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Background: Although studies have explored the factors influencing the occurrence of disability, predictive models for disability risk in the chronic respiratory diseases (CRD) patient population remain inadequate.

Methods: This study employed baseline data from the 2015 China Health and Retirement Longitudinal Study (CHARLS) to select 803 CRD patients without disabilities, who were then followed for 3 years to observe the emergence of new disabilities. Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis was applied to identify risk factors associated with the onset of disability. Ultimately, multivariable logistic regression analysis pinpointed four critical predictive factors: marital status, self-perceived health, depressive symptoms, and age, which were subsequently incorporated into a nomogram model. The model’s predictive efficacy was evaluated using the receiver operating characteristic curve (ROC), calibration curve, and decision curve analysis (DCA).

Results: During the 3-year follow-up, 196 patients developed new disabilities, yielding an incidence rate of 24.41%. The model evaluation results revealed that area under the curve (AUC) for the training set was 0.724 (95% confidence interval [CI]: 0.676-0.771), and the AUC for the test set was 0.720 (95% CI: 0.641-0.799), demonstrating high accuracy, sensitivity, and specificity. The calibration curve confirmed that the predicted results aligned closely with the actual outcomes, while the DCA analysis illustrated that the model provided substantial net benefits in clinical decision-making, effectively identifying high-risk patients.

Conclusion: The nomogram model developed in this study effectively predicts the risk of new disability occurrence in CRD patients within 3 years. By identifying high-risk patients at an early stage, this model provides scientific evidence for early intervention and health management in CRD patients.
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1 Introduction

Chronic respiratory diseases (CRD) encompass a range of conditions that impact the airways and various lung structures, constituting some of the primary contributors to global morbidity and mortality. Among these, Chronic Obstructive Pulmonary Disease (COPD) and Asthma are the most prevalent. As individuals with chronic respiratory conditions age, their overall health typically declines, particularly impairing their ability to perform essential daily activities, such as bathing, laundry, and eating (1). This deterioration in functional capacity is not only correlated with a diminished quality of life but also associated with elevated hospitalization rates and an augmented risk of mortality. Based on recent report, CRD was responsible for 103.5 million (94.8–112.3) Disability-Adjusted Life Years (DALYs) constituting 4.1% (3.7–4.4%) of global DALYs for all causes (2). What’s more, the burden of CRD is particularly pronounced during episodes of acute exacerbation (3), which can lead to significant psychological stress that further complicates disease management. Patients with CRD often experience higher levels of psychological distress and exhibit poorer social functioning compared to the general population (4).

Disability is typically defined as the difficulty in carrying out fundamental tasks, such as activities of daily living (ADL) and instrumental activities of daily living (IADL) (5, 6). Limitations in ADL or IADL not only hinder the ability of older adults to live independently but also substantially diminish their quality of life. A Japanese study conducted in Japan demonstrated that individuals with lower ADL scores exhibited a mortality rate twice as high as those with higher scores (7). Previous research has identified numerous risk factors for disability among middle-aged and older adults, including advanced age, female gender, chronic diseases, limited physical activity, lack of social engagement, poor self-perceived health, dyslipidemia, smoking, abnormal body mass index, depressive symptoms, and memory decline—factors that are all strongly associated with the onset of disability (8–12). Nevertheless, research investigating the connection between CRD and the risk of disability remains scarce, with limited exploration of the specific risk factors for disability within the CRD population.

Functional limitations and the resulting disabilities not only cause a profound decline in an individual’s quality of life but also place a significant economic strain on society (13). Consequently, the early screening of high-risk populations for timely intervention to prevent the onset and progression of disability is of paramount importance. Risk prediction models, as invaluable tools, can be employed to assess the disability risk in patients with CRD. Previous research has predominantly concentrated on healthy elderly populations. For instance, Han et al. developed and validated a disability prediction model for healthy elderly individuals in China. Their study identified several factors—such as age, marital status, napping habits, white blood cell count, systolic and diastolic blood pressure, right-hand grip strength, respiratory function, memory, standing balance, and depressive symptoms—as independently linked to the onset of disability (1).

However, the majority of existing prediction models are primarily based on healthy populations, with limited efforts made to construct risk prediction models for identifying individuals at high risk for new disability onset within CRD patient populations. Our study seeks to investigate the key factors associated with the occurrence of disability and integrate them into a nomogram to create a disability prediction model specifically for CRD patients, with the goal of providing a more precise tool for assessing disability risk in this population.



2 Materials and methods


2.1 Study population

This study was a retrospective cohort study within the general population of China Health and Retirement Longitudinal Study (CHARLS). CHARLS is an ongoing longitudinal survey in China, dedicated to exploring the health, economic circumstances, and retirement status of the elderly population. Data from the 2015 and 2018 waves of CHARLS were collected and analyzed in this study, with access available publicly at http://charls.pku.edu.cn. The CHARLS protocol received approval from the Ethical Review Committee of Peking University (Approval number: IRB00001052-11015), and written informed consent was obtained from each participant (14). We incorporated 18,135 participants from the 2015–2018 study wave, of whom 803 met the criteria for model development and validation. These individuals had reported no disabilities in the 2015 wave. As shown in Figure 1, exclusion criteria were as follows: (1) participants under the age of 45; (2) participants who did not self-report having chronic respiratory diseases in the 2015 survey; (3) participants with missing physical function scores (ADL and IADL scores) in the 2015 survey; and (4) participants who self-reported having physical disabilities, stroke, or mental diseases.
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FIGURE 1
Participant selection process flowchart.




2.2 Chronic lung disease

The outcome variable focused on the incidence of CRD, including chronic bronchitis, emphysema, pulmonary heart disease, and asthma, as recorded in the 2015 CHARLS database. (1) Participants were asked the following questions: “Has a doctor ever informed you that you have CRD, such as chronic bronchitis or emphysema, or even pulmonary heart disease (excluding tumors or cancer)?” and “Has a doctor ever informed you that you have asthma?” Participants who responded affirmatively to either question were classified as having CRD.



2.3 Assessment of new-onset disability

Disability was evaluated using assessments of ADL and IADL (5, 6). ADL evaluated participants’ capability to carry out essential daily tasks, including dressing, bathing, eating, getting out of bed, using the toilet, and managing bladder and bowel functions. IADL, conversely, evaluated their capacity to perform more intricate tasks, such as household chores, cooking, shopping, financial management, making phone calls, and taking medications. The participants’ responses were classified into four distinct levels: (1) No difficulty; (2) Some difficulty but can manage independently; (3) Difficulty requiring assistance; and (4) Unable to perform the activity. Each ADL/IADL item was scored as 0 if the participant had no difficulty and 1 if any difficulty or inability was reported. The overall score was determined by aggregating the six items, with participants being grouped into two categories based on the score: (1) non-disability (ADL/IADL score = 0) and (2) disability (ADL/IADL score ≥ 1) (15). In the study, participants with disabilities as of 2015 were excluded. If a patient was subsequently assessed as disabled after this year, they were included in the research according to our criteria until the follow-up period ending in 2018.



2.4 Sociodemographic and behavioral characteristics

The demographic factors encompass gender, age, marital status, education level, residence, and retirement status. Gender is categorized as male or female. Marital status is considered “married” if the participant is currently married and living with their spouse, and “unmarried” if the participant is separated, divorced, widowed, or has never been married. Education level is classified as “Illiterate,” “Primary school,” “Middle school,” or “High school or beyond.” Residence is classified as either urban or rural. Retirement status is categorized as “Yes” or “No.” Behavioral factors include smoking history, drinking history, and nighttime sleep duration. Both smoking and drinking histories are recorded as “Yes” or “No.” Data regarding total nighttime sleep duration are gathered through the question: “What was your average nightly sleep duration (in hours) over the past month?” Sleep duration is defined as the actual time the participant spends in bed during the night.



2.5 Health status

Drawing upon previous research and our expertise (1, 16, 17), the potential factors selected for predicting disability include a history of chronic diseases (hypertension, diabetes, cancer, heart disease, arthritis, dyslipidemia, liver disease, kidney disease, digestive system diseases), self-perceived health status, systolic blood pressure, diastolic blood pressure, grip strength, body mass index (BMI), waist circumference, peak expiratory flow rate, depression, memory, and cognitive function. Chronic diseases are self-reported diagnoses and are defined as “Yes” or “No.” The term “mental diseases” is defined as “whether a doctor has ever informed you of having emotional, nervous, or psychiatric problems.” Self-perceived health status is categorized as “Good,” “Fair,” or “Poor.” Blood pressure is evaluated using the Omron HEM-7200 monitor, and the average of three readings for both systolic and diastolic pressures is recorded. Grip strength is measured twice for each hand using a dynamometer, and the average grip strength of the right hand is used to reflect overall grip strength. BMI is calculated based on height and weight. Waist circumference is gauged using a flexible measuring tape. Respiratory function is measured three times using a peak flow meter, with the maximum peak expiratory flow rate recorded. The Chinese version of Center for Epidemiologic Studies Depression Scale-10 item (CES-D10) from the Epidemiological Research Center website is used to assess depression symptoms. The CES-D10 consists of 10 items, with each item scored from 0 to 3, reflecting a range from “none” to “almost every day.” The total score spans from 0 to 30, with higher scores signifying more severe depressive symptoms. Cognitive function includes visual-spatial skills, memory, orientation, and attention. Visual-spatial skills are assessed by drawing two overlapping pentagons; one point is given for a correct drawing, and zero for an incorrect one. Memory is assessed by the average score of immediate and delayed recall of 10 Chinese words, with one point granted for each word correctly remembered. Attention and orientation are evaluated using the Telephone Interview for Cognitive Status (TIC-10), which derives the score from responses to questions regarding the year, month, day, week, and season, as well as by repeatedly subtracting 7 from 100 (up to five times). One point is granted for each correct response, with the total score ranging from 0 to 10. The aggregate of the aforementioned dimensions forms the overall cognitive function score, ranging from 0 to 21, with higher scores indicating enhanced cognitive function.



2.6 Statistical analysis

Continuous variables are presented as mean ± standard deviation (SD) or median (interquartile range [IQR]), and comparisons were made using the Student’s t-test or the Wilcoxon rank-sum test. Categorical variables are expressed as frequencies and percentages. A two-sided P-value of less than 0.05 was considered statistically significant. Statistical analyses were performed using SPSS 27.0 (Statistical Package for the Social Sciences)1 and R 4.4.0 (the R Foundation).2 The variables with more than 20% missing values will be deleted, and missing data will be imputed using the MICE package for multiple imputation.

To avoid overfitting and evaluate the model’s ability to generalize, the sample will be randomly split into a training set (70%) and a test set (30%), with data processing and model development conducted on the training set (18). The optimal tuning parameter (λ) for the Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis will be identified through 10-fold cross-validation, and the most relevant features will be selected using the LASSO method. Subsequently, the selected predictive factors will be incorporated into a multivariate logistic regression analysis, with variables showing a P-value < 0.05 included in the final model. The completed model will be visualized through a nomogram.

The clinical value of the prediction model is assessed according to three criteria: discrimination, calibration, and clinical utility. In this study, Area under the curve (AUC) is utilized to evaluate the model’s discriminative power. The calibration curve is employed to measure the alignment between predicted probabilities and actual outcomes. Decision curve analysis (DCA) is applied to assess the model’s clinical utility.




3 Results


3.1 Participant characteristics

The study ultimately included 803 patients with CRD. The baseline characteristics of the participants are shown in Table 1. Among these participants, 480 were male (59.8%) and 323 were female (40.2%), with 88.2% being married and 60.5% living in rural areas. Among the CRD patients without disability at baseline, after 3 years of follow-up, 196 developed disability, with an incident disability rate of 24.41%. Variables such as age, education level, BMI, and peak expiratory flow rate showed statistical differences (P < 0.05). Additionally, we compared the baseline characteristics of the training set (563 cases) and the test set (240 cases), as shown in Supplementary Table 1. With the exception of age, no statistically significant differences were observed in the baseline characteristics between the two groups (P > 0.05).


TABLE 1 Baseline characteristics of the study population.
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3.2 Predictive model development

Our study standardized the training dataset in order to identify the variables most closely associated with disability, employing compressed variable coefficients to mitigate overfitting and address severe multicollinearity. LASSO regression analysis with 10-fold cross-validation was used to determine the optimal penalty parameter λ (Figures 2a,b). Ultimately, eight feature variables were identified: marital status, self-perceived health status, education level, memory, grip strength, peak expiratory flow rate, depressive symptoms, and age. These predictors were then included in a multivariable logistic regression analysis. Of these, marital status (P = 0.032), self-perceived health status (P < 0.001), depressive symptoms (P = 0.005), and age (P = 0.008) were incorporated into the nomogram model (Table 2 and Figure 3).
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FIGURE 2
Presentation of the results of the LASSO regression analysis. (A) LASSO regression model factor selection. (B) LASSO regression model screening variable trajectories.



TABLE 2 Univariate and multivariate logistic regression analysis.
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FIGURE 3
Nomogram.




3.3 Model evaluation

The discriminatory ability of the nomogram model was evaluated using the AUC value. As depicted in Figure 4 and Supplementary Table 2, the AUC for the training set (Figure 4A) was 0.724 (95% CI: 0.676-0.771), with an accuracy of 0.671, sensitivity of 0.659, and specificity of 0.710. In the test set (Figure 4B), the AUC was 0.720 (95% CI: 0.641-0.799), with an accuracy of 0.700, sensitivity of 0.725, and specificity of 0.621. These results demonstrate that the model possesses robust discriminative ability and predictive value, effectively distinguishing between disabled and non-disabled patients. Furthermore, we constructed a Random Forest model to compare predictive performance. The results indicated a significant discrepancy in the AUC values between the training and testing sets on the ROC curve (training set: 1, testing set: 0.75), highlighting a clear overfitting issue with the Random Forest model (Supplementary Figure 1). As a result, we opted for the more stable logistic regression model as the final model.
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FIGURE 4
(A) Nomogram ROC curves generated from the training dataset. (B) Nomogram ROC curves generated using the test dataset.


The calibration curve and the Hosmer-Lemeshow goodness-of-fit test were employed to evaluate the alignment between the observed outcomes and the predicted probabilities. The calibration plot based on the multivariable logistic regression model, shown in Figures 5a,b, demonstrates good agreement between the observed and predicted values for both the training and test sets, indicating a good level of consistency. The p-values of the Hosmer-Lemeshow goodness-of-fit test exceeded 0.05, indicating that the nomogram model demonstrates a good fit for both the training set (χ2 = 3.7204, df = 8, p = 0.8814) and the test set (χ2 = 5.4584, df = 8, p = 0.7076).
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FIGURE 5
(A) Calibration curve for the training dataset. (B) Calibration curve for the test dataset.


DCA was utilized to assess the clinical validity of the model. According to the DCA for the training (Figure 6A) and test (Figure 6B) sets, interventions guided by the predictive model demonstrated excellent performance, except for a small range of low-preference thresholds. The results revealed that the nomogram model yielded substantial net benefits in both the training and test sets, indicating that our model possesses strong predictive accuracy and clinical efficacy in forecasting the risk of incident disability.
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FIGURE 6
(A) DCA curve for the training dataset. (B) DCA curve for the test dataset.





4 Discussion

CRD and disability are prevalent conditions that profoundly impact patients’ quality of life. Previous studies have indicated that the incidence of disability is considerably higher among CRD patients, ranging from 7.4 to 49.8% (19), a finding that aligns with the 24.41% disability incidence observed in this study. Disability restricts individuals’ access to quality education, employment, and income, placing them at heightened risk of poverty, lower socioeconomic status, inadequate housing, and limited access to nutritious food and healthcare services (20, 21). These factors contribute to the deterioration of health and an increased reliance on others. Thus, identifying high-risk individuals within the CRD population is essential for preventing disability and its associated adverse outcomes.

In our study, we developed a nomogram model using data from CHARLS to aid clinicians in evaluating the risk of disability in CRD patients. The nomogram calculates scores for each feature using the scale at the top, allowing the risk of disability in CRD patients to be estimated by drawing a vertical line from the total points axis to the risk axis. Our final model incorporates four predictors: marital status, self-perceived health status, depressive symptoms, and age. Among these, being unmarried, reporting poor health, having a higher CES-D10 score, and older age are identified as risk factors for disability in CRD patients. These factors have been well-documented in previous studies.

Research has demonstrated that unmarried individuals are more susceptible to disability than their married counterparts (22). Marriage confers a protective effect against functional impairment, as individuals with disabilities often impose emotional strain on those around them, particularly their spouses. This dynamic can hinder the ability of those with disabilities to maintain close relationships or stable marriages. Furthermore, unmarried individuals lack the caregiving and support typically provided by a spouse or family, which may render them more vulnerable to feelings of loneliness and helplessness, thereby increasing their risk of health issues or disability. In contrast, married individuals are more likely to benefit from familial or social support in managing chronic conditions, such as respiratory diseases, which tends to result in a lower incidence of illness. Previous sociological studies have shown that married individuals generally experience better health outcomes and lower mortality rates (23, 24). Hence, it is crucial to implement supportive measures for unmarried individuals, including the establishment of social support systems, mental health interventions, enhanced health management education, economic assistance, and the development of favorable social policies. Such initiatives can mitigate health risks, improve quality of life, and reduce the incidence of disability among unmarried individuals.

Self-perceived health status refers to an individual’s personal evaluation of their health, grounded in their own feelings and experiences (25). Those who self-report poorer health are more likely to face long-term health challenges, the progression of chronic diseases, and physical disability. Research has demonstrated that both global and severe disability are strongly linked to various morbidities and self-assessments of diminished health (26). Mental health conditions, such as depression and anxiety, play a significant role in shaping how individuals perceive their health. Depressed individuals often view their health as worse, and these negative emotions may foster the onset of disability or other health problems through mechanisms such as heightened inflammation and immune system dysfunction (27). Moreover, individuals with poorer self-rated health are typically burdened with a higher prevalence of chronic diseases, such as hypertension, diabetes, and cardiovascular conditions, which frequently lead to impaired physical function and disability. Rijken et al. highlighted that the combination of diabetes, cardiovascular diseases, and chronic respiratory conditions increases the risk of physical disability (28).

We employed the CES-D10 scale to evaluate depressive symptoms and discovered that depression serves as a significant predictor of disability in patients with CRD. This result aligns with previous studies, which have demonstrated that the coexistence of chronic respiratory diseases and depression is linked to higher levels of disability (29). Additional research also suggests that both depression and somatic symptoms are independently associated with disability (30). Individuals with mental health conditions are more prone to experiencing functional limitations than those without such conditions. From a physiological standpoint, depressed patients often display elevated levels of inflammation, which is closely tied to various conditions, including cardiovascular diseases, diabetes, and arthritis. Chronic inflammation, in conjunction with CRD, contributes to the decline in physical function, leading to or aggravating disability (27). Moreover, physical symptoms related to depression in CRD patients, such as dyspnea and fatigue, can further hinder physical function, limiting their capacity to perform daily activities (31). Psychologically, individuals with depression often experience profound fatigue, a loss of interest, and may struggle to carry out basic daily tasks such as eating, dressing, and bathing (32). Furthermore, they may reduce their social and physical activities due to a persistent low mood, and prolonged inactivity can lead to muscle atrophy, joint stiffness, and other complications, further impairing their ability to care for themselves (33). Healthcare providers should remain attentive to the mental health of these patients, stay vigilant for signs of negative emotions, and implement preventive strategies to avert the onset of depression and disability.

Age is closely linked to the risk of disability in patients with CRD. As individuals age, their physiological functions gradually decline, often resulting in muscle atrophy and decreased bone density—key physiological mechanisms contributing to disability (34). The degeneration of muscles and bones renders middle-aged and elderly individuals more vulnerable to injuries such as falls and fractures, which can lead to long-term functional impairment. Older adults, particularly those with chronic respiratory diseases, are also more susceptible to cognitive impairments, including memory loss, language difficulties, and a decline in daily living skills, often necessitating care and assistance from others (35). Furthermore, with advancing age, the prevalence of comorbid chronic conditions, such as coronary artery disease and stroke, rises significantly (36). The onset of these diseases can profoundly affect a patient’s daily life, leading to disability.

Prior to this, we found no reports of predictive models for new-onset disability in patients with CRD. In this study, we identified marital status, self-perceived health, depressive symptoms, and age as the major factors predicting disability in CRD patients. The model constructed based on these four variables showed an AUC of 0.724 (95% CI: 0.676-0.771) in the training set and 0.720 (95% CI: 0.641-0.799) in the test set, with good accuracy, sensitivity, and specificity, indicating strong discriminative ability of the model. Although an AUC around 0.7 may not be considered exceptionally strong in terms of discriminative ability, in the medical field, particularly in chronic disease prediction, given its significance for early screening, such an AUC may hold greater practical value (37, 38). At the same time, we incorporated the Random Forest machine learning algorithm for comparison, which revealed a clear overfitting effect. Overfitted predictive models typically perform poorly in real clinical settings. This issue is particularly prevalent in studies with smaller sample sizes, especially those based on machine learning and deep learning algorithms. Therefore, for the purpose of this study, the logistic regression-based model remains the optimal solution for clinical translation. The DCA demonstrated that the model provided substantial net benefit across most threshold probability ranges, suggesting its good clinical applicability. Furthermore, calibration of the model was assessed through the use of calibration curves, and both the training and test sets showed a Hosmer-Lemeshow goodness-of-fit p-value greater than 0.05, indicating good calibration and predictive accuracy. As a highly efficient and accurate assessment tool, our predictive model can aid physicians in identifying high-risk CRD populations, offering both theoretical foundation and empirical evidence for early prevention and intervention strategies. The model exhibits outstanding clinical applicability and can effectively identify patients at heightened risk of disability.

The current study has several limitations. Firstly, certain potential predictive factors, such as blood gas analysis, pulmonary function test results, and the history of acute exacerbations of respiratory diseases, were not available in the CHARLS database. Secondly, our model was developed and validated using data from the Chinese population, and further validation using larger sample sizes and external cohort data is necessary to assess whether the findings can be generalized to other regions and countries. Thirdly, the diagnosis of CRD was reliant on self-reported data, which may have resulted in an underestimation of its true prevalence. These selection and information biases may have affected the representativeness of the study sample. And the patient’s health status, social support, and environmental factors may change over time, and these fluctuations could significantly impact the risk of disability. However, our model struggles to dynamically capture these changes.



5 Conclusion

Our study designed and validated a nomogram model to predict the 3-year risk of new-onset disability in patients with CRD. Our model, which incorporates marital status, self-perceived health, depressive symptoms, and age, demonstrated excellent clinical applicability, and efficiency. This model holds significant value for the early identification and intervention of CRD patients at potential risk for disability.
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