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Abstract. Lung cancer is a leading cause of mortality and morbidity for
patients suffering from Chronic Obstructive Pulmonary Disease (COPD).
Both the presence of visually assessed emphysema on CT scans and
abnormal pulmonary function tests are associated with the development
of lung cancer. Based on recent results showing that convolutional neural
networks (CNNs) applied to CT scans can predict spirometrically-defined
COPD (if,‘g < 0.7), we hypothesized that CNN-based classification of
COPD and emphysema is predictive of lung cancer development in the
National Lung Cancer Screening (NLST) cohort. We trained spiromet-
ric COPD and visual emphysema CNN classifiers using data from the
COPDGene study. The classifiers were then used to generate COPD and
emphysema scores (C'Scnn and EScnw, respectively) on 7347 CT scans
from the NLST study. Cox proportional hazards regression was used to
model the effects of C'Scnn, EScnn, age, body mass index, educa-
tion, gender, smoking pack-years, and years since smoking cessation on
lung cancer diagnosis. It was found that, individually, both C'Scnn and
EScnn were statistically significant predictors (p < 0.000 and p < 0.000,
respectively) of lung cancer diagnosis hazard.
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1 Introduction

Chronic Obstructive Lung Disease (COPD), an inflammatory lung disease result-
ing in pulmonary airflow obstruction, is projected to be the fourth leading cause
of death in the world by 2030 [1]. COPD is typically diagnosed using spirometry
(i.e. pulmonary function tests, PFTs), with a forced expiratory volume in 1 sec-
ond to forced vital capacity ratio (£2¥) less than 70% being considered a COPD
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diagnosis [1]. Emphysema, a sub-type of COPD that involves the thinning and
destruction of the alveoli, is one of the diseases comprising COPD. Emphysema
presence and severity is typically assessed by visual reading of thoracic computed
tomography (CT) scans.

Lung cancer has been shown to be associated with spirometrically defined
COPD (sCOPD), with Young et al. reporting a two-fold increase in lung cancer
incidence among patients in the National Lung Cancer Screening Trial (NLST)
who had COPD [2]. The presence of visually assessed emphysema on CT scans
is also associated with lung cancer diagnosis, as a meta-analysis conducted by
Smith et al. showed that the presence vs. absence of visual emphysema on CT
resulted in a lung cancer diagnosis odds ratio of 3.50 [3].

It is therefore possible that using PFT and/or CT imaging data may allow
for more accurate lung cancer risk stratification, which could improve lung can-
cer screening inclusion criteria and/or be used to help motivate patients to quit
smoking [5]. Unfortunately, PFTs and visual assessment of emphysema are not
always available due to the associated costs. In addition, visual assessment of
emphysema is subjective and thus suffers from high intra and inter-reader vari-
ability [6].

It was recently shown that Convolutional Neural Networks (CNNs) can be
used to train end-to-end CT-based classifiers of clinical COPD outcomes [7]
such as GOLD stage, exacerbation frequency, and mortality. Based on these
results, we hypothesized these techniques could used to improve lung cancer risk
modeling without the need for PFTs or visual assessment of emphysema.

In this work, we present a CT-based CNN classification workflow for assess-
ment of sSCOPD and visual emphysema and show that classification results pro-
duced by the CNNs are predictive of lung cancer diagnosis hazard in the NLST
cohort.

2 Methods

2.1 Data

The CNNs were trained using image and clinical data from the Genetic Epidemi-
ology of COPD (COPDGene) study [8]. CT scans from the baseline image collec-
tion and 5-year follow-up were available for training and validation. Only scans
reconstructed using a smooth kernel (GE Standard, Siemens B31f, or Philips B)
were used in this study.

The CNN models trained on COPDGene data were applied to CT scans
from the NLST. We processed low-dose CT scans from the NLST that were
reconstructed with a Siemens B30f, GE Standard, Philips B, or Toshiba FC10
kernel, and that had a slice thickess of 2.5 mm or less. After accounting for
missing clinical data and failed image processing, this resulted in 7347 datasets.
2694 of these datasets had associated spirometry data.
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2.2 CNN Architecture

Image Processing. High resolution CT volumes are too large to train and
process on current graphics processing units (GPUs). Similar to [7], we devel-
oped a data reduction strategy that used a subset of image slices for training
and processing. A set of 8 axial slices, each down-sampled from 512 x 512 to
256 x 256 pixels, were randomly sampled from equally sized “zones” of the lung
and combined into a single image montage (Fig. 1).

Fig. 1. Top: Image processing steps: segmentation and division of the lungs into 8
equally-sized zones. Bottom: 2048 x 256 pixel image montage used for training and
classification. Each slice of the montage was randomly sampled from within it’s corre-
sponding zone

CNN Configuration. The CNN configuration is presented in Table 1. Both
sCOPD and visual emphysema classifiers used this configuration for training
and testing. The CNN was implemented in PyTorch and trained using stochastic
gradient descent with a cross-entropy loss function, Nesterov momentum of 0.9,
a learning rate of 0.001, and a batch size of 32.

Training. For the sCOPD classifier, subjects were classified as having COPD
if they were in Global Initiative for Chronic Obstructive Lung Disease (GOLD)
stage 1 or greater. GOLD stage 0 and PRISM subjects were classified as not
having COPD. 3750 subjects were used for training. Due to the to use of random
slices for processing each CT scan, data augmentation was used to increase the
size of the training dataset from 3750 to 15000 by generating four different slice
configurations for each subject. 5-year follow-up CT scans were used for training
validation.



Convolutional Neural Network Based COPD and Emphysema Classifications 305

The emphysema classifier was trained using visual centrilobular emphysema
classifications. A subset of the baseline COPDGene CT scans were visually scored
by two analysts using the Fleischner Society classification system. Emphysema
was classified as centrilobular (trace, mild, moderate, confluent, and advanced
destructive emphysema), panlobular, and paraseptal (mild or substantial). A
two-category classifier was generated that classified an image as having visual
emphysema if it contained mild, moderate, confluent, or advanced destructive
centrilobular emphysema, and no emphysema otherwise. Visual reads that were
not agreed upon by both analysts were not used for training. A total of 875
subjects were used for training, resulting in 3500 training images after using the
data augmentation strategy outlined above. 3500 datasets from different subjects
were used for training validation.

Table 1. CNN configuration. conv3 =3 X 3 convolution. relu = Rectified linear unit.
maxpool =2 x 2 max-pooling. FC = Fully-connected. dropout =50% dropout.

input (256x2048x1)
(256x2048x1) >conv3 >relu >(256x2048x16) >conv3 >relu >(256x2048x16)
maxpool
(128x1024x16) >conv3 >relu >(128x1024x32) >conv3 >relu >(128x1024x32)
maxpool
(64x512x32) >conv3 >relu >(64x512x64) >conv3 >relu >(64x512x64)
maxpool
(32x256x64) >conv3 >relu >(32x256x128) >conv3 >relu >(32x256x128)
maxpool
(16x128x128) >conv3 >relu >(16x128x128) >conv3 >relu >(16x128x128)
maxpool
(16x128x128) >FC512 >relu >dropout >FC2
log softmax

CNN Validation and Testing. Following training, the CNN models were used
to create sCOPD and emphysema classification probabilities (i.e. classification
scores CSonn € (0,1) C R, EScnn € (0,1) C R, respectively) by taking the
exponential of the model output. Classification scores were assigned to a binary
category by thresholding at 0.5 (e.g. CScnny > 0.5 — sCOPD, CSenyy < 0.5 —
NO sCOPD). Validation and test accuracy was computed as the percentage of
correct classifications.

The sCOPD classifier was further validated in a subset of NLST images (2694
subjects) with spirometry data available. Radiologist generated visual emphy-
sema classification, however, was not available for the NLST datasets.

2.3 Statistical Analysis

Cox proportional hazard models were used to test the association between
CScnn and EScnyny and time-to-event of lung cancer diagnosis incidence.
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Participants were censored at 6years of follow-up. Regression models were
adjusted for covariates known to be associated with cancer development includ-
ing age, gender, body mass index, pack-years, and time since smoking cessa-
tion. Three models were generated: One with both CScyy and EScyn scores
included as continuous variables, one with only the C'Scy v score included as a
continuous variable, and one with only the EScnn score included as a contin-
uous variable.

Kaplan-Meier curves were also generated for C'Sonyny and EScnn classifiers
for subjects that fell above and below the median classification scores within the
NLST cohort (Fig. 2).

Both Cox proportional hazards regression and Kaplan-Meier analysis were
implemented in Python using the 1ifelines package.

3 Results

3.1 Validation and Test Accuracy

Validation accuracy for the COPDGene cohort and test accuracy for the NLST
cohort are shown in Table2. The validation accuracy of the CScnn classifier
was almost exactly the same as reported for test subset in [7]. It should also be
noted that there was almost no decrease in the sSCOPD classification accuracy
when going from the COPDGene to the NLST scans, despite that fact that the
patient cohorts and CT image acquisition and reconstruction parameters were
different.

Table 2. Validation and test accuracy of the C'Scnny and EScnyn classifiers

Validation (COPDGene) accuracy | NLST test accuracy
sCOPD 7. 7% 76.2%
Emphysema | 79.8% Not available

3.2 Statistical Analysis

Results for each Cox model are shown in Table3. When C'Scyy and EScyn
were not combined into a single model, both were statistically significant
(p <0.000) predictors of lung cancer diagnosis hazard. When combined in a
single model, however, the statistical significance of the CScnyy and ESconn
classification scores decreased (to p = 0.0195 and p = 0.0598, respectively).
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Table 3. Cox regression results. Statistically significant predictors are in bold.

CS and ES CS-only ES-only

Hazard p Hazard p Hazard p
CScnn 1.7849 0.0195 | 2.46 0.0000 | - -
EScnN 1.5934 0.0598 |- - 2.3555 0.0000
Age 1.0632 0.0000 | 1.0651 0.0000 | 1.0660 0.0000
BMI 0.9778 0.0625 |0.9723 0.0164 | 0.9787 0.0745
Education |0.9935 0.6730 |0.9931 0.6595 |0.9935 0.6728
Gender 0.7840 0.0237 | 0.7959 0.0334|0.7841 0.0237
Pack-years | 1.0110 0.0000 | 1.0112 0.0000 | 1.0112 0.0000
Quit-years | 0.9362 0.0000 | 0.9348 0.0000 | 0.9360 0.0000

Concordance | 0.714 | Concordance | 0.711 | Concordance | 0.711

CS_CNN ES_CNN

—— C5_CNN: 0-0.23 1.00
CS_CNN: 0.24-1

—— ES_CNN: 0-0.28
ES_CNN: 0.29-1

0 500 1000 1500 2000 2500 o 500 1000 1500 2000 2500
Days following start of enroliment in NLST Days following start of enrollment in NLST

Fig. 2. Kaplan-Meier curves showing time to lung cancer diagnosis for subjects with
CScnn and EScnn scores less than or greater than the median for the cohort. 0.23
and 0.28 are the median C'Scnn and EScnw, scores, respectively, in the NLST cohort.

4 Discussion and Conclusion

The relationship between objective quantitative CT-based assessment of emphy-
sema (i.e. percent low-attenuation area, %LAA) and lung cancer has been shown
to be either weak [9] or non-existent [3,10,11], despite an association between
visual emphysema and lung cancer. In this work, we showed that CNN-based
probability scores of spirometrically defined COPD and visual emphysema were
both statistically significant predictors of lung cancer diagnosis hazard in the
NLST cohort. An encouraging result of this work is that, although the sCOPD
classifier was trained on full-dose CTs from the COPDGene study, the valida-
tion accuracy of the classifier decreased only 1.5% when applied to low-dose CTs
from the NLST, which is evidence that the classifier was robust and not overfit
to the training data.

The CNN architecture presented in this work uses only a subset of axial
slices from a high-resolution CT image. A potential benefit of this architecture
is that it might be possible to obtain accurate classification of sSCOPD and/or
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emphysema from “incremental” CT scans (scans acquired with large spacing
between slices), which when used in combination with low-tube currents, would
allow for screening of COPD at very low x-ray doses. Another benefit of the
image processing workflow is that, due to the use of random slices within lung
zones, it may be possible to increase the accuracy of the classifier estimates by
ensembling the results from multiple configurations.

A limitation of this preliminary work is that CNN models were only trained to
classify COPD and emphysema as binary categories even though more granular
data was available (e.g. GOLD 04 and Fleischner society emphysema classifica-
tions). Additionally, the variation in CNN scores obtained using different random
slice configurations from the same image should be characterized to help under-
stand the classification repeatability. Finally, a comparison with the performance
of other quantitative CT-based COPD metrics (e.g. LAA-950 or Percl5) is of
particular interest. Future work will focus on addressing these issues.

In conclusion, we trained CNNs to classify COPD and emphysema presence
from CT images, and showed that the classification probabilities were statisti-
cally significant predictors of lung cancer diagnosis hazard.
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