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Abstract: Radiomics is nascent field that involves extracting quantitative features - radiomic features from medical images that
corrolate with the properties of the concerned lesion, such as the heterogeneity, shape, volume, proteomic, demographic and histology
that have personalizied clinical value in diagnosis, prognosis and treatment. Our article aims to explore and review the state-of-art
Radiomics and texture analysing in neuro-oncology, address the challenges a provide a prospect for future studies.
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Ozet: Radyomik, tani, prognoz ve tedavide kisisellestirilmis klinik degere sahip heterojenlik, sekil, hacim, proteomik, demografik ve
histoloji gibi ilgili lezyonun 6zellikleriyle uyumlu tibbi goriintiilerden radyomik dzellikler olan nicel 6zelliklerin ¢ikarilmasini iceren
yeni bir alandir. Makalemiz noro-onkolojide son teknoloji Radyomikleri ve doku analizini kesfetmeyi ve gozden gegirmeyi, zorluklari

ele almayi ve gelecekteki gcalismalar igin bir umut sunmayi amaglamaktadir.
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l.Introduction

Radiomics is nascent field that involves extracting quan-
titative features - radiomic features from medical images
that corrolate with the properties of the concerned lesion,
such as the heterogeneity, shape, volume, proteomic,
demographic and histology that have personalizied clini-
cal value in diagnosis, prognosis and treatment (1,2).

Large number of image features (e.g. >400), including tex-
ture features, are extracted from medical images derived
from large medical radiologic images from database after
manual, semi- or automated segmentation. Then radiomic
features are selected based on their stability as well as
their contributions to the prognoses (3).

A popular approach in computer-aided diagnosis using
machine learning is the classification of lesions into
classes such as lesion and non-lesion or malignant and
benign lesion. All based on input features that allow
machine learning to determine the boundaries for the
separating classes. when images are fed into the system,
lesions are segmentated by different methods includ-
ing thresholding,edge- based segmentation. after the
extraction of features from the segmented lesions, they
are processed by a model such as linear or quadratic dis-
criminant analysis and support vector machine (SVM), he
training is performed for determination of “optimal” bound-
aries for separating classes (4).

Although the field is still in its embryogenesis, yet it shows
assuring results that would revolutionize the clinical prac-
tice and applications in grading and precisley diagnosing
tumors. Radiomics are capable to provide data regard-
ing the temporal and spatial heterogeneity non-invasively
and even characterize the microenviroment of tumors that
otherwise require biopsy. Furthermore, Delta radiomics
introduce inovative approach to prognosis and disease
response to theraputics over the course of treatment by
extracting quantitative features from images and show
their value changes (5,6,7).

The field of Radiomics is attracting much attention in
neuro-oncology due to its feasibility and accuracy in clas-
sification, grading and providing genomic and molecular
profile of CNS tumors (8,9).

Our article aims to explore and review the state-of-
art Radiomics and texture analysing in neuro-oncology,
address the challenges a provide a prospect for future
studies.

Radiomics In Neuro-Oncology

Although clinical symptoms of metastasis and Glioma over-
lap, it is essential to distinguish between the two as their
clinical management is different. A study done by Mouthuy
et al. Assessed retrospectivly 50 patients’ T2/FLAIR/T1post-
contrast and PWI images. Estimating Perfusion and Texture
(Haralick's second order statistics) parameters. Found that
by combining visual texture features from the peritumoral
area with rCBVlesion and rCBVperilesion measurements,
classifier sensitivity was increased by 12% and specificity
was increased by 7% compared with perfusion parameters
alone. differentiated MET from GBM with a sensitivity of
92% and a specificity of 71% (10).

Utilization of Radiomics show promising results in non-
invasive Glioma grading. However, it still lacks standardized
methodologies.

A study done by Tian et. Al. divided patient population of
153 with Glioma grade I, lll and IV into two group, the fea-
ture Groups | and Il were comprised of 420 texture features
and 90 histogram features, respectively, from 10 VOIs of
each patient. The study showed the superiority of texture
parameters with accuracy, Sensitivity and specifity of
Overall 96.8%, 96.4%, 97.3% respectivly (P <0.001) for clas-
sifying LGGs from HGGs, and 98.1% for classifying grades
[Il from IV, which were more promising than using histo-
gram parameters (accuracy, sensitivity and specifity of
91.4%, 83.8%, 99.1%, P<0.001, Respectivly) or using the single
sequence MRI. Concluding the texture features and com-
bined application of multiparametric MRI provided higher
non-invasive glioma grading efficiency (11).

Skogen et.al. Were able to achieve a sensitivity and speci-
ficity of 93% and 81% (AUC 0.910, p < 0.0001). using MR Tissue
analysis MRTA to differentiate Low and High grade glioma
by filtering and extracting texture features from 2 mm (fine
features) to 6 mm (coarse features) and obtaining sta-
tistical parameter standard deviation (SD). However, such
method showed lower but still signifcant ability to differ-
entiate sub-groups gliomas. Concluding that texture from
necrosis is probably more applicable to extract from CT
and ADC textural analysis than MRTA. Advicing a multi-
modal or multiparametric approach of combining ADC and
contrast- enhanced SPGR to gain more complete tumor
heterogeneity profile (12).

Furthermore, Ditmer et.al. expanded on the work of Skogen
et.al. using The histogram parameters including mean,
standard deviation, entropy, mean of the positive pixels,
skewness, and kurtosis were analyzed at spatial scaling
factors ranging from 0 to 6 mm to assess High and Low
grade gliomas heterogeneity. Low and high-grade gliomas
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were best-discriminated using mean of 2 mm fine texture
scale, with a sensitivity and specificity of 93% and 86% (AUC
of 0.90) (13).

Studies in radiomics utilization in gliomas detection and
grading show significant and promising result. However
more studies with larger patients population and focused
on the ability to differentiate the sub-groups of gliomas
are needed. In addition the lack of consesus regarding the
approaches renders a standardized methods essential for
future studies.

Radiogeneics

Eversince the introduction of WHO classification of CNS
tumors in 2016, Molecular and genetic profile of tumors
gained essential role in diagnosis process. Restructuring
and incorporating new types, subtypes and identities by
both histology and molecular features. directing toward
more precise and objective classification in order to cus-
tomize personlized treatment (14).

Radiomics on the other hand is a rapidly evolving and
promising field that relies on feature extraction and
analysis of medical imagies. The intigration of radiomics
and machine learning and availablity of large and anno-
tated data bank, allow the algorithm to predict crucial
information for accurate non-invasive diagnosis like the
microenviroment, biologic markers and even the genetic
profile of tumors (15).

the nascent field of radiogenomics has auspcious poten-
tial contribution to the advancement of neuro-oncology
by extracting information regarding genetic mutation and
expression patterns from radiologic imaging.

Radiogenomics also has the power to dynamically monitor
the microenvironment over the course of treatment, poten-
tially allowing for a reduced number of repeat biopsies or
resections (16).

In a study done by S.Hu et.al that assessed the feasability
of multiparametric MRI and tissue texture analysis feasi-
bility of using multiparametric MRI and texture analysis
to characterize regional genetic heterogeneity through-
out MRI-enhancing and nonenhancing tumor segments.
The study looked 6 driving genes: EGFR, PDGFRA, PTEN,
CDKN2A, RB1, and TP53 from 48 biopsies from region of
enhancement and nonenhancement paranchyma using
univariate analysis. The result showed Highest accuracies
were observed for PDGFRA (77.1%), EGFR (75%), CDKN2A
(87.5%), and RB1 (87.5%), while lowest accuracy was
observed in TP53 (37.5%) (17).
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Hong et.al showed Significant correlation between radio-
logical parameters such as volumetric and ADC values and
major genomic profiles of tumors.

The IDH-mut group showed a larger volume on T2WI and
a higher volume ratio between T2WI and CETIWI than the
IDH-wt group (P< 0.05). while IDH-wt tumours, IDH-wt,
ATRX-loss tumours revealed higher 5th percentile nADC
values than the IDH-wt, ATRX-noloss tumours (p = 0.03).
PFS was the longest in the IDH-mut group, followed by the
IDH-wt, ATRX-loss groups and the IDH-wt, ATRX-noloss
groups, consecutively (p < 0.05) (18).

Predictive genomic profile of gliomas can be derived from
radiologic images. A positive association between previ-
ously identified tumor genomic subtypes in lower-grade
glioma the tumor shape as seen in MRI. By analysing FLAIR
images using five quantitative measurment of tumor shape
in two and three dimensions with genomic data based on
IDH mutation and 1p/19q co-deletion, DNA methylation, gene
expression DNA copy number, and microRNA expression.
Mazurowski et.al. Reported a strong association between
angular standard deviation (ASD), which measures irregu-
larity of the tumor boundary, and the IDH-1p/19q subtype (p
< 0.0017), RNASeq cluster (p < 0.0002), DNA copy number
cluster (p < 0.001), and the cluster of clusters (p < 0.0002).
The RNASeq cluster was also associated with bounding
ellipsoid volume ratio (p < 0.0005). Tumors in the IDH wild
type cluster and R2 RNASeq cluster which are associated
with much poorer outcomes generally had higher ASD
reflecting more irregular shape (19).

The accumulation of supportive evidences that reflect the
genomic heterogenity corrolation with radiological imag-
ing pave a way for non-invasive, precise and cost effective
approaches to diagnose cerebral tumors allowing better
treatment, monitoring and better assessment in prognosis.
However, more studies with larger population and focus on
texture features can direct future studies in this field.

2.Conclusion

Various studies conducted prove the practibility of
Radiomics in medicine due to its accuracy, cost-effec-
tivness, non-invasive methods in detecting, classifying,
grading and prognosis of tumors. However issues regard-
ing the standardization of methodologies need to be
addressed. Furthermore, optimization of criteria regarding
feature selection, segmentation methods to achieve best
possible results need to be set.
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