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Purpose: This study aimed to construct a risk prediction model based on radiomics, circulating tumor cells (CTCs), and dual-center
clinical data to predict the invasiveness of lung adenocarcinoma, specifically for discriminating between minimally invasive
adenocarcinoma (MIA) and invasive adenocarcinoma (IAC). The clinical value of this model in the precise diagnosis of early-stage
lung adenocarcinoma was investigated to provide a reference for formulating reasonable treatment plans.

Patients and Methods: Clinical data, imaging data, CTCs, and pathological information from 202 patients with lung
adenocarcinoma were retrospectively collected and analyzed from two medical centers between May 2022 and July 2023.
The 146 cases from medical center 1 were randomly divided into a development set and an internal test set at a 3:2 ratio. The
56 cases from medical center 2 served as an external validation set. Machine learning was employed to analyze preoperative
CTC counts and CT radiomic features. A feature selection method based on LASSO regression (with A determined by the
minimum criterion) was used to screen out 12 radiomic features. These features were subsequently incorporated into logistic
regression to construct three prediction models: (1) a radiomics model based on radiomic features; (2) a CTCs-clinical data
model based on the total development set; and (3) a composite clinical data-radiomics-CTCs model integrating the former two.
The optimal model was selected to construct a nomogram. Its goodness-of-fit was assessed using a calibration curve (Hosmer-
Lemeshow goodness-of-fit test), and its predictive performance was validated in the external validation set.

Results: A total of 107 radiomic features were extracted and categorized into 7 groups: 18 (16.8%) first-order features, 24 (22.4%) gray-
level co-occurrence matrix (GLCM) features, 14 (13.1%) gray-level dependence matrix (GLDM) features, 16 (15.0%) each for gray-level
run length matrix (GLRLM) and gray-level size zone matrix (GLSZM) features, 5 (4.7%) neighboring gray-tone difference matrix
(NGTDM) features, and the remaining (13.1%) were shape-based features. In the total development set, significant differences were
observed in clinical-imaging semantic features including CEA, CK19, CTC count, and lesion diameter, which were used to construct the
clinical model. The area under the curve (AUC) for the radiomics model was 0.896 95% CI:0.832-0.960. The CTCs-clinical model
demonstrated superior performance AUC:0.960, 95% CI:0.926-0.994. The composite clinical-radiomics-CTCs model showed the highest
predictive accuracy AUC:0.980, 95% CI:0.960—1.000. According to decision curve analysis and the Akaike information criterion, the
composite clinical-radiomics-CTCs model outperformed any single clinical or radiomic feature in terms of clinical predictive capability.
Conclusion: For assessing the invasiveness of early-stage lung adenocarcinoma, the radiomics approach can effectively discriminate
between MIA and IAC. However, compared to single-modality methods, the composite clinical-radiomics-CTCs model offers a novel
auxiliary diagnostic method for evaluating the risk of invasiveness in early-stage lung cancer.
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Introduction

Lung cancer remains the leading cause of cancer-related mortality worldwide, with approximately 2.48 million new cases
and 1.8 million deaths reported in 2022." This number is projected to increase to 4-62 million new cases and 3-55 million
deaths by 2050 if current trends persist.” The disease has a multifactorial etiology, with established risk factors
encompassing tobacco consumption, airborne pollutants, genetic predisposition, and broader environmental exposures.’
Despite advances in low-dose Computed tomography (LDCT) screening, which have reduced late-stage diagnoses by
20-25%, nearly 30% of subcentimeter pulmonary nodules exhibit invasive histopathology upon resection.* The diag-
nostic accuracy of current paradigms relying on tumor size and FDG-PET findings remains limited (Area under the ROC
curve, AUC = 0.73) for predicting invasiveness, leading to overtreatment in 15-20% of cases.” Liquid biopsy approaches
such as ctDNA analysis exhibit only 50-60% sensitivity in early-stage disease, and cost barriers further limit their
widespread adoption.® This diagnostic uncertainty underscores the urgent need for more advanced biomarkers.

CT imaging plays a crucial role in distinguishing benign from malignant pulmonary nodules by analyzing high-
throughput image features such as texture, shape, and gray-level distribution, often supported by machine learning
algorithms.” Recent studies suggest that integrating multimodal radiomic models with clinical or genomic data can
further improve diagnostic specificity.® For example, Li et al combined CT radiomic features with smoking history to
develop a model that achieved an AUC of 0.872 in an independent cohort, representing a 22% improvement over
conventional CT.” The integration of deep learning and radiomics is also progressing; for instance, Li et al employed
a three-dimensional (3D) deep convolutional neural network (CNN) to extract spatiotemporal features from subsolid
nodules. This approach yielded superior predictive performance for malignancy, demonstrating enhanced sensitivity and
specificity.'® Nevertheless, challenges remain, including the need for image standardization, risks of overfitting due to
limited sample sizes, and limited biological interpretability.

Circulating tumor cells (CTCs) analysis, a minimally invasive form of liquid biopsy, shows promise in discriminating
benign from malignant lung nodules for early lung cancer detection.'' CTCs detection demonstrates higher AUC (93%)
than conventional serum biomarkers such as CEA (70%), particularly for indeterminate nodules (8—30 mm) where PET-
CT accuracy is limited.'*'> Wang et al reported that combining CTC counts with gene mutation detection helped
differentiate inflammatory from malignant nodules, offering particular benefit for subcentimeter nodules not amenable to
biopsy.'* The in vivo CellCollector®™ platform improves detection sensitivity by minimizing cell loss associated with
conventional blood-draw methods.'® This study investigates the utility of integrating CTCs data with artificial intelli-
gence for assessing pulmonary nodule malignancy, thereby providing insights to support clinical decision-making.

The acquisition of invasiveness in lung adenocarcinoma is fundamentally driven by specific molecular events, such as
gene mutations (eg., TP53, KRAS) and epithelial-mesenchymal transition (EMT).'®'® These molecular alterations not
only lead to the loss of tumor cell adhesion and enhanced motility, facilitating their detachment into the bloodstream to
form CTCs, but also trigger tumor microvascular proliferation and stromal remodeling. These pathological changes
manifest as imaging features like spiculation and solid components on CT. Therefore, CT radiomics can non-invasively
capture the macroscopic invasive phenotype of the tumor as a whole, while CTC analysis provides direct molecular
evidence of invasive behavior at the single-cell level.'>* Integrating these two modalities to establish a multi-modal
fusion model enables a comprehensive deconstruction of lung adenocarcinoma invasiveness from the macroscopic to the
microscopic scale. This approach is expected to significantly improve prediction accuracy and provide a more reliable
basis for clinical decision-making regarding early intervention.

Study Cohort and Methods
Study Cohort

This retrospective multicenter study consecutively enrolled patients with pulmonary nodules who underwent surgical
resection at two tertiary institutions in Shijiazhuang, China, between May 2022 and July 2023: The Hebei General Hospital
(n=119) and The Second Hospital of Hebei Medical University (n = 56). Inclusion criteria were as follows: 1. Complete
clinical documentation; 2. Histopathological confirmation following curative resection; 3. Preoperative CTC analysis using
the FDA-cleared CellCollector system (GILUPI GmbH); 4. Availability of diagnostic-quality high-resolution CT (HRCT)
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scans obtained within one week before surgery, showing nodules <3.0 cm in maximum diameter; 5. Quantitative radiomic
risk stratification using a validated machine learning algorithm.

Exclusion criteria were: 1. Suboptimal CT image quality precluding radiomic analysis; 2. Pathologically confirmed
carcinoma in situ or benign lesions; 3. Absolute surgical contraindications; 4. Pulmonary metastases from extrathoracic
malignancies. After rigorous screening, 175 eligible subjects were included in the final cohort.

Comprehensive clinical parameters were systematically collected, including demographic characteristics (sex, age),
medical history, smoking status, and serum tumor biomarkers such as carcinoembryonic antigen (CEA), neuron-specific
enolase (NSE), cytokeratin 19 fragment (CK19), and squamous cell carcinoma antigen (SCC-Ag). Lesion diameters were
categorized into four groups: TO: 610 mm; T1: 11-20 mm; T2: 21-25 mm; T3: 26-30 mm.

The study received ethical approval from the institutional review boards (IRB-2022-LN012), and the requirement for
informed consent was waived due to the retrospective design. All data were anonymized and handled in accordance with
the principles of the Declaration of Helsinki.

Methods

In vivo CTCs Detection Using Cell Collector

CTC isolation was performed using the CellCollector system (GILUPI GmbH), an in vitro diagnostic device that uses an
antibody-functionalized venous capture technique. The device comprises a medical-grade stainless-steel wire (0.5 mm in
diameter) with a 20-mm bioactive segment coated with EpCAM-specific monoclonal antibodies embedded in a hydrogel
polymer matrix to maintain cellular viability during ex vivo processing. The wire was inserted into the antecubital vein
via a 20-gauge intravenous cannula. The bioactive segment remained intravascular for exactly 30 minutes to allow
specific antigen-antibody interaction with circulating epithelial-derived malignant cells. Cells that were EpCAM/CK-
positive, nuclear-positive, and CD45-negative were identified as CTCs.

Image Acquisition

All patients underwent standard multi-slice spiral CT scans using either a Siemens Somatom Definition Flash system
(Siemens Healthineers, Erlangen, Germany) or a GE Revolution Discovery CT 750 HD system (GE Healthcare, Chicago,
IL, USA). Scans were performed with patients in the supine position during breath-hold. The protocol covered the region
from the thoracic inlet to the adrenal glands. Thin-section lung window images were reconstructed using standard
algorithms with a slice thickness of 1.0 mm or 1.25 mm. All images were saved in DICOM format for subsequent
analysis.

Nodule Segmentation and Radiomic Feature Selection

The collected original thin-slice chest CT images were preprocessed. Resampling was performed to achieve a uniform
voxel size of 1*¥1*1, with a window width of 1500 HU and a window level of =500 HU. Two radiologists, blinded to the
pathological results, independently manually delineated the volume of interest (VOI) for each pulmonary nodule using
ITK-SNAP software. Care was taken to avoid including blood vessels, bronchi, adjacent pleura, and atelectatic tissue. In
this study, consistency analysis was performed on the independent segmentation results from the two radiologists. The
stability of the extracted features was assessed using the Intraclass Correlation Coefficient (ICC). Features with an ICC
value > 0.75 were considered to have good consistency, and only these features were retained for subsequent model
construction.

Model Construction

The original radiomic features were initially screened using the maximum-relevance and minimum-redundancy (mRMR)
algorithm. The objective was to maximize the mutual information between the features and the target variable (ie.,
maximum relevance) while minimizing the average mutual information within the feature subset (ie., minimum
redundancy). Subsequently, the least absolute shrinkage and selection operator (LASSO) algorithm (implemented via
the scikit-learn toolkit in Python) was employed to select the radiomic features with the most significant predictive
power. LASSO is a linear regression method that incorporates an L1 regularization term into the regression model’s loss
function, which forces some feature coefficients to shrink to zero, thereby achieving variable selection and mitigating
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overfitting. For the features selected by mRMR, Lasso regression was further applied for refined selection and coefficient
shrinkage. Features with non-zero coefficients from the Lasso regression were retained. Using these coefficients as
weights, a linear weighted combination of the standardized feature values was calculated to derive a radiomics score
(Rad-score) for each patient. A logistic regression model was then constructed based on the Rad-score. Clinical variables
with p < 0.05 were incorporated into a multivariate logistic regression to identify significant predictors. These predictors
were used to develop a clinical model. Finally, a combined model integrating both radiomic and clinical features was
constructed.

Nested cross-validation was implemented in the development set to further reduce the risk of overfitting, with an
outer loop for model evaluation and an inner loop for hyperparameter optimization. A five-fold cross-validation was used
in the outer loop to assess model generalization performance, while another five-fold cross-validation was conducted in
the inner loop for hyperparameter tuning. The optimal parameters determined during the inner cross-validation process
were used only for model building within the current outer fold, and the outer validation data were not involved in the
parameter search. To ensure the reproducibility of the experimental results, a fixed random seed (seed=42) was set for all
models. Furthermore, the stability and clinical utility of the models were further evaluated using calibration curves and
decision curve analysis.

Nomogram

Statistically significant risk factors identified through univariate logistic regression were included in a multivariate
analysis to develop clinical and combined models. A nomogram was constructed to visualize the combined model,
assess variable importance, and estimate prediction accuracy. Calibration was evaluated using calibration curves and the
Hosmer-Lemeshow test, while clinical utility was assessed via decision curve analysis.

Statistical Analysis
Image preprocessing and region of interest (ROI) delineation were performed using ITK-SNAP Version 3.8.0. Radiomic
feature extraction was conducted using PyRadiomics Version 3.0.1. The construction and analysis of machine learning
models in this study were completed in a Python 3.8.10 environment. Model implementation was based on the open-
source machine learning libraries Scikit-learn (version 1.1.3), LightGBM (version 3.3.5), and XGBoost (version 1.6.0).
Normality tests were performed for continuous variables. Normally distributed continuous data are presented as mean
+ standard deviation, while non-normally distributed continuous data are presented as median (range). For comparisons
between the MIA and IAC groups, the Mann—Whitney U-test or independent ¢-test was used to assess differences in data
distribution. Categorical variables were compared using the chi-square test. A p-value < 0.05 was considered statistically
significant for all analyses in this study.

Results
Patient Cohort Analysis

A total of 202 patients with early-stage lung adenocarcinoma of varying invasiveness were enrolled from two medical
centers. Medical Center 1 (n=146) comprised 39 males and 107 females. Twenty patients had a history of smoking, while
126 did not. Significant differences (P<0.05) were observed among the groups in terms of CEA, CK19, CTC count, and
lesion diameter, as detailed in Table 1. Medical Center 2 (n=56) served as the external test set, which included 49 cases
(87.5%) of invasive adenocarcinoma (IAC) and 7 cases (12.5%) of minimally invasive adenocarcinoma (MIA). Based on
the development set, the features demonstrating significant differences were identified as clinical risk factors for
predicting the invasive risk of early-stage lung adenocarcinoma and were used to construct a clinical prediction
model. Table 2 displays the Spearman correlation coefficients following multivariate analysis. Figure 1 summarizes
the performance of machine learning models applied to the clinical data, including Logistic Regression (LR), Support
Vector Machine (SVM), K-Nearest Neighbors (KNN), Random Forest, Extra Trees, XGBoost, LightGBM, and
Multilayer Perceptron (MLP). All these models demonstrated favorable performance.
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Table | Association of Clinicopathological Characteristics in |75 LUAD Patients

Feature Training Cohort Testing Cohort

All (n=88) | MIA (n=48) | IAC (n=40) | P-val | All (n=58) | MIA (n=13) | IAC (n=10) | P-val
Age 57.82+9.52 | 57.12%+10.35 58.65+8.46 0.457 | 57.28+10.59 | 52.52+8.90 59.97+10.62 | 0.009
CEA 7.55+26.85 2.26x1.63 13.90£39.11 0.04 4.27+3.34 2.75+1.22 5.13+3.84 0.017
NSE 12.27+2.84 11.73£2.22 12.92+3.36 0.084 11.55+2.08 10.46+1.47 12.16£2.13 | 0.002
CK19 2.05%1.13 2.16+0.84 1.92+1.41 0.019 2.30+1.28 1.87+0.64 2.54+1.48 0.336
SCCA 1.50+1.58 1.19£0.61 1.88+2.19 0.067 2.06+0.86 2.08+0.81 2.05+0.89 0.846
CTCs 1.20x1.62 0.21+0.41 2.40%1.72 <0.001 0.62+0.88 0.48+0.60 0.70+1.00 0.688
Gender 0.213 0.561
Female 64(72.73) 38(79.17) 26(65.00) 43(74.14) 17(80.95) 26(70.27)
Male 24(27.27) 10(20.83) 14(35.00) 15(25.86) 4(19.05) 11(29.73)
Family 1.0 0.716
No 67(76.14) 37(77.08) 30(75.00) 44(75.86) 17(80.95) 27(72.97) 0
Yes 21(23.86) 11(22.92) 10(25.00) 14(24.14) 4(19.05) 10(27.03) |
Smoking 0.057 0.753
No 76(86.36) 45(93.75) 31(77.50) 50(86.21) 19(90.48) 31(83.78)
Yes 12(13.64) 3(6.25) 9(22.50) 8(13.79) 2(9.52) 6(16.22)
T <0.001 0.104
0 18(20.45) 15(31.25) 3(7.50) 10(17.24) 4(19.05) 6(16.22)
| 42(47.73) 32(66.67) 10(25.00) 29(50.00) 13(61.90) 16(43.24)
2 16(18.18) 1(2.08) 15(37.50) 10(17.24) 4(19.05) 6(16.22)
3 12(13.64) Null 12(30.00) 9(15.52) Null 9(24.32)

Abbreviations: CEA, carcinoembryonic antigen; NSE, neuron-specific enolase; CK19, cytokeratin 19 fragment; SCC, squamous cell carcinoma

antigen.

Table 2 Univariate and Multivariate Logistic Analysis of Clinical Data

Univariate Logistic Analysis
Feature | Log(OR) | Lower Upper OR OR Lower | OR Upper | p_val
95% Cl | 95% CI 95% CI 95% CI
Gender 0.336 —0.345 1.018 1.400 0.708 2.768 0416
Age —0.003 —0.009 0.003 0.997 0.991 1.003 0.472
Family —0.095 —0.814 0.623 0.909 0.443 1.865 0.827
Smoking 1.099 0.002 2.195 3.000 1.002 8.980 0.099
CEA 0.046 —0.016 0.109 1.047 0.984 1.115 0.223
SCCA 0.095 —0.083 0.272 1.099 0.920 1313 0.380
NSE —0.007 —0.034 0.021 0.993 0.967 1.021 0.697
CKI9 —0.114 —0.267 0.039 0.892 0.766 1.040 0.220
CTC 0.943 0.486 1.401 2.569 1.626 4.059 0.001
T 0.426 0.172 0.680 1.531 1.188 1.974 0.006
Multivariate logistic Analysis
Feature | Log(OR) | Lower Upper OR OR lower | OR upper | p_val
95% ClI | 95% CI 95% CI 95% CI
T —0.602 -1.107 —0.096 | 0.548 0.331 0.908 0.050
CTC 1.667 0814 2.520 5.296 2.257 12.429 0.001
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Figure | Performance of machine learning models in clinical data.

Radiomics Results

A total of 107 radiomic features were extracted and categorized into seven groups, including 18 first-order features, 24
gray-level co-occurrence matrix (GLCM) features, 14 gray-level dependence matrix (GLDM) features, 16 gray-level run
length matrix (GLRLM) features, 16 gray-level size zone matrix (GLSZM) features, 5 neighboring gray tone difference
matrix (NGTDM) features, and the remaining shape-based features. All features were extracted using the internal
analysis procedures of PyRadiomics (http:/pyradiomics.readthedocs.io) to ensure accuracy and reliability. Figure 2

presents the P-values corresponding to all features. Within the range of P < 0.2, various radiomic features demonstrated
a certain degree of convergence and homogeneity. Figure 3 displays the matrix obtained from phase clustering analysis
under different correlation coefficient conditions, representing the pairwise correlations among all 107 features. The color
variation within the matrix is closely associated with the data information in the two-dimensional matrix or table Darker
colors indicate positive correlations, while lighter colors indicate negative correlations. The intensity of the color reflects
the magnitude of the coefficient value, with darker shades representing stronger correlations, indicating that the
correlation coefficient is closer to 1. As shown in Figure 4, the correlations among various clinical features can be
observed at the intersections of the horizontal and vertical coordinates.

The construction of the Lasso regression model involved screening non-zero coefficients to establish a radiomic feature
score. The results of the regression model and the mean standard error (MSE) after ten-fold cross-validation are shown in
Figures 5 and 6, respectively, with A=0.0391. The most significant radiomic features included original_firstorder 10Percentile
and original firstorder 90Percentile. The dimensionality-reduced feature set was used for machine learning modeling,
following the same model selection process as the clinical feature model (Figure 7). The area under the curve (AUC) for
the LR model was 0.896 (95% CI: 0.832—0.960). Figure 8 presents the accuracy curves for the development and validation
sets.

The most significant radiomic features included original firstorder 10Percentile and original firstorder 90Percentile.
The feature set after dimensionality reduction was used for machine learning modeling, following the same model
selection process as that for the clinical feature model (Figure 7). The AUC of the LR model was 0.896 (95% CI:
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Figure 2 Violin plots of radiomics signatures.

0.832-0.960). Figure 8 presents the accuracy curves for the development and validation sets. After a comprehensive
comparison of the predictive performance and stability of multiple models, the LR model demonstrated stable perfor-
mance in the independent test set, along with good interpretability and clinical applicability, and was therefore selected as
the final prediction model.

Nomogram Construction

A nomogram was constructed to predict the invasiveness of lung adenocarcinoma by integrating clinical, radiomic, and
circulating tumor cell (CTC) features (Figure 9). The area under the curve (AUC) of this nomogram was 0.980 (95% CI:
0.960-1.000) in the development set (Figure 10A). The AUC for external validation was 0.967 (95% CI: 0.960—1.000)
(Figure 10B). The calibration curves demonstrated good agreement between the predicted and observed outcomes,
indicating high accuracy of the nomogram. Decision curve analysis (DCA) revealed substantial clinical utility across
a wide range of predicted risk thresholds (Figures 11A, B, and 12). The receiver operating characteristic (ROC) curves,
calibration curves, and DCA results from both the development and validation sets collectively indicated robust model
performance.

Discussion

In this dual-center study, we developed integrated predictive models combining CT radiomics, clinical parameters, and
CTC data to distinguish invasive adenocarcinoma from minimally invasive adenocarcinoma. The multimodal nomogram
outperformed models based solely on radiomics or clinical data, providing a rapid, accurate, and non-invasive method for
preoperative risk assessment and personalized management of lung adenocarcinoma.
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Figure 3 Visualization of the phase clustering analysis matrix with different correlation coefficients.

The tumor microenvironment (TME) comprises the complex cellular and molecular milieu surrounding tumor cells and
plays a critical role in cancer development, progression, and treatment response.”' In lung adenocarcinoma, significant
differences exist in the TME between invasive and non-invasive tumors.>* Histopathologically, adenocarcinoma in situ (AIS)
and MIA typically display a uniform lepidic growth pattern with tumor cells lining alveolar structures. In contrast, IAC
exhibits histologic heterogeneity, including papillary, micropapillary, acinar, and solid subtypes. Approximately 90% of lung
adenocarcinomas contain mixed subtypes, leading to considerable spatial variation in cellular composition and
morphology.”*** This histologic complexity contributes to diagnostic challenges. Although intraoperative frozen section
analysis is widely used, it shows discordance rates of 12-25% in distinguishing MIA from IAC, primarily due to sampling
limitations.> Such diagnostic uncertainty is clinically significant, as stromal infiltration—a hallmark of invasive behavior—is
a key determinant of poor survival and tumor recurrence.”®*’ Therefore, accurate preoperative assessment of invasiveness is
essential for surgical planning. While sublobar resection is sufficient for MIA (5-year survival >95%), IAC generally requires
anatomical lobectomy with lymphadenectomy to reduce recurrence risk.?*>

The differences in radiomic features are mainly attributed to histological changes related to the pathological
invasiveness of lung adenocarcinoma: in invasive lung adenocarcinoma, tumor cell proliferation activity increases and
stromal infiltration is significant. On CT images, these manifest primarily as uneven density and lobulated margins. These
features are positively correlated with circulating tumor cell counts, suggesting that both can serve as complementary
non-invasive and invasive indicators for assessing the pathological invasiveness of lung adenocarcinoma. Their intrinsic
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Figure 10 Receiver operating characteristic curves in both the (A) training and (B) testing cohort.
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association aligns with the histopathological mechanism of lung adenocarcinoma invasion.® This study systematically
compared several commonly used machine learning models, including logistic regression, random forest, and support
vector machine, using five-fold cross-validation to evaluate each model’s AUC, sensitivity, and specificity, ultimately
selecting the logistic regression model as the final predictive model.

This study has several limitations. First, the retrospective design may introduce selection bias, despite consecutive
case enrollment to minimize this risk. Second, although dual-center data enhance generalizability, variations in CT
scanners and acquisition parameters may affect feature stability. Third, although manual segmentation of regions of
interest remains the clinical standard, it is subject to inter-observer variability; future implementation of automated
segmentation algorithms could improve reproducibility. Finally, in patients with multiple pulmonary nodules, only the
dominant lesion was analyzed, potentially overlooking information from synchronous nodules that could contribute to

a comprehensive invasiveness assessment.
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Conclusion

The CT radiomics features serve as an effective non-invasive tool for the preoperative differentiation of invasive
adenocarcinoma from minimally invasive adenocarcinoma. Characteristics such as texture and density can reflect the
microscopic pathological heterogeneity of the tumor and are associated with its invasive potential. Conversely, circulat-
ing tumor cell (CTC) counts are linked to tumor shedding, invasion, and epithelial-mesenchymal transition (EMT). The
integrated diagnostic model combining these two modalities demonstrates excellent diagnostic performance, offering
a robust method for preoperative risk stratification. This multimodal approach shows significant potential for clinical
translation and may contribute to more personalized surgical planning and patient management for lung adenocarcinoma.
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