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Objective: This study aims to assess the value of biomarker based radiomics
to predict IDH mutation in gliomas. The patient cohort consists of 160
patients histopathologicaly proven of primary glioma (WHO grades 2-4) from 3
different centers.

Methods: To quantify the DSC perfusion signal two different mathematical
modeling methods were used (Gamma fitting, leakage correction algorithms)
considering the assumptions about the compartments contributing in the blood
flow between the extra- and intra vascular space.

Results: The Mean slope of increase (MSI) and the K1 parameter of the bidirectional
exchange model exhibited the highest performance with (ACC 74.3% AUROC
74.2%) and (ACC 75% AUROC 70.5%) respectively.

Conclusion: The proposed framework on DSC-MRI radiogenomics in gliomas
has the potential of becoming a reliable diagnostic support tool exploiting
the mathematical modeling of the DSC signal to characterize IDH mutation
status through a more reproducible and standardized signal analysis scheme for
facilitating clinical translation.

KEYWORDS

dynamic susceptibility contrast MRI, gliomas, radiogenomics, IDH mutation,

generalizability, explainability

1 Introduction

Gliomas are the most frequent type of brain tumors, which are classified with a grading
system outlined by the WHO, ranging from Grade I to IV (1). Diagnosis and classification
of gliomas have, as of 2016, incorporated molecular markers, due to the correlation between
tumor biology and behavior (2). One of the most important genetic markers seen in gliomas
is the isocitrate dehydrogenase (IDH) mutation, which has long seen better patient prognosis
than patients with gliomas of an IDH wildtype (3, 4). This mutation is suspected to result in
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decreased NADPH production within the cell, thus exposing the
tumors cells to damage caused by reactive oxygen species (ROS).
Whereas, IDH wild-type tumors are more resistant to ROS, likely
due to the protection provided by NADPH, and therefore present
in a more aggressive form (5).

The identification of IDH mutations is therefore instrumental
in predicting patient prognosis, glioma surveillance (2), and
(6). of
distinguishing IDH mutations consists of invasive biopsies,

potentially treating cancer However, the process
which are accompanied by limitations such as postoperative
complications and clerical or histological errors (7). Recent
Al advancement in imaging studies have given rise to a less
invasive process to identify potential molecular markers. This is
proposed by correlating imaging features, such as, radiological
enhancement of the tumor and calcification, with suspected
biomarkers, such as an IDH mutation (8, 9). However, although
this mechanism of biomarker identification is promising, it may
be inconsistent. To this end, there is a need for advancements in
machine learning and radiomics in order to provide a more robust
and systematic approach to identifying molecular markers and
therefore predicting survival outcomes and patient prognosis.

Dynamic Susceptibility Contrast (DSC) perfusion imaging,
specifically rCBV maps, can identify defined angiogenesis
transcriptome signatures, which could be indicative of IDH mutant
gliomas through the evident perfusion phenotypes (10). This
indicates that identifiable imaging biomarkers might be detectable
from the development of pathobiological tumor vasculature
(11), in addition to the imaging features previously mentioned,
with the use of multiparametric maps from DSC imaging.
However, limited evidence exists on the use of DSC perfusion
imaging in radiogenomic studies detecting IDH mutations from
glioma vasculature.

Artificial Intelligence is quickly becoming a field of research
which could potentially inform clinical decision making processes.
It uses radiological images as minable databases that utilize
quantitative data that can, once learned, predict clinically
relevant information (12). Machine Learning (ML) has been
shown to enhance the identification of IDH mutation statuses,
through extraction of quantitative data from conventional and
advanced magnetic resonance imaging (MRI) techniques using
multiparametric maps (13-24). Although these studies assessed the
value of machine learning using conventional and multiparametric
MRI to predict the presence of IDH mutations in gliomas, only a
few of them included multicentric data, which is imperative for a
standardized approach for implementation in a future healthcare
setting. This is an evident limitation in neuro-oncology radiomics
studies, since only 3.9% (2/51) of studies were validated with
multicentric data (25).

Therefore, and to the best of our knowledge, the use of DSC
perfusion imaging with machine learning to predict IDH mutation
status has only been investigated in four studies thus far (18, 21,
26, 27). However, only two publications have investigated the sole
use of DSC (18, 21). Promising results were reported in these two
studies, however, both studies note the heterogeneity of images
from different centers as a factor which could decrease sensitivity
and specificity.

The heterogeneity in MRI scanner characteristics, such as
software variations, MRI equipment (receiver coils), scan protocols,
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and reconstruction algorithms, can lead to inter- and intra-site
variations. These variations affect the signal intensity of the MR
image, which may conceal the region of interest in terms of signal to
noise ratio (SNR) and lead to the failure of (ML) analysis (28). To
account for this heterogeneity, harmonization and normalization
techniques are applied to the data as a pre-processing step which is
not intuitive since there is variety of normalization choices that can
lead to different results. In addition, another limitation is the lack
of standardized radiomic pipelines and explainability mechanisms
to increase trustworthiness and accelerate clinical adoption.

This radiogenomics study aims to explore the value of
using machine learning (ML) directly on features from DSC
parametric maps, derived from mathematical signal modeling,
to predict IDH mutation status in gliomas. This methodology
is applied on a previously studied dataset (21) as a more
standardized and reproducible ML/Radiomics scheme without any
pre-processing step.

2 Materials and methods

2.1 Patient population

The patient cohort consisted of 160 patients [age: 58.4 £ 15.9
(mean £ SD), 70 female] from three different imaging centers.
Each patient underwent histopathological diagnosis of primary
glioma (WHO grades 2-4), molecular characterization of IDH
mutation status (IDH-mutant = 41, IDH-wildtype = 119) and
DSC-MRI prior to any treatment. The first cohort consisted of
92 patients (66 out of 92 IDH-mutant) from Stanford Medicine
Imaging Center, Stanford CA, USA. The second cohort included
50 patients (39 out of 50 IDH-mutant) from Health Lancaster
Imaging Center, South Carolina, USA. The third cohort contained
14 out of 18 patients with an IDH-mutant status from Ljubljana
University Medical Center, Ljubljana, Slovenia. Patients without a
histologically confirmed diagnosis of glioma, incomplete molecular
characterization of IDH status, non-enhancing grade III gliomas, or
patients having received any treatment prior to image acquisition
were excluded.

2.2 MRI protocol

The imaging parameters for each DSC acquisition for each
cohort are summarized in Table 1.

2.3 Tumor delineation

Bratumia software (https://www.nitrc.org/projects/bratumia)
(28), was used to delineate the regions of interest (ROIs). This
software uses as input four different MR contrasts (T1 before and
after contrast, T2, T2 FLAIR) in order to correctly identify tumor
enhancement, oedema and necrosis. As a next step three expert
neuroradiologists visually inspected the produced tumor ROIs and
proceeded to corrections when necessary. Finally, the whole tumor
ROI was selected as the combination of tumor enhancement,
oedema and necrotic regions.
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TABLE 1 MR imaging parameters per cohort used.

Third cohort C

1.5.T Philips Achieva
(philips medical

First cohort Second cohort B

3T discovery MR750
(GE healthcare,

Scanner type

3T siemens skyra
(siemens

1.5T magnetom
avanto (siemens

United States) healthineers, healthineers, systems)
Erlangen, Germany) Erlangen, Germany)

Acquisition type 2D Echo-Planar Imaging (EPI) with fat suppression (FS)
Magnetic field strength 3T 3T 1.5T 1.5T
Repetition time (ms) 1800 1870 1850 1525
Echo time (ms) 40 30 30 40
Echo train length 1 63 1 47
Flip angle (deg) 60 90 90 75
In-plane resolution (mm?) 1.718 x 1.718 1.719 x 1.719 1.796 x 1.796 1.75 x 1.75
Number of averages 1 1 1 1
Image slice thickness (mm) 5 5 5 5
Image slice spacing (mm) 5 5 5 5
Temporal resolution 60 x 1.87s 60 x 2.07s 40 x 1.53s 60 x 1.8s
Matrix size 128 x 128 128 x 128 128 x 128 128 x 128

2.4 Parametric map computation

2.4.1 Gamma fitting algorithm

DSC MRI and Computed Tomography perfusion (CTP) are
the most widely used tracer kinetic techniques to measure brain
perfusion. They both examine how the injected contrast agent is
distributed and diluted inside the vascular system (29). To quantify
the DSC signal we used an in-house software (30) developed in
Python 3.5 (www.python.org) mainly for CTP. The quantification
software was based on the work of Meier and Ziegler (31) and is
briefly described below.

Given a probability density function or transport function h(t)
that describes the transit of CA particles in the vascular system, the
equation that relates blood flow (F;) with the concentration of CA
in the tissue C¢(t) is given by the formula below:

Ci(t) =F, AIF®R (1), (1)
where, AIF is the arterial input function, ® is the convolution
operator and R(t) = 1 — fot h(t)drt is the residue function
that denotes the amount of CA that is still present in the volume
of interest at time ¢ (32). To account for dispersion effects (33)
the gamma variate function was chosen as the transport function
h(t) (34).

1 a =t=n)
A—mm e, (b= )
0, (t<t)

h(t) = (2)

where, A} = UIH'“I I'(1 + a1), T (a) is the Gamma probability
density function, ay, o7 and t; are related with the mean transit time
and the dispersion of & (t).

In [Fs, ai], the

(scipy.optimize.least_squares) (35) was used to fit Equation 1

order to  obtain o1,

to the DSC concentration curves (6) in a voxel by voxel basis.
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Finally, by applying the central volume principle relative cerebral
blood flow (rCBF), blood volume (rCBV) and mean transit time
(rMTT) were calculated as

tCBF = F, 3)
rMTT = t1+0o1 (14 ap) (4)
rCBV = rMTT * F; (central volume principle) (5)

In addition, the TMAX and the mean slope of increase (MSI)
were also calculated. TMAX represents the time taken for the DSC
curve to reach its maximum. Assuming C; () to be the perfusion
curve and fy the last time of the baseline, MSI was calculated as:

ty = TMAX

2

=ty

MSI = N Ct (tit+1) — Cr (t) (6)

It is also important to note that, the concentration of CA over
time [C; (t)] for each voxel in a DSC series [S(t)] is assumed to
be proportional to the change of relaxation rate in the tissue as
expressed in Equation 1:

Cr () o AR () = — S0

7)
where TE is the echo time and S(0) is the baseline signal prior to
the CA’s arrival. Thus, prior to fitting every DSC intensity curve was
converted to concentration of CA using Equation 7 (29).

2.4.2 Leakage correction algorithms

To determine the relative cerebral blood volume (nrCBV)
is a challenging task in brain tumors since a leaky blood-brain
barrier (BBB) can affect measurements (36). That said, lesions
with a disrupted BBB, permit CA leakage into the extravascular
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FIGURE 1

Parametric maps calculated from the gamma fitting and the leakage correction algorithms superimposed to the corresponding anatomical image

MsI

K1bidir

extracellular space (EES), reducing both T2* time further. Thus, a
more complex model must be taken into account to allow the uni-
or bi-directional exchange of CA between EES and intravascular
space (IVS). Thus, multi compartmental modeling is presented
below for the calculation of the corrected nrCBV (37).

In general, nrCBV is the integral of C; (f) (Equation 7) between
the arrival ¢y and the replenish t;time points as shown in Equation
8 below:

t
nrCBV = / Cy (t) dt (8)
to

In the unidirectional leakage correction algorithm only the
transfer from IVS to EES is assumed and C; (f) is modeled as a

linear combination of the whole brain average concentration C(t)
in non-enhancing voxels and its time integral in the next equation:

t
C () = K1 G — Ky / C e (©)
0

where, Kj (sec™!) is a susceptibility scaling factor and K; (sec™)
is a permeability related parameter for intra- to extravascular
contrast flow. K; and K, are obtained by fitting equation 9 to the
concentration C; (f) voxels over time inside the region of interest
(ROI). Thus, the unidirectional corrected time curve C; ,pigir (£)
and nrCBV,,;i4i» can be computed for each voxel from the next
two equations:

t
Ctumidr (1) = Ct () + Ko / s (10)
0

ty

nrCBV ynigir = / Ct unidir (1) dt (11)

to

In the case of the bidirectional corrected algorithm the
bidirectional transfer between EES and IVS is assumed and C; (¥)
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is modeled by adding an extra term in Equation 9 as follows:

G () =KCO-KC@eers (12)

where K, is the transfer constant for extra- to intravascular
compartments and ® is the convolution operator. Again, K, K
and K, are obtained by fitting Equation 12 to the concentration
C; (t) voxels over time inside the region of interest (ROI). Thus, the
bidirectional corrected time curve C; ;i (t) and nrCBVy,;g;, can be
computed for each voxel from the next two equations:

Crpigir D= C () + K> C (1) @ e K (13)
51

”rCBVbidir:/ Cy pigir (1) dt (14)
to

For the leakage corrected algorithms the search space for
the unknown fitted parameters Kj, K and K, was the
real numbers without any constrains with the Levenberg-
Marquardt algorithm (38) to account for T; leakage effects.
Some of the aforementioned parametric maps are depicted in

Figure 1.

2.5 Radiomic features

For each of the aforementioned parametric maps (rCBF, rCBYV,
rMTT, MSI, TMAX and nrCBYV, Klunidir, K2unidir, nrCBVunidir,
K1bidir, K2bidir, Kepbidir, nrCBVbidir) described in section 2.4
the pyradiomics library (39) was used to extract features based
on the annotations described in section 2.3. All the available
features classes from the pyradiomics library were incorporated
including: (a) statistical features such as first order statistics
and higher order statistics, (b) texture features such as Gray-
Level Run Length Matrix (GLRLM), Gray-Level Co-Occurrence
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Matrix (GLCM), Gray Level Size Zone Matrix (GLSZM) and
Gray Level Difference Matrix (GLDM) and (c) shape-based 2D
and 3D features. Additionally, local binary patterns 2D (LBP)
and image transformation methods such as Laplace of Gaussian
(LoG), Logarithmic, Exponential, and Gradient were used leading
to 1,734 features.

2.6 Feature selection

The feature selection process used in this study consisted
of 3 steps. The first step was to apply a variance threshold to
remove features with zero variance (constant features with
variance lower than 0.5). Secondly, a univariate method (ANOVA,
analysis of variance) was used to remove noisy information in a
feature by feature basis. The last step was to apply a multivariate
method (linear logistic regression) using the 11 norm (I11 penalty)
that produces the feature importance weights by solving a
minimization problem using as penalty parameter C = 0.3 (40).
After that the SelectFromModel function from the sklearn library
is used as a meta-transformer for selecting features based on
the aforementioned importance weights. Further information
about the feature selection method can be found in Trivizakis et
al. (41).

2.7 Synthetic minority oversampling
technique

A common problem in classification analyses is the imbalanced
number of samples in each class. In our study, we had 41
IDH-mutant and 119 IDH-wildtype cases which can lead to a
biased machine learning classifier with reduced sensitivity. To
overcome this limitation, the synthetic minority oversampling
technique (SMOTE) was applied on the training phase of the
classification and the trained models were evaluated exclusively
on the unseen testing sets (42). SMOTE works by selecting
samples from the minority class that are close in the feature
space. It draws a line between the samples in the feature
space and produces a new sample at a point belonging to
that line.

2.8 IDH classification

In order to differentiate the IDH mutation status, the
support vector machine (SVM) classifier with the radial basis
function kernel (RBF) from the scikit-learn library (43) was
used. Support vector machines (SVM) have been widely used
in medical image classification problems (44-46). The SVM
classifier was trained in a 5-fold cross-validation scheme on the
imaging biomarker features stemming from the radiomic analysis.
To avoid sample selection bias and overfitted models the data
stratification was applied on a patient basis with respect to the class
representation across folds. The overall workflow is illustrated in
Figure 2.
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2.9 Explainability and model performance
evaluation metrics

To evaluate and compare the performance of radiomic analysis
in the produced biomarkers with other studies in bibliography
a variety of metrics were used. More specifically, for every fold,
sensitivity, specificity, F1-score, accuracy (ACC) and area under
the receiver operating characteristic curve (AUC) with their
standard deviations were calculated on the unseen testing sets.

. . PR TP
The performance metrics are defined as: sensitivity = 57y,
Speciﬁcity = sz;_iNTNv, Fl-score = m Where, TP, TN,

FP, and FN stand for true-positive, true-negative, false-positive and
false-negative respectively. The ROC curve is a two-dimensional
graph in which the y-axis indicates the true positive rate and the
x-axis the false positive rate and the AUC has been extensively used
to evaluate MLframeworks.

To assess the explainability of the model, the SHAP method
(Shapley Additive Explanations) was used to explain individual
predictions. SHAP values are not model dependent, meaning they
can be used to interpret any machine learning model. Their
background relies on a game theoretic approach that measures
the contribution of each player to the final outcome. In ML,
each feature is assigned an importance value representing its
contribution to the model’s output. The Shapley value is the
average marginal contribution of a feature value across all possible
combinations in the feature space (47). Feature explainability is
of significant importance since it can explain relations of complex
features of an ML problem that cannot be seen with the naked eye.
In our case, the summary plot was computed on the biomarkers
with the best performance in terms of accuracy.

3 Results

The performance evaluation metrics for the prediction of IDH
mutation are summarized for radiomics features obtained with the
Gamma fitting method and with the leakage correction algorithms
in Tables 2, 3 respectively.

The calculated summary plot for the features stemming
from the MSI and the Klbidir are presented in Figures3, 4
respectively. More specifically, after feature selection the most
prevalent radiomic features are depicted as pseudocolored dots
from blue to red. Non-significant features are near a SHAP value of
zero. While the distance from zero increases, a higher influence of a
specific feature in the prediction performance is denoted meaning
that decreased or increased values favor the negative (IDH-mutant)
or positive (IDH-wildtype) classes, respectively.

4 Discussion

In this work, DSC perfusion qualitative metrics, stemming
from different mathematical modeling techniques, were used to
quantify the perfusion signal into meaningful imaging markers
with the goal to develop a machine learning model for the
non-invasive phenotyping of the IDH mutation status. To
achieve this, we used an in-house software to calculate the
DSC qualitative metrics in order to avoid the variability in the
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TABLE 2 Classification metrics + standard deviation per parametric map from the gamma fitting algorithm.

Parametric map Sensitivity Specificity F1_score

rCBF 46.1 £10.7 69.8 £22.8 41.7 £11.7 63.7+£17.8 62.9 £15.5
rCBV 68.6 £11.3 58.1 £18.9 48.8 £12.3 60.6 £ 15.6 62.8 +13.1
rMTT 31.3£11.3 805+ 124 332+94 68.1 £8.0 559 +£8.2
MSI 51.3+16.8 82.4+129 50.0 £10.5 743 +£7.7 742+74
TMAX 41.3 £20.0 78.1£11.5 378 £11.7 68.7 £5.2 61.2+£6.6

TABLE 3 Classification metrics + standard deviation per parametric map from the leakage correction algorithm.

Parametric map Sensitivity Specificity F1_score ACC AUROC
nrCBV 52.5+28.9 622+ 15 37.8 £21.1 59.3+£11.5 61.5+15.3
Klunidir 21.64 137 85.74+9.3 247+ 154 69.3 +5.7 59.2 4 7.76
K2ynidir 56.1£5.5 747 £5.2 4894127 70 £3.1 71.7 £5.89
nrCBV ynidir 59.1£25 54.7 £20.1 39.1£55 55.6+£9.3 65.0 £ 5.30
Kibidir 389+17.8 87.4+78 428 +16.7 75+6.5 70.5£7.93
Kapidir 344 +£33.1 748 £17 27.9+£13.8 64.3 £ 4.6 639+174
Kepbidir 441+£133 51.2+124 30.5+£7.0 49.3+8.2 50.7 £10.5
nrCBVyigir 588 +£17.3 549 +27.7 415479 55.6 + 16.9 5794+ 15.8

confounding variables and unknown factors that cause cross-site
variations (28).

Driven from the results of Tables 2, 3, the radiomics analysis
showed promising results on identifying the IDH mutation status.

computation of parametric maps, since different software packages
can produce results with significant variability in multi-center
studies (48-50). In addition, our workflow does not require data
harmonization, which can be challenging due to the presence of
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Summary plot of the SHAP values for the best of MSI radiomic features.
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FIGURE 4
Summary plot of the SHAP values for the best of K1bidir radiomic features.
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More specifically, the best candidates that can predict IDH
mutation status were MSI with an ACC of 74.3% and an AUCROC
of 74.2% and Kjp;g;; with an ACC of 75% and an AUCROC
of 70.5%. In addition, most biomarkers showed high specificity
while the CBV-related (model dependent) parameters showed high
sensitivity. This can be attributed to the imbalanced nature of the
dataset, calling for further future research with additional data.

It is notable from the summary plots in Figures 3, 4 that the
most important texture features in terms of predictive importance
are derived from wavelet analysis for both MSI and Klbidir

Frontiersin Neurology 07

parametric maps. This clearly indicates that specific frequency
bands offer more enhanced discriminatory power compared to the
original images. This observation is in line with in other published
works concerning IDH classification in gliomas which report high
contribution of several wavelet-derived features (21, 51) justifying
the need for more research on the effect of frequency filtering in
MR images for optimizing IDH mutation prediction. Clinically,
detecting biomarkers and tumor subtypes is crucial and a first step
in care for patients with gliomas. Biopsies currently serve as the
standardized approach for the identification of molecular markers,
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however due to its invasiveness is not without risk in addition to be
subject to sampling errors (52).

Specifically, the identification of IDH mutations is
recommended for the classification of gliomas in accordance
with the World Health Organization grading system (53). The
use of imaging could mean less invasive procedures for grading
and surveillance of gliomas (54, 55). Some research has previously
suggested that IDH markers can be identified through imaging
(56), with DSC multiparametric maps being able to identify
angiogenesis transcriptome signatures and pathobiological tumor
vasculature which are found in previously identified IDH mutant
gliomas (10, 11). Thus, as the IDH gene mutation can reflect
changes in metabolism, cellularity or angiogenesis and if this is
identifiable with non-invasive imaging, which this study has shown
(57); this could result in more accurate presurgical diagnoses and
patient management. The latter may improve treatment planning
from the initial presentation and treatment monitoring in the
clinical and in drug trials settings (58). For example, the knowledge
that a tumor is a glioma with an IDH mutation may favor a more
aggressive surgical resection, as recent studies suggest that a larger
area of resection independently correlates with survival rates
in IDH-mutant astrocytic gliomas (59). In addition, accurately
predicting IDH mutations may be useful for predictive factors
associated with treatment response, as IDH mutated gliomas have
shown to have a better response to current standadised treatment
(Temozolomide) than non-IDH mutant gliomas (60, 61).
According to a recent review on radiomics analysis predicting
IDH, an accuracy of 83% was presented when multicentric and
multiparametric MRI were incorporated in the study in low
grade gliomas (62). Also, as described in the introduction, only
two studies include solely DSC for the prediction of IDH. The
first work from Sudre et al. (18) reported an ACC of 71%. The
second work by Manikis et al. (21) reported an ACC of 70.6% after
the normalization of the DSC sequence data in two timepoints.
Considering these well documented constrains of the latter work,
the pre-processing steps toward IDH classification, this study
focused on applying radiomics analysis directly on the parametric
maps with the same dataset as of Manikis et al. (21). This effort, led
to an increased accuracy up to 5% compared with (21) discarding
the need for data harmonization since the radiomic analysis is
applied to the parametric maps that have been produced with the
same algorithm. This result was achieved by the SVM classifier.
The classifiers that have been introduced for the same problem by
the abovementioned works incorporate classifiers such as Logistic
Regression, Adaptive Boosting, K-Nearest Neighborhood and
Random Forest.

A whole brain scan was achieved in acquisition time below
2 seconds while adjusting the rest of the parameters for optimal
spatial resolution given the software and hardware constraints of
each scanner. Taking that into account, the derived parametric
maps are independent from imaging parameters This is an
important contribution of this work since it is well-known that
in multi-centric studies imaging data from different vendors
and protocols introduce significant variability in MRI image
quality, contrast and intensity range that affects radiomics analyses.
While there are remedies for this problem, there is still no
standardized harmonization pipeline hampering trustworthiness
and clinical adoption in multisite studies (63, 64). The proposed
analysis is based on producing physiology-driven parametric
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maps from DSC MRI before radiomics extraction, which can
be easily standardized across centers if the same software
is used.

The major limitation of this study is the high imbalance in
IDH mutation status (41 IDH-mutant and 119 IDH-wildtype
cases) which occurs due to the natural prevalence of the
disease. Furthermore, another limitation of our work is that our
radiomic model does not work with non-enhancing-anaplastic
gliomas since perfusion curves are absent and cannot produce
parametric maps. In future radiomics studies, it could be
interesting to investigate a meta-model which combines the
highly specific outputs such as K1 with the highly sensitive
parameters such as nrCBVunidir and nrCBVbidir and rCBV
from gamma fitting algorithm for an overall more robust model.
However, a crucial step for future advancement of imaging
biomarkers will be the correct and consistent use of internationally
standardized and accepted quality criteria, terminology and
definitions within the field of advanced neuroimaging and
radiomics. In this study the AIF selection was performed
manually by the experts from the anterior cerebral artery as
the mean value of all voxels inside the AIF ROI In a future
relevant work we could include an automated AIF selection
software to possibly achieve more stable fitting performance
and therefore more accurate parametric maps avoiding user
dependency (65). In addition, it could be interesting to see
the IDH classification performance on radiomics features
obtained from parametric maps stemming from model-
independent deconvolution techniques. If the intra-tumoral
perfusion curve differs from the model used, there will be
large errors in the perfusion estimate. This will enable a more
robust and reproducible signal analysis scheme for facilitating
clinical translation.

In conclusion, we developed a fully automated procedure
for the characterization of the IDH mutation status from the
DSC imaging markers. Despite the variability of the multi-
centric data, the analysis was focused directly on the imaging
biomarkers, without the use of complex histogram oriented or
other normalization techniques. This framework has the potential
of becoming an objective diagnostic support tool exploiting the
mathematical modeling of the DSC signal to characterize IDH
mutation status, which can aid in the diagnosis and management
of gliomas.

Data availability statement

The data analyzed in this study is subject to the following
licenses/restrictions: some of the data might contain personal
information. Of course we can share the DSC data upon a
reasonable request. Requests to access these datasets should be
directed to GI, geo3721@ics.forth.gr or grs.ioannidis@gmail.com.

Ethics statement

The studies involving humans were approved by University
College London/University College London Hospitals Joint
Research Office (reference number: 213920) and the assigned North
West-Liverpool Central Research Ethics Committee (reference

frontiersin.org


https://doi.org/10.3389/fneur.2023.1249452
mailto:geo3721@ics.forth.gr
mailto:grs.ioannidis@gmail.com
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

loannidis et al.

number: 18/NW/0395). The studies were conducted in accordance
with the local legislation and institutional requirements. The
participants provided their written informed consent to participate
in this study.

Author contributions

GI: study concept and design, mathematical modeling of the
DSC curves, ML classification, interpretation, and writing of the
draft. LP: literature review, writing the clinical part of the draft,
and final revision. MI, KS-P, and MW: full text review, visually
inspection of the produced tumor ROIs, and final revision. SB
and KM: supervision and writing—review and editing. All authors
contributed to the article and approved the submitted version.

Funding

The author(s) declare financial support was received for
the research, authorship, and/or publication of this article.

References

1. Wesseling P, Capper D. WHO 2016 Classification of gliomas. Neuropathol Appl
Neurobiol. (2018) 44:139-50. doi: 10.1111/nan.12432

2. Bai J, Varghese J, Jain R. Adult
update, genomics, and imaging. Topics in
29:71-82. doi: 10.1097/RMR.0000000000000234

3. Yan H, Parsons DW, Jin G, McLendon R, Rasheed BA, Yuan W, et al.
IDH1 and IDH2 mutations in gliomas. New Eng ] Med. (2009) 360:765-
73. doi: 10.1056/NEJM0a0808710

4. Parsons DW, Jones S, Zhang X, Lin JCH, Leary RJ, Angenendt P, et al. An
integrated genomic analysis of human glioblastoma multiforme. Science. (1979). (2008)
321:1807-12. doi: 10.1126/science.1164382

Glioma WHO
Mag  Res

classification
Imag.  (2020)

5. Dang L, Yen K, Attar EC. IDH mutations in cancer and progress
toward development of targeted therapeutics. Annal Oncol.  (2016)
27:599-608. doi: 10.1093/annonc/mdw013

6. van Dierendonck XAMH, de Goede KE, Van den Bossche J. IDH-mutant brain
tumors hit the achilles” heel of macrophages with r-2-hydroxyglutarate. Trends Cancer.
(2021) 7:666-7. doi: 10.1016/j.trecan.2021.06.003

7. Taweesomboonyat C, Tunthanathip T, Sae-Heng S, Oearsakul T. Diagnostic yield
and complication of frameless stereotactic brain biopsy. J Neurosci Rural Pract. (2019)
10:78-84. doi: 10.4103/jnrp.jnrp_166_18

8. Park SI, Suh CH, Guenette JP, Huang RY, Kim HS. The T2-FLAIR mismatch
sign as a predictor of IDH-mutant, 1p/19g-noncodeleted lower-grade gliomas:
a systematic review and diagnostic meta-analysis. Eur Radiol. (2021) 31:5289-
99. doi: 10.1007/500330-020-07467-4

9. Patel SH, Poisson LM, Brat D], Zhou Y, Cooper L, Snuderl M, et al.
T2-flair mismatch, an imaging biomarker for IDH and 1p/19q status
in lower-grade gliomas: a TCGA/TCIA project. Clin Cancer Res. (2017)
23:6078-85. doi: 10.1158/1078-0432.CCR-17-0560

10. Kickingereder P, Sahm F, Radbruch A, Wick W, Heiland S, Von Deimling A, et al.
IDH mutation status is associated with a distinct hypoxia/angiogenesis transcriptome
signature which is non-invasively predictable with rCBV imaging in human glioma. Sci
Rep. (2015) 5:5. doi: 10.1038/srep16238

11. Wesseling P, Ruiter DJ, Burger PC. Angiogenesis in brain tumors; pathobiological
and clinical aspects. ] Neurooncol. (1997) 39:253-65. doi: 10.1023/A:1005746320099

12. Afridi M, Jain A, Aboian M, Payabvash S. Brain tumor imaging:
applications of artificial intelligence. Sem Ultrasound CT MRI. (2022)
43:153-69. doi: 10.1053/j.sult.2022.02.005

13. Peng H, Huo J, Li B, Cui Y, Zhang H, Zhang L, et al. Predicting isocitrate
dehydrogenase (IDH) mutation status in gliomas using multiparameter MRI radiomics
features. ] Mag Res Imag. (2021) 53:1399-407. doi: 10.1002/jmri.27434

14. Arita H, Kinoshita M, Kawaguchi A, Takahashi M, Narita Y, Terakawa Y,
et al. Lesion location implemented magnetic resonance imaging radiomics for

Frontiersin Neurology

10.3389/fneur.2023.1249452

This publication was funded by the ICS Internal Grants of
the Foundation for Research and Technology-Hellas under the
program PCa RADical PATH.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

predicting IDH and TERT promoter mutations in grade II/III gliomas. Sci Rep. (2018)
8:11773. doi: 10.1038/s41598-018-30273-4

15. Liu X, Li Y, Li S, Fan X, Sun Z, Yang Z, et al. IDH mutation-specific radiomic
signature in lower-grade gliomas. Aging. (2019) 11:673-96. doi: 10.18632/aging.101769

16. Lu CE, Hsu FT, Hsieh KLC, Kao YCJ, Cheng SJ, Hsu JBK, et al. Machine
learning-based radiomics for molecular subtyping of gliomas. Clin Cancer Res. (2018)
24:4429-36. doi: 10.1158/1078-0432.CCR-17-3445

17. Wu S, Meng J, Yu Q, Li P, Fu S. Radiomics-based machine learning methods
for isocitrate dehydrogenase genotype prediction of diffuse gliomas. J Cancer Res Clin
Oncol. (2019) 145:543-50. doi: 10.1007/s00432-018-2787-1

18. Sudre CH, Panovska-Griffiths J, Sanverdi E, Brandner S, Katsaros VK, Stranjalis
G, et al. Machine learning assisted DSC-MRI radiomics as a tool for glioma
classification by grade and mutation status. BMC Med Inform Decis Mak. (2020)
20:149. doi: 10.1186/s12911-020-01163-5

19. Lee MH, Kim J, Kim ST, Shin HM, You HJ, Choi JW, et al
Prediction of IDH1 mutation status in glioblastoma using machine learning
technique based on quantitative radiomic data. World Neurosurg. (2019)
125:€688-96. doi: 10.1016/j.wneu.2019.01.157

20. Bhandari AP, Liong R, Koppen J, Murthy SV, Lasocki A. Noninvasive
determination of IDH and 1p19q status of lower-grade gliomas using MRI
radiomics: a systematic review. Am J Neuroradiol Am Soc Neuroradiol. (2021) 52:94-
101. doi: 10.3174/ajnr.A6875

21. Manikis GC, Ioannidis GS, Siakallis L, Nikiforaki K, Iv M, Vozlic D, et al.
Multicenter DSC-MRI-based radiomics predict IDH mutation in gliomas. Cancers.
(2021) 13:3965. doi: 10.3390/cancers13163965

22. Choi YS, Bae S, Chang JH, Kang SG, Kim SH, Kim J, et al. Fully automated
hybrid approach to predict the IDH mutation status of gliomas via deep learning and
radiomics. Neuro Oncol. (2021) 23:304-13. doi: 10.1093/neuonc/noaal77

23. Ren Y, Zhang X, Rui W, Pang H, Qiu T, Wang J, et al. Noninvasive
prediction of IDH1 mutation and ATRX expression loss in low-grade gliomas
using multiparametric MR radiomic features. ] Mag Res Imag. (2019) 49:808-17.
doi: 10.1002/jmri.26240

24. Santinha J, Matos C, Figueiredo M, Papanikolaou N. Improving performance
and generalizability in radiogenomics: a pilot study for prediction of IDH1/2
mutation status in gliomas with multicentric data. J Med Imag. (2021)
8:1905. doi: 10.1117/1.JMI.8.3.031905

25. Park JE, Kim HS, Kim D, Park SY, Kim JY, Cho §J, et al. A systematic review
reporting quality of radiomics research in neuro-oncology: toward clinical utility and
quality improvement using high-dimensional imaging features. BMC Cancer. (2020)
20: 1-11. doi: 10.1186/s12885-019-6504-5

26. Tatekawa H, Hagiwara A, Uetani H,
Lai A, et al. Differentiating IDH status in

Bahri S,
human

Raymond C,
gliomas using

frontiersin.org


https://doi.org/10.3389/fneur.2023.1249452
https://doi.org/10.1111/nan.12432
https://doi.org/10.1097/RMR.0000000000000234
https://doi.org/10.1056/NEJMoa0808710
https://doi.org/10.1126/science.1164382
https://doi.org/10.1093/annonc/mdw013
https://doi.org/10.1016/j.trecan.2021.06.003
https://doi.org/10.4103/jnrp.jnrp_166_18
https://doi.org/10.1007/s00330-020-07467-4
https://doi.org/10.1158/1078-0432.CCR-17-0560
https://doi.org/10.1038/srep16238
https://doi.org/10.1023/A:1005746320099
https://doi.org/10.1053/j.sult.2022.02.005
https://doi.org/10.1002/jmri.27434
https://doi.org/10.1038/s41598-018-30273-4
https://doi.org/10.18632/aging.101769
https://doi.org/10.1158/1078-0432.CCR-17-3445
https://doi.org/10.1007/s00432-018-2787-1
https://doi.org/10.1186/s12911-020-01163-5
https://doi.org/10.1016/j.wneu.2019.01.157
https://doi.org/10.3174/ajnr.A6875
https://doi.org/10.3390/cancers13163965
https://doi.org/10.1093/neuonc/noaa177
https://doi.org/10.1002/jmri.26240
https://doi.org/10.1117/1.JMI.8.3.031905
https://doi.org/10.1186/s12885-019-6504-5
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

loannidis et al.

machine learning and multiparametric MR/PET. Cancer (2021)

21:27. doi: 10.1186/s40644-021-00396-5

27. Stadlbauer A, Marhold E Oberndorfer S, Heinz G, Buchfelder M, Kinfe TM, et al.
Radiophysiomics: brain tumors classification by machine learning and physiological
MRI data. Cancers. (2022) 14:2363. doi: 10.3390/cancers14102363

28. Wen G, Shim V, Holdsworth SJ, Fernandez ], Qiao M, Kasabov N, et al. Machine
learning for brain MRI data harmonisation: a systematic review. Bioengineering. (2023)
10:397. doi: 10.3390/bioengineering10040397

29. Barker PB, Golay X, Zaharchuk G. Clinical Perfusion MRI. Cambridge:
Cambridge University Press (2013).

30. Ioannidis GS, Christensen S, Nikiforaki K, Trivizakis E, Perisinakis K, Hatzidakis
A, et al. Cerebral CT perfusion in acute stroke: the effect of lowering the tube load
and sampling rate on the reproducibility of parametric maps. Diagnostics. (2021)
11:1121. doi: 10.3390/diagnostics11061121

31. Meier P, Zierler KL. On the theory of the indicator-dilution method
for measurement of blood flow and volume. J Appl Physiol. (1954) 6:731-
44. doi: 10.1152/jappl.1954.6.12.731

32. Konstas AA, Goldmakher GV, Lee TY, Lev MH. Theoretic basis and technical
implementations of CT perfusion in acute ischemic stroke, part 1: theoretic basis. Am
J Neuroradiol. (2009) 30:662-8. doi: 10.3174/ajnr.A1487

33. Bivard A, Levi C, Spratt N, Parsons M. Perfusion CT in acute stroke:
a comprehensive analysis of infarct and penumbra. Radiology. (2013) 267:543-
50. doi: 10.1148/radiol. 12120971

34. Yang Q. Method and System of Obtaining Improved Data in Perfusion
Measurements. WIPO Patent Application PCT/AU2004/000821.

35. Virtanen P, Gommers R, Oliphant TE, Haberland M, Reddy T, Cournapeau
D, et al. SciPy 1.0: fundamental algorithms for scientific computing in Python. Nat
Methods. (2020) 17:261-72. doi: 10.1038/s41592-020-0772-5

Imag.

36. Paulson ES, Schmainda KM. Comparison of dynamic susceptibility-
weighted contrast-enhanced MR methods: recommendations for measuring
relative  cerebral blood volume in brain tumors. Radiology. (2008)
249:601-13. doi: 10.1148/radiol.2492071659

37. Arzanforoosh F, Croal PL, van Garderen KA, Smits M, Chappell MA,
Warnert EAH. Effect of applying leakage correction on rCBV measurement derived
from DSC-MRI in enhancing and nonenhancing glioma. Front Oncol. (2021)
11:777. doi: 10.3389/fonc.2021.648528

38. Marquardt DW. An algorithm for least-squares estimation of nonlinear
parameters. ] Soc Ind Appl Mathematic. (1963) 11:431-41. doi: 10.1137/0111030

39. Van Griethuysen JJM, Fedorov A, Parmar C, Hosny A, Aucoin N, Narayan V,
et al. Computational radiomics system to decode the radiographic phenotype. Cancer
Res. (2017) 77:¢104-7. doi: 10.1158/0008-5472.CAN-17-0339

40. Fan RE, Chang KW, Hsieh CJ, Wang XR, Lin CJ, LIBLINEAR a library for large
linear classification. ] Mach Learn Res. (2008) 9:1871-4.

41. Trivizakis E, Souglakos I, Karantanas AH, Marias K. Deep radiotranscriptomics
of non-small cell lung carcinoma for assessing molecular and histology subtypes with a
data-driven analysis. Diagnostics. (2021) 11:2383. doi: 10.3390/diagnostics11122383

42. Chawla N'V, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE synthetic minority
over-sampling technique. J Artif Int Res. (2002) 16:321-57. doi: 10.1613/jair.953

43. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al.
Scikit-learn: machine learning in Python. ] Mach Learn Res. (2012) 12:2825-30.
doi: 10.48550/arXiv.1201.0490

44. Trivizakis E, Ioannidis G, Melissianos V, Papadakis G, Tsatsakis A, Spandidos D,
et al. A novel deep learning architecture outperforming ‘off-the-shelf” transfer learning
and feature-based methods in the automated assessment of mammographic breast
density. Oncol Rep. (2019) 12:7312. doi: 10.3892/0r.2019.7312

45. Toannidis GS, Goumenakis M, Stefanis I, Karantanas A, Marias K. Quantification
and classification of contrast enhanced ultrasound breast cancer data: a preliminary
study. Diagnostics. (2022) 12:425. doi: 10.3390/diagnostics12020425

46. Trivizakis E, Ioannidis GS, Souglakos I, Karantanas AH, Tzardi M, Marias K,
et al. neural pathomics framework for classifying colorectal cancer histopathology
images based on wavelet multi-scale texture analysis. Sci Rep. (2021) 11:1-
10. doi: 10.1038/541598-021-94781-6

47. Lundberg SM, Lee SI. A Unified Approach to Interpreting Model Predictions.
In: Guyon I, Luxburg UV, Bengio S, Wallach H, Fergus R, Vishwanathan S, et al.

Frontiersin Neurology

10

10.3389/fneur.2023.1249452

editors Advances in Neural Information Processing Systems. London: Curran Associates,
Inc. (2017).

48. Kudo K, Sasaki M, Yamada K, Momoshima S, Utsunomiya H, Shirato H,
et al. Differences in CT perfusion maps generated by different commercial software:
quantitative analysis by using identical source data of acute stroke patients. Radiology.
(2010) 254:200-9. doi: 10.1148/radiol.254082000

49. Zussman BM, Boghosian G, Gorniak RJ, Olszewski ME, Read KM,
Siddiqui KM, et al. The relative effect of vendor variability in CT perfusion
results: a method comparison study. Am ] Roentgenol. (2011) 197:468-73.
doi: 10.2214/AJR.10.6058

50. Cremers CHP, Dankbaar JW, Vergouwen MDI, Vos PC, Bennink E, Rinkel
GJE, et al. Different CT perfusion algorithms in the detection of delayed cerebral
ischemia after aneurysmal subarachnoid hemorrhage. Neuroradiology. (2015) 57:469—-
74. doi: 10.1007/s00234-015-1486-8

51. Li Y, Ammari S, Lawrance L, Quillent A, Assi T, Lassau N, et al. Radiomics-based
method for predicting the glioma subtype as defined by tumor grade, IDH mutation,
and 1p/19q codeletion. Cancers. (2022) 14:1778. doi: 10.3390/cancers14071778

52. Tandel GS, Biswas M, Kakde OG, Tiwari A, Suri HS, Turk M, et al. A
review on a deep learning perspective in brain cancer classification. Cancers. (2019)
11:111. doi: 10.3390/cancers11010111

53. Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-Branger D,
Cavenee WK, et al. The 2016 world health organization classification of tumors
of the central nervous system: a summary. Acta Neuropathol. (2016) 131:803-
20. doi: 10.1007/s00401-016-1545-1

54. Weller M, van den Bent M, Preusser M, Le Rhun E, Tonn JC, Minniti G, et al.
EANO guidelines on the diagnosis and treatment of diffuse gliomas of adulthood. Nat
Rev Clin Oncol. (2021) 18:170-86. doi: 10.1038/s41571-020-00447-z

55. Weller M, van den Bent M, Hopkins K, Tonn JC, Stupp R, Falini A, et al. EANO
guideline for the diagnosis and treatment of anaplastic gliomas and glioblastoma.
Lancet Oncol. (2014) 15:¢395-403. doi: 10.1016/S1470-2045(14)70011-7

56. Choi C, Ganji SK, DeBerardinis RJ, Hatanpaa KJ, Rakheja D, Kovacs Z, et al.
2-hydroxyglutarate detection by magnetic resonance spectroscopy in IDH-mutated
patients with gliomas. Nat Med. (2012) 18:624-9. doi: 10.1038/nm.2682

57. Sanson M, Marie Y, Paris S, Idbaih A, Laffaire J, Ducray E et al. Isocitrate
dehydrogenase 1 codon 132 mutation is an important prognostic biomarker in gliomas.
J Clin Oncol. (2009) 27:4150-4. doi: 10.1200/JCO.2009.21.9832

58. Feraco P, Bacci A, Ferrazza P, van den Hauwe L, Pertile R, Girlando
S, et al. Magnetic resonance imaging derived biomarkers of IDH mutation
status and overall survival in grade III astrocytomas. Diagnostics. (2020)
10:247. doi: 10.3390/diagnostics10040247

59. Beiko ], Suki D, Hess KR, Fox BD, Cheung V, Cabral M, et al. IDH1 mutant
malignant astrocytomas are more amenable to surgical resection and have a survival
benefit associated with maximal surgical resection. Neuro Oncol. (2014) 16:81-
91. doi: 10.1093/neuonc/not159

60. Chai R, Li G, Liu Y, Zhang K, Zhao Z, Wu E et al. Predictive value
of MGMT promoter methylation on the survival of TMZ treated IDH-mutant
glioblastoma. Cancer Biol Med. (2021) 18:271-82. doi: 10.20892/.issn.2095-3941.2020.
0179

61. Songtao Q, Lei Y, Si G, Yanging D, Huixia H, Xuelin Z, et al. IDH mutations
predict longer survival and response to temozolomide in secondary glioblastoma.
Cancer Sci. (2012) 103:269-73. doi: 10.1111/§.1349-7006.2011.02134.x

62. Habib A, Jovanovich N, Hoppe M, Ak M, Mamindla PR, Colen R, et
al. MRI-based radiomics and radiogenomics in the management of low-grade
gliomas: evaluating the evidence for a paradigm. Shift J Clin Med. (2021)
10:1411. doi: 10.3390/jcm10071411

63. Papadimitroulas P, Brocki L, Christopher Chung N, Marchadour W, Vermet
E Gaubert L, et al. Artificial intelligence: deep learning in oncological radiomics
and challenges of interpretability and data harmonization. Physica Medica. (2021)
83:108-21. doi: 10.1016/j.ejmp.2021.03.009

64. Nan Y, Ser JD, Walsh S, Schonlieb C, Roberts M, Selby I, et al. Data
harmonisation for information fusion in digital healthcare: a state-of-the-art systematic
review, meta-analysis and future research directions. Inf Fusion. (2022) 82:99-
122. doi: 10.1016/j.inffus.2022.01.001

65. Mlynash M, Eyngorn I, Bammer R, Moseley M, Tong DC. Automated method
for generating the arterial input function on perfusion-weighted MR imaging:
validation in patients with stroke. AJNR Am ] Neuroradiol. (2005) 26:1479.

frontiersin.org


https://doi.org/10.3389/fneur.2023.1249452
https://doi.org/10.1186/s40644-021-00396-5
https://doi.org/10.3390/cancers14102363
https://doi.org/10.3390/bioengineering10040397
https://doi.org/10.3390/diagnostics11061121
https://doi.org/10.1152/jappl.1954.6.12.731
https://doi.org/10.3174/ajnr.A1487
https://doi.org/10.1148/radiol.12120971
https://doi.org/10.1038/s41592-020-0772-5
https://doi.org/10.1148/radiol.2492071659
https://doi.org/10.3389/fonc.2021.648528
https://doi.org/10.1137/0111030
https://doi.org/10.1158/0008-5472.CAN-17-0339
https://doi.org/10.3390/diagnostics11122383
https://doi.org/10.1613/jair.953
https://doi.org/10.48550/arXiv.1201.0490
https://doi.org/10.3892/or.2019.7312
https://doi.org/10.3390/diagnostics12020425
https://doi.org/10.1038/s41598-021-94781-6
https://doi.org/10.1148/radiol.254082000
https://doi.org/10.2214/AJR.10.6058
https://doi.org/10.1007/s00234-015-1486-8
https://doi.org/10.3390/cancers14071778
https://doi.org/10.3390/cancers11010111
https://doi.org/10.1007/s00401-016-1545-1
https://doi.org/10.1038/s41571-020-00447-z
https://doi.org/10.1016/S1470-2045(14)70011-7
https://doi.org/10.1038/nm.2682
https://doi.org/10.1200/JCO.2009.21.9832
https://doi.org/10.3390/diagnostics10040247
https://doi.org/10.1093/neuonc/not159
https://doi.org/10.20892/j.issn.2095-3941.2020.0179
https://doi.org/10.1111/j.1349-7006.2011.02134.x
https://doi.org/10.3390/jcm10071411
https://doi.org/10.1016/j.ejmp.2021.03.009
https://doi.org/10.1016/j.inffus.2022.01.001
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

	Investigating the value of radiomics stemming from DSC quantitative biomarkers in IDH mutation prediction in gliomas
	1 Introduction
	2 Materials and methods
	2.1 Patient population
	2.2 MRI protocol
	2.3 Tumor delineation
	2.4 Parametric map computation
	2.4.1 Gamma fitting algorithm
	2.4.2 Leakage correction algorithms

	2.5 Radiomic features
	2.6 Feature selection
	2.7 Synthetic minority oversampling technique
	2.8 IDH classification
	2.9 Explainability and model performance evaluation metrics

	3 Results
	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


