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Purpose: During the acute phase of obstructive pulmonary disease (COPD), completing a standard pulmonary function test may be
challenging for some patients. The goal of this experiment is to develop a machine learning model that uses chest CT images for
automated diagnosis and grading of COPD patients, aiming to enhance diagnostic efficiency and accuracy.

Patients and Methods: The study retrospectively included 173 COPD patients and 176 healthy controls from December 2017 to
June 2023. Deep learning segmentation modules were used to automatically segment the obtained chest CT images for lung
parenchyma, airway, pulmonary artery, and vein. Imaging features were extracted from these segmented regions. The most reliable
and relevant features were selected using Mann—Whitney U-test with a significant p-value of 0.05 and the least absolute shrinkage and
selection operator (LASSO) method. Machine learning models were established through support vector machine (SVM) classifier in
the training set and further tested in the internal testing set. Additional tests were performed on an external testing set with 68
individuals.

Results: In the machine learning model for COPD diagnosis, the image model achieved AUC values of 0.981 and 0.977 in the
training and testing sets, with corresponding accuracies of 0.949 and 0.956 respectively. For COPD severity grading, the image model
obtained AUC values of 0.889 and 0.796 in the training and testing sets, along with accuracies of 0.784 and 0.719.

Conclusion: The machine learning model based on chest CT images can accurately predict lung function, which can assist in the
diagnosis and severity grading of COPD.

Keywords: chronic obstructive pulmonary disease, machine learning, lung parenchyma, airway, pulmonary vessels

Introduction
Chronic obstructive pulmonary disease (COPD) is a common chronic respiratory disease and ranks as the third leading
cause of death globally.! According to the 2023 Global Initiative for Chronic Obstructive Lung Disease (GOLD) report,
it is defined as a heterogencous pulmonary condition characterized by chronic respiratory symptoms (such as dyspnea,
cough, and sputum) and persistent airflow obstruction caused by airway or alveolar lesions due to long-term exposure to
toxic particles or gas.” Variations in clinical manifestations, physiological characteristics, imaging features, treatment
response, disease progression, and survival rates exist among COPD patients, resulting in irreversible pathological
changes and permanent damage to the respiratory system.® Therefore, timely diagnosis and early treatment are crucial for
delaying disease progression, extending patient lifespan, and improving quality of life.*>

The pulmonary function test (PFT) is considered the gold standard for diagnosing COPD and evaluating disease
severity. It is a simple, reproducible, and noninvasive diagnostic technique with high sensitivity, quick operation, and
comprehensive evaluation of overall pulmonary function.® However, PFT cannot solely reflect emphysema or airway
lesions in COPD patients. Additionally, some patients may have difficulty completing routine pulmonary function tests
during the acute stage of COPD or if they have pneumothorax or cardiovascular and cerebrovascular diseases.’ In clinical
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The value of Machine Learning in COPD Severity Grading ,~—+-~ | Machine learning models that combine the lung
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improved performance in diagnosing and classifying COPD
severity.

practice, CT scans are preferred for diagnosing COPD. They allow visual and quantitative evaluation of emphysema
presence, pattern, and degree in vivo.®” If chest CT images can be used to diagnose and assess severity noninvasively in
COPD patients, it may help adjust individualized treatment plans during early intervention stages of the disease while
significantly improving patient quality of life.

CT post-processing technology can provide more detailed information on pulmonary anatomical structure and
pathophysiology through segmentation, reconstruction, and quantitative measurement of lung parenchyma and bronchus,
thereby reflecting specific changes in lung lesions.'®'* Currently, artificial intelligence technology is being applied in
early screening, diagnosis, classification, treatment monitoring, and prognosis evaluation of COPD."*> 2! However, it has
not been found in existing studies that all airway and pulmonary vascular characteristics have been included in the study
of COPD. Table 1 summarizes existing chest CT techniques for assessing lung function in COPD patients, including
a concise overview of each method’s advantages and limitations.

Therefore, this experiment is conducted using chest CT images to automatically extract features of lung parenchyma,
air passages, and pulmonary vessels through a deep learning model. This enables the establishment of a machine learning
model for the diagnosis and severity grading of COPD.
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Table 1 Summary of Current Chest CT Imaging Methods for Assessing Lung Function in COPD Patients

Method Category

Evaluation Parameters

Advantages

Limitations

CT Quantitative Analysis of
Emphysema

Airway Wall Thickness

Measurement

Functional CT Imaging

Al-driven Multi-parameter

Integration Model

Pulmonary Vascular Structure
Analysis

Small Airway Lesion

Low attenuation area percentage (LAA%),
Mean lung density (MLD)

Airway wall area percentage (WA%), Lumen
area / total bronchial area (LA/TA)

Dual-energy CT pulmonary perfusion
imaging, Dynamic airway collapse evaluation
during expiratory phase CT
Automatically segment the emphysema/
airway area using deep learning and combine
clinical data to predict pulmonary function
Cross-sectional area of pulmonary vessels
(CSA), Vascular density and distribution

Air Trapping index, Ratio of expiratory

Can objectively quantify the degree of emphysema and has a high
correlation with pulmonary function test (PFT) parameters (such
as forced expiratory volume in one second, FEVI)

Can quantitatively evaluate airway remodeling and reflect the

characteristics of small airway lesions

Can evaluate pulmonary blood flow distribution and ventilation
function, and can dynamically analyze airway collapse

Can efficiently process a large amount of data, integrate imaging

and clinical parameters, and improve diagnostic accuracy

Can reflect pulmonary vascular remodeling and the risk of
pulmonary hypertension

Can indirectly evaluate small airway obstruction, and is more

May overlook local lesion heterogeneity;
Radiation dose limits the number of
repeated scans
High requirements for high-resolution CT
(HRCT); Image noise can affect the
measurement accuracy
Relies on complex post-processing
techniques; Low popularity in clinical
practice
Relies on high-quality annotated data; Poor
interpretability of the model

High technical difficulty in measuring small
blood vessels; The pathological association
mechanism with COPD is not yet clear

Requires multiple scans (expiratory phase +

Evaluation phase CT to inspiratory phase CT sensitive than traditional pulmonary function tests inspiratory phase), and has high

requirements for patient cooperation

Contributions

Multi-Dimensional Feature Integration

This study represents the first comprehensive integration of lung parenchyma, the entire airway tree, and pulmonary
vascular features into a COPD diagnostic model. This approach overcomes the limitations of conventional methods that
focus only on localized bronchi or single-modality imaging.

Enhanced Diagnostic Performance
The developed machine learning model demonstrates superior sensitivity in detecting early-stage lesions by intelligently
capturing patterns of pulmonary vascular remodeling—features often overlooked by traditional diagnostic approaches.

Clinical Application Benefits

By implementing a deep-inspiration single-phase CT scanning protocol, this method reduces radiation exposure while
maintaining high diagnostic accuracy. Its compatibility with clinical workflow standards enhances its applicability in
primary healthcare settings.

Intelligent Feature Learning

Although clinical variables such as BMI were not selected through algorithmic feature screening, the model successfully
learned latent imaging features associated with body composition via deep autoencoder techniques. This constitutes an
unexpected yet valuable advancement in non-invasive body composition assessment.

Refined Mechanistic Insights

Feature importance analysis revealed a significant association between pulmonary vein alterations and COPD progres-
sion. These findings challenge the prevailing view that pulmonary arterial remodeling dominates disease pathogenesis
and suggest novel therapeutic targets for intervention.

Materials and Methods
Data Sets

This retrospective study received approval from the Institutional Review Board (IRB) of the China-Japan Union Hospital
of Jilin University to waive the requirement for informed consent, with the reference number 2024110709. All
procedures involving human participants in this research were conducted in strict accordance with the ethical standards
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set forth by the institutional and national research committees, as well as the 1964 Declaration of Helsinki and its
subsequent amendments, or equivalent ethical guidelines. Clinical trial number is not applicable.

The study involved a retrospective data collection from 173 patients diagnosed with COPD from December 2017 to
June 2023, and 176 healthy individuals who had undergone physical examinations during the same timeframe.
Furthermore, for the purpose of external validation, we also collected data on 68 individuals undergoing physical
examinations in other hospitals from July to December 2023, comprising 33 COPD patients and 35 healthy individuals.
All participants were subjected to CT scans, with the COPD patients additionally undergoing pulmonary function tests as
part of the study protocol.

The inclusion criteria for COPD patients are as follows: 1) Meeting the diagnostic criteria of the GOLD in 2023,
which includes a post-bronchodilator FEV1/FVC ratio less than 0.70; 2) Having complete clinical and imaging data.

The exclusion criteria include: 1) Presence of large chest CT image artifacts that prevent analysis; 2) Inability to
cooperate during pulmonary function examination or failure to meet quality control requirements; 3) Congenital or
acquired thoracic deformity; 4) Presence of other pulmonary diseases such as pneumonia, bronchiectasis, lung cancer,
lung consolidation, severe pulmonary fibrosis, or other diffuse pulmonary diseases; 5) History of previous chest surgery
including lung volume reduction surgery or heart valve replacement surgery; 6) Patients with congenital bronchial
variation; 7) Mental illness or any other factors that hinder completion of this study. The process of inclusion and
exclusion is illustrated in the Figure 1.

The inclusion criteria for healthy individuals are: 1) No respiratory symptoms and no history of disease
exposure; 2) Complete clinical and imaging data. The exclusion criteria: 1) Inability to cooperate during pulmonary
function examination or failure to meet quality control requirements; 2) Presence of large chest CT image artifacts
that prevent analysis.

Diagnosis and Grading Criteria of COPD

The GOLD level was used as the diagnostic and grading criteria for COPD patients in this study. The diagnostic and
clinical grading criteria of COPD are as follows (shown in Table 2):
Diagnostic criteria: FEV1/FVC<70% after bronchodilator inhalation.

Grouping Criteria

In this study, the population of the main data set was divided into normal control group, mild COPD group, and severe
COPD group, with a total of 349 cases. There were 176 cases in the normal control group, 91 cases in the mild COPD
group, and 82 cases in the severe COPD group. In addition, a total of 68 external test subjects were included, including
35 healthy subjects, 21 cases in the mild COPD group, and 12 cases in the severe COPD group (shown in Table 3).

Muticenter dataset

Main dataset External testing dataset

] I

:- 2017.12-2023.06 Hospital A ‘l |' 2023.07-2023.12 Hospital A ‘l lr 2023.07-2023.12 Hospital B ‘l
|+ COPD n=2169 . 1+ COPD n=99 | 1|+ COPDn=24 .
* No chest CT image(n=388) 1+ healthy subjects n=176 1 1+ healthy subjects n=16 1 1+ healthy subjects n=19 '
* No y function test r (N=274) S g~ " T T T TTTTTT T bemmmmmmmmmmmm s ettt !

+ Heavy chest CT image artifact(n=26)

i ini imagi « COPDn=33 . ion(n=
« Inflammation(n=794) : Having complete clinical and imaging data : Inflammation(n=82)

« Bronchiectasis(n=252) . * COPD n=1481 ' + healthy subjects n=35 « Bronchiectasis(n=4)
« Tumor lesions(n=179) v [\e_al_th_y_su_b]_efti 'l=;‘7_5 _________ H . Tumorlesions(n:Z)‘

« Other y di is, in * Other Y ( Is, in
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* Postoperative state(n=38) « healthy subjects n=176
« thoracic deformity(n=2)

Figure | A multi-center COPD dataset establishment diagram.
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Table 2 The Classification of Airflow Limitation in Patients with COPD Based on Pulmonary Function

GOLD Classification Severity Pulmonary Function (Assessed Post-Bronchodilator Administration)
GOLD | Mild FEVI/FVC<70%, FEV| predicted280%

GOLD 2 Moderate FEVI/FVC<70%, 50%<FEV| predicted <80%

GOLD 3 Severe FEVI/FVC<70%, 30%<FEV| predicted <50%

GOLD 4 Extremely severe | FEVI/FVC<70%, FEVI<30% or FEVI predicted<50% with chronic respiratory failure.

Abbreviations: COPD, chronic obstructive pulmonary disease; GOLD, Global Initiative for Chronic Obstructive Lung Disease; FEVI, forced expiratory
volume in one second.

Table 3 Dataset Distribution for COPD Diagnosis and Severity
Assessment Tasks

COPD diagnosis dataset

Health Control | COPD | Total

Main dataset Training set 141 138 279
Internal testing set 35 35 70

Total 176 173 349

External testing set 35 33 68

COPD severity assessment dataset

Mild Severe | Total

Main dataset Training set 73 66 139

Internal testing set 18 16 34

Total 9l 82 173

External testing set 21 12 33

The specific grouping criteria were as follows:

(1) Normal control group: healthy people in the same period.
(2) Mild COPD group: patients with GOLD 1 to 2 levels.
(3) Severe COPD group: patients with GOLD 3 to 4 levels.

Image Acquisition

The patient received detailed instructions and repeated breath-holding training to ensure maximum deep inspiration
during the chest CT scan. The CT scanning was performed using Siemens, Toshiba, and GE Healthcare CT scanners with
the following parameters: tube voltage 120kvp; matrix 512x512; axial image layer thickness Smm; axial layer spacing
5Smm; reconstruction layer thickness 1mm; reconstruction layer spacing 1lmm.

Feature Extraction and Establishment of Machine Learning Model

The patient’s chest CT images were uploaded to the uAl Research Portal (Shanghai United Imaging Intelligence, Co.,
Ltd.) platform for the segmentation of lung parenchyma, airway, and pulmonary arteriovenous regions. Radiomics
features, including first-order statistics, morphology, and texture features, of the lung and lung segment were extracted
from the left, and right lung regions as well as the lung segments. At the same time, CT quantitative features, including
the volume, density, mass, and percentage of volume of the airway, airway wall, artery and vein were extracted, shown in
Figure 2. Finally, a total of 2100 radiomics features and 320 CT quantitative features were extracted from each
individual. In the model construction, firstly, the main data set was randomly divided into training set and internal
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Healthy control

Original image Lung Lung segment Airway Artery vessel Vein vessel

Figure 2 Image segmentations of lung parenchyma, airway, arteries and veins in COPD patients and healthy controls.

testing set according to a ratio of 8:2 using a stratified sampling approach. Subsequently, 5-fold cross-validation method
was used to select features and build the model based on the training set. Finally, the model with the best performance in
the 5-fold cross-validation was selected for the validation of the internal testing set and external testing set. Specifically,
the Z-score standardization method was first used to normalize the features, and then the minimum-redundancy and
maximum-relevance (MRMR) and the least absolute shrinkage and selection operator (LASSO) were used for feature
selection. The important features with the least redundancy between the most relevant features of the classification task
selected in the 5-fold cross-validation were adopted, and support vector machine (SVM) was used to build the prediction
model. Finally, the optimal model on the validation set in the 5-fold cross-validation was selected for the internal testing

set and the external testing set. The overall process of model construction is illustrated in Figure 3.

Statistical Analysis

Nonparametric statistical tests were used for comparing measurement data between groups, while the chi-square test was
employed for categorical data and Mann—Whitney U-test was adopted for the continues variables. Measurement data
were presented as mean+tstandard deviation. The predictive efficiency of the machine learning models for diagnosing and
grading COPD was evaluated using area under the ROC curve (AUC), accuracy, sensitivity, and specificity.
A significance level of P<0.05 indicated statistical significance. Calibration plots and decision curve analysis (DCA)
were analyzed to explore the correction effect and assess the clinical applicability of our proposed COPD diagnosis and
grading models, respectively. Brier scores were also calculated for each model to quantitatively verify the distance in the
probability domain and a lower score means better prediction. Confusion matrices were used to calculate the accuracy,

sensitivity, specificity, and F1-score values in the validation set, internal testing set and external testing set.
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Figure 3 The flowchart for the proposed COPD diagnosis and grading models.

Results

Study Population

The main data set included 349 subjects who underwent chest CT scanning and PFT simultaneously, comprising of
176 healthy individuals and 173 COPD patients, with a total of 208 males and 141 females. Healthy individuals had an
average age of 61.4+5 .4 years old and a body mass index (BMI) of 24.1+3.1 kg/m?, while COPD patients had an average
age of 62.4+10.0 years old and a BMI of 23.6+4.4 kg/m?. No significant difference was found between the COPD
patients and healthy subjects. In the main data set, there were mild group consisted of 91 COPD patients and severe
group consisted of 82 COPD patients. There was a statistically significant difference in BMI (P<0.05) between the mild

and severe COPD groups. The basic clinical data for both groups are shown in Table 4. The external testing set included

68 subjects, including 35 healthy people and 33 COPD patients (21 in the mild group and 12 in the severe group).

The Value of Machine Learning in the Diagnosis of COPD

In this study, three different models were constructed to assess their performance in identifying COPD: a lung

parenchyma-based model (Lung field model), an airway and pulmonary vascular-based model (Airway and Vessel

Table 4 Clinical Characteristics for the Development Dataset

Clinical Character | Healthy Subjects | COPD Patients P Mild COPD Group | Severe COPD Group P
(n=176) (n=173) (n=91) (n=82)

Age (Years) 61.4+5.4 62.4%10.0 0.173 62.9+9.6 61.9+10.4 0.609
Gender (n) 0.338 0.143
Female 76 65 31 33

Male 100 108 60 49

Height (cm) 166.3+8.1 165.4+8.0 0.371 165.8+6.6 165.0£9.2 0.316
Weight (kg) 67.1x11.7 65.6+13.9 0.196 63.2+12.0 67.7+15.2 0.089

BMI (kg/m?) 24.1+3.12 23.6+4.4 0.059 22.6+3.9 24.6+4.7 0.014
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model), and an integrated image-based model (Imaging model) incorporating all three features’ sets. The lung parench-
yma model utilized 24 important features, the airway and pulmonary vascular model employed 18 essential features, and
the integrated imaging model was constructed based on 17 selected features (Figure 4).

Comparative analysis revealed that the evaluation metrics of the integrated imaging model surpassed those of the
individual models in both main dataset and external testing set with AUC values of 0.981 in the training set, 0.977 in the
internal testing set, and 0.965 in the external testing set, respectively. For the decision curve analysis, the integrated
imaging model achieved the highest net benefit compared to the other models at nearly entire ranges of the probability
threshold. Additionally, the calibration curve analyses also indicated that the imaging model have the best agreement
between observation and prediction to evaluate COPD patients and healthy controls with the lowest Brier scores in both
the main dataset and the external testing set (Figure 5). Confusion matrices of the validation set, internal testing set, and
external testing set were shown in the Figure 6. Note that, For the validation set, the confusion matrix was constructed by
aggregating (summing) all validation samples across the 5 folds, which reflects the full validation sample size. For the
internal testing set and external testing set, we first computed a confusion matrix for each fold, then calculated the
average of these fold-specific matrices and rounded the values to the nearest integers to maintain the interpretability of
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Figure 4 The selected features used for the integrated imaging model for COPD diagnosis.
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Figure 5 COPD diagnosis performance using the machine learning model. Receiver operating characteristic (ROC) curves (A), decision curve analysis (B) and calibration
curve analysis (C) of the training set, validation set, internal and external testing set, respectively.

sample counts. The performance metrics for these sets are derived from these averaged (and rounded) confusion
matrices, providing a balanced representation of model performance across folds (shown in Table 5).

The Value of Machine Learning in COPD Severity Grading

In the establishment of COPD severity grading model, we first constructed a comprehensive imaging model based on
lung parenchyma, airway, and pulmonary vessels features. Through 5-fold cross-validation, we selected 24 important
features and built the model using SVM. Additionally, we included the statistically significant BMI variable (P<0.05)
from patient’s clinical data along with the selected imaging features to construct an imaging and clinical combined COPD
severity grading model. The results demonstrated that the AUC values of the imaging model were 0.889, 0.828, 0.796,
and 0.813 in the training set, validation set, internal testing set, and external testing set respectively. Similarly, AUC
values of the combined model were 0.887, 0.828, 0.777, 0.811 in these respective sets as well (shown in Table 6 and
Figure 7). Confusion matrices of the validation set, internal testing set, and external testing set were shown in the

Figure 8.

Discussion

The machine learning-based imaging model, constructed on the features of lung parenchyma, airway structures, and
pulmonary vessels, demonstrated robust predictive capability for both diagnosing and severity grading of COPD in this
study. The employed machine learning model utilized chest CT images to accurately identify key features of lung tissue
as well as all airways and pulmonary vessels, thereby inferring lung function. In comparison with quantitative CT
methods reported in previous studies within this field, our developed machine learning model exhibited significantly
superior diagnostic performance for COPD patients. This breakthrough holds immense significance in terms of delaying

disease progression, extending patient lifespan, and enhancing overall quality of life.
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Figure 6 Confusion matrix of COPD diagnosis in validation set, internal and external testing set.

Studies have demonstrated that changes in vascular morphology on chest CT scans can provide valuable information
regarding pulmonary hypertension, which is caused by remodeling of the pulmonary vessels and alterations in cardiac
morphology.?' Additionally, segmented vessels can also indicate abnormal perfusion.”” Therefore, in this study, both the

Table 5 Diagnostic Performance of COPD Machine Learning Model

Model Dataset AUC | Accuracy | Sensitivity | Specificity | F-score
Lung field model Training set 0.895 0.830 0.826 0.833 0.828
Validation set 0.799 0.720 0.739 0.702 0.723
Internal testing set | 0.878 0.809 0.853 0.765 0.817
External testing set | 0.784 0.721 0.697 0.743 0.708
Airway and Vessel model Training set 0.980 0.947 0.944 0.95 0.946
Validation set 0.957 0.889 0.877 0.901 0.886
Testing set 0.953 0.899 0914 0.882 0.901
External testing set | 0.946 0.881 0818 0.941 0.871

(Continued)
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Table 5 (Continued).

Model Dataset AUC | Accuracy | Sensitivity | Specificity | F-score
Imaging model Training set 0.981 0.949 0.937 0.961 0.948
Validation set 0.966 0.900 0.877 0.922 0.896
Internal testing set | 0.977 0.956 0.941 0.971 0.955
External testing set | 0.965 0.924 0.844 1.000 0915
Table 6 Grading Performance of COPD Machine Learning Model
Model Dataset AUC | Accuracy | Sensitivity | Specificity | F-score
Imaging model Training set 0.889 0.784 0.757 0.808 0.768
Validation set 0.828 0.712 0.740 0.682 0.730
Internal testing set | 0.796 0.719 0.765 0.667 0.743
External testing set | 0.813 0.742 0.800 0.636 0.800
Combined model Training set 0.887 0.779 0.773 0.784 0.768
Validation set 0.828 0.719 0.740 0.697 0.735
Internal testing set | 0.777 0.719 0.765 0.667 0.743
External testing set | 0.811 0.710 0.750 0.636 0.769

cardiac and pulmonary vascular trees were automatically segmented and comprehensively evaluated, resulting in a more

comprehensive and convincing analysis compared to previous studies that only focused on lung tissue segmentation.

Furthermore, previous research has indicated that chest CT scans can be utilized to measure bone mineral density, which

serves as a better indicator of body fat and muscle distribution.*® It should be noted that body fat distribution may impact
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Figure 7 COPD severity grading performance using the machine learning model. Receiver operating characteristic (ROC) curves (A), decision curve analysis (B) and
calibration curve analysis (C) of training set, validation set, internal and external testing set.
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Figure 8 Confusion matrix of COPD severity assessment in validation set, internal and external testing set.

lung capacity,* thus, assessment indicators such as BMI that reflect overall health could potentially affect the evaluation
of lung function. In this experiment, when using the feature screening method to select imaging and clinical features for
assessing COPD severity in machine learning, no clinical features are chosen by the algorithm. Therefore, a combined
model is constructed by directly combining clinical features (BMI) with the selected imaging-based features that show
statistical significance at P<(0.05 in the clinical results. The findings suggest that incorporating a single BMI clinical
variable has minimal impact on model performance and may even lead to slight reduction instead. This could be due to
other unconsidered clinical factors or automatic extraction of imaging features including BMI characteristics of
responsive patients by the machine learning model during construction. Hence, in this comparison, we utilize the
imaging model instead of the combined model.

Compared to previous studies that utilized quantitative CT parameters (the extent of emphysema (Low Attenuation
Area Percentage at —950 Hounsfield Units, LAA%_gys(), airway wall thickness (WT), airway wall area (WA%), etc.) for
assessing lung function, the machine learning model we built demonstrates higher efficiency in detecting severe cases of
COPD.**° This could be attributed to the fact that small airway obstruction in COPD primarily occurs in bronchi with
a diameter less than 2mm, and manual measurement of CT-based quantitative parameters based on bronchial contour
may have certain inaccuracies. Previous experiments have observed changes in LAA%_o5o values during the evaluation
of quantitative CT parameters between COPD patients and healthy controls.”” This difference can be attributed to the
complex pathological mechanism of COPD, which depends not only on pulmonary parenchyma factors but also on
airway and pulmonary vascular elements. Some patients may exhibit extensive emphysema while others with similar
dysfunction present an airway dominance phenotype. In this study, lung tissue, small airways, and pulmonary blood
vessels were segmented and analyzed. The established model exhibits higher diagnostic efficiency and can help prevent
complications such as pulmonary heart disease, arrhythmia, and heart failure caused by delayed diagnosis. Timely
diagnosis can help prevent complications such as pulmonary heart disease, arrhythmia, and heart failure, ultimately
influencing patient prognosis.

In this experiment, our focus was on extracting the characteristics of lung parenchyma, pulmonary arteries and veins,
and trachea. The experimental results demonstrate that our extraction of lung tissue and airway features primarily
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emphasizes morphological features and first-order radiomics features, such as image gray difference and texture features.
These extracted features provide valuable information regarding the structure of the lung and airway. Specifically,
morphological features encompass the shape, size, distribution of lung parenchyma, as well as the morphology and
branching patterns of the airway. Through analyzing these morphological features, we can comprehend both structural
and functional changes in the lung which serve as a foundation for further clinical diagnosis and treatment. First-order
radiomics features, such as image gray difference and texture characteristics, play a crucial role in the evaluation of
pulmonary tissue density and texture. These features are the primary indicators of radiological changes in the lungs and
can provide valuable insights into the underlying pathological processes. Image gray difference, for instance, refers to the
variation in pixel values within an image. In the context of pulmonary imaging, it represents the variation in lung density,
which can be an indicator of disease severity. Increased gray difference may suggest areas of consolidation or fibrosis,
while decreased gray difference may indicate air trapping or atrophy. Texture characteristics, on the other hand, refer to
the spatial distribution of gray values in an image. They can be used to quantify the heterogeneity of lung tissue and
provide information about the organization of the parenchyma. Texture characteristics such as coarseness, smoothness,
and regularity can be used to differentiate between healthy and diseased lungs, thereby assisting us in evaluating disease
severity and development trends.

The lung parenchyma and five pulmonary segments’ horizontal bronchial trees were analyzed by ZHANG et al to establish
a deep learning model for COPD diagnosis,*® of which the results showed that the AUC value of the external testing set was
0.899, with an accuracy of 0.817, sensitivity of 0.810, and specificity of 0.835. Compared to ZHANG’s study, our proposed
model based on lung parenchyma, airway, and pulmonary vessels in this research exhibited significantly superior prediction
performance. Including additional airway and pulmonary vascular characteristics improved both the objectivity and diagnostic
ability of the prediction model for COPD. Gonzalez G et al, using a subset of chest CT images, constructed a deep learning
model which yielded an AUC value of 0.856 for COPD diagnosis - considerably lower than the predictive performance
observed in this study.”’ Other deep learning or radiomics models developed separately for the lung segment or lung and
tracheal segment showed varying degrees of incompleteness compared with this experiment.'**-!

This study has several limitations. First, the small sample size—173 COPD patients and 176 healthy controls—may
affect the reliability and reproducibility of the findings. Larger cohorts are needed to improve statistical power. Second,
disease severity was classified solely based on FEV1% predicted values, grouping patients into only mild and severe
categories. This binary system may oversimplify clinical heterogeneity. A multi-tiered classification system that includes
moderate stages and additional clinical data could enhance model applicability. The retrospective design introduces
selection bias due to strict adherence to GOLD criteria, limiting how well results apply to broader COPD populations.
External validation included only 68 participants from multiple institutions, restricting generalizability across demo-
graphics, regions, and clinical settings. Finally, the machine learning models are computationally intensive and rely on
specific imaging protocols and algorithms, which may limit their use in low-resource settings or with alternative
diagnostic tools. While our study focuses on evaluating SVM for COPD analysis, we acknowledge the potential of
methods proposed by Hussain et al such as their soft voting ensemble framework and hybrid feature engineering pipeline
integrating recursive feature elimination (RFE) with clinical domain expertise.*”> These approaches may complement our
work by addressing challenges like model generalization and class imbalance. In future research, we plan to integrate and
analyze such methods to optimize COPD diagnosis and severity assessment frameworks.

Conclusions

Machine learning models that integrate the lung parenchyma, airways, and pulmonary vessels demonstrate optimized
performance in diagnosing and classifying the severity of COPD. This can aid in guiding personalized management
strategies and enhancing disease outcomes by providing quantitative information and facilitating early and precise
diagnoses through structural assessment.

Abbreviations
COPD, obstructive pulmonary disease; PFT, pulmonary function tests; FEV1, forced expiratory volume in one second;
LAA%, Low attenuation area percentage; WA%, Airway wall area percentage; WT, wall thickness; LASSO, least
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absolute shrinkage and selection operator; SVM, support vector machine; GOLD, Global Initiative for Chronic
Obstructive Lung Disease; MRMR, minimum-redundancy and maximum-relevance; AUC, area under the ROC curve;
DCA, decision curve analysis; RFE, recursive feature elimination.
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