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Purpose: The clinical presentation of Obstructive Sleep Apnea (OSA) in children is insidious and harmful. Early identification of 
children with OSA, particularly those at a higher risk for severe symptoms, is essential for making informed clinical decisions and 
improving long-term outcomes. Therefore, we developed and validated a risk prediction model for severity in Chinese children with 
OSA to effectively identify children with moderate-to-severe OSA in a clinical setting.
Patients and Methods: From June 2023 to September 2023, we retrospectively analyzed the medical records of 367 Children 
diagnosed with OSA through portable bedside polysomnography (PSG). Predictor variables were screened using the least absolute 
shrinkage and selection operator (LASSO) and logistic regression techniques to construct nomogram to predict the severity of OSA. 
Receiver operating characteristic curve (ROC), calibration curve, decision curve analysis (DCA), and clinical impact curve (CIC) were 
used to determine the discrimination, calibration, and clinical usefulness of the nomogram.
Results: A total of 367 children with a median age of 84 months were included in this study. Neck circumference, ANB, gender, 
learning problem, and level of obstruction were identified as independent risk factors for moderate-severe OSA. The consistency 
indices of the nomogram in the training and validation cohorts were 0.841 and 0.75, respectively. The nomogram demonstrated 
a strong concordance between the predicted probabilities and the observed probabilities for children diagnosed with moderate-severe 
OSA. With threshold probabilities ranging from 0.1 to 1.0, the predictive model demonstrated strong predictive efficacy and yielded 
improved net benefit for clinical decision-making. ROC analysis was employed to classify the children into high and low-risk groups, 
utilizing the Optimal Cutoff value of 0.39.
Conclusion: A predictive model using LASSO regression was developed and validated for children with varying levels of OSA. This 
model identifies children at risk of developing OSA at an early stage.
Keywords: obstructive sleep apnea, children, cephalometric, prediction nomogram, risk prediction model

Introduction
A severe form of sleep-disordered breathing (SDB) known as obstructive Sleep Apnea (OSA) is characterized by 
repeated instances of either partial or complete blockage of the upper airway. This condition leads to compromised 
breathing, disrupted sleep patterns, and reduced oxygen levels.1,2 Children diagnosed with OSA may experience various 
complications, including pulmonary hypertension, hypertension,3 maxillofacial developmental malformations, behavioral 
abnormalities,4 growth and neurodevelopmental delays,5 and reduced quality of life2 if diagnosis, intervention, and 
treatment are delayed. Children diagnosed with severe OSA are significantly more susceptible, as indicated by multiple 
studies6–9 Furthermore, the treatment approaches for OSA vary depending on the severity of the condition. Early 
assessment of the severity of OSA in children is crucial for improving prognosis, facilitating targeted treatment, and 
preventing the progression of the condition.

Pediatric OSA is a challenging disease because OSA severity is associated with age, adenoid size, tonsil size (Hwang,10 

2013), and obesity.11 Although nocturnal polysomnography (PSG) is considered the “gold standard” for diagnosing pediatric 
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OSA, its application is constrained.12–14 The American Academy of Sleep Medicine (AASM)15 and the American Academy 
of Pediatrics16 assert that Portable monitors (PM) are suitable for patients with high clinical suspicion of OSA. PM has been 
shown to be a successful alternative17,18 in both retrospective studies19 and systematic reviews,20,21 particularly in high-risk 
groups and neglected areas.18 The accuracy of PM and their capacity to differentiate between varying degrees of severity in 
comparison to a full PSG will need to be further investigated.

Clinical prediction models (CPMs) serve as a valuable tool for assessing the advantages and disadvantages of medical 
interventions. They provide physicians and families of patients with more logical and user-friendly information.22 A three- 
variable prediction model for OSA in children aged three to six was developed by Certal using the Pediatric Sleep 
Questionnaire (PSQ) scores, tonsil size, and oxygen desaturation index (ODI).23 Wu created a decision tree model to predict 
the existence of severe OSA in children based on scale scores and demographic analysis.24 Si et al developed an 
identification algorithm based on morphological and positional attention cues for children with moderate to severe OSA 
using S- magnetic resonance imaging (MRI) data and magnetic resonance imaging data.25 Molnar et al investigated the 
effect of the tongue on upper airway obstruction and OSA26 using MRI and ultrasound. Their investigation found that 
anthropometric measurements and MRI AT values both reliably predicted OSA; the most significant predictive criteria were 
body mass index, age, neck circumference, tongue midline, and parapharyngeal fat levels.27 The above studies demonstrate 
how most contemporary studies on children’s OSA have extensively depended on statistical analysis of clinical examination 
or questionnaire data, regardless of the data or research methodology used. Due to the paucity of available data on OSA, it 
is difficult to accurately determine the severity of the disease and accurately depict the patient’s true clinical state.1,28

Nomogram, which is graphical tool based on statistical models, has been widely used to assess disease prognosis or 
predict disease diagnosis. It visualizes the results of regression equations and allow for the direct computation of variable 
values. This enables accurate quantification of a variety of risk factors.29 Patients with different levels of OSA severity 
require individualized treatment plans in clinical settings. In this context, quantitative prediction of OSA severity in 
children holds significant clinical importance.25 The quest for the most precise predictive model for OSA has not 
produced any definitive findings over the past decade. The intricate nature of the diagnostic process required for 
identifying the condition presents a significant challenge in accurately predicting it. The anthropometric variables 
(including body mass index and neck/waist circumference), clinical symptoms (snoring and obstructive mouth 
breathing),30 upper airway soft tissue structure,31 and facial measures,32–34 have been widely used as the primary factors 
in regression studies. To the best of our knowledge, there is a lack of documented nomogram that are based on 
cephalometric, clinical examination (portable PSG) and clinical symptoms (dysphagia, learning problems, sleep pro-
blems, and lack of concentration). Additionally, there is currently no established set of standardized screening techniques 
for OSA in children with different levels of severity.35 In this study, we employed the least absolute shrinkage and 
selection operator (LASSO) regression as a methodology to identify the variables that can be used for quantitative 
prediction of the severity of OSA in children. The aim was to provide therapeutic assistance and develop tailored 
treatment programs for children with different levels of OSA.

Methods
Study Subjects
Children with adenoid hypertrophy and or tonsillar hypertrophy who attended the Department of Children’s Ear, Nose 
and Throat of Chongqing Medical University between June 2023 and September 2023 were included in this study. The 
inclusion criteria for the retrospective cases were as follows: (1) aged 4–18 years; (2) each child underwent portable PSG, 
fiberoptic electronic nasopharyngoscopy and lateral nasopharyngeal film, and was diagnosed as having enlarged tonsils 
or adenoids with varying degrees of OSA; and (3) provided comprehensive clinical information, such as basic informa-
tion and questionnaires. The study excluded participants who met the following criteria: (1) children with hereditary 
disorders, neuromuscular disorders, or craniofacial anomalies; (2) children who had undergone previous tonsil or adenoid 
surgery; (3) children with other sleep disorders, such as insomnia;36 and (4) children who had experienced upper 
respiratory tract infections within the two weeks before hospital admission; (5) Suffering from mental illnesses such 
as autism, ADHD, etc.
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Sleep Monitoring Method
The device utilized in this study is referred to as the “Sleep Breathing Preliminary Screen”, which is a type of PM. 
Machine model: ZG-S01D, voltage: 5V, product number: S01D2211000009; Batch number: 20221109; Production date: 
20221114; The manufacturer is Hangzhou Zhaoguan Sensing Technology Co., LTD. This study included apnea hypopnea 
index (AHI) and lowest oxygen saturation (LSaO2), the two most specific indicators of OSA in children.37

Evaluation criteria:1 an AHI index of less than one, which denotes normal breathing during sleep. AHI > 10 is 
consistent with severe OSA; 1< AHI < 5 is consistent with a mild OSA diagnostic; and 5 < AHI < 10 is compatible with 
a moderate OSA diagnosis. Normal nocturnal ventilation is indicated by LSaO2>90%, while moderate hypoxemia is 
indicated by LSaO2<85%. Severe hypoxemia is indicated by an LSaO2<80%.

Predictor Variables
We identified 28 potential predictor variables for our study, selected based on existing literature and clinical expertise. 
These variables included demographic characteristics (age and gender) and clinical symptoms (snoring, obstructive 
mouth breathing, dysphagia, symptom duration, learning problems, and lack of concentration). Additionally, the study 
incorporated physical measurements, such as body mass index (BMI) and neck circumference. Clinical examination 
results, including upper airway level of obstruction, adenoid/nasopharyngeal (A/N) ratio, tonsil size and cephalometric 
analysis (including SNA, SNB, ANB, NP-FH, NA-PA, UI-LI, UI-SN, MP-SN, MP-FH, Y-axis angle and LI-MP, See 
Supplementary Figure 1) were also considered. Lastly, we used questionnaires, including obstructive sleep apnea 18 
items survey (OSA-18) scores,38 protocol of orofacial myofunctional evaluation with scores (OMES),39 and Children’s 
Sleep Habits Questionnaire (CSHQ).40

Study Design
This study was carried out in compliance with the revised Declaration of Helsinki of 2015 and underwent review by the 
Ethical Review Committee of the Children’s Hospital of Chongqing Medical University (No. 66, 2023). All youngsters, 
even those eight years of age and older, had given their informed consent, as did their parents or legal guardians. PSG 
was conducted in the study to categorize participants into two groups according to the severity of their OSA: mild OSA 
(1 ≤ AHI ≤ 5 events /h) and moderate to severe OSA (AHI > 5 events /h). The clinical prediction model was then 
depicted using a nomogram.

Predictive Models
LASSO regression is used to compress the coefficients of some variables that are not important to the result to zero, and 
a finer model is obtained by constructing a penalty function. To construct and validate the nomogram and ensure the 
robustness of the prediction model, we divided the data into the training set and verification set using the SAMPLE 
function of R, with a 7:3 ratio. We randomly assigned 70% (n = 256) of children to the training cohort and 30% (n = 111) 
to the validation cohort. The former was used for developing models, while the latter was used for evaluating the 
predictive performance of the models. The model’s performance in predicting OSA was evaluated using various metrics, 
such as the receiver operating characteristic curve (ROC), calibration curve, decision curve analysis (DCA), and clinical 
impact curve (CIC).

The ROC is used to illustrate the overall performance of the model, and the area under the curve (AUC) is a measure 
of the model’s overall performance.41 The calibration curve is constructed by visualizing the results of the Hosmer- 
Lemeshow goodness-of-fit test to assess the agreement between the actual and predicted incidences.42,43 The DCA is 
a method used to evaluate the clinical value of a model by considering the potential range of patient risks and benefits, 
which estimates the net benefit at various risk thresholds to assess the feasibility of a clinical decision.44 The CIC was 
utilized to assess the clinical relevance of the risk prediction nomogram.45

Statistical Analysis
We analyzed the data using SPSS (Statistical Package for the Social Science 27.0 for Mac) and RV version 4.1.2. Perform 
the following operations in SPSS software: the Kolmogorov–Smirnov test was used to test the normality of the data; 
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counting data between the two groups are compared using a chi-square test and shown as relative frequencies. The 
measurement information of a normal distribution is typically expressed as the mean (X) and standard deviation (SD), 
and t-test is commonly used to compare two groups. We employed the median and interquartile spacing M (P25, P75) to 
represent the skewed distribution of the data and the Mann–Whitney U-test for between-group comparisons. We use the 
glmnet package in the R for Logistic LASSO regression. The analysis screened the independent variables to identify risk 
factors. We assessed nomogram model performance by examining overall accuracy (Brier score),46 calibration (calibra-
tion plots and Hosmer–Lemeshow calibration test), and discrimination (AUC);47 we also plotted decision curves to assess 
the net benefit of nomogram -assisted decisions.

Results
Basic Characteristics of the Study Population
We randomly assigned 367 children to the training set (N = 256) and the validation set (N = 111). Table 1 presents the 
demographic and clinicopathologic data of the patients. Among children with OSA, 43.1% were diagnosed with 
moderate to severe OSA. BMI is classified according to percentage, there were 293 normal weight children (79.8%), 
19 low body weight children (5.2%); 35 overweight children (9.5%), and 20 obese children (5.4%). Gender, BMI, 
cervical dimension, and snoring varied statistically significantly amongst children with varying severities in the training 
cohort. On the other hand, the validation group showed statistically significant variations in terms of Obstructive-mouth 
breathing (OMB), snoring, OSA-18 and incorrect swallowing. A further study found that mild OSA was the dominant 
condition in female children, and BMI, neck circumference, snoring, mouth breathing, and nasal congestion were higher 
in severe OSA children than in mild OSA children.

Table 1 Baseline Characteristics of All Patients in the Training Cohort and Validation Cohort

Variables Training Cohort (n = 256)  
M (P25, P75)/ N (%)/ X±SD

Validation Cohort (n = 111)  
M (P25, P75) / N (%)/ X±SD

Mild OSA 
(n=150)

Moderate to 
Severe OSA 
(n=106)

P-value Mild OSA  
(n=59)

Moderate to 
Severe OSA 
(n=52)

P-value

Genders 0.002*a 0.454a

Male 85 (51.52%) 80 (48.48%) 31(50%) 31(50%)

Female 65 (71.43%) 26 (28.57%) 28(57.14%) 21(42.86%)

Symptom duration 0.062a 0.231a

<6 mouths 14 (38.89%) 22 (61.11%) 7(43.75%) 9(56.25%)

6–1year 44 (65.67%) 23 (34.33%) 16(25%) 8(33.33%)

1–2years 45 (59.21%) 31 (40.79%) 18(60%) 12(40%)

>2years 47 (61.04%) 30 (38.96%) 18(43.9%) 23(56.1%)

Age (mouth) 84 (60, 108) 88 (60, 120) 0.269b 84(60,108) 72(53,96) 0.131b

BMI (kg/m2) 15.74 (14.71, 17.9) 17.47 (15.28, 20.47) 0.001*b 15.75(14.54,17.64) 15.82(15.03,20.63) 0.418b

Neck circumference (cm) 27.5 (25.38, 29) 29 (27, 33) <0.001*b 27.5(25.5,30) 28(25.5,30.88) 0.371b

Snore(0–10 points) 5 (3, 6) 5 (3, 8) 0.018*b 5(2,6) 6(4.25,7.75) <0.001*b

OMB(0–10 points) 6 (3.75, 8) 6 (4, 8) 0.91b 5(2,8) 6(5,8) 0.025*b

Nasalobstruction(0–10 points) 5 (2, 7) 4 (2, 6) 0.088b 4(1,6) 5(3,6) 0.199b

Dysphagia(0–10 points) 0 (0, 2) 0 (0, 2.25) 0.459b 0(0,0) 0(0,3) 0.005*b

OMES 89 (86, 91) 89 (86, 91) 0.583b 89(86,92) 88(86,89.75) 0.383b

OSA-18 60.47±16.19 62.63±14.22 0.27c 58.49±12.16 63.85±13.5 0.03*c

CSHQ 51 (44.75, 56.25) 49.5 (45, 54) 0.376b 51(46,57) 50.5(47,56.75) 0.878b

Notes: *P<0.05 was statistically significant. aChi-square test. bMann–Whitney U-test. ct-test. 
Abbreviations: OSA-18, obstructive sleep apnea 18 items survey scores; OMES, protocol of orofacial myofunctional evaluation with scores; CSHQ, Children’s Sleep Habits 
Questionnaire; BMI, body mass index; OMB, obstructive mouth breathing.
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Predictor Variable Screening Using LASSO Regression
The study measured the severity of OSA as the dependent variable by portable PSG, categorizing it as mild or moderate 
to severe. It was crucial to reduce the possibility of the model being overfitting because of the covariance and correlation 
between the 28 independent variables. Filtering and screening the independent variables allowed for the identification of 
characteristics related to moderate-severe OSA. Figure 1A illustrates the progressive compression of the original 
independent variable coefficients. Eventually, some of the coefficients were compressed to zero, hence avoiding over-
fitting of the model. The application of the ten-fold cross-validation technique, as shown in Figure 1B, demonstrates that 
the mean square error is lowest when the penalty value is set to 0.04, which is when the model performs ideally. The 
research revealed that neck circumference, ANB, gender, learning problem, and level of obstruction were the five most 
promising independent variables for predicting the severity of OSA.

Construction and Interpretation of the Prediction Model
We used R software to integrate the five independent predictors mentioned earlier and built a prediction model for OSA 
severity, which was visualization with nomogram (refer to Figure 2). According to the nomogram model, the likelihood 
of moderate to severe OSA increases with each child’s overall score. For example, if a child is male, has a wide neck 
circumference and ANB, and is associated with learning problems and multiplane obstruction of the upper airway, their 
risk of moderate to severe OSA increases. For example, if a boy, corresponding to Points is 7.5; with both adenoid and 
tonsillar hypertrophy, corresponding to a score of 32.5; with a neck circumference of 32 cm, corresponding to a score of 
25, and an ANB of 5.5, corresponding to a score of 32.5, and always accompanied by learning problems, corresponding 
to a score of 100, ie, a total score of 197.5, the risk of having moderate to severe OSA is up to 90%. A cumulative score 
of more than 156 indicated moderate to severe OSA. Moreover, the likelihood of moderate to severe OSA was shown to 
be 0.95 when the overall score reached 196.

Figure 1 Texture feature selection using the least absolute shrinkage and selection operator (LASSO) binary logistic regression model. (A) LASSO coefficient profiles of the 
28 texture features. 28 factors to the forecast model: age, BMI, neck circumference, snoring, OMB, nasal obstruction, dysphagia, OSA-18, CSHQ, A/N, OMES, SNA, SNB, 
ANB, NP-FH, NA-PA, UI-LI, UI-SN, MP-SN, MP-FH, LI-MP, Y-axis angle, gender, symptom duration, learning problems, lack of concentration, level of obstruction, and tonsil 
size. (B) The optimal parameter (lambda) is selected using 10-fold cross-validation with minimum criteria in the LASSO logistic regression. Each red dot represents a lambda 
(λ) value on the path, and confidence intervals for the error rate are indicated. In drawing the black vertical lines, we used the minimum criteria and the one standard error 
of the minimum criteria (1-SE) to determine the optimal values. 5 factors to the forecast model: Neck circumference, ANB, gender, learning problem, and level of 
obstruction.
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Evaluation, Analysis, and Validation of the Prediction Model
The ability of nomogram prediction model to predict moderate to severe OSA was evaluated and validated using ROC. The 
five included metrics, as well as the overall metrics (Figure 3A and B). The model was internally validated with 500 
Bootstrap self-sampling. In the training cohort, the predictive model had an AUC of 0.841 (95% Confidence interval: 
0.794–0.888), which is greater than 0.750. The sensitivity was 0.802, specificity was 0.727, Positive Predictive Value (PPV) 
was 0.675, and Negative Predictive Value (NPV) was 0.838. The AUC of the predictive model in the validation cohort was 
0.750 (95% CI: 0.659–0.842). The sensitivity was 0.731, specificity was 0.695, PPV was 0.679, and NPV was 0.745.

The Calibration curve and the Hosmer–Lemeshow test showed a p-value of 0.875, which is greater than the significance 
level of 0.05, in the validation cohort. This indicates that the predicted probabilities obtained from the nomogram are highly 
consistent with the observed outcomes, as shown in Figure 4A. The accuracy of probabilistic predictions is measured using 
the Brier score, with a lower score indicating higher accuracy. In both the training and validation cohorts, the Brier scores 
were 0.162 and 0.207, respectively. The maximum difference in predicted and calibrated probabilities, known as Emax, and 
the average difference in predicted and calibrated probabilities, known as Eavg, were determined to be 0.029 and 0.011, 
respectively, in the training cohort. In the validation cohort, these values were 0.174 and 0.063, respectively. It is important 
to mention that smaller values indicate superior performance. The prediction model shows a high level of efficacy in 
making accurate predictions. The results are shown in Figure 4A and B.

The DCA has two reference lines, one reflecting the net benefit without any treatment and the other the net benefit for 
all patients receiving treatment. When the net benefit of the curve is higher than the two reference lines, it indicates that it 
has certain clinical application value. The results showed that for both the training group (Figure 5A) and the validation 
group (Figure 5B), with threshold probabilities ranging from 0.1 to 1.0, a greater net benefit could be obtained when 
making clinical decisions using this predictive model than “no treatment” or “all treatment”. The overall curve of the 
model exhibits a notable departure from the two extremes, suggesting a high level of predictive accuracy.

The CIC demonstrated the clinical validity of the prediction model, as depicted in Figure 6A and B. When the 
threshold probability exceeded 90%, the prediction model concluded that the population identified as high risk for OSA 
exhibited a high degree of concordance with the actual OSA population. This indicates that the nomogram demonstrates 
a high overall net benefit across a wide and practical range of threshold probabilities, impacting patient outcomes. This 
suggests that the predictive model holds significant predictive value.

Figure 2 Nomogram for prediction of OSA. 
Abbreviations: OSA, obstructive sleep apnea; AH, Adenoid hypertrophy; TH, Tonsil hypertrophy; ATH, Adenotonsillar hypertrophy.
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Discussion
Pediatric OSA has received increasing scientific attention in recent decades, differing from adults in physiology, clinical 
presentation, polysomnographic features, and outcomes, with adenoidal tonsillar hypertrophy being the main cause, and 
its high prevalence coinciding with the onset of OSA symptoms.48 The high prevalence of OSA,16 suboptimal diagnosis 
rate,49 and potential cardiovascular, neurocognitive, and behavioral diseases16 have driven a great deal of research work 

Figure 3 ROC curves for detecting OSA in children. (A) ROC curves for the five high-risk factors and overall in the training cohort. 1 represents the overall efficacy of the 
Nomogram model (Optimal Cutoff value:0.4; ACU: 0.841; Sens:80.2%; Spec:72.7%; PPV:67.5%; NPV:83.8%), 2 represents the predictive efficacy of the neck circumference 
(Optimal Cutoff value:28.6; ACU: 0.652), 3 represents the predictive efficacy of the ANB (Optimal Cutoff value:4.45; ACU: 0.547), 4 represents the predictive efficacy of the 
gender (Optimal Cutoff value:1; ACU: 0.594), 5 represents the predictive efficacy of the learning problem (Optimal Cutoff value:5; ACU: 0.558), and 6 represents the 
predictive efficacy of the level of obstruction (Optimal Cutoff value:3; ACU: 0.753). (B) ROC curves for the five high-risk factors and overall in the validation cohort. 1 
(Optimal Cutoff value:0.38; ACU: 0.75; Sens:73.1%; Spec:69.5%; PPV:67.9%; NPV:74.5%), 2 (Optimal Cutoff value:28; ACU: 0.549), 3 (Optimal Cutoff value:4.3; ACU: 0.504), 
4 (Optimal Cutoff value:1; ACU: 0.535), 5 (Optimal Cutoff value:6; ACU: 0.519), 6 (Optimal Cutoff value:3; ACU: 0.741). Optimal Cutoff value: A cut-point will be referred 
to as optimal when the point classifies most of the individuals correctly. 
Abbreviations: AUC, area under the ROC curve; PPV, Positive Predictive Value; NPV, Negative Predictive Value.
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in two main directions, one is the search for effective treatments, and the second is to achieve a simplified, objective and 
low-cost diagnostic method.49 Children diagnosed with OSA commonly have their treatment plan determined by the 
severity of their condition and the expertise of their healthcare providers.23 A rising proportion of individuals displaying 
symptoms of OSA are experiencing delays in receiving a timely diagnosis and appropriate treatment. This issue arises 
due to the limitations of current diagnostic methods for OSA, which in turn pose a significant threat to the physical and 
mental well-being of affected patients.12 If a CPM for OSA of varying severity can be established using general data, 
clinical tests, and scales, and if children with positive predictions can receive sleep monitoring to assist in the diagnostic 
process,24 then diagnostic effectiveness will be improved.

CPM have the potential to offer physicians and patients quantified risk assessments based on their present health 
condition, as well as predict their future health status. These models use noninvasive, cost-effective, and easily obtainable 
metrics.50 In recent years, there has been a growing interest in Portable PSG, which can be done at home and often uses 

Figure 4 Calibration curve for predicting probability of OSA. (A) Training cohort. Parameter result: Dxy= 0.682; C (ROC) = 0.841; R2= 0.425; D= 0.375; U= −0.008; Q= 
0.383; Brier= 0.162; Intercept= 0.000; Slope= 1.000; Emax= 0.029; E90= 0.022; Eavg= 0.011; S:z= 0.157; S:p= 0.875. (B) Validation cohort. Parameter result: Dxy= 0.501; 
C (ROC) = 0.750; R2= 0.127; D= 0.091; U= 0.051; Q= 0.040; Brier= 0.207; Intercept= 0.181; Slope= 0.596; Emax= 0.174; E90= 0.140; Eavg= 0.063; S:z= 2.016; S:p= 0.044. 
Thick gray line represents a perfect prediction by an ideal model. The Solid black line represents the performance of the nomogram, of which a closer fit to the diagonal 
dotted line represents a better prediction.

Figure 5 Decision curve analysis in prediction of OSA. (A) Training cohort. (B) Validation cohort. The y-axis demonstrates the net benefit. The red line indicates the 
nomogram. The yellow line indicates neck circumference. The green line represents ANB. The fluorescent green line indicates gender. The green dots represent learning 
problems. The blue dots represent the level of obstruction. The pink line indicates the assumption of no intervention. The intervention-all-patients assumption is 
represented by the purple line.
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fewer sensors than PSG (see AASM Scoring Manual for Technical and Digital Specifications).51 Use of Portable PSG 
may provide potential benefits to patients with suspected OSA. Such benefits could include convenience, comfort, 
increased access to testing, and decreased cost.52 Most existing studies on predicting OSA using machine learning 
methods have focused on the adult population and have shown promising results in predicting OSA in both adults and 
children. In recent years, machine learning has been used to identify OSA patients based on 2D53 and 3D54 photos. This 
demonstrates a link between maxillofacial geometry and the risk of sleep apnea, creating models to predict the most 
important facial features of AHI, and showing the importance of the neck and jaw region.54 Adult-based OSA diagnostic 
models can predict OSA by considering only simple and readily available predictors, such as BMI, age, sex, or neck 
circumference, and achieving a high level of sensitivity or specificity.12 The child-centered machine learning model 
demonstrates good diagnostic performance for moderate to severe OSA, and these children greatly benefit from early 
diagnosis and access to treatment.55 Several non-invasive techniques have been developed to diagnose OSA, which 
provide a certain level of predictability in identifying the condition or its effects.23 However, the prediction model of 
OSA severity established by oximeter has great variation and is not enough to diagnose OSA.11 The predictive model 
based on age, weight, height, gender, BMI, Children’s Sleep Questionnaire (PSQ) score, tonsil size, and Oxygen 
desaturation index (ODI) had good predictive power (AUC: 0.897).23 Several craniofacial skeletal variables (eg, SNB 
angle, branchial height, lower angular angle, and hyoid position) and upper airway morphology56 are also associated with 
the severity of OSA and can be used to help identify children at higher risk for OSA.57 He’s photogrammetry-based 
prediction model was able to identify individuals with and without OSA and had better predictive performance than the 
general physical examination model.34 However, Fernandes found that facial stereophotogrammetry had low screening 
power.58 Cheung also found that visual assessments based on front and side photographs were poor at predicting OSA.59 

Yuen found significant differences in the maxillary-mandibular relationship angle and the ratio of mandibular height to 
the entire length of the face in prepubertal children as the severity of OSA increased.33 The model established by Masoud 
through three-dimensional airway analysis shows remarkable predictive value.60 In summary, the use of craniofacial 
anthropometry and photogrammetry to assess facial features has been proposed as an alternative technique for OSA in 
both adults and children, and very low to moderate quality levels of data, have not been able to support the existence of 
an association, or lack thereof, between craniofacial morphology and pediatric OSA.58

Most clinical signs and symptoms have limited usefulness in screening and predicting OSA, and no single parameter 
is enough to achieve this goal. Parameters such as age, gender, BMI, and OSA-18 have all been associated with the 
severity of OSA. The usefulness of these measures as screening assays, however, is still up for discussion. In recent 

Figure 6 Clinical impact curve (CIC) of OSA model. (A) Training cohort. (B) Validation cohort. The red curve (number of high-risk individuals) indicates the number of 
people who are classified as positive (high risk) by the model at each threshold probability; the blue curve (number of high-risk individuals with outcome) is the number of 
true positives at each threshold probability. CIC visually indicated that nomogram conferred high clinical net benefit and confirmed the clinical value of the OSA model.
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years, there has been a growing emphasis on using a combination of objective and subjective indicators to better identify 
patients who are at risk for OSA. In an appropriate patient population, and through a rigorous management pathway, the 
use of portable PSG to diagnose OSA has been shown to provide adequate clinical outcomes.61 Given the impact of 
craniofacial features on upper airway collapse during sleep, it is necessary to create predictive models that incorporate 
craniofacial features and clinical symptoms to evaluate their effectiveness in predicting the severity of the disease. In this 
study, a total of 28 factors that could potentially impact the severity of the disease were included in the LOSSA 
regression analysis. In the end, only five variables were used to build the nomogram, including neck circumference, 
ANB, gender, learning problems, and level of obstruction. The AUC values of the nomogram were greater than 0.75 for 
both the training and validation cohorts, indicating that the model had a high degree of differentiation. The calibration 
plots and Hosmer-Lemeshow tests showed a strong agreement between the predicted probabilities of the nomogram and 
the observed outcomes. Moreover, to assess the clinical validity of the nomogram, we employed the threshold 
probability-based clinical outcomes provided by the DCA. This approach enabled us to determine a more accurate net 
clinical benefit. Additionally, the CIC provided intuitive evidence that high-risk populations in real OSA were closely 
aligned, within a specific range, with severely high-risk populations in OSA. Contrary to previous research, this study 
found that neck circumference could predict disease severity, and its substance was associated with high BMI.62 The 
results of this study are in concordance with Howard’s study, which found that the upper airway level of obstruction is 
correlated with the severity of OSA.63 Other studies indicate that tonsil/adenoid size does not predict OSA severity based 
on AHI; however, adenoid size may be related to LSaO2.10 We point out the importance of learning problems in 
assessing the severity of OSA in children, and the results of this model can be used to guide the risk of neurocognitive 
impairment in children with severe OSA and determine its efficacy through early intervention.64 Men have a higher risk 
of severe OSA, which may be related to male physiological structure and function. The ANB parameter, which reflects 
the relationship between the anteroposterior and anteroposterior relative positions of the maxilla and mandible, can also 
predict the degree of severity to a certain extent, indicating that we can roughly determine the impact and severity of 
OSA on the maxillofacial region through facial appearance. Most studies indicated that the ability of the questionnaire to 
screen OSA was low,65,66 but higher than that of videotape with OSA characteristics67. It was discovered in this study 
that neither the CSHQ nor the OSA-1868 could predict the severity of OSA. According to certain research, identifying 
and removing duplicate questions from the questionnaire might enhance its prediction performance and increase its 
prediction efficiency.68–71 Low-quality studies have indicated that clinical symptoms can predict OSA severity,72 and 
although this study included some clinical symptoms, such as snoring and OMB, no association was found. It is positive 
that OSA-related behavior and quality of life in children can predict improvement after adenotonsillectomy to some 
extent, and symptoms obtained during the visit can provide auxiliary advice on important comorbidities and possible 
surgical responses.73

Our research stands out for its originality and advantages. Our study utilized the primary and objective clinical data to 
create the first model capable of predicting OSA severity in children. Among the many risk factors taken into 
consideration, one of the main conclusions is that learning difficulties in kids with OSA can operate as a risk rating 
indicator, which highlights how crucial it is to evaluate the illness’s significance from a variety of angles. We have also 
integrated several problems related to OSA and added cephalometric data as a new predictor in risk rating, and These 
results set our study apart from earlier clinical rating schemes. Compared with the literature of the same type, this study 
has better prediction performance71 and more comprehensive verification.23

Limitations
This study is subject to certain limitations. First of all, there was only one hospital used for data gathering in this 
study, and the sample size and coverage were limited. Furthermore, the raw data set is the only one used for 
training and validation, with no external validation set obtained. Notably, the demographic sample that was used in 
this investigation was limited to people who were Chinese in origin. For this reason, further research is needed to 
evaluate whether the model’s conclusions apply to other ethnic groups. Current research on OSA prediction 
usually uses data from questionnaires and clinical exams. Nonetheless, the quality of data collecting standards 
affects how reliable the existing prediction models are. In addition, the portable PSG cannot distinguish between 
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sleep and wake cycles, nor can it report the number of apnea and hypopnea times per hour recorded time (as 
opposed to sleep time), and its ability to distinguish severity also needs to be compared with a professional 
polysomnography monitor.

Conclusion
The present study has developed a prediction model comprising five variables, namely Neck circumference, ANB, 
gender, Learning problem, and level of obstruction. This model demonstrates a strong predictive capacity for moderate-to 
-severe OSA in children. Consequently, it can serve as a valuable tool for clinicians in distinguishing between different 
severity levels of OSA in children and aiding in clinical decision-making. This model can help physicians diagnose OSA 
more quickly and reduce the medical expenses for patients compared to PSG monitoring. Further research and validation 
of the model are necessary before considering practical clinical applications. The application of machine learning and 
data mining has the potential to improve disease prediction and revolutionize medical decision-making. A more thorough 
understanding of the screening and diagnosis of OSA in children will only be possible with well-designed, large-scale, 
controlled, blinded, multicenter prospective studies. Furthermore, more study is required, especially on portable mon-
itoring in kids of different ages.
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