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The reduction of lung cancer mortality by almost 20% in 
the National Lung Screening Trial can be partially attrib-

uted to the extensive use of low-dose CT for lung cancer 
screening in high-risk populations, which led to the im-
proved detection of pulmonary nodules and early stage lung 
cancers (1,2). Pulmonary nodules are classified as solid, pure 
ground-glass, and part-solid nodules (PSNs) based on CT 
phenotyping, with PSNs being an important cancer predic-
tor in the Brock model that is widely used to assess the ma-
lignant risk of pulmonary nodules (3).

Moreover, adenocarcinomas manifesting as PSNs have 
been suggested to be a distinct subtype, most of which are 

confirmed as adenocarcinoma in situ (AIS), minimally in-
vasive adenocarcinoma (MIA), or invasive adenocarcinoma 
(IA) by abnormality, requiring a different management strat-
egy due to different clinical-pathologic characteristics (4). 
Furthermore, evidence from histological specimens suggests 
that the solid components of lung nodules have a close-knit 
association with the invasive component of adenocarcino-
mas (5–7). Among the different subtypes of lung adenocarci-
noma, IA has the worst prognosis, with the others having an 
almost 100% survival probability (8). Therefore, lobectomy 
is often recommended for patients with IA, whereas limited 
resections are suggested for patients with AIS or MIA (9).
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Background: Solid components of part-solid nodules (PSNs) at CT are reflective of invasive adenocarcinoma, but studies describing 
radiomic features of PSNs and the perinodular region are lacking.

Purpose: To develop and to validate radiomic signatures diagnosing invasive lung adenocarcinoma in PSNs compared with the 
Brock, clinical-semantic features, and volumetric models.

Materials and Methods: This retrospective multicenter study (https://ClinicalTrials.gov, NCT03872362) included 291 patients (median 
age, 60 years; interquartile range, 55–65 years; 191 women) from January 2013 to October 2017 with 297 PSN lung adenocarci-
nomas split into training (n = 229) and test (n = 68) data sets. Radiomic features were extracted from the different regions (gross tu-
mor volume [GTV], solid, ground-glass, and perinodular). Random-forest models were trained using clinical-semantic, volumetric, 
and radiomic features, and an online nodule calculator was used to compute the Brock model. Performances of models were evalu-
ated using standard metrics such as area under the curve (AUC), accuracy, and calibration. The integrated discrimination improve-
ment was applied to assess model performance changes after the addition of perinodular features.

Results: The radiomics model based on ground-glass and solid features yielded an AUC of 0.98 (95% confidence interval [CI]: 
0.96, 1.00) on the test data set, which was significantly higher than the Brock (AUC, 0.83 [95% CI: 0.72, 0.94]; P = .007), clin-
ical-semantic (AUC, 0.90 [95% CI: 0.83, 0.98]; P = .03), volumetric GTV (AUC, 0.87 [95% CI: 0.78, 0.96]; P = .008), and ra-
diomics GTV (AUC, 0.88 [95% CI: 0.80, 0.96]; P = .01) models. It also achieved the best accuracy (93% [95% CI: 84%, 98%]). 
Both this model and the model with added perinodular features showed good calibration, whereas adding perinodular features did 
not improve the performance (integrated discrimination improvement, 20.02; P = .56).

Conclusion: Separating ground-glass and solid CT radiomic features of part-solid nodules was useful in diagnosing the invasiveness of 
lung adenocarcinoma, yielding a better predictive performance than the Brock, clinical-semantic, volumetric, and radiomics gross tumor 
volume models.
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tion therapy, chemotherapy, or biopsy before baseline CT; (b) 
time interval greater than 2 weeks between the CT examina-
tion and surgery; (c) insufficient CT quality (severe motion ar-
tifacts and outlying scan modes or reconstruction algorithms); 
(d) atypical adenomatous hyperplasia; and (e) contrast mate-
rial–enhanced CT. For multiple PSNs, only the nodules with 
conclusive pathologic results were included. All patients from 
center 1 and center 2 were allocated to the training data set, 
and patients from center 3 were used as the test data set (Fig 1).

CT Scanning and Semantic Features
Nonenhanced CT was performed on a 64- or 128-detector row 
CT system in the axial plane with 1- to 1.5-mm slice thickness 
and without reconstruction interval. Detailed acquisition and 
reconstruction parameters are presented in Table E1 (online).

The 18 clinical and semantic features obtained from the 
clinical record and CT images are listed in Appendix E1 (on-
line). Two radiologists (G.W. and J.S., each with 8 years of 
experience in lung imaging) blinded to the clinical and patho-
logic results evaluated semantic features in the lung window 
setting (level, 2600 HU; width, 1200 HU) and the mediasti-
nal window setting (level, 40 HU; width, 350 HU). Any dis-
agreement in describing semantic features was resolved by a 
consensus read. An online Brock University nodule calculator 
was also used to calculate the invasive probability of each PSN 
in this study (3).

Segmentation and Volumetry
The regions of interest were manually contoured slicewise by one 
radiologist (G.W.) to arrive at a three-dimensional segmentation 
using MIM (version 6.9.4; https://www.mimsoftware.com). The 
gross tumor volume (GTV), ground-glass, solid (19), and peri-
nodular (20) regions were contoured following the process de-
picted in Figure 2. To assess the robustness of radiomic features 
in segmentation, 50 randomly selected nodules were segmented 
twice by the same radiologist (G.W.) in a 1-week period, as well 
as by another physician (S.S., with 5 years of contouring expe-
rience in lung imaging). Only the location of the nodules was 
provided and other information such as age, sex, and pathologic 
outcome was blinded from the readers during segmentation. 
Volume and attenuation for the GTV, ground-glass, and solid 
regions were calculated automatically using MIM.

Radiomic Features
All images were resampled to 1 3 1 3 1-mm voxel size using 
linear interpolation to partially counter the heterogeneous re-
construction settings (21). For nonfiltered features excluding 
first-order statistics features, voxels values were aggregated into 
bins 25 HU wide to reduce noise and interscanner variability 
(22). Filtered features used a fixed number of bins equal to the 
amount calculated for nonfiltered features. Feature extraction 
was performed using the RadiomiX Discovery Toolbox (version, 
October 2019; https://www.oncoradiomics.com). Descriptions 
and mathematical definitions of the features have been described 
in detail previously (14). A posterior feature harmonization 
method (ComBat) was used to correct the radiomic features for 
the batch effect introduced by different scanners (23).

Abbreviations
AIS = adenocarcinoma in situ, AUC = area under the curve, CI 
= confidence interval, GTV = gross tumor volume, IA = invasive ad-
enocarcinoma, MIA = minimally invasive adenocarcinoma, PSN = 
part-solid nodule

Summary
CT radiomic ground-glass and solid features from part-solid nodules 
predicted invasiveness of lung adenocarcinoma better than con-
ventional Brock, clinical-semantic, volumetric, and radiomics gross 
tumor volume models.

Key Results
 n The radiomics model combining ground-glass and solid features 

had a higher area under the curve (AUC, 0.98) than the Brock 
(AUC, 0.83; P = .007), clinical-semantic (AUC, 0.90; P = .03), 
volumetric (AUC, 0.87; P = .008), and radiomics gross tumor vol-
ume (AUC, 0.88; P = .01) models.

 n Adding ground-glass radiomic features to the solid features im-
proved the AUC by 0.14 (P = .03).

 n Perinodular features did not help predict invasiveness of part-solid 
nodules (P = .11).

Although radiologists are able to assess the invasive prob-
ability of PSNs using semantic or morphologic CT features 
(eg, diameter, solid proportion) and medical history in clini-
cal practice, this method is limited by subjectivity and cre-
ates a work burden (10–12). Automated volumetric analysis 
facilitates the quantification of the nodule volume and mean 
density with higher repeatability than manual measurement 
(13). Quantitative image analysis, or radiomics, the automated 
extraction of hundreds or thousands of imaging features from 
medical images and their correlation with the underlying bio-
logic and clinical outcomes, has shown promise in further au-
tomating image analysis (14). Recent studies (15,16) show the 
potential of radiomics to distinguish AIS or MIA from IA in 
subsolid pulmonary nodules. Additionally, radiomic features 
extracted from the perinodular region have been examined for 
their diagnostic power (17,18).

Our purpose was to develop and to validate radiomic signatures 
based on different regions of the nodule (gross, solid, ground-glass, 
and perinodular) and compare the predictive performance with 
clinical-semantic features, volumetric analysis, and the Brock 
model for the differentiation of AIS or MIA and IA with PSNs.

Materials and Methods

Patient Selection
The institutional review boards approved this retrospective 
study (http://ClinicalTrials.gov identifier: NCT03872362), and 
the requirement for written informed consent was waived. A 
total of 1428 patients (1614 nodules) from three centers (cen-
ter 1: The Affiliated Zhongshan Hospital of Dalian University; 
center 2: The Second Affiliated Hospital of Dalian Medical 
University; and center 3: The Fifth Hospital of Dalian) who 
underwent lung surgery from January 2013 to October 2017 
were considered consecutively. The inclusion criteria were pres-
ence of PSNs and pathologically confirmed lung adenocarci-
noma. The exclusion criteria were (a) previous history of radia-
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Statistical Analysis
Comparisons between data sets are summarized using a Wil-
coxon rank sum test for the continuous variables and x2 or 
Fisher exact test for the categorical variables. Correlations be-
tween features were performed by means of the Spearman cor-
relation. Model performance was evaluated by means of the 
area under the curve (AUC), and the 95% confidence interval 

Feature Selection and Modeling
The feature selection process, such as Boruta (24), for clinical-
semantic, volumetric, and radiomic features is described in Ap-
pendix E1 (online) and shown in Figure E1 (online). Random-
forest binary classification models based on selected features 
were trained on the training data, including clinical-semantic 
models, volumetric models, and radiomics models (Fig 3).

Figure 1: Flowchart shows the patient selection process. AIS = adenocarcinoma in situ, IA = invasive adenocarcinoma, MIA = mini-
mally invasive adenocarcinoma, PSN = part-solid nodule.

Figure 2: Images show delineation of the various region of interest habitats. A, The gross tumor volume (GTV) is contoured along the border of the nodules in lung win-
dow setting; the large vessels and bronchus were excluded. B, The solid region is identified using a thresholding method within the GTV (.250 HU), and only the largest 
solid portion was kept. C, The ground-glass region is obtained by subtracting the solid component from the GTV. D, The perinodular region is defined by extending the GTV 
by 5 mm from the nodule boundary in three dimensions and subtracting the GTV.
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Results

Demographic Characteristics
Of the 1614 pulmonary nodules included in this study, 526 
manifested as PSNs, 425 of which were confirmed as adeno-
carcinomas by their abnormalities. A total of 291 patients (100 
men, 191 women; median age of 61 years [interquartile range, 
55–65 years]) with 297 PSNs (AIS or MIA, 93; IA, 204) were 
included after application of exclusion criteria (Fig 1). The de-
mographic characteristics for subgroups grouped by adenocar-
cinoma type are summarized in Table 1.

Feature Selection
Seven clinical-semantic features were retained, while no volumet-
ric feature was removed. From the 106 radiomic features removed 
because of low segmentation–based reproducibility, only three 
features belonged to the nonwavelet group (Figs E2, E3 [online]). 
The seven (seven, six, three) most robust radiomic features were 
kept from the GTV region (ground-glass, solid, perinodular re-
gions) of which three (four, three, three) features were selected to 
build single region of interest–based radiomics models. Between 

(CI) was reported. Accuracy, sensitivity, and specificity were 
calculated from the confusion matrix.

The significance of the difference between the radiomics 
model for the ground-glass and solid regions and other 
models was evaluated using the DeLong method (25). The 
improvement of the mixed radiomics models with added 
features compared with models without additional features 
was evaluated by using the integrated discrimination im-
provement (26). The Hosmer-Lemeshow test was used to 
estimate the goodness-of-fit of models, and the calibration 
plots were generated to visualize the consistency of models 
(27). The feature selection, modeling, and statistical analy-
sis were performed in R (version 3.5.3; http://www.r-project.
org). Comprehensive package descriptions are found in Table 
E2 (online). R codes are available at GitHub (https://github.
com/wu576587441/g.wu). P , .05 indicated a statistically 
significant difference. This study followed the Standards for 
Reporting of Diagnostic Accuracy Studies statement (28) 
and was assessed using the radiomics quality score (14), a 
checklist system that evaluates the validity and complete-
ness of radiomics workflows and reporting.

Figure 3: Graph shows the process of semantic, volumetric, and radiomics models. GTV = gross tumor volume, ICC = intraclass correlation coefficient.
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glass with solid regions yielded AUC values of 0.87 (95% CI: 
0.78, 0.96) and 0.90 (95% CI: 0.83, 0.97), and an accuracy of 
74% (95% CI: 61%, 84%) for both models.

Performance of Radiomics Models
The radiomics models trained on single regions of interest 
(GTV, ground-glass, solid, and perinodular regions) achieved 
AUC values of 0.88 (95% CI: 0.80, 0.96), 0.96 (95% CI: 
0.91, 1.00), 0.82 (95% CI: 0.67, 0.98), and 0.66 (95% CI: 
0.49, 0.82) as well as accuracies of 72% (95% CI: 60%, 82%), 
90% (95% CI: 80%, 96%), 75% (95% CI: 63%, 85%), and 
54% (95% CI: 42%, 67%), respectively.

For radiomics models based on multiple regions of interest 
(ground-glass with solid region, GTV, and perinodular region 

six and nine features were retained for the radiomics models based 
on multiple regions of interest using the aforementioned methods 
(Appendix E1 [online]). The chosen features are shown in Table 
E3 (online). The training sets were resampled in the balancing 
step, except for the Brock model (Table E4 [online]).

Performance of Brock, Clinical-Semantic, and Volumetric 
Models
All results are reported on the test data set. The online Brock 
model yielded an AUC of 0.83 (95% CI: 0.72, 0.94) with an 
accuracy of 76% (95% CI: 65%, 86%), whereas the clinical-
semantic signature yielded an AUC and accuracy of 0.90 (95% 
CI: 0.83, 0.98) and 74% (95% CI: 61%, 84%), respectively. 
The volumetric model based on both the GTV and ground-

Table 1: Demographic and Clinical Characteristics of All Patients

Variable AIS or MIA (n = 93) IA (n = 204) P Value
Age (y)* 58 (53–64) 62 (57–66) .003
No. of men 29 (31) 73 (36) .44
No. of smokers 9 (10) 26 (13) .45
Pack-years (only for smokers)* 26.0 (25.5–31.0) 30.5 (28.0–35.8) .18
Patients with family history 6 (6) 5 (2) .17
Patients with emphysema 22 (24) 47 (23) .91
Maximal diameter* 10.6 (8.1–13.6) 17.9 (14.1–24.3) ,.001
Minimal diameter* 7.5 (6.1–9.1) 12.1 (9.3–16.0) ,.001
Solid component size* 4.6 (3.2–6.0) 10.1 (7.0–15.0) ,.001
Solid proportion (%)* 43 (33–55) 61 (45–75) ,.001
Lesion location .57
 Right upper lobe 37 (40) 74 (36)
 Right middle lobe 9 (10) 12 (6)
 Right lower lobe 17 (18) 34 (17)
 Left upper lobe 17 (18) 47 (23)
 Left lower lobe 13 (14) 37 (18)
Two-dimensional attenuation* 2448.9 (2526.3 to 2348.5) 2293.2 (2447.0 to 2191.6) ,.001
Shape .01
 Round 85 (91) 162 (79)
 Irregular 8 (9) 42 (21)
Margin ,.001
 Smooth 87 (94) 135 (66)
 Lobulated 5 (5) 55 (27)
 Spiculated 1 (1) 14 (7)
No. of present bubble lucency 14 (15) 46 (23) .14
No. of present pleural indentation 32 (34) 132 (65) ,.001
No. of present air bronchogram 16 (17) 67 (33) .005
No. of present vessel dilatation 1 (1) 19 (9) .009
Nodule count* 1 (1–2) 1 (1–2) .18
GTV volume* 0.40 (0.21–0.86) 1.5 (0.8–3.8) ,.001
GTV attenuation* 2503.1 (2575.3 to 2438.2) 2401.9 (2554.3 to 2303.6) ,.001
Ground-glass volume* 0.36 (0.18–0.77) 1.2 (0.64–2.6) ,.001
Ground-glass attenuation* 2530.5 (2601.7 to 2487.3) 2484.2 (2554.3 to 2437.7) ,.001
Solid volume* 0.02 (0.01–0.05) 0.25 (0.08–0.69) ,.001
Solid attenuation* 238.7 (277.2 to 22.6) 26.4 (230.2 to 63.2) ,.001

Note.—Unless otherwise indicated, data are numbers of patients and data in parentheses are percentages. AIS = adenocarcinoma in situ, 
GTV = gross tumor volume, IA = invasive adenocarcinoma, MIA = minimally invasive adenocarcinoma. P values are a comparison between 
participants with AIS or MIA and IA groups.
*Data are the median, and data in parentheses are the interquartile range.
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= .12, respectively (calibration plots depicted in Fig 5). The 
radiomics quality score of this study is 50% (18 of 36).

Discussion
This multicenter study analyzed individually and in combi-
nation the perinodular, ground-glass, and solid components 
from part-solid nodules (PSNs) to develop and to validate 
several radiomic signatures to help classify invasive adenocar-
cinomas in PSNs. We found that a radiomics model combin-
ing ground-glass and solid features had a higher area under 
the curve (AUC, 0.98) and achieved the best accuracy (93%) 

as well as ground-glass with solid and perinodular regions), the 
AUCs were 0.98 (95% CI: 0.96, 1.00), 0.90 (95% CI: 0.83, 
0.98), and 0.95 (95% CI: 0.89, 1.00) (Fig 4), and the accuracies 
were 93% (95% CI: 84%, 98%), 72% (95% CI: 60%, 82%), 
and 88% (95% CI: 78%, 95%), respectively. The detailed sensi-
tivities and specificities of the models are summarized in Table 2 
(test data set) and Table E4 (online; training data set).

Performance Comparison
There were no significant differences in AUC between the ra-
diomics model trained on features from ground-glass and solid 
regions and the radiomics model with additional perinodular 
features (P = .22), as well as the radiomics model based on 
ground-glass region alone (P = .08). The AUCs of all other 
models were significantly lower than the radiomics model in-
formed by the combined features extracted from the ground-
glass and solid regions (Table 2).

For radiomics models, the integrated discrimination im-
provement value of the GTV model with additional features ex-
tracted from the perinodular region had a nonsignificantly posi-
tive integrated discrimination improvement value (0.05; P = 
.11), and these features improved the AUC value slightly (0.02) 
compared with the GTV model alone. The model trained with 
features extracted from both the ground-glass and solid regions 
adding perinodular features did not improve predictive perfor-
mance (integrated discrimination improvement: 20.02, P = 
.56, and AUC value decreased by 0.03). The integrated dis-
crimination improvement values and the AUC improvements 
are summarized in Table 3.

Calibration and Radiomics Quality Score
Among all models, only two models (radiomics: ground-glass 
with solid region; radiomics: ground-glass, solid, and perinod-
ular regions) showed proper calibrations with P = .10 and P 

Figure 4: Graph shows the area under the receiver operating char-
acteristic (AUC) curve of different models. GG&S = ground-glass and 
solid regions, GG&S&P = ground-glass and solid regions with perinodular 
regions, GTV = gross tumor volume.

Table 2: Detailed Predictive and Diagnostic Values among the Various Models Studied Using the Test Data Set (n = 68)

Model AUC* Accuracy (%) Sensitivity (%) Specificity (%) P Value
Brock 0.83 (0.72, 0.94) 52/68 (76 [65, 86]) 39/50 (78 [64, 88]) 13/18 (72 [46, 89]) .007
Clinical-semantic 0.90 (0.83, 0.98) 50/68 (74 [61, 84]) 33/50 (66 [51, 78]) 17/18 (94 [71, 100]) .03
Volumetric
 GTV 0.87 (0.78, 0.96) 50/68 (74 [61, 84]) 34/50 (68 [53, 80]) 16/18 (89 [64, 98]) .008
 GG&S 0.90 (0.83, 0.97) 50/68 (74 [61, 84]) 32/50 (64 [49, 77]) 18/18 (100 [78, 100]) .02
Radiomics
 GTV 0.88 (0.80, 0.96) 49/68 (72[60, 82]) 32/50 (64 [49, 77]) 17/18 (94 [71, 100]) .01
 Ground glass region 0.96 (0.91, 1.00) 61/68 (90 [80, 96]) 44/50 (88 [75, 95]) 17/18 (94 [71, 100]) .22
 Solid region 0.82 (0.67, 0.98) 51/68 (75 [63, 85]) 36/50 (72 [57, 83]) 15/18 (83 [58, 96]) .03
 Perinodular region 0.66 (0.49, 0.82) 37/68 (54 [42, 67]) 27/50 (54 [39, 68]) 10/18 (56 [31, 78]) ,.001
 GG&S 0.98 (0.96, 1.00) 63/68 (93 [84, 98]) 49/50 (98 [88, 100]) 14/18 (78 [52, 93]) Reference
 GTV&P 0.90 (0.83, 0.98) 49/68 (72 [60, 82]) 32/50 (64 [49, 77]) 17/18 (94 [71, 100]) .02
 GG&S&P 0.95 (0.89, 1.00) 60/68 (88 [78, 95]) 45/50 (90 [77, 96]) 15/18 (83 [58, 96]) .08

Note.—Unless otherwise specified, data are numerators and denominators, with percentages in parentheses and the 95% confidence inter-
vals in brackets. The ground-glass and solid nodule model had the highest area under curve (AUC) of 0.98. P values are for comparison of 
the radiomics ground-glass and solid regions (GG&S) model to each other model using the Delong method. GG&S&P = ground-glass, 
solid, and perinodular regions; GTV = gross tumor volume; GTV&P = GTV and perinodular regions.

* Data in parentheses are the 95% confidence intervals.
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Volumetric measures can achieve high correlations with clini-
cal outcomes (33). Our volumetric model based on the entire 
GTV (AUC, 0.87) performed worse than the clinical-semantic 
model, whereas the volumetric model consisting of measures 
from both the solid and ground-glass components (volumet-
ric ground-glass and solid regions, AUC of 0.90) had a better 
predictive performance than the volumetric GTV model and a 
similar AUC as the clinical-semantic model (with the clinical-
semantic model having a slightly higher sensitivity [2%] and 
the volumetric ground-glass and solid regions having a higher 
specificity [6%]). This result may indicate that the volumetric 
ground-glass and solid regions have added value compared with 
only the GTV and have comparable overall performance with 
the clinical-semantic model.

In this study, a radiomics model informed by GTV features 
yielded an AUC value of 0.88 on the test data set. Welch et al 
(34) suggested that radiomic models should be measured against 
recognized clinical factors (eg, tumor volume) to demonstrate 
clinical usefulness. The performance of the radiomics GTV was 
not higher than the clinical-semantic and volumetric models, 
and the model did not calibrate well. Previous studies reported 
lower AUC values than our model, possibly due to smaller sam-
ple sizes, higher heterogeneity in the data analyzed, and differing 
feature selection and modeling workflows (15,32).

Radiomic features may differ in value and clinical useful-
ness, depending on tumor habitat (35). Our radiomics model 
based on ground-glass and solid features yielded high AUC 
and accuracy values. The selected ground-glass features reflect 
the gray-level run and the distribution, and three solid features 
describe the heterogeneity of the solid component. The combi-
nation of ground-glass and solid features yielded the best AUC 
(0.98) and accuracy (93%) values while maintaining a proper 
calibration curve. Additionally, this model was significantly 
better than the clinical-semantic, volumetric, and radiomics 
GTV models, and there was an improvement compared with 
the radiomics models based on ground-glass or solid region 
features alone. This radiomic signature may be utilized for the 

when compared with the other methods: radiomics gross 
tumor volume (GTV) (AUC, 0.88; P = .01), conventional 
Brock University (AUC, 0.83; P = .007), clinical-semantic 
(AUC, 0.90; P = .03), and volumetric GTV (AUC, 0.87; P 
= .008) models.

A previous study demonstrated that the Brock model has the 
potential to differentiate IA from AIS or MIA, with a reported 
AUC of 0.79 (3,29). In our study, the Brock model achieved 
an AUC of 0.83 but still performed worse than our clinical-se-
mantic model (AUC, 0.90). Several researchers have suggested 
that size and proportion measures of solid components could 
be prognostic indicators (30,31). In our study, semantic features 
containing information from the solid component (solid com-
ponent size and solid proportion) were selected, with five other 
selected features, to achieve high classification performance with 
an AUC of 0.90. Similarly, Luo et al (15) selected three CT fea-
tures (pleural indentation, solid component size, and solid com-
ponent proportion) in their model for distinguishing IA from 
non-IA in PSNs (AUC = 0.85). Likewise, Weng et al (32) used 
two CT features (lesion shape and solid component size) to yield 
an AUC of 0.76.

Table 3: Evaluating the Improved Performance of Models 
on the Test Data Set by Adding Radiomic Features from the 
Perinodular Region.

Model
Integrated Discrimination 
Improvement P Value Improved AUC

GTV Reference Reference Reference
GTV&P 0.05 (20.01, 0.12) .11 0.02
GG&S Reference Reference Reference
GG&S&P 20.02 (20.09, 0.05) .56 20.03

Note.—Data in parentheses are 95% confidence intervals. P 
values are for integrated discrimination improvement. AUC = area 
under curve; GG&S = ground-glass and solid regions; GG&S&P = 
ground-glass, solid, and perinodular regions; GTV = gross tumor 
volume; GTV&P = GTV and perinodular regions.

Figure 5: Images show the calibration plots of two radiomics models on the test data set. A, The radiomics model based on the features from 
ground-glass and solid regions. B, The radiomics model based on the features from ground-glass, solid, and perinodular regions.
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diagnosis of IA, which can be managed with follow-up CT 
rather than radical surgical intervention.

Previous studies have reported that radiomic features ex-
tracted from the peritumoral region could provide additional 
information when predicting lymph node metastasis and abnor-
mality type (17,18). Our results, however, indicate that the peri-
nodular features do not contribute to radiomics model perfor-
mance. This is further corroborated by the rarity of perinodular 
features (ie, vessel convergence) in PSNs.

This study had limitations. First, selection bias is unavoidable 
in this type of study, which is further confounded by a modest 
sample size. Second, patients from different countries may have 
diverse clinical and radiologic characteristics, possibly render-
ing the models less widely applicable. The same reasoning also 
applies to varying CT acquisitions and reconstructions that are 
known to influence the values of handcrafted radiomic feature. 
Third, although a semiautomatic method was used to contour 
the solid region, manual segmentation of the GTV is time-con-
suming and subjective and should ideally be repeated by separate 
radiologists. Finally, the clinical-semantic model should include 
more clinical information (eg, genetic information) for a truly 
detailed clinical model.

In conclusion, we show that a radiomics model combining 
the ground-glass and solid features from part-solid nodules is 
better than the five other models that were tested: Brock Uni-
versity, clinical-semantic, volumetric models, radiomic signature 
based solely on gross tumor volume features, and perinodular 
features. Further prospective multicenter studies are necessary to 
address how much margin around the nodule is optimal for di-
agnosis of the invasiveness of part-solid nodules and to assess the 
utility of deep learning models for this application.
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