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Bi-BrainSSM: A Brain Disease Diagnosis Method Based on Bi-directional SSM
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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-IMRI 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. BrrBrainSSM 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.
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ty) JF, U (F -score) , LA K ROC i1 £k F 1 4 ( Area under the curve, AUC) HAE R . HATH A 05004

TP+ TN

F1 HEEMNAOZEZRITER

Table 1 Demographic and statistical information of datasets

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

Precision + Recall
K H TP (True positives) 37~ B FHAE , RI#E 150 51 8 1E 28 AR AR $ & ; FN (False negatives) # 7~ i
P, BIVSEBR A 1F 28 1H B 485 52 0 A £ 28 1 BE AR TN(True negatives) %7 H Pk, BI g 1E 6515000 by
7K B REA S s FP(False positives ) 2 7% 18 B L B S2 B3 g 7 25 {E i B 52 1500 o8 T K B RE A S0 it
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2.3 IWigE

AR I P B NVIDIA RTX 4090D GPU (24 GB 247 ) Lis 47, % ] Python 3.8 fil PyTorch
2.2 1R EE A IHERR I . SR ] Adam B35 W) iR 27 2] R 5 AUE il RO TE N 1104, it
iR/ E Ry 64, N ZREE A 200 o 52 9 5088 B R D 5 U BEAIL R 43, 4 Ok %) 43 70 06 B AEVE I 4R
1026 ot S B uE A L 4 20 %0 Ry 4
2.4 5HWIRITAERER

T WAL Bi-BrainSSM J7 i85, A S # 7 Fh A [ (9 6t O o, A4 20 i B0 B B 4 GONPYY S 3 F
CNN H£ 22 1) BrainNetCNN A1 BrainGB J7 ¥ 5 3% T 18 #1125 W 2% 11 FBNetGNN J7 & 5 3 F Transformer [
Graphormer Fl BrainNet TF J5 5 ; LA} £ T Mamba 9 BrainGM ™ )5 ¥, 2 2 J& /R T AR Jr 78 ABIDE
FMREST-MDD ¥4 4 F kR, M 2741, Bi-BrainSSM J7 B 7E & 48 b5 1 24908 T H % be 7 i
JoHAE ACC AUC M F, =3 4 i 4845 L. X % W Bi-BrainSSM i i X i) Mamba bk 25 23 [a] 5 He g A &k
Tob 2 i Ty B 1 2 X 48 AR OC F L T (B S AR TH2 bR RE L (E AR TR R Y, R FE & 3L T Mamba 15 A
) BrainGM 77 7% , HoPE B 40 5 FBNetGNN AHIT . 5L 76 F , BrainGM 757 75 119 & T W 2% & GCN L {UAE X
i AR W R T M Mamba JZ2 . ® 2 B /R T Bi-BrainSSM A5 8 5 Ho Al 6 b7 8 78 1 D508 8 F /Y
ROC ik, 7] LLF i Bi-BrainSSM i £k B3 5 0t T A X L J7 2%, JC AR AR B M 2 (False positive rate,
FPR) X H P,

#2 A [EFH AT ABIDE #1 REST-MDD #{#E & F#EgE3T b
Table 2 Performance comparison of different methods on ABIDE and REST-MDD datasets

%
EES Iy ik 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 66.445.8 63.845.7 68.34+1.3
BrainGB 64.542.7 69.241.6 65.546.4 64.947.5 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 70.94+1.1
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 70.545.6 67.84+2.3
FBNetGNN 66.743.0 74.241.9 65.64+4.6 624445 65.84+1.8
RESTMDD 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 76.342.8 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 EYHEIRITAEHNITERRLE
AT BIE Bi-BrainSSM J7 5 7E T B RCR L3, AR SCHE T N R Jy i 78 ABIDE A1 REST-MDD %
P4 E Ry 2t 181 A GPU SLAFE &5, 45 R aniE 3 s .
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2 2
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g 06 " —Bi-BrainSSM | & " ——Bi-BrainSSM
g —— BrainNetTF 3 —— BrainNetTF
S04 ——BrainNetCNN| 5 0.4 —— BrainNetCNN
2 Graphormer = Graphormer
& —GCN = —GCN
02 —— BrainGB 02 rf —— BrainGB
FBNetGNN FBNetGNN
0.0 BrainGM ook & BrainGM
0.0 0.2 0.4 0.6 0.8 1.0 00 02 0.4 0.6 0.8 1.0
False positive rate False positive rate
(a) ABIDE¥IE4E (b) REST-MDD¥¥E £
(a) ABIDE dataset (b) REST-MDD dataset
K2 K[ J5 A ABIDE fl REST-MDD ¥4 48 F#) ROC i £&
Fig.2 ROC curves of different methods on ABIDE and REST-MDD datasets
17 500 25 000
#+ GCN #+ GCN
15 000 | ' BrainNetCNN BrainNetCNN
A FBNNetGNN 20000 o FBNNetGNN
2 12500 | ® BrainGB = 4 BrainGB
~ % Graphormer = 150001 % Graphormer
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I 7500 F * Bi-BrainSSM = 10000} * Bi-BrainSSM
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25001 ®, ® o4 %2
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YIZRAFE] / min YA 1] / min
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3 AREMMIE ABIDE M REST-MDD #3584 F Il 2kt 8] A1 GPU B A7 5 X L

1403

Fig.3 Comparison of training time and GPU memory usage for different models on ABIDE and REST-MDD datasets

WA 3 iR, Bi-BrainSSM (I 2k ] [8] A 5 A7 o5 FH I3 Al HoAth 3 7 CNN #l Transformer (1912 Wi s
A, B AR, 5 % F Transformer 22 # 1) BrainNetTF 4 kb , Bi-BrainSSM [ i1 8 1 J&F $2 FF 7 4238
50% ; 53 F CNN 9 BrainNetCNN AH e, 3 5 $2& T @538 249 94 %0 . Graphormer #5241 Y1l 25 B [B] 5 1<, 3=
B BT LB B K ) 245 0 R S PR R AT O AL T L AR A SRR B — 2P B I T AR R
. BrainNetCNN & /7 5 fl e @ W R 7E T H BB "R B T XEFHETE. m
Brain-GM 155 1 8 8% 10 J50 R 78 TR J 7 T i 40 3 2E B 19 GNINPE O 32 T 2%, O 4% Mamba i T
A 3555 45 2 0 TR G ) 0 i AR T g s R A BT LT SRR B AR IR T AR SO L S a4
R E W Bi-BrainSSM BE 5 15 ORI =5 24 8 10 (7] i, 5 55 190 6l 7 R A9 oK

H R SE IS

ik Ak A A1 BURE B X Bi-BrainSSM P B (9 20 7 BT Bk, OF 56 GF M SR 6 0 BT S B AR SCHE
ABIDE 5 REST-MDD ¥ 48 4 F AT 7 R ek Rl sc 86 o F A0k Dy« 4IRS Bk Bl fe O e 5E Bk

2.6
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(ABM BB o (1) B[] Mamba 223k 7 & AL, L& OCFC AR ) |, Ho %5 A A3 A R BAS 78 Ace 5 AUC |
B2, NEIHLR R LIE B, Bi-BrainSSM J5 ¥k i A [ 46 e %o f 20 RE 0 B oA 1 24 s BB B
T AL A AR M BE PR A S 0 R R X R T IR B oA A X ) 2 1R 28 b ) B A A B
B OCFC B 5 , AR B8 T B, DR i BB X 1 A il g Joi ok %) PRl 0 3R A 28 06 T 22 iE B T JHL A7E 10 1 A
HETUAY B AL 4 Ja S 590 P 7 T A 06 B2 1 5 B I XL 1) Mamba #65 He J5 |, 46 0 1k B8 IR A ) B R 9, 3 26 WA 3]
J 5] A K S 4 A B A ) i T 45 e A KRR AR S O 2R B AT R T i ) 4

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

%
E =] , . ABIDE REST-MDD
W[ Mamba  OCFC f£Ht
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

2.7 MINEEEZEMTIEREES

9 T #E—5IE B Bi-BrainSSM T U (9 4= AR 35 90 09 vl g et AR SCR A T —FpE TR E Y R e
AT fiff B 43 Bt (Post-hoc explainability analysis) J7 i , 4 2% 27 B 1) 45 AF A F B 5 380 J5 46 i 23 0] o gk 47 7T
WAL BT o YIRS, Rl 3E b T H 58 43 2 g s CRIVRE S 5 093 1) T30 00 A5 43 ) 56 - ACRRAIE (RIT) g
T B I TP A TR ) 19 5 8 (Partial derivatives) , %456 B (4 19 /0N 1 45 5 i T A T A K
I e A5 76 e S 1 R 8 5 DR A o R T (B v ) T RE 3 BN O R AR R AT 4 28 B T AR A 1Y
SERERRAF . B, 07 1 M BT KB e e A G K X% 4%, I A BrainNet Viewer " T B gE47 = 48 0] ¥4k,
HEERLmE AR, B 4(a) BaR TS5 H ARE o SR AT 10 A4S0 X, 32 2255 45 76 122 i 1840k 5 12 2h D g
(IPOST, IPRECU, rPOST) . & 2 A M 5 A7 T 6 (IFP,IIFG, IFPG, rSPG) 1§ %4 5 i 12 Y) fig (IPA-
RAH,IFOG,ITP) K ¥ 58 Fl 2 B % 4 (rLING, rSPG) %5 X &k . B AF 98 O 3E 52 ASD 5 3R 3 43 il
XA B¢ & , i Padmanabhan 2 Vg B 55 F2 W1, ASD £ 3% (9 IPARAH (20 25 52 1] ) 5% 7] g S 3
IS AR BEIE IV A8 1 2240, 10 RLING CF 35 [0 5 5 0 2% 5350 [ A E A8 35 7 T8 350 3 1 R L 68 3 5 ik
ARG, K A(b) R TS AR RE f A G A RT 10 AN X, 35 A 78 1 25 Ak 5 9 s (IAMY,
ITHA ,rTHAL) . %%% . 8h Wl 52 I 3 1% (ICAU, rCAU, rMIDB) . & 2l 0 5 97 D1 i (!MFG) & A F
INF 5 R 5E % 4 (fPRECU,

IPOST, rFUS) % Kl . B | . R Lo R
HORGE AL IAMY (B g B AT D AP
BOSMDD SR . e b -
ML HEIELE Grn ™ e
(3 B BB E RN e ¥ Az~ M) WY s

. . " w :

RO S AT 5T 2 02 o ABIDE A o RESTADDLE
BLBERR o Dam %5 i 58 (a) ABIDE dataset (b) REST-MDD dataset

KB AR AE B E B ICAU &4 Top 1045 E #5171 ik X AT 9 Ak

rCAU (AR ) ] fig £ 3 Fig.4 Visualization of Top 10 most discriminative brain areas
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T RS BRI DG Y B GURRAE . SRR 5 R ], Bi-BrainSSM 7E ABIDE Al REST-MDD % 45 £&
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