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Accurate segmentation of breast tumors in dynamic contrast-enhanced magnetic resonance imaging 
(DCE-MRI) is essential for effective diagnosis, treatment planning, and monitoring of breast cancer. 
However, the high heterogeneity of tumor appearance and the complex spatiotemporal dynamics of 
contrast enhancement present critical challenges for existing segmentation methods. In this study, we 
propose a novel residual-guided spatiotemporal transformer with graph fusion enhancement (RST2G) 
framework for precise breast tumor segmentation in DCE-MRI. RST2G explicitly leverages pre-contrast 
MRI, post-contrast MRI, and their residual differences to capture rich inter-temporal kinetic information. 
Specifically, RST2G employs a weight-sharing hybrid encoder that combines convolutional neural 
networks and vision transformers to extract local and global features, followed by a residual-guided 
multi-scale refinement module to enhance feature discriminability. To effectively model spatial and 
temporal contextual dependencies, we construct modality-specific graphs and apply inter-slice and 
inter-temporal attention mechanisms for spatiotemporal graph enhancement. Extensive experiments 
on 2 publicly available breast DCE-MRI datasets demonstrate that RST2G significantly outperforms 
state-of-the-art 2-dimensional (2D), 3D, and 4D segmentation methods. Given its effectiveness in 
capturing complex spatiotemporal tumor characteristics for cancer annotation, RST2G has the potential 
to improve clinical breast cancer treatment.

Introduction

   Breast cancer remains one of the most prevalent and deadly 
malignancies affecting women worldwide [  1 ]. Early and accu-
rate detection of breast tumors is crucial for improving patient 

prognosis and guiding effective treatment strategies [  2 ]. Precise 
delineation of tumor boundaries in medical images plays a vital 
role in diagnosis, treatment planning, and monitoring therapeu-
tic response [  3 ]. However, manual annotation of breast tumors 
in medical images is labor-intensive and time-consuming, 
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requires expert knowledge, and is prone to inter- and intra-
observer variability, limiting its scalability and consistency in 
clinical practice.

   Dynamic contrast-enhanced magnetic resonance imaging 
(DCE-MRI) has emerged as a powerful tool for breast cancer 
detection and characterization [  4 ]. It provides both morpho-
logical and functional information by capturing the kinetic 
behavior of contrast agents in tissue [  5 ]. The high sensitivity of 
DCE-MRI makes it particularly valuable for identifying subtle 
lesions and assessing tumor angiogenesis [  6 ]. Moreover, DCE-
MRI offers rich spatiotemporal information that enables more 
accurate characterization of tumor heterogeneity and vascular 
properties compared to static imaging techniques [  7 ].

   In recent years, deep learning methods have rapidly advanced 
[  8 ] and have been extensively applied in medical image analysis 
[  9 ,  10 ], including breast tumor segmentation in DCE-MRI [ 5 ]. 
Traditional machine learning approaches often rely on hand-
crafted features, which may not fully capture the complex pat-
terns in medical images. In contrast, deep learning architectures, 
particularly convolutional neural networks (CNNs) [  11 ], have 
demonstrated superior performance by automatically learning 
hierarchical features from large datasets. These networks effec-
tively capture spatial and appearance features of tumors, enabling 
more accurate and efficient segmentation than conventional 
methods. Furthermore, integrating temporal information and 
advanced architectures such as transformers [  12 ,  13 ] has enhanced 
the ability to model complex spatiotemporal dependencies 
inherent in DCE-MRI sequences, facilitating more robust and 
precise tumor delineation.

   Despite these advances, several challenges remain. First, 
the high heterogeneity of breast tumors—including variable 
sizes, shapes, and internal textures—poses significant difficul-
ties for accurate segmentation [  14 ]. Second, although dynamic 
enhancement patterns contain critical diagnostic cues, many 
approaches lack effective mechanisms to deeply mine and rep-
resent this information with sufficient discriminative power. 
Therefore, developing an effective method that captures the 
complex spatiotemporal characteristics of breast tumors is 
highly promising.

   To address these challenges, we propose a residual-guided 
spatiotemporal transformer with graph fusion enhancement 
(RST2G) to fully exploit spatiotemporal priors for accurate 
breast cancer segmentation in DCE-MRI. Specifically, RST2G 
explicitly incorporates pre-contrast MRI, post-contrast MRI, 
and their residuals as inputs. A weight-sharing convolutional 
Transformer Encoder (CFormerEncoder) is devised to capture 
both local and global features from each input branch. We also 
design a residual-guided multi-scale refinement (MSR) module 
to enhance the learned representations. Furthermore, we con-
struct pre-contrast, post-contrast, and residual graphs based on 
the refined features. Using these graphs, we deploy inter-slice 
attention (ISA) and inter-temporal attention (ITA) mechanisms 
to capture spatiotemporal contextual information. Finally, the 
spatiotemporal graph is projected and fed into a CDecoder to 
generate the final voxel-level segmentation output. Parti cularly, 
incorporating pre-contrast MRI, post-contrast MRI, and their 
residual difference images allows the model to access comple-
mentary information reflecting both structural morphology and 
dynamic contrast enhancement patterns. Pre-contrast images 
provide baseline anatomical context; post-contrast images 
capture functional changes following contrast agent uptake; 
and residual images explicitly highlight areas of dynamic 

enhancement critical for identifying tumor regions. Extensive 
experiments demonstrate that RST2G outperforms recent state-
of-the-art 2-dimensional (2D), 3D, and 4D approaches, high-
lighting its potential to advance breast cancer segmentation in 
DCE-MRI.   

Results

The RST2G algorithm
   The RST2G model is a novel framework (Fig.  1 ) specifically 
designed for accurate breast cancer segmentation in DCE-MRI. 
While it builds upon well-established building blocks—including 
CNNs, vision transformers (ViTs), and graph attention mecha-
nisms—its originality lies in the synergistic integration of these 
components, tailored to effectively capture the complex spatial 
and temporal patterns present in breast MRI data.                

   RST2G leverages residual learning and multi-modal inputs 
to exploit complementary information that enhances tumor 
localization. At the input stage, it simultaneously processes pre-
contrast MRI, post-contrast MRI, and the residual difference 
images computed between them. The residual images empha-
size subtle intensity changes induced by contrast agents, which 
are critical for highlighting tumor regions but have been unde-
rutilized in prior works with this combined approach.

   The core feature extractor, CFormerEncoder, is a hybrid 
architecture combining CNN layers with Transformer blocks. 
The CNN layers capture fine-grained local details, while the 
Transformer components model long-range dependencies and 
global contextual relationships through self-attention mecha-
nisms. This combination allows the encoder to produce rich 
and discriminative features that represent complex tissue struc-
tures more comprehensively than either architecture alone.

   To further refine these features, an MSR module is introduced. 
The MSR module fuses multi-modal features at different scales, 
effectively leveraging complementary information across the pre-
contrast, post-contrast, and residual modalities. Additionally, 
spatial attention within this module adaptively recalibrates fused 
features, emphasizing regions most relevant for tumor segmenta-
tion and improving feature discriminability.

   A key innovation of RST2G is its graph-based spatiotempo-
ral modeling. To capture contextual relationships not only 
within individual slices but also across time points and imaging 
phases, 2 attention mechanisms are designed: ISA and ITA. ISA 
models spatial dependencies among adjacent slices by treating 
each spatial location as a graph node and applying graph atten-
tion, capturing spatial continuity of breast tissue. Batch-wise 
attention further enhances the inter-slice feature interactions, 
strengthening spatial representation. ITA focuses on temporal 
and modality-wise feature fusion by integrating pre-contrast, 
post-contrast, and residual features channel-wise via a multi-
layer perceptron (MLP) followed by spatial attention, allowing 
the model to leverage temporal dynamics crucial for delineating 
tumor boundaries over time.

   Finally, the enhanced features are decoded by the CDecoder 
network, which progressively upsamples and refines feature 
maps to generate high-resolution segmentation masks. The 
model is supervised using a hybrid loss function that combines 
Dice loss, binary cross-entropy (BCE) loss, and boundary loss, 
ensuring accurate overlap with the ground truth and precise 
boundary delineations—both vital for clinical application.

   In summary, while RST2G employs established CNN, Trans
former, and graph attention modules, its novelty derives from 
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the carefully crafted architecture that integrates these elements 
with residual image inputs, multi-scale multi-modal fusion, 
and novel spatiotemporal graph attention mechanisms. This 
comprehensive design enables RST2G to capture complex spa-
tiotemporal patterns in DCE-MRI data more effectively than 
prior works, leading to improved breast cancer segmentation 
performance as validated by our extensive experiments.   

Datasets and implementation details
   In this study, we evaluate the proposed method using 2 publicly 
accessible breast cancer datasets [  15 ] that differ in their imaging 
protocols. The first dataset, Breast-MRI-NACT-Pilot [  16 ], com-
prises longitudinal DCE-MRI scans from 64 patients undergo-
ing neoadjuvant chemotherapy (NACT) for invasive breast 
cancer. For each patient, at least 3 time points were acquired 

Fig. 1. (A) A schematic that describes the module flow of the proposed RST2G. (B) Overall architecture of the proposed RST2G. (C) Detailed structure of DownBlocks. (D) Detailed 
structure of VitBlocks. (E) Computational process of the MHSA mechanism. (F) Computational process of residual-guided MSR.
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during the contrast-enhanced MRI protocol: a pre-contrast scan 
followed by 2 consecutive post-contrast scans. The contrast 
agent gadopentetate dimeglumine was administered at a dose 
of 0.1 mmol/kg body weight, followed by a 10-ml saline flush, 
with injection synchronized to the start of the early phase acqui-
sition. The post-contrast imaging was performed at 2.5 and 
7.5 min after contrast injection using standard k-space sam-
pling. Each breast MR volume consists of 60 slices, each with a 
resolution of 256 × 256 pixels. Tumor annotations are provided 
in this dataset. The second dataset, The Cancer Genome Atlas 
Breast Invasive Carcinoma Collection (TCGA-BRCA) [  17 ], 
contains longitudinal DCE-MRI data from 139 participants. 
These breast MRIs were acquired using GE 1.5 Tesla scanners 
(GE Medical Systems, Milwaukee, WI, USA), including one pre-
contrast image and between 3 and 5 post-contrast images fol-
lowing contrast agent injection. The in-plane resolution ranges 
from 0.53 to 0.85 mm, with slice thickness varying between 
2 and 3 mm. Each MR volume comprises 60 slices, each sized 
256 × 256 pixels. Tumor annotations are provided in this data-
set. In addition, we used the publicly accessible breast cancer 
dataset [  18 ] for external testing, which included 100 cases obtained 
from Yunnan Cancer Hospital.

   We validate the effectiveness of the proposed method using 
several representative metrics, including Dice similarity coef-
ficient (DSC), Jaccard index (JI), and relative volume difference 
(RVD). DSC and JI measure the overlap between the predicted 
and ground truth regions, with higher values indicating better 
segmentation accuracy. The RVD quantifies the relative dif-
ference in volume between the prediction and ground truth, 

where values closer to zero indicate more accurate volume 
estimation.

   The proposed model was developed using the PyTorch 
framework and trained on 2 NVIDIA Tesla V100 graphics pro-
cessing units (GPUs) to accelerate computation. Optimization 
was performed using the Adam optimizer [  19 ] with an initial 
learning rate of 10−3 and a weight decay of 10−4. The batch size 
was set to 4. The hyperparameters  �    and  �    were empirically set 
to 0.5 and 0.2, respectively, to balance the loss components. To 
ensure a fair comparison, all models, including ours and the 
baselines, were randomly initialized without pretraining on 
external datasets.

   To evaluate the effectiveness of the proposed method, we com-
pared it against several state-of-the-art segmentation approaches 
spanning 2D, 3D, and 4D frameworks. The 2D methods include 
U-Net [  20 ], MultiResUNet [  21 ], DCUNet [  22 ], and TEBLS 
[  23 ], while the 3D methods comprise V-Net [  24 ], DANet [  25 ], 
MTLN [  26 ], and 3DUNETER [  27 ]. The 4D approaches evalu-
ated are LNet [  28 ] and 3D Patch U-Net [  29 ]. Specifically, U-Net 
is a widely adopted encoder–decoder architecture with skip 
connections that facilitate precise localization and context 
integration. MultiResUNet enhances U-Net by incorporating 
multi-resolution analysis to capture features at different scales, 
whereas DCUNet introduces densely connected convolutional 
blocks to improve feature propagation and gradient flow. V-Net 
extends U-Net to volumetric data using 3D convolutions for effec-
tive volumetric segmentation. DANet integrates dual attention 
mechanisms to capture spatial and channel-wise dependencies, 
improving segmentation accuracy. MTLN employs multi-task 

A BBreast-MRI-NACT-Pilot TCGA-BRCA

Breast-MRI-NACT-Pilot TCGA-BRCA
C D

Fig. 2. Quantitative comparison between 2D, 3D, 4D competing approaches and the proposed method in 2 different datasets. (A and B) Comparison of DSC metric on Breast-
MRI-NACT-Pilot (A) and TCGA-BRCA (B) datasets. (C and D) Comparison of JI metric on Breast-MRI-NACT-Pilot (C) and TCGA-BRCA (D) datasets (mean ± SD).
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learning to jointly optimize related tasks, enhancing robustness. 
LNet and 3D Patch U-Net exploit temporal and spatial informa-
tion in 4D data, with LNet emphasizing longitudinal consistency 
and 3D Patch U-Net utilizing patch-based processing to capture 
local details effectively.   

Quantitative comparison with  
state-of-the-art methods
   We quantitatively compared our method with these baselines 
on 2 publicly available breast cancer datasets: Breast-MRI-
NACT-Pilot and TCGA-BRCA. The results, summarized in 
Tables  1  and  2 , demonstrate the superior performance of 
our approach across all evaluation metrics, including DSC, JI, 
and RVD. On the Breast-MRI-NACT-Pilot dataset (Table  1 ), 
our method achieved a DSC of 61.8%, significantly outper-
forming all competing methods. Among the 2D approaches, 
MultiResUNet attained the highest DSC of 55.6%, followed by 
DCUNet and U-Net. The 3D methods—V-Net, DANet, and 
MTLN—showed comparable performance to the 2D models, 

with MTLN achieving the best DSC of 54.2% within this group. 
The 4D methods, LNet and 3D Patch U-Net, improved upon 
the 2D and 3D baselines by leveraging temporal information, 
reaching DSCs of 52.3% and 53.8%, respectively. Notably, our 
approach surpassed these by a substantial margin, underscoring 
the effectiveness of incorporating spatiotemporal features for 
longitudinal breast tumor segmentation. Regarding other met-
rics, our method also attained the highest JI of 47.5%, exceeding 
the best baseline, MultiResUNet, by over 4 percentage points. 
Furthermore, our model minimized the RVD metric to 1.8 vox-
els, indicating more precise tumor volume delineation com-
pared to other methods.  

   Similar trends were observed on the TCGA-BRCA dataset 
(Table  2 ), where our method achieved a DSC of 80.1%, outper-
forming the second-best method, LNet, by nearly 3 percentage 
points. The 2D models generally performed better on this data-
set compared to Breast-MRI-NACT-Pilot, with MultiResUNet 
reaching a DSC of 74.8%. The 3D approaches also showed 
improved results, with MTLN achieving a DSC of 73.5%. The 

Table 1. 2D, 3D, and 4D segmentation performance of various approaches on the Breast-MRI-NACT-Pilot dataset (mean ± SD)

Method Modality DSC/% JI/% RVD/voxel

 U-Net 2D 51.3 ± 3.9 38.2 ± 4.1 3.3 ± 1.7

 MultiResUNet 2D 55.6 ± 2.8 43.2 ± 3.0 2.4 ± 1.0

 DCUNet 2D 53.1 ± 2.6 40.8 ± 2.9 2.1 ± 1.0

 TEBLS 2D 54.4 ± 2.9 41.9 ± 3.0 2.0 ± 1.0

 V-Net 3D 52.9 ± 3.2 40.1 ± 3.5 3.4 ± 1.0

 DANet 3D 52.3 ± 3.1 40.5 ± 3.1 6.3 ± 1.6

 MTLN 3D 54.2 ± 2.5 41.6 ± 2.8 2.1 ± 1.3

 3DUNETER 3D 56.3 ± 2.5 44.2 ± 2.6 2.0 ± 1.3

 LNet 4D 52.3 ± 2.9 40.4 ± 3.2 2.7 ± 1.3

 3D Patch U-Net 4D 53.8 ± 2.8 41.1 ± 3.0 2.2 ± 1.4

 Ours 4D 61.8 ± 2.5 47.5 ± 2.6 1.8 ± 1.1

Table 2. 2D, 3D, and 4D segmentation performance of various approaches on the TCGA-BRCA dataset (mean ± SD)

Method Modality DSC/% JI/% RVD/voxel

 U-Net 2D 66.8 ± 3.5 56.1 ± 3.2 2.0 ± 1.3

 MultiResUNet 2D 74.8 ± 2.6 65.7 ± 2.4 1.7 ± 0.9

 DCUNet 2D 69.1 ± 3.0 58.6 ± 2.9 2.0 ± 1.1

 TEBLS 2D 75.9 ± 2.4 66.6 ± 2.6 1.6 ± 1.1

 V-Net 3D 70.2 ± 2.8 59.2 ± 2.6 1.9 ± 1.1

 DANet 3D 72.1 ± 2.9 59.8 ± 3.0 1.9 ± 1.0

 MTLN 3D 73.5 ± 2.5 62.8 ± 2.6 1.8 ± 1.1

 3DUNETER 3D 76.8 ± 2.4 67.3 ± 2.6 1.6 ± 1.0

 LNet 4D 77.1 ± 2.5 67.7 ± 2.4 1.6 ± 0.9

 3D Patch U-Net 4D 76.1 ± 2.4 66.9 ± 2.3 1.6 ± 1.0

 Ours 4D 80.1 ± 2.1 68.2 ± 2.0 1.5 ± 0.8
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4D methods, LNet and 3D Patch U-Net, further enhanced seg-
mentation accuracy by exploiting temporal dynamics, achieving 
DSCs of 77.1% and 76.1%, respectively. The superior perfor-
mance of our method across all metrics highlights its robustness 
and generalizability across datasets with varying imaging proto-
cols. Overall, these quantitative results confirm that the proposed 
method effectively integrates spatial and temporal information, 
leading to more accurate and reliable breast tumor segmentation 
in longitudinal DCE-MRI scans.   

Qualitative comparison with  
state-of-the-art methods
   The qualitative assessment, illustrated in Figs.  3  and  4 , visually 
compares the segmentation performance of various state-of-the-
art methods on the TCGA-BRCA dataset. Each row represents 

a different patient case, displaying the pre-contrast MRI, post-
contrast MRI, ground truth annotations, and segmentation 
results from multiple methods.                

   As shown in these figures, traditional U-Net and its variants 
(MultiResUNet, DCUNet) perform reasonably well in seg-
menting tumors from surrounding tissue but often fail to cap-
ture the full tumor extent, especially in cases with complex 
tumor morphology. In contrast, 3D-based methods such as 
DANet and MTLN leverage volumetric information to improve 
performance; however, they still exhibit instances of over-
segmentation or under-segmentation. The 4D-based approaches, 
LNet and 3D Patch U-Net, demonstrate significant improve-
ments by incorporating temporal dynamics. Nevertheless, our 
proposed method consistently achieves more accurate and 
detailed tumor delineation, precisely capturing intricate tumor 

Fig. 3. Visual comparison between 2D, 3D, and our proposed 4D segmentation methods in annotating breast tumors.
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Fig. 4. Visual comparison between existing 4D state-of-the-art approaches and our proposed 4D segmentation method in annotating breast tumors.

D
ow

nloaded from
 https://spj.science.org on M

arch 23, 2026

https://doi.org/10.34133/cbsystems.0502


Xie et al. 2026 | https://doi.org/10.34133/cbsystems.0502 8

boundaries. This superior performance likely results from the 
effective integration of spatiotemporal information. Overall, 
the qualitative comparison underscores the efficacy of our 
method in accurately segmenting breast tumors in DCE-MRI 
scans, which is crucial for precise diagnosis and treatment plan-
ning in breast cancer management.   

External validation
   To further demonstrate the generalization capability of our 
proposed model, we conducted additional evaluations on an 
independent external test set collected from a different MRI 
center. This provided a more challenging scenario that better 
reflects real-world clinical variability. Quantitative results, as 
reported in Table  3 , indicate that our approach maintains com-
petitive performance compared to the internal test set, thereby 
validating its effectiveness and robustness across different 
institutions.    

Ablation study
   To evaluate the contribution of each component in the pro-
posed method, we conducted an ablation study by assessing 
different RST2G variants:

• � RST2G without local information in the CFormerEncoder 
(w/o CFE-L): excludes convolutional layers responsible for 
local feature extraction.

• � RST2G without global information in the CFormerEncoder 
(w/o CFE-G): excludes VitBlocks responsible for global 
feature extraction.

• � RST2G without the MSR module (w/o MSR): removes 
the MSR module.

• � RST2G without the spatiotemporal graph enhancement 
module (w/o STGE): removes the spatiotemporal graph 
enhancement module.

   Table  4  and Fig.  5  summarize the quantitative results of dif-
ferent model variants. It can be observed that all variants of 
RST2G obtain the decreased performances, verifying that all 
components can contribute to cancer segmentation. In addi-
tion, the following findings can be observed. (a) Removing the 
convolutional layers for local feature extraction (w/o CFE-L) 
causes the most significant performance drop, with the DSC 
decreasing from 61.8% to 52.5% on the Breast-MRI-NACT-
Pilot dataset and from 80.1% to 71.5% on the TCGA-BRCA 
dataset. This highlights the critical role of local spatial informa-
tion in accurately delineating tumor boundaries and capturing 
fine-grained texture details; (b) Excluding the ViT blocks that 
capture global contextual information (w/o CFE-G) also leads 
to a notable decline in segmentation accuracy, with DSC reduc-
tions of approximately 4.6% and 4.3% on the 2 datasets, respec-
tively. This underscores the importance of modeling long-range 
dependencies and global spatial relationships to address tumor 
heterogeneity and complex shapes; (c) Removing the MSR 
module (w/o MSR) results in a moderate performance decrease, 
indicating that fusing multi-modal features and recalibrating 
them via spatial attention enhances feature discriminability and 
robustness; (d) Omitting the spatiotemporal graph enhance-
ment module (w/o STGE) causes a significant drop in seg-
mentation performance, confirming that explicitly modeling 
spatiotemporal contextual dependencies through graph-based 
attention is essential for capturing dynamic tumor character-
istics and improving segmentation consistency across slices and 
time points.         

   Fig.  6  provides a visual comparison of different RST2G vari-
ants against the complete method on the TCGA-BRCA dataset. 
The results show that removing the convolutional layers for local 
feature extraction (w/o CFE-L) leads to the most significant per-
formance drop, with segmentation masks often failing to accu-
rately capture tumor boundaries and fine details. Excluding the 
ViT blocks for global context (w/o CFE-G) also notably reduces 
accuracy, particularly in complex tumor cases. The absence of 
the MSR module (w/o MSR) results in less precise masks, while 
omitting the spatiotemporal graph enhancement module (w/o 
STGE) causes a marked decrease in segmentation accuracy and 
consistency. Overall, the complete RST2G method produces the 
most accurate and detailed segmentation masks, demonstrating 
the importance of integrating local and global information, 
refining multi-scale features, and enhancing spatiotemporal 

Table 3. 4D segmentation performance of various approaches 
on an external dataset (mean ± SD)

Method Modality DSC/% JI/% RVD/voxel

 LNet 4D 69.3 ± 2.6 58.7 ± 2.4 1.8 ± 0.9

 3D Patch 
U-Net

4D 70.1 ± 2.8 59.1 ± 2.5 1.7 ± 1.0

 Ours 4D 73.8 ± 2.2 62.9 ± 2.0 1.6 ± 0.9

Table 4. Ablation study on 2 public datasets

Breast-MRI-NACT-Pilot TCGA-BRCA

DSC/% JI/% RVD/voxel DSC/% JI/% RVD/voxel

 Ours 61.8 ± 2.5 47.5 ± 2.6 1.8 ± 1.1 80.1 ± 2.1 68.2 ± 2.0 1.5 ± 0.8

 w/o CFE-L 52.5 ± 4.1 39.8 ± 4.5 2.9 ± 1.8 71.5 ± 2.9 59.7 ± 3.0 2.0 ± 1.3

 w/o CFE-G 57.2 ± 3.1 42.7 ± 3.0 2.1 ± 1.2 75.8 ± 2.5 66.2 ± 2.5 1.7 ± 1.1

 w/o MSR 58.9 ± 2.8 44.1 ± 2.9 2.0 ± 1.0 76.7 ± 2.3 66.8 ± 2.4 1.7 ± 1.0

 w/o STGE 55.5 ± 3.6 41.8 ± 3.4 2.4 ± 1.3 73.9 ± 2.8 63.2 ± 2.7 1.8 ± 1.1
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Fig. 5. Quantitative comparison between different variants and the complete RST2G method in 2 different datasets. (A and B) Comparison of DSC metric on Breast-MRI-NACT-
Pilot (A) and TCGA-BRCA (B) datasets. (C and D) Comparison of JI metric on Breast-MRI-NACT-Pilot (C) and TCGA-BRCA (D) datasets (mean ± SD).

Fig. 6. Visual comparison between different variants (w/o CFE-L, w/o CFE-G, w/o MSR, and w/o STGE) and the complete RST2G method in annotating breast tumors.
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relationships for effective breast tumor segmentation in DCE-
MRI scans.           

Hyperparameter analysis
   We adjust the coefficients  �    and  �    to investigate the contribution 
of different objective functions. Specifically, the values of  �    and 
﻿�    are searched within the range of 0.1, 0.2, 0.5, and 1.0, and 
RST2G achieves optimal performance in terms of DSC when 
﻿� = 0.5    and  � = 0.2   . The results are summarized in Fig.  7 . Thus, 
the hyperparameters  �    and  �    are empirically set to 0.5 and 0.2, 
respectively.           

Model interpretability
   We applied Grad-CAM to the convolutional backbone to gener-
ate class activation maps, which highlight the discriminative 
regions of the input medical images that contribute most sig-
nificantly to the model’s predictions. This visualization tech-
nique enables us to gain insights into the decision-making 
process of the deep learning model by localizing the spatial 
areas where the learned features are most salient. By overlaying 
the activation maps on the original images, we can qualitatively 
assess whether the model focuses on clinically relevant struc-
tures, thereby enhancing the interpretability and trustworthi-
ness of the model in a medical context. As shown in Fig.  8 , the 

proposed RST2G was able to effectively localize tumor regions, 
demonstrating its interpretability in clinical applications.            

Discussion
   The experimental results presented in this study demonstrate 
the significant advantages of the proposed RST2G model for 
segmenting breast tumors from longitudinal DCE-MRI scans. 
By effectively integrating spatial, temporal, and residual infor-
mation, our method consistently outperforms state-of-the-art 
2D, 3D, and 4D segmentation approaches across 2 diverse data-
sets with varying imaging protocols. This superior performance 
can be attributed to several key aspects of our model design.

   First, the explicit incorporation of residual images—
representing the difference between post-contrast and pre-
contrast scans—provides critical kinetic information that enhances 
the model’s ability to capture dynamic contrast enhancement 
patterns. Unlike many existing methods that implicitly model 
temporal changes, our residual-guided MSR module explicitly 
leverages these inter-temporal differences, resulting in more dis-
criminative feature representations. Second, the hybrid architec-
ture of the CFormerEncoder, which combines convolutional 
operations with transformer-based self-attention, enables effec-
tive capture of both local texture details and long-range depen-
dencies. This capability is particularly important in breast tumor 
segmentation, where tumors exhibit high heterogeneity in shape, 
size, and internal texture. The MSR further enhances feature 
expressiveness by fusing complementary information from mul-
tiple modalities, thereby improving robustness against variability 
in tumor appearance. Third, the spatiotemporal graph enhance-
ment module, incorporating ISA and ITA, plays a crucial role in 
modeling contextual relationships both within and across imag-
ing slices and time points. This graph-based attention mecha-
nism facilitates the integration of spatial and temporal cues, 
enabling more precise tumor boundary delineation and improved 
longitudinal consistency.

   While our proposed RST2G framework demonstrates prom-
ising performance on 2 widely used public breast DCE-MRI 
datasets, several challenges remain for clinical integration 
and broader applicability. (a) Clinical integration challenges: 
Clinical deployment requires compatibility with diverse imag-
ing protocols, real-time operational constraints, and seamless 
integration into radiologists’ workflows. Differences in image 
resolution, contrast agent dosing, and scanning sequences 
across institutions can affect model performance. Additionally, 
interpretability and user trust are critical for adoption, neces-
sitating further validation and possible explainability modules; 
(b) Multi-center generalization: Our experiments focused on 

Fig. 7. Analysis of hyperparameter sensitivity concerning the balancing coefficients 
� and � that control the contribution of different objective functions.

Fig. 8. Grad-CAM visualization of the proposed RST2G model for different slices.
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publicly available datasets with relatively homogeneous acqui-
sition conditions. In real-world scenarios, scanner models, 
magnetic field strengths, and imaging parameters vary across 
centers. This heterogeneity can degrade segmentation accuracy 
if not accounted for. Future work should evaluate RST2G on 
multi-center datasets and may require domain adaptation tech-
niques or augmentation strategies to enhance robustness; (c) 
Handling irregular temporal sampling and domain adaptation: 
DCE-MRI protocols often differ in the number and timing of 
post-contrast acquisitions, leading to irregular temporal sam-
pling. RST2G currently assumes a fixed temporal sequence for 
residual computation and attention modeling. Adapting the 
framework to handle variable-length sequences or missing 
time points using techniques such as temporal alignment, 
imputation, or transformer models designed for irregular time 
series is a promising direction. Furthermore, domain adapta-
tion approaches, including unsupervised adversarial learning 
or self-supervised pretraining on unannotated multi-center 
datasets, could mitigate domain shift and improve generaliza-
tion. Addressing these aspects is crucial for bridging the gap 
between research and clinical practice. Future investigations 
will focus on rigorous multi-institutional validation, efficiency 
optimizations, and extensible model designs to tackle these chal-
lenges. In conclusion, the proposed RST2G framework advances 
breast tumor segmentation in longitudinal DCE-MRI by effec-
tively exploiting spatial, temporal, and residual information 
through a novel transformer-graph architecture. Its superior 
quantitative and qualitative performance suggests promising 
potential for improving breast cancer diagnosis, treatment plan-
ning, and monitoring in clinical practice.  

Related works
Breast cancer segmentation in DCE-MRI
   Breast cancer segmentation in DCE-MRI has garnered signifi-
cant research interest due to the modality’s rich spatiotemporal 
information and clinical relevance. Early methods primarily 
relied on traditional image processing and machine learning 
techniques, such as region growing, level sets, and support vec-
tor machines, which depended on handcrafted features and 
exhibited limited generalization capabilities. With the advent 
of deep learning, CNNs have become the dominant approach 
for tumor segmentation. For example, U-Net and its variants 
have been widely adopted to exploit multi-scale features and 
enable end-to-end segmentation [  30 ,  31 ]. However, these meth-
ods typically focus on spatial features extracted from individual 
time points or aggregated volumes, often neglecting the tem-
poral dynamics inherent in DCE-MRI sequences. To better 
leverage temporal information, several studies have incorpo-
rated long short-term memory (LSTM) units [  32 ] or hemody-
namic priors to model contrast enhancement patterns over 
time [ 5 , 29 ,  33 ,  34 ,  35 ]. Despite these advances, existing methods 
primarily model dynamic contrast enhancement implicitly and 
often overlook the full spatiotemporal information inherent in 
DCE-MRI. Consequently, these approaches still face challenges 
in handling the high variability of tumor appearance. More 
recently, a handful of breast tumor segmentation methods were 
proposed. Huang et al. [  36 ] utilized a joint-phase attention 
network for tumor segmentation in DCE-MRI. Chen et al. [  37 ] 
proposed ESKNet that employed an enhanced adaptive selec-
tion convolution for breast tumor segmentation. Zhou et al. 
[  38 ] designed a prototype learning-guided hybrid network for 
breast tumor segmentation in DCE-MRI. Although these recent 

models incorporate advanced attention mechanisms and hybrid 
architectures to better capture spatiotemporal features, they 
still face limitations in effectively modeling long-range depen-
dencies across both spatial and temporal dimensions inherent 
in DCE-MRI data.   

Residual learning
   Residual learning, initially introduced to address gradient van-
ishing issues in image recognition [  39 ], has proven highly effec-
tive by enabling models to focus on learning residuals between 
inputs and outputs. This approach has been successfully extended 
to generative tasks. For instance, Jifara et al. [  40 ] applied residual 
learning in autoencoders for image denoising, enhancing the 
network’s ability to restore image details. Gao et al. [  41 ] proposed 
a 2-level residual CNN for super-resolution imaging to capture 
high-frequency components. More recently, Huang et al. [  42 ] 
integrated residual learning into ViTs, facilitating the training 
of deeper networks and mitigating degradation problems. 
Inspired by these advancements, we incorporate residual learn-
ing into our RST2G model. Specifically, we introduce residuals 
between post-contrast and pre-contrast MRI as model inputs 
to explicitly capture inter-temporal kinetic information. Addition
ally, we propose an MSR module to further enhance feature 
representation.     

Methods

Overview
   The proposed RST2G model segments breast cancer in DCE-
MRI by effectively leveraging spatiotemporal information and 
residual learning. The overall architecture is illustrated in Fig. 
 1 B. The model takes pre-contrast MRI, post-contrast MRI, and 
their residual images as inputs, which are processed through a 
weight-sharing CFormerEncoder to extract both local and 
global features. A residual-guided MSR module enhances the 
expressiveness of these features. Subsequently, pre-contrast, 
post-contrast, and residual graphs are constructed. Spatio
temporal graph enhancement is performed via ISA and ITA 
mechanisms to capture contextual information. Finally, the 
enhanced graph is fed into a CDecoder to generate the segmen-
tation output. Our model inputs include pre-contrast MR 
images capturing baseline tissue anatomy, post-contrast MR 
images containing functional enhancement signals, and resid-
ual difference images calculating voxel-wise changes between 
pre- and post-contrast scans. The residual images emphasize 
dynamic contrast uptake, facilitating improved tumor delinea-
tion by accentuating regions with significant enhancement 
changes. This fusion aligns with clinical diagnostic practice and 
enhances the extraction of discriminative features for precise 
segmentation.   

CFormerEncoder
   The CFormerEncoder comprises several hybrid DownBlocks 
that combine CNN layers with ViTs [  43 ] to extract rich spatial 
features. This design leverages convolutional operations for 
local feature extraction and transformer-based self-attention 
for capturing long-range dependencies. We opted for a weight-
sharing encoder design for the following reasons: (a) Parameter 
efficiency and regularization: Sharing encoder weights encour-
ages the model to learn generalized feature representations that 
are invariant across imaging phases, which can help to regular-
ize training and reduce the risk of overfitting, especially given 

D
ow

nloaded from
 https://spj.science.org on M

arch 23, 2026

https://doi.org/10.34133/cbsystems.0502


Xie et al. 2026 | https://doi.org/10.34133/cbsystems.0502 12

the limited size of medical imaging datasets. (b) Encouraging 
cross-modal consistency: The underlying anatomical structures 
remain consistent across pre- and post-contrast images and 
their residuals. Weight sharing implicitly enforces the model to 
focus on common features, while residual branches emphasize 
changes, striking a balance between shared representation and 
modality-specific information. Fig.  1 C details each DownBlock, 
which includes max pooling, convolutional layers, batch nor-
malization, and ReLU activation. Formally, a convolutional 
block is defined as follows:
﻿﻿  

where  X0 ∈ ℝ
Cin×H×W    is the input tensor,  W1    denotes the con-

volutional kernel weights of size N × N,  ∗    represents the con-
volution operation, BN is batch normalization, and ReLU is the 
activation function. In each DownBlock, a residual connection 
is added to facilitate gradient flow and enable deeper network 
training. Afterward, the feature map  X ∈ ℝ

B×C×H�×W �
    obtained 

from the DownBlocks is reshaped into a sequence of flattened 
patches:
﻿﻿  

where  N = H� ×W �    is the number of patches, and  D = C    is the 
embedding dimension. Fig.  1 D displays the detailed structures 
of the VitBlock. The core of the ViT is the multi-head self-
attention (MHSA) mechanism (Fig.  1 E). For each attention 
head h, the queries  Qh   , keys  Kh   , and values  Vh    are computed 
by linear projections:
﻿﻿   

   The scaled dot-product attention is then calculated as 
follows:

﻿﻿  

where  dk    is the dimension of the queries and keys. The outputs 
of all heads are concatenated and linearly transformed:
﻿﻿  

where H is the number of heads and  WO    is a learnable weight 
matrix.   

Multi-scale refinement
   To further enhance the representation of the post-contrast fea-
tures within the CFormerEncoder, we introduce an MSR mod-
ule that effectively fuses multi-modal features extracted from 
each DownBlock. As shown in Fig.  1 F, this module leverages 
complementary information from the pre-contrast features, 
post-contrast features, and their residual differences to produce 
an optimized and discriminative feature map. Given input fea-
tures  Pre ,Post ,Res ∈ ℝ

B×C×H×W   , the MSR first applies modal-
ity-specific convolutional transformations:
﻿﻿  

where  fconv(⋅)    denotes a 3 × 3 convolution followed by batch 
normalization and ReLU activation. These features are concat-
enated and fused via a shared MLP applied channel-wise:
﻿﻿   

   Finally, a spatial attention map  A = �
(
Conv1×1

(
F fused

))
    is 

computed and applied to recalibrate the fused features:
﻿﻿  

where  �    is the sigmoid function,  ⊙    denotes element-wise mul-
tiplication, and  Fout    serves as the refined discriminative 
representation.   

Spatiotemporal graph enhancement
   After extracting refined features for pre-contrast MRI, post-
contrast MRI, and residual MRI from the CFormerEncoder, 
we perform spatiotemporal graph-based fusion to fully exploit 
contextual dependencies across slices and temporal modalities. 
This fusion is achieved through 2 complementary attention 
mechanisms: ISA and ITA.  

Inter-slice attention
   ISA captures spatial contextual relationships among adjacent 
slices within the same modality across a batch. Given a batch of 
feature maps  

{
Fb

}B
b=1

    for each modality, where  Fb ∈ ℝ
C×H×W   , 

we first apply modality-specific convolutional transformations 
to enhance local features: ISA aims to capture spatial dependen-
cies among slices within a batch for each modality independently. 
Given a batch of feature maps  F(m) ∈ ℝ

B×C×H×W    for modality 
﻿m ∈

{

pre, post, d
}

   , we first apply a convolutional transformation 
to enhance local features:
﻿﻿   

   Next, the spatial dimensions are flattened to form graph 
nodes:

﻿﻿   

   A graph attention layer (GAT) [  44 ] is then applied to model 
pairwise relationships between nodes. The GAT computes 
attention coefficients  �ij    between nodes i and j as:

﻿﻿  

where  W    is a learnable linear transformation,  a    is the attention 
vector, and  ∥    denotes concatenation. The output node features 
are aggregated as follows:
﻿﻿   

   Finally, the graph-enhanced features are reshaped back to 

spatial maps  ̂F
(m)

∈ ℝ
B×C×H×W   . To further leverage inter-slice 

correlations within the batch, we partition the feature maps 
along the height dimension into H slices, each with shape 
﻿ℝB×C×W   .

(1)X1 = ReLU
(
BN

(
W1

∗X0+b1
))

(2)Z0 =
[
z1, z2,… , zN

]
∈ ℝ

B×N×D

(3)Qh = Z0W
Q

h
, Kh = Z0W

K
h
, Vh = Z0W

V
h

(4)Attention
�
Qh, Kh, Vh

�
= softmax

�
QhK

⊤
h

√
dk

�

Vh

(5)MHSA
(
Z0

)
= Concat

(
head1,… , headH

)
WO

(6)P̂re, P̂ost , R̂es= fconv(Pre), fconv(Post), fconv(Res)

(7)F fused =MLP
(
Concat

[
P̂re, P̂ost , R̂es

])
∈ ℝ

B×C×H×W

(8)Fout = F fused ⊙ A

(9)F̂
(m)

= f (m)
conv

(
F(m)

)
, f (m)

conv:ℝ
C×H×W

→ ℝ
C×H×W

(10)Z(m) ∈ ℝ
B×N×C , N = H ×W

(11)𝛼ij =
exp

�
LeakyReLU

�
a⊤

�
Whi ∥Whj

���

∑N
k=1 exp

�
LeakyReLU

�
a⊤

�
Whi ∥Whk

���

(12)houti = �

(
N∑

j=1

�ijWhj

)
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   A batch-wise attention mechanism recalibrates features 
across these slices. Specifically, the feature tensor is permuted 
and reshaped to aggregate the batch and height dimensions, 
resulting in a tensor of shape  ℝ(B×H)×C×W   . This arrangement 
treats the batch dimension as a proxy for different slices, 
enabling the model to capture dependencies and contextual 
relationships between slices. Recalibration is performed via 
a lightweight attention module composed of a 1 × 1 convolu-
tion followed by a sigmoid activation, which generates adap-
tive attention weights for each channel and spatial location. 
These weights are applied multiplicatively to the original 
features, effectively emphasizing informative features while 
suppressing less relevant ones. Finally, the recalibrated fea-
tures are reshaped and permuted back to their original 
dimensions  ℝB×C×H×W   , preserving spatial structure while 
enhancing inter-slice feature interactions.   

Inter-temporal attention
   After enhancing each modality’s features via ISA, we perform 
inter-temporal fusion to integrate complementary information 
across modalities. The recalibrated features  ̂F(

pre)
, F̂

(post)
, F̂

(res)
    

are concatenated channel-wise:
﻿﻿   

   An MLP is applied in a channel-wise manner to fuse these 
features into a unified representation:

﻿﻿   

   To adaptively emphasize salient spatial features, a 1 × 1 
convolution followed by a sigmoid activation generates an 
attention map:

﻿﻿   

   The final fused feature map is obtained by element-wise 
multiplication:

﻿﻿       

Objective function
   To effectively train the proposed model, we employ a hybrid 
loss function that combines Dice loss, BCE loss, and boundary 
loss [  45 ]:
﻿﻿  

﻿﻿  

﻿﻿  

﻿﻿  

where  �, � ∈ [0,1]    is a hyperparameter that balances the con-
tribution of each loss component,  pi    and  gi    denote the predicted 

probability and ground truth label for voxel i, respectively,  �    is 
a small constant added for numerical stability, Sobel operator 
﻿Sobel    is applied using two 3 × 3 kernels to compute the gradi-
ents in the horizontal and vertical directions, and N is the total 
number of voxels.   

Datasets
   In this study, we evaluate the proposed method using 2 publicly 
accessible breast cancer datasets [ 15 ] that differ in their imaging 
protocols. The first dataset, Breast-MRI-NACT-Pilot [ 16 ], com-
prises longitudinal DCE-MRI scans from 64 patients undergoing 
NACT for invasive breast cancer. For each patient, at least 3 time 
points were acquired during the contrast-enhanced MRI protocol: 
a pre-contrast scan followed by 2 consecutive post-contrast scans. 
The contrast agent gadopentetate dimeglumine was administered 
at a dose of 0.1 mmol/kg body weight, followed by a 10-ml saline 
flush, with injection synchronized to the start of the early phase 
acquisition. The post-contrast imaging was performed at 2.5 and 
7.5 min after contrast injection using standard k-space sampling. 
Each breast MR volume consists of 60 slices, each with a resolution 
of 256 × 256 pixels. Tumor annotations are provided in this data-
set. The second dataset, TCGA-BRCA [ 17 ], contains longitudinal 
DCE-MRI data from 139 participants. These breast MRIs were 
acquired using GE 1.5 Tesla scanners (GE Medical Systems, 
Milwaukee, WI, USA), including one pre-contrast image and 
between 3 and 5 post-contrast images following contrast agent 
injection. The in-plane resolution ranges from 0.53 to 0.85 mm, 
with slice thickness varying between 2 and 3 mm. Each MR vol-
ume comprises 60 slices, each sized 256 × 256 pixels. Tumor 
annotations are provided in this dataset.   

Evaluation metrics
   We validate the effectiveness of the proposed method using 
several representative metrics, including DSC, JI, and RVD. 
These metrics are formally defined as follows:
﻿﻿  

﻿﻿  

﻿﻿  

where  P    denotes the predicted segmentation mask and  G    rep-
resents the ground truth mask. DSC and JI measure the overlap 
between the predicted and ground truth regions, with higher 
values indicating better segmentation accuracy. The RVD quan-
tifies the relative difference in volume between the prediction 
and ground truth, where values closer to zero indicate more 
accurate volume estimation.   

Implementation details
   The proposed model was developed using the PyTorch frame-
work and trained on 2 NVIDIA Tesla V100 GPUs to accelerate 
computation. Optimization was performed using the Adam 
optimizer [ 19 ] with an initial learning rate of 10−3 and a weight 
decay of 10−4. The batch size was set to 4. The hyperparameters 
﻿�    and  �    were empirically set to 0.5 and 0.2, respectively, to bal-
ance the loss components. To mitigate the risk of overfitting 

(13)Fcat = Concat

[

F̂
(pre)

, F̂
(post)

, F̂
(res)

]

∈ ℝ
B×3C×H×W

(14)F fused =MLP
(
Fcat

)
∈ ℝ

B×C×H×W

(15)A = �
(
Conv1×1

(
F fused

))

(16)Fout = F fused ⊙ A
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∑
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∑
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(19)BCE=−
1

N

N∑

i=1

[
gilog

(
pi
)
+
(
1−gi

)
log

(
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and to provide a more reliable assessment of our method’s per-
formance, we employed a stratified k-fold cross-validation 
scheme (with k = 5) in all experiments. To ensure a fair com-
parison, all models, including ours and the baselines, were ran-
domly initialized without pretraining on external datasets. The 
dataset was split into 70% training and validation, and 30% test-
ing, ensuring patient-level separation to avoid data leakage. The 
number of transformer layers is 6, and the number of heads in 
the multi-head attention mechanism is 4. No data augmentation 
was applied during training to ensure fairness.   

Computational efficiency analysis
   To evaluate the feasibility of deploying RST2G in clinical settings, 
we analyzed its computational complexity and runtime perfor-
mance. The model size of RST2G is approximately 85.24 million 
parameters, indicating a moderate memory footprint suitable 
for practical deployment. During inference, processing a single 
volume takes roughly 30 s on our evaluation hardware, which 
corresponds to a GPU memory consumption of 10 GB. Although 
RST2G requires higher computational resources compared to 
UENTER (which has 62.88 million parameters and requires 
5-GB GPU memory with 23-s inference time), the increase in 
resource usage is justified by the improvement in model capac-
ity and performance. These results demonstrate that RST2G 
achieves a favorable balance between accuracy and computa-
tional efficiency, supporting its potential for real-time or near-
real-time clinical applications.   

Competing methods
   To evaluate the effectiveness of the proposed method, we com-
pared it against several state-of-the-art segmentation approaches 
spanning 2D, 3D, and 4D frameworks. The 2D methods include 
U-Net [ 20 ], MultiResUNet [ 21 ], DCUNet [ 22 ], and TEBLS [ 23 ], 
while the 3D methods comprise V-Net [ 24 ], DANet [ 25 ], MTLN 
[ 26 ], and 3DUNETER [ 27 ]. The 4D approaches evaluated are 
LNet [ 28 ] and 3D Patch U-Net [ 29 ]. Specifically, U-Net is a widely 
adopted encoder–decoder architecture with skip connections 
that facilitate precise localization and context integration. 
MultiResUNet enhances U-Net by incorporating multi-resolu-
tion analysis to capture features at different scales, whereas 
DCUNet introduces densely connected convolutional blocks to 
improve feature propagation and gradient flow. V-Net extends 
U-Net to volumetric data using 3D convolutions for effective 
volumetric segmentation. DANet integrates dual attention 
mechanisms to capture spatial and channel-wise dependencies, 
improving segmentation accuracy. MTLN employs multi-task 
learning to jointly optimize related tasks, enhancing robustness. 
LNet and 3D Patch U-Net exploit temporal and spatial informa-
tion in 4D data, with LNet emphasizing longitudinal consistency 
and 3D Patch U-Net utilizing patch-based processing to capture 
local details effectively.    

Acknowledgments
   Funding: This work was supported by the National Natural 
Science Foundation of China (82503899), The Science and 
Tech nology Project of Sichuan Provincial Health Commission 
(Clinical Research Special Project, grant no. 23LCYJ003), the 
Clinical Research Grant of Wu Jieping Medical Foundation 
(grant no. 320.6750.2022-19-20), the Foundation of State Key 
Laboratory of Ultrasound in Medicine and Engineering (grant 

no. 2021KFKT015), the Shenzhen Science and Technology 
Program (grant nos. RCBS20231211090733052 and JCYJ
20240813150221028), the Guangdong Basic and Applied Basic 
Research Foundation (grant nos. 2023A1515111044 and 2025
A1515012665), the Research Start-up Fund of Post-doctoral of 
SAHSYSU (grant no. ZSQYRSFPD0067), the Scientific Research 
Cooperation Project of North Sichuan Medical College (CBY25-
ZXB04), and the Outstanding Youth Fund Project of Sichuan 
Provincial Natural Science Foundation (24NSFJQ0271).
   Author contributions: S.X., L.X., C.L., and J.W. were primarily 
responsible for the experimental design, data collection, and 
initial manuscript drafting. J.W., Z.W., Y.S., Y.X., T.L., and Y.H. 
assisted with data analysis and interpretation. D.L., F.L., R.L., 
and H.Y. contributed to methodology development and techni-
cal support. L.H., J.L., and M.C. supervised the project, provided 
critical revisions, and secured funding. All authors reviewed and 
approved the final manuscript.
   Competing interests:﻿ The authors declare that they have no 
competing interests.   

Data Availability
   The datasets used in this study were publicly available at:  https://
www.cancerimagingarchive.net/collection/breast- mri-nact-
pilot/  and  https://www.cancerimagingarchive.net/collection/
tcga-brca/ . The source code was publicly available at:  https://
github.com/ttt553/RST2G .  

References

	 1.	 Sun YS, Zhao Z, Yang ZN, Xu F, Lu HJ, Zhu ZY, Shi W, Jiang J, 
Yao PP, Zhu HP. Risk factors and preventions of breast cancer. 
Int J Biol Sci. 2017;13(11):1387.

	 2.	 Fan M, Xia P, Clarke R, Wang Y, Li L. Radiogenomic signatures 
reveal multiscale intratumour heterogeneity associated 
with biological functions and survival in breast cancer. Nat 
Commun. 2020;11(1):4861.

	 3.	 Cho N. Breast cancer radiogenomics: Association of 
enhancement pattern at DCE MRI with deregulation of mTOR 
pathway. Radiology. 2020;296(2):288–289.

	 4.	 Bai JW, Qiu SQ, Zhang GJ. Molecular and functional imaging 
in cancer-targeted therapy: Current applications and future 
directions. Signal Transduct Target Ther. 2023;8(1):89.

	 5.	 Lv T, Wu Y, Wang Y, Liu Y, Li L, Deng C, Pan X. A hybrid 
hemodynamic knowledge-powered and feature reconstruction 
guided scheme for breast cancer segmentation based on DCE-
MRI. Med Image Anal. 2022;82:Article 102572.

	 6.	 Keil VC, Gielen GH, Pintea B, Baumgarten P, Datsi A,  
Hittatiya K, Simon M, Hattingen E. DCE-MRI in glioma, 
infiltration zone and healthy brain to assess angiogenesis: A 
biopsy study. Clin Neuroradiol. 2021;31(4):1049–1058.

	 7.	 Lv T, Hong X, Liu Y, Miao K, Sun H, Li L, Deng C, Jiang C,  
Pan X. AI-powered interpretable imaging phenotypes 
noninvasively characterize tumor microenvironment 
associated with diverse molecular signatures and 
survival in breast cancer. Comput Methods Prog Biomed. 
2024;243:Article 107857.

	 8.	 LeCun Y, Bengio Y, Hinton G. Deep learning. Nature. 
2015;521(7553):436–444.

	 9.	 Lv T, Pan X, Zhu Y, Li L. Unsupervised medical images 
denoising via graph attention dual adversarial network. Appl 
Intell. 2021;51(6):4094–4105.

D
ow

nloaded from
 https://spj.science.org on M

arch 23, 2026

https://doi.org/10.34133/cbsystems.0502
https://www.cancerimagingarchive.net/collection/breast-mri-nact-pilot/
https://www.cancerimagingarchive.net/collection/breast-mri-nact-pilot/
https://www.cancerimagingarchive.net/collection/breast-mri-nact-pilot/
https://www.cancerimagingarchive.net/collection/tcga-brca/
https://www.cancerimagingarchive.net/collection/tcga-brca/
https://github.com/ttt553/RST2G
https://github.com/ttt553/RST2G


Xie et al. 2026 | https://doi.org/10.34133/cbsystems.0502 15

	10.	 Shen D, Wu G, Suk HI. Deep learning in medical image 
analysis. Annu Rev Biomed Eng. 2017;19(1):221–248.

	11.	 Li Z, Liu F, Yang W, Peng S, Zhou J. A survey of convolutional 
neural networks: Analysis, applications, and prospects. IEEE 
Trans Neural Networks Learn Syst. 2021;33(12):6999–7019.

	12.	 Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L,  
Gomez AN, Kaiser Ł, Polosukhin I. Attention is all you need. 
Adv Neural Inf Proces Syst. 2017;30.

	13.	 Han K, Xiao A, Wu E, Guo J, Xu C, Wang Y. Transformer in 
transformer. Adv Neural Inf Proces Syst. 2021;34:15908–15919.

	14.	 Abo-El-Rejal A, Ayman S, Aymen F. Advances in breast cancer 
segmentation: A comprehensive review. Acadlore Trans AI 
Mach Learn. 2024;3(2):70–83.

	15.	 Clark K, Vendt B, Smith K, Freymann J, Kirby J, Koppel P,  
Moore S, Phillips S, Maffitt D, Pringle M, et al. The cancer 
imaging archive (TCIA): Maintaining and operating a public 
information repository. J Digit Imaging. 2013;26(6):1045–1057.

	16.	 Newitt D, Hylton N. Single site breast DCE-MRI data and 
segmentations from patients undergoing neoadjuvant 
chemotherapy. Cancer Imaging Archiv. 2016;2.

	17.	 Lingle W, Erickson BJ, Zuley ML, Jarosz R, Bonaccio E, 
Filippini J, Net JM, Levi L, Morris EA, Figler GG, et al. The 
Cancer Genome Atlas Breast Invasive Carcinoma Collection 
(TCGA-BRCA). Cancer Imaging Archiv. 2016.

	18.	 Zhang J. Breast cancer DCE-MRI data. Zenodo. 2023.  
https://doi.org/10.5281/zenodo.8068383

	19.	 Kingma DP, Ba J. Adam: A method for stochastic optimization. 
arXiv. 2014. https://doi.org/10.48550/arXiv.1412.6980

	20.	 Ronneberger O, Fischer P, Brox T. U-Net: Convolutional 
networks for biomedical image segmentation. In: Navab N, 
Hornegger J, Wells WM, Frangi AF, editors. Medical image 
computing and computer-assisted intervention– MICCAI 2015. 
Cham: Springer International Publishing; 2015. p. 234–241. 

	21.	 Ibtehaz N, Rahman M. MultiResUNet: Rethinking the U-Net 
architecture for multimodal biomedical image segmentation. 
Neural Netw. 2020;121:74–87.

	22.	 Lou A, Guan S, Loew M. DC-UNet: Rethinking the U-Net 
architecture with dual channel efficient CNN for medical image 
segmentation. In: Medical Imaging 2021: Image Processing. Vol. 
11596. Bellingham (WA): SPIE; 2021. p. 758–768.

	23.	 Wang H, Wei L, Liu B, Li J, Li J, Fang J, Mooney C. 
Transformer-based explainable model for breast cancer lesion 
segmentation. Appl Sci. 2025;15(3):1295.

	24.	 Milletari F, Navab N, Ahmadi SA. V-Net: Fully convolutional 
neural networks for volumetric medical image segmentation. 
In: 2016 Fourth International Conference on 3D Vision (3DV). 
Los Alamitos (CA): IEEE; 2016. p. 565–571.

	25.	 Fu J, Liu J, Tian H, Li Y, Bao Y, Fang Z, Lu H. Dual attention 
network for scene segmentation. In: Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition. 
Los Alamitos (CA): IEEE; 2019. p. 3146–3154.

	26.	 Zhou Y, Chen H, Li Y, Liu Q, Xu X, Wang S, Yap PT,  
Shen D. Multi-task learning for segmentation and classification 
of tumors in 3D automated breast ultrasound images. Med 
Image Anal. 2021;70:Article 101918.

	27.	 Park GE, Kim SH, Nam Y, Kang J, Park M, Kang BJ. 3D  
breast cancer segmentation in DCE-MRI using deep 
learning with weak annotation. J Magn Reson Imaging. 
2024;59(6):2252–2262.

	28.	 Denner S, Khakzar A, Sajid M, Saleh M, Spiclin Z, Kim ST, 
Navab N. Spatio-temporal learning from longitudinal data 
for multiple sclerosis lesion segmentation. In: Brainlesion: 

Glioma, Multiple Sclerosis, Stroke and Traumatic Brain Injuries: 
6th International Workshop, BrainLes 2020, Held in Conjunction 
with MICCAI 2020, Lima, Peru, October 4, 2020, Revised Selected 
Papers, Part I 6. Cham (Switzerland): Springer; 2021. p. 111–121.

	29.	 Khaled R, Vidal J, Marti R. Deep learning based segmentation 
of breast lesions in DCE-MRI. In: Pattern Recognition. ICPR 
International Workshops and Challenges: Virtual Event,  
January 10–15, 2021, Proceedings, Part I. Cham (Switzerland): 
Springer; 2021. p. 417–430. 

	30.	 Zhou Z, Rahman Siddiquee MM, Tajbakhsh N, Liang J. 
UNet++: A nested U-Net architecture for medical image 
segmentation. In: Deep Learning in Medical Image Analysis 
and Multimodal Learning for Clinical Decision Support: 4th 
International Workshop, DLMIA 2018, and 8th International 
Workshop, ML-CDS 2018, Held in Conjunction with MICCAI 
2018, Granada, Spain, September 20, 2018. Proceedings. Cham 
(Switzerland): Springer; 2018. p. 3–11.

	31.	 Isensee F, Jaeger PF, Kohl SA, Petersen J, Maier-Hein KH. 
nnU-Net: A self-configuring method for deep learning-based 
biomedical image segmentation. Nat Methods. 2021;18(2): 
203–211.

	32.	 Hochreiter S, Schmidhuber J. Long short-term memory. 
Neural Comput. 1997;9(8):1735–1780.

	33.	 Lv T, Pan X. Temporal-spatial graph attention networks for DCE-
MRI breast tumor segmentation. In: BMVC. Durham (UK): 
British Machine Vision Association (BMVA) Press; 2021. p. 347.

	34.	 Lv T, Liu Y, Miao K, Li L, Pan X. Diffusion kinetic model for 
breast cancer segmentation in incomplete DCE-MRI. In: 
International Conference on Medical Image Computing and 
Computer-Assisted Intervention. Cham (Switzerland): Springer; 
2023. p. 100–109. 

	35.	 Newitt D, Hylton N. Multi-center breast DCE-MRI data and 
segmentations from patients in the I-SPY 1/ACRIN 6657 trials. 
Cancer Imaging Arch. 2016;10(7):Article 2016.

	36.	 Huang R, Xu Z, Xie Y, Wu H, Li Z, Cui Y, Huo Y, Han C,  
Yang X, Liu Z, et al. Joint-phase attention network for 
breast cancer segmentation in DCE-MRI. Expert Syst Appl. 
2023;224:Article 119962.

	37.	 Chen G, Zhou L, Zhang J, Yin X, Cui L, Dai Y. ESKNet: An 
enhanced adaptive selection kernel convolution for ultrasound 
breast tumors segmentation. Expert Syst Appl. 2024;246: 
Article 123265.

	38.	 Zhou L, Zhang Y, Zhang J, Qian X, Gong C, Sun K, Ding Z, 
Wang X, Li Z, Liu Z, et al. Prototype learning guided hybrid 
network for breast tumor segmentation in DCE-MRI. IEEE 
Trans Med Imaging. 2024.

	39.	 He K, Zhang X, Ren S, Sun J. Deep residual learning for image 
recognition. In: Proceedings of the IEEE Conference on Computer 
Vision and Pattern Recognition. Los Alamitos (CA): IEEE; 2016.  
p. 770–778.

	40.	 Jifara W, Jiang F, Rho S, Cheng M, Liu S. Medical image 
denoising using convolutional neural network: A residual 
learning approach. J Supercomput. 2019;75(2):704–718.

	41.	 Gao M, Han XH, Li J, Ji H, Zhang H, Sun J. Image super-
resolution based on two-level residual learning CNN. 
Multimed Tools Appl. 2020;79(7):4831–4846.

	42.	 Huang G, Fu H, Bors AG. Masked image residual learning for 
scaling deeper vision transformers. Adv Neural Inf Proces Syst. 
2023;36:57570–57582.

	43.	 Liu Z, Lin Y, Cao Y, Hu H, Wei Y, Zhang Z, Lin S, Guo B. Swin 
transformer: Hierarchical vision transformer using shifted 
windows. In: Proceedings of the IEEE/CVF International 

D
ow

nloaded from
 https://spj.science.org on M

arch 23, 2026

https://doi.org/10.34133/cbsystems.0502
https://doi.org/10.5281/zenodo.8068383
https://doi.org/10.48550/arXiv.1412.6980


Xie et al. 2026 | https://doi.org/10.34133/cbsystems.0502 16

Conference on Computer Vision. Los Alamitos (CA): IEEE; 
2021. p. 10012–10022.

	44.	 Veličković P, Cucurull G, Casanova A, Romero A, Lio P, 
Bengio Y. Graph attention networks. arXiv. 2017. https://doi.
org/10.48550/arXiv.1710.10903

	45.	 Kervadec H, Bouchtiba J, Desrosiers C, Granger E, 
Dolz J, Ayed IB. Boundary loss for highly unbalanced 
segmentation. In: International Conference on Medical 
Imaging with Deep Learning. Brookline (MA): PMLR; 2019. 
p. 285–296.

D
ow

nloaded from
 https://spj.science.org on M

arch 23, 2026

https://doi.org/10.34133/cbsystems.0502
https://doi.org/10.48550/arXiv.1710.10903
https://doi.org/10.48550/arXiv.1710.10903


RST2G: Residual-Guided Spatiotemporal Transformer Graph Fusion Enhancement
for Breast Cancer Segmentation in DCE-MRI
Shaoli Xie, Lulu Xu, Chenyi Lei, Jinxiang Wang, Jason Wang, Zhibin Wang, Yiran Sun, Danyi Li, Fangfang Li, Rubing Lin, Hongwei
Yang, Yang Xiao, Tianxu Lv, Yixuan Huang, Lingmi Hou, Junyan Li, and Maoshan Chen

Citation: Xie S, Xu L, Lei C, Wang J, Wang J, Wang Z, Sun Y, Li D, Li F, Lin R, et al. RST2G: Residual-Guided
Spatiotemporal Transformer Graph Fusion Enhancement for Breast Cancer Segmentation in DCE-MRI. Cyborg Bionic
Syst. 2026;7:0502.  DOI: 10.34133/cbsystems.0502

Accurate segmentation of breast tumors in dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is
essential for effective diagnosis, treatment planning, and monitoring of breast cancer. However, the high heterogeneity
of tumor appearance and the complex spatiotemporal dynamics of contrast enhancement present critical challenges
for existing segmentation methods. In this study, we propose a novel residual-guided spatiotemporal transformer with
graph fusion enhancement (RST2G) framework for precise breast tumor segmentation in DCE-MRI. RST2G explicitly
leverages pre-contrast MRI, post-contrast MRI, and their residual differences to capture rich inter-temporal kinetic
information. Specifically, RST2G employs a weight-sharing hybrid encoder that combines convolutional neural networks
and vision transformers to extract local and global features, followed by a residual-guided multi-scale refinement
module to enhance feature discriminability. To effectively model spatial and temporal contextual dependencies, we
construct modality-specific graphs and apply inter-slice and inter-temporal attention mechanisms for spatiotemporal
graph enhancement. Extensive experiments on 2 publicly available breast DCE-MRI datasets demonstrate that RST2G
significantly outperforms state-of-the-art 2-dimensional (2D), 3D, and 4D segmentation methods. Given its effectiveness
in capturing complex spatiotemporal tumor characteristics for cancer annotation, RST2G has the potential to improve
clinical breast cancer treatment.
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