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ABSTRACT
Radiomics, a subdomain of artificial intelligence, consists in extracting a large volume of data from 

all medical imaging techniques and correlating them with clinical data in order to build predictive and 
prognostic models. Radiomics is related to radiogenomics that correlates genetic mutations and molecular 
and biological characteristics of tissues with information extracted from medical imaging. Both are 
state-of-the-art fields of translational biomedical research. The ability to predict early patient survival and 
response to treatment, but also the capacity to identify tumor subtypes non-invasively, could make radiomics 
a key player with an essential role in personalized oncology. In head and neck cancer radiotherapy, radiomic 
algorithms can predict not only the response to radiochemotherapy or induction chemotherapy but also 
the need for planning through adaptive radiotherapy (ART). Radiomics can also predict the risk of severe 
toxicities, especially that of xerostomia. Given the benefit that a de-escalation of treatment can bring in 
selected cases to improve the quality of life, radiomics is expected to be part of the therapeutic decision for 
head and neck cancers in the near future, and may help identify cases where de-escalation of multimodal 
therapy will not jeopardize the therapeutic benefit.
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INTRODUCTION

Radiomics is a modern and innovative 
method, derived from artificial intelli-
gence (AI), and consists in extracting 
large amounts of quantitative features 
from digital medical images. Ra-

diomics analysis can be performed using 
high-resolution structural imaging such as com-
puted tomography (CT), magnetic resonance 
ima ging (MRI), but also from digital radiography 
(RD) or ultrasonography (US). Hybrid imaging, 
and especially positron emission tomography – 
computed tomography (PET-CT), is also used to 
extract radiomic features. Subsequently, these 
features are correlated with clinical and biologi-
cal data to build predictive and prognostic mo-
dels with clinical utility. The number of articles 
proposing radiomic analysis in all areas of clinical 
medicine to aid in medical decision-making is 
growing. In oncology, the correlation of mining 
data from malignant tumor images in order to 
"decode" them is a constantly expanding re-
search direction. The growing need for biomar-
kers in the context of stratification of oncological 
disease turns radiomics into a key player in pre-
cision oncology. Radomics as „medical imaging 
biomarker” could be useful to predict the risk of 
recurrence after surgery and the response and 
duration of response either post-radiotherapy 
treatment or after systemic oncological treat-
ments (chemotherapy, target molecular therapy, 
immunotherapy). The possibility of predicting 
non-invasively and with minimal data costs ob-
tained by genomics and proteomics techniques 
is the object of the rule called „radiogeno- 
 mics” (1, 2).

The five steps of radiomics

In most cases, radiomic analysis consists of five 
distinct stages: image aquisition, segmentation, 
features extraction, feature selection and ra-
diomic analysis. Here, we only consider the tra-
ditional approach in radiomics, and not deep 
learning, the modern method based on the con-
cept of neural networks that is used to stimulate 
human brain behavior by employing multi-layer 
learning for the analysis of medical images.

Acquisition of medical images is the first and 
also an essential stage, being an important source 
of uncertainties whenever certain standardiza-

tion rules are not implemented. A higher resolu-
tion aquisition and protocol standardization are 
essential in obtaining scientifically valid results. It 
is recommended that image acquisition should 
be done on the same machine and with the 
same acquisition protocol and parameters, 
whether we consider images obtained from ul-
trasonography, CT, MRI or PET-CT. Data prepara-
tion consists in selecting images that respect a 
protocol as standardized as being reproducible, 
eliminating those that do not meet the standards 
imposed in the study. In this stage, the type of 
target volume chosen (primary tumor, lymph 
node or distant metastasis) will also be taken into 
account, with either just one category or all cate-
gories being selected. The stage of data prepara-
tion and filtering also includes the choice of a fi-
nal objective that will be the object of correlations 
(general survival, recurrence, complete or partial 
response, tumor progression).

The next step, segmentation, aims to deter-
mine the volume of interest (VOI) and to deli-
neate it. Given the subjectivity in assessing the 
margins and delineation of a tumor volume by 
an expert, the option of choosing an automatic 
delineation algorithm or delineation is made by 
two experts in order to limit interobserver vari-
ability. In terms of standardization, automatic 
segmentation based on identification of stan-
dardized voxel values is preferred with respect to 
reproducibility. However, if the PET-CT tech-
nique was used, automatic self-segmentation 
without supervision of a nuclear medicine expert 
could lead to the identification of normal meta-
bolically active tissues such as tumors.

Feature extraction is the stage in which a soft-
ware application is used to extract data from 
VOI. In the radiomic analysis algorithm, the set 
of images is generally divided into two subsets: a 
model training set that includes about 80% of 
images and a validation set that includes the rest 
of the medical images. In this stage, we can ex-
tract first order features, which include the distri-
bution of pixel intensity, shape features, and tex-
ture features, which include data regarding the 
matrix of gray levels. Texture features are an ima-
gistic correspondence of tumor heterogeneity. 
Wavelet features are more difficult intuitive fea-
tures that describe textural and intensity features 
extracted from images using a wavelet decom-
postion algorithm. Free software applications 
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such as IBEX, LIFEx or MaZda radiomics can be 
used to extract these features. 

Feature selection is a process of reducing the 
number of variables in order to build a model 
that is as valid and less expensive as possible. 
The choice of features can be an automatic pro-
cess, by either a statistical selection of those 
characteristics which are correlated with the 
clinical endpoint or manual selection according 
to the literature data. Thus, the radiomic process 
can be supervised or unsupervised. 

The creation of the radiomic model involves 
the association of some characteristics or sets of 
characteristics with clinical data but also with mo-
lecular and genetic mutations characteristic of tu-
mors and tumor tissues. Thus, both radiomics and 
radiogenomics become non-invasive techniques 
to support the diagnosis and to predict some vari-
ables involved in the therapeutic decision. Algo-
rithms such as vector machine support (SVM) or 
random forest are used to create a radio signature 
that will include only those features that are cor-
related with the evaluated characteristics. SVM is 
a learning algorithm (3-5) (Figure 1).

Radiomics and radiotherapy/chemotherapy/
radiochemotherapy for HNC

Head and neck cancers, especially squamous 
cell carcinoma of the head and neck (HNSCC), 

are the sixth most common cancer worldwide, 
with the number of newly diagnosed cases being 
about 650,000 per year. In the locally advanced 
stages, the non-surgical treatment that offers the 
possibility of organ preservation is considered a 
therapeutic standard, consisting of radiotherapy 
and chemotherapy, the biggest challenge being 
to obtain the optimal treatment with limited to-
xicity. High-precision radiotheray techniques, 
3D-conformal (3D-CRT), intensity-modulated 
radiotherapy (IMRT) and intensity-modulated 
volumetric arc therapy (VMAT) are currently 
used to optimally conform the tumor target vo-
lumes to the prescribed radiation dose, thus pro-
tecting normal tissues and radiosensitive ana-
tomical structures in the vicinity. The concept of 
image-guided radiotherapy (IGRT) is the basis for 
obtaining a ballistic precision, essential for accu-
rately identifying and irradiation of target vo-
lumes and for radiosensitive structures sparing. If 
CT simulation became a standard in the IGRT 
era, the use of MRI and PET-CT helps to more 
accurate identification of tumor margins, but 
also to a metabolic characterization of cancer, 
with therapeutic and evolutionary implications. 
The concept of adaptive radiotherapy (ART) in-
volves treatment replanning after a number of 
delivered radiation fractions in order to respond 
to anatomical changes in the irradiated region or 
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to change the prescription dose and fractio-
nation regimen according to the biological re-
sponse of the tumor to irradiation (6, 7).

Although there have been improvements in 
both the quality of HNC radiotherapy and over-
all survival (OS) rate at five years has improved 
by less than 15% from 52.7% to 65.9% in the last 
two decades of the 20th century. The change in 
regional anatomy during the 6-7 weeks of treat-
ment is one of the causes that can affect the ac-
curacy of treatment with possible implications in 
the therapeutic ration. Reductions in the size of 
the target volume (the primary tumor or lymph 
nodes) and parotid glands shrinkage are known 
to occur during radiotherapy, affecting the do-
simetry, but also increasing the risk of planning 
target volumes (PTVs) "geographic miss". Ballistic 
errors due to changes in the anatomy of struc-
tures can occur in case of irradiation or could be 
asociated with high dose irradiation of organs at 
risk (OARs). Adaptive radiotherapy (ART) is a 
concept precisely developed in order to mini-
mize these anatomical variations and their clini-
cal implications. In fact, the concept includes 
two distinct trends: adapted anatomy (A-ART), 
where the prescribed doses on target volumes 
remain the same but only the regional anatomy 
changes, and adapted ART response (R-ART), a 
concept based on new radiosensitivity data and 
on re-evaluation of doses delivered in volumes 
or subvolumes for the purpose of escalation in 
regions of radioresistance in order to improve tu-
mor control and de-escalation in regions with 
increased radiosensitivity, in order to reduce the 
risk of treatment-associated toxicities (8, 9).

The use of medical imaging as a standard in 
both diagnosis and evaluation of treatment res-
ponse as well as in the planning of radiotherapy 
treatment opens new opportunities for radiomic 
analysis to improve HNC management. In the 
last decade, conventional radiological imaging 
has become not only the object of study of the 
imaging physician but also a "mine" from which 
large amounts of data can be extracted. Having 
the capacity to extract information about tumor 
heterogeneity using data mining, radiomics is a 
key player in precision medicine. However, the 
use of radiomics in clinical practice can currently 
only be used to guide the clinician's decision, 
without being implemented as a validated me-
thod, one of the reasons being the impossibility 
of standardization, a consensus in data acquisi-

tion, processing and reporting being urgently 
needed. Analyzing the capabilities offered by ra-
diomics, it is easy to anticipate possible applica-
tions of the method in the multimodal therapeu-
tic decision of HNC but also for radiotherapy 
treatment planning. From a predictive of the res-
ponse to radiotherapy or radiochemotherapy 
point of view, radiomics can non-invasively an-
ticipate the effect of treatment at established 
time intervals. Radiomics features range from 
simple and easy to intuit, like „mean”, „shape” 
and „volume”, to more complex such as „gray 
level co-occurence matrix” or „kurtosis”, which 
are more difficult to understand and more „ab-
stract”. Especially for the particular case of radio-
therapy, the segmentation of tumors for radiom-
atic analysis can be assimilated with delineation 
of target volumes. Shape, volume, sphericity are 
geometric features that can be extracted from 
the treatment planning systems (TPS) platforms. 
Hounsfield units (HUs), a relative quantitative 
measurement of density used in CT imaging or 
standard absorption values (SUVs) used to quan-
tify tumor metabolism in PET, are currently stan-
dardized as units of quantification in imaging but 
represent only some of the data that can be 
mined from high resolution images (10, 11).

Concerns to improve the performance of ra-
diotherapy have also focused on the field of ra-
diobiology, and more precisely, radiosensitivity. 
The involvement of genetic mutations in intrinsic 
radiosensitivity is demonstrated by the introduc-
tion of the radiosensitivity index (RSI) in the eva-
luation of tumor radiosensitivity. Reducing the 
genetic panel involved in radiosensitivity, pro-
posed by Eschrich et al at 10 RSI genes, becomes 
a tool with potential for clinical application. The 
model of adjustment of the LQ quadratic linear 
model, proposed by Scott et al, genomically ad-
justed radiation dose (GRAD) may also contri-
bute to the personalization of radiotherapy and 
individualization of standard 2 Gy fractions. 
Thus, radiogenomics opens new horizons in pre-
dicting non-invasive tumor radiosensitivity. Radi-
ogenomics and radiomics were investigated in 
HNC, demonstrating the ability to predict patho-
logical features, nodal and extranodal metasta-
ses, HPV status, toxicity of treatmets. Xerostomy, 
trismus and hearing loss were toxicities of radio-
therapy or radiochemotherapy analyzed in ra-
diomic studies on patients irradiated with HNC. 
Mutations such as TP53 CDKN2A, and PI3k, 
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which are commonly found in HNC, methyl-
ations of tumor suppressor genes such as RARB, 
DCC and MGMT, that may have downregulated 
expressions with clinical implications, have also 
been analyzed by radiomics (12-15).

Radiomics has demonstrated the ability to 
predict a tumor subtype of HNC characterized 
by human papillomavirus (HPV) status, tumor 
subtype of major importance especially in the 
case of oropharyngeal cancer, HPV status being 
included in the new TNM staging. With a repor-
ted increase in the prevalence of from 50.7% at 
the end of the last millennium to 69.7% in the 
first 10 years of the new millennium in North 
America, oropharyngeal cancers associated with 
HPV infection are characterized by major pro-
gnostic and response to therapy differences 
compared to ENT cancers associated with to-
bacco use. Radiomics prediction of the HPV eti-
ology involvement in HNC is one of the most 
studied applications. The p16 immuno-histo-
chemical evaluation, considered a surrogate bio-
marker, was frequently correlated with radiomics 
features extracted from CT images and less fre-
quently from PET-CT and MRI. The image selec-
tion algorithm was different across various 
studies, the use of contrast agent being one of 
the variables. Texture features were most com-
monly correlated with HPV status for HNC, es-
pecially for oropharyngeal cancers. The choice 
of VOI in the metastatic lymph node and the ex-
traction of radiomics features from MRI and 
PET-CT medical imaging are still less studied and 
will have to be validated as methods for radiomic 
evaluation of HNC (16, 17).

Zhu et al’s radiomic study was not limited 
only to the identification of HPV status, but the 
analysis was also associating the TP53 mutation 
detection. The authors identified two biomarkers 
with potential of prognostic for HNC by using a 
random forest classification algorithm. The ra-
diomic model proposed has also proven the abi-
lity to early predict the response to radiotherapy 
and chemotherapy. From two independent HNC 
cohorts, a training cohort of 101 cases and a va-
lidation cohort including 95 patients, 440 ra-
diomic features were extracted. Subsequently a 
prognostic models were created using three clas-
sifiers. The authors identified the type of the cho-
sen classifier as a factor associated with predic-
tive performance. The study estimates that 
radiomics will provide precision imaging bio-

markers for HNC patients in the future. Analy-
zing pre-treatment CT images without contrast 
agent, from 465 patients with oropharyngeal 
cancer, Head and Neck Quantitative Imaging 
Working Group of M.D. Anderson Cancer Cen-
ter proposes a two-feature radiomic signature, 
coonsidered with a higher predictive power. 
Most of the studies proposed multivariate Cox 
proportional hazard models and the three op-
tions regarding the prefered number and associ-
ation of radiomic features are as follows: „single 
feature”, „signature” or „radiomic score” (18, 19).

Errors and uncertainties in the reproducibility 
of radiomic studies may be present at all stages 
of the radiomic process. From the point of view 
of radiomic features, first order features, and es-
pecially entropy, are the most reproducible. 
Welch et al propose a set of safeguards in order 
to improve the radiomic signature by identifying 
vulnerabilities in the development of radiomic 
signature. The authors proposed external valida-
tion of a radiomic model (MW2018) by compa-
rison with radiomic data obtained from HNC 
tumors and lung cancer (20-22).

The value of radiomic analysis for radiothera-
py planning has been demonstrated not only in 
the case of HNC. Automatic segmentation of or-
gans at risk (OARs) is based on AI algorithms and 
greatly facilitates the activity of radiotherapy 
planning. While training a radiomic model using 
images from 15 HNC patients aquired by pre-
treatment and post-treatment MRI, Yang et al 
proposed a model for automatic contouring of 
the parotid glands. The radiomic model can be 
implemented in the process automation for 
changes in the shape and size of the parotid 
glands (shrinkage) during radiotherapy treat-
ment. The development of predictive models in 
order to predict tumor control probability (TCP) 
before treatment and to assess the toxicity risk, 
quantified by using normal tissue complication 
probability (NTCP), is based on dosimetric data 
extracted from dose volume histograms (DVH). 
Toxicities with the potential to severely affect the 
quality of life (QoL), even causing treatment dis-
continuation, such as dysphagia, mucositis and 
xerostomia, are included in NTCP models.

Retrospectively analyzing CT, MRI, and clini-
cal data including toxicities, evalauated accor-
ding to The Common Terminology Criteria for 
Adverse Events (CTACAE) from 266 patients 
treated with radiotherapy between 2009 and 
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