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Sleep apnea classification method utilizing heterogeneous ensemble learning
and electrocardiogram heterogeneous feature fusion
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(1. School of Microelectronics and Communication Engineering, Chongqing University, Chongqing 400044, China;
2. Chongqing Key Laboratory of Bio-perception & Intelligent Information Processing, Chongqing 400044, China)

Abstract:Sleep apnea (SA) affects the quality of sleep and increases the risk of cerebrovascular and cardiovascular diseases. It is
advantageous to implement the accurate classification for the timely treatment at the early stage of SA. In this paper, one novel SA
classification method utilizing heterogeneous ensemble learning and heterogeneous feature fusion is proposed. Firstly, the SE-ResNet is
used as primary classifier of the extracted wavelet time-frequency spectrum from raw electrocardiogram (ECG). Then the 1D CNN-LSTM
is used as primary classifier of the extracted R-peak to R-peak interval (RRI) sequence and R-peak amplitude (RAMP) sequence. And
the SVM is used as primary classifier of extracted heart rate variability features. Finally, the stacking method is adopted as fusion
strategy for heterogeneous ensemble learning, and then another SVM is used as the secondary classifier to implement SA classification.
The proposed SA classification method is evaluated on Apnea-ECG dataset, whose accuracy is 89. 12%. Experimental results show that
the proposed method utilizes the diversity of primary classifiers and complementarity of heterogeneous features efficiently, which
outperforms the conventional SA classification method.

Keywords :sleep apnea(SA) ; ensemble learning; heterogeneous feature fusion; electrocardiogram( ECG) ; deep learning
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Fig. 1 The proposed SA classification method
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Fig. 2 The network structure of SE-ResNet
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Table 1 The model parameters of SE-ResNet

B i

SR [ (P NINDYS SR N2
InputLayer ~ 128x128 1 -
ZeroPadding2D 134x134 1 padding=( (3, 3), (3, 3))
Conv2D 64x64 64 filters=64, kernel_size =7, strides=2
BN 64%x64 64 -
ReLU 64x64 64 -
ZeroPadding2D 6666 64 padding=( (1, 1), (1, 1))
MaxPooling2D ~ 32x32 64 Kernel_size =3, strides =2
CARCM 32x32 16 -
CARCM 32x32 16 -
GlobalAvgPool2D 16 - -
Output 2 - units =2, activation = “softmax”

AR B 2 > BTy A K5 , $0H 0 5K . QRS I RE 45 44
HEABL, 25 59 S BORE AR e B4R M sk 81 BE IR, RRI 371 il
RAMP J3 81| it 5 g Sz il R A5 AL BILEE , i /N HL X SA
FAFRUR, I, ASCE LR ECG H 2L RRI 751 fl
RAMP J7 811, 2 A [) 331 %6 85 SR A J5 4143 o4 WLl 3 RRI-
RAMP J741, CNN fe 5480 ECG HA P 46 ilCrfig
FERASVE R S R AT LSTM B KA I, AR &
B AR SCHIE 1D CNN-LSTM 1 h 0120532585
A 4% 25 R RIS B S 85053 S A 1] 3 gk 2 I
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Fig.3 The network structure of 1D CNN-LSTM

%2 1D CNN-LSTM 4158 S5
Table 2 The model parameters of 1D CNN-LSTM

A s
prm R BRSNS
InputLayer 180 2 -
ConvlD 180 32 filters=32, kernel_size =3 ,strides=1
MaxPooling 60 32 pool_size =3
ConvlD 60 64 filters=64,kernel_size =5, strides =1
MaxPooling 20 64 pool_size =3
Dropout 20 64 Dropout_rate =0. 2
Reshape 10 128 -
LSTM 16 - units = 16, activation = “tanh”
Dense 32 - units =32
Output 2 - units =2, activation = “softmax”
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HRV $5§ #1148 0> 2 J& 11 2 (8] isf 8] 1 A /N 22 5%
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Table 3 HRYV features
5 FHERRSE FEER i
1 MRRI RR 8]]34 {1
2 MHR (NI Sl (=)
3 SDRR RR [H]31 A5k 22
4 RMSSD AHAB RR 1] 7 2 18] 22 (H 1 35 5 AR
5 NN50 AH4B RR 18T 50 ms %

6 PNN50  AH4E RR {385 50 ms BOECER 4L RR ] 5

7 VLF HARATZE(0~0. 04 Hz) F3dt (T
8  VLF/total MARSTZE(0~0. 04 Hz) M T35 1k
9 LF IRATZE (0. 04~0. 15 Hz) 73BT

10 LF/total AT (0. 04~0. 15 Hz) Z- RT3 5 L
FRE (0. 15~0. 4 Hz) > B3

R (0. 15~0. 4 Hz) S RAVIIR G 11

11 HF

12 HF/total

13 SD, T 31 PTG I3 Jed il
14 SD, PETmHe I 52 4 il
15 SD,/SD, SD, A1 SD, BiZ =zt
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KA 11 I gEE /NIRRT 5 SE-ResNet 1 SA
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GREEBAE , U125 SE-ResNet ; FFUCKE /N I 43 135 iy A 2111
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H TR Py, et o
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2.1 KIGHEREHTE

Apnea-ECG H¥a4E"" 7% 70 KBS HK ECG id 3¢,
Beorhy 2 41, b — U A Bhi2 W SA BEvE RS
VERINGREEE R ; 55— TR IR M RE VAN , 4 HAE Rl
B, B 26 R A Varanini 2 32 19 7 190 ) R
i ECG " SELR IR AR 75 | FRAR Y Apnea-ECG $i4E 42
) SA FHFREG R B EE)E ECC 4% A TA
1 min i ECG FBt, LHAHRE RGN 4 P,
2.2 MEREFEMAE

1) SrFPERETE M bR

ARSCR I HERS A (ACC) K§# % (PRE) | A [l 3

Fz 4 Apnea-ECG HIEELIGHIE
Table 4 The experiment data based on Apnea-ECG database

AL BB Beif A 1 min)
Bl osamHE EW Aﬁff;;i? NCE#) Al
V=S 23 12 6 473 10 236 16 709
ik 23 12 6 490 10 455 16 945
At 46 24 12 963 20 691 33 654

(REC) F, 5501 AUC P SA 4307k e ERE ™
2) K2 b
FER L, B A E T3 AHIL 35 %2 ( apnea-hypopnea
index) FHATISWE N AHI BT IR .

AHI = (%) X Total(SA) (1)

A, T RAREAD ECC i #MKE (HA7H min) ;
Total(SA) FrRiZick 7 JAR Kl th 1 SA R Befis:

AHI=S5 120 F B0 SA &, # H MAE
( mean absolute error) ¥8FRET & /25 E TR AHI {H 552
PR AHI 2 1% 25 . MAE MR ETR .

1L : '
MAE = Wz ‘Estimated’w - Real',, ‘ (2)
i=1

K. N ERIR ECG idsk 1Y% ; Estimated,,, RR55 i 4>
ECG i3 h 40 25 28 /3 25 45 BT 8 1 ok 19 AHI 48 %%,
Real',, Fm55 i A~ ECG L sk 3EPRIY AHL 4645,
2.3 AXFEXRBERSHIF

ARSI A L5 K H IS AL CPU 2R Intel E5-4650
v3@2.10 GHz kb3 &% IN 17l 32 GB, 2 < & NVIDIA
GeForce GTX 1070Ti,#:1E & 4t~ Windows 10, 4 F2 T. EL
J Python 3.6 F1 MATLAB R2019a, ¥ & 2% > HE 22 H
TensorFlow2. 4, Hl #8752 JiE 7 Scikit-Learn #ll Keras, TEAS
SO BT SEEG AN 2. 1 TR Apnea-ECG B4
ASCAE I 9% 53 25 2% SVM-1 R 2% 43 25 48 SVM- 1T 1Y
SRR E AR BT R B C=1. 0, KRBk bt |, Hidy
E 2GS SN

1) ZFRHEFEE S RIR AT IEAR LI 450 5 00

SRR 1.1 A5 Rk« ZRHERBUS DI 2R 5T
Jr AT S BLARALEE

(D) D5 1w el 22 /N AR ik BL ECG 197N
WA | /N 3 A SUIE 28 /N < biord. 47 RUBE i LA
128 2%, #EMfHi ] SE-ResNet #£4T SA 432,

(2) 71 2. 4615 ECG 1Y RRI JF%1 #1 RAMP %
G KBS 3 WAL SR AT (A L E R AR 3 Hz, 4R
Jabs HAH A R SF R/ g 2% 180 A X i RRI-RAMP
JE 51, Bd 1D CNN-LSTM #E47 SA 432,
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(3) J7¥E 3. I AR I 3 F sl ECG Y 15 1~ HRV
FEAE, e BAslCRe Ak 3 i 45 /R 75 7%: (Welch's method ) 71
B HRV (55 00 545 % AR 5], IR MR IURRAE 3 1 43 Bt
ECG MPEIsEE 4%, dmifiiH SVM #1732,

SEEGLE RN 5 BN,

x5 SHERDEVASLFIIRER
Table 5 Experiment results of multi-feature extraction

and primary classifier

ik ACC/% PRE/% REC/% F, AUC
1 85.23 89. 82 717.65 0.8329 0.814 2
2 86.23 85.31 87.52 0.8640 0.8777
3 75.72 82.32 64.91 0.725 8 0.737 2

3% 5 AT, AR SCHE HA ) 3 o A 12 BB B G 7 F
W HAR I RE A ST SA 702,

2) SRR ) 5 AR Rl T S

B HIRA L1 TR« G5 G /NI A 5 SE-
ResNet [ SA 4327 J7 1, “ 454 RRI-RAMP $% 5 1D
CNN-LSTM ) SA 432" Ji ikl “ 454 HRV F#fE5 SVM
B SA 7287 PRI T SA 70285250 s SR 5 PRk ik LI
WP PS4 A S s (Stacking ) VE NG S0 | #E4T SA
YIS B B O IR iR ik s 4, R an 1.3
TR SA R IE R IR YEAT SA 4328505, SLEG
ZEERNER 6 IR,

R6 HEAKIEEAR

Table 6 Results of ablation experiment

WA EHCE ACC/% PRE/% REC/%  F, AUC
I - 85.23 89.82 77.65 0.8329 0.8142
II - 86.23 85.31 87.52 0.8640 0.8777
I - 75.72  82.32  64.91 0.7258 0.7372

I1+1 Stacking 88.10 91.18 83.52 0.8718 0.8552
I+l Stacking  85.62  91.69  74.68 0.8232 0.8323
I+ Stacking  87.83  90.56  83.31 0.8678 0.879 1

I+ +1I Stacking 89.12 92.39 83.87 0.8792 0.8835

M 6 FIAL (1) i T, TS T SA
Iy ik LRy ACC . REC, F, 23 BUR1 AUC ¥ T
ik LA, 7k DPERe AL, (2) Fik 1 AT HH
WG, RHMESIEE Al & R HEAT SA 4325, Jr ik T AN
1 BB 5 S PR RE A T Ho i R 4l & 07 i, il T
HRE R T AT EAT SA 4325, (3) k1 . I
M4 A, R HEEEAE G SR 51T SA 7028, K
ACC \PRE F1 AUC ¥ ki, (B REC F§R T4 1L,
XTI MM REC K F Ak 0, Hikf 3 f

Jrkgs A REC ROMA BT T B, AH 2, AR ST 5
B F, 3B iX LR 75 1 PRE Fl REC 5,3 F
T AR A YRR LT

25 bR AR SCfit 09 S5 AR A 20 L R AR AT il
BT ST 0 B S R /N A RRI F
RAMP 51 F1 HRV ZFUFIERIEHE B4, HFTE A H T
SE-ResNet 1D CNN-LSTM #1 SVM 3 Fh#) 2 /3 25 88 1) &2
FEME AR = T SA Jr2ebERE,

3) SRR LA T ARG SR T L S IR 25 S 5 A b

Ban 2.3 b R AR AR 2 5 S R R Rl T S
B EE T TOMMPHHEE, R =EMEE, B0
S A S 38R A e B ik ( Stacking ) 75 4 57 5 4R K
222 Rl G RN SEIREE RN 4 R

0 « B = P13+ Stacking « B I = P13k~ Stacking
2
79
7]
75 70
[+0 [+ TM+MT+T+10 [+ T+ O+ T +T+10
HETN HAETTAR
(a) ACC (b) PRE
00" BEY: P39 + Stacking 002 B T3+ Stacking
8 0.90
=5 W 2o8s| ke
20, 2 0.80 '\/ A
N L5t e L
33 e 0.70 R
50 0.65
[+0 [+ TM+MT+T+10 [+ T+ O+ T +T+10
HEFN HAETTAR
(c) REC (d) /7, _score
095 « B =Pk~ Stacking
0.90
So.8s
<0.80
0.75
0.70
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HET R
(e) AUC

P4 N[l S S 45 R

Fig.4 Experiment results of different fusion strategies

mE 4R, (1) FEl DM =5%4, KA
B MRS SRS, L ACC \PRE | F, 23 %UF1 AUC 11T
SR W T 3 OB RIS A LA R
S CPERARME SRR A SR I SA 2R O5k. (2)
kT A =& 454, RS LN A& R, H
REC ST LA 45 6 BR FIF- AR s sk ms
B SA 432Kk AHRH F 80 B & T, AUuC Al
XTI, T A A A 2k RE

bR, e T DAL = H 454, RS 1k
Sk S AR A 2T W L SR 5 B R R Y A L
B A SRR 2 R
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2.4 ILEELBERSHH

Sy i — 25 B UE AR SCHRE Y SA 4y 28k A X
Apnea-ECG £di 4 , #e UL 4Rk A URPER ] ECG
AR IEAT SA IR 25 2 BRI T LSRG Bk
1% . 454 RRI-RAMP J£ 1) fll LSTM-RNN % 25" () SA 73
H5T7 5 454 RRI-RAMP 81l LetNet-5 [ 455 ) SA
3T 454 RRI-RAMP J5 41 Fl 1D-ResNet [ 451 1)
SA 3K ITHE . AR T PR,

RT SAHERFEMHREITLE

Table 7 Performance comparison of SA classification

methods
R ACC PRE REC F, AUC
/% /% /%
LSTM-RNN'®" ~ 86.10 8514  86.42 0.8577 0.8570
LeNet-5"] 80.37  79.20  79.68 0.7943 0.796 9
ID-ResNet''")  84.04  84.04 81.77 0.8288 0.8177
K SIS 89.12 92.39 83.87 0.8792 0.8835

K5 5 X Apnea-ECG $ 45 45 14 A [R] ) 52 46 J7 v
PEATXS LUSH , SERR AR NER 9 P .

%9 UCDDB ##E% SA 5K 5k EREXTLL
Table 9 Performance comparison of SA classification
methods with UCDDB database

ACC PRE REC

Es F, AUC
/% /% /%
LSTM-RNN'®  84.31 78.74 83.24 0.8093 0.8235
LeNet-5"] 78.26  71.08 76.95 0.7390 0.7852
ID-ResNet''”  83.01 78.00 80.09 0.7904  0.8029
AR5 86.50 83.75 82.19 0.8296 0.8624

M7 AT (1) ARSCHR I SA 23207 vE 1 ACC
PRE . F, 43%0F1 AUC 4371k 89. 12% .92. 39% 0. 879 2
M1 0.883 5, It # F LSTM-RNN'® | LeNet-5' | 1D-
ResNet "' [ 3 Fft SA 4328 ik 40 5242 T+ T 5. 62% |
9. 60% .0.052 3 1 0.059 6, ASSCHTHE A SA 432851k
PP RE IR S P T HAth 3 i AR HAA AR R EEXT ECG
BARIEAT SA SRR S DB, (2) AR SA
32807 REC RS T 2 T LSTM-RNN 1% SA 43250
B AR RSO F, 380, He AUC R fie i, iX
ULHHZEA 25 )% PRE fl REC B, AR SCH AL FHET LSTM-
RNN (1) SA 433505,

R TR A ML TE AR SCHE R Y SA 432 i i F
PE—H41 %] Goldberger %511 $RAHE (1) S B B 154 7 %o
HESess S bRIA%dE 42 (UCDDB) 4 25 4% — 8k
ECG 5%, RIS 30 Je R 5 2. 1 5 A1 [F] A9 25 M8 41
il ECG Hriy M AR5 HHl UCDDB %42 iy SA
FHFFREN B WS 9 ECG 2% 4 T4 1 min 1
ECG R Bt, mALIBIRSIHE LR 8 PR,

%8 UCDDB ##E & K16 ¥ 47
Table 8 The experiment data in UCDDB database

F B B 1 min)

S
ACRAEMIREEEM)  N(IEH®) Gt
VERS 2 005 3007 5012
M4 859 1289 2148
At 2 864 4296 7 160

3% 9 740, £ % Goldberger Al R 1 S BRI R,
B (UCDDB) , R A SCHR B M IR R F, 8K
I AUC i,

25 LR A SCHR 5 5 B SA bR A
2.5 EFNMEH SA HRIBERSHH

R EE SR 43 M UE AR TS SO AR HH Y SA 4328k BTN
Apnea-ECG G JE— AT R T AR SA 4r385L
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Table 10 Experimental results of individual-based

SA classification

MEITA EREME  ACC/%

PRE/% REC/% MAE

I - 97.14 100. 00 95.65 7.41
I} - 97.14 95.83 100. 00 4.61
I - 91.42 88. 46 100. 00 10. 06
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Fig.5 The analysis of scatter plot for AHI prediction
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