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Estimation of OSA severity by integrating sleep structure and individual prior
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Abstract: This study proposes an innovative method for estimating obstructive sleep apnoea (OSA) severity by
integrating sleep structure and individual priori. This approach aims to overcome limitations in current OSA
assessment, particularly the direct quantification of the apnoea-hypopnoea index (AHI) and the integration of multi-
source information. The proposed method initially integrates multidimensional features derived from all-night nasal
flow, thoracic/abdominal movements, and oxygen saturation signals. It then distinctively incorporates sleep structure
parameters with clinical a priori knowledge. Subsequently, a gradient boosted regression model predicts the AHI using
these multi-source features. Validation on the MESA dataset demonstrated the model’s performance, achieving R* of
0.695, MAE of 7. 46 events/h, and RMSE of 10. 57 events/h. The proposed method outperformed multiple baseline
models, and specifically, its R* score showed a relative improvement of 12.46% compared to the next-best model,
Random Forest, demonstrating its superiority. These results significantly surpassed those of conventional assessment
methods. Feature importance analysis highlighted that parameters such as the oxygen desaturation index., N1 sleep
stage percentage, and BMI were key contributors to AHI prediction. These findings indicate that the proposed method
offers an effective tool for the direct, quantitative assessment of OSA severity. Furthermore, it provides a more
accurate, continuous quantitative index to support clinical diagnosis and decision-making.
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0 3= DA BRI 300 0 0 3 52 2 35 A S A0 5 B, 51 R D M IS R
= RN SR ZEFEY . OSA AL 2 MR IR 5 5 H A3 AE
L 99 11 B MRS I°F 1% %5 455 Cobsstructive sleep apnea, OSA) 6 Al R /& 0o Ml 045 25 I 25 0 P2 30 S A e, 2 &

W H ) :2025-05-27
* B4R H L5 AR B R BRI H (20240101344]C, 20230203098SE) | H 1L 1T #2348 A1) 5 JE Rl BF 52 51 H (2023B2015) % B



949 B 2 F o

T # K

R B B (polysomnography, PSG) & OSA 2 W 5 /™ & & &
TEART 4 4 b o, 388 ok W00 A BT 5 ok o 1 o Ak IR R B 4511
#3485 $X Capnea-hypopnea index, AHD™ ., AHI 5V 4
B /INESF IR I 2 A %) I VR 4 TR TR 3 S YR B I R A
OSA =5 2 & B9 4% L 35 ¥5 . AASM I JE 48 15 % H 43 1E
HCAHI << 5) 2 (5 << AHI << 15) (15 << AHI <
30) R B (AHI = 300", SR1M0 . PSG 2 Wi SOk, (H I 5
BAS AR T 15 B e iy S 56 2 I S e o R T L
CIAESEZEEI N, Wb, JFE28 EH#E. [
OSA % B2 W J7 2 ISR b PSG JRBR , B A 5 2 i R o {8
HARTABX,

AT R GRS B AR 5 AN TR Rk L e sh T % TF
85 3 W 0 3% 4% /D R HRAE S 1 OSA B Bh 2 Wi 5.
W s LA 5% 2] BO0R BE 5% 2 B84 43 7 Flow ., Thor/
Abdo % 5 3 UE 5 kAT OSA T-H R Y, LUIR &2 Wik
RBEMRA I KA E . # 40, Bricout 25 A H
I B HE 5 (e B VAN AU 3 AT LA 2 2T R SR R
B BRI M kB AHIL, Choi &7 R A& A F
S GE B, i B IR A& CNN-Transformer M %% H h K
0 BT A /A B R LR OSA PR E R . Song
S5O0 S 5 3 AR T B )Pl R TR ) P R 3 L A
BT LIS T AHL, SR, 33 28 75 3k 3% 3 4K 48 5T 30 s 5% 60
s ST F BERY AT . 3R 43 B T R SR, B 27K
A BRAE S U045 2 B, 3 BB BURRAE L 4 W7 I % = 2, B
SPPAE OSA ™ B8 i, 8o 46 T ] fil 20 40 Bk I 1) A 3
SEVE . AR R h A4 S I A TR R L VR IR R I R A RS
P ) B SHL AR 0 R RR AN B AE A s R BEAROEE . R B AR O T M
DI L b 8 K AR5 B . [FIEE, B — 40 K A Be s 7
RS54 L.

by 5 Ml A B A B Ry R S 43 F 9E IR B R A AT
e B B R B A AR S, LA B R AR A AR R S AL B
W1, Chen %5 F 3 90 K 4 BERY SpO2 15 5 #E4T OSA ™
AR E 4028, Khan 8500 ) 3 F 30 0 R 4 B il v {5 5 2
17 OSA ZiRK#F 432, REX MM T TR KRS,
B3 OSA = E R B IAL R BR T 42841 55 R g 4 A
M AHI A, T2 AHT 4% 106 R AT 4R 45 S 8 850k ) %
TP E . F 5 S AT {8 R b 5 390 B 2% A 48 4
HFE—ERRR. B, X ARSI A e 5 B, Lk
S B BT B A B 22 S RN s A AR AR, 1 A, AHT 4 51k
31 5 80 MY OSA M, HoIlfi PR AT 15K W% 7 A
FEASTR] . HE Uk, B 40 2 A 28w LA i 96 97 ROR PR AL A
AHIER B RS, flan, & BI7 )5 AHI ) 40 &=
35, 1% B A Ao, B OSA " H SRR AR, X
ANFIF 1 PR 5 255 o 0 W7 3 RN IR 82 3R 97 O R, L L
TE R WBE DT HrXE LA B AHT B9 40 i 28 4k, i OSA 2 W7 Fi
I7RCEAS B = 40 2 =R o

WAk A FFFEAE R AT S8 B (5 B Al A 2 1 IR A R 4

+ 100 -

2SI, OSA K A AL BRIV ) P W £ 29 2 A 6, th 32
R B 2% ) R F0F R A O 5 360 R LA B i L R R 4 4 (A
2% B AR Y B o7 Lt M R 250 55 e S > R B IR BT i 5 A
PR E BRI B Be (A REM D Al 8 5 OSA 314 4& i AH
o TR R 25 #4 ZEBL A B T BN OSA T E R &, [
B, AR 8 PR S B AR B8 4 (body mass index, BMI) 45 5 46
AR E B R B RAFITUE S OSA (19 FH ZL5E g K 2, 61l 4
Y OB M I R R AN EE OSA HBR RO ™ R Y B W
B I e B U B W NI 4 R 2 BRI R A BVE
0 T AR AN AR I R B A T R 4 A 1 T
PERE S ALK SR, B FEE AT BT 5T 2R 4 1 K e B 45
TSR ARG 30 R 5 A 3G 5 R E A Ak Al &, DL SE B
OSA J“HE R AT,

BT LA HT. R IR YT OSA ™ 3 72 B Al 11 75 Bk
MR A A5 B AN A2 AR 4 2 i =l [T 03 DA B 22 LA 5 il
B RS TR B A SCER L — gl G I R 45 4 5 A AR S 56
WY OSA =5 A2 BEAG 31 J7 3 . /) SSPK-GBR % B (sleep
structure and prior knowledge-gradient boosted regression,
SSPK-GBR) . %77 i B e W [F 2L 5% 19 Flow , Thor/
Abdo Fil SpO2 {55 42 M £ e Frfif . HE U, 48 U A
A% B G B 1) B R 5 40 8505 ORI R e e iR, e
T R AE PR A X L 2 U S A B TSR B EE AR T [
I3 (gradient boosted regression, GBR) # % F 42 #i il AHI
HELEAH . SSPK-GBR B 763 if 2 IR {7 B fl& 5[] ) 4
MG SCPL OSA B ™ & R R (ORE 40k A R L & LT
i S PR 12 WE L T7 RCPE B B A M AR IR o7 4 AR TE T S Y
8,

1 F i

EE XM HT OSA ™ 5 2 BEAG T R B A SCH s —Fb
SSPK-GBR #BIHE S . % 7 ik A% 0 7 F R G b il &
NP AR B0 S A £ 4 E A TR AE L S2 A 1A B B
O ) B IR 445 48 2 B L B G PR S 3 R, LA e 4
ERR TN AT 3% 2205 9 GBR [al AR, 52 30 50ORS 4048 A
WALRY OSA ™ B2 AL . SSPK-GBR Ay % {4 HE 52 40 &
1 IR S BE AR 5 0 i AR 3 B A 58 308 T Ak B | 22 4 3 R 4
W2 R RS DL 3 T GBR B R AHI Fi 4 %
DRB .

1.1 HIEmaE

FER ARG S BRI S OSA i 3 AR B AH O
B O R B AR FE X R AR R ST T R G R BiAL
BT RS BN S5 5 1 W B A A A5 5 Ak 2R R
D), HE A B P e U S S e (PR O 2.3 1 B AU S M
AT T 2 R IR,

DFlow {55 4b ¥

SR 0.1~0.8 Hz =By EVRRR Byl i D 2 . A0
B T8 157 A B0 F78 I DA 18 3 e I 81 A P D R ) 5 A A



KO F oA RS M S AMRE M OSA & 42 F 4T 55 2 1]
/ — ) () () \‘.
! - !
E 4o % E
| & (| = | T :
1 H 5} < 1
| & by [
i » B |
swmin | | [ w | [ #E I]» '

Bl 1 SSRK-GBR K% {4 HE 22 [
Fig. 1 The overall framework of SSRK-GBR

P55 5 PR R L [ I A 2B B B K2 3l 5] A R
HL 2GRS AL il 5 v R P T R

2) Thor/Abdo {55 b #

KBRS Dy 2 He (19 = B [ 45 3R 307 400 58 8 I 2%
L2 7 € B A B O I 55 ) B A% O AR 3l 25 1 R B9 R e i
A7 A ) v UL PR Bl B g TR A A 0 AT B DT
O b S IR I 5% 7 9 224

3)Sp02 75 4b 3

RS A T PR IR B AR BEAT P . AR AR U
75 A T T R o a2 O 5 51 B AL Tk e g L HL
A PP 0 B S G R B L A R R PR T
4 320 R R AT i B TR K B

1.2 ZHEHERR

J AT FRAE OSA ™ H A2 A G 24517 B A SO
Sb B B AR BRAE S A AR B AR 25 4 LA R I TR 2 56 TR 3 A
4 B SR BURFAE .

DA FRAF SR AE £ X

A TEHHE OSA A C Y 0T WAL I 0 %5 ) 2 AL
I AR Y 3 A A4k A SCEF XT3 X Flow ., Thor/Abdo
1 SpO2 55 it IR B T — R I 5 I 3 4303 % /N I
BRAF Z AR B AL AR L R L RS2 T & IR
5T RRIE SO BRI A X SRR /R S B TR R S
S JRGE R ECTAE B 7E W2 8 48 7R A R A B A R
MG 401 1] 114 28 kA4 P00

R1 RERIRHEERFSHIE

Table 1

Characteristics of physiological signals extracted

fF5 A 724 FRAE 4 B
i S 4 1 S B E AR 22 I B
Flow WSROI AR BB SR AR/ R 1L 0. 03~0. 5 Hz/10~20 Hz/80~100 Hz Mtk -2 2 #1455
/N g HT dbd NEAME S ARFEES (D1—D5 #35, A5 D REbEE
PRI SR AR A IR/ PR R I IRE L PR B TR IR B I 4T T R
Thor/ Abdo i 18 4 i+ FS B I R 25 PR T 25 VA X B I 2 X R o 2
302 k4 1 BRI UN R EIR I =N 5E s
SRR ETFHE B (0 95%. 90% . 88%) HYIFIA] 4 kb .3 %0 E I 46 B BL A A
2) N % 225 749 2 B4R B SIE LA Tk 7 R AR Y A= HE R M A AT AR O H T ) R ARG

BT PSG B9l B HR 23 391 45 5 L 4R 0T — &R 5 Rk
AN PR [ B I 22 0L 5 R B 2 . I B 2 40 b B R
OO REAE AASM K3 b o i G A TR B4 R PSG g
SARAT . B B R R O B IR A5 R 2 B K L Sk 2
FoR .

X S B B 25 L 45 4 2 O B R R I T O T A AR e IR
[ | 34 S PR FASE 1 Y A R B, N b R AR
o R S OSA BB R IRZ5 M ZKALAE G, H N1 ) 1

WG, I KX s S50 A A, A B T O A0 A A
A OSA F=EH R,

3 AR I IR S 46 S0 R 2

BEUT S TIRECE S 8 Z U5 OSA HZ I
PR 28 A9 A AR I PR 2 0 A AT % Lk 0 (B M A o 1, 2ok
S 0)FT BMI, K3 2 2 50 9 7 WL AU R Rl A RS R , 5 7
I 3 645 B 50 B AN o 3 128 BAE 50 AHT B0, 42 T
IR A 15 PR AR 6 2 T A R AR A i

+ 101 -



949 B 2 F o

T # K

R REMEREASH

Table 2 Extracted sleep structure parameters
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Table 3 Performance comparison of different machine

learning models on AHI prediction task

R RMSE MAE R’
SVR_RBF 15.79 10. 89 0.319
KNN 14.99 11. 22 0. 386
Linear Regression 12.63 9.00 0. 564
Ridge 12.51 8. 94 0.572
Lasso 12. 45 8.91 0.576
XGBoost 12.01 8.42 0. 606
Random Forest 11.82 8.38 0.618
SSPK-GBR 10. 57 7. 46 0. 695

OSAF= B H 4 FKIRIEIEIE

(#: F Gradient Boosting [F] = B3l i it

E# 200
160
" B -
b 120
=
= o - 80
-40

E¥ @B b W
TR
Bl 6  OSA J™ 8 H 90 2R EH I

Fig. 6

OSA severity level classification confusion matrix
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Table 4 Comparison of OSA four-level

classification performance

Y W R/ % Cohen's Kapp
Chen 73.75 0.651
SSPK-GBR 71.25 0.617
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Table 5 Parameter sensitivity analysis results

55264 HUUREE S R? MAE RMSE
0.05~1.0 Hz 4%  0.681  7.65  10.81
Flow 0.1~0.8 Hz %@ (our) 0.695 7.46  10.57
0.15~0.6 Hz 4 0.675  7.78  10.95
1 Hz {&38 0.688  7.59  10.72
Thor/Abdo 2 Hz {Ki# (our) 0.695 7.46  10.57
3 Hz ik 0.692  7.51  10.64
3 25 M B 0.690  7.55  10.68
Sp0O2 5 M ETE I (our) 0.695 7.46  10.57
7 a5 R IR 0.687 7.61  10.75
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