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Abstract
Background To design a pulmonary ground-glass nodules (GGN) classification method based on computed 
tomography (CT) radiomics and machine learning for prediction of invasion in early-stage ground-glass opacity 
(GGO) pulmonary adenocarcinoma.

Methods This retrospective study included pulmonary GGN patients who were histologically confirmed to have 
adenocarcinoma in situ (AIS), minimally invasive adenocarcinoma (MIA), or invasive adenocarcinoma cancer (IAC) 
from 2020 to 2023. CT images of all patients were automatically segmented and 107 radiomic features were obtained 
for each patient. Classification models were developed using random forest (RF) and cross-validation, including 
three one-versus-others models and one three-class model. For each model, features were ranked by normalized 
Gini importance, and a minimal subset was selected with a cumulative importance exceeding 0.9. These selected 
features were then used to train the final models. The models’ performance metrics, including area under the curve 
(AUC), accuracy, sensitivity, and specificity, were computed. AUC and accuracy were compared to determine the final 
optimal method.

Results The study comprised 193 patients (mean age 54 ± 11 years, 65 men), including 65 AIS, 54 MIA, and 74 IAC, 
divided into one training cohort (N = 154) and one test cohort (N = 39). The final three-class RF model outperformed 
three individual one-versus-others models in distinguishing each class from the other two. For the multiclass 
classification model, the AUC, accuracy, sensitivity, and specificity were 0.87, 0.79, 0.62, and 0.88 for AIS; 0.90, 0.79, 0.54, 
and 0.89 for MIA; and 0.87, 0.69, 0.73, and 0.67 for IAC, respectively.

Conclusions A radiomics-based multiclass RF model could effectively differentiate three types of pulmonary GGN, 
which enabled early diagnosis of GGO pulmonary adenocarcinoma.

Keywords Computed tomography, Machine learning, Radiomics, Ground-glass modules, Lung adenocarcinoma

Predicting invasion in early-stage ground-
glass opacity pulmonary adenocarcinoma: 
a radiomics-based machine learning approach
Junjie Bin1*†, Mei Wu2†, Meiyun Huang3, Yuguang Liao1, Yuli Yang1, Xianqiong Shi1 and Siqi Tao3

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12880-024-01421-2&domain=pdf&date_stamp=2024-9-12


Page 2 of 10Bin et al. BMC Medical Imaging          (2024) 24:240 

Introduction
Pulmonary adenocarcinoma is the most common form 
of primary lung carcinoma, with pulmonary ground-
glass nodules (GGNs) often observed in association [1, 
2]. Computed tomography (CT) is the standard imaging 
method for GGNs, which show a hazy opacity that does 
not obscure the underlying bronchial structures or pul-
monary vessels [3]. With advancements in CT technol-
ogy, thinner slice thickness allows for easier detection of 
small pulmonary nodules. The most common pathologi-
cal subtypes of pulmonary GGNs are adenocarcinoma in 
situ (AIS), minimally invasive adenocarcinoma (MIA), 
and invasive adenocarcinoma (IAC) [4–7]. The differ-
ent pathological subtypes of pulmonary adenocarcinoma 
are closely associated with treatment principles, surgical 
methods, and prognosis. Typically, pre-invasive pulmo-
nary adenocarcinoma undergoes limited wedge resec-
tion or segmental resection, while IAC usually requires 
lobectomy to reduce tumor recurrence [8, 9]. Therefore, 
accurate prediction of the various subtypes of early-
stage pulmonary adenocarcinoma is crucial. However, 
the early diagnosis of ground-glass opacity (GGO) pul-
monary adenocarcinoma remains a challenge in clinical 
situations due to its high histological complexity [10, 11]. 
Classification of GGNs is necessary for invasion predic-
tion and ensuring the patient receives the most appropri-
ate treatment.

Recently, there has been a surge in research on the 
diagnosis of pulmonary adenocarcinoma using CT and 
machine learning methods. Machine learning has dem-
onstrated significant results in biomedical research and 
is now extensively used in related fields [12–16]. It plays 
a crucial role in medical imaging applications, includ-
ing the detection and segmentation of lesions, as well as 
the diagnosis and assessment of diseases [17–31]. Amid 
these advancements, radiomics has emerged as a power-
ful tool, enabling the extraction of high-throughput data 
from large amounts of image features in radiographic 
images [32, 33]. Researches have shown a promising 
potential of radiomics methods using texture features 
for the evaluation of GGN invasion, such as attenuation, 
mass, kurtosis, and entropy [34, 35], and several recent 
studies in pulmonary adenocarcinoma have underscored 
the utility of radiomics methods in GGN diagnosis, using 
traditional machine learning methods or deep learning 
methods [36–42]. However, these studies have primar-
ily concentrated on distinguishing between benign and 
malignant, or invasive and noninvasive nodules, with-
out specifically discriminating among the three subtypes 
of AIS, MIA, and IAC. Considering previous relevant 
studies, we consider that employing machine learning 
methods that incorporate a wider selection of radiomics 
features is meaningful for classification of pulmonary 
GGNs.

Therefore, we collected CT data of 193 GGN patients 
in the present study and obtained 107 radiomics fea-
tures for each patient. 3 one-versus-others models, and 
1 model of three-class classification using random forest 
(RF) were developed to classify pulmonary GGNs, and 
features were selected for each model according to fea-
ture weights. The final classification model was a multi-
class classification model using 20 radiomics features, 
which could effectively predict invasion of early-stage 
GGNs.

The highlights of this study were as follows:

  • Integrating CT radiomics, random forest (RF) and 
feature selection based on Gini importance provides 
a promising solution for classification of AIS, MIA, 
and IAC.

  • A CT radiomics-based classification method using 
random forest (RF) was designed to predict invasion 
in early-stage GGNs (AUC 0.87, 95% CI: 0.70–0.98 
for AIS; AUC 0.90, 95% CI: 0.78–0.99 for MIA; and 
AUC 0.87, 95% CI: 0.73–0.96 for IAC, respectively).

  • The proposed CT radiomics and RF-based approach 
offers a rapid, non-invasive method for early 
diagnosis of GGNs.

The article was structured as follows: The Materials and 
Methods section detailed the study participants, image 
acquisition, and radiomics analysis, including prepro-
cessing, feature extraction and selection and model 
training processes, and statistical analyses. The Results 
section presented the feature selection results and the 
performance of the models. The Discussion section inter-
preted these findings, considering their implications and 
limitations. Finally, the Conclusion section summarized 
the key points and suggested potential areas for future 
research.

Materials and methods
Study participants
This retrospective study was approved by the institu-
tional review board of Huizhou Third People’s Hospital 
in accordance with local ethics procedures with a waiver 
for informed consent [2023-KY-014-01]. A total of 16,956 
patients with pulmonary GGN who were confirmed by 
surgical pathology at our hospital from January 2020 to 
December 2023 were identified, and 193 patients were 
included in the final analysis, including a training cohort 
(N = 154) of 52 AIS, 43 MIA and 59 IAC, and one test 
cohort (N = 39) of 13 AIS, 11 MIA and 15 IAC. The flow-
chart of inclusion and exclusion is shown in Fig.  1. The 
inclusion criteria were as follows: (a) pulmonary nodules 
with a maximum diameter ≥ 5 mm and ≤ 20 mm on base-
line CT; (b) partial lobectomy or segmentectomy per-
formed under thoracoscopy, with pathology confirming 
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either in AIS, MIA or IAC; (c) pulmonary nodules 
appearing as pure ground-glass opacity or part-solid 
ground-glass nodules on imaging. The exclusion crite-
ria were as follows: (a) multiple or diffuse lesions in the 
lungs; (b) poor image quality or significant artifacts pres-
ent; (c) solid component of ground-glass nodules ≥ 50%; 
(d) history of prior anti-tumor therapy, or metastasis of 
malignant tumors from other sites to the lungs. All the 
diagnoses were performed by two experts of lung disease 
in the neurology department. Patient characteristics are 
presented in Table 1.

Image acquisition
All the participants were scanned on a Discovery CT750 
HD scanner (GE Healthcare, Milwaukee, WI, USA) or 
Optima CT 680scanner (GE Healthcare, Milwaukee, 
WI, USA). CT scanning and reconstruction details are 
presented in Supplemental Table 1. The CT scan was 
performed within 1 month prior to surgery, ensuring 
complete clinical and pathological data. The scan range 
covered from the thoracic inlet to the lung bases. CT scan 
parameters were as follows: tube voltage: 120  kV, tube 
current: auto 120–500 mA, pitch ratio: 0.984:1, detector 
collimation: 64 × 0.625  mm, gantry rotation time: 0.5  s/
rotation, scan slice thickness: 5 mm, field of view: Large 
Body (50  cm aperture). The reconstruction slice thick-
ness was 0.625  mm, with a reconstruction matrix of 
512 × 512 and reconstruction algorithms of Stnd/Bone. 
The quality of CT images was checked by visual inspec-
tion, and images with significant motion artifacts or 
distortions were excluded. The pulmonary GGN lesions 
were manually delineated on the CT image by two expe-
rienced radiologists, by drawing region of interest (ROI) 
layer by layer along lesion’s contour.

Table 1 Demographic and clinical characteristics of the 
population
Patient Characteristic Male Female Total
Total 65 128 193
Mean age ± SD 55 ± 11 54 ± 10 54 ± 11
Group AIS 21 44 65

MIA 22 32 54
IAC 22 52 74

Abbreviations SD, standard deviation; AIS, adenocarcinoma in situ; MIA, 
minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma cancer

Fig. 1 Flowchart of patient inclusion and exclusion. Abbreviations: CT, computed tomography; AIS, adenocarcinoma in situ; MIA, minimally invasive 
adenocarcinoma; IAC, invasive adenocarcinoma cancer
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Radiomics analysis
The overall data analysis procedure of this study is shown 
in Supplemental Fig.  1. Before feature extraction, CT 
images and lesion ROIs of each patient underwent pre-
processing. The voxel dimensions were resampled to 
1 × 1 × 1  mm³ using a linear interpolation algorithm to 
standardize voxel spacing. Subsequently, Z-score normal-
ization was applied to standardize the CT image inten-
sities. Radiomics features were extracted using python 
package Pyradiomics [43]. 107 features were calculated 
in 7 classes (18 based on first order statistics, 14 shape-
based, 24 based on gray-level co-occurrence matrices 
(GLCM), 16 based on gray-level run length matrices 
(GLRLM), 16 based on gray-level size zone matrices 
(GLSZM), 14 based on gray level dependence matrices 
(GLDM), and 5 based on neighboring gray tone differ-
ence matrices (NGTDM)).

After extraction, the features were first selected using 
intraclass correlation coefficient (ICC). ICC was calcu-
lated on each pair of two features, and the ones with a 
value larger than 0.8 were removed. The selected features 
were normalized to 0 to 1 before input to train 4 models 
in total, including 3 models of one-versus-others, and 1 
model of three-class classification. The predictive mod-
els were developed with scikit-learn package using RF 
[44]. 5-fold cross-validation and elastic net regularization 
were used for hyperparameter optimization. For each 
trained model, the Gini importance was calculated for 
each feature. Specifically, for each feature, we computed 
its weighted average decrease of Gini coefficient across 
all node splits in the trees, and then normalization was 
performed to obtain the relative feature weight. Subse-
quently, features were sorted in descending order based 
on their weights, and a feature subset was then selected 
where the cumulative weight exceeded 0.9. The selected 
features of each model were used to train a new model 
for one-versus-others or three-class classification.

Statistical analyses
Pandas and scikit-learn packages were used for statisti-
cal analyses. ICC was calculated on each two features for 
dimension reduction. For each predictive model, diag-
nostic metrics including area under the curve (AUC), 
accuracy, sensitivity and specificity were calculated. AUC 
represents the ability of the model to distinguish between 
two classes, with a higher AUC indicating better perfor-
mance. Sensitivity represents the model’s ability to cor-
rectly identify positive cases, and specificity refers to its 
ability to correctly identify negative cases. Diagnostic 
metrics of the three-class classification model were com-
puted individually for each class. The final classification 
strategy was determined based on the superior model for 
each subtype. For AIS, MIA and IAC separately, we com-
pared the accuracy of the three-class classification model 

and the individual one-vs-others model, to determine 
which model is better for identifying each subtype. If the 
accuracies were equal, we further compared the AUC 
values to determine the superior model.

Results
Feature selection
107 radiomics features were screened by ICC to remove 
those with a value larger than 0.8. The correlation results 
of 29 features screened are represented by feature heat-
map (Fig.  2). Details of the features are presented in 
Supplemental Table 2. The features were then selected by 
feature weights of RF models. 20 most important features 
of three-class model, 12 of AIS versus others, 17 of MIA 
versus others, 13 of IAC versus others were selected. The 
names and weights of the 10 most important features for 
training each new model are shown in Fig. 3. The com-
plete selected feature list is presented in Supplemental 
Table 3.

Model performance
The diagnostic metrics of all classification models are 
shown in Table 2, and Fig. 4 illustrates the corresponding 
receiver operating characteristic (ROC) curves. For the 
three-class model to distinguish AIS, the AUC, accuracy, 
sensitivity and specificity were 0.87, 0.79, 0.62 and 0.88, 
respectively. Although the accuracy was comparable to 
that of the AIS versus others model, the AUC slightly sur-
passed it. In the case of MIA classification, the three-class 
model achieved an AUC of 0.90, accuracy of 0.79, sensi-
tivity of 0.54, and specificity of 0.89, significantly outper-
forming the MIA versus others model in both accuracy 
and AUC. Similarly, for IAC classification, the three-class 
model exhibited an AUC of 0.87, accuracy of 0.69, sensi-
tivity of 0.73, and specificity of 0.67. While the accuracy 
was similar to that of the IAC versus others model, the 
AUC was higher. The three-class model was selected as 
the final classification model, which simultaneously clas-
sified AIS, MIA and AIC with an accuracy of 0.64.

Discussion
Our study designed and evaluated a radiomics-based 
machine learning method of pulmonary GGN classifica-
tion to predict invasion in early-stage GGO pulmonary 
adenocarcinoma. In 193 patients with pulmonary GGN, 
the radiomic-based RF model was able to significantly 
distinguish among the 3 subtypes, AIS, MIA and IAC. In 
addition, the performance of three-class model surpassed 
that of using individual binary classification models, 
which suggested that simultaneous classification of the 
three subtypes using the same set of radiomics features 
was feasible.

Feature selection results revealed that first-order 
maximum, first-order energy and least axis length were 
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associated with GGN progression, consistently appear-
ing in selected features of the four models. First-order 
maximum and energy reflect the maximum intensity 
and uniformity of distribution within the ROI on CT 
images, and least axis length partially reflects the size 
of the ROI. Since on CT images, IAC nodules typically 
manifest as larger and contain more solid components, 
our results were consistent with established definitions 
and prior research findings [4–7, 45]. According to pre-
vious studies, the heterogeneity observed in malignant 
tumors results from various tissue structural changes 
such as uneven cell density distribution, hemorrhage, 
necrosis, and mucinous degeneration [46]. However, 
due to overlapping radiological features among patho-
logical subtypes, distinguishing between AIS, IAC, and 
MIA remains a challenge. Visual assessment alone may 
not suffice to identify subtle changes in IAC or to differ-
entiate between IAC and MIA. The high-order features 
identified in the feature selection results were primarily 
GLRLM features, such as Run Length Non-Uniformity, 
Long Run High Gray-Level Emphasis and Short Run 
High Gray-Level Emphasis. The GLRLM evaluates the 
discrete distribution of gray levels in an image or stack 
of images [47]. It describes the roughness or smooth-
ness of the image, reflecting the heterogeneity of tumors. 

Previous studies have also reported that IAC tends to 
exhibit greater heterogeneity on CT images compared 
to pre-invasive lesions [48]. Therefore, our study results 
indicated that GLRLM features, as indicators of hetero-
geneity, are valuable for assessing the invasiveness of 
GGNs.

Over the last few years, radiomics based on CT data 
has been widely applied in the study of ground glass 
nodules [34, 35]. Radiomics has been demonstrated to 
unearth features and patterns within large volumes of 
imaging data, offering information of both phenotype 
and microenvironment of lesions [32, 33]. Furthermore, 
machine learning methods have also been applied in this 
field for the diagnosis or prediction of GGNs [36–39, 41, 
49]. Shi et al. employed the minimum redundancy maxi-
mum relevance (mRMR) feature ranking method and the 
least absolute shrinkage and selection operator (LASSO) 
for feature selection, along with a multivariable logistic 
model, to construct a radiomics model for classifying the 
differentiation of noninvasive lesions and IACs, achiev-
ing an AUC performance of 0.805 [50]. Similarly, Zheng 
et al. utilized a comparable approach to Shi’s method to 
develop a radiomics model for distinguishing between 
IAC and non-IAC lesions, achieving an AUC perfor-
mance of 0.79 in the test set [51]. Feng et al. applied 

Fig. 2 The correlation results of 29 screened radiomics features with intraclass correlation coefficient (ICC) lower than 0.8. Those features with ICC larger 
than 0.8 were excluded in screening. The rows and columns represent individual features, while each cell shows ICC between the corresponding pair 
of features. The color gradient indicates the strength and direction of correlation: red denotes a positive correlation, and blue represents a negative 
correlation
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LASSO and multivariate backward stepwise regression 
analysis to classify IAC and noninvasive lesions, resulting 
in a radiomics model with an AUC of 0.814 [52]. These 
studies have collectively demonstrated the discriminative 
value of CT radiomics features for distinguishing GGNs 
of different invasiveness. However, research specifically 
aimed at differentiating the three subtypes of GGO pul-
monary adenocarcinoma is limited. More attention has 
been focused on discriminating between benign and 
malignant GGNs. Therefore, a systematic and objective 

differential diagnosis method must be urgently devel-
oped. Furthermore, the results of these studies are not 
entirely consistent.

In our study, we collected 107 radiomics features of 
7 classes, including first order statistics, shape-based, 
GLCM, GLRLM, GLSZM, GLDM, and NGTDM. When 
combined with feature selection and machine learning 
methods, this approach yields straightforward and effec-
tive classification models. Random forest is an algorithm 
that consists of multiple decision trees through ensemble 
learning, fundamentally belonging to the ensemble learn-
ing methods in machine learning. Its results typically 
demonstrate higher accuracy and generalization per-
formance, making it suitable for predicting disease risks 
and patient susceptibility [41, 53]. Compared to meth-
ods such as support vector machine, back propagation, 
and K-nearest neighbors, RF method has a reduced risk 
of overfitting by combining predictions from multiple 
trees, and is more effective for high-dimensional data, 
such as radiomics data. Additionally, RF provides feature 
importance scores that help identify the features most 
contributing to model predictions. According to previ-
ous radiomics studies, among machine learning methods 
such as random forests, neural networks, linear regres-
sion, logistic regression, and least absolute shrinkage 
and selection operator, etc., the random forest classifi-
cation method had the highest prognostic performance 

Table 2 Performance of RF classification models
Outcome Measure AUC Sensitivity Specificity Accuracy
3-class model,
classifying AIS

0.87
(0.70–0.98)

0.62
(0.33–0.87)

0.88
(0.75-1)

0.79
(0.67–0.90)

3-class model,
classifying MIA

0.90
(0.78–0.99)

0.54
(0.22–0.83)

0.89
(0.76-1)

0.79
(0.67–0.90)

3-class model,
classifying IAC

0.87
(0.73–0.96)

0.73
(0.5–0.94)

0.67
(0.45–0.86)

0.69
(0.56–0.82)

AIS vs. others
model

0.86
(0.72–0.97)

0.62
(0.36–0.89)

0.88
(0.75-1)

0.79
(0.67–0.92)

MIA vs. others
model

0.44
(0.26–0.62)

0.18
(0-0.44)

0.71
(0.53–0.88)

0.56
(0.41–0.72)

IAC vs. others
model

0.82
(0.67–0.94)

0.80
(0.56-1)

0.62
(0.42–0.81)

0.69
(0.54–0.82)

Note 95% confidence intervals are presented in parentheses

Abbreviations AUC, area under curve; AIS, adenocarcinoma in situ; MIA, minimally 
invasive adenocarcinoma; IAC, invasive adenocarcinoma cancer

Fig. 3 The 10 most important feature names and weights selected for diagnosis models (a) three-class model (b) AIS versus others (c) MIA versus others 
(d) IAC versus others. Abbreviations: AIS, adenocarcinoma in situ; MIA, minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma cancer
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[33]. Mayerhoefer et al. also noted in their article that 
while training convolutional neural networks on images 
for diagnosis outperforms feature selection methods, the 
limitation is that convolutional neural networks require 
excessive amounts of training data, making them unsuit-
able for limited datasets [54]. Several prior studies have 
focused solely on low-order features. For instance, Lee et 
al. discovered that characteristics such as smaller lesion 
size, smaller solid proportion, non-lobulated border, and 
non-spiculated margin were significant discriminators 
between IAC and preinvasive lesions [36]. Meng et al. 
pointed out in their study that assessing the invasiveness 
of GGN based on morphological categorical variables 
is not entirely reliable [55]. Some researchers have inte-
grated whole-image features and clinical data alongside 
radiomics features in benign and malignant GGN classi-
fication efforts. However, these studies reported no sig-
nificant improvement in model performance [56, 57]. Wu 
et al. also mentioned in their research that the addition 
of clinical features to the radiomics model did not yield 
a significant increase in accuracy but led to poor calibra-
tion [58]. Therefore, to obtain a more effective combina-
tion of radiomics features, we computed a wide range of 
higher-order texture parameters in our study, which can 
reflect the characteristics of lesion images across various 
dimensions to capture their heterogeneity more compre-
hensively [59].

Our results indicate that larger range of lesion features 
such as GLDM and GLRLM provide additional diagnos-
tic and predictive value for GGN lesions. In addition, the 
performance of the three-class model surpassed that of 
the binary classification models, which may be attrib-
uted to several reasons. Firstly, the majority of features 
selected by the binary classification models were similar, 

and the high-weight features were also included in the 
features selected by the three-class model. Therefore, 
the three-class model could achieve classification per-
formance at least comparable to three binary classifica-
tion models. Secondly, apart from these similar features, 
the three-class model selected a few features that were 
not selected by the binary classification models, which 
might serve to enhance the model. Thirdly, treating two 
classes with different degrees of invasiveness as the same 
category in the binary classification models might lead 
to unsatisfactory classification results. For the three sub-
types of GGN, it typically progresses from AIS to MIA, 
and then to IAC. In the MIA vs. others model, the two 
subtypes which have different malignancy levels, AIS and 
IAC, are combined into one class. This could confuse 
the model, making it difficult to recognize feature differ-
ences and determine classification boundaries, leading to 
reduced classification performance.

Based on the results, the reason for the misclassified 
cases was mainly the similarity of the images. In most 
of the misclassified cases, the nodules had similar imag-
ing features, appearing as clustered low-density nodular 
shadows. Subtype classification of GGNs is inherently 
challenging in clinical situations, due to their histologi-
cal complexity [10, 11]. The difficulty mainly lies in dis-
tinguishing between MIA and IAC, which often requires 
histopathological confirmation to reach a definitive con-
clusion, and it accounted for the majority of misclassi-
fied cases. This is consistent with previous related studies 
[60].

There were several limitations in our study. Firstly, it 
was a single-center retrospective study, which may intro-
duce selection bias and limit the generalizability of our 
findings. The classification models remain to be validated 

Fig. 4 ROC curve of the final RF classification models (a) the three-class model and AUC calculated for each class (b) the 3 one-versus-others models and 
AUC. Abbreviations ROC, receiver operating characteristic; RF, random forest; AUC, area under curve; AIS, adenocarcinoma in situ; MIA, minimally invasive 
adenocarcinoma; IAC, invasive adenocarcinoma cancer
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with larger external datasets. Secondly, the manual delin-
eation of GGN lesions could introduce subjective errors 
and variability. Therefore, using a CNN segmentation 
model, such as those employed in some studies [61, 62], 
for lesion segmentation might be worth exploring. How-
ever, the actual performance of these models also needs 
further validation. Thirdly, the sample size was relatively 
small, which could lead to instability in the performance 
of the models. Despite the limitation of the current 
data, our proposed method achieved AUC of 0.87, 0.90, 
0.87 for the 3 classes AIS, MIA and IAC, underscoring 
its potential value in clinical practice. Additionally, we 
employed feature selection and cross-validation tech-
niques to enhance the robustness of our models. Further 
work included enlarging the sample size and reducing 
inter-observer variability in segmentation by automated 
or semi-automated methods.

Conclusions
Our study proposed a radiomics-based method for 
prediction of invasion in early-stage GGO pulmonary 
adenocarcinoma. The final method was a three-class 
classification RF model using 20 radiomics features. The 
selected features included low-order features, such as 
first-order maximum and first-order energy, and high-
order features, including Run Length Non-Uniformity, 
Dependence Variance, etc. The AUC of the model was 
0.87(95% CI: 0.70–0.98) for AIS, 0.90(95% CI: 0.78–0.99) 
for MIA, and 0.87(95% CI: 0.73–0.96) for IAC, respec-
tively. Accuracy for multiclass classification of AIS/MIA/
IAC was 0.64. The AUC for classification of IAC was 
comparable to or higher than those reported in studies 
those distinguished IAC from non-IAC lesions.

This study, conducted on a limited dataset, achieved 
acceptable predictive performance, demonstrating that 
integrating CT radiomics, RF, and Gini importance-
based feature selection provides a promising solution for 
classifying AIS, MIA, and IAC. This approach addressed 
the shortcomings of previous studies that have predomi-
nantly focused on binary classification models with low-
order texture features and have seldom explored the 
differentiation of these three subtypes.

The aim of this study was to design a straightforward 
pipeline for distinguishing among the three GGN sub-
types to predict invasiveness. The proposed method and 
selected features enabled efficient classification of GGNs, 
offering a promising approach for quick, non-invasive 
early diagnosis of pulmonary adenocarcinoma with 
GGNs, making it potentially suitable for clinical applica-
tion and capable of enhancing diagnostic efficiency.

Abbreviations
GGN  Ground Glass Nodule
GGO  Ground Glass Opacity
AIS   Adenocarcinoma in Situ

MIA   Minimally Invasive Adenocarcinoma
IAC   Invasive Adenocarcinoma Cancer
RF   Random Forest
AUC   Area Under the Curve
CT   Computed Tomography
ROI   Region of Interest
GLCM   Gray-Level Co-Occurrence Matrices
GLRLM   Gray-Level Run Length Matrices
GLSZM   Gray-Level Size Zone Matrices
GLDM   Gray Level Dependence Matrices
NGTDM   Neighboring Gray Tone Difference Matrices
ICC   Intraclass Correlation Coefficient
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