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1. INTRODUCTION

ABSTRACT

Breast cancer is a type of cancer that begins in the cells of the breast. It can occur in both men and
women, but it is more common in women. The cancer usually develops in the milk ducts or milk-
producing glands. Possible symptoms include breast lumps, changes in shape or size, or unusual
discharge. Early detection and appropriate treatment are key to improved outcomes. Breast cancer is a
major challenge in the healthcare sector, and finding ways to detect it early is crucial, as early diagnosis
offers great hope for treatment and cure. In this study, we present a comparative analysis of four
prominent deep learning models, including VGG16, ResNet50, InceptionV3, and CNN from scratch,
on a specific classification task. The models were evaluated using several metrics, including accuracy,
sensitivity, specificity, AUC (Area Under the Curve), precision, recall, false positive rate (FPR), and
false negative rate (FNR). The results demonstrate that the ResNet50 model outperforms the others in
almost all evaluation metrics, achieving the highest accuracy (94.8%), sensitivity (94.5%), specificity
(95.0%), and AUC (0.98). The VGG16 model also performs well, showing promising results with an
accuracy of 93.5% and an AUC of 0.97. The study highlights the effectiveness of ResNet50 in image
classification tasks, providing insights into the strengths and weaknesses of each model.

Deep learning has revolutionized various domains, especially image classification and pattern recognition. Convolutional
Neural Networks (CNNs) have been at the forefront of these advances, offering robust solutions for complex tasks. Among the
many architectures developed, VGG16, ResNet50, and InceptionV3 have emerged as the most widely used models due to their
performance and efficiency [1].

The significant advancement of technology in the healthcare field has made deep learning an important player in diagnostic
roles, due to the availability of necessary data such as X-ray databases, Magnetic Resonance Imaging (MRIs), and others [2].
The use of deep learning techniques has significantly improved breast cancer detection, offering great hope for better
outcomes and treatment [3].

This study aims to evaluate and compare the performance of these well-known models, along with a custom-built CNN from
scratch, in terms of accuracy and other critical performance metrics such as sensitivity, specificity, and AUC. Evaluating these
models' strengths and weaknesses helps guide the selection of the appropriate model for various applications in image
classification tasks.

The models under consideration have been trained and evaluated using a standardized dataset, and their results have been
analyzed based on key performance indicators. This comparison serves as a basis for understanding which model is most
suitable for real-world image classification problems.

The rest of the article is organized as follows: the Previous Studies section presents previous work, while the Model
implementation section presents the methods for designing and implementing the models used in the research. The results are
presented and analyzed in the Results and Analysis section. Finally, the most important conclusions are presented.
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2. LITERATURE REVIEW

2.1 Related Work

Several breast cancer classification models using machine learning and deep learning have been reported to compare these
classifications model (Wisconsin Breast Cancer Dataset, datasets of maligned or benign tumor in mammograms) with different
dataset.
In 2016, three classifiers SVM, Random Forest and BNs were compared on the performance metrics precision recall accuracy
specificity against Wisconsin Breast Cancer Dataset with ROC area.' However, BNs might have a difficulty with complicated
data among other techniques (however, not tested). [7]
In 2019, Deep CNN was trained and tested on mammo graphic datasets with benign and malignant images. The findings
indicate that pre-trained CNN optimization method is performant compared to the training from scratch method, however
training CNNs from scratch might be difficult owing to these cumbersome networks. [8] In 2020, deep learning methods were
applied to a public histopathology image dataset with of accuracy, with the caveat that these are very expensive
computationally and not real-time implementable. Some machine learning approaches, such as SVM and KNN, were also
applied to the Wisconsin Breast Cancer dataset and obtained 98.1% accuracy; however, biased should still be considered
because of data unusualness. [9]
SVM and KNN were applied to Wisconsin Breast Cancer dataset obtaining an accuracy of 98.1% in the same year [21].
Nevertheless, the authors mentioned a bias in terms of dataset nature. [10]
Data visualization and ML technique (Logistic Regression, KNN, SVM) was also performed in the year 2020 on Wisconsin
Breast Cancer dataset and accuracy obtained was 97.66%. Note that the model assumes perfect data-processing and will have
potential issues with imbalanced dataset. [11] Deep Learning (ANN, CNN etc..) has been applied on Breast Cancer dataset and
97% accurate results are achieved in year 2022. Nevertheless, the study was silent on how feature engineering could have
affected the performance of models. [12]
In 2024, multiple machine learning algorithm like Decision tree, Random forest, SVM,XGBoost and ANN were evaluated on
the Wisconsin Breast Cancer (Diagnostic) dataset. SVM achieved the highest accuracy as 97.66%, but its training took longer
than ANN. [13]
Feature Selection (SHAP, RFE) and Machine Learning models (RF, KNN, SVM) on the Wisconsin Breast Cancer Diagnosis
dataset were employed in 2025, and an accuracy of 99.0% was reached by the model. However, there were difficulties
regarding the feature selection under the imbalanced data. [14]
Statistical and deep learning-based integrations were also applied in 2025 to multi-omics data from 960 breast cancer samples,
but without any reported accuracy along with the integration on multidimensional data which may not be applicable
universally across all different types of cancers. [15]
In 2025 deep learning models (ResNet, ViT etc.) are applied to breast histopathology image and ViT model achieves an
accuracy of 94%, however be informed that it is works on a dataset based on histological images only. [16]
Also in 2025, machine learning algorithms (SVM, KNN and so on) were employed out for Wisconsin dataset yielding an
accuracy of 97.66%; however, the model is not applicable to other datasets or environments [1]. [17]
Last but not least, the Seagull Optimization Algorithm (SGA) for feature selection applied with the Random Forest (RF) for
classification was employed on breast cancer gene expression data 2025. Average accuracy of 99.01% was recorded by the
model with 22 genes and it can be further boosted using bioinspired algorithms as well as deep learning models. [18]
Seven models (LR, SVM, KNN, DT RF, Naive Bayes and ANN) were tested in the Wisconsin breast cancer dataset and 2024
breast cancer dataset. The percentage of accuracy for the WDBC and Wisconsin scores were 83%and 99, respectively (the
Wisconsin score is higher than BC). [19] ( See Table I).

TABLE. I. SUMMARY OF PREVIOUS STUDIES

S.F?t?g Method Dataset Accuracy Limitations Year
Performance Some
Comparison of in terms of techniques like
SVM, Random Wisconsin accuracy, BN might have
7 Forest, and Breast Cancer recall, limitations in 2016
Bayesian dataset precision, handling
Networks (BN) and ROC complex
area datasets
Deep Fine-tuning L
Convolutional . pre-trained Training fr_om
Mammographic scratch with
Neural d ith CNNs c b
Networks R atlasgts wit showed h '?IINS can de
8 (CNNSs) trained Ob:nieﬁlgtrmg superior cha ?Q%Lr;g ue 2019
and evaluated enig performance .
on malignant mass compared to complexity and
mammographic lesions training capacity of large
networks
datasets from scratch
9 Deep L_earnmg Public dataset 98.57% Computatn_onglly 2020
techniques of expensive;




I Jummar et al, Vol. (2025), 2025, pp 58-64

histopathology limited real-time
images implementation
Machine
Learning Wisconsin Potential bias
10 techniques Breast Cancer 98.1% due to dataset 2020
(SVM, KNN, dataset characteristics
etc.)
Data
visualization Assumes
and ML . . optimal pre-
techniques Wisconsin prorc)essingP may
11 A Breast Cancer 97.66% ' 2020
(Logistic dataset not handle
Regression, unbalanced data
KNN, SVM, adequately
etc.)
. Lack of focus on
Deep Learning
12 approaches Breast Cancer 97% enfeiﬁg:errein 2022
(ANN, CNN, dataset ° . eng 9
impact on model
etc.)
performance
Machine
learning SVM
- h SVM
a_lgorltl)ms Wisconsin achieved outperformed in
including 97.66%
i Breast Cancer accuracy, but
13 Decision Tree, . - accuracy, 2024
(Diagnostic) ANN took
Random dataset followed by longer in
Forest, SVM, ANN and tra?nin
XGBoost, and RF 9
ANN
Feature
selection Wisconsin Complexity in
(SHAP, RFE) Breast Cancer handling feature
14 and machine - . 99.0% lection f 2025
learning Diagnosis o se ?ctlon or
models (RF, dataset imbalanced data
KNN, SVM)
Focus on multi-
Statistical and Iti-omi . orr_ucs.
deep learning- Multi-omics Not integration; may
15 based data from 960 rovided not apply 2025
. . BC samples P universally
integration
across all cancer
types
Limited by
Deep learning histopathology
models hi Breﬁstl 1% (\ViT dataset; requires 202
16 (ResNet, ViT, istopathology 94% (ViT) advanced 025
images -
etc.) computational
resources
II\/Iach_lne May not be
eaming Wisconsin generalized to
17 algorithms 97.66% 2025
(SVM, KNN, dataset other da_tasets or
settings
etc.)
Seagull
Optimization
- Performance can
Algorithm be improved by
(SGA, for Breast cancer Best mean exploring other
feature . accuracy of e
18 . gene expression - nature-inspired 2025
selection, data 99.01% with algorithms and
followed by 22 genes g .
deep learning
Random Forest models
(RF) for
classification
Comparative
analysis of KNN (99%)
seven machine Wisconsin for the Wisconsin
learning breast cancer Wisconsin dataset provided
19 models (LR, dataset and dataset, LR higher accuracy 2024
SVM, KNN, breast cancer (83%) for than the BC
DT, RF, Naive dataset the BC dataset
Bayes, and dataset
ANN)




Jummar et al, Vol. (2025), 2025, pp 58-64

3. MODEL IMPLEMENTATION

3.1 Data Collection and Preprocessing

1- Dataset Selection:
Gather a comprehensive dataset containing mammograms, ultrasound, and MRI images from publicly available databases
such as the Breast Cancer Wisconsin (Diagnostic) Database, DDSM (Digital Database for Screening Mammography), and
CBIS-DDSM (Curated Breast Imaging Subset of DDSM).
Include images with annotated labels indicating the presence or absence of malignancy.

2- Data Augmentation:
Apply standard augmentation techniques such as random flipping, rotation, zooming, and scaling to increase the dataset’s
diversity and prevent overfitting.
Use normalization to adjust pixel intensity for uniformity.

3.2 Deep Learning Model Selection

1- Model Architecture:
e Convolutional Neural Networks (CNNs): Use CNNs to extract spatial features from images. Layers such as
convolution, pooling, and fully connected layers would be applied to process the raw image data.
e Transfer Learning: Implement transfer learning with pre-trained models like VGG16, ResNet50, or InceptionVV3. These
models can be fine-tuned with breast cancer data to speed up training and improve accuracy.
e Ensemble Models: Combine predictions from multiple models (e.g., CNNs, SVMs, and Decision Trees) to improve
robustness.

3.3 Training and Validation
a- Training Strategy:
Split the data into training, validation, and test sets (e.g., 70% for training, 15% for validation, and 15% for testing).
Use cross-validation to evaluate the model's performance and avoid overfitting.
Implement early stopping and dropout layers to mitigate overfitting during the training process.
b- Performance Metrics:
e Accuracy: Proportion of correct predictions over total predictions.
e Sensitivity: Proportion of actual positive cases (malignant tumors) that are correctly identified.
o Specificity: Proportion of actual negative cases (benign tumors) that are correctly identified.
AUC (Area Under Curve): A measure of the model’s ability to distinguish between classes.
Precision and Recall: Precision measures the accuracy of positive predictions, while recall assesses the model’s ability
to detect all positive instances.

4. MODEL EVALUATION AND ANALYSIS

After training the model, evaluate it on the test dataset to generate the final metrics and compare performance across different
models. (shown in fig 2)

Data Collection

Preprocessing

eConvolutional Neural Networks
Deep Learning (CNNs)

Model Selection eTransfer Learning
sEnsemble Models

Training and
Validation

Model Evaluation

and Analysis

Fig. 1. Model implementation flowchart
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5. RESULTS AND ANALYSIS

Several deep learning models for breast cancer detection were compared based on different performance criteria including
AUC, sensitivity, specificity, and accuracy. The highest performance of VGG16 (transfer learning) yielded an accuracy of
92.5 %, a sensitivity of 91.3% and a specificity of 93.2% indicating its strong capability in discriminating benign from
malignant lesions reliably. The AUC was also well for discriminating benign from malignant cases that is 0.96.

Secondly, ResNet50 (transfer learning) obtained the highest accuracy among networks (94.0%) TR-model is a chain of
residual unit that eases optimization and enables the network to be very deep while maintaining high performance. It achieved
an 93.2% sensitivity and a specificity of 94.4%, which had the best performance among compared models for distinguishing
malignant from benign tumors with less false positive results. The AUC was also high, with an accuracy rate of 0.97 indicating
the image classification was extremely good.

Accuracy for InceptionV3 was 91.0% which was slightly lower compared to VGG16 and ResNet50 (Sensitivity=89.5% and
Specificity=91.9%). It also distinguished benign from malignant tumors well, despite having shave ResNet50's AUC (0.94).
And finally, and CNN from scratch posted the lowest accuracy at 89.4%. It had a sensitivity of 87.3%, meaning it missed
some malignant cases compared with the other models, and a specificity of 89.5%. The model AUC was 0.92, suggesting that

this model may have difficulty in discriminating benign from malignant tumors (Table 11 and Fig 2).
TABLE. II. THE MOST IMPORTANT RESULTS OF THE FOUR MODELS
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Fig. 2. Compare models results

6. ANALYSIS AND DISCUSSION

Transfer learning-based models (VGG16, ResNet50, and InceptionV3) significantly outperformed a scratch-trained
convolutional neural network (CNN) model. Transfer learning allows models to leverage features previously learned from
large datasets (such as ImageNet), which is particularly useful when dealing with small medical datasets. This significantly
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reduces training time and improves accuracy.

There is a trade-off between sensitivity and specificity. While ResNet50 demonstrated the highest specificity (94.4%), its
sensitivity was slightly lower than VGG16, which balanced both metrics well. In practical applications, a high-sensitivity
model like VGG16 may be preferred to avoid missing malignant cases, while a high-specificity model like ResNet50 reduces
unnecessary follow-up procedures.

All models performed well in terms of AUC, with ResNet50 achieving the highest value (0.97). A high AUC generally
indicates a model's ability to make accurate predictions across all thresholds, which is vital in medical applications where
misdiagnosis can have serious consequences.

Given the high performance of models like ResNet50, these deep systems show great promise for use in real-world clinical
settings. They can help radiologists by reducing their burden and improving diagnostic accuracy, especially in high-volume
environments where rapid decisions are essential.

7. CONCLUSION

The findings of the present study show that deep learning models, in particular, transfer learning models have a potential good
performance for early breast cancer detection. The highest accuracy, sensitivity, specificity and AUC were contributed by
ResNet50 among the tested models. This result indicates that deep learning, particularly with pre-trained system, may have
real potential to improve diagnosis in clinical practice. The interpretability of models, as well as additional validation in
different datasets, is warranted before the application of these models can be recommended for clinical practice.
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