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 Background: The diagnosis of thyroid cancer and distinguishing benign from malignant thyroid nodules by junior radiolo-
gists can be challenging. This study aimed to develop a computer-aided diagnosis (CAD) system based on the 
Thyroid Imaging Reporting and Data System (TI-RADS) to distinguish benign from malignant thyroid nodules 
by analyzing ultrasound images to improve the diagnostic performance of junior radiologists.

 Material/Methods: A modified TI-RADS based on a convolutional neural network (CNN) was used to develop the CAD system. This 
retrospective study reviewed 789 thyroid nodules from 695 patients and included radiologists with different 
diagnostic experience. Five study groups included the CAD group, the junior radiologist group, the intermedi-
ate-level radiologist group, the senior radiologist group, and the group in which the junior radiologist used the 
CAD system. The ultrasound findings were reviewed and compared with the histopathology diagnosis.

 Results: The CAD system for the diagnosis of thyroid cancer showed an accuracy of 80.35%, a sensitivity of 80.64%, 
a specificity of 80.13%, a positive predictive value (PPV) of 76.02%, a negative predictive value (NPV) of 84.12%, 
and an area under the receiver operating characteristic (ROC) curve (AUC) of 0.87. The accuracy of the ju-
nior radiologists in diagnosing thyroid cancer using CAD was similar to that of intermediate-level radiologists 
(79.21% vs. 77.57%; P=0.427).

 Conclusions: The use of ultrasound CAD based on the TI-RADS showed potential for distinguishing between benign and ma-
lignant thyroid nodules and improved the diagnostic performance of junior radiologists.
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Background

Thyroid nodules are a common occurrence, particularly in 
women. Depending on the method of examination, thyroid 
nodule has an incidence of 19–68% [1], and approximately 
10% of patients presenting with a thyroid nodule are at risk 
of malignancy [2]. The incidence of thyroid cancer is 8.28 per 
million and continues to increase by 5% each year [3]. Among 
the differentiated types of thyroid carcinoma, papillary thyroid 
carcinoma is the most frequent histological type. Diagnostic 
ultrasound examination of the thyroid has the advantages of 
convenience and effectiveness and has been recommended by 
the American Thyroid Association (ATA) as the primary meth-
od for early detection and diagnosis of the thyroid nodule [1].

There are many similarities in the ultrasound features of both 
benign and malignant thyroid nodules. The identification of 
these features mainly depends on the experience of radiolo-
gists to prevent misdiagnosis, which may be more common in 
inexperienced or junior radiologists. Also, ultrasound has in-
herent limitations of interobserver and intra-observer variabil-
ity, which lead to differences between operators in both image 
acquisition and interpretation. It is important to conduct an 
objective evaluation and analysis of the echogenic structure 
of thyroid nodules to reduce misdiagnosis [4], standardize re-
porting [5], identify malignant tumors [6], and avoid unneces-
sary biopsies [6–8]. For these reasons, the American College 
of Radiology (ACR) proposed an ultrasound-based risk strati-
fication system to identify nodules that warrant biopsy or ul-
trasound follow-up, the Thyroid Imaging Reporting and Data 
System (TI-RADS) [9]. However, the classification system based 
on the TI-RADS is relatively complicated to implement, especially 
for inexperienced radiologists, and these challenges may allow 
misinterpretation of thyroid nodules on ultrasound to persist.

Computer-aided diagnosis (CAD) is a newly developed technique 
for the diagnosis of thyroid nodules based on ultrasound fea-
tures. To overcome the complexity of applying ultrasound de-
scriptors and interobserver variability in the diagnosis of thy-
roid nodules, recent studies have applied the CAD system to 
thyroid ultrasound to assist in the detection of nodules or in 
making decisions in clinical practice [10,11]. Studies have also 
shown that thyroid cancer can be diagnosed with a high de-
gree of accuracy using the CAD system [12–15]. Gao et al. diag-
nosed benign and malignant nodules using CAD and assessed 
the findings from experienced radiologists [16]. The findings in 
this previous study showed that the accuracy, sensitivity, and 
specificity of the CAD system were 82.2%, 96.7%, and 48.5%, 
respectively [16]. Currently, few studies have been conducted 
to compare the use of the CAD system by radiologists with dif-
ferent levels of experience in the diagnosis of thyroid cancer. 
Also, improvements in diagnosis made by junior radiologists 
using the CAD system remain to be investigated.

Therefore, this study aimed to develop a CAD system based 
on the TI-RADS to distinguish benign from malignant thyroid 
nodules on ultrasound to improve the diagnostic performance 
of junior radiologists.

Material and Methods

Study design

Institutional Review Board (IRB) approval for this retrospec-
tive study was obtained from the Ethics Committee of the 
PLA General Hospital, and informed consent was obtained 
from each patient who participated in the study. All proce-
dures were performed in accordance with the guidelines of 
the Helsinki Declaration.

An initial retrospective review identified 1,181 cases of thy-
roid nodules from 953 consecutive patients who underwent 
thyroid ultrasonography in the PLA General Hospital between 
May 2016 to June 2017. The study inclusion criteria were pa-
tients who completed preoperative ultrasound examination of 
thyroid nodules, and who underwent surgery or core needle 
biopsy (CNB) after thyroid examination, or fine-needle aspi-
ration biopsy (FNAB) on at least two occasions within a one-
year interval for benign thyroid benign lesions (except ade-
nomas). Patients were included who underwent initial FNAB 
and ultrasound follow-up at >12 months after FNAB for be-
nign thyroid lesions (except adenomas).

The study exclusion criteria included inflammatory lesions or 
suspicious inflammatory lesions on biopsy, or biopsy results 
that were unclear with no surgical resection, or patients who 
had poor quality images. There were 219 cases that were ex-
cluded based in the histology of FNAC diagnosis, of which, 
128 cases were inflammatory lesions, and pathological find-
ings of 91 cases were non-specific. There were 173 cases with 
poor-quality images.

Finally, 789 thyroid lesions in 695 patients were included in 
this study (Figure 1). A radiologist with 15 years of experience 
(author FX) selected the appropriate images for use in this 
study. Strict quality controls were applied for all image acqui-
sition and histological analysis in each case.

The computer-aided diagnosis (CAD) system

Peking University developed the computer-aided diagno-
sis (CAD) system used in this study. The CAD system was based 
on the Thyroid Imaging Reporting and Data System (TI-RADS) 
automatic scoring system from the American College of 
Radiology (ACR) [9], and was based on a convolutional neural 
network (CNN). A multi-task learning network implemented 
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the network training, and flow charts were used to explain the 
principle of the system (Figure 2). The radiologists manually 
delineated the boundary of the thyroid nodule in each image. 
An image preprocessing algorithm was then used to extract 
the input data of the network. In the image preprocessing al-
gorithm, each image was cropped by a minimum surrounding 
square of the region of interest (ROI) of the nodules.

In this study, based on the convolutional neural network (CNN) 
architectures, a multi-task training CNN was designed to diag-
nose thyroid nodules, as the core of the automatic analysis. 
The multi-task network was used to detect clinical features. 
Six types of descriptors were selected as clinical features for 
the thyroid nodules, which were cystic, solid, mixed cystic 
and solid, irregular, with macrocalcifications, and with punc-
tate echogenic foci.

Therefore, the equation for the system output included 
Ptirads=[P1, P2, …, P6] that denoted the predicted probabilities 
for the six types of clinical features. The predicted probability 
of each clinical feature was defined as:
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Where Yn was the actual measurement (ground truth) of the 
dataset. Also, there were another two indices considered in the 
automatic analysis system, the aspect ratio Raspect and echo-
genicity ratio Rechogenicity, which were calculated for each image:
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where wroi was the width of ROI, and hroi was the height of 
ROI. The echogenicitynodule was the average intensity in the ROI. 
The echogenicitythyroid was the average intensity around the ROI.

The network training was performed with stochastic gradi-
ent descent (SGD) running on NVIDIA GTX 1080Ti computer 
graphics. Data augmentation and dropout were applied for 
each image during training to avoid over-fitting.

Thyroid ultrasonography and retrospective evaluation

Thyroid ultrasound was performed with a Philips iU-22 system 
(Philips Health Care, Andover, MA, USA), and IU Elite (Philips 
Health Care, Andover, MA, USA), a Siemens ACUSON S2000 
(Siemens AG, Erlangen, Germany), an ACUSON SEQUOIA 512 
(Siemens Medical Solutions, Mountain View, CA, USA), a GE 
Vivid E9 (General Electric Healthcare, Milwaukee, WI, USA), an 
Esaote MyLab Twice (Esaote Group, Italy), a Hitachi HI VISION 
Ascendus (Hitachi Ltd, Tokyo, Japan), an Aixplorer (SuperSonic 
Imaging, Aix-en-Provence, France), a Mindray Resona 7 (Mindray, 
Shenzhen, China), and a Fenoxaparin Vinno 70 (Vinno, Suzhou, 
China), with a linear-array transducer (4.5–13 MHz).

Five different methods of ultrasound image analysis were per-
formed. Multiple experienced radiologists reviewed ultrasound 

Malignant
(N=346)

FNA
(N=155)

CNB
(N=96)

Surgery
(N=95)

FNA and
follow-up US

(N=242)

CNB
(N=138)

Surgery
(N=63)

Benign
(N=443)

695 Patients
789 Nodules

Excluded (N=392)
1. In�ammatory lesions (N=128)
2. Uncertain pathological results (N=91)
3. Unquali�ed images (N=173)

953 Patients
1181 thyroid nodules

Figure 1. Flowchart of the study protocol.
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images of the thyroid nodules. One junior radiologist (SPL), with 
two years of diagnostic radiology experience, one intermedi-
ate-level radiologist (author, YZ), with seven years of diagnos-
tic radiology experience, and one senior radiologist (author, 
MBZ), with 13 years of diagnostic radiology experience. There 
were five study groups that included group 1 (the CAD group), 

group 2 (the junior radiologist), group 3 (the intermediate-level 
radiologist group), group 4 (the senior radiologist group), and 
group 5 (the junior radiologist and CAD group). Before im-
age analysis, all reviewers were unaware of the pathology re-
sults and patient clinical data, and each the imaging findings.

Cropped by radiologist

Image preprocessing

Automatic analysis

CAD diagnosis

Mixed
cystic CysticSolid

Macro-
calci�cations

Punctate
echogenic foci

...

Aspect
ratio

TI-RADS lexion

Irregular

Radiologist diagnosis

Mixed
cystic CysticSolid

Macro-
calci�cations

Punctate
echogenic foci

...

Aspect
ratioIrregular

Figure 2.  Flowchart of the proposed computer-aided diagnosis (CAD) system for thyroid nodule classification.
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The new TI-RADS patterns published by the American College 
of Radiology (ACR) [9,17], thyroid nodules have the five ultra-
sound features of composition, echogenicity, shape, mar-
gin, and echogenic foci. The ACR TI-RADS levels were classi-
fied as TR1 (0 points, benign), TR2 (2 points, benign and not 
suspicious), TR3 (3 points, mildly suspicious for malignancy), 
TR4 (4–6 points, moderately suspicious for malignancy), and 
TR5 (7 points or more, highly suspicious for malignancy).

Before the start of the study, a consensus on the use of CAD 
systems was built by discussing their basic methods. Two sep-
arate ultrasound image review steps were performed. The first 
step was for a two-dimensional image review of thyroid ultra-
sound by group1–4. The second step, which was carried out 
two weeks after the first step, was to use group 5 to review 
the two-dimensional image of the thyroid ultrasound again. 

The ultrasound features of each thyroid nodule were analyzed, 
based on the ACR TI-RADS lexicon and final assessment cat-
egories [17].

The boundary of the thyroid nodule in group 1 was delineated 
on the ultrasound image by another radiologist (author, ZJ) with 
10 years of diagnostic radiology experience, and the thyroid 
nodule was evaluated by the CAD system. According to the 
TI-RADS lexicon, the CAD system automatically reported the 
ultrasound features of thyroid nodules, their TI-RADS grades, 
and the likely benign or malignant diagnosis. In group 5, the ju-
nior radiologist referenced the ultrasound features of thyroid 
nodules given by the CAD system to judge the benign and 
malignant nodules and reached a final conclusion (Figure 3).

A

B

Figure 3.  The ultrasound features of the 
Thyroid Imaging Reporting and Data 
System (TI-RADS) category of the 
thyroid nodules acquired using the 
computer-aided diagnosis (CAD) 
system. (A) The ultrasound features 
and the Thyroid Imaging Reporting 
and Data System (TI-RADS) category 
of a thyroid nodule acquired with the 
computer-aided diagnosis system 
(CAD). (B) The ultrasound features 
and TI-RADS Category of a thyroid 
nodule acquired in the group with the 
junior radiologist combined with the 
CAD system. The red font indicates 
the corrected ultrasound features of 
the thyroid nodule after the clinician 
and CAD combination. The triangle, 
plus sign, and dot on each receiver 
operating characteristic (ROC) curve 
indicate the performance of the 
junior radiologist, intermediate-level 
radiologist, and the senior radiologist, 
respectively. CAD – computer-aided 
diagnosis system; TI-RADS – Thyroid 
Imaging Reporting and Data System.
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Statistical analysis

Data were analyzed using SPSS version 19.0 software (IBM, 
Chicago, IL, USA). The qualitative data were expressed as frequen-
cies. The quantitative data were expressed as the mean±standard 
deviation (SD). The categorical variables were analyzed by the chi-
squared (c2) test with Yates correction and Fisher’s exact test. The 
accuracy, sensitivity, specificity, positive predictive value (PPV), 
negative predictive value (NPV), and the area under the curve 
(AUC) were calculated by comparing the pathological findings. 
A receiver operating characteristic (ROC) curve analysis was used 
to compare the results of CAD system and the junior radiologists 
combined with the CAD system to determine the optimal cutoff 
value. A P-value <0.05 was considered statistically significant.

Results

Characteristics of the study population

In this study, 789 thyroid nodules from 695 patients, with an 
age range of 17–78 years, and a mean age of 45.3 years, met 
the inclusion criteria. There were 346 cases (43.85%) that were 
malignant, including 311 cases of papillary carcinoma, 30 cases 
of follicular carcinoma, and five cases of medullary carcinoma. 
There were 443 cases (56.15%) that were benign, including 72 
cases of follicular adenoma, and 371 cases of nodular hyper-
plasia. Of the 789 cases of thyroid nodules, 158 cases (95 ma-
lignant, 63 benign) were confirmed by surgery, 234 cases 
(96 malignant, 138 benign) were confirmed by core needle 
biopsy (CNB), 397 cases (155 malignant, 242 benign) were 
confirmed by fine-needle aspiration biopsy (FNAB) (Figure 1). 
Thyroid nodules were divided into three groups on the basis of 
size. Small nodules were <1 cm, medium nodules were 1–2 cm, 
and large nodules were ³2 cm. The main characteristics of the 
findings in the study participants are summarized in Table 1.

Diagnosis of thyroid cancer by the computer-aided 
diagnosis (CAD) system and by the radiologists in the 
different groups

Compared with the definitive histopathology diagnosis, the use 
of the computer-aided diagnosis (CAD) system for the diagnosis 
of thyroid cancer showed an accuracy of 80.35%, a sensitivity 
of 80.64%, a specificity of 80.13%, a positive predictive value 
(PPV) of 76.02%, a negative predictive value (NPV) of 84.12%, 
and an area under the receiver operating characteristic (ROC) 
curve (AUC) of 0.87. For the junior radiologist combined with 
the CAD system, the accuracy, sensitivity, specificity, PPV, NPV, 
and AUC for thyroid cancer diagnosis were 79.21%, 78.08%, 
80.00%, 73.12%, 83.97%, and 0.83 respectively (Figures 4–6). 
The ROC curve of the Thyroid Imaging Reporting and Data 
System (TI-RADS) classification from the American College 
of Radiologists (ACR) [9,17], showed that the best cutoff val-
ue was TI-RADS grade 4 (Figure 7). The accuracy, sensitivity, 
specificity, PPV, NPV, and AUC of the junior radiologist, inter-
mediate-level radiologist, and senior radiologist are shown in 
Table 2. Comparison of the performance of the CAD system, 
radiologists at all levels, and the junior radiologist combined 
with CAD for thyroid cancer diagnosis are shown in Table 3.

The accuracy, sensitivity, specificity, and AUC of the CAD 
system for the diagnosis of thyroid nodules of different 
sizes

The accuracy, sensitivity, specificity, and AUC of the CAD sys-
tem for the diagnosis of small thyroid nodules were 85.71%, 
88.68%, 83.15%, and 0.88, respectively. The accuracy, sensitiv-
ity, specificity, and AUC of the CAD system for the diagnosis of 
medium-sized thyroid nodules were 84.17%, 91.18%, 79.62%, 
and 0.92, respectively. The accuracy, sensitivity, specificity, and 
AUC of the CAD system for the diagnosis of large thyroid nodules 
were 66.96%, 50.00%, 89.79%, and 0.82, respectively (Table 4).

Pathological findings
P-value

Benign Malignant

Age, years (mean ± SD) 45.5±13.1 42.5±11.1 0.11

Gender 0.30

 Male  90 (20.3%)  81 (23.4%)

 Female  353 (79.7%)  265 (76.6%)

No. of nodules 443 346

Size <0.01

 <1 cm 197 159

 1–2 cm 197 109

 >2 cm 49 78

Table 1. The clinical and demographic features of the patients in the study.
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Figure 4.  The accuracy of the computer-aided diagnosis (CAD) 
system. Senior, intermediate-level, and the junior 
radiologist combined with the CAD system for the 
classification of thyroid lesions as benign or malignant 
and the Thyroid Imaging Reporting and Data System 
(TI-RADS) categories. CAD – computer-aided diagnosis 
system; TI-RADS – Thyroid Imaging Reporting and Data 
System.
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Figure 6.  The specificity of the computer-aided diagnosis (CAD) 
system. Senior, intermediate-level, and the junior 
radiologist combined with the CAD system for the 
classification of thyroid lesions as benign or malignant 
and the Thyroid Imaging Reporting and Data System 
(TI-RADS) categories. CAD – computer-aided diagnosis 
system; TI-RADS – Thyroid Imaging Reporting and Data 
System.
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Figure 7.  The receiver operating characteristic (ROC) curves for 
the performance of the computer-aided diagnosis 
(CAD) system and junior radiologist combined with 
the CAD system on the classification of thyroid 
nodules.
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Figure 5.  The sensitivity of the computer-aided diagnosis (CAD) 
system. Senior, intermediate-level, and the junior 
radiologist combined with the CAD system for the 
classification of thyroid lesions as benign or malignant 
and the Thyroid Imaging Reporting and Data System 
(TI-RADS) categories. CAD – computer-aided diagnosis 
system; TI-RADS – Thyroid Imaging Reporting and Data 
System.
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Accuracy
%

Sensitivity
%

Specificity
%

PPV
%

NPV
%

AUC

CAD 80.35 80.64 80.13 76.02 84.12 0.87

Junior radiologist 70.85 87.53 57.88 61.76 85.67 0.73

Intermediate-level radiologist 77.57 95.08 63.88 67.28 94.33 0.80

Senior radiologist 85.63 87.37 83.17 87.97 83.38 0.91

Junior radiologist+CAD 79.21 78.08 80.00 73.12 83.97 0.83

Table 2.  The diagnosis of the thyroid nodules by the computer-aided diagnosis (CAD) system, radiologists at different levels, and the 
junior radiologist using the CAD system.

CAD – computer-aided diagnosis; PPV – positive predictive value; NPV – negative predictive value; AUC – area under the curve.

P-value

Accuracy Sensitivity Specificity

CAD vs. junior radiologist <0.01 0.013 <0.01

CAD vs. intermediate-level radiologist 0.174 <0.01 <0.01

CAD vs. senior radiologist 0.005 0.008 0.274

CAD vs. junior radiologist+CAD 0.573 0.415 0.959

Junior radiologist+CAD vs. junior radiologist <0.01 0.001 <0.01

Junior radiologist+CAD vs. intermediate-level radiologist 0.427 <0.01 <0.01

Junior radiologist+CAD vs. senior radiologist 0.001 0.001 0.25

Table 3.  Comparison of the computer-aided diagnosis (CAD) system, radiologists at different levels, and the junior radiologist using 
the CAD system in terms of diagnostic performance of the thyroid nodules.

CAD – computer-aided diagnosis.

P-value

Accuracy Sensitivity Specificity

<1 cm vs. 1–2 cm 0.851 0.417 0.537

<1 cm vs. ³2 cm 0.003 <0.01 0.057

1–2 cm vs. ³2 cm 0.005 <0.01 0.006

Table 5. Comparison of the computer-aided diagnosis (CAD) system in differentiating the size of different thyroid nodules.

CAD – computer-aided diagnosis.

Accuracy
%

Sensitivity
%

Specificity
%

AUC

<1 cm 85.71 88.68 83.15 0.88

1–2 cm 84.17 91.18 79.62 0.92

³2 cm 66.96 50.00 89.79 0.82

Table 4. Diagnostic performance of the computer-aided diagnosis (CAD) system in differentiating the size of different thyroid nodules.

CAD – computer-aided diagnosis; AUC – area under the curve.
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Comparison of the diagnostic performance of the CAD 
system for the diagnosis of thyroid nodules of different 
sizes

The accuracy, sensitivity, and specificity of the CAD system 
for the diagnosis of small thyroid nodules diagnosis did not 
differ from those of medium-sized thyroid nodules (P=0.851; 
P=0.417; P=0.537). The accuracy and sensitivity of the CAD sys-
tem for the diagnosis of large thyroid nodules were less than 
for small thyroid nodules (P=0.003; P<0.01). The specificity of 
the CAD system in the diagnosis of large thyroid nodules was 
not significantly different from that of small thyroid nodules 
(P=0.057). The accuracy and sensitivity of the CAD system for 
the diagnosis of large thyroid nodules were significantly less 
than for medium-sized thyroid nodules (P=0.005; P<0.01). 
The specificity of the CAD system for the diagnosis of large 
thyroid nodules was significantly greater than for medium-
sized thyroid nodules (P=0.006) (Table 5).

Discussion

In this study, the role of the computer-aided diagnosis (CAD) 
system in the ultrasound diagnosis of thyroid cancer was eval-
uated, with emphasis on its added value for the junior radiol-
ogist. This retrospective study showed that when compared 
with the definitive histopathology diagnosis, the CAD system 
for the diagnosis of thyroid cancer had an accuracy of 80.35%, 
a sensitivity of 80.64%, a specificity of 80.13%, a positive pre-
dictive value (PPV) of 76.02%, a negative predictive value (NPV) 
of 84.12%, and an area under the receiver operating charac-
teristic (ROC) curve (AUC) of 0.87. For the junior radiologist 
and the combined use of the CAD system, the accuracy, sen-
sitivity, specificity, PPV, NPV, and AUC for thyroid cancer diag-
nosis were 79.21%, 78.08%, 80.00%, 73.12%, 83.97%, and 
0.83 respectively.

In clinical practice, radiologists use current clinical diagnos-
tic guidelines, including those from the American Thyroid 
Association (ATA) and the American College of Radiology (ACR) 
to identify thyroid nodules. Based on the Thyroid Imaging 
Reporting and Data System (TI-RADS) scores [9,17], radiologists 
may use the CAD system, as the imaging categories on ultra-
sound can be digitized and used in the CAD system learning 
program. Therefore, an automatic or semi-automatic classifi-
cation system based on imaging features is possible and can 
be based on the recommended TI-RADS reporting scores and 
classification. In the present study, thyroid ultrasound images 
were generated by different types of ultrasound equipment, 
which helped to increase data diversity, develop training algo-
rithms, and test the radiologist’s diagnostic ability.

Several studies have reported that the diagnostic performance 
of CAD systems is comparable to that of experienced radiol-
ogists. The sensitivity of the CAD system for the diagnosis of 
thyroid cancer was previously reported to be similar to that 
of an experienced radiologist, but the diagnosis by the expe-
rienced radiologist had a higher specificity when compared 
with CAD [15,16]. However, Wang et al. [11] reported that the 
accuracy, sensitivity, PPV, and NPV of an artificial intelligence 
(AI) diagnosis system for malignant thyroid nodules diagno-
sis were 90.31%, 90.5%, 95.22%, and 80.99%, respectively, 
and the performance of the AI diagnosis system was not sig-
nificantly different from that of an experienced radiologist. 
In this previous study, the experienced radiologist had a low-
er diagnostic specificity when compared with the AI system 
(77.98% vs. 89.91%) [11].

Although the findings from the present study demonstrated 
the potential usefulness of the CAD system, this was a small 
and preliminary study, and these findings should not be gen-
eralized without further validation. Also, the results were ac-
quired only through comparison with experienced radiologists. 
The usefulness of the CAD system for diagnostic thyroid ultra-
sound may be different depending on the range of different 
experiences diagnostic thyroid ultrasound in clinical practice. 
This study showed that when compared with the junior ra-
diologist, the CAD system resulted in increased accuracy and 
specificity and lower sensitivity in the classification of thyroid 
cancer. Also, the CAD system showed increased accuracy and 
specificity and lower sensitivity than the intermediate-level ra-
diologist, and lower accuracy, sensitivity, and specificity than 
the senior radiologist in the classification of thyroid cancer.

Several previously reported studies have demonstrated the ap-
plication of different types of CAD systems for thyroid ultra-
sound [11,18,19]. These studies have reported that the CAD 
systems improved the diagnostic performance of thyroid ultra-
sound [11,18,19]. The findings from the present study con-
cluded that the CAD system was helpful to the junior radiolo-
gist, and resulted in significant improvement in the diagnostic 
performance. With the help of the CAD system, the diagnostic 
performance of the junior radiologist was similar to that of the 
intermediate-level radiologist. Also, the use of the CAD system 
improved the diagnosis of thyroid cancer by the junior radiol-
ogist, as the accuracy increased from 70.85% to 79.21%, the 
sensitivity decreased from 87.53% to 78.08%, and the speci-
ficity increased from 57.88% to 80.00%. Also, the AUC of 0.78 
increased to 0.83, which exceeded the intermediate-level ra-
diologist’s AUC of 0.80. The accuracy, specificity, PPV, and AUC 
of the junior radiologist were improved, which supported the 
view that the CAD system may have a potential role in provid-
ing a supplementary, confirmatory, or a second opinion that 
can be used to plan the next stage in the management of the 
patient with a thyroid nodule.
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However, although the use of the CAD system may enable 
improvement of the accuracy, specificity, PPV, and AUC of the 
diagnostic ability of the junior radiologist, as shown in this 
study, its use may be accompanied by reduced sensitivity and 
NPV, which must be considered when using the CAD system 
in clinical practice. Therefore, from the findings of this study, 
the CAD system might only be recommended as an adjunc-
tive diagnostic method for radiologists rather than a single or 
definitive diagnostic method in patients with a thyroid nod-
ule, even for junior radiologists.

Subgroup stratification analysis was performed to investigate 
whether different sizes of thyroid nodules affected the perfor-
mances of the CAD system. Subgroup analysis showed that 
the diagnostic performance of the thyroid ultrasound CAD sys-
tem in distinguishing between the sizes of the different thy-
roid nodules was not consistent in each group. The diagnos-
tic performance of the CAD system in identifying large thyroid 
nodules was less than that of small thyroid nodules and me-
dium-sized thyroid nodules. The reason for this finding might 
be that large thyroid nodules have a boundary that is beyond 
the thyroid gland, which makes it impossible for the CAD sys-
tem to distinguish between the nodules and the normal thy-
roid gland, resulting in poor performance in the diagnosis of 
the large thyroid nodule by the CAD system.

In this study, a total of 29.7% (234/789) thyroid nodule path-
ological results were confirmed by core needle biopsy (CNB). 
Before CNB or fine-needle aspiration cytology (FNAC), different 
biopsy methods were chosen based on the ultrasound charac-
teristics of the thyroid nodules. For example, nodules with calci-
fication, diffuse microcalcification in the thyroid gland, nodules 
with a maximum diameter of more than 2 cm, and when the 
cytology results of the thyroid nodules remained unclear after 
FNAC. In these cases, CNB was performed for most patients.

This study had several strengths that contribute to improving 
clinical practice. First, the CAD system in this study can auto-
matically analyze the ultrasound features of thyroid nodules 
and then give their TI-RADS grades. This property of the CAD 
system enables radiologists to know how the system identi-
fies thyroid cancer. Artificial intelligence (AI) is often regarded 

as impractical and unreliable but, as this study has shown, 
the CAD system can automatically provide TI-RADS grades of 
thyroid nodules, which demonstrates an opportunity for the 
combination between clinician and machine in clinical prac-
tice. Also, in the present study, the CAD system compared the 
performance of radiologists with different diagnostic experi-
ence, which could be tested further in clinical practice. This 
study assessed the added diagnostic value that the CAD sys-
tem provided to the junior radiologist. Lastly, the diagnostic 
performance of the CAD system for thyroid nodules of differ-
ent sizes was evaluated, which was able to reflect the diag-
nostic performance of the CAD system further.

This study also had several limitations. This was a retrospec-
tive study at a single center in which the study was conducted, 
and the results were analyzed by the authors, all of which 
could have introduced study bias. All the data analyzed were 
derived from static images, which may have resulted in mis-
interpretation. Patients with symptoms of thyroiditis and sus-
picious thyroid nodules with inflammation were not included 
in the study. The use of FNAC of the thyroid has a false-posi-
tive and false-negative rate of up to 5%, which may have af-
fected the results. Also, the study only assessed the adjunc-
tive role of the CAD system for the junior radiologist but did 
not assess the role of the CAD system for intermediate-level 
radiologists and senior radiologists. This study included a sin-
gle radiologist in each group, and future studies should in-
clude a larger study group. Finally, the CAD system requires 
more training, development, and practical evaluation to im-
prove its diagnostic performance.

Conclusions

This study aimed to develop a computer-aided diagnosis (CAD) 
system based on the Thyroid Imaging Reporting and Data 
System (TI-RADS) to distinguish benign from malignant thy-
roid nodules by analyzing ultrasound images. The proposed 
CAD system, based on the TI-RADS, has the potential to im-
prove the diagnostic performance of junior radiologists in ex-
amining thyroid nodules using ultrasound.
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