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ORIGINAL RESEARCH

Chronic obstructive pulmonary disease (COPD) is his-
tologically defined by chronic airway inflammation, 

destruction of downstream alveoli and vasculature, and 
hyperinflation as air becomes trapped behind the ob-
structed airways. COPD affects more than 16 million 
Americans and is the fourth leading cause of death in the 
United States behind heart disease, cancer, and accidental 
death (1). Although COPD can result from various toxic 
inhalations or asthma, it is most commonly secondary to 
cigarette smoking (2,3). Diagnosis often relies on history 
of tobacco use or second-hand exposure, symptoms, and 
pulmonary function testing. However, it is becoming ap-
parent that quantitative CT measurements have potential 

diagnostic and prognostic value (4,5), as they correlate with 
spirometry-based pulmonary function testing findings (6). 
As such, CT measurements have been included in the re-
cently updated diagnostic criteria for COPD from the in-
vestigators of the National Institutes of Health–supported 
COPD Genetic Epidemiology (COPDGene) study (7).

Despite the emerging use of quantitative CT, strati-
fication of patients suspected of having COPD is cur-
rently based on spirometric pulmonary function testing 
findings according to Global Initiative for Chronic Ob-
structive Lung Disease (GOLD) stages (8). Analogous 
staging criteria with CT have not yet been defined. As 
diagnostic criteria begin to incorporate CT, it remains 
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Purpose: To develop a deep learning–based algorithm to stage the severity of chronic obstructive pulmonary disease (COPD) through 
quantification of emphysema and air trapping on CT images and to assess the ability of the proposed stages to prognosticate 5-year 
progression and mortality.

Materials and Methods: In this retrospective study, an algorithm using co-registration and lung segmentation was developed in-house to 
automate quantification of emphysema and air trapping from inspiratory and expiratory CT images. The algorithm was then tested in 
a separate group of 8951 patients from the COPD Genetic Epidemiology study (date range, 2007–2017). With measurements of em-
physema and air trapping, bivariable thresholds were determined to define CT stages of severity (mild, moderate, severe, and very se-
vere) and were evaluated for their ability to prognosticate disease progression and mortality using logistic regression and Cox regression.

Results: On the basis of CT stages, the odds of disease progression were greatest among patients with very severe disease (odds ratio 
[OR], 2.67; 95% CI: 2.02, 3.53; P , .001) and were elevated in patients with moderate disease (OR, 1.50; 95% CI: 1.22, 1.84; P 
= .001). The hazard ratio of mortality for very severe disease at CT was 2.23 times the normal ratio (95% CI: 1.93, 2.58; P , .001). 
When combined with Global Initiative for Chronic Obstructive Lung Disease (GOLD) staging, patients with GOLD stage 2 disease 
had the greatest odds of disease progression when the CT stage was severe (OR, 4.48; 95% CI: 3.18, 6.31; P , .001) or very severe 
(OR, 4.72; 95% CI: 3.13, 7.13; P , .001).

Conclusion: Automated CT algorithms can facilitate staging of COPD severity, have diagnostic performance comparable with that of 
spirometric GOLD staging, and provide further prognostic value when used in conjunction with GOLD staging.

Supplemental material is available for this article.
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of emphysema and air trapping across patients in the COP-
DGene study. We used these image features to propose CT-
based stages for disease severity. We then assessed the ability 
of our CT-based criteria to prognosticate disease progression 
and mortality.

Materials and Methods

Patient Data Sets
This retrospective Health Insurance Portability and Account-
ability Act–compliant study was approved by the institutional 
review boards of the participating institutions, which waived 
the requirement for written informed consent. There were two 
distinct sets of patients included in this study: one for develop-
ment of a lung-segmentation CNN and a second using this 
CNN and deformable registration to define CT-based stages 
of COPD severity.

Data set for CNN model development.— We retrospectively 
collected a convenience sample of 1037 volumetric CT series 
from 888 current or former smokers undergoing lung cancer 
screening using low-radiation-exposure protocols to develop 
our own deep learning–based lung segmentation algorithm. 
Studies included 621 noncontrast CT examinations performed 
as part of the National Lung Screening Trial (25) and 416 
noncontrast CT examinations performed at our institution 
between August 2008 and October 2018. Imaging data were 
anonymized prior to CNN training; therefore, demographic 
information is not available. Imaging protocols and parameters 
are provided in Table E1 (supplement).

Data set for CT-based staging of COPD severity.— To de-
velop a CT-based strategy for staging COPD severity, we used 
baseline noncontrast CT and spirometric data from all 9652 
patients with CT examinations from the COPDGene study 
(26). The COPDGene project has resulted in almost 400 pub-
lications from other research groups (27). To our knowledge, 
the analysis presented in this article, which defines CT-based 
criteria for staging COPD, has not been previously performed 
on the COPDGene data set. Exclusion criteria were missing 
inspiratory or expiratory CT studies (n = 536) and missing all-
cause mortality status (n = 165), resulting in 8951 patients who 
were included in this study. Patients from this data set were 
used for testing of the CNN and derivation of stages of disease 
severity.

Spirometric measurements comprised the forced expira-
tory volume in 1 second (FEV1), percentage predicted FEV1 
(FEV1pp), and forced vital capacity (FVC) after administra-
tion of 180 mg of albuterol at baseline and at 5-year follow-up 
(7). Baseline CT images and spirometric measurements were 
collected between 2007 and 2011, and 5-year follow-up mea-
surements were collected between 2013 and 2017. Data also 
included 10-year all-cause mortality, determined through lon-
gitudinal monitoring of patients every 6 months by the COP-
DGene investigators since 2009. Patients with an FEV1/FVC 
ratio of less than 0.7 were classified using the GOLD staging 

unclear how quantitative measurements might be used to 
establish disease severity in the clinic, and current determi-
nations rely heavily on qualitative visual assessment (9,10). 
Air trapping in particular is an image feature associated with 
small airway disease and is a clinically important component 
of COPD (11,12). However, it is often overlooked, as it typi-
cally cannot be directly visualized like emphysema, bronchial 
wall thickening, or endobronchial mucus plugging from a 
single inspiratory phase. Meanwhile, deformable registration 
algorithms have been used to both quantify and visualize the 
distribution of air trapping (13–16), and recent innovations 
in deep convolutional neural networks (CNNs) have shown 
promise for automating and supplementing a variety of tasks 
in medical imaging (17–20), including automated lung and 
lung-lobe segmentation (21–24). In this study, we recognize 
that quantitative CT measurements, although explored in the 
research domain, have not yet permeated the clinical arena.

We therefore build on this prior work to assess the feasibil-
ity of defining CT-based stages of COPD severity on the basis 
of a combination of air trapping and emphysema data ob-
tained from inspiratory- and expiratory-phase CT. With the 
hypothesis that these two CT metrics alone might provide 
clinical prognostic value, we leveraged deep learning and de-
formable registration techniques to automate quantification 

Abbreviations
AUC = area under the receiver operating characteristic curve, CNN 
= convolutional neural network, COPD = chronic obstructive 
pulmonary disease, COPDGene = COPD Genetic Epidemiology, 
FEV1 = forced expiratory volume in 1 second, FEV1pp = percent-
age predicted FEV1, FVC = forced vital capacity, GOLD = Global 
Initiative for Chronic Obstructive Lung Disease, HR = hazard 
ratio, OR = odds ratio, %AT = percentage air trapping, %EM = 
percentage emphysema, %TLI = percentage total lung involvement, 
PRISm = preserved ratio impaired spirometry

Summary
CT-based severity stratification of patients with chronic obstructive 
pulmonary disease can prognosticate disease progression and mortal-
ity and may allow for improved diagnosis and management.

Key Points
 n The combination of deformable registration and deep learning 

lung segmentation can be used to reliably automate quantification 
of air trapping and emphysema from inspiratory and expiratory 
CT; measurements of low-attenuating areas agree with third-party 
image analyses (intraclass correlation, .0.99; 95% CI: .0.99, 
1.00).

 n Quantitative measurements of air trapping and emphysema can be 
used to define CT stages of chronic obstructive pulmonary dis-
ease (COPD) severity, which parallel the spirometrically defined 
Global Initiative for Chronic Obstructive Lung Disease (GOLD) 
stages; the combination of air trapping and emphysema predicts 
the GOLD stage with an area under the receiver operating charac-
teristic curve of 0.86–0.96.

 n Proposed CT-based stages for COPD severity prognosticate spiro-
metric disease progression and mortality when implemented inde-
pendently or in conjunction with the spirometric GOLD criteria; 
patients with severe disease at CT have greater odds of disease 
progression (odds ratio, 1.50–2.67; P , .001) and a greater hazard 
of mortality (hazard ratio, 2.23; P , .001).

http://radiology-cti.rsna.org
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CT Image Acquisition
CT scans for the patients within the COPDGene cohort were ac-
quired using multidetector General Electric, Philips, or Siemens 
CT scanners, each with at least 16 detector channels. Images com-
prised inspiratory (200 mAs) and expiratory (50 mAs) acquisitions 
of the entire thorax without contrast material. Images were recon-
structed using a standard soft-tissue kernel and used submillimeter 
section thicknesses (range, 0.625–0.9 mm) and intervals (range, 
0.45–0.625 mm) with smooth and edge-enhancing algorithms. 
Further details about the COPDGene study design and imaging 
protocols are described by Regan et al (26).

Quantitative Analysis of Emphysema and Air Trapping
The analysis pipeline, shown in Figure 1, combines our deep 
learning lung-segmentation algorithm (K.A.H.) with deform-
able registration to automate quantification of emphysema 
and air trapping. Details on the development and validation 
of the lung segmentation algorithm are described in Appen-
dix E1 (supplement). Expiratory series were deformably reg-
istered to inspiratory series using a symmetric diffeomorphic 
registration algorithm (29,30). Lungs masks were then gen-
erated from inspiratory images using our lung segmentation 
CNN. Pixelwise subtractions of co-registered inspiratory and 
expiratory attenuation were then used to compute attenua-
tion difference maps.

We desired to distinctly separate regions of the lungs af-
fected by emphysema from those affected by air trapping using 
inspiratory images and attenuation difference maps. The per-
centage emphysema (%EM) was computed as the percentage 
of the lung on the inspiratory images with attenuation less than 
or equal to 2950 HU (31,32); the percentage air trapping 
(%AT) was computed as the percentage of voxels with attenu-
ation differences of less than or equal to 100 HU and inspira-
tory attenuation of greater than −950 HU. The attenuation 
difference map cutoff of 100 HU was determined empirically 
(Appendix E2 [supplement]). We then defined the percentage 
total lung involvement (%TLI) as the total percentage of the 
lung affected by either emphysema or air trapping (%TLI = 
%EM 1 %AT). Note that our approach for quantification 
of air trapping is similar to that of parametric response maps 
(13,14). An auxiliary analysis showing the advantages of our 
approach in the context of GOLD stage prediction is included 
in Appendix E3 (supplement).

Selection of Thresholds to Define CT-based Stages of COPD
GOLD stages were converted into four categories: GOLD stages 
1–4 versus not, GOLD stages 2–4 versus not, GOLD stages 3–4 
versus not, and GOLD stage 4 versus not. We then performed a 
search of thresholds on the %EM and %TLI image features that 
jointly maximized the Youden index for predicting these GOLD 
categories. Thresholds were then used to guide the proposal of 
five CT-based stages of COPD: normal, mild, moderate, severe, 
and very severe. Note that we intentionally defined CT-based 
stages in this way to parallel the widely used functional GOLD 
stage classes. Details on the threshold search are described in Ap-
pendix E4 (supplement).

system for COPD severity; patients with an FEV1/FVC ratio 
greater than 0.7 and an FEV1pp greater than 80% were used as 
the normal spirometric reference group (GOLD stage 0) (8). 
Other patients had airflow obstruction (FEV1pp ,80%) and 
reduced FVC at spirometry, leading to a preserved FEV1/FVC 
ratio (.0.7). These patients, comprising 12% of the COPD-
Gene cohort, were classified as having preserved ratio impaired 
spirometry (PRISm) results (28) and were not included in the 
analysis of COPD status for this study. Demographic data are 
provided in Table 1.

Table 1: Summary of Patient Characteristics of Sample 
Taken from COPDGene Study Cohort

Characteristic Value

Demographics (n = 8951)

 Men (%) 53.35 (4775/8951)
 Race (% NHW) 68.04 (6090/8951)
 Age (y) 60 6 9
 Body mass index (kg/m2) 28.8 6 6.2
 No. of pack-years 44.2 6 24.9
 Current smokers (%) 52.54 (4703/8951)
Spirometry (n = 8895)*
 FEV1pp 77.3 6 27.0
 FVCpp 89.2 6 18.1
 FEV1/FVC 0.65 6 0.17
 GOLD 0 3855
 GOLD 1 695
 GOLD 2 1723
 GOLD 3 1022
 GOLD 4 529
 PRISm 1071
Imaging (n = 8951)
 %EM 6.2 6 9.8
 %AT 41.5 6 20.4
 %TLI 47.9 6 23.6
 Normal 3278
 Mild 1405
 Moderate 1456
 Severe 1175
 Very severe 1637

Note.—Categorical values are shown as the percentage, with 
the number of patients in parentheses, and continuous variables 
are shown as the mean 6 standard deviation. GOLD stage 0 is 
defined by patients who have an FEV1/FVC ratio greater than 
or equal to 0.7 and an FEV1pp of greater than or equal to 80. 
%AT = percentage air trapping, %EM = percentage emphysema, 
COPDGene = Chronic Obstructive Pulmonary Disease Genetic 
Epidemiology, GOLD = Global Initiative for Chronic Obstruc-
tive Lung Disease, FEV1 = forced expiratory volume in 1 second, 
FEV1pp = percentage predicted FEV1, FVC = forced vital capac-
ity, FVCpp = percentage predicted FVC, NHW = non-Hispanic 
White, PRISm = preserved ratio impaired spirometry, %TLI = 
percentage total lung involvement.
* A total of 56 patients had missing data for spirometric analysis.
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and specificity and CIs for odds ratios (ORs) and HRs, were 
analytically calculated, as appropriate. Regression P values 
were adjusted using Bonferroni correction; statistical signifi-
cance was determined using a 5% type 1 error threshold.

Results

Patient Overview of Spirometry, GOLD Stage, and CT 
Characteristics
Spirometric measurements and GOLD stage are summarized 
in Table 1. A total of 56 patients had missing spirometric mea-
surements and were omitted from analyses involving GOLD 
stages. GOLD stage 0 contained the largest number of patients 
(43%, 3855 of 8895); however, the mean FEV1pp (77.3% 6 
27.0) and FEV1/FVC (0.65 6 0.17) values were less than the 
thresholds (FEV1pp = 80% and FEV1/FVC = 0.70) separat-
ing GOLD stage 0 from other GOLD stages, reflecting the 
distributional left skewness of the spirometric measurements. 
GOLD stage 4 contained the fewest patients (6%, 529 of 
8895). Quantitative measures across the entire group of 8951 
patients showed a mean %EM of 6.2 6 9.8, a mean %AT of 
41.5 6 20.4, and a mean %TLI of 47.9 6 23.6 (Table 1).

CNN Model Performance
After training and validation of the lung segmentation CNN 
with the separate data set of 888 patients (Appendix E1 [sup-
plement]), the model was then tested on the 8951 patients 
from the COPDGene data set. Scatterplots visualizing the 
agreement between CNN metrics and semiautomated software 
metrics from three separate image analysis platforms for inspi-
ratory and expiratory series are shown in Figures E1 and E2 
(supplement), respectively. Intraclass correlation coefficients 

Prognostic Evaluation of Proposed CT-based Stages of 
COPD
We assessed the ability of the GOLD stage and proposed 
CT-based stages to prognosticate two clinical outcomes: ab-
normal spirometric progression of FEV1 (FEV1 loss .350 
mL between the baseline measurement and 5-year follow-
up) and 10-year all-cause mortality. Additional details on 
the definition of FEV1 progression and all-cause mortal-
ity can be found in Lowe et al (7). Detailed summaries of 
mortality by year, disease, and medications are included in 
Tables E3–E5 (supplement).

Statistical Analysis
Deformable registrations and lung segmentations were per-
formed in Python, version 3.6.2, using Diffusion Imaging in 
Python, version 0.14.0 (29), and Keras, version 2.2.0 (33), 
libraries. Statistical analysis was performed using R software 
(version 3.4.0; R Foundation for Statistical Computing). Pa-
tient demographics, image features, and spirometric metrics 
were summarized using descriptive statistics. We used uni- 
and multivariable logistic regression to predict the GOLD 
stage using the %EM and %AT as inputs and evaluated per-
formance using the area under the receiver operating char-
acteristic curve (AUC). Multivariable logistic regression was 
used to estimate the odds of FEV1 loss across GOLD- and 
CT-based staging, adjusting for patient age at study entry, 
sex, race, current smoking status, number of pack-years, and 
baseline postbronchodilator FEV1. We used Cox regression 
with right censoring to estimate hazard ratios (HRs) for all-
cause mortality across GOLD- and CT-based staging, adjust-
ing for sex, race, number of pack-years, and current smoking 
status; age was used as the underlying time scale. Sensitivity 

Figure 1: Pipeline for computing pathophysiologic image features using deep learning. Expiratory series were first deformably registered to inspiratory series for each 
patient. A three-dimensional deep learning lung segmentation algorithm was then used to segment the lungs from inspiratory images. Regions of emphysema were com-
puted from inspiratory images (highlighted in red). The attenuation difference map was computed by subtracting inspiratory and deformed expiratory images (highlighted in 
blue). Maps were overlaid to spatially visualize total lung involvement. Dashed line indicates implicit use of the inspiratory series to produce the deformed expiratory series.

http://radiology-cti.rsna.org
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GOLD stage 4. Conversely, the %AT weakly predicted the 
GOLD stage (AUCs , 0.80). However, AUCs using both the 
%EM and the %AT produced larger AUCs across GOLD cat-
egories (P , .001).

Image Thresholds and the Proposed CT-based Staging 
System
Thresholds for the %EM and %TLI and corresponding sen-
sitivities and specificities for each GOLD category are shown 
in Table 2. In the bivariable model, thresholds were observed 
across a narrow range for the %EM (range, 1.19%–3.64%) 
and were observed across a wider range for the %TLI (range, 
37.72%–67.88%). The %EM and %TLI alone were unable 
to distinguish between GOLD stages 1–4 and GOLD stages 
2–4, as evidenced by their approximately equal image thresh-
olds. Bivariable thresholds achieved greater Youden values than 
those achieved when using the %EM or %TLI individually. 
Sensitivities increased with the GOLD stage severity in both 
uni- and bivariable models.

Bivariable thresholds from Table 2 were used to guide the 
proposed definition of the CT-based COPD stages described 
in Table 3. CT-based stages applied to the study cohort are 
shown in Figure 4, A. The GOLD 1–4 and GOLD 2–4 cat-
egories are captured by the same moderate disease stage at CT 
because of their similar thresholds. Severe and very severe dis-
ease at CT capture the GOLD stage 3–4 and GOLD stage 
4 categories, respectively. Additional image thresholds of 1% 

measuring the agreement between CNN metrics and semiau-
tomated software metrics across the entire sample are shown 
in Table E2 (supplement). There was very strong agreement 
(intraclass correlation coefficient .0.99) across all validation 
metrics. The mean attenuation intraclass correlation coeffi-
cients were slightly smaller in magnitude than other metrics; 
however, the intraclass correlation coefficient among the three 
image analysis software platforms (0.98 [95% CI: 0.99, 0.99]) 
showed a similar decrease in agreement (Appendix E1 [supple-
ment]). Total lung capacity, functional residual capacity, and 
mean attenuation slightly underestimated the semiautomated 
software metrics (P , .001), but the bias was not clinically 
meaningful. Although we did not have access to the original 
masks used to create the semiautomated software metrics, we 
hypothesize that this small bias is due to the inclusion of high-
attenuating vasculature within the original ground truth masks 
used by COPDGene.

GOLD Stage Prediction Using Image Features
Scatterplots of %TLI versus %EM color coded by GOLD 
stage (Fig 2, A–F) show the relationship between spirometry 
and image features. Plots indicate that the severity of the %EM 
and %TLI tends to increase with an increasing GOLD stage, as 
expected. Receiver operating characteristic curves for GOLD 
stage prediction for the %EM and %AT are shown in Figure 
3. The %EM had strong predictive performance, with AUCs 
exceeding 0.82 for GOLD stages 1–3 and exceeding 0.92 for 

Figure 2: Relationship between Global Initiative for Chronic Obstructive Lung Disease (GOLD) stages derived using spirometric testing and CT image features. A, 
GOLD stages defined by the forced expiratory volume in 1 second (FEV1)/forced vital capacity (FVC) ratio and percentage predicted FEV1 (FEV1pp) spirometric measure-
ments. B–F, Two deep learning–derived pathophysiologic features, the percentage total lung involvement (y axes) and the percentage emphysema (x axes) are color 
coded by GOLD stage: B, GOLD stage 4; C, GOLD stage 3; D, GOLD stage 2; E, GOLD stage 1; and F, GOLD stage 0. Note that the axes of CT image features are log 
transformed and reversed for the purposes of visualization and analogy with spirometry. PRISm = preserved ratio impaired spirometry.
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for the %EM and 10% for the %TLI were separately selected 
to represent populations with minimal lung involvement and 
were used to define the normal imaging results reference cat-
egory. In results similar to those for GOLD stage 0, we found 

that a larger proportion of patients (37%, 3278 of 8951) were 
classified as having normal CT findings. The remaining CT-
based stages contained an approximately equal proportion of 
patients (mild, 16% [1405 of 8951]; moderate, 16% [1456 

Figure 3: Performance of logistic regression using CT image features to predict the Global Initiative for Chronic Obstructive Lung Disease (GOLD) stage. Note that 
confidence bands are excluded for visualization purposes. The receiver operating characteristic curves and areas under the receiver operating characteristic curve (AUCs) 
with 95% CIs in brackets for A, emphysema alone; B, air trapping alone; and C, emphysema and air trapping together for predicting the GOLD stage.

Table 2: Uni- and Bivariable Empirical Thresholds for Pathophysiologic CT Features to 
Predict GOLD Stage

Model by GOLD Stage Sensitivity (%) Specificity (%) %EM %TLI

Univariable, %EM*
 11 65 (2593/3969) 84 (4114/4926) 3.12 NA
 21 67 (2198/3274) 82 (4593/5621) 3.53 NA
 31 78 (1217/1551) 84 (6188/7344) 5.60 NA
 4 87 (462/529) 85 (7128/8366) 9.78 NA
Univariable, %TLI*
 11 77 (3058/3969) 73 (3616/4926) NA 44.68
 21 80 (2635/3274) 74 (4182/5621) NA 48.08
 31 91 (1407/1551) 80 (5851/7344) NA 59.58
 4 96 (507/529) 82 (6827/8366) NA 69.00
Bivariable, %EM and %TLI†

 11 73 (2888/3969) 86 (4234/4926) 1.19 37.72
 21 78 (2553/3274) 84 (4709/5621) 1.19 40.78
 31 87(1356/1551) 87 (6410/7344) 1.19 59.58
 4 93 (492/529) 88 (7376/8366) 3.64 67.88
Proposed thresholds‡

 11 85 (3364/3969) 56 (2738/4926) 1 10
 21 83 (2724/3274) 74 (4164/5621) 1 33
 31 91 (1404/1551) 81 (5973/7344) 1.5 50
 4 94 (495/529) 87 (7240/8366) 3 66

Note.—Empirical thresholds were determined by maximizing the Youden index with deep learn-
ing–derived features. Youden thresholds were used as a guide in the determination of CT-based 
chronic obstructive pulmonary disease stages. GOLD = Global Initiative for Chronic Obstructive 
Lung Disease, NA = not applicable, %EM = percentage emphysema, %TLI = percentage total lung 
involvement.
* Univariable analyses use either emphysema only or total lung involvement only.
† Bivariable analysis used both emphysema and total lung involvement.
‡ Proposed CT-based thresholds are as follows: GOLD stage 11 = mild, GOLD stage 21 = moder-
ate, GOLD stage 31 = severe, and GOLD stage 4 = very severe.

http://radiology-cti.rsna.org
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of 8951]; severe, 13% [1175 of 8951]; and very severe, 18% 
[1637 of 8951]).

Scatterplots of the FEV1/FVC ratio versus the FEV1pp color 
coded by the proposed CT-based COPD stages (Fig 4, A–F) 
show the relationship between proposed CT-based stages and 
spirometric findings. As expected, each of the proposed CT-
based stages predicts spirometric severity. However, patients 
with severe or very severe results at imaging largely span GOLD 
stages 2–4 or GOLD stages 1–3, respectively, with several of 
these patients showing normal spirometric findings. Normal-
to-moderate imaging findings are largely contained within the 
GOLD 0 category.

Prognostication of Clinical Outcomes
ORs and HRs for FEV1 progression and all-cause mortality 
are summarized in Table 4 and Figure 5. Regression results for 
the PRISm group are reported separately in Table E6 (supple-
ment). In the imaging-only reference category, the odds of dis-
ease progression for patients with moderate COPD (OR, 1.50 
[95% CI: 1.22, 1.84]), severe COPD (OR, 2.88 [95% CI: 
2.29, 3.63]), and very severe COPD (OR, 2.67 [95% CI: 2.01, 
3.53]) were greater than those for the normal imaging results 
reference category (P , .001 for all). Patients with severe or 
very severe disease at CT had greater odds of progression than 
patients with mild or moderate disease, suggesting that the 

Table 3: Proposed CT-based COPD Stages

Stage Percentage Emphysema Operator Percentage Total Lung Involvement

Normal ,1 Or ,10
Mild .1 And 10–33
Moderate 1–1.5 Or 33–50
Severe 1.5–3 Or 50–66
Very severe .3 And .66

Note.—Thresholds were used as a guide to propose five CT-based stages of COPD that paralleled 
the Global Initiative for Chronic Obstructive Lung Disease staging system. COPD = chronic 
obstructive pulmonary disease.

Figure 4: Relationship between proposed CT-based stages and spirometric pulmonary function testing results. A, Proposed imaging-based chronic obstructive pul-
monary disease stages are defined on the basis of the percentage emphysema and the percentage total lung involvement. B–F, Global Initiative for Chronic Obstructive 
Lung Disease (GOLD) stages are color coded by the proposed CT-based stages: B, very severe; C, severe; D, moderate; E, mild; and F, normal. As expected, each of the 
proposed CT-based stages predicts spirometric severity. Patients with very severe disease at CT span GOLD stage 2–4 disease. Patients with severe disease at CT span 
GOLD stage 1–4 disease and include some patients with normal spirometric results. Many patients with moderate and mild disease at CT (dark blue) have normal spiro-
metric results. FEV1 = forced expiratory volume in 1 second, FEV1pp = percentage predicted FEV1, FVC = forced vital capacity. 
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Table 4: Predictive Ability of Imaging and Spirometry for COPD Progression and All-Cause Mortality

Characteristic

FEV1 Progression All-Cause Mortality

No. of 
Patients Odds Ratio

Adjusted P 
Value

No. of 
Patients Hazard Ratio

Adjusted P 
Value

Imaging only
 None 1742 1 3278 1
 Mild 853 1.07 (0.88, 1.31) ..99 1405 0.83 (0.67, 1.04) .81
 Moderate 825 1.50 (1.22, 1.84)* .001 1456 0.82 (0.68, 0.99) .29
 Severe 595 2.88 (2.29, 3.63)* ,.001 1175 1.11 (0.93, 1.32) ..99
 Very severe 550 2.67 (2.02, 3.53)* ,.001 1637 2.23 (1.93, 2.58)* ,.001
Spirometry only
 GOLD stage 0 2238 1 3855 1
 GOLD stage 1 405 1.53 (1.20, 1.95)* .006 695 0.83 (0.64, 1.06) ..99
 GOLD stage 2 877 2.01 (1.55, 2.61)* ,.001 1723 1.51 (1.29, 1.78)* ,.001
 GOLD stage 3 408 1.47 (0.97, 2.24) .69 1022 2.80 (2.38, 3.30)* ,.001
 GOLD stage 4 85 0.10 (0.01, 0.72) .23 529 7.15 (6.03, 8.46)* ,.001
Imaging and  

spirometry
 GOLD stage 0
  None 1124 1 2014 1
  Mild 626 1.04 (0.82, 1.31) .99 1004 0.87 (0.65, 1.17) ..99
  Moderate 352 1.36 (1.03, 1.80) .79 570 0.68 (0.49, 0.93) .46
  Severe 102 1.63 (1.05, 2.54) .79 209 0.72 (0.43, 1.19) ..99
  Very severe 34 2.64 (1.30, 5.38) .19 58 0.62 (0.23, 1.67) ..99
 GOLD stage 1
  None 81 1.23 (0.72, 2.12) ..99 151 0.59 (0.33, 1.04) ..99
  Mild 77 1.81 (1.10, 2.97) .49 137 0.90 (0.51, 1.60) ..99
  Moderate 131 1.70 (1.13, 2.55) .27 224 0.68 (0.45, 1.04) ..99
  Severe 97 2.75 (1.73, 4.36)* ,.001 153 0.71 (0.45, 1.12) ..99
  Very severe 19 1.37 (0.50, 3.76) ..99 30 0.65 (0.21, 2.05) ..99
 GOLD stage 2
  None 164 1.03 (0.65, 1.62) ..99 318 1.28 (0.90, 1.82) ..99
  Mild 63 1.40 (0.77, 2.56) ..99 104 1.17 (0.65, 2.11) ..99
  Moderate 226 1.68 (1.17, 2.41) .13 427 1.32 (0.99, 1.76) ..99
  Severe 265 4.48 (3.18, 6.31)* ,.001 517 1.33 (1.04, 1.71) .63
  Very severe 159 4.72 (3.13, 7.13)* ,.001 357 1.19 (0.91, 1.57) ..99
 GOLD stage 3
  None 32 0.49 (0.11, 2.13) ..99 76 2.64 (1.65, 4.22)* .001
  Mild 2 0.00 (0.00, ∞) ..99 3 5.29 (0.74, 37.93) .99
  Moderate 24 3.05 (1.17, 7.94) .62 51 1.97 (1.09, 3.56) .64
  Severe 98 1.91 (1.07, 3.41) .733 215 2.18 (1.61, 2.94)* ,.001
  Very severe 252 2.26 (1.44, 3.55)* .001 677 2.40 (1.94, 2.96)* ,.001
 GOLD stage 4
  None 0 8 10.47 (4.61, 23.74) ,.001
  Mild 0 0
  Moderate 1 0 (0, ∞) ..99 4 14.01 (3.46, 56.67) .006
  Severe 6 0 (0, ∞) ..99 21 5.09 (2.67, 9.71) ,.001
  Very severe 78 0.15 (0.02, 1.14) ..99 496 5.98 (4.86, 7.36)* ,.001

Note.—Hazard ratios and odds ratios are shown with 95% CIs. COPD = chronic obstructive pulmonary disease, FEV1 = 
forced expiratory volume in 1 second, GOLD = Global Initiative for Chronic Obstructive Lung Disease. ∞ indicates no upper 
bound in the 95% CI.
* Indicates statistical significance based on 5% type 1 error threshold.
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likelihood of progression increases with the CT-based severity. 
The HR of mortality for patients with very severe disease (HR, 
2.23 [95% CI: 1.93, 2.58]) at CT was approximately twice the 
HR of patients with normal-to-severe disease (severe HR, 1.11 
[95% CI: 0.93, 1.32]). For the normal imaging results refer-
ence category, HRs for mild (HR, 0.83 [95% CI: 0.67, 1.04]) 
to severe (HR, 1.11 [95% CI: 0.93, 1.32]) disease at CT were 
not different.

For spirometry-based staging, only GOLD stages 1–2 
showed significantly greater odds (OR, 1.53 [95% CI: 1.20, 
1.95]; OR, 2.01 [95% CI: 1.55, 2.61], respectively) of FEV1 
progression compared with GOLD stage 0. In contrast, HRs 
for all-cause mortality showed a significant increasing trend 
with GOLD stage severity (GOLD stage 3 HR, 2.80 [95% CI: 
2.38, 3.30]; GOLD stage 4 HR, 7.15 [95% CI: 6.03, 8.46]), 
with the exception of GOLD stage 1 (HR, 0.83 [95% CI: 
0.64, 1.06]), which was not different from the GOLD stage 
0 reference.

Analysis of FEV1 progression using both imaging and spi-
rometric results as predictors showed significant interactions. 
Among patients with GOLD stage 2 disease, severe or very 
severe disease at CT showed a higher likelihood of progression 
(4.48 [95% CI: 3.18, 6.31] and 4.72 [95% CI: 3.13, 7.13]). 
Mortality HRs for CT-based stages within their respective 
GOLD-stage categories were not significantly different from 
each other.

Visualization of the Total Lung Disease Involvement 
Using Inspiratory Low-Attenuating Area and Attenuation 
Difference Maps
The spatial distribution of emphysema and air trapping across 
four case examples are shown using inspiratory low-attenuating 
areas and attenuation-difference maps in Figure 6. Inspiratory 
attenuations were windowed to [21000, 2900] HU, and at-
tenuation differences were windowed to [0, 100] HU for atten-
uation-difference maps.

Discussion
In this study, we leveraged deep learning and deformable reg-
istration techniques to automate quantification of emphysema 
and air trapping. We used these image features to define a 
pragmatic CT-based system for staging COPD, which parallels 
spirometrically defined GOLD stages. Our CT-based stages 
are prognostically valuable, whether used independently or in 
concert with pulmonary function tests, predicting both future 
FEV1 decline and mortality. Most notably, we found that pa-
tients with moderate spirometric impairment and moderate-to-
severe disease at CT had the highest likelihood of progression. 
These results point to the synergistic value of CT and func-
tional testing to identify patients at highest risk of progression 
and to potentially identify those who might derive the greatest 
benefit from medical or behavioral intervention to address on-
going tobacco exposure or other inhalational exposures.

Figure 5: Predictive ability of imaging and spirometry for chronic obstructive progression and all-cause mortality. Categories with fewer than 
30 patients are excluded from the figure for visualization. A, B, Odds ratios for forced expiratory volume in 1 second (FEV1) progression and, C, D, 
hazard ratios for 10-year all-cause mortality using CT-based stages only or CT-based stages and spirometry. CT-based stages are more predictive 
of disease progression than mortality. The combination of spirometry and CT appears to be more predictive than either alone, especially among pa-
tients with Global Initiative for Chronic Obstructive Lung Disease (GOLD) stage 2 disease with severe or very severe disease at CT.
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Over the past several years, there has been increasing rec-
ognition of the potential prognostic value of CT for COPD. 
Qualitative assessments (5,9,34) and quantitative measure-
ments (6,10,12) have each been proposed for characteriza-
tion of the lung parenchyma and airways (6,10,12), with in-
ter- and intrasoftware reproducibility of these measurements 
having been thoroughly assessed (35). The COPDGene in-
vestigators recently proposed a set of criteria to assist in the di-
agnosis of COPD, combining smoking exposure, symptoms, 
spirometry, and imaging to provide categories of diagnostic 
certainty (7)—a departure from historical definitions that did 
not incorporate CT imaging. This has been driven, in part, by 
the recognition that patients with COPD may not all exhibit 
abnormal pulmonary function test results. Their categories 
of diagnostic certainty appear to have prognostic value of 
their own. However, several of these measurements may be 
challenging to perform in the clinical environment, as they 
require manual labor or commercial software. We expand on 
these concepts, showing that open-source deep learning and 
deformable image registration tools can be used to automate 
CT-based COPD stages, which can be made readily available 
in a clinical picture archiving and communication system for 
routine use.

Similar approaches using deformable registration also have 
been proposed (13–16), requiring aggregation of multiple com-
mercial software tools. Boes et al (13) and Pompe et al (14) cat-
egorically defined the proportion of lung affected by emphysema 
and air trapping by placing predetermined attenuation thresh-
olds on deformably registered inspiratory and expiratory im-
ages to create parametric response maps. Ostridge et al (15) and 
Kirby et al (16) computed disease probability maps, describing 
the probability that each colocalized lung voxel contains emphy-
sema or air trapping. In our study, quantification of air trapping 
is most similar to that achieved using parametric response maps, 

which place thresholds on densities of deformed images. How-
ever, a fundamental difference is the removal of an upper thresh-
old at inspiratory to define air trapping, considering voxels with 
an attenuation difference of less than or equal to 100 HU and 
inspiratory attenuation of greater than −950 HU. In an auxiliary 
analysis, we show that this change can improve the prediction of 
the GOLD stage over both the traditionally used low-attenuat-
ing area and parametric response map measures for emphysema 
and air trapping (Appendix E3 [supplement]). However, further 
investigation may be required to detail the advantages and disad-
vantages of each method.

Other investigators have also begun to explore the value 
of deep learning to automate analysis of CT. González et al 
(36) developed a CNN to predict the GOLD stage using 
CT images, and Humphries et al (20) used deep learning to 
automate the Fleischner visual stages of emphysema. These 
classification-based applications of deep learning illustrate 
the potential for deep learning to perform prognostication, 
but it may be challenging to integrate such applications into 
the clinical workflow or to apply quality control to them. 
Specifically, they are challenged by “explainability,” as it can 
be difficult to distinguish between successful execution of the 
algorithm and “edge” cases at the boundaries of the capabili-
ties of the algorithm. Algorithms that leverage deep learning 
to automate segmentation tasks, like those implemented in 
the strategy we use here, may be more readily assessed visually 
to ensure quality for clinical use.

Our study had several limitations. Inspiratory- and expi-
ratory-phase imaging requires adequate patient cooperation. 
Suboptimal expiratory-phase images may result in apparent air 
trapping, leading to mischaracterization of patients. It will be 
important for clinical use of these algorithms to incorporate 
analysis of the adequacy of expiratory-phase acquisitions, which 
may be assessed by evaluating the concavity of the posterior 

Figure 6: Visualization of lung involvement using attenuation difference maps and emphysema. A, Image in a 66-year-old man with a 35-pack-year smoking his-
tory (Global Initiative for Chronic Obstructive Lung Disease [GOLD] stage 4, forced expiratory volume in 1 second [FEV1] = 23.8% predicted; FEV1/forced vital capacity 
[FVC] ratio = 0.32). B, Image in a 61-year-old man with a 40-pack-year smoking history (GOLD stage 4, FEV1 = 12.9% predicted, FEV1/FVC ratio = 0.29). C, Image in a 
78-year-old man with a 65.8-pack-year smoking history and chronic bronchitis (GOLD stage 2, FEV1 = 59.6% predicted, FEV1/FVC ratio = 0.47). D, Image in a 48-year-
old man with a 26-pack-year smoking history (GOLD stage 0, FEV1 = 92.9% predicted, FEV1/FVC ratio = 0.82). %AT = percentage air trapping, %EM = percentage em-
physema, %TLI = percentage total lung involvement.
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membranous portion of the trachea. Future studies may investi-
gate the use of deep learning approaches to automatically evalu-
ate the quality of expiratory series. Another limitation pertains 
to the newly recognized PRISm group of patients who have a 
preserved ratio but have an impaired FEV1pp of less than 80%. 
Studies have found that PRISm is associated with increased re-
spiratory symptoms, inflammation, and mortality (28) and may 
apply to patients with overlap of fibrosis, larger body habitus, 
and COPD. Future studies may be helpful for evaluating the 
benefit of quantitative CT in the PRISm population. Finally, our 
proposed CT-based staging system incorporates measurements 
of emphysema and air trapping but does not incorporate mea-
surements of airway caliber or wall thickening. It is possible that 
airway measurements may add additional prognostic value. Au-
tomated methods to standardize and accurately quantify airway 
abnormalities are reserved as a future direction.

In conclusion, we show that quantitative CT–based stages 
of COPD severity can prognosticate progression and mortality 
when implemented independently or in conjunction with the 
spirometric GOLD criteria. Fully automated deep learning al-
gorithms can facilitate translation of the proposed stages into 
clinical practice, potentially allowing us to provide better care for 
patients with COPD.
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