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 Introduction

Radiomics represents a novel frontier in precision me-
dicine, first introduced by Lambin et al. (1) as an effective 
method for analyzing specific radiological images using 
artificial intelligence. This technique is particularly vital in 
oncology, where analyzing thousands of diagnostic images 
(such as CT, MRI, PET-CT) is essential to capture details 
that are otherwise challenging to discern.

Radiomics involves four primary steps. Initially, it 
requires the acquisition of images (X-ray, CT, MRI, PET). 
Subsequently, a secondary segmentation process is under-
taken on the volume of interest, typically a potential patho-
logical lesion. This segmentation is executed via an expert 
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system that outlines the volume, delineates its boundaries, 
and incorporates all the acquisition slices into its radiomic 
protocol for further processing (2).

The subsequent stages involve feature extraction and 
analysis, tailored to each individual image identified by the 
system. The final phase is modeling, where the selected 
and extracted features are compiled into a database. This 
database is then used to develop predictive models for cli-
nical outcomes. In oncological radiomics, these features can 
aid in constructing models to assess risks of locoregional 
metastasis or recurrence, and to estimate cancer survival 
probabilities (3). These radiomic models may incorporate 
not only extracted features but also clinical variables such as 
patient age, cancer stage, and analyses on samples, including 
HPV detection.

Globally, over 550,000 cases of head and neck cancers 
are diagnosed annually, ranking as the sixth most common 
neoplastic disease worldwide (4). The majority of these 
tumors originate from epithelial tissue, with squamous 
cell carcinomas accounting for about 90% of diagnosed 
histotypes. Established risk factors for head and neck can-
cers include smoking, alcohol consumption, and human 
papillomavirus (HPV) infection. The treatment approach, 
which may involve surgery, radiation therapy (XRT), or 
systemic chemotherapy (CHT), is primarily dictated by 
the staging at diagnosis. It is estimated that approximately 
75% of these patients will benefit from radiation therapy 
for locoregional control (5). Currently, the development of 
biomarkers based on tumor radiomics is underway, aiming 
to gauge the neoplasm’s response degree both prior to and 
during treatment.

Recent radiomics studies, including the 2019 study 
by Dr. Zhu (6), have highlighted how specific bioimaging 
features correlate with various molecular characteristics 
of Head and Neck Squamous Cell Carcinoma (HNSCC), 
especially HPV. This correlation in HNSCC is characterized 
by a distinctive tumor phenotype, often involving younger 
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Fig. 1. PRISMA flow-chart

patients, where primary tumors are smaller and present with 
significant cervical adenopathy at diagnosis, and exhibit a 
favorable response to radiation therapy.

This study conducts a systematic literature review to en-
capsulate the role of radiomics in the head and neck region. 
It provides an extensive overview of radiomics-enhanced 
studies on HNSCC tumors, focusing on their potential for 
tumor evaluation, risk stratification, and outcome prediction 
in head and neck cancer therapy.

Materials and Methods

Search Strategy

Our research was executed across several databases: Pub-
Med, Cochrane, Scopus, and Embase. We utilized keywords 
including “head and neck” AND “radiomics” OR “texture” 
OR “histogram”. Further keywords such as “lymph node”, 
“HPV” OR “Human Papilloma Virus”, OR “treatment” OR 
“prediction” were integrated following a meticulous selec-
tion of MeSH terms. This approach directed our systematic 
analysis towards two primary facets of radiomic application 
in head and neck oncology: the prediction of treatment 
response and assessment of HPV status.

Inclusion and Exclusion Criteria

The timeframe for the selected studies spanned from 
2010 to 2022. Excluded were articles not addressing 
squamous cell tumors or those discussing them from a 

non-radiomics perspective. We also excluded publications 
available only as abstracts or those with text deemed too 
brief or non-informative, as well as systematic reviews. 
The inclusion criteria focused on articles in English with 
full texts accessible.

Inclusion criteria encompassed: 1) patients diagnosed 
with squamous cell head-neck tumors; 2) application of 
radiomics in delineating disease characteristics and/or 
response to treatments, including predictive analysis for 
specific treatments and/or tumor status assessment; 3) 
availability of data demonstrating statistical significance of 
clinical-radiological and radiomic correlations, in terms of 
AUC, sensitivity, specificity, and accuracy, or as a correlation 
coefficient (r).

Quality Assessment

The study was conducted adhering to the PRISMA 
(Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses) guidelines(7) (review registration: 351769). 
However, meta-analysis was not included due to the limited 
number of studies that provided adequate data and exhibited 
significant methodological diversity.

Data Extraction, Collection, Analysis, and Review

The analyzed model had to encompass radiomics-related 
features, but could also integrate additional clinical or pa-
thological aspects. Other considerations included potential 
genetic or histological characteristics of the tumor, patient 
sample size, image acquisition type, radiomic feature types, 
algorithms for result prediction, and when feasible, the 
Machine Learning classifier employed.

Results

We identified 885 studies through a systematic review 
of the literature (7) (Fig. 1). After removing duplicates and 
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applying our specified criteria, 167 records were deemed 
potentially relevant. Subsequent record analysis and full-text 
screening excluded non-matching studies, leaving 40 arti-
cles. Studies reporting non-squamous cell tumors, lacking 
full texts, or not involving radiomic screening and systematic 
review were also excluded. Ultimately, 9 papers were inclu-
ded in the qualitative synthesis for data extraction(8-16).

Radiomic Analysis for Evaluation of Response to Therapy in 
Advanced Tumors and Lymph Node Metastases (Table 1)

Tran and Osapoetra et al.(8-10) conducted clinical trials 
to identify predictive markers of therapeutic response and 
radiosensitivity in patients with metastatic lymph nodes prior 
to radiotherapeutic treatment. The results showed promising 
AUC values indicating prediction accuracy of 80%, 86%, 
and 85% at 24 hours, 1 week, and 4 weeks, respectively. 
A three-feature model predicted treatment response with 
87.5% accuracy.

Osapoetra et al.(10) analyzed 2-year recurrence-free 
survival in ER (early responders), LR (late responders), and 
PD (progressive disease) using an SVM model, achieving 
accuracies of 91%, 78%, and 27%, respectively.

Zhang et al.(11) conducted a retrospective study on 72 
patients with locally advanced HNSCC, finding that pri-
mary mass entropy and asymmetry measurements, across 
multiple spatial filters, correlated with overall survival (OS) 
independent of tumor dimensions, N grade, and other clinical 
variables. This study lacked internal validation and included 
only patients treated with chemotherapy. The radiomic mo-
del showed a statistical difference in lymph nodal response 
to chemotherapy (AUC: 0.85).

Ou et al. (12) matched 120 patients with advanced 
HNSCC into two groups: concurrent chemo-radiotherapy 
(CRT) and brachytherapy (BRT). They found that a radiomic 
feature based on 24 characteristics significantly predicted OS 
and PFS. Multivariate analysis indicated that this 24-item 
feature significantly predicted OS (HR=0.3, P=0.02) and 
PFS (HR=0.3, P=0.01). Combining the radiomic signature 
with p16 status showed improved prognostic performance 
compared to p16 alone (AUC=0.78 vs. AUC=0.64 at 5 
years, P=0.01) or the radiomic signature alone (AUC=0.78 
vs. AUC=0.67, P=0.01).

Predictive Status on HPV

Bogowicz et al. (13) focused their analysis on primary 
tumor regions, estimating 317 CT radiomic features. Cox 
and logistic regression models were constructed to predict 
local control (LC) and HPV status. Features showing the 
best performance in univariate analysis were included in 
a multivariate analysis, excluding redundant features. The 
radiomic LC model was compared with models incorpora-
ting clinical parameters. A radiomic feature comprising 3 
characteristics was significantly associated with LC (training 
CI = 0.75 and validation CI = 0.78), indicating that tumors 
with more heterogeneous CT density distribution had incre-
ased risk for LC reduction. Adding clinical parameters to the 
radiomic model improved the model in the training cohort 
but not in the validation cohort. Another radiomic signature 
showed good performance in predicting HPV status (training 

AUC = 0.85 and validation AUC = 0.78), suggesting that 
HPV-positive tumors have a more homogeneous CT density 
distribution.

Huang et al. (14) studied several molecular phenotypes 
of HNSCC, including DNA methylation subtypes, HN-
SCC gene expression subtypes, and common somatic gene 
mutations. They employed the MethylMix algorithm and 
consensus clustering for subtyping, utilizing a large radio-
mic feature set of 540 features from pre-treatment CT scans 
of 113 patients. Feature selection and LASSO-penalized 
logistic regression were applied in nested cross-validation. 
Machine-learning classifiers showed moderate to good 
predictive performance in identifying HNSCC molecular 
phenotypes, outperforming models based solely on clinical 
variables.

In a cohort of 126 patients with HNSCC, Zhu et al. (15) 
examined correlations between radiomic features from 
contrast-enhanced CT images and whole-genome multi-
omic data. They identified over 5000 significant associations, 
suggesting a widespread correlation between genomic 
markers and radiomic features. Random forest classifiers 
trained in 5-fold cross-validation were used to predict HPV 
status and TP53 disruptive mutation status, with the best 
model achieving an AUC of 0.641 (average over 30 cross-
validation repetitions).

Min Park et al. (16) conducted a retrospective study on 
155 patients with OPSCC (oropharyngeal squamous cell 
carcinoma), using machine learning to extract radiomic 
features from preoperative MRI. The logistic regression 
model showed an AUC of 0.792 in predicting HPV status. 
The LightGBM model had an AUC of 0.8333 for the same 
prediction. AUC values of 0.7871, 0.6713, and 0.6638 were 
reported for predicting lymphovascular invasion, extracapsu-
lar nodal spread, and metastatic lymph nodes, respectively. 
For predicting disease recurrence, the LightGBM model 
showed an AUC of 0.8571, while for predicting patient 
death, the AUC was 0.8175.

Discussion

Radiomics, a synergy of artificial intelligence and radio-
logical data analysis, has emerged as a pivotal gateway to 
the future of precision medicine, particularly in the realm of 
oncological diagnosis and treatment. In the domain of head 
and neck oncology, squamous cell carcinoma represents the 
most prevalent tumor type. Recent advances in radiomics 
have elucidated the correlation between specific bio-imaging 
features and molecular traits of Head and Neck Squamous 
Cell Carcinoma (HNSCC), especially with regard to Human 
Papillomavirus (HPV). This correlation is characterized by a 
unique tumor phenotype, predominantly affecting younger 
patients, and exhibiting a notably favorable response to 
radiation therapy.

Effective Relevance of Radiomic Enhancement in Predicting 
Treatment Response in HNSCCs

Quantitative ultrasound (QUS) has proven to be a 
groundbreaking tool in detecting tumor treatment respon-
ses earlier than conventional imaging methods. It does so 
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by capturing the ongoing changes in the elastic properties 
of tissue, which are indicative of cellular death. Utilizing 
raw radiofrequency (RF) data, QUS provides insights 
into the tissue microstructure’s elastic properties and un-
derlying biology (17). The analyzed data, encompassing 
ultrasonographic studies that include quantitative analysis, 
microvascularization, and micronecrosis, were correlated 
with CT studies.

Previous studies have demonstrated the potential of QUS, 
obtained both before and during treatment, as a promising 
predictor of treatment response in head and neck tumors(6; 
18). For instance, in a cohort of 32 patients, pre-treatment 
QUS predicted response at 3 months with an 88% accuracy 
rate. Moreover, in a subsequent study involving 36 patients, 
the performance classifier was enhanced when QUS features 
were acquired during radiotherapy, as early as after 1 week 
of treatment.

The management of head and neck malignancies has 
evolved significantly in recent decades. Radical radiotherapy 
(RT), often accompanied by concurrent chemotherapy, has 
been recognized as the standard of care for primary cancers 
of the pharynx and larynx. This approach has led to improved 
organ preservation rates, crucial for maintaining key fun-
ctions such as swallowing, speech, and respiration, intrica-
tely coordinated by the head and neck anatomy. The advent 
of intensity-modulated RT and image-guided treatment has 
further reduced normal tissue toxicities, like xerostomia 
(19). Despite these advancements, a significant proportion 
of patients still experience disease recurrence, and many 
who are cured continue to suffer from long-term treatment-
related toxicities that severely impact their quality of life. 
This challenge has fueled the pursuit of reliable biomarkers 
for real-time monitoring of cell death during treatment and 
for predicting overall treatment response.

Fatima K et al. were pioneers in proposing the use of 
delta-radiomic QUS during RT as a straightforward, rapid, 
and cost-effective imaging modality to predict response 
to radical RT treatment in head and neck malignancies. 
Delta-radiomics refers to the temporal changes in radiomic 
features linked to treatment-induced alterations in the tumor. 
This approach, targeting the largest metastatic lymph node 
(LN), demonstrated that changes in the biological structure 
of LN post-RT correlate with the patient’s response, thereby 
establishing a link between LN response and locoregional 
control. The advantage of QUS radiomics lies in its ability to 
develop biomarkers from a non-invasive imaging modality, 
with rapid scan acquisition and excellent patient compliance. 
This makes it an attractive strategy for real-time monitoring 
of treatment response during the early stages of treatment.

Prediction of HPV Infection Based on Radiomic Features in 
HNSCC Tumors

In recent years, numerous studies have explored the as-
sociation between radiomic features of HNSCC tumors and 
HPV infection status. Researchers like Buch et al. and Fujita 
et al. have investigated the relationship between individual 
texture features and HPV status (21-22). Meanwhile, other 
researchers have developed various machine learning models 
to predict HPV presence in HNSCC. Table 2 summarizes 
the reviewed studies focusing on radiomic intervention in 
HPV-positive tumor characteristics. These studies stand out 
because they demonstrate statistical significance superior to 
the other reviewed works.

While some studies omitted details of the HPV test used 
for diagnosis, others employed immunohistochemical testing 
to predict p16 status. Most studies utilized CT-based radio-
mics for HPV classification. However, few studies reported 

Table 2. Prediction of HPV infection based on radiomic features in Head-Neck Squamo-Ccellular Tumors (HNSCC). 

First Author, 
year, 
Country

N° pts/ type of 
cancer

HPV p16
Radiol.
Technique

Predictive status on HPV

Bogowicz M13, 

2017, 
Switzerland

93 HNSCC Positive CT Radiomic model evidenced a good prediction performance 
in both the training cohort (AUC=0.85) and validation cohort 
(AUC=0.78)

Zhu 15,  
2018
USA

126 HNSCC ND CT Radiomic model did not show statistic difference between 
the average AUCs obtained with different numbers of featu-
res (higher AUC= 0.71)

Huang C14, 
2019, 
China

113 HNSCC Positive CT Radiomic models distinguished HPV+ from HPV- status 
(AUC= 0.73)
Radiomic model had an high performance to discrimin 
MethylMIx HPV+ from the other patients (AUC= 0,79). 

Min Park UY 16,
2022
South Korea

155 OPSCC Positive MRI The logistic regression model showed AUC= 0.792 in pre-
dicting human papillomavirus (HPV) status.

Bos P18

2021, 
Netherlands

153 OPSCC Negative MRI-T1 after 
contrast agent

Radiomic models showed low performance for LC (AUC 
0.587 to 0.66) and OS (t AUCs 0.559 to 0.600). 
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on the quantitative diffusion MRI approach(23), highlighting 
differences in apparent diffusion coefficient values between 
HPV-positive and HPV-negative OPSCC. Nevertheless, there 
has been no report on radiomic signatures based on MRI for 
predicting HPV status.

A notable limitation of this method is its resolution, 
which is not sufficient to accurately analyze lesions smaller 
than 1 cm in diameter. This limitation underscores the need 
for ongoing refinement in radiomic techniques and the in-
tegration of more advanced imaging modalities to enhance 
the precision and applicability of radiomic analysis in head 
and neck oncology.

Conclusions

Radiomics has emerged as a transformative tool in onco-
logy, offering rapid, cost-effective, non-invasive, and com-
prehensive tissue and organ characterization. Its ability to 
extract features directly from both standard and specialized 
(preprocessed) medical images — such as specific sequences 
in MRI or elasticity measurements in QUS — positions it as a 
technology that complements traditional clinical predictors. 
This integration of radiomics is a stride towards personalized 
precision medicine in cancer care.

In oncology imaging, radiomics characterizes the attribu-
tes of pixels or voxels and their spatial relationships within an 
image. When these features are processed and compiled into 
big data, they yield high-dimensional imaging markers that 
provide insights into the cytobiology of tumors. Leveraging 
radiomic information, both pre- and intra-treatment, enables 
the development of tailored therapeutic programs and enhan-
ces the precision of radiotherapy treatments (24).

Tumor characterization, particularly in patients with 
squamous cell neoplasia of the head and neck, remains a 
challenge. Structural intratumoral heterogeneity, a manife-
station of variations in tumor biology, often eludes traditional 
diagnostic techniques. Radiomics, offering a semi-quantitative 
assessment alongside traditional qualitative evaluation, can 
address this heterogeneity. It effectively allows for an internal 
assessment and examination of tumors, revealing morphologi-
cal parameters and texture features derived from voxel or pixel 
characteristics. However, it’s important to note that techniques 
like PET-CT and MRI face resolution limitations, particularly 
in analyzing lesions smaller than 1 cm in diameter (25).

Radiomic-based biomarkers for HPV status hold poten-
tial for aiding pathologists, especially when standard p16 
immunohistochemical staining yields equivocal results or 
requires supplemental testing. In line with the 2018 guideli-
nes of the College of American Pathologists, which recom-
mend p16 immunohistochemistry as a surrogate marker for 
HPV in primary tumor specimens, radiomics can serve as 
an inexpensive confirmatory test for HPV status. Moreover, 
radiomic signatures for HPV classification could function 
as prognostic biomarkers in patients with oropharyngeal 
squamous cell carcinoma (OPSCC).

The integration of artificial intelligence, common sof-
tware analysis, and imaging acquisition techniques opens up 
possibilities for developing oncological features predictive 
of therapeutic response. The future of radiomics lies in ex-
ploring the roles of other imaging modalities such as MRI or 

FDG-PET and the application of advanced machine learning 
classifiers to enhance classification performance. Radiomics 
also has potential applications in detecting HPV-associated 
metastatic lymph nodes in carcinoma of unknown primary, 
guiding the search for oropharyngeal cancer sources.

While our research has highlighted various limitations 
of the current methodologies, technological advancements 
are expected to overcome these challenges, particularly the 
issue of dimensional limits. The evolving understanding of 
tumor necrosis heterogeneity through radiomic analysis is 
poised to yield highly useful features, marking a significant 
advance in the field of oncological imaging and treatment.
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