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Purpose: Early diagnosis is an effective strategy in chronic obstructive pulmonary disease (COPD) prevention. Active case-finding is
an effective approach, but traditional tools such as COPD-SQ are limited by outdated data, poor extrapolation, and singular binary
prediction. This study aimed to develop an updated, convenient, and interpretable machine learning tool for COPD screening in
community participants.

Patients and Methods: Data for model training and external validation were obtained from two community-based studies in
Guangdong, China. PyCaret and R programming language were used to develop machine learning models. Thirty original items,
including demographic data, clinical features, and risk factor data, were initially used. Eleven machine learning classification models
were compared, and the least absolute shrinkage and selection operator was further used to shrink predictors. Model performance was
evaluated using ROC, AUC, accuracy, sensitivity, specificity, and other metrics. Shapley Additive exPlanations were used to interpret
the models.

Results: A total of 5381 and 2456 participants from the training and external validation cohorts were included, respectively. In
predicting COPD, the AdaBoost model showed the best performance, with an accuracy of 0.846 and an AUC of 0.848. For GOLD
classification prediction, the model achieved an overall accuracy of 0.822 and an AUC of 0.816, and identified 83% of moderate-to-
severe COPD in the community. In regression analysis, the gradient boosting regression model showed good consistency between
predicted and measured FEV; %pred and FEV,/FVC values. The models also demonstrated good performance in the external
validation cohort and were deployed online.

Conclusion: We constructed an active case-finding tool with integrated machine learning models for predicting COPD, COPD
severity, and lung function parameters using limited clinical data. This tool may help prioritize high-risk individuals for confirmatory
spirometry in community settings. Future implementation studies should evaluate its effect on referral efficiency, diagnostic yield,
treatment uptake, and long-term outcomes.

Keywords: COPD, community screening, clinical prediction model, machine learning

Introduction

Chronic obstructive pulmonary disease (COPD) is presently the fourth leading cause of death worldwide and is projected
to become the third leading cause by 2030." Early diagnosis is known as an effective strategy for COPD prevention at
present.” The diagnosis of COPD relies on the forced expiratory volume in one second (FEV,)/forced vital capacity
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(FVC) ratio. However, the prevalence rate and quality control of spirometry in primary care setting and community
health institutions suffer from significant deficiencies (6.9% and 7.2%, respectively). The United States Preventive
Services Task Force also does not recommend spirometry in community screening for asymptomatic individuals,
suggesting the limitations of spirometry for COPD early diagnosis in China.*>

Active case-finding as a screening method has become increasingly valuable for individuals with undiagnosed COPD
or high risk of COPD.? Simple tools such as questionnaires, sometimes combined with peak expiratory flow meters, are
employed in large-scale screening. Subsequently, high-risk individuals will be recommended to undergo spirometry for
diagnostic confirmation, which increases the medical cost-effectiveness and reduces disease burden.®® Our previous
study has developed several native active case-finding tools such as COPD-Screening Questionnaire (COPD-SQ) and
a Bayesian model.'®'! However, there are significant transformations in both lifestyle and the age distribution of patients
with COPD within recent years. Whether there are uncovered prediction factors or changed pattern of them remains to
study. Moreover, COPD-SQ have suffered limitations such as outdated data collection (2002—2006), and scoring systems
formulated through artificial processes, leading to bias and poor extrapolation, especially in the young population aged
40-65 years old.'*'* Most importantly, traditional tools can only answer whether a person has or not have the COPD
risk. In some remote regions without access to spirometry, the ability of directly predicting the probability, the
classification or even lung function parameters of COPD will bring more benefit. So, there is an urgent requirement
for making updated, more convenience and powerful tools in COPD prediction.

Artificial intelligence (AI) technologies have brought new breakthroughs in medical fields.'*'> Currently, machine
learning is widely used in medical image recognition, tumour diagnosis and classification, as well as COVID-19 and
asthma exacerbation risk prediction, achieving accuracy and good generalizability surpassing human experts and
traditional models.'®'® However, there are still gaps in the application of AI for predicting COPD in high-risk
individuals.'® Several studies have reported machine learning (ML) models for COPD prediction in the Chinese
population. But the data used to train these models were based on International Classification of Diseases codes,
computed tomography (CT) images, blood biomarker, or collected from disease-specific contexts.'®** These models
are not suitable for community individuals and cannot predict disease severity. Recently, a Korean scholar also found that
ML could be used to estimate the FEV/FVC value of patients with COPD through risk factors, suggesting that ML
modeling has great potential. At present, there is no ML model that uses clinical data from real-world community survey
sources to update prediction features and using lung function as the predictor variable in COPD prediction, which arouse
our research interest.

In this study, based on our own survey and prospective cohort in Guangdong recently. We use ML method to develop
and validate multi-factorial models for predicting COPD, Global initiative for chronic obstructive lung disease (GOLD)
classification, and FEV; %pred, FEV,/FVC values. The models rely on clinical data alone and have higher prediction
effect for active case-finding in high-risk individuals or with undiagnosed COPD.

Methods
Study Population and Design

This study used data from two independent community-based studies in Guangdong Province, China. The development
cohort was derived from the ECOPD study (ChiCTR1900024643, registered on July 19, 2019), which recruited
community residents aged 40-80 years from Wengyuan County of Shaoguan, and Lianping County of Heyuan between
2019 and 2023. The external validation cohort was derived from a separate COPD screening project conducted under the
“13th Five-Year” Science and Technology Support Program between 2015 and 2017, which recruited community
residents aged 40—65 years from six urban communities in Guangzhou. Thus, the development and external validation
cohorts were independent study populations (Figure 1). All procedures were approved by the Clinical Research Ethics
Committee of The First Affiliated Hospital, Guangzhou Medical University. The basic characteristics of participants are
listed in Table 1 and S1.

The clinical data was collected by an epidemiological questionnaire which developed based on Burden of Obstructive
Lung Disease (BOLD) study and the previous 2007 Chinese epidemiological survey questionnaire of our research team.
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Figure | Flowchart of data sources and participant selection. The development cohort was derived from the ECOPD study, which recruited community residents aged 40—
80 years from Wengyuan County of Shaoguan, and Lianping County of Heyuan between 2019 and 2023. The external validation cohort was derived from an independent
COPD screening project conducted under the “I3th Five-Year” Science and Technology Support Program, which recruited community residents aged 40-65 years from six
urban communities in Guangzhou between 2015 and 2017.

Mainly consist of: demographic data, respiratory symptoms, history of respiratory diseases/medication use, risk factors,

etc. Spirometry, COPD, GOLD classification and LLN according to the previous report.** >*

Data Collection and Preprocessing

All participants were community residents aged 40—80 years; Those participants: (1) unable to complete the spirometry
examination; (2) had active pulmonary tuberculosis or currently receiving anti-tuberculosis treatment; (3) newly
diagnosed with or receiving treatment for tumors; (4) pregnant or lactating women were excluded.

We collected more than 30 raw data from the training cohort according to clinical significance and the convenience
for community screening. Characteristic factors were extracted as: demographic data, symptoms data, exposure history,
disease history, vital signs. Variables belonging to similar items or clinical types, but exhibited with different perspectives
(such as “dyspnea”, “night dyspnea”, “morning dyspnea”, etc), were filtered by independent, combined, or merged
analysis to get the least collinearity and the best generalization ability. Detailed classification, code and interpretation are
listed in Table S2.

We next preprocessed the characteristic factors for the model’s establishment. All selected variables contained <30%
missing values. Categorical variables were labeled with Arabic numerals 0-9. For missing values that could not be
manually imputed, different imputation methods were applied to each feature using chained equations according to our
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Table | The Characteristics of Training Cohort Participants

Variables COPD Non-COPD P-value*
(n=1007) (n=4374)

Sex (%) <0.001
Female 144 (14.3) 2008 (45.9)
Male 863 (85.7) 2366 (54.1)

Age (year) 66.1+8.6 58.449.1 <0.001
4049 30 (3.0) 713 (16.3)
50-59 179 (17.8) 1803 (41.2)
60-69 453 (45.0) 1357 (31.0)
70-80 345 (34.3) 501 (11.5)

BMI (%) <0.001
228.0 kg/m? 44 (4.4) 427 (9.8)
24.0-27.9 kg/m* 203 (20.2) 1551 (35.5)
18.5-23.9 kg/m? 603 (59.9) 2157 (49.3)
<18.5 kg/m? 157 (15.6) 239 (5.5)

Smoking index (%) <0.001
Never smoker 229 (22.7) 2532 (57.9)
1-14.9 pack/year 51(5.1) 251 (5.7)
15-29.9 pack/year 102 (10.1) 365 (8.3)
230 pack/year 625 (62.1) 1226 (28.0)

Cough or phlegm (%) <0.001
No 689 (68.4) 3828 (87.5)
Yes 318 (31.6) 546 (12.5)

Wheeze (%) <0.001
No 792 (78.6) 4172 (95.4)
Yes 215 (21.4) 202 (4.6)

Night dyspnea (%) <0.001
No 879 (87.3) 4187 (95.7)
Yes 128 (12.7) 187 (4.3)

Have been diagnosed with emphysema (%) <0.001
No 858 (85.2) 4243 (97.0)
Yes 149 (14.8) 131 (3.0)

Have been diagnosed with tuberculosis, bronchiectasis, or asthma (%) <0.001
No 966 (95.9) 4298 (98.3)
Yes 41 (4.1) 76 (1.7)

Education level (%) 0.487
Junior high school or below 529 (52.5) 2242 (51.3)
High school or above 478 (47.5) 2132 (48.7)

Family history of respiratory disease (%) 0.002
No 859 (85.3) 3887 (88.9)
Yes 148 (14.7) 487 (11.1)

mMRC score (%) <0.001
0-1 584 (58.0) 3626 (82.9)
2 275 (27.3) 613 (14.0)
23 148 (14.7) 135 (3.1)

Occupational exposure history (=5 years) (%) 0.650
No 833 (82.7) 3589 (82.1)
Yes 174 (17.3) 785 (17.9)

Biomass exposure history (=5 years) (%) 0516
No 906 (90.0) 3902 (89.2)
Yes 101 (10.0) 472 (10.8)

(Continued)
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Table 1 (Continued).

Variables COPD Non-COPD P-value*
(n=1007) (n=4374)
Air pollution in dwelling environment (%) 0.421
No 897 (89.1) 3854 (88.1)
Yes 110 (10.9) 520 (11.9)
Passive smoking (=5 years) (%) 0.0l
No 605 (60.1) 2429 (55.5)
Yes 402 (39.9) 1945 (44.5)
Medicine history of respiratory disease (%) <0.001
No 708 (70.3) 3975 (90.9)
Yes 299 (29.7) 399 (9.1)
Annual household income (%) <0.001
<5 303 (30.1) 1034 (23.6)
5-10 514 (51.0) 2375 (54.3)
=10 190 (18.9) 965 (22.1)
CAT score (median [interquartile range]) 3 (0.5-6) 5(2-9) <0.001
FEV, %pred (meantSD) 74.6£23.9 100.9+17.3 <0.001
FEV,/FVC (mean*SD) 59.1£11.3 80.1+£5.9 <0.001

Notes: Data are mean * standard deviation, median (interquartile range), or n (%). *P values for continuous variables were calculated by Student’s t-test or the
Wilcoxon rank-sum test, and P values for categorical variables were calculated by the chi-square test.
Abbreviations: COPD, chronic obstructive pulmonary disease; Others see Table S2.

previous report. In addition, all features were normalized to the range of 0 (mean) and 1 (SD) using the “normalize”
parameter in PyCaret. The “combine rare levels” parameter in PyCaret was used for data combination to reduce
classification and improve accuracy (Table S3).

Construction and Evaluation of Predictive Models

First, 1007 patients with COPD and 4374 control participants of training cohort were divided into the training sets and
internal validation sets at the ratio of 7:3 randomly. Python-related libraries (PyCaret) were used to established prediction
models. The ML algorithms considered in this study included: random forest (RF), support vector machine (SVM),
logistic regression (LR), Light Gradient Boosting Machine (LightGBM), Decision Tree Classifier (DT), Adaptive
Boosting (AdBoost), gradient boosting classifier (GBC), eXtreme Gradient Boosting (XGBoost), K-Nearest-Neighbors
(KNN), Gaussian Naive Bayes (GNB), linear discriminant analysis (LDA), and quadratic discriminant analysis (QDA)
for categorical variables by “Pycaret.compare model” parameter. For continuous variables: Gradient Boosting Regressor
(GBR), Bayesian Ridge (BR), Ridge Regression (ridge), Linear Regression were built by “Pycaret.regression” parameter.
Ten-fold cross-validation (repeat 10 samples) was used to trained and tested the above models.

This study used the Recursive feature elimination and Cross Validation (RFECV) method to achieve feature screen-
ing, after importance evaluation, the optimal number of features is selected by cross validation. The performance of ML
models is mainly evaluated using the area under the receiver operating characteristic (AU-ROC) curve, the area under the
precision-recall (AU-PRC) curve, and the confusion matrix by “Pycaret.classification”: including Accuracy, Recall,
Precision, Fl-score, and Matthews correlation coefficient (MCC) and Kappa. Positive predictive value (PPV) and
negative predictive value (NPV) were used to further evaluate the optimal models. For continuous variables, “Pycaret.
regression” were used to evaluate mean absolute error (MAE), mean squared error (MSE), root mean squared error
(RMSE), coefficient of determination (R2), root mean squared logarithmic error (RMSLE), mean absolute percentage
error (RMSE). After all parameters and features are determined, we use “tune_model” to further optimize the model.
Furthermore, R Studio (3.0.1+) was used to plot the decision curve analysis (DCA). R software (library glmnet) was used
to conduct the least absolute shrinkage and selection operator (LASSO) regression. PyCaret and Python (shap0.39.0) was
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used to draw the SHAP interpretation. The external validation cohort was used to validate the performance of the models
mentioned above by same ways.

Since this study focused on supervised prediction using structured clinical data, the limited support of PyCaret for
deep learning and unsupervised learning was unlikely to affect the validity of the analysis. To reduce redundancy and
instability in feature selection, clinically overlapping variables were first combined or filtered, and RFECV was
complemented by LASSO regression to derive a parsimonious final predictor set.

Statistical Analyses

Statistical analysis was conducted using SPSS 25.0 (IBM Corp, Armonk, NY) and RStudio 3.5.1 (Solvusoft Corp, Los
Angeles, CA) software. GraphPad Prism 7.0 (GraphPad Software Inc., San Diego, CA) was used for some data
visualization. Comparison of parametric variables and categorical variables was performed using t-tests, non-
parametric U-tests, or chi-square tests. The diagnostic value of the optimal model was evaluated using metrics such as
accuracy, ROC, PPV, and NPV. Bland-Altman tests (MedCalc v20.0.1) were used to assess the consistency of continuous
variables. A two-sided p-value < 0.05 was considered statistically significant.

Results

Participants Characteristics of Baseline

Table 1 shows the clinical characteristics, respiratory epidemiology data, spirometry of the training cohort based on the
spirometry-defined COPD of GOLD standard. Participants were categorized into “COPD” and ‘“Non-COPD” groups.
There were significant differences in age, sex, smoking status, body mass index (BMI), respiratory symptom, income,
modified British Medical Research Council (mMRC) score, COPD assessment test (CAT) score, FEV/FVC and FEV,
between COPD patients and controls (P<0.001) in both the training and test sets. The education level, exposure history,
and air pollution levels were similar between the two groups. The results indicated that patients with COPD were more
likely to be older, male, and smokers, and the FEV,/FVC and FEV, values were lower in the COPD group than in the
control. Other characteristics information including comparison between development cohort and external validation
cohort are shown in Table S7.

Machine Learning Algorithms for Model Comparison
Pre-process and normalized of all features are shown in Table S3. Within the training data set, a variety of machine
learning models were trained and repeated 10 times, including AdaBoost, LR, RF, DT, three Gradient Boosting models
(GBC, XGBoost, and LightGBM), SVM, KNN, GNB, QDA, and LDA. The discrimination criterion for classifying
COPD is based on the GOLD standard. The model that demonstrated the optimal generalization capability in the testing
set was selected, and the variable selection results of this model are presented.

Five models (AdBoost, LR, GBC, GBN, and LightGBM) obtained AUCs above 0.8, demonstrated good discrimina-
tive power (Table S4 and Figure S1). Compared these models with generalization capability and evaluation metrics such

as Accuracy, Recall and F1-score. AdBoost had the optimal predictive performance with the average Accuracy over 10-
fold cross-validation was 0.846 (95% confidence interval [Cl]: 0.834-0.858), and the AUC was 0.848 (95% Cl: 0.827—
0.854). Therefore, AdBoost model was selected for further evaluation such as variable selection and feature ranking.

Features Selected in Model

As shown in Figure 2, the selection of the number of features is based on the Ada model algorithm, employing RFECV.
Following recursive feature elimination and scoring, the optimal number of features was determined using 10-fold cross-
validation (Figure S2). Ultimately, 18 input features were initially derived for model development (Figure 3). The
RFECV results indicate that incorporating 12 features achieves maximum performance, while the remaining 6 variables
do not significantly affect. So, these features were eliminated to reduce over-fitting. The principle for removing variables
is based on the importance of the variable characteristics, as shown in Figure 3. Finally, the top of 12 important features
were selected: Sidx, Age, mMRC3, S, Drugu, Wh, LD12, CP, B, Bio, Fh, LD345 (code see Table S3).

6 https: International Journal of Chronic Obstructive Pulmonary Disease 2026:21


https://www.dovepress.com/article/supplementary_file/589883/589883-supplementary%20tables%20S1-S9-figures%20S1-S6_1.docx
https://www.dovepress.com/article/supplementary_file/589883/589883-supplementary%20tables%20S1-S9-figures%20S1-S6_1.docx
https://www.dovepress.com/article/supplementary_file/589883/589883-supplementary%20tables%20S1-S9-figures%20S1-S6_1.docx
https://www.dovepress.com/article/supplementary_file/589883/589883-supplementary%20tables%20S1-S9-figures%20S1-S6_1.docx
https://www.dovepress.com/article/supplementary_file/589883/589883-supplementary%20tables%20S1-S9-figures%20S1-S6_1.docx
https://www.dovepress.com/article/supplementary_file/589883/589883-supplementary%20tables%20S1-S9-figures%20S1-S6_1.docx

Tian et al

Receiver Operating Characteristic (ROC) Curve ROC Curves for AdaBoostClassifier

10 ——

W - /

4 - 08

08 e o // ,_/

False Positive Rate
°
>
\
\
\
\
\
\
\
\
\
\
\
\,
\
\
\
\
True Positive Rate
o
3

i L2 04
04 IlJ vt
r”’
r”
>
= - 02 J —— ROC of class 0, AUC = 0.84
>4 ! ROC of class 1, AUC = 0.84
s micro-average ROC curve, AUC = 0.92
i —— 12 foature (AUC = 0.81) macro-average ROC curve, AUC = 0.84
"/ 9 feature (AUC = 0.81) 00
00 * 2
i = - — o =8 00 02 04 06 08 10
True Positive Rate False Positive Rate
AdaBoostClassifier Confusion Matrix Learning Curve for AdaBoostClassifier
—e— Training Score
AT Cross Validation Score
324 0865
0860
3 g \/‘\'\_/‘/‘\,\'/‘
2 ®
(5] Q
H] @ q8s0
S
0845
1 74 229
0840
0835
) - 1000 1500 2000 2500 000 3500
Predicted Class Training Instances
E F Test Decision Curve
Feature Importance Plot
—— Adaboost
Sidx ° === Treat All
,,,,,, Treat None
0.15
A °
s °
+ 0.10
mMRC3 © ‘s
2
2 &
2 B ° 2
T 2
fid c 0.05-
LD12 ° 2
Wh °
0.00 -
Bio e
Mc L
=0.05 —— y T T T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30 035 0 20 40 60 80 100
Variable Importance Threshold Probabi |l ity (%)

Figure 2 Optimal model construction and evaluation. (A) The plot of AUC-ROC by 12 variables and 9 variables, Z test showed that there was no significant difference in
discrimination between the two groups (P>0.05); (B) AUC-ROC curve, values were taken as micro-average ROC curve; (C) Confusion matrix; (D) Learning curve; (E)
Feature importance weight; (F) Decision curve analysis of four models plotting the net benefit at different threshold probabilities.

It can be seen from Figure 3 that some of the 12 variables still contributed little to the AdBoost model. To validate the result of
ML variable selection and make variables fewer, Lasso regression was conducted as an alternative approach. The results showed
that the raw independent variables exhibited multicollinearity and were reduced to 9 (age, sex, BMI, cough and phlegm, wheeze,
emphysema had been diagnosed, mMRC dyspnea index, smoking index, and drug use history of respiratory diseases (Table S5).
When A reached a certain value, further increasing the number of predictors by reducing A did not substantially improve model
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Figure 3 Feature selection procedure using RFECV and LASSO regression. (A) Feature importance ranking based on the initial machine-learning model. (B) Recursive
feature elimination with cross-validation (RFECV) curve showing the selection of 12 candidate features. (C) LASSO coefficient profiles across different values of log(A). (D)
Cross-validation curve for the LASSO model. The vertical dotted lines indicate the A value with the minimum mean squared error and the Alse value, respectively. Both
approaches supported a parsimonious model with nine predictors.

performance (Figure 3). This result is highly consistent with machine learning screening, suggesting that variable selection is
relatively reliable. Corresponding OR values and Cls are shown in Table SS.

The Optimal Models Building and Evaluation
First, following the GOLD-defined COPD criteria, we conducted pre-experiment with the aforementioned 12 variables and 9
variables, respectively, and plotted the ROC curves based on the optimal results (Figure 2). The AUCs were 0.844 (SE=0.10,
95% CI1 0.831-0.858) and 0.841 (SE=0.07, 95% CI 0.827-0.855), respectively. The Z-test results showed P>0.05, indicating
no significant difference in discriminative ability between the two groups. We ultimately used 9 features to build the model by
dividing the training set and validation set at a ratio of 7:3 and conducted 10-fold cross-validation.

The results indicated that the model with the best generalization ability in the testing set was Adaboost. After model
tuning, it showed an accuracy of 0.851, AUC of 0.84 (95% CI: 0.827-0.854), with the optimal threshold set at 0.802 based on
the Youden index. Details are shown in Table 2. The learning curve showed that the model performance improved as the
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Table 2 Diagnostic Performance of the Testing Sets of the Machine Learning Model

Prediction Outcome Best Model AUC-ROC (95% CI) Accuracy (95% CI) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI) F1-Score (95% CI) MCC (95% CI)

GOLD-COPD Ada 0.848 (0.837-0.854) 0.846 (0.835-0.853) 0.757 (0.745-0.769) 0.753 (0.733-0.773) 0.414 (0.396-0.430) 0.930 (0.913-0.949) 0.734 (0.755-0.787) 0.4772 (0.463-0.491)
LLN-COPD LDA 0.785 (0.773-0.804) 0.732 (0.728-0.736) 0.696 (0.684-0.708) 0.740 (0.720-0.763) 0.374 (0.357-0.391) 0.716 (0.698-0.734) 0.771 (0.755-0.787) 0.256 (0.242-0.270)
GOLD Il and above LR 0.877 (0.875-0.879) 0.918 (0.914-0.922) 0.338 (0.326-0.350) 0.983 (0.978-0.989) 0.711 (0.694-0.728) 0.932 (0.914-0.950) 0.452 (0.6436-0.686) 0.452 (0.438-0.466)
GOLD muti-classifacation GBC 0.816 (0.803-0.829) 0.822 (0.819-0.825) 0.742 (0.730-0.754) 0.685 (0.665-0.705) 0.441 (0.424-0.458) 0.895 (0.877-0.913) 0.777 (0.761-0.793) 0.287 (0.273-0.301)

Class 0 0.832 (0.772-0.780) 0.776 (0.772-0.780) 0.728 (0.716-0.740) 0.802 (0.782-0.822) 0.670 (0.653-0.687) | 0.842 (0.824-0.860) 0.698 (0.682-0.714) 0.368 (0.54-0.382)
(0.819-0.825)

Class | 0710 (0.707-0.713) 0.648 (0.644-0.652) 0331 (0.319-0.343) 0.784 (0.764-0.803) 0.395 (0.378-0.412) | 0.733 (0.715-0.751) 0.360 (0.344-0.376) 0.075 (0.061-0.089)

Class 2 0.825 (0.821-0.829) 0.714 (0.710-0.718) 0.409 (0.397-0.421) 0.793 (0.773-0.815) 0.336 (0.319-0.353) | 0.839 (0.821-0.857) 0.369 (0.353-0.385) 0.111 (0.097-0.125)

Class 3 0.954 (0.950-0.958) 0.899 (0.895-0.903) 0.547 (0.535-0.559) 0.957 (0.935-0.977) 0.673 (0.656-0.690) | 0.928 (0.910-0.946) 0.603 (0.587-0.619) 0.196 (0.182-0.210)

Notes: ClassO = No-COPD; Class|= GOLD-I; Class2= GOLD-II; Class3= GOLD-IlIl +GOLD-IV.

Abbreviations: COPD, chronic obstructive pulmonary disease; PPV, positive predictive value; NPV, negative predictive value; LLN, lower limit of normal; Fl-score, Harmonic mean of Precision and Recall; MCC, Matthews correlation
coefficient; GOLD, Global Initiative for Chronic Obstructive Lung Disease.
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sample size increased, and it remained stable when the sample size was between 1500 and 3000. Smoking index contributed
the most to the model, with an F-score of 0.27. The results above indicate that the model has a good overall fit and can predict
the risk of COPD occurrence, thus improving lung function screening effectiveness. The ROC curve, precision—recall curve,
calibration curve, confusion matrix, learning curve, and feature importance plot are shown in Figures 2 and S2.

We also test the performance of model build with the same 9 features using LLN as the COPD standard. The results
showed that the optimal model was LDA, with a maximum accuracy of 0.847, balanced accuracy of 0.732, and AUC of
0.785 (95% CI: 0.763-0.798). The ROC curve, feature importance plot, and detailed model performance are shown in
Figures S4, S5 and Table SS5.

Finally, we construct DCA curve to compare the net benefit and assess the clinical applicability of the models.
According to the DCA results, the AdaBoost and LDA models showed a positive net benefit in the testing dataset across
threshold probabilities of 0.2-0.8 (Figure 2) and 0.2-0.9 (Figure S3), respectively.

Interpretation of COPD Prediction Model with the SHAP Method

The global importance of each feature we estimated in SHAP was used to understand the general impact of various
features across all samples. The variable importance plot lists the most significant variables in a descending order.
Furthermore, to detect the positive and negative relationships of the predictors with the target result, SHAP values were
applied to uncover risk factors of patients with undiagnosed COPD. As presented in Figure 4, the horizontal location
shows whether the effect of that value is associated with a higher or lower prediction and the color shows whether that
variable is high (in red) or low (in blue) for that observation; for example, it can be seen that increase in the age, smoking
index and mMRC=>2 has a positive impact and push the prediction toward morbidity, whereas increase in sex (female)
and BMI has a negative impact and push the prediction toward health.

In the summary plot, the presence of these indicators greatly contributed to the COPD. The individual force plots for
participants with COPD and without COPD (Figure 4). The SHAP values indicate the prediction-related feature of individual
patients and the contribution of each feature to the mortality prediction. The bold-faced numbers are the probabilistic predicted
values (f(x)), whereas the base values are the values predicted without giving input to the model. The f(x) is the log odds ratio of
each observation. The red features (on the left) indicate features that increase the morbidity risk, and the blue features indicate
features that decrease the morbidity risk. The length of the arrows helps visualize the magnitude of the effect on the prediction.
The longer the arrow, the larger the effect. SHAP similarity plot (Figure 4) illustrated the entire distribution of each feature’s
impact on the model output. These indicators directly or indirectly reflect the history of respiratory medication, wheezing,
smoking index, dyspnea, cough and sputum production, and body mass index were 6 of the 9 most important features.

The Performance of ML Algorithms in Predicting Multi-Classification of COPD and

Lung Function Value

From the above results, we found that ML methods got great efficiency in predicting COPD of the community population
based on few features. We further attempted to construct a multi-classification model and evaluate whether the above
features can directly predict GOLD grades of COPD. The results showed that the model based on GBC model had an
overall accuracy of 0.822 in predicting GOLD grades in the validation set, with an overall AUC of 0.816. The AUC for
predicting non-COPD (class 0), GOLD 1 (class 1), GOLD 2 (class 2) and GOLD 3 and above (class 3) was 0.832, 0.710,
0.825, and 0.954, respectively (Figure 5 and Table 2).

We further used the “Pycaret.regression” database to train models to directly predict the FEV; %pred and the FEV,/
FVC. Table 3 shows that the gbr model got the best performance in the testing set. Residual plots of FEV,%pred and FEV/
FVC (Figure 6) have shown that the residual distribution is random and uniform, there is no obvious under-fitting or over-
fitting, and the systematic deviation of the model is low. Feature importance plots are shown in Figure 6. Bland-Altman
consistency test results showed that 93.2% and 96.1% of the results for the true and predicted FEV %pred and FEV,/FVC
values were within the mean + 1.96 SD range, with a mean error of —0.4262 (—0.7022 to 0.1789) and 0.036 (—0.199 to
0.271), P (HO mean = 0) of 0.2443 and 0.7443, indicating no significant difference and suggesting good consistency
between the predicted and measured values. Other details are shown in Table S6.
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External Validation
Comparison of variables between the training and external validation cohorts is shown in Table S7. Participants in the

external validation cohort were older than those in the training cohort. Further, there were more patients with COPD in
the external validation cohort than in the training cohort (21.5% vs 18.7%). Compared with the training cohort, patients
in the external validation cohort had lower FEV; %pred, FEV/FVC, BMI, smoking index and more respiratory

Table 3 Performance of the Testing Sets of the Regression Models in Development Cohort

Precision FEVI %pred FEVI/FVC Diagnostic Performance of COPD Using the FEV1%pred Predict FEVI/FVC Predict
Performance (gbr) (gbr) Predict Value Value Value

MAE 13.384 6.463 ROC (AUC) 0.793 0.839

MSE 347.368 77.821 Cut off value 94.61% 74.48%
RMSE 18.479 8.791 Accuracy 0.712 0.746

R2 0.303 0.360 Sensitivity 0.782 0.754
RMSLE 0.206 0.134 Specificity 0.692 0.766

MAPE 0.160 0.096 PPV 0.281 0.405

NPV 0.956 0.932

Abbreviations: MAE, mean absolute error; MSE, mean squared error; RMSE, root mean squared error; R2, coefficient of determination; RMSLE, root mean squared
logarithmic error; RMSE, mean absolute percentage error; PPV, positive predictive value; NPV, negative predictive value.
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Figure 6 Performance of the GBR model in the testing datasets to predict continuous variable. (A) Residual plot of the gbr model FEV, %pred and (B) FEV,/FVC; (C and D)
Feature importance plots.

symptom, higher mMRC score. The preprocessing and input of the external dataset were the same as before. The GOLD-
COPD, LLN-COPD, multi-classification and lung function value prediction models have good performance in the
external validation cohort. Results and detailed information are shown in Tables S8 and S9.

Discussion

With a global underdiagnosis rate as high as 70-80%, early identification of COPD remains challenging.* It is known that
screening tools, such as questionnaires for active case-finding, are recognized as the most cost-effective method for
community screening of COPD.?* Previous studies have shown that systematic targeted case-finding is more effective
than routine care in identifying previously undiagnosed COPD, and evidence from China suggests that questionnaire-
based screening combined with microspirometry is feasible in primary care.”>® However, prior systematic reviews also
indicate that the performance and feasibility of existing COPD case-finding tools vary across settings.”’” Most current
tools remain focused on binary risk identification and rely on fixed scoring rules or additional physiological measure-
ments. With the development of artificial intelligence, the methods have been successfully used for disease diagnosis and
prediction.'*'® The present study developed and validated ML models for COPD prediction in community subjects and
improved the interpretability of the ML.

A meta-analysis summarized 13 domestic studies on COPD risk factors, including smoking, biomass fuel exposure,
sex, age, low BMI, family history, history of respiratory diseases, and occupational exposure.”® Data show that 89.5% of
residents over 40 years have at least one risk factor, which is of great significance for early recognition of COPD.® But
which indicator to use and how to combine them together to achieve better accuracy and generalizability remain to be
studied. Recent studies show that 6.2—17% of the community population has chronic cough and sputum, while 1-6% has
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exertional dyspnea (mMRC >2). Most of them are potential individuals of pre-COPD or undiagnosed COPD.?**° The
emergence of acute exacerbations in high-risk or undiagnosed COPD is referred to as “acute respiratory events” with an
incidence of about 3%. Individuals with this above characteristic exhibit disease burden and lung function decline similar
to those with GOLD I-II stage COPD. However, it is difficult to identify “acute respiratory events” due to recall bias.
Therefore, we replaced this item with “history of respiratory medication use” in last year, which would allow for
inclusion of people who are misdiagnosed with chronic bronchitis, emphysema and other conditions that require regular
use of respiratory medications better.*'*? It was found some inflammatory factors in blood (SNP, IL-8), and lung
structure change on CT are also as significant predictors of COPD progression.**** Given that blood tests and high-
resolution CT scans are not feasible for large-scale community case-finding, these were excluded from our models.

Based on these findings, the models initially used eighteen features with demographic data, respiratory symptoms,
history of respiratory diseases/medication use, risk factors from questionnaire survey. Although numerous features
improve the prediction accuracy, it may lead to over-fitting.'* So we try to reduce the features. Compared with manual
feature selecting, ML has advantage at dealing with multidimensional or continuous variables, extraction of features and
integrated them into the algorithm to optimize the prediction effect without subjectivity and under-fitting. The results
show that ML reduced the initial eighteen variables to twelve, which were ranked by feature importance. However, the
feather characteristic curve still showed that some variables had no effect on the score, which may remain multi-
collinearity between variables. We then used Lasso regression to further reduce the number of variables to nine, and the
AUC in the validation set was not significant, when compared with before. So nine features were finally used in all of our
models. It is interesting that biofuel exposure got a low weight in the selected features and was ultimately excluded from
the model. This may be attributed to several reasons: (1) this study was not an epidemiological investigation, so it does
not mean that biofuel exposure is not a COPD risk factor; (2) our research group has collaborated with the government
on kitchen ventilation renovation projects and the promotion of clean energy in rural areas of northern Guangdong for
several years, which may have significantly reduced local exposure levels. Nevertheless, there are few people using
biofuels in urban so that excluding this variable has minimal impact on generalization of models.

In 2006, Douglas established an ML model containing 19 feature items, which had an AUC of 0.78 in the diagnosis of
COPD in people over 40 years old, laying the foundation of predicting COPD by clinical data.'® In a retrospective cohort
(2015) of 100,000 people (aged 40-80), demographic data, clinical data and medical resource usage data were used to
train models (AUC of 0.75)."® Consistent with the above findings, our study also showed that five ML models effectively
predict COPD (AdBoost, LR, GBC, GNB, and LightGBM; obtained AUCs above 0.8) (Table 2). It should be pointed out
that the model performance is ranked based on comprehensive indicators. AUC is most commonly used in models
ranking which reflect the discrimination, Ada performs best among the models with AUC of 0.86 and 0.84 in training and
validating set, respectively. The model surpasses the COPD-SQ and other existing models.'' In addition, to cover more
potential COPD population, the LLN standard was also used to construct the prediction model and have good
performance as well.>>—’

It has always been a challenge to interpret the ML model more comprehensively. Using SHAP values and plots to
uncover the black box of ML, we demonstrated that the ML method could explain key features and establish a high-
accuracy prediction model. First, Force plots visualized individual model prediction as a result of feature contribution,
provides an intuitive way to guide clinicians’ and patients’ decision-making and improves their understanding of how the
model makes a particular prediction. Second, the DCA curve was plotted for the clinical application of the Ada model.
The net benefit had the maximum benefit across the reasonable threshold probabilities, which means the model is the
optimal.

Given the good predictive performance of the model for binary outcomes (with COPD or not), we explored the ability
of ML to predict multi-class outcomes. The results showed that the GBC model has a good ability to detect the four grade
of COPD directly and to distinguish the four grade each other with an accuracy of 0.822. However, the relative low AUC
of predicting GOLD | may be due to the fact that some mild COPD patients and non-COPD patients share similar
symptoms, signs and risk factors, and 20% of GOLD-I stage patients may return to normal within 5 years,’*>® which
leads to difficulty in distinguishing GOLD-I stage and non-COPD. We adjusted the model threshold appropriately to
improve the predictive sensitivity for mild COPD. On the contrary, our model has a good perfomance in separating non-
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COPD and moderate-to-severe COPD (GOLD-II to IV) with a combined accuracy and AUC of 0.920 and 0.887. It will
be very useful to reduce the underdiagnosis rate of GOLD-II and above, given the fact that previous study reported
44.0% of patients with moderate to severe airflow limitations had not been correctly diagnosed before.*” In other words,
our models may have the ability to identify 83% of moderate to severe COPD patients accurately among community
population. Recent studies report that FEV,; and FEV|/FVC could be predicted by demographic, lifestyle and disease
history information.**** Our results also showed the high precision of the GBR models for predicting FEV; %pred and
FEV/FVC. These models may guide treatment among those who could not complete or not available for lung function
test.

Our models were further validated in an external cohort that included 2456 participants. Training cohort data were
mainly from rural areas, aged 40—80 years; And the validation cohort was mainly from urban areas, aged 40-65 years,
demonstrating good applicability of the models in different regions and demonstrating good performance in screening
younger populations. We also established a web page for COPD prediction based on our finally tuned and fixed models.

It can realize convenient screening in multiple scenarios such as community or medical institutions (Figure S6). https://

fevlfve-ch7jqosfvxgsv3d8paqvjl.streamlit.app/. From an implementation perspective, the proposed tool should be used

for risk stratification and referral prioritization rather than as a replacement for spirometry-based diagnosis. Most final
predictors can be collected through a brief standardized questionnaire, but their availability and recording quality may
vary across healthcare systems. Therefore, local validation and linkage to confirmatory spirometry and guideline-based

management are needed before routine implementation.

Advantage and Limitation

The results of this study were derived from a large-scale community survey and the baseline data of our prospective
cohort. The ratio of COPD to non-COPD in the training dataset closely approximates that found in the real world, which
enhances its practical value. To facilitate application, we included only nine clinical features, excluding more robust
indicators such as CT data and blood or sputum biomarkers. To address potential instability, overfitting, underfitting, and
correlated predictors associated with RFECV, we combined or filtered clinically overlapping variables and used LASSO
regression as a complementary feature-selection method. The similar AUCs of the RFECV-derived 12-feature model and
the final LASSO-refined 9-feature model supported the robustness and parsimony of the selected predictors. Because the
predictors were collected using standardized community survey questionnaires rather than routine usual-care records,
implementation in primary care would require standardized data collection. Although most final predictors can be
obtained through a brief questionnaire, their availability and recording quality may vary across healthcare systems,
and local validation is needed before routine use. Further exploration is needed to determine whether other indicators
with higher specificity exist. The cohort is still under follow-up, and prognostic indicators for COPD have yet to be
obtained. Therefore, the roles of multivariate and multi-type prediction models in evaluating the prognosis of COPD

warrant further investigation.

Conclusions

Although the risk factors for COPD have changed over time, the prediction models for “active case finding” in the
community have not been updated in decades. In this study, we constructed prediction models for COPD, especially
severity level of COPD, and FEV; %pred, FEV/FVC values using standardized machine learning techniques and data
from a large-scale community survey. ML is a novel and powerful technology in early identification of COPD. This tool
may help prioritize high-risk individuals for confirmatory spirometry in community settings, but its effects on diagnostic
yield, treatment uptake, and long-term outcomes require further prospective evaluation.
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