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ABSTRACT
Objectives: Previous deep learning studies have not explored the synergistic effects of ROI dimensions (2D/2.5D/3D), peri-
tumoral expansion levels (0–8 mm), and segmentation scenarios (ROI only vs. ROI original). Our study aims to evaluate the 
performance of multidimensional deep transfer learning models in distinguishing molecular subtypes of breast cancer (luminal 
vs. nonluminal) using DCE-MRI. Under two segmentation scenarios, we systematically compare the effects of ROI dimensions 
and peritumoral expansion levels to optimize multidimensional deep learning models via transfer learning for distinguishing 
luminal from nonluminal breast cancers in DCE-MRI-based analysis.
Materials and Methods: From October 2020 to October 2023, data from 426 patients with primary invasive breast cancer were 
retrospectively collected. Patients were divided into three cohorts: (1) training cohort, n = 108, from SYSU Hospital (Zhuhai, 
China); (2) validation cohort 1, n = 165, from HZ Hospital (Huizhou, China); and (3) validation cohort 2, n = 153, from LY Hospital 
(Linyi, China). ROIs were delineated, and expansions of 2, 4, 6, and 8 mm beyond the lesion boundary were performed. We as-
sessed the performance of various deep transfer learning models, considering precise segmentation (ROI only and ROI original) 
and varying peritumoral regions, using ROC curves and decision curve analysis.
Results: The 2.5D1-based deep learning model (ROI original, 4 mm expansion) demonstrated optimal performance, achieving 
an AUC of 0.808 (95% CI 0.715–0.901) in the training cohort, 0.766 (95% CI 0.682–0.850) in validation cohort 1, and 0.799 (95% 
CI 0.725–0.874) in validation cohort 2.
Conclusion: The study highlights that the 2.5D1-based deep learning model utilizing the three principal slices of the minimum 
bounding box (ROI original) with a 4 mm peritumoral region is effective in distinguishing between luminal and nonluminal 
breast cancer tumors, serving as a potential diagnostic tool.
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1   |   Introduction

According to the International Agency for Research on Cancer, 
breast cancer is one of the most prevalent malignant tumors 
globally, particularly among women [1, 2]. This high incidence 
and mortality rate are partly attributable to the complexity and 
heterogeneity of breast cancer, which complicates treatment 
and prognosis [3–5]. Breast cancer can be classified into various 
molecular subtypes based on specific receptors, each exhibit-
ing differences in behavior, prognosis, and treatment strategies. 
Identifying biomarkers through tissue biopsy or imaging is es-
sential, but biopsies are invasive and constrained by tumor char-
acteristics [6].

Magnetic resonance imaging (MRI), particularly dynamic 
contrast-enhanced MRI (DCE-MRI), is a noninvasive mo-
dality extensively applied in breast cancer diagnosis and 
assessment [7–9]. MRI offers high-resolution and detailed in-
formation on lesion characteristics [10, 11]. However, manual 
interpretation of MRI to assess tumor heterogeneity remains 
challenging.

Radiomics, as an emerging interdisciplinary technology, ex-
tracts numerous quantitative features (such as shape, texture, 
and intensity) from medical images, offering new possibili-
ties for personalized tumor diagnosis and treatment [12, 13]. 
Radiomics can capture the heterogeneity within tumors and 
analyze changes in their surrounding microenvironment [14]. 
Deep learning, particularly convolutional neural networks 
(CNNs), automates hierarchical feature extraction from raw 
imaging data, thereby overcoming the limitations of traditional 
radiomics, which relies on manual feature engineering [15]. 
Transfer learning further enhances this capability by leveraging 
pretrained models (e.g., those trained on ImageNet) and fine-
tuning them for medical tasks, thereby effectively addressing 
data scarcity issues [16].

In medical image analysis, the spatial representation of regions 
of interest (ROI) establishes fundamental feature extraction 
paradigms. Traditional radiomics predominantly relies on 
3D volumetric analysis for manual texture quantification, 
whereas deep learning frameworks exhibit dimensional adapt-
ability—effectively processing 2.5D inputs while preserving 
three-dimensional contextual awareness at substantially re-
duced computational costs [17, 18]. Despite this advantage, 
the synergistic effects of ROI dimensionality (2D/2.5D/3D), 
peritumoral expansion levels (0–8 mm), and segmentation sce-
narios (ROI only vs. ROI original) remain inadequately char-
acterized in breast cancer subtyping. Our study systematically 
delineates how these interdependent operational parameters 
collectively influence diagnostic performance, constructing 
a methodological framework that harmonizes radiomics-
inspired spatial principles with deep learning efficiency. This 
dual-perspective investigation demonstrates that dimensional 
optimization enables high-fidelity malignancy characteriza-
tion while alleviating hardware constraints, thereby bridging 
domain-specific radiomics knowledge with automated feature 
learning architectures.

This study evaluates the performance of deep learning models 
trained with transfer learning techniques by comparing different 

ROI dimensions (2D, 2.5D, 3D) and peritumoral expansion lev-
els (0–8 mm) under two segmentation scenarios (ROI only and 
ROI original), aiming to distinguish luminal from nonlumi-
nal breast cancers using DCE-MRI. Our study systematically 
delineates how these interdependent operational parameters 
collectively influence diagnostic performance, constructing a 
methodological framework that harmonizes radiomics-inspired 
spatial principles with deep learning efficiency. This dual-
perspective investigation demonstrates that dimensional op-
timization enables high-fidelity malignancy characterization 
while alleviating hardware constraints, thereby bridging 
domain-specific radiomics knowledge with automated feature 
learning architectures.

2   |   Materials and Methods

2.1   |   Patients

This study included patients diagnosed with primary invasive 
breast cancer between October 2020 and October 2023 at the 
SYSU Hospital, HZ Hospital, and LY Hospital. The inclusion 
criteria were as follows: (1) pathologically confirmed primary 
invasive breast cancer via surgery or biopsy; (2) patients with a 
solitary solid tumor; (3) underwent breast MRI, including DCE-
MRI, within 2 weeks prior to surgery or biopsy; and (4) without 
neoadjuvant chemotherapy or other interventions prior to im-
aging. The exclusion criteria were as follows: (1) received any 
form of treatment before imaging; (2) presence of malignancies 
in other locations; (3) incomplete clinical, MRI, or pathological 
data; (4) poor MRI image. 426 patients were ultimately included 
and divided into three cohorts (Figure  1): (1) training cohort, 
n = 108, from the SYSU Hospital (Zhuhai, China); (2) validation 
cohort 1, n = 165, from HZ Hospital (Huizhou, China); and (3) 
validation cohort 2, n = 153, from LY Hospital (Linyi, China). 
Table  1 summarizes the clinical characteristics of patients in 
the training and validation cohorts. Clinical features were col-
lected for descriptive purposes only. These variables were not 
used as inputs to the deep learning models, which were trained 
and validated solely on DCE-MRI data. The current study de-
sign is illustrated in Figure 2.

2.2   |   MRI Data Acquisition

All patients underwent breast DCE-MRI examination within 
2 weeks before surgery or biopsy. MRI scans were performed 
using different models of magnetic resonance imaging equip-
ment at different hospitals, but all scans adhered to standardized 
protocols (details in Supporting Information S1). All patients' 
DCE images (identified at the phase of maximum lesion en-
hancement based on the DCE time-signal intensity curve) were 
exported in “Dicom” format from the picture archiving and 
communication system (PACS). Our study prioritized the peak 
enhancement phase (determined by time–intensity curves) for 
DCE-MRI analysis, as it optimally differentiates lesion vascu-
larity from surrounding tissues and correlates with histopatho-
logical angiogenesis markers [19, 20]. While acknowledging the 
theoretical advantages of multiphase/4D analysis [21], we ad-
opted the clinically pragmatic single-phase approach to balance 
diagnostic relevance and workflow efficiency.
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2.3   |   MRI Imaging Processing

The DCE-MRI images in this study were obtained from different 
medical centers and scanning equipment. To ensure image qual-
ity and data consistency, preprocessing steps are crucial. First, 
the z-score normalization method was applied to standardize 
the signal intensity of the images, ensuring consistency. Then, 
the images were resampled to a voxel size of 1.0 × 1.0 × 1.0 mm [3] 
to ensure consistent spatial resolution during analysis. Finally, 
to further improve image quality, the N4 bias field correction 
method was applied to correct non-uniform magnetic field ef-
fects in the images.

2.4   |   Tumor Segmentation

Tumor segmentation was performed by two breast surgeons 
and radiologists with 30 and 15 years of experience, respec-
tively. Blinded to pathological information, they manually 
delineated each layer of the lesion along its edge, ultimately 
generating a three-dimensional volume of interest (VOI). 
All segmentations were subsequently reviewed by a third 
senior radiologist (25 years of experience in breast imaging) 
to resolve discrepancies. This rigorous annotation protocol, 
incorporating multi-expert verification, ensured the stabil-
ity of ROI delineations. Such methodological robustness pro-
vided a solid foundation for subsequent comparative analyses 
across different processing configurations, including two 
segmentation scenarios (ROI only vs. ROI original), peritu-
moral expansion levels (0–8 mm), and multidimensional ROI 
representations (2D/2.5D/3D). Following manual tumor seg-
mentation, to capture radiomics features of the peritumoral 
region, we used the “SimpleITK” package in Python 3.12.4 to 
automatically extend outward from the lesion boundary by 2, 
4, 6, and 8 mm, generating volumes of interest (VOI) for the 
peritumoral region (PTR). If the expanded peritumoral region 
exceeded the breast parenchyma, the extraneous parts were 
manually removed.

2.5   |   2.5D ROI Extraction Methods

2.5D ROI refers to a method of extending and comprehensively 
analyzing a sequence of 2D images along the third dimension 
(usually the slice direction). Three 2.5D strategies were imple-
mented to approximate 3D tumor context while retaining com-
putational efficiency (Appendix Figure S1): 2.5D1: Extracts the 
three orthogonal planes (axial, sagittal, and coronal) intersect-
ing at the tumor centroid, capturing multidirectional features; 
2.5D2: Aggregates the central tumor slice with its immediate ad-
jacent slices (±2 slice) to encode local spatial continuity; 2.5D3: 
Generates maximum ROI area across multiview planes (e.g., 
sagittal, coronal, axial) to highlight dominant tumor character-
istics (Figure 3).

These methods enable 3D-aware feature learning without re-
quiring full 3D convolutions, aligning with clinical workflows 
where 3D reconstruction is often impractical. The detailed 
steps and processes of these three methods are illustrated in 
Supporting Information S1. By employing these methods, each 
utilizing different aspects of 2.5D imaging, researchers can 
leverage a combination of comprehensive spatial information, 
contextual details, and multidirectional perspectives to enhance 
the performance of deep learning models in medical image 
analysis.

2.6   |   Definition of ROI Only

ROI only: The tumor region was precisely segmented, exclud-
ing all extratumoral tissue. This mimics radiomics workflows 
where only intratumoral features are analyzed; ROI original: 
The tumor region was retained with its native surrounding tis-
sue, allowing the model to learn peritumoral microenvironment 
features (e.g., angiogenesis, immune infiltration).

To assess the impact of tumor boundary definition, we com-
pared two segmentation strategies: [1] ROI only (isolated tumor 

FIGURE 1    |    Flowchart of patient selection.
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region) vs. [2] ROI original (tumor with native peritumoral con-
text), evaluating their differential effects on deep learning model 
performance. The implementation pipelines for 2D (slicewise), 
2.5D (multi-slice), and 3D (volumetric) processing under these 
protocols are detailed in Appendix Figures S2–S4.

2.7   |   Model Construction and Assessment

To train the deep convolutional neural network (CNN) model, 
we employed the ResNet-50 architecture, loading pretrained 
weights from ImageNet. ResNet-50 is a deep learning model 
trained on the ILSVRC-2012 data set [22]. This model has been 

reported to perform exceptionally well in medical image pro-
cessing, with its deep feature learning capabilities and effective 
transfer learning applications, making it widely used in med-
ical image classification, detection, and segmentation tasks. 
Aggressive data augmentation techniques, such as random 
cropping, horizontal flip, and vertical flip, were employed in 
model construction. The performance of all established mod-
els was evaluated using receiver operating characteristic (ROC) 
analysis, with the area under the ROC curve (AUC) calculated 
and compared using the DeLong test. Additionally, the accu-
racy, sensitivity, and specificity of the predictions were mea-
sured to comprehensively assess the diagnostic performance of 
the model.

TABLE 1    |    Baseline table of the patients.

Variable

Group

pbOverall, N = 426a Train, N = 108a Validation 1, N = 165a Validation 2, N = 153a

Age, years 0.11

Median (IQR) 48 (41, 54) 48 (44, 59) 48 (42, 54) 48 (39, 54)

Mean (SD) 48.34 ± 10.44 50.43 ± 11.45 48.16 ± 9.14 47.07 ± 10.86

Range 21, 80 28, 80 28, 72 21, 74

Diameter, mm 0.106

Median (IQR) 23 (17, 31) 22.5 (15, 29) 24 (17, 37) 23 (17, 30)

Mean (SD) 26.24 ± 14.29 22.31 ± 11.08 27.96 ± 15.06 26.44 ± 15.17

Range 7, 109 8, 87 10, 109 7, 61

Histology 0.194

Triple-negative 46 (10.8) 9 (8.33) 22 (13.3) 15 (9.80)

Luminal 307 (72.1) 78 (72.2) 123 (74.5) 106 (69.3)

HER-2 73 (17.1) 21 (19.4) 20 (12.1) 32 (20.9)

Location, n (%) 0.195

Upper inner 110 (25.8) 32 (29.6) 41 (24.9) 37 (24.2)

Lower inner 65 (15.3) 18 (16.7) 30 (18.18) 17 (11.1)

Outer upper 168 (39.4) 36 (33.3) 59 (35.76) 73 (47.7)

Outer lower 83 (19.5) 22 (20.7) 35 (21.21) 26 (17.0)

BI-RADS, n (%) 0.115

≤ 4b 70 (16.4) 20 (18.5) 25 (15.2) 25 (16.3)

4c 107 (25.1) 21 (19.4) 35 (21.2) 51 (33.3)

5 134 (31.5) 36 (33.3) 54 (32.7) 44 (28.8)

6 115 (27.0) 31 (28.7) 51 (30.9) 33 (21.6)

Grading, n (%) 0.597

1 56 (13.1) 10 (9.26) 23 (13.9) 23 (15.0)

2 236 (55.4) 59 (54.6) 92 (55.8) 85 (55.6)

3 134 (31.5) 39 (36.1) 50 (30.3) 45 (29.4)
aMedian (IQR) or frequency (%).
bKruskal–Wallis rank sum test, Fisher's exact test, Pearson's chi-squared test.
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FIGURE 2    |    The study design and workflow of model development.

FIGURE 3    |    The processing steps for the 2.5D1 (ROI only) method. (a) the minimum bounding cube of ROI only, (b) the three primary slices of the 
minimum bounding cube, (c) multichannel image.
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2.8   |   Statistical Analysis

This study employed the gtsummary package [23] in R soft-
ware (version 4.2.3) for statistical analysis of baseline data. 
Continuous variables were described using median (inter-
quartile range), mean ± standard deviation, and range, while 
categorical variables were expressed as frequency and per-
centage. Comparisons of continuous variables between groups 
were performed using the Kruskal–Wallis rank-sum test, 
whereas categorical variables were compared using Pearson's 
chi-squared test or Fisher's exact test. Comparisons of the area 
under the curve (AUC) were performed using the DeLong test. 
In all analyses, a p-value of less than 0.05 was considered sta-
tistically significant.

2.9   |   Data Set Description and Clinical 
Characteristics

Table 1 summarizes the baseline characteristics of all patients. 
These analyses were performed solely to characterize the data set 
and confirm balanced distributions across cohorts (all p > 0.05). 
No clinical features were integrated into the deep learning mod-
els, which relied exclusively on imaging data. This study en-
rolled a total of 426 patients with invasive breast cancer, divided 
into a training cohort, validation cohort 1, and validation cohort 
2 (108, 165, and 153 patients, respectively). All patients were di-
agnosed with invasive breast cancer. The mean age of the entire 
cohort was 48.34 years (standard deviation: 10.44), with a me-
dian age of 48 years (interquartile range: 41–54). There were no 
statistically significant differences in age distribution among the 
training, validation 1, and validation 2 cohorts (p > 0.05). The 
cohort included 307 patients with luminal-type breast cancer, 46 
with triple-negative breast cancer, and 73 with Her2-type breast 
cancer. Luminal-type accounted for 72.1%, whereas nonluminal 
types accounted for 27.9%. The mean maximum tumor diame-
ter was 26.24 mm, with a median of 23 mm. The distribution of 
tumor locations was as follows: upper inner quadrant (25.8%), 
lower inner quadrant (15.3%), upper outer quadrant (39.4%), and 
lower outer quadrant (19.5%). There were no statistically signif-
icant differences between groups (p = 0.195). BI-RADS classifi-
cation showed that 16.4% of patients were ≤ 4b, 25.1% were 4c, 
31.5% were grade 5, and 27.0% were grade 6. There were no statis-
tically significant differences in BI-RADS distribution between 
groups (p = 0.115). Histological grading distribution was as fol-
lows: grade 1 (13.1%), grade 2 (35.9%), and grade 3 (51.1%). There 
were no significant differences between groups (p = 0.597).

3   |   Results

3.1   |   Comparison of the DCNN Models (ROI Only)

The following (Figures  4 and 5) are the results of a study fo-
cusing on the precise segmentation of the region of interest 
(ROI) only, in which only the ROI was retained during model 
construction, excluding background and normal tissue using 
a deep neural network model. Without peritumoral expan-
sion (Figure  4a–c), the 2.5D1-based model demonstrated a 
higher AUC value and consistent performance across different 
data sets. In the training cohort, the AUC was 0.720 (95% CI 

0.614–0.827); in validation cohort 1, the AUC was 0.717 (95% CI 
0.631–0.803); and in validation cohort 2, the AUC was 0.750 (95% 
CI 0.667–0.833). In contrast, the 2D-based model demonstrated 
an AUC of 0.696 (95% CI 0.578–0.813) in the training cohort, 
0.678 (95% CI 0.589–0.766) in validation cohort 1, and 0.694 (95% 
CI 0.603–0.785) in validation cohort 2. The 3D-based model ex-
hibited an AUC of 0.720 (95% CI 0.614–0.827) in the training 
cohort, 0.717 (95% CI 0.631–0.803) in validation cohort 1, and 
0.750 (95% CI 0.667–0.833) in validation cohort 2.

Among the 2.5D models, the performance of the 2.5D1-based 
deep learning model was superior to that of the 2.5D2-based and 
2.5D3-based models. Specifically, the 2.5D2-based model exhib-
ited an AUC of 0.693 (95% CI 0.570–0.816) in the training cohort, 
0.695 (95% CI 0.607–0.782) in validation cohort 1, and 0.700 (95% 
CI 0.609–0.790) in validation cohort 2. The 2.5D3-based model 
demonstrated an AUC of 0.715 (95% CI 0.599–0.832) in the train-
ing cohort, 0.724 (95% CI 0.632–0.816) in validation cohort 1, 
and 0.735 (95% CI 0.649–0.821) in validation cohort 2.

After expanding the peritumoral region, we found that when 
the region of interest (ROI) was extended outward by 4 mm 
(Figure  4g–i), the 2D-based, 2.5D-based, and 3D-based mod-
els all demonstrated optimal performance, with the 2.5D1-
based model performing the best. Specifically, in the training 
cohort, the 2.5D1-based model achieved an AUC of 0.749 (95% 
CI 0.648–0.851); in validation cohort 1, the AUC was 0.751 (95% 
CI 0.663–0.840); and in validation cohort 2, the AUC was 0.768 
(95% CI 0.689–0.847). In contrast, the 2D-based model demon-
strated an AUC of 0.756 (95% CI 0.653–0.860) in the training co-
hort, 0.729 (95% CI 0.651–0.808) in validation cohort 1, and 0.726 
(95% CI 0.636–0.817) in validation cohort 2. The 3D-based model 
exhibited an AUC of 0.709 (95% CI 0.603–0.816) in the training 
cohort, 0.702 (95% CI 0.613–0.790) in validation cohort 1, and 
0.706 (95% CI 0.618–0.795) in validation cohort 2.

Among the 2.5D-based models, the performance of the 2.5D1-
based deep learning model was superior to that of the 2.5D2-
based and 2.5D3-based models. Specifically, the 2.5D2-based 
model demonstrated an AUC of 0.776 (95% CI 0.676–0.876) 
in the training cohort, 0.703 (95% CI 0.612–0.794) in valida-
tion cohort 1, and 0.729 (95% CI 0.644–0.814) in validation co-
hort 2. Additionally, the 2.5D3-based model achieved an AUC 
of 0.821 (95% CI 0.742–0.900) in the training cohort, 0.741 
(95% CI 0.662–0.819) in validation cohort 1, and 0.723 (95% CI 
0.633–0.814) in validation cohort 2. Diagnostic performance 
metrics, including AUC, sensitivity, specificity, and accuracy, 
are comprehensively compared in Tables 2 and 3.

Overall, the performance of the 2.5D-based deep learning mod-
els was superior, as evidenced by narrow confidence intervals 
for the AUC values, indicating stable performance. The 2.5D1 
model (PTR 4 mm) demonstrated the best performance.

3.2   |   Comparison of the DCNN Models (ROI 
Original)

The following (Figures 6 and 7) present the results of the deep 
neural network models retaining the background and normal 
tissue. Without peritumoral expansion (Figure 6a–c), the 2.5D1 
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model exhibited high and consistent AUC values: 0.731 (95% CI 
0.613–0.849) in the training cohort, 0.739 (95% CI 0.655–0.823) 
in Validation Cohort 1, and 0.767 (95% CI 0.688–0.846) in 
Validation Cohort 2. In contrast, the 2D model had AUC val-
ues of 0.719 (95% CI 0.617–0.820) in the training cohort, 0.705 
(95% CI 0.619–0.791) in Validation Cohort 1, and 0.721 (95% CI 
0.630–0.812) in Validation Cohort 2. Similarly, the 3D model 
had AUC values of 0.719 (95% CI 0.600–0.837) in the training 
cohort, 0.705 (95% CI 0.621–0.789) in Validation Cohort 1, and 
0.729 (95% CI 0.643–0.814) in Validation Cohort 2.

Among the 2.5D-based models, the 2.5D3-based model outper-
formed the 2.5D2-based model. Specifically, the 2.5D2-based 
model had AUC values of 0.741 (95% CI 0.641–0.841) in the 

training cohort, 0.712 (95% CI 0.628–0.796) in Validation Cohort 
1, and 0.712 (95% CI 0.627–0.796) in Validation Cohort 2. The 
2.5D3-based model had AUC values of 0.742 (95% CI 0.634–0.850) 
in the training cohort, 0.726 (95% CI 0.644–0.807) in Validation 
Cohort 1, and 0.739 (95% CI 0.652–0.825) in Validation Cohort 2.

After peritumoral expansion, it was found that when the region 
of interest was expanded outward by 4 mm (Figure  6g–i), all 
models demonstrated optimal performance, with the 2.5D1-
based model performing the best. In the training cohort, the 
AUC was 0.808 (95% CI 0.715–0.901); in validation cohort 1, the 
AUC was 0.766 (95% CI 0.682–0.850), and in validation cohort 
2, the AUC was 0.799 (95% CI 0.725–0.874). In comparison, the 
2D-based model had an AUC of 0.818 (95% CI 0.716–0.921) in 

FIGURE 4    |    ROC curve of deep learning models based on 2D, 2.5D1, 2.5D2, 2.5D3, and 3D techniques for PTR measurements at 0 mm (a–c), 2 mm 
(d–f), and 4 mm (g–i).
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the training cohort, 0.727 (95% CI 0.645–0.808) in validation co-
hort 1, and 0.730 (95% CI 0.646–0.815) in validation cohort 2; 
the 3D model had an AUC of 0.771 (95% CI 0.666–0.875) in the 
training cohort, 0.723 (95% CI 0.631–0.815) in validation cohort 
1, and 0.707 (95% CI 0.619–0.796) in validation cohort 2.

In the 2.5D-based models, the performance of the 2.5D3-based 
model was superior to the 2.5D2-based model. Specifically, the 
2.5D2-based model had an AUC of 0.751 (95% CI 0.645–0.857) 
in the training cohort, 0.746 (95% CI 0.669–0.823) in valida-
tion cohort 1, and 0.737 (95% CI 0.653–0.821) in validation co-
hort 2. The 2.5D3-based model, on the other hand, achieved an 
AUC of 0.852 (95% CI 0.757–0.946) in the training cohort, 0.763 
(95% CI 0.689–0.838) in validation cohort 1, and 0.760 (95% CI 
0.673–0.848) in validation cohort 2. Diagnostic performance 
metrics, including AUC, sensitivity, specificity, and accuracy, are 
comprehensively compared in Tables 4 and 5.

Overall, when retaining background and normal tissue, the per-
formance of 2D-based, 2.5D-based, and 3D-based deep learning 
models improved compared to the precise segmentation of the 
tumor region (ROI only), with the best performance observed at 
a 4 mm peritumoral expansion. Among all models, the 2.5D1-
based model demonstrated the most stable and superior perfor-
mance under this scenario, with AUC of 0.766 (sensitivity 0.731, 
specificity 0.900, accuracy 0.778) in the training cohort, 0.766 
(sensitivity 0.707, specificity 0.690, accuracy 0.703) in validation 

cohort 1, and 0.799 (sensitivity 0.689, specificity 0.766, accuracy 
0.712) in validation cohort 2.

3.3   |   Performance of the Predictive Model

We conducted decision curve analysis (DCA) to evaluate the 
clinical utility of the 2.5D1-based model (PTR 4 mm) in the 
training cohort, validation cohort 1, and validation cohort 2 
(Figure  8a–c). The 2.5D1 model demonstrated varying clini-
cal utility across different threshold ranges. At low thresholds 
(0–0.4), the model exhibited superior net benefit, indicating 
optimal performance for initial screening scenarios with le-
nient treatment criteria. This range enables effective identi-
fication of a larger proportion of high-risk patients requiring 
therapeutic intervention. When transitioning to moderate 
thresholds (0.4–0.7), although the net benefit showed grad-
ual attenuation, the model maintained statistically significant 
advantages over the “Treat None” strategy. This intermediate 
range appears suitable for clinical decision-making requiring 
balanced sensitivity and specificity, particularly when optimiz-
ing treatment allocation under moderately stringent criteria. 
Notably, the model's clinical value diminished substantially at 
high thresholds (0.7–1), where net benefit approached parity 
with the “Treat None” approach. This performance limitation 
suggests reduced effectiveness in ultra-strict screening envi-
ronments, necessitating complementary diagnostic modalities 

FIGURE 5    |    ROC curve of deep learning models based on 2D, 2.5D1, 2.5D2, 2.5D3, and 3D techniques for PTR measurements at 6 mm (a, b, c), 
and 8 mm (d, e, f).
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such as advanced imaging or histopathological confirmation 
to ensure comprehensive patient evaluation.

Clinical implementation recommendations propose preferential 
use in low-to-moderate threshold settings for early diagnostic 
applications and preventive interventions. However, in high-
threshold clinical scenarios demanding exceptional specificity, 
the current model architecture shows insufficient standalone 
performance to replace conventional screening protocols. 
Future optimization should focus on algorithmic enhancements 
or multimodal diagnostic integration to improve high-threshold 
reliability for critical patient stratification.

Similarly, we conducted a calibration analysis of the predictive 
model for the training cohort, validation cohort 1, and validation 
cohort 2 (Figure 9a–c). In the training cohort (Figure 9a), the 
calibration curve shows slight deviation in the lower prediction 
probability range, but it aligns closely with the ideal calibra-
tion line in the higher prediction probability range, indicating 
good calibration in the training cohort. In validation cohort 1 
(Figure 9b), the calibration curve is similar to the ideal calibra-
tion line across most prediction probability ranges but shows 
some deviation in the higher prediction probability region, in-
dicating reasonable calibration with minor deviations in val-
idation cohort 1. The calibration curve for validation cohort 2 

FIGURE 6    |    ROC curve of deep learning models based on 2D, 2.5D1, 2.5D2, 2.5D3, and 3D techniques for PTR measurements at 0 mm (a–c), 2 mm 
(d–f), and 4 mm (g–i).
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(Figure 9c) shows slight deviation from the ideal calibration line 
in the lower prediction probability range but aligns closely in the 
higher prediction probability range, indicating good calibration 
similar to validation cohort 1. In summary, calibration analy-
sis indicates that the models exhibit good calibration across all 
datasets, with some deviations in specific prediction probability 
ranges but an overall trend consistent with the ideal calibration 
line, demonstrating reliable predictions across different datasets.

4   |   Discussion

This multicenter retrospective study of three distinct co-
horts investigates the interplay between ROI dimensional-
ity (2D/2.5D/3D), peritumoral expansion distances (0-8 mm), 
and segmentation paradigms (ROI Only vs. Original) in deep 
transfer learning frameworks to distinguish luminal from non-
luminal breast cancer subtypes. The results indicate that the 
2.5D1-based deep learning model (ROI Original) achieved op-
timal performance with a 4 mm peritumoral expansion, with 
AUC of 0.766 (sensitivity 0.731, specificity 0.900, and accuracy 
0.778) in the training cohort, 0.766 (sensitivity 0.707, specificity 
0.690, and accuracy 0.703) in validation cohort 1, and 0.799 (sen-
sitivity 0.689, specificity 0.766, and accuracy 0.712) in validation 
cohort 2.

Consistent with previous research findings [24–27], this study re-
affirms that the peritumoral region (tumor margin or boundary 

area) contains crucial information related to tumor growth and 
metastasis. The model performed better with a certain degree of 
peritumoral expansion, achieving optimal performance with a 
4 mm expansion. Similarly, when constructing models that only 
retain the region of interest (ROI) while excluding background 
and normal tissue, the model's definition becomes more precise, 
but its performance does not necessarily improve. Therefore, 
when constructing models, it is necessary to balance precise 
definition with optimal performance, and adopt different ap-
proaches based on specific tasks.

Li et al. [28], Kim et al. [17], and Choi et al. [29] previously ex-
plored the advantages of 2.5D-based deep learning models. 
2.5D-based deep learning models capture three-dimensional in-
formation by integrating multiple consecutive two-dimensional 
slices. Compared to single 2D-based models, this method not 
only provides richer features but also integrates contextual in-
formation from individual slices, significantly enhancing the 
model's accuracy and robustness [30]. This approach is well 
suited for various medical imaging modalities as it captures 
and analyzes three-dimensional information from 2D-based 
slice sequences without requiring complete 3D data, making it 
particularly suitable for cases with incomplete data or challeng-
ing 3D reconstruction. In this study, despite the 3D-based deep 
learning model incorporating more tumor region information 
and pretrained weights, its performance was still inferior to 
the 2.5D-based model. This may be due to several factors: first, 
the 3D model handles higher-dimensional data, which involves 

FIGURE 7    |    ROC curve of deep learning models based on 2D, 2.5D1, 2.5D2, 2.5D3, and 3D techniques for PTR measurements at 6 mm (a, b, c), 
and 8 mm (d, e, f).
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a larger number of parameters and greater training complex-
ity, requiring more data and computational resources for ade-
quate training even with pretrained weights. Additionally, the 
training of 3D-based models demands more computational re-
sources and time, which can result in insufficient training or 
suboptimal parameter optimization. Furthermore, 2.5D-based 
models use 2D slices in each channel, potentially preserving 
more detail and resolution, whereas 3D models may lose some 
details when processing volumetric data. Moreover, the prepro-
cessing and augmentation techniques for 3D data may not be 
as advanced as those for 2.5D data, affecting the training out-
comes. In summary, 2.5D-based deep learning models offer an 
effective approach for medical image analysis by balancing com-
putational cost and information richness, capturing more three-
dimensional information than 2D-based methods while being 
more efficient and adaptable than 3D-based methods.

Among the different 2.5D-based deep learning models, the 
model based on 2.5D1 performed the best, whereas the model 
based on 2.5D2 performed the worst. The reasons for this are 
likely as follows: the 2.5D1 method extracts three slices from 
the sagittal, coronal, and axial planes, capturing different fea-
tures of the tumor in each plane and integrating information 

from various planes, thereby offering higher spatial information 
comprehensiveness and richness. In contrast, while the 2.5D2 
method also adds some contextual information, its slices are pri-
marily concentrated in a single direction, potentially neglecting 
important features in other directions, thereby limiting the mod-
el's understanding of the tumor's overall structure. Compared 
to the combination of slices from multiple directions, this ap-
proach offers lower correlation and effectiveness of information, 
resulting in relatively poorer model performance. Similarly, the 
2.5D3 method improves model performance by capturing the 
most significant features from different perspectives. However, 
this method focuses on capturing the maximum features in each 
direction, which, although enhancing model performance in 
certain aspects, still falls short in terms of spatial information 
comprehensiveness. In summary, the method of using the three 
primary slices of the minimum bounding cube (2.5D1), as an 
approach approximating three-dimensional reconstruction in 
medical imaging, enhances the model's predictive performance 
and clinical application value by providing rich spatial infor-
mation and comprehensive structural features. This method 
captures features from more directions, allowing for a more ac-
curate reflection of the tumor's overall structure, thus achieving 
the best performance among the deep learning models.

FIGURE 8    |    The decision curves of the 2.5D1 (ROI original) deep learning models for PTR 4 mm in the training cohort (a), validation cohort 1 (b), 
and validation cohort 2 (c).

FIGURE 9    |    The calibration curves of the 2.5D1 (ROI original) deep learning models for PTR 4 mm in the training cohort (a), validation cohort 1 
(b), and validation cohort 2 (c).
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This study also has limitations. Although it included popula-
tions from different geographic regions, it is still a retrospective 
study, which may introduce selection bias and spectrum bias. 
Our study prioritized the peak enhancement phase (determined 
by time-intensity curves) for DCE-MRI analysis. The peak en-
hancement phase offers clinically interpretable and compu-
tationally efficient inputs for ROI analysis, particularly when 
compared with resource-intensive full 4D modeling implemen-
tations. While our single-phase strategy reduces operational 
complexity, it may obscure subtle temporal heterogeneity in 
contrast kinetics. This observation aligns with previous studies 
demonstrating enhanced diagnostic accuracy achieved through 
multiphase time-series analysis [21, 31]. Future investigations 
will focus on developing hybrid architectures that integrate 
multiphase features to better characterize temporal dynamics 
while preserving clinical applicability. Additionally, because 
the included patients had a lower prevalence of HER2-positive 
and triple-negative breast cancer, this study only examined the 
performance differences of the prediction model in distinguish-
ing luminal from nonluminal breast tumors. Future research 
should include a larger population to explore the adaptability of 
the prediction model in different tasks.

5   |   Conclusion

Under two segmentation scenarios (ROI only vs. ROI original), 
this study explored the effects of ROI dimensions (2D/2.5D/3D) 
and peritumoral expansion levels (0–8 mm) to optimize mul-
tidimensional deep learning models via transfer learning for 
distinguishing luminal from nonluminal breast cancers in 
DCE-MRI-based analysis. The 2.5D1 technique involves ex-
tracting slices from the sagittal, coronal, and axial planes, each 
emphasizing unique tumor characteristics. By integrating data 
from these various planes, the method enhances the compre-
hensiveness and richness of spatial information. Consequently, 
the 2.5D-based deep learning model (ROI original, PRT 4 mm) 
demonstrated the best performance. This model can function as 
an effective diagnostic tool for distinguishing between luminal 
and nonluminal breast cancer tumors.
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