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Background: This study aimed to evaluate the applicability of deep learning technology to thyroid ultrasound images for classifica-
tion of thyroid nodules. 
Methods: This retrospective analysis included ultrasound images of patients with thyroid nodules investigated by fine-needle aspira-
tion at the thyroid clinic of a single center from April 2010 to September 2012. Thyroid nodules with cytopathologic results of 
Bethesda category V (suspicious for malignancy) or VI (malignant) were defined as thyroid cancer. Multiple deep learning algo-
rithms based on convolutional neural networks (CNNs) —ResNet, DenseNet, and EfficientNet—were utilized, and Siamese neural 
networks facilitated multi-view analysis of paired transverse and longitudinal ultrasound images.
Results: Among 1,048 analyzed thyroid nodules from 943 patients, 306 (29%) were identified as thyroid cancer. In a subgroup anal-
ysis of transverse and longitudinal images, longitudinal images showed superior prediction ability. Multi-view modeling, based on 
paired transverse and longitudinal images, significantly improved the model performance; with an accuracy of 0.82 (95% confidence 
intervals [CI], 0.80 to 0.86) with ResNet50, 0.83 (95% CI, 0.83 to 0.88) with DenseNet201, and 0.81 (95% CI, 0.79 to 0.84) with Ef-
ficientNetv2_s. Training with high-resolution images obtained using the latest equipment tended to improve model performance in 
association with increased sensitivity.
Conclusion: CNN algorithms applied to ultrasound images demonstrated substantial accuracy in thyroid nodule classification, indi-
cating their potential as valuable tools for diagnosing thyroid cancer. However, in real-world clinical settings, it is important to aware 
that model performance may vary depending on the quality of images acquired by different physicians and imaging devices. 
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INTRODUCTION

Thyroid cancer develops at a younger age than other malignant 
tumors, and is the most common endocrine malignancy [1]. The 
prevalence of nodular lesions of the thyroid gland, including be-
nign lesions, has been reported to vary from 20% to 70% world-
wide [2], and approximately 10% of thyroid nodules are diag-
nosed as thyroid cancer [3]. Due to the high prevalence of thy-
roid nodules and the high probability of detecting thyroid can-
cer, accurately distinguishing and managing thyroid nodules is 
of critical importance.

For differential diagnosis of thyroid nodules, the standard di-
agnostic approach is to examine the cytology from the suspect-
ed lesion using fine-needle aspiration (FNA) followed by re-
view of pathological findings. However, because FNA is an in-
vasive procedure, interpretation of ultrasound images is neces-
sary for determining whether to biopsy [4]. Risk stratification 
based on the characteristics of ultrasound images is highly ac-
curate [5-7], suggesting that the presence of cancer can be pre-
dicted by analyzing ultrasound images of thyroid nodules.

Meanwhile, artificial intelligence (AI) has emerged as a piv-
otal tool in diagnostic decision across various medical fields 
[8,9]. Deep learning models mimic the intricate processes of the 
human brain, and have been shown to be particularly promising 
in deciphering the complexities inherent in medical datasets 
[10]. Convolutional neural networks (CNNs), a type of deep 
learning, are well recognized in the realm of medical imaging 
for classification tasks [11]. By transforming images into digi-
tized formats through convolution and pooling layers and refin-
ing the data with activation functions and fully-connected layer, 
CNNs are adept at extracting meaningful patterns from medical 
images.

In this study, we investigated the clinical applicability of AI to 
classify thyroid nodules by using several CNN algorithms to ul-
trasound images of thyroid nodules.

METHODS

Study subjects and diagnosis
Patients who underwent biopsy at the Thyroid Nodule Clinic, 
Department of Endocrinology, Yeouido St. Mary's Hospital 
from April 2010 to September 2012 were screened for this 
study. We included cases in which cross-sectional and longitu-
dinal images of the nodule were clearly identifiable and showed 
no overlap with other nodules. Patients with pathologic confir-
mation based on cytology from FNA or surgical specimen dur-

ing follow-up longer than 3 years were screened. If the FNA re-
sult was Bethesda category II (benign), the nodule was classi-
fied as benign. Cases diagnosed as Bethesda category V (suspi-
cious for malignancy) or VI (malignant) on FNA were classified 
as papillary thyroid cancer (PTC). Cases with Bethesda catego-
ry III (atypia of unknown significance) confirmed on initial 
FNA were analyzed only if the diagnosis was confirmed by re-
peated FNA or surgery. Cases with unsatisfactory pathologic re-
sults (Bethesda category I), those suspected of being a follicular 
neoplasm (Bethesda category IV), or those confirmed to be ma-
lignancies other than PTC (follicular thyroid cancer, medullary 
thyroid cancer, or lymphoma) were excluded.

The study protocol was approved by the Institutional Review 
Board of Yeouido St.Mary’s Hospital (Study number SC22RI-
SI0110). Written informed consent was waived because the 
medical records of patients were retrospectively analyzed.

Data preparation
Board-certified radiologists performed all imaging examina-
tions and FNA. Until April 2011, ultrasound was performed at 
the study institution with a low-resolution ultrasound device 
(HDI 5000, Philips Healthcare, Best, Netherlands). After that, 
the equipment was changed to a high-resolution ultrasound de-
vice (iU22, Philips Healthcare). The resolution of the low-reso-
lution images was 640×476 pixels, while that of high-resolu-
tion images was 1,024×768 pixels. Before and after the device 
change, 524 nodules were extracted, and a total of 1,048 nod-
ules were analyzed. 

For human reference, an endocrinologist with 5-year of expe-
rience (Jinyoung Kim) reviewed the images and stratified the 
nodules in line with traditional Korean Thyroid Imaging Re-
porting and Data System (K-TIRADS) scoring. To train deep 
learning algorithms with the thyroid ultrasound images, nodular 
lesions were annotated in the form of a bounding box. After ob-
taining the coordinates of the center of the bounding box, an 
image of 150 pixels on the top, bottom, left, and right sides was 
cropped, and a box-shaped image of 300×300 pixels was ana-
lyzed (Fig. 1). 

For the AI models, augmentation techniques were applied 
considering the possibility of image deformation under various 
conditions that may occur during the acquisition of ultrasound 
images [12]. This standard deep learning image processing was 
performed in the present study by applying various random 
transformation methods to images, including; cropping to 256×

256 pixels, rotating within 15°, adjusting the brightness or con-
trast, and flipping horizontally or vertically.
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Statistical analysis
Continuous variables are reported as using means and standard 
deviations, while categorical variables are presented as numbers 
and percentages. Because this study was conducted without an 
external validation set, five-fold cross-validation was used to 
evaluate model performance. Model performance was described 
in terms of sensitivity, specificity, positive predictive value, 
negative predictive value, and accuracy. This value was calcu-
lated based on K-TIRADS category 5 for human reference, and 
in the AI models, by combining the binary prediction results of 
five test sets in cross-validation. Area under the curve (AUC) 
values were calculated based on the four classes (K-TIRADS 
categories 2–5) for human, and continuous malignancy proba-
bility values of the soft-max function for AI models. To com-
pare model performance, DeLong’s test was conducted for the 
AUC values.

Each CNN model was implemented using PyTorch (https://
pytorch.org) with the runtime environment configured on an 
RTX 4,080 graphics processing unit (GPU). The batch size was 
set to 64 for single-view analysis, and the batch size was set to 
32 for multi-view analysis. Epochs were set to 100, and we em-
ployed a learning rate scheduler that starts at 0.005 and reduces 
the learning rate by half if no performance improvement is ob-
served within 20 epochs. Optimizer used was stochastic gradi-
ent descent (SGD) with a momentum value of 0.9 to enhance 
the stability and speed of model training. Weight decay was set 
to 0.0005 to prevent overfitting by limiting the increase in mod-
el weight and controlling the complexity of the model structure. 

Statistical analyses were performed with R version 4.3.3 pro-

gram (R Foundation for Statistical Computing, Vienna, Austria) 
and Python version 3.13.0 (https://www.python.org).

RESULTS

Baseline characteristics
Among the 943 patients in the study cohort, the average age 
was 48 years and 74% were female. The number of thyroid 
nodules analyzed was 1,048, and the average maximal diameter 
was 1.2 cm. The malignancy rate among all nodules was 29% 
with rates of 28% in the low-resolution group and 30% in the 
high-resolution image groups, which was a non-significant dif-
ference (Table 1).

Comparisons of cross-sectional images, longitudinal 
section images and multi-view analysis
Subgroup analyses of transverse and longitudinal images from 
each nodule showed that the longitudinal section was superior 
(Fig. 2, Supplemental Tables S1-S6). Multi-view models that 
analyzed pairs of transverse and longitudinal images had statis-
tically significantly higher performance than when the trans-
verse section was used alone (P<0.05). 

Comparisons of deep learning models with the traditional 
K-TIRADS
When examining the classification performance of the tradi-
tional K-TIRADS in our study cohort, the sensitivity was 90% 
for the category 5. We compared the performance of AI-models 
with the traditional scoring by AUC values, and there was no 

Fig. 1. Study flowchart. FC, fully-connected layers.
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significant difference result, especially for DenseNet201. The 
specificity of the all three AI models was excellent, with AUC 
greater than 90% (Table 2, Supplemental Tables S7-S9).

Comparisons based on the differences in image resolution 
Subgroup analysis was performed on different datasets accord-
ing to image resolution, reflecting the change in ultrasound im-
aging equipment over time. The model that learned from high-
resolution images had a significantly better performance than 
the model learned from low-resolution images, and this pattern 
was consistent for all three CNN algorithms (Fig. 3, Supple-
mental Tables S10-S15).

DISCUSSION

We designed this study to examine the classification perfor-
mance of CNN algorithms applied to two-dimensional ultra-
sound images of thyroid nodules. Improvement in image resolu-
tion increased the sensitivity of the model, while refinement of 
AI algorithms improved the accuracy by increasing specificity. 
Developing a sufficiently learned and refined deep learning al-
gorithm is expected to be helpful in cancer diagnosis based on 
image findings.

Among the previous studies in which deep learning technolo-
gy was applied for differentiating thyroid nodules by ultrasound, 
the largest-scale study was a multicenter study in China [13]. 
The researchers named the model ThyNet, and it was made 
available to the public through GitHub [14]. Considering the 
advantages and disadvantages of previously developed algo-
rithms, ThyNet combines three algorithms, ResNet, ResNext, 
and DenseNet, through a weighted voting system that achieved 

Table 1. Baseline Characteristics of the Study Cohort

Variable 1,048 Thyroid nodules in 
943 patients

Age, yr 48±12

Sex

   Men 249 (26)

   Women 694 (74)

Size, cm 1.2±0.8

K-TIRADS

   2 60 (6)

   3 323 (31)

   4 370 (35)

   5 295 (28)

Initial cytopathology

   Bethesda I 21 (2)

   Bethesda II 702 (67)

   Bethesda III 67 (6)

   Bethesda V, VI 258 (25)

Final diagnosis

   Total images (n=1,048)

      Benign 742 (71)

      Malignancy 306 (29)

   Low-resolution images (n=524)

      Benign 377 (72)

      Malignancy 147 (28)

   High-resolution images (n=524)

      Benign 365 (70)

      Malignancy 159 (30)

Values are expressed as mean±standard deviation or number (%).
K-TIRADS, Korean Thyroid Imaging Reporting and Data System.
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Fig. 2. Comparison of model performance according to image view. 
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an accuracy greater than 90% in diagnosing thyroid nodules. In 
Korea, radiologists have attempted to analyze thyroid nodule 
ultrasound images using deep learning. Alex-Net [15] and 
VGG-Net [16] were compared with ResNet-based algorithms 
and classification accuracies greater than 80% were reported, 
indicating their clinical applicability. In a recent large-scale 
study, AI-Thyroid developed using 17 different CNN algorithms 
was validated at 25 multi-centers. This well-trained model 
yielded an AUC of approximately 90% regardless of the malig-
nancy rate of each institution [17].

CNN is basically composed of an architecture of convolution 
layers. Although performance is expected to improve as the 
neural network becomes larger and deeper, the complex struc-
ture increases the number of calculations, complicates parame-
ter settings, and can cause problems associated with overfitting 
when reporting the results. Therefore, new network structures 

have been developed to improve performance while addressing 
these challenges. In this study, three recently developed mod-
els—ResNet, DenseNet, and EfficientNet—were applied to 
thyroid ultrasound images. The concept of residual connections 
to ease the training of deeper networks was introduced in 
ResNet [18]. DenseNet connects each layer using a channel-
wise concatenation method rather than sequentially connecting 
layers to improve information flow and gradient propagation 
[19]. EfficientNet uses a compound scaling method to optimize 
the balance among network depth, width, and resolution. This 
can significantly increase model performance while simplifying 
the parameter setting method [20]. Consistent with the findings 
of a previous study [17], all three algorithms showed excellent 
performance in this study cohort (Table 2).

Since thyroid images are generally taken in both transverse 
and longitudinal views, we performed deep learning analysis on 

Table 2. Comparison of Model Performance with Traditional Scoring by an Endocrinologist with 5 Years of Experience

Sensitivitya Specificitya PPVa NPVa Accuracya (95% CI) AUCa (95% CI) P valuea

Traditional K-TIRADS

   K-TIRADS

   Category 5 0.90 0.73 0.89 0.76 0.85 (0.83–0.87) 0.88b (0.86–0.90) Reference

Multi-view modeling

   ResNet50 0.65 0.90 0.72 0.86 0.82 (0.80–0.85) 0.83 (0.80–0.86) <0.001c 

   DenseNet201 0.62 0.92 0.76 0.86 0.83 (0.81–0.86) 0.86 (0.83–0.88) 0.107c

   EfficientNet2v_s 0.58 0.91 0.73 0.84 0.81 (0.79–0.84) 0.78 (0.75–0.81) <0.001c

PPV, positive predictive value; NPV, negative predictive value; CI, confidence interval; AUC, area under the curve; K-TIRADS, Korean Thyroid Imag-
ing Reporting and Data System.
aThe results were calculated from the result combined with all folds of five-fold validation; bCalculated from the K-TIRADS scores, categorized from 2 
to 5; cCalculated by DeLong’s test based on soft-max values.
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Fig. 3. Comparison of model performance according to image resolution. 
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images from each view and compared the accuracy. In our re-
sults, longitudinal images showed superior accuracy (Fig. 2). 
We assume that this is related to the way these images are pre-
processed. The disadvantage of the box-shaped labeling method 
is difficult to focus only on the nodule, especially in transverse 
images, which were included the numerous structures present 
around the thyroid gland. Therefore, we additionally used Sia-
mese networks for pairing images from transverse and longitu-
dinal views [21]. This multi-view analysis mirrors the multifac-
eted approach of radiologists when assessing images, aligning 
the automated process closely with clinical practice. Previous 
researchers have demonstrated that multi-view approaches can 
enhance model performance by leveraging complementary in-
formation from different perspectives [22]. However, depending 
on the characteristics of the image and the anatomical region of 
the target diseases, the optimal number of views to improve 
classification accuracy may vary, and further investigation is 
needed on thyroid images [23]. Computer-aided diagnosis sys-
tems (CADS) are currently used for thyroid nodules in a semi-
automated manner [24], in other words, physicians performing 
ultrasound examination play an important role in acquisition of 
sonogram images. The multi-view analysis introduced in this 
study could resolve inter-observer variability by analyzing two 
or more images.

The overall accuracy of this study reported lower than that in 
previous studies due to its low sensitivity. This low sensitivity is 
likely due to the low resolution of images in the initial dataset. 
Therefore, subgroup analysis was performed on images taken 
before and after April 2011, as this is when our clinic started us-
ing a new ultrasound device with improved image resolution. 
The results confirmed that the better resolution of raw images 
improved the accuracy by increasing the sensitivity of diagnosis 
(Fig. 3). Based on these findings, we suggest that that the pre-
diction performance of AI models tended to increase as the 
quality and quantity of the training images increased. 

Various types of AI algorithms have been developed to ana-
lyze ultrasound images of thyroid nodules; however, application 
of the developed algorithms in the real world is a major chal-
lenge [25]. AI systems provided additional information for clas-
sification of thyroid nodules through a local computer or web-
based service. S-detect, the most well-known CADS that has 
been validated in numerous studies, segments nodules and reads 
sonographic features with considerable accuracy [26]. This sys-
tem is uniquely implemented in the ultrasound machine and has 
been commercialized. AI-Thyroid, a deep learning model devel-
oped by Korean radiologists, can report the malignancy rate of 

thyroid nodules and is publicly available on a web-based service 
[27]. Because the image characteristics of the device that takes 
the images and the accuracy of the algorithm are closely related, 
it may be more realistic to match appropriate algorithms to spe-
cific machines. When using a web-based algorithm, it is neces-
sary to interpret the result carefully by considering the type of 
machine and method used to take image.

Multi-view algorithms that learned approximately 1,000 nod-
ules had classification performance comparable to that of the K-
TIRADS classification, which is based on the interpretation of 
an endocrinologist with 5 years of experience. Additionally, 
deep learning models in our study had superior specificity than 
the traditional method, which is an advantage in clinical appli-
cation. Because thyroid cancer is generally indolent [28], high 
specificity is essential for clinical application to avoid over-di-
agnosis and treatment. In particular, indeterminate nodules, 
which are thought to benefit from additional diagnostic testing 
because the diagnosis is unclear even after biopsy, are of clini-
cal unmet need [29]. Evaluation of the presence of BRAF muta-
tions, which is recommended for additional diagnosis of inde-
terminate nodules [30], has a sensitivity of only 40% but is rec-
ognized for its clinical usefulness because its specificity reaches 
100% [31]. Therefore, the application of deep learning models 
to indeterminate nodules in clinical practice is worthy of future 
research [32]. 

With deep learning algorithms, probability-based scoring can 
be augmented by additionally reviewing the soft-max function 
results in the last step of the cascade of digitization for computer 
analysis of images. Images quantified through a convolutional 
matrix are converted into regression form to predict the class 
level. Currently, the regression value for each class is normal-
ized through a soft-max function and is output as a probability 
value between 0 and 1. Typical output is given as the class for 
which this probability value is highest [33]. Because cancer risk 
is stratified into five levels for thyroid imaging under the exist-
ing guidelines [34-36], continuous cancer probability values can 
provide additional information to help with thyroid nodule man-
agement [37]. 

Several limitations of this study also need to be discussed. 
First, the dataset size for model training was relatively small. 
Compared with a previous study in which the accuracy of the 
AI improved by learning more than 10,000 nodules [13,17], our 
model learned from only approximately 1,000 nodules. In addi-
tion, the dataset we used was from a single center, and external 
validation was not performed. The selection bias that commonly 
occurs in retrospective studies is called dataset shift in the field 
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of AI [38], and external validation is essential for generalization 
of the model and clinical application because the accuracy of 
the algorithm is greatly dependent on the quality of training data 
[39]. Second, the dataset comprised patients who visited the 
hospital more than 10 years previously and may not reflect re-
cent patient trends. However, the definitive diagnosis of thyroid 
nodules even in patients who did not receive surgical treatment 
was estimated using a sufficient follow-up period. In addition, 
data were collected before and after replacement of devices and 
showed clear differences in resolution for comparison between 
diagnostic devices. Last, because we only included binary class-
es of classic PTC or benign, this AI model cannot differentiate 
rare cancers of the thyroid gland (e.g., follicular neoplasm, med-
ullary thyroid cancer, anaplastic thyroid cancer, and lymphoma). 
Therefore, clinicians should take rare pathologic categories into 
consideration when using current binary prediction type AI 
based algorithms.

Application of up-to-date deep learning technology to thyroid 
ultrasound images is expected to be helpful in differentiating of 
thyroid nodules. However, in real-world clinical settings, it is 
important to understand that model performance can greatly de-
pend on the quality of the images acquired by different physi-
cians and devices.
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