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Abstract
Objectives  The aim of this study was to non-invasively predict the visceral pleural invasion (VPI) of peripheral lung 
adenocarcinoma (LA) highly associated with pleura of clinical stage Ia based on preoperative chest computed tomog-
raphy (CT) scanning.
Methods  A total of 537 patients diagnosed with clinical stage Ia LA underwent resection and were stratified into training 
and validation cohorts at a ratio of 7:3. Radiomics features were extracted using PyRadiomics software following tumor 
lesion segmentation and were subsequently filtered through spearman correlation analysis, minimum redundancy maxi-
mum relevance, and least absolute shrinkage and selection operator regression analysis. Univariate and multivariable 
logistic regression analyses were conducted to identify independent predictors. A predictive model was established 
with visual nomogram and independent sample validation, and evaluated in terms of area under the receiver operating 
characteristic curve (AUC).
Results  The independent predictors of VPI were identified: pleural attachment (p < 0.001), pleural contact angle (p = 0.019) 
and Rad-score (p < 0.001). The combined model showed good calibration with an AUC of 0.843 (95% confidence intervals 
(CI 0.796, 0.882), in contrast to 0.757 (95% CI 0.724, 0.785; DeLong’s test P < 0.001) and 0.715 (95% CI 0.688, 0.746; DeLong’s 
test P < 0.001) when only radiomics or CT semantic features were utilized separately. For validation group, the accuracy 
of combined prediction model was reasonable with an AUC of 0.792 (95% CI 0.765, 0.824).
Conclusion  Our predictive model, which integrated radiomics features of primary tumors and peritumoral CT semantic 
characteristics, offers a non-invasive method for evaluating VPI in patients with clinical stage Ia LA. Additionally, it provides 
prognostic information and supports surgeons in making more personalized treatment decisions.

Highlights

1.	 Peritumoral CT semantic characteristics were significantly associated with VPI in peripheral LA patients with clinical 
stage Ia, instead of the CT semantic features of primary tumor.

2.	 Radiomics analysis of the primary tumor has the potential to enhance the predictive accuracy of models, as evidenced 
by a significant increase in the AUC of the combined model.
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1  Introduction

Lung cancer represents a significant proportion of cancer-related mortality worldwide, of which approximately 80–85% 
is non-small cell lung cancer (NSCLC), with lung adenocarcinoma (LA) being the predominant histological subtype [1, 2]. 
The past decade has witnessed significant progress in early detection through widespread implementation of low-dose 
thin-section computed tomography (CT) screening, leading to increased identification of small-volume lung cancers. 
Visceral pleural invasion (VPI), defined as tumor extension beyond the elastic layer with or without pleural surface 
involvement (while not extending to neighboring anatomical structures) [3], has been consistently recognized as a poor 
prognostic factor in NSCLC ≤ 3 cm for decades [4]. Specifically, VPI upstages T classification from T1 to T2, consequently 
advancing overall tumor staging from Ia to Ib according to the 8 th tumor lymph node metastasis (TNM) classification 
[5]. This staging alteration carries substantial clinical implications: the recommended surgical approach shifts from lim-
ited resection (segmentectomy) to radical lobectomy with systematic lymph node (LN) dissection when VPI is present 
in T1-stage tumors [6].

While chest CT remains the cornerstone non-invasive modality for preoperative evaluation of pulmonary lesions, 
reliable identification of VPI remains challenging radiologically, particularly for subpleural tumors. Recent advances in 
radiomics, a computational technique that extracts high-dimensional quantitative features through machine learning 
algorithms, have shown promise in NSCLC characterization [7]. Previous researches [8, 9] have indicated that VPI is rarely 
observed in pure ground glass nodules (GGNs) due to the limited ability to penetrate the thick elastic layer.

This dual-center retrospective study therefore focused on clinical stage Ia peripheral LA exhibiting either subpleural 
location or pleural indentation/tagging signs. We developed an integrative predictive model combining CT semantic 
characteristics with radiomics signatures, aiming to non-invasively preoperatively identify VPI and subsequently guide 
surgical decision-making regarding resection extent and nodal dissection requirements.

2 � Methods

2.1 � Patients

The study was conducted in accordance with the Declaration of Helsinki (as revised in 2013). The study was approved 
by the Medical Research Ethics Committee and the Institutional Review Board of Tianjin Medical University General 
Hospital (No. IRB2024-KY-240) and Tianjin Medical University Cancer Institute and Hospital (No. Ek2021067), and indi-
vidual consent for this retrospective analysis was waived. Initially, a total of 741 patients were enrolled with surgery 
date from January 2016 to September 2023 according to the following inclusion criteria: (a) patients with peripheral LA 
who underwent surgical resection; (b) availability of preoperative chest thin slice CT scans including both non-contrast 
and contrast-enhanced series within 30 days prior to surgery; (c) clinical stage Ia (8 th TNM edition) with complete 
pathological documentation; and (d) subpleural lesions defined as tumor-pleura distance ≤ 2 cm or presence of pleural 
indentation/tagging signs. We excluded patients who had received preoperative treatment (n = 6), lesions with a pure 
ground glass density (n = 89), images of poor quality or inability to identify lesions (n = 17), no available VPI information 
(n = 56), as well as cases of pathologically confirmed multiple primary lung cancer and carcinoma in situ (n = 36) (Fig. 1). 
The final cohort included 537 patients (385 from Tianjin Medical University Cancer Hospital; 152 from Tianjin Medical 
University General Hospital), randomly allocated into training (70%, n = 376) and validation (30%, n = 161) cohorts using 
computer-generated randomization.

Demographic and clinical parameters (age, sex, smoking history, familial cancer predisposition, and driver gene 
mutations) were retrieved from institutional databases. Histopathological classification followed the 2015 World 
Health Organization guidelines [10], with histological subtypes components > 5% documented on the form according 
to their proportion. Risk stratification was implemented as: low-risk (minimally invasive adenocarcinoma); intermedi-
ate-risk (acinar/lepidic/papillary predominant invasive LA) and high-risk (invasive mucinous/colloid/fetal/enteric LA 
or micropapillary/solid predominant tumors). TNM staging was conducted following the guidelines of the 8 th edition 
criteria published by the Union for International Cancer Control and the American Joint Committee on Cancer [5].



Vol.:(0123456789)

Discover Oncology          (2025) 16:780  | https://doi.org/10.1007/s12672-025-02548-6 
	 Research

2.2 � Evaluation of clinical stage Ia and VPI

Preoperative staging incorporated chest CT (tumor dimensions, LN evaluation) supplemented by whole-abdomen CT, 
brain magnetic resonance imaging, bone scintigraphy, or positron emission tomography to exclude distant metastases. 
LNs were considered negative (cN0) when short-axis diameters < 10 mm on axial CT images. Elastic van Gieson staining 
was utilized to evaluate the presence of VPI by a specialized pathologist (Dr. Yan Q., 30 year oncopathology experience), 
who was blinded to the patients’ clinical and radiological data. Pleural invasion levels (PL) were categorized as: PL0, no 
pleural invasion, PL1, tumor invasion of the visceral pleural elastic layer without reaching the surface of the visceral 
pleura, PL2, tumor invasion of the visceral pleural surface, and PL3, tumor invasion of the parietal pleura or chest wall 
[11]. Per established criteria [3], cases were dichotomized into VPI-negative (PL0) and VPI-positive (PL1-2) groups for 
analytical purposes.

2.3 � CT scanning protocol

Chest CT examinations were performed using five multidetector CT systems of three types: Lightspeed16, GE Health-
care, Milwaukee, WI, USA; Somatom Sensation 64, Siemens, Erlangen, Germany; Discovery CT750 HD, GE Health-
care. The scanning parameters were: (a) 120 kVp with the automatic regulation of the tube current and 1.5 mm 

Fig. 1   Flowchart of patients 
selection and exclusion. CT 
computed tomography, CIS 
carcinoma in situ, VPI,visceral 
pleural invasion
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reconstruction thickness and intervals for the 64-detector scanner and (b) 120 kVp, 150–200 mAs, and 1.25 mm 
reconstruction thickness intervals for the other two types of scanners.

2.4 � CT image interpretation and preprocessing

Two clinical radiologists, one with 5 years’ and the other with 8 years’ expertise in thoracic malignancy CT imaging, 
independently analyzed the CT scans, following a blinded training protocol with clinical and pathological data with-
held. Any discrepancies in image interpretation will be guided by a senior radiologist with over 35 years of expertise 
to reach a consensus. Detailed CT semantic descriptors and scoring criteria for both primary tumors and peritumoral 
regions are presented in Table 1. All image analyses were performed using standardized window settings: lung 
window (width 1500 HU, level − 600 HU) and mediastinal window (width 350 HU, level 40 HU). The evaluation of CT 
descriptors was conducted on multi-planar reconstructed images and documented using a standardized scoring 
sheet. All CT images underwent standardized preprocessing including: image resampling to 1 mm slice thickness 
using linear interpolation, followed by noise reduction through Gaussian filtering (σ = 0.5 mm).

2.5 � Tumor segmentation and features extraction

Tumor segmentation was carried out independently by two radiologists utilizing ITK-SNAP software (version 3.6.0), 
using the manual method of drawing regions of interest (ROI) on CT images at the lung window. The radiologists 
were informed of the tumors’location but remained blinded to additional pertinent information. Radiomics features 
were automatically extracted using PyRadiomics (version 3.0), an open-source software (http://​www.​radio​mics.​io/​
pyrad​iomics.​html) [12]. A total of 1316 radiomics features were extracted from the 3D ROIs, including first-order 
statistics (n = 108), shape-based features (n = 14), gray level cooccurrence matrix (n = 144), gray level dependence 
matrix (GLDM, n = 84), gray level run-length matrix (n = 96), gray level size zone matrix (GLSZM, n = 96), neighboring 
gray tone difference matrix (n = 30) and higher-order wavelet features (n = 744).

2.6 � Feature selection and establishment of radiomics signature

ComBat calibration [13] was preformed to remove batch effects between different scanners (Table S1). Then, the 
radiomics parameters extracted by two radiologists were averaged after standardizing using the Z-score method:

where X is the original eigenvalue, μ is the mean eigenvalue, and σ is the standard deviation. Spearman pairwise cor-
relation analysis was performed to exclude features with absolute correlation coefficients > 0.9, effectively removing 
redundant variables. Subsequently, the minimum redundancy maximum relevance (mRMR) algorithm identified the 
top 100 most informative features, which then underwent least absolute shrinkage and selection operator (LASSO) 
regression to determine the optimal feature subset for predicting VPI. These selected features were incorporated into a 
logistic regression model, with non-significant variables iteratively removed. The final radiomics score (Rad-score) was 
calculated using the formula:

where b represents the intercept term, Xi denotes the standardized feature value, and Ci corresponds to the regression 
coefficient. Rad-score for each patient was calculated to assess the disparity between different groups.

2.7 � Statistical analysis

Statistical analyses were conducted using R software (version 4.3.0) and SPSS (version 26.0). Interobserver agreement 
was assessed using the ĸ index and Kendall coefficient of concordance. The non-parametric two-sample Wilcoxon test 
was utilized for ranked or continuous variables, while chi-square or Fisher’s exact tests were employed for categorical 

Z = (X − �)∕�,

Rad - score=b+
∑

(Ci × Xi),

http://www.radiomics.io/pyradiomics.html
http://www.radiomics.io/pyradiomics.html
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variables in univariate analysis. Multivariate logistic regression analyses were conducted to evaluate the ability to iden-
tify VPI in various models. The predictive models were generated using the ten-fold cross-validation and the bootstrap 
method. The latter randomly generated a 90% sample of the data, which was repeated 1000 times and the results were 
averaged with 95% bootstrap confidence intervals (CI). Model discrimination was evaluated through receiver operating 
characteristic (ROC) curve analysis with DeLong’s test for area under the curve (AUC) comparisons, while calibration was 
verified using Hosmer–Lemeshow test and calibration curve. Clinical utility was quantified via decision curve analysis 
(DCA) across threshold probabilities. The final model was visualized as a nomogram, with results reported as mean AUC 
values and 95% CI derived from bootstrap resampling. P values < 0.05 were regarded as statistically significant.

3 � Results

3.1 � Inter‑observer consistency analysis and patient demographics

Agreement among the two readers was good (Table S1 and S2). The intraclass correlation coefficient for maximum 
diameter, consolidation diameter, tumor shadow disappear rate, pleural contact length and distance from the lesions to 
pleura (DLP) was 0.92 (range, 0.90–0.94), 0.86 (range, 0.84–0.89), 0.88 (range, 0.86–0.90), 0.91 (range, 0.87–0.92) and 0.92 
(range, 0.89–0.95), respectively. No significant difference of either feature was observed between training and validation 
group (Table S3).

3.2 � Correlation of VPI with clinical and CT semantic features in training group

32 patients in training group developed VPI as confirmed by postoperative pathology. Accordingly, the patients were 
categorized into VPI and negative groups. The association between clinical features with VPI was presented in Table 2. 
Significantly, Patients with epidermal growth factor receptor (EGFR) of wild-type [8/63 (12.7%) vs. 6/132 (4.5%)] devel-
oped VPI more frequently than EGFR mutant patients (odds ratio (OR) = 3.06, 95% CI 1.01, 9.22; p = 0.039). No significant 
association was noted for other clinical features.

Univariate analysis showed that tumors with smaller DLP (p < 0.001), larger pleural contact length (p < 0.001) and 
pleural contact angle (OR = 4.57, 95% CI 1.92, 10.84 for score 1; OR = 3.28, 95% CI 1.56, 6.87 for score 2; p < 0.001), and 
pleural attachment (OR = 4.57, 95% CI 1.92, 10.84; p < 0.001) were more likely to develop VPI (Table 3; Fig. 2). Additionally, 
the CT semantic features of the primary tumor did not show statistical significance (Table S4).

3.3 � Screening and integration of radiomics features

A comprehensive analysis was conducted on a dataset comprising 1316 radiomics features extracted from the three-
dimensional ROIs. Following Spearman correlation analysis and mRMR ranking, LASSO identified 12 non-redundant 
features (Table 4; Fig. 3). Subsequent backward elimination logistic regression excluded 7 non-significant variables, 
yielding 5 robust radiomics predictors. These were incorporated into a radiomics signature (Rad-score) weighted by their 
respective coefficients (Table 4). The Rad-score demonstrated significant discriminative capacity between VPI-positive 
(2.45 ± 1.67) and negative (−0.93 ± 1.83) cohorts (p < 0.001), indicating strong group separation.

3.4 � Predictive model and validation test

The multivariable logistic regression analysis revealed that pleural attachment (OR = 3.28, 95% CI 1.85, 4.93, p < 0.001), 
larger pleural contact angle (OR = 1.88, 95% CI 1.31, 2.84, p = 0.019) and Rad-score (OR = 2.76, 95% CI 2.05, 3.64, p < 
0.001) were significant independent predictors (Table 5). A nomogram integrating these predictors was constructed 
and displayed in Fig. 4. The outcome of the Hosmer–Lemeshow goodness-of-fit test yielded a non-significant result (p 
= 0.655), suggesting a strong agreement between the anticipated and actual probabilities. The calibration curve and DCA 
were depicted in Fig. 5. DCA confirmed clinical utility across 10–45% threshold probabilities, demonstrating superior net 
benefit versus ‘‘treat-all’’ and ‘‘treat-none’’ strategies.
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The AUC of combined model increased to 0.843 (95% CI 0.796, 0.882), in contrast to 0.757 (95% CI 0.724, 0.785; 
DeLong’s test P < 0.001) and 0.715 (95% CI 0.688, 0.746; DeLong’s test P < 0.001) when only radiomics or CT semantic 
features were utilized separately (Fig. 6A). The combined model exhibited a accuracy of 79.9%, precision of 61.3%, sen-
sitivity of 83.5%, specificity of 78.5%, and F1-score of 70.7% when the cutoff was determined at the maximum Youden 
index. AUC of 0.792 (95% CI 0.765, 0.824) indicated a reasonable accuracy of combined model for the validation cohort 
with a accuracy of 72.0%, precision of 51.0%, sensitivity of 80.2%, specificity of 68.6%, and F1-score of 62.3% (Fig. 6B).

4 � Discussion

VPI has been regarded as an adverse prognostic factor in LA, correlating with increased recurrence risk and reduced 
overall survival, even in small lung neoplasms ≤ 2 cm or ground-glass opacity lesions [8, 14]. Kudo et al. proposed that 
pleural proximity facilitates rapid lymphatic spread through the visceral pleura’s extensive lymphatic network, potentially 
explaining the broader spectrum of LN metastases observed in VPI-positive cases [15]. Accurate preoperative assessment 
for VPI is crucial for surgical planning and prognostic evaluation [16], yet current intraoperative frozen section analysis 
shows limited reliability (56.5% accuracy) [17], leaving postoperative elastic fiber staining as the diagnostic gold stand-
ard. The precise preoperative assessment in cases of subpleural lung cancer using imaging techniques may significantly 
influence surgical decision-making, a task that remains challenging. Subpleural LA typically manifests as pure GGNs that, 
due to their limited invasiveness, do not penetrate the visceral pleura (1/89 cases in our cohort) [18, 19]. Thus, the study 
population was limited to patients with peripheral pleural-associated LA at clinical stage Ia and excluding pure GGNs.

While previous CT studies have identified various VPI predictors including pleural contact, solid component > 50%, 
tumor size > 2 cm [20], consolidation-to-tumor ratio > 63% [21], and progressive risk elevation with increasing tumor 

Table 2   Association between 
clinical characteristics with VPI 
in training group

Data for age is mean ± standard deviation

VPI, visceral pleural invasion; OR, odds ratio; CI, confidence interval; EGFR, epidermal growth factor recep-
tor; KRAS, kirsten rat sarcoma viral oncogene; ALK, anaplastic lymphoma kinase.

Variable Negative Group VPI Group P Value Univariate OR (95% CI)

Number 344 32
Age (years) 59.60 (± 8.43) 58.16 (± 9.60) 0.635
Sex
 Male 134 14 0.595
 Female 210 18

Smoking history
 Yes 137 15 0.437
 No 207 17

Family history
 Yes 79 8 0.794
 No 265 24

Histological subtype
 Low risk 31 0 0.902
 Moderate risk 141 18
 High risk 172 14

EGFR
 Mutation 126 6 0.039 Reference
 Wild 55 8 3.06 (1.01, 9.22)

KRAS
 Mutation 9 1 1.000
 Wild 142 13
 ALK
 Positive 9 2 0.629
 Negative 124 12
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size [22]. Our analysis revealed no significant associations between VPI and solid component proportions, maxi-
mum tumor diameter, or consolidation size. These discrepancies may stem from differences in inclusion criteria and 
potential selection biases, as our study specifically examined sub-3 cm peripheral LA while excluding pure GGNs and 
non-subpleural lesions. Notably, we found no correlation between conventional CT semantic features (spiculation, 

Table 3   Association between 
peritumoral semantic features 
with VPI in training group

Data for DLP and pleural contact length are mean ± standard deviation

VPI, visceral pleural invasion; OR, odds ratio; CI, confidence interval; DLP, distance from the lesions to the 
adjacent pleura; NA, not applicable.

Variable Negative Group VPI Group P Value Univariate OR(95% CI)

Number 344 32
Pleural attachment
 0 190 7  < 0.001 Reference
 1 154 25 4.57 (1.92, 10.84)

Pleural indentation
 0 104 8 0.536
 1 240 24

Bronchovascular bundle thickening
 0 274 27 0.522
 1 70 5

Obstructive change
 0 326 32 0.384
 1 18 0

Pleural contact angle
 0 190 7  < 0.001 Reference
 1 81 10 4.57 (1.92, 10.84)
 2 73 15 3.28 (1.56, 6.87)
 DLP 0.47 (± 0.66) 0.13 (± 0.28)  < 0.001
 Pleural contact 

length
1.29 (± 0.49) 1.67 (± 0.73)  < 0.001

Pleural effusion of tumor side
 0 344 32 NA
 1 0 0

Pleural effusion of non-tumor side
 0 343 32 1.000
 1 1 0

Fig. 2   A In a case of lung 
adenocarcinoma with VPI, the 
CT scan lung window image 
reveals the tumor’s position-
ing beneath the pleura, with 
pleural attachment and a long 
pleural contact length char-
acterized by an obtuse angle 
of contact. B Conversely, in a 
case of lung adenocarcinoma 
without VPI, the CT scan lung 
window image depicts the 
tumor located beneath the 
pleura, with a shorter curve 
length and an acute angle of 
contact
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lobulation, air bronchogram) and VPI, consistent with prior reports questioning their predictive value [23–25]. While 
air bronchogram reflects non-destructive tumor growth along airways [26], and spiculation/lobulation indicate inva-
sive growth patterns [27], these features appear insufficient for comprehensive VPI assessment, prompting our focus 
on peritumoral characteristics.

Our findings align with previous research emphasizing the predictive value of peritumoral radiological characteristics 
[28, 29]. The DLP, contact interface angle, and contact length showed significant associations with VPI. Hsu and Zhao 

Table 4   The radiomics 
features in rad-score formula* 
after the least absolute 
shrinkage and selection 
operator algorithm and 
logistic regression analysis

Rad-score, radiomics score; CI, confidence interval; NA, not applicable (variables that were not included in 
the equation of multivariate logistic regression analysis with backward stepwise selection).
* Rad-score = −0.855 + 0.619 * exponential_firstorder_Total Energy + 0.428 * original_glszm_Large Area 
Low Gray Level Emphasis + 0.332 * square_gldm_Dependence Non Uniformity Normalized—0.508 * 
wavelet-LHL_firstorder_Skewness + 1.046 * wavelet-LLL_gldm_Dependence Entropy

Radiomics Features Significant predictors

P Value Odds ratio (95% CI)

original_glszm_Large Area Low Gray Level Emphasis 0.005 1.76 (1.54, 2.13)
exponential_firstorder_Total Energy  < 0.001 2.32 (1.51, 3.24)
exponential_gldm_Small Dependence High Gray Level Emphasis NA
exponential_glrlm_Run Length Non Uniformity NA
square_gldm_Dependence Non Uniformity Normalized 0.033 1.11 (0.75, 1.63)
square_glszm_Small Area Low Gray Level Emphasis NA
square_ngtdm_Busyness NA
squareroot_firstorder_Skewness NA
wavelet-LLH_glcm_MCC NA
wavelet-LHL_firstorder_Skewness  < 0.001 0.30 (0.14, 0.75)
wavelet-HLL_glszm_Large Area Low Gray Level Emphasis NA
wavelet-LLL_gldm_Dependence Entropy 0.017 1.21 (0.86, 1.71)

Fig. 3   A Radiomics features screened by the LASSO regression model. The horizontal axis represents the log lambda, and the vertical axis 
represents the coefficient of each feature. B The mean squared error of radiomics features displayed by the Lasso regression analysis. Two 
vertical lines represent the lambda values when number of variables decreased to two lowest levels
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et al. have underscored the potential utility of pleural attachment and indentation as valuable adjuncts for enhancing 
the early diagnostic accuracy of VPI [30, 31]. However, we observed no correlation with pleural indentation—a finding 
consistent with Gallagher’s hypothesis that indentation reflects pleural tension from fibrotic changes rather than direct 
invasion [17, 32]. Multivariate analysis identified pleural attachment as the strongest VPI predictor, surpassing DLP in 
diagnostic performance due to the pleural invasion resulting from direct contact. While numerous studies [30, 33, 34] 
have investigated CT-based morphological features of VPI, their diagnostic accuracy remains constrained by dependence 
on radiologists’ expertise in feature interpretation.

The radiomics analysis focused on intratumoral features due to challenges in precisely delineating the ROI sur-
rounding the subpleural tumor. Through Spearman correlation, mRMR, and LASSO regression, we identified five 
optimal radiomics features: total energy, skewness, large area low gray level emphasis (LALGLE), dependence non 
uniformity normalized (DNUN), and dependence entropy. These parameters systematically encompass features rang-
ing from first-order statistics to higher-order texture descriptors [35]. Following multi-scanner harmonization via 
the ComBat algorithm and subsequent normalization through Z-score transformation, the resulting quantitative 
biomarkers exhibit satisfactory inter-observer agreement (ICC > 0.85) with cross-platform reproducibility demon-
strating < 15% coefficient of variation.

Table 5   Multivariable 
logistic regression analysis of 
peritumoral semantic features 
combined with rad-score 
predicting the presence of VPI

VPI, visceral pleural invasion; Rad-score, radiomics score; CI, confidence interval; DLP, distance from the 
lesions to the adjacent pleura; EGFR, epidermal growth factor receptor; NA, not applicable (variables that 
were not included in the equation of multivariate logistic regression analysis with backward stepwise 
selection).
* Formula: ex/(1 + ex), x = −  0.813 + 0.621 × pleural attachment + 0.316 × Pleural contact angle (level 2) 
+ 0.564 × Rad-score

Variable Significant predictors

P Value Odds ratio (95% CI) Value in the formula*

Pleural attachment  < 0.001 0 or 1
0 Reference
1 3.28 (1.85, 4.93)
DLP 0.452 NA
Pleural contact angle 0.019 0 or 1
0 Reference
1 Reference
2 1.88 (1.31, 2.84)
Rad-score  < 0.001 2.76 (2.05, 3.64) Numeric value
EGFR 0.692 NA

Fig. 4   Nomogram predicting 
the likelihood of VPI in clinical 
stage Ia LA. According to the 
location of value on the sec-
ond to the fourth axis, we can 
get the vertically correspond-
ing points on the first axis. 
Summing up the three points 
together, we can get the total 
points and the vertically corre-
sponding predicted value on 
the last axis
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Fig. 5   A Calibration curve of the logistic regression analysis based on the combined model (training group, n = 376). B Decision curve of the 
nomogram model for predicting the risk of VPI. The black line represents the assumption that no patients have VPI. The gray line represents 
the assumption that all patients have VPI. The red line represents the net benefit of using the nomogram model to predict VPI. The decision 
curve demonstrates that if the threshold probability ranges from 10 to 45%, using the nomogram for VPI prediction adds more benefit than 
predicting either all or no patients

Fig. 6   A The ROC curve for training group. The AUC of combined model increased to 0.843 (95% CI 0.796, 0.882), in contrast to 0.757 (95% CI 
0.724, 0.785; DeLong’s test P < 0.001) and 0.715 (95% CI 0.688, 0.746; DeLong’s test P < 0.001) when only radiomics or CT semantic features 
were utilized separately. (B) The ROC curve for validation group. The AUC of combined model increased to 0.792 (95% CI: 0.765, 0.824), in 
contrast to 0.735 (95% CI 0.702, 0.769; DeLong’s test P < 0.001) and 0.733 (95% CI 0.696, 0.764; DeLong’s test P < 0.001) when only radiomics 
or CT semantic features were utilized separately
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Skewness and total energy are classified as first-order parameters, with lower values indicating greater lesion 
heterogeneity. LALGLE, a parameter of the GLSZM, also reflects lesion heterogeneity, with higher values indicating 
increased heterogeneity. The dependence entropy and DNUN, calculated from the GLDM, demonstrate the relation-
ship between the gray-level intensity of CT voxels and the invasiveness of GGNs. A higher value of these features 
suggests increased heterogeneity in texture patterns, which indicating malignant trait of tumors, encompasses 
localized variances in tumor proliferation, metabolic activity, cell apoptosis, and blood supply [36]. The absence of 
shape-related features in our model parallels CT semantic findings, suggesting limited morphological distinction 
between VPI and non-VPI groups.

However, our study has certain limitations. It is important to note that this study is retrospective in nature, which 
may introduce selection bias. Additionally, variations in CT scanning devices and acquisition protocols could still 
impact the consistency of radiomics features, though image preprocessing and combat algorithm were performed. 
Furthermore, the feasibility and reproducibility of volume segmentation in clinical practice may be limited, with 
potential time constraints. Collaborative multi-center research is necessary to confirm the reliability and generaliz-
ability of the predictive model proposed in this study.

5 � Conclusion

This study presents a non-invasive predictive model combining tumor radiomics and peritumoral semantic features 
for preoperative VPI assessment in stage Ia peripheral LA. This decision-support tool could optimize surgical planning 
by identifying candidates for limited resection, potentially improving outcomes through personalized therapeutic 
strategies.
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