Supplementary Material
I. Radiomic protocol.
II. Calculation formula of the radiogenomics biomarker.

III. R packages we used in this study
IV. Supplementary Figure 
I  Radiomic protocol.
ROI segmentation: The primary tumor areas were outlined and segmented from CECT images to generate the corresponding interested region of interest (ROI) slice-by-slice by an expert radiologist (15 years in head-neck CT imaging) using), who was blinded to outcomes, using 3D Slicer software (v4.11.2).
Inhomogeneities: N4 bias field correction was used to correct low-frequency intensity nonuniformity present in CT data, known as a bias or gain field. This filter has been widely used and is a state-of-the-art method for correcting the bias field to optimize CT-based quantification


[1] ADDIN EN.CITE . 
Resampling: All CECT image series were resampled to a voxel size of 1 × 1 × 6 mm for spatial harmonization to allow image comparison. This step was employed directly in the PyRadiomics environment


[2] ADDIN EN.CITE .
Normalization: z score methods were applied as a harmonization process to reduce systematic variations due to image acquisition, reconstruction, and postprocessing 


[3, 4] ADDIN EN.CITE . This filter is widely applied to normalize imaging data and has consistently demonstrated high efficacy in radiomics studies.
Mask editing: The masks were eroded and dilated to simulate inter-reader variability in tumor segmentation. This was done using a disc-shaped structuring element 2 voxels in diameter. A fixed-thickness adjustment was applied to ensure consistent variation across the masks.
Radiomic feature extraction: Using the feature extraction tool, we extracted 1218 radiomic features in CT images of the renal parenchymal phase. These radiomics features can be classified into six categories: (1) Shape features; (2) First-order; (3) Gray-level co-occurrence matrix (GLCM) features; (4) Gray-level run length matrix (GLRLM) features; (5) Gray-level size zone matrix (GLSZM) features; (6) Gray-level dependence matrix ( GLDM). The source of each feature and the specific calculation method are labeled in the feature extraction software: https://pyradiomics.readthedocs.io/en/latest/features.html.
II. Calculation formula of the radiogenomics biomarker.

To further clarify the association between the extracted features and tumor immune heterogeneity, we performed further feature dimensionality reduction and screening by machine learning algorithms. First, the features were selected by the minimum redundancy maximum correlation (mRMR) algorithm to enter. After that, the 30 features with the highest correlation with the results and the lowest correlation with each other were selected using LASSO regression. Finally, radiogenomics features were constructed by LASSO logistic regression model. The radiogenomics biomarkers were composed of features with non-zero coefficients in the LASSO regression by a linear combination of their weighted coefficients. Rad-score=－2.17+0.22×Total Energy (First-order)+0.08×Energy (First-order)-0.38×10Percentile (First-order)+ 0.79×Maximum3DDiameter (Shape)+ 0.04×VoxelVolume (Shape)＋0.18×Minor Axis Length (Shape)＋0.66×Dependence Non-Uniformity Normalized (GLDM)＋0.05×Size Zone Non-Uniformity (GLSZM)＋0.02×Gray Level Non-Uniformity (GLSZM).
III. R packages we used in this study

TableS1. Detailed information of different R packages for analysis. 
Abbreviations:  OS=overall survival; IRGS= immune related genes; NA= not available; ROC= receiver operating characteristic

	Objective
	Method
	Package name

	Normalize the transcriptome data
	NA
	edgeR package

	NMF clustering algorithm
	cluster
	"NMF" R package

	Normalize the methylation data
	NA
	Limma package

	Select OS-related IRGs
	univariable and multivariate Cox regression analysis
	Survival R package

	Differences in survival between the two groups
	Kaplan-Meier survival analysis
	Survival R package

	LASSO
	
	"rms" package

	Predictive performance

in different times
	Time-dependent receiver operating characteristic
	TimeROC package

	Comparative studies

in different models or factors
	ROC analysis
	SurvivalROC package

	Clinical usefulness
	Decision curve analysis
	stdca.R

	NA
	hosmer-Lemeshow
	"generalhoslem" package

	DCA
	NA
	"dca.R" package

	ROC
	Delong tests
	"pROC" package


Table S2 Performance metrics of the IRG-prognostic model in external validation cohorts from the GEO databases.
	GEO database
	C-index
	AUC
	Brier scores

	GSE65858
	0.76（95% CI: 0.69-0.78）
	0.78
	0.193

	GSE27020
	0.74（95% CI: 0.63-0.79）
	0.76
	0.071

	GSE41613
	0.79（95% CI: 0.69-0.83）
	0.81
	0.184


TableS3 Coefficients and corresponding Radiomics features used in the radiogenomics biomarker.
	categories
	Feature name 
	coefficients


	shape
	Maximum 3D Diameter
	0.79

	
	Minor Axis Length
	0.18

	
	Voxel Volume
	0.04

	First-order
	Total Energy
	0.22

	
	Energy
	0.08

	
	10Percentile
	-0.38

	GLSZM
	Size Zone Non-Uniformity
	0.05

	
	Gray Level Non-Uniformity
	0.02

	GLDM
	Dependence Non-Uniformity Normalized
	0.66
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Figure S1. (A)Heatmap to show Immune-related differentially expressed genes between HNSCC and normal tissue samples. (B)Volcano plot displays 544 immune -related differentially expressed genes in TCGA HNSCC cohort. The process of constructing immune-related markers for tumor microenvironment based on the "NMF" method. (C) Screening of different gene subgroups by NMF method. 
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Figure S2 (B) Factorization rank for k = 2–10. NMF rank survey with multiple parameters (including dispersion, cophenetic, residuals, evar, rss, and silhouette coefficients) to determine the optimal value for consensus clustering. 
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