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Abstract

Background: Computer-aided diagnosis (CAD) as an adjunct to breast ultrasonography (US) has been extensively developed using
different breast imaging techniques to help improve radiologists’ diagnostic performance, particularly in distinguishing malig-
nant from benign breast lesions. Additionally, quantitative variables can be obtained using CAD.
Objectives: The aim of this study was to evaluate the usefulness of CAD as an adjunct to breast US by exploring the diagnostic
performance of US and CAD using the breast imaging reporting and data system (BI-RADS) descriptors and quantitative variables.
Patients and Methods: Between October 2015 and December 2016, we performed breast US with CAD (S-Detect) for screening or
diagnostic purposes. We assessed the diagnostic performance according to the BI-RADS descriptors, quantitative variables (width,
height, height/width (H/W) ratio, area, and depth), and combined results. We analyzed the agreement in the descriptors between
US and CAD.
Results: Four hundred thirty-two women with 521 breast lesions were enrolled. The area under the receiver operating characteristic
curve (AUC), sensitivity, and specificity of US vs. CAD were 0.82 vs. 0.78, 95% vs. 78%, and 69% vs. 78%, respectively. When CAD was com-
bined with breast US, the specificity was significantly improved from 69% to 72% (P < 0.05). Among all descriptors and quantitative
variables, the height and H/W ratio exhibited the greatest AUC (0.76 and 0.75), and the H/W ratio had the highest sensitivity (90%).
According to the concordance analysis, the orientation exhibited the greatest agreement (k = 0.57).
Conclusion: Using CAD, we could accurately determine the BI-RADS descriptors, quantitative variables and improve the specificity.
Additionally, the orientation and H/W ratio are consistent key factors for both US and CAD.
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1. Background

The role of breast ultrasonography (US) is not limited
to simply distinguishing malignant from benign tumors
among breast lesions but has been rapidly expanded to use
as an adjunct to mammography (1, 2). The most signifi-
cant shortcoming of the use of breast US is that the per-
formance and interpretation is subjective. Thus, the ul-
trasonographic breast imaging reporting and data system
(BI-RADS) was developed to aid in the characterization of
breast lesions using qualitative assessments of the lesion
features in an image (3). Image features, such as shape,
orientation, margin, echogenicity, posterior features, cal-
cifications, and associated findings, have been used, which
has been proven to be both effective and feasible in breast
mass characterization by numerous studies (2, 4-6).

Computer-aided diagnosis (CAD) as an adjunct to
breast US has been extensively developed using different

breast imaging techniques to help improve radiologists’
diagnostic accuracy, particularly in distinguishing malig-
nant from benign breast lesions. CAD, combined with
breast US, could help radiologists improve their accuracy,
sensitivity, and consistency in the diagnosis of breast tu-
mors (7-10).

Several studies have compared the usefulness of a CAD
system (S-Detect) as an adjunct to grayscale breast US (10-
12). Computer-based analyses based on the morphological
features of S-Detect may be very useful for improving the
diagnostic performance of breast US (13). Additionally, S-
Detect may be used as an additional diagnostic tool to im-
prove the specificity of breast US in clinical practice and
guide decision making for breast masses detected on US by
dedicated breast radiologists (14). Even quantitative vari-
ables could be obtained using CAD.
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2. Objectives

The aim of this study was to evaluate the usefulness
of a CAD system as an adjunct to breast US by comparing
the diagnostic performance of the BI-RADS descriptors and
quantitative variables in US and CAD.

3. Patients and Methods

3.1. Patients

This prospective study was approved by our Insti-
tutional Review Board (Seoul St. Mary’s Hospital, The
Catholic University of Korea, KC16RISI0439), and all en-
rolled women provided written informed consent.

Between October 2015 and December 2016, four ex-
perienced readers (breast radiologists with greater than
4 years of breast imaging experience) performed breast
US examinations using a US device (Samsung Ultrasound
RS80A, Samsung Medison Co. Ltd., Seoul, Korea) with CAD
(S-Detect) for screening or diagnostic purposes. Each pa-
tient was assessed by only one radiologist, according to the
original schedule of the institution.

All suspicious or probable benign breast lesions were
analyzed according to the BI-RADS lexicons and categories;
therefore, lesions with BI-RADS categories of 3, 4, or 5 were
included. Known postoperative changes and typical multi-
ple BI-RADS category 2 lesions were excluded in this study.

3.2. Imaging Analyses andManagement Planning

When using this US device, the images were first ana-
lyzed according to the BI-RADS lexicon and categories per
the usual procedure. The result of this analysis was defined
as breast US.

Then, CAD (S-Detect) was simultaneously added. A
region-of-interest (ROI) was drawn along the border of the
mass either automatically by the CAD program. Several
drawn borders were presented on the screen of the US,
and the radiologist who performed the breast US selected
the most appropriate border of the picture. The lesions
were automatically analyzed according to the features on
the US according to the BI-RADS lexicon and final assess-
ment categories. In this system (S-Detect), the final assess-
ment classification was divided into ‘possibly benign’ and
‘possibly malignant’. The CAD program applies a novel
feature extraction technique and support vector machine
classifier that classifies breast lesions as benign or malig-
nant according to the US BI-RADS lexicons (15). The result
of this analysis was defined as CAD. Quantitative variables
(width, height, height/width (H/W) ratio, area, and depth)
were automatically obtained in this CAD system (Figure 1).
Then, the proper combined decision was chosen subjec-
tively based on the US with CAD results, which was defined
as the subjective combination.

Per the standard routine, US-guided 14-gauge core-
needle biopsy was performed for all suspicious lesions
(above category 4) based on US examination results. In
case of probable benign lesions (category 3), some were
confirmed by core-needle biopsy, and some were followed
up by US. When the core-needle biopsy results were bor-
derline or indicated malignancy, surgery (including exci-
sional biopsy) was performed as per the usual practice in
our institution. Borderline lesions are breast lesions with
an increased risk of breast cancer development or more se-
vere pathology near or associated with the lesion. Atyp-
ical ductal hyperplasia (ADH), lobular neoplasms (atypi-
cal lobular hyperplasia, lobular carcinoma in situ) radial
scars, papillary neoplasms, flat epithelial atypia (FEA), and
mucocele-like lesions were considered borderline breast
lesions (16, 17).

If borderline lesions were determined to be malignant
according to surgical findings, the final pathology was de-
fined as the final surgical result.

3.3. Data and Statistical Analyses

First, we obtained each BI-RADS descriptor (i.e., shape,
orientation, margin, echo pattern, and posterior features)
in both breast US and CAD of 521 lesions. We obtained BI-
RADS final assessment categories of image variables, in-
cluding US, CAD, and the subjective combination of US
with CAD. For the subjective combination, each reader
chose the appropriate decision subjectively, based on
grayscale US with CAD. We also evaluated the size (longest
length) on US and determined the width, height, H/W ratio,
area, and depth in CAD as quantitative variables.

Second, the diagnostic performance, including the
area under the receiver operating characteristic (ROC)
curve (AUC), sensitivity, specificity, positive predictive
value (PPV), and negative predictive value (NPV), of the im-
age variables, including US, CAD, and the subjective combi-
nation of US with CAD, was calculated. Later, we assessed
the conjunctive and disjunctive combined results of the
final assessment category of US and CAD. For conjunctive
combinations, “not suspicious” on both grayscale US (cate-
gory 3) and CAD (possibly benign) was defined as negative,
and “suspicious” on either grayscale US (above category 4)
or CAD (possibly malignant) was defined as a positive im-
age. For disjunctive combinations, “not suspicious” on ei-
ther grayscale US or CAD was defined as negative, and “sus-
picious” on the both grayscale US and CAD was defined as
positive.

Then, the AUC, cut-off points, sensitivity, specificity, PPV
and NPV were calculated to determine the accuracy of the
quantitative variables measured by CAD. The optimal cut-
off point was determined using ROC curve analysis with
the Youden index. The best cut-off values were selected
to provide optimal sensitivity and specificity. Addition-
ally, we assessed the conjunctive and disjunctive combined
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Figure 1. Representative computer aided diagnosis (CAD) (S-Detect) images for this study. These figures demonstrate that the breast lesion is classified automatically by the
S-Detect program, and a final assessment is produced. The quantitative values are automatically obtained (A). Using obtained height and width (H/W) could be calculated (B)
by readers. This lesion is confirmed as invasive breast carcinoma.

results of the final assessment category and quantitative
variables in CAD.

We assessed the diagnostic performance of each BI-

RADS descriptor in US and CAD.
In addition, we evaluated the agreement between the

descriptors in US and those in CAD. Agreement between
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the BI-RADS descriptors in US and those in CAD was exam-
ined using the coefficient for inter-rater agreement (Cohen
kappa). The interpretation was based on the following five
scales: poor (less than 0.2), fair (0.21 to 0.4), moderate (0.41
to 0.60), good (0.61 to 0.80), and very good (0.81 to 1.00)
(18).

Finally, we evaluated the consistency between the ori-
entations in the grayscale breast US and the H/W ratio in
CAD. Because, the H/W ratio on CAD is directly correlated
with the orientation in grayscale breast US.

Statistical analysis was performed using the Statistical
Package for the Social Sciences (SPSS) Statistics software
24.0 (IBM Corp, Armonk, New York). A P value less than 0.05
was considered statistically significant.

4. Results

All 432 consecutive women (mean age, 48.6± 11.7 years)
with 521 breast lesions were enrolled and underwent US
and CAD. The mean size of the breast lesions was 1.2 ± 0.8
cm (range, 0.2 to 4.8 cm).

The characteristics of the patients and lesions are de-
scribed in Table 1.

Of the 521 breast lesions, 79 (15.2%) lesions were patho-
logically confirmed as malignant by core-needle biopsy
and surgery, including 56 invasive ductal carcinomas, 11
ductal carcinomas in situ, 8 mucinous carcinomas, 2 inva-
sive lobular carcinomas, and 2 papillary carcinomas.

Borderline or benign lesions confirmed by core-needle
biopsy or surgery and lesions unchanged for more than 2
years were defined as non-malignant in this study. Thirty-
five (6.7%) lesions were confirmed as borderline by core-
needle biopsy and surgery, including 18 papillary neo-
plasms, 10 atypical ductal hyperplasias, 2 flat epithelial
atypias, 2 radial scars, 2 phyllodes tumors, and 1 mucocele-
like lesion. The remaining 407 (78.1%) breast lesions were
histologically diagnosed as benign or unchanged for more
than 2 years, including 88 fibroadenomas; 72 fibrocystic
changes; 9 hyperplasias; 7 stromal fibrosis; 5 fat necrosis; 3
inflammations; 2 of each adenosis, duct ectasias, fibrosis; 1
each of hamartoma, intramammary lymph node, and par-
asite; and 212 unchanged lesions for greater than 2 years.
The diagnostic performance of the image variables accord-
ing to the final assessment category is provided in Table
2. The subjective and disjunctive combination of US with
CAD exhibited the highest AUC (0.83), followed by US (0.82)
and CAD (0.78). The AUC, sensitivity, specificity, PPV and
NPV of US were 0.82, 95%, 69%, 36%, and 99%, respectively.
The AUC, sensitivity, specificity, PPV and NPV of CAD were
0.78, 78%, 78%, 39%, and 95%, respectively. CAD exhibited a
lower sensitivity (78% vs. 95%) and NPV (95% vs. 99%) and
a higher specificity (78% vs. 69%) and PPV (39% vs. 36%)
than US. When CAD was subjectively and disjunctively com-

Table 1. Characteristics of the Patients and Lesions

Variable Valuea

Total 521

Age, y

Mean ± SD 48.6 ± 11.7

Median (range) 48 (20 - 86)

Screening or diagnostic

First screening 36 (6.9)

Second or more screening 206 (39.5)

Postoperative surveillance 98 (18.8)

Probable benign follow-upb 119 (22.8)

Diagnostic 62 (11.9)

Symptom

No 442 (84.8)

Palpable (self-exam) 66 (12.7)

Palpable (clinical exam) 6 (1.2)

Pain 2 (0.4)

Discharge (serous) 3 (0.6)

Discharge (blood) 2 (0.4)

Family or past history

No 413 (79.3)

First-degree relative 10 (1.9)

Personal historyc 98 (18.8)

Menopausal status

Premenopausal state 298 (57.2)

Postmenopausal state 223 (42.8)

Pathology

Benign 407 (78.1)

Borderlined 35 (6.7)

Malignancy 79 (15.2)

Size (longest length), cm

Mean ± SD 1.2 ± 0.8

Median (range) 1 (0.2 - 4.8)

Abbreviation: SD, standard deviation.
a Values are expressed as No. (%) or mean ± SD.
b Probable benign follow-up includes 17 palpable lesions.
c Personal history includes previous breast cancer or borderline lesion.
d Borderline breast lesions include atypical ductal hyperplasia (ADH), lobu-
lar neoplasms (atypical lobular hyperplasia, lobular carcinoma in situ), radial
scars, papillary neoplasms, flat epithelial atypia (FEA), and mucocele-like le-
sions.

bined with breast US, the specificity was significantly im-
proved (P < 0.05).

The AUC was calculated to determine the accuracy of
the quantitative variables measured by CAD (Table 2). The
AUCs for size, width, height, H/W ratio, area, and depth
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Table 2. Diagnostic Performance of Image Variables (According to the Final Assessment Category), Quantitative Variables, and Their Combination Between the Final Assess-
ment and the Quantitative Data in CAD (S-Detect)

Variable AUC Sensitivity Specificity PPV NPV

Breast US (US) (cut-off: Category 4) 0.82 95 69 36 99

CADa of US (CAD) (cut-off: Possibly malignant) 0.78 78 78 39 95

Subjective combinationb (US + CAD) 0.83 98 72 38 99

Conjunctive combinationc (US + CAD) 0.77 96 58 29 99

Disjunctive combinationd (US + CAD) 0.83 77 89 55 96

Size, longest length (cut-off: 0.97) 0.66 75 54 23 92

Width in CAD (cut-off: 0.86) 0.65 77 50 21 92

Height in CAD (cut-off: 0.64) 0.76 77 67 29 94

H/W ratio in CAD (cut-off: 0.55) 0.75 91 48 24 97

Area in CAD (cut-off: 0.46) 0.71 68 66 27 92

Depth in CAD (cut-off: 0.98) 0.55 87 27 18 92

Conjunctive combinationc (CAD + height) 0.73 87 59 27 96

Disjunctive combinationd (CAD + height) 0.77 68 85 45 94

Conjunctive combination (CAD + H/W ratio) 0.69 96 42 23 96

Disjunctive combination (CAD + H/W ratio) 0.79 73 84 45 95

Abbreviations: AUC, area under the receiver operating characteristic curve; CAD, computer-aided diagnosis; H/W, height/width; NPV, negative predictive value; PPV,
positive predictive value; US, ultrasonography.
a In CAD (S-Detect), the final assessments were dichotomized as follows: Possibly benign and possibly malignant.
b Subjective combination: The appropriate decision was chosen subjectively, based on grayscale US with CAD.
c Conjunctive combination: Negative, not suspicious using both systems; positive, suspicious using either system.
d Disjunctive combination: Negative, not suspicious using either system; positive, suspicious using both systems.

were 0.66, 0.65, 0.76, 0.75, 0.71 and 0.55, respectively (Fig-
ure 2). For all quantitative variables, the height (cut-off =
0.64) and H/W ratio (cut-off = 0.55) exhibited the highest
AUC (0.76 and 0.75), and the H/W ratio exhibited the high-
est sensitivity (90%).

The conjunctive combinations of final assessment and
quantitative variables (height and H/W ratio) in CAD exhib-
ited a higher sensitivity (87% vs. 77%, and 96% vs. 91%) than
quantitative variables alone, respectively. The disjunctive
combinations of final assessment and quantitative vari-
ables (height and H/W ratio) in CAD exhibited higher speci-
ficity (85% vs. 67%, and 84% vs. 48%) and PPV (45% vs. 29%,
and 45% vs. 24%) than quantitative variables alone, respec-
tively.

Table 3 presents the diagnostic performance, including
the PPV, of the BI-RADS descriptors in US and CAD. The not-
parallel orientation descriptor in US and CAD exhibited a
consistent and even high AUC (0.6 vs. 0.6) and PPV (40% vs.
40%).

According to the concordance analysis regarding each
descriptors and categories between US and CAD, orien-
tations, shapes, and echogenicities exhibited moderate
agreement (kappa = 0.57, 0.51, and 0.44, respectively). The
margins, posterior features, and final categories exhibited
fair agreement (kappa = 0.38, 0.38, and 0.37, respectively)

(Table 4).
The mean H/W ratios of parallel orientations and non-

parallel orientations were significantly different in both US
(0.6 ± 0.1 vs. 0.9 ± 0.2, P < 0.05) and CAD (0.6 ± 0.2 vs. 0.9
± 0.2, P < 0.05) (Table 5).

5. Discussion

The high degree of accuracy of breast US in differen-
tiating between benign and malignant lesions has been
clearly demonstrated (19). As a result, ultrasonographic
evaluation was included in the classification of breast
masses in the 2003 edition of American College of Radiol-
ogy (ACR) breast imaging reporting and data system (BI-
RADS®) (20).

In 2013, the fifth edition of BI-RADS was released (3).
Shapes, orientations, margins, echo patterns, posterior
features, and calcifications are included in the lesion de-
scriptions of breast masses detected on breast US. Certain
features, including an irregular shape, microlobulated or
spiculated margins, and a width-to-anteroposterior (AP)
dimension ratio of 1.4 or less, suggest malignancy (21).

Despite the excellent performances reported using the
ultrasonographic BI-RADS, the final assessments made for
breast masses by different performers vary significantly,
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Figure 2. Receiver operating characteristic (ROC) curves for quantitative variables in computer aided diagnosis (CAD) (S-Detect). ROC curves for size (A), width (B), height (C),
height/width (H/W) ratio (D), area (E), and depth in CAD (F) (AUC, area under the receiver operating characteristic curve).

mostly due to the multiple BI-RADS ultrasonographic de-
scriptors used for describing breast lesions and the sub-
jectiveness of US (4, 5). To increase the diagnostic accu-

racy of breast US, several additional ultrasonographic tech-
niques have been developed and applied in clinical prac-
tice, such as elastography, automated breast US, and CAD
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Table 3. Diagnostic Performance of Each Descriptor in BI-RADS Between Breast US and CAD (S-Detect)

Variable AUC Sensitivity Specificity PPV NPV

Breast US

Shape

Oval 0.26 29 23 6 65

Round 0.5 5 95 15 85

Irregular 0.74 66 82 39 93

Orientation

Parallel 0.4 73 7 12 60

Not-parallel 0.6 27 93 40 88

Margin

Circumscribed 0.21 11 30 3 66

Indistinct 0.55 23 87 23 86

Angular 0.54 11 96 32 86

Microlobulated 0.66 43 89 40 90

Spiculated 0.55 11 99 60 86

Echogenicity

Anecho 0.48 1 94 4 84

Hyper 0.49 0 98 0 85

Complex 0.5 3 97 12 85

Hypo 0.57 73 41 18 90

Iso 0.43 11 74 7 82

Hetero 0.53 11 95 31 86

CAD (S-detect)

Shape

Oval 0.32 25 38 7 74

Round 0.48 1 94 4 84

Irregular 0.7 73 67 29 93

Orientation

Parallel 0.4 73 7 12 60

Not-parallel 0.6 27 93 40 88

Margin

Circumscribed 0.29 22 37 6 72

Indistinct 0.56 27 86 26 87

Angular 0.5 1 99 25 85

Microlobulated 0.6 38 81 27 88

Spiculated 0.55 13 96 38 86

Echogenicity

Anecho 0.48 3 93 6 84

Hyper 0.49 0 99 0 85

Complex 0.51 4 98 27 85

Hypo 0.6 82 39 19 92

Iso 0.42 11 73 7 82

Hetero 0.49 0 99 0 85

Abbreviations: AUC, area under the receiver operating characteristic curve ; BI-RADS, Breast Imaging Reporting and Data System; CAD, computer-aided diagnosis ; NPV,
negative predictive value; PPV, positive predictive value; US, ultrasonography.

systems (22). Among these additional imaging modalities,
CAD systems enable efficient interpretation, in which con-
sistent improved accuracy can be expected (22).

S-Detect is a recently developed CAD system for breast
US that provides assistance in the morphological analysis
based on the BI-RADS lexicon and the final assessment (14).
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Table 4. Agreement Regarding Each Descriptor and Category Between US and CAD
(S-Detect)

Lexicon Kappa statistics Agreement

Shape 0.51 (0.43 - 0.58) Moderate

Orientation 0.57 (0.44 - 0.69) Moderate

Margin 0.38 (0.31 - 0.45) Fair

Echogenicity 0.44 (0.36 - 0.51) Moderate

Posterior feature 0.38 (0.28 - 0.48) Fair

Final assessment category 0.37 (0.27 - 0.46) Fair

Abbreviations: CAD, computer-aided diagnosis; US, ultrasonography.

S-Detect exhibits a significantly higher specificity, PPV, AUC
and accuracy than radiologists (all P < 0.05) (14, 23). In a re-
cent study, the AUC, sensitivity, specificity, PPV, and NPV of
S-Detect were 0.73, 79%, 66%, 58%, and 84% (14). We assessed
the diagnostic performance, including the AUC, sensitivity,
specificity, PPV, and NPV, of the BI-RADS descriptors, cate-
gories, and quantitative variables.

In this study, the AUC, sensitivity, specificity, PPV and
NPV of US vs. CAD were 0.82 vs. 0.78, 95% vs. 78%, 69% vs.
78%, 36% vs. 39%, and 99% vs. 95%, respectively. CAD exhib-
ited a higher specificity (78% vs. 69%) and PPV (39% vs. 36%)
than US. The AUC, sensitivity, specificity, PPV and NPV of
the subjective combination of US with CAD were 0.83, 95%,
72%, 38%, and 99%. The subjective and disjunctive combina-
tion of US with CAD showed the highest AUC. When CAD
was subjectively and disjunctively combined with breast
US, the specificity was significantly improved (P < 0.05).
The diagnostic performance of each quantitative variable
of CAD could not be better than that of the final assess-
ment category that combined the entire lexicon. However,
the height and H/W ratio exhibited the greatest AUC (0.76,
0.75) among all descriptors and quantitative variables. The
H/W ratio exhibited the highest sensitivity (91%) among all
descriptors and quantitative variables. Orientation in US
is directly correlated with the H/W ratio in CAD; therefore,
we analyzed orientation because it is an important factor.
When combining CAD with quantitative variables (height
and H/W ratio), no significant improvement was observed
in the diagnostic performance. However, the sensitivities
were improved for conjunctive combinations. The speci-
ficities and PPVs were improved for disjunctive combina-
tions.

Although the PPV obtained for lesions with a final as-
sessment category of 4 according to the US BI-RADS criteria
is consistent with previous studies, the percentage of ma-
lignant lesions varied, ranging from 16.2% to 60% (5, 19, 24-
26). This variation is probably due to sample heterogene-
ity and different interpretations of lesions that should be
classified into categories 4 and 5 (24). Thus, we aimed to
analyze the PPVs of each BI-RADS descriptor and quantita-

tive variable in this study. Among the BI-RADS descriptors,
a spiculated margin was the most important covariate for
diagnosis (27). The PPVs of a spiculated margin as a sin-
gle factor in US and CAD were 60% and 38% and depended
on the modality. A not-parallel orientation was the second
most important descriptor (27). The PPVs of a not-parallel
orientation as a single factor in US and CAD were both 40%.

According to the concordance analysis, the orien-
tations, shapes, and echogenicities exhibited moderate
agreement (kappa = 0.57, 0.51, and 0.44, respectively). The
margins, posterior features, and final categories exhibited
fair agreement (kappa = 0.38, 0.38, and 0.37). By perform-
ing an interobserver variability analysis in the recent study,
substantial agreement was observed for lesion orientation
and shape (kappa = 0.61 and 0.66). Moderate agreement
was observed for lesion margins and posterior features
(kappa = 0.40 for both). Fair agreement was observed for
lesion echo patterns (kappa = 0.29) (19). Other studies have
demonstrated that the margin was the most important fac-
tor, but high variability exists across studies (1, 19). In gen-
eral, the determination of parallel or not-parallel orienta-
tion to the skin of the mass can be easily assessed, which
explains the relatively robust interobserver variability (1).
In our study, the orientation was a consistent factor, and
we could obtain the H/W ratio, which is one of the accurate
quantitative variables in CAD.

In addition, the mean H/W ratios of parallel and not-
parallel orientations were significantly different in both
grayscale US (0.6 ± 0.1 vs. 0.9 ± 0.2, P < 0.05) and CAD
(0.6 ± 0.2 vs. 0.9 ± 0.2, P < 0.05) (Table 5). Therefore,
the orientation and H/W ratio were particularly useful in
both grayscale US and CAD. Additionally, we determined
that readers perceive a not-parallel orientation of the le-
sion when the H/W ratio is approximately 0.9 or higher.

Our study had some limitations. First, for CAD to ana-
lyze a lesion, a radiologist must first identify the breast le-
sion, which can differ based on the experience of the radi-
ologist. In this study, the four readers had similar levels of
experience to reduce reader dependency. Second, we did
not include calcifications or non-mass lesions in the anal-
ysis due to the lack of detection of these cases on US dur-
ing the study period. This situation may differ from CAD
applications in clinical practice. Third, the small number
of malignant lesions (75 of 521) and the disparity between
the number of malignant and benign lesions might be in-
fluenced the results. Fourth, a biopsy was performed for
lesions that were suspicious on US as usual practice; there-
fore, lesions that were suspicious only on CAD or accord-
ing to the quantitative value were not biopsied but were
followed up only by breast US in this study.

In conclusion, we can obtain the BI-RADS descriptors,
categories, and accurate quantitative variables in CAD. The
combined CAD and US results showed the greatest diagnos-
tic performance. When CAD was subjectively and disjunc-
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Table 5. Agreement Regarding Orientation Between Breast US and H/W Ratio in CAD (S-Detect)

H/W ratio Parallel Not-parallel P value

Orientation in breast US < 0.001

N 469 52

Mean ± SD 0.6 ± 0.1 0.9 ± 0.2

Median (range) 0.56 (0.19 - 1.04) 0.88 (0.38 -1.49)

Orientation in CAD < 0.001

N 468 53

Mean ± SD 0.6 ± 0.2 0.9 ± 0.2

Median (range) 0.6 (0.19 - 1.21) 0.86 (0.57 - 1.49)

Abbreviations: CAD, computer-aided diagnosis; H/W, height/width; SD, standard deviation; US, ultrasonography.

tively combined with breast US, the specificity was signifi-
cantly improved. Additionally, the orientation and H/W ra-
tio are consistent key factors that could be used to differ-
entiate benign from malignant lesions using both US and
CAD.

Footnotes

Authors’ Contributions: Study concept and design: Bong
Joo Kang. Acquisition of data: Yumi Kim, Bong Joo Kang,
Jung Min Lee. Analysis and interpretation of data: Yumi
Kim, Bong Joo Kang, Sung Hun Kim. Drafting of the
manuscript: Yumi Kim, Bong Joo Kang. Critical revision of
the manuscript for important intellectual content: Yumi
Kim, Bong Joo Kang, Jung Min Lee, Sung Hun Kim. Statisti-
cal analysis: Bong Joo Kang. Administrative, technical, and
material support: Bong Joo Kang, Jung Min Lee, Sung Hun
Kim. Study supervision: Bong Joo Kang, Sung Hun Kim.

Financial Disclosure: The authors declare that there are
no conflicts of interest.

Funding/Support: This research was supported by a grant
from the Korean Health Technology R&D Project through
the Korea Health Industry Development Institute (KHIDI),
funded by the Ministry of Health & Welfare, Republic of
Korea (grant number: HI15C0833). The statistical consulta-
tion was supported by a grant from the Korea Health Tech-
nology R & D Project through the Korea Health Industry
Development Institute (KHIDI), which was funded by the
Ministry of Health and Welfare, Republic of Korea (grant
number: HI14C1062).

References

1. Kim SM, Han H, Park JM, Choi YJ, Yoon HS, Sohn JH, et al. A com-
parison of logistic regression analysis and an artificial neural net-
work using the BI-RADS lexicon for ultrasonography in conjunc-
tion with introbserver variability. J Digit Imaging. 2012;25(5):599–606.
doi: 10.1007/s10278-012-9457-7. [PubMed: 22270787]. [PubMed Central:
PMC3447099].

2. Yoon JH, Kim MJ, Lee HS, Kim SH, Youk JH, Jeong SH, et al. Validation
of the fifth edition BI-RADS ultrasound lexicon with comparison of
fourth and fifth edition diagnostic performance using video clips.
Ultrasonography. 2016;35(4):318–26. doi: 10.14366/usg.16010. [PubMed:
27184655]. [PubMed Central: PMC5040135].

3. D’Orsi CJ; American College of Radiology. ACR BI-RADS atlas: Breast
imaging reporting and data system. ACR, American College of Radiol-
ogy; 2013.

4. Hong AS, Rosen EL, Soo MS, Baker JA. BI-RADS for sonography: Pos-
itive and negative predictive values of sonographic features. AJR
Am J Roentgenol. 2005;184(4):1260–5. doi: 10.2214/ajr.184.4.01841260.
[PubMed: 15788607].

5. Lee HJ, Kim EK, Kim MJ, Youk JH, Lee JY, Kang DR, et al. Ob-
server variability of breast imaging reporting and data system (BI-
RADS) for breast ultrasound. Eur J Radiol. 2008;65(2):293–8. doi:
10.1016/j.ejrad.2007.04.008. [PubMed: 17531417].

6. Kim EK, Ko KH, Oh KK, Kwak JY, You JK, Kim MJ, et al. Clinical appli-
cation of the BI-RADS final assessment to breast sonography in con-
junction with mammography. AJR Am J Roentgenol. 2008;190(5):1209–
15. doi: 10.2214/AJR.07.3259. [PubMed: 18430833].

7. Sahiner B, Chan HP, Roubidoux MA, Hadjiiski LM, Helvie MA, Para-
magul C, et al. Malignant and benign breast masses on 3D US volu-
metric images: Effect of computer-aided diagnosis on radiologist ac-
curacy. Radiology. 2007;242(3):716–24. doi: 10.1148/radiol.2423051464.
[PubMed: 17244717]. [PubMed Central: PMC2800986].

8. Wang Y, Jiang S, Wang H, Guo YH, Liu B, Hou Y, et al. CAD algorithms for
solid breast masses discrimination: Evaluation of the accuracy and
interobserver variability. Ultrasound Med Biol. 2010;36(8):1273–81. doi:
10.1016/j.ultrasmedbio.2010.05.010. [PubMed: 20691917].

9. Chabi ML, Borget I, Ardiles R, Aboud G, Boussouar S, Vilar V, et al.
Evaluation of the accuracy of a computer-aided diagnosis (CAD) sys-
tem in breast ultrasound according to the radiologist’s experience.
Acad Radiol. 2012;19(3):311–9. doi: 10.1016/j.acra.2011.10.023. [PubMed:
22310523].

10. Dromain C, Boyer B, Ferre R, Canale S, Delaloge S, Balleyguier C.
Computed-aided diagnosis (CAD) in the detection of breast can-
cer. Eur J Radiol. 2013;82(3):417–23. doi: 10.1016/j.ejrad.2012.03.005.
[PubMed: 22939365].

11. Drukker K, Gruszauskas NP, Sennett CA, Giger ML. Breast US
computer-aided diagnosis workstation: Performance with a large
clinical diagnostic population. Radiology. 2008;248(2):392–7. doi:
10.1148/radiol.2482071778. [PubMed: 18574139]. [PubMed Central:
PMC2797650].

12. Drukker K, Giger ML, Metz CE. Robustness of computerized lesion
detection and classification scheme across different breast US plat-
forms. Radiology. 2005;237(3):834–40. doi: 10.1148/radiol.2373041418.
[PubMed: 16304105].

Iran J Radiol. 2019; 16(1):e67729. 9

http://dx.doi.org/10.1007/s10278-012-9457-7
http://www.ncbi.nlm.nih.gov/pubmed/22270787
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3447099
http://dx.doi.org/10.14366/usg.16010
http://www.ncbi.nlm.nih.gov/pubmed/27184655
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5040135
http://dx.doi.org/10.2214/ajr.184.4.01841260
http://www.ncbi.nlm.nih.gov/pubmed/15788607
http://dx.doi.org/10.1016/j.ejrad.2007.04.008
http://www.ncbi.nlm.nih.gov/pubmed/17531417
http://dx.doi.org/10.2214/AJR.07.3259
http://www.ncbi.nlm.nih.gov/pubmed/18430833
http://dx.doi.org/10.1148/radiol.2423051464
http://www.ncbi.nlm.nih.gov/pubmed/17244717
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2800986
http://dx.doi.org/10.1016/j.ultrasmedbio.2010.05.010
http://www.ncbi.nlm.nih.gov/pubmed/20691917
http://dx.doi.org/10.1016/j.acra.2011.10.023
http://www.ncbi.nlm.nih.gov/pubmed/22310523
http://dx.doi.org/10.1016/j.ejrad.2012.03.005
http://www.ncbi.nlm.nih.gov/pubmed/22939365
http://dx.doi.org/10.1148/radiol.2482071778
http://www.ncbi.nlm.nih.gov/pubmed/18574139
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2797650
http://dx.doi.org/10.1148/radiol.2373041418
http://www.ncbi.nlm.nih.gov/pubmed/16304105
http://iranjradiol.com


Kim Y et al.

13. Lee SE, Moon JE, Rho YH, Kim EK, Yoon JH. Which supplemen-
tary imaging modality should be used for breast ultrasonogra-
phy? Comparison of the diagnostic performance of elastogra-
phy and computer-aided diagnosis. Ultrasonography. 2017;36(2):153–
9. doi: 10.14366/usg.16033. [PubMed: 27764908]. [PubMed Central:
PMC5381849].

14. Kim K, Song MK, Kim EK, Yoon JH. Clinical application of S-detect
to breast masses on ultrasonography: A study evaluating the diag-
nostic performance and agreement with a dedicated breast radiolo-
gist.Ultrasonography. 2017;36(1):3–9. doi: 10.14366/usg.16012. [PubMed:
27184656]. [PubMed Central: PMC5207353].

15. Lee JH, Seong YK, Chang CH, Ko EY, Cho BH, Ku J, Woo KG. Computer-
aided lesion diagnosis in B-mode ultrasound by border irregularity
and multiple sonographic features. SPIE Med Imag. 2013;8670. doi:
10.1117/12.2007452.

16. Linda A, Zuiani C, Bazzocchi M, Furlan A, Londero V. Borderline breast
lesions diagnosed at core needle biopsy: Can magnetic resonance
mammography rule out associated malignancy? Preliminary results
based on 79 surgically excised lesions. Breast. 2008;17(2):125–31. doi:
10.1016/j.breast.2007.11.002. [PubMed: 18083514].

17. Sewell CW. Pathology of high-risk breast lesions and ductal car-
cinoma in situ. Radiol Clin North Am. 2004;42(5):821–30. v. doi:
10.1016/j.rcl.2004.03.013. [PubMed: 15337418].

18. Landis JR, Koch GG. The measurement of observer agreement for cat-
egorical data. Biometrics. 1977;33(1):159–74. [PubMed: 843571].

19. Lazarus E, Mainiero MB, Schepps B, Koelliker SL, Livingston LS. BI-RADS
lexicon for US and mammography: Interobserver variability and pos-
itive predictive value. Radiology. 2006;239(2):385–91. doi: 10.1148/ra-
diol.2392042127. [PubMed: 16569780].

20. American College of Radiology. Breast imaging reporting and data sys-

tem. American College of Radiology; 2003.
21. Rahbar G, Sie AC, Hansen GC, Prince JS, Melany ML, Reynolds HE, et al.

Benign versus malignant solid breast masses: US differentiation. Ra-
diology. 1999;213(3):889–94. doi: 10.1148/radiology.213.3.r99dc20889.
[PubMed: 10580971].

22. Cho E, Kim EK, Song MK, Yoon JH. Application of computer-aided
diagnosis on breast ultrasonography: Evaluation of diagnostic
performances and agreement of radiologists according to differ-
ent levels of experience. J Ultrasound Med. 2018;37(1):209–16. doi:
10.1002/jum.14332. [PubMed: 28762552].

23. Ko EY. S-detect™ in breast ultrasound: Initial experience. 2014. Available
from: http://www.danson.ro/images/Pdf/WhitePaper%20S-Detect.
pdf .

24. Jales RM, Sarian LO, Torresan R, Marussi EF, Alvares BR, Derchain
S. Simple rules for ultrasonographic subcategorization of BI-
RADS(R)-US 4 breast masses. Eur J Radiol. 2013;82(8):1231–5. doi:
10.1016/j.ejrad.2013.02.032. [PubMed: 23540948].

25. Yoon JH, Kim MJ, Moon HJ, Kwak JY, Kim EK. Subcategorization of
ultrasonographic BI-RADS category 4: Positive predictive value and
clinical factors affecting it. Ultrasound Med Biol. 2011;37(5):693–9. doi:
10.1016/j.ultrasmedbio.2011.02.009. [PubMed: 21458145].

26. Burivong W, Amornvithayacharn O. Accuracy of subcategories A, B,
C in BI-RADS 4 lesions by combined mammography and breast ultra-
sound findings. Afr J MedMed Sci. 2011;2(3):728–33.

27. Kim SM, Kim Y, Jeong K, Jeong H, Kim J. Logistic LASSO regres-
sion for the diagnosis of breast cancer using clinical demographic
data and the BI-RADS lexicon for ultrasonography. Ultrasonogra-
phy. 2018;37(1):36–42. doi: 10.14366/usg.16045. [PubMed: 28618771].
[PubMed Central: PMC5769953].

10 Iran J Radiol. 2019; 16(1):e67729.

http://dx.doi.org/10.14366/usg.16033
http://www.ncbi.nlm.nih.gov/pubmed/27764908
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5381849
http://dx.doi.org/10.14366/usg.16012
http://www.ncbi.nlm.nih.gov/pubmed/27184656
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5207353
http://dx.doi.org/10.1117/12.2007452
http://dx.doi.org/10.1016/j.breast.2007.11.002
http://www.ncbi.nlm.nih.gov/pubmed/18083514
http://dx.doi.org/10.1016/j.rcl.2004.03.013
http://www.ncbi.nlm.nih.gov/pubmed/15337418
http://www.ncbi.nlm.nih.gov/pubmed/843571
http://dx.doi.org/10.1148/radiol.2392042127
http://dx.doi.org/10.1148/radiol.2392042127
http://www.ncbi.nlm.nih.gov/pubmed/16569780
http://dx.doi.org/10.1148/radiology.213.3.r99dc20889
http://www.ncbi.nlm.nih.gov/pubmed/10580971
http://dx.doi.org/10.1002/jum.14332
http://www.ncbi.nlm.nih.gov/pubmed/28762552
http://www.danson.ro/images/Pdf/WhitePaper%20S-Detect.pdf
http://www.danson.ro/images/Pdf/WhitePaper%20S-Detect.pdf
http://dx.doi.org/10.1016/j.ejrad.2013.02.032
http://www.ncbi.nlm.nih.gov/pubmed/23540948
http://dx.doi.org/10.1016/j.ultrasmedbio.2011.02.009
http://www.ncbi.nlm.nih.gov/pubmed/21458145
http://dx.doi.org/10.14366/usg.16045
http://www.ncbi.nlm.nih.gov/pubmed/28618771
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5769953
http://iranjradiol.com

	Abstract
	1. Background
	2. Objectives
	3. Patients and Methods
	3.1. Patients
	3.2. Imaging Analyses and Management Planning
	Figure 1

	3.3. Data and Statistical Analyses

	4. Results
	Table 1
	Table 2
	Figure 2
	Table 3
	Table 4
	Table 5

	5. Discussion
	Footnotes
	Authors' Contributions
	Financial Disclosure
	Funding/Support

	References

