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Abstract

Objective: This study aimed to develop and validate a noninvasive tool for predicting pathological
complete response (pCR) after neoadjuvant systemic therapy (NST) in breast cancer patients, by inte-
grating intratumoral and peritumoral radiomic features derived from dynamic contrast-enhanced
magnetic resonance imaging (DCE-MRI). Methods: A total of 534 breast cancer patients were retro-
spectively enrolled, and their clinical pathological and imaging data were analyzed. A combined pre-
diction model was constructed by integrating intratumoral features and 3-mm peritumoral radiomic
features, which was further compared with the single intratumoral model. The area under the curve
(AUC) was calculated in the training and validation cohorts to quantify the discriminative ability of
models. Calibration curves were plotted to assess the consistency between predicted probability and
actual probability. Decision curve analysis (DCA) was performed to calculate the net clinical benefit
across different threshold probabilities, so as to evaluate the clinical application value of the model.
Results: The combined model yielded better predictive performance for pCR than the single intra-
tumoral model. In the validation cohort, the combined model achieved an AUC of 0.851 (95% CI:
0.792~0.910), superior to 0.840 (95% CI: 0.779~0.901) of the single intratumoral model. Moreover,
the combined model presented favorable calibration goodness-of-fit in both training and validation
sets. DCA demonstrated that the combined model provided higher net clinical benefit for clinical de-
cision-making. Conclusion: The combined model integrating intratumoral and peritumoral radiomic
features can accurately predict NST response in breast cancer. It exhibits excellent performance in
discrimination, calibration and clinical practicability, which can serve as a promising candidate tool
for individualized pretreatment efficacy prediction. Nevertheless, this study is a retrospective single-
center research, and further prospective multicenter external validation is required to confirm the
generalizability of the findings.
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FUBRIAE R BR LM 1 WV R 2 —, B s FE R R 2 AR T 2441, 48 GLOBOCAN 2022
Guit B SR, AT R IUIREL 230 i, FET-Z 67 Jif, 7 E b Lot 1) A e L] .

Bl BhiR T (neoadjuvant systemic therapy, NST) 2 Ja 3 B 3 LRI VA T7 AR AE SR IS, JLAZ OAE T 46 I
R AR SEPLIG R FEHA LASR SR FLER, [RINT AR A 25 BOT A SR AL & V. 75 NST J5 1A 21 B 58 4 22
(pathological complete response, pCR), T4 A PPl FLIR ST 25 A P B Tl 1 0 B & AR 48 25 . CTNeoBC
SR B 1-SPY 2 RFIWFFIUFSE, TAF] pCR M 7E o A - A7 AL S AR A7 1 5 T 2 AL TR IA 2
PCR &, iXFh 22 57 7F = P M LR AN 3R i A2 K R 7- 52 4% 2 (human epidermal growth factor receptor 2, HER-
2)FH A ot 122 (2] [3] SRTT, DA AL s SRR B2 NST 1 35 X 4 15%~40%FE 514 2 pCR,
HZ) 5% B R a7 i AR BBk i (4] Rk, . v NST J7 30, ST SEBAMA R
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HEVRIT R B G H B,

TEIA AR = VAG T Bed,  BhaS a3 s g 3 4% 5% (dynamic contrast-enhanced magnetic resonance
imaging, DCE-MRI)SEAEX IR A5 2 S 50 (WA FR . K/ B i 81 7125 2 50 (U KIS, Kep) I 5E B HT BE
71, BRI NST 57 25 5 5% B A AR eSS 22 T B o SR, ARG IR FR A e B B BR . 72k
PPl Y i B T 5 R T, iSRS e PEAN AL 5 [ B PR O 858 MO8 B AT A S RN 5 i A
SVt 2, L E S BOUE DURS PR NST 97 2%[5]

G 2N R A BB T R R B4R . 2 Lambin 2 RIE 6], HAZ O B ME
it BN N 2528 il B S P IR e DUV () 8 B AE (B R AS . SO RIS HRHIESE), I
FIFHMLERF ST 3AT 00, TR SAA5ME B N AT &k nTi2 3R s 4E5dls . AT, MRI SR 7R
P A2 W [7]-[9] 0 T IEAY 3 AT [10] [11] kTS E5 4% TN [12]-[14] S8l B o7 o7 R0 Ak [15] [16]
Hh LRI 3 N

ERERNR, MR AR IAAE R SR IR R e IR R AR L B SR8 T R v R OGS )
VPR, Forb e a2 AN AR 4Rk S BEFE VR TT 47 E A A [17]-[19] . KR A AR
FRIEGIN T ATHEZE, A5 R4 8 A RRAE T2 S BRI A B35 ., 327+ pCR T3 v Aff 1

g LR, BT LAEESZ NST FIFLIRE B R 7 AT DCE-MRI B AR R, BCATR P X ik
Je 3 mm XIRFRHUE B QA FERHIE, 25 ENIE5 ) iR EE pCR TR AL H PP Af A0 2 Re, LA
R A B MRS VR T SR AL TR A . B R LA

2. MR 55%
2.1 HIERE

YgE 2021 4 1 H % 2023 4 12 AR SR Be 40 28 NS A R 12 70 M I 58 BORT i BE T TR 1 &
H IR B AG VORNEAT BB 23 B (R AR LI 1) GWNARHAEDT R (1) B0 5K JERF IR S AN IR T 1k LR
FEOREERHIZ): (2) NST A e e B 7R MRI K& HEHE R EE1% . (3) TEEIWBTTRIGRITHT. J5): (4)
NST Hi K452 HALBUR AT« HERARAEI R : (1) MRI RGRETIE ST (2) kB (3) BEER
PRFARBBATT 55 (4) AT BREE AR ST A% (5) FLfhB R sk (6) RIEZAriE
NST % (7) kit /el AN, DAAE R 2) 1 JE % [X 45 (region of interest, ROI).

AN 534 2B, 1% 13 LLBIBENL A AR S I0IEER, ST #I0iE |4 A R4 58 115 .

WA IR PR SO BEARAE LG : 4R, HZRZE. BMIL TNM AL B kAR MESL R 52 74K (estrogen
receptor, ER). Z%i4 2 5% & (progesterone receptor, PR). HER-2. Ki-67. #kEL4IRAS. Miller-Payne 7> 2 %% .
FIEARAEDT R . ERIPR: >1%% BT, <19%AMIPE[20]; HER-2: HER-2 BHPEM)HIEL4E RN 3+, 0 B
T+, 208 2+, TREGOCIRA AR H AT E, EH WA, &9 E[21].

I BB SRS bR e NST 7 Z(EIE + AR NEA, HER-2 FHIEHBCG AT, S MER2
PRBE P4 LA A 20 AR T) [22]. ASBFFELL pCR AN NST W7 S0 FN48AR, & XN FLIR IR Aokt I X 5k
R ER 25 Py TC IR P AR B (o A AE SR AT [23] 0 ASHIF 77 58 A T PEA5 IR 1A BBk 2 JR3 o) S 15 2 2 B Y () 37 7
WANE, R FE SR TRk 0 70 N AU B R 2 O B e, RN NG

2.2. MRI BliEFR&E

FifE 9N R 75 NST JF4ART 1~2 W, KA 3.0 T MRI FH$#{X(GE Signa HDxt)EL & % F 16 iEiE L
MRZE P8 e R AL LR . BB E MU BN, DARCR DU FLAR B AR B T . AR & 1 SRS
T1 AL A% & 8 HAE G 93 . %t L7 Gd-DTPA (0.1 ml/kg), &k LL 2 ml/s ke . & i 554
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Figure 1. Recruitment pathways of researchers
1. AIRABRNARE

TWiREE (n=161)

Table 1. DCE-MRI scanning parameters

% 1. DCE-MRI &%

ZH HE
I [A] 4.25 ms
EMAEE 2.1ms

= 0.7 mm

= Il 1.5 mm
RAEFE 320 x 320
LT 380 x 380 mm

23 RMBXEHENSSE

NIRTRFESE IR T SE e, ASHIE T e300 1 5 A i 5 25 100 4 o P I (B8 — ) AT o 220 0 AR Jit
IR BT AR UELL AL R : SR N4 i B I BEH BRI A ST R BURE SR E, B R @ B 2 H R &
KFE, BRGNS FFRVER 1x 1x 1mmd, DLHERZE R PR 2 57 R M2 s, R Z-Score
PRAEAMRT IR SR BE ) A BEAT AR AL AL HE, DR CRUEAS A 2635 BA A ) R 45 5 R AL B vl B
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FH P 42 2% 4 DA B I PR R 56 1) B R TBOHR R B T AU VA S S7 58 O 23 1], AR i/ P iy .
T ITK-SNAP B F(4.2 fRAR), XHR il St AT B 2 Fal /A . X2 s, UENERRK
(B — I kLN AT o T — S0 T EIRRE IR BUSEAL & 0 BT ¥125 4 5145 RE LS,
T 2 = LRSI AT (volume of interest, VOI). APTAL /-T2 J5UN BHE WAL I 255 T BEA LA
B 50 IR A HEAT S 23 B, AEVIZREE M THERZH A AH G &3 (intraclass correlation coefficient, ICC), 1Al
AR LA AR oy B 22 SRR e, AUORER 1ICC > 0.75 MURRMBAFAE, T 5 SRR b ik 5 i . it
B PRI T ] B MR A RHIE T A E VI R N S B, e B ) B0 UF B 7 A A5 ST R

Braman 25 [24] 3R S 98 i SR 20 24 0 T FLIRE pCR T, 26T 117 BB E RN - RS
PR S5 5 I0AE S AUC 435135 0.78 £0.03 A1 0.74, ¥IZBIRIIE 18 8 X Sk A AN G %21 B\ 5 5
£ HER-2 PR FL e ik — BT R AR - i BEOCIC /3T [25], 45 7R 0~3 mm J&3 J& X 3811 Gabor ik
5 e V2 VD VPR L 4 R v B A OGS BH I BBl A ) SR S R AIE B A RIS R A S B A RS o ik
F ik, AWEFEFIA Python 3.7 84, KFshrEI RO 43R4 H3h3 & 3 mm DUR a8 ) X 3. X6
B L X 3T N A%, SRR, FLsk MREENLPY & FLIRSE R AMO AR IR L. EiRab B
FE(RIE 1 G SR E SR B R, B R B I 2.

(A) (B)
Figure 2. Schematic diagram of intratumoral and peritumoral ROl segmentation. (A) Intratumoral region; (B)
Intratumoral and peritumoral 3 mm region

2. MEAFMEREE ROl HEIREE. (A) BARXIE; (B) EA + A 3mm XiF

2.4. RGBEFFIERIN

5T PyRadiomics 3.1, MJRIAEIME. /NS (wavelet transformation) BG4 35 hr i % (La-
placian of Gaussian, LoG) {4 H &l s R HU AR A SRR E . FRENIVRFIE R B B FE TR SRE. —Fr G vHRAiE
(first-order statistical features), LA 3T B L4255 % (gray-level co-occurrence matrix, GLCM). K & 1 i
R (gray-level dependence matrix, GLDM). KB ii# FEHE R (gray-level run-length matrix, GLRLM). ZKJ% [X
WK /N (gray-level size zone matrix, GLSZM) R4 sk 2k & 72 %5 [ (neighboring gray-level dependence ma-
trix, NGLDM) [ SCEFAE

2.5. FHETGEShEYE

I TR L G B AR TE N, WA R, HAFAE REAACIER . TURBUC K NIRHIE .
HEEAERMARY, 15 SEEME, RIS HE22] [23] [26] [27].
Py AL Bk 5 P R R A VI R R N B S A, P A% B S S e SR K, DAORAIESEIR ™ . H 5k
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KHMALAEA t #2505 Mann-Whitney U k46 AT W0 ifik, OREE pCR ZH59F pCR HIa1 % = R G Guil %
& (P < 0.05)AIHFAIE « AR 2 B ILR NI, K FH Spearman AHICPE ST, S BRAH G RELE X || > 0.90
M TUAR AL B, FRARCHRRAIE 2 [A) 4 0 o B3 25K FH /N e 0 W SR 4 551 (Least Absolute Shrinkage and Selection
Operator, LASSO) &I 58 BURFIE TG . % L1 IR0 HAG LR BN REUEH 2 0, @ T8
NXIGTERE ARG R, AR REEAER RE TR A AL

26. BEFERBME, HARMESITNIER

DTk G B — BRI IR MRS I, B U R FH DY R HLAS 7 ) L AT X LU SGIE, AL 3532 %5 5] 5 (logistic
regression, LR). BENLFR#K(random forest, RF). >Zf (7] &= AL (support vector machine, SVM) -5 thuimiff B H 7
(exXtreme Gradient Boosting, XGBoost) .

A R R AR EAL . oA R BARE . FEUIZRE N PAT Tt 70 258 XIRAIE, H 45 & MR R
HATESHEAA . RIS A B, (E R e X uEid A2, AAERE — 3 I 25148 S FH &
DETGE R, BAORE B ADORIE T IIEEE, Ai5 Qi F& 5L UESE . LB S H (Wnbs
ALY T AE N 255 b SE O, Tk B G s S EE . R FH 323 T/E4F1iE (Receiver Operating Character-
istic, ROC) ith £k Az th £ T i # (area under the curve, AUC). #ERfIZ . REE. $rRE. F1 03 igingil
FERIPERE o SR R HE M 28 PP A A A FME 5 SEBRE I — 35k o ik w35 i 28 23 #r (decision curve analysis,
DCA) THEEA A BE ML T B3R A, PPAS I )l A FH 7k

2.7. Gt ot

P L ETR 5 G S HTASE T Python 3.7 % statsmodels B PFEL5E . HELEAE B 4 A6 26T R
YGeitJivk: T EA A # RO R CRIR(DE & FREZF0R), 255158 K Mann-Whitney
U K (B b R BRI P A BB ) . 488 B MARARIE AR SL T I Kok, Fisher Bt 17 4011
SEHR. T LA P < 0.05 2 S 427 L.

3. &R
3.1. A HmELHETE

ATFFTAIN 534 i i, B pCR N 31.5% (168/534), F pCR %K 68.5% (366/534). #EAt% 7:3 L
FIBEAL 2> NIl R4 (n = 373, pCR * 30.6%) F14iE4E(n =161, pCR * 33.5%), Wizl pCR LLfilfir, FELk
FHIETG 3 22 5% (33 P > 0.05), #fR 7 HARESR /MG B 2).

Table 2. Baseline characteristics

2. HERHHE

YR (n = 373) IHUF4E(n = 161)
BIE  28EE Nonpcr PCR P i EWEHE  Non-pCR PCR o " 15"
(1=259)  (n=114) (n=107)  (n=54)

(%) 51.04 +£10.09 51.28 +10.23 50.51+9.81 0.522 50.89 + 13.54 50.48 + 10.29 51.72 + 18.46 0.880 0.398

(kzm) 2514 +368 2546+380 2443+330 0021 25.03+299 2544+275 2423+330 015 0.790
. 0.40 0.30 0.40 0.40 0.4 0.40
Ki-67  0.20~060) (0.20~050) (0.30~0.70) <9091 (020-060) (0.20~050) (0.30~0.60) *-0%4 0673
ggﬁﬁ 48.97 +22.30 49.14 + 22.49 4857 +21.97 0.907 47.10 +23.05 46.81 + 21.07 47.67 +26.74 0.781 0.269
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HE&RE 0.742 0.739 0.297
K#i%: 170 (45.6) 120 (46.3) 50 (43.9) 82 (50.9) 53 (49.5) 29 (53.7)
#2203 (54.4) 139 (53.7) 64 (56.1) 79 (49.0) 54 (50.5) 25 (46.3)
T 403 0.445 0.246 0.282
1 19 (5.1) 10 (3.9) 9(7.9) 14 (8.7) 6 (5.6) 8 (14.8)
2 190 (50.9) 134 (51.7) 56 (49.1) 84 (52.2) 57 (53.3) 27 (50.0)
3 144 (38.6)  101(39.0)  43(37.7) 58 (36.0) 40 (37.4) 18 (33.3)
4 20 (5.4) 14 (5.4) 6 (5.3) 5(3.1) 4(3.7) 1(1.9)
N 733 0.193 0.729 0.861
0 60 (16.1) 38 (14.7) 22 (19.3) 24 (14.9) 15 (14.0) 9 (16.7)
1 65 (17.4) 52 (20.1) 13 (11.4) 33 (20.5) 24 (22.4) 9(16.7)
2 197 (52.8)  135(52.1) 62 (54.4) 82(50.9)  55(51.4) 27 (50.0)
3 51 (13.7) 34 (13.1) 17 (14.9) 22 (13.7) 13 (12.2) 9 (16.7)
ER RS <0.001 <0.001 0.707
FHPE  258(69.2)  205(79.1)  53(46.5) 108 (67.1) 86 (80.4) 22 (40.7)
FiPE  115(30.8)  54(20.9) 61 (53.5) 53 (32.9) 21 (19.6) 32 (59.3)
PR IR A <0.001 <0.001 0.774
FHPE  229(61.4)  187(72.2)  42(36.8) 96 (59.6) 75 (70.1) 21(38.9)
R 144 (38.6)  72(27.8) 72 (63.2) 65 (40.4) 32 (29.9) 33(61.1)
Hﬁ;if <0.001 <0.001 0.636
FHPE 150 (40.2) 70 (27.0) 80 (70.2) 69 (42.9) 28(26.2)  41(75.9)
Bk 223(59.8) 189 (73.0) 34 (29.8) 92 (57.1) 79 (73.8) 13 (24.1)
%ng 0.333 0.833 0.831
F  313(83.9) 221(85.3)  92(80.7) 137(85.1)  92(86.0)  45(83.3)
KEF 60 (16.1) 38 (14.7) 22 (19.3) 24 (14.9) 15 (14.0) 9 (16.7)

“HBAFIA pCR 4 53F pCR A Z 18] LLAR 1 P {H; "Ik S0 UESE 2 18] ELER ) P {E, TS8R 4> BA 1 ) Fr) 2k 2 220 67

.

3.2. FHEEFRIEEE

MIE N IR N BES TR 3 mm JEHEE & HREC T 1197 ML, EE B ME(n = 234). GLCM (n =
286). GLDM (n =182). GLRLM (n=208). GLSZM (n =208). NGLDM (n = 65) X FLIREFE(n = 14). *F
FEFRIERAE M : £ t A58 Mann-Whitney U £ 30410 ik, FHiEid Spearman A8 LR ITTAR
3 AR T RHE S AN 4EFE 5 IR 2t . 0T A O RFESREL, S LASSO [EIH (] 3), &N &AL &

T RBREHAE (] 4. 7 3). IR EGRRAE (R T ORI (K18 200 52 AL RE
3.3. ZEFEBRHERMER

B TR A DU AL 27 S SR AN RS R T L B2 — 1P Al (% 4+ 141 5): FERTASEIES, R BK

DOI: 10.12677/acm.2026.1662199

102


https://doi.org/10.12677/acm.2026.1662199

F—4n, FEiER

H9R ) 3mm BB AUC ¥R TR Al B . BRI 5, 7ESRUESE, JM AR A RF BIERT AUC
B, N 0.840 (95% CI: 0.779~0.901); KJH XGBoost 5%k AUC i, A 0.807 (95% CI: 0.737~0.877).
52 %, BAALE R AEE TR AUC 4350 0.851 (95% ClI: 0.792~0.910)5 0.847 (95% Cl:
0.786~0.907). TERIUAHXIFRE M) RF Sy, BCa BBl (ka2 . U & F1 43 %0 %19 0.801. 0.804.
0.729, WMR-T AR N, [FFE, 76 XGBoost ik, BRARAMMERZR ., BURE. Fe5 % & F1
#5355 0.801. 0.778. 0.813. 0.724, 4L T Haliyig AR,

Coefficients
MSE

”UHHHH! i

10° 107 10" 10 10° 10 107" 10°
Lambda(A=0.015) Lambda(A=0.015)

0.2

0.1

0.0

Coefficients

-0.1

0

H““““HHHHHIHllmlmmunmnn

10" 10" 10

Lambda(A=0.026) Lambda(=0.026)
(B

Figure 3. LASSO coefficient trajectory plot of radiomic and deep learning features and cross-validation mean squared error (MSE)
curve of LASSO regression under 10-fold cross-validation. Each curve represents the trajectory of the regression coefficient for a single
feature as a function of log(4). The vertical dashed line indicates the optimal / value determined by the minimum criterion, the red
dashed line marks the MSE corresponding to the optimal 4 value, and the blue vertical bars represent the confidence intervals for the
MSE estimates. (A) Intratumoral features, 4 = 0.015; (B) Intratumoral plus 3-mm peritumoral features, A = 0.026

[E] 3. 10 Az R IIE FRAKLAFFFHER) LASSO ZHHIEE LK LASSO EVARYZ R EIEH7IRZE(MSE)#hiZk . BRM%A R
—MFHERIEIVAREBE log(W)BHRHIE, EEELARNVENTHENSMR 1 E, LEEEFCHRMN 1 EXNREM MSE, &
BREH MSE HitHERERXE. (A) BREHE, 1=0.015; (B) A + ERE 3 mm4FE, 2=0.026
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wavelet HLH_glem_Correlation T mmml Coefficients

wavelet HHH_glem_Correlation_T

wavelet HHL glszm LargeAreaLowGrayLevelEmphasis T q
wavelet HHH_glszm ZoneEntropy T

wavelet HHH_glem Imc2 T4

wavelet LHH_glszm_SmallAreaEmphasis T

wavelet LHL ngtdm Busyness_T {

wavelet LLL glszm_ZoneVariance T A

feature name

log _sigma_2 0_mm_3D_glecm_Correlation T {

wavelet HLL glem ClusterProminence T

wavelet HHH_gldm LargeDependenceLowGrayLevelEmphasis_T
wavelet LLL glecm Correlation T

wavelet HLH_firstorder Median_T

wavelet HLL glem Imcl TH

0 001 002  0.03

=

004 -003 -002 001 O

A

wavelet HHH_glem_Correlation_ T mmmm Coefficients
wavelet HHH_glem_Imc2 T

wavelet HLH_glem_Correlation_P3 A
wavelet HHL_glszm_ZoneVariance_T A
wavelet LHH_glszm SmallAreaEmphasis_T -
wavelet HHL_glszm_SmallAreaEmphasis_T -

wavelet HLH_glem_Correlation_T A

wavelet HHH_glszm_ZoneEntropy_T -

feature name

wavelet HHL ngtdm_Strength P3 -

wavelet HHH_gldm LargeDependenceLowGrayLevelEmphasis P3 -
log_sigma 2 0_mm 3D _glcm Correlation P3 A

wavelet LLL_glem_Correlation_T -

wavelet HLH_firstorder_Median_T -

wavelet HLL glem Imcl_P3 4

-0.03 0.02 -0.01 0. 0.01 0.02
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Figure 4. Radiomic features with non-zero coefficients retained by LASSO at the selected 1. The bar plot shows the (standardized)
regression coefficients, with positive and negative values indicating the direction of association, respectively. (A) Intratumoral features;
(B) Intratumoral plus 3-mm peritumoral features

[ 4. 7EFTIE 2 TH LASSO REMAKIETHEGTAFFHE. HHERREREN)TTRY, EAESIKRXEKEE. (A)
TEMEHE; (B) BMA + R 3 mm $HiE

(=3
S

Table 3. Radiomics features with non-zero coefficients retained by LASSO at the selected 1 and their corresponding coefficients
52 3. 7EFTIE A TH LASSO REMABIAETHSEFIFERH A

FRE4E KIG 8 4 RFHESS Y WL A R EX
Log sigma 2.0 mm 3D GLCM Correlation —0.006
Tumor Wavelet-HHH GLCM Correlation +0.029
Wavelet-HHH GLCM Imc2 +0.015
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B3k

Wavelet-HHH GLDM Large Dependence Low Gray Level Emphasis —0.010
Wavelet-HHH GLSZM Zone Entropy +0.019
Wavelet-HHL GLSzZM Large Area Low Gray Level Emphasis +0.021
Wavelet-HLH First order Median —0.043
Wavelet-HLH GLCM Correlation +0.031
Wavelet-HLL GLCM Cluster Prominence —0.008
Wavelet-HLL GLCM Imcl —0.045
Wavelet-LHH GLSZM Small Area Emphasis +0.013
Wavelet-LHL NGLDM Busyness +0.010
Wavelet-LLL GLCM Correlation —0.023
Wavelet-LLL GLSZM Zone Variance —0.001
Log sigma 2.0 mm 3D GLCM Correlation —0.004
Wavelet-HHH GLCM Correlation +0.024
Wavelet-HHH GLCM Imc2 +0.018
Wavelet-HHH GLDM Large Dependence Low Gray Level Emphasis —-0.002
Wavelet-HHH GLSZM Zone Entropy +0.002
Wavelet-HHL GLSZM Small Area Emphasis +0.005
Wavelet-HHL GLSZM Zone Variance +0.012
s Wavelet-HLH First order Median —0.024
Wavelet-HLH GLCM Correlation +0.004
Wavelet-HLL GLCM Imcl —0.034
Wavelet-LHH GLSZM Small Area Emphasis +0.010
Wavelet-LLL GLCM Correlation —0.011
Wavelet-HHL NGLDM Strength +0.001
Wavelet-HLH GLCM Correlation +0.017

Table 4. Comparison of predictive performance of machine learning models based on feature sets from different regions in
the test set

4. BT ARIXEFHERM RS SR BEIIES ERTUN M RELLER

FRAELE A AUC 95% Cl TR HUR R TR F1 4344
RF 0.840 0.779~0.901 0.789 0.796 0.785 0.717
LR 0.824 0.759~0.889 0.770 0.741 0.785 0.684
Model-T
SVM 0.827 0.764~0.891 0.770 0.759 0.776 0.689
XGBoost 0.807 0.737~0.877 0.764 0.759 0.766 0.683
RF 0.851 0.792~0.910 0.801 0.796 0.804 0.729
LR 0.841 0.781~0.902 0.745 0.926 0.654 0.709
Model-TP3
SVM 0.841 0.781~0.901 0.745 0.926 0.654 0.709
XGBoost 0.847 0.786~0.907 0.801 0.778 0.813 0.724
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Figure 5. Comparison of ROC curves of machine learning models based on feature
sets from different regions in the test set. (A) Single intratumoral model; (B) Intra-
tumoral plus 3-mm peritumoral model
[# 5. EFARIXEFFEEHEF SIEEELIESR LAY ROC BiZkELE . (A)
PAJERIER; (B) EA + JER 3 mm iRE

RAEH AN 6 Fros. fERIESE, XGBoost HERHFMIAE A 5 SE PR PR S AF R AE R R I
ROHER IR LR BIRRHERIL BT, (URTIBER X B AR s il RF BURAE AR Rl il I 22 5
SVM A5 R AEAR TR MR X [R) A7 AE B2 0 XU A, RRHER I 2
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Figure 6. Calibration curves of the model in (A) training set and (B) validation set. The horizontal axis represents the predicted
probability, and the vertical axis represents the actual observed incidence of outcomes. The 45° diagonal line indicates ideal
calibration. The closer the calibration curve is to the diagonal line, the better the calibration performance of the model
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Figure 7. Decision curves of the model in (A) training set and (B) validation set. Decision curve analysis was applied to
compare the net benefit of the model within different threshold probabilities in the training set (A) and validation set (B). The
“Treat-all” and “Treat-none” strategies are presented as reference lines
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4. W1ig

PCR 2 FL M B A B R o7 97 RS KA TS (0B B AR AL, JUHAE HER-2 PR X = BAPE AL 4R
RIFHUE[2] [3]. FSAETUIN pCR A B TR Im PR PSR 3R i Mo v 1K) 8 5 T 25 LR BB B IR YT, Tk s
WERARE P S B3 T7 58, RS B PE OB VR T IR . LRI = S R PR U T NST 18 R NAFTE
FEAMRER . ARGRARFIURBIE S LAY, 5 BB I S8R R PR 1ER . [Rtk, JRy7 AT LA
T pCR B A L E IRANME « AW T B AR AL - S A B R IR =, B uE S A AUC & 0.851 (95%
C1:0.792~0.910), RUREAL T3 —JR PR o 3k 3% B Y6 ) Pl B A AR 48 45 LA AR B S iRy 2ot
I K B S AR AR 545 5 [28] [29],  EPIE T 98 9 57 o M 5988 JE) A B & A R B A B R
PARFAIE 5 R IR AR A 1) S 1 220 0, 98 R AAE JU) AP 5 A FE AR R AR 28 M S, (B B AN R
5RO G -

9o JE DX S e e A kR BB RN B B AR S B R S  CEA X, W
ST E ORI IV AR R T B YR AE DS B AR i I X . BEAE W FT (0 Braman 4§[24] [25]) 2
UESE, 6 A SR ZH 2 R AIE 55 IR 2 T U L 20 B 2 A DG, 9 v Tt L e PRIV T SRS o Li S5 [30]3E — 2D 4R
t, JENECARE 10 mm AL AUC LT FR XA . SR, DG T dmef0sR Ji 9 BE i AR A R iR . ARk
AIAEAR ST AF AT SRS AH PR 2R (W1 1 mm B ).

AHFFEIERT L T LR RF. SVM 5 XGBoost PUFPHR %, AR EETANE R EC7EE, Wil 2 5k
Xof EU AT G B — SR AR AR AR MR 25 51, UF B TIOR8 v BUSEARAE IR, SRR AR (. &
BARReE . SE5R VRS

RO AR BT R IE ) 14 ANRHIE, ARBEFUNAE B . RRESE A S (A B = AN RS AT T4
Wro FEASHRRTT, /NRAE & SRR 92.90% (13/14) (3 3). X — & ik FLIH B T/ A e B A& A1
S AR AL BE S, HOTIRINE RERLS 58 E R, X R 55 v B A B i U [31] [32].
Zhou ZE[33] M FCIRIESE, AR T PRl (K AR Bl SR SCERRRAE , 28/ IN 70 480 Ah B (1) BB ARFAIE AE VA 73 350
WAL A NST 7 RN BA ST ANk e . AERFAESEAN 7 T, BRI | 13 NSUAFIE, 7] R B
SRR AR AR, A5 I Al R R AR I R [24] [25] [34]. FEAS AN A b, IXEEERAE AL 9 N AR
EWE 5 MRAED(E 4). BARTE, JBARHE(Wavelet_ HLL_GLCM_IMC1_P3) &% K H5 pCR
A, $8AE pCR Wikk NSO TE A B I, ik — 0 2 B8 Jo] X P 45 ol (1 A 55245 2% pCR Ll LA 8
IR

AT e 32 B SR BRAAEAE TSR S o [ 8 0 LR Z B S7. A ARG AIE B0 IE AR AR R I i
SRR ot R P A R 4y, 18 R I 2R 5 IR R38RV T [F) — B9 7 WL, 456 FHAH F) /¥ 3.0 T GE Signa
HDxt MRI $14i, H & AFEEA RV, IR TR S 1 AUC v]RE Sl T B 7EAS (R R 4R ot f
FARSE AR NP SRRz AR ST RN, SARRERE SN ZE RS SBEEE 7. ok,
H AT B R (BFE ROI 7B 5REIESEH) R T M — AR T 5, X — R FE T RE I AR
PEAR S (RN, e 4R 2 SRR 5 R T A AR ) 2 R P 2 IR SR BT AN B, BELRS 17 e AR [ 26 o) F900 435 SR
PR S ST, AR R T LR R Al 1 598 W BT E 3 mm sU QA =R 2 W jlRe, i
HIVR AR 2R FRAl VPR R RARAE B BN, RSN PR EEZR F B3R S Pl I8 - AT I & A8 4
Br, e T RTINAR &, AR RRE EIRANIX 3 2 IR . ffE, AHE AU — MRI 731, IX (1R
PR TV A T 0 R 22 4R T L R R IR B BTN

AR T RTE T 2 P SR SR T L e B A B YR I S R TR A B P S ISR S ANME . EEXT BRIz A
PEA R, AT SR A FR LR TE 1T R I BRI MU I 2 o0 S AR FE 9N I PR TR0 45
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bR, BUREPEVEAR TR RE ST, JRIE ATFAWE TR AL BORAE, ML A IR RS- BEAE R . BR AT AT
BAIESN, ARAGETT GBI A BARIR T AT il RelE, &2 S8 MRIL TRV 2 A Bty o
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PSS S IR X, SR R IR R BTV EEAT AR BRI, SR TEA R A F5 0 DR A S AR R AL
SEEME, W IR TR B [F B R AR R M 2 e S 8 R R AR R SR B SR B R SR A R ALE
R LR A AR S AR A A AR [28] TS L R IR AR R A E AR AR AT H R T, A
A S AT S T AR A A R S LR A AN AL, SRTH R (R A 2 R AR

5. &g

AWML, 8 ) X skt T L s B ik Bh a7 J5 e B 58 A Rl R LA BAMAE . AW
EMECABRE T IR N SR RS R, TR IEEE H 523 AUC 0.851 (95% Cl: 0.792~0.910), 3%
T B — R AR . IR S Ik . RHERE U R M 2k el = 7 RIS, 2 IUH AME AR
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BGAUE, 5 Ak B IGR N o 5RRAF LLIRAE, 2R O E i BG T ABE 2 R MALFE AR
FHIERAEI . LRI S HUAE .

B
AW RETF B REWRBERSHERSAHEGCHLS: QYFYWZLL42167), W Fulk B ik HE &,
SE ik

[1] Bray, F., Laversanne, M., Sung, H., Ferlay, J., Siegel, R.L., Soerjomataram, I., et al. (2024) Global Cancer Statistics 2022:
GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA: A Cancer Journal for
Clinicians, 74, 229-263. https://doi.org/10.3322/caac.21834

[2] Cortazar, P., Zhang, L., Untch, M., Mehta, K., Costantino, J.P., Wolmark, N., et al. (2014) Pathological Complete Re-
sponse and Long-Term Clinical Benefit in Breast Cancer: The CTNeoBC Pooled Analysis. The Lancet, 384, 164-172.
https://doi.org/10.1016/s0140-6736(13)62422-8

[3] Yee, D., DeMichele, A.M.,, Yau, C., Isaacs, C., Symmans, W.F., Albain, K.S., et al. (2020) Association of Event-Free
and Distant Recurrence-Free Survival with Individual-Level Pathologic Complete Response in Neoadjuvant Treatment
of Stages 2 and 3 Breast Cancer: Three-Year Follow-Up Analysis for the 1-SPY2 Adaptively Randomized Clinical Trial.
JAMA Oncology, 6, 1355-1362. https://doi.org/10.1001/jamaoncol.2020.2535

[4] Romeo, V., Accardo, G., Perillo, T., Basso, L., Garbino, N., Nicolai, E., et al. (2021) Assessment and Prediction of
Response to Neoadjuvant Chemotherapy in Breast Cancer: A Comparison of Imaging Modalities and Future Perspectives.
Cancers, 13, Article 3521. https://doi.org/10.3390/cancers13143521

[5] Leong, K.M., Lau, P. and Ramadan, S. (2015) Utilisation of MR Spectroscopy and Diffusion Weighted Imaging in Predict-
ing and Monitoring of Breast Cancer Response to Chemotherapy. Journal of Medical Imaging and Radiation Oncology, 59,
268-277. https://doi.org/10.1111/1754-9485.12310

[6] Lambin, P., Rios-Velazquez, E., Leijenaar, R., Carvalho, S., van Stiphout, R.G.P.M., Granton, P., et al. (2012) Radiomics:

Extracting More Information from Medical Images Using Advanced Feature Analysis. European Journal of Cancer, 48,
441-446. https://doi.org/10.1016/j.ejca.2011.11.036

[7] Daimiel Naranjo, I., Gibbs, P., Reiner, J.S., Lo Gullo, R., Sooknanan, C., Thakur, S.B., et al. (2021) Radiomics and Machine
Learning with Multiparametric Breast MRI for Improved Diagnostic Accuracy in Breast Cancer Diagnosis. Diagnostics, 11,
Article 919. https://doi.org/10.3390/diagnostics11060919

[8] Zhang, R., Wei, W., Li, R., Li, J., Zhou, Z., Ma, M., et al. (2022) An MRI-Based Radiomics Model for Predicting the
Benignity and Malignancy of BI-RADS 4 Breast Lesions. Frontiers in Oncology, 11, Article 733260.
https://doi.org/10.3389/fonc.2021.733260

[9] Zhang,J., Zhan, C., Zhang, C., Song, Y., Yan, X., Guo, Y., et al. (2023) Fully Automatic Classification of Breast Lesions
on Multi-Parameter MRI Using a Radiomics Model with Minimal Number of Stable, Interpretable Features. La radiolo-
gia medica, 128, 160-170. https://doi.org/10.1007/s11547-023-01594-w

DOI: 10.12677/acm.2026.1662199 109 I A [ 2 3k


https://doi.org/10.12677/acm.2026.1662199
https://doi.org/10.3322/caac.21834
https://doi.org/10.1016/s0140-6736(13)62422-8
https://doi.org/10.1001/jamaoncol.2020.2535
https://doi.org/10.3390/cancers13143521
https://doi.org/10.1111/1754-9485.12310
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.3390/diagnostics11060919
https://doi.org/10.3389/fonc.2021.733260
https://doi.org/10.1007/s11547-023-01594-w

F—ln, FHE

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Li, H., Zhu, Y., Burnside, E.S., Huang, E., Drukker, K., Hoadley, K.A,, et al. (2016) Quantitative MRI Radiomics in the
Prediction of Molecular Classifications of Breast Cancer Subtypes in the TCGA/TCIA Data Set. NPJ Breast Cancer, 2,
Article No. 16012. https://doi.org/10.1038/npjbcancer.2016.12

Leithner, D., Horvat, J.V., Marino, M.A., Bernard-Davila, B., Jochelson, M.S., Ochoa-Albiztegui, R.E., et al. (2019)
Radiomic Signatures with Contrast-Enhanced Magnetic Resonance Imaging for the Assessment of Breast Cancer Re-
ceptor Status and Molecular Subtypes: Initial Results. Breast Cancer Research, 21, Article No. 106.
https://doi.org/10.1186/513058-019-1187-z

Han, L., Zhu, Y., Liu, Z., Yu, T., He, C., Jiang, W., et al. (2019) Radiomic Nomogram for Prediction of Axillary Lymph
Node Metastasis in Breast Cancer. European Radiology, 29, 3820-3829. https://doi.org/10.1007/s00330-018-5981-2

Chen, Y., Li, J., Zhang, J., Yu, Z. and Jiang, H. (2024) Radiomic Nomogram for Predicting Axillary Lymph Node Me-
tastasis in Patients with Breast Cancer. Academic Radiology, 31, 788-799. https://doi.org/10.1016/j.acra.2023.10.026

Yu, Y., Tan, Y., Xie, C., Hu, Q., Ouyang, J., Chen, Y., et al. (2020) Development and Validation of a Preoperative
Magnetic Resonance Imaging Radiomics-Based Signature to Predict Axillary Lymph Node Metastasis and Disease-Free
Survival in Patients with Early-Stage Breast Cancer. JAMA Network Open, 3, e2028086.
https://doi.org/10.1001/jamanetworkopen.2020.28086

Guo, L., Du, S., Gao, S., Zhao, R., Huang, G., Jin, F., et al. (2022) Delta-Radiomics Based on Dynamic Contrast-En-
hanced MRI Predicts Pathologic Complete Response in Breast Cancer Patients Treated with Neoadjuvant Chemotherapy.
Cancers, 14, Article 3515. https://doi.org/10.3390/cancers14143515

Shi, Z., Huang, X., Cheng, Z., Xu, Z., Lin, H., Liu, C., et al. (2023) Erratum For: MRI-Based Quantification of Intra-
tumoral Heterogeneity for Predicting Treatment Response to Neoadjuvant Chemotherapy in Breast Cancer. Radiology,
308, £222830. https://doi.org/10.1148/radiol.239021

Maller, O., Martinson, H. and Schedin, P. (2010) Extracellular Matrix Composition Reveals Complex and Dynamic
Stromal-Epithelial Interactions in the Mammary Gland. Journal of Mammary Gland Biology and Neoplasia, 15, 301-
318. https://doi.org/10.1007/s10911-010-9189-6

Wu, J,, Li, B, Sun, X., Cao, G., Rubin, D.L., Napel, S., et al. (2017) Heterogeneous Enhancement Patterns of Tumor-
Adjacent Parenchyma at MR Imaging Are Associated with Dysregulated Signaling Pathways and Poor Survival in Breast
Cancer. Radiology, 285, 401-413. https://doi.org/10.1148/radiol.2017162823

Hoffmann, E., Masthoff, M., Kunz, W.G., Seidensticker, M., Bobe, S., Gerwing, M., et al. (2024) Multiparametric MRI
for Characterization of the Tumour Microenvironment. Nature Reviews Clinical Oncology, 21, 428-448.
https://doi.org/10.1038/s41571-024-00891-1

Hammond, M.E.H., Hayes, D.F., Dowsett, M., Allred, D.C., Hagerty, K.L., Badve, S., et al. (2010) American Society of
Clinical Oncology/College of American Pathologists Guideline Recommendations for Immunohistochemical Testing of
Estrogen and Progesterone Receptors in Breast Cancer. Journal of Clinical Oncology, 28, 2784-2795.
https://doi.org/10.1200/jc0.2009.25.6529

Wolff, A.C., Hammond, M.E.H., Hicks, D.G., Dowsett, M., McShane, L.M., Allison, K.H., et al. (2013) Recommenda-
tions for Human Epidermal Growth Factor Receptor 2 Testing in Breast Cancer: American Society of Clinical Oncol-
ogy/College of American Pathologists Clinical Practice Guideline Update. Journal of Clinical Oncology, 31, 3997-4013.
https://doi.org/10.1200/jc0.2013.50.9984

Liu, Z., Wang, S., Dong, D., Wei, J., Fang, C., Zhou, X., et al. (2019) The Applications of Radiomics in Precision
Diagnosis and Treatment of Oncology: Opportunities and Challenges. Theranostics, 9, 1303-1322.
https://doi.org/10.7150/thno.30309

Satake, H., Ishigaki, S., Ito, R. and Naganawa, S. (2022) Radiomics in Breast MRI: Current Progress toward Clinical
Application in the Era of Artificial Intelligence. La radiologia medica, 127, 39-56.
https://doi.org/10.1007/s11547-021-01423-y

Braman, N.M., Etesami, M., Prasanna, P., Dubchuk, C., Gilmore, H., Tiwari, P., et al. (2017) Intratumoral and Peritumoral
Radiomics for the Pretreatment Prediction of Pathological Complete Response to Neoadjuvant Chemotherapy Based on
Breast DCE-MRI. Breast Cancer Research, 19, Article No. 57. https://doi.org/10.1186/s13058-017-0846-1

Braman, N., Prasanna, P., Whitney, J., Singh, S., Beig, N., Etesami, M., et al. (2019) Association of Peritumoral Radiomics
with Tumor Biology and Pathologic Response to Preoperative Targeted Therapy for HER2 (ERBB2)-Positive Breast Cancer.
JAMA Network Open, 2, e192561. https://doi.org/10.1001/jamanetworkopen.2019.2561

Conti, A., Duggento, A., Indovina, 1., Guerrisi, M. and Toschi, N. (2021) Radiomics in Breast Cancer Classification and
Prediction. Seminars in Cancer Biology, 72, 238-250. https://doi.org/10.1016/j.semcancer.2020.04.002

Zhang, X., Zhang, Y., Zhang, G., Qiu, X., Tan, W, Yin, X,, et al. (2022) Deep Learning with Radiomics for Disease
Diagnosis and Treatment: Challenges and Potential. Frontiers in Oncology, 12, Article 773840.
https://doi.org/10.3389/fonc.2022.773840

DOI: 10.12677/acm.2026.1662199 110 I A [ 2 3k


https://doi.org/10.12677/acm.2026.1662199
https://doi.org/10.1038/npjbcancer.2016.12
https://doi.org/10.1186/s13058-019-1187-z
https://doi.org/10.1007/s00330-018-5981-2
https://doi.org/10.1016/j.acra.2023.10.026
https://doi.org/10.1001/jamanetworkopen.2020.28086
https://doi.org/10.3390/cancers14143515
https://doi.org/10.1148/radiol.239021
https://doi.org/10.1007/s10911-010-9189-6
https://doi.org/10.1148/radiol.2017162823
https://doi.org/10.1038/s41571-024-00891-1
https://doi.org/10.1200/jco.2009.25.6529
https://doi.org/10.1200/jco.2013.50.9984
https://doi.org/10.7150/thno.30309
https://doi.org/10.1007/s11547-021-01423-y
https://doi.org/10.1186/s13058-017-0846-1
https://doi.org/10.1001/jamanetworkopen.2019.2561
https://doi.org/10.1016/j.semcancer.2020.04.002
https://doi.org/10.3389/fonc.2022.773840

F—Un, FHE

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

Xie, T., Gong, J., Zhao, Q., Wu, C., Wu, S., Peng, W., et al. (2024) Development and Validation of Peritumoral Vascular
and Intratumoral Radiomics to Predict Pathologic Complete Responses to Neoadjuvant Chemotherapy in Patients with
Triple-Negative Breast Cancer. BMC Medical Imaging, 24, Article No. 136.
https://doi.org/10.1186/s12880-024-01311-7

Tu, Y.S., Weng, A.T,, Ren, A.L., et al. (2023) Multimodal MRI Manifestations and Pathological Basis of Peritumoral
Infiltration of Glioma in Rat. Chinese Journal of Magnetic Resonance Imaging, 14, 105-110.

Li, C., Lu, N., He, Z,, Tan, Y., Liu, Y., Chen, Y., et al. (2022) A Noninvasive Tool Based on Magnetic Resonance
Imaging Radiomics for the Preoperative Prediction of Pathological Complete Response to Neoadjuvant Chemotherapy
in Breast Cancer. Annals of Surgical Oncology, 29, 7685-7693. https://doi.org/10.1245/s10434-022-12034-w

Shuvo, S.B., Alam, S.S., Ayman, S.U., Chakma, A., Salvi, M., Seoni, S., et al. (2025) Application of Wavelet Transfor-
mation and Atrtificial Intelligence Techniques in Healthcare: A Systemic Review. WIREs Data Mining and Knowledge
Discovery, 15, e70007. https://doi.org/10.1002/widm.70007

Tang, V.H., Duong, S.T.M., Nguyen, C.D.T., Huynh, T.M., Duc, V.T., Phan, C., et al. (2023) Wavelet Radiomics Fea-
tures from Multiphase CT Images for Screening Hepatocellular Carcinoma: Analysis and Comparison. Scientific Reports,
13, Article No. 19559. https://doi.org/10.1038/s41598-023-46695-8

Zhou, J., Lu, J., Gao, C., Zeng, J., Zhou, C., Lai, X., et al. (2020) Predicting the Response to Neoadjuvant Chemotherapy
for Breast Cancer: Wavelet Transforming Radiomics in MRI. BMC Cancer, 20, Article No. 100.
https://doi.org/10.1186/s12885-020-6523-2

Park, J., Kim, M.J., Yoon, J., Han, K., Kim, E., Sohn, J.H., et al. (2023) Machine Learning Predicts Pathologic Complete
Response to Neoadjuvant Chemotherapy for ER + HER2- Breast Cancer: Integrating Tumoral and Peritumoral MRI
Radiomic Features. Diagnostics, 13, Article 3031. https://doi.org/10.3390/diagnostics13193031

Du, Y., Zhu, Y., Yang, M., Zhang, A., Zhang, L. and Zhou, Z. (2025) Deep Learning Model Based on DCE-MRI: Fusion
of 3D Features of Tumor, Peritumoral Vessels and Metastatic Lymph Nodes for Prediction of Pathological Complete
Response to Neoadjuvant Therapy in Breast Cancer. Frontiers in Oncology, 15, Article 1664631.
https://doi.org/10.3389/fonc.2025.1664631

Xu, S.,Ying, Y., Hu, Q., Li, X., Li, Y., Xiong, H., et al. (2025) Fusion Model Integrating Multi-Sequence MRI Radiomics
and Habitat Imaging for Predicting Pathological Complete Response in Breast Cancer Treated with Neoadjuvant Therapy.
Cancer Imaging, 25, Article No. 108. https://doi.org/10.1186/s40644-025-00929-2

Yuan, Q., Hong, Z., Ye, R., Yang, P., Lin, J., Jiang, X., et al. (2026) Integrating Deep Feature Extraction and MRI
Radiomics for Survival Prediction in Breast Cancer after Neoadjuvant Chemotherapy. Academic Radiology, 33, 872-888.
https://doi.org/10.1016/j.acra.2025.10.050

Liu, J., Wang, X., Mao, N., Hua, H., Zhong, X., Han, J., et al. (2025) The Value of Machine Learning Based on Magnetic
Resonance Imaging (MRI) and Biopsy Whole-Slide Image to Predict Pathological Complete Response to Breast Cancer
after Neoadjuvant Chemotherapy: A Two-Centre Study. Clinical Radiology, 87, Article ID: 106976.
https://doi.org/10.1016/j.crad.2025.106976

Xu, N., Guo, X., Ouyang, Z., Ran, F., Li, Q., Duan, X., et al. (2024) Multiparametric MRI-Based Radiomics Combined with
Pathomics Features for Prediction of the Efficacy of Neoadjuvant Chemotherapy in Breast Cancer. Heliyon, 10, e24371.
https://doi.org/10.1016/j.heliyon.2024.e24371

Duan, J., Zhao, Y., Sun, Q., Liang, D., Liu, Z., Chen, X., et al. (2023) Imaging-Proteomic Analysis for Prediction of
Neoadjuvant Chemotherapy Responses in Patients with Breast Cancer. Cancer Medicine, 12, 21256-21269.
https://doi.org/10.1002/cam4.6704

Zhang, T., Zhao, L., Cui, T., Zhou, Y., Li, P., Luo, C,, et al. (2025) Spatial-Temporal Radiogenomics in Predicting
Neoadjuvant Chemotherapy Efficacy for Breast Cancer: A Comprehensive Review. Journal of Translational Medicine,
23, Article No. 681. https://doi.org/10.1186/s12967-025-06641-w

Huang, Y., Zhu, T., Zhang, X., Li, W., Zheng, X., Cheng, M., et al. (2023) Longitudinal MRI-Based Fusion Novel Model
Predicts Pathological Complete Response in Breast Cancer Treated with Neoadjuvant Chemotherapy: A Multicenter,
Retrospective Study. eClinicalMedicine, 58, Article 1D: 101899. https://doi.org/10.1016/j.eclinm.2023.101899

DOI: 10.12677/acm.2026.1662199 111 I A [ 2 3k


https://doi.org/10.12677/acm.2026.1662199
https://doi.org/10.1186/s12880-024-01311-7
https://doi.org/10.1245/s10434-022-12034-w
https://doi.org/10.1002/widm.70007
https://doi.org/10.1038/s41598-023-46695-8
https://doi.org/10.1186/s12885-020-6523-2
https://doi.org/10.3390/diagnostics13193031
https://doi.org/10.3389/fonc.2025.1664631
https://doi.org/10.1186/s40644-025-00929-2
https://doi.org/10.1016/j.acra.2025.10.050
https://doi.org/10.1016/j.crad.2025.106976
https://doi.org/10.1016/j.heliyon.2024.e24371
https://doi.org/10.1002/cam4.6704
https://doi.org/10.1186/s12967-025-06641-w
https://doi.org/10.1016/j.eclinm.2023.101899

	瘤内联合瘤周影像组学预测乳腺癌新辅助治疗疗效的研究
	摘  要
	关键词
	A Study on Intratumoral and Peritumoral Radiomics for Predicting the Response to Neoadjuvant Therapy in Breast Cancer
	Abstract
	Keywords
	1. 绪论
	2. 材料与方法
	2.1. 数据采集
	2.2. MRI数据采集
	2.3. 感兴趣区域定义与分割
	2.4. 影像组学特征提取
	2.5. 特征筛选与降维
	2.6. 影像组学模型构建、优化策略与评价指标
	2.7. 统计分析

	3. 结果
	3.1. 样本分布与组间平衡
	3.2. 特征选择及模型构建
	3.3. 多算法比较确定最优模型
	3.4. 性能评估

	4. 讨论
	5. 结论
	声  明
	参考文献

