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Background: Lung cancer remains the leading cause of cancer-related deaths worldwide. Early-stage
lung cancer often presents as ground-glass nodules (GGNs) on computed tomography (CT). However,
reliably distinguishing benign from malignant GGNs using conventional morphological features on CT
remains a significant challenge, which impedes the accuracy of clinical surgical decision-making. Against this
backdrop, radiomics, a technique that extracts quantitative features from medical images, offers a promising
solution. This study aimed to investigate the predictive value of machine learning models based on radiomic
features from intratumoral and peritumoral regions on contrast-enhanced CT in differentiating benign and
malignant GGNs preoperatively.

Methods: This retrospective study included 147 patients with pathologically confirmed GGNs who
underwent contrast-enhanced CT before surgical resection between 2019 and 2023. Patients were randomly
divided into a training set and a test set at a 7:3 ratio. Radiomics feature selection was performed using
the minimum redundancy maximum relevance (mRMR) method followed by least absolute shrinkage and
selection operator (LASSO) regression. Intratumoral and peritumoral models were built separately. Clinical
features were selected via univariate and multivariate logistic regression analyses to construct a clinical
model. An integrated radiomics-clinical model was then developed. Model performance was assessed using
receiver operating characteristic (ROC) curves, sensitivity, specificity, calibration curves, and decision curve
analysis (DCA).

Results: Of the 147 patients, 87 had malignant and 60 had benign GGNs. The combined clinical-
intratumoral model demonstrated the best diagnostic performance, with area under the ROC curve (AUC)
values of 0.870 in both the training and test sets. The sensitivities were 0.787 and 0.654, and the specificities
were 0.833 and 0.889, respectively.

Conclusions: The intratumoral radiomics features based on enhanced CT, especially when combined with
clinical features, have a high predictive value for the preoperative diagnosis of the benign and malignant
nature of GGNE.
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Introduction

Lung cancer remains one of the most prevalent
malignancies and a leading cause of cancer-related mortality
worldwide. According to data from the American Cancer
Society, lung cancer ranks first in cancer-related deaths (1),
highlighting an urgent need for early detection and
intervention. A critical radiological indicator of early-
stage lung cancer is the pulmonary ground-glass nodules
(GGNs), which appears on computed tomography (CT)
images as a appear as hazy, slightly increased attenuation
areas with preserved bronchial and vascular structures (2).
These nodules represent a spectrum of pathological entities,
ranging from benign inflammatory or fibrotic changes
to pre-invasive and early-stage adenocarcinomas, and are
categorized as pure GGNs and mixed GGNE.

The clinical significance of GGNs has been amplified
in recent years due to the growing use of low-dose CT
screening and heightened public awareness of lung health,
leading to a marked increase in their detection rate. This
rise presents a double-edged sword: while the timely
resection of malignant GGNs can lead to excellent long-
term survival rates of 95-100% at 5 and 10 years (3-5),
overtreatment of benign lesions can cause considerable
harm. Unnecessary surgical intervention may result in
significant physical trauma, increased healthcare costs, and

Highlight box

Key findings

* The integrated clinical-intratumoral radiomics model, based on
contrast-enhanced computed tomography (CT), achieved high
diagnostic performance for differentiating benign and malignant
ground-glass nodules (GGNs), with an area under the receiver

operating characteristic curve of 0.870 in both training and test sets.

What is known and what is new?

® It is known that distinguishing benign from malignant GGNs
using conventional CT morphology remains challenging.

® This study demonstrates that a model combining intratumoral
radiomics features with clinical data provides significantly
superior predictive value, offering a more reliable preoperative
diagnostic tool.

What is the implication, and what should change now?

e These findings suggest that integrating radiomics into the
diagnostic workflow could significantly enhance the accuracy of
preoperative assessments for GGNs, directly influencing clinical
management and reducing unnecessary surgeries. Future efforts
should focus on validating this model prospectively and in multi-
center settings to establish its standardized clinical application.
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a range of postoperative complications, including chronic
chest pain, paresthesia, and respiratory dysfunction (5).
Consequently, the challenge for clinicians has become a
delicate balance between ensuring curative treatment for
malignancies and avoiding the iatrogenic consequences of
overtreating benign nodules. Therefore, more accurate
image evaluation is of paramount importance for the
effective differentiation of benign and malignant GGN.
"Traditional evaluation methods based on morphological
characteristics—such as nodule size, shape, and margins—
often yield inconsistent results, particularly for slowly
progressing or atypically shaped GGNs (6). In this context,
radiomics has emerged as a promising tool for extracting
high-dimensional quantitative features from medical images,
offering new opportunities for tumor characterization
and predictive modeling (7). Several studies have applied
radiomics to GGNs with promising results (8-10), yet most
have focused exclusively on intratumoral features, while
peritumoral information remains relatively underexplored.
The peritumoral region is not merely a passive
surrounding area but is often influenced by tumor
infiltration and associated microenvironmental changes.
Radiomics features derived from peritumoral tissues may
capture important biological processes such as tumor
growth, inflammatory response, cellular migration,
and angiogenesis (11). Prior studies incorporating both
intratumoral and peritumoral features to evaluate the
invasiveness and histologic subtypes of GGNs have primarily
relied on non-contrast or low-dose CT data (11-13).
However, Tumor vasculature plays a critical role in the
progression and metastasis of tumors, antitumor immunity,
drug delivery, and resistance to therapies (14). contrast-
enhanced CT provides additional insights into tumor
vascularity, as enhancement patterns reflect microvascular
density and neovascularization (15), potentially influencing
both intratumoral and peritumoral feature expression and,
in turn, the diagnostic performance of radiomics models.
This study aimed to systematically investigate the
radiomics characteristics of both intratumoral and
peritumoral regions based on contrast-enhanced CT
imaging. By developing a comprehensive and efficient
radiomics model, we seek to enhance the diagnostic
accuracy for distinguishing benign from malignant GGN:ss.
Furthermore, we critically evaluate the model’s performance
in comparison with existing approaches and explore the
clinical applicability and limitations of contrast-enhanced
CT-based radiomics in early lung cancer diagnosis, thereby
contributing to the advancement of precision imaging and
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radiographically diagnosed
pulmonary nodules (n=240)

A
Patients included (n=147)

Excluded (n=93):

e Clinically or radiographically diagnosed as pulmonary
solid nodules (n=58)

e Poor quality CT images or incomplete clinical data (n=8)

* No enhanced CT was performed within 1 month before
surgery (n=24)

¢ A previous or current combination of other systemic
malignant tumors (n=3)

Y Y

Training set (n=103) Testing set (n=44)

Figure 1 The flowchart shows the patient enrollment process. CT, computed tomography.

individualized treatment planning. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://jtd.amegroups.com/article/view/10.21037/jtd-
2025-1608/rc).

Methods

This study was conducted in accordance with the
Declaration of Helsinki and its subsequent amendments.
This study was approved by the institutional ethics
committee of Ganzhou Cancer Hospital (No. 2025247),
and individual consent for this retrospective analysis was
waived.

Patient and data collection

We initially identified 240 patients who underwent
pulmonary nodule surgery at Ganzhou Cancer Hospital
between 2019 and 2023. Among these, a total of
147 patients with GGNs were retrospectively enrolled,
comprising 87 patients with malignant nodules and 60 with
benign nodules. Patients were randomly divided into a
training set (n=103) and a testing set (n=44) in a 7:3 ratio.
The inclusion criteria were as follows: (I)
histopathologically confirmed diagnosis of benign or
malignant GGNs following surgical resection; (II)
preoperative contrast-enhanced chest CT or non-contrast
plus contrast-enhanced CT performed; and (III) an interval
of no more than one month between CT examination and
surgery. The exclusion criteria were as follows: (I) CT
images with severe artifacts that impeded lesion evaluation;
(II) incomplete clinical or imaging data; (III) patients

who received chemotherapy or radiotherapy prior to CT
examination; and (IV) patients with other concomitant
malignancies. Figure 1 displays the patient enrollment
flowchart.

Clinical and imaging data were retrieved from the
hospital’s electronic medical record system and picture
archiving and communication system (PACS). Clinical
information included age, sex, and postoperative
pathological diagnosis. Two radiologists, each with 8 years
of experience in thoracic imaging, independently reviewed
and evaluated the imaging features while blinded to
pathological results. The analyzed imaging features included
lesion location, morphology, lobulation, spiculation,
vascular convergence, and average CT attenuation values.
In cases of inter-reader disagreement, final consensus was
achieved through discussion.

Image acquisition and processing

CT examinations were performed using 64-slice (uCT760)
and 320-slice (uCT960+) scanners (United Imaging
Healthcare, Shanghai, China). Scanning parameters were
standardized with a tube voltage of 120 kV, automatic
tube current modulation, and a matrix size of 512x512.
Todine contrast agent (e.g., Omnipaque, 300 mgl/mL,
GE Healthcare, Boston, USA) was administered by
power injector at a flow rate of 3.0 to 3.5 mL/s and the
contrasted images were acquired after the injection of
iodine contrast agent at 30-40 seconds. No adverse
reactions occurred after the injection of contrast agent in all
patients. Tumor segmentation was performed in a two-step
process. Initially, a radiologist with 8 years of experience
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Figure 2 The segmentation process of both the intratumoral and peritumoral regions. (A) Original GGN image; (B,C) ROIs of intratumoral

and peritumoral regions; (D) 3D segmentation image. 3D, three-dimensional; GGN, ground-glass nodule; ROIs, regions of interest.

in thoracic imaging manually delineated the intratumoral
region using I'TK-SNAP software (version 3.8.0; www.
itksnap.org). The segmentation was subsequently reviewed
and, if necessary, revised by another senior radiologist
with equivalent experience. Discrepancies were resolved
by consensus discussion. The peritumoral region was
generated automatically as a three-dimensional (3D) 1-mm
isotropic expansion surrounding the segmented tumor
using 3D Slicer software (version 5.6.2; www.slicer.org),
with the segmentation process of both the intratumoral and
peritumoral regions shown in Figure 2.

Feature extraction

To minimize the influence of scanner heterogeneity and
enhance feature reproducibility, all images underwent pre-
processing prior to feature extraction. This included gray-
level normalization (Z-score standardization) and isotropic
resampling to a voxel size of 1x1x1 mm’ using B-spline
interpolation. Radiomics feature extraction was conducted
using PyRadiomics (version 3.0), an open-source Python-
based package (16). Features were extracted separately
from the intratumoral and peritumoral regions of interest
(ROIs) based on the contrast-enhanced CT images. A total
of 1,409 features were derived from each region per patient,
encompassing first-order statistics, shape-based descriptors,
and multiple texture features including gray-level co-
occurrence matrix (GLCM), gray-level run-length matrix
(GLRLM), gray-level size zone matrix (GLSZM), gray-level
dependence matrix (GLDM), and neighborhood gray-tone

© AME Publishing Company.

difference matrix (NGTDM). In addition, 14 types of image
filters were applied to generate high-dimensional features,
including Laplacian of Gaussian, wavelet decomposition,
and local binary patterns.

Feature dimensionality veduction and model construction

For radiomics features, a two-step dimensionality reduction
strategy was employed. First, the minimum redundancy
maximum relevance (nRMR) algorithm was applied to
select the top 20 features with the highest relevance and
lowest redundancy. These features were further refined
using least absolute shrinkage and selection operator
(LASSO) regression to identify the final feature subset for
model construction. Separate logistic regression models
were developed based on intratumoral and peritumoral
features. For clinical variables, univariate logistic regression
was first performed to identify candidate predictors (P<0.05),
which were subsequently included in a multivariate logistic
regression model to determine the final set of independent
predictors. A clinical model was then constructed based on
these variables. Finally, the radiomics model (intratumoral
or peritumoral) with superior performance was combined
with the clinical model using logistic regression to develop
the integrated model. The calibration curve was employed
to assess the agreement between the predicted probabilities
of benignancy and malignancy for GGNs generated by the
combined model and their actual pathological status, both in
the training and testing sets. The net clinical benefit of each
model was compared using decision curve analysis (DCA).
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Statistical analysis

All statistical analyses were performed using IBM SPSS
Statistics (version 26.0; IBM Corp., Armonk, NY, USA)
and R software (R Foundation for Statistical Computing,
Vienna, Austria). Continuous variables were presented as
mean = standard deviation or median with interquartile
range (IQR), depending on the distribution, and compared
using independent samples #-tests or Wilcoxon rank-sum
tests, respectively. Categorical variables were summarized
as counts and percentages, and group comparisons were
conducted using the Chi-squared test or Fisher’s exact
test as appropriate. A two-tailed P<0.05 was considered
statistically significant. Model performance was assessed
using the area under the receiver operating characteristic
curve (AUC) and its 95% confidence interval (CI), along
with sensitivity, specificity, and accuracy. The DeLong
test was used to compare the AUC values among the four
models.

Results
Patient and imaging characteristics

A total of 147 patients with GGNs were included in this
study, comprising 46 males and 101 females. Among them,
87 patients had malignant GGNs and 60 had benign
GGNs. Patients were randomly assigned to a training set
(n=103) and a testing set (n=44) at a 7:3 ratio. No significant
differences in baseline clinical or imaging characteristics
were observed between the training and testing sets (Zable I).

Univariate logistic regression analysis identified GGN
type, spiculation, lobulation, carcinoembryonic antigen
(CEA), and pro-gastrin-releasing peptide (ProGRP) as
significant factors in distinguishing malignant from benign
GGNs (Table 2). However, multivariate logistic regression
analysis revealed that only lobulation [odds ratio (OR), 5.17;
95% CI: 1.99-13.42), CEA (OR, 1.72; 95% CI: 1.10-2.70],
and ProGRP (OR, 1.04; 95% CI: 1.00-1.07) remained
independent predictors of malignancy (Zable 3). These three
variables were subsequently incorporated into the clinical
model and the clinical-radiomics combined model.

Using the described feature extraction approach, a
total of 1,409 radiomics features were extracted from
both intratumoral and peritumoral regions of the GGNs.
mRMR was initially applied for dimensionality reduction,
followed by LASSO regression for feature selection within
the intratumoral and peritumoral models, respectively
(Figure 3). Eight features were ultimately selected for the

© AME Publishing Company.
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intratumoral model, and two features were selected for the
peritumoral model.

Receiver operating characteristic (ROC) curves for
the four models—intratumoral, peritumoral, clinical, and
clinical-intratumoral combined—are presented in Figure 4.
A statistically significant difference was observed between
the intratumoral and peritumoral models (D =3.36, df
=171.28, P=0.001), whereas no significant difference was
found between the intratumoral and clinical-intratumoral
combined models (Z=—0.506, P=0.61). In the training set,
the area under the curve (AUC) values for the intratumoral,
peritumoral, clinical, and combined models were 0.86,
0.63, 0.79, and 0.87, respectively. In the testing set, the
corresponding AUC values were 0.84, 0.52, 0.71, and 0.87.

Both the intratumoral and the clinical-intratumoral
combined models demonstrated superior predictive
performance. The intratumoral model achieved sensitivities
of 0.918 (training) and 0.846 (testing), specificities of 0.667
and 0.722, positive predictive values (PPVs) of 0.800 and
0.815, and negative predictive values (INPVs) of 0.848
and 0.765. The clinical-intratumoral combined model
yielded sensitivities of 0.787 (training) and 0.654 (testing),
specificities of 0.833 and 0.889, PPVs of 0.873 and 0.895,
and NPVs of 0.729 and 0.640 (Table 4).

Calibration curves for the clinical-intratumoral combined
model demonstrated good agreement between predicted
and observed outcomes in both sets, indicating satisfactory
calibration (Figure 5). DCA further revealed a favorable net
clinical benefit of the combined model across a wide range

of threshold probabilities (Figure 6).

Discussion

The intratumoral radiomics model and the combined
clinical-intratumoral radiomics model developed in this
study demonstrated excellent performance in differentiating
benign from malignant pulmonary GGNs, with the
AUC values of 0.86 and 0.87, respectively. DCA further
confirmed that these two models provided greater clinical
net benefit compared to the peritumoral radiomics model
and the clinical model alone.

Surgical resection is the standard treatment for suspected
malignant GGNs, with reported 5- and 10-year overall
survival rates reaching 95-100% (3-5). In contrast,
incidentally detected GGNs are typically managed by
surveillance, and lesions that regress or resolve during
follow-up are presumed benign (17). Therefore, accurately
distinguishing between benign and malignant GGNs prior
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Variables Total (n=147) Training set (n=103) Testing set (n=44) P value
Gender >0.99
Female 101 (68.7) 71 (68.9) 30 (68.2)
Male 46 (31.3) 32 (31.1) 14 (31.8)
Age (years) 53.7+11.6 54.2+12.1 52.5+10.5 0.41
Smoke 0.30
Non-smoking 133 (90.5) 91 (88.3) 42 (95.5)
Smoking 14 (9.5) 12 (11.7) 2 (4.5)
GGNs type 0.53
pGGN 93 (63.3) 63 (61.2) 30 (68.2)
mGGN 54 (36.7) 40 (38.8) 14 (31.8)
Spiculation 0.34
Presence 57 (38.8) 43 (41.7) 14 (31.8)
Absence 90 (61.2) 60 (58.3) 30 (68.2)
Lobulation >0.99
Presence 54 (36.7) 38 (36.9) 16 (36.4)
Absence 93 (63.3) 65 (63.1) 28 (63.6)
Location 0.54
Peripheral 138 (93.9) 98 (95.1) 40 (90.9)
Central 9(6.1) 5(4.9) 4(9.1)
Shape >0.99
Regular 45 (30.6) 31 (30.1) 14 (31.8)
Irregular 102 (69.4) 72 (69.9) 30 (68.2)
CEA (ng/mL) 1.7+1.1 1.8+1.3 1.5+0.7 0.18
SCC (ng/mL) 1.3+1.1 1.3+1.2 1.2+0.6 0.40
ProGRP (pg/mL) 47.4+20.3 47.6+18.9 47+23.4 0.89
CYFRA21-1 (ng/mL) 2.6+5.0 2.7+5.7 2.4+2.7 0.69

Data are presented as mean + standard deviation or n (%). CEA, carcinoembryonic antigen; CYFRA21-1, cytokeratin 19 fragment antigen
21-1; GGNs, ground-glass nodules; mGNN, mixed GNN; pGGN, pure GNN; ProGRP, progastrin releasing peptide; SCC, squamous cell

carcinoma antigen.

to intervention is critical for determining the necessity and
timing of surgery and for prognostic assessment.

In previous studies (18-20), preoperative diagnosis
of GGNs largely relied on subjective evaluation of
conventional CT signs—such as spiculation, lobulation,
pleural indentation, and vessel convergence—leading
to variable accuracy and inter-reader consistency due
to dependence on radiologist experience. Radiomics,

© AME Publishing Company.

by contrast, enables the extraction of high-throughput
quantitative features from standard imaging, capturing
subtle image characteristics beyond human perception (21).

Many earlier radiomics studies focused exclusively on
intratumoral features (22,23), overlooking the peritumoral
region, which may provide complementary information.
Malignant GGNs are known to induce changes in the
surrounding microenvironment, including alterations
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Table 2 Univariate logistic regression analysis

Variable OR (95% Cl) P value
Gender 0.8200 (0.3481-1.9314) 0.65
Age 1.0297 (0.9954-1.0652) 0.09
Smoking 3.9216 (0.8129-18.9172) 0.09
GGNs type 3.7889 (1.5532-9.2425) 0.003
Spiculation 3.1097 (1.3267-7.2891) 0.009
Lobulation 5.1667 (1.9898-13.4158) <0.001
Location 0.3476 (0.0375-3.225) 0.35
Shape 1.8872 (0.8043-4.4282) 0.14
CEA 1.7207 (1.0974-2.6980) 0.02
SCC 0.8869 (0.6340-1.2406) 0.48
ProGRP 1.0378 (1.0046-1.0720) 0.03
CYFRA21-1 0.9622 (0.8745-1.0587) 0.43

CEA, carcinoembryonic antigen; Cl, confidence interval;
CYFRA21-1, cytokeratin 19 fragment antigen 21-1; GGNs,
ground-glass nodules; OR, odds ratio; ProGRP, progastrin
releasing peptide; SCC, squamous cell carcinoma antigen.

Table 3 Multivariable logistic regression analysis

Variable OR (95% ClI) P value
Lobulation 5.86 (1.99-17.21) 0.001
CEA 1.59 (0.97-2.60) 0.06
ProGRP 1.06 (1.01-1.11) 0.01

CEA, carcinoembryonic antigen; Cl, confidence interval; OR,
odds ratio; ProGRP, progastrin releasing peptide.

in stromal architecture, immune infiltration, and
angiogenesis (24). Therefore, incorporating peritumoral
features may enhance model performance.

Recent studies combining intratumoral and peritumoral
radiomics features for GGN assessment have reported
promising results in predicting invasiveness and pathological
subtypes (11,12,24), consistent with the findings of our
study. However, unlike previous work that primarily used
low-dose CT, this study utilized contrast-enhanced CT
data. Following contrast administration, GGNs may exhibit
increased enhancement of intratumoral and peritumoral
microvessels (14), potentially altering radiomics feature
expression. Our results indicate that models based solely

© AME Publishing Company.
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on intratumoral features, or those incorporating clinical
variables, achieve superior performance in this setting.
This suggests that in contrast-enhanced CT, intratumoral
features may carry greater diagnostic value compared to
peritumoral features.

Notably, the peritumoral model in this study
demonstrated relatively lower AUC values, implying that
peritumoral features extracted from enhanced CT may be
less informative for predicting malignancy. This finding
contrasts with the results of Wu et 4/. (25), who used non-
contrast CT and reported higher diagnostic value for
peritumoral features. Also, we found that the combined
model achieved the highest AUC, but its sensitivity
was unexpectedly lower than that of the other models
(intratumoral model and clinical model). We attribute this
counterintuitive finding to a strategic adjustment of the
model’s decision boundary following the integration of
clinical data. This integration appeared to instill greater
overall confidence in the model’s predictions, thereby
enhancing its discriminative capacity. As a result, the
model adopted a more stringent threshold for classifying
positive cases, which resulted in higher specificity and PPV
at the expense of sensitivity. This outcome underscores
a fundamental trade-off in model performance, where
the combined model prioritizes a higher rate of correct
overall classification and a lower false-positive rate over the
detection of all potential positive cases.

There are several limitations in this study. First, it is a
single-center, retrospective analysis with a relatively small
sample size. Second, the absence of repeated segmentation
and assessment of inter-/intra-observer reproducibility
using metrics like the intraclass correlation coefficient
(ICC) may impact the reliability and generalizability of
radiomics features. These factors may introduce selection
and information biases and limit the generalizability of
our results. Additionally, the lack of external validation
further restricts the applicability of our findings across
different institutions. Notably, our reliance on manual
segmentation—while consistent with the study’s
retrospective design—also poses a practical constraint:
manual operations are time-consuming and inherently
prone to observer variability, which may hinder the model’s
scalability in routine clinical practice. Therefore, future
multicenter, prospective studies with larger cohorts and
standardized segmentation protocols are warranted to
validate and refine our models; exploring and validating
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Table 4 Diagnostic performance of the four models in training and testing set

Model Accuracy Sensitivity Specificity PPV NPV
Training set
Intra_tumor 0.815 0.918 0.667 0.800 0.848
Peri_tumor 0.660 0.754 0.524 0.697 0.595
Clinics 0.796 0.836 0.738 0.823 0.756
Combine 0.806 0.787 0.833 0.873 0.729
Testing set
Intra_tumor 0.795 0.856 0.722 0.815 0.765
Peri_tumor 0.454 0.653 0.167 0.531 0.250
Clinics 0.750 0.731 0.778 0.826 0.667
Combine 0.750 0.654 0.889 0.895 0.640

Intra_tumor: intratumoral model; Peri_tumor: peritumoral model; Clinics: clinical model; Combine: clinical-intratumoral combined model.

NPV, negative predictive value; PPV, positive predictive value.
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Figure 5 Calibration curves of the clinical-intratumoral combined model in the training and testing set. The X-axis represents the predicted

probability of GGNs benign and malignant based on the combined model, and the Y-axis represents the actual probability of GGNs’ benign

and malignant. GGNG, ground-glass nodules.

automated segmentation methods (e.g., deep learning-
based approaches) will also be a key focus to address the
limitations of manual segmentation and further enhance

clinical applicability.

Conclusions

The preoperative prediction models constructed using

© AME Publishing Company.

enhanced CT images, namely the intratumoral radiomics
model and the intratumoral combined with clinical
features model, demonstrated favorable performance in
differentiating benign from malignant GGNs. Among
these, the model that integrates both intratumoral radiomics
features and clinical factors exhibited the best predictive
performance. This suggests its substantial potential in
assisting clinicians with the preoperative assessment of
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Figure 6 Decision curve analysis curves for the four models. X-axis:
high-risk threshold; Y-axis: net benefit. Intra_tumor: intratumoral
model; Peri_tumor: peritumoral model; Clinics: clinical model;

Combine: clinical-intratumoral combined model.

the nature of GGNs, thereby supporting more informed
diagnostic and treatment decision-making in clinical
practice.
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