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Opinion statement

Head and neck cancers can be used as a paradigm for exploring “big data” applications in
oncology. Computational strategies derived from big data science hold the promise of
shedding new light on the molecular mechanisms driving head and neck cancer patho-
genesis, identifying new prognostic and predictive factors, and discovering potential
therapeutics against this highly complex disease. Big data strategies integrate robust
data input, from radiomics, genomics, and clinical-epidemiological data to deeply de-
scribe head and neck cancer characteristics. Thus, big data may advance research gener-
ating new knowledge and improve head and neck cancer prognosis supporting clinical
decision-making and development of treatment recommendations.

Introduction

Technological innovation combined with automation
has generated a tremendous amount of available data,
also called “big data” [1, 2]. However, what big data
means for health care is not straightforward. A recent
review [3] proposed to define big data exclusively by their
volume, considering “big dataset” only if Log(n × p) is
superior or equal to 7, where n is the number of individ-
uals and p the number of variables. This was proposed
considering that problems related to computational
methods do not exist for Log(n × p) inferior to 7.

Alternative widely used notions to describe the big
data are the three “Vs”: volume, variety, and velocity [3]
or that they are so large and complex that they are difficult
tomanagewith traditional software and/or hardware, nor
can they be easily managed with traditional or common
data management tools and methods [4].

Therefore, the previous are management-centered defi-
nition that highlights the core of innovation brought by
big data: a novel way to interrogate (large) amount of
information.

In this article, we refer to the definition proposed during
the workshop “Big data in health research: An EU action
plan” [5•] according to which “Big data in health” encom-
passes high volume, high diversity biological, clinical, en-
vironmental, and lifestyle information collected from sin-
gle individuals to large cohorts, in relation to their health

and wellness status, at one or several time points. Thus, big
data comes from a variety of sources, such as clinical trials;
electronic health records; patient registries and databases;
multidimensional data from genomic, epigenomic,
transcriptomic, proteomic,metabolomic, andmicrobiomic
measurements; and medical imaging. More recently, data
are being integrated from social media, socioeconomic or
behavioral indicators, occupational information, mobile
applications, or environmental monitoring [6].

This article reviews the use of big data and its related
technology to study head and neck cancers (HNCs).
New cases in Europe are expected to affect approximate-
ly 151,000 persons in 2020 [7]. However, HNCs are rare
when considered by anatomical subsites and histotypes
(incidence rate G 6/100,000) [8].

To contribute to the discussion on the use of big data
in health care and research, we focused on the following
objectives:

– to understand to what extent big data are used in
the field on head and neck oncology,

– to identify the purposes for which big data are
currently used in the field of head and neck
oncology,

– to understand the approach used (traditional vs.
big data analytics) for analyzing big data.

Applications of big data technology in HNCs

Results of literature revision reflect the innovative nature of big data approach in this
field, with several works published in recent years focusing on five main categories.
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Genomics
Here, we focus our interest not simply on genomic analysis in HNCs, which is a
well-established field of research, but on application of analytics technology to
genomic data. In particular, the use of support vector machine (SVM) [9] is a
trending approach in several cancers [10], and HNC research is proceeding in
this line. This machine learning method has been employed to generate prog-
nostic predictionmodel analyzing genomic data. Results have been reported for
laryngeal [11, 12], nasopharyngeal [13], oral cavity [14, 15], and HPV-positive
oropharyngeal carcinoma [16] and mixed subsites of HNCs treated with post-
operative chemoradiation [17].

Radiomics
The term radiomics refers to the application of a large number of quantitative
image features to obtain the comprehensive quantification of tumor phenotypes
[18]. It represents the most explored field of analytics investigation in HNCs.

Computer tomography (CT) imaging has been the focus of the early works
in the radiomics research [18]. InHNC field, the routine non-contrast-enhanced
CT scan performed for radiotherapy planning constitutes the basis for
radiomics development. Examples are especially aimed to provide a prognostic
biomarker in HNCs [19, 20, 21•] and in specific subsites, such as the orophar-
ynx [22, 23]. This particular subsite has been the focus of another investigation
exploiting CT-based radiomics to detect HPV status [24].

Other future applications of radiomics could impact intraoperative proce-
dures [25] and provide toxicities and treatment response prediction models [26].

The advances in this field are underlined by the availability of an already
published review [27•] focused on MRI radiomics; we refer the reader to this
paper for further insight on this topic. In this rapidly evolving field of investi-
gations, MRI provides a high number of features suitable for diagnostic and
prognostic purposes, especially with functional sequences such as diffusion-
weighted imaging (DWI) and apparent diffusion coefficients (ADC). Examples are
represented by an MRI-based tool to differentiate sinonasal malignancy from
inverted papilloma [28] or the use of MRI radiomics analysis as prognostic
indicator in nasopharyngeal carcinomas [29, 30].

We were able to identify only few papers exploring HNC’s radiomics
employing FDG-PET/CT scan, aiming to elaborate an algorithm for automatic
diagnosis of nasopharyngeal carcinomas [31] and to predict outcome based on
pre- and post-radio(chemo)therapy treatment in oropharyngeal carcinomas [32].

Optical imaging and enhancement technology
Clinical and optical examination is pivotal in patient’s evaluation and the con-
duction of surgical procedures. Optical imaging technology has developed using
different light sources or bioactive enhancers [33, 34]. Nevertheless, these ad-
vancements do not involve big data technologies. As much as with radiological
data, images generated during a clinical examination are suitable for elaboration
by algorithms able to enhance clinician’s diagnostic performance. Few examples
of this application are available in the literature, evaluating both preoperative
[35–40] and intraoperative [41, 42] settings. Simulators for training and
presurgical planning employing virtual reality are under development and could
be useful in the near future for both clinical and educational purposes [43, 44].
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Decision support tools able to distinguish precancerous—such as
leukoplakias—from cancerous lesions are under evaluation [45, 46].

Radiation therapy
Radiotherapy is one of the most effective and employed treatments for HNCs.
Its aim is to achieve a high probability of local tumor control at a low risk of
normal tissue complications. Normal tissue complication probability (NTCP)
is function of a complex of factors such as late radiation responses, tumor
control, and toxicities [47]. Analytics and big data technologies have been
employed to develop a decision-support system to model treatment outcome
and NTCP. These methodologies take into account the growing complexity of
radiation therapy, combining both predictive and prognostic data factors from
clinical, imaging, molecular, and other sources to achieve the highest accuracy
to predict tumor response and follow-up event rates [48].

Our literature review documents several efforts to define NTCP model for
HNC radiotherapy employing big data analytics [49–54]. Other fields of inter-
est seem to be related to adaptive radiotherapy [55, 56] and automated treat-
ment planning [57, 58].

Miscellaneous and integrations
The intrinsic complexity of HNCs and its treatments implies that multiple
factors drive patient’s outcome. Such complex of heterogeneous, non-genetic
factors has been referred to as exposome [59]. Emerging technologies provide
detailed information on drugs, toxicants, pollutants, nutrients, and physical
and psychological stressors on an omics scale. Examples of exposome investi-
gation in HNCs are available [60], but still lack a big data analytic approach.

Big data analysis has been employed in order to predict oncologic prognosis,
focusing on several inputs such as administrative records [61], hematological
markers and clinical characteristics [62], treatment specifics, or combinations of
several data [63, 64].

We report other fields of intriguing prospectives that may represent future
breakthroughs of big data technology. Some has described the possibility to
anticipate the potential activity of drugs in HNCs [65, 66], while others are
evaluating the feasibility of automated tumor aggressiveness assessment based
on pathological hematoxylin and eosin-stained slides [67]. All previously cited
works present interesting prospectives with promising results. Anyway, they
focus on a singular aspect of big data technology, limiting their potential.
Therefore, we also report on what we consider to be the next step in this field of
research. A multicentric study (Big Data and Models for Personalized Head and
Neck Cancer Decision Support, BD2Decide) [68•] is ongoing in Europe to develop
a decision support system for the prediction of HNC patient disease outcomes,
in particular for advanced stages. This will be obtained by new multiscale
signatures integrating radiomics, genomics, and clinical-epidemiological data.

Current status of big data research in HNCs

We developed a brief questionnaire about the use of big data in HNC research
based on the following steps:

– review of the literature,
– development of a draft questionnaire,
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– discussion of the draft questionnaire with different experts including statisticians,
research methodologists, epidemiologists, economists, and experts in logic.

The questionnaire was sent to major international collaborative research
groups working on HNCs and to pharmaceutical companies supporting HNC
research for a total of about 100 key research players.

Sixty-one, out of 100, responded to the questionnaire (response rate =
60%). Responders’ understanding of big data was in line with the one used in
this article. Thus, the main characteristics of big data enlisted by responders
included the following: big sample size, data variability, and the need of
algorithmic analyses. Only half of the responders were involved in big data
research on HNC objectives. The data sources mostly used in the “big data”
studies were clinical reports (either paper or electronic), radiologic and genomic
data, and, to a lesser extent, population-based cancer registries. These three
sources were also ranked as the most relevant. Data quality issues were con-
sidered by most of the responders a relevant concern because the quality of
health care data is highly variable and often incorrect; data are implausible;
there is a redundancy of data entries and duplicates; and results coming from
different laboratories, diagnostic techniques, and devices have to be carefully
managed. Thus, most of responders (68%) had planned to validate the results
either with prospective observational studies or with clinical trials.

Objectives of big data research in HNCs
Table 1 describes the aims of the studies responders are currently undertaking
on HNC using big data.

The aims listed were heterogeneous but included both descriptive and
analytical objectives (Fig. 1). Interestingly, regardless of different objectives,
nearly all responders agreed that the main real-life applications for the ongoing
big data research were the development of tools to:

– implement decision-making process in areas of uncertainty,
– define clinical guidelines,
– read complex phenomenon and generate new hypotheses.

Table 1. Aims of HNC big data studies according to survey participants

Answer choices Responders
Identification of risk factors/profiles 60.0%
Support to clinical decision-making process 56.7%
Safety and effectiveness assessment of a given therapeutic strategy in a real-life setting 33.3%
Developing tools, methods and algorithms for generating real-world evidence from real-world (big)data 36.7%
Assessing health care pathways and evaluating the corresponding appropriateness, costs, etc. 13.3%
Measuring risk-benefit and/or cost-effectiveness profiles of health care pathways 10.0%
Other 20.0%
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These applications represent areas of unmet needs for HNC treatment.
Given the nature of rare and heterogeneous tumor subtypes affecting patients
with multiple comorbidities, the possibility to deliver high-quality treatment is
impaired by lack of evidences. Big data could provide insights in the complexity
of HNCs, generating evidences for guidelines and personalized treatments
driving clinicians through uncertainties.

Future directions: how to exploit big data technology

Our review showed that big data are not commonly used in HNC research.
Studies based on big data are limited in numbers and based on traditional types
of study design and analysis. However, some specific big data applications,
namely radiomics and genomics, attract increasing interests.

Indeed, radiomics provides informative data for radiotherapic dose plan-
ning and toxicity prevention, while, until now, HNC genomic research did not
provide targets suitable of therapy and the main classifier for HNCs appears to
be HPV status rather than a specific genetic profile [70]. Big data technology
could facilitate the comprehension of the complex interaction of tumor’s and
host’s biology. An increased understanding at this level would enable to gen-
erate useful tools for actual precision medicine application.

Support to clinical decision
HNCs are composed of an heterogeneous group of complex diseases, oftenwith
atypical presentations. Multidisciplinary (MDT) treatments require intense and
specialized supportive care and high expertise which is lacking in most hospi-
tals, given HNC low incidence rate [71]. Thus, HNC challenges the current
cancer care model—based on trained physicians that shape solutions for the
single patient [72•]—because of the disease, patient, and treatment complexity
and the shortage of expertise.

Descriptive

Cross sectional

Data mining

Analytic

Big data studies in 

head and neck oncology

Prediction Causal inference
Modeling/simulation

Observational

Predictive

analytic

Experimental Observational Causal learning

Cross sectional

Cohort

Fig. 1. Approach to big data analysis. This figure shows the type of big data studies currently ongoing on HNCs based on the
taxonomy proposed by Sim [69••]. Based on survey results and literature review, the ongoing studies are mainly classifiable as
observational studies analyzed with a traditional approach.
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A new model for care delivery based on human-machine collaboration was
proposed [72•]. In our opinion, this model can contribute to address the HNC
complexity because it will create a system for decision support. This model is
based on three components: software-based algorithms, physician innovation
collaboratives (PICs), and clinician mix optimization. In our opinion, the first
two components are those more relevant for HNCs.

Next-generation software-based algorithms are emerging, e.g., CancerLinQ
and Watson. These algorithms enable rapid learning from patient data and
could allow for continuous adjustments to treatment plans [72•]. In addition,
emerging technologies will progressively handle not structured and diverse
data, furthering the potential of algorithms application [73, 74]. However,
softwares alone are not enough. Physicians have to coach their software-based
algorithms which means that physicians have to commit to using the same
software-based algorithms in their practices, to assess the performance of and
adjust the algorithms [72•]. Any adjustments would be tested and refined on
new cohorts of patients, creating a feedback loop that would be continuously
iterated over time [72•]. This process is well-suited to cancer care and especially
to HNCs since physicians dealing with such an oncological subspecialty already
have a practice of MDT team meetings through their tumor boards.

We do not believe, however, that the proposed clinician mix optimization
(i.e., appropriately supervised and specialty-trained nurse practitioners or phy-
sician assistants executing software-based algorithms at the point of care to
deliver it in a better or more efficient way) would be appropriate for HNCs
[72•]. This is due to the HNC characteristics which require the active involve-
ment of experts from a particularly wide variety of fields. An MDT for HNCs
should include at least a head and neck surgeon, a radiation oncologist, a
pathologist, a radiologist, and a medical oncologist. For HNCs, the MDT has to
take overall responsibility for assessment, treatment planning, and manage-
ment of all patients throughout the course of their disease including decision
about supportive care and rehabilitation. Thus, in our opinion, it seems un-
likely to substitute the figure and role of contemporary MDT. On the opposite,
it seems very relevant the idea to provide the MDTs with tools to support and
implement their decisions, to ameliorate their performance and ultimately the
patients’ outcomes.

Finally, the use of software-based algorithms in the clinical practice must be
paired with robust methods to enlighten their relevant aspects [75]. This is
particularly relevant for rare pathologies such as HNCs in which spurious
correlations with uncommon conditions may lead to inaccurate classifications
[76]. More importantly, new training will be needed to provide physicians with
the conceptual skills to interpret the outputs of algorithmic decision support
systems in light of the known challenges [76, 77].

Use of big data for generating new knowledge
Knowledge is considered the ultimate result of the process that elaborates crude
data with information and context. For example, a raw data as p16 immunohisto-
chemistry positivity is somehow useless without proper context. Adding informa-
tion like patient’s clinical characteristics, biopsy site, and pathologic diagnosis
(e.g., TxN1M0 squamous cell carcinoma from a level III neck lymph node)
defines the context of the p16 positivity data and generates knowledge. Therefore,
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deeper disease understanding (e.g., high probability of oropharyngeal primary
site) and more accurate prediction (good overall prognosis) can be drawn.

Knowledge is the driving force behind reasonable action, andmedicine is no
exception. Data science promise is to allow for different views and insights of
known problems though artificial intelligence (AI, i.e., machine learning, deep
learning) generating new knowledge. In other words, the emphasis is on (big)
data and its intrinsic strength rather than on the information elucidating the
context to achieve knowledge. In this scenario, big dataset volume with high
variety and accessibility would educate the algorithm and guide AI to the
synthesis of these vast observations.

While these statements hold true for some fields such as computer vision,
speech recognition, and robotics, another view pictures a more complex sce-
nario, suggesting the development of other areas enhancing human intelligence
support and at integration of different AI systems [78].

Use of big data results for developing guidelines
In the last decades, the evidence-based medicine (EBM) movement proposed a
straightforward hierarchy of evidence, with emphasis on the ones derived from
randomized clinical trials (RCTs) rather than from observational studies [79].
The highest rank of evidence was attributed to systematic reviews, the attempt to
evaluate the totality of evidences in order to offer to clinicians the best synthesis
of available knowledge. The inclusion in systemic reviews of observational
studies, such as cohort and case-control studies, highlights the possibility to
derive high level of evidence with study designs other than RCTs [80]. This
concept further evolved into the GRADE classification of evidence quality [81],
a system that takes into account other elements influencing evidence credibility
(i.e., study design, risk of bias, precision, consistency, directness, publication
bias, magnitude of effect, and dose-response gradients). This shift empowers
observational studies to provide definitive causal evidence [82•].

Clinical practice guidelines embody the attempt to apply available scientific
evidences to provide clinicians with guidance in the diagnostic and therapeutic
process at the point of care. In doing so, they should be considered a form of
decision support system able to standardize the clinical practice, reducing med-
ical errors and inappropriate, inefficient treatments. At times, clinical practice
guidelines provide recommendations in the absence of strong evidences. For
example, the National Comprehensive Cancer Network (NCCN) clinical guide-
lines on systemic therapy concomitant to radiotherapy are different for some
early-stage oropharyngeal cancers, based on their p16 status [83]. Interestingly,
NCCN panel members state that only a small number of patients with such
diseases participated in prospective clinical trials, causing the lack of evidence.
This is especially true for rare conditions, as in HNCs. In several circumstances,
properly designed RCTs or systemic reviews with adequate size to address open
clinical issues are simply not feasible. Available examples, such as the meta-
analysis on chemo-radiotherapy in HNCs of the MACH-NC Collaborative
Group, resulted from large collaborations and provided evidences that still drive
daily clinical practice [84, 85]. Unfortunately, this is more of an exception than
routine in head and neck oncology. Furthermore, a common critique to EBM-
centered clinical practice is the limited population it can be applied to. Given the
strict inclusion criteria of clinical trials, a large proportion of the everyday-
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population of a head and neck medical oncologist office does not fit in. None-
theless, one should assume that study-derived evidencewould apply to all. But as
the MACH-NC meta-analysis showed, the benefit from chemo-radiotherapy
rather than from radiotherapy alone in high-risk postoperative setting does not
apply to older patients, often excluded from clinical trials.

During the past years, retrospective observational study using population-
based cancer registries data evolved, showing the ability to collect clinical infor-
mation on stage, diagnostic exams, treatments, and follow-up, additionally to the
routinely collected cancer registry data. European high-resolution studies con-
ducted on several solid malignancies demonstrated that at least in some Euro-
pean Cancer Registries, this approach is feasible [86], although time and labor
consuming. Attempts aiming at data enrichment are ongoing, linking records
from cancer registries with different data sources such as health surveys, census, or
clinical discharge records [87–90]. However, although these new approaches will
provide high amount of data, it still lacks the ability to analyze them with
innovative technology in order to provide new insight on clinical issues.

In this scenario, big data-based observational studies could provide the
missing piece in the construction of a trustworthy, evidence-based indication
for clinical practice. Examples of such approach are already available, showing
how innovative datamining leads to novel observations [91]. Therefore, big data-
generated evidences should help in driving and sustaining guideline recommen-
dations and reducing the time lag between research and clinical practice. At the
same time, big data technology could be used to monitor guideline application
or deviation and related clinical outcome, helping a constant updating process
and benchmarking activities for quality assurance purpose. To allow this, all
factors driving clinician decision to deviate from recommended treatment should
be automatically recorded by the system. Since evidence alone never determines
decisions, context and values play crucial role in the personalization of health
care and development of a reliable decision support system.

Concerns and critics

While big data approach is welcomed by many, others voiced their doubts
concerning methodological aspects, unanticipated consequences, and loss of
privacy and autonomy [92•, 93•, 94–96]. Medicine has traditionally been a
science based on hypotheses which are tested by careful clinical studies [69••,
82•]. On the contrary, practitioners of big data come from a computational
tradition that is driven by data rather than by hypothesis testing [75, 92•]. These
methods work off raw observations and do not incorporate context knowledge
into evidence production. Therefore, an algorithm may detect a pattern in a
database but has no way of recognizing whether the result is true, spurious, or
affected by bias [69••]. Thus, it is clear whymany traditional clinical researchers
are questioning the use of big data in health care and research.

Another contradicting point is the amount of data required in order to
obtain an accurate, reliable information [95]. Prediction is the most common
purpose of big data analysis, as documented by the vast majority of cited papers
in the present article designing prognostic algorithms. While modeling tech-
niques for predictions require large datasets [97], forecasting seems to be
negatively affected by a merely high amount of data [98].
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The adequacy of observational study design based on electronic
databases is a cause of concerns. In fact, these investigations pose
several challenges that may compromise the validity of such studies
[95]. Therefore, methods to minimize the effect of both misclassifica-
tions (in the absence of direct assessments of exposure and outcome
validity) and confounding elements (in the absence of randomization)
need to be implemented [99].

Of note, several independent scientific participants in the ongoing discus-
sion on critical aspects and potential benefits of big data use inmedicine agreed
upon the need for physicians’ training to provide conceptual skills that will
enable them to guide this upcoming revolution [76, 77, 100, 101]. In fact, the
already ongoing deep interdisciplinary interaction between non-clinical and
clinical actors will profoundly shape medical practice evolution toward an
“augmented professionalism.”

Conclusion

The inevitable technological revolution is already affecting understanding
of HNCs, offering opportunities for daily practice improvements. Theory
and methodology supporting big data research in health care should be
strengthened, especially in the present and upcoming generations of
physicians.
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