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Abstract Obstructive sleep apnea (OSA) is the most common sleep respiratory disorder, and it is a
potential threat to many physiological systems., especially the cardiovascular system. Most of the
previous methods for OSA detection extracted the shallow features from electrocardiograph (ECG)
which would be used in classifiers, and they failed to achieve excellent performances on the ECG
signal with high noise and large datasets. To solve this kind of problem, this paper propose a long
short-term memory recurrent neural network (LSTM-RNN) based on combination of multiple kinds
of feature signals. The method fuses multiple kinds of shallow feature signals that are extracted from
ECG signals and learns the deep feature from the fused signals. The accuracy of OSA detection model
in long ECG segments is increased and the generalization ability on large datasets is improved. An
effective preprocessing method is propesed for shallow feature signals to highlight the variation of
OSA time sequences. The preprocessing method may improve the convergence of training neural
networks, reduce the impact of outlier noise, and further improve the detection accuracy of the model
for the ECG segments with high noise. The experimental results indicate that our method is superior

to the existing methods in the accuracy of per-segment OSA detection.
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Table 1 Performance of Different Preprocessing on Feature Signals Based on Per-segment OSA Classification

F1 TEFLAEAEERROSABA LN EER

Accuracy
Preprocessing Methods
RRI RAMP EDR
None
Subtracting mean 0.796
min-max
z-score
z-score and magnifying 100 times 0.769 0.780 0.805
Subtracting mean and magnifying 10 times 0.791
Subtracting mean and magnifying 100 times 0.789 0.787
Subtracting mean and magnifying 1000 times 0.780 0.774 0.815
Subtracting mean and magnifying 10000 times 0.756 0.761 0.817
Subtracting mean and magnifying 100 000 times 0.735 0.725 0.805
44 ZHEESHEXNSEERNEMN TGS AR R R 3, Hoh RRT 5 EDR

AT TR ZFAEE 5 /A A AHE 15 (0 20 A B AL T 0 S R A Y B 47 40 2 o L TR )
KGR 2 Fron. EDR {5 5 32 44t 7 8 58 3 4 1E T 83.7%. 4 ATHL &4 RRI,RAMP, EDR 1% 5 i,
PRI A R A5 0 MR A 20 SRR R B A RER R 8 8 1 85.4 %, I T AN FRAE {5 5 AN
T 81.7% .t RRI 1 RAMP (¥ 23 5 R4 & T 2 MFREAS 5 45 0 43 R 28, 2 e 45 SR R U,
Z) 2 AEH Y RATRLE 2 DNRREE S B AR B 2N RRIELE 5 AT DU ST OSA 43 25 1 i i 2.

Table 2 Performance of Different Combination of Feature Signals Based on Per-segment OSA Classification

#2 FRABEESESESR OSA B LHHRER

Signals TP TN FP FN Acc Sen Spe

RRI 4394 8301 1537 1706 0.797 0.720 0.844

RAMP 4635 7930 1908 1476 0.788 0.758 0.806

EDR 4361 8667 1171 1739 0.817 0.715 0.881
RRI+RAMP 4681 8534 1304 1419 0.829 0.767 0.867
RRI+EDR 4843 8506 1332 1257 0.837 0.794 0.865
RAMP-+EDR 4163 9012 826 1937 0.826 0.682 0.916
RRI+-RAMP+EDR 4924 8663 1175 1176 0.854 0.809 0.881

34 TS LSTM-RNN B3 e df 72k i sREs 200 506 4 /MBS B e 28k, S B0 2%
HERA S B () B 7 2 40 2 40 dropout Fil Recurrent VI ER s
dropout (115 B 8 2 A7 %6 46 b TS A 28 T HR e LAY Y FATIEIAE T A S5 B AE OSA I 5% i 1 1)
ZARE Ty AH FHBUE G R 23 S BURI A AE LSTM- R HERR R, BT ECG i s i 2 - OSA
RNN HREA# ] RelLU #3& R %0, b RelLU #% B 3. 7 Apnea-ECG B 2R 35 25 iic s+,
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K H Apnea-ECG HEFE AY 315 2, Bl ANR — 4% ECG
ICEHPAEAE 100 min DL A OSA F BEL % %% ECG
SR A HE OSA B3 fE7E 10~100 min [ OSA
F BN R E OSA B35 /776 5 min LR OSA J
B A i BN

ASCITIERERS 100 6 X3 BN 5 B HE R % H
TE 5 A BE R T A — 24 TP R R R O R R
X N R AR ST ik A1 T OE R OR BRI
OSA F Bt AT AE S5 22 TAEh 51 ARG PSR LI
fifp PR32 1) AL

Table 3 Parameters Used in LSTM-RNN
%3 LSTM-RNN £#

LayerName Input Shape Layer Type Dropout Recurrent Dropout Activation Output Shape Parameters
LSTMI1 (240,3) LSTM 0.1 0.4 tanh (240,384) 595968
LSTM2 (240,384) LSTM 0.2 0.5 tanh (240,384) 1181184
LSTM3 (240,384) LSTM 0.3 0.6 tanh (384, ) 1181184

FC1 (384, ) FC (128, ) 49280
FC2 (128, ) FC (64, ) 8256
FC3 (64, ) FC (32,) 2080
FC4 (32,) FC sigmoid (1,) 33

Notes: FC(fully-connected layer).

4.5 XttEaHr

AT KR ST e £ T — 28 5 A SO ]
HH R B T 1) SCHRAVE XS B, an g 4 R B ik K
Z A LG bLER 2% 2] 7 ik T3 o B BE A R &
AR YR 23, LR G0 T T A R B HI A 1 3 AN g

PRI 0 A 2 HE o 28 A SO ] LSTM-RNN 2% 3
Z L B A N ECG 5 5 b H BUAY 22 F91F 7 2 R 1E
o R RERR EEE T 85.4%. T Li %
ANPEAE ] SAE 2% 2] RRI B 7 . 8 TAE G bl o
2] 5k

Table 4 Comparision for Per-segment Classification Between Our Method and Others

R4 FAXFESEMAEERBES DI LHER

Reference Year Population Signal Methods Classifier Accuracy
Carolina, et al.[?] 2015 70 RRIR.EDR Feature Engineering LS-SVM 0.847
Saeed, et al.[t] 2010 70 RRI Feature Engineering Quadric 0.847
Hemant, et al.l”! 2016 70 QRS Complex Feature Engineering LS-SVM 0.838
Nguyen, et all®) 2014 35 HRV RQA Decision Fusion 0.850
Li, et al.[1?] 2018 70 RRI SAE Decision Fusion 0.847
Our method 70 RRI&RAMPE&.-EDR LSTM-RNN 0.854

Notes: TQWT (tunable-Q factor wavelet transform), HRV (heart rate variability) , RQA(recurrence quantification analysis).

A SCHE H ZRAE S 515 B A5 1 LSTM-RNN
I — e X 8 J2 R AE A 5 1 T4 38 3 L T O il
25 T A S R FRIE (S S E 8 LSTM-
RNN (i A, fff LSTM-RNN fEfg 24 3] 3 0 L A
R TR )2 FRAE 32 T X & A 85 E M A 1 OSA R B
(4 53 28 HE AR 2R 5 B KRR 2 1912 fL B J) . 7E Apena-
ECG ¥ 4 3 T A Bt iy OSA & fn) & 15 5] 7
85.4 %6 [ 43 S MEH 3.
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