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Purpose: Obstructive sleep apnea (OSA) is common in patients with hypertension. Our study aims to construct and validate an 
objective nomogram that can accurately predict the risk of OSA in patients with hypertension.
Patients and Methods: Retrospective data were collected from patients with hypertension who underwent polysomnography (PSG) 
at the Sleep Medicine Center of the First Affiliated Hospital of Guangzhou Medical University, China. All participants were assigned 
to the training group (used to develop the predictive model). Similarly, data from patients with hypertension who underwent PSG at the 
Sleep Medicine Center of the Second Affiliated Hospital of Guangdong Medical University, China, were collected, and these 
participants were assigned to the validation group (used to test the model’s performance). Logistic and LASSO regression analyses 
were used to identify factors and construct the nomogram. C-index, calibration curve, decision curve analysis (DCA) and clinical 
impact curve analysis (CICA) were used to assess the model. Finally, nomogram validation was performed in the validation group.
Results: This study included a training group of 303 patients and a validation group of 217 patients. Based on LASSO and Logistic 
regression analyses and clinical practicality, we identified gender, age, BMI (body mass index), NC (neck circumference) and ESS 
(Epworth Sleepiness Scale) as predictors for the nomogram. The C-index is 0.840 in the training group and 0.808 in the validation 
group. The area under the curve (AUC) of the predictive model and STOP-Bang at the three diagnostic cut-off points of the Apnea- 
Hypopnea Index (AHI) ≥ 5, AHI ≥ 15 and AHI ≥ 30 were 0.840 vs 0.778, 0.754 vs 0.740, and 0.765 vs 0.751 respectively. The AUC 
at each intercept point was higher than that of STOP-Bang. DCA and CICA showed that the nomogram is clinically useful.
Conclusion: The nomogram predictive model consisting of the five indicators (gender, age, BMI, NC and ESS) can be useful in 
determining OSA risk in patients with hypertension.
Keywords: obstructive sleep apnea, nomogram, predictors, STOP-Bang

Introduction
Obstructive sleep apnea (OSA) is a common and potentially fatal disease in clinical practice, with an adult prevalence of 
2%-7% and a higher prevalence in the elderly.1 In recent years, the global rise in obesity has been accompanied by 
a significant increase in the prevalence of OSA, with a recent study by Cunningham et al reporting that 57.7% of males 
and 41.7% of females had any OSA, while 20.2% of males and 10.0% of females had moderate to severe OSA.2 The 
American Heart Association’s scientific statement on OSA and cardiovascular disease highlights that the risk of OSA is 
closely linked to BMI, with obesity being the primary modifiable risk factor for the condition.3 A recent meta-analysis 
demonstrated that a reduction in weight or BMI by 10%, 20%, and 30% corresponds to a 36%, 57%, and 69% decrease in 
AHI, respectively, regardless of the intervention applied.4 It is even more frightening that many cases of OSA in the 
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population remain undiagnosed. According to the 2012 AASM interpretation guidelines, patients with AHI ≥ 5 times/h 
and obstructive apnea as the main type of respiratory event were judged as OSA patients, and the severity of the disease 
was classified into the normal group (AHI < 5 times/h), mild OSA group (5 ≤ AHI < 15 times/h), moderate OSA group 
(15 ≤ AHI < 30 times/h) and severe OSA group (≥30 times/h).5 Using AHI ≥5 as the diagnostic criterion, the prevalence 
of undiagnosed OSA could reach as high as 64.0% of participants, compared to 29.3% of participants when AHI ≥ 15 is 
applied.1,6 OSA is often accompanied by intermittent hypoxemia, nocturnal awakenings, daytime sleepiness, etc., which 
trigger neuroendocrine disorders, endothelial dysfunction and inflammatory response, leading to an increased risk of 
cardiovascular events. OSA is currently considered the most important factor in hypertension,1,7 and both are chronic 
diseases that significantly increase the risk of cardiovascular events. The Sleep Heart Health Study results show that the 
prevalence rates of hypertension in patients with mild, moderate and severe OSA are 59%, 62% and 67% respectively.8 

A total of 30% to 50% of patients with hypertension have OSA, and the prevalence is even higher among patients with 
refractory hypertension: roughly 77% in women and as high as 90% in men.9 The two diseases exhibit common 
mechanisms, including increased sympathetic activity, activated systemic inflammation and oxidative stress.10,11 At 
present, there are few studies on the screening of OSA in patients with hypertension, and the treatment of OSA-related 
hypertension is very different from that of ordinary patients with hypertension. First, the problems of sleep apnea and 
nocturnal hypoxia must be solved. Therefore, in patients with hypertension, the diagnosis of OSA is very important. Chiu 
et al found that the Berlin Questionnaire (BQ), STOP-Bang, STOP and ESS had low specificity in detecting different 
severities of OSA.12 Therefore, the search for simple screening tools to identify OSA in patients with hypertension has 
become increasingly important. The nomogram is a simple and practical risk prediction tool that combines important 
predictors for judging clinical events and outcomes. It has been widely used to predict the risk and prognosis of various 
diseases.13–16 In the early stages, we established a nomogram composed of five factors including BMI and NC to predict 
OSA in the general population, and achieved good predictive performance.17 However, a nomogram model combining 
multiple objective clinical indicators with good ability to diagnose OSA in patients with hypertension has not yet been 
developed. Our study aims to develop and validate a nomogram for the accurate screening and prediction of OSA risk in 
patients with hypertension. By exploring a straightforward screening method, we intend to establish a predictive model 
that assists clinicians and community doctors in the early detection of OSA, facilitating timely intervention for refractory 
hypertension.

Graphical Abstract
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Material and Methods
Subjects
This study collected retrospective data of patients with confirmed hypertension who underwent polysomnography (PSG) at 
the Sleep Medicine Center of the First Affiliated Hospital of Guangzhou Medical University from April 2012 to 
September 2016, and at the Second Affiliated Hospital of Guangdong Medical University from June 2017 to June 2024. 
Eligible patients were selected according to inclusion and exclusion criteria. Inclusion criteria: (1) Patients with hypertension 
who received PSG at the Center for the first time due to symptoms related to sleep-disordered breathing (patients with 
a history of definite hypertension or taking antihypertensive drugs); (2) Patients with complete demographic information, 
anthropometric indicators and PSG data; (3) Total sleep time of > 4 hours. Exclusion criteria: (1) Patients with various 
psychiatric and psychological diseases; (2) Abuse of alcohol or sedatives/sleeping drugs; (3) History of brain tumor or 
epilepsy; (4) Pregnant women; (5) Previous diagnosis of obstructive sleep apnea hypoventilation syndrome (OSA). This 
retrospective study was approved by the Ethics Committees of the First Affiliated Hospital of Guangzhou Medical University 
(201705) and the Second Affiliated Hospital of Guangdong Medical University (PJKT2024-050). We adhered to the 
principles of the Declaration of Helsinki, ensuring patient data confidentiality and the protection of patient privacy.

Basic Data Collection
In this retrospective analysis study, we collected patient demographic data such as height, weight, age, gender, waist 
circumference (WC), Neck circumference (NC) and BMI. The ESS questionnaires were jointly filled out by the patients 
and their families. The ESS questionnaire consists of eight questions, allowing subjects to assess their degree of 
sleepiness in specific scenarios during the day, with 0 being no sleepiness and 1, 2 and 3 being light, moderate and 
severe sleepiness respectively, for a total score of 24 points. An ESS score of ≥ 10 points indicates the presence of some 
degree of daytime sleepiness.18

Polysomnography
PSG monitoring is mainly used to diagnose sleep-disordered breathing and assess patients’ sleep quality. 
Participants were asked not to drink alcohol or coffee or take sedatives or hypnotics on the day of monitoring. 
At the Center, a Philips Respironics ALICE 5 PSG was used for continuous and synchronous recording for at least 
seven hours, and the output was interpreted and analyzed by two trained sleep professionals. The recorded 
indicators included blood oxygen saturation, oral airflow, electrooculogram, chest and abdomen breathing, electro
cardiogram, sleep posture and other parameters. AHI refers to the number of apnea events plus hypopnea per hour 
of sleep. According to the 2012 AASM (American Academy of Sleep Medicine) interpretation guidelines, patients 
with AHI ≥ 5 times/h and obstructive apnea as the main type of respiratory event were judged as OSA patients, 
and the severity of the disease was classified into the normal group (AHI < 5 times/h), mild OSA group (5 ≤ AHI 
< 15 times/h), moderate OSA group (15 ≤ AHI < 30 times/h) and severe OSA group (AHI ≥ 30 times/h).5

Establishment and Validation of the Nomogram
We performed Least Absolute Shrinkage and Selection Operator (LASSO) and logistic regression analyses to 
identify the best predictive features. A calibration curve was drawn to evaluate the calibration of the model, and 
the nomogram was bootstrapped to calculate the relative corrected C-index. The receiver operating characteristic 
(ROC) curve was drawn using MedCalc software, and the area under the curve (AUC) was determined to assess 
the discriminative power of the nomogram. Sensitivity, specificity, positive likelihood ratio (LRP) and negative 
likelihood ratio (LRN) were recorded at cut-off points of 5, 15, and 30 for AHI, respectively, and reported with 
their respective 95% CIs. Decision curve analysis (DCA) and clinical impact curve analysis (CICA) were used to 
assess the clinical benefits of the nomogram based on its net benefits at different threshold probabilities.
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Statistical Analysis
SPSS 26.0 statistical software, R software 4.0.5 and MedCalc software were used for analysis. Measurement data were 
expressed as mean ± standard deviation, and count data were expressed as frequency. Measurement data were analyzed 
by the t test, and count data were analyzed by the chi-square test. P < 0.05 was defined as statistically significant.

Results
Baseline Characteristics
In the training group, 303 patients with hypertension and suspected OSA were collected from the Sleep Medicine Center 
of the First Affiliated Hospital of Guangzhou Medical University, while 217 patients from the Second Affiliated Hospital 
of Guangdong Medical University were included in the validation group. There were more males in the OSA group than 
in the non-OSA group, both in the training group and validation group. Compared to patients without OSA, patients with 
OSA had a higher BMI, NC, WC, total sleep time, AHI, ESS and STOP-Bang, while age was lower (P < 0.05, Table 1), 
but there were no significant differences in blood pressure and total recording time (TIB) (P > 0.05, Table 1). The 
statistically significant factors in the Table 1 were analyzed by univariate logistic regression to further identify risk 
factors. The results of univariate logistic regression analysis indicate that gender, age, BMI, NC, WC, ESS and STOP- 
Bang are potential risk factors for OSA (P < 0.05, Table 2).

Factor Selection for Predictive Models
LASSO regression obtains compression coefficients by constructing a penalty function, and sets certain compression 
coefficients to zero so that the most important predictors can be extracted from the main dataset.19 In this study, each 
subject’s risk score was calculated by a linear combination of factors weighted by the subject’s coefficient, resulting in 
a coefficient distribution curve (Figure 1A). The error plot for the cross-validation of the LASSO regression model is 
shown in Figure 1B.

Nomogram Validation
Based on the results of univariate logistic regression analysis, combined with clinical practicality and significance, five 
risk predictors (gender, age, BMI, NC and ESS) were finally selected to develop an easy-to-use nomogram (Figure 2) 

Table 1 Clinical Characteristics of the Study Participants with or Without OSA in Different Group

Variables Training Group (n = 303) Validation Group (n = 217)

Non-OSA (n = 50) OSA (n = 253) P-value Non-OSA (n = 39) OSA (n = 178) P-value

Gender* 0.012 0.051

Male 32 (64.0) 203 (80.2) 26 (66.7) 144 (80.9)

Female 18 (36.0) 50 (19.8) 13 (33.3) 34 (19.1)
Age† (years) 55.9 ± 11.2 50.4 ± 11.6 0.002 58.1 ± 13.7 53.9 ± 12.4 0.002

BMI (kg/m2)† 24.7 ± 2.5 28.0 ± 3.5 <0.001 26.1 ± 3.7 27.7 ± 3.8 <0.001

NC (cm)† 36.6 ± 3.7 39.9 ± 3.5 <0.001 38.0 ± 3.9 39.6 ± 3.7 <0.001
WC (cm)† 91.2 ± 8.9 101.1 ± 22.6 0.002 95.3 ± 10.5 100.0 ± 10.4 0.001

SBP (mmHg)† 143.3 ± 18.4 139.3 ± 17.5 0.144 140.1 ± 18.0 137.8 ± 17.3 0.121

DBP (mmHg)† 85.5 ± 10.1 86.7 ± 12.3 0.501 82.3 ± 11.5 83.8 ± 12.9 0.335
TST (min)† 401.9 ± 63.7 425.4 ± 62.8 0.016 381.0 ± 90.0 406.4 ± 83.4 0.014

TIB (min)† 512.1 ± 50.3 502.5 ± 72.9 0.376 513.7 ± 62.0 504.7 ± 66.3 0.104

AHI (times/h)‡ 2.5(1.1,3.6) 33.1(15.7,58.8) <0.001 2.1 (1.0, 3.7) 33.1 (17.9, 59.8) <0.001
ESS (points)‡ 5.0(2.0,8.3) 10.0(6.0,14.0) <0.001 3.0 (1.0,5.0) 9.0 (6.0,13.0) <0.001

STOP-bang (points)‡ 4.0(3.0,4.0) 5.0(4.0,6.0) <0.001 4.0 (3.0,5.0) 5.0 (4.0,6.0) <0.001

Notes: Categorical data as the number (%); differences in the baseline characteristics among the two groups were examined using independent samples 
t-test for continuous variables and chi-square test for categorical variables. *is chi-square test, †t-test analysis, ‡ is rank sum test. 
Abbreviations: AHI, Apnea–hypopnea index; BMI, Body mass index; DBP, Diastolic blood pressure; ESS, Epworth Sleepiness Scale; NC, Neck circumference; 
OSA, Obstructive sleep apnea; SBP, Systolic blood pressure; TIB, Total recording time; TST, Total sleep time; WC: Wrist circumference.
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Each factor was assigned a corresponding score, and the total score was the sum of the scores for each factor. The higher 
the total score, the higher the probability of bronchiectasis patients developing OSA. In terms of predicting OSA in 
patients with hypertension, the C-index of the nomogram in the training group and validation group were 0.840 and 0.808 
respectively. The calibration plots showed good correlation between observed and predicted OSA in the training group 
(Figure 3A) and validation group (Figure 3B). In the training group, we used ROC curve to evaluate the model for 
predicting AHI diagnostic cut-offs at 5 events/hour, 15 events/hour and 30 events/hour. When the AUC of the nomogram 
was at the best cut-off point, the AUC was 0.840, 0.754 and 0.765, and the curve area of each of their intercept points 
was higher than the STOP-Bang (AUC = 0.778, 0.740 and 0.751) (Table 3, Figure 4A–C). It can be seen that the 
nomogram has a better diagnostic performance in predicting mild, moderate, and severe OSA in patients with 
hypertension.

Table 2 Risk Factors for OSA Patients in the Training Group 
According to the Univariate Logistic Regression Model

Variable Hazard Ratio 95% CI P-value

Gender 0.438 0.227–0.843 0.013

Age (years) 0.960 0.934–0.986 0.003

BMI (kg/m2) 1.154 1.317–1.742 <0.001

NC (cm) 1.296 1.180–1.424 <0.001

WC (cm) 1.114 1.068–1.161 <0.001

ESS (points) 1.205 1.120–1.297 <0.001

STOP-Bang (points) 2.177 1.661–2.855 <0.001

Abbreviations: BMI: Body mass index; CI: Confidence interval; DBP: Diastolic 
blood pressure; ESS: Epworth Sleepiness Scale; NC: Neck circumference; OSA: 
Obstructive sleep apnea; WC: Wrist circumference.

Figure 1 Least Absolute Shrinkage and Selection Operator (LASSO) logistic regression model to select risk factors. (A). Optimal parameter (λ) selection in LASSO 
regression using 10-fold cross-validation (pass minimum criteria). Black vertical lines are drawn at the best values by using the smallest criterion and one standard error of 
the smallest criterion (1-SE criterion). (B). Profile of LASSO coefficients for 10 features plotted against logarithmic (λ) series.
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Figure 2 Construction of a nomogram for predicting OSA. Each variable is listed on the left side of the image. Each category for the variables is associated with a certain 
number of points. These points are found by drawing a vertical line up to the “Points” scale at the top of the nomogram. After calculating the points for each variable based 
on the patient’s characteristics, you sum up the total points. The total points can be located along the “Total Points” scale at the bottom of the chart. After identifying the 
total points, you draw a vertical line from the “Total Points” row down to the “Risk of OSA” scale. This will give you the predicted probability of developing OSA based on 
the given characteristics. 
Abbreviation: BMI: Body mass index; ESS: Epworth Sleepiness Scale; NC: Neck circumference; OSA: Obstructive sleep apnea.

Figure 3 Calibration curves of the nomogram. The solid line represents the performance of the nomogram, with closer proximity to the diagonal dashed line indicating 
better predictive accuracy. (A). In the training group. (B). In the validation group.
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Clinical Application Value
Like other nomogram predictive models, this study evaluated the clinical utility of the nomogram clinical predictive 
model and STOP-Bang for predicting OSA in patients with hypertension using DCA and CICA (Figure 5A–F). Both in 
the training and validation groups, DCA and CICA showed better results visually, and the nomogram had superior overall 
net benefits over a wide and realistic threshold probability range, and impacted clinical outcomes in patients with 
hypertension.

Discussion
Studies have found that OSA is very common in patients with hypertension, of whom 30% to 50% will have OSA, and for 
drug-resistant hypertension, up to 80% of patients may have OSA.3,20 In this retrospective study, we developed and 
validated a simple-to-use nomogram to predict the likelihood of OSA in the hypertensive population. The nomogram, 
which was developed using data from the training group, included five items: gender, age, BMI, NC and ESS. Many studies 
have found that men are more likely to develop more severe OSA.21 The higher prevalence of OSA in men may be related to 
characteristics of the upper airway tissue.22 Loss of fat and muscle mass in older adults due to weight loss often results in the 
impairment of the strength and effectiveness of the pharyngeal muscles, collapse of easily folded upper airways and 
increased risk of OSA.23 NC is an important independent predictor of OSA severity.21 Obesity will cause fat deposition in 
the tissues around the upper airway, resulting in sleep apnea or hypoventilation due to lumen shrinkage and upper airway 
collapse. Obesity and OSA are mutually causal, and obesity is an independent risk factor for OSA.24 BMI is associated with 
sleepiness in men, but in women with OSA, the ESS score is not associated with BMI.25 Moreover, a study reported that the 
prevalence of excessive daytime sleepiness (EDS), as defined by ESS, was 16.0% in the general population in Finland.26 

Another study found that over one-fifth of American adults reported experiencing EDS.27 These findings indicate that EDS 

Table 3 The Efficiency of Nomogram and STOP-Bang for Detecting OSA (95% CI)

Screening model AUC Sensitivity Specificity LRP LRN P-value

Nomogram
AHI ≥ 5 0.840 (0.793–0.879) 71.94 (66.0–77.4) 86.00 (73.3–94.2) 5.14 (2.6–10.3) 0.33 (0.3–0.4) <0.001

AHI ≥ 15 0.754 (0.702–0.802) 74.74 (68.0–80.7) 63.30 (53.5–72.3) 2.04 (1.6–2.6) 0.40 (0.3–0.5) <0.001

AHI ≥ 30 0.765 (0.713–0.812) 57.46 (48.6–66.0) 85.80 (79.6–90.7) 4.05 (2.7–6.0) 0.50 (0.4–0.6) <0.001
STOP-Bang

AHI ≥ 5 0.778 (0.727–0.824) 66.40 (60.2–72.2) 84.00 (70.9–92.8) 4.15 (2.2–7.9) 0.40 (0.3–0.5) <0.001

AHI ≥ 15 0.740 (0.687–0.789) 73.71 (66.9–79.8) 69.72 (60.2–78.2) 2.43 (1.8–3.3) 0.38 (0.3–0.5) <0.001
AHI ≥ 30 0.751 (0.698–0.798) 79.85 (72.1–86.3) 59.17 (51.4–66.7) 1.96 (1.6–2.4) 0.34 (0.2–0.5) <0.001

Abbreviations: AHI, Apnea–hypopnea index; AUC, Area under the curve; CI, Confidence interval; LRP, Likelihood ratio positive; LRN, Likelihood ratio 
negative; OSA, Obstructive sleep apnea.

Figure 4 ROC curves comparing the performance of the nomogram model and the STOP-Bang model. (A). At the cut-off points of the AHI ≥ 5. (B). At the cut-off points of 
the AHI ≥ 15. (C). At the cut-off points of the AHI ≥ 30.

Nature and Science of Sleep 2025:17                                                                                               https://doi.org/10.2147/NSS.S486186                                                                                                                                                                                                                                                                                                                                                                                                    291

Yang et al

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



is relatively prevalent in non-clinical populations. Additionally, ESS has been shown to have a strong correlation with 
OSA.28 Therefore, the inclusion of sleepiness as a variable in our nomogram enhances its applicability, not only in clinical 
populations but also in non-clinical populations. We will further investigate the potential applications of this model in 
community populations in future studies. Therefore, the predictors of gender, age, DBP, BMI, NC and ESS are all 
associated with OSA, making them reasonable for model construction. These variables are readily available in clinical 
and community outpatient clinics, and the established nomogram shows good predictive performance, so it can be 
considered a primary screening tool to facilitate the assessment of hypertension patients at risk of developing OSA in 
outpatient clinics or remote areas with underdeveloped medical resources. This can help in the selection of high-risk 
patients for diagnostic PSG monitoring, thereby reducing the burden on both doctors and patients, and saving medical 
resources.

The nomogram is a graphical computing tool that has long been used in the clinic to facilitate clinical decision 
analysis at the bedside.29 A nomogram including disease duration, smoking status, sleep difficulty, lack of energy and 
WC was created by an ordinal logistic regression procedure, and was found to be more than 80% accurate in identifying 
non-OSA, moderate-to-severe OSA and severe OSA.30 The validation of the nomogram is important for avoiding 
overfitting and determining generality.13 In our study, the calibration curves of the training group and validation group 
showed that the actual probability of occurrence was close to the predicted probability, and there was good agreement 
between the two.Furthermore, the C-index of the nomogram for both the training and validation groups was 0.840, 
indicating that our nomogram, like the STOP-Bang questionnaire, has excellent discrimination and stability. STOP-Bang 
is a current method used for the widespread screening of OSA.31–33 In comparison with other questionnaires, we found 
that the diagnostic performance of STOP-Bang is very good, and it is applicable to both medical and surgical 

Figure 5 DCA and CICA for the STOP-Bang and the Nomogram model in the training and validation cohorts for predicting OSA. (A). DCA comparing the performance of 
the Nomogram model (blue line) and the STOP-Bang model (red line) in the training group. The y-axis represents the net benefit, and the x-axis represents the threshold 
probability. The black line assumes no intervention for any patient, while the grey line assumes intervention for all patients. (B). DCA for the validation group, comparing the 
Nomogram model (blue line) and the STOP-Bang model (red line). The results are consistent with the training group, indicating the robustness of the Nomogram model in 
external validation. (C). CICA for the STOP-Bang model in the training group. The red curve shows the number of patients classified as high risk for OSA at each threshold, 
while the blue curve shows the actual number of true positives. (D). CICA for the STOP-Bang model in the validation group, showing similar patterns to the training group. 
(E). CICA for the Nomogram model in the training group. The gap between the curves reflects the model’s ability to accurately predict high-risk patients. (F). CICA for the 
Nomogram model in the validation group. Similar to the training group.

https://doi.org/10.2147/NSS.S486186                                                                                                                                                                                                                                                                                                                                                                                                                                                                  Nature and Science of Sleep 2025:17 292

Yang et al                                                                                                                                                                      

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



inpatients.31,34 In this study, it was found that the ROC curve of the nomogram composed of five indicators (gender, age, 
BMI, NC and ESS) showed that the curve area was better than STOP-Bang at each cut-off point. This suggests that our 
predictive model has better predictive value for these conditions compared to STOP-Bang. The indicators used in the 
modified model included objective indicators and the subjective ESS, which are highly relevant factors for OSA.28 This 
also contributed to the better predictive performance of the nomogram model than the STOP-Bang questionnaire. Our 
predictive model relies on demographic and anthropometric measurements, requires no additional effort and is low cost, 
thus it easily aids clinical decision-making. Current research suggests that OSA and hypertension are co- 
morbidities.1,35,36 To the best of our knowledge, this is the first study to develop a predictive OSA model using common 
demographic parameters in a hypertensive population, and may provide a great tool for the early diagnosis and treatment 
of OSA in patients with hypertension, especially patients with refractory hypertension. In other words, the nomogram 
holds significant potential for enhancing early diagnosis and improving treatment outcomes for patients with hyperten
sion and OSA.

In this new study, we developed a nomogram predictive model incorporating five predictors: gender, age, BMI, neck 
circumference, and ESS, by incorporating multicenter data and advanced statistical methods. Compared to our previous 
single-center data and conventional statistical approaches,37 this new model demonstrates higher predictive accuracy 
(higher AUC values) at various diagnostic cut points (AHI ≥ 5, AHI ≥ 15, and AHI ≥ 30). Additionally, decision curve 
analysis (DCA) and clinical impact curve analysis (CICA) have proven its practical value in diverse clinical settings. 
This model significantly enhances the accuracy and reliability of OSA risk assessment in hypertensive patients, out
performing single tools such as STOP-Bang.

Advantages of this study: First, the sample size of patients with hypertension was relatively large, they had all 
undergone PSG testing and the anthropometric data was relatively complete. Second, we used the well-known STOP- 
Bang questionnaire as a reference, which is more persuasive. Limitations: Our nomogram was developed and validated 
based on inclusion and exclusion criteria specific to hypertensive patients in a retrospective study, with the model 
established in one hospital and validated in another. As a result, it is currently applicable to most clinical patients. In the 
future, we aim to conduct multicenter, prospective studies across a broader, unselected population, allowing the 
nomogram to benefit a wider, more general population.

Conclusion
This study developed a nomogram predictive model with good accuracy and clinical applicability that consists of five 
indicators: gender, age, BMI, NC and ESS. It may have value in determining OSA risk in patients with hypertension and 
may have important implications for patients with refractory hypertension.
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