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Construction of a COPD risk prediction model based on machine learning and the COPD-SQ
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Abstract Objective This study aims to construct and evaluate various machine learning models for
predicting the risk of chronic obstructive pulmonary disease (COPD) in individuals, thereby providing
data support for early screening and intervention.Methods A total of 823 subjects were selected for this
study, comprising 142 individuals in the high-risk group for COPD and 681 individuals in the low-risk
group. Data collected included demographic characteristics, smoking history, symptoms (such as cough
and shortness of breath), and scores from the Chronic obstructive pulmonary disease screening
questionnaire. Four machine learning algorithms—Logistic Regression, Random Forest, Support Vector
Machine, and XGBoost—were utilized to construct risk prediction models. The performance of these
models was assessed using 5-fold cross-validation, with evaluation metrics including accuracy, precision,
recall, Fl-score, area under the receiver operating characteristic curve (AUC), and average precision
(AP). Furthermore, a feature importance analysis was performed.Results The Logistic Regression
model exhibited superior performance, achieving an AUC of 0.982 and an AP of 0.939. This was closely
followed by the Random Forest model, which recorded an AUC of 0.975 and an AP of 0.890. Feature
importance analysis revealed that smoking history, symptoms of shortness of breath, and body weight
were significant predictors. All models demonstrated robust performance in identifying low-risk
populations, with precision values exceeding 0.93; however, variations were observed in their efficacy in
identifying high-risk populations.Conclusion Machine learning models have proven effective in
identifying individuals at high risk for COPD. Among these, the logistic regression model exhibits the
best overall performance, efficiently identifying high-risk populations and serving as a valuable clinical
auxiliary screening tool. Various models, each with distinct performance characteristics, are suited to

different clinical screening scenarios, thereby offering targeted decision-making support for the



establishment of a hierarchical and intelligent COPD screening pathway.
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regression; class imbalance; screening
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Fig. 1 Technology roadmap
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Tab. 1 Characteristics of questionnaire data

Variable Number of people  Proportion (%)

Age (years)

<53 230 27.9
53-65 396 48.1
>65 197 23.9

BMI (kg/m=F
<18.5 (Under weight) 12 1.5
18.5- <24.0 (Normal weight) 181 220
24.0- <28.0 (Normal to borderline overweight) 428 52.0
=28.0 (Overweight/obesity) 202 24.5

Body weight
mean body weight (kg, X = S) 67.2+11.5 —

Body height
mean height (m, X £ S) 1.64+0.08 —

Smoking history

Never smoked 485 58.9

Former smoker 200 24.3



Variable Number of people  Proportion (%)
Current smoker 138 16.8
Heavy smoking (=20 pack-years) 138 16.8

Exposure to biomass fuel for cooking

Exposure 76 9.2
Unexposed 747 90.8

Respiratory symptoms

Frequent cough 152 18.5
Anhelation 69 8.4
Sputum production 98 11.9
Wheezing 45 5.5

History of lung disease

History of lung disease 31 3.8
No history of lung disease 792 96.2

COPD-SQ score

Average score 10.845.9 —
Median 10 —
High-risk (=16.5 points) 142 17.3
Low-risk (<16.5 points) 681 82.7
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Fig. 2 Comparison of ROC curves of four machine learning models in predicting the risk of
COPD
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Tab. 2 Results of five-fold cross-validation



Model Accuracy Precision (high-risk) (hzic-?il;k) (}l:ifg;?r?i) AUC AP

Logistic

. 0.93 0.70 0.95 0.80 0982 0.939
Regression
Random 0.93 091 0.57 0.70 0.975 0.890
Forest
SVM 0.92 0.67 0.92 0.77 0973 0.884
XGBoost 0.94 0.77 0.81 0.79 0971 0.896

3 4 FhHLAS 2 SRR T T 18 Bk UK B 8 - 1 [ % gy 4%

Fig. 3 Precision-recall curves of four machine learning models in predicting the risk of chronic
obstructive pulmonary disease
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Fig. 4 Evaluation of the importance of risk prediction features of chronic obstructive pulmonary
disease based on the random forest algorithm
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Fig. 5 The application effect of the threshold optimization strategy for class imbalance in the
logistic regression model
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