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Objective: This study aimed to identify factors associated with densitometric osteoporosis (OP) in patients with Chronic Obstructive
Pulmonary Disease (COPD) and develop a predictive model for OP.

Methods: Retrospective analysis was conducted using data from COPD patients in the National Health and Nutrition Examination
Survey database. OP was defined with a T-score of < —2.5 at the lumbar spine or femoral neck. Variables with more than 25% missing
values were excluded, while others were imputed. Collinearity analysis was performed, and data were randomly divided into a 7:3
train-test set ratio. The Least Absolute Shrinkage and Selection Operator and Boruta algorithms were used for feature selection. The
selected variables were evaluated with Receiver Operating Characteristic (ROC) analysis to identify the optimal predictive model,
which was then used to construct a nomogram. The nomogram’s efficacy and stability were validated in the test set.

Results: Data from 1351 COPD patients were included. Age, weight, height, OP history of self-report, hemoglobin, and high-density
lipoprotein cholesterol were identified as significant factors for OP. Those variables were combined into 7 different models. The ROC
analysis results revealed that among the seven models, the model containing four variables was the optimal model. The nomogram, based on
four variables (age, weight, height, and OP history of self-report), demonstrated good calibration and predictive performance (areas under
curve: 0.841 in the train set, 0.833 in the test set). The nomogram showed high clinical net benefit and stability in subgroup analysis.
Conclusion: Age, weight, height, and OP history of self-report are significantly associated with densitometric OP in COPD patients.
The constructed nomogram, based on these factors, provides an effective and stable tool for early identification of high-risk OP
patients in clinical practice.
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Introduction
Chronic obstructive pulmonary disease (COPD) progressively impairs lung function, compromising oxygen uptake and
carbon dioxide elimination.' Its primary symptoms encompass persistent cough, sputum production, shortness of breath,
and labored breathing.” Both the incidence and healthcare burden of COPD have risen steadily in recent years. According
to the World Health Organization (WHO) report, there were an estimated 213.39 million cases of COPD, with an age-
standardized prevalence of 2,512.86 cases per 100,000 population.”* Importantly, COPD is a systemic disease with
numerous significant extrapulmonary manifestations such as osteoporosis (OP),” decreased muscle,® and brain.”*
Among extrapulmonary manifestations, OP has drawn considerable attention due to its high prevalence.”'® OP,
diagnostically defined by a bone mineral density (BMD) T-score of < —2.5, as measured by dual-energy X-ray
absorptiometry (DXA) or a sustained low-trauma fracture,'" is a systemic skeletal disorder characterized by an increased
risk of fractures.
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The high prevalence of OP in patients with COPD is attributed to two main factors. First, they share common risk
factors, such as smoking,'? advanced age,"® and disease-specific mechanisms including glucocorticoid-induced patho-
physiological changes.'* Additionally, the heterogeneous underlying mechanisms of both conditions. For example, the
chronic low-grade inflammation in COPD patients leads to elevated levels of cytokines such as TNF-a, IL-1pB, and IL-6.
These factors activate osteoclasts (such as the RANKL/RANK pathway) and inhibit osteoblast activity, leading to
increased bone resorption.'®> Glucocorticosteroid, used to treat COPD, inhibit osteoblast proliferation, promote apoptosis,
and prolong osteoclast lifespan, leading to decreased bone mass.'® Furthermore, COPD patients experience reduced
sunlight exposure due to restricted activity, which reduces vitamin D levels and calcium absorption.'’

The development of OP in COPD patients significantly elevates the risk of fractures and disability, thereby increasing
the healthcare burden. Consequently, the early identification of OP susceptibility and timely intervention in this population
are critically important. Despite the clear correlation and importance of intervention, early identification remains difficult in
routine clinical settings. This is mainly because: (1) OP lacks specific symptoms in the early phase and is easily
overlooked;'® (2) although DXA is the gold standard for diagnosis, its application is limited by accessibility, cost, and
patient compliance, resulting in a generally low OP screening rate among COPD patients.'*>° Recent research has begun to
explore predictive models based on CT radiomics,”’ providing new insights for the identification of high-risk patients.
However, such models rely on specific imaging examinations that are not available to all patients, and their accessibility and
cost-effectiveness limit their potential for early screening in a broad population. Therefore, clinical practice still urgently
needs a tool that can perform simple and rapid risk assessment using only routinely available outpatient data. To bridge this
translational gap that is closer to routine clinical practice, developing a multivariate logistic regression-based predictive
model is crucial. The value of this model lies in its ability to achieve non-invasive, low-cost risk stratification during
patients’ daily visits, without relying on additional specialized examinations. This enables targeted and preventative
management strategies and optimizes the allocation of medical resources. In light of these issues, this study aims to
construct an OP risk prediction model for COPD patients based on routine clinical indicators.

Methods

Study Population
The study population was from the National Health and Nutrition Examination Survey (NHANES) database. It is a national
health and nutrition survey project in the United States that aims to monitor health trends and lifestyle changes among
Americans through comprehensive health and nutrition assessments. It covers areas such as demographic information,
nutritional intake, laboratory testing, physical examination, and lifestyle and socio-economic surveys. In this study, we
selected year cycles that provide bone mineral density data, including 2005-2010, 2013-1014, and 2017-2020.

We obtained 1964 patients diagnosed with COPD from participants in the above year cycles (n = 56,769), and then
excluded those who lacked BMD (n = 589), and those younger than 20 years old (n = 24). Finally, 1351 patients with
COPD were included in the study.

The Diagnosis of COPD and OP
For participants from 2005-2006, 2013-2014, and 2017-2020 year cycles, COPD was diagnosed using “MCQ1600: Ever
told you had COPD?”. The positive response to this question was diagnosed as COPD. For participants from the
2007-2010 year cycle, COPD was diagnosed based on the Forced Expiratory Volume in the 1st second (FEV1)/Forced
Vital Capacity (FVC) < 0.7.

BMD was estimated using a DXA scan. According to the WHO, OP was diagnosed based on a BMD T-score < —2.5
at the femoral neck or lumbar spine.*?

Variable

In this study, the variable contained (1) demographic characteristics: age (years), gender (male, female), race (Mexican
American, Other Hispanic, Non-Hispanic White, Non-Hispanic Black, Other Races), education level (under or equal high
school, above high school), marital status (married, other), poverty income ratio (PIR); weight (kg), height (cm), body
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mass index (BMI, kg/m?), waist circumference (WC, cm); (2) laboratory indicators: albumin (ALB, g/dL), alkaline
phosphatase (ALP, U/L), white blood cell (WBC, 1000 cells/uL), blood urea nitrogen (BUN, mg/dL), calcium (mg/dL),
total cholesterol (TC, mg/dL), creatinine (CR, mg/dL), gamma glutamyl transferase (GGT, U/L), fasting plasma glucose
(FPG, g/dL), phosphorus (mmol/L), total bilirubin (TB, mg/dL), triglyceride (TG, mg/dL), uric acid (UA, mg/dL),
sodium (mmol/L), potassium (mmol/L), chloride (mmol/L), lymphocyte count (LC, 1000 cells/uL), monocyte count
(MC, 1000 cells/uL), neutrophils count (NC, 1000 cells/uL), red blood cell count, (RBC, million cells/uL), hemoglobin
(HGB, g/dL), red cell distribution width (RDW, %), platelet count (PLT, 1000 cells/uL), high-density lipoprotein
cholesterol (HDL-C, mmol/L), cadmium (nmol/L), lead (nmol/L), mercury (nmol/L); (3) lifestyle: drinking (yes, no),
smoking (yes, no), physical activity (PA, MET-min/week), sleep duration (h); (4) diet indicators: milk (never/rarely,
sometimes, often), health diet index (HEI-2015), Vitamin D (VD, nmol/L), (5) comorbidity: arthritis (yes, no), diabetes
(yes, no), hypertension (yes, no), cancer (yes, no); (6) hormone use and medical history: glucocorticosteroid (yes, no),
OP of parents (yes, no), fracture history (yes, no), OP history of self-report (yes, no).

Demographic data were obtained from the “Sample Person Demographics” file and the “Body Measures” file in
NHANES. Person Demographics data was collected via interview. The body measures data were collected, in the Mobile
Examination Center (MEC), by trained health technicians. It is worth stating that height and weight exert distinct
influences on bone health. Height reflects the skeletal basic reserve and growth history, whereas weight represents the
mechanical load imposed on the skeleton. In contrast, BMI primarily serves as a proxy for metabolic and endocrine
activity. Consequently, we incorporated all three indicators into our analysis. The detection methods for each laboratory
indicator are presented in Supplementary file 1.

Smoking status was classified as yes/no based on the question, “Have you smoked at least 100 cigarettes in your
lifetime?”. Alcohol consumption status was classified as yes/no based on the question “How often drink alcohol over past
12 months” (Yes: answer a value >3 for males (or >3 for females)). Milk, VD, and the diet-related data required for HEI-
2015 calculation came from 24-hour dietary questionnaire data. HEI-2015 is a comprehensive diet quality scoring tool
that contains 13 components, which are divided into sufficient components (such as fruits, vegetables, whole grains,
protein foods, etc.) and regulatory components (such as refined grains, sodium, added sugars, saturated fats, etc). The
total score ranges from 0 to 100. The higher the score, the higher the diet quality, and the better the consistency with the
US Dietary Guidelines.*** The diagnosis of diabetes was confirmed based on three criteria: (1) self-reported physician-
diagnosed diabetes in response to the question “Has a doctor ever told you that you have diabetes”; (2) current use of
antidiabetic medications or insulin; or (3) biochemical evidence defined as either a 2-hour oral glucose tolerance test
(OGTT) value >11.1 mmol/L or fasting plasma glucose >7.0 mmol/L.>> Hypertension diagnosis was established through
any of the following criteria: (1) self-reported physician diagnosis in response to the structured question “Has a doctor
ever told you that you have hypertension”; (2) current use of prescribed antihypertensive medication; or (3) objective
measurement of blood pressure >140/90 mmHg on clinical assessment. Hormone use and medical history data were
collected from prescription medications and self-reported personal interview data of medical conditions, respectively.

Statistical Analysis

Data were analyzed using R software (version 4.3.0). Variables with >20% missing values were excluded, and multiple
imputation was used to fill in missing values for variables with < 20% missing data. We performed collinearity analysis
and removed variables with a variance inflation factor (VIF) greater than 5. The COPD patients were randomly allocated
to train and test sets at a 7:3 ratio. The model was developed using the train set, and its performance was subsequently
evaluated in the test set. Continuous variables were compared using the Kruskal-Wallis test and are reported as medians
with interquartile ranges, whereas categorical variables were compared using the chi-square test and expressed as
frequencies and percentages.

Feature selection was conducted using the least absolute shrinkage and selection operator (Lasso) regression and the
Boruta algorithm. The two methods are used to prevent bias that may arise from relying on only one algorithm. Lasso
regression utilizes the L1 regularization term (ie, the penalty function) to progressively shrink the coefficients, thereby
simplifying the model to avoid multicollinearity and overfitting. When the coefficients approach zero, variable selection is
achieved, effectively eliminating irrelevant predictors. The Boruta algorithm is a feature selection method based on random
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forests, designed to identify all features significantly associated with the dependent variable, rather than solely optimizing the
loss function of a specific model. Its core principle involves comparing the importance of original features with that of
randomly generated “shadow features,” using statistical tests and an iterative strategy to ensure the stability and comprehen-
siveness of the selection process. The intersection of the feature sets selected by the two methods is identified via Venn
diagrams and forms the candidate features for building the model. Receiver-operating characteristic (ROC) curves were used
to further verify the rationality of the screening indicators by evaluating the effectiveness of models (different combinations of
indicators) to predict OP. Differences between models were assessed using the integrated discrimination improvement index
(IDI) analysis and DeLong tests. The IDI quantifies the improvement of a new model over a baseline model. By comparing the
predicted probabilities from both models, it evaluates the degree to which the new model enhances discriminative perfor-
mance. The optimal model is selected according to the IDI and the Delong test results, and the variables contained in the
optimal model are regarded as the final selected indicators. Logistic regression was used to analyze relationships and the
independence of the relationships between the selected variables and OP to test the rationality of the final selected indicators.
In addition, the robustness of the optimal model was evaluated in different subgroups. Furthermore, to confirm whether
medication affects the efficiency of the model, we excluded 41 participants receiving anti-OP medication (including
alendronate, risedronate, ibandronate, zoledronic, raloxifene, teriparatide, calcitonin, denosumab, prolia, fosamax, actonel,
boniva, evista, and forteo) and then performed a sensitivity analysis. A nomogram was developed to predict OP based on the
final selected indicators. The predictive performance and clinical net benefit of the model were evaluated using ROC and
decision curve analysis (DCA), respectively. Calibration curves and the Hosmer—Lemeshow test were used to evaluate the
nomogram’s accuracy and consistency.

Results

Basic Characteristics of the Study Population
In our dataset, VD was excluded directly as its missingness ratio surpassed 20% (38.19%; Supplementary Table 1). The

remaining variables—education level, marital status, smoking, drinking, HEI-2015, PA, sleep duration, ALB, PIR, BMI,
weight, height, WC, diabetes, BP, cancer, glucocorticosteroid, milk, OP history of self-report, OP of parents, fracture
history, ALB, ALP, BUN, cadmium, TC, CR, GGT, FPG, phosphorus, TB, TG, UA, sodium, potassium, chloride, WBC,
LC, MC, NC, and RBC—which had missingness ratios below 20%, were imputed. To identify collinear variables, we
conducted a collinearity analysis on all remaining variables. This analysis revealed collinearity in BMI (VIF = 10.111)
and WBC (VIF = 16.002) (Supplementary Table 2). After removing these two variables, we repeated the collinearity

analysis on the remaining set. No further collinearity was detected, as all VIFs were below 5 (Supplementary Table 3).
Consequently, the final variables included in the analysis were age, PIR, weight, height, WC, ALB, ALP, BUN,
cadmium, TC, CR, GGT, FPG, phosphorus, TB, TG, UA, sodium, potassium, chloride, LC, MC, NC, RBC, HGB,
RDW, PLT, HDL-C, cadmium, lead, mercury, race, milk, education level, marital status, drinking, HEI-2015, PA, sleep
duration, arthritis, gender, diabetes, hypertension, cancer, glucocorticosteroid, OP history of self-report, OP of parents,

fracture history, and smoking. We then randomly divided the patients into a train set and a test set with a ratio of 7:3. The
variables of the two datasets were compared. The results indicated that only sodium, RDW, and cadmium exhibited
significant differences between the train set and the test set (P < 0.05), whereas all other variables did not exhibit
significant differences (P > 0.05, Table 1).

We also stratified all COPD patients into OP and non-OP groups and compared clinical variables between OP and
non-OP groups in the train set. The OP group exhibited significantly higher values for age, ALP, TC, phosphorus, HGB,
RDW, HDL-C, cadmium than the non-OP group. In contrast, weight, height, WC, CR, TB, TG, UA, chloride, LC, and
RBC were significantly lower in the OP group. The OP group contained significantly lower proportions of males, cancer
patients, individuals reporting OP, those with parental OP, subjects with a fracture history, and Non-Hispanic White
participants compared to the non-OP group (all P < 0.05, Table 2).
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Table |1 Characteristics Comparison Between the Test Set and the Train Set

Variables Total (N=1351) Test (N=405) Train (N=946) P
Age, years 63.000 [54.000;72.000] 63.000 [54.000;72.000] 63.000 [54.000;71.750] 0.661
PIR 1.930 [1.125;3.690] 1.880 [1.080;3.650] 1.940 [1.143;3.797] 0.395
Weight, kg 79.300 [67.200;94.350] 80.100 [67.700;93.200] 79.150 [67.025;94.500] 0.968
Height, cm 168.100 [160.400;175.200] | 167.800 [159.700;174.500] | 168.400 [160.700;175.375] | 0.108
WC, cm 101.200 [90.700;112.550] 102.300 [90.900; 1 13.000] 101.000 [90.525;112.400] 0.270
ALB, g/dL 4.100 [3.900;4.300] 4.100 [3.800;4.300] 4.100 [3.900;4.300] 0.160
ALP, U/L 73.000 [60.000;90.000] 74.000 [61.000;96.000] 72.000 [60.000,88.000] 0.084
BUN, mg/dL 14.000 [11.000;18.000] 14.000 [11.000;18.000] 14.000 [11.000;18.000] 0.394
Cadmium, mg/dL 9.400 [9.100;9.600] 9.400 [9.100;9.600] 9.400 [9.100;9.600] 0.231
TC, mg/dL 188.000 [160.000;218.000] | 189.000 [156.000;217.000] | 188.000 [161.000;219.000] | 0.337
CR, mg/dL 0.910 [0.790;1.080] 0.930 [0.800;1.100] 0.900 [0.790;1.070] 0.092
GGT, U/L 22.000 [16.000;33.000] 23.000 [16.000;33.000] 22.000 [16.000;33.000] 0.558
FPG, g/dL 96.000 [88.000;110.000] 97.000 [89.000;110.000] 96.000 [88.000;109.000] 0.275
Phosphorus, mmol/L 1.195 [1.066;1.324] 1.195 [1.066;1.324] 1.195 [1.066;1.324] 0.972
TB, mg/dL 0.600 [0.400;0.800] 0.600 [0.400;0.800] 0.600 [0.400;0.800] 0.893
TG, mg/dL 126.000 [89.000;189.000] 121.000 [86.000;194.000] 127.000 [91.000;184.000] | 0.817
UA, mg/dl 5.400 [4.600;6.400] 5.400 [4.500;6.400] 5.450 [4.600;6.400] 0.756
Sodium mmol/L 140.000 [138.000;141.000] | 140.000 [139.000;141.000] | 140.000 [138.000;141.000] | 0.039
Potassium, mmol/L 4.100 [3.800;4.300] 4.100 [3.800;4.300] 4.100 [3.800;4.300] 0.922
Chloride, mmol/L 103.000 [100.000;105.000] | 103.000 [101.000;105.000] | 103.000 [100.000;105.000] | 0.142
LC, 1000 cells/pL 2.000 [1.600;2.500] 2.000 [1.600;2.400] 2.000 [1.500;2.500] 0.306
MC, 1000 cells/uL 0.600 [0.500;0.700] 0.600 [0.500;0.700] 0.600 [0.500;0.700] 0.269
NC, 1000 cells/uL 4.400 [3.400;5.500] 4.500 [3.400;5.500] 4.400 [3.400;5.475] 0.640
RBC, million cells/uL 4.650 [4.340;4.980] 4.660 [4.320;5.000] 4.650 [4.340;4.980] 0.854
HGB, g/dL 14.300 [13.200;15.200] 14.300 [13.100;15.200] 14.200 [13.200;15.200] 0.992
RDWY, % 13.400 [12.700;14.200] 13.500 [12.800;14.400] 13.400 [12.600;14.100] 0.029
PLT, 1000 cells/uL 241.000 [203.500;289.000] | 241.000 [202.000;282.000] | 241.000 [204.000;291.000] | 0.263
HDL-C, mmol/L 51.000 [42.000;62.000] 52.000 [41.000;64.000] 51.000 [42.000;62.000] 0.536
Cadmium, nmol/L 5.160 [2.758;9.297] 5.430 [3.114;9.790] 4.890 [2.580;9.140] 0.029
Lead, nmol/L 0.075 [0.049;0.114] 0.075 [0.049;0.109] 0.076 [0.050;0.115] 0.482
Mercury, nmol/L 3.740 [1.950;7.565] 3.840 [2.000;7.490] 3.700 [1.950;7.605] 0.786
Race, % 0.152
Mexican American 72 (5.329%) 22 (5.432%) 50 (5.285%)
Other Hispanic 59 (4.367%) 14 (3.457%) 45 (4.757%)
Non-Hispanic White 872 (64.545%) 247 (60.988%) 625 (66.068%)
Non-Hispanic Black 250 (18.505%) 86 (21.235%) 164 (17.336%)
Other Races 98 (7.254%) 36 (8.889%) 62 (6.554%)
Milk, % 0.292
Never/rarely 483 (35.751%) 154 (38.025%) 329 (34.778%)
Sometimes 342 (25.315%) 106 (26.173%) 236 (24.947%)
Often 526 (38.934%) 145 (35.802%) 381 (40.275%)
Education level, % 0.835
Under or equal high school 703 (52.036%) 213 (52.593%) 490 (51.797%)
Above high school 648 (47.964%) 192 (47.407%) 456 (48.203%)
Marital status, % 0.716
Married 702 (51.962%) 214 (52.840%) 488 (51.586%)
Other 649 (48.038%) 191 (47.160%) 458 (48.414%)
Drinking (yes) 912 (67.506%) 273 (67.407%) 639 (67.548%) 1.000
HEI-2015 (=60) 258 (19.097%) 64 (15.802%) 194 (20.507%) 0.052
PA (2600 MET-min/week) 714 (52.850%) 209 (51.605%) 505 (53.383%) 0.589
Sleep duration, h 538 (39.822%) 151 (37.284%) 387 (40.909%) 0.235
(Continued)
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Table | (Continued).

Variables Total (N=1351) Test (N=405) Train (N=946) P

Arthritis (yes) 718 (53.146%) 231 (57.037%) 487 (51.480%) 0.069
Gender (male) 713 (52.776%) 209 (51.605%) 504 (53.277%) 0.614
Diabetes (yes) 613 (45.374%) 193 (47.654%) 420 (44.397%) 0.297
Hypertension (yes) 971 (71.873%) 303 (74.815%) 668 (70.613%) 0.132
Cancer (yes) 274 (20.281%) 81 (20.000%) 193 (20.402%) 0.925
Glucocorticosteroid (yes) 85 (6.292%) 18 (4.444%) 67 (7.082%) 0.088
OP history of self-report (yes) | 192 (14.212%) 69 (17.037%) 123 (13.002%) 0.063
OP of parents (yes) 226 (16.728%) 77 (19.012%) 149 (15.751%) 0.164
Fracture history (yes) 305 (22.576%) 93 (22.963%) 212 (22.410%) 0.879
OP (yes) I51 (11.177%) 51 (12.593%) 100 (10.571%) 0.324
Smoking (yes) 365 (27.017%) 115 (28.395%) 250 (26.427%) 0.497

Abbreviations: PIR, poverty income ratio; WC, waist circumference; ALB, albumin; ALP, alkaline phosphatase; BUN, blood urea nitrogen; TC, total
cholesterol; CR, creatinine; TG, triglyceride; TB, total bilirubin UA, uric acid; LC, lymphocyte count; MC, monocyte count; NC, neutrophils count; RBC,
red blood cell count; HGB, Hemoglobin; FPG, fasting plasma glucose; GGT, gamma glutamyl transferase; RDWV, red cell distribution width; PLT, platelet
count; HDL-C, high-density lipoprotein Cholesterol; HEI-2015, health diet index-2015; PA, physical activity; OP, osteoporosis.

Table 2 Characteristics Comparison Between the OP Group and the Non-OP Group in the Train Set

Variables Total (n=1351) Non-OP (n=1200) OP (n=151) P
Age, years 63.000 [54.000;72.000] 62.000 [53.000;71.000] 68.000 [60.500;77.500] <0.001
PIR 1.930 [1.125;3.690] 1.940 [1.110;3.755] 1.850 [1.190;3.205] 0.624
Weight, kg 79.300 [67.200;94.350] 81.150 [69.600;95.900] 61.000 [52.400;72.600] <0.001
Height, cm 168.100 [160.400;175.200] | 168.900 [161.700;175.900] | 160.300 [154.300;168.100] | <0.001
WC, cm 101.200 [90.700;112.550] 102.600 [93.100;113.825] 89.500 [79.900;100.250] <0.001
ALB, g/dL 4.100 [3.900;4.300] 4.100 [3.900;4.300] 4.100 [3.800;4.300] 0.260
ALP, U/L 73.000 [60.000;90.000] 72.000 [59.000;88.000] 83.000 [66.500;102.500] <0.001
BUN, mg/dL 14.000 [11.000;18.000] 14.000 [11.000;18.000] 14.000 [11.000;18.000] 0.668
Cadmium, mg/dL 9.400 [9.100;9.600] 9.400 [9.100;9.600] 9.400 [9.100;9.600] 0.600
TC, mg/dL 188.000 [160.000;218.000] | 187.000 [159.000;218.000] | 196.000 [164.500;234.500] | 0.011
CR, mg/dL 0.910 [0.790;1.080] 0.920 [0.800;1.100] 0.820 [0.700;0.965] <0.001
GGT, U/L 22.000 [16.000;33.000] 22.000 [16.000;33.000] 20.000 [15.000;33.500] 0.222
FPG, mg/dL 96.000 [88.000;110.000] 96.500 [88.000;110.000] 96.000 [88.000;108.000] 0.977
Phosphorus, mmol/L 1.195 [1.066;1.324] 1.195 [1.066;1.292] 1.227 [1.098;1.356] 0.004
TB, mg/dL 0.600 [0.400;0.800] 0.600 [0.400;0.800] 0.500 [0.350;0.700] 0.006
TG, mg/dL 126.000 [89.000;189.000] 129.000 [91.000;191.000] 107.000 [82.000;173.000] 0.042
UA, mg/dl 5.400 [4.600;6.400] 5.500 [4.600;6.500] 4.900 [4.100;5.800] <0.001
Sodium mmol/L 140.000 [138.000;141.000] | 140.000 [138.000;141.000] | 140.000 [138.000;141.000] | 0.408
Potassium, mmol/L 4.100 [3.800;4.300] 4.100 [3.800;4.300] 4.100 [3.800;4.400] 0.401
Chloride, mmol/L 103.000 [100.000;105.000] | 103.000 [101.000;105.000] | 102.000 [99.000;104.000] <0.001
LC, 1000 cells/pL 2.000 [1.600;2.500] 2.000 [1.600;2.500] 1.900 [1.450;2.400] 0.045
MC, 1000 cells/pL 0.600 [0.500;0.700] 0.600 [0.500;0.700] 0.600 [0.500;0.700] 0.328
NC,1000 cells/pL 4.400 [3.400;5.500] 4.400 [3.400;5.400] 4.500 [3.600;5.700] 0.071
RBC, million cells/puL 4.650 [4.340;4.980] 4.670 [4.350;5.002] 4.520 [4.230;4.810] <0.001
HGB, g/dL 14.300 [13.200;15.200] 14.300 [13.300;15.200] 13.900 [12.750;14.750] 0.001
RDWY, % 13.400 [12.700;14.200] 13.400 [12.600;14.125] 13.500 [12.900;14.450] 0.012
PLT,1000 cells/pL 241.000 [203.500;289.000] | 241.000 [204.000;287.250] | 242.000 [200.500;302.000] | 0.659
HDL-C, 51.000 [42.000;62.000] 50.000 [41.000;61.000] 62.000 [49.000;71.000] <0.001
Cadmium, nmol/L 5.160 [2.758;9.297] 4.980 [2.669;9.094] 6.139 [3.327;10.810] 0.009
Lead, nmol/L 0.075 [0.049;0.114] 0.075 [0.049;0.113] 0.081 [0.056;0.121] 0.099
Mercury, nmol/L 3.740 [1.950;7.565] 3.700 [1.950;7.630] 4.040 [2.100;7.095] 0.602
(Continued)
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Table 2 (Continued).

Variables Total (n=1351) Non-OP (n=1200) OP (n=151) P
Race, % 0.003
Mexican American 72 (5.329%) 63 (5.250%) 9 (5.960%)

Other Hispanic 59 (4.367%) 52 (4.333%) 7 (4.636%)

Non-Hispanic White 872 (64.545%) 761 (63.417%) 111 (73.510%)

Non-Hispanic Black 250 (18.505%) 240 (20.000%) 10 (6.623%)

Other Races 98 (7.254%) 84 (7.000%) 14 (9.272%)

Milk, % 0.777
Never/rarely 483 (35.751%) 429 (35.750%) 54 (35.762%)

Sometimes 342 (25.315%) 307 (25.583%) 35 (23.179%)

Often 526 (38.934%) 464 (38.667%) 62 (41.060%)

Education level, % 1.000
Under or equal high school 703 (52.036%) 624 (52.000%) 79 (52.318%)

Above high school 648 (47.964%) 576 (48.000%) 72 (47.682%)

Marital status, % 0.058
Married 702 (51.962%) 635 (52.917%) 67 (44.371%)

Other 649 (48.038%) 565 (47.083%) 84 (55.629%)

Drinking (yes) 912 (67.506%) 800 (66.667%) 112 (74.172%) 0.078
HEI-2015 (=60) 258 (19.097%) 224 (18.667%) 34 (22.517%) 0.306
PA (2600 MET-min/week) 714 (52.850%) 644 (53.667%) 70 (46.358%) 0.108
Sleep duration, h 538 (39.822%) 485 (40.417%) 53 (35.099%) 0.242
Arthritis (yes) 718 (53.146%) 638 (53.167%) 80 (52.980%) 1.000
Gender (male) 713 (52.776%) 670 (55.833%) 43 (28.477%) <0.001
Diabetes (yes) 613 (45.374%) 556 (46.333%) 57 (37.748%) 0.056
Hypertension (yes) 971 (71.873%) 863 (71.917%) 108 (71.523%) 0.996
Cancer (yes) 1077 (79.719%) 970 (80.833%) 107 (70.861%) 0.006
Glucocorticosteroid (yes) 85 (6.292%) 70 (5.833%) 15 (9.934%) 0.075
OP history of self-report (yes) | 192 (14.212%) 138 (11.500%) 54 (35.762%) <0.001
OP of parents (yes) 226 (16.728%) 185 (15.417%) 41 (27.152%) <0.001
Fracture history (yes) 305 (22.576%) 258 (21.500%) 47 (31.126%) 0.010
Smoking (yes) 365 (27.017%) 316 (26.333%) 49 (32.450%) 0.134

Abbreviations: PIR, poverty income ratio; WC, waist circumference; ALB, albumin; ALP, alkaline phosphatase; BUN, blood urea nitrogen; TC, total
cholesterol; CR, creatinine; TG, triglyceride; TB, total bilirubin UA, uric acid; LC, lymphocyte count; MC, monocyte count; NC, neutrophils count; RBC,
red blood cell count; HGB, Hemoglobin; FPG, fasting plasma glucose; GGT, gamma glutamyl transferase; RDW, red cell distribution width; PLT, platelet
count; HDL-C, high-density lipoprotein Cholesterol; HEI-2015, health diet index-2015; PA, physical activity; OP, osteoporosis.

Screening of Covariates Related to OP

To identify key covariates, we applied the Lasso and Boruta methods. The Lasso regression employed a tuning parameter
(M) to eliminate redundant variables. Through 10-fold cross-validation, an optimal A value of 0.010 was identified, which
selected 18 OP-related variables (Figure 1A and B). These variables constituted age, race, height, weight, diabetes,
glucocorticosteroid, milk, the OP history of self-report, fracture history, ALP, TC, phosphorus, TB, sodium, potassium,
NC, HGB, and HDL-C. The Boruta algorithm identified 12 OP-related variables, including gender, age, weight, height,
WC, OP history of self-report, BUN, CR, TG, RBC, HGB, and HDL-C (Figure 1C). We then used the Venn algorithm to
compare the variable sets from both 2 methods and identify overlapping features. This analysis revealed six overlapping
genes, including HGB, OP history of self-report, HDL-C, weight, height, and age (Figure 1D).

Based on the six key covariates associated with OP identified above, we first categorized six key covariates into three
groups: demographic characteristics (age, weight, and height), medical history (OP history of self-report), and biochem-
ical markers (HGB and HDL-C). We then employed ROC analysis to assess the predictive performance of these three
kinds of factors and their four combinations (demographic + medical history + biochemical;, demographic + medical
history; medical history + biochemical; and demographic + biochemical). The AUC [95% CI] for the demographic,
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Figure | Screening of covariates for OP in the train set. (A) Covariates included in the optimal Lasso. (B) Cross-validation plot for the term of penalty. (C) Boruta Feature
Selection Process for OP. (D) Venn plot of two covariates sets.

Notes: Since the abscissa in the C diagram represents a variable, we use digital coding instead because the gap is small. Feature description code is as follows: [-5:
Shadow min, Hg, MC, Race, Milk. 6—10: Drinking, Sodium, PA, Shadow mean, Education level. |1-I5: Sleep duration, Calcium, Marital status, OP of parents, LC. 16-20:
Chloride, PLT, HEI, RDW, Arthritis. 21-25: Lead, Phosphorus, Glucocorticosteroid, Cancer, Smoking. 26-30: Fracture history, GGT, TC, TB, Hypertension. 31-35: NC,
Potassium, ALP, UA, Diabetes. 36—40: ALB, FBG, Cadmium, Shadow max, PIR. 41-45: Gender, CR, BUN, RBC, HGB. 46-50: OP history of self-report, Age, TG, HDLC,
Height. 51-52: WC, weight.

Abbreviations: PIR, poverty income ratio; WC, waist circumference; ALB, albumin; ALP, alkaline phosphatase; BUN, blood urea nitrogen; TC, total cholesterol; CR,
creatinine; TG, triglyceride; TB, total bilirubin UA, uric acid; LC, lymphocyte count; MC, monocyte count; NC, neutrophils count; RBC, red blood cell count; HGB,
Hemoglobin; FPG, fasting plasma glucose; GGT, gamma glutamyl transferase; RDW, red cell distribution width; PLT, platelet count; HDL-C, high-density lipoprotein
Cholesterol; HEI-2015, health diet index-2015; PA, physical activity; OP, osteoporosis; Lasso, least absolute shrinkage and selection operator.

medical history, and biochemical indicators were 0.832 [0.790, 0.874], 0.623 [0.575, 0.671], and 0.710[0.656, 0.764],
respectively. The corresponding AUCs for the four combinations were 0.843 [0.804, 0.882], 0.841 [0.801, 0.881], 0.735
[0.681, 0.788], and 0.835 [0.795, 0.876] (Table 3) (ROC plots are presented in Supplementary Figure 1). We further
compared the AUC of the combined model incorporating all three indicator types with those of the six other models

using the Delong test. This analysis revealed that the demographic + medical history + biochemical model had
a significantly higher AUC than the medical history + biochemical model (P < 0.05), the medical history model alone
(P < 0.05), and the biochemical model alone (P < 0.05). No significant differences were observed between the
demographic + medical history + biochemical model and the clinical characteristic model, the clinical characteristic +
medical history model, or the clinical characteristic + biochemical model (all P > 0.05, Table 4). IDI analysis was used to
evaluate model variability, and its results aligned with those from the Delong test (Table 4). In summary, among the
seven models, the demographic + medical history + biochemical model and the demographic + medical history model
exhibited the highest AUC values, with no significant difference between them. However, as the latter demonstrated
higher specificity (0.668 vs 0.615, Table 3) and accuracy (0.688 vs 0.647, Table 3) along with greater simplicity, we
considered it the optimal model including age, weight, height, and OP history of self-report. OP history of self-report was
obtained before the current OP diagnosis to clarify whether the participants had a history of OP. A history of OP in
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Table 3 Different Model Characteristic Indicators in the Train Set

Model AUC [95% CI] Sensitivity | Specificity | Accuracy | Cutoff | Youden
Model | | 0.843[0.804,0.882] | 0.920 0.615 0.647 0.064 0.535
Model 2 | 0.832[0.790,0.874] | 0.860 0.658 0.68 0.082 0.518
Model 3 | 0.623[0.575,0.671] | 0.350 0.896 0.838 0.182 0.246
Model 4 | 0.710[0.656,0.764] | 0.650 0.684 0.681 0.107 0.334
Model 5 | 0.841[0.801,0.881] | 0.860 0.668 0.688 0.081 0.528
Model 6 | 0.835[0.795,0.876] | 0.900 0.619 0.649 0.067 0.519
Model 7 | 0.735[0.681,0.788] | 0.590 0.779 0.759 0.109 0.369

Notes: Model |: age + weight + height +OP history of self-report + HGB + HDL-C. Model 2: age + weight +
height. Model 3: OP history of self-report. Model 4: HGB+HDL-C. Model 5: age + weight + height +OP history of
self-report. Model 6: age + weight + height + HGB + HDL-C. Model 7: OP history of self-report + HGB + HDL-C.
Abbreviations: HGB, hemoglobin; HDL-C, high-density lipoprotein cholesterol; OP, osteoporosis; AUC, area
under the curve; Cl, confidence interval.

Table 4 Comparison of Different Models in the Train Set

Group Delong-P | IDI[95% CI] P

Model | vs Model 2 | 0.155 0.006[-0.016,0.027] | 0.587
Model | vs Model 3 | <0.001 0.175[0.126,0.225] <0.001
Model | vs Model 4 | <0.001 0.191[0.138,0.244] <0.001
Model | vs Model 5 | 0.673 0.004[-0.005,0.012] | 0.408
Model | vs Model 6 | 0.118 0.001[-0.017,0.020] | 0.898
Model | vs Model 7 | <0.001 0.141[0.097,0.185] <0.001

Notes: Model |: age + weight + height + OP history of self-report + HGB+HDL-C.
Model 2: age + weight + height. Model 3: OP of self-report. Model 4: HGB+HDL-C.
Model 5: age + weight + height + OP history of self-report. Model 6: age + weight +
height + HGB + HDL-C. Model 7: OP history of self-report + HGB + HDL-C.
Abbreviations: HGB, hemoglobin; HDL-C, high-density lipoprotein cholesterol;
OP, osteoporosis; IDI, integrated discrimination index; Cl, confidence interval.

clinical practice represents a significant risk factor for subsequent OP. Given the chronic nature of OP, the inclusion of

this history is therefore justified.

In addition, we further used logistic regression to evaluate the rationality of the indicator selection based on the six

variables obtained by the Venn plot. The results of univariate logistic regression analysis showed that these variables were
significantly correlated with OP (OR[95% CI]: OP history of self-report: 4.281 [2.942, 6.253], HDL-C: 1.032 [1.022,
1.041], HGB: 0.832[0.754, 0.932], weight: 0.921 [0.914, 0.949], height: 0.920 [0.909, 0.948], age: 1.053 [1.030, 1.076], all
P <0.001). The results of multivariate logistic regression analysis showed that OP history of self-report, weight, height, age
were significantly correlated with OP (all P<0.05). However, HDL-C and HGB were not significantly correlated with OP
(Table 5). These results indicate that the selected variables are significantly associated with OP and are reasonable.

Table 5 Logistic Regression Analysis Between Key Variables and OP in the Train Set

Variables Univariable Multivariable
OR[95% CI] P OR[95% CI] P

OP history of self-report | 4.281 [2.942-6.253] | <0.001 | 1.990 [1.282-3.112] | 0.002
HDL-C 1.032 [1.022—-1.041] | <0.001 | 1.011 [1.001-1.020] | 0.232
HGB 0.832 [0.754-0.932] | <0.001 | 0.990 [0.872—-1.146] | 0.935
Weight 0.921 [0.914-0.949] | <0.001 | 0.943 [0.923-0.955] | <0.001
Height 0.920 [0.909-0.948] | <0.001 | 0.974 [0.954-0.992] | 0.012
Age 1.053 [1.030-1.076] | <0.001 | 1.031 [1.021-1.055] | <0.001

Abbreviations: HGB, hemoglobin; HDL-C, high-density lipoprotein cholesterol; OP, osteoporosis; OR, odds

ratio; Cl, confidence interval.
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Construction of a Nomogram for Predicting OP

To facilitate the clinical translation of our findings, we developed a nomogram in the train set incorporating the variables
from the optimal model: age, weight, height, and OP history of self-report. The nomogram indicated that weight
contributed most substantially to OP prediction (Figure 2A). Calibration curves revealed close alignment between the
apparent and ideal lines (Figure 2B), followed by verification in the test set (Figure 2C). ROC analysis yielded AUC
values of 0.841 and 0.833 for the train and test sets, respectively (Figure 2D and E). The Hosmer—Lemeshow test
produced P values of 0.548 for the train set and 0.211 for the test set. Both evaluation methods supported the nomogram’s
calibration. DCA analysis further indicated a favorable net clinical benefit for the nomogram across both datasets
(Figure 3A and B). To exclude the potential impact of anti-OP medication use on model robustness, sensitivity analysis
was performed. The results showed that the nomogram still had a close alignment between the apparent and ideal lines
(Figure 4A), good prediction efficiency (AUC: 0.831, Figure 4B), and favorable net clinical benefit (Figure 4C) in
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Figure 2 Nomogram and its predictive performance evaluation. (A) Nomogram established using age, weight, height, and OP history of self-report in the train set. (B)
Correction curve of the train set. (C) Correction curve of the test set. (D) ROC of the train set. (E) ROC of the test set.
Abbreviations: OP, osteoporosis; ROC, receiver operating characteristic curve; AUC, area under the curve; Cl, confidence interval.
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patients without use of anti-OP medication. Those results indicated the nomogram based on these four indicators was
effective in identifying OP among COPD patients, with its robustness unaffected by anti-osteoporotic drug use.

To further investigate the nomogram’s stability for predicting OP, we conducted subgroup analyses in the test set. COPD in
this study is diagnosed using 2 criteria across different year cycles, and older adults and women are more vulnerable to OP.
Therefore, we assessed the nomogram’s predictive performance across subgroups based on these three key variables that could
potentially affect the results. The AUC values in all subgroups were approximately 0.8, indicating robust predictive accuracy.
Moreover, Delong’s test revealed no significant differences between self-reported and spirometry-diagnosed COPD sub-
groups, between participants under and over 65 years of age, or between males and females. These findings suggest that the
predictive performance of the nomogram was not influenced by COPD diagnostic method, age, or gender, demonstrating its
relative stability. Additionally, the Hosmer—Lemeshow test indicated that, except in the female subgroup, the predicted
probabilities aligned well with observed outcomes (P > 0.05, Table 6).

Discussion

This study established age, weight, height, and the OP history of self-report as predictors of OP in COPD patients and
incorporated them into the nomogram. The model exhibited strong predictive performance, clinical utility, and robust-
ness. Weight emerged as the most influential predictor in the nomogram.

Age is not only a risk factor for COPD, but also a risk factor for OP in COPD. The age-standardized prevalence of
COPD rises progressively with advancing age.> COPD occurs more frequently among individuals aged 40 and above
than in younger populations.”®*” OP is also predominantly observed in older adults,”® with prevalence rates as high as
21.7% in those aged 50-85 years and older.”’ The risk of OP significantly increases with age, primarily due to an
imbalance in bone remodeling. First, postmenopausal women experience a sharp decline in estrogen levels, while elderly
men exhibit a gradual decrease in testosterone. Estrogen inhibits osteoclast activity and promotes osteoblast survival; its
reduction leads to accelerated bone resorption and insufficient bone formation.>* Furthermore, age-related declines in
vitamin D synthesis capacity and intestinal calcium absorption efficiency, coupled with a compensatory increase in
parathyroid hormone, collectively exacerbate a negative calcium balance.>’ With aging, mesenchymal stem cells in the
bone marrow exhibit an increased tendency to differentiate into adipocytes and a decreased tendency to differentiate into
osteoblasts, thereby weakening bone formation capacity.>> Concurrently, senescent osteoblasts and osteocytes secrete
increased levels of pro-osteoclastogenic factors and decreased levels of osteoprotegerin, further stimulating bone
resorption.®® Thus, the association between age and OP in COPD patients appears well-supported.

In patients with COPD, both weight and height are significantly associated with OP. Weight itself is a known
determinant of bone density, as individuals with higher body weight exhibit greater bone mass due to increased
mechanical loading, which stimulates bone formation.>* Adipose tissue also stores estrogen, which regulates bone
metabolism by promoting bone formation and inhibiting resorption.’>=® Moreover, leptin secreted from fat tissue
stimulates osteoblast activity, further protecting against bone loss.*” In contrast, low body weight exerts opposing effects
on skeletal integrity. Height may reflect overall skeletal dimensions and peak bone mass acquired during adolescence;
shorter individuals tend to have lower bone mass and are therefore more vulnerable to age-related bone loss. It is also
important to consider that height loss in adults, particularly in older populations, can be a consequence of undiagnosed
vertebral fractures.*® This creates a complex, bidirectional relationship where short stature may be both a predisposing
factor for, and an outcome of, osteoporotic fractures. Our study confirmed that both height and weight were significantly
lower in COPD patients with OP compared to those COPD patients without OP. Additionally, chronic airway obstruction
and hypoxia in COPD can reduce food intake, leading to gastrointestinal dysfunction and impaired calcium absorption in
the small intestine, which further disrupts bone metabolism.>* These mechanisms may collectively elevate OP risk in
COPD patients with low weight and stature.

We also found that the OP history of self-report was significantly associated with its development in COPD patients.
Moreover, the proportion of patients with the OP history of self-report was significantly higher in the OP group than in
the group without OP. It could be because inflammation represents a common factor in the pathogenesis of both COPD
and OP.*° Studies indicate that bone resorption during acute exacerbations exceeds that in the stable state among COPD
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Table 6 The Prediction Efficiency of the Model in Subgroups of the Test Set

Characteristic indexes COPD Diagnosis Method Age Gender
COPD (Questionnaire) COPD (Vital Capacity) <65 >65 male female

AUC[95% ClI] 0.842[0.783,0.900] 0.865[0.764,0.967] 0.810[0.699,0.922] 0.814[0.738,0.891] | 0.794[0.680,0.908] 0.832[0.765,0.899]
Accuracy[95% ClI] 0.711[0.710,0.713] 0.710[0.706,0.714] 0.854[0.853,0.855] 0.769[0.767,0.771] | 0.636[0.634,0.639] 0.689[0.687,0.691]
Sensitivity[95% Cl] 0.867[0.767,0.966] 1.000[1.000, 1.000] 0.733[0.510,0.957] 0.722[0.576,0.869] | 0.857[0.674,1.000] 0.946[0.873,1.000]
Specificity[95% Cl] 0.685[0.628,0.741] 0.691[0.598,0.785] 0.863[0.816,0.910] 0.780[0.714,0.846] | 0.621[0.552,0.689] 0.629[0.554,0.704]
Negative predictive value[95% Cl] 0.967[0.942,0.993] 1.000[1.000, 1.000] 0.978[0.956,0.999] 0.921[0.874,0.968] | 0.984[0.961,1.006] 0.980[0.953,1.007]
Positive predictive value[95% ClI] 0.322[0.239,0.406] 0.171[0.047,0.296] 0.282[0.141,0.423] 0.441[0.314,0.567] | 0.140[0.066,0.213] 0.372[0.275,0.470]
Hosmer-Lemeshow P 0.612 0.987 0.316 0.732 0.706 0.047

Abbreviation, COPD, chronic obstructive pulmonary disease; OP, osteoporosis; ROC, receiver operating characteristic curve; AUC, area under the curve; Cl, confidence interval.
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patients, a phenomenon attributed to respiratory dysfunction, elevated oxidative stress, and systemic inflammation.*!
Persistent inflammation in COPD patients may readily stimulate the recurrence of OP.

Although each indicator significantly associates with OP risk, clinicians in busy practice settings find it difficult to
empirically integrate all factors and accurately quantify individual patient risk. This gap underscores the need for a tool
that synthesizes these readily available parameters to deliver intuitive and personalized risk predictions. In response, we
constructed a visual nomogram based on these four key indicators. This work addresses a specific clinical challenge:
providing a minimalist, intuitive, and rapid OP screening tool for patients with COPD in respiratory outpatient clinics,
a population with distinct risk profiles. While the Fracture Risk Assessment Tool (FRAX) provides an excellent general
framework, it is not specifically designed for patients with COPD. The bone health of these patients is complexly
influenced by disease-specific factors, such as glucocorticoid exposure and vitamin D deficiency.**** In busy clinical
environments focused on managing respiratory symptoms, physicians require a specialized tool that integrates seamlessly
and rapidly signals OP risk to prompt further assessment or intervention. Consequently, the core value of this study lies in
the population-specific validation, integration, and clinical translation of established risk factors (some factors included in
FRAX). In addition, the model can be combined with conventional imaging opportunistic examination in the future to
increase the incidence of asymptomatic vertebral fractures in COPD patients, so as to intervene early. For example, this
model could complement the novel CT-based fracture risk assessment model developed by Yang et al for COPD
patients,?' synergistically improving the accurate identification of high-risk COPD populations prone to fractures.

It is worth noting that in clinical practice, a history of OP is a significant risk factor for future OP. Given the chronic nature
of OP, its inclusion is reasonable. Furthermore, this study, leveraging the design of the NHANES database, effectively avoids
circular reasoning. NHANES data collection follows a strict sequential order: all questionnaire information (including OP
history of self-report) is completed before objective physical examinations and laboratory tests (such as bone density
measurements) at mobile examination centers. Therefore, “previous OP” included in the model is an exposure factor collected
at baseline, logically before “current OP status” defined based on subsequent bone density measurement results. This temporal
separation ensures the independence of predictors and outcome variables, consistent with the fundamental principle of risk
prediction models: using baseline known information to predict future outcomes or currently undetected conditions. This
approach, consistent with the inclusion of prior fracture history in internationally recognized prediction tools such as the
fracture risk assessment tool, is intended to enhance the model’s discriminative power and clinical utility, rather than to infer
etiology. Therefore, it is methodologically rigorous and reasonable.

Nonetheless, our study has several limitations. The input variables were derived from a retrospective study, which
restricted the range of available data, and no prospective studies have yet established causal relationships among them.
Some variables were obtained through questionnaires and may therefore be subject to memory bias. Moreover, since this
study utilized a dataset from the United States, it may be subject to regional biases and might not generalize directly to
other populations. The patients’ FRAX score is not available due to the lack of data; the fracture risk of this population
could not be verified. Consequently, future studies should further validate the model’s predictive performance across
diverse geographic regions.

Conclusion

This study showed that age, weight, height, and the OP history of self-report were significantly associated with
densitometric OP measurements in COPD patients. The nomogram for predicting OP was constructed based on these
four variables, which had good predictive efficacy and stability, and it could be used as a useful tool for early
identification of high-risk OP patients in the clinical setting of COPD.
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The datasets generated during and/or analyzed during the current study are available from the corresponding author on
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