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Multimodal OSA Detection Method Based on CNN and Stacked LightGBM
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Abstract: A multimodal method of detecting obstructive sleep apnea (OSA) based on oxygen saturation and electrocardiogram

signals is proposed. Firstly, the empirical features of blood oxygen saturation and ECG signals are extracted, and the optimal feature

set is obtained by using Pearson correlation coefficient; Then, convolution network (CNN) is used to generate deep features to mine

the potential correlation between different modes; Finally, a stacked lightweight gradient hoist (LightGBM) is constructed to improve

the detection accuracy of the classifier. Four fold cross validation was performed on the public data set apnea ECG. The average

accuracy, sensitivity and specificity were 96.04%, 96.44% and 96.22% respectively. Compared with decision-making level fusion, it

has higher classification performance.

Keywords: obstructive sleep apnea; convolutional neural networks; light gradient boosting machine; oxygen saturation;

electrocardiogram
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BH ZE VE B I PP I 1 457 Cobstructive sleep apnea,
OSA) & DL PRSI, 7ERER T PR <R
PR/ TL AT I ERDR AR 2019 SR TP I8 27k
ST, 2B 30~69 ZIIAREHLAT 936 (L ANEH
OSABL (K[ t, KIHZWIATRYT OSA fEA . H AT,
i FH A AE (oxygen saturation, SpO,) ALy Hi ]

(electrocardiogram, ECG) FRAE OSAM, {H SpO, T %

TEAELEIRP), i ECG RMIRGES . RHHAT SpO2
FECG A BT m OSA sl 2.

IR, F2 L5 iR 2T SpO, #1 ECG &
FHRAEZ A OSA Rl 7. i, LI 2571 PUNJABI
SGIEHL SpO, Fl ECG 155 1) 8 NMAIRRHIE, FHfiH]
NT 2 M4 (artificial neural network, ANN) 1T
OSA fill. BIRFEIE T AENE SN EA D, Hk
BHATRHIEIESE, WTREAAAE TR I tboh, BiRES)
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SRR A AR, SR B B B m] 3N s o
TRIE 5 51 A5 B AR AR 2R A IT Bl 32 N
F OSA ¥, 2 MOSTAFA ZUNHE, iT+4KH
RFEZE RN OSA B SCLIH 255 K. ERDENE-
BAYAR S50 G ] —4EA1 —4EEARM 280 ECG
HEAT OSA A& . VILLAR! WAL TR BE 2 ST (1A F 4 DL
&5 SpO, 7E OSA I H BN IIRE J7. iR T7i% IR AT
PASEE OSA A, (H AT A [F) A BRAE 5 (8] T E
FAKME, AR B A2 PR
R AR BRTE S RIS Y PR RS b AT R A U2,
BASTANI S35 H B TR FE 27 STRIR R 592 0] LA
RIRHIEERIERE /7. HE 045 AR S B 5T L
(light gradient boosting machine, LightGBM) HJ L%~
SIHTIRHERS B, SESRRHER R, AR R A5
R R FBE 2% = A R REAE HH BB R 2 IR B 50 B
S B G A RO P AS ) A 2245 45 (] 98 7EAH
KMk, AR H—F T HER ML (convolutional
neural networks, CNN) Fl#iZ LightGBM 2 EZS
OSA il 57%. SpO2 Fl ECG Bt T4tk 4>
FIH B R AR R EL T JAFRAFHIELR, {8 H CNN A4

IR IZIRAE, 45 & mURHESE/EA LightGBM 47
FERHN, FIMEE VAN OSA AR,
1 ML
o) En A
Bl X ={(x,0,)} - Hohox = {x,,x, | %
ANER | NI SpO, M X, Ml ECG [ x,, [f15E
ey, € {10} N x WRIkREE, y, = 1AREN 4 1)
IEFEARFREE, v, = 0 FRICH N IFREAFRES . 2k iR
O AR SR
1.2 MLgLEH

ACHEH ) CNN FIHES LightGBM P& 4547
T BARSH0E 1 P, Hd, LightGBM M4
8, WA, fhithasEiE R 50, XF SpO, fl ECG
G5 IR A TRAC B S R LR IO RHIE, PHEGKEE
9133 K TALER SR FESS Y 6 000 ) B CNN
W4, SRR E A FURFIE, 52 IRHEDFEZRA Light-
GBM: Rl & 4R 5 T ZERHIE KA IRHEHE,
I\ LightGBM, VLMHEZBEIT OSA #ll.
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| === - — === LightGBM
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LightGBM LightGBM LightGBM LightGBM
Ve S % eSS
v v v 2
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2.1 BE&E

AT Physionet! O 5 1) 23 - HHE £ I 2
O HEERE (apnea-ecg database, AED) 171, 70
il 8 44 SpO. A1 ECG,  H3k A FE kit
H, RFEEYN 100 Hz, SEHEA 401 ~578 min
AN, R N7 AL “A” 3 AR IEH AT OSAUT-181,
22 BUETMAIRESXI 5

HARTIALHE: 5k 8 257 SpO2 Fl ECG U3 H1
JE % 30s SRS, LRI AR 2 A R A bR 25
LB JEHE 30 s; KEARYINAESN 1 min T,
FREA A BN MK T 50%[1) SpOa AT 48 LA
THBRZ PO RGBT AR A X ECG
JEW, FIF Christov J7yAUSHEEL QRS W, @il
Hamilton J7 i3S TRCSR, LA R I AIIAIRG 42
HULE(ES .

IRIEBARE A, K 8 Zic Rl N IUHT2E X
WE, WiER 1 Fs.

* 1 WX BRI S

. ‘ e MR L
75 103K
N A N A
1 a0l, b0l 1790 970 464 486
2 a02, c01 1691 1 040 563 416
3 a03, c02 1508 1213 746 243
4 a04, c03 1773 1145 481 311

2.3 $HERRER
23.1 ECG RSB RHIEILFE
NEBRE DR IFIERR g S, RERE 24 s i
ATEMEAERME, 1 FHENEROME T 5 min FLFRES
HIZIE B (power spectral density, PSD) FIEE A
. WEBIETERE 0.005~0.03, [HIFG 0.0025, 2
B 5 min (1) PSD FIFEASZRHE. FIH LightGBM
AT VYHT A2 SR, AN [FBMEAS RIS R 2 B Ry
fif (receiver operating characteristic, ROC) £k 1 THIFR
ith £k (area under the curve, AUC)FI F1 3% (F1-score),

W 2 Fizss
/»—;/ M
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Fan
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—o— Mean_AUC
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o o @& © 0 0@ o 0 o
Q QA Q % > A Q 9% % A
NS QQQ O QVQ.\’ S 99\, [\ Q_@r S &

BRE
B2 LightGBM i % S A R AIL BV B S 6 45 R

P 2 AL, LightGBM WUy R4S AR A et
R EYEHITE 0.012 5~0.02 2 [7]. HEFEBIE A 0.015, H
14 ROC MR 3 fizs, AUC N 94%, biiHEdwZE
N 4%,

1.0

0.8

Fold_0 (AUC = 0.89)
Fold_1 (AUC = 0.92)
Fold_2 (AUC = 0.99)
Fold_3 (AUC = 0.98)
, == Chance
s - Average AUC = 0.94 + 0.04
0.0 + 1 std. dev.

0.2 1
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EUEREES

K3 BAME 0.015 XF M FIF ROC Hi £k

FH T AT T, O AERF AR R U SR
FERR, DRI T DA P I S50k ) R AE ASE I 2 75 R A
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OEAS SIS A2 BHSRHE PRI E L AR,
JAGE] 62 AMFFIE: FHA— I 2Bk BRI O R 3L
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F=2 2BV ECG BYHHXE4HE

5 FRIE 4R R AR RE g FRIE 4R R RS
1 p75_r_Smin 75 BB A 3L 9 min_hr_Imin 1 min A #0355 /ME
2 mean_r Imin B AL 10 min_hr_5Smin 5 min W I0OFR/ME
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. 1 min AAHAE RR B[] 22 52 19 . kS
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7 pnni_50 Smin R 2 B Ll RR 17 2 4 15 f peak PSD UBAR X S A AR A
. . \ . FEASZ KT BE I PSD B F 5 A
8 max_hr_5min 5 min P 103 KAH 16 area_ratio i N T BB PSD A1 il
232 SpO: FHEHEH Sp=T,/N, (4)
2 SpO, Fr BRIFRAEAZ M 100 Hz P& 1 Hz, Acc = (TP +Tn)/(NP +Nn) )
P —. ZMrzEsPY, BRmEKER 127,
—hE BN Ber =1~(Se+Sp)/2 (©)
' ﬁqj H
x(k)=x,(k)—x(k 1 VTN -
(k) = x,., () =%, (k) M T ERA TR R A
=g (SN W N, —FTH IEREAR R
" ' ' — AAREARA TIPSR E S
N, — T SRR
A 33 SBALSHMA

X ——SpO, F BeAL U 1A s

xi

3.1

% 12GB

o

3.2 VMhiEFR

5 R M (accuracy, Ace) « fBUBY: (sensitivity,
Se) . i (specificity, Sp) « P 1%% (balance

FERITEE, = {1,2,60) .
3 SLRERSHH

SMUTES S
SEIG K PR FE 22 S HEZE Keras, HR%5#% CPU
Intel(R)Core (TM) i5-6300HQ CPU @ 2.60 GHz, %]

error rate, Ber) Fll AUC 1EANTEAETER.

28

Se
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NG AE A SO Y RE A2 48 AN [R5 5 [ PR AH G
SE, A4 Hse5: 1) T ECG 3 )2 CNN
W5, FIFH AED % T 70 - 8=62 %% ECG i3
W25 CNN WEZ AR, PRI AT RIS 1B AR
RN 20 35T Sp0, ) 3 )2 CNN g5, Rk
IMAHER: LightGBM S5 FTIHZ LAY, 3)
T SpO, A1 ECG M3 )ZR/lA (decision-level fusion,
DLF) ; 4) ASFHT SpO, fil ECG ff) CNN K ifEE
LightGBM [MMZ& LAY, AR2H SIR g R AU 3E X
ISP S5 R, T = 2SO0 ENFRLR, Ik 3 fiw.

H5% 3 I LAE e AR SORAY SEAG 45 SR T s
H SpO2. ECG; & DLF AL, Ace F1 AUC 535
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FREPR A5 ET CNN 5H#E LightGBM BILHR7S OSA #8375 3%

R Bl ST RS IR B FLACRAL
TR
*3 TEIMKREE OSA KNI REXTLL

X2 jars Acc/ Se/ Sp/  AUC/  Berl
wom FY g % % % %

CNN ECG 7305 8368 63.00 7334 26.66

CNN  SpO2 9590 9654 9556  96.05 3.95

SpO2

DLF f 9418 9356 96.80 9518  4.82
ECG

y SpO:

;gfu Ijr > 9604 9644 9622 9633  3.67
ECG
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4 TREISCHREY OSA MM REXTEL

Ik T I
SVMIZ] 2 80.80 8679  88.48
SvMmI26] 2 95.35 — —
AITTE = 96.04  96.44  96.22

FHER 4 Al %0: SHI 2RI A SCHF A&l (support
vector machine, SVM) X} 13 MR IES AT 138 X
BE s MEMIS 262601 Fl SVM AN 247 B F SpO2
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