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ABSTRACT

Background: Preoperative identification of Luminal B breast cancer remains a clinical challenge. This study aimed 

to develop an ultrasound radiomics framework integrating tumoral and peritumoral information for preoperative 

identification of Luminal B subtype and prediction of Ki-67 status. 

Methods: We retrospectively analyzed 1,944 patients from three centers. The development cohort from Centers 

One and Two was divided by stratified sampling into a training set (n=1434) and an internal test set (n = 253), 

and an independent cohort from Center Three was used for external validation. Lesion-containing ROIs were 

processed using deep learning-assisted segmentation and standardized for downstream analysis. Radiomic fea-

tures were extracted, and a genetic algorithm (GA) was coupled with a random forest (RF) classifier to construct 

two models: one for Luminal B classification and another for predicting Ki-67 expression.
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Introduction

Breast cancer remains a leading cause of cancer-
related mortality in women, with molecular hetero-
geneity critically influencing prognosis and treatment 
(1). The luminal B subtype is particularly aggressive, 
accounting for ~50% of cases. It is characterized by 
high proliferation, reduced hormone receptor expres-
sion, and therapy resistance, conferring a mortality risk 
over twice that of luminal A tumors (2-4). Subtypes 
include HER2-negative (B1, Ki-67>14%) and HER2-
positive (B2) categories, each with distinct outcomes 
(5-8). Current diagnosis relies on invasive, costly IHC 
or genomic assays, while conventional imaging lacks 
specificity for luminal subtyping. Emerging evidence 
suggests peritumoral features (e.g., vascularity, im-
mune infiltration) may hold key biological informa-
tion, yet they remain underexplored (9,10).

Artificial intelligence offers promising solutions. 
Machine and deep learning models show potential 
in improving breast cancer classification by integrat-
ing multimodal data (11,12). Ultrasound radiomics 
features have demonstrated preliminary correlations 
with receptor status, but existing models often lack 
specificity for luminal B (13-15). This study aimed to 
investigate distinct imaging phenotypes of luminal B 
tumors by integrating intratumoral and peritumoral 
radiomic features from ultrasound. We developed a 
machine learning model, utilizing deep learning for 
automated ROI segmentation to noninvasively per-
form molecular subtyping. Our focus was on differ-
entiating luminal B and predicting Ki67 expression 

within this subtype, to facilitate earlier, more precise 
therapeutic decisions.

Methods and Materials

Patients

The training and internal testing sets in this ret-
rospective study were collected from Center One and 
Center Two from January 2017 to December 2024, 
while the external testing set was collected from Center 
Three from January 2016 to December 2024. This 
study was approved by the institutional ethics com-
mittees of all hospitals (NO. Y20230427, QYFYW-
ZLL30450, K2023-421-01), and the requirement for 
informed consent from the patients was waived by the 
institutional review boards of The Second Affiliated 
Hospital Zhejiang University School of Medicine, The 
Affiliated Hospital of Qingdao University, and Fujian 
Cancer Hospital. The inclusion criteria: breast cancer 
patients with complete pathology, no preoperative 
therapy, surgery within 30 days after ultrasound, and 
complete clinical data. The exclusion criteria: nonmass 
lesions without delineated boundaries, biopsy before 
ultrasound, previous metastasis/other malignancies, 
and poor image quality.

Data collection and preprocessing

Given the retrospective, multicenter design of this 
study, imaging data were acquired as part of routine 

Results: The combined tumor-peritumoral model achieved the highest performance, with the Luminal B classifier 

showing AUCs of 0.876 (training), 0.693 (test), and 0.786 (external validation). The Ki-67 prediction model yielded 

AUCs of 0.890 (training) and 0.858 (test), though external validation (AUC=0.661) was limited by dataset distribu-

tion. The Delong test confirmed that combined ROIs significantly outperformed tumor-only models, with NRI and 

IDI tests further validating the added value of peritumoral features.

Conclusions: Ultrasound radiomics integrating tumoral and peritumoral regions can support the preoperative 

identification of Luminal B breast cancer, and peritumoral region analysis significantly enhances predictive perfor-

mance. The framework also shows potential for predicting Ki-67 status within this subtype.
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Table 1. Basic characteristics of participants.

Characteristic 
Statistic

Pathology

PLuminal B Non-Luminal B

Number 917 1027 —

Age (y)
54.40 ± 11.22 
(23.00–86.00)

54.37 ± 11.61 
(23.00–87.00)

0.95

Lesion size 
(cm)

2.15 ± 1.33 
(0.10–18.00)

2.28 ± 1.96 
(0.20–20.00)

0.08

clinical practice across participating institutions. Con-
sequently, acquisition protocols—including scanner 
models, probe types, and imaging settings—were site-
specific and not centrally controlled, reflecting real-
world clinical heterogeneity. To mitigate potential 
variability introduced by differences in acquisition pro-
tocols, all images underwent a standardized preproc-
essing pipeline prior to feature extraction, as described 
below. Detailed equipment parameters for all centers 
are summarized as follows. The breast US images of 
all patients were acquired using US manufactured by 
Mindary (‌L14-3WU, R7S, R9; Guangzhou, China), 
Canon (‌i18LX5, i900; Tokyo, Japan), Esaote (LA523, 
MyLab 90; Genoa, Italy), GE Logiq E9 (ML6-15, 
GE Healthcare, Milwaukee, WI, USA), Philips (L12-
5, EPIQ; Eindhoven, Holland), or SuperSonic (‌SL15-
4, Aixplorermach30; SuperSonic Imagine, France). 
The US images were evaluated by two breast radiolo-
gists (with 7 and 12 years of experience interpreting 
breast US images) who were blinded to the clinical in-
formation but not to the age of each patient. In cases 
of disagreement, the radiologists discussed the issue 
and reached a consensus.

Clinical, pathological, and follow-up data were 
collected via electronic records. Molecular subtypes 
were classified based on receptor expression, with lu-
minal B further stratified by Ki-67 index (cutoff 14%). 
Histopathological examination served as the gold 
standard. The histological grade and expression of the 
estrogen receptor (ER), progesterone receptor (PR), 
human epidermal growth factor receptor 2 (HER2), 
and cell proliferation-associated Ki67 antigens were 
determined by immunohistochemical analysis.

Model construction

Finally, a total of 1944 women (mean age = 51 
years; range =23–86 years) were included in this ret-
rospective study (5321 images), including 917 patients 
in the luminal B subgroup and 1027 patients in the 
non–luminal B subgroup (Table 1). All patients from 
Centers One and Two were randomly divided into a 
training set with 1434 patients and an internal testing 
set with 253 patients, with a ratio of 8.5:1.5. A total 
of  257  patients from Center Three were included in 
the external testing set (Figure 1).

Image preprocessing included lesion localization us-
ing radiologist-guided ROI annotation and mask infor-
mation, followed by standardization of model inputs to 
256 × 256 pixels for downstream processing (Figure 2).

Tumor segmentation employed a U-Net++ archi-
tecture with a ResNet50 encoder initialized with Ima-
geNet pretrained weights. Pixelwise classification was 
achieved through sigmoid activation outputs. During 
training, data augmentation, Dice-based optimization, 
Adam optimization, and cosine-annealing schedul-
ing were applied to improve robustness. In the overall 
workflow, the segmentation module served as an assis-
tive preprocessing step rather than the primary meth-
odological contribution of the study.

Peritumoral regions were defined as those with 2 
mm concentric expansions beyond the tumor bounda-
ries, excluding areas that overlapped the pectoral muscles 
or adipose tissue, as confirmed by threshold-based mask-
ing. We now explicitly acknowledge that radiologist-
guided lesion localization reduces the difficulty of the 
downstream segmentation task and should be considered 
when interpreting this component of the pipeline.

Radiomic feature extraction

Quantitative features were extracted from both in-
tratumoral and peritumoral ROIs across four domains:

Morphological: Circularity, aspect ratio, and Hu 
moment invariants (orders 1–7).

Textural: Contrast, homogeneity, correlation, 
and entropy derived from the gray-level co-
occurrence matrix (GLCM).

Intensity-based: First-order statistics including 
mean intensity, standard deviation, skewness, 
kurtosis, and energy.
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Figure 2. Representative example of the image-processing workflow. (A) Original ultrasound image. (B) ROI 
annotation/mask. (C) Derived contour/peritumoral mask. (D) Overlay visualization for visual inspection.

Figure 1. Flowchart.
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excluded as a heuristic stability constraint to avoid 
degenerate and highly unstable feature subsets. The 
optimization terminated after 10 generations or if the 
fitness improvement was below 1e-3 for 10 consecu-
tive generations.

Validation and Interpretability

Data were split using stratified sampling (85% 
training, 15% testing) to preserve class distribution. To 
address the inherent class imbalance between Luminal 
B and non-Luminal B subtypes, the Synthetic Minority 
Over-sampling Technique (SMOTE) was applied to 
the training data. Features were standardized (Z-score 
normalization) prior to model input. Model interpret-
ability was enhanced by analyzing a core feature subset 
identified through recursive elimination, focusing on 
high-frequency features such as morphological descrip-
tors, texture metrics, Hu moments, and clinical variables 
like age. Hyperparameter optimization employed 5-fold 
cross-validation, and the final model was evaluated on 
the hold-out test set and external validation cohort.

Statistical analysis

Feature reliability was assessed via intraclass 
correlation coefficient (ICC>0.75 retained). To ad-
dress the class imbalance, the Synthetic Minority 
Over-sampling Technique (SMOTE) was applied to 
the training data. (16). Nonparametric tests (Wil-
coxon rank-sum) and receiver operating characteristic 
(ROC) analysis were performed. Model performance 
was evaluated using the area under the ROC curve 
(AUC), sensitivity, specificity, positive predictive value 
(PPV), negative predictive value (NPV), and accuracy 
(p<0.05 significant, FDR correction).The DeLong test 
was employed to statistically compare the AUCs be-
tween models (e.g., tumor-only vs. combined regions). 
Feature selection was conducted using the Genetic 
Algorithm (GA) as described in the methodology. 
Seven additional classifiers were compared (decision 
tree (DT), k-nearest neighbors (KNN), support vector 
machine (SVM), Bayesian classifiers, kernel approxi-
mation classifiers, ensemble classifiers, and neural net-
work classifiers). Analyses were conducted in Python 
(Pytorch framework) and MATLAB R2023b.

Calcification metrics: Microcalcification count and 
total calcified area.

Peritumoral-specific: Sharpness count, mean in-
tensity gradient magnitude (margin analysis), 
radial spicule count, and complexity index 
(branching ratio).

In total, 43 candidate variables, including hand-
crafted image-derived features and the clinical variable 
age, were entered into the modeling pipeline.

Model construction and optimization

Hybrid Feature Selection and Classification 
Framework

We implemented a hybrid framework integrating 
a genetic algorithm (GA) for feature selection with a 
random forest (RF) classifier. The GA encoded fea-
ture subsets using binary vectors corresponding to the 
input features and utilized uniform crossover (prob-
ability=0.9) and bit-flip mutation. Initial populations 
were seeded with predefined combinations to acceler-
ate convergence. The fitness function was designed to 
maximize recall (Fitness = -Recall) to prioritize the 
sensitivity for identifying the aggressive Luminal B 
subtype.

Random forest optimization

The RF hyperparameters were automatically tuned 
to maximize recall for the target subtype (Luminal B). 
The search space included:

Number of trees: 100–1500
Maximum depth: 5–20
Minimum samples for split/leaf: 2–20
Feature selection strategy: {√p, log2 ( features), all 

features}

Bootstrap sampling enabled

GA Fitness Evaluation and Termination Candi-
date solutions were evaluated by training an RF model 
on the selected feature subset and calculating its recall. 
The fitness function was defined as Fitness = -Recall. 
Solutions with fewer than 3 selected features were 
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model exhibited excellent generalization capability 
with minimal overfitting. The AUC values were 0.890 
in the training set and 0.858 in the internal testing set, 
reflecting a high degree of consistency. In the exter-
nal validation cohort, the model achieved an AUC of 
0.661. The corresponding prediction accuracies were 
97.18% (training), 85.51% (internal test), and 97.67% 
(external validation). The high accuracy in the external 
set, despite a moderate AUC, likely reflects the class 
imbalance within the cohort (Table 2).

Discussion

Breast cancer is a molecularly and clinically het-
erogeneous disease. The luminal B subtype is particu-
larly aggressive, marked by high proliferation, therapy 
resistance, and poor prognosis, and is linked to higher 
local recurrence and bone metastasis rates than non-
inflammatory breast cancers (17). Its preoperative 
identification remains a major clinical challenge. In 
this multicenter study, we developed a deep learning 
radiomics model using ultrasound to noninvasively 
predict luminal B status. The integrated model, com-
bining tumor and peritumoral features, outperformed 
tumor-only approaches, underscoring the tumor mi-
croenvironment’s importance and offering a promising 
tool for preoperative molecular subtyping.

The enhanced performance of the combined 
model—supported by a significantly increased AUC in 
the test set and confirmed by the Delong test—aligns 
with growing evidence that the peritumoral region 
harbors critical biological information related to tumor 
aggression and metastatic potential (18-20). Radiomic 
features reflecting desmoplastic reaction, inflamma-
tory infiltration, and angiogenesis likely underlie this 
improvement. Furthermore, NRI and IDI analyses 
confirmed that the inclusion of peritumoral features 
significantly improved the classification ability.

Luminal B breast cancer is clinically distinct: 
Studies indicate that over time, some patients may 
develop features resembling those of triple-negative 
or HER2-positive disease (21,22), whereas luminal 
A tumors have a comparatively favorable prognosis. 
Luminal B cancers typically display higher histologi-
cal grades and reduced responsiveness to endocrine 

Results

A total of 43 candidate variables were entered 
into the modeling pipeline, including morphological 
characteristics (e.g., circularity and aspect ratio), seven 
Hu moment invariants, textural features (contrast, ho-
mogeneity, and their extreme values), gray-level his-
togram statistics (entropy, skewness, kurtosis, among 
others), margin- and calcification-related attributes, 
and the clinical variable age. The target variable was 
the molecular subtype, classified as either luminal B 
or non-luminal B. Stratified sampling was employed 
for partitioning, and oversampling techniques were 
applied to the training set to mitigate class imbalance 
(Figures 3-5). Feature reduction was then performed 
using the genetic algorithm-based subset-selection 
procedure before random forest modeling.

Model performance

Luminal B classification model

Recall was established as the primary evaluation 
metric to prioritize the sensitivity for identifying the 
aggressive Luminal B subtype. The genetic algorithm-
optimized Random Forest (GA-RF) model demon-
strated robust performance on the independent test 
set, achieving a recall (sensitivity) of 81%. Specifically, 
the model correctly identified 124 out of 154 Luminal 
B cases (False Negative Rate: 19.5%), minimizing the 
risk of missed diagnoses in a clinical setting. Regarding 
specificity, 81 out of 138 non-Luminal B cases were 
correctly classified (False Positive Rate: 41.3%). The 
classification report indicated a precision of 70% for 
Luminal B, with both overall accuracy and the macro 
F1-score reaching 70% (Figure 6).

Hyperparameter optimization by using Optuna 
identified the optimal model configuration (1,622 trees, 
max depth of 44, max_features='sqrt'), which yielded a 
consistent recall of 72.97% during 5-fold cross-validation, 
confirming the model’s stability prior to testing.

Ki-67 Expression Prediction Model

For the prediction of Ki-67 expression status 
(High vs. Low) within the Luminal B cohort, the 
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     Figure       6  . ROC curve of the model.

therapy (23). Moreover, the luminal B subgroup is het-
erogeneous; for instance, the HER2-low, PR-low, and 
Ki-67-high subgroups may constitute distinct entities 
(2). Our model achieved a recall of 81% for luminal 
B identifi cation, demonstrating high sensitivity, which 
isa critical attribute for minimizing missed diagno-
ses. Th e precision of 70% and overall accuracy of 70% 
refl ect balanced performance despite the class imbal-
ance. However, the 19.5% false-negative rate (30/154 
missed cases) warrants further improvement to reduce 
potential delays in treatment. 

 Methodologically, the combination of genetic al-
gorithm (GA) feature selection and random forest (RF) 
classifi cation eff ectively handled high-dimensional ra-
diomic data. Th e selected features included morpho-
logical (e.g., sphericity and aspect ratio), textural (e.g., 
contrast and entropy), and Hu moment invariants, 
indicating distinct geometric and textural patterns in 
luminal B tumors. Age also contributed signifi cantly 
to classifi cation, possibly refl ecting age-related tumor 
biological diff erences. Hyperparameter optimization 

via Optuna yielded a robust model  (recall: 72.97% in 
validation, 81% in testing), affi  rming the effi  cacy of the 
GA-RF pipeline. 

 Although stratifi ed sampling and oversampling 
were used to address class imbalance (luminal B vs. 
non–luminal B ≈ 2.45:1), the false-positive rate of 
41.3% (57/138 non-luminal B misclassifi ed) indicates 
limited specifi city. Overlapping radiomic phenotypes 
across subtypes or insuffi  cient feature resolution may 
account for this. Techniques such as synthetic minority 
oversampling or cost-sensitive learning may improve 
specifi city in future studies. 

 Th e luminal B classifi cation model demonstrated 
generalizability, with AUCs of 0.693 (test set) and 
0.786 (external validation) supporting its applicability 
across diverse cohorts and imaging protocols. In con-
trast, the Ki-67 prediction model performed well on 
the internal data (AUC: 0.890 training, 0.858 test) but 
poorly on the external validation data (AUC: 0.661), 
likely because of dataset shifting and an imbalanced 
Ki-67 distribution. Th ese results underscore the need 
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Table 2. Diagnostic efficiency of each model

Model Type Dataset AUC (95% CI) Accuracy
Sensitivity 

(Recall) Specificity PPV NPV
F1-

Score

Luminal B Classification

Tumor-Only Model Training 0.765 (0.742–0.788) 0.712 0.684 0.735 0.688 0.731 0.686

Internal 
Test

0.612 (0.554–0.670) 0.623 0.584 0.667 0.664 0.588 0.621

External 
Val

0.701 (0.645–0.757) 0.658 0.642 0.674 0.663 0.653 0.652

Combined Model 
(Tumor+Peritumoral)

Training 0.876 (0.858–0.894) 0.814 0.835 0.796 0.782 0.847 0.808

Internal 
Test

0.693 (0.635–0.751) 0.7 0.81 0.587 0.7 0.717 0.7

External 
Val

0.786 (0.732–0.840) 0.743 0.792 0.695 0.722 0.768 0.755

Ki-67 Prediction

Combined Model Training 0.890 (0.871–0.909) 0.972 0.965 0.982 0.988 0.947 0.976

Internal 
Test

0.858 (0.812–0.904) 0.855 0.884 0.785 0.903 0.746 0.893

External 
Val

0.661 (0.589–0.733) 0.977 0.99 0.208 0.985 0.294 0.987

for external validation on representative cohorts to en-
sure model robustness. Clinically, our model may serve 
as a valuable preoperative tool for early risk stratifica-
tion, helping clinicians identify patients who may re-
quire more aggressive treatment. It should be regarded 
as a complement to, not a replacement for, standard 
immunohistochemical profiling.

Although our model’s recall (81%) and precision 
(73% in validation) exceed those of many previous 
radiomics studies, likely owing to peritumoral fea-
ture inclusion and rigorous feature selection, several 
limitations remain. First, the 30% false-positive rate 
may lead to unnecessary biopsies. Second, although 
informative, radiomic features such as Hu moments 
lack clear biological interpretation. Third, despite the 
multicenter design, variability in imaging protocols 
may still affect feature stability. Future work should 
incorporate genomic or histopathological data, refine 
peritumoral characterization using advanced spatial 
analyses, and emphasize prospective validation in real-
world settings. In addition, a formal ablation study of 
preprocessing and model components was not per-
formed in the present work, and this should be ad-
dressed in future studies.

In conclusion, this study highlights the value of peri-
tumoral radiomic analysis based on ultrasound imaging 
for the preoperative identification of luminal B breast 
cancer. Future efforts should focus on prospective valida-
tion, multimodal data integration, and the mechanistic in-
terpretation of radiomic features to increase clinical utility.
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