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INTRODUCTION
Low- dose CT (LDCT) has been widely and routinely used 
in lung cancer screening,1,2 leading to an increase in the 
detection of pulmonary ground- glass nodules (GGNs), 
particularly in Asian.3,4 About 90% of pathologically 
confirmed GGNs were adenocarcinomas in China.5 The 
pulmonary adenocarcinoma is categorized to pre- invasive 
lesions including atypical adenomatous hyperplasia (AAH) 
and adenocarcinoma in situ (AIS), minimally invasive 
adenocarcinoma (MIA), and invasive adenocarcinoma 
(IA).6 Previous studies found the 5- year disease- free 
survival (DFS) rate of AIS/MIA was close to 100%, while 
that of IA ranged from 38 to 93%.7–9 Given the different 

prognosis, AIS/MIA might be treated with limited resec-
tion, while lobectomy should be performed for IA.10–12 
Although pure GGNs (pGGNs) usually tends to be AIS/
MIA and a solid component tends to be an indicator of 
invasiveness,13,14 a substantial number of pGGNs have been 
eventually diagnosed as IAs, with an incidence rate of 18.0 
to 40.4%.15–19 Therefore, precision differentiation between 
IA and AIS/MIA in pGGNs is a priority and also a challenge 
for thoracic radiologists and surgeons as it is essential to 
guide clinical decision.

Although radiologists could assess the invasive probability 
of pGGNs using quantitative and semantic CT features, 
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Objective: To develop a radiomic model based on 
low- dose CT (LDCT) to distinguish invasive adenocar-
cinomas (IAs) from adenocarcinoma in situ/minimally 
invasive adenocarcinomas (AIS/MIAs) manifesting 
as pure ground- glass nodules (pGGNs) and compare 
its performance with conventional quantitative and 
semantic features of LDCT, radiomic model of standard- 
dose CT, and intraoperative frozen section (FS).
Methods: A total of 147 consecutive pathologically 
confirmed pGGNs were divided into primary cohort (43 
IAs and 60 AIS/MIAs) and validation cohort (19 IAs and 
25 AIS/MIAs). Logistic regression models were built 
using conventional quantitative and semantic features, 
selected radiomic features of LDCT and standard- dose 
CT, and intraoperative FS diagnosis, respectively. The 
diagnostic performance was assessed by area under 
curve (AUC) of receiver operating characteristic curve, 
sensitivity, and specificity.
Results: The AUCs of quantitative- semantic model, radi-
omic model of LDCT, radiomic model of standard- dose 

CT, and FS model were 0.879 (95% CI, 0.801- 0.935), 
0.929 (95% CI, 0.862- 0.971), 0.941 (95% CI, 0.876- 0.978), 
and 0.884 (95% CI, 0.805- 0.938) in the primary cohort 
and 0.897 (95% CI, 0.768- 0.968), 0.933 (95% CI, 0.815- 
0.986), 0.901 (95% CI, 0.773- 0.970), and 0.828 (95% 
CI, 0.685- 0.925) in the validation cohort. No significant 
difference of the AUCs was found among these models 
in both the primary and validation cohorts (all p > 0.05).
Conclusion: The LDCT- based quantitative- semantic 
score and radiomic signature, with good predictive 
performance, can be pre- operative and non- invasive 
biomarkers for assessing the invasive risk of pGGNs in 
lung cancer screening.
Advances in knowledge: The LDCT- based quantitative- 
semantic score and radiomic signature, with the equiva-
lent performance to the radiomic model of standard- dose 
CT, can be pre- operative predictors for assessing the 
invasiveness of pGGNs in lung cancer screening and 
reducing excess examination and treatment.
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such as diameter, mean attenuation, spiculation, and lobulation, 
the diagnostic criteria were inconsistent with various sensitivity 
and specificity because of subjectivity.15,16,19 Radiomics, via 
high- throughput extraction of features from imaging data,20–22 
has been recently applied in differential diagnosis between IA 
and AIS/MIA.23–29 However, all these radiomic models were 
built using standard- dose CT data rather than LDCT data.

With the prosperities of radiomics, the reproducibility of quan-
titative radiomic features might be affected by scan acquisition 
parameters, which aroused the concerns of researchers. The 
scanner, radiation dose, reconstruction method, and slice thick-
ness could affect the quantification of radiomic features.30–34 
Our previous study demonstrated that the diagnostic perfor-
mance of radiomic models based on LDCT and standard- dose 
CT was equivalent to differentiate adenocarcinomas from benign 
lesions in solid pulmonary nodules.35 However, the comparison 
of radiomic models based on LDCT and standard- dose CT 
for differentiating IA from AIS/MIA in pGGNs has not been 
addressed.

Therefore, this study is aimed to develop and validate the 
radiomic model of LDCT to distinguish IA from AIS/MIA 
manifesting as pGGNs, and compare its diagnostic performance 
with conventional quantitative and semantic features of LDCT, 
radiomic model of standard- dose CT, and intraoperative frozen 
section (FS) diagnosis.

METHODS AND MATERIALS
Patients
The retrospective analysis was approved by the Institutional 
Review Board of Sichuan Cancer Hospital, and the informed 
consent was waived. The inclusion criteria for this study were 
as follows: 1) patients with pulmonary pGGNs detected by 
LDCT scanning; 2) standard- dose CT scan from pre- operative 

examination within 1 week; 3) the interval between LDCT scan 
and standard- dose CT scan less than 1 week (4.64 ± 1.69 days, 
ranged from 2 to 7); 4) pathologically confirmed by surgery. 
The exclusion criteria were as follows: 1) pGGNs larger than 
3 cm; 2) history of cancer in previous 5 years; 3) images of poor 
quality with respiratory and movement artifacts. The flowchart 
of nodules selection was shown in Figure 1.

From July 2018 to December 2020, 132 consecutive patients with 
147 pGGNs were included from our hospital. All pGGNs were 
divided into two independent cohorts according to a ratio of 7:3 
and the date of scan. 43 IAs and 60 AIS/MIAs enrolled between 
July 2018 and January 2020 constituted the primary cohort, and 
19 IAs and 25 AIS/MIAs enrolled between January 2020 and 
December 2020 constituted the validation cohort. The clinical 
characteristics of age, gender, T stage, pathology of intraopera-
tive FS diagnosis, and final histologic diagnosis were recorded.

Histopathological assessment
Both intraoperative FS diagnosis and paraffin pathology diag-
nosis were followed by the 2011 International Association for the 
Study of Lung Cancer, American Thoracic Society, and European 
Respiratory Society (IASLC/ATS/ERS) classification and the 
2015 World Health Organization (WHO) classification for lung 
adenocarcinoma.6,13 Accordingly, lung adenocarcinoma was 
classified as AIS, MIA, and IA. AIS was defined as an adenocarci-
noma lesion less than 3 cm with pure lepidic pattern. MIA had a 
predominant lepidic pattern with an invasive component of less 
than 5 mm. IA was further classified by the predominant growth 
pattern using comprehensive histological subtyping (lepidic, 
acinar, papillary, micropapillary, and solid) and the percentage 
of each histological component was recorded in 5% increments. 
The predominant pattern of IA was defined as the pattern with 
the greatest percentage.

Figure 1. The flowchart of nodules selection
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Image acquisition and segmentation
All included patients underwent chest LDCT and standard- dose 
CT scans on a 256- slice multidetector CT scanner (Brilliance 
iCT, Philips Healthcare, Amsterdam, Netherlands). All patients 
were told to hold their breath as soon as possible at the end of 
inspiration to ensure the quality of the images. The estimated 
effective dose of LDCT and standard- dose CT for all subjects 
were 0.69 ± 0.10 mSv and 9.32 ± 2.51 mSv, respectively. More 
details of acquisition parameters were provided in Supplemen-
tary Material 1.

All pGGNs were automatically detected and segmented in 
three- dimension using uAI platform (United Imaging Health-
care, Shanghai, China), an artificial intelligence (AI) software 
basing on deep learning method.36,37 The segmentation results 
were assessed by two thoracic radiologists (JL and HQ, with 5 
years and 10 years of experience) in the lung window (window 
- 500 HU, width 1500 HU). As all the segmentation results were 
satisfactory to both radiologists, no manual adjustments of the 
segmentation results were conducted to avoid inter- and intraob-
server variability. The representative segmentation results were 
shown in Figure 2.

Quantitative-semantic model construction
The conventional quantitative features of LDCT and standard- 
dose CT including average diameter, volume, and mean atten-
uation were recorded from the clinical reporting module of uAI 
platform. Average diameter was the mean of long- and short- axis 
diameters according to the Fleischner Society guideline.14 The 
intraclass correlation coefficient (ICC) was used to evaluate the 
consistency of the conventional quantitative features between 
LDCT and standard- dose CT.

Two thoracic radiologists (JL and HQ) were blinded to histo-
pathological results and evaluated the semantic features on 
LDCT images. The semantic features included nodule shape 
(round/oval or irregular), margin (smooth or coarse), nodule- 
lung interface (clear or blurry), lobulation, spiculation, pleural 
indentation, air bronchogram, and vacuole sign. The cases of 
disagreement for semantic features between the two radiologists 
were resolved by consulting a third thoracic radiologist with 
25 years of experience (PZ). To evaluate the consistency of the 
semantic features between LDCT and standard- dose CT, the 
ICCs were calculated from 40 randomly selected nodules. The 
semantic features of these nodules on standard- dose CT images 
were evaluated by a thoracic radiologist (JL) at a 1- week interval.

The quantitative- semantic model was built by multivariable 
logistic regression of conventional quantitative and semantic 
features of LDCT with backward stepwise selection, using like-
lihood ratio test with Akaike’s information criterion as stopping 
rule.38

Radiomic feature extraction
The region of interest (ROI) of each pGGN was extracted from 
the research module of uAI platform after segmentation. A total 
of 104 original radiomic features including shape, first order, 
and texture features were then extracted from the ROIs using an 
open- source Python package (PyRadiomics, v. 3.0, https://pyra-
diomics.readthedocs.io),39 which was basically in compliance 
with the Imaging Biomarker Standardization Initiative (IBSI).40 
A fixed bin width of 25 HU was used to discretize voxel inten-
sity values to efficiently compute texture features and reduce 
noise,41,42 which was the same method employed by previous 
studies.27,28,43 As the voxel size of all original images was same 

Figure 2. Representative images and segmentation results of nodules. (a, b, c, d) A 53- year- old male with minimally invasive ade-
nocarcinoma. (e, f, g, h) A 41- year- old female with invasive adenocarcinoma. (a, e) Original images and (b, f) segmentation results 
of low- dose CT. (c, g) Original images and (d, h) segmentation results of standard- dose CT.
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and nearly anisotropic (0.684 × 0.684 × 0.625 mm3), no interpo-
lation and resegmentation algorithm was used to resample the 
original images. Details of radiomic features were described in 
the Supplementary Material 1.

Radiomic feature selection and signature 
construction
Radiomic features were standardized with Z- score normaliza-
tion, and then selected to construct radiomic signatures in the 
primary cohort using LDCT and standard- dose CT dataset, 
respectively. Mann- Whitney U test was firstly applied to select 
features which were significantly different between two groups 
(p < 0.05). Secondly, minimum redundancy- maximum rele-
vance (mRMR) was conducted to exclude redundant radiomic 
features,44 and the top 10 ranked features were reserved. Thirdly, 
the least absolute shrinkage and selection operator (LASSO) was 
utilized to select the most predictive features.45 Finally, multi-
variable logistic regression with backward stepwise selection and 
Akaike’s information criterion was applied to construct radiomic 
signature. Radiomic signature of each patient was calculated 
according to a linear combination of the selected features and 
weighted by the respective non- zero coefficients. Radiomic 
models were built by univariate logistic regression of radiomic 
signatures of LDCT and standard- dose CT, respectively.

Statistical analysis, model performance, and 
TRIPOD
The statistical analysis was performed with R software (v. 4.0.3; 
https://www.r-project.org/), Medcalc (v. 18.2.1; https://www. 
medcalc.org/), and SPSS software (v. 25.0; https://www.ibm. 
com). χ2 test or Fisher exact test was used to compare group 
difference in gender, T stage, semantic features, and intraopera-
tive FS diagnosis, and independent sample t- test was performed 
in age and conventional quantitative features of LDCT including 
average diameter, volume, and mean attenuation. p < 0.05 was 
considered statistically significant.

The FS model was built by univariate logistic regression of 
intraoperative FS diagnosis, which was a binary variable (IA 
or AIS/MIA). Four models for differentiating IA from AIS/
MIA including quantitative- semantic model of LDCT, radiomic 
model of LDCT, radiomic model of standard- dose CT, and FS 
model were trained on the primary cohort and tested on the vali-
dation cohort. The clinical variables including age and gender 
were further added to all models except for FS model using 
multivariable logistic regression.

The discrimination performance of each model in both the 
primary and validation cohorts was evaluated using the area 
under the curve (AUC) of receiver operating characteristic (ROC) 
curve. The optimal threshold value (cut- off point) was delimited 
according to Youden Index of ROC analysis. The corresponding 
sensitivity, specificity, and accuracy were also calculated from the 
confusion matrix. Binomial exact method was used to determine 
the confidence intervals (CIs). The comparisons of AUCs among 
models were conducted using Delong test in the primary and 
validation cohorts.46

The Hosmer- Lemeshow test was performed to estimate the 
goodness- of- fit of each model. The calibration curves were plotted 
for each model to assess the consistency between predicted and 
actual probability in both the primary and validation cohorts.

This study followed the Transparent Reporting of a Multivari-
able Prediction Model for Individual Prognosis or Diagnosis 
(TRIPOD) statement.47

RESULTS
Demographic characteristics
The clinical characteristics, conventional quantitative features, 
semantic features, and FS diagnosis in the primary and valida-
tion cohorts were listed in Table 1. Significant differences were 
found in age, T stage, lobulation, air bronchogram, average 
diameter, volume, and FS diagnosis between IA and AIS/MIA 
groups in both the primary and validation cohorts (all p < 0.05). 
As for gender, margin, vacuole sign, and mean attenuation, group 
difference was found in the primary (p = 0.037, 0.041, 0.002, and 
0.004) but not in the validation cohort (p = 0.355, 0.333, 0.074, 
and 0.096). The shape (p = 0.009) were significantly different in 
the validation cohort but not in the primary cohort (p = 0.079). 
No significant difference was found in nodule- lung interface, 
speculation, and pleural indentation in the primary or validation 
cohort (all p > 0.05).

Quantitative-semantic model
All the quantitative and semantic features showed good agree-
ment between LDCT and standard- dose CT. The value of ICCs 
ranged from 0.888 to 0.995. Therefore, the quantitative and 
semantic features of LDCT were selected to build quantitative- 
semantic model. The volume, mean attenuation, and vacuole 
sign were finally selected to build the quantitative- semantic score 
by multivariable logistic regression analysis (Supplementary 
Material 1). The calculation formula for quantitative- semantic 
score was as follows: ln (P/1- P) = 5.717058 + 0.002319 × volume 
+ 0.013133 × mean attenuation + 1.176054 × vacuole sign, where 
P is the probability of IA (cut- off > 0.461937). The distributions 
of the quantitative- semantic score of each patient in the primary 
and validation cohorts were shown in the Supplementary Mate-
rial 1.

Radiomic models
The process of radiomic features selection was presented in the 
Supplementary Material 1. Finally, three features in LDCT and 
four features in standard- dose CT were selected in the primary 
cohort (Supplementary Material 1). To conduct z- score normal-
ization before calculation, the mean and standard deviation of 
these features were provided in Supplementary Material 1.

The calculation formula for radiomic signature of LDCT was 
as follows: ln (P/1- P) = - 0.139131 - 0.854518 × Shape_Flat-
ness + 2.759479 × First order_Interquartile range + 3.160011 × 
NGTDM_Busyness, where P is the probability of IA (cut- off > 
0.404114).

The calculation formula for radiomic signature of standard- 
dose CT was as follows: ln (P/1- P) = - 0.094977 - 1.290115 × 
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Table 1. Demographic characteristics of patients in the primary and validation cohorts

Characteristic

Primary cohort (n = 103) Validation cohort (n = 44)

AIS/MIA
(n = 60)

IA
(n = 43) P

AIS/MIA
(n = 25)

IA
(n = 19) P

Gender 0.037* 0.355

  Female 16 20 6 7

  Male 44 23 19 12

Age (years) 51.55 ± 9.59 55.91 ± 9.92 0.027* 46.68 ± 12.58 54.37 ± 9.58 0.026*

T stage <0.001* 0.002*

  T1a 36 9 18 4

  T1b 24 29 7 13

  T1c 0 5 0 2

Shape 0.079 0.009*

  Round/oval 37 19 19 7

  Irregular 23 24 6 12

Margin 0.041* 0.333

  Smooth 17 5 5 1

  Coarse 43 38 20 18

Nodule- lung interface 0.803 0.405

  Clear 28 19 15 9

  Blurry 32 24 10 10

Lobulation 0.017* 0.006*

  No 55 32 24 11

  Yes 5 11 1 8

Spiculation 0.769 0.999

  No 59 41 23 17

  Yes 1 2 2 2

Pleural indentation 0.183 0.054

  No 45 27 20 10

  Yes 15 16 5 9

Air bronchogram 0.007* 0.011*

  No 57 32 25 14

  Yes 3 11 0 5

Vacuole sign 0.002* 0.074

  No 49 23 16 7

  Yes 11 20 9 12

Average diameter (mm) 7.95 ± 2.78 12.55 ± 4.39 <0.001* 7.32 ± 2.52 11.97 ± 4.52 <0.001*

Volume (mm3) 494.96 ± 398.68 1727.05 ± 1936.51 <0.001* 438.18 ± 395.12 1669.83 ± 2003.81 0.016*

Mean attenuation (HU) - 657.39 ± 66.24 - 616.29 ± 73.90 0.004* - 662.99 ± 65.31 - 621.91 ± 94.88 0.096

FS <0.001* <0.001*

  AIS/MIA 53 7 23 5

  IA 7 38 2 14

AIS/MIA, adenocarcinoma in situ/minimally invasive adenocarcinoma; IA, invasive adenocarcinoma; FS, frozen section. Age, average diameter, 
volume, mean attenuation are shown in mean ± standard deviation, and other data are the number of nodules. *p < 0.05.

http://birpublications.org/bjr
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Shape_Flatness + 1.795128 × First order_Interquartile range + 
1.575698 × GLRLM_High grey level run emphasis + 2.881956 
× NGTDM_Busyness, where P is the probability of IA (cut- off 
> 0.559019).

Distributions of the radiomic signature of each patient in the 
primary and validation cohorts were shown in the Supplemen-
tary Material 1.

Model performance and TRIPOD
Age and gender were not significant when they were inputted in 
the multivariable logistic regression in quantitative- semantic and 
radiomic models (Supplementary Material 1).

The ROC curves of quantitative- semantic model, radiomic 
model of LDCT, radiomic model of standard- dose CT, and 
FS model in the primary and validation cohorts were shown 
in Figure  3. The AUC, sensitivity, specificity, and accuracy of 
each model were shown in Table 2. The AUCs of quantitative- 
semantic model of LDCT, radiomic model of LDCT, radiomic 
model of standard- dose CT, and FS model were 0.879 (95% 
CI, 0.801- 0.935), 0.929 (95% CI, 0.862- 0.971), 0.941 (95% CI, 
0.876- 0.978), and 0.884 (95% CI, 0.805- 0.938) in the primary 
cohort and 0.897 (95% CI, 0.768- 0.968), 0.933 (95% CI, 0.815- 
0.986), 0.901 (95% CI, 0.773- 0.970), and 0.828 (95% CI, 0.685- 
0.925) in the validation cohort. According to the DeLong test, 
no significant difference of the AUCs was found among the 

Figure 3. Receiver operating characteristic curves of the quantitative- semantic model, radiomic models, and FS model for dif-
ferentiating invasive adenocarcinomas from adenocarcinoma in situ/minimally invasive adenocarcinomas. (a) Primary cohort. (b) 
Validation cohort. FS, frozen section.

Table 2. Diagnostic performance of the quantitative- semantic model, radiomic models, and frozen section model for differenti-
ating invasive adenocarcinomas from adenocarcinoma in situ/minimally invasive adenocarcinomas in the primary and validation 
cohorts

AUC Sensitivity Specificity Accuracy
Primary cohort

  Quantitative- semantic model 0.879 (0.801- 0.935) 0.767 (0.614- 0.882) 0.900 (0.795- 0.960) 0.845 (0.760- 0.909)

  Radiomic model of low- dose CT 0.929 (0.862- 0.971) 0.907 (0.779- 0.974) 0.867 (0.754- 0.941) 0.883 (0.805- 0.938)

  Radiomic model of standard- dose CT 0.941 (0.876- 0.978) 0.814 (0.666- 0.916) 0.950 (0.861- 0.990) 0.893 (0.817- 0.945)

  FS model 0.884 (0.805- 0.938) 0.884 (0.749- 0.961) 0.883 (0.774- 0.952) 0.883 (0.805- 0.938)

Validation cohort

  Quantitative- semantic model 0.897 (0.768- 0.968) 0.737 (0.488- 0.909) 0.920 (0.740- 0.990) 0.841 (0.699- 0.934)

  Radiomic model of low- dose CT 0.933 (0.815- 0.986) 0.842 (0.604- 0.966) 0.800 (0.593- 0.932) 0.818 (0.673- 0.918)

  Radiomic model of standard- dose CT 0.901 (0.773- 0.970) 0.789 (0.544- 0.939) 0.840 (0.639- 0.955) 0.818 (0.673- 0.918)

  FS model 0.828 (0.685- 0.925) 0.737 (0.488- 0.909) 0.920 (0.740- 0.990) 0.841 (0.699- 0.934)

AUC, area under curve; FS, frozen section. Numbers in the parentheses are 95% confidence interval
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aforementioned models in both the primary and validation 
cohorts (all p > 0.05) (Table 3).

The calibration curves of quantitative- semantic model, radiomic 
model of LDCT, and radiomic model of standard- dose CT for 
predicting the risk of IA showed good consistency between 
prediction and observation in the primary and validation 
cohorts (Supplementary Material 1). The Hosmer- Lemeshow 
test showed no significant difference in both the primary and 
validation cohorts of quantitative- semantic model model (p = 
0.892 and 0.623), radiomic model of LDCT (p = 0.992 and 0.830), 
and radiomic model of standard- dose CT (p = 0.409 and 0.679), 
which indicated no departure from the perfect fit.

We concluded the type of this study could be Type 2b, and the 
TRIPOD checklist is presented in Supplementary Material 1.

DISCUSSION
In the present study, we developed the quantitative- semantic 
model and radiomic model of LDCT, radiomic model of 
standard- dose CT, and FS model to distinguish IA from AIS/
MIA appearing as pGGNs. The novel finding of this study was 
that both the quantitative- semantic model and radiomic model 
of LDCT had equivalent AUC to radiomic model of standard- 
dose CT and FS model, suggesting that the LDCT- based 
quantitative- semantic score and radiomic signature could be 
the pre- operative and non- invasive biomarkers for assessing the 
invasive risk of pGGNs in lung cancer screening.

Basing on the indolent nature, pGGNs are usually followed up 
for 3 to 5 years according to the most guidelines of lung cancer 
screening.14,48–50 Resections are considered until pGGNs grows 
or new solid component emerges, namely developing to IAs. It 
should be noticed that 58% of pathologically confirmed pGGNs 
in this study were AIS/MIAs, and this ratio ranged from 34 to 
93% in previous Asian studies,15,16,19,23,24,51 which indicating the 
positive attitudes towards pGGNs and the great fear of missing 
IAs for both surgeons and patients. The medical environment of 
China tending to favor cautiousness may exacerbate the over-
treatment,50 especially in the cancer hospital. Besides, the number 
of detected pGGNs is increasing with the popularization of lung 
cancer screening and development of AI approaches, which 
may cause undue anxiety and lead to unnecessary and excess 

examinations such as standard- dose CT, contrast- enhanced CT, 
and positron emission tomography. Hence, we developed LDCT- 
based quantitative- semantic and radiomic models to distinguish 
IAs from AIS/MIAs in pGGNs. More importantly, we demon-
strated that the quantitative- semantic and radiomic models of 
LDCT had equivalent AUC to radiomic model of standard- dose 
CT. This novel finding suggested LDCT- based quantitative- 
semantic score and radiomic signature could be pre- operative 
biomarkers for assessing the invasive risk of pGGNs in lung 
cancer screening.

Thoracic radiologists usually stratify the risk of pulmonary 
nodules by morphology, size, and attenuation in lung cancer 
screening. However, morphological characteristics such as spic-
ulation and lobulation are uncommon and atypical in early- stage 
lung cancer appearing as pGGNs.16,19,24 In our quantitative- 
semantic model, the vacuole sign was the only independent vari-
able among the semantic features. The vacuole, also known as 
bubble- like appearance, was associated with increasing nodule 
size52 and had histological characteristics of collapse and dilated 
bronchioles.53 Previous study also found that the vacuole sign 
could be an independent predictive factor of invasive adenocar-
cinoma after adjustment for multiple covariates.51 Compared 
with the semantic features, the quantitative features had better 
reproducibility with the application of advanced AI software 
regardless of the subjectivity and experience of radiologists. 
Previous studies found that quantitative measures including size, 
attenuation, and mass can identify the pathological invasiveness 
of lung adenocarcinomas, and the most common quantitative 
measure was the diameter. The optimal cutoff diameter ranged 
from 10.0to 16.4 mm, resulting in various sensitivity (53.3%-
89.5%) and specificity (70.9%-100%).15,16,19,51 Although the 
diameter was significant different between AIS/MIA and IA in 
our primary and validation cohorts, the volume instead of the 
diameter was included in the final quantitative- semantic model, 
which might be due to the collinearity between the volume and 
diameter. The mean attenuation was another significant quanti-
tative feature in predicting invasiveness of pGGNs as the amount 
of alveolar airspace and the thickness of alveolar walls might 
cause the difference of attenuation between AIS/MIA and IA.14

Several previous studies of standard- dose CT compared the 
performance of radiomic features with conventional quantitative 

Table 3. Comparisons of area under the curves among the quantitative- semantic model, radiomic models, and frozen section 
model in the primary and validation cohorts

Pairwise comparison

Primary cohort Validation cohort

Z P Z P
Quantitative- semantic model vs Radiomic model of low- dose CT 1.535 0.125 0.944 0.345

Quantitative- semantic model vs Radiomic model of standard- dose CT 1.748 0.081 0.080 0.936

Quantitative- semantic model vs FS model 0.085 0.932 0.839 0.402

Radiomic model of low- dose CT vs Radiomic model of standard- dose CT 0.543 0.587 0.936 0.350

Radiomic model of low- dose CT vs FS model 1.191 0.234 1.618 0.106

Radiomic model of standard- dose CT vs FS model 1.723 0.085 0.983 0.326

FS, frozen section.
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and semantic features in predicting invasiveness of pGGNs, but 
the results were inconsistent. Some reported that the radiomic 
model had higher AUC than the conventional radiological 
model,23,54 while others reported no significant difference.25,26,55 
In this study of LDCT, the combined quantitative- semantic 
model consisting of vacuole sign, volume, and attenuation 
showed comparable diagnostic performance (AUC = 0.879 and 
0.897 in the primary and validation cohorts) compared with 
the radiomic model (AUC = 0.929 and 0.933 in the primary and 
validation cohorts). One possible reason of the limited value 
for radiomic features was that the relatively obscure variability 
of gray value in pGGNs,25 which might be aggravated by radia-
tion dose reduction and noise increase. Another possible reason 
was that the semantic features in this study were evaluated by 
thoracic radiologists experienced with the diagnosis of pulmo-
nary GGNs.26

Four radiomic features were selected to construct radiomic 
models of LDCT and standard- dose CT, which were analyzed as 
follows: The Shape_Flatness, First order_Interquartile range, and 
NGTDM_Busyness were common significant features in both 
radiomic model of LDCT and CT. High value of Shape_Flatness 
indicates a ROI is sphere- like. It suggested that IAs were flatter 
while AIS/MIAs were more spherical. First order_Interquartile 
range is the difference between 75th and 25th percentile of the 
image grey level intensity. High value of NGTDM_Busyness 
represents an image with rapid changes of intensity between 
pixels and its neighborhood. Our radiomic models indicated that 
IAs were more heterogeneous than AIS/MIAs. GLRLM_High 
gray level run emphasis measures the distribution of the higher 
gray level intensities. It suggested that IAs had greater concentra-
tion of high gray level intensities than AIS/MIAs.

Currently, FS is a common method for intraoperative patho-
logical classification of pulmonary nodules. However, the diag-
nosis of an invasive component cannot be confirmed without 
entire histologic sampling of the lesion.6 Our results showed 
that the intraoperative FS diagnosis was not completely consis-
tent with final histologic diagnosis, which was similar to 
previous studies.56–59 It should be noticed nine AIS/MIAs were 

overdiagnosed as IAs in FS in our study (seven in primary 
cohort and two in validation cohort). This may result from the 
subjective overestimation of AIS/MIAs by pathologists to avoid 
IA underestimation. Further efforts should be made to improve 
the accuracy of FS in distinguishing IA from AIS/MIA to guide 
intraoperative decisions of pGGNs. Our study found no differ-
ence in diagnostic performance between the radiological models 
and FS model, suggesting that the radiological features could 
be non- invasive biomarkers to assist the diagnosis of invasive 
component in pGGNs.

There are several limitations in our study. First, potential selec-
tion bias cannot be avoided due to the inherent nature of retro-
spective study. Second, this is a single- center study with relatively 
small sample. The advantages are the standardization of acquisi-
tion parameters and the use of automatic segmentation approach, 
avoiding potential confounding biases caused by heterogeneous 
acquisition parameters and manual contouring.30,34 Third, 
different cohorts, scanners, and reconstruction methods are also 
known to affect the radiomic features.30–34 Further external vali-
dation data sets are needed to test the reliability of our radio-
logical models. Fourth, previous studies using standard- dose 
CT have demonstrated improved diagnostic performance in 
predicting invasiveness of GGNs by adding perinodular radiomic 
features.28,29 This still needs further study in LDCT.

In conclusion, the quantitative- semantic and radiomic models 
of LDCT had equivalent diagnostic performance to radiomic 
model of standard- dose CT and FS model in differentiating 
IA from AIS/MIA in pGGNs. The LDCT- based quantitative- 
semantic score and radiomic signature can be preoperative 
and non- invasive biomarkers for assessing the invasive risk of 
pGGNs in lung cancer screening and reducing excess examina-
tion and treatment.
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