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ARTICLE INFO ABSTRACT
Keywords: Background: Radiomics is a rapidly growing field used to leverage medical radiological images by extracting
Radiomics quantitative features. These are supposed to characterize a patient’s phenotype, and when combined with

Artificial Intelligence
Deep Learning
Machine learning
Head and Neck Cancer
Systematic Review

artificial intelligence techniques, to improve the accuracy of diagnostic models and clinical outcome prediction.
Objectives: This review aims at examining the application areas of artificial intelligence-based radiomics (AI-
based radiomics) for the management of head and neck cancer (HNC). It further explores the workflow of AI-
based radiomics for personalized and precision oncology in HNC. Finally, it examines the current challenges
of Al-based radiomics in daily clinical oncology and offers possible solutions to these challenges.

Methods: Comprehensive electronic databases (PubMed, Medline via Ovid, Scopus, Web of Science, CINAHL, and
Cochrane Library) were searched following the Preferred Reporting Items for Systematic Review and Meta-
Analysis (PRISMA) guidelines. The quality of included studies and their risk of biases were evaluated using
the Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD)
and Prediction Model Risk of Bias Assessment Tool (PROBAST).

Results: Out of the 659 search hits retrieved, 45 fulfilled the inclusion criteria. Our review revealed that the
application of Al-based radiomics model as an ancillary tool for improved decision-making in HNC management
includes radiomics-based cancer diagnosis and radiomics-based cancer prognosis. The radiomics-based cancer
diagnosis includes tumor staging, tumor grading, and classification of malignant and benign tumors. Similarly,
radiomics-based cancer prognosis includes prediction for treatment response, recurrence, metastasis, and sur-
vival. In addition, the challenges in the implementation of these models for clinical evaluations include data
imbalance, feature engineering (extraction and selection), model generalizability, multi-modal fusion, and model
interpretability.

Conclusion: Considering the highly subjective and interobserver variability that is peculiar to the interpretation of
medical images by expert clinicians, Al-based radiomics seeks to offer potentially useful quantitative informa-
tion, which is not visible to the human eye or unintentionally often remain ignored during clinical imaging
practice. By enabling the extraction of this type of information, Al-based radiomics has the potential to revo-
lutionize HNC oncology, providing a platform for more personalized, higher quality, and cost-effective care for
HNC patients.
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1. Introduction

Head and neck cancer (HNC) accounts for over 660,000 new cases
and 325,000 associated deaths annually, and as a result, it represents the
seventh most common cancer worldwide [1-3]. Approximately 90% of
HNCs are squamous cell carcinomas [3]. The major general risks are
tobacco smoking and/or alcohol consumption [3], and human papil-
loma virus (HPV) infection for oropharyngeal cancer [4,5]. The mor-
tality ratio for HNC is high due to factors such as late (advanced stage)
presentation relating to its characteristic insidious and asymptomatic
development and absence of methods for early detection [6]. There have
been improvements in treatment protocols including surgery and
(chemo)radiotherapy either alone or in combination [7-9]. However,
the therapeutic approaches are challenging and cause changes in
breathing, swallowing, speech, and these treatment-related adverse ef-
fects affect management outcome of HNC. Consequently, HNC has been
characterized by a high ratio of decreased quality of life and survival [6].

Outcome prognostication has been marked as one of the approaches
to improve the management of HNC [10,11]. Recently, myriads of
published articles have focused on the application of subfields of arti-
ficial intelligence (AI) such as machine learning (ML) and deep learning
(DL) for models that may improve clinical decision-making processes
[12-15]. Additionally, these models have ensured automated evaluation
of medical images and can potentially enhance the workflow manage-
ment of radiation oncology [6,7]. While the ML approach relies on
tabular data for model development, the DL approach has been pri-
marily focused on medical images. However, recent advancements in
medical imaging have shown that large amounts of additional quanti-
tative information, otherwise undetectable, can be extracted from
medical images of HNC patients [6]. This marked the emergence of
radiomics as an approach for extracting some high-dimensional data
from clinical imaging data [6,7].
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Radiomics is a fast and cost-efficient procedure for extracting
quantitative features from clinical images to provide specific informa-
tion on tumor heterogeneity, texture, intensity, and morphology infor-
mation [7]. This information could further assist the clinicians to infer
data on tumor histology, grade, metabolism, recurrence, distant
metastasis, and even patient survival [7]. Considering the fact that
magnetic resonance imaging (MRI) is the modality of choice for diag-
nosis, staging, and evaluation of response to treatment in HNC [6],
radiomics is posited to generate reliable prognostic and biological in-
formation from image data. Besides MRI, computed tomography (CT)
and spectral photon-counting CT have also been used in the diagnostics
and prognostics of HNC [16]. Radiomics approach on clinical images
(MRI or CT) combined with ML/DL techniques can provide precise
stratification of HNC patients, providing more parameters to aid indi-
vidualized diagnosis and treatment [17].

Several studies emphasizing the potential of radiomics and AI (ML
and DL) techniques have been published in recent years [6]. Remark-
ably, the application of this emerging field of radiomics and DL/ML
techniques in HNC is gaining significant attention [6]. Therefore, this
study primarily aims to systematically review the published studies on
the application of Al-based radiomics in HNC to identify the specific
areas of its application, clinical concerns and limitations, and the po-
tential for future studies. Furthermore, we aim to summarize the basic
workflow of Al-based radiomics in HNC.

2. Materials and methods
2.1. Search of databases
The entire process of database search, screening, inclusion and

exclusion, and reporting of the potentially relevant studies followed the
Preferred Reporting Items for Systematic Review and Meta-Analysis
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—
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*Search I: [(‘artificial intelligence OR machine learning’) AND (radiomics) AND (‘head and neck cancer’)].

Fig. 1. The PRISMA flow chart.
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(PRISMA) [Fig. 1]. A total of five (6) databases — Medline via Ovid,
PubMed, Scopus, Web of Science, CINAHL, and Cochrane Library were
systematically searched (Fig. 1).

2.2. Search terms and period

The potentially relevant articles were retrieved by combining search
keywords: [(‘Artificial Intelligence OR Machine Learning’) AND (‘head
and neck cancer’) AND (‘Radiomics’)] from these databases from
inception until 31st of August 2023 (Fig. 1). Additionally, Google
Scholar and the reference lists of potentially relevant articles were
searched to reduce research waste and maximize grey literatures.

2.3. Inclusion and exclusion criteria

All studies that combined radiomics with any of the subfields of Al
such as ML or DL for diagnosis or prognosis in HNC were included. The
potential studies to be included were further analyzed based on the PICO
model - Population (HNC patients), Intervention (radiomics + ML),
Comparison (results presentation), and Outcome (diagnosis or prog-
nosis) prior to inclusion in Table 1. Comments, opinions, perspectives,
guidelines, case studies, editorials, reviews, and articles in languages
other than English were excluded. All studies that specifically examined
the statistical approaches only or the Cox proportional hazards regres-
sion model for radiomics were excluded. This is necessary to homoge-
nize the result of this study. In addition, considering the objective of this
study which was centered around analyzing the performance of machine
and deep learning algorithms on radiomics-generated features,
excluding statistical approach was warranted in order to different be-
tween methodological approaches. Similarly, all studies that focused on
radiomics-based nomograms were excluded. Studies that focused on
cancer subsites other than HNC were also excluded.

2.4. Search analysis and screening

All the retrieved potentially relevant articles from the database
search were exported to Endnote where duplicates and irrelevant studies
were removed. Following the removal of duplicates and irrelevant
studies, two independent researchers (R.A & A.A) further performed
screening of potentially relevant articles. This screening was done in two
distinct but successive phases. In the first phase, the titles and abstracts
were analyzed in relation to the research objectives of this study. In the
second phase, a comprehensive full-text assessment of the potential ar-
ticles was performed for relevance to the objectives of this study.

2.5. Reporting of eligible studies

The same two independent researchers discussed how to resolve
possible discrepancies in articles to be included in this study. A third-
party (M.A) adjudication or consensus meeting was organized for dis-
agreements and discussion where necessary. The inter-observer reli-
ability between these researchers was measured using Cohen’s Kappa

Table 1
Inclusion and exclusion using modified PICO model.
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coefficient (k = 0.93). A data extraction sheet was used to summarize
the content of eligible studies based on the agreement between the two
independent researchers. All eligible studies included in this review
were summarized in Table 2.

2.6. Data extraction

For each eligible article (Table 2), article information (the first au-
thor’s name, title of article, year of publication, country), article details
(number of patients, imaging techniques, subsite, radiomics approach),
article results (analyzed endpoints and performance/statistical find-
ings), and article conclusions were retrieved and reported in Table 2.
The workflow of Al-based radiomics in each article in Table 2 were
noted. This workflow is summarized in Fig. 2. The challenges, limita-
tions, and clinical concerns mentioned in these studies were noted
(Fig. 3).

2.7. Quality appraisal

The quality appraisal of the included studies was done using the
Transparent Reporting of a Multivariable Prediction Model for Individ-
ual Prognosis or Diagnosis (TRIPOD) (Supplementary I) [18-21].

2.8. Risk of bias analysis

The risk of bias (RoB) of the developed prediction model for each
eligible study was assessed using the risk of bias assessment tool
(PROBAST). PROBAST assesses the quality and applicability of included
studies [22,23] (Table 3). The PROBAST assessment covers 4 domain
areas — participants, predictors, outcome, and analysis. Each domain has
a set of questions to assist in assessing the domain. The answers to these
questions have been predefined as yes (+), no (—), or no information/
unclear (?). The interpretation of these answers is that — yes (shows no/
low bias), no indicates the possibility of bias (high bias) and unclear
means unclear concerning applicability and RoB. The overall risk of bias
was low if the four domains were graded low. The total risk of bias was
high if at least 1 domain was scored high. The overall risk of bias was
identified as unclear if the risk of bias was unclear for at least one
domain area and low for the other domain areas. The details of the bias
analysis and the corresponding results from each examined bias are
given in Table 3.

2.9. Research Ethics Committee approval

Research Ethics Committee approval was not applicable to this re-
view. The analysed articles in this review were based on previously
conducted studies (Table 2). Therefore, this review does not contain any
new studies with human participants or animals performed by any of the
authors.

Selection Inclusion criteria

criteria

Exclusion criteria

P: population

Studies that examined application of machine learning (ML) or deep learning (DL) on radiomics
generated features from computed tomography (CT), positron emission tomography (PET),

Other sites apart from HNC. General overview, editorial,
narrative studies, systematic review, and comments

magnetic resonance imaging (MRI), and ultrasound images for diagnosis or prognosis in head and

neck cancer (HNC)
I: intervention ~ ML or DL-based radiomics model for diagnosis or prognosis in HNC

C: comparison
O: outcome

Model performance based on any of the widely used ML metrics.
Examined specific endpoints either diagnosis, prognosis, or both.

Traditional statistical method, Cox proportional model, and
radiomics nomogram

No performance metrics reported

General overview, editorial, narrative studies, and comments




Table 2

Extracts of the main findings from the included studies.

Studies

Author, year of
publication
(Country)

Folkert et al., 2017
(USA)

Vallieres et al.,
2017 (Canada)

Wang et al., 2017
(China & USA)

Zhang et al., 2017
(China)

Zhang et al., 2017
(China)

Li et al., 2018
(China)

Lv et al., 2018
(China & USA)

M.D. Anderson
Cancer Center,
Head and Neck
Quantitative
Imaging Working
Group 2018
(USA)

Ren et al., 2018
(China)

Head and Neck or

its subsite

OPC

HNC

Stage II-IV NPC

Advanced NPC

Advanced NPC

NPC

NPC

OPSCC

HNSCC

Application (end point)

Outcome prediction
(03)

Outcome prediction
(LR, DM, & 0S)

Induction control response

Local and distant failure

Progression (LR or DM)

PFS

Differential diagnosis

Outcome prediction (local

recurrence)

Tumor staging

Data
modality
(source)
FDG-PET

FDG-PET/
CT
(Local)

(2D) T1WI,
T2WI,
T2WI FS,
and CE
T1IWI

MRI (CE-
T1WI,
T2WI)

MRI (CE-
T1WI,
T2WI)

MRI (CE-
T1WI,
T2WI)

PET/CT

CT

CT

No of patients

174

300

120

110

113

81

106

465

127

Dataset
model
training
Leave-one-
out cross
validation

194 training;
106 testing

70 training;
40 testing

80 training;
33 testing

57 training;
24 testing

69 training;
37 testing

225 training;
165 tuning;
45 testing

85 training;
42 testing

Software used
for radiomics

MATLAB

MATLAB

R software

MATLAB

ITK-SNAP

PyRadiomics

ITK-SNAP

MATLAB (IBEX
in MATLAB)

ITK-SNAP,
MATLAB

Radiomics-
based ML/DL
approach

LR

RF

LASSO & LR

RF,
AdaBoost, &
SVM

LASSO

PCA, KNN,
ANN, & SVM

LOOoCvV

Bootstrap
resampled
recursive
portioning
analysis (RPA)

LASSO & LR

Model evaluation
For ACM:
AUC: 0.65

For LF:
AUC: 0.73

For DM:

AUC: 0.66

For locoregional
recurrence prediction:
AUC = 0.69.

For distant metastases:
AUC: 0.86

AUC: 0.82

Sensitivity: 0.98

Specificity: 0.53
AUC: 0.85

AUC: 0.89

Accuracies (ANN: 0.812,

KNN: 0.775, SVM: 0.732).

Discriminating value: 94 %

Accuracy: 0.85

Conclusion

Radiomics-based models could
assist in patient selection for
dose reduction following
identification of low-risk
patients for local failure, or
treatment intensification with
additional adjuvant
chemotherapy following
identification of high-risk
patients for distant failure
Radiomics could allow for a
better personalization of
chemo-radiation treatments for
HNC patients from different risk
groups.

Pretreatment morphological
MRI radiomics signatures can
predict early response to
induction chemotherapy in
patients with NPC
Radiomics-based prediction of
local failure and distant failure
in advanced NPC, which could
enhance the use of applications
of radiomics in precision
oncology and clinical practice
MRI-based radiomics
biomarkers present high
accuracy in the pre-treatment
prediction of progression in
advanced NPC

Radiomics analysis can serve in
finding imaging biomarkers to
facilitate early salvage for NPC
patients who are at risk of in-
field recurrence
Radiomics-generated features
outperformed conventional
metrics in differentiating NPC
from chronic nasopharyngitis.
Radiomics features of the
primary tumor can predict for
local control in OPC patients

Radiomics signature based on
MRI could discriminate stage I-
1I from stage III-IV HNSCC,

(continued on next page)
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Table 2 (continued)

Studies

Chen et a., 2019
(China & USA)

Du et al., 2019
(China & USA)

Forghani, 2019
(Canada)

Liu et al., 2019
(China)

Liu et al., 2019
(China)

Ming et al., 2019
(China)

Wu et al., 2019
(China)

Yu et al., 2019
(Hong Kong &
China)

Zhang et al., 2019
(China)

Zhou et al., 2019
(China)

HNC

NPC

Oral cavity

Stage I-IVB NPC

Thyroid carcinoma

NPC

HNSCC

Stage II-IVB NPC

NPC

NPC

Outcome prediction
(LNM)

Differential diagnosis

Outcome prediction
(Cervical LNM)

Acute xerostomia

LNM

OS, DFS, LRFS, DMFS

Differentiation of HNSCC

Predicting adaptive
radiation therapy eligibility
before treatment

Outcome prediction
(Assessment of distant
metastasis)

Risk score

PET/CT

PET/CT

CT

CT

us

MRI (CE-

TIWI)

CT

MRI (CE-
T1WI,
T2WI)

MRI

MRI (CE-
T1WI,

59

76

87

45

450

303

70

176

658

41 training;
18 testing

70:30

70 % training;
30 % testing

2:1

200 training;
103 testing

51 training;
19 testing

123 training;

53 testing

424 training;
234 testing

ITK-SNAP

(in-house built
program on
MATLAB

3D Slicer

MATLAB

MATLAB

MATLAB,
Python

3D Slicer

PyRadiomics

MATLAB

SVM & CNN

FSCR +

KNN, FSCR +
SVM, RBF +
SVM, FSCR +
RF, mRMR, &
RBF + SVM
RF & DNN

Linear
regression

SVM

LASSO &
LOoOoCvV

Kernel PCA &
RF

LASSO &
LR

mRMR &
LASSO

k-means

Accuracy: 0.88

AUC: 0.867 — 0.892)

Accuracy: 88.0 %

MSE: 0.90
R? score: 0.74

AUC: 0.73

Accuracy: 0.71

C-index: 0.85

AUC: 0.96
Accuracy: 0.92

AUC: 0.85

AUC: 0.79

C-index: 0.84

which may serve as a
complementary tool for
preoperative staging

Deep learning radiomics
provides a more accurate way of
predicting LNM using PET and
CT.

ML-based radiomics could
enhance precision diagnosis of
NPC

Dual-energy CT texture analysis
with machine learning can
enhance non-invasive
diagnostic tumor evaluation
Radiation-induced acute
xerostomia level could be early
predicted based on the saliva
amount and radiomics changes
of the parotid glands during
intensity-modulated
radiotherapy delivery

The radiomics model showed a
promising method for assessing
the risk of papillary thyroid
carcinoma metastasis
noninvasively

The combination of clinical and
radiomics features can provide
more information for precise
treatment decision

The CT-based radiomics
signature could discriminate
between well-differentiated,
moderately differentiated, and
poorly differentiated HNSCC
and might serve as a biomarker
for preoperative grading
MRI-based radiomics features
showed promising results for
pre-treatment identification of
adaptive radiotherapy
eligibility in NPC patients
Radiomics can serve as a visual
prognostic tool for distant
metastasis prediction in NPC,
and it can improve treatment
decisions by aiding in the
differentiation of patients with
high and low risks of distant
metastasis.

The quantitative multi-
modalities MRI image

(continued on next page)
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Table 2 (continued)

Studies

Akram et al., 2020
(Singapore)

Feng et al., 2020
(China)

Guo et al., 2020
(China)

Haider et al., 2020
(USA, Germany &
Canada)

Haider et al., 2020
(USA, Germany &
Canada)

Ho et al., 2020
(Taiwan)

Li et al., 2020
(China)

NPC

NPC

LHSCC

HPV-associated
OPSCC

OPSCC & MLNs

HNSCC

Thyroid cancer

Recurrent and non-
recurrent regions

Clinical staging

Determine whether CT
radiomics could aid in the
prediction of thyroid
cartilage invasion from

laryngeal and

hypopharyngeal cancer

Outcome prediction
(PES & OS)

Outcome prediction
(HPV status)

Classify benign and
malignant tumors,
differentiate ENE

LNM

T2WI,
TIWI

MRI (T1WI

PET/MRI

CT

FDG-PET/

CT
(Local +
TCIA)

PET/CT
(Local +
TCIA)

MRI

us

14

100

265

311

435 OPSCC
741 MLNs

130

126

70 training 30
testing

235 HPV-
positive and
76 HPV-
negative
OPSCC for
testing

For OPSCC:
(326 for
training; 109
for
validation)
For MLNs:
(518 for
training; 223
for
validation)

Open source

Artificial
Intelligence Kit
(AK)

Radcloud
Platform &
Anaconda3
platform

3D Slicer,
PyRadiomics

3D Slicer

3D Slicer,
Segmentation
Wizard

ITK-SNAP,
Ultrosomics,
SPSS

mRMR, LASSO,
&
LR

LASSO,
LR, &
SVM

RF

RF

Adam
optimization
algorithm

LASSO,
PCA,
KNN,
LR,

In MRI:

AUC: 0.85

Accuracy: 0.83
Sensitivity: 0.75
Specificity: 0.86

In PET:

AUC: 0.84

Accuracy: 0.75
Sensitivity: 0.90
Specificity: 0.69

The radiomics-based
models (AUC 0.905, 95 %
CI 0.863-0.937) were
more accurate than a
clinical radiologist alone
(0.721, 95 %CI: 0.663—
0.774) in predicting
thyroid cartilage invasion

For PFS:
C-index: 0.62

AUC: 0.78

84.0% for differentiation
between malignant and
non-malignant

77 % for differentiating
between ENE and non-ENE
AUC: 0.80

Sensitivity: 0.73

phenotypes reveal distinct
survival subtypes

The radiomics features
extracted from pre-treatment
MRI can potentially reflect the
difference between recurrent
and non-recurrent regions
within a tumor

The PET and MRI radiomics
models were helpful in the
diagnosis of NPC staging

Models based on CT radiomics
features can improve the
accuracy of predicting thyroid
cartilage invasion from LHSCC
and provide a new potentially
noninvasive method for
preoperative prediction of
thyroid cartilage invasion from
LHSCC.

Radiomics imaging features
extracted from pre-treatment
PET/CT may provide
complimentary information to
the current AJCC staging
scheme for survival
prognostication and risk-
stratification of HPV-associated
OPSCC

PET-based radiomics signatures
yielded similar classification
performance to CT-based
models, with potential added
value from combining PET- and
CT-based radiomics for
prediction of HPV status

This computer aided diagnosis
can assist in clinical decision-
making

Radiomics analysis has
promising value in screening
meaningful ultrasound features

(continued on next page)
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Table 2 (continued)

Studies

Mukherjee et al.,
2020 (USA)

Romeo et al., 2020
(Italy)

Tran et al., 2020
(Canada)

Zhang et al., 2020
(China)

Fatima et al., 2021
(Canada)

Fh et al., 2021
(Hong Kong)

Haider et al., 2021
(USA, Germany &
Canada)

Kim et 1., 2021
(Republic of
Korea)

HNSCC

Oral cavity
squamous cell
carcinoma,
oropharynx

HNC

NPC

HNSCC

HNSCC

HPV-associated
OPSCC

NPC

Tumor grading,
extracapsular spread,

perineural invasion, & HPV

status

Outcome prediction
(Tumor grade and nodal
status)

Outcome prediction
(Measuring response to
radiotherapy)

Radiotherapy-induced
temporal lobe injury

Outcome prediction
(Recurrence)

Outcome prediction
(Survival prediction)

Outcome prediction
(LRP)

PES

CT

CT

PET/CT

and MRI

MRI (CE-
T1WI,
T2W1)

us

CT

PET/CT

MRI

184

40

36

242

51

190

81

113 training;
71 testing

75 % of the
data for
training;
25 % for
testing

Leave-one-
out cross
validation

57 training;
24 testing

MATLAB

ITK-SNAP,
3D slicer

MATLAB

ITK-SNAP,
MATLAB

MATLAB

PyRadiomics,
3D Slicer, &
MATLAB

3D Slicer

3D Slicer ,
PyRadiomics,
R package

SVM,
AdaBoost,
Bagging,
RF,
Extreme RF,
DT,

NB, & Gradient
Boosting DT
PCA,

LR,

LASSO, &
Clustering

J48 algorithm

k-NN & NB

RF

SVM &

LOOCV &
CNN

RF

LASSO &
Cox regression

Specificity: 0.80

AUC: 0.75 (tumor grade)
AUC:

For tumor grade:
Accuracy: 92.9 %
For nodal status:

90.0 %

Accuracy > 80 %

AUC: 0.83

AUC: 0.75
Accuracy: 80 %

For PTV:

Accuracy: 77.7 %

AUC: 0.934 (Death)
AUC: 0.932 (recurrence).

For GTV:

Accuracy: 74.3 %
AUC: 0.947 (Death)
AUC: 0.956 (cancer
recurrence)

C-index (IQR): 0.76

AUC: 0.76 - 0.81

in thyroid cancer patients with
LNM

Radiomics CT models have the
potential to predict
characteristics typically
identified on pathologic
assessment of HNSCC

A radiomics ML approach
applied to primary tumor
lesions can predict tumor grade
and nodal status in patients with
OC and OP SCC

Quantitative ultrasound-
radiomics can predict
radiotherapy response at 3
months as early as 24 h with
reasonable accuracy

The three developed radiomics
models can dynamically predict
RTLI in advance, enabling early
detection and allowing
clinicians to take preventive
measures to stop or slow down
the deterioration of RTL
Quantitative ultrasound Delta-
radiomics can predict higher
risk of recurrence with
reasonable accuracy in HNSCC
Using both GTV and PTV
radiomics features in the DL-
ANN model can aid in
predicting HNSCC-related
prognosis and cancer
recurrence

This approach can provide
novel quantitative imaging
biomarkers for risk
stratification and prediction of
post-radiotherapy

LRP in HPV-associated OPSCC.
Integration of MR-based
radiomics features with clinical
and stage variables improved

(continued on next page)
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Table 2 (continued)

Studies

Peng et al., 2021
(China)

Wang et al., 2021
(China)

Woolen et al., 2021
(USA)

Yang et al., 2021
(China)

Zhang et al., 2021
(USA)

Zhong et al., 2021
(United
Kingdom)

42
Kazmierska et al.,
2022 (Poland &
Canada)

Kim et al., 2022
(Republic of
Korea)

Nakajo et al., 2022
(Japan)

Stage III-IVB NPC

Tongue cancer

Laryngeal and
hypopharyngeal
cancer

NPC

LAHNC

Larynx/

Hypopharyngeal

LAHNC

HNSCC

Hypopharyngeal
Cancer

LR & DM

Outcome prediction
(LNM)

Outcome prediction
(DFS)

Induction chemotherapy
response

Outcome prediction
(lymph node response to
induction therapy

Outcome prediction
(early-disease progression)

Outcome prediction
(Incomplete response and
disease progression)

Outcome prediction
(local tumor recurrence)

Outcome prediction (PFS)

PET/CT

MRI

CT

CT

CT

PET/CT

CT

MRI

FDG-PET/

CT

85

236

44

297

27

72

290

215

100

157 training;
79 testing

208 training;
89 testing

3:1

161 training;
54 testing

ITK-SNAP

ITK-SNAP,
AIMT

Perfusion-4,
ROCKIT

PyRadiomics

3D Slicer

LIFEx

PyRadiomics

MATLAB

LIFEx

SVM,

LOOCV, &
Sequential
floating forward
selection

PCA &
SVM

LDA &
Two-loop leave-
one-out

ResNet50

LASSO
Regression
model

RF

LASSO
LR

LASSO
LR

LR
NN

AUC value of 0.8290
(sensitivity: 0.8438,
specifcity: 0.7736

AUC: 0.872

AUC: 0.69

AUC: 0.81
Accuracy: 68.5 %

AUC: 0.75

AUC: 0.94

AUROC: 0.68

AUC: 0.77

AUC: 0.80
Accuracy: 0.70

the prediction PFS in patients
diagnosed with NPC
Locoregional recurrence (LR)
and DM of locally advanced
NPC can be predicted using
radiomics analysis of
pretreatment [ 18F] FDG PET/
CT

Radiomics analysis with a 10-
mm peritumoral extension had
excellent power to predict LNM
and prognosis in tongue cancer
CT perfusion and radiomics
features in combination form
potential predictors of one-year
disease free survival in
laryngeal and hypopharyngeal
cancer patients.

The noninvasive deep learning
method could provide efficient
prediction of treatment
response to induction
chemotherapy in locally
advanced NPC and might be a
practicable approach in
therapeutic strategy decision-
making

A pretreatment CT-based lymph
node radiomics signature
combined with clinical
parameters was able to predict
nodal response to induction
chemotherapy for patients with
locally advanced HNSCC

FDG PET-CT derived radiomics
features are potential predictors
of early disease progression in
patients with locally advanced
larynx and hypopharynx SCC
Combining clinical and
radiomics features did not
improve model’s performance

The radiomics model using
apparent diffusion coefficient
maps exhibited higher
diagnostic performance than
those of the radiomics models
using T2WI or CE-T1WI and
clinical parameters in the
diagnosis of local tumor
recurrence in HNSCC following
definitive treatment.
Radiomics-based features were
useful for predicting prognosis

(continued on next page)
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Table 2 (continued)

Studies

Xi et al., 2022
(China)

Lin et al., 2023
(China)

NPC

NPC

Outcome prediction
(response to induction
chemoradiotherapy)

Outcome prediction
(Cervical LNM)

MRI

us

272

205 (NPC Cervical
LNM)

284 Benign
lymphadenopathy

155 training;
66 testing;
and 51
external
validation

7:3

Artificial
Intelligence Kit
(AK)

mRMR &
LASSO

KNN

NB

SVM

LASSO AUC: 0.86

LR Accuracy: 0.82
LR AUC: 0.88

in patients with
hypopharyngeal cancer

The pretreatment MRI
radiomics model and pre- and
post-IC Delta radiomics models
could predict the IC-CCRT
response of NPC in non-
epidemic areas

Ultrasound radiomics analysis
has potential value in screening
meaningful ultrasound features
and improving the diagnostic
efficiency of ultrasound in
cervical LNM of patients with
NPC

ACM: All-cause mortality; AJCC: American Joint Committee on Cancer; AUC: Area Under Curve; AUROC: Area Under Receiving Operating Characteristics Curve; c-index: Concordance Index; CN: Convolution Network;
CNN: Convolution Neural Network; CT: Computed Tomography; DFS: Disease-free survival; DL-ANN: Deep learning Artificial Neural Network; DM: Distant Metastasis; DMFS: Distant Metastasis Free-Survival; DNN: Deep
Neural Network; DT: Decision Tree; EBV: Epstein Barr Virus; ENE: Extra Nodal Extension; FDG: Fluoro-2-deoxy-D-glucose; GTV: Gross Tumor Volume; HNC: Head and Neck cancer; HNSCC: Head and Neck Squamous Cell
Carcinoma; HPV: Human papillomavirus; KNN: K-Nearest Neighbors; LASSO: Least Absolute Shrinkage and Selection Operator; LDA: Linear Discriminant Analysis; LF: Local Failure; LR: Logistic Regression; LAHNC:
Locally Advanced Head and Neck Cancer; LHSCC: Laryngeal and hypopharyngeal squamous cell carcinoma; LRP: Locoregional Disease Progression; LRFS: Locoregional Recurrence Free Survival; LNM: Lymph Node
Metastasis; LOOCV: Leave One Out Cross Validation; IQR: Interquartile Range; mRMR: Maximum relevance minimum redundancy; ML: Machine learning; MLN: Metastatic Lymph Nodes; MRI: Magnetic Resonance
Imaging; MSE: Mean Squared Error; NB: Naive Bayes; NPC: Nasopharyngeal Cancer; OPC: Oropharyngeal Cancer; OPSCC: Oropharyngeal Squamous Cell Carcinoma; OS: Overall Survival; PCA: Principal Component
Analysis; PET: Positron Emission Tomography; PFS: Progression Free Survival; PTV: Planning Target Volume; RBF: Radial Basis Function; RF: Random Forest; SVM: Support Vector Machine; USA: United States of

America.
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Fig. 2. A typical workflow of an artificial intelligence-based radiomics.
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Fig. 3. Some challenges of artificial intelligence-based radiomics.
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Table 3
Tabular presentation of PROBAST results.
Study ROB Applicability Overall
Participants  Predictors Outcome  Analysis Participants Predictors Outcome ROB  Applicability
Folkert et al., 2017 (USA) + + + + + + + + +
Vallieres et al., 2017 (Canada) + + + + + + + + +
Wang et al., 2017 (China & USA) + + ? + 4 + + ? +
Zhang et al., 2017 (China) —+ + + + + + + + n
Zhang et al., 2017 (China) + + + + + + + n n
Li et al., 2018 (China) + + + + 4 + + n n
Lv et al., 2018 (China & USA) + + — + + + 4 _ +
M.D. Anderson Cancer Center, Head and Neck + + + + + + + + +
Quantitative Imaging Working Group 2018
(USA)

Ren et al., 2018 (China) + + + + + + + + +
Chen et a., 2019 (China & USA) + + + + + + + + +
Du et al., 2019 (China & USA) + + + + + + + + n
Forghani, 2019 (Canada) + + + + + + + + +
Liu et al., 2019 (China) + + ? + + + + ? +
Liu et al., 2019 (China) + + + + + + + n +
Ming et al., 2019 (China) + + + + + + + + n
Wau et al., 2019 (China) + + ? + + + + ? +
Yu et al., 2019 (Hong Kong & China) + + + + + + + + +
Zhang et al., 2019 (China) + + + + + + 4 + +
Zhou et al., 2019 (China) + + + + + + + + +
Akram et al., 2020 (Singapore) + + ? ? + ? ? ? ?
Feng et al., 2020 (China) + ? + + + ? + ? ?
Guo et al., 2020 (China) + ? + + + + + ? +
Haider et al., 2020 (USA, Germany & Canada) + + + + + + + + +
Haider et al., 2020 (USA, Germany & Canada) + + + + + + + + +
Ho et al., 2020 (Taiwan) + ? + + + + 4 ? +
Li et al., 2020 (China) + ? + + + + + ? +
Mukherjee et al., 2020 (USA) + + + + + + + n +
Romeo et al., 2020 (Italy) + + + + 4 + + n n
Tran et al., 2020 (Canada) + ? + + + + + ? +
Zhang et al., 2020 (China) + ? + + + + + ? +
Fatima et al., 2021 (Canada) + ? + + + + + ? +
Fh et al., 2021 (Hong Kong) + + + + + + + + n
Haider et al., 2021 (USA, Germany & Canada) + ? + + + + + ? +
Kim et 1., 2021 (Republic of Korea) + + + + + + 4 + +
Peng et al., 2021 (China) + ? + + + + 4 ? +
Wang et al., 2021 (China) + + + + + + + n n
Woolen et al., 2021 (USA) + ? + + + + + ? +
Yang et al., 2021 (China) + + + + 4 + + + +
Zhang et al., 2021 (USA) + + + + + + + + +
Zhong et al., 2021 (United Kingdom) + ? + + + + + ? +
Kazmierska et al., 2022 (Poland & Canada) + ? + + + + + ? +
Kim et al., 2022 (Republic of Korea) + + + + + + + + +
Nakajo et al., 2022 (Japan) + ? + + + + + ? +
Xi et al., 2022 (China) + + + + + + + n n
Lin et al., 2023 (China) + + + + + + + n +

PROBAST = Prediction model Risk Of Bias Assessment Tool; ROB = Risk of Bias.
+ Indicates Low ROB/Low concern regarding applicability.

— Indicates High ROB/high concern regarding applicability.

? Indicates unclear ROB/unclear concern regarding applicability.

3. Results
3.1. Results of the database search

A total of 659 hits were retrieved. After deleting duplicates (N =
168), and irrelevant papers (N = 446), we found 45 studies eligible to be
included in this review as shown in Fig. 1 [7,24-67].

3.2. Characteristics of relevant studies

All the 45 articles included in this review were published in English.
Twenty-five of them were conducted in Asia [7,27,28,32,36-45,48,49,
53,56-58,60,64-67], 9 were conducted in America [24,25,31,35,50,52,
54,59,61], 2 in Europe [51,62], and 9 were multicenter studies
[26,30,33,34,40,46,47,55,63] (Table 2). All but two of the included
studies showed high-quality applicability and low risk of bias (Tables 3-
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4) [43,44]. Similarly, all the included studies showed a quality that
ranged from 84 — 87 % (Supplementary I for TRIPOD assessment). Five
studies were conducted in the year 2017 [24-28], 4 studies in 2018
[29-32], 10 in 2019 [33-42], 11 studies in 2020 [43-53], 10 studies in
2021 [7,54-62], and the remaining 5 studies in the year 2022 [63-67].

3.3. Current application of Al-based radiomics in HNC oncology

The findings of the published studies (Table 2) suggest that the
application of Al-based radiomics in head and neck oncology includes —
radiomics-based cancer diagnostics [30,32,34,39,44,45,48,50,51] and
radiomics-based cancer prognosis [7,24-29,31,33,35-38,40-43,46,
47,49,52-67] (Fig. 4). The radiomics-based cancer diagnostics includes
tumor staging [32,44,51], tumor grading [39,50], HPV status [47,50],
and classification of malignant and benign tumors [30,34,39,45,48].
Similarly, radiomics-based cancer prognosis covers predictions of
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Fig. 4. Applications of artificial intelligence-based radiomics.

metastasis [33,35,37,41,49,51,57,58,62,63,67], local and distant fail-
ures [27], treatment response [26,28,36,38,40,52,53,60,61,66], recur-
rence [29,31,54,55,57,64], and survival [7,24,25,42,46,56,59,65]
(Fig. 4).

3.4. Workflow of Al-based radiomics in HNC oncology

The typical workflow highlighted in this review includes image
acquisition and preprocessing, segmentation, feature engineering
(extraction and selection), machine or deep learning modeling, perfor-
mance evaluation, and model validations (Fig. 2).

3.5. Software used for Al-based radiomics in HNC oncology

Some of the commercial/open-source software used for feature
extraction in radiomics include 3D Slicer, MATLAB, PyRadiomics, ITK-
SNAP, Python, R, Artificial Intelligence Kit, Perusion-4, and ROCKIT
(Fig. 5). Similarly, various AI (ML or DL) models have been proposed for
feature selection. Some of these include Least Absolute Shrinkage and
Selection Operator (LASSO), Leave One Out Cross Validation (LOOCV),
K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Decision
Forest (DF), and Convolutional Neural Network (CNN) (Fig. 5).

3.6. Challenges, limitations, and concerns of Al-based radiomics in HNC
oncology

This review reveals some limitations affecting the recommendation
of Al-based models for further clinical evaluations. These include data
imbalance, feature selection, feature reproducibility, model general-
ization, multi-modality fusion and model interpretability (Fig. 3).
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4. Discussion

This review highlights the applications of artificial intelligence-
based radiomics (Al-based radiomics) in head and neck cancer (HNC).
Furthermore, it highlights the workflow of Al-based radiomics, chal-
lenges, and limitations impeding the adoption of Al-based radiomics in
clinical practice. Finally, it suggests possible solutions and areas of
future research to ensure that the potential of Al-based radiomic model
as an auxiliary tool in HNC management is actualized in daily clinical
practice.

4.1. Current applications of Al-based radiomics for HNC management

4.1.1. ML and deep learning-based radiomics for HNC diagnosis

The traditional diagnosis and treatment approach for HNC patients
has seemingly improved over the years. However, there are possibilities
of misdiagnoses and missed diagnoses that may hamper early inter-
vention aimed at effective management of HNC. Thus, decreasing the
patient’s survival rates. One of the approaches to enhance the effective
management of HNC is to leverage the potential of Al In recent years,
specifically in terms of the intervention of Al as an ancillary tool for the
management of HNC, radiomics has been reported to assist clinicians in
insightful tumor staging [32,44,51], tumor grading [39,50], and clas-
sification of malignant and benign tumors [30,34,39,45,48]. DL-based
radiomics uses feature engineering to detect intra-tumoral properties
that are usually undetected during visual inspection in clinical images
[68].

DL-based radiomics for tumor grading offers an approach for
describing the magnitude of head and neck tumor atypia [39,50,69].
Several studies have emphasized the potential of PET/CT-based radio-
mics features to develop a DL-based radiomics model for HNC tumor
grading [39,50]. This grading of tumors based on DL-based radiomics
models can provide vital information on the patients that will allow the
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Fig. 5. Some open-software and commercial applications for feature engineering and radiomics model development. (Artificial Intelligence for Artificial Intelligence

Kit and Kit for open source applications with radiomics ability)

clinicians to map out an effective treatment plan for the patients to
reduce the possibility of recurrence and treatment toxicities.

Besides knowing the magnitude of head and neck tumor atypia, the
information about the severity of HNC in terms of its size and degree of
its spread within HNC patients’ bodies is also vital for the management
of this type of cancer. In clinical practice, histologic grading of cancer is
typically done after imaging and pathological biopsies. DL-based
radiomics model has the potential to aid in preoperative staging of the
tumor [32]. For example, the study by Ren et al. used radiomics for
preoperative staging of HNC based on MRI [32]. Their study found that
radiomics signature based on MRI could discriminate stage I-II from
stage III-IV HNSCC, which may serve as a complementary tool for pre-
operative staging [32].

In the era of personalized and precision oncology, early diagnosis
becomes imperative. Al approaches such as DL-based radiomics is
poised to serve as an auxiliary decision tool for clinicians. For instance,
the study by Ho et al. identified some features (n = 89) within MRI
images that can be used to differentiate between benign and malignant
lymph nodes [48]. In the quest for early intervention in HNC manage-
ment, this can serve as a diagnostic tool.
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4.1.2. ML and Deep learning-based radiomics for HNC prognostication
Numerous studies have highlighted promising results regarding the
application of DL-based radiomics for various outcome prognosis in
HNC. Fh et al., used planning target volumes and gross tumor volumes to
predict survival and tumor recurrence in HNC [7]. Similarly, for
oropharyngeal squamous cell carcinoma (OPSCC), which is a subsite
within the head and neck region, Haider et al., explored the potential
added value of baseline positron emission tomography (PET)/computed
tomography (CT) radiomics features for prognosis and risk stratification
of OPSCC [46]. They found out that radiomics-based model offers a
promising approach for risk-stratification of HPV-associated OPSCC for
progression free survival and overall survival [46]. The study concluded
that radiomics imaging features extracted from pre-treatment PET/CT
may provide complementary information to the current AJCC staging
scheme for survival prognosis and risk-stratification of HPV-associated
OPSCC [46]. Several other studies have also highlighted the signifi-
cance of DL-radiomics for predict various forms of survivals — long-term,
recurrence-free, disease-free, and overall survival [58,59,70,71]. Be-
sides, there are other studies that specifically highlight DL-radiomics for
the estimation of lymph node metastasis based on routine medical
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images (PET/CT) and recurrence
[7,24,31,64].

Beyond the spectrum of treatment planning is the potential response
of HNC patients to radical treatments — radiotherapy, chemotherapy, or
chemoradiotherapy. Therefore, delta-radiomics, which is an extension
to the field of radiomics examines the response of HNC patients to
treatment sequelae. In recent years, studies are emerging on the use of
DL-based radiomics for the prediction of treatment response after a
specific period [52,61,63,66]. Considering the significant physical and
psychological consequences of treatment side effects on HNC patients,
follow-up studies are emerging on the prediction of adverse side effects
of cancer treatments o tissues [73,74]. The significance of these types of
studies are aimed at treatment optimization and personalized treatment

plans.

[35,41,58,67,72] prediction

4.2. Workflow for deep learning-based radiomics in HNC

Images form the cornerstone of radiomics studies. Therefore, the
workflow for deep learning radiomics begins with image acquisition and
preprocessing (Fig. 2). As shown in Table 2, these images include
computed tomography (CT), positron emission tomography (PET), a
combination of both CT and PET (PET/CT), magnetic resonance imaging
(MRI), and ultrasound (US) imaging. Depending on the objectives of the
study, CT imaging modality is mostly preferred because it is a less time-
consuming, widely available, and less costly option, and most impor-
tantly, it offers repeatability and robustness of radiomics features [75].
PET, on the other hand, has been found to require significant harmo-
nization efforts because it produces radiomics features that are suscep-
tible to differences in reconstruction parameters [75,76]. However, MRI
modality has been reported to be superior to CT in distinguishing
exquisite soft tissue changes from cartilage abnormalities [68]. Addi-
tionally, it offers the ability to perform functional imaging at a high
resolution [75]. Ultrasound imaging represents the least used imaging
modality despite its less expensive nature because of its high inter-
operator variability that may pose a barrier to reliable and reproduc-
ible radiomics applications [68,75,76].

The next step in the workflow, following pre-processing, is tumor
contouring or annotation in 2D or 3D, that is, segmentation. The
delineation of segmentation done in 2D is known as region of interest
(ROI) while in 3D, it is called volume of interest (VOI). Although, in
some cases, ROI may also be used interchangeably for 3D segmentation.
Segmentation is usually done manually by clinicians or trained
personnel such as researchers. This can be time-consuming and highly
subjective to inter-operator variability because it depends significantly
on the expert level of the personnel. Therefore, semi-automatic and
automatic segmentation approaches such as deep learning via U-Net,
adaptive Bayesian segmentation algorithms, and fuzzy c-means are
gaining momentum in recent years.

Feature extraction, which is a purely software-based process follows
the segmentation step. For simplicity, Gillies et al. classified features
extracted from clinical images into two distinct groups — semantic and
agnostic features [77]. Semantic features follow the computer-aided
quantification of characteristics or terms that have biological justifica-
tion (prognostic value) in radiology to describe ROI such as size, shape
(sphericity, volume, and surface area), first-order (properties of histo-
gram — entropy and mean and median value), location, presence of ne-
crosis, etc. Nonetheless, the selection of ROI depends on the nature of
the study [68]. Despite the high prognostic value attached to semantic
features, the downsize includes higher inter-observer variability, slower
throughput, and higher variance [75]. Agnostic features, on the other
hand, have no biological justification because they entirely arose from
the field of computer vision [75]. Hence, they are purely empirical and
subjected to the prospect of false discovery due to statistical fluctuations
[75]. Despite this, they offer a faster and larger (usually in hundreds or
even thousands) number of extracted features.

In general, the quality of the images has an impact on the image
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features extracted. Thus, highlighting the image pre-processing step is
important. The approaches of image pre-processing include image
smoothing (averaging), image noise reduction (applying Gaussian fil-
ters), and image enhancements (histogram equalization, deblurring, and
resampling) [75]. Of note, texture feature calculations would require
interpolation (down-sampling or up-sampling) to isotropic voxel
spacing to be rotationally invariant and for reproducibility. This would
allow for comparison between different datasets. In addition, to make
calculations of texture features tractable, discretization (fixed number of
bins or bins with fixed bin width) of image intensities inside the ROI is
often required [75].

Traditionally, hundreds of radiomics features are extracted from the
feature extraction process. Using all these features for modeling would
lead to model complexity, multicollinearity, and low generalizability.
Hence, feature selection is important to select relevant features that
have a maximum correlation with the endpoints and remove the
redundant features. In general, feature selection involves filtering,
embedded, and wrapper methods [68,78].

The actual predictive or prognostic model development begins after
relevant features are selected. Once the quantitative phenotypic char-
acteristics and other clinically available information about the tumor are
computed from radiological images, statistical methods are usually used
to construct a prediction model. However, in recent years, due to the
advancement in technology and modifications to convolutional neural
networks, classic ML or DL approaches have gained momentum for
image analysis and construction of prediction models. The performance
of Al-based radiomics models is evaluated using appropriate perfor-
mance metrics. Usually, Al-based prognostic models can be accessed
using Kaplan-Meier analysis, log-rank test, or concordance index (c-
index) while Al-based radiomics models are evaluated using Receiver
Operating Characteristic (ROC) curve metrics.

4.3. Concerns and limitations of deep learning-based radiomics in HNC

The studies presented in Table 2 showed promising results. However,
there are certain limitations impeding the deployment of these models
for further clinical assessment. These include data imbalance, feature
selection, feature reproducibility, model generalizability, multi-
modality fusion, and model interpretability (Fig. 3).

4.3.1. Data imbalance

One of the challenges affecting the generalizability of the trained
model is class imbalance. Most datasets used for models usually have
inherent imbalances in relation to the target endpoint. This leads to a
biased model. Thus, resampling techniques (under-sampling or over-
sampling) have been suggested to handle this concern [68]. In over-
sampling, minority class data are copied to add more data while in
under-sampling, large amounts of the majority class data are discarded.
In either method, representation of the targeted endpoint is ensured for
a viable model [68].

4.3.2. Feature selection

Considering hundreds or even thousands of radiomics features
extracted from medical images, model complexity and overfitting of
these features are a concern. However, there is no absolute rule-of-
thumb to determine the minimum number of radiomics features
required for training a model. Although, cross-validation has been
touted to address this concern [13]. Nonetheless, in studies where the
number of training samples is relatively small, cross-validation may not
necessarily address the possibility of overfitting. Beyond the large
number of radiomics features, most of these software-extracted features
(agnostic features) are empirical with no biological justification.
Therefore, it becomes a clinical concern how to explain the prognostic
values of this type of extracted radiomics features.
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4.3.3. Feature reproducibility

One of the major sources of concern relating to the widespread
recommendation of Al-based models for further clinical assessment is
the lack of feature replicability. While image acquisition and re-
constructions step are well highlighted in the Al-based radiomics
workflow, there are variations in terms of scan acquisition parameters,
functional condition of the scanner (wear and tear and manufacturers
and model variations), varying degrees of image enhancement on a
particular scan, and variation in reconstruction parameters [68]. These
factors have affected feature reproducibility to a significant extent.
Similarly, manual segmentation by trained specialists such as radiolo-
gists or radiation-oncologists has introduced certain levels of interob-
server variability due to varying experience and training [75].

4.3.4. Model generalizability

Most of the published Al-based radiomics studies were based on
retrospective data. As a result, there may be an overestimation of the
results in these studies because it remains unclear how these models
would perform on unknown data or even prospective data [75].
Therefore, it is important to further validate these models for general-
izability [15,79,80]. Al-based radiomics models can further be subjected
to temporal and independent external validations. This will ensure the
proper assessment of the behavior of the model on an independent
dataset. In addition, the models should be evaluated on prospective data
with the intention of conducting long-term follow-ups. This approach
will further evaluate the true performance of the model for
generalizability.

4.3.5. Multi-modality fusion

Considering the inherent vital information contained in different
medical data formats, adding these formats to produce Al-based radio-
mics model may improve their diagnostic and prognostic abilities. To
this end, different multi-modality fusions have emerged - early, inter-
mediate, and late multimodality fusions. Early fusion is the fusion of
multiple modalities such as radiomic CT, PET, MRI features, gene ex-
pressions, tumor-node-metastasis, clinical, clinic-radiologic, clinico-
pathologic, and biological features before the implementation of feature
input classifier [81-85]. In intermediate fusion (inter-layer fusion),
modalities between the input and output layers are fused during
modeling [81,86]. In contrast to both early and intermediate fusions,
late fusion, also known as decision-level fusion includes building a
model by performing a certain processing fusion of different modalities
to improve the model’s performance [33]. However, despite these po-
tential benefits of multi-modality fusion, assembling data from multiple
centers poses potential legal and ethical regulations due to privacy and
data ownership concerns. Distributed, federated, and transfer learning
approaches are examples of emerging areas of research to address this
concern [87].

4.3.6. Model interpretability

The issues regarding the interpretability of Al-based radiomics
models remain a concern [79]. The concerns relating to software-
enhanced radiomics features (agnostic features), and “black box” na-
ture of classic ML and DL add to the issue of model interpretability.
Although, for classic machine learning models, several efforts continue
to emerge to produce local and global interpretations of the predictions
made by the model [88]. However, for Al-based radiomics models, there
are few emerging efforts to increase the interpretability problems of Al-
based radiomics models.

4.4. Future prospects and study conclusion

Despite the challenges of multi-modality fusion, it remains one of the
viable options for improved model performance aimed at personalized
and precision oncology. Therefore, future studies on Al-based radiomics
should explore any of the multi-modal fusion modalities to enhance the
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quality of the resulting model. This may include a combination of
multiple imaging modalities, radiomics features with other types of
features, or radio-genomics (radiomics with other omics approaches).
For model generalizability, checklists, and guidelines for Al-based
radiomics should be developed to guide the construction of these
models.

In addition, the developed models should be properly validated with
independent external validation as the gold standard performance of
these models. Following independent external validations, these models
should be evaluated on prospective cohorts and duly followed up prior
to their recommendation for further clinical evaluation. Furthermore,
the interpretability of these models can be considered at both feature
and model levels, respectively. That is, the association between features
and tumor heterogeneity can be explored to increase interpretability.
Similarly, at the model level, local and global interpretations of the
predictions made by these models should be explored to increase their
interpretabilities. Future studies are warranted to compare the perfor-
mance of radiomics generated features trained by statistical methods
with those trained using machine or deep learning approach.

5. Study limitations

Admittedly, methodological limitations influenced our present re-
view. Firstly, the included studies used varying medical image formats
and model performance metrics. Therefore, we could not present a
summarized performance of these models for each of the highlighted
areas of application of Al-based radiomics. Secondly, not all the included
studies assessed the performance of these models on an independent
external validation dataset. Therefore, we could not analyze the gener-
alizability of the reported models in these studies. In addition, our re-
view has a time frame limit since we used a systematic literature search
methodology. This means that the present analysis may miss any
important studies that were reported after this time frame.

5.1. Conclusions.

In this systematic review, we examined Al-based radiomics (ML or
DL) in HNC. In the first perspective, we focused on the application of
these models for diagnostic and prognostic purposes. In the second
perspective, we provided an overview of the Al-based radiomics work-
flow, as well as barriers affecting the widespread implementation of
these models. Our review suggests that Al-based radiomics has un-
doubtedly great potential for improving diagnostic evaluation and care
of HNC patients. By enabling the extraction of higher-level data that are
currently largely under-utilized in routine clinical practice, Al-based
radiomics has the potential to contribute to personalized and precision
oncology. The multiple challenges presented in this review provide
exciting areas for future research and development.
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