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Objectives: The objective of this study was to develop models for predicting obstructive sleep apnea (OSA)
based on easily obtainable clinical information of patients using various machine learning techniques.
Methods: We used a data set that included the records of 1,368 patients, in which 1,074 patients were male
(78.5 %), and 294 patients were female (21.5 %). We randomly divided the data into a training set (1,000) and
test set (368). Five machine learning methods, i.e., support vector machine model, lasso logit model, naive
bayes, discriminant analysis, and K-nearest neighbor (KNN), with a 10-cross fold technique were used with
the proposed model to predict OSA. We evaluated the accuracy, sensitivity, specificity, and precision of each
model for three thresholds [Apnea-Hypopnea Index (AHI)=5, AHI=15, and AHI=30]. Results: Among
the machine learning techniques, KNN showed the best results compared to the other techniques. The ac-
curacy, sensitivity, specificity, and precision of OSA prediction were 87.0%, 91.0%, 74.4%, and 91.9%, re-
spectively, based on AHI>5. When the threshold of OSA was AHI>15 or AHI>30, KNN provided lower
accuracy (79.6% each) and precision (79.0% and 68.7%), which were still higher than those of the other
techniques. Conclusions: The model derived from the KNN technique exhibited the best performance
based on its highest level of accuracy. We demonstrate that this model is a useful tool for predicting OSA.
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Table 1. Demographic characteristics of the included subjects

Feature Mean Standard error ~ Range
Age, year 48.0 13.1 19-82
Height, cm 168.3 8.3 132.0-197.4
Weight, kg 74.7 15.3 37.9-160.0
Body mass index, kg/m’ 26.2 43 15.9-57.4
Head circumference, cm 56.1 2.1 40.0-67.0
Neck circumference (sit), cm 37.8 34 28.0-58.0
Waist circumference, cm 91.1 10.5 60.0-160.0
Hip circumference, cm 97.7 9.6 75.0-165.0
Epworth Sleepiness Scale 82 4.7 0-24
Beck Depression Inventory ~ 11.6 8.3 0-54
Apnea-Hypopnea Index 28.7 28.5 0-200.8
Sex, % (M:F) 78.521.5
Hypertension, % (Y:N) 79.9:20.1
Diabetes, % (Y:N) 5.6:94.4
Heart disease, % (Y:N) 3.7:96.3

M: male, F: female, Y: yes, N: no

Table 2. Comparison between training set and test set

oA Adk OSAE Uel1 9191 55 9 == OSAE=
717} 16.1%% 380%%, $% OSA7} 7P =& vl &= 2l
=] S TH(Table 3).
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Dwot Eolw 747} 66.0~91.0%, 41.1~74.4%5 ET
(Table 4). AHI > 15 7|0 A& A= 66,7~79.6%, HU==
67.0~79.0% QL (N E 70.2~83.3%, EO|% 589~75.65%),
AHI >302] Agke 66.9~79.69] A3h=9} 50.3~68.7%2] A
U (NAE 43.7~71.4%, 0% 69.1~88.1%)S K ojFo]
A== AHI 7]80] RokS ek vl ot AHI 71+
SUSE AUw7t oR]= Aok iE 2ES v
D=3 ﬂﬂ SVM R doj| A= AHI>5, AHI> 15, AHI >30&
.
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HN %@
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1222 9L ) zzke] AEw 7} 78.6%, 67.7%, 13.0%%.C.
1 == 712} 83.0%, 67.0%, 64.0% 3T}, W= 89.6%,
75.8%, 43.1%2 e}, Eol = 41.1%, 58.9%, 87.7%=
velytth LL B9 zkzko] AHI 7|20 4] 79.6%, 69.1%,
T4.1%2) AET9} 84.4%, 69.2%, 65.9%2] AUEE HolZF
ek, M= 89.9%, 73.7%, 46.0%% el Eolx
46.7%, 63.9%, 88.1%% et NBO| AaHgh2 B ¢are
Zrt} Joba] A= 67.5%, 66.7%, 66.9%% AHI 7151}

=)
o

Feature Training set (n=1,000) Test set (n=368) p
Age, year 29.131£28.42 27.301+28.68 0.2246
Sex (male), % (n) 79.3 (793) 76.4 (281) 0.2978
Height, cm 168.2 (132.0,197.4) 168.7 (143.0, 189.6) 0.3624
Weight, kg 74.6 (37.9, 160.0) 75.0 (44.0, 152.7) 0.6769
Body mass index, kg/m’ 26.2 (15.9,57.4) 26.2 (17.9,50.4) 0.9786
Head circumference, cm 56.2 (40.0, 63.0) 56.1 (40.0, 67.0) 0.5391
Neck circumference (sit), cm 37.8(28.0, 58.0) 37.9 (30.0, 50.0) 0.7290
Waist circumference, cm 91.2 (60.0, 160.0) 91.0 (70.0, 90.0) 0.7218
Hip circumference, cm 97.6 (75.0, 165.0) 97.8 (75.0, 145.0) 0.7615
Epworth Sleepiness Scale 8.1(0,24) 8.2 (0,23) 0.9244
Beck Depression Inventory 11.6 (0, 54) 11.3 (0, 52) 0.5331
AHI 29.1 (0, 200.8) 27.3(0,141.2) 0.2932
Hypertension, % (n) 19.7 (197) 21.2(78) 0.5434
Diabetes, % (n) 5.2(52) 6.8 (25) 0.2895
Heart disease, % (n) 3.3(33) 49 (18) 0.1969
AHI>5, % (n) 75.7 (757) 73.37 (270) 0.3773
AHI>15, % (n) 55.7 (557) 52.17 (192) 0.2456
AHI>30, % (n) 39.3 (393) 34.51 (127) 0.1058

Data are presented as median (interquartile range) or meantstandard deviation unless otherwise specified. AHI: Apnea—-Hypopnea Index
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Table 3. Severity classes distribution (n=1,368)

5 OSA A&

o
—

AIE Hol59)

Aet= 79.6%, A2
Aer ol U7}

Severity class Subjects Ratio (%)
Normal AHI<5 341 24.9
Mild 5<AHI<15 278 20.3
Moderate 15<AHI<30 229 16.7
Severe AHI>30 520 38.0

AHLI: apnea-hypopnea index

Table 4. The performance of the diagnostic models built by differ-

ent machine learning algorithms

AHI cut-off Machine learning methods
value SVM LL NB DA KNN

AHI=5

Accuracy 78.0 79.6 67.5 79.6 87.0

Sensitivity 89.6 89.9 66.0 89.2 91.0

Specificity 41.1 46.7 72.2 489 74.4

Precision 83.0 84.4 88.4 84.8 91.9

AUC 77.2 78.7 76.6 78.9 81.9
AHIZ15

Accuracy 67.7 69.1 66.7 69.1 79.6

Sensitivity 75.8 73.7 70.2 74.2 83.3

Specificity 58.9 63.9 62.8 63.3 75.6

Precision 67.0 69.2 67.5 69.0 79.0

AUC 77.6 77.2 73.3 76.6 79.6
AHI=30

Accuracy 73.0 74.1 66.9 73.8 79.6

Sensitivity 437 46.0 62.7 452 71.4

Specificity 87.7 88.1 69.1 88.1 83.7

Precision 64.0 65.9 50.3 65.5 68.7

AUC 73.5 73.1 70.4 73.1 73.8

AHI: Apnea Hypopnea Index, AUC: area under the receiver oper-
ating characteristic curve, SVM: support vector machine, LL: lasso
logit, NB: naive bayes, DA: discriminant analysis, KNN: K-nearest
neighbor

Kim HW et al.

Z¥7Y 79.6%, 68.7% At = 91.0%, 83.3%, 71.4%, E°]
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Figure 1. Area under the receiver operating characteristic curve of
prediction models with and AHI cut-off =5. ROC: receiver operating
characteristic, AHI: Apnea-Hypopnea Index, SVM: support vec-
tor machine, LL: lasso logit, DA: discriminant analysis, NB: naive
bayes, KNN: K-nearest neighbor.
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Table 5. The feature importance in lasso logit

Dependent variables AHI>5 AHI>15  AHI>30
Age 0.0211 0.0232 0.0097
Body mass index 0.1316 0.1536 0.0667
Head circumference -0.0278 -0.0523
Hip circumference - - -
Height -0.0120 -0.0177 -0.0037
Neck circumference 0.0343 0.1329 0.1206
Waist circumference 0.0248 0.0079 0.0261
Weight - - -
Epworth Sleepiness Scale 0.0478 0.0599 0.0708
Beck Depression Inventory  -0.0268 -0.0276 -0.0182
Diabetes 0.2204 - 0.2410
Heart disease - 0.2395 0.0439
Hypertension - -0.6368 -0.5245
Sex (male) -1.3576 -1.0639 -0.5836

If the estimated value is positive, the larger the value, the higher
the probability of being diagnosed as OSA when the value of the
variable increases. If the estimated value is negative, the larger the
value, the lower the probability of being diagnosed as OSA when
the value of the variable increases. AHI: Apnea—Hypopnea Index,
OSA: obstructive sleep apnea
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