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Abstract

Breast cancer has become the most common cancer in the world. It is particularly important to
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provide breast screening for women of appropriate age, and the use of ultrasound during general
screening is dominant, supplemented by mammography. Computer-aided diagnostic techniques
can assist radiologists in achieving rapid and efficient diagnosis of breast ultrasound images.
Therefore, we propose a full-flow breast ultrasound diagnostic system. Firstly, the ultrasound
breast images are segmented based on the improved U-Net network framework to obtain breast
tumor regions, and the images are divided into different pathological regions according to the
segmentation results, and then the features of different pathological regions are extracted and the
features are combined in different permutations to obtain 12 groups of features. These 12 feature
groups were tested on four different classifiers, and the best feature group and the best classifier
LightGBM (Light Gradient Boosting Machine) were finally selected. The results show that feature
group NO. 12 has the best performance on the LightGBM classifier. In the testing set, the final ac-
curacy, sensitivity and specificity were 0.97, 0.987 and 0.938, respectively. The AUC reached 0.962.
This is of significance for radiologists to improve the efficiency and accuracy of diagnosis.
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1. 5|8

R At 5 1A ] o 2 2K ] e i i AT WL (GLOBOCAN) S I G i i, FLARE C on it A 4
PERF A B WL BRERE 2 — . 2020 SEHTIE FLIRIE R 120 200 361, o5 ITA SRR 11.7%, (H2 2L
FERPE TR 6.9% [1]. FLIMEM BRI EIGTT, Befs i R PR B Hb s 2 Wr 8 1R (R TR], 30 FAIR
FLUIE I BOER B S EH

L e O 1 Ll O A AR A, (AR T X R LR A B A AT R A
X GRMRIEA R FUIRAE A% B 22 Rt AT 2 B [2]. Akt ios, By “at” ARALS5AG Xt
BHERN “CHE” FMEHLS L BEE — 2 X EL[3], T rr A H TS5 X2 R R DU B FL
JRgeE[4], PIHRTEFUARA 20 b 0 AL A I R 2R (5], XOGEIZWX R EE AR — 2 RR
PE[6]. FEFLIRHZUE BRI B, A BRI AL T X 7). e AR A T X A
ToAR I, T R A SEN B A, DMET SR, e nTs .

TR, THEAUEH B2 Wi AR (Computer Aided Diagnosis, CAD) [8]7F 25 2% FIG AT A T Rk & Jg
fAESR =2 e YE . IR IS . TR TARRCR S T R % 7 B REH .

BLAS 5 21 7700 O F T B A AU e dar U A2 W, b SCRF ) AL B FH LS 2 ) vk e —, il
I HRBCAL 5 X 2k P8 ROT X35 ) 2K 5 3 AR S B (GLCM) SCHURAE 3R 4T 40 2%, S HF I ML A HERG R 1] ik 94%
(9] 368 it B2 HCAL Mt P MBI — B SR i SO R BEAT 40 28, SCRFIm L 70 R B e R HE R 220 86.6% [10].
FENLER 2] R 3 — AN E I R R R, Bt — PR 205 R — O IERIRAMES
43 E T =P 5L Decision Tree. Bagging with Decision Tree £l Bagging with Naive Bayes, =i/
HIHERR R 707309 78.93%- 79.53%A11 82.50% [11]. S FETH S I J LAE TR B r i i K AL A 2 51 5
1o SCHR[12]H s FBR FEFR Tt A - 2 28U AL %% (Gradient boosting decision tree - Multi-verse optimizer,
GBDT-MVO)ALIE B T & 7E LRI 2 W o LA B8 e PR FE AR 1 5 72
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ERE

TRBE 5 2 A G SRR AE B 2 BB AL AT 55 b k% T HORPER . FON [1312 BRI AR, H
A A B A R 2 X 45 (FCNIN)ZE AR G 1) L 53 %45 %8 DICE Hik £ 0.79 [14]. U-Net [15]M 25 (1)
P& H R R 2 RGOS XAy R E R ok, RN UK 7 REM AN B U BB %, 52 U-Net
K FARRI R R, TP H I NAS-UNET Hi#E&1E U-Type £ _LAHFIZE R DownSC Ml UpSC A ik, I
G5 AL = FhASFE A B 2 B s 48 EARIH RAF I 3 BT BE[16]. 1R 22 5 43 I 2% #72 7E U-Net
SER ) EEAE E DGR, (HIEW nnU-Net [17]3C 3R FIFE, X EEHERRN SOTA H W) 4% 25 1 KR 2 5 T
U-Net 25 S0 IR K, 41 nnU-Net, —LEM 28 £58 41 SOTA #2&2ET U-Net 45 14 1M 1 %4 8 £t £ 04T
FRE AR SHL, A RAR LAEGE. ik, U-Net 785 2% EUE 2 E1 485k A 75 B oA AN ] sh#2 (A .

FEASCH, FATEET U-Net HEZDN SN BURHEAT 7051, 5015 DX i T AR RS AR AN SUBARFAE
1 FH DU RO [R] PO ML 38 2 3] S iR S T R HEAT 7 SRALRGAE . 7ES0AIES, b, BT R AN 43 2K 11
BRI (A 1),

‘fq """"""""""" ! 1 5 K845 AT4R IR
11047 % Xk
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Figure 1. Breast ultrasound diagnostic model

1. FLERBAISHIRE

2. MRFESHERER
2.1. LightGBM [18] (Light Gradient Boosting Machine)& j%

LightGBM J&—Fft Fil T-HL & 27 > PR EAS FE IR TH 5008 B R B T 20 RAMEAES
LightGBM {EHAAET, & r] ALBE BSR4, JF BAE I ZRdRE rp Al 2 M iR BoR, e Ll
HASRIE[19] 20158 4R . EILRET AL B S Am MM s K, I B RA B = AR 1

2.2. U-Net f4%

UNet & —Fid T BUE 7 B URE 5 2 B8 . UNet Mg5# AR & & A FE R = ER r ET 5% . B
G i s 77 ST PEHE B BRI P IR AE, 1T R 2 ) 47 SR 3K SRR N B 22 1K) 70 B SR« UNet (1 BRI%E
)R, PR R4 B s ST R P K 07 o IX SRR RS UNet REWS £E DR B B R A0 1) (R IR HEf st 3o
BT 73 E. BEAL, UNet i BARUD KIS HL, X RARE B FH E B I ZR B0 R AR . XA 227 ]
BT ICNEE, RO BB WA AR . SR, UNet ROARERATE. 4075 Or B RE AN
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B IS T O B UG 0 PR AR R B .
2.3. FAARSHE

AR R A R IG R ZR 56, iR R T IR AR AE A2 4 T e 2 5 B v 2 — o BRI, DA R IX Se TRy
TN R VF 5 T I o3 25

WRIEARBAZE[21] (ESR): S ARG IR (7] 80 B/ R SR B 3-43 1 . & 2 Fow, IR
W, AR ARG A o AR [ AR DL R 2 e i i DL A AR 3 D J K 5 i s e R e G e K 1)
PRI o dn SR S e 0 R R TR AR AR, ) 5 8 [RGB B S Bl 1. AL AHALLEE (ESR) &
SUTF, Pe 1 Pt 43 FiAR 3 S AEFOA 10 53 A AR o 4 36 ] K o

ESR = Pe
Pt

A% 1 (DA): IR AW S £ A2 o 8 BT S A 40, B W IR Bl 5 KT 7 R e f . anld 2 B, 008
M mAE M. DA EXAFR.
e,ee{o,ﬁ}
2

n—ﬁ,[z,n}
2

JEARER B R (FCR): SR LR LA R MR I SIS B R o R AR R R TR & LA P SE A,
SRR R AR, TARE LB (FCR)YE LR, Ar AR MR RO AR, C AR R i .

FCR:47I§

DA =

BEFIA A LE(TLR): JibRg AR LE 7T LLOE I T 58 R AR A s BESR TH 3L, AN Rl i
s R R SRR SO RN . W& 2 Bros, 206 R ARAE I XSO IR I AMEAE T . iR
BN EL(TLR)E AR, THFRIMEFHETR KL, L ARSI =L .
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Figure 2. Different contour lines for different shape features
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2.4. BUBYHE

IR FE S AR R B R AT B BUAE B AR, — IS B FAE X 7 SCERRHAE, T 5 T A S A 5 P )
e gt AR GO 2 FSRHE . WA H R 50 [22] (Haralick)Z 7 B3 T K B SL AR SR R H LK) 14 DGt
A, XTLRRE. Mtk rZE. WZEM. RACPER. R ZE. SR, . EE. ER. MK
PE 1 EERE. MO 2 MEEEE. RAMKRL. EARFF T, EH 13 NGt EAEFE R
RABOE R ISORRHE. BT RESAEER S 0 FIANJm, oS EIUHS &, Fn Y45
THEIFME, vTUARITHS R, 365 MHE, BRI EAR SR SRR .

3. A BRBFEISEHIRENTE
3.1. ABRBAESEREE

ASCFLRHE WP 1 FoR, Se M RN R U-Net 20 RIRR, 1530604 DX
mask, HRYE R 5X VKT mask ®I7> HE S —EBEARHESRIBUSEE,  FREEATRFAEZL R e A1 70 SR 28 VP04
AT 3 e 4 ) e LR AR Y

3.2. ElGHiESE

TEWFFCH, B 32 ok B %l 4 DBUI (Data of Breast Ultrasound Images) [23]. ZEE S AFE M 600
4 B E IR 780 5Kk IS BUR, I IR rIA% 008 PNG 28284, XEEEG A =38 IEH . RYEAM
WA o ARUEHE AL 399 4 R LM FEAFD 183 A W E MR FEAAE AL HARE . A EEERA HXT L
S EIFERL (A 3).

T IR EE BB 7 R AR AR, Pl ZR 8 F TN ZR 73 AL (3 4758 SCIRHIE) FVRFAE 126 48 S 77 2R
THEFE(10 H7T28 XIRAE) . LEYIZRHE 5 EG o B Il 2R 2 T 3G I ZR e 5 it AT U1 2, Rk
P IE 2 AT AR AN 4 R k8, SRS A I AR R i 2 B AR AR R 1) 45 ST VT A o

3.3. SrEIMZE
FEARTFLH, 2 EIFHEHELEEE T U-Net M2%, 2% 1 nnU-Net (B, XRGHAREAT 17— L5
Wb

X GREEfd HBEN LI R, . AT R FE A B R SRR R g, NG ELFERHT 3 $38 XEIE,
RS T Dice AT IR .
3.4. FHERI

RREFR R A B LA 4,

1) JEARFFAESREL, T 81 WX 45 10 75 21 (4 ek Jeg PN 358 [X 33k mask 25 THELTIRERAE , 2 e IR AR LR
i fl . WG EHER. WML,

2) SUHAFIERRIN, SUCHEASMEM LT 4 MR X P IREN(E 5). a Xi30E #1432/ mask, b X35
A& mask 2K S5 25 R IR mask 1S B — NI X, ¢ KI8& mask KR EL G AMER, d XA
FG o X PO X 35k ) s 00 2 e iR P38 ] P ) MK R R VB A5 B RO X 35k . BRI R AN PR R4 SR &
TE AR A Iy I eg X 38k P e v 2 T e v i eg J&) ) [X 38k, 3% YA [X 4k ) B2 TP 7E S5 2 S vp 2 ik — 2D BRIE
X PO X3k SRS AE Y R B F— 5K 5 BG, R IX PUAS X 38 1) e R AE KA N IR — AR AR 1 S R
I

3) Wit MAFANHERS EUG oD AT LIZKAS 264 (260 + 4)ANRFAE . X BORFAEALAE M DUAAR R X IR 3K A1 4
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ITREAERR BN EASCH, KR A LASSO Bk [24 W RFIEFEAEREAT 1T 5T

Figure 3. Benign and malignant ultrasound breast tumors and their corresponding masks
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Figure 4. Feature extraction flowchart
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Figure 5. Different areas of breast ultrasound images
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3.5. $FfEELE

AR AN A R DRI AS [F] R SR B R AE AT BB A 5, 1S BRI SHRELE, SR o st #E i
EX TR

3.6. 7R

TEIEN 2.1 532 2 I FRAILE Bl 45 LIl 2R AR LightGBM (Light Gradient Boosting Machine) 732525 -
BAVBEAER —HAR L EUZGAINR 7 HAR 3 AMr2kE8, HENKTERYS LightGBM 4r K287 HAL. 3
FhBEAHE K- 4B[25] (K-Nearest Neighbor), 37 #F[AEAL(Support Vector Machines), BENLARIL[26]

(Random Forest).

3.7. WNIERR

N APPSR AR PR RS, A 7 a0 LM A R bR . £ FIES S, FIA DSC
(Dice Similarity Coefficient)s IOU (Intersection Over Union). Recall. Precision. Global Accuracy 1 AUC
RIFAL 7> FIPERE -

ffifl AUC. ACC. Sensitivity fl Specificity JRITAH MR .

4. KBRS
4.1. FEIER

MR IS 1 582 FKIEHR, IR e RIEMCEYEMZE, fEunE8dE. HA gyl sy
482 SRINZRAEEIEAN 100 5K R . Oy 1 ik BN GF I R PIZRRCR, JATIRLK-F 8% . 2 B
T e MU T e RAB NI R A LAAS 21 4338 NUIZREEAS, JRIEEATS U-Net BT 3 #7258 IGIE. #
PERE AR A7 8 70 B R 28 F T AE AR _LRAT I &SR TR 1, &l 6).

MEER A TR, et Bodhs AL BR 5 I 2545 BRI AL 7> BIVERERLC B3R = 1 10% /24 . DSC.
10U A Precision (5284555373178 0778 0.703+ 0.899.

Table 1. Segmentation result

#F1. pEIER
PR
EAE e
DSC 10U Recall Precision Global ROC
Accuracy AU
P 0.666 0.547 0.687 0.796 0.960 0.904
B = 0.778 0.703 0.761 0.899 0.967 0.939
Mask Prediction Roungled; 10U=0.88, Rec=0.94, Prec=0.93
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Mask Prediction Rounded; I0U=0.85, Rec=0.87, Prec=0.97
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(b)

Figure 6. Segmentation results for benign and malignant tumors. (a) Benign tumor segmentation; (b) Benign tumor segmen-
tation

E 6. RMEFMTMMBHDEILER. () RUEMBIBERETR; Ob) BHEMBESRIERER

4.2. HFRFLER

4.2.1. BHEELH

HHHEA A A T AR 3, AT ATRFIESR AR 21 5 AAFAE, SR XF B 7% 3 FF 4FE4] NO.1-NO.5,
L ZF R D00 42 e 7 B DX AR AT AN R X3, FRAR IR S B TR ARRHEAS 3 6 5 SRR AL R R N %
3 FHFIEA NO.6-NO.11, HARFEA NO.11 2E & 748 5 HFHE. R4 12 e X FEiEd 11 78
LASSO [FEZ4E7F 3| RFEAINO.12) (W3 2), PRUbAFEI—3t 12 HRHE(NL R 3), TR A B R4t
FRIELL NO12 VENFRATI SRR IEAL . 1 R 4RS00 X 12 RFAEZH (5 3)H it — 25 B0 0IE AT HE i
FERRHEA A

4.2.2. SCIRLER

T 12 MASFIRRFIESETE 4 D288 HHT T 10 558 WIRE. B 7 BoR T 4 ANr2Ras b 12 ANRFE
) ROC k. & 4 SRHELAFI 2200 B B AR Fa bRt R . X 12 MEHEHTRR AT LA H, TR
FRIECHFAE NO.1) B AL T ot B LR CRFAEZH NO.2-NO.4), 1] A SRR ELL(NO.2-NO.4) ] LLE HY
A NSO RFIE L (X3 a, FFAEZH NO.2) P Re s i , HRIRSUERFAE A (X 4K b, FFAELL NO.3)PEREIL X,
FHNH SRR (XK ¢ d, FEAFZ NO.3. NO.4)HEREFR bR T LAE I E S X i, 5t 5 SRR 4
F(NO.6-NO.11), BiE R A FHERRZ 4, R FEAR R ERR T, HEZXNESHRS
TUARHFE, FTLARTR 2 LASSO [44E )5 (4L (NO.12) MEREAR T HABATAT & & 4. Xt DU Fh 23 2K 2% (0 L
AT LLE H, LightGBM Sk RE B B0 T Hofh = Fh oy 2588, RILs2ie /3 45 ie 2 R IE oA &
LASSO F&4EJ5 B EH(NO.12), B fE/r3588 4 LightGBM.

Table 2. Characteristic coefficients screened by LASSO algorithm
= 2. LASSO BUATREMFHER

RHIE S FR ER 4
theta —0.001010
DSR —0.181094
CMP —0.294333
DWR —0.114881
Inner-0 Contrast 0.001756
Inner-0 Correlation 0.014504
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Continued

Inner-0 Sum Average —0.008083

Inner-45 Contrast 0.032217

Inner-45 Information Measure of Correlation 1 —0.009291
Inner-45 Information Measure of Correlation 2 0.003110
Rectangle-0 Sum Variance —0.052775
Rectangle-45 Inverse Difference Moment —0.007978
Rectangle-45 Entropy 0.011290

Rectangle-45 Information Measure of Correlation 2 0.017163
Rectangle-90 Entropy 0.012900

Ring-0 Inverse Difference Moment 0.006270
Ring-135 Difference Variance 0.008834
Ring-135 Information Measure of Correlation 2 —0.068414
Whole-0 Contrast 0.034904
Whole-0 Difference Variance —0.002620

Whole-0 Information Measure of Correlation 1 0.017086
Whole-135 Correlation 0.036530

Whole-135 Information Measure of Correlation 2 0.006758

Total 24

Table 3. Feature recombination information

3. FHMEEARFER

Textural Features (65 x 4)

Features Shape Dimensionality
Cgﬁ)lﬁ;n;}g)'n Fea(lzgres Inner Arca (65) Ring Aroa (65) Rliiin(%usl?r Wh(zlgs ;&rea Reductl(oztz features
1 N
2 J
3 N
4 N
5 v
6 J V
7 J v N
8 N J
9 N ~ v
10 N J ~ N
11 N v J N J
12 J
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Table 4. Performance of 12 sets of features on 4 classifiers

4. 12 HFFEAE 4 15285 Bt ReRI

RFIE2H. P AUC HERR R RE K
KNN 0.635 0.717 0.855 0.416
SVM 0.872 0.902 0.952 0.792
NO.1
RF 0.94 0.959 0.99 0.89
LightGBM 0.956 0.966 0.982 0.929
KNN 0.669 0.725 0.82 0.518
SVM 0.653 0.759 0.937 0.369
NO.2
RF 0.869 0.895 0.94 0.797
LightGBM 0.857 0.885 0.932 0.781
KNN 0.613 0.679 0.792 0.434
SVM 0.59 0.716 0.93 0.251
NO.3
RF 0.798 0.845 0.925 0.671
LightGBM 0.817 0.849 0.902 0.732
KNN 0.608 0.682 0.807 0.409
SVM 0.514 0.681 0.962 0.066
NO.4
RF 0.72 0.787 0.9 0.539
LightGBM 0.742 0.8 0.9 0.583
KNN 0.526 0.634 0.817 0.235
SVM 0.5 0.682 0.99 0.011
NO.5
RF 0.63 0.728 0.894 0.365
LightGBM 0.653 0.73 0.862 0.444
KNN 0.709 0.751 0.822 0.596
SVM 0.759 0.819 0.922 0.595
NO.6
RF 0.867 0.899 0.952 0.781
LightGBM 0.898 0.921 0.96 0.836
KNN 0.717 0.765 0.845 0.589
SVM 0.832 0.866 0.925 0.738
NO.7
RF 0.878 0.912 0.97 0.786
LightGBM 0.905 0.926 0.962 0.847
KNN 0.665 0.723 0.822 0.508
SVM 0.691 0.78 0.93 0.452
NO.8
RF 0.911 0.933 0.97 0.852
LightGBM 0.961 0.971 0.988 0.934
KNN 0.709 0.751 0.822 0.596
SVM 0.782 0.828 0.905 0.659
NO.9
RF 0.901 0.928 0.972 0.83
LightGBM 0.955 0.969 0.992 0.918
DOI: 10.12677/sea.2023.121004 39 WAET RSN


https://doi.org/10.12677/sea.2023.121004

TRz %

Continued
KNN 0.717 0.765 0.845 0.589
SVM 0.793 0.843 0.927 0.659
NO.10
RF 0.875 0.911 0.97 0.78
LightGBM 0.959 0.972 0.995 0.923
KNN 0.726 0.768 0.84 0.612
SVM 0.797 0.839 0.91 0.685
NO.11
RF 0.89 0.921 0.972 0.808
LightGBM 0.961 0.973 0.992 0.929
KNN 0.635 0.72 0.865 0.405
SVM 0.855 0.89 0.95 0.759
NO.12
RF 0.916 0.945 0.992 0.84
LightGBM 0.964 0.973 0.988 0.94
Mean ROC Mean ROC
Lo model=SVM
) 1.0 Sp—
0.8 0.8
2 , 2
-4 _#" —— Featurel(AUC = 0.68 + 0.09) —
B 0.6 P Feature2(AUC = 0.74 + 0.08) ﬁ 0.6 f,::z:;:gg - g'gg N g‘g;;
B= F e — Featmei(AUC=0692006) || % —— Feature3(AUC = 0.81 £ 0.07)
2 P — ieamre:(ﬁgg = 8’§§ i g i]l?) 'g ~—— Feature4(AUC = 0.67 + 0.07)
.-; 04 F“:ZEAUC = o 0-05; £ o4 FeatureS(AUC = 0.64 + 0.04)
~— Feature =0. X L = _
E Feature7(AUC = 0.85  0.05) E :::ﬁ:-%igg - g;i " ggi;
~— Feature8(AUC = 0.73  0.08) =~ ~— Feature8(AUC = 0.90 + 0.06)
0.2 —— Feature9(AUC = 0.82 £0.05) 02 Feature9(AUC = 0.92 + 0.04)
Feature10(AUC = 0.85 £ 0.05) Featurel0(AUC = 0.92 % 0.04)
Feature11(AUC = 0.85 £ 0.05) Featurel 1(AUC = 0.92 + 0.04)
Feature12(AUC = 0.69 + 0.10) Featurel 2(AUC = 0.96 + 0.04)
0.0 ~~- Chance 0.0 ~~- Chance
0.0 02 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
False Positive Rate False Positive Rate
(a) (b)
Mean _ROC Mean ROC
model=RF model=LightGBM
1.0 = 1.0 ,
0.8 rd 08 )
o .
< 4 e .
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Figure 7. The average ROC curve obtained by 10-fold cross-validation of 12 sets of features on 4 classifiers. (a) KNN ROC
curve; (b) SVM ROC curve; (¢) RFROC curve; (d) LightGBMROC curve
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TELL R AE 73 R AR X e T AR HR AL 215 b 58 BT o e R 5 B B I 2 A0 DA CRIE 2 W o 15
MIRAT TR I () T A AR HP e 35 B A AR A (MR R R A 2 12)VE N BERARAE,  FH BT 143 25 3% (LightGBM) ]
WZREEHEE ER IR 2R, ARG XA AR AT I, e R % 5 . AR M
TERRE . R AR 50 718 0.966, 7371124 0.98. 0.938.

4.4. 5REZIHEREETTEE

AT BRI AR P REAR B, FRATIREN T 8 I LR R B S S A 34T S . IX
JUEH VR FE 2 ST M UG B AR S 7E ImageNet _F AT FONIZR1G 21, ERATIR] 0 1 FUIREE R B I 25 L)
HERESE, FHAEMKE LNEMERIEIr K 6. WTULEH, TAITRE W TEEREEHE ST
VREE 2R ) AN

Table 5. Performance of the model on the test set

5. REFEMAE RN

e FFIEAH BERSL] AUC RS REE 557
7 0.959 0.966 0.980 0.938

LightGBM NO.12
= 0.962 0.970 0.987 0.938

Table 6. Compare with the deep learning models
6. SREFIENMERFILL

kit ACC Precision Recall
ResNet101 [27] 0.920 0.915 0.915
ResNet34 [27] 0.910 0.885 0.905
VGG_16 [28] 0.900 0.900 0.890
VGG_19 [28] 0.870 0.855 0.865
GoogLeNet [29] 0.910 0.900 0.900
SqueezeNet [30] 0.900 0.900 0.865
DenseNet [31] 0.880 0.855 0.890
EfficientNet [32] 0.851 0.852 0.799
SwinTransformer [33] 0.795 0.778 0.732
VIiT [34] 0.821 0.857 0.735
AR 0.966 0.968 0.980

5. it
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