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Abstract

Background: Breast cancer remains a critical public health problem worldwide and is a
leading cause of cancer-related mortality. Optimizing clinical outcomes is contingent upon
the early and precise detection of malignancies. Advances in medical imaging and artifi-
cial intelligence (AI), particularly in the fields of radiomics and deep learning (DL), have
contributed to improvements in early detection methodologies. Nonetheless, persistent
challenges, including limited data availability, model overfitting, and restricted general-
ization, continue to hinder performance. Methods: This study aims to overcome existing
challenges by improving model accuracy and robustness through enhanced data augmen-
tation and the integration of radiomics and deep learning features from the CBIS-DDSM
dataset. To mitigate overfitting and improve model generalization, data augmentation
techniques were applied. The PyRadiomics library was used to extract radiomics features,
while transfer learning models were employed to derive deep learning features from the
augmented training dataset. For radiomics feature selection, we compared multiple super-
vised feature selection methods, including RFE with random forest and logistic regression,
ANOVA F-test, LASSO, and mutual information. Embedded methods with XGBoost, Light-
GBM, and CatBoost for GPUs were also explored. Finally, we integrated radiomics and
deep features to build a unified multimodal feature space for improved classification perfor-
mance. Based on this integrated set of radiomics and deep learning features, 13 pre-trained
transfer learning models were trained and evaluated, including various versions of ResNet
(50, 50V2, 101, 101V2, 152, 152V2), DenseNet (121, 169, 201), InceptionV3, MobileNet, and
VGG (16, 19). Results: Among the evaluated models, ResNet152 achieved the highest
classification accuracy of 97%, demonstrating the potential of this approach to enhance
diagnostic precision. Other models, including VGG19, ResNet101V2, and ResNet101,
achieved 96% accuracy, emphasizing the importance of the selected feature set in achieving
robust detection. Conclusions: Future research could build on this work by incorporating
Vision Transformer (ViT) architectures and leveraging multimodal data (e.g., clinical data,
genomic information, and patient history). This could improve predictive performance
and make the model more robust and adaptable to diverse data types. Ultimately, this
approach has the potential to transform breast cancer detection, making it more accurate
and interpretable.

Keywords: medical imaging; breast cancer; feature engineering; radiomics analysis; deep
learning; transfer learning
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1. Introduction
The most frequently diagnosed malignant neoplasm in women is breast cancer, which

also stands as the second leading cause of cancer deaths in females worldwide [1,2].
Detecting the disease at an early stage is vital for better therapeutic outcomes and improved
survival rates. An array of imaging techniques, including mammography, MRI, and
ultrasonography, are fundamental to the detection of irregularities within breast tissue.
Recent advancements have increasingly prioritized the application of medical imaging
modalities for the early identification of breast neoplasms [3].

The advent of deep learning has significantly advanced medical imaging analysis,
enabling precise and automated identification of breast malignancies. Convolutional
neural networks (CNNs) and related deep learning frameworks excel in discerning high-
dimensional feature representations in medical imaging, contributing to a reduction in
diagnostic variability. In our previous study [4], a systematic review and meta-analysis
investigated radiomics-driven deep learning and machine learning algorithms for breast
cancer diagnosis, evidencing improved diagnostic precision and specificity, especially
in mammographic and MRI-based imaging. Despite these advancements, significant
limitations remain. Our previous study highlighted challenges such as heterogeneity in
medical image features, limited availability of large annotated datasets, and limited model
generalizability across heterogeneous imaging protocols and diverse patient cohorts, which
pose a significant challenge.

Early identification of breast cancer faces significant challenges, primarily because
of the shortage of manifold datasets necessary for effectively training predictive models.
This limited representation can hinder the ability of models to generalize across different
populations, resulting in inaccuracies. Additionally, class imbalances within the datasets
can further exacerbate these issues, leading to biased predictions that may not accurately
reflect the reality of all patient groups. As a result, these obstacles can compromise the
effectiveness of early detection efforts for combating breast cancer.

Feature extraction is significant because it allows the analysis, measurement, and
identification of distinct attributes within images that indicate the existence or advancement
of cancer [5,6]. On the other hand, because of the complex and critical nature of medical data,
medical image feature extraction requires innovative approaches [7]. Radiomics analysis
is an effective feature engineering approach in medical image analysis that is crucial to
improving patient outcomes. Recent studies [8–11] have conducted radiomic analysis
and extracted radiomic features to advance medical image analysis. Radiomics techniques
employ sophisticated algorithms to extract quantitative characteristics from medical images,
such as the shape, texture, size, and intensity of tumors [12], which can then be used to
develop prediction models for various medical image classification problems. Radiomics
feature extraction, which provides interpretable, clinically relevant features, complements
deep feature extraction, where deep learning models automatically derive hierarchical and
abstract representations from imaging data. This synergy enhances diagnostic accuracy by
combining the quantitative insights of radiomics into tumor characteristics with the ability
of deep features to capture complex, nonlinear patterns [13].

The application of transfer learning, utilizing pre-trained deep neural networks such
as VGG, ResNet, or Inception, empowers enhanced model performance by transferring
complex feature extractors trained on vast, generic datasets to address the challenges of
limited labeled medical imaging data. Integrating deep learning pretrained models with
radiomics features addresses key challenges in breast cancer detection by leveraging their
complementary strengths. Proper data augmentation and pre-trained models mitigate data
limitations through transfer learning and extract complex, high-level features from images,
whereas radiomics provides reproducible, standardized metrics to reduce subjectivity. This
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combination enhances the model accuracy, sensitivity, and specificity by integrating learned
and handcrafted features into hybrid frameworks. Automating both approaches speeds
up the analysis, minimizes time inefficiencies, and facilitates real-time application. This
synergy enhances the reliability, consistency, and performance, advancing the precision
and personalization of breast cancer detection.

Therefore, we propose a comprehensive methodology pipeline that integrates ad-
vanced data augmentation, rigorous multimodal feature engineering, and systematic eval-
uation of transfer learning models to optimize early breast cancer diagnosis. This research
will lead to the following enhancements in performance and reliability:

• Advanced data augmentation techniques to tackle the issues of limited and imbalanced
datasets, resulting in enhanced model robustness and generalization.

• Feature engineering by integrating multimodal features (radiomics and deep features)
from the augmented training dataset. Radiomics feature selection was conducted using
RFE (with random forest and logistic regression), ANOVA F-test, LASSO, and mutual
information, alongside embedded approaches leveraging XGBoost, LightGBM, and
CatBoost with GPU acceleration. The most informative features were subsequently
integrated with deep features to build a unified multimodal feature space for final
model development.

• An in-depth analysis of 13 transfer learning models, emphasizing their relative
performance and illustrating significant enhancements in the accuracy of breast
cancer diagnosis.

The remainder of this paper is organized as follows. Section 2 synthesizes the relevant
literature and highlights critical gaps in current knowledge. Section 3 explains the research
methodology utilized. Section 4 details the outcomes of the study concerning transfer
learning models, comparing the findings with existing research. Section 5 discusses the
findings while addressing the associated challenges and limitations. Finally, Section 6
summarizes the study and proposes future research pathways.

2. Literature Review
Khourdifi et al. [14] formed a deep learning methodology for the prompt identification

of breast cancer, using radiomics and transfer learning techniques. Their method employed
standardized preprocessing for mammographic images sourced from the CBIS-DDSM and
INbreast datasets, enhancing both interpretability and robustness. The ensemble model
achieved an impressive accuracy of 89.5%, along with a remarkable specificity of 90.2%
when tested on the CBIS-DDSM dataset.

Pham et al. [15] introduced an architecture based on EfficientNet, incorporating image
enhancement techniques to improve breast cancer prediction. They presented a fine-tuning
procedure for pre-trained models, including ResNet-50, EfficientNet-B5, and Xception. The
strategy incorporates a variety of preprocessing methods and leverages transfer learning
to extract intrinsic markers, which positively contribute to improving model dependabil-
ity and enhancing classification accuracy. The authors compared three ensemble meth-
ods—averaging, weighted averaging, and voting—achieving up to 91.36% accuracy for
mass/calcification classification and 76.79% for benign/malignant classification.

Chugh et al. [16] introduced TransNet, a model that combines classical machine
learning techniques with transfer learning paradigms. Their study demonstrated that
transfer learning significantly enhances model generalizability, allowing for the detection
of subtle features in mammograms. For feature extraction and classification, deep learning
methods utilize neural network classifiers such as MobileNet, VGG16, VGG19, ResNet50,
ResNet152, and DenseNet169. Among the evaluated models, MobileNet, ResNet50, and
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DenseNet169 achieved superior performance, each reaching an accuracy of 97% (±2%) on
both the training and test sets.

Subha et al. [17] developed a depth-wise convolutional neural network (CNN) specifi-
cally designed for mammographic classification. Their study utilized pre-trained models,
demonstrating enhanced efficiency in breast lesion classification. The proposed method
achieved an accuracy of 95 percent.

Gujar et al. [18] employed radiomics-based convolutional neural network (CNN)
models utilizing transfer learning for the classification of breast lesions. Their research
demonstrated that the integration of radiomics features with deep learning significantly
enhances both model sensitivity and specificity. Among the models tested, ResNet50
exhibited the highest performance, achieving a classification test accuracy of 0.72, and
AlexNet attained a test accuracy of 0.64.

Alexandru et al. [19] compared the performance of fine-tuned deep learning models
in classifying breast tissue from ultrasound images into multiple classes using transfer
learning. In their study, the authors employed several transfer learning models combined
with data augmentation. The highest performance of 98.11± 0.10% was achieved using the
DenseNet-121 model on their test set.

Asadulla et al. [20] proposed a novel approach for classifying breast cancer histopathol-
ogy images. It improves interpretability and resilience by focusing on localized features
and distinguishing problematic situations utilizing modified pre-trained CNN models
and attention procedures. Transfer learning using five deep convolutional neural network
models augmented by the convolutional block attention module is used. Testing accuracy
rates for the attention mechanism (AM) utilizing the Xception model on the “BreakHis”
breast cancer dataset are 0.992 and 0.995. The test accuracy for DenseNet121 using AMs
is 0.996.

In a study by Francesca et al. [21], the authors developed and evaluated two deep
learning models for the binary classification of breast lesions (benign vs. malignant)
using digital breast tomosynthesis (DBT) images, with the goal of enhancing clinical
decision-making and risk stratification. Both models utilized convolutional neural network
(CNN) architectures, leveraging transfer learning with ImageNet pre-trained weights. The
training and evaluation process employed a 10-fold cross-validation strategy combined
with ensemble voting. The ResNet50-based model demonstrated an ROC–AUC of 63%, an
accuracy of 60%, a sensitivity of 39%, and a specificity of 75% on the internal test set.

Wang et al. [22] proposed a cross-modality fusion approach combining mammography
and ultrasound images using deep learning. Using three public datasets, they developed
and compared three models: pre-trained CNNs with machine learning classifiers, transfer
learning-based CNNs, and a custom 17-layer CNN. Evaluation based on accuracy and
Kappa score showed that the custom CNN achieved the best performance with an accuracy
of 96.4% and a Kappa of 0.927.

Xiong et al. [23] introduced HCMNet, a hybrid architecture that combines CNN and
Mamba to enhance breast ultrasound image segmentation. Employing the BUSI and UDIAT
Dataset B, HCMNet attained 96.82% accuracy, 70.96% IoU, and 83.01% DSC on the BUSI
dataset and 98.93% accuracy, 80.06% IoU, and 88.82% DSC on the UDIAT Dataset B. The
model improves segmentation precision while maintaining computational efficiency by
including wavelet feature extraction and adaptive feature fusion.

Xiong et al. [24] presented MFPNet, a mixed feature perception network designed for
skin lesion segmentation. This approach integrates global contextual attributes with local
specifics to efficiently delineate lesion regions, employing a multi-scale feature perception
module (MFPM) to improve resilience. MFPNet was evaluated on the ISIC2018 and PH2
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datasets, attaining 96.19% accuracy, 83.84% IoU, and 91.21% DSC on ISIC2018 and 94.85%
accuracy, 85.67% IoU, and 92.28% DSC on PH2.

Critical Findings

Despite numerous studies in the field of breast cancer detection, there are still specific
gaps that need to be addressed, particularly in the areas of data limitation and medical
image feature engineering. Existing research has made significant strides in these ar-
eas; however, more refined techniques are necessary to enhance model robustness and
generalizability further.

This study addresses these gaps by applying data augmentation techniques to balance
the dataset and performing feature engineering by integrating multimodal features (ra-
diomics and deep features) from the augmented training dataset. It enhances model learn-
ing while combining radiomics and deep learning-based features in a unified framework.
We employed 13 transfer learning models, incorporating deep and extracted radiomics
features, to assess their performance in early breast cancer detection. By integrating these
techniques, our methodology enhances the feature extraction process and optimizes the
training of the transfer learning models. This approach allows the models to benefit from
both traditional medical image processing techniques (radiomics) and the powerful pattern
recognition capabilities of deep learning, ultimately improving the model’s performance
and robustness.

3. Materials and Methods
Our proposed approach organizes the research process into several distinct phases.

Figure 1 describes our research methodology. The methodology commenced with the
acquisition and analysis of breast imaging data. Image data were collected from the
CBIS-DDSM [25] dataset and prepared through essential analysis steps. The data analysis
phase included fixing image paths, determining the length of the dataset, mapping labels,
counting the instances with respect to labels, and displaying image data. During the
analysis, we identified an imbalanced dataset concerning labels (benign, malignant). Our
next step involved applying image processing and data augmentation. In this step, we
ensured that images were prepared to comply with the requirements of the pre-trained
model and pyradiomics. We also carried out data augmentation to address the imbalanced
dataset issue. After that, our augmented dataset was split into three subsets: training,
validation, and testing, with a distribution ratio of 80% for training, 10% for validation, and
10% for testing. In the feature engineering phase, we employed two approaches: a radiomics
features approach and a deep learning features approach. We extracted features for both
approaches from our training data. Radiomics features were derived using the PyRadiomics
library. For deep learning features, we utilized GlobalAveragePooling2D from pretrained
models to extract high-level representations. To optimize the radiomics feature set, feature
selection was performed using RFE (random forest, logistic regression), ANOVA F-test,
LASSO, and mutual information criteria. In addition, embedded selection was explored
with XGBoost, LightGBM, and CatBoost using GPU acceleration. The selected features
were then combined with deep features to create a unified multimodal feature space for
downstream model training. All features were standardized using z-score normalization
after missing value imputation with a k-nearest neighbors imputer (k = 5). In the final phase,
we implemented 13 transfer learning models for early breast cancer detection. We rigorously
evaluated the model’s implementation using metrics such as accuracy, precision, recall, and
F1 score, ensuring that it was accurate and reliable for early breast cancer detection. This
structured approach, coupled with the rigorous assessment, enhances diagnostic precision
and robustness, providing a solid foundation for accurate and actionable cancer predictions.
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Our proposed methodology has been implemented and can be accessed through the gitHub
repository [26].

Figure 1. Workflow of the proposed methodology for breast cancer detection, comprising (1) data
analysis, with image collection from CancerImaging and CBIS-DDSM datasets, preprocessing, and
data augmentation; (2) feature engineering, integrating radiomics and deep learning features to form
a multimodal feature space; and (3) transfer learning using models like ResNet50, ResNet152v2,
DenseNet121, and others, followed by visualization and internal validation.

3.1. Dataset

We initially collected data from the well-known dataset CBIS-DDSM [25], which con-
tains 2620 mammography images. This collection comprises 2620 mammography studies,
encompassing normal, benign, and malignant cases. The dataset comprises updated ROI
segmentation and bounding boxes, along with the pathological assessment for the training
data. Figure 2 describes mammographic images with a segmented ROI.

Figure 2. Mammogram images with highlighted regions showing segmented ROI.

3.2. Image Pre-Processing and Data Augmentation

After collecting data from the dataset, we applied several image processing techniques
to ensure consistency and quality across the images. Algorithm 1 describes our image
processing steps. First, we rescaled each image to a standardized resolution (224× 224),
ensuring uniformity and compatibility in subsequent feature extraction and model train-
ing stages.

I′(u, v) =
1

∑
i=0

1

∑
j=0

wij · I(x + i, y + j), (1)

where
x =

u ·W
M

, y =
v · H

N
, (2)
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and W × H is the original image size, M× N = 224× 224 is the target size, and wij are
interpolation weights based on the relative distances to the four nearest neighboring pixels
in the original image.

Algorithm 1 Image Preprocessing Pipeline

1: procedure PREPROCESSIMAGE(I)
2: Iresized ← Rescale(I, M, N)
3: Inorm ← Normalize(Iresized)
4: Ismooth ← GaussianFilter(Inorm, σ)
5: Ialigned ← RegisterImage(Ismooth, reference)
6: return Ialigned

We then performed normalization, standardizing pixel intensity values to reduce
variations caused by lighting or contrast differences, allowing the model to focus on
essential features rather than inconsistencies.

Inorm(u, v) =
I′(u, v)− µ

σ
, (3)

where µ and σ are the precomputed mean and standard deviation of pixel intensities across
the dataset

To enhance clarity, we applied noise reduction using a Gaussian filter, minimizing
background noise and artifacts that could interfere with accurate feature extraction.

G(x, y) =
1

2πσ2 exp
(
− x2 + y2

2σ2

)
, (4)

and the denoised image Ismooth is obtained via convolution:

Ismooth(x, y) = (Inorm ∗ G)(x, y) =
k

∑
i=−k

k

∑
j=−k

Inorm(x− i, y− j) · G(i, j), (5)

where k is the kernel radius, typically chosen as k = ⌈3σ⌉, ensuring sufficient coverage of
the kernel’s support.

Finally, we used anatomical alignment to orient the images to a common reference
point, ensuring that comparable regions are captured across images. Together, these
processing steps refined the dataset, enabling reliable, high-quality input for analysis.[

x′

y′

]
=

[
a11 a12

a21 a22

][
x
y

]
+

[
tx

ty

]
(6)

We employed data augmentation techniques to mitigate the imbalance in the original
dataset. Table 1 provides an overview of the CBIS-DDSM dataset, detailing the distribution
of images across various labels. Each label includes a specific number of both original
and augmented images. The augmentation pipeline (Algorithm 2) includes several trans-
formations: random horizontal and vertical flips to simulate different orientations and
random adjustments in brightness, contrast, saturation, and hue to mimic lighting and
color variations. In addition, in the image processing stage, we applied a Gaussian filter
to reduce background noise and artifacts to improve image clarity. Subsequently, during
this phase, a Gaussian filter is applied with a random standard deviation to introduce
blur effects to simulate real-world imaging variations, while random cropping followed by
resizing simulates zoom-level variations. These strategies aim to mitigate the imbalance
and enhance the model’s generalization capabilities. At the time of image data augmenta-



Diagnostics 2025, 15, 2170 8 of 29

tion, we augmented 3 types of images that were collected from the dataset—full images,
cropped images, and segmented ROI images. In our data analysis, we found that cropped
and segmented ROI images are both related to full images. In Figure 2, we describe the full
images with their corresponding segmented ROIs. Therefore, when applying augmentation
techniques, we made sure to include all types of related images to maintain coherence in
our dataset. After augmentation, a count of 8498 images per label was generated. The
dataset is split into three subsets: training, validation, and testing, with a distribution ratio
of 80% for training, 10% for validation, and 10% for testing. Due to mini-batches with a
batch size of 32 and 64, the allocation of samples to each subset slightly deviated from the
intended split. As a result, the size of the final datasets was as follows. The final datasets
consist of 13600 training images (425 batches of 32 samples each), 1700 validation images
(53 batches of 32 samples each), and 1700 testing images (53 batches of 32 samples each).
The dataset was shuffled prior to splitting to ensure fairness and consistency, and the same
random seed was utilized in each run. Furthermore, samples that could not form complete
batches were excluded, minimizing potential bias in the dataset.

Table 1. Description of the dataset distribution, including the count of original and augmented
images for each class (benign and malignant).

Labels Original Images Augmented Images

Benign 1930 8498

Malignant 1354 8498

Total 3284 16,996

Algorithm 2 Image augmentation pipeline

Require: Image Ialigned

Ensure: Augmented Image Î
1: I ← tf.image.random_flip_left_right(I)
2: I ← tf.image.random_flip_up_down(I)
3: I ← tf.image.random_brightness(I, 0.3)
4: I ← tf.image.random_contrast(I, 0.8, 1.2)
5: I ← tf.image.random_saturation(I, 0.8, 1.2)
6: I ← tf.image.random_hue(I, 0.02)
7: σ← tf.random.uniform([], 0.1, 2.0)
8: I ← tf.image.gaussian_filter2d(I, (3, 3), σ)
9: s← tf.shape(I)[: 2]× tf.random.uniform([], 0.8, 1.0)

10: I ← tf.image.random_crop(I, s)
11: I ← tf.image.resize(I, tf.shape(I)[: 2])
12: I′ ← tf.random.normal(tf.shape(I), 0.0, 0.05)
13: I ← tf.clip_by_value(I + I′, 0.0, 1.0)
14: return Augmented Image Î

3.3. Feature Engineering
3.3.1. Radiomics Features

In this phase, we conducted feature engineering, meticulously dividing it into feature
extraction with radiomics feature selection and combination to create a robust feature
set. During feature extraction, we gathered a comprehensive range of radiomic features
from segmented regions of interest (ROIs). Algorithm 3 describes the radiomics extraction
process. These features included first-order statistics (e.g., percentiles, energy, and entropy),
shape-based descriptors (e.g., elongation, major axis length, and perimeter), and higher-
order texture features derived from standard radiomics matrices, such as the gray-level
run length matrix (GLRLM), gray-level size zone matrix (GLSZM), gray-level dependence
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matrix (GLDM), gray-level co-occurrence matrix (GLCM), and neighborhood gray-tone
difference matrix (NGTDM). To ensure precision and consistency, we utilized the PyRa-
diomics library [27], which is specifically designed for extracting diverse radiomic features
critical in medical imaging analysis. By combining radiomic features extracted through
these methods, our approach ensures the integration of diverse quantitative descriptors,
thereby creating a comprehensive feature set for analysis.

Algorithm 3 Radiomics feature extraction

Require: Dataframe f ullmass with columns: patient_id, image_file_path,
ROI_mask_file_path, labels

Ensure: Radiomics features DataFrame f eaturesd f
1: extractor ← featureextractor.RadiomicsFeatureExtractor()
2: extractor.enableFeatureClassByName(′shape2D′)
3: f eaturesl ist← []
4: for each row in f ullmass do
5: patientid, imagepath, maskpath, level ← row values
6: image← cv2.imread(imagepath, cv2.IMREAD_GRAYSCALE)
7: mask← cv2.imread(maskpath, cv2.IMREAD_GRAYSCALE)
8: if image.shape ̸= mask.shape then
9: new_size← (image.shape[1], image.shape[0])

10: mask← cv2.resize(mask, new_size, cv2.INTER_NEAREST)
11: imagesitk← sitk.GetImageFromArray(image)
12: masksitk← sitk.GetImageFromArray(mask)
13: result← extractor.execute(imagesitk, masksitk)
14: f eaturesl ist.append(result,′ patientid′ : patientid,′ labels′ : level)
15: f eaturesd f ← pd.DataFrame( f eaturesl ist)
16: features_df.to_csv(′radiomics f eatures.csv′, index=False)
17: return f eaturesd f

3.3.2. Radiomics Feature Selection

Feature selection is critical for radiomics features due to the high-dimensional nature
of radiomics data. This high dimensionality can lead to overfitting, where models perform
well on training data but fail to generalize to new data, especially given the often limited
sample sizes in medical studies. Feature selection mitigates the curse of dimensionality
by reducing the feature space, improving model performance, robustness, and general-
izability. In our study, we systematically compared a broad range of supervised feature
selection techniques with varying subset sizes. Recursive feature elimination (RFE) was
applied using random forest and logistic regression base classifiers, selecting 10, 20, 50,
and 100 features. In addition, RFECV automatically determined the optimal number of
features, resulting in 74 for random forest and 647 for logistic regression. Univariate feature
selection based on the ANOVA F-statistic was performed via SelectKBest with 10, 20, 50,
and 100 features. LASSO (LassoCV) was applied, yielding 90 and 157 selected features
on a fivefold cross-validation configuration. Mutual Information feature ranking was also
evaluated, retaining the top 50, 100, and 200 features. Embedded methods using tree-based
models with GPU acceleration were explored through XGBoost, LightGBM, and CatBoost,
with feature subset sizes of 50, 100, and 200. The methods and their corresponding number
of selected features are summarized in Table 2.

These diverse feature selection pipelines aimed to identify the most discriminative and
robust subsets, which were subsequently integrated with deep features to build a unified
multimodal feature space for final model development.
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Table 2. Summary of feature selection methods and the number of selected features.

Method Num_Features

RFE (Random Forest) 10, 20, 50, 100
RFE (Logistic Regression) 10, 20, 50, 100
RFECV (Random Forest) 74
RFECV (Logistic Regression) 647
SelectKBest (ANOVA) 10, 20, 50, 100
LASSO (LassoCV) 90
LASSO (LassoCV) 157
XGBoost GPU 50, 100, 200
LightGBM GPU 50, 100, 200
CatBoost GPU 50, 100, 200
Mutual Information 50, 100, 200

3.3.3. Deep Learning Features

In addition to radiomics features, we utilized GlobalAveragePooling2D for deep learn-
ing feature extraction. GlobalAveragePooling2D is an efficient method for transitioning
from convolutional layers to fully connected layers, enabling effective feature extraction
while reducing the risk of overfitting. This operation condenses the spatial dimensions
of the feature maps by computing the average of all spatial positions for each feature
map channel. Mathematically, for a feature map Fm with dimensions J × E× X, where
J = height, E = width, and X = number of channels, the global average pooling operation
computes the output for the c-th channel as:

fc =
1

J × E

J

∑
k=1

E

∑
l=1

Fmk,l,c (7)

where

• Fk,l,c = activation value at position (k, l) in the c-th feature map.
• fc = resultant scalar for the c-th channel after applying the global average pooling.

This operation ensures that each channel contributes a single value to the final feature
vector, significantly reducing the dimensionality while retaining global spatial information.
By summarizing the feature maps into compact vectors, GlobalAveragePooling2D enhances
the model’s generalization ability and reduces the risk of overfitting. The extracted deep fea-
tures are combined with radiomics features to form a comprehensive input representation,
enabling the model to achieve high classification accuracy.

3.4. Multimodal Feature Preparation

After independently processing both radiomics and deep features, we applied several
data harmonization steps to prepare them for fusion and downstream machine learning.
First, missing values in the radiomics features are addressed using a KNN imputer with
k = 5, which leverages neighboring samples to estimate missing entries. The same KNN
imputer is also applied to the deep features to handle potential missing activations that
could occur if, for instance, specific images failed to process fully. Algorithm 4 describes
the multimodal feature preparation.

Once imputed, both radiomics and deep features undergo standard normalization
using a StandardScaler (z-score standardization) to ensure comparable scales across hetero-
geneous features. This is crucial because radiomics features (often with units such as pixel
intensity) and deep features (unitless activation patterns) can have substantially different
distributions otherwise.
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Algorithm 4 Multimodal feature preparation

Require: Radiomics feature matrix R, deep feature matrix D, target labels y
Ensure: Preprocessed and fused feature matrix F

1: Apply KNN imputation with k = 5 to R, producing Rimp
2: Apply KNN imputation with k = 5 to D, producing Dimp
3: Standardize Rimp with zero mean and unit variance, yielding Rnorm
4: Standardize Dimp with zero mean and unit variance, yielding Dnorm
5: Rename columns of Dnorm as deep_feature_i for traceability
6: Concatenate Rnorm and Dnorm horizontally to form F
7: Align F rows to patient IDs from y
8: return F

3.5. Transfer Learning Models

The experiment setup, as detailed in Table 3, outlines the architectural and training
configuration applied across 13 different transfer learning models. Every model was set up
with weights that were pre-trained on ImageNet to leverage hierarchical features for the
CBIS_DDSM dataset with 2 classes, and the dimensions of the input image were specified as
(224, 224, 3); for InceptionV3, it was (299, 299, 3) to reflect its multi-scale inception modules.
Architectural choices were task-driven: VGG16’s 13 convolutional layers with 3 × 3 kernels
ensured simplicity, while ResNet50’s 50 layers, with 7× 7, 1× 1, and 3× 3 kernels, enabled
robust feature extraction via bottleneck blocks. To fine-tune the models, the top 30% of
layers were unfrozen while keeping the remaining layers frozen to prevent overfitting
and catastrophic forgetting. Regularization techniques included L2 weight decay with
λ = 0.01 and dropout layers with 30% applied to dense layers, minimizing overfitting
by encouraging simpler models and robust feature representations. The categorical cross-
entropy loss function was used, with the Adam optimizer configured at a learning rate of
1× 10−5, which is ideal for multi-class classification, as it measures the difference between
predicted probabilities and one-hot encoded labels, encouraging the model to assign high
probabilities to the correct class, thus optimizing classification accuracy. The low learning
rate of 1× 10−5 is critical for fine-tuning, as it enables precise weight updates to the top
30% of unfrozen layers, preserving pretrained features while adapting to the new task,
thus preventing overfitting and catastrophic forgetting. Early stopping with a patience
value of 5 epochs was implemented to halt training when validation performance stops
improving, preventing overfitting and saving computational resources, and the best model
for each architecture was saved in .h5 format. The models’ performance was analyzed
using accuracy/loss curves, confusion matrices, and classification reports to assess their
effectiveness in classification tasks.
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Table 3. Architectural and training configuration of pre-trained deep learning models used in the experimental evaluation. The table summarizes key specifications,
including input dimensions, kernel sizes, architectural details, fine-tuned layers, optimizer, learning rate (LR), batch size, and regularization strategy (L2 penalty
with λ = 0.01), common across all models. All models were fine-tuned using the Adam optimizer with a learning rate of 10−5 and a batch size of 32.

Model Input Size Base Kernel Sizes Models Architecture Fine-Tuned Layers Optimizer LR Batch Size Regularization

VGG16 224× 224× 3 3× 3 conv, 2× 2 pool 13 conv + 3 FC (standard VGG) Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

VGG19 224× 224× 3 3× 3 conv, 2× 2 pool 16 conv + 3 FC (standard VGG) Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

ResNet50 224× 224× 3 7× 7, 1× 1, 3× 3 50 layers; bottleneck blocks Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

ResNet101 224× 224× 3 7× 7, 1× 1, 3× 3 101 layers; bottleneck blocks Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

ResNet152 224× 224× 3 7× 7, 1× 1, 3× 3 152 layers; bottleneck blocks Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

ResNet50V2 224× 224× 3 7× 7, 1× 1, 3× 3 Improved pre-activation Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

ResNet101V2 224× 224× 3 7× 7, 1× 1, 3× 3 Improved pre-activation Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

ResNet152V2 224× 224× 3 7× 7, 1× 1, 3× 3 Improved pre-activation Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

DenseNet121 224× 224× 3 7× 7, 1× 1, 3× 3 121 layers; dense connections Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

DenseNet169 224× 224× 3 7× 7, 1× 1, 3× 3 169 layers; dense connections Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

DenseNet201 224× 224× 3 7× 7, 1× 1, 3× 3 201 layers; dense connections Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

MobileNet 224× 224× 3 3× 3 depthwise, 1× 1 pw Lightweight separable conv Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)

InceptionV3 299× 299× 3 1× 1, 3× 3, 5× 5 Inception modules, factorized Top 30% Adam 1× 10−5 32 L2 (λ = 0.01)
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We achieved the highest accuracy with the ResNet152 model. We utilized the
ResNet152 architecture with custom layers to integrate radiomics features for improved per-
formance in medical image classification. Figure 3 outlines the structure of the ResNet152
model combined with custom layers. The base model, ResNet152, is a deep convolutional
neural network that begins with an initial convolutional layer using a 7× 7 kernel, 64 filters,
and a stride of 2, followed by max-pooling and several residual blocks. The residual blocks
are structured with multiple convolutional layers featuring progressively increasing filter
sizes of 128, 256, 512, and 1024. This architecture enhances the network’s capability to cap-
ture features at both low and high levels accurately, thus alleviating the vanishing gradient
issue and strengthening the model’s capacity to recognize intricate patterns. After the resid-
ual blocks, global average pooling effectively compresses the feature maps into a 1D vector.
To further enhance the model, custom layers integrate radiomics features into the network.
The deep features from ResNet152 and the radiomics features are concatenated, followed
by several fully connected layers with ReLU activation, L2 regularization, and dropout for
regularization and to prevent overfitting. For binary classification in the final output layer,
we utilized a Softmax activation function, such as distinguishing between benign and ma-
lignant conditions. This combined architecture effectively integrates deep learning features
and radiomics information, improving the model’s overall classification performance.

Figure 3. ResNet152 with radiomics and custom input for breast cancer classification.

3.6. Model Evaluation

We established an internal validation procedure with an 80%, 10%, and 10% division
for training, validation, and testing. This method assured that class distributions were
maintained throughout all subsets. We evaluated the model’s effectiveness using metrics
including accuracy, precision, recall, specificity, F1 score, and area under the curve.

Accuracy (Ac):

Ac =
TP + TN

TP + TN + FP + FN
(8)

Precision (Prec):

Prec =
TP

TP + FP
(9)

Recall (Reca):

Reca =
TP

TP + FN
(10)
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Specificity (Spec):

Spec =
TN

TN + FP
(11)

F1 score (F1s):

F1s = 2× Prec× Rec
Pre + Rec

(12)

Area under the curve (AUC):

AUC =
∫ ∞

−∞
TPR(t) dFPR(t) (13)

4. Results
4.1. Radiomics Analysis

In our radiomics analysis model, we extracted seven types of radiomic features using
pyradiomics. Table 4 describes the radiomics features by categories. A total of 1040 radiomic
features were extracted from the imaging dataset. Among these, first-order statistical
features accounted for 198 features, capturing voxel intensity distributions within the
region of interest. Texture features were highly represented, including 264 features from
the gray-level co-occurrence matrix (GLCM), 176 from the gray-level run length matrix
(GLRLM), 176 from the gray-level size zone matrix (GLSZM), 154 from the gray-level
dependence matrix (GLDM), and 55 from the neighborhood gray-tone difference matrix
(NGTDM). Additionally, nine shape-based features were included to characterize lesion
geometry, along with five diagnostic metadata features.

Table 4. Distribution of radiomics features by category.

Category Number of Features

GLCM 264
GLSZM 176
GLRLM 176
First-order 198
GLDM 154
NGTDM 55
Shape 9
Diagnostics 5
Other 3

Radiomics Feature Selection

Our study evaluates feature selection methods across five categories (RFE, SelectKBest,
LASSO, tree-based, and information-based) with different numbers of features. Table 5
describes the comprehensive comparison of radiomics feature selection methods. In our
study, we use metrics such as accuracy, F1 score, precision, recall, and stability. Our
analysis reveals that recursive feature elimination (RFE) with random forest (n = 100)
achieves the highest accuracy (83.7%), F1 score (83%), precision (86.2%), recall (80.0%), and
moderate stability (0.485). SelectKBest (ANOVA, n = 20) offers the highest stability (0.897).
No significant performance differences were found across method categories (ANOVA
p = 0.699). Methods achieving high performance (F1 > 0.82) with fewer features (≤20)
suggest significant feature redundancy in radiomics data.
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Table 5. Comprehensive comparison of radiomics feature selection methods [Ac = Accuracy,
Prec = Precision, Reca = Recall, F1s = F1 Score, St = Stability].

Method Features Ac (%) Prec (%) Reca (%) F1s (%) St

RFE (RF) 100 83.70 86.20 80.00 83.00 0.485
RFECV (RF) 74 83.10 85.40 79.50 82.30 0.353
RFE (RF) 20 82.90 84.90 79.70 82.20 0.331
RFE (Random Forest) 50 82.80 84.70 79.70 82.10 0.403
RFE (Random Forest) 10 82.70 85.20 78.70 81.80 0.346
RFE (LR) 50 82.50 84.60 79.10 81.70 0.239
CatBoost GPU 50 82.40 85.50 78.80 82.10 0.313
SelectKBest (ANOVA) 100 82.40 85.60 77.50 81.40 0.766
SelectKBest (ANOVA) 20 82.20 83.50 79.80 81.60 0.897
LightGBM GPU 100 82.20 84.60 79.40 81.90 0.348

Figure 4 summarizes the comparative analysis. Figure 4a compares accuracy, precision,
recall, and F1 score across the top 10 performing methods. The best overall feature selection
method was RFE with random forest using 100 features, achieving an F1 score of 83%
and a stability score of 0.485, striking a balance between predictive performance and
feature stability. In contrast, the SelectKBest method with ANOVA (n = 20) attained the
highest stability (0.897), with a competitive F1 score (81.6%), highlighting its suitability
for reproducible feature selection in clinical applications. Figure 4b shows average F1
scores by method category, showing RFE with the highest mean F1 score (81.5%), followed
closely by the tree-based, SelectKBest, information-based, and LASSO methods, suggesting
minimal differences in overall category-level performance. In a scatterplot, Figure 4c
depicts the relationship between the number of selected features (log scale) and F1 score,
with marker color indicating stability scores. This reveals that high F1 scores can be
obtained with a broad range of feature counts, while stability is more variable, highlighting
the trade-offs among model complexity, performance, and robustness. The horizontal
bar chart in Figure 4d ranks the top 15 most efficient methods based on efficiency score
(F1 score per feature count). This emphasizes the advantage of the RFE and SelectKBest
methods in achieving competitive performance with relatively few features. The scatterplot
in Figure 4e illustrates the F1 score in relation to the stability score, along with a trend
line that reveals a near-zero correlation (Pearson r = 0.03), suggesting that stability and
performance are predominantly independent, warranting the reporting of both in radiomics
pipelines. Figure 4f shows a line plot comparing the top five methods across multiple
metrics, demonstrating consistently high accuracy, precision, recall, and F1 scores but
more variation in stability scores, highlighting differences in robustness among the top-
performing methods.

The RFE-RF approach utilising 100 features attained the highest overall F1 score of
83% among all assessed methods, signifying exceptional classification performance. This
approach utilizes the advantages of random forest, an ensemble technique known for its
ability to capture intricate, nonlinear correlations in radiomics data, while systematically
removing less useful elements. By selecting 100 features, it attains an effective balance
between model complexity and overfitting mitigation, preserving generalizability on novel
data. Furthermore, its moderate stability score (0.485) indicates that the chosen features
exhibited reasonable consistency across cross-validation folds, instilling trust in their
reproducibility while maintaining a focus on high prediction accuracy. In comparison
to techniques exhibiting greater stability but inferior F1 scores, RFE-RF (n = 100) provides
an ideal balance between efficacy and resilience.
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Figure 4. Feature selection comprehensive analysis, (a) Performance Metrics Comparison (Top
10 Methods); (b) Average F1 Score by Method Category comparing F1 scores across categories;
(c) Performance vs Feature Count (Color = Stability Score) illustrating the relationship between
the number of features and performance; (d) Top 15 Most Efficient Methods ranked by efficiency
score; (e) Stability vs. Performance Trade-off plotting stability score against F1-score to show the
trade-off relationship; (f) Multi-metric Comparison comparing accuracy, precision, recall, F1-score,
and stability score across the top five methods.

4.2. Model Performance

Table 6 provides a comprehensive comparison of 13 transfer learning models, including
DenseNet, InceptionV3, MobileNet, ResNet, and VGG, with a focus on key performance
metrics: accuracy (Ac), precision (Prec), recall (Reca), specificity (Spec), F1 score (F1s), area
under the curve (AUC), and the number of epochs (Ep) used for training. ResNet152 is
the highest-performing model, achieving the best values across all metrics: a precision
of 97%, recall of 98%, specificity of 96%, F1 score of 97%, AUC of 99.30, and accuracy of
97%. This makes ResNet152 particularly suitable for tasks that require a strong balance
between minimizing false positives and accurately detecting true positives. VGG19 follows
closely behind, with a precision, recall, specificity, F1 score, and accuracy of 96% and an
AUC of 99%, confirming its high reliability in both precision and recall. Other models,
such as DenseNet121, DenseNet169, and DenseNet201, exhibit solid performance but fall
slightly short compared to ResNet152 and VGG19. These models show precision and
recall values ranging from 93% to 95%, specificity values ranging from 95% to 96%, F1
scores of approximately 94%, AUC values ranging from 98.6% to 98.9%, and accuracy
between 93% and 95%, making them practical for general use but less optimal than the
top performers. InceptionV3 and MobileNet are relatively weaker performers in precision
and recall, with InceptionV3 achieving an accuracy of 89% and MobileNet reaching 88%.
These results suggest that these models are less reliable at correctly identifying positive
instances. While InceptionV3 performs better than MobileNet, both models still lag behind
the other architectures in precision and recall metrics. The ResNet50 and ResNet50V2
models exhibit consistent performance, with precision and recall values of approximately
94%, F1 scores of 94%, AUC values of 98.5% to 98.8%, and accuracy of 94%, positioning
them as solid but not top-tier options. Models from the ResNet101 family, specifically
ResNet101 and ResNet101V2, perform at a high level, with precision, recall, and F1 scores
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of 96% and an AUC of 99%, along with an accuracy of 96%, indicating their robustness for
tasks requiring strong model performance across all metrics. Notably, the ResNet152 model
requires fewer epochs (40 epochs) than other models, such as ResNet101 and ResNet50,
which were trained for 50 epochs, highlighting its more efficient convergence. These results
demonstrate that while ResNet152 and VGG19 dominate overall performance, models like
DenseNet and ResNet101 provide strong alternatives. Some offer faster convergence with
minimal sacrifice in accuracy.

Table 6. Analysis of the performance characteristics of transfer learning models [Ac = Accuracy,
Prec = Precision, Reca = Recall, Spec = Specificity, F1s = F1 Score, AUC = Area Under Curve,
Ep = Epochs].

Model Ac (%) Prec (%) Reca (%) Spec (%) F1s (%) AUC (%) Ep

DenseNet169 95.0 94.0 94.0 96.0 95.0 98.80 50
DenseNet201 94.0 93.0 94.0 96.0 94.0 98.90 50
DenseNet121 93.0 93.0 94.0 95.0 94.0 98.60 50
ResNet152 97.0 97.0 98.0 96.0 97.0 99.30 40
ResNet101 96.0 96.0 96.0 96.0 96.0 99.10 48
ResNet50 94.0 95.0 94.0 96.0 94.0 98.80 50
ResNet50V2 93.0 93.0 93.0 93.0 93.0 98.50 50
ResNet101V2 96.0 96.0 96.0 94.0 96.0 99.20 45
ResNet152V2 94.0 94.0 94.0 93.0 94.0 98.70 50
InceptionV3 89.0 89.0 88.0 91.0 90.0 97.50 50
MobileNet 88.0 87.0 86.0 89.0 88.0 97.00 50
VGG19 96.0 96.0 96.0 96.0 96.0 99.00 50
VGG16 94.0 94.0 94.0 94.0 94.0 98.50 29

Figure 5 shows the training and validation performance of the ResNet152 model over
40 epochs. The upper graph displays both the training and validation loss. The training
loss decreases sharply in the initial epochs, indicating that the model is quickly learning to
minimize errors. The loss gradually converges as training progresses, reflecting stability in
the learning process. The validation loss follows a similar trend, steadily decreasing before
leveling off, suggesting that the model generalizes well to unseen data. The lower graph
illustrates the accuracy of training and validation. During the early epochs, we see a rapid
increase in training accuracy, approaching near-perfect classification. The validation accu-
racy also trends upward but displays minor fluctuations, which is typical due to variations
in the validation dataset. The consistent gap between training and validation accuracy
remains small, indicating that the model does not suffer from significant overfitting. The
ResNet152 model achieves high accuracy with stable convergence, demonstrating its strong
learning capacity and generalization performance. Figure 6 presents the confusion matrix
for the ResNet152 model, illustrating its classification performance. The model correctly
classified 431 instances of Class 0 (TN) and 387 instances of Class 1 (TP), demonstrating high
accuracy. However, 19 samples of Class 0 were misclassified as Class 1 (FP), and 15 samples
of Class 1 were incorrectly predicted as Class 0 (FN). These misclassifications indicate
a small prediction error, though the model maintains strong classification performance
overall. The high concentration of values along the diagonal of the matrix suggests that
ResNet152 effectively distinguishes between the two classes, achieving a robust balance
between precision and recall.

Figures 7–10 compare model accuracy and loss over 50 epochs. Training and validation
accuracy are plotted on the left, showing the performance improvement of each model
as training progresses, with higher accuracy indicating better performance. Training and
validation loss are plotted on the right, reflecting that the models minimize error during
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training; lower loss values suggest better optimization. The models’ accuracy increases
while loss decreases, highlighting their learning and generalization capabilities.

Figure 5. Training and validation loss (top) and accuracy (bottom) of ResNet152 over 40 epochs.
Loss decreases sharply before stabilizing, while accuracy rises quickly and remains high, indicating
effective learning and generalization.

Figure 6. Confusion matrix for ResNet152 showing classification performance with minimal misclas-
sifications and high accuracy.

Figures 11 and 12 compare the confusion matrices of transfer learning models. The
correct prediction range for all models is 396 to 433 for Class 0 and 334 to 400 for Class 1.
Misclassifications vary from 14 to 61 for false positives and 17 to 51 for false negatives.
Models such as VGG19, ResNet50, and DenseNet201 exhibit higher accuracy with counts
like 425 and 375, whereas MobileNet and DenseNet169 show more errors, with 61 and
28 misclassifications, respectively, providing a clear comparison of model performance.
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Figure 7. Comparison of model accuracy and loss across transfer learning (VGG, MobileNet, and
InceptionV3) architectures.

Figure 8. Comparison of model accuracy and loss across transfer learning (DenseNet) architectures.
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Figure 9. Comparison of model accuracy and loss across transfer learning (ResNet 50, 101, and
152) architectures.

Figure 10. Comparison of model accuracy and loss across transfer learning (ResNet 50V2, 101V2, and
152V2) architectures.
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Figure 11. Comparison of confusion matrix across transfer learning architectures (VGG16, 19, Mo-
bileNet, InceptionV3, ResNet50, 101).

Figures 13 and 14 present the ROC curves and precision–recall (PRC) curves for
the transfer learning models. The ROC curves illustrate the relationship between the
true-positive rate (TPR) and the false-positive rate (FPR) across various models. Models
like ResNet152, VGG19, and DenseNet169 exhibit the most significant initial increases,
sustaining high true-positive rates despite rising false-positive rates, indicating their excep-
tional discriminative capabilities. In comparison, MobileNet and InceptionV3 show more
gradual curves, suggesting less effective performance in differentiating between classes.
The precision–recall curves provide additional understanding by graphing precision in
relation to recall. The performance of ResNet152 and VGG19 is characterized by curves
that maintain high precision over a broad spectrum of recall values, indicating strong
effectiveness across different thresholds. DenseNet169 stands out with a consistently high
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performance curve, maintaining its elevated position in comparison to less effective models
such as MobileNet and InceptionV3, which exhibit more pronounced drops in precision as
recall rises.

Figure 12. Comparison of confusion matrices across transfer learning architectures (ResNet152, (50,
101, 152) V2, DenseNet (121, 169, 201)).
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Figure 13. The ROC curves highlight the performance of transfer learning models, with
ResNet152, VGG19, and DenseNet169, showing the strongest balance between true-positive and
false-positive rates.

Figure 14. The precision–recall curves illustrate the trade-off between precision and recall, with
ResNet152 and VGG19 maintaining high precision across a wide recall range, outperforming models
like MobileNet and InceptionV3.

4.3. Model Performance Statistical Analysis

We analyzed the performance of 13 transfer learning models in classifying breast
lesions using the CBIS-DDSM dataset. Performance metrics, including accuracy, F1 score,
precision, and recall, are reported with 95% bootstrap confidence intervals (CIs) to reflect
uncertainty (Figures 15 and 16). As shown in Table 7, VGG16 and ResNet152 achieved
the highest performance, each with an accuracy of 96% (95% CI: 94–97%) and an F1 score
of 96% (95% CI: 94–97%). They are closely followed by ResNet101, VGG19, ResNet50,
and several DenseNet models, with accuracies ranging from 95% to 96% and overlapping
CIs. Lower-performing models, such as MobileNet, recorded an accuracy of 87% (95%
CI: 85–89%). Top-performing models (VGG16, ResNet152, ResNet101, VGG19, ResNet50,
DenseNet169, DenseNet201, and ResNet101V2) demonstrated strong cross-metric perfor-
mance, suggesting robust generalization. ResNet50V2 and DenseNet121 showed slightly
lower performance C, followed by ResNet152V2, InceptionV3, and MobileNet.
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Figure 15. Bootstrap accuracy distributions across models. The box plot shows the distribution of
accuracies obtained through bootstrapping, allowing comparison of model performance variability.

Figure 16. Mean ranks across bootstrap samples. A simplified critical difference diagram illus-
trates the average model ranks based on the Friedman test, allowing visual comparison of perfor-
mance differences.

Table 7. Model comparison results with 95% bootstrap confidence intervals and mean ranks
[Ac = Accuracy, Prec = Precision, Reca = Recall, F1s = F1 score.]

Model Ac (%) Prec (%) Reca (%) F1s (%) Mean Rank

VGG16 96 [94, 97] 96 [94, 97] 96 [94, 97] 96 [94, 97] 3.5
ResNet152 96 [94, 97] 96 [95, 97] 96 [95, 97] 96 [94, 97] 3.5
ResNet101 96 [94, 97] 96 [94, 97] 96 [94, 97] 96 [94, 97] 3.5
VGG19 95 [94, 97] 95 [94, 97] 95 [94, 97] 95 [94, 97] 6.0
ResNet50 95 [94, 97] 95 [94, 97] 95 [94, 97] 95 [94, 97] 6.0
DenseNet169 95 [93, 96] 95 [93, 96] 95 [93, 96] 95 [93, 96] 6.5
DenseNet201 95 [94, 97] 95 [94, 97] 95 [94, 97] 95 [94, 97] 6.0
ResNet101V2 95 [93, 96] 95 [93, 96] 95 [93, 96] 95 [93, 96] 6.5
ResNet50V2 94 [92, 95] 94 [92, 95] 94 [92, 95] 94 [92, 95] 8.5
DenseNet121 94 [92, 95] 94 [92, 95] 94 [92, 95] 94 [92, 95] 8.5
ResNet152V2 93 [92, 95] 93 [92, 95] 93 [92, 95] 93 [92, 95] 10.0
InceptionV3 91 [89, 93] 91 [89, 93] 91 [89, 93] 91 [89, 93] 11.5
MobileNet 87 [85, 89] 87 [84, 89] 87 [84, 89] 87 [85, 89] 13.0

4.4. Statistical Comparison of Top Models

In order to analyze the differences between top-performing models, we conducted
a paired statistical test on ResNet152 and VGG16. A two one-sided test (TOST) equiv-
alence test with a margin of ±0.02 had a combined p-value of 0.000, meaning VGG16
and ResNet152 are equivalent in accuracy within the ±0.02 margin. Furthermore, McNe-
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mar’s test of per-sample prediction correctness gave a statistic of 12.552 with a p-value of
0.000. The findings revealed substantial differences in classification errors, which may be
attributed to specific sample-based errors. These results indicate that while VGG16 and
ResNet152 have equivalent overall performance, they may differ in specific failure modes.
Further analysis of error overlap is needed to understand these differences.

4.5. Per-Class Performance

To evaluate clinical relevance, we analyzed per-class performance for the malignant
class (Table 8). Both VGG16 and ResNet152 achieved high recall (95–96%) but low precision
(29.3), indicating a high false-positive rate.

Table 8. Per-class metrics for malignant class [Prec = Precision, Reca = Recall, F1s = F1 score].

Model Prec (%) Reca (%) F1s (%)

VGG16 29.3 95.9 44.9
ResNet152 29.3 95.3 44.8

4.6. Post-Hoc Multiple Comparisons via Nemenyi Test

We used a nonparametric Friedman test and a subsequent Nemenyi post-hoc test to
analyze all 13 models at the same time. For the Friedman test, the statistic was 8907.405,
and the p-value was 0.000, indicating that the relative performance ranks given to the
models by the different test datasets used were not the same between models, which
suggested that their ranks were significantly different; thus, the models performed dif-
ferently. Applying the Nemenyi test, we found that the best-performing models, which
included VGG16, ResNet152, and ResNet101, were found not to differ significantly from
each other (p estimate 1.0); however, they significantly surpassed MobileNet and Incep-
tionV3 (p < 0.05). In conclusion, these findings indicate architectural differences among
models; however, top-performing models generalize well on CBIS-DDSM. The significant
differences between top and bottom models highlight the limitations of lighter architectures
like MobileNet for this task.

4.7. Performance Comparison

We compare our results with those of recent studies published between 2022 and 2025.
All of these studies utilized transfer learning models for evaluation. Table 9 presents a
comparison of our research performance with these recent studies. Our study demonstrates
superior performance across multiple deep learning architectures compared to the majority
of the referenced studies. Notably, our implementation of ResNet-152 achieves the highest
accuracy of 97%, surpassing all other models in the comparison. This is followed closely
by our ResNet101 and ResNet101V2 models, both of which achieve 96% accuracy, as well
as our VGG19 model, which also achieves 96%. These results indicate a significant im-
provement over earlier studies, such as Yu et al. [28], where the best-performing model
(ResNet50) achieved 82% accuracy, and Wei et al. [29], where VGG19 reached 83%. Among
the compared studies, Alexandru et al. [19] achieved 99.6% accuracy with DenseNet121,
Sharmin et al. [30] and Wang et al. [22] reported a competitive accuracy of 95% and 96.4%
using ResNet50V2 and custom CNN, which is closely matched by our ResNet101 (96%)
and exceeded by our other ResNet architectures (ResNet101V2 and ResNet152). The perfor-
mance of our ResNet50 (94%) also significantly outperforms the ResNet50 implementations
by Yu et al. [28] (82%) and Wei et al. [29] (72%), highlighting the effectiveness of our
transfer learning and optimization strategies. For VGG-based models, our VGG16 and
VGG19 implementations achieve 94% and 96% accuracy, respectively, compared to 71%
(VGG16, Yu et al. [28]) and 83% (VGG19, Wei et al. [29]). This substantial improvement



Diagnostics 2025, 15, 2170 26 of 29

underscores the robustness of our preprocessing and training methodologies. Similarly, our
Inception_v3 model (89%) outperforms the Inception_v3 implementation by Wei et al. [29]
(72%), although it is the least competitive among our models. Compared to Gao et al. [31]
and Yang et al. [32], whose ResNet and 3DResNet models achieved 82% and 74% accu-
racy, respectively, our models consistently demonstrate higher performance across all
tested architectures.

Table 9. Comparison of performance with recent studies using Deep Learning, and Transfer Learn-
ing. [Ac = Accuracy].

Author(s) Methods Ac (%)

Yu et al. [28]

ResNet34 72

ResNet50 82

VGG16 71

Gao et al. [31] ResNet 82

Wei et al. [29]

ResNet50 72

ResNet101 76

VGG19 83

Inception_v3 72

Sharmin et al. [30] ResNet50V2 95

Yang et al. [32] 3DResNet 74

Alexandru et al. [19] DenseNet121 99.6

Francesca et al. [21] ResNet50 60

Wang et al. [22] CNN 96.4

Our Study

ResNet50 94

ResNet50V2 93

ResNet101 96

ResNet101V2 96

ResNet152 97

ResNet152V2 94

VGG19 96

VGG16 94

Inception_v3 89

5. Discussion
In our study, after comprehensive data augmentation and feature engineering, we

implemented 13 transfer learning models for early breast cancer detection.
Our evaluation of 13 transfer learning models for breast cancer detection offers help-

ful information about the relative effectiveness of deep neural network architectures in
mammographic image analysis. ResNet152 achieved the highest accuracy (97%), followed
closely by ResNet101, ResNet101V2 (96%), and ResNet50 (94%). This consistent superiority
of the ResNet family underscores the benefit of residual connections in modeling complex
hierarchical patterns in medical images, aligning with prior studies in radiological AI.

Notably, VGG19 also achieved competitive performance (96% accuracy), demonstrat-
ing that well-optimized, established architectures can remain viable alternatives, particu-
larly in resource-constrained settings. While VGG models typically demand more memory
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during training, their simpler inference requirements may offer practical advantages in
clinical deployment.

Statistical analysis further revealed nuanced differences among top-performing mod-
els. Although the TOST equivalence test confirmed that ResNet152 and VGG16 were
equivalent within a ±0.02% accuracy margin (p < 0.001), McNemar’s test indicated sig-
nificant differences in their prediction patterns χ2 = 12.552, p < 0.001. This suggests
divergent error profiles and complementary decision boundaries, supporting the potential
of ensemble strategies to improve robustness and reduce model-specific biases.

The Friedman test revealed significant stratification in model performance: χ2(12) = 89.7,
p < 0.001, with post-hoc Nemenyi analysis confirming that lightweight architectures such
as MobileNet and InceptionV3 underperformed compared to deeper models. This high-
lights the importance of architectural capacity for capturing subtle pathological features in
mammography, challenging the assumption that efficiency-oriented models can match the
performance of deeper networks in this domain.

The integration of deep features with radiomics features suggests effectiveness in
creating a comprehensive image representation. Recursive feature elimination (RFE) with
random forest yielded the best F1 score (83%), emphasizing the value of multivariate
feature selection in capturing interactions among features. However, SelectKBest demon-
strated higher stability (89.7%), indicating a trade-off between predictive performance and
reproducibility that should inform practical implementation choices.

Despite these advances, several limitations warrant consideration. The CBIS-DDSM
dataset, while widely used, is based on a specific demographic and imaging protocol,
which may limit its generalizability. Its retrospective nature and curation process may
introduce selection bias. Furthermore, evaluation on a single dataset restricts assessment
of cross-domain robustness, and standard accuracy metrics may not fully reflect clinical
utility, as false negatives carry greater consequences than false positives.

To address these challenges, future work should prioritize multi-institutional valida-
tion using federated learning frameworks. Such an approach would enable training and
evaluation across diverse populations, imaging devices, and acquisition protocols, enhanc-
ing model robustness and equity. Additionally, integrating active learning strategies [33]
could optimize expert annotation efforts by targeting high-uncertainty or outlier cases,
thereby accelerating model refinement while minimizing labeling costs.

In conclusion, our findings highlight the importance of architectural depth, rigor-
ous statistical validation, and multimodal feature design in developing reliable AI tools
for breast cancer detection. While high accuracy is achievable, true clinical translation
will require attention to generalizability, interpretability, and alignment with real-world
screening workflows.

6. Conclusions
In this study, we proposed an integrated methodology for the early detection of breast

cancer by combining data augmentation, multimodal feature selection, and the evaluation
of deep learning models. Our results demonstrate the effectiveness of ResNet152, which
achieved an accuracy of 97%. The robustness of our methodology was further validated by
consistent performance improvements across various transfer learning models, including
ResNet101, ResNet50, and VGG19, all of which achieved high accuracies. This highlights
the versatility and strength of our approach to enhancing breast cancer detection across
different deep learning architectures. Our methodology effectively combines radiomics
with deep learning, providing a solid foundation for future research in medical image
analysis and demonstrating the potential for improving early detection systems. While
the results of this study are promising, there are several avenues for further research
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and improvement. A potential avenue for future research includes the use of Vision
Transformers (ViTs), which have shown considerable success in computer vision tasks
by employing self-attention mechanisms to identify long-range dependencies in images.
Unlike traditional CNN-based models, ViTs treat image patches as sequences and can learn
spatial hierarchies more effectively. By incorporating ViTs into our framework, we can
explore their ability to enhance feature extraction, particularly in complex medical images
like those used in breast cancer detection.
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