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Abstract: Objective Neoadjuvant Therapy (NAT) has been established as a standard preoperative treatment paradigm for
locally advanced breast cancer, with the objectives of reducing tumor burden, enhancing surgical resectability, and maxi-
mizing the probability of breast-conserving surgery. Therapeutic efficacy is conventionally assessed by pathological Com-
plete Response (pCR) versus non-pCR status, determined through postoperative histopathological examination. However;,
the inherent latency of pathological assessment substantially limits its utility for timely clinical decision-making and adap-
tive treatment modification. Furthermore, breast tumors characteristically exhibit complex morphological architectures and
heterogeneous enhancement kinetics on Magnetic Resonance Imaging (MRI) , particularly Dynamic Contrast-Enhanced
MRI (DCE-MRI), which poses considerable challenges for precise tumor delineation and quantitative response evaluation.
Consequently, developing a robust and effective computational framework capable of simultaneously achieving accurate
tumor segmentation and extracting clinically discriminative features for early NAT response prediction represents a critical
unmet need with substantial clinical significance. Method To address the aforementioned challenges, this study proposes a
novel radiomics-guided semantic segmentation framework based on the classical U-Net architecture. The proposed model is
designed to enhance feature representation, improve boundary delineation, and facilitate the extraction of discriminative
features for downstream NAT response prediction. First, a Discrete Wavelet Transform (DWT) -based pooling module is
introduced to replace conventional downsampling operations in the encoder. Unlike standard pooling methods that often
result in the loss of high-frequency information, the DWT-based pooling decomposes feature maps into multiple frequency
sub-bands, including low-frequency approximation components and high-frequency detail components. This multi-
frequency decomposition enables the model to explicitly preserve edge information, fine structural details, and texture
variations, which are essential for accurate tumor boundary delineation. As a result, the proposed module improves the
model’ s ability to maintain spatial consistency and enhances its sensitivity to subtle structural changes. Second, a
Radiomics-Augmented Transformer (RAT) module is incorporated to strengthen the interaction between deep semantic fea-
tures and radiomics-inspired representations. Conventional convolutional neural networks primarily capture local spatial
patterns, whereas radiomics features describe global statistical and texture characteristics that are closely related to tumor
heterogeneity and pathological properties. By integrating these complementary sources of information, the proposed model
achieves a more comprehensive representation of tumor characteristics. Specifically, the RAT module employs a channel-
wise selection mechanism to adaptively fuse low-level structural features with high-level semantic and texture representa-
tions. This mechanism allows the network to dynamically emphasize informative channels while suppressing redundant or
irrelevant features, thereby improving feature discriminability and robustness. Third, a Spatial Cross-Attention (SCA)
mechanism is introduced in the decoding stage to refine tumor contour representation and enhance intra-tumoral heterogene-
ity modeling. By capturing long-range spatial dependencies and enabling interactions between features at different spatial
locations, the SCA module effectively integrates global contextual information with local details. This design improves seg-
mentation consistency, especially in regions with ambiguous boundaries or complex structures, and enhances the overall
quality of the reconstructed feature maps. The overall architecture follows an encoder—decoder paradigm, in which hierar-
chical feature representations are progressively extracted and refined through the integration of the aforementioned mod-
ules. The encoder focuses on multi-scale feature extraction with enhanced detail preservation, while the decoder recon-
structs high-resolution segmentation maps with improved boundary accuracy. Beyond segmentation, the deep features
learned by the model are further utilized for NAT response prediction, enabling a unified framework that bridges image seg-
mentation and clinical outcome analysis. Notably, the proposed method supports prediction based on a single randomly
selected time point from DCE-MRI, thereby reducing the dependency on fully aligned temporal sequences and improving
its applicability in real-world clinical scenarios. Result Comprehensive experiments were conducted on three publicly avail-
able breast MRI benchmark datasets to rigorously evaluate the effectiveness and cross-dataset generalization capability of
the proposed method. Experimental results demonstrate that the proposed model consistently achieves state-of-the-art seg-
mentation performance on both the BreastDM and ISPY1 datasets, with Dice similarity coefficients of 88.68% and
92. 87%, respectively, indicating excellent spatial overlap with ground truth annotations. Regarding boundary precision,
the proposed method yields substantial improvements in the 95th percentile Hausdorff Distance (HD95) , with relative

reductions of 19. 7% and 7. 2% over competing state-of-the-art approaches. These results underscore the superiority of the
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proposed framework in capturing fine-grained boundary details while preserving global structural integrity. Systematic abla-
tion studies further validate the individual and synergistic contributions of each component within the proposed framework.
Notably, the Radiomics-Augmented Transformer (RAT) module plays a pivotalrole in enhancing feature representation and
boundary precision. When evaluated independently, the inclusion of the RAT module results in an additional 3.4%
improvement in HD95, demonstrating its strong contribution to refining segmentation results and improving the modeling of
tumor heterogeneity. Moreover, the combination of DWT-based pooling and SCA further enhances the overall performance,
indicating the complementary nature of these modules. Furthermore, the deep features extracted by the proposed segmenta-
tion model demonstrate strong discriminative power for downstream NAT response prediction. Experimental results confirm
that incorporating these learned features yields a substantial improvement in prediction accuracy over baseline approaches.
Crucially, the demonstrated ability to achieve robust prediction based on a single randomly selected DCE-MRI time point
highlights the exceptional flexibility and clinical practicality of the proposed method, substantially reducing the depen-
dency on complete temporal imaging sequences and streamlining the data acquisition workflow in routine clinical practice.
Conclusion In conclusion, this study presents a novel radiomics-guided semantic segmentation framework that synergisti-
cally integrates multi-frequency feature decomposition, transformer-based radiomics-enhanced feature learning, and spatial
cross-attention mechanisms within a unified end-to-end architecture. The proposed model achieves consistently superior
performance in breast tumor segmentation, particularly in boundary delineation accuracy and fine-detail preservation,
while simultaneously yielding highly discriminative features for NAT response prediction. By enabling reliable prediction
from limited single-time-point imaging data, the method substantially reduces the dependency on complex multi-temporal
imaging protocols and significantly enhances clinical applicability. Overall, the proposed framework provides a promising
and practical computational tool for supporting personalized treatment planning and facilitating evidence-based clinical
decision-making in breast cancer management.

Key words: Breast tumor segmentation; Magnetic Resonance Imaging; Neoadjuvant therapy; Radiomics; U-Net; Trans-
former
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#1 BreastDM D EER

Table 1 Segmentation results on BreastDM

Method Dice HD95 IoU
RGU-Net 88.68 + 0.52 2.39+0.11 79.67 + 0.84
U-Net 85.94 +0.26 3.30 +0.27 75.35 £0.41
U-Net++ 85.57 +0.17 3.05 +0.05 7477 £0.27
BreastbM Swin-UNet 80.43 + 0.63 8.71 +0.24 67.35 + 0.87
TransUNet 82.69 +2.18 5.05+0.78 70.55 +3.13
AAU-Net 8659+ 1.16 3.21+0.33 76.36 + 1.80
MTUNet 74.22 + 8.50 13.26 = 11.95 59.48 + 10.38
®2 ISPY1LHHDEER
Table 2 Quantitative segmentation results on ISPY1
Method Dice HDY5 ToU

RGU-Net 92.87 + 0.33 2.57 +0.34 86.68 + 0.56

U-Net 91.40 + 0.61 2.77 + 0.59 84.17 = 1.03

U-Net++ 91.70 +0.28 5.07 = 0.41 84.68 + 0.53

ISPY1 Swin-UNet 81.57 +0.69 8.95 = 0.66 69.41 +0.81

TransUNet 91.72 £ 0.15 2.78 +0.29 84.71 £ 0.25

AAU-Net 78.53 + 5.39 7.51+3.09 64.91 +7.29
MTUNet 61.73 +9.90 25.86 + 6.30 45.41 +10.83

FIRCRAERI 3 R R . 1 33 841, 1 A2 B4 K IR
12 7R TransUNet ,UNet ,UNet++ , AAUNet , Swin-UNet
MTUNet i) i, LRz FLSSARTE i SCH H A RGU-
Net B FUMAE R . XF TR TR , 3 4 3R FLE
1 (True Positives, TP, RIIEHf 53 HIH 4>, L0 A FIR
B IE B (False Positives, FP, RIid B 4rE1543) , i A
FLIHRTE AT L Y 25 (8,2 71 i £ 9] (False Negatives,
FN BRSBTS 53) o

TH RSS2 AN R 3 s o $2 Hh AT HR A )
2 A5 ——3 3 38 LR A Transformer (Channel-wise
Cross-fusion Transformer, CCT)ZRM{EH T AR 1Y 51

®3 ISPY1HIREE LHIERIKER
Table 3 Ablation study results on the ISPY1 dataset

Method Dice HD95 loU
CCT 90.34 +0.23 - 2.74+0.26  82.39 + 0.37
DWT 90.72 £ 0.56  2.64+0.22 83.02 +£0.82
ISPY1
SCA 91.70 £ 0.28 2.66 + 0.31 84.68 +0.53

RGU-Net 92.87 +0.33 2.57 +0.34 86.68 + 0.56

Bko e DWT DL J SCA 73 51483 CCT+DWT Pool-
ing f1 CCT+DWT Pooling+SCA . DWT i fk 155 B fi B2
A% G B AR TG R B R A Y, DT T
TG W R AN TS R () RN RE T o SCA By
SR 1 AR TR G e R A0 DX OG0 R ORBE T 2R
LR SUER . RATHLHGE 35 A 286 i 28 5 1) =
JRUGAR A 2 SRS B0AE R i SCR A5, 230 T XK
JRFHIERRE AL T 5, A ok T o R R RR ER T
Dice #7424 1. 3%, loU $& F+ 2 2. 4%, Ju HJ& i A iE
BIEFR HDOS S2EL T 3. 4% BYAHXT T [, S2 3 i yeg
NGHAER 3 H . XL R RAT 5] AR = 2
SO RENS A AR AIE XX SR RE T, AR 7R 25
P — 501 5 0 PO B T T 5 L B IR A ] S
3T

NAT J 1 7 44 A« 40 %% 4 Fr 78 , RGU-Net £
ISPY2 %4l 4 b S T fe i 19 AUC (0. 838) il ACC
(0.780) , [ 7E SP 4 0. 824 .SE 4 0. 688 {1 . T
ST PERER I, AR T A B R Bl
PREE SCAPEREALUT . M ELZ T, Swin-UNet 15K 3575
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R4 EISPY2HIRE LWAHKER AR W S R SRR T D S R E 25 i
Table 4 Classification results on the ISPY2 dataset St 555 T I EE 7, W TSZ 88 7R s e HL Rl i e 1
Method  ACC. AUC  FIL  SE  SP  ShElE4ps. i (i 8 i Rt (46 b

RGU-Net 0.780 0.838 0.667 0.688 0.824 P P R E MR AR ) SR I e, FERH LA
MTUNet 0700 0754 0.400 0312 0.882 B Bha YT ROV AR AR TG T O il e b B

SwinUNet  0.700 0.693 0.118 1.000 0.062 EAE B PRIV FH A A
TransUNet  0.640 0.756 0.500 0562 0.676 2.4 FFERSRIREREME
sz U-Net++ 0.700 0.719 0.651 0.873 0.618 AR B S AR A S R A AR AR B B 2R T

U-Net 0680 0778 0467 0438 0794 . 3 SV SUEIEH] R A A AERER 19 Ay T
5 EWE B AR AE UL RECh ST L1#G
G E U A I, fuff RS Y RE 8 75 )1 ot A v 2o Ao B e
[ A543, 19 2 by 1 7 2 E DX g8 1) 4 SR 5 i e K
T R AE RIS s e A A X R Y SCEARAE . BT, IR SC PR AR 7R E A RAT
SR IRBT 1o oCR 5 GRS e PRI 06 4 5 L R Ko fit 5
o , e e o 4 55 JCRHE I WAL B [ 3 IR 40 =R T AR
i;@ﬁ:;g;;f f;{;:?ﬁf o m)i* A B BLAT 5835090 0 BB 5 15 2
il , X — i e it R 58 42 i FE B 5l , o AR A T2

i 4Hf2|-‘4?&%43%%f)‘ﬂxﬁ JERAE T H 5 28 5T

AAU-Net 0.660 0.743 0.564 0.688 0.647
ResNet50 0.604 0.749 0.387 0.400 0.697

LN
BTG o GETHRHE SRR S T A AT L IR 23

W 4 s, 12 S0 — 0 38 o TR 1 [ R AN M5 A a4 JZ AR (64,1601 .[128,80] .[256,
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Fig3 Visual comparison of segmentation results.
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Fig4 Confusion matrices of different models on the ISPY?2 dataset
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Tt % 92. 87%, 10U Hi 84. 68% $i£ Tt & 86. 68%, HD95
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