[bookmark: OLE_LINK65][bookmark: OLE_LINK2]Appendix: Summary of Studies in Model Comparison (Section 5.3)
As most studies in this field are retrospective, involving small cohorts and relying on internal validation within the same dataset, independent external validation has rarely been performed. Nevertheless, valuable similarities and differences can still be identified across these studies, even though retrospective evidence remains limited in strength. Therefore, these models are summarized in these supplementary tables.
[bookmark: OLE_LINK70]Table 1. Radiomics to predict treatment outcomes (Section 5.1.1)
[bookmark: OLE_LINK71]Table 2. Radiomics to predict of treatment response (Section 5.1.2)
Table 3. Radiomics to predict xerostomia (Section 5.2.1)
Table 4. Radiomics to predict multiple radiation-induced adverse events (Section 5.2.2-3)

	
	
	Study
	Pts
	Subsite
	Survival Outcomes
	Time
	Imaging
	Segmentation
	Algorithms
	Optimal Model 
(Validation Cohort)

	Volpe et al. [1], 2023
	105
	oropharynx
	OS, LPFS
	pre
	CT
	GTV
	Cox, LASSO
	CT + Clinical Model
OS CI 0.82, LPFS CI 0.86

	Zhai et al. [2], 2019
	444
	H&N
	LC, RC, DMFS,DFS
	pre
	planning CT
	primary tumour
pathological LN
	Cox, Logistic regression
	CT + Clinical Model
LC CI 0.64, RC CI 0.80
DMFS CI 0.71, DFS CI 0.70 

	Li et al. [3], 2022
	145
	nasopharynx
	OS
	pre
	planning CT
	[bookmark: OLE_LINK4]GTV + GTVn
	LASSO-Cox
	CT + Clinical Model
OS CI 0.849

	Ou et al. [4], 2017
	120
	H&N
	OS, PFS
	pre
	planning CT
	primary tumour
	Cox, PCA, Spearman
	CT + p16 Model
OS AUC 0.78

	[bookmark: OLE_LINK64]Franzese et al. [5], 2023
	106
	H&N LN-positive
	LRF, PFS, OS
	pre
	planning CT
	GTVn
	Cox, 
Elastic Net
	CT Model, LRF AUC 0.56
CT + Clinical Model
OS AUC 0.77, PFS AUC 0.71

	Tang et al. [6], 2021
	188
	H&N
	Death, Recurrence
	pre
	planning CT
	GTV, PTV
	DL-ANN, LOOCV
	CT Deep Learning Model
Death GTV AUC 0.946
PTV AUC 0.925
Recurrence GTV AUC 0.96
PTV AUC 0.93

	Cozzi et al. [7], 2019
	110
	H&N
	OS, PFS, LC
	pre
	planning CT
	GTV
	Cox, 
Elastic Net
	CT Model OS CI 0.90, 
PFS CI 0.80, LC CI 0.82

	Fatima et al. [8], 2021
	51
	H&N LN-positive
	Recurrence
	interim
	quantitative ultrasound
	metastatic LN
	FLD, kNN, SVM
	US Delta Radiomics Model
Recurrence AUC week4 0.81 

	Pei et al. [9], 2022
	294
	nasopharynx
	PFS
	pre
	MRI, T1WI+C, T2WI
	tumour volumes
	Cox, RSF
	MRI + Clinical RSF Model
3y-PFS AUC 0.861
5y-PFS AUC 0.847

	Siow et al. [10], 2022
	198
	hypopharynx
	OS, PFS
	pre
	MRI, T1WI+C
	tumour volumes of interest
	LASSO-Cox
	MRI + Clinical Model
OS iAUC 0.671, 
PFS iAUC 0.675

	Beddok et al. [11], 2022
	55
	H&N
	LR/LEFS
	pre-reRT
	FDG-PET, MRI
	reRT GTV
	Spearman, PCA
	MRI Model
Recurrence AUC 0.85
FDG-PET Model
LR location AUC 0.84

	Wang et al. [12], 2023
	220
	H&N
	OS
	pre
	18F-FDG PET/CT
planning CT, DVH
	GTV + GTVn
	Cox, Spearman, LASSO-Cox
	PET + CT + Dose Model
(3 different sets)
OS CI 0.873 / 0.759 / 0.835

	Sorensen et al. [13], 2020
	29
	H&N
	OS, DM, LC
	pre and interim
	FMISO-PET, FDG-PET
	MTV
	Cox
	Radiomics features form 
Pre/Mid-FMISO-PET

	Carles et al. [14], 2021
	35
	H&N
	OS, PFS, LR, DM
	pre and interim
	FMISO-PET
	HSV
	WF, Spearman, 
Cox
	FMISO-PET Model
LGZE week5 LR AUC 0.80
[bookmark: OLE_LINK20]CP week PFS, p = 0.009

	Zhang et al. [15], 2022
	328
	H&N
	LRRFS
	post
	FDG-PET, CT
	GTV
	mRMR, SVM, DA, Logistic regression, Cox
	PET Model LRRFS AUC 0.90
CT + PET ± Clinical Model
LRRFS AUC 0.93/0.94 

	Wu et al. [16], 2020
	237
	H&N
	LR
	pre
	FDG-PET, CT, planning dose
	GTV
GTV + 1cm
GTV + 2cm
	Cox, PCA, EasyEnsemble
	Dosiomics + CT + PET Model
LR CI 0.66


Table 1. Radiomics to predict treatment outcomes (Section 5.1.1)
Subsite: H&N, head and neck. LN, lymph node. 
Survival outcomes: OS, overall survival. LPFS, local progression free survival. LC, local control. RC, regional control. DMFS, distant metastasis-free survival. DFS, disease-free survival. PFS, progression free survival. DM, distant metastases. LRF, locoregional failure.  LR, locoregional recurrence. LRRFS, locoregional recurrence free survival. LEFS, locoregional failure-free survival. reRT, re-irradiation. 
Segmentation: GTV, gross tumour volume. GTVn, gross tumour volume of lymph nodes. PTV, planning target volume. MTV, metabolic tumour volumes. HSV, hypoxic sub-volume. 
Algorithms: RSF, random survival forest. WF, wavelet band-pass filtering. DL-ANN, deep learning artificial neural networks. FLD, Fisher’s linear discriminant. kNN, k nearest neighbors. SVM, support vector machine. DA, discriminant analysis. PCA, principal component analysis. 
Optimal model: CI, concordance index. AUC, area under curve. , relative differences in radiomics feature. LGZE, low gray-level zone emphasis. CP, classification parameter. BA, balanced accuracy.


	[bookmark: OLE_LINK1]Study
	Pts
	Subsite
	Treatment Response
	Time
	Imaging 
	Segmentation
	Algorithms
	Optimal Model

	Bogowicz et al. [17], 2017
	149
	H&N
	CRT
	pre
	planning CT
	GTVp
	Cox, PCA
Logistic regression
	CT Model 
Local Control CI 0.73

	Kazmierska et al. [18], 2022
	290
	H&N
	(IC) + RT or CRT
	pre
	planning CT
	GTVp
	LASSO, Pearson correlation, MI, 
Logistic regression
	Clinical Model
Incomplete response AUC 0.78

	Xi et al. [19], 2022
	272
	NPC
	IC + CRT
	pre and 
post IC
	MRI -T2WI, T1WI+C
	primary tumour
	mRMR, LASSO, 
Logistic regression
	MRI Delta Radiomics Model
TR AUC 0.910

	Yuan et al. [20], 2024
	104
	NPC
	(IC) + CRT
	pre
	MRI – T1WI(+C), T2WI, DWI, ADC
	subregions within tumour area
	K-means, LASSO, Pearson correlation, mRMR, Logistic regression, RF
	ITH + Clinical Model
Early TR AUC 0.838

	Xu et al. [21], 2023
	145
	NPC / LN
	CRT
	pre
	MRI -T2WI, T1WI+C
	the largest lymph nodes (+ 2mm)
	LASSO, Spearman correlation, mRMR
Logistic regression
	Peritumoral MRI Model
TR AUC 0.794

	Sellami et al. [22], 2021
	93
	H&N
	RT or CRT
	interim
	CBCT
	GTVp
	Spearman correlation, 
Logistic regression
	CBCT Delta + Clinical Model
TR BAcc 0.67


Table 2. Radiomics to predict of treatment response (Section 5.1.2)
Subsite: NPC, nasopharyngeal cancer. LN, lymph node. H&N, Head and Neck. 
Treatment response: CRT, chemoradiotherapy. IC, induction chemotherapy. RT, radiotherapy. 
Segmentation: GTVp, gross tumour volumes of the primary tumour. 
Algorithms: MI, maximizing mutual information. mRMR, maximum relevance-minimum redundancy. RF, random forest. 
Optimal model: ITH, intratumor heterogeneity. TR, treatment response. BAcc, balanced accuracy.

	Study
	Pts
	Subsite
	Xerostomia
	Imaging
	Segmentation
	Algorithms
	Optimal Model

	[bookmark: _Hlk200885404]Zhou et al. [23], 2022
	52
	NPC
	saliva amount reduction
	planning CT, CT(simulator)
	PGs
	XGBoost, SHAP, Ridge regression, SVR, RF, Adaboost, decision tree
	CT + DVH + Clinical Model
MSE 0.6994, R2 0.9815

	Men et al. [24], 2019
	784
	H&N
	late xerostomia
	planning CT
	PGs, SMGs
	3D rCNN, Logistic regression
	CT + Contour + Dosimetric
3D rCNN Model AUV 0.84

	Smith et al. [25], 2023
	510
	H&N
	late salivary hypofunction
	planning CT
	PGs
	LKB, Spline-base, Neural network
	Neural Network Model
AUC 0.75 - 0.83

	Sheikh et al. [26], 2019
	266
	H&N
	acute xerostomia (within 3 months)
	CT, MRI(T1WI+C)
	PGs, SMGs
	LASSO,
Logistic regression
	CT + MRI + DVH + Clinical Model AUC 0.68

	Dijk et al. [27], 2018
	68
	H&N
	late xerostomia
(12 months)
	MRI(T1WI, TSE)
	PGs
	Pearson correlation, Logistic regression
	MRI + Dose Model
AUC 0.83

	Calamandrei et al. [28], 2023
	27
	OPC
	xerostomia
	MRI (T1WI+C, DWI, DCE-PWI)
	PGs, SMGs
	Shapiro-Wilk, parametric t-Student, Wilcoxon signed rank
	PGs MRI Radiomics Features
Diagnostic Accuracy
AUC 0.727

	Berger et al. [29], 2023
	117
	H&N
	late xerostomia (6,12,24 months)
	MVCT
	PGs
	Logistic regression
	6-m MVCT + DVH Model
AUC 0.69
12-m MVCT Model AUC 0.74
24-m MVCT Model AUC 0.86

	Abdollahi et al. [30], 2023
	31
	H&N
	late xerostomia
	CT
	PTV, PGs
	LASSO
	post CT, pre/mid CT Delta + Dosiomics, and DVH
Model AUC 0.89


[bookmark: OLE_LINK34]Table 3. Radiomics to predict xerostomia (Section 5.2.1)
Subsite: NPC, nasopharyngeal cancer. H&N, head and neck. OPC, oropharyngeal cancer.
Imaging: TSE, turbo spin echo. DWI, diffusion-weighted imaging. DCE-PWI, dynamic contrast-enhanced, perfusion-weighted imaging. MVCT, mega-voltage CT image-guidance scans. 
Segmentation: PGs, parotid glands. SMGs, submandibular glands. PTV, planning target volume.
Algorithms: XGBoost, eXtreme Gradient Boosting. SHAP, SHapley Additive exPlanations. SVR, support vector regression. 3D rCNN, three-dimensional residual convolutional neural network. LKB, Lyman-Kutcher-Burman model. 
Optimal model: MSE, mean square error. R2, coefficient of determination.


	Study
	Pts
	Subsite
	Toxicity
	Time
	Imaging
	Segmentation
	Algorithms
	Optimal Model

	Zhang et al. [31], 2020
	242
	NPC
	[bookmark: OLE_LINK5]TL injury
	Late
	MRI (T1WI+C, T2WI)
	Medial TL
	relief mothed, RF
	Last 1 MRI before RTLI
RF Model AUC 0.830

	Yang et al. [32], 2023
	5599
	NPC
	TL injury
	Late
	planning CT
	Temporal lobes
	Cox, LASSO, Logistic regression
	Dosiomics + DVH + Clinical
Model CI 0.811

	Bao et al. [33], 2022
	216
	NPC
	TL injury
	Late
	MRI (T1WI+C, T2WI)
	Temporal lobes
	LASSO, Logistic regression
	First Follow-up MRI + Clinical Model AUC 0.93

	Dong et al. [34], 2023
	242
	NPC
	Mucositis
	Acute
	CT, MRI (T1WI+C, T2WI),
	GTVp
GTVn
	RF, LR, GNB, XGBoost, SHAP
	GTVp CT + MRI + Dosiomics GNB Model AUC 0.81±0.01 

	Agheli et al. [35], 2024
	49
	H&N
	Mucositis
	Acute
	planning CT
	oral mucosa structures
	mRMR, RF
	CT + Dosimetric + Clinical 
RF Model AUC 0.917

	Sheikh et al. [36], 2019
	136
	H&N
	Dysphagia
	Acute
	CT
	Swallow-related structures
	Logistic regression
	GLCM of salivary gland
Dose to swallow muscles

	Paetkau et al. [37], 2024
	87
	H&N
	Dysphagia
	Late
1-year
	planning CT
surveillance CT
	constrictor muscle
	Random Forest, Pearson filter, K-Best
	planning CT + Clinical Model
BA 0.71±0.23

	Thor et al. [38], 2017
	10
	H&N
	Trismus
	Late
1-year
	post MRI 
(T1WI +C)
	Masseter, Pterygoids(L/M)
	Spearman correlation,
[bookmark: OLE_LINK3]Logistic regression
	Dmean to Masseter AUC 0.85
Dmean to MP AUC 0.77
GLCM of MP AUC 0.78


[bookmark: OLE_LINK35]Table 4. Radiomics to predict multiple radiation-induced adverse events (Section 5.2.2-3)
Subsite: NPC, nasopharyngeal cancer. H&N, head and neck cancer. 
Toxicity: TL, temporal lobe.
Segmentation: GTVp, gross target volume of primary tumour. GTVn, gross target volume of lymph nodes. L, lateral. M, medial.
Algorithms: RF, random forest. LR, logistic regression. GNB, Gaussian Naïve Bayes. XGBoost, extreme gradient boosting. SHAP, Shapley Additive Explanations. FPCA, functional principal component analysis. 
[bookmark: OLE_LINK21]Optimal model: RTLI, radiation-induced temporal lobe injury. Dmean, the mean irradiation dose. MP, medial pterygoids. GLCM, Gray-Level Co-occurrence Matrix. BA balanced accuracy. 
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