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Background: Lung cancer (LC) is the most prevalent malignancy in China. Early diagnosis is crucial as
the 5-year survival rate varies greatly by stage. Radiomics, distinct from invasive pathological diagnosis, can
extract features from medical images, offering a new approach for pulmonary nodule (PN) diagnosis. This
study aimed to use radiomics to develop models for differentiating <3 cm PNs and assessing malignancy
levels to guide early-stage LC treatment and surgical decisions.

Methods: A total of 202 eligible patients with PNs who had surgical resection at First Affiliated Hospital
of Soochow University (Sep 2022—Sep 2023) were included. They were divided into three groups based
on pathology: benign (Group A, n=33), low-grade malignant (Group B, n=77), and high-grade malignant
(Group C, n=92). Stratified random sampling created training and validation groups. Univariate and
multivariate logistic regression identified risk factors for constructing clinical-radiological models [CM(I) &
CM(I)]. Radiomics features were extracted from computed tomography (CT) images, screened by intraclass
correlation coefficient (ICC) and least absolute shrinkage and selection operator (LASSO) regression.
Radiomics score (Rad score) was calculated for radiomics models [RM(I) & RM(II)]. Composite models
[COM() & COM(I)] integrated Rad score and risk factors. Model performance was evaluated using receiver
operating characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA).

Results: Within the training and validation groups for the analysis of benign versus malignant nodules,
RM() and COM(]) outperformed CM(I), with RM(I) having areas under the ROC curve (AUCs) of 0.895
(training) and 0.808 (validation), COM(I) 0.927 and 0.854, and CM(I) 0.763 and 0.823. Within the training
and validation groups for the analysis of malignancy levels, RM(II) and COM(I) were superior to CM(II),
with RM(II) AUCs of 0.966 (training) and 0.959 (validation), COM(I) 0.972 and 0.967, and CM(II)
0.924 and 0.950. Specific sensitivity, specificity, and balanced accuracy were calculated, demonstrating that
radiomics could significantly enhance the prediction performance for malignant nodules.

Conclusions: Radiomics-based RMs showed good diagnostic performance in differentiating <3 cm lung
nodules and assessing malignancy. COMs, which combined independent predictors and RMs, had better

diagnostic performance than CMs, indicating potential for clinical use. These models can guide treatment

A ORCID: 0009-0009-1276-1927.

© AME Publishing Company. 7 Thorac Dis 2025;17(3):1645-1672 | https://dx.doi.org/10.21037/jtd-2025-152


https://crossmark.crossref.org/dialog/?doi=10.21037/jtd-2025-152

1646

Zhu et al. CT RMs for differentiating and evaluating PNs

decisions, such as conservative management for benign-predicted nodules, sublobar resection for low-grade

malignancies, and radical lobectomy with lymph node dissection for high-grade malignancies.
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Introduction

Lung cancer (LC) remains the most prevalent malignancy
in China, according to the most recent data published
by the National Cancer Society of China (1). In 2022,
approximately 1.06 million new cases of LC were diagnosed
in China, establishing it as the leading cause of cancer-
related mortality among both males and females. The
survival rates of LC vary by stage. According to the
JCOGO0201 study, the 5-year overall survival (OS) rate

Highlight box

Key findings

* By integrating clinical features and radiomics data, the established
composite models show better performance in both differentiating
the benign or malignant nature of pulmonary nodules (PNs) and
predicting nodule malignancy compared to traditional clinical-
radiological models.

What is known and what is new?

* Previously, traditional imaging-based diagnosis of PNs relied
on features like size, shape, and density, which was subjective.
Tumor marker detection also had limitations in terms of
specificity. Existing radiomics studies mainly focused on extracting
features from medical images but often faced challenges such
as the instability of feature extraction and the lack of effective
combination with clinical information.

¢ This manuscript presents a more comprehensive and accurate
approach. It integrates diverse clinical features (e.g., patient age,
gender, smoking history) with radiomics features. Through a
clinically-relevant approach, it identifies key factors associated with

nodule nature, crucial for guiding clinical decisions.

What is the implication, and what should change now?

® The implications are that these models can be applied in clinical
practice to help doctors make more accurate treatment decisions.
Clinicians should incorporate these models into their diagnostic
processes. Future actions could include further validating these
models in larger-scale, multi-center studies, and continuously
optimizing the models by including more clinical factors and
improving the radiomics feature extraction method.

© AME Publishing Company.

reached up to 90.4% for stage IA (sized <3 cm) LC but
was typically <5% in patients diagnosed with stage IV LC.
Therefore, early diagnosis of LC is critically important.

In recent years, the advent and wide application of
medical imaging technologies [e.g., high-resolution
computed tomography (CT)] have dramatically raised the
detection rate of pulmonary nodules (PNs) (2,3), which
has not only heightened public awareness of PNs but also
presented significant challenges for clinical diagnosis and
management. In the current clinical diagnosis of LC, non-
invasive diagnostic methods play a crucial role. Imaging
examinations are one of the commonly used means, and
the judgment based on features such as nodule size, shape,
and density is an important basis. Generally, the larger
the diameter of the nodule, the more irregular its shape,
and the higher its density, the greater the likelihood of
malignancy. Henschke ez a/. (4) believed that ground-glass
nodules (GGNs) were more likely to be malignant than
solid nodules. Wang et a/. (5) demonstrated that nodules
characterized by a larger diameter, greater area, and
increased diameter and area of solid components were more
prone to being invasive adenocarcinoma (IA). Nevertheless,
some imaging features are often subjective and may be
inadequate for identifying the nature of a nodule. Hashimoto
et al. (6) argued that nodules with a solid component that
appeared to increase during follow-up, might nonetheless
prove to be non-malignant tumors [e.g., solitary pulmonary
capillary hemangioma (SPCH)]. At the same time, tumor
marker testing is also a non-invasive diagnostic method.
Common LC tumor markers include carcinoembryonic
antigen (CEA), neuron-specific enolase (NSE),
cytokeratin 19 fragment (CYFRA21-1), folate receptor-
positive circulating tumor cells (FR™ CTCs), etc. (7).
In patients with LC, the levels of these tumor markers may
increase, so they can be used for auxiliary diagnosis.

However, these non-invasive diagnostic methods
have certain limitations. The judgment of imaging
features depends heavily on the experience and subjective

7 Thorac Dis 2025;17(3):1645-1672 | https://dx.doi.org/10.21037/jtd-2025-152



Journal of Thoracic Disease, Vol 17, No 3 March 2025

judgment of doctors. Different doctors may have different
interpretations of the size, shape, density, and other features
of the same nodule, resulting in a lack of consistency and
accuracy in diagnostic results. In addition, some benign
lesions may also show imaging features similar to those of
malignant tumors, which can easily lead to misdiagnosis.
Although tumor marker testing is easy to operate, it has
insufficient specificity. An increase in tumor marker levels
does not necessarily mean that a patient has LC. Other
benign diseases such as pulmonary inflammation and
benign tumors can also cause an increase in tumor markers.
Moreover, the tumor markers of some LC patients may
not increase, leading to missed diagnoses. Therefore, it
is crucial to find more accurate and reliable non-invasive
diagnostic methods for the early diagnosis and treatment
of LC.

Radiomics, as an innovative quantitative analytical
approach, offers novel insights and methodologies for the
diagnostic evaluation of PNs. The fundamental principle
of radiomics involves utilizing computational algorithms
to comprehensively mine and analyze radiological data
obtained from modalities such as CT, magnetic resonance
imaging (MRI), and positron emission tomography
(PET)-CT. This process entails the extraction of high-
throughput image features including both semantic and
non-semantic attributes (8). Semantic features are defined
as empirical characteristics proposed by radiologists for
the qualitative description of lesions, including the size,
shape, density, and edges of nodules. These features can be
employed in radiological diagnosis and clinical applications;
however, they lack valid mathematical expressions for
their description. Non-semantic features are radiological
attributes that can be quantitatively described through
mathematical formulations, including the morphologic
features (e.g., tumor volume, surface area, and compactness),
the first-, second-, and higher-order texture features derived
from the intensity distribution of each voxel within the
region of interest (ROI), and the wavelet transform-based
features. These features can reflect the characteristics of
nodule tissues at the cellular level and thus predict a benign
or malignant nodule more accurately. If the nodule is a
tumor, radiomics can determine its aggressiveness through
heterogeneity analysis (9). Furthermore, certain studies
(10-12) have proposed that radiomics can be used to predict
the presence (or not) of high-risk prognostic factors such as
solid components, cribriform growth (13), micropapillary
elements, spread through air spaces (STAS) (14), and visceral
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pleural invasion (VPI) (15). The presence of these high-
risk factors can lead to a poorer prognosis, even in patients
with early-stage disease (10). In this subset of patients,
radical lobectomy has been associated with a significantly
improved prognosis compared to sublobar resection.
According to the JCOGO0804 study, sublobar resection is
a feasible and effective surgical approach for peripheral
lung tumors measuring <2 cm that predominantly consist
of ground-glass opacity [GGO; consolidation-to-tumor
ratio (CTR) <0.25] and possess adequate surgical margins
(=5 mm) (16). This implies that radiomics can furnish
surgeons with evidence to inform a more judicious
selection of the resection extent when determining the
surgical approach, by means of preoperative non-invasive
pathological prediction, thereby optimizing patient
outcomes.

Our present study was designed to investigate whether
radiomics can serve as an accurate diagnostic tool for
differentiating between benign PNs and primary pulmonary
malignant tumor by developing a composite of one or more
diagnostic models. For this purpose, patients with PNs who
underwent surgical resection in the Department of Thoracic
Surgery of the First Affiliated Hospital of Soochow
University from September 2022 to September 2023 were
retrospectively included. After screening according to strict
inclusion and exclusion criteria, 202 eligible patients were
selected and divided into a benign nodule group, a low-
grade malignancy group, and a high-grade malignancy
group based on postoperative pathological results. Secondly,
the clinical and imaging data of the patients were collected,
including baseline clinical information and imaging features
of the nodules. Then, the ROI of PNs was delineated
on thin-section CT images using specialized software,
and a large number of radiomics features were extracted.
These features were screened by the intraclass correlation
coefficient (ICC) and the least absolute shrinkage and
selection operator (LASSO) regression, and the radiomics
score (Rad score) was calculated. Clinical-radiological
models (CMs), radiomics models (RMs), and composite
models (COMs) were constructed respectively. Finally, the
performance of the constructed models was evaluated and
compared using the receiver operating characteristic (ROC)
curves, calibration curves, and decision curve analysis (DCA)
to determine the optimal model. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://jtd.amegroups.com/article/view/10.21037/jtd-
2025-152/rc).
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Methods
Patient data sources and grouping

Patients with PNs who underwent surgical resection in
the Department of Thoracic Surgery at the First Affiliated
Hospital of Soochow University between September 2022
and September 2023 and who fulfilled the inclusion criteria
were retrospectively included. This study fully complied
with the Declaration of Helsinki (2013 version) and was
approved by the Ethics Committee of the First Affiliated
Hospital of Soochow University (No. 2024668). As the
analyzed data were anonymous and did not encroach on
patient privacy, the need for obtaining signed informed
consent was waived. The inclusion criteria were as follows:
(I) had undergone high-resolution CT within 1 week prior
to surgery; (II) the maximum diameter (including the
greatest transverse diameter and the longest longitudinal
axis) of the PNs, as measured on CT images, was <3 cmy;
(IIT) complete clinical baseline data were available; and (IV)
complete postoperative pathological data. The exclusion
criteria were as follows: (I) a prior history of malignancies
(including primary pulmonary malignant tumor) or
postoperative pathological findings indicative of metastatic
cancer; (II) having undergone anti-inflammatory treatment
within 1 month prior to surgery; (III) cases in which
CT data were incomplete, of poor quality, or where the
tumor was not readily distinguishable from surrounding
tissues on CT imaging; or (IV) with incomplete or missing
clinical data. Ultimately, a total of 202 patients with PNs
were included in the analysis following the exclusion of
37 patients due to incomplete or substandard CT data.

The cases were divided into Groups A, B, and C based
on their postoperative pathological findings. Patients in
Group A (n=33) included those with chronic inflammation,
benign tumors (e.g., lelomyomatoid hamartoma and
sclerosing pneumocytoma), hyperplasia (e.g., alveolar
epithelial hyperplasia and hypertrophic granulation tissue),
bronchiolar adenoma, and other non-malignant lesions,
for whom follow-up visits were arranged to determine the
optimal timing for surgery. Group B (n=77) comprised
patients with low-grade malignancies (e.g., adenocarcinoma
in situ, minimally TA, and minimally IA iz siru) who were
candidates for early surgical intervention and could be
treated with sublobar resection. Group C (n=92) included
patients with IA (including lepidic, acinar, papillary,
micropapillary, and solid patterns), poorly-differentiated
carcinoma, mucinous adenocarcinoma, and other high-
grade malignant lesions who required prompt surgical
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intervention and were likely to gain the most survival
benefit from lobectomy.

For the purpose of establishing a model for the analysis
of benign versus malignant nodules, Groups B and C were
merged again to form Group D, which was then compared
with Group A for analysis (hereinafter referred to as Study I).
Due to the limited number of benign cases, stratified
random sampling was utilized on the base of post-operative
pathology to avoid selection bias and sampling bias. Groups
A and D were randomly divided into the training group and
the validation group at a ratio of 6:4 respectively.

When constructing a model for the analysis of
malignancy, Groups B and C were incorporated into the
study (hereinafter referred to as Study II). Groups B and C
were allocated into a training set (n=101) and a validation
set (n=68) in a ratio of 6:4.

Acquisition of CT data

CT imaging was performed using TOSHIBA (TOSHIBA,
Tokyo, Japan), Philips 256 iCT (Philips Healthcare,
Amsterdam, Netherlands), and SIEMENS Definition
AS+128 (Siemens, Munich, Germany) CT scanners with
the following settings: tube voltage, 120 kV; tube current
(automatically adjusted), 110-240 mA; real-time dynamic
exposure dose adjustment, enabled; collimation, 0.6 mm
x 128 mm; rotation time, 0.5 s; pitch, 0.9; slice thickness,
5 mm; reconstructed slice thickness, 1 mm; and reorganization
interval, 1 mm. Upon the scanning, all patients were
instructed to raise their arms, enter the scanner head-first,
and hold their breath following inhalation. The CT scan
was conducted while the patient-maintained breath-hold.
The scanning was performed from the level of the thoracic
inlet to 5 cm below the costophrenic angle. DICOM format
files for thin-slice C'T scans were acquired for all patients.

Collection of clinicoradiological data

"To demonstrate the advantages of the RM, we simultaneously
collected the clinical and radiological semantic features
of patients that are commonly used in clinical practice
to construct clinical models (CMs). The baseline clinical
data including gender, age, smoking history, and history of
respiratory diseases [including chronic obstructive pulmonary
disease (COPD)] were retrieved from the clinical database
of the First Affiliated Hospital of Soochow University. The
radiological features of nodules included size (maximum
diameter of nodules on CT images), distribution in different
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lobes, anatomical location (peripheral or central) relative to
the segmental bronchi, lobulation (the edge of the nodule
resembles multiple arc-shaped protrusions, akin to the shape
of a petal, with a relative depression formed between two
adjacent arc-shaped protrusions), irregularity (the shape
and boundary of the lesion deviate from the morphological
norms of normal tissues and organs, and there is a lack of a
typical geometric shape), spiculation (the boundary of the
lesion exhibits a thin, short linear shadow extending into
surrounding tissues, resembling sharp lines, with variable
lengths and thicknesses distributed along the lesion’s edge,
creating an uneven boundary), tumor-lung interface (there is
a blurred boundary between the lesion and adjacent normal
tissues, making it difficult to define the lesion’s precise
extent), pleural indentation sign (one or more linear shadows
connect the lesion to the pleura, causing the pleural image to
distend in the direction of the lesion, presenting as triangular
or flared depressions), vascular convergence sign (one or
more blood vessels converge towards the lesion), vacuole
sign (small, round, oval, or irregular low-density areas
within the lesion, resembling vesicles), air bronchogram
sign (air-containing bronchial shadows are visible within
the nodule), and CTR (17). According to previous research,
a CTR of >50% generally suggests a higher likelihood of
malignancy. Consequently, we categorized nodules in our
current study based on the CTR threshold value of >50%.
All the radiological features were independently reviewed
by two radiologists who had been interpreting images for a
minimum of 3 years and were blinded to the patients’ final
pathological results. In the event of discrepancies, a final
evaluation was conducted by a radiologist with more than
10 years of experience.

CT image segmentation and radiomic feature extraction

The free and open-source software three-dimensional
(3D) Slicer (version 5.6.2; https://download.slicer.org/)
was employed to import the DICOM files of thin-slice CT
scans for all patients in sequence. The ROI for the lung
nodules was delineated, with uniform window width (WW)
and window level (WL) applied prior to delineation. The
delineation guidelines were as follows: (I) all the stretching
lines involving the spicule sign and the pleural indentation
sign of nodules were outlined; (II) the blood vessels
clustered in the nodules were included in the delineation
area, with attention given to avoiding bronchi and blood
vessels unrelated to the nodules; (IIT) the CT images of each
thin layer were delineated layer by layer, culminating in
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the generation of a 3D nodule model; (IV) the delineation
was completed by the same thoracic surgeon to ensure
the reproducibility of the data and calibrated by a single
radiologist to ensure the accuracy of the delineation; and
(V) 1 month after the completion of the delineation for
all patients with nodules, the ROI was re-delineated in 30
randomly-selected patients from the entire cohort, with a
radiologist invited to delineate simultaneously. The data
from three delineations were evaluated using the ICC.

The extraction of radiomics features from the 3D nodule
models was performed using the Python-based software
package SlicerRadiomics, which is an extension for 3D
Slicer. Prior to the feature extraction, the images were
resampled to a uniform voxel size of 1 mm x 1 mm x 1 mm.
Utilizing this software package, we extracted 851 radiomics
features, including first-order statistics, shape, gray-level
dependence matrix (GLDM), gray-level co-occurrence
matrix (GLCM), gray-level run-length matrix (GLRLM),
neighborhood gray-tone difference matrix (NGTDM),
gray-level size-zone matrix (GLSZM), and wavelet
transformed features.

Radiomics feature screening and establishment of RMs

For the 851 radiomics features extracted, the ICC was
employed for preliminary feature screening. A total of
702 features were found to exhibit good stability, with ICC
values exceeding 0.75. Subsequently, redundancy analysis
was conducted to eliminate features with a correlation
coefficient exceeding 0.9, which yielded 129 radiomics
features. The correlation matrix for these features, derived
from Pearson correlation filtering, is plotted in Figure 1.

In both Study I and Study II, the LASSO regression
was employed to further refine the radiomics features
following the initial feature screening. To mitigate the
risk of overfitting, a 10-fold cross-validation method was
implemented to enhance the generalizability of the models.
The Rad score, representing the combined effect of the final
set of screened radiological features and their corresponding
LASSO regression coefficients, was computed, and the
results were used for constructing two RMs, I and II. The
performance of these two models was assessed using the
ROC curves.

Establishment and performance evaluation of CMs
and COMs

In both Study I and Study II, univariate and multivariate
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Figure 1 The correlation matrix diagram of 129 radiomics features after ICC. ICC, intraclass correlation coefficient.

logistic regression analyses were performed to identify
independent predictors based on clinical and radiological
features. Additionally, CMs were established and COMs
were developed by integrating the RMs and the CMs.
The performance of these three models was evaluated
using DCA.

Statistical analysis

The statistical analysis was conducted using R Studio (an

© AME Publishing Company.

integrated development environment, version 4.2.1; https://
cran.r-project.org/). Both continuous and categorical
variables were collected for clinical and radiological
features. The continuous variables are represented as the
mean
variables are expressed as number and rates. Differences
among groups were assessed using the Mann-Whitney
U test. Multivariate logistic regression was employed to

+ standard deviation (SD), whereas the categorical

identify independent predictors for the CMs, a P value
less than 0.05 was considered statistically significant. The
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minimum Akaike’s information criterion (AIC) was utilized
to select the optimal model parameters. The LASSO
regression was utilized to establish the RMs. The Rad score,
along with clinical-radiological features, was then employed
to construct COMs, for which diagnostic performance
was evaluated using the ROC curve. The areas under the
ROC curve (AUCs) were compared among these models
using the DeLong test. In addition, to compensate for the
bias caused by the imbalanced data, we employed stratified
random sampling during the grouping process. We stratified
according to the postoperative pathology to ensure that the
sample distributions in the training set and the validation set
were consistent. In addition, the specificity, sensitivity and
balanced accuracy were calculated in each group to further
evaluate the performance of the model, sensitivity = true
positives/(true positives + false negatives), and specificity =
true negatives/(true negatives + false positives). Balanced
accuracy = (sensitivity + specificity)/2. DCA was used to
assess the predictive performance of the COMs.

All the codes employed in this study were written within
the R Studio software environment. The packages used
included: “ICC psych” for ICC calculation, “glmnet” for
LASSO regression, and “glm stats” for multivariate logistic
regression. All image plots were generated within R Studio.
Calibration curves were generated using the val.prob
function and the calibrate function from the “rms” package.
DCA curves were created using the “rmda” package. The
“ROCR?” package was utilized for the comparison of ROC
curves across multiple models and the “Dcurves” package
for the comparison of DCA curves.

Results

A total of 202 patients entered the final analysis, comprising
67 males (33.17%) with an average age of 57 years and
135 females (66.83%) with an average age of 56 years. The
lesions were identified as benign in 33 patients (i.e., Group A),
low-grade malignant in 77 patients (i.e., Group B), and
high-grade malignant in 92 patients (i.e., Group C). In
Research I and Research II, all clinical data (including age,
gender, smoking history, and underlying lung diseases) and
radiological features (including maximal diameter of nodules,
solid component proportion, lobes with nodules, peripheral
or central type, lobulation sign, shape, spicule sign, blurred
boundary, pleural indentation sign, vascular convergence sign,
vacuolar sign, and air bronchogram sign) were examined.
Univariate analysis and multivariate logistic regression analysis
were employed in Study II to identify significant predictors.
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Analysis of benign versus malignant lesions

Establishment and evaluation of the CM(I)

For the purpose of distinguishing benign and malignant
nodules, the baseline clinical data and radiological features
of Group A (n=20) and Group D (n=102) within the
training group are presented in 7zble 1. Univariate logistic
regression analysis of all variables revealed that only two
variables had P values <0.05, which might be attributed to
the relatively small number of benign cases. To maximize
the capturing of potential variables, seven variables with
P values <0.2 [including spicule sign (P=0.003), marginal
blurring (P=0.14), vascular convergence sign (P=0.10),
air bronchogram sign (P=0.12), gender (P=0.10), CTR
(P=0.20), and right lower lung (P=0.03)] were selected for
multivariate logistic regression analysis. The minimum AIC
was utilized to select the optimal model parameters, and
the results revealed that female gender [odds ratio (OR):
4.967; 95% confidence interval (CI): 1.423-19.50], positive
air bronchogram sign (OR: 4.545; 95% CI: 0.842-37.98),
positive spicule sign (OR: 3.643; 95% CI: 0.963-13.73), and
positive vascular convergence sign (OR: 2.509; 95% CI:
0.723-9.144) were associated with an increased likelihood of
malignancy. Nodules with a CTR >50% (OR: 0.528; 95%
CI: 0.196-1.386) are more likely to be benign nodules. The
univariate and multivariate logistic regression coefficients
of each variable are shown in Table 2, and the nomogram is
presented in Figure 2. CM(I) was established as follows:

CM (I) =—-0.5864 +0.6029 x Gender +1.293 1 x Spicule sign
+0.9201x Vascular convergence sign [1]
+1.5142 x Air Bronchogram sign —1.4216x CTR

The AUC was 0.763 (95% CI: 0.623-0.902) for the
training group and 0.823 (95% CI: 0.700-0.945) for the
validation group. The specificity was 0.60 for the training
group and 0.69 for the validation group. The sensitivity
was 0.90 for the training group and 0.85 for the validation
group. The balanced accuracy was 0.75 for the training
group and 0.77 for the validation group. The calibration
chart demonstrated good consistency between the training
set and the validation set. The DCA curve indicated
that the clinical-radiological curve was reliable for the
discrimination of benign and malignant nodules (Figure 3).

Establishment and evaluation of the RM(I)

In the analysis of benign versus malignant nodules,
the LASSO algorithm was employed to select eight
optimal radiomics features from the 129 features that
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Table 1 The specific clinical baseline data and imaging characteristic data of Group A and Group D in the benign and malignant analysis

Factors All (n=122) Group A (n=20) Group D (n=102) P value
Gender 0.16
Male 36 [30] 9 [45] 27 [26]
Female 86 [70] 11 [55] 75 [74]
Age (years) 56 [45, 66.75] 56.5 [49.75, 62] 56 [44.25, 67] 0.86
Smoking 0.64
No 113 [93] 18 [90] 95 [93]
Yes 9[7] 2[10] 717
Pulmonary disease >0.99
No 119 [98] 20 [100] 99 [97]
Yes 3[2] 0[] 3[3]
CTR 0.29
<50% 71 [58] 9 [45] 62 [61]
>50% 51 [42] 11 [55] 40 [39]
Diameter (mm) 10 [8, 15] 9.5[7, 14.25] 11 [8, 16] 0.38
Lobe 0.03
RUL 33 [27] 4[20] 29 [28]
RML 81[7] 2[10] 6 [6]
RLL 17 [14] 7 [35] 10 [10]
LUL 47 [39] 4120] 43 [42]
LLL 17 [14] 3[15] 14 [14]
Location' >0.99
Central 413 01[0] 414]
Peripheral 118 [97] 20 [100] 98 [96]
Lobulation 0.94
No 54 [44] 9 [45] 45 [44]
Yes 68 [56] 11 [55] 57 [56]
Irregularity 0.95
No 51 [42] 9 [45] 42 [41]
Yes 71 [58] 11 [55] 60 [59]
Spicule sign 0.005
No 16 [13] 7 [35] 91[9]
Yes 106 [87] 13 [65] 93 [91]
Marginal burring 0.22
No 49 [40] 11 [55] 38 [37]
Yes 73 [60] 9 [45] 64 [63]

Table 1 (continued)
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Table 1 (continued)

Factors All (n=122) Group A (n=20) Group D (n=102) P value
Pleural indentation sign 0.40
No 72 [59] 14 [70] 58 [57]
Yes 50 [41] 6 [30] 44 [43]
Vascular convergence sign 0.15
No 41 [34] 10 [50] 31 [30]
Yes 81 [66] 10 [50] 71 [70]
Vacuole sign >0.99
No 59 [48] 10 [50] 49 [48]
Yes 63 [52] 10 [50] 53 [52]
Air bronchogram sign 0.15
No 92 [75] 18 [90] 74 (73]
Yes 30 [25] 2[10] 28 [27]

Data are presented as the median [Q1, Q3] or n [%]. Group A: benign group. Group D: Groups B and C were merged. Group B: low-grade
malignant group. Group C: high-grade malignant group. ', location: taking the segmental bronchi as the boundary, the proximal part is
classified as the central type, and the distal part is classified as the peripheral type. CTR, consolidation-to-tumor ratio; LLL, left lower lung;
LUL, left upper lung; Q1, the first quartile; Q3, the third quartile; RLL, right lower lung; RML, right middle lung; RUL, right upper lung.

Table 2 Univariate analysis and multivariate logistic regression table for possible clinical-radiological risk factors in Study I

Univariable logistic regression Multivariable logistic regression
Variables
B OR (95% CI) P value B OR (95% CI) P value

Gender 0.821 2.273 (0.833-6.102) 0.10 1.603 4.967 (1.423-19.50) 0.02
Air bronchogram sign 1.225 3.405 (0.902-22.29) 0.12 1.514 4.545 (0.842-37.98) 0.11
Right lower lung -1.624 0.197 (0.043-0.789) 0.02

Vascular convergence sign 0.829 2.29 (0.858-6.136) 0.10 0.92 2.509 (0.723-9.144) 0.15
Marginal blurring 0.722 2.058 (0.783-5.547) 0.14

Spicule sign 1.716 5.564 (1.734-17.66) 0.003 1.293 3.643 (0.963-13.73) 0.053
CTR =50% -0.639 0.528 (0.196-1.386) 0.20 -1.422 0.241 (0.066-0.782) 0.02

B value (regression coefficient) represents the magnitude and direction of the influence of the independent variable on the dependent
variable. Cl, confidence interval; CTR, consolidation-to-tumor ratio; OR, odds ratio.

were initially screened using ICC. These eight features 10-fold cross-validation chart and the Rad score for both the
included “SurfaceVolumeRatio”, “X10Percentile”, training group and the validation group. The corresponding
“ClusterProminence.1”, “Imcl1.1”, “Correlation.2”, impact coefficients for each radiomics feature are shown in
“SizeZoneNonUniformityNormalized.4”, “Contrast.11”, Figure 5. The formula for calculating the RM(I) (Rad score)
and “ClusterProminence.6”. Figure 4 illustrates the LASSO is as follows:

RM (I) =2.004358—0.4737785 x SurfaceVolumeRatio —0.002313098 x X10Percentile —0.00000114497 x ClusterProminence.1
+2.104564 x Imcl.1—-0.4824599 x Correlation.2 —1.814414 x SizeZoneNonUniformityNormalized.4 [2]
—0.2642063 x Contrast.11—0.00000000883427 x ClusterProminence.6
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Variable N Odds ratio (95% CI) P

Gender 122 e 4.97 (1.42,19.50) 0.01
CTR.0.5 122 P 0.24 (0.07, 0.78) 0.02
Spicule sign 122 l—-—l 3.64(0.96, 13.73)  0.05
Vascular convergence sign 122 l—‘—l—i 2.51(0.72,9.14) 0.15
Air bronchogram sign 122 I = { 4.55(0.84,37.98) 0.11

01 02 05 1 2 5 10 20
Figure 2 Nomogram for independent clinical-radiological risk factors in Study I. CI, confidence interval; CTR.0.5, consolidation-to-tumor
ratio 250%.
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Figure 3 Performance evaluation of CM(I). (A) ROC and AUC (95% CI) of the training group and validation group of the CM(I) in
Research 1. (B,C) Calibration curves of the training group and validation group. (D,E) DCA of the training group and validation group.
AUC, area under the ROC curve; CI, confidence interval; CM, clinical-radiological model; DCA, decision curve analysis; nomo, nomogram;

ROQC, receiver operating characteristic.
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Figure 4 LASSO image feature screening of RM(I) in Research I. (A) LASSO 10-fold cross-validation plot for radiomics feature in Research L.

(B) Optimal feature selection plot based on mean square error. (C,D) Distribution of Rad score in the experimental group and validation

group. **** there was a statistically significant difference in the distribution between the training group and the validation group (P<0.05).

Group 0, benign group; Group 1, malignant group. LASSO, least absolute shrinkage and selection operator; MCC, maximal correlation

coefficient; Rad score, radiomics score; RM, radiomics model.

The waterfall plot depicted that the RM(I) had a high
accuracy (Figure 6), with an AUC of 0.895 (95% CI: 0.814—
0.975) in the training group and 0.808 (95% CI: 0.673-
0.944) in the validation group. The specificity was 0.65
for the training group and 0.54 for the validation group.
The sensitivity was 0.98 for the training group and 0.91
for the validation group. The balanced accuracy was 0.82
for the training group and 0.73 for the validation group.
The DCA and calibration curves also indicated satisfactory
performance (Figure 7).

Establishment of COM(I) and multi-model evaluation
The Rad score was integrated with gender (0/1), spicule

© AME Publishing Company.

sign (0/1), vascular convergence sign (0/1), air bronchogram
sign (0/1), and CTR (0/1) to establish a COM(I), with the
formula for calculating the score of the COM(I) (Comscore)
as follows:

COM (I)=-3.5021+2.3317x Rad score I +1.2531x Gender
+0.7101x CTR +1.911x Spicule sign

+0.5349 x Vascular convergence sign 3]

+1.2420 x Air bronchogram sign

A nomogram depicting each feature in the COM(]) is
presented in Figure 8. The AUC of the COM was 0.927
(95% CI: 0.854-1.000) in the training group and 0.854 (95%
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Figure 5 The importance of each feature included in the RM(I) in Study I. X-axis represents impact coefficients. RM, radiomics model.
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Figure 6 Waterfall plot of Rad score in the full dataset in Research I. Group 0, benign group; Group 1, malignant group. Rad score,

radiomics score.

CI: 0.723-0.985) in the validation group. The specificity
was 0.80 for the training group and 0.54 for the validation
group. The sensitivity was 0.97 for the training group and
0.94 for the validation group. The balanced accuracy was
0.88 for the training group and 0.74 for the validation
group. The DCA and calibration curves indicated high
model performance (Figure 9).

Finally, the AUCs and DCA scores of the COM(I), the
CM(I), and the RM(I) were compared in Study I for analysis
of benign versus malignant nodules (Figure 10). The results
revealed that the COM(I) outperformed the CM(I) in
the training group (P=0.01), whereas its performance was

© AME Publishing Company.

not statistically different from that of the RM(I) (P=0.10).
There was no statistical difference in the prediction
performance among these three models in the validation
set, indicating that both the COM(I) and the RM(I) had
robust performance.

Analysis of the degree of malignancy

Establishment and evaluation of the CM(II)

In the analysis of malignancy degree, the baseline clinical
data and radiological features of Group B (n=45) and
Group C (n=56) in the training group are shown in 7uble 3.
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Figure 7 Performance evaluation of RM(I). (A) ROC and AUC (95% CI) of the training group and validation group of the RM(I) in Study
I. (B,C) Calibration curves of the training group and validation group. (D,E) DCA of the RM(]) in the training group and validation group.

AUCG, area under the ROC curve; CI, confidence interval; DCA, decision curve analysis; nomo, nomogram; RM, radiomics model; ROC,

receiver operating characteristic.
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Figure 8 Nomogram of each feature of the COM(]) in Study I. CTR.0.5, consolidation-to-tumor ratio >50%. Gender, 0 represents male

and 1 represents female. CTR.0.5, 0 indicates less than 50% and 1 indicates greater than or equal to 50%. For the remaining items, 0

denotes no and 1 denotes yes. COM, composite model; CTR.0.5, consolidation-to-tumor ratio >50%.
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Figure 9 Performance evaluation of COM(I). (A) ROC and AUC (95% CI) of the training group and validation group of the COM(]) in
Study I. (B,C) Calibration curves of the training group and validation group. (D,E) DCA of COM() in the training group and validation

group. AUC, area under the ROC curve; CI, confidence interval; COM, composite model; DCA, decision curve analysis; nomo, nomogram;

ROC, receiver operating characteristic.

Univariate logistic regression analysis showed that air
bronchogram sign (P<0.001), vacuole sign (P<0.001),
marginal blurring (P<0.001), irregularity (P<0.001),
lobulation sign (P<0.001), diameter (P<0.001), age
(P<0.001), vascular convergence sign (P=0.001), CTR >50%
(P=0.001), pleural indentation sign (P=0.006), spicule sign
(P=0.04), and gender (P=0.04) were statistically significant
and were included in multivariate logistic regression analysis
(1able 4). Again, AIC was used for selecting the optimal
model parameters, which showed that older age (OR: 1.046;
95% CI: 0.999-1.099), longer maximal diameter (OR:
1.449; 95% CI: 1.225-1.795), irregularity (OR: 2.589; 95%
CI: 0.770-8.805), and CTR >50% (OR: 3.700; 95% CI:
1.109-13.52) were associated with a higher likeliness of

© AME Publishing Company.

malignant nodules. The univariate and multivariate logistic
regression coefficients of each variable are shown in Table 4,
and the CM(II) was established as follows:

CM (1) = -7.49418 +0.9121 1 x Irregularity
+0.36387 x Diameter +1.34844 x CTR (4]
+0.04583 x Age

The nomogram of each coefficient is shown in Figure 11.
The AUC was 0.924 (95% CI: 0.873-0.975) for the training
group and 0.950 (95% CI: 0.901-0.999) for the validation
group. The specificity was 0.94 for the training group and
0.93 for the validation group. The sensitivity was 0.82 for
the training group and 0.89 for the validation group. The
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Figure 10 Performance comparison among the three models in Study I. (A,B) ROC of the three models in the training set and validation
set. (C,D) DCA of the three models in the training set and validation set. ModA, COM(); ModB, CM(I); ModC, RM(I). AUC, area under
the ROC curve; CI, confidence interval; CM, clinical-radiological model; COM, composite model; DCA, decision curve analysis; RM,

radiomics model; ROC, receiver operating characteristic.

balanced accuracy was 0.87 for the training group and 0.91
for the validation group. Both the DCA and the calibration
curves showed that the model had potential clinical utility
(Figure 12).

Establishment and evaluation of the RM(II)
In the analysis of malignancy degree, both ICC and
the LASSO algorithm were employed to select eight

optimal radiomics features including “Sphericity”,
“MaximumProbability.1”, “Coarseness.1”, “Complexity.1”,
“MaximumProbability.2”, “Imc1.3”, “MaximumProbability.6”,
and “SmallDependenceLowGrayLevelEmphasis.6”.
Figure 13 illustrates the LASSO 10-fold cross-validation
chart and the Rad score. The feature coefficients are shown
in Figure 14, and Figure 15 is the waterfall plot. The formula
for calculating the RM(II) is as follows:

RM (II) =4.837301025—5.57649596 x Sphericity —1.592255780 x MaximumProbability.1

—15.109758233 x MaximumProbability.2 —41.4548798 x Coarseness.1 + 0.000049623 x Complexity.1

+0.629454698 x Imc1.3 —16.993685893 x MaximumProbaility.6
—7.032430013 x SmallDependenceLowGrayLevelEmphasis.6

© AME Publishing Company.
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Table 3 The specific clinical baseline data and imaging characteristic data of Group B and Group C in the analysis of malignancy degree

Factors All (n=101) Group B (n=45) Group C (n=56) P value
Gender 0.15
Male 31[31] 10 [22] 21 [38]
Female 70 [69] 35[78] 35 [62]
Age (vears) 57 [45, 67] 48 [39, 59 63 [55, 68] <0.001
Smoking 0.22
No 95 [94] 44 [98] 51 [91]
Yes 6 [6] 1[2] 51[9]
Pulmonary function 0.13
No 97 [96] 45[100] 52 [93]
Yes 44] 01[0] 417]
CTR <0.001
<50% 54 [53] 33 [73] 21 [38]
>50% 47 [47] 12 [27] 35 [63]
Diameter (mm) 118, 16.25] 87, 10] 16 [12.5, 19] <0.001
Lobe 0.34
RUL 30 [30] 14 [31] 16 [29]
RML 10 [10] 419] 6 [11]
RLL 919 419 5[9]
LUL 39 [39] 14 [31] 25 [45]
LLL 13 [13] 9 [20] 417]
Location >0.99
Central 41[4] 2[4] 2 [4]
Peripheral 97 [96] 43 [96] 54 [96]
Lobulation <0.001
No 40 [40] 33[73] 7 [13]
Yes 61 [60] 12 [27] 49 [88]
Irregularity <0.001
No 42 [42] 33[73] 9 [16]
Yes 59 [58] 12 [27] 47 [84]
Spicule sign 0.043
No 717] 6[13] 112]
Yes 94 [93] 39 [87] 55 [98]
Marginal burring 0.006
No 40 [40] 25 [56] 15 [27]
Yes 61 [60] 20 [44] 41[73]

Table 3 (continued)
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Table 3 (continued)

Factors All (n=101) Group B (n=45) Group C (n=56) P value
Pleural indentation sign <0.001
No 53 [52] 34 [76] 19 [34]
Yes 48 [48] 11 [24] 37 [66]
Vascular convergence sign <0.001
No 29 [29] 22 [49] 7 [13]
Yes 72 [71] 23 [51] 49 [88]
Vacuole sign <0.001
No 44 [44] 33 [73] 11[20]
Yes 57 [56] 12 [27] 45 [80]
Air bronchogram sign <0.001
No 68 [67] 39 [87] 29 [52]
Yes 33 [33] 6[13] 27 [48]

Data are presented as the median [Q1, Q3] or n [%]. Group B: low-grade malignant group. Group C: high-grade malignant group. Location:
taking the segmental bronchi as the boundary, the proximal part is classified as the central type, and the distal part is classified as the
peripheral type. CTR, consolidation-to-tumor ratio; LLL, left lower lung; LUL, left upper lung; Q1, the first quartile; Q3, the third quartile;
RLL, right lower lung; RML, right middle lung; RUL, right upper lung.

Table 4 Univariate analysis and multivariate logistic regression table for possible risk factors affecting the degree of malignancy of nodules

Univariable logistic regression Multivariable logistic regression

Variables

B OR (95% CI) P value B OR (95% CI) P value
Gender -0.93 0.395 (0.153-0.954) 0.04
Air bronchogram sign 2.232 9.317 (3.231-34.05) <0.001
Vacuole sign 1.792 6 (2.608-14.55) <0.001
Vascular convergence sign 1.646 5.185 (2.021-14.68) 0.001
Marginal blurring 1.482 4.404 (1.946-10.38) <0.001
Spicule sign 1.712 5.538 (1.302-38.05) 0.04
CTR =50% 1.401 4.058 (1.763-9.87) 0.001 1.308 3.700 (1.109-13.52) 0.04
Pleural indentation sign 1.145 3.143 (1.406-7.286) 0.006
Irregularity 1.961 7.104 (3.029-17.68) <0.001 0.951 2.589 (0.770-8.805) 0.12
Lobulation sign 2.485 12 (4.909-31.77) <0.001
Diameter (mm) 0.48 1.617 (1.368-2.007) <0.001 0.371 1.449 (1.225-1.795) <0.001
Age (years) 0.083 1.086 (1.049-1.131) <0.001 0.045 1.046 (0.999-1.099) 0.06

B value (regression coefficient) represents the magnitude and direction of the influence of the independent variable on the dependent
variable. Cl, confidence interval; CTR, consolidation-to-tumor ratio; OR, odds ratio.
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Variable N Odds ratio (95% CI) P

Age, years 103 I-I-t 1.05(1.00, 1.10)  0.06

CTR.0.5 103 f ] | 3.70(1.11,13.53)  0.04

Diameter, mm 103 —a— 1.45(1.23,1.80) <0.001

Irregularity 103 | | = i 2.59(0.77,8.81)  0.12
1 2 5 10

Figure 11 Nomogram for independent risk factors affecting the malignancy of nodules. CI, confidence interval; CTR.0.5, consolidation-to-

tumor ratio >50%.
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Figure 12 Performance evaluation of CM(II). (A) ROC and AUC (95% CI) of the training group and validation group of the CM(II). (B,C)
Calibration curves of the training group and validation group. (D,E) DCA of the training group and validation group. AUC, area under

the ROC curve; CI, confidence interval; CM, clinical-radiological model; DCA, decision curve analysis; nomo, nomogram; ROC, receiver

operating characteristic.
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Figure 13 LASSO image feature screening of RM(II) in Research II. (A) LASSO 10-fold cross-validation plot for radiomics feature

screening in low-grade malignant and high-grade malignant analysis. (B) Optimal feature selection plot based on mean square error.

(C,D) Distribution of Rad score in the experimental group and validation group.

*** there was a statistically significant difference in the

distribution between the training group and the validation group (P<0.05). Group 0, low-grade malignant group; Group 1, high-grade

malignant group. LASSO, least absolute shrinkage and selection operator; MCC, maximal correlation coefficient; Rad score, radiomics

score; RM, radiomics model.

The AUC of the RM(II) was 0.966 (95% CI: 0.938-
0.994) in the training group and 0.959 (95% CI: 0.916-
1.000) in the validation group. The specificity was 1.00 for
the training group and 0.90 for the validation group. The
sensitivity was 0.82 for the training group and 0.88 for the
validation group. The balanced accuracy was 0.91 for the
training group and 0.89 for the validation group. Evaluation
with calibration curves and DCA revealed that the RM(II)
performed better than the CM(II) (Figure 16).

Establishment and evaluation of the COM(I)
The Rad score II was integrated with age, diameter,

© AME Publishing Company.

irregularity (0/1), and CTR (0 if <50%/1 if >50%) to
establish COM(II). The nomogram of each feature is shown
in Figure 17, and the formula for COM(II) is as follows:

COM(1II) = 0.377874 +2.368111x Rad score Il
+0.001776 x Age +2.094705x CTR
+0.329485 x irregularity

(6]

The AUC of the COM(I) was 0.972 (95% CI: 0.948-
0.996) in the training group and 0.967 (95% CI: 0.928-
1.000) in the validation group. The specificity was 1.00 for
the training group and 0.90 for the validation group. The
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Figure 14 The importance of each feature included in the RM(II) in Study II. X-axis represents impact coefficients. RM, radiomics model.
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Figure 15 Waterfall plot of Rad score in the full dataset in Study II. Group 0, low-grade malignancy group; Group 1, high-grade

malignancy group. Rad score, radiomics score.

sensitivity was 0.86 for the training group and 0.91 for the
validation group. The balanced accuracy was 0.93 for the
training group and 0.91 for the validation group. The DCA
and calibration curves indicate high model performance
(Figure 18).

Finally, the AUCs and DCA curves of the COM(I),
the CM(II), and the RM(I) were compared in Study II
for analysis of malignancy degrees (Figure 19). The results
revealed that the COM(II) outperformed the CM(II) in
the training group (P=0.02), whereas its performance was
not statistically different from that of the RM(I) (P=0.49).
There was no statistical difference in the prediction

© AME Publishing Company.

performance among these three models in the validation
set, indicating that both the COM(II) and the RM(I) had
robust performance.

Discussion

Although state-of-the-art imaging technologies can now
reveal the heterogeneity within nodules at the tissue and
cell levels, the human eye and brain lack the capability
to fully interpret the extensive data in these images.
Consequently, radiomics has emerged as a field that,
leveraging computer algorithms and software, facilitates the
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Figure 16 Performance evaluation of RM(II). (A) ROC and AUC (95% CI) of the training group and validation group of the RM(II) in
Study II. (B,C) Calibration curves of the training group and validation group. (D,E) DCA of RM(II) in the training group and validation

group. AUC, area under the ROC curve; CI, confidence interval; DCA, decision curve analysis; nomo, nomogram; ROC, receiver operating

characteristic; RM, radiomics model.

Points

Age, years

Diameter

CTR.0.5, mm

Irregularity

Rad score

Total points

Diagnostic possibility

0 10 20 30 40 50 60 70 80 90 100

20 40 60 80

2824201612 8 4

1
0
;

0

-5 -4 -3 -2 -1 0 1 2 3 5

0 10 20 30 40 50 60 70 8 90 100 110 120 130 140
02040608
0.1 030507 0.9

Figure 17 Nomogram of each feature of the COM in Study II. CTR.0.5, 0 indicates less than 50% and 1 indicates greater than or equal to

50%. Irregularity, 0 denotes no and 1 denotes yes. COM, composite model; CTR.0.5, consolidation-to-tumor ratio >50%.

© AME Publishing Company.

7 Thorac Dis 2025;17(3):1645-1672 | https://dx.doi.org/10.21037/jtd-2025-152



1666 Zhu et al. CT RMs for differentiating and evaluating PNs
A B C
_1 OO .1 0 . L L LB LU L L L 1L T T LU 1 0 | LLLI} T T T T TIT T TTIimTr T II7
0.8 0.8
0.75 > =
> 5 =
£ é 0.6 % 0.6
2 0.50 E_ E_
3 S 0.4 - 5 0.4
< <
0.25 02 - == lIdeal 02 -~ Ideal
—— Apparent —— Apparent
— Test AUC (95% C) =0.967 (0.928-1.000) h — Bias-
0.00 — Train AUC (95% CI) =0.972 (0.948-0.996) 0017 Bias-corrected 0.0 1 Bias-corrected
’ T T T T T T T T T T T T
0.00 025 050 0.75 1.00 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity Predicted probability Predicted probability
B =500 repetitions, Mean absolute error =0.044 B =500 repetitions, Mean absolute error =0.039
boot n=103 boot n=66
D E
0.6 — Nomo 0.6 4 ~— Nomo
Al Al
0.5 — None 0.5 —— None
£ 04 £ 04
c c
203 203 4
2 0.2 % oo
0.1 4 0.1
0.0 - 0.0 -

r T T T 1
0.0 0.2 0.4 0.6 0.8
Threshold probability
r T T T T 1
1:100 1:5 1:2 9110 5:3 4:1
Cost:benefit ratio

r T T T 1
0.0 0.2 0.4 0.6 0.8
Threshold probability

r T T T T 1
1:100 1:5 1:2 9110 53 4:1
Cost:benefit ratio

Figure 18 Performance evaluation of COM(II). (A) ROC and AUC (95% CI) of the training group and validation group of the COM(II) in
Study II. (B,C) Calibration curves of the training group and validation group. (D,E) DCA of COM(II) in the training group and validation

group. AUC, area under the ROC curve; CI, confidence interval; COM, composite model; DCA, decision curve analysis; nomo, nomogram;

ROC, receiver operating characteristic.

extraction and processing of feature information from tissue
models within the imaged region. Ultimately, it culminates
in the construction of predictive models that can estimate
tumor stage, extent of invasion, and genetic mutations [e.g.,
epidermal growth factor receptor (EGFR) mutations] (18,19).

In the present study, we employed radiomics to develop
two sets of models for determining and measuring the
malignancy of <3 cm PNs observed on thin-section
CT images. The COMs in both sets showed strong
performance and significant potential for clinical use in
early nodule nature assessment. In this study, radiomics
played a significant role in enhancing the performance of
the models. In Study I, which focused on differentiating
between benign and malignant nodules, the CM(I) had an

© AME Publishing Company.

AUC of 0.763, a specificity of 0.60, a sensitivity of 0.90,
and a balanced accuracy of 0.75 in the training group, and
an AUC of 0.823, a specificity of 0.69, a sensitivity of 0.85,
and a balanced accuracy of 0.77 in the validation group.
The RM(I) achieved an AUC of 0.895, a specificity of 0.65,
a sensitivity of 0.98, and a balanced accuracy of 0.82 in the
training group, and an AUC of 0.808, a specificity of 0.54,
a sensitivity of 0.91, and a balanced accuracy of 0.73 in the
validation group. In Study II, which analyzed the degree of
malignancy, the CM(II) had an AUC of 0.924, a specificity
of 0.94, a sensitivity of 0.82, and a balanced accuracy of 0.87
in the training group, and an AUC of 0.950, a specificity of
0.93, a sensitivity of 0.89, and a balanced accuracy of 0.91
in the validation group. The RM(II) had an AUC of 0.966,
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a specificity of 1.00, a sensitivity of 0.82, and a balanced
accuracy of 0.91 in the training group, and an AUC of 0.959,
a specificity of 0.90, a sensitivity of 0.88, and a balanced
accuracy of 0.89 in the validation group. The improvements
in AUC, specificity, sensitivity, and balanced accuracy of the
RMs indicate that radiomics can extract in-depth features
from images, providing more abundant information for the
models. This significantly enhances the models’ ability to
distinguish between benign and malignant PNs and evaluate
the degree of malignancy, thus improving the prediction
performance.

In fact, a more conservative approach can be taken for
nodules suspected of being benign; for nodules suspected

© AME Publishing Company.

of low-grade malignancy, early treatment may be advised,
considering the patient’s overall health; in contrast, for
nodules suspected of high-grade malignancy, an aggressive
treatment strategy is warranted, with preoperative planning
for wider surgical resection margins to optimize survival
benefits.

In this study, the unique contribution of clinical features
lies in providing crucial information for judging the nature
of PNs. Multivariate regression analysis in our current
study revealed that the likelihood of nodule malignancy
was increased in the presence of female gender, positive air
bronchogram sign, positive spicule sign, positive vascular
convergence sign, and a CTR of <50%. Among patients with
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a predicted malignancy, the risk of high-grade malignancy
was higher in the presence of the following factors: older age
(with a ROC cut-off point of 56.5 years), longer maximal
diameter of the lesion (ROC cut-point value =11.5 mm),
irregular shape, and a CTR of >50%. Considering clinical
features can improve the accuracy of radiomics-based models
for three reasons. First, clinical features can supplement
information not covered by radiomics features, such as
patients’ basic information and medical history, which are
closely related to tumor development. Second, it helps to
exclude interfering factors when judging imaging features,
and combining with medical history can more accurately
assess the nature of nodules. Third, the combination of the
two can construct a more comprehensive and interpretable
model, facilitating clinicians’ understanding and rational
application in practice (20).

Tobacco consumption has been broadly acknowledged
as a predominant risk factor for LC (21). In our current
study, however, smoking history was not found to be a
significant contributor to the determination of whether a
PN is malignant or exhibits a higher degree of malignancy.
Two reasons might explain this phenomenon: first, the
study population comprised a preponderance of women
(n=135), constituting approximately 66.8% of the total
sample, among whom only one individual reported a
history of smoking. This finding was associated with the
demographic reality that the majority of smokers in China
are male. In our current study, approximately 18% of
the male participants had a history of smoking. Second,
smoking is commonly believed to be closely associated with
the incidence of lung squamous cell carcinoma (LSCC).
In the present study, there were only nine cases of central
nodules, which were located above the bronchial segments
of the lungs, and all of these cases were diagnosed as
adenocarcinomas.

In Study I, the RM(I) incorporated eight features, which
were derived from a synthesis of diverse preprocessing
techniques [e.g., intensity normalization (22) and filtering]
and sophisticated mathematical procedures (e.g., matrix
transformation and polynomial computation) applied
to radiological data. Three of these features are more
intuitive to grasp: (I) “SurfaceVolumeRatio” is used to
measure the relationship between the surface area and
volume of the ROI. Normally, an object with many
indentations, protrusions, or lobes gets a relatively high
surface-to-volume ratio. In the RM(I), this feature acted
as a protective factor, which might be attributed to the
fact that the majority of PNs in this study were subsolid

© AME Publishing Company.
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and predominantly exhibited regular morphological
traits, indicative of a potentially higher likelihood of high-
grade malignancy. (II) “ClusterProminence” is used to
measure the prominence of a certain cluster in the overall
distribution. It can help to identify which cluster is more
prominent in texture among these areas, thus providing
clues for the analysis of tumor internal heterogeneity. (I1I)
“SizeZoneNonUniformityNormalized” is used to evaluate
the non-uniformity of the size of the regions within the
ROI and has been normalized. It can help to identify those
lesions with more complex internal structures and larger
differences in region size.

In Study II, the RM(II) also incorporated eight features,
among which three were more comprehensible: (I)
“Sphericity” is used to describe the degree of similarity
between the ROI and the shape of a sphere. A higher
sphericity value, indicative of a more perfect spherical
morphology, was posited by the model as a protective
factor. Malignant nodules typically exhibit greater
irregularity, which correlates with a higher likelihood
of malignancy—a notion that aligned with our CMs.
(II) “MaximumProbability” denotes the likelihood of
occurrence of a specific gray level within the ROL It was
found to be a protective factor in all the three groups in
our models. (IIT) “Coarseness” pertains to the variation in
gray values within the local area of an image. A significant
variation in grayscale values across a small area leads to
elevated coarseness values.

In our present study, we investigated the association
between the nature of PNs and their radiological features,
aiming to utilize such a correlation for informing treatment
strategies. It did not conflict with findings from previous
research. It was found that non-solid nodules in female
patients were more prone to being LC. Similarly, many
studies have demonstrated gender disparities in the
incidence of non-small cell LC (NSCLC) (23,24). A study
conducted across 13 countries revealed a rising incidence of
LC among women and a declining trend among men (25).
Furthermore, women exhibited a higher mortality rate from
LC compared to men (25), possibly due to higher exposure
of women to cooking fumes within the household; in
addition, unmitigated second-hand tobacco smoke exposure
and hormonal fluctuations (estrogen levels) also contribute
to an increased risk of LC in women (23). Our present
study indicated that the lobulation sign, pleural indentation
sign, and vacuole sign were not risk factors for malignant
nodules. However, a CTR of <50% was found to be a risk
factor for malignancy (OR: 4.419; 95% CI: 1.282-15.152),
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which may be associated with the early growth patterns
and cellular characteristics of the tumors: cancer cells
grow adherently along the alveolar septum, leading to the
thickening of alveolar walls; however, the alveolar cavity is
not completely occluded. Accordingly, GGNs appeared on
CT (26). As the tumor cells continuously proliferate and
differentiate and as they infiltrate surrounding tissues, the
alveolar spaces progressively collapse and become occluded,
leading to an increase in density, which ultimately manifests
as solid nodules. This also accounts for our finding that
solid nodules with a CTR of >50% tended to be associated
with a higher degree of malignancy. This distinctive growth
pattern is crucial for evaluating PNs. Wu ez 4/. (27) and
Takashima er al. (28) demonstrated that the presence of
vascular convergence sign may suggest an elevated potential
for malignancy, which could be explained by the faster
metabolic rate of tumors because heightened metabolism
over an extended period may lead to the dilation of
peripheral blood vessels and the convergent alterations
in the tumor microenvironment. Tu et 4/. (29) also found
that tumor size, vascular convergence, and lobulation were
all indicative of a higher probability of malignancy. The
maximum diameter of tumors has emerged as a crucial
feature for distinguishing between preinvasive lesions and
invasive lesions, although the optimal cut-off value for the
differentiation varies across studies (30-32). Chang er al. (33)
identified that the optimal cut-off value for differentiating
atypical adenomatous hyperplasia, adenocarcinoma in situ,
and microinvasive adenocarcinoma from IA was 10.5 mm,
which was essentially in alignment with the cut-off value of
11.5 mm in our current study. Consistently, Kou ez al. (34)
discovered that surgical patients with non-invasive lesions
were of a younger age compared to those in the IA group.
The transition to an infiltrating component in GGN
typically took a period of approximately three and a half
years, with a reported doubling time that extended up to
9 years (35).

In comparison with prior studies, the novel contributions
of our current study are as follows: (I) all the nodules <3 cm
on CT, regardless of whether they were pathologically
malignant, were included for analysis, which aligned
more closely with clinical practice. Although lobectomy
has traditionally been the standard surgical procedure for
resectable NSCLC, recent research has indicated that
segmentectomy should be considered a standard component
of treatment for ground-glass-dominant LC with a tumor
diameter of <3 c¢m including GGO (36). Jiang et al. (37) also
found that the sublobar resection group had lower incidence
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of “chest tightness”, “breath shortness”, “breathlessness”,
“cough”, and “expectoration” than the lobectomy group.
In our current study, the models developed through the
integration of radiomics features with clinical-radiological
features showed robust performance as they helped avoid
unnecessary surgical intervention for certain benign lesions
and could predict the degree of malignancy of nodules prior
to surgical intervention. Segmentectomy can be considered
for patients with low preoperatively-predicted malignancy
to reduce the increase in surgical risk due to lobectomy
and the decline in postoperative quality of life. (II) Prior
retrospective studies typically involved the selection
of a specific pathological type (e.g., adenocarcinoma,
squamous cell carcinoma, or small cell carcinoma) based
on postoperative pathological findings (36,38,39). This
approach often introduced a significant selection bias.
Although pathological classification can be obtained
through preoperative procedures such as needle biopsy,
bronchoscopy, or liquid biopsy (40), these methods also
carry the risk of implantation metastasis (41) and may result
in increased economic burden for patients. Wang ez al. (41)
also indicated that patients with early-stage, operable
peripheral LC may benefit from forgoing a lung biopsy.
Therefore, our current study was more aligned with the
logic of clinical decision-making by encompassing a diverse
array of benign and malignant pathological outcomes,
thereby facilitating more precise clinical judgment prior to
invasive examinations, minimizing patient discomfort, and
enhancing economic efficiency.

However, our present also had several limitations: (I)
selection bias could not be avoided due to its retrospective
design. (II) It was carried out in a single center with a
relatively small sample size. Furthermore, as surgical
criteria may vary across different centers, external
validation through multi-center and large-scale studies are
warranted to further assess the reliability of the models.
(IIT) Although potential confounding biases were mitigated
by standardizing the collection parameters and employing
the ICC method, biases still existed due to the absence of
standardization in ROI delineation (as ROIs were manually
delineated by physicians). In the future, artificial intelligence
(AI) (42) may enhance the robustness and standardization of
this process as it can automate ROI delineation or directly
mine comprehensive features from the entire lungs (43).
Admittedly, the current number of cases remains insufficient
for AI. We intend to incorporate imaging and clinical
data from multiple centers in the future for the purpose of
conducting external validation. (IV) No cases of LSCC were
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enrolled in this analysis. On the one hand, the incidence
of lung adenocarcinoma is significantly higher than that of
LSCC, and the number of LSCC cases is small. Our future
studies may include more patients for model optimization.
On the other hand, LSCC is predominantly central in
location and can be difficult to differentiate from the hilar
structures on plain chest CT. Therefore, LSCC cases might
have been removed due to poor image quality to avoid
discrepancies.

Conclusions

In our present study, the RMs, which were based on the
principles of radiomics, exhibited promising diagnostic
performance in distinguishing benign and malignant lung
nodules sized less than 3 cm in diameter and in determining
their malignancy levels. The COMs, which were
constructed upon a combination of independent predictors
and RMs, outperformed CMs in diagnostic performance,
showing potential for clinical application. With the use of
these diagnostic models, nodules that are predicted to be
benign can be managed with more conservative treatment
strategies such as watch-and-wait. For low-grade malignant
LC, procedures such as sublobectomy, including lung
wedge resection and segmentectomy, can be employed as
they can preserve lung function while ensuring the complete
removal of the tumor. Furthermore, lymph node sampling
can be employed to accurately stage the cancer and mitigate
the risk of complications (e.g., lymphatic fistula) that may
arise following lymph node dissection. Given the potential
discrepancies between rapid intraoperative frozen pathology
and conventional postoperative pathology, it is advisable to
opt for radical lobectomy for LC cases with a high degree
of malignancy to ensure a more thorough removal of tumor
tissue. Additionally, systematic lymph node dissection can
be performed to minimize the risk of residual cancer tissue
recurrence within the lymphatic system and mitigate the
pain associated with subsequent surgery due to the potential
escalation of pathological grades.
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