Supplementary Table S1. Characteristics of the included studies.

Publication, Type of data Problem Datasets Pre-selected set Bioinformatics Best ML model Validation Best model Clinical value Correlation with
year of genes and ML methods performance the WHO
classification
[1],2006 Transcriptome Clustering of Main dataset: No Feature selection: | 35-gene External The prognostic Previously Samples were
data HGG into three 76 cases from univariate Cox clustering model validation value of the undescribed graded according
subtypes: M.D. Anderson regression clustering scheme | prognostic to the WHO 2000
proneural, Cancer Center analysis; was confirmed on | subclasses of criteria
proliferative, and (MDA); an external HGG are
mesenchymal Clustering: dataset identified and
External k-means discovered to
validation dataset: clustering resemble stages in
39 cases treated at neurogenesis
University of
California San
Francisco (UCSF)
[2], 2009 Transcriptome Three Main dataset: No Clustering: From 33 to 352 10-fold cross- 10-fold cross- The application of | Samples were
data classification 159 samples from k-means unique genes in validation on validation this classification | assigned the
problems: the Hermelin clustering and the models main dataset; accuracy: system enabled WHO 2007
1) O main type Brain Tumor NMF; 1) 96%; the identification glioma
(oligodendroglio Center, external 2) 92%; of previously histopathologic
ma-rich) and G Department of Classification: validation 3) 92%. unrecognized subtype
main type Neurology and PAM, a prognostic groups
(glioblastoma- Neurosurgery at supervised ML Performance and distinct
rich); the Henry Ford method metrics for the biological
2) two subtypes Hospital; test and external pathways
of O main type sets are not associated with
(OA and OB); Test dataset: provided; different glioma
3) four subtypes 189 samples however, it is subtypes, offering
of G main type provided from a claimed that the insights into
(GA1, GA2,GB1, | variety of reproducibility of | pathogenesis and
and GB2) institutions; the hierarchically | potential
nested subtypes in | therapeutic targets
External datasets: the test set attests
341 samples from to the reliability
GSE4271 and of the
TCGA classification
scheme derived
from the training
set, and the
external dataset
validates the
scheme and the
classifiers
[3],2010 Transcriptome Classification of Main dataset: No Feature selection: | 840-gene External Prediction error: The importance of | The study
data GBM into four TCGA-GBM selection of genes | classifier validation 4.6% detecting these examined the

subtypes:
proneural, neural,
classical, and
mesenchymal

(202 samples)

External
validation dataset:
260 samples from
four previously
published studies

with high
expression
variability;

Clustering:
consensus
average linkage
hierarchical
clustering;

subtypes lies in
the different
therapeutic
approaches that
different subtypes
may require

distribution of
molecular
markers
integrated into the
WHO 2016/2021
classifications —
IDH mutation
status, TP53,
PTEN, and EGFR




mutations —

Classification: across GBM
ClaNC subtypes
[4], 2012 Transcriptome Clustering of Main dataset: No Feature selection: 1801-gene External The prognostic The results reveal | The study
data glioma into three CGGA (225 selection of genes | clustering model validation value of the that 3 main examined the
subgroups: G1, samples) with high clustering scheme | subtypes stably distribution of the
G2, and G3 expression was confirmed on | exist in Chinese key WHO
External datasets: variability; external datasets patients with 2016/2021
TCGA-GBM glioma. The diagnostic
(202 samples) and Clustering: provided markers — IDH
Rembrandt (475 consensus clustering scheme | mutation status
samples) average linkage may reflect the and 1p/19q
clustering clinical and codeletion —
genetic alterations | across glioma
more clearly subtypes
[51, 2017 NGS data Clustering of Main dataset: Yes, a glioma- Unsupervised 20-gene Sensitivity and NGS analysis Gene panel NGS In this study,
glioma into three The CNS tumor tailored gene average linkage clustering model specificity of identified 60 of represents a gliomas originally
subtypes tissue bank at the panel covering hierarchical glioma gene panel | 60 previously robust method for | diagnosed
associated with Department of 660 amplicons clustering NGS for detection | known genetic the detection of according to the
gene mutations Neuropathology, derived from 20 of DNA sequence | changes, diagnostic DNA WHO 2007
Heinrich Heine genes frequently variants and copy | corresponding to aberrations in classification
University, aberrant in number changes a sensitivity of gliomas with high | were reclassified
Diisseldorf, different glioma were validated by | 100% sensitivity and using the WHO
Germany (58 types single gene specificity. 2016 criteria
fresh-frozen and analyses Three major
80 FFPE tumor clusters were
tissue samples) identified: (i) IDH
1 or 2 mutant
astrocytic gliomas
with frequent
ATRX and TP53
gene mutations,
(ii) IDH mutant
oligodendroglial
tumors with
1p/19q
codeletion, TERT
promoter
mutation and
frequent CIC gene
mutation, and (iii)
IDH wildtype
glioblastomas
with frequent
TERT promoter
mutation, PTEN
mutation and/or
EGFR
amplification
[6],2017 DNA methylation | Three Main dataset: No Feature selection: | 1) SVM model Split of main Accuracy: The methylation- The TCGA
data classification combination of differential based on 14 dataset into 1) test: 99.62%, based molecular samples were
problems: TCGA-LGG and methylation CpGs; training (50%) GSES58218: profiles in segregated
1) LGG IDH TCGA-GBM analysis; PAM; 2) SVM model and test (50%) 98.5%, combination with | according to the
mutant versus (654 samples); based on 14 sets; GSE48462: the WHO 2016 WHO 2016
WT; Classification: CpGs; 85,8%; CNS tumor classification
SVM classifier classification




2) LGG IDH External 3) SVM model external 2) test: 96.29%, guidelines might
mutant 1p/19q validation based on 13 CpGs | validation GSE58218: be able to classify
codel versus non- | datasets: 97.5%, the samples more
codel; GSES8218, GSE48462: precisely
3) GBM IDH GSE48462 and 78.57%;
mutant versus WT | GSE36278 3) test: 98.36%,
GSE36278:
96.10%
[7], 2018 DNA methylation | Classification of Main dataset: No Feature selection: 10000 CpGs 3-fold cross- Misclassification Prospectively Pathological
data CNS tumours (82 | data of the permutation- validation on error: 4.28%, analysis a series diagnosis was

tumour classes, retrospective based variable main dataset; AUC: 0.99 of 1155 established by
including glioma cohort of CNS importance diagnostic CNS current
subtypes, and 9 tumor samples measure; external tumours in pathological
control tissue from the National validation parallel with standard
classes) Center for Classification: standard according to the

Tumour Diseases RF, cassifier histopathological WHO 2016

in Heidelberg score calibration analyses. classification and

(GSE109381) and using L2- Revision of the compared to

samples from penalized, initial classification by

additional centers multinomial, LR histopathological methylation

(total = 2801 model diagnosis in 12% profiling

tumor samples); of all cases in

the prospectively favour of the

assessed clinical predicted

cohort as part of methylation class

the National

Center for

Tumour Diseases

Precision

Oncology

Program (1155

tumor samples,

GSE109381);

External

validation dataset:

401 samples from

5 external centres

[8], 2018 Transcriptome Classification of Main dataset: No Feature selection: | 539-gene SVM 10-fold cross- Accuracy: 96.3%, | The analysis of The original
data gliomas into three | 6341 cells from MCEFS and IFS; model validation on Matthews the nine most WHO 2016

subtypes: diffuse GSE89567 main dataset correlation important genes diagnoses from
astrocytoma, Classification: coefficient: 0.889 | revealed their the GSE89567
anaplastic SVM classifier association with datasets were
astrocytoma, and tumor growth and | used for
glioblastoma malignancy, cell classification

identity and
development, as
well as the
regulation of
cellular stress and
signaling
pathways,
highlighting the
clinical value of
the classification
model




[9],2019 NGS data Clustering of Main dataset: Yes, a targeted Unsupervised 20-gene Validation in a Successful Application of In this study,
glioma into three 347 gliomas (225 | glioma-tailored hierarchical clustering model prospective prospective NGS NGS panel gliomas originally
subtypes analyzed 20-gene panel clustering samples analyses were sequencing diagnosed
associated with prospectively, 122 obtained for 98% improves according to the
gene mutations analyzed of the gliomas in diagnostic WHO 2007

retrospectively) daily diagnostics accuracy and is classification
feasible in daily were reclassified
diagnostics. Three | using the WHO
major clusters 2016 criteria
were identified: 1)
IDH 1 or 2 mutant
astrocytomas with
frequent
mutations in TP53
and ATRX, 2)
IDH-mutant and
1p/19qg-codeleted
oligodendrogliom
as with frequent
mutations in
TERT and CIC,
and 3) IDH-
wildtype
astrocytic
gliomas/glioblasto
mas with frequent
mutations in
TERT, PTEN,
and TP53
[10],2019 Transcriptome Clustering of Main dataset: No Feature selection: | 500-gene External The subtype The developed The original
data GBM into three TCGA-GBM differential clustering model validation prediction model model enables histology-based
subtypes: (Affymetrix expression confirmed the prediction of WHO 2007
classical, U133A, 548 analysis; presence of three GBM subtypes in | diagnoses from
mesenchymal and | samples); stable GBM adults across the TCGA
proneural/neural Clustering: subtypes in data different gene datasets were
Validation consensus from other profiling used
datasets: hierarchical platforms and platforms and
TCGA-GBM clustering with other ethnic population
(Agilent Custom- agglomerative groups groups.
Array, 588 average linkage The effect of
samples; RNA- different
seq, 168 treatment
samples); regimens on
subtype survival
External was investigated
validation using the subtype-
datasets: specific patient-
Asian-cohorts derived orthotopic
(Affymetrix xenograft
Human Gene (PDOX) mice

1.0ST-Array, 61
samples; [llumina,
52 samples;
Agilent 4 x 44K,
60 samples)




[11],2020 Transcriptome Clustering of Main dataset: No Clustering: 168-gene External The AUC for TP1 | Transcriptomic An analysis of the
data glioma into four TCGA (1032 UMAP and DBC; | classifier validation vs rest was 0.99, profiling provides | concordance
transcriptome samples); TP2a vs rest was a robust and between
profiles: TP1, Feature selection: 0.76, and TP3 vs objective method transcriptome
TP2a, TP2b, and External differential rest was 0.79. to classify profiles and the
TP3 validation dataset: expression TP2b could not be | gliomas with high | WHO 2016
REMBRANDT analysis, forward assessed due to agreement to the classification was
(395 samples) feature selection, low sample count | WHO 2016 performed
and recursive guidelines and
feature may provide
elimination; additional
survival
Classification: prediction to the
ensemble model current methods
of 1000 LSVCs
[12],2021 DNA methylation | Classification of Main dataset: No Feature selection: | RF model based 1000-fold random | Accuracy: 98% The developed The study
data patients with or 80 serum samples differential on 476 CpGs split of the main glioma-specific assessed IDH
without glioma from the methylation dataset into epigenetic liquid mutation status, a
Department of analysis; training (80%) biopsy (GeLB) key diagnostic
Neurosurgery, and test (20%) score can be used | criterion in the
Hermelin Brain Classification: sets; asa WHO 2016/2021
Tumor Center RF classifier complementary classifications
(HBTC) and at external approach to
the Henry Ford validation diagnose and
Health System follow up patients
(HFHS, Detroit, with glioma
MD);
External
validation dataset:
44 samples
[13],2021 Transcriptome Classification of Main dataset: No Feature selection: | Full model: 10-fold cross- 10-fold cross- The identified The considered
data GBM into three 156 samples from assessment of 19980-gene validation on validation genes datasets contained
subtypes: previously feature XGBoost model; main dataset; accuracy on train demonstrated a IDH-wildtype
classical, published study importance in set (full model): significant GBMs (WHO
mesenchymal, [14] classifier; Reduced model: external 80.12%; association 2016)
and proneural 5-gene XGBoost validation between their
External dataset: Classification: model (NKAINT, 10-fold cross- expression levels
McMaster cohort XGBoost UBE2E2, F13Al, validation and specific
(57 samples) classifier RNF149, and accuracy on molecular
PLAUR) external set subtypes of GBM,
(reduced model): as well as an
83.28% impact on patient
survival. These
findings
contribute to a
better
understanding of
the biological
mechanisms
underlying
GBM's inter-
tumoral
heterogeneity
[15],2021 Transcriptome Classification of Main dataset: Yes, 150 genes Feature selection: | 20-gene classifier | Split of main Fl-score The model GBM samples
data tissues into four from [16] dataset into (validation set): incorporates a meeting the




classes: normal
tissue, proneural
(PN), classical
(CL), and
mesenchymal
(ME) subtype of
GBM

551
IDHWT/CIMP-
GBM samples
from TCGA,
GSE4271,
GSE36245,
GSE48865,
GSE121720, and
555 non-tumoral
brain (NTB)
samples from the
ALLEN Human
Brain Atlas;

Histology cohort:
43 GBM IDHWT
samples from HM
Hospitales
(Madrid, Spain),
Hospital General
Universitario
Gregorio
Marafion (Madrid,
Spain), and
Hospital
Universitario la
Fe (Valencia,

differential
expression
analysis;

Classification:
ClaNC

training (367
tumor samples
and 370 NTB
samples) and
validation (184
tumor samples
and 185 NTB
samples) sets;

validation on a
histological
cohort using qRT-
PCR-derived
expression levels
for classification

0.90 (PN), 0.89
(CL), 0.89 (ME)

quality parameter
that detects
samples with a
high content of
normal tissue,
preventing errors
in the
classification and
interpretation of
the results in
clinical practice.
In addition, the
expression of 20
genes can be
measured by
qRT-PCR

diagnostic criteria
of the WHO 2016
classification
were selected
from retrospective
datasets

Spain)
[17],2022 Transcriptome Classification of Main dataset: Yes, 77 genes Feature selection: | 20- or 5-gene 10-fold cross- The classification | The classifiers The original
data GBM into three TCGA data from from [1,3,14,18] ANOVA, ReliefF, | logistic regression | validation on accuracy of the were translated to | histology-based
subtypes: the Agilent Gini decrease, models main dataset; 20-gene and 5- aRT-qPCR assay | WHO 2007
classical, G4502 microarray gain ratio, FCBF gene models and validated in diagnoses from
mesenchymal, platform (419 and mRMR; internal validation | varied between an independent the TCGA dataset
and proneural samples); on test sets; 90.7-91% and cohort of 56 were used.
Classification: 85.9-87.7%, glioblastomas.
Test datasets: LR with LASSO validation on a respectively The authors A total of 56
TCGA data from and SVM cohort using qRT- provide designed human GBM
the Affymetrix PCR-derived and tested primers | samples from the
HT Human expression levels and optimized LUHS cohort
Genome Ul33a for classification qPCR conditions were diagnosed
microarray to maximize the according to the
platform (419 reproducibility of | WHO 2016
samples) and the the data classification

Illumina HiSeq
2000 platform
(122 samples);

Clinical gPCR
dataset:

56 samples from
the LUHS
(Lithuanian
University of
Health Sciences)
cohort




[19], 2022 Transcriptome Classification of Main dataset: No Dataset 178-gene SVM 10-fold cross- 10-fold cross- The findings of The original
data LGG into six UCSC Xena (281 balancing: model validation on validation the present study histology-based
subtypes: samples); oversampling main dataset; accuracy on main | and ML-based WHO 2007
astrocytoma grade technique; dataset: 91%; framework can diagnoses from
2, astrocytoma External external offer new avenues | datasets were
grade 3, validation Feature selection: validation accuracy on for developing used for
oligoastrocytoma datasets: correlation-based external subtype- and classification
grade 2, GSE74462 and feature selection, validation dataset: | grade-specific
oligoastrocytoma GSE43378 SVM-RFE and 93.39% therapeutic
grade 3, Boruta; strategies
oligodendrogliom
a grade 2, and Classification:
oligodendrogliom SVM, kNN,
a grade 3 GNB, DT, and RF
[20], 2022 Multi-omics data Classification of Main dataset: No Feature selection: | 75-gene CNN Split of main Accuracy (cross- An integrated The original
(transcriptome GBM into three TCGA-GBM (52 LASSO; model dataset into validation): subsystem of histology-based
and methylome subtypes: samples); training (70%) 98.20%; transcriptome and | WHO 2007
data) mesenchymal, Classification: and test (30%) methylome data diagnoses from
proneural, and External SVM, RF, GNB, sets; accuracy (test was used to build the TCGA
classical validation dataset: LR, kNN, and set): 87.50%, the biologically datasets were
GSE145645 (32 CNN 10-fold cross- AUC (test set): relevant model. used
samples) validation on train | 0.91; The authors
set; identified the
accuracy (external | genotype—
external set): 94.48% phenotype
validation relationship of
GBM subtypes
and the subtype-
specific predictive
biomarkers for
potential
diagnosis and
treatment
[21], 2022 Mutation data Classification of Main dataset: Yes, aset of 6 Classification: RF model based Split of main Accuracy (test): Providing an Not reported
glioma into three combination of 5 clinical variables RF classifier; on 252 features dataset into 87% explainable Al
subtypes: GBM, studies and mutation data training (1020 system to
anaplastic (gbm_mayo pdx_ | for 246 genes XALI: ELIS, samples) and test interpret
astrocytoma, and sarkaria 2019, Dalex, SHAP, (256 samples) sets predictions and
oligodendrogliom | gbm_ tcga pub20 LIME, support clinical
a 13, InterpretML decision making
glioma_mskce 20
19, 1gg_tcga, and
lgg ucsf 2014)
from cbioportal
(1276 samples)
[22], 2022 Transcriptome Clustering of Main dataset: No Clustering: 1658-gene External The results were The six tumor The original
data GBM into three TCGA-GBM consensus clustering model validation confirmed on the antigens are histology-based
immune subtypes: | (167 samples); clustering external dataset potential targets WHO 2007
11,12, and 13 for developing diagnoses from
External anti-GBMs the TCGA and
validation dataset: mRNA vaccine, CGGA datasets
CGGA and the were used

mRNAseq 325
and
mRNAseq 693
(369 samples)

immunotypes can
be used for
evaluating




vaccination
response

[23], 2022 Transcriptome Stratification of Main dataset: No Feature selection: | 23-gene External The results were The authors The original
data glioma into two TCGA (670 differential prediction model validation confirmed on the demonstrated that | histology-based
risk groups samples); expression external dataset the model can WHO 2007
associated with analysis, independently diagnoses from
prognosis and External WGCNA, predict the the TCGA and
immune response | validation dataset: univariate Cox clinical prognosis | CGGA datasets
CGGA (325 regression; as well as the were used
samples) immune
Risk prediction: checkpoint
multivariate Cox blockade (ICB)
regression therapy responses
of glioma
patients, thus
having important
implications on
the design of
immune-based
therapeutic
strategies
[24], 2022 Transcriptome Clustering of Main dataset: Yes, immune cell | Feature selection: | 34-gene External The ability of This study The original
data GBM to identify combination of marker genes differential clustering model validation these gene comprehensively histology-based
two immune cell TCGA-GBM, expression clusters to predict | analyzes the WHO 2007
infiltration CGGA, analysis; the course of immune cell diagnoses from
clusters GSE7696, and other tumors has infiltration pattern | the glioma
GSE4412 (1092 Clustering: been in GBM and datasets were
samples); consensus demonstrated sheds more light used
clustering on pro-/antitumor
External immune
validation modulation within
datasets: GBM
TCGA-BRCA,
TCGA-LUAD,
TCGA-BLAD,
TCGA-ESCA,
TCGA-LGG, and
gene expression
data after
immunotherapy
(IMvigor210, 298
urothelial cancer
samples)
[25], 2022 Transcriptome Clustering of Main dataset: Yes, 29 ssGSEA,; Clustering model External The results were The study may The study
data LGG into four TCGA-LGG (481 | immunity- based on 29 validation confirmed on provide an examined the
immunotypes: A, samples); associated Clustering: signatures validation immunogenomics | distribution of
B,C,and D signatures consensus datasets subtyping molecular
External clustering by the reference for markers
validation k-means immunotherapy in | integrated into the
datasets: algorithm LGG WHO 2016/2021
CGGA-693 (332 classifications —

samples), CGGA-
325 (162 samples)

IDH mutation
status, PTEN,
EGFR, ATRX,
and TP53




mutations —
across clusters

[26], 2022 Transcriptome Classification of Main dataset: Yes, 109 immune | Feature selection: | SVM model base 10-fold cross- Accuracy: This research The study
data GBM into three combination of signatures SVM-RFE; on 61 signatures validation on the 85.38%, could provide a examined the
subtypes: TCGA-GBM, main dataset Fl-score: 0.8525 theoretical basis correlation of
classical, Gravendeel Classification: for identifying subtypes with
mesenchymal, dataset from the SVM, RF, GBM subtypes by | IDH mutation
and proneural GlioVis database, XGBoost, and the immune status, a key
and the Wang ANN signatures, diagnostic
dataset [27] (397 followed by the criterion in the
samples) development of WHO 2016/2021
more effective, classifications
targeted clinical
treatment
strategies
[28], 2022 Transcriptome Stratification of Main dataset: Yes, 6196 Feature selection: | 5-gene predictive External AUC (TCGA): The low-risk and The study
data GBM into two TCGA-GBM immune-related differential model (STAT3, validation 0.75, high-risk groups examined the
risk groups (156 samples); genes expression SEMAA4F, AUC (CGGA): exhibit significant | distribution of
associated with analysis, GREM2, MDK, 0.56 differences with molecular
prognosis and External WGCNA, and SREBF1) respect to immune | markers
immune cell validation dataset: LASSO; infiltration, tumor | integrated into the
infiltration CGGA (156 mutation burden WHO 2016/2021
samples) Risk prediction: (TMB), and classifications —
multivariate Cox tumor immune IDH mutation
regression evasion. These status, TP53 and
results provide a EGFR mutations
perspective for — across risk
exploring the role | groups
of immune escape
in GBM
[29], 2023 Multi-omics data Two Main datasets: No Feature selection: 1) CNN model Split of main Accuracy (cross- The development The original
(transcriptome classification TCGA-LGG (281 differential based on 400 dataset into validation on train | of a deep-learning | histology-based
and methylome problems: samples), expression latent variables; training (70%) set): framework WHO 2007
data) 1) subtyping of TCGA-GBM (52 analysis, 2) CNN model and test (30%) 1) 98.03%, enables the diagnoses from
LGG samples); differential based on 100 sets; 2) 94.07%; integration of datasets were
(astrocytoma, methylation latent variables multi-omics data used for
oligoastrocytoma, | External analysis, 10-fold cross- accuracy (10-fold | to classify the classification
and validation univariate Cox validation; cross-validation glioma subtypes
oligodendrogliom | datasets: regression on test set): to support the
a); GSE74462, analysis; external 1) 95.23%, clinical diagnosis.
2) subtyping of GSE43378, validation 2) 90.26%; The model
GBM (classical, GSE129477, Feature developed based
mesenchymal, GSE145645, transformation: accuracy (10-fold | on multi-omics
and proneural) GSE128654 autoencoder; cross-validation data can greatly
on external set): support the
Classification: 1) 94.48%, clinician in
ANN and CNN 2) 86.41% personalizing
treatment
[30], 2024 DNA methylation | Classification of Main dataset: No Feature selection: | RF model based Split of main Accuracy: 81.5% Cerebrospinal Classification of
data GBM into two 54 cerebrospinal differential on 900 CpGs dataset into fluid (CSF) cell- GBM was
subtypes: IDH- fluid samples methylation training (80%) free DNA performed in
mutant and IDH- analysis; and test (20%) (cfDNA) accordance with
wildtype sets methylation the WHO
Classification: profiles of diffuse | 2016/2021 criteria

RF classifier

glioma patients
exhibit




differential
methylation
patterns between
IDH-mutant and
IDH-wildtype
tumors, as well as
between tumor
and control, and
could be
informative
biomarkers for the
diagnosis of
patients with
diffuse gliomas

[31], 2024 Multi-omics data Two Main datasets: No Data integration 1) Classifier Split of main Accuracy: This For this study,
(transcriptome, classification TCGA-LGG (414 analysis for based on 48 genes | datasets into 1) 0.981; comprehensive TCGA glioma
methylome, and problems: samples), biomarker and 52 CpGs; training (70%) 2)0.973 approach not only | diagnoses were
miRNA 1) subtyping of TCGA-GBM discovery using 2) Classifier and test (30%) allowed a highly reclassified
expression data) glioma (108 samples) latent components | based on 7 genes, | sets accurate according to the

(astrocytoma, (DIABLO) 71 CpGs, and 11 discrimination of | WHO 2021
oligodendrogliom miRNA variables the different criteria [32] and
a, and TCGA glioma then used in the
glioblastoma); patients but also analysis
2) subtyping of presented a step
LGG forward in
(astrocytoma and advancing our
oligodendrogliom comprehension of
a) the underlying
molecular
mechanisms
driving glioma
heterogeneity
[33], 2024 Mutation data Classification of Main dataset: Yes, a set of 3 Feature selection: | XGBoost model Split of main Accuracy (test): Providing an The original
glioma into two Glioma Grading clinical variables Pearson’s based on 23 dataset into 88% explainable Al histology-based
subtypes: LGG Clinical and and mutation data | correlation, features training (80%) system to WHO 2007
and GBM Mutation Features | for 20 genes mutual and test (20%) interpret diagnoses from
Dataset from information, sets predictions and the dataset were
the UCI Machine PCA; support clinical used for
Learning decision making classification
Repository (889 Classification:
samples) RF, DT, LR,
kNN, AdaBoost,
SVM, CatBoost,
LightGBM,
XGBoost, ANN,
and CNN;
XAI: SHAP, Eli5,
LIME, QLattice

[34], 2024 Transcriptome Stratification of Main dataset: Yes, 5476 Feature selection: | 11-gene Validation on the | The results were The study The study

data glioma into two CGGA glioma-related WGCNA, prediction model independent confirmed on provides valuable | analyzed the
risk groups mRNAseq 693 genes LASSO; dataset; validation insights into correlation of risk
associated with (413 samples); datasets molecular groups with IDH
prognosis and Risk prediction: external mechanisms and mutation status
immune Validation multivariate Cox validation identifying and 1p/19q
infiltration dataset: regression potential codeletion, the




CGGA therapeutic targets | key diagnostic
mRNAseq 325 for gliomas criteria of the
(325 samples); WHO 2016/2021
classifications
External
validation dataset:
12 clinical glioma
samples from the
archives of
Tianjin Medical
University Cancer
Institute and
Hospital
(TMUCIH)
[35], 2024 Transcriptome Stratification of Main dataset: No Feature selection: | 79-gene RSF The predictive S-year AUC: This study The study
data GBM into two combination of univariate Cox model model was built 0.957,0.973, developed a analyzed the
risk groups CGGA_301, regression; on the combined 0.968, 0.973, reliable gene correlation of risk
associated with CGGA 325, dataset and then 0.945, and NA for | signature for groups with IDH
prognosis and CGGA_693, Risk prediction: validated on each | CGGA_301, predicting the mutation status
tumor immune GSE1304, RSE, step Cox, dataset separately | CGGA_ 325, prognosis of and 1p/19q
microenvironment | Rembrandt 475, LASSO, gradient CGGA_693, GBM patients that | codeletion, the
(TIME) and TCGA-GBM boosting machine, GSE1304, showed excellent key diagnostic
(984 samples) CoxBoost, partial Rembrandt 475, predictive criteria of the
least-squares and TCGA-GBM, | performance and WHO 2016/2021
regression for respectively classified GBM classifications
Cox, elastic into different
network, ridge, states at the
survival SVM, immune and
and supervised genomic levels
principal
component
algorithm
[36], 2024 Transcriptome 1) Clustering of Main dataset: No Clustering: 1) 400-gene 1) External 1) The validity of | The authors The study
data, protein GBM into four TCGA-GBM consensus clustering model; validation; the identified reported a new examined the
expression data expression (RNA-seq data clustering subtypes was classification of distribution of
subtypes: S1, S2, for 153 samples); approach based 2.1) 13-gene LR 2) Split of main confirmed on GBM, which molecular
S3, and S4; on BayesNMF; classification dataset into external datasets; divided GBM into | markers
External model, training (80%) four subtypes, integrated into the
2) Three validation Feature selection: | 2.2) 17-gene LR and test (20%) 2) Accuracy each with its own | WHO 2016/2021
classification datasets: LASSO; classification sets (test): specific molecular | classifications —
problems: CCLE (omics model, 2.1) 96.7%, features and IDH1 mutation
2.1) S2 versus data for 47 GBM Classification: 2.3) 14-gene LR 2.2) 86.7%, showing varying status, TP53
rest, cell lines), LR classifier classification 2.3)93.3% degrees of mutation, and
2.2) S3 versus CPTAC model response rates to EGFR
rest, (proteomics data immunotherapy amplification —
2.3) S4 versus rest | for 99 GBM across GBM
samples), subtypes
GSE84010 (GBM
sequencing cohort
that received
immunotherapy
(Temozolomide
treatment))
[37], 2024 Transcriptome 1) Clustering of Main datasets: Yes, 122 immune | Clustering: 1) Clustering 1) Validation on 1) The presence By characterizing | The study
data glioma into four CGGA (693 related metagenes | unsupervised model based on two datasets from | of four immune the glioma examined the
different samples), cluster analysis 122 metagenes; different centers; clusters is immune distribution of the




subtypes: IM1, TCGA (702 (no specific confirmed in two microenvironment | key WHO
IM2, IM3, and samples) method is 2) LSTM model 2) 50-fold random | data sets; and employing 2016/2021
IM4 in the CGGA indicated); base on 122 split of the machine learning diagnostic
dataset; IMA, metagenes datasets into 2) AUC: to identify markers — IDH
IMB, IMC, and Feature selection: training and test 2.1) CGGA immune subtypes, | mutation status
IMD in the differential sets (IM1): 0.94, this study lays the | and 1p/19q
TCGA dataset; expression TCGA (IMA): groundwork for codeletion —
analysis; 0.85, future across glioma
2) Four 2.2) CGGA development of subtypes
classification Classification: (IM2): 0.95, tailored
problems: LR, DT, RF, TCGA (IMB): immunotherapy
2.1) IMI/IMA MLP, and LSTM 0.97, strategies
versus rest, 2.3) CGGA
2.2) IM2/IMB (IM3): 1.0, TCGA
versus rest, (IMC): 0.91,
2.3) IM3/IMC 2.4) CGGA
versus rest, (IM4): 0.95,
2.4) IM4/IMD TCGA (IMD):
versus rest 0.99
[38], 2025 Mutation data Classification of Main dataset: Yes, a set of 3 Feature selection: | VQC based on 5 5-fold cross- Accuracy: 83%, Improving glioma | The original
glioma into two combination of clinical variables 19 filter-based, features (IDH1, validation on Fl-score: 0.78 classification histology-based
subtypes: LGG TCGA-LGG and (age at diagnosis, embedded-based, age at diagnosis, main dataset accuracy by WHO 2007
and HGG TCGA-GBM gender, and race) and wrapper- PTEN, ATRX, integrating diagnoses from
(839 samples) and the mutation based feature and EGRF) classical and the TCGA
status of the 20 selection quantum datasets were
genes techniques; computing used
Classification:
VQC, kNN,
SVM, DT, RF,
XGBoost, and
gradient boosting
machine
[39], 2025 Transcriptome Clustering of Main datasets: Yes, 26 integrin Clustering: 26-gene External The results The findings The original
data glioma into two combination of family genes NMF and Brunet clustering model validation showed that in the | suggest potential histology-based
molecular CGGA325 and algorithm external molecular WHO 2000 and
subtypes: C1 and CGGA693 from independent mechanisms WHO 2007
Cc2 CGGA (1018 datasets, the underlying the diagnoses from
samples); samples could association considered
also be divided between integrin datasets were
External datasets: into two family gene used
CGGA301, subgroups with expression and
TCGA, clear prognostic poor prognosis in
GEO16011, significance gliomas
GEO18494,
GEO4412
[407, 2025 Transcriptome Classification of Main dataset: No Feature selection: | SVM Split of main Not reported The authors The study
data glioma into two combination of differential classification dataset into revealed examined the
subtypes: LGG the 325 and 693 expression model training (70%) molecular correlation of
and HGG datasets from the analysis, NMF, and test (30%) differences prognosis with
CGGA,; WGCNA; sets; among gliomas IDH mutation
and identified status and 1p/19q
External Classification: external biomarkers with codeletion, key
validation GLM, RF, SVM- validation potential for diagnostic criteria
datasets: RFE, and clinical in the WHO
TCGA and XGBoost application.




GSE18494 2016/2021
classifications
[41], 2025 Multi-omics data Identification of Main dataset: No Network design: Multi-omics The reliability of Not reported The integration of | For this study,
(transcriptome relevant gene combination of graphical lasso networks into a the JGL and multi-omics data TCGA glioma
and methylome subnetworks TCGA-LGG and (glasso), single graph glasso results was into a single diagnoses were
data) associated with TCGA-GBM joint graphical (MINGLE) tested by network through reclassified
glioma subtypes lasso (JGL) performing a MINGLE according to the
(astrocytoma, methods mathematical facilitated the WHO 2021
oligodendrogliom validation. In discovery of criteria [32] and
a, and GBM) addition, sparse molecular then used in the
multinomial relationships that analysis
logistic regression reflect glioma
and survival heterogeneity,
analysis models supporting the
were employed to biological
investigate the interpretation
relevance of the
biological
information
carried by the sets
of network-based
selected variables
[42], 2025 Multi-omics data Identification of Main datasets: No Differential 178 genes External The stability of These results The original
(transcriptome grade-related TCGA-LGG (505 expression validation the results was provide clues for histology-based
and methylome genes (between samples), analysis, confirmed on an understanding WHO 2007
data) LGG and GBM) TCGA-GBM WGCNA, external dataset glioma prognosis diagnoses from
(146 samples) hierarchical and highlight the TCGA and
clustering some novel CGGA datasets
External glioma-associated | were used
validation dataset: genes that warrant
CGGA further
investigation.
[43], 2025 Mutation data Classification of Main dataset: Yes, aset of 3 Classification: LightGBM model | Split of main Accuracy (test): A key strength of | The original
glioma into two combination of clinical variables RF, GNB, DT, based on 23 dataset into 89.88%, this study lies in histology-based
subtypes: LGG TCGA-LGG and and mutation data | SVM, kNN, and features training (80%) AUC (test): 0.95 the application of | WHO 2007
and GBM TCGA-GBM for 20 genes LightGBM; and test (20%) SHAP values for diagnoses from
(839 samples) sets model the TCGA
XAI: SHAP explanation, datasets were
which enhances used for
transparency and classification
clinician trust in
the model's
decision-making
process
[44], 2025 Transcriptome Classification of Main dataset: No Feature selection: | Discretization- Not reported Not reported The current study | The original
data glioma into two GSE4412 (85 expectation- based genetic proposes a histology-based
subtypes: grade samples) maximization feature selection heuristic feature WHO 2000
III and grade IV clustering algorithm selection diagnoses from
algorithm, genetic algorithm that the GSE4412
feature selection identifies subsets dataset were used
algorithm; of genes to almost
perfectly classify
XAIL: SHAP glioma grades
[45], 2025 Transcriptome Classification of Main dataset: No Feature selection: 13-gene SVM 5-fold cross- Balanced The resulting The original
data glioma into three mutual model (TERT, validation on the accuracy (cross- explainable histology-based
subtypes: NOX4, MMP9, train set; classification of WHO 2007




astrocytoma, CGGA information, TRIM67, validation): glioma subtypes diagnoses from
oligodendrogliom | mRNAseq 693 tuned ReliefF; ZDHHC18, validation on the 83.7%; could be useful to | the TCGA and
a, and GBM (398 samples) HDACI1, TUBB6, | test set; select a CGGA datasets
Classification: ADM, NOG, balanced accuracy | personalized were used for
Validation/test kNN, SVM, RF, CHEKZ2, external (test set): 81.6%, treatment strategy | classification
dataset: ERT, XGBoost, KCNIJ11, validation AUC (test set): and to improve
CGGA LightGBM, KCNIP2, and 0.896; prognosis at
mRNAseq 325 CatBoost, VEGFA) bedside
(229 samples) TabNet, and balanced accuracy
GANDALF; (external set):
External 81.6%,
validation dataset: XAI: SHAP AUC (external
combination of set): 0.896
TCGA-LGG and
TCGA-GBM
(536 samples)
[46], 2025 Transcriptome Clustering of Main datasets: Yes, nitrogen Feature selection: | 285-gene Not reported Not reported The collected The original
data GBM into two TCGA (170 metabolism- univariate Cox clustering model nitrogen histology-based
clusters with samples); related genes regression; metabolism- WHO 2007
different CGGA (693 related genes had | diagnoses from
sensitivity to samples), Clustering: good the datasets were
immunotherapy GSE13041 (267 consensus classification used
response: clusterl | samples) clustering performance,
and cluster2 presenting notable
differences in
survival rates,
immune levels,
gene mutations,
and sensitivity to
drugs between
cluster] and
cluster2
[47], 2025 Transcriptome Stratification of Main dataset: Yes, 6664 Feature selection: | 5-gene predictive External S-year AUC The predicted risk | The original
data GBM into two TCGA-GBM invasion-related differential model (GZMB, validation; (external set): subgroups were histology-based
risk groups (169 samples); genes expression COL22A1, 0.689 associated with WHO 2007
associated with analysis, MSTN, CRYGN qPCR of different survival, | diagnoses from
prognosis and External univariate Cox and OSMR) identified genes immune the TCGA and
immune validation dataset: regression, infiltration, CGGA datasets
infiltration CGGA (85 LASSO; immune response | were used
samples); to therapy, and
Risk prediction: drug sensitivity.
qPCR dataset (10 multivariate Cox The risk model
pairs of frozen regression constructed in this
tissue samples) study may be
involved in the
treatment of GBM
[48], 2025 Transcriptome Identification of a | Main datasets: No Feature selection: | RBMSI1 Aberrant Not reported RBMSI is The study found a
data prognostic marker | GSE43378 (50 differential expression of aberrantly correlation
in glioma samples) and expression RBMSI1 was overexpressed in between RBMS1
associated with GSE178621 (22 analysis; confirmed in gliomas, expression and
immune samples); external datasets associated with WHO 2016 grade
infiltration Risk prediction: tumor
Clinical dataset: multivariate Cox aggressiveness,
immunohistoche regression immunosuppressi
mistry (IHC) data ve

microenvironment




from 165 glioma remodeling, and
samples; poor prognosis,
positioning it as a
External promising
validation prognostic
datasets: biomarker and
TCGA (156 therapeutic target
samples) and
GEPIA (163
samples)
[49], 2025 Transcriptome Stratification of Main datasets: Yes, 34 ICD- Clustering: 14-gene Validation on S-year AUC: The authors The study found a
data glioma into two CGGA 325 (train | related genes consensus predictive model other datasets 0.795 (validation developed the correlation
risk groups set), CGGA_693 clustering and (CABPI, from the same set 1) and 0.816 model to evaluate | between the risk
associated with (validation set 1), NMF; CACNG2, repository (validation set 2) the prognosis and | groups and IDH
immunogenic cell | and CGGA 301 CALNI, CCLI18, drug response of mutation status, a
death (ICD) (validation set 2) Feature selection: CD70, GABRG?2, glioma patients, key diagnostic
from CGGA,; differential GRIN3A, and confirmed criterion in the
expression KCNC2, that SERPINH1 WHO 2016/2021
Clinical dataset: analysis, PDZKI1IP1, promotes the classifications
95 samples from univariate Cox PRLHR, PTPRT, malignant
Shanxi Provincial regression, SERPINHI, phenotype of
People’s Hospital LASSO; SYCEL, TNR) gliomas by
(Taiyuan, China) modulating the
Risk prediction: JAK/STAT
multivariate Cox signaling pathway
regression

AdaBoost: adaptive boosting, ANN: artificial neural network, AUC: area under the curve, BayesNMF: Bayesian non-negative matrix factorization, CatBoost: categorical boosting, GANDALF: gated adaptive network for deep automated
learning of features, CGGA: Chinese Glioma Genome Atlas, ClaNC: nearest centroid-based classifier, CNN: convolutional neural network, CNS: central nervous system, DBC: density-based clustering, DNA: deoxyribonucleic acid, DT:
decision tree, ERT: extremely randomized trees, FCBF: fast correlation-based filter, FFPE: formalin-fixed paraffin-embedded, GBM: glioblastoma, GLM: generalized linear model, GNB: Gaussian Naive Bayes, HGG: high-grade glioma,
IDH: isocitrate dehydrogenase, IFS: incremental feature selection, kKNN: k-nearest neighbors, LASSO: least absolute shrinkage and selection operator, LGG: low-grade glioma, LightGBM: light gradient boosting machine, LIME: local
interpretable model-agnostic explanations, LR: logistic regression, LSTM: long short-term memory, LSVC: linear support vector classifier, MCFS: Monte Carlo feature selection, ML: machine learning, MLP: multi-layer perceptron, nRMR:
minimum redundancy maximum relevance, NGS: next generation sequencing, NMF: non-negative matrix factorization, PAM: prediction analysis of microarray, PCA: principal component analysis, QRT-PCR: quantitative reverse transcription
polymerase chain reaction, RF: random forest, RNA: ribonucleic acid, RSF: random survival forest, SHAP: Shapley additive explanations, ssGSEA: single-sample gene set enrichment analysis, SVM: support vector machine, SVM-RFE:
support vector machine recursive feature elimination, TabNet: tabular learning neural network, TCGA: The Cancer Genome Atlas, UMAP: uniform manifold approximation and projection, VQC: variational quantum classifier, WGCNA:
weighted gene co-expression network analysis, WHO: World Health Organization, WT: wildtype, XAl: explainable artificial intelligence, XGBoost: extreme gradient boosting.
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