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Intratumoral and Peritumoral Radiomics
Based on Multi-parametric MRI
for Predicting Preoperative Ki-67 Status in
Breast Cancer*

LU Yan, JIN Long, DING Ning*,JI Yi-ding.
Department of Radiology, Suzhou Ninth People's Hospital, Suzhou 215200, Jiangsu Province, China

ABSTRACT

Objective This study was to investigate the value of intratumoral and peritumoral radiomics based on
multi-parametric MRI for prediction of preoperative Ki-67 status. Methods A total of 120 patients with
pathologically confirmed breast cancer were retrospectively included and randomly divided into a
training set (n=84) and a validation set (n=36). Radiomic features from intratumoral and peritumoral
regions (5mm) were extracted from T2-weighted imaging (T2WI), dynamic contrast-enhanced
(DCE) imaging and diffusion-weighted imaging (DWI). Optimal radiomics selection choosing T text
and LASSO. Principal component analysis (PCA) was applied for dimensionality reduction. Modes
established by support vector machine algorithm. The performance of models were evaluated using
area under the curve (AUC), accuracy and F1 measure. Results A total of 25, 20 and 23 imaging features
related to Ki-67 expression status were selected, including shape, density, texture and baud sign,
respectively. The prediction model was established based on SVM algorithm. In the test group and the
verification group, the areas under the curve of intratumoral + peritumoral model, intratumoral model
and peritumoral model were 0.91 (P<0.05, 95%Cl: 0.733~0.980), 0.86 (P<0.05, 95%Cl: 0.631~0.931)
and 0.94 (P<0.05, 95%Cl: 0.931), 0.86(P<0.05, 95%Cl: 0.778~0.935), 0.78(P<0.05, 95%Cl: 0.684~0.878)
and 0.82(P<0.05, 95%Cl: 0.738~0.912) respectively. F-1 scores were 0.93, 0.91 and 0.96, respectively.
0.79, 0.86, 0.88; The accuracy rates were 0.92, 0.88 and 0.95, respectively. 0.86, 0.78, 0.83, the model
has high area under the curve, F-1 score and accuracy in both test set and validation set. Conclusion
The model of combined intra and peritumoral radiomics derived from multi-parametric MRI has best
predictive value for Ki-67 status.
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ARER LU R ENNTBEME, RRERIAEESE . Ki-6T5MERERY
REZRRETEX", ATK-67REKFNLVBBEISRERRREFE, —&
BOEB3IAHLENRRY, Eit, EERRERTLAINK- 67RAKTE,

G AF (Radiomics) IFERRELE, BIRNEREFZGREZENEHE
E8, BAKKASERE . BEAFE ZEATRERNILRMEHOKI-67, Her-
2(human epidermal growth factor receptor 2)BAf4ZRA. FEBIM LT R EZZE"?,
ERLEMAREFZSHMRI(multi-parametric magnetic resonance imaging, mp-
MRNFEGAFRITIREK - 6TRERS, EXRHARH, RITEZHEAMp-MRIEHE
T2WI(T2-weighted imaging), DCE(dynamic contrast-enhanced)fDWI(diffusion-
weighted imaging) F%l), BEFBRBSBEZHRGAFRE, AR Ki-67F
RIK AR E N A] SRRV R HES

1 BEEA®*

1.1 FASRNR B4 S720184FE18 E2022F 11 B HREEAM T ENA RERES AT
M1452 RSN S ERESE, EH29-67%, FIYERSTS ., MNTFESIESTRI—
BB ALRER. Ki-6TRNMNZSHMRINE, HRiTEaERGREEMEE LT
W7, BREIEEN12062BE (T26IKi-6THRIK, 48FIKi-6T{RFRA)MNMT, LAT : 3tk
153 7R 5 (n=84) FILIEEE(n=36), A REICIEE R AE[KY2023-040-01],

1.2 (NBE5AE RMA3.0 THIERSN (Verio, Siemens, Germany) & & AL
MABEREILE. AEFIEE: (1) T2WI(T2-weighted imaging)F5:TR (repetition
time) 73380 ms; TE (time to echo) X 61 ms; HEEEN4.0 mm; EEEFEN0.8
mm; FOV (field of view)7340X340 mm, (2) DWI(diffusion-weighted imaging)
5. TRA5500 ms; TEA 5ms; BEANSmm; BEIFENL0 mm; ¥ EBRAK,

b=800s/mm?; FOV#3340X349 mm, (3) DCE(dynamic contrast-enhanced): TR
4.67 ms; TEA 1.66 ms; BERN1.2 mm, WLEFIEAGI-DTPA(SIRER, FEHIZH,
=E), FERN0.2mL/kg, EE 2.5 mlL/s, FAEILEMELFM,

1.3 Ki-6THM RARZ ALK F (immunohistochemistry, IHC)A7EKRN, H2ZEE
10F L LR IZIARMNE FEEMUE S ARMAMRE T 2 IER Ki-67 RiXiESD,

Ki-67>14% RE&RE, Ki-67<14% REFRA"Y, BRA—HE, 2R,

1.4 KBHEF S

1.4.1 ERROIGE BABRT2WIFSG. DWIFETIRehAS1EiaE — HEGM &I

(5—1FE] i #, %,
(@REE] T & %,
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BE R (picture archiving and communication systems,
PACS)LIDICOM 1B EA3D Slicer®ff (https://www.slicer.
org), BANGKELX, EMBISEEDEKAEBX (region
of interest, ROI), ¥E2E R EETR (volume of interest,
VOI), J8E X (M@ M5 mm) i BEIFREY(El1)s ROlmxil
ROlma 7 BIIR1S851MNMAFNFIE, BB —MEHESRHE, 14
MEREBE, 75N R T44NINEESFIE, ROlgngrflaie
BY1702 M1,

1.4.2 BRAFRIRNSHSRF IREERE EFPyradiomics
(https://www.radiomics.io/pyradiomics.html), EBtHIaF
R/NASTU R IR BA ( least absolute shrinkage and selection
operator, LASSO)SY#UBH#ITHITRX X IIE, it &RMAHE,

1)

S #FREMN (support vector machine, SVM) XHTHIERI KA T
M ARAZER (radiomics model, RM), $X1ERMgm.
RMarXRMammm, TIIFEIRIESIERIZHMEE,

1.5 i ENH BEREATESTEART (B NFYE
(tFEZE, SD)RT. FASPSS 17.00# %, ERAEIRIIFEA
R IITEMNKI-6TERIEXA. RREAARIRKIFENELETE,
P<0.05AF 41T ¥ 2 X. FHApython3.9(https://www.python.
org) #TRITFE N, RIXERERAE (receiver operating
characteristic, ROC)#h4k TEFR(area under curve, AUC)&RR i
MM EE. LASSOE A, ROCHIZERA “sklearn” &, tHIGXKFA
“scipy” €, P<0.05AERBHITFEE N,

1c) ®

Bl 58 E —MEG 4B ILRAROI A EE., 1A ROEN (56 X3H); 1B:ROEE (L6 X3); 1C: ROLE REE e+ 6 RKH) .

24 R

2.1 —mRIBFREBEOIT FERREZRBEK-6TRRTIAA
EE BT ER(P>0.05) (K1),

2.2 BAGHEIEIREY T840 BEAMMIIGET, RAHRK

AT XIIERLASSOR A 1TIR L (E2), 793HiIEH25,
20, 2315 Ki-67 RERSHEXNZKRAFRIE, BER. &
B, 80K/ NI,

®R1 BEIEKER
EE IIEN=84) I03FEE (n=36)
Ki-67& %K (n=49) Ki-67{E&X(n=35) P& Ki-67&%iA(n=23) Ki-67{E&X(n=13) P&
FEF 55.94+8.12 56.29+9.08 0340  54.70+9.89 55.69+10.66 0.517
BERTS 0.795 0.878
S 21(42.9%) 14(40%) 13(56.5%) 7(53.8%)
2 28(57.1%) 21(60%) 10(43.5%) 6(46.2%)
2] ® )
® o ) o]

B2 A 5807 i fado/ N xR %8 An k3R T (LASS0) 48 B 3 #4/T/8 W (24, 2D). JEJE (2B. 2B). JEAWAH/EA (2C. 2F) A4 ¥

HAE% .
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2.3 BEHBREMETN TEA. BE. BRHEARES
FRSFE DR BEFSYMBZBE I FUNER, XAIZEERE.
BERE. BRE. F-189MAUCE (R2) K IFN 2 3keE,
RMam. RMaaXRMugnma EMIXEMNAUCH 51790.86(95%Cl:
0.631~0.931). 0.94(95%Cl: 0.689~0.961). 0.91 (95%ClI:
0.733~0.980), 7EIIEERMan. RMua X RMgmmmBIAUCS 5l
790.78(95%Cl: 0.684~0.878). 0.82(95%CI: 0.738~0.912).
0.86(95%Cl: 0.778~0.935), RMam+mmfYAUCEFRMan. RMmm
(B3), EWIEES, HHRE, BEX, RHE, BREKF-1F
NEEZITEERMgmmm3dETFRMan. RMaro
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2 BRMFUTL IR Ki-6 7 RIE K TR RE

gid) EHE BER  IWE BRE F-187 AUC(95%CI)
Pl
RMgp  0.88 0.88 094 078 091 0.86(0.631~0.931)
RMgm  0.95 0.94 098 091 0.96 0.94(0.689~0.961)
RMgp+mm 0.92 0.92 094 088 0.93 0.91(0.733~0.980)
U3
RMgp  0.78 0.83 075 081 0.79 0.78(0.684~0.878)
RMgm  0.83 0.82 0.9 0.75 0.86 0.82(0.738~0.912)
RMgp+mm 0.86 0.86 0.88 0.84 0.88 0.86(0.778~0.935)
5/ )
5 o

B3 = FAE A XA TAEARAE (ROC) M 4. SANJE WAL SBEERIEEAL, 3CHEA+BRKR.
B4 2 F £ S8 AR Atk (np-MRT) S8 9 BX-68 B 0 S AR AE R AL .

33 i

EHRAFTUSEFEGELNISE. TRORIEEE, M
TXEIHITLE. ARIGTE Y, B8, —LHRETREN
EHRLERAR, BN TERAFEK-6TRAZENER ", 1L
EEFMRIFST AR TN LB PKI-6TRIBRSHHARASBIE
FE—MRIFS, BEEERRFTIZENEREMEME ),
Yasemin" %42 H DCERADCHFE 5 BI4E & 1T IL AR R BIKI-6 7R
HKKEFNREE RS, Huang BN EF 2B RMRINFEA
F#EEML(machine learning) AR UL TN ZLAR PR ER
MR FIRMTRA, EEHARE, FIIMT2WI, DCEMDWIFEZ A
AR E G PR R A AP A FIKI-6730A K o

Ki-67TR*KTEME, AFREMNFERE", KZHR
NI BRERKI-6 TR I BAE H ENETTFRERNAR, M
ZETHEAEFENEE, NHEEERCERKBARY
B, WHEBNHE, EBNATrRAN~EaEEEMIRK
B gmadEEY. sV e WHRRERE
/B e B B AR R B0 T 5T 4B SR A E T LR B SRR B9 12 T R D

FETM. ZhangZE ™ HR2~-8mmiEE K HE S BT K
FHE, IREBAMmMEKENEN =AML RESHMONREX
i, SmmEEELEIHER2 MM PRMSKE, BramanZE T
TN FLARE R BN T B R B IRFpCR (pathological complete
response) AR H, BHE2.5~5mmBYEBRAXKIELEEERNER
BERIFHTUNNEE. BAKESEBRAFGAFREEN—FMEHE
NEFEEINAZE, BIEEMBRIFHENREARHALKNR
BFEERE, AIRFRERNEHZS S5 ERMHEZMR
&, ATRFINMmE MR EETENEEKIE, NMAEEIE
RELEHIEBHENMELET AR,

EEAMRF, HMNEFmp-MRIBHTHRERE, HEHRE
A, BRUREANBERSESNEE, BISVMEEEIRMy
wv RMaaFlRMagpmm, FUNKI-67TEZLARERARAER L. SVM
B—MINEEE, TUEAERMATENE R TXHILNEER
BRIFNTNEE, ERFLERASWHMARES ™, HRML
ERGAFFERERNERKNEL, NEFHENNER S
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EX, NEERBXRTEGNMENRES S, EISEEEH
FRIEEGLIE. BRENNER, A7 ES*FUBBHIEAE
B, MAEGAZXRHNs™, £2XME, mIREP, RMan.
s RManfIAUC, F1E. HHX, BRERERENES, 8
ERIFAEF, RMan-uaiiRManfIRMaafUAUC, F1E. AR,
EHRERERENSS, HEMAREREES T UENESE
BIMTONNE, BEBEAKIGKE Y.

ARRNBIRY: Bk, X2—HRPOEREHR. AT
REBANTNNE, EEHTEAMBENSHORR. HX,
DCE-MRIFFMUEIRE - HEG, #H—FBALMBHEE T
SBTESAT., £=, HEHRT, BEAEESEIEIINE
5 mmMEERREN, SENEEAT BREENISHTAL, WU
WITHRE B RENEEEE.

SRR, BEASGEFBTTUABERRKISEMNTE
B, EFmp-MREABAFEEZTNKI-6TTNEE, R
BUTRAST BITEMEL, RN ISR AR E R TFE
FEFENAR B ENTNEE,
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