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Abstract

One of the prevalent, life-threatening disorders that have been on the rise in recent years is thyroid nodule. A
frequent diagnostic technique for locating and identifying thyroid nodules is ultrasound imaging. Yet, it takes time and
presents difficulties for the professionals to evaluate all of the slide photos. Automated, dependable, and objective
methods are required for accurately evaluating ultrasound pictures. Recent developments in deep learning have
completely changed several facets of image analysis and computer-aided diagnostic (CAD) programmes that deal
with the issue of identifying thyroid nodules. We reviewed the literature on the potential, constraints, and present
applications of deep learning in thyroid cancer imaging and discussed the study’s goals.
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Introduction

The last three decades have seen an increase in thyroid cancer cases.
The American Cancer Society’s most recent estimate for thyroid cancer
for 2022 is roughly 43,800 new cases and 2,230 deaths. The thyroid
gland is located at the front base of the throat, and thyroid cancer is a
solid tumour that typically manifests as a nodule or mass there. When
rogue cells proliferate too quickly for the immune system to manage,
thyroid cancer results. Cancer typically originates from gene mutations
or alterations to the genes that regulate how cells function. As a result,
cells multiply uncontrollably and invade nearby tissues. There are
several different varieties of thyroid cancer, but two types are by far
the most prevalent types and account for 95% of thyroid malignancies.
Follicular and papillary thyroid carcinoma is two examples of this [1-6].

Early detection of malignant thyroid nodules can lead to efficient
therapy and minimal harm if the nodules are treated before the
cancerous cells in the thyroid gland spread. A procedure for the
early diagnosis of malignant thyroid nodules is called thyroid cancer
screening. Two primary techniques are used to identify thyroid
cancer: (1) neck palpation during a physical examination, and (2)
ultrasonography, which can identify both palpable and nonpalpable
nodules, particularly those with a diameter of less than 1 cm. The
main diagnostic method for determining the characteristics of thyroid
nodules is ultrasonography. These traits are used to categorise nodules
into benign and malignant types shown in 7] (Figure 1).

The use of computer-aided diagnosis (CAD) as a new method
for automatically diagnosing thyroid nodules has increased during
the past few decades. Artificial intelligence (AI) implementation in
CAD tools makes them more intelligent and improves the accuracy
and consistency of the interpretation of ultrasound findings, hence
reducing the need for needless biopsies. The basic methodologies of
Al-based CAD systems that have a significant impact on the medical
industry are machine learning and deep learning [8]. These techniques
rely on the expertise of specialists to select the key qualities from
a list of predetermined specified criteria gathered from the area of
interest. Several researches have employed thyroid ultrasound picture
characteristics like margin, shape, echogenicity, calcifications, and
composition to create CAD systems. These systems’ effectiveness has
previously been mentioned. Prior study has revealed how the classic
machine learning and deep learning methods, such as the support
vector machines and convolutional neural network (CNN), have

revolutionised the thyroid nodule diagnosis. The limitations of using
CAD tools in doctors” daily work have been greatly reduced because to
the advancement of machine learning and artificial intelligence shown
in [9] (Figure 2).

In-depth analysis of deep learning techniques for thyroid cancer
diagnosis is provided in this research. Given that the majority of the
articles were released after 2018, which shows that the deep learning
algorithm performed well for classifying thyroid nodules, it has attracted
alot of attention in recent years [10]. In the section that follows, Section
2, an overview of the deep learning techniques that have previously
been used for thyroid nodule classification is provided. Deep learning
techniques like CNNG, generative adversarial networks (GANs), auto
condors, long short-term memory (LSTM), deep belief networks
(DBN), and recurrent neural networks (RNNs) were all thoroughly
explained, and studies that used these techniques for classifying thyroid
cancer were also introduced shown in [11] (Figure 3).

Since their introduction as a class of generative model, generative
adversarial networks (GANs) have drawn a lot of interest from
researchers studying artificial intelligence. Two-player zero-sum
games are the source of inspiration for GANs. These models make an
estimate of the dataset’s prospective distribution before creating new
samples based on the distribution. Because to their excellent capacity
to handle a range of issue types, including image processing, computer
vision, audio processing, and language processing GANs techniques
have been widely used in numerous industries [12], A generator and
a discriminator learn simultaneously in a GAN, as is typical. The
generator’s job is to capture the probability distribution of the provided
datasets before using that distribution to create fresh data samples. The
discriminator, which is typically a binary classifier, is in charge of telling
actual data from bogus data. A deep neural network structure can be
used for both the generator and the discriminator. With the aim of
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Figure 1: Diagnostic algorithm for the evaluation of thyroid nodules (modified from). TSH: thyroid-stimulating hormone.
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achieving Nash equilibrium, GAN uses minimax game optimization,
and its straightforward design allows it to capture the distribution of
input datasets [13].

Discussion

Due to its safety, effectiveness, non-invasiveness, and accessibility,
ultrasound imaging has emerged as one of the most widely used
modalities for assessing thyroid nodules. Yet, interpreting ultrasound
images is a difficult undertaking that might vary depending on the
radiologists’ prior medical expertise and observational abilities. As
a result, there is a critical need for automated, trustworthy [14], and
objective technology for the interpretation of ultrasound pictures.
Recent advances in deep learning have changed a number of machine
learning fields, including computer vision and image processing.
Artificial intelligence-based CAD systems are developing quickly, but
none of them have been widely adopted, and there are still problems
with them. There is a huge need for Al-based CAD systems with
superior designs and practicalities that deliver consistent nodule
management solutions in practise [15].

In this article, we evaluated recent studies that used deep learning-
based algorithms to examine photos of thyroid nodules from medical
records. The literature showed that while CAD systems have sensitivity
levels comparable to those of skilled radiologists, they fall short in terms
of specificity and accuracy. As a result [16], combining the specificity
and accuracy of radiologists with the sensitivity of CAD systems and
using these systems as assistants for operators with less experience at
primary care centres is probably a viable alternative to think about. As
a result, it’s essential to use deep learning techniques and create models
that have a high level of accuracy, specificity, and sensitivity. Future
studies should examine how effective these strategies and tactics are.
Also, as pre-processing techniques for pictures can considerably affect
how well deep learning models work, they must be improved [17].

The management of data constraints, the development of reliable
and accessible datasets, and the creation of uniform evaluation
metrics are further issues that need to be addressed in future study.
Additionally, all deep learning algorithms, including B-mode, Doppler,
contrast-enhanced ultrasonography [18], and SWE, should be utilised
on multimodal images to provide a complete view of the lesions. The
multimodal pictures of thyroid nodules can be registered, trained,
and evaluated to increase the accuracy of thyroid nodule diagnosis.
Furthermore, it is challenging to evaluate the results of the offered
strategies due to the absence of common measures for performance
evaluation. According to a recent article, CNNs have been used the
most frequently of all deep learning approaches to diagnose thyroid
cancer. High sensitivity, specificity, and accuracy were found in the
results. Other deep learning techniques haven’t seen as much use, and
there aren’t enough papers to allow for a fair comparison of them. GANs
are the second-most used deep learning technique for thyroid nodule
diagnosis [19]. The high rates of sensitivity, specificity, and accuracy
suggest that by using this method on multimodal pictures, models with
improved performance may be discovered. Further research is needed
to determine the accuracy rate for the other well-known deep learning
techniques like RNN, DBN, and LSTM because they have not been
applied widely [20].

Conclusion

As previously established, thyroid cancer starts when the cells
multiply quickly and spread uncontrollably into the tissues around
them. Consequently, in addition to lowering the number of fatalities,

early diagnosis of malignant nodules is crucial for optimal disease
management. Throughout the past several decades, the development
of Al-based CAD systems for processing thyroid pictures has been
remarkably rapid. If these technologies are adequately validated,
thyroid nodule treatment will be improved. This article provides a
thorough analysis of deep learning applications for evaluating thyroid
nodules. The overall finding of this study showed that high specificity,
sensitivity, and accuracy deep learning techniques with the most recent
advancements will significantly assist the classification and analysis of
thyroid tumours.

Today, it can be stated that further research is necessary to produce
systems with high accuracy when compared to studies that employed
deep learning algorithms for various cancer diagnosis, such as breast
cancer and brain cancer. Many deep learning techniques still need to
be applied to ultrasound photos in order to evaluate their performance,
despite the empirical advantages and accomplishments of earlier deep
learning algorithms and methodologies in the assessment of ultrasound
thyroid images. There are currently insufficient public datasets available
for thyroid cancer imaging. Thus, challenges that need to be addressed
in future studies include the adoption of uniform assessment measures
and the provision of trustworthy and accessible information.

It can be stated that CNN is by far the most widely used deep
learning method for thyroid cancer diagnosis based on the findings
of specificity, sensitivity, accuracy, and rate of previously presented
methodologies. The method that has been most frequently used for
classifying thyroid nodules is the VGG16 method. In other studies,
GANs, RNNs, and LSTM techniques have also been used. However,
further research is needed because the number of publications that have
been published is insufficient. Also, it is essential to create better pre-
processing techniques to enhance the functionality of deep learning
models.
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