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Purpose: Reliable assessment of androgen receptor (AR) status in triple-negative

breast cancer (TNBC) is critical for targeted therapy but remains challenging due

to biopsy limitations from intratumoral heterogeneity. This study aimed to

develop and validate an interpretable ensemble model integrating radiomics

and multiparametric MRI for noninvasive AR status prediction.

Materials and methods: A total of 379 TNBC patients from three institutions were

included for model training and external validation. All patients underwent

preoperative dynamic contrast-enhanced MRI. Radiomic features were

extracted from a Segment Anything Model-based segmentation tool and

underwent multi-step selection. Multiparametric MRI features were evaluated

using standardized criteria. Three predictive models, including a radiomics model,

an MRI model, and an integrated ensemble model, were constructed using a

stacking framework with Random Forest, XGBoost, and LightGBM. Model

performance was assessed by ROC analysis, calibration, and decision curve

analysis. SHapley Additive exPlanations (SHAP) were applied for interpretability.

Results: The integrated model achieved the best performance (AUC = 0.891 in

the training cohort), outperforming radiomics (AUC = 0.836) and MRI models

(AUC = 0.753). External validation confirmed robustness (AUC = 0.863 and 0.818).

The integrated model maintained high sensitivity (78–85%) and specificity (82–

87%) across cohorts. SHAP analysis revealed radiomic descriptors, especially

skewness and surface-to-volume ratio, as the most influential predictors.

Conclusions: An interpretable ensemble model integrating radiomics and

multiparametric MRI achieved robust and generalizable performance for AR status

prediction in TNBC. This noninvasive approach may assist in patient stratification for

AR-targeted therapy and support personalized treatment strategies.

KEYWORDS

androgen receptor, ensemble learning, multi-parameter MRI, radiomics, triple-
negative breast cancer
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Introduction

Triple-negative breast cancer (TNBC), characterized by the

absence of estrogen receptor (ER), progesterone receptor (PR),

and HER2 expression, accounts for 15–20% of all breast cancers

and is associated with aggressive behavior, early relapse, and poor

prognosis (1, 2). Breast cancer remains a major global health

burden; GLOBOCAN 2022 estimated approximately 2.30 million

new cases and 666,000 deaths worldwide in 2022 (3). Unlike

hormone receptor–positive or HER2-amplified subtypes, effective

targeted therapies for TNBC remain limited for many patients, and

chemotherapy continues to play a central role in routine

management (4). Meanwhile, antibody–drug conjugates and other

emerging systemic options for HER2-negative disease are reshaping

treatment strategies and further emphasize the need for clinically

meaningful biomarkers to guide patient selection (5). This

highlights an urgent clinical need for novel biomarkers to

improve patient stratification and guide personalized treatment

strategies (6, 7).

The androgen receptor (AR) has emerged as a clinically relevant

biomarker and potential therapeutic target in TNBC. Reported AR

positivity in TNBC varies substantially across studies

(approximately 10–50%), largely due to differences in

immunohistochemistry assays and cut-off definitions (commonly

≥1% vs ≥10%), as well as cohort composition (8). The prognostic

and predictive implications of AR positivity in TNBC have also

been inconsistently reported, with some studies suggesting inferior

response to chemotherapy or worse outcomes, while others report

no clear prognostic association (9, 10). Clinically, phase II trials of

AR-targeted agents have shown modest but measurable activity in

selected AR-positive TNBC: bicalutamide achieved a 6-month

clinical benefit rate (CBR) of 19% (11), enzalutamide reported a

16-week CBR of 25% in the intent-to-treat population (33% in the

evaluable subgroup) (12), and abiraterone acetate plus prednisone

reported a 6-month CBR of 20% (13). Accurate identification of AR

status is therefore critical for treatment planning. However, AR

assessment is currently biopsy-based, and intratumoral

heterogeneity often leads to discrepancies between biopsy and

surgical specimens, with concordance rates ranging widely from

47.8% to 97.8% (8–12). This limitation challenges reliable patient

selection for AR-targeted therapy.

Noninvasive imaging provides an opportunity to capture

whole-tumor biology beyond focal sampling. Multiparametric

MRI has been widely used in breast cancer for evaluating

morphology, enhancement kinetics, diffusion properties, and
Abbreviations: TNBC, Triple-negative breast cancer; AR, Androgen receptor;

ER, Estrogen receptor; PR, Progesterone receptor; HER2, Human epidermal

growth factor receptor 2; DCE-MRI, Dynamic contrast-enhanced magnetic

resonance imaging; SHAP, SHapley Additive exPlanations; SAM, Segment

Anything Model; ADC, Apparent diffusion coefficient; ROI, Region of interest;

ICC, Intraclass correlation coefficient; LASSO, Least absolute shrinkage and

selection operator; AUC, Area under the curve; ROC, Receiver operating

characteristic; DCA, Decision curve analysis; C-index, Concordance index; BI-

RADS, Breast Imaging Reporting and Data System; ASCO/CAP, American

Society of Clinical Oncology/College of American Pathologists.
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vascular physiology, offering quantitative insights into tumor

heterogeneity (14, 15). Radiomics further enables high-

throughput extraction of quantitative imaging features that may

correlate with receptor status and molecular subtypes. Prior studies

have suggested associations between MRI-derived features and AR

expression, but most have been limited by single-center design, lack

of external validation, or insufficient interpretability of predictive

models (16, 17).

Therefore, this study aimed to develop and externally validate

an interpretable ensemble model that integrates radiomics and

multiparametric MRI features for noninvasive prediction of AR

status in TNBC. By combining predictive performance with

transparent feature attribution, this approach may support patient

selection for AR-targeted therapy and contribute to more

individualized treatment decision-making in clinical practice.
Materials and methods

Study population and design

This retrospective study received ethical approval from medical

ethics committee of all three institutions. Informed consent was

obtained from each participant included in the study. Between

January 2015 and October 2024, we retrieved 379 breast cancer

patients with surgically confirmed TNBC who underwent

preoperative breast MRI at three institutions. The eligibility

criteria were as follows: (i) Female patients; (ii) Pathologically

confirmed TNBC with complete immunohistochemical analysis of

ER, PR, HER2, and AR expression status available; (iii) Underwent

DCE-MRI within two weeks prior to surgery; (iv) Imaging quality

meets the requirements for radiomics analysis. The exclusion

criteria were as follows: (i) Incomplete clinical or pathological

data; (ii) Received neoadjuvant chemotherapy prior to MRI

examination; (iii) Presence of concurrent malignant tumors; (iv)

Pregnancy or lactation at the time of study inclusion.

Pathological analysis

All surgical specimens and core biopsies were reviewed by

experienced breast pathologists according to the American Society

of Clinical Oncology/College of American Pathologists (ASCO/

CAP) guidelines. ER, PR, and HER2 status were evaluated to

confirm triple-negative phenotype. AR expression was assessed by

immunohistochemistry using monoclonal anti-AR antibody.

Nuclear staining in ≥10% of tumor cells was defined as AR-

positive, while <10% was considered AR-negative. Histological

grade, lymphovascular invasion, and nodal status were also

recorded from pathology reports.

MRI acquisition and feature assessment

All examinations were performed on 3.0-T scanners across the

three institutions (Institutions I–II: Siemens Healthineers

MAGNETOM Verio; Institution III: Philips Healthcare Ingenia),

and the same DCE-MRI protocol framework was applied (one pre-
frontiersin.org
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contrast plus five post-contrast phases). A gadolinium-based

contrast agent was administered using a consistent injection

protocol across centers (0.2 mmol/kg at 2.0 mL/s, followed by a

20 mL saline flush; images acquired at ~1–5 minutes post-

injection). Pharmacokinetic parameters (Ktrans, Ve, Kep) were

derived using the Extended Tofts model with individual arterial

input functions. Two radiologists (3 and 8 years of experience),

blinded to pathological results, independently evaluated multi-

parameter MRI features following BI-RADS lexicon, including

morphological characteristics (size, shape, margin), signal

intensity on T2WI/DWI, ADC values, enhancement patterns, and

time-intensity curves, with a third radiologist (12 years of

experience) adjudicating disagreements. Features showing

significant univariate association with AR status (p < 0.05) were

entered into multivariate logistic regression with backward stepwise

selection. Random forest analysis was performed to calculate feature

importance scores. Detailed acquisition parameters and assessment

criteria are provided in Supplementary Material I-II.

Tumor segmentation and validation

Tumor segmentation was conducted using MedSAM-Lite

integrated with 3D Slicer (version 5.6.2), a Segment Anything

Model–based tool fine-tuned for medical imaging. Radiologists

drew bounding boxes around the tumor on T2WI and the second

post-contrast DCE-MRI phase, after which the algorithm generated

tumor masks automatically. Minimal manual refinement was

permitted when necessary. To validate this approach, 50

randomly selected cases were independently segmented by two

radiologists (3 and 8 years of experience) using both manual and

MedSAM-assisted methods, with a 7-day interval to minimize recall

bias. Manual segmentations served as the reference standard.

Segmentation accuracy and efficiency were evaluated.

All automated masks underwent quality control by a senior

radiologist (12 years of experience) blinded to pathological results.

Cases requiring >20% manual correction were excluded. The final

protocol demonstrated excellent agreement with manual

segmentation (Supplementary Tables S1, S2) and significantly

reducing average segmentation time from 15.3 ± 3.2 minutes to

2.8 ± 0.7 minutes (p < 0.001).

Radiomic feature extraction and selection

All images underwent standardized preprocessing, including

voxel size resampling (1 × 1 × 1 mm³), intensity normalization, and

scanner harmonization. Radiomic feature extraction was performed

on the uAI Research Portal platform, yielding 1888 features

encompassing first-order statistics, shape, and multiple texture

categories (GLCM, GLRLM, GLSZM, NGTDM). A multi-step

selection strategy was applied to ensure reproducibility and

relevance. Features with intraclass correlation coefficients (ICC) <

0.75 were excluded. Stability was then assessed through bootstrap

resampling (1000 iterations), and highly correlated features (|r| >

0.90) were removed. Minimum redundancy–maximum relevance

(mRMR) was applied to optimize feature selection, followed by the
Frontiers in Oncology 03
Boruta algorithm to identify variables with significant

discriminative value. The retained features were tested using the

Mann–Whitney U test with Benjamini–Hochberg correction for

multiple comparisons (p < 0.05). Further details are provided in

Supplementary Material III.

Model development

Three predictive models were constructed using a stacking

ensemble approach: a radiomics model, a multiparametric MRI

model, and an integrated model combining both feature sets. The

ensemble consisted of three base learners (Random Forest, XGBoost,

and LightGBM) with optimized regularization parameters, and a

logistic regression meta-learner. Model training was performed with

nested five-fold cross-validation, where base learners generated meta-

features in the inner loop for training the meta-learner in the outer

loop (see Supplementary Material III for details).

Model interpretation and statistical analysis

This framework applies cooperative game theory to quantify the

contribution of each feature to individual predictions. SHAP Kernel

Explainer was used to compute marginal feature contributions

while accounting for feature interactions. Visualization included

summary plots, illustrating overall feature importance and

distribution, and force plots, providing case-level explanations for

individual patients. Model performance was evaluated using ROC

analysis with AUC calculation, DeLong test for comparisons,

sensitivity, specificity, and accuracy. Calibration was assessed

using Hosmer-Lemeshow test. Decision curve analysis evaluated

clinical utility. Continuous variables were compared using t-tests or

Mann-Whitney U tests, categorical variables using chi-square tests.

Multiple testing correction employed Benjamini-Hochberg method.

Statistical significance was set at p < 0.05. Analysis was performed

using Python 3.11.3 and SPSS V.25.0.
Results

Patient characteristics

The primary training cohort from institution I included 210

TNBC patients, comprising 146 (69.5%) AR-negative and 64

(30.5%) AR-positive cases. Two external validation cohorts were

analyzed: the TS cohort (n = 112; 80 [71.4%] AR-negative, 32

[28.6%] AR-positive) and the ZJU cohort (n = 57; 41 [71.9%] AR-

negative, 16 [28.1%] AR-positive). The mean age did not differ

significantly between AR-positive and AR-negative patients (54.7 ±

12.1 vs 52.3 ± 11.4 years, p = 0.283). Other clinicopathological

characteristics—including menopausal status, Ki-67 expression, T

stage, N stage, lymphovascular invasion, and histological type—also

showed no significant group differences (all p > 0.05). Baseline

features were comparable across the three cohorts (all p > 0.05),

supporting the validity of external validation (Tables 1, 2).
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Multi-parameter MRI features analysis

Interobserver agreement in MRI feature assessment was good to

excellent (k = 0.82–0.91). Univariate analysis identified five features

significantly associated with AR status. Among pharmacokinetic

parameters, AR-positive tumors demonstrated higher Ktrans [(0.38

± 0.14) min-¹ vs (0.31 ± 0.13) min-¹, p = 0.024], Ve [(0.26 ± 0.09) vs

(0.22 ± 0.08), p = 0.015], and Kep [(1.46 ± 0.52) min-¹ vs (1.41 ±
Frontiers in Oncology 04
0.50) min-¹, p = 0.042] values compared with AR-negative tumors.

ADC values were also lower in AR-positive tumors [(0.97 ± 0.18) ×

10-³ mm²/s vs (0.99 ± 0.22) × 10-³ mm²/s, p = 0.044], and TIC

patterns were significantly associated with AR status (p = 0.047).

Other morphological and enhancement features did not differ

between groups (Table 3).

In multivariate logistic regression with backward stepwise

selection, the three pharmacokinetic parameters (Ktrans, Ve, Kep)
TABLE 1 Baseline characteristics of patients in different cohorts.

Characteristics Primary Cohort (n=210) TS cohort (n=112) ZJU cohort (n=57) P value

Age (years), mean ± SD 52.9 ± 11.6 53.4 ± 12.2 51.8 ± 10.9 0.693

Menopausal status, n (%) 0.876

Premenopausal 112 (53.3) 58 (51.8) 32 (56.1)

Postmenopausal 98 (46.7) 54 (48.2) 25 (43.9)

Ki-67, n (%) 0.824

≤ 20% (low) 45 (21.4) 26 (23.2) 11 (19.3)

> 20% (high) 165 (78.6) 86 (76.8) 46 (80.7)

T stage, n (%) 0.997

T1 78 (37.1) 43 (38.4) 19 (33.3)

T2 98 (46.7) 52 (46.4) 29 (50.9)

T3 or T4 34 (16.2) 17 (15.2) 9 (15.8)

N stage, n (%) 0.998

N0 126 (60.0) 69 (61.6) 32 (56.1)

N1 56 (26.7) 28 (25.0) 17 (29.8)

N2 or N3 28 (13.3) 15 (13.4) 8 (14.0)

Lymphovascular invasion, n (%) 0.824

Absent 143 (68.1) 78 (69.6) 37 (64.9)

Present 67 (31.9) 34 (30.4) 20 (35.1)

Histological type, n (%) 0.943

Invasive ductal carcinoma 189 (90.0) 102 (91.1) 50 (87.7)

Invasive lobular carcinoma 12 (5.7) 6 (5.4) 4 (7.0)

Others 9 (4.3) 4 (3.6) 3 (5.3)
TABLE 2 Comparison of baseline characteristics between AR-positive and AR-negative patients.

Characteristics AR-positive (n=112) AR-negative (n=267) P value

Age (years), mean ± SD 54.7 ± 12.1 52.3 ± 11.4 0.283

Menopausal status, n (%) 0.346

Premenopausal 57 (50.9) 145 (54.3)

Postmenopausal 55 (49.1) 122 (45.7)

Ki-67, n (%) 0.412

≤ 20% (low) 28 (25.0) 54 (20.2)

> 20% (high) 84 (75.0) 213 (79.8)

T stage, n (%) 0.487

T1 39 (34.8) 101 (37.8)

T2 54 (48.2) 125 (46.8)

T3 or T4 19 (17.0) 41 (15.4)

(Continued)
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TABLE 2 Continued

Characteristics AR-positive (n=112) AR-negative (n=267) P value

N stage, n (%) 0.563

N0 65 (58.0) 162 (60.7)

N1 31 (27.7) 70 (26.2)

N2 or N3 16 (14.3) 35 (13.1)

Lymphovascular invasion, n (%) 0.298

Absent 73 (65.2) 185 (69.3)

Present 39 (34.8) 82 (30.7)

Histological type, n (%) 0.456

Invasive ductal carcinoma 99 (88.4) 242 (90.6)

Invasive lobular carcinoma 8 (7.1) 14 (5.2)

Others 5 (4.5) 11 (4.1)
F
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TABLE 3 Comparison of MRI features between AR-positive and AR-negative TNBC in the training cohort.

MRI features AR-positive (n=64) AR-negative (n=146) P value

Maximum diameter (cm), mean ± SD 3.2 ± 1.1 3.0 ± 1.0 0.186

ADC value (×10-³ mm²/s), mean ± SD 0.97 ± 0.18 0.99 ± 0.22 0.044

Tumor shape, n (%) 0.068

Round/oval 14 (21.9) 48 (32.9)

Irregular 42 (65.6) 85 (58.2)

Lobular 1 (1.6) 1 (0.7)

Nonmass enhancement 7 (10.9) 12 (8.2)

Background parenchymal enhancement,
n (%)

0.079

None or minimal 15 (23.4) 42 (28.8)

Mild 25 (39.1) 59 (40.4)

Moderate 19 (29.7) 35 (24.0)

Marked 5 (7.8) 10 (6.8)

Margin, n (%) 0.087

Circumscribed 6 (9.4) 25 (17.1)

Irregular 48 (75.0) 103 (70.5)

Spiculated 10 (15.6) 18 (12.4)

Peritumoral edema, n (%) 0.054

Present 38 (59.4) 69 (47.3)

Absent 26 (40.6) 77 (52.7)

Enhancement pattern, n (%) 0.127

Homogeneous 9 (14.1) 33 (22.6)

Heterogeneous 55 (85.9) 113 (77.4)

T2WI signal intensity, n (%) 0.219

Hyperintense 22 (34.4) 59 (40.4)

Isointense 37 (57.8) 74 (50.7)

Hypointense 5 (7.8) 13 (8.9)

DWI signal intensity, n (%) 0.091

Hyperintense 58 (90.6) 121 (82.9)

Isointense 6 (9.4) 25 (17.1)

(Continued)
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emerged as independent predictors of AR status. Random forest

analysis confirmed their predictive importance, with Ktrans

showing the highest importance score (0.178, 95% CI: 0.135–

0.221), followed by Ve (0.165, 95% CI: 0.124–0.206) and Kep

(0.156, 95% CI: 0.116–0.196) (Figure 1).

Radiomics feature selection

Of the 1888 extracted radiomic features, 1706 (90.4%)

demonstrated good reproducibility (ICC ≥ 0.75). Stability

selection with bootstrap resampling further identified 624 stable

features, which were reduced to 312 after eliminating highly

correlated variables (|r| > 0.90). Application of the mRMR

algorithm yielded 90 features, and the Boruta procedure

ultimately identified 12 with significant discriminative value

(Supplementary Table 3). These included shape descriptors

(sphericity, surface-to-volume ratio), first-order features (kurtosis,

skewness, energy), and texture features derived from GLCM

(contrast, correlation), GLRLM (run-length non-uniformity), and
Frontiers in Oncology 06
GLSZM (size zone non-uniformity) (Supplementary Table 4).

Correlation heatmaps confirmed low redundancy among the final

selected features (Figure 2).

Model performance

In the training cohort, the integrated ensemble model achieved

the highest discrimination with an AUC of 0.891 (95% CI: 0.852–

0.937), outperforming the radiomics model (AUC = 0.836, 95% CI:

0.782–0.884; p = 0.012) and the multiparametric MRI model (AUC

= 0.753, 95% CI: 0.683–0.825; p = 0.003). At the optimal Youden

index, sensitivity, specificity, and accuracy of the integrated model

were 85.3% (95% CI: 68.9–95.0%), 87.2% (95% CI: 77.7–93.7%), and

86.6% (95% CI: 78.9–92.3%), respectively. External validation

confirmed the superior performance of the integrated model, with

AUCs of 0.863 (95% CI: 0.804–0.926) in the TS cohort and 0.818

(95% CI: 0.739–0.894) in the ZJU cohort. In both cohorts, the

integrated model consistently outperformed the radiomics (AUCs =

0.781 and 0.754) and multiparametric MRI models (AUCs = 0.746
TABLE 3 Continued

MRI features AR-positive (n=64) AR-negative (n=146) P value

TIC pattern, n (%) 0.047

Type I (persistent) 3 (4.7) 15 (10.3)

Type II (plateau) 22 (34.4) 58 (39.7)

Type III (washout) 39 (60.9) 73 (50.0)

Ktrans (min-¹), mean ± SD 0.38 ± 0.14 0.31 ± 0.13 0.024

Kep (min-¹), mean ± SD 1.46 ± 0.52 1.41 ± 0.50 0.042

Ve (%), mean ± SD 0.26 ± 0.09 0.22 ± 0.08 0.015
FIGURE 1

Random forest feature importance for AR status prediction. Relative importance of multi-parameter MRI features in predicting androgen receptor
status in TNBC. Ktrans, Ve, Kep were identified as the most significant predictors with importance scores of 0.178, 0.165, and 0.156, respectively.
Features with longer bars contribute more substantially to discriminating between AR-positive and AR-negative tumors.
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and 0.705) (Table 4, Figures 3a–c). Additional threshold-dependent

metrics (accuracy, precision, F1-score, etc.) are summarized in

Supplementary Table 6.

Calibration analysis demonstrated good agreement between

predicted and observed outcomes. Non-significant Hosmer–

Lemeshow test results across training, TS, and ZJU cohorts (all p

> 0.24) indicated adequate calibration, further supported by

calibration curves showing the integrated model closely aligned

with the ideal reference (Figures 3d–f).

Cross-validation analysis in the training cohort confirmed

model stability. Mean AUCs were 0.825 (SD 0.04) for the
Frontiers in Oncology 07
radiomics model, 0.763 (SD 0.05) for the multiparametric MRI

model, and 0.881 (SD 0.03) for the integrated model. The low

standard deviations reflected robust generalizability across folds.

Model interpretation and visualization

SHAP analysis provided quantitative explanations for ensemble

model predictions. The summary plot (Figure 4) ranked features by

their overall importance and directional influence on AR

classification. Skewness emerged as the most influential feature:

lower values consistently favored AR-positive predictions, whereas
FIGURE 2

Correlation matrix of selected radiomics features. Heatmap showing Spearman correlation coefficients between selected radiomics features and AR
status. Red colors indicate positive correlations while blue colors represent negative correlations, with color intensity reflecting correlation strength.
The matrix demonstrates relatively low redundancy among the selected features, with most inter-feature correlations below 0.50 in absolute value.
TABLE 4 Performance comparison of different models across three cohorts.

Model Cohort
AUC

(95% CI)
Sensitivity
(95% CI)

Specificity
(95% CI)

Accuracy
(95% CI)

DeLong p value vs.
Integrated Model

Radiomics Training 0.836 (0.782-0.884) 79.4% (62.1-91.3%) 84.6% (74.7-91.8%) 82.8% (74.2-89.5%) 0.012

TS 0.781 (0.712-0.857) 75.8% (57.7-88.9%) 83.3% (72.1-91.4%) 80.4% (71.8-87.3%) 0.018

ZJU 0.754 (0.662-0.842) 73.9% (51.6-89.8%) 79.4% (62.1-91.3%) 77.2% (64.2-87.3%) 0.026

Multi-parameter MRI Training 0.753 (0.683-0.825) 73.5% (55.6-87.1%) 77.9% (67.0-86.6%) 76.4% (67.5-83.9%) 0.003

TS 0.746 (0.695-0.812) 72.7% (54.5-86.7%) 77.5% (65.8-86.7%) 75.9% (66.9-83.5%) 0.009

ZJU 0.705 (0.624-0.783) 68.2% (45.1-86.1%) 74.5% (56.6-87.5%) 72.0% (58.3-83.1%) 0.014

Integrated Training 0.891 (0.852-0.937) 85.3% (68.9-95.0%) 87.2% (77.7-93.7%) 86.6% (78.9-92.3%) –

TS 0.863 (0.804-0.926) 81.8% (64.5-93.0%) 86.4% (75.7-93.6%) 84.8% (76.8-90.9%) –

ZJU 0.818 (0.739-0.894) 78.3% (56.3-92.5%) 82.4% (65.5-93.2%) 80.7% (68.1-90.0%) –
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higher values were associated with AR negativity. Surface-to-

volume ratio and energy ranked second and third, respectively,

with higher values generally contributing to AR-negative

classification. Among pharmacokinetic parameters, Ktrans

showed the strongest contribution but had less impact overall

compared with radiomic descriptors. Other MRI-derived features

(Ve, Kep, compactness) exerted only minor influence on the

final predictions.

Case-level explanations were visualized using SHAP force plots. In

an AR-positive example (Figure 5a), positive contributions from

Ktrans, GLSZM non-uniformity, energy, GLCM correlation, and

sphericity raised the prediction probability to 0.84. In contrast, in an

AR-negative case (Figure 5b), negative contributions from sphericity,

first-order median, GLSZM non-uniformity, entropy, and skewness
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lowered the prediction probability to 0.16, despite limited positive

influence from GLCM correlation and surface-to-volume ratio.

Decision curve analysis

Decision curve analysis (Figure 6) demonstrated that all three

models provided net clinical benefit across a wide range of threshold

probabilities (0.1–0.9) compared with treat-all or treat-none strategies.

The integrated model yielded the highest net benefit, peaking at 0.58

when the threshold probability was 0.4, and maintaining superiority

within the clinically relevant range of 0.2–0.8. At a threshold of 0.5, the

net benefits were 0.52 for the integrated model, 0.43 for the radiomics

model, and 0.35 for the multiparametric MRI model. A schematic

overview of the complete study workflow is provided in Figure 7.
FIGURE 3

Model performance across training and validation cohorts. (a–c) ROC curves comparing the performance of the radiomics model, the MRI feature
model, and the integrated model in the training cohort (a), TS cohort (b), and ZJU cohort (c–f) Calibration curves for the three models in the
training cohort (d), TS cohort (e), and ZJU cohort (f), showing good agreement between predicted and observed outcomes.
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Discussion

In this multicenter study, we developed and externally validated an

interpretable ensemble imaging model integrating radiomics and

multiparametric MRI for predicting AR status in TNBC. The

integrated approach outperformed radiomics- or MRI-only models

and maintained consistent accuracy in external validation, highlighting

its potential as a noninvasive tool for patient stratification. By

incorporating SHAP analysis, the model also provided transparent
Frontiers in Oncology 09
feature attribution, addressing interpretability concerns that have

limited the clinical translation of radiomics-based methods.

Our results highlight that multiparametric MRI features reflect

biologically relevant characteristics of AR-positive tumors.

Pharmacokinetic parameters such as Ktrans, Ve, and Kep were

significantly higher in AR-positive lesions, suggesting increased

vascular permeability and extracellular space, findings consistent

with previous MRI studies of tumor microenvironment (18–20).

Lower ADC values indicated higher cellularity, and enhancement
FIGURE 4

SHAP summary plot. Global feature importance for the integrated model. Features are ranked on the y-axis by overall importance. Each dot
represents a SHAP value for an individual patient, with horizontal position indicating direction and magnitude of feature impact. Red denotes high
feature values and blue denotes low values.
FIGURE 5

SHAP force plots for individual patient predictions. Local feature contributions for representative cases. (a) AR-positive patient with Ktrans, GLSZM
non-uniformity, energy, GLCM correlation, and sphericity contributing positively to classification. (b) AR-negative patient with negative contributions
from sphericity, first-order median, GLSZM non-uniformity, entropy, and skewness outweighing positive effects from GLCM correlation and surface-
to-volume ratio.
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curve patterns further distinguished receptor status (21). The

radiomic signature revealed particularly intriguing biological

insights. The prominence of skewness as the top predictor

suggests that AR-positive tumors exhibit asymmetric intensity

distributions, potentially reflecting areas of heterogeneous

cellularity and necrosis that characterize their aggressive

phenotype (22). The inverse correlation between sphericity and

surface-to-volume ratio (r = -0.62) indicates that AR-positive

tumors demonstrate more irregular, infiltrative growth patterns

compared to their AR-negative counterparts. This morphological

complexity may reflect AR-mediated effects on cell adhesion and

invasion pathways (23). Texture features, particularly the strong

correlation between GLCM contrast and entropy (r = 0.54),

captured the chaotic internal architecture of AR-positive lesions,

contrast quantifying local intensity variations while entropy

measuring their randomness. The GLRLM and GLSZM features

provided multi-scale characterization of tissue homogeneity, from

fine-grained patterns to larger zones, potentially corresponding to

the distinct patterns of tumor cell clustering and stromal interaction

observed in AR-positive TNBC histopathology (24). These

quantitative features capture subtle tissue characteristics beyond

visual assessment, with the integration of radiomics and

convent iona l MRI provid ing a more comprehens ive

representation of tumor biology than either modality alone.

Compared with earlier work, this study provides broader

validation and stronger interpretability. Xu et al. showed that

texture features from DCE-MRI could distinguish AR expression

(25), and Huang et al. demonstrated promising multiparametric

radiomics models (26). However, these studies were single-center
Frontiers in Oncology 10
and lacked generalizability (27, 28). By incorporating three

institutions, our study confirmed stability across independent

cohorts. Notably, our implementation of medical SAM-based

segmentation achieved comparable accuracy to manual

delineation (Dice: 0.87 ± 0.06) while reducing segmentation time

by 80%, addressing a key bottleneck in radiomics clinical translation

and enhancing reproducibility across centers (29). The stacking

ensemble framework, combining Random Forest, XGBoost, and

LightGBM, achieved superior predictive accuracy compared with

single classifiers, consistent with evidence that ensemble methods

reduce overfitting and enhance robustness in radiomics analysis

(30, 31). The use of SHAP further clarified the contribution of

individual features, revealing that radiomic features contributed

more substantially than conventional MRI parameters, which may

guide future feature engineering efforts and protocol optimization

(32–34).

For newly diagnosed TNBC patients, this model could provide

rapid AR status assessment during initial staging MRI, potentially

e x p e d i t i n g t r e a t m e n t p l a n n i n g w h i l e a w a i t i n g

immunohistochemistry results. When biopsy is limited by

intratumoral heterogeneity, which causes wide variation in AR

status concordance between biopsy and surgical specimens (35–

38), or yields insufficient tissue for reliable staining, imaging-based

prediction offers a valuable complementary assessment. Threshold

probability can be tailored to clinical context: a lower threshold

might be appropriate for screening patients for AR-targeted clinical

trials, while a higher threshold would be suitable for definitive

treatment selection. Noninvasive identification of AR-positive

patients may help guide the use of AR antagonists, which have
FIGURE 6

Decision curve analysis. Decision curve analysis showing net benefit across a range of threshold probabilities. The integrated model (blue) yielded
the highest net benefit, followed by the radiomics (green) and multiparametric MRI (orange) models.
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demonstrated clinical benefit in selected TNBC populations (39–

42). Furthermore, by providing case-level SHAP explanatory

outputs that clarify feature contributions, the model fosters

greater transparency and clinical confidence compared to black-

box algorithms, facilitating integration into multidisciplinary care.

Decision curve analysis showed clear net benefit across relevant

threshold probabilities (0.2-0.8), reinforcing the model’s value in

personalized treatment decision making.

This study has limitations. Its retrospective design may

introduce selection bias, and although three centers were

included, the overall number of AR-positive patients was

relatively small. Radiomic features were extracted from T2WI and

a single post-contrast phase, which may not capture the full

temporal dynamics of DCE-MRI. Pathological assessment

fo l l owed ASCO/CAP gu ide l ine s , y e t va r i ab i l i t y i n

immunohistochemistry interpretation cannot be excluded. Finally,
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while SHAP improved transparency, radiomic descriptors remain

abstract constructs that do not always directly correspond to

histopathological findings.
Conclusions

In conclusion, we developed and externally validated an

interpretable ensemble model integrating radiomics and

multiparametric MRI for AR status prediction in TNBC. The

model demonstrated robust and generalizable performance, with

biologically meaningful features and transparent explanations. This

noninvasive approach has the potential to complement biopsy,

enable more reliable identification of AR-positive patients, and

support personalized treatment strategies in TNBC.
FIGURE 7

The workflow of ensemble learning model development.
frontiersin.org

https://doi.org/10.3389/fonc.2026.1743315
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Ruan et al. 10.3389/fonc.2026.1743315
Data availability statement

The original contributions presented in the study are included

in the article/supplementary material. Further inquiries can be

directed to the corresponding author.
Ethics statement

The studies involving humans were approved by the Medical

Ethics Committee of Hangzhou First People’s Hospital. The studies

were conducted in accordance with the local legislation and

institutional requirements. The participants provided their written

informed consent to participate in this study.
Author contributions

MR: Conceptualization, Methodology, Data curation, Funding

acquisition, Writing – original draft. LC: Conceptualization,

Methodology, Data curation, Funding acquisition, Writing –

original draft. YL: Formal analysis, Writing – original draft. YS:

Writing – review & editing. ZL: Data curation, Writing – original

draft. CS: Conceptualization, Funding acquisition, Project

administration, Supervision, Writing – review & editing. WX:

Conceptualization, Funding acquisition, Project administration,

Supervision, Writing – review & editing.
Funding

The author(s) declared that financial support was received for

this work and/or its publication. This study was funded by the

Medical Science and Technology Project of Zhejiang Province (No.

2025KY1041 and No. 2024KY194), Zhejiang Provincial Traditional

Chinese Medicine Science and Technology Project (No. 2024ZL707),

and Medical Science Research Project of Hebei (No. 20250225). The

funder did not play a role in the design of the study; the collection,

analysis, and interpretation of the data; the writing of the manuscript;

and the decision to submit the manuscript for publication.
Frontiers in Oncology 12
Conflict of interest

The author(s) declared that this work was conducted in the

absence of any commercial or financial relationships that could be

construed as a potential conflict of interest.
Generative AI statement

The author(s) declared that generative AI was used in the

creation of this manuscript. During the preparation of this work

the authors used ChatGPT 4o (OpenAI, https://chat.openai.com/)

as a supplementary tool to enhance the linguistic quality and

readability of our work. After using this tool, the authors

reviewed and edited the content as needed and take full

responsibility for the content of the published article.

Any alternative text (alt text) provided alongside figures in this

article has been generated by Frontiers with the support of artificial

intelligence and reasonable efforts have been made to ensure

accuracy, including review by the authors wherever possible. If

you identify any issues, please contact us.
Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.
Supplementary material

The Supplementary Material for this article can be found online

at: https://www.frontiersin.org/articles/10.3389/fonc.2026.1743315/

full#supplementary-material
References

1. Gerratana L, Basile D, Buono G, De Placido S, Giuliano M, Minichillo S, et al.
Androgen receptor in triple negative breast cancer: A potential target for the targetless
subtype. Cancer Treat Rev. (2018) 68:102–10. doi: 10.1016/j.ctrv.2018.06.005

2. Masuda H, Baggerly KA, Wang Y, Zhang Y, Gonzalez-Angulo AM, Meric-Bernstam
F, et al. Differential response to neoadjuvant chemotherapy among 7 triple-negative
breast cancer molecular subtypes. Clin Cancer Res. (2013) 19:5533–40. doi: 10.1158/
1078-0432.CCR-13-0799

3. International Agency for Research on Cancer. Global Cancer Observatory: Cancer
Today. Breast fact sheet. Lyon, France: IARC (2022).

4. Zagami P, Carey LA. Triple negative breast cancer: pitfalls and progress. NPJ Breast
Cancer. (2022) 8:95. doi: 10.1038/s41523-022-00468-0

5. Khadela A, Morakhia KR, Shah NH, Kanjani VG, Shah VB, Bharadia HB, et al.
Sacituzumab govitecan in HER2-negative breast cancer: redefining treatment
paradigms. J Drug Targeting. (2025) 33:1743–56. doi: 10.1080/1061186X.2025.2525372
6. Bonnefoi H, Grellety T, Tredan O, Saghatchian M, Dalenc F, Mailliez A, et al. A
phase II trial of abiraterone acetate plus prednisone in patients with triple-negative
androgen receptor-positive locally advanced or metastatic breast cancer (UCBG 12-1).
Ann Oncol. (2016) 27:812–8. doi: 10.1093/annonc/mdw067

7. Gucalp A, Tolaney S, Isakoff SJ, Ingle JN, Liu MC, Carey LA, et al. Phase II trial of
bicalutamide in patients with androgen receptor-positive, estrogen receptor-negative
metastatic breast cancer (TBCRC 011). Clin Cancer Res. (2013) 19:5505–12.
doi: 10.1158/1078-0432.CCR-12-3327

8. Sridhar N, Glisch C, Jawa Z, Chaudhary LN, Kamaraju S, Burfeind J, et al. Androgen
receptor expression in patients with triple negative breast cancer treated with
neoadjuvant chemotherapy: a single institution study. J Cancer. (2022) 13:2472–6.
doi: 10.7150/jca.67536

9. Chen M, Yang Y, Xu K, Li L, Huang J, Qiu F. Androgen receptor in breast cancer:
from bench to bedside. Front Endocrinol (Laus). (2020) 11:573. doi: 10.3389/
fendo.2020.00573
frontiersin.org

https://chat.openai.com/
https://www.frontiersin.org/articles/10.3389/fonc.2026.1743315/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2026.1743315/full#supplementary-material
https://doi.org/10.1016/j.ctrv.2018.06.005
https://doi.org/10.1158/1078-0432.CCR-13-0799
https://doi.org/10.1158/1078-0432.CCR-13-0799
https://doi.org/10.1038/s41523-022-00468-0
https://doi.org/10.1080/1061186X.2025.2525372
https://doi.org/10.1093/annonc/mdw067
https://doi.org/10.1158/1078-0432.CCR-12-3327
https://doi.org/10.7150/jca.67536
https://doi.org/10.3389/fendo.2020.00573
https://doi.org/10.3389/fendo.2020.00573
https://doi.org/10.3389/fonc.2026.1743315
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Ruan et al. 10.3389/fonc.2026.1743315
10. Xu M, Yuan Y, Yan P, Jiang J, Ma P, Niu X, et al. Prognostic significance of
androgen receptor expression in triple negative breast cancer: A systematic review and
meta-analysis. Clin Breast Cancer. (2020) 20:e385–96. doi: 10.1016/j.clbc.2020.01.002

11. Dai C, Ellisen LW. Revisiting androgen receptor signaling in breast cancer. Oncol.
(2023) 28:383–91. doi: 10.1093/oncolo/oyad049

12. Traina TA, Miller K, Yardley DA, Eakle J, Schwartzberg LS, O'Shaughnessy J, et al.
Enzalutamide for the treatment of androgen receptor–expressing triple-negative breast
cancer. J Clin Oncol. (2018) 36:884–890. doi: 10.1200/JCO.2016.71.3495

13. Yuan Y, Lee JS, Yost SE, Frankel PH, Ruel C, Egelston CA, et al. A phase II clinical trial
of pembrolizumab and enobosarm in patients with androgen receptor-positive metastatic
triple-negative breast cancer. Oncol. (2021) 26:99–e217. doi: 10.1002/onco.13583

14. Houssami N, Turner RM, Morrow M. Meta-analysis of pre-operative MRI and
surgical treatment for breast cancer. Breast Cancer Res Treat. (2017) 165:273–83.
doi: 10.1007/s10549-017-4324-3

15. Leithner D, Bernard-Davila B, Martinez DF, Horvat JV, Jochelson MS, Marino
MA, et al. Radiomic signatures derived from DWI for receptor status and subtypes.Mol
Imaging Biol. (2020) 22:453–61. doi: 10.1007/s11307-019-01383-w

16. Huang Y, Wei L, Hu Y, Shao N, Lin Y, He S, et al. Multi-parametric MRI-based
radiomics models for predicting molecular subtype and AR expression in breast cancer.
Front Oncol. (2021) 11:706733. doi: 10.3389/fonc.2021.706733

17. Xu WJ, Zheng BJ, Lu J, Liu SY, Li HL. Identification of TNBC and AR expression
based on histogram and texture analysis of DCE-MRI. BMC Med Img. (2023) 23:70.
doi: 10.1186/s12880-023-01022-5

18. Davey MG, Davey MS, Boland MR, Ryan ÉJ, Lowery AJ, Kerin MJ. Radiomic
differentiation. Eur J Radiol. (2021) 144:109996. doi: 10.1016/j.ejrad.2021.109996

19. Ming W, Zhu Y, Bai Y, Gu W, Li F, Hu Z, et al. Radiogenomics analysis reveals the
associations of dynamic contrast-enhanced MRI features with gene expression
characteristics, PAM50 subtypes, and prognosis of breast cancer. Front Oncol. (2022)
12:943326. doi: 10.3389/fonc.2022.943326

20. Ma M, Gan L, Jiang Y, Qin N, Li C, Zhang Y, et al. Radiomics analysis based on
automatic image segmentation of DCE-MRI for predicting triple-negative and
nontriple-negative breast cancer. Comput Math Methods Med. (2021) 2021:2140465.
doi: 10.1155/2021/2140465

21. Koh J, Lee E, Han K, Kim S, Kim DK, Kwak JY, et al. Three-dimensional radiomics
of triple-negative breast cancer: Prediction of systemic recurrence. Sci Rep. (2020)
10:2976. doi: 10.1038/s41598-020-59923-2

22. Lee JY, Lee KS, Seo BK, Cho KR, Woo OH, Song SE, et al. Radiomic machine
learning for predicting prognostic biomarkers and molecular subtypes of breast cancer
using tumor heterogeneity and angiogenesis properties on MRI. Eur Radiol. (2022)
32:650–60. doi: 10.1007/s00330-021-08146-8

23. Zhou J, Zhang Y, Chang KT, Lee KE, Wang O, Li J, et al. Diagnosis of benign and
Malignant breast lesions onDCE-MRI by using radiomics and deep learningwith consideration
of peritumor tissue. J Magn Reson Img. (2020) 51:798–809. doi: 10.1002/jmri.26981

24. Braman N, Prasanna P, Whitney J, Singh S, Beig N, Etesami M, et al. Association of
peritumoral radiomics with tumor biology and pathologic response to preoperative
targeted therapy for HER2-positive breast cancer. JAMA Netw Open. (2019) 2:e192561.
doi: 10.1001/jamanetworkopen.2019.2561

25. Jiang L, You C, Xiao Y, Wang H, Su GH, Xia BQ, et al. Radiogenomic analysis
reveals tumor heterogeneity of triple-negative breast cancer. Cell Rep Med. (2022)
3:100694. doi: 10.1016/j.xcrm.2022.100694

26. Luo X, Xie H, Yang Y, Zhang C, Zhang Y, Li Y, et al. Radiomic Signatures for
Predicting Receptor Status in Breast Cancer (primary vs brain metastases). Front Oncol.
(2022) 12:878388. doi: 10.3389/fonc.2022.878388
Frontiers in Oncology 13
27. Valdora F, Houssami N, Rossi F, Calabrese M, Tagliafico AS. Rapid review:
radiomics and breast cancer. Breast Cancer Res Treat. (2018) 169:217–29.
doi: 10.1007/s10549-018-4675-4

28. Liu Z, Wang S, Dong D, Wei J, Fang C, Zhou X, et al. The applications of radiomics
in precision diagnosis and treatment of oncology: opportunities and challenges.
Theranostics. (2019) 9:1303–22. doi: 10.7150/thno.30309

29. Ma J, He Y, Li F, Han L, You C, Wang B. Segment anything in medical images. Nat
Commun. (2024) 15:654. doi: 10.1038/s41467-024-44824-z

30. Polat DS, Xi Y, Hulsey K, Lewis M, Dogan BE. Radiomics analysis of contrast-
enhanced breast MRI for optimized modelling of virtual prognostic biomarkers in
breast cancer . Eur J Breast Heal th . (2024) 20:122–8. doi : 10 .4274/
ejbh.galenos.2024.2023-12-12

31. Sun R, Limkin EJ, Vakalopoulou M, Dercle L, Champiat S, Han SR, et al. A
radiomics approach to assess tumour-infiltrating CD8 cells and response to anti-PD-1
or anti-PD-L1 immunotherapy: an imaging biomarker, retrospective multicohort
study. Lancet Oncol. (2018) 19:1180–91. doi: 10.1016/S1470-2045(18)30413-3

32. Rudin C. Stop explaining black box machine learning models for high stakes
decisions and use interpretable models instead. Nat Mach Intell. (2019) 1:206–15.
doi: 10.1038/s42256-019-0048-x

33. Lundberg SM, Lee SI. A unified approach to interpreting model predictions. Adv
Neural Inf Process Syst. (2017) 30:4765–74. doi: 10.48550/arXiv.1705.07874

34. Ribeiro MT, Singh S, Guestrin C. (2016). Why should I trust you?” Explaining the
predictions of any classifier. arXiv:1602.04938. doi: 10.48550/arXiv.1602.04938

35. Shi Z, Liu Y, Zhang S, Cai S, Liu X, Meng J, et al. Evaluation of predictive and
prognostic value of androgen receptor expression in breast cancer subtypes treated with
neoadjuvant chemotherapy. Discov Oncol. (2023) 14:49. doi: 10.1007/s12672-023-
00660-z

36. Aleskandarany MA, Abduljabbar R, Ashankyty I, Elmouna A, Jerjees D, Ali S, et al.
Prognostic significance of androgen receptor expression in invasive breast cancer:
transcriptomic and protein expression analysis. Breast Cancer Res Treat. (2016)
159:215–27. doi: 10.1007/s10549-016-3934-5

37. Kono M, Fujii T, Lim B, Karuturi MS, Tripathy D, Ueno NT. Androgen receptor
function and androgen receptor–targeted therapies in breast cancer: A review. JAMA
Oncol. (2017) 3:1266–73. doi: 10.1001/jamaoncol.2016.4975

38. Shi Y, Yang F, Huang D, Guan X. Androgen blockade based clinical trials
landscape in triple negative breast cancer. Biochim Biophys Acta Rev Cancer. (2018)
1870:283–90. doi: 10.1016/j.bbcan.2018.05.004

39. Rossi C, Fraticelli S, Fanizza M, Ferrari A, Ferraris E, Messina A, et al. Concordance
of immunohistochemistry for predictive and prognostic factors in breast cancer
between biopsy and surgical excision: a single-centre experience and review of the
literature. Breast Cancer Res Treat. (2023) 198:573–82. doi: 10.1007/s10549-023-06872-
9

40. Kraby MR, Valla M, Opdahl S, Haugen OA, Sawicka JE, Engstrøm MJ, et al. The
prognostic value of androgen receptors in breast cancer subtypes. Breast Cancer Res
Treat. (2018) 172:283–96. doi: 10.1007/s10549-018-4904-x

41. Kensler KH, Regan MM, Heng YJ, Baker GM, Pyle ME, Schnitt SJ, et al.
Prognostic and predict ive value of androgen receptor express ion in
postmenopausal women with estrogen receptor-positive breast cancer: results
from the Breast International Group Trial 1-98. Breast Cancer Res. (2019) 21:30.
doi: 10.1186/s13058-019-1118-z

42. Klimov S, Rida PC, Aleskandarany MA, Green AR, Ellis IO, Janssen EA, et al.
Novel immunohistochemistry-based signatures to predict metastatic site of triple-
negative breast cancers. Br J Cancer. (2017) 117:826–34. doi: 10.1038/bjc.2017.224
frontiersin.org

https://doi.org/10.1016/j.clbc.2020.01.002
https://doi.org/10.1093/oncolo/oyad049
https://doi.org/10.1200/JCO.2016.71.3495
https://doi.org/10.1002/onco.13583
https://doi.org/10.1007/s10549-017-4324-3
https://doi.org/10.1007/s11307-019-01383-w
https://doi.org/10.3389/fonc.2021.706733
https://doi.org/10.1186/s12880-023-01022-5
https://doi.org/10.1016/j.ejrad.2021.109996
https://doi.org/10.3389/fonc.2022.943326
https://doi.org/10.1155/2021/2140465
https://doi.org/10.1038/s41598-020-59923-2
https://doi.org/10.1007/s00330-021-08146-8
https://doi.org/10.1002/jmri.26981
https://doi.org/10.1001/jamanetworkopen.2019.2561
https://doi.org/10.1016/j.xcrm.2022.100694
https://doi.org/10.3389/fonc.2022.878388
https://doi.org/10.1007/s10549-018-4675-4
https://doi.org/10.7150/thno.30309
https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.4274/ejbh.galenos.2024.2023-12-12
https://doi.org/10.4274/ejbh.galenos.2024.2023-12-12
https://doi.org/10.1016/S1470-2045(18)30413-3
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.48550/arXiv.1602.04938
https://doi.org/10.1007/s12672-023-00660-z
https://doi.org/10.1007/s12672-023-00660-z
https://doi.org/10.1007/s10549-016-3934-5
https://doi.org/10.1001/jamaoncol.2016.4975
https://doi.org/10.1016/j.bbcan.2018.05.004
https://doi.org/10.1007/s10549-023-06872-9
https://doi.org/10.1007/s10549-023-06872-9
https://doi.org/10.1007/s10549-018-4904-x
https://doi.org/10.1186/s13058-019-1118-z
https://doi.org/10.1038/bjc.2017.224
https://doi.org/10.3389/fonc.2026.1743315
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Development and validation of an interpretable ensemble model for predicting androgen receptor status in triple-negative breast cancer: a multi-center study
	Introduction
	Materials and methods
	Study population and design
	Pathological analysis
	MRI acquisition and feature assessment
	Tumor segmentation and validation
	Radiomic feature extraction and selection
	Model development
	Model interpretation and statistical analysis

	Results
	Patient characteristics
	Multi-parameter MRI features analysis
	Radiomics feature selection
	Model performance
	Model interpretation and visualization
	Decision curve analysis

	Discussion
	Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References




