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Abstract
Objectives  To extract intratumoral, peritumoral, and integrated intratumoral-peritumoral CT radiomic features, 
develop multi-source radiomic models using various machine learning algorithms to identify the optimal model, and 
integrate clinical factors to establish a nomogram for predicting the therapeutic response to induction therapy(IT) in 
locally advanced non-small cell lung cancer.

Methods  This study included 209 patients with locally advanced non-small cell lung cancer (LA-NSCLC) who 
received IT as the training cohort, and an external validation cohort comprising 50 patients from another center. 
Radiomic features were extracted from intratumoral, peritumoral, and integrated intratumoral-peritumoral regions 
by manually delineating the gross tumor volume (GTV) and an additional 3 mm surrounding area. Three machine 
learning algorithms—Support Vector Machine (SVM), XGBoost, and Gradient Boosting—were employed to 
construct radiomic models for each region. Model performance was evaluated in the external validation cohort 
using metrics such as Area Under the Curve (AUC), confusion matrix, accuracy, precision, recall, and F1 score. Finally, 
a comprehensive nomogram integrating the optimal radiomic model with independent clinical predictors was 
developed.

Results  Through a comparison of optimal machine learning algorithms, INTRAPERI, INTRA, and PERI achieved 
the best performance with Gradient Boosting, SVM, and XGBoost, respectively. Compared to the INTRA_SVM and 
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Introduction
Lung cancer is the most prevalent malignant tumor 
worldwide, with non-small cell lung cancer (NSCLC) 
accounting for 80-85% of cases [1]. At diagnosis, approxi-
mately 25% of NSCLC patients present with locally 
advanced disease (Locally Advanced Non-Small Cell 
Lung Cancer, LA-NSCLC), characterized by local tis-
sue and lymph node metastases without distant organ 
involvement. These patients still have the potential for 
clinical cure [2].

In clinical practice, LA-NSCLC often exhibits poor 
treatment outcomes and reduced survival due to tumor 
local invasion and metastasis [3]. Although IT, includ-
ing chemotherapy, radiotherapy, targeted therapy, and 
immunotherapy, aims to eliminate micrometastases and 
reduce tumor burden, thereby improving prognosis for 
some patients, the 5-year survival rate remains between 
10 and 30% [4–6]. Accurately assessing the efficacy of IT 
for LA-NSCLC remains a significant clinical challenge. 
Therefore, identifying effective biomarkers and radiomic 
features is crucial for enhancing clinical efficacy evalua-
tion and personalized treatment.

The metastatic process of LA-NSCLC is complex, 
involving tumor cell invasion of microvasculature and 
lymphatics, directly representing its metastatic progres-
sion [7, 8]. Studies indicate that the tumor’s internal 
microvasculature is often occluded by tumor and stro-
mal cells, potentially leading to functional loss, making it 
unclear if INTRA (intra-tumoral) conditions accurately 
reflect hematogenous metastasis [9, 10]. In contrast, 
peripheral blood vessels generally remain functional, and 
their infiltration may facilitate distant metastasis [11]. 
The microenvironment differences within and around 
the tumor in LA-NSCLC are closely linked to metastasis, 
treatment outcomes, and patient survival.

Radiomics, which integrates traditional medical imag-
ing with machine learning (ML) algorithms for pre-
dictive analysis, has emerged as an auxiliary tool in 
oncology. Research shows that CT imaging can not only 
clearly delineate tumor boundaries from normal lung 

parenchyma but also reveal attenuation transition zones 
at these boundaries [12]. Concurrently, ML algorithms 
effectively identify patterns in data, characterizing the 
heterogeneous features inside and outside the tumor, 
thereby enhancing prediction accuracy and reliability 
[13].

Although previous studies have explored radiomics 
applications in INTRA and peritumoral features, real-
world research specific to LA-NSCLC remains limited. 
This study focuses on LA-NSCLC with the aim of devel-
oping and validating ML models based on peritumoral, 
INTRA, and combined features to predict the efficacy of 
IT in LA-NSCLC, thereby establishing stable and accu-
rate predictive models for newly diagnosed LA-NSCLC 
patients.

Materials and methods
Study design
This study was designed as a Transparent Reporting of a 
Multivariable Prediction Model for Individual Progno-
sis or Diagnosis (TRIPOD) Type 3 study, encompassing 
model development and independent validation [14]. 
It was registered on the Biomedical Research Artificial 
Intelligence Platform (ID: jOis7e) [15]. The overall study 
workflow is illustrated in Fig. 1.

Patients
This retrospective study was approved by the Institu-
tional Review Board of Sichuan University West China 
Longquan Hospital (Approval No.: IRB-C-F10/AF-KY-
2024028), and the requirement for written informed 
consent was waived. A total of 209 patients with locally 
advanced non-small cell lung cancer (LA-NSCLC) who 
underwent chest contrast-enhanced CT scans and sub-
sequent IT (including chemotherapy, radiotherapy, and 
immunotherapy) at Sichuan University West China 
Longquan Hospital between January 2018 and December 
2023 were included in the study. Clinical data, chest CT 
images, and blood-related biomarkers were collected and 
anonymized for analysis.

PERI_XGBoost INTRA models, the fusion model that integrates INTRA and peritumoral regions within a 3 mm 
margin around the tumor (INTRAPERI_GradientBoosting) showed better predictive performance in the training 
set, with AUCs of 93.7%, 82.5%, and 89.4%, respectively. In the clinical model, the PS score was identified as an 
independent predictive factor. The nomogram combining clinical factors with the INTRAPERI_GradientBoosting score 
demonstrated clinical predictive value.

Conclusion  The INTRAPERI_GradientBoosting model, which integrates intra-tumoral and peritumoral features, 
performs better than the INTRA intra-tumoral and PERI peritumoral radiomics models in predicting the efficacy of 
IT therapy in LA-NSCLC. Additionally, the nomogram based on INTRAPERI intra-tumoral and peritumoral features 
combined with independent clinical predictors has clinical predictive value.

Keywords  Radiomics, Non-small cell lung cancer (NSCLC), Locally advanced, Induction therapy, Machine learning, CT 
imaging, Intra-tumoral features, Peritumoral features, Predictive model, Nomogram
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This study also included a patient cohort from another 
institution, the Cancer Center of the Second Affiliated 
Hospital of Chongqing Medical University, which served 
as an external validation cohort. These patients were ret-
rospectively enrolled from December 2023 to June 2024, 
using the same inclusion criteria as the primary cohort. A 
total of 50 LA-NSCLC patients were identified for inclu-
sion in the external validation cohort.

The enrollment, eligibility, and exclusion criteria for 
both the training and external validation cohorts are 
detailed in Fig. 2.

Efficacy assessment was conducted by two senior 
oncologists and two senior radiologists based on the 
Response Evaluation Criteria in Solid Tumors (RECIST) 
version 1.1. By comparing pre- and post-chemotherapy 
CT images, clinical responses were categorized into four 
groups: (I) Complete Response (CR): disappearance of all 
target lesions; (II) Partial Response (PR): at least a 30% 
reduction in the sum of diameters of target lesions; (III) 
Progressive Disease (PD): at least a 20% increase in the 
sum of diameters of target lesions; and (IV) Stable Dis-
ease (SD): neither sufficient shrinkage to qualify for PR 
nor sufficient increase to qualify for PD [16]. Patients 
achieving PR or CR were defined as “responders,” while 
those with SD or PD were defined as “non-responders.” 
Patient characteristics are listed in Table 1.

Image acquisition
CT Scanning Protocol: All LA-NSCLC patients under-
went chest contrast-enhanced CT scans at their respec-
tive hospitals before treatment (Supplementary Data).

Image preprocessing and segmentation
Preprocessing: To eliminate confounding factors, CT 
images were standardized and resampled before feature 
extraction. Images were normalized by subtracting the 
window level (WL: -500) and dividing by the window 
width (WW: 1500), then resampled to a voxel size of 
1 × 1 × 1 mm³.

Two senior radiologists manually delineated the gross 
tumor volume (GTV) using ITK-SNAP (version 4.2.2, 
https://www.itksnap.org), defining the INTRA region. 
The PERI (peritumoral) region was defined as the area 
extending 3 mm outward from the GTV using a Python 
3.1.1 (https://www.python.org) script that applied a 3D 
dilation algorithm to the tumor area, subtracted the orig-
inal tumor area, and delineated the 3  mm peritumoral 
region. Areas adjacent to the chest wall and vertebral 
bodies were manually excluded by the radiologists.

The INTRAPERI (intra-tumoral and peritumoral 
fusion) region was obtained by applying a 3D dilation 
algorithm to create a combined 3 mm fusion area around 
the tumor, from which radiomic features were extracted.

Radiologists 1 and 2 assessed intra-observer and inter-
observer reproducibility using 30 randomly selected 
chest CT images. An intraclass correlation coefficient 
(ICC) > 0.75 indicated good consistency.

Radiomic feature extraction and selection
Feature Extraction: Radiomic features were extracted 
from the regions of interest (ROIs) using the open-
source PyRadiomics package (version 3.1.0, ​h​t​t​p​​s​:​/​​/​p​y​r​​a​
d​​i​o​m​​i​c​s​​.​r​e​a​​d​t​​h​e​d​​o​c​s​​.​i​o​/​​e​n​​/​l​a​​t​e​s​​t​/​c​h​​a​n​​g​e​s​.​h​t​m​l). A total 
of 1,835 radiomic features were extracted, including 
14 shape features, 360 first-order features, 440  Gy level 

Fig. 1  Analysis Workflow. The workflow consists of the following steps: Feature Extraction: Radiomic and dosimetric features are extracted from lung 
tissue regions. Feature Selection and Modeling: Features are extracted and selected from intra-tumoral, 3 mm peritumoral, and fused intra-peritumoral 
regions using correlation analysis, Least Absolute Shrinkage and Selection Operator (LASSO) regression, and embedded logistic regression with three 
machine learning classification algorithms. Model Evaluation: Model performance is assessed through discrimination and calibration metrics. Clinical 
Application Assessment: The clinical applicability is evaluated using a nomogram and decision curve analysis

 

https://www.itksnap.org
https://www.python.org
https://pyradiomics.readthedocs.io/en/latest/changes.html
https://pyradiomics.readthedocs.io/en/latest/changes.html
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co-occurrence matrix (GLCM) features, 320  Gy level 
run length matrix (GLRLM) features, 320  Gy level size 
zone matrix (GLSZM) features, 280 Gy level dependence 
matrix (GLDM) features, and 100 neighborhood gray 
tone difference matrix (NGTDM) features, following the 

Image Biomarker Standardisation Initiative (IBSI) guide-
lines [17].

Feature Standardization: The extracted features were 
standardized using the Z-score method, as the images 
were acquired from different scanners with varying 

Fig. 2  Flowchart of patient enrollment, eligibility, and exclusion criteria
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imaging protocols. Both training and validation datasets 
were normalized using min–max scaling, where each fea-
ture was scaled to a range from 0 to 1.

	
Z score = (x − µ )

σ

Here, χ represents the value of the feature, µ\muµ 
denotes the mean of that feature across all patients in the 
cohort, and σ\sigmaσ indicates the corresponding stan-
dard deviation [18].

Feature Selection: Initially, Mann-Whitney U tests were 
performed, retaining features with p-values < 0.05. Sub-
sequently, Spearman correlation analysis was conducted 
to eliminate highly correlated features (correlation coeffi-
cient > 0.9) [19]. Finally, the Least Absolute Shrinkage and 
Selection Operator (LASSO) was applied with 10-fold 
cross-validation to further select the most predictive fea-
tures while minimizing overfitting, resulting in the final 
set of radiomic features [20].

Table 1  Baseline characteristics of patients in cohorts
Characteristics Training cohort (n = 209) Validation cohort (n = 50) p

noresponse 
(n = 111)

Response 
(n = 98)

p noresponse 
(n = 26)

response 
(n = 24)

p

Age 64.41 ± 9.15 62.89 ± 8.69 0.222 64.40 ± 8.46 63.76 ± 6.97 0.772 0.289
Gender male 75(67.57) 81(82.65) 0.019 21(84.00) 22(88.00) 1 0.11

female 36(32.43) 17(17.35) 4(16.00) 3(12.00)
Histopathology Adenocarcinoma 66(59.46) 50(51.02) 0.278 14(56.00) 9(36.00) 0.256 0.756

Squamous Cell 
Carcinoma

45(40.54) 48(48.98) 11(44.00) 16(64.00)

Tx 0 3(2.70) 2(2.04) 0.189 1(4.00) 2(8.00) 0.675 0.398
1 14(12.61) 20(20.41) 6(24.00) 3(12.00)
2 57(51.35) 37(37.76) 9(36.00) 9(36.00)
3 37(33.33) 39(39.80) 9(36.00) 11(44.00)

Nx 0 9(8.11) 5(5.10) < 0.001 2(8.00) 1(4.00) 0.349 0.076
1 8(7.21) 8(8.16) 1(4.00) 4(16.00)
2 24(21.62) 59(60.20) 10(40.00) 6(24.00)
3 70(63.06) 26(26.53) 12(48.00) 14(56.00)

Overall_Stage IIIa 27(24.32) 22(22.45) < 0.001 4(16.00) 5(20.00) 0.519 0.003
IIIb 21(18.92) 64(65.31) 13(52.00) 9(36.00)
IIIc 63(56.76) 12(12.24) 8(32.00) 11(44.00)

ECOG-PS 0 32(28.83) 71(72.45) < 0.001 9(36.00) 18(72.00) 0.032 < 0.001
1 64(57.66) 27(27.55) 15(60.00) 7(28.00)
2 15(13.51) null 1(4.00) null

Smoking Never 57(51.35) 36(36.73) 0.074 8(32.00) 4(16.00) 0.276 0.657
Quit 42(37.84) 52(53.06) 17(68.00) 20(80.00)
Currently Smoking 12(10.81) 10(10.20) null 1(4.00)

Diabetes No 92(82.88) 82(83.67) 1 22(88.00) 21(84.00) 1 0.613
Yes 19(17.12) 16(16.33) 3(12.00) 4(16.00)

COPD No 81(72.97) 63(64.29) 0.229 15(60.00) 8(32.00) 0.089 0.613
Yes 30(27.03) 35(35.71) 10(40.00) 17(68.00)

Tumor_Location Left 40(36.04) 43(43.88) 0.31 14(56.00) 11(44.00) 0.572 0.155
Right 71(63.96) 55(56.12) 11(44.00) 14(56.00)

Lung_Lobe Upper 55(49.55) 33(33.67) 0.037 17(68.00) 15(60.00) 0.203 0.33
Middle 14(12.61) 11(11.22) null 3(12.00)
Lower 42(37.84) 54(55.10) 8(32.00) 7(28.00)

Chemotherapy No 15(13.51) 11(11.22) 0.772 11(44.00) 3(12.00) 0.027 0.506
Yes 96(86.49) 87(88.78) 14(56.00) 22(88.00)

Immunotherapy No 69(62.16) 49(50.00) 0.103 16(64.00) 7(28.00) 0.023 0.464
Yes 42(37.84) 49(50.00) 9(36.00) 18(72.00)

Radiotherapy No 31(27.93) 44(44.90) 0.016 16(64.00) 6(24.00) 0.01 0.0256
Yes 80(72.07) 54(55.10) 9(36.00) 19(76.00)
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Construction of radiomic models
Radiomic Score: Three machine learning classification 
algorithms—Support Vector Machine (SVM), XGBoost, 
and Gradient Boosting—were used to build radiomic 
models based on the selected features. The best-per-
forming models for INTRAPERI, INTRA, and PERI were 
identified as INTRAPERI_GradientBoosting, INTRA_
SVM, and PERI_XGBoost, respectively. Radiomic scores 
(Rad-scores) were calculated as weighted linear combina-
tions of the selected features:

	 Radiomic signature(Rad - score)=
∑

n
i=1CiXi + b

where b is the intercept, is the value of ith selected fea-
ture and is the coefficient of the i th selected feature [21].

The optimal radiomic models were trained and vali-
dated using 5-fold cross-validation on the training 
cohort, and their performance was subsequently evalu-
ated in the external validation cohort.

Selection of Clinical Parameters: Clinical factors 
with statistical significance in univariate analysis were 
included in a multivariate logistic regression to identify 
independent predictors of response to IT.

Construction and Validation of the Nomogram: A 
comprehensive nomogram was developed by combining 
the optimal radiomic model with independent clinical 
predictors. Its predictive performance was evaluated in 
both internal and external validation cohorts using ROC 
curves, calibration curves (assessed by Hosmer-Leme-
show tests), and decision curve analysis (DCA) to deter-
mine clinical utility.

Statistical analysis
All statistical analyses were performed using R software 
(version 4.2.2). Continuous variables were compared 
using independent samples Student’s t-test or Wilcoxon 
Mann-Whitney U test as appropriate, and categori-
cal variables were compared using chi-square tests or 
Fisher’s exact tests when necessary. Univariate and mul-
tivariate logistic regression analyses were conducted 
to identify predictors of response to IT in LA-NSCLC. 
Spearman correlation was used to remove redundant 
high-dimensional features. LASSO logistic regression 
was performed using the “glmnet” package in R. The 
“rms” package was used to construct the nomogram and 

calibration curves, with the Hosmer-Lemeshow test eval-
uating model fit [22]. ROC curves and AUC values were 
used to assess discriminative performance, and DeLong’s 
test was applied to compare AUCs between models to 
evaluate overfitting. Decision curve analysis was con-
ducted to evaluate the clinical benefit of the models [23]. 
Supplementary Figs.  2 and 3, and Supplementary Table 
4 provide additional details on model performance and 
calibration.

Results
Clinical characteristics
A total of 259 patients were included in this study, with 
209 in the training cohort and 50 in the external valida-
tion cohort. After IT, clinical efficacy was evaluated based 
on the Response Evaluation Criteria in Solid Tumors 
(RECIST) version 1.1. In the training cohort, 98 patients 
were responders (46.88% ORR: SD 99, CR 7, PR 91, PD 
12), and in the external validation cohort, 24 patients 
were responders (48% ORR: SD 25, CR 1, PR 23, PD 1). 
The clinical characteristics of the patients are presented 
in Table 1.

Univariate analysis revealed that PS score, gender, stage 
(Overall_Stage), and radiotherapy were significantly asso-
ciated with the efficacy of IT in LA-NSCLC. These four 
clinical parameters were included in a multivariate logis-
tic regression analysis, which identified the PS score as an 
independent predictor of therapy response (p < 0.05), as 
shown in Table 2. This parameter was subsequently used 
to construct the combined model.

Table  2. Univariate and Multivariate Logistic Regres-
sion Analysis of Factors in the Training Cohort.

Construction of radiomic models
Feature selection
Radiomic features were extracted from the regions of 
interest (ROIs) using the open-source PyRadiomics pack-
age. A total of 1,835 radiomic features were obtained for 
the INTRA, PERI, and INTRAPERI regions, including 
14 shape features, 360 first-order features, 440  Gy level 
co-occurrence matrix (GLCM) features, 320  Gy level 
run length matrix (GLRLM) features, 320  Gy level size 
zone matrix (GLSZM) features, 280 Gy level dependence 
matrix (GLDM) features, and 100 neighborhood gray 
tone difference matrix (NGTDM) features.

Table 2  Univariable and multivariable logistic regression analysis of factors in the training cohort
Characteristics Univariate regression Multivariate regression

OR (95% CI) p_value OR (95% CI) p_value
PS 0.352 (0.251–0.495) < 0.001 0.290 (0.185–0.453) < 0.001
Gender 0.472 (0.291–0.766) 0.011 0.576 (0.32–1.036) 0.122
Radiotherapy 0.675 (0.505–0.902) 0.026 1.446 (0.918–2.28) 0.183
Overall_Stage 0.730 (0.613–0.869) 0.003 1.066 (0.806–1.411) 0.708
OR Odds Ratio, CI Confidence Interval
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To reduce overfitting and selection bias, a series of 
dimensionality reduction and feature selection methods 
were applied prior to modeling:

1.	 Mann-Whitney U Test and Feature Filtering: 
Features with p-values < 0.05 were retained, resulting 
in 645, 548, and 588 features for INTRA, PERI, and 
INTRAPERI, respectively.

2.	 Spearman Correlation Analysis: Highly correlated 
features (correlation coefficient > 0.9) were removed, 
leaving 71, 96, and 76 features for INTRA, PERI, and 
INTRAPERI, respectively.

3.	 LASSO Regression: Least Absolute Shrinkage and 
Selection Operator (LASSO) regression with 10-fold 
cross-validation was used to further select the most 
predictive features, resulting in 15, 7, and 13 features 
for INTRAPERI, INTRA, and PERI radiomic 
models, respectiFig. (Fig. 3). Additional penalized 
feature selection for INTRA, PERI, and INTRAPERI 
is shown in Supplementary Figure S1.

Performance of radiomic features
Optimal radiomic models for each ROI were constructed 
using three machine learning algorithms: Gradient 
Boosting, Support Vector Machine (SVM), and XGBoost. 
The performance of these models was evaluated using 
accuracy (ACC), sensitivity (SEN), specificity (SPE), 
positive predictive value (PPV), negative predictive value 
(NPV), and area under the curve (AUC) in both training 

and testing datasets. The best-performing models were 
identified as INTRAPERI_GradientBoosting, INTRA_
SVM, and PERI_XGBoost.

Notably, the AUCs for the fusion models (INTRAPERI) 
were higher than those for the corresponding INTRA or 
peritumoral models in both training and external vali-
dation cohorts. Specifically, in the training cohort, the 
AUCs were 0.937 for INTRAPERI_GradientBoosting, 
0.83 for INTRA_SVM, and 0.894 for PERI_XGBoost. 
In the external validation cohort, the AUCs were 0.797, 
0.734, and 0.76, respectively.Comparison of different 
region models indicated that the 3  mm fusion region 
model had the best predictive performance (see Supple-
mentary Tables S1–S3 for detailed performance metrics 
of the INTRAPERI, INTRA, and PERI region models).

Regarding model calibration, the INTRAPERI 
(P = 0.00001451), INTRA (P = 0.0002691), and PERI 
(P = 0.0000003908) models showed significant calibra-
tion bias in the training set. However, in the external 
validation cohort, the Hosmer-Lemeshow test indicated 
no significant calibration bias for all models, suggesting 
balanced predictive performance in independent samples 
despite initial biases in the training data.

The predictive performance of radiomic features, clini-
cal parameters, and the comprehensive nomogram in 
both training and validation cohorts, along with decision 
curve analysis, are detailed in Supplementary Figures 
S2 and S3. The p-values for decision curve analysis are 

Fig. 3  Coefficients for feature selection in fused intra-peritumoral, intra-tumoral, and peritumoral regions
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derived from the Hosmer-Lemeshow test (see Supple-
mentary Table S4 for detailed results).

Performance and validation of the comprehensive 
nomogram
A comprehensive predictive model was developed by 
combining the 3 mm fusion radiomic model with clinical 
predictors, resulting in a nomogram (Fig. 4) to assess the 
response to IT in newly diagnosed LA-NSCLC patients.

The performance of the nomogram was evaluated 
using AUC values:

 	• Training Cohort: AUC = 0.755 (95% CI: 0.6940–
0.8152)(Fig. 5).

 	• External Validation Cohort: AUC = 0.731 (95% CI: 
0.5892–0.8732) (Fig. 6)

The Hosmer-Lemeshow test showed non-significant 
p-values for both internal validation (p = 0.358) and 
external validation (p = 0.179), indicating good calibra-
tion. This suggests that the predicted risks by the com-
prehensive nomogram are well-aligned with the observed 
outcomes (see Supplementary Table 4). Overall, the com-
prehensive model demonstrated good performance in 
the external validation cohort, providing reliable risk pre-
diction and decision support for clinical practice.

Fig. 5  Predictive performance of the final model’s radiomic features, clinical parameters, and comprehensive nomogram in the training cohort. decision 
curve analysis and calibration curves

 

Fig. 4  Nomogram of the comprehensive predictive model combining the 3 mm peritumoral-fused intra-peritumoral feature model with clinical predic-
tive factors
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Discussion
In this multicenter study, we extracted radiomic features 
from INTRA, peritumoral, and fusion regions of LA-
NSCLC using three machine learning (ML) algorithms. 
The INTRAPERI, INTRA, and PERI models achieved 
their best predictive performance with Gradient Boost-
ing, SVM, and XGBoost classifiers, respectively. Notably, 
the INTRAPERI model demonstrated superior predictive 
capability for IT efficacy compared to the INTRA and 
PERI models. These findings suggest that peritumoral 
features effectively reflect IT response, and the fusion 
of INTRA and peritumoral features provides additional 
predictive value beyond individual regions.

For feature extraction within INTRA and peritumoral 
regions, we employed an image fusion method to incre-
mentally obtain radiomic features. In contrast, traditional 
feature fusion methods typically merge n features from 
INTRA and peritumoral regions into 2n features, fol-
lowed by feature selection—a common approach in pre-
vious studies [20, 24]. While this method can yield more 
discriminative features, it may lead to feature redundancy 
and increased computational burden, potentially over-
looking spatial relationships and interactive information 
between tumor regions.

Conversely, image fusion preserves the unique charac-
teristics of each region and integrates spatial associations, 
thereby more effectively capturing the heterogeneity of 
the tumor microenvironment [25]. This approach allows 
for the extraction of more precise and biologically mean-
ingful features, enhancing the clinical value of disease 
diagnosis, staging, and treatment efficacy evaluation. 
Therefore, we believe that image fusion better reflects 
the spatial heterogeneity of the tumor microenvironment 
compared to feature fusion, providing a more accurate 
representation of radiomic features.

Optimal peritumoral region selection
Our results indicate that radiomic features from the 
3 mm fusion region around the tumor can predict the IT 

response in LA-NSCLC. The biological characteristics of 
lung cancer are not only reflected in the primary tumor 
but also in the surrounding tissue microenvironment. 
Combining radiomics with ML methods shows signifi-
cant potential in predicting clinical treatment responses.

Regarding the selection of the peritumoral region in 
NSCLC, previous studies have explored multiple scales 
for segmentation in predicting chemotherapy response 
[26]. These studies found that radiomic models based 
on the 0–3 mm peritumoral region outperformed those 
using 3–6 mm, 6–9 mm, and 9–12 mm regions, achiev-
ing the highest AUC of 0.95. By merging features from 
both the 0–3 mm and 3–6 mm peritumoral regions, the 
AUC further increased to 0.97. Our findings are consis-
tent with these results. Additionally, previous research 
[12] indicates that the transition zone between the lung 
adjacent to cancer (LAC) and normal lung tissue ranges 
from 1 mm to 5 mm. Based on these considerations, we 
selected a 3 mm peritumoral region as our ROI.

Selection of optimal ML algorithms for each region
Drawing on our previous meta-analysis on the predic-
tive performance of ML models for radiation-induced 
pneumonitis in lung cancer, we adopted a similar struc-
ture, demonstrating that pretraining multiple ML algo-
rithms can lead to superior models [27]. By comparing 
the performance of INTRAPERI_GradientBoosting, 
INTRA_SVM, and PERI_XGBoost, we established 
our final radiomic models for predicting IT efficacy in 
LA-NSCLC.

Furthermore, when constructing the radiomic Rad-
score, we attempted to integrate the best-performing 
ML algorithms—INTRAPERI_GradientBoosting, 
INTRA_SVM, and PERI_XGBoost—into a compre-
hensive ALL-Rad-score model. This integrated model 
achieved an impressive AUC of 0.917 in the training 
cohort (see Supplementary Fig.  2). However, we were 
concerned that solely merging peritumoral regions might 
introduce noise and lose heterogeneity information 
between regions. Consequently, we opted to use only the 

Fig. 6  Predictive performance of radiomic features, clinical parameters, and the comprehensive nomogram in the external validation cohort. Includes 
decision curve analysis and calibration curves

 



Page 10 of 12Cai et al. BMC Cancer          (2025) 25:461 

INTRAPERI model for the final Rad-score, ensuring high 
predictive performance while preserving the heterogene-
ity of INTRA and peritumoral regions. This choice not 
only optimized prediction but also enhanced the model’s 
clinical applicability and interpretability.

Clinical findings
In our study, responders and non-responders to IT dif-
fered significantly in Eastern Cooperative Oncology 
Group Performance Status (ECOG-PS), gender, stage 
(Overall_Stage), and receipt of radiotherapy (all p < 0.05). 
Multivariate logistic regression confirmed that ECOG-PS 
score is an independent predictor of IT response in LA-
NSCLC patients (p < 0.05), consistent with previous stud-
ies [28–30], indicating that ECOG-PS effectively reflects 
patients’ overall health and functional status.

Combining clinical features with radiomic features 
resulted in a model with an AUC of 0.758 in the train-
ing cohort. However, in the external validation cohort, 
the model using only ECOG-PS scores achieved an AUC 
of 0.652. This suggests that integrating radiomics with 
clinical information provides a model with some gen-
eralizability. Nonetheless, in the comprehensive nomo-
gram model, adding clinical features did not significantly 
improve predictive performance in the external valida-
tion cohort compared to using radiomic features alone. 
This implies that although clinical features like ECOG-PS 
are statistically significant predictors, their contribution 
to enhancing the overall performance of the radiomics-
dominated model is relatively limited.

Implications of radiomic analysis
Our findings demonstrate that quantitative radiomic 
analysis of the peritumoral region can aid in predicting 
IT response in LA-NSCLC patients, as the heterogene-
ity of the tumor microenvironment (e.g., microvascula-
ture, lymphatic invasion, and lymphocyte infiltration) is 
captured by corresponding radiomic features [12]. The 
INTRAPERI model, which integrates imaging features 
from both the tumor and surrounding lung parenchyma, 
enhances predictive performance and model stability. 
However, this model primarily focuses on the tumor edge 
region and may not fully encompass the complex hetero-
geneity of the entire tumor.

To address this, we attempted to combine radiomic fea-
tures with clinical information to develop a more com-
prehensive predictive model, aiming to provide a broader 
perspective for evaluating IT response in LA-NSCLC 
patients. Although this approach did not significantly 
improve predictive performance, incorporating multidi-
mensional information offers a more comprehensive ref-
erence for clinical application, supporting personalized 
treatment decisions and optimization.

Limitations
This study has several limitations. First, while we trained 
the model using a relatively large CT imaging dataset, 
the heterogeneity of the data sources may introduce 
bias, affecting its generalizability. Future studies should 
validate the model on more diverse datasets to ensure its 
applicability across different regions and equipment. Sec-
ond, although radiomic features provide rich informa-
tion, the complexity of their extraction and analysis limits 
clinical implementation [31]. Enhancing the interpret-
ability of radiomic models is an important challenge for 
future research.

Regarding calibration bias, the Hosmer-Lemeshow 
test on the training set indicated some discrepancies, 
likely due to overfitting. While LASSO regression miti-
gates overfitting by regularizing the selection of relevant 
features, small sample sizes may still lead to overfitting, 
causing a gap between predicted and actual outcomes 
[32]. Additionally, local features, noise, and sample 
imbalances in the training set may exacerbate calibration 
bias. To improve generalizability, future work will expand 
the training set and apply advanced bootstrap resampling 
techniques to reduce overfitting [33].

Lastly, although the model shows promise in predicting 
treatment response for locally advanced NSCLC, further 
optimization and validation are needed. Future efforts 
should explore advanced machine learning and deep 
learning algorithms, such as CNNs and image enhance-
ment techniques, to improve model performance and 
robustness [34]. Additionally, integrating molecular bio-
logical data and other imaging modalities like PET-CT 
and MRI will offer a more comprehensive approach to 
tumor precision treatment [35, 36].
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