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KEY POINTS

e Data from head and neck (HN) imaging alongside clinical data can be used to build predictive
models improving noninvasive characterization of HN cancers and other anomalies.

e Machine learning (ML) has shown the potential for building predictive models that lead to improved
HN tumor characterization, prediction of treatment response, and survival.

e Successful deployment of ML-based models in a clinical setting will require algorithms based on
large-scale studies that encompass various sites and variations enabling the future ability to gener-
alize.

INTRODUCTION

)

Head and neck (HN) imaging is concerned with
the evaluation of disorders affecting the complex
structures and spaces of the neck, paranasal si-
nuses, skull base, and the orbits. Like any other
anatomic area, the HN can be affected by a large
variety of neoplastic and nonneoplastic disor-
ders. However, the HN is notable for its complex
anatomy and the concentration of critical organs
in close proximity to one another, making
advanced imaging and highly specialized expert

interpretations particularly important for the diag-
nosis and treatment of different disorders
affecting this region. Cross-sectional imaging
plays a fundamental role in the evaluation of ma-
jor disorders affecting the HN.

For the work-up of HN lesions such as HN can-
cer, imaging can be used to identify tumors and,
when appropriate, suggest a differential diagnosis
for distinguishing benign from malignant lesions.
Furthermore, in HN cancer, one of the most funda-
mental roles of cross-sectional imaging is to accu-

rately determine the stage of a tumor, including
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evaluation of deep spaces in the neck that may not
be reliably evaluated by clinical physical examina-
tion and endoscopy, upstaging the initial clinical
assessment when appropriate. After treatment,
imaging is an essential diagnostic tool for the sur-
veillance of tumor recurrence or differentiation of
tumor recurrence from treatment-related compli-
cations.” In most North American institutions,
contrast-enhanced computed tomography (CT)
scans, magnetic resonance (MR) imaging, and to
a lesser extent PET are the mainstay advanced im-
aging modalities used for initial evaluation and
follow-up of nonthyroid malignancies of the HN,
whereas ultrasonography is typically the first mo-
dality used for the evaluation of thyroid lesions.

In current routine clinical practice, evaluation or
interpretation of patient diagnostic medical scans
is largely qualitative with only limited use of basic
quantitative parameters for lesion evaluation and
characterization. Cancer staging is performed us-
ing the American Joint Committee on Cancer
(AJCC) TNM system, which classifies cancers
based on the size and extent of the primary tu-
mor (T), involvement of regional lymph nodes
(N), and the presence or absence of distant me-
tastases (M).>™* Reflecting the AJCC classifica-
tion, tumor assessment and staging is largely
based on a lesion’s anatomic extent, although,
in its revised classification that came into effect
in 2018, the AJCC created a separate staging
system for human papillomavirus (HPV)-associ-
ated cancers of the oropharynx, incorporating a
molecular marker for tumor staging that reflects
the distinct clinicopathologic characteristics of
this subtype of head and neck squamous cell
carcinoma (HNSCC).*® Although delineation of
the anatomic extent of a tumor is clearly impor-
tant, there is little use of the additional complex
quantitative features present on patients’ diag-
nostic images, and incorporation of molecular
markers is only rudimentary at this time. The cur-
rent process is also subjective and depends on
the radiologist’s or radiation oncologist’s level of
expertise and experience, resulting in variations
that may not be optimal for patient care. With
the advances made in computational power and
software engineering, there is great potential for
leveraging this technology for improving or aug-
menting diagnostic evaluation in head and neck
imaging toward the ultimate goal of more precise,
personalized therapy.

This article reviews the various applications of
machine learning (ML) in HN imaging. The article
begins with a brief overview of the traditional
radiomic-ML workflow versus deep learning, fol-
lowed by a review of several applications of ML
in HN imaging. Next, it discusses the challenges

and opportunities in using ML for HN imaging, fol-
lowed by a brief summary.

RADIOMICS AND MACHINE LEARNING

There has been long-standing interest in comput-
erized image analysis for diagnostic decision sup-
port, but developments have been accelerated
and the potential expanded as a result of the
impressive advances in computational power
and software engineering in the last decade. One
area of much interest and research activity is in
texture analysis or, more broadly, radiomics. First
introduced in the medical literature in 2012 and
defined as high-throughput extraction of quantita-
tive imaging features with the intent of creating
mineable databases from radiological images,
the definition of radiomics was later expanded to
“high-throughput extraction of quantitative fea-
tures that result in the conversion of images into
mineable data and the subsequent analysis of
these data for decision support.”®° Radiomic ap-
proaches perceive medical imaging as a rich
source for mining quantitative features as
opposed to pictures intended solely for visual
and subjective interpretation.® These image-
based quantitative features, which are referred to
as radiomics features, can provide important addi-
tional information and serve as biomarkers
enabling higher-level characterization of lesions
such as tumors, including prediction of different
clinical or molecular end points of interest that
may not be evident using standard subjective
interpretation alone. Radiomic features may even
be considered as image extracted omics that
can be used along with other features, such as
clinical, genomic, or proteomic information, to
capture a holistic picture of the lesion phenotype
under study.510-12

Machine learning is commonly used for predic-
tive modeling in radiomics.'3'* ML refers to quan-
titative algorithms capable of learning a task given
data related to that task.'® A performance mea-
sure, which is commonly referred to as an objec-
tive function, error function, or loss function, is
used to evaluate and guide the learning process.
It is important to emphasize that radiomic feature
extraction itself does not necessarily require artifi-
cial intelligence (Al) or, more specifically, ML;
many of the published texture or radiomic studies
are based on more traditional and computer vision
approaches derived using clearly defined or
explicit mathematical formulas designed by ex-
perts, collectively referred to as handcrafted or
hand-engineered features. However, ML classi-
fiers are particularly useful for performing predic-
tion modeling or classification tasks based on



radiomic features, with examples including tumor
classification, prediction of treatment response,
or survival among a multitude of possible tasks.
Also, ML approaches such as convolutional neural
networks (CNNs) can also be used for direct image
analysis and feature extraction, a process that
may be referred to as deep radiomics, as dis-
cussed in this article."12

This article categorizes applications of ML in HN
cancers as those using traditional ML and those
using deep learning methods. Methods such as
linear regression, support vector machine (SVM),
and random forest are considered as traditional
ML. In contrast, methods using neural networks
with more than 3 hidden layers are considered as
deep learning methods. Fig. 1 shows a typical
workflow for the application of a traditional hand-
crafted radiomic feature extraction approach fol-
lowed by the use of an ML method in HN
imaging. This process starts with image acquisi-
tion. Then radiomic features are mined during
feature extraction. Next, available clinical or bio-
logical features (if any) can be added to the set
of mined radiomics features. Because the size of
the feature set often is larger than the sample
size (ie, the number of medical images), feature se-
lection or other dimensionality reduction ap-
proaches such as principal component analysis
is used to extract a reduced set of features. These
features are then used for model building. The per-
formance of the model is assessed using previ-
ously unseen data; that is, data not used for
training and fine-tuning the model.

Machine Learning Applications

Traditional ML methods rely on handcrafted fea-
tures, which are extracted from images as inputs.
These features are often the result of years of inde-
pendent research but may be redundant and
nonoptimal for a given task. Deep learning, which
is a subset of ML, can be used to perform image
analysis and has the potential to alleviate the
need for handcrafted features. Given a large and
representative dataset, deep learning methods
can automatically extract discriminative features
for a given task during model training. Fig. 2 shows
a typical deep learning workflow in radiomics. As
discussed in later in this article, CNNs have been
applied to various image processing tasks,
including object detection, semantic segmenta-
tion, and instance segmentation.’®2° CNN-
based classification and segmentation models
have been developed for HN imaging.2"?? Fig. 3
shows a typical CNN-based classification model.
Unlike traditional ML approaches that involve a
feature extraction step and use the extracted fea-
tures for model building, feature extraction is part
of the deep learning models. These models often
are end-to-end models and are trained to learn
the optimal features from data.

In a supervised learning context, a dataset of in-
puts and their desired outputs (ground truths) are
used to build and fine-tune a model. Through an
iterative process, a random batch of inputs is
selected and fed to the model. The model output,
which is a probability distribution for the classes, is
then recorded. Next, the error (ie, the difference
between the model output and the desired output)

Image Acquisition

Manual labeling

Radiomic feature extraction
Dimensionality reduction
Model building
Model Evaluation

Fig. 1. A typical workflow for the application of traditional handcrafted features and ML methods in radiomics.
After acquiring images, they are manually labeled or their region of interest is contoured, depending on the
application. Then radiomic features are extracted, most commonly consisting of handcrafted features (variably
referred to as texture or radiomic features in the medical literature). Next, dimensionality reduction methods
are applied to get a reduced set of features for model building. After training and fine-tuning the model, a
collection of sample data that have not been used for building the model is used to evaluate the model

performance.
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Image Acquisition

Manual labeling

Model building

Model Evaluation

Fig. 2. A typical workflow for deep learning applications in radiomics. After acquiring images, they are manually
labeled or contoured, depending on the application. After training and fine-tuning the model, a collection of
samples that have not been used for building the model is used to evaluate the model performance. Although
in this example the region of interest is manually contoured, with sufficiently large and varied datasets there is
potential for deep learning to also perform whole-image analysis, including lesion identification and/or segmen-

tation tasks in an automated or semiautomated fashion.

is measured through a loss function. After that, the
model parameters are adjusted using the back-
propagation algorithm to minimize the model er-
ror.”® A typical CNN-based model used for
image segmentation is shown in Fig. 4. This model
is similar to the one for classification (see Fig. 2).
The differences are caused by the nature of the
desired output. In classification, an input image
needs to be assigned to a category among a pre-
determined set of options. In contrast, in segmen-
tation, the status of each pixel (voxel) of the input
images needs to be determined; therefore, the
input and output have the same dimension.

Downsampling
' Convolution

Fig. 3. A typical deep convolutional neural network
used for a classification task. A sequence of operators
is applied to an input image to produce a dense rep-
resentation of the input image. This low-dimensional
representation is referred to as deep features. These
features are then fed to a multilayer perceptron to
produce a probability distribution for categories/clas-
ses under study.

APPLICATION OF MACHINE LEARNING IN
HEAD AND NECK IMAGING

There are several applications of ML that are of
clinical interest for the HN. The most common ap-
plications include delineation of organ at risk
(OAR) or primary tumor for radiation therapy; tu-
mor detection; and tumor phenotyping and preci-
sion oncology applications such as prediction of
histopathology or molecular phenotype, response
to treatment, and survival. These applications
often can be categorized as classification or seg-
mentation tasks. Various applications of ML in
HN imaging are discussed here. Note that this is
not meant to be an exhaustive review of the vast
literature or every radiomic or ML study in HN,
but key examples from different areas of interest
are provided. The studies consist of a combination
of more traditional handcrafted radiomics and ML
studies as well as studies using deep learning.

Autosegmentation of Organ at Risk

Delineation of OAR is one of the fundamental tasks
in a radiation therapy workflow. Accurate delinea-
tion of a tumor plays an important role in opti-
mizing and improving treatment outcomes.?® In
the manual delineation of an OAR, a radiation
oncologist goes through hundreds of images and
tries to delineate the OAR while adjusting various
parameters. This task can also be delegated; for
example, to a medical physicist, under the super-
vision of a radiation oncologist. This process is
laborious and subject to intraobserver and interob-
server variability and is one of the bottlenecks in a



' Upsampling

Downsampling

Machine Learning Applications

' Convolution

Fig. 4. A typical deep convolutional neural network used for an autosegmentation task. A sequence of operators,
such as convolutions, upsampling, and downsampling, is applied to the input image to produce a segmentation

map as the output.

radiotherapy workflow. ML has been used for
tackling this task.'21.2224-31 Atlas-based and
deep learning approaches are 2 main categories
of methods used for automatic delineation of
OAR. Semiautomatic or automatic segmentation,
if sufficiently robust, not only has the potential to
improve workflow and productivity but also can
reduce variations that could result in more consis-
tent contouring and ultimately optimized treat-
ments and outcomes.

Atlas-based methods for autosegmentation of
organ at risk or primary tumor

Atlas-based methods for autosegmentation of
OAR rely on an image registration method.®="
These methods use a library of contoured images,
which are referred to as an atlas, to contour a new
image. Through an image registration process, the
pixels/voxels of a new image are aligned with
pixels/voxels of an image from the atlas. Then,
by translating the contour of the image in the li-
brary (a process called label fusion), a contour
for the new image is generated.

Rigid and deformabile registration are 2 main ap-
proaches for image registration.®? Rigid registra-
tion uses 3 translational and 3 rotational degrees
of freedom to overlay 2 images; therefore, all
pixels/voxels from 1 image are uniformly trans-
formed or rotated to overlay the other image.
This approach often leads to poor results in the
presence of patient movement or anatomic
changes.®® In contrast, deformable registration,
generates a vector field transformation that maps
pixels/voxels from 1 image to pixels/voxels in the
other image.*®

Yang and colleagues®* proposed a method for
autosegmentation of the parotid gland based on
atlas registration and SVM. In a longitudinal study
of 15 patients with HN cancer, they acquired MR
images before radiation therapy and in 3, 6, and

12 months after starting radiation therapy. They
used the pretreatment MR imaging and the binary
contour for the parotid gland of each patient as an
atlas. For each patient, the pretreatment MR imag-
ing was mapped to the posttreatment MR imaging
using a deformable image registration approach.
Subsequently, the binary contour was transformed
using the same mapping. They trained a radial ba-
sis function SVM on the pretreatment MR imaging
and its transformed contours. The model was used
to differentiate the voxels corresponding with the
parotid gland from the surrounding tissues on the
posttreatment MR images. The output of the auto-
segmentation system was evaluated against phy-
sicians’ manual contours. The investigators
reported success in parotid segmentation, with
an average volume difference between the auto-
segmentation and the manual contours of 7.98%
and 8.12% for the left and right parotid glands,
respectively.

Deep learning methods for autosegmentation
of organs at risk

Chen and colleagues?? proposed a CNN architec-
ture using a multitask learning approach aimed at
learning multiple tasks at the same time. Then
they transferred the learning weights to single-
task learning. Their architecture consisted of 3
components: an encoder, a decoder, and a
single-task or multitask layer. The encoder con-
tained 4 downsampling layers, and the decoder
contained 4 upsampling layers. The output of
each encoder layer was concatenated to the input
of the corresponding decoder layer. They used 5-
by-5 dilated convolutions®* and residual connec-
tions'® between consecutive layers. Using a life-
long learning approach, they trained the
autosegmentation system in 3 steps. First, they
trained a single-task CNN for segmentation of
the spinal cord. Then they substituted the last layer
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of the network with a multitask layer and preserved
the weights for the encoder and decoder layers.
After training the multitask segmentation network,
they substituted the multitask layer with a single-
task layer, preserving the weights for the encoder
and decoder layers. The final network was sepa-
rately trained for the segmentation of 12 HN or-
gans. Using a dataset of 200 HN CT scans, they
reported that their proposed approach outper-
formed two-dimensional (2D) U-Net, three-
dimensional (3D) U-Net, and a multitask learning
model trained from scratch.

A multiorgan segmentation dataset might be
imbalanced because of the variations in the num-
ber of annotated organs or differences in the size
of organs. Zhu and colleagues®' developed a 3D
CNN model based on the U-Net architecture for
the autosegmentation of HN anatomy considering
the data imbalances. To address the data imbal-
ance caused by differences in the organ sizes,
they adjusted the 3D U-Net architecture. They
removed all but 1 of the downsampling layers.
They also embedded squeeze-and-excitation
layers® in the architecture. Also, they proposed
and used a hybrid loss function combining Dice
coefficient loss and focal loss.*® To address the
data imbalance caused by missing annotations
for some anatomic structures, they introduced a
class weight into the loss function to assign a
higher penalty for the error made in the segmenta-
tion of organs with less representation in the data-
set. The missing annotations were masked out
when calculating the loss function. Using 261 HN
CT images from different sites and machines,
they trained their model and reported a new and
highly effective HN multiorgan segmentation algo-
rithm capable of processing whole-volume CT
images.?’

Tong and colleagues®’ proposed an autoseg-
mentation method for the automatic delineation
of 9 HN OARs. The proposed model contains 2
main components: an autoencoder architecture
as OARs shape representation model (SRM), and
a fully convolutional neural network (FCNN) with
a U-shaped architecture similar to that of
U-Net.?® The SRM model, an autoencoder, was
trained using segmentation labels and was used
as a regularizer when training the FCNN. They
used a small dataset of CT images from 32 pa-
tients randomly split into a training (22 CT images)
and a test set (10 CT images). They reported that
their HN autosegmentation method outperformed
an atlas-based autosegmentation model*® that
had been the winner of the Medical Image
Computing and Computer Assisted Interventions
2015 Head and Neck Auto Segmentation Grand
Challenge.®®

Liang and colleagues®® developed a deep
learning—based method for the detection and seg-
mentation of OARs using CT images from 185 pa-
tients with nasopharyngeal carcinoma. Their
proposed method had 2 stages: detection and
segmentation. The detection stage was based on
Fast R-CNN architecture,*’ and the segmentation
stage was based on a FCNN.*? The CT images
were used as a stack of 2D axial images. Each
2D image was resized and fed to the network as
a 400-by-400 matrix. The investigators compared
their proposed method with an FCNN model that
directly segmented images without detecting the
bounding boxes. They reported that the proposed
method achieved significantly higher Dice coeffi-
cients compared with the FCNN model. The gain
in performance using OAR detection as an inter-
mediary step might be caused by the positions
of OARs in CT images being almost consistent;
therefore, Fast R-CNN can accurately detect
bounding boxes for OARs. Consequently, by elim-
inating irrelevant information, conducting the seg-
mentation might be an easier task for the model to
accomplish.

Deep learning for primary tumor contouring

and other advanced radiotherapy applications
In addition to delineation of OARSs, studies are also
showing the potential value of deep learning for
more advanced applications, including automated
contouring of primary tumors. In a study by Lin and
colleagues,*® a 3D CNN was trained for automatic
primary gross tumor volume (GTV) contouring in
patients with nasopharyngeal carcinoma. MR im-
aging scans from 1021 patients were divided into
training, validation, and testing cohorts of 715,
103, and 203 patients, respectively, and GTV con-
tours were defined by consensus of 2 experts. The
output from the algorithm was then compared with
8 radiation oncologists in a multicenter evaluation.
The Al-generated contours had a high level of ac-
curacy compared with the ground truth (Dice sim-
ilarity coefficient, 0.79; 2.0-mm difference in
average surface distance). Furthermore, during
the multicenter evaluation, the use of the Al tool
improved contouring accuracy, reduced intraob-
server and interobserver variation, and reduced
contouring time. In another recent study, by Sve-
cic and colleagues,** a deep learning algorithm
trained on 337 patients and tested on 50 patients
was used as a predictive framework for the evolu-
tion of tumor anatomy as well as interfractional
dose delivery variations during external beam radi-
ation therapy for HN cancer. Using sequential CT
and associated dosimetry data, the probabilistic
framework yielded a Dice score of 92% and an
overall dose difference of 1.2 Gy in OARs and



tumor volume over the multiday treatment course,
achieving a 5% reduction in delivered fraction
segments.

Phenotype Classification for Head and Neck

The other common type of radiomic and ML
studies are those concerned with classification
tasks. A classification model is concerned with
predicting the most probable category among 2
or several possible options. There are various
tasks in HN disorder diagnosis and treatment
workflow that can be modeled as a classification
problem. Some samples of these tasks are dis-
cussed here.

Human papillomavirus prediction

HPV plays an important role in the pathophysi-
ology of HNSCC, representing a distinct clinico-
pathologic entity and subtype that mainly
affects oropharyngeal subsites. The prognosis
for patients with HPV-negative HNSCC is poor
compared with HPV-positive patients, and their
clinical management can differ from their HPV-
negative counterparts. HPV status is usually
ascertained by using immunohistochemistry for
its surrogate marker P16, a protein that hinders
cell division, or via direct testing for HPV by in
situ hybridization for viral DNA or polymerase
chain reaction for HPV oncogene expression.
These processes are invasive because they
require collecting biospecimens from the pa-
tients. HN imaging and ML algorithms have
been used for determining HPV status in a nonin-
vasive manner.

Yu and colleagues*® developed a model to
assess HPV status using HN CT imaging. They
extracted radiomic features using IBEX soft-
ware.*® After a comprehensive feature selection
process, a general linear model was built to predict
HPV status using the remaining radiomic features.
The selected features indicated that HPV-positive
tumors are smaller and more spherical compared
with HPV-negative tumors. The investigators eval-
uated the model performance on a public and a
private dataset, achieving area under the curve
(AUC) values of 0.86667 and 0.91549 for the public
and private datasets, respectively.

Buch and colleagues®’ also investigated HPV
status prediction using texture features extracted
from contrast-enhanced CT images of 40 patients
with oropharyngeal squamous cell carcinoma.
They identified histogram median, entropy, and
GLCM (gray-level co-occurrence matrix) entropy
as discriminative features and concluded that
radiomics features could be used to predict the
HPV status in squamous cell carcinoma. In
another study, Vallieres and colleagues*®
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investigated HPV status prediction using 18F-fluo-
rodeoxyglucose PET images of 67 patients with
HNSCC. The results of their SYM model supported
the feasibility of HPV status prediction for HNSCC.
Other studies have also reported variable accu-
racies for prediction of HNSCC HPV status.*®:°°
It is not clear whether ML approaches can reach
sufficient accuracy to replace HPV testing, espe-
cially given that this testing is done on biopsy
specimens and is likely to continue for now. How-
ever, a potential role can be foreseen in under-
served or under-resourced areas where such
testing may not be easy to obtain. Furthermore,
the ability to predict HPV status with a relatively
high accuracy using noninvasive image analysis
and ML suggests the potential value of this
approach as a noninvasive biomarker for other tu-
mor phenotypes of interest and precision
oncology.

Lymph node classification

Lymph node metastasis and extracapsular lymph
node extension are important prognostic factors
for HN cancer. Furthermore, more reliable detec-
tion of early nodal metastases, especially for oral
cavity HNSCCs, has the potential to reduce the
need or required extent of neck (nodal) dissection
for a subset of those cancers. Kann and col-
leagues®' developed a CNN-based model, which
they called DualNet, for pretreatment identification
of nodal metastasis and extranodal extension us-
ing 2875 lymph nodes extracted from 124 pa-
tients. The model was then tested on an
independent cohort of 131 patients. For the pre-
diction of extranodal extension status, they
achieved an AUC value of 0.91 with a negative pre-
dictive value of 0.95. For nodal metastasis predic-
tion, they achieved an AUC value of 0.91 with a
negative predictive value of 0.82.

Forghani and colleagues'®°%°® developed an
ML approach for the prediction of cervical lymph
node metastasis using dual energy CT (DECT) im-
ages indirectly by evaluating the radiomic features
of the primary HNSCC tumor. They used a retro-
spective  study of 87 patients  with
histopathology-proven HNSCC. They built a
random forest model for nodal status classification
that achieved promising results. This study
showed that radiomic features of the primary tu-
mor have the potential to be used for nodal status
prediction. Their experiments also indicated that
multienergy CT scans are superior to single-
energy CT scans in predicting cervical lymph
node metastasis.

Seidler and colleagues®* also built random for-
est and gradient boosting machine models for
distinguishing metastatic HNSCC Ilymph nodes
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from lymphoma, inflammatory, and normal
nodes. They extracted 412 lymph nodes from
DECT images of 50 patients. The built models
were capable of distinguishing metastatic
HNSCC from normal nodes, lymphoma from
normal nodes, inflammatory from normal nodes,
and malignant from benign lymph nodes. Their
results indicated the utility of radiomic feature
analysis of DECTs in the identification and histo-
pathologic classification of cervical
lymphadenopathy.

Chen and colleagues®® also reported a hybrid
model combining the handcrafted radiomic fea-
tures and a 3D CNN for classifying lymph nodes
as normal, suspicious, or involved. The investiga-
tors reported an accuracy of up to 88%. However,
the patients did not undergo surgical neck dissec-
tion and therefore gold standard pathology proof
was not available as ground truth. Studies have
also shown the feasibility of evaluating metastatic
lymph nodes from thyroid cancer on ultrasonogra-
phy or CT.56-58

ML applications are promising for the evaluation
of cervical lymphadenopathy and, if reliable and
generalizable algorithms can be developed, have
the potential for significant clinical impact. Howev-
er, there are significant challenges for developing
reliable algorithms for this purpose. From the
standpoint of algorithm training and ground truth
confirmation, it can be challenging to definitively
cross-correlate all lymph nodes on imaging with
histopathologically confirmed nodes from surgical
specimens, especially the smaller nodes that are
frequently of the greatest interest from the stand-
point of clinical impact. This problem has the po-
tential to introduce both errors and bias.
Segmentation and analysis of numerous lymph
nodes can also be prohibitively time and labor
intensive and, furthermore, many smaller lymph
nodes do not have sufficient volume for reliable
radiomic analysis. In this regard, much work re-
mains to be done, and a combined approach
based on both direct nodal evaluation and indirect
predictive modeling based on the analysis of the
primary tumor may have the highest likelihood of
successful outcome in terms of developing a reli-
able algorithm with the highest possible accuracy.

Prognosis, risk assessment, and treatment
outcome prediction

In an early retrospective study of 72 patients using
2D CT texture analysis, texture features were
found to be associated with overall survival in pa-
tients with locally advanced HNSCC treated with
induction chemotherapy.>® More recently, Zhang
and colleagues®® developed a model for pretreat-
ment risk assessment of distant metastasis in

patients with nasopharyngeal carcinoma using
HN MR imaging images. They extracted 2780
radiomics features, among which 7 were selected
for building a logistic regression model to classify
patients to low risk or high risk of distant metas-
tasis. They trained the model using a retrospective
cohort of 123 untreated patients with nonmeta-
static status (AUC = 0.827) and validated the
trained model using an independent retrospective
cohort of 53 patients (AUC = 0.792). The MR im-
ages used in this study were acquired from 2
different MR imaging machines and various
protocols.

Early studies also suggest the use of MR imag-
ing, CT, and/or PET radiomics and ML for predict-
ing treatment failure or tumor recurrence following
radiation and/or chemotherapy for different HN
cancers.*>61.62 Fyrthermore, pretreatment CT,
PET, or MR imaging texture analysis has been
used for the prediction of progression-free survival
or overall survival in different mucosal HN cancers
or thyroid cancer.®*""

Thyroid nodule classification
Thyroid cancer is the most prevalent malignancy in
the endocrine system. Ultrasonography is
commonly used as the first-line diagnostic modal-
ity for the detection and characterization of thyroid
nodules. Both the acquisition and interpretation of
ultrasonography are operator dependent and sub-
jective. The rapid increase in ultrasonography us-
age has resulted in a significant increase in
workload for radiologists, highlighting the need
for automatic processing of the resulting data.
Consequently, there has been interest in using
ML for the detection and diagnosis of thyroid
nodules.”>"®

As an example, Park and colleagues’® devel-
oped a deep learning—based method for the diag-
nosis of thyroid nodules. Their approach consisted
of 3 components. The first component was a fully
convolutional network*? used for the segmentation
of a lesion. Each lesion region was manually
selected using a bounding box. After conducting
segmentation, the tight bounding box for the
lesion was selected and expanded by adding
some extra margins. A patch of the image corre-
sponding with the expanded bounding box was
used as input for the second and third compo-
nents. For the second component, AlexNet’*
was used to classify 7 ultrasonography features.
For the third component, a modified version of
GooglLeNet” was used to classify the lesion as
benign or malignant. The output of the second
component was also used as input to the classifier
layer used in the third component. They compared
the result of the deep learning—based method with



the results of an SVM classifier and the manual
classifications made by a group of 10 radiologists.
They observed that the deep learning-based clas-
sifier outperformed the SVM approach. Also, there
were no significant differences between the results
of the deep learning—based method and the classi-
fications made by the expert radiologists. There
are numerous publications exploring the potential
of deep learning for thyroid nodule detection or
classification, including nodule classification
based on standardized risk stratification and clas-
sification systems such as the Thyroid Imaging
Reporting and Data System.”6-82

BARRIERS AND CHALLENGES FOR DEEP
LEARNING APPLICATIONS IN HEAD AND
NECK IMAGING

This article reviews various applications of ML in
HN imaging. The research in this area shows
promise; however, there are still significant chal-
lenges that need to be addressed in order to
deploy traditional or deep learning methods in a
clinical setting.

A challenge that hinders the clinical application
of many ML models as a fully automated system
is the imbalanced nature of datasets used for
training these models. The accuracy of an ML
model could be compromised for patients with un-
common tumor characteristics. Most reported
research is considered as proof-of-concept
models, because they use small sample sizes
often from a single site. Conducting large-scale
studies, where the phenotype under study is well
represented in the training data, is the next step
before the clinical deployment of these methods.

Another source of data imbalance in multiorgan
studies is the large difference between the organ
sizes. Small structures such as the optic chiasm
only compose a small fraction of the whole medi-
cal image (0.000,01), which introduces data imbal-
ance.?! For example, it has been reported that the
standard U-Net architecture has difficulty in seg-
menting organs with small volumes, such as the
optic chiasm or optic nerves.?! Generalized Dice
coefficients, 384 Tversky,®® focal loss,*® sparsity
label assignment deep multiinstance learning,®®
and exponential logarithm loss®” are among the
remedies used for dealing with data imbalances.
Addressing the data imbalance remains an active
area of research.

Deep learning and atlas-based methods are 2
main approaches used for the delineation of
OAR. In atlas-based methods, the atlas must
include a set of contoured template images that
represent the population under study. A deviation
from the target population may lead to poor results
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for patients with anatomic characteristics that are
not well represented in the atlas. Deep learning
methods have led to promising results in OAR
delineation, which often is the bottleneck in the ap-
plications of radiomics. Alleviating this bottleneck
will be an important step in providing adaptive
treatment planning and personalized radiation
therapy.

The output of autosegmentation tools might
degrade because of differences in protocols and
machinery used for acquiring medical images.®®
Because the error in the delineation of OARs may
affect the radiotherapy treatment, a systematic
evaluation of available tools through a pilot study
is required before putting them into practice. In
such a pilot study, a representative subset of the
dataset under study should be contoured by ex-
perts and be used to evaluate the performance
of each tool. Alternatively, autosegmentation can
be used to generate an initial segmentation that
is reviewed and corrected by an expert. This semi-
automated process helps to speed up the con-
touring process and avoid the error introduced
by the autocontouring step. This process also
has the advantage of having an expert human as
backup, which may also facilitate adoption.

The comparison of various ML applications in
HN imaging remains challenging in the lack of
large-scale benchmark datasets. This difficulty is
more of an issue when evaluating deep learning
models, because there are various hyperpara-
meters that may affect the performance of these
models. Also, fine-tuning these models is compu-
tationally demanding. For example, Chen and col-
leagues®® reported that their architecture
outperformed the 3D U-Net in the soft Dice and
root mean squared error, although the comparison
results might not hold when using larger datasets.

In the absence of large-scale medical imaging
datasets, transfer learning can be a viable option
for achieving performant and generalizable
models. For example, the model proposed by
Chen and colleagues®® that used multitask
learning and transfer learning outperformed a
model with the same architecture trained from
scratch.

Annotating medical images requires expertise
that is rare and expensive, which is an obstacle
for developing large-scale benchmark datasets.
To speed up the annotation process, often, each
medical image is annotated by a single practi-
tioner. One limitation in such experiments is that
the trained model using these datasets might learn
the systematic bias or error in the contours.
Ideally, the contours should be generated inde-
pendently by a group of physicians. For each con-
tour, the image and the contour can be used as a
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training example. This approach is suitable for
deep learning applications and can help with alle-
viating systematic errors in contours generated by
a single practitioner. This process can be consid-
ered as data augmentation applied to contours.
Alternatively, when several physicians have con-
toured an image, the region encompassing the
consensus can be used as the contour for that
image.

Assembling large-scale HN imaging datasets is
more challenging considering the ethical and legal
issues pertaining to patient privacy but could yield
superior results. A viable approach for addressing
this challenge would be multiorganization collabo-
ration through data sharing platforms with a high
level of data security, along with robust anonym-
ization tools for removal of all metadata, possibly
supplemented by defacing or equivalent software
given the small possibility of surface rendering
and facial recognition software for patient identifi-
cation. Other approaches where the primary data
or scan do not leave the institution, such as feder-
ated learning, can also be used to enhance privacy
protection.

In some applications of deep learning, the lack
of sensitivity has been reported.®® Achieving a suf-
ficiently high sensitivity for the application of inter-
est without sacrificing specificity is an essential
requirement for any system with the potential for
clinical deployment. A more detailed and general
discussion of basic challenges for ML algorithm
development, as well as handcrafted radiomics,
is beyond the scope of this article but can found
in various review articles on the topic.%'":'2

SUMMARY

ML has shown the potential to use currently un-
used data available on patients’ medical imaging
scans for building predictive models that lead to
improved diagnosis and ultimately outcome for
patients with different HN disorders, especially
HN cancers. Most experiments so far have been
proof of concepts and conducted using a small
number of samples acquired from a single or a
few sites following a single protocol. To be able
to deploy these models in a clinical setting, con-
ducting large-scale studies that encompass
various sites and protocols, is a requirement. To
do so requires developing data aggregation and
data sharing pipelines that, while addressing pa-
tient privacy concerns, make developing such
models possible. If these obstacles can be over-
come, ML-based assistive diagnostic tools have
the potential to improve both the efficiency and
quality of health care, paving the way for more pre-
cise and personalized therapies.
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