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Purpose: This study aimed to screen out computed tomography (CT) morphological features and clinical characteristics of patients
with lung cancer to identify chronic obstructive pulmonary disease (COPD). Further, we aimed to develop and validate different
diagnostic nomograms for predicting whether lung cancer is comorbid with COPD.

Patients and Methods: This retrospective study examined data from 498 patients with lung cancer (280 with COPD, 218 without
COPD; 349 in training cohort, 149 in validation cohort) from two centers. Five clinical characteristics and 20 CT morphological
features were evaluated. Differences in all variables were assessed between COPD and non-COPD groups. Models were developed
using multivariable logistic regression to identify COPD, including clinical, imaging, and combined nomograms. Receiver operating
characteristic curves were used to evaluate and compare the performance of nomograms.

Results: Age, sex, interface, bronchus cutoff sign, spine-like process, and spiculation sign were independent predictors of COPD in
patients with lung cancer. In the training and validation cohorts, the clinical nomogram showed good performance to predict COPD in
lung cancer patients (areas under the curves [AUCs] of 0.807 [95% CI, 0.761-0.854] and 0.753 [95% CI, 0.674-0.832]); while the
imaging nomogram showed slightly better performance (AUCs of 0.814 [95% CI, 0.770-0.858] and 0.780 [95% CI, 0.705-0.856]).
For the combined nomogram generated with clinical and imaging features, the performance was further improved (AUC=0.863 [95%
CI, 0.824-0.903], 0.811 [95% CI, 0.742—0.880] in the training and validation cohort). At 60% risk threshold, there were more true
negative predictions (48 vs 44) and higher accuracy (73.15% vs 71.14%) for the combined nomogram compared with the clinical
nomogram in the validation cohort.

Conclusion: The combined nomogram developed with clinical and imaging features outperformed clinical and imaging nomograms;
this provides a convenient method to detect COPD in patients with lung cancer using one-stop CT scanning.
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Introduction

Chronic obstructive pulmonary disease (COPD) is the third leading cause of death in the world. The Global Burden of Disease
Study estimated the global prevalence of COPD to be 174 million cases in 2015." In the same year, the overall prevalence of
spirometry-defined COPD was 8.6%, accounting for 99.9 million people with COPD in China.? Lung cancers are the second
most common malignant tumors and have the highest mortality rate among malignancies.** In 2020, there were 2.207 million
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new cases of lung cancer worldwide, and lung cancer caused 1.796 million deaths.* Some studies have shown that 50-70% of
patients with lung cancer have COPD, and the incidence of lung cancer in patients with COPD is significantly higher than
those without COPD.” Studies on comorbid COPD and lung cancer have focused on the correlation of pathogenic factors,®’
the prediction of lung cancer occurrence with COPD-related factors,™” prognosis,'® and the correlation between COPD and
pathological subtypes of lung cancer.'' COPD and lung cancer share risk factors, such as aging, tobacco use, and air
pollution.” Moreover, some characteristics of COPD are independent predictors of lung cancer.®

Lung cancer with comorbid COPD is associated with poorer overall survival (OS) compared with lung cancer
alone.'® Additionally, patients with comorbid lung cancer and COPD have a higher risk of increased postoperative
complications.'® Therefore, the accurate identification of comorbid COPD and lung cancer is helpful to optimize clinical
treatment decisions and may improve prognosis. Pulmonary function tests (PFTs) are considered the gold standard for the
diagnosis of COPD but have several limitations. PFTs require a high level of cooperation from patients; if patients do not
follow the operator instructions well, the test results are likely to be unreliable. In addition, PFTs are not applicable to all
patients because they have many contraindications, such as angina pectoris, pulmonary embolism, and severe heart
failure. As a routine examination method for patients with lung cancer, computed tomography (CT) is non-invasive,
requires minimal patient cooperation, and has a wide application range. If CT features can be used to identify the
comorbidity of COPD with lung cancer, the benefits of one-stop detection of lung cancer and COPD may be achieved.
PFTs are not regular examinations for all patients with lung cancer in some regions, and CT morphological features are
likely to provide surrogate biomarkers for COPD while evaluating lung cancer.

The lung structural changes in patients with COPD mainly include airway disease, lung parenchymal damage, and
vascular remodeling.'? The lung parenchyma microenvironment at the origin of the lung cancer differs between patients
with comorbid COPD and those without, thus affecting the morphological phenotype of lung cancer. One study reported
that patients with lung cancer and COPD had a higher incidence of spiculation than patients without COPD, and the
morphology of spiculation was related to interstitial changes and the degree of emphysema.'® Therefore, we speculate
that morphological features of lung cancer may be potential predictors for COPD in patients with lung cancer. Further,
chest CT can be used to estimate the extent and distribution of emphysema and to identify bronchial wall thickening and
gas retention. Visual assessment of the CT features of the whole lung parenchyma and interstitium can be used to identify
COPD.'*'® There are many studies on COPD and lung cancer using CT, but there are few studies focusing on the CT
imaging features in comorbid COPD and lung cancer, and none of these studies attempted to explore the diagnostic value
of CT morphological features of lung cancer for COPD.

Some important clinical risk factors of COPD (sex, smoking history, etc.) should be taken into consideration
simultaneously when analyzing patient data. Nomograms are graphical representations of complex mathematical
formulae, and medical nomograms have been regarded as reliable tools to quantify risk by integrating important factors
(biological, demographic, and clinical variables) of clinical events.'” To the best of our knowledge, there is currently no
nomogram for identifying COPD in patients with lung cancer. The objective of this study was to assess CT morpholo-
gical features and clinical characteristics that can be useful for identifying COPD and to further develop and validate
clinical, imaging, and combined nomograms for identifying comorbid COPD in patients with lung cancer.

Materials and Methods

Patient Population, Demographic and Clinical Data

The patients in this study were recruited from two hospitals. From Hospital 1, 560 patients were recruited retrospectively
from June 2014 to March 2020; fifty-four patients were initially enrolled between November 2019 and December 2021
from Hospital 2. The inclusion criteria were as follows: (1) pathologically confirmed lung cancer by surgery or biopsy;
(2) complete PFT results; (3) patient underwent PFT and CT within 2 weeks before surgery or biopsy; (4) clinical data
integrity. The exclusion criteria were as follows: (1) pathologically confirmed non-primary lung cancer; (2) no thin-slice
chest CT images; (3) missing PFT data and inaccurate PFT caused by poor patient cooperation. The patient inclusion
procedure is shown in Figure 1. The patients were allocated to the lung cancer with COPD group (COPD group) and the
lung cancer without COPD group (non-COPD group). This retrospective study was approved by the Biomedical
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560 suspected lung cancer patients 54 suspected lung cancer patients
undergoing lung function test between undergoing lung function test between
June 2014 to March 2020 from November 2019 and December 2021 from
Hospital 1 Hospital 2
Exclusion:

1.Non-primary Lung Cancer (N=22)
2.Incomplete pulmonary function
parameters(N=10)

3.No Thin-slice DICOM Images(N=84)

\ 4

498 lung cancer patients were included eventually
(Hospital 1: 444 cases; Hospital 2: 54 cases)

\ 4 \ 4
Training cohort: 349 patients| |Validation cohort: 149 patients
(Hospital 1: 309 cases; (Hospital 1:135 cases;
Hospital 2: 40 cases) Hospital 2: 14 cases)

Figure | Flowchart of study population.

Research Ethics Committee of Shanghai Changzheng Hospital (Second Affiliated Hospital), Naval Medical University,
Shanghai, China (approval number, 2018SL028). Informed patient consent was obtained, and the study was conducted in
accordance with the Declaration of Helsinki.

In total, 444 cases from Hospital 1 and 54 cases from Hospital 2 were eligible for further analysis. These 498 patients
from the two centers were combined into one pool and then randomly divided into a training cohort (n=349) and
a validation cohort (n=149) at a ratio of 7:3. Demographic and clinical data included age, sex, smoking status, family
lung cancer history, body mass index (BMI) and histological subtypes of lung cancer. BMI was calculated by dividing
weight (kg) by the square of height (m). The pathological subtypes of lung cancer were categorized according to the 2015
World Health Organization Classification of Tumors of the Lung.'®

Pulmonary Function Testing

PFT was performed using a spirometer (Jaeger/Toennies, Germany) that met the American Thoracic Society criteria. The
vital capacity (VC), forced expiratory volume in one second (FEV1), forced vital capacity (FVC), percentage of FEV1 to
the predicted value (FEV1%pred), ratio of FEV1 to FVC (FEV1/FVC), and maximum expiratory flow at 25% of the
FVC (MEF25) were collected for analysis. FEV1/FVC<0.70 and an increase in FEV1 of less than 200 mL after the use
of a bronchodilator was diagnosed as COPD.

CT Image Acquisition

CT examinations in Hospital 1 were conducted using a 256-slice or a 128-slice CT scanner (Brilliance-iCT and
Ingenuity CT; Philips Medical Systems, Best, Netherlands). The slice thickness and slice increment were 1 mm. Other
scanning parameters have been described in a previous study.'® The patients in Hospital 2 underwent CT examinations
using a Somatom Definition AS 64 or 128 CT (Siemens Healthineers, Erlangen, Germany). The slice thickness and
slice increment were 2 mm. Other scanning parameters have been reported previously.”® All CT scanning was
performed from the thoracic inlet to the middle portion of the kidneys, and non-contrast enhanced images were
used for analysis.

Evaluation of CT Morphological Features
Two chest radiologists with three and eight years of experience in thoracic CT interpretation, who were blinded to the
patients’ clinical information, reviewed CT images independently. Both radiologists assessed all images of 498 patients in
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three orthogonal planes (axial, coronal, sagittal). When there were multiple lung cancer nodules, the largest one was
evaluated. In cases of discordant interpretations, CT findings were adjudicated by another senior radiologist (with twenty
years of experience in chest CT). CT images were read with mediastinal (width, 300 HU; level, 60 HU) and lung (width,
1500 HU; level, —500 HU) window settings. A total of 20 CT morphological features were assessed: location; density;
shape; interface; three marginal characteristics including lobulation sign, spiculation sign, and spine-like process sign; six
internal characteristics including vacuole sign, cavity sign, cystic airspace, calcification, bronchus cutoff sign, and
bronchus dilation/distortion; two features of adjacent structures consisting of pleural indentation sign and vascular
convergence sign; the maximum and minimum diameters of the maximum cross section; and three features of the
lung parenchyma, including bronchial wall thickening, emphysema in the lobe of lung cancer (ELLC), and emphysema
in the remaining lobes (ERL), which were all visually evaluated. The definitions and scoring rules for CT morphological
features are described in Supplementary Table S1, and graphical figures of CT morphological features are shown in

Supplementary Figure S1. Most of the definitions of morphological features of pulmonary nodules have been previously

reported.”!

Development of Predictive Nomograms and Statistical Analysis

We performed statistical analyses using the SPSS 23.0 software and R software (version 4.2.1). Statistical tests were two-
sided, and the significance level was set at a = 0.05. Differences in all variables between COPD group and non-COPD
group were assessed using the Student’s #-test or the Mann—Whitney U-test for continuous variables according to the
normality of the data and Fisher’s exact test or chi-square test for categorical variables. Fisher’s exact test or chi-square
test was used to compare histological subtypes of lung cancer between non-COPD and COPD groups and between non-
emphysema and emphysema groups, as well as the origination of different histological subtypes of lung cancer (from
areas with emphysema or without emphysema). The analysis of association between sex and smoking status was
performed using the chi-square test and Cramer’s V coefficient.

To develop an optimal nomogram for the identification of COPD in patients with lung cancer, three models were
built. Univariable logistic regression was performed to select significant risk variables with P-values<0.05. The selected
variables were imported into a multivariate logistic regression. We used the Enter method for variable selection; only
variables with P<0.05 and those with important diagnostic value (P>0.05, such as smoking status) were included in the
final model. Using this method, a clinical model containing only clinical characteristics and an imaging model containing
only imaging features were established. Clinical characteristics and imaging features were incorporated to build
a combined model. Three nomograms were drawn from the three models, referred to here as the clinical, imaging,
and combined nomograms. Receiver operating characteristic (ROC) curves, which could evaluate the predictive
performance of the nomograms, were compared using Delong test. During ROC analyses, the optimized threshold (cut-
off value) was determined through Youden index, followed by the calculation of the sensitivity, specificity, accuracy, and
positive/negative predictive values (PPV/NPV) for each model. Confusion matrices for the various nomograms to
identify COPD were also calculated at multiple thresholds. Calibration curves were used to evaluate the goodness of

fit, while decision curve analyses determined the clinical usefulness of the three nomograms.

Results

Clinical Characteristics and Pulmonary Function Parameters

In the training cohort, there were 191 patients with lung cancer with COPD (54.73%) and 158 patients without COPD
(45.27%). The clinical characteristics and pulmonary function parameters of the patients are shown in Table 1. Between
the COPD and non-COPD groups, there were significant differences in age, sex, and smoking status (P<0.001). There
were more current smokers and former smokers in the COPD group than in the non-COPD group (73.58% vs 26.42%,
71.43% vs 28.57%), and the difference was statistically significant (P<0.001). Compared with the non-COPD group, lung
cancer with COPD occurred more in men than in women (73.93% vs 25.36%, P<0.001). The patients in the COPD group
were significantly older than those in the non-COPD group (P<0.001). Regarding pulmonary function parameters, FEV1,
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Table | Clinical Characteristics and Pulmonary Function Parameters in the Training and Validation Cohort
Variable Training Cohort (n=349) Validation Cohort (n=149)
Non-COPD COPD ra P-value | Non-COPD COPD Ve P-value
(n=158) (n=191) values/t/ (n=60) (n=89) values/t/
z z
Age (years) 59.50+17% 66.00+8° —6.677 <0.001 58.1549.53° 66.00+9% —4.529 <0.001
Sex 79.443 <0.001 11.631 0.001
Male 55(26.07) 156(73.93) 28(29.79) 66(70.21)
Female 103(74.64) 35(25.36) 32(58.18) 23(41.82)
Smoking status 32.103 <0.001 9.103 0.011
Never smoker 120(57.69) 88(42.31) 43(50.59) 42(49.41)
Current Smoker 28(26.42) 78(73.58) 13(28.89) 32(71.11)
Former Smoker 10(28.57) 25(71.43) 4(21.05) 15(78.95)
Family History of Lung Cancer - 0.503 - 0.221
Yes 5(55.56) 4(44.44) 4(66.67) 2(33.33)
No 153(45.00) 187(55.00) 56(39.16) 87(60.84)
BMI (kg/m?) 23.62+0.22° 23.44£0.22° 0.578 0.564 23.64£2.73° 23.82+3.03° -0.385 0.700
VC (L) 2.98+0.057° 2.91+0.05* —0.746 0.456 3.05+0.86° 2.82+0.61° 1.802 0.075
FEVI (L) 2.39+0.54° 1.774£0.79° -8.712 <0.001 2.48+0.64° 1.80+0.47° 7.076 <0.001
FVC (L) 2.93+0.70° 2.83+0.97* —0.494 0.622 2.78+0.62° 3.08+0.81° 2.380 0.019
FEV1%pred 98.44+14.60° 68.09+16.96° 17.714 <0.001 97.56+14.51° 69.17+13.86" 12.032 <0.001
FEVI/ FVC (%) 81.755.85° 64.22+8.93% —16.083 <0.001 79.404+8.36% 65.51+6.70° —10.334 <0.001
MEF25 (L/s) 0.87+0.55° 0.37£0.23% —13.659 <0.001 0.87+0.72° 0.40£0.16° —8.635 <0.001

Notes: Data are presented as n, or n (%), except where otherwise noted. —: Difference in this variable between COPD group and non-COPD group was assessed using
Fisher’s exact test. “Median * interquartile range. ®Mean # standard deviation.

Abbreviations: BMI, body mass index; VC, vital capacity; FEVI, forced expiratory volume in one second; FVC, forced vital capacity; FEV | %pred, the percentage of FEVI to
the predicted value; FEVI/FVC, ratio of FEVI to FVC; MEF25, maximum expiratory flow at 25% of the FVC.

FEV1%pred, FEV1/FVC, and MEF25 in the COPD group were statistically lower than those in the non-COPD group
(P<0.001). Differences in clinical variables between patients from the two hospitals are listed in Supplementary Table S2.

Comparison of Histological Subtypes of Lung Cancer

In both groups, the most common histologic subtype was adenocarcinoma. In the training cohort, adenocarcinoma was
more frequently found in the non-COPD group than in the COPD group (89.87% vs 65.45%). On the contrary, compared
with adenocarcinoma, squamous cell carcinoma and small-cell carcinoma were more frequent in the COPD group
(21.99% vs 3.16% and 4.71% vs 0.63%, P<0.05; Supplementary Table S3). As shown in Supplementary Table S4,

adenocarcinoma was more common in patients without emphysema, while squamous and small-cell carcinoma were

more frequently found in patients with emphysema (P<0.05). As shown in Supplementary Table S5, squamous and small-

cell carcinoma more frequently originated from areas with emphysema, whereas adenocarcinoma showed the opposite
(P<0.05).

Comparison of CT Morphological Features

The comparisons of CT morphological features between the COPD and non-COPD groups are shown in Table 2. There
were 13 morphological features with statistical differences between the two groups (P<0.05) in the training cohort.
Compared with the non-COPD group, COPD was found more frequently in patients with lung cancer with solid density,
coarse interface, spiculation, spine-like process, calcification, bronchus cutoff sign, bronchus dilation/distortion, pleural
indentation sign, larger maximum diameter, larger minimum diameter, bronchial wall thickening, ELLC, and ERL. There
were no differences in location, shape, lobulation sign, vacuole sign, cavity sign, cystic airspace, and vessel convergence
sign between the non-COPD and COPD groups.
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Table 2 Comparison of CT Morphological Features Between Non-COPD and COPD Groups

CT Morphological Feature

Training Cohort (n=349)

Validation Cohort (n=149)

Non-COPD (n=158) | COPD (n=191) | x* value/Z | P-value | Non-COPD (n=60) | COPD (n=89) | x> value/Z | P-value
Location 6.483 0.251 2.896 0.754
LLL 23(38.33) 37(61.67) 13(40.63) 19(59.37)
LUL 34(40.00) 51(60.00) 9(33.33) 18(66.67)
RLL 32(47.76) 35(52.24) 11(45.83) 13(54.17)
RML 9(50.00) 9(50.00) 5(29.41) 12(70.59)
RUL 60(51.72) 56(48.28) 22(45.83) 26(54.17)
Cross Lobe 0(0.00) 3(100.00) 0(0.00) 1(100.00)
Density 37.372 <0.001 17.393 <0.001
Mixed ground glass 51(52.58) 46(47.42) 19(50.00) 19(50.00)
Pure ground glass 59(67.82) 28(32.18) 21(65.63) 11(34.37)
Solid 48(29.09) 117(70.91) 20(25.32) 59(74.68)
Shape 1.561 0.218 0.739 0.390
Round/Oval 124(47.15) 139(52.85) 45(38.46) 72(61.54)
Irregular 34(39.53) 52(60.47) 15(46.88) 17(53.12)
Interface 16.777 <0.001 4.180 0.126
lll-Defined 22(81.48) 5(18.52) 6(75.00) 2(25.00)
Smooth 96(44.44) 120(55.56) 39(39.39) 60(60.61)
Coarse 40(37.74) 66(62.26) 15(35.71) 27(64.29)
Lobulation Sign 2.476 0.116 1.992 0.158
Yes 93(42.08) 128(57.92) 38(36.54) 66(63.46)
No 65(50.78) 63(49.22) 22(48.89) 23(51.11)
Spiculation Sign 23.644 <0.001 5.296 0.021
Yes 30(26.55) 83(73.45) 14(27.45) 37(72.55)
No 128(54.24) 108(45.76) 46(46.94) 52(53.06)
Spine-like Process 23.930 <0.001 10.493 0.001
Yes 10(16.67) 50(83.33) 4(13.79) 25(86.21)
No 148(51.21) 141(48.79) 56(46.67) 64(53.33)
Vacuole Sign 0.965 0.326 9.433 0.002
Yes 22(39.29) 34(60.71) 1(5.88) 16(94.12)
No 136(46.42) 157(53.58) 59(44.70) 73(55.30)
Cavity Sign 0.151 0.697 - 0.685
Yes 8(50.00) 8(50.00) 3(50.00) 3(50.00)
No 150(45.05) 183(54.95) 57(39.86) 86(60.14)
Cystic Airspace 0.016 0.900 - 1.000
Yes 7(43.75) 9(56.25) 2(50.00) 2(50.00)
No 151(45.35) 182(54.65) 58(40.00) 87(60.00)
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Calcification

Bronchus Cutoff Sign

Bronchus dilation/distortion

Pleural Indentation Sign

Vessel Convergence Sign

Maximum Diameter (mm)
Minimum Diameter (mm)
Bronchial Wall Thickening

ELLC

ERL

2(11.11)
156(47.13)

41(22.65)
117(69.64)

46(30.67)
112(56.28)

72(33.80)
86(63.24)

1336.11)
145(46.33)
15.20412.78°
10.85+8.85

22(18.64)
136(58.87)

19(16.10)
139(60.17)

22(17.19)
136(61.54)

16(88.89)
175(52.87)

140(77.35)
51(30.36)

104(69.33)
87(43.72)

141(66.20)
50(36.76)

23(63.89)
168(53.67)
27.00428.10°
19.50+18.90°

96(81.36)
95(41.13)

99(83.90)
92(39.83)

106(82.81)
85(38.46)

8.939

77.652

22.650

29.021

1.360

—7.006
—6.568
51.020

61.227

64.349

0.003

<0.001

<0.001

<0.001

0.244

<0.001
<0.001
<0.001

<0.001

<0.001

1(9.09)
59(42.75)

19(22.09)
41(65.08)

19(30.65)
41(47.13)

28(29.17)
32(60.38)

2(14.29)
58(42.96)
16.65+14.85°
10.40+10.32°

12(21.82)
48(51.06)

5(10.00)
55(55.56)

7(12.96)
53(55.79)

10(90.91)
79(57.25)

67(77.91)
22(34.92)

43(69.35)
46(52.87)

68(70.83)
21(39.62)

12(85.71)
77(57.04)
31.00+24.55°
19.50421.65°

43(78.18)
46(48.94)

45(90.00)
44(44.44)

47(87.04)
42(44.21)

27.935

4.088

13.829

4.337

—4.604
—4.883
12.338

28.664

26.254

0.051

<0.001

0.043

<0.001

0.037

<0.001
<0.001
<0.001

<0.001

<0.001

Notes: Data are presented as n, or n (%), except where otherwise noted. — Difference in this variable between COPD group and non-COPD group was assessed using Fisher’s exact test. *Median * interquartile range.
Abbreviations: LLL, left lower lobe; LUL, left upper lobe; RLL, right lower lobe; RML, right middle lobe; RUL, right upper lobe; ELLC, emphysema in the lobe of lung cancer; ERL, emphysema in the remaining lobes.
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Development of Predictive Models, Nomograms, and Performance Evaluation

Based on the multiple logistic regression (Table 3), the clinical characteristics of age and sex were included in the clinical
model. The CT morphological features of interface, bronchus cutoff sign, spine-like process, spiculation sign, and
bronchial wall thickening were included in the imaging model. The combined model was developed with age, sex,
interface, bronchus cutoff sign, spine-like process, spiculation sign. These three models were displayed as clinical
nomogram, imaging nomogram and combined nomogram respectively, as shown in Figure 2A—C.

According to ROC curve analysis of the three nomograms in the training cohort (Figure 3A and Table 4), at the
optimal threshold (cut-off value=0.569), the clinical nomogram showed good performance for identifying COPD in
patients with lung cancer (AUC, 0.807; 95% confidence interval [CI], 0.761-0.854; sensitivity, 79.06%; specificity,
73.42%; accuracy, 76.50%); while the imaging nomogram showed slightly better performance at the optimal threshold
(AUC, 0.814; 95% CI, 0.770-0.858; sensitivity, 72.77%; specificity, 78.48%; accuracy, 75.36%; cut-off value, 0.592).
For the combined nomogram generated with clinical and imaging features, the performance was further improved (AUC,
0.863; 95% CI, 0.824-0.903; sensitivity, 80.10%; specificity, 81.01%; accuracy, 80.52%; cut-off value, 0.580).

Smoking is an important risk factor for COPD;'* however, smoking status was not included in the clinical and
combined nomograms (P>0.05). We tested the association between sex and smoking status and found a strong associa-
tion in both the training and validation cohorts (Cramer’s V=0.606, 0.636, respectively; P<0.001). To explore whether
adding smoking status and an interaction term (sexxsmoking status) could improve the performance of the nomograms,
we added smoking status and smoking status+interaction term to the clinical and combined nomograms and conducted
ROC curve analysis. As Supplementary Table S6 shows, adding smoking status or adding smoking status+interaction
item did not significantly improve the diagnostic performance of the clinical and combined nomogram, especially in the
validation cohort (Delong test, P>0.05). Therefore, the nomograms that we ultimately built did not include smoking

status or this interaction term.

Validation of Nomograms and Comparison of Performance

In the validation cohort, the combined nomogram had good diagnostic value at the optimal threshold (AUC, 0.811; 95%
CI, 0.742-0.880; specificity, 76.67%; PPV, 81.58%). The combined nomogram was superior to the clinical (AUC, 0.753;
95% CI, 0.674-0.832) and the imaging nomograms (AUC, 0.780; 95% CI, 0.705-0.856) in the validation cohort, as
shown in Figure 3B and Table 4. Delong tests showed significant differences between the combined nomogram and the
other nomograms in the training cohort (P<0.05; Supplementary Table S7). At most thresholds, there were more true

Table 3 Multiple Logistic Regression Analysis of Clinical Characteristics and Morphological Features

Model Feature B Adjusted OR 95% CI P value
Clinical Model Age 0.076 1.079 1.049~ 1.112 <0.001
Sex (ref = Male) Female | —1.863 0.155 0.081~ 0.290 <0.001
Imaging model Interface (ref = lll-Defined) Smooth 1.380 3.973 1.339~ 14.206 0.020
Interface (ref = lll-Defined) Coarse | 0.768 2.156 0.626 ~ 8.564 0.244
Bronchus Cutoff Sign (ref = No) Yes 1.185 3.269 1.642~ 6.640 <0.001
Spine-like Process (ref = No) Yes 1.124 3.076 1213~ 8.422 0.022
Spiculation (ref = No) Yes 0.920 2510 1.280~ 5.026 0.008
Bronchial Wall Thickening (ref = No) Yes 0.901 2.461 1.200~ 5.140 0.015
Combined model Age 0.045 1.046 1.013~1.083 0.008
Sex (ref = Male) Female | —1.612 0.199 0.093~0.413 <0.001
Interface (ref = lll-Defined) Smooth 1.572 4819 1.411~19.740 0.018
Interface (ref = lll-Defined) Coarse | 0.750 2.117 0.533~9.562 0.303
Bronchus Cutoff Sign (ref = No) Yes 0.959 2.608 1.248~5.542 0.011
Spine-like Process (ref = No) Yes 1.150 3.159 1.190~9.098 0.026
Spiculation (ref=No) Yes 0.887 0.385 0.167~0.857 0.018
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Figure 2 Nomograms for the diagnostic models. (A) Clinical nomogram; (B) Imaging nomogram; (C) Combined nomogram. By adding up the points for each variable to get
the total points and locating it on the total point axis, it will be easily able to draw a straight line down to find the patient’s risk of concomitant COPD.
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Figure 3 ROC curve analysis of the three nomograms. (A) the training cohort; (B) the validation cohort.

negative predictions and higher accuracy for the combined nomogram compared with the clinical nomogram in the
validation cohort, as shown in Table 5. At the risk thresholds of 20%, 40%, and 60%, the combined nomogram assigned
the correct status to 68.46%, 73.15%, and 73.15% of the subjects, respectively, in the validation cohort; while the clinical
nomogram classified 62.42%, 67.11%, and 71.14% of the subjects into the correct categories, respectively.

The calibration curves presented an excellent and best agreement for the combined nomogram in the training cohort
and an acceptable agreement in the validation cohort between the nomogram prediction and actual observation for
predicting COPD (Figure 4 and Supplementary Figure S2). Decision curves indicated that at a threshold probability
ranging from approximately 10-73% in the validation cohort, the combined nomogram model can be beneficial for

identifying COPD in patients with lung cancer (Figure 5). Besides, decision curves showed that the combined nomogram
had a higher net benefit than the clinical and the imaging nomograms across the majority of the range of reasonable
threshold probabilities (21-22%, 33—41% and 45-71% in the validation cohort). Figure 6 shows how the combined
nomogram can be used in clinical practice to identify COPD comorbidity in patients with lung cancer.

Discussion

In the present study, age, sex, interface, bronchus cutoff sign, spine-like process, and spiculation sign were independent
predictors of COPD in patients with lung cancer. Further, we developed and compared three nomograms for identifying
COPD in patients with lung cancer using multi-center data. The combined nomogram generated with both clinical and
imaging features outperformed the imaging and clinical nomograms at most risk thresholds, and this was verified in the
validation cohort. Therefore, the combined nomogram is an easy-to-use instrument to detect COPD in patients with lung
cancer.

Lung cancer is one of the most common comorbidities of COPD.' Lung cancer comorbid with COPD is associated
with poor OS, and the OS of lung cancer worsens with an increased COPD severity.'®*? Further, patients with comorbid
lung cancer and COPD have a higher incidence of postoperative complications compared to those without COPD.'° If
patients with lung cancer have COPD and severe pulmonary dysfunction, it is necessary to improve lung function before
undergoing surgical treatment. During surgery, more lung volume will also be retained to ensure postoperative residual
lung function. Therefore, correct identification of COPD in patients with lung cancer is helpful to optimize clinical
treatment decisions, such as selecting the appropriate surgical timing and determining a more appropriate surgical scope,
which may improve the prognosis of patients with COPD and lung cancer. A large amount of epidemiological evidence
has shown that male sex, high age, positive smoking status, low BMI, and a positive parental history of respiratory
diseases are major risk factors for COPD.?? In the present study, we found that patients with lung cancer with male sex,
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Table 4 Predictive Performance of Different Nomograms in the Training and Validation Cohort

Model Cohort AUC (95% CI) Threshold* | Sensitivity (%) | Specificity (%) NPV (%) PPV (%) Accuracy (%)
Clinical nomogram Training cohort 0.807(0.761-0.854) 0.569 79.06 73.42 74.36 78.24 76.50
Validation cohort 0.753(0.674-0.832) 0.569 7191 66.67 61.54 76.19 69.80
Imaging nomogram Training cohort 0.814(0.770-0.858) 0.592 72.77 78.48 70.45 80.34 75.36
Validation cohort 0.780(0.705-0.856) 0.592 74.16 71.67 65.15 79.52 73.15
Combined nomogram Training cohort 0.863(0.824-0.903) 0.580 80.10 81.01 77.11 83.61 80.52
Validation cohort 0.811(0.742-0.880) 0.580 69.66 76.67 63.01 81.58 7248

Notes: *The threshold here is the optimal threshold point in the training cohort, which is the cut-off value.
Abbreviations: AUC, area under the curve; Cl, confidence interval; NPV, negative predictive value; PPV, positive predictive value.
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Table 5 Confusion Matrices for the Various

Nomograms to Identify COPD at Multiple Thresholds

Threshold (%)

Model

Training Cohort (n=349)

Validation Cohort (n=149)

TN (n) TP (n) FN (n) FP (n) Accuracy (%) TN (n) TP (n) FN (n) FP (n) Accuracy (%)
Cut-off valuer,ining
56.9 Clinical nomogram 6 151 40 42 76.50 40 64 25 20 69.80
59.2 Imaging nomogram 124 139 52 34 75.36 43 66 23 17 73.15
58.0 Combined nomogram 128 153 38 30 80.52 46 62 27 14 7248
Cut-off value,jigation
703 Clinical nomogram 129 130 6l 29 7421 51 55 34 9 71.14
544 Imaging nomogram 122 140 51 36 75.07 43 70 19 17 75.84
622 Combined nomogram 130 142 49 28 77.94 49 6l 28 I 73.83
20.0
Clinical nomogram 49 185 6 109 67.05 10 83 6 50 62.42
Imaging nomogram 28 187 4 130 61.60 8 88 | 52 64.43
Combined nomogram 78 183 8 80 7479 20 82 7 40 68.46
40.0
Clinical nomogram 95 160 31 63 73.07 30 70 19 30 67.11
Imaging nomogram 102 158 33 56 74.50 35 76 13 25 74.50
Combined nomogram 103 173 18 55 79.08 32 77 12 28 73.15
60.0
Clinical nomogram 6 145 46 42 74.79 44 62 27 16 71.14
Imaging nomogram 124 139 52 34 75.36 43 66 23 17 73.15
Combined nomogram 129 148 43 29 79.37 48 6l 28 12 73.15

Notes: Cut-off value rining: The optimal cut-off values of nomograms (clinical, imaging and combined nomogram) in the training cohort. Cut-off value,ajigation: The optimal cut-off values of nomograms (clinical, imaging and combined
nomogram) in the validation cohort.

Abbreviations: TN, true negative; TP, true positive; FN, false negative; FP, false positive.
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Figure 5 Decision curves of the three nomograms. (A) the training cohort; (B) the validation cohort. The oblique gray line represents the assumption that all patients
combine with COPD. The horizontal black line represents the assumption that no patients combine with COPD. The red, green and blue lines represent the net benefit of
using the three nomograms to predict COPD, respectively. The combined nomogram had the highest net benefit compared with both the other nomograms and simple
strategies such as intervening all patients (oblique gray line) or no patients (horizontal black line) across the majority of the range of threshold probabilities.

high age, and a positive history of smoking were more likely have comorbid COPD, which is similar to the conclusions
of previous studies. Moreover, age and sex were independent predictors of COPD in patients with lung cancer, but
smoking status was not (P>0.05), which is regarded as the most important risk factor for COPD.'* We found that sex was
strongly associated with smoking status, so we speculated that the association between sex and smoking may explain
why smoking was not included in the regression model.

To the best of our knowledge, there are few studies comparing the imaging manifestations of lung cancer between
patients with and without COPD. A series of changes in lung structure in COPD affect the blood and oxygen supply to
lung carcinomas, leading to changes in the biological behavior of lung cancer cells and further affecting the morpho-
logical appearance of lung cancer on CT images. In the present study, COPD was found more frequently in lung cancer
with coarse interface, bronchus cutoff sign, spine-like process, spiculation sign, and bronchial wall thickening. Most of
these features are signs of malignant pulmonary nodules, indicating that lung cancer with comorbid COPD has more
malignant signs. This was supported by a previous study in which poorly differentiated lung cancers were more common
in patients with COPD than in a non-COPD group, suggesting that COPD-related lung cancers may have higher

malignant potential.** Hou et al'® found that the incidence of spiculation in patients with lung cancer with COPD was
higher than in those without COPD, and the present study also had similar findings. This may be due to the destruction of

alveolar walls caused by emphysema as well as the rapid growth of tumor cells along the defective pulmonary
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Figure 6 Practical applications of the combined nomogram. (A—C) A 33-year-old female patient with minimally invasive adenocarcinoma and without COPD (FEVI/
FVC=0.93). (A) A smooth ground glass nodule without spiculation, spine-like process and bronchus cutoff sign. (B) Lung density analysis diagram shows there is no
emphysema area in both lungs. (C) The combined nomogram shows the total points is 286, and the prediction probability of COPD is 0.0476. (D—F) A 70-year-old male
patient with invasive adenocarcinoma and COPD (FEVI/FVC=0.65). (D) A coarse mass with spiculation, spine-like process and bronchus cutoff sign. (E) Lung density analysis
diagram shows multiple emphysema areas in both lungs (red areas represent areas of bronchi or emphysema). (F) The combined nomogram shows the total points is 456,
and the prediction probability of COPD is 0.947.

interstitium; tumor cells are more likely to invade outward. Therefore, spiculation sign, spine-like process and coarse
interface are more likely to appear in patients with COPD. One study” found that 65% of benign nodules in patients with
emphysema were misdiagnosed as malignant because the nodules were surrounded by emphysema. In patients with
emphysema, malignant signs also appeared in benign nodules, and there were no significant differences between benign
and malignant nodules in signs such as lobulation sign, spiculation sign, and ground glass opacity. This suggests that an
emphysema background contributes to more malignant features in pulmonary nodules.

In the present study, the incidences of squamous and small-cell lung cancer in the COPD group were significantly
higher than those in the non-COPD group. Additionally, squamous and small-cell carcinoma was more frequently found
in patients with emphysema, and squamous and small-cell carcinoma more frequently originated from lobes with
emphysema than lobes without. Some studies have reached the same conclusion. Smith et al'' analyzed the relationship
between the degree of emphysema and the histopathological type of lung cancer and found that the occurrence of
emphysema was associated with an increased incidence of squamous and small-cell carcinoma but was not associated
with the incidence of adenocarcinoma. Another study reported that adenocarcinoma was more frequently seen in areas
without emphysema, while squamous cell carcinoma was more frequently found in areas with emphysema than those
without (61% vs 18%, P<0.001).%¢

By displaying intuitive graphs of predictive models, nomograms easily provide the probability of clinical events, such
as the diagnosis of malignant nodule, epidermal growth factor receptor mutation, and OS.>”?° The three COPD
prediction nomograms established in the present study all showed good prediction efficiency, and the combined
nomogram generated with clinical and imaging features had the best performance and good clinical applicability. Kotz
et al’® developed and validated a risk prediction model for general practitioner-recorded diagnosis of COPD. The model
was composed of age, smoking status, level of deprivation, and asthma history. The AUC of the model was 0.845 for
females and 0.832 for males. The AUC of the combined nomogram in the present study (0.863) was higher than those in
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Kotz et al’s study, which may be due to the inclusion of more variables in our study, including imaging features. In lung
cancer screening, another study15 added three quantitative CT biomarkers (emphysema, air trapping, bronchial wall
thickness) to a clinical model to identify COPD, and diagnostic performance improved greatly. The full model yielded an
accuracy of 82.8% and a specificity of 88.8%, slightly better than the present study’s nomograms. They introduced more
reliable quantitative COPD-related features; therefore, future studies should use quantitative radiomics features of the
whole lung and pulmonary nodule to identify COPD.

There are some limitations to the present study. First, this study was retrospective, which may cause potential bias.
Second, only three subjectively evaluated imaging features related to COPD were analyzed in this study, which lacked
a full description of imaging manifestations of COPD. The quantitative parameters of emphysema, small airways, and
pulmonary vessels should be further added to improve the prediction efficiency of the model. Third, this study only
included subjective features evaluated with the naked eye and lacked more subtle features to comprehensively analyze
image information. Therefore, we intend to use radiomics to identify COPD in patients with lung cancer in a future study.
Fourth, the nomograms we proposed can only be used in patients with lung cancer, and their utility is thus limited.
Nevertheless, one-stop chest CT can early screen potential patients with COPD, especially for lung cancer patients
without COPD symptoms and without undergoing PFT. Our team is developing a COPD prediction model based on
whole-lung features, which could be applied in various cases. Finally, the nomograms we created currently do not
automatically output the probability of COPD, because these would require radiologists to spend additional time to
evaluate the features. Now, we are developing structured reports in an attempt to transform them into a model that can
automatically output the probability of COPD. By using structured reports provided to patients, imaging features can be
automatically extracted from text, eliminating the need for radiologists to spend additional time on secondary evaluation.

Conclusion

In conclusion, some CT morphological features and clinical characteristics can be used to identify COPD. The combined
nomogram derived from clinical and morphological features showed the optimal predictive performance, which out-
performed the clinical and imaging nomograms. The combined nomogram provides a useful surrogate tool for COPD
diagnosis in patients with lung cancer in routine practice with one-stop CT scanning.

Abbreviations

COPD, Chronic obstructive pulmonary disease; PFT, Pulmonary function test; CT, Computed tomography; BMI, Body
mass index; VC, Vital capacity; FEV1, Forced expiratory volume in one second; FVC, Forced vital capacity; FEV1%
pred, the percentage of FEV1 to the predicted value; MEF25, Maximum expiratory flow at 25% of the FVC; ELLC,
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istic; AUC, Area under the curve; CI, Confidence interval; OS, Overall survival.
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