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Xjgl== CH7 |2 i3 AAE|HS KSBI&KSFBS—-2019-02
o AT Y =30te| LM HH NZES I8t 1 X5 AFE] EXRTIT (S-Detect) M2
= DY 52 Qe C 2 o1
A opd|E
Multicenter study for modeling artificial intelligence based computer—aided
Az diagnosis (S—detect) in application of screening ultrasound detected lesion
to reduce false positive biopsy
dy I (GRigik)
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E|X|a (dteln] A-dMSEY)
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DL-CAD &ZEdo] Ho|E 9] {93 et &
A FEET B= ALY Breast Imaging Reporting
and Data Systems (BI-RADS) #& ¥ (P = .014),
A Yol (P <. 00)E e =RIHL /g 2 4
T EF F2 AEsgs HS

A& 71€L R o] Hlud w], A== 7N (98%
vs. 95%, P =. 317) @ AT (42 100%)9A B5F
HLE Holz] gL, AYHES F o oA ER W
= 4 QAL [68% vs. 31%, P <. 001 (ZNL<); 97%
vs. 45% P <. 001 (&)
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+  Asymptomatic women

discharge

< Inclusion criteria >

«  Screening US-detected breast masses
+ Scheduled for US-guided core needle biopsy
«  DL-CAD software (S-Detect, Samsung Medison Co.,
Seongnam, Korea) applied before biopsy
< Exclusion criteria >
. Breast symptoms including lump or nipple

»  Positive findings on mammography
«  Women with a personal history of breast cancer
«  Women with a recently diagnosed known cancer

w L

L 4

T ZALE IHEA o] AR AL, AT FA oA
P value 0.1 v]9h& HQl WSS ThHTF B4 o] X
HAs. oHF 2AAE IAREAS o] gt R
WS s, 2O H5& ROC (receiver
operating characteristic) 7/ E.¢] AUC(area under
the receiver operating characteristic curve) %<
Airsto] AAEsH .

o 29 ol 22O 488 7SS et o
Helgt o)ate] s 5 (BLRADS HE WFE 4A

_56_

Severance Samsung Medical Seoul National
Hospital Center University Hospital
N = 189 N=110 N = 164
L
< Development cohort > =
P 3 < Validation cohort >
N =299 N = 164
Logistic regression analysis Wil i as e
Nomogram development mog
J3 1, Xt ey Y 2ot o gL o AXHol 1
g3 e A3 AR SHE RS o) ZAAA AT v uE w), T TFA §lo]
« AgRd Aty Ao el vla, 2 R (A& 95% o] YIZE {A]) o= st =9
o] G 9 FYEHe EAuRE ¢St 1, I ES ol 7| B FUEslS. 22 A
o] Chi-squared test, Wilcoxon rank sum test 2t Z3 gty g RO Ve A8, F
independent t-test7} AMEE 5. B 7ROl A |49 @t gatel oy HEI LRIOH A8
& o] fost QA dZS st B U o S SO MIT s, Bo|k, JYAES Hluste] A B

Edo] (version 9.2; SAS Institute, Cary, NC)¢ R
package (version 3.6.1)7} AHEE| 5.

4637 (Ht AT 454, HY] 19-81)ol|A] 233t
}7} DL-CAD AZE9|o] 2& ZATE FE319S.
9 7k} A B E 19 8.



U S X200 /Y B A2 AT ¢UF X5 HRE EELUT (S-Detect) HE2| L& A5 T |2 A

5-Datect

Associated Features.

Unsalacted

Special Cases

Shape Orientation Margin Posterior feature Echogenicity
round 0.053037 parallel 0.990681 circumscribed 0.913474 no posterior features 0.597901 anechoic 0.003545
oval 0.88724 not parallel 0.009319 indistinct 0.01014 enhancement 0.401953 hyperechoic ~ 0.005622
irregular 0.059723 spiculated 0.000001 shadowing 0.000017 complex 0.016031
angular 0.000004 combined 0.000129 hypoechoic 0.250737
microlobulated 0.076381 isoechoic 0.715054

heterogeneous 0.009011
Total 1 1 1 1 1

Output oval parallel circumscribed no posterior features isoechoic

J8 2, DL-CAD AZEQI0E 0|Zct HHo| M EF =&

A By S AEdol A &Y Yol (P = + A WHlo] A WMHET @2 oval shape &
937)9F §HF ol 7] (P= .044)= H|E3191L. & (9% 0.15 vs. 0.77, P < .001), &< irregular
g JdktoA Ed A=+o) H|3] BI-RADS X W shape A4 (0.82 vs. 0.12, P < .001), ¥ parallel
ZF 39 HI%= (28.1% [84 of 299] vs. 2.4% [4 of 164], orientation 4> (0.72 vs. 0.99, P < .001), &
P < 001) 9 9 81g0o| 89314 =42 (14.4% vs. not parallel orientation &4 (0.28 vs. 0.01, P <
5.5%, P =. 004). 2@ 7jdttofA FAHHHL 256 .001), @& circumscribed margin 4 (0.1 vs.
7N (85.6%), &M HHL 437 (14.4%)Q 1 2dll A= 0.98, P < .001), && spiculated margin &4 (0
oA E A WHLE 1557] (94.5%) DL, & 97 [interquartile ranges, 0-0.01] vs. 0 [0-0], P =.037),
(5.5%) %iﬁ. =2 microlobulated margin F4* (0.16 vs. 0.01,

o« Atk 1Yl s Ebo] A W oFA WO EXFS o P < .001), ¥& posterlor enhancement A4 (0.14
HEF 22 AH 39 BHoZ BN Ay (£ 2), o vs. 0.38, P < .001), 2 posterior shadowing 4
S 7H Aol I BHHE 7H A ET Y (0.01vs. 0, P = .011)2 2L,

o7} WAL (WA, 54 vs. 44 years, P < 00D, BI- - ThAF RAAY 37 BHS NGRS 0, HE
RADS 4A o]Z¢] &3S w2 37t B4, DL- S=2 4719 W47t & Wey} AW S HelA ol
CAD AZEolE o] 83 Wyl B H7o] oA 2 BI-RADS 4A o|4 (odds ratio [OR], 14.7 [95%
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LT O
B, 22N A5 EF Hlw
Characteristic COD:;/f:c()ET;g;) Valld(it|=o;16c40)hort P value
Age (y) 45+12(19-81) 45+ 10 (23-74) 937
Size on US (cm) 1.1+0.6 (0.4-3.2) 1.1+0.5(0.3-3.4) 444
3 84 (28.1) 4(2.4) <.001
o 4A 174 (5 2) 146 (89.0)
GRS
4C (4 ) 3(1.8)
5 7(2.3) 0(0)
Pathology Benign 256 (85.6) 155 (94.5) .004
Fibroadenoma 128 (50.0) 57 (36.8)
Intraductal papilloma 28(10.9) 14 (9.0)
Fibroadenomatoid change 28(10.9) 13 (8.4)
Fibrocystic change 21(8.2) 16 (10.3)
Stromal fibrosis 11 (4.3) 7 (4.5)
Sclerosing adenosis 8(3.1) 14 (9.0)
Duct ectasia 6(2.3) 5(3.2)
Benign phyllodes tumor 4(1.6) 6(3.9)
Radial scar 4(1.6) 1(0.6)
Atypical ductal hyperplasia 3(1.2) 5(3.2)
Chronic inflammation 3(1.2) 0(0)
Galactocele 3(1.2) 0(0)
Fat necrosis 2(0.8) 1(0.6)
Usual ductal hyperplasia 1(0.4) 6(3.9)
Columnar cell change 0(0) 7 (4.5)
Others* 6(2.3) 3(1.9)
Malignant 43 (14.4) 9 (5.5)
Invasive ductal carcinoma 33(76.7) 7 (77.8)
Ductal carcinoma in situ 7 (16.3) 2(22.2)
Invasive lobular carcinoma 1(2.3) 0 (0)
Mucinous carcinoma 1(2.3) 0(0)
Adenoid cystic carcinoma 1(2.3) 0 (0)

Note.- Data for age and size are mean * standard deviations (ranges). Data for BI-RADS final assessment and pathology are numbers
(percentages). * 2 lobular carcinoma in situ, 2 papillary apocrine metaplasia, 1 mucocele-like lesion, and 1 ductal epithelial hyperplasia in
the development cohort, 1 glanulomatous lobular mastitis, 1 adenomyoepitheloma, 1 cholesterol granuloma in the validation cohort.

confidence interval (CI): 1.7, 125.6], P = .014), &
£ 99 (OR, 1.1 [95% CI: 1.0, 1.1], P <.001), DL-

CAD AZEgo]e

orientation A4

87 4l s

- AR )

T
u}
=

=2 irregular shape J4
5.1 [95% CI: 1.3, 19.4], P = .018), and &

4 (OR,
2 parallel

(OR, 0.1 [95% CI: 0, 0.6], P =

ot =R 0 3 3 23S,
s A= 71535& &
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>
L

9] AUC gH2 0.65 (95% CI: 0.61, 0.69) ¢ 1t
O3S o] 83k AUC g 0.89 (95% CI: 0.84,
CRY AZJoNE 218 o] &3

2 0.87 (95% CI: 0.79, 0.95) 2 ogﬂgqiu

OJALS] BI-RADS A 02 3718t 34 0.51 (95% C
0.50, 0.53) Xt} =9 (P <. 001) (19 4).
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AR - AT | 22Me| QI BH MYS Y UF X5 ARE HRTIT (S-Detect) M| 2F AXZ QT Cp7| & A4
H2, RENLROIN 24 2 o griol g4 Y M SF b

Characteristic Benign (n = 256) Malignant (n = 43) Ur:;\;?:?gbsloe/o%j)ds Unpl\gr;jsle

Age (y) 44 £11(19-78) 54 + 13 (22-81) 1.1(1.0,1.1) <.001

Size on US (cm) 1.1+0.5(0.4-3.2) 1.3+£0.9(04-3.2) 1.5(0.9,2.4) 124

Radiologist’s BI-RADS 3 83(324) 1(2.3) Reference

assessment
> 4A 173 (67.6) 42(97.7) 20.2 (2.7, 148.9) .003

Quantitative morphology scores from DL-CAD software*

Characteristic Descriptor

Shape Round 0.01 (0, 0.05) 0.01 (0, 0.08) 0.6 (0,11.3) 734
Oval 0.77 (0.36, 0.93) 0.15(0.05,0.51) 0.04 (0.01,0.14) <.001
Irreqular 0.12 (0.03, 0.49) 0.82(0.44,0.92) 18.6 (6.3, 54.8) <.001

Orientation Parallel 0.99 (0.95, 0.99) 0.72(0.24, 0.96) 0.03 (0.01,0.1) <.001
Not parallel 0.01 (0, 0.05) 0.28(0.05, 0.76) 30.9(9.4,101.0) <.001

Margin Circumscribed 0.98 (0.41, 0.99) 0.11 (0, 0.84) 2(0.1,0.4) <.001
Indistinct 0 (0, 0.05) 0.02 (0, 0.46) 3(0.8,6.6) 107
Spiculated 0(0,0) 0(0,0.01) 6(1.2,80.9) .037
Angular 0(0,0) 0(0,0) 2(0.04,38.9) 902
Microlobulated 0.01 (0, 0.07) 0.16 (0.01,0.72) 5(2.4,17.5) <.001

Posterior features No 0.44 (0.18,0.71) 0.58 (0.20, 0.78) 1(0.7,6.3) .195
Enhancement 0.38(0.12,0.72) 0.14(0.01, 0.30) 1(0.03,0.4) <.001
Shadowing 0(0,0.01) 0.01 (0, 0.32) 4.1(1.4,123) 011
Combined 0(0,0) 0(0,0.02) 0(0.3,13.4) 465

Echo pattern Anechoic 0(0,0) 0(0,0) 1(0.9,1.2) .281
Hyperechoic 0(0,0) 0(0,0) 9(0,836.3) 618
Complex 0(0,0) 0(0,0) 4(0,37.2) 671
Hypoechoic 0.84(0.19, 0.98) 0.91 (0.28, 0.99) 7(0.7,4.2) 292
Isoechoic 0.05 (0, 0.46) 0.01(0,0.29) 6(0.2,1.7) 312
Heterogeneous 0(0,0) 0(0,0.03) 2.7 (0.6, 12.9) 213

Note.- Cl = confidence interval. Data for age and size are mean + standard deviations (ranges). Data for BI-RADS final assessment and

pathology are numbers (percentages). *

Quantitative morphology scores are median (25th percentile, 75th percentile).

B 3. 24 HH ZITHS ffe 2Tt 2o ZatE XE Ha
Odds ratio (95% Cl) P value

Age 1(1.0,1.7) <.001

Radiologist’s BI-RADS assessment > 4A 14.7 (1.7,125.6) 014

Irregular shape score .1(1.3,19.4) .018

Parallel orientation score .1 (0, 0.6) .007
= UHES 95% o) FASHAA Sol=8 HASS & 2AAANES B AWTToA 72%00A 41%, B2 A
e AR 114402 AHHUS. SRIHS A& LolA 98%0lM 48% L2 AasiglE. WiEs B 7
o=, B TN JPHS 68%clH 31%0, B BT R AZLAN BF Fo3t Mg Hold B3k
W Ao SR 7%l A 45%02 AATAL
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LS X200 /Y B T2 AT ¢F Xs ARE EXTUT (S-Detect) M8 27 =2 o2 L& A7

4, ZIE 2E U0 A0 BI-RADS TH= EHEN 2O MEO| UM E, Z2HARE, UHE XL

3

False positive rate (%) Biopsy Rate (%) Sensitivity (%)
Development Development Development

Validation cohort Validation cohort Validation cohort

cohort cohort cohort
Radiologist’s 68 (62,73) 97 (95, 99) 72(67,77) 98 (96, 100) 98 (88, 100) 100 (66, 100)
BI-RADS > 4A [173/256] [151/155] [215/299] [160/164] [42/43] [9/9]
Nomogram 31(26,37) 45 (37,52) 41 (35, 46) 48 (40, 55) 95 (84, 99) 100 (66, 100)
>114 [80/256] [69/155] [121/299] [78/164] [41/43] [9/9]
P value <.001 <.001 <.001 <.001 317 NA

Note.- Data in parentheses are the 95% confidence intervals, and the data in brackets are the numerators/denominators.

o 10 20 30 40 S0 60 TO @0 S0 100
Points P U RO TP T SN ISP TR T

>=da
Radiologist's BI-RADS

Age | TS | POV NS TN TN NSNS WSSOt VIS —S ———
1 20 25 30 35 40 45 50 55 60 65 70 75 80 85

Irregular shape score

Parallel orientation S OB ST I B JEL B
score 1" 08 06 04 02 0

Total Points T ———————
0 20 40 60 80 100114 40 180 20

0.005 p.08s 09
Probabiity of cancer r — i S— Tl
0.001 oo o1 03 05 07 095

b C

a7 5. A7 Z3otoM LAE 400 g YM B Bl (a) 1.0-cm &2 317t B-mode USOIAf &&=, (b) H
tHS DL-CAD AZEY0{E 0|50 Xriﬂoi a8 BME (R2M). 2MZD} irregular shape B4 0.25, paralle
5 }

or|entat|on H4 0.982 LEGS. (c) siE HH2| Hefshd He Y=ol atxt Y=E _LEEZLE“OH HMESHH g MEY.
BHOZ 106FE 7IZ5IH 7|&E 2 114-EL K2 20tz Aol &E5iH RAIHAE Q6K Y= Az HIHE.

|
|

3) 917 2ot D Y ei70 Z2N PrhsteITks Hold A7 87l g 2HE BFL
Faste] 1 AE PG 4 UL,

. QAP DL-CAD %83 488 08 A8 4 - /129 285 CAD @75 AxEsol} HEH0zR
0 BAT A B9 2guolA UAH FIF BE AR 29 gHoupu) T RIS, o) B
Hol Q9. et F7 2wl WAR % F  AE 29 ge BE 3F ¢ olRustel 2o b
o) 2L 93 DL-CAD A &0l §834 FHE  oHZ, ZagelN Ao uloko] EAT 4 -
S oglE ATt oGS B O A7t REgel 99 AToME o] 7 Y A% Wge 9
T, $PBGOIN olf 20L Holx ko % 7] 93 AAE (raw data) ol §3te] EAsg o]
S5 WA 9% T} Ak ol BPOR stol PR 28} o] HAHE ATANE EFHAS.
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Deep learning-based
computer-aided diagnosis

In screening breast ultrasound

to reduce false-positive diagnoses

500 -Yeon Kim?, Yunhee Choi?, Eun -Kyung Kim?, Boo-Kyung Han®, Junag HyunYoon?,
Ji 500 Choi® & Jung Min Chang*~

A major limitation of screening breast vltrasound (US) is a substantial number of false-positive
biopsy. This study aimed to develop a deep leaming-based computer-aided diagnosis (DL-CAD)-based
diagnostic model to improve the differential diagnosis of screening US-detacted breast masses and
reduce false-positive diagnoses. In this multicenter retrospective study, a diagnostic model was
developed based on US images combined with information obtained from the DL-CAD software for
patients with breast masses detected using screening US; the data were obtained from two hospitals
(development set: 295 imaging studies in 2015). Quantitative morphologic featuras were obtained
from the DL-CAD software, and the clinical findings were collected. Multivariable logistic regression
analysis was parformed to establish a DL-CAD-based nomaogram, and the model was externally
validated using data collected from 164 imaging studies conducted between 2018 and 2015 at
another hospital. Among the guantitative morphologic features extracted from DL-CAD, a higher
irregular shape score (F=.018) and lower parallel orientation score (P =_007) were associated with
malignancy. The nomogram incorporating the DL-CAD-based quantitative features, radiclogists’
Breast Imaging Reporting and Data Systems (EI-RADS) final assessment (F=_014), and patient age
{F = .001) exhibited good discrimination in both the development and validation cohorts (area under
the receiver operating characteristic curve, 0.8% and 0.87). Compared with the radiologists’ Bl-RADS
final assessment, the DL-CAD-based nomogram lowered the false-positive rate (68% vs. 31%, P« 001
in the development cohort; 57% vs. 5% P = 001 in the validation cohort) without affecting the
sensitivity (38% vs. 93%, P=_317 in the development cohort; each 100% in the validation cohort). In
canclusion, the proposed model showed good performance for differentiating screening US-detected
breast masses, thus demonstrating a potential to reduce unnecessary biopsies.

Mammuography is an established modality for the early detection of breast cancer and reduction of breast cancer
related mortality and marbidity!. However, ss mammaography alone shows a low sensitivity in women with dense
breasis, various supplementary imaging modalities have been investigated lor screening breast o ancer? :'\'l.||1p'||.'-
mental screening breast ultrasound (U15) is & widely used adjunctive too] that allows the detection of additional
breast cancers in women with negative |||:|rr|||:|||f,'|:|p'|1!.l:. Although the number of cancers detected varies :w|I||
the prevalence of cancer, il is generally modest, with an average of 3-4 cancers per 1000 US examinations® 7. As
misl canvers detected using scr{'van L5 are small, invasive and node-negative, early-stage cancer detection
and management may confer a mortality benefit™ 7.

Despite the well-known benefits of screening breast US, a major limitation is presented by a substantial
increase in false-positive findings with low specificities and low positive predictive walues®, The Bress Irmging
Reporting and Data System (BI-RADS) lexicon for breast US has contributed to the standardization of lesion
characterization, description, and reporting: moreover, it has proven effective in differentiating benign and
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