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Objective: To investigate the feasibility of a CAD system S-detect on a database from a single 

Chinese medical center.

Materials and methods: An experienced radiologist performed breast US examinations 

and made assessments of 266 consecutive breast lesions in 227 patients. S-detect classified the 

lesions automatically in a dichotomous form. An in-training resident who was blind to both the 

US diagnostic results and histological results reviewed the images afterward. The final histologi-

cal results were considered as the diagnostic gold standard. The diagnostic performances and 

interrater agreements were analyzed.

Results: A total of 266 focal breast lesions (161 benign lesions and 105 malignant lesions) 

were assessed in this study. S-detect had a lower sensitivity (87.07%) and a higher specificity 

(72.27%) compared with the experienced radiologist (sensitivity 98.1% and specificity 65.43%). 

The sensitivity and specificity of S-detect were better than that of the resident (sensitivity 82.86% 

and specificity 68.94%). The AUC value of S-detect (0.807) showed no significant difference 

with the experienced radiologist (0.817) and was higher than that of the resident (0.758). S-detect 

had moderate agreement with the experienced radiologist.

Conclusion: In this single-center study, a high level of diagnostic performance of S-detect 

on 266 breast lesions of Chinese women was observed. S-detect had almost equal diagnostic 

capacity with an experienced radiologist and performed better than a novice reader. S-detect 

was also distinguished for its high specificity. These results supported the feasibility of S-detect 

in aiding the diagnosis of breast lesions on an independent database.

Keywords: ultrasonography, breast neoplasms, image interpretation, computer-assisted, diag-

nostic imaging

Plain language summary
S-detect is a sophisticated CAD system for breast US imaging based on deep learning algorithms. 

To investigate its feasibility in Chinese population, we utilized the software in a single-center 

of China. S-detect presented high-level of diagnostic performance in classifying breast lesions, 

and distinguished for its high specificity. S-detect can possess great potential in further clinical 

application for diagnosing breast lesions according to this study. 

Introduction
As the most common cancer expected to occur all over the world, breast cancer poses 

a great threat to women’s health, arousing intense concern in the medical society. It 
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was reported that 246,000 females were newly diagnosed 

with breast cancer in the USA in 2016 and 268,000 in China 

in 2015.1,2 Early detection of breast cancer plays an essential 

role in the management of breast cancer.3 In addition to breast 

mammography, US is playing an increasingly essential role 

in the diagnosis of breast lesions, for the interpretation of US 

features can be helpful in distinguishing benign and malignant 

breast lesions.4 Currently, the BI-RADS lexicon is utilized as 

a standard protocol for the assessment of breast lesions by 

US imaging.5–7 Despite the use of BI-RADS lexicon, operator 

independence remains to be the main defect of US.8

Recent advancements of artificial intelligence techniques 

heightened the development of CAD systems in medical 

imaging. CAD systems have shown great potential as an 

effective assistant diagnostic tool in breast imaging, such 

as mammography CAD.9 Providing diagnostic decisions for 

breast lesions, CAD systems can act as a second reader to 

assist radiologists in diagnosis. CAD for breast US has also 

been investigated in early years.10,11 The process of CAD 

systems for breast US includes image segmentation, feature 

extraction, and classification. Several newly developed seg-

mentation techniques, including clustering-based, watershed-

based, and neural networks were developed and proved to be 

applicable in the detection and following analysis of breast 

lesions.12 And the CAD systems based on support vector 

machines and deep learning method have also shown a good 

diagnostic performance for classifying breast lesions.10,13

Recently, a highly established CAD software, S-detect, 

was developed by Samsung Medison, Co. Ltd., Seoul, Korea. 

S-detect can implement autosegmentation and interpretation 

of US morphological descriptions, allowing classification of 

breast lesions in a dichotomic form as a reference for radiolo-

gists to assist with final diagnosis. S-detect was developed 

using a deep learning algorithm, after extensive training on a 

large-scale database from Korea. The compact CAD system 

can generate the decisions automatically based on abstraction 

of multiple layers rather than relying on hand-crafted features. 

Several studies on S-detect have been launched by Korean and 

Italian researchers, identifying the high diagnostic efficiency 

of S-detect as an adjunct tool for breast lesion characteriza-

tion.14–16 For further recognition of the feasibility of S-detect, 

studies on S-detect with more validation sets from different 

populations are required.

In this study, in order to assess the feasibility of S-detect 

in aiding diagnosis of breast lesions in Chinese population 

and explore its clinical application, 266 cases of focal breast 

lesions were collected and classified by different radiologists 

as well as S-detect in an independent Chinese medical  center. 

The diagnostic performance of S-detect and the readers 

was compared. We further discussed the potential value of 

S-detect in improving specificity, and the overall diagnostic 

accuracy of radiologists was discussed.

Materials and methods
This research was designed as a prospective study. It was 

approved by the Institutional Review Board of Peking Union 

Medical College Hospital. Informed consents were received 

from all the patients who underwent an examination.

Patients
From January 2018 to March 2018, female patients with 

focal breast lesions detected by US, who were referred to 

the hospital for biopsy, were recruited. All the focal lesions 

were evaluated by conventional US examination before 

hospitalization. And we included category 3, 4, and 5 lesions 

according to BI-RADS lexicon for US. When multiple lesions 

were found in one patient, the suspicious lesions or largest 

lesions were enrolled.

Exclusion criteria were listed as follows:

1. Patients who had received a biopsy of breast lesion before 

the US examination.

2. Patients who were pregnant or lactating.

3. Patients who were undergoing neoadjuvant treatment.

Finally, there were 227 patients with 266 focal breast lesions 

who were recruited consecutively in the study. The mean 

age of the patients was 45.7 years, and the median age was 

45.0 (15–82) years. The study flow is presented in Figure 1.

Us examinations and imaging review
A 3–12 MHz linear transducer (RS80A with Prestige, Sam-

sung Medison, Co. Ltd.) was utilized for the US examination. 

An expert radiologist with 10 years of experience of breast 

US imaging performed the bilateral breast US examinations 

using the routine scanning protocol. Both longitudinal and 

transverse sections were recorded for size measurement and 

further imaging evaluation. Informed of the patients’ clini-

cal information and mammography results, the radiologist 

made a judgment of the breast lesions according to the fifth 

edition of BI-RADS lexicon after finishing the examination.

CAD examination with S-detect software (Samsung 

Healthcare, Seoul, South Korea) was conducted by the 

experienced radiologist immediately after classification of 

the lesions. The input image that displayed the lesion with 

the maximum diameter was chosen in the preliminary assess-

ments. After selecting the image, examination was conducted 
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in the S-detect mode by clicking the S-detect option on the 

screen. The lesion was automatically contoured by S-detect 

software in the region of interests. The outline was adjusted 

manually when the autocontour was considered to be unsat-

isfied. When satisfactory segmentation of the lesion was 

completed, S-detect provided a final assessment of the lesion 

and a detailed report of each US descriptor, including shape, 

orientation, margin, echo pattern, and posterior acoustic 

features. The final assessments of breast lesions by S-detect 

were in a dichotomic form, including possibly benign or 

possibly malignant. It took about <2 minutes to perform the 

S-detect examination.

An in-training resident with 2 years of experience with 

breast US imaging reviewed the US images of the breast 

lesions 2 weeks later, blind to both the US diagnostic results 

and the histological results. Appropriate US descriptors were 

chosen by the resident to make the final assessments, based 

on the 2013 BI-RADS lexicon.

statistical analysis
The results of the experienced radiologist and the resident in 

the form of BI-RADS 1–5 classification were transformed 

into a dichotomized pattern. According to BI-RADS lexicon, 

category 4a was represented for low likelihood of malig-

nancy, and biopsy was recommended for the subgroup. 

Therefore, the cutoff for benign and malignant was set at 

4a. The possibly benign group included categories 2 and 3, 

and the possibly malignant group comprised categories 4a, 

4b, 4c, and 5. SPSS (SPSS 19.0, IBM) was used for data 

analysis. Sensitivity, specificity, PLR, NLR, PPV, and NPV 

were measured and compared by 2×2 contingency tables 

and the chi-squared test. The ROCs were also used for a 

more intuitive comparison of the results. The AUC was 

obtained using SPSS. A Z test was applied to compare the 

values of AUC of the radiologists and the software. Cohen’s 

kappa values were calculated for evaluating the agreement 

between the experienced radiologist and S-detect and the 

resident and S-detect.

The criteria for kappa values were listed as follows:

•	 Poor agreement: κ<0

•	 Fair agreement: 0.20<κ<0.40

•	 Moderate agreement: 0.40<κ<0.60

•	 Substantial agreement: 0.60<κ<0.80

•	 Perfect agreement: 0.80<κ<1

For all the tests mentioned above, statistical significance 

was considered when the P-value was <0.05.

Ethics statement
We confirm that this study was conducted in accordance 

with the Declaration of Helsinki, and the patient consent was 

written informed consent.

Figure 1 The schematic representation of the study flow.
Abbreviation: Us, ultrasound.

227 patients with 266 breast lesions

Breast US examinations performed by an
experienced radiologist

Evaluation of US descriptors and final
assessment by the radiologist

Evaluation of US descriptors and
final assessments by S-detect

The pathological results recorded

US images were studied and
classified by a resident

Statistical analysis
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Results
A total of 266 focal breast lesions of 227 patients were 

assessed in this study, among which there were 161 benign 

lesions and 105 malignant lesions. The pathological types of 

the benign lesions and malignant ones are listed in Table 1.

Diagnostic performances of the experienced radiologists, 

S-detect, and the in-training resident were demonstrated in 

Table 2, including sensitivity, specificity, PLR, NLR, PPV, 

NPV, and the AUC. The ROCs for the three results are shown 

in Figure 2.

In comparison with the experienced radiologist, the 

S-detect had a lower sensitivity (98.1% vs 87.07%) and 

NPV (98.15% vs 81.9%), and a higher specificity (72.27% 

vs 65.43%) and PPV (79.5% vs 64.8%). There was a statisti-

cal significance between the specificity of S-detect and the 

radiologist, with a P-value <0.001. The difference of sensi-

Table 1 The pathological types of the 266 breast lesions

Pathological type Number Ratio (%)

Malignant lesions
intraductal carcinoma 10 9.52
invasive ductal carcinoma, not 
otherwise specified

80 76.2

invasive lobular carcinoma 6 5.71
apocrine carcinoma 2 1.90
invasive micropapillary carcinoma 1 0.95
Mucinous carcinoma 2 1.90
neuroendocrine intraductal 
carcinoma

1 0.95

adenocarcinoma with spindle cell 
metaplasia

2 1.90

Diffuse large B-cell lymphoma 1 0.95
Total 105

Benign lesions
adenosis 37 23.0
adenomas 97 60.2
intraductal papillomas 20 12.4
lobular tumor 1 0.62
Chronic inflammation 5 3.11
adiponecrosis 1 0.62
Total 161

Table 2 The diagnostic performance of the experienced radiologists, s-detect, and the in-training resident

Rater SE (%) SP (%) PLR NLR PPV (%) NPV (%) Accuracy (%) AUC

95% CI 95% CI 95% CI 95% CI 95% CI 95% CI 95% CI 95% CI

s-detect 87.07 72.27 3.14 0.18 79.5 81.9 80.45 0.807
88.55–92.04 63.32–80.08 2.33–4.22 0.12–0.28 72.44–85.45 73.19–88.74 75.25–84.79 0.751–0.863

Radiologist 98.1 65.43 2.84 0.03 64.78 98.15 78.20 0.817
93.29–99.77 57.57–72.72 2.29–3.51 0.01–0.12 56.82–72.18 93.47–99.77 72.84–82.75 0.766–0.867

Resident 82.86 68.94 2.67 0.25 63.5 86.05 74.44 0.758
74.27–89.51 61.18–75.99 2.09–3.41 0.16–0.38 54.85–71.56 78.85–91.52 68.86–79.32 0.699–0.819

Abbreviations: aUC, area under the receiver operator characteristics curve; nlR, negative likelihood ratio; nPV, negative predictive value; PlR, positive likelihood ratio; 
PPV, positive predictive value; SE, sensitivity; SP, specificity.

tivity was of no statistical significance (P>0.05). A typical 

malignant breast lesion correctly diagnosed by S-detect is 

presented in Figure 3.

The NPV (86.05% vs 81.9%) of the resident was slightly 

higher than that of S-detect. Sensitivity (87.07% vs 82.86%), 

specificity (72.27% vs 68.94%), and PPV (79.5% vs 63.5%) 

of the resident were lower than S-detect. The differences 

in both the sensitivity and the specificity were statistically 

significant (P<0.001).

The experienced radiologist had the highest value of AUC 

(0.817) among the three raters. S-detect had an AUC value 

of 0.807, which was slightly lower than that of the radiolo-

gist, with no statistical significance (P>0.05). The AUC of 

S-detect was higher than that of the resident with 2 years of 

experiences (0.758), with significance (P<0.05). The results 

indicated that S-detect presented a high-level diagnostic 

performance; and the AUC value showed no difference with 

the experienced radiologist, and it was better than the resident 

lacking experience.

S-detect had moderate agreement with the experienced 

radiologist, and the κ value was 0.514. The interrater agree-

ment for S-detect and the resident was fair, with a κ value 

of 0.337.

The benign and malignant lesions in each category of the 

experienced radiologist are summarized in Table 3. The num-

bers of S-detect dichotomic groups in each category are also 

recorded in the table. The proportions of malignant lesions 

in the category of BI-RADS 3, 4a, 4b, 4c, and 5 were 1.87%, 

13.0%, 52.0%, 90.91%, and 100%, respectively. There were 

statistically significant differences between the diagnostic 

accuracy of the radiologist and S-detect in the category of 

3 and 4a. The radiologist had better sensitivity in both BI-

RADS 3 and 4a lesions than that of S-detect.

Typical cases of special pathological types in the study 

are presented in Figures 4–6. The inflammatory lesion was 

correctly classified by S-detect, while the two rare breast 

malignant lesions were misdiagnosed.

Powered by TCPDF (www.tcpdf.org)

www.dovepress.com
www.dovepress.com


Cancer Management and Research 2019:11 submit your manuscript | www.dovepress.com

Dovepress 

Dovepress

925

Zhao et al

Figure 2 The ROC for the experienced radiologists, s-detect, and the in-training resident.
Abbreviation: ROCs, receiver operating characteristic curves.
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Figure 3 The breast lesion of a 51-year-old woman, without any symptoms, which proved to be ductal carcinoma in situ.
Note: (A) The longitudinal section of the lesion; (B) the cross-section of the lesion; (C) the abundant peripheral blood vessels of the tumor; and (D) the lesion was diagnosed 
by s-detect as a possibly benign tumor.

A B

C D
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Discussion
The fifth edition of BI-RADS lexicon, a data-driven man-

agement system for breast US imaging, was developed by  

American College of Radiology as a standardized protocol 

to guide diagnosis, which had worldwide clinical application 

for breast lesions after consecutive revisions.6,17 According 

to Lee et al, expert assessment of the breast lesions with 

the BI-RADS-US lexicon had a sensitivity of 98% and a 

specificity of 58.6%, whereas the resident had an obviously 

inferior performance compared with the expert (a sensitivity 

of 66%, a specificity of 52.9%).8 Solutions to enhance the 

diagnostic efficiency of radiologists of different levels are 

Table 3 The subcategorization of breast lesions by an experienced radiologist

BI-RADS categories classified  
by an experienced radiologist

Pathological  
result

S-detect Total P-value

Possibly  
benign

Possibly  
malignant

Bi-RaDs 3 Benign 94 11 105 0.0010
Malignant 0 2 2

Bi-RaDs 4a Benign 25 15 40 0.0192
Malignant 4 2 6

Bi-RaDs 4b Benign 7 5 12 >0.05
Malignant 5 8 13

Bi-RaDs 4c Benign 2 2 4 >0.05
Malignant 7 33 40

Bi-RaDs 5 Benign 0 0 0
Malignant 3 44 47 >0.05

Abbreviation: Bi-RaDs, Breast imaging Report and Data system.

Figure 4 The breast lesion of a 46-year-old woman, without any symptoms, which proved to be chronic inflammation by histology.
Note: (A) The longitudinal section of the lesion; (B) the cross-section of the lesion; (C) the abundant peripheral blood vessels of the tumor; and (D) the lesion was diagnosed 
by s-detect as a possibly benign tumor.

A B

C D
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Figure 5 The breast lesion of a 35-year-old woman who found a palpable breast mass with a diameter of 2 cm 6 months ago, whereas it measured as 4 cm in this Us 
examination. The pathological result was mucinous carcinoma.
Note: (A) The longitudinal section of the lesion; and (B) the cross-section of the lesion; (C, D) the lesion was misdiagnosed by s-detect as a possibly benign tumor.

A B

C D

Figure 6 The breast lesion of a 41-year-old woman with a history of invasive phyllodes tumor.
Note: (A) The longitudinal section of the lesion; (B) the cross-section of the lesion; and (C, D) the lesion was misdiagnosed by s-detect as a possibly benign tumor.

A B

C D

greatly needed. Several novel ultrasonic techniques, includ-

ing elastography and contrast enhanced ultrasonography, 

have shown the potential for assisting the diagnosis of breast 

lesions as a supplementary method to BI-RADS lexicon, 

which still remains controversial.18,19

This decade has witnessed an accelerated development 

of CAD in the application of breast imaging along with 

the advancement of machine learning.9 The CAD systems 

for breast US usually work with a successive procedure 

to provide final assessments of breast lesions, including 
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tumor segmentation, feature extraction, and diagnostic 

 classification. Several CAD systems have been reported 

recently that differed in sensitivity and specificity, some of 

which showed good sensitivity but low specificity and some 

were the opposite.20–22 S-detect is a dedicated CAD software 

that is integrated on a high-end commercial US apparatus. 

Different from the traditional CAD systems depending on 

the manual feature design, S-detect was constructed on a 

deep convolutional neural network, which enabled accurate 

decisions by extracting high-order statistics and optimizing 

the balance of input and output data through multiple hid-

den layers, after extensive training and iteration on large 

scale of databases. Of note, raw ultrasonic signals without 

image postprocessing were collected as the raw data for the 

development of S-detect. Consequently, S-detect is free from 

human intervention, as well as ultrasonic artifacts and speck-

les, making it a more reliable CAD system for independent 

machine diagnosis of breast lesions. To elucidate the feasibil-

ity of S-detect and its potential use to assist radiologists in 

improving diagnostic performance, several studies have been 

carried out in Korea and Italy.14–16 For further clinical promo-

tion of S-detect, more clinical tests are required to validate 

its feasibility in databases from various sources due to the 

underlying variable distributions of different pathological 

types in different population. This study was aimed to provide 

a large database of breast lesions as a validation data set of 

Chinese women to evaluate the diagnostic performance of 

S-detect in a different group of people.

The results of our study were in accord with previous 

studies from Korea and Italy, which approved the feasibility 

of S-detect on a validation set from a Chinese medical center. 

In our study, S-detect was investigated on 266 cases from a 

Chinese medical center. The overall performance of S-detect 

was satisfying, as the AUC value (0.807) showed no differ-

ence with experienced radiologist (0.817). This result was 

similar to the previous studies. According to Choi et al, the 

values of AUC and specificity of the recruited breast lesions 

for experienced doctors showed a significant increase from 

76.6% to 80.3% and 0.84 to 0.86, respectively, after using 

S-detect, whereas the sensitivity remained the same.23 di 

Segni et al also verified that S-detect had a better specificity 

in comparison with radiologists and could help improve the 

specificity of radiologists.16 In the study by Cho et al, S-detect 

presented a higher specificity, PPV, and accuracy compared 

with experienced radiologist and lower sensitivity and NPV.15 

For our study, S-detect had lower sensitivity (87.07%) and 

NPV (81.9%), and better specificity (72.27%) and NPV 

(81.9%) than the experienced radiologist. The difference in 

specificity of the two results was of statistical significance. 

These results, including that of our study, indicated that 

S-detect could be useful in improving the specificity of radi-

ologists to avoid unnecessary biopsy or surgery.

For each subcategorization of the experienced radiologist, 

proportions of benign lesions in the category of BI-RADS 3, 

4a, 4b, 4c, and 5 were 98.13%, 87.0%, 48.0%, 9.09%, and 

0%, respectively. This conclusion for subcategorization was 

nearly consistent with the BI-RADS lexicon, such that the 

risks of category 3, 4a, 4b, 4c, and 5 were appropriately <2%, 

3%–10%, 10%–49%, 50%–94%, and >95%, respectively. 

Category 4a is a controversial subtype for breast lesions, 

which is likely to be made up by benign cases more com-

monly, also mentioned by previous studies.14 In category 4a 

of our study, the proportion of malignancy exceeded 10%, 

higher than the BI-RADS lexicon. This might be accounted 

by some special histological types of malignant lesions 

included in our study. These malignant lesions presented few 

malignant imaging features and were classified in category 4a 

by readers, such as intraductal papilloma with local cancerous 

changes, triple-negative breast carcinoma. The proportion 

of this kind of lesions was above the average level in this 

study, which might lead to the 10% ratio of malignancy in 

4a lesions. As was observed, less benign lesions were defined 

by S-detect than the experienced radiologist, with statistical 

significance, indicating that S-detect might be helpful in 

reducing false-positive cases and improving the specificity 

in the trade-off of 4a lesions. The better performance of 

S-detect in this rather confusing category of lesions might be 

due to the latent diagnostic information from raw US signals 

acquired by deep learning algorithms of S-detect, which were 

not visible to human eyes.

The moderate agreement between S-detect and the radi-

ologist might be explained by the different methods of the 

two raters in diagnostic procedures. For S-detect, imaging 

information on grayscale US was the only reference for the 

assessment of breast lesions. Whereas, the classifications of 

the lesions made by the radiologist were based on compre-

hensive evaluations of all information, including medical 

history and assistant imaging methods, such as Doppler US 

and elastography. The discrepancy between the radiologist 

and S-detect could be evident in some special cases (Figures 

5 and 6). The radiologist could classify these cases into cat-

egory 4 when informed of clinical information, as well as 

the results of Doppler US and elastography. In those cases, 

the use of S-detect could be limited, and radiologists should 

still play the main role in the diagnosis of breast lesions.

From the initial results of S-detect in our medical center, 

S-detect performed well in aiding the diagnosis of breast 

lesions with US imaging, presenting great potential for clini-
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cal application. Of note, S-detect is also a user-friendly and 

time-saving software system, and it is imbedded in a high-

end US machine. These advantages make it more suitable 

for commercial use than other homemade CAD systems. In 

conclusion, it can be beneficial for radiologists to use S-detect 

as a tool in diagnosing breast lesions based on US examina-

tion. We hope that this research can provide evidence for 

clinical application of S-detect in a wider range of regions.

In this study, the best-quality static images obtained by 

highly qualified radiologists might exaggerate the performance 

of S-detect. Handheld breast US is highly operator dependent. 

We cannot guarantee the same level of performance in every 

real clinical environment. Additionally, the diagnostic perfor-

mance of the resident might be underestimated. The resident 

made classifications based on the static pictures recorded by 

the experienced radiologist rather than a comprehensive evalu-

ation of the lesions in the conventional diagnostic procedure. 

There was also a slightly unequal distribution of benign and 

malignant lesions in the sample. The higher prevalence of 

benign lesions might be good for S-detect, which seemed 

more effective in identifying the benign lesions compared with 

the radiology. More studies about S-detect in other medical 

centers are warranted to further evaluate S-detect.

Conclusion
In this study, the feasibility of S-detect as dedicated CAD 

software to aid the diagnosis of breast lesions was elucidated 

based on 227 cases in a Chinese medical center. S-detect had 

a higher specificity than the experienced radiologist. The 

AUC value of S-detect had no difference compared with the 

experienced radiologist. In addition to its good diagnostic 

performance, S-detect also has the remarkable advantage 

of convenience and swiftness for clinical adaptions. Wide 

clinical applications of S-detect can be expected.
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CAD, computer-assisted diagnosis; AUC, area under the curve; 
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