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Objectives: The aim of this study was to develop a predicting model for the optimal continuous positive
airway pressure (CPAP) for obstructive sleep apnea (OSA) patient with obesity by using a machine learn-
ing. Methods: We retrospectively investigated the medical records of 162 OSA patients who had obesity
[body mass index (BMI) = 25] and undertaken successful CPAP titration study. We divided the data to a
training set (90%) and a test set (10%), randomly. We made a random forest model and a least absolute
shrinkage and selection operator (lasso) regression model to predict the optimal pressure by using the
training set, and then applied our models and previous reported equations to the test set. To compare the
fitness of each models, we used a correlation coefficient (CC) and a mean absolute error (MAE). Results:
The random forest model showed the best performance {CC 0.78 [95% confidence interval (CI) 0.43-0.93],
MAE 1.20}. The lasso regression model also showed the improved result [CC 0.78 (95% CI 0.42-0.93),
MAE 1.26] compared to the Hoffstein equation [CC 0.68 (95% CI 0.23-0.89), MAE 1.34] and the Choi’s
equation [CC 0.72 (95% CI 0.30-0.90), MAE 1.40]. Conclusions: Our random forest model and lasso
model (26.213+0.084xBMI+0.004xapnea-hypopnea index+0.004xoxygen desaturation index—0.215xmean
oxygen saturation) showed the improved performance compared to the previous reported equations. The fur-
ther study for other subgroup or phenotype of OSA is required. J Sleep Med 2018;15(2):48-54
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Table 1. Anthropometric and polysomnographic characteristics of each data sets
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Training set (n=148) Test set (n=14) p-value
Age, years 47.9%11.1 46.8112.8 0.72*
Sex, male, % (n) 87.2 (129) 71.4 (10) 0.12f
Height, cm 170.0 (165.0, 175.0) 168.0 (158.5,171.2) 0.26%
Weight, kg 82.0 (76.8, 93.0) 83.0 (75.3, 105.0) 0.46¢
BMI, kg/m’ 28.7 (26.8,31.3) 29.7 (28.5,35.2) 0.09*
Neck circumference, cm 40.0 (39.0, 42.0) 41.0 (38.0,43.0) 0.65%
ESS 10.0 (6.0, 13.0) 14.5 (10.0, 18.0) 0.02%
Sleep latency, minutes 5.50(2.9,11.6) 4.8(3.6,9.1) 0.97¢
Sleep efficiency, % 82.3(72.9, 89.6) 77.5(73.2,90.0) 0.85%
REM, %TST 14.717.0 14.2+6.5 0.81*
AHI, events/hour 52.15(35.9,70.8) 53.9 (43.0, 69.5) 0.96*
ODI, events/hour 32.4(18.6,47.0) 36.3(22.9, 46.3) 0.65¢
T8S, %TST 5.0(0.9,16.2) 9.5(2.0,33.1) 0.59+
Min O,, % 79.0 (72.8, 84.0) 77.5(72.5,81.5) 0.57%
Mean O, % 93.9(92.3,94.9) 94.4 (91.7,95.6) 0.57%
Arousal index, events/hour 42.1 (30.8, 56.0) 40.6 (28.3, 55.3) 0.73%
Titrated CPAP, cmH,O 9.0 (7.0, 10.0) 8.0(7.3,10.0) 0.59%

Data are presented as median (interquartile range) or mean=*standard deviation unless otherwise specified. *independent t test, TFisher’s
exact test, 'Mann-Whitney test. BMI: body mass index, ESS: Epworth sleepiness scale, REM: rapid eye movement sleep, TST: total sleep
time, AHI: apnea-hypopnea index, ODI: oxygen desaturation index, T88: time oxygen saturation below 88%, min O,: minimum oxygen
saturation, mean O,: mean oxygen saturation, CPAP: continuous positive airway pressure
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Table 3. Independent variables of lasso regression model

Beta
26.213

Sex -

Intercept

Age -
Height -
Weight .
BMI
Neck circumference -
Sleep latency -
Sleep efficiency -
REM -
AHI 0.004
ODI 0.004
Min O, -
Mean O, -0.215
T88 -

Arousal index -

Penalty strength parameter=0.26. lasso: least absolute shrinkage and
selection operator, BMI: body mass index, REM: rapid eye move-
ment sleep, AHI: apnea-hypopnea index, ODI: oxygen desaturation
index, min O,: minimum oxygen saturation, mean O,: mean oxy-
gen saturation, T88: time oxygen saturation below 88%

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1 Sex
2 Age -0.28
3 Height 0.58 -0.42
4 Weight 023 -042 048
5 BMI -0.16 -0.20 -0.02 0.73
6 Neck circumference 041 -024 0.39 0.63 049
7 Sleep latency -0.20 -0.01 -0.13 -0.06 0.03 -0.17
8 Sleep efficiency 0.11 -0.19 0.26 0.17 0.04 0.11 -0.56
9 REM 0.00 0.01 0.16 0.01 -0.05 -0.10 0.05 0.29
10 AHI 0.12 -0.11 0.01 0.28 035 044 -0.13 -0.14 -0.28
11 ODI 0.11 -0.16 0.05 034 042 047 -028 0.20 -0.16 0.89
12 Min O, 0.05 0.19 -0.04 -039 -0.51 -042 0.10 -0.10 0.08 -0.60 -0.69
13 Mean O, 0.13 0.06 0.07 -0.28 -041 -0.28 0.11 -0.06 0.14 -0.61 -0.70 0.75
14 T88 -0.06 -0.06 -0.04 0.23 040 034 -0.06 0.04 -0.18 0.66 0.75 -0.78 -0.84
15 Arousal index 0.13 -0.11 0.04 0.16 0.18 040 -0.18 0.09 -0.09 045 043 -036 -0.28 0.29
16 ESS 0.04 -0.12 000 0.07 012 014 -0.06 -0.02 -005 0.18 0.15 -0.19 -0.23 0.19 0.03

BMI: body mass index, REM: rapid eye movement sleep, AHI: apnea-hypopnea index, ODI: oxygen desaturation index, min O,: mini-
mum oxygen saturation, mean O,: mean oxygen saturation, T88: time oxygen saturation below 88%, ESS: Epworth sleepiness scale
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Table 4. Random forest variables importance to predict continu-
ous positive airway pressure

9%Inc MSE Inc node purity
ODI 34.28 115.70
Mean O, 21.37 87.80
Neck circumference 17.98 4348
Weight 17.56 58.71
AHI 16.24 67.91
BMI 15.99 63.84
Arousal index 15.97 90.50
Sleep efficiency 15.87 39.90
T88 14.15 60.03
Height 7.25 34.33
ESS 4.76 59.49
Sex, male 2.97 2.84
Age 1.14 60.19
Min O, 0.52 40.50
REM -1.94 34.73
Sleep latency -4.66 24.55

%Inc MSE: increase in percent mean squared error, Inc node puri-
ty: increase in node purity, ODI: oxygen desaturation index, mean
O,: mean oxygen saturation, AHI: apnea-hypopnea index, BMI:
body mass index, T88: time oxygen saturation below 88%, ESS: Ep-
worth sleepiness scale, min O,: minimum oxygen saturation, REM:
rapid eye movement sleep
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Table 5. Testing predicted continuous positive airway pressure by the models in this study and previous studies using test data set

CC (95% CI) MAE Equation
Random Forest 0.78 (0.43-0.93) 1.20 Unsupervised algorithm
Lasso regression 0.78 (0.42-0.93) 1.26 26.213+0.084xXBMI+0.004xX AHI+0.004xODI-0.215Xmean O,
Choi et al’s equationzl 0.72 (0.30-0.90) 1.40 0.681+0.205X BMI1+0.040x AHI
Hoffstein equation' 0.68 (0.23-0.89) 1.34 -5.1240.13XBMI+0.16 XNC+0.04x AHI

CC: correlation coeflicient, 95% CI: 95% confidence interval, MAE: mean absolute error, lasso: least absolute shrinkage and selection op-
erator, BMI: body mass index, AHI: apnea-hypopnea index, ODI: oxygen desaturation index, mean O,: mean oxygen saturation, NC:

neck circumference
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Figure 1. Frequency histograms of the difference between titrated pressure and predicted pressure of each models. lasso: least absolute

shrinkage and selection operator.
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