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		  Computer-aided diagnosis (CAD) systems have attracted extensive attention owing to their performance in the 
field of image diagnosis and are rapidly becoming a promising auxiliary tool in medical imaging tasks. These 
systems can quantitatively evaluate complex medical imaging features and achieve efficient and high-diag-
nostic accuracy. Deep learning is a representation learning method. As a major branch of artificial intelligence 
technology, it can directly process original image data by simulating the structure of the human brain neu-
ral network, thus independently completing the task of image recognition. S-Detect is a novel and interactive 
CAD system based on a deep learning algorithm, which has been integrated into ultrasound equipment and 
can help radiologists identify benign and malignant nodules, reduce physician workload, and optimize the ul-
trasound clinical workflow. S-Detect is becoming one of the most commonly used CAD systems for ultrasound 
evaluation of breast and thyroid nodules. In this review, we describe the S-Detect workflow and outline its ap-
plication in breast and thyroid nodule detection. Finally, we discuss the difficulties and challenges faced by 
S-Detect as a precision medical tool in clinical practice and its prospects.
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Background

Ultrasound (US) is widely available in clinical practice because 
of advantages such as its radiation-free, low-cost, and real-time 
imaging and its easy integration into interventional procedures 
for patient treatment [1]. However, US is highly dependent on 
operator experience and cannot quantitatively analyze image 
features, problems that lead to insufficient repeatability and 
objectivity [2,3]. To address these limitations, the American 
College of Radiology published the Breast Imaging Reporting 
and Data System (BI-RADS) and the Thyroid Imaging Reporting 
and Data System (TI-RADS), which provide standardized ter-
minology to describe the characteristics and final assessment 
categories of breast and thyroid lesions [4,5]. Currently, the 
tools are widely used to facilitate communication between ra-
diologists and clinicians and to regulate the management of 
patients with breast and thyroid lesions. However, because 
some US features are present in both malignant and benign 
masses, the subjectivity and diversity of these features can 
lead to differences in the operator’s final assessment, especial-
ly for medical residents with limited clinical experience [6,7]. 
A study by Lee et al showed that the sensitivity and specifici-
ty of experts in evaluating breast lesions according to the BI-
RADS lexicon were as high as 98% and 58.6%, but those of 
residents were 66% and 52.9%, respectively [6]. To improve 
diagnostic accuracy and confidence in consensus recommen-
dations, new technologies have been developed for clinical ap-
plications, such as US elastography [8], contrast-enhanced ul-
trasonography [9], 3-dimensional US [10], and computer-aided 
diagnosis (CAD) systems [11].

The CAD system can make quantitative evaluations by effec-
tively analyzing a large number of images. This computer-based 
method aids interpretation and diagnosis and can also decrease 
intra-observer and inter-observer variability [12]. The develop-
ment of CAD algorithms and software has become an area of 
intense research in the medical field. Conventional CAD pro-
cesses based on traditional machine learning consist of pre-
processing, image segmentation, feature extraction, selection, 
and classification, of which the most critical step is feature ex-
traction [13]. Effective feature extraction is a complex task that 
is highly dependent on the quality of each intermediate re-
sult in the image processing step, and recursive trial and error 
is required to achieve satisfactory results [14,15]. Therefore, 
obtaining satisfactory results with conventional CAD systems 
based on traditional machine learning is time-consuming and 
complicated. In contrast to conventional CAD systems that rely 
on hand-crafted features, deep learning algorithms can direct-
ly generate a set of transformation functions and image fea-
tures from data, reducing the burden of feature selection and 
classification [16]. Recently, deep learning has achieved good 
results in clinical practice and has rapidly become a promising 
auxiliary tool in medical imaging tasks [17,18].

S-Detect (Samsung Medison, Co., Ltd., Seoul, Korea) is a nov-
el and more interactive CAD system based on a deep learn-
ing algorithm, which provides a second objective opinion to 
assist operators in the interpretation and diagnosis of breast 
and thyroid cancer [19,20]. S-Detect has attracted extensive 
attention owing to its compelling performance in image rec-
ognition tasks and has the potential to become a useful diag-
nostic tool for radiologists [21]. However, because it is a new 
tool, doctors still have many concerns about the application of 
S-Detect in clinical practice. In a study by Choi et al, the specific-
ity of S-Detect in identifying benign and malignant breast nod-
ules was 95.4% [22]. However, Xia et al reported that S-Detect 
was only 41.2% specific for thyroid nodules [23]. Therefore, a 
thorough review of the research status of this technology is 
needed to guide its application. In this review, we describe the 
clinical diagnostic performance of S-Detect in the clinic and 
discuss its limitations and future prospects.

S-Detect Workflow

S-Detect is a commercial CAD system based on convolutional 
neural networks, which is a deep learning algorithm consisting 
of input layers, hidden layers, and output layers. By learning 
a large amount of training data, high-order statistics are ex-
tracted, and the balance of input and output data is optimized 
through a plurality of hidden layers, thus realizing accurate de-
cisions and distinguishing malignant tumors from benign tu-
mors. The data used to develop S-Detect were original US sig-
nals that did not undergo image postprocessing, and therefore 
human bias did not contribute to its development [24]. When 
a breast or thyroid mass is selected by a clinician who touches 
the screen and places a marker in the center of the target nod-
ule, S-Detect automatically draws a region of interest along the 
boundary of the mass. When the nodule boundary automatically 
drawn by S-Detect is considered insufficient for evaluation, the 
operator can manually readjust the outline (Figure 1). When sat-
isfactory lesion segmentation is completed, S-Detect analyzes 
the morphological characteristics of the breast or thyroid nod-
ule according to the BI-RADS or TI-RADS lexicon, respectively, 
and provides a detailed report of each US descriptor. The US 
features, including shape, orientation, margin, echo pattern, and 
posterior acoustic features, are used for breast nodule analysis 
(Figure 2), while the characteristics of composition, shape, ori-
entation, margins, echogenicity, and spongiform appearance are 
used to describe thyroid nodules (Figure 3). For other features, 
manual insertion is required. S-Detect finally provides the eval-
uation result as “possibly benign” or “possibly malignant” in di-
chotomy form, and a structured report is assigned as a reference 
to assist radiologists in their final diagnosis. The procedure for 
a complete S-Detect examination including B-mode scanning 
takes approximately 2 minutes [20,24]. S-Detect can make an 
instant judgement on the frozen image on the US system [25].
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Application of S-Detect in the Breast

Breast cancer is the most common malignant tumor in women 
worldwide [26]. Accurate and early diagnosis of breast cancer 
for appropriate local and systemic treatment is of vital impor-
tance to improve the survival rate [27]. In addition to mam-
mography, US plays an important role in the early diagnosis of 
breast cancer. Currently, the BI-RADS lexicon is used as a stan-
dard protocol for evaluating breast lesions by US imaging. As 
a supplementary method to the BI-RADS lexicon, S-Detect was 
developed to increase diagnostic accuracy and decrease inter-
observer variability. According to the meta-analysis of Li et al, 
S-Detect may have the potential to help radiologists improve 
the diagnosis of breast masses and can be considered as a 
useful supplement to conventional US [28]. Kimet al evaluated 
the diagnostic performance of S-Detect to distinguish between 

benign and malignant breast masses. When the cutoff value 
was set at category 4a according to BI-RADS, S-Detect had sig-
nificantly higher specificity, positive predictive value (PPV), and 
accuracy than did the radiologist (all P<0.05), with a higher 
area under the receiver operator characteristics curve (AUC) of 
0.725 compared with 0.653 [29]. Lee et al compared the diag-
nostic performance of S-Detect, elastography, and greyscale US 
in distinguishing benign and malignant breast masses. Among 
these 3 diagnostic tools, S-Detect had the highest specificity 
(67.5%), PPV (61.4%), accuracy (74.1%), and AUC (0.762, all 
P<0.001). It has been suggested that S-Detect has better di-
agnostic performance than elastography and may be more 
suitable as an auxiliary diagnostic tool for radiologists [30].

Choi et al also compared the changes in diagnostic performance 
of 2 experienced radiologists and 2 inexperienced radiologists 

A

C

B

Figure 1. �The assessment process with S-Detect. (A) When a lesion is selected, “S-Detect” is pressed to initiate the analysis. (B) If 
the outline drawn automatically by the system is not satisfactory, the border of the lesion can be redrawn by pressing the 
“Manual Contour” button. (C) S-Detect presents ultrasonographic features on the right of the screen and a final assessment 
at the bottom.
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before and after using S-Detect. After combining the results 
of S-Detect, the specificity, accuracy, and PPV of both experi-
enced radiologists and 1 inexperienced radiologist were sig-
nificantly improved without reducing sensitivity. Moreover, 
S-Detect significantly increased the AUC values for all radiol-
ogists using the BI-RADS lexicon to predict the risk of malig-
nancy. The study found that regardless of the experience of 
radiologists, S-Detect has the potential to improve their diag-
nostic performance [22].

In a study by Lee et al, 500 solid breast lesions in 413 patients 
were retrospectively assessed by 2 groups of radiologists and 
S-Detect, and the agreement of US features according to the 
BI-RADS lexicon was compared between S-Detect and each 
group of radiologists. For the interpretation of each US de-
scriptor, the kappa value showed that the agreement between 
S-Detect and the experienced group was higher than the kap-
pa value between S-Detect and the inexperienced group. After 
the radiologists took the S-Detect results into account, the 

kappa value increased in both groups and the increase in the 
inexperienced group was more prominent [31]. This suggest-
ed that S-Detect can be used as a teaching tool to help inex-
perienced radiologists become familiar with and understand 
various US features in US examinations. For experienced ra-
diologists, S-Detect can provide a second opinion in a cost-
effective manner. In addition, S-Detect improves the inter-ob-
server agreement of benign and malignant diagnoses among 
radiologists, which can prevent novice radiologists from mak-
ing misdiagnoses due to lack of experience.

A retrospective study of 100 breast masses was performed 
by Park et al. When the final assessment of the breast mass 
by radiologists was inconsistent with S-Detect, they modified 
their final assessment according to the conclusion of S-Detect. 
Among all cases reclassified by 5 radiologists, 89% to 100% of 
cases that were originally classified as BI-RADS grade 4 or 5 
were correctly downgraded to BI-RADS grade 3 [32]. Bartolotta 
et al also confirmed that S-Detect helped radiologists correctly 

A
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B

D

Figure 2. �Representative case of (A, B) malignant and (C, D) benign breast nodules. Images of (A) B-mode US and (B) S-Detect 
result of a 67-year-old woman with invasive cancer in her right breast. After the region of interest was set, S-Detect 
automatically analyzed the ultrasound features of the lesion and displayed a final assessment of “possibly malignant” based 
on the lesion features listed in the right column: oval shape, parallel orientation, microlobulated margin, hypoechoic echo 
pattern, and posterior features enhancement. Images of (C) B-mode US and (D) S-Detect result of a 47-year-old woman 
with fibroadenoma in her right breast. After the region of interest was set, S-Detect automatically analyzed the ultrasound 
features of the lesion and displayed a final assessment of “possibly benign” based on the lesion features listed in the right 
column: oval shape, parallel orientation, microlobulated margin, isoechoic echo pattern, and posterior features enhancement.
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change the initial BI-RADS classification in more than 1 of 4 
breast lesions, and the percentage of correct reclassification 
(81%) was statistically significant [33]. According to the diag-
nostic recommendations of BI-RADS, biopsy is recommended 
for breast masses of category 4 or higher. However, many US 
features used in BI-RADS are described in both benign and 
malignant breast masses, especially in category 4 lesions, 
which indicates a wide range of malignant risk (2-95%) [34]. 
Therefore, with the assistance of S-Detect, the high rate of 
correct downgrading reduces misdiagnosis and unnecessary 
breast biopsies. The rate of correct downgrading is more sig-
nificant for inexperienced radiologists because these opera-
tors tend to overestimate lesion characteristics.

Wu et al conducted a prospective study to evaluate factors that 
can cause false-positive or false-negative results in S-Detect. 
They found that larger benign lesions, the presence of lesion 
calcifications detected by B-mode US, and high degrees of vas-
cularity were likely to lead to false-positive S-Detect results. 

Smaller malignant lesions and the absence of calcifications 
detected by B-mode US were likely to lead to false-negative 
S-Detect results [19]. These influencing factors must be taken 
into consideration when applying S-Detect in clinical practice. 
S-Detect can be used as an auxiliary tool for radiologists but 
it cannot completely replace grayscale US at present.

Application of S-Detect in the Thyroid

The global incidence rate of thyroid cancer in women is 10.2 
per 100 000, which is 3 times higher than that of men. In 2018, 
thyroid cancer accounted for 5.1% of the total estimated fe-
male cancer burden, or 1 in 20 cancer diagnoses [26]. US has 
become the primary imaging choice for the examination of thy-
roid diseases and facilitates decision making for fine-needle 
aspiration (FNA) [35,36]. However, due to the slow growth of 
thyroid cancer and its lower invasiveness than other malignant 
tumors, overdiagnosis and overtreatment are a concern [37]. 

A

C

B

D

Figure 3. �Representative case of (A, B) malignant and (C, D) benign thyroid nodules. Images of (A) B-mode US and (B) S-Detect 
result of a 39-year-old man with papillary thyroid carcinoma. After the region of interest was set, S-Detect automatically 
analyzed the ultrasound features of the lesion and displayed a final assessment of “possibly malignant” based on the lesion 
features listed in the right column: solid composition, non-parallel orientation, hypoechoic echogenicity, ill-defined margin, 
nonappearance spongiform, and ovoid to round shape. Images of (C) B-mode US and (D) S-Detect result of a 43-year-old 
woman with follicular adenoma. After the region of interest was set, S-Detect automatically analyzed the ultrasound features 
of the lesion and displayed final assessment of “possibly benign” based on the lesion features listed in the right column: 
partially cystic composition, parallel orientation, hyper/isoechoic echogenicity, well-defined smooth margin, nonappearance 
spongiform, and ovoid to round shape.
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Given the good prognostic outcome of early-stage thyroid can-
cer, a high-performance CAD system can help radiologists im-
prove the accuracy and consistency of radiological diagnoses 
and avoid unnecessary FNA procedures.

According to Choi et al, S-Detect showed a fairly high sensitiv-
ity (90.7%) and negative predictive value (91.7%), which was 
similar to an experienced radiologist in identifying benign and 
malignant thyroid nodules. However, the specificity and AUC 
were lower (specificity, 74.6% vs 94.9%, P=0.002; AUC, 0.83 
vs 0.92, P=0.021) [20]. Although the specificity and accuracy 
of the S-Detect system are not satisfactory for the diagnosis 
of thyroid cancer, the high sensitivity and negative predictive 
value, which are equivalent to those of experts, are helpful 
for radiologists, and experienced radiologists can save time 
by making final decisions on positive predictive cases iden-
tified by S-Detect. When S-Detect considers the mass to be 
benign, its high sensitivity and negative predictive value can 
be relied on to rule out malignant thyroid nodules in prac-
tice. As a result, the system can help inexperienced radiolo-
gists avoid unnecessary FNA procedures. Wei et al also point-
ed out that inexperienced radiologists who use S-Detect can 
significantly improve their accuracy, specificity, and AUC of di-
agnosis, but these improvements were not seen for an expe-
rienced radiologist [38].

Choi et al further demonstrated that the inter-observer agree-
ment between experienced radiologists and S-Detect for the 
characterization of thyroid nodules was acceptable, and clas-
sifications of the US characteristics, including composition, 
orientation, echogenicity, and spongiform, showed substan-
tial agreement (kappa=0.659, 0.740, 0.733, and 0.658, respec-
tively) [20], compared with previous studies [39,40], in which 
the inter-observer agreement on the US features classifica-
tion of thyroid nodules between S-Detect and radiologists 
may be similar or higher than that between experienced and 
inexperienced radiologists. Partially different from the results 
of Choi et al, a prospective study by Yoo et al showed that 
the sensitivity, specificity, PPV, negative predictive value, and 
accuracy of S-Detect in detecting thyroid cancer were 80.0%, 
88.1%, 83.3%, 85.5%, and 84.6%, respectively, and there was 
no significant difference in diagnostic performance between 
S-Detect and radiologists. Moreover, the radiologists who uti-
lized S-Detect exhibited better diagnostic sensitivity than those 
who did not (92.0% vs 84.0%); however, their specificity and 
PPV were lower (85.1% vs 95.5%, and 82.1% vs 93.3%, respec-
tively) [41]. The enhanced diagnostic sensitivity from the aid of 
CAD enables radiologists to identify actual thyroid malignant 
tumors and reduces the missed diagnosis rate. This suggests 
that S-Detect is helpful for inexperienced or non-thyroid radi-
ologists. However, the reduced diagnostic specificity when ra-
diologists use S-Detect needs to be considered in clinical use.

Xia et al evaluated the diagnostic performance of S-Detect for 
thyroid nodules of different pathological subtypes. Among all 
thyroid nodules, the sensitivity of S-Detect to identify malignant 
thyroid nodules was higher than that of experienced radiolo-
gists, but the specificity was lower. The sensitivity of S-Detect 
to detect papillary thyroid cancer was higher than that of ex-
perienced radiologists, but the specificity and accuracy were 
lower. Compared with the diagnostic ability of experienced ra-
diologists, S-Detect had relatively low diagnostic performance 
in identifying follicular thyroid carcinoma [23]. The study found 
that S-Detect has different diagnostic capabilities for thyroid 
nodules in different pathological subtypes, but radiologists 
can still benefit from the overall high sensitivity.

Conclusions

As a recently developed commercial US CAD system, S-Detect 
has the considerable advantages of convenient and fast clin-
ical adaptability and good diagnostic performance. In clinical 
practice, this tool can be used to improve the diagnostic per-
formance of radiologists and can be used as a teaching tool 
for novice or non-professional radiologists. S-Detect not only 
provides a classification model for the final diagnosis but also 
describes the US characteristics of the mass.

For the diagnosis of breast cancer, most studies showed that 
the specificity and PPV of S-Detect were equivalent or high-
er than those of expert radiologists. Radiologists can screen 
out real benign lesions according to the final assessments of 
S-Detect, reducing the rate of misdiagnosis. However, for thy-
roid nodules, S-Detect has a high sensitivity and low specifici-
ty. Radiologists can detect a higher proportion of genuine ma-
lignant tumors according to the final assessments of S-Detect, 
reducing the missed diagnosis rate. Therefore, radiologists can 
obtain different types of benefits from S-Detect.

For young doctors, the assistance of S-Detect can greatly im-
prove their diagnostic performance and confidence and can 
be used as a training mechanism for residents. S-Detect can 
be used in top-level hospitals as well as in smaller local hos-
pitals. This tool can help small hospitals improve their diag-
nostic performance of malignant breast and thyroid tumors.

Challenges and Future Perspectives

As a commercial CAD system, S-Detect has excellent clinical per-
formance, although there are still some limitations to its use. 
To fully integrate future S-Detect technology into the work of 
clinicians and apply it worldwide, the following issues should 
be addressed. First, for S-Detect, the imaging information of 
grayscale US is the only reference for evaluating mass lesions. 
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However, the classification of lesions by radiologists is based 
on the comprehensive evaluation of all patient information, 
including medical history and other auxiliary imaging meth-
ods such as color Doppler flow imaging and US elastography. 
Therefore, the development of multi-modal training CAD mod-
els (B-mode, color Doppler, contrast-enhanced ultrasonography, 
and elastography) based on various imaging data can provide 
complete lesion information, thus improving the diagnostic ac-
curacy of CAD models. Second, US-based diagnosis is still lim-
ited in part by operator experience. Input images acquired by 
highly experienced radiologists and novices can be different, 
resulting in inconsistent output results of S-Detect. Enabling 
the CAD system to automatically obtain the best quality stat-
ic images of lesions needs to be established. Third, S-Detect 
has a poor ability to distinguish non-mass lesions (eg, archi-
tectural distortion, calcifications, enlarged lymph nodes, and 
diffuse inflammation). It is hard to clarify the margins of non-
mass lesions; thus, it is difficult for S-Detect to determine the 
region of interest of non-mass lesions. The effective identifi-
cation of all features of the lesion, including calcification, must 

be considered in the future development of S-Detect systems. 
We believe that future commercial CAD systems will not only 
be able to distinguish benign and malignant masses but also 
further classify specific benign diseases, such as inflammato-
ry masses, cysts, and abscesses.

The development of future commercial CAD systems must fo-
cus on how the progress of artificial intelligence can be imple-
mented in a way that maximizes its clinical benefit.
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