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Abstract
Background: The senile lung undergoes physiologic changes that are well known but have not been
investigated with computed tomographic (CT) texture analysis. The thin-section pulmonary computed
tomographic (CT) microstructure features change in asymptomatic elderly individuals were not explored.

Methods: We retrospectively selected 259 subjects under-going chest computed tomography (CT)
between April 2018 and June 2019, as group A(consist of group1 and group2), without a history of
smoking within the past 5 years, respiratory symptoms or any known chronic pulmonary disease. There
were 118 patients in group 1(age ≥ 60 years-elderly) and 141 patients in group 2 (age≤50 years-young).
Furthermore, 273 patients with pulmonary function tests(PFTs) were included as group B, which divided
into two cohorts, chronic obstructive pulmonary disease (COPD) (n=83) and non-COPD (healthy smoker
[HS], n=90; healthy non-smoker [HNS], n=100) cohort. The radiomic features were extracted and selected
from group A, trialed in group B, using the LASSO algorithm.

Results: A total of 233 features were signi�cant in group A. Among these features, 17 features exhibited
distinct differences between COPD and non-COPD patients, 18 features exhibit distinct differences
between HSs and HNSs. Meanwhile, �ve features were shared in group B. A negative correlation was
determined between carbon monoxide diffusing capacity(DLCO) and the two features:
ShortRunLowGreyLevelEmphasis_AllDirection_offset9_SD (ρ = -0.70) and
LowGreyLevelRunEmphasis_AllDirection_offset2_SD (ρ = -0.63). Similarly, a positive correlation was
found between FEV1/FVC and HighGreyLevelRunEmphasis_AllDirection_offset8_SD (ρ = 0.74).

Conclusion: Radiomic features, which associated with the ages and signi�cant in COPD patients and
smokers, maybe reveal the microstructure changes of the aging lungs.

Introduction
As it is known, aging has become a public health problem, which in�uences all aspects of human biology,
such as aging lung. The aging lung undergoes anatomic changes, with a deterioration in terms of
function. Furthermore, the aging of lung considered as a risk factor for respiratory diseases, and strongly
correlates with the onset and progression of chronic respiratory diseases [1-3]. The structure of aging
lung is characterized as alveolar space enlargement, alveolar wall thinning and bronchial basement
membrane thickening. This usually presents with decreasing thoracic volume, reduced lung volumes and
alterations in respiratory muscles [4]. However, the degree of lung aging is inconsistent and greatly varies
among individuals [5, 6]. Several factors, such as age, race, environmental exposure and living conditions,
have been reported to have a potential effect on lung aging.

The lung aging eventually cause a decrease of pulmonary function[7]. However, prior to the function
change, structural change perhaps occurs in the lungs [8]. It was previously reported that computed
tomography (CT) could detect the smoking-related in�ammation of small and/or distal bronchi
(bronchiolitis), and even the changes in lung structure before air�ow limitation [7, 9, 10]. In addition, CT
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can also reveal the structural change of the lung before PF starts to decrease. To the date, the role of
imaging in lung aging remains unclear, and there is a lack of imaging biomarkers for lung aging.

In previous studies, Copley et al found in the older group, there is a high prevalence of a basal subpleural
reticular pattern (60% of subjects), small cysts (25%), bronchial dilatation (60%), and wall-thickening
(55%) and confirmed interlobular septal thickening (18%), as described in previous studies[11]. A.M.
Chiesa et al revealed the absence of A-lines in healthy elderly subjects[12]. Recently, radiomic signature
has proven to be a signi�cant biomarker for biological, clinical condition, or disease progression [13-14].
The aim of the present study was to explore the age-associated changes based on the radiomics texture
analysis for lung aging and validate or trial this in another two cohorts: a cohort of COPD patients and a
cohort of smoking patients.

Materials And Methods
Patients

The present retrospective study was approved by the Ethics Committee of Zhejiang Provincial People’s
Hospital. The informed consent was waived due to the retrospective nature of the study. Between April
2018 and June 2019, we retrospectively selected 259 patients undergoing low-dose chest CT scans
(Somatom De�nition AS, Siemens, Germany) from Zhejiang Provincial People’s Hospital as group A. The
exclusion criteria were: current smoking, history of smoking within the past 5 years, respiratory
symptoms, any known chronic pulmonary disease or known pulmonary pathologies and clinically
relevant cardiac diseases (i.e. left heart failure), the CT scan showed parenchymal consolidations,
ground-glass opacities, pleural effusion, �bro-/pneumothorax, pleural plaques, bronchiectasis,
emphysema, pulmonary �brosis, nodular pattern, outcomes of thoracic surgery or the poor image quality
were excluded. Patients were divided into the following 2 groups by age: group 1 (age ≥ 60 years-elderly)
and group 2 (age ≤ 50 years-young). We did not include patients between the ages of 50 and 60 because
we wanted to consider 2 groups of subjects with different ages, as previously done by other authors[11,
12].

In the trial cohort, patients with lung CT examinations and PF tests were enrolled to group B for further
analysis, which included two sub-groups: COPD (FEV1/FVC <0.70) and non-COPD (FEV1/FVC >0.70)
patients [15]. Non-COPD group had no clinical evidence of obstructive airways disease, and had
spirometry results of FEV1/FVC ratio >0.70 and FEV1 >80% of predicted, which included healthy smoker
(HS, smoking behavior for over 10 years) and healthy non-smoker (HNS) [16]. The demographic,
radiology and clinical evaluation were obtained by reviewing the medical records. Patients were excluded
when they had any of the following conditions: missing clinical data and poor imaging quality.

Lung CT

The conditions for the lung CT examination were as follows: 120 kV, 10-40 mA, gantry rotation speed (0.5
seconds), and helical scan mode (pitch 1.2). All lung CT images were reconstructed at a slice thickness of
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2 mm, with a spacing interval of 2 mm. All images were obtained at a lung window width of 1,500 HU and
a window level of -400 HU.

PF

PF tests were evaluated using a �ow spirometer (Vmax22; SensorMedics, Yorba Linda, CA), based on the
American Thoracic Society guidelines [16] and European Community Lung Health Survey values [17].
Post-bronchodilator measurements were recorded at 15 minutes after bronchodilator use (such as
albuterol). Pre- and post-bronchodilator spirometry, vital capacity (VC), forced vital capacity (FVC), forced
expiratory volume in one second (FEV1), maximal mid-expiratory �ow (MMEF), FEV1/FVC and single-
breath DLco were obtained according to standard ATS/ERS (American Thoracic Society/European
Respiratory Society) recommendations. The degree of air�ow limitation was evaluated using the GOLD
de�nition and spirometric classi�cation [15].

CT image feature extraction

For processing, all images were standardized according to the following: (1) images resample: the
resolution was resampled to 1.5×1.5×1.5 mm3 voxel size; (2) intensity standardization: the grey value
was re-ranged to 0-255. Subsequently, the software Lung Kit (LK Version V1.0.0.R, GE Healthcare) was
used to segment the whole lung, automatically relying on the CT images, and the other lung tissues,
bronchus and vessels were removed. Then, the automated segmentation of the lung was manually
corrected by two experienced radiologists, who were blinded to the clinical data. The texture features were
extracted from the segmented CT images using the Arti�cial Intelligence Kit Version 3.0.1.A (GE
Healthcare) [18].

Radiomic feature selection and model establishment

The signi�cance of the feature related to aging lung was evaluated by paired t-test. Then, the signi�cant
features (P<0.05) were selected to distinguish between COPD and non-COPD patients, and HSs and
HNSs. In order to compare the features between groups, feature normalization was performed. The
values of each feature were normalized using z-score normalization [19]. Similarly, the normalization was
performed in the validation groups (COPD or HS) using the corresponding data calculated in the training
cohort. A feature selection algorithm based on the least absolute shrinkage and selection operator
(LASSO) method was adopted. This algorithm adopts the 10-fold cross validation method, and the
features were selected by weighting the LASSO coe�cients (Supplementary material). The radiomics
signature used in the validation cohorts were calculated using the formula obtained from the training set.

The radiomics scores (rad-score) were calculated for each patient, and several methods, such as Logistic
regression, support vector machine (SVM), Random Forest, Bayes, K-Near Neighbor (KNN), and Decision
Tree [20], were used to establish the prediction models for grouping COPD and non-COPD subjects (Model
1) or HSs from HNSs (Model 2). Then, the discriminative accuracies were evaluated using the receiver
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operating characteristic (ROC) curve analysis. The radiomic methods included the following steps (Figure
1), and the LASSO method and dimensionality reduction framework presented in Figure S1 and S2.

Statistical analysis

The statistical analysis was performed using the R-project software (Version 3.0.1), GraphPad (San
Diego, CA) and SPSS 17.0 (IBM, Armonk, NY). The normality of the distribution was analyzed using the
Kolmogorov–Smirnov test. The quantitative variables with normal distribution were compared using t-
test, and nonparametric variables compared by Mann-Whitney U-test. Categorical variables were
compared using chi-square test. The goodness-of-�t of the models in the training set were assessed
using the Hosmer-Lemeshow test. The ROC analysis were used to evaluate the discriminative accuracy of
the models. The relationship between the radiomics features and PF data were analyzed by Spearman’s
correlation coe�cient. A P-value of <0.05 was considered statistically signi�cant.

This work was supported by National Key Research and Development Project(2017YFC0114103) and Key
Research and Development Project of Zhejiang Province(2020C01058)

Results
Patient characteristics

A total of 259 subjects were enrolled to group A, 118 subjects (66 females and 52 males), with a mean
age of 64.78 ± 4.8 years in group1; 141 subjects (62 females and 79 males), with a mean age of 34.5 ±
9.5 years in group2. There was no signi�cant difference in gender, BMI, smoking history between the two
groups(Table1). A total of 273 patients were assigned to group B, which included 83 COPD patients (age
range, 27-89 years old; median age, 68 years old) and 189 non-COPD patients (age range, 25-90 years old;
median age, 65 years old). Among the non-COPD patients, 89 patients were HSs and 100 were HNSs.
Subsequently, patients in group B were randomly divided into two groups: training set (n=190 / n=132)
and validation set (n=82 / n=57). The proportion was 7:3.

No signi�cant difference was observed in clinical characteristics (such as gender, age, hypertension, BMI,
alcohol abuse, coronary heart disease and diabetes) between COPD and non-COPD patients, as well as
between HSs and HNSs, irrespective of the cohorts (training or validation, all P>0.05). The detailed
characteristics are summarized in Tables S1-S3.

Feature selection

A total of 1,044 radiomic features were extracted from group A, which included histogram features
(n=42), texture features (n=216), form factor features (n=20), gray-level co-occurrence matrix (GLCM)
features (n=226) and run-length matrix (RLM) features (n=540) (Supplementary material). Among these,
233 features exhibited signi�cant differences (using paired sample t-test, P<0.05). Finally, 17 and 18
features were respectively used for classi�cation purposes: COPD vs. non-COPD and HSs vs. HNSs.
Interestingly, �ve features, which included one low-order texture feature (Percentile70) and four high-order
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texture features (InverseDifferenceMoment_AllDirection_offset6_SD,
GreyLevelNonuniformity_AllDirection_offset1_SD, RunLengthNonuniformity_AllDirection_offset1_SD,
ShortRunEmphasis_AllDirection_offset8_SD) were shared by group B (Table 2).

Diagnostic performance of the established models

The rad-scores were calculated using the formula for the radiomics signature (Figure 2, Supplementary
material). The alignment curve shows the calibration of the training and validation (COPD and HN)
cohorts (Figure S3). Then, the diagnostic e�cacy of several models, including logistic regression, SVM,
Bayes, KNN, Decision Tree and Random forest, were evaluated in the training and validation cohorts
(Tables 3A and 3B).

For the discrimination between COPD and non-COPD, the AUC areas for the Logistic regression, SVM,
Bayes, KNN, Decision Tree and random forest models in the training cohort were 0.84, 0.67, 0.75, 0.86,
0.85 and 0.92, respectively. Furthermore, the AUC areas for these models in the validation cohort were
0.85, 0.64, 0.58, 0.76, 0.54 and 0.63, respectively. In terms of the logistic regression model, in the training
cohort, the accuracy, sensitivity, speci�city, positive predictive value (PPV) and negative predictive value
(NPV) in the discrimination between COPD and non-COPD was 0.77 (95% CI: 0.70-0.83), 75.94%, 79.66%,
89.38% and 59.49%, respectively. The Hosmer-Lemeshow test indicated that the model �ts well (P>0.05).
In the validation cohort, the accuracy, sensitivity, speci�city, PPV and NPV was 0.84 (95% CI: 0.74-0.91),
89.29%, 70.83%, 87.72% and 73.91%, respectively (Table 4, Figures 3A and 3B).

For the discrimination between HSs and HNSs, the AUC areas for Logistic regression, SVM, Bayes, KNN,
Decision Tree and random forest models in the training cohort were 0.87, 0.79, 0.80, 0.81, 0.87 and 0.93,
respectively. Furthermore, the AUC areas for these models in the validation cohort were 0.80, 0.84, 0.83,
0.72, 0.70 and 0.76, respectively. In terms of the logistic regression model, in the training cohort, the
accuracy, sensitivity, speci�city, positive predictive value (PPV) and negative predictive value (NPV) in the
discrimination between HSs and HNSs was 0.80 (95% CI: 0.71-0.86), 85.71%, 72.88%, 77.14% and
82.69%, respectively. The Hosmer-Lemeshow test indicated that the model �ts well (P>0.05). In the
validation cohort, the accuracy, sensitivity, speci�city, PPV and NPV was 0.76 (95% CI: 0.62-0.87), 76.92%,
75.00%, 76.92% and 75.00%, respectively (Table 4, Figures 4A and 4B).

The associations between features and PF tests

The associations between PF tests (six tests) and features (17 features) were analyzed. DLCO was found
to be correlated with four coarse features: ShortRunLowGreyLevelEmphasis_AllDirection_offset9_SD
(ρ=−0.70), LowGreyLevelRunEmphasis_AllDirection_offset2_SD (ρ=-0.63), Inertia_AllDirection_offset2_SD
(ρ=0.41) and HighGreyLevelRunEmphasis_AllDirection_offset8_SD (ρ=0.41). FEV1/FVC was found to be
correlated with three different radiomic features: HighGreyLevelRunEmphasis_AllDirection_offset8_SD
(ρ=0.74), Inertia_AllDirection_offset2_SD (ρ=0.43) and ClusterShade_AllDirection_offset1_SD (ρ= 0.33)
(Figures 5 and 6).
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Discussion
In the present study, the lung radiomics features associated with aging were investigated. Radiomics
signatures were constructed, and its value was veri�ed in two tested populations. To our knowledge, this
is the �rst report to investigate the radiomics features of lung aging. Several advantages of the study
have been identi�ed. First, many molecules have been studied in the aging process. For example, in the
lungs during aging, TLR, p53/p66/p21 and reactive oxygen species (ROS) generation are increased [21-
22]. In addition, the telomere becomes short [23]. Unfortunately, an invasive procedure is required to
obtain a tissue sample, and investigate these levels during aging [24]. However, the method for lung aging
in the present study can be easily accessed, has little additional cost, and favors the discrimination of
aging subgroups. These advantages make this method promising. Second, previously, clinicians have
mainly focused on the analysis of imaging manifestations for lung aging. However, the present study
revealed that the whole lung texture analysis could better reveal the micro-changes of lung structures,
which is helpful in identifying lung aging and earlier initiating lifestyle interventions, and this may slow
or delay the onset of lung aging [25]. Third, the present study also evaluated the relationship between
texture features and PF tests, and found that a close relationship exists between these. Fourth, as it is
known, lung aging can be affected by many factors. However, in the present study, efforts were made to
alleviate the interference: (1) CT images from the same patient at different time points were analyzed; (2)
automatic segmentation was performed for feature analysis. Compared with manual segmentation,
the automatic method demonstrates good effectiveness and reliability, and has less dependence on
humans.

A total of 30 radiomics features selected from 233 textural parameters may have the capability to reveal
the characteristics of aging lungs, including histograms and morphological features, which are low- and
higher-order texture parameters (such as GLCM, RLM and form factor features). Among these 30 textural
parameters, �ve parameters were selected, which included one histogram, one GLCM, and three RLM
parameters. It is noteworthy that these features could detect the invisible micro-structural changes of the
lung. For example: histogram parameters could be used to assess the attenuation of the lungs [26]; GLCM
could reflect the degree of heterogeneity of the whole lung, and the micro-structural changes may give
uneven signals in the CT scan, which is irreversible of any anatomy change in the lung [27]; form factor
features could re�ect the changes in the region of interest, in terms of volume, area and shape, and these
may be displayed more visually, allowing the changes in lung volume and shape to be easily observed
and compared [28]; in addition to those mentioned above, the study also revealed that the RLM features,
which reflect the roughness and directionality, were also associated with the changes in pulmonary
structure [29].

Two populations, COPD and HS patients, were the study subjects, and these subjects were included to
verify the observed features. The reasons for this were as follows: First, previous studies have shown that
lung aging is closely correlated to the onset and development of chronic respiratory diseases [1]. Second,
the risk factors of COPD included age, suggesting that COPD has an association with lung aging. Third,
declining lung function is a signi�cant feature for the development of COPD, which increases with age,
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especially in smoking individuals [29]. Furthermore, an injured lung function cannot recover after
smoking cessation [1]. To the date, the mechanism of injury in lung function in COPD patients remains
unclear. However, given the strong similarities between elderly and COPD lungs, the mechanism that
involves aging has been investigated, and it has proven that accelerated lung aging occurs in COPD
patients [1]. Similar to other organs, lung demonstrates physiological and structural changes associated
with aging, resulting in a progressive decrease in lung function among healthy populations. In terms of
smoking, this can accelerate the decline in lung function over time, suggesting that this has an
association with lung aging [30]. This may be explained, as follows: (1) smoking could accelerate the
aging of the airway epithelium [31], (2) changes occurred in the micro-structure of the lung between HSs
and HNSs, and these are similar to that found in the COPD cohort.

Interestingly, in the present study, it was found that the discriminative performance of radiomic features
between HSs and HNSs in the training cohort were slightly better than those between COPD and non-
COPD patients. The possible reason for this is that the changes between COPD and non-COPD patients
may be more obvious. Thus, radiomic features that reveal these micro-changes may be insensitive in
distinguishing between these. In a word, aging would make an effect on the manifestations of lung
disease and even lower the response to treatment, and the present �ndings may have an ancillary role in
conventional diagnostic methods and clinical examinations.

Although the pathology of the lung is distinct, in terms of PF, all aging lungs can result in impairment of
lung function, which can be measured using FEV1 and FVC [30, 31]. The present study revealed that
some features of lung aging can indirectly evaluate the pulmonary function. Furthermore, some features
were closely correlated to FEV1/FVC, such as HighGreyLevelRunEmphasis_AllDirection_offset8_SD
(HGLRE), which has the strongest association with FEV1/FVC. Indeed, HGLRE is a kind of a combination
of image intensity and homogeneity. Therefore, this feature quanti�es the joint-relationship between CT
attenuation and HU homogeneity. A high HGLRE value indicates a dense and homogenous tissue, while a
low value indicates a low attenuating and heterogeneous tissue. The relationship between HGLRE and
FEV1 observed in the present study means that: (1) patients with normal spirometry may have a dense
and homogenous lung; and (2) patients with abnormal spirometry may also have a low attenuating and
heterogeneous lung [29, 32].

The present study revealed that two coarse texture features,
LowGreyLevelRunEmphasis_AllDirection_offset2_SD (ρ = −0.63) and
ShortRunLowGreyLevelEmphasis_AllDirection_offset9_SD (ρ = −0.70), were found to be negatively
correlated with DLCO. Similar results were reported by Barjaktarevic et al. [29]. Low Gray Level Run
Emphasis (LGLRE) is only a measure of CT attenuation, while Short Run Low Gray Level Emphasis
(SRLGLE) is a joint-measure of CT attenuation and HU heterogeneity. A high SRLGLE value indicates a
low attenuating and heterogeneous tissue. A stronger correlation coe�cient was found for SRLGLE,
suggesting that spatial information may be more useful than intensity information in the identi�cation. In
addition to texture features, radiomic analysis often requires the analysis of a combination of intensity,
morphology, fractal geometry and higher-order features[33]. This information is integrated, and may
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thereby provide novel insights and a better detail of the lung using CT images. Eventually, radiomic
analysis may serve as a useful tool that could help to improve the clinical management of patients[34].

Although these present �ndings provide meaningful implications, the present study has several
limitations. First, CT examinations are usually performed without spirometric control of lung volume.
However, all subjects in the present study received education on how to perform the respiratory
maneuvers prior to the CT scan. Second, the present study has a relatively small sample size. Thus, the
results may be biased. Hence, further analysis using a larger sample size is required. Fourth, the
relationship between the severity of COPD and radiomics features was not investigated. Hence, another
trial is needed to speci�cally address this issue.

In conclusion, some radiomics features that reveal the micro-changes of lung structure were found to be
associated with lung aging, and radiomic signatures, which are constructed using LASSO regression,
could be used to identify a lung aging-related population of COPD patients and a population of smoking
patients. However, a larger study is still needed to verify this �nding, and further analysis are required to
assess its prognostic value in an aging population.
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CT: computed tomographic; HS: healthy smoker; HNS: healthy non-smoker; COPD: chronic obstructive
pulmonary disease; DLCO :carbon monoxide diffusing capacity; FEV1: forced expiratory volume in one
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Tables
Table 1. The baseline characteristics of Older Group and Younger Group
Variable Older Group

(n=118)
Younger Group
(n=141)

P-value  

Age (years) 64.78 ± 4.8 34.5 ± 9.5 <0.001*  
Man-to-woman ratio 52 :66 79 :62 NS†  
Ex-smoker–to-nonsmoker
ratio

26:92 15:126 NS†  

Body mass index (kg/m2) 27.2± 4.7 28.7± 5.2 NS*  
Note.—Unless otherwise specified, data are means± standard deviations. NS=not statistically significant.

* Paired t test. † 2 Test.

 

Table 2. Texture parameters after the dimensionality reduction
Category Feature in radiomics signature

COPD vs. non-COPD HS vs. HNS
Histogram Percentile70* Mean Deviation

  Percentile70*
  Quantile0.975
  Range

Texture ClusterShade_AllDirection_offset1_SD  
Inertia_AllDirection_offset2_SD  

GLCM Correlation_angle45_offset9 Correlation_AllDirection_offset1_SD
InverseDifferenceMoment_AllDirection_offset2_SD Correlation_AllDirection_offset9_SD
InverseDifferenceMoment_AllDirection_offset6_SD* Correlation_angle45_offset7
  Correlation_angle45_offset8
  GLCMEntropy_AllDirection_offset9_SD
  InverseDifferenceMoment_AllDirection_offset4_SD
  InverseDifferenceMoment_AllDirection_offset6_SD*

RLM GreyLevelNonuniformity_AllDirection_offset1_SD* GreyLevelNonuniformity_AllDirection_offset1_SD*
  LongRunEmphasis_angle0_offset7 RunLengthNonuniformity_AllDirection_offset1_SD*
  LongRunEmphasis_angle0_offset2 RunLengthNonuniformity_angle45_offset3
  LowGreyLevelRunEmphasis_AllDirection_offset2_SD RunLengthNonuniformity_angle90_offset1
  HighGreyLevelRunEmphasis_AllDirection_offset8_SD ShortRunEmphasis_AllDirection_offset6_SD
  RunLengthNonuniformity_AllDirection_offset1_SD* ShortRunEmphasis_AllDirection_offset8_SD*
  ShortRunLowGreyLevelEmphasis_AllDirection_offset9_SD ShortRunEmphasis_angle90_offset3
  ShortRunEmphasis_AllDirection_offset3_SD  
  ShortRunEmphasis_AllDirection_offset8_SD*  
Form
Factor

Compactness1  

*Show common features
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Table 3A. Discrimination performance of the different model construction methods in the COPD and non-COPD groups

Method Training cohort Validation cohort

Accuracy F1_

score

Sensitivity Specificity AUC Accuracy F1_

score

Sensitivity Specificity AUC

Logistic

regression

0.77 0.43 0.759 0.797 0.84 0.84 0.45 0.893 0.708 0.85

SVM 0.674 0.061 0.982 0.301 0.667 0.78 0.1 0.996 0.203 0.64

Bayes 0.653 0.411 0.802 0.359 0.748 0.598 0.108 0.746 0.105 0.578

KNN 0.732 0.44 0.944 0.312 0.863 0.768 0.345 0.921 0.263 0.761

Decision Tree 0.837 0.627 0.993 0.4§¢ 0.853 0.634 0.211 0.873 0.148 0.538

Random forest 0.784 0.453 0.985 0.304 0.922 0.671 0.229 0.927 0.148 0.630

SVM, support vector machine; KNN, K-Near Neighbor; AUC, area under the curve; CI, confidence interval
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Table 3B. Discrimination performance of the different model construction methods in the HS and HNS groups

Method Training cohort Validation cohort

Accuracy F1_

score

Sensitivity Specificity AUC Accuracy F1_

score

Sensitivity Specificity AUC

Logistic

regression

0.80 0.667 0.857 0.729 0.87 0.76 0.691 0.769 0.750 0.80

SVM 0.742 0.66 0.915 0.541 0.793 0.737 0.694 0.862 0.607 0.836

Bayes 0.727 0.64 0.831 0.582 0.800 0.719 0.68 0.828 0.735 0.825

KNN 0.742 0.595 0.948 0.455 0.810 0.649 0.600 0.957 0.441 0.721

Decision Tree 0.78 0.752 0.831 0.721 0.865 0.632 0.51 0.783 0.529 0.696

Random forest 0.841 0.821 0.887 0.787 0.926 0.737 0.724 0.759 0.714 0.761

SVM, support vector machine; KNN, K-Near Neighbor; AUC, area under the curve; CI, confidence interval.

 

Table 4. Diagnostic accuracy of the radiomics signature of the two models

Parameter Model 1 (COPD vs. non-COPD) Model 2 (HS vs. HNS)

Training cohort Validation cohort Training cohort Validation cohort

AUC 0.84 0.85 0.87 0.80

AUC 95% CI 0.79~0.90 0.76~0.95 0.81~0.93 0.68~0.93

Accuracy 0.77 0.84 0.80 0.76

Accuracy 95% CI 0.70~0.83 0.74~0.91 0.71~0.86 0.62~0.87

Sensitivity (%) 75.94 89.29 85.71 76.92

Specificity (%) 79.66 70.83 72.88 75.00

PPV 89.38 87.72 77.14 76.92

NPV 59.49 73.91 82.69 75.00

AUC, area under the curve; CI, confidence interval; PPV, predictive positive value; NPV, negative positive value
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Figure 1

The work�ow of the radiomics signature construction

Figure 2

The score diagrams of the radiomics signature in the training and validation cohorts of two populations.
A: COPD (yellow), non-COPD (blue). B: HS (yellow), HNS (blue). A high score means a high risk of lung
damage.
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Figure 3

The ROC analysis of Model 1 for the discrimination between the COPD and non-COPD in the training (A)
and validation (B) cohorts.
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Figure 4

The ROC analysis of Model 2 for the discrimination between HSs and HNSs in the training (A) and
validation (B) cohorts.

Figure 5

The heat map of correlation coe�cients between the selected features and PF tests.
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Figure 6

The heat map of correlation coe�cients among the selected features.
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