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(LTI R B B2 IR 759 26607152, 85 K27 IR BESE USRI 754 266000)

BE.a6¢ FHTATHIR X KB A3 SR EE kM (dynamic contrast-enhanced magnetic resonance ima-
ging, DCE-MRI) #9#U % 5 5] LA T SLAR J% & =% #7 46 34 76 77 (neoadjuvant therapy, NAT) J& J% 2 % 44 fi# ( patho-
logical complete response, pCR) #9185, Fik WAL 2016 F8 AZ2023 57 A THEXFWEER (M
1) BB SR ME L (P 2) 3% NAT 5475 K49 396 4 SUAR IR B & 4, sk A AL 1 69 320 4 & k3 7:3
Wbl ALy D 2k S Am B 4R Sk B WUA 2 89 76 4] B B AE h Ak S e SNSRI GRS 3T B NAT 15U X K4 %
% DCE-MRI B 4% 3 47 & ,\@l:ﬂl(reglon of interest, ROI) 4] & 4% AE32 B ¥ 4 7% ik | A& A 3+ & & AU (support
vector machine, SVM) AL 5 J HixMAE BB AFER  sHiE RFER T ERZ-SHEFEZH w0/, REL
A G5 e IE Rk IR B TS R KBRS F AR L 05 Rk R B 42 R SVM LB
P EBEAMBELE AR KA LR F T4 4E (receiver operating characteristic, ROC) w1 2% 49 W5 & T & A7
(area under the curves, AUC) A4 H B 457 F= Fl-score #F M BE A a1 4k | 204 B wh 2537 M BE A 64 4oL
SHE R A B R 24 7 (decision curve analysis, DCA ) #F4& £ A 69 16 R & Jﬂﬁ\iﬁio R BAEUBAFER
FRmPEAE 5 Tl RAEA SUIE X KB Y YL M F AN MRI LA SR L ENAE BiEE R BiEE
AUC %% 0.899.0.850 % 0.765, %A A RN et ik, L AN % E BIEE IR IEE AUC 2 5 A
0.918.0.856.0.795, HLiZ AL FL AT B 45 69 KO 48 Jy A= s JRIC 3. Delong #2877 I JRAR AL 15 25 A4 4 AUC 84 %
FA G FEL(P<0.05), %k A TIIR X XE¥ A DCE-MRI #9#L % 5 5] BEA T AFN SLIRE & # NAT /&
pCR, B B A & & ¢ Faml 4k
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Machine learning model based on mammography and DCE-MRI
to predict pathological complete response after neoadjuvant

therapy in breast cancer; a dual center research
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Abstract: Objective To investigate the value of machine learning models based on mammography and dynamic con-
trast-enhanced magnetic resonance imaging ( DCE-MRI) in predicting pathological complete response ( pCR) in breast
cancer patients after neoadjuvant therapy (NAT). Methods A retrospective analysis of 396 breast cancer patients who
underwent NAT followed by surgery from August 2016 to July 2023 at the Affiliated Hospital of Qingdao University
(Institution 1) and Yantai Yuhuangding Hospital ( Institution 2) was performed. A total of 320 patients from Institution

Yofm B #3:2024-11-25
ESWE . [}R AR 4E(8207071895)
BIS1EE . 5iH#, E-mail ; chenjingjingsky@ qdu.edu.cn



X i, 55 B TR X 5% S DCE-MRI AL 25 21 AR 0 2L i Bl Bt 7 5 i B8 2 22 i AUh b ks 61

1 were randomly divided into a training set and a validation set in a ratio of 7:3, and 76 patients from Institution 2
served as an independent external validation set. Regions of interest (ROI) were delineated on pre-NAT mammography
and DCE-MRI images, followed by feature extraction and feature selection. The radiomics model was constructed using
the support vector machine (SVM) algorithm. Clinical features underwent univariate and multivariate analyses, and sta-
tistically significant independent predictors were used to construct the clinical model. The comprehensive model integra-
ting the radiomics signature and clinical predictors was constructed using the SVM algorithm. The performance of the
models was evaluated using the area under the receiver operating characteristic ( AUC) curve, accuracy, sensitivity,
specificity, and F1-score. The calibration efficiency of the predictive models was evaluated by drawing calibration
curves and decision curve analysis (DCA) was performed to evaluate the clinical utility of the predictive models.
Results The combined radiomics model demonstrated better predictive performance than the clinical model, mammog-
raphy radiomics model and MRI radiomics model, with AUCs of 0.899, 0.850, and 0.765 in the training, validation,
and external validation sets, respectively. The comprehensive model showed the best predictive performance, with
AUCs of 0.918, 0.856, and 0.795 in the training, validation, and external validation sets, respectively. The comprehen-
sive model exhibited good calibration ability and clinical benefit. The Delong test showed statistically significant differ-
ence between the clinical model and the comprehensive model ( P<0.05). Conclusion Machine learning models based

on mammography and DCE-MRI effectively predict pCR in breast cancer patients after NAT, and demonstrate prefera-

ble predictive performance.
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FLUIR I AR R BR AP R R — SET R
S— B % Mk Bl BT % B IR JT (neoadjuvant
therapy, NAT) J2& Ja) &5 i 1) L i o 189 KL S8 3R 97 O
ISR B AT BT R B RE R ST RO A B Y
GYUAIRTT , T g e 30 LA 3K 3 bR o e DD B 4
I PRFLA ARAS 24 U VA DGR B AR TS R
SRITIE R P EGE B E WS WY 2%
fi## ( pathological complete response, pCR) [ 4 b i
i NAT J5 F AR b5 A 19 95 BL 45 2R, 238 i Miller-
Payne( M-P) 434k P A, v M-P 5 44k pCR.,
#r NAT J5 ikt ik pCR, W 7 £8 2% 1] $JA5- 55 4f 1Y
BEMIRCR Y S SR, JFAS 2 BT A BB #RAE M NAT
ik as, WFSE R W] NAT 19 pCR ALK 19% 7,
X T NAT J b 22 19 3%, AMUE R ZIRr A R
B g, oAl fE SiE 2% T AR AL 2, 5 ik e gk JiE X
B Lo PR, MERA T NAT J5 42 75 7] 35 pCR, 7]
DU Sl PR 1 7K 4 09 PR AR TR 97 J7 58, #2278
JEIY R, AEAR S g BEAl B A S R, R AR
¥ T E 1 TG A Y R A5 P T A A5 AT ik pCR
75 1%

FLIR X 250 Gl B0 He 3G o 2L IR 1
1% ( dynamic contrast-enhanced magnetic resonance
imaging, DCE-MRI) #% )™ iz Fi T NAT J7 2 i
W FLR X AR XA A A Hh Uk Hm i
PEAG b P iy RN % BE A GUES AL AN NAT J5 i g
JORE . MRI A] 38 5t 22 5 4 B W9 2% ot 3 3h
R RN N AR R B AR A R SR VA T

W NAT J7 20 09 e U ik B H AT B s 4k
B R R AR, BRLE, DAL R R RS A 9 16 5 1 P T
DISCEE S B Ah , AR 2% B 7E 0 o v i 2 7 5K
PRI B FR A, S0 5 2 RS B 0 o B0 10
o PR R TR 2 W T RO A B TS T
W& e e, B oG U FL AR R AR E NAT G
pCR WS AR AL 2= 58 R 25X T — 2 8K A
%, HZP MRI CH &, sk = BA FLIR X L4
F DCE-MRI P 25 75 ik i iF 5%, 3X ] BE 45 2 W
AT B AR F500 2L R JE 5 NAT J5 pCR A9
B, HBL, ARBF5E B 7 & M IE 3 T 2R X £
55 1 DCE-MRI E& L a2 2 B | 3 B2 g
1697 H N FL AR NAT J5 pCR #2445 %42, LU
Bl RS AI2YT

1 #RERZE

1.1 &R

it 2016 4F 8 H % 2023 427 AR A #H
B R i s = e (BILA 1) AT 5 i 58 T % e ( LA
2) #:23Z NAT JGiT FARVIBR LI B ok, AN
AR ONAT Fi 4 28 FE K 512 4 1= 2 ZL R
9% ; @NAT Hi 2 J8 AT FLIR X Z8%5% I DCE-MRI
K ; KA BT A 42 Z AR YT s @ONAT 455 78
ARBATFAR, FARBRA K M-P 9t 17, HE
BaAn i . O R R BE TR R S8 88 ; QMG T i 25 1%
EUS A TERE ; QBB PR FLAR I s DA HoAh A e s
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s AT A 396 BB B LM, 21~ 75
% FH1(50.72+9.65) %, HLI 1 A 320 Bl 3
TR 7 300 L BEAIL 23 A VI 2R A RIS IE 4R ; DL 2
AN 76 BIRFAE RIS SN SIS . AW 5T
SO R IR T ) AT 5 R I Jm R B A B 22
BRI S0 R A2 3 R (] 0 (A8 B LA 5
QYFYWZLL29480) .

12 A&

1.2.1 BEAEAR KOG bR

WO R i PR S BB R AR AR IR T 220k
B R EERER G B 4150 B MR Z 14 (estro-
gen receptor, ER) FRiKIRA 2234 521K (progester-
one receptor, PR) KILRAE AR AERKKH 5214 2
(human epidermal growth factor receptor 2, HER2)
TIRIRZS ] Ki-67 kK-, RIGFHLLL M-P 504
RbRE AT e NAT J 28 JITE A AR AR 5 NAT J5
FARBRAN 12 P e 8 200 i = 8 A AT VP A,
H1 1 ~4 2024 non-pCR, 5 2K pCR, #4345 H
non-pCR 2 266 il (HLH 1:218 i HLHE 2.48 f1]) Fl
pCR 41 130 Bl (HLFY 1:102 f] HLFY 2:28 H]) .
122 fafink

Jir A 3% K FHl GE Senographe 2000D, Hologic
Selenia £ FZLEEHL (HLA4 1) M Diagnost 3000 Phil-
ips (HILHE 2) AT FLIR X LEREH A, KA A AL 45
3k B A3 ( craniocaudal, CC) Az P #Mll &3 ( mediolat-
eral oblique, MLO) ,

PIHLKI ¥R 3.0 T MRI % % (LI 1: GE
discovery MR 750w 3.0T, Siemens Magneton Pris-
ma MR 3.0T; #L #J 2. GE discovery MR 750w
3.0T) M 8 il 1 % 1T 3L e AH 455 B 3 T 2k &l ik A7
DCE-MRI R4, 47148 I 28 2 Ak TR EMOZ , X
FLART T b, S R UT RS,
Re W #0 T, AL 1% ( spectral attenuated inversion
recovery T,-weighted imaging, SPAIR T,WI) T, il
ARG (T, -weighted imaging, T,WI) ¥ BN AL
1% ( diffusion-weighted imaging, DWI, b = 0, 500,
800 s/mm”) , FH DWI 15 FI| (1) & 31} 52 £ ( apparent
diffusion coefficient, ADC) [l X DCE J% %1, DCE
FPAN e AT B, I 1 e T T A e 42 T 7 K
HENT I DK DL 0.1 mL/kg 7 R I 6 X EE
FVELIE R i e S 20 mL A= BEER K v | J5 i 2R B
5 B 7 W9 5 R4, I E] TR]BE 23 591 24 100 5,61 s,
M PACS F G B FLIR X &A1) CC AL
MLO f{ii El1% , DCE-MRI f)— 14 5% DWI & ADC
K1z

1.2.3  RAREFEIHT

AR RE Y — 2 5 R FLIR AR
LW BB A M — 24 A 25 AEFLIR AR 2
250 (R TIC R B AR AR A LR BSR4
(breast imaging reporting and data system, BI-RADS)"'*/
PEAT 43T . I 44 5 A 34 06k g PR 25 SR R G, AT An]
S EGE e IR R — B, AR . OB,
QLR s B % ; @] 5855 1k S A A7 78 ; O Fz ik 2
HZ R @FL KA R E SRR EZ R, H Al BEss
AR X 2t 52 BG4 T PEAL A FR AR fd
DCE-MRI EE #E A7 3-Al . 75 T MRI EE L iEAh
Jog kb7 B MR R R |1 5t 5K 5 1k ( background
parenchymal enhancement, BPE)  fiz/|N ADC {H .}
[6] - {5 5 5% FF fli £ ( time-signal intensity curve,
TIC) BT Rl e KA KA 5 5 o (145 T, WI
F5 LERAG5) s % T 2 & gw kb, D i 55 K At
AR Ry i 78 e KA
1.2.4  EUGSHI B AR A 2F R 4R

i 3D slicer 24 (5.4.0; https://www.slicer.
org/ ) TEFLIR X 5% S DCE-MRI B4 | T34
]R85 [X 3 ( region of interest, ROI) , —& H A
5 AEFLAR SRS W 2 e i R B A T kR i 2 T
B ROL, 3 HJE, Ho—1fif 6 dEFLIREHR
TR0 B IR B AR BEHLIMER 30 B, 1 A A
[F] 1) 77 54T ROL A) I, >R LSS [H] AH 5C R 2L
(inter-class correlation coefficient, ICC) P¥A% 1 44 =
A7) 1 ROT Y — 3t 1CC>0.75 I HA RAF—3
PEO T R AR R A 2 A 25 5 ZE AR AR
PEECHTX BRI T B R AE 2 1 mm® x 1 mm® x1 mm’
RZE KN, KA Pyramidimocs X} ROI #E17 RR1E 42
B, ROI A 7R & E LA 1,
1.2.5 KPR M AR Y it Sy

FEIE 0 5 FAR 78 3 7 B 7R I 2 46 v 58 il . O X
PEE RIS A 2 AR 64T Z-score BRIfEALALER | LI
HEAS [F) e G PR e 4 Ay ) — 5 2%, W DR A T ] 1Y)
A] b M, @ B Wilcoxon % FAS: 56 i %8 5 pCR
FERASERYERAE , LA P<0.05 /0 R(E ; @ K2 /R
M OC R BT AT R AR 8] 09 TUAR B, DAAH 2 R 2L
Y X% >0.9 it ; @R F fe/ IV %o W 4 e 2 58
F (least absolute shrinkage and selection operator,
LASSO) [mlJ977 ¥ BEAT RRAE 3 4 , 0 1t e B &
SUEAR A 2R E I AR A 21541 O HE
45 [ ( Logistic regression, LR) 32 ] i #L ( sup-
port vector machine, SVM) . K f% it 4 ( K nearest
neighbor, KNN) Bf#/LZ#K (random forest, RF) )
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Ui ALY (extremely randomized trees, ExtraTrees) .
W B B6 B $2 F+ (extreme gradient boosting, XG-
Boost) % i g Bk & 1 FHAL (light gradient boosting
machine, LightGBM) } £ 2B HIHL ( multi-layer per-
ceptron, MLP)8 FiL iy > FIA A AR AY | fR 2%

SR FH R RESCAE MBI 2 > 5 40 A A3 LR X
L5 DCE-MRI B — 4 B& BTN AL, Xof 1l PR
AR E T LR R - 22 D 208 A LA 4 A, T 2 o 22
A GETFAE R SRS 0 B AL I R A &5
Rad-score . .. S PR 7 T PR F-A4 R AR

K1 ROI &)

A:ADC J7%1 ROI 4 i fij ; B : ADC J3+%1 ROI /)i j5 ; C . DWI 51 ROI 4]l fij ; D . DWI J¥51 ROI 4]l 5 . E . — Y] 1858 7
%) ROI 2 {ij ; F; — 148 38 5 %1 ROI 4] il Ji5 ; G; CC {37 ROI /&) i {ij ; H; CC {3 ROI 4] i J5 ; 1; MLO {3 ROI 2] i {if ;

J:MLO {7 ROI4] i J5 ,
Figure 1 The outlined ROI

A Before the outline of ADC sequence; B: After the outline of ADC sequence; C: Before the outline of DWI sequence ;
D. After the outline of DWI sequence; E: Before the outline of first enhancement phase; F; After the outline of first en-
hancement phase; G: Before the outline of CC projection; H: After the outline of CC projection; I: Before the outline of

MLO projection; J. After the outline of MLO projection.

1.3 SitFEaiE

JIA Geit 2243 B39 R A Python (3.7.13), £
BIESANTHREERILL x+s Fon, 48] LR
MSTREAS ¢ K365 I A T AR LL M (P, Pors) 3R
7R, 4LIA] 3R Wilcoxon Bk RIS 56 5 15078 B LA
BN E 43 Lb R | 20 ) AR F R 7 K 3 5% Fish-
er BUIMEAYE . SRR R J7 2200 # LR O K 36 70
ST ISR Sk e Je AP ISR AR 9 N H G it22 it
PR THOR AT 0. el &R 2 E T
YEHFAE ( receiver operating characteristic, ROC)
2% A £k T 1 FH (area under the curves, AUC) .
TR SRR RS ME L F1-score TEAR AR f1%) i
PERE. Zemilscieth 2 PPAE BRI A AL HERE Ty, R
PR £k 43 M7 ( decision curve analysis, DCA) PF4ft
REAY Bl PR FH AN {8, 10 1] Delong 46 46 5445

IR AUC {H,P<0.05 MR B G5 X,
2 4 B

21 —HRER

AMFE Y 396 1 FLIRIE £ 1  non-pCR 4 266
#1(67.17%) .pCR 41 130 1] (32.83%) , YIZLEE 225
fi] ( non-pCR 150 4], pCR 75 {5 ) , % UE £ 95 1)
(non-pCR 68 fii], pCR 27 i), #F &R I% UE£E 76 Hi
(non-pCR 48 4] ,pCR 28 fi]) , IZ4E KiELE KA
FRIUEAR Z M) N Geit 22 SRk 22 S g it X
(P 9>0.05) , FHABR U A B, FEIIGE K
UEAE F2 A e uE4E v, pCR 2H A9 /)y ADC /N T
non-pCR 41, =3 A G i2#E L (P #<0.05) , W&
1~2,
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Table 1 Differential analysis of demographic data
UNEE N e YIHHE (n=225) KUFSE (n=95) HNREIEEE (n=76) P
e % 50.30+9.52 50.57+9.77 52.14+9.87 0.350
HZWE 0.980
KA 113(50.22) 48(50.53) 37(48.68)
[ 112(49.78) 47(49.47) 39(51.32)
&7 pCR 0.499
pCR 75(33.33) 27(28.42) 28(36.84)
non-pCR 150(66.67) 68(71.58) 48(63.16)

RIS BARFRTE RN xts , HABIRFRTE AN n(%) o
# 2 non-pCR 415 pCR 4K F &K L

Table 2 Comparison of clinical characteristics between non-pCR and pCR groups

WL (n=225)

BHIFEE (n=95)

HMFIEEE (n=176)

Il PRAFAE non-pCR pCR P non-pCR pCR P non-pCR pCR P
(n=150) (n=175) (n=68) (n=27) (n=48) (n=28)
b AD S 0.69+0.15 0.75£0.16  0.007 0.61+0.18 0.85£0.17  <0.001  0.68+0.20 0.81£0.18  0.006
{8/ (mm*/s)
GBI E S 50.49£9.36  49.92:9.88  0.671  51.109.82 49.2249.67 0400  52.98+8.46 50.71£11.94 0.338
2‘1@%%@ 39.73£17.78  37.89+18.25 0274  41.91£1639  37.81£22.69  0.032  40.98£17.95  34.47:+14.45 0.056
ALNM 0.955 0.692 <0.001
KL 34(22.67) 18(24.00) 11(16.18) 6(22.22) 1(2.08) 12(42.86)
Lz 116(77.33) 57(76.00) 57(83.82) 21(77.78) 47(97.92) 16(57.14)
i A 0.105 0.015 0.024
afl 1(0.67) 0(0) 0(0) 0(0) 1(2.08) 5(17.86)
b ! 24(16.00) 4(5.33) 14(20.59) 3(11.11) 12(25.00) 6(21.43)
c M 106(70.67) 58(77.33) 49(72.06) 16(59.26) 25(52.08) 16(57.14)
dm 19(12.67) 13(17.33) 5(7.35) 8(29.63) 10(20.83) 1(3.57)
HERE >0.999 0.398 0.679
Koz 75(50.00) 38(50.67) 32(47.06) 16(59.26) 22(45.83) 15(53.57)
o442 75(50.00) 37(49.33) 36(52.94) 11(40.74) 26(54.17) 13(46.43)
BPE 0. 997 0.221 0.018
LD 57(38.00) 28(37.33) 25(36.76) 9(33.33) 19(39.58) 21(75.00)
B 54(36.00) 28(37.33) 26(38.24) 9(33.33) 23(47.92) 4(14.29)
T 23(15.33) 11(14.67) 12(17.65) 3(11.11) 3(6.25) 1(3.57)
e 16(10.67) 8(10.67) 5(7.35) 6(22.22) 3(6.25) 2(7.14)
T,WI {55 0. 853 0.684 0.166
RS 95(63.33) 46(61.33) 44(64.71) 15(55.56) 34(70.83) 25(89.29)
G 37(24.67) 18(24.00) 17(25.00) 8(29.63) 11(22.92) 2(7.14)
KE5 18(12.00) 11(14.67) 7(10.29) 4(14.81) 3(6.25) 1(3.57)
FhiES 0.170 0.075 0.011
S5 64(42.67) 40(53.33) 33(48.53) 7(25.93) 36(75.00) 28(100.00)
s 86(57.33) 35(46.67) 35(51.47) 20(74.07) 12(25.00) 0(0)
TIC 2£7) 0.232 0.501 0.172
1] 39(26.00) 26(34.67) 14(20.59) 8(29.63) 17(35.42) 5(17.86)
I 111(74.00) 49(65.33) 54(79.41) 19(70.37) 31(64.58) 23(82.14)
AFoE <0.001 0.325 0.051
Luminal-A % 18(12.00) 6(8.00) 10(14.71) 1(3.70) 11(22.92) 7(25.00)
Lominal-B % 101(67.33) 34(45.33) 37(54.41) 19(70.37) 34(70.83) 14(50.00)
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e
WA (n=225) BIEEE (n=95) IMIRIRIEEE (n=176)
I PRAFFAE” non-pCR pCR p non-pCR pCR p non-pCR pCR P
(n=150) (n=175) (n=68) (n=27) (n=48) (n=28)
%Eéiﬂﬁ 24(16.00) 29(38.67) 15(22.06) 4(14.81) 3(6.25) 7(25.00)
=il 7(4.67) 6(8.00) 6(8.82) 3(11.11) 0(0) 0(0)

ER Fh A& <0.001 0.592 <0.001
R 36(24.00) 41(54.67) 22(32.35) 11(40.74) 7(14.58) 17(60.71)

PH M 114(76.00) 34(45.33) 46(67.65) 16(59.26) 41(85.42) 11(39.29)

PR RiFRE <0.001 >0.999 <0.001
FAH: 47(31.33) 45(60.00) 26(38.24) 10(37.04) 9(18.75) 17(60.71)

PR 103(68.67) 30(40.00) 42(61.76) 17(62.96) 39(81.25) 11(39.29)

i@?z wik 0.007 >0.999 >0.999
PR 63(42.00) 17(22.67) 24(35.29) 10(37.04) 10(20.83) 6(21.43)

PH 87(58.00) 58(77.33) 44(64.71) 17(62.96) 38(79.17) 22(78.57)

Ki -67 /K- 0.177 0.524 0.032
i3e 28(18.67) 8(10.67) 13(19.12) 3(11.11) 15(31.25) 2(7.14)

ZESI 122(81.33) 67(89.33) 55(80.88) 24(88.89) 33(68.75) 26(92.86)

fi & 0.010 0.588 0.953
uoQ 91(60.67) 42(56.00) 40(58.82) 18(66.67) 25(52.08) 14(50.00)

UIQ 11(7.33) 6(8.00) 5(7.35) 1(3.70) 4(8.33) 2(7.14)
LOQ 3(2.00) 7(9.33) 1(1.47) 1(3.70) 2(4.17) 2(7.14)
LIQ 8(5.33) 10(13.33) 9(13.24) 1(3.70) 7(14.58) 3(10.71)
HAt 37(24.67) 10(13.33) 13(19.12) 6(22.22) 10(20.83) 7(25.00)

EA 0.467 0.440 0.818
ik 118(78.67) 55(73.33) 59(86.76) 21(77.78) 37(77.08) 23(82.14)

E[]1153 32(21.33) 20(26.67) 9(13.24) 6(22.22) 11(22.92) 5(17.86)

JEAK 0.279 0.914 0.002
78 4(2.67) 5(6.67) 2(2.94) 0(0) 1(2.08) 8(28.57)
AHNE 146(97.33) 70(93.33) 66(97.06) 27(100.00) 47(97.92) 20(71.43)

h% <0.001 0.148 0.171
L 0(0) 2(2.67) 0(0) 1(3.70) 1(2.08) 2(7.14)

A 88(58.67) 62(82.67) 44(64.71) 20(74.07) 32(66.67) 22(78.57)
EH 62(41.33) 11(14.67) 24(35.29) 6(22.22) 15(31.25) 4(14.29)

:%%%g% 0.881 0.732 0.705

I 51(34.00) 24(32.00) 27(39.71) 9(33.33) 20(41.67) 13(46.43)
H 99(66.00) 51(68.00) 41(60.29) 18(66.67) 28(58.33) 15(53.57)

R R 0.626 0.065 0.724
KZHR 110(73.33) 58(77.33) 43(63.24) 23(85.19) 39(81.25) 21(75.00)

%2 40(26.67) 17(22.67) 25(36.76) 4(14.81) 9(18.75) 7(25.00)

%éggﬁf% 0.682 0.714 0.121
Kz 2 121(80.67) 58(77.33) 46(67.65) 20(74.07) 32(66.67) 24(85.71)

72 29(19.33) 17(22.67) 22(32.35) 7(25.93) 16(33.33) 4(14.29)

IF: ALNM, sk L 555685, U0Q, b -4 BR, UIQ, N -4 BR; LOQ, AN F 4R LIQ, N T4 MR f/)N ADC {H AF i A il g fx KA 5E LA
xxsIERFR , HABSFEYI LA n( %) X FmR
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RFAF 286 MK BE FEAE 40 FEARAE 208 D KEREBIIX 0.850.,0.765, A T ARUERIARL AT HL A M, ZLAR X 2k
FERFRAIE 208 AR/ FERFAE 182 AR AR A A O MRIZAR A AR AT SVM
WA R HRHAIE 65 ﬁéﬁhiffﬁiﬁﬁi ICC 7 0.94  HlF 5ty H =% AUC 7EYIZRME (k4R
(95%CI:0.89~0.97) , SFFIEFIEST, ;AN CC BIMHFRAUEEI LT IRA QA £ 3 A
i MLO 13 hl’izl{%}jﬂﬂ%%j 44 2 DMRFE; N DWI, [RIHILAR 27 > 305 A0 1 10 3K 5 52 15 20 27 452 A F30 )
ADC Je—Jiigam R b il 81 3 4> 8 A~ 5 MR TEfES
fiE, {8 ] 8 FiHIL a7~ S kAl AR A A AL F
Rad-scorey. . =0.333 333 333 333 333 37

-0.002 637xwavelet_ HLH_gldm_LargeDependencelLowGrayLevelEmphasis_CC

—-0.009 690xwavelet_ HLH_glrlm_LongRunLowGrayLevelEmphasis_CC

—-0.025 864 xwavelet_LHH_glrlm_GrayLevelVariance_CC

-0.012 852xwavelet_LLH_firstorder_RobustMeanAbsoluteDeviation_CC

—0.049 564 xoriginal_shape_Elongation_MLO

+0.029 020xwavelet_LHH_glszm_GrayLevelVariance_ MLO

—-0.004 177xwavelet_ HHH_ngtdm_Busyness_C

—-0.038 342xwavelet_LLH_firstorder_Skewness_C

+0.006 960xwavelet_LLLLH_glszm_SmallAreaHighGrayLevelEmphasis_C

—-0.024 754xwavelet_LLH_ngtdm_Busyness_C

+0.014 303 xwavelet_LLLLH_ngtdm_Contrast_C

—-0.009 181xlog_sigma_4_0_mm_3D_firstorder_Kurtosis_ADC

—-0.030 062xlog_sigma_5_0_mm_3D_firstorder_Kurtosis_ADC

—-0.007 483 xwavelet_ HHH_glcm_ClusterProminence_ ADC

—-0.012 192xwavelet_ HHH_glrlm_RunEntropy_ADC

-0.016 053xwavelet_ HHL _glecm_JointEnergy_ ADC

—-0.016 975xwavelet_HLL _firstorder_Kurtosis_ ADC

+0.028 603xwavelet_LHL _firstorder_Median_ ADC

—-0.014 896xwavelet_LLH_firstorder_Kurtosis_ ADC

+0.009 461xlog_sigma_2_0_mm_3D_glcm_ClusterShade_ DWI

—-0.005 143xwavelet_ HHL._glcm_ClusterProminence_DWI

-0.008 025xwavelet_ HLL_glszm_ILargeAreaHighGrayLevelEmphasis_ DWI,

3 ARPLEF ) BRI A AR SRR TN pCR PEfE 3

Table 3 Comparison of the performance of combined models constructed by different machine learning algorithms for predicting pCR

- PlIEERS ISR HERISUE SR
AUC(95%CI) T 1 AUC(95%CI) WP AUC(95%CI) TR
LR 0.796(0.734~0.859) 0.760 0.800(0.697 ~0.903) 0.811 0.746(0.625~0.868) 0.684
SVM 0.899(0.850~0.948) 0.822 0.850(0.769~0.932) 0.811 0.765(0.660~0.870) 0.697
KNN 0.849(0.801~0.897) 0.787 0.739(0.634~0.845) 0.726 0.562(0.432~0.692) 0.526
RF 0.905(0.865~0.946) 0.831 0.712(0.602~0.823) 0.737 0.638(0.506~0.770) 0.671
ExtraTrees  0.835(0.782~0.888) 0.756 0.749(0.633~0.865) 0.674 0.731(0.612~0.850) 0.737
XGBoost 0.990(0.982~0.999) 0.951 0.785(0.682~0.888) 0.684 0.693(0.573~0.813) 0.579
LightGBM  0.954(0.927~0.982) 0.907 0.782(0.684~0.880) 0.737 0.668(0.544~0.793) 0.645

MLP 0.853(0.803~0.903) 0.756 0.797(0.703~0.891) 0.705 0.812(0.706~0.919) 0.803
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2.3 IGFRIRE ZEEEIHE RAEE MM
Wk e/ ADC {H 1% B ER ik
A% HER-2 FRIRA R PR 8 # NAT J5 pCR (1
S T R T (P $45<0.05) , HE T 07 1k i <7 75
B - P SVML AL 2 20 50 AL s R AR AR
FEYIZRAE e FIAMIRIRIESE AUC 433024 0.776
0.667 ,0.633, Rad-scorey, 57 37 FUill K+ A0 45 &

PR LR AR ZR AR IR AR | B iEdE T AN
HESE AUC 435124 0.918 ,0.856 ,0.795 , %5 T Hifth
B, B 2R GBI RL R I R AL AR
DCA 17 £ G A58 AH 55 1 I A A5 70 ELAT B0 K i)
I R 25 . Delong 46 56 i 7 I R Y 5 25 45 4L
I AUC W22 5 A i1t L (P<0.05), W3k
4~5 K 2~4,

F4 IRPRFRE A BN 3R - 20 [N 302 B [ 7 B 2 2R

Table 4 Univariate and multivariate Logistic regression results of clinical characteristics

I A KR b Z R 5T
OR(95%CI) P OR(95%CI) P
ER RiFWRAE 0.739(0.666~0.820) <0.001 0.782(0.665~0.918) 0.012
BUIE- 3 0.757(0.682~0.839) <0.001 0.836(0.756~0.924) 0.004
PR FiRRA 0.768(0.694~0.850) <0.001 0.860(0.752~0.982) 0.062
JER 0.793(0.609~1.034) 0.150
E SRR 0.909(0.820~1.009) 0.131
TIC fh£k A 0.911(0.812~1.021) 0.178
AN 0.954(0.846~1.076) 0.518
ALNM 0.983(0.869~1.113) 0.824
H W& 0.994(0.896~1.103) 0.925
18 0.995(0.965~1.026) 0.800
JibiRd A% 0.999(0.996~1.002) 0.470
RIS 0.999(0.993~1.004) 0.671
BPE 1.000(0.948~1.054) >0.999
R BEE5 1L 1.020(0.913 ~1.140) 0.765
T,WI 5% 1.021(0.948~1.099) 0.645
A RE SRS 1.047(0.919~1.191) 0.561
I 1.069(0.945~1.209) 0.373
JifA s g 1.139(1.035~1.255) 0.027 1.135(1.038~1.241) 0.020
Ki-67 F k7K 1.141(0.991 ~1.315) 0.124
a1 1.155(1.076~1.240) 0.001 0.889(0.798~0.990) 0.072
HER2 FEikIRZA 1.206(1.084~1.342) 0.004 1.201(1.083~1.331) 0.004
/N ADC 14 1.705(1.232~2.358) 0.007 1.701(1.252~2.312) 0.005
#5 RFEEAITN pCR HHE LK
Table 5 Comparison of the performance of different models for predicting pCR
x| FEE Y AUC(95%CI) HERPE HURAE RS F1-score
pllEeS Il A 2 0.776(0.714~0.838) 0.711 0.773 0.680 0.641
;EE é;ﬁg‘i 0.820(0.763~0.878) 0.751 0.933 0.660 0.714
o MRI | 0.852(0.797~0.907) 0.791 0.920 0.727 0.746
RLAR L 2R
o E’éé ” 0.899(0.846~0.948) 0.822 0.907 0.780 0.773
G 2R
LA 0.918(0.881~0.955) 0.849 0.787 0.880 0.776
s I R AR 7Y 0.667(0.551~0.784) 0.653 0.704 0.632 0.535
;ﬂ;;ggi 0.607(0.429~0.786) 0.663 0.588 0.679 0.385
gagf%ﬁ 0.740(0.618~0.861) 0.621 0.824 0.577 0.437
ey 0.850(0.769~0.930) 0.811 0.704 0.853 0.679

AR AR
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x| i AUC(95%CI) e T Bz F1-score
ZRAETRY 0.856(0.772~0.940) 0.758 0.815 0.735 0.657
IR IIELE I R AR 7Y 0.633(0.489~0.778) 0.724 0.429 0.896 0.533
IR X LB
o — 0.595(0.458~0.733) 0.645 0.571 0.687 0.542
MRI
, 0.744(0.633~0.856 0.697 0.786 0.646 0.657
AR L 2R ( )
B‘%A
0.765(0.660~0.870 0.697 0.964 0.542 0.701
ARG ( )
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Figure 2 ROC curves among clinical model,

combined radiomics model,

(A), testing (B) and external validation cohorts (C)
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Figure 3 Calibration curves of clinical model, combined radiomics model, and comprehensive model in training ( A) , testing (B)

and external validation cohorts (C)
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