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Abstract: Breast cancer (BC) remains a significant global health concern, contributing to one of the highest mortality
rates among women. Early and accurate detection is paramount for improving survival rates and ensuring a healthier
life. In recent years, computing and information technology advancements have revolutionized healthcare systems,
particularly in disease detection and classification. This work introduces a hybrid method to enhance breast cancer
classification by combining deep learning-based techniques like convolutional neural networks (CNNs) and machine
learning-based classifiers. We leveraged several well-known pre-trained CNNs, including ResNet50, MobileNetV2,
DenseNet121, and Xception, to capture pertinent features of breast ultrasound images and effectively catch the intricate
patterns associated with malignant and benign tumors. Subsequently, these extracted features were fed into high-
performance classifiers such as SVM, KNN, XGBoost, and Softmax to accurately classify breast cancer based on the
well-known benchmark, the Breast Ultrasound Images (BUSI) dataset. The findings demonstrated the efficacy of our
proposed method, with the DenseNet121 network, when combined with the Softmax classifier, achieving the most
superior performance with the highest accuracy of 95.34% compared to other models and state-of-the-art techniques,
demonstrating the robustness and reliability of the introduced method in distinguishing between malignant and benign
breast tumors, thereby facilitating more informed clinical decision making.
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1. Introduction

Breast cancer ranks among the deadliest and most dangerous diseases [1, 2], being the second largest
source of death for women worldwide [3, 4]. The World Health Organization (WHO) predicted that 2.3 million
women had breast cancer, and 685,000 deaths occurred internationally in 2020 [5]. Therefore, early treatment
of breast cancer can be highly effective and can dramatically reduce its mortality rates. Diverse imaging
methods, such as mammograms, MRI, ultrasound, histopathology, and thermography, are often used to obtain
successfully well-processed images, which may help doctors distinguish the severity level of the disease and
thus make quick and precise decisions [6]. Ultrasound (US) imaging is the most involved modality for assisting
radiologists in evaluating and diagnosing breast cancer in females. It appears to be more portable, noninvasive,
and cheaper than other medical imaging modalities [7]. However, analyzing Breast US images (BUSI) is
difficult and has high inter-rate trust. For properly identifying whether breast tumors are benign or malignant,
medical experts must be very knowledgeable in the highest correlation characteristics of BUSI with
malignancy, for instance, cancer size, form, and vascularity.

Nevertheless, machine learning algorithms (MLAs) were extensively utilized to help radiologists
distinguish breast tumors [8—10]. Deep learning techniques such as convolutional neural networks (CNNs)
can analyze images naturally, identify their significant features, and generate preferred outcomes [11-14].
Conversely, these algorithms' success often depends on the quantity of training data provided. Training a CNN
model from scratch is usually not recommended when data is lacking. Therefore, transfer learning (TL)
approaches were introduced, and they are now the most widely used methods for constructing deep learning-
based systems in medical image analysis [15, 16]. TL involves models that were first pre-trained on big datasets
like ImageNet for another related task dataset (target task) [17].

This paper presents a hybrid method for precisely classifying breast tumors via deep CNN networks:
ResNet50, MobileNetV2, DenseNet121, and Xception to effectively identify the most relevant features of the
breast ultrasound images (BUSI) dataset. The extracted features are subsequently passed into high-
performance classifiers such as SVM, KNN, XGBoost, and Softmax to select the best classifier to the best
CNN model. The superiority of our proposed method was demonstrated by outperforming existing methods,
providing enhancements in early diagnosis and tailored treatment.

The paper's reminder is structured as follows: Section 2 presents a detailed assessment of available
research on breast cancer diagnosis. Section 3 fully discusses the materials and methods, including the dataset
and methods. Section 4 examines the findings and their implications. Section 5 provides a comparison with
state-of-the-art techniques. Finally, Section 6 presents the paper's conclusion.

2. Literature Review

Recently, deep learning (DL) has become gradually widespread for classifying breast cancer. In [18], a
lightweight CNN (DBLCNN) based on dependencies for categorizing breast histopathology images was
proposed. It was combined with pre-trained CNN architectures, including MobileNetV2 and MobileNetV3.
The results showed that DBLCNN (MobileNetV2) achieved superior results compared to other models. To
precisely predict breast cancer, the authors in [19] implemented an automated diagnostic system using deep
CNNs to select important features of breast ultrasonography scans. The results demonstrated the proposed
DeepCls subsystem effectiveness, outperforming the other subsystems (DeepRec + DeepCls, DeepCls +
DeepAt, and DeepRec + DeepCls + DeepAti) with an accuracy of 94.51%.
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In [20], an auto-weighting approach (AW3M) for automated breast cancer classification was developed
using multiple types of sonography, such as Shear-wave Elastography. Unlike other methods, AW3M uses
reinforcement learning techniques to determine the optimal weights for different data streams rather than
assigning weights arbitrarily. The suggested approach was assessed using huge multi-modal data and showed
promising results. Similarly, [21] proposed a DL-based approach to accurately segment the nuclei in breast
tissue images, followed by an ensemble classifier that combined the decision of three different MLAs to
accurately classify breast mass, demonstrating the efficacy of the suggested methodology and outperforming
the individual classifiers.

In contrast, the authors [22] have applied numerous pre-processing techniques like image enhancement
and augmentation to prepare mammogram images for the scratch-built CNN architecture to learn the main
features from them. The suggested method revealed a promising performance, obtaining the best accuracy of
96.52%. Likewise, the authors [23] introduced a two-level deep learning classification model. The Empirical
Wavelet Transform and Variational Mode Decomposition methods first transformed the gene expression data
into images. These images served as inputs for the first stage, which consisted of three separate CNN
architectures. These architectures' outcomes were integrated and passed to the second stage, an MLP meta-
classifier, reaching a validation accuracy of 98.08%.

A new method known as "AlexNet-BC" for categorizing breast pathologies was presented by [24], where
the ImageNet dataset was employed to pre-train the proposed method, and enhanced datasets were used to
refine it. The suggested approach performed better than alternative models, including VGG-16 and ResNet,
with an accuracy of 86.31% when evaluated on the BreaKHis, IDC, and UCSB datasets. Furthermore, the
authors in [25] developed a pipeline approach to enhance the prediction of CBIS-DDSM mammography
images. The approach involved training individual task-specific models and fusing their predictions with
relevant features. The developed pipeline had a comparable performance with an AUC of 96.20%. Finally, the
authors [26] used a cloud-based Internet of Medical Things (IoMT) network to predict and identify various
breast mass stages, reaching the best accuracy of 97.81%.

3. Materials and Methods

This paper introduces a hybrid method for precisely classifying breast tumors using different deep CNN
networks, including ResNet50, MobileNetV2, DenseNet121, and Xception, to effectively extract the key
characteristics the breast ultrasound images (BUSI) dataset, as illustrated in Fig. 1. The extracted features are
passed through several high-performance machine learning classifiers, including SVM, KNN, XGBoost, and
Softmax, obtaining the best classification results. Our method is verified by considering several aspects and
experiments.
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Fig. 1. Scheme of the proposed breast cancer classification method.
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3.1 Dataset description

The breast ultrasound images (BUSI) is a challenging dataset that comprises 780 ultrasound images of
women 25-75 years of age, resized to 500 x 500 pixels with the PNG format [35], and they were classified into
benign, malignant, and normal classifications with 487, 210, and 177 images. These images were acquired using
advanced ultrasound scanning systems—LOGIQ E9 and LOGIQ E9 Agile—at Baheya Hospital in Cairo, Egypt,
adhering to standardized imaging protocols to maintain consistency and quality. Fig. 2 presents representative
samples from each class in the BUSI dataset, highlighting its variability and complexity.

(a) (b) ()

Fig. 2. Samples from the breast US images (BUSI) dataset: (a) normal, (b) benign, and (c) malignant.

3.2 Transfer learning(TL)

TL aims to adapt a model trained on one problem to another that is similar, offering reduced training time.
Numerous CNN architectures have been discovered based on the ImageNet challenge and used in various image
classification tasks through transfer learning. In this study, four pre-trained CNNs, including
ResNet50, MobileNetV2, DenseNet121, and Xception, were conducted to capture the most significant features
of the BUSI’s images.

3.2.1 ResNet50 network

ResNet50 [28] is one of the most common ResNet architectures, consisting of 48 Convolution layers, a
max pool, and an average pool layer with an input size of 256x256, as presented in Fig. 3. In 2015, ResNet won
the ImageNet challenge over other architectures and was and was subsequently employed in several computer
vision applications, including image segmentation and classification. Using skip connections between layers
helps reduce the number of parameters while addressing the vanishing gradient problem associated with
extremely deep CNNs [29].
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Fig. 3. The deep feature extractor ResNet50 architecture.
3.2.2 MobileNetV?2 network

MobileNetV2 is a deep CNN model introduced by Google for mobile and embedded vision applications
[30, 31], which was designed to be more efficient and faster than traditional computer vision models.
MobileNetV2 uses depthwise separable convolutions, which are computationally more efficient than normal
convolutions, to reduce the parameters number and FLOPS (floating-point operations) essential for inference.
Additionally, MobileNetV2 adds a linear bottleneck layer to the end of each residual block (as seen in Fig. 4),
which helps reduce the computation needed for inference [32, 33].
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Fig. 4. The deep feature extractor MobileNetV2 architecture.

3.2.3 DenseNetl21 network

Gao Huang et al. [34] created a deep learning architecture named "DenseNet121" in 2017. It is designed
to beat traditional networks such as ResNet and Inception by introducing a dense block, allowing information
to flow more freely between different layers in the network (see Fig. 5). This improves performance by avoiding

the vanishing gradients problem while significantly reducing the number of parameters required to learn at each
layer [29].
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Fig. 5. The deep feature extractor DenseNet121 architecture.

3.2.4 Xception network

The Xception (i.e., Extreme Inception) model [35] was developed to improve upon the Inception-V3
architecture based on depthwise separable convolutions to independently incorporate the spatial and channel
dimensions of the image during training [36]. It has been used with great success in various medical imaging
fields. The Xception feature extractor’s architecture is described in Fig. 6.
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Fig. 6. The deep feature extractor Xception architecture.

3.3 Machine learning algorithms (MLAs)

Several commonly used MLAs, namely support vector machine (SVM), k-nearest neighbor (KNN),
XGBoost, and softmax, are implemented for the ultimate classification of breast cancer.

The SVM [37] is a supervised MLA utilized for classification applications. It creates a hyper-plane to
distinct two or more categories. We have implemented the SVM as a classifier of all feature extractors with its
default hyper-parameters.

The KNN [38] is an effective MLA for classification tasks. KNN does not require a training phase; it only
needs a distance function for the inputs as it works based on the data instances and their features' similarities.
The hyperparameters of the KNN were also set to their default values.

The eXtreme Gradient Boosting (XGBoost) algorithm, introduced by Chen and Guestrin in 2016 [39], is
considered a peak-performance classifier. XGBoost combines multiple weak trees with low-performance rates
to create a strong one. All hyperparameters were set to their default values.
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4. Result and Discussion

Multiple experimentations were implemented to correctly measure the performance of the proposed
method by assessing several well-established pre-trained CNNs' performance with different classifiers to select
the best classifier with the best pre-trained model regarding their performance based on several regular
assessment measures, such as accuracy, precision, and F1-score. The BUSI dataset has been distributed into
train and test splits using the 80-20% splitting standard, respectively.

4.1 Performance evaluation

The confusion matrix (CM) analyzes the performance of a classification model on testing data samples
with known true values. Its columns represent samples in a predicted class, while the rows represent instances
in an actual class (or vice versa) [40—42]. For performance analysis, several criteria, including accuracy,
precision, and the F1-score, are used, as illustrated in (1), (2), and (3).

4.1.1 Accuracy

It assesses the general correctness of the model's predictions. It is computed as the proportion of accurately
predicted cases (both positive and negative) to the total number of samples.

Accuracy = (TP+TN) / (TP+TN+FP+FN) (1)

4.1.2 Precision

Precision assesses the percentage of correctly predicted positive examples out of all instances predicted as
positive. It illustrates how well the model can avoid false positives.

Precision = TP/ (TP+FP) 2

4.1.3 Fl-score

This metric is the harmonic mean of precision and sensitivity, offering a balanced degree. It shows the
model's ability to identify positive instances while avoiding false positives, which is very helpful when working
with imbalanced datasets.

Fl-score = 2*TP / (2*¥*TP+FN+FP) 3)

Where,

TP (True Positive): The label's actual value is True, as is the predicted value.

TN (True Negative): The label's actual value, as is the predicted value, is false.

FN (False Negative): The label's actual value is True, while the predicted value is False.

FP (False Positive): The label's actual value is False, while the predicted value is True.

4.2 Performance assessment

We compared the effectiveness of multiple prominent pre-trained CNNs, such as ResNet50, MobileNetV2,
DenseNet121, and Xception. Table 1 presents the performance of these networks when coupled with various
classifiers, including SVM, KNN, XGBoost, and Softmax, evaluated on the BUSI dataset. The Softmax
classifier consistently yielded substantial performance rates across all CNN architectures. Specifically,
DenseNet121 achieved the highest accuracy of 95.34%, representing a 7% improvement compared to its best-
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performing counterpart using XGBoost, highlighting the effectiveness of DenseNet121's feature representation
for the given classification task.

Table 1. Performance evaluation of different deep CNN networks with various classifiers.

Deep CNN networks |Machine learning classifiers Performan.c ? )

Accuracy Precision F1-score

SVM 82.95 83.33 81.88

KNN 77.52 76.85 76.93

ResNets0 XGBoost 79.84 79.46 78.82

Softmax 87.59 84.21 80.00

SVM 78.29 79.65 75.66

. KNN 75.19 75.88 75.47

MobileNetV2 15 S oot 76.74 76.17 74.99

Softmax 93.79 94.73 90.00

SVM 83.72 84.48 82.60

KNN 84.50 84.48 83.87

DenseNet121 - 5 GBoost 82.95 82.65 8271

Softmax 95.34 90.90 93.02

SVM 84.50 85.71 83.32

Xception KNN 70.54 69.31 69.64

XGBoost 82.95 83.33 81.88

Softmax 93.02 94.59 88.60

A visual performance comparison of various pre-trained CNN architectures (ResNet50, MobileNetV2,
DenseNet121, and Xception) is evaluated in Fig. 7. This evaluation used several peak-performance algorithms:
XGBoost, SVM, KNN, and Softmax on the BUSI dataset. Notably, the DenseNet121 architecture, paired with
a Softmax classifier, achieved the highest performance metrics, including accuracy (95.34%), precision
(90.90%), and F1-score (93.02%). This analysis underscores the significant influence of CNN architecture and
classifier choice on diagnostic accuracy, thereby guiding the development of effective computer-aided
diagnostic tools. Fig. 8 further clarifies the effectiveness of these CNNs with the Softmax classifier based on
different metrics. DenseNetl121 consistently outperforms the other networks, indicating higher feature
extraction ability. While MobileNetV2 obtains a competitive accuracy of 93.79%, a slightly decreased F1-score
01'90.00% suggests a potential balance between precision and sensitivity. These results prove our methodology's
efficiency for accurately classifying breast tumors.
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Fig. 8. Performance assessment of different deep CNNs and the softmax classifier.
5. Comparison with Existing Methods

This section performed a comparison study with several existing techniques reported in recent studies
concentrating on breast tumor classification to prove the efficiency of the proposed methodology. These studies
were selected based on their utilization of similar experimental protocols, datasets, and evaluation metrics for
performance assessment. Table 2 presents a comparative performance analysis detailing the compared methods
and their reported accuracy.

Table 2. Performance comparison with similar studies.

References Dataset Methods Accuracy (%)
[6] TL-based deep representation scaling (DRS) 91.5
[7] ResNet50 73.72
BUSI
[19] DeepCls 94.51
Ours DenseNet121 Network with Softmax classifier 95.34

6. Conclusion

This paper proposes a hybrid methodology for precisely classifying breast tumors, demonstrating how
well deep learning techniques performed, and comparing the efficiency of various CNN architectures as feature
extractors combined with different classifiers (SVM, KNN, XGBoost, and Softmax) to identify the best
combination. The results demonstrated that integrating DenseNet121 with a Softmax classifier achieved
comparable performance on the BUSI dataset, yielding the best accuracy of 95.34%. These findings
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significantly outperformed existing methods, demonstrating the possibility of merging DL-based deep learning
techniques and MLAs for boosting the efficacy of breast cancer detection systems, leading to earlier and more
accurate diagnoses, eventually boosting patient outcomes, and saving healthcare expenditures connected with
delayed treatments. Future research will seek to confirm these results on other datasets and examine the
predictions for clinical application.
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