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Objective: To develop an interpretable nomogram model for predicting moderate-to-severe obstructive sleep apnea (OSA).
Methods: This retrospective study analyzed 11,030 OSA patients who underwent polysomnography between 2012 and 2020. Patients 
were randomly divided into a modeling cohort (n=7,721) and a validation cohort (n=3,309) in a 7:3 ratio. Based on disease severity, 
patients were further classified into mild and moderate-to-severe subgroups. General clinical data were collected. Independent risk 
factors were identified using multivariate logistic regression, and a nomogram prediction model was constructed using the R “rms” 
package.
Results: Univariate analysis showed significant differences in age, BMI, neck circumference, gender, hypertension, diabetes, smoking 
status, alcohol consumption, and coronary heart disease between the mild and moderate-to-severe groups in both cohorts (all P < 0.05). 
Multivariate logistic regression identified age, BMI, neck circumference, male gender, hypertension, and diabetes as independent risk 
factors for moderate-to-severe OSA (all P < 0.05). The nomogram model demonstrated good fit (Hosmer-Lemeshow test: modeling 
cohort χ2=10.754, P=0.216; validation cohort χ2=8.383, P=0.397). Decision curve analysis confirmed the model’s clinical utility within 
specific risk thresholds. The area under the ROC curve was 0.676 (95% CI: 0.664–0.688) for the modeling cohort and 0.613 (95% CI: 
0.593–0.632) for the validation cohort, indicating strong predictive performance.
Conclusion: The nomogram model based on age, BMI, neck circumference, gender, hypertension, and diabetes provides a valuable 
tool for predicting and assessing moderate-to-severe OSA, offering important strategic guidance for clinical practice.
Keywords: obstructive sleep apnea, sleep-disordered breathing, nomogram

Introduction
Obstructive sleep apnea (OSA) is characterized by repeated collapse of the upper airway during sleep, which can cause 
apnea and hypopnea. The prevalence of OSA continues to increase with obesity and aging, and is closely related to 
complications such as cardiovascular and cerebrovascular diseases and diabetes.1–4 About 936 million people aged 30–69 
years are affected globally, and about 425 million people are moderately or severely affected, with about 176 million 
patients in China.5,6 The 5-year mortality rate of untreated severe OSA is 11%-13%, and patients with moderate to severe 
OSA have a higher risk of poor prognosis, so early identification is particularly important.7 Polysomnography (PSG) is 
the gold standard for the diagnosis of OSA, which can monitor more than 10 kinds of physiological indicators such as 
electroencephalogram (EEG) and respiration, distinguish sleep stages, record key data such as apnea and blood oxygen 
saturation, and provide objective diagnostic basis.However, PSG is a resource-intensive examination that is complex to 
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operate, expensive, and has a long waiting period, particularly in areas with limited medical resources. This seriously 
restricts the early diagnosis and intervention of OSA.8 Although alternative diagnostic methods including the home sleep 
apnea test (HSAT), type IV sleep monitoring devices, and assessment tools like the Epworth Sleepiness Scale (ESS), 
STOP-BANG questionnaire, and Berlin Questionnaire (BQ) have been introduced, each method has unique advantages 
and limitations that restrict their effectiveness as standalone diagnostic tools for OSA.9 Most of the existing sleep apnea 
screening scales have problems such as imbalance of sensitivity and specificity, poor suitability to the population, and 
inability to accurately predict moderate to severe risk, which is difficult to meet the needs of efficient screening in 
primary care. Compared with the existing studies, this study is the first to construct an OSAHS prediction model based on 
a large sample of real-world data in western China, with a larger sample size and stronger regional specificity. The core 
clinical indicators used in this study are simpler and easier to obtain, and more suitable for primary care screening in 
areas with limited medical resources, which can improve the shortcomings of the previous model in the western 
population. Nomograms, as a clinically practical risk prediction tool, integrate multidimensional clinical variables and 
transform complex regression models into an intuitive scoring system. They can accurately predict individual disease risk 
and clearly display the contribution weight of each variable, offering new possibilities for precise stratified management 
of OSA. This study aims to identify the risk factors for moderate or severe OSA as per clinical data from the population 
in western China. We will establish and validate a practical nomogram prediction model, providing evidence-based 
support for optimizing regional OSA screening strategies, improving patients’ quality of life, and reducing the healthcare 
burden.

Materials and Methods
General Information
A total of 11,853 patients diagnosed with OSA through PSG were initially enrolled. After applying exclusions, 11,030 
individuals were randomly split into a modeling cohort (n = 7,721) and a verification cohort (n = 3,309) with 70% of the 
patients assigned to the modeling cohort. This cohort was further subdivided into a mild cohort (n = 2,802) and 
a moderate to severe cohort (n = 4,919) based on the severity of their conditions. The verification cohort was further 
split into a mild cohort (n = 1,201) and a moderate to severe cohort (n = 2,108) for subsequent analysis. Inclusion criteria: 
(1) Age of 18 years or above; (2) Underwent overnight PSG monitoring at the sleep center of this hospital, with a total 
monitoring time of at least 4 hours; (3) Complete clinical medical records. Exclusion criteria: (1) Suffering from 
a neuromuscular disease; (2) Having previously received treatment for sleep apnea; (3) Diagnosed with central sleep 
apnea by PSG; (4) Long-term use of medications that affect sleep quality (such as sedatives and hypnotics); (5) Missing 
key data in the medical record.

Methods
Data Preprocessing
For the initial collection of 11,853 records were cleaned. 105 duplicate entries were identified and deleted. Missing data 
were addressed, including 2 missing snoring records. 233 entries, 3 missing data points for fatigue and drowsiness. Of the 
233 observed apnea data points, 700 were missing. The imputation of missing values was conducted through multiple 
imputation by chained equations, resulting in 11,030 complete data points for subsequent analysis.

Feature Variable Collection
The following three categories of characteristic variables came from the medical record system: (1) Demographic 
characteristics and lifestyle habits: age, gender, BMI, neck circumference, smoking history, Heart failure and drinking 
history; (2) Comorbidities and laboratory indicators: hypertension, diabetes, coronary heart disease, arrhythmia, ischemic 
stroke, hypothyroidism, fatty liver, chronic obstructive pulmonary disease, abnormal airway anatomy, hyperhomocystei
nemia, hyperuricemia, benign prostatic hyperplasia, FT3, FT4, ALP, BUN,CREF, LDL, and VLDL; (3) Clinical 
symptoms and vital signs: including total bed rest time, core temperature, breathing rate, and systolic and diastolic 
blood pressure. In total, 29 items were entered into the research database along with the polysomnography monitoring 
results.

https://doi.org/10.2147/NSS.S592761                                                                                                                                                                                                                                                                                                                                                                                                                                                                  Nature and Science of Sleep 2026:18 2

Gul et al                                                                                                                                                                       

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Diagnostic Criteria
(1) OSA: Diagnostic criteria: AHI exceeds 5 times per hour; Grading criteria are as follows: OSA severity was defined as 
follows: mild (AHI: 5–15 times/hour), moderate (AHI: > 15–30 times/hour), and severe (AHI: > 30 times/hour).10 (2) 
Diabetes: In accordance with the 2020 Chinese Guideline,11 diabetes is diagnosed if any of the following conditions are 
satisfied: fasting blood glucose (FBG) > 7.0 mmol/L; a 2-hour OGTT blood glucose > 11.0 mmol/L from an oral glucose 
tolerance test; or currently receiving hypoglycemic drug treatment. (3) Hypertension: Hypertension is defined by blood 
pressure: 140–159/90-99 mmHg for Grade 1, 160–179/100-109 mmHg for Grade 2, and values exceeding 180/ 
110 mmHg for Grade 3.12

Statistical Methods
Data processing was performed with SPSS 27.0, and the level of statistical significance was defined as α = 0.05. 
The Kolmogorov–Smirnov and Levene tests were utilized to examine normality and variance homogeneity. 
Continuous data with normal distribution were shown as mean ± SD, and t-tests were used for between-group 
comparisons. Categorical data are presented as n (%), and the χ2 test was used for comparisons. Logistic regression 
analysis was performed for multivariate regression analytical approach. A nomogram prediction model was created 
with R 4.2.1, and calibration curves were generated. The Hosmer-Lemeshow test was employed to evaluate the 
model’s goodness of fit. The bootstrap method was adopted to internal validation, and the C-index served as 
a measure of discriminative performance. Receiver operating characteristic (ROC) curves were used to evaluate 
power.

Results
General Comparison
According to the univariate analysis results presented in Tables 1 and 2, no significant differences in moderate-to- 
severe OSA prevalence were noted between the modeling group and the experimental group regarding arrhythmia, 

Table 1 Comparison of General Data of the Modeling Group

Features Mild 
(n = 2802)

Moderate and Severe 
(n = 4919)

P

Age (mean ± SD, year) 53.24 ± 12.69 53.77 ± 12.72 0.035
BMI (mean ± SD, kg/m2) 26.84 ± 3.89 28.67 ± 4.31 <0.001

Neck Circumference (mean ± SD, cm) 38.20 ± 4.08 39.51 ± 4.02 <0.001

Gender (n, %) <0.001
Male 1737 (61.99) 3583 (72.84)

Female 1065 (38.01) 1336 (27.16)

Smoking (n, %) 919 (32.80) 1343 (27.30) <0.001
Drinking alcohol (n, %) 905 (32.30) 1306 (26.55) <0.001

Hypertension (n, %) 1089 (38.87) 2325 (47.27) <0.001

Diabetes (n, %) 549 (19.59) 1304 (26.51) <0.001
Coronary heart disease (n, %) 663 (23.66) 1336 (27.16) <0.001

Arrhythmia (n, %) 260 (9.28) 458 (9.31) 0.981
Ischemic stroke (n, %) 182 (6.50) 321 (6.53) 0.805

Hypothyroidism (n, %) 178 (6.35) 316 (6.42) 0.880

Hepatic adipose infiltration (n, %) 211 (7.53) 386 (7.85) 0.557
Chronic Obstructive Pulmonary Disease (n, %) 153 (5.46) 255 (5.18) 0.548

Anatomic Abnormalities of the Airway (n, %) 17 (0.61) 31 (0.63) 0.992

Hyperhomocysteinemia (n, %) 78 (2.78) 134 (2.72) 0.900
Hyperuricemia (n, %) 118 (4.21) 245 (4.98) 0.070

(Continued)
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Table 1 (Continued). 

Features Mild 
(n = 2802)

Moderate and Severe 
(n = 4919)

P

Benign Prostatic Hyperplasia (n, %) 314 (11.21) 515 (10.47) 0.226
Total Bed Rest Duration (mean ± SD, min) 530.32 ± 68.02 529.27 ± 67.01 0.510

Body Temperature (mean ± SD, °C) 36.45 ± 0.32 36.44 ± 0.30 0.230

Breathing (mean ± SD, bpm) 19.40 ± 1.54 19.47 ± 1.57 0.058
Systolic pressure (mean ± SD, mmHg) 131.60 ± 18.97 131.52 ± 18.35 0.856

Diastolic pressure (mean ± SD, mmHg) 79.76 ± 12.77 79.44 ± 12.98 0.295

FT3 (mean ± SD, pmol/L) 4.56 ± 0.96 4.57 ± 1.09 0.686
FT4 (mean ± SD, pmol/L) 15.66 ± 2.99 15.70 ± 3.48 0.609

ALP (mean ± SD, U/L) 84.90 ± 30.87 84.46 ± 32.53 0.561

BUN (mean ± SD, mmol/L) 5.58 ± 3.12 5.70 ± 2.68 0.075
LDL (mean ± SD, mmol/L) 2.28 ± 0.73 2.25 ± 0.76 0.090

VLDL (mean ± SD, mmol/L) 0.73 ± 0.44 0.73 ± 0.53 1.000

WASO (mean ± SD, times) 3.29±2.79 3.30±2.80 0.865
The number of apnea during the whole sleep period (mean ± SD, times) 112.83±123.07 108.55±122.98 0.141

The number of respiratory hypopnea during the whole sleep period (mean ± SD, times) 55.68±49.50 58.23±52.02 0.035

The number of obstructive apnea during the whole sleep period (mean ± SD, times) 105.14±112.59 101.62±114.11 0.191
BUN (mean ± SD, mmol/L) 5.21±1.32 5.18±1.46 0.369

CREA (mean ± SD, mmol/L) 81.52±12.31 82.01±11.09 0.073

Heart failure (n, %) 299 (10.67) 502 (10.21) 0.519

Table 2 Comparison of General Data of the Test Modules

Features Mild 
(n = 1201)

Moderate and Severe 
(n = 2108)

P

Age (mean ± SD, year) 52.95 ± 12.62 53.95 ± 12.71 0.044

BMI (mean ± SD, kg/m2) 26.47 ± 3.72 27.49 ± 3.79 <0.001

Neck Circumference (mean ± SD, cm) 38.94 ± 4.11 39.45 ± 4.02 <0.001
Gender (n, %) <0.001

Male 721 (60.03) 1463 (69.40)

Female 480 (39.97) 645 (30.60)
Smoking (n, %) 463 (38.55) 648 (30.74) <0.001

Drinking alcohol (n, %) 453 (37.72) 619 (29.36) <0.001

Hypertension (n, %) 471 (39.22) 959 (45.49) <0.001
Diabetes (n, %) 216 (17.98) 478 (22.68) 0.001

Coronary heart disease (n, %) 284 (23.65) 573 (21.78) <0.001

Arrhythmia (n, %) 112 (9.33) 196 (September 30) 0.979
Ischemic stroke (n, %) 78 (6.49) 127 (6.02) 0.546

Hypothyroidism (n, %) 76 (6.33) 135 (6.40) 0.896

Hepatic adipose infiltration (n, %) 91 (7.58) 166 (7.87) 0.741
Chronic Obstructive Pulmonary Disease (n, %) 65 (5.41) 139 (6.59) 0.125

Anatomic Abnormalities of the Airway (n, %) 8 (0.67) 13 (0.62) 0.793

Hyperhomocysteinemia (n, %) 33 (2.75) 58 (2.75) 1.000
Hyperuricemia (n, %) 51 (4.25) 105 (4.98) 0.305

Benign Prostatic Hyperplasia (n, %) 135 (11.24) 221 (10.48) 0.497

Total Bed Rest Duration (mean ± SD, min) 530.26 ± 68.01 529.27 ± 67.96 0.687
Body Temperature (mean ± SD, °C) 36.43 ± 0.32 36.44 ± 0.30 0.377

Breathing (mean ± SD, bpm) 19.41 ± 1.52 19.43 ± 1.54 0.741

Systolic pressure (mean ± SD, mmHg) 131.58 ± 18.96 131.53 ± 18.75 0.947

(Continued)
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ischemic stroke, hypothyroidism, fatty liver disease, chronic obstructive pulmonary disease, abnormal airway anat
omy, hyperhomocysteinemia, hyperuricemia, benign prostatic hyperplasia, total bed rest duration, core temperature, 
breathing rate, blood pressure (systolic and diastolic), FT3, FT4, ALP, BUN, LDL, and VLDL (all P > 0.05). 
However, the prevalence of moderate-to-severe OSA significantly associated with age, gender, BMI, neck circumfer
ence, hypertension, diabetes mellitus, smoking history, alcohol consumption history, and coronary heart disease (all 
P < 0.05).

Multifactor Logistic Regression Model Analysis
The statistically significant differences presented in Table 1 were analyzed using the following indicators: the occurrence 
of moderate-to-severe OSA as the dependent variable (moderate and severe groups = 1, mild group = 0), and the 
independent variables of Age (original value), BMI (original value), neck circumference (NC, original value), Gender 
(Male = 1, Female = 2), Smoking status (Yes=1, No=0), Alcohol consumption (Yes = 1, No = 0), Hypertension (Yes = 1, 
No = 0), Diabetes (Yes = 1, No = 0), and Coronary heart disease (Yes = 1, No = 0),The number of respiratory hypopnea 
during the whole sleep period (original value) as independent variables. The results indicated that the primary influencing 
factors for the severity of moderate to severe OSA were age, BMI, NC, gender, hypertension, and diabetes (P < 0.05). 
Refer to Table 3 for details.

Table 2 (Continued). 

Features Mild 
(n = 1201)

Moderate and Severe 
(n = 2108)

P

Diastolic pressure (mean ± SD, mmHg) 79.64 ± 12.75 79.56 ± 12.78 0.867
FT3 (mean ± SD, pmol/L) 4.56 ± 0.97 4.57 ± 0.96 0.792

FT4 (mean ± SD, pmol/L) 15.65 ± 2.98 15.69 ± 3.18 0.740

ALP (mean ± SD, U/L) 84.59 ± 30.86 84.53 ± 32.54 0.961
BUN (mean ± SD, mmol/L) 5.68 ± 3.11 5.70 ± 3.06 0.866

LDL (mean ± SD, mmol/L) 2.27 ± 0.75 2.26 ± 0.76 0.738

VLDL (mean ± SD, mmol/L) 0.73 ± 0.48 0.73 ± 0.51 1.000
WASO (mean ± SD, times) 3.27±2.72 3.32±2.71 0.595

The number of apnea during the whole sleep period (mean ± SD, times) 112.73±121.39 113.92±120.14 0.784

The number of respiratory hypopnea during the whole sleep period (mean ± SD, times) 56.61±48.18 58.46±52.03 0.031
The number of obstructive apnea during the whole sleep period (mean ± SD,times) 104.40±109.73 106.80±110.52 0.547

BUN (mean ± SD, mmol/L) 5.19±1.32 5.26±1.27 0.133

CREA (mean ± SD, mmol/L) 83.49±12.31 83.79±11.09 0.472
Heart failure (n, %) 320 (26.64) 499 (23.67) 0.062

Table 3 Results of Multivariate Logistic Regression Model Analysis

Features β SE Wald OR 95% CI P

Age 0.001 0.002 5.055 1.001 1.000–1.019 0.025

BMI 0.105 0.006 294.902 1111 1.098–1.124 <0.001
Neck Circumference 0.080 0.006 167.515 1.084 1.071–1.0973 <0.001

Gender −0.513 0.053 94.339 0.599 0.540–0.664 <0.001

Smoking 0.045 0.125 0.008 1.046 0.819–1.335 0.721
Drinking alcohol −0.147 0.126 1.379 0.863 0.675–1.104 0.240

Hypertension 0.318 0.050 39.641 1.374 1.245–1.517 <0.001

Diabetes 0.389 0.060 41.850 1.476 1.312–1.661 <0.001
Coronary heart disease 0.007 0.064 0.011 1.007 0.888–1.141 0.917

The number of respiratory hypopnea during the whole sleep period 0.004 0.002 3.552 1.004 1.000–1.002 0.059
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Constructing a Nomogram Prediction Model for Moderate-to-Severe OSA Patients
According to the outcomes of the multivariate analysis, this research identified six key variables with independent 
predictive significance. Using age, BMI, neck circumference, gender, hypertension, and diabetes as predictive factors, 
a nomogram prediction model was established to stratify the severity of OSA in patients with moderate to severe 
conditions, as presented in Figure 1.

Validation of the Nomogram Prediction Model
Calibration Curve and Clinical Net Benefit Analysis of the Nonograph Prediction Model
Internal model validation was conducted using Bootstrap, while external model validation was performed with 
a validation cohort. Calibration curve analysis revealed that the nomogram prediction model achieved a C-index of 
0.676 (95% CI 0.663–0.688) in the modeling cohort and 0.613 (95% CI 0.593–0.633) in the validation cohort; the 
calibration plot closely aligned with the perfect diagonal. The Hosmer-Lemeshow goodness-of-fit test results indicated 
that the modeling group had χ2 = 10.754, P = 0.216, and the validation group had χ2 =8.383, P = 0.397. These findings 
suggest that the prediction model is reasonably consistent and provides a good fit, as shown in Figure 2. Decision curve 
analysis demonstrated that the predictive model could yield significant additional clinical net benefits when the risk 
threshold for the modeling cohort exceeded greater than 0.6 and when the risk threshold for the validation cohort ranged 
between 0.60 and 0.90 (Figure 3).

Figure 1 Nonograph prediction model for OSA patients with moderate-to-severe disease severity. The nomogram is designed to quickly assess the risk of moderate to 
severe obstructive sleep apnea (OSA). It is easy to operate and does not require calculation. The specific steps are as follows: 1. Determine the patient’s age, BMI, neck 
circumference, gender, hypertension and diabetes. 2. Find the patient’s numerical position on the corresponding index axis, and make the vertical line upward to obtain the 
corresponding score; 3. The total score was obtained by adding the scores of the six indicators, locating on the axis of the total score and making a vertical line downward; 4. 
The intersection of the vertical line and the risk axis is the predicted risk probability of moderate to severe OSA in this patient, and the higher the value, the higher the risk.
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Evaluation of Predictive Performance
The ROC curve analysis revealed an AUC of 0.676 for the modeling group, with a 95% confidence interval ranging from 
0.664 to 0.688. This indicates a strong predictive ability for moderate and severe OSA. The experimental group achieved 
an AUC of 0.613, with a 95% confidence interval of 0.593 to 0.632. This analysis reveals that the nomogram model 
developed in this study has strong discriminatory capability and forecasting accuracy (Figure 4).

Figure 2 Calibration curve evaluation nomogram prediction model. (A) Modeling Group; (B) Model Verification Group.

Figure 3 Decision Curve Evaluation Novologram Prediction Model. (A) Modeling Group; (B) Model Verification Group.
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Discussion
Early identification of OSA, particularly screening for moderate to severe OSA, is crucial for improving patient 
prognosis and optimizing the allocation of medical resources.13 A nomogram prediction model was developed and 
validated in this study, utilizing a large-scale clinical cohort in western China. Unlike previous models that focused on 
populations in Europe, the United States, or the eastern coastal areas of China, this study is the first to concentrate on the 
population in western China. It takes into account the region’s unique genetic background, living environment, and 
distribution of medical resources, thereby ensuring the model’s regional applicability.This model effectively addresses 
the gap in OSA risk prediction tools in western China.14,15 This is a very simple tool to use. It can be easily integrated 
into the primary health care system, where only a few PSG tools are currently available. It quickly identifies individuals 
who may be at risk and facilitates proper referrals. This can lead to a better allocation of medical resources, ultimately 
improving patient outcomes.

Univariate analysis revealed significant differences in age, gender, BMI, neck circumference, smoking history, 
alcohol history, hypertension, diabetes, and CHD across OSA severity subgroups (P < 0.05). These variables were 
initially identified as potential risk predictors. Further screening using logistic regression was conducted to construct 
a nomogram containing the core predictors. This study confirmed that the nomogram model, which includes six features 
(age, BMI, neck circumference, gender, hypertension, and diabetes), demonstrated excellent discriminative ability in 
predicting moderate to severe OSA. Calibration curve analysis revealed that the nomogram model exhibited a C-index of 
0.868, demonstrating robust consistency and precision in its predictive performance.

Age is a significant risk factor for OSA.16,17 Advanced age is an important independent predictor of moderate to 
severe OSA. As individuals age, they are more likely to experience airway collapse due to reduced of upper airway 
muscle tone and fat redistribution, increasing the likelihood of moderate to severe OSA. Therefore, clinical screening for 
OSA should pay more attention to the middle-aged and elderly population. BMI and neck circumference are key 
indicators of obesity and fat distribution. This study confirmed that both are independent predictors of OSA, consistent 
with previous research.18,19 Neck circumference, as a key marker of upper body subcutaneous fat deposition, is closely 
related to increased lipolytic activity in the neck. A substantial hepatic influx of free fatty acids can lead to hepatic lipid 
deposition and insulin resistance. Additionally, neck fat secretes inflammatory factors, such as TNF-α and IL-6, which 
disrupt signaling pathways by blocking insulin receptor phosphorylation.20 Neck fat accumulation compresses the upper 
airway, exacerbating airway collapse and leading to recurrent hypoxemia and sleep fragmentation. OSA further worsens 

Figure 4 The nomogram’s ROC curve. (A) Modeling Group; (B) Model Verification Group.
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insulin resistance through a dual mechanism: intermittent hypoxia activates HIF-1α, inhibiting glucose transport, while 
sympathetic nerve activation increases catecholamine and cortisol secretion, creating a self-reinforcing cycle of meta
bolic disorders.21,22 Neck circumference not only indicates the risk of upper airway mechanical compression but also 
serves as a primary marker for metabolic disorders. Neck fat releases inflammatory substances that impair the body’s 
insulin response via blood circulation, and the lack of oxygen during the night due to OSA exacerbates these issues. This 
bidirectional pathophysiological mechanism illustrates why neck circumference offers unique predictive value for 
moderate to severe OSA beyond BMI.

Furthermore, this study found that metabolic comorbidities, such as hypertension and diabetes, were significantly 
more prevalent in the moderate to severe OSA group (P < 0.001), consistent with earlier research. These comorbidities 
share risk factors, such as obesity, with OSA and may worsen the disease process by impacting autonomic nerve function 
and other pathways. The morning hypertension observed in OSA patients, hypertension, and diabetes is strongly 
associated with sympathetic nerve activation resulting from repeated nocturnal hypoxia. Additionally, abnormal glucose 
metabolism arises from hypoxia-induced inhibition of the insulin signaling pathway. These metabolic abnormalities not 
only result from OSA but can also exacerbate upper airway instability by affecting autonomic nerve function and 
increasing the systemic inflammatory state, creating a vicious cycle. Diabetes risk in older patients with hypertension and 
OSA is significantly influenced by NC, and these two comorbid conditions can also influence the severity of OSA.23,24 

Therefore, in clinical practice, incorporating NC measurement into routine physical examinations can significantly 
enhance the screening efficiency of OSA.

This study identified male gender as a significant risk factor (P < 0. 001), aligning with previous findings.25 The 
differences in fat distribution, upper airway structure, and hormone levels between men and women may contribute to 
this disparity.26,27 This study cohort revealed a higher percentage of males in the moderate to severe OSA group 
compared to females, further supporting this relationship. The mechanisms underlying gender differences may extend 
beyond traditional anatomical explanations. In addition to the known variations in upper airway structure, the regulatory 
role of gender hormones on respiratory control pathways must also be considered. Testosterone is believed to affect 
respiratory stability by altering the chemoreceptivity of the carotid body, offering a new physiological perspective for 
understanding the high incidence of OSA in men.28 Estrogen enhances the contraction of the genioglossus muscle, 
stabilizing the upper airway, while progesterone acts as a potent respiratory stimulant that significantly increases 
ventilation drive and counteracts hypercapnia.29 In addition, estrogen affects metabolism by regulating leptin sensitivity 
and reduces oxidative stress damage caused by intermittent hypoxia through antioxidant mechanisms. Together, these 
factors form a physiological protective barrier for premenopausal women.30

The nomogram model of moderate to severe obstructive sleep apnea constructed in this study has significant clinical 
advantages and practical value, but has certain limitations. Compared with the classical screening tools such as STOP- 
BANG and Berlin questionnaire, this nomogram only includes six routine clinical indicators, such as age, BMI, neck 
circumference, gender, hypertension and diabetes, which are easily available in primary care. It does not require 
professional equipment, complex calculation or subjective scoring, and can quickly quantify individual risk of disease 
in a visual and intuitive scoring way. The procedure is simpler and the results are more objective and accurate, especially 
suitable for rapid stratified screening in areas with limited medical resources. The model has been verified in and outside 
of a large sample with excellent discrimination efficiency and good fitting. It has been confirmed by decision curve 
analysis that it has clear net clinical benefit, which can more efficiently identify high-risk patients and guide accurate 
referral, making up for the shortcomings of traditional questionnaire’s unstable prediction efficiency and limited 
population applicability. However, this study still has limitations. As a single-center retrospective study, there is selection 
and information bias. The model was constructed only for the western Chinese population, and further validation is 
needed when extrapolated to populations in other regions. Moreover, sleep-related subjective symptoms and other 
indicators were not included, and the risk assessment dimensions were relatively limited.

In clinical application, the nomogram can be used as a primary screening tool to prioritize polysomnography for high- 
risk individuals, so as to optimize the allocation of medical resources and improve the early detection rate of moderate to 
severe OSA. In the future, multi-center prospective studies can be carried out to further improve the model and expand 
the applicable population.
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In summary, the current study successfully developed and validated a feasible nomogram that demonstrates strong 
performance in predicting moderate to severe OSA risk in a western Chinese population by multivariate analysis. This 
tool offers valuable insights for predicting patients at risk for moderate to severe OSA.
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