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Digital medicine has the capacity to affect all aspects of medicine, including disease prediction, prevention, diagnosis, treatment, and
post-treatment management. In the field of thyroidology, researchers are also investigating potential applications of digital technolo-
gy for the thyroid disease. Recent studies using artificial intelligence (Al)/machine learning (ML) have reported reasonable perfor-
mance for the classification of thyroid nodules based on ultrasonographic (US) images. AI/ML-based methods have also shown
good diagnostic accuracy for distinguishing between benign and malignant thyroid lesions based on cytopathologic findings. Assis-
tance from AI/ML methods could overcome the limitations of conventional thyroid US and fine-needle aspiration cytology. A web-
based database has been developed for thyroid cancer care. In addition to its role as a nationwide registry of thyroid cancer, it is ex-
pected to serve as a clinical platform to facilitate better thyroid cancer care and as a research platform providing comprehensive dis-
ease-specific big data. Evidence has been found that biosignal monitoring with wearable devices may predict thyroid dysfunction.
This real-world thyroid function monitoring could aid in the management and early detection of thyroid dysfunction. In the thyroi-
dology field, research involving the range of digital medicine technologies and their clinical applications is expected to be even more
active in the future.
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INTRODUCTION

Digital medicine has become one of the hottest topics in medi-
cine over the last decade. Several conferences, forums, and aca-
demic associations and journals focusing on digital medicine or
digital healthcare have been established, and the global digital

medicine market is expected to reach over 500 billion United
States dollar by the end of 2025, growing at a compound annual
growth rate of 30% [1]. “Digitization” of medical information
began a long time ago with the introduction of computers. Vari-
ous pieces of information measured from patients, such as
height, weight, blood pressure, pulse rate, and blood test results,

Received: 20 May 2019, Revised: 23 May 2019, Accepted: 27 May 2019
Corresponding authors: Jac Hoon Moon

Division of Endocrinology and Metabolism, Department of Internal Medicine,
Seoul National University Bundang Hospital, Seoul National University College
of Medicine, 82 Gumi-ro 173beon-gil, Bundang-gu, Seongnam 13620, Korea
Tel: +82-31-787-7068, Fax: +82-31-787-4052, E-mail: jaemoon76(@snubh.org

Steven R. Steinhubl

Department of Molecular Medicine, Scripps Research Translational Institute,
3344 North Torrey Pines Ct, Plaza Level, La Jolla, CA 92037, USA

Tel: +1-858-784-2184, Fax: +1-570-271-8005, E-mail: steinhub@scripps.edu

124 www.e-enm.org

Copyright © 2019 Korean Endocrine Society

This is an Open Access article distributed under the terms of the Creative Com-
mons Attribution Non-Commercial License (http://creativecommons.org/
licenses/by-nc/4.0/) which permits unrestricted non-commercial use, distribu-
tion, and reproduction in any medium, provided the original work is properly
cited.


http://crossmark.crossref.org/dialog/?doi=10.3803/EnM.2019.34.2.124&domain=pdf&date_stamp=2019-06-20

Thyroid Digital Medicine E n M

have been stored and managed in databases. The introduction of
picture archiving and communication systems and electronic
health records (EHRs) made it possible to store digitized medi-
cal images and records in databases, to access them using multi-
ple modalities, and to transmit them via networks. Based on
these sources of digitized medical information, remarkable re-
cent developments in information and communication technol-
ogy, biosensor technology, and artificial intelligence (Al)/ma-
chine learning (ML) technology have caused digital medicine to
emerge as a highly promising field from both academic and in-
dustrial perspectives.

Digital medicine not only makes it possible to use digital de-
vices for medical purposes, but also changes the overall land-
scape of disease prediction, prevention, diagnosis, treatment,
and post-treatment management. Furthermore, it changes the
ways in which medical providers and consumers communicate,
use medical resources, and bill and pay for medical expenses.
Digital medicine has also affected the field of thyroidology, as
researchers have investigated potential ways to use digital tech-
nology for the diagnosis, treatment, and prevention of thyroid
disease. In this review, we discuss recent research and clinical
applications of digital medicine in the field of thyroidology.

IMAGING ANALYSIS USING AI/ML

The rapid growth of computer technology has paved the way
for the development of innovative technologies that transcend
human capabilities in certain areas, as exemplified by Al and
ML. Broadly speaking, Al can be understood as the use of ma-
chines to mimic human cognitive function, including learning
and problem-solving. Academically, Al is the study of intelli-
gent agents that can recognize the complexity of the environ-
ment and maximize the possibility of achieving their goals [2].
ML is a field of Al that researches the algorithms and statistical
models that enable computer systems to improve their perfor-
mance on a specific task through experience without being ex-
plicitly programmed [3]. In the medical field, A/ML has been
most actively applied to the analysis of medical images. A/ML
methods can interpret digitized medical images accurately, pro-
viding information that physicians can use to make a computer-
aided diagnosis (CAD). In the field of thyroidology, most stud-
ies of AI/ML have focused on the differentiation of benign and
malignant thyroid nodules in ultrasonographic (US) images. US
is the primary imaging modality used to examine thyroid nod-
ules [4], and significant research has sought to predict the ma-
lignant potential of thyroid nodules based on US features [5-7].
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However, conventional US is operator-dependent and its diag-
nostic outcomes are affected by the experience, knowledge, and
labor intensity of radiologists [8]. For this reason, AI/ML meth-
ods have been applied with the aim of assisting or automating
the differential diagnosis of thyroid nodules. In recent years,
several studies have been conducted to develop a CAD system
using ML technology for classifying thyroid nodules in US im-
ages, using approaches that can be categorized into hand-crafted
feature-based classifiers and data-driven methods [9,10].

Hand-crafted feature-based classifiers use features extracted
from US images by researchers. Although these features can be
clinical or non-clinical, most ML classifiers use non-clinical
features for reasons described later. As a basic concept, hand-
crafted feature-based classifiers are similar to the conventional
classification methods used by radiologists, who make diagnos-
tic decisions based on a combination of their accumulated expe-
rience, expertise, and cognitive acumen with clinical features
from US images such as microcalcification, margins, shape,
echogenicity, contents, and vascularity. ML classifiers use a
combination of ML algorithms and non-clinical features from
US images such as textural features, vascular features, and dis-
crete wavelet transform features [9]. Through the supervised
learning process, ML classifiers accomplish their tasks of iden-
tifying thyroid nodules, classifying and estimating their malig-
nancy risk, and differentiating types of malignancies [11]. In
their review, Acharya et al. [9] claimed that ML classifiers using
non-clinical features showed higher classification accuracies
than were obtained by radiologists using clinical features, and
also presented the following additional advantages of using
non-clinical features: (1) such features can be automatically ex-
tracted from US images and quantified as numerical values that
can be used for automated classification; (2) there is no need for
visual inspection and interpretation, and therefore, the results
are more objective; and (3) such CAD systems can be written as
software applications at a low cost and installed on existing
computers in clinics at no extra cost. The accuracy of ML clas-
sifiers for thyroid nodule classification in recently published
studies is shown in Table 1 [12-17].

Data-driven learning methods do not need hand-crafted fea-
tures. Convolutional neural networks (CNNs) can extract fea-
tures from natural images, thereby improving the classification
and detection performance in image analysis. Ma et al. [18]
were the first researchers to apply CNNs to the task of thyroid
nodule diagnosis. They reported an accuracy of 83.02%0.72%
for thyroid nodule classification (benign vs. malignant) and pro-
posed potential clinical applications of CNN-based methods.
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Table 1. The Accuracy of Machine Learning Classifiers for Thyroid Nodule Classification in Recently Published Works
Study Subjects Features Classifier Accuracy, %
Acharyaetal. (2011) [12] 10 Benign, 10 malignant ~ Texture and DWT features from CEUS images ~ kNN 98.9
Ding etal. (2011) [13] 69 Benign, 56 malignant  Statistical and textural features SVM 93.6
Acharya et al. (2012) [14] 10 Benign, 10 malignant ~ Texture and DWT features AdaBoost 100
Acharyaetal. (2012) [15] 10 Benign, 10 malignant ~ Fractal dimension, fourier spectrum descriptor, ~ Gaussian mixture 98.1-100
local binary patterns, laws texture energy model, fuzzy, SVM
from 3-D HRUS and CEUS images
Chang et al. (2016) [16] 29 Benign, 30 malignant ~ Texture features SVM 98.3
Prochazkaetal. (2019)[17] 20 Benign, 20 malignant ~ Histogram features, SFTA SVM, RF 94.64
Reproduced from Prochazka et al. [17].
DWT, discrete wavelet transform; CEUS, contrast-enhanced ultrasonography; kNN, k-nearest neighbor; SVM, support vector machine; HRUS, high-
resolution ultrasound; SFTA, segmentation-based fractal texture analysis; RF, random forest.

Ko et al. [19] recently reported that the areas under the curve
(AUCs) for diagnosing thyroid malignancy were 0.835 to 0.850
for three CNNSs, and stated that these results were comparable to
those of radiologists (AUC, 0.805 to 0.860). In the aforemen-
tioned studies, radiologists were required to delineate the
boundary of thyroid nodules [18] or to draw square regions of
interest covering thyroid nodules [19] in each image. In a recent
study by Wang et al. [20], the YOLOV2 neural network was
used to detect and classify benign and malignant thyroid nod-
ules, and the Al system successfully identified the lesion areas
as well as its diagnostic performance was not significantly dif-
ferent compared with radiologists.

Current research into imaging analysis has reported reason-
able performance for the use of AI/ML to assist clinicians in
classifying thyroid nodules using US images. These AI/ML
methods are expected to compensate for the weaknesses of the
operator-dependent and labor-intensive diagnostic process based
on manual US. Considering their advantages compared to hand-
crafted feature-based classifiers, data-driven learning methods
are likely to be at the forefront of future research into the clinical
applications of AI/ML for thyroid nodule classification.

CYTOPATHOLOGIC ANALYSIS USING AI/ML

When US images are suspicious for a thyroid malignancy, fine-
needle aspiration (FNA) is recommended [4]. FNA is relatively
simple, minimally invasive, painless, inexpensive, and highly
accurate. Cytopathologists examine FNA specimens under mi-
croscopy and make decisions based on their knowledge and ex-
perience. Therefore, FNA cytology-based diagnoses are subjec-
tive and prone to inter-observer variability. To overcome these
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problems, several mathematical and computational models have
been applied for the diagnostic cytology of thyroid nodules,
with reasonable accuracy [21-30]. AI/ML methods were first
applied to the analysis of thyroid FNA specimens by Karakitsos
et al. [21] in 1996. They used 26 features describing the size,
shape, and texture of the nucleus with an artificial neural net-
work (ANN) model in 51 cases and reported a correct classifi-
cation of 90.6% of nuclei, including cases of follicular adeno-
ma, follicular carcinoma, papillary carcinoma, and Hashimoto
thyroiditis. AI/ML methods could be valuable in cases with in-
determinate findings on cytology. Ippolito et al. [23] studied
453 patients with a thyroid nodule diagnosed with indeterminate
findings on FNA biopsy using an ANN analysis with cytologic
and clinical data. They categorized the patients from high to low
risk, and found that the ANN model showed higher sensitivity
and specificity for distinguishing between benign and malignant
nodules than the standard cytologic criteria. AI/ML methods
also could be applied to the differentiation of follicular neo-
plasms, for which benign and malignant lesions cannot be dis-
criminated using traditional cytologic diagnostic techniques.
Shapiro et al. [24] reported a diagnostic accuracy of 87% for
distinguishing follicular adenomas from carcinomas with an
ANN method using nuclear morphometric parameters and den-
sity features of chromatin texture. CNN, which is a data-driven
learning method, was recently investigated as a way to distin-
guish papillary thyroid carcinoma (PTC) from non-PTC (colloid
goiter, cytologically diagnosed follicular neoplasms, and lym-
phocytic thyroiditis) [29]. In that study, 370 images of 512X 512
pixels (186 PTC and 184 non-PTC) photographed from 20 cy-
tology smears (from 20 patients) were used to train the software.
Although the CNN model showed a diagnostic accuracy of
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85.06%, the gold standard of diagnosis was cytologic diagnosis,
not pathologic diagnosis, and the CNN model was only used to
distinguish PTC from non-PTC thyroid lesions, not to differen-
tiate other categories of thyroid lesions.

AI/ML-based methods for distinguishing benign and malig-
nant thyroid lesions based on cytopathologic findings have
shown good diagnostic accuracy, and they may assist cytopa-
thologists in their decision-making. Furthermore, AI/ML meth-
ods may help overcome the limits of traditional cytopathology
in differentiating thyroid follicular neoplasms and lesions show-
ing indeterminate cytology. Nonetheless, advances in image
analysis and intensive testing on large data sets of cytopatholog-
ic findings are required for the full-scale clinical application of
these methods.

DATABASE FOR THYROID DISEASE

With the efficient management and systematic analysis of medi-
cal big data using information and communication technology,
web-based platforms have been developed for collecting, stan-
dardizing, and storing disease-related data at the national or
global level. Using such platforms, patients and physicians can
access integrated medical records without temporal or geo-
graphical constraints, and researchers can easily analyze high-
quality, real-world big data. The best example of this phenome-
non is provided by cancer care, as clinics and hospitals generate
huge amounts of data in EHRs, and big data systems are able to
combine those data with findings from the published literature
using algorithms to provide better management guidelines [31].
Recently, a web-based database platform for thyroid cancer
management was developed, known as the Thyroid Cancer
Care Collaborative (TCCC, https://www.thyroidccc.org) [32,33].
The TCCC is a patient-oriented platform. Each thyroid cancer
patient can have a TCCC profile, and his or her clinician can re-
port and store all data related to a patient’s thyroid cancer care
across the following nine distinct modules: initial presentation,
imaging, surgical management, postoperative hospital course,
postsurgical follow-up/treatment surveillance, pathology and
staging, laboratory results, nuclear medicine, and change in
health status. This platform provides a number of features for
patient education, clinical decision-making, and enhanced can-
cer care communication, which will benefit patients and clini-
cians. Mehra et al. [33] introduced the TCCC in a review and
claimed that integration of the TCCC and EHRs using a univer-
sal language is under development and that the web-based pro-
gram meets the strictest standards for data encryption and site-
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wide security at the browser and server level. In addition, the
TCCC informs patients about the use of their data for research,
and informed consent for research can be obtained online. Since
multidisciplinary management over a long time period is re-
quired for the treatment of thyroid cancer, this web-based plat-
form can be a solution for maintaining comprehensive data on
patients despite changes in their geographical location or physi-
cians. The TCCC is expected to serve not only as a national reg-
istry of thyroid cancer, but also as a clinical platform for better
thyroid cancer care and as a research platform providing com-
prehensive disease-specific big data.

WEARABLES AND THYROID DISEASE

During recent years, a variety of wearable devices that can
monitor various biosignals have been developed for use in hos-
pital environments, as well as in everyday life [34]. The market
of wearable activity trackers has grown considerably in recent
years, and forecasts predict that sales of wearable activity track-
ers will increase in the future. Currently available commercial
smartbands or smartwatches can monitor the user’s activity,
sleep, heart rate (HR) and rhythm, electrocardiogram, and oxy-
gen saturation, and various sensors for other biosignals can be
integrated with these devices. Several studies have investigated
medical applications of the biosignal-monitoring ability of ac-
tivity trackers, but only one study has done so with a focus on
thyroidology. Lee et al. [35] reported the clinical feasibility of
monitoring resting HR using a wearable activity tracker in pa-
tients with thyrotoxicosis. In their study, they used Fitbit™ de-
vices (Fitbit, San Francisco, CA, USA), which can measure HR
and physical activity using photoplethysmography and a 3-axis
accelerometer, respectively. Photoplethysmography measures
the differential reflection of light from the skin, based on the
pulsatility of superficial blood vessels [36], and a number of
studies on the accuracy of these wrist-worn HR monitors have
been published, showing relatively accurate resting HR [37,38].
Lee et al. [35] extracted resting HR from the continuously mon-
itored HR and activity data of thyrotoxic patients during their
anti-thyroid drug treatment period. In that study, the resting HR
from a wearable device was higher in thyrotoxic patients than in
the control groups and decreased in association with thyrotoxi-
cosis improvement. An increase in resting HR of approximately
11 beats per minute measured using a wearable device was as-
sociated with a 0.5 ng/dL increase in serum free thyroxine levels
and a 3.8 times higher risk of thyrotoxicosis. The authors
claimed that monitoring thyroid function using wearable devic-

www.e-enm.org

127




E nM Moon JH, et al.

es can aid in the management of thyrotoxicosis and early detec-
tion of disease recurrence in patients who are in remission after
treatment. They also stated that they expected their study to be
applicable for preventing overtreatment of levothyroxine re-
placement in hypothyroid patients. The research group that con-
ducted this study has developed a web-based application to pre-
dict thyrotoxicosis using resting HR data from wearable devices
(https://thyroscope.org) (Fig. 1) [39].

CONCLUSIONS

Throughout human history, medicine has always evolved with
the adoption of new technologies. Stethoscopes, electrocardiog-
raphy, X-rays, US, computed tomography, and magnetic reso-
nance imaging likewise resulted from applying the latest tech-
nology of the time to medicine, and doing so has led to remark-
able advances in medicine. Digital medicine reflects another in-
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stance of new technologies being introduced, but with the dif-
ference that it can be more patient-focused and has the potential
to affect the entire field of medicine in the future. Although digi-
tal medicine is in a very early phase and surrounded by many
uncertainties, such as concerns about privacy, security, and cost-
effectiveness, it already has affected the thyroidology field as
described above. We recommend that thyroid specialists should
engage with this emerging medical field and apply it in their
practice, research, and education to contribute to patient health
and wellness.
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