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Abstract

Background
Patients with chronic obstructive pulmonary disease (COPD) are at increased risk of cardiovascular
disease (CVD) events. We aimed to develop and internally validate a multimodal deep learning model
that integrates chest CT–derived lung-component information with clinical variables to predict 1-year
composite CVD events in COPD.

Methods
We enrolled COPD patients between January 2023 and January 2025 who underwent baseline thin-slice
non-contrast chest CT and completed 12-month follow-up. The primary endpoint was the first
occurrence within 12 months of a composite CVD event (acute myocardial infarction, ischaemic stroke,
hospitalisation for unstable angina, or hospitalisation for heart failure). CT images were standardised
and resampled to 1.0×1.0×1.0 mm voxels. Lung parenchyma was segmented using a U-Net–based
model; emphysema regions were identified by thresholding (HU < − 950); pulmonary vessels were
enhanced using a Frangi filter and extracted via connected component analysis. A three-branch 3D
convolutional neural network (3D-CNN) was constructed to extract imaging features from normal lung
tissue, emphysematous regions, and pulmonary vascular structures, which were fused with clinical
features (including age, smoking pack-years, and FEV1%) using an attention mechanism. The dataset
was split into training/validation/test sets (8:1:1) with stratified sampling. Discrimination and
classification metrics were reported on the independent test set; calibration was assessed using a
calibration curve, Brier score, and calibration intercept/slope.

Results
A total of 306 COPD patients were included (training n = 244, validation n = 30, test n = 32). Within 12
months, 182 composite CVD events occurred (59.5%). On the independent test set (events = 17/32), the
model achieved an AUC of 0.8588 with an accuracy of 78.12%, precision of 81.25%, recall/sensitivity of
76.47%, specificity of 80.00%, and F1-score of 0.7879. The Brier score was 0.187, with a calibration slope
of 0.435 and an intercept of − 0.606.

Conclusions
A multimodal deep learning framework combining lung-component CT features and clinical variables
demonstrated good discrimination for predicting 1-year composite CVD events in COPD. Further external
validation and calibration refinement are warranted before clinical deployment.
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Introduction
Chronic obstructive pulmonary disease (COPD) is a common chronic respiratory condition characterized
by persistent airflow limitation. Its core pathophysiological mechanisms involve multi-level and multi-
system alterations, primarily including airway obstruction, destruction of lung parenchyma, and
structural and functional remodeling of pulmonary vessels.[1] Long-term persistent airway inflammation
leads to thickening of the small airway walls, luminal narrowing, and dynamic collapse, thereby
exacerbating airflow limitation. Concurrently, alveolar wall destruction and decreased elastic recoil result
in gas trapping and pulmonary hyperinflation, which significantly increase the work of breathing and
reduce ventilation efficiency. Furthermore, chronic hypoxemia can induce pulmonary vasoconstriction,
smooth muscle hyperplasia, and vascular wall remodeling. In some patients, this progresses to COPD-
associated pulmonary hypertension, increasing right ventricular afterload and affecting systemic
circulatory function. These pathological changes not only determine the respiratory manifestations of
COPD but also lay the foundation for its multi-system complications.[2]

In recent years, increasing research has focused on the close association between COPD and
cardiovascular diseases. Epidemiological studies indicate that COPD patients have a significantly higher
risk of cardiovascular and cerebrovascular events, such as coronary artery disease, myocardial
infarction, heart failure, and stroke, compared to the general population. Cardiovascular disease has
become one of the leading causes of death in COPD patients. The risk of cardiovascular events is
particularly prominent during or shortly after acute exacerbations, suggesting that respiratory
inflammation, hypoxemia, and hemodynamic changes may act synergistically in the process of
cardiovascular injury.[3] Therefore, early identification and assessment of cardiovascular disease risk in
the COPD population hold significant clinical importance for optimizing individualized treatment
strategies and reducing the incidence of adverse events.[4]

Currently, cardiovascular disease risk assessment primarily relies on clinical risk factors, hematological
biomarkers, and cardiac imaging examinations such as cardiac CT or echocardiography. However, the
routine application of these methods in COPD patients faces certain limitations, including high costs,
complex procedures, and insufficient patient compliance. In contrast, chest CT has become the most
commonly used imaging modality in the diagnosis, phenotyping, and treatment evaluation of COPD,
offering relatively high accessibility and repeatability in clinical practice.[5]

In terms of imaging quantitative analysis, previous studies have mostly used whole-lung average-based
metrics to assess COPD, such as the low attenuation area percentage (LAA%). While these methods can
reflect the extent of parenchymal destruction to a certain degree, they overlook the spatial heterogeneity
in the distribution of different lung tissue components, making it difficult to comprehensively
characterize local structural abnormalities and their potential impact on cardiopulmonary interactions. In
fact, variations in the proportion and spatial distribution of emphysematous regions, relatively normal
lung tissue, and pulmonary vascular structures may be closely related to cardiovascular disease risk by
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influencing pulmonary vascular resistance and cardiac load, among other pathways.[6] Therefore, in-
depth exploration of chest CT imaging information at a finer tissue-structural level is of significant value.

With the rapid development of deep learning technology, segmentation and feature extraction methods
based on convolutional neural networks provide new tools for analyzing complex medical imaging
information. By performing fine segmentation of lung tissue components and extracting high-
dimensional representative features from images, it is possible to more comprehensively reflect the
structural and functional status of the lungs in COPD patients. Moreover, integrating imaging features
with clinical data to construct multi-modal fusion models may further enhance the predictive capability
for cardiovascular disease risk.[7]

Based on the above background, this study aims to use chest CT images from COPD patients as the
research subject. It will involve automatic segmentation and quantitative analysis of normal lung tissue,
emphysematous regions, and pulmonary vascular structures. Combined with deep learning methods to
extract imaging features and integrated with clinical information, a multi-modal prediction model will be
constructed to explore its application value in assessing cardiovascular disease risk in COPD patients.
Through this research, we hope to provide new imaging-based evidence for the early risk identification of
COPD combined with cardiovascular disease and offer references for formulating individualized clinical
management strategies.

Methods

Study design and setting
This was a single-centre retrospective cohort study conducted at the Fourth Affiliated Hospital of Harbin
Medical University, Harbin, China.

Ethics approval
The study protocol was approved by the institutional ethics committee and complied with the
Declaration of Helsinki .The requirement for written informed consent was waived because of the
retrospective design and the use of de-identified data.

Participants
We enrolled COPD patients between January 2023 and January 2025 who completed baseline thin-slice
non-contrast chest CT and 12-month follow-up.

Inclusion criteria were: (1) spirometry-confirmed COPD (FEV1/FVC < 70%); and (2) availability of baseline
thin-slice chest CT.
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Exclusion criteria were: (1) severe CT artefacts affecting analysis; (2) missing key clinical or follow-up
information; or (3) incomplete follow-up. (Figure 1)

Figure 1. Patient inclusion flow diagram.

Records were identified from the hospital database (Jan 2023–Jan 2025, N = 1343) and screened for
eligibility. A total of 1037 records were excluded due to missing key clinical data (n = 377), incomplete
12-month follow-up (n = 659), or severe CT artifacts affecting analysis (n = 1). The final study cohort
included 306 eligible COPD patients with baseline CT and was stratified into a training set (n = 244),
validation set (n = 30), and test set (n = 32) at an 8:1:1 ratio.

Outcome definition
Outcome definition
The primary endpoint was the first occurrence within 12 months of a composite CVD event: acute
myocardial infarction, ischaemic stroke, hospitalisation for unstable angina, or hospitalisation for heart
failure. If multiple events occurred, only the first event was recorded.[8]

Outcomes were ascertained using electronic medical records, discharge summaries and follow-up
telephone calls.[9]

CT acquisition and image preprocessing
All patients underwent thin-slice chest CT on multi-vendor spiral CT scanners (eg, Siemens and Philips).
Typical parameters included 120 kVp, automatic tube current modulation, 1.0 mm slice thickness,
512×512 matrix, pitch approximately 1.0, with iterative reconstruction.

To reduce inter-scanner variability, CT intensities (Hounsfield units) were standardised and images were
resampled to isotropic 1.0×1.0×1.0 mm voxels before analysis.

Lung-component segmentation
This study employed a deep learning network based on the U-Net architecture for the automatic
segmentation of lung parenchyma. Emphysematous regions were identified using a threshold method
(HU < − 950). The pulmonary vascular regions were first enhanced using a Frangi filter to highlight
vascular structures, followed by extraction through connected component analysis.[10]

To ensure the reliability of the segmentation results, all segmented outputs were independently visually
assessed by two radiologists, with a focus on the integrity of lung parenchyma boundaries, the accuracy
of emphysematous region identification, and the continuity of vascular structures. The evaluation results
showed that the segmentation outputs for most cases were highly consistent with the clinical
anatomical structures. Minor discrepancies were observed only in some regions with severe
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emphysema or complex vascular courses. As the primary objective of this study was the construction of
a risk prediction model, and the segmentation results were primarily used for subsequent imaging
feature extraction, a systematic quantitative evaluation of segmentation accuracy was not performed.
Instead, visual consistency assessment by the imaging physicians was adopted as the quality control
method.

Deep Learning-Based Feature Extraction and Fusion
Based on the segmentation results, this study constructed a three-branch three-dimensional
convolutional neural network (3D-CNN) to extract imaging features from normal lung tissue,
emphysematous regions, and pulmonary vascular structures, respectively. The design of the three-
branch architecture aims to independently characterize the structural heterogeneity of different lung
tissue components, preventing interference between features of distinct tissues within a single network.

Each imaging branch extracts multi-scale features through multiple layers of convolution, batch
normalization, nonlinear activation, and pooling operations. The process culminates in a global average
pooling layer to obtain fixed-dimensional imaging feature representations. The selection of clinical
variables was based on previous research and clinical availability, taking into account sample size and
variable stability. Variables such as age, smoking pack-years, and FEV1% were included as clinical input
features.

During the feature fusion stage, imaging features and clinical features were concatenated. An attention
mechanism was introduced to enhance the weighted representation of key features, followed by fully
connected layers to perform the classification task. The final output is the probability of the patient
developing a cardiovascular disease (CVD) event.(Figure 2)

Figure 2. Overview of data processing, model training, and evaluation.

Chest CT images were preprocessed (including intensity normalization and fixed-size resampling). Lung
parenchyma was automatically segmented using a U-Net–based network and further decomposed into
three components—relatively normal lung, emphysema (HU < − 950), and pulmonary vasculature (Frangi
enhancement followed by connected component analysis). The three-component information was
encoded into a single component mask and stacked with the corresponding 3D CT crop to form a two-
channel input (CT + component-encoded mask) for a multimodal model. A 3D-CNN imaging encoder
extracted imaging representations, which were fused with clinical features using an MLP-based clinical
branch (with an attention-enhanced fusion module) to predict 1-year composite cardiovascular events.
The dataset was split into training, validation, and independent test sets (8:1:1). Model performance was
evaluated using ROC curves, confusion matrices, and standard classification metrics.

Model training and internal validation
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The dataset was partitioned into training, validation, and test sets in an 8:1:1 ratio, using a stratified
sampling method to ensure a relatively balanced proportion of CVD events across the different sets.

Training employed the cross-entropy loss function and the Adam optimizer. During the training process,
the F1-score on the validation set served as the primary monitoring metric, and a learning rate scheduler
was utilized to automatically adjust the learning rate when validation performance plateaued.
Hyperparameters, including the number of training epochs, batch size, initial learning rate, and dropout
rate, were uniformly set in the training script. A fixed random seed was used throughout the experiments
to minimize randomness associated with data splitting and the training process.

Calibration assessment
In addition to discrimination metrics (AUC, accuracy, sensitivity, specificity, and F1-score), calibration
was assessed using predicted probabilities of the 1-year composite cardiovascular event. A calibration
curve was generated on the independent test set by grouping predicted probabilities into 10 uniform bins
(n_bins = 10) and comparing the mean predicted probability with the observed event rate in each bin
against the ideal line (y = x). Calibration error was quantified using the Brier score. Calibration intercept
and slope were estimated by fitting a logistic regression model of the observed outcome on the logit-
transformed predicted probability (intercept closer to 0 and slope closer to 1 indicate better calibration).
[11]

Model Evaluation Methods
Model performance was evaluated in the training, validation, and test sets. The primary evaluation
metrics included accuracy, precision, recall, F1-score, and the area under the receiver operating
characteristic curve (AUC). ROC curves were plotted to assess the model's discriminative ability. A
confusion matrix was also generated to display the distribution of classification error types, and from
this matrix, clinically interpretable metrics such as sensitivity and specificity were further reported. All
final performance results were reported on the independent test set.

To provide an interpretable baseline comparison relevant to real-world clinical scenarios, this study
constructed a clinical baseline model. Common cardiovascular risk factors were selected as
independent variables, including age, gender, smoking history (yes/no), hypertension, and diabetes. A
multivariate logistic regression model was used to predict the occurrence of a composite cardiovascular
event within one year. The model was fitted on the training set, and its discriminative ability (AUC) was
evaluated on the independent test set. Additionally, accuracy, F1-score, sensitivity, and specificity at a
threshold of 0.5 were reported. The 95% confidence interval for the AUC was obtained using bootstrap
resampling.

Results

Participant characteristics
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A total of 306 patients with COPD were included and randomly split (stratified by outcome) into a training
set (n = 244), a validation set (n = 30) and an independent test set (n = 32) at an 8:1:1 ratio. The three
datasets were mutually exclusive and derived from the same centre and enrolment framework. Baseline
demographic and clinical characteristics are summarised in Table 1.

Table 1
Baseline characteristics of the study population (N = 306)

Characteristic Value

Characteristic Overall

Age, years 69.9 ± 8.9

Male sex, n (%) 183 (59.8)

Weight, kg 61.7 ± 14.7 (n = 263)

Height, cm 164.6 ± 8.8 (n = 99)

Diabetes, n (%) 52 (17.0)

Renal insufficiency, n (%) 23 (7.5)

Other vascular disease, n (%) 127 (41.5)

Hypertension, n (%) 134 (43.8)

Coronary artery disease, n (%) 84 (27.5)

Smoking history, n (%) 195 (63.7)

Alcohol history, n (%) 64 (20.9)

Hemoglobin, g/L 138.3 ± 19.9 (n = 269)

Hematocrit, % 42.3 ± 6.0 (n = 258)

C-reactive protein (CRP), mg/L 15.76 (4.01–57.70) (n = 275)

D-dimer, mg/L 0.51 (0.33–0.85) (n = 249)

Total cholesterol, mmol/L 4.8 ± 1.1 (n = 151)

LDL-C, mmol/L 2.9 ± 0.9 (n = 136)

HDL-C, mmol/L 1.2 ± 0.3 (n = 136)

Triglycerides, mmol/L 1.3 ± 1.0 (n = 151)

B-type natriuretic peptide (BNP), pg/mL 196 (58–850) (n = 187)

Interleukin-6 (IL-6), pg/mL 20.86 (8.02–36.89) (n = 30)

Follow-up outcomes



Page 10/22

Within 12 months, 182 composite cardiovascular events occurred (59.5%, 182/306). Event rates were
61.5% (150/244) in the training set, 50.0% (15/30) in the validation set and 53.1% (17/32) in the test set.
During follow-up, 219 patients (71.6%) experienced at least one acute exacerbation, while 87 (28.4%) had
no acute exacerbations; among those with exacerbations, the mean number of exacerbations was 1.39.
Detailed outcomes are provided in Table 2.

Table 2
Follow-up outcomes within 1 year (N = 306)

Outcome Value

Composite CVD events within 1 year, n (%) 182 (59.5%)

Acute exacerbations during follow-up, n (%) 219 (71.6%)

No exacerbations, n (%) 87 (28.4%)

Mean exacerbations per patient (among those with any) 1.39

Performance of the multimodal deep learning model
Model discrimination and classification performance are presented in Table 3.

Training set (n = 244)

accuracy 85.25%; AUC 0.8794. The confusion matrix yielded sensitivity 83.33% (125/150) and specificity
88.30% (83/94) (TN = 83, FP = 11, FN = 25, TP = 125).( Fig. 3)

Figure 3. Model discrimination and classification performance in the training set (n = 244).

Receiver operating characteristic (ROC) curve and confusion matrix for the training set. The model
achieved AUC = 0.8794. Confusion matrix counts: TN = 83, FP = 11, FN = 25, TP = 125.

Validation set (n = 30)

accuracy 96.67%; precision 93.75%; recall 100.00%; F1-score 0.9677; AUC 0.9822. Sensitivity was
100.00% (15/15) and specificity 93.33% (14/15) (TN = 14, FP = 1, FN = 0, TP = 15). ( Fig. 4)

Figure 4. Model discrimination and classification performance in the validation set (n = 30).

ROC curve and confusion matrix for the validation set. The model achieved AUC = 0.9822. Confusion
matrix counts: TN = 14, FP = 1, FN = 0, TP = 15.

Test set (n = 32)

accuracy 78.12%; precision 81.25%; recall 76.47%; F1-score 0.7879; AUC 0.8588. Sensitivity was 76.47%
(13/17) and specificity 80.00% (12/15) (TN = 12, FP = 3, FN = 4, TP = 13). ( Fig. 5)
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Figure 5. Model discrimination and classification performance in the test set (n = 32).

ROC curve and confusion matrix for the independent test set. The model achieved AUC = 0.8588.
Confusion matrix counts: TN = 12, FP = 3, FN = 4, TP = 13.

On the independent test set (n = 32, events = 17), the model demonstrated acceptable calibration (Fig. 4).
The Brier score was 0.187, with a calibration slope of 0.435 and an intercept of − 0.606. The
discrimination performance remained good (AUC = 0.859).

Table 3
Performance of the deep learning model on the

training, validation, and test sets
Dataset Accuracy F1-score Loss

Training 0.8525 0.8741 0.3940

Validation 0.9667 0.9677 0.2163

Test 0.7812 0.7879 0.5906

Clinical baseline model
To provide an interpretable clinical benchmark, we fitted a multivariable logistic regression model
including age, sex, smoking history (yes/no), hypertension and diabetes (Table 4). In the full cohort,
hypertension showed the strongest association with 1-year composite events (OR 17.38, 95% CI 8.65 to
34.92; p < 0.001). Age (per 1-year increase) was associated with higher risk (OR 1.06, 95% CI 1.03 to
1.10; p = 0.001), and smoking history was also associated with events (OR 1.94, 95% CI 1.01 to 3.70; p = 
0.045). Sex and diabetes were not significantly associated with events (both p > 0.05).

Table 4
Multivariable logistic regression for 1-year composite CVD

events (N = 306)
Predictor OR (95% CI) P value

Age (per 1-year increase) 1.06 (1.03–1.10) 0.001

Male sex 0.78 (0.42–1.47) 0.449

Smoking history (yes vs no) 1.94 (1.01–3.70) 0.045

Hypertension (yes vs no) 17.38 (8.65–34.92) < 0.001

Diabetes (yes vs no) 1.58 (0.65–3.83) 0.310

Using the same stratified split (244/30/32), the clinical baseline model achieved: training set accuracy
0.6352 and F1-score 0.6764; validation set accuracy 0.6333 and F1-score 0.6207; and test set accuracy
0.4688 and F1-score 0.3704. On the test set, the confusion matrix was TN = 10, FP = 5, FN = 12 and TP = 
5, corresponding to sensitivity 29.41% (5/17) and specificity 66.67% (10/15).(Table 5) On the
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independent test set (n = 32, events = 17), the model demonstrated acceptable calibration (Fig. 6). The
Brier score was 0.187, with a calibration slope of 0.435 and an intercept of − 0.606. The discrimination
performance remained good (AUC = 0.859).

Figure 6. Calibration curve of the multimodal model in the independent test set.

Calibration plot comparing mean predicted probability and observed event rate in the test set (n = 32).
The dashed line indicates perfect calibration. Model calibration statistics are reported in the panel (Brier
score = 0.187; calibration slope = 0.435; intercept = − 0.606; AUC = 0.859).

Table 5
Performance of the clinical baseline logistic regression

model
Dataset Event / Non-event Accuracy F1-score

Training 150 / 94 0.6352 0.6764

Validation 15 / 15 0.6333 0.6207

Test 17 / 15 0.4688 0.3704

Comparison across datasets
Across the training, validation and test sets, the multimodal deep learning model showed higher
discrimination and classification performance than the clinical baseline model.

Discussion
In this single-centre retrospective cohort study of patients with COPD, we developed a multimodal deep
learning framework that integrates routine chest CT–derived lung-component representations with
clinical variables to predict 1-year composite cardiovascular events. The model showed good
discrimination in the training and validation sets and maintained performance in an independent held-out
test set, suggesting predictive potential within the current sample size. A key contribution of this work is
not simply the use of deep learning for classification but the component-level decomposition of lung
structure. By partitioning the lung into three biologically interpretable regions—relatively normal lung,
emphysema and pulmonary vasculature—and learning representations from each region separately
before multimodal fusion, the framework aims to capture structural heterogeneity in COPD in a more
organised and potentially interpretable manner for outcome-oriented risk stratification. [12]

COPD-related structural injury extends beyond airway and parenchymal changes and involves multi-
pathway alterations, including reduction and remodelling of the pulmonary vascular bed. Previous
studies have suggested that emphysema-related alveolar destruction may reduce the alveolar–capillary
bed, thereby affecting pulmonary vascular resistance and right-heart load; pulmonary vascular pruning
and perfusion abnormalities may also interact with systemic inflammation, oxidative stress and
endothelial dysfunction, potentially contributing to elevated cardiovascular risk in COPD.[13] The present
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study is designed for outcome prediction, and the observed associations between imaging phenotypes
and subsequent events do not establish causality.[14] Nonetheless, a component-level representation
may offer a more granular imaging perspective than conventional whole-lung or single-threshold metrics,
which can be limited in capturing spatially heterogeneous structural patterns. Future work that combines
interpretability approaches (eg, saliency or occlusion analyses) with comparisons against established
quantitative CT measures may help examine whether the model’s informative regions align with
plausible physiological mechanisms.

We observed higher performance in the validation set than in the test set. This pattern is common in
medical imaging deep learning studies and may be amplified under small-sample conditions. [15]The
limited size of the validation and test sets means performance estimates may be sensitive to individual
cases. In addition, although stratified sampling was used to balance event proportions, residual
heterogeneity between subsets (eg, comorbidity profiles, CT acquisition parameters and reconstruction
settings) may remain and influence generalisation. Moreover, some degree of adaptation to the training
distribution is expected during optimisation, which can manifest as reduced performance on held-out
data. Notably, the test-set AUC remained relatively high, indicating discrimination in the internal held-out
evaluation. However, given the single split and the small test set, these estimates are uncertain and
should not be overgeneralised as evidence of clinical generalisability. A more cautious interpretation is
that the model demonstrated predictive potential in an internal test set, warranting further evaluation
using repeated resampling/bootstrapping and, critically, external cohorts, together with calibration
assessment and clinical utility analyses.

A practical advantage of the proposed approach is that the imaging input is derived from routine chest
CT, which is commonly used in COPD assessment and follow-up and does not require additional tests. If
the model proves stable in multi-centre external validation and undergoes appropriate calibration and
clinical utility assessment, it could potentially be incorporated into imaging workflows to provide short-
term cardiovascular risk estimates at the time of CT interpretation or follow-up review, supporting more
refined risk stratification and targeted cardiovascular evaluation. [16]Importantly, the net benefit of any
downstream clinical action based on model predictions must be demonstrated before implementation in
real-world settings.

This study has limitations. First, it is a single-centre retrospective study with a limited sample size,
particularly in the validation and test sets, which may affect the stability of performance estimates.
Second, although multi-vendor CT scanners were included, differences in scanning protocols and
reconstruction algorithms may introduce variability, and no domain adaptation or batch-effect correction
was applied. Third, the work focused on predictive performance and did not include formal
interpretability analyses, limiting transparency regarding model decision-making. Finally, follow-up
duration was relatively short, and longer-term cardiovascular risk prediction was not assessed.
[16]Future studies should validate the model in larger, multi-centre cohorts to better assess
generalisability and clinical applicability, incorporate additional clinical indicators and longer follow-up,
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and apply interpretability and robustness analyses to enhance transparency and support translation
toward clinical use. [17]

Conclusion
In a cohort of 306 patients with COPD, we developed and internally evaluated a multimodal deep learning
framework that integrates component-level lung structural representations from routine chest CT
(relatively normal lung, emphysema and pulmonary vasculature) with clinical variables to predict 1-year
composite cardiovascular events. The model achieved AUCs of 0.8794, 0.9822 and 0.8588 in the
training, validation and test sets, respectively, and outperformed an interpretable clinical baseline model
based on common cardiovascular risk factors, suggesting that CT-derived imaging representations may
provide incremental information for short-term outcome prediction in this setting. Nevertheless, this was
a single-centre retrospective study with limited validation/test sample sizes and internal testing only;
external validation, calibration assessment and evaluation of clinical net benefit are required to
determine generalisability and real-world utility.
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Figure 1

Patient inclusion flow diagram.

Records were identified from the hospital database (Jan 2023–Jan 2025, N = 1343) and screened for
eligibility. A total of 1037records were excluded due to missing key clinical data (n = 377), incomplete
12-month follow-up (n = 659), or severe CT artifacts affecting analysis (n = 1). The final study cohort
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included 306eligible COPD patients with baseline CT and was stratified into a training set (n = 244),
validation set (n = 30), and test set (n = 32) at an 8:1:1 ratio.

Figure 2

Overview of data processing, model training, and evaluation.
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Figure 3

Model discrimination and classification performance in the training set (n = 244).

Receiver operating characteristic (ROC) curve and confusion matrix for the training set. The model
achieved AUC = 0.8794. Confusion matrix counts: TN = 83, FP = 11, FN = 25, TP = 125.

Figure 4

Model discrimination and classification performance in the validation set (n = 30).

ROC curve and confusion matrix for the validation set. The model achieved AUC = 0.9822. Confusion
matrix counts: TN = 14, FP = 1, FN = 0, TP = 15.
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Figure 5

Model discrimination and classification performance in the test set (n = 32).

ROC curve and confusion matrix for the independent test set. The model achieved AUC = 0.8588.
Confusion matrix counts: TN = 12, FP = 3, FN = 4, TP = 13.
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Figure 6

Calibration curve of the multimodal model in the independent test set.

Calibration plot comparing mean predicted probability and observed event rate in the test set (n = 32).
The dashed line indicates perfect calibration. Model calibration statistics are reported in the panel (Brier
score = 0.187; calibration slope = 0.435; intercept = −0.606; AUC = 0.859).


