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Abstract
Background  Chronic obstructive pulmonary disease (COPD) is underdiagnosed with the current gold standard 
measure pulmonary function test (PFT). A more sensitive and simple option for early detection and severity 
evaluation of COPD could benefit practitioners and patients.

Methods  In this multicenter retrospective study, frontal chest X-ray (CXR) images and related clinical information 
of 1055 participants were collected and processed. Different deep learning algorithms and transfer learning models 
were trained to classify COPD based on clinical data and CXR images from 666 subjects, and validated in internal test 
set based on 284 participants. External test including 105 participants was also performed to verify the generalization 
ability of the learning algorithms in diagnosing COPD. Meanwhile, the model was further used to evaluate disease 
severity of COPD by predicting different grads.

Results  The Ensemble model showed an AUC of 0.969 in distinguishing COPD by simultaneously extracting fusion 
features of clinical parameters and CXR images in internal test, better than models that used clinical parameters 
(AUC = 0.963) or images (AUC = 0.946) only. For the external test set, the AUC slightly declined to 0.934 in predicting 
COPD based on clinical parameters and CXR images. When applying the Ensemble model to determine disease 
severity of COPD, the AUC reached 0.894 for three-classification and 0.852 for five-classification respectively.

Conclusion  The present study used DL algorithms to screen COPD and predict disease severity based on CXR 
imaging and clinical parameters. The models showed good performance and the approach might be an effective 
case-finding tool with low radiation dose for COPD diagnosis and staging.
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Background
Chronic obstructive pulmonary disease (COPD) is a 
common pulmonary disease characterized by persistent 
respiratory symptoms and airflow limitation that is due 
to airway and/or alveolar abnormalities mainly caused by 
cigarette smoking [1]. Despite many decades of research 
on the pathogenesis and treatment of COPD, the medi-
cal community has failed to decrease its morbidity and 
mortality to the same degree that has been achieved in 
other major noncommunicable diseases, An important 
factor contributing to this slow progress may be that he 
previous COPD definition showed limitations as the lack 
of identification of the disorder at its early stages in the 
absence of flow limitation [2]. The proposed solutions are 
aimed to encourage novel treatments and translational 
studies: incorporating into the definition objectivable 
early computed tomography (CT) scan changes [3]. Epi-
demiological studies have shown that COPD is the third 
leading cause of death and accounts for 5% of all deaths 
worldwide each year [4]. The overall prevalence of COPD 
in people aged 40 years and older was 12.64% (95% CI 
10.75%-14.65%) and 7.38% [5]. About a quarter of adults 
over 40 years have moderate airflow limitations, yet most 
of them are unaware of their conditions [6]. Early diag-
nosis of COPD is critical for early self-management and 
timely therapy to improve the overall prognosis [7, 8]. 
However, a considerable proportion of COPD patients 
are undiagnosed. An estimate of over 40% of COPD 
patients remain undiagnosed, particularly in develop-
ing countries [9, 10], and only 12% of individuals with 
chronic airflow limitations had a previous spirometry-
defined COPD diagnosis during the recent screening of 
57,779 participants in China [11].

The conventional diagnosis and staging measure of 
COPD is pulmonary function test (PFT) according to the 
Global Initiative for Chronic Obstructive Lung Disease 
(GOLD) diagnostic criteria [12]. However, spirometry 
strongly depends on patients’ cooperation and COPD 
can either be misdiagnosed or missed entirely when 
using spirometry alone [13]. The 2017 GOLD report rec-
ommended that therapy should be based on clinical cri-
teria rather than isolated PFT [14]. Furthermore, due to 
the shortage of experienced spirometry experts in poor 
areas of developing countries, it’s hard to use PFT to 
screen asymptomatic patients in regular health examina-
tion on a large scale. Consequently, the need to develop 
new tools for early detection of COPD arises, and cost-
effective strategies for case-finding are urgently needed.

In the past few years, growing evidences have shown 
that chest quantitative computer tomography (CT) has 
potential in COPD diagnosis and stratification [15–18]. 
CT-based imaging can help improve COPD detection 
and evaluation in patients who cannot undergo PFT [19]. 
In a recent study, deep learning (DL) models that utilize 

computed tomography (CT) image data were developed 
for automated detection and staging of spirometry-
defined COPD. The result showed chest CT-DL approach 
could automatically identify spirometry-defined COPD 
and categorize patients according to the GOLD scale 
[11]. In the research reported by Lin Zhang, et al., they 
trained and tested the deep convolutional neural net-
work (CNN) based on CT images of lung parenchyma 
and bronchial wall to determine the presence of COPD 
and GOLD staging, using PFT as reference, so as to infer 
lung function and determine the existence and severity of 
COPD. The result demonstrated that CNN can identify 
emphysema and airway wall remodeling on CT images 
to infer lung function and determine the existence and 
severity of COPD. As the CNN reached AUCs of 0.853 
to determine the presence of COPD in the training and 
external test cohorts, and the accuracies of CNN to 
determine COPD GOLD grade in three- and five- clas-
sifications were 77.4 and 67.9%, respectively [20]. How-
ever, another recent study has shown that PFT results are 
not linearly correlated with CT lung attenuation areas in 
COPD patients [21], while the high radiation exposure is 
another important factor needed to be taken into account 
[22, 23]. The radiation exposure associated with CT has 
limited its use for COPD detection or frequent follow-up 
examinations to monitor disease progression [24]. Chest 
X-ray (CXR) is usually the first diagnostic tool used in 
evaluating patient’s lungs. Pulmonary emphysema is the 
main component of COPD characterized by permanent 
dilation of air spaces distal to terminal bronchioles [25]. 
Conventional CXR is commonly used to demonstrate 
the presence of emphysema in patients with suspected 
COPD [26–28]. It’s highly accurate for advanced emphy-
sema [29], but only moderately sensitive in patients with 
mild to moderate emphysema [30–32]. Recently, machine 
learning (ML) technology is being assessed to perform 
medical tasks in almost every field of practice [33]. It has 
been successfully used in automated interpretation of 
PFT for differential diagnosis of obstructive lung diseases 
and COPD detection based on HRCT images [34–36]. 
However, none of the previous studies have used deep 
learning (DL) to predict COPD based on CXR images.

In the present study, we used DL algorithms to detect 
COPD and predict disease severity based on CXR imag-
ing and clinical parameters, with the purpose to screen 
potential COPD patients while minimizing the need for 
additional radiographic examination. We hypothesized 
that applying DL algorithms to clinical and CXR imag-
ing features would improve early diagnosis and prognosis 
prediction in COPD.
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Methods
Study population
This was a multicenter retrospective study performed at 
the Third Affiliated Hospital of Sun Yat-sen University, 
the Third Affiliated Hospital of Sun Yat-sen University. 
Lingnan Hospital, the Six Affiliated Hospital of Guang-
zhou Medical University, Qingyuan People’s Hospital, 
and Huazhou Hospital of Traditional Chinese Medical. 
The data included frontal CXR images and clinical infor-
mation of 1055 participants (535 patients with COPD 
and 520 controls) from outpatient, inpatient, and physical 
examination center settings between January 2019 and 
December 2021. This study was reviewed and approved 
by the Ethics Committee of the Third Affiliated Hospital 
of Sun Yat-sen University and requirements for written 
informed consent were waived due to the retrospective 
nature of the research.

Frontal images were identified by searching image 
databases for CXRs of the patients who also received 
PFT within one week, whereas lateral radiographs and 
oblique views were excluded. COPD diagnosis was 
confirmed by forced expiratory volume in 1  s (FEV1) 
to forced vital capacity (FVC) ratio less than 0.7 after 
inhalation of bronchodilators according to GOLD 
2018. The severity of COPD is graded as GOLD 1 
(FEV1%pred ≥ 80%), GOLD 2 (50%≤FEV1%pred < 80%), 
GOLD 3 (30%≤FEV1%pred < 50%), and GOLD 4 
(FEV1%pred < 30%), as depending on the FEV1%pred 
value of PFT based on GOLD 2018. Since the diagnosis 
and severity of COPD depend on GOLD level based on 

PFT result, this study used the GOLD level as a reference 
standard to classify patients.

As COPD usually occurs in patients older than 40 years 
[6], all the subjects included in the present study were 
> 40 years old. The exclusion criteria were: (1) pregnant 
women; (2) other pulmonary diseases with abnormal 
CXR presentations, such as bronchiectasis, pulmonary 
fibrosis, atelectasis, pulmonary infectious disease, active 
pulmonary tuberculosis, pleural effusion, lung cancer, 
and pneumothorax; (3) severe renal insufficiency, severe 
liver disease, human immunodefciency virus, or other 
immune-related diseases; (4) previous chest surgery; 
(5) severe cardiac insufficiency; (6) in the acute phase 
of COPD. A total of 1224 subjects ranging in age from 
41 to 86 years were recruited. Spirometry data, demo-
graphic information, smoking history, clinical indices 
and manifestations information were collected using a 
standardized data collection form. After excluding cases 
with incomplete clinical data (57 cases), substandard pul-
monary function (42 cases), and poor CXR image quality 
(70 cases), finally 1055 participants were enrolled in the 
cohort. The 950 subjects recruited from the Third Affili-
ated Hospital of Sun Yat-sen University and the Third 
Affiliated Hospital of Sun Yat-sen University. Lingnan 
Hospital were randomly split into training set and inter-
nal test set, with a ratio of 70%:30% (Fig. 1). For the train-
ing set (n = 666), 49.4% were COPD patients (n = 329). Of 
the 284 subjects in internal test set, 49.3% (n = 140) were 
COPD patients. The 105 participants (66 COPD patients 
and 39 control subjects) from the Six Affiliated Hospital 
of Guangzhou Medical University, Qingyuan People’s 
Hospital, and Huazhou Hospital of Traditional Chinese 
Medical were used for external test set.

Demographic and clinical characteristics
A total of 1055 participants were finally included in the 
study: 535 COPD patients and 520 control subjects. 
The median age of COPD patients was higher than that 
of non-COPD participants (67 vs. 63, P < 0.001) and the 
majority of the COPD cohort was male (87.85%), which 
was consistent with COPD gender distributions in 
China [6]. A higher proportion of smokers (78.50% vs. 
20.96%, P < 0.001), a reduced FEV1% (55.02% vs. 92.33%, 
P < 0.001), and a lower BMI (22.10 vs. 24.13, P = 0.001) 
were evident among COPD patients compared to con-
trol group. In addition, the symptoms of cough, sputum, 
and dyspnea were more common in COPD patients than 
in control subjects (77.94%, 51.40%, 50.47% vs. 13.46%, 
8.46%, 2.31%, respectively). The percentages of stage 1, 
2, 3, and 4 spirometry-defined COPD subjects on the 
GOLD scale were 18.50%, 42.06%, 25.61%, and 13.83%, 
respectively. Detailed demographic and clinical charac-
teristics for the participants were provided in Table 1.

Table 1  Demographic and clinical characteristics
Demographic characteristics Control 

(n = 520)
COPD 
(n = 535)

P 
value

Sex, %male (n) 55.19 (287) 87.85 (470) P < 0.01
Age, M (IQR) 63 (41–85) 67 (45–86) P < 0.01
BMI, mean (SD) 24.13 ± 3.29 22.10 ± 3.32 P = 0.01
Smoking, % (n) 20.96 (109) 78.50 (420) P < 0.01
Cough, % (n) 13.46 (70) 77.94 (417) P < 0.01
Sputum, % (n) 8.46 (44) 51.40 (275) P < 0.01
Dyspnea, % (n) 2.31 (12) 50.47 (270) P < 0.01
C02 retention, % (n) 0.96 (5) 14.21 (76) P < 0.01
Respiratory failure, % (n) (0) 7.85 (42) P < 0.01
FEV1% predicted, mean (SD) 92.33 ± 17.69 55.02 ± 19.82 P < 0.01
FEV1/FVC 85.17 ± 7.17 57.24 ± 11.31 P < 0.01
GOLD stage, % (n)
1 NA 18.50 (99) NA
2 NA 42.06 (225) NA
3 NA 25.61 (137) NA
4 NA 13.83 (74) NA
Abbreviations COPD, chronic obstructive pulmonary disease; BMI, body mass 
index; M (IQR), median, interquartile range; SD, standard deviation; NA, not 
applicable; CO2: carbon dioxide; FEV1, forced expiratory volume in 1 s; FVC, force 
vital capacity; GOLD, the global initiative for chronic obstructive lung disease
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Data preprocessing
The data set consisted of clinical information and CXR 
images. The clinical information contained nine char-
acteristics in all: gender, age, average body mass index 
(BMI), history of smoking, cough, expectoration, carbon 
dioxide retention, (arterial partial pressure of carbon 
dioxide greater than 45mmHg), dyspnea, respiratory fail-
ure (arterial partial oxygen pressure less than 60mmHg, 
with or without elevated carbon dioxide levels) and so 
on. Identity information including patient’s name, hos-
pitalization ID and other DICOM information were 
removed from CXR images. In two classifications, the 
data were divided into normal control subjects with-
out COPD (n = 520) and patients with COPD (n = 535). 
In three-classifications, the data were divided into three 
groups, normal (n = 520), GOLD 1/2 (n = 318), and GOLD 
3/4 (n = 217), while in five-classifications, the data were 
divided into five groups, including normal (n = 520), 
GOLD 1 (n = 99), GOLD 2 (n = 225), GOLD 3 (n = 137), 
and GOLD 4 (n = 74).

Development of the COPD detection and COPD staging 
model
We first studied the comparison between normal control 
subjects and patients with COPD based on clinical data 
only. Clinical information were preprocessed through 
sk-learn’s data preprocessing interface StandardScaler, 
by filling in the missing values and standardizing the 
data to (-1, 1) interval. Three classical machine learning 
algorithms, decision tree, support vector machine and 
random forest were selected for modeling. The random 

forest algorithm showing best area under the curve 
(AUC) was determined to be the best algorithm for fea-
ture mining and extraction of clinical inform clinical 
information. For classification of CXR images, we gener-
ally chose transfer learning for modeling. Three classical 
deep learning convolution neural networks such as Effi-
cientNet-B5, ResNet50 and DenseNet were selected for 
modeling [37–39]. The EfficientNet-B5 algorithm show-
ing best AUC was determined to be the best algorithm 
for feature extraction of CXR images.

As referred to a previous study [40], we next input the 
clinical information into the random forest model and 
synchronously input CXRs input the EfficientNe-B5 
model to get the corresponding prediction probability 
values of the two modal data. Finally, the two prediction 
probability values were averaged to get the final predic-
tion value. This kind of model which combined the fea-
tures of the clinical information model with the features 
of the image model was called Ensemble model. Based on 
the Ensemble model algorithm for simultaneous extrac-
tion of text and images, we were able to make more com-
prehensive use of data and diagnose more accurately. 
Finally, the Ensemble model was used to model three-
classification and five-classification problems as well (as 
shown in Fig. 1).

Statistical analysis
Measurement data with normal distribution were pre-
sented as mean ± standard deviation (SD), which can 
reflect the overall trend and degree of variation, while 
data with non-normal distribution were presented as the 

Fig. 1  Diagram of the study procedure. (A) The inclusion and exclusion flow chart of the dataset; (B) Flowchart for proposed COPD detection and staging 
prediction model. Deep learning models were trained to classify COPD based on CXR images or clinical features only. The best two models were selected 
and mixed as a new model for simultaneously extracting clinical data and CXR images to identify COPD. COPD, chronic obstructive pulmonary disease; 
GOLD, the global initiative for chronic obstructive lung disease; PEF, pulmonary function test; CXR, chest X-ray; BMI, body mass index; AUC, area under 
the curve
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median (M) and upper and lower quartile spacing (IQR), 
not affected by extreme values. Categorical variables were 
presented as numbers (%). The Wilcoxon signed-rank or 
Kruskal-Wallis tests were used for numerical variables, 
because they are non-parametric tests and suitable for 
quantitative data with non-normal distribution and do 
not need to satisfy normality. Fisher exact tests were 
used for categorical variables, and it is sensitive to small 
sample sizes. Statistical analysis was performed using the 
IBM SPSS statistics 20.0 software (SPSS). For two-way 
classification, the threshold of CNN-derived confidence 
was determined by the maximum value of AUC. The con-
fidence threshold is determined by AUC maximization, 
which can achieve the best precision and recall ratio bal-
ance. The diagnostic performance of CNN was evaluated 
by AUC, accuracy, sensitivity, specificity, and F1 score. 
F1 score is the harmonic average of model accuracy and 
recall in machine learning. These indexes can be used to 
evaluate the application value of CNN model.

Results
Determining the presence of COPD
Of the three machine learning algorithms used to clas-
sify COPD based on clinical information only, the ran-
dom forest algorithm showed best performance for 
detecting COPD in the internal test set, with an AUC of 
0.963, while the sensitivity, specificity, NPV, PPV, and F1 
score were 0.940, 0.880, 0.940, 0.890 and 0.910, respec-
tively. The Random Forest improves generalization abil-
ity through ensemble learning and utilizes randomness 
and multiple decision trees to increase robustness against 
noise, making it more suitable for clinical information 
classification problems with limited samples and complex 
distributions, thus outperforming SVM and a single deci-
sion tree. When using deep learning to predict COPD 
only based on CXR images, the EfficientNet-B5 algorithm 
exhibited relatively robust performance, with an AUC of 
0.946. The EfficientNet achieves the best balance among 
accuracy, parameter amount, and computational cost 
through automated neural architecture search, efficient 
network module design, extensive data augmentation and 

optimization techniques, making it outperform ResNet 
and DenseNet on image classification tasks.

We subsequently applied Ensemble model to distin-
guish COPD by simultaneously extracting fusion fea-
tures of clinical parameters and CXR images. The model 
showed an AUC of 0.969, slightly higher than better than 
that used clinical parameters or images only. We further 
incorporated Friedman’s statistical test and post hoc mul-
tiple comparisons into the analysis for more accurate 
comparison between these differences referring to the 
methods used in the previous studies [41, 42]. Friedman 
test was performed using the scipy library, resulting in a 
Friedman Statistic of 9.851 and a corresponding p-value 
of 0.00725, indicating significant differences among the 
groups. Subsequently, post hoc multiple comparisons 
were conducted using the scikit-posthocs library, spe-
cifically employing the Nemenyi test to discern specific 
group differences. The significance level between random 
forest and Ensemble is relatively high, suggesting that 
the differences between them are not highly significant. 
However, the significance levels between EfficientNet 
and Ensemble, as well as between EfficientNet and ran-
dom forest, are relatively low, indicating significant differ-
ences between these pairs. It indicated that the Ensemble 
model simultaneously extracting fusion features of clini-
cal parameters and CXR images could make more com-
prehensive use of data and diagnose more accurately 
(Fig. 2). Other measurements, including sensitivity, spec-
ificity, PPV, NPV, and F1 score were 0.960, 0.860, 0.870, 
0.960 and 0.920 respectively, as summarized in Table 2.

External test was further performed with the Ensemble 
model to verify the generalization ability of the learn-
ing algorithms in diagnosing COPD. It showed an AUC 
of 0.934 in COPD prediction based on the external test 
set, just slightly declined compared to that in internal test 
(Fig. 2).

Prediction performance of COPD staging
We next used the Ensemble model to evaluate dis-
ease severity of COPD by predicting different GOLD 
stages according to clinical data and CXR images. For 

Table 2  Prediction performance of DL models for COPD based on CXR images and clinical data in internal test
Based on CXR images only Based on clinical data only Multi-mode

EfficientNet ResNet50 DenseNet Random Forest Support Vector Decision Tree Ensemble
AUC 0.946 0.942 0.934 0.963 0.953 0.887 0.969
ACC 0.890 0.880 0.880 0.910 0.910 0.890 0.920
PPV 0.860 0.860 0.840 0.890 0.880 0.860 0.870
NPV 0.910 0.890 0.920 0.940 0.950 0.920 0.960
Sensitivity 0.910 0.890 0.920 0.940 0.960 0.920 0.960
Specificity 0.860 0.860 0.830 0.880 0.860 0.850 0.860
F1 0.890 0.880 0.880 0.910 0.920 0.890 0.920
Abbreviations DL, deep learning; CXR, chest x ray; COPD, chronic obstructive pulmonary disease; AUC, area under the curve; ACC, accuracy; PPV, positive predictive 
value; NPV, negative predictive value; F1, false positive rate
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three-classification, the AUC reached 0.894 and the 
accuracy was 0.79 (shown in Fig. 3). In five-classification 
model, the AUC value slightly declined to 0.852, with an 
accuracy of 0.52 (eTable 1).

Interpretability of clinical information and feature 
extraction visualization
Through the feature importance interface of random 
forest, we could rank the importance of 9 kinds of clini-
cal information to model decision-making in ascending 
order. For two classifications, three classifications and 
five classifications, different weight distribution maps 
were shown in Fig. 4 respectively.

Gradient-weighted class activation mapping (Grad-
CAM) was applied to visualize feature extraction by 
using a heatmap, the main signature lesions related to 
COPD detection in CXR images, such as emphysema 
was manifest as increased values in the GradCAM results 
(eFigure 1 in the supplement).

Discussion
In this multicenter retrospective study, we used deep 
learning algorithms to predict COPD based on clinical 
parameters and CXR images, with the purpose to find 
a more sensitive and simple option for early detection 
of potential COPD patients. The diagnostic accuracies 
of COPD reached an AUC of 0.965 in internal test and 
0.934 in external test to detect COPD according clinical 
characteristics and CXR images, better than the results 
of previous study, which used deep residual networks for 
automated detection of COPD based on low dosed CT 
images only, with an ACU of 0.889 [4] and 0.899 [20], 
respectively. The DL models also retained high accuracies 
in determining COPD grade in three-and five-classifica-
tions, showed an AUC of 0.894 and 0.79 respectively. It 
indicated that the algorithms had considerable potential 
to screen suspected COPD patients, which would help 
early diagnosis of the disease and subsequently increase 

Fig. 2  COPD detection performance of deep Learning models in two-classifications. AUC of COPD prediction based on clinical data (A) and CXR images 
(B) respectively in internal test; AUC for detecting COPD based on clinical data and CXR images simultaneously in internal test (C); AUC of COPD prediction 
based on clinical data and CXR images by Ensemble model in external test (D). AUC, area under the curve; COPD, chronic obstructive pulmonary disease; 
GOLD, the global initiative for chronic obstructive lung disease; CXR, chest X-ray
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the rate of smoking cessation and preventive treatment, 
so as to improve prognosis of COPD.

As we know, the diagnosis of COPD mainly depends 
on PFT. However, its accuracy is highly dependent on 
the patient’s cooperation, which explains the common 
under and over diagnosis of COPD in clinical practice 
[35, 43]. To address this challenge, recently some other 
methods have been considered to be useful in early 
screening of COPD as rapid advance on ML technology 
[44]. Chest CT has also been widely used to detect lung 
texture abnormalities and assess the state of COPD [45, 
46]. In a recent prospective study, the pulmonary ventila-
tion function of COPD was assessed by analyzing chest 
CT images, with an accuracy of 88% and an AUC value 
of 0.82 [47]. In another study, DL models that utilize CT 
image for detection and staging of COPD achieved an 
AUC of 0.934 on the internal test set and 0.866 on the 
external test [11]. These studies indicated better per-
formance of DL based on CT images. However, proper 
selection and capture of target images of a large amount 
of image data is still a question to be resolved even with 
the help of ML, while high radiation exposure may also 
limit the use of CT for early screening of COPD.

To develop a more simple and effective method for 
COPD detection, we focused on conventional CXR imag-
ing. This method is economical and safe but rarely been 
used for COPD detection due to insensitivity, which, 
however, can be overcome with the help of DL. As 
expected, the AUC achieved 0.946 on detecting COPD, 
approximated to the AUC of 0.934 that achieved by DL 
models used CT images and clinical information [11], 
and better that the result of another study published by 
Tang LYW, which used deep residual networks for auto-
mated detection of COPD based on low dosed CT images 
only, with an ACU of 0.889 [7]. It indicated that the DL 
model based on CXR images was able to perform well in 
COPD screening. According to the guideline of GOLD, 
diagnosis of COPD should be made based on symptoms 
meanwhile. The clinical parameters, such as symptoms 
and smoking history, are equally important in diagno-
sis of COPD [12, 48]. Thus, to increase the sensitivity of 
models, clinical parameters including demographic data, 
symptoms and examination results were combined with 
CXR images for assessment in this study. Consequently, 
the AUC rise to 0.969, higher than that used clinical 
parameters (0.963) or CXR images (0.946) only. What’s 

Fig. 4  Weight distribution maps for interpretability of clinical information in COPD detection (A), stage prediction in three-classifications (B), and five-
classifications (C) respectively. COPD, chronic obstructive pulmonary disease; GOLD, the global initiative for chronic obstructive lung disease; BMI, body 
mass index

 

Fig. 3  GOLD stage prediction performance of the Ensemble model based on CXR images and clinical data. (A). AUC of COPD stage prediction for the En-
semble model in two, three and five-classifications. Confusion matrices of the Ensemble model to evaluate COPD stage in three (B) and five-classifications 
(C). GOLD, the global initiative for chronic obstructive lung disease; COPD, chronic obstructive pulmonary disease; AUC, area under the curve
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more, the model kept good performance even in exter-
nal test (with an AUC of 0.943). This might help our algo-
rithm better generalize to detection of COPD in patients 
without significant airflow limitations.

The weight distribution maps showed that different 
parameters accounted different importance in decision-
making. Of which, type 2 respiratory failure and CO2 
retention ranked in the bottom as the least two important 
factors in predicting COPD. This was not in consistence 
with the situation in clinical practice, as the two situa-
tion above were mostly seen in sever COPD patients. The 
possible explanation might be that the COPD patients 
included in the present study were mainly mild to mod-
erate, who rarely had CO2 retention or type II respira-
tory failure. Only 11.51% patients had CO2 retention 
and 5.76% showed type II respiratory failure. As a result, 
it seemed like that the two parameters above accounted 
not so important in decision-making of predicting COPD 
consequently. However, when the same model was used 
to evaluate disease severity, the weight distribution of 
them increased in three- and five- classifications as they 
were quite common manifestation for sever patients of 
GOLD stage 3 or 4.

Cough and dyspnea are most common symptoms 
of COPD, and smoking is the most important cause. 
They also played critical roles in discriminating COPD 
patients from control subjects, and ranked the top three 
on the decision-making weight distribution map, just as 
respected. Nevertheless, when the Ensemble model was 
applied to predict disease stages, e.g., in five-classifica-
tions, the two leading parameters in decision-making 
changed to BMI and age, suggesting that they contrib-
uted more important in assessing disease severity. As we 
know, BMI and age are closely correlated to pulmonary 
function. As the age advances, the pulmonary function 
gets worse, while BMI is usually positively correlated to 
pulmonary function. Weight loss and decreased BMI 
seem to be more common in severer COPD patients such 
as patients with GOLD stage 3 or 4.

One of the common problems seen in DL algorithm 
is the “black box” nature of the DL model, which may 
greatly limit its use in clinical situations, as it does not 
provide sufficient information for clinicians concerning 
its decision-making process. Yet the lack of transpar-
ency in machine learning can be overcome by applying 
gradient-weighted class activation mapping (Grad-CAM) 
to visualize feature extraction using a heatmap [49]. 
Through the gradcam interface of the EfficientNet model, 
we can get the hot focus areas of the CNN model for the 
diagnosis of COPD patients. The results indicated that 
the model paid specific attention to these lesions when 
distinguishing COPD subjects. This could make doctors 
and patients better understand what they have learned 

from DL, and whether they can rest assured that ML can 
assist them in diagnosis.

There are several limitations in the present study. 
First, this was a retrospective study only performed in 
four medical institutes. The outer generalization of the 
deep learning algorithms needed to be tested further 
by prospective study including more centers. Second, 
the prediction was performed based on COPD and nor-
mal control. Subjects involved in the present study were 
mainly COPD patients without other complications or 
disease, as radiographic images with other lesion were 
eliminated. For better use in clinical practice, subsequent 
study with larger sample size including complication or 
comorbidities of COPD is needed. Third, a limited num-
ber of subjects with GOLD 1 and 4 were enrolled, which 
might constrain the model’s stratification capacity and 
resulted in the discrepancy of staging efficiency between 
groups. To improve the efficiency of detection and stag-
ing, we are currently recruiting more participants and 
aim to optimize our cohort in the future.

In conclusion, we developed a more simple, sensitive 
and safer learning approach for detecting and staging 
of COPD. The proposed model approach achieved the 
desired performance and could serve as a powerful tool 
for COPD screening and evaluation, which may help cli-
nicians easily identify possible suspected COPD patients. 
Nevertheless further studies are necessary to determine 
the feasibility of these outcomes in a prospective clinical 
setting.
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