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1. Abstract 

Background 

Breast cancer is a heterogeneous disease requiring accurate diagnosis and classification for 

optimal treatment. Conventional imaging methods, such as mammography and 

ultrasound, have limitations in differentiating benign from malignant lesions and in 

classifying molecular subtypes. Magnetic Resonance Imaging (MRI), combined with 

radiomics and machine learning (ML), offers a promising non-invasive approach to 

improving diagnostic accuracy and tumor subtyping. 

Purpose 

This study aimed to develop and validate radiomic models for distinguishing between 

benign and malignant breast lesions and classifying malignant lesions into molecular 

subtypes (Luminal A, Luminal B, HER2-positive, and Triple-Negative). 

Materials and Methods 

This research was conducted on a dataset of 347 patients, including both retrospective and 

prospectively collected cases. Radiomic features were extracted from manually segmented 

lesions using the TRACE4Research™ platform. Five ML models were developed: Logistic 

Regression, Random Forest, k-Nearest Neighbors, Support Vector Machine, and Multi-

Layer Perceptron. Internal validation was performed on a prospective cohort (n=47), while 

external validation included an independent dataset (n=50). Model performance was 

evaluated using ROC-AUC, accuracy, sensitivity, specificity, positive predictive value 

(PPV), and negative predictive value (NPV). 

Results 

The Benign vs. Malignant model demonstrated excellent performance, achieving a ROC-

AUC of 88%. The model maintained a high ROC-AUC of 86% in external validation. The 

Luminal vs. Non-Luminal model performed well in internal validation (ROC-AUC 84%) 

but showed a decline in specificity from 74% (internal) to 63% (external validation). The 

Luminal A vs. Luminal B model exhibited limited discriminatory power (ROC-AUC 74%), 



indicating significant challenges in distinguishing these subtypes radiologically. The 

HER2+ vs. Triple-Negative model retained acceptable reliability, with ROC-AUC 81%. 

Conclusion 

Radiomic models, particularly the Benign vs. Malignant classifier, showed high diagnostic 

accuracy, reinforcing the potential of radiomics in non-invasive breast cancer detection. 

This approach could support clinical decision-making by providing additional 

quantitative information, optimizing patient management, and minimizing unnecessary 

interventions. However, molecular subtyping models exhibited a progressive decline in 

performance, emphasizing the complexity of distinguishing tumor subtypes based solely 

on imaging. Future research should explore larger, multi-center datasets and integrate 

radiomics with molecular biomarkers to enhance precision oncology in breast cancer 

management.  



2. Introduction 

 

2.1 Background 

Breast cancer is one of the most prevalent cancers worldwide, representing a significant 

health burden [1]. Breast cancer accounts for a considerable proportion of cancer cases and 

deaths among women globally [2]. The incidence has been steadily rising, with higher 

rates observed in developed countries, attributed to lifestyle factors, reproductive patterns, 

and aging populations [1]. Advancements in screening and treatment have improved 

survival rates, particularly in settings where early diagnosis is common [2]. Nonetheless, 

breast cancer remains a complex disease with varying subtypes that present unique 

diagnostic and treatment challenges [3]. The heterogeneity of breast cancer subtypes and 

the evolving landscape of diagnostic technologies highlight the need for personalized 

approaches to treatment and early detection [3]. 

Breast cancer is not a single disease but a heterogeneous group with distinct molecular 

subtypes, each with different prognoses and treatment responses. The molecular 

classification includes Luminal A, Luminal B, HER2-positive (HER2+), and Triple-

Negative breast cancer (TNBC). Luminal A is hormone receptor-positive (estrogen and/or 

progesterone), HER2-negative, and associated with a low Ki-67 index, indicating slower 

proliferation rates and typically a better prognosis. Luminal B tumors are also hormone 

receptor-positive but can be HER2-positive or negative, with a higher Ki-67 index, 

suggesting a more aggressive behavior than Luminal A [3] . 

HER2+ cancer is characterized by the overexpression of the HER2 protein, which promotes 

aggressive cancer cell growth but is treatable with targeted therapies. Conversely, TNBC 

lacks expression of estrogen, progesterone, and HER2 receptors, often leading to a more 

aggressive clinical course with fewer targeted treatment options available [2].  

Accurate classification of breast lesions and molecular subtypes is essential for effective 

treatment planning. However, conventional imaging modalities often face limitations in 

differentiating benign from malignant lesions, as well as in precise subtyping of 

malignancies. Mammography and ultrasound are widely used, but they may lack the 



sensitivity and specificity required for accurate diagnosis in certain cases, particularly for 

distinguishing more complex molecular subtypes [4]. Consequently, misclassification can 

lead to delayed or suboptimal treatment strategies, underscoring the need for advanced 

imaging approaches to support radiologists in diagnostic and therapeutic decision-

making. 

Magnetic Resonance Imaging (MRI) has emerged as a valuable tool in breast cancer 

detection and characterization due to its superior soft-tissue contrast and functional 

imaging capabilities. MRI techniques, including Dynamic Contrast-Enhanced MRI (DCE-

MRI), enable detailed visualization of lesion morphology and vascularity, which aids in 

distinguishing benign from malignant tissues [3] . MRI is commonly used for screening 

high-risk populations, assessing the extent of disease in known breast cancer patients, and 

guiding preoperative planning. 

However, MRI also has limitations, including high cost, longer acquisition times, and 

potential for false-positive results that can lead to unnecessary biopsies [5]. Additionally, 

image artifacts may arise if biopsies are conducted too closely to MRI imaging. Despite 

these limitations, MRI remains a central imaging modality in breast cancer management, 

especially when used in conjunction with advanced analytical techniques [5]. 

Radiomics is a rapidly evolving field that focuses on extracting a high-dimensional set of 

quantitative features from medical images, offering insights that are often imperceptible to 

the human eye. These features capture various aspects of lesion morphology, texture, and 

intensity, potentially reflecting underlying tumor biology [6]. By analyzing these patterns, 

radiomics has the aim to provide biomarkers associated with cancer aggressiveness, 

likelihood of metastasis, and response to therapy. However, standardizing radiomic 

feature extraction and ensuring reproducibility across different imaging platforms remains 

a challenge, necessitating robust methodologies and careful validation. 

Machine Learning (ML), a subset of artificial intelligence, has shown great promise in 

enhancing radiomics applications. ML algorithms are capable of learning complex 

patterns from large datasets and applying them to predict outcomes such as lesion 

classification or molecular subtyping in new cases. In breast imaging, ML-based models 



are being developed to assist in classifying lesions, predicting patient prognosis, and 

potentially personalizing therapy. When combined with radiomic data, ML models can 

achieve high diagnostic accuracy and aid radiologists by providing an objective, data-

driven assessment of breast cancer lesions [7]. 

 

2.2 Motivation and Significance of the Study 

Accurate diagnosis and classification of breast cancer are critical for patient management 

and tailored treatment strategies. Misclassification or delays in diagnosis can lead to 

ineffective treatments, unnecessary procedures, or worse outcomes for patients [5]. Once a 

malignancy is confirmed, subtyping becomes essential, as each molecular subtype 

Luminal A, Luminal B, HER2+, and TNBC requires specific therapeutic approaches [3].  

DCE-MRI and T2-weighted sequences are instrumental in capturing detailed information 

on lesion morphology, cellularity, and vascularity, which aids in distinguishing benign 

from malignant lesions. However, MRI interpretation is limited by human perception, and 

diagnostic consistency can be compromised by inter-observer variability [4]. By 

integrating advanced analytics like radiomics and ML, it is possible to extract additional 

quantitative features from MRI, revealing patterns not immediately visible to radiologists 

and enhancing the diagnostic potential of these imaging datasets [6]. 

Radiomics, combined with ML, offers a promising approach to maximizing the diagnostic 

utility of MRI. Radiomic analysis involves the extraction of high-dimensional quantitative 

features such as shape, texture, and intensity that reflect underlying tumor biology [7]. ML 

algorithms can then analyze these features to provide an objective assessment of lesions, 

potentially reducing diagnostic ambiguity.  

By developing and validating radiomic models using the TRACE4 platform, this study 

seeks to contribute to the fields of precision medicine and personalized oncology. 

Accurate, non-invasive lesion classification and subtyping could reduce reliance on 

invasive biopsies, alleviate patient anxiety, and streamline clinical workflows [8]. 

Furthermore, providing detailed subtyping information at diagnosis can assist clinicians 



in selecting appropriate therapies, supporting a move toward more targeted and 

personalized treatment plans. 

 

2.3 Objectives 

The primary goal of this study is to develop a series of radiomic models using ML to 

perform accurate classification and subtyping of breast lesions based on MRI data. 

Primary Objective 

To develop individual radiomic models for distinguishing between benign and malignant 

breast lesions using MRI data. 

Secondary Objectives 

To create a radiomic model to classify malignant breast lesions into luminal and non-

luminal subtypes, subsequently to develop two models for differentiating luminal breast 

cancers into Luminal A and Luminal B and non-luminal breast cancers into HER2+ and 

TNBC.  



3. Literature Review 

3.1 Breast Lesion Classification 

3.1.1 Benign vs. Malignant Lesions 

Breast lesions are typically divided into benign and malignant categories, a crucial initial 

step in diagnostic imaging. Benign lesions, such as fibroadenomas, cysts, and papillomas, 

are usually non-cancerous and exhibit slower growth patterns, often with well-defined 

margins and uniform internal characteristics on imaging. These lesions generally have 

lower potential for progression or metastasis and require less aggressive management [9]. 

However, benign lesions can sometimes mimic malignant features, especially in patients 

with dense breast tissue, which can obscure lesion characteristics and lead to inconclusive 

results on mammography or ultrasound [10]. This difficulty in differentiating benign from 

malignant lesions often results in a high rate of unnecessary biopsies, adding to patient 

anxiety and healthcare costs. 

Malignant lesions, on the other hand, exhibit diverse imaging features that reflect their 

varying levels of aggressiveness and underlying molecular profiles. MRI has proven 

valuable in detecting malignancies due to its higher sensitivity and superior soft-tissue 

contrast. Nevertheless, despite MRI’s advantages, some benign lesions may still mimic 

malignancy on imaging, which can lead to false positives. Radiomics and ML have been 

explored as potential solutions to this challenge, offering a quantitative approach that 

could enhance specificity by extracting and analyzing lesion characteristics in a way that 

reduces human interpretation variability [6]. 

 

3.1.2 Luminal and Non-Luminal Subtypes 

The differentiation between luminal and non-luminal breast cancer subtypes largely 

reflects the cellular origin within mammary tissue. Luminal tumors typically originate 

from epithelial cells lining the mammary ducts, which form the inner layer of the ductal 

system responsible for milk transport [11]. These cells exhibit secretory functions and 



retain characteristics similar to normal breast epithelial cells, contributing to a somewhat 

more indolent tumor behavior. In contrast, non-luminal tumors often arise from less 

differentiated or progenitor cell populations, which may be less specialized than ductal 

epithelial cells and display a higher proliferative and invasive potential, associated with a 

more aggressive clinical course [11]. 

3.1.3 Molecular Subtypes: Luminal A, Luminal B, HER2-positive, and Triple-Negative 

Further molecular subtyping within the luminal and non-luminal categories provides 

additional detail for prognosis and treatment. Luminal A and Luminal B tumors, both 

being hormone receptor-positive, are distinguished by their Ki-67 index and HER2 status. 

Luminal A cancers, characterized by a low Ki-67 index, indicate a slower-growing tumor 

and are typically associated with a favorable prognosis and response to hormone therapy 

alone. Luminal B cancers, with higher Ki-67 proliferation indices and possible HER2 

expression, are often more aggressive and may require a combination of hormone and 

chemotherapy [3]. These distinctions are clinically significant as they influence the 

therapeutic approach, with Luminal B cancers often necessitating more intensive 

treatment protocols. 

HER2+ breast cancers overexpress the HER2 protein, a growth factor receptor linked to 

aggressive tumor behavior. HER2+ cancers historically had poor outcomes, but the advent 

of HER2-targeted therapies has significantly improved survival rates, making precise 

identification critical [3]. 

TNBC is the most aggressive subtype, lacking all three receptors (ER, PR, and HER2) and 

thus being ineligible for hormone or HER2-targeted therapies. TNBC patients often 

experience a higher risk of metastasis, especially to visceral organs, and have limited 

treatment options beyond chemotherapy, which further underscores the importance of 

early, accurate detection [3]. Differentiating TNBC from other subtypes is crucial in 

tailoring more aggressive treatment regimens and identifying patients for clinical trials 

that explore novel therapies. 

3.2 MRI in Breast Cancer 



MRI has become an integral tool in breast cancer diagnostics due to its superior soft-tissue 

contrast, which allows for detailed visualization of both benign and malignant lesions. 

MRI offers several advanced imaging techniques, including DCE-MRI and Diffusion-

Weighted Imaging (DWI), which provide both anatomical and functional information. 

These capabilities make MRI particularly valuable in cases where mammography or 

ultrasound results are inconclusive, or in patients with dense breast tissue where other 

imaging methods may fall short [3]. 

 

3.2.1 MRI Techniques and Protocols 

Several MRI techniques are commonly used in breast cancer diagnostics, each contributing 

uniquely to lesion characterization: 

DCE-MRI involves the injection of a gadolinium-based contrast agent to visualize blood 

flow and vascular patterns within the breast tissue. Malignant lesions often show 

increased vascularity and distinct enhancement patterns compared to benign lesions, 

which enables radiologists to differentiate between benign and malignant findings with 

greater accuracy. The kinetics of contrast uptake, such as the rate of enhancement and 

washout, can provide additional insights into tumor aggressiveness and potential 

malignancy [4]. 

DWI assesses the movement of water molecules within tissue, capturing differences in 

cellular density that can signal malignancy. In breast cancer imaging, malignant tumors 

often show restricted diffusion due to their high cellularity, which can distinguish them 

from benign lesions. DWI is non-invasive and does not require contrast agents, making it 

particularly useful for patients with contraindications to contrast media [5]. 

Magnetic Resonance Spectroscopy (MRS): Though less commonly used, MRS analyzes the 

chemical composition of tissues, focusing on metabolites such as choline, which is often 

elevated in malignant tissue. MRS can complement other MRI techniques by providing 

molecular information that may indicate tumor aggressiveness [4]. 

Standard MRI protocols vary depending on the clinical scenario and patient factors. 

However, most protocols for breast cancer include a combination of high-resolution 



sequences and functional imaging techniques, allowing for comprehensive lesion 

assessment. Advances in MRI technology and protocol optimization continue to enhance 

diagnostic accuracy, reduce scan times, and improve patient comfort, making MRI a 

reliable component of breast cancer management. 

 

3.2.2 Role of MRI in Lesion Detection and Characterization 

MRI is often used in the following contexts: 

Screening High-Risk Patients: MRI is recommended for breast cancer screening in women 

with a high lifetime risk, such as those with BRCA1/2 mutations or a strong family history 

of breast cancer. In these populations, MRI can detect cancers that mammography might 

miss, particularly in dense breast tissue where its higher sensitivity proves beneficial [5]. 

Assessing the Extent of Disease: MRI provides a more comprehensive view of tumor 

extent, allowing for better preoperative planning. This is particularly important in patients 

considering breast-conserving surgery, as MRI can reveal multifocal or multicentric 

disease that might alter surgical approaches [4]. 

Evaluating Treatment Response: MRI is also valuable in assessing the response to 

neoadjuvant therapy. Changes in tumor size, vascularity, and cellularity observed on MRI 

can indicate treatment efficacy and guide adjustments to the therapeutic plan if necessary. 

Functional MRI techniques, such as DCE-MRI and DWI, are especially useful in 

monitoring tumor response, as they provide insights into biological changes within the 

tumor during treatment [3, 12]. 

Problem-Solving Tool: In cases where mammography or ultrasound results are 

ambiguous, MRI serves as a valuable problem-solving tool. Its higher sensitivity and 

ability to detect small or obscure lesions allow radiologists to make more informed 

diagnoses and reduce uncertainty. 

 

3.2.3 Limitations of MRI in Breast Cancer Imaging 

Despite its advantages, MRI has limitations that must be considered in the context of 

breast cancer diagnostics: 



High Costs and Accessibility: MRI is more expensive and less widely available than other 

imaging modalities, which may limit its use in some healthcare settings. This can pose a 

barrier to routine screening, especially in low-resource areas. 

Potential for False Positives: While MRI has high sensitivity, it may also lead to a higher 

rate of false positives compared to mammography or ultrasound. This is particularly 

common with benign conditions that exhibit enhancement patterns similar to 

malignancies, such as fibroadenomas or cysts. False positives can lead to unnecessary 

biopsies and increased patient anxiety [5]. 

Artifacts and Variability in Image Interpretation: MRI interpretation can vary among 

radiologists, and certain artifacts (e.g., motion or post-biopsy changes) may affect image 

quality. Image artifacts are particularly relevant in patients who have recently undergone 

biopsy, as hemorrhage or inflammation can mimic malignant features on MRI, potentially 

complicating diagnosis [6]. 

Patient Factors: MRI can be uncomfortable for some patients due to longer scan times and 

the need for intravenous contrast in DCE-MRI. Additionally, patients with certain 

conditions, such as renal impairment, may have contraindications to contrast agents, 

limiting the use of contrast-enhanced techniques. 

 

MRI’s Role in Future Diagnostic Advances 

As imaging technology advances, MRI’s role in breast cancer diagnostics is expected to 

expand, particularly with the integration of radiomics and machine learning. Radiomic 

analysis allows for the extraction of high-dimensional quantitative data from MRI images, 

potentially identifying subtle patterns that correlate with lesion characteristics and 

molecular subtypes. Combined with machine learning, radiomics holds promise for 

improving diagnostic specificity, enabling non-invasive molecular subtyping, and 

providing more accurate lesion classification [7]. By facilitating these advancements, MRI 

can contribute to a more personalized approach to breast cancer diagnostics, moving 

beyond conventional visual assessment to a data-driven model that offers additional 

support in clinical decision-making. 



 

3.3 Radiomics and Machine Learning in Medical Imaging 

Radiomics has emerged as a promising approach in oncology, offering insights beyond 

visual assessment. By capturing patterns related to tumor heterogeneity, shape, texture, 

and intensity, radiomics provides a deeper understanding of the biological characteristics 

of lesions, enabling non-invasive assessment of tumor behavior and prognosis. When 

paired with ML, radiomics has the potential to further enhance diagnostic precision and 

personalize cancer treatment by creating predictive models based on complex image data 

[6, 13, 14]. 

 

3.3.1 Radiomic Feature Extraction 

Radiomic features fall into several categories that characterize different aspects of the 

lesion: 

• First-Order Statistics: These features describe the distribution of pixel intensities 

within the image, capturing information such as mean intensity, standard 

deviation, skewness, and kurtosis. First-order features are useful for understanding 

general lesion properties but lack information on spatial relationships within the 

tumor [7]. 

• Shape Features: Shape features quantify the geometry of the lesion, including 

volume, surface area, compactness, and sphericity. These features are particularly 

relevant in oncology, as certain cancers exhibit characteristic shapes, and changes in 

shape can indicate disease progression or response to therapy [13]. 

• Texture Features: Texture features assess the spatial arrangement of pixel intensities 

within a lesion, reflecting heterogeneity within the tumor. Commonly used texture 

analyses include Gray-Level Co-occurrence Matrix (GLCM) and Gray-Level Run-

Length Matrix (GLRLM), which capture patterns such as roughness, smoothness, 

and complexity. Tumor heterogeneity is associated with aggressive behavior and 

poor prognosis, making texture analysis a valuable tool in cancer diagnostics [3]. 



• Higher-Order Features: Higher-order features, or filtered features, apply 

mathematical transformations, such as wavelets, to enhance specific image 

properties. These features can capture finer details related to tumor microstructure, 

providing additional information that complements first-order and texture features. 

Once extracted, these features create a high-dimensional dataset that represents the 

lesion’s quantitative profile. The challenge lies in identifying the most informative features 

for specific clinical tasks, as many features may be redundant or unrelated to the outcome 

of interest. Feature selection techniques are often applied to reduce dimensionality, 

ensuring that only the most relevant features are included in predictive models [6]. 

 

3.3.2 Machine Learning Algorithms Used in Radiomics 

ML has become an integral component of radiomics, providing the computational power 

to analyze complex imaging data and identify patterns linked to clinical outcomes. ML 

algorithms can learn from data, identifying relationships between radiomic features and 

diagnostic or prognostic labels without relying on explicitly programmed rules. 

• Supervised Learning Algorithms: In supervised learning, algorithms are trained on 

labeled data, meaning the outcomes (e.g., benign or malignant) are known. 

Commonly used supervised algorithms in radiomics include Support Vector 

Machines (SVM), Random Forests (RF), and Gradient Boosting Machines (GBM). 

These models are particularly effective for classification tasks, such as 

distinguishing between benign and malignant lesions or predicting specific cancer 

subtypes [7, 14]. 

• Unsupervised Learning Algorithms: Unsupervised learning does not rely on 

labeled data, allowing the algorithm to identify patterns and clusters within the 

dataset independently. Clustering algorithms, such as K-means and hierarchical 

clustering, are useful in exploratory analyses, revealing subgroups within a patient 

population that may have similar imaging characteristics or treatment responses 

[14]. 



• Deep Learning Models: Convolutional Neural Networks (CNNs) are a type of deep 

learning model specifically designed for image analysis. CNNs can automatically 

learn hierarchical features from imaging data, potentially bypassing the need for 

manual feature extraction. In radiomics, CNNs are being explored for tasks like 

lesion segmentation, feature extraction, and classification. However, they require 

large datasets and computational resources, which can be a limitation in some 

clinical studies [14]. 

Feature Selection and Model Optimization: Given the high dimensionality of radiomic 

data, feature selection is essential to prevent overfitting and ensure that models generalize 

well to new data. Techniques such as Recursive Feature Elimination (RFE) and Least 

Absolute Shrinkage and Selection Operator (LASSO) regression are commonly applied to 

select the most predictive features. Model optimization through cross-validation and 

hyperparameter tuning further enhances model performance, making ML models robust 

and reliable for clinical application [14]. 

 

3.3.3 Previous Studies on Radiomic Models for Breast Lesion Classification 

Numerous studies have explored the use of radiomics and ML in breast cancer 

diagnostics, with promising results: 

• Benign vs. Malignant Classification: Studies have shown that radiomic models 

using texture and shape features can distinguish between benign and malignant 

lesions with high accuracy. For instance, Mann et al. [4] demonstrated that a 

combination of DCE-MRI and texture analysis improved sensitivity and specificity 

in identifying malignant lesions, highlighting the potential for radiomics to support 

radiologists in challenging cases. 

• Molecular Subtyping: Radiomics has also been applied to differentiate molecular 

subtypes of breast cancer, such as Luminal A, Luminal B, HER2+, and Triple-

Negative. Lambin et al. [7] found that radiomic features extracted from MRI 

correlated with molecular profiles, enabling non-invasive subtyping that could 

guide treatment decisions. These findings suggest that radiomic models can capture 



tumor heterogeneity and biological behavior, which are critical for personalized 

oncology. 

• Treatment Response Prediction: Predicting how tumors will respond to treatment is 

another application of radiomics in breast cancer. By analyzing changes in radiomic 

features during therapy, studies have successfully identified imaging biomarkers 

associated with response or resistance to specific treatments. This approach allows 

for real-time monitoring of therapy effectiveness, offering a non-invasive way to 

guide treatment adjustments [15, 16]. 

Despite these advances, radiomic models face challenges in standardization, 

reproducibility, and clinical validation. Differences in MRI protocols, scanner types, 

and image processing methods can affect feature extraction, making it difficult to 

generalize models across institutions. Efforts to establish standardized radiomic 

workflows and cross-institutional collaborations are ongoing to address these issues, 

ensuring that radiomics and ML can be reliably integrated into clinical practice [16]. 

 

3.4 The TRACE4 Platform 

The TRACE4 platform (Trace4Research™, DeepTrace Technologies S.R.L.) is a specialized 

software environment developed to support radiomic analysis and machine learning 

applications in medical imaging. Designed to be compliant with the Image Biomarker 

Standardization Initiative (IBSI) guidelines [17], TRACE4 provides a robust and 

standardized workflow for each stage of radiomic feature extraction, preprocessing, 

selection, and model training. By enabling a fully automated, IBSI-compliant radiomic 

process, TRACE4 ensures consistency and reproducibility across datasets, which is 

essential for developing reliable predictive models in oncology. 

In this study, TRACE4 plays a central role in developing multiple radiomic models for 

breast lesion classification and molecular subtyping, leveraging MRI data to improve 

diagnostic precision and contribute to personalized breast cancer management. 



3.4.1 Overview of TRACE4 Capabilities 

TRACE4 provides several essential capabilities that address key aspects of data 

processing, feature extraction, and machine learning: 

• Image Data Management and Preprocessing: TRACE4 supports the organization 

and preprocessing of large imaging datasets, enabling efficient data management 

throughout the radiomic workflow. Built-in tools for image registration, isotropic 

resampling, and intensity normalization ensure standardized image preparation, 

minimizing inter-sample variability. In this study, the platform was used to 

preprocess MRI sequences, with specific voxel sizes applied to each sequence, 

ensuring consistency in radiomic feature computation. 

• Segmentation of Volumes of Interest (VOI): TRACE4 includes a manual 

segmentation tool that allows for precise delineation of lesion boundaries on a slice-

by-slice basis [Fig. 1]. In this study, segmentation was conducted by an experienced 

radiologist to accurately define each VOI, ensuring high-quality feature extraction. 

This step is critical for reliable radiomic analysis, as consistent and accurate 

segmentation directly affects the quality of features derived from the VOIs. 

• Radiomic Feature Extraction: TRACE4 supports the extraction of a wide range of 

radiomic features, compliant with IBSI standards: 

o Morphology Features: Quantifying lesion shape, size, and geometry. 

o Intensity-based Features: Assessing the distribution and variation of pixel 

intensities within the lesion. 

o Texture Features: Analyzing spatial patterns through methods such as Gray-

Level Co-occurrence Matrix (GLCM) and Gray-Level Run Length Matrix 

(GLRLM), which reflect tumor heterogeneity. 

o Higher-Order Features: Using mathematical filters (e.g., wavelet, square 

root, logarithm) to capture more subtle texture variations that may correlate 

with tumor biology. 



Additionally, TRACE4 enables the integration of deep learning-based feature 

extraction by supporting convolutional neural networks (e.g., ResNet50) to generate 

deep features, further enriching the dataset with high-dimensional image 

representations. 

• Feature Selection and Dimensionality Reduction: To manage the high-

dimensional radiomic data, TRACE4 offers feature selection and dimensionality 

reduction tools such as Recursive Feature Elimination (RFE), Least Absolute 

Shrinkage and Selection Operator (LASSO), and Principal Component Analysis 

(PCA). These tools help isolate the most informative and non-redundant features, 

optimizing the data for model training and improving predictive performance. 

• Machine Learning Model Development: TRACE4 integrates machine learning 

tools, allowing researchers to train, validate, and test various classification models 

within a unified environment. In this study, TRACE4 facilitated the development of 

multiple machine learning architectures for each binary classification task, from 

benign vs. malignant differentiation to molecular subtyping of luminal vs. non-

luminal lesions. Available machine learning methods in TRACE4 include 

algorithms such as Support Vector Machines (SVM), Random Forests (RF), and k-

Nearest Neighbors (kNN), as well as ensemble models and neural networks. 

3.4.2 Applications of TRACE4 in This Study 

In this study, TRACE4 was utilized to develop and validate radiomic models for each step 

in the classification process. These models included: 

• Benign vs. Malignant Classification Model: TRACE4’s feature extraction and 

machine learning tools were applied to train and optimize a model that 

distinguishes between benign and malignant breast lesions, using MRI-derived 

radiomic features. 

• Molecular Subtyping Models: Subsequent models were developed to classify 

malignant lesions into luminal and non-luminal categories, followed by further 



subtyping of luminal lesions into Luminal A and Luminal B, and non-luminal 

lesions into HER2-positive and Triple-Negative. 

• Internal and External Validation and Statistical Analysis: TRACE4 was also used 

for internal and external validation and statistical analysis, providing embedded 

tools to evaluate model performance based on accuracy, sensitivity, specificity, and 

Area Under the Receiver Operating Characteristic Curve (AUC-ROC). 

Ensuring Standardization and Reproducibility with TRACE4 

One of TRACE4’s main advantages is its ability to standardize each step of the radiomic 

workflow, from image preprocessing to model training. By adhering to IBSI standards and 

providing a fully integrated environment, TRACE4 minimizes variability in feature 

extraction, selection, and modeling, ensuring that results are reproducible across different 

datasets and institutions. This standardization is critical in radiomic research, as it 

addresses common issues such as inter-institutional variability and feature inconsistencies, 

paving the way for broader application in clinical settings. 

The use of TRACE4 in this study supports the development of rigorous, data-driven 

models for breast cancer diagnostics, which could assist radiologists in making informed, 

non-invasive diagnostic decisions. By leveraging TRACE4’s comprehensive capabilities, 

this study contributes to the advancement of breast cancer classification and molecular 

subtyping, aiming to enhance personalized care through precise and reproducible 

diagnostic tools. 

  



4. Materials and Methods 

 

4.1 Study Design 

This study follows a retrospective and prospective observational design, aimed at 

developing and validating radiomic models for the classification and molecular subtyping 

of breast lesions using MRI data. The models address binary classification tasks, 

progressing through increasingly detailed levels of subtyping: from benign vs. malignant 

classification to luminal vs. non-luminal and further molecular distinctions within 

malignant categories. 

The study design comprises three main phases: 

Development Phase: 

This initial phase utilized a retrospective dataset collected from the Department of 

Radiological, Oncological and Pathological Sciences, Sapienza University of Rome, 

between October 2020 and October 2023. The dataset included MRI images and 

histopathological results for a balanced number of cases in each classification category, 

with separate models developed for the classification tasks of benign vs. malignant, 

luminal vs. non-luminal, Luminal A vs. Luminal B, and HER2-positive vs. Triple-

Negative. 

During this phase, radiomic features were extracted and selected based on the IBSI 

guidelines, with machine learning algorithms trained, optimized and validate within the 

TRACE4Research platform. 

Internal Validation Phase: 

The internal validation phase was conducted with a prospectively enrolled cohort from 

the same department at Sapienza University of Rome, between January 2024 and July 

2024. This cohort included unbalanced case distributions across classification categories 



and was used to test each model’s accuracy, sensitivity, specificity, and AUC-ROC on 

unseen cases. 

External Validation Phase: 

An external validation phase was conducted using cases obtained from the database of the 

Interdisciplinary Department of Medicine, Section of Radiology and Radiation Oncology, 

University of Bari “Aldo Moro”. This independent dataset provided an opportunity to 

evaluate model generalizability beyond the development and internal validation cohorts, 

establishing the models' performance across different patient populations and imaging 

protocols. 

4.2 Patient Population 

4.2.1 Inclusion and Exclusion Criteria 

To ensure the study’s relevance to clinical practice and maintain high-quality imaging 

data, specific inclusion and exclusion criteria were established for patient selection: 

Inclusion Criteria: 

• Patients over 18 years of age. 

• Lesions characterized histologically through percutaneous biopsy. 

• Availability DCE-MRI scans. 

• No current neoadjuvant therapy at the time of imaging. 

Exclusion Criteria: 

• Personal history of previous malignancies. 

• Inadequate or incomplete MRI images. 

• Histological diagnosis of ductal carcinoma in situ without invasive components. 

• Previous systemic cancer treatment. 

• Poor MRI image quality or the presence of significant artifacts that caused signal 

distortion in the tumor region, as assessed by a radiologist specializing in breast 

imaging. 



4.2.2 Ethical Considerations 

Since patients in both the retrospective and prospective phases followed standard 

diagnostic and therapeutic pathways, the institutional ethics committee deemed informed 

consent unnecessary. All collected data were anonymized to ensure patient privacy, 

preventing any potential identification or linkage to individual patients. This approach 

adhered to institutional guidelines for the ethical handling of medical imaging data in 

observational research. 

4.3 MRI Acquisition Protocol 

4.3.1 Imaging Parameters 

DCE-MRI scans were acquired using a 3 Tesla (3T) magnet (Discovery 750; GE Healthcare, 

Milwaukee, WI, USA) equipped with an 8-channel dedicated breast coil. All patients were 

positioned prone to optimize image quality and lesion visibility. 

The DCE-MRI protocol specifically included: 

2D Axial Fat-Saturated T2-Weighted Fast Spin-Echo (FSE) Sequence: Based on a three-

point Dixon technique (IDEAL), allowing precise fat suppression. 

3D Axial Dual-Echo Fat-Saturated T1-Weighted Dynamic Sequence (DISCO): This 

sequence was acquired once prior to and nine times following the administration of 

contrast medium (gadoteridol-ProHance 279.3 mg/mL; Bracco Imaging Italia Srl, Milan, 

Italy). 

For the post-contrast T1-weighted images, gadoteridol was administered at a dose of 0.1 

mmol/kg (0.2 mL/kg) via intravenous injection at a rate of 3 mL/s through a 22G 

peripheral venous access. This injection was followed by a saline flush of 20 mL. 

Subtraction images were generated for each scan to enhance lesion visualization and 

differentiate enhancing from non-enhancing tissues. 

4.3.2 Preprocessing Steps 

To standardize image data for radiomic analysis, preprocessing was performed as follows: 



Resampling: The Subtraction sequence was resampled to a voxel spacing of 1 mm, and the 

T2-weighted sequence to 2 mm, ensuring isotropic voxel dimensions across the dataset. 

Intensity Normalization: Intensity values within each VOI were normalized to reduce 

variations due to imaging acquisition parameters. 

Subtraction Image Generation: Subtraction images were automatically generated for all 

post-contrast scans, allowing for enhanced focus on contrast-enhancing regions and 

reducing interference from background tissues. 

4.4 Lesion Segmentation 

4.4.1 Manual Segmentation Procedure 

Lesions were segmented manually on each slice of the MRI scan using the 

TRACE4Research™ software platform. The segmentation was performed by a board-

certified radiologist with six years of experience in breast imaging, with a specific focus on 

accurately delineating lesion boundaries to capture the complete VOI. 

The segmentation protocol involved: 

Slice-by-Slice Delineation: Each lesion was outlined on individual MRI slices, ensuring 

detailed representation of the lesion’s shape and volume. 

Inclusion of Entire Lesion Volume: Care was taken to capture the entire lesion, from its 

initial appearance to the last visible slice, to provide a comprehensive representation. 

4.4.2 Quality Assurance and Supervisor Oversight 

To ensure accuracy and reproducibility, the segmentation process was supervised by a 

senior radiologist with over 20 years of experience in breast imaging. The supervisor 

provided oversight by reviewing a subset of segmented images, confirming the 

appropriateness of boundary delineations and making adjustments if necessary. 

Additionally, segmentation quality was assessed based on criteria such as: 



Boundary Precision: Ensuring that the lesion borders were defined precisely, avoiding the 

inclusion of surrounding non-lesional tissue. 

Inter-Slice Consistency: Checking for consistency across adjacent slices to maintain a 

smooth and anatomically accurate lesion volume. 

4.5 Radiomic Feature Extraction 

Radiomic feature extraction is a central component of this study, providing a quantitative 

representation of breast lesion characteristics derived from MRI data.  

4.5.1 Feature Categories 

Radiomic features were computed from the segmented VOI on each MRI sequence, 

representing different aspects of the lesion’s morphology, intensity, and texture. The 

extracted features fall into the following categories: 

Morphology Features: These features quantify the shape, size, and overall geometry of the 

lesion, providing insights into its physical structure. Morphology features were derived 

solely from the original image to ensure precise geometric representation. 

Intensity-Based Statistics and Intensity Histogram: Intensity-based statistics describe the 

distribution of pixel intensities within the lesion, while histogram-based features capture 

intensity variations. These features were extracted after discretizing the intensity values 

within the VOI into 64 fixed bins, allowing for standardization across samples. 

Texture Features: Texture features provide information on the spatial arrangement of 

intensities, reflecting the heterogeneity within the lesion. These features were computed 

using: 

Gray-Level Co-occurrence Matrix (GLCM): Describes the frequency of intensity pairs 

within a specified distance, reflecting textural patterns. 

Gray-Level Run Length Matrix (GLRLM): Measures the length of consecutive pixels with 

the same intensity, offering insights into textural smoothness. 



Gray-Level Size Zone Matrix (GLSZM): Quantifies zones of connected pixels with the 

same intensity, which can reveal lesion compactness or fragmentation. 

Neighborhood Gray Tone Difference Matrix (NGTDM): Captures intensity differences 

between neighboring pixels, highlighting local variations. 

Neighboring Gray Level Dependence Matrix (NGLDM): Evaluates dependencies between 

gray levels in adjacent pixels. 

Higher-order texture features were extracted from the original image and several filtered 

versions (e.g., wavelet, square root, logarithmic, exponential, gradient, and Laplacian of 

Gaussian filters) to enhance feature richness. These filters, except for morphology features, 

allowed the study to capture a broader range of imaging patterns potentially associated 

with tumor biology. 

4.6 Machine Learning Model Development 

The development of machine learning models for this study aimed to classify breast 

lesions based on MRI-derived radiomic features across different diagnostic categories, 

including benign vs. malignant and various molecular subtypes. Each model was tailored 

to a specific binary classification task, and models were trained, validated, and tested 

following supervised learning methods. 

4.6.1 Data Splitting and Validation Strategies 

Data for model training, validation, and testing were divided into internal and external 

cohorts to ensure model robustness and generalizability: 

Internal Dataset: This dataset was used for training and cross-validation of the machine 

learning models. A nested 10-fold cross-validation strategy was implemented, creating ten 

model ensembles for each architecture, with each ensemble consisting of nine classifiers. 

This cross-validation approach enabled comprehensive performance evaluation while 

avoiding overfitting. 



External Dataset: A separate dataset, acquired from the Interdisciplinary Department of 

Medicine, Section of Radiology and Radiation Oncology, University of Bari “Aldo Moro”, 

served as an independent test set. This dataset provided an opportunity to evaluate the 

models’ performance on cases collected from a different institution, assessing their 

generalizability. 

To address class imbalance, particularly for models where one class had fewer instances, 

oversampling was performed using the Adaptive Synthetic Sampling Method (ADASYN). 

This technique enhanced the model’s sensitivity to minority classes, ensuring balanced 

performance across classification tasks. 

4.6.2 Classification Models for Each Step 

Five machine learning architectures were developed, tested over a range of 

hyperparameters, and optimized using feature selection techniques. Each architecture was 

evaluated for its diagnostic accuracy, using histopathological diagnosis from biopsy as the 

reference standard. 

4.6.2.1 Benign vs. Malignant Classification 

The first model aimed to distinguish between benign and malignant lesions. The radiomic 

features were selected using a genetic algorithm based on mutual information, prioritizing 

features with high correlation to the class label and low inter-feature redundancy. Each of 

the five architectures was configured for this binary classification: 

Random Forest (RF): Combined with Principal Component Analysis (PCA) and Fisher 

Discriminant Ratio (FDR), using the Gini Index as the criterion and applying a mean-vote 

rule. 

Support Vector Machine (SVM): Paired with PCA and FDR, optimized for feature 

dimensionality reduction. 

K-Nearest Neighbors (kNN): Integrated with PCA and FDR to optimize the 

neighborhood-based classification. 



Multi-Layer Perceptron (MLP): Combined with PCA and FDR to reduce dimensionality 

before classification. 

Logistic Regression (LR): Coupled with PCA and FDR, emphasizing linear separability for 

the binary classification task. 

4.6.2.2 Luminal vs. Non-Luminal Classification 

The second model was developed to classify malignant lesions into luminal and non-

luminal categories, leveraging the same five architectures. PCA and FDR were employed 

to reduce feature dimensions while preserving discriminative power for luminal 

classification. 

4.6.2.3 Luminal A vs. Luminal B Classification 

The third model focused on subtyping luminal cancers into Luminal A and Luminal B 

categories. Each architecture was evaluated for its ability to differentiate these subtypes, 

with mean-vote ensemble strategies applied to maximize diagnostic performance. 

4.6.2.4 HER2-Positive vs. Triple-Negative Classification 

The final model was tailored to distinguish between HER2-positive and Triple-Negative 

tumors. This classification is crucial due to the distinct treatment pathways for these 

subtypes, making accurate and non-invasive classification essential. Ensemble strategies 

and feature selection methods were applied similarly to previous models. 

4.6.3 Model Evaluation Metrics 

Model performance was evaluated based on multiple metrics, including: 

ROC-AUC 

Accuracy 

Sensitivity 

Specificity 

Positive Predictive Value (PPV) 



Negative Predictive Value (NPV) 

The model with the highest mean ROC-AUC on the internal testing set was selected as the 

optimal model for each classification task. 

4.7 Gold Standard: Histopathological Analysis 

Histopathological analysis served as the gold standard for defining the diagnostic labels in 

this study, providing accurate lesion classification for machine learning model training 

and validation. Percutaneous biopsy results established the benign or malignant nature of 

each lesion, with further molecular subtyping performed for malignant cases. 

4.7.1 Percutaneous Biopsy Procedures 

Percutaneous biopsies were conducted by a team of interventional radiologists 

specializing in breast procedures at the department. The biopsy techniques were selected 

based on the lesion’s visibility across imaging modalities: 

Ultrasound-Guided Core Needle Biopsy: for lesions visible on ultrasound, this method 

provided direct needle guidance, enabling precise tissue sampling. 

Stereotactic Mammography-Guided Biopsy: when lesions were best visualized via 

mammography, stereotactic guidance was used for accurate targeting, especially for 

smaller or less accessible lesions. 

The histopathological analyses were performed by two experienced pathologists within 

the department, with 25 and 15 years of experience, respectively. They evaluated each 

biopsy sample, analyzing morphological details, cell structure, and relevant molecular 

markers, such as hormone receptors and HER2 status.  

4.7.2 Timing Relative to MRI to Avoid Artifacts 

To prevent MRI signal distortion from biopsy-related changes, timing protocols were 

implemented: 



Pre-MRI Biopsy: Whenever possible, biopsies were conducted prior to MRI to avoid post-

procedural artifacts. 

Post-MRI Biopsy: If biopsy followed MRI, a minimum interval of 15 days was observed to 

minimize any artifacts from the biopsy, such as edema or hemorrhage, ensuring high-

quality imaging for radiomic analysis. 

4.8 Statistical Analysis 

Statistical analysis was conducted using the embedded tools within the TRACE4Research 

platform, facilitating consistent and standardized evaluation of radiomic features and 

model performance metrics. This analysis aimed to assess the significance of specific 

radiomic features in distinguishing between the different classes, as well as to evaluate the 

overall performance of each classification model. 

To describe the distribution of the most relevant radiomic features within each class, the 

median values and 95% confidence intervals (CIs) were calculated for both groups 

involved in the single model.  

Wilcoxon Rank-Sum Test (Mann-Whitney U Test) was applied to each relevant radiomic 

predictor to assess its ability to differentiate between classes. To control for Type I errors 

resulting from multiple statistical comparisons, p-values were adjusted using the 

Bonferroni-Holm correction method. This adjustment ensured a conservative approach, 

maintaining statistical validity across multiple tests. 

For all reported p-values, significance thresholds were set as follows: 

p < 0.05 (*): Statistically significant 

p < 0.005 (**): Highly statistically significant 

These significance levels provided a framework for interpreting the strength of each 

feature’s discriminative power. Only features meeting these thresholds were considered 

informative for further analysis and model development, thereby refining the dataset to 

include the most robust predictors for classification.  



5. Results 

 

5.1 Patient Demographics and Clinical Characteristics 

All patients in this study were female, aged between 26 and 82 years (median age of 54 

years). Each patient presented with a newly diagnosed breast lesion and had no previous 

history of breast cancer. To ensure a balanced dataset, cases were grouped equally for each 

classification task. In cases with multiple lesions in the same patient, only the lesion that 

underwent percutaneous biopsy or the index lesion selected for future biopsy was 

analyzed. 

Classification Groups 

Benign vs. Malignant Lesions. 

The initial classification model was developed using a balanced set of 100 benign and 100 

malignant lesions.  

The benign lesions were distributed as follows: 

• Fibroadenomas: 45 cases. 

• Liponecrosis: 6 cases 

• Papillomas: 16 cases. 

• Radial Scar / Complex Sclerosing Lesion: 10 cases. 

• Pseudoangiomatous Stromal Hyperplasia (PASH): 3 cases. 

• Granular Cell Tumor: 2 cases. 

• Fibrocystic Breast Disease: 8 cases. 

• Atypical Ductal Hyperplasia (ADH): 10 cases 

Luminal vs. Non-Luminal Malignant Lesions 

For the second model, 100 luminal and 100 non-luminal lesions were enrolled. 

Luminal A vs. Luminal B and HER2-positive vs. Triple-Negative 



Malignant lesions were further subtyped into 50 Luminal A, 50 Luminal B, 50 HER2-

positive, and 50 TNBC.  

Prospective Phase Cohort 

In the prospective phase, a total of 47 patients were enrolled: 

Benign Lesions: 9 cases, classified as follows: 

• Fibroadenomas: 5 cases 

• Papillomas: 2 cases 

• Atypical Ductal Hyperplasia (ADH): 2 cases 

Malignant Lesions: 38 cases, including 12 Luminal A, 16 Luminal B, 4 HER2+, and 6 

TNBC.  

External Validation Cohort 

For external validation, an independent database was utilized, including a total of 50 

patients: 

Benign Lesions: 26 cases, broken down as follows: 

• Fibroadenomas: 10 cases 

• Papillomas: 5 cases 

• Fibrocystic Changes: 6 

• Radial Scar / Complex Sclerosing Lesion: 2 cases 

• Atypical Ductal Hyperplasia (ADH): 2 cases 

• Pseudoangiomatous Stromal Hyperplasia (PASH): 1 case 

Malignant Lesions: 24 cases, distributed evenly across subtypes with 6 cases each for 

Luminal A, Luminal B, HER2-positive, and Triple-Negative. 

5.2 Model Performance for Each Classification Step 

5.2.1 Benign vs. Malignant Results 



The first classification model, utilized three ensembles of Logistic Regression classifiers 

designed to differentiate benign from malignant breast lesions, demonstrated robust 

performance metrics across internal validation and external validation datasets [Fig. 2] 

[Tab. 1]. 

The model’s high sensitivity and specificity in the internal validation indicate its reliability 

in classifying benign and malignant lesions. In the external validation cohort, the model 

maintained a high specificity, though sensitivity was somewhat reduced, highlighting the 

potential impact of population variability on model performance [Tab. 1]. 

Radiomic Features Selected 

Thirty-four radiomic features were selected based on their ability to discriminate between 

benign and malignant lesions [Tab.2].  

Each feature’s significance was confirmed with a median-based analysis, achieving p-

values < 0.005 (Bonferroni-Holm corrected) and underscoring their relevance for accurate 

lesion classification. 

5.2.2 Luminal vs. Non-Luminal Results 

The second classification model, developed to distinguish luminal from non-luminal 

breast cancer subtypes, utilized three ensembles of Random Forest classifiers. The model’s 

performance demonstrated good predictive capability for molecular subtyping [Fig. 3] 

[Tab. 3]. 

The model maintained high sensitivity in both validation sets, reflecting its ability to 

correctly identify luminal cases. The specificity was somewhat reduced in the external 

validation, likely due to population variability, but remained within acceptable ranges for 

clinical application. 

Selected Radiomic Features 

A total of 24 radiomic features were identified as highly discriminative between luminal 

and non-luminal subtypes. The selected features included a combination of texture, 



morphology, and intensity-based statistics, underscoring the heterogeneity within these 

molecular subtypes [Tab.4].  

Each feature exhibited statistically significant differences between luminal and non-

luminal classes, with all p-values corrected to <0.005 via the Bonferroni-Holm method.  

5.2.3 Luminal A vs. Luminal B Results 

The third classification model, developed to distinguish between Luminal A and Luminal 

B subtypes, employed an ensemble of three Logistic Regression classifiers [Fig. 4] [Tab. 5].  

The model’s high sensitivity in both internal and external testing suggests reliable 

detection of Luminal A cases, while the reduced specificity in external testing indicates 

some challenges in accurately identifying Luminal B cases within external populations. 

Selected Radiomic Features 

A set of 19 radiomic features was selected to differentiate Luminal A from Luminal B 

lesions, with intensity-based statistics, texture features, and morphological characteristics 

showing significant discriminatory power [Tab. 6].  

Each feature exhibited distinct median values for Luminal A and Luminal B classes, with 

statistical analysis confirming significance at p < 0.05 for most features. Corrected p-values 

via Bonferroni-Holm adjustment confirmed two radiomic predictors in distinguishing the 

luminals subtypes. 

5.2.4 HER2+ vs. Triple-Negative Results 

The fourth classification model aimed to differentiate between HER2+ and TNBC 

subtypes. The model utilized three ensembles of Logistic Regression classifiers [Fig. 5] 

[Tab. 7]. 

The model's performance in the external test maintained high sensitivity (89%), 

highlighting its capability in identifying HER2+ cases, while specificity was moderate, 

indicating some misclassification among Triple-Negative cases in the external cohort. 

Selected Radiomic Features 



Nine radiomic features were identified as the most discriminative between HER2+ and 

Triple-Negative subtypes, with intensity-based statistics and texture features showing 

high significance [Tab. 8].  

Each feature exhibited statistically significant differences between the HER2+ and Triple-

Negative classes, with Bonferroni-Holm corrected p-values confirming their relevance for 

classification. 

  



6. Discussion 

6.1 Interpretation of Results 

In this study, four radiomic models were developed to classify breast lesions and subtypes 

based on MRI features. Each model showed varying levels of effectiveness, reflecting both 

the strengths and limitations of radiomic analysis in addressing specific clinical questions. 

The radiomic approach proved highly effective in differentiating benign from malignant 

lesions, yet faced greater challenges when attempting to classify molecular subtypes, 

particularly for Luminal A vs. Luminal B. These variations in model performance reflect 

the complexities of breast cancer imaging and underscore the potential and boundaries of 

radiomics in aiding clinical decision-making. 

The Benign vs. Malignant model emerged as the strongest performer, achieving high 

accuracy, sensitivity, and specificity. This result aligns with the well-established fact that 

benign and malignant lesions often exhibit clear structural and textural differences that 

can be effectively captured through radiomic features. Malignant lesions typically display 

irregular shapes, heterogeneous textures, and pronounced contrast enhancement, making 

them relatively straightforward to differentiate from benign lesions. The robustness of this 

model, even in external validation, suggests that radiomics has substantial clinical 

potential in non-invasively identifying malignant lesions, possibly reducing the need for 

biopsies in cases where imaging is conclusive. 

In contrast, the Luminal vs. Non-Luminal model, while also showing relatively strong 

performance, faced more nuanced challenges. Luminal and non-luminal tumors share 

certain morphological features, and the molecular differences that define these categories 

may not always manifest in ways that are clearly distinguishable on imaging alone. The 

model achieved high sensitivity, suggesting that it could reliably identify luminal cases. 

However, the slight decrease in specificity, especially during external validation, indicates 

that radiomic features alone may not fully capture the subtle distinctions required for 

accurate luminal versus non-luminal classification across diverse patient populations. 

Despite these limitations, the model’s strong internal validation results suggest that, when 



paired with other diagnostic information, it may serve as a valuable tool for high-level 

molecular classification. 

The performance of the Luminal A vs. Luminal B model further underscores the 

limitations of radiomics for molecular subtyping. This model faced the greatest difficulty, 

with lower accuracy and sensitivity that varied considerably across datasets. Luminal A 

and Luminal B tumors, while molecularly distinct, often appear similar on imaging, with 

few clear visual cues to differentiate them. Radiomic features that rely on texture, 

intensity, and morphology may not capture the nuanced biological differences between 

these two subtypes. The lower specificity observed in external testing reflects this overlap, 

suggesting that additional molecular or imaging biomarkers may be necessary to enhance 

differentiation between closely related subtypes like Luminal A and Luminal B. This 

finding points to a limitation in the radiomic approach for certain tasks and indicates that 

it may serve as a supportive tool rather than a standalone diagnostic method in such cases. 

Finally, the HER2+ vs. TNBC model demonstrated promising results, with moderate 

sensitivity and specificity in internal testing. Both HER2+ and Triple-Negative breast 

cancers are aggressive subtypes, often displaying high levels of heterogeneity on imaging. 

This model’s success suggests that radiomic features, particularly those related to texture 

and intensity contrast, can effectively capture the imaging characteristics associated with 

these aggressive subtypes. The model’s good sensitivity in external testing also highlights 

its potential utility in reliably identifying HER2+ cases, which is particularly valuable 

given the treatment implications associated with this subtype. However, the decreased 

specificity observed in external testing reflects a need for further refinement, as the 

imaging heterogeneity of these subtypes may lead to occasional misclassification. 

6.2 Implications for Clinical Practice 

The application of radiomic models in clinical settings introduces an exciting potential to 

enhance imaging-based diagnostics for breast cancer by offering non-invasive insights that 

can support early and precise decision-making. This study’s findings indicate that 



radiomics could potentially reshape patient pathways, particularly in how clinicians 

evaluate, triage, and manage breast lesions. 

One primary implication lies in risk stratification and patient triage. The ability of 

radiomic models to distinguish between benign and malignant lesions with high accuracy 

can streamline patient management by prioritizing those who may require urgent 

intervention over those who might be better suited for a watchful waiting approach. This 

stratification could be especially valuable in high-volume or resource-constrained settings, 

where clinicians often face limitations in quickly obtaining biopsy results. In such cases, 

radiomics could act as a decision-support tool that enhances traditional imaging, offering 

an initial layer of diagnostic certainty before invasive procedures are considered. 

The potential for integrated diagnostic pathways is another major advantage. Currently, 

breast cancer diagnostics rely heavily on histopathology, immunohistochemistry, and 

sometimes molecular testing. Integrating radiomics into this framework could create a 

more layered diagnostic process. Radiomic insights can offer preliminary data that aligns 

or contrasts with histopathology, helping clinicians form a clearer picture before 

confirming with molecular diagnostics. This alignment could be particularly helpful in 

identifying challenging cases, such as distinguishing HER2+ from TNBC, where timely 

differentiation can inform therapeutic choices. Here, radiomics could act as an 

intermediary, providing insights that expedite and refine the diagnostic process. 

Additionally, the use of radiomics in clinical practice opens doors to personalized 

monitoring and follow-up. With more advanced radiomic models, there’s potential to use 

imaging features as biomarkers to track disease progression or treatment response over 

time. For example, radiomic changes within tumors could be monitored non-invasively to 

assess how a patient responds to targeted therapy, especially for subtypes like HER2+ 

cancers. This personalized monitoring could lead to dynamic treatment adjustments, 

potentially improving outcomes by providing real-time insights without repeated 

biopsies. 

6.3 Comparison with Existing Literature 



The results obtained in this study on the use of radiomics and machine learning in breast 

lesion classification are consistent with those reported in previous research. Numerous 

studies have demonstrated that radiomic analysis of MRI images can significantly 

improve the distinction between benign and malignant lesions. 

For example, Leithner et al. [18] developed a machine learning model based on radiomic 

features extracted from MRI, achieving high accuracy in lesion classification. Their study 

highlighted how the integration of radiomic data can support traditional radiological 

diagnosis, reducing subjective interpretation. 

Regarding molecular subtyping, studies have shown variable results. Li et al. [19] used 

radiomic features from dynamic contrast-enhanced MRI to recognize molecular subtypes 

of breast cancer, achieving good performance in differentiating Luminal A, Luminal B, 

HER2+, and triple-negative subtypes. However, they emphasized that biological 

complexity and intratumoral heterogeneity can limit model accuracy. 

In our study, the classification between luminal and non-luminal lesions showed moderate 

precision. This is consistent with the findings of Li et al. [20], who encountered difficulties 

in distinguishing between these subtypes using only radiomic features. They suggest that 

integrating clinical and genomic data could enhance model performance. 

The distinction between HER2+ and triple-negative carcinoma showed more promising 

results. Zhang et al. [21] reported that texture features extracted from multimodal MRI can 

effectively differentiate between these two aggressive subtypes, supporting our findings. 

6.4 Limitations of the Study 

While this study offers valuable insights into the use of radiomics for breast lesion 

classification, several limitations must be carefully considered, as they impact the 

applicability and reliability of the findings in broader clinical contexts. 

1. Variability in MRI Acquisition Protocols 



One significant limitation of this study is the potential variability introduced by 

differences in MRI acquisition protocols across institutions. Despite efforts to standardize 

imaging parameters, even minor variations in MRI scanner types, magnetic field strengths, 

and specific sequence settings can influence radiomic feature values. This variability can 

affect model performance, particularly in the external validation cohort, where data may 

come from different MRI systems or setups. This issue underscores the need for highly 

standardized imaging protocols if radiomic models are to achieve consistent performance 

across diverse clinical environments. 

2. Limited Discriminatory Power for Molecular Subtyping 

The study faced notable challenges in using radiomic features to distinguish between 

molecular subtypes, particularly for Luminal A vs. Luminal B classification. Radiomic 

features, which capture image-based morphological and textural details, may not fully 

reflect the subtle molecular and genetic differences that define these closely related 

subtypes. The moderate performance observed for this model suggests that imaging 

features alone may lack the sensitivity required for fine-grained molecular differentiation, 

which often relies on molecular assays or immunohistochemistry. This limitation 

highlights a broader issue in radiomics: the challenge of capturing nuanced biological 

distinctions using only imaging data. 

3. Sample Size Constraints for Subtypes 

The sample sizes, particularly within certain molecular subtypes in the external cohort, 

may have affected model performance and the generalizability of the findings. Although 

balanced groups were used for the primary benign vs. malignant classification, the 

number of cases for specific subtypes (e.g., Her2+) was relatively small. This constraint 

could contribute to the variability in results and limits the ability to draw firm conclusions 

regarding model effectiveness for these subtypes. Larger, more diverse datasets are 

essential in future studies to validate and refine these models for reliable use across 

different patient populations. 

4. Dependency on MRI as a Sole Imaging Modality 



The study relied exclusively on MRI-based radiomics, which, while highly sensitive, may 

not capture all relevant diagnostic information needed for comprehensive breast cancer 

classification. In clinical practice, breast cancer diagnosis often involves multiple imaging 

modalities, including mammography and ultrasound, which provide complementary 

information. The exclusive use of MRI limits the model’s generalizability, as it does not 

account for diagnostic features detectable on other modalities. Exploring multi-modal 

radiomic approaches in future research could provide a more robust and holistic 

diagnostic tool, potentially improving classification accuracy, especially for complex cases. 

5. Limited Generalizability Across Populations 

Finally, while the use of an external validation cohort strengthened the study’s evaluation 

of model performance, the generalizability of the findings remains a limitation. 

Population-specific factors, such as genetic background, age distribution, and prevalence 

of specific breast cancer subtypes, can vary widely across clinical settings. These factors 

might influence radiomic feature distributions and model performance, suggesting that 

the current models may require recalibration or further validation when applied to new 

populations or regions. 

6.5 Future Directions and Recommendations 

This study highlights both the promise and limitations of radiomics in breast cancer 

diagnostics, pointing to several areas for future exploration to enhance the utility of 

radiomic models. Key directions and recommendations include: 

• Standardization of Imaging Protocols: Given the impact of MRI acquisition 

variability on model performance, future studies should focus on establishing 

standardized imaging protocols across institutions. This standardization would 

reduce the variability of radiomic features, allowing for more consistent model 

performance across different clinical settings. 

• Development of Multi-Modal Radiomic Models: Integrating radiomics from 

multiple imaging modalities, such as MRI, mammography, and ultrasound, could 



provide a more comprehensive diagnostic tool. Multi-modal models have the 

potential to capture a broader range of diagnostic features, offering a more holistic 

approach to breast lesion classification and molecular subtyping, particularly in 

challenging cases. 

• Expansion of Datasets: Future research should incorporate larger, multi-center 

datasets to improve model robustness and generalizability. Expanding the sample 

size, particularly for molecular subtypes, will enable a more reliable assessment of 

model performance and help to ensure consistent accuracy across diverse 

populations. 

• Combining Radiomics with Molecular Data: To address the limitations observed in 

molecular subtyping, future studies could explore models that combine radiomic 

features with molecular and histopathological data. This integrated approach could 

enhance the sensitivity and specificity of models for fine-grained classifications like 

Luminal A vs. Luminal B and provide more precise guidance for personalized 

treatment. 

• Automated and Real-Time Monitoring Applications: Exploring automated radiomic 

analysis with real-time monitoring capabilities could be valuable for tracking 

disease progression or treatment response over time. Developing models that adapt 

to changes in lesion characteristics could support dynamic treatment adjustments, 

aligning with personalized oncology principles. 

  



7. Conclusion 

This study contributes to the growing field of radiomics by demonstrating its potential in 

the non-invasive classification of breast lesions and molecular subtypes. The findings 

underscore the role that radiomic models can play in enhancing diagnostic precision and 

supporting personalized treatment planning in breast cancer care. 

7.1 Summary of the Study 

Through the development and validation of four radiomic models, this study explored the 

feasibility of using MRI-derived features to classify breast lesions as benign or malignant 

and to further distinguish molecular subtypes, including Luminal vs. Non-Luminal, 

Luminal A vs. Luminal B, and HER2+ vs. TNBC. The Benign vs. Malignant model 

emerged as the most reliable, achieving high sensitivity and specificity across datasets, 

while molecular subtyping models showed more varied performance. These results 

highlight the effectiveness of radiomics for certain classification tasks, while also 

identifying areas where additional methods or data may be necessary. 

7.2 Contributions to the Field 

This study advances the understanding of radiomics in breast cancer diagnostics, 

reinforcing its utility in differentiating benign from malignant lesions and providing a 

foundation for future work in molecular subtyping. By using external validation, the 

study addresses a key limitation in radiomic research—generalizability—and underscores 

the importance of standardized protocols and multi-institutional datasets. Furthermore, 

this study contributes to the evolving framework of non-invasive, personalized oncology, 

suggesting a pathway for radiomics to complement traditional histopathology and 

molecular testing. 

7.3 Final Remarks 

While radiomics shows considerable potential as a non-invasive diagnostic tool, this study 

underscores the need for continued refinement. Through collaborative efforts to 

standardize imaging, expand datasets, and integrate molecular insights, radiomics could 



become a mainstay in breast cancer diagnostics, supporting clinicians in providing timely, 

individualized care. As the field evolves, radiomic models hold the promise to transform 

diagnostic and therapeutic decision-making, ultimately contributing to a more precise and 

personalized approach to cancer treatment. 
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9. Tables and Figures 

Tables 

Table 1: Benign vs. Malignant Lesions. Model of three ensembles of Logistic Regression 

classifiers. Classification performance in terms of ROC-AUC, Accuracy, Sensitivity, 

Specificity, PPV, NPV, corresponding 95% confidence interval, and statistical significance 

with respect to chance/random classification (p-value). 

 Training Validation Internal Testing Internal Validation External Validation 

ROC-AUC (%) 

(95%) 
89** (89-89) 89** (88-90) 88** (84-91) 85 86 

Accuracy (%) (95%) 82** (82-83) 82** (80-83) 83** (79-86) 85 82 

Sensitivity (%) 

(95%) 
83** (83-84) 83** (81-85) 85** (78-91) 86 76 

Specificity (%) 

(95%) 
82** (81-82) 80** (79-82) 81** (77-85) 80 86 

PPV (%) (95%) 77** (77-78) 77** (76-79) 78** (74-82) 94 80 

NPV (%) (95%) 87** (86-87) 88** (87-89) 89** (85-93) 62 83 

*p-value<0.05 ** P-value<0.005 

Table 2: Benign vs. Malignant Lesions. Ensemble of Logistic Regression classifiers. The 34 

selected radiomic predictors, sorted in descending order according to their statistical 

significance 

# Feature family Feature 

nomenclature 
Median in the 

positive class 

(95% CI) 

Median in the 

negative class 

(95% CI) 

Uncorrected 

p-value 
Corrected 

p-value 

I Morphology Subtraction - 

Integrated Intensity 
3.03e+05 

(2.15e+05 - 

3.92e+05) 

2.73e+06 

(1.04e+06 - 

4.41e+06) 

< 0.005 < 0.005 

II Neighbouring Grey 

Level Dependence 

Matrix 

T2W - Wavelet LHH 

Low Dependence 

Low Grey Level 

Emphasis 

6.59e-03 (5.20e-

03 - 7.98e-03) 
1.70e-03 (1.33e-

03 - 2.08e-03) 
< 0.005 < 0.005 



III Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - LoG 

Low Grey Level 

Count Emphasis 

2.48e-02 (1.92e-

02 - 3.04e-02) 
6.30e-03 (4.83e-

03 - 7.77e-03) 
< 0.005 < 0.005 

IV Grey-Level Size 

Zone Matrix 
T2W - Wavelet LHH 

Low Grey Level 

Zone Emphasis 

1.23e-02 (1.07e-

02 - 1.40e-02) 
4.07e-03 (3.40e-

03 - 4.73e-03) 
< 0.005 < 0.005 

V Grey-Level Size 

Zone Matrix 
T2W - Wavelet LHH 

Small Zone Low 

Grey Level 

Emphasis 

1.11e-02 (9.43e-

03 - 1.27e-02) 
3.68e-03 (3.10e-

03 - 4.26e-03) 
< 0.005 < 0.005 

VI Grey-Level Run 

Length Matrix 
Subtraction - LoG 

Long Run Low Grey 

Level Emphasis 

2.61e-02 (1.99e-

02 - 3.23e-02) 
7.25e-03 (5.54e-

03 - 8.96e-03) 
< 0.005 < 0.005 

VII Grey-Level Run 

Length Matrix 
T2W - Wavelet LHH 

Low Grey Level Run 

Emphasis 

7.96e-03 (6.53e-

03 - 9.40e-03) 
2.55e-03 (2.15e-

03 - 2.96e-03) 
< 0.005 < 0.005 

VIII Morphology T2W - Least Axis 

Length 
9.84e+00 

(8.84e+00 - 

1.08e+01) 

1.75e+01 

(1.47e+01 - 

2.04e+01) 

< 0.005 < 0.005 

IX Grey-Level Size 

Zone Matrix 
T2W - Wavelet HHL 

Zone Size Non 

Uniformity 

8.71e+01 

(7.04e+01 - 

1.04e+02) 

3.68e+02 

(2.44e+02 - 

4.92e+02) 

< 0.005 < 0.005 

X Neighbouring Grey 

Level Dependence 

Matrix 

T2W - Wavelet HHL 

Dependence Count 

Non Uniformity 

7.96e+01 

(6.27e+01 - 

9.65e+01) 

3.51e+02 

(2.22e+02 - 

4.79e+02) 

< 0.005 < 0.005 

XI Intensity-Based 

Statistics 
T2W - Wavelet 

HHH Energy 
3.53e+04 

(1.52e+04 - 

5.55e+04) 

4.61e+05 

(1.19e+05 - 

8.03e+05) 

< 0.005 < 0.005 

XII Grey-Level Run 

Length Matrix 
Subtraction - 

Wavelet HHH Grey 

Level Non 

Uniformity 

4.03e+01 

(2.97e+01 - 

5.09e+01) 

2.65e+02 

(2.47e+01 - 

5.06e+02) 

< 0.005 < 0.005 

XIII Grey-Level Size 

Zone Matrix 
T2W - Exponential 

Grey Level Non 

Uniformity 

2.88e+00 

(2.50e+00 - 

3.27e+00) 

9.28e+00 

(7.23e+00 - 

1.13e+01) 

< 0.005 < 0.005 

XIV Grey-Level Co-

Occurrence Matrix 
Subtraction - LoG 

Cluster Shade 
5.29e+03 

(3.02e+03 - 

7.56e+03) 

-2.37e+03 (-

4.09e+03 - -

6.59e+02) 

< 0.005 < 0.005 



XV Grey-Level Run 

Length Matrix 
Subtraction - 

Wavelet HHL Grey 

Level Non 

Uniformity 

3.93e+01 

(2.97e+01 - 

4.90e+01) 

2.75e+02 

(1.40e+01 - 

5.37e+02) 

< 0.005 < 0.005 

XVI Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - 

Wavelet HHL Grey 

Level Non 

Uniformity 

3.11e+00 

(2.34e+00 - 

3.88e+00) 

2.21e+01 (4.01e-

01 - 4.38e+01) 
< 0.005 < 0.005 

XVII Intensity-Based 

Statistics 
Subtraction - 

Wavelet HHL 

Energy 

2.17e+06 

(1.38e+06 - 

2.97e+06) 

2.70e+07 

(1.11e+07 - 

4.29e+07) 

< 0.005 < 0.005 

XVIII Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - 

Gradient Grey Level 

Non Uniformity 

2.64e+00 

(2.01e+00 - 

3.26e+00) 

1.48e+01 

(1.24e+00 - 

2.84e+01) 

< 0.005 < 0.005 

XIX Grey-Level Co-

Occurrence Matrix 
Subtraction - 

Wavelet LLH 

Difference Average 

1.29e+01 

(1.18e+01 - 

1.39e+01) 

8.58e+00 

(7.98e+00 - 

9.18e+00) 

< 0.005 < 0.005 

XX Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - 

Wavelet LHH Grey 

Level Non 

Uniformity 

3.11e+00 

(2.13e+00 - 

4.09e+00) 

2.23e+01 

(1.62e+00 - 

4.30e+01) 

< 0.005 < 0.005 

XXI Intensity-Based 

Statistics 
T2W - Wavelet HLH 

Energy 
1.21e+05 

(6.59e+04 - 

1.77e+05) 

1.37e+06 

(5.41e+05 - 

2.21e+06) 

< 0.005 < 0.005 

XXII Grey-Level Co-

Occurrence Matrix 
Subtraction - 

Correlation 
2.41e-01 (2.05e-

01 - 2.77e-01) 
4.11e-01 (3.76e-

01 - 4.45e-01) 
< 0.005 < 0.005 

XXIII Grey-Level Co-

Occurrence Matrix 
Subtraction - 

Wavelet LLH 

Inverse Variance 

8.80e-02 (8.07e-

02 - 9.52e-02) 
1.32e-01 (1.24e-

01 - 1.40e-01) 
< 0.005 < 0.005 

XXIV Grey-Level Size 

Zone Matrix 
T2W - Exponential 

Grey Level Variance 
1.80e+02 

(1.62e+02 - 

1.99e+02) 

9.75e+01 

(8.79e+01 - 

1.07e+02) 

< 0.005 < 0.005 

XXV Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - 

Exponential Grey 

Level Non 

Uniformity 

2.52e+01 

(1.55e+01 - 

3.49e+01) 

2.56e+02 

(5.13e+01 - 

4.61e+02) 

< 0.005 < 0.005 

XXVI Grey-Level Size 

Zone Matrix 
T2W - Squareroot 

Large Zone 

Emphasis 

2.67e+00 

(2.32e+00 - 

3.03e+00) 

5.73e+00 

(4.01e+00 - 

7.45e+00) 

< 0.005 < 0.005 



XXVII Grey-Level Co-

Occurrence Matrix 
Subtraction - 

Wavelet HHH 

Contrast 

2.91e+02 

(2.58e+02 - 

3.25e+02) 

1.69e+02 

(1.49e+02 - 

1.89e+02) 

< 0.005 < 0.005 

XXVIII Intensity-Based 

Statistics 
Subtraction - LoG 

Variance 
8.98e+00 

(3.20e+00 - 

1.47e+01) 

8.98e+01 

(3.31e+01 - 

1.47e+02) 

< 0.005 < 0.005 

XXIX Grey-Level Co-

Occurrence Matrix 
Subtraction - 

Wavelet HHL 

Inverse Variance 

7.93e-02 (7.34e-

02 - 8.51e-02) 
1.18e-01 (1.09e-

01 - 1.28e-01) 
< 0.005 < 0.005 

XXX Neighbouring Grey 

Level Dependence 

Matrix 

T2W - Low 

Dependence Low 

Grey Level 

Emphasis 

1.12e-02 (9.23e-

03 - 1.32e-02) 
4.57e-03 (3.75e-

03 - 5.40e-03) 
< 0.005 < 0.005 

XXXI Intensity-Based 

Statistics 
Subtraction - LoG 

Interquartile Range 
4.39e+00 

(3.22e+00 - 

5.57e+00) 

1.37e+01 

(1.03e+01 - 

1.72e+01) 

< 0.005 < 0.005 

XXXII Grey-Level Run 

Length Matrix 
T2W - Squareroot 

Run Length 

Variance 

2.74e-02 (2.35e-

02 - 3.14e-02) 
4.62e-02 (4.03e-

02 - 5.21e-02) 
< 0.005 < 0.005 

XXXIII Deep Learning-

Based 
Subtraction - 

DeepFeature964 
2.22e-02 (9.79e-

03 - 3.47e-02) 
2.72e-01 (2.04e-

01 - 3.41e-01) 
< 0.005 < 0.005 

XXXIV Deep Learning-

Based 
T2W - 

DeepFeature1506 
4.91e-01 (4.52e-

01 - 5.31e-01) 
3.24e-01 (2.84e-

01 - 3.64e-01) 
< 0.005 < 0.005 

 

Table 2: Luminals Vs. Non Luminals. Model of three ensembles of Random Forest 

classifiers. 

 Training Validation Internal Testing Internal Validation External Validation 

ROC-AUC (%) 

(95%) 
100** (100-100) 87** (85-88) 84** (80-88) 84 77 

Accuracy (%) (95%) 100** (100-100) 78** (77-79) 78** (74-82) 79 67 

Sensitivity (%) 

(95%) 
100** (100-100) 81** (80-82) 78** (74-83) 81 70 

Specificity (%) 

(95%) 
100** (100-100) 73** (71-76) 77** (69-84) 74 63 

PPV (%) (95%) 100** (100-100) 85** (84-86) 86** (82-90) 88 70 



NPV (%) (95%) 100** (100-100) 72** (70-74) 69** (65-74) 64 64 

*p-value<0.05 ** P-value<0.005 

 

Table 4: Luminals Vs. Non Luminals. Ensemble of Random Forest classifiers. The 24 

selected radiomic predictors, sorted in descending order according to their statistical 

significance 

# Feature family Feature 

nomenclature 
Median in the 

positive class 

(95% CI) 

Median in the 

negative class 

(95% CI) 

Uncorrected 

p-value 
Corrected 

p-value 

I Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - LoG 

Low Grey Level 

Count Emphasis 

6.27e-03 (4.90e-03 

- 7.63e-03) 
2.48e-02 (1.92e-02 

- 3.04e-02) 
< 0.005 < 0.005 

II Grey-Level Run 

Length Matrix 
Subtraction - LoG 

Long Run Low Grey 

Level Emphasis 

6.98e-03 (5.46e-03 

- 8.50e-03) 
2.61e-02 (1.99e-02 

- 3.23e-02) 
< 0.005 < 0.005 

III Neighbouring Grey 

Level Dependence 

Matrix 

T2W - Wavelet LHH 

Low Dependence 

Low Grey Level 

Emphasis 

1.78e-03 (1.42e-03 

- 2.13e-03) 
6.59e-03 (5.20e-03 

- 7.98e-03) 
< 0.005 < 0.005 

IV Neighbourhood 

Grey Tone 

Difference Matrix 

T2W - Wavelet LHL 

Busyness 
6.77e-02 (4.16e-02 

- 9.37e-02) 
2.43e-02 (2.17e-02 

- 2.70e-02) 
< 0.005 < 0.005 

V Grey-Level Size 

Zone Matrix 
T2W - Wavelet LHH 

Low Grey Level 

Zone Emphasis 

4.07e-03 (3.38e-03 

- 4.75e-03) 
1.23e-02 (1.07e-02 

- 1.40e-02) 
< 0.005 < 0.005 

VI Grey-Level Size 

Zone Matrix 
Subtraction - Wavelet 

HHL Zone Size Non 

Uniformity 

Normalized 

5.72e-01 (5.52e-01 

- 5.92e-01) 
7.15e-01 (6.92e-01 

- 7.38e-01) 
< 0.005 < 0.005 

VII Grey-Level Size 

Zone Matrix 
T2W - Wavelet HHL 

Zone Size Non 

Uniformity 

3.52e+02 

(2.33e+02 - 

4.71e+02) 

8.71e+01 

(7.04e+01 - 

1.04e+02) 

< 0.005 < 0.005 

VIII Morphology T2W - Least Axis 

Length 
1.73e+01 

(1.47e+01 - 

1.99e+01) 

9.84e+00 

(8.84e+00 - 

1.08e+01) 

< 0.005 < 0.005 



IX Grey-Level Run 

Length Matrix 
T2W - Wavelet LHH 

Short Run Low Grey 

Level Emphasis 

2.54e-03 (2.08e-03 

- 3.00e-03) 
7.88e-03 (6.43e-03 

- 9.33e-03) 
< 0.005 < 0.005 

X Grey-Level Run 

Length Matrix 
T2W - Wavelet LHH 

Long Run Low Grey 

Level Emphasis 

3.02e-03 (2.61e-03 

- 3.44e-03) 
8.32e-03 (6.92e-03 

- 9.71e-03) 
< 0.005 < 0.005 

XI Grey-Level Run 

Length Matrix 
Subtraction - 

Squareroot Low Grey 

Level Run Emphasis 

3.67e-03 (2.78e-03 

- 4.55e-03) 
1.53e-02 (1.09e-02 

- 1.97e-02) 
< 0.005 < 0.005 

XII Grey-Level Run 

Length Matrix 
T2W - Wavelet LLL 

Grey Level Non 

Uniformity 

4.05e+02 

(1.48e+02 - 

6.62e+02) 

7.46e+01 

(5.72e+01 - 

9.21e+01) 

< 0.005 < 0.005 

XIII Grey-Level Run 

Length Matrix 
Subtraction - Wavelet 

HHH Grey Level 

Variance 

7.81e+01 

(7.01e+01 - 

8.60e+01) 

1.37e+02 

(1.22e+02 - 

1.51e+02) 

< 0.005 < 0.005 

XIV Intensity Histogram Subtraction - Wavelet 

HHH Variance 
7.67e+01 

(6.87e+01 - 

8.46e+01) 

1.36e+02 

(1.21e+02 - 

1.50e+02) 

< 0.005 < 0.005 

XV Neighbourhood 

Grey Tone 

Difference Matrix 

T2W - Wavelet HLL 

Busyness 
7.20e-02 (4.20e-02 

- 1.02e-01) 
2.52e-02 (2.23e-02 

- 2.81e-02) 
< 0.005 < 0.005 

XVI Grey-Level Co-

Occurrence Matrix 
Subtraction - LoG 

Difference Average 
7.52e+00 

(6.93e+00 - 

8.11e+00) 

1.10e+01 

(1.00e+01 - 

1.19e+01) 

< 0.005 < 0.005 

XVII Grey-Level Co-

Occurrence Matrix 
T2W - Wavelet HLL 

Second Measure Of 

Information 

Correlation 

5.59e-01 (5.23e-01 

- 5.95e-01) 
8.29e-01 (7.98e-01 

- 8.60e-01) 
< 0.005 < 0.005 

XVIII Grey-Level Size 

Zone Matrix 
Subtraction - Wavelet 

HLL Small Zone Low 

Grey Level Emphasis 

3.87e-03 (2.90e-03 

- 4.84e-03) 
1.75e-02 (1.39e-02 

- 2.10e-02) 
< 0.005 < 0.005 

XIX Grey-Level Size 

Zone Matrix 
T2W - Exponential 

Grey Level Non 

Uniformity 

9.28e+00 

(7.23e+00 - 

1.13e+01) 

2.88e+00 

(2.50e+00 - 

3.27e+00) 

< 0.005 < 0.005 

XX Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - Wavelet 

HLL Dependence 

Count Energy 

1.29e-02 (1.23e-02 

- 1.35e-02) 
2.28e-02 (1.96e-02 

- 2.61e-02) 
< 0.005 < 0.005 

XXI Intensity Histogram Subtraction - LoG 

10th Percentile 
1.50e+01 

(1.38e+01 - 

1.62e+01) 

9.00e+00 

(7.91e+00 - 

1.01e+01) 

< 0.005 < 0.005 



XXII Deep Learning-

Based 
Subtraction - 

DeepFeature964 
2.72e-01 (2.00e-01 

- 3.45e-01) 
2.22e-02 (9.79e-03 

- 3.47e-02) 
< 0.005 < 0.005 

XXIII Grey-Level Co-

Occurrence Matrix 
Subtraction - Wavelet 

HLL Contrast 
1.60e+02 

(1.40e+02 - 

1.81e+02) 

3.04e+02 

(2.65e+02 - 

3.42e+02) 

< 0.005 < 0.005 

XXIV Grey-Level Co-

Occurrence Matrix 
Subtraction - Wavelet 

HLL Difference 

Average 

9.31e+00 

(8.64e+00 - 

9.99e+00) 

1.32e+01 

(1.25e+01 - 

1.39e+01) 

< 0.005 < 0.005 

 

Table 5: Luminal A vs. Luminal B. Model of ten ensembles of Logistic Regression 

classifiers. 

 Training Validation Internal Testing Internal Validation External Validation 

ROC-AUC (%) 

(95%) 
99** (99-100) 82** (81-84) 74** (67-77) 67 67 

Accuracy (%) (95%) 98** (98-99) 68** (66-69) 67** (63-71) 68 67 

Sensitivity (%) 

(95%) 
99** (98-99) 66** (64-69) 58* (49-66) 58 83 

Specificity (%) 

(95%) 
98** (98-99) 69** (68-71) 73** (68-78) 75 50 

PPV (%) (95%) 97** (97-98) 54** (52-56) 52** (45-59) 64 62 

NPV (%) (95%) 99** (99-99) 83** (82-84) 80** (76-84) 71 75 

*p-value<0.05 ** P-value<0.005 

 

Table 6: Luminal A vs. Luminal B. Ensemble of Logistic Regression classifiers. The 19 

selected radiomic predictors, sorted in descending order according to their statistical 

significance 

# Feature family Feature 

nomenclature 
Median in the 

positive class 

(95% CI) 

Median in the 

negative class 

(95% CI) 

Uncorrected 

p-value 
Corrected 

p-value 



I Intensity-Based 

Statistics 
T2W - Exponential 

Energy 
3.01e+05 (-

1.33e+05 - 

7.35e+05) 

3.96e+06 

(2.46e+06 - 

5.47e+06) 

< 0.005 < 0.05 

II Intensity-Based 

Statistics 
T2W - Square Energy 5.09e+06 

(1.53e+06 - 

8.65e+06) 

4.54e+07 

(1.02e+07 - 

8.07e+07) 

< 0.005 < 0.05 

III Intensity-Based 

Statistics 
Subtraction - 

Gradient Quartile 

Coefficient 

3.21e-01 (2.83e-01 

- 3.60e-01) 
3.96e-01 (3.65e-01 

- 4.27e-01) 
< 0.05 0.22 

IV Neighbourhood 

Grey Tone 

Difference Matrix 

Subtraction - Wavelet 

LLL Coarseness 
2.13e-02 (1.16e-02 

- 3.09e-02) 
8.51e-03 (2.15e-03 

- 1.49e-02) 
< 0.05 0.33 

V Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - Wavelet 

HLH High 

Dependence High 

Grey Level Emphasis 

3.11e+03 

(2.46e+03 - 

3.76e+03) 

4.13e+03 

(3.15e+03 - 

5.11e+03) 

< 0.05 0.35 

VI Intensity-Based 

Statistics 
T2W - Wavelet HLL 

Mean Absolut 

Deviation 

5.86e+01 

(4.24e+01 - 

7.49e+01) 

8.58e+01 

(7.25e+01 - 

9.91e+01) 

< 0.05 0.75 

VII Intensity-Based 

Statistics 
T2W - Wavelet HLL 

Median Absolute 

Deviation 

5.85e+01 

(4.22e+01 - 

7.48e+01) 

8.49e+01 

(7.15e+01 - 

9.82e+01) 

< 0.05 0.75 

VIII Intensity Histogram T2W - Wavelet HHL 

Uniformity 
3.94e-02 (3.43e-02 

- 4.44e-02) 
4.57e-02 (3.88e-02 

- 5.26e-02) 
0.06 1.00 

IX Grey-Level Run 

Length Matrix 
T2W - Wavelet HHL 

Grey Level Non 

Uniformity 

Normalized 

3.87e-02 (3.38e-02 

- 4.35e-02) 
4.45e-02 (3.81e-02 

- 5.08e-02) 
0.06 1.00 

X Grey-Level Run 

Length Matrix 
Subtraction - 

Exponential Run 

Length Non 

Uniformity 

1.90e+03 (-

4.27e+02 - 

4.22e+03) 

3.98e+03 

(2.30e+03 - 

5.65e+03) 

0.08 1.00 

XI Intensity-Based 

Statistics 
Subtraction - LoG 

Interquartile Range 
7.71e+00 

(5.80e+00 - 

9.61e+00) 

1.37e+01 

(9.33e+00 - 

1.80e+01) 

0.08 1.00 

XII Intensity-Based 

Statistics 
Subtraction - Wavelet 

HHH Range 
3.84e+02 

(2.79e+02 - 

4.89e+02) 

6.10e+02 

(4.65e+02 - 

7.55e+02) 

0.12 1.00 



XIII Neighbouring Grey 

Level Dependence 

Matrix 

T2W - Wavelet LHL 

High Dependence 

Emphasis 

7.69e+00 

(5.86e+00 - 

9.53e+00) 

8.65e+00 

(6.03e+00 - 

1.13e+01) 

0.16 1.00 

XIV Morphology Subtraction - Area 

Density Ombb 
6.04e-01 (5.71e-01 

- 6.37e-01) 
6.48e-01 (6.29e-01 

- 6.66e-01) 
0.18 1.00 

XV Grey-Level Run 

Length Matrix 
Subtraction - LoG 

Long Run High Grey 

Level Emphasis 

1.57e+03 

(1.33e+03 - 

1.81e+03) 

1.65e+03 

(1.42e+03 - 

1.88e+03) 

0.18 1.00 

XVI Grey-Level Co-

Occurrence Matrix 
Subtraction - 

Gradient Difference 

Variance 

1.01e+02 

(8.61e+01 - 

1.16e+02) 

8.01e+01 

(6.18e+01 - 

9.84e+01) 

0.20 1.00 

XVII Intensity Histogram T2W - Wavelet HLH 

Mean Absolut 

Deviation 

4.17e+00 

(3.57e+00 - 

4.77e+00) 

3.79e+00 

(3.32e+00 - 

4.26e+00) 

0.20 1.00 

XVIII Neighbourhood 

Grey Tone 

Difference Matrix 

Subtraction - Wavelet 

LLL Complexity 
9.16e+03 

(8.22e+03 - 

1.01e+04) 

7.73e+03 

(6.87e+03 - 

8.59e+03) 

0.23 1.00 

XIX Morphology Subtraction - Vol 

Density Aee 
1.15e+00 

(1.11e+00 - 

1.20e+00) 

1.17e+00 

(1.11e+00 - 

1.23e+00) 

0.65 1.00 

 

Table 7: Her2+ vs. TN. Model of three ensembles of Logistic Regression classifiers 

 Training Validation Internal Testing Internal Validation External Validation 

ROC-AUC (%) 

(95%) 
83** (82-84) 79** (77-82) 81** (76-86) 78 75 

Accuracy (%) (95%) 75** (75-76) 73** (71-75) 73** (66-80) 70 67 

Sensitivity (%) 

(95%) 
77** (75-79) 76** (72-79) 79** (71-87) 75 83 

Specificity (%) 

(95%) 
74** (73-75) 71** (68-74) 68** (57-79) 67 50 

PPV (%) (95%) 73** (73-74) 73** (71-76) 74** (66-82) 60 63 

NPV (%) (95%) 80** (79-80) 79** (76-81) 78** (69-88) 80 75 

*p-value<0.05 ** P-value<0.005 

 



Table 8: Her2+ vs. TN. Ensemble of Logistic Regression classifiers. The 9 selected radiomic 

predictors, sorted in descending order according to their statistical significance. 

# Feature family Feature 

nomenclature 
Median in the 

positive class 

(95% CI) 

Median in the 

negative class 

(95% CI) 

Uncorrected 

p-value 
Corrected 

p-value 

I Intensity-Based 

Statistics 
T2W - Median 2.38e+02 

(2.05e+02 - 

2.72e+02) 

5.32e+02 

(4.57e+02 - 

6.06e+02) 

< 0.005 < 0.005 

II Intensity-Based 

Statistics 
T2W - Wavelet LLL 

Mean 
7.39e+02 

(6.43e+02 - 

8.35e+02) 

1.59e+03 

(1.38e+03 - 

1.79e+03) 

< 0.005 < 0.005 

III Intensity-Based 

Statistics 
T2W - Wavelet LLL 

Root Mean 
8.04e+02 

(7.06e+02 - 

9.01e+02) 

1.66e+03 

(1.45e+03 - 

1.87e+03) 

< 0.005 < 0.005 

IV Intensity-Based 

Statistics 
T2W - Wavelet LHH 

Interquartile Range 
1.15e+01 

(9.68e+00 - 

1.32e+01) 

2.23e+01 

(1.73e+01 - 

2.73e+01) 

< 0.005 < 0.005 

V Intensity-Based 

Statistics 
T2W - Square Root 

Mean 
1.50e+02 

(1.25e+02 - 

1.75e+02) 

2.74e+02 

(2.35e+02 - 

3.12e+02) 

< 0.005 < 0.005 

VI Intensity-Based 

Statistics 
T2W - Wavelet LLL 

Interquartile Range 
3.46e+02 

(2.72e+02 - 

4.19e+02) 

6.44e+02 

(5.39e+02 - 

7.50e+02) 

< 0.005 < 0.005 

VII Intensity-Based 

Statistics 
Subtraction - Wavelet 

HLL Interquartile 

Range 

1.82e+02 

(1.60e+02 - 

2.03e+02) 

2.92e+02 

(2.35e+02 - 

3.50e+02) 

< 0.005 < 0.05 

VIII Neighbourhood Grey 

Tone Difference 

Matrix 

Subtraction - 

Logarithm Contrast 
2.29e-01 (1.09e-01 

- 3.48e-01) 
1.65e-01 (1.05e-01 

- 2.25e-01) 
< 0.05 0.23 

IX Neighbouring Grey 

Level Dependence 

Matrix 

Subtraction - 

Logarithm High 

Dependence High 

Grey Level Emphasis 

1.29e+05 

(1.02e+05 - 

1.56e+05) 

1.57e+05 

(1.23e+05 - 

1.91e+05) 

0.29 1.00 

 

 

 



Figures 

Figure 1: Graphical interface of the segmentation tool of the radiomics software 

Trace4Research. The segmentation of a mass lesion located between the outer quadrants of 

the left breast is displayed. On the left, a T1 post-contrast sequence in the arterial phase 

with subtraction of the adipose tissue signal. On the right, a T2-weighted sequence with 

subtraction of the adipose tissue signal. 

 

 

Figure 2. ROC curves of the three best Logistic Regression models for Benign vs. 

Malignant classification. 

 



Figure 3. ROC curves of the three best Random Forest models for Luminals vs. Non 

Luminals classification. 

 

Figure 4. ROC curves of the three best Logistic Regression models for Luminal A vs. 

Luminal B classification. 

 

Figure 5. ROC curves of the three best Logistic Regression models for Her2+ vs. TNBC 

classification. 

 


