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ABSTRACT

Objective To explore the value of imaging models with different machine learning methods
in predicting benign and malignant breast lesions. Methods The clinical and imaging data of
271 patients confirmed by histopathology in the second affiliated Hospital of Xiamen Medical
College from August 2018 to May 2022 were analyzed retrospectively.The stratified sampling
method was used to divide the training group and the verification group at the proportion of
7:3.The third phase of dynamic contrast enhanced MRI (DCE-MRI) was used to extract imaging
features.The training group uses redundancy analysis, minimum absolute contraction and
selection operator cross-validation algorithm for feature screening. Four different machine
learning methods with supervised learning, logical regression, support vector machine, adaptive
enhancement algorithm and decision tree, are used to predict benign and malignant breast
lesions. The receiver operating characteristic curve (ROC), accuracy and F1 measure were used
to evaluate the advantages and disadvantages of the four machine algorithms, and verified
by the verification group. The calibration curve is used to evaluate the deviation between
the predicted probability and the actual probability. Results Based on 17 imaging features,
the prediction effect of logical regression algorithm is the best in distinguishing benign and
malignant breast lesions. The highest area under the curve (AUC value) is 0.832 (0.744-0.919) in
the verification group, and the accuracy is 78%. The F1 measure is 0.790.Finally, the prediction
model is established by logical regression machine learning algorithm, and the calibration curve
of logical regression algorithm model has good overlap. Conclusion Logical regression machine
learning based on breast dynamic contrast enhanced MR imaging model is helpful to distinguish
benign and malignant breast lesions and provide guidance for clinicians to make decisions.
Keywords: Radiomics; Breast; Magnetic Resonance Imaging; Machine Learning

20205, THIBEETSRALEEETShHLERY, 2028, RESETD
AT 2EBEAITEUE, 2000-2016E LM BELFELEE—EaEEM, 1
EWN+HER, BFUFBERANBOHMAIAY, LEENEXTENEETEEN
BHrEE", RIEERSABEML(NCCN)FIBI-RADSH AL BB HEIsR, B4XAE
TR X N B A B RENR AR ER NIRRT R, AUEHRABRE
MHETHEARSNESE, ALITATH, LERTHRTHNLHERNLERRATH
EXRN—F, LENEBERMEMR)EZRN—FIEERANEA, SUBEEME
ERAEL, EHEABRBEMFETLYTEEESNRNE, LERAN IR R
A& (DCE-MR)EL A BT FET A mes 2 BERY, BetA2ELBDCE-MRI
FRE R FA MIS BT (N ELARR T ST . AARBAR S LR TN LR 5 S AR SR %
M) SIS (B AR, BB S ATHRA. 8X2RKK) LB HT
EE, B EHRREE TR SILBNEGAP NGB TR
EEREMERISHNEE, EBIERETEENREEET, NIERETHRIZHS
Z, AAREFABRNSLIEEBMRIMNNEZ BB LB RESERFEE, Ak
RE Rl RIS S,

1 BEESE
1.1 IRREH sHREZEIEZRHNEE _ERCEZRIFE, RRTHESSX
TMANEENNERES, #HENXS: 2021027, FRARERRNEEEBRIR
TENEZRNES —ERFEFESEHALZ(PACS), RITELWET 2018588
EL22F5BAKRMIZHN241BIBE, H271MmE. BEY ALY, HREMHHFET135
N49.82%), BEFHR27~72(47.91£10.03)%; RMHEL1361(50.18%), BEFIR
16~72(39.27£9.97)% . RIUERE BIERLERRBEI4NARER, 541, FLERIBELT,
SERILKRBEIT, ILEREWELY, RUEMHRMEST, AREMIT, HREILERA
154 BERZYAIERE, HRFRBESERI2ZT, TR WED, =Bt
E3N, SERMEST, REMEMRERE2D.

NI MRIEHTRRIZIZH, SFRUFAREZENLR; BEEPACSTE
STENMRIE G, HERERRENIRESMULIRAUDCE-MRIFHE, HbsinE: 7
BRDCE-MRIfERITTEI. BT ST ; HEEGRERE, EMEEIEMNE. &

(55—1F&] B3O8, 5,
(BRfEE] i R, 5,

82 -

BIEEEM, TERRAME: LRGSR ATLERE. E-mail: luowenkris@163.com
BITAEM, TERRAR: PIRHBERARIABRZARIZE. E-mail: gyan@stu.edu.cn



HIEFHREMIGRE R AT,

1.2 /3% MRIRZERFEGE Discovery 750 3.0T MRIFH(Y, %
BRERIABRLEE, BEMEMI. ERAMXAMNSX L IE5E
Vibrant 3D %!, BBCESTELSERER, FIEZ0.19mmol/kglk
B, FSL2.5mL/sERZEST, Rk TRAEE, F5E
PRI oRTIIE4R522s, HOMNAE, B AREIESS58s, B
E=2.8mm, TR/TEJ5.0ms/6.7ms, %EEN512X512, FOVA
36cm X36cm,

1.3 KBAF ST

1.3.1 BG=45%E RANIERERID-slicerFFRRMH, #%EF
DCE-MRIFZ=HAEEG#HITAE, BiH—IHEIREBEIM(R
BSFEU LB TEER)ARBMINSEZEAIBEROI, FRFLN
ZHATAREX (volume of interest, VOI), AEH—RM
REIFEEM(ABLI0F LILREMRITER L) EZHIAVOI, 7
BEEZENSEBEIHE —BEIRER MUBEREEAE
B R RBRA DR IE R AR,

1.3.2 AR HHERE REIAEAREEDCE-MRIEHVOIGE,
SR BN B IREHT 2@ 3D-slicerf i Semify, HpgEA1E
B “Radiomics” &R, REBARGRINGE. HIEESS1INE
WRIBEBIFE, B1IF18N—MAITFE. 14N ZERRIFE.
AN TREHESEMFRHE. 16N REFIZMMEFE. 16N REKX/)
XIHFEPEAFE. S5 EMHIR EEEPERL. 14N REAE XIS
FEFNT 440 REHIE

1.3.3 HGAFRAIRIE SRBEEARNBERT MR 309t
B9 7189 M INLZRAF 82 NIIEAR , FFII4RARBITIFIETR
WERBIMRR, WIFARQIERNMEE, 8%, AT ESRT

CHINESE JOURNAL OF CT AND MRI, APR. 2024, Vol.22, No.4 Total No.174

EE, RARRES TR Spearmantlx & EUHITIFLT
%, SpearmaniBx(RHMIBERSpearman>0.90M4FE, IRFH
—HAREEXNEE;, X, FRSNENKENEEREFEE
(least absolute shrinkage and selection operator, LASSO)3
ATFEIMSHAFERRBENXBISE. MEHRENTGRAT
1HE, &EEELASSOEAN A EiKIGRadscoreNItE AT,
BEZARFHENIRFEERIRadscorefEs,

1.3.4 HlEEFEIEE FAEEEYI(logistic regression, LR),
X FFREEZEN (support vector machine, SVM), BIERIERE X
(adaptive boosting algorithm, AdaBoost), R &#(decision
tree, DT)4MHEFEIFEMELNLEAFRIENERE, &
HIIZRA R IIELAROCH %, AUCETENESE S AERIMERE.
TR IR EFYI D BB R S HEE X 2 BRI E); T
KROHRENRAFIERE, FIEES, HENEHE",
1.4 FirERH RAR 4L 2BEARGERITES W, WELIT
ERMEHITESHHRE, ABLBRRARBRUER tKRE
g Mann-Whitney U #0538 ; HETEARBLRIXARARIY
Fishertdf, RFAUCHE. EWERFUEIT HL4THNBZFEITEA
FRAUTUUILRREMTMRE; LHIRERZR TN TN
EMEEEZ BNRE. P<0.058IANEEAITERE N,

24 R
2.1 IGFRBEBELE 34 AFMKITA P BENIRRIFENRL
Fim. MAREREMFESENEREZTELSEEEER
(P>0.05),

R1NEBEEXIRKRFEER
FHE IZR4 (n=189) I97IE4E (n=82) BE#(n=271) P& x *HtE
() 43.00[35.00,50.00]  44.00[36.25, 52.75] 43.00 [35.00, 50.00] 0.3589 —2
BB (%) 93 (49.21) 42 (51.22) 135 (49.82) 0.6597 —b
KFBRD = 1(0.53) 1(1.22) 2(0.74)
SERME 4(2.12) 1(1.22) 5(1.85)
RALSER 87 (46.03) 36 (43.90) 123 (45.39)
RN 1(0.53) 2(2.44) 3(1.11)
RIEAMARRRE 0 (0.00) 2 (2.44) 2(0.74)
RHEREE(%) 96 (50.79) 40 (48.78) 136 (50.18) 0.1876 —<
SERIKRE  6(3.17) 3(3.66) 9(3.32)
RIEMH Ry 3(1.59) 2 (2.44) 5(1.85)
FLEREAIE 1(0.53) 0 (0.00) 1(0.37)
FLARER 2 (1.06) 1(1.22) 3(1.11)
FLBRBRTS 37(19.58) 17(20.73) 54 (19.93)
FLARIEE 8 (4.23) 7(8.54) 15 (5.54)
SRR 28 (14.81) 6(7.32) 34 (12.55)
FRIRELZLBR K 11(5.82) 4(4.88) 15 (5.54)

#: % Mann-Whitney U 1038 , RIBESAITEME; "R FisherkBinless, KiRMEAITENE,

- 83



HEICTRIMRIZRGE 2024448 $£22% $4H85 28517488

2.2 BEMERIFERIY FASpearmaniix REHITIFE R
WEHI3TMFE, AEFERALASSORAHIEH S 5REMEN
1T RMAFE(E2), HPESHELDY, NEFEL6N(R2).
LT RIUFHE#HITRA LASSOEIAD T, REXBGAFRE
(Radscore)MitE AR

Radscore=(0.3707682XOriginal-shape-
Elongation+0.1641080 X wavelet-LLH-firstorder-
Kurtosis+0.3457458 Xwavelet-LHL-firstorder-
90Percentile-2.1917205 X wavelet-LHL-glcm-MCC+
0.7759611 X wavelet-LHH-glcm-Imc1-0.6428797 X wavelet-
LHH-glcm-MCC-0.8216812Xwavelet-LHH-glszm-
GrayLevelNonUniformityNormalized+0.2197961 X wavelet-
HLH-glcm-Imcl+0.3842319 Xwavelet-HHL-glcm-
InverseVariance+2.7479416 X wavelet-HHL-gldm-
DependenceEntropy-1.5819317 X wavelet-HHH-glrlm-
ShortRunEmphasis+0.5871974 X wavelet-HHH-glszm-
GrayLevelNonUniformityNormalized+0.4317666 X wavelet-
HHH-glszm-GrayLevelVariance-0.3301301 X wavelet-LLL-
firstorder-Minimum-0.3490483 X wavelet-LLL-firstorder-
Skewness-0.5010552 X wavelet-LLL-glcm-DifferenceVariance-
0.1046186 X wavelet-LLL-glcm-MCC)+2.0298021, FLEREM
RT AT RTHARadscoreitF P BERABE LR (E3), I4RA
F, BMETHRadscoref BT EMRET(P<0.001); HERIE
AP EIIRIE(P<0.001)0

23 HMIBEIRBER UIGARRIEAITH B S 550
RIERBIROCHIL (F14); AR 835 ST BL A BEAOLL B (R3FI &
4)o BIFARLRILESS S B REM3MEANAUC, A
FIEEER, 9370.832, 78%K0.790, HALILRHEF S
AR GAFRE,

1)

R RN SAPRE(RYIFER) SHERNBERY

FARBFIHE E235

Original-shape-Elongation 0.3707682
wavelet-LLH-firstorder-Kurtosis 0.1641080
wavelet-LHL-firstorder-90Percentile 0.3457458
wavelet-LHL-glcm-MCC -2.1917205
wavelet-LHH-glcm-Imcl 0.7759611
wavelet-LHH-glcm-MCC -0.6428797
wavelet-LHH-glszm-GrayLevelNonUniformityNormalized -0.8216812
wavelet-HLH-glcm-Imcl 0.2197961
wavelet-HHL-glcm-InverseVariance 0.3842319
wavelet-HHL-gldm-DependenceEntropy 2.7479416
wavelet-HHH-glrlm-ShortRunEmphasis -1.5819317
wavelet-HHH-glszm-GrayLevelNonUniformityNormalized 0.5871974
wavelet-HHH-glszm-GrayLevelVariance 0.4317666
wavelet-LLL-firstorder-Minimum -0.3301301
wavelet-LLL-firstorder-Skewness -0.3490483
wavelet-LLL-glcm-DifferenceVariance -0.5010552
wavelet-LLL-glcm-MCC -0.1046186

2.4 TN EE TS L4SHosmer-Lemeshowibl, A
REBFNLIRFNERLIIABRE. BERTNEN, 2HER
TENIRA R AP LRI B RO A BB A E S EIYR
0%, BRESMREE(IZA: P=0.782, i : P=0.840)(ES5)

1c) ®

BE1A-BIC & —&B 2, A0RAEMILIRE S5 4 EROL, EIARIBN S % R E AR X, 8] — 6725 LM B 10 A M ALIRAD £ R IRIZIE M 5808 (4R E) 1B
K EMIRANT ZMRT BB GRE) 5 BE1CH IR 94 W B e 2 09 B AARV0T.

o ic)

o) oc)

F2A-P2B LASSOME JI4FAEff5 6 I, R S 2 R IEAE A/l MEBG 9 RR Z A, E2A LASSOMR o S8 A i fbny &, B AT N log (), HAFRA =4 Kfm
Z, FEBEEARERM log (M) BIMTERFTEN(E,; 2B it RHIKRKE, FHAFAERRZENANH, THEF HLog (V) HBFTA

R, AN R Llog (M) FrEfrE .
BEI3A-B3B I ZR 4l (34) FudeiE 41 (3B) label=0 (FLJE B M %) Folabel=1 (B4 %)
BE4A-P4B | 54 (40) KILIE AL (4B) 4R AL 5 3] 7 vE A AR R BROC iy 4.

, Radscoreft 77 47 X ..

BEISA-BSB FONBA A | SR 2L (SA) Ao B i 41 (SB) P I FURR B . o 7% b 7 A ot k.

84 -



CHINESE JOURNAL OF CT AND MRI, APR. 2024, Vol.22, No.4 Total No.174

B3 IGAAFNBEIREBAEN LR
BERE  AUC(95%Cl)  BUERE  HRE MEFIE PETIE EHX F1f&
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SVM 0.914(0.874-0.953) 0.913 0.781 0.802 0.903 0.847 0.854
AdaBoost 0.806(0.752-0.860) 0.913 0.698 0.746 0.893 0.804 0.821
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SVM 0.827(0.737-0.917) 0.810 0.650 0.708 0.765 0.732 0.755
AdaBoost 0.680(0.581-0.780) 0.786 0.575 0.660 0.719 0.682 0.717
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