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Abstract

Gliomas and Glioblastomas represent a significant portion of central nervous system (CNS) tumors associated with
high mortality rates and variable prognosis. In 2021, the World Health Organization (WHO) updated its Glioma
classification criteria, most notably incorporating molecular markers including CDKN2A/B homozygous deletion,
TERT promoter mutation, EGFR amplification, +7/—10 chromosome copy number changes, and others into the
grading and classification of adult and pediatric Gliomas. The inclusion of these markers and the corresponding
introduction of new Glioma subtypes has allowed for more specific tailoring of clinical interventions and has
inspired a new wave of Radiogenomic studies seeking to leverage medical imaging information to explore

the diagnostic and prognostic implications of these new biomarkers. Radiomics, deep learning, and combined
approaches have enabled the development of powerful computational tools for MRI analysis correlating imaging
characteristics with various molecular biomarkers integrated into the updated WHO CNS-5 guidelines. Recent
studies have leveraged these methods to accurately classify Gliomas in accordance with these updated molecular-
based criteria based solely on non-invasive MRI, demonstrating the great promise of Radiogenomic tools. In this
review, we explore the relative benefits and drawbacks of these computational frameworks and highlight the
technical and clinical innovations presented by recent studies in the landscape of fast evolving molecular-based
Glioma subtyping. Furthermore, the potential benefits and challenges of incorporating these tools into routine
radiological workflows, aiming to enhance patient care and optimize clinical outcomes in the evolving field of CNS
tumor management, have been highlighted.
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Background

Gliomas are defined as tumors arising from the neu-
roglial cells in the brain, while glioblastoma is a highly
aggressive and advanced variant tumor with a rela-
tively poor prognosis. Epidemiologically, gliomas occur
among all ages, but are more often seen in adults with
higher rates among males than females. The progno-
sis and outcome vary significantly depending on factors
such as age at diagnosis, histomolecular characteristics,
tumor grade, and the extent of surgical resection [1-3].
The 2021 World Health Organization (WHO) classifica-
tion for central nervous system (CNS) tumors has intro-
duced molecular parameters as key indicators for grading
tumors and predicting patient outcomes across various
tumor types [4]. This marks a significant shift from the
previous paradigm, which primarily relied on histologi-
cal grading. These revisions were primarily driven by
advancements in understanding the molecular architec-
ture of gliomas and the recognized influence of genetic
mutations on the development of tumors and subsequent
response to different treatment approaches.

The updated criteria now integrate genetic data for
the categorization of certain tumor types, leading to the
reclassification of particular entities. The classification
of gliomas, glioneuronal tumors, and neuronal tumors
has been expanded to include fourteen newly identified
types. For an accurate diagnosis of certain types, like
the diffuse high-grade pediatric type (H3-wildtype and
IDH-wildtype) and diffuse low-grade glioma with MAPK
pathway alterations, there is now a requirement to evalu-
ate both histological features and molecular characteris-
tics [4]. Molecular profiling has become a quintessential
part of tumor classification and grading. For instance,
IDH-mutant astrocytomas with CDKN2A/B homozy-
gous deletion are now graded as high-grade astrocyto-
mas (grade 4), and IDH-wildtype diffuse astrocytomas
with TERT promoter mutation, EGFR amplification, or
+7/-10 copy number changes, can now be classified as
molecular glioblastoma, even if their histological appear-
ance suggests a lower grade. Notably, unlike earlier rec-
ommendations, CNS WHO grade is no longer solely
determined by histological analysis, making tumor geno-
type a critical determinant for classification.

The update has also introduced new categories for
pediatric-type gliomas to highlight their distinct nature.
This includes both low-grade and high-grade types, each
with specific molecular profiles that are key for classifica-
tion and targeted treatment. Among high-grade tumors,
diffuse midline gliomas with H3 K27 mutant have been
updated to H3 K27 altered. This update acknowledges
that alternative changes, such as EZHIP protein over-
expression can now characterize this entity, expanding
beyond the initially identified H3-K27 mutations. Dif-
fuse pediatric-type high-grade gliomas, H3-wildtype, and
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IDH-wildtype are characterized as wildtype for both H3
and IDH gene families. Similar to many other CNS tumor
types, this subtype requires a combination of molecular
characterization and the integration of histopathological
and molecular data for accurate diagnosis.

Furthermore, Ependymomas are now classified by
combining histological, anatomical, and molecular data,
which has led to the recognition of molecularly defined
types in different brain regions. Medulloblastomas retain
their four principal molecular groups (WNT, SHH,
Group 3 and Group 4), but now feature additional sub-
groups identified through advanced profiling, which have
diagnostic, prognostic, and therapeutic relevance.

In short, the updated WHO CNS-5 emphasizes geno-
typing and mutations across various brain tumor cat-
egories, signifying a shift toward a more molecularly
oriented classification system. The granularity and diver-
sity of this new classification system combined with its
reliance on the collection of tissue samples for genetic
marker testing has made it an attractive target for radi-
ogenomic studies In the context of gliomas, radiogenom-
ics promises to enable accurate molecular subtyping
from non-invasive magnetic resonance imaging (MRI).
Furthermore, due to the relative recency of the updated
WHO CNS-5 guidelines, no review has comprehensively
detailed recent radiogenomic studies tailored specifically
to the biomarkers deemed significant by the new clas-
sification criteria. In this review we provide an over-
view of the different radiogenomic analysis frameworks
employed in glioma radiogenomic studies before outlin-
ing recent radiogenomic studies for each of several key
biomarkers. We further describe future opportunities for
radiogenomic characterization of gliomas in the context
of rapidly improving molecular profiling of these tumors
and identify potential obstacles and unmet challenges.

Radiomics and deep learning algorithms in
Gliomas classification and grading

Radiogenomic analysis for Glioma molecular profiling
has broadly fallen into three frameworks: (1) Radiomic
studies, (2) Deep learning studies, and (3) combined
Radiomic and Deep learning studies. Broadly, each of
these frameworks consists of image acquisition, image
pre-processing, and image feature extraction before
completion of a downstream task such as genetic marker
classification. For each approach, typical image pre-pro-
cessing techniques include image resampling to uniform
pixel spacing and slice thickness, skull-stripping, and
some form of intensity normalization for MRI intensity
values. Each of these techniques serves to reduce vari-
ability between scans from different patients, imaging
devices, and institutions which allows for improved com-
putational modelling of images. In some cases, registra-
tion to a reference or atlas brain MRI and noise reduction
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techniques including bias field correction might also be
performed. Differences in radiomic, deep learning, and
combined approaches to image feature extraction and
the methodology employed for downstream classification
will be described below. (Fig. 1)

Radiomic analysis

Radiomic analysis of medical images has long been
explored and leverages advanced mathematical filters
to extract quantitative features from imaging modali-
ties such as MRI, computed tomography (CT), positron
emission tomography (PET), and ultrasound. In brain
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tumor imaging, these features are typically derived from
a region of interest, commonly the tumor delineated on
multi-parametric MRI scans, providing a comprehensive
understanding of the three-dimensional (3D) tumor land-
scape inaccessible through biopsies or resected samples.
Traditional radiomic filters capture attributes like texture
and morphology, while emerging tools such as topologi-
cal data analysis (TDA), including methods like persistent
homology, offer topology-based radiomics descriptors,
proven effective in diverse domains like breast cancer and
vessel characterization in brain images. Because radiomic
features all capture well-defined attributes within images
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(heterogeneity in texture, presence of spots/edges, exis-
tence of persistent linear patterns, etc.), radiomic analysis
benefits from a large degree of interpretability, enabling
understanding of which features of an image are signifi-
cant for diagnosis, prognosis, or other imaging-based
tasks.

Following feature extraction, radiomic studies com-
monly perform a feature selection step in order to more
specifically identify which imaging features are likely to
be of relevance for the downstream task. Feature selec-
tion is typically performed via identification of maximally
relevant features and elimination of maximally redundant
features, with one effective feature selection strategy aptly
named “maximum relevance-minimum redundancy” [5].
Feature selection ensures that radiomic classifiers do not
“overfit” on superfluous information that is not discrimi-
native for the desired task. Selected radiomic features are
typically input into a machine learning classifier such as
a random forest or support vector machine model which
is then trained for a specific task such as genetic marker
identification. In general, model training is performed
on radiomic features extracted from a subset of avail-
able patient data called the training split, and metrics are
reported in studies based upon model performance on
radiomic features extracted from an unseen test split of
patient data.

Deep learning analysis

Deep learning analysis of medical images leverages state-
of-the-art neural networks to extract “deep” features or
representations of images for classification and segmen-
tation tasks. Unlike the pre-defined interpretability of
radiomic features, deep features are learned by the neu-
ral network through iterative fitting of a model on input
training images. These deep features often do not corre-
spond to readily understood characteristics of an image,
and are not easily understood/visualized when extracted
from a trained neural network. For this reason, deep
learning is often referred to as a “black box” approach
with limited interpretability. However, because these fea-
tures are learned directly from training a model on a spe-
cific imaging task, deep learning is often a more powerful
form of image analysis with the capability to succeed in
multiple medical imaging tasks. Deep learning models
are often classified by the fundamental mechanism by
which features are extracted from input medical images.
Convolutional neural networks make use of learned
mathematical filters to extract imaging features, whereas
vision transformers calculate “attention” or similarity
between different regions of an image. To combat the
problem of overfitting, deep learning pipelines com-
monly employ data augmentation techniques such as
flipping, adding small amounts of noise to, and rotating
training images to prevent models from learning from
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these unimportant variations in input images. Feature
extraction and the downstream task are typically per-
formed in an integrated manner in deep learning analy-
sis, in which a model learns both what features from an
image to extract and how to model those features for a
task such as genetic marker classification.

Combined radiomic and deep learning analysis

Recent studies have also explored the combined use of
radiomic and deep learning approaches for glioma medi-
cal image analysis. This integration of radiomic and deep
learning features facilitates the intelligent application of
more powerful deep learning methods while simultane-
ously retaining the interpretability of radiomic features,
thereby bridging the gap between model performance
and interpretability, a crucial step towards personalized
and effective medical interventions. The emergence of
combined deep learning and radiomics approaches signi-
fies a paradigm shift in medical image analysis, offering
a transition from ‘black box’ to ‘glass box’ quantitative
methodologies. By incorporating radiomic and deep fea-
tures, this hybrid approach enables clinicians to extract
meaningful insights into disease progression and treat-
ment response, beyond just model performance, thus
enabling effective medical interventions. Typically, the
combination of deep and radiomic features is undertaken
by leveraging independent models trained to extract
Radiomic and deep features via an ensembling of out-
put probabilities for a given task [6, 7]. However, there
have been multiple studies exploring more sophisticated
integration of deep learning and radiomic approaches
by augmenting radiomic features via deep learning [8],
inputting radiomic features to a deep network [9] and
using deep-learning based auto-segmentation of gliomas
for radiomic feature extraction [6].

Diagnostic markers
Adult-type diffuse gliomas
IDH mutation
Isocitrate Dehydrogenase (IDH) mutation is an impor-
tant biomarker for gliomas, associated with better prog-
nosis in comparison to its counterpart IDH wild-type
tumors [10]. The importance of IDH mutation has been
highlighted in the WHO 2021 CNS tumor classifica-
tion update, wherein the IDH mutation is the basis of
classifying adult-type diffuse gliomas. (Fig. 2) Recent
advancements in the fields of radiomics, radiogenomics,
and machine learning have prompted numerous stud-
ies exploring multiple directions for the prediction of
IDH1 mutation status in gliomas through non-invasive
methods.

The T2-FLAIR mismatch sign is a distinctive pattern
observed in IDH-mutant diffuse astrocytomas, where the
mass appears uniformly hyperintense on T2-weighted
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Fig. 2 Adult type diffuse Glioma classification

images but shows a relatively dark signal on FLAIR
images, except for a bright peripheral ring [11]. The
T2-FLAIR mismatch sign has high specificity but low
sensitivity for IDH-mutant diffuse astrocytomas [12, 13].
Additionally, 2-Hydroglutarate (2HG) Magnetic Reso-
nance Spectroscopy (MRS) has emerged as a valuable
tool for identifying IDH mutations in Gliomas. Hirofumi
et al. [14]. assessed the utility of 2HG-MRS for diagnos-
ing IDH-mutant adult brainstem gliomas in ten patients
with radiographically confirmed brainstem tumors who
underwent 2HG-MRS followed by biopsy. Four patients
had an H3K27M mutation, four had an IDH1 mutation,
and two had neither mutation. The study found that a
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2HG concentration>1.8 mM demonstrated 100% sensi-
tivity and specificity for IDH-mutant brainstem gliomas.
Kasap et al. [15]. compared various MR sequences
in predicting IDH mutation status, finding that the
T1-w contrast-enhanced sequence was most optimal
for predicting IDH mutations status using a radiomics-
based model. He et al. [16]. proposed a “6-Step” gen-
eral radiomics model to predict IDH mutation status in
Glioma patients, proposing an SVM model trained on
T2+FLAIR sequences which yielded an AUC/accuracy/
sensitivity/specificity of 0.873/ 0.876/ 0.875 /0.877. Hos-
seini et al [8]. used a deep learning-based data augmenta-
tion method (CTGAN) to synthesize 200 datasets from
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the training sets, which, when trained on T1-w post-
contrast scans was able to achieve an AUC/accuracy/
sensitivity of 0.93/0.92/1.00. Calabrese et al [6]. achieved
an AUC of 0.96 in predicting IDH mutation status using
a combined Convolutional Neural Network (CNN) and
Radiomics model. Despite the success of these recent
studies in predicting IDH mutation status, additional
large-scale studies externally validated on data from
multiple institutions are needed before these methods
become a part of routine diagnostics.

TERT promoter mutation

TERT (Telomerase Reverse Transcriptase) promoter
mutations are genetic alterations that can be found in
many different cancers, including some CNS tumors.
The new WHO CNS-5 classification has emphasized the
role of TERTp mutations in the diagnosis and prognosis
of CNS tumors. The presence of a TERT promoter muta-
tion is considered a marker of high-grade malignancy,
and its detection can lead to the upgrading of a CNS
tumor to WHO Grade 4 [17]. Multiple groups have eval-
uated radiomics and radiogenomic features to determine
TERTp mutation in gliomas. Fang et al. [18] analysed a
total of 1293 radiomics features to train 10 predictive
glioma models achieving an AUC/accuracy/sensitivity/
specificity of 0.8446/0.7988/0.9355/0.6197. Zhang et al.
[19] proposed a Deep Learning-Based Radiomics (DLR)
signature for predicting TERT promoter mutations
achieving an AUC of 0.890, exhibiting superior discrimi-
native power compared to the Clinical Deep Learning
Radiomics (CDLR) nomogram and clinical models in the
validation cohort.

EGFR amplification

EGFR (Epidermal Growth Factor Receptor) expres-
sion, a cell membrane tyrosine kinase receptor, has been
implicated in several mechanisms contributing to the
abnormal and swift cell proliferation observed in vari-
ous CNS tumors including glioblastomas. Among these
pathways, elevated EGFR levels are frequently observed
in primary GBMs, resulting from gene amplification,
enhanced translation of the EGFR gene, or a combination
of both processes. In the latest CNS-5 WHO classifica-
tion update, the presence of EGFR amplification is suffi-
cient for a tumor to be considered WHO Grade 4. Gupta
et al. [20] reported that EGFR amplification is related to
imaging features such as higher median relative cerebral
blood volume (rCBV) and lower permeability-surface
area product (PSR). Pasquini et al. [21] predicted EGFR
amplification status using radiomic features extracted
from rCBV and T2 images within CET ROIL, rCBV dem-
onstrated the highest performance with AUC/accu-
racy of 0.74/0.81 while the T2 sequence achieved AUC/
accuracy of 0.741/0.778. Sohn et al. [22] yielded a poor
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performance in predicting EGFR amplification status
(AUC=0.743) compared to other markers such as IDH
(AUC=0.967) and MGMT (AUC=0.761), suggesting
the relative difficulty in evaluating EGFR status using
structural MRI alone. The association between EGFR
amplification may serve as a useful biomarker for poor
prognosis in glioma patients [23]. Targeted therapies
against EGFR and EGFRVIII has yielded mixed results
[24] with some showing promising outcomes, however
more evidence and work is needed to get a better under-
standing of EGFR/EGFRVIII pathway, its role in tumor
prognosis, and ultimately better targeted therapeutics
with improved brain penetration.

+7/-10 Copy number change

The 2021 CNS tumor classification introduced trisomy
7 and monosomy 10 (+7/-10 copy number change) as a
novel addition to classify glial tumors as WHO Grade-4.
However, there are few studies exploring the relation-
ship between imaging and radiomic features of +7/-10
copy number change. One study performed by Cal-
abrese et al. [6]. found a significant correlation between
the prediction of chromosome 7/10 aneuploidy and the
elongation of the enhancing tumor on imaging. The
study also reported an optimal AUC/sensitivity/specific-
ity of 0.93/0.90/0.88 for predicting+7/-10 copy number
change. The validation of these results remains challeng-
ing due to lack of extensive research on the diagnostic
potential of +7/-10 copy number change. Consequently,
there is a pressing requirement for further comprehen-
sive studies to address this gap in the literature.

1p/19q co-deletion

The presence of 1p/19q codeletion is a significant diag-
nostic marker required for histomolecular diagnosis
of oligodendroglioma [25, 26]. The recent WHO 2021
CNS-5 update now requires the determination of 1p/19q
codeletion status for the final diagnosis of oligodendro-
glioma (IDH mutant, 1p/19q co-deleted). In lower-grade
gliomas, immune cell infiltration into the tumor micro-
environment is driven by cytokines and chemokines,
which are encoded by 41 genes located on chromosome
1p/19q. When 1p/19q is co-deleted, the activity of these
genes is diminished compared to gliomas without the
deletion. This reduction leads to a weakened immune
response, characterized by fewer immune cells infil-
trating the tumor and decreased expression of genes
involved in immune checkpoint regulation [27]. There-
fore, accurately predicting the 1p/19q codeletion status
in gliomas could play a significant role in predicting out-
comes for patients with CNS tumors. Batchala et al. [13]
achieved an accuracy=86.3% for predicting the 1p/19q
codeletion status, with tumor heterogeneity, frontal lobe
location, and T2 susceptibility blooming to be significant
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predictors for 1p/19q-codeletion status. Kihira et al. [28]
predicted the 1p/19q codeletion status with an AUC/sen-
sitivity/specificity/accuracy of 0.85/0.779/0.828/0.803,
using a radiomic model generated from combination
of six texture features. The radiomic model yielded sig-
nificantly improved sensitivity in predicting the 1p/19q
codeletion status than T2-FLAIR mismatch sign and the
clinical model.
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Pediatric-type diffuse high-grade gliomas

H3 K27-altered

Pediatric-type diffuse high-grade gliomas are a separate
category of brain tumors that are primarily character-
ized by their molecular profile. (Fig. 3) The group is fur-
ther subdivided into various categories, namely diffuse
midline glioma with H3 K27 alterations (note that the
term “mutant” has been revised to altered), diffuse hemi-
spheric glioma with H3 G34 mutations, diffuse pediatric-
type high-grade Glioma with wildtype H3 and IDH status
(which encompasses tumors with diverse genotypes), and
infant-type hemispheric glioma. Tumors with H3 K27
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alteration are classified as WHO Grade-4 and are invari-
ably associated with poor prognosis [29]. Kandemirli et
al. [30] evaluated the efficacy of radiomics features in
predicting H3 K27 alteration status in midline gliomas,
with more than 50% of the tumors studied from pediatric
cases. The study found that an XGBoost model was able
to achieve an AUC of 0.791 in the training set and 0.737
in the test set, respectively. The presence of the H3K27M
mutation in midline gliomas holds significant prognostic
implications and represents a potential target for immu-
notherapy. A radiomics-driven approach using standard
MRI sequences holds the potential for accurately predict-
ing the H3K27M mutation status in midline gliomas.

H3 G34-mutant

The H3 G34 mutation is a genetic alteration that affects
the H3 histone protein, a key regulator of gene expres-
sion. In the 2021 CNS-5 WHO classification update, H3
G34 mutation has been recognized as a new molecular
subtype of pediatric-type high-grade diffuse Gliomas.
These tumors are now designated as “diffuse hemispheric
glioma with H3 G34 mutation” and are classified as
WHO Grade 4. Patients with these tumors often exhibit
poor response to treatment and an unfavourable progno-
sis. There is a significant paucity of studies describing the
radiomics and radiogenomics of H3 G34 mutant tumors.
Shao et al. [31] reported that FeAture Explorer (FAE)
generated models (AUC=0.925), based on radiomics fea-
tures of conventional MR images, demonstrated superior
discriminatory ability between H3 G34-mutant and IDH-
mutant gliomas compared to Visually Accessible Rem-
brandt Image (VASARI) feature analysis (AUC=0.843).
According to Lasocki et al. [32], H3 G34 mutant tumors
can exhibit a range of marginal and location character-
istics, ranging from well-defined to ill-defined. These
tumors may demonstrate absent, faint, or mild enhance-
ment, and various enhancements have been reported
across multiple studies. Additionally, intra-tumoral calci-
fication, hemorrhage, or cystic changes may be observed,
as noted by Vettermann et al. [33] and Kurokawa et al.
[34]. Hyper-perfusion may also be seen on Arterial Spin
Labelling (ASL), as reported by Puntonet et al. [35]. FET-
PET imaging features of eight H3 G34-mutant Gliomas
revealed high uptake in all cases, according to Vetter-
mann et al. [33]. The available imaging data on H3 G34
mutant Gliomas are sparse and varied in nature, although
some recurring patterns have been identified. Leveraging
radiomics-based Al techniques could offer a promising
solution to address the inherent heterogeneity within the
existing dataset. Other relevant literature has been sum-
marised in Table-1.
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Prognostic markers

MGMT promoter methylation

MGMT (O6-Methylguanine-DNA Methyltransferase) is
a well-established prognostic and diagnostic biomarker
for CNS tumors. Methylation of the MGMT promoter
region is associated with improved response to alkylat-
ing chemotherapy and radiation therapy. For instance,
MGMT can counteract the effect of temozolomide via
transfer of methyl groups from targeted guanine bases
to MGMT [36]; silencing MGMT expression therefore is
associated with improved sensitivity to Temozolomide.
MGMT promoter methylation has been extensively ana-
lysed in radiomic and radiogenomic studies. Korfiatis
et al. [37] reported that the best classification system, a
Support Vector Machine (SVM) based classifier had an
AUC/sensitivity/specificity of 0.85/0.803/0.813 with cor-
relation, energy, entropy, and local intensity as the top
differentiating features of MGMT promoter methylation.
Kanas et al. [38] predicted the MGMT promoter meth-
ylation status with an accuracy/sensitivity/specificity up
to 0.736/0.853/0.760 using a wrapper-based approach
to select the most informative variables such as edema/
necrosis volume ratio, tumor/necrosis volume ratio,
edema volume, and tumor location and enhancement
characteristics. ADC has also emerged as a promising
surrogate biomarker in the detection of MGMT status
[39]. Utilizing algorithms such as SVM, along with tex-
ture features extraction, offers a viable method to predict
MGMT methylation status in CNS tumors. Incorporat-
ing additional MR imaging methods, like ADC, holds the
potential to enhance the accuracy of this approach even
further.

CDKN2A/B

CDKN2A/B (Cyclin Dependent Kinase Inhibitor) homo-
zygous deletion emerges as an independent prognos-
tic marker in all grades of IDH-mutant astrocytomas,
including grade 4 astrocytoma. With recent changes
introduced in the new WHO CNS-5 grading, a tumor
with CDKN2A/B is designated as WHO Grade 4 irre-
spective of vascular and necrosis status. Multiple studies
have tried to predict the CDKN2A/B alteration in CNS
tumors using imaging features with variable degrees of
success. Park et al. in their paper [40] showed that infil-
trative pattern and 95th percentile normalized rCBV
are independent predictors of CDKN2A/B homozygous
deletion with an AUC/accuracy/sensitivity/specific-
ity of 0.830/0.904/0.833/0.750. Calabrese et al. [6] used
a combined radiomics and CNN architecture to predict
CDKN2A/B homozygous deletion status with an AUC/
accuracy of 0.86/0.79. Yang et al. [41] was able to pre-
dict the CDKN2A/B homozygous deletion status with an
AUC of 0.880 and 0.825 across the training and validation
sets using a comprehensive radiomic-based and clinical
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model. Radiomic models exhibits high accuracy and reli-
ability in predicting CDKN2A/B homozygous deletion
so they can be employed to further refine diagnosis and
facilitate informed clinical decision-making.

Medulloblastoma (SHH activated, WNT activated)

In line with 2016 guidelines, the updated CNS-5 classifi-
cation classifies Medulloblastomas as either molecularly
or histologically defined. The molecular subgroups of
MBs are determined based on DNA methylation or tran-
scriptome profiling and have remained unchanged. These
molecular subgroups include medulloblastoma, WNT-
activated (a); medulloblastoma, sonic hedgehog [SHH]-
activated and TP53 wild-type (b); medulloblastoma,
SHH-activated and TP53-mutant (c); and medulloblas-
toma, non-WNT/non-SHH (d). Chang et al. [42] con-
ducted a study to compare 253 Radiomic image features
across four molecular subtypes of medulloblastoma. The
results showed that six features exhibited significant dif-
ferences between three groups of medulloblastoma, while
two features showed significant differences between
all four groups. Among the four features demonstrat-
ing higher values in the WNT and G3 groups compared
to the SHH and G4 groups, namely cluster tendency,
contrast, difference entropy, and dissimilarity, all were
textural features depicting local patterns in tumors. Con-
versely, the remaining four features, including entropy,
Inverse Difference Normalized (IDN), Inverse Difference
Moment Normalized (IDMN), and cluster prominence,
showed higher values in the SHH and G4 groups than in
the WNT and G3 groups. Distinct radiomic signatures
associated with different molecular types of Medulloblas-
tomas can help in quick and easy classification of molec-
ular profiles, allowing for a targeted treatment approach
and thereby improving prognosis across all subgroups
[43]. Other relevant literature has been summarised in
Table-2.

Discussion

The recent update in the WHO 2021 CNS-5 guidelines
has introduced multiple revisions to the classification
and grading of CNS tumors. In previous WHO modules,
tumor classification was primarily based on microscopic
characteristics and tumor histopathology. However, the
updated criteria now incorporate genetic information
for specific tumor types, leading to the reclassification of
certain entities. These changes reflect the acknowledged
impact of genetic factors on tumor development and sub-
sequent treatment strategies.

Currently, stereotactic brain biopsy (SBB) is the gold
standard for diagnosing and classifying CNS tumor
histopathology and related molecular mutations. Yet,
the technique has its limitations due to the complex-
ity and heterogeneity of gliomas, leading to inconclusive
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diagnoses in approximately 7-15% of cases [44]. Despite
being a minimally invasive procedure, SBB comes with
inherent risk and complications, especially involving glio-
mas invading or originating in the brainstem, with com-
plications occurring in 6% of patients [45]. Non-invasive
radiogenomic analysis to identify glioma subtypes could
not only offer prognostic value but also guide the use
of targeted chemotherapies for complex and aggressive
tumors, enhancing personalized treatment and possibly
bettering patient outcomes. These non-invasive mod-
els could be particularly valuable in cases where surgi-
cal resection or tissue sampling is not feasible, either due
to the tumor’s location, patient health concerns, or the
patient’s decision to decline surgery. In such scenarios,
radiogenomic models can offer prognostic insights, help-
ing to guide the selection of appropriate radiotherapy
and/or chemotherapy options. Moreover, radiomic mod-
els can be extremely useful in monitoring and predicting
treatment responses in cases of unresectable or difficult-
to-resect tumors such as H3 K27M-mutant diffuse mid-
line gliomas [46, 47].

Structural MRI sequences are limited by the human
eye’s capability to analyse visual data and often cannot
differentiate between tumor recurrence, pseudoprogres-
sion, pseudoresponse, and radiation necrosis due to the
complex nature of Gliomas [48, 49]. Radiomic and radi-
ogenomic models aim to enhance our understanding of
the genetic landscape of tumors through non-invasive
imaging, while promising, their integration into clinical
practice remains a work in progress. These models can
prove to be particularly useful when a biopsy is challeng-
ing and molecular data is critical for management. For
example, diffuse midline glioma, H3 K27-altered, has a
significantly poor prognosis in comparison to the wild
type, with 3-year overall survival of 5% and 2-year overall
survival of less than 10% [50-53]. Prediction of H3 K27-
altered status plays an essential role in tumor diagnosis,
survival prediction, and therapeutic decision-making,
and a few recent studies have found that an MRI-based
radiomics signatures may significantly outperform pre-
dictions based on conventional MRI features [54, 55].

Even with rapid advancement in cancer care in the
last decade, the prognosis of many CNS tumors remains
poor. According to the latest CBTRUS 2023 report, the
5-year survival rate in patients diagnosed with malignant
CNS tumors was only 35.7% [56], which has remained
fairly stable in the last decade [57]. There is a large varia-
tion in median survival rate across different CNS tumor
histopathologies, with glioblastoma having the lowest (8
months) and oligodendroglioma having the highest (199
months) [56]. Radiomic models can be potentially used
to study the origin, extent, and overall architecture of
tumors non-invasively, enhancing treatment monitor-
ing and improving survival rates. Studies by Mauldin et
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al. [58]. and Sun et al. [59]. have highlighted the potential
of using radiomic signatures to predict immunotherapy
responses by assessing tumor infiltration by CD8 cells.
While integrating immunotherapy into glioma treatment
has been challenging, these findings might lead to new
treatment avenues including vaccines, oncolytic viruses,
immune checkpoint inhibitors, and genetically modified
T cells [60, 61].

The field of computer vision is shifting from tradi-
tional semantic and radiomic methods to a combination
of radiomics and deep learning-based feature extrac-
tion. This fusion of deep learning’s adaptable represen-
tational abilities with the interpretable characteristics of
radiomics enables the acquisition of insightful knowl-
edge in a data-centric fashion. This integrated approach,
coined as Deep Radiomics employs neural networks
to extract and analyse complex features from medi-
cal images automatically and streamlines the workflow,
minimizes human error, and could provide more accu-
rate diagnostics and treatment evaluations, leading
to enhanced patient care [62]. Furthermore, radiomic
models provide the benefit of analysing the entire tumor
volume, overcoming the sampling limitations of tissue
biopsies that may not be representative or might miss
important information due to small sample yield [63].
This complete examination can lead to more precise
diagnoses, improved prognostic assessments, and, as a
result, better-informed clinical decision-making.

Limitations

Radiomics and radiogenomics are rapidly advancing
domains of medicine but have many obstacles to over-
come before being established in standard patient care
in CNS tumor management. As a nascent field, there is
an absence of standardization of acquisition parameters
and radiomic approaches. Many studies using retrospec-
tive data lack external validation, have incomplete results,
or contain unidentifiable confounding variables in the
source data. The culmination of these factors results in
poor reproducibility secondary to variability and lack
of consistency. To address these issues and standardize
radiomics-specific reporting, Lambin et al. [64] proposed
the concept of a Radiomics Quality Score (RQS) consist-
ing of 16 key components, potentially enabling a holistic
evaluation of both the reproducibility and reliability of
results reported in Radiomic studies.

The limited availability of public databases with anno-
tated radiological data is another obstacle to further
validation and proliferation of Radiomic models. Small
datasets with many variables can lead to overfitting,
where a model performs well on training data but poorly
on unseen data. This can be mitigated by using larger
datasets or selecting robust variables for analysis. Park
et al. evaluated 51 original Radiomics research articles in
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neuro-oncology with the RQS [64] and showed that only
29.4% performed external validation, with few studies
discussing clinical utility and none conducting a phan-
tom study or cost-effectiveness analysis [65].

Pre-operative MRI protocols vary widely across studies,
making it difficult to compare results and validate mod-
els due to the lack of a publicly available, standardized
dataset. Recent efforts to predict MGMT methylation
in a diverse glioblastoma MRI dataset highlight the need
for larger, more standardized datasets to overcome data
heterogeneity and improve model generalizability [66].
Hence, the generalizability of DL/ML models remains a
concern, given the large amount of heterogeneous data
required for model training and validation [67]. Current,
publicly available datasets often do not reflect the het-
erogeneity of data acquired in real clinical practice and
frequently lead to the development of models that can-
not generalize well to real-world scenarios. For instance,
most current radiomic and deep learning frameworks
are trained on datasets with a standardized set of MRI
sequences available for each patient studied. These mod-
els cannot adapt to instances in which patients may not
have a complete set of MRI sequences available for rea-
sons including data corruption, MRI contrast sensitivity,
etc. Several studies have begun to address this challenge
via techniques including meta learning [68], data synthe-
sis [69], and knowledge distillation [70], though future
work still needs to be performed in order to develop
models robust to the noisy data conditions inherent to
real world implementation. Additionally, segmenting the
Region of Interest (ROI) accurately is typically integral in
radiogenomic pipelines, but variability in ROI selection
can affect Radiomic features. Inconsistent ROI segmen-
tation undermines Radiomic feature stability, and while
new deep learning methods like U-net [71], V-net [72],
UNet++ [73], and DeepMedic offer advancements, stan-
dardization is lacking.

Hence, multi-centric studies involving collaboration
among research institutions are required to create pro-
fessionally annotated standardized datasets for larger
cohort studies, which can be split into training, test-
ing, and validation datasets to reduce overfitting. This
would also allow the researchers to test their algorithms
on external cohorts and validate the robustness of their
solutions. Federated learning, which facilitates multi-
institutional validation of machine learning models with-
out explicit data sharing using a distributed framework,
can be used across multiple available centres in locations
across the world, thus increasing the size and diversity of
data used in training radiomic models.

Radiogenomics is a field that relies on establishing the
association between a tumor’s phenotypic and geno-
typic nature. To make radiogenomic biomarkers reli-
able in oncology, standardization of assay criteria, image
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capture, segmentation, trial design, and analytical meth-
ods is imperative. Along with this, a focus on creating an
extensive imaging database inclusive of genomic profiles,
demographics, treatment details, and outcomes is essen-
tial. A task of this scale requires data sharing and col-
laboration among various institutions across the world.
Initiatives like The Cancer Genome Atlas (TCGA) and
The Cancer Imaging Archive (TCIA) demonstrate the
benefits of shared, comprehensive genomic and imaging
profiles [74, 75].

As newer and more advanced Al/Radiomics models
continue to develop, ethical challenges also arise. The
integration of Al into clinical practice introduces more
ethical and regulatory issues. The US Food and Drug
Administration (FDA) has strict regulations for com-
puter-aided detection systems employing machine learn-
ing and pattern-recognition techniques. The introduction
of Al/machine learning models poses novel regulatory
challenges, demanding specialized guidance for sub-
missions seeking approval [76]. Al models, unlike other
intervention services, continue to evolve as they encoun-
ter more data; hence, testing at regular intervals of time
is essential to ensure that their functionality meets the
expected ethical standards.

While there is significant potential for the creation of
diverse and heterogeneous datasets for healthcare Al,
numerous technical and operational hurdles need to be
addressed. Concerns regarding patient privacy, data own-
ership, intellectual property rights, and computation and
storage limitations pose significant challenges. The com-
plex web of regulatory policies differing across various
geographical areas, and their ethical implications add
another layer of complexity.

Future directions

Recent developments in ML/DL techniques have sig-
nificantly accelerated progress in neuroimaging and the
application of radiogenomics to predict tumor geno-
types. Deep learning-based tumor segmentation has
shortened the arduous process of manual segmentation
employed in a conventional radiomic approach. Com-
bined Radiomics-CNN models hold immense promise
for predicting the genotypic architecture of various CNS
tumors, potentially revolutionizing personalized strate-
gies in tumor treatment. However, rate-limiting steps
such as the standardization of data interpretation, scar-
city of publicly available imaging datasets, and the lack
of large-scale, prospective clinical trials, remain before
widespread clinical acceptance can be realized [66, 67,
77].

A major limitation across various studies analysed for
this paper is lack of standardization of data interpreta-
tion. The Image Biomarker Standardisation Initiative
(IBSI) is an independent international collaboration
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working towards the standardization of extraction of
image biomarkers from acquired imaging for the purpose
of high-throughput quantitative image analysis. Zwanen-
burg et al. [78] in a large scale multicentre, multiphasic
study standardized a set of 169 radiomics features, thus
enabling verification and calibration across different
radiomics software. The IBSI workflow with standardiza-
tion laid across multiple software packages can poten-
tially improve the accuracy, reproducibility, and clinical
utility of Radiomic features, ultimately paving the way
for their integration into routine clinical practice. Data-
sets such as The Cancer Imaging Archive hosts imaging
datasets of brain tumor collections (HGGs and LGGs),
among other cancers, obtained from several institutions,
have been widely used by the research community to
develop and validate radiomics and radiogenomics tools
[63]. Prestigious academic institutions and societies like
the American Society of Neuroradiology (ASNR) and
the Radiological Society of North America (RSNA) can
play an important role in fostering radiomics and radi-
ogenomics research as well as bridging the gap between
promising studies and clinical applications.

Federated Learning (FL), in contrast to traditional
centralized models, offers a solution by updating model
parameters locally on users’ devices, with only the
parameters being shared, not the data itself. This method
maintains privacy and facilitates collaboration across
geographically diverse areas, as demonstrated by Pati et
al. [79] in their large-scale study on automated tumor
boundary detection in Glioblastoma patients. When
properly implemented with strict governance, standard
data protocols, and clear clinical goals, FL has substantial
potential to improve the performance of machine learn-
ing models in healthcare, making advanced models more
accessible and equitable across diverse and resource-lim-
ited healthcare settings.

As noted in the WHO CNS-5 update, tumor geno-
type study is crucial for tumor classification and grading
with significant implications for prognosis and treat-
ment. In the realms of neurosurgery and neuro-oncology,
radiomics/radiogenomic applications could transform
the current paradigm by replacing lengthy and complex
surgeries with rapid and crucial information delivery,
thereby enhancing clinical decision-making and optimiz-
ing clinical outcome.

Conclusion

WHO CNS-5 2021 update has emphasized the impor-
tance of tumor mutations and biomarkers in the classi-
fication and grading of gliomas. While radiogenomics
holds promise as a non-invasive tool for assessing tumor
genotypes and the tumor microenvironment, substantial
research is needed to validate its predictive and prog-
nostic capabilities before it can be effectively integrated
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into CNS tumor management. Recent advancements in
radiomics and computer vision have propelled the field
forward, with deep learning models and new imaging
modalities now enabling rapid prediction of CNS tumor
mutations. These innovations could potentially reduce
the reliance on invasive surgeries, thereby minimizing
associated risks and expediting treatment. Nevertheless,
before radiogenomics can be fully integrated into clinical
practice, several key issues must be addressed, includ-
ing the standardization of data interpretation, scarcity
of publicly available imaging datasets, and the lack of
large-scale, prospective clinical trials. The evolution of
machine learning and deep learning technologies is driv-
ing radiomics and radiogenomics toward a revolutionary
role in neuroradiology and neuro-oncology, paving the
way forward to improved diagnosis, prognostication, and
ultimately personalized treatment approaches for brain
tumor patients.

Abbreviations

WHO World Health Organization

CNS Central Nervous System

MRI Magnetic Resonance Imaging

MRS Magnetic Resonance Spectroscopy

cT Computed Tomography

PET Positron Emission Tomography

HGG High Grade Gliomas

LGG Low Grade Gliomas

TDA Topological Data Analysis

DLR Deep Learning based Radiomics

VASARI Visually AcceSAble Rembrandt Images
SBB Stereotactic Brain Biopsy

T™Z Temozolomide

IBSI Image Biomarker Standardization Initiative
MGMT 06-Methylguanine-DNA Methyltransferase
CDKN2A/B  Cyclin Dependent Kinase Inhibitor

SHH activated-Sonic hedgehog-activated
TERTp Telomerase Reverse Transcriptase promoter
2HG 2-Hydroglutarate

IDH Isocitrate Dehydrogenase

EGFR Epidermal Growth Factor Receptor

rCBV relative Cerebral blood volume

PSR Permeability-surface area product (PSR)
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