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ABSTRACT

Globally, breast cancer is among the most common types of cancer affecting women, and early
detection can save lives. In case of breast cancer, early detection improves the chances of a favorable
prognosis since prompt treatment can be commenced. Despite the lack of access to specialist physicians,
machine learning facilitates early diagnosis of breast cancer. With the rapid advancement of machine
learning, especially deep learning, the medical imaging community is increasingly interested in using these
methods to improve cancer detection accuracy. Nevertheless, significant deficiencies persist in the existing
literature: primary challenges encompass the restricted availability of extensive, balanced, and meticulously
annotated datasets; complications regarding model generalizability and external validation; and enduring
class imbalance that may result in false negatives and affect clinical reliability. Moreover, there is an absence
of established standards and challenges in comparing studies owing to different datasets and evaluation
processes. Many deep learning models exhibit robust performance on internal test sets; however, they
frequently struggle to sustain accuracy when evaluated on external, heterogeneous data, which raises
questions regarding their practical applicability. A limited amount of data is available on diseases. The
objective of this study is to present a deep learning model for identifying and classifying breast cancer.
Kaggle Open-Access Database breast histopathology images were used to assess the system's performance.
Several quantitative criteria are used to evaluate the efficacy of the suggested strategy, including accuracy,
precision, recall, and the F1 score. All previous models fail to match the performance of the ensemble model,
composed of VGG16, EfficientNetB7, and Xception. As result of the study, the accuracy, precision, recall,
and Fl-scores for invasive ductal carcinoma (IDC) are all 95.1%, 96.5%, and 95.77% respectively. The
results emphasize the strength and dependability of our innovative methodology in automating breast cancer
classification, surpassing previous research endeavors, optimizing diagnostic procedures, and ultimately
helping to preserve the lives of patients.

Keywords: MRI Spine Hemangioma Segmentation, U-Net Model, Convolutional Neural Network (CNN),

Semantic Segmentation, Precision, Dice Coefficient, Accuracy.

1. INTRODUCTION microcalcifications and masses [5]. It is essential
that those with this disease are identified and

Worldwide, breast cancer ranks as the most
diagnosed cancer and stands as the second leading
cause of cancer-related mortality [1]. An estimated
3.8 million women globally are affected by breast
cancer. Breast cancer is highly prevalent among
women in the United States, who have one of the
highest diagnosis rates [2].

According to the American Cancer
Society’s 2023 forecast, the United States will see
297,790 new invasive breast cancer cases and 43,700
related deaths representing an annual increase of
around 0.5% [3]. Breast cancer is often difficult to
diagnose due to the complex features of

diagnosed in a timely manner in order to improve
therapy efficacy and increase survival rates.
Furthermore, a novel approach is needed to
improve the precision of a physician's diagnosis of
breast cancer. Due to a low specificity, computer-
aided detection and diagnosis Computer Aided
Design (CAD) systems greatly enhance the
efficiency of screening while assisting in the
identification and diagnosis of medical conditions.
As a result of these systems, precise conclusions can
be drawn based on the analysis of photos using
algorithms. There may be large discrepancies
between the computer's result and radiologists'
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diagnosis. As a medical device, computer-aided
detection was classified by the Food and Drug
Administration (FDA) in 1998.

This study utilizes artificial intelligence
(Al) and deep learning techniques to address
challenges in breast cancer diagnosis. To perform
autonomous mammogram analysis, it is imperative
to thoroughly and critically evaluate Al. Diverse
businesses are increasingly integrating artificial
intelligence, particularly in healthcare. Healthcare
practitioners rely heavily on Al for diagnosis and
treatment, as it has the potential to transform their
methods. The application of Al algorithms in the
medical domain is becoming increasingly common,
and it holds promise as a valuable complement to
traditional clinical practices, especially in the early
detection of breast cancer where Al algorithms can
assist with accurate grading of images. Al has led
radiologists to adopt various imaging techniques
such as mammography, magnetic resonance imaging
(MRI), ultrasound, and computed tomography (CT)
scans, for im-proved breast cancer detection [11,
12]._Significant gaps remain: training datasets often
lack sufficient scale and annotation quality, models
frequently fail to generalize across diverse
populations and imaging settings, and there is a lack
of standardized evaluation protocols.

Through deep learning, medical imaging
data is applicable to develop predictive models,
advancing the Al revolution. Digital histopathology
powered by deep learning has shown potential to
boost diagnostic accuracy and reduce the burden on
human pathologists [13]. Ongoing research in digital
histopathology continues to explore artificial
intelligence and deep learning techniques, which
may significantly transform breast cancer detection.
Enhancing breast cancer screening precision. The
research aims to overcome the shortcomings of
conventional Al approaches by integrating deep
learning strategies, thereby making breast cancer
diagnostics more efficient and effective [15].
Additionally, it is intended to revolutionize breast
cancer detection and enhance patient outcomes
through deep learning. In comparison with existing
methods, a novel hybrid model combining VGG16,
EfficientNetB7, and Xception is proposed to classify
breast cancer based on the IQ-OTH/NCCD dataset.

Additionally, attention mechanisms have
recently been integrated into U-Net models to
enhance segmentation performance by helping the
model focus on relevant areas of the image, further
improving localization in medical images with
ambiguous features [10]. For spinal hemangioma
segmentation, these enhancements are crucial as

these tumors exhibit blurred boundaries and can
closely resemble normal vertebral structures,
complicating manual annotation and increasing the
demand for accurate automated segmentation[11].
Studies show that adding self-attention layers to the
U-Net structure allows for better discrimination of
critical regions, thus improving model performance
on intricate anatomical details.

Recent advances in deep learning (DL) and artificial
intelligence (AI) have profoundly influenced breast
cancer detection and classification across several
imaging modalities. Convolutional Neural Networks
(CNNs) have exhibited exceptional efficacy in
automating image analysis, minimizing diagnostic
inaccuracies, and enhancing early detection rates.
Hybrid CNN-based models that include spatial and
sequential information have attained classification
accuracies between 89% and 98%, demonstrating
enhanced prediction capabilities relative to
conventional machine learning methods.

Alongside mammography and ultrasound,
innovative  imaging modalities  like
photoacoustic tomography (PAT) are being
integrated with advanced unrolled deep
learning frameworks to improve image
reconstruction quality and computational
efficiency in constrained clinical settings.
These techniques enhance the imaging of
breast tissue composition without the use of
ionizing radiation, advancing towards
practical clinical application and potentially
facilitating earlier cancer detection.

In this work, we present a modified U-Net
model designed to segment spinal hemangiomas in
2D MRI images. We have optimized the model's
layers to improve segmentation accuracy and
training stability. The Double Conv layer employs

2. RELATED WORK

Globally, breast cancer ranks among the
most prevalent cancers affecting women worldwide.
Early detection and precise diagnosis are essential to
ensure timely and effective treatment, ultimately
improving their outcomes [16]. It is common to use
ultrasound imaging for screening and diagnosis of
breast cancer; however, interpreting ultrasound
images requires a skilled radiology technician.

According to the 2020 report by the

National Breast Cancer Foundation, AI has
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effectively assisted in diagnosing more than 276,000
breast cancer cases. Through the analysis of breast
imagery using Al, it becomes possible to detect
breast lumps (masses) perform segmentation, assess
density, and estimate the likelihood of malignancy.
Recognizing these masses is critical, as they are
among the most significant indicators of breast
cancer in most patients; therefore, CAD relies
heavily on their identification.

As noted in [18], deep learning approaches
can be employed to identify breast tumors using both
ultrasound and mammography imaging. The study
also highlights advancements in CAD systems that
incorporate deep learning methods to identify breast
pictures autonomously, which improves radiologists'
diagnostic accuracy. A deep-learning methodology
has proved to be a valuable and effective screening
tool for breast cancer because of its categorization
process.

In recent research, convolutional neural
networks (CNNs) have been used for the automated
classification of breast ultrasound images [19], [20].
The findings from these studies have shown
encouraging outcomes. Various CNN such as
AlexNet, VGGNet, GoogleNet, ResNet, and
Inception are utilized for classifying breast cancer
images. According to [21], CNN models can
differentiate breast lesions as either malignant or
benign. The researchers introduced a CNN-based
approach for ultrasound images classification and
designed a model aimed at reducing speckle noise.
According to the study [22], ultrasound imaging can
distinguish benign cysts from malignant tumors.

As stated in [23], several deep-learning
models were employed to classify ultra-sound
images of breast cancer into three categories: benign,
malignant, or normal. A dataset consisting of 780
photographs underwent preprocessing and data
augmentation techniques. For classification, three
different models were assessed: ResNet50 reached
an accuracy of 85.4%, ResNeXt50 achieved 85.83%,
and VGG16 obtained 81.11%.

In study [24], an ensemble deep learning-
based clinical decision support system was utilized
to detect and classify breast cancer from ultrasound
images. Researchers developed an efficient
multilayer thresholding technique for image
segmentation aimed at identifying tumor-affected
areas. The best machine learning classifier was
created by combining three deep learning models.

A study [25] introduced a method to
classify breast lumps as normal, benign, or
malignant. It was determined that Inception
ResNetV2 was the best CNN classification model
out of ten renowned, pre-trained models. A vector-

attention network (BVA Net) was proposed in [26]
to differentiate between benign and malignant breast
tumors.

The authors of [27] presented a CNN-based
CAD system for classifying breast ultrasound
images, distinguishing between Dbenign and
malignant tumors. In [26], a deep-learning model
using the ResNetl8 CNN architecture was
developed to classify of breast ultrasound images.

Study [28] assessed various deep learning
approaches for diagnosing breast can-cer through
ultrasound images, which involved CNNs, recurrent
neural networks (RNNs), as well as hybrid models.
Additionally, some research has focused multiclass
classification of breast ultrasound images in addition
to binary classification. A CNN-based CAD system
[29] was demonstrated to be capable of classifying
breast tumors into four categories: benign,
malignant, cystic, and complex cystic-solid. In a
dataset with 1000 photos, the system attained a total
accuracy of 87%. According to Gao et al [30], their
CAD system achieved 92% accuracy in screening
mammography interpretations. Mammographic and
ultrasound images were processed using multiple
CNN s in several investigations [31, 32].

Using histopathology images for diagnosis
of breast cancer, [33] provides an exhaustive
analysis of the methods employed. Various
advanced machine learning techniques, including
conventional approaches as well as deep learning
techniques, are outlined and compared at each
phase of the diagnostic process. A comprehensive
analysis of each method is provided, including its
technical details, merits, and draw-backs.

An ultrasound (US) imaged-based
prediction approach utilizing deep learning was
proposed [34]. The study involved 153 breast cancer
patients, including 94 with-out Lymph Node
Negative (LN-) and 59 with lymph node metastases
(LN+). The US picture data were used for training
and evaluating various machine-learning methods,
such as logistic regres-sion, support vector
machines, XGBoost, and DenseNet. The_Densely
Connected  Convolutional ~ Networks(DenseNet
)model achieved the best results, with an area under
the curve (AUC) of 0.8054. Using ultrasound im-
aging, this study emphasizes the ability of deep-
learning methodologies to create pre-cise and
effective predictive algorithms for breast cancer
diagnosis.
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A 2024 clinical study [42] introduced a
hybrid ensemble deep learning model using
advanced image preprocessing and ensemble
algorithms such as YOLOv5 and MedSAM to
analyze mammogram images. Another 2025 study
[43] integrated hybrid models combining networks
like AlexNet and Gated Recurrent Unit (GRU),
further optimized with bio-inspired Hippopotamus
Optimization Algorithms. Evaluated on
histopathology datasets, the model achieved a
notable 99.6% accuracy, showcasing robust early
detection capabilities

According to [35], 169 ultrasound images
from 169 patients were used to train a CNN. Training
datasets contained 248 ultrasound photos of 124
patients, while testing datasets contained 90
ultrasound photos of 45 patients. The study reported
an AUC of 0.72 (SD 0.08) and an accuracy of 72.6%
(SD 8.4). However, it’s important to highlight that
the validation process did not incorporate cross-
validation or bootstrapping techniques. CNNs may
not be effective at detecting breast cancer via
ultrasound imaging, according to the findings of the
study.

As part of the inaugural application of CNN
models to breast cancer classification, this work
proposes an approach that overcomes the constraints
of prior research. As compared with previous
methods, this method is expected to perform better
and achieve higher accuracy rates. A robust and
efficient method is engineered to minimize demands
while guaranteeing accurate results in terms of
computational expenditures.

3. DATASET

The dataset utilized in this study, referred to as
Invasive Ductal Carcinoma (IDC), the most common
subtype of breast cancer was sourced from the
Kaggle, a widely used open-access platform for
machine learning and data science competitions. Its
free availability enabled convenient access for this
research. The dataset comprises 162 whole-mount
slide images of IDC tissue regions, extracted from
whole slide images (WSI) of breast cancer. Details
regarding the number of samples and feature
categories are described in [1]. Sample count, feature
categories, and sample count are described in the
dataset. It consists of 277,524 RGB-formatted
pictures measuring 50 x 50 pixels each. The study
examined 162 Hé&amp;E-stained breast
histopathology samples. Photographs were taken at

40 times magnification. Patches follow a standard
nomenclature:u xX yY classC.png. In this dataset,
each sample 1is identified by patient ID
(10268 _idx5), denoted as u. The variables X and Y
represent the x- and y-coordinate of the patch's
cropping location, respectively, while C indicates
the class label where 0 corresponds to non-IDC
(benign) and 1 to IDC (malignant). In the dataset,
there are 198,738 negative (benign) images and
78,786 positive (malignant) images, resulting in a
significant imbalance. Figure 1 shows examples of
photos.

-

-
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|
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Figure 1: Breast Histopathology Images

A random allocation of 30% of the photos was
used for testing, whereas 70% of the photos were
used for training. In order to train the network,
various parameters, including optimizers, epochs,
and batch sizes, will be optimized iteratively. Using
established computer vision networks and
customized CNNs, the model will be tuned for
maximum performance. By assessing performance
in terms of loss and accuracy across both the training
and testing datasets, the model's efficacy is
evaluated. As a means of assessing the model's
effectiveness, graphs and confusion matrices are
Area Under the Curve (ROC-AUC), Matthews
Correlation Coefficient (MCC), and Area Under the
Precision-Recall Curve (AUPRC) metrics.

4. METHODOLOGY

This section describes the comprehensive
methodology employed in this study. A schematic
workflow for our experimental procedure is shown
in Figure 2, which illustrates the detailed steps
involved in the experiment.
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Figure 2. The proposed methodology.

The preparation of data is an essential part
of the creation of an accurate and efficient deep
learning model. On the dataset (IDC), we conducted
three primary preprocessing stages.

To accelerate the training process without
sacrificing image quality, we initially reduced all
photographs based on their initial dimensions of
50x50 pixels to 32x32 pixels. This step was
particularly ~ important ~when  computational
resources were limited, resulting in elevated
random-access memory (RAM) saturation. Hence, it
was crucial to recommence the training process over
the beginning.

As a result, we chose to reduce the size of
the photographs in order to address this issue. For
scaling images in the OpenCV library, bilinear
interpolation is used. This method determines new
pixel value by computing the weighted average of
the four nearest pixels surrounding the target area.
The next step is to standardize the photographs. Data
normalization is a critical step in preparing datasets
for further analysis and modeling. It improves data
quality, ensures consistency across different records
and fields, and fosters uniformity and comparability.
In the third step, we performed image augmentation
on all positive images using two techniques:

horizontal flipping and 45-degree rotation. As a
result of this method, the imbalance between
positive and negative instances is mitigated. By
inverting and rotating the positive images, we
successfully increased the number of positive
samples in the dataset, thereby improving the
accuracy and reliability of the model's performance
and robustness. In order to improve the efficiency of
the suggested hybrid models for the classification of
breast cancer, preprocessing methods were essential.
Following the application of augmentation
techniques, examples of photographs are shown in
Figure 3

Figure 3. A sample of the augmented input IDC images.

In the proposed hybrid model, CNN
architecture is integrated with ensemble models,
namely VGG16, EfficientNetB7, and Xception. A
CNN model will consist of five blocks made up of a
pair of convolutional layers in each, followed by
batch normalization and ReLU activation functions.
There are 32 filters in the first block, followed by 64,
128 and 256 filters in the following blocks.
Following each block, dropout layers and maximum
pooling are implemented. A CNN model's input
shape is defined as (x, y, 3), with x and y
representing the width as well as the resized image
dimensions — height and width — in that sequence.
CNN branch inputs are resized from 50x50 pixels to
32x32 pixels.

Each branch's outputs are stacked, then
processed through two fully connected layers that
contain 64 and 16 units, in that order. When
integrated with one of the advanced pre-trained
models, the CNN+ ensemble models (VGGI16,
EfficientNetB7, and Xception) showed improved
performance. As a result of using transfer learning,
the entire model was not retrained from scratch,
which resulted in a faster convergence time and a
higher degree of accuracy.

A CNN model is combined with the
ensemble model's outputs. Following this, the
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composite representation is implemented as a series
of interconnected layers with sigmoid activation
functions. Using SoftMax activation, the final output
layer consists of two dense layers indicating binary
classification of IDC (+, -).

In a CNN model, features are extracted
through convolution and pooling layers, succeeded
by dense layers that produce classification results.
With convolution, a learnable kernel is applied to
each visual to extract features. Iteratively updating
the kernel's weight matrix reduces errors by
initializing it randomly and updating it iteratively.
Using a computational process, stride regulates the
kernel's traversal across the image. Following a
convolutional layer, a feature map is transmitted to
subsequent layers as input.

5. TRANSFER LEARNING

Among convolutional neural networks, as a form of
deep learning, are highly effective when trained on
many images for each category [26]. However, in
many areas such as medical applications, this is often
not feasible. The computational requirements of
using multiple layers can result in long training
durations, lasting days or even weeks on modern
hardware. By leveraging precomputed weights from
a prior trained CNN or similar data, a transfer
learning approach demonstrates cost-efficient
benefits. Using insights learned from previous
training on similar datasets, this method applies
those insights to a new dataset. It is possible to
transfer learned weights from a cancer diagnosis
model trained using histopathology images to a
breast cancer diagnosis model.

Within different fields, such as natural
language processing (NLP), audio, visual, and video
analysis, transfer learning has demonstrated its
applicability. In CNNs, training begins with the
identification of image edges and borders, followed
by the recognition of shapes. The deeper the layer,
the more complex the details encapsulate, leading to
more efforts to categorize images. After that, transfer
learning involves updating the model's later layers
with new data by leveraging the initial layers
focused on feature extraction. Various architectures
based on transfer learning are explored in this study
alongside CNN models.

5.1 VGGI16(Visual Geometry Group 16-layer
Network)

VGG is an acronym for Visual Geometry
Group Net, which consists of around 143 million
parameters. For training purposes, the parameters
are gathered from the ImageNet dataset, which
consists of approximately 1.2 million images across
numerous classifications. Benchmarking can be
easily accomplished with this architecture. TheVGG
-16 model consists of 13 convolutional layers, two
fully connected layers, and a SoftMax classifier, as
illustrated in Figure 4.
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Figure 4. VGG16 architecture [53].

It is composed of two convolutional layers
consisting of 64 filters. Each filter measures 3x3.
After traversing the initial and subsequent
convolutional layers, the input picture (a RGB image
with a depth of 3) became 224x224x64. The output
is then passes to the max pooling layer with a stride
of 2. In the third and fourth convolutional layers,
there are 124 feature kernel filters of size 3x3.
Afterwards, there is a maximum pooling layer with
a stride of 2, resulting in 56x56x128 output. In the
fifth, sixth, and seventh layers, 3x3 kernels are used
for convolutional layers. There are 256 feature maps
in each of the three. The max pooling layer follows
these layers with a stride of 2. Convolutional layers
eight through thirteen have kernel sizes of 3x3 and
filter sizes of 512. After these layers, there is another
max pooling layer with a stride of 1. The final two
layers are hidden layers, each containing 4096 units,
followed by a SoftMax output layer (the sixteenth
layer) with 1000 units.

5.2 EfficientNetB7

A foundational and exceptionally efficient
compound scaling methodology is employed in the
EfficientNet models. This model allows us to
improve ConvNet's baseline to any desired target
with limited resources, while maintaining its transfer
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learning effectiveness. Compared to other models,
EfficientNet produces valuable results with many
fewer parameters. In terms of accuracy and
performance, EfficientNet variants typically exceed
existing CNNs like AlexNet, GoogleNet, and
MobileNetV2. The model's depth, width, resolution,
and size progressively increase from EfficientNetBO
to EfficientNetB7, enhancing accuracy as a result. In
terms of ImageNet accuracy, EfficientNetB7
surpasses previous CNNs. As compared to the most
advanced CNN, it is 8.4 times smaller and 6.1 times
faster. For segmentation-related problems, transfer
learning may be useful; however, for entirely novel
problems, distinct classes are necessary.
EfficientNetB7's network design is segmented into
seven blocks according to filter size, stride, and
channel quantity, as illustrated in Figure 5.
Bockl  Blok2  Blockd Blockd [ Block6 Block?

el | ‘ |
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Figure 5. EfficientNetB7 architecture [55].

Entry flow

Middle flow

5.3 Xception(Extreme Inception)

Feature extraction was performed using 36
convolutional layers of 3x3 kernel size. The initial
and final layers lack this residual connection, and are
arranged into 13 separate convolution sets with a
linear residual link. To classify pictures, logistic
regression is applied after feature extraction, and if
necessary, a fully connected layer may be
incorporated before logistic regression.

According to Figure 6, there are three
primary flows in the Xception architecture. The
entry flow begins with two convolutional layers,
each having a 3x3 kernel size, succeeded by a batch
normalization layer. Following this, three separable
blocks of 3x3 kernel size are defined, each
accompanied by a ReLU activation function and a
maxpooling layer. After this block is finished, the
result will be added to the output of the residual
connection (residual layer) with a 2x2 kernel size,
preparing the input for the remaining blocks. A batch
normalizing layer follows each separable
convolutional layer. A block comprising three
separable convolutional layers with each kernel size
of 3x3 and ReLU activation function defines the
middle flow. Its output is computed by adding the
input to the block’s final output, creating a residual
connection.
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Figure 6. Xception Architecture blocks.
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Finally, the exit flow includes a separable
block followed by two separable convolutional
layers. This is succeeded by a Global Average
Pooling, which prepares data for the logistic
regression classifier. An easy way to create this
structure is to use a library, such as Karas. Figure 6
illustrates the details of the Xception architecture.
The JFT dataset showed a significant difference
between this architecture and Inception v3 on the
ImageNet dataset.

6. ENSEMBLE APPROACH

Ensemble learning refers to the process of
combining the outputs of multiple models, which
may be based on the same or different algorithms. In
this context, three primary methodologies are
commonly used: Bagging, Boosting, and Stacking.
Bagging works by aggregating the results of several
models trained independently on varied subsets of
the data. By combining the results of several models,
Boosting produces a more accurate model, whereas
by combining both methodologies, Stacking
produces a more powerful model.

The study adopts the Boosting approach.
After training the CNN, ResNet50, VGGI9,
DenseNet169, and Inception v3 models, predictions
will be performed on images from the validation and
test datasets. Following this, a maximum voting
strategy will be used, using the summation function,
since the results will be limited to the range of
classes [0, 1]. A class will be chosen based on the
number of votes received. As a result of this method,
the variation is reduced and the generalization of
errors is improved.

7. EVALUATION

The model can be assessed using two
distinct methods when it comes to supervised
problems. In the beginning, the data must be
partitioned into training and testing subsets. Training
must then be conducted on the training sets, and the
learned model should be used to predict the labels of
the test datasets. As a result, we can calculate errors
by comparing projected outcomes with actual
results. Two procedures are involved in the second
procedure: cross-validation using K-folds. Training
the model will involve dividing the data into K
subsets, excluding the evaluation subset. In the end,
the optimum model will be chosen based on the
matrices we calculate following each training
iteration. Even though it requires more
computational resources and financial investment

than deep learning, this methodology is superior. As
networks have substantial computational demands, it
is not recommended unless it can be done
economically.
8. RESULTS AND DISCUSSION

A range of evaluation metrics including
accuracy, precision, recall curve, and F1-score was
employed to assess the model’s performance. The
CNN+ensemble with other breast cancer detection
techniques, CNN+ensemble obtained high accuracy
and demonstrated its superiority. Performance
enhancement was achieved through the combination
of CNN and ensemble techniques, application of
data augmentation strategies, implementation of
advanced optimization algorithms, and the use of a
rigorous evaluation framework.

8.1. Ensemble Models: VGG16 ,EffivientNetB7
and Xception

Xception, EffivientNetB7, and VGG16 were
selected as models in this method. According to their
average predictions, the test dataset produced
accuracy, precision, recall, and F1-score of 96.5%,
95%, and 95.77%.

8.2. Comparisons with Other Works

This section presents a comparison between the
proposed model and several state-of-the-art
approaches for breast cancer detection using
microscopic images. Table 1 summarizes the
performance of the proposed method alongside other
advanced techniques discussed in the literature
review. For the detection and categorization of
breast cancer, the proposed model is compared with
state-of-the-art models.

Table 1. Performance Comparison Between Our
Proposed Model and Existing Models Across Diverse
Datasets.

References | Model Recall Accuracy

Transfer
learning
with
VGG16

[37] 89 91

CNN
[38] architecture 87 87

VGG19,
ResNet34,

[39] and

90.25 91.25

ResNet50

6621



Journal of Theoretical and Applied Information Technology
15 September 2025. Vol.103. No.17

S

RN

© Little Lion Scientific

" A mmmm—
S/

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

Alexnet,
MobilenetV
2, and
ResNet50
(NLP)

79.89+1.11

[40] or

87.45%

ResNet50V2]

[41] and ML

94.32% 95%

Hybrid
model with
deep
learning and
transfer
learning
techniques

Proposed

Model 8

96.5

The aim of this study was to enhance model
performance by employing four distinct ensemble
techniques in conjunction with a customized CNN
trained on microscopic breast cancer images. Table
1 presents a comparison of accuracy across all
models. Results on test dataset indicate that the
ensemble of the top five models achieved the highest
accuracy.

Comparison of Recall and Accuracy Across Models

Percentage (%)

371 [38] 139] 401 41]

References

Froposed Madel

Figure 7. Comparisons with other works.

According to Figure 7, the hybrid model presented,
which combines deep learning and transfer learning
techniques, performs better than all cited methods in
terms of recall and accuracy. It is noteworthy that the
proposed model achieves a remarkable 95.1% recall,
an important metric for evaluating the accuracy with
which a model can identify positive cases.
Compared to [37], which utilized transfer learning
with VGG16 and achieved an accuracy of 89%, this
study outperformed the research in [38], which
implemented a CNN architecture and reported the
lowest recall of 87%. Using VGG19, ResNet34, and
ResNet50, [39] yields a recall of 90.25%, falling

-90

B85

-80

short by 4.85 percentage points of the proposed
model. According to [40], AlexNet, MobileNetV2,
and ResNet50 together achieve a recall of 79.89% +
1.11%, indicating a substantial gap of nearly 15%
when compared to the proposed approach. Based on
ResNet50V2 and machine learning, the best
performing study, [41], achieves a recall of 94.32%,
which is 0.78% lower than the proposed model.
Despite the model's limitations, the results
demonstrate its effectiveness in identifying true
positives, which is essential in contexts where
omitting positive cases may have significant
repercussions.

Based on the proposed model, an accuracy
of 96.5% is achieved, surpassing every referenced
methodology. Reference [37] reports 91% accuracy,
while reference [38] reports 87% accuracy, falling
short of the proposed model by 9.5%. In research
[39], a modest improvement is reported at 91.25%,
while in study [40], 87.45% is reported. Neither
figure compares favorably to the proposed model.
According to reference [41], accuracy was 95%,
which is 1.5% lower than the highest recorded
accuracy. It proved to be more accurate than
alternative methods in classifying positive and
negative cases across a variety of datasets, indicating
greater reliability.

A hybrid design that integrates deep
learning's feature extraction capabilities with
transfer learning's generalization capabilities
accounts for the proposed model's exceptional
performance. By combining hybrid architectures and
traditional methods, the proposed model can extract
more significant features and effectively leverage
pre-trained knowledge than standalone architectures
or traditional methods. Reference [38] illustrates the
limitations of a CNN architecture, whereas
References [37] and [39], which use pretrained
networks like VGG19 and ResNet, do not utilize
hybridization or advanced optimization techniques.
According to reference [41], ResNet50V2 and
machine learning are effective; however, a hybrid
design fails to incorporate the advantages of both.

By averaging the prediction of the selected
models, the proposed hybrid model comprising
CNN, ResNet50, VGGI19, DenseNetl69, and
InceptionV3 achieved an accuracy of 96.5%
demonstrating strong overall performance.

9. CONCLUSIONS

Breast cancer continues to pose a
significant health challenge worldwide, particularly
among women, where early detection is crucial to
enhancing treatment outcomes. This research
demonstrates that machine learning, and notably
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deep learning, has the potential to address the
limitations of traditional diagnostic approaches,
particularly in regions with limited access to
specialists. With a robust ensemble model
combining VGG16, EfficientNetB7, and Xception,
the proposed method achieves 96.5% accuracy, 95%
precision, 95.1% recall, and a 95.77% F1-score on
the IDC test dataset. It is evident from these results
that the proposed model is effective and reliable at
accurately classifying breast tumors. In addition, the
study highlights the potential benefit of improving
detection rates, streamlining diagnostic processes,
and ultimately saving lives through the use of this
model. Hybrid models combining multiple pre-
trained networks (e.g., VGGI16, EfficientNetB7,
Xception) are often computationally expensive and
lack interpretability, which is critical for clinical
acceptance and trust ,As a result, this research
establishes a valuable groundwork for future studies
on automated cancer detection using deep learning
and emphasize creating and sharing large, diverse,
and balanced datasets combining imaging modalities
and validating models across multiple external and
heterogeneous datasets and designing architectures
that generalize well to different populations and
imaging conditions

10.,ACKNOWLEDGEMENTS

The author would like to thank the Palestine
Technical University-Kadoorie for their financial
support to conduct this research.

REFERENCES:

[1] S. Zarif, H. Abdulkader, 1. Elaraby, A. Alharbi,
W. S. Elkilani, and P. Plawiak, “Using hybrid
pre-trained models for breast cancer detection,”
PLoS One, vol. 19, no. 1, p. 0296912, 2024.

[2] P. Kaur, G. Singh, and P. Kaur, “Intellectual
detection and validation of automated
mammogram breast cancer images by multi-
class SVM using deep learning classification,”
Informatics Med. Unlocked, vol. 16, p. 100151,
2019.

[3] N. Roy, D. F. Villavisanis, and P. J. Taub,
“Mitigating financial toxicity in breast cancer
from diagnosis to treatment and reconstruction,”
Clin. Breast Cancer, vol. 23, no. 1, pp. e32—e36,
2023.

[4] E. Clancy, “ACS Report Shows Prostate Cancer
on the Rise, Cervical Cancer on the Decline.,”
Ren. Urol. News, p. NA-NA, 2023.

[5] L. Hussain et al., “Deep convolutional neural
networks accurately predict breast cancer using
mammograms,” Waves in Random and Complex
Media, pp. 1-24, 2023.

[6] M. S. Mabrouk, H. M. Afify, and S. Y. Marzouk,
“Fully automated computer-aided diagnosis
system for micro calcifications cancer based on
improved mammographic image techniques,”
Ain Shams Eng. J., vol. 10, no. 3, pp. 517-527,
2019.

[7]1 L. Hussain et al., “Automated breast cancer
detection by reconstruction independent
component analysis (RICA) based hybrid
features using machine learning paradigms,”
Conn. Sci., vol. 34, no. 1, pp. 2784-2806, 2022.

[8] J. J. Fenton, S. B. Foote, P. Green, and L.-M.
Baldwin, “Diffusion of computer-aided
mammography after mandated Medicare
coverage,” Arch. Intern. Med., vol. 170, no. 11,
pp. 987-989, 2010.

[9] J. H. Yoon et al., “Standalone Al for breast cancer
detection at screening digital mammography and
digital breast tomo-synthesis: a systematic
review and meta-analysis,” Radiology, vol. 307,
no. 5, p. €222639, 2023.

[10] D. Jiang, “Analysis on the application of
artificial intelligence in the medical field,” in
2020 8th International Conference on Orange
Technology (ICOT), IEEE, 2020, pp. 1-4.

[11] K. Coffey and M. S. Jochelson, “Contrast-
enhanced mammography in breast cancer
screening,” Eur. J. Radiol., vol. 156, p. 110513,
2022.

[12] A. Khanna, D. Gupta, S. Bhattacharyya, A. E.
Hassanien, S. Anand, and A. Jaiswal,
“International  conference on innovative
computing and communications,” Proc. ICICC,
vol. 2, 2021.

[13] P. Amerikanos and I. Maglogiannis, “Image
analysis in digital pathology utilizing machine
learning and deep neural net-works,” J. Pers.
Med., vol. 12, no. 9, p. 1444, 2022.

[14] E. Othman, M. Mahmoud, H. Dhahri, H.
Abdulkader, A. Mahmood, and M. Ibrahim,
“Automatic detection of liver cancer using
hybrid pre-trained models,” Sensors, vol. 22, no.
14, p. 5429, 2022.

[15] I. Sechopoulos, J. Teuwen, and R. Mann,
“Artificial intelligence for breast cancer
detection in mammography and digital breast
tomosynthesis: State of the art,” in Seminars in
cancer biology, Elsevier, 2021, pp. 214-225.

6623



Journal of Theoretical and Applied Information Technology

B
15 September 2025. Vol.103. No.17
© Little Lion Scientific AT
ISSN: 1992-8645 www.jatit.org E-ISSN: 1817-3195
[16] J. Lee, B. J. Kang, S. H. Kim, and G. E. Park, 2021 International Telecommunications

“Evaluation of computer-aided detection (CAD)
in screening automated breast ultrasound based
on characteristics of CAD marks and false-
positive marks,” Diagnostics, vol. 12, no. 3, p.
583, 2022.

[17] H.-D. Cheng, J. Shan, W. Ju, Y. Guo, and L.
Zhang, “Automated breast cancer detection and
classification wusing ultra-sound images: A
survey,” Pattern Recognit., vol. 43, no. 1, pp.
299-317,2010.

[18] Y. Jiménez-Gaona, M. J. Rodriguez-Alvarez,
and V. Lakshminarayanan, ‘“Deep-learning-
based computer-aided systems for breast cancer
imaging: a critical review,” Appl. Sci., vol. 10,
no. 22, p. 8298, 2020.

S. Wang and J. Huang, “Breast Lesion
Segmentation in Ultrasound Images by
CDeep3M,” in 2020 International Conference on
Computer  Engineering and  Application
(ICCEA), IEEE, 2020, pp. 907-911.

[20] P. Tang, X. Yang, Y. Nan, S. Xiang, and Q.
Liang, “Feature pyramid nonlocal network with
transform modal ensemble learning for breast
tumor segmentation in ultrasound images,” IEEE
Trans. Ultrason. Ferroelectr. Freq. Control, vol.
68, no. 12, pp. 3549-3559, 2021.

[21] G. Latif, M. O. Butt, F. Y. Al Anezi, and J.
Alghazo, “Ultrasound image despeckling and
detection of breast cancer using deep CNN,” in
2020 RIVF International Conference on
Computing and Communication Technologies
(RIVF), IEEE, 2020, pp. 1-5.

[22] T. Xiao, L. Liu, K. Li, W. Qin, S. Yu, and Z. Li,
“Comparison of transferred deep neural
networks in  ultrasonic  breast masses
discrimination,” Biomed Res. Int., vol. 2018, no.
1, p. 4605191, 2018.

[23] F. Uysal and M. M. Kése, “Classification of
breast cancer ultrasound images with deep
learning-based models,” Eng. Proc., vol. 31, no.
1, p. 8,2022.

[24] M. Ragab, A. Albukhari, J. Alyami, and R. F.
Mansour, “Ensemble deep-learning-enabled
clinical decision support system for breast cancer
diagnosis and classification on ultrasound
images,” Biology (Basel)., vol. 11, no. 3, p. 439,
2022.

[25] S. M. Badawy, A. E.-N. A. Mohamed, A. A.
Hefnawy, H. E. Zidan, M. T. GadAllah, and G.
M. El-Banby, “Classification of Breast
Ultrasound Images Based on Convolutional
Neural Networks-A Comparative Study,” in

[19]

Conference (ITC-Egypt), IEEE, 2021, pp. 1-8.

[26] X. Yu and S.-H. Wang, “Abnormality diagnosis
in mammograms by transfer learning based on
ResNet18,” Fundam. Informaticae, vol. 168, no.
2-4, pp. 219-230, 2019.

[27] D. A. Ragab, M. Sharkas, S. Marshall, and J.
Ren, “Breast cancer detection using deep
convolutional neural networks and support
vector machines,” PeerJ, vol. 7, p. €6201, 2019.

[28] M. M. Islam, M. R. Haque, H. Igbal, M. M.
Hasan, M. Hasan, and M. N. Kabir, “Breast
cancer prediction: a comparative study using
machine learning techniques,” SN Comput. Sci.,
vol. 1, pp. 1-14, 2020.

[29] L. Alzubaidi, O. Al-Shamma, M. A. Fadhel, L.
Farhan, J. Zhang, and Y. Duan, “Optimizing the
performance of breast cancer classification by
employing the same domain transfer learning
from hybrid deep convolutional neural network
mod-el,” Electronics, vol. 9, no. 3, p. 445, 2020.

[30] Y. Gao, K. J. Geras, A. A. Lewin, and L. Moy,
“New frontiers: an update on computer-aided
diagnosis for breast imaging in the age of
artificial intelligence,” Am. J. Roentgenol., vol.
212, no. 2, pp. 300-307, 2019.

[31] M. H. Yap et al., “Automated breast ultrasound
lesions detection using convolutional neural
networks,” IEEE J. Biomed. Heal. informatics,
vol. 22, no. 4, pp. 1218-1226, 2017.

[32] W. K. Moon, Y.-W. Lee, H.-H. Ke, S. H. Lee,
C.-S. Huang, and R.-F. Chang, “Computer-aided
diagnosis of breast ultra-sound images using
ensemble learning from convolutional neural
networks,” Comput. Methods Programs
Biomed., vol. 190, p. 105361, 2020.

[33] X. Y. Liew, N. Hameed, and J. Clos, “A review
of computer-aided expert systems for breast
cancer diagnosis,” Cancers (Basel)., vol. 13, no.
11, p. 2764, 2021.

[34] Y.-W. Lee, C.-S. Huang, C.-C. Shih, and R.-F.
Chang, “Axillary lymph node metastasis status
prediction of early-stage breast cancer using
convolutional neural networks,” Comput. Biol.
Med., vol. 130, p. 104206, 2021.

[35] Q. Sun et al., “Deep learning vs. radiomics for
predicting axillary lymph node metastasis of
breast cancer using ultrasound images: don’t
forget the peritumoral region,” Front. Oncol.,
vol. 10, p. 53, 2020.

[36] B. D. Puspasari, I.-C. Chang, A. Pramono, and
T. Yulianti, “EfficientNet-Based Approach for
Enhanced Sugarcane Disease Classification:

6624



Journal of Theoretical and Applied Information Technology ~

15% September 2025. Vol.103. No.17 ~J
© Little Lion Scientific AT
ISSN: 1992-8645 www.jatit.org E-ISSN: 1817-3195

Implementation and Evaluation,” in 2024 11th
International ~ Conference  on  Electrical
Engineering, Computer Science and Informatics
(EECSI), IEEE, 2024, pp. 470-475.

[37] A. B. M. A. Hossain, J. K. Nisha, and F. Johora,
“Breast cancer classification from ultrasound
images using VGG16 model based transfer
learning,” Int. J. Image, Graph. Signal Process.,
vol. 13, no. 1, p. 12, 2023.

[38] S. A. Alanazi et al., “Boosting breast cancer
detection using convolutional neural network,” J.
Healthc. Eng., vol. 2021, no. 1, p. 5528622,
2021.

[39] T. Choudhary, V. Mishra, A. Goswami, and J.
Sarangapani, “A transfer learning with structured
filter pruning approach for improved breast

cancer classification on point-of-care devices,”
Comput. Biol. Med., vol. 134, p. 104432, 2021.

[40] J. Zhang, X. Guo, B. Wang, and W. Cui,
“Automatic detection of invasive ductal
carcinoma based on the fusion of multiscale
residual convolutional neural network and
SVM,” IEEE Access, vol. 9, pp. 40308-40317,
2021.

[41] S. Sharmin, T. Ahammad, M. A. Talukder, and
P. Ghose, “A hybrid dependable deep feature
extraction and ensemble-based machine learning
approach for breast cancer detection,” IEEE
Access, 2023.

[42] R. Qasrawi, O. Daraghmeh, 1. Qdaih et al.,
"Hybrid ensemble deep learning model for
advancing breast cancer detection and
classification in clinical applications," Heliyon,
vol. 10, no. 19, p. e38374, Sep. 2024, doi:
10.1016/j.heliyon.2024.e38374.

[43] V. N. Thatha, M. G. Karthik, V. G. Gaddam et
al., "Histopathological image based breast
cancer diagnosis using deep learning and bio
inspired optimization," Scientific Reports, vol.
15, p. 19034, 2025, doi: 10.1038/541598-025-
04136-8.

6625



