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Abstract

Introduction: Breast cancer is a leading cause of cancer mortality in women worldwide. Multiparametric MRI combining
DCE-MRI, DWI, and T2-weighted imaging provides valuable functional and morphological data for lesion
characterization. However, diagnostic accuracy remains limited by overlapping imaging features and inter-observer
variability, especially in equivocal (e.g., BI-RADS 4) cases.

Objectives: To develop and validate a hybrid machine learning model that fuses handcrafted radiomic features with
deep learning representations from multi-parametric breast MRI to improve the classification of benign and malignant
tumors.

Methods: We retrospectively analyzed 428 histopathologically confirmed breast lesions (218 malignant, 210 benign)
from two tertiary institutions (2016—2022). All cases included DCE-MRI, diffusion-weighted imaging (b = 0, 800 s/mm?),
and T2-weighted sequences. Lesions were manually segmented by expert radiologists. A total of 1,218 radiomic features
were extracted and reduced to 87 non-redundant features. Concurrently, a 3D ResNet-18 model processed a 4-channel
input (DCE peak/washout phases, ADC map, T2) to generate deep features. Three classifiers were evaluated: (1)
radiomics + SVM, (2) deep learning (3D ResNet-18), and (3) a hybrid model fusing both feature types. Performance was
assessed via five-fold stratified cross-validation using accuracy, sensitivity, specificity, F1-score, AUC, and Brier score,
with statistical comparisons via DeLong’s test.

Results: The hybrid model achieved the highest performance: AUC = 0.947 (95% Cl: 0.922-0.972), accuracy = 91.1%,
sensitivity = 89.4%, and specificity = 92.8% significantly outperforming both radiomics-only (AUC = 0.892, p = 0.008) and
deep learning-only (AUC =0.924, p =0.021) approaches. Subgroup analysis revealed lower sensitivity for invasive lobular
carcinoma (50.0%), consistent with known MRI limitations. The model generalized well across 1.5T and 3.0T scanners
and demonstrated strong performance in the diagnostically ambiguous BI-RADS 4 category (accuracy = 87.7%).
Comparative benchmarking showed superior AUC relative to prior state-of-the-art methods on larger, multi-institutional
data.

Conclusions: The proposed hybrid radiomics—deep learning framework leverages complementary strengths of
interpretable quantitative features and high-level spatial representations to achieve state-of-the-art classification
performance in multi-parametric breast MRI. This approach holds significant promise as a clinical decision-support tool
to reduce unnecessary biopsies and improve diagnostic confidence, particularly in equivocal cases. Future work will
focus on prospective validation and integration of automated segmentation and molecular biomarkers.
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1. Introduction mortality. According to the World Health Organization

. WHO), breast cancer is the most frequently diagnosed
Breast cancer remains one of the most prevalent ( ) q y diag

. . . . cancer in women and the leading cause of cancer death
malignancies among women worldwide, accounting for

s . - in over 100 countries [1]. Early and accurate diagnosis
a significant proportion of cancer-related morbidity and (1] ¥ &
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is critical to improving patient outcomes, enabling
timely intervention, and guiding personalized
treatment strategies. Among the various imaging
modalities employed in breast cancer detection and
characterization such as mammography, ultrasound,
and positron emission tomography (PET) magnetic
resonance imaging (MRI) has emerged as a powerful
tool due to its superior soft-tissue contrast, high
sensitivity, and ability to capture both anatomical and
functional information [2].

Dynamic contrast-enhanced MRI (DCE-MRI), in
particular, provides detailed insights into tumor
vascularity and perfusion by tracking the uptake and
washout of contrast agents over time [3]. These
temporal and morphological features such as tumor
shape, margin sharpness, internal enhancement
patterns, and kinetic curves serve as valuable
biomarkers for distinguishing between benign and
malignant lesions [4]. However, the interpretation of
breast MRI remains challenging due to the complexity
and variability of imaging findings, inter-observer
variability among radiologists, and the presence of
overlapping features between benign and malignant
tumors [5].

In recent years, advances in machine learning (ML) and
deep learning (DL) have catalyzed significant progress
in medical image analysis, offering automated and
reproducible approaches to tumor classification. By
leveraging large datasets of annotated MRI scans,
computational models can learn discriminative
patterns that may not be readily apparent to the
human eye, thereby augmenting diagnostic accuracy
and efficiency [6]. Convolutional neural networks
(CNNs), support vector machines (SVMs), and
ensemble methods have all demonstrated promising
performance in classifying breast tumors using MRI-
derived features, with some models achieving
diagnostic accuracy comparable to or exceeding that of
experienced radiologists [7,8].

Despite these advancements, several challenges
persist, including the need for standardized imaging
protocols, robust feature extraction techniques, and
generalizable models that perform consistently across
diverse patient populations and imaging systems [9].
Moreover, the integration of multi-parametric MRI
data combining morphological, kinetic, and diffusion-
weighted imaging (DWI) features holds the potential to
further enhance classification performance by
providing a more comprehensive tumor profile [10].

Vol 46 No. 11
November 2025

This paper presents a comprehensive investigation into
the classification of breast tumors using MRI, with a
focus on evaluating state-of-the-art machine learning
methodologies, feature engineering strategies, and
performance metrics. By synthesizing recent research
and identifying key gaps in the literature, this study
aims to contribute to the development of reliable,
automated diagnostic tools that can support clinical
decision-making and ultimately improve outcomes for
patients with breast cancer.

The paper is organized into seven key sections:
Introduction, which outlines the clinical importance of
breast cancer, the role of MRI in diagnosis, and the
motivation for automated classification using machine
learning; Literature Review, which surveys existing
methods from traditional radiological assessment to
modern machine and deep learning approaches
highlighting advances and identifying gaps such as
dataset limitations and lack of standardization;
Objectives, To develop and validate a hybrid machine
learning model that fuses handcrafted radiomic
features with deep learning representations from
multi-parametric breast MRI to improve the
classification of benign and malignant tumors; Methods
along with mathematical model, which details the
dataset, MRI preprocessing, feature extraction or deep
learning architecture, classification strategy, and
evaluation metrics by providing detailed mathematical
model; Results and Discussion, which presents
experimental outcomes with quantitative performance
measures, compares them to state-of-the-art
techniques, and interprets findings in clinical and
technical contexts while addressing limitations; and
Conclusion,  which  summarizes the  study’s
contributions, reaffirms the potential of the proposed
approach for improving diagnostic accuracy, and
suggests directions for future research.

2. Literature Review

The classification of breast tumors using magnetic
resonance imaging (MRI) has been an active area of
research for over two decades, evolving from
qualitative radiological assessment to sophisticated
computational models. Early approaches relied heavily
on the Breast Imaging Reporting and Data System (BI-
RADS) MRI lexicon, which standardizes the description
of lesion morphology (e.g., shape, margin, internal
enhancement) and kinetic enhancement patterns
derived from dynamic contrast-enhanced MRI (DCE-
MRI) [1]. While BI-RADS provides a structured
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framework, its application suffers from moderate inter-
observer variability, with studies reporting «
coefficients ranging from 0.40 to 0.65 among
radiologists [2]. This subjectivity has motivated the
development of quantitative and automated methods.

Initial computational efforts focused on handcrafted
feature extraction combined with classical machine
learning classifiers. Drukker et al. [3] demonstrated that
morphological features such as compactness,
spiculation, and edge sharpness, when combined with
kinetic curve descriptors (e.g., wash-in rate, time-to-
peak), could achieve an area under the ROC curve (AUC)
of 0.85 using a linear discriminant analysis classifier.
Similarly, Li et al. [4] extracted texture features from
DCE-MRI using gray-level co-occurrence matrices
(GLCM) and Gabor filters, achieving 88% accuracy with
a support vector machine (SVM). These studies
established that quantitative imaging features often
termed “radiomics” could capture discriminative
patterns invisible to the human eye.

With the advent of deep learning, particularly
convolutional neural networks (CNNs), research shifted
toward end-to-end learning directly from raw or
minimally processed MRI volumes. Arevalo et al. [5]
proposed a patch-based CNN architecture for
classifying breast lesions in DCE-MRI, reporting an AUC
of 0.88 on a multi-institutional dataset. Their model
bypassed manual segmentation and feature
engineering, learning spatial hierarchies of features
automatically. Subsequent work by Bousabarah et al.
[6] introduced a 3D CNN trained on full lesion volumes
from DCE-MRI across three institutions, achieving a
sensitivity of 92% and specificity of 85%, demonstrating
improved  generalizability through  multi-center
validation.

Recent studies have emphasized multi-parametric MRI
fusion to enhance classification performance. Partridge
et al. [7] highlighted the complementary value of
combining DCE-MRI with diffusion-weighted imaging
(DWI) and T2-weighted sequences, noting that
apparent diffusion coefficient (ADC) values from DWI
provide independent information about cellularity.
Building on this, Xie et al. [8] developed a multi-stream
deep learning framework that integrated features from
DCE, DWI, and T2 sequences, achieving an AUC of 0.93
significantly outperforming single-modality models.
This underscores the importance of holistic tumor
characterization.
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Despite these advances, several challenges persist.
Many studies rely on small, single-institution datasets,
limiting model generalizability [9]. Data heterogeneity
due to differences in MRI scanners, protocols, and
contrast agents further complicates external validation.
Moreover, most deep learning models operate as
“black boxes,” raising concerns about clinical trust and
interpretability. To address this, researchers have
begun incorporating explainable Al (XAl) techniques;
for instance, Wang et al. [10] used gradient-weighted
class activation mapping (Grad-CAM) to visualize
regions of interest in MRI slices, aligning model
attention  with  radiologist-identified = malignant
features.

In summary, the literature reflects a clear trajectory
from rule-based and feature-engineered systems
toward data-driven, deep learning—based classifiers.
While performance metrics continue to improve, the
field still grapples with issues of reproducibility,
standardization, and clinical integration. The most
promising direction involves robust, multi-parametric
models trained on diverse, large-scale datasets,
coupled with interpretable outputs that can seamlessly
support radiologists in diagnostic decision-making.

3. Objectives

The primary aim of this study is to develop, implement,
and rigorously validate a hybrid machine learning
framework that synergistically integrates handcrafted
radiomic features and deep learning—derived
representations from multi-parametric breast MRI to
improve the diagnostic accuracy of benign versus
malignant breast tumor classification. To achieve this
overarching goal, the study pursues the following
specific objectives:

1. To standardize and preprocess multi-parametric
MRI data

Establish a reproducible preprocessing pipeline
including bias field correction, motion registration, ADC
map generation, and intensity normalization for DCE-
MRI, DWI, and T2-weighted sequences acquired across
heterogeneous scanners (1.5T and 3.0T) from two
institutions, thereby minimizing technical variability
and enhancing feature consistency.

2. To extract and optimize complementary feature
representations

Extract a comprehensive set of handcrafted radiomic
features (morphological, first-order, and second-order
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texture features) from expert-delineated tumor regions
across all MRI sequences using PyRadiomics.

- Simultaneously generate high-dimensional deep
features using a custom 3D ResNet-18 architecture
trained on co-registered, multi-channel input volumes
(DCE peak phase, DCE washout phase, ADC map, T2-
weighted image).

- Apply robust feature selection techniques (IQR
filtering, Spearman correlation analysis, recursive
feature elimination) to reduce redundancy and
dimensionality while preserving discriminative power.

3. To develop and compare three classification
strategies

- Train a radiomics-based classifier using a support
vector machine (SVM) with an RBF kernel on the
optimized radiomic feature set.

- Implement an end-to-end deep learning classifier
using the 3D ResNet-18 model with binary cross-
entropy loss.

- Construct a hybrid classifier that fuses radiomic and
deep features into a unified representation and
classifies lesions using a two-layer feedforward neural
network.

4. To evaluate model performance with clinical and
statistical rigor

Assess all models using five-fold stratified cross-
validation to ensure balanced representation of benign
and malignant cases. Report comprehensive
performance metrics including accuracy, sensitivity,
specificity, precision, F1-score, AUC, calibration curves,
and Brier score and perform statistical comparison of
AUCs using Delong’s test (a= 0.05).

5. To conduct in-depth subgroup and error analyses

Evaluate model robustness across clinically relevant
subgroups, including:

- Histopathological subtypes (e.g., invasive ductal vs.
lobular carcinoma),

- Lesion size categories (<10 mm, 11-20 mm, >20
mm),

- BI-RADS assessment categories (3, 4, 5).

Perform error characterization to identify patterns of
misclassification and assess alignment with known
diagnostic challenges in breast MRI.
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6. To benchmark performance against state-of-the-art
methods

Contextualize results within the current literature by
comparing AUC and methodological design (e.g.,
modality used, dataset size, validation strategy) with
recent peer-reviewed studies on breast tumor
classification using MRI.

7. To assess clinical translatability and generalizability

Investigate model performance consistency across
MRI field strengths (1.5T vs. 3.0T) and institutions,
providing evidence for real-world applicability in
heterogeneous clinical settings.

Through these objectives, this study seeks not only to
advance technical performance but also to bridge the
gap between artificial intelligence and clinical radiology
by delivering a reproducible, interpretable, and
generalizable decision-support tool for breast cancer
diagnosis.

4. Methods

This study employs a systematic and reproducible
pipeline for the classification of breast tumors (benign
vs. malignant) using multi-parametric breast MRI.

Classification of Breast Tumor LPUs

Dataset Description and Ethical Considerations
* 428 breast MRI exams collected retrospectively from
e 2016-2022; 218 benign; 210 benign and 210 malignant

* IRB approval, voxel size: 1 mm?

Preprocessing
* Bias field correction, motion correction; ADC maps
¢ Intensity normalization

|

Lesion Segmentation

Handcrafted Radiomic Features: Pyrodoic
* Morphological, First-order, and second-order texture
e Hiyelinstitationl: 3D ResNet-18 model ’

Deep learning Features: 3D ResNet-18
* Deep-learning features

1|
Classification Framework

Radiomics-based classifier:
* SVM trained on hancffed
radiomic features
* Intensity normalizallon

Evaluation
- Accuracy, sensitivity, specificity, precision, Fl-score, AUC,
callbration, assessed using five-fold cross-vald

Evaluation:

* Accuracy, sensitivity
* Specificity, precision
* Fl-score, AUC

Fig.1: Block Diagram of Proposed Methodology.

The methodology [Fig.1] encompasses data acquisition
and preprocessing, lesion segmentation, feature
representation (both handcrafted radiomic and deep
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learning—based), model development, and rigorous
performance evaluation. Each component is detailed
below.

1. Dataset Description and Ethical Considerations

The dataset consists of 428 breast MRI examinations
collected retrospectively from two tertiary care
institutions between 2016 and 2022. Each case includes
dynamic contrast-enhanced (DCE-MRI), diffusion-
weighted imaging (DWI), and T2-weighted sequences.
All patients underwent biopsy or surgical excision,
providing histopathological ground truth for tumor
labels (218 malignant, 210 benign). The study was
approved by the Institutional Review Boards (IRBs) of
both institutions, with a waiver of informed consent
due to its retrospective nature. Patient identifiers were
removed to ensure anonymity, and data handling
complied with HIPAA regulations.

2. MRI Acquisition Protocol

MRI scans were acquired using 1.5T and 3.0T scanners
(Siemens Magnetom and GE Signa systems). DCE-MRI
was performed with a 3D T1-weighted fat-suppressed
spoiled gradient-echo sequence (temporal resolution:
60-90 seconds, 6—8 post-contrast phases). DWI was
acquired with b-values of 0 and 800 s/mm?, and T2-
weighted images used a turbo spin-echo sequence.
Although acquisition parameters varied slightly across
sites, all images were resampled to isotropic 1 mm3
voxels during preprocessing to minimize scanner-
induced heterogeneity.

3. Preprocessing

Preprocessing steps were applied uniformly to all
sequences:

. Bias field correction: N4ITK algorithm was
used to correct intensity inhomogeneity in DCE and T2
images.

. Motion correction: Rigid registration aligned
all DCE time points to the first post-contrast phase
using mutual information—based optimization.

o ADC map generation: DWI images were
processed to compute apparent diffusion coefficient
(ADC) maps using mono-exponential fitting.

. Intensity normalization: Each DCE phase and
T2 image was normalized using z-score scaling per
patient to reduce inter-scan variability.

4. Lesion Segmentation
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Tumor regions of interest (ROls) were manually
delineated by two board-certified radiologists with 8
and 12 years of experience in breast imaging, using 3D
Slicer software. Segmentation was performed on the
first post-contrast DCE phase, with consensus reached
for discrepancies through joint review. The same spatial
coordinates were applied to co-registered DWI and T2
sequences to extract multi-parametric features from
identical anatomical regions.

5. Feature Extraction
5.1. Handcrafted Radiomic Features

A total of 1,218 radiomic features were extracted from
each lesion using PyRadiomics (v3.0):

. Morphological features (14): volume, surface
area, compactness, sphericity, etc.

. First-order statistics (18): mean, variance,
skewness, kurtosis from DCE (peak enhancement
phase), ADC, and T2.

. Second-order texture features (986): GLCM,
GLRLM, GLSZM, and NGTDM features computed in 3D
across all sequences.

Features were preprocessed with: (i) interquartile
range (IQR) filtering to remove near-constant features,
(i) Spearman correlation analysis (threshold >0.95) to
eliminate redundancy, and (iii) z-score normalization.

5.2. Deep Learning Features

A 3D ResNet-18 architecture was adapted to process
the multi-parametric input. The network accepted a 4-
channel input volume (DCE peak phase, DCE washout
phase, ADC map, T2-weighted image), each cropped to
a 64x64x32 voxel bounding box centered on the lesion.
The model was trained end-to-end using a binary cross-
entropy loss function with Adam optimizer (learning
rate = 1e 4, batch size = 8). Data augmentation (random
rotation *15°, flip, intensity jitter) was applied to
mitigate overfitting. Transfer learning was not used due
to domain specificity; instead, five-fold cross-validation
ensured robust training.

6. Classification Framework

Two parallel  classification  strategies  were
implemented:

. Radiomics-based classifier: A support vector
machine (SVM) with radial basis function (RBF) kernel
was trained on the reduced radiomic feature set (final

122



Journal of Harbin Engineering University
ISSN: 1006-7043

dimension: 87 features after selection via recursive
feature elimination with cross-validation).

. Deep learning classifier: The 3D ResNet-18
model’s final fully connected layer produced a binary
output (benign/malignant).

Additionally, a hybrid model fused radiomic and deep
features (concatenated into a 256-dimensional vector)
and classified using a two-layer feedforward neural
network.

7. Evaluation Metrics and Validation

Performance was assessed using five-fold cross-
validation, with stratified splits preserving the
benign/malignant ratio. Metrics included:

o Accuracy, sensitivity, specificity
. Precision and F1-score
. Area under the receiver operating

characteristic curve (AUC)

. Calibration curves and Brier score for
reliability assessment

Statistical significance between models was evaluated
using Delong’s test for AUC comparison (a = 0.05). All
experiments were implemented in Python 3.9 using
PyTorch, Scikit-learn, and MONAI libraries on an NVIDIA
A100 GPU workstation.

This comprehensive methodology ensures a fair
comparison between traditional radiomics and modern
deep learning approaches while addressing key
challenges in medical image analysis standardization,
generalizability, and clinical interpretability.

4.2 Mathematical Model

Let the dataset be D = {(X®,y®)}V ., where N =
428, y(l) € {0,1} (0 = benign, 1 = malignant), and

X® =[x XS0 X9 (1)

denotes multi-parametric MRI volumes. Let Q® be the
3D lesion mask.

1. Preprocessing
e ADC map:

0] 1 Xg\?wb 0
X,ic = —log| 77— (2)
ADC ©
800 XDWIb 800+
where € ensures numerical stability.
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e  Z-score normalization (per sequence, per
patient):

o M_,0
X —Xs (l’)‘s , s € {DCE,,T2,ADC} (3)
S

e  Rigid registration of DCE phases (to first post-
contrast):

g ® @ —
Xpcer = :R(XDCE t’XDCE,l)' t=1..,T(4)

2. Feature Representation

e Radiomic features:
Extracted from normalized images within

0®:
f(l)
[?'ad(i(DlC)E,peak' l)) j:rad(XE\l[))c' Q(l)) Trad(x‘?z)'ﬂ(l))]
R1218 5)

After redundancy removal (IQR + correlation
filtering), reduced to fﬁl) € R¥7.

e Deep features:
Input to 3D ResNet-18:

V(l) =

<@ <@ 2
Crop64><64-><32( XDCE ,peak’ XDCE washout’ XADC'

Q(i)) (6)
Deep feature vector:

£y = ¢o(V®) € RS
where ¢, denotes the ResNet-18 backbone
(excluding final classifier).

3. Classification Models
e Radiomics-only:

99 = g(wTfP +b), SVM with RBF kernel
e Deep learning-only:

9P =a(WEP +¢)  (7)
e Hybrid model:

Concatenated features f\” = [f; f"] €

R343, passed through a 2-layer MLP:

9 = o(W, a(W, Y +by) + b,) (8)
where o(+) is the sigmoid function.

4. Training and Evaluation

e Loss function (deep models): Binary cross-
entropy:

L(0) = =~ 2N, [yPlogy® + (1 — yD)log(1 -
0] I )
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e  Performance metrics (computed per fold in 5-
fold CV):

AUC, Accuracy = %ZH()A/(D‘ =
y®), Sensitivity, Specificity, Brier Score =
~TE® - y©)? (10)

e  Statistical comparison: DelLong’s test for AUC

differences between models at significance
level « = 0.05.

5. Results

This section presents an exhaustive analysis of
experimental outcomes, enriched with multiple
performance tables, subgroup evaluations, error
characterization, and direct comparisons with existing
literature. The discussion critically interprets these
findings in clinical, technical, and translational contexts,
while  transparently addressing methodological
limitations and pathways for future improvement.

1. Primary Classification Performance

Table 1 summarizes the performance of all three
models across standard diagnostic metrics using five-
fold stratified cross-validation (mean #* standard
deviation).

Table 1: Overall Classification Performance (n = 428
lesions)

F1- | AUC
Accu | Sensi | Speci | Preci | Sc | (95
Mode | racy | tivity | ficity | sion or | %
I (%) | (%) (%) (%) |e |Q)
Radio | 84.6 | 82.1 87.1 86.3 | 0.8 | 0.89
mics+ | £3.1 | +42 | £3.8 |35 |41 |2
SVM * (0.8
0.0 | 56—
3 0.92
8)
3D 88.3 | 86.7 89.9 89.2 | 0.8 | 0.92
ResNe | £2.7 | 3.6 | £3.1 |29 (79 |4
t-18 * (0.8
(DL) 0.0 | 95-
2 0.95
3)
Hybri | 91.1 | 89.4 92.8 91.7 | 0.9 | 0.94
d +23 | +30 | +£27 |25 |05 |7
(Radi + (0.9
omics 0.0 | 22—
+DL) 2 0.97
2)

The hybrid model significantly outperformed both
baselines in AUC (p = 0.008 vs. radiomics; p = 0.021 vs.
DL; Delong’s test). Its high specificity (92.8%) is
particularly valuable in reducing false positives—
potentially avoiding 15-20% of unnecessary biopsies in
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a clinical setting [1].
2. Subgroup Analysis by Tumor Histology

To assess robustness across pathological subtypes, we
stratified malignant cases (n = 218) into common
histological categories.

Table 2: Performance on Malignant Subtypes (Hybrid
Model)

Common
Histological Sensitivity | Misclassification
Subtype n (%) Reason
Invasive 162 | 94.4 —
Ductal
Carcinoma
(IDC)
Invasive 28 50.0 Non-mass
Lobular enhancement,
Carcinoma smooth margins
(ILC)
Mucinous 12 58.3 High T2 signal,
Carcinoma slow kinetics
Tubular 8 62.5 Circumscribed
Carcinoma margins, low
cellularity
Other 8 75.0 Rare; limited
(metaplastic, training
etc.) examples

ILC—a known diagnostic challenge in MRI due to its
diffuse, non-mass growth pattern—was the primary
source of false negatives. This aligns with clinical
literature reporting MRI sensitivity for ILC as low as 60—
70% [2]. The model’s difficulty with ILC underscores a
fundamental limitation: even advanced Al cannot
overcome inherent imaging ambiguities without
additional biomarkers (e.g., molecular imaging).

3. Performance by Lesion Size and BI-RADS Category

Table 3: Performance Stratified by Lesion Size and
Radiologist-Assigned BI-RADS

Accurac | Sensitivit | Specificit
Group n | y(%) y (%) y (%)
Size (mm)
<10 98 | 86.7 82.1 91.3
11-20 17 | 92.6 91.3 93.8
6
>20 15 | 935 94.8 92.2
4
BI-RADS
Category
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Accurac | Sensitivit | Specificit
Group n | y(%) y (%) y (%)
BI-RADS 3 | 64 | 95.3 — 95.3
(probably
benign)
BI-RADS 4 | 21 | 87.7 85.2 90.1
(suspiciou | 2
s)
BI-RADS 5 | 15 | 96.1 96.1 -
(highly 2
suggestive
)

Performance was lowest in the BI-RADS 4 group—the
clinical “gray zone” where management decisions are
most uncertain. This is both a limitation and a strength:
the model struggles where humans do, but its
guantitative output could help re-stratify equivocal
cases (e.g., downgrading low-risk BI-RADS 4 lesions).

4. Comparative Benchmarking with State-of-the-Art
Methods

Table 4: Comparison with Recent Literature (AUC as
Primary Metric)

Extern
Dat al
Ye | Mod | Mode | aset | AU | Validat
Study | ar |ality | IType | Size | C ion
Lietal. | 20 | DCE- | Radio | 180 | 0.8 | No
[3] 19 | MRI mics 5
+
SVM
Bousa | 20 | DCE- | 3D 312 | 0.8 | Multi-
barah 20 | MRI CNN 9 center
et al
(4]
Xie et | 20 | DCE Multi | 256 | 0.9 | Single-
al. [5] 21 | + - 3 center
DWI strea
+T2 m
CNN
Wang 20 | DCE- | Atten | 200 | 0.9 | No
et al. |22 | MRI tion 1
[6] CNN
Ours 20 | DCE Radio | 428 | 0.9 | Multi-
(Hybri | 24 | + mics 47 | institu
d) DWI | + 3D tional
+T2 | CNN

Our hybrid approach achieves the highest reported
AUC to date on a multi-institutional dataset,
demonstrating that combining interpretable radiomics
with deep representation learning yields synergistic
gains. Unlike many prior studies limited to DCE-MRI,
our use of full multi-parametric protocols aligns with
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current clinical best practices [7].
5. Error Analysis and Confusion Matrix

Table 5: Confusion Matrix for Hybrid Model (n = 428)

Actual \ Predicted Benign | Malignant
Benign (n = 210) 195 15
Malignant (n = 218) | 23 195

e False Positives (n = 15): 9 fibroadenomas
(enhancing), 4 papillomas, 2 sclerosing
adenosis

e  False Negatives (n = 23): 14 ILC, 4 mucinous, 3
tubular, 2 other

Notably, 81% of errors occurred in lesions originally
rated BI-RADS 4 by radiologists, confirming that the
model’s uncertainty mirrors real-world diagnostic
dilemmas.

6. Discussion
6.1. Strengths of the Hybrid Approach

The integration of radiomics and deep learning
capitalizes on the strengths of both paradigms:

e Radiomics provides biologically interpretable
features grounded in radiological knowledge
(e.g., ADC for cellularity, washout for
angiogenesis).

o Deep learning captures complex spatial
patterns (e.g., heterogeneous enhancement
textures) that are difficult to quantify
manually.

This duality enhances not only accuracy but also trust:
clinicians can inspect which radiomic features
contributed to a decision while also visualizing CNN
attention maps (via Grad-CAM).

6.2. Comparison with Human Performance

In a reader study on 100 cases, the hybrid model (AUC
= 0.947) significantly outperformed two experienced
radiologists (AUC = 0.872 and 0.856). More
importantly, when used as a second opinion, it
improved radiologist consensus AUC to 0.913
demonstrating clear potential for human-Al
collaboration rather than replacement.

6.3. Generalizability Across Scanners

Performance was consistent between 1.5T (AUC =
0.938) and 3.0T (AUC = 0.952) scanners, suggesting
robustness to field strength variations a critical
requirement for real-world deployment where
equipment heterogeneity is unavoidable.
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6.4. Limitations

Despite strong results, several limitations must be
acknowledged:

1. Retrospective Design: Only biopsy-confirmed
lesions were included, introducing verification
bias. Screening-negative cases (true negatives
without biopsy) were excluded, potentially
inflating specificity.

2. Manual Segmentation: ROI delineation by experts
is accurate but not scalable. Future work must
integrate automated segmentation (e.g., nnU-Net)
to enable end-to-end pipelines.

3. Underrepresentation of Rare Subtypes: ILC,
mucinous, and metaplastic carcinomas comprised
<15% of malignancies, limiting model robustness
for these entities.

4. Lack of Molecular Subtype Prediction: The model
classifies benign vs. malignant but does not predict
ER/PR/HER2 status, which is increasingly relevant
for treatment planning.

5. No Prospective Validation: Performance in a live
clinical workflow where image quality, motion
artifacts, and protocol deviations are common
remains untested.

7. Conclusion

This study presents a robust, multi-parametric
MRI-based framework for the automated
classification of breast tumors, integrating
handcrafted radiomic features with deep learning
representations in a hybrid model. Leveraging a
retrospective cohort of 428 histopathologically
confirmed lesions from two tertiary institutions,
our methodology demonstrates that the
synergistic fusion of interpretable radiomics and
high-capacity = 3D  convolutional  networks
significantly outperforms either approach in
isolation. The hybrid model achieved an AUC of
0.947 (95% Cl: 0.922-0.972), with high sensitivity
(89.4%) and specificity (92.8%), marking the
highest reported performance to date on a multi-
institutional, multi-parametric breast MRI dataset.
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