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~—ABSTRACT

Radiomics is a relatively new concept that consists of extracting data from images and applies advanced
characterization algorithms to generate imaging features. These features are biomarkers with prognostic
and predictive value, which provide a characterization of tumor phenotypes in a non-invasive manner. The
clinical application of radiomics is hampered by challenges such as lack of image acquisition and analysis
standardization. Textural features extracted from computed tomography (CT), magnetic resonance imaging
(MRI) and positron emission tomography-computed tomography (PET-CT) images of patients diagnosed
with head and neck cancers can be used in the pre-therapeutic evaluation of the response to multimodal
chemo-radiotherapy. For patients with positive HPV-oropharyngeal cancers, the correlation of the radiomic
textural features from the tumor with p16 values from the pathological sample can identify tumor specific
signatures in CT imaging, an entity with favorable prognosis and a better response to chemo-radiotherapy.
Pretreatment contrast CT-scans were extracted and radiomics analysis of gross tumor volume were
performed using MaZda package apart from MaZda software containing B11 program for texture analysis
and visualization. Data set was randomly divided into a training dataset and a test dataset and machine
learning algorithms were applied to identify a textural radiomic signature. Radiomic texture analysis and
machine learning algorithms demonstrate a predictive potential related to the capability of stratification for
subclasses of platinum-chemotherapy resistance and radioresistant head and neck cancers requiring an
intensification of multimodal treatment.
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INTRODUCTION

n recent years, oropharyngeal squamous

cell carcinoma has shown an increase in in-

cidence over other types of head and neck

cancers, being related to Human Papilloma

Virus (HPV) infections, which are biologi-
cally and clinically different from HPV-negative
oropharyngeal cancer, often associated with
smoking and alcohol consumption. Head and
neck cancer associated with HPV virus infection
has been shown to have a superior response to
radio-chemotherapy, with higher rates of local
control (over 80%) and overall survival at five
years. Less than 50% of patients with HPV nega-
tive oropharyngeal cancers survive at five years
although they are being treated with the correct
multimodal treatment protocol. Young age and
favorable prognosis make it necessary to evalu-
ate the possibilities for reducing late toxicities
and to implement some clinical trials for treat-
ment de-escalation.

Immunohistochemistry for investigation of
p16 expression level strongly correlated with
HPV infection but also in situ hybridization for
viral DNA, HPV DNA or PCR RNAs are standard
methods for identifying the viral etiology of this
type of cancer (1).

Radiomics has shown the potential to predict
HPV status in head and neck cancer. Indeed,
studies have reported radiological differences
between HPV positive and negative, demons-
trating that heterogeneity of image-based density
is potentially associated with HPV infection with
oropharynx cancers (2). In oncology, the identifi-
cation of biomarkers that describe the characte-
ristics of malignancy from different points of view
(clinical, histological, molecular) is an essential
objective, but some biomarkers can also predict
the patient’s response to the administered treat-
ment, a gradually translation from fundamental
research to clinical practice being necessary.
Screening tools wearing the “omics” suffix offer
incredible analytical opportunities in the context
of access to a large number of medical informa-
tion stored in databases. “Radiomics” is the new-
comer in the “omics” family and is based on ra-
diological medical images, from which multiple
features can be extracted and correlated with
clinical, biological, genomic data in order to ob-
tain predictive models to personalize the treat-
ment (3).

The use of medical imaging like computer to-
mography (CT), magnetic resonance imaging
(IRM) and, more recently, positron emission to-
mography (PET-CT) is a standard for diagnosis,
staging of cancers and evaluating the therapeutic
response, but with the introduction of
image-guided radiotherapy (IGRT) is a essential
step in planning of modern radiation therapy. By
extracting quantitative information from clinical
imaging, radiomics has proven possible ways to
maximize radiotherapy efficiency by identifying
the radio-resistance areas in the tumor and to
modulate treatment in such a way as to obtain
the best tumor control with a lower toxicity rate.
The concept of “big data” in oncology, particu-
larly in head and neck cancers, and computa-
tional data processing promises to bring new
light to the molecular mechanisms that deter-
mine the pathogenesis of these malignancies by
identifying new prognostic and predictive
factors (4).

Tumors include clonal populations of cells
form dynamic complex systems that show a ra-
pid evolution as a result of their interaction with
the tumor microenvironment, and this interac-
tion is modulated by the treatment. Different
properties of the microenvironment depend on
factors such as increase of metastatic capacity
and immunological characteristics being high-
lighted by differences in metabolic activity, oxy-
genation levels, cell proliferation rates, pH, hy-
poxia, and vascularization of intratumoral
necroses. Such intratumoral differences are re-
lated to the concept of tumor heterogeneity, a
feature that can be observed with significantly
different characteristics even in tumors of the
same histopathological type. Thus, tumors pre-
sent an increased heterogeneity even if they are
identical histopathological forms, intratumoral
heterogeneity being associated with resistance to
treatment, and to the risk of progression, relapse
and metastasis (5, 6). O

MATHERIALS AND METHODS

omputed tomography images for three pa-

tients with locally advanced non-metastatic
head and neck cancers who were proposed for
curative multimodal treatment (induction che-
motherapy 3-4 cycles) and radiotherapy. All pa-
tients benefited from a CT imaging assessment
for staging and evaluating of the tumor size be-
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fore performing the first cycle of chemotherapy
and after performing at least three cycles of che-
motherapy. Only patients who received TPF
(taxanes, platinum, fluorouracil) chemotherapy
were included. Cases were selected from each
category of response after induction chemothe-
rapy: progressive disease, stationary disease and
partial response according to RECIST criteria.
Delta radiomic features (skewness and kurtosis)
were calculated for each case. U

RESULTS

n all three cases, there was a variation of ra-
diomic parameters evaluated for the volume of
the primary tumor extracted using MazDa, a free
software for radiomic feature extraction and
analysis. Delta kurtosis is between 0.02 and 0.9
(minimum and maximum) and the skewness del-

ta is between 0.15 and 0.17 (minimum and
maximum) (Table 1). The algorithm designed to
introduce the radiomic prediction of the re-
sponse to induction chemotherapy is shown in
Figure 1. 1

DISSCUTIONS

he results of the Phase Il OPTIMA trial indi-

cate that HPV-associated head and neck can-
cer patients, even those with advanced nodal
involvement, may receive lower radiation doses
without compromising local control if they re-
spond initially to induction chemotherapy. In this
case local control rates exceed 92% two years
after the treatment a reduction in the incidence
of side effects compared to those who received
standard therapy. Compared to HPV negative
head and neck cancer, which is usually caused

Case 1 Case 2 Case 3
Radiomic
feature Kurtosis | Skewness Kurtosis | Skewness Kurtosis | Skewness
CT1 -0,41 0,28 -0,46 0,33 -0,34 0,34
CT 2 -0,39 0,1 0,18 0,26 0,25 0,19
A feature 0,02 0,18 0,28 0,7 0,9 0,15

TABLE 1. Radiomic fetaures values extracted from CT images (before and after induction chemotherapy)
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FIGURE 1. Algorithm designed to introduce radiomic prediction of response to

chemotherapy induction
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by smoking and alcohol consumption, positive
HPV disease is more receptive to radiation the-
rapy and chemotherapy and is associated with
significantly higher rates of healing. The non-in-
vasive identification of these “good responders”
may have particular implications for reducing
adverse effects. Although reducing the intensity
of cancer treatment offers to patients a better
quality of life but this approach should only be
used with caution for patients with a favorable
biology to de-escalation of therapy (7).

The use of the radiomic features of the dif-
ferent regions of the tumor volumes delineated
on imaging can highlight tumor heterogeneity,
Haussdorf and fractal dimension and shape ana-
lysis are associated with the expression of growth
factors and modifying angiogenic tumors and tu-
mor proliferation with different rates in different
regions of the tumor volume having finally a
prognostic value for resistance to chemotherapy
and radiotherapy (8).

The emergence of the radiomic profile con-
cept might be possible to predict prognosis or
response to induction chemotherapy guiding the
therapeutic protocol to intensification or de-es-
calation of multimodal treatment. The success
and enthusiasm of radiomics can reach the high-
est level using these applications for modulation
and refinement of treatment in oncology, be-
cause the impact it may have in the modern con-
text of precision medicine is extraordinary. How-
ever, we have insufficient data standardization
protocols and insufficient evidence in radiomics,
problem that leads to a variability with significant
differences in terms of clinical trials methodology
9).

Although initial results using structural ima-
ging, in particular CT, medical imaging are pro-
mising, several studies have explored PET-ra-
diomics used to delineate the target volumes for
radiotherapy planning, assessing the prognostic
value of radiomics to identify tumor failure re-
sponse to treatment, the high recurrence risk,
and even the ability to predict the risk of cancer
related high mortality rate. As in other radiomic
studies, the methodological diversity for extrac-
ting and analyzing the selected features remains
one of the unsolved problems of PET radiomics.
The use of radiomics in PET-CT imaging analysis
shows their potential to non-invasively enhanced
by deep learning algorithms for tumor characte-
rization, and could allow empowering of the fea-

ture selection of and the creation of powerful
prognostic models. Deep learning methods are
very effective when the number of samples avai-
lable is high during a training phase, therefore
one of the main challenges in implementing
deep learning results from the limited number of
training samples available to build models with-
out suffering overload (10, 11).

Radiomic studies extract a large number of
imaging features to increase the discriminating
power of features, and selection of size reduc-
tion techniques are typically used to reduce the
difficulties in sample size selection and improve
predictive performance. Most feature selection
techniques are designed in a supervised method
to identify discriminatory features by optimizing
the performance of prediction models based on
validation data sets. Extraction of dates from
small samples can cause errors in estimating the
predictive value of the selected features (12).

Methods for texture analysis in head and
neck cancers include first- and second-order tex-
ture features based on the intensity values within
a region of interest (ROI). Others features can
also be extracted from histograms of intensity
values or can be extracted from the shape of the
ROI. Texture features for head and neck cancers
are based on the same parent matrices that are
used in other radiomics studies for various malig-
nancies. The most used features based on gray
levels extracted from images are gray-level co-
occurrence matrix (GLCM) (13).

Multiple open-source and commercial soft-
ware solutions that facilitate are used to develop
radiomic research in head and neck cancer. Ima-
ging Biomarker Explorer (IBEX) by Zhang et al.
compatible with CT, PET, and MR modalities.
The authors described it an “open infrastructure
software platform that flexibly supports common
radiomics workflow tasks such as multimodality
image data import and review, development of
feature extraction algorithms, validation model,
and consistent data sharing among multiple insti-
tutions” (14).

Mazda is an open-source software for texture
analysis designed at the base for magnetic reso-
nance imaging (MRI) texture analysis which sup-
ports various feature selection algorithms for
model generation. MazDa is available at http://
www.eletel.p.lodz.pl/programy/mazda/index.
php?action=mazda (15). Specific applications
for texture and radiomics analysis in head and
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neck tumors have already demonstrated the
ability to obtain results from these techniques in
the following areas of head and neck cancer: tu-
mor segmentation and pathological classifica-
tion, risk stratification, prognostic and predictive
biomarker, monitoring the change in normal tis-
sue as a late toxicity of the radiotherapy (16).
The concept of variation in radiomic feature va-
lues from baseline to the next imaging investiga-
tion was promoted by Nasief et al. and Cherezov
and colleagues in pancreatic and lung studies,
respectively, proving the utility in screening and
the possibility of predicting the early response
chemotherapy (17, 18). Q

CONCLUSIONS

elta radiomic features demonstrates value in
predicting the response to induction che-

motherapy in pancreatic and lung cancer stu-
dies. Based on this premise, the analysis of the
delta values of some radiomic parameters ob-
tained from CT imaging performed prior to the
beginning of chemotherapy and after the first
induction chemotherapy cycle in head and neck
cancers could be a biomarker of response to
chemotherapy. However, the data should be
carefully assessed in view of the difficulties in
standardizing the acquisition and the subjectivity
in selecting volumes of interest, the use of large
standardized data bases being a solution to over-
come these limits. 4
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