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Background: The reproducibility of radiomic features is essential to lung cancer detection. This study 
aimed to investigate the reproducibility of radiomic features of pulmonary nodules between low-dose 
computed tomography (LDCT) and conventional-dose computed tomography (CDCT). 
Methods: A total of 105 patients with 119 pulmonary nodules [39 ground-glass nodules (GGNs) and 80 
solid nodules] who underwent LDCT and CDCT were retrospectively studied between September 2019 and 
November 2020. Pulmonary nodules were manually segmented and 1,125 radiomic features (shape, first-
order intensity, texture, wavelet, and Laplacian of the Gaussian features) were extracted from both LDCT 
and CDCT images. The concordance correlation coefficient (CCC) was used to evaluate the reproducibility 
of these radiomic features.
Results: Of the 1,125 radiomic features considered, 35.5% (399 of 1,125) and 41.5% (467 of 1,125) were 
reproducible (CCC ≥0.85) for GGNs and solid nodules, respectively. The intensity, texture, and wavelet 
features of solid nodules were more reproducible than those of GGNs. The mean CCC values for intensity 
and texture features of solid nodules were of 0.85 and above, whereas the mean values for those of GGNs 
were of less than 0.85. After Gaussian kernel (σ =2) preprocessing, the CCC of intensity and texture features 
of GGNs improved from 0.77 to 0.90, and 84.9% (79 of 93) of the radiomic features were reproducible 
(mean CCC increase from 0.84±0.13 to 0.92±0.08 for intensity features, and from 0.75±0.15 to 0.89±0.11 for 
texture features). Wavelet features had the lowest CCCs for both GGNs and solid nodules.
Conclusions: The majority of the radiomic feature classes of solid pulmonary nodules have a high level of 
reproducibility between LDCT and CDCT. However, LDCT should not be used as an alternative to CDCT 
in the radiomic study of GGNs.
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Introduction

In 2020, lung cancer was ranked second in incidence 
worldwide, with an estimated 2.2 million new cases; 
however, with an estimated 1.8 million deaths, it ranked 
first for mortality (1). In recent years, several studies have 
demonstrated that low-dose computed tomography (LDCT) 
is an effective tool for early lung cancer detection which 
can reduce mortality among high-risk individuals (2-4). 
The lung imaging reporting and data system (lung-RADS) 
developed by the American College of Radiology (ACR) was 
designed to guide radiologists in the diagnosis of nodules 
detected during lung cancer screening using LDCT. 
However, the image quality of LDCT is inferior to that of 
conventional-dose computed tomography (CDCT). Because 
diagnosis is subjectively determined by radiologists relying 
on their experience and visually identifiable discriminators 
can be affected by imaging differences, the use of LDCT in 
lung cancer screening may increase the false positive rate (5). 
False positives lead to unnecessary medical treatment, which 
in turn increases the mental pressure, radiation exposure, 
and financial burden on patients.

The rapid development of radiomics has provided 
an effective way to improve diagnosis accuracy in that it 
provides more objective information than visual recognition 
(6-8). Radiomics is a process designed for high-throughput 
extraction of a large number of quantitative features from 
radiological images, and allows for the conversion of digital 
medical images into mineable high-dimensional data (6). 
Recent studies have demonstrated that radiomics can play 
an important role in LDCT screening of early lung cancer, 
aiding in the differentiation of benign and malignant 
pulmonary nodules (9-11), as well as the determination of 
lung adenocarcinoma invasiveness (12) on baseline LDCT 
scans. However, as stated above, LDCT can increase the 
false positive rate of radiologists in comparison with CDCT. 
We therefore questioned whether radiomic analysis was 
similarly affected by LDCT. The answer to this question 
of whether the radiomic features extracted from LDCT 
associated with early lung cancer are consistent with those 
extracted from CDCT remains unclear. Several studies to 
date have reported the effects of different radiation doses 
on the radiomic features of chest phantoms (13-15), and Lo 
et al. showed that the effects of different radiation doses on 
the radiomic features of a uniform water phantom differed 
from those of a nodule (16). The present study aimed 
to investigate the reproducibility of radiomic features of 
pulmonary nodules between LDCT and CDCT.

We present the following article in accordance with the 

STROBE (Strengthening the Reporting of Observational 
Studies in Epidemiology) reporting checklist (available at 
https://qims.amegroups.com/article/view/10.21037/qims-
21-609/rc).

Methods

Study population

This study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013) and was 
approved by the Medical Ethics Committee of Chest 
Hospital, Tianjin University (No. 2021LW-005). The 
requirement to obtain written informed consent was waived 
due to the retrospective nature of the study. 

Data from 105 patients with 119 pulmonary nodules, 
obtained between September 2019 and November 2020, 
were used in this study. 

The inclusion criteria were as follows: (I) the length and 
diameter of each nodule was between 5.0 and 30.0 mm; (II) 
LDCT images were obtained during lung cancer screening, 
and (III) CDCT images were obtained within 24 h of the 
LDCT images for further examination of the details of 
the nodules and lymph node evaluation. The exclusion 
criteria were as follows: (I) a history of chest surgery, (II) 
atelectasis, and (III) severe respiratory artifacts on computed 
tomography (CT) images.

CT acquisition

CT scans were acquired on a multi-slice CT scanner (Philips 
Brilliance, iCT 256). The LDCT scan used the iDose4 
reconstruction algorithm with a tube voltage of 100 kV  
and tube current of 30, 40, or 50 mA according to the 
body mass index (BMI) of the patient (BMI <18.5, 
18.5–25, and >25 kg/m2, respectively). The conventional-
dose spiral CT scan used a standard reconstruction 
algorithm with a tube voltage of 120 kV and tube current 
ranging from 100 to 250 mA using automated tube 
current modulation. The other acquisition parameters 
were as follows: pitch 0.758; field of view, 350 mm ×  
350 mm; section thickness, 1.5 mm; interval, 1.5 mm; 
matrix, 512×512; and rotation time, 500 ms.

Based on the thin-slice CDCT images, two radiologists 
(with 12 and 18 years of chest radiology experience) 
classified pulmonary nodules as ground-glass nodules 
(GGNs) or solid nodules (17) in consensus, using a lung 
window setting with a window level of −550 Hounsfield 
units (HU) and a window width of 1,600 HU. GGNs and 

https://qims.amegroups.com/article/view/10.21037/qims-21-609/rc
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solid nodules were defined according to the Fleischner 
Society guidelines (18).

The volume CT dose index (CTDIvol) was measured 
during scanning to assess the radiation dose.

Segmentation and radiomic analysis of pulmonary nodules

Radiomic analysis was performed on images using 3D Slicer 
software (version 4.10.2; National Institutes of Health, 
Bethesda, MD, USA) with lung window settings. All nodules 
in each CT image were manually segmented (slice by slice) 
by a medical bioengineering graduate student (with 1.5 years 
of learning experience in chest radiology diagnosis) and a chest 
radiologist (with 10 years of chest radiology experience). 
The inter-observer reproducibility of segmentation was 
initially analyzed with 64 randomly chosen nodules that 
were segmented independently by the graduate student and 
the radiologist. The rest of the nodules were segmented by 
the graduate student and then checked by the radiologist 
to ensure that each segmentation outcome satisfied the 
boundary of the nodule. In the case of disagreement, the 
opinion of the chest radiologist was taken. 

A total of 1,125 radiomic features from the 5 feature 
classes of shape, first-order intensity, texture, wavelets, 
and Laplacian of the Gaussian (LoG) were calculated and 
extracted automatically using the module “Radiomics” 
based on Pyradiomics (version 2.2.0; https://pyradiomics.
readthedocs.io/). The shape, first-order intensity, and 
texture feature classes were calculated based on the original 
images. The texture features included gray-level co-

occurrence matrix (GLCM), gray-level difference matrix 
(GLDM), gray-level size-zone matrix, (GLSZM), gray-
level run-length matrix (GLRLM), and neighborhood 
gray-tone difference matrix (NGTDM). The LoG features 
were intensity and texture features at different spatial scales 
derived from images preprocessed using different LoG 
spatial bandpass filter parameters (Gaussian kernel sizes of 0, 
1.5, 2.0, and 2.5, with a Gaussian kernel size of 0 indicating 
an unpreprocessed original image). The wavelet features 
were intensity and texture features calculated on wavelet-
filtered images generated using eight frequency band 
combinations [high-low-low (HLL), low-high-low (LHL), 
low-high-high (LHH), low-low-high (LLH), high-low-high 
(HLH), high-high-high (HHH), high-high-low (HHL), 
and low-low-low (LLL)].

Statistical analysis

All data were expressed as mean ± standard deviation. The 
concordance correlation coefficient (CCC), as defined by 
Lin (19), was used to evaluate the reproducibility of the 
radiomic features of both GGNs and solid nodules. The 
CCC (0 to 1) is estimated using the variance components 
of a mixed effects model (20). Radiomic features with 
CCC ≥0.85 were considered reproducible (21). To 
further investigate the reproducibility of features and the 
distribution of reproducible features, the CCC threshold 
for reproducibility was changed from 0.85 to 0.80 and 
0.90, respectively. A Wilcoxon test was used to evaluate 
differences in the reproducibility of radiomic features 
between the original images and images preprocessed with 
Gaussian kernels. Data were analyzed using the R software 
(version 4.0.4; http://www.r-project.org/). P<0.05 was 
considered to be statistically significant.

Results

Clinical characteristics

A total of 119 nodules, including 39 GGNs and 80 solid 
nodules, in 105 patients (39 males and 66 females) were 
analyzed. The mean age of the patients was 65.6±8.7 years 
(range, 50–82 years; Table 1). The radiation dose parameters 
for LDCT and CDCT are listed in Table 1. The mean CCC 
for shape features between the two readers was 0.92±0.09 
(0.94±0.06 for LDCT and 0.90±0.11 for CDCT), which 
indicated favorable inter-observer reproducibility for nodule 
segmentation.

Table 1 Characteristics of the study population

Characteristic GGNs (n=39) Solid nodules (n=80)

Age, years 64.95±9.33 [50–81] 65.98 ± 8.39 [51–82]

Sex, n (%)

Female 27 (69.2) 48 (60.0)

Male 12 (30.8) 32 (40.0)

CTDIvol, mGy

C group 11.45±2.29 11.84±2.89

L group 1.89±0.20 1.87±0.22

Data are reported as mean ± SD. Data in parentheses are 
ranges (age) and percentages (sex). GGN, ground-glass nodule; 
C-group, conventional-dose computed tomography group; 
L-group, low-dose computed tomography group; CTDIvol, 
volume CT dose index. 
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Reproducibility of radiomic features between LDCT and 
CDCT

Table 2 presents the CCCs between LDCT and CDCT 
for the radiomic feature classes. The overall CCCs were 

0.66±0.27 in GGNs and 0.73±0.22 in solid nodules. The 
mean CCCs of intensity and texture features were ≥0.85 
in solid nodules, but <0.85 in GGNs. The CCCs for 
wavelet features were the lowest of the feature classes in 
both GGNs and solid nodules. In terms of nodule type, 
the radiomic features of solid nodules (except for shape 
and LoG features) showed higher reproducibility between 
LDCT and CDCT than those of GGNs.

Using a  CCC value  of  0 .85 as  the  cut-of f  for 
reproducibility, 467 (41.5%) of 1,125 radiomic features 
were reproducible for solid nodules, including 8 (57.1%) 
of 14 shape features, 13 (72.2%) of 18 intensity features, 53 
(70.7%) of 75 texture features, 197 (26.7%) of 739 wavelet 
features, and 196 (70.3%) of 279 LoG features. For GGNs, 
399 (35.5%) of 1125 radiomic features were reproducible, 
including 11 (78.6%) of 14 shape features, 11 (61.1%) of 
18 intensity features, 15 (20.0%) of 75 texture features, 142 
(19.2%) of 739 wavelet features, and 220 (78.9%) of 279 
LoG features (Table 3).

Figure 1 shows the heat maps of CCCs of radiomic 
features between LDCT and CDCT. For both GGNs and 
solid nodules, the first-order intensity features of energy, 
robust mean absolute deviation, mean absolute deviation, 
total energy, maximum, root mean squared, 90 percentile, 
entropy and mean all had high CCC values, as did the texture 
features of denpendenceentropy, denpendencenonuniformity, 
gldm_graylevelnonuniformity, jointonentropy, glrlm_

Table 2 CCCs between LDCT and CDCT

Feature classes GGNs (n=39) Solid nodules (n=80)

Shape 0.90±0.16 0.76±0.26

Intensity 0.84±0.13 0.88±0.11

Texture 0.75±0.15 0.86±0.12

Wavelet 0.55±0.26 0.67±0.22

LoG

0 0.77±0.15 0.86±0.12

1.5 0.87±0.11 0.88±0.11

2 0.90±0.11 0.87±0.12

2.5 0.88±0.16 0.83±0.17

ALL 0.66±0.27 0.73±0.22

Data are reported as mean ± SD.  For the LoG features, 0 
indicates no preprocessing, and 1.5, 2, and 2.5 indicate 
preprocessing of images with Gaussian kernels of σ =1.5, 2, 
and 2.5, respectively. CCC, concordance correlation coefficient; 
CDCT, conventional-dose computed tomography; LDCT, low-
dose computed tomography; GGN, ground-glass nodule; LoG, 
Laplacian of the Gaussian. 

Table 3 Number (percentage) of radiomic features meeting the reproducibility criterion according to different CCC thresholds (cut-off values: 
0.80, 0.85, and 0.90)

Feature class
GGNs (n=39) Solid nodules (n=80)

0.80 0.85 0.90 0.80 0.85 0.90

Shape 12 (85.7) 11 (78.6) 10 (71.4) 8 (57.1) 8 (57.1) 6 (42.9)

Intensity 14 (77.8) 11 (61.1) 7 (38.9) 15 (83.3) 13 (72.2) 10 (55.6)

Texture 26 (34.7) 15 (20.0) 14 (18.7) 57 (76.0) 53 (70.7) 36 (48.0)

Wavelet 177 (24.0) 142 (19.2) 102 (13.8) 250 (33.8) 197 (26.7) 125 (16.9)

LoG

0 40 (43.0) 26 (28.0) 21 (22.6) 72 (77.4) 66 (71.0) 46 (49.5)

1.5 80 (86.0) 71 (76.3) 55 (59.1) 74 (79.6) 68 (73.1) 54 (58.1)

2.0 84 (90.3) 79 (84.9) 65 (69.9) 74 (79.6) 67 (72.0) 54 (58.1)

2.5 75 (80.6) 70 (75.3) 63 (67.7) 70 (75.3) 61 (65.6) 49 (52.7)

ALL 468 (41.6) 399 (35.5) 316 (28.1) 548 (48.7) 467 (41.5) 334 (29.7)

Data in parentheses are percentages. For the LoG features, 0 indicates no preprocessing, and 1.5, 2, and 2.5 indicate preprocessing of 
images with Gaussian kernels of σ =1.5, 2, and 2.5, respectively. CCC, concordance correlation coefficient; GGN, ground-glass nodule; 
LoG, Laplacian of the Gaussian. 
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graylevelnonuniformity, runlengthnonuniformity, runentropy, 
glszm_graylevelnonuniformity, zoneentropy and coarseness 
(bright colors in Figure 1A), which indicated that they were 
not sensitive to radiation dose (i.e., image definition) for either 
of the two nodule types. When CCC =0.9 was chosen as the 
cut-off value for reproducibility, energy, total energy, root 
mean squared, 90 percentile, denpendencenonuniformity, 
gldm_graylevelnonuniformity, glrlm_graylevelnonuniformity, 
runlengthnonuniformity, glszm_graylevelnonuniformity, and 
coarseness still showed good reproducibility.

Reproducibility of radiomic features after image 
preprocessing

The radiomic features of both GGNs and solid nodules 
showed higher mean CCCs after smoothing with Gaussian 
kernels of σ =1.5 and 2. The reproducibility of GGNs was 
improved more than that of solid nodules, and the overall 
improvement was more obvious with a Gaussian kernel of σ 
=2 than with kernels of σ =1.5 or 2.5. The CCCs of GGNs 
increased from 0.77±0.15 to 0.90±0.11 (first-order intensity 
features: 0.84±0.13 to 0.92±0.08; texture features: 0.75±0.15 
to 0.89±0.11), and 79 of 93 features (84.9%) showed a CCC 
of ≥0.85, including 16 (88.9%) of the 18 first-order intensity 
features and 63 (84.0%) of the 75 texture features (Table 2, 
Figure 2).

For the GGNs, preprocessing with a Gaussian kernel of 
σ =2 improved the CCCs of 79 out of 93 radiomic features, 
by 0.16±0.12 on average (P<0.001), and the CCCs of  
53 features increased from below to above the cut-off value 
of 0.85. Furthermore, 26 reproducible features extracted 
from the original images still had a CCC of 0.85 or higher 
after image processing, although the CCC values of seven 
features showed slight decreases. After image preprocessing, 
the CCCs of all features in the GLCM class (except MCC, 
CCC =0.83) and the NGTDM class were >0.85. The 
skewness and kurtosis of first-order intensity showed low 
CCC values for the original images (CCCs of 0.52 and 0.62, 
respectively) and the Gaussian kernel-processed images 
(CCCs of 0.81 and 0.68, respectively). For solid nodules, 
Gaussian kernel preprocessing improved the mean CCC. 
However, the CCCs of 10 features decreased to below 
0.85, while those of 53 features improved (the CCCs of 
11 features increased from below 0.85 to above 0.85). The 
reproducibility of kurtosis in the original images (CCC 
=0.78) and Gaussian kernel-processed images (CCC =0.70) 
was poor.

For both GGNs and solid nodules, the CCC values 
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Figure 2 Changes in the reproducibility of intensity and texture features before and after Gaussian preprocessing. (A) CCC values, and (B) 
proportion of reproducible features (CCC ≥0.85), in the ground-glass and solid nodules before and after image preprocessing with different 
sized Gaussian kernels. CCC, concordance correlation coefficient; GGN, ground-glass nodule.

between LDCT and CDCT were low for wavelet features, 
and different combinations of high or low frequencies 
resulted in different CCCs. Compared with solid nodules, 
the mean CCC of GGNs was lower, and the differences in 
the CCCs of wavelet features with various high- or low-
frequency combinations were also greater. The CCC values 
of wavelet features with high-pass filters tended to be lower 
than those of the other feature types. Wavelet_HHH and 
wavelet_HHL showed the worst reproducibility (dark colors 
in Figure 1C). In contrast, wavelet_LLL showed the highest 
CCC between LDCT and CDCT, followed by wavelet_
LLH (bright colors in Figure 1C). When a CCC value of 0.85 
as the cut-off for reproducibility, wavelet_LLL produced the 
highest number of reproducible radiomic features (Table 4).

Discussion

LDCT is currently an important tool in the screening of 
pulmonary nodules. Radiomics approaches are of value for 
the differential diagnosis of pulmonary nodules detected 

using LDCT and for improving diagnostic accuracy. 
Radiation dose affects CT image quality (22,23), and 
CDCT can show more details of pulmonary nodules than 
can LDCT. However, how this difference is reflected in 
radiomic features remains unclear. The identification of 
robust quantitative radiomic features was therefore the 
focus of this study. 

Kim et al. reported that radiation dose had a significant 
influence on the radiomic features of lung nodule  
phantoms (13). In contrast, Mackin et al.’s study using scans of 
a phantom acquired with tube currents from 25 to 300 mAs  
found that the tube current had no significant influence on 
the radiomic features extracted from CT images of materials 
with tumor-like textures (14). However, phantom materials 
are not perfect substitutes for tissue, and some features 
extracted from pulmonary nodules might have comparatively 
higher sensitivity to changes in radiation dose. 

In this study, most feature classes showed better 
reproducibility for solid nodules than for GGNs. A possible 
explanation for this is that the radiation dose affects the 
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Table 4 Number (percentage) of reproducible features (CCC ≥0.85) and CCCs for subclasses of wavelet features

Wavelet feature subclass
GGNs (n=39) Solid nodules (n=80)

Mean CCC CCC ≥0.85 Mean CCC CCC ≥0.85

wavelet_HLL 0.54±0.19 7 (7.5) 0.75±0.16 28 (30.1)

wavelet_LHL 0.55±0.19 9 (9.7) 0.75±0.14 16 (17.2)

wavelet_LHH 0.42±0.21 7 (7.5) 0.61±0.16 7 (7.5)

wavelet_LLH 0.80±0.13 39 (41.9) 0.81±0.17 55 (59.1)

wavelet_HLH 0.52±0.20 7 (7.5) 0.63±0.16 8 (8.6)

wavelet_HHH 0.33±0.23 7 (7.8) 0.41±0.21 6 (6.7)

wavelet_HHL 0.36±0.22 5 (5.5) 0.48±0.20 7 (7.7)

wavelet_LLL 0.87±0.09 61 (65.6) 0.88±0.11 70 (75.3)

wavelet 0.55±0.26 142 (19.2) 0.67±0.22 197 (26.7)

Data are reported as mean ± SD. Data in parentheses are percentages. CCC, concordance correlation coefficient; GGN, ground-glass 
nodule; H, high frequency; L, low frequency.

image spatial and density resolution, and because GGNs 
appear faint, they are more likely to be affected by image 
resolution. This condition is consistent with traditional 
visual diagnosis (24). Our results indicate that it may not 
be appropriate to use LDCT and CDCT interchangeably 
in the radiomic study of GGNs, as the reproducibility of 
radiomic features cannot be ensured.

Previous studies have reported that features of different 
anatomical scales, from fine texture to coarse texture, can 
be selected by altering the size of the Gaussian filter kernel, 
thereby allowing tumor heterogeneity to be determined 
at an appropriate anatomical scale (25,26). In this study, 
we only reported nodule type, as most of the nodules were 
concentrated in the 5 to 7 mm size range. However, nodule 
size may also impact the reproducibility results, and further 
study is warranted to explore reproducibility as a function 
of nodule size. Zhao et al. found that LoG with a Gaussian 
kernel of σ =2.5 was highly reproducible for six imaging 
settings with different slice thicknesses and reconstruction 
algorithms, and that a smoother reconstruction algorithm 
was more favorable for reproducibly extracting quantitative 
features (21). Using a water phantom, Lo et al. showed 
that feature values extracted from low-dose level images 
with smooth reconstruction were similar to those extracted 
from images acquired using other radiation dose and 
reconstruction algorithm combinations (16). We analyzed 
the reproducibility of LoG features with σ =1.5, 2, and 2.5, 
and found that the reproducibility of GGN intensity and 
texture features improved after images were preprocessed 

using Gaussian kernels, with a kernel size of 2 performing 
best (CCC ≥0.85, 88.9%, and 84.0% of intensity and 
texture features, respectively). Gaussian processing is used 
to smooth the image, and radiomic features tend to be more 
reproducible when calculated on LDCT and CDCT images 
that have been smoothed with large Gaussian kernels.

In recent years, wavelet features have come to account 
for a large proportion of extracted radiomic features. 
Wavelet features have been reported to aid in reducing 
the effects of photon noise while enhancing biological 
heterogeneity detection, thus improving the early 
prediction of adenocarcinoma (27,28). Furthermore, 
expression of low-frequency wavelet features was higher 
in lung adenocarcinoma than in granulomas (29). In the 
current study, we compared the reproducibility of wavelet 
features of solid nodules and GGNs, and found that it 
was generally poor. Wavelet features are sensitive to the 
differences between LDCT and CDCT because they are 
extremely susceptible to changes in the spatial and density 
resolution of images (21,30). We also found differences 
in the CCCs of wavelet features extracted using different 
combinations of high- or low-frequencies. Regarding LoG 
features, wavelet_LLL features extracted from the low-
frequency component (LLL) of the original image (i.e., 
a smoothed version of the original image) showed good 
reproducibility between LDCT and CDCT. In contrast, 
wavelet features extracted with high-pass filters highlighted 
image details and had comparatively low CCCs, with the 
wavelet_HHH and wavelet_HHL features showing the 
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worst reproducibility. These results are in line with those 
of previous studies on the effects of CT slice thickness and 
reconstruction algorithm on the reproducibility of wavelet 
features of lung nodules (30,31).

In our study, for both GGNs and solid nodules, the 
reproducibility of the kurtosis of intensity features was 
poor for both the original images (CCC =0.62 and CCC 
=0.78, respectively) and the Gaussian-smoothed images 
(2 mm kernel, CCC =0.68 and CCC =0.70, respectively). 
Differences in density homogeneity within nodules are 
reflected in the differences in kurtosis measurements, and 
the differences in nodule kurtosis between LDCT and 
CDCT may be related to the different information about 
nodule heterogeneity provided by the two CT imaging 
methods. Previous studies have reported that benign and 
malignant nodules exhibit significant differences in kurtosis, 
with the kurtosis of malignant nodules being higher than 
that of benign nodules (9,32). Chae et al. found that high 
kurtosis was a significant differentiator of preinvasive lesions 
from invasive pulmonary adenocarcinomas (33).

This study has several limitations. Firstly, the study 
used manual segmentation, which is time-consuming and 
presents a greater risk of observer bias than semi- or fully-
automated segmentation. Secondly, three categories of 
tube current settings were used, rather than automated 
tube current modulation, which can impact noise, artifacts, 
and texture. Thirdly, the sample size for this study was not 
large, especially for GGNs. Finally, due to the absence of 
pathological evidence, we still do not know which features 
play a key role in diagnosis. In future studies, we will 
enlarge the sample size and perform prospective research 
in combination with a broader range of nodule sizes and 
pathology results.

In summary, the majority of radiomic feature classes of 
solid pulmonary nodules show a high level of reproducibility 
between LDCT and CDCT. LDCT and CDCT should 
not, however, be used interchangeably in the radiomic study 
of GGNs. Gaussian smoothing enhances the reproducibility 
of extracted features.
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