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Abstract

Aims/Background: The differentiation of benign and malignant breast nodules, particularly those categorized as Breast Imaging Re-
porting and Data System (BI-RADS) 3–4, remains a clinical challenge due to the subjectivity and operator dependence of conventional
ultrasound assessment. This study aimed to evaluate the diagnostic value of intratumoral and peritumoral ultrasound radiomics features
in distinguishing benign from malignant BI-RADS 3–4 breast nodules and to construct interpretable machine learning models. Meth-
ods: Ultrasound images and parameters (BI-RADS classification) of breast nodules were retrospectively collected from female patients
at two institutions between January 2021 and June 2024: 571 patients (880 nodules) from Institution 1 (Shanghai Ninth People’s Hos-
pital, Shanghai Jiao Tong University School of Medicine) and 333 patients (351 nodules) from Institution 2 (Shanghai Second People’s
Hospital). Included patients had BI-RADS 3–4 nodules confirmed by pathology or, for BI-RADS 3 nodules, stable findings on follow-
up for at least 2 years. Nodules from Institution 1 were randomly divided into a training set (n = 615) and an internal validation set
(n = 265) at a 7:3 ratio, while patients from Institution 2 constituted an external test set (n = 351). Radiomics features of intratumoral
and peritumoral regions (3 and 5 pixels wide) were extracted using PyRadiomics. Features were screened using the independent t-test,
Spearman correlation, and least absolute shrinkage and selection operator (LASSO) regression. Machine learning models—including
random forest (RF), multilayer perceptron (MLP), extra trees (ET), support vector machine (SVM), logistic regression (LR), k-nearest
neighbor (KNN), eXtreme Gradient Boosting (XGBoost), Adaptive Boosting (AdaBoost), Gradient Boosting Decision Tree (GBDT),
and Light Gradient Boosting Machine (LightGBM)—were trained and compared using area under the curve (AUC) and other metrics.
The best-performing model was then used to compare intratumoral versus peritumoral regions. SHapley Additive exPlanations (SHAP)
was applied to interpret feature importance. Results: Across the training, internal validation, and external test sets, SVM demonstrated
the most stable and balanced performance. The 3 pixels transitional zone region of interest support vector machine (EI3_SVM) model
achieved a higher AUC than the tumor core region of interest (T) model in the external test set (0.875 vs. 0.787, p < 0.01), with accuracy
78.1%, sensitivity 42.2%, specificity 97.0%, and Brier score 0.166, outperforming other peritumoral models. Most models incorporating
peritumoral features demonstrated AUCs that were higher than or comparable to those of the T model. SHAP analysis indicated that
the high specificity was mainly driven by texture and shape features. Conclusion: Integrating intratumoral and peritumoral radiomics
features significantly improves the diagnostic accuracy and objectivity for differentiating benign and malignant breast nodules. This
approach may aid clinical decision-making, reduce unnecessary biopsies, and support early precision diagnosis of breast cancer.

Keywords: breast nodule; breast neoplasms; ultrasonography; radiomics; machine learning

1. Introduction
In recent years, the incidence of breast cancer (BC)

has been steadily increasing worldwide, making it the most
commonly diagnosed cancer and the second leading cause
of cancer-related death among women, with an estimated
2.3 million new cases and 670,000 deaths in 2022 [1]. This
year, the International Agency for Research on Cancer re-
ported in Nature Medicine that newly diagnosed breast can-
cer cases account for 25% of all new female cancer cases
worldwide, and the mortality rate represents 15.5% of fe-
male cancer deaths [2]. Therefore, early detection and ac-
curate characterization of breast nodules are crucial for im-
proving breast cancer survival.

Currently, the most commonly used imaging modali-
ties for indirectly predicting breast cancer are ultrasound,
mammography, and magnetic resonance imaging (MRI);
however, distinguishing between different molecular sub-
types of breast cancer remains challenging. Ultrasound, as
an accurate, cost-effective, and easily repeatable imaging
technique, has become a first-line clinical tool for breast
disease screening and follow-up. It holds significant clin-
ical value for early breast cancer detection, lymph node
metastasis assessment, and postoperative patient monitor-
ing. Moreover, it has been shown to simultaneously im-
prove breast cancer detection rates while reducing unneces-
sary biopsies [3]. Although the Breast Imaging Reporting
and Data System (BI-RADS)–based ultrasound evaluation
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system is well established, it still faces significant issues
with false positives and false negatives in the differential
diagnosis of category 3 and 4 nodules. It is highly depen-
dent on operator experience and limited by subjectivity and
insufficient diagnostic reliability [4]. Thus, there is a need
to introduce objective and stable intelligent-assisted tools
to improve diagnostic accuracy and consistency.

Radiomics enables the high-throughput extraction of
quantitative features from medical images, including mor-
phological, intensity, texture, and functional information.
These features are difficult for the human eye to recognize
or quantify and have shown promising potential in tumor
diagnosis across imaging modalities such as computed to-
mography (CT) and MRI [5]. Over the past few years, ra-
diomics has seen considerable progress in breast cancer,
particularly in tumor diagnosis, evaluating lymph node in-
volvement, and predicting patient outcomes [6,7]. Progress
in the field of radiology is quickly reshaping how breast
cancer is diagnosed and treated, especially by providing in-
sights into the complex heterogeneity of the tumormicroen-
vironment.

Current studies often focus exclusively on features
extracted from the tumor interior, overlooking potentially
valuable biological information in the surrounding tissue.
The breast tumor microenvironment (TME) comprises not
only malignant cells but also stromal cells, immune cells,
and vascular components, all of which play key roles in tu-
mor growth, progression, and metastasis [8,9]. A recent
imaging radiomics study has demonstrated that combining
intratumoral and peritumoral features improves the accu-
racy of differentiating benign frommalignant breast lesions
[10].

This study aims to investigate the value of intratu-
moral and peritumoral ultrasound radiomics features at
varying widths and to develop an interpretable machine
learning model. The goal is to provide an objective and ro-
bust intelligent tool for distinguishing between benign and
malignant breast nodules, reducing misdiagnosis, and guid-
ing clinical treatment strategies. Based on this, we system-
atically defined and compared intratumoral, peritumoral,
and transitional region features with varying widths (3/5
pixels) in breast ultrasound radiomics for the first time. We
then developed an interpretable machine learning model fo-
cused on high specificity with the aim of reducing unnec-
essary biopsies. We anticipate that this work will provide a
novel tool and insights for the objective and precise diag-
nosis of BI-RADS 3–4 lesions.

2. Methods
2.1 Patient Selection

This retrospective, dual-center study included 571 pa-
tients (880 nodules; 763 benign, 117 malignant) from In-
stitution 1 (Shanghai Ninth People’s Hospital, Shanghai
Jiao Tong University School of Medicine) and 333 patients
(351 nodules; 230 benign, 121 malignant) from Institution

2 (Shanghai Second People’s Hospital), collected between
January 2021 and June 2024.

Inclusion criteria were as follows: (1) patients who un-
derwent ultrasound examination before surgery or biopsy;
(2) patients with BI-RADS category 3–4 lesions; (3) pa-
tients with a definitive pathological diagnosis obtained
through surgery or biopsy; and for BI-RADS 3 lesions not
subjected to surgery or biopsy, patients with at least 2 years
of follow-up at our hospital showing no change in classifi-
cation.

Exclusion criteria were as follows: (1) patients with
a history of breast cancer; (2) patients who had received
neoadjuvant chemotherapy or radiotherapy prior to the ul-
trasound examination; (3) patients who were pregnant or
lactating at the time of examination; (4) poor-quality or in-
complete ultrasound images, or incomplete clinical data.

Clinical and pathological data were collected for all in-
cluded patients, including age, tumor size, BI-RADS clas-
sification, and postoperative or biopsy pathology results,
which were used for subsequent statistical analyses. Nod-
ules from Institution 1 were randomly divided into a train-
ing set (n = 615) and an internal validation set (n = 265) in a
7:3 ratio, while nodules from Institution 2 served as an ex-
ternal test set (n = 351). The study workflow is illustrated
in Figs. 1,2.

2.2 Ultrasound Image Acquisition and Preprocessing

Breast ultrasound images were acquired using vari-
ous ultrasound systems to ensure data diversity: MyLab
Twice (Esaote S.p.A., Genoa, Italy), PHILIPS-IU ELITE
(Philips Ultrasound, Inc., Bothell, WA, USA), TOSHIBA-
Aplio 500 (Canon Medical Systems Corporation, Otawara,
Japan), Mindray Resona R9S (Mindray Medical Interna-
tional Limited, Shenzhen, China), and HITACHI ALOKA
Noblus (Hitachi, Ltd., Tokyo, Japan) etc. All devices were
fitted with a 7–12 MHz linear array probe, which enabled
the capture of detailed grayscale images. Standard imaging
protocols were followed to minimize variability, including
consistent probe positioning, patient supine posture with
full exposure of the chest and axilla, and careful centering
of the target area on the screen. For each identified breast
nodule, the grayscale image displaying the largest diameter
in the long-axis view was included in the analysis, and the
maximum longitudinal dimension of each lesion was docu-
mented to assess size-related features. Following the Amer-
ican College of Radiology (ACR) BI-RADS classification,
nodule characteristics, including location, margin, shape,
and internal echogenicity, were systematically evaluated.

Image preprocessing was performed using Python
3.7.1 (Python Software Foundation, Wilmington, DE,
USA) for grayscale conversion and pixel value normaliza-
tion. Regions of interest (ROIs) were delineated on 3D
Slicer 5.6.2 (Slicer Community, Boston, MA, USA). Two
radiologists specializing in breast ultrasound (Reader 1: 5
years of experience; Reader 2: 2 years of experience) in-
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Fig. 1. The process of breast nodule enrollment. BI-RADS, Breast Imaging Reporting and Data System. Institution 1, Shanghai Ninth
People’s Hospital, Shanghai Jiao Tong University School of Medicine; Institution 2, Shanghai Second People’s Hospital.

dependently performed blinded segmentation, unaware of
the pathological results, to obtain the tumor core ROI (T).
To capture contextual information from surrounding tissue,
multiple peripheral ROIs were generated by expanding or
contracting the tumor ROI boundary by either 3 or 5 pix-
els. These peritumoral ROIs were automatically generated
using the “Margin” tool in 3D Slicer to ensure consistency
across all samples.

Nine ROI groups were defined based on tumor bound-
aries (Fig. 3):

(1) Tumor core ROI (T)—delineated along the in-
ner edge of the tumor capsule, covering the entire tumor
parenchyma.

(2) 3 pixels peritumoral ROI (E3)—defined by out-
wardly expanding the tumor capsule by 3 pixels, including
the entire tumor region.

(3) 5 pixels peritumoral ROI (E5)—defined by out-
wardly expanding the tumor capsule by 5 pixels, including
the entire tumor region.

(4) 3 pixels inner margin ROI (TI3)—a concentric in-
tratumoral ring adjacent to the tumor edge, created by con-
tracting the tumor capsule inward by 3 pixels.

(5) 5 pixels inner margin ROI (TI5)—a concentric in-
tratumoral ring adjacent to the tumor edge, created by con-
tracting the tumor capsule inward by 5 pixels.

(6) 3 pixels transitional zone ROI (EI3)—a 6-pixel-
wide band centered on the tumor capsule, extending 3 pixels
inward and 3 pixels outward from the capsule.

(7) 5 pixels transitional zone ROI (EI5)—a 10-pixel-
wide band centered on the tumor capsule, extending 5 pixels
inward and 5 pixels outward from the capsule.

(8) 3 pixels outer peritumoral margin ROI (ET3)—the
outermost 3 pixels ring of the E3 region adjacent to the tu-
mor capsule, excluding the tumor itself.

(9) 5 pixels outer peritumoral margin ROI (ET5)—the
outermost 5 pixels ring of the E5 region adjacent to the tu-
mor capsule, excluding the tumor itself.

During ROI delineation, care was taken to ensure that
all contours closely followed the actual tumor boundaries,
minimizing potential displacement caused by operational
error. For nodules with diameters smaller than the target
range, inward contraction was limited by the effective tu-
mor radius.

2.3 Feature Extraction and Selection

The delineated ROI images were then imported
into PyRadiomics (v3.1.0) (The Computational Imaging
& Bioinformatics Laboratory, Harvard Medical School,
Boston, MA, USA) for feature extraction, while preserv-
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Fig. 2. Study flowchart. SVM, support vector machine; RF, random forest; LR, logistic regression; ROI, region of interest; LASSO,
least absolute shrinkage and selection operator; ROC, receiver operating characteristic; ET, extra trees; AUC, area under the area.

ing the original ultrasound images. Extracted features in-
cluded morphological features, first-order statistics, and
texture features derived from the Gray Level Size ZoneMa-
trix (GLSZM), Gray Level Co-occurrenceMatrix (GLCM),
Neighboring Gray Tone Difference Matrix (NGTDM),
Gray Level Dependence Matrix (GLDM), and Gray Level
Run Length Matrix (GLRLM). Additionally, frequency-
domain features were extracted using wavelet transforms,
from which first-order and texture features were further
computed, thereby expanding the feature set to capture
multi-scale spatial-frequency information. The consistency
of ROI delineation between the two radiologists was evalu-
ated using the intraclass correlation coefficient (ICC), with
features showing ICC ≤0.8 being excluded.

Features were Z-score normalized and subjected to
independent t-tests, removing those with p > 0.05. Fea-
tures exhibiting strong pairwise Spearman correlations (r >
0.80) or the highest average correlation with all other fea-
tures were further excluded. Radiomics signatures were
constructed using the least absolute shrinkage and selec-
tion operator (LASSO) regression model on the discovery

dataset. LASSO shrinks all regression coefficients toward
zero and sets the coefficients of irrelevant features to zero
based on the weighting parameter λ. The optimal λ was de-
termined using 10-fold cross-validation with the minimum
standard, with the final λ corresponding to the minimum
cross-validation error. The combination of non-zero coeffi-
cient features retained by LASSO constituted the radiomics
signature. All features were standardized (Z-score) using
only the mean and standard deviation calculated from the
training set, which were then consistently applied to the in-
ternal validation and external test sets to prevent data leak-
age.

2.4 Model Building and Evaluation

Based on the selected optimal radiomics features,
ten machine learning algorithms were employed to con-
struct intratumoral and peritumoral radiomics models: ran-
dom forest (RF), multilayer perceptron (MLP), extra trees
(ET), support vector machine (SVM), logistic regression
(LR), k-nearest neighbors (KNN), eXtremeGradient Boost-
ing (XGBoost), Adaptive Boosting (AdaBoost), Gradi-

4

https://www.imrpress.com


Fig. 3. Examples of ROI delineation on the original 2D grayscale ultrasound images in 9 representative cases. T, tumor core ROI;
E3, 3 pixels peritumoral ROI; E5, 5 pixels peritumoral ROI; EI3, 3 pixels transitional zone ROI; EI5, 5 pixels transitional zone ROI;
ET3, 3 pixels outer peritumoral margin ROI; ET5, 5 pixels outer peritumoral margin ROI; TI3, 3 pixels inner margin ROI; TI5, 5 pixels
inner margin ROI.

ent Boosting Decision Tree (GBDT), and Light Gradient
Boosting Machine (LightGBM). 10-fold cross-validation
was performed on the training set to train and evaluate the
performance of these models, identify the optimal hyperpa-
rameters for each algorithm, and generate receiver operat-
ing characteristic (ROC) curves to compare the area under
the curve (AUC) of all ten radiomics models.

To address class imbalance, the Synthetic Minor-
ity Oversampling Technique (SMOTE) was applied exclu-
sively within each fold of the cross-validation on the train-
ing set, using k_neighbors = 5 and random_state = 42 for
reproducibility. This ensured no data leakage to the valida-
tion or test sets. SMOTE was incorporated into a pipeline
with each classifier, guaranteeing that resampling was per-
formed independently within every cross-validation fold,
thereby preventing data leakage between the training and
evaluation phases.

Following the identification of the optimal model us-
ing a two-stage modeling strategy, we compared its diag-
nostic performance between the intratumoral region and
the peritumoral-inclusive region. Specifically, the optimal
model was applied to feature sets derived from the tumor
core ROI (T) and the optimal peritumoral-inclusive region
to assess the incremental value of peritumoral features. This
comparison was conducted on an independent external test
set to ensure an unbiased evaluation of model generaliz-
ability. Threshold Selection Strategy: To align with the
clinical objective of maximizing specificity while main-
taining clinically acceptable sensitivity, we implemented
a two-stage threshold optimization approach. During 10-
fold cross-validation on the training set, optimal thresholds
within each fold were determined for each fold bymaximiz-

ing theYouden index under the constraint that specificity re-
mained above 90%. For independent validation and testing,
a single optimal threshold was established using the inter-
nal validation set, applying the same optimization criterion
(maximizing the Youden index with specificity ≥90% con-
straint). This threshold was then fixed and applied directly
to the external test set without further adjustment, ensuring
an unbiased assessment of model generalizability. No abso-
lute minimum sensitivity threshold was set, as the primary
clinical aim was to develop a high-specificity tool to reduce
unnecessary biopsies.

The robustness of performance metrics was assessed
using bootstrap resampling (1000 repetitions) to calculate
95% confidence intervals (CIs). Model performance was
further evaluated on the independent validation and test
sets using multiple metrics, including accuracy, sensitivity,
specificity, F1 score, and Brier score. The F1 score—the
harmonic mean of precision and recall—was used to pro-
vide a balanced assessment of model performance, particu-
larly given the class imbalance in the dataset. ROC curves
were used to visualize model performance, and the AUC
with corresponding CIs was used to quantify predictive ac-
curacy.

2.5 Statistical Analysis
Statistical analyses were performed using Python

3.7.1 (Python Software Foundation, Wilmington, DE,
USA) and R 4.5.0 (R Foundation for Statistical Computing,
Vienna, Austria).

Model development and evaluation: the diagnostic
performance of each model was evaluated using the area
under the curve (AUC). Calibration accuracy of predicted
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probabilities was assessed using the Brier score. Pairwise
comparisons of model performance were conducted using
the DeLong test, with p-values adjusted for multiple com-
parisons using the Bonferroni method. ROC curve analy-
sis was used to determine the optimal threshold, defined by
maximizing the Youden index. Based on the optimal cutoff,
accuracy, sensitivity, and specificity were calculated for
each model. Calibration curves were used to assess model
agreement, while decision curve analysis (DCA) quantified
the net benefit across different threshold probabilities to
evaluate clinical utility.

Model interpretability: to interpret the optimal model
and quantify feature contributions, SHapley Additive ex-
Planations (SHAP) analysis was performed, providing both
global feature importance rankings and local explanations
for individual predictions. A two-tailed significance level
of α = 0.05 was applied.

3. Results
3.1 Clinical and Imaging Baseline Characteristics

Between 1 January 2021, and 30 June 2024, a total
of 571 patients with 880 breast nodules meeting the inclu-
sion and exclusion criteria were collected from Institution
1, including 117 malignant nodules (13.3%). The training
set comprised 534 benign and 81 malignant nodules, while
the internal validation set included 229 benign and 36 ma-
lignant nodules. From Institution 2, 333 patients with 351
nodules (230 benign, 121 malignant) were collected as the
external test set.

A total of 1033 radiomic features were extracted from
ultrasound images of these breast nodules using PyRa-
diomics, including 33 shape features, 198 first-order statis-
tics, 792 texture features, and 744 frequency-domain fea-
tures. Some overlap existed between texture and frequency-
domain features, yielding 1033 unique features. To en-
sure robustness and reproducibility, inter-observer agree-
ment was assessed using the intraclass correlation coeffi-
cient (ICC). Features with good reproducibility (ICC >0.80)
were retained. Accordingly, 796 stable features were se-
lected for subsequent analysis, while 237 features (ICC
≤0.80) were excluded. After feature selection using t-
tests, Spearman correlation analysis, and LASSO regres-
sion, the final numbers of non-zero coefficient radiomic
features selected for the T and peritumoral areas (denoted
as E3/E5/EI3/EI5/ET3/ET5/TI3/TI5) were 21, 18, 22, 20,
17, 25, 21, 25, and 19, respectively. Following feature se-
lection, the ultrasound radiomic features exhibited low-to-
moderate correlations (|r| < 0.6), confirming minimal resid-
ual collinearity. The selected optimal features were subse-
quently used to construct the ultrasound radiomic models.

3.2 Diagnostic Performance of Multiple Machine
Learning Models

Ultrasound radiomics models were constructed using
multiple machine learning algorithms, including random

forest, XGBoost, LightGBM, SVM, MLP, Gradient Boost-
ing, KNN, logistic regression, extra trees, and AdaBoost.
We systematically compared the performance of these mod-
els across different ROI datasets (T, EI3, EI5, E3, E5,
ET3, ET5, TI3, TI5). Overall, SVM demonstrated stable
and well-rounded performance. Although SVM showed
slightly lower sensitivity in some groups (test set sensitiv-
ity ranged from approximately 0.165 to 0.422), its speci-
ficity was generally high (approximately 0.944–0.987), ef-
fectively reducing the false-positive rate. Metrics that bal-
ance sensitivity and specificity, such as accuracy and F1
score, indicated that SVM achieved a good trade-off and
robustness in both the validation and test sets. For in-
stance, when applied to the EI3, ET5, and TI3 feature sets, it
achieved test set AUCs of 0.875, 0.849, and 0.861, respec-
tively, coupled with consistently high specificity (0.961–
0.983). This consistent performance highlights the reliabil-
ity of the SVM classifier in this radiomics task, although
it did not always yield the absolute highest AUC in every
group (as shown in Table 1, where other algorithms such as
LR and ET performed better in specific groups). Detailed
results are presented in Tables 1,2 (Fig. 4).

3.3 Comparison of Model Performance Across Different
ROI Groups

After a comprehensive comparison of multiple ma-
chine learningmodels, the SVMmodel consistently demon-
strated superior performance across cross-validation, inde-
pendent validation, and external test sets. Consequently,
we further evaluated the classification performance of the
SVM model across different ROI groups. Compared with
the T group (tumor region), the EI3 group (intratumoral–
peritumoral 3 pixels transition zone) exhibited notably bet-
ter performance. In the external test set, the EI3 group
achieved a significantly higher AUC than the T group
(0.875 vs. 0.787; p < 0.01), indicating its enhanced ability
to discriminate between positive and negative cases. Addi-
tionally, the EI3 group showed an accuracy of 78.1%, sensi-
tivity of 42.2%, and specificity of 97.0%, with a Brier score
of 0.166, surpassing the other groups. In comparison, the T
group achieved an accuracy of 71.2%, sensitivity of 24.0%,
and specificity of 96.1% (Table 2; Fig. 5).

In terms of model calibration, the EI3_SVM model
outperformed the T_SVM model, with a lower Brier score
(0.166 vs. 0.238), indicating greater calibration accuracy
and more reliable predictive performance. Taken together,
the EI3_SVM model demonstrated superiority across mul-
tiple metrics, including AUC, accuracy, specificity, and cal-
ibration, highlighting its robust generalization and predic-
tive stability. Decision curve analysis further revealed that
both the EI3 and TI3 models provided higher net benefit
than the T group across most threshold probabilities, partic-
ularly at lower decision thresholds, underscoring their po-
tential clinical utility.
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Table 1. Diagnostic performance of the optimal model in each group.
Model Group AUC (95% CI) Accuracy Sensitivity Specificity F1 score

T_SVM
Internal validation 0.837 (0.767, 0.900) 0.849 0.556 0.895 0.86

External test 0.787 (0.731, 0.840) 0.712 0.240 0.961 0.66

E3_SVM
Internal validation 0.837 (0.758, 0.910) 0.860 0.667 0.891 0.87

External test 0.804 (0.756, 0.849) 0.698 0.165 0.978 0.62

E5_SVM
Internal validation 0.840 (0.760, 0.908) 0.857 0.583 0.900 0.86

External test 0.772 (0.717, 0.822) 0.704 0.248 0.944 0.65

EI3_SVM
Internal validation 0.927 (0.882, 0.963) 0.872 0.806 0.882 0.88

External test 0.875 (0.837, 0.910) 0.781 0.422 0.970 0.76

EI5_ET
Internal validation 0.763 (0.669, 0.848) 0.800 0.528 0.843 0.82

External test 0.866 (0.823, 0.904) 0.784 0.413 0.978 0.76

ET3_SVM
Internal validation 0.876 (0.808, 0.937) 0.879 0.694 0.908 0.89

External test 0.828 (0.780, 0.869) 0.752 0.306 0.987 0.71

ET5_LR
Internal validation 0.856 (0.763, 0.938) 0.887 0.806 0.900 0.90

External test 0.869 (0.826, 0.906) 0.809 0.570 0.935 0.80

TI3_ET
Internal validation 0.850 (0.785, 0.907) 0.834 0.611 0.869 0.85

External test 0.869 (0.827, 0.905) 0.781 0.413 0.974 0.75

TI5_ET
Internal validation 0.865 (0.801, 0.922) 0.834 0.722 0.852 0.85

External test 0.872 (0.833, 0.913) 0.778 0.405 0.974 0.75
AUC, area under the curve; CI, confidence interval; T, tumor core ROI; E3, 3 pixels peritumoral ROI; E5,
5 pixels peritumoral ROI; EI3, 3 pixels transitional zone ROI; EI5, 5 pixels transitional zone ROI; ET3,
3 pixels outer peritumoral margin ROI; ET5, 5 pixels outer peritumoral margin ROI; TI3, 3 pixels inner
margin ROI; TI5, 5 pixels inner margin ROI; ET, extra trees.

Table 2. Diagnostic performance of the SVM model for different intratumoral and peritumoral categories.
Model (SVM) Group AUC (95% CI) Accuracy Sensitivity Specificity F1 score

T_SVM
Internal validation 0.837 (0.767, 0.900) 0.849 0.556 0.895 0.86

External test 0.787 (0.731, 0.840) 0.712 0.240 0.961 0.66

E3_SVM
Internal validation 0.837 (0.758, 0.910) 0.860 0.667 0.891 0.87

External test 0.804 (0.756, 0.849) 0.698 0.165 0.978 0.62

E5_SVM
Internal validation 0.840 (0.760, 0.908) 0.857 0.583 0.900 0.86

External test 0.772 (0.717, 0.822) 0.704 0.248 0.944 0.65

EI3_SVM
Internal validation 0.927 (0.882, 0.963) 0.872 0.806 0.882 0.88

External test 0.875 (0.837, 0.910) 0.781 0.422 0.970 0.76

EI5_SVM
Internal validation 0.757 (0.661, 0.843) 0.819 0.444 0.878 0.83

External test 0.806 (0.753, 0.853) 0.766 0.380 0.970 0.74

ET3_SVM
Internal validation 0.876 (0.808, 0.937) 0.879 0.694 0.908 0.89

External test 0.828 (0.780, 0.869) 0.752 0.306 0.987 0.71

ET5_SVM
Internal validation 0.838 (0.734, 0.918) 0.857 0.667 0.887 0.87

External test 0.849 (0.803, 0.891) 0.772 0.413 0.961 0.75

TI3_SVM
Internal validation 0.852 (0.779, 0.912) 0.834 0.611 0.869 0.85

External test 0.861 (0.816, 0.902) 0.749 0.306 0.983 0.71

TI5_SVM
Internal validation 0.860 (0.783, 0.925) 0.891 0.722 0.917 0.90

External test 0.841 (0.794, 0.885) 0.729 0.298 0.957 0.69

To systematically assess differences in model perfor-
mance, DeLong’s test was used to compare the AUCs of
eachmodel with the T group in the test set. Models incorpo-
rating peritumoral information consistently showed signifi-
cant advantages: the EI3 group (p < 0.01) and TI3 group (p
< 0.01) significantly outperformed the T group. After Bon-
ferroni correction for multiple comparisons, the superior-
ity of the EI3 and TI3 models remained statistically signifi-

cant (adjusted p < 0.01), confirming the robust and reliable
contribution of peritumoral features to improved diagnostic
performance.

3.4 Feature Importance Analysis of EI3_SVM Using SHAP

SHAP value analysis of the EI3_SVMmodel revealed
that its high specificity in the EI3 group (intratumoral–
peritumoral 3 pixels transition zone) is primarily driven
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Fig. 4. Performance comparison of optimal machine learning models across different ROI groups. Notes: Comparison of the
receiver operating characteristic (ROC) of optimal machine learning models for differentiating breast nodules across different tumor ROI
models in the internal validation set (A) and external test set (B). Calibration curves (C) and decision curve analysis (DCA) curves (D)
of the optimal machine learning models in each group in the external test set.

by sensitivity to texture and shape features (Fig. 6).
Specifically, the model relies heavily on peritumoral
texture features, such as gradient_glcm_Imc1 and gra-
dient_ngtdm_Busyness. Tumor morphological features,
including original_shape2D_MajorAxisLength and orig-
inal_shape2D_Elongation, also contribute significantly
to its decisions. Texture features derived from GLCM,
NGTDM, and GLRLM quantify the complexity and
heterogeneity of intralesional gray-level distribution,
whereas shape features—such as Major Axis Length and
Elongation—encode information on lesion size and con-
tour irregularity. The model’s sensitivity to these features
likely underlies its ability to reduce false positives and
accurately identify non-lesional tissue in high-specificity
tasks. Importantly, the ranking of these predictive features
corresponds closely with clinically recognized malignant
ultrasound signs, such as spiculated margins and irregular
shapes, thereby enhancing the interpretability of the model
and its alignment with established diagnostic criteria.

4. Discussion
With the widespread adoption of screening and ad-

vances in ultrasound technology, the detection rate of breast
nodules has been increasing year by year [11]. Although

the use of the BI-RADS system improves diagnostic accu-
racy, it is highly subjective and relies on the expertise of the
ultrasound physician. The diagnostic performance of the
physician largely depends on individual experience, which
introduces considerable subjectivity [12]. This diagnostic
uncertainty highlights the need for more objective assess-
ment methods to accurately differentiate benign from ma-
lignant nodules classified as ACR BI-RADS 3–4. Benign
and malignant breast nodules often share certain features in
their ultrasound imaging appearances [13].

Moreover, medical images often contain abundant in-
formation that reflects the biological behavior of tumors,
which is difficult for the human eye to discern. Radiomics,
as an emerging non-invasive technique, can extract more
objective and precise quantitative features frommedical im-
ages through high-throughput computation. It enables the
use of objective, quantitative data, such as tumor hetero-
geneity, to characterize tumor phenotypes, providing valu-
able information for tumor diagnosis and treatment [14].
In Hong et al.’s study [15], the radiomics model designed
to identify BI-RADS 4–5 breast nodules demonstrated an
AUC of 0.886 in the test cohort. In fact, some BI-RADS
3–4 nodules are challenging to identify using only intra-
tumoral radiomics. Incorporating peritumoral features im-
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Fig. 5. Performance comparison of SVM-basedmodels across different ROI groups. Notes: Receiver operating characteristic (ROC)
curves of SVM-based models using different tumor ROI models for differentiating breast nodules in the external test set (A). Calibration
curves (B) and decision curve analysis (DCA) curves (C) of the SVM-based models with different tumor ROI models in the external test
set.

proves detection [16]. Previous radiomics studies of breast
tumors have largely focused on intratumoral imaging fea-
tures, with relatively little attention paid to the peritumoral
region. However, studies using MRI-based radiomics have
shown that the peritumoral area may harbor critical biolog-
ical information, such as stromal responses, immune cell
infiltration, and invasion of peritumoral lymphatic vessels
and blood vessels [17]. Wu et al. [18] reported associa-
tions between peritumoral heterogeneity and certain gene
features related to immune cell recruitment and inflamma-
tion. In the context of lung computed tomography, in-
tratumoral and peritumoral texture heterogeneity features
have been linked to immune responses at both molecular
and morphological levels [19,20]. Yao et al. [21] found
that the RF-based Peritumoral and Intratumoral Ultrasound
Radiomics Signatures (P-IURS) model achieved high pre-
dictive accuracy in the human epidermal growth factor re-
ceptor 2 (HER2)+ subtype, suggesting that integrating in-
tratumoral and peritumoral ultrasound radiomics can im-
prove the prediction of axillary pathologic complete re-
sponse (PCR) after neoadjuvant chemotherapy (NAC) in
breast cancer. A previous study has also demonstrated that
incorporating peritumoral radiomic features derived from

dilated ROIs (e.g., 2–8 mm beyond the tumor margin) im-
proves model performance for predicting clinically relevant
outcomes compared with intratumoral features alone, likely
because these extended regions contain additional biologi-
cally relevant information [22]. Therefore, peritumoral ul-
trasound radiomics features may provide valuable comple-
mentary information to intratumoral radiomics.

In this study, we explored the optimal peritumoral
range by expanding or contracting the tumor region by 3 or
5 pixels along the tumor boundary. The results showed that
the radiomicsmodel based on the EI3_SVMgroup achieved
the best diagnostic performance for distinguishing benign
from malignant breast nodules, significantly outperform-
ing the model based solely on the T. This model improved
specificity (reducing unnecessary biopsies), with a sensi-
tivity of 42.2%. The EI3_SVM model achieved 78.1% ac-
curacy and 97.0% specificity on the test set, demonstrating
its substantial potential for this purpose. These findings in-
dicate that the peritumoral region is crucial for differentiat-
ing benign frommalignant breast nodules, and that combin-
ing the intratumoral margin (3 pixels) and the peritumoral
margin (3 pixels), i.e., the EI3 region, is the most suitable.
This region captures both intratumoral ultrasound features
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Fig. 6. SHapley Additive exPlanations (SHAP) beeswarm plot of the EI3_SVM model on the external test set.

and distinctive peritumoral characteristics. In contrast, a 5-
pixel peritumoral expansion may be overly large, including
more normal breast tissue, which could be detrimental to
radiomics analysis. Compared with the optimal EI3 region,
the TI3, TI5, and ET5 margins may not cover sufficient tis-

sue affected by invasion, providing less comprehensive in-
formation for radiomic evaluation, although they still out-
perform the T model, confirming the value of peritumoral
features. An intriguing finding is that the E3 model, which
includes the entire intratumoral region, exhibits lower diag-
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nostic performance than the EI3 model, which incorporates
only 3 pixels each of intratumoral and peritumoral regions.
Notably, as shown in Table 2, several other peritumoral-
inclusive models (e.g., ET5, TI3, TI5) also outperformed
E3, with ET5 achieving the second-highest AUC (0.849)
after EI3. This suggests that simply expanding the ROI out-
ward without refining the intratumoral component may in-
troduce redundant information that dilutes critical signals
from the tumor periphery. Our analysis suggests that the
tumor core in the E3 model occupies a disproportionately
large area, potentially diluting the critical signal from the
peripheral region and even introducing substantial “infor-
mational noise”. In contrast, the EI3 region simultaneously
captures the most active peripheral intratumoral zone and
the earliest microenvironmental changes in the peritumoral
region, providing the model with “dual evidence” for as-
sessing tumor invasiveness, thereby achieving superior dis-
criminative performance. Guo et al. [23] attempted a ra-
diomics study of benign and malignant breast lesions us-
ing dual-modality imaging combining conventional breast
ultrasound and strain elastography. The model incorpo-
rating intratumoral, peritumoral, and parenchymal features
(In&Peri&P) achieved the highest diagnostic performance.
In summary, our study confirms the value of peritumoral
features in radiomics and demonstrates that the extent of
the peritumoral region has a significant impact on the pre-
dictive outcomes of radiomic analysis.

This SVM model distinguishes benign from malig-
nant breast nodules by integrating multidimensional fea-
tures from both intratumoral and peritumoral regions for a
comprehensive assessment. The model primarily relies on
peritumoral texture features (gradient_glcm_Imc1 and gra-
dient_ngtdm_Busyness), which reflect the complexity of
the textural structure. Additionally, tumor shape irregular-
ity, extreme signals in the peritumoral region, intratumoral
gray-level heterogeneity (kurtosis), and intensity informa-
tion also contribute significantly to the classification. This
finding is consistent with the study by Singh et al. [24],
which showed that combining texture and geometric fea-
tures can significantly improve classification performance.
It is noteworthy that the class imbalance in the training
data (benign-to-malignant ratio ≈ 7:1) was addressed using
the SyntheticMinorityOversampling Technique (SMOTE).
In medical imaging analysis, positive cases (the minority
class) often carry greater clinical significance than negative
cases, as the consequences of a missed diagnosis are gener-
ally more severe than those of a false positive. SMOTEwas
applied exclusively within each fold of cross-validation on
the training set, while the validation and test sets retained
their original imbalanced distributions. This approach en-
sures that the performance evaluation reflects the model’s
robustness and clinical applicability in real-world scenarios
where class imbalance is inherent. It is important to clar-
ify the intended clinical application of our high-specificity
model. Rather than serving as a standalone screening tool,

themodel is designed as an adjunctive decision-support tool
for BI-RADS 4 lesions. In current clinical practice, BI-
RADS 4 lesions routinely undergo biopsy due to the inabil-
ity to confidently exclude malignancy. The high specificity
of our model (97.0%) means that when the model classi-
fies a nodule as benign, the probability of it being truly be-
nign is extremely high, allowing clinicians to safely avoid
biopsy in a subset of patients who would otherwise undergo
unnecessary invasive procedures. We fully recognize that
the trade-off for this high specificity is a lower sensitivity
(42.2%), meaning some malignant nodules may be missed.
However, within the intended use context—as an adjunc-
tive tool for BI-RADS 4 lesions—nodules classified as be-
nign by the model could be considered for short-interval
follow-up rather than immediate biopsy, while nodules with
indeterminate or malignant predictions would proceed to
biopsy as per standard care. This approach can significantly
reduce unnecessary biopsies while maintaining the safety
net of clinical follow-up for cases that are not definitively
benign. Notably, the use of SMOTE may also contribute
to the model’s moderate sensitivity observed in the external
test set, a point that warrants further optimization in future
work.

As a retrospective, dual-center study, the core data
that could be uniformly and completely obtained from all
participating institutions were pathological results and ul-
trasound images, which ensured the validity of modeling
and analysis. However, records of certain baseline clini-
cal information (such as patient age and detailed morpho-
logical descriptions of nodules) were incomplete or incon-
sistently formatted across different centers. Consequently,
we were unable to perform a comprehensive comparability
analysis of baseline characteristics among the training, in-
ternal validation, and external test sets. To minimize po-
tential selection bias, we adopted the following research
design: (1) samples from the same center were strictly di-
vided in a 7:3 ratio following the principle of randomiza-
tion; (2) data from a completely independent center were
used to constitute the external test set, with the specific aim
of evaluating the model’s generalizability in real-world sce-
narios where distributional differences may exist. Future
prospective studies should systematically collect and report
all baseline data. Furthermore, the models in this study, par-
ticularly the optimal EI3_SVM model, demonstrated high
specificity (97.0%) but moderate sensitivity (42.2%) on the
external test set. This performance profile suggests that
it is more suitable for clinical scenarios aimed at “reduc-
ing false positives”—that is, serving as an auxiliary tool to
avoid unnecessary biopsies for benign nodules—rather than
functioning as a high-sensitivity screening tool. The limited
sensitivity may stem from: (1) severe class imbalance in the
training data (benign:malignant ≈ 7:1); (2) the use of con-
ventional grayscale ultrasound only, without incorporating
functional information such as elastography; and (3) model
optimization that prioritized high specificity.
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This study also has several limitations. First, it is
inherently retrospective, and the possibility of selection
bias cannot be excluded; future prospective studies are
needed to validate our model. Second, the intratumoral
and peritumoral ROIs were analyzed only in two dimen-
sions, ignoring the three-dimensional characteristics of tu-
mors, which may somewhat limit the model’s predictive ca-
pability. Third, advanced techniques such as shear-wave
elastography and contrast-enhanced ultrasound were not in-
corporated. Fourth, the calibration curves of some models
(Fig. 5B) exhibited deviations and fluctuations, likely at-
tributable to the limited sample size of the external test set,
particularly the modest number of malignant cases, leading
to instability in probability estimates. Future studies with
larger, prospective cohorts are required to optimize model
calibration. Finally, in this study, peritumoral radiomic
features were used solely to predict benign versus malig-
nant nodules. Other important prognostic factors, such as
lymph node metastasis, molecular subtypes, chemotherapy
response, and recurrence rate, were not considered. Future
studies should incorporate these diverse clinical and patho-
logical features for further validation.

5. Conclusion
This study explored the application of intratumoral

and peritumoral features in radiomics analysis of tumors.
Our findings confirm that peritumoral features contain crit-
ical information relevant to the tumor itself and that the
choice of peritumoral region size significantly affects the
predictive accuracy of radiomics models. Our study high-
lights the importance of optimizing peritumoral feature ex-
traction in future radiomics research to enhance overall pre-
dictive performance, with the potential to improve clini-
cal diagnostic accuracy and reduce the rate of unnecessary
biopsies.

Key Points
• Incorporating peritumoral radiomic features signifi-

cantly enhances the diagnostic objectivity and accuracy for
BI-RADS 3–4 breast nodules, effectively reducing reliance
on subjective physician interpretation.

• The SVM model with a 3-pixel intratumoral-
peritumoral-transition zone achieved a high specificity of
97.0% in external testing, demonstrating strong potential
for avoiding unnecessary biopsies.

• Model interpretability via SHAP analysis confirms
that decisions are driven by clinically meaningful features
such as peritumoral texture and tumor shape irregularity,
aligning with established malignant ultrasound signs.

• The width of the peritumoral region substantially in-
fluences model performance, highlighting the importance
of optimizing this parameter in future radiomics research
on breast ultrasound.
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