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A B S T R A C T

Aims and objectives: To investigate the value of advanced multiparametric MR imaging biomarker analysis based
on radiomic features and machine learning classification, in the non-invasive evaluation of tumor heterogeneity
towards the differentiation of Low Grade vs. High Grade Gliomas.
Methods and materials: Forty histologically confirmed glioma patients (20 LGG and 20 HGG) who underwent a
standard 3T-MRI tumor protocol with conventional (T1 pre/post-contrast, T2-FSE, T2-FLAIR) and advanced
techniques (Diffusion Tensor and Perfusion Imaging, 1H-MR Spectroscopy), were included. A semi-automated
segmentation technique, based on T1W-C and DTI, was used for tumor core delineation in all available para-
metric maps. 3D Texture analysis considered 12 Histogram, 11 Co-Occurrence Matrix (GLCM) and 5 Run Length
Matrix (GLRLM) features, derived from p, q, MD, FA, T1W-C, T2W-FSE, T2W-FLAIR and raw DSCE data. Along
with 1H-MRS metabolic ratios and mean rCBV values, a total of 581 attributes for each subject were obtained. A
Support Vector Machine – Recursive Feature Elimination (SVM-RFE) algorithm and SVM classifier were utilized
for feature selection and classification, respectively.
Results: Three different SVM classifiers were evaluated with consecutively SVM-RFE feature subsets. Linear SMO
classifier demonstrated the highest performance for determining the optimal feature subset. Finally, 21 SVM-RFE
top-ranked features were adopted, for training and testing the SMO classifier with leave-one-out cross-validation,
achieving 95.5% Accuracy, 95% Sensitivity, 96% Specificity and 95.5% Area Under ROC Curve.
Conclusion: Results demonstrate that quantitative analysis of phenotypic characteristics, based on advanced
multiparametric MR neuroimaging data and texture features, utilizing state-of-the-art radiomic analysis
methods, can significantly contribute to the pre-treatment glioma grade differentiation.

1. Introduction

Gliomas are the most aggressive primary brain tumors presenting
poor survival rates. According to the World Health Organization (WHO)

grading system, gliomas are subdivided into four categories considering
their malignancy status, i.e. grades I, II (low grade gliomas - LGG) and
grades III, IV (high grade gliomas - HGG) [1]. Therefore, preoperative
accurate grade classification is of main clinical importance, related to
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early prognosis as well as precise selection of the therapeutic approach.
To date, several studies have reported that Magnetic Resonance

Imaging (MRI) either with conventional [2–4] or more importantly
with advanced MRI sequences [5–8] may contribute in tumor hetero-
geneity assessment, overcoming sample-biopsy limitations towards
glioma grading, providing different perspectives of gliomas pathophy-
siology. The proposed methods are complemented by advanced image
analysis techniques, such as morphological and texture analysis
methods, for increasing diagnostic accuracy through the quantitative
assessment of the specific information provided by structural and
functional MR images [46]. Even though the specific findings seem
promising, the increased methodological variability of the current MRI
unilateral evaluation approaches, resulting into conflicting sensitivity
and specificity reports, could lead to a misinterpretation and hence
underestimation of gliomas’ biological heterogeneity mechanisms.

As it has been mentioned from certain research studies exploiting
multiparametric MRI (mp-MRI) data [9–13], the combination of several
MRI parameters, evaluating underlying pathophysiology, may lead to a
better understanding of tumor characteristics, and a more accurate
classification of LGGs and HGGs. Furthermore, the recent advent of

Radiomics i.e. the inclusion of novel approaches incorporating ad-
vanced quantification and classification methodologies, which facilitate
the manipulation and evaluation of multidimensional imaging feature
data, may serve as a sophisticated analysis framework [14,32]. In ad-
dition, the potential applicability of radiomic analysis in performing
various clinical data associations (e.g. imaging, genomics) [15–16], has
been already exploited by some glioma grading studies [17–18], in
consent with the 2016 WHO guidelines [19] in which molecular
genomic factors (e.g. Isocitrate dehydrogenase (IDH) mutation status,
6-methylguanine-DNA methyltransferase (MGMT) promoter methyla-
tion) have been added to histological factors for glioma characteriza-
tion.

Hence, it is evident that in the precision medicine era, a plethora of
quantitative parameters should be taken into consideration for an ac-
curate tumor characterization. In this direction, a radiomic approach
with mp-MRI data, can demonstrate a superior contribution towards
glioma classification, because of its advantages in describing the de-
tailed microarchitectural and functional tumor processes. However,
there is still a demand for further investigation on the validation and
utility of combining such techniques, in order to establish a powerful

Fig. 1. Upper image; A case of a low-grade glioma, presenting high signal intensity on a T2-weighted image (a), no contrast enhancement on a T1 3D-SPGR image (b)
and an isointense signal on a diffusion-weighted image (c). The lesion shows increased MD (f), lower FA (g) and no significant perfusion (h) on the corresponding
parametric maps. The peritumoral (e) and intratumoral (i and j) spectra are also depicted. Lower image; A case of a high-grade glioma (glioblastoma multiforme),
presenting high signal intensity on a T2-weighted image (a) and ring-shaped enhancement on a T1-weighted post contrast image (b). On the DW-image the lesion
presents low signal intensity (c) resulting in higher intratumoral MD (f), lower intratumoral FA (g) and high peritumoral rCBV (h) reflecting tumor infiltration in the
surrounding parenchyma. The corresponding peritumoral (e) and intratumoral (i and j) spectra are also depicted.

A. Vamvakas, et al. Physica Medica 60 (2019) 188–198

189



non-invasive tool in clinical practice [47].
The aim of this study was to create and utilize a radiomic analysis

pipeline, to comprehensively evaluate a full 3T multiparametric MRI
approach, including all the available advanced techniques, i.e Diffusion
Weighted Imaging (DWI), Diffusion Tensor Imaging (DTI), 1H-Magnetic
Resonance Spectroscopy (1H-MRS) and Dynamic Susceptibility
Contrast Enhanced (DSCE) imaging, in order to produce valid imaging
biomarkers for the distinction between high- and low- grade gliomas.
The specific implementation utilizes a DTI semi-automated clustering
segmentation technique for delineating tumor core Volumes of Interest
(VOIs) in all the available MRI parametric images. Radiomic feature
extraction included first and second order textural features, and addi-
tional advanced MR quantitative parameters (MRS metabolite ratios,
relative Cerebral Blood Volume). Feature selection and classification
modeling are based on Support Vector Machine classifiers (SVMs),
while the discrimination accuracy is evaluated with Receiver Operator
Characteristic (ROC) analysis.

To the best of our knowledge, there are only a few studies [20–21]
that incorporate conventional MR data accompanied by all the avail-
able advanced MR neuroimaging techniques used in brain tumor eva-
luation. Our approach produced a robust analysis pipeline which shows
that radiomic features derived from mp-MRI, supports accurate low vs
high grade glioma classification, by exploiting the underlying patho-
physiology as expressed by the advanced neuroimaging techniques.

2. Methods and materials

2.1. Multiparametric MRI acquisition protocol

Forty patients initially diagnosed with Low- or High-Grade Gliomas
(20 LGG & 20 HGG) underwent an MRI exam on a 3-Tesla MR whole-
body scanner (SignaHDx; General Electric (GE) Healthcare, Waukesha,
WI, USA), applying an advanced imaging examination protocol in-
cluding, conventional MRI sequences, 1H-MRS, DWI, DTI and DSCE,
using a 4-channel birdcage and an 8-channel phased-array head coil
(Fig. 1). Prior to this retrospective study, local Institutional Review
Board approval and patient consent was obtained.

The conventional MRI protocol included pre-contrast sagittal and
transverse T1-weighted Fast Spin-Echo (FSE) (Repetition Time (TR) /
Echo Time (TE) 700ms/9.3ms), transverse T2-weighted FSE (TR/TE
2640ms/102ms), coronal T2-weighted FSE (TR/TE 2920ms/102ms),
and T2-weighted Fluid Attenuation Inversion Recovery (FLAIR) (TR/TE
8500ms/130ms) scans, with 512 × 512 matrix size, 24 × 24 cm2

Field of View (FOV), 0.5 mm in-plane resolution and slice thickness of
5mm with gap 1mm. Post-contrast isotropic 3-dimensional Spoiled
Gradient Echo (3D-SPGR, TR/TE 6.9 ms/2.1ms, 12 flip angle, 24 × 24
cm2 FOV, 136 slices of 1mm thickness and 1mm3 voxel size) and T1-
weighted post contrast axial images were also obtained.

1H-MRS imaging was performed using the automated PROton Brain
Exam (PROBE; General Electric (GE) Healthcare, Waukesha, WI, USA)
spectroscopy package before contrast administration to avoid signal
disturbance. MRS was performed both as single voxel (SV) and multi-
voxel (Chemical Shift Imaging, CSI) when this was feasible. It actually
depended on the size of the lesion and the anatomical site. We avoided
areas of known susceptibility differences leading to poor field homo-
geneity, including the mesial anterior temporal and inferior frontal
lobes because of their proximity to air-cavities, or proximity to the skull
due to lipid contamination. The measurement parameters used in single
voxel scans were 1500/35ms (TR/TE), 128 signal acquisitions and
voxel size was chosen to be not less than 3.375 cm3 for adequate Signal
to Noise Ratio (SNR) with a duration of 3min and 48 sec. The typical
single-voxel used was of the order of 8 cm3 (2 × 2 × 2 cm) for in-
creased SNR. The measurement parameters used in 2D-MRSI were
1000/144 msec (TR/TE), 16x16 phase encoding steps, section thick-
ness≥ 10mm and the FOV size was adjusted to each patient’s brain
anatomy. The duration was of the order of 4min and 20secs. Typical

spectra of the corresponding tumor groups are shown in Fig. 1.
The use of multivoxel (CSI) technique is a very valuable technique

to evaluate simultaneously the retrospective area of the tumor site
(when applicable, taking into account areas of heterogeneity and lipids
contamination), and was acquired at a higher echo time of 144ms
hence we had a better evaluation of lipids and lactate. The differ-
entiation of Lipids and lactate when in doubt was done using the flip-
ping of lactate at long TE (144ms) and analysis using the TARQUIN
software (http://tarquin.sourceforge.net/) [22].

We generally used the auto shimming method based on the vendor’s
software, but manual shimming was implemented in difficult cases by
adjusting receiver/transmitter gains. There were a few times that de-
spite all this effort, complete elimination of small local deviations from
the B0 field uniformity was very difficult and these cases were omitted.
In general, our linewidth was kept below 10 hz for SV and below 20 hz
for CSI.

Diffusion-weighted MR imaging was performed prior to contrast
media injection, via a single-shot, spin-echo, echo planar sequence
with b-values of 0 s/mm2 and 1000 s/mm2 performed in 50 sec. DTI
was performed in the axial plane with single-shot spin-echo echo
planar: TR/TE 8000ms/89.8ms, gradients applied in 32 non-linear
directions, b= 0 s/mm2 and 1000 s/mm2, FOV=24 cm2, 1mm in-
plane resolution, slice thickness= 4mm with gap= 1mm and
NEX=1, with a duration of 4min and 32sec.

The DSCE MR images were acquired with a single-shot gradient
echo planar imaging sequence (TR/TE 2000ms/20.7ms, flip angle 60°,
FOV=24 × 24cm2, slice thickness= 5mm with gap=1mm,
NEX=1) during the first pass of bolus of gadolinium contrast material
(DOTAREM) at a dose of 0.1mmol/kg body weight with a duration of
1min and 08 sec. The location of the perfusion-weighted MR data set
was determined by using the axial T1-weighted images after contrast
injection to locate the lesion and axial T2-weighted images to locate the
peritumoral T2 signal abnormality.

At this point it has to be mentioned that gadolinium-containing
contrast agents are normally excluded by the blood-brain barrier (BBB)
and cannot enter the extracellular spaces of the brain and spinal cord.
The disruption of the BBB caused by diseases like enhancing tumors,
subacute infarcts etc., results in leakage of the contrast agent into the
extravascular space. This leakage should be corrected for, because it
can lead to systematic errors due to the additional pronounced T1- and
T2*-relaxation effects that violate the fundamental assumption of tracer
kinetic modelling on which DSCE is based, that no recirculation of the
contrast agent occurs. Hence T1 shortening from extravascular gadoli-
nium can lead to increased signal and may blunt the desired T2*
shortening on which DSCE is based on. Several strategies exist to
minimize this effect, from simple techniques to more sophisticated
models of the first pass kinetics [23–24]. One simple and popular
method that we have used in our work is called ‘preloading’. A one-
fourth to one-third of the total dose was administered about 5–10min
before the dynamic imaging, and a T1 weighted to guide the perfusion
section positioning was run in between. This ‘preloading’ of gadolinium
reduces contaminating T1 effects by shortening the pre-bolus intra-
voxel T1, raising the baseline signal so that T2* changes can then be
better appreciated [25].

2.2. Data post-processing

Initially, all available MRI raw data were converted from Digital
Imaging and Communications in Medicine (DICOM) to Neuroimaging
Informatics Technology Initiative (NIFTI) 1.1 format with the ‘di-
com2nii’ tool provided by MRIcron software (https://www.nitrc.org/
projects/mricron). Subsequently, FSL software of FMRIB Software
Library v5.0 (fsl.fmrib.ox.ac.uk/) [26–28], was utilized for parametric
MR volumes co-registering and re-slicing into an isotropic voxel size of
1mm3, as well as applying bias field corrections. DTI data post-pro-
cessing was performed with FSL, including motion artifacts and eddy
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current distortions corrections [29], brain tissue extraction, Diffusion
Tensor estimation and Mean Diffusivity (MD), Fractional Anisotropy
(FA), Pure Isotropy (p) and Pure Anisotropy (q) parametric maps cal-
culation [30]. In-vivo SV and multivoxel spectroscopic data analysis
and calculation of metabolite ratios were performed on an Advanced
Linux workstation using the Functool software (GE Healthcare). Post-
processing of the raw spectral data included baseline correction, fre-
quency inversion and phase shift. Gaussian curves were fitted to N-
Acetyl Aspartate (NAA), Choline (Cho), Creatine (Cr), lipid and lactate
metabolites’ peaks for determination of peak area. Finally, metabolite
ratios of NAA/Cr, Cho/Cr, mI/Cr and Lipids/Cr were calculated from
the area under each metabolite peak. The Functool software was uti-
lized for processing DSCE data and analyzing the perfusion imaging
time curves for extracting the Cerebral Blood Volume (CBV) parametric
maps. In addition, the gadolinium uptake time curves were also utilized
for identifying the volume of contrast agent maximum uptake for every

patient, which was used in the subsequent radiomic analysis process for
textural features extraction (Fig. 2).

2.3 Volume. of interest (VOI) extraction

In the framework of radiomic-based quantification of tissue het-
erogeneity, the accurate and reproducible segmentation of regions and
volumes of interest is critical. To this scope, a clustering segmentation
method reported in a previous study by Vamvakas et al. [31], was
utilized for the identification of different tumor subregions (habitat
imaging [32]), providing the radiologist with the appropriate in-
formation for manually performing whole tumor delineation. However,
the quantification of tumor imaging characteristics may easily be biased
from the presence of peritumoral edema and hemorrhagic tumor
components, which don’t have a contiguous occurrence in the two
tumor groups. Probably, they would be offered as semantic annotations

Fig. 2. The Radiomic Analysis pipeline of the study. In the first two sub-panels a complete sample of a patient’s multiparametric MR images and the respective VOIs
placement methodologies are depicted. Subsequently, the figure presents feature extraction (third sub-panel) and the two steps of classification (fourth sub-panel),
including (a) the optimal SVM classifier selection and (b) the optimal feature subset definition, along with the final differentiation outcome.
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[32], however semantic features were not considered in this study.
In the literature both intra and peritumoral regions are usually

evaluated [33–35]. The hypothesis is that high grade gliomas are in-
filtrative lesions, thus pathological tissues may be present in the sur-
rounding white matter, while low grade gliomas are not. Therefore, the
surrounding edema of LGGs is considered to be pure vasogenic whereas
around HGGs there should be a combination of vasogenic edema and
infiltrating tumor cells along the perivascular spaces. Hence all tech-
niques would yield some kind of differentiation based on that. On the
other hand, a great deal of evidence in the literature supports that there
can be great discrepancies regarding the peritumoral region especially
regarding MRS and DTI [12,36,37]. Moreover, LGGs often appear
without any significant peritumoral parenchyma alteration, hence a
reproducible estimation would be to compare the actual tumors and
evaluate whether radiomic techniques such as texture or morphological
features may provide extra information. Therefore, we opted to eval-
uate only the intratumoral area, aiming to identify differences re-
garding diffusive and solid growth patterns of LGGs and HGGs respec-
tively, for two reasons: a) The radiomic analysis regarding textural
features should be performed on a directly comparable and re-
producible evaluation area for both tumor types. Hence in order to
ensure lack of bias and reproducibility we chose to use the tumor core
of both lesions, and b) there can be difficult cases where peritumoral
evaluation might not be possible, either due to areas of poor homo-
geneity (e.g. air filled cavities like the sinuses or proximity to the skull)
or maybe even to the lack of cooperation of the patient for the whole
duration of the exam (especially for MRS). In such cases, the radiologist
is left with the evaluation of the intratumoral area which is obtained
first. So the hypothesis is that an evaluation of the intratumoral region
only, should be able to discriminate between tumor grades.

The proposed clustering segmentation method is based on DTI
parametric maps for classifying the brain voxels of each patient into
groups with similar isotropic and anisotropic diffusion properties, ac-
counting for normal and tumorous brain tissue diffusivities.
Specifically, k-medians clustering (k=16) is applied on a 2D histogram
of p (isotropic) and q (anisotropic) components of the diffusion tensor,
derived from all patient cohort. Subsequently, Red-Green-Blue (RGB)
color mapping of clusters according to the relative magnitudes of p, q
and T2 (from b=0 s/mm2 DTI volumes) values of the cluster centroids
and subsequent color assigning to each individual patient’s brain voxels
according to their position in the p-q space, results in whole brain
segmented maps (Fig. 3). These color-coded maps are based on the
contouring provided by diffusion properties, being robust in displaying
tissue microarchitecture, thus healthy and tumorous brain tissues pre-
sent distinctive boundaries.

Finally, tumor core segments highlighted by the clustering tech-
nique, were delineated on colormaps by an experienced radiologist, and
stacked up to form tumor VOI masks. Subsequently, these VOI masks
where applied on the various co-registered multiparametric images of
our dataset (Fig. 2), resulting in a set of 3D parametric representations
of the gliomas.

Each patient’s VOIs taken into account were exactly the same on
every tumor core region for all the imaging series (i.e. T1, T2, FLAIR,
DTI and DSCE raw) except for CBV and spectroscopy. Specifically, the
rCBV measurements were calculated from ROIs which were placed in
regions of the highest perfusion as seen on the CBV color overlay maps,
referred as the ‘hot spot’ method. The placement of ROIs was carefully
performed to avoid large vessels based on the combined information
from T1-weighted image after contrast enhancement, and T2-weighted
FSE images. The mean rCBV was used for the subsequent analysis.

For both spectroscopic techniques, a rectangular ROI was localized
by using the transverse T2-weighted FLAIR or T2-weighted FSE, sagittal
T1-weighted FSE and coronal T2-weighted FSE imaging sequences.
Spectra for each patient were acquired from the intratumoral, peritu-
moral and contralateral regions of interest. The contralateral Normal
Area (cNA) was used as the control spectrum. Within the tumor, the size

and location of the voxel were carefully adjusted to include as much of
the solid tumor portion as possible, avoiding the inclusion of obvious
cyst, hemorrhage, edema, calcification, and normal-appearing brain.
For each patient, the SV scan was first applied in the intratumoral re-
gion of interest followed by peritumoral and cNA. The 2D-MRSI scan
was then performed, including the region as the one previously chosen
for the SV scan, in order to have a direct metabolite comparison be-
tween the two 1H-MRS techniques.

2.4. Radiomic feature extraction

Histogram analysis have considered 12 statistical features
(Appendix A.1–12) acquired from normalized data histograms with an
in-house MATLAB 2015b (https://www.mathworks.com/) code.
Texture analysis was implemented in MaZda ver.5 software (http://
www.eletel.p.lodz.pl/programy/mazda/) [38–40], considering 11
Gray-Level Co-Occurrence Matrix-based (GLCM) in 5 pixel distances
and 5 Gray-Level Run Length Matrix-based features (GLRLM), both
calculated on 8-bit quantized images. After the acquisition, textural
features (Appendices B.1–11 and C.1–5), were averaged over the 13
directions of the 3D image, to obtain directionality independence
measurements. In summary, the quantitative radiomic features ex-
tracted from the eight tumor parametric VOIs, regarding p, q, MD, FA,
T1W-C, T2W-FSE, T2W-FLAIR and volumes of maximum gadolinium
uptake of DSCE MRI, along with the four metabolic ratios of 1H-MRS
(Ch/Cr, NAA/Cr, mI/Cr, Lipids/Cr) and mean rCBV values (Fig. 2),
resulted in a total of 581 distinct attributes for each subject.

2.5. Feature selection and classification

In a recently reported study, Zhang et al. [41] have made compar-
isons between several feature selection and classification algorithms
implemented in Weka software (https://www.cs.waikato.ac.nz/ml/
weka/) [42], regarding a mp-MR dataset for glioma grade classifica-
tion. According to their results, the combination of Support Vector
Machine – Recursive Feature Elimination (SVM-RFE) and SVM classi-
fication demonstrated superior performance regarding the specific task,
in comparison with other feature selection and classification models.

Adopting the indices and the basic methodological concepts of the
abovementioned study, machine learning feature selection and classi-
fication were implemented in Weka 3.8 software, following four major
steps, as they are described below (Fig. 2):

In the beginning, radiomic features were imported in the SVM-RFE
algorithm (‘SVMattributeEval’ with the ‘Ranker’ search method), which
is a wrapping feature selection method introduced by Guyon et al. [43].
More specifically, SVM-RFE iteratively eliminates a set of features by
removing the less important one, according to the weighting vectors of
an SVM classifier. Consequently, feature ranking in a descending order
of discriminative importance is obtained, according to the elimination
sequence.

Afterwards, the performances of different well established SVM
packages (‘LibLinear’, ‘LibSVM’, ‘SMO’) were evaluated with Receiver
Operator Characteristic (ROC) analysis, on consecutively SVM-RFE
feature subsets, to identify the SVM model presenting the best fitting to
our dataset. Each classifier was repeatedly trained, starting with the 10
higher-ranked features with a stepwise of adding up 10 features at each
iteration, and tested with leave-one-out cross-validation (LOOCV) to
avoid overfitting by increasing the number of folds. As it was observed,
the ‘SMO’ package with linear kernel (default), that is an SVM classifier
implementing Platt et al. Sequential Minimal Optimization (SMO) al-
gorithm [44], achieved the best performance, compared to ‘LibLinear’
and ‘LibSVM’. At this step, all the above-mentioned SVM classification
packages were implemented utilizing Weka 3.8 default hyperpara-
meters.

Subsequently, the task of determining the optimal feature subset
was driven by the classification performance of ‘SMO’ classifier through
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a detailed investigation between different numbers of SVM-RFE top
ranked features, with a stepwise of adding 1 feature at each iteration.

As soon as the optimal features where determined, according to the
subset presenting the highest accuracy values, further investigation
through a grid search method (‘GridSearch’) aiming in accuracy max-
imization was utilized for optimizing the hyperparameters of the clas-
sification model.

At this point, it should be noted that all data post-processing and
analysis steps were implemented in state-of-the-art software which
have been utilized by many studies [55]. In addition, the results of our
work have been based on the pre-validations of the used software, as
these were analytically described in their original studies
[22,26–30,38–40,42].

3. Results

The initial classification trials performed in the study have shown
that linear kernel ‘SMO’ algorithm demonstrated better classification
performance (Acc=90%/AUC=0.899) in comparison with
‘LibLinear’ (Acc=55%/AUC=0.500) and ‘LibSVM’ (Acc= 75%/

AUC=0.732). The subsequent evaluation of different feature subsets
with linear ‘SMO’, has nominated the adaptation of 21 SVM-RFE top
ranked features, shown in Table 1, which provide the highest dis-
criminating ability between LGGs and HGGs (Acc=95%/Se= 93.9%/
Sp=94.4%/AUC=94.4%). Also, Lipids/Cr metabolic ratio was the
highest ranked feature. As shown in Table 2, all MRI modalities/para-
meters have contributed in the final feature set, except for DTI’s Frac-
tional Anisotropy (FA). In addition, 8 features where histogram-based
and 12 features where textural-based, while GLCM features were much
more statistically significant than GLRLM (11vs1).

Finally, the classification model refinement performed by ‘Grid
Search’ method, have determined a complexity parameter c= 103 for
the linear kernel ‘SMO’, demonstrating a total performance of 95.5%
Accuracy, 95% Sensitivity, 96% Specificity and 95.5% Area Under the
ROC Curve.

4. Discussion

In the present study, radiomic analysis on a 3T mp-MRI dataset was
performed for the classification between low- and high-grade gliomas.

Fig. 3. Whole brain segmented maps of a LGG (e) and a HGG (j) case, resulting from the k-medians clustering of the DTI isotropic (c, h), anisotropic (d, i) and T2-
wheighted components feature space (a, f). The different colors presented (k= 16) correspond to distinct brain tissue diffusion properties, which facilitate the precise
definition of healthy tissue, tumor core and peritumoral edema. The final delineation of tumor core (red outline) is the outcome of the further combination with T1-
wheighted post-contrast imaging (b, g).
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The specific implementation utilized a semi-automated clustering seg-
mentation technique for delineating tumor core VOIs in all available
MR parametric volumes, derived from structural MRI sequences (T1W-
C, T2W-FSE, T2W-FLAIR), Diffusion Tensor Imaging (p, q, MD, FA,) and
Dynamic Susceptibility Contrast Enhanced MRI raw data (maximum
gadolinium uptake volumes). Subsequently, several quantitative histo-
gram and textural features were calculated on each patient’s parametric
VOIs. Additional MRS metabolic ratios (NAA/Cr, Cho/Cr, mI/Cr and
Lipids/Cr) and mean rCBV values, extracted from corresponding tumor
VOIs, were considered, finally forming a set of 581 quantitative para-
meters (features) for each individual patient, which were inserted into
the SVM-RFE in order to acquire feature ranking in a descending order
of discriminative importance. Subsequently, comparisons performed
between different SVM classifier implementations resulted in the
adoptation of linear kernel SMO classifier as the more efficient classi-
fication performance on our data set. The classification model utilizing
21 mp-MRI radiomic features, demonstrated 95.5% Accuracy, 95%
Sensitivity, 96% Specificity and 95.5% Area Under ROC Curve in dif-
ferentiating LGG vs HGG.

The justification for implementing the specific SVM feature selec-
tion and classification methods on our mp-MRI dataset, is based on the
predictive robustness indicated by similar studies regarding glioma
grading in the past. In a computer-aided-diagnostic approach, Chen
et al. [45] utilized SVM-RFE for selecting textural features, derived
from CNN-based segments which were based on conventional MRI data
only, and XGBoost classification, presenting a 91.27% accuracy. On the
other hand, Citak-Er et al. [20] have proposed a sophisticated SVM-RFE
implementation, in which different tumor ROIs mean values were
analyzed with the addition of advanced techniques (MRS, DSCE) but

without a texture analysis approach as in our work. Their results uti-
lizing the SVM-RFE outcome for training a linear SVM classifier yielded
93% classification accuracy. More importantly, Tian et al. [21] in a very
recent study (2018), following their initial approach [41], proposed a
multi parametric, MRI glioma grading classification scheme including
advanced techniques such as Arterial Spin Labelling (ASL) perfusion
imaging, which was based on SVM-RFE and RBF kernelized SVM.
Contrary to Citak-Er et al. [20], they have utilized a texture analysis
approach similar to ours, showing 96% accuracy and 98% AUC values.
Hence, it is evident that the addition of advanced MRI techniques and
multiparametric texture analysis data, substantially improves the clas-
sification performance. In fact, when applying the same classification
procedure in this data set, excluding the advanced quantitative para-
meters the performance dropped to 90% Accuracy, 90% Sensitivity,
97% Specificity and 89% AUC.

Even though Tian’s et al. [21] study presents slightly better per-
formance outcomes compared to our study, our model utilizes a sig-
nificantly smaller number of radiomic features imported into the SVM
classifier (21 vs. 28), increasing its relative efficiency. Since the two
studies follow similar feature extraction, selection and classification
methodologies, it is obvious that our study’s good performance should
be attributed to the addition of the micro-architectural and metabolic
neuroimaging data utilized, i.e. Diffusion Tensor and Spectroscopic
imaging, not included in Tian’s et al. study. As it is depicted in table 1,
in our study an important number of features extracted from these
techniques, have shown high discriminative ability, as this is already
investigated and confirmed in previous studies [12,48].

More specifically DTI and MRS as additional quantitative para-
meters have already proven their ability in conventional analysis

Table 1
SVM-RFE top-ranked feature subset selected for classification.

Rank MRI modality/parameter Quantification Method Radiomic Feature LGG mean ± sd HGG mean ± sd

1 1H-MRS – Lipids/Cr 0.90 ± 0.38 3.34 ± 1.17
2 T1W-C Histogram Skewness 0.17 ± 0.79 0.56 ± 0.21
3 q Histogram Mean 0.32 ± 0.07 * 0.24 ± 0.05 *
4 T1W-C Histogram Variance 211.91 ± 38.59 402.46 ± 64.09
5 MD GLCM Inverse Difference Moment 0.16 ± 0.05 0.11 ± 0.04
6 q GLCM Sum of Squares 115.91 ± 19.98 133.73 ± 15.62
7 DSCE GLRLM Run Length Non-Uniformity 904.61 ± 460.26 1901.95 ± 1046.79
8 T1W-C GLCM Angular Second Moment 2.48 ± 0.90 ** 1.79 ± 0.30 **
9 T2W-FLAIR GLCM Difference Variance 47.98 ± 27.73 23.51 ± 11.68
10 q GLCM Correlation 0.24 ± 0.10 0.17 ± 0.16
11 q Histogram Median 0.29 ± 0.06 * 0.22 ± 0.04 *
12 MD GLCM Difference Entropy 1.23 ± 0.11 1.35 ± 0.10
13 T2W-FLAIR Histogram Variance 174.33 ± 33.33 140.05 ± 36.21
14 rCBV – Mean 1.68 ± 0.59 6.80 ± 4.13
15 p GLCM Contrast 94.79 ± 51.75 156.34 ± 63.78
16 T2W-FLAIR GLCM Sum Variance 171.32 ± 76.73 102.79 ± 37.33
17 DSCE Histogram Minimum 0.29 ± 0.11 0.22 ± 0.10
18 T2W-FLAIR GLCM Difference Entropy 1.25 ± 0.11 1.19 ± 0.10
19 T2W-FSE Histogram Entropy 5.15 ± 0.39 4.94 ± 0.36
20 DSCE GLCM Angular Second Moment 4.97 ± 2.89 ** 2.40 ± 1.38 **
21 q GLCM GLCM Sum Entropy 1.79 ± 0.05 1.76 ± 0.05

*Mean and Standard error in the units x10-3 mm2/s
**Mean and Standard error in the units x10-3

Table 2
Summarized results showing the distribution of the significant radiomic features among MR modality/parameter and feature extraction method.

MRI modality/parameter

Features Conventional MRI DTI DSCE MRS
T1W-C T2W-FSE T2W-Flair MD FA p q Raw rCBV Lipids/Cr

Histogram 2 1 1 0 0 0 2 1 – –
Textural GLCM 1 0 3 2 0 1 3 1

GLRLM 0 0 0 0 0 0 0 1
Total Radiomic Features 3 1 4 2 0 1 5 3 1 1
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techniques. Regarding diffusion imaging, several previous studies have
reported the value of textural features of Apparent Diffusion Coefficient
(ADC) maps as potential biomarkers for glioma grade differentiation
[5–6,49–50]. In a more recent study, Raja et al. [51] investigated the
contribution of Diffusion Tensor and Diffusion Kurtosis Imaging in
grading of gliomas. Their texture-based features have shown significant
differences regarding several DTI parametric maps, except for FA,
which comes in agreement with the results of our study. However, we
have found that the anisotropic diffusion tensor component, as ex-
pressed by the pure anisotropy parameter (q) has proven to be of great
importance (5 out of the 21 features were derived for q maps) and could
play an essential role in glioma heterogeneity assessment.

In addition to DTI, MR spectroscopy is a powerful technique for
evaluating brain tumor metabolic processes with an increased diag-
nostic impact. Many studies support the potential of MRS metabolic
ratios in glioma grade differentiation [8–10,52], especially when
combined with other advanced techniques. Even though a statistically
significant difference for the specific ratios was not observed in our
study, which might be expected since we are comparing HGGs vs LGGs
[53], however the MRS derived Lipids/Cr ratio was the highest ranked
feature compared to the total number of the radiomic features utilized.
Consequently, the lipids concentration in glioma’s tumor core, which is
proportional to the extent of tumor’s necrotic component, may serve as
a robust imaging biomarker in differentiating between Low- and High-
grade gliomas.

Perfusion imaging has evolved to a clinical tool of high importance
in characterizing tumor malignancy status due to its increased corre-
lation with cancer proliferation and progression. As shown in Table 2 a
significant number of features imported to the classification model (7
out 21), are derived from perfusion MR techniques. These results come
in agreement with previously reported studies [7,40], which insist that
perfusion MRI may efficiently capture the intratumor heterogeneity,
regarding angiogenesis and vascularity of gliomas. Also, according to
the literature an additive value is obtained when radiomic analysis is
employed on either conventional or advanced contrast enhancement
techniques [2–4,54]. However, as it has been previously reported [7]
the ‘hot spot’ segmentation method that we utilized in CBV maps along
with the subsequent inability for radiomic quantification, might have
restricted the further contribution of the advanced DSCE imaging
technique to the classification task.

The recent technological advancements in the field of medical
imaging have given rise to the incorporation of innovative methodol-
ogies regarding tumor phenotypic characteristics quantification and
multiparametric data analysis which as shown by our results may aid in

improving the clinical decision support process. Besides the current
technical complexity challenges of radiomic analysis, further attention
should be paid in utilizing the diagnostic outcome in a reliable manner
[32]. To this scope, it is evident that all methods of high-throughput
analysis must consider well-established imaging techniques, which
have been strongly validated upon various clinical hypotheses and
underlying pathophysiology in order to guarantee their measurement
accuracy and valid contribution. An equally important methodological
step in such an analysis is to ensure that the involved medical personnel
can ensure MR image quality, consistency and accuracy by providing
minimum quality standards in the inclusion or exclusion of the eval-
uated radiomic parameters.

The main limitation of this study regards to the small patient sample
size utilized, which possibly would have implied bias to the advanced
analysis that was conducted. In addition, the sample size limitation was
the main reason for the exclusion of the gliomas sub-grades differ-
entiation task. In a future study of evaluating multiparametric MRI for
glioma grade differentiation, it would be interesting to consider the
inclusion of additional MR techniques with promising results (e.g.
Diffusion Kurtosis Imaging, Arterial Spin Labelling). Also, except for
MR modalities, an investigation of additional shape and textural
radiomic features and genomic data (i.e. IDH mutation, etc) should be
performed, to further assess their utility.

In conclusion, the current study presents a comprehensive metho-
dological perspective for evaluating MRI derived phenotypic char-
acteristics for LGG vs HGG characterization, based on multiparametric
MR neuroimaging data and radiomic analysis methods. It shows that
radiomic features derived from mp-MRI can be an important tool in an
accurate LGG vs HGG differentiation even in this limited patient po-
pulation.
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Appendix

A. Histogram features used in the study

minMin: p(i)i (A.1)
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µSkewness: S (i ) p(i)3

i 1

G 1
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= (A.9)

µKurtosis: K (i ) p(i) 34

i 1
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Entropy: E p(i)log [p(i)]
i 1
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2=
= (A.11)

Uniformity: U p(i)
i 1

G 1
2=

= (A.12)

where, G the number of gray levels, p(i) the approximate probability density of occurrence of the gray levels

B. GLCM features used in the study
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where, p(i,j) the elements of the Co-occurrence Matrix, Ng the number of gray levels, μx, μy and σx, σy denote the mean and standard deviations of
the row and column sums of the GLCM, related to the marginal distributions px(i) and py(j), respectively.

C. GLRLM features used in the study
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where, p(i,j) the elements of the Run Length Matrix, Ng the number of gray levels and Nr the number of runs.
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