Digital Medicine in Thyroidology: A New Era of Managing Thyroid Disease
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Abstract
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 technology for the thyroid disease. Recent studies using artificial intelligence (AI)/machine learning (ML) have reported reasonable performance 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. Assistance 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 expected to serve as a clinical platform to facilitate better thyroid cancer care and as a research platform providing comprehensive disease-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 thyroidology 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 medicine over the last decade. Several conferences, forums, and academic 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. Various pieces of information measured from patients, such as height, weight, blood pressure, pulse rate, and blood test results, 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 medical images and records in databases, to access them using multiple modalities, and to transmit them via networks. Based on these sources of digitized medical information, remarkable recent developments in information and communication technology, biosensor technology, and artificial intelligence (AI)/machine learning (ML) technology have caused digital medicine to emerge as a highly promising field from both academic and industrial perspectives.
Digital medicine not only makes it possible to use digital devices for medical purposes, but also changes the overall landscape 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 technology 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 AI and ML. Broadly speaking, AI can be understood as the use of machines to mimic human cognitive function, including learning and problem-solving. Academically, AI is the study of intelligent agents that can recognize the complexity of the environment and maximize the possibility of achieving their goals [2]. ML is a field of AI that researches the algorithms and statistical models that enable computer systems to improve their performance on a specific task through experience without being explicitly programmed [3]. In the medical field, AI/ML has been most actively applied to the analysis of medical images. AI/ML methods can interpret digitized medical images accurately, providing information that physicians can use to make a computer-aided diagnosis (CAD). In the field of thyroidology, most studies 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 nodules [4], and significant research has sought to predict the malignant potential of thyroid nodules based on US features [567]. However, conventional US is operator-dependent and its diagnostic outcomes are affected by the experience, knowledge, and labor intensity of radiologists [8]. For this reason, AI/ML methods 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 images, using approaches that can be categorized into hand-crafted feature-based classifiers and data-driven methods [910].
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 diagnostic decisions based on a combination of their accumulated experience, 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 discrete wavelet transform features [9]. Through the supervised learning process, ML classifiers accomplish their tasks of identifying thyroid nodules, classifying and estimating their malignancy 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 extracted 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 classifiers for thyroid nodule classification in recently published studies is shown in Table 1 [121314151617].
Table 1 The Accuracy of Machine Learning Classifiers for Thyroid Nodule Classification in Recently Published Works

[image: Table 1]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.


Data-driven learning methods do not need hand-crafted features. Convolutional neural networks (CNNs) can extract features 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 proposed potential clinical applications of CNN-based methods. 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 CNNs, and stated that these results were comparable to those of radiologists (AUC, 0.805 to 0.860). In the aforementioned 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 nodules, and the AI system successfully identified the lesion areas as well as its diagnostic performance was not significantly different compared with radiologists.
Current research into imaging analysis has reported reasonable 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 microscopy and make decisions based on their knowledge and experience. Therefore, FNA cytology-based diagnoses are subjective and prone to inter-observer variability. To overcome these problems, several mathematical and computational models have been applied for the diagnostic cytology of thyroid nodules, with reasonable accuracy [21222324252627282930]. 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 network (ANN) model in 51 cases and reported a correct classification of 90.6% of nuclei, including cases of follicular adenoma, follicular carcinoma, papillary carcinoma, and Hashimoto thyroiditis. AI/ML methods could be valuable in cases with indeterminate 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 neoplasms, for which benign and malignant lesions cannot be discriminated 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 density features of chromatin texture. CNN, which is a data-driven learning method, was recently investigated as a way to distinguish papillary thyroid carcinoma (PTC) from non-PTC (colloid goiter, cytologically diagnosed follicular neoplasms, and lymphocytic thyroiditis) [29]. In that study, 370 images of 512×512 pixels (186 PTC and 184 non-PTC) photographed from 20 cytology smears (from 20 patients) were used to train the software. Although the CNN model showed a diagnostic accuracy of 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 differentiate other categories of thyroid lesions.
AI/ML-based methods for distinguishing benign and malignant thyroid lesions based on cytopathologic findings have shown good diagnostic accuracy, and they may assist cytopathologists in their decision-making. Furthermore, AI/ML methods may help overcome the limits of traditional cytopathology in differentiating thyroid follicular neoplasms and lesions showing indeterminate cytology. Nonetheless, advances in image analysis and intensive testing on large data sets of cytopathologic findings are required for the full-scale clinical application of these methods.

DATABASE FOR THYROID DISEASE
With the efficient management and systematic analysis of medical big data using information and communication technology, web-based platforms have been developed for collecting, standardizing, 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 geographical constraints, and researchers can easily analyze high-quality, real-world big data. The best example of this phenomenon 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) [3233]. The TCCC is a patient-oriented platform. Each thyroid cancer patient can have a TCCC profile, and his or her clinician can report 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 cancer care communication, which will benefit patients and clinicians. Mehra et al. [33] introduced the TCCC in a review and claimed that integration of the TCCC and EHRs using a universal language is under development and that the web-based program meets the strictest standards for data encryption and site-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 required for the treatment of thyroid cancer, this web-based platform can be a solution for maintaining comprehensive data on patients despite changes in their geographical location or physicians. The TCCC is expected to serve not only as a national registry of thyroid cancer, but also as a clinical platform for better thyroid cancer care and as a research platform providing comprehensive 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 hospital 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 trackers 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 oxygen 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 activity 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 patients with thyrotoxicosis. In their study, they used Fitbit™ devices (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 [3738]. Lee et al. [35] extracted resting HR from the continuously monitored 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 thyrotoxicosis improvement. An increase in resting HR of approximately 11 beats per minute measured using a wearable device was associated 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 devices can aid in the management of thyrotoxicosis and early detection 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 replacement in hypothyroid patients. The research group that conducted this study has developed a web-based application to predict thyrotoxicosis using resting HR data from wearable devices (https://thyroscope.org) (Fig. 1) [39].
[image: Fig. 1]
Fig. 1 Representative screen shots of a web-based application for predicting the risk of thyrotoxicosis using wearable devices (https://thyroscope.org). There are four distinct modules: (A) about THYROSCOPE, (B) Input My TFT, (C) My TFT/HR Data, and (D) Calculating My Risk. Reprinted from THYROSCOPE, with permission from THYROSCOPE [39]. TFT, thyroid function test; HR, heart rate.


CONCLUSIONS
Throughout human history, medicine has always evolved with the adoption of new technologies. Stethoscopes, electrocardiography, X-rays, US, computed tomography, and magnetic resonance imaging likewise resulted from applying the latest technology of the time to medicine, and doing so has led to remarkable advances in medicine. Digital medicine reflects another in stance of new technologies being introduced, but with the difference that it can be more patient-focused and has the potential to affect the entire field of medicine in the future. Although digital 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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