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Purpose: Dysphagia is a common yet often overlooked complication in Chronic Obstructive Pulmonary Disease (COPD) patients, 
who are prone due to abnormal breathing patterns, impaired airway protection, and generalized frailty. This not only predisposes them 
to aspiration pneumonia but also serves as a key trigger for acute exacerbations of COPD, substantially increasing the risk of adverse 
outcomes. Early identification of dysphagia is essential for improving prognosis in COPD. However, research on early detection is 
limited, particularly regarding machine learning prediction. This study aimed to develop and validate a machine learning based risk 
assessment model for dysphagia in COPD and deploy it as a user-friendly web-based clinical tool to assist clinicians in risk 
identification and early intervention.
Patients and Methods: Retrospective medical records from 710 COPD patients admitted between February 2025 and January 2026 
were analyzed. Swallowing function was assessed using the Water-Swallowing Test. Univariate and multivariate logistic regression 
identified independent risk factors, which were used to develop and compare eight machine learning models. Model performance was 
evaluated using ROC, calibration, and decision curves with Bootstrap internal validation. Key variables were interpreted via Shapley 
Additive Explanations, and the final model was deployed online.
Results: Dysphagia prevalence was 29.3%. Multivariate regression identified five key risk factors: disease duration, BMI, history of 
tracheal intubation, muscle strength, and the modified Medical Research Council (mMRC) score for dyspnea severity. Among eight machine 
learning models, the XGBoost model showed the best performance in the training set (AUC 0.921, 95% CI 0.901–0.940) and demonstrated 
good calibration and highest clinical net benefit. The model was deployed online (https://dysphagiamodel.shinyapps.io/COPD-DP/).
Conclusion: We developed and validated an online machine learning-based dysphagia risk assessment tool for COPD, demonstrating 
discrimination, calibration, and clinical utility for risk stratification and clinical decision-making.
Keywords: chronic obstructive pulmonary disease, dysphagia, comorbidities, risk prediction, risk calculator tool

Introduction
Chronic obstructive pulmonary disease (COPD) is a respiratory disorder primarily characterized by persistent airflow 
limitation that typically worsens with time. Several studies have indicated that particulate matter pollution and cigarette 
smoking are among the major contributors to the global development of COPD.1–3 COPD has become a major global 
public health concern, with consistently high mortality rates. COPD is the third leading cause of death worldwide.4 In 
China, the burden of COPD is particularly heavy, with an estimated 1 million deaths annually; further, approximately 
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5 million individuals experience disability from the disease, placing significant strain on families and the healthcare 
system.5

Among the complications associated with COPD, dysphagia has gained increasing attention recently. Dysphagia 
affects ~33% of patients during stable periods of COPD,6 and this figure rises to over 50% during acute exacerbations.7 

The primary mechanism behind dysphagia is impaired coordination between respiration and swallowing,8 especially 
when swallowing is triggered during the inspiratory phase, which significantly increases the risk of aspiration.9,10 

However, in clinical practice, symptoms of swallowing dysfunction are often overshadowed by the more prominent 
issue of dyspnea, delaying timely recognition of the associated risks. This failure in recognizing swallowing problems 
highlights the urgent need for effective identification strategies.11

The presence of dysphagia significantly impacts the disease outcomes for patients with COPD. Dysphagia is one of 
the key risk factors for aspiration pneumonia in COPD patients,12 contributing to recurrent acute exacerbations of the 
disease and increasing the likelihood of unplanned readmissions and in-hospital mortality.10,13 Additionally, chronic 
swallowing difficulties are often associated with reduced food intake, which can worsen malnutrition and lead to skeletal 
muscle atrophy, weakening respiratory muscle function, and impaired overall respiratory status.14,15 From an economic 
standpoint, patients with COPD who also have dysphagia tend to have prolonged hospital stays, resulting in significantly 
high healthcare costs.16 Therefore, for improving clinical outcomes and reducing the healthcare burden on society, it is 
crucial to accurately identify high-risk patients and provide targeted interventions in areas such as feeding posture, 
dietary habits, and functional exercises.

Currently, swallowing dysfunction is mainly assessed using bedside functional tests, such as the Water Swallow Test 
and the Repeated Swallowing of Saliva Test.17 These tests rely on the clinical experience and operational standards of 
healthcare professionals. The tests can be conducted only for immediate assessment during hospitalization, and the tests 
cannot offer early detection or continuous monitoring of swallowing risks. Thus, it is challenging to meet the clinical 
demand for early identification and intervention of swallowing dysfunction in patients with COPD. As a result, predictive 
models have been increasingly introduced as a supplementary tool for risk assessment. By integrating multiple clinical 
features and data, these models can accurately evaluate risk and offer timely guidance for clinical interventions. 
Currently, risk evaluation for dysphagia is primarily conducted using logistic regression models or nomograms.18,19 

Although these methods are relatively straightforward and easy to interpret, they still have limitations in their predictive 
power when addressing common nonlinear relations and interactions among multiple clinical factors.20,21

In recent years, machine learning techniques have been used more frequently in medical prediction models. Unlike 
traditional statistical methods, machine learning algorithms can identify hidden patterns in multidimensional clinical data 
without assuming predefined relations between variables. In patients with COPD, the development of dysphagia is often 
influenced by multiple factors, including respiratory function status, nutritional condition, muscle function, respiratory– 
swallow coordination, and previous airway interventions, with potential complex interactions among these clinical 
characteristics. Compared with conventional models, machine learning approaches may offer advantages in integrating 
complex clinical information and learning high-dimensional features, thereby facilitating more accurate identification and 
risk stratification of high-risk patients.22 The advantages of machine learning in predicting dysphagia in other high-risk 
populations, such as persons with stroke or sarcopenia, are well-documented.23,24 However, studies investigating the 
application of machine learning for dysphagia risk identification in patients with COPD remain limited,25 and existing 
models have mainly focused on predictive performance comparisons rather than their practical application in specific 
clinical settings.19 In addition, by integrating readily available bedside clinical information, machine learning models 
may enable rapid identification of high-risk patients and provide more targeted decision support for swallowing 
management, feeding care, and aspiration prevention. Therefore, incorporating machine learning techniques to analyze 
swallowing risk for patients with COPD can not only address the limitations of traditional models but also demonstrate 
important academic and clinical value in promoting personalized and precision nursing care.

Although machine learning models have shown strong predictive performance, in practice, their use by frontline 
healthcare providers is often constrained by complex model structures and high operational requirements.26 A web-based 
calculator offers a more amenable approach to translating a model into clinical practice by transforming the risk 
prediction into an easy-to-use online tool.27 Healthcare professionals can input relevant clinical data and instantly 
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receive risk assessments, enabling creation of personalized treatment strategies, thereby improving the quality of 
healthcare.28,29 This real-time decision support model not only fits the fast-paced nature of clinical work but also the real- 
time model aids in developing and implementing personalized treatment plans.30

Against the foregoing backdrop of machine learning tools, there remains a lack of a dysphagia risk assessment tool 
for patients with COPD that simultaneously offers strong predictive performance, clinical interpretability, and practical 
usability. In particular, within routine nursing practice, how to achieve early identification and rapid risk stratification of 
high-risk patients using bedside-accessible clinical information remains an important unresolved issue. Therefore, based 
on real-world clinical data, we sought to identify from clinical data potential predictive variables of dysphagia for 
patients with COPD, compare the predictive performance of multiple machine learning models, select the most suitable 
model for clinical practice, and integrate model interpretation approaches to identify key risk features. On this basis, 
further develop and validate an online risk prediction tool to aid healthcare professionals in accurate identification and 
management of dysphagia risk. By constructing a risk assessment model with both predictive capability and clinical 
applicability, we aimed to provide a novel approach and practical tool for early screening, precision nursing interven
tions, and clinical decision support for dysphagia in patients with COPD.

Materials and Methods
Population
This investigation was a retrospective cohort study. It included patients with COPD who were hospitalized in the 
respiratory department of Jinhua Municipal Central Hospital between February 2025 and January 2026. Patients were 
eligible for inclusion if they met the following criteria: (1) aged ≥18 years; (2) diagnosed with COPD according to the 
Global Initiative for Chronic Obstructive Lung Disease 2026 guidelines;31 (3) had adequate reading, comprehension, and 
communication abilities and were able to cooperate with swallowing assessments; and (4) provided informed consent to 
participate in the study. Patients were excluded if they (1) were under fasting or fluid restriction; (2) had comorbid 
conditions known to affect swallowing function, such as laryngeal cancer, esophageal cancer, stroke, or Parkinson’s 
disease; or (3) had unstable clinical conditions that prevented completion of the assessment. The Ethics Committee of 
Jinhua University of Vocational Technology approved the study protocol (Approval Number: 202502) and performed in 
accordance with the Declaration of Helsinki. Written informed consent was obtained from all participants prior to 
enrollment. The outcome measure, swallowing function, was assessed during hospitalization, whereas all predictor 
variables were collected retrospectively from electronic medical records, nursing assessment forms, test reports, and 
patient interviews. These predictors reflect the patients’ historical status and temporally precede the outcome, consistent 
with the design of a retrospective cohort study.

Data Collection
All predictor data were collected retrospectively from the department’s electronic medical records system, nursing 
assessment forms, test reports, and patient interviews. The selection of potential risk factors was guided by literature 
and recommendations from clinical professionals, with a focus on the following three key areas: (1) Demographic 
characteristics including sex, age, residence, ethnicity, marital status, occupation, and level of education. (2) Health- 
related history and clinical status including medical history, respiratory conditions such as respiratory failure and asthma, 
cardiovascular diseases such as hypertension and coronary artery disease, cerebrovascular events, such as transient 
ischemic attack, stroke (cerebral hemorrhage or infarction), diabetes, gastroesophageal reflux disease, tobacco use, 
alcohol consumption, body mass index, duration of illness, number of missing teeth, history of tracheal intubation, 
history of tracheostomy, use of dry powder inhalers, and use of home non-invasive ventilation (HNIV). (3) Physiological 
and functional indicators including respiratory rate, oxygen saturation, cough, dry mouth, muscle strength (assessed by 
Manual Muscle Testing, MMT), and severity of dyspnea assessed using the modified Medical Research Council scale 
(mMRC). These measures were collected from clinical records during the early hospital stay, prior to swallowing 
assessment, to maintain a clear temporal relationship between predictors and outcome.
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Sample Size
To ensure an adequate number of participants for developing the prediction model,32 two methods were used to estimate 
the required sample size, and the larger estimate was selected for this study. (1) The sample size was first calculated using 
the pmsampsize package in R, which is designed for prediction models.33,34 On the basis of previous studies, we set the 
expected R2 value at 0.5, with 23 candidate predictors. Meta-analysis results indicated a 32.7% dysphagia prevalence for 
patients with COPD,6 resulting in a minimum required sample size of 448. (2) The sample size was also estimated using 
the Events Per Variable principle, which recommends at least 10 positive events for each predictor.35 With 23 predictors 
planned for inclusion, at least 230 patients with dysphagia were required. Given a dysphagia prevalence of 32.7%, the 
sample size was estimated to be 703. Thus, the final sample for this study was 710 patients (Figure 1). Initially, a total of 
744 patients were screened for inclusion. Of these, 16 patients were unable to complete the assessments due to severe 
illness, 6 patients had sequelae of cerebrovascular disease, 4 patients had coexisting Parkinson’s disease, 2 patients had 
esophageal cancer, 1 patient had laryngeal cancer, and 5 patients declined to participate. After applying these exclusion 
criteria, a total of 710 patients were ultimately included in the study.

Outcome and Definition
During hospitalization, swallowing function was assessed by registered nurses with over 10 years of experience in 
respiratory nursing and standardized training. The assessment was performed on the day before discharge. In this study, 
dysphagia was defined as abnormal swallowing function, characterized by difficulty initiating swallowing and impaired 
transfer of food from the oral cavity to the esophagus, manifesting as choking, uncoordinated swallowing, or the need to 
swallow in multiple attempts.36,37 Swallowing function was assessed using the Water Swallow Test (WST), which is 
simple, reproducible, and widely used in clinical practice for patients with chronic respiratory diseases.17,38 During the 
assessment, participants were instructed to sit upright and drink 30 mL of warm water, while the time required to 
swallow and the occurrence of choking or coughing were observed. The WST grading criteria were as follows: Grade 1, 
swallowing the water smoothly in a single attempt without choking; Grade 2, swallowing the water in two or more 

Figure 1 Patient selection flowchart. Flowchart illustrating the patient selection process, including inclusion criteria, exclusion criteria, and final inclusion of patients with 
COPD for model development and analysis.
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attempts without choking; Grade 3, swallowing the water in a single attempt with choking or coughing; Grade 4, 
swallowing the water in two or more attempts with choking or coughing; and Grade 5, frequent choking or coughing with 
inability to swallow all the water. In this study, Grade 1 was classified as normal swallowing function, whereas Grades 2– 
5 were classified as dysphagia, which is consistent with previous validation studies of the WST in patients with COPD 
and other hospitalized populations.7

Data Preprocessing
Prior to model development, the dataset was carefully cleaned. Patients with more than 30% missing values in their 
medical records were excluded to ensure data quality. Remaining missing values were imputed using the k-nearest 
neighbors algorithm with K = 5. Because the study included 710 patients, and to maximize data use for accurate model 
training, no random train-test split was performed. Instead, all 710 sets of data were used as the training set specifically 
for model development. Internal validation was conducted using Bootstrap resampling with 1000 iterations to assess 
model stability and generalizability.

Statistical Analysis
Baseline characteristics were assessed for normality prior to analysis. Continuous variables with a normal distribution 
were presented as mean ± standard deviation and compared using independent samples t tests. Continuous variables with 
non-normal distributions were reported as medians with interquartile ranges [M (P25, P75)] and compared using the 
Mann–Whitney U-test. Categorical variables were expressed as frequencies and percent and compared using the chi- 
square test or Fisher’s exact test, as appropriate.

Variables Selection
All analyses were conducted using R software (version 4.4.0). A total of 23 candidate variables were initially included in 
the analysis. Univariate logistic regression was first performed for each candidate variable to identify potential risk 
factors associated with dysphagia. Variables with a P value <0.1 in the univariate analysis were selected for subsequent 
multivariate logistic regression to avoid prematurely excluding variables that might influence the model and to ensure 
sufficient statistical power for further analysis. In the multivariate analysis, forward stepwise regression based on the 
Akaike Information Criterion (AIC) was used for variable selection, with a significance threshold of P value <0.05. The 
Spearman correlation analysis was used to assess independence among predictors, and the results were visualized using 
a heatmap. To address class imbalance, if the proportion of positive events in the training set is below 20%, oversampling 
techniques will be applied to balance the classes and improve the model’s predictive performance for the minority class.

Model Development
Based on the predictors identified in the multivariate analysis, we developed and compared eight machine learning 
algorithms: Logistic Regression (LR), K-Nearest Neighbors (KNN), Decision Tree (DT), Random Forests (RF), Extreme 
Gradient Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), Support Vector Machines (SVM) and 
Neural Network (NN). All models used the five variables retained from the multivariate regression as input features to 
ensure comparability across algorithms. Continuous variables were standardized prior to modeling in KNN, SVM, and 
neural network. All models were built using preset hyperparameters (Table 1).

Model Evaluation
Model performance was evaluated using the area under the receiver operating characteristic curve (AUC), sensitivity, 
specificity, positive and negative predictive value, and accuracy. Calibration curves were generated to assess agreement 
between predicted and observed probabilities, and decision curve analysis was performed to evaluate clinical net benefit. 
Internal validation was performed using the Bootstrap method with 1000 repetitions. In each iteration, a Bootstrap 
sample of the same size as the original dataset was drawn with replacement for model training, and the out-of-bag 
samples not selected in that iteration were used for model validation. The model was refitted in each repetition, and 
performance metrics including AUC, sensitivity, specificity, positive predictive value, negative predictive value, and 
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accuracy were calculated. The stability of the models was then assessed based on the mean, standard deviation, and 95% 
percentile confidence interval of the AUC across all iterations.

Final Model Selection Criteria
The final model was primarily selected based on the AUC to ensure good discriminative performance, and models with 
better performance in both the training set and higher AUC in the validation set were preferentially considered. When the 
differences in validation AUC among models were small (<0.03), calibration performance was further compared. When 
calibration performance was comparable, models with higher net benefit in decision curve analysis were selected.

Model Interpretation
To explain the prediction mechanism of the top-performing model, we used SHapley Additive exPlanations (SHAP).39 

This approach, grounded in cooperative game theory, breaks down a model’s predictions by calculating Shapley values, 
showing how each feature contributes to the final output and ensuring interpretability within a unified framework. For 
global feature importance, we calculated the mean of the absolute SHAP values for each feature across all samples and 
visualized these values using a bar plot to identify the most influential features of a model’s predictions. Additionally, we 
used a bee swarm plot to assess each feature’s specific impact on the prediction for individual instances, both in terms of 
direction and magnitude.

Development of a Web Application
To facilitate clinical implementation, the final prediction model was deployed as a Shiny-based web application. By 
entering patient-specific characteristics, clinicians can obtain an individualized probability of dysphagia, providing timely 
and quantitative support for clinical decision-making.

TRIPOD AI Statement
This study is reported in accordance with the TRIPOD + AI guidelines.40 The relevant items from the TRIPOD AI 
checklist were referenced and followed throughout the model development, validation, performance evaluation, and 
reporting processes to ensure transparency and completeness.

Results
Patient Characteristics
From February 2025 to January 2026, we selected 744 inpatients with COPD, from whom 710 valid questionnaires were 
collected. No patients were excluded in this study. Remaining minor missing values were imputed using the K-Nearest 
Neighbor method (K=5). Missing values were identified in the following variables: tracheostomy status (n = 8), missing 
teeth (n = 7), HNIV (n = 6), dry mouth (n = 2), and muscle strength (n = 1), with missing rates for all variables below 

Table 1 Preset Hyperparameter Configurations for the Eight Machine Learning Models

Model Main Parameter Settings

Logistic Regression Binary logistic regression with logit link function
K-Nearest Neighbors k = 5; continuous predictors standardized

Decision Tree rpart algorithm; complexity parameter cp = 0.01

Random Forest 500 trees; mtry set to the square root of the number of predictors
XGBoost Binary: logistic objective; evaluated by AUC; nrounds = 100; max_depth = 6; eta = 0.3

LightGBM Binary objective; evaluated by AUC; num_iterations = 100; max_depth = 6; learning_rate = 0.1

Support Vector Machine Radial basis function kernel; outputting predicted probabilities
Neural Network Single hidden layer; size = 10; decay = 0.01; maxit = 200

Note: All models were implemented using R software (version 4.4.0). 
Abbreviations: cp, complexity parameter; mtry, number of variables randomly sampled at each split; AUC, area under the receiver operating 
characteristic curve; eta, learning rate; maxit, maximum number of iterations.
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2%. In the final analysis, 710 samples were included. Among them, 208 patients (29.3%) had dysphagia, while 502 
patients (70.7%) did not. The proportion of positive cases was 29.3%, which did not fall below the conventional 
threshold for severe class imbalance (<20%). Therefore, no additional class balancing techniques were applied. Table 2 
presents the general characteristics of the patients.

Table 2 Baseline Characteristics of Patients

Variable Overall 
(N=710)

Normal Swallowing 
(N=502)

Dysphagia 
(N=208)

P

N 710 502 208

Sex 0.748

Male 523 (73.7%) 372 (74.1%) 151 (72.6%)
Female 187 (26.3%) 130 (25.9%) 57 (27.4%)

Age (years) 75 (69, 80) 75 (68, 80) 76 (70, 81) 0.103

Residence 0.124
Urban 233 (32.8%) 174 (34.7%) 59 (28.4%)

Rural 477 (67.2%) 328 (65.3%) 149 (71.6%)
Ethnicity 1.000

Han 702 (98.9%) 496 (98.8%) 206 (99%)

Non-Han 8 (1.1%) 6 (1.2%) 2 (1%)
Past history 0.540

Respiratory conditions 0.857

No 622 (87.6%) 441 (87.8%) 181 (87%)
Yes 88 (12.4%) 61 (12.2%) 27 (13%)

Cardiovascular diseases 0.887

No 405 (57%) 285 (56.8%) 120 (57.7%)
Yes 305 (43%) 217 (43.2%) 88 (42.3%)

Cerebrovascular events 0.608

No 662 (93.2%) 466 (92.8%) 196 (94.2%)
Yes 48 (6.8%) 36 (7.2%) 12 (5.8%)

Diabetes 0.377

No 632 (89%) 443 (88.2%) 189 (90.9%)
Yes 78 (11%) 59 (11.8%) 19 (9.1%)

Gastroesophageal reflux disease 0.599

No 685 (96.5%) 486 (96.8%) 199 (95.7%)
Yes 25 (3.5%) 16 (3.2%) 9 (4.3%)

Others 0.111

No 624 (87.9%) 448 (89.2%) 176 (84.6%)
Yes 86 (12.1%) 54 (10.8%) 32 (15.4%)

Marital status 0.511

Unmarried 3 (0.4%) 3 (0.6%) 0 (0%)
Married/Cohabiting 672 (94.6%) 474 (94.4%) 198 (95.2%)

Separated 3 (0.4%) 3 (0.6%) 0 (0%)

Divorced 8 (1.1%) 4 (0.8%) 4 (1.9%)
Widowed 24 (3.4%) 18 (3.6%) 6 (2.9%)

Occupation 0.830

Farmer 506 (71.3%) 354 (70.5%) 152 (73.1%)
Worker 77 (10.8%) 54 (10.8%) 23 (11.1%)

Staff 64 (9%) 48 (9.6%) 16 (7.7%)

Other 63 (8.9%) 46 (9.2%) 17 (8.2%)

(Continued)
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Table 2 (Continued). 

Variable Overall 
(N=710)

Normal Swallowing 
(N=502)

Dysphagia 
(N=208)

P

Education 0.595

Primary and below 513 (72.3%) 356 (70.9%) 157 (75.5%)

Junior high school 109 (15.4%) 83 (16.5%) 26 (12.5%)
High school 59 (8.3%) 41 (8.2%) 18 (8.7%)

Junior College 26 (3.7%) 20 (4%) 6 (2.9%)

College or above 3 (0.4%) 2 (0.4%) 1 (0.5%)
Smoking 0.665

No 478 (67.3%) 335 (66.7%) 143 (68.8%)

Yes 232 (32.7%) 167 (33.3%) 65 (31.2%)
Alcohol consumption 0.182

No 563 (79.3%) 391 (77.9%) 172 (82.7%)
Yes 147 (20.7%) 111 (22.1%) 36 (17.3%)

BMI (kg/m2) 20.8 (18.7, 23.5) 21.3 (19.1, 23.7) 19.7 (17.8, 22.1) 0.000

Duration 10 (5, 10) 10 (5, 10) 10 (7, 15.25) 0.000
Respiratory rate 20 (20, 21) 20 (20, 21) 20 (19, 21) 0.385

SpO2 96 (94, 97) 96 (94, 97) 96 (94, 97) 0.142

Missing teeth 1 (0, 5) 1 (0, 4) 2 (1, 7) 0.000
Tracheal Intubation 0.000

No 610 (85.9%) 448 (89.2%) 162 (77.9%)

Yes 100 (14.1%) 54 (10.8%) 46 (22.1%)
Tracheostomy 0.242

No 702 (98.9%) 498 (99.2%) 204 (98.1%)

Yes 8 (1.1%) 4 (0.8%) 4 (1.9%)
Dry powder inhalers 0.271

No 280 (39.4%) 205 (40.8%) 75 (36.1%)

Yes 430 (60.6%) 297 (59.2%) 133 (63.9%)
HNIV 0.093

No 445 (62.7%) 325 (64.7%) 120 (57.7%)

Yes 265 (37.3%) 177 (35.3%) 88 (42.3%)
Cough 0.137

No 118 (16.6%) 94 (18.7%) 24 (11.5%)

Grade 1 306 (43.1%) 219 (43.6%) 87 (41.8%)
Grade 2 128 (18%) 86 (17.1%) 42 (20.2%)

Grade 3 101 (14.2%) 64 (12.7%) 37 (17.8%)

Grade 4 40 (5.6%) 28 (5.6%) 12 (5.8%)
Grade 5 17 (2.4%) 11 (2.2%) 6 (2.9%)

Dry mouth 0.031

No 285 (40.1%) 218 (43.4%) 67 (32.2%)
Grade 1 332 (46.8%) 226 (45%) 106 (51%)

Grade 2 59 (8.3%) 37 (7.4%) 22 (10.6%)

Grade 3 34 (4.8%) 21 (4.2%) 13 (6.2%)
Muscle Strength 0.000

Grade 2 5 (0.7%) 2 (0.4%) 3 (1.4%)

Grade 3 5 (0.7%) 2 (0.4%) 3 (1.4%)
Grade 4 154 (21.7%) 79 (15.7%) 75 (36.1%)

Grade 5 546 (76.9%) 419 (83.5%) 127 (61.1%)

(Continued)
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Feature Selection
We treated swallowing dysfunction as the dependent variable, and univariate logistic regression was conducted for each 
predictor variable. Variables with a P value <0.1 were selected, and 17 variables were included in the multivariate 
analysis (Table 3). We conducted a multivariate logistic regression analysis using the forward stepwise regression method 
based on the Akaike Information Criterion. The final model retained five predictor variables: disease duration, BMI, 
tracheal intubation, muscle strength, and mMRC score (Table 4). Specifically, longer disease duration was associated 
with an increased risk of dysphagia (OR = 1.032, 95% CI: 1.013–1.051, P = 0.001). Higher BMI was identified as 

Table 2 (Continued). 

Variable Overall 
(N=710)

Normal Swallowing 
(N=502)

Dysphagia 
(N=208)

P

mMRC 0.000
Grade 0 87 (12.3%) 72 (14.3%) 15 (7.2%)

Grade 1 212 (29.9%) 170 (33.9%) 42 (20.2%)

Grade 2 169 (23.8%) 122 (24.3%) 47 (22.6%)
Grade 3 146 (20.6%) 83 (16.5%) 63 (30.3%)

Grade 4 96 (13.5%) 55 (11%) 41 (19.7%)

Notes: Values are presented as n (%) for categorical variables and median (interquartile range) for continuous variables. P-values: Chi- 
square or Fisher’s exact test for categorical variables, Mann–Whitney U-test for continuous variables. Swallowing function was assessed 
by the Water-Swallowing Test (WST). Cough: No: no cough present; Grade 1: audible airflow without cough; Grade 2: faint or barely 
audible cough; Grade 3: clearly audible cough; Grade 4: strong cough; Grade 5: continuous strong cough. Dry Mouth: No: no dry 
mouth; Grade 1: mild dry mouth, occasional feeling of dryness; Grade 2: moderate dry mouth, noticeable dryness during daily activities; 
Grade 3: severe dry mouth, significantly affects daily activities. Muscle strength (assessed by Manual Muscle Testing, MMT): Grade 2, 
movement with gravity eliminated but limited strength; Grade 3, movement against gravity but not against resistance; Grade 4, movement 
against resistance with reduced strength; Grade 5, normal muscle strength with full resistance. mMRC: Grade 0, no breathlessness 
except with strenuous exercise; Grade 1, dyspnea when hurrying or walking up a slight hill; Grade 2, walks slower than peers on level 
ground or stops due to dyspnea; Grade 3, stops for breath after walking about 100 meters or a few minutes on level ground; Grade 4, 
too breathless to leave the house or breathless when dressing or undressing. 
Abbreviations: BMI, body mass index; HNIV, home non-invasive ventilation; mMRC, modified Medical Research Council.

Table 3 Univariate Logistic Regression Analysis

Variable β SE OR (95% CI) P

BMI −0.114 0.025 0.892 (0.849–0.937) 0.000
Duration 0.037 0.009 1.038 (1.020–1.056) 0.000

mMRC_Grade3 1.293 0.329 3.643 (1.911–6.948) 0.000

Tracheal Intubation 0.857 0.221 2.356 (1.529–3.630) 0.000
mMRC_Grade4 1.275 0.351 3.578 (1.799–7.118) 0.000

Cough_Grade3 0.817 0.308 2.264 (1.238–4.142) 0.008
Missing teeth 0.027 0.011 1.027 (1.006–1.050) 0.013

Dry mouth_Grade1 0.423 0.183 1.526 (1.067–2.183) 0.021

Cough_Grade2 0.649 0.296 1.913 (1.070–3.418) 0.029
Dry mouth_Grade2 0.660 0.303 1.935 (1.068–3.506) 0.030

mMRC_Grade2 0.615 0.332 1.849 (0.965–3.543) 0.064

Dry mouth_Grade3 0.700 0.380 2.014 (0.957–4.238) 0.065
Age 0.018 0.010 1.018 (0.998–1.038) 0.072

HNIV 0.298 0.169 1.347 (0.968–1.874) 0.078

MMT_Grade5 −1.599 0.918 0.202 (0.033–1.223) 0.082
SpO2 −0.046 0.027 0.955 (0.907–1.007) 0.086

Cough_Grade1 0.442 0.261 1.556 (0.932–2.598) 0.091

Notes: Univariate logistic regression analysis for dysphagia. Variables with P < 0.10 are 
shown. 
Abbreviations: MMT, manual muscle testing; β, regression coefficient; SE, standard 
error; OR, odds ratio; CI, confidence interval.
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a protective factor (OR = 0.919, 95% CI: 0.872–0.968, P = 0.002). A history of tracheal intubation significantly increased 
the risk of dysphagia (OR = 2.164, 95% CI: 1.336–3.506, P = 0.002). Regarding COPD severity, compared with lower 
mMRC grades, mMRC grade 3 showed the strongest association with dysphagia (OR = 2.553, 95% CI: 1.277–5.105, P = 
0.008). Although mMRC grade 2 and grade 4 were not statistically significant (P = 0.183 and P = 0.078, respectively), 
and muscle strength grading did not reach statistical significance (all P > 0.05), these variables were retained in the final 
model due to their contribution to overall model fit based on AIC-driven stepwise regression. Finally, these five variables 
were used as input features for all machine learning models.

To evaluate potential collinearity issues between variables, we calculated the Spearman correlation coefficient matrix 
and visualized the results using a heatmap (Figure 2). The correlation coefficients between variables were all below 0.7, 
suggesting that there were no significant collinearity issues and that the variables could be included in the subsequent 
modeling analysis.

Model Performance
On the basis of the multivariate regression analysis, we used eight machine learning models to predict the occurrence of 
swallowing dysfunction: LR, XGBoost, LightGBM, DT, RF, SVM, NN, and KNN. All models were evaluated using the 
area under the receiver operating characteristic curve (AUC), sensitivity, specificity, positive predictive value, negative 
predictive value, and accuracy (Table 5). In the training set, all models demonstrated strong discriminative power. The 
XGBoost model achieved the best overall performance, with an AUC of 0.921 (95% CI: 0.901–0.940), sensitivity of 
0.851, positive predictive value of 0.639, negative predictive value of 0.928, and accuracy of 0.815, all of which were the 
highest among the models; its specificity was 0.801. RF (AUC = 0.888) and LightGBM (AUC = 0.861) also showed 
strong discriminative performance. KNN (AUC = 0.811) and NN (AUC = 0.785) demonstrated moderate performance. 
LR (AUC = 0.703) and SVM (AUC = 0.698) showed relatively lower discriminative ability. The DT model had the 
lowest AUC (0.637) and the poorest sensitivity (0.375), indicating limited ability to identify positive cases. Figure 3 
presents the ROC curves of all eight models. Consistent with the AUC values in Table 5, the curve of the XGBoost 
model is located in the upper-left region of the plot, while RF and LightGBM also lie close to this region; in contrast, the 
DT and SVM curves are closer to the diagonal line. Overall, ensemble tree-based methods (XGBoost, RF, and 
LightGBM) outperformed linear models and simpler algorithms.

We performed internal validation using the Bootstrap method with 1000 resampling iterations. Table 6 presents the 
performance metrics of all eight models after bootstrap validation. The mean AUC values for all eight models ranged 
from 0.6 to 0.7, suggesting reasonable predictive stability. Among all models, LR achieved the highest validation AUC 
(0.684), followed by XGBoost (0.664), LightGBM (0.646), NN (0.646), RF (0.644), SVM (0.617), DT (0.608), and KNN 
(0.598). Compared with the training performance (Table 5), all models showed a decline in AUC. In particular, the 

Table 4 Multivariate Logistic Regression Analysis

Variable β SE OR (95% CI) P

Duration 0.031 0.010 1.032 (1.013 −1.051) 0.001
BMI −0.084 0.027 0.919 (0.872–0.968) 0.002

Tracheal Intubation 0.772 0.246 2.164 (1.336–3.506) 0.002

mMRC_Grade3 0.937 0.353 2.553 (1.277–5.105) 0.008
mMRC_Grade4 0.682 0.387 1.978 (0.927–4.221) 0.078

mMRC_Grade2 0.467 0.351 1.595 (0.802–3.173) 0.183

MMT_Grade5 −1.240 0.952 0.289 (0.045–1.869) 0.193
mMRC_Grade1 0.384 0.351 1.469 (0.738–2.921) 0.273

MMT_Grade4 −0.572 0.955 0.564 (0.087–3.668) 0.549
MMT_Grade3 −0.026 1.318 0.974 (0.074–12.895) 0.984

Notes: Multivariate logistic regression analysis was performed to identify independent 
predictors of dysphagia in COPD patients. Variable selection was based on stepwise 
regression using the Akaike Information Criterion (P < 0.05). mMRC and MMT grades 
were entered as categorical variables, with the lowest grade used as reference.
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XGBoost model decreased from 0.921 in the training set to 0.664 in the validation set (Δ = 0.257), indicating potential 
overfitting. RF (Δ = 0.244) and LightGBM (Δ = 0.215) also exhibited substantial performance degradation. In contrast, 
LR demonstrated relatively stable performance in the validation set (Δ = 0.019), outperforming most ensemble and 

Table 5 Machine Learning Modeling of Dysphagia for Patients with COPD

Model AUC Sensitivity Specificity PPV NPV Accuracy

XGBoost 0.921 0.851 0.801 0.639 0.928 0.815

RF 0.888 0.803 0.811 0.637 0.908 0.808
LightGBM 0.861 0.712 0.819 0.619 0.873 0.787

KNN 0.811 0.774 0.705 0.521 0.883 0.725

NN 0.785 0.721 0.707 0.505 0.860 0.711
LR 0.703 0.697 0.635 0.442 0.835 0.654

SVM 0.698 0.591 0.779 0.526 0.821 0.724
DT 0.637 0.375 0.873 0.549 0.771 0.727

Notes: Performance of eight machine learning models for dysphagia prediction in COPD was 
evaluated in the training set. All models were developed using the five selected features from Table 3. 
Abbreviations: XGBoost, Extreme Gradient Boosting; RF, random forest; LightGBM, Light 
Gradient Boosting Machine; KNN, k-nearest neighbors; NN, neural network; LR, logistic regres
sion; SVM, support vector machine; DT, decision tree; AUC, area under the receiver operating 
characteristic curve; PPV, positive predictive value; NPV, negative predictive value.

Figure 2 Correlation Analysis Heatmap. The heatmap displays pairwise correlation coefficients between all input features. Red indicates positive correlation, blue indicates 
negative correlation, and the intensity of the color represents the strength of the correlation. Darker colors correspond to higher absolute correlation values.
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nonlinear models in terms of stability. Figure 4 illustrates the distribution of AUC values during bootstrap validation for 
each model. The AUC distribution of LR was the narrowest and most concentrated, whereas those of XGBoost, RF, and 
LightGBM were wider and more dispersed, reflecting greater variability across bootstrap samples, which is consistent 
with their observed overfitting behavior.

The calibration curves demonstrated that most machine learning models showed good agreement between predicted 
and observed probabilities of dysphagia in COPD patients (Figure 5). Specifically, the calibration curves of the DT, 
XGBoost, LightGBM, and NN models were generally close to the ideal diagonal reference line, indicating good 

Figure 3 ROC curves of the eight machine learning models in the training set. The curves compare the discriminative performance of each model for predicting swallowing 
dysfunction in patients with COPD.

Table 6 Internal Validation Results of Machine Learning Models for 
Dysphagia for Patients with COPD

Model AUC Sensitivity Specificity PPV NPV Accuracy

LR 0.684 0.669 0.653 0.451 0.829 0.658

XGBoost 0.664 0.610 0.683 0.454 0.811 0.662
LightGBM 0.646 0.608 0.647 0.434 0.805 0.635

NN 0.646 0.595 0.673 0.439 0.803 0.650

RF 0.644 0.620 0.635 0.425 0.806 0.631
SVM 0.617 0.539 0.713 0.447 0.790 0.662

DT 0.608 0.463 0.753 0.452 0.774 0.668

KNN 0.598 0.570 0.616 0.399 0.781 0.602

Notes: Internal validation was conducted using bootstrap resampling with 1000 iterations to 
assess the performance of eight machine learning models.
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Figure 4 Distribution of the AUC values obtained from 1000 Bootstrap internal validation repetitions for the eight machine learning models. The red dashed line represents the mean AUC, while the blue dotted lines indicate the 
corresponding 95% confidence interval.
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Figure 5 Calibration curves of the eight machine learning models showing the agreement between predicted probabilities and observed outcomes of swallowing dysfunction in patients with COPD. The grey dashed line indicates perfect 
calibration, where predicted probabilities exactly match observed outcomes. The coloured lines depict the calibration curves of the individual machine learning models.
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calibration performance and reliable probability estimation. LR and KNN models also showed relatively good calibra
tion, although slight deviations from the reference line were observed in some probability ranges. RF model tended to 
overestimate the risk at higher predicted probabilities, whereas the SVM model showed the poorest calibration 
performance, with substantial deviation from the diagonal line, suggesting limited accuracy in probability estimation.

Decision curve analysis demonstrated that most machine learning models provided greater net benefit than the “treat- 
all” and “treat-none” strategies across a wide range of threshold probabilities (Figure 6). Among all models, XGBoost 
consistently achieved the highest net benefit over most threshold ranges, indicating superior clinical utility in identifying 
dysphagia risk in COPD patients. RF and LightGBM also showed relatively favorable decision performance, with net 
benefit curves remaining above those of several other models across moderate to high threshold probabilities. LR model 
showed moderate clinical utility at lower threshold probabilities; however, its net benefit declined progressively as the 
threshold increased, and it was outperformed by most machine learning models in the mid to high threshold range. In 
contrast, the SVM model showed comparatively limited net benefit, particularly at higher threshold probabilities. These 
findings suggest that XGBoost may provide the greatest clinical decision support value for dysphagia risk assessment.

Based on overall performance, the XGBoost model achieved the highest AUC in the training set (0.921), while in the 
validation set its AUC was 0.664, ranking second to LR (0.684), with a minimal difference (Δ = 0.02). Given the small 
difference in AUC between models, further model comparison was guided by calibration curves and decision curve 
analysis. The XGBoost model demonstrated good calibration, with the curve closely approximating the diagonal line, and 
showed the highest net clinical benefit in DCA. Therefore, considering its overall superior performance across multiple 
metrics, the XGBoost model was selected as the final predictive model.

Model Interpretability
We ranked the importance of the prediction features in XGBoost model. On the basis of the average absolute SHAP 
values, we found that the top five most important features, ie, BMI, disease duration, mMRC, tracheal intubation history, 
and muscle strength, were the most influential variables (Figure 7). Figure 8 illustrates the detailed relation between each 
feature and the occurrence of swallowing dysfunction. The features positively correlated with swallowing dysfunction 

Figure 6 Decision curve analysis of the eight machine learning models. The curves demonstrate the net clinical benefit of each model across different threshold probabilities 
compared with the “treat-all” and “treat-none” strategies.
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were disease duration, mMRC, and tracheal intubation history. As the values of these features increased (or whether they 
were “present”), the sample points were more concentrated in the positive region of the SHAP axis. This finding meant 
that these features drive the model’s predictions in a positive direction, thus increasing the likelihood of swallowing 
dysfunction.

Figure 7 Ranking of feature importance in the optimal machine learning model, demonstrating the relative contribution of each predictor variable to the prediction of 
swallowing dysfunction risk.

Figure 8 SHAP bee swarm plot illustrating the impact and distribution of individual feature contributions to the XGBoost model predictions. Each point represents one 
patient sample, and color indicates the feature value magnitude.
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Developing a Dynamic Calculator
On the basis of the five key variables, we developed a deployable web platform using Shiny to visualize and use the 
prediction model (https://dysphagiamodel.shinyapps.io/COPD-DP/). This platform provides an online tool for assessing 
dysphagia risk for patients with COPD. Users can easily obtain risk assessment results by entering clinical feature data 
into the specified text fields on the webpage. (Figure 9)

Discussion
We found that the prevalence of swallowing dysfunction for patients with COPD was 29.3%, which was comparable to 
the approximately 33% prevalence reported in a meta-analysis of observational studies conducted by Li et al,6 suggesting 
that the present study population was reasonably representative. We developed and validated a web-based interactive tool 
for risk assessment. We used eight different machine learning algorithms to build the models, with XGBoost performing 
the best. Using the SHAP method for model interpretation, we identified the top five key variables most strongly 
associated with swallowing dysfunction: BMI, disease duration, mMRC score, tracheal intubation history, and muscle 
strength. On the basis of this model, we created an online risk calculator that provides real-time, personalized 
assessments.

Currently, research on predicting swallowing dysfunction for patients with COPD is relatively limited; most studies 
rely on traditional statistical methods to develop assessment models. For example, in a study from Guangdong Provincial 
Hospital of Chinese Medicine, Xiong et al included 100 AECOPD patients and used LASSO regression to identify four 
predictors for swallowing dysfunction: age, mMRC score, hospitalization days, and the use of BIPAP-assisted ventila
tion. The model achieved a high discriminative ability with an AUC of 0.909.7 In another study involving 405 patients 
with COPD, Fan et al used logistic regression to develop a swallowing dysfunction prediction model that included factors 
such as age, cerebrovascular disease, chronic pulmonary heart disease, home non-invasive ventilation, acute exacerba
tions, dyspnea, and dry mouth. This model had an AUC of 0.879, and the results were presented in a visual Nomogram 
format.18 Additionally, a recent study of elderly patients with COPD by Chen et al showed that a decision tree-based 
model outperformed the traditional logistic regression model in prediction performance (AUC 0.747 vs. 0.682).20 

Although these studies provide valuable insights into the risk assessment of swallowing dysfunction in patients with 
COPD, most of them were based primarily on single statistical models and may therefore have limited ability to capture 
complex nonlinear relationships and interactions among clinical variables.41 In contrast, we systematically compared 
various machine learning algorithms in a larger patient cohort, and the results demonstrated that the XGBoost model 
achieved the best predictive performance, suggesting that machine learning approaches may offer greater potential for 
swallowing dysfunction risk identification in patients with COPD.

In the feature contribution analysis, BMI ranked first in the XGBoost model, highlighting the central effect of 
nutritional status in developing swallowing dysfunction. As COPD progresses and becomes more severe, patient BMI 
tends to decrease progressively.42,43 This change not only indicates malnutrition but also the change serves as a key 
marker of disease progression and poor prognosis. Several previous studies have similarly reported that low BMI or 
malnutrition is an important influencing factor for swallowing dysfunction in patients with COPD. These findings are 
generally consistent with our results and further support the importance of BMI in swallowing risk assessment among 
patients with COPD.20,44 Moreover, low BMI is often linked with a systemic inflammatory state driven by chronic 
inflammation and abnormal repair mechanisms in COPD. As described by Barnes et al, persistent inflammatory 
mediators can circulate through the body and affect peripheral tissues, leading to skeletal muscle dysfunction and 
metabolic disturbances.45 Additionally, COPD-related metabolic changes involve abnormalities in glucose and lipid 
metabolism; these abnormalities sustain chronic inflammation and exacerbate muscle wasting.46,47

Our SHAP analysis also identified muscle strength as a significant factor, ranking 5th among all variables. Beyond 
overall nutritional status, muscle function has a crucial effect in swallowing safety. Jones et al report that low BMI is 
frequently associated with decreased muscle mass and strength, with about 15% of stable COPD patients showing 
varying degrees of muscle loss.48 Swallowing is a complex process that depends on the fine coordination of multiple 
muscle groups. As described in detail by Garand et al, when skeletal muscle atrophy and weakness affect swallowing- 
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Figure 9 A screenshot of the Online prediction tool page. Users can input patient characteristics into the designated fields, and the tool automatically calculates and displays the predicted risk probability based on the selected machine 
learning model.
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related muscles, the weakness can limit muscle power and endurance, leading to reduced swallowing efficiency, impaired 
respiratory-swallowing coordination, and an increased risk of swallowing dysfunction.44 Therefore, the relations between 
BMI, nutritional status, and muscle strength form a risk pathway with biological relevance. This relationship explains the 
high importance of BMI in the predictive model and underscores the need to consider muscle strength as a critical 
functional indicator in swallowing dysfunction risk assessment. The importance of BMI also suggests that, in managing 
swallowing risk for patients with COPD, both nutritional assessment and muscle strength monitoring should be 
integrated into a comprehensive, dynamic framework for nursing interventions.

The duration of illness, identified as the second most important factor in this study, suggests that the long-term 
progression of COPD may have a significant effect in swallowing dysfunction. As COPD advances, the gradual 
worsening of lung hyperinflation and dyspnea can alter intrathoracic pressure, increasing the risk of respiratory- 
swallowing coordination problems.9,49 Additionally, prolonged airflow limitation keeps respiratory muscles under 
constant strain, which can lead to muscle fatigue and reduced neuromuscular coordination, further worsening swallowing 
function.50,51 Patients with COPD generally have impaired swallowing function compared with healthy individuals,52,53 

and this dysfunction worsens as the disease progresses,54 a fact for which our study agrees.
The mMRC score, commonly used to assess the severity of dyspnea, also proved to be a valuable assessment tool in 

our study. According to the logistic regression analysis, patients with an mMRC score ≥3 who show clear respiratory 
limitations in daily activities may have persistent dyspnea that forces them to prioritize ventilation during eating and 
swallowing, disrupting the balance between breathing and swallowing. An increased respiratory rate and stronger 
inspiratory drive can reduce the swallowing pause time and increase the likelihood of overlap between swallowing 
and inspiration,8,10 which significantly elevates the risk of swallowing dysfunction. Additionally, patients with severe 
dyspnea often experience fatigue while eating, resulting in faster eating, insufficient preparation for swallowing, or 
forced interruptions in their meals; these compensatory behaviors may further weaken the coordination and safety of 
swallowing.55 An epidemiological study by Gonzalez et al showed a consistent increase in the reporting of swallowing 
difficulties among patients with COPD as their dyspnea worsened.56 On the basis of these mechanisms and the results of 
this study, we suggest that the mMRC score is not only a marker of respiratory limitation, but also the score is an 
important clinical indicator for identifying patients at high risk for swallowing dysfunction.

We recognize that whether patients with COPD have undergone tracheal intubation may exert a significant influence 
on their swallowing function. Tracheal intubation can cause mechanical irritation and mucosal injury that affects the 
vocal cords and laryngeal structures,57,58 potentially leading to reduced sensation in the larynx and a delayed swallowing 
reflex that weakens airway protection during swallowing. Additionally, Wallace and McGrath reported that any damage 
to the recurrent laryngeal nerve or sensory pathways during intubation may persist after extubation, making patients more 
susceptible to swallowing dysfunction.59 Studies of critically ill patients and COPD populations have also shown a strong 
link between a history of tracheal intubation and the development of swallowing dysfunction after extubation, indicating 
that the impact on swallowing safety may be long-lasting.7,60 For patients with COPD, a history of tracheal intubation 
often suggests a previous severe illness or acute exacerbation. These patients are already at risk of impaired coordination 
between breathing and swallowing, and the added effects of intubation-related damage may further increase their 
swallowing dysfunction risk. Moreover, some patients may develop compensatory swallowing behaviors or even fear 
of swallowing following intubation and extubation, which can disrupt normal swallowing patterns.11 Our findings 
emphasize that a history of tracheal intubation should be viewed as a critical marker for identifying high-risk patients 
during nursing assessments, and more attention should be given to swallowing management and monitoring for patients 
with an intubation history.

In the evaluation of model performance, we systematically compared eight machine learning algorithms. Although 
the XGBoost model showed strong performance in the training set, its performance significantly declined during the 
Bootstrap internal validation. Several factors may have contributed to this decline. First, overfitting was likely a major 
factor. XGBoost, being a robust machine learning algorithm, can fit the training data very accurately, including noise and 
outliers; as a result, the model overfits the details of the training data, which reduces its ability to generalize to new 
data.61 Additionally, the small patients sample size may have limited the model’s ability to learn the full diversity of the 
data, impacting its performance on unseen data.62 Data imbalance could also result in the model’s inability to effectively 

International Journal of Chronic Obstructive Pulmonary Disease 2026:21                                                https://doi.org/10.2147/COPD.S607694                                                                                                                                                                                                                                                                                                                                                                                                      19

Zhou et al

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



predict the minority class, negatively affecting performance on the validation set.63 Other factors that might have 
contributed to the performance drop are feature redundancy or noise,64 inadequate model parameter tuning,65 and 
differences in data distributions between the training and validation sets during the Bootstrap process.66 Therefore, to 
improve the model’s generalization capabilities, further work should focus on increasing the sample size, addressing data 
imbalance, reducing feature redundancy, refining parameter tuning, and using more stable validation techniques.

Based on the developed prediction model, we further established a web-based interactive risk assessment tool to enhance 
its applicability in clinical nursing settings. The interactive web interface enables healthcare professionals to input relevant 
patient data and quickly generate personalized risk assessments for swallowing dysfunction. This approach may assist nursing 
staff in rapidly identifying high-risk patients at the bedside and facilitate the implementation of early interventions. This ability 
not only helps healthcare providers identify high-risk patients more efficiently, but also the tool supports early interventions in 
clinical practice.67 For patients identified by the model as high-risk, targeted interventions such as swallowing exercises and 
respiratory training can be implemented to prevent aspiration and choking. In addition, individualized dietary management 
strategies may also be introduced to further reduce the risk of aspiration, aspiration pneumonia, and choking-related adverse 
events. Furthermore, the online tool enables patients to receive real-time swallowing dysfunction risk assessments, raising 
their awareness of their condition. This patient education feature improves understanding and adherence to swallowing 
function management plans and encourages active patient participation in personalized treatments and interventions, 
ultimately enhancing overall treatment experience and prognosis. Overall, transforming machine learning models into 
visualized web-based tools may facilitate the translation of swallowing dysfunction risk assessment from research settings 
into routine clinical practice, thereby providing new technical support for precision nursing in patients with COPD.

The strengths of this study lie in the development of a comprehensive and clinically applicable risk prediction 
framework for swallowing dysfunction in patients with COPD. We integrated traditional regression analysis with eight 
machine learning algorithms and systematically compared their performance, ensuring a robust methodological founda
tion beyond single-model approaches. The optimal model was further interpreted using SHAP analysis, which enhanced 
transparency by identifying key contributors such as BMI, disease duration, mMRC score, history of tracheal intubation, 
and muscle strength, thereby improving clinical interpretability. In addition, the best-performing model was transformed 
into a user-friendly web-based interactive tool, facilitating rapid individualized risk assessment and supporting bedside 
clinical decision-making. Importantly, this study addresses a clinically significant yet often under-recognized complica
tion in COPD, and the proposed framework holds potential value for early identification, risk stratification, and timely 
intervention in high-risk patients, ultimately contributing to improved swallowing safety and clinical outcomes.

This study has several limitations that should be considered when interpreting the findings. First, it is a single-center 
retrospective study, and the accuracy and completeness of the data depend on the original medical records, which may be 
subject to information bias. In addition, the study sample was drawn from a single hospital, and the case composition may be 
subject to selection bias, limiting the generalizability of the model, which requires external validation in multicenter studies. 
Second, owing to clinical feasibility constraints, swallowing function was assessed using bedside screening tools rather than 
gold-standard instrumental examinations, which may have introduced a certain degree of misclassification bias. Third, the 
assessment of certain predictors was limited; COPD severity was evaluated using the mMRC dyspnea scale without 
incorporating pulmonary function parameters, and medication use data were restricted to the history of dry powder inhaler 
use and home non-invasive ventilation, lacking detailed information on specific drug types, dosages, and systemic corticos
teroid exposure. These missing data may constitute residual confounding factors, potentially affecting the study results. 
Finally, although an online risk prediction tool was developed in this study, its clinical utility has not yet been externally 
validated or prospectively assessed. Future multicenter prospective studies using standardized pulmonary function testing and 
comprehensive medication data are warranted to further verify the robustness and clinical applicability of the model.

Conclusion
We successfully developed an interpretable machine learning model to evaluate swallowing function for patients with 
COPD and created an online calculator for easy clinical use. The model is capable of identifying high-risk patients, 
significantly improving the early screening efficiency for dysphagia. Compared with traditional risk assessment methods, 
it integrates multiple clinically relevant predictors and uses interpretable algorithms to reveal key influencing factors, 
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highlighting its novelty. Clinical application of this model can assist healthcare professionals in implementing early 
interventions, reducing the risk of aspiration and malnutrition, and providing important support for individualized care 
and clinical decision-making in patients with COPD. The findings of this study enrich the toolkit for dysphagia risk 
assessment in COPD patients and offer a valuable reference for future research and clinical practice.
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