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BACKGROUND
Chronic obstructive pulmonary disease (COPD) is a 
common disease characterized by persistent respiratory 
symptoms and airflow limitation caused by abnormal 
alveoli and airways.1 COPD is currently the fourth leading 
cause of mortality worldwide. The diagnosis of COPD 
depends on respiratory symptoms and pulmonary function 
test (PFT). However, symptoms associated with airflow 
limitation often occur after a certain degree of lung injury. 
Delayed hospital visits and PFT examinations can post- 
pone treatment. Early diagnosis and classification of COPD 
are conducive to early self- management and effective treat-
ment, to improve the prognosis and reduce the burden of 
COPD.

The global initiative for chronic obstructive lung disease 
(GOLD) does not recommend population- level PFT 
screening for asymptomatic individuals.1 The main patho-
genic factors of COPD, emphysema, and airway wall 
remodeling are the independent factors leading to airflow 
obstruction, which can be well displayed on thin- slice chest 
CT.2,3 CT is extensively used in screening chest diseases, 
especially lung cancer,4,5 and can quantify emphysema and 
airway wall in patients with COPD.3,6 Because COPD and 
lung cancer share similar risk factors, additional detection 
of COPD will improve the benefits of CT scan.7–9

Quantitative CT (QCT) is valuable in the diagnosis of 
COPD. The percentage of voxels below −950 Hounsfield 
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Objective Chest CT can display the main pathogenic 
factors of chronic obstructive pulmonary disease 
(COPD), emphysema and airway wall remodeling. 
This study aims to establish deep convolutional neural 
network (CNN) models using these two imaging markers 
to diagnose and grade COPD.
Methods Subjects who underwent chest CT and pulmo-
nary function test (PFT) from one hospital (n = 373) 
were retrospectively included as the training cohort, 
and subjects from another hospital (n = 226) were 
used as the external test cohort. According to the PFT 
results, all subjects were labeled as Global Initiative for 
Chronic Obstructive Lung Disease (GOLD) Grade 1, 2, 
3, 4 or normal. Two DenseNet- 201 CNNs were trained 
using CT images of lung parenchyma and bronchial 
wall to generate two corresponding confidence levels 
to indicate the possibility of COPD, then combined with 
logistic regression analysis. Quantitative CT was used for 
comparison.
Results: In the test cohort, CNN achieved an area under 
the curve of 0.899 (95%CI: 0.853–0.935) to deter-
mine the existence of COPD, and an accuracy of 81.7% 

(76.2–86.7%), which was significantly higher than the 
accuracy 68.1% (61.6%–74.2%) using quantitative CT 
method (p < 0.05). For three- way (normal, GOLD 1–2, 
and GOLD 3–4) and five- way (normal, GOLD 1, 2, 3, 
and 4) classifications, CNN reached accuracies of 77.4 
and 67.9%, respectively.
Conclusion CNN can identify emphysema and airway 
wall remodeling on CT images to infer lung function 
and determine the existence and severity of COPD. It 
provides an alternative way to detect COPD using the 
extensively available chest CT.
Advances in knowledge CNN can identify the main 
pathological changes of COPD (emphysema and airway 
wall remodeling) based on CT images, to infer lung func-
tion and determine the existence and severity of COPD. 
CNN reached an area under the curve of 0.853 to deter-
mine the existence of COPD in the external test cohort. 
The CNN approach provides an alternative and effective 
way for early detection of COPD using extensively used 
chest CT, as an important alternative to pulmonary func-
tion test.
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units and wall area percentage were associated with forced 
expiratory volume in the first second as a predicted percentage 
(FEV1%pred).2,10 Xie et al found a positive correlation between 
the thickness of airway wall and respiratory symptoms.11 Mets et 
al reported that CT emphysema, bronchial wall thickness, and 
air trapping have independent diagnostic values for COPD.6 
The integrated model of these imaging biomarkers improved the 
diagnostic value of COPD. However, interobserver and inter-
technique variation limit the clinical application of QCT.

Recently, the convolutional neural network (CNN) is becoming 
the mainstream method of computer vision and has achieved 
remarkable results in medical imaging.12–14 Due to the heteroge-
neous pathogenesis of COPD, the diagnosis and grading depend 
on the severity of emphysema and small airway remodeling 
and their combined contribution. We hypothesized that CNN 
could determine the respiratory function from chest CT images, 
according to the image features of lung parenchyma and airways. 
Thereafter, we trained and tested the deep CNNs based on CT 
images of lung parenchyma and bronchial wall to determine the 
presence of COPD and GOLD staging, using PFT as reference.

METHODS
Patients
We searched the consecutive patients in Hospital- A and Hospi-
tal- B as the training and external test cohorts, respectively. The 
inclusion criteria were as follows: (1) subjects who underwent 
CT examination in the two hospitals from December 2015 to 
December 2020; in order to balance the number of cases among 
groups, normal cases were collected until December 2018, and 
COPD cases were collected until December 2020. (2) CT images 

and clinical data were available on picture archiving and commu-
nication system (PACS) and electronic medical records (EMRs), 
respectively; (3) CT examination and PFT were performed 
within 3 days. For patients with acute COPD exacerbation, PFT 
was performed on the same day.

The exclusion criteria were as follows: (1) patients with asthma 
history or clinical manifestations, such as allergy, rhinitis, urti-
caria, family history of asthma, reversible airflow limitation, 
and positive PFT bronchial dilation test; (2) history of chest 
surgery before CT examination; (3) CT image thickness >1 mm; 
(4) motion artifacts in CT images, such as respiratory motion, 
postural motion, and heartbeat and gastrointestinal motion, 
leading to blurred pulmonary blood vessels and bronchial tree 
structures; (5) difficulty to reconstruct images of lung paren-
chyma or bronchial wall.

The patient group (forced expiratory volume in 1 s [FEV1] / 
forced vital capacity [FVC]<0.70) had COPD symptoms and 
risk factors (smoking, genetic factors, abnormal lung growth and 
development, exposure to particles, and infection). The normal 
group (FEV1/FVC≥0.70) had no respiratory symptoms or COPD 
risk factors.

The inclusion and exclusion flowchart is shown in Figure 1. The 
local Institutional Review Board approved this retrospective 
study and waived the written informed consent.

CT scanning
Three CT systems in Hospital- A (Revolution and HD750, GE 
Healthcare; Somatom Force, Siemens) and two systems in 

Figure 1. Inclusion and exclusion flow chart. COPD, chronic obstructive pulmonary disease; GOLD, the global initiative for chronic 
obstructive lung disease.



3 of 9 birpublications.org/bjr Br J Radiol;95:20210637

BJRDeep learning predicts COPD on CT

Hospital- B (VCT, GE Healthcare; Somatom Flash, Siemens) were 
used for chest thin- slice CT scanning. All patients received only 
a non- contrast inspiratory CT scan during a single breath- hold. 
The tube voltage was 120 or 100 kV. The tube current was 50–200 
mAs, and the dose modulation was on (Supplementary Mate-
rial 1 - Table 1). The slice thickness was 0.6–1.0 mm. Because 
of the influence of image reconstruction on image texture, we 
used lung kernel and standard kernel to generate images to train 
CNN. All CT scanners were air- calibrated every day, and water- 
phantom- calibrated regularly according to the vendor manual.

Pulmonary function test
Post- bronchodilator PFT was performed with spirometer 
(MasterScreen, Jaeger). The breathing action was to exhale, inhale 
the most, and then exhale with maximum strength, to obtain the 
highest airflow. According to GOLD 2021,1 post- bronchodilator 
FEV1/FVC < 0.70 indicates the presence of COPD. The severity 
of COPD is graded as GOLD level 1 (FEV1%pred≥80%), 
GOLD level 2 (50% ≤ FEV1%pred<80%), GOLD level 3 (30% ≤ 
FEV1%pred<50%), and GOLD level 4 (FEV1%pred<30%). Since 
the diagnosis and severity of COPD depend on GOLD level, this 
study used the GOLD level as a reference standard to classify 
patients.

Image preprocessing for deep learning
Figure 2 illustrates the workflow of deep learning in this study. 
The lung parenchyma and bronchus images of each subject in 
the training and test cohorts were preprocessed to extract image 
patches instead of the surrounding irrelevant lung structures. 
A radiologist with 17 years of experience in thoracic imaging 
processed the images blinded to the PFT results. An image 
processing software package (Thoracic VCAR, GE Healthcare) 

automatically removed the chest wall and mediastinum to 
generate axial lung parenchyma images.15 The software also 
automatically extracted the bronchial tree. Five segment- level 
bronchial trees were selected for analysis, including right upper 
lobe apex (RB1), lower lobe posterior basal segment (RB10), 
middle lateral segment (RB4), left upper lobe apex (LB1+2), and 
lower lobe posterior basal segment (LB10). The cross- sectional 
subsegmental and infrabronchial images (a 1.5 cm square) were 
used to train CNN. Each subject’s image preprocessing time was 
less than 5 min. After image augmentation of the training data 
set by geometric transformation (see Supplementary Material 
1 - Appendix for details), CNN was trained with 163,200 lung 
parenchyma images and 816,000 bronchial wall images. The 
images were categorized based on two- way (normal and COPD), 
three- way (normal, GOLD level 1–2, and GOLD level 3–4), and 
five- way (normal, GOLD level 1, 2, 3, and 4).

CNN
We used the pretrained DenseNet- 201 as the backbone to train 
CNN (Supplementary Material 1 - Figure 1). The classifier layer 
initially designed for 1000 categories was replaced by our defined 
categories (two, three, and five categories). Subsequently, we used 
the training data set to finetune the network parameters with a 
back- propagation method, and utilized the Adam optimization 
algorithm for mini- batch gradient descent (see Supplementary 
Material 1 - Appendix for details). The running environment of 
CNN was Deep learning toolbox (Matlab R2019a, MathWorks) 
and a computer with two graphics processing units (Titan RTX, 
nVidia).

CNN’s inference for each input image was a one- dimensional 
array of confidence, corresponding to the output classification 

Figure 2. Deep learning workflow diagram. CNN, convolutional neural network.
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(two, three, and five). The mean confidence of all input images of 
each subject was regarded as the final confidence.16 Subsequently, 
the output category with the highest confidence was taken as the 
final prediction category.16,17 Due to the establishment of two 
CNN models of lung parenchyma and bronchus images, each 
subject had two sets of predictive confidence.

Quantitative CT
The same radiologist used a software package (Thoracic VCAR, 
GE Healthcare) to measure CT images (see Supplementary Mate-
rial 1 - Appendix for details). The software automatically calculated 
%LAA- 950 (percentage of low attenuation area <-950 HU) repre-
senting the severity of emphysema in the whole lung volume, and 
%WA (wall area percentage) and average lumen diameter indicating 
the severity of airway remodeling. Five representative bronchi 
(RB1, RB4, RB10, LB1+2, LB10) were measured. Bronchial wall thick-
ness is expressed as the square root of the wall area for a theoretical 
bronchus with a 10 mm lumen perimeter (AWT- Pi10).18 The time 
of quantitative analysis was approximately 15 min per subject. We 
randomly selected 50 cases to evaluate the reproducibility of QCT 
method. Another radiologist with 10 years of experience who was 
blinded to the PFT results measured emphysema (%LAA- 950) and 
airway wall (AWT- Pi10) using the same software.

Statistical analysis
Analysis of variance (ANOVA) was used to compare the body 
mass index (BMI) and PFT results among GOLD groups. To 

validate the performance of the CNN model in the training 
cohort, we used fourfold cross- validation to evaluate its generaliz-
ability. For two- way classification, the threshold of CNN- derived 
confidence was determined by the maximum value of area under 
the curve (AUC). Binary and multinomial logistic regression 
models were established to combine the prediction confidence of 
lung parenchyma and bronchus under two-, three-, and five- way 
classification conditions. Then, the regression models were used 
to discriminate or grade COPD. 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.

For the quantitative CT method, the intraclass correlation coeffi-
cient (ICC) and Bland–Altman analysis were used to evaluate the 
consistency of AWT- Pi10 between the two observers. In Bland–
Altman analysis, the ratio of measured value of AWT- Pi10_1 
divided by that of AWT- Pi10_2 was used, 95% limits of agree-
ment was calculated by the mean of ratio ±1.96 × standard devi-
ation of ratio. We used %LAA- 950 and AWT- Pi10 to establish a 
diagnostic model of two- way classification. The cut- off value of 
reaching the maximum AUC determined in the training cohort 
was used to evaluate the data in the test cohort. The AUCs of 
CNN and quantitative CT method were compared by DeLong 
test,19 and the diagnostic metrics were compared by Pearson’s χ2 
test. A p < 0.05 was considered statistically significant. Software 

Table 1. Characteristics of patients classified by GOLD level

Training cohort (n = 373) External test cohort (n = 226) p- value
Age, yr 66.0 ± 11.5 63.5 ± 12.5 0.788

Male, n (%) 259 (69.4%) 164 (72.5%) 0.224

BMI, kg/m2 22.8 ± 3.3 22.7 ± 3.2 0.527

GOLD level       

Normal, n 141 79   

  FEV1/FVC 83.9 ± 6.0 83.6 ± 8.2 0.923

  FEV1%pred 98.6 ± 15.4 92.3 ± 13.2 0.973

GOLD 1, n 52 31   

  FEV1/FVC 66.6 ± 3.0 64.8 ± 3.5 0.058

  FEV1%pred 93.0 ± 11.4 89.3 ± 6.4 0.141

GOLD 2, n 65 44   

  FEV1/FVC 61.9 ± 5.5 59.8 ± 7.3 0.015

  FEV1%pred 64.8 ± 9.1 65.8 ± 7.6 0.403

GOLD 3, n 68 42   

  FEV1/FVC 49.1 ± 8.2 48.2 ± 9.0 0.391

  FEV1%pred 40.3 ± 7.0 39.9 ± 5.2 0.324

GOLD 4, n 47 30   

  FEV1/FVC 38.8 ± 11.0 44.2 ± 8.3 0.707

  FEV1%pred 24.8 ± 5.3 25.2 ± 3.0 0.076

BMI = body mass index; FEV1%pred = forced expiratory volume in the first second as a predicted percentage; FVC = forced vital capacity;GOLD = 
the global initiative for chronic obstructive lung disease.
Data are indicated as mean ± standard deviation. p- value indicates the significance of values between the training and external test cohorts.
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packages (MedCalc 20.03, MedCalc Software, and SPSS 22.0, 
IBM) were used for statistical analysis.

RESULTS
Patient characteristics
The search identified 599 subjects, including 373 from Hospi-
tal- A as the training cohort and 226 from Hospital- B as the test 
cohort (Figure 1). There was no significant difference in gender 
and BMI between the two cohorts (all p > 0.05) (Table 1). The 
599 subjects were from health checkup (n = 185, 31%), outpa-
tient (n = 256, 43%), inpatient (n = 91, 15%), and emergency 
department (n = 67, 11%).

Reproducibility of QCT method
The measurement of emphysema was automatic, %LAA- 
950 measured repeatedly by software were same between the 
two measurements. For AWT- Pi10, the ICC between the two 
observers was 0.991 (95% CI: 0.984–0.994), and Bland–Altman 
plots showed that the AWT- Pi10 measurement between the two 
observers was highly consistent (Supplementary Material 1 - 
Figure 1).

Determining the presence of COPD
Supplementary Material 1 - Table 2 shows the confusion matrix 
of two- way CNN classification. Combining the CNN prediction 
confidence based on lung parenchyma and bronchus with the 
binary logistic regression model (Supplementary Material 1 - Table 
3), two formulas were established: 

 
p = 1

1+e−
(
−7.366+6.858a+8.662b

)
 
 

for the training cohort, and 
 
p = 1

1+e−
(
−2.259+2.135a+3.615b

)
 
 for 

the test cohort, where a, b, and p represent the confidence of 
COPD based on lung parenchymal images, bronchial images, 
and integration regression model, respectively. In the training 
cohort, the AUC, accuracy, sensitivity, specificity, and F1 score 
of the regression model were 0.987 (95% CI: 0.969–0.996), 93.3% 
(90.3–95.6%), 94.8% (91.1%–97.3%), 90.8% (84.8–95.0%), and 
0.946, respectively. In the test cohort, these metrics were 0.899 

(0.853–0.935), 81.7% (76.2–86.7%), 81.0% (73.7%–87.0%), 
83.5% (73.5–90.9%), and 0.853, respectively. Table  2 lists the 
diagnostic metrics of CNN for the presence of COPD. Figure 3 
displays the receiver operating characteristic curves. Figure  4 
shows two representative cases.

For quantitative CT method, a binary logistic regression model 
was established to combine the measurement results of paren-
chyma and bronchus as follows: 

 
p = 1

1+e−
(
−18.304+0.696a+3.432b

)
 
 

where a, b, and p represent the confidence of COPD based on 
%LAA- 950, AWT- Pi10, and binary regression model, respec-
tively. In the training cohort, AUCs of %LAA- 950, AWT- Pi10, 
and the binary regression model were 0.942 (0.913–0.964), 
0.922 (0.890–0.947), and 0.970 (0.947–0.985), respectively, 
lower than those of CNN (all DeLong’s p < 0.05). In the test 
cohort, the accuracy, sensitivity, specificity and F1 score of 
the binary regression model were 68.1% (61.6–74.2%), 76.2% 
(68.4%–82.9%), 54.2% (42.9–65.2%) and 0.752, respectively, 
which were significantly lower than those of CNN (Pearson’s 
χ2 test, all p < 0.05).

Three- and five-way COPD classification
In the training cohort for three- way CNN classification, the 
accuracies of CNN based on lung parenchyma, bronchial wall, 
and the multinomial regression model were 81.7%, 83.1%, and 
88.5%, respectively. In the five- way classification, the accuracies 
were 74.0%, 71.8% and 83.1% respectively.

In the test cohort for three- way classification, the accuracies of 
CNN were 70.8%, 68.1%, and 77.4% based on lung parenchyma, 
bronchial wall, and the multinomial regression model, respec-
tively. In the five- way classification, the accuracies were 54.4%, 
57.1%, and 67.9%, respectively. The confusion matrix of three- 
and five- way classification are shown in Supplementary Material 
1 - Tables 4 and 5.

Table 2. Diagnostic performance of CNN for the presence of COPD in the training and test cohorts

Lung parenchyma Bronchial wall Logistic regression model
Training cohort

  AUC 0.972 (0.949–0.986) 0.957 (0.931–0.975) 0.987 (0.969–0.996)

  Sensitivity 91.4% (87.0–94.7%) 89.2% (84.5–92.9%) 94.8% (91.1–97.3%)

  Specificity 88.7% (82.2–93.4%) 92.2% (86.5–96.0%) 90.8% (84.8–95.0%)

  Accuracy 90.4% (86.9–93.2%) 90.4% (86.9–93.2%) 93.3% (90.3–95.6%)

  F1 score 0.922 0.920 0.946

External test cohort

  AUC 0.846 (0.792–0.891) 0.864 (0.813–0.906) 0.899 (0.853–0.935)

  Sensitivity 74.8% (67.0–81.6%) 81.6% (74.4–87.5%) 81.0% (73.7–87.0%)

  Specificity 78.5% (67.8–86.9%) 78.5% (67.8–86.9%) 83.5% (73.5–90.9%)

  Accuracy 76.1% (70.0–81.5%) 80.5% (74.7–85.5%) 81.7% (76.2–86.7%)

  F1 score 0.803 0.845 0.853

AUC, area under the curve; CNN, convolutional neural network; COPD, chronic obstructive pulmonary disease.
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DISCUSSION
In this study, CNN can identify the main pathological changes of 
COPD (emphysema and airway wall remodeling) based on CT 
images, so as to infer lung function and determine the existence 
and severity of COPD. CNN reached AUCs of 0.946 and 0.853 
to determine the presence of COPD in the training and external 
test cohorts, respectively. The diagnostic accuracies of COPD in 
the training and test cohorts were 93.3 and 81.7%, respectively, 
significantly higher than those of the quantitative CT method. 
In the external test cohort, the accuracies of CNN to determine 
COPD GOLD grade in three- and five- classifications were 77.4 
and 67.9%, respectively. If the usefulness of this CNN algorithm 
would be translated into the clinic, e.g. be used as an opportu-
nistic screening method at the patient level, presumably a large 
number of mild and moderate level COPD cases would be iden-
tified for smoking cessation and preventive treatment.

This study only applied single inspiratory CT instead of inspi-
ratory and expiratory dual- phase scanning. Because of the 
increased radiation dose of the dual- phase scan, it is difficult to be 
used in clinical routine, so single inspiratory CT is more suitable 
and practical for diagnosing COPD. The CNN algorithm based 
on image feature learning of small bronchus effectively reflects 
airway limitation in COPD, because the airflow resistance of 
COPD mainly occurs in the small bronchus with a diameter of 
2 mm,20 where the quantitative CT method based on bronchial 
wall contour segmentation may be inaccurate. The image anal-
ysis of CNN does not rely on airway contour segmentation and 
airway measurement parameter selection, and the well- trained 
CNN model was not significantly affected by CT scanning 
methods, i.e. different CT equipment, radiation dose setting, and 
reconstruction kernels. These are the advantages of CNN over 
quantitative CT. Quantitative CT measurement requires manual 

operation to segment the bronchus. Different scanning schemes 
have a significant influence on the measurement of the bronchi. 
The low reproducibility limits the broad application of QCT.

During an inspiratory scan, two CT biomarkers, emphysema and 
airway wall remodeling reflecting the main pathological changes 
of COPD, were combined to reflect the pathological changes of 
COPD. As far as we know, the previous deep learning studies of 
COPD have not simultaneously evaluated lung parenchyma and 
bronchial wall. Some studies aimed to improve the segmentation 
and extraction of distal airways.21,22 Gonzalez et al23,24 used four 
chest CT images as inputs for the CNN model, including one 
axial, one coronal, and two sagittal images, to predict the presence 
and staging of COPD. Their results showed that in the training 
cohort, the accuracy of two- way classification was 77.3%, while 
in the external test cohort, the accuracy dropped to 29.4%. As a 
pioneer study, this study showed the possibility of using CNN to 
discriminate between COPD and non- COPD patients. But, the 
four kinds of CT images mainly characterize the image feature 
of emphysema and air trapping, and the distal bronchi cannot 
be fully displayed and used as evidence for identifying COPD. 
Although the study sample is specific, our CNN approach based 
on lung parenchyma and distal bronchi improved the classifica-
tion accuracy of the external test cohort to 81.7%, which showed 
the potential of COPD recognition on CT images, and inspire the 
development of automatic algorithms.

In deep learning studies, external test cohorts are used to verify 
the generalizability of the CNN model. Therefore, the results of 
deep learning outside the model development environment will 
not be too optimistic.25 In our study, although the general infor-
mation of the training and test cohorts matched well, perfor-
mance degradation occurred in the test cohort. One possible 

Figure 3. ROC curves for determining the presence of COPD in the training (A) and test (B) cohorts using CNN. ROCs of predic-
tion confidence based on emphysema, bronchial wall, and the combination model (binary logistic regression model) are shown 
as blue, green, and orange lines, respectively. CNN, convolutional neural network; COPD, chronic obstructive pulmonary disease; 
ROC, receiver operating characteristic.
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explanation is that the images of training and test cohorts came 
from different CT vendors and types. Performance degradation 
of the external test data set was also found in a previous study, 
which used CNN based on original CT images to stage COPD.26 
The accuracy of CNN is also affected by the network infra-
structure. We applied a DenseNet structure27 with 201 layers 
and feed- forward connection to improve the image processing 
performance by alleviating the vanishing- gradient problem. 
DenseNet has been widely used in medical imaging, such as 
using MR images to predict the genotype glioma of isocitrate 

dehydrogenase28 and establishing cardiac segmentation and 
disease diagnosis system.29

This study has several limitations. First, this study was conducted 
based on several CT machines and two medical centers. The 
robustness and generalizability of our method need to be verified 
in more CT machines and a larger population. Second, in order 
to train solid CNN models, we included patients who underwent 
CT and PFT within 3 days. But, PFT is usually applied in patients 
with respiratory disorders. If the models are used for another test 

Figure 4. Two case examples in the test cohort, and the visualization of three most activated channels in CNN. The distribution of 
feature channel parameters in the last 2D multichannel layer of DenseNet- 201 are associated with the activation of CNN model. 
This 2D layer transformed into a one- dimensional layer by a pooling algorithm and finally determined the classification layer 
through the fully connected layer and softmax layer. Thus, we visualized the three most activated channels and superimposed the 
activated areas into the original images; this was done to mark image features in details that were closely associated with the final 
classification results. (A, B) A female without COPD, 42 years old, FEV1/FVC = 90.86, FEV1%pred = 104.8. The activated areas rep-
resented by the three most active channels are the normal bronchial wall and the normal lung parenchyma, which are the image 
features that classify this subject as normal. (C, D) A male with COPD, 79 years old, FEV1/FVC = 35.22, FEV1%pred = 29.60. The 
activated areas represented by the three most active channels are the thick bronchial wall and extensive emphysema, which are 
the image features that classify this patient as COPD. CNN, convolutional neural network; COPD, chronic obstructive pulmonary 
disease; FEV1/FVC, forced expiratory volume in the first second divided by forced vital capacity; FEV1%pred, forced expiratory 
volume in the first second as a predicted percentage.
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set who only have CT examination, the incidence rate of disease 
may be different. It is necessary to conduct a prospective study to 
investigate the impact of CNN on patients from different sources, 
i.e. health checkup, outpatient, inpatient, or emergency. Third, 
this study used preprocessed CT image features (i.e. lung paren-
chyma and bronchial wall) as the standardized input images 
into CNN, future researches should be conducted on developing 
automatic CNN methods. Fourth, due to the inherent differences 
of CT scanners, the QCT method of simply measuring CT values 
is sometimes not comparable among different CT vendors.

CONCLUSION
CNN can identify the main pathological changes of COPD 
(emphysema and airway wall remodeling) based on CT images 
to infer lung function and determine the existence and severity of 
COPD. This approach provides an alternative and effective way 
for early detection of COPD using the extensively used chest CT, 
if pulmonary function test is not available. Patients with positive 
CT findings of COPD classified by artificial intelligence may have 
airway limitation; thus, they should be referred to specialists for 
further diagnosis and treatment. Early detection of COPD by 
extensively used chest CT may improve the prognosis of COPD.
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