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Abstract: Objective: To investigate the diagnostic value of Artificial Intelligence (AI) in thyroid nodules diseases. 
Methods: This study included 100 patients (100 nodules - 23 benign; 77 malignant) who underwent shear wave 
elastography (SWE) and AI imaging of nodules prior to biopsy and/or surgery in Zhangjiakou First Hospital from 
January 2021 to December 2021. The image diagnostic value of AI was analyzed. Results: Among the 100 patients, 
there were 77 malignant nodules (77%) and 23 benign nodules (23%). Papillary thyroid carcinoma accounted for 
94.8% (74/77) of the malignant nodules, and nodular goiter accounted for 100% of the benign nodules. The overall 
detection rate of AI+SWE was higher than that of SWE alone (P < 0.05). The accuracy, sensitivity, specificity, negative 
predictive value, and positive predictive value of AI+SWE were all higher than those of SWE only (P < 0.05). The ROC 
curve results showed that the area under the curve of AI+SWE in the diagnosis of thyroid nodules was 0.903. This 
was higher than that of SWE (P < 0.05). Conclusion: SWE+AI is effective in the diagnosis of thyroid nodules, and its 
sensitivity and specificity are better than those of SWE only.
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Introduction

Thyroid nodular diseases include nodular goi-
ter, thyroid adenoma, and thyroid cancer. Thy- 
roid cancer is the most common malignant 
tumor of the head and neck [1]. According to 
Globocan 2012, there were 298,000 cases of 
thyroid cancer and 40,000 deaths from thyroid 
cancer worldwide in 2012, with a linear annual 
increase in recent decades [2-4]. In the face of 
the rapid increase in the incidence and mortal-
ity of thyroid cancer, early detection and timely 
treatment of the cancer before it expands  
and metastasizes is the key to improving the 
efficacy [5]. The development of imaging tech-
niques to improve the recognition of thyroid 
nodular disease is an important task for medi-
cal professionals.

Ultrasonography is the method of choice for 
imaging thyroid nodular disease. Routine ultra-
sonography has a relatively high detection rate 
of thyroid nodules, up to 70% [6]. The detection 

ratio of palpation to ultrasound has been 
reported to be 1:5 for thyroid nodules, and 1:2 
when the diameter of the nodule exceeds 2 cm 
[7]. For thyroid nodules greater than 1 cm in 
diameter, a previous study reported that 46%  
of nodules were not detected on surgical physi-
cal examination but were detected by ultra-
sound [8]. Benign thyroid nodules are involved 
in a variety of diseases, such as nodular goiter, 
adenoma, and thyroiditis. Thyroid cancer in- 
cludes different pathologic subtypes, and nod-
ules of the same pathologic type and have dif-
ferent ultrasonographic manifestations at dif-
ferent disease stages [9]. As a result, the ultra-
sound presentations of benign and malignant 
thyroid nodules are varied and intersecting, 
leading to shortcomings in the diagnosis of  
thyroid nodules using a single modality [10]. 
Conventional ultrasound has a high detection 
rate of thyroid nodules but lacks specificity and 
sensitivity in differentiating between benign 
and malignant thyroid nodules. Different ultra-
sound modalities reflect different aspects of 
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the nature of thyroid nodules. Their combined 
application can complement each other and 
provide more information for the diagnosis of 
thyroid nodules. The value of ultrasound and 
real-time shear wave elastography (SWE) in 
thyroid-related studies has been increasingly 
recognized. The combination of ultrasound 
technology with multiple diagnostic modalities 
is expected to increase the detection rate of 
malignant nodules and decrease the misdiag-
nosis rate of benign nodules [11-13]. This could 
be a promising area of research in the coming 
years. Ultrasonography is an important adjunct 
to sensitively detect the microvasculature with-
in thyroid nodules and to characterize the mic- 
rocirculation within the nodule [14]. Studies 
have shown that rapid entry, rapid peak attain-
ment, polyphasic washout curves, inhomoge-
neous enhancement, and long washout times 
are characteristic of malignant nodules as 
observed by imaging techniques [15-17]. SWE 
is a new ultrasound technique used to objec-
tively assess tissue stiffness, reflecting infor-
mation on the biomechanical aspects of thy- 
roid nodules. It can be used in conjunction with 
conventional ultrasound techniques to improve 
diagnostic accuracy [18-20]. Higher elasticity 
scores and higher strain ratios indicate a great-
er likelihood of malignancy in thyroid nodules. 
More studies are reporting the use of multi-
modal ultrasound for the diagnosis of thyroid 
nodules. A previous study investigated the 
value of multimodal ultrasound in the diag- 
nosis of micropapillary thyroid carcinoma in the 
elderly. It found that the sensitivity of ultra-
sound diagnosis was 80.68%, specificity was 
62.20%, and accuracy was 71.76%. The sensi-
tivity of multimodal ultrasound diagnosis was 
92.63%, specificity was 81.33%, and accuracy 
was 87.65% [21]. The concordance between 
multimodal ultrasound diagnosis and patho-
logic diagnosis was high. The difference be- 
tween multimodal ultrasound diagnosis and 
ultrasound alone was significant. Pei et al [22] 
explored the diagnostic value of conventional 
ultrasound combined with multimodal ultra-
sound for moderately and highly suspicious 
malignant nodules in the thyroid gland. Their 
findings showed that the combination of ultra-
sonography and SWE techniques significantly 
improved the sensitivity, specificity, accuracy, 
positive predictive value, and negative predic-
tive value of conventional ultrasound. This sug-
gested that the combined approach had clear 

value and deserved to be recognized in clinical 
practice.

Artificial Intelligence (AI) is a general descrip-
tion of human-like intelligent activities such as 
computer simulation of human thinking and 
behavior. This included methods or techniques 
such as machine learning, artificial neural net-
works, and deep learning. Artificial intelligence 
has been applied to medical imaging to per-
form functions such as detection, classifica-
tion, quantification, or prioritization [23]. Arti- 
ficial intelligence-assisted diagnosis is an 
important branch of artificial intelligence tech-
nology in medical applications. This helped to 
improve the detection rate and diagnostic per-
formance of lesions. The application of artifi- 
cial intelligence-assisted diagnosis mainly 
includes two major functions: detection and 
classification. Detection: The detection rate of 
ultrasound examination is greatly affected by 
the operator’s technology. When the operator is 
inexperienced, it is easier to cause missed 
diagnosis. Artificial intelligence-assisted diag-
nosis can improve the detection rate of lesion 
areas and reduce the false-negative rate by 
locating abnormal or suspicious areas in the 
image [24, 25]. Classification: As benign and 
malignant tumor features have commonality, 
difference, and intersectionality, identification 
on ultrasound only by the naked eye and ex- 
perience can easily cause misdiagnosis. Based 
on the correlation between thyroid cancer 
image features and the type of pathology, the 
use of AI-assisted diagnosis of thyroid cancer 
images can help classify the diagnosis by  
quantifying the tumor features and obtaining a 
qualitative interpretation [26]. Studies have 
been conducted to combine AI techniques with 
conventional ultrasound techniques. Li et al 
[27] performed imaging histology based on the 
heterogeneity of liver echotexture on conven-
tional ultrasound images to quantify the extent 
of liver fibrosis based on its area. Using this 
method, they were able to accurately differenti-
ate between the F0-3 and F4-6 stages of 
hepatic fibrosis with an area under the ROC 
curve (AUC) of 98.5%, specificity of 93.3%, and 
sensitivity of 93.7%. The aim of this study was 
to investigate the diagnostic value of AI in thy-
roid nodules diseases, to provide additional 
assistance to healthcare professionals in diag-
nosing thyroid nodules.
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Methods and materials

Study design and ethics

Data of 100 patients with thyroid nodular dis-
ease treated in Zhangjiakou First Hospital  
from January 2021 to December 2021 were 
retrospectively collected. This study has been 
reviewed and approved by the medical ethics 
committee of Zhangjiakou First Hospital.

All the patients received AI conventional ultra-
sonography and SWE examinations. The diag-
nostic values of SWE only and AI+SWE were 
compared. The results of pathological examina-
tions were used as the gold standard for the 
diagnostic efficacy of each method.

Inclusion 

(1) Patients who were 18 years old or older; (2) 
Patients with thyroid nodules ≥ 1 cm in diame-
ter; (3) Patients with thyroid nodules scheduled 
for surgical removal, and their nodules had defi-
nite pathological findings; (4) Patients with 
complete clinical information; (5) Patients with 
thyroid nodular disease who underwent SWE 
and AI imaging of nodules prior to biopsy and/
or surgery. 

Exclusion criteria

(1) Patients with a history of mental illness; (2) 
Patients with a family history of thyroid cancer, 
or a radiation exposure in childhood or adoles-
cence; (3) Patients with a previous history of 
thyroid surgery; (4) Patients with incomplete 
clinical data; (5) Patients with mixed echogenic 
lesions (cystic component > 80%), or anechoic 
lesions; (6) Pregnant or lactating women; (7) 
Patients with impaired consciousness and 
unable to communicate effectively.

Techniques

After completion of the examinations, all 
patients underwent surgery or puncture for 
biopsy, and pathological results were obtained 
after biopsy of the specimens. 

AI conventional ultrasonography: The examina-
tion was performed using the version 2.0 
AI-SONICTM thyroid nodule artificial intelli- 
gence assisted diagnosis system (DEMETICS 
ultrasound diagnostic robot, Zhejiang Deshan 
Yunxing Medical Technology Co.). Procedure 

Routine ultrasound examination of the thyroid 
gland was performed by two sonographers  
with many years of experience in thyroid ultra-
sound diagnosis, using a HITACHI-AR70 col- 
or Doppler ultrasound diagnostic instrument 
manufactured by Hitachi, Japan, with a probe 
model L12-2 and a frequency of 5-13 Hz. The 
system parameters were kept unchanged. The 
gain was 30 dB and the time gain compensa-
tion was intermediate (zero compensation).  
The operation was supervised and guided by 
two surgeons (Jingmei Du and Xiaojuan Si) and 
an application engineer from AI Automated 
Inspection Systems, Inc. to obtain the best 
standardized ultrasound sectional view imag-
es. The surgeons transmitted the scanned 
images to the server by a capture card or 
DICOM. Artificial intelligence algorithms auto-
matically quantify five characteristics of thy- 
roid nodules: size, borders, morphology, inter-
nal echogenicity, and foci of calcification. Each 
nodule is displayed in 4 separate longitudinal 
and transverse views and is static save and 
transmitted to the automated interpretation 
system in real time until the Thyroid Imaging 
Reporting and Data System (TI-RADS) values 
stabilize and the system automatically inter-
prets the nodule’s highest risk probability value. 

SWE: All patients underwent routine ultraso-
nography to observe the location, size, mor-
phology, borders, internal echogenicity, calcifi-
cation, attenuation, and peripheral and inter- 
nal blood supply of each nodule. The optimal 
section was selected and the probe was fixed 
without pressure. The patient was asked to 
hold his/her breath while the SWE imaging 
mode was activated. The Young’s modulus 
value was measured and preset to 0-100 kPa. 
The SWE imaging area is set to cover as much 
of the nodule and surrounding normal thyroid 
tissue as possible. After the imaging area had 
stabilized for 3 seconds, the image was frozen 
and the Q-BOXTM function was activated to 
determine the maximum (Emax) and mean 
(Emean) values of the elastic modulus of the 
thyroid nodule in the sampling frame. The pro-
cedure was repeated 3 times by an experi-
enced sonographer and the average value was 
taken.

Diagnostic criteria

AI Conventional ultrasound has a risk probabil-
ity value of 0-1, where 0 to 0.39 is on the benign 
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side (no malignant features), 0.40 to 0.59 is 
suspected malignancy (presence of a tendency 
to malignant features), and 0.60 to 1 is on the 
malignant side (presence of malignant fea-
tures). A value of 0.40 was considered the 
threshold for the diagnosis of malignancy.

For SWE, the quantitative diagnostic criteria for 
benign and malignant thyroid nodules were 
based on the Guidelines for the Clinical 
Application of Ultrasound Electron Imaging. 
Thyroid nodules with a reference threshold 
Emax ≥ 46.1 kPa Esd ≥ 5.8 were considered 
malignant [28]. 

ROC curve analysis

The ROC curve showed that the AUC of AI+SWE 
in diagnosing thyroid nodules was 0.903. This 
was higher than that of SWE (P < 0.05) (Figure 
1).

The representative ultrasound images of two 
groups

Figure 2 presents some typical thyroid images 
of two groups. The SWE image of benign thyroid 
nodule showed that the shape of the nodules 
was regular, with a complete capsule. The inte-

Table 1. The baseline data of all subjects
Subjects (n=100)

Age (years) 45.7±5.32
Sex
    Male (n%) 18 (18%)
    Female (n%) 82 (82%)
BMI 17.95±1.43
Benign 23 (23%)
    Nodular goiter 23 (23%)
    Thyroid adenomatoid nodules 0
    Subacute thyroiditis 0
    Hashimoto’s thyroiditis 0
Malignant 77 (77%)
    Papillary thyroid carcinoma 74 (74%)
    Medullary thyroid carcinoma 1 (1%)
    Thyroid follicular carcinoma 1 (1%)
    Undifferentiated thyroid carcinoma 0
    Goiter nodularis 1 (1%)
TIRADS classification
    I 19 (19%)
    II 20 (20%)
    III 23 (23%)
    IVa 21 (21%)
    IVb 14 (14%)
    IVc 3 (3%)
Note: BMI: body mass index.

Table 2. Comparison of diagnostic results of different 
examinations for thyroid nodules

Diagnostic examinations Benign thyroid 
nodules (n=23)

Malignant thyroid 
nodules (n=77)

AI+SWE 19 (82.6%) 73 (94.8%)
SWE 12 (52.2%) 59 (76.6%)
χ2/t 5.456 7.653
P 0.021 0.011
Note: AI: Artificial Intelligence; SWE: shear wave elastography.

Statistical analysis 

Statistical data were analyzed using 
SPSS 23.0. Counted data were express- 
ed as cases (percentages) [n (%)] and 
analyzed by χ2 test. Measured data  
were expressed as mean ± standard 
deviation (Mean ± sd) and analyzed by 
independent samples t-test. Kappa anal-
ysis was used for consistency analysis. 
Receiver operator characteristic curves 
(ROC) were plotted. The AUCs were com-
pared using Z test. All test levels were set 
as two-sided α=0.05, and P < 0.05 was 
the criterion for evaluating the differenc-
es as significant.

Results

Clinical characteristics

Among the 100 patients, there were 77 
malignant nodules (77%) and 23 benign 
nodules (23%) (Table 1). Papillary thy- 
roid carcinoma accounted for 94.8% 
(74/77) of the malignant nodules. 
Nodular goiter accounted for 100% of 
the benign nodules.

Comparison of diagnostic results of dif-
ferent examinations for thyroid nodules

In the diagnosis of thyroid nodules, the 
overall detection rate of AI+SWE was 
higher than that of SWE (P < 0.05) (Table 
2).

Analysis of different detection results

The accuracy, sensitivity, specificity, neg-
ative predictive value, and positive pre-
dictive value of AI+SWE were higher than 
those of SWE (P < 0.05) (Table 3).
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rior of the nodules presented isoechogenicity, 
and complete sound halos were seen around 

ciency with an AUC of 98.51%. Liang et al [30] 
used a multiscale detection network to auto-

Table 3. Analysis of different detection results

Group SWE 
(n=100)

AI+SWE 
(n=100) t P

Accuracy 60.78% 90.3% 13.123 0.004
Sensitivity 60.1% 89.9% 7.128 0.002
Specificity 65% 94% 5.217 0.015
Negative predictive value 86% 97% 7.347 0.007
Positive predictive value 35% 76% 13.009 0.002
Note: AI: Artificial Intelligence; SWE: shear wave elastography.

Figure 1. The ROC analysis. A: The ROC curve of SWE; B: The ROC curve of 
AI+SWE. Note: AI: Artificial Intelligence; SWE: shear wave elastography.

Figure 2. The representative ultrasound images of two groups. A, B. The 
images of AI+SWE group; C, D. The images of SWE group. Note: AI: Artificial 
Intelligence; SWE: shear wave elastography.

the nodules (Figure 2C). The 
SWE image of malignant thy-
roid nodules showed that  
the shape of the nodule was 
irregular, with no obvious or 
incomplete capsule. The inte-
rior of the nodule was often 
hypoechoic (Figure 2D). The 
SWE+AI image of the benign 
thyroid nodule indicated that 
the nodule had a regular mor-
phology and a complete cap-
sule. The interior of the no- 
dule can exhibit high echo, 
mixed echo, and low echo. The 
aspect ratio of the nodule was 
less than 1, and complete 
sound halos were seen around 
the nodule (Figure 2A). The 
SWE+AI image of malignant 
thyroid nodule showed that 
the nodule was irregular, with 
no obvious or incomplete cap-
sule. The interior of the nodule 
was often hypoechoic, and 
some of the echoes behind 
the nodule attenuated. The 
ratio of the longitudinal and 
transverse diameters of the 
nodule was greater than or 
equal to 1, and small calcifica-
tions were seen inside the 
nodule (Figure 2B).

Discussion

Many studies have investigat-
ed the diagnostic efficacy of 
AI-assisted diagnostic sys-
tems. Wang et al [29] utilized 
21,532 images from 5,842 
patients to automatically de- 
tect thyroid nodules using a 
cascaded convolutional neu-
ral network. They designed a 
model that bypasses errors 
that can occur during prepro-
cessing. This can lead to inac-
curate results and classifica-
tion bias due to lack of robust-
ness of the feature set. Their 
model has good detection effi-
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matically detect thyroid nodules with an accu-
racy of 97.5%. Xie et al [31] concluded that the 
AmCAD-UT detection system in the AI-assist- 
ed diagnostic system hads high sensitivity for 
the diagnosis of nodules in Hashimoto’s thy-
roiditis. It had a low specificity, and was prone 
to overdiagnosis. Sorrenti [32] reported that 
artificial intelligence-assisted diagnostic sys-
tems have relatively low sensitivity but high 
specificity in the differential diagnosis of thy-
roid nodules. This is worthy of clinical dissemi-
nation. Xiang et al [33] proposed a computer-
assisted diagnostic system called ThyroScan. 
This utilized thyroid gland from 232 normal  
thyroid and 294 Hashimoto’s thyroiditis pa- 
tients’ images with seven important wavelet 
features extracted from the images. The fuzzy 
classifier detected Hashimoto’s thyroiditis with 
an accuracy of up to 85%, making it significant 
and accurate in the clinical diagnosis of thyroid 
diseases. In this study, AI was combined with 
SWE for the first time to diagnose benign and 
malignant thyroid nodules. The results showed 
that SWE combined with AI was more sensitive 
and accurate than SWE alone. It was expected 
to be one of the noninvasive tests for diagnos-
ing thyroid nodules.

There are several key points in the diagnosis  
of AI+SWE. 1) Number of masses or nodules: 
benign thyroid masses, such as nodular goi-
ters, tend to be bilateral, multiple, and diffusely 
distributed. Thyroid carcinomas tend to be uni-
lateral and solitary. 2) Envelope and borders of 
the mass: benign thyroid masses, such as  
nodular masses, have non-smooth borders and 
no envelope. Thyroid adenoma masses have 
smooth borders and an envelope. 3) Internal 
echo of the mass: the internal echo of nodular 
goiter is mainly mixed echo, the internal echo  
of thyroid adenoma is more homogeneous. The 
internal echo of thyroid adenocarcinoma is 
mainly hypoechoic and inhomogeneous. 4) 
Blood flow: the blood supply of nodular goiter 
tissues is mainly grade I, with a regular vascular 
course. The adenoma can be seen as a ring 
with richer blood flow signals. Malignant tumors 
have a disturbed distribution of blood vessels 
in and around the tumor. Blood flow is abun-
dant. 5) Whether calcification: calcification is 
more common in malignant tumors.

This study had several limitations. This had a 
retrospective design, and selection bias may 
have been unavoidable in this study. The study 

population was small. The cost-effectiveness of 
AI+SWE and SWE were not evaluated in this 
study. Larger randomized controlled clinical tri-
als are needed to obtain more evidence.

SWE+AI is effective in the diagnosis of thyroid 
nodules, and its sensitivity and specificity are 
higher than that of SWE.
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