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Abstract

Breast cancer is one of the most common cancers worldwide, and early, accurate diagnosis is
essential for improving patient outcomes. Histopathological image analysis from biopsy remains
a key method for identifying malignant and benign breast tissue, but manual review can be time
consuming which may delay treatment decisions when the cancer progresses rapidly. In this
study, we evaluated several deep learning methods including the CNN and pre-trained models
for automated classification of breast cancer between the malignant and benign samples from a
curated dataset of histological images. Images were balanced before training, and model
performance was evaluated using metrics including accuracy, precision, recall, and confusion
matrix analysis. The results showed that the models were able to achieve strong classification
performance, with the Keras Sequential having the highest accuracy (85.7%) and precision
(88.4%), and the VGG19 the highest recall (94.8%). These findings support the potential of deep
learning as a tool for assisting histopathological breast cancer diagnosis, and potential future
work exploring ensemble approaches combining the best-performing models to further improve
robustness and classification accuracy in challenging cases.
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Introduction

Breast cancer is one of the most common cancers in women and a leading cause of
cancer-related deaths worldwide . It is the abnormal replication of the body’s cells in breast
tissue, either in the gland tissues or supporting tissue %, and has many subtypes, such as ductal
carcinoma, lobular carcinoma, and tubular carcinoma, some of which are invasive 3. If left
untreated, the cancer cells can invade into surrounding tissues, or spread to other parts of the
body 2, worsening a patient’s health and prognostic outcome. Therefore, early and accurate
detection and diagnosis are critical to improve patient outcomes.

The clinical gold standard for diagnosing cancer is to perform a biopsy, during which tissue is
removed from the breast cancer area to obtain histological tissue samples, which are then
examined under a microscope to examine for the presence of cancerous cells *. At this stage, a
microscope or digital scanner captures high-resolution images of the histological tissue samples
that can be used for further analyses. As histological tissues from breast cancer often exhibit
significant heterogeneity across subtypes, patients and imaging conditions, this process of
determining the malignancy of the tissue sample, while effective, relies heavily on manual
pathologist review and is time-intensive, sometimes taking up to several weeks, that can delay
treatment decisions when the cancer progresses rapidly °.



Artificial intelligence (Al), particularly deep learning, has emerged as a promising approach to
address this limitation. Unlike traditional approaches that rely on hand-crafted features that
may not fully capture the complexity of histopathological images, machine learning methods
have the ability to automatically detect, learn and characterize patterns directly from image
data ®. Deep learning models, especially Convolutional Neural Networks (CNNs) such as VGG16,
VGG19, and ResNet50, can learn patterns and hierarchical feature representations directly from
histological images, allowing them to characterize complex morphological patterns, including
cellular structure and tissue organization. This ability makes these methods well-suited to
cancer detection distinguishing between malignant and benign samples.

The CNN is a widely used machine learning algorithm that detects patterns, also called features,
in images. It first looks for simple shapes like lines, and then more complex patterns like objects,
see Fig. 1. A CNN does this by processing an image through several layers of neurons (Fig. 2). In
the first layers, the CNN decomposes the image into small regions using filters or small sections
of pixels (also called kernels), which scan across the image and assign numerical values based on
the patterns they detect. These kernels help identify simple features such as lines, edges and
textures. As the kernels move through more and deeper layers, the model begins to recognize
more complex patterns, such as cell shapes and how tissues are organized ’. To make the model
more effective, activation functions are applied to help it learn complex patterns, and pooling
layers are used to reduce the size of the data while keeping the most important information.
This helps the model focus on the most relevant features and improves efficiency. At the end of
the network, the extracted features are combined to make a final prediction determining the
class. The CNN model outputs a probability indicating whether the image is cancerous or not.

By learning patterns directly from the images, CNNs can identify important differences between
malignant and benign tissue, making them useful and proficient for analyzing histopathological
images. The CNN model is highly customizable; almost all fields and parameters can be
modified. It also takes less time to train compared to other models 2.
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Fig. 1 Example of patterns or features recognized by CNN models
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Fig. 2 A simplified illustration of image processing by CNN

The VGG16 and VGG19 models, on the other hand, are deep learning models that had been
developed to easily recognize common patterns and features by pre-training them on large
datasets. These models use many more parameters and layers respectively, 16 and 19 neuron
layers, to process an image. Similar to the sequential model, the VGG16 and VGG19 models run
an image through the layers of kernels to eventually produce a prediction probability if a sample
is cancerous or not. With the deep network layers, VGG16 and VGG19 models are able to
capture detailed and complex features in the image. Being pretrained models, one can use
transfer learning to apply and fine-tune these models on new datasets * >,

The ResNet50 model is also a deep learning model that processes an image similar to CNN,
VGG16, VGG19 models. However, a key feature of ResNet50 is the use of residual connections,
which allow information to bypass certain layers and be passed directly to later layers as an
image passes through the kernel layers. helps the model learn more effectively, especially in
very deep networks, and improves its ability to capture complex patterns without losing
important information * 11,

Across these models, while the highly customized CNN model provides a flexible architecture
that can be adjusted and trained directly on the dataset, the VGG16 and VGG19 models are
deeper models that have already been trained on large datasets such as ImageNet, allowing
them to recognize general patterns and extract more detailed features. On the other hand, the
ResNet50 model further improves on this by using residual connections, which allow
information to pass through the network more effectively and help the model learn complex
patterns in very deep layers.

In this paper, we build upon these Al deep learning based models to assess and investigate their
accuracy when used to diagnose breast cancer from histological images that are heterogeneous
across subtypes and patients. Using a curated histological image dataset and a binary

classification task, we evaluate multiple deep learning models with varying parameters to assess



their performance and potential as efficient, reliable Al-assisted tools for binary classification on
breast cancer samples as malignant or benign.

Methods

Models. We assessed several CNN models including a Keras Sequential, as well as
pretrained models such as VGG16, VGG19, and ResNet50, with epochs ranging from 10 to 20.
We trained our models on a pre-processed and balanced BreakHis breast cancer histology
image dataset, assessed their performance based on accuracy, precision and recall metrics. For
VGG16, VGG19 and ResNet50, we used transfer learning by applying these pretrained models to
our dataset and fine-tuning them for binary classification. All models were implemented using
the TensorFlow and Keras libraries in Python.

Dataset. We used a dataset consisting of 3,200 histological images curated from the
BreakHis breast cancer dataset, where each image is labeled as either malignant or benign **.
The BreakHis dataset from Kaggle contains over 7,900 histopathological images across eight
tissue classes: adenosis, fibroadenoma, phyllodes tumor, tubular adenoma, ductal carcinoma,
lobular carcinoma, mucous carcinoma, and papillary carcinoma *.

Adenosis, fibroadenoma, phyllodes tumor, tubular adenoma are benign *. Adenosis has
two main subtypes: sclerosing adenosis and microglandular adenosis. It starts in the lobules and
looks like many disordered glands clumped together under a microscope ***. Fibroadenoma is
a benign growth that forms from the fibrous tissue in the breast. It can sometimes grow quickly,
and surgical removal is the best option for treatment *. Phyllodes tumors are relatively rare
benign fibroepithelial growths that present as a rapidly growing lump in the breast. A phyllodes
tumor can become cancerous and metastasize, but it has a rare chance of occurring *°. Tubular
adenomas are rare, benign growths from ductal tissues. Tubular adenomas can develop into
malignant tumors, but it is very rare *’.

Ductal carcinoma, lobular carcinoma, mucous carcinoma, and papillary carcinoma are
malignant 3. Ductal carcinoma starts in the duct lobular units and can become invasive and
metastasize 8. It can be diagnosed by seeing rod-like calcifications on a mammogram *. Lobular
carcinoma occurs when cells lose their adhering molecule and become cancerous, invading into
other tissues. Under a microscope, the cells sometimes form a characteristic straight line.
Lobular carcinoma may not always form a lump in the breast, and using a mammogram or
ultrasound might not detect it due to diffuse growths *°. Mucinous carcinoma happens when
the tumor cells make a lot of mucus, giving the cancer its name. They can be detected by
mammogram as a small to medium sized visible lump. Papillary carcinoma is a rare type of
breast cancer in which the tumor cells form finger-like (“papillary”) projections under the
microscope. It is typically detected after an abnormal mammogram, breast ultrasound, MRI, or
after symptoms such as a breast lump or bloody nipple discharge prompt imaging. The diagnosis
is then confirmed by biopsy, with tissue examined by a pathologist to identify the papillary
features of the tumor .



As shown in Fig. 3, the histological images displayed significant heterogeneous patterns
across the different tissue classes.

(C)

Fig. 3 Histological images of each tissue class from BreakHis dataset: A) adenosis, B)
fibroadenoma, C) phyllodes tumor, D) tubular adenoma, E) ductal carcinoma, F) lobular
carcinoma, G) mucinous carcinoma, H) papillary carcinoma



Data Pre-processing. It was observed that the BreakHis dataset was dominated by
images on ductal carcinoma. To reduce bias toward the majority tissue class, the dataset was
pre-processed to ensure equal representation of malignant and benign breast cancer tissues.
The dataset was balanced by selecting an equal number of images from each class. After data
balancing, we obtained a curated final dataset of 3,200 images, with equal representation from
each tissue class 2, to evaluate our models for the binary classification task.

Model Training. To train the models, the final dataset was split into a training set (70%),
a validation set (30%), and a testing set consisting of every other image in the final dataset. The
training set was used to optimize model parameters, the validation set to monitor performance
during training, and the test set for final evaluation. All models were trained using the Adam
optimizer with a learning rate of 0.0001 and the sparse_categorical_crossentropy function.
Training was conducted for 10 and 20 epochs with a batch size of 16.

Metrics. To evaluate and visualize the final performance of each model, we used a
confusion matrix and plotted accuracy across training epochs. In addition to accuracy that
measures overall correctness, precision and recall were also computed from the confusion
matrix. Precision is the percentage of images predicted to be malignant that actually showed
cancer, and recall is the percentage of malignant images that were correctly identified by the
model.

Results

Overall, all the models,the Keras Sequential, VGG16, VGG19, and ResNet50, demonstrated
strong performance in classifying histopathological images as malignant or benign.

The confusion matrix and learning curves across epochs for each model are illustrated in Fig. 4
and 5, showing high accurate classification rates with most malignant and benign samples being
correctly classified, with relatively few false positives and false negatives.

The performance metrics of each model are summarized in Table 1. The Keras Sequential model
that trained for 20 epochs had the highest accuracy of 85.7% and highest precision of 88.4%;
the VGG 19 model that trained for 10 epochs had the highest recall of 94.8%. The sequential
model that trained for 20 epochs best correctly predicted if an image was malignant, making it a
rule in model, which means that if it predicts malignant, then it being malignant can be ruled in
with high probability. The VGG19 model has the highest recall, identifying the most malignant
images, making it a rule out model, so if it predicts that an image is malignant, it being benign
can be ruled out.

Out of these models, both the Keras Sequential with 10 and 20 epochs, and VGG16 perform
well on the final curated dataset achieving more than 80% on all three performance metrics.
The Keras Sequential with 20 epochs has 85.7% accuracy, 88.4% precision and 81.3% recall;
Keras Sequential with 10 epochs has 81.5% accuracy, 83.7% precision and 80.1% recall; the
VGG16 has 84.3% accuracy, 81.4% precision and 88.4% recall.
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Fig. 4 Confusion matrix for (a) Keras Sequential with 20 epochs, (b), VGG19, (c) Keras Sequential
with 10 epochs, (d) VGG16, (e) ResNet50
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Fig. 5 Learning curves showing training and validation accuracy across training epochs for (a)
Keras Sequential with 20 epochs, (b), VGG19, (c) Keras Sequential with 10 epochs, (d) VGG16,
(e) ResNet50

Model Parameters Accuracy Precision Recall

Keras Sequential | Epochs=20
Kernel size=3 85.7% 88.4% 81.3%
Pooling (2,2)

Keras Sequential | Epochs=10,

Kernel size=3 81.5% 83.7% 80.1%
Pooling (2,2)
VGG16 Epochs=10 84.3% 81.4% 88.4%
VGG19 Epochs=10 81.3% 74.6% 94.8%
ResNet50 Epochs=10 78.3% 81.8% 76.4%

Table 1 Performance metrics for each model

Discussion

The results of this study demonstrate that deep learning models can effectively classify breast
cancer histopathological images as malignant or benign, achieving high performance across
several performance metrics on the final curated dataset. Among the models tested, both the
Keras Sequential with 10 and 20 epochs, and VGG16 perform well with strong overall
classification ability with accuracy, precision and recall more than 80%. The Keras Sequential
with 20 epochs has 85.7% accuracy, 88.4% precision and 81.3% recall; Keras Sequential with 10
epochs has 81.5% accuracy, 83.7% precision and 80.1% recall; the VGG16 has 84.3% accuracy,
81.4% precision and 88.4% recall.



While pretrained architectures such as VGG16, VGG19, and ResNet50 generally outperformed
the Keras Sequential models, the Keras Sequential models in this case, performed comparably
similarly to the VGG16 across accuracy, precision and recall on the curated dataset. The
Sequential model with 20 epochs has the highest accuracy (85.7%) and highest precision
(88.4%). These suggest that when the Sequential model uses well-selected parameters such as
the number of epochs, it can perform well against the pretrained models.

From these observations, future work may investigate whether combining the strongest
individual models can improve accuracy and other performance metrics while providing a more
stable framework for breast cancer image classification. For example, one can investigate an
ensemble approach using the two best-performing models from this study. Because each model
may capture different image features and make different classification errors, combining their
predictions could improve overall robustness and predictive performance beyond that of either
model alone by reducing model-specific weaknesses and increasing reliability, particularly for
difficult or borderline cases.

Despite these promising results, several considerations may limit the generalization of these
findings. First, the dataset was curated into a binary classification task, which simplifies
real-world diagnostic scenarios that often require distinguishing between multiple cancer
subtypes. Additionally, the curated dataset size (3,200 images) may limit the model’s
generalizability to external datasets. Another limitation is the reliance on transfer learning from
ImageNet, which may introduce bias due to differences between images from the ImageNet and
the curated dataset. Future work could also focus on expanding the dataset with more diverse
and differently stained samples, extending the model to multi-class classification, and exploring
advanced architectures and multimodal approaches that may enhance classification
performance.

Overall, these results showed that deep learning models can achieve high accuracy and
balanced performance in classifying breast cancer histopathological images, highlighting their
potential as reliable tools for Al-assisted diagnosis.

Conclusion

In this study, we evaluated several deep learning—based models for the classification of breast
cancer histopathological images as malignant or benign on a curated dataset of breast cancer
histological images from BreakHis. The Keras Sequential and pretrained architectures such as
VGG16, VGG19, and ResNet50 achieve high accuracy and effectively distinguish between
cancerous and non-cancerous tissue. Among the models tested on the curated dataset, the
Keras Sequential models, when used with well-selected parameters, can perform similarly to
the pretrained models.

While observations from this study on the curated dataset are encouraging, further research
work to validate these models on larger and more diverse datasets may help further improve
generalizability and enhance interpretability for clinical use. Expanding to multi-class



classification and developing models using ensemble approach may further increase the
reliability and applicability of these systems.

Overall, this study showed that Al-based methods have strong potential to assist in breast
cancer detection by providing faster and more consistent image analysis. Such tools could help
support clinical decision-making, reduce diagnostic workload, and improve early detection
outcomes.
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