&l e b L i8 47 i) (A 78 10~
15 min 2Z 8] o [R5 T J5 22 B P AR, X5 7E 5 YA ) 3] 43 1) S 36 v, b 52 9 B0 1 B R B s gk AT
PEAG, DAGG IF 52 56 25 SR i T S
4.2 IWHERSHMW
4.2.1 stz ik

R TSR A SCHRE Y 9 MMIFN 5 5 B9 A 280PE ¥ MMEN 5 DLF 6 #3237 ik A7 iR : (1) 2%
) J7 #: (Multi-kernel) ™ 5 (2) Z £ ¥ 3 )% 43 43 #r (Multilinear principal component analysis, MPCA)"™";
(3) ¥ #l ¥ T pp 25 W 4% (Diffusion-convolutional neural networks, DCNN)""; (4) Z W [&] & %5 W %
(Multi-view graph convolutional network, MVGCN)"™"; (5) [ £ iF J5 # ( Self-calibrated )™ ; (6) Z i £
1 38 Ak ] B R 4% (Multicenter and multichannel pooling GCN, MMP-GCN)“" " [fi % 3% 6 F 5 ¥k
AT 4.
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(1)Multi-kernel ™ #E 227 %5 1 B 1A I FC o452 JUAY 2 7 4 05 B A 1A DA SC vl 45 BB Ay PRI A 4
AR LA . MRS N2EN J7 3 o il FH A0 0 AE 1 0 31 55 28 VR AR AR B, PRIA% 4 3 0 36 A T A
AHTF] o 25 AR A DI 25X G 5k T s 48 2 00 o 1 B S 850, ol vl DAAGATT o o S 4R 1l e LR AT 492

(2)MPCA™  FE1% T 2 7h , 1 5K FC 8 M SC B 2 35 18 14 = 4k sk, SR i I MPCA $2 B
— RN A — AR IR ) SRS B A B SRR AL, HEAT 402

(3)DCNNP . DCONN G ST R 27 9 A P 450k B IMIRT B39 SR AE AR ) DTT A 24
ZH, WY EEREE, AERAR REN &R, REEPRERNR S RRmASIEEZ B
AL LA 00 A il 1) 4% 1 s 4%

(HMVGCN"™AEZ I ik H o FC R SC A 142 9 B 5 13 P IE B0 A 21 GON A iR 3
TE SCIR 2 S 1 2548 A KT (9 3R o 38 o T 00 R e KBRAE B X BE R A Uk & R o TEX R
BRI IERE bR Sigmoid B0 4 4 3 H2 28 N 45 15 5 oy 25 R

(5)Self-calibrated"™ : 75 % J7 1, 5% FHAR Bk 2 ~J 9 19 4 1E J7 36 49 282 2 6 i 190 4%, 76 B 20y i 9 6% 11
S5 K6 ) 2% vh B BCREAE S5, % Ty B R AT 0 45 A8 R AE BF 42 Ry B A4S S R0 — AR AR ) S, e S5 A R 0 R AE
In] 455 4 A B SR 1) BEALEEAT 402

(6)MMP-GCNY 7812 7 ¥ v, 3 2o 76 6 B %6 R 7 i o) A DT BE AT 301, i DT 1454 f5 8
ok 29 T Ty RE 7% 2 I 45 4 R 3, T Rl IMRI D RE {5 B DTISS 45 8 o 1% 7 el — o (i 2 opols
2230 38 AU Ay ik L AR B AR e BT S AR AE Sl A 2208 T Ak GON L A3 B B 2010 o 2R g R .
4.2.2 st EBHER

FERRIR R ANAT 55, 45 L ML S PE AR AN 36 1 FT/R o HLUAOR UG, AR SCHRE A9 MMIFN 7 325 59800 12
5 HE A 2R ACC iR 3] 83.94 %0, X He T &, MV GCN 5 #% | Self-calibrated J5 % F1 MMP-GCN J7 3£y ACC
I3 5°h 80.34 % .81.56 % H182.24 % , Hfh B3 19 ACC R IL BN 80% . Ak, i it i+ MMFN J5 ¥ 53K
ANEFR 09 ACCIE BT 22,13 8197 25 4 0.314 5% , 0] LB IE MMFN J7 3 (04 &bk .

H AP 8 b5 R E , MMEN J7 3 (19 SEN B AH B A 75 00 S b S5 SR 425 17 7.16 %0 . TR FE b
TE PPV FI BAC W Fh ¥F M 48 Ax b, BT 82 Jr ik B Fr sl 3% , 2 /1 1 1.69%~4.41% . BR itk Z 4h,
Self-calibrated Jy ¥ i) SPE {8 Ft MMFN J7 ¥ % %5 1.93% , DCNN Jy i ) SPE {H % tt MMFN J7 ¥ I 75
0.34% , HAth 17 ¥ 9 SPE {E (% T MMFN 3% . MMP-GCN 53 /9 NPV {8 L MMEN B /5 1.11% ,
75 B NPV AAE YT MMFEN J5 & o

gi LIk BB OS B A SCHE H I MIMIFN 5 3 60 3 00 0000 1) 8 44 1 R 2 W 35 v T LA B ik
I, MMEN 75 %5 AT AT 2580 18 500 90 0 o

®1 BEENIRERML

Table 1 Comparison of experimental results of various algorithms %

Y ACC SEN SPE PPV NPV BAC
Multi-kernel®™  75.1048.669 8 65.80416.540 0 85.394-0.8750 82.69-3.849 8 70.66+11.510 0 75.60+8.279 0
MPCA™ 74.2249.439 6 64.13+18.060 0 85.3940.8750 82.15+4.491 1 69.80412.140 0 74.76+9.006 2
DCNNM 78.2344.046 0 65.5249.494 1 92.2642.556 5 90.52+2.1723 71.17+5.2830 78.89+3.8101
MVGCN*  80.34+5.570 3 71.40+10.810 0 90.26+0.583 3 88.89+13.610 74.61+7.320 1 80.83+5.263 3
Self-calibrated™ 81.56+0.690 9 75.26-0.6150 93.85+1.893 6 92.00+3.200 0 72.56+1.462 6 84.55+0.636 7
MMP-GCN® 82.24-+0.322 6 78.46-0.641 0 88.090.600 9 87.34+1.053 3 77.86+1.100 6 83.28+0.282 9
MMFEN 83.9440.314 5 78.56+0.783 3 91.924+0.126 8 92.21+0.186 9 76.754+1.281 8 85.24+0.204 8
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4.2.3 $HEGRSGA N

ST IR AR SR A AR R b 22 A A B A A R R AR A B R B R AR R 3 5] 5 A FC AN
SC 4 Al B 2 R X 1004 TR %) e R AT L

UE A 22 15 725 @l & 7B A0 Y S 58 B0 an B 2 T, il BB ES FC M SC B HE i 26 ACC 40 31k

77.82% K 77.55% , Wi H WG AL S AT A I MMEN J5 2 (9 ACC{E AT 353 83.94% . [WI#E 4, AT X

F i MMFN 7£ SEN . NPV f1 BAC ZFMiFE M fE4r ¥ B &N TR M ABEES F L, o0 FH#ES T

7.68% .11.82% H14.28% , I A 7E SPE F g &5 T FC M SC W fh BB S )71 . 4R, MMFN 7E PPV |

AH G T P Ah BB S O B RN R T A SC B PR 7 ik R T FC BRI A T ik, Nl 75 iE — 48

s

FRE DL b BB 23 M, T LR AE S A8 2 B AS A 00 3R A L B RIS Y T 3 X 1 U R

R ERES R T R MIR S UE T 2B REG 1A SUE .
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Fig.2 Experimental data demonstrating the effectiveness of multimodal fusion

4.2.4 BB EBAWR K

T B 22O R Rl A RCPE L TEAR TR ECHE B b SR AT Rl S K MIMIFN 43 SR B Jag 3 A
il 5 B e (Local-fusion) AR B 4= Ja R B fil A5 B2 B (Global-fusion ) i A 25 5 4 Jay R B Rl £ R Jeg 35 47 2
fill & P BEEE 5 MMEN A [6) 19 45 B 487 5 2 17 DF 4% Al & (BrainNetCNN-cat) Fl A7 fin fil &
(BrainNetCNN-add) .

5, IR BIL HE T 22 R B il AT A0 A R T LA G P 4 1 R S KL B R 4 Jmp R b Y
TS o AE R ORI b, Royer 255 % BN HE 2 04 10 199 2% hub 7 55 800 M H T o6t B4 3 B, O HL
hub 45 S A7 8 &4 T 228 . Tohnson 25458 1 tACS H AR #R U F T 7F interictal R 2 T K (0 4% 1% 42245 =X
(9728 Ak, R B 25 e 72 i 00 24 ) 3 e 48 X, O LA 4 Sy S 0 e vho 0t BB W I AR AL . TER R
BLEE E |, Leitgeb 255235 L 300 A 25 0 K Fia 55 2 v A D A i BB 5, 2 AN ) A9 K IR IX 388 =22 1] A
L% R B AR 5 BN 2% b T — R ZE LR | [R) I E R TR RO A TE 4 R R Ry A i
FEM AR E R 225, BT LU Bihe A SCTE G I 28 1A 3 1 Jg 3 RN 4 Jay 19 Fofokr B2 R E 47 4R 1IE il
Ao DT XS 11T 12 W o

TE B 22 00 B il 6 A 2500 0 T Rl S I M AN 3R 2 T o T K SO BR R R JEE Rl AR R ) S e 4
S5 AU P A BB AR SR 5 AT AR N il 0 DR A 0 TR AN S 98 BE AT X LE |, Local-fusion 19 8 51 #E #f 3¢
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ACC 2 81.49% , JF7E ACC . SEN I NPV =4 PFE M 48 A5 L 43 P 242 /5 7 1.824.3.63% F1 5.95%
Global-fusion i3 5 HE B R S 81.42 % , & MY XT L AUR Y Local-fusion 28481, BRI AT LA 43 551 5630 i 32 7 32
TERFAE 27 2] 52 A8 v A (8 1 328 42 3200 0TS 0 R AR a5 ke 2R A7 9 Jg R BEE il 5 R o SR 2 ol P 22 A3 A il WL
2R b AR A HR AT 1) 4 SR B K T A A R

T HEPE MMEN 5 75 551 £ B Jay Rz B 4 ey b 2 - B B ) AN 92 36 45 %8 1, 7T RAFR H7E ACC
SEN.SPE.PPV NPV Fl BAC A4 46 br b0 5l F 24 52 & 1 2.49%6.2%0.2.78% .3% .2.03%%
2.4% . BRUILZ A, iﬁ%ﬂliyﬁ%%&ﬁﬁﬁmiﬁwﬁlﬂm PRl S 30 LA P REPE . JE A L X Ee T DL
EHEAT Z A KL B Al 23 LU B — 0 FE A Al G R B AR A A PR B o B T LA B ke, vl LSS IE 26 B LG 1
AR

K2 EPSHEBSENMELEMIREIE

Table 2 Ablation experimental data demonstrating the effectiveness of multi-grained fusion %

TR ACC SEN SPE PPV NPV BAC
Local-fusion  81.49+0.261 4 76.35+0.542 2 88.76+0.222 3 89.21+0.242 0 74.794-0.807 8 82.55+0.221 9
Global-fusion  81.424-0.606 7 76.764-0.971 0 89.52-0.681 0 89.21+1.177 6 74.65+2.1155 83.14+0.422 7

BrainNetCNN-cat 80.954+0.340 2 72.9940.269 0 95.24+1.133 8 95.00+1.250 0 68.6140.656 2 84.11+0.396 9
BrainNetCNN-add 78.44+0.831 1 72.45+1.119 1 88.434-0.958 4 89.211.177 6 69.074-1.731 9 80.44--0.752 0
MMFN 83.94+0.314 5 78.56+0.783 3 91.9240.126 8 92.21+0.186 9 76.754-1.281 8 85.24--0.204 8

4.2.5 THEMREE

AR SCHRE 4 1 T AU 5 9 B AL AT O A 0 T (4 DX A S STE 5 v AR SGE B
TSRS AR AR SR TG A IR A T B AR ELAOR U T R R R X B A TR 5B B R T
G 2OKG B DU Sk i X B AR B Tﬁﬁﬁmuﬁz&amlﬁ]ﬂmRZEH@%?@?&%%}!@%Q%;/I\Ri;jmﬁ
B A BOR N E NG X o IZIE I ST 3R OL T SR AT AL ok T RS 10 i DX A S5 S ok 4 A i 1) 4%
1149 10 DX A 85 8% ok T R oG 9 286 174 i X5 3 .

K MMFEN J7 i 86 88 7 403 3 rm (9 10 4> 8 22 il X, 3% 10 4™ 51 21w X 32 28 2 AR 40 [7] B % ok o e

®3 RAXRHHBRIRANGEZEHH 0N EERK
Table 3 Top 10 discriminant regions selected by the proposed method on the epilepsy identification

i X 44 Fk TR Score-A Score-B Score-C
rf e iy [] Precentral_R 194.5 55.5 138.8
e g Thalamus R 166.7 0 111.1
5 35 T Frontal_Inf_Oper_L 138.9 27.8 55.5
=TT [l Frontal_Inf_Tri_L 138.9 27.8 55.5
2 1 Inl SupraMarginal _1. 138.9 0 83.3
yit! Angular_L 138.9 0 83.3
L R Precuneus_R 138.9 27.8 55.5
T [l Temporal_Inf_R 138.9 0 83.3
Hh 4 i1 [7] Precentral L 111.2 83.3 83.3

S A L [ml Frontal_Sup_R 111.2 55.5 83.3
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L2 014 Ml XA A 30 A A DX A o R 0 HOR JE 4%, P Score- A P FS B 1 il A2 B0 i XA B 5
Score-B AR Bi 45 14 ik 19 2 14 il X A5 R 5 Score-C AU B R T RE K I 45 19 i IX {5 B, . 2 351 i i 104>
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XA A FAY . BRI A, MMFN J7 32 1 28 (1 HoAth I 38 (o e i) 5 DAE R 98 — 3, s se 25 ST L)
WA SCAR A9 T3k ELAT 0 (50 0 5 72 DX IR RE ) o ARG 87 i Y B A o BT DLt — A5 R HL TA
A% R o 251 BT B 45 I DX 0 T R SN SR A, RE S W] B R I B X . AL Z R, il B
I 7P > BRSO A5 B A I DX B R TR e M AL T R S A K i 1) 46 £ B XU 23 28 AT 55 Y
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5 HRIE

ARSCHR T — BB U3 75 5 MIMEN R Dy B8 i 3 I 18 150068 IO 19 Iy FE i 19 285 322 42 4 g R v B
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