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Bi-BrainSSM : — 1 £ F X [6] SSM #E Z2 #Y rs-fMRI % 1E X
RIS 5 &
¥ AL F EBL®F WL L OARLE Y, % A

(1. B mUAROL K 2A 15 BB R 2B N T8 B2 B, 1 50 210037 5 2. Y15 4t e T4 BRI 2 B v 76 BE 45 5 24 B, 7 At
210018 3. Fg B MOl R F MM L F TR 2= B¢, B 5t 210037)

M E: # 8 kA AR 3k % (Resting state functional magnetic resonance imaging, rs-IMRI) # K
AT Z LR TR R T e S, BFRATARE T KR EA T rsIMRI 2 83 2 W & 0935 7 7 o, 23X
LT ERAERBASE B MELFEG L REB LR T THRFRM, AT M EEFE, AL
RET A TREGRFHEIKDS TR A (State space model, SSM) 1E L 65 i & ¥ 4 B 7 %
Bi-BrainSSM., % 7 %%t T i2 & 5 R % Mamba( Attentive bi-Mamba, ABM) B3 44 % k2 & 7/ Ll
SR @ik FESSMARLE S, AR REEMN AW RIS RITBER YT HEaFE, BFIAER
RE®E MAEBARES T ZLEEZRPAM, K% &k ENITTH ABIDE @ M £ % & 2 REST-MDD 47
AREHHE S L BATIRGE, FR R AR A8 H AR T rs-IMRI 89 243k 7 %, Bi-BrainSSM KA T £ A%
YW MEAL R M A B& 6 i A R A 24K GPU B A B A &

KB : Bk RSB s MR Rk A 7 18 i & s B R £

FESES: TP391.4 MRS : A

SR K7, BUE , B, 55 Bi-BrainSSM : — Fi 8 - XU SSMAE S 1 rs-IMRTECHE IR 52 9 12 18 J5 12 [T ] 504 >R
L5 LB, 2026,41(5):1395-1408. ZHANG Li, GU Heng, HUANG Shuo, et al. Bi-BrainSSM : A brain disease diag-
nosis method based on bi-directional SSM framework for rs-fMRI data[ J]. Journal of Data Acquisition and Processing,
2026, 41(5) :1395-1408.

51

[l

R A [] DX (A 28 ST R AR ) 09 A B 0 T 52 2 (R i 22 I 5%, LA S A% 338 5 B [ 0 2l 2 5 B
GO S AT O R A R 2 SR EUAS I A G 35 9% B 14 (Resting state functional magnetic
resonance imaging, rs-IMRI){E Jy —F 5C 5 (149 JC B o 28 AR 12 AR |, fiE 0% 38 2ok I 4 1fn 4 7K 7K i (Blood
oxygenation level dependent, BOLD) {5 5 o4 [l 432 4 I M 28 G0 185 '™ o BF 9 35 38 4 LA A M Je 21X I
(Regions of interest, ROIs) 1y BOLD {5 & i [8] J37 41 Sy FE it , 31 55 HCnO0s AR OC %, DT 4 A 2 e 3% 4%
(Functional connectivity, FC)&ERE™ . 78I BRAF 5T o, FC AR FE )™ 32 T35 500 i 284 il 25 K5 o 1 55 6
WA AR S o S X LR S A R R B ) R A X, T LLE A 5 R 8 S (AN A FTRE AR
SE ) A G BRI ) 4% 34 12 , SRy S B4 B RS W R DA B sk T 4R 8 R 1 A

5T rs-IMRT (14 i 00 28 534w, il 190 268 B 4t 5 o — A oh 9 50 A0 4 e i) g 1) B &1 v 49 5 (Node)
AR A A (4 i X, 1T 34 (Edge) W] 3R 7 AN [\] i X 22 (6] BOLD 15 *5- 5 [8] 77 51 (4 A5 OC 1, B 2y g 3% 42 1 5

HEETB: HK AP 4(62506170,12404273)
I 5 B #: 2025-08-27 ;4817 H #1: 2025-10-29
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JEU L R SR G I 4% 3 I S o IS N B T R P 8 BB PRI b R A A G I 4% B4 3 FIN R L BT
7R LA U N A0 AE BAL B, X 2L Ty vE AT A3 S WS, — 2SR SR ER IR AR PN RRAE , RIRE 19 45 1 2 0
(UNBEER B 4 R 30% ) 5O (A= 58 b ) 38 AR AR R L 4145 i — I R AE 1) i i A 4025881005 53 —
R T 5 4 00 T 1K FC O B 1) % $2 ACTE (B 8 HE AR S R AE  (EL X D 5 VR 45 B 7 A e A A e B o I
B8 H 5 3 4 40 B (Principal component analysis, PCA) 45 B4t 3 R 25 G 1, DL 4R B B AR PR
FRAE Ty Ee AR L AR AR AR R AE S, W N 58 R R 2 3 15 &L (Support vector machine,
SVM) . Bt AL 7% bk 45 28 L HL 25 2 > 460 R 9E 4T 43 26 (U 5 12 W ) a8 [l U (Apshe AR B 23 ot ) o, R4 ik s
0515 Ry i 9 4% 53 BT B8 T A B/ E W] WA S PR . H T Sy ik R A A 0 R B O R R T
I 2 N DRI L 4 T 220 1 i X 22 ) A2 A% L B0 S A R 9l e v i o R [ B S T e
b2 T o i I 245 PR 2 R i B

[ 25 VR B o X e TR kR 3 T3 R A 2 ) 2% (Convolutional neural network, CNN) #5728
FH T IG5 12 W o 2 Kawahara 2542 H A9 BrainNetCNN i i 45 B VR 42 1 % 0 28 v B0 J) 38 3 1 4%
o T E B2 R 2% (Graph neural network, GNN) B A5 58 K 1Y B 25 ¥ 8085 40 r e 71, BEAF N 142 T
KA I T GNN BB 2 Wi 8 Li D 8 9 BrainGNN il 1 S A4 5 X 43 e o 4 A9 it AR R
I I TE AR TG0, A T 355 568 ASE 700 6T Al P 4 B A . Kan 2542 ) FBNetGen 3 33 A B AT: 55 18 60 i
W2, F— 24T T BB MR 1 o BrainGB & — N4 — Bl T3 R BT A BT AE S, Sy fini )
2% PR R A 1) LRI T 5 — B S o

SR Y A T i A AR G DX 2 (] A A R AR G R L IS TR E O] T A 5 R A A R
I Transformer 42447, 5 1 GATs(Graph attention networks ) i 11 [ 13 2 7 HLH S 454> 35 55 A9 48
S BE A ) BB, DTGS2 B T 9 A5 8] A 2 6 R A B . Graph Transformer # Transformer 42 44 #E )
) A, R Ry 8 408 1l 1 32 5 P ok T SRR TR AL L E— 2D AR T T R A X PR RS A M R 2
B F T RE S35 1 M4 (Spectral attention network, SAN)#& 1 T —fl 3 T8 B g 19 2% 3 8
% i1 (Learning position encoding, LPE)J7 ¥ , 14 5 7 A5 70 Xt € 45 44 19 s iE 7111 . Graphormer i 14 5
N G548 4 T B #E T Transformer 76 U808 A9 R B0, 42 7 T JedEAE'™ . BrainNetTF (Brain network
transformer) 5 & 1 1 & WL R0 1A 28 10 2 J5 vk RS 70 4 1 i 0 24 4 T, L A0 9 9 12 TR R Bk 2
RETIUIN A fiE S 2R A 51 A Hub 203 A T8 3 ML, (B8 RE 0% & 1 F 9 45 T/ b £ B
2R Hub 15 257 Ko H S % 08 30, DT 35 1005 9508 B AR G A U S PR R AE o )7 FLAE 2t T —Fh
16 W 3 A T g W 2% (Adaptive aggregation function network, AAFN) A8 2 #5 £1F] H 5 13 2 71 #L T 7
Uiy ) Sty 119 2 > 2ok A v B A R A ) 68 M 0 2%, ol L R A% AR 4 EL AR AR 55 1 3 N b R R AT BT R AR 1Y
AR . BrainDGT 3l ik [ 35 13 b 4l 55 F1 73 B D 8 i A5 B oA 1 6 5 30 285 i 328 22 >k e a2 i 9 s 1) 12 W
B, T S IR T A% 45 18 S 6 11 5 35 v i ) K R 4 e 2 (] 9 Rl B BR A . (R 36 T Transformer
149 Hii 2 9 12 Wt AT Tl Pk R, 32 AR T A TR AL RO R R A 4 S BUE R BT
8, [ Bk 5% 25 i 9 245 r K 90 8 £ RO R AR BE T 0 A 1R R T

o fift ke b AR ) S, AR SCARE T — el i T 0L 1) 32 4 IR A5 3 1] AR R (State space model, SSM)HE 4
14 Jiki 52 95 12 Wt 7 1k Bi-BrainSSM. 1% J5 ¥ B % .0 13 7 77 3] Mamba( Attentive bi-Mamba, ABM ) #8 3kt
W 22 3% 1 2 F WL 5 010 et SSM(Selective SSM)MIZE Ao 78 ABM AR H i, 23k | i & S WLkl &
Se kT 0 o A A P 2% e A A il DY R 2 R S R A B R o R i ] A BE R PR L
[/ U RIS Y iR T TN TR B SN N T S5 R TR i S 2.8 (= = X B O 5 S = = N
Bi-BrainSSM & F X (Bi-directional ) 45 #4) , i : — AN 1] F1— 4> J& 1] (9 Mamba 2 ith & 347 40 25 53
JF A, 38 5 flA T RS T ) B A T AR R A R R R 08 R I ok F R A ET IS S SRS R
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T AT 24, 52 W 2 A i ) 245 %) AR RO 45 A A Yl e A0 TN ST 51 v [ HE I T 6 X AR
B RE A Y D 22 o F — 25 D0 A 7 G 1) 6% D B ASE B 26 AR 4 Jmy Re AIE 2 BT T PR R o e Sl i
JF ) ABIDE F PAE £ 42 # REST-MDD B E £ 4 5K 46 UE Bi-BrainSSM 94 A4k
1 ®REFZE

Bi-BrainSSM 1y B AR ME L an 18] 1 Fr 7 o FLAZ O Q8T 76 T 9 A SC S AT B i 152 11 - (1) ABM BE A1) 5
PR Rl G T 22 3k 1 Ry HL S R n] 3 R R A A R A | 22 3k T ) 1 R 42 R 58 B Bl A8 3 R AL
=, 70 X ] Mamba DU 5] B 220 i 1F | B2 [l AR, FH T B B 158 TR 55 e 28000 442 i 09 24 52 24k 1% 2 [ 52 HL
SRR ; (2) IE3 LR FFIEF 25 (Orthogonal constraint feature clustering, OCFC)#E B fi e T 1%
GRA TIERHNE B R R KR sk ARG A2 R BB RERIR, R G S5 2 WTE 5 32
HEor BARR MR R I s & UL S U R
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Fig.1 Overall framework of the Bi-BrainSSM

1.1 FE W [E Mamba 3R

55 LTt R B 28 B 5 B E R AL 48 07 Bk S TA], ABM AR B3 a1 X Mamba 2 55 2% 0 2 5 55 18] 10 K
TR O R, IF I 22 3 1 2 D7 AU R B DX 05022 0] 9 4 JR 58 1, e 6% 3 245 )81 7 g 1) 286 55 5 7 A 78
T A% 3 B AR, 58 il DG BT R TR) B B8 LG AR, DT AR A O Ak B B P 4% R, I R DR TR AL 3R A 8 ) 1Y (]
BRI T8 o B X B AR AR 19 rs-IMRIFZE R, >R I Pearson A ¢ 2 $50Ck 115501 [F] il X (1) BOLD {5 %
R} 8] 5 371 22 6] A 4 S 1 AT AR A5 12 RE AR B T BE HE 32 0 B Z € RN, Hoh N R I X A9 A%, 1A — 1k
JE B Z A/ ABM BB A B A .
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1.1.1 AT 2kEEAHLARL AR

i o 24 v A T i DX (19 ) 2Z T80 1 28 B OG R A 4% H 2 FF A% 55 I 45 (4n 181 46 LM 2% (Graph convolu-
tional network, GCN) & ) = ZLAR 1 Jmy B 4B 3k 5 A, ¥ DL 4 11 47 £12 Wi D0 28 v 1) &2 SR AR G 2R . R i e ik
F) 80, ABM BB 51 A 223k H TE R L, DA 2 AT B 1Y ) Y DG &R ol L A R
D4R X 35 (Region of interest, ROD) AT RS A H AR WLE B, 8 fig 5 HAb e A 35 s AT 2h A 22 1., AT
F oA Ak 2 0 A R AR AE . BRI 223k A TR R D WL 8 A 1A SO 2 ) B AR ARLBEE T AR AR
A SRR IR S A o R TR B s A, T R IR E SR

exp( AW Wih,)
qy=— et QT (1)

i N
Slexp(h!WWih,)
k=1

ok ik, € RYFRTT 5 A0 IERAE B, W o R W, € R 300 Ay £ i) FIVRRE ) 2 P 15 5 00 B L o A1
—AB A B I, R R A X S R B L A VR A BN R R AT IR BT, A A
75 8] 22 H. 39 5 9 R AE K 7, B

N
R =" a,Woh, (2)
ji=1

Xh Wy € R ONE ML MERZ AR ] THAE G HE— 2D Wegh o Sy B4 SR 4 418 2 R A6 RR AIF 52 1 (19 g
T R 22 3K B U o B TE RT3k m BFRAE S8 22 500

N
h'= > aiWih, (3)
i=1

Y

A W e R MERIREE m A Sk BB L MO Sk M BCR . o MO TE R 1Sk RO R PR T
W SR A o8 e ¢ 04 1 SRR

B = W Al A2 || 2] (4)
P W € RO WL AR || KR PR AE

R AR B B )RR R R A S A bR 5 W 0GR L H R N ) e 2 A1 AT 2 0 ol 4 i 4
4 (e 5 BE H I L R 3 A AE 3 S R TS T B B A A AR AR B L A SR AR E B T
2R A A T A T I P 2% 1 ROT Y RURFIE A B 7 R 98 A9 007 B 45 S, , A Bi-BrainSSM 74 JC
et BN ORA= & E I NTF5 S K A 7 o= =/ N
1.1.2 & Mamba 5 %) % 5%

T AR 2% ) A R A RO OC R, ABMUAR ST T A ] Mamba SR A% % o 1% g i A% 2 T 1E
P SSM o 1 Jel il W 45 R N AT BT I Z1, Zoy -+, Zy J(OHh Z 0705 2 R T B, Z € RY Y
SURRTESE B ) | SR 5 B 2 W5 AN T 4T 1) Mamba J7 51 4 i & - — W15 207 5009 1F 0] OWEE 18058 N) 217 4
W, o5 — AU Bl OSSN BIES 1) $EAT i ftd o 380 3k X0 ) b 3, i 45 B A 77 a5 09 R0 [R] 6 35 0 3 7 91 1
1) R 1) 47 2, DA A 2080, sz R o A i DR 2 %) R SR68 235 ), D21 s Il 470 T A5 78 1 52 i)

G A5 A B TR B S R SSMAR . SSM Y A% O AL A AE T AR SRR AL AL A A0 S
B(A B.C)REW MR AL Z, sh BB A=f(Z,). B=1(Z,), C= [ Z,). X HAERER 3L
CTOAE 7 S B B BRI B, 18 Ak B 3 31 Bk Ao S B R A A 5 U 45 S SSML R &
BRSSP AL AR, % 1 I 9 4% B0 B R L T Mamba 2R 44 4 5 A 4 A5 0K 245 B B T R

hyor=fu(Z)h,+ [,(2,) Z, (5)

B RRE T T R R
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y,:f(:(Z,)h, (6)
3 2 FRORES A, TS AR Z, 1 456 BT BRI 38 3 s 28R £y T f e R 26 B M 102 5 22 g
RFE B A DT 4 i K P 51 A AR RE T, i J B bR 28538 ok 1 R I C e A Dy Y SR B AR AR L Sl RS
el g TR i N O 3 O TR, SR BB 08 O D T AR RS o Pl TR A T B R R R AR I ) 2 8K
JE AR IS N Y, BRI Mamba 4 85 25 21 25 08 8 5 B e B PR 0 12 st s, DA 4 55 ol S B 15 B .
i1 T Mamba f) B fis) 4 5 i 2 JC 1518 25 T Transformer 19 J7 ¥ — R AR SRR B . 0 T 5o IRFR 1,
B AL 1) Mamba )23 28 IR 25 44 43 59 X6F 1F 1] A1z 1] e 90 AT 1108 . Bk UG, 280 22 3k 1 2 0 ML 3 5
J5 (7 SRR R A, B 4T 26 AR 2 37 () Mamba 45 55 8% o 55— 2 B 5 4% J5L B I Ak B 51, 15 5]
1) BETECR S P9 opngaa » 55 1 Gt B 255 DU) A2 3396 15 57 471, 45 381 5 1] BRR 257 9 Mg AR R

hiorward«Mamba(h?m]li) (7)

AP < Mamba ( reverse (A™") > (8)

3 3 33 A X 1) AT Ak B AN Y R 2 s 8 [ I ok B R A ) LS 1) 04 8 AR R L A RO BR

T AR HE A X R M RE Y R SR o B A RS IE R O 1] B0 A 1 RRAE L 5 B T
e ) FRAE 7R

}l,: /Liorward + hlf:)ackward (9)

15 %6 F Mamba 424 BIF SR JFH 64 68 14 1 60 410 Ak 03 RO AT HHEEMLEN T ABM 76 4 15 o B 19 ) i 2
FAR TR T AR T 90 A0 BT 55 v SE IR L ) [R] A % BE LG ek Rl TE ) 5 R ] B A R I A
A Y BB A AT AR A T D 4% 11 4 SRy AR A 1 i R AR 17 AR R T, DA T R T D 4% 43 AT S P R R
fERIRBETT o
1.2 EXARFFAEREER

i AL G B T v (ISR AN ESCT- Y484 ) oK 58 78 20 F F ik Zh BB H G R S BUW A5 B Z R R,
Bi-BrainSSM 5| A OCFC 23t . iZ A H S5 & 1 #HOR IS FIIE S AL 29 L L 8 57 A5 A 43 e B AS [R] 9 2R
St a7 A A8 ) TRt SR e AT TE AR Ak B OR T T AR ) B4 ST P L AT 4R T A A
1Y X 43 RE T3 X D e B He (R FE B BE O o B 5, il it Gram-Schmidt 1E 32 fb i B2 X} 2 bl E 47 1E 22 ik
Ab 3 PR IR SR S s A i A A TR) P R I B, e KA E T 2 B DX B i B SR A Xavier W46
TEBEHLA: B K AR ¢™ e R i J Gram-Schmidt 1F 32 b F 4k i IE &S R E

uy=C" — § 7@‘]’ 21 u “
=1 Lujup
P, TR TR TE A A R B PRI GE R B 5 A R B A T IE SR B R 0
PRAEA B FETE i A 25 ) P A8t N7 3 RE T DA it v A B A fii 0 2% 54 o i) SRS RN A 2R M RE . B
MO BLEN RS P AT ORISR T AU A Z e RN N R OR T SUBUR  d FR T TR A
MIAERE  IE S RN Bl R KA B BT AR B KN RE P LZ— 0 BEPOER
E€R" i R—An S SR WA i B R K kMR Pyl it LR AR

b exp<<Z{I‘,E,¢>> (11)

2 exp<<Z,»]‘,E,y>>
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o 22 M o3 B 7 3 A A i I rh R TR DX A2 2 O I R M L ZE AT BT AT BROR 28 40 T R R B
PERY NG AT S LA A Z K i A AT S AT B R R OR
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tion network, FCN ) B A 1 55 40 G (9 i th R -
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(1D 53245
(1) FCNHIM Y =FCN(Z;).
(13 Y

2 LW SHERSH

2.1 HEE&E

AT Y rsIMRT S A% 38 1 W A4S 2 TF 5088 %6 - ABIDE (Autism brain imaging data exchange)'™' [
PHE 4 45 R REST-MDD 3 40 A 4 55048 48 . ABIDE 4% 48 62 % oK |1 19 4~ [ Br 3 5 9
rs-IMRIEUHE , ¥ J 1 084 44 3230, Horp 526 44 0 H PAE 1% & B 5 ( Autism spectrum disorder, ASD) H
H 558 24 fi e %) B 2H (Healthy control,
HC) ; REST-MDD ¥4 4 W 41, 2 3k [ h
B 17 5 B2 B 23 1 i 2 356 AU HE L o - ABIDE REST-MDD
I 1 263 24 AR AE (Major depressive disor- EOREYS) ASD He MDD He
der, MDD) & 7 Al 1 093 44 i He X # 41 - MEWy/%  35.2019  31.8425 47.4435 47.7433
PR SR IO FE TR B AN 1T ABCR /%) 461/65  459/99  455/808  457/636

KA 1AL BE B B, B 58 R AT DPABI
(Data processing &. analysis for brain imaging)"*" T HAf %f rs-IMRT 15 8 4 £ 47 4b B8, LR TR0 45 . &
FEARGAS S T 5 A I (] 0K 8 B 5 0 301 145 5 AN T 1 5 R IE U ) A I 1) i 22 L DA DR 25 U0
[ 25 % 2 B P48 0 A7 WA TE v L AR GE Sk 3 5 1S i R AAL RS 5 X 5 R 1k T 1A AR R A7 43 %1, $2 UK
JOT P T i A VR 2 %) A A L 5 8 3 R A T o 8 o o P A AR 2 ) (4 MINT 8 [) ), 44 3% C 1 2 5001
FHT D ae R L LA B 8RR B bn AL 5 Z5BR JC DG A8 &, 40k 2l 2800, 11 o0 R B WA 5 52 0 5 1 1
e 0T U B i X T B AR BE AT 25 (8] 3 5 25 BR 20 R AR I 18] 4 vh AR RS | i DR AR 5 R P 5 I A
it 98 P #% (0.01~0.08 Hz) LA B 5 i B 25 D) BEAH 5C B R0 1R 5 o A SCfd I P& 3% CC200 (Craddock
200) 9 %6F il HE AT X I8 1 43 L BRI ROT G IX 19 BOLD I [ 581 . 1] FH B /K 75 4 ¢ 2 52 (Pearson cor-
relation coefficient, PCC) 5 A [ RO BOLD i 8] J3 41 22 [6] (4 B AH O | fie 2845 B AR 1 52 18 1
Fiki ) FE ¥ 422 19 445
2.2 RfhERE

AT PEAR R R 2 W BE L AR SO R R (Accuracy, Acce) A4S (Specificity) | BUEME (Sensitivi-
ty) JF, 38U (F -score) , LA K ROC [l £k '~ 1 1 ( Area under the curve, AUC) HAE R . HATH A 0504

TP+ TN

®1 HEEMAOEZITER

Table 1 Demographic and statistical information of datasets

A P T IN T FP 1 FN (16)
A TN
Specificity = TNLFP (17)
TP 1
Sensﬁwﬂy—m (18)
Precision X Recall
F,=2X (19)

Precision + Recall
A H TP (True positives) 37~ B FHE , BRI 1E 50 51 8 1E 28 AR A $ & ; FN (False negatives) # 7~ i B
P, BIVSE BR A 1F 28 H B 485 52 0 A £ 28 I BE AR TN(True negatives) %7~ H Pk, BI g 1E 6515000 Sk
7K B REA St s FP(False positives ) 2 775 18 B , BV S2 B3 g 7 28 {E i S5 900 o4 T K B RE A S0l
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2.3 EWigE

AR I A B NVIDIA RTX 4090D GPU (24 GB 247 ) L3z 47, & ] Python 3.8 fil PyTorch
22 1WA IHER I . SR Adam B35 W) iR 2 2] R 5 ACE il R A TE 110 4, it
iR/ E Ry 64, N ZREE U 200 K 52 9 8088 B R HD 5 BB AIL R 43, 4 Ok %) 43 70 06 B AE VR I 4
1026 %tk S B uE 5 L 4 20 %0 Ry 4
2.4 S5HWIRITAELRER

T WAL Bi-BrainSSM J5 2, A S # 7 RS [ (9 06t ey o, A4 20 80 B0 B B 4 GONPYY S 3 F
CNN H£ 22 /) BrainNetCNN #1 BrainGB J7 ¥ 5 & T & #1125 W 2% 11 FBNetGNN J7 &5 5 3 F Transformer [
Graphormer Fl BrainNet TF J5 1 ; LA} £ T Mamba ) BrainGM ™ )5 ¥, 2 2 J& /R T AR Jr 78 ABIDE
FMREST-MDD ¥4 4 F k. M 277 41, Bi-BrainSSM J7 B 7E & T 48 b5 1 24908 T H % b 7 i
JoHAE ACC AUC M F, =3 4 /4845 L. X % W] Bi-BrainSSM i i X i) Mamba bk 25 25 [a] 5 He g A &%
Tt A2 i Ty B 1 2 I 4% AR OC L T (B S AR TH2 bR RE L (E AR TR R Y, R FE & 3L T Mamba 15 Al
) BrainGM 77 7% , HoPE B 40 5 FBNetGNN AHIT . 5L 76 F , BrainGM 757 75 19 & T W 2% &2 GCN L {UAE
% AR W R T B Mamba JZ2 . ® 2 B /R T Bi-BrainSSM A5 % 5 Ho Al % e 7 B2 78 1 D508 8 F iy
ROC i £k , 7] LLF i Bi-BrainSSM i £k B 5 0t T A X Lo J7 126, JC AR AR B M 3 (False positive rate,
FPR) X H P,

#2 A [EF A7 ABIDE #1 REST-MDD #{#E & FHE8E3T b
Table 2 Performance comparison of different methods on ABIDE and REST-MDD datasets

%
EES Iy ACC AUC SEN SPE F,
GCN 63.6+2.3 69.743.2 67.1+3.2 67.5+4.7 65.8+2.1
BrainNetCNN 66.843.1 72.14+2.8 64.244.5 69.74+6.6 66.242.2
FBNetGNN 68.14+1.8 76.74+2.2 66.44+5.8 63.845.7 68.34+1.3
BrainGB 64.542.7 69.24+1.6 65.546.4 64.94+7.5 64.64+1.9
ABIDE Graphormer 65.74+3.7 77.64+3.1 66.643.9 70.14+4.4 66.74+1.9
BrainNetTF 71.14+2.2 78.844.2 73.04+8.8 68.947.2 70.941.1
BrainGM 69.243.0 774427 72.34+4.1 69.844.1 71.24+1.4
Bi-BrainSSM 75.842.9 81.2+0.8 70.34+3.8 81.5+2.6 75.14+2.8
GCN 65.14+2.4 70.44+3.6 69.044.1 71.84+3.3 67.94+2.4
BrainNetCNN 68.441.9 73.74+3.1 66.243.8 70.54+5.6 67.842.3
FBNetGNN 66.743.0 74.241.9 65.64+4.6 62.4445 65.84+1.8
REST-MDD BrainGB 67.242.7 70.74+2.4 68.843.0 67.945.1 66.14+2.2
Graphormer 70.142.9 78.64+3.3 70.44+3.5 73.244.2 69.74+2.6
BrainNetTF 754418 81.54+3.6 744451 70.84+4.8 734428
BrainGM 68.841.2 76.34+2.8 69.543.2 68.543.2 67.44+1.5
Bi-BrainSSM 77.34+2.6 83.34+1.5 72.14+3.4 82.4+3.1 76.542.7

2.5 EYHEIRITAEHNITESERLE
AT BIE Bi-BrainSSM J7 5 7E 7T B RCR L3, AR SCHUE T R R Jr i 78 ABIDE A1 REST-MDD %
P4 E Ry 2t 181 A GPU SLAFE &5, 45 R iE 3 B s .
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Fig.2 ROC curves of different methods on ABIDE and REST-MDD datasets
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Fig.3 Comparison of training time and GPU memory usage for different models on ABIDE and REST-MDD datasets
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B OCFC B 5 , AR B8 T B, DR i BB X 1 A ol i Jo o %) PRl 0 R A 8 06 T 22 IF W T JHL A7E 0 il A
HETUAY B AL 4 Ja S 590 P 7 THT A 06 B 1 B I XL 1) Mamba #65 He J , 46 80 1k B8 IR A ) B 1 9, 3 26 WA 3]
J 5] A K S 4 A A ) i T 45 e A KRR AR S O 2R EL AT R AT i ) 4

%3 7 ABIDEFIRSET-MDD ##5& LM HER
Table 3 Ablation experimental results on ABIDE and RSET-MDD datasets

%
E =] , . ABIDE REST-MDD
W[ Mamba  OCFC 18t
Bl Acc AUC Acc AUC
J N 74.54+2.7 79.3+1.1 75.1+3.2 80.6+1.6
N J 70.1+ 3.2 74.7+2.2 73.3+1.9 76.84+2.5
N N 60.2+1.8 63.6 + 1.3 61.1+1.6 65.7+2.7
N N/ N 75.842.9 81.240.8 77.34+2.6 83.34+1.5
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Bi-BrainSSM: A Brain Disease Diagnosis Method Based on Bi-directional SSM
Framework for rs-fMRI Data

ZHANG Li', GU Heng', HUANG Shuo', MA Yue’, REN Kai’, ZHANG Li"

(1. College of Information Science and Technology &. Artificial Intelligence, Nanjing Forestry University, Nanjing 210037, China;
2. College of Integrated Chinese and Western Medicine, Jiangsu Health Vocational College, Nanjing 210018, China;3. College of
Mechanical and Electronic Engineering, Nanjing Forestry University, Nanjing 210037, China)

Abstract: The resting state functional magnetic resonance imaging (rs-fMRI) technology is widely used
for predicting and diagnosing brain diseases. Researchers have proposed a large number of diagnostic
methods based on rs-{MRI functional connectivity networks, but these methods have problems such as not
fully considering the complex dependency relationships of brain network data and high computational costs.
To address the aforementioned issues, this paper proposes a brain disease diagnosis method based on the bi-
directional selective state space model (SSM) framework, named as Bi-BrainSSM. This method designs
an attentive bi-Mamba (ABM) module that combines multi-head attention mechanism with a bi-directional
selective state space model to enhance the representational ability of brain functional connectivity networks
and improve the computational efficiency of the model. It simultaneously introduces orthogonal clustering
readout to solve the problem of information loss in traditional aggregation methods. This method is
validated on the publicly available ABIDE autism dataset and REST-MDD depression dataset.
Experimental results show that compared to other comparison methods based on rs-fMRI, Bi-BrainSSM
achieves more accurate diagnostic performance, while also having higher computational efficiency and
lower GPU memory occupancy.

Highlights:

1. Bi-BrainSSM combines bidirectional selective SSMs with multi-head attention to capture global
interactions and long-range dependencies in brain networks.

2. Orthogonal clustering readout preserves discriminative node information and improves the quality of
graph-level representations.

3. Experiments on ABIDE and REST-MDD datasets demonstrate improved diagnostic performance,
faster training, and lower GPU memory consumption.

Key words: diagnosis of brain diseases; rs-IMRI; selective state space; attention mechanism; orthogonal

clustering
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