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CT–Based Radiomics–Deep Learning Fusion for Predicting Occult Lymph Node Metastasis in Clinically Node–Negative Esophageal Squamous Cell Carcinoma

Supplementary methods
1. CT parameters of different centers
CT acquisition and reconstruction parameters for the two centers are summarized below.
	Parameter
	Center I
	Center II

	CT scanner
	IQon Spectral, Philips
	Revolution, GE

	Tube voltage
	120 kV
	120 kV

	Tube current
	Automatic
	350–410 mAs

	Slice thickness
	0.625 mm
	1 mm

	Contrast agent
	Iohexol
	Iohexol

	Dose
	1.5 mL/kg
	1.5 mL/kg

	Injection rate
	3.0–3.5 mL/s
	3.0–3.5 mL/s

	Contrast phase
	Arterial–phase
	Arterial–phase

	Scan delay
	25–30 s
	25–30 s

	Reconstruction algorithm/kernel
	iDose⁴, Filter B
	ASiR–V, Standard kernel



2. Image Preprocessing and Data Normalization Strategy
1) Image preprocessing
Patients were scanned in the supine position from the neck to the abdomen after intravenous administration of iodinated contrast material. CT images were converted from DICOM to NIfTI format. Hounsfield units were clipped to −124 to 225 and linearly normalized to 0–255. All images were resampled to an isotropic voxel size of 1 × 1 × 1 mm³ using linear interpolation.

2) Feature Standardization
During five-fold cross-validation, the mean and standard deviation of each feature were estimated from the training subset of each fold and used for z-score normalization. The same parameters were applied to the corresponding validation fold. After model selection, normalization parameters were re-estimated using the full training cohort and subsequently applied unchanged to the temporal and external test cohorts.

3) ROI Selection and Multi–slice Sampling Strategy
All data were partitioned at the patient level before slice sampling. During five–fold cross–validation, all slices from the same patient were kept within the same fold. For each patient, the axial slice with the largest tumor cross–sectional area was defined as the key slice (S0). Five slices centered on S0 were selected for the 2D deep–learning analysis: S−4, S−2, S0, S+2, and S+4. S±1 and S±3 were excluded to reduce redundancy between adjacent slices.
Each selected slice was processed separately by the network using the corresponding patient–level pathological label. For evaluation, the predicted probabilities of the five slices were averaged to obtain a single probability for each patient. The same five–slice sampling and probability–averaging procedure was used during cross–validation and in the temporal and external test cohorts. Model performance was therefore evaluated at the patient level.

4) Preprocessing for Deep Learning Models
During model training, data augmentation included translation, rotation, horizontal flipping, and random cropping to 224 × 224 pixels. Input images were subsequently normalized using ImageNet normalization parameters.
3. Radiomics feature extraction
Radiomic features were extracted from the segmented primary tumors using PyRadiomics 3.0.1. Features were calculated from the original and filtered images and included shape, first–order, and texture features. A total of 1834 radiomic features were obtained for each patient. The extraction settings are summarized below.
	Parameter
	Setting

	Software
	PyRadiomics 3.0.1

	Resampled voxel size
	1 × 1 × 1 mm³

	Interpolator
	sitkLinear

	Discretization method
	Fixed bin width

	Bin width
	52

	LoG sigma values
	1.0, 2.0, 3.0

	Image types / filters
	Original; LoG; Wavelet; LBP3D; Exponential; Square; Square Root; Logarithm; Gradient

	Feature classes
	Shape; First–order; GLCM; GLRLM; GLSZM; GLDM; NGTDM

	GLCM features enabled
	Autocorrelation; Joint Average; Cluster Prominence; Cluster Shade; Cluster Tendency; Contrast; Correlation; Difference Average; Difference Entropy; Difference Variance; Joint Energy; Joint Entropy; IMC1; IMC2; IDM; IDMN; ID; IDN; Inverse Variance; Maximum Probability; Sum Entropy; Sum Squares

	Pad distance
	10

	Voxel array shift
	1000
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4. Deep learning training and optimization
The deep–learning models were trained using cross–entropy loss and the Adam optimizer, with an initial learning rate of 3×10−3 and a batch size of 64. L2 regularization was applied during training. Early stopping was based on performance in the validation fold within the training cohort. The temporal and external test cohorts were not used for model training, early stopping, or parameter optimization.

5. Feature selection strategy and hyperparameter optimization
Feature standardization, dimensionality reduction, and feature selection were performed within the five-fold cross-validation procedure. In each fold, radiomic and deep-learning features were standardized using the mean and standard deviation estimated from the training subset, and the same parameters were applied to the corresponding validation fold. For each selected slice, a deep-learning feature vector was extracted from the penultimate layer of the corresponding ResNet model. During five-fold cross-validation, PCA was fitted using the slice-level deep-learning features from the training subset and applied to those from the corresponding validation fold, reducing each feature vector to 256 components. The PCA-reduced feature vectors from the five selected slices were then averaged to obtain a single patient-level deep-learning feature vector. After model selection, the PCA transformation was refitted using the full training cohort and subsequently applied unchanged to the temporal and external test cohorts.
Feature selection for the radiomics and fusion feature sets consisted of univariable screening, Spearman correlation filtering, and LASSO regression. An absolute Spearman correlation coefficient of 0.90 was used to remove highly correlated features. The remaining features were entered into LASSO regression, with the regularization parameter selected by 10–fold cross–validation.
Feature selection and model development were performed using stratified five-fold cross-validation within the training cohort. In each fold, univariable screening, Spearman correlation filtering, and LASSO regression were performed using only the training subset. Synthetic minority oversampling, classifier fitting, and hyperparameter optimization were also restricted to the training subset, and the fitted model was evaluated on the corresponding validation fold. After cross-validation-based model selection, the selected pipeline was fitted to the full training cohort and applied unchanged to the temporal and external test cohorts. For each model, the classification threshold was determined from the full training cohort using the Youden index and was then applied unchanged to both test cohorts.
6. SHAP analysis for model interpretability
SHAP analysis was performed for the final R101_LR model using the SHAP LinearExplainer. SHAP values were calculated for the combined feature set, including ResNet101–derived deep–learning features and handcrafted radiomic features. Global feature importance was summarized using mean absolute SHAP values. Contributions from the two feature families were summed separately and expressed as percentages of the total mean absolute SHAP value. Abbreviated feature labels were used in the SHAP summary plot, with the corresponding full feature names provided in Supplementary Table S5.

7. Software environment
Analyses were performed using Python 3.7.10 and R 4.4.1. Radiomic feature extraction was implemented with PyRadiomics 3.0.1, deep–learning models with PyTorch 1.8.1, and conventional machine–learning models with scikit–learn 0.24.1. SHAP 0.42.1 was used for model interpretation.
Supplementary Figures
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Supplementary Figure S1. Receiver operating characteristic curves of the four principal models based on patient-level out-of-fold predictions generated across five-fold cross-validation in the training cohort: Clinical_RF, Radiomics_RF, ResNet101, and R101_LR.





Supplementary Tables
Supplementary Table S1. Definitions and components of predictive models
	Model abbreviation
	Model definition

	Clinical_RF
	Clinical–feature model with a random forest classifier

	Radiomics_RF
	Radiomics–only model with a random forest classifier

	ResNet50
	Standalone ResNet50 deep–learning model

	ResNet101
	Standalone ResNet101 deep–learning model

	ResNet152
	Standalone ResNet152 deep–learning model

	R50_RF
	Radiomics–ResNet50 fusion model with a random forest classifier

	R101_LR
	Radiomics–ResNet101 fusion model with a logistic regression classifier

	R152_SVM
	Radiomics–ResNet152 fusion model with a support vector machine classifier












Supplementary Table S2. Training–cohort performance of candidate classifiers across feature sets
	Feature set
	Classifier
	AUC (95% CI)
	Accuracy
	Sensitivity
	Specificity

	Clinical
	LR
	0.668 (0.596–0.741)
	0.621
	0.716
	0.556

	
	SVM
	0.664 (0.590–0.737)
	0.636
	0.602
	0.659

	
	RF
	0.752 (0.687–0.818)
	0.715
	0.534
	0.841

	
	LightGBM
	0.740 (0.673–0.806)
	0.696
	0.523
	0.817

	Radiomics
	LR
	0.754 (0.688–0.820)
	0.706
	0.727
	0.690

	
	SVM
	0.826 (0.767–0.885)
	0.785
	0.727
	0.825

	
	RF
	0.870 (0.823–0.918)
	0.776
	0.875
	0.706

	
	LightGBM
	0.813 (0.757–0.870)
	0.757
	0.705
	0.794

	Radiomics–ResNet50
	LR
	0.876 (0.828–0.924)
	0.832
	0.693
	0.929

	
	SVM
	0.896 (0.853–0.937)
	0.836
	0.852
	0.825

	
	RF
	0.914 (0.875–0.952)
	0.846
	0.852
	0.841

	
	LightGBM
	0.892 (0.848–0.937)
	0.836
	0.807
	0.857

	Radiomics–ResNet101
	LR
	0.930 (0.896–0.965)
	0.864
	0.795
	0.913

	
	SVM
	0.903 (0.861–0.946)
	0.832
	0.852
	0.817

	
	RF
	0.883 (0.837–0.929)
	0.822
	0.773
	0.857

	
	LightGBM
	0.919 (0.880–0.958)
	0.864
	0.864
	0.865

	Radiomics–ResNet152
	LR
	0.906 (0.864–0.947)
	0.855
	0.795
	0.897

	
	SVM
	0.921 (0.884–0.958)
	0.869
	0.830
	0.897

	
	RF
	0.916 (0.880–0.952)
	0.836
	0.875
	0.810

	
	LightGBM
	0.906 (0.867–0.946)
	0.836
	0.818
	0.849


Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval; LR, logistic regression; SVM, support vector machine; RF, random forest; LightGBM, Light Gradient Boosting Machine. Performance estimates were calculated from patient-level out-of-fold predictions generated across five-fold cross-validation in the training cohort. For threshold–dependent classification metrics, the model–specific cutoff was determined in the training cohort using the Youden index.
Supplementary Table S3. Pairwise AUC comparisons between the final fusion model and principal comparator models
	Cohort
	Comparison
	ΔAUC (95% CI)
	P value
	Holm–adjusted P value

	Temporal test cohort
	R101_LR vs Clinical_RF
	0.260 (0.064–0.456)
	0.009
	0.055

	
	R101_LR vs Radiomics_RF
	0.083 (−0.054–0.219)
	0.235
	0.702

	
	R101_LR vs ResNet101
	0.070 (−0.045–0.185)
	0.234
	0.702

	External test cohort
	R101_LR vs Clinical_RF
	0.140 (−0.008–0.288)
	0.063
	0.316

	
	R101_LR vs Radiomics_RF
	0.121 (−0.025–0.267)
	0.104
	0.415

	
	R101_LR vs ResNet101
	0.053 (−0.084–0.190)
	0.447
	0.702


Abbreviations: AUC, area under the receiver operating characteristic curve; CI, confidence interval; RF, random forest; LR, logistic regression. ΔAUC was calculated as AUC(R101_LR) − AUC(comparator). P values were derived from paired DeLong tests and adjusted for six planned comparisons using the Holm method.
Supplementary Table S4. Calibration intercepts and slopes of the principal models
	Cohort
	Model
	Calibration intercept
	Calibration slope

	Temporal test cohort
	Clinical_RF
	–0.011
	0.855

	
	Radiomics_RF
	0.696
	1.926

	
	ResNet101
	0.873
	0.902

	
	R101_LR
	0.413
	1.286

	External test cohort
	Clinical_RF
	0.305
	2.109

	
	Radiomics_RF
	0.552
	1.703

	
	ResNet101
	1.244
	1.037

	
	R101_LR
	0.945
	1.546


Abbreviations: RF, random forest; LR, logistic regression. Calibration intercepts and slopes were estimated from the original model–predicted probabilities without post–hoc recalibration.
Supplementary Table S5. Feature–name mapping for the SHAP summary plot of the final R101_LR model
	Feature family
	Display label in Figure 4A
	Original feature name

	Deep learning
	DL feature 1
	DL_1

	Deep learning
	DL feature 0
	DL_0

	Deep learning
	DL feature 3
	DL_3

	Radiomics
	Wavelet–LLH GLDM DNUN
	wavelet_LLH_gldm_DependenceNonUniformityNormalized

	Deep learning
	DL feature 235
	DL_235

	Deep learning
	DL feature 66
	DL_66

	Deep learning
	DL feature 5
	DL_5

	Radiomics
	LoG–GLRLM low gray–level run emphasis
	log_sigma_1_0_mm_3D_glrlm_LowGrayLevelRunEmphasis

	Radiomics
	Logarithm GLSZM SAE
	logarithm_glszm_SmallAreaEmphasis

	Radiomics
	Wavelet–LLH GLSZM zone entropy
	wavelet_LLH_glszm_ZoneEntropy

	Deep learning
	DL feature 109
	DL_109

	Radiomics
	Original GLSZM SAHGLE
	original_glszm_SmallAreaHighGrayLevelEmphasis

	Radiomics
	Original NGTDM contrast
	original_ngtdm_Contrast

	Radiomics
	LoG (1.0 mm) GLCM IMC2
	log_sigma_1_0_mm_3D_glcm_Imc2

	Radiomics
	Wavelet–LHL GLSZM SAE
	wavelet_LHL_glszm_SmallAreaEmphasis


Note: Feature names were shortened in Figure 4A for readability. “Other features” denotes the combined contribution of features not shown individually. Abbreviations: DL, deep–learning; SHAP, Shapley additive explanations; LoG, Laplacian of Gaussian; GLCM, gray–level co–occurrence matrix; GLDM, gray–level dependence matrix; GLRLM, gray–level run–length matrix; GLSZM, gray–level size–zone matrix; NGTDM, neighboring gray–tone difference matrix; DNUN, dependence non–uniformity normalized; SAE, small–area emphasis; SAHGLE, small–area high gray–level emphasis; IMC2, informational measure of correlation 2.
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