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Atrial fibrillation detection based on long-term RR interval sequences of electrocardiogram
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Abstract: An atrial fibrillation detection algorithm based on long-time RR interval is proposed to solve the problem of the

poor generalization ability of current deep learning models for atrial fibrillation detection. Based on the one-dimensional

timing characteristics of electrocardiogram signals and the specific RR interval of atrial fibrillation, a deep learning model

combining convolutional neural network and long short-term memory network is designed to deeply mine the temporal and

spatial characteristics of long-term RR sequences, which enables the model to perform well on unknown data sets. All

available samples of the MIT-BIH atrial fibrillation data set are divided into training, validation, and blindfold detection test

sets (3 subjects). After 10-fold cross-validation, the accuracy, sensitivity, specificity, positive prediction rate, and F, score on
the blind detection test set are 99.11%, 98.86%, 99.47%, 99.62%, and 99.24%, respectively. The comparison with the existing

methods confirms the feasibility of the proposed model for atrial fibrillation detection. The proposed method can effectively

identify atrial fibrillation cases from unknown data sets and has a high generalization ability.

Keywords: deep learning; atrial fibrillation; electrocardiogram signal; RR interval; convolutional neural network; long short-

term memory network
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Figure 1 CNN network structure and its convolution, receptive

field, and pooling characteristics
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Figure 2 LSTM network containing input, output, and forget gates
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Table 1 Sample distributions of the training set,

validation set, and test set
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Figure 3 Composition of CNN+LSTM model

B B R B RUZ k)2 2k EETIL
il LSTM o0 Fl 42 % 4% 2 2H i . H A R I8 Ky
MIT-BIH AFDB %4 [ 1) 23 %0 L Ud . 280 R
{H F& ORI RR M PP 8103385 4 80 U 43 DL 100
A RREAFSN R A FEAR S . 20 2550000 bl
BLATELIFAE R I 2R 4 Ao ik 4 | 3 45 s A i 3t
A DA A WA AR iz Ak RO e 77 o # )l
A B A2 BT ERSE (100, 1) 5
—JZERUZ 1 324 31 BB RUZ AL, X RR [H]

e N N
=S40

5
R
=

SO %) 45 A6 P R AR AR AT R B 92 4 DA 4R 1 R AE 5 g
F1o B IELLNE R0 (ReLU) FIFESIE pREL, LA 5 1
Z MBI AR L FRIRRE T . ILAh , ReLU Ay 315 3
e, A BT B beASE 5 g I R AN TR . AR 2
F O 3 2 AR AE DA D R AR B IR IR T
Dropout(Dropout=0.2) )72 LA /D i 815 AU 48 . 783
ANERZAMALZR)S BT 1423k 2 AL
JZ, DR PR AR i i G885 B . Z 5 A 34
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Table 2 Parameters of the deep learning model combining CNN

and LSTM

=y QU = 3 I B -4/5 50 N 153 % i ey QP 73 NI T REZ 2 %
1 BZ 7x1 60 1 100x60
2 Ak 2 3x1 4 2 50x60
3 LR 5x1 80 1 5080
4 L)z 3x1 4 2 25x80
5 LZ 3x1 100 1 25%100
6 Ak 2 3x1 4 2 13x100
7 LSTM 13x200
8 LSTM 13x150
9 LSTM 13x100
10 Flatten - - - 1300
11 &EEZ - - - 50

12 Dropout - - - 50

13 sigmoid - - - 1

23 MR R X EE

SC% R B B fF SR & 4 Python3.8.12,
Tensorflow2.5.3 fitA , i+ 5 HLNAF 16 G, CPU N HEFF/R
Core 17-8700%3.2 GH, GPU >} NVIDIA GeForce GTX
1060,

H mr 3k 45 1z B H B A 5 A48 b i
(Accuracy, Acc) . /& 1 (Sensitivity, Sen) . 4 57 7
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rate, PPV) \F, 7080, ME P 00 SOR TE #7325 0040
B0 P ER Sl TP F1AE.C B B8l TN) 5 4328 19 S 414K
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Acc = (TP + TN) /(TP + TN + FP + FN)  (7)

Sen = TP/(TP + FN) (8)
Spe = TN/(TN + FP) (9)
PPV = TP/(TP + FP) (10)
F, = (2 x PPV x Sen)/(PPV + Sen) (11)
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TensorFlow V- 5 Il 25 5 W A 78 I 25 i 72 R H
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R AR o FE DN Zrad FE W R] 7= A 30 0 o 0 i 4T
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RSN R 2 pR AR, HAHRRL A T

1 N
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UE, YN ZraBARUEIBE & ok 200, LA FE /Ny 128,

3 ZWERKESM
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06, AR SC T B UE CNNA+LSTM A5 AU (14 )
P, 5 T CNN AR LSTM BRI . CNN+LSTM
B FEAT 0 7 B0 3l 0 A 0, FH 560 TF IR A 7R g
G b E A0 D B S B WO, 25 SRR 3 TR,
CNN+LSTM #2887 CNN #2584 5 LSTM £ A
PK A CNIN A A 32 22 41 X0 5 5 19 23 [ R4, T LSTM
B 3 LR XHE 5 B B [ RRAIE , 11T CNNHLSTM 52 5
A T PN 5 TE A REAE , 55 BN RRAEAE L, fil A R
LA S5 ) 43 T R R v A 0 2OKS BE o R
TIE Y S W] AR IO 245 B 174325, 9F B AT
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2 JE AR SCHE A A AL AT Tt g Ak iy
AN 4 FT7R , v] LA ) E135 200 4> epoch J 158 7 5L

%3 CNNHE! LSTM #£8! CNN+LSTM #5843 # 25 B3tk (%)
Table 3 Comparison of classification results among CNN, LSTM,
and CNN+LSTM models (%)

et e BUEE REEPE PPERINR F
CNN 97.13 9846 9552 96.39 97.41
LSTM 9791 97.81  98.00 97.58 97.69
CNN+LSTM ~ 99.11  98.86  99.47 99.62 99.24

AYTSI, FEA B LA BB, I B B A a1
TRVE B AN 5 TR o AR SCHE H A Y7 5 7k I it
£ L REUS U 99.11% Ay HEH & L 98.86% A BUER A |
99.47% A 45 51 L 99.62% 1) FHAE L R . 99.24% 1
F P43, il LAE A BT AR B VAR 1 IS R A1)
PERE SRR .

— train
‘ — test

_ SeIERK=0.066
0 25 50 75
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4 CNN+LSTM #2213 2R 5 HE SRk ph Lk
Figure 4 Loss curves of CNN+LSTM model on the

training set and validation set
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Table 4 Performance comparison between the proposed method with previous works

SCHk FHE W% BURMEY%  FRRM%  PHMEBIUER%  F 580%
Li 4l 25 1L R B RR (7]
2 R 95.90 95.30 96.30
XiaZgl14] STFT (RGB)+CNN 98.29 98.34 98.24
STFT (gray)+CNN 97.74 98.60 97.17 - -
SWT+CNN 98.63 98.79 97.87
Andersen 2523 CNN+LSTM 97.80 96.95 98.98 -
Wang 4524) CNN-+MLP 98.30 97.10 99.30 - -
Zhang 4123 LSTM+CNN 95.28 96.46 94.49 -
i R L s 97.60 98.00 97.40 - 97.10
23 ] -HER P 1) 434
AR LSTM+CNN 99.11 98.86 99.47 99.62 99.24
4 £ERIE (&% k]
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LSTM 3T T — IR B4 S B Fe | 2B B, BBk mT
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