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S. 1. Methods
Python implementation – general
Commonly used Python packages in the implementation were: pandas [1], matplotlib [2], numpy [3], scipy [4], and sksurv [5]. 

S. 1.1. Methods: Patient division
The patient cohort was split in a random manner, keeping the balance of tumor grades and censored patients within the training and test sets the same as within the entire cohort.

The function train_test_split(stratify=WHO_grade + Censored) from the sklearn.model_selection package [5] was applied. 

S. 1.2. Methods: Extraction of PTZ
The peritumoral zones were created by dilation and erosion of the original segmentation using the functions BinaryDilateImageFilter() and BinaryErodeImageFilter() of the SimpleITK package [6]. After peritumoral zone extraction, all the zones were cropped to the brain outline using the MNI template, and manually in cases of originally cropped MRI images. 
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Supplementary Fig. S1 Visualization of the chosen tumor-related zones. T= tumor zone (segmentation) (yellow), PTZ I = + 5 mm around tumor edge (blue), PTZ II = 0-10 mm outside tumor (red), PTZ III = 10-20 mm outside tumor (purple)



S. 1.3. Methods: Included features from pyradiomics
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S. 1.4. Methods: Radiomics feature selection and learning 
LASSO-Cox regression was implemented using the following functions: CoxnetSurvivalAnalysis(l1_ratio=1.0) and GridSearchCV() from sksurv [5] and sklearn [7] packages. 

S. 1.5. Methods: SHAP
SHAP [8] was applied to visualize each feature’s value distribution within the test set of patients. SHAP also visualizes the importance of each feature in each survival model by the features’ contribution to the model’s output.

The following SHAP functions were utilized for interpretability: Explainer() and plots.beeswarm(). To add explanation of feature value colors in the plots, TextArea(), HPacker() and AnchoredOffsetbox() functions were used from the matplotlib.offsetbox package [2]. 

S. 1.6. Methods: Survival model combination 
The combined models were built as the combination of optimal features within the selected radiomics model and features from each clinical model separately. The weights of features in the combined models were re-trained on the training set using Cox regression to obtain optimal weights for the new combination of features. 

S. 1.7. Methods: C-index distribution
C-indexes were calculated using the concordance_index_ipcw() and concordance_index_censored() functions from the sksurv.metrics package [5].

The c-index distribution was built on 1000 sets of patient predictions, obtained by bootstrapping with replacement of the prediction set, separately for training and test set. The same bootstrapped IDs in the 1000 sets of predictions were used for each c-index variant to obtain comparable c-index value distributions. The following function was applied: random.choice() from the numpy package [3].

S. 1.8. Methods: Risk threshold
The risk threshold was selected by choosing the maximal test statistic value of log-rank test among possible risk thresholds on the entire cohort, while upholding a minimum group size of n=68 (33% of the cohort). The log-rank test was implemented using the logrank_test() function from the lifelines.statistics package [9]. 

Kaplan-Meier plots were done using the KaplanMeierFitter() from the lifelines package. 

S. 2.1. Results: Patient characteristics

	Variable
	All patients
(n=207)

	Age at surgery, median (Q1, Q3)
	40.0 (32.0, 50.0)

	Age > 40, n (%)
	99 (47.8)

	KPSa < 80 at admission, n (%)
	36 (17.4)

	Tumor volume, ml, median (Q1, Q3)
	54.3 (24.3, 95.2)

	Surgery
	

	Biopsy, n (%)
	18 (8.7)

	Partial resection, n (%)
	147 (71.0)

	Complete resection, n (%)
	42 (20.3)

	WHO classification
	

	Grade 2, n (%)
	143 (69.1)

	Grade 3, n (%)
	64 (30.9)

	Astrocytoma, n (%)
	107 (51.7)

	CDKN homozygote deletion
	

	Retained, n (%)
	58 (28.0)

	Not analysed/ Excluded or uncertain in methylation analysis, n (%)
	
49 (23.7)

	Oligodendroglioma, n (%)
	100 (48.3)

	Oncological treatment 
	

	Radiotherapy (within 6 months), n (%)
	114 (55.1)

	Chemotherapy (within 6 months), n (%)
	98 (47.3)

	Survival 
	

	Deceased, n (%)
	51 (24.6)

	Censored, n (%)
	156 (75.4)


aKarnofsky performance status scale.
Supplementary Table S1. Demographics, patient characteristics, tumor characteristics, treatment and survival of the entire cohort. 

S. 2.2. Results: Harrell’s c-index
	
	Survival model
	Selected features
N
	Training
Harrell’s c-index, 
median (IQR)
	Test
Harrell’s c-index, 
median (IQR)

	Preoperative Clinical 
	1
	0.706 (0.062)
	0.704 (0.088)

	Full Clinical 
	3
	0.724 (0.065)
	0.723 (0.094)

	Radiomics Tumor
	4
	0.740 (0.052)
	0.760 (0.075)

	Radiomics PTZ +5mm
	4
	0.729 (0.057)
	0.677 (0.097)

	Radiomics PTZ 0-10mm
	1
	0.743 (0.054)
	0.740 (0.083)

	Radiomics PTZ 10-20mm
	30
	0.891 (0.042)
	0.707 (0.099)

	Combined: Preop Clinical + Radiomics
	1 + 4
	0.752 (0.049)
	0.780 (0.070)

	Combined: Full Clinical + Radiomics
	3 + 4
	0.770 (0.052)
	0.808 (0.069)


Supplementary Table S2. Survival model results using Harell’s c-index performance evaluation for each model on the training set (n=144) and test set (n=63). 	




S. 2.3. Results: Sensitivity analysis on full clinical model

	Survival model
	Selected features
N
	Training
Harrell’s c-index, 
median (IQR)
	Test
Harrell’s c-index, 
median (IQR)
	Test
Uno’s c-index
median (IQR)
	Test
Uno’s at t < 5y
median (IQR)

	Sensitivity analysis: Full clinical (preop volume, postop volume, tumor subtype)
	3
	0.746 (0.081)
	0.727 (0.116)
	0.631 (0.131)
	0.745 (0.151)


Supplementary Table S3. Full clinical survival model results, using postoperative tumor volume instead of extent of resection. The postoperative tumor volume was available for a smaller subset of patients: training set (n=129) and test set (n=57).

S. 2.4. Results: Optimal radiomics features on tumor area
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S. 2.5. Results: Additional value of radiomics diameter and heterogeneity features separately
	Survival model
	Selected features
N
	Training
Harrell’s c-index, 
median (IQR)
	Test
Harrell’s c-index, 
median (IQR)
	Test
Uno’s c-index
median (IQR)
	Test
Uno’s at t < 5y
median (IQR)

	Combined: Full Clinical + Radiomics diameter features
	3 + 2
	0.759 (0.054)
	0.818 (0.071)
	0.768 (0.115)
	0.825 (0.088)

	Combined: Full Clinical + Radiomics heterogeneity features
	3 + 2
	0.747 (0.062)
	0.733 (0.089)
	0.728 (0.142)
	0.722 (0.120)


Supplementary Table S4. Model combination results by adding radiomics diameter and heterogeneity features separately to the full clinical model. Training set (n=144) and test set (n=63).




S. 2.6. Results: Risk groups

	Variable
	High-risk 
patients (n=71)
	Low-risk patients (n=136)
	p-valuea

	Age at surgery, median (Q1, Q3)
	41.0 (33.0, 50.0)
	 39.0 (32.0, 49.8)
	0.49

	Age > 40, n (%)
	37 (52.1)
	62 (45.6)
	0.38

	KPSb < 80 at admission, n (%)
	23 (32.4)
	13 (9.6)
	<0.01

	Tumor volume, ml, median (Q1, Q3)
	111.8 (69.7, 166.6)
	32.4 (16.8, 57.6)
	<0.01

	Surgery
	
	
	

	Biopsy, n (%)
	10 (14.1)
	8 (5.9)
	0.07

	Partial resection, n (%)
	57 (80.3)
	90 (66.2)
	0.04

	Complete resection, n (%)
	4 (5.6)
	38 (27.9)
	<0.01

	WHO classification
	
	
	

	Grade 2, n (%)
	48 (67.6)
	95 (69.9)
	0.75

	Grade 3, n (%)
	23 (32.4)
	41 (30.1)
	0.75

	Astrocytoma, n (%)
	57 (80.3)
	50 (36.8)
	< 0.01

	Oligodendroglioma, n (%)
	14 (19.7)
	86 (63.2)
	<0.01

	Oncological treatment 
	
	
	

	Radiotherapy (within 6 months), n (%)
	47 (66.2)
	67 (49.3)
	0.03

	Chemotherapy (within 6 months), n (%)
	38 (53.5)
	60 (44.1)
	0.24

	Survival
	
	
	

	Censored, n (%)
	36 (50.7)
	120 (88.2)
	< 0.01


a Mann-Whitney U test, Fisher’s exact test, b Karnofsky performance status scale.
Supplementary Table S.5. Demographics, patient characteristics, tumor characteristics, treatment and survival of the high- and low-risk group patients within the entire cohort.
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