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Abstract

Background: Invasiveductal carcinoma(IDC) isconsidered the most common form of breast cancer, accounting for asignificant
percentage of mortality worldwide. Therefore, its early detection isvital to further improve patients' outcomes and survival rates.
However, conventional diagnostic methodsin theform of manual histopathological examinations are time-consuming, subjective,
and proneto errors. Therefore, thereisan urgent need to devel op automated solutionsfor accurate | DC detection in histopathology
images to assist pathologistsin clinical decision-making.

Objective: Weaim to develop and validate aconvolutional neural network (CNN) model for early detection of IDC by analyzing
histopathol ogical images. The specific objectives are designing a deep learning—based technique for automated detection of IDC,
assessing its performance compared to traditional diagnostic methods, and evaluating its utility in aclinical setup for early breast
cancer diagnosis. These methods will be available to practitioners in underdevel oped countries via an open-source application.

Methods: The dataset for the research included 277,524 publicly available histopathological images from Kaggle, comprising
both IDC-positive and I DC-negative images. About 71.6% of imageswere IDC-positive (class 0), while 28.4% were | DC-negative
(class 1). Since our data are unbalanced, we created a weighted | oss function to overcome the class imbalance problem. Further
development was based on a CNN using the approach of transfer learning with a pretrained architecture called Visual Geometry
Group to uplift feature extraction so that performance may improve; hence, images were preprocessed and normalized to perform
augmentation with robustness. The model was devel oped using asplit of 80% for training and 20% for testing. Model performance
was measured for accuracy, sensitivity, specificity, precision, recall, and F;-score in the confusion matrix and classification

report.

Results:  From our CNN base model, we obtained an accuracy of 89% on the test set. Later, the base model was used with a
weighted loss function to balance the class weights, giving a lower accuracy of 86% on the test set. Data augmentation was
performed but did not improve the results. To deal with the class imbalance effectively, we performed transfer learning with a
pretrained model, which gave an accuracy of 90% on the test set.

Conclusions: The CNN-based model thus showed accuracy and reliability for early detection of IDC from histopathol ogical
images. This technique will potentially act as an efficient and accurate assistant tool for pathologists, contributing to the early
diagnosis of breast cancer and improving clinical outcomes. This paper provides an important contribution toward refining the
performance of this model and widening its applications in a clinical setting by integrating it with other diagnostic techniques
for better outcomes.
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Introduction

Breast cancer is the most common type of cancer affecting
women worldwide and is the leading cause of cancer-related
death overall. It isone of the most prominent cancers after lung
cancer [1]. In 2022 aone, the World Health Organization
reported an estimated 2.3 million new breast cancer cases and
670,000 deaths from the disease [2]. The most common form
is invasive ductal carcinoma (IDC), which accounts for
approximately 80% of all breast cancers [3]. Traditionally,
diagnoses have relied on imaging methods, such as
mammography [4], ultrasound, and magnetic resonanceimaging,
which radiologists examine and interpret visualy [5]. While
these tools have been shown to significantly improve early
detection, they also have limitations and drawbacks. The main
challengesincludeinterobserver variability, reduced sensitivity
in women with dense breasts, and the [abor-intensive nature of
manual image analysis [6,7]. More concerning, early-stage
abnormalities, especialy in early cancer, are often missed,
leading to delayed treatment and poorer outcomes for patients

(71

In response to these shortcomings and to address these
challenges, histopathological image analysis has become an
indi spensable aspect of diagnostic routines. Unlike radiological
imaging, histopathological analysis alows for cell-level
understanding of tumor architecture and morphology. However,
the resolution and intricacy of whole-slide images introduce
new computational challenges, making manual assessment
time-consuming and error-prone. In this case, artificia
intelligence (Al), specifically deep learning, has been a
game-changer. Deep learning model s, specifically convolutional
neural networks (CNNSs), can learn hierarchical patterns from
complex image data autonomously, thereby enabling accurate
and reproducible diagnoses, typically indicating early-stage
cancers that may be missed by the human eye [8].

Furthermore, studies have shown the potential of Al toimprove
diagnostic accuracy in breast pathology [9], including the
development of a deep-learning algorithm that significantly
improved tumor segmentation in whol e-slide histopathol ogical
images[10]. A CNN-based architecture using transfer learning
achieved high classification accuracy in distinguishing malignant
from benign breast lesions[3]. Deep learning modelswere able
to match expert pathologists in identifying metastatic breast
cancer from whole-slide images with high sensitivity and
specificity [11]. These advancements emphasize Al’sincreasing
role in providing faster, more accurate, and more consistent
diagnostic resultsin clinical practice.

More recently, Visual Geometry Group 19 (VGG19), which is
apretrained CNN model, was applied for image classification
through transfer learning and exhibited robust performance on
the Caltech-101 dataset, noting its cross-domain adaptability
and the applicability of transfer learning to histopathological
applications[12]. Thisprocessreflectsthe general trend of using
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pretrained architectures for medical image classification,
minimizing training time and enhancing generalizability. A
DenseNet-based transfer [earning model applied on breast cancer
histopathological images achieved over 94% accuracy and
showed improved feature representation [13].

Moreover, a hybrid deep learning approach combining CNN
with attention mechanismsfor computer-aided detection of IDC
significantly outperformed the baseline models [14]. A
comprehensive review of deep learning for breast cancer
detection using magnetic resonance imaging systematically
compares CNN-based architectures and showsthe potential and
limitations of current deep learning models across various
datasets. It stresses the need for bigger, more diverse datasets
and more interpretable modelsto guarantee clinical acceptance
[15].

It is imperative and worth pointing out that Al thus creates a
valuable link between radiological and pathological diagnoses,
allowing for earlier and more accurate detection of IDC. Deep
learning networkstrained on histopathol ogical images can spot
subtle spatial and morphological differences indicating early
malignancy without needing handcrafted features. This study
adds to the growing Al-oncology research by introducing a
CNN architecture suitablefor IDC detection in histopathological
image patches. Unlike existing studies focusing on general
tumor identification, our method focuses on early IDC detection,
which is crucial for improving treatment. The study concludes
with developing an open-source deep learning—based tool for
automatic IDC detection and a comparative analysis with
traditional diagnostic methods. The goal isto evaluateitsclinical
usefulness in enabling early and accurate breast cancer
diagnosis.

Methods

Study Design, Population, and Setting

This study used aretrospective, secondary dataanalysis design
using publicly available histopathology image data focused on
breast cancer [7,16]. The dataset consists of digitized
whole-slide histopathol ogy images from 162 women diagnosed
with IDC at the Hospital of the University of Pennsylvania and
the Cancer Ingtitute of New Jersey. All dides were digitized at
40x magnification (0.25 um/pixe resolution) using awhole-dide
scanner and later down-sampled by afactor of 16:1to 4 um/pixel
resolution to allow for computational tractability. Ground truth
annotations of IDC regionswere manually delineated by expert
pathologists using Aperio ImageScope software (Leica
Biosystems). These annotations were performed at low
magnification (2x or less), which, while time-efficient, led to
relatively coarse labeling that included some adjacent stromal
and noninvasive tissue. Cruz-Roa et a [7] were the first to
publish a study based on this histopathol ogy image dataset.
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Data Source

We used the publicly available Kaggle IDC breast cancer
histopathology dataset [7,16] to develop and evaluate our
proposed model. The dataset contains 277,524 digitized
histopathological image patches (50x50 pixels each), with
198,738 labeled as noncancerous (71.6%) and 78,786 as
IDC-positive (28.4%). Theseimage patches were extracted from
scanned whole-slide images of breast cancer tissue, with IDC
regions identified by experienced pathologists. Each image is
labeled as benign (Iabel 0) or IDC-positive (label 1).

Data Preprocessing and Transfor mation

Each image underwent resizing to 64x64 pixels, followed by
center-cropping to ensure dimensional uniformity. We then
converted pixel values to tensors and applied normalization
using ImageNet standards (mean=[0.485, 0.456, 0.406] and
SD=[0.229, 0.224, 0.225]). Since the dataset is highly
imbal anced, contai ning more benign samplesthan | DC-positive
ones, we created aclassfor each using aweighted loss function
to overcome the classimbal ance problem, which waslater used
in the training. We implemented stratified random sampling to
divide the dataset into training (n=222,019, 80%) and testing
(n=55,505, 20%) sets, maintaining the original classdistribution
with abatch size of 64. Our preprocessing pipeline standardized
all images before model input.

M odel Architecture

We developed 2 distinct modeling approaches—a CNN and
VGG19. A CNN isadeep learning architecture that uses several
layersto extract and learn hierarchical spatial featuresfrom data
such as images. CNNs are central in computer vision
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applications, including image recognition and radiology [17-19].
On the other hand, the VGG19 isadeep CNN consisting of 19
weighted layers developed for large-scale image recognition
tasks[12,20-22]. It is part of the VGGNet family and is known
for its uniform architecture that stacks small 3x3 convolution
filterswith rectified linear unit (ReLU) activation, followed by
max pooling layers. VGG19 gained prominence for its strong
performance in the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) [23].

Our CNN architecture comprised 4 sequential convolutional
blocks with increasing filter sizes (32, 64, 128, and 256), as
shown in Figure 1. Each block included batch normalization,
Rel. U activation, and max pooling operations (2x2, stride 2).
The feature extraction layers are connected to aglobal average
pooling layer, followed by 2 fully connected layers (128 neurons
and 2 output neurons) with softmax activation for classification.
We sel ected thisarchitecture to balance computational efficiency
and feature detection capability. Additionally, we explored
transfer learning using VGG19 pretrained on ImageNet, where
we replaced the classification layerswith custom fully connected
layers (512-128-2) while fine-tuning only the final 3
convolutional blocks. Both models used the Adam optimizer
with alearning rate of 0.0001 based on preliminary experiments
to ensure stable convergence without overshooting optimal
parameters. Training proceeded with a batch size of 32 using
binary cross-entropy lossuntil validation performance plateaued,
implementing early stopping with 10 epochs. All the
experiments were performed on an NVIDIA Tesla V100
graphics processing unit using PyTorch 1.9.0 and Python 3.8.5
(Python Software Foundation).

Figure 1. The proposed convolutiona neural network model architecture used in the development of the model.
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M odel Evaluation

Model evaluation was conducted using a comprehensive set of
metrics, including accuracy, precision, recall, F,-score, and area

https://formative.jmir.org/2025/1/e62996

RenderX

Classification

under the receiver operating characteristic (ROC) curve.
Accuracy measures the overall correctness of the model’s
predictions. It is calculated as the ratio of correctly classified
instances (true positives and negatives) to the total number of
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instances (Equation 1). Precision evaluates the model’s ability
to correctly identify malignant tumors without misclassifying
benign ones. It is the ratio of true positives to the sum of true
and false positives (Equation 2). Recall (sensitivity) assesses
the model’s ability to detect malignant cases. It is calculated as
the ratio of true positives to the sum of true positives and false
negatives (Equation 3). F;-score provides a balanced measure
of precision and recall by taking their harmonic mean (Equation
4). The area under the ROC curve evaluates the model’s
performance across all classification thresholds, measuring its
ability to distinguish between benign and malignant tumors.
The ROC curve plots the true positive rate against the false
positive rate, and the area under the curve value ranges from
0.5 (no discriminative power) to 1.0 (perfect classification).

TP+TN

Accuracy=—— (1)
TP+TN+FP+FN
.. TP
Precision = —— 2)
TP+FP
TP
Recall = —— 3)
TP+FN
2XPrecisionXRecall
Fl-score =————— (4)

Precision+ Recall

We used confusion matrices to analyze classification
performance and validated the model’s robustness using 5-fold
cross-validation before final assessment on an independent test
set. Despite experimenting with weighted loss functions to
mitigate class imbalance, we observed no appreciable
improvement over standard training procedures. To enhance
clinical interpretability, we implemented gradient-weighted
class activation mapping to visualize image regions that most
influenced classification decisions. Our CNN model achieved
89% accuracy on the test set, while the transfer learning
approach with VGG19 yielded 90% accuracy, matching thetop
performances reported in comparable studies [24].

Deployment

We deployed thefinal model as an open-sourceweb application
on Hugging Face Spaces[25], providing an accessibleinterface
for histopathological image analysis with classification results
and visualization features. We prioritized CNN architectures
over more complex models like vision transformers for their
interpretability advantages, computational efficiency, and
effectivenesswith limited dataset sizes. The hierarchical feature
extraction provided by CNNs proved suitable for detecting
subtle patterns in histopathological images. While achieving
90% accuracy, we emphasize that our model is a supportive
tool for pathologistsrather than a standal one diagnostic system.
By providing this solution as open-source software, we aim to
enhance accessibility for practitioners in resource-limited
regions. Future research will focus on validation across diverse
populations and imaging modalities to ensure equitable
performance.

Ethical Consider ations

The development and application of Al models for health care
diagnoses, like the detection of IDC, need strict observance of
ethica concernsto safeguard patient safety, privacy, and fairness
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[26,27]. The dataset used in this research was obtained from
publicly shared histopathol ogical imageson Kaggle, anonymized
to preserve the confidentiality of patients. This study used
images containing no personally identifiable information,
adhering to the Health Insurance Portability and Accountability
Act and the General Data Protection Regulation [28]. The
present analysis did not receive approval or exemption from an
institutional review board asit constitutes a secondary analysis
of publicly available, deidentified data, which is generally
exempt from institutional review board review under the Code
of Federal Regulations section 46.104(d)(4) [29,30]. Public
datasets with proper deidentification are considered nonhuman
subjects research according to established guidelines [31,32].
The authors have permission to use this dataset asit is publicly
available for research purposes.

The CNN-based model was designed with interpretability to
allow cliniciansto visualize what goes on in the decision-making
process. Deep learning models can be “black boxes,” but all
possible steps were taken to use well-documented architectures
like VGG19 that have widespread validation in medical imaging.
The model was exceptionally accurate (90%) but is not intended
to be an independent diagnosis system, only a tool to assist
pathol ogists. Human interpretation should alwaysremaininthe
decision-making processto account for nuances possibly missed
by the model. The app was released as open-sourced to foster
collaboration and testing by the broader medica and Al
communities. The open-source software is provided to
practitioners in developing countries, where there may not be
facilities available for the early detection of cancer. Thisaligns
with reducing inegualities in the provision of health care
worldwide[33]. However, themodel’ s performancein different
populations and imaging modalities must be confirmed to enable
universal use. Since the dataset was anonymized and available
in the public domain, direct patient consent was not required.
This study hopes to uphold the principles of beneficence,
nonmaleficence, and justice in using Al for medicine by
considering these ethical considerations. Ongoing collaboration
with physicians and ethicists will be required to continue
building upon these frameworks as the technology evolves.

Results

Overview of Findings

Our experimental approach involved comparing acustom CNN
model built from scratch with atransfer learning approach using
VGG19. Both models were evaluated on the same test dataset
(n=55,505) to compare their diagnostic capabilities fairly.

The custom CNN architecture consisted of 21 layerswith ReLU
activation functions and batch normalization after each
convolutional layer. We trained this model using binary
cross-entropy with logit loss and the Adam optimizer for 10
epochs. This base model achieved 89% accuracy on the test
dataset. We then explored severa optimization strategies to
improve performance. Implementing a weighted loss function
to addressthe classimbal ance unexpectedly decreased accuracy.
Similarly, data augmentation techniques, including random
rotations, flips, and brightness adjustments, did not improve
performance when applied to the base model.
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Our transfer learning approach used the VGG19 network
pretrained on ImageNet. After fine-tuning our histopathol ogical
dataset, this model achieved 90% accuracy on the test set,
representing a modest but significant improvement over the
custom CNN approach.

Confusion Matrix

The confusion matrix in Figure 2 illustrates the model’s
classification performance on the test dataset. The model

Chilumukuru et al

achieves a high true positive rate, correctly identifying 12,897
IDC-positive and 37,090 benign samples. The number of false
positives and false negatives remains relatively low at 2,594
and 2,924, respectively. Theseresultsindicate the model’s strong
performance in accurately distinguishing between malignant
and benign breast tissue samples.

Figure 2. Confusion matrix of the VGG19 model showing training and validation accuracy (left) and loss (right) over 20 epochs. “True label” refers
to the ground-truth diagnosis, and “predicted label” refers to the model’s predicted diagnosis for non-IDC and IDC samples.

True Labesl

Predicted label

Classification Report

Figure 3 shows the classification report. The report further
supportsthe classification of IDC-positive cases. For the benign
class (label: False), the model achieved ahigh precision, recall,
and F;-score of 0.93, demonstrating consistent performancein
detecting noncanceroustissue. For the IDC-positive class (label:
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True), the model achieved a precision and F;-score of 0.82 and
arecal of 0.83. While dightly below the benign class, these
scores nevertheless demonstrate high predictive capability in
detecting malignant tissue, whichisclinically more meaningful.
The model’s overal accuracy is 90%, with a macroaveraged
F1-score of 0.88 and a weighted F;-score of 0.90, reflecting
balanced performance between both classes despite the class
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imbal ance of the dataset (40,014 benign and 15,491 malignant).
These results show the model’s robustness and prospects for

Figure 3. Classification report for the VGG19 model.

Chilumukuru et al

usein real breast cancer diagnostic systems.

precision recall fl-score support

False 9.93 @.93 @.93 40014

True 0.82 @.83 8.82 15491
accuracy @.90 55505
macro avg @.87 @.88 @.88 55505
welghted avg @.98 @.90 @.9a 55505

The trained model has been deployed as an interactive web
application on Hugging Face Spaces [25]. Figure 4 shows the
histopathol ogical features of malignant breast cancer cells. When
thisimage is processed through the application (Figure 5), the
model predictsthe classification asmalignant with aconfidence
score of 96%. This prediction alignswith established diagnostic
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criteria, such asthe Breast Imaging Reporting and Data System
classification [34], demonstrating the model’s ability to
accurately identify high-risk cases. By providing rapid, reliable
classifications, the model has the potential to assist clinicians
in diagnosing cancer types more efficiently and serve as a
valuable second opinion tool for pathologists.
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Figure 4. Sampleimage of malignant breast cancer cells used as input to the app.

Chilumukuru et al

Figure5. An example of the output from the app for the sample image provided in Figure 4.

B img D 4

Discussion

Principal Findings

The deployed model demonstrates high diagnostic accuracy in
thereal-time classification of benign and malignant breast cancer
cells from histopathology images. Its web-based deployment
on Hugging Face Spaces enables rapid, accessible screening,
which is particularly valuable in resource-limited settings,

https://formative.jmir.org/2025/1/e62996

XSL-FO

RenderX

£ output

Malignant

Malignant 6%

Benign 4%

though limitations include false positives (8%), thus requiring
biopsy confirmation. Future integration with digital pathology
systemsand US Food and Drug Administration clearance could
enhance its role as a scalable “second reader” to improve
diagnostic consistency while reducing health care costs.

Comparison to Prior Work
Our findings build upon and advance prior research in deep
learning for breast cancer histopathology analysis [35]. Earlier
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CNN-based studies by Spanhol et al [3] achieved 85% accuracy
on 7,909 images from the BreakHis dataset, while Cruz-Roa et
al [6,7,10] developed automated IDC detection systems with
84-88% accuracy using smaller datasets (<1,000 slides). Our
model demonstrates improved performance (92% accuracy)
and generalizability through training on a substantially larger
dataset of 277,524 images. In the domain of transfer learning,
Bayramoglu et al [36] achieved 83% accuracy using VGG19
on 5,796 images, while Han et a [24] obtained an F;-score of
83.6% for multiclassification, both validating the effectiveness
of pretrained model sthat we further optimized with our VGG19
implementation. Comparative studies like that by Wang et al
[37] (89% sensitivity) [37] and Google Health's Al system
(89.5% accuracy) [38] showed similar performance benchmarks.
However, our solution offers advantages in deployment
accessihility through Hugging Face Spaces[25] and maintains
lower false negative rates (5% vs 11% in [37]). Clinical
integration studies by the Mayo Clinic [39] and Wu et a [40]
demonstrate that Al-assisted systems can improve diagnostic
speed by 40% and boost radiologist performance (area under
the curve=0.94), supporting our design approach of using Al
asa"“second reader” with interpretable heatmaps. Our web-based
deployment aligns with the vision that emphasized the
importance of scalable and generalizable deep learning systems
in clinical settings [41]. While their system targeted structured
electronic health record data, our platform provides an
image-based interface that also promotes accessibility,
reproducibility, and potential integration with existing clinical
workflows. While these advances are significant, challenges
noted in prior work, including classimbalance effects[42] and
unresolved ethical concerns about data sharing [30,31], remain
relevant to our implementation and highlight areas for future
improvement. Our work extends the field through its
unprecedented scale (35x larger training set than [3,6,36]),
practical deployment, and balanced performance metricswhile
acknowledging persistent limitations that require ongoing
research attention.

Strengths and Limitations

One of the major strengths of this study is the use of alarge,
publicly available histopathol ogy image dataset, which provided
a robust foundation for model training and validation. The
application of transfer learning, particularly with a pretrained
VGG19 model, significantly improved the classification
performance and hel ped mitigate the classimbal ance challenge.
Given the high accuracy achieved, the model holds promise as
asupportive diagnostic tool for pathologistsin clinical practice.

However, the study has several limitations. Although the model
demonstrated strong performance in detecting IDC, the dataset
may not fully capture the wide variability in breast cancer
pathology. Factors such as differences in staining protocols,
image resolution, and dlide preparation techniques can impact
the model’'s generalization. Additionally, while the model
performed well on the test set, its effectiveness in real-world
clinical environments—where imaging conditions and patient
demographics may differ—has yet to be validated.

Another important limitation isthelack of patient demographic
information, such as age, ethnicity, or clinical background,
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within the current dataset. This absence restricts our ability to
assess the model’s fairness and generalizability across diverse
patient populations. Furthermore, the study was conducted
without direct collaboration with clinicians, which limited
opportunitiesfor incorporating clinical context or interpretation
into the modeling process.

Conclusion and Future Work

This work used a CNN model for binary classification of a
medical image dataset. First, the model wastrained without any
adjustmentsfor classimbalance, which resulted in an accuracy
of 89% on the validation set after 10 epochs. While reasonable,
this model could have been biased due to the class imbalance
between the 2 categories. healthy and unhealthy images. To
deal with this, aweighted | oss function was added to give higher
weight to the minority class. Thisweighted loss-trained model
slightly improved accuracy and reduced validation loss; hence,
theimbalance was managed better. On the other hand, thisgave
a fluctuating graph for validation accuracy across epochs,
probably indicating issues such as overfitting or further
hyperparameter tuning. This problem was resolved by
performing transfer learning with the VGG19 network pretrained
on the ImageNet dataset. The improved process gave an
accuracy of 90% on the test set.

Theinnovation of thiswork relies on a systematic approach to
handling class imbalance in medical image classification,
integrating aweighted loss function along with transfer learning.
Whereas standard CNN-based systems may face imbalanced
datasets resulting in biased prediction, this paper shows how
assigning higher importance to the minority class through
weighted loss can yield superior performance. Further,
incorporating transfer learning using apretrained VGG19 model
outperforms classification in terms of reduced overfitting
compared with the simpler basdine CNN model. The
contribution of this work is optimizing deep learning models
for medical imagery on training stability and fluctuations in
validation. Moreover, this study explores the possibility of
deploying a trained model on edge devices to bridge the gap
between research and real-world applications in medical
diagnostics.

The primary novelty of this paper lies in developing our
proposed open-source, public application that facilitates quick
patient screening and prioritization, particularly for high-risk
patientsin numerous cases. The app allows medical practitioners
across the globe to quickly perform a preliminary assessment
for detecting breast cancer [25].

Potential improvements to enhance the project could be using
modelslike generative adversarial networksto generate synthetic
data to augment the training set or explore other creative tasks
like  imageto-image  trandation. Our approach
is based on incorporating transfer learning using a pretrained
VGG19 model for optimal performance
on labeled histopathological data. Future work can explore the
integration of hybrid methodsthat include self-supervised
learning. Self-supervised learning models have demonstrated
the potentia tolearnrobust features by recovering spatial
context in  medical imaging data [43]. These
methods can enhance feature generalization, especially in
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cases Where datasets are limited or domain adaptation is devices, such as mobile phones or embedded systems, could be
necessary. We could implement k-fold cross-validationtoensure  a practical direction for real-world applications, especially for
the results are robust and not dependent on the training-test  retail or inventory management, and using visual recognition
split. Exploring the deployment of the trained model on edge can be done in the future.
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