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[ Abstract] Objective Evaluate the diagnostic performance of a deep learning model in assisting primary care ultrasound
doctors in differentiating benign and malignant breast nodules. Methods This study retrospectively collected female patients who
were diagnosed with BI-RADS category 3 and 4 breast nodules during routine ultrasound examinations at Shanghai Sixth People’s
Hospital from September 2022 to September 2024. The clinical data and ultrasound images of these patients were collected.. Five

deep learning models(GoogLeNet, VGG11, AlexNet, ResNet-34, ViT) were constructed, and the optimal model was selected
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based on metrics such as area under curve (AUC). Visual heatmaps of the ultrasound images were generated using the optimal
model. Community ultrasound physicians independently reviewed the images without knowledge of the pathological results. Two
weeks later, the physicians re-reviewed the images with the assistance of the generated heatmaps. Diagnostic performance was
compared among three approaches: deep learning model alone, physician independent review, and deep learning—assisted physician
review, using accuracy, sensitivity, specificity, and precision as metrics. Results A total of 430 patients with breast nodules were
included and divided into a training set (#=301) and a validation set (n=129). Among the different learning models constructed
based on breast ultrasound images, the ResNet-34 model performed best in predicting benign and malignant breast nodules, with
AUC, accuracy, and sensitivity superior to other models in both the training and validation sets. Therefore, the ResNet-34 model
was selected as the optimal model. Among the three approaches, the diagnostic efficacy of independent review by primary care
physicians was the lowest. The deep learning model slightly outperformed primary care physicians in terms of accuracy, sensitivity,
and precision, while the diagnostic efficacy of the deep learning model assisting ultrasound physicians in reading was the strongest,
with all evaluation indicators significantly improved. In terms of the improvement rate, the sensitivity and F1 value showed the
most significant increase, rising by 34.3% and 29.9% respectively. Conclusion Deep learning models based on ultrasound images
can effectively distinguish the benign and malignant nature of breast nodules. Combined with the generated visual heatmaps, they

can significantly enhance the diagnostic efficacy of assisting primary ultrasound physicians in distinguishing between benign and

malignant breast nodules, providing valuable guidance for selecting treatment plans for patients with breast nodules.

[ Key words ]

LR g 2 B P i R Y B DR 20 3 T R R
VE S 2o Ve DL PR R 22—, o 3R [ 20~59 %
LAEAEAE T R E, HERERABES
HEE R A AR TR, APF I, B AR R
J7 L L I I8 O A B0 T Be 2, EELIR AR R
E 5 ¥ i & 52 (Breast Imaging Reporting and Data
System, BI-RADS ) 43 4% 7F 5 J2% 52 Ik o 1 i b =% Bk
Ao 2 BT AL 18 P R O T R PR A BT R
ZIUA R LK 25 )5 BR A 20, X BI-RADS 73 4%
2 W e A R, FLIRSS 35 JLH 2 BI-RADS 328
F4ZEET, HOG R WU B BE AR, A7 7E — i 1Y 48
BISWr R ME, 5 SN E TR BRI T
t, TF % —FfEsf . JC a0 Y 2L IR 255 RS M 5
TEREKEE,

FEDCHE MR B P20 “RTIT i ”, Ha2 e
P Bk R TR BEIE R, R FL R
Al (il 8 SAFAE AP R P RE30% LI E B, X — B
AR BT AR TR 2 W RE ) 9 T S AL U IR
J#2%>] (deep learning, DL) J& A T8 800 — 1~ = 9
WrB, & n AR 2 2 4 28 0 9056~ > O 243 J2 4l
TR SR VN U2y LRI S LI DEE DN
Ko b AR AT BRI RE AT 2 R T, R, PR BE A
AR AL T H, Al LS AR P g B2 20 Ak, it

Breast nodules; Ultrasound; Deep learning; Visualization; Community

TEBE B B A3 2 T2 BB o

AW FE G AT AG TR 5~ n] A AR A 1 A i B
R T2 7 1% 0T G 1) L R 5 Y R R B 1 1
I HORC R S =7 S BT B L ol 7 B U S B L IR
JEE = > R TR Ay B R P R O B A A2 W AR RE 25
Sk DXL R O A e (bR b Ak . T AR R Al B
P

1 #REHE
1.1 — &R

[l Jo50 P Wi B 2022 4F 9 H F 2024 4F 9 A 7 LT
S 7S N RS Bt AT i R R 7S R A B e IR LR 45 1Y
Jf12 Wy BI-RADS 328l 428 1y o M i % 10
AR DA e A BT R SO R 2F R
2 W 4 SR Q3 K 30T AR | 2 )5 kAT S
PR A, H bR S IR R AR I 4R K B A
G e St LR R R RO TR g B OB 58
#&0 DMR HE 35 H S 4% 25 ( American College
of Radiology, ACR) & 1ii i % 5 it BI-RADS */,
¥ H bR 728 7F 4 BI-RADS 325, 4A 2% 4B, 4C
Ky gy, HEBRARAE: O EE LAY H; DM
R PHEIEG IR A TE 4 @B H RATHEZ i b
BT (ST . T SN A AT ) 5 @R B R



(IARAL S S YT ) 2026 4FE4S5 32 45 3 1] 55

TR R SEHK L AN 5T 28 5 B 10 B 2% bR 4 R AL o
(HEFF5: 2019-027) , A& F 10 6 o4 wF 5, %6 %
BB R

AL A 4304 &, X T £ & 4571 BI-
RADS 325 R4 ZL MRS 19 (B &, ARF5 HAA
BI-RADS 2 il fi = B 45 19 AF S HARSS 7, DARIE R
UOREE ) G vt S P B B H IR 7+ 319 L il B AL
S RINERAE (n=301) 5UFE (n=129) . IR
WG PRAFAE GEORE, AFEAE IS . R R/ MR or
BRI R R

1.2 FHik
1.2.1  KifJrik

>k 17 [ Siemens 23 1) 1) S2000 8 5 2 Wi {X, &
LA AT #E Ry 4~9 MHz ', H AR 2
W R A, B AR I PR A E Sl R R
LK 5 2% ( mechanical index, MI) 0.6 ~ 0.8, Frf &
R G BT AR 2 A AR AT LR L R AR A
WA EML, X5 g8 A B3 R FL IR B AR 4555 E AT AR U
T AU WA i R, A AR A B A A
U R AR B SR A b, R R DA R RO R
{5 (digital imaging and communications in medicine,
DICOM ) #% =i 77 70 6 kb T, [) i 3c 5% 5L B &5
TR A R P R
1.2.2 7 R Ak B

TS PR L AT S AN PR I B0 LIRS T R R S
KIS, R i A7 IR 35 e 36 O TPEG A% =X, I 18 8
1024 % 1 024183, PRIFA W PER—5 Ty o
TR 5 R R I ) U5, A I B B R T A e B
PR, CUTEBEAL B . s R/ R Sh A S,
AR DI IR R B R ) 22 e A2 A o) o SR 5 16
TF IR 45 25 T. H LabelMe ( http://labelme.csail.mit.edu/
Release3.0) , AR 4f5 g $HL 25 SR W PR 25 757 1 75 R b
w17 BESS T ARIC (07, JFAE U TR
RIYINZ5 1) ISON A 20 3 Ao
1.2.3 T RS E 5 R o S A by i

AWFFEIIR T SR A ER S R E T L, A
#5i GoogLeNet, VGG11, AlexNet, ResNet-34, ViT,
K SPr 28 gk, 38 i &2 TAERRE (receiver

operating characteristic, ROC ) Hi £k ¥ 47 ¥ Ji& =% > #1
B2 Wik RE, e IESE P I IEA Y B 2
TR B 2% 2] S5 AL ROC i 2k, 3 if b [b it 26 1 A7
(area under curve, AUC) . 95%H 15 IX 0], /fE %
PE. REOEE . R k. MG HE BE & F LE 45 48 A5 R O
At 4550 A T 1k e, 1B AR A R B A o) R AT
AR AR . XT3 B e A AR Y 1Y) TSR 1 AT T Ak ek
e BERIELG W 2T KE, B4 F i
2, K REE B R 46 8 S12.4E 1) & B JE K K 2
A 1451248 4% # )2 (ReLU 36 ) . Dropout /2
(L33 =0.5) DL M 20 £ 50 Softmax i i 2,
B 2t R POBAE S5 Ry, H M
R 1, BB 2Rk T Adam LAk %, #I1R 2% ) ik
9 0.001, Jf At & 4% 5% iR k (Cosine Annealing)
FEWE B SR ) R BIRRAGE I ot X
fiii (binary cross—entropy with logits) , it = J /)
(batch size ) B} 32, & Kl Zk% Ik (epochs) &
H100, REUShZS B 15 (early stopping ) HLH 17 2% Il
A LA IR R AU, SR AR R AL 1048
TC R B IR I 25 fro-nd
1.2.4 ) KO aT AL

EN IR I N R RS R B DO N S el
G AT RGPS, JF 1] Grad—-CAM ( gradient—
weighted class activation mapping ) J 723 X #55 7 pe 56 37F
Frar Al L2l e, LR AR AT K A
—Ab. B AR ST IR S, R BRSO B AR
A7 1 1) % 1, FRAS T AR R P 5000 A
FWR, X E AR 2800 i AT R AR R, T A
X TG — BB E R R R E, X &
SIEI 0 7 o o I < N 5 32 DG VAL B T = I Y ENS £
5 R R B AT AR L, A2 Bp) s = e R T #L
Bifi J5, XF % B dE AT ReLU AL B, AN {4 &4 X+ H 5
O BT BTER A DX, O 3 Rk P A (ECE B
T R R E R RS &IE, R Ad 5 3
I3 B & T S ER TR BUR €8 R A AL 2
A, DLW S R A58 O 3 A e DXl R R 2 T
RUAT WAL Ty 1A o AR DL 1, T B
L #2 fiff F§ Python 3.9, PyTorch 2.0 & PyTorch Grad-
CAM FE5E 1L



56

Modern Instruments & Medical Treatment, 2026, Vol. 32 No. 3

BRI &
REFMARER

REfEHE
HHEBE

ﬂ'l:!iﬁﬂ!#
EEEWJ!ﬁ?ﬂJJI

6

: S o RIEEE
f
1| Prenign
-, B
|
i
i

muu

aA

E LSRR
4_
L BEEE
Pratignant REEE

BE—RERHES WA

0B

1M AF MaRNE

(£BTH) (hARR70)

'

O rrmeum

RelU 50:3!

preed: 2y

N

RAOERM
AT ISR

E WEERERYT E . E -

B R

1.2.5  EUE L KW 5% T7 i

1ok F AR X T AR R 55w 1 1 4% H 2 PHoll 96 4%
e 1847 LR 7 12 W 2 56 1) 8 745 12 U AR 3% BI-RADS
Oy AR L3Sk L 2 T AT PE R S B R
AW 52 K BI-RADS 325 1 4A 28 5 o B %, BI-
RADS 4B 2K, 4C K& LB, HIFAM T E %S
A 4t B P 2 Tk R, SR FH ] — B VI 7 9K )
FraE: EAE, Hi% A% BE I ST g R A B B
7 EME f E 5 i W, TA) A $ AT fa] TR B 27 ) A Y
MG R ARG, A — I I 78 R B 24 2 B AL n] 44k
PEEFBY T, XF R — 5 ) 32 47 1 75 R A 152 5 12
Wio SRR T RE 08 5 KRR B U /b A~ 4R [ 12 I 7K -
22 5B S5 SR T U, TR o A R 2 T Bl
Bl T B ] — B2 32 W AL RE 1 42 5 VE o R sk e i
ERORER S wa i NP 2 QI RTRE VA R N O e
F R KRS W IE U R Uk I bR, FE
PR D) 5 22 T 15 58 1 S 30 2 R R i 30, iz it K e
L Z R g AN DG ) RV L Wkt I e STt v B 7 A 3 3
PIURIZ W 25 i 3 7 v 5 % WL
1.2.6 FERIZLREPEAL

a3 00 PE Al TR B 2 ) 4 Y K FL A Bl A S R S B
Ui B 2 WAL RE, EEIPAG R AR A0 R . D AUC:
AUCHE 43T 1, #5280 15000 24 B8 B4, AUC>0.842 7R
AR 5. @ PR 48 b L H6 W0 M. R B
RS ORUORS R R, MERRPE = 1 AR TR B s T
B, REJE = HHMESY (LB + BH SO |
PS5 = E AR (BB M8+ PR PRS0 |, A

i1 R 7 W R B i
BE =TSy (LB + PR ) , FI{H =2 x
K00 < MR ORI + A% |, &R EUE

~1, B LR R PERR AR (1Y
1.3 SitEH%

oK I R4.3.1 & SPSS 26.0 5 4 % #4647 48 1143
Bro XSt BERLHEA T IE A 400 KOy 25 55 MR 8, 7 G
IEAAITEFRILIE + FRifEE (X +s) For,
A1) LR AR ST REAR (K 56 ARAF A IES A 3T
ORI (R, R iE0) [ M,
0, ] Fr, A1 SR H Mann-Whitney U355, 114k
TERLLLGIEL (n) FIE 3% (%) R, gl iR H
LR PLP<0.05 KR ESAGHITFE L.

2 H#R
2.1 IERFAERBIEEE
AB 5T I 430 B FLAR S5 1 AT, RS e
UESE R AR AR Sy 215461, SR AR S 2150, BEARAE IS
18~86 %, F-IAEWY (47.62 + 1462) %, YIZAE 5I65E
EBEAEFER (P=0716) | 5T HZE (P=0671) | 45
TALE (P=0292) MARHZE R (P=0.674) %455 I
ST G TR o BARIEIRAE L 1,
22 REREFIRIGSE
R T AR M ) LR A T RO Y R AR A,
¥ T ResNet-34, AlexNet, GoogLeNet, VGG11, ViT
PR A R, 45 SR W, ResNet—34 45 7Y fit v o 1
R E 5 22 BOKRE VAR 48 AR 7E VI 2 48 R g k4R P AR
THABEA, W32, ROCHIZE 2T /R, ResNet-34



(BUXAR S BT ) 2026 42 32 5 3 )

57

F1 UGS B UREE 0 I R FRAE R L3

FHIE 436 (n=430) YIS (n=301) F4E (n=129) e P
Al (%, xxs) 47.62 = 14.62 47.45 + 14.33 48.02 + 15.30 18 984.5° 0.716
45 HAZ (mm) 18.93 + 9.44 18.75 + 9.22 19.35 + 9.98 18 912.5° 0.671
N E [ n(%) ] 1110 0.292

ZEq] 225 (52.33) 152 (50.50) 73 (56.59)

F il 205 (47.67) 149 (49.50) 56 (43.41)
WRERAE A [n(%) ] 0.177° 0.674

R 215 (50.00) 148 (49.17) 67 (51.94)

W 215 (50.00) 153 (50.83) 62 (48.06)

e e b
55 AL 7R I 5 4 RN 5 HE 4R B AUC Y A1 iy 0.790 il
0.741, WEOLTHAMABARL, WK 2, FiRg5 R,
ResNet—34£5 5 G 1% B8 A7 20 1 $12 BC7L AR 75 R b 1
SCHERRAE, XY RO SN RE TR, DR A A

R PERE AL THAMARL, St BT
i UL ATt S RRORPRE S8 U IR S B N 2
AR EMIERET, WA & —E R LRE T MR E
Mo BRI, O 1675 31 ResNet—34 45 BUAE Sy di (A5 70

T2 ORI EE 2 2 B2 WAL RE L 4
FELAY il AUC 95%CI R PE REE LER 3l S AT F1{&
ResNet-34 %% 0.790 0.740 2 ~ 0.839 4 0.714 0.627 0.804 0.768 0.691
BHEAE 0.741 0.656 1 ~ 0.826 6 0.698 0.758 0.642 0.662 0.707
AlexNet %% 0.617 0.554 1 ~ 0.680 4 0.591 0.608 0.574 0.596 0.602
BAESE 0.653 0.558 4 ~0.747 6 0.651 0.323 0.955 0.870 0.471
GoogLeNet  YIZ:4E  0.653 0.5912 ~ 0.714 1 0.611 0.660 0.561 0.608 0.633
IGEEE  0.645 0.549 1 ~ 0.741 2 0.628 0.371 0.866 0.719 0.489
VGGl1 I 0562 0.496 8 ~ 0.626 5 0.568 0.458 0.682 0.598 0.519
FE  0.672 0.577 4 ~ 0.766 4 0.667 0.371 0.940 0.852 0.517
ViT I 0567 0.501 8 ~ 0.631 7 0.565 0.582 0.547 0.571 0.576
F4E  0.605 0.507 1 ~ 0.703 3 0.597 0.210 0.955 0.812 0.333

e AUCHIE T i fL,
B

" C 1.0°

§“ um.

® -3

04 "

T o onnony o HEEN et b sa sy ) — Wi avComEC0L0TIY
) Y LONp 08 10 00 02 e 08 0 % 02 EI— 05 10
Di T e E ol
% ......... : g
. e ; e e
00 02 aAl - ﬁﬁ&mﬁ 08 .0 oo 02 n‘l ﬁ%'!(lﬁ 08 Lo
B2 AFEEEEIBERROC ML AN ResNet-3411; Bl AlexNet#i%; C} GoogLeNett#iA; DN VGGII

Bifl; B A VIT Al

H: ROCHZIRHE TAERHIE; AUC K HhZ T 1H AL,



58 Modern Instruments & Medical Treatment, 2026, Vol. 32 No. 3

23 REFIRBAAL

7 FH ResNet-34 8 A1, Jf- >k H] Grad—-CAM ] # 1k
D5 %k L R 7 ARG AT 3R 0 b AR A Rk
DL 3, S5 R R, B AR B K R A R T A
A By N ARG O DB, T A G T TE G Y R AR
T oo R TOBAPESS Y, PRI e e 0 AR B 2 ke
T NER IR A3 A AN L AR S B
1k e 5 i I 20T 5 SR LR R RS W T R AESS

A"

A, B S 0 ) A DU AR X S L, AR
TR 2 A9 82 1805 B B e MR € k. LR 4s
W], ResNet-34 5 84 Jf:AF ALAR i 52— Jry & I EE 22
S AT RV, TR RS Z5 5 45 1 R AR S A R AE K R
SRR, XPFLIRES T RGP T X 2 BERLR R
R 34 B 5 I PR 75 12 W i G TR A S BEEE R A
B — B, AT O 2 R R O 4 UL R
57, NI T B2 W i vl 45 B Fn S FH P

I

B3 ResNet-34BIM A A FLIRES T il AL A BPEES T3 I B OSBRSS 4B A 18] COB RS
AL IR s DO RAEZS IR B BON RAPEZETY 4R R F Oy RAESS T n] BAL B A

2.4 R SRR BB A B WIS B 3R

K FH ResNet—34 45 #1 A= m% % ] #0904k $4 [5] 4ef Bl R
PRI HEAT A 250 ) L JF RO A B R O X2
Wizkfig, W33, 45 R, WA B sk ) A
14 3 1A 12 W A0 RE s O 1 B8 7 IS I AR 1 AR ST B
PR IZAL A B — 2 W LR 45 RO M 4 I fg
1o TERTWLAL IR B 5l B T, 8 R B AR 250 1 1
25 W2 Wi R AR 2 KR B R T, 2 WA ae R 3R O R
B, S8 VRIS B R A b, B 2 F0 TR 2 o) A
UGB ) B AUC, ERIME . REUE . R R E . K
B B R F LE ARG B4 T, AR THIRE R R, REUE
FUF VB 2 T+ e W, 43 o0 4 & 34.3% 1 29.9%, %
A UR B 2 2 R Rl B T, 7 S X P 45 1 1
K H RiE 1 B A A2 W 340 Al v 2 A B A, DL ]
4o FRZERFW], T AT IR 1 AL P R
HE f% 7843 45 5 TR BE 27 > B (1 Rk 2 AR 54 0 2 Uil
411 R AT BT BE 7, AT B 7 A0 it 2 T 5k J2 8 7 B Ui
XoF LR 25T R 1 S5 AL e

AT 5T B M2 F BI-RADS3 K FIl 4R AL 45 15 1y
IR e 1 e T, e g A O I IE — R TR R

GG 4 2] A AL B Y, RGPl T H el B2
Wi AL RE . BFIT 2SR BoR, T MBI E A
BUUp RIS e e P . OB . RS L RS R
F1EX S bR b, Y B 50 TRZ2 RS B
Mz R, R A F U T R, 40 4R
171 34.3% F129.9%, ESE T N T4 R84 AR A 32 T+ FL AR
S5797 58 M2 W R D TH Y B WS 1. AR BIRST 1 A1 E
DA 5 AR 2R B b 28 ) 45 7 Ak o w4
R B TR, AT 52 5 06 K 3 5 0 R
A, diEE AP SR A ROk A T3 E B
e AR A EAE, BERKTRE
SR K.

WA, B 2 R AR 2 Wb A E
P)TIZ B AE 52 AR 9F T ResNet—-34 14 22 A9
G aa IV VAL R i e = O [ N R A
Wi, 55 Shen % 115731 ) XURE 25 8 75 T B 2% 21 il
S 2R (I B AUC=0.825 ) 11 T4 3 ikt 56 FF
[ Ui 57 32 T A 25 SR A — 2R, ORI B 1 &
AIAE Y RO RE J) o SR, B LIE SR B ORS BE
() B2 T IF AR I R A i e ¢ B bR, AR AIF 5 00 3 48 3)
CAHLE R A5 AR B2 1) g 5 v v B 2 7 B
2 WAL RE 1 32 T AR 45 R R B, 8 v ALk FA



(IARAL S S YT ) 2026 4FE4S5 32 45 3 1] 59

|3 RPE S IR KR Bl i o P 0N ) A 992 WA RE e A

W H AUC 95% CI e PE R RS i FI{H

TREE 27 ] Al 0.741 0.656 3 ~ 0.826 6 0.682 0.677 0.687 0.667 0.672

TR 2 > A5 AU A B i P 1 O ) R 0.650 0.566 9 ~ 0.732 6 0.651 0.613 0.687 0.644 0.628
TR EE 7 ] A5 AU A B J P I O ) 0.822 0.755 1 ~ 0.888 3 0.822 0.823 0.821 0.810 0.816

e AUC Rl 4R T i L

= ATAUC:0.741(95%CI 0.656-0.827)
o R EMAUC:0.650(95%CT 0.567-0.733)

10
0.0 02 04 6 08 10

0.
1 - R

== ATAUC:0.741(95%CI 0.656-D.8
* 3t KEMAUC:0.822(95%CI 0.755-0.8¢

/
0.0 02 04 6 0.8

0.
1 - B

B4 PR ) BB B TSRS B A ROC IR A g TR B 2 2 RS RU A Bl i 75 O ) s B O IR 2 2T

T B 5 e B W A
I ROCHAZIAH TAEFHE; AUC KN T iEH,

FURE BT, A5 70 RE 6% S50 07 1 b B2 T L R &5 10 RO
(9 % A RE . Jin4F D10 SR B ok b AR K, () )
5 RE S U B AUC M 0.879 42 T2 0.921, R 8
0.83%2 71 & 0.92, AW BIE KR T B 14.70%, HXT
<2 cmiE kAR 25 A B Kim % O gRFE L, B &
B AE N T Re il B T S 34 R UE M 56.9% 8K T
% 87.5%, BAPEOM 55 6 R 4 S G, AR
Fw A B PBm R W — D4 T, Ma 5 (20
BT A o LU A B YOLO A& Y M) A & B, 4%
AEREERIT A AUCTE N TR e B R ¥ W 48w, A
BURAN T AN ) 42 50 B U 6] (Y i2 W 25 BE . AR F 58
FE )7 I 2 PR BY 5 2 Wi AR A T AR T, ORI
BECRE MRS, FRUEDIE N T3 REXT 3L 2 BB B &2 56
FEOGEAS L 11 2 D EL A B 2 4 9 18 25 L Lho o200 o B
RGP R AR TN, AT 4G Bl 5 R B B R
BETRFE 5 0.134, $2 7 A &1 4l Bl 76 B I AR BH 14 7 1k [
FERHE T AEM . Lufs D7) HIUR BE 27 2] il 5 20 2 A
AIXF BI-RADS 4A Z&9 kbt 47 KBS T 00 )2, e T
27.7% W AN LG K, BT A BEITAE N T8 el B s
2 W I 1 SRR R S M 8 S R v, U DR R
5t Liang%F 181 JF & [ 5L F ) &5 3% 58 MRIfY BL4AS
ROTER BN, B PR R FEAK 27.3%, 2 Wi
PEPET; 14.3%, HAS[A) 4R 5% 12 0[] (9 40 452 22 5 4 /N

24.5%. ARWFFELISEZEI X4, K& BB R
T FUERIESRT;, SR T R A8 555 5 5 1 4%
A, 5 EARTFI AN TR R AR . 2T
ZWHE O S5 18 A B EDIE

AW 5 BT R A 04 T A0 Ak A B AR il B D SR h &
FET Ao % I R B b s AR AR O 3 X3, il
B )2 5 I 7E B A A5 70 e SR8 i TR e, BB AR A IR
M AR AT BEAE %, ShenF L5 i Grad—-CAM#A &
(TN R = Rl ol I R (A G 2l P S = P
Lu%§ 175 Liang 45 ') Bl A e 48 TH A5 (1 ] g Bt
M, I R P SR B A T AR AR B . AR ST, IAE]
Bl BT B AL DI RS 2O TR B 2 2] R AE SR AR 34
P2 I I DR I T 22 3 A BLES G, e AR 12 W Al e
T 0 P — A 7R PR — 5 O ) 2 S e B

(EARTE R AR, N TR AeH IR vl fe 2 k6 A
BAR . FARRIE R ABEFLIR TS S S 2 Fh R .,
Lee 55 (21 % 3 AI-CAD 7 5t 12 Wi 1 R bifi 7L 1 25 J32 1
T e e, 7E A R SO L e A R I A T £
B, BN TE N Lot 55 20m LM v kAN
HMRR (B . Han 55 12 22 (%) MRI AT A 6 05 4 2
AL EEXF /)N BI-RADS 428055 kE 47 Ftill, A T8 fig
il B IS GRS R0 OB R B T AUC Y 1 2 4R T
HXF >10 mmy k12 Wi 5 f8 3E fmo AR 52 0 o %



60 Modern Instruments & Medical Treatment, 2026, Vol. 32 No. 3

SRR/ FUIR L SF AT R R A, JE g i —
PRAE R A b3 2 R B A MR, O IR R R
P SRS R B A ek e

SN T RE B B W] Y B AL RE, (HLTE
e PR 552 3w AT AL 7™ s R S A D 96 o8 T L Al
Q137 , Fujioka %5 ¢ fELRIR R IE, N TR AEnT 2
o5 L P2 W RO R SRR, (HLL 0T e R U 7 5
R, R IEASRE A B A Bk
fiko Krishna NKAF (255, 82 WA (OO T 141
B, R R B RS KRR, A
T B Y R 5% i R A T R I 553 M PR AR, TR
Xt RN L FE T o AT R B9 AL R 1 A4
A, BOREREINE S REER S A 528615 K
2O, WEFE o AR TR RE A 3G 9 A1, Sk
B HM, e e S kAL N T e D bk
R FEA T (5240 R, FEIE) HERBERIRS,
KA YN R 1 22 B DAL 3503k O UL, O 3 i
St S 22 fO B0 SR AR FL I PR A A A

AT AFAE LT R BRYE: 2B —, ARBFHT
IRk 1 R R R e b, — e a2y
Bz AL RE T SRR E e, TEARRI TAE, AT
H W B T 22 1 B ok B e R AL P MERE S L AT
FE A I BRPE AR T, e B SRR (1 i S 1 1 o
ERE A AP RE; 25 =, A SCIH A R R o o BT
AU TR P R ) 45 5, T BB I T R 1 —
SEPRFE A ] S YERRIESE

Li BPRA, TR BRI TR 2 ) B R B
H B R FLIRES T ROEYE X e T, FER A ) T
RE A% M 41 T 258 J2 8 7 2 D 46 531 L R 5 R 1k
ZWIRLRE, T O FLIRAS I B F IR T O R e R R At
AR RE R

P AR P B A a R

[ & % x # ]

(1] Umsk, shA=d, thoy, 45 90 7 AR 2R 2 0 FLIR 28 1 RO
PERYSE SIS E [T ] . BRisEA5 2, 2023, 32(6): 485-491

[2] LiL,NiuY, Tian F, et al. An efficient deep learning strategy for
accurate and automated detection of breast tumors in ultrasound
image datasets [ J ] . Front Oncol, 2025, 14: 1461542.

[3] Stastny I, Zubor P, Kajo K, et al. Aberrantly methylated cfDNA
in body fluids as a promising diagnostic tool for early detection of
breast cancer [ J ] . Clin Breast Cancer, 2020, 20(6): ¢711-e722.

(4] KA BT CT VP FAR AL 2 KL 2 B0 2 e i
PERG A R BB B AR MESY [D] . B SR EER
K2F, 2024,

(5] kIR, sk, BKA B BT IR 2 > i B2 2 R R W5

giabk [J] . E A3, 2020, 37(1): 150-156.

[6] Mak7E, B0 H. B 1 5% Xt F A K/ BI-RADS 4263
JiR a0 RGEMEE 2 W [T ] BRI S R
Hi, 2022, 6(14): 152-154.

(7] KPr-th/R 2%, 5K UL, SIS HT, 25, #8755 4% 4124 X BI-
RADS 4a ZE AL FLAR 45 ROBMER S50 E (1] . 4
TR 2K, 2023, 46(1): 12-20.

[ 8] Merjane V, Perin D M P, Bacha P M G E, et al. Breast Imaging
Reporting and Data System (BI-RADS®): a success history
and particularities of its use in Brazil [ J | . Rev Bras Ginecol
Obstet, 2024, 46: e-rbgo6.

(O] WSk, BhA4<, 45 10 . 58 PR3 Jal o 7 5 % 2 <% T0 3L IR
B A Ki—67T RS [V ] H R Y B2 IR0, 2024,
41(9): 1139-1144.

[ 10 ] #RAESE, BB MRorak, 4% I ia) LR-M RS 2 W Y
I S BRI R TR (1] AR S
)7, 2025, 31(3): 1-9.

(1] AR, B4R, SR, 5. 3T TabPPNFLALR CTH G4
2P UGB W R S G0 I TSIV 5 A il i 92 40 1) AR iy 00
e [T MANER S5 Y7, 2025, 31(6): 26-35, 81.

[12] 2R, 2R, ik, 45 BT/ BRI R A 2] i1
e LN P RGBS 2 W BN E [T ] . i R IR
2RI, 2022, 24(9): 652-656

[ 13 ] Maani N, Westergard S, Yang J, et al. NF1 patients receiving
breast cancer screening: insights from the ontario high risk
breast screening program [ J | . Cancers, 2019, 11(5): 707.

(14 ] IR, RE, 7L 55 N TR GEX 52 AR I8 & i &
i35 R BB [T ] . P R B A, 2021, 59(1): 99-
101, 105, % 3.

[ 15] Shen J, Chen G, Lun H, et al. Dual-modal ultrasound-based
deep learning radiomics for differentiation of benign and
malignant breast lesions [ J ] . Gland Surgery, 2025, 14(10):
2035-2050.

[16]7Jin Z Y, Li ] K, Niu R L, et al. Application of an artificial
intelligence—assisted diagnostic system for breast ultrasound: a
prospective study [ J | . Gland Surgery, 2024, 13(12): 2221-2231.

[17] Lu X, Lu Y, Zhao W, et al. Ultrasound-based deep learning
radiomics for multi-stage assisted diagnosis in reducing
unnecessary biopsies of BI-RADS 4A lesions [ J | . Quantitative
Imaging in Medicine and Surgery, 2025, 15(3): 2512-2528.

[18] Liang Y, Wei Z, Dai Y, et al. An interpretable Al system
reduces false—positive MRI diagnoses by stratifying high-risk
breast lesions [ J ] . Nature Communications, 2026, 17: 2263.

[19] Kim J, Han K, Kim K W, et al. Feasibility of using an Al
system for breast ultrasonography interpretation according to
clinical expertise: results of a pilot study [ J | . Journal of the
Korean Society of Radiology, 2026, 87(2): 314-327.

[20 ] Ma Q, Wang J, Dong B, et al. YOLO Al model based on an
automated breast volume scanner for the detection of benign
and malignant breast lesions [J] . Quantitative Imaging in
Medicine and Surgery, 2025, 15(10): 10156-10167.

[ 21 ] Han C, Chen J, Hong M, et al. MRI radiomics for diagnosing small
BI-RADS 4 breast lesions: an interpretable model [ J | . Quantitative
Imaging in Medicine and Surgery, 2025, 15(6): 5060-5072.

[22] Lee J, Kim W H, Kim J, et al. Effect of a real-time artificial
intelligence-assisted ultrasound system on BI-RADS C4 breast
lesions based on breast density [ J ] . Cancers, 2026, 18(3): 536.

[ 23 ] Krishna NK R, R.S. A, K S. Artificial intelligence in radiology:
augmentation, not replacement [ J | . Cureus, 2025, 17(6): 86247.

[ 24 ] Fujioka T, Tsukada J, Hayashida T, et al. The future of breast
cancer diagnosis in Japan with Al and ultrasonography [J ] .
IMA J, 2024, 8(1): 91-101.





