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ABSTRACT

Introduction The current ultrasound scan classification sys-
tem for thyroid nodules is time-consuming, labor-intensive,
and subjective. Artificial intelligence (Al) has been shown to
increase the accuracy of predicting the malignancy rate of thy-
roid nodules. This study aims to demonstrate the state-of-the-
art Swin Transformer to classify thyroid nodules.

Materials and Methods Ultrasound images were collected
prospectively from patients who received fine needle aspiration
biopsy for thyroid nodules from January 2016 to June 2021.
One hundred thirty-nine patients with malignant thyroid nod-
ules were enrolled, while 235 patients with benign nodules
served as controls. Images were fed to Swin-T and ResNeSt50
models to classify the thyroid nodules.

Results Patients with malignant nodules were younger and
more likely male compared to those with benign nodules. The
average sensitivity and specificity of Swin-T were 82.46 % and
84.29 %, respectively. The average sensitivity and specificity of
ResNeSt50 were 72.51 % and 77.14 %, respectively. Receiver
operating characteristics analysis revealed that the area under
the curve of Swin-T was higher (AUC=0.91) than that of
ResNeSt50 (AUC=0.82). The McNemar test evaluating the per-
formance of these models showed that Swin-T had significant-
ly better performance than ResNeSt50.

Swin-T classifier can be a useful tool in helping shared decision-
making between physicians and patients with thyroid nodules,
particularly in those with high-risk characteristics of sonographic
patterns.

Introduction

Thyroid nodules are distinct mass lesions within the thyroid gland;
some are palpable on physical examination, while some are not.

With the widespread use of diagnostic imaging, improved access
to health care, and anincrease in disease insight of the affected in-
dividuals, more thyroid “incidentalomas” are being discovered. The
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prevalence of thyroid incidentaloma detected through ultrasound
examination ranges from 19 % to 67 % [1]. Furthermore, the over-
all incidence of thyroid cancer is rising [2]. Additionally, non-pal-
pable nodules orincidentalomas carry the same risk of malignancy
as palpable nodules larger than 1 cm [3]. According to one system-
atic review, ultrasound examination is not accurate enough to pre-
dict thyroid cancer [4]. Fine-needle aspiration biopsy (FNAB) re-
mains the best method to differentiate the nodules between be-
nign and malignant, with high sensitivity and specificity of 87 % and
100 %, respectively [5]. Nevertheless, among all clinically identified
thyroid nodules, only 5 % are malignant [6], and individuals require
FNAB semiannually or annually when ultrasound findings are am-
biguous.

The Thyroid Imaging Reporting and Data System (TIRADS), de-
veloped by the American Thyroid Association and the American
College of Radiology, is the most commonly used system to clas-
sify thyroid nodules [7, 8]. Nevertheless, the TIRADS classification
can be labor-intensive as the performer needs to obtain and enter
all the necessary profile characteristics before the classification.
The interpretation can also be subjective and vary across different
observers [9]. The prediction rates for malignancy for the highest
TR score (TR5) is at least 20 % using TIRADs [10] and 26-87 % using
EU-TIRADS [11]. However, both classification systems are limited
by high variability. Therefore, this study aimed to increase the sen-
sitivity and specificity of ultrasound scans in the evaluation of nod-
ular goiters using artificial intelligence (Al) and machine learning
tools to help physicians with additional support in making decisions
for managing patients with thyroid. At the same time, the utiliza-
tion of these tools can help patients avoid the unnecessary annual
FNAB for thyroid nodules, especially nodules displaying high-risk
characteristics on ultrasound scans.

Materials and Methods

Subjects

Consecutive patients aged 18 years or older who visited the Endo-
crinology Clinic for treatment of nodular goiters were recruited for
this retrospective study. Blood samples from patients were drawn
three months before or after ultrasound scans. Ultrasound images

of thyroid nodules were collected from patients who underwent
FNAB with or without receiving a blood test. All procedures were
performed in accordance with the guidelines and regulations of the
American Thyroid Association. Patients were excluded from the
study if they had any abnormal thyroid function test results or had
a prior diagnosis of Hashimoto’s thyroiditis or Graves’ disease. Re-
al-time ultrasonography-guided FNAB was performed by some ex-
perienced endocrinologists. If patients had more than one nodule,
the nodule with high-risk characteristics on ultrasound scans, such
as hypoechoic appearance, irregular margins, microcalcifications,
a taller-than-wide shape, or extrathyroidal extension, etc., was se-
lected for FNAB regardless of nodule size. All FNAB specimens were
processed using the ThinPrep method (Hologic Inc., Waltham, MA,
USA) with Papanicolaou stain [12]. Cytological examination was
performed and the results were reported using the Bethesda sys-
tem [13] by a group of pathologists. FNAB results indicating suspi-
cion of malignancy or definitive diagnosis of malignancy were de-
fined as malignancy according to the Bethesda system, while nod-
ules with benign diagnosis were defined as benign in the present
study.

Ethical considerations

The study protocol was approved by the Institutional Review Board.

Image database

Thyroid ultrasound images were obtained using frequencies from
5MHz to 12 MHz, obtained from an ultrasound machine (Affiniti
30, Philips, Netherlands). The images were downloaded in Digital
Imaging and Communications in Medicine (DICOM) format. Image
of a transverse B-mode thyroid nodule with maximal diameters was
taken, and then the image of the nodule was cropped by an endo-
crinologist (> Fig. 1). Thyroid ultrasound images were excluded if
the definitive diagnosis of FNAB was not benign or suspicious for
malignancy or malignancy, as defined by the Bethesda system.

Swin-Transformer and ResNeSt50 model

We used the Swin-T (Tiny) version of the Swin Transformer [14] as
our model, which is about a quarter of the computation complex-
ity size of Swin-B (Base). Then, we leveraged the features learned
by the Swin-T model pretrained on ImageNet-1K and fine-tuned it
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on our dataset. All inputimages were resized to 224 x 224 pixels to
align with the original image size of ImageNet-1K. The maximum
epoch we trained for a model was set to 50 epochs, and the best
model for each fold was selected based on the highest validation
accuracy score achieved. The learning rate of the model was set to
5x 1076, applied with cosine learning rate decay and a warm-up for
100 steps. The AdamW optimizer employed in the earlier study on
Swin Transformer was used; the weight decay was set to 5x 104,
and the Binary Cross Entropy loss function was used. Random hori-
zontal flipping was the only data augmentation applied, witha 50 %
probability of horizontal flipping the input images. Since the orig-
inal Swin-T model was used to predict 1000 classes of imagesin the
ImageNet-1K dataset, the last linear layer was modified so that it
could predict cases of two classes, either benign or malignant; thus,
the total number of parameters was slightly smaller than original
Swin-T. To maintain the similarity in the number of parameters, we
used ResNeSt50 and modified its last linear layer, like the above-
mentioned explanation. Consequently, the modified ResNeSt50
resulted in a smaller number of parameters than the original
ResNeSt50 model. The training parameters for ResNeSt50 were
nearly identical to those used for the Swin-T model, except for the
learning rate. The learning rate of the ResNeSt50 was set at a fixed
value 1x10-4to reach high performance because a small learning
rate and cosine warm-up do not yield satisfactory results.

Statistical analysis

Continuous variables are presented as mean = SD. The student’s
t-test was used for comparison between groups. Both Swin-T and
ResNeSt50 models were programmed using Python language. The
receiver operating characteristics (ROC) curve was performed to
illustrate the area under the curve (AUC) between Swin-T and
ResNeSt50. The McNemar test was used to compare the perfor-
mance of Swin-T and ResNeSt50. All data were considered statisti-
cally significant at P<0.05 using Statistical Package for the Social
Sciences, version 12.0 (SPSS, Chicago, IL).

Results

Baseline characteristics, nodule size, and serum biochemistries of
patients with benign or malignant nodules

Atotal of 16,380 patients received thyroid ultrasound examina-
tions and FNAB at our institution from January 2016 to June 2021.
Atotal of 139 malignant nodules were detected and the rate of ma-
lignancy was 0.84 %. In addition, 235 patients with the FNAB with
benign reports were randomly collected using the function of Rand
in Microsoft Excel. Finally, 374 patients who met the criteria of un-
dergoing thyroid ultrasound examinations and FNAB were enrolled
in this study. Compared with patients with benign nodules, those
with malignant nodules were younger and more likely to be male
(P<0.001; » Table 1). The size of the thyroid gland (including the
right lobe and left lobe) in patients with malignant nodules was sig-
nificantly smaller than that in patients with benign nodules. The
size of the isthmus was insignificantly different. The mean nodule
size (nodule width 1.15+0.76 cm and nodule height 0.98 +0.67 cm)
was smaller in patients with malignant nodules than those with be-
nign ones (nodule width 1.83+0.85cm, nodule height 1.15+0.76 cm,

both P<0.001; » Table 1). There was no significant difference be-
tween patients with benign or malignant nodules in white blood
cell count, hemoglobin platelet, neutrophil, lymphocyte, plasma
sugar, creatinine, alanine aminotransferase, thyroid stimulating
hormone, or free thyroxin levels (> Table 1).

Image database analysis

The ultrasonography images were distributed equally into five folds
during the validation, and some images may have been duplicated
and used. The performance of the Swin-T model was superior to
that of ResNeSt50, except that Swin-T had lower sensitivity in fold
4 (> Table 2). The average sensitivity and specificity of Swin-T were
82.46 and 84.29 %, respectively. The average sensitivity and speci-
ficity of ResNeSt50 were 72.51 and 77.14 %, respectively (> Table 2).
In the ROC analysis, the AUC of Swin-T was higher (AUC=0.91) than
ResNeSt50 (AUC=0.82) (> Fig. 2). In the McNemar test, used to
compare the superiority between Swin-T and ResNeSt50, the chi-
square statistics was 12.99 (P<0.001, » Table 3). Heatmap of
ResNest50 and Swin-T showed a more accurate visualization of the
Swin-T model (> Fig. 3a, b, c).

Discussion

The primary finding of this study was that the Swin-T of Swin Trans-
former is a good Al tool for predicting the malignancy of thyroid
nodules with high-risk characteristics. An experienced endocrino-
logist can evaluate the characteristics of thyroid ultrasonography
or utilize TIRADS to justify the possibility of malignancy before
making a decision for further FNAB. Nevertheless, interobserver
and intraobserver variations still remain [9]. This study presents
solutions for consistency using a machine learning model to in-
crease the confidence of the physician, reduce the number of FNABs
performed on benign nodules, and increase the follow-up rates of
the patients. The malignancy rate of FNAB was only 0.84 % in the
present study, suggesting that unnecessary biopsy is a big unsolved
problem in clinical practice.

FNAB should be performed in thyroid nodules with a size great-
erthan 1.cm and highly suspicious sonographic patterns, e. g., hy-
poechoic, irregular margins, microcalcifications, taller than wide
nodules, or extrathyroidal extension [7]. Nevertheless, in Taiwan,
the performance of FNAB for detecting thyroid cancer is low for
thyroid nodules larger than 3 cm [15]. Also, thyroid nodules of less
than 1.2 cm in size carry a higher risk of malignancy than those
greater than 1.2 cm [16]. Thus, we suggest that FNAB should be
performed in nodules of any size with a highly suspicious sono-
graphic pattern of malignancy.

In addition, the level of thyroid-stimulating hormone (TSH) did
not predict the malignancy of the thyroid nodules in the present
study. Arecent case-control study conducted in Germany demon-
strated an elevated risk of thyroid cancerin a ] curve of TSH levels
[17]. Two previous studies also reported the association of higher
serum TSH levels with thyroid cancer, while some patients had au-
toimmune thyroid disease [18, 19]. A possible explanation is that
autoimmune thyroid diseases, i. e., Graves’ disease and Hashimo-
to’s thyroiditis, are associated with thyroid cancer with either ele-
vated or suppressed TSH levels [20-22]. In this study, autoimmune
thyroid disease was excluded, and TSH levels were not associated
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> Table 1 Baseline characteristics of patients with benign or malignant thyroid nodules.
Patients with benign nodules (N =235) Patients with malignant nodules P-value
(N=139)
Age, y/o 55.6%£13.0 49.2+13.1 <0.001
Sex, M (%) 32(13.6) 39(28.1) <0.001
Isthmus, cm 0.45+0.36 0.41+0.82 0.46
Right lobe width, cm 2.42+0.66 1.89+0.56 <0.001
Right lobe height, cm 2.04+0.57 1.60+0.41 <0.001
Left lobe width, cm 2.30£0.70 1.88+0.50 <0.001
Left lobe height, cm 1.86+0.60 1.50+0.46 <0.001
Nodule width, cm 1.83+0.85 1.15+0.76 <0.001
Nodule height, cm 1.42+0.64 0.98+0.67 <0.001
White blood cell count,/uL 6878 £2420 (N=74) 6601£1943 (N=110) 0.39
Hemoglobin, g/dL 13.3+2.0 (N=78) 13.8+1.6 (N=112) 0.09
Platelet, x1000/uL 277+91(N=71) 26771 (N=112) 0.38
Neutrophil, % 6110 (N=53) 61+9 (N=69) 0.99
Lymphocyte, % 29+10 (N=56) 31+8 (N=69) 0.42
Plasma sugar, mg/dL 104+24 (N=58) 106+28 (N=43) 0.72
Creatinine, mg/dL 0.89+1.00 (N=105) 0.85+0.74 (N=119) 0.75
ALT, mg/dL 2319 (N=106) 2519 (N=114) 0.49
TSH, plu/mL 1.68+4.30 (N =144) 2.11£4.01 (N=101) 0.44
Free T4, ng/dL 1.06+0.15N=123) 1.05+0.13 (N=103) 0.56
ALT: alanine aminotransferase; TSH: thyroid stimulating hormone.
> Table 2 Comparison of Swin-T and ResNeSt50 classifiers.
Swin-T ResNeSt50
Fold (Benign/Malignancy) Sensitivity Specificity (%) Accuracy Sensitivity Specificity (%) Accuracy
(%) (%) (%) (%)

Folder 1 (41/35) 82.86 82.93 82.89 80.00 65.85 72.37
Folder 2 (43/34) 82.35 88.37 85.71 73.53 74.42 74.03
Folder 3 (42/35) 80.00 80.95 80.52 68.57 80.95 75.32
Folder 4 (42/34) 79.41 88.10 84.21 85.29 80.95 82.89
Folder 5 (42/33) 87.88 80.95 84.00 54.55 83.33 70.67
Average (210/171) 82.46 84.29 83.46 72.51 77.14 75.07

> Table 3 McNemar test of Swin-T and ResNeSt50 models.

ResNeSt50
correct wrong
Swin-T correct 265 53
wrong 21 42

Chi-square statistics=12.99; P-value<0.001.

with thyroid cancer, consistent with the results of a previous meta-
analysis [23].

TIRADS is a labor-intensive and sometimes subjective classifica-
tion method [9]. Machine learning ultrasonography image analysis
is time-saving and can help to increase the confidence of physicians
in sharing decision-making with patients. Real-time ultrasonogra-
phy-guided FNAB can minimize the possibility of missed nodules.
Machine-learning computer-aided diagnostic systems performed
once can lower the necessity of repeat FNABs, and reduce the bur-

den of mental/emotional pressure and anxiety of patients. While
many Al models have been developed, here, we chose Swin Trans-
former [14] and ResNest [24] because both are state-of-the-art
classifiers. Over the past few years, Swin Transformer has been used
extensively in natural language processing, likely because of its abil-
ity to extract sequential information and establish long-range de-
pendency [25].

Recently, Google has introduced a new transformer method, Vi-
sion Transformer (ViT) [26], that has been applied to computer vi-
sion tasks, initiating the era of transformer applications on com-
puter vision. Though Vision Transformer seems to perform well on
huge datasets such as ImageNet, it usually underperforms com-
pared to other models when trained on tiny datasets. One expla-
nation is that ViT lacks locality, such as convolutional layers. Instead
of using ViT, we selected Swin Transformer as our model structure.
A key element in Swin Transformer, called Window-based Multi-
head Attention, computes attention in each window that contains
several image patches and integrates the strengths of convoluted
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neural network (CNN) and Transformer. It achieved computational
complexity linear to image size, and introduced locality to Trans-
former.

The image Al similarity model developed by Thomas et al. has
an accuracy of 81.5%, which was better than that of ResNet34
(77.7 %) [27]; in the present study, the Swin-T model had an accu-
racy of 83 %, also better than that of ResNest50 (75 %). All of their
testing nodules were at least one dimension greater than 1cm,
while the Swin-T model collected nodules of about 1 cm in size. Fur-
thermore, our Swin-T model had superior performance than the
previous deep CNN (AUC=0.91 vs. 0.835-0.85) [28]. This model
can be applied to clinical practice because there is no restriction
on nodule size selection.

The goal of the present study was not to replace the physicians’
role or FNAB. Instead, with the emergence of shared decision-mak-
ing, the role of physician-patient communication was emphasized
[29]. Al is just a tool to help the physician communicate with pa-
tients. A previous study demonstrated that decreased decisional
conflict and fewer nodule FNAB are possible with web-based thy-
roid nodule conversation aid [30]. FNAB should also account for
anxiety, life expectancy, comorbidities of the patient, and other
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relevant considerations. Essentially, the image of the nodule was
selected into the Swin-T and interpreted as benign or malignant
with 83 % accuracy. Patients have three choices after a shared de-
cision-making discussion, i. e., nodule monitor, nodule FNAB, or
surgical intervention (> Fig. 4). To the best of our knowledge, this
is the first study to use the Swin-T classifier for the classification of
thyroid nodules. We also agree with Thomas et al. that physicians
have an active role in the Al model. Besides, the better the accura-
cy, the better physicians can integrate all available information,
i.e., age, gender, molecular markers, and history of received radi-
otherapy or lymphadenopathy. Results of the present study sug-
gest that accuracy will continue to increase with the promising de-
velopment of Al

This study has several limitations. First, only Asian subjects were
included and results may not be applicable to non-Asian popula-
tions. Second, the image database was relatively small and could
benefit from more image input for analysis. Third, the benign or
malignancy reports were based on cytology reports instead of pa-
thology reports; thus, the definitive diagnosis may not be correct.
However, this only had a minor impact on our results because we
chose diagnostic categories Il, V, and VI of the Bethesda system. Fi-
nally, measurements of TSH levels were not all checked on the same
day as ultrasound scans, and this may interfere with results because
serum TSH results typically have significant daily and diurnal vari-
ations.

Swin-T classifier can be a useful tool in helping shared decision-
making between physicians and patients with thyroid nodules of
any size, particularly in those with high-risk characteristics of the
sonographic pattern. The model consistently demonstrated bet-
ter performance when compared with the current state-of-the-art
image similarity algorithm.
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