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Combining computed tomography radiomics
and clinical features to predict lymph node
metastasis in patients with lung cancer
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Abstract

Background Accurate preoperative assessment of lymph node metastasis (LNM) is crucial for treatment planning
and prognostic stratification in patients with lung cancer. This study aimed to develop and validate a predictive model
for LNM using radiomic features derived from non-contrast computed tomography (CT) combined with clinical
characteristics.

Methods A total of 403 patients with pathologically confirmed lung cancer were retrospectively enrolled and
randomly divided into a training set (n=282) and an internal test set (n=121). In addition,30 lung cancer patients
from other hospital were collected as an external test set. Clinical variables were collected, and radiomic features
were extracted from non-contrast chest CT images using the Radiomics module of 3D Slicer. Feature selection was
performed using least absolute shrinkage and selection operator (LASSO) regression. Multiple machine-learning
models were constructed based on radiomic features and clinical features. Model performance was assessed using
the area under the receiver operating characteristic curve (AUC), and clinical utility was evaluated by decision curve
analysis (DCA). Shapley additive explanations (SHAP) were applied to enhance model interpretability.

Results Lymph node metastasis was observed in 35.5% (143/403) of patients. 2 clinical features and 16 radiomic
features most strongly associated with LNM were identified. Among the nine constructed models, the combined
clinical-radiomic support vector machine (SVM) model demonstrated the best predictive performance, with AUCs
of 0.927 in the training set, 0.852 in the internal test set, and 0.812 in the external test set. Decision curve analysis
indicated that the combined model provided a favorable net clinical benefit across a wide range of threshold
probabilities.
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Conclusion The proposed clinical-radiomic model based on non-contrast CT achieved good performance in
predicting lymph node metastasis in patients with lung cancer and may serve as a noninvasive tool to assist

individualized clinical decision-making.

Keywords Lung cancer, Lymph node metastasis, Computed tomography, Radiomics

Background

Lung cancer remains the most frequently diagnosed
malignancy and the leading cause of cancer-related
mortality worldwide. The latest global cancer statistics
estimate that in 2022, there were approximately 2.48 mil-
lion new cases of lung cancer and 1.817 million associ-
ated deaths, accounting for 12.4% and 18.7% of all cancer
cases and deaths, respectively, highlighting its substan-
tial global burden [1]. Lung cancer is characterized by
uncontrolled cell proliferation and an early tendency for
metastasis, particularly to regional lymph nodes, which
significantly influences prognosis and therapeutic deci-
sion-making [2].

Accurate preoperative staging is crucial for the opti-
mal management of lung cancer. In the current Tumor-
Node-Metastasis (TNM) classification system proposed
by the American Joint Committee on Cancer (AJCC),
lymph node involvement (N stage) is a key determinant
of stage grouping and directly influences treatment plan-
ning, including the choice between surgical resection and
combination therapy [3, 4]. For patients without lymph
node metastasis (LNM), surgical resection (e.g., lobec-
tomy) can preserve pulmonary function and yield a long
survival time, with a reported 5-year survival rate of over
70% [4, 5]. Conversely, patients with confirmed LNM
often require neoadjuvant or adjuvant chemotherapy and
radiotherapy, yet their 5-year survival rates remain sub-
optimal (26—-53%) [6—8]. These discrepancies confirm the
importance of improving the accuracy of preoperative
lymph node assessment.

The current gold standard for the preoperative diagno-
sis of LNM is mediastinoscopy and endobronchial ultra-
sound-guided transbronchial needle aspiration. However,
because these procedures are invasive, they are not rou-
tinely recommended [9]. Computed tomography (CT) is
the most commonly used noninvasive diagnostic tool for
lung cancer, providing information on tumor location,
size, and metastatic spread [10]. Typically, radiologists
use a short-axis diameter >10mm in mediastinal lymph
nodes as the criterion for metastasis, but some lymph
nodes may enlarge owing to inflammatory changes,
limiting diagnostic accuracy [11, 12]. In recent years, '8
F-FDG positron emission tomography (** F-FDG PET)
has been widely used in the preoperative evaluation of
patients with lung cancer [13]. It provides both metabolic
and anatomical information, with a sensitivity of 77% and
specificity of 86% for mediastinal lymph node staging
[14]. Nonetheless, some researchers have reported that

18 E_-FDG PET still has a high false-positive rate (5-21%)
for detecting malignancy in normal-sized lymph nodes
and for excluding malignancy in patients with concur-
rent inflammatory conditions [15-17]. Moreover, its high
cost, limited availability, and additional radiation expo-
sure hinder its widespread use in patients with lung can-
cer. Therefore, a major clinical challenge remains: how to
develop a reliable, noninvasive, and accessible method to
improve preoperative prediction of lymph node metasta-
sis in lung cancer.

Radiomics has emerged as a promising approach that
extracts high-dimensional quantitative features from
standard imaging modalities to characterize tumor
heterogeneity and microenvironment beyond human
visual interpretation. A recent meta-analysis has shown
that CT-based radiomic models achieve a sensitivity of
approximately 0.84 and a specificity of 0.82, with an area
under the receiver operating characteristic curve (AUC)
of 0.90 for predicting LNM in non-small cell lung can-
cer (NSCLC), indicating that radiomics can improve
the accuracy of lymph node staging [18]. Additionally,
systematic reviews have indicated that despite varia-
tions in the algorithms and the quality of external vali-
dation of existing models, various artificial intelligence
models have exhibited promising application prospects
in the diagnosis and treatment of LNM in patients with
lung cancer [19]. In addition, advanced machine learn-
ing and deep learning radiomic models based on CT/
PET-CT have demonstrated high predictive efficacy,
integrated imaging and clinical variables, and improved
interpretability through methods such as Shapley Addi-
tive Explanations (SHAP). [20, 21]. However, most
existing studies rely on contrast-enhanced imaging or
PET-CT, which may limit their applicability to patients
who cannot receive contrast agents or undergo PET-CT
examinations.

In this study, we aimed to develop and validate a
machine learning—based radiomics model using non-
contrast CT combined with readily available clinical fea-
tures to predict lymph node metastasis in patients with
lung cancer. Compared with previous work, our approach
emphasizes a widely accessible imaging modality, inte-
grates clinical and radiomic features, applies SHAP for
model interpretability, and includes external validation
to assess generalizability. By addressing these limitations,
this model may provide a noninvasive and practical tool
to support individualized clinical decision-making in
preoperative staging.
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Methods

Study design

This study aimed to develop a machine learning model
that integrates common clinical characteristics and CT-
based radiomics features of tumors to predict LNM in
patients with lung cancer. Clinical information was col-
lected, and radiomics features were extracted from non-
contrast chest CT images. Least absolute shrinkage and
selection operator regression analysis was employed to
reduce the number of variables and establish a prediction
model for lymph node metastasis in patients with lung
cancer based on non-contrast CT scans. The predictive
performance and clinical utility of the model were evalu-
ated using AUC and decision curve analysis, and Shap-
ley additive explanations analysis was applied to enhance
interpretability (Fig. 1).

Participants

We retrospectively collected data from 403 patients
with lung cancer treated at Panzhihua Traditional Chi-
nese Medicine and Western Medicine Hospital between
March 2020 and March 2025. A total of 270 patients
underwent systematic lymph node dissection, and 133
patients underwent lymph node sampling. Among them,
143 had mediastinal lymph node metastases, whereas 260
had no lymph node metastases. Among the 403 patients
with malignant tumors, the pathological subtypes were as
follows: 369 cases of adenocarcinoma, 23 cases of squa-
mous cell carcinoma, 7 cases of small cell lung cancer,
and three cases not otherwise specified. The inclusion
criteria were as follows: @ age>18years; @ presence of
a single pulmonary nodular lesion; ® confirmation of
lung cancer via paraffin-embedded pathological section;
@ complete case data. The exclusion criteria were as fol-
lows: ©® concomitant malignant tumors; @ concomitant
diffuse lung diseases, such as pulmonary tuberculosis or
silicosis; ® history of preoperative neoadjuvant radio-
therapy/chemotherapy or molecular targeted therapy; ®
history of previous malignant tumors. The patients were
randomly divided into development (#=282) and test
(n=121) sets at a ratio of 7:3 (Fig. 2). Basic information,
laboratory data, and pathological data were collected
from the patients’ electronic medical records. Basic
information included age, sex, smoking history, and fam-
ily history. Laboratory parameters included alpha-feto-
protein, carcinoembryonic antigen (CEA), carbohydrate
antigen CA125, carbohydrate antigen CA199, neuron-
specific enolase, and squamous cell carcinoma-related
antigen. Pathological examinations included tumor
type and immunohistochemical indicators. In addition,
we also collected and analyzed the information on the
location of the patients’ tumors and the patients’ TNM
stage(The 9th edition of the American Joint Commit-
tee on Cancer(AJCC) TNM staging system). In addition,
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data from 30 patients at Panzhihua Central Hospital were
retrospectively collected as an external test set.

Analysis of clinicopathological factors and prediction
model construction

For the statistical analysis of clinical data, categorical
variables were described by frequency and constitu-
ent ratio. The description and comparison methods of
continuous variables were determined by the normal-
ity of data distribution, which was tested using the Kol-
mogorov-Smirnov test. Normally distributed variables
were expressed as mean tstandard deviation (+s) and
compared using the independent-samples t-test; non-
normally distributed variables were expressed as median
[interquartile range] (Median [IQR]) and compared using
the Mann-Whitney U test. Model performance was
evaluated by the area under the curve (AUC) with a 95%
confidence interval (95%CI). A two-sided p<0.05 was
considered statistically significant. All statistical analyses
were performed using R software (Version 4.3.0; https://
www.r-project.org) and Python (Version 3.10.0). Factors
with a stronger association with LNM status (p<0.05)
were selected for multivariate analysis (Table 1).

CT image acquisition and feature extraction

All patients were placed in the supine position and
scanned from the thoracic inlet to the diaphragmatic
base. Scanning parameters were as follows: scanning
slice thickness: 5.0mm, tube voltage: 120 kVp, and tube
current: 80—-300 mAs,reconstruction kernel:B70f, recon-
struct slice thickness: 1.0mm. All images were displayed
using the standard lung (window width: 1200 HU; win-
dow level: —-600 HU).

All images were saved on a hard disk in DICOM for-
mat and imported into 3D Slicer software (version
5.8.1). We first standardized the voxel size via inter-
polation prior to feature extraction.A radiologist with
8years of experience, Peiqi Wang, manually delineated
the region of interest (ROI) of the tumor on a lung win-
dow. The entire tumor lesion area was outlined layer by
layer. Once the delineation was completed, a radiology
attending physician with 10years of experience, Yang Fu,
reviewed and corrected the delineated ROI, to ensure
the Intraclass Correlation Coefficient(ICC) of radiomic
features is >0.85. In total, 851 radiomics features were
extracted using the SlicerRadiomics module, including:
1. 14 shape features describing tumor morphology and
geometric structure, such as edge detection and contour
description; 2. 93 texture features describing image tex-
ture information, such as the gray-level co-occurrence
matrix, gray-level difference matrix, and gray-level run
length matrix; 3. 744 frequency-domain features describ-
ing tumor characteristics in the frequency domain, such
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Fig. 1 Overall flowchart

as Fourier transform coefficients and wavelet transform
coefficients.

Selection of radiomics features
Prior to feature selection, all radiomics features
were standardized using Z-score normalization. The

standardization of Z-score parameters (mean and stan-
dard deviation) was performed exclusively on the train-
ing folds. Owing to the large number of radiomics
features, three methods were employed for dimension-
ality reduction to avoid issues, such as model overfitting
and multicollinearity. First, variance thresholding was
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Fig. 2 Patient inclusion and exclusion criteria and enroliment flowchart

used to remove features with a variance<0.8. Second,
univariate selection was applied to filter out non-signifi-
cant features (p >0.05). Finally, the least absolute shrink-
age and selection operator regression algorithm was used
to sparsify the feature set, select indicators most relevant
to the research objective, and obtain their weights. Key
radiomics features were selected (Fig. 3). This study con-
ducts a correlation analysis between the screened imag-
ing features and T staging, excludes feature variables
with a strong correlation with T staging (|r| >0.7), and
finally retains features with high independence for sub-
sequent modeling and analysis. Ultimately, 16 radiomics
features were retained (Table 2), including: wavelet-LLH_
glem_Imc2, wavelet-HHH_glem_ClusterProminence,
original_shape_Sphericity, wavelet-LLL_glem_MCC,
wavelet-HLH_glem_Imc2, original_glem_ClusterShade,
original_gldm_SmallDependenceHighGrayLevelEm-
phasis, original glszm ZoneEntropy,  wavelet-LLL
gldm_SmallDependenceHighGrayLevelEmphasis,
original_firstorder_90%ile, original_glszm_SizeZone-
NonUniformity, wavelet-LHL_firstorder_Maximum,

wavelet-LLH_firstorder Mean, wavelet-LLL_glszm_
GrayLevelVariance, and original_firstorder_Minimum.
After dimensionality reduction, the radiomics score
(RadScore) was calculated for each patient using the fol-
lowing formula. The RadScore, which comprehensively
represents radiomic features, was incorporated into
model construction.

The formula for calculating the RadScore is:

RadScore = wavelet-LLH_glem_Imc2x (-
0.025579894) + wavelet-HHH_glecm_Clus-
terProminencex ( -0.019328046) +
original_shape_Sphericityx(-0.013027585)+
wavelet-LLL_glem_MCCx(-0.010390812)+
wavelet-HLH_glcm_Imc2x(-0.007564503)+
original_glcm_ClusterShadex(-0.007167992)+
original_gldm_SmallDependence
HighGrayLevelEmphasisx(-0.00049788)+ origi-
nal_glszm_ZoneEntropyx(0.0011592808893695907)+
wavelet-LLL_gldm_SmallDependenceHighGray-
LevelEmphasisx(0.0027629811348519767)+ origi-
nal_firstorder_90%ilex(0.009111013539256278)+
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Table 1 Group statistics of clinical data in the test set and
internal test set

Clinical Classification Train Internal p
pathological Test
characteristics
n 282 121
Gender (%) male 157 (55.7) 54(446) 0054
female 125(443) 67 (554)
Age (median 66 [55,74] 68 [54, 0.699
[IQR]) 74]
Smoke (%) no 180(63.8) 88(72.7) 0.105
yes 102 (36.2) 33(27.3)
Family_history (%) no 257 (91.1)  110(90.9) 1.000
yes 25(8.9) 1109.1)
T_Stage (%) T 76 (27.0) 34(28.1) 0314
T2 107 (37.9) 48(39.7)
T3 42 (14.9) 10 (8.3)
T4 57 (20.2) 29 (24.0)
M_stage (%) MO 169 (59.9) 73(60.3) 0.307
M1 113 (40.1) 47 (38.8)
M2 0(0.0) 1(0.8)
Clinical_stage (%) 1A 59 (20.9) 27 (22.3) 0489
1B 112(39.7)  39(32.2)
IIA 14 (5.0) 8(6.6)
1B 7(2.5) 5(4.1)
A 1(04) 0(0.0)
1B 0(0.0) 1(0.8)
\% 89 (31.6) 41 (33.9)
CEA (median 290[2.10, 290 0.765
[IQR]) 4.10] [2.30,
4.60]
Pathological_type adenocarcinoma 258 (91.5)  112(92.6) 0.238
(%)
squamous cell 19 (6.7) 4(3.3)
carcinom
small cell lung 3(1.1) 4(33)
cancer
other 2(0.7) 1(0.8)

original_glszm_SizeZoneNonUniformi-
tyx(0.03503650252922063)+ wavelet-LHL_fir-
storder_Maximumx(0.03734605667166642)+
wavelet-LLH_firstorder_Meanx(0.03901754470939138)+
wavelet-LLL _glszm_GrayLevelVari-
ancex(0.05842791980640918)+ original_firstorder_Mini-
mumx(0.0622995314014254).

Model construction

To predict LNM, filtered clinical and radiomics features
were used as inputs to construct a radiomics model for
the differential diagnosis of LNM. All data were ran-
domly divided into development and internal test sets
(split ratio: 7:3). The training set was used for model
training, whereas the internal and external test sets were
used to assess the generalization ability of the model.
With roughly 35% positive lymph-node cases, the data
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set is class-imbalanced. We adopted two methods dur-
ing data analysis to alleviate this issue: (1) The SMOTE
method for oversampling the minority class; (2) Algo-
rithm hyperparameter setting: class_weight="balanced.
Experimental results showed that setting the class_
weight parameter to ‘balanced’ (which adjusts the
model’s attention to the minority or majority class by
assigning different weights to different classes) achieved
better performance (In the clinical-radiomic SVM
model, the class_weight="balanced’ method yielded an
AUC that was 0.23 higher in the internal test set and 0.15
higher in the external test set compared with the SMOTE
method) . Therefore, we chose this method to mitigate
the class imbalance of the data.Logistic regression(LR),
support vector machine (SVM), and random forest (RF)
algorithms were employed to construct models for the
differential diagnosis of LNM. For the three algorithms,
we have conducted systematic hyperparameter tuning
via GridSearch combined with internal 5-fold cross-val-
idation. The search range for logistic regression includes
penalty types (L1/L2), C (0.001, 0.01, 0.1, 1, 10, 100), and
class weights (balanced/None); the search parameters for
SVM cover kernel types (‘rbf; ‘linear; ‘poly’), gamma val-
ues (‘auto; 0.01, 0.1, 1, 10), and C (0.01, 0.1, 1, 10, 100);
for random forest, we explored the number of n_estima-
tors (10, 50, 100, 200, 300, 500), max_depth (5, 10, 20,
50), min_samples_split (2, 5, 10), and max_features (‘sqrt,
‘log2, None).Receiver operating characteristic curves
were plotted, and AUC was calculated to evaluate accu-
racy, precision, sensitivity, and specificity.

Construction of the radiomics nomogram

A radiomics nomogram was constructed by combining
RadScores and significant clinicopathological factors in
a multivariate logistic regression model. Receiver oper-
ating characteristic curves were plotted and AUC values
were calculated to evaluate accuracy, precision, sensitiv-
ity, and specificity. Additionally, a calibration curve was
plotted to assess calibration and discrimination. Decision
curve analysis was performed to quantify the net benefit
of the nomogram and evaluate its clinical utility.

Results

Clinical characteristics

The demographic and clinicopathological character-
istics of patients in the training and internal test sets
are detailed in Table 1. The training set comprised 282
patients (median age: 66years; interquartile range:
55-74years; 157 men). Univariate and multivariate
analyses revealed that LNM status was significantly
associated with T stage and smoking history. However,
no statistically significant differences were observed
between patients with and without metastasis in the
training set regarding sex, age, family history, metastasis
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Fig. 3 Radiomic features selected using the LASSO regression model (A) shows the mean squared error of the radiomic features displayed by the lasso
regression analysis in the model. The two vertical lines indicate the lambda values when the number of variables is reduced to the two lowest levels. (B)
shows the trajectory of each radiomic feature, with the horizontal axis representing the log lambda for each radiomic feature and the vertical axis repre-

senting the coefficient of each radiomic feature

Table 2 LASSO feature selection table

Features Coefficients

wavelet-LLH_glcm_Imc2 —0.0255798%4
wavelet-HHH_glcm_ClusterProminence —0.019328046
original_shape_Sphericity —0.013027585
wavelet-LLL_glcm_MCC —0.010390812
wavelet-HLH_glcm_Imc2 —0.007564503
original_glcm_ClusterShade —0.007167992
original_gldm_SmallDependenceHighGray- —0.00049788

LevelEmphasis
original_glszm_ZoneEntropy

wavelet-LLL_gldm_SmallDependenceHigh-
GraylLevelEmphasis

0.0011592808893695907
0.0027629811348519767

0.009111013539256278
0.03503650252922063
0.03734605667166642
0.03901754470939138
0.05842791980640918
0.0622995314014254

original_firstorder_90%ile
original_glszm_SizeZoneNonUniformity
wavelet-LHL_firstorder_Maximum
wavelet-LLH_firstorder_Mean
wavelet-LLL_glszm_GrayLevelVariance
original_firstorder_Minimum

Table 3 Univariate and multivariate analyses

stage, clinical stage,tumor location or CEA levels (all
p>0.05, Table 3).

Model construction and predictive performance
Three machine learning algorithms—logistic regres-
sion, SVM, and RF—were selected to construct predic-
tion models. Models were built using clinical features,
radiomic features, and a combination of both (clinical—
radiomics features). In the training set, the SVM model
with combined clinical-radiomics features demon-
strated the best performance (AUC=0.927). The model
based solely on radiomics features also performed well
(AUC=0.921), approaching the performance of the com-
bined model. The model based solely on clinical features
exhibited low performance (AUC=0.7).

In the internal test set, the SVM model with combined
clinical-radiomics features achieved the best perfor-
mance (AUC =0.852), whereas the RF model based solely

Clinical pathological characteristics Univariate analysis

Multivariate analysis

OR Cl.lower Cl.upper P value OR Cl.lower Cl.upper P value
Gender 0614 0.404 0.926 0.021 0.982 0.568 1712 0.948
Age 1.027 1.01 1.045 0.002 1.018 0.999 1.037 0.065
Smoke 1.961 1.279 3.01 0.002 1.959 1.115 3481 0.02
Family_history 0.901 0423 1.827 0.778
T_stage 1.883 1.545 2311 <0.001 1.726 1.365 2197 <0.001
M_stage 2255 1494 342 <0.001 1.543 0.811 2.897 0.18
Clinical_stage 1.182 1.103 1.268 <0.001 1.025 0911 1.154 0.679
CEA 0.994 0.985 0.999 0.092
Pathological_type 0614 0404 0.926 0.021
Tumor location 1.136 1.023 1.236 0.017 1.116 0.997 1.251 0.058
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on radiomics features achieved an AUC of 0.844. In the The Delong test was performed on the AUC of the

external test set, the RF model with combined clinical- internal test set. The test results showed that there were
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Fig. 4 Receiver operating characteristic (ROC) curves of the models. A. Development set: The LR model with clinical features alone (AUC=0.693), the LR
model with radiomic features alone (AUC=0.806), and the LR model with combined features (AUC=0.833). B. Internal test set: The LR model with clinical
features alone (AUC=0.650), the LR model with radiomic features alone (AUC=0.812), and the LR model with combined features (AUC=0.817). C. External
test set: The LR model with clinical features alone (AUC =0.644), the LR model with radiomic features alone (AUC=0.767), and the LR model with com-
bined features (AUC=0.794). D. Development set: The SYM model with clinical features alone (AUC=0.725), the SYM model with radiomic features alone
(AUC=0.921), and the SVM model with combined features (AUC=0.927). E. Internal test set: The SVM model with clinical features alone (AUC=0.707),
the SVM model with radiomic features alone (AUC=0.824), and the SVYM model with combined features (AUC=0.852). F. External test set: The SVM
model with clinical features alone (AUC=0.687), the SVYM model with radiomic features alone (AUC =0.840), and the SYM model with combined features
(AUC=0.812). G. Development set: The RF model with clinical features alone (AUC=0.711), the RF model with radiomic features alone (AUC=0.879), and
the RF model with combined features (AUC=0.884). H. Internal test set: The RF model with clinical features alone (AUC=0.733), the RF model with ra-
diomic features alone (AUC=0.844), and the RF model with combined features (AUC=0.838). I. External test set: The RF model with clinical features alone
(AUC=0.663), the RF model with radiomic features alone (AUC=10.799), and the RF model with combined features (AUC=0.833).
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Table 4 Results of the models

Model Classifier wb_auc wb_acc wb_sen wb_spe
Com LR 0.794(0.897-0.659)  0.795 0.667 0.944
Com RF 0.833(0.935-0.709) 0.821 0.714 0.944
Com SVM 0.812(0.92-0.686)  0.795 0.81 0.778
RS LR 0.767(0.874-0.621) 0.718 0619 0.833
RS SVM 0.84(0.946-0.719)  0.846 0.81 0.889
RS RF 0.799(0.911-0.672) 0.769 0.81 0.722
Clic LR 0.644(0.802-0.508) 0.667 0.667 0.667
Clic RF 0.663(0.814-0.549) 0.641 0476 0.833
Clic SVM 0.687(0.809-0.518) 0.641 0.571 0.722
Table 5 Contrasted results of all models
Molde Comparation Pvalue in
internal
test set
Radiomic_LR model vs Clinical_LR model 0.21665
Radiomic_LR model vs Combined_LR model 0.17350
Clinical_LR model vs Combined_LR model 0.04469
Radiomic_SVM model vs Clinical_SVM model 0.03642
Radiomic_SVM model vs Combined_SVM model 0.89068
Clinical_SVM model vs Combined_SVM model 0.01418
Radiomic_RF model vs Clinical_RF model 0.02576
Radiomic_RF model vs Combined_RF model 0.76846
Clinical_RF model vs Combined_RF model 0.01432

model vs. Combined SVM model, Radiomic_RF
model vs. Clinical RF model, and Clinical RF model
vs. Combined_RF model.(Table 5) Additionally, the
Hosmer-Lemeshow test result (p=0.398) is reported: a
p-value>0.05 indicates no statistically significant dis-
crepancy between predicted and observed outcomes.
As shown, the bias-corrected calibration curve closely
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aligns with the ideal curve, and the Hosmer-Lemeshow
test result further confirms that the nomogram has sat-
isfactory calibration—meaning its predicted probabilities
are well-matched to the actual occurrence of the target
outcome.

The clinical utility of the models was assessed using
decision curve analysis curves. Within a reasonable
threshold probability range, the net benefit of the com-
bined model was higher than that of the clinical-only and
radiomics-only models (Fig. 5).

Model interpretability analysis

SHapley Additive exPlanations (SHAP) plots were gen-
erated to visualize the impact of different features on
individual predictions. Tumor stage was identified as
the most critical variable, followed by radiomic features
reflecting tumor gray-level distribution and shape and
smoking history. All features exhibited positive SHAP
values, indicating an overall tendency to increase the pre-
dicted probability of LNM. This demonstrates the syner-
gistic effect of clinical and radiomic features, providing
a basis for understanding model decisions, investigating
metastatic mechanisms, and optimizing diagnostic and
treatment strategies (Fig. 6, 7).

Nomograms

A nomogram was constructed to present the model visu-
ally (Fig. 8). The nomogram is based on the Combined-LR
model, and it indeed represents a more interpretable but
slightly less performant model, facilitating clinical under-
standing and popularization.This nomogram enables
individualized prediction of lung cancer lymph node

Hosmer-Lemeshow P = 0.398

Actual Outcome
06

04

Apparent
—— Bias-corrected
- Ideal

0.2
1

T T T T
0.2 0.4 0.6 0.8

Nomogram-Predicted Probability

B

Fig.5 Decision curve analysis (DCA). A. DCA curves for the clinical feature model, radiomic feature model, and clinical-radiomic combined feature model.
Within the threshold probability range of 0.2-0.8, the combined model yielded a higher net benefit. B. The Hosmer-Lemeshow test result is (p=0.398) :a
p-value >0.05 indicates no statistically significant discrepancy between predicted and observed outcomes. The bias-corrected calibration curve closely
aligns with the ideal curve, the Hosmer-Lemeshow test result further confirms that the nomogram has satisfactory calibration
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Fig. 6 SHAP plots for predicting lymph node metastasis. A: SHAP feature importance heatmap. The x-axis represents individual instances (samples), and
the y-axis lists key features (including T stage, radiomic features, smoking history, etc.). Color represents the SHAP value (red: positive, blue: negative, in-
dicating a promoting or inhibitory effect on LNM prediction, respectively). The curve at the top represents the model output. B: SHAP summary plot. The
y-axis lists key features (including T stage, radiomic texture/shape features, smoking history, etc.). The x-axis represents the impact of the feature value on

the model output (SHAP value). Color indicates the feature value (red: high, blue: low)
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Fig. 7 Bar plot for predicting lymph node metastasis. A. Training set: The Rad_score distinction between the two groups of samples is the clearest (the
blue group is concentrated in the low-score segment on the left, the green group in the high-score segment on the right, with little overlap);B. Internal
test set: The distinction is slightly weaker than that of the training set, but the overall trend remains consistent (the blue group is still biased left, and the
green group right);C. External test set: The distinction is relatively weaker (with some sample overlap), but the trend that “LNM corresponds to a high
Rad_score and Non-LNM corresponds to a low Rad_score”still holds.

metastasis, with key clinical applications:®Risk strati-
fication: Map T-stage, smoking status, and Rad_score
to Points, sum for Total points, and derive metastasis
probability (e.g., total 118 — 0.149) to group patients by
risk.@Decision support: Guides preoperative evaluation

(e.g., PET-CT for high-risk cases) or treatment planning,
avoiding over-/under-intervention.®Improved commu-
nication: Visualizes feature-specific risk contributions,
enhancing shared decision-making with patients.@Model
interpretability: Explicitly displays the weight of
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Fig. 8 Nomogram for predicting lymph node metastasis

significant predictors (T-stage, Rad_score), addressing
“black-box” limitations of complex models.

Discussion

In this study, we retrospectively developed and validated
machine learning models integrating clinical characteris-
tics and radiomics features extracted from non-contrast
chest CT to predict lymph node metastasis (LNM) in
patients with lung cancer. Among the nine constructed
models (three algorithms*three feature sets), the com-
bined clinical-radiomic support vector machine (SVM)
model demonstrated the best performance, with AUCs
of 0.927 in the training set, 0.852 in the internal test set,
and 0.812 in the external test set. In contrast, models
based solely on clinical features showed limited discrimi-
native ability, suggesting that radiomics features provide
substantial incremental value beyond routine clinical
variables.

Previous studies have reported associations between
LNM and factors such as age, smoking history, tumor
size, histological subtype, degree of differentiation, and
serum tumor markers [22, 23]. Several clinical or clini-
copathological prediction models have been proposed,
with reported AUCs ranging from 0.75 to 0.90 [24-26].
However, the clinical-only model in our set exhibited
relatively poor performance, and no significant differ-
ences were observed for several conventional clinical
variables between patients with and without LNM. This

discrepancy may be attributed to set heterogeneity, ret-
rospective selection bias, and the limited discriminatory
power of isolated clinical indicators in early nodal spread.

Radiomics enables the high-throughput extraction of
quantitative imaging features that reflect intratumoral
heterogeneity and spatial complexity beyond visual
assessment [27]. Prior CT-based radiomics studies have
demonstrated moderate predictive performance for
occult LNM, with reported AUCs generally between 0.78
and 0.86 [28, 29]. Deep learning—based approaches and
PET/CT-derived radiomics models have shown further
performance gains but often rely on contrast agents, met-
abolic imaging, or complex acquisition protocols [13, 30,
31], which may limit accessibility and increase cost and
radiation exposure.

A notable strength of the present study is the exclusive
use of non-contrast CT, which is routinely available, cost-
effective, and associated with lower radiation burden.
Compared with conventional CT (sensitivity: 0.81, speci-
ficity: 0.55) and '®F-FDG PET(sensitivity: 0.77, specific-
ity: 0.86) [14], our clinical-radiomics combined model
demonstrated a significantly higher specificity (0.93)
with a comparable sensitivity (0.81), indicating a superior
discriminatory ability relative to traditional size-based
assessment methods for lung cancer lymph node metas-
tasis. This finding underscores the potential of radiomics-
based models to overcome the well-known limitations
of morphological CT criteria, which are prone to false
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positives from reactive lymphadenopathy and false nega-
tives in micrometastatic disease.

The radiomics features identified in this study, includ-
ing first-order, shape, and multi-scale texture features
derived from GLCM, GLDM, and GLSZM matrices with
wavelet decomposition, provide biologically plausible
imaging surrogates of tumor heterogeneity and aggres-
siveness in lung cancer. First-order intensity features
reflect variations in tissue density and composition,
potentially corresponding to differences in cellularity,
necrosis, and proliferative activity. Shape features, such
as sphericity, characterize macroscopic growth pat-
terns, where irregular tumor morphology is indicative
of invasive behavior. Texture features quantify spatial
complexity and regional non-uniformity of gray-level
intensities, capturing intratumoral heterogeneity that has
been linked to genomic instability, elevated tumor muta-
tion burden (TMB), and unfavorable prognosis [32, 33].
GLDM- and GLSZM-based features further emphasize
localized high-density regions and structural disorder,
which may reflect heterogeneous cell packing, stromal
remodeling, and variations in immune cell infiltration.
Notably, increasing evidence suggests that radiomic het-
erogeneity correlates with immune-related biomarkers,
including PD-L1 expression and tumor-infiltrating lym-
phocytes (TILs), highlighting the potential of radiomics
to non-invasively characterize the tumor immune micro-
environment [27, 34]. Wavelet-based features enable
multi-scale assessment of tumor architecture, enhancing
sensitivity to subtle microstructural patterns associated
with proliferation, immune-stromal interactions, and
molecular alterations [35]. Collectively, these findings
support the role of radiomics as a non-invasive approach
for capturing imaging phenotypes that reflect underlying
molecular and immunological processes in lung cancer.
Consistent with prior reports, tumor T stage emerged as
a high-impact predictor, reflecting the increased likeli-
hood of nodal dissemination with advancing local tumor
burden [25].

Decision curve analysis further demonstrated that the
combined model provided a higher net clinical benefit
than treat-all or treat-none strategies across a wide range
of threshold probabilities, supporting its potential utility
in preoperative risk stratification and treatment planning.

Nevertheless, several limitations should be acknowl-
edged. First, the retrospective design may introduce
selection bias. Second, although external validation was
performed, the external cohort size was relatively lim-
ited, which may influence the precision of generalizability
estimates. Importantly, formal radiomics feature stability
assessment—such as test-retest analysis or phantom-
based reproducibility evaluation—was not conducted in
this study. Although imaging was acquired using stan-
dardized protocols, feature reproducibility cannot be
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assumed from scanner uniformity alone, as physiologi-
cal factors (e.g., respiratory motion), technical variations
(e.g., contrast timing and dosage), and patient positioning
may influence feature values. Moreover, external valida-
tion evaluates model-level performance rather than fea-
ture-level robustness, and therefore does not substitute
for dedicated stability testing. Third, manual tumor seg-
mentation may introduce interobserver variability despite
standardized delineation procedures. Future prospective,
multicenter studies incorporating repeat acquisitions or
phantom-based analyses in accordance with the image
biomarker standardisation initiative(IBSI) methodologi-
cal recommendations are warranted to ensure feature
reproducibility and to further validate and refine the pro-
posed model prior to routine clinical implementation.

Conclusion

This study demonstrates that a machine learning model
combining non-contrast CT radiomics and clinical fea-
tures can outperform conventional CT criteria in pre-
dicting lymph node metastasis in lung cancer. With
further validation, this approach may serve as a practi-
cal, noninvasive tool to assist individualized treatment
decision-making.
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