	Supplementary Table 2.1 Characteristics of studies related to AI in Imaging-Based Diagnosis

	Author, Year
	Task
	AUC
	ACC
	F1 Score
	Sensitivity
	Specificity
	Other metrics

	Li et al, 2024
	DDx of CAG and diffuse gliomas
	The AUC and AUPRC of 0.912 and 0.972 in the internal validation dataset, and 0.897 and 0.930 in the external validation dataset

The combined model, (interface radiomics and clinical features), showed improved performance in the external validation set, with an AUC of 0.94 and PRAUC of 0.959
	NA
	NA
	NA
	NA
	NA

	Tan et al, 2024
	Preoperative glioma grade prediction (LGG vs. HGG)
	External test AUC = 0.805 for radiomics model

Nomogram AUC = 0.825 in testing cohort

	NA
	NA
	NA
	NA
	NA

	Haubold et al., 2021
	DDx High-Grade Gliomas vs Low-Grade Gliomas
Prediction of Genetic Profile
	HGG vs. LGG AUC: 0.981 (validation), 0.885 (test)

IDH1/2 mutation AUC: 0.929
	NA
	NA
	NA
	NA
	NA

	Alis et al., 2020
	DDx HGGs vs. LGGs
	AUC = 0.92
	ACC of 88.3% in differentiating HGG from LGG
	NA
	NA
	NA
	NA

	Sun et al., 2019
	DDx LGGs vs HGGs
	AUC = 0.986 (ten-fold cross validation)
	ACC = 94.4% (ten-fold cross validation)
	NA
	NA
	NA
	NA

	Cho et al., 2018
	DDx LGGs vs HGGs
	AUC = 0.94 (training cohort)

AUC = 0.92 (testing cohort)
	ACC = 89.0%
	NA
	SEN = 0.94
	SPC = 0.73
	NA

	Wong et al., 2018
	DDx LGG vs GB

	NA
	ACC = 82.0 %
	F1 = 0.80
	NA
	NA
	Pre-training the segmentation network before classification improved performance compared to models trained from scratch

	Khawaldeh et al., 2017
	DDx HGGs vs LGGs
	NA
	ACC = 91.16%
	F1 = 0.92
	EN = 0.92
	NA
	PPV = 0.92;

	Yu et al, 2025
	Imputation of missing modalities, tumor subregion segmentation (NCR, ED, ET) in aiding radiologists grade gliomas
	Grading accuracy improved from 0.718 to 0.913 among senior radiologists.
	NA
	NA
	NA
	NA
	DSC: 0.878; HD95: 19.491

	Shargunam et al, 2024
	Glioma classification and grade prediction
	NA
	Accuracy: 98.54%
	F1-score: 97.10%
	NA
	NA
	Precision: 97.98%, Recall: 96.25%

	Wu et al, 2024
	IDH mutation status, 1p/19q co-deletion status, and histological grade prediction
	IDH mutation status prediction: AUCs 0.892–0.903

1p/19q co-deletion prediction: AUCs 0.710–0.894

Grade prediction: AUCs 0.870 (training set), 0.863 (test set)
	NA
	NA
	NA
	NA
	NA

	Yathirajam et al, 2024
	Glioma Grading Prediction
	NA
	XGBoost on CNN-features (best model) → ACC 0.98 on withheld test
	XGBoost on CNN-features (best model) → F1 0.98 on withheld test
	NA
	NA
	NA

	van der Voort et al., 2023
	Molecular Subtyping, Grading, and Segmentation of Glioma
	IDH AUC: 0.90

1p/19q co-deletion AUC: 0.85

Grade prediction AUC: 0.81
	NA
	NA
	NA
	NA
	NA

	Nakamoto et al., 2019
	Glioma Grading Prediction
	AUC = 0.932
	ACC = 86.6
	NA
	SEN = 0.90
	SPC = 0.80
	NA

	Tian et al., 2018
	Glioma Grading Prediciton

DDx LGG vs HGG
	
Grade III vs IV AUC: 0.992

LGG vs HGG AUC: 0.987


	
Grade III vs IV ACC: 98.1%

LGG vs HGG ACC: 96.8%
	NA
	NA
	NA
	NA

	Cui et al., 2018
	Tumor Segmentation
	NA
	NA
	NA
	NA
	NA
	Tumor Dice scores: 0.89 (complete tumor), 0.77 (core tumor), 0.80 (enhancing tumor)

	Bonte et al., 2018
	Tumor Segmentation
	NA
	NA
	NA
	NA
	NA
	HGG Dice: 75%, LGG Dice: 68.4%






	Supplementary Table 2.2 Characteristics of studies related to AI in Surgical Planning

	Author, Year
	Task
	AUC
	ACC
	F1 Score
	Sensitivity
	Specificity
	Other metrics

	Hollon et al., 2023
	Molecular Classification of Diffuse Gliomas combining stereotactic Raman histoscopy SRH
	NA
	Molecular Classification: ACC of 93.3%

Identification in 90 seconds
	NA
	NA
	NA
	NA

	Xie et al., 2023
	Intraoperative Multi-Molecular Diagnosis of Glioma
	Retrospective AUC: 0.965

Prospective AUC:
IDH 0.8905
TERTp 0.8000
1p/19q 0.8583
	Retrospective ACC: 91.9%

Prospective ACC:
IDH 0.85%
TERTp 84%
1p/19q 88%

	NA
	NA

Prospective:
IDH 0.8714
TERTp 0.9125
1p/19q 0.6500

	NA

Prospective:
IDH 0.8333
TERTp 0.8813
1p/19q 0.9501

	NA

	Marcus et al., 2020
	Development and Validation of a Resectability Grading System
	AUC: 0.87, vs traditional grading (AUC: 0.79)
	ACC: 0.83 vs traditional grading (ACC: 0.80)
	NA
	NA
	NA
	NA





	Supplementary Table 2.3 Characteristics of studies related to Decision-Making AI in Prognostication and Follow-Up

	Author, Year
	Task
	AUC
	ACC
	F1 Score
	Sensitivity
	Specificity
	Other metrics

	Cheng, 2025
	Glioma segmentation and survival risk prediction
	NA
	NA
	NA
	NA
	NA
	C-index of 0.8107 for survival prediction

	Li, 2025
	1. Preoperative grading prediction (III vs. IV)

2. Survival prediction using radiomic and clinical features
	-Stacking fusion model outperformed others with AUC = 0.95
- XGBoost was the best among non-fusion models

- Significant survival predictors: tumor grade, KPS, IDH1, Imc1 feature
	ACC = 0.85

	NA
	NA
	NA
	NA

	Li, 2025
	1. Generate a pathomics-based prognostic score

2. Develop and validate a prognostic nomogram for overall survival prediction
	Nomogram’s AUC 0.95, 0.93 and 0.95 for predicting 1-, 2- and 3-years OS
	NA
	NA
	NA
	NA
	NA

	Chang et al., 2024
	Prediction of Survival of Cerebellar HGG patients
	AUC for survival: 1-year 0.860, 3-year 0.837, 5-year 0.810

Independent survival prognostic factors: race, grade, surgery, radiotherapy, chemotherapy.
	NA
	NA
	NA
	NA
	NA

	Chelliah et al., 2024
	Prediction of Survival 8 months post radiotherapy
	Combined models (imaging + non-imaging): 
AUC 0.93 (imaging)
0.79 (non-imaging)
0.91 (combined)
	NA
	NA
	NA
	NA
	NA

	Huang et al, 2024
	1. Prognosis prediction (overall survival)

2. Patient risk stratification (low vs. high risk)
	AUCs (validation): 1-year: 0.836, 3-year: 0.963, 5-year: 0.919
	NA
	NA
	NA
	NA
	NA

	[bookmark: _Hlk203759656]Malhotra et al, 2024
	Survival classification into short, mid, and long survivors
	NA
	Testing Accuracy: 0.994

	F1-score: 0.994

	NA
	NA
	Precision: 0.993
Recall: 0.996


	Qian et al, 2024
	1.Development of 2YS predictive model of GBM pt stratification to low- and high-risk groups for 2-year survival

2. Imaging and genomic data integration for DDx TTP vs. PsP
	NA
	NA
	NA
	NA
	NA
	2YS model significantly associated with survival prediction in both cohorts (Log-rank p= 0.0020 and 0.0127, respectively)

	Rikan et al, 2024
	1. Multiclass Classification: Predict survival in 5 classes:
Class 0: ≤6 months
Class 1: 7–12 months
Class 2: 13–18 months
Class 3: 19–24 months
Class 4: ≥25 months

2. Regression: Predict exact number of survival months

	Best performing model: DNN (average): AUC 90.25
	Best performing model: DNN: 75.57%
	Best performing model: DNN (average): 93.90
	Best performing model: DNN (average): 75.76
		
Best performing model: DNN (average): 93.90
	DNN outperformed all ML models in both classification and regression.

SHAP analysis identified age at diagnosis as the most important predictive feature.

	Yang et al., 2024
	Identification of Long-Term Survivors (LTS)
	NA
	NA
	NA
	NA
	NA
	LTS prediction: C-index of 0.770

334 differently expressed genes (DEGs) (68 upregulated, 266 downregulated), 4 predictive genes.

	Wang et al., 2023
	Predicting Prognosis/ Patient Stratification
	NA
	NA
	NA
	NA
	NA
	DTI radiomics identified as an independent OS predictor, Net Reclassification Improvement (NRI) 0.333, nomogram C-index 0.934.

	Moradmand et al., 2021
	1. Improvement and Validation of Survival Prediction Models
2. Identification of risk factors of better prognosis
	NA
	NA
	NA
	NA
	NA
	Independent prognostic factors: age, tumor location, radiotherapy.)

DeepSurv C-index 0.823, outperforming RSF (0.728) and CoxPH (0.713)

	Yan et al., 2021
	Patient survival prediction from DTI features

Identification of patient risk groups by evaluating dysregulated biological pathways
	NA
	NA
	NA
	NA
	NA
	The deep learning signature (DLS) independent predictor of survival (P < 0.001)

C-index for the DLS: 0.825 (training cohort), 0.746 internal validation cohort), 0.749 external validation cohort

	Park et al., 2020
	Survival prognosis model for ndGB patients
	NA
	NA
	NA
	NA
	NA
	Multiparametric MR prognostic model: C-index 0.74 (training) and 0.70 (external), identified important MRI prognostic markers.

	Senders et al., 2020
	Online calculator for survival prediction
	NA
	NA
	NA
	NA
	NA
	N AFT model outperformed in discrimination C-index = 0.70), calibration, interpretability, and efficiency compared to other CPH regression and ML models

	Mobadersany et al., 2018
	Prediction of Overall Survival
	NA
	NA
	NA
	NA
	NA
	SCNN: C-index 0.754, GSCNN improved to 0.801 with histological/genomic integration (IDH mutation status and 1p/19q codeletion)

	Qian et al., 2018
	Prediction of survival
	NA
	NA
	NA
	NA
	NA
	Radiomic Risk Score associated with OS (P = 0.0018), validated in an independent cohort (P = 0.0396), nomogram combining the radiomic signature and clinical and molecular features: C-index 0.934

	Yoon et al., 2024
	Prediction of Local Recurrence
	NA
	NA
	SEN improved from 40% (conventional MRI) to 80% (combined MRI) (statistically significant difference)
	Similar SPC around 50%
	NA
	NA

	Narang et al., 2017
	Prediction of Tumoral CD3 T-cell Infiltration- correlated with increased clinical responses
	Training set: AUC 0.993

 Test set: AUC 0.847
	Training set: ACC 97.1%
Test set: ACC 76.5%
	NA
	NA
	NA
	NA

	Wang et al., 2024
	[bookmark: _Hlk203759941]Prediction of anti-PD1/PD-L1 treatment response
	20 genes were selected by the ANN model and used as input features:
AUC 0.97
	ACC 92%
	
F1 Score 86
	SEN 75%
	SPC 100%
	Positive Predictive Value (PPV) 100%, Negative Predictive Value (NPV) 90%, successfully distinguished responders (survival >17 months) from non-responders (survival <6 months)




	Supplementary Table 2.4 Characteristics of studies related to AI in Histopathological Classification

	Author, Year
	Task
	AUC
	ACC
	F1-score
	Sensitivity
	Specificity

	Other metrics

	Huang et al, 2025
	-Prediction of molecular characteristics (e.g., IDH, ATRX, MGMT, TERT mutations; RNA-based molecular subtypes)

-Combine histopathological image features and genomics in a survival prediction model
	Multi-omics model (HIFs with genomics, transcriptomics, and proteomics) achieved the highest performance of survival prediction with AUCs of 0.820 (1-year), 0.926 (3-year), and 0.878 (5-year)

	NA
	NA
	NA
	NA
	NA

	Zhu et al, 2025
	Non-invasive three-class classification of molecular subtypes of adult-type diffuse glioma:

1) IDH-mutant astrocytoma
2) IDH-mutant and 1p/19q-codeleted oligodendroglioma
3) IDH-wildtype glioblastoma-

	-Internal validation:
micro-AUC: 0.905
macro-AUC: 0.878

-External validation:
micro-AUC: 0.911
macro-AUC: 0.891
	NA
	NA
	NA
	NA
	NA

	Zhu et al, 2025
	Prediction model for glioma grades, Ki67 expression levels, P53 mutation and IDH1 mutation
	Ki67 expression prediction: Combination model AUC of 0.972 (training set), 0.955 (validation set)

IDH mutation prediction: Combination model (imaging + clinical model) AUC of 0.906 (validation set), vs 0.937 single radiomics model 
	NA
	NA
	NA
	NA
	NA

	Zuo et al, 2025
	-Classification of glioma grades
-Classification of glioma subtypes
-Prediction of IDH mutation status
(all from whole-slide histopathology images

	-IDH mutation prediction AUC in TCGA: 0.9488

-External validation (WCH cohort): AUCs of 0.90 (astrocytoma) and 0.74 (oligodendroglioma)
	NA
	NA
	NA
	NA
	NA

	Buz-Yalug et al., 2024
	Noninvasive classification of IDH- and TERTp-based molecular subgroups
	NA
	Best performing model: IDH mutations ACC: 88%, TERTp ACC: 70%, TERTp-only subgroups ACC: 84%;
IDH-mut vs. IDH-wt ACC 83.3
	NA
	IDH-mut vs. IDH-wt SEN 83.8

TERTp-mut vs. TERTp-wt SEN 68.9 

	IDH-mut vs. IDH-wt SPC 82.9

TERTp-mut vs. TERTp-wt SPC 67.2 
	NA

	Lost et al, 2024
	To predict isocitrate dehydrogenase (IDH) mutation status in gliomas using radiomic features extracted from pre-treatment MRI.
	- Internal validation (YNHH):
AUC: 0.862

-External validation (OSF)
AUC: 0.835

	Internal validation (YNHH):
Accuracy: 0.865
-External validation (OSF)
AUC: 0.835
Accuracy: 0.851

	-External validation (OSF)
F1-score: 0.908
	Internal validation (YNHH):
Sensitivity: 0.885
-External validation (OSF)
Sensitivity: 0.850

	Internal validation (YNHH):
Specificity: 0.713
-External validation (OSF)
Specificity: 0.847

	NA

	Moon et al, 2024
	Prediction of IDH mutation status (mutant vs. wildtype) in glioma using augmented MRI datasets
	-Generative AI augmentation (GAA) using 110,000 synthetic slices (11U) achieved optimal performance:

Internal test AUC: 0.938
External test AUC: 0.833

	NA
	NA
	NA
	NA
	-Outperformed two neuroradiologists in both internal and external validation cohorts

	Truong et al, 2024
	Prediction of isocitrate dehydrogenase (IDH) mutation status from preoperative MRI scans
	-Models trained on TCIA:
AUC up to 0.94 (UCSF), 0.93 (UWM), 0.89 (UTSW), 0.88 (EGD), 0.86 (NYU)

-Models trained on UTSW:
AUC up to 0.96 (UWM), 0.93 (UCSF), 0.92 (TCIA), 0.90 (EGD), 0.88 (NYU)- 0.918 (mean) 
	NA
	NA
	NA
	NA
	NA

	Vecchio et al, 2024
	To predict IDH mutation status in patients with radiologically presumed lower-grade glioma using preoperative MRI
	Combined model (best performing): AUC = 0.87
	Combined model (best performing model): Accuracy = 0.91
	NA
	Combined model (best performing model): Sensitivity = 0.93
	NA
	Combined model (best performing model): NPV = 0.63

	Yuan et al, 2024
	Non-invasive prediction of IDH mutation status in gliomas
	-DTI alone: AUC = 0.832

-Structural MRI alone: AUC = 0.730

-Best performance with combined DTI, structural MRI, and demographic data:
AUC = 0.847
	NA
	NA
	Best performance with combined DTI, structural MRI, and demographic data:
Sensitivity = 0.925,

	Best performance with combined DTI, structural MRI, and demographic data:
Specificity = 0.617

	NA

	Calabrese et al., 2022
	Prediction of Molecular Markers (IDH1 mutations, MGMT promoter methylation, ATRX, TP53 mutations)
	Combined model (Radiomics + DNN): Mean AUC > 0.85 (ATRX, IDH1, Tri. 7 Mono. 10, CDKN2A/B, TERT), Mean AUC 0.80 for EGFR amplification status prediction

IDH mutation 0.96 (Combined model)
	IDH mutation 0.93 (Combined model)
	IDH mutation 0.65 (Combined model)
	IDH mutation 0.86 (Combined model)
	IDH mutation 0.94 (Combined model)
	Precision of IDH mutation prediction: 0.52 (Combined model)

	Zhou et al 2019
	Isocitrate Dehydrogenase (IDH) and 1p/19q Status Prediction Model
	AUC 0.921 (training), 0.919 (validation) for IDH mutation prediction
	NA
	NA
	NA
	NA
	Age identified as the strongest predictor.

	Ni et al, 2024
	Prediction of Ki-67 status using radiomic features
	LR model (highest AUC) AUC of 0.912 ± 0.036
	Linear SVM (highest ACC) ACC of 0.884 ± 0.031.
	NA
	NA
	NA
	NA

	Hu et al, 2024
	Non-invasive prediction of telomerase reverse transcriptase promoter (pTERT) mutation status using MRI data
	Best performance was obtained with the combined DWI + ADC input:
AUC: 0.934

	Best performance was obtained with the combined DWI + ADC input:
Slice-based accuracy: 85.2%
Patient-based accuracy: 86.67%
	NA
	NA
	NA
	NA

	Zhou et al., 2024
	Non-invasive Prediction of CCL2 Expression
	SVM Model: Predicting CCL2 expression AUC: 0.794


 Rad_score AUC: 0.707 (3-year OS), 0.731 (5-year OS).
	NA
	NA
	NA
	NA
	A higher CCL2 expression level was significantly associated with the reduction of overall survival




