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Abstract: Age, sex, and body mass index (BMI) were associated with obstructive sleep apnea (OSA).
Although various methods have been used in OSA prediction, this study aimed to develop predictions
using simple and general predictors incorporating machine learning algorithms. This single-center,
retrospective observational study assessed the diagnostic relevance of age, sex, and BMI for OSA in a
cohort of 9,422 patients who had undergone polysomnography (PSG) between 2015 and 2020. The
participants were randomly divided into training, testing, and independent validation groups.
Multivariable logistic regression (LR) and artificial neural network (ANN) algorithms used age, sex,
and BMI as predictors to develop risk-predicting models for moderate-and-severe OSA. The training-
testing dataset was used to assess the model generalizability through five-fold cross-validation. We
calculated the area under the receiver operating characteristic curve (AUC), accuracy, sensitivity,
specificity, positive predictive value (PPV), and negative predictive value (NPV) of the independent
validation set to assess the performance of the model. The results showed that age, sex, and BMI were
significantly associated with OSA. The validation AUCs of the generated LR and ANN models were
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0.806 and 0.807, respectively. The independent validation set’s accuracy, sensitivity, specificity, PPV,
and NPV were 76.3%, 87.5%, 57.0%, 77.7%, and 72.7% for the LR model, and 76.4%, 87.7%, 56.9%,
77.7%, and 73.0% respectively, for the ANN model. The LR- and ANN-boosted models with the three
simple parameters effectively predicted OSA in patients referred for PSG examination and improved
insight into risk stratification for OSA diagnosis.

Keywords: age; artificial neural network; body mass index; logistic regression; machine learning;
medical diagnosis; sex, OSA

1. Introduction

Obstructive sleep apnea (OSA) is featured by repeated upper airway narrowing or obstruction,
causing a substantial reduction or cessation of airflow during sleep [1,2]. These disruptions in breathing
lead to intermittent hypercapnia and hypoxemia, causing metabolic dysregulation, endothelial
dysfunction, and systemic inflammatory responses [2,3]. These pathophysiologic changes have
contributed to various major comorbidities [2—5]. OSA is a global health concern and economic burden,
with estimates of the incidence of moderate or severe OSA reaching 6%—17% in the general adult
population and up to 49% in the elderly population [4,6], with most of the cases being undiagnosed [7].

No single physical examination finding can be used to diagnose or exclusively account for OSA.
The gold standard diagnostic test for OSA relies on in-lab all-night polysomnography (PSG) [7,8].
However, this method is costly, and patients require continuous sleep monitoring by medical staff [2]; thus,
limited availability of PSG may cause delays in diagnosing OSA and an increased disease burden [7,9].

Several body measurements predispose patients to OSA. Body weight, body mass index (BMI),
central body fat distribution, and large neck and waist circumferences are possible risk factors [2,6,10].
In addition, increased age and males are also at risk for OSA [2,6]. Despite the epidemiological reports
demonstrating that age, sex, and BMI are associated with OSA severity, an integrated predicting model
that uses only these three factors to assess OSA risk has not yet been developed.

Machine learning approaches have expanded the ability to design efficient predictive and
diagnostic tools and have gained popularity in many areas of medical research and clinical
applications [11,12]. Logistic regression (LR) is one of the computational methods for probing
multivariate data to detect the independent effects of a variable after adjusting for the contributions of
the others [13]. An artificial neural network (ANN) is a supervised learning algorithm with advantages
in analyzing nonlinear data, enhancing data interpretation, and designing effective predictive and
diagnostic models to assist different clinical tasks [11,14].

The present study investigated the clinical predictive validity of age, sex, and BMI for sleep apnea and
applied LR and ANN algorithms to develop a risk-predicting model using these three parameters as predictors.

2. Materials and methods
2.1. Source of data

This retrospective observational study used clinical data from the medical records of participants
who had undergone PSG at the Sleep Center of Shuang Ho Hospital, Taipei Medical University,
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Taiwan, between January 2015 and January 2020.
2.2. Participants

The inclusion criteria for this study were: (1) participants aged =18 years and (2) who had
undergone a full-night PSG. Participants were excluded if (1) they had received any OSA treatments
or been admitted to the hospital for any invasive surgery for OSA, (2) they had undergone PSG for
continuous positive airway pressure (CPAP) titration, (3) the total recording time was < 4 h [8], and
(4) the total sleep time was < 3 h [15].

Before the PSG examination, a baseline screening questionnaire was used to assess each
participant’s basic information, medication, and surgical history. The participants were measured for
height, weight, and BMI (kg/m2) at the time of registration.

2.3. Polysomnography

All the participants underwent a full-night PSG recorded by qualified technicians. All the sleep
signals were obtained using an Embla N7000 Recording System (Medcare Flaga, Reykjavik, Iceland)
and Sandman Elite sleep diagnostic software (Natus Neurology Inc., Middleton, WI, USA).

Experienced sleep technologists scored all sleep apnea and hypopnea events following the
American Academy of Sleep Medicine 2012 updated guideline [8,16]. Each participant’s apnea-
hypopnea index (AHI) was calculated according to the total number of apnea and hypopnea events
divided by the total sleeping time. Hypopnea was defined as a 30—-89% reduction in nasal airflow for
at least 10s, with arousal or at least a decrease of 3% oxygen saturation. Apnea was defined as a more
than 90% reduction in oral airflow for at least 10s with or without arousal or decreased saturation.

The severity of OSA was classified as none (AHI<S), mild (AHI = 5-15), moderate (AHI = 15—
30), and severe (AHI > 30) [2,8]. To develop the predictive models for the risk of moderate-to-severe
OSA, we divided the participants into none-and-mild (AHI < 15) and moderate-to-severe (AHI > 15)
OSA groups for further analysis.

2.4. Ethics approval of research

Taipei Medical University—Joint Institutional Review Board (TMU-JIRB: N201911007) approved
the protocol of this study. Waivers of informed consent were approved by the TMU-JIRB (TMU-JIRB:
N201911007) for this retrospective study involving the secondary analysis of existing data.

2.5. Statistical analysis methods

All analyses were performed using STATISTICA software (TIBCO Software, Tulsa, OK, USA).
Continuous data are presented as mean and standard deviation, whereas categorical variables are
expressed as frequencies and percentages. We used Fisher’s exact test to determine associations
between two categorical variables and Pearson’s chi-squared (X°) test to determine the statistical
significance between the means of two continuous variables in the participants with none-to-mild and
moderate-to-severe OSA. The one-way analysis of variance (ANOVA) was used to determine the
statistical significance between the means of > 3 independent groups. A two-tailed p-value less than
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0.05 was considered statistically significant.
2.6. Development and validation of the predicting models

All the LR and ANN models were established and modeled using STATISTICA software. In the
models, age and BMI were set as continuous variables, and sex was designated as a categorical variable.
For our ANNs, the employed architecture was feed-forward, combined with a back-propagation
algorithm with multilayer perceptron (MLP). A bias term was used for each neural layer in the MLP.
We set the number of neurons in the hidden layer from 1 to 50. We initially partitioned the eligible
PSG data into a training-testing set and an independent validation set, containing ~80% and ~20% of
the data, respectively. The data from the training-testing set were used to determine the generalizability
of the LR and ANN analyses using five-fold cross-validation (Figure 1A). All participants were
stratified by age, sex, BMI, and OSA severity to maintain consistent proportions of demographic data
across the training-testing and validation sets. We reported the mean AUCs for the training and testing
sets of the LR and ANN models through five-fold cross-validation. The model with the best AUC in
the five testing sets was identified to have the best predictive performance and used as the final model.
The final models were then applied to the independent validation set, and we calculated the accuracy,
sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and AUCs of
the validation set derived from the confusion matrix [17] (Figure 1A). The classification threshold was
set to 0.5 for all models.

Artificial Neural Network

Total participants underwent PSG in the
Sleep Center between 2016 and 2020
(n=11,100)

Individuals excluded:
—| Admitted for invasive surgery or
CPAP titration (n=247)

Individuals excluded:
— Total recording time <4 h (n=1,386)
Total sleep time <3 h (n = 32)

Individuals excluded:
—" Missing BMI information (n=7)
Missing AHI information (n = 6)

Eligible participants included in the study

(n=9,422)
~80% l I l~20%
Training ing set Ind dent validation set || AHIZ15
(n=7,328) (n=2,094) AHI <15
l 1. Accuracy
2. Sensitivity
5-fold cross-validation 3. Specificity
Artificial Neural Network g EE\\//
Final models for 6- AUC
Logistic Regression external validation . Input layer Hidden layer Output layer

Figure 1. Study flowchart and ANN model. (A) Flowchart showing the study cohort
selection and division. (B) Schematic representation of the structure of the artificial neural
network (ANN) model. AHI, apnea-hypopnea index; ANN, artificial neural network; BMI,
body mass index; OSA, obstructive sleep apnea.
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3. Results
3.1. Baseline characteristics of the participants in the cohort

During the study period, 11,100 participants underwent PSG in the Sleep Center. Of these, 1,665
participants were excluded from the baseline analyses for the following reasons: they had been
admitted to the hospital for invasive surgery or CPAP titration (n = 247), the total recording time <4h
(n = 1,386), the total sleep time <3h (n = 32), missing BMI information (n = 7) or missing AHI
information (n = 6) (Figure 1A). Overall, 9,422 participants (2918 women and 6504 men, mean age:
49.2 + 14.0 years) who had undergone PSG were enrolled in this study. Of these, 5,920 (62.8%) had
an AHI of >15, indicating moderate-to-severe OSA, and 3,502 (37.2%) had an AHI <15, indicating
none-to-mild OSA.

3.2. Association between the baseline characteristics, PSG results, and OSA

A higher proportion of men have moderate-to-severe OSA than women (Table 1). Compared with
participants with none-to-mild OSA, participants with moderate-to-severe OSA were older and had a
higher BMI. In addition, participants with moderate-to-severe OSA had a shorter total sleep time, lower
sleep efficiency, shorter rapid eye movement duration, and lower oxygen saturation during the PSG
recording than those with none-to-mild OSA (Table 1).

Table 1. Demographic characteristics of the cohort.

Variables Moderate-to-severe OSA  None-to-mild OSA  p-value
(AHI > 15) (AHI < 15)

n 5,920 3,502

Age 50.8 +13.5 46.6 = 14.4 <0.0001

Female, n (%) 1266 (21.4) 1652 (47.2) <0.0001

Height (cm) 167.2 + 8.5 1644+ 8.9 <0.0001

Weight (kg) 79.7£16.1 66.1 +13.1 <0.0001

BMI (kg/m?) 28.4+4.8 243+3.8 <0.0001

Polysomnography
Total recording time (min)  366.6+11.9 367.8+13.4 <0.0001
Total sleep time (min) 275.8+60.2 281.4+61.1 <0.0001
Sleep efficiency (%) 75.2+£16.4 76.5£16.5 0.0002
Non-REM sleep (min) 240.6+51.7 242.2451.3 0.133
REM sleep (min) 35.24£22.5 39.1+23.7 <0.0001
AHI 44.74+23.8 6.4+4.5 <0.0001
SO mean (%) 94.5+£2.6 96.6+1.3 <0.0001

Data are expressed as mean =+ standard deviation. The p-value represents the comparison between the AHI > 15
and AHI < 15 groups.

A multivariate analysis was applied to adjust for age, sex, and BMI to determine the independent
predictors of moderate-to-severe OSA. Table 2 presents the variables’ crude and adjusted odds ratio
(OR) values in the LR model. After adjustment for the associated variables, the regression analysis
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revealed that the female sex was associated with a 0.28-fold reduced risk of moderate-to-severe OSA
(95% CI: 0.25-0.32; p<0.0001), and every unit increase in age or BMI was associated with a 1.04-fold
(95%CI: 1.04-1.05; p<0.0001) or 1.27-fold (95%CI: 1.26—-1.29; p<0.0001) increase in the likelihood
of moderate-to-severe OSA, respectively.

Table 2. Crude and adjusted odds ratios from the logistic regression analyses identifying
associations between selected variables and OSA.

Unadjusted Model Adjusted Model
Variables OR 95% CI OR 95% CI
Age 1.02* 1 1.02-1.03 1.04*1 1.04-1.05
Female 0.30* 0.28-0.33 0.28% 0.25-0.32
BMI 1.27*1 1.25-1.28 1.27*f 1.26-1.29

The odds ratio (OR) and 95% confidence intervals (CI) represent the association between the variables and

the presence of moderate-to-severe OSA (AHI > 15). *p < 0.0001; TOdds ratio of per unit changes.
3.3. Model performance

As mentioned, age, sex, and BMI were used as input parameters for developing the LR and ANN
models for predicting moderate-to-severe OSA. As shown in Figure 1A, the 7328 participants in the
training-testing group were randomly partitioned into training and testing sets for five-fold cross-
validation. Table 3 showed that age, sex, BMI, and OSA severity distribution remained identical across
the five testing sets and the independent validation sets.

Table 3. Description of the input and output variables within the testing datasets for
cross-validation and the independent validation set of the models.

Testing set Testing set Testing set Testing set Testing set Independent

Variable o p-value
1 2 3 4 5 validation set

n 1466 1465 1466 1465 1466 2094

AHI>15,n (%) 920(62.8) 919 (62.7) 920(62.8) 919 (62.7) 920 (62.8) 1322 (63.1) 1.000

Age 49.0+£04 49.0+£04 499+04 49.1+04 490+04 493+03 0.503

Female, n (%) 483 (33.0) 438(29.9) 472 (32.2) 445(30.4) 431(29.4) 649 (31.0) 0.266

BMI (kg/m?) 269+49 269+49 269+50 269+50 268+4.8 269+49 0.973

The p-value represents the multiple comparisons across the five testing and the independent validation sets.

Following adequate training, the five testing sets that achieved the best prediction performance
after five-fold cross-validation were ANN models with 3, 14, 25, 27, and 29 hidden neurons,
respectively. The mean AUCs of the training sets were 0.808 + 0.004 (Figure 2A) and 0.808 = 0.015
for the testing sets (Figure 2B). Among the generated ANN models, the model containing 25 hidden
neurons obtained the highest testing AUC and was selected as the final model. After being applied to
the independent validation set, the ANN-based model achieved the accuracy, sensitivity, specificity,
PPV, and NPV of 76.4%, 87.7%, 56.9%, 77.7%, 73.0%, with the AUC of 0.807, respectively. Results
of the LR model revealed a mean AUC of 0.802 £ 0.004 for the training sets (Figure 2C) and 0.801 +
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0.015 for the testing sets (Figure 2D). After being validated to the independent validation set, the
accuracy, sensitivity, specificity, PPV, and NPV were 76.3%, 87.5%, 57.0%, 77.7%, and 72. 7% with
an AUC of 0.806 for the LR-based model. Figure 3 shows the ROC curve and AUC of the final ANN
and LR models applied to the independent validation set.

Training set 1™ set2™ set3™ set4™ set5

/ \ 1.0

Sensitivity

C 1.0
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Figure 2. AUC-defined performance of the predicting models. The ROC curves and AUCs
of the (A) training, (B) testing sets of the logistic regression (LR) model, and (C) training,
(D) testing sets of the artificial neural network (ANN) model for predicting moderate-to-
severe OSA in participants who have undergone polysomnography by using age, sex, and
BMI as the predictors. The AUC values represent the mean + standard deviation of the

AUC:s of five training and testing sets.
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Figure 3. The ROC curves and AUC value of the final LR and ANN models applied to the
independent validation set (n=2094). The pink line represents the ROC curve of the
artificial neural network (ANN) model, and the blue line represents the ROC curve of the
logistic regression (LR) model.

4, Discussion

The present study validated age, sex, and BMI as parameters for use in LR- and ANN models to
estimate the risk of OSA in participants who had undergone PSG. The established LR- and ANN-based
model integrating the three parameters achieved a notable prediction performance with an AUC of
0.806 and 0.807 for predicting moderate-to-severe OSA in the validation set. The relatively high AUC
values indicated that the models could distinguish participants between groups of interest, namely,
participants with none-to-mild and those with moderate-to-severe OSA. Patients with OSA are prone
to various complications and require interventions [2,7]; our models may contribute to further
understanding these three variables’ fundamental role in assessing OSA risk.

OSA has been recognized as a global health and economic burden, and early identification and
diagnosis of OSA is a crucial issue in preventive medicine [4,6,7]. Since standard diagnostic tests for
OSA rely on expensive in-laboratory PSG, which can be challenging to schedule in high-demand
situations, identifying crucial factors and developing a simple and reliable tool to estimate the risk of
OSA is clinically relevant [7,9].

Anatomical and physiological differences in the oropharynx, larynx and upper respiratory tract,
changes in respiratory physiology associated with different sleep structures, and differences in the
distribution of adipose tissue have been suggested as reasons for sex differences in developing OSA [18].
Deterioration of the collapsibility of the pharyngeal airway and the sensitivity of the respiratory control
system may contribute to the pathogenesis of OSA with aging [2,18]. Hormonal changes in
menopausal women have been linked to an increased risk of OSA and a decreased sex difference in
OSA with age [19,20]. The prevalence of OSA has been reported to increase 1.4 to 3.2-fold with each
10-year increment in age, and men had a 1.7 to 3.0-fold higher odds of developing OSA than women [2,6].
These findings support the rationale for using age and sex as parameters in a generic prediction model
to predict OSA risk.

Obesity is a well-recognized risk factor for developing OSA, and a higher BMI is associated with
greater severity of OSA for both sexes [19,21]. As already mentioned, anthropometric profiles, such
as body weight, BMI, central body fat distribution, and neck and waist circumference, are predisposed
to the risk of OSA [2,6,10]. In patients with OSA, occlusion of the nasal and oro-pharynx may occur
during sleep when the tongue and epiglottis move backward and lean together. Individuals with obesity
have excess soft tissue around the collapsible pharynx, making the narrow airway more prone to
collapse [2,3,21]. In line with the findings of other studies, we observed that the participants with
moderate-to-severe OSA had a higher BMI. Although other anthropometric profiles have been
associated with OSA, neck and waist circumference were considered surrogates for BMI [4,21,22].
The study by Huxley et al. has also suggested that “measures of central obesity were superior to BMI
as discriminators of cardiovascular risk factors, although the differences were small and unlikely to be
of clinical relevance” [23]. Furthermore, the same study demonstrated that “combining BMI with any
measure of central obesity did not improve the discriminatory capability of the individual measures” [23].
In this study, we proposed BMI as a simple, well-known, and readily available predictor of OSA for
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the prediction models.

Despite the epidemiological reports indicating that age, sex, and BMI are associated with OSA,
an integrated predicting model using only these three attributes to assess OSA risk has not yet been
developed. Advances in machine learning techniques have improved the ability of researchers and
clinical applications to analyze massive amounts of data and develop appropriate diagnostic and
predictive methods [24—27]. Several studies have applied machine learning algorithms to predict OSA
risk. However, most of these studies have incorporated more complex parameters, such as sleep
questionnaires [28-30], at-home PSG [15], cephalometric images [31], neck and waist circumference
measurements [28,29,32,33], and facial-cervical measurements [28,32], into the predictive models.

In this context, our study used a large hospital-based sample of adults, allowing accurate
comparison between none-to-mild and moderate-to-severe cases. The generated LR- and ANN-
boosted models exhibited relatively high AUCs with adequate accuracy, sensitivity, PPV, and NPV,
revealing the ability of these models to distinguish between the groups of interest, namely individuals
with moderate-to-severe and none-to-mild OSA. Furthermore, our models used simple and easy-to-
obtain parameters (age, sex, and BMI), which may provide a direction for developing predictive
models under conditions of limited and constrained information.

Both LR and ANN are widely used models in biomedicine. This study’s LR and ANN models
achieved similar predictive validity in predicting OSA in patients undergoing PSG, which may be
related to our data structure. ANN has the advantage of analyzing complex, multidimensional and
nonlinear variables [34—37]. When the predictor-outcome relationships in the dataset are relatively
simple and linear, LR using linear combinations of variables may achieve performance that
approximates that of ANN [36,38]. This consideration was contextualized in the conclusion by
Dreiseitl and Ohno-Machado [38] that “there is no single algorithm that performs better than all other
algorithms on any given data set and application area.” and also summarized by Sargent [34] that “both
methods should continue to be used and explored in a complementary manner.”

The present study has several limitations. First, in our cohort, the incidence of moderate-to-
severe OSA was 62.8%, which is higher than the reported prevalence of OSA in the general
population [4,19,20,39]. In clinical practice, patients referred for a PSG exam are usually expected to
have OSA or another sleep disorder; therefore, the participant population in this study cannot be
representative of the general population with a very low prevalence of OSA. Second, the data set used
in this study was limited to a single center and included only Asian ethnic groups. Therefore, the trained
model may not be generalizable beyond the institution or other ethnic groups [28,29]. Third, this
retrospective observational study did not exclude undiagnosed medical conditions associated with
OSA, such as neurological, cardiovascular, and pulmonary disorders, which may affect the model’s
predictive performance. Our model did not contain detailed anthropometric imaging or measurements,
which may limit the model’s ability to distinguish the disease-specific causes of OSA. Finally, the
relatively low specificity for the models (57.0% and 56.9%) suggests a higher rate of false positives,
meaning that a healthy person is more likely to receive an incorrect diagnosis of OSA using the
proposed tool. As Jonas et al. [30] concluded, “There is uncertainty about the accuracy or clinical
utility of all potential screening tools.” a PSG to verify OSA severity and confirm the diagnosis is
warranted for patients with clinically suspected sleep apnea.
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5. Conclusions

Our study validated the diagnostic relevance of age, sex, and BMI for OSA. The generated LR-
and ANN-based model effectively predicted OSA risk using these three simple parameters. Our results,
therefore, may improve insights into OSA-related essential risk factors and provide knowledge to
facilitate individualized risk stratification and formulate diagnostic decisions for sleep apnea.
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