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1 | INTRODUCTION

| Chung-YiLiPhD*>3** | Cheng-YuLin MD, PhD>*

Abstract

Few studies included objective blood pressure (BP) to construct the predictive model
of severe obstructive sleep apnea (OSA). This study used binary logistic regression
model (BLRM) and the decision tree method (DTM) to constructed the predictive mod-
els for identifying severe OSA, and to compare the prediction capability between the
two methods. Totally 499 adult patients with severe OSA and 1421 non-severe OSA
controls examined at the Sleep Medicine Center of a tertiary hospital in southern
Taiwan between October 2016 and April 2019 were enrolled. OSA was diagnosed
through polysomnography. Data on BP, demographic characteristics, anthropometric
measurements, comorbidity histories, and sleep questionnaires were collected. BLRM
and DTM were separately applied to identify predictors of severe OSA. The perfor-
mance of risk scores was assessed by area under the receiver operating characteristic
curves (AUCs). In BLRM, body mass index (BMI) >27 kg/m?, and Snore Outcomes Sur-
vey score <55 were significant predictors of severe OSA (AUC 0.623). In DTM, mean
Sp0O, <96%, average systolic BP >135 mmHg, and BMI >39 kg/m? were observed to
effectively differentiate cases of severe OSA (AUC 0.718). The AUC for the predic-
tive models produced by the DTM was higher in older adults than in younger adults
(0.807 vs. 0.723) mainly due to differences in clinical predictive features. In conclusion,
DTM, using a different set of predictors, seems more effective in identifying severe
OSA than BLRM. Differences in predictors ascertained demonstrated the necessity for

separately constructing predictive models for younger and older adults.
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has also found to be a significant factor to left ventricular hypertro-

phy in resistant hypertension group.® OSA is known to cause morning

Obstructive sleep apnea (OSA) is associated with cardiac comorbidi- and nocturnal HTN,* which are significantly associated with an ele-

ties, such as hypertension (HTN) and cardiovascular disease.? OSA vated risk of myocardial infarction, heart failure, and sudden death.?

The discrepancy between morning and evening systolic blood pres-
sure (SBP) or diastolic blood pressure (DBP) is related to OSA severity
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in men.> Early detected to prevent cardiovascular mortality in severe
OSA patients is important.®

Some questionnaires are used to screen OSA, such as Berlin
Questionnaire and STOP-Bang Questionnaire, including self-reported
hypertension in the assessment of OSA risk.”® Other OSA predictive
models have applied a self-reported history of HTN but not objec-
tively measured BP.?10 However, the incorporation of self-reported
data was subject to recall bias. Some predictive models for OSA
have included objective BP data.!112 One did not include the timing
of BP measurement.’? In patients with suspected sleep disordered
breathing, BP measured by using intermittent BP measurement and
continuous BP monitoring had minimal differences.!® Furthermore,
SBP,4 DBP,'* the difference in morning and evening BP,'° average
BP,1¢ and pulse pressure (PP)!7 all have exhibited a positive relation-
ship with cardiovascular disease risk, but not all these variables have
been applied to OSA prediction.!? Further research is required to
identify the role of BP in OSA prediction.

The logistic regression based on prior knowledge in selecting pre-
dictive variables may prove inefficient and inadequate in constructing
predictive model because some of included variables exhibit a non-
linear relationship with OSA. In addition, a statistical power may be
compromised in a logistic regression model if too many predictive vari-
ables are simultaneously included.!® The decision tree method (DTM),
a type of machine learning method capable of analyzing continuous
and categorical variables, may efficiently identify the best predictive
features and their cutoff points. In addition, the DTM algorithm is non-
parametric and can efficiently deal with large, complicated datasets
without imposing a complicated parametric structure.!? The rules of
the DTM are generally considered interpretable. The DTM has been
widely applied in the medical field, including in disease classification,2°
early identification of diseases’ severity,2! and the efficient provision
of medical services.??

This study had the following aims: (1) to construct and compared
predictive models for severe OSA based on binary logistic regression
model (BLRM) and the DTM using data on BP, demographic character-
istics, anthropometric measurements, comorbidities, and sleep-related
information; and (2) Using the DTM to develop a points-based risk-

scoring system for predicting severe OSA.

2 | METHODS

2.1 | Study design and participants

The cross-sectional study data were collected from the medical records
of subjects who underwent polysomnography (PSG) examinations
between October 2016 and April 2019 at the Sleep Medicine Center of
National Cheng Kung University Hospital. This study was approved by
the Institutional Review Board (IRB) of National Cheng Kung Univer-
sity Hospital in Tainan, Taiwan (IRB Number: A-ER-110-125), and the
need for informed consent was waived by the IRB. This study excluded
patients with the following characteristics: (1) being <20 years old

(n = 135), (2) lacking complete BP measurements (n = 18), or (3)

receiving anti-HTN medication treatment (n = 560). Other missing data
(incomplete questionnaire response or test results, n = 95) was also
excluded. A total of 1920 patients were included in the final analysis.

2.2 | Study parameters

This study incorporated data from demographic characteristics,
anthropometric measurements, comorbidities, sleep-related informa-
tion, and integrated BP and its related variables, such as differences in
BP, average BP, and PP, into the analysis. These BP-related variables are
critical risk factors for heart disease.'*~1” The study outcome was the
development of or the absence of severe OSA based on the PSG results.

A total of 35 variables categorized into the above categories.

2.2.1 | Demographic characteristics and
anthropometric measurements

Data on age, sex, body mass index (BMI), waist circumference, hip
circumference, and neck circumference were collected by a sleep
technician before PSG.

BP was measured by a validated device before PSG in the evening
(~9:30 PM) and upon waking in the morning (~5:00 AM), followed by
sleep center routine protocol. The average SBP (or DBP) was calculated
as (morning SBP (or DBP) + evening SBP (or DBP))/2.2% The SBP (or
DBP) difference was defined as morning SBP (or DBP) minus evening
SBP (or DBP).2% The definition of PP in the evening (or morning) was
evening SBP minus evening (or morning) DBP.2*

2.2.2 | Comorbidities category

Based on previous studies, OSA is frequently associated with vari-
ous comorbidities such as HTN, cardiovascular disease, stroke, chronic
renal disease, diabetes mellitus, dyslipidemia,’? fatty liver,2> chronic
obstructive pulmonary disease(COPD),2¢ and asthma.2’ We consid-
ered these diseases and their related diseases into analysis. The
electronic medical records for past histories of rhinitis, HTN, diabetes
mellitus, hyperlipidemia, arrhythmia, coronary artery disease, cere-
brovascular disease, chronic kidney disease, hyperuricemia, fatty liver,

asthma, COPD, and heart failure were collected.

2.2.3 | Sleep questionnaire
The anxiety and depression status of patients were evaluated using
the Hospital Anxiety and Depression Scale, which includes seven items
each for the anxiety and depression subscales. Each scale is scored sep-
arately, and scores range from O to 21. A total scale score for depression
or anxiety of >7 is considered abnormal.28

The Epworth Sleepiness Scale evaluates the severity of daytime
sleepiness in different situations or activities using eight questions.
Each question is scored from O to 3, and a sum score of >10 indicates
abnormal excessive daytime sleepiness.??



2 | WILEY

CHENGET AL.

The Pittsburgh Sleep Quality Index is a tool used for sleep quality
assessment and includes seven components: subjective sleep quality,
sleep latency, sleep duration, habitual sleep efficiency, sleep distur-
bances, use of sleeping medication, and daytime dysfunction. Each
score component ranges from 0 to 3, and a total score of >5 is indicative
of poor sleep.3°

The Snore Outcomes Survey, which is used to evaluate the severity
of snoring during sleep, consists of eight items related to the inten-
sity, duration, frequency, and effects of sleep-disordered breathing

symptoms.3! A sum score of <55 indicates a severe snoring condition.

2.2.4 | PSG examination

Sleep conditions were monitored by an overnight PSG examination
that recorded data on nasal air flow and chest and abdominal respi-
ratory effort and included data obtained through electrocardiography,
electroencephalography, electromyography, and pulse oximetry at the
Sleep Medicine Center. The data were collected and analyzed by
trained sleep technologists and specialists. The apnea-hypopnea index
(AHI) and mean pulse oximetry (SpO,) during sleep were recorded. An
AHI of >30/h and <30/h were classified as severe OSA and non-severe

OSA, respectively.3?

2.3 | Statistical analysis
This study used both hypothesis-driven and data-driven approaches to
identify the factors most highly associated with severe OSA.

2.3.1 | Hypothesis-driven approach

The hypothesis-driven approach categorized risk factors for severe
OSA based on prior knowledge and BLRM analysis. Statistical sig-
nificance was indicated by p < .05 throughout the analysis. Fifteen
significant variables for severe OSA found through independent-
sample t-test and by a chi-squared test were fitted to the BLRM to
identify the 3-coefficients corresponding to the significant predictors;
the variables included sex, obesity, large neck circumference, morning
SBP, morning DBP, evening SBP, evening DBP, high evening PP, DBP dif-
ference, average SBP, average DBP, history of hypertension, history of
hyperlipidemia, mean SpO,, and SOS score. The cutoffs based on previ-
ous knowledge for obesity, large neck circumference, and high evening
PP were BMI >27 kg/m2,3% >40 cm,® and >60 mmHg,2* respectively.

2.3.2 | Data-driven approach

The data-driven approach uses the decision-tree data-mining tech-
nigue to identify meaningful predictive factors of severe OSA and their
cutoff points for continuous variables. Thirty-five variables from the
aforementioned categories were fitted to the DTM, including 21 con-
tinuous variables. We used Classification and Regression Tree (CART)

method to create classification tree. The growing, stopping and pruning
of the trees were determined by the Gini improvement measure.®* To
collect as much key information and explanation of deviance as possi-
ble, each bucket included the minimum sample number as about 7 and
the stop condition sets the maximum depth of tree as 5. On the other
hand, we set a complexity parameter of 0.01 to reach the most appro-
priate tree size that are easily explainable in practical applications, and
to avoid overfitting which may result in extremely large and complex
tree structures. We then used logistic regression to calculate the -
coefficients for each of the predictors identified by the DTM. The cutoff

points of the continuous variables were determined using the DTM.

2.3.3 | Sullivan’s scoring system

We used the -coefficients from logistic regression in the hypothesis-
driven or data-driven approaches to develop a points-based risk-
scoring system with Sullivan’s scoring method, which calculated a score
for each identified predictor with the formula g-coefficients x 10,
which is rounded to the nearest whole number.3>3¢ The scores of all
identified predictive factors are then summed to form a total risk score.
Finally, we assessed the performance of the calculated risk score by
using receiver operating characteristic (ROC) curves and the areas
under the ROC curve (AUC).

Because previous studies have reported that the risk factors for
OSA varied by age,”38 we employed separate analyses for younger
(<65 years) and older adults, but this alteration was only made in the
data-driven approach.

We used SPSS 17.0 (Chicago, IL, USA) software and R software
(R studio version 1.4.1106) to implement the statistical analyses. The
differences in clinical characteristics between groups were assessed
by an independent-sample t-test for continuous variables (expressed
as mean + SD) and by a chi-squared test for categorical variables
(expressed as percentage).

3 | RESULTS

The study sample comprised 499 patients with severe OSA and 1421
non-severe OSA (control) patients. A higher level of obesity and a larger
neck, waist, and hip circumference were observed in the severe OSA
group compared with the control group. BP in the morning and evening,
average SBP, and average DBP were also significantly higher in the
severe OSA group than in the control group. A history of HTN and
hyperlipidemia were associated with severe OSA. In addition, greater

snore severity was noted in people with severe OSA (Table 1).
3.1 | Factors identified from the BLRM with the
hypothesis-driven approach

In the hypothesis-driven approach (Table 2), a BMI >27 kg/m? and

SOS <55 were significantly associated with severe OSA and were
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TABLE 1 Comparison of clinical features between patients with and without severe obstructive sleep apnea.

Features Non-severe OSA (AHI <30) (n = 1421) Severe OSA (AHI>30) (n = 499) p-value
Demographics
Age, years 44.1 + 13.0 447 + 12.6 318
Male, % 994 (70.0) 379(76.0) 011
Anthropometric
BMI, kg/m? 270 + 5.3 300+ 72 <.001
Obesity, % 597 (42.0) 314 (62.9) <.001
Neck circumference, cm 374 + 3.8 39.1 + 40 <.001
Neck circumference >40 cm 282(19.8) 173(34.7) <.001
Waist circumference, cm 90.7 + 13.7 968 + 15.5 <.001
Hip circumference, cm 100.3 + 9.7 1045 + 134 <.001
SBP (morning), mmHg 127.0 + 16.7 133.2 + 16.9 <.001
DBP (morning), mmHg 79.0 + 12.7 83.5 + 13.2 <.001
SBP (evening), mmHg 129.6 + 16.1 136.1 + 17.5 <.001
DBP (evening), mmHg 815 + 12.2 85.5 + 135 <.001
Average SBP, mmHg 128.3 + 15.0 134.6 + 15.8 <.001
Average DBP, mmHg 80.3 + 11.3 84.5 + 120 <.001
SBP (difference), mmHg —2.6 + 131 -28 + 134 738
DBP (difference), mmHg —24 + 10.5 -20 + 116 461
Pulse pressure (morning), mmHg 48.0 + 10.0 497 + 11.6 .002
Pulse pressure (evening), mmHg 48.1 + 10.2 50.5 + 11.6 <.001
Mean Sp0O2, % 937 + 4.6 92,6 + 3.7 <.001
Comorbidities
Rhinitis, % 621(43.7) 194 (38.9) 061
Hypertension, % 151(10.6) 74 (14.8) 012
Diabetes, % 93(6.5) 34(6.8) .835
Hyperlipidemia, % 274(19.3) 122 (24.4) 014
Arrhythmia, % 62(4.4) 22(4.4) .966
Coronary artery disease, % 65 (4.6) 23(4.0) 597
Cerebrovascular disease, % 13(0.9) 6(1.2) 577
Chronic kidney disease, % 10(0.7) 5(1.0) 515
Hyperuricemia, % 130(9.1) 55(11.0) 222
Fatty liver, % 86(6.1) 39(7.8) .170
Asthma, % 80 (5.6) 17 (3.4) .051
COPD, % 11(0.8) 3(0.6) 696
Heart failure, % 7 (0.5) 6(1.2) .096

Sleep questionnaire

HADS-A 71 +45 6.6 +4.4 .028
HADS-A>7 631 (44.4) 199(39.9) .083
HADS-D 53 + 33 52 + 33 .818
HADS-D >7 342(24.1) 123(24.6) .808
ESS 9.2 + 49 9.2 + 49 .928
ESS>10 525(36.9) 188(37.7) 772
PSQl 82+ 42 81+41 531
PsQl >5 991 (69.7) 347 (69.5) .933
SOS 543 + 17.3 50.1 + 15.5 <.001
SOS <55 779 (54.9) 497 (65.0) <.001

Abbreviations: BMI, body mass index; COPD, chronic obstructive pulmonary disease; DBP, diastolic blood pressure; ESS, Epworth Sleepiness Scale; HADS-
A, Hospital Anxiety and Depression Scale- Anxiety; HADS-D, Hospital Anxiety and Depression Scale- Depression; OSA, obstructive sleep apnea; PSQI,
Pittsburgh Sleep Quality Index; SBP, systolic blood pressure; SOS, Snore Outcomes Survey; SpO,, pulse oximetry.
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TABLE 2 Riskfactors for severe obstructive sleep apnea as
identified by the logistic regression model and the decision tree
method.

Logistic regression

model Decision tree method
Risk factors Category Point® Category Point?
BMI, kg/m? <27 0 <39 0

>27 6 >39 8
SOS >55 0 = =

<55 3 = =
Mean SpO2, % - - >96 0

- - <96 21
Average SBP, mmHg - - <135 0

_ - >135 5
AUC 0.623 0.718

Abbreviations: AUC, area under the receiver operating characteristic curve;
BMI, body mass index; SBP, systolic blood pressure; SOS, Snore Outcomes
Survey; SpO,, pulse oximetry.

aBased on Sullivan’s scoring system.

evaluated according to Sullivan’s scoring system. The correspond-
ing -coefficients for these two variables estimated from the logistic
regression are presented in Table S1. The f-coefficients of BMI and
SOS were 6, and 3, respectively. The predictive model of severe OSA
showed that total score = (BMI >27 kg/m?2) x 6 + (SOS <55) x 3. The
score range 0—9, from low to high risk of severe OSA. The performance
of the predictive model yielded an AUC of 0.623.

3.2 | Factors identified from the DTM with the
data-driven approach

Three factors effectively differentiated between severe and non-
severe OSA, namely mean SpO, (cutoff point: <96%), average SBP
(cutoff point: >135 mmHg), and BMI (cutoff point: >39 kg/m?2)
(Figure 1). The corresponding -coefficients for these three variables
estimated from the logistic regression are presented in Table S2. The
B-coefficients of mean SpO,, average SBP, and SOS were 21, 5, and 8,
respectively. The predictive model of severe OSA showed that total
score = (mean SpO, <96%) x 21 + (SBP >135 mmHg) x 5 + (BMI
>39 kg/m?) x 8. The score range 0—34, from low to high risk of severe
OSA. The AUC was 0.718 for this predictive model (Table 2).

There were 1804 younger adults (average age 42.6 + 11.5 years and
71.8% male) and 116 older adults (average age 69.5 + 4.9 years and
66.4% male) in this study. Clinical features between younger adults and
older adults in this study were presented in Table S3. The age-stratified
analysis of the predictive model (Table 3) indicated that mean SpO,,
average SBP, and BMI effectively differentiated between severe and
non-severe OSA in younger adults. The AUC was 0.723. Furthermore,
waist circumference, sex, average SBP, and morning DBP were related
tosevere OSA inolder adults, corresponding to a greater AUC of 0.807.

The corresponding -coefficients for these variables estimated from

the logistic regression in younger and older adults are presented in
Tables S4 and S5.

4 | DISCUSSION

This study revealed that the data-driven approach (e.g., DTM) can more
effectively extracted significant factors to establish a points-based
risk-scoring system for predicting severe OSA than did the hypothesis-
driven approach (e.g., BLRM). When using the DTM for all participants,
BMI >39 kg/m?, average SBP >135 mmHg, and mean SpO, <96%
constituted significant objective factors for the prediction of severe
OSA. These three factors also predicted severe OSA in younger adults
with adjusted cutoff levels. Furthermore, the predictive variables for
severe OSA in older adults included elevated average SBP, relative
low morning DBP, greater waist circumference, and women. The afore-
mentioned factors were incorporated into a points-based risk-scoring
system. The AUC of the points-based risk-scoring system measured
higher in older adults than in younger adults, suggesting differential
risk sets for severe OSA between younger and older people.

The study by Musman and colleagues indicated that age, BMI, neck
circumference, and witnessed apnea were associated with severe OSA
and identified self-reported history of HTN to be a comorbidity.3?
Although some predictive models using machine learning have pre-
sented similar findings with respect to the risk factors for OSA, few
have categorized objective BP as a predictive factor.1112

Nocturnal symptomatic activation and recurrent hypoxemia in
patients with OSA could cause BP elevation by raising the level of
vasoactive substances (e.g., endothelin).*%#! In addition, an associa-
tion was detected between short-term BP variability, high morning
BP, and non-dipping BP and severity of OSA.* However, these asso-
ciations have rarely been considered in establishing prediction model
for OSA. Our study indicated a significant association between aver-
age SBP with severe OSA through DTM but not BLRM. Questionnaires
for OSA screening observed specific thresholds for some observed
variables, such as BMI and neck circumference®*?; however, the
questionnaire’s applicability to different populations requires further

investigations,*344

and physiological criteria, such as BP, are likely to
be adjusted with medical advances.**> Use of the data-driven approach
may help choose cutoff points that can better detect severe OSA.
Although OSA presents particular concerns for older adults with
regard to sleep quality, comorbidities, and daytime energy level, the
“classic” clinical presentation of OSA remains uncommon in older
adults, which may lead to underdiagnosis in this population. The diag-
nostic specificity for older people using existing OSA screening ques-
tionnaires, such as the Berlin Questionnaire, was not satisfactory.44
Obesity was not found to be a statistically significant risk factor for
sleep-related breathing disorders among people older than 60 years of
age,*® suggesting a potentially differential risk sets for OSA between
younger and older adults. The data-driven approach replaced BMI with
waist circumference as a significant predictive factor and highlighted
the influence of BP-related factors. This alteration reflects the finding

that BMI is not the sole standard by which obesity is determined; the
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<96%

Non-severe OSA

Average SBP

Observed case

number ratio 32%

<135mmHg >135 mmHg
Non-severe OSA BMI
Observed case
number ratio 42% <39 kg/m? >39 kg/m?
Non-severe OSA Severe OSA

Observed case

number ratio 24%

Observed case

FIGURE 1
pressure; SpO,, pulse oximetry.

number ratio 3%

Decision tree model of severe obstructive sleep apnea. BMI, body mass index; OSA, Obstructive sleep apnea; SBP, systolic blood

TABLE 3 Differencesin clinical predictive features for severe obstructive sleep apnea among younger adults and older adults in the decision

tree model and their accuracy.

Younger adults® (n = 1804)

Risk factors Cutoffs
Average SBP, nmHg <135,>135
BMI, kg/m?2 <42,>42
Mean Sp02, % <96,>96
Model AUC 0.723

Older adults® (n = 116)

Risk factors Cutoffs
Average SBP, mmHg <134,>134
DBP (morning), mmHg >86,<86
Waist circumference <99,>99

Gender

Model AUC

Male, Female

0.807

Abbreviations: AUC, area under the receiver operating characteristic curve; BMI, body mass index; DBP, diastolic blood pressure; SBP, systolic blood pressure;

SpO,, pulse oximetry.
2Younger adults: age <65 years.
bOlder adults: age >65 years.

significance of a large waist circumference in older adults should be
emphasized.3?

This study has several limitations. First, patients’ non-response
to sleep questionnaires should be considered; however, only 0.3%
patients who underwent PSG in this study failed to complete the
questionnaires under sleep technician’s assistance. Second, the self-
reported questionnaire may have been a source of information bias.

Non-differential measurement error may attenuate the association

between self-reported parameters and severe OSA. Third, the anal-
ysis is unable to include all variables associated with severe OSA,
which could compromise the prediction capability of the proposed
model in this study validity. Although the analysis integrated demo-
graphic characteristics, anthropometric measurements, comorbidities,
and sleep-related variables into the analysis, some factors affecting
sleep, such as environmental conditions, were not included. Fourth,

ethnic differences might also influence the distribution of BMI that



% | WILEY

CHENGET AL.

the obese patients with BMI >39 kg/m? are rare among Asians. But
the percentage of patients with BMI >39 kg/m? was 5.2% among all
study participants in this study, higher than the prevalence rate of mor-
bid obesity based on previous Taiwanese data.” Fifth, patients who
came for PSG examination might have more dominant or severe sleep
symptoms. Results obtained from this selective sample could compro-
mise the generalizability. Besides, the inclusion of patients from a single
medical center may potentially limit the generalizability of this study.
Nevertheless, some studies based on single center were still consid-
ered reliable.? 1% Multicenter research is recommended to enhance the

clinical applications of this research.

5 | CONCLUSIONS

This study implied that the algorithms derived from data mining or
machine learning techniques have great potential in case finding of
patients with severe OSA, which in turns may improve the disease
prognosis if early treatments can be properly provided. The differ-
ent objective and accessible set predictors of severe OSA, including
average SBP, mean SpO2, and BMI were found to create a scor-
ing system. This could remind the primary care physicians to further
evaluate those peoples’ clinical symptoms of severe OSA. The parame-
ters of the points-based risk-scoring system varied between younger
and older adults, suggested that the age-specific predictive model
is required for OSA prediction, separately. This study provided a
direction of severe OSA screening and holds the significant impli-
cations in identifying the role of objective BP variables in severe
OSA prediction. Future multicenter studies are warranted to vali-
date this proposed model and explore the usefulness of its clinical
application.
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