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Appendix E1

Materials and Methods

Cohorts

COPDGene is an observational, longitudinal study on the genetic epidemiology of COPD
(ClinicalTrials.gov: NCT00608764) funded by the National Heart, Lung, and Blood Institute
(5,13). CT scans were obtained without intravenous contrast while the participant was coached to
full inspiration and relaxed expiration. CT protocols for image acquisition and reconstruction
were standardized across the multiple COPDGene centers. Inspiratory scans were acquired with
a fixed dose of 200 mAs, which is considered high dose by today’s standards but was typical at
the time the COPDGene study was initiated. CT series were calculated with two different
reconstruction filters, one smoother (ie, low spatial frequency) and one edge enhancing (ie, high
spatial frequency). Our study used low spatial frequency reconstructions. Prospective data were
collected through the Longitudinal Follow-up (LFU) portion of COPDGene. Participants were
contacted in person or via e-mail every six months following enrollment and asked to report on
intercurrent hospitalizations and medical events. Deaths were reported to the central study from
the clinical centers. Information from the Social Security Death Index (SSDI) and the
COPDGene longitudinal follow-up program was used to determine a survival or censoring time
for each subject, taking care to avoid ascertainment bias. Those participants in the LFU program
received regularly occurring, biannual phone calls, and for this reason, for those still undergoing
active follow up, vital status was back censored six months prior to dataset generation. Those
whose follow up time terminated in death were included if their contact in the prior six months
indicated that they were being actively followed at the time of death. For those participants with
vital status ascertained using the SSDI, deaths and vital status were back censored three months
to account for the expected lag time between a death and its appearance in the SSDI dataset (18).

The ECLIPSE study was a three-year multicenter, observational study of 2,164
participants with GOLD stage 2—4 COPD, and 582 nonsmoker and smoker control participants
that was completed in 2011 (4,17). The trial was approved by the ethics and review boards at
participating centers and written informed consent was obtained from all participants. Individuals
with known respiratory diseases other than COPD or severe alpha-1 antitrypsin deficiency were
excluded. Participants ages 40 to 75 years were recruited to the COPD study group if they had a
smoking history of > 10 pack-years, a postbronchodilator forced expiratory volume in 1 second
(FEV1) less than 80% predicted, and a postbronchodilator ratio between FEV1 and forced vital
capacity (FVC) < 0.7. Smoking (> 10 pack-years) and nonsmoking (< 1 pack-year) control
participants were enrolled if they were ages 40 to 75 years and had normal lung function
(postbronchodilator FEV1 > 85% predicted and FEV1/FVC > 0.7). Participants with known
respiratory diseases other than COPD or severe alpha-1 antitrypsin deficiency were excluded. CT
scanning was performed without bronchodilatation within 1 day of lung function testing. Images
were acquired at suspended full inspiration without administration of intravenous contrast.
Exposure settings were 120 kVp and 40 mAs and images were reconstructed using thin (< 1.25
mm) contiguous slices and a low spatial frequency reconstruction algorithm (4,17). The present
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study included 1,962 ECLIPSE participants with available baseline CT, spirometry, and
mortality data. Participants with unreadable CT, identified by thoracic radiologists during the
original study, were omitted. Table E1 compares COPDGene and ECLIPSE testing cohorts.

Statistical Analysis

The resampling-based test (20) for assessment of model calibration was carried out by simulating
an emphysema level (integer between 0 and 5) for each participant using the probability profiles
predicted by the algorithm. A ? () statistic was computed by comparing simulated and
expected counts across participants. This was repeated 10,000 times to create a null distribution.
The observed levels from the visual scoring were then compared with the null distribution using
the same 7 statistic, replacing the simulated data with the actual visual scores, with small values
indicating that visual and deep learning scores are consistent. In this test is the P value is the
proportion of values in the null distribution with values at least as large as the observed one.

Deep Learning Algorithm

Convolutional neural networks (CNN) are a class of computational models in deep learning that
are particularly well-suited to image analysis. Development of CNNs for processing volumetric
CT at full resolution can challenge the capabilities of current computer hardware. Memory
constraints of consumer grade graphics processing units (GPUs), which are relied upon to
perform intensive computations in training CNNs, impose limits on the amount of image data
that can be used per participant. To help address memory issues, our deep learning algorithm
combines convolutional neural network (CNN) and long-short term memory (LSTM)
architectures (33). An initial lung segmentation is used to determine three-dimensional bounding
box around the lungs. The lung segmentation is generated by a deep learning algorithm
consisting of a fully convolutional DenseNet architecture (34) that was trained on full resolution
axial and coronal CT from normal and diseased lungs. A preprocessing step standardized CT
pixel data to z-scores using mean and standard deviation calculated within the lung segmentation
volumes. Twenty-five (25) full resolution axial images sampled over the standardized lung
volume (omitting the superior and inferior 5 mm) are separately processed by the convolutional
blocks of the network to extract features. Convolutional blocks consist of two-dimensional (2D)
convolutions, rectified linear unit (RELU) activation and max pooling. The four 2D
convolutional layers have 32 6 x 6,96 3 x 3,256 3 x 3 and 384 3 x 3 filters, respectively. The
first two max pooling layers have stride 3 and the second two max pooling layers have stride 4.
The convolutional blocks used shared weights so each of the 25 axials is processed in the same
way. Output of convolutional blocks for the 25 images are flattened and concatenated into a
sequence and passed to the LSTM layer, which learns representations of sequences that are
useful for classification. This reduces the dimensionality of the whole CT features from 25 x
3456 to 1 x 1228. Following the LSTM layer are two linear dense layers (1024 and 6 nodes
respectively) and negative log likelihood was used as the loss function. Dropout is used between
the LSTM and Dense layers. The output layer produces the predicted probabilities (0.0 < p; <
1.0) for classification in each category (ci, with 1=0,1,2,3,4 or 5 representing the categories
absent, trace, mild, moderate, confluent and advanced destructive, respectively). This is treated
as a discrete probability distribution and the final prediction (cpreq) is the probability-weighted
average (35) of the categories rounded to the nearest integer. The model was trained on CT on
2,507 COPDGene participants with three geometric augmentations (random variation in axial
slice sampling, in-plane translation, and in-plane rotation) for an effective training set size of
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7,521. Table E2 describes characteristics of participants used for training. Computer systems
used for algorithm development, training and testing included Intel Core 19 7980XE CPU, Dual
NVIDIA GeForce GTX 1080Ti and Titan XP GPUs, and 64GB RAM. Training time for the
algorithm was approximately four days.

Results

In comparing visual and deep learning scores in the COPDGene test cohort, the greatest
discordance was in individuals without visual evidence of emphysema that were classified by the
deep learning algorithm as having trace emphysema (ie, the two leftmost cells along the first row
of Table 1). Table E3 compares individuals with no visual evidence of emphysema that were
classified by the deep learning algorithm as absent or trace emphysema. Compared with
participants classified by both visual assessment and deep learning as having no emphysema (n =
637), participants classified as having trace emphysema by the deep learning algorithm (n =
1,495) had diminished FEV1% predicted (90.7 versus 93.7, P <.001) and FEV1/FVC (0.77
versus 0.79, P <.001). They also had greater LAA-950 (2.3 versus 2.0, P =.013) and greater
smoking exposure (35.6 versus 32.1 pack-years, P <.001).

Figure E1 shows Kaplan-Meier plots of survival in the COPDGene cohort with axes
limits matching Figure 3 in the main paper.

Table ES5 shows results of multivariable Cox modeling using visual emphysema scores as
predictors. Confirming results of a prior study, base models adjusted for race, sex, age, weight,
height, smoking pack-years, current smoking status, and education level show lower survival
associated with higher visual emphysema grade. Estimated hazard ratios (HR) were 1.2 (95% CI
1.0, 1.6), 1.4 (95% CI 1.2, 1.8), 2.2 (95% CI 1.7, 2.7), 4.6 (95% CI1 3.7, 5.8), or 4.7 (95% CI 3.5,
6.2) for visual grades of trace, mild, moderate, confluent or advanced destructive emphysema,
respectively.

Tables E6a and E6b show cause of death in the COPDGene test cohort (n = 740) by
visual and deep learning emphysema scores, respectively. Cause of death is encoded using
TORCH (Toward a Revolution in COPD Health [36]) Underlying Cause of Death (UCD)
conventions. ¥ tests of independence show an association between categories of emphysema
severity and cause of death (x> =167.1 P <.001 and x> = 173.7 P <.001 for visual and deep
learning emphysema classifications, respectively).
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Table E1

Characteristics of COPDGene participants (n = 2,507) used to train deep learning
algorithm stratified by visual emphysema score

Emphysema grade-visual scoring
Parameter Absent Trace Mild Moderate Confluent Adv. P value*
centrilobular centrilobular destructive
No. participants® 782 (31) 431 (17) 477 (19) 430 (17) 276 (11) 111 (4)
(n = 2507)
No. deaths* (n = 50 (6) 55 (13) 91 (19) 90 (21) 95 (34) 50 (45)
431)
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Demographic data

Age (years) 56.5 + 8.6 56.5+8.4 58.9+8.9 63.2+9.2 66.4+7.5 64.6+7.8 <0.001
BMI 30.6+6.2 29.4+£6.3 28.0+5.8 27.2+54 26.7+5.8 244 +53 <0.001
No. of men 267 173 190 171 120 55 0.01
No. of pack-years 36.1+20.0 426+214 47.9+23.7 55.7 £ 30.0 59.0 £ 30.2 52.0+23.9 <0.001
smoked

Functional parameters

FEV1% pred. 90.2£18.2 82.2+19.0 78.5+21.2 61.1+24.9 46.2+23.0 31.9+15.0 <0.001
FEV1/FVC 0.77 £0.08 0.73+£0.11 0.69 £0.12 0.55+0.16 0.43+0.14 0.35+£0.11 <0.001
LAA-950 1.6+£22 1627 25+3.5 8.4+8.0 204 +£11.2 36.0£12.1 <0.001

Table elements are number of participants with percentage in parentheses or mean + SD, as indicated. Percentages
were calculated as number of participants in a table cell divided by number of participants classified in that grade of

emphysema.

* Welch two sample t test.

T Percentages calculated as number of participants with a given emphysema grade divided by number of
participants included in the training set.

* Mortality data not available on 710 of the training participants.

Table E2
Comparison of COPDGene (n = 7,143) and ECLIPSE (n = 1,962) testing cohorts
COPDGene ECLIPSE P value*
Age (years) 59.8 + 8.9 61.5+8.4 <0.001
Number of deaths 982 (14) 155 (8)
FEV1% predicted 77.8+24.9 58.3 + 30.4 <0.001
FEV1/FVC 0.67 £0.16 0.51+0.17 <0.001
MMRC 1.28 +1.42 1.33+1.14 0.13
Smoking pack-years 43.7 +24.6 41.5+28.8 0.002
GOLD
Nonsmoker controls 37 (0) 183 (9)
PRISM 832 (12) 0 (0)
0 3159 (44) 250 (13)
1 573 (8) 2(0)
2 1378 (19) 690 (35)
3 780 (11) 624 (32)
4 339 (5) 213 (11)

Table elements are number of participants with percentages in parentheses or mean + SD. Percentages were
calculated as number of participants in a table cell divided by total number of participants in that cohort.

* Welch two sample t test.

FEV1% = forced expiratory volume in one second percent predicted for age and sex, FVC = forced vital capacity,
MMRC = modified Medical Research Council, GOLD = Global Initiative for Obstructive Lung Disease, PRISm =

Preserved ratio impaired spirometry.
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Table E3

Demographic and clinical parameters for COPDGene testing participants without
visual evidence of emphysema on CT (n = 2132) classified as having no or trace

emphysema
Deep learning classifications
Absent Trace P value*®
mean 95% CI mean 95% CI
Number of n =637 n=1495
participants
Age (years) 56.9 56.3, 57.6 57.4 57.0, 57.9 0.21
FEV1% predicted 93.9 92.8, 94.9 90.7 89.9, 91.6 <0.001
FEV1/FVC 0.79 0.79, 0.80 0.77 0.76, 0.77 <0.001
%LAA-950 2.01 1.82,2.20 2.31 2.17,2.45 0.01
Smoking pack-years 321 30.8, 334 35.6 34.6, 36.6 <0.001
SGRQ 14.9 13.6, 16.3 18.0 17.0, 19.0 <0.001
MMRC 0.71 0.63, 0.80 0.85 0.79, 0.92 0.01
6MWD (m) 472.5 464.9, 480.1 456.3 450.5, 462.0 <0.001

Table elements are mean values and 95% confidence intervals, except first row.

* Welch two sample t test.

Table E4

Mortality, demographics, functional parameters and comorbidities in COPDGene
testing cohort (n = 7,143) according to visual grade of emphysema

Emphysema grade-visual scoring
Parameter Absent Trace Mild Moderate Confluent Adv. P value*
centrilobular centrilobular destructive
No. participants® 2499 (35) 1322 (19) 1409 (20) 1049 (15) 656 (9) 208 (3)
No. deaths (n = 162 (6) 116 (9) 163 (12) 203 (19) 254 (39) 84 (40)
982)
Demographic data
Age (years)f 57.5+8.6 58.1+8.8 59.9+8.6 63.0+£8.3 65.0+7.7 65.0+7.5 <0.001
BMI (kg/m?) 30.7£6.5 29.7+£6.2 279+57 27.7+55 26.1+55 252+4.6 <0.001
No. of men) 1217 (49) 741 (56) 779 (55) 558 (53) 319 (49) 120 (58) <0.001
Race
Non-Hispanic 1707 (68) 834 (63) 924 (66) 742 (71) 530 (81) 174 (84) <0.001
white
African American 792 (32) 488 (37) 485 (34) 307 (29) 126 (19) 34 (16)
No. of pack-years 35.3+19.9 41.2+23.3 46.9 + 23.7 52.5+26.5 55.2 +27.6 58.0 £ 28.3 <0.001
smoked (n =
7104)
Current smoker 1204 (48) 799 (60) 861 (61) 524 (50) 171 (26) 32 (15) <0.001
Education high 770 (31) 515 (39) 585 (42) 437 (42) 243 (37) 83 (40) <0.001
school or less
Functional parameters
GOLD stage (n = x? = 3375.71 <0.001
7098)
Nonsmoker 34 (1) 3(0) 0 (0) 0(0) 0(0) 0 (0)
control
PRISM 390 (16) 220 (17) 153 (11) 59 (6) 10 (2) 0 (0)
0 1665 (67) 698 (53) 579 (41) 194 (18) 22 (3) 1(0)
1 126 (5) 102 (8) 153 (11) 134 (13) 49 (7) 9(4)
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2 222 (9) 201 (15) 348 (25) 369 (35) 189 (29) 49 (24)

3 43 (2) 76 (6) 142 (10) 217 (21) 236 (36) 66 (32)

4 6 (0) 7(1) 24 (2) 75 (7) 144 (22) 83 (40)
FEV1% pred. (n = 89.9+17.8 83.7£19.7 78.6 £21.9 66.1£24.0 48.4 £22.5 39.9+20.5 <0.001
7098)
FEV1/FVC (n = 0.77 £0.08 0.73+0.10 0.67 £0.12 0.58 £0.14 0.45+0.14 0.39+0.12 <0.001
7098)
6-Minute walk 4543 +111.9 | 429.4+119.1 | 4251 +111.8 | 391.1 £120.3 | 348.6 +121.2 327.8+115.4 <0.001
distance (m) (n =
7070)
SGRQ 18.3+£19.5 22.8+21.1 25.2+21.7 32.95+22.38 42.15+20.5 459+ 18.9 <0.001
MMRC dyspnea 0.87 £1.26 1.07 £1.34 1.23+£1.37 1.65+1.45 2.35+1.33 2.67 £1.21 <0.001
score (n =7131)
LAA-950 (%) 2.38 £2.96 2.39+3.42 3.68£4.76 8.66 £ 7.76 21.83+£11.27 33.4+11.44 <0.001
Comorbidities
Chronic bronchitis 334 (13) 212 (16) 292 (21) 266 (25) 179 (27) 42 (20) <0.001
Severe 135 (5) 105 (8) 145 (10) 164 (16) 151 (23) 52 (25) <0.001
exacerbations last
year
Coronary artery 115 (5) 88 (7) 98 (7) 92 (9) 67 (10) 18 (9) <0.001
disease
Diabetes 361 (14) 207 (16) 150 (11) 105 (10) 60 (9) 11 (5) <0.001
Congestive heart 51 (2) 35 (3) 50 (4) 37 (4) 26 (4) 4 (2) 0.016
failure

Table elements are number of participants with percentage in parentheses or mean + SD. Percentages were
calculated as number of participants in table cell divided by number of participants classified in that grade of

emphysema (ie, values in top row).

* P value for differences across emphysema grades, calculated with y? test for categoric variables and
with F test from analysis of variance for continuous variables.

T Percentages are according to total number of participants.

1t Chi-squared test statistic comparing emphysema grade and GOLD stage

Table E5

Cox multivariable models for predicting mortality in COPDGene test cohort (n =

7,143 participants)
Model 1: Base model Model 2: Base model + LAA-950
Parameter Referent Hazard ratio 95% ClI P value Hazard ratio 95% ClI P value
rou
Trace AgbseEt 1.23 0.97,1.57 0.0930 1.23 0.96,1.56 0.10
Mild Absent 1.44 1.15, 1.80 0.0016 1.37 1.09, 1.71 0.006
Moderate Absent 2.15 1.72, 2.67 <0.0001 1.66 1.32, 2.08 <0.001
Confluent Absent 4.63 3.72,5.77 <0.0001 2.22 1.68, 2.91 <0.001
Adv. destructive Absent 4.67 3.52, 6.21 <0.0001 1.45 0.99, 2.11 0.06
LAA-950 1.04 1.03, 1.05 <0.001

Models were fit using visual emphysema classification scores.

Note.—Models are adjusted for age, race, sex, weight, height, smoking pack-years, current smoking status at
enrollment, and education level.
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Table E6

Cause of death analysis in COPDGene participants with TORCH (Toward a

Revolution in COPD Health (10)) Underlying Cause of Death (UCD), single cause
data available (n = 740)

a) Visual scores (y2 = 167.1, P <.001)

Visual emphysema score

0 1 2 3 4 5
No. of deaths 110 88 122 152 206 62
ucD
Cancer 25 (23) 27 (31) 39 (32) 42 (28) 28 (14) 14 (23)
Cardiovascular 30 (27) 19 (22) 26 (21) 28 (18) 18 (9) 2 (3)
Respiratory 14 (13) 7 (8) 26 (21) 62 (41) 124 (60) 40 (64)
Other 32 (29) 30 (34) 25 (20) 16 (11) 27 (13) 6 (10)
Unknown 9 (8) 5 (6) 6 (5) 4 (3) 9 (4) 0 (0)

b) Deep learning emphysema scores (y2 = 173.7, P <.001)
Deep learning emphysema scores

0 1 2 3 4 5
No. of deaths 56 80 131 193 208 72
UCD
Cancer 14 (25) 24 (30) 48 (37) 45 (23) 35 (17) 9 (13)
Cardiovascular 14 (25) 15 (19) 29 (22) 42 (22) 18 (9) 5(7)
Respiratory 3(5) 7(9) 20 (15) 71 (37) 122 (59) 50 (69)
Other 21 (38) 27 (34) 28 (21) 28 (15) 24 (12) 8 (11)
Unknown 4(7) 7 (9) 6 (5) 7 (4) 9 (4) 0(0)

Data are counts (% of total). ? tests of independence were used to compare emphysema grade and UCD. Table
elements are number of participants with percentage in parentheses, as indicated. Percentages were calculated as
number of participants in table cell divided by number of participants classified in that grade of emphysema (ie,

values in top row). Emphysema scores are 0 = absent, 1 = trace, 2 = mild, 3 = moderate, 4 = confluent, 5 = advanced

destructive.
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