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Background: Young onset breast cancer, diagnosed in women under 50, is known for its aggressive nature and challenging prognosis. 
Precisely forecasting axillary lymph node metastasis (ALNM) is essential for customizing treatment plans and enhancing patient 
results.
Objective: This research sought to create and verify a clinical-radiomics nomogram that combines radiomic features from Dynamic 
Contrast-Enhanced Magnetic Resonance Imaging (DCE-MRI) with standard clinical predictors to improve the accuracy of predicting 
ALNM in young breast cancer patients.
Methods: We performed a retrospective analysis at one facility, involving the creation and validation of a nomogram in two stages.At first, 
a medical model was developed utilizing conventional indicators like tumor dimensions, molecular classifications, multifocal presence, and 
MRI-determined ALN status.A more detailed clinical-radiomics model was subsequently developed by integrating radiomic characteristics 
derived from DCE-MRI images.These models were created using logistic regression analyses on a training dataset, and their effectiveness 
was assessed by measuring the area under the receiver operating characteristic curve (AUC) in a separate validation dataset.
Results: The clinical-radiomics nomogram surpassed the clinical-only model, recording an AUC of 0.892 in the training dataset and 
0.877 in the validation dataset.Significant predictors included MRI-reported ALN status and select radiomic features, which markedly 
enhanced the model’s predictive capacity.
Conclusion: Integrating radiomic features with clinical predictors in a nomogram significantly improves ALNM prediction in young 
onset breast cancer, providing a valuable tool for personalized treatment planning. This study underscores the potential of merging 
advanced imaging data with clinical insights to refine oncological predictive models. Future research should expand to multicentric 
studies and include genomic data to boost the nomogram’s generalizability and precision.
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Introduction
Breast cancer is the most prevalent malignancy affecting women worldwide, with a significant trend toward the 
increasing incidence of early-onset breast cancer—defined as cases diagnosed before the age of 50.1 These early-onset 
cases often exhibit more aggressive behaviors and have less favorable outcomes compared to later-onset breast cancer.2 

This emphasizes the urgent need for improved diagnostic and prognostic methods specifically tailored to this younger 
demographic, to enhance their clinical management and improve survival rates.

Despite extensive research into breast cancer, the specific challenge of predicting axillary lymph node metastasis 
(ALNM) in early-onset breast cancer remains inadequately addressed. While numerous studies have developed predictive 
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models for ALNM in the general breast cancer population, there is a notable gap in research focusing exclusively on 
young women with breast cancer.3–5 This subgroup presents unique biological characteristics and clinical outcomes, 
necessitating dedicated studies to understand and predict ALNM effectively.6 The use of DCE-MRI and the emerging 
field of radiomics—which involves extracting large-scale quantitative data from medical images—offer promising 
tools.7,8 Evidence suggests that younger breast cancer patients exhibit higher rates of ALNM, potentially due to more 
aggressive tumor phenotypes and distinct tumor biology, highlighting the need for age-specific prediction models.9 

However, their potential to specifically forecast ALNM in young breast cancer patients has not been fully explored and 
leveraged in clinical practice.

This study aims to fill this gap by developing and validating a clinical-radiomics nomogram that integrates DCE-MRI 
-derived radiomic features with traditional clinical indicators, specifically tailored for predicting ALNM in patients with 
early-onset breast cancer. By employing a systematic approach that merges advanced imaging analytics with robust 
clinical parameters, this research seeks to establish a predictive model that is both accurate and practical for clinical use. 
The model’s efficacy will be rigorously assessed through comprehensive statistical analyses within a training cohort and 
validated in an independent dataset to ensure its reliability and utility in enhancing decision-making and personalizing 
treatment strategies for this particularly vulnerable group of patients.

Methods
Participants
A methodology for predicting ALNM in young onset breast cancer using a clinical-radiomics nomogram based on DCE- 
MRI and clinical risk factors was shown in Figure 1. This retrospective study focused on female patients diagnosed with 
early-onset breast cancer, defined as a diagnosis before the age of 50. Data collection occurred at a Shanxi Bethune 
Hospital between March 2020 and February 2024. The study was designed to collect comprehensive patient information 
and MRI images to develop and validate a clinical-radiomics nomogram for predicting ALNM. Moreover, it was exempt 
from ethics approval due to its non-interventional design and the use of anonymized data.

Eligible participants included those newly diagnosed with breast cancer, with no prior cancer treatments, no history of 
recurrent breast cancer, and no metastatic disease at diagnosis. Patients were also required to have complete clinical 

Figure 1 Flowchart illustrating the process of clinical-radiomics nomogram modeling for the LNM prediction in patients with PTC. 
Abbreviations: DCE-MRI, dynamic contrast-enhanced magnetic resonance imaging; GLDM, gray level dependence matrix; GLCM, gray level co-occurrence matrix; GLRLM, 
gray level run length matrix; GLSZM, gray level size zone matrix; ICC, interclass correlation coefficient; mRMR, minimum redundancy maximum relevance; LASSO, least 
absolute shrinkage and selection operator; AIC, Akaike information criterion; Radscore, radiomics score.
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records and high-quality DCE-MRI scans. Patients who did not meet these criteria were excluded from the study to 
ensure the reliability of the predictive model.

The study cohort was systematically divided into a training set and a validation set using a 2:1 ratio. This allocation 
resulted in 198 patients in the training set, used for developing the predictive models, and 99 patients in the validation set, 
used for testing the models’ performance. Collected data included demographic information, detailed clinical profiles, 
and radiological imaging. Clinical data encompassed variables such as menopausal status, tumor location, histologic 
grade, multifocality, molecular subtypes, and receptor statuses (ER, PR, HER2).

Image Acquisition
DCE-MRI scans were conducted using a 3.0 Tesla MRI system (Magnetom Skyra, Siemens Healthineers) equipped with 
a dedicated breast coil. The imaging protocol included an axial T1-weighted sequence for baseline tissue characteriza
tion, a T2-weighted sequence to distinguish fluid from soft tissue, and dynamic sequences post-injection of 0.1 mmol/kg 
of a gadolinium-based contrast agent (Gadovist, Bayer Healthcare). Parameters for dynamic imaging were set to 
a repetition time (TR) of 4.45 ms, echo time (TE) of 1.68 ms, a flip angle of 10°, field of view (FOV) of 
340×340 mm, a matrix of 512 x 512, and slice thickness of 1.6 mm with no inter-slice gap, achieving a temporal 
resolution of 7 seconds per phase. Image quality was rigorously controlled by reviewing all scans for artifacts and overall 
quality by two experienced radiologists, ensuring only high-quality images were included in the study to support the 
development and validation of the clinical-radiomics nomogram.

Image Segmentation and Feature Extraction
Nodule segmentation was performed using the ITK-SNAP software, and interobserver reproducibility was assessed by two 
physicians independently segmenting a subset of 30 randomly selected cases. Radiomics feature extraction was conducted 
using the 3D-Slicer software, with image normalization and resampling to a voxel size of 1 mm × 1 mm × 1 mm. A total of 
912 radiomics features were extracted, including first-order statistics, gray level dependence matrix (GLDM), gray level 
co-occurrence matrix (GLCM), gray level run length matrix (GLRLM), and gray level size zone matrix (GLSZM).

Feature Selection and Radiomics Score Construction
In the development of our clinical-radiomics nomogram for predicting ALNM in young onset breast cancer patients, 
image segmentation and feature extraction were crucial steps. High-quality DCE-MRI scans were used, with tumor 
regions of interest (ROIs) meticulously delineated on each image slice by two experienced radiologists independently, 
resolving any discrepancies through consensus. Using the PyRadiomics software package, version 3.0, a diverse set of 
radiomic features was extracted from these ROIs, including Gray Level Size Zone Matrix (GLSZM), First-order 
statistics, GLRLM, GLDM, and GLCM. These features encapsulate various aspects of texture and intensity distribution 
within the tumors, providing a detailed characterization of tumor phenotype. The features were normalized to minimize 
variability due to machine settings or patient movement, followed by a rigorous feature selection process. Initial filtering 
removed features with low interclass correlation coefficients (ICC ≤ 0.75) to ensure reproducibility. The remaining 
features were then refined through the minimum redundancy maximum relevance (mRMR) technique and finally, the 
Least Absolute Shrinkage and Selection Operator (LASSO) method was employed to identify the most predictive 
features for inclusion in the nomogram, thus enhancing its predictive accuracy for lymph node metastasis.

Development of the Clinical Model and the Clinical-Radiomics Nomogram
Initially, we developed a clinical model based solely on patient demographic and tumor characteristics such as age, 
menopausal status, tumor size, histologic grade, molecular subtypes, and receptor statuses (ER, PR, HER2). 
Multivariable logistic regression was used to identify significant predictors of lymph node metastasis. The variables 
that demonstrated statistical significance in predicting lymph node status were incorporated into the clinical model.

Building on the clinical model, we developed the clinical-radiomics nomogram, which integrated the selected 
radiomics features derived from the DCE-MRI image analysis. The process began with the comprehensive feature 
selection as described in the previous sections, utilizing LASSO regression to identify the most predictive radiomics 
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features. These features were then integrated with the clinically significant predictors from the initial model using 
multivariable logistic regression.

The integration aimed to create a more robust predictive tool, the clinical-radiomics nomogram, designed to provide 
a graphical representation of individual probabilities of ALNM. The discriminative capacity of the nomogram was 
determined by calculating the area under the receiver operating characteristic (ROC) curve (AUC). Additionally, 
calibration plots were employed to examine the agreement between the predicted probabilities and observed outcomes, 
ensuring the model’s accuracy and reliability.

The final nomogram was validated externally in the validation cohort, confirming its predictive performance and 
utility in clinical settings. This integrated approach not only enhanced the predictive accuracy but also facilitated a more 
nuanced risk stratification and personalized treatment planning for young onset breast cancer patients.

Statistical Analysis
All statistical analyses were performed using the R software (version 4.0.2). Quantitative data were summarized using 
descriptive statistics, expressed either as mean ± standard deviation or as median with interquartile ranges. A p-value 
threshold of less than 0.05 was established for statistical significance across all tests. This criterion was applied to various 
tests of independence, including chi-square tests for categorical variables and t-tests for continuous variables, utilized 
during the preliminary data analysis stage.

Results
Patient Characteristics
Table 1 compares patient characteristics between the training set (198 patients) and the validation set (99 patients) in 
a study, with no statistically significant differences observed across most parameters, indicating well-matched groups. 
Key characteristics such as menopause status, tumor location, histologic grade, multifocality, MRI-reported axillary 
lymph node (ALN) status, histologic type, and receptor status (ER, PR, HER2) are reported alongside molecular subtypes 

Table 1 Patients’ Characteristics of Training Set and Validation Set

Characteristic Training Set  
(n = 198)

Validation Set  
(n = 99)

P-value

n % n %

Menopause (%) 0.366

Yes 45 22.7% 18 18.2%

No 153 77.3% 81 81.8%
Tumor location 0.564

Left 105 53.0% 56 56.6%

Right 93 47.0% 43 43.4%
Lymph node metastasis 0.870

Yes 98 49.5% 48 49.0%

No 100 50.5% 51 51.0%
Histologic grade 0.428

I 47 23.7% 18 12.1%

II 65 32.8% 31 31.3%
III 86 43.4% 50 56.6%

Multifocality 0.724

Yes 64 32.3% 30 32.3%
No 134 67.7% 69 67.7%

MRI-reported ALN status 0.163

Positive 103 52.0% 43 43.4%
Negative 95 48.0% 56 56.6%

(Continued)

https://doi.org/10.2147/BCTT.S495246                                                                                                                                                                                                                                                                                                                                                                                                                                                 Breast Cancer: Targets and Therapy 2025:17 106

Dong et al                                                                                                                                                                           

Powered by TCPDF (www.tcpdf.org)



and basic demographic data like age and tumor size. The similar distribution of these characteristics between the two 
groups, reflected in the p-values (all above 0.05 except for a marginally significant difference in ER status with p=0.053), 
supports the external validity of the findings derived from this dataset.

Radiomics Score Building
After filtering out features with an ICC of ≤ 0.75, we retained 912 features from the DCE-MRI data (Table S1). The 
mRMR algorithm then narrowed this selection down to 30 significant features. Subsequently, the LASSO regression 
analysis, as illustrated in Figure 2, identified 7 pivotal features. These were further refined through backward stepwise 
logistic regression analysis, which pinpointed 4 essential radiomics features linked to ALNM in young onset breast 
cancer (Table S2). Utilizing these features, we developed a DCE-MRI radiomics score, formulated as follows:

Model Building and Validation
Table 2 outlines the results of stepwise multivariate analyses used to predict lymph node metastasis (LNM) in breast 
cancer, focusing on a clinical model and a clinical-radiomics model. In the clinical model, multifocality, molecular 
subtypes, tumor size, and MRI-reported axillary lymph node (ALN) status were significant predictors, with MRI-reported 

Table 1 (Continued). 

Characteristic Training Set  
(n = 198)

Validation Set  
(n = 99)

P-value

n % n %

Histologic type 0.531
IDC 145 73.2% 69 69.7%

ILC 37 18.7% 18 18.2%

Other 16 8.1% 12 12.1%
ER 0.053

Positive 151 76.3% 65 65.7%

Negative 47 23.7% 34 34.3%
PR 0.459

Positive 103 52.0% 56 71.7%

Negative 95 48.0% 43 28.3%
HER2 0.119

Positive 49 24.7% 33 23.2%

Negative 149 75.3% 66 76.8%
ki67 0.366

≥ 2 45 22.7% 18 18.2%

< 2 153 77.3% 81 81.8%
Molecular subtypes 0.375

Luminal A 95 48.0% 47 47.5%

Luminal B 43 21.7% 15 15.2%
HER2-positive 19 9.6% 9 9.1%

Triple-negative 41 20.7% 28 28.3%

Age (Mean ± SD, Years) 38.5 ± 4.9 37.9 ± 4.2 0.731
Tumor Size (Mean ± SD, mm) 25.4 ± 6.1 23.7 ± 4.5 0.564

Abbreviations: ALN, axilla lymph node; ER, estrogen receptor; HER2, human epidermal growth factor 
receptor 2; IDC, invasive ductal carcinoma; ILC, invasive lobular carcinoma; MRI, magnetic resonance 
imaging; PR, progesterone receptor.
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ALN status showing a particularly strong association with LNM (OR = 3.17, p = 0.003). Transitioning to the clinical- 
radiomics model, the inclusion of a radiomics score markedly improved predictive power. The radiomics score itself 
demonstrated a substantial odds ratio of 2.63 (p = 0.009). This model adjustment not only retained the significance of 
molecular subtypes and tumor size but also elevated the odds ratio for MRI-reported ALN status to 6.12 (p = 0.024). To 
further ensure the robustness of the clinical-radiomics nomogram, a 5-fold cross-validation was conducted during the 
training phase. This yielded a consistent mean cross-validated AUC of 0.884 across folds, demonstrating the stability of 
the model. In the independent validation cohort, the model achieved a testing accuracy of 87.7%, confirming its 
reliability in predicting ALNM.

Figure 3 display the ROC curves for two predictive models across the training and validation datasets. In training set 
(Figure 3A), the clinical-radiomics model significantly outperforms the clinical model with an AUC of 0.892 compared 

Figure 2 LASSO Regression Analysis for Feature Selection in the Training Set. The LASSO regression process used to select features within the training set for predicting 
axillary lymph node metastasis. (A) displays the trajectories of the coefficients for various predictors across different log(λ) values, demonstrating how each coefficient 
approaches zero as the regularization penalty increases. (B) shows the mean squared error (MSE) of the model across various log(λ) values, with the continuous red line 
indicating MSE and dotted vertical lines identifying the optimal λ values that ensure a balance between model accuracy and simplicity.

Table 2 The Results of Stepwise Multivariate Analyses for 
Prediction of LNM

Characteristics Odds Ratio (95% CI) P-value

Clinical model
Multifocality 1.11 (0.02, 2.39) 0.042

Molecular subtypes 2.45 (0.78, 6.05) 0.037
Tumor size 0.33 (0.05, 0.86) 0.036

MRI-reported ALN status 3.17 (1.10, 12.86) 0.003

Clinical-radiomics model
Multifocality 0.29 (- 0.07, 1.34) 0.300

Molecular subtypes 1.22 (0.86, 3.29) 0.020

Tumor size 1.39 (1.01, 3.25) 0.035
MRI-reported ALN status 6.12 (1.79, 11.45) 0.024

Radiomics score 2.63 (1.80, 3.78) 0.009
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to 0.653. Validation set (Figure 3B) shows a similar trend, where the clinical-radiomics model achieves an AUC of 0.877, 
vastly superior to the clinical model’s AUC of 0.621.

Figure 4 demonstrates the effectiveness of a clinical-radiomics nomogram in predicting ALNM in young onset breast 
cancer patients. The nomogram effectively integrates clinical and radiomic data to provide a predictive tool (Figure 4A). 
Calibration curves for both the training set (Figure 4B) and validation set (Figure 4C) show that the nomogram is well- 
calibrated, indicating its predictions closely match the observed outcomes. This consistency across both datasets under
scores the nomogram’s reliability and potential utility in clinical settings, offering a robust method for personalized risk 
assessment in young onset breast cancer patients. Figure 5 showcases a decision curve analysis (DCA) which confirms 
that the clinical-radiomics nomogram delivers higher net benefits across various threshold probabilities than standard 
models.

Discussion
The ability to accurately predict ALNM in young onset breast cancer patients is crucial, given its direct impact on 
staging, treatment decisions, and prognosis.9,10 For this demographic, characterized by aggressive tumor characteristics 
and poorer outcomes compared to later-onset cases, early identification of nodal involvement can guide therapeutic 
strategies, potentially altering the extent of surgical intervention and the need for systemic therapies.11,12 Therefore, 
enhancing the accuracy of ALNM prediction is paramount for optimizing treatment plans and improving survival rates.

Our study introduced a clinical-radiomics nomogram that integrates DCE-MRI-derived radiomic features with traditional 
clinical predictors, aimed at refining the prediction of ALNM. The model was rigorously tested across a training set and an 
independent validation cohort, where it demonstrated high predictive accuracy, reflected by substantial AUC values. The 
effectiveness of this model underscores the benefits of incorporating radiomic analysis, which extracts a vast array of 
quantitative data from imaging, into clinical predictive models. This integration offers a more nuanced understanding of 
tumor behavior, beyond what can be gleaned from traditional imaging assessments alone.13,14

Each predictor included in the nomogram—multifocality, molecular subtypes, tumor size, and MRI-reported ALN 
status—carries distinct clinical significance. Multifocality suggests a disseminated tumorigenic process within the breast, 
often correlating with a higher likelihood of systemic spread.15 Different molecular subtypes of breast cancer respond 
differently to treatment and have varied prognostic outcomes, with some subtypes such as HER2-enriched and triple- 
negative being associated with a higher propensity for lymphatic spread.16,17 Tumor size has long been recognized as 
a critical factor in cancer staging; larger tumors have a higher chance of metastasizing due to their increased likelihood of 
acquiring mutations that facilitate invasion and metastasis.18 MRI-reported ALN status provides a visual assessment of 
nodal involvement, which can preempt the need for invasive biopsy procedures if predictive accuracy is high.19

Figure 3 ROC Curves Comparing Clinical and Clinical-Radiomics Models on the training set (A) and the validation set (B). Panel A shows the ROC curves from the training 
set, highlighting the comparative performance of the clinical model against the more advanced clinical-radiomics model. Panel B presents the ROC curves from the validation 
set, similarly comparing the two models. The curves demonstrate the superior predictive capability of the clinical-radiomics model over the traditional clinical model in both 
datasets.
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The role of radiomics in enhancing ALNM prediction has been increasingly documented. Studies have highlighted how 
radiomic features can reveal subtle patterns in tissue architecture that are not detectable by the naked eye, providing predictive 
insights that surpass traditional imaging methods.20,21 These findings suggest that radiomics could play a transformative role 
in how breast cancer is assessed, moving towards more data-driven, precision-based approaches.

In comparison to existing methods, such as ultrasound-based prediction models, DCE-MRI offers superior soft tissue 
contrast and spatial resolution, which are advantageous for detecting subtle changes in axillary lymph nodes.22 Ultrasound- 
based studies have provided valuable insights into ALNM prediction by correlating nodal size, cortical thickness, and vascular 
patterns with metastatic involvement.23,24 However, these methods are often limited by operator dependency and lower 
reproducibility compared to radiomics. Incorporating DCE-MRI-derived radiomic features, as demonstrated in our study, 
offers a more standardized and comprehensive approach, leveraging the wealth of quantitative data extracted from imaging to 
enhance predictive accuracy. Several studies have also explored the use of ultrasound and radiomic features in predicting 

Figure 4 Clinical-Radiomics Nomogram and Calibration Curves. The clinical-radiomics nomogram developed for predicting axillary lymph node metastasis in young onset 
breast cancer patients (A). In the molecular subtypes section, 1, 2, 3, and 4 represent Luminal A, Luminal B, HER2-enriched, and Triple-negative subtypes, respectively. 
Calibration curves of the clinical-radiomics nomogram in the training set (B) and validation set (C).
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ALNM, highlighting their potential in clinical practice. For instance, recent ultrasound-based models have shown promise in 
identifying nodal metastases but lack the advanced analytical capabilities of radiomics in capturing tumor heterogeneity and 
microenvironmental features.25 Our study advances this field by specifically tailoring the predictive model to young-onset 
breast cancer patients, addressing the unique challenges posed by this subgroup.

Despite these advancements, our study has limitations. Notably, the lack of direct pathological correlation in our analysis is 
a significant constraint, as histological validation remains the gold standard for confirming nodal metastases. Additionally, this 
study’s retrospective design and confinement to a single institution limit its broader applicability. To address these limitations, 
future research should focus on multicentric and prospective validations to confirm and possibly enhance the nomogram’s 
predictive power across diverse populations. The integration of genomic data and other emerging biomarkers into the nomogram 
could offer deeper insights into the mechanisms driving lymph node metastasis, potentially improving predictive accuracy and 
clinical utility.26

In summary, our clinical-radiomics nomogram represents a significant step forward in personalizing the management of 
young onset breast cancer. It provides a scientifically validated, non-invasive tool that enhances the prediction of ALNM, 
enabling more precise and tailored treatment strategies. This approach not only improves clinical decision-making but also 
holds the potential to significantly impact patient outcomes by aligning treatment with individual risk profiles, thus embodying 
the principles of precision medicine in oncology.
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expected benefit of treatment equals the expected harm. The y-axis shows the net benefit, calculated by weighing the true positives against the consequences of false positives.
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