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Abstract

nt role in the detection of thyroid disease, but the management of
Objective: Ultrasound imaging is well known to play an importa
thyroid ultrasound remains inconsistent. Both standardized diagnostic criteria and new ultrasound technologies are essential for
improving the accuracy of thyroid ultrasound. This study reviewed the global guidelines of thyroid ultrasound and analyzed their
common characteristics for basic clinical screening. Advances in the application of a combination of thyroid ultrasound and artificial
intelligence (AI) were also presented.
Data sources: An extensive search of the PubMed database was undertaken, focusing on research published after 2001 with
keywords including thyroid ultrasound, guideline, AI, segmentation, image classification, and deep learning.
Study selection: Several types of articles, including original studies and literature reviews, were identified and reviewed to summarize
the importance of standardization and new technology in thyroid ultrasound diagnosis.
Results: Ultrasound has become an important diagnostic technique in thyroid nodules. Both standardized diagnostic criteria and
new ultrasound technologies are essential for improving the accuracy of thyroid ultrasound. In the standardization, since there are
no global consensus exists, common characteristics such as a multi-feature diagnosis, the performance of lymph nodes, explicit
indications of fine needle aspiration, and the diagnosis of special populations should be focused on. Besides, evidence suggests that AI
technique has a good effect on the unavoidable limitations of traditional ultrasound, and the combination of diagnostic criteria and
AI may lead to a great promotion in thyroid diagnosis.
Conclusion: Standardization and development of novel techniques are key factors to improving thyroid ultrasound, and both should
be considered in normal clinical use.
Keywords: Thyroid; Ultrasound; Guideline; Artificial Intelligence; Image Classification

Introduction

In recent years, the high incidence of thyroid nodules has

been questioned. For example, a review article,[6] “Wheth-
er ultrasound examination should continue to be used in
the thorough examination of thyroid nodules” the author
become particularly significant, primarily because of its
gradually increasing annual prevalence and the increasing
use of ultrasound.[1] Pathologically, most thyroid nodules
are benign, with amalignancy rate of approximately 5% to
7%. Studies have shown that undifferentiated cancers that
lead to a high mortality rate account for 1% to 2% of
malignant nodules.[2,3] The majority of malignant nodules
(especially those that are <1 cm) often have indolent
behavior with positive prognoses.[4] Surgical resection is
the primary treatment for thyroid nodules, but post-
operative complications (eg, hypoparathyroidism, recur-
rent laryngeal nerve paralysis, etc) have adverse effects on
patient quality of life.[5] Therefore, many researchers have
suggested that patients with thyroid nodules receive
excessive care, and the significance of ultrasound has
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argued that pointless ultrasound diagnoses of tiny
malignant thyroid nodules did not have practical signifi-
cance and might be one of the reasons for excessive care.
Standardizing ultrasound diagnosis of thyroid nodules and
its management and evaluating the ultrasound diagnosis
values associated with thyroid nodules are crucial.

Based on the above reasons, the development of ultrasound
diagnosis in the thyroid has not only focused on new
technologies but also on diagnostic standardization. Since
the Society of Radiologists in Ultrasound first proposed a
consensus on the management of thyroid nodules identi-
fied with thyroid ultrasound in 2005,[7] various thyroid
classification guidelines have successively emerged to
improve the diagnostic performance and reduce the mental
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and economic burdens on patients. However, the diversi-
fied diagnostic criteria also lead to inconsistent risk

Suspicious ultrasound features
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prediction in the diagnosis. A rational understanding of
the characteristics of various diagnostic criteria, as well as
their similarities and differences, will help standardize
thyroid ultrasound diagnoses.

Although each guideline provides a detailed explanation of
the ultrasound diagnosis of thyroid nodules, the complexi-
ty of sonography leads to unavoidable deviation in
diagnosis. Even though the application indications for
fine needle aspiration (FNA), which is currently widely
used, are clearly defined,[8] this procedure still provides
false negatives. These false negatives not only reduce the
diagnostic accuracy but also generate many unnecessary
invasive tests. On the other hand, the growing demand for
diagnosis also creates difficulties with regard to standard
implementation, data analysis, and processing; thus, a
more optimal method is urgently needed. With the
development of technology, artificial intelligence (AI), a
branch of computer science that trains computers to
simulate human minds and cognitive functions, might be
one solution for reducing the diagnostic differences and
improving accuracy. Based on the integration of big data
across multiple disciplines, an efficient intelligent diagnos-
tic system will be helpful for promoting and generalizing
thyroid ultrasound diagnostic standards in the future.

This review mainly focused on the popular guidelines of
thyroid ultrasound worldwide, from the aspect of
suspicious ultrasound features, assessment of cervical
lymph nodes, indication for FNA, use of other diagnostic
techniques and diagnostic criteria for special populations.
The generality, specialty, and limitations are compared
among the guidelines. These common characteristics and
parts of the acceptable rules that we established cannot
replace the guidelines, but they can provide a concise
reference for practical application. Thus, physicians may
no longer confuse how to choose the suitable guidelines.
Furthermore, we summarize the application of computer-
aided diagnosis in thyroid ultrasound, especially for
diagnosis using image classification techniques. This
technique can be a supplement to traditional ultrasound
diagnosis to promote diagnostic value, stability, and
efficiency.

Guidelines and Consensus on Thyroid Ultrasound
975
Common diagnostic standards

The general diagnostic criteria for thyroid ultrasound
include the 2016 American Association of Clinical
Endocrinologists, American College of Endocrinology
and Associazione Medici Endocrinologi Medical (AACE/
ACE/AME) Guidelines,[9] 2015 American Thyroid Asso-
ciationManagement (ATA) Guidelines,[10] 2017 American
College of Radiology (ACR) Thyroid imaging reporting
and data system (TI-RADS),[11,12] 2016 Korean Thyroid
Imaging Reporting and Data System (KSThR),[13] 2016
British Thyroid Association Guidelines (BTA),[14] and
2012 European Society of Medical Oncology (ESMO)
Clinical Practice Guidelines.[15] All the above guidelines or
consensuses are the latest updated editions.

1

Regarding the suspicious ultrasound features, the guidelines
arrive at a consensus that solid nodule structure, hypo-
echogenicity, taller-than-wide shape, irregular margin,
microcalcification, and invasion of surrounding tissue are
associated with malignancy [Figure 1]. However, a single
ultrasound feature is insufficient to make a diagnosis.[14,15]

In addition, the AACE/ACE/AME guidelines suggest that
for multiple nodules, radiologists should prioritize nodules
with suspicion ultrasound findings rather than size. These
two-dimensional ultrasound features are themain factors in
thyroid ultrasound diagnosis.

Assessment of metastatic cervical lymph nodes
Lymphatic metastasis is common in thyroid papillary
carcinoma.[16] Ultrasound has high specificity and sensitivi-
ty values for the assessment of lymphaticmetastasis, as it can
be used to detect the size, structure, and blood flow,making
it an important method. The signs of malignancy used to
detect metastatic lymph nodes include microcalcification,
cystic degeneration, peripheral blood flow, hyperecho, and
morphological rounding.When the above signs are present,
we recommend that a cytological examination be con-
ducted.[10] If a suspicious lymph node is detected via
ultrasound, a description of its zoning, number, shape, size,
margin, internal echo, the presence or absence of hilum, and
the signs of blood flow is necessary.[9]

As ultrasound is a popular method for diagnosing
metastatic cervical lymph nodes, an increasing number
of atypical and latent thyroid carcinomas will be detected
in the early stages, which shows the high clinical value of
standardization in ultrasound assessment of metastatic
cervical lymph nodes.

Assessment of nodule blood flow
The growth of thyroid nodules is associated with blood
supply.[17] According to a previous research, an abundant
microvascular blood flow has a strong correlation with
malignant thyroid nodules.[18] However, whether the
assessment of thyroid nodule blood supply by ultrasound
can be a diagnostic index remains controversial. ATA,
KSThR guidelines, and the ACR TI-RADS classification
system suggest that an increase in blood flow may be
associated with malignancy, but it is unreliable.[10] This
viewpoint is in contrast to the AACE/ACE/AME, BTA, and
ESMO guidelines, which suggest that abundant blood flow
and intra-nodular vascularization are an expression of
malignancy.[14,15]

This discrepancy might be caused by individual differences
and variations in accuracy of diverse blood flow detection
methods. Anatomically, the thyroid is an organ with
abundant blood flow, and it adjoins the esophagus and
carotid artery. Thyroid ultrasound is susceptible to
respiration and vascular pulsation; therefore, the require-
ments of blood flow detection techniques for thyroid
nodules are high. Early techniques, such as color Doppler
flow imaging and Power Doppler imaging, are unable
to accurately detect the microvasculature. Therefore, no
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consensus can be reached on the application of ultrasound
blood flow detection.[19] In recent years, new ultrasound

Other ultrasound techniques

Diagnostic criteria for thyroid nodules in special populations

Figure 1: Benign and suspicious ultrasound features and pathological findings (HE staining, original magnification �200) of thyroid nodules. (A–C) A nodular goiter. The two-dimensional
image, color Doppler image, and pathologic image are shown. (D–F) A papillary thyroid carcinoma. The ultrasound image shows a hypoechoic nodule with an irregular margin and
microcalcification. (G) (H), and (I) A follicular carcinoma demonstrating a large isoechoic nodule without microcalcification. HE: Hematoxylin and eosin.

Chinese Medical Journal 2019;132(16) www.cmj.org

976
techniques with improved detection of microvasculature
(including contrast-enhanced ultrasonography and superb
microvascular imaging) have enhanced the level of
detection.[20-22] Big data analysis is needed for further
assessment of the reliability of ultrasound blood flow
indexes.

Indications for FNA

FNA has been widely accepted as a minimally invasive
diagnostic technique that can obtain biopsy results
conveniently and safely. Generally, the nodule size and
risk of malignancy are identified as indications for FNA.
The 2017 updated edition of the ACR TI-RADS
classification system expanded the scope of the indications
for FNA from “mildly suspicious and moderately suspi-
cious nodules (2.0 and 1.0 cm, respectively)” to “mildly
suspicious and moderately suspicious nodules (2.5 and
1.5 cm, respectively).”[12] In this way, some unnecessary
FNA procedures could be avoided. In addition, there are a
few recommended supplements to the guidelines, such as
“aspiration of at least two sites within the nodule” and
“for multiple nodules, prioritize nodules to be sampled
according to ultrasound findings.”[9] These new recom-
mendations offer better guidance during the FNA
procedure.

1

The development of ultrasound elastography and three-
dimensional ultrasound provides new research directions
for thyroid ultrasound diagnosis.[23] However, these new
technologies are not highly accepted among the different
guidelines. For instance, the AACE/ACE/AME and ATA
guidelines and the ACR TI-RADS classification system
consider the performance of ultrasound elastography to be
variable and operator dependent; moreover, it is not
suitable for obese patients or those with multiple nodules.
Thus, ultrasound elastography may prove to be an
additional diagnostic criterion instead of an independent
diagnostic method.[9,10,12,24] Although evidences show
that the quantitative parameters of contrast-enhanced
ultrasonography (CEUS) (e.g., the maximum intensity of
peak) have great value, CEUS provides only ancillary data
for the diagnosis of malignant thyroid nodules according
to the guideline.[9] Comparisons of the guidelines are listed
in Table 1.
The development of diagnostic criteria for special
populations, including children and pregnant women, is
necessary. Therefore, the ATA revised their guideline in
2015, adding criteria for thyroid nodules in children. The
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guideline primarily focuses on children �18 years of age.
Although the incidence of thyroid disease in children is

stage of pregnancy.[9]Table 2 shows the guidelines for
thyroid nodules in children and pregnant women.

3.

Table 1: Comparison of different ultrasound diagnostic criteria in the thyroid.

Items Classification Suspicious ultrasound feature Lymphatic metastasis Indications for FNA

2016 AACE/ACE/AME[9] Low-risk,
intermediate-risk,
high-risk

Solid, hypoechoic, taller-than-
wide, intra-nodular
vascularity, absence of
peripheral halo, broken
calcified rim and tissue
extension beyond the calcified
margin

Enlarged lymph node,
cytologic assessment,
microcalcification,
absence of hilum

5–10 mm (clinical high-risk); ≥10 mm
(ultrasound high-risk); >20 mm
(ultrasound intermediate-risk, nodule
increasing in size or associated with a
high-risk history and before thyroid
surgery)

2015 ATA[10] High suspicion,
intermediate
suspicion, low
suspicion, very low
suspicion, benign

Solid, hypoechoic, irregular
margin, taller-than-wide,
microcalcification, extra-
thyroidal extension

Microcalcification, cystic
aspect, peripheral
vascularity,
hyperechogenicity,
round shape

≥10 mm (high/intermediate suspicion);
≥15 mm (Low suspicion); ≥20 mm
(Very low suspicion)

2016 KSThR[13] Category 1–5 Solid, hypoechoic, irregular
shape, microcalcification,
spiculated/microlobulated
margins, non-parallel
orientation

– >10 mm (except for cystic nodule and
spongiform appearance); >20 mm
(spongiform appearance); <10 mm (any
ultrasound suspicious feature)

2016 BTA[14] U1-U5 Solid, hypoechoic, lobulated/
irregular outline,
microcalcification, intra-
nodular vascularity, shape
tall>wide, characteristic
associated lymphadenopathy

– Irrelevant to the nodule size, U1–U2 (has
a significantly high risk of malignancy)
U3–U5 (equivocal, indeterminate or
suspicious of malignancy)

Any abnormal lymph node

2012 ESMO[15] ETA/ATA Hypoechogenicity, irregular
borders, microcalcifications,
absence of peripheral halo,
solid aspect, intra-nodular
blood flow and taller-than-
wide

– Any thyroid nodule >1 cm; <10 mm
(history of head and neck irradiation,
family history of thyroid cancer,
suspicious features at palpation,
presence of cervical adenopathy or
ultrasound suspicion)

2017 ACR TI-RADS[12] TR1-TR5 Solid or almost completely solid,
hypoechoic, taller-than-wide,
extra-thyroidal extension,
lobulated or irregular margin,
macrocalcifications

Globular shape, loss of
the hilum, peripheral
flow, heterogeneity,
microcalcifications

>10 mm (highly suspicious); >15 mm
(moderately suspicious); >25 mm
(minimally suspicious)

2016 French TI-RADS[25] TI-RADS 1-5 Marked hypoechogenicity,
taller-than-wide, spiculated
borders, microcalcification,
high stiffness on elastography

– ≥20 mm (TI-RADS 3–5 or simple cyst
with compressive symptom); 10–20 mm
(TI-RADS 4A/4B/5); <10 mm (suspect
cervical lymph node, focal uptake on
PET scan, suspected multifocality or
young patients)

US: Ultrasound; FNA: Fine needle aspiration; AACE/ACE/AME: American College of Endocrinology and Associazione Medici Endocrinologi Medical
Guidelines; ATA: American Thyroid Association Management Guidelines; ETA: European Thyroid Association Guidelines; KSThR: Korean Thyroid
Imaging Reporting and Data System; BTA: British Thyroid Association Guidelines; ESMO: European Society of Medical Oncology Clinical Practice
Guidelines; ACR: American College of Radiology; TI-RADS: Thyroid imaging reporting and data system; PET: Positron emission tomography; –: not
available.
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relatively low, its malignancy rate is 3 to 5 times higher than
that in adults.[26] Furthermore, it also has a high rate of
lymphatic and pulmonary metastasis (19–25%).[27] Ultra-
sound imaging plays an important role in FNA guidance in
the identification of cervical diseases and long-term follow-
up. High-frequency ultrasound is more likely to monitor
recurrence after thyroid cancer surgery.[28,29] Notably, the
size of the nodules cannot predict malignancy because
children’s thyroid volume always changes with age.
Similarly, hot nodules identified by nuclear scintigraphy
havemalignancy risks in children. As a result, the guidelines
suggest that even when the FNA result is benign, nodules
over 40 mm in children should be removed by surgery.[30]

The thyroid nodules of most pregnant patients existed
prior to conception, while others are initially discovered
during pregnancy. Gestation increases the risk of newly
developed thyroid nodules and causes the volumes of pre-
existing nodules to increase. For these patients, gestational
age is not an absolute contraindication of FNA. Ultra-
sound examination is applicable for any pregnant woman
with thyroid nodules. If necessary, FNA can be used at any
1977
The standardization of thyroid ultrasound diagnosis is based
on the standardization of the data reporting system and its
management.[31] Currently, no global consensus exists for
ultrasound diagnosis of the thyroid and might be associated
with factors such as anatomic properties, hormones, and the
development of detection technology. We developed a
concise list of common characteristics as follows:

1. A single ultrasound feature is insufficient to make a
diagnosis.
2.
 Microcalcification, cystic degeneration, peripheral
blood flow, hyperecho, and morphological rounding

are highly revealing of metastatic lymph nodes.
Nodule blood flow is not a reliable diagnostic index in
thyroid ultrasound diagnosis.
4.
 FNA is necessary when a mildly suspicious nodule is
larger than 2.5 cm.
5.
 Other ultrasound techniques (such as ultrasound elastog-
raphy and CEUS) can be only supplementary methods.
6.
 Since the malignancy rate of thyroid nodules in
children is relatively high, when suspicious ultrasound

http://www.cmj.org


characteristics are found, indications for FNA and
surgery should be broadened.

7.

Feature extraction of thyroid ultrasound image

Table 2: Ultrasound guidelines of special populations.

Special population Values of ultrasound Treatment

Children
2016 AACE/ACE/AME[9] Large size, suspicious

lymph nodes and
suspicious ultrasound
findings

Both hot and cold nodules should be considered for surgical
therapy

2015 ATA[28,30] Identifying and localizing
regional nodal
metastases

Surgery should be considered for benign nodules >40 mm,
and clinical presentation or compressive symptoms; FNA
should be performed when suspicious lymph nodes are
seen on US

Pregnant patients
2016 AACE/ACE/AME[9] Thyroid nodules that

grow substantially or
become symptomatic

Clinical or ultrasound evidence of extra-capsular growth or
lymph node metastases; Thyroidectomy should be
performed during the second trimester

2014 BTA[14]
– FNA can be used at any stage of pregnancy;

Surgery should be considered during the second trimester

AACE/ACE/AME: American College of Endocrinology and Associazione Medici Endocrinologi Medical Guidelines; ATA: American Thyroid
Association Management Guidelines; BTA: British Thyroid Association Guidelines; FNA: Fine needle aspiration; US: Ultrasound; –: Not available.
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FNA should be used when suspicious ultrasound
evidence, such as extra-capsular growth or lymph node,
978
is found in any period of pregnancy.

Even so, further promotion of the accuracy and stability in
thyroid ultrasound diagnosis is difficult, as is reducing the
examination time. Therefore, searching for methods that
can improve diagnostic efficiency and optimize the
diagnostic process is equally important when establishing
ultrasound diagnostic criteria. In the early 21st century, AI
provides a new development in medical imaging; it can
compensate for the unavoidable limitations of traditional
ultrasound, and the combination of diagnostic criteria and
AI may lead to considerable improvements in thyroid
diagnosis.

Image Classification Techniques in Thyroid Ultrasound

Conventional ultrasound has limitations. Compared with
other imaging methods, ultrasound is susceptible to the
patient’s position and imaging artifacts. The specificity of
ultrasound is not acceptable for the identification of some
diseases, such as adenoma and nodular goiter. The
diagnostic results depend on the examiner, and a strong
level of subjectivity exists, which in turn leads to
differences among physicians at different diagnostic levels.
Moreover, given the increase in the number of patients and
time-consuming scanning, the burden on physicians who
perform thyroid ultrasound scanning is also increasing.
With the development of computer science, AI has been
used for medical imaging diagnosis. Image classification,
the most common technique, develops an intelligent
classification model based on the different features in
ultrasound images and achieves an accurate diagnosis.
This technology generally consists of several steps, which
may include image pre-processing, feature extraction, and
data classification.

1

A good selection of features is beneficial for simplifying the
complicated data and obtaining the most important
information.[32] The most intuitive features come from
the original ultrasound images, such as the texture
feature.[33] In a study of 70 cases, 270 texture features
were analyzed for the identificationof benign andmalignant
thyroid nodules.[34] Likewise, Chen’s study[35] used texture
analysis and hierarchical support vector machine (SVM) to
classify the follicle base and fibrosis base thyroid nodules
according to the corresponding pathologic findings. The
results showed that the diagnostic accuracy of the
classification system is 96.34% to 100%. The decision on
features is the basic factor of system efficiency; well-chosen
features were accepted in image segmentation, image
diagnostic classification, and image registration and fusion.

Pre-processing of thyroid ultrasound image
Since the original ultrasound images (especially the low-
quality images) contain large amounts of imprecise and
incomplete information, pre-processing is essential for
data consistency and accuracy. Systems using pre-
processed images show better diagnostic performance
than those using the original images. Image segmentation is
the most common of the pre-processing methods.
Segmentation of thyroid ultrasound images is always used
to detect nodules, estimate the volume automatically, and
perform guided interventions.[36] A system using a region
of interest has superior classification efficiency compared
with those using the whole image.[37,38] The segmentation
methods in thyroid ultrasound imaging include conven-
tional methods (such as region segmentation, edge
segmentation, and contour segmentation) and deep
learning methods. Table 3 summarizes the characteristics
of different segmentation methods.

The thyroid echo is complex, frequently leading to
low performance of segmentation using conventional
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methods.[39] The emergence of deep neural network
learning in the early 21th century provided a better choice

Classifiers are the basic components of image classifica-
tion; in other words, the automatic classification model of

Table 3: Characteristics of different methods of thyroid ultrasound image segmentation.

Method Characteristics Advantage Disadvantage

Region segmentation[53]

Thresholding value Based on the assumption that similar
pixels have similar gray values

It can remove the speckle noise
and reduce the amount of
computation of weight matrix

The images without the
obvious bimodal or
multipeak in histogram
have poor results

Region growing and
region splitting

It considers the relationship between
the pixels and its spatially
neighborhood pixels

Simple calculation; It can
effectively eliminate isolated
noise points and is suitable for
the segmentation of small
structures

Different seed points may
obtain very different
segmentation results

Edge segmentation[53] A basic image segmentation method
using a different edge detection
operator

Improvement of the algorithm
will lead to good detection
results and high precision

The edge is
discontinuous, and
many false edges were
detected; It is
particularly sensitive to
noise

Contour segmentation[39,53] The energy function acts as a measure
about coincidence degree between
priori model and image data,
minimization of energy function
makes the final result of the curve
evolution that contour curve
approaches target contour

It can remove noise and provides
an interactive operating
mechanism

Limited by the low
contrast of the
ultrasound image

Deep learning method
(such as CNN)[41]

The multiple intermediate layers
include the convolution and pooling

It is a trainable model and has
the ability to capture highly
non-linear mappings between
inputs and outputs

Nodules of disorderly or
uneven distribution of
grayscale have a poor
segmentation result

CNN: Convolutional neural network.
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for segmentation.[40] Based on a multilayer neural
network, feature learning is added to deep learning to
achieve the goal of automatic feature extraction and
improve classification accuracy. However, for thyroid
nodules with a complex background, the accuracy of deep
learning segmentation should be optimized by expanding
the data size and adding training layers.[41] In general,
quantitative metrics, namely, Dice coefficient, Jaccard
coefficient, Boundary displacement error, and global
consistency error are adopted to validate the segmenta-
tion.[42,43] A quantitative analysis is convenient for the
horizontal comparison of segmentation efficiency using
different algorithm methods.

Development of an image classification algorithm model
979
The early detection of thyroid cancer is of great importance
for successful treatment. Currently, FNA is widely used to
obtain cytological results, and it is rapid, convenient, and
minimally invasive. However, 5% to 20% of FNA biopsy
diagnoses is undetermined and requires further pathologi-
cal examinations.[44] Compared with FNA, image classifi-
cation is non-invasive and can effectively decrease the use
of unnecessary invasive detection.

1

unknown images is developed through steps of data input,
supervised learning, training, and feedback. At present,
many classifiers are used for thyroid ultrasound images.
The two most common classifiers are artificial neural
network (ANN) and SVM. In addition, the Gaussian
mixture model, decision tree, and Bayesian classifier are
likewise used.[44,45] Unique classifiers have different
diagnostic accuracies and must be selected based on the
actual situation. In addition to the target classifier, other
classifiers can also be used for comparative analyses to
verify diagnostic performance.[45] However, such compar-
isons should be made within the same data set but not
among different data sets.

The ANN model consists of three components, including
the input layer, hidden layer, and output layer. This model
simulates neurons and classifies new individuals through
learning and training processes. In 2006, based on the
ANN, Hinton et al proposed the concept of deep learning,
which was represented by the convolutional neural
network (CNN). This network reconstructs high-dimen-
sional data through the middle layer and trains multilayer
neural networks to reduce data dimensionality. Because of
the low training speed and poor performance, ANN is
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rarely used alone in recent studies. Instead, using an
algorithm that applies deep learning (including new

incorporated into the deepening exploration of ultrasound
technology. Intelligent diagnostic systems based on

Chinese Medical Journal 2019;132(16) www.cmj.org
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algorithms and improvements of existing algorithms) or
joint evaluation via multiple classifiers is more com-
mon.[46,47] Since the collection of medical images is
difficult, these methods mentioned above will contribute
to a more precise model.[48] Deep learning technology has
the advantages of extracting and classifying features
automatically and reducing subjectivity and has a low
diagnosis and treatment cost. Chi et al[49] used thyroid
ultrasound images after pre-processing (including move-
ment of annotations and resizing the images) to improve
the fine-tuning of the deep CNN based on GoogleNet. This
method showed good classification performance with an
accuracy of 98.29%, a sensitivity of 99.10%, and a
specificity of 93.90%. In another study, 21,532 images
from 5842 patients were collected to develop a cascade
CNN-based model. A better result was obtained in the
experimental group, in which the area under the curve
(AUC) of cascade CNNwas 98.51%,while the AUCs of K-
nearest neighbor (KNN) and radial basis function neural
network was 64.68% and 78.56%, respectively.[50]

SVM is a common type of classifier for high-dimensional
data. A multidimensional hyperplane is constructed to
obtain the optimal solution for classification using
statistical methods. Tsantis et al[51] developed an SVM-
based image analysis system with the highest classification
accuracy of 96.7%. Compared with the quadratic least
squares minimum distance and the quadratic Bayesian
classifiers, the system based on SVM algorithm had better
performance in avoiding unnecessary thyroid nodule
biopsies. Chang et al[52] used features in combination
with an SVM for classification, which had an accuracy
ranging from 78.0% to 83.1% and showed improvement
in a multivariate analysis (98.3%).

The selection of a classifier depends on multiple factors.
SVM is more suitable than deep neural network for small
sample sizes, while the opposite is true for large sample
sizes. A 50-patient study compared the diagnostic accuracy
of different classifiers, including KNN, probabilistic neural
network, and decision tree. The result indicated that the
neural network did not have the best accuracy in that data
set.[53] Similar conclusions were drawn in another study of
Hashimoto thyroiditis, in which SVM had the best
diagnostic efficiency.[54] However, in a study of 970 cases,
the radial basis function neural network had the best
classification accuracy.[55] In one of the latest reports,
researchers used 8148 thyroid ultrasound images to
develop a hybrid method of two pre-trained CNNs. The
classification performance of the hybrid method was
superior to that of the histogram method and SVM.[56]

Furthermore, the results of Yu’s study demonstrated that
in a method combining ANN and SVM, the sensitivity
increased, but the specificity decreased.[57]

Deep learning in neural networks is highly efficient and
accurate and can effectively improve the accuracy of
ultrasound diagnosis in the thyroid, and the increase in
sample size is helpful for the classification performance.
The two-dimensional features along with the blood flow
and the hardness of thyroid nodules are gradually being

1

multimode imaging technology will become the develop-
mental trend of thyroid ultrasound diagnosis.

Limitations in clinical application
Despite the advantages described above, clinical applica-
tion of AI in medical diagnosis still needs patience and is a
long-term process. First, sufficient data are required for
system validation and verification. The collection process
will take a long time, especially when the department
lacks a normalized diagnostic standard. Moreover,
physicians need time to become familiar with the
complicated formulas and algorithms used during
the modeling process. At present, in clinical applications,
one algorithm model may be suitable only for a unique
database. Adjustment of parameters and algorithms is
necessary for changing the database or preparing to
improve the diagnostic concordance rate. In addition,
there are unavoidable subjective problems in the clinical
application. For instance, some nodules have irregular
shape and unclear boundaries only in some sections but
not in all the sections. An atypical section may be the
cause of misdiagnose. The solutions are further stan-
dardization (to define specific sections by human) and
scan with multiple sections (to reduce the probability of
misdiagnose caused by single section). With regard to the
objectivity, three-dimensional imaging may be another
better choice.

Conclusions
The development of ultrasound thyroid diagnoses lies
in standardization and technological innovation, and
technological development leads to a continuous im-
provement in diagnostic criteria. A systematic under-
standing of the various guidelines can make thyroid
ultrasound diagnosis more practical and evidence-based.
As an advanced technology, the development of AI
corrects the variability and subjectivity in conventional
ultrasound diagnosis. Furthermore, AI can shorten the
diagnosis time and reduce the burden on physicians. In
the context of the increasing data volume, AI will become
the main trend in the development of thyroid ultrasound
diagnoses in the future.
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