
CURRENT SCIENCE CS 5 (5), 4997-5013 (2025) 

 

4997 

 
 

Current Science 

CS 5 (5), 4997-5013 (2025) 

Received 25 July 2025 | Revised 20 August 2025 | Accepted 23 September 2025 | Online Available 24 October 2025 

https://doi.org0/10.52845/CS/2025-5-5-50 

Current Science 
Current Science

  
OPEN ACCESS                                                                                                                                                                                                      ISSN (O) 2795-8639 
 

Original Article  

 

Construct and Verify a Prediction Model for the Risk of Stroke in 

Community Patients with Chronic Obstructive Pulmonary Disease Based on 

Machine Learning Methods 

Yong Chen
1,2*

, Yonglin Yu
3*

, Dongmei Yang
4
, Xiaoju Chen

5#
 

1
Ningxia Key Laboratory of Clinical and Pathogenic Microorganisms, Institute of Medical 

Science,General Hospital of Ningxia Medical University, Yinchuan, China 

2
Department of Respiratory and Critical Care Medicine，General Hospital of Ningxia Medical 

University, Yinchuan, China 

3
Department of Stomatology, the Affiliated Hospital of North Sichuan Medical College, Nanchong, 

China 

4
Department of Respiratory and Critical Care Medicine, the Affiliated Hospital of North Sichuan 

Medical College, Nanchong, China
 

5
Department of Respiratory and Critical Care Medicine, Clinical Medical College & Affiliated 

Hospital of Chengdu University, Chengdu, China 

*
These Authors Contributed Equally to this Work 

*
Corresponding Author: Xiaoju Chen 

Abstract:  

Background: The occurrence of stroke in patients with chronic obstructive pulmonary disease (COPD) may 

bring potential devastating consequences; however, there still lacks a predictive model that can accurately 

predict the risk of stroke in community COPD patients. The purpose of this study is to construct a new 

predictive model through machine learning methods, which can accurately predict the risk of stroke in 

community COPD patients.  

Methods: The clinical data of 809 community COPD patients were analyzed using the 2020 China Health 

and Retirement Longitudinal Study (CHARLS) database. The least absolute shrinkage and selection 

operator (LASSO) and multiple logistic regression were used to analyze the predictors.Multiple machine 

learning (ML) classification models were integrated for analyzing and identifying the best model. And 

Shapley additive explanations (SHAP) were developed for personalized risk assessment.  

Results: The following six variables: Heart_disease, hyperlipidemia, hypertension, ADL_score, Cesd_score 

and Parkinson,disease are predictors of stroke in community-based COPD patients.The logistic 

classification model is the optimal model.The area under the curve (AUC) (95% confidence interval, CI) in 

the test set: 0.913 (0.835-0.992),accuracy:0.823, sensitivity: 0.818, and specificity: 0.823. 

Conclusions: The model constructed in this study has relatively reliable predictive performance, which 

helps clinical doctors identify high-risk populations of community COPD patients prone to stroke at an early 

stage. 

Key Words:Chronic Obstructive Pulmonary Disease；Community；Stroke；Machine Learning；
Shapley Additive Explanations (Shap) 
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Introduction 

Chronic obstructive pulmonary disease (COPD) is 

a prevalent respiratory condition that significantly 

impacts the health status of patients worldwide, 

ranking as the third leading cause of death 

globally[1, 2]. The prevalence of COPD among 

the Chinese population remains notably high[3]. 

Among the complications associated with COPD, 

stroke represents a serious condition that can 

diminish the quality of life or lead to life-

threatening situations[4].Stroke is characterized 

by a sudden interruption of blood supply to the 

brain or the rupture of a blood vessel within the 

brain, resulting in a lack of oxygen to brain tissue, 

which impairs brain function and manifests as 

symptoms such as speech and motor deficits. 

COPD patients are more susceptible to strokes 

due to the associated systemic inflammation and 

oxidative stress[5, 6]. Therefore, timely prediction 

of stroke risk in community-based COPD patients 

is crucial for effective clinical intervention and 

treatment. Historically, most studies have relied 

on traditional statistical analysis methods to 

predict stroke risk in COPD patients; however, 

these methods possess inherent limitations. 

Traditional statistical methods typically assume 

linear relationships between variables and 

necessitate extensive manual feature extraction 

and selection, which can restrict the accuracy and 

efficiency of prediction models. In recent years, 

the application of machine learning techniques 

has garnered increasing attention in the medical 

field. Machine learning employs computer 

algorithms to automatically learn and enhance 

performance, enabling it to manage large-scale 

and high-dimensional data,thus improving 

prediction accuracy and 

efficiency[7].Additionally,machine learning 

offers flexibility and scalability, effectively 

addressing issues related to multivariate 

interactions and covariance.This study develops 

risk models to predict diseases, assess disease 

severity, and evaluate disease prognosis by 

leveraging data obtained from existing medical 

tests and surveys of patients[8].Currently, there is 

no prediction model specifically addressing the 

occurrence of stroke in COPD patients within the 

Chinese community. Therefore, the objective of 

this study is to utilize machine learning 

techniques to construct and validate a prediction 

model for stroke occurrence that is applicable to 

COPD patients in this demographic. Additionally, 

we aim to compare the performance of various 

machine learning algorithms in this context. By 

training and testing a substantial amount of 

clinical data, we aspire to create a model that 

accurately predicts the risk of stroke in 

community-based COPD patients, thereby 

providing a more effective risk prediction tool for 

clinical practice and enhancing decision support 

for clinicians. This initiative is expected to 

facilitate early intervention for stroke risk among 

community COPD patients, ultimately improving 

their quality of life and prognosis. 

Materials and Methods 

Materials 

The data utilized in this research were extracted 

from the 2020 China Health and Retirement 

Longitudinal Study (CHARLS) database, 

accessible through the following link: 

[CHARLS](http://charls.pku.edu.cn). This 

research received approval from the Biomedical 

Ethics Committee at Peking University in Beijing 

(Approval No. IRB00001052-11015) and was 

conducted in accordance with the principles 

outlined in the Declaration of Helsinki. A total of 

809 patients with chronic obstructive pulmonary 

disease were recruited from the community. 

Inclusion and Exclusion Criteria：Inclusion 

criteria are as follows: (1) Patients diagnosed with 

Chronic Obstructive Pulmonary Disease (COPD) 

in the community who are aged 40 years or older; 

(2) Patients who have received at least one 

diagnosis of stroke during the study period; (3) 

Patients with complete clinical medical history 
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records and relevant examination data. Exclusion 

criteria are as follows: (1) Patients with cognitive 

impairments or those unable to provide reliable 

data; (2) Patients with other serious illnesses or 

complications that may affect the accuracy of 

stroke risk prediction; (3) Patients who fail to 

provide truthful information or data. 

Methods 

The study identified two distinct groups through a 

thorough assessment of the patients: those with 

COPD but no history of stroke, and those with 

COPD who had experienced stroke. The study 

examined data gathered from the 2020 CHARLS 

database, which included a total of 28 variables: 

Gender, Living condition,Education, Marital_status, 

Medical_insurance, Self_assessed_health , 

Hypertension, Diabetes, Hyperlipidemia, Tumours, 

Liver_disease, Heart_disease, Kidney_disease, 

Mental_disorder,Memory_disease,Parkinson, 

Heavy_physical_exercis, Mild_exercise, 

Moderate_exercise, Social_activities, go online , 

Smoking, Drinking, ADL_score , Cesd_score, 

lived_alone_days, living_with_partner_days and 

Age.Multiple interpolation filling was used for 

missing values to complete the data.Development 

and Assessment of Forecasting Models After 

selecting key factors from the independent 

variables, COPD patients were divided into a 

training set and testing set. Various ML 

classification models were utilized for in-depth 

analysis and comparison of the importance of 

each index in the training and testing sets among 

different models. The optimal model was then 

employed to validate and evaluate the results. 

Additionally, the SHAP presentation model, 

encompassing both an overall and single sample 

interpretation, was developed. 

    The detailed steps involved the following: (1) 

Screening key factors: Initially, R software was 

employed to conduct a LASSO regression 

analysis, which facilitated variable selection and 

reduced complexity. Subsequently, the outcomes 

of the LASSO regression analysis were applied in 

a multifactor logistic regression analysis using 

SPSS, resulting in the identification of significant 

factors with a p-value of less than 0.05. (2) Data 

partitioning: Python software was utilized to 

randomly assign COPD patients into training and 

test sets using a random number method in a 7:3 

ratio. 

    Five machine learning algorithms, specifically 

logistic regression (LR), Support Vector 

Machine(SVM), eXtreme Gradient Boosting 

(XGBoost), random forest (RF), and Light 

Gradient Boosting Machine（LightGBM） were 

utilized to predict the risk of stroke in COPD 

patients. The training set employed k-fold cross-

validation and a resampling approach with k=10. 

The validation set was used to optimize model 

parameters, and the test set was used to evaluate 

system performance. Model quality was evaluated 

using discrimination, calibration, and clinical 

utility measures, with calibration plots used to 

assess calibration and discrepancies between 

model predictions and actual events. Decision 

curve analysis (DCA) was utilized to determine 

the clinical benefit by calculating the net benefit 

of different probability thresholds. Confusion 

matrix metrics were used to evaluate mean 

precision, accuracy, sensitivity, specificity, and F-

value scores of the models.It is important to 

recognize the limitations in interpreting results 

from machine learning techniques. The SHAP 

method, which is based on game theory, was 

implemented to interpret results from any 

machine learning model[9]. SHAP values were 

used to assess the importance of each predictor 

variable, with high values positively impacting 

the model output and low values having the 

opposite effect. Ultimately, a comprehensive 

analysis was conducted, incorporating seven 

variables. 

Statistical Analysis 

In the analysis of the training and testing datasets, 

all variables were meticulously considered. 

Continuous variables were summarized using 
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their median and interquartile range (IQR), and 

analyzed with the Mann–Whitney U test. 

Categorical variables were presented as 

frequencies and percentages, and compared using 

chi-square tests. Statistical significance was 

established by two-tailed p-values of less than 

0.05. The statistical analyses were performed 

using SPSS (version 27.0), R (version 4.2.3), and 

Python (version 3.11.4). 

Results 

This study included a total of 809 community-

based patients with Chronic Obstructive 

Pulmonary Disease (COPD). Among these 

patients, 771 had no history of stroke, while 38 

had a concurrent stroke (Table 1).The original 

data of this research can be found in the 

supplementary file: (original_data). 

  

Table 1. Baseline characteristics of the training cohort and testing cohort. 

Variable  All (n=809) Training 

n=566) 

Testing (n=243) p 

Gender ,n(%) male 370(45.735) 265(46.820) 105(43.210) 0.345 

 female 439(54.265) 301(53.180) 138(56.790)  

Living_condition ,n(

%) 

city 234(28.925) 162(28.622) 72(29.630) 0.772 

 rural 575(71.075) 404(71.378) 171(70.370)  

Education ,n(%) Primary and 

below 

350(43.263) 249(43.993) 101(41.564) 0.376 

 Middle school 

and above 

362(44.747) 255(45.053) 107(44.033)  

 College or 

above 

97(11.990) 62(10.954) 35(14.403)  

Marital_status,n(%) unmarried 162(20.025) 120(21.201) 42(17.284) 0.202 

 married 647(79.975) 446(78.799) 201(82.716)  

Medical_insurance,n

(%) 

No 38(4.697) 28(4.947) 10(4.115) 0.608 

 Yes 771(95.303) 538(95.053) 233(95.885)  

Self_assessed_health

 ,n(%) 

Fair 345(42.645) 243(42.933) 102(41.975) 0.260 

 Poor 394(48.702) 280(49.470) 114(46.914)  

 Good 70(8.653) 43(7.597) 27(11.111)  

Hypertension ,n(%) No 676(83.560) 476(84.099) 200(82.305) 0.528 

 Yes 133(16.440) 90(15.901) 43(17.695)  

Diabetes ,n(%) No 657(81.211) 450(79.505) 207(85.185) 0.058 

 Yes 152(18.789) 116(20.495) 36(14.815)  

Hyperlipidemia ,n(%

) 

No 736(90.977) 519(91.696) 217(89.300) 0.276 

 Yes 73(9.023) 47(8.304) 26(10.700)  

Tumours ,n(%) No 788(97.404) 550(97.173) 238(97.942) 0.528 

 Yes 21(2.596) 16(2.827) 5(2.058)  

Liver_disease ,n(%) No 751(92.831) 532(93.993) 219(90.123) 0.050 

 Yes 58(7.169) 34(6.007) 24(9.877)  

Heart_disease ,n(%) No 669(82.695) 465(82.155) 204(83.951) 0.536 

 Yes 140(17.305) 101(17.845) 39(16.049)  

Stroke ,n(%) No 771(95.303) 539(95.230) 232(95.473) 0.881 

 Yes 38(4.697) 27(4.770) 11(4.527)  

Kidney_disease , No 723(89.370) 508(89.753) 215(88.477) 0.590 
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n(%) 

 Yes 86(10.630) 58(10.247) 28(11.523)  

Mental_disorder  ,n(

%) 

No 782(96.663) 550(97.173) 232(95.473) 0.217 

 Yes 27(3.337) 16(2.827) 11(4.527)  

Memory_disease  ,n(

%) 

No 722(89.246) 497(87.809) 225(92.593) 0.044 

 Yes 87(10.754) 69(12.191) 18(7.407)  

Parkinson ,n(%) No 790(97.651) 552(97.527) 238(97.942) 0.720 

 Yes 19(2.349) 14(2.473) 5(2.058)  

Heavy_physical_exe

rcise ,n(%) 

No 530(65.513) 371(65.548) 159(65.432) 0.975 

 Yes 279(34.487) 195(34.452) 84(34.568)  

Mild_exercise,n(%) No 374(46.230) 264(46.643) 110(45.267) 0.719 

 Yes 435(53.770) 302(53.357) 133(54.733)  

Moderate_exercise ,

n(%) 

No 190(23.486) 135(23.852) 55(22.634) 0.708 

 Yes 619(76.514) 431(76.148) 188(77.366)  

Social_activities ,n(

%) 

No 514(63.535) 359(63.428) 155(63.786) 0.923 

 Yes 295(36.465) 207(36.572) 88(36.214)  

go online ,n(%) No 493(60.939) 347(61.307) 146(60.082) 0.743 

 Yes 316(39.061) 219(38.693) 97(39.918)  

Smoking ,n(%) No 756(93.449) 532(93.993) 224(92.181) 0.340 

 Yes 53(6.551) 34(6.007) 19(7.819)  

Drinking ,n(%) No 523(64.648) 372(65.724) 151(62.140) 0.328 

 Yes 286(35.352) 194(34.276) 92(37.860)  

ADL_score  ,median

[IQR] 

 70.000[65.000

,70.000] 

70.000[65.000,

70.000] 

70.000[65.000,

70.000] 

0.062 

Cesd_score ,median[

IQR] 

 11.000[7.000,

15.000] 

11.000[7.000,1

5.000] 

10.000[7.00

0,15.000] 

0.986 

lived_alone_days,me

dian[IQR] 

 0.000[0.000,1

5.000] 

0.000[0.000,13.

000] 

0.000[0.000,15.

000] 

0.637 

living_with_partner_

days  ,median[IQR] 

 71.000[0.000,

180.000] 

70.000[0.000,1

76.000] 

75.000[0.000,1

80.000] 

0.588 

Age ,median[IQR]  64.000[56.000

,70.000] 

64.000[56.000,

71.000] 

64.000[56.000,

70.000] 

0.691 

IQR, interquartile range; ADL, activities of daily living; Cesd, Center for Epidemiologic Studies 

Depression Scale. 

 

Study on Factors Contributing to Stroke in 

Individuals with COPD 

LASSO regression analyses were conducted on 

the remaining independent variables, using the 

occurrence of stroke in community-based COPD 

patients as the dependent variable. The LASSO 

methodology was employed to shrink variable 

coefficients, thereby preventing overfitting and 

addressing issues related to high collinearity[10]. 

The results showed that from the initial 28 

independent variables, the number was reduced to 

8. These included variables such as ADL_score, 

Cesd_score, Parkinson, Hypertension, 

Hyperlipoidemia, Tumours, Heart_disease and 

Mental_disorder. To further account for 

confounding variables, these 8 independent 

variables underwent multivariate logistic 
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regression analysis.Subsequently,only 

ADL_score,Cesd_score,Parkinson, Hypertension, 

Hyperlipoidemia and heart disease were identified 

as significant factors (p < 0.05), as shown in 

Table 2. 

 

 

Fig 1. LASSO regression analysis was utilized to identify key factors. (Fig. 1A) Vertical lines 

delineating selected values were generated using 10-fold cross-validation, pinpointing the optimal 

lambda which yielded eight non-zero coefficients. (Fig. 1B) The LASSO model showcased coefficient 

profiles of 28 texture features plotted along the log(λ) sequence. Notably, vertical dotted lines were 

incorporated to highlight the minimum mean square error (λ = 0.01) and the standard error of the 

minimum distance (λ = 0.021). 

 

Table 2. Multivariate logistic regression analysis. 

Variable SE Z p OR 

(Intercept) 0.811 -5.373 0.0 0.013(0.002-0.059) 

ADL_score 0.009 -2.34 0.019 0.98(0.963-0.997) 

Cesd_score 0.035 2.575 0.01 1.094(1.022-1.173) 

Parkinson 0.715 1.998 0.046 4.173(0.965-16.326) 

Hypertension 0.468 2.371 0.018 3.03(1.189-7.535) 

Hyperlipoidemia 0.49 3.068 0.002 4.495(1.711-11.77) 

Tumours 0.843 1.785 0.074 4.503(0.688-20.132) 

Heart_disease 0.423 2.608 0.009 3.012(1.298-6.889) 

Mental_disorder 0.781 0.528 0.598 1.51(0.301-6.503) 

(SE, Standard error; OR, odds ratio; CI, confidence interval; ) 

 

Thorough Examination of Categorized Multi-

Model Analysis 

Five ML methods, including LR, SVM, XGBoost, 

RF, and LightGBM were trained and iterated ten 

times. Area under the curve (AUC) values were 

used for the evaluation of the models[11]. 

XGBoost、RF and LightGBM had the highest 

AUC value in the training set (Fig. 2A), while LR 

had the highest value in the validation set (Fig. 

2B). As AUC metrics focus on the predictive 

accuracy of the model and cannot indicate 

whether a model is clinically usable or determine 

which model may be preferable DCA, calibration 
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curves, and precision-recall (PR) curves were 

used in this study[12]. DCA assessed the clinical 

applicability of the LR and XGBoost models in 

improving accuracy (Fig. 2C). The XGBoost and 

LR model predictions were more accurate 

according to the calibration curves (Fig. 2D). In 

the evaluation of the clinical applicability and 

prediction accuracy of the LR and RF models, the 

LR model showed the best performance in the 

training and validation sets, with the highest 

average precision (AP) values in the validation set 

(Fig. 2E,F). A comprehensive analysis indicated 

that LR may be relatively stable considering the 

high probability of overfitting in RF, and thus LR 

was selected as the optimal model (see more 

details in Supplemental Table S1). 

 

Fig 2. The ML model was evaluated through a comprehensive analysis. This included (Fig. 2A) ROC 

and AUC for the training set, and (Fig. 2B) ROC and AUC for the validation set.In the study, 

patients with COPD were sampled multiple times in a 7:3 ratio. (Fig. 2C) Validation set DCA 

showing the various model assumptions, with the black dashed line indicating that all patients had a 

stroke and the thin red and black lines indicating no stroke. Different models were represented by 

solid lines. (Fig. 2D) The calibration curve for the Verification set displayed the average prediction 

probability on the abscissa, actual probability of the event on the ordinate, and different model 

fitting lines compared to a reference line for accuracy assessment. (Fig. 2E) Included the PR curve 

and AP for the training set, while (Fig. 2F) illustrated the PR curve and AP for the verification set, 

with precision on the y-axis and recall on the x-axis. The PR curves of models were compared, with a 

model's superiority indicated by one curve completely covering another. The higher the AP value, 

the better the model performance, with different colors representing each model and values 

displayed as averages with 95% CI. 

 

Table S1:Multi-model classification - Summary of training set results: 

ML 

model 

AUC(9

5%CI) 

cutoff(9

5%CI) 

Accura

cy 

(95% 

CI) 

Sensiti

vity 

(95% 

CI) 

Specifi

city 

(95% 

CI) 

PPV 

(95% 

CI) 

NPV 

(95% 

CI) 

F1 

score 

(95% 

CI) 

Kappa(95%C

I) 

XGBoost 0.995 0.096(0 0.955( 0.947( 0.956( 0.543( 0.997( 0.675( 0.655(0.574-
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(0.989-

1.000) 

.064-

0.128) 

0.942-

0.968) 

0.931-

0.963) 

0.941-

0.970) 

0.442-

0.644) 

0.996-

0.998) 

0.600-

0.751) 

0.735) 

RandomF

orest 

0.996 

(0.992-

1.000) 

0.235(0

.198-

0.272) 

0.979(

0.973-

0.984) 

0.939(

0.933-

0.945) 

0.981(

0.974-

0.987) 

0.721(

0.664-

0.779) 

0.997(

0.997-

0.997) 

0.812(

0.773-

0.851) 

0.801(0.760-

0.843) 

logistic 0.888 

(0.818-

0.957) 

0.047(0

.040-

0.054) 

0.844(

0.821-

0.867) 

0.793(

0.762-

0.825) 

0.846(

0.821-

0.872) 

0.207(

0.186-

0.229) 

0.988(

0.987-

0.990) 

0.327(

0.301-

0.352) 

0.273(0.245-

0.302) 

SVM 0.766 

(0.659-

0.873) 

0.053(0

.049-

0.057) 

0.884(

0.849-

0.919) 

0.566(

0.482-

0.651) 

0.9(0.8

60-

0.939) 

0.25(0.

201-

0.299) 

0.977(

0.974-

0.980) 

0.335(

0.287-

0.383) 

0.288(0.234-

0.341) 

LightGB

M 

0.996 

(0.990-

1.000) 

0.246(0

.219-

0.274) 

0.983(

0.979-

0.987) 

0.924(

0.915-

0.932) 

0.986(

0.982-

0.990) 

0.784(

0.742-

0.826) 

0.996(

0.996-

0.997) 

0.847(

0.822-

0.872) 

0.838(0.811-

0.865) 

 

The Optimal Procedure for Constructing and 

Assessing Models 

The dataset designated for training underwent LR 

analysis and 10-fold cross-validation. As a result, 

the training set yielded an average AUC (95% CI) 

of 0.865(0.774-0.957), while the average AUC 

from cross-validation of the validation set was 

0.860(0.627-0.999). Moreover, the average AUC 

from the test set stood at 0.913 (0.835-0.992) 

(Fig. 3A-C). The AUC values for the training set, 

validation set, and testing set were consistently 

stable at approximately 0.85. The model's 

predictive performance was deemed to be highly 

accurate based on these results. The learning 

curves show strong consistency between the 

training and validation sets, indicating a high 

degree of fit and a high degree of stability[13, 14] 

(Fig. 3D). These findings suggest that the Logistic 

regression model is suitable for classification 

modeling in this dataset. (see more details in 

Supplemental Table S2). 

 

 

Fig 3. Logistic regression model training, validation, and testing. (Fig. 3A) Training sets ROC and 

AUC and (Fig. 3B)validation sets ROC and AUC.Training and cross-validation of 10% of COPD 
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patients. Solid lines of different colors represent 10 different results. (Fig. 3C) Test set ROC and 

AUC. Test results for 30% of COPD patients. (Fig. 3D) Learning curve. The red dashed line 

represents the training set and the blue dashed line represents the validation set. The values are 

expressed in terms of average and 95% CI. 

 

Table S2:Multi-model classification-validation set result summary: 

ML 

model 

AUC(95

%CI) 

cutoff(

95%CI

) 

Accura

cy 

95  % 

CI) 

Sensiti

vity 

(95% 

CI) 

Specifi

city 

(95% 

CI) 

PPV 

(95% 

CI) 

NPV 

(95% 

CI) 

F1 

score 

(95% 

CI) 

Kappa(95

%CI) 

XGB

oost 

0.692 

(0.459-

0.919) 

0.096(0

.064-

0.128) 

0.901(0

.880-

0.921) 

0.442(0

.367-

0.517) 

0.925(0

.906-

0.944) 

0.25(0.

204-

0.297) 

0.969(0

.963-

0.974) 

0.316(0

.263-

0.370) 

0.268(0.2

10-0.326) 

Rand

omFo

rest 

0.739 

(0.543-

0.934) 

0.235(0

.198-

0.272) 

0.91(0.

896-

0.925) 

0.445(0

.321-

0.568) 

0.931(0

.911-

0.951) 

0.228(0

.184-

0.271) 

0.975(0

.968-

0.982) 

0.283(0

.238-

0.328) 

0.244(0.2

00-0.287) 

logisti

c 

0.863 

(0.730-

0.988) 

0.047(0

.040-

0.054) 

0.831(0

.808-

0.854) 

0.704(0

.604-

0.804) 

0.838(0

.810-

0.866) 

0.183(0

.150-

0.216) 

0.982(0

.976-

0.988) 

0.283(0

.240-

0.327) 

0.226(0.1

88-0.263) 

SVM 0.760 

(0.552-

0.959) 

0.053(0

.049-

0.057) 

0.86(0.

814-

0.905) 

0.613(0

.463-

0.763) 

0.874(0

.823-

0.924) 

0.216(0

.142-

0.290) 

0.978(0

.968-

0.988) 

0.295(0

.218-

0.371) 

0.246(0.1

63-0.329) 

Light

GBM 

0.669 

(0.403-

0.906) 

0.246(0

.219-

0.274) 

0.926(0

.917-

0.934) 

0.319(0

.231-

0.408) 

0.952(0

.942-

0.963) 

0.222(0

.170-

0.273) 

0.97(0.

962-

0.977) 

0.242(0

.200-

0.284) 

0.207(0.1

67-0.246) 

 

The SHAP Approach to Interpreting Models 

To visually illustrate the selected variables, we 

employed SHAP to demonstrate their influence 

on predicting the occurrence of tophus within the 

model[9, 15]. (Fig. 4A) presents the six most 

critical features identified in our analysis. Each 

line representing an important feature displays the 

attributions of all patients toward the outcomes, 

represented by different colored dots: red dots 

indicate high-risk values, while blue dots denote 

low-risk values.Factors such as: Heart_disease, 

Hyperlipidemia, Hypertension, ADL_score, 

Cesd_score, and Parkinson were identified as 

contributors to the occurrence of stroke in 

community-dwelling COPD patients. (Fig. 4B) 

presents the ranking of six risk factors based on 

the average absolute SHAP value, with the x-axis 

SHAP value indicating the significance within the 

forecasting model. Furthermore, we have 

included a typical example in (Fig. 4C) to 

emphasize the interpretability of the model. 
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Fig 4.  Explanation of the SHAP model: (Fig. 4A) Identifying key attributes through SHAP analysis. 

The x-axis represents the SHAP values, with each line corresponding to a specific feature. High 

values are denoted by red dots, while low values are denoted by blue dots. (Fig. 4B) Evaluation of 

feature importance based on SHAP analysis. This matrix diagram illustrates the contribution of each 

variable to the final predictive model. (Fig. 4C) Visualization of SHAP force plots. SHAP, also known 

as Shapley additive explanations, provides insights into the log odds ratio (F(x)) for each observation. 

The arrows indicate the impact of each factor on the prediction outcome, with blue arrows indicating 

a decrease in risk and red arrows indicating an increase in risk of strok. The length of the arrow 

correlates with the magnitude of the effect. The length of the arrow correlates with the magnitude of 

the effect. 

 

Discussion 

Chronic Obstructive Pulmonary Disease (COPD) 

remains a significant global health burden with 

increasing prevalence, especially in aging 

populations and in areas with high prevalence of 

smoking and air pollution [16]. Stroke is the 

leading cause of death and disability worldwide, 

and not only may result in long-term disability, 

but can also incur high associated treatment 

costs[17, 18]. In addition, it has been found that 

the prevalence of both COPD and stroke is high, 

and both are common chronic diseases, which not 

only seriously affect the quality of life of patients, 

but also impose a great economic burden on 

society and families[19-21]. In this study, we 

retrospectively analyzed the indicators of Gender, 

Living condition, Education, Marital_status, 

Medical_insurance, Self_assessed_health , 

Hypertension, Diabetes, Hyperlipidemia, 

Tumours, Liver_disease, Heart_disease, Kidney_ 

disease, Mental_disorder, Memory_disease, 

Parkinson, Heavy_physical_exercis, Mild_ 

exercise, Moderate_exercise, Social_activities, go 

online, Smoking, Drinking, ADL_score, 

Cesd_score, lived_alone_days, living_with_ 

partner_ days, and Age in community COPD 

patients who had stroke, and after analyzing by 

LASSO and multivariate logistic regression, we 

concluded that the combination of Heart_disease, 

Hyperlipidemia, Hypertension, ADL_score, 

Cesd_score, and Parkinson are risk factors for 

stroke in community-based COPD patients. 

COPD and heart disease frequently co-occur and 

are associated with worse prognostic outcomes 

[22]. In turn, heart disease and stroke attack share 

common risk factors, and previous studies have 
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found [23] that cardiovascular disease and 

cerebrovascular disease share common 

pathogenesis and risk factors. Therefore, some 

studies have found that COPD combined with 

related heart diseases such as [24, 25] : atrial 

fibrillation, myocardial infarction, coronary artery 

disease, heart failure, and hypertension are more 

prone to stroke, and they hypothesized that it may 

be coexisting with having similar risk factors such 

as aging, smoking history, sedentary lifestyle, and 

systemic inflammatory response [26]. Our study 

showed a significant correlation between 

hypertension and stroke outcome in community-

based COPD patients. This is also in line with 

existing studies [4, 27]. The possible mechanisms 

are [26, 28]: the higher pressure on the vessel 

walls in hypertensive patients leads to thinning of 

the vessel walls in the long term, and the fragile 

vessels are prone to rupture, resulting in 

hemorrhagic stroke. In addition, hypertension 

accelerates the process of atherosclerosis, 

narrowing or occluding the cerebral blood 

vessels, thus increasing the risk of ischemic 

stroke.COPD patients may also suffer from 

endothelial damage due to prolonged hypoxia and 

inflammatory response, further aggravating 

vascular pathology.Increased inflammatory 

response in COPD patients may result in unstable 

atherosclerotic plaques, which are prone to 

rupture and form thrombi, blocking the cerebral 

blood vessels This can lead to stroke. At the same 

time, inflammatory factors also affect blood 

pressure control, making the condition of 

hypertensive patients more serious. Therefore, 

there is a close link between stroke and 

hypertension in patients with COPD, and they 

interact with each other through common risk 

factors, hypoxia, inflammatory response, vascular 

remodeling, and other mechanisms. 

The results of the present study suggest that 

patients with COPD in the community have an 

elevated risk of stroke in combination with 

hyperlipidemia.COPD and hyperlipidemia tend to 

co-exist, which may be associated with similar 

risk factors, such as smoking, lack of exercise, 

and poor dietary habits[29]. At the same time, the 

coexistence of these two diseases exacerbates 

systemic inflammation and metabolic 

disturbances, multiplying the risk of stroke[28, 

30]. Patients with COPD typically experience 

oxidative stress, with increased production of 

reactive oxygen species (ROS) due to 

inflammation, which can damage endothelial cells 

and promote lipid peroxidation[31]. This damage 

can accelerate the formation of atherosclerosis 

and may also affect lipid metabolism, further 

contributing to the exacerbation of 

hyperlipidemia.Patients with COPD are often 

accompanied by hypoxemia, and prolonged 

hypoxia also activates certain metabolic 

pathways, leading to abnormalities in lipid 

metabolism, exacerbating hyperlipidemia, and 

further increasing the risk of stroke[32]. It has 

been found that certain medications used to treat 

COPD may affect lipid metabolism and increase 

blood lipid levels [4]. For example, long-term 

steroid use may lead to weight gain and lipid 

metabolism disorders, further promoting the 

development of hyperlipidemia. 

In addition, the present study's also found that 

community-based COPD patients with comorbid 

Parkinson's disease were also prone to 

stroke.COPD and Parkinson's disease are 

commonly found in middle-aged and elderly 

populations, and the prevalence of both diseases 

increases with age[33]. The aging process 

includes a variety of pathological changes, such 

as abnormal cell signaling pathways and 

decreased antioxidant capacity, which may affect 

the development of both COPD and Parkinson's 

disease. Patients with Parkinson's disease usually 

suffer from dyskinesia, resulting in decreased 

physical activity[34]. It has been found that lack 

of exercise not only exacerbates the symptoms of 

COPD, but may also lead to deterioration of 

cardiovascular health, which may increase the 
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risk of stroke[35]. On the other hand, COPD 

patients with limited ability to perform daily 

activities due to dyspnea may likewise develop 

dyskinesia, increasing the overall risk of stroke. It 

has also been suggested that both COPD and 

Parkinson's disease are associated with chronic 

inflammation[36]. Chronic inflammation in 

COPD patients leads to elevated levels of 

systemic inflammation, which may have an 

impact on the nervous system through pro-

inflammatory cytokines, thereby increasing the 

risk of neurodegenerative diseases. In addition, 

inflammation may affect the integrity of the 

blood-brain barrier, making it easier for 

inflammatory factors to enter the central nervous 

system and exacerbate the course of Parkinson's 

disease. In addition oxidative stress in chronic 

obstructive airway disease has been associated 

with Parkinson's disease[37].The above through 

mechanisms such as inflammatory response 

thereby triggering the combination of Parkinson's 

disease in patients with chronic obstructive 

pulmonary disease are more prone to stroke. A 

study on ACOS [38] found a higher risk of stroke 

and Parkinson's in patients with ACOS. There are 

fewer studies directly on the occurrence of stroke 

in COPD combined with Parkinson's disease and 

more studies are needed. 

Our study further found a significant correlation 

between the occurrence of stroke and activities of 

daily living (ADL) scores in community-based 

COPD patients. This correlation can be explored 

through a variety of mechanisms, as follows: 

patients with COPD often suffer from decreased 

mobility due to dyspnea and limited physical 

activity, which affects their ADL[39, 40]. Low 

ADL_scores are usually associated with high 

stroke risk. It is because low mobility may lead to 

muscle atrophy, deterioration of cardiovascular 

health and metabolic disorders, which in turn 

increase the incidence of stroke. It has been found 

that chronic inflammation accompanying COPD 

can trigger a systemic response[41]. There is an 

association between chronic inflammation and 

decreased ADL_scores[42, 43], and lower 

ADL_scores may reflect an increased systemic 

inflammatory burden, which can be associated 

with stroke risk. In addition, COPD patients are 

often in a state of oxidative stress, which can 

cause damage to multiple organ systems, 

including the cardiovascular system. The 

oxidative stress may also lead to muscle fatigue 

and functional decline, further reducing ADL_ 

scores[44]. The occurrence of stroke is associated 

with oxidative stress, and therefore, a reduced 

ADL_score may indirectly reflect the risk of 

stroke.Patients with COPD may face mental 

health problems, such as depression and anxiety, 

and these psychological states can negatively 

affect daily activities, which can reduce ADL_ 

scores[45]. In turn, low ADL_scores can affect 

patients' self-perception and social engagement, 

increasing the psychological and physical burden 

of stroke risk. 

It also follows from within our research that the 

occurrence of stroke in community-based COPD 

patients is associated with CES-D_scores. It was 

found that the CES-D_score is a tool used to 

assess depressive symptoms and that higher CES-

D _scores usually imply increased severity of 

depressive symptoms[46]. The depressive 

symptoms affect an individual's physiological 

state, including immune function, inflammatory 

response, and cardiovascular health[47]. An 

elevated CES-D_score is usually associated with 

lifestyle changes and decreased self-management. 

The depressive mood may lead to conditions such 

as reduced physical activity, poor diet and failure 

to take medications on time. This lifestyle change 

not only affects symptom control in COPD 

patients, but may also lead to deterioration of 

cardiovascular health, which may increase the 

risk of stroke[35]. In addition, depressive 

symptoms often lead to decreased participation in 

social activities, resulting in increased 

loneliness.COPD patients who reduce their social 
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activities due to depression may have an impact 

on their cardiovascular health and blood supply to 

the brain, which may increase the risk of 

stroke[48-50]. In conclusion, the relationship 

between the occurrence of stroke and CES-

D_scores in COPD patients is complex and 

involves psychological, physiological, and social 

factors. Therefore, attention should be paid to the 

mental health of COPD patients in clinical 

management, with early assessment and 

intervention for depressive symptoms to reduce 

the risk of stroke and improve overall quality of 

life. 

Limitation 

It is crucial to acknowledge the limitations of our 

study. Firstly, the absence of universally accepted 

criteria for the inclusion or exclusion of specific 

factors presents a significant constraint. Secondly, 

the relatively small sample size limits the 

generalizability of the findings. Although the 

analyses of the training and test sets demonstrated 

a high level of agreement, the potential for error 

remains due to uncertainties in the selected 

criteria. Additionally, certain variables, such as 

alcohol consumption and diabetes, were not 

included in the study design. Therefore, further 

longitudinal or prospective case-control studies 

are essential to clarify the relationship between 

risk factors and stroke incidence among 

community-based COPD patients. 

Conclusions 

In conclusion, we developed a predictive model 

utilizing machine learning techniques, with the 

logistic regression model demonstrating superior 

performance in this study. Furthermore, we 

offered a personalized risk assessment aimed at 

preventing stroke occurrences in community-

dwelling COPD patients, which was analyzed 

using SHAP. This effective computer-assisted 

approach can aid frontline clinicians and patients 

in recognizing and intervening to prevent stroke. 
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