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Abstract

Rationale and objectives To investigate the performance of two diagnostic models based on CT-derived lung and
mediastinum radiomics nomograms for identifying cardiovascular disease (CVD) in Chronic Obstructive Pulmonary
Disease (COPD) patients.

Materials and methods Hospitalized participants with COPD were retrospectively recruited between September
2015 and April 2023. Clinical data and visual coronary artery calcium score (CACS) were collected. Radiomics features
of lung and mediastinum were extracted. Least absolute shrinkage and selection operator (LASSO) logistic regression
was applied for feature selection and radiomic model construction. We constructed 3 radiomics models, based

on lung, mediastinum, and combined lung-and-mediastinum. Multivariate logistic regression model was used to
establish radiomics nomograms. The performance of radiomics nomograms was evaluated by area under the ROC
curve (AUC) and decision curve analysis (DCA).

Results Of 686 COPD patients, 131 had a history of CVD. Age, neutrophilic granulocyte percentage, hematocrit and
GOLD stage were independent clinical factors for CVD. 12 lung, and 6 mediastinum radiomic features were collected
to construct the radiomics models. As the lung-and-mediastinum radiomics model included the same 6 features as
the mediastinum model, finally 2 radiomics models were studied (lung, mediastinum). The 2 radiomics nomograms
showed better discriminatory ability (AUC: 0.79, 95%ClI [0.72, 0.86] for lung; 0.86, 95%CI [0.81, 0.92]) for mediastinum)
than the clinical factors model (AUC: 0.71, 95%Cl [0.64, 0.78]) and visual CACS (AUC: 0.65, 95%CI [0.57, 0.72]). DCA
demonstrated the 2 radiomics nomograms outperformed the clinical factors and CACS across the majority of the
range of reasonable threshold probabilities.

Conclusion We developed chest CT-based nomograms to identify CVD in COPD patients, in particular based on
mediastinum features, had better discriminatory power than clinical factors and visual CACS.
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Key Results

Radiomics, Coronary artery calcium (CAC)

Trial registration This retrospective study was approved by the institutional review boards at Second Affiliated
Hospital of Naval Medical University, Tongji Hospital of Tongji University and Sir Run Run Shaw Hospital
(ChiCTR2300069929 March 29, 2023). Retrospectively registered.

The 2 nomograms for identifying CVD in COPD patients were constructed.
The 2 nomograms showed better discriminatory ability than the clinical model.
The AUC of mediastinum nomogram was significantly better than for lung.

Keywords Chronic obstructive pulmonary disease (COPD), Cardiovascular disease, Computed tomography (CT),

Introduction

Chronic obstructive pulmonary disease (COPD) is a
leading cause of morbidity worldwide, and is the third
leading cause of death [1]. The prevalence of COPD was
reportedly 8.6% among adults aged 20 years and above,
and 13.7% among adults older than 40 years in China
[2]. The COPD burden in China may substantially ele-
vate in the next decades because of increasing smoking
rates and an aging population, accounting for 32% of the
global economic burden [3]. Comorbidities are wide-
spread in COPD patients, among which Cardiovascular
Disease(CVD) is the most common one [4]. The cardiac
and pulmonary functions are physiologically integrated.
Previous studies showed that the volume of intrathoracic
air is closely related to the tension of the left ventricu-
lar wall. The impairment of cardiac function in COPD
patients is largely caused by mechanical factors of lung
hyperinflation [5]. Furthermore, smoking, aging, and
inflammation are common factors and mechanisms link-
ing these two diseases [6]. Nearly half of all hospitaliza-
tions and deaths in COPD patients are attributable to
CVD [7]. Conversely, the presence and progression of
CVD may trigger acute exacerbations of COPD [1]. Due
to the close relationship between the two diseases, it is
important to diagnose coexisting CVD early in COPD
patients.

Previous studies to predict CVD were proposed based
on demographic and clinical variables [8, 9]. Neverthe-
less, the QRISK3 score tool (incorporating parameters
such as race, age, gender, and medical history), widely
used in the United Kingdom and other countries, has
been shown to underestimate the risk of CVD in COPD
patients [10]. Chest CT imaging plays an important role
in the evaluation of patients with COPD; this may pro-
vide the opportunity to detect (early stages of) CVD, for
example based on radiomics. Radiomics is used to con-
vert medical images into high-dimensional data through
high-throughput quantitative feature extraction and later
data analysis to support decision-making [11]. In prior
reports, radiomics models in imaging were developed to
identify chest diseases [12—14]. In our previous study, a
whole-lung radiomics nomogram was shown to be able to

identify CVD in COPD patients [15]. However, the medi-
astinum, including the structure of the cardiovascular
system itself, may have better discriminatory power. To
the best of our knowledge, the value of CT-based medias-
tinum radiomics models for CVD identification in chest
CT has not been previously studied. In addition, nonin-
vasive indicators for cardiovascular disease, such as coro-
nary artery calcification (CAC) detected on CT imaging,
have demonstrated superior risk assessment capabilities
compared to traditional scoring systems in the general
population [16]. A previous study demonstrated lim-
ited effectiveness in predicting CVD in patients with
COPD using visual scoring of CAC; the C-indexes of the
Weston score and the Agatston score were 0.62 and 0.61,
respectively [17]. We questioned whether the radiomics
nomograms would have greater value to identify CVD
in COPD patients compared to a visual score for CAC
based on chest CT. The aim of this study was to compare
the value of radiomics nomograms (radiomics plus clini-
cal risk factors) of the lung and mediastinum to identify
CVD in COPD patients.

Materials and methods

Patients and clinical data

This retrospective study was approved by the institutional
review boards at Second Affiliated Hospital of Naval
Medical University, Tongji Hospital of Tongji University
and Sir Run Run Shaw Hospital (ChiCTR2300069929;
March 29, 2023); no patient informed consent was
needed because it was a retrospective study. This study
is a secondary analysis of existing data. From September
2015 and April 2023, 974 hospitalized patients with con-
firmed COPD based on pulmonary function tests (PFT)
at three centers were enrolled from the CSD-COPD
cohort. Inclusion criteria were: (1) COPD confirmed by
PFT; (2) PFT and chest CT within 2 weeks; (3) Complete
thin-slice (1 mm) chest CT images. Exclusion criteria
were: (1) Co-morbid other thoracic disease (e.g., pneu-
monia, pulmonary atelectasis, lung nodule or mass and
pleural effusion); (2) Known with any malignant tumors.
(3) Coronary stents or coronary artery bypass grafting or
cardiac implants, or other mediastinal surgery. (4) Spine
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implants or marked image artifacts. The flowchart of
patient selection is shown in Fig. 1. Finally, 686 subjects
were included in the study. Among them, 468 subjects
from Second Affiliated Hospital of Naval Medical Uni-
versity and Sir Run Run Shaw Hospital were randomized
as training (n =328) or internal validation cohort (= 140)
with the ratio of 7:3. Subjects from Tongji Hospital of
Tongji University were classified as independent external
validation cohort (1 =218). Description of the sample size
can be found in the Supplementary Material.

Clinical information was obtained based on electronic
medical records, including age, weight, height, body
mass index (BMI), gender, GOLD stage, smoking status,
smoking index (smoking index=smoking years x daily
smoking volume (Number of cigarettes)), hypertension,
diabetes, hypercholesterolemia. For blood laboratory
testing as part of routine check during hospitalization,
we included assessments if obtained in at least 70% of
the participants; these assessments were white blood
cell count, neutrophilic granulocyte percentage, percent-
age of lymphocytes, absolute eosinophil count, hemato-
crit, globulin, red blood cell distribution width and mean
platelet volume. In case of missing values, blood test
results and smoking index (missing 3.8%) were filled with
the mean. For the rationale behind using the mean value,
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refer to the Supplementary Material. CVD events were
diagnosed by examination during hospitalization, and the
interval between the CVD examination and the acquisi-
tion of the chest CT scan was less than one month. CVD
events were defined, using the international classification
of disease (ICD) 11 (https://icd.who.int/browse/2024-01/
mms/en) definitions, as all diagnoses of Coronary artery
disease(CAD, BA81-8Z) (Angina(BA40-4Z), (sub)acute
myocardial infarction(BA41-60), acute or chronic isch-
aemic heart diseases(BA40-6Z)), cerebrovascular events
(ischemic stroke(8B11), haemorrhagic stroke(8B00), and
transient ischemic attack(8B10)), arrhythmia(BC80-9Y)
and heart failure(BD10-1Z), which was determined based
on hospitalization records and examinations. Impor-
tantly, we excluded patients with more easily identifiable
signs of CVD on chest CT, namely enlarged heart cham-
bers, history of coronary stenting and bypass grafting.

CT image acquisition and pulmonary function testing

Inspiration, expiration and breath-hold training were
performed before the CT examination. The patient was in
the supine position with both arms raised above the head,
and axial CT images of the entire chest were obtained at
the end of full inspiration. Table S1(supplement) shows
the chest CT acquisition parameters in detail. PFT was

Patients with chronic obstructive pulmonary disease who were confirmed by PFT

=455(hospital 1)
n=400(hospital 2)
n=119(hospital 3)

Inclusion criteria were:
(1) COPD confirmed by PFT
(2) PFT and chest CT within 2 weeks

@clusion criteria were:
(1) Co-morbid other thoracic disease (n=112)(e.g.,
pneumonia, pulmonary atelectasis, lung nodule or
mass and pleural effusion )
(2) Complicated with any malignant tumors (n=32)

(3) Complete thin-slice(1mm) chest CT
1mages

(3) Coronary stentsor cardiac implants or coronary
artery bypass grafting or sternotomy or other
mediastinal surgery (n=76)
w) Spine implant or marked image artifact (n=68) /

[ Potential eligible patients included in the study J
n=686

Training cohort
n=328
(61 with CVD, 20.4%)

n=140

Internal validation cohort

(29 with CVD., 20.7%)

External validation cohort
n=218
(41 with CVD, 18.8%)

Fig. 1 Flowchart of patient selection
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performed using CHEST Multifunction Spirometer
HI-801 (Japan). Forced expiratory volume in one second
(FEV1), percent predicted of forced expiratory flow in
one second (FEV1%) and FEV1/FVC were measured. We
applied the common diagnostic criteria for COPD: FEV1/
FVC<0.7, and/or FEV1 increase less than 200 ml after
the use of a bronchodilator [18]. Patients were grouped
according to the global initiative for chronic obstructive
lung disease [19]: GOLD I, FEV1/FVC<0.7, FEV1=80%;
GOLD II, FEV1/FVC<0.7, 80% < FEV1<50%; GOLD
III, FEV1/FVC<0.7, 50%< FEV1<30%; GOLD IV, FEV1/
FVC<0.7, FEV1<30%.

Visual coronary artery calcium score (CACS)

Two radiologists with 10 years of chest CT experience
performed visual coronary artery calcium (CAC) scoring
using an ordinal scale from 0 to 3 [20]; uncertain scores
were checked by another radiologist with more than
15 years of chest CT experience to derive consensus. A
score of 0 was assigned for no CAC, 1 for mild CAC, 2 for
moderate CAC, and 3 for severe CAC. If there were only
isolated flecks of CAC within a segment, it was classified
as mild CAC. If continuous CAC was present within a
segment, it was classified as severe CAC. Coronary cal-
cifications were classified as moderate if they were more
in number than mild coronary calcifications but less than
severe coronary calcifications. Figure 2 shows an example
of a standard set of images to demonstrate the scale. The
consistency between 2 radiologists’ CACS was assessed
using kappa.

Whole lung and mediastinum segmentation

Whole lung segmentation was performed as follows. A
publicly accessed deep-learning model, U-net (R231) (htt
ps://github.com/JoHof/lungmask), automatically segmen
ted the right lung and left lung. The U-net (R231) model
was trained on the publicly available lung CT dataset
(R-36) with 231 cases selected for training, and tested on
the publicly available datasets with 191 cases (VISCERAL
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Anatomy3 (VISC-36), LTRC (LTRC-36) and LCTSC
(LCTSC-36)). Hyperparameters included a learning rate
of 0.001, batch size of 8, with Dice Loss as the loss func-
tion and Adam as the optimizer. During training, the
images were augmented by random rotation, non-linear
deformation, and Gaussian noise [12]. The extracted left
and right lung were merged into a combined region of
interest (ROI). The automatic whole lung segmentation
performance was verified in a previous study [21], and
the mean Dice coefficient of whole lung segmentation
using U-net (R231) was reported to be 0.97 + 0.06.
Mediastinum segmentation comprised the fol-
lowing three steps: surrounding organs segmentation,
coarse mediastinum segmentation, refined segmenta-
tion via U-net. Organs surrounding the mediastinum,
such as pulmonary tissue, ribs, vertebrae, esophagus,
trachea, stomach, liver, spleen and pancreas were firstly
segmented via the public network TotalSegmentator [22].
This model was trained on a large dataset containing
over 1000 CT scans with annotations for 104 anatomi-
cal structures. The annotated dataset (https://doi.org/10
.5281/zen0d0.6802613 ) and toolkit (https://www.githu
b.com/wasserth/TotalSegmentator) are publicly availab
le. A hull region was generated around the pulmonary
border and through subtraction, dilation, erosion and
blacktop hat operation among above-mentioned organs
and hull region, the mediastinum part, was maintained,
resulting in a coarse segmentation of the mediastinum. A
radiologist with ten years of chest CT experience refined
the segmentation and set beginning and end border
of mediastinum for 200 cases to train a traditional 3D
U-net, removing some trivial parts, e.g. tissues between
neighboring vertebrae. Ground truth for refined medias-
tinum segmentation 3D U-net were the regions reviewed
by radiologists. The custom 3D U-net was trained with
a learning rate of 0.001, a batch size of 5, and a total of
800 epochs. These hyperparameters were empirically
determined to achieve a balance between training speed
and model performance. Since manual segmentation

Fig. 2 Three examples of CAC score. (@) mild CAC, score of (1) (b) moderate CAC, score of (2) (c) severe CAC, score of 3.)
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is often regarded as the ground truth, we assessed the
consistency between manual and fully automatic medi-
astinum segmentation in 20 randomly selected patients.
Radiologists with 10-year experience in chest radiology
used ITK-SNAP software (version 3.8.0, www.itksnap.
org) manually segmented 20 CT scans. The consistency
between manual and fully automatic segmentation
was assessed using the Dice index, an objective metric
capable of quantifying the spatial overlap between two
contours.

Radiomic features extraction

Before feature extraction, the images underwent a
three-step preprocessing operation, voxel resampling,
gray discretization, and image intensity normalization,
resampling the image to 1x1x1 mm, and adjusting the
gray value of the image to 25 Gray levels, which is help-
ful to reduce the influence of different layer thickness
and reduce the interference of noise. Then, Radiomics
features were extracted using the open-source software
Pyradiomics (3.0.1 version, https://pyradiomics.readthed
ocs.io/en/latest/), with three groups of features obtained:
first-order, shape, and texture features. Radiomics fea-
tures were extracted using Z-score normalization. The
features of the lung-and-mediastinum model were based
on the combination of features from the lung model and
from the mediastinum model.

Radiomics feature selection and model construction
The best radiomics features were selected through the
following two steps. First, the maximal redundancy mini-
mal relevance (mRMR) algorithm was performed on the
data of the training group to eliminate redundant and
irrelevant parameters, and the number of features was
reduced to 30 [12]. The optimal regularization parameter
lambda was selected with the help of 10 cross-valida-
tions: a T-test was used to eliminate insignificant features
(p<0.05) and duplicate features with a Pearson correla-
tion coefficient greater than 0.9 were excluded, and a
LASSO regression analysis was implemented to achieve
feature dimensionality reduction. The optimal regulariza-
tion parameter, lambda, was finally determined. Param-
eters with feature coefficients which were not zero were
used as the features of the finally constructed radiomics
prediction model. No separate feature selection is per-
formed on the external validation cohort. Finally, LASSO
logistic regression coefficient was used to calculate the
rad-score by weighting the sum of the products of the
selected features and their respective corresponding
coefficients, and the radiomics models based on rad-
scores were constructed.

3 types of models were constructed, including the clini-
cal model, radiomics model, and combined model (based
on the best radiomics features and clinical factors). A

Page 5 of 13

nomogram was generated for visualization of the final
combined model, graphical evaluation of variable impor-
tance and calculation of identification accuracy. The
model training code is available in the Supplementary
Material.

Subgroup analyses

The COPD population in the external validation cohort
was grouped according to GOLD stage I-II and III-IV to
validate the stability of the model across clinical subsets.

Statistical analysis

In this study, R software (version 4.2.2; http://www.Rp
roject.org) and IBM SPSS Statistics (version 26.0; IBM
Corp., New York, USA) were used for statistical analysis
and graphic production. Fisher’s exact test or the chi-
square test was used for discrete variables, and Mann-
Whitney U test was used for continuous variables to
compare patient characteristics. Univariate logistic
regression analysis was used to obtain statistically sig-
nificant risk variables, and then multivariate analysis was
used to establish the clinical model and combined model.
Univariate logistic regression analysis results with p<0.1
were included in multivariate logistic regression analy-
sis, and multivariate logistic regression analysis results
were based on the Akaike information criterion (AIC).
Calibration curves were used to determine the degree of
agreement between predicted probabilities and observed
results. Hosmer-Lemeshow test and decision curve
analysis (DCA) was used to assess clinical validity. Area
under the ROC curve (AUC) was used to analyze and
evaluate the prediction performance of the model. The
AUCG:s of different models were compared by Delong test.
P<0.05 was considered indicative of a statistically signifi-
cant difference.

Results

Patient clinical factors and visual CACS models
establishment

Table 1 displays the clinical factors of the patients. Out
of 686 patients, the three hospitals included 423, 45,
218 patients, respectively. Mean age of the entire cohort
was 69 years+10[SD], 130 were female. There were 555
COPD patients without CVD and 131 COPD patients
with CVD. The number of cases with coronary artery
disease, stroke, heart failure and arrhythmia in the three
hospitals was 35, 4, 15 and 10; 26, 9, 0 and 6; 15, 0, 8 and
3, respectively.

Table 2 displays results of univariate and multivari-
ate logistic regression. Based on the result of univariate
logistic regression analysis, age, neutrophilic granulocyte
percentage, hematocrit, GOLD stage and visual CACS
were included in the multivariate analysis for further
variable screening.
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Table 1 Baseline characteristics of the study population

Clinical Factors Training cohort (n=328) Internal validation cohort External validation cohort
(n=140) (n=218)
COPD COPD P COPD COPD P COPD COPD P
without CVD with value withoutCVD with CVD value withoutCVD with CVD value
(n=267) CvD (n=111) (n=29) (n=177) (n=41)
(n=61)
Age 67449 703+£10.1 0026 666+10.6 728+82 0003 698+102 69.6+79 0919
Gender 0.680 1.000 0514
Male 219 (82.0) 52(85.2) 86 (77.5) 22 (75.9) 142(80.2) 35(85.4)
Female 48 (18.0)  9(14.8) 25(22.5) 7(24.1) 35(19.8) 6(14.6)
Height 163.3+£75 1646+82 0212 1632+7.1 163+10.3 0934 1643+86 166.1+63 0.135
Weight 63.3+11 654+133 0197 626+11.2 625+123 0981 645+122 68.1+14.1 0.095
BMI 237+35 241+41 0476 2354338 235+36 0988 239+40 246+45 0293
GOLD stage 0.002 0.304 0.041
GOLD| 63(236) 8(13.1) 28(25.2) 3(10.3) 35(19.8) 4(9.8)
GOLD Il 148 (55.4) 31 (50.8) 58 (52.3) 19 (65.5) 84(47.5) 14(34.1)
GOLD 1l 44 (16.5) 22 (36.1) 18(16.2) 6(20.7) 41(23.2) 17(41.5)
GOLD vV 12 (4.5) 0(0.0) 7(6.3) 1(34) 17(9.6) 6(14.6)
Visual CAC score <0.001 0.035 0.026
0 (No) 163 (61.0) 23(37.7) 60 (54.1) 13 (44.8) 104 (58.8) 14 (34.1)
1 (Mild) 66 (24.7) 15 (24.6) 30 (27.0) 6(20.7) 44 (24.9) 16 (39.0)
2(Moderate) 34 (12.7) 20(32.8) 19017.1) 6 (20.7) 22 (12.4) 10 (24.4)
3 (Severe) 4(1.5) 3(4.9) 2(1.8) 4(13.8) 7 (4.0) 124)
Hypertension 0.361 0313 <0.001
No 216 (80.9) 53(86.9) 92 (82.9) 21(724) 136 (76.8) 14 (34.1)
Yes 51 (19.1) 8(13.1) 19(17.1) 8(27.6) 41(23.2) 27 (65.9)
Hyperlipidemia 1.000 0.206 0.001
No 266 (99.6) 61 (100.0) 110 (99.1) 27 (93.1) 173 (97.7) 34(82.9)
Yes 1(04) 0(0.0) 1(0.9) 2(6.9) 4(2.3) 7(17.1)
Diabetes 0.672 1.000 0.012
No 252 (944) 59(96.7) 106 (95.5) 28 (96.6) 164 (92.7) 324 (78.0)
Yes 15 (5.6) 2(33) 5(4.5) 1(34) 13(7.3) 9(22.0)
Smoking status 0.498 0463 0.267
Never 143 (53.6) 37(60.7) 59 (53.2) 12 (41.4) 113 (63.8) 21(51.2)
Current 81 (30.3) 14 (23.0) 31 (27.9) 9(31.0) 30(16.9) 11(26.8)
Past 43(16.1) 10 (16.4) 21(189) 8(27.6) 34(19.2) 9(22.0)
Smoking index 3454 396.1 (873) 0.545 3513(517.6) 593 0.065 279.5(4883) 478 0.070
(505.5) (945.1) (645.5)
White blood cell count 8.1(5.9 7(2.8) 0137 7532 7.1 2.1) 0498 6.9(2.1) 7.2(3.0) 0.095
Neutrophilic granulocyte 44.8 (34) 53.7(233) 0.051 439 (34.2) 50.6(25.6) 0325 634(134) 64.5(12.3) 0.112
percentage
Percentage of 15.7(24.1) 205(11.2) 0.127  145(14.5) 174(105) 0316 24.2(9.7) 24.2(134) 0.099
lymphocytes
Absolute eosinophil count 0.2(0.2) 0.2 (0.1) 0.137  0.2(0.2) 0.2(0.2) 0230 0.9(1.1) 0.5(1.0) 0.985
Hematocrit 258(19.7) 33.8(146) 0003 244(183) 314 (163) 0061 394(4.7) 41.7(46)  0.004
Red blood cell distribution 9(7.9) 123(124) 0009 88(6.6) 10.2 (5) 0265 13.2(0.7) 13.5(06) 0235
width
Mean platelet volume 11.4(109) 105(1.1) 0524 109(1.3) 108(1.1) 0791 9.8(1.3) 9.8(1.2) 0.239
Globulin 27447) 2724 0782  27.1(5.2) 294 (34) 0022 27.8(0.8) 27.8(1.9) 0213

Note.—Categorical variables are presented as numbers, with percentages in parentheses. Continuous variables are presented as means+SDs with ranges in
parentheses, or as medians with interquartile ranges in parentheses
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Table 2 Univariable and multivariable logistic regression analysis

Variable Univariable Multivariable
Analysis Analysis
OR[95% PValue OR P
(d] [95% Value
Cl]
Age 104101, 0028 104 0013
1.07] [1.071,
1.08]
Height 1.02[099, 0213 - -
1.06]
Weight 1.02[099, 0.198 - -
1.04]
Gender Male 0.79[0.34, 0.550 - -
(ref=Female) 1.64]
BMI 1.03[0.95 0475 - -
1.11]
GOLD 144100, 0049 143 0.068
2.08] [0.97,
2.09]
Hypertension Yes 064[027, 0275 - -
(ref=No) 1.36]
Diabetes (ref=No)  Yes 0.57[0.09, 0.463 - -
2.09]
Smoking index 1.00[1.00, 0.546 - -
1.00]
Smoking status Current 067[033, 0267 - -
(ref=non-smoker)  smoker 1.28]
Smoking status Ex-smoker 0.90[0.40, 0.788 - -
(ref=non-smoker) 1.90]
White blood cell 0.921[0.83, 0.105 - -
count 1.00]
Neutrophilic granu- 1.01[1.00, 0.053 0.99 0.142
locyte percentage 1.02] [0.97,
1.00]
Percentage of 1.01[1.00, 0.191 - -
lymphocytes 1.02]
Absolute eosino- 0.19[0.02, 0.125 - -
phil count 1.13]
Hematocrit 1.02[1.01, 0.004 1.05 0.004
1.04] [1.02,
1.08]
Red blood cell 1.04[1.01, 0.031 - -
distribution width 1.08]
Mean platelet 0.84[065, 0.17 - -
volume 1.00]
Globulin 099[093, 0782 - -
1.05]
Visual CAC score 194141, <0001 194  <0.001
2.66) (141,
2.66]
Lung radscore 330[235 <0001 314  <0.001
4.64] .21,
448
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Table 2 (continued)

Variable Univariable Multivariable
Analysis Analysis
OR[95% PValue OR P
(d]| [95% Value
(d]]
Mediastinum 1217 <0.001 1153 <0.001
radscore [6.32, [5.84,
23.45] 22.75]
Combined lung 1217 <0001 1153 <0001
and mediastinum [6.32, [5.84,
Radscore 2345] 22.75]

Note.—The number of patients with hyperlipidemia in the training set was too
small (1/328), and the univariate logistic analysis result was NA

Based on the multivariable logistic regression analy-
sis, age (p=0.013), hematocrit (p=0.004), neutrophilic
granulocyte percentage(p =0.142) and GOLD (p=0.068)
were incorporated into the construction of the clinical
factor model. The consistent between the CACS of the
two radiologists was 0.95 (p=0.000) by kappa. Visual
CACS (p=0.000) was an independent factor in multivari-
able logistic regression analysis and used as visual CACS
model alone.

Consistency assessment between manual and fully
automatic segmentation

The mediastinum segmentations were assessed using the
Dice index, an objective measure that quantifies the spa-
tial, overlap between two contours. The mean Dice coef-
ficient between manual and automatic segmentation was
0.98 +0.02 for mediastinum.

Feature extraction, selection, and radiomics signature
construction

1218 whole lung and 1218 mediastinum radiomic fea-
tures were extracted from CT images. After normaliza-
tion and deletion of features with correlation greater than
0.9, 230 whole lung, 236 mediastinum and 470 lung-and-
mediastinum features remained. After features selection
lung, mediastinum, combined lung-and-mediastinum
radiomics signatures were constructed using 12(11 Tex-
ture features, 1 First-order feature), 6(5 Texture fea-
tures, 1 First-order feature) and 6(5 Texture features, 1
First-order feature) features, respectively (Fig. 3a, b and
c). We found the 6 features of the combined lung-and-
mediastinum radiomics model were exactly the same as
the 6 features of the mediastinum radiomics model, thus
we continued with just using the mediastinum radiomics
model. Independent risk factor identification of CVD
(univariable and multivariable logistic regression analy-
sis result) is shown in Table 2. The lung radiomics model
(OR[95% CI]:3.14 [2.21, 4.48], p=0.000), and the medias-
tinum radiomics model (OR[95% CI]:11.53 [5.84, 22.75],
p=0.000) were independent factors in univariable and
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multivariable logistic regression analysis. The formulas
for the radiomics scores are in the supplement.

Development of radiomics nomograms and evaluation of
the performance of models

The two radiomics models (lung and mediastinum)
were incorporated with the factors of the clinical factors
model, comprising age, neutrophilic granulocyte per-
centage, hematocrit, and GOLD stage, to construct the
final combined models, presented as nomograms. The
formulas of the nomogram scores are in the supplement.
The Hosmer-Lemeshow test showed that the 2 combined
models had good calibration (p=0.576, 0.885, and 0.129,
0.441, and 0.059, 0.078, in the training, internal valida-
tion, and external validation cohort, respectively). The
Brier scores of the lung combined model and mediasti-
num combined model are 0.112, 0.111, and 0.140, 0.110,
0.128 and 0.136 in the training, internal validation, and

external validation cohort, respectively. The nomograms
and calibration curves are shown in Figs. 3 and 4.

The diagnostic performance of the clinical factors
model, the radiomics models, and the combined models
is shown in Table 3. In the training cohort, AUC of the
radiomics models and of the combined models was sig-
nificantly higher than that of the clinical factors model
(lung: p=0.019; Mediastinum: p=0.000) and visual
CACS model (lung: p=0.011; Mediastinum: p=0.000).
Similar trends were found in internal and external vali-
dation cohort. In the training, internal and external vali-
dation cohorts, the AUC of the mediastinum radiomics
model was higher than the visual CACS model (p =0.000;
p=0.004; p=0.012). There was no significant difference
between lung radiomics model and visual CACS model
in the training and external validation cohorts (p =0.060;
p=0.156), and there was significant difference in the
internal validation cohort (p=0.000). In the training
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Table 3 Diagnostic performance of the radiomics model, clinical model, and combined model
Model AUC [95% Cl] Ac- Sensi- Speci- P-value of DeLong-Test
curacy tivity ficity vs Lung vs. Mediastinum/ vs.Lung  vs. Medi-
(%) (%) (%) Radiomics Lung-andMedia- Com- astinum
model stinum Radiomics bined Combined
model model model
Lung Training cohort 0.76[0.68, 0.83] 90 49 99 - 0.012 0.029 0.003
Radiomics Internal validation cohort  0.84 [0.76,0.93] 88 52 97 - 0.669 0.949 0.893
model External validation cohort  0.69[062,0.77] 48 93 38 - 0.234 0.189 0112
Medias- Training cohort 0.85[0.79,091] 85 69 89 - 1 0.081 0.034
tinum/ Internal validation cohort  0.82[0.72,093] 84 66 88 - 1 0.702 0.283
Lung-and- Eyternal validation cohort  0.76 [0.68,084] 63 85 58 - 1 0527 0018
Mediastinum
Radiomics
model
Clinical Training cohort 0.71[0.64,0.78] 63 79 59 0.267 <0.001 0.019 <0.001
model Internal validation cohort  0.70[0.59,081] 63 66 63 0.190 0.056 0.007 0.015
External validation cohort  0.59[0.51,0.68] 39 93 26 0.062 0.005 0.003 <0.001
CAC scores Training cohort 0.651[0.57,0721 77 38 86 0.060 <0.001 0011 <0.001
model Internal validation cohort  0.58 [0.47,0.70] 71 32 83 <0.001 0.004 0.002 0.002
External validation cohort 062 [0.53,0.71] 73 27 84 0.156 0.012 0.047 0.003
Lung Com-  Training cohort 0.79[0.72,0.86] 86 56 93 - - - 0.021
bined model  |nternal validation cohort ~ 0.84[0.74,094] 86 62 92 - - - 0914
External validation cohort  0.72 [0.65,0.80] 60 83 54 - - - 0.294
Mediastinum  Training cohort 0.86[0.81,092] 83 74 85 - - - -
Combined  |nternal validation cohort 084 [0.74,094] 79 72 81 - - - -
model External validation cohort  0.78[0.70,085] 67 78 64 - - - -

Note.—The lung-and-mediastinum radiomics model are exactly the same as the mediastinum model. AUC=Area under the receiver operating characteristic curve
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Fig. 5 The ROC curves of the lung, mediastinum radiomics model, clinical model, CAC scores, lung nomogram, and mediastinum nomogarm for predict-
ing CVD of COPD patients in the training cohort (a), internal validation cohort (b) and external validation cohort (c)

cohort, AUC of the mediastinum combined model was
significantly higher than that of the lung combined model
(p=0.021), but there were no significant differences in
AUCs in internal and external validation cohorts. The
ROC curves of the models are presented in Fig. 5. Fig-
ure S1 shows the decision curve analysis (DCA) for the
nomograms. It was observed that the lung (when the
threshold probability was >15%) or mediastinum model
(when the threshold probability was >5%) had a higher
overall net benefit in identifying CVD in COPD patients

than the clinical factors model and covered most of the
range of reasonable threshold probabilities.

Subgroup analyses

The ROC curves for subgroup analyses are shown in
Fig. 6. In the COPD population with GOLD stage I-II,
the AUC of the lung combined model and mediastinum
combined model were 0.69 95%CI [0.57, 0.80] and 0.78
95%CI [0.69, 0.88], respectively. In the GOLD stage III-
IV COPD subgroup, both models demonstrated stable
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performance, with AUCs of AUC:0.71 95%CI [0.59, 0.82]
for the lung combined model and AUC:0.77 95%CI [0.65,
0.88] for the mediastinum combined model. Notably, the
mediastinum combined model consistently achieved the
highest performance among all models across different
GOLD stage subgroups.

Discussion

The heart and lungs interact functionally, with COPD
potentially leading to cor pulmonale [23]. However, car-
diac and lung diseases are mostly assessed separately,
increasing screening costs and delaying the timeli-
ness of disease management. Based on a one-stop-shop
chest CT, this study established and verified the ability
of nomograms (lung: 0.79; mediastinum: 0.86) to iden-
tify CVD in COPD patients, especially the mediastinum
nomogram model, with slightly higher AUC if combined
with clinical factors. The two nomograms also showed
robust efficacy in subgroup analysis.

In recent years, there have been a number of stud-
ies focusing on identifying COPD with coexisting CVD
through clinical data. Many studies [24, 25] show that
age and gender are independent predictors of CVD in
COPD. In our study, gender (p=0.550) was not included
in the model construction, possibly because the propor-
tion of women (19.0%) in the cohort was relatively low.
However, COPD is more common in men [26]. As dis-
covered in another study [25], waist circumference, and
diastolic blood pressure are also independent predictors,
and resulted in a model with an AUC of 0.73. In clini-
cal practice, however, most patients with COPD do not

have these two records and the AUC is not optimal. Shi
et al. [27] constructed a logistic regression model with
age, gender, BMI, high-density lipoprotein (HDL), gly-
cosylated hemoglobin, family history of heart disease,
and hospitalization due to illness in the last year as the
variables, with a slightly better AUC of 0.74. Therefore, it
seems better to incorporate more biomarkers to improve
the predictive effect of the model. Previous studies [28,
29] have shown that neutrophilic granulocyte percent-
age and hematocrit are related to CVD such as myocar-
dial infarction and dilated cardiomyopathy. Our study
included these two parameters and found that they were
valuable for the identification of CVD in COPD patients.
Smoking is a common risk factor for COPD and CVD
[30, 31]. However, we found that the proportion of smok-
ers was similar for the COPD patients with and without
CVD (46.6% vs. 43.2%). This is the reason that smoking
status was not included in our model. Yaker et al. [32]
identified combined CVD based on a model including
the monocytes to HDL-cholesterol ratio, with an AUC
of 0.73. The results of studies on clinical factors, as men-
tioned above, indicate that predicting (presence of) CVD
in COPD based on models with only clinical factors is
suboptimal. In our study, we constructed 2 models that
combined clinical factors and imaging features with bet-
ter performance.

To our best knowledge, there are few studies for the
identification of CVD in patients with COPD using chest
CT-based radiomics. According to prior work, coro-
nary calcification, which has been shown to be associ-
ated with small pulmonary vascular alteration changes
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in COPD [33]. The Weston score, a visual score that
scores calcification in each major coronary vessel, corre-
lates well with the quantitative Agatston score and pre-
dicts incident CVD in COPD patients with a C index of
0.62 [17, 34]. This performance is similar to that of the
CAC model developed in our study, which had an AUC
of 0.65 (95% CI: 0.57-0.72). Moreover, our CAC scoring
method was more straightforward and easier to imple-
ment. Importantly, our study further demonstrated that
the nomograms (lung: 0.79; mediastinum: 0.86) outper-
forms the CAC model in identifying CVD. Additionally,
previous studies have primarily focused on identifying
CVD risk within the general population. Esmeralda et al.
[35] constructed a prediction model for atrial fibrillation
based on clinical factors, cardiovascular MRI indices, and
radiomics to predict CVD in the general population, with
an AUC of 0.76. Pujadas et al. [36]. built an atrial fibril-
lation prediction model (AUC 0.61) using electrocardio-
gram markers and cardiac MRI radiomics, and model
performance significantly improved with the addition of
radiomics. The above studies verified the feasibility of
radiomics. However, MRI-based radiomics is costly and
less clinically applicable to COPD patients than CT. Fur-
thermore, the models in our study do not require fine
annotation of the great vascular regions of the heart, only
the mediastinum or the lung is required, which reduces
the difficulty of organ segmentation. Importantly, we
excluded patients with more easily identifiable signs
of coronary artery disease, namely history of coronary
stenting and bypass grafting.

Our previous study [15] build a nomogram based on
whole-lung CT-based radiomics with clinical factors to
identify CVD, with an AUC of 0.73, which was slightly
lower than the whole-lung combined model (AUC 0.79)
in this study. In contrast, in this study we additionally
developed a mediastinum radiomics nomogram, and
compared this with a visual CACS model. We found that
the lung and mediastinum radiomics models (lung: 0.76;
mediastinum: 0.85) performed better than the visual
CAC model (AUC: 0.65). Then we combined radiomics
model with clinical factors for the next step of model
construction. The AUC of the combined model for medi-
astinum and for lung in the external cohort was 0.78 and
0.72, respectively (p=0.294). Overall, the AUC values
for mediastinum combined model were higher than for
lung combined model, suggesting that the mediastinum
combined model is (even) more applicable for identify-
ing CVD in COPD patients. In this study, lung or medi-
astinum radiomics model also has good performance,
but the AUC is always lower than that of the combined
models. Meanwhile, the sensitivity and specificity of the
radiomics models were significantly different in the inter-
nal and external validation cohorts. This may be related
to the relatively higher proportion of patients with severe
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COPD (GOLD 3, 4) in the external validation cohort
(37.2%) than in the internal validation (22.9%) and train-
ing (23.8%) cohorts. The higher severity of COPD, the
higher risk of CVD [37]. In contrast, the sensitivity and
specificity of the combined models were similar among
the three cohorts, further indicating the combined model
has better stability.

Both lung and mediastinum combined models per-
formed well on the training, internal validation and
external validation cohorts (high AUC, good calibra-
tion curves), and it can be tentatively assumed that they
have some predictive ability. And this is a multicenter
study with an independent external validation cohort to
ensure its ability to generalize. Prospective trials are the
gold standard for validating a model’s performance in a
real clinical setting. In future studies, small-scale pilot
applications of the model in newly hospitalized COPD
patients are also needed to assess the predictive perfor-
mance and clinical utility of the model. And the perfor-
mance of the model is monitored in real time during the
application to ensure that its performance on new data
is consistent with the training data, then to optimize the
model.

There are some limitations to this study. First, our
study was retrospective, and the validity of our model
needs to be confirmed in future prospective studies with
incidence of CVD events. Second, we could not stratify
in the subtypes of CVD due to limited numbers of out-
comes. Future studies should expand the sample size.
Third, AUC of the combined mediastinum model was no
longer significantly higher than the combined lung model
in validation cohorts, which is explained by limited out-
come numbers. Finally, although aortic valve calcifica-
tion valve was not analyzed as an independent index in
this study, it was included in the mediastinum radiomics
analysis as a part of mediastinal structure.

In conclusion, we developed chest CT-based nomo-
grams to identify CVD in COPD patients. The CT-based
radiomics models, in particular based on mediastinum
features, had better discriminatory power than clinical
factors and visual coronary artery calcium score. Stud-
ies with prospective CVD outcomes should confirm the
clinical applicability of the nomograms.
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