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ABSTRACT

Introduction: Several studies have emphasized
the potential of artificial intelligence (Al) and its
subfields, such as machine learning (ML), as
emerging and feasible approaches to optimize
patient care in oncology. As a result, clinicians
and decision-makers are faced with a plethora of
reviews regarding the state of the art of appli-
cations of Al for head and neck cancer (HNC)
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management. This article provides an analysis
of systematic reviews on the current status, and
of the limitations of the application of AI/ML as
adjunctive decision-making tools in HNC
management.

Methods: Electronic databases (PubMed, Med-
line via Ovid, Scopus, and Web of Science) were
searched from inception until November 30,
2022. The study selection, searching and
screening processes, inclusion, and exclusion
criteria followed the Preferred Reporting Items
for Systematic Review and Meta-Analysis
(PRISMA) guidelines. A risk of bias assessment
was conducted using a tailored and modified
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version of the Assessment of Systematic Review
(AMSTAR-2) tool and quality assessment using
the Risk of Bias in Systematic Reviews (ROBIS)
guidelines.

Results: Of the 137 search hits retrieved, 17
tulfilled the inclusion criteria. This analysis of
systematic reviews revealed that the application
of AI/ML as a decision aid in HNC management
can be thematized as follows: (1) detection of
precancerous and cancerous lesions within
histopathologic slides; (2) prediction of the
histopathologic nature of a given lesion from
various sources of medical imaging; (3) prog-
nostication; (4) extraction of pathological find-
ings from imaging; and (5) different
applications in radiation oncology. In addition,
the challenges in implementation of AI/ML
models for clinical evaluations include the lack
of standardized methodological guidelines for
the collection of clinical images, development
of these models, reporting of their performance,
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external validation procedures, and regulatory
frameworks.

Conclusion: At present, there is a paucity of
evidence to suggest the adoption of these
models in clinical practice due to the afore-
mentioned limitations. Therefore, this manu-
script highlights the need for development of
standardized guidelines to facilitate the adop-
tion and implementation of these models in the
daily clinical practice. In addition, adequately
powered, prospective, randomized controlled
trials are urgently needed to further assess the
potential of AI/ML models in real-world clinical
settings for the management of HNC.
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Key Summary Points

Several studies have emphasized the
potentials of artificial
intelligence/machine learning (AI/ML) for
the improved management of head and
neck cancer (HNC).

Researchers, clinicians, and healthcare
decision-makers are faced with the
challenge of summarizing these studies in
HNC management

We analyzed all the systematic reviews
relating to the application of AI/ML for
the management of HNC.

The applications of AI/ML for head and
neck oncology can be thematized into: (1)
precancerous and cancerous lesions
detection within histopathologic slides;
(2) prediction of the histopathologic
nature of a given lesion from various
sources of medical imaging; (3)
prognostication; (4) extraction of
pathological findings from imaging; and
(5) different applications in radiation
oncology.

Standardized guidelines are warranted to
facilitate the adoption and
implementation of these models in
everyday clinical practice.

INTRODUCTION

Head and neck cancer (HNC) comprises a
heterogenous group of cancers in terms of eti-
ology, behavior, and outcome, with squamous
cell carcinoma representing the most common
histology [1]. In recent decades, there have been
considerable advancements in the therapeutic
repertoire for the management of HNC [2].
However, HNC mortality rates have not signif-
icantly improved [2], as the majority of these
tumors are still diagnosed at an advanced stage,
which reduces survival rate even after curative-

intent treatment [3, 4]. Therefore, different
methods and strategies have been explored for
early detection of HNC to improve treatment
outcome. In recent years, machine learning
(ML) and deep learning (DL) techniques, which
are subfields of artificial intelligence (AI), have
shown promising results in various efforts of
outcome prognostication in HNC due to their
ability to learn complex relationships between
datasets. The method of learning relationships
is used to classify different patterns to more
effectively predict treatment outcome [S5, 6].

Several studies have utilized Al techniques
on various forms of medical data, such as clin-
ical, videoendoscopic, histologic, pathologic,
genetic, radiologic, metabolic, or a combination
of these, to improve clinical decision-making or
to speed up novel drug discovery. In addition,
recent technological advancements in com-
puter science, availability of large medical
imaging datasets, and improved ML/DL algo-
rithms have further enhanced the potential for
application of Al in oncology. As a result, sev-
eral promising studies emphasizing the diag-
nostic and prognostic potentials of Al models as
an assistant decision-making tool have been
reported during the last decade [7-9]. Subse-
quently, clinicians and decision-makers are now
faced with a plethora of reviews summarizing
the evidence for the application of Al in HNC
management.

This article aims to address the research
question: what is the current status and what
are the limitations of the application of Al
platforms as adjunctive decision-making tools
in HNC management? Several articles have
been published emphasizing the promising
potential of AI (ML/DL) models as an ancillary
tool for HNC management. As a result, several
reviews have been published to summarize
these articles. However, these reviews signifi-
cantly vary in quality and scope. Thus, a sys-
tematic analysis of these reviews is essential to
appraise, summarize, present, compare, and
contrast separate contributions in a single study
[10]. Here, we systematically examined all the
existing systematic review articles regarding the
application of Al in HNC management.
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Fig. 1 The PRISMA flowchart

METHODS

Search of Databases and Study Period

Medline via Ovid, PubMed, Scopus, and Web of
Science databases were systematically searched
from inception until 30 November, 2022, to
retrieve all systematic review articles that
examined the application of Al or ML in HNC
(Fig. 1). To reduce research waste and to maxi-
mize grey literature, Google Scholar was sear-
ched for potentially relevant systematic reviews.
Research Ethics Committee approval was not
needed for this systematic literature search.

Search Terms

The potentially relevant articles were retrieved
by combining search keywords: [(‘Artificial
Intelligence OR Machine Learning’) AND (‘head
and neck cancer’) AND (‘Systematic Review’)].

Search Analysis

All the retrieved potentially relevant articles
were exported to Endnote for further analysis.
The hits were analyzed for possible duplicates
and irrelevant studies. The inclusion and
exclusion criteria were defined based on the
study-specific research questions.

Inclusion Criteria

All studies that had systematically reviewed
articles that examined the application of Al or
its subfields in HNC. To minimize inadvertent
omissions, the reference lists of all the poten-
tially systematic reviews were manually sear-
ched to ensure that all the relevant systematic
reviews were adequately included. The potential
reviews were further analyzed based on the
PICO model (Population, Intervention,
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Table 1 Inclusion and exclusion using modified PICO

model

Selection Inclusion criteria

criteria

Exclusion criteria

P: population  Review or
systematic review
that examined the
application of
deep learning
(DL) or its
subfields such as
machine learning

in head and neck
cancer (HNC)

I: intervention Artificial
intelligence and
its subfield such as
deep learning
(DL) or machine
learning (ML)

C: Reviews that
comparison compared several
articles using

PRISMA
guidelines

O: outcome  Examined the
application of DL
or ML for either
diagnosis,

prognosis, or both

Reviews that
examine other
subsites other
than HNC.
Reviews in other
languages than
English

Traditional
statistical

method

Non-systematic
reviews (i.e.
narrative

reviews)

General overview,
editorial,
narrative studies,

and comments

Comparison, and Outcome) prior to inclusion

in this review (Table 1).

Exclusion Criteria

All studies that reviewed the application of Al or
its subfields in any of the subsites of HNC were
excluded. Comments, opinions, perspectives,
guidelines, editorials, articles other than sys-
tematic reviews, and papers in languages other
than English were excluded.

Search Reporting and Screening

Two independent researchers performed the
screening of potentially relevant articles. The
screening was done in two phases. In the first
phase, the review titles and abstracts were
examined in relation to the research objective
of this study. In the second phase, a compre-
hensive full-text assessment of the potential
reviews identified in the first phase was further
analyzed. A data extraction sheet was used to
minimize the omission of possible eligible
studies. The same two independent researchers
discussed to resolve possible discrepancies. The
inter-observer  reliability = between  these
researchers was measured using Kappa Cohen’s
coefficient (k = 0.94). All eligible studies to be
included are summarized in Table 2. The entire
process of literature search, screening, inclusion
and exclusion, and reporting of the potentially
relevant studies followed the Preferred Report-
ing Items for Systematic Review and Meta-
Analysis (PRISMA) (Fig. 1).

Data Extraction

For each eligible systematic review, the first
author’s name, year of publication, country,
area of application of the review, review objec-
tives, number of databases searched, number of
included studies, and conclusion from the sys-
tematic review were reported (Table 2). Based on
the conclusion from the included reviews, the
various applications of Al were summarized.
The limitations mentioned in these reviews
were noted. This article is based on previously
conducted studies and does not contain any
new studies with human participants or animals
performed by any of the authors. Therefore, a
research ethics board approval was not
applicable.

Quality Appraisal

The quality appraisal of the included systematic
reviews was done using two different quality
assessment tools: a modified version of the
National Institute of Health Quality Assessment
tools and the Assessment of Multiple Systematic
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Reviews (AMSTAR-2) tool. Similarly, the risk of
bias of the included studies was analyzed using
the Risk of Bias in Systematic Reviews (ROBIS)
tool (Sect. 2.9). Following the extraction using
the PRISMA guideline, a preliminary assessment
of the quality of the included studies was done
using a modified version of the National Insti-
tute of Health Quality Assessment tools [11].
The modification was warranted considering
the nature of this study as a review of systematic
reviews. The modification includes design (sys-
tematic review), methodology (electronic data-
bases were systematically searched),
interventions (Al and its subfields were applied),
and statistical analysis (summary of the perfor-
mance metrics and conclusion from the inclu-
ded studies) (Table 3) [6]. For each criterion, a
corresponding score was assigned (Totalscore
for all the criteria = 100%; Yes = 25%;No or
Unclear = 0%; Mininum threshold score > 75%).
Studies that met the minimum quality thresh-
old were subjected to the main quality assess-
ment using the revised version of the AMSTAR-
2 tool (Table 4) [12].

Risk of Bias Analysis

Assessing the risk of bias of the included sys-
tematic reviews ensures that their quality is
reliable. The risk of bias of the included reviews
was assessed using the ROBIS tool. The details of
the bias analysis and the corresponding results
from each examined bias are given in Table 5.

RESULTS

Results of the Database Search

A total of 137 hits were retrieved. After deleting
duplicates (n=31), and irrelevant papers
(n=81), we found 17 studies eligible to be
included in this review as shown in Fig.1
[1, 5, 7, 13-26].

Characteristics of Relevant Studies

All the articles included in this review were
published in English. Of the 17 included

systematic reviews [1, 5, 7, 13-26], 11 were
conducted in Europe [1, 5, 7, 14, 15,
17-19, 21, 22, 24] while 4 were conducted in
Asia [16, 23, 25, 26] and 2 in the United States
[13, 20] (Table 2). All but one of the included
systematic reviews showed high-quality apprai-
sal and low risk of bias (Tables 3, 4). Seven of the
systematic reviews were conducted in the year
2021 [1, 5, 16-20], 6 in 2022 [21-26], and the
remaining 4 before the year 2021 [7, 13-15].

Current Status of Al in HNC Oncology

The findings of the published systematic
reviews (Table 1) suggest that the application of
Al and its subfields in HNC can be summarized
in 5 distinct fundamental themes: (1) detection
of precancerous and cancerous lesions in
histopathologic slides [7, 18]; (2) prediction of
histopathologic nature of a given lesion from
imaging [1, 5, 13-15, 17, 21, 22, 24-26]; (3)
prognostication [5, 17, 18, 20, 21, 23]; (4)
extraction of pathological findings from imag-
ing [15, 16, 20]; and (S5) applications in radia-
tion oncology [15, 17, 19].

Theme 1: Detection of Precancerous

and Cancerous Lesions in Histopathologic
Slides

The included studies produced ML models with
an average accuracy ranging between 79 and
100% for the detection and grading of poten-
tially malignant (precancerous) and cancerous
head and neck lesions using whole-slide images
(WSI) of human tissue slides [7]. The average
dataset used ranged between 40 and 270 uni-
centric WSI. Thus, with this promising accu-
racy, ML models are poised to act as a diagnostic
aid for detection and grading of oral potentially
malignant and malignant lesions [7, 18], espe-
cially as ML accuracy can improve as more
datasets are utilized.

Theme 2: Prediction of Histopathologic Nature
of a Given Lesion from Imaging

ML models act as a diagnostic aid for the HNC
detection using a range of imaging modalities
such as histologic WSI of hematoxylin and
eosin (H&E)-stained tissue sections (as detailed
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Table 3 The quality appraisal of the included systematic reviews

Design Methodology Interventions Statistical analysis Score (%) Interpretation
- Patiletal, 2019, Italy 100 High
Volpeetal, 2021, italy & @ @ 75 High
| Kimetal, 2022, Korea @ @ @ 100 High
© Ngetal,2022,China @ @ 75 High

Modification includes design (review or systematic review), methodology (electronic databases were systematically searched),
interventions (Al and/or its subfield were applied), and statistical analysis (conclusion from the included studies)

above), radiologic data (MRI, CT, PET/CT, and
plain film intraoral radiographs), hyperspectral
imaging (HSI), videoendoscopic/clinical exami-
nations, and multimodal optical imaging. For
instance, the application of ML models for

predicting the histopathologic nature of a given
lesion from endoscopic or radiologic images
includes the detection of oral squamous cell
carcinoma (OSCC) with an average sensitivity
of 92% and specificity of 91.9% [25]. Similarly,
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Table 4 Assessment of the quality of the included studies using modified AMSTAR tool

Studies numbers (Ref: Table 2)

AMSTAR Parameters

1.

10.

11.

Was an ““a priori”
design provided?

Was there duplicate
study selection and
data extraction?

Was a comprehensive
literature search
performed?

Was the status of
publication (i.e., grey
literature) used as an
inclusion criterion?

Was a list of studies
(included and
excluded) provided?

Were the
characteristics of the
included studies
provided?

Was the scientific
quality of the included
studies assessed and
documented?

Was the scientific
quality of the included
studies used
appropriately in
formulating
conclusions?

Were the methods
used to combine the
findings of studies
appropriate?

Was the likelihood of
publication bias
assessed?

Were potential
conflicts of interest
included?

Legend:

Yes: MI; No: [X], Can’t answer: ?, Not applicable: NA

1

™

NA

2

NA NA NA NA NA

M M M o
M M M o
M M M o
M M M o
M M M o
M M M o

7

NA

Included studies

8

4}

NA

9 10 11 12 13

M 4 M4 4 o

Xl M M M4 o

NA NA NA NA M

14

NA

15

16 17
M ™
M ™
M ™
M ™
M ™
M ™
M ™
M ™
NA NA
7 2

M M M M M M 4 4 M
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Table 5 Presentation of the ROBIS results

Reviews Phase 2 Phase 3
1. Study 2. Identification and 3. Data collection and 4. Synthesis Risk of bias in
eligibility selection of studies study appraisal and findings  the review
criteria

#1 ! ! ! ! !

#2 NA 1 1 1 1

#3 ! | | ! |

#4 ! | | ! !

#5 ! l | ! !

#6 | | | ! |

#7 ! | | ! !

#38 1 l l ! !

#9 NA T T 1 1

#10 ! l | ! !

#11 ! | | ! |

#12 ! ! ! l !

#13 | | | ! !

#14 1 | | ! !

#15 ! l l ! !

#16 ! ! l ! !

#17 ! | | ! l

Low risk = |, high risk = T, unclear = NA

Al models have shown an average sensitivity of
90.4% and specificity of 88.4% in discriminat-
ing between oral precancerous and cancerous
lesions from normal mucosa by means of clini-
cal pictures [26]. Furthermore, radiomics-based
ML has been employed to identify occult
involvement of cervical lymph nodes in HNSCC
[21, 22, 24] and to aid in the assessment and
evaluation of/or differentiation between oral
potentially malignant disorders and OSCC [1, 7]

This approach has been reported to be useful
for region of interest (ROI) segmentation
methods, image pre-processing, and feature
extraction [13, 17]. ML models have been
reported to be used for the classification of the
HPV status of oropharyngeal SCC and the
identification of nasopharyngeal SCC [1, 15].

Moreover, they have also been used to detect
oral, nasopharyngeal, oropharyngeal, and
laryngeal cancers using videoendoscopic/clini-
cal images. HSI has been used by AI/ML models
for early detection and diagnosis of OSCC, dif-
ferentiation between normal and cancerous
tongue tissue, and multispectral wide-field
optical imaging to distinguish between oral
cancer/precancer and non-neoplastic mucosa

[1].

Theme 3: Prognostication

Al techniques have been utilized to explore vital
information contained in clinicopathologic and
genomic data to aid in cancer management
(Fig. 2). For genomic data, ML models have
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Fig. 2 Workflow of ML model development for outcome prediction
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been used for prognostic prediction by identi-
fying and classifying patterns for the discovery
of new biomarkers, drug targets, and a better
identification of critical cancer genes in HNC
management [14]. In recent years, radiomics-
based ML approaches have been used for pre-
dicting oncologic outcomes based on tumor
characteristics associated with overall survival
in multiple cohorts of patients with HNC [20].
ML models have been generated and used to
predict other oncologic outcomes such as pro-
gression-free survival, local-regional relapse,
and occurrence of distant metastases
[17, 20, 23]. These models, which aid the pre-
diction of survival, provide a step closer to
achieve personalized risk-based treatment
selection, which may be used to escalate or de-
escalate treatment intensity in a patient-tailored
fashion [5, 18]. Furthermore, HNC patients may
be stratified into risk groups for effective treat-
ment planning [17, 20, 21]. It should be
emphasized that the suggested escalating and
de-escalating treatment regimens should be
comprehensively investigated in clinical trials
before incorporating them in therapeutic
guidelines and protocols.

Theme 4: Pathological Findings Based

on Imaging

AI/ML models can be used to guide clinical
decision-making through the analysis of
pathological findings, such as the number,
location, and size of lymph node involvement,
malignant transformation of precancerous
lesions, evaluation of lympho-vascular inva-
sion, depth of tumor invasion, perineural inva-
sion, and presence of extra-nodal extension
[15, 16, 20], based on imaging alone.

Theme 5: Applications for Radiation Oncology
A rRadiomics-based ML approach can assist
radiotherapy treatment planning by automa-
tion of organs at risk delineation, determining
the probability of complications to normal tis-
sues, and predicting of radiation-induced toxi-
cities to guide and facilitate adaptive
radiotherapy [15, 17, 19].

Limitations of Al Studies in the Field
of Head and Neck Oncology

The observed limitations in the studies include
the lack of standardized data collection [10],
methodological variations in AI model devel-
opment and generation [10, 13], low quality of
evidence on model performance [13], lack of
adequate validation [12, 13, 17], and lack of
regulatory framework [16]. Furthermore, the
methodological differences in terms of the
acquisition of clinical images have prohibited
proper evaluation of model accuracy, data
interpretation, and external validation with
new imaging data [13]. The quality of evidence
in terms of the accuracy of these models so far
seems low [7].

DISCUSSION

This study highlights the current status and
limitations of the application of Al and its
subfields as adjunctive decision-making tools in
HNC management. We present a summary of
all the systematic reviews on the application of
Al in HNC management in a logical manner
with the findings of separate reviews to be
compared and contrasted. This review provides
various  stakeholders including clinical
researchers and decision-makers, hospital man-
agement, government agencies, and entrepre-
neurs with the evidence and future directions
with regards to the application of Al in the field
of head and neck oncology.

The adoption of these ML models in the
daily clinical practice has so far been limited
due to several factors [13, 18]. For example, a
significant variation exists in data collection
methods [6]. Data collection largely consists of
data acquisition and labeling, as well as the
improvement of existing data [27]. For instance,
various centers and databases have different
approaches for parameter labeling. In addition,
treatment protocols may vary significantly
across countries and geographic regions. This
prevents the combination of various sources of
data for robust model training using relatively
large training data, and independent geo-
graphic external validation. For image data, the
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quality varies from one center to the other due
to variations for example in tissue fixation,
quality, mounting and staining of sections,
scanning procedures, unstandardized image
digitization methods, and suboptimal image
magnification [28]. These variations affect the
performance of the model when geographically
validating data which are different from the
data used for model development [6, 28]. These
factors will affect proper data interpretation and
the performance metrics from the model train-
ing process. Also, the model development varies
significantly [7]. These variations usually
include the size of the dataset for model train-
ing, type of machine learning algorithm, train-
ing methodology (data division paradigm),
performance metrics for model evaluation,
model evaluation on geographic external vali-
dation, model reporting, and adherence to Al
model checklists [18]. Several efforts have thus
been taken in recent years to build guidelines
for model development and evaluation [29, 30].
Standardized guidelines for structured data reg-
istration and collection and model develop-
ment are thus warranted and further data are
necessary for validation studies which would
facilitate the implementation of Al models in
daily clinical practices [7, 15, 19]. Another lim-
itation to the adoption of these algorithms for
clinical evaluation is that their majority have
not been independently or externally validated.
In a few studies with performed external vali-
dations, there were concerns relating to this
process in terms of external dataset similarity,
minimum required dataset for external valida-
tion, acceptable performance metrics, and the
procedure itself used for such a validation (in-
dependent or not). Hence, a modular regulatory
framework considering the five important and
closely related aspects of AI/ML (i.e., data col-
lection, model development, performance
metrics, external validation, and reporting), to
facilitate the recommendation of these models
for clinical evaluation is necessary [18]. Ethical
and legal frameworks should be initiated to
facilitate the adoption of these models in
healthcare in order to prevent their misuse in
terms of, for example, self-diagnosis and
obtaining treatment recommendations [31].

The learning paradigm of the present Al
techniques may be considered as a retrospective
learning while it uses existing data resources
and assumes that these will apply for the future
settings. This approach has been criticized for
not being a truly intelligent system [32].
Therefore, besides addressing the aforemen-
tioned limitations in this study, the future
potential of Al in healthcare should also be
considered from the natural intelligence per-
spective, where Al-based systems can use
prospectively collected data for model devel-
opment [32]. Therefore, a prospective learning
paradigm will need to utilize different resources.
A significant number of promising results
reported on the use of Al in pathology have so
far relied on retrospective data obtained from
tissue biopsies. This continues to form the
cornerstone for efficient Al model development
and the training, validation, and assessment of
model correctness. In turn, the model may
possibly serve as an assistant tool in enabling
low-cost and time-saving benefits for increased
productivity and decision-making.

In recent years, the application of Al in
healthcare has been touted to use natural lan-
guage processing (NLP), which is a subfield of Al
for differential diagnosis, self-triage, or self-
treatment in the form of symptoms and clinical
sign checkers [33]. Recent trends have shown
these Al-assisted symptom checkers being inte-
grated as a free web-based (such as the Isabel
Symptom Checker) [34] or Al-powered chatbot
system [33, 35, 36]. Therefore, necessary regu-
lations are needed to provide clear guidance for
the misuse or unauthorized use of Al. Studies
are emerging on the potential of NLP as an
approach to automatically transform clinical
text in the hospital charts into structured data
for various research purposes or improved clin-
ical decision-making [35-41, 43]. More impor-
tantly, in these recent applications of Al and its
subfield, the roles of clinicians remain impor-
tant in evaluating the results.

Several studies have emphasized the poten-
tial of Al to augment image quality, segmenta-
tion, tumor characterization and
prognostication, and treatment response eval-
uation [5, 6, 35]. Our review of the previously
published systematic reviews demonstrates that
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Al has been suggested to play a prominent role
in the identification of head and neck precan-
cerous and cancerous lesions in histopatholog-
ical slides [7, 18], prediction of the
histopathologic nature of a given lesion from
various  sources of medical imaging
[1, 5, 13-15, 17, 21, 22, 24-26], prognostication
[5,17, 18, 20, 21, 23], extraction of pathological
findings from imaging [15, 16, 20], and differ-

ent applications in radiation oncology
[15, 17, 19].
In HNC, histopathological assessment

remains the gold standard for providing prog-
nostic information, but improvement/novel
strategies are desirable. Al models may assist in
effecting these and also serve as ancillary tools
for risk stratification and management guidance
[7, 18]. Information on precise location and size
of HNC, presence of human papilloma virus
(HPV), PDL-1 status/calculation of combined
positive score (CPS), depth of invasion, per-
ineural and lymphovascular invasion, num-
ber/size of metastases in lymph nodes, and the
presence of extra-nodal extension have been
reported to be useful prognosticators influenc-
ing management and Al models are reasonably
expected to effect an efficient and standardized
assessment of those parameters.

The application of Al to aid cancer diagnosis
has formed the cornerstone of digital pathol-
ogy. One of the issues affecting effective man-
agement of HNC cancer is delayed diagnosis
and detection at an advanced stage [38]. It has
been reported that early diagnosis of HNC can
improve treatment and survival outcomes
remarkably [7]. With the current advancements
in computational capacity and improvements
in various subfields of Al, digital pathology has
significantly evolved from using static images to
whole slide images (WSI) [39], thus enhancing
pathological workflow and quantifying a num-
ber of parameters for defining the tumor and its
microenvironment [39]. A high-resolution of
WSI of human tissue is isolated into regions of
clinical significance. This process is followed by
pathology extraction (deconstruction of the
WHSI into smaller images) [40]. The use of Al to
analyze WSI can also help in the detection,
differentiation, and grading of potentially
malignant (precancerous) and cancerous head

and neck lesions [7]. Using Al in cancer
pathology may refine or even redefine the
histopathologic subtypes of different tumors
altogether, as current definition of these is
based on human visual recognition, interpreta-
tion and classification of images differently
than in Al methods.

Technological advancements have enhanced
the production and availability of medical data
in different formats. In recent years, imaging
data have become a budding source of interest
for diagnostic and prognostic purposes, espe-
cially in the area of the quantitative image fea-
ture approach. Radiomics (i.e., the conversion
of medical images into quantitative high-di-
mensional data) emerges as a potential tool in
clinical practice to effect quick, cost-effective,
and non-invasive diagnosis and prognostication
[41, 42]. Data thus extracted from clinical
imaging can provide specific information on
tumor heterogeneity, texture, and morphology
[43, 44]. In turn, the combination of Al and
radiomics may lead to novel insights into the
fundamental pathobiology of tumors, inferring
the histomorphology, grading, metabolism,
and, eventually, patient survival [43]. This has
the potential to aid in clinical decision-making
for personalized and precision medicine tar-
geted at improving patient outcomes [41].

Despite the advances in medical care and
both surgical and radiotherapy techniques,
successful treatment of HNC may be associated
with treatment-related late toxicities, such as
masticatory, airway, speech, and swallowing
impairments, all of which significantly reduce
patient-reported quality of life [45]. Therefore, it
is important to strike a balance between cancer
treatment intensity and the risk of such toxici-
ties. In this context, Al has been reported to
show an insightful and efficient method of
achieving personalized treatment planning
[38, 46]. ML-based algorithms have been used to
stratify patients into risk groups (patient-speci-
fic selection) for targeted treatment intensity
[38, 46]. A personalized risk-based therapeutic
approach before starting treatment is an
important step towards improved survival and
functional outcomes. However, the employ-
ment of such a risk stratification into treatment
strategies should be followed by clinical trials,

I\ Adis



Adv Ther

as intense treatment may increase toxicity with
no prognostic benefit, whereas de-intensified
treatment may reduce toxicity with a prognos-
tic disadvantage.

Admittedly, methodological limitations
influenced the present study. Firstly, not all the
included reviews reported the average perfor-
mance of the models in terms of any of the
widely used performance metrics. Therefore, we
could not present summarized performance
metrics for each of the highlighted themes.
Secondly, not all those systematic reviews
assessed the risk of bias of the included studies,
and this negatively affects our study. In addi-
tion, a systematic literature search always has a
time frame limit. This means that the present
analysis may miss any important studies that
were reported after the 17 reviews were
published.

In conclusion, we provided an informative
analysis of all the systematic reviews during the
selected time period on the evolving status of
AI/ML approaches in head and neck oncology.
For future studies, it would be desirable to per-
form an examination of systematic reviews for
each of the AI/ML application themes presented
here. Finally, although the use of Al/ML-based
models for HNC management is a promising
and rapidly expanding field, standardized
international guidelines are warranted to over-
come the limitations of the widespread use and
implementation of these models. Thereafter, it
is of utmost importance to validate these clini-
cal applications in the management of HNC, as
the methodology is progressing rapidly in many
specialties.
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