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Automatic ECG diagnosis model based on bidirectional selective state space model
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Abstract: To address the limitations of the existing automatic electrocardiogram (ECG) diagnosis models in learning
long-term dependencies, an automatic 12-lead long-term ECG signal diagnosis model which combines bidirectional selective
state space model (bidirectional mamba, BiMamba) with residual multi-scale receptive field block (RMSF) is proposed:
(1) designing a multi-scale receptive field module with residual connections to realize more extensive feature extraction and
fusion; (2) introducing BiMamba block to enhance the model’ s temporal modeling capability by employing both forward and
backward temporal processing; (3) using the classifier to process features from BiMamba for accomplishing multi-label ECG
classification. Five major diagnostic categories from the PTB-XL dataset are extracted and subjected to 5-fold cross-
validation experiments. The experimental results from the comparative study show that BiMamba-RMSF achieves an
average accuracy of 89.42%, an average AUC of 0.9356, and an average F1 score of 72.85%, outperforming the other 4
automatic ECG diagnosis models. Additionally, ablation study further validates the effectiveness of BiMamba block. It is

demonstrated that the proposed model has a high precision in the multi-label classification for 12-lead long-term ECG signals.
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Figure 1 Multi-label distribution of the PTB-XL dataset

2 RETAE

2.1 BfkiER

AR EEE T — DR 2 2 W
#1517 (BiMamba-RMSF) . 1AL 4 Ak 12 T8k
LT, B Sl i — 4R BB 2 B P RRE o
Ab R AE 30 2o S RMSF R4 T 32E— A5 45 IR 14
. 7E RMSF 1 BIALR ] TR R S B R 15 R
FRAEANZ T — LS W 38 3 28 A0 14 T 0 4, B
RUBBAE Y A7 B I $E 2.0 A5 55 PO [ RUBE (1)
28 RRAE . A, TR 22 i H Pl T RS B2 ok
LT BRREAR B A R AN [ 2 OR-E
RS, 3 m A A AR e P

TERFEPE IS A5 78 38 1 BiMamba £ 8k i — 25
PRI PP A RE 7 . BiMamba #5345 4 % 1] Mamba
FEAY | 38 A 1 [ A ] (4 A B X, REAS T A b A 2
PR OC R, T A R0 & 12 R0 LR 5 0 2
MR, R T DR REIAI) Iz LR T, 7E
Gy AR RMA 225 F- 234k )2 DL A1 2 4=
e, AR ) S 4 i 4 )2 RN SELU IS pRAT 2
4322 Classifier, SCI 245250 UG 5 12 T T:
% RO ) 28 25 0 1] 2 R L BRI AY B S 801k
BUER IR,

2.2 BiMamba

Mamba 19 3= 22 AR AT 38 2o BR 25 25 (] 452 48 (State
Space Model, SSM)"™ it £k P AR 252 (8] 5% 8% 07 R R4
L X (D PR . A N YERRECR S A (2)
R — LR AT o (1) I 28— 9 y (¢ )o

h(t)=Ah(t - 1)+ Bx(t)

y (1) = Ch(1) + Dx(1) (1)
Hrf, 4B .C.DIIRESHEAL IR o X SeHE Ml il 1
SSM Y%Ly, EATAE ST 5 Ge AR A Bl B[] 11 22
AL BB R T R BE 4l P 4 A B HE S i 2
[ENEERSHI PN S

Mamba #& B FEIG I T H L R op, FH] SSMXT |
S BT g . R BRI R 6% 4 52 M e
AR BBl J5 i A BB 9 4 AT ZR " Mamba ¥ H3
(Hungry Hungry Hippos )24 5E 7 45 #4) 15 1 25 o 45 v
w2 2 A % (Gated Multi-Layer
Perceptron, Gated MLP)"2 {45 &, H: 45 44 0 & 3 By
No WG T E LS B AR — A B, B SR A
RIRREM: . RS B o S MR R R T R
TEAR e, IFA P AS FRUZ 42 BURFAE | S5 388 5 V0T PR AR
AR MR I RE T o BEBE IR A 2 IR A
LI PP AR, il 2 I 7 1 S A28 1k . AR T SSME
AEET I IT A I D5 A5 B, Mamba il i 2501 SSM



- 492 -

i B B R a2

’—| RMSFx2

vld

Con

" Classifier
' = |
d 2 ik
o = '] 2 |53
s |=lElS|!|=|E 22| =|E = Eggz £118la] & 2
é“—'é%%\ z| % %\gé% g E%Q—o—ﬁ—hod@-lh.g
Ko S| O[-4 5| o 4 &1 8|8 & Sl s = 11O |7 | B
ol 2 8 Ol 2 3| S|O| 2 < “’_3 m:.Z‘ >, ©
|3 q =TS = = E S|
A | — LL'.,-}
2 BiMamba-RMSF 15 & )R E &
Figure 2 BiMamba—RMSF model structure
# 1 BiMamba-RMSF ## RIS H1% &
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Table 3 Comparison of classification performance among different models (Mean+SD, %)
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Table 4 Results of ablation study (Mean+SD, %)
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