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Delta-radiomics Entropy Based on Tumor 
Heterogeneity Concept –
Response Predictor to Irradiation for  
Unresectable/recurrent Glioblastoma
Camil Ciprian MIRESTEAN1,2, Roxana Irina IANCU3,4, Dragos Teodor IANCU3,5

Although adjuvant radiotherapy in combination with Temozolomide administration has clearly demonstrated the 
benefit in improving the prognosis of patients with multiforme glioblastoma, radiotherapy as only treatment or 
in combination with systemic treatment is one of the best supportive in unresectable cases. For recurrent cases, 
the salvage radiotherapy option (re-irradiation) can be chosen in carefully selected cases so that the benefit is 
greater than the toxicities. Radiomics, a new subdomain of artificial intelligence (AI), relies on advanced analysis 
in high-resolution medical imaging to establish diagnostic, prognostic and predictive models for clinical medicine. 
The variation of the delta-radiomics parameters analyzed within a tumor volume may be via tumor heterogeneity 
indirectly correlated with the response to treatment. The aim of the study is to propose a delta-radiomic based on 
entropy algorithm to allow the non-invasive pre-therapeutic identification of patients with unresectable or recurrent 
multiform glioblastoma who will benefit from irradiation and/or salvage re-irradiation. 
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Radioterapia adjuvantă, asociată cu Temozolomidă (ca agent alchilant), si-a demonstrat în mod clar beneficiul de 
îmbunătăţire a prognosticului la pacienţii cu glioblastom multiform. Deasemeni, radioterapia ca tratament individual 
sau în combinaţie cu tratamentul sistemic, rămâne una dintre cele mai bune optiuni si în cazurile nerezecabile. 
Pentru cazurile de glioblastom recurent, opţiunea radioterapiei de salvare (re-iradiere) poate fi aleasă în cazuri 
atent selectate, astfel încât beneficiul să fie mai mare decât toxicităţile induse de tratament. Radiomica, un nou 
subdomeniu al inteligenţei artificiale (AI), se bazează pe analiza avansată a imaginilor medicale de înaltă rezoluţie 
în scopul conceperii unor modele diagnostice, prognostice și predictibile aplicabile în medicina clinică. Variaţia 
parametrilor delta-radiomici analizaţi în cadrul unui volum tumoral poate fi corelată, indirect prin datele referitoare 
la heterogenitatea tumorii, cu răspunsul la tratament. Scopul studiului este de a propune un model delta-radiomic 
bazat pe parametrul entropie care să permită identificarea pre-terapeutică, neinvazivă, a pacienţilor cu glioblastom 
multiform nerezecabil sau recurent care pot beneficia de iradiere și/sau reiradiere de salvare.  
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INTRODUCTION

Although the role of external beam radiotherapy as ad-
juvant treatment for resected glioblastoma has already 
been demonstrated, the addition of radiotherapy pro-
longing survival in patients with multiforme glioblas-
toma compared with patients who received only sur-
gery alone from 3-4 months to 10-12 months. There 
is uncertainty about the optimal treatment of primary 
unresectable glioblastoma, because there are no ran-
domized studies based on scientific evidence. Usual-
ly the choice between best supportive care, palliative 
radiotherapy and radiotherapy combined with treat-
ment with Temozolomide (TMZ) is at the discretion 
of the clinician, the patient’s performance status and 
life expectancy being decisive in the therapeutic option. 
Another challenge is to identify a possible benefit in 
cases of relapsed glioblastoma of rescue treatment by 
re-irradiation compared to salvage surgery, TMZ alone 
or combined-modality therapy. Median survival for ra-
diotherapy cases varies between 6-7 months and up-
dated data including the use of irradiation-associated 
chemotherapy report median survivals ranging from 5 
to 13 months. However, in patients treated with radio-
therapy, a 2-year survival was <10%. Controversies over 
the cases in which a more aggressive approach combin-
ing radiotherapy and chemotherapy bring a benefit to 
the best supportive that make it necessary to identify 
predictive biomarkers of response to therapy in order to 
provide the best option for each case. If general factors 
such as favorable performance status (KPS ≥70) and 
younger age are accepted predictors of the benefit of 
rescue treatment, the response to irradiation in terms of 
tumor radio-sensitivity is difficult to predict. The use of 
3D conformal techniques, intensity-modulated radio-
therapy (IMRT), brachytherapy, stereotactic radiosur-
gery (SRS) or stereotactic fractional radiotherapy are 
preferred for salvage re-irradiation, based on a precise 
delineation of radiosensitive organs and of the tumor 
target volumes within the concept of image guided ra-
diotherapy (IGRT). The association of imaging guid-
ance with a high-conformal irradiation technique, to 
provide the most accurate envelope of the target vol-
ume including “banana shape” target volumes, is es-
sential in obtaining the maximum therapeutic benefit 
without compromising the function of healthy organs 
including healthy brain tissue1-4.

Radiomics, a subdomain of artificial intelligence 
(AI) aims to extract a large amount of information and 

data from high-resolution medical imaging in order 
to build predictive and prognostic diagnostic models. 
The concept of generating and using in clinical practice 
a large volume of “Big data” information is shared by 
several “omics” groups, including proteomics, genom-
ics, ie. Radiomics quantitatively approaches the field of 
medical imaging in order to improve the information 
available to clinicians, using non-intuitive mathemati-
cal methods. Oncology is one of the medical fields that 
enjoys the widespread application of radiomics, the 
method being perfected with the improvement of the 
quality and reproducibility of medical imaging. Data 
regarding the shape, interrelation and intensity of the 
pixel signal, spatial distribution, texture are just a few 
examples of characteristics extracted by radiomic anal-
ysis and impossible to evaluate by the eye of the expert 
imaging or clinical examiner. Radiomic analysis can be 
performed on basic imaging techniques such as Digital 
X-rays (DRX) or Ultrasonography (US) as well as high 
performance techniques such as Magnetic Resonance 
Imaging (MRI), Computed Tomography (CT) and 
even hybrid imaging such Positrons Emission Tomog-
raphy – Computerized tomography (PET-CT)5-6.

AIM AND SCOPE

The aim of the study is to propose a radiomic algorithm 
to allow the non-invasive pre-therapeutic identifica-
tion of patients with unresectable or recurrent multi-
forme glioblastoma who will benefit from irradiation 
and rescue re-irradiation using CT simulation imaging 
for radiotherapy planning.

MATERIALS AND METHODS

The proposed algorithm proposes the selection from 
CT imaging simulation for radiotherapy planning of 
a Digital Imaging and Communications in Medicine 
(DICOM) image without a selected contrast agent at 
the tumor iso-center. The volume will be delineated 
by a radiation oncologist with experience in radiation 
therapy for brain tumors. Subsequently, the DOCOM 
image will be analyzed using the free MaZda applica-
tion, the entropy being evaluated. Choosing between 
5 square flat images of 3/3mm randomly positioned at 
quasi-equal distances in different regions of the tumor 
will analyze the entropy on each case. Starting from the 
concept that the sum of absolute values for each delta 
entropy variation between the evaluated value from a 



275Modern Medicine  | 2022, Vol. 29, No. 4

Delta-radiomics Entropy Based on Tumor Heterogeneity Concept – Response Predictor to Irradiation for Glioblastoma

square image and the value of the entire tumor volume 
is correlated with heterogeneity and unfavorable re-
sponse to radiotherapy treatment, we propose to eval-
uate the concept in correlation with patient response 
data to treating7-9.

RESULTS 

The value of the entropy calculated for the entire sec-
tion of the tumoral volume was 2.40 and for the 5 rect-
angular subdivisions chosen from the tumor section: 
2.08, 2.11, 1.92, 1.86, 1.88 [Image1-Image2].

the accuracy of subsequent ROI analysis. Among the 
free software solutions that can be used for image seg-
mentation and radiomics analysis we mention LifeX, 
IbeX, ImageJ. The automatic segmentation has the ad-
vantage of being able to eliminate the subjectivity of 
the human expert. Step 2 called image processing has 
the role of standardizing VOIs from which data will be 
subsequently extracted without altering pixel spacing, 
gray-level intensities, bins of the gray-level histogram. 
Applying filters is part of the image processing algo-
rithm. The calculation of features that will be extract-
ed is recommended to be done in accordance with the 
Image Biomarker Standardization Initiative (IBSI) to 
ensure the reproducibility of radiomic studies. If radio-
mic features already identified in other studies as hav-
ing predictive or prognostic value will not be used as 
reference for a new research, the feature selection step 
is essential to choose a finite number of radiomic fea-
tures that may have a medical imaging based biomark-
er value. Intensity or histogram based, shape, texture 
features, transform-based, and radial features are the 
most commonly analyzed types of radiomic features 
and wavelet or Gaussian filters are the most common-
ly applied filters. Combining features by methods as 
the principal component analysis (PCA) and obtaining 
stes of radiomic features is also a part of fetures reduc-
ing process, the 3rd step of radiomics analysis. Step 4 
(the radiomic model creation), includes construction of 
the radiomic classifier using algorithms such as ran-
dom forest or support vector machine (SVM). Model 
performance testing is based on training and testing/
validation, using 2 different data sets. The reduction of 
radiomic features is a multi-level process that ultimate-
ly results in the elimination of redundant non-repro-
ducible and non-relevant radiomic features from the 
dataset. Reproducibility is one of the most common 
problems in radiomic studies. First-order features, es-
pecially entropy is considered more reproducible than 
2nd order features like shape textural features6,10,11.

2.	Entropy radiomic features in oncology
Entropy is a measure irregularity or randomness for 
any kind of dynamic system. Considered one of the 
most interesting radiomic features and one of the most 
frequently reported in the literature, entropy can be 
an imaging biomarker of the tumor phenotype being 
correlated not only with cancer staging, outcomes, 
molecular pathways, response to therapy and tumor 
metabolism in different malignancies (for example 

Figure 1.  Radiomic analysis of the entire tumor slide (MaZda 
free radiomics software evaluation)

Figure 2.  Radiomic analysis of the 3/3mm square image selected 
from tumor (MaZda free radiomics software evaluation)

DISCUSSIONS

1.	Radiomics – basic concept
Radiomic analysis includes 4 essential steps. Step 1 
called image segmentation consists in delimiting the 
region of interest (ROI). Whether it is a two-dimen-
sional (2D) process or a three-dimensional (3D) volume 
of interest (VOI) delineation, it is an essential step for 
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lung, esophageal, colorectal, head and neck cancer). 
Shannon’s entropy evaluated after applying Laplacian 
of Gaussian filters from the TexRAD package (Cam-
bridge, United Kingdom) is perhaps the one of the 
most analyzed radiomic feature6,12.

Entropy is a biomarker already tested in predict-
ing response to therapy, gene expression, and disease 
prognosis. The identification of tumor features based 
on radiomic evaluation (a value of Shannon’s entropy 
evaluated on the basis of Laplacian of Gaussian trans-
formation using TexRAD software) is one of the in-
teresting applications as a concept that demonstrates 
the diversity of radiomic research at present. Entropy 
and homogeneity, respectively decreased entropy and 
increased homogeneity were identified as predictive of 
the response to chemotherapy of liver metastases, an 
evolution evaluated in different types of medical im-
aging. A study involving Digital Breast Tomosynthesis 
(DBT) identified entropy as being next to energy and 
radiomic dissimilarity features significantly correlated 
with tumor size, with no prognostic value. However, 
entropy has been linked to estrogen receptor status. 
Co-occurrence of Local Anisotropic Gradient Orien-
tations (CoLlAGe) is also a radiomic feature also based 
on entropy that measures local anisotropy in brain tu-
mors. Although demonstrated to be less discrimina-
tory than heterogeneity as a radiomic feature, entro-
py has been identified as predictive in discriminating 
low-grade gliomas (LGG) from high-grade gliomas 
(HGG). Without wishing to cover the full range of 
applications of entropy as a radiomic feature, we have 
presented several applications in oncology in various 
types of tumors and correlations with different epide-
miological variables of cancer13-18.

3.	Radiomics and glioma – future diagnostic and 
management perspectives
Radiomics and radiogenomics open new perspectives 
in the diagnostic, prognostic and predictive accuracy of 
these primary tumors with unfavorable and unpredict-
able evolution. By extracting morphological, textural 
and functional signatures from MRI imaging, complex 
models with prognostic and predictive power can be 
created that will improve diagnosis and management. 
As in other fields of medicine, the lack of homogeneity 
between studies and standardization is the limit that 
has not yet allowed the translation of radiomic models 
into clinical practice. Given the difficulties of making 
a differential diagnosis between pseudo-progression, 

recurrence/progression and radio-necrosis, but also 
taking into account the importance of non-invasive 
assessment of the tumor molecular profile, especially 
for cases with absolute contraindication for any inva-
sive maneuver including stereotactic biopsy, radiomics 
could be a vital partner both in research, diagnosis and 
clinical management of gliomas19,20.

Radiomics has the ability to non-invasively assess 
the status of the MGMT (methyl-guanine-DNA 
methyl-transferase) promoter, and thus indirectly be-
come a prognostic and predictive tool. MGM methyl-
ation is associated with an improved prognosis but also 
with a favorable response to alkylating agents. Rivera et 
al. demonstrated that methylation of MGMT may also 
be associated with an improvement in radio-sensitivi-
ty by evaluating the response to irradiation in patients 
with known MGMT status who did not receive Temo-
zolomide treatment during irradiation21.

Another application of radiomics of major interest 
is the noninvasive prediction of pseudo-progression us-
ing pre-treatment MRI imaging. 841 radiomic features 
were extracted from images obtained from 35 patients 
with pseudo-progression. Only two radiomic features 
were identified as correlated with pseudo-progression, 
their association having high predictive power. The ad-
dition of clinical features to the radiomic model did 
not improve predictive power og the proposed mod-
el. The authors hypothesize that radiomic analysis can 
successfully predict noninvasive pseudo-progression of 
gliomas, using CT images acquired prior to radiother-
apy treatment22.

Mc’Garry proposes using multi-parametric MRI 
radiomic profiles of de novo glioblastoma to generate 
predictive models for the unfavorable prognosis. The 
concept of using T1-weighted image, T2-weighted 
image, and contrast-enhanced T1-weighted image 
sequences is also used by Wang to create prognostic 
models for patients with grade II gliomas. The min-
imum-redundancy-maximum-relevancy as a unique 
method or associated with univariate logistics analysis 
is proposed to reduce a number of 396 radiomics fea-
ture to 9 features considered significant to build a valid 
model23-24.

A radiomic study that aims to correlate clinical 
target volumes (CTVs) and metabolic tumor volumes 
(MTVs) in the case of glioblastoma multiforme com-
pares the 2 volumes with relevance in radiotherapy. 
CTV for treatment planning is based on contrast-en-
hanced T1-weighted and T2-weighted / fluid-atten-
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uated inversion recovery MRI and, for the case of 
metabolic imaging, tumor volume delineation for ra-
diotherapy planning could be based on MTV generat-
ed by N-acetyl aspartate (NAA) and choline (Cho) at 
the tumor level. Nuclear Magnetic Resonance (NMR) 
spectroscopy images were also evaluated and 48 im-
age features were extracted, of which only twenty were 
considered relevant. With a larger number (22 vs. 6) 
features including 10 semantic imaging traits (evaluat-
ed by a neuro-radiologist) and radiomic features, MTV 
for NAA was much closer to CTV than MTV for cho-
line25.

Analysis of delta variation of radiomics features ex-
tracted from dynamic contrast enhanced susceptibility 
(DSC) MRI between 2 opposite parts of a tumor is 
able to predict non-invasively tumor histological grade 
as demonstrated by Jeong’s study which includes 25 
cases of gliomas (13 HGG and 12 LGG)26.

CONCLUSIONS
Delta radiomics based on entropy can be chosen as a 
biomarker of tumor heterogeneity and indirectly of the 
unresectable multiform glioblastoma response to ra-
diotherapy. The identification of accessible and non-in-
vasive imaging markers could help the escalation but 
also the de-escalation of the treatment for the cases 
that will benefit the respective one will not respond to 
radiotherapy or radio-chemotherapy. In the context of 
precision medicine, a modeling of therapy could ben-
efit both the overall survival and the quality of life of 
these patients.
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