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Abstract Image availability evaluated by the degree of agreement and sensitive using the process improve
visualization according to the Algorithm modification in Image Post-Processing. Reliability measured by the
Breast Imaging Reporting and Data System. 172 patients visit same period divided by BI-RADS, category five
stages, and contents of breast parenchyma into Calcification, Nodule and Mass. Evaluated the TE/PV image
reliability, visualization sensitive, agreement of diagnosis. Convergence analysis was an in various fields.
According to the result of this research, PV has higher sensitive and accuracy about lesions than TE visual and
there is a difference insensitive by contents of breast parenchyma. Therefore, practical use of Algorithm
Modification(Tissue Equalization: TE, Premium View: PV) is expected to improve more accurate, useful
diagnosis, which has not been easy until now.
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HEAMIAL 29 (A9IB) o] o] A s 4aF
(Fatty: <25%, Fibroglandular: 25~50%6, Heterogeneous
nodular: 51775%, Diffuse dense: >75%) 22 #3573}l
ZA4d(Nodule: N), £ (Mass: M), 43]3HCalcification:
0)9] 3&Fe] Mo s ek 7tel ogte] Algorithm
H(TES PV) 94749 A2 =E Brteta, A2 7k 8t
o] Mz} Xdke] dA=E Hrkeked
Algorithm®] F7¢] 7o
< BI-RADS ZH a2 2
Hw oh el FEA A4S

23 SAH 24 uiH

RE BAEANE SAZZIaH SPSS (Statistical
Package for the Social Science, ver21.0, Chicago, USA)
£ 0|83, kappa value®} correlation, RW1ER4]

Chi-Square test’} FHACE B%  AFFFollA

%

p-valueZ} 0.052.0F 22 49 fofgt 2ol & Yehl=
Aoz st
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3.1 BI-RADS E=A749]|

2Rz AdE 50He] Hitjol: 45844 (H AU
o] 27A"F arto] 78ANS L, F/de] gt frkEoke] A
o] 29| 5 9ol dig BI-RADS #54719 4l
FEE k=06822 YER} GoodH L9 AHEE M-S
4 4 A T<Table 1>.

N WA 1
A

display
dynamic

Without Premium View

(Table 1) The reliability of the BI-RADS read

Findings
Value Standard T p-value
error
Pearson R 0.622 0.162 5.147 <0.001
Spearman 0.639 0.141 5.383 <0.001
Kappa 0.682 0.086 7542 <0.001
N 50

3.2 Algorithm¥® CHEZ= X}0|
[Fig. 1] o= 504 =
wietel TESH pve W3l 4ol s|aEd

(Histogram)to] & PV7} t 99| zfo]& o] iz

& PIHESE & 5 Ak
3.3 ti&xte] EH EF
1729 9] gpdzre] EA4S EREAS o, odAte]

Hrrhol = 4954419 1< Table 2>, 1o A4 dh-2

o W& Fattye 6%(35%), Fibroglandulars 54™

(31.4%), Heterogeneous nodulare 76 (M.ZA), Diffuse

dense™= 36™(20.9%)°]RN 2 H<Table 3>, BI-RADS®I

F3lo] 2ehEl Category™d H57-+ 008 71%(41.3%), C1

2 349 (19.8%), C2&= 467(26.7%), C32 167(9.3%), C4

= 5%8(2.9%) | A th<Table 4>.

(Table 2) The age of the person
Min Max Mean SD
AGE 20 80 4954 9.438

With Premium View: Increased local
contrast, image dynamic reduction.

[Fig. 11 Tissue Equalization & Premium View the bandwidth difference table
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(Table 3) Classification according to the breast
parenchyma content

(Table 6) Reliability evaluation lesions for the
TE and PV as BI-RADS criteria

Breast parenchyma

N %
content
>25 6 35
25-50 54 314
51-75 76 44.2
<75 36 20.9

(Table 4) Classification by Category

Category N %

Category( 71 41.3
Categoryl 34 198
Category?2 46 26.7
Category3 16 9.3
Category4 5 29

3.4 BI-RADSE 7|&E2E Z} Algorithm
Hatof wE el "ot

3.4.1 WIIXIZE| TEQ} PVe| HAIO| AMB|E

BH71AHe] TES PVe] 4749 A%+ kappagtol
TEA N2 0443, M2 0407, C= 0560011, PVellA N
2 0,718 M= 0617, C= 08022 YeRgow TES 13|
PV7} AFE7} =58 ¢ 5 AQlth Chi-Square testol
A TESH PV 97 2belli= p<0.0012 f-2] 3 2Fo] 7} 9l9)
th. & TERT PVolA H7pxREe] Afelzh Atk
<Table 5>.

(Table 5) Reliability evaluation algorithm for
the TE and PV as BI-RADS criteria
TEN TEM TEC PVN PVM PVC

Kappa 0443 0.409 0.56 0.718 0.617 0.802

3.4.2 HIixte| TEQ} PV HHE JEIIet
BI-RADS2t2| HuE St ME|=

B7FA7}E Algorithm /e d = g}
719} BI-RADSE 2x2 table® kappadh<
718 Hlasls o, Z2-dNodule)®] TES Al¢lstaL, 24
o PV} tiFe] &arels 973e] £3(Mass), 4 3]5}
(Calcification)oll Al H7F#} AZF $-915 2R 5he] H7kA}
A7} 53713 BT} 7h i 8504 BI-RADSe] 3]
g o o AT B3R IR Afeli= PV el A
U o dAge & 5 lv<Table 6>.

TEN TEM TEC PVN PVM PVC

App;“lser 0500 0566 072 0605 0653 0683
Appgalser 0521 0407 0579 0500 0594 0654

Mean 0510 0486 0650 0552 0623 0668

3.4.3 BI-RADS2| 7|ZE2Z TER} PVel HHH
FMEIIE S5 WK Ude
Algorithm 3442 W@EEe] UAEg A9 1)
A7PHAB)E PVl A4 371 o ves
1ol glom, B3] FelA o $5aldith et A
g sl eelE Aolo] A A g NS

HAt<Table 7>.

(Table 7) Sensitivity evaluation lesions for the
TE and PV as BI-RADS criteria

TEN TEM TEC PVN PVM PVC

Appraiser

A 54770% 6744% 7258% T76.36% 9545% 75.21%

ADDIAISET o ooc 60469 T856% TT.19% 8L8I% 68.25%

Mean 5848 6395 7057 7677 8363 7173

3.5 Qutol M3 BN THE Algorithm
Fare west=ol Byt

S22F0| Fatty({25%)2]
Algorithm FAMHOo| UX| =l HEte,
oIZie ot

el o] AUERAPEHE o] FoiR Fatty®

H712HA, B)) TES} PV oA 24, 23, 43

sle] 37k4] WW B =2 AT Wie HEx wl

AEE HYY<Table 8>.

o_>L

(Table 8) Evaluation of the algorithm lesion
by image according to Fatty ((25%)

Agreement Accuracy Sensitivity
(%) (%) (%)
A B A B A B
TEN 0.67 1 89.7 100 8.5 86.5

TEM 0.87 0.88 89.8 9.1 87.3 90.7
TEC 095 097 97.3 9%.6 984 9.6
PVN 1 0.89 100 915 971 949
PVM 092 0.89 96.7 98.8 96.2 89.8
PVC 0.96 0.98 98.5 99.3 100 96
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3.5.2 QHto| A=Al 5tF2F0| Fibroglandular
(25-50%) 2| Algorithm HAlHO| 2UX| =2}
e, oiE "It

Fibroglandular®] Algorithm 34Fd Hw3kEo] <
ZollA= H7F A7 %7 BR BI-RADS R
A7} 942319931, TEZF PVRLLE o] AeAo] 27
o $-9latit Wy vzt A4de TES PV7E
A Zpol7t YA ekokot £ 9k A3]37t PVelA] B
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260 PV &% W7t 7] 355 A Table 9>.

(

(Table 9) Evaluation of the algorithm lesion by
image according to Fibroglandular

3.5.4 [QHto| Alxl 5t22k0| Diffuse dense()75%)
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fRag =]

H)3le] TE 0% & A FZHJTI<Table 11>.

(Table 11) Evaluation of the algorithm lesion

(25-50%) by image according to Diffuse
Agreement Accuracy Sensitivity dense()75%)
(%) (%) (%) Agreement Accuracy Sensitivity
A B A B A B (%) (%) (%)
TEN 0.54 0.56 839 839 62.5 81.2 A B A B A B
TEM 0.68 051 87.0 814 60 TEN 0.587 0.448 86.1 77 86.1 7
TEC 0.79 0.69 90.7 6.1 75 65 TEM 0.366 0.211 86.1 86.1 86.1 94.4
PVN 0.65 0.68 79.6 74.0 62.5 62.5 TEC 0.786 0.744 97.2 80.5 90.9 4.5
PVM 0.65 059 86.7 83.3 86.6 733 PVN 0.426 0.426 75.0 75.0 75.0 75.0
PVC 0.76 063 83.8 83.3 85 70 PVM 0.719 0.682 94.4 91.6 86.11 91.66

3.5.3 s4to| AZ &/2ZF0| Heterogeneous
nodular(51-75%)2] Algorithm FAHHOo|
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313, F7HABE 53] TE 50%0 4 PV 89%= 249
177t 1 & 2 Apo]l & =Sk Table 10>

w3 A3

rlj

(Table 10) Evaluation of the algorithm lesion
by image according to Heterogeneous
nodular(51-75%)

Agreement Accuracy Sensitivity
(%) (%) (%)

A B A B A B

TEN 0448  0.362 72.3 736 458 50

TEM 0489 0298 789 67.1 60.8 65.2

TEC 0569  0.524 80.2 716 63.3 66.6

PVN 0734 0.559 894 815 76.9 89.2

PVM 0.582 0.566 855 815 7.0 833
PVC 0.571 0.642 87.5 85.5 5.7 80.6

PVC 0.724 0664 88.8 86.1 72.7 72.7
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