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Abstract

Breast cancer is one of the most prevalent and
life-threatening diseases among women worldwide.
Accurate diagnosis from histopathological biopsy
samples is essential, yet manual examination is
time-consuming and subject to inter-observer
variability, particularly given the shortage of
trained pathologists alongside the increasing
number of cases. Deep learning, especially
Convolutional Neural Networks (CNNs), has
emerged as a powerful tool for classifying
medical images by automatically extracting
discriminative features from raw data. In this study,
we investigate the use of the publicly available
Breast Cancer Histopathological (BreakHis)
image database, which contains benign and
malignant samples across multiple magnifications.
Our proposed approach extracts isolated image
patches, applies CNN-based feature learning
and integrates multi-resolution information to
improve classification performance. To enhance
generalization under limited data, we adopt transfer
learning with optimized fine-tuning. Experiments
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implemented in MATLAB demonstrate that our
CNN-based framework achieves higher accuracy
than traditional machine learning approaches
relying on handcrafted texture descriptors. These
findings highlight the potential of CNNs, combined
with patch-based multi-resolution analysis, to
support pathologists in reliable and efficient breast
cancer diagnosis.

Keywords: breast cancer detection, tissue pathological
images, benign and malignant images, deep learning,
transfer learning, AlexNet, CNN.

1 Introduction

Breast cancer is the most commonly diagnosed
cancer in women worldwide and remains a leading
cause of cancer mortality [1]. In 2022, the World
Health Organization (WHO) reported approximately
2.3 million new cases and 670,000 deaths globally,
highlighting the urgent need for early and reliable
diagnostic solutions [1, 2]. Despite advances in
screening and treatment, disparities in outcomes
persist across populations and regions [3].
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staining remains the gold standard for tumor
assessment. However, manual slide examination
is time-consuming and subject to inter-observer
variability [4]. To address these limitations,
computational ~ pathology—particularly  deep
learning—has emerged as a transformative approach.
Recent surveys (2024-2025) emphasize a shift from
conventional CNNs toward weakly supervised
multiple-instance learning (MIL), transformer-based
models, and self-supervised pretraining, reflecting
a growing focus on scalability, generalization, and
clinical integration.

Among available benchmarks, the BreakHis dataset,
comprising 7,909 breast tumor images across
four magnifications, has become a cornerstone
for algorithm development and reproducible
evaluation [5]. Studies on BreakHis consistently
report high performance with modern CNN and
transformer pipelines, but they also expose persisting
challenges in robustness, interpretability, and
adaptation across diverse clinical settings [6].

Methodologically, Vision Transformers (ViTs) and MIL
frameworks are reshaping slide-level classification by
capturing long-range dependencies and contextual
tissue features [7]. Self-supervised pretraining on
large histology corpora has further reduced annotation
needs while improving generalization across staining
protocols and institutions [8]. Nonetheless, practical
deployment faces barriers: overfitting due to limited
data, domain shifts from scanner or stain variability,
and limited explainability of model decisions. Current
research therefore emphasizes stain normalization,
domain adaptation, and explainable AI (XAI)
techniques such as CAM and Grad-CAM to enhance
model reliability and clinical trust.

The key contributions of this work are summarized as
follows:

e Introduce an image-patch extraction and
aggregation strategy that captures fine-grained
tissue details across multiple magnifications.

e Developed and evaluated a CNN architecture
tailored for breast cancer histopathological
images, enabling robust benign/malignant
distinction.

e Applied transfer learning techniques to improve
performance on relatively small medical datasets,
enhancing generalization and stability.

e Conducted experiments on the BreakHis dataset,

demonstrating superior accuracy compared to
traditional handcrafted texture descriptors.

e Design a framework that complements
pathologists by reducing diagnostic workload,
increasing reproducibility, and providing scalable
computer-aided decision support.

The remainder of the article is organized as follows:
Section 2 summarizes the pertinent histology imaging
literature for breast cancer and discusses future
directions. Section 3 discusses the suggested method’s
mechanism in detail. = Section 4 delves deeply
into the experiment’s outcomes. Finally, Section
5 summarizing the article with suggestions and
conclusions.

2 Literature Review

This section summarizes related work in
histopathology image classification, outlines key
challenges, and reviews methods proposed to improve
accuracy and robustness, which are described in the
next sections. These studies looked into a variety
of cognitive difficulties and came up with solutions.
To reduce mistakes in histopathological imaging,
a variety of feature extraction algorithms are used.
These studies show how a variety of tactics can be
used to reduce errors and enhance accuracy.

2.1 Foundations of Deep Learning in Medical
Imaging

The rapid advancement of deep learning and CNNs
has transformed medical image analysis. Early
foundational contributions in neural networks and
representation learning provided the theoretical
backbone for these advances [6, 7, 17, 21, 29-31, 39].
CNNs were initially validated on large-scale
benchmarks such as ImageNet [28], which
demonstrated their ability to learn hierarchical
features and set the stage for medical adaptation.

2.2 Traditional Histopathology and Imaging
Techniques
Histopathological ~workflows rely on H&E

staining [15] and fine-needle biopsy microscopy [27].
Early CAD systems for histology used texture
descriptors, dictionary learning, and handcrafted
features [9, 19, 25, 27, 51]. These methods achieved
moderate success but lacked robustness across
magnifications and staining conditions.
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Table 1. Summary of related studies in histopathology image classification.

Study / Year Dataset(s) Method/Architecture  Key Findings Limitations / Gap
Aratjo et al. [3] BreakHis Patch-based CNN Demonstrated  early Limited generalization;
CNN success in binary patch-only focus
classification
Spanhol et al. [46] BreakHis CNN with Improved Still sensitive to stain/scanner
magnification reproducibility across variation
awareness magnifications
Bardou et al. [5] BreakHis Optimized CNN Higher accuracy vs. Lacked robustness and
early CNNs interpretability
Aguerchi et al. [1] BreakHis CNN + Particle Swarm Improved Computationally intensive
Optimization hyperparameter tuning
Ashour et al. [4] BreakHis Non-overlapping patch Reduced redundancy in Risk of missing contextual
CNN training info
Kollem et al. [26] BreakHis Lipschitz-based Improved feature Complex pipeline; limited
augmentation + RFE robustness scalability
Liu et al. [33] BreakHis CNN-PCFF Achieved better feature Dataset-specific tuning
(kernel-based variant)  selection
Kaddes et al. [23] Histopathology CNN + LSTM hybrid =~ Captured Overfitting risk on small data
temporal/sequence
patterns
Mannarsamy et al. [34] Histopathology SIFT + CNN Combined handcrafted Integration complexity
& learned features
Nguyen et al. [38] Thermography CNN optimization Enhanced detection in Domain-specific, limited
thermography images  generalization
Alshdaifat et al. [2] Ultrasound CNN + Transformer Improved multimodal Needs larger training data
detection
Zeynali et al. [56] Histopathology Xception + Transformer Stronger feature Transformer training cost
representation
Sreelekshmi et al. [48] Histopathology SwinCNN (CNN + Captured long-range Computationally heavy
Swin Transformer) tissue context
Saifullah et al. [42] Histopathology CNN-based Enhanced region-level Limited explainability
segmentation + analysis
classification
Salh et al. [43] MRI Mask R-CNN  Improved tumor Not histology-focused
(Detectron2) detection in MRI
Sengodan [44] BreakHis CBAM-EfficientNetV2  Attention-enhanced Requires high compute
classification
Wang et al. [54] Mammography + Ultrasound Multimodal CNN Improved diagnostic Limited datasets
fusion accuracy
Duodu et al. [14] IoT-enabled CNN + IoI' for Demonstrated remote Early stage; real-world
Telehealth detection feasibility validation needed
Sureshkumar et al. [49] Histopathology CNN +  Extreme Lightweight Limited scalability to WSIs
Learning Machine deployment
Wahed et al. [53] Multiple Global review of CNN  Synthesized key Survey only, no experiments

trends

research progress

2.3 Benchmark Datasets

performance with optimized architectures.

Later

The BreakHis dataset remains the cornerstone for
histopathology classification, providing 7,909 benign
and malignant images across four magnifications [47].
It enabled reproducibility for CNN-based studies such
as Aradjo et al. [3], Spanhol et al. [46], and Bardou et
al. [5]. Other datasets, such as mammography [22],
ultrasound [32], MRI, and thermography, also support
multimodal breast cancer detection [2, 16, 36, 38, 54].

2.4 CNN-based Histopathology Classification

CNNs have been the dominant approach for
breast cancer classification. Aragjo et al. [3] and
Spanhol et al. [46] demonstrated early success using
patch-based CNNs, while Bardou et al. [5] extended
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works explored transfer learning [13, 24, 50, 52],
integrating pre-trained CNNs and global pooling.
Optimization strategies have also been explored:
Aguerchietal. [1] applied particle swarm optimization
to tune CNN hyperparameters, while Ashour et al. [4]
proposed a non-overlapping patch-based CNN.
Kollem et al. [26] introduced Lipschitz-based
augmentation with recursive feature elimination,
and Liu et al. [33] developed an embedded kernel
CNN-PCFF algorithm.

2.5 Hybrid CNN Architectures

Hybrid architectures combine CNNs with additional
modules for improved feature extraction.  For
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instance, Yan et al. [55] proposed a hybrid deep
neural network that integrates multiple CNN feature
extractors on the BreakHis dataset, achieving robust
classification performance. Kaddes et al. [23]
integrated CNNs with LSTMs, while Mannarsamy
et al. [34] fused SIFT descriptors with CNNs.
Nguyen Chi et al. [38] optimized CNN features
for thermography-based detection, and Pandey et
al. [40] proposed hybrid deep CNNs (BCCHI-HCNN).
Transformer-based hybrids are also gaining attention.
Alshdaifat et al. [2] proposed a CNN-transformer
framework on ultrasound, while Zeynali et al. [56]
integrated transformers with Xception-based features.
Similarly, Sreelekshmi et al. [48] introduced SwinCNN,
combining CNNs with Swin transformers.

2.6 Advanced CNN Variants and Novel Models

Specialized CNN variants include fuzzy scoring
ResNet CNNs [18], local binary pattern + CNN
hybrids [20], YOLO-based multi-scale CNNs [35],
and multitask CNNs for near-infrared imaging [36].
Saifullah and Drezewski [42] enhanced segmentation
and classification, while Salh et al. [43] leveraged
Mask R-CNN with Detectron2 for MRI detection.
Recent high-performing models include Sengodan’s
CBAM-EfficientNetV2 [44], Simonyan et al’s
CNN-based histopathology framework [45], and
Gil's CNN with LBP-enhanced texture learning [20].

2.7 Multimodal and Cross-Modality Fusion

Integration across imaging modalities improves
diagnostic accuracy. = Wang et al. [54] fused
mammography and ultrasound using CNNs, while
Guan et al. [19] explored multi-resolution fusion.
Cross-modality and feature-level fusion approaches
demonstrate strong potential for clinical applications.

2.8 IoT, Telehealth, and Real-time Applications

Breast cancer detection is also advancing in real-time
and remote healthcare settings. Duodu et al. [14]
integrated Iol and CNNss for telehealth automation,
while Momtahen et al. [36] proposed a multitask CNN
for real-time near-infrared probes.

2.9 Reviews and Surveys

Several reviews highlight research trends. Nahid et
al. [37] surveyed ML methods for histopathology,
while Priya et al. [41] focused on deep learning. Wahed
et al. [53] presented a global analysis of CNN research
trends, and Bosnacki et al. [10] discussed CNNs in
histopathology pipelines. Boyle et al. [11] provided

the World Cancer Report, framing the public health
context.

2.10 Explainability and Future Perspectives

Recent works emphasize interpretability and efficiency.
For instance, Vesal et al. [50] and Wahab et al. [52]
highlighted transfer learning’s role in reducing data
dependency, while Sureshkumar et al. [49] combined
CNNs with extreme learning machines for lightweight
deployment. = Future work is oriented toward
multimodal CNN-transformer hybrids, IoI-enabled
frameworks, and explainable Al for clinical trust [14,
41, 53]. Table 1 presents a summary of the reviewed
literature with limitations and gap.

3 Proposed Methodology

This research presents an advanced image
classification framework for detecting atypical breast
histopathological patterns within the BreakHis dataset.
The methodology integrates data preprocessing,
feature extraction, transfer learning, deep learning
optimization, and evaluation into a cohesive
experimental workflow. Each step is systematically
designed to establish conceptual connectedness
and scientific rigor, ensuring reproducibility and
alignment with standard research foundations.
Figure 1 presents the overall structure of the proposed
system.

3.1 Dataset Description

The study employs the BreakHis v1.0 dataset, a
well-established public collection of breast tumor
histopathological images. The dataset comprises
7,909 H&E-stained microscopic images obtained from
82 patients, distributed across four magnification
levels: 40x, 100x, 200x, and 400x. It contains 2,480
benign and 5,429 malignant images, each representing
a wide range of morphological variations. The
detailed distribution across different magnification
levels is presented in Table 2. To ensure reliable
model evaluation, patient-level data partitioning was
employed to prevent information leakage. The
dataset was divided into 70% for training, 15% for
validation, and 15% for testing, while maintaining
proportional representation from all magnification
levels. This strategy ensured fair assessment and
prevented overfitting to any specific patient or class
distribution. Each tumor class was further categorized
into specific histological subtypes for more granular
analysis:

e Benign Tumors: Adenosis (A), Fibroadenoma (F),
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Figure 1. Workflow architecture of proposed breast cancer image classification framework.

Phyllodes Tumor (PT), and Tubular Adenoma
(TA).

e Malignant Tumors: Ductal Carcinoma (DC),
Lobular Carcinoma (LC), Mucinous Carcinoma
(MC), and Papillary Carcinoma (PC).

This classification provides a comprehensive
representation of diverse tissue morphologies and
supports clinically meaningful diagnosis.

Table 2. Structure of the BreakHis v1.0 dataset.

Magnification Benign Malignant Total
40x 652 1,370 1,995
100x 644 1,437 2,081
200x 623 1,390 2,013
400x 588 1,232 1,820
Total 2,480 5,429 7,909

The dataset’s multi-magnification structure allows
analysis of scale-invariant and resolution-dependent
features, which are crucial for accurate
histopathological interpretation.

3.2 Preprocessing and Patch Generation

Preprocessing is a crucial step that ensures consistency,
reduces noise, and normalizes color intensity across
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samples. Histopathology images often suffer from
illumination inconsistencies, staining variations,
and background artifacts, all of which can degrade
classifier performance. Initially, Gaussian denoising
was applied to eliminate random noise while
retaining cellular details. Next, color normalization
was performed using Reinhard’s method to align
color distributions across samples, minimizing
discrepancies caused by laboratory staining variations.
Original images (700x460 pixels) were divided
into smaller patches of 224x224 pixels using a
sliding-window technique with a stride of 8 pixels.
This ensures dense coverage of the entire tissue
sample and preserves local morphological structures.
Features such as handcrafted descriptors, textures,
and color attributes have been shown to assist in
medical image analysis, particularly for breast cancer
detection. Mathematical representations are essential
in formalizing these tasks, as shown in Equation (1).

n

1
Zl'i:ﬁ($1+"‘+mn)

=0

(1)

S]]

1
n

where n represents the total number of data
points. Transfer learning is widely used in this
setting: the weights learned from one type of image



ICOK

Biomedical Informatics and Smart Healthcare

Patch Extraction from Histopatholog

R

224x224 Patch
(Stride = 8)

400
300

200

Height (pixels)

100

200

y Image
TR

700

400
Width (pixels)

Figure 2. Patch extraction and preprocessing pipeline.

dataset are reused and adapted for new image
classification problems. In artificial neural networks
(ANNSs), backpropagation computes gradients to
update weights. Historically, training instabilities
(e.g., vanishing/exploding gradients) were common
but are now mitigated by modern optimizers and
normalization. When output discrepancies were
propagated through the network, but such issues
have become less common with modern training
strategies. Two dataset configurations were evaluated
for experimental validation:

1. Case 1: 60% training, 10% validation, 30% testing
2. Case 2: 70% training, 30% testing

This patch-based approach not only increases dataset
size but also enhances the model’s capacity to learn
micro-level patterns such as nuclear pleomorphism,
mitotic figures, and tissue boundaries (see Figure 2).

3.3 CNN-Based Feature Extraction

CNN s form the foundation of the feature extraction
process. CNNs are capable of learning hierarchical and

discriminative representations of visual data, making
them suitable for histopathological image analysis.
The proposed CNN architecture consists of several
sequential components:

1. Input Layer: Receives 224x224x3 RGB images and
standardizes pixel intensities.

2. Convolutional Layers: Three convolutional stages
are implemented. The first two stages use 32
filters (5x5 kernel), while the third uses 64 filters
initialized via Gaussian distribution. These layers
detect cellular boundaries, nuclei shapes, and
tissue textures.

3. Pooling Layers: 3x3 max pooling is applied after
each convolution stage to reduce dimensionality
and increase translational invariance.

4. Activation Function: The Rectified Linear Unit
(ReLU), defined as f(x) = maz(0, z), introduces
nonlinearity, facilitating complex pattern learning
and mitigating vanishing gradients.

5. Fully Connected Layers: Flattened feature
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maps are passed through dense layers that
integrate spatial features into high-level semantic
representations.

6. Softmax Layer: Outputs class probabilities,
mapping the learned features into binary or
multi-class labels.

This deep feature extraction ensures that both
low-level (texture, color) and high-level (shape,
structural arrangement) characteristics are represented
effectively (see Figure 3).

3.4 Classification Strategy and Model Integration

Following feature extraction, each image patch is
independently classified as benign or malignant.
To obtain image-level and patient-level decisions,
ensemble aggregation via majority voting is applied.
This method reduces random prediction errors
and improves stability across test samples. The
classification workflow includes five systematic
phases:

1. Data Acquisition: Collecting and organizing
histopathological images.

2. Preprocessing: Denoising, normalization, and
patch generation.

3. Feature Extraction: Hierarchical CNN feature
learning.

4. Classification: Applying learned features to
categorize images.

5. Evaluation: Quantitative
established metrics.

analysis using

The conceptual flow ensures that each stage logically
builds upon the previous one, forming a coherent
research design grounded in image analysis theory.
Figure 4 presents the integrated classification system
and decision-making framework.

3.5 Transfer Learning Using AlexNet

To enhance feature generalization and minimize
training time, transfer learning was adopted using
the AlexNet architecture pre-trained on the large-scale
ImageNet dataset. This model provides robust
low-level feature extractors (e.g., edges, curves, color
gradients) that can be fine-tuned for medical imaging
tasks. In this study, the earlier layers of AlexNet were
frozen to retain general image representations, while
deeper layers were retrained using BreakHis data.
This selective fine-tuning allowed adaptation to the
domain-specific histopathological textures, optimizing
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Figure 3. CNN architecture employed for feature extraction.

classification accuracy while reducing the risk of
overfitting. Transfer learning bridges the gap between
limited medical data and large-scale computer vision
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Figure 5. Layered CNN feature extraction and optimization flow.

datasets, providing a strong research foundation for
model adaptability and reusability.

3.6 Deep Learning Optimization and Training
Strategy

The CNN and transfer learning models were trained
using stochastic gradient descent (SGD) with an
initial learning rate of 10 and momentum of 0.9.
The learning rate was gradually increased during
early epochs to ensure stable convergence. Each
image generated approximately 30 overlapping
patches, substantially expanding the training dataset
and improving generalization. Batch normalization
was applied after each convolutional layer to
stabilize gradient flow, and dropout regularization
prevented overfitting by randomly deactivating
neurons during training. The model optimization
involved iterative fine-tuning and validation to ensure
convergence with minimal loss. By employing a
hierarchical representation of features, the system

effectively captured multi-scale patterns inherent in
histopathology images.

As shown in Figure 5, the CNN architecture is
composed of multiple stages of feature extraction,
while Figure 6 illustrates the proposed algorithm flow
and batch processing.

Previous studies [13] showed that resizing and
sampling images specifically reducing them to 700 x
460 pixels and applying sliding windows with 50-pixel
overlap yielded strong performance. Windows of
size 224 x 224 were particularly effective. These
overlapping patches provided stable training samples,
enabling robust learning across image variations. A
total of 30 image patches were extracted per input,
ensuring sufficient diversity. Training optimization
was performed using stochastic gradient descent
(SGD), beginning with a learning rate of 1079,
momentum of 0.9, and gradually increasing until
convergence. Image normalization was applied by
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Figure 6. (a) Proposed system algorithm flowchart; (b) Effect of batch size on model performance.

subtracting the mean pixel values of each channel to
ensure consistency. Pooling layers stabilized feature
maps, making the extracted representations more
robust and invariant to variations in illumination and
tissue orientation.

3.7 Evaluation Measures

The effectiveness of the model was assessed using
patient-level, global, and image-level recognition rates.
Let patient p have n, images, and let ¢, be the number
of correctly classified images for that patient. The
patient score is given by:

N
Patient Score = —3 (2)
Pi
The overall Patient Recognition Rate (PRR) is:
PRR > Patient Score 3)

~ Number of Total Patients

Similarly, the Image Recognition Rate (IRR) is defined
as:
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N, dis
all

IRR = (4)

where Ny is the total number of images in the test
database. Thus, global recognition rate (GRR), patient
recognition rate (PRR), and image recognition rate
(IRR) collectively measure performance at different
levels.  These metrics allow the evaluation of
classification accuracy from both patient-specific and
global perspectives. Ensemble decision-making, often
through majority voting, was applied to further
enhance robustness. These complementary measures
assess the robustness and clinical reliability of the
proposed system. Additionally, confusion matrices,
receiver operating characteristic (ROC) curves, and
area under the curve (AUC) values were used for
interpretability and comparison with baseline models.

3.8 Testing, Validation, and Cross-Verification

After model training, independent testing was
conducted using unseen samples from the BreakHis
dataset. = The testing phase aimed to evaluate
generalization and real-world applicability. Several
magnification-specific evaluations were performed
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to determine the consistency of Cclassification
performance across scales. In addition to standard
testing, cross-validation was conducted using k-fold
methods to minimize bias due to random data splits.
Performance consistency across folds demonstrated
the model’s stability and robustness. Further, an
ensemble averaging strategy was implemented to
integrate predictions from multiple CNN variants,
further enhancing classification accuracy and
reliability. This ensemble system ensures the model’s
capability to handle inter-patient and intra-class
variations in tissue morphology.

3.9 Summary of Methodological Flow

In summary, the proposed methodology provides a
comprehensive, multi-phase framework encompassing
dataset preparation, preprocessing, deep feature
extraction, and robust evaluation. Unlike purely
equation-based methods, the current approach
integrates conceptual, experimental, and theoretical
foundations, ensuring coherence across all stages of
research (see Figure 7).

The combination of transfer learning, CNN-based
deep feature extraction, and statistical evaluation
provides a strong analytical basis for histopathological
image classification. This methodological design
ensures not only computational efficiency but also
clinical relevance, forming a scientifically grounded
foundation for future research in automated cancer
diagnosis.

4 Results and Discussion

This section presents the experimental outcomes
of the proposed model on the BreakHis dataset
and compares them against existing approaches.
The results are interpreted in terms of diagnostic
performance, efficiency, robustness, and clinical
implications, ensuring both technical and practical
perspectives are addressed (see Figures 8, 9 and 10.).

4.1 Overall Diagnostic Performance

The proposed model consistently outperformed
baseline methods [1, 2, 12, 14, 38, 56] across
key evaluation metrics: Accuracy, Precision,
Recall, Fl-score, Specificity, Balanced Accuracy,
ROC-AUC, and Average Precision. Importantly, these
improvements were not limited to a single metric.
For example, higher recall indicates fewer missed
malignant cases, while higher precision shows fewer
false positives. The simultaneous improvement in
both led to the highest F1 and Matthews Correlation

START

Y
Dataset Acquisition
BreakHis v1.0 (7,909 H&E images,82 patients)
Patient-level split: 70% train / 15% val / 15% test
All magnifications:40x, 100x, 200x, 400x

A
Preprocessing
Denoising - Color normalization (Reinhard)
Patch extraction: 224x224, stride 8

A
CNN Feature Extraction
3 conv stages (5x5): 32, 32, 64 filters
ReLU-3x3 max pooling FC layers

A
Transfer Learning (AlexNet)
Pretrained on ImageNet-Fine-tuned on BreakHis
Freeze early layers, retrain deeper layers

A
Classification & Aggregation
Patch-levelpredictions—majorityvoting
Image-level & patient-level decisions

Y
Evaluation
IRR, PRR, GRR-Confusion matrix-ROC/AUC

A
Testing & Validation
Independent test set-k-fold cross-validation
Magnification-specific analysis

Y

END

Figure 7. Working flowchart of proposed method.

Coefficient (MCC), reflecting an overall stronger
decision boundary. Compared with Bardou et al. [5]
and Aratjo et al. [3], who reported strong patch-based
CNN results, our method maintained a consistent
margin across all magnifications, highlighting
robustness. Unlike transformer-CNN hybrids such
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Figure 8. Bar chart comparisons of overall evaluation metrics (accuracy, precision, recall, F1-score, specificity, balanced
accuracy, ROC-AUC, average precision, MCC), efficiency (inference time per image, training time per epoch), and model
complexity (number of parameters) between the proposed CNN model and existing baseline models.
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Figure 9. Line charts illustrating ablation and sensitivity analyses, including effects of hyperparameters (batch size, patch

overlap, and patch size vs accuracy), learning curves (training dynamics), reliability diagrams (model calibration), and

image-level /patient-level performance metrics (accuracy, F1-score, precision, recall) across different magnification levels
(40x, 100x, 200x, 400x) for the proposed model versus existing models.

as Alshdaifat et al. [2] and Zeynali et al. [56], the convergence were faster compared with heavy models
proposed architecture achieved similar or better like EfficientNet-based hybrids [44]. This balance
accuracy with fewer parameters, emphasizing places the proposed method on a favorable Pareto

efficiency. front of accuracy vs. efficiency, which is critical
for deployment in labs with limited computational
4.2 Efficiency and Model Capacity resources or in near-real-time telehealth pipelines [14].

One notable strength of the proposed approach is
its ability to achieve higher accuracy with a smaller
parameter footprint. Inference time and training
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Figure 10. Training curves (validation accuracy and training loss vs epochs), precision-recall curves, ROC curves, and
grouped bar charts of detailed image-level/patient-level performance metrics (accuracy, Fl-score, precision, recall)
versus magnification levels for the proposed model compared to existing models.

4.3 Image-Level Performance across Magnification

At the image level, performance improved with
magnification, peaking at 400x where nuclear details
and glandular structures are most visible. However,
strong results were also achieved at 40x and 100x,
demonstrating the model’s ability to extract contextual
and architectural cues even when cellular detail is
limited. This multi-resolution robustness differentiates
our model from earlier CNNs [46], which often
degraded at lower scales.

4.4 Patient-Level Aggregation

Clinical decisions depend on patient-level assessments
rather than single patches. When aggregating across
multiple slides per patient, performance naturally
declined slightly due to inter-slide variability, but
the proposed model retained its superiority over
baselines. Sensitivity remained high, which is clinically
meaningful since it reduces the likelihood of malignant
patients being misclassified as benign. This resilience
aligns with the real-world requirement of case-level
consistency, where variability in staining or tissue
preparation cannot be avoided.

4.5 Threshold-Free Discrimination

ROC and Precision—-Recall curves confirm that the
proposed model maintains the highest separability
across thresholds. AUC improvements over prior
works [12, 38] mean the model is robust to
different clinical operating points, whether prioritizing
sensitivity (screening) or specificity (confirmatory
diagnosis). Precision—-Recall analysis further validates

that the model sustains high precision even at high
recall, reducing alarm fatigue in screening workflows.

4.6 Calibration and Confidence

Reliability diagrams show that the proposed model is
better calibrated than existing methods, with predicted
probabilities closely matching empirical accuracy.
Calibration is often overlooked but is essential for
clinical trust, as poorly calibrated models can over- or
under-estimate cancer risk. This improvement enables
risk-aware decision support—cases with borderline
probabilities can be flagged for expert review, while
highly confident benign cases may be auto-cleared.

4.7 Learning Dynamics and Ablation Studies

The proposed model converged faster and reached
lower terminal loss compared with baselines,
suggesting a smoother optimization process supported
by transfer learning and regularization. Ablation
studies confirm the importance of design choices:

e Patch size: Mid-to-large patches ( 224 px)
provided the best balance of cellular detail and
contextual structure.

e Patch overlap: Moderate overlap reduced
boundary artifacts and improved coverage, with
gains plateauing beyond a point.

e Batch size and learning rate: The model
performed robustly across a range of batch sizes,
with moderate values yielding the best trade-off.
Intermediate learning rates produced the fastest
stable convergence.
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Figure 11. Confusion matrices.

These findings demonstrate that the architecture
is not only accurate but also data- and
parameter-efficient—an advantage when labels
are scarce, as is common in medical imaging.

4.8 Error Analysis and Class-Wise Metrics

Confusion matrices (see Figure 11) show that the
proposed model achieved high recall and precision
across both benign and malignant classes, ensuring no
hidden bias toward the majority class. Importantly,
malignant-class recall remained higher than in
comparative methods, addressing the most critical
clinical need: minimizing missed cancer cases.

4.9 Clinical and Operational Synthesis
Taken together, the results establish that the proposed
model:

1. Outperforms CNN and hybrid baselines in
diagnostic accuracy, recall, and calibration.

2. Scales robustly across magnifications, capturing
both local cellular morphology and global tissue
context.

3. Maintains patient-level reliability, aligning with
how real diagnoses are made.

4. Operates efficiently with fewer parameters and
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shorter inference times, making it deployable in
practice.

This combination of accuracy, calibration, and
efficiency directly addresses long-standing barriers to
deploying Al in computational pathology [37, 41, 53].

4.10 Limitations and Future Scope

While results are promising, certain limitations
remain. The BreakHis dataset does not provide
500x magnification, and external validation across
multi-institutional datasets is required to confirm
generalization. Future work will also investigate
integration with multimodal imaging (e.g., ultrasound,
MRI [16,54]) and the role of explainable Al techniques
to further enhance clinician trust.

4.11 Key Findings and Quantitative Insights

The experimental evaluation on the BreakHis dataset
demonstrates that the proposed model establishes a
new performance benchmark across both image-level
and patient-level breast histopathology classification.

e Accuracy and F1-Score: The model achieved
94.7% image-level accuracy and 93.9% F1-score,
representing a +4-6% margin over classical
CNNs [3, 5 46] and +2-3% over hybrid
CNN-transformer baselines [2, 56]. At the patient
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level, accuracy remained 92.5%, confirming
robustness under clinical aggregation.

e Precision and Recall: Precision reached 94.1%,
while recall was 95.3%, showing that malignant
cases were detected with fewer false negatives.
Compared with recent optimized CNNs [12, 26],
recall improved by “3-4%, which is clinically
significant for reducing missed diagnoses.

e AUC and AP (threshold-free metrics): The
ROC-AUC was 0.972 and Average Precision (AP)
was 0.961, both exceeding existing state-of-the-art
baselines (typically 0.93-0.95). This indicates
superior separability across thresholds, ensuring
reliability under varying clinical operating points.

e Balanced Accuracy and MCC: Balanced
accuracy of 93.8% and MCC of 0.91 confirmed
improvements are consistent across classes, not
biased by dataset imbalance.

e Efficiency: Despite higher accuracy, the proposed
model used "30% fewer parameters than
EfficientNetV2-based hybrids [44] and reduced
inference time per slide by “25%, placing it on a
stronger accuracy—efficiency Pareto front.

e Calibration: The Expected Calibration Error
(ECE) dropped to 2.8%, compared to 6-8% in
competing models. This improved alignment
between predicted probabilities and true
outcomes strengthens trust for risk-aware clinical
deployment.

e Magnification robustness: Performance scaled
reliably from 40x to 400x. Gains were most
pronounced at 400x (accuracy 96.1%), but the
model maintained strong results at 40x (91.4%),
highlighting multi-resolution stability.

Overall, these quantitative results show that the
proposed model: Outperforms existing CNN and
CNN-transformer baselines across all headline
metrics. Provides clinically meaningful gains in recall
(fewer missed cancers), calibration (trustworthy
probabilities), and efficiency (lighter, faster inference).
Demonstrates robustness across magnifications
and aggregation levels, supporting translation
from research benchmarks to real-world diagnostic
workflows.

4.12 Discussion: Scientific and  Practical

Implications

The performance achievements described above are
not only quantitative improvements but also represent
qualitative advancements in the field of computational
pathology. Beyond numerical accuracy, this section
elaborates on why the proposed method performs
effectively, how it addresses long-standing challenges
in digital histopathology, and what its broader
implications are for research and clinical practice.

4.12.1 Interpretability and Visual Explainability

In clinical environments, interpretability directly
determines trust. The proposed CNN-based
framework, when enhanced with visualization
methods such as Gradient-weighted Class Activation
Mapping (Grad-CAM) and Layer-wise Relevance
Propagation (LRP), reveals that the model primarily
focuses on biologically meaningful features —
including nuclei density, glandular structures, and
cytoplasmic organization. Heatmaps of activation
regions demonstrated that the network highlights
malignant tissue zones with dense chromatin clusters
and irregular nuclear boundaries, mirroring the
diagnostic focus areas of experienced pathologists.
This correspondence between computational attention
and biological reasoning confirms that the model’s
decisions are pathologically grounded, enhancing
transparency and confidence in automated diagnosis.

4.12.2 Generalization and Cross-Domain Robustness

Generalization across varied imaging conditions
remains one of the major barriers to clinical Al
deployment. To evaluate the robustness of the
proposed framework, additional experiments
were performed under simulated domain shifts
— introducing random changes in color tone,
brightness, and image noise to mimic differences
between laboratories. =~ The model consistently
maintained over 92% accuracy under such
perturbations, demonstrating strong resistance
to staining, illumination, and scanning variations.
This domain-invariant performance shows that the
architecture is not narrowly optimized for a single
dataset but is capable of transferring its learned
representations to unseen image distributions. This
is a crucial step toward achieving dataset-agnostic
reliability in real-world histopathological analysis.

4.12.3 Dataset Bias and Fairness Considerations

Technical excellence must be accompanied by fairness
and transparency. Histopathological datasets often
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exhibit uneven distribution among tumor types or
magnifications, leading to biased outcomes. The
proposed system mitigates such risks through
balanced class weighting during training and
aggregation at the patient level, ensuring that results
are not inflated by similar samples from the same
subject. This approach enhances reliability and
promotes equitable diagnostic performance across
all classes. It also prevents the common pitfall of
data leakage, reinforcing the methodological integrity
of the study. The design philosophy emphasizes
fairness not only as an ethical necessity but also as a
foundation for scientifically credible Al

4.12.4 Role of Transfer Learning in Limited Data Scenarios

Transfer learning played a pivotal role in addressing
the limited data availability that is characteristic of
medical image analysis. The fine-tuned network,
pre-trained on a large-scale natural image corpus,
provided generalized visual representations such as
edge orientation, shape, and texture filters. These
low-level features effectively transferred to the domain
of histopathology, where similar structural cues exist
in cellular and tissue arrangements. This reuse of
prior knowledge significantly accelerated convergence,
allowing the model to reach optimal accuracy within
far fewer training epochs compared to models trained
from scratch. Transfer learning thus served as a
knowledge bridge, allowing medical Al systems to
benefit from broader visual learning without the need
for massive annotated pathology datasets.

4.12.5 Integration with Digital Pathology Pipelines

The proposed framework is designed to integrate
seamlessly into digital pathology workflows. By
processing whole-slide images as tiled patches and
aggregating predictions at the image and patient
level, the system can function as an automated
triage assistant. In a practical clinical setup, such
integration could substantially reduce the manual
screening workload of pathologists by pre-selecting
potentially malignant cases for detailed review. The
approach also supports remote and low-resource
medical environments by enabling telepathology,
where slides can be uploaded and automatically
analyzed, flagging high-risk samples for specialist
attention. This directly contributes to faster diagnostics
and improved patient outcomes.

4.12.6 Computational and Enerqy Efficiency

Sustainable Al design is an emerging priority in
biomedical computing. The proposed network, being
compact and optimized for efficiency, requires less

112

computational power and memory while maintaining
high accuracy. Benchmark evaluations showed
approximately 25% lower energy consumption per
training cycle compared to heavier architectures.
Such efficiency provides tangible benefits: it allows
the system to be deployed on standard laboratory
workstations without specialized hardware and
supports continuous learning in hospitals where
high-performance GPUs may not be available.
The model thus represents a balanced design
philosophy, prioritizing accuracy, interpretability, and
environmental responsibility simultaneously.

4.12.7 Explainable Failure Patterns and Human—Al
Collaboration

Detailed analysis of misclassifications revealed
that errors primarily occurred in borderline tumor
subtypes where even human specialists may disagree.
Visualization of these cases indicated that the model’s
attention regions were largely correct, focusing
on diagnostically relevant tissue zones, though
confidence scores hovered near the decision boundary.
This pattern suggests an opportunity for human-Al
collaboration rather than replacement. The system
can act as a preliminary screener, automatically
classifying routine cases while flagging uncertain
ones for expert review. Pathologists can then apply
contextual reasoning, ensuring that clinical decisions
remain explainable and verifiable. Such synergy
exemplifies the emerging paradigm of augmented
intelligence, where Al enhances human expertise
rather than substituting it.

4.12.8 Comparative Positioning within State-of-the-Art
Research

From a broader research perspective, the proposed
method strikes an optimal balance between
performance, efficiency, and accessibility. ~While
some contemporary models achieve marginally
higher accuracy through complex hybrid or
transformer-based designs, they often demand
several times more computational resources and
longer inference times. The proposed CNN-AlexNet
framework offers a practical equilibrium—achieving
competitive accuracy with reduced complexity. Its
lightweight nature and interpretability make it more
suitable for adoption by smaller medical centers
or research laboratories that cannot sustain large
computational infrastructures. In this sense, the work
emphasizes functional innovation over architectural
extremism, aligning research outputs with real-world
feasibility.
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4.12.9 Potential for Multi-Modal Integration

The modular architecture of the system allows future
extension toward multi-modal medical analysis. By
integrating histopathological features with imaging
modalities such as MRI or ultrasound, and potentially
with molecular or genomic biomarkers, the model
could evolve into a comprehensive diagnostic engine.
Such integration would enhance predictive accuracy,
assist in treatment planning, and enable personalized
medicine. The combination of morphological and
molecular data holds promise for establishing new
correlations between visual patterns and genetic
expression, driving the next wave of precision
oncology research.

4.12.10 Towards Regulatory and Clinical Adoption

Translating AI models into clinical environments
requires compliance with medical device standards,
reproducibility, and transparency. The proposed
system, with its high calibration accuracy, clear
decision logic, and open processing pipeline,
fulfills several foundational requirements for future
certification. Maintaining audit trails, reproducible
code, and traceable preprocessing workflows ensures
that the model adheres to responsible Al principles.
Collaborations with diagnostic laboratories could
accelerate pilot deployments, allowing direct feedback
from clinical users and contributing to iterative
refinement. This stepwise approach is vital for
transforming an academic prototype into a clinically
validated decision-support system.

4.12.11 Future Research Horizons

Building upon this foundation, several directions are
envisioned for future enhancement:

e Attention-Guided Architectures: Incorporating
attention mechanisms to emphasize diagnostically
critical tissue regions.

o Self-Supervised Pretraining: Leveraging large
unlabeled image sets to further enrich feature
representations.

o Federated Learning Frameworks: Enabling
collaborative training across institutions while
preserving data privacy.

e Explainability Benchmarking: Quantitatively
assessing how closely Al-derived heatmaps align
with expert annotations.

e Outcome Prediction Modules:  Extending
classification toward prognosis and therapeutic
response modeling.

Advancing along these paths will strengthen the
bridge between computational innovation and clinical
practice, fostering an ecosystem of trustworthy and
transparent Al-assisted diagnostics.

4.12.12 Concluding Discussion Perspective

The proposed model demonstrates both technical
excellence and conceptual depth, addressing
multiple dimensions of modern medical Al
interpretability, generalization, efficiency, and fairness.
By harmonizing advanced algorithmic design with
clinical practicality, the system transcends theoretical
improvement and establishes itself as a tangible
contribution to digital pathology. The achieved
diagnostic accuracy (94.7%), reliable calibration (ECE
= 2.8%), and compact design collectively position
this framework as a next-generation standard for
histopathological image analysis. It exemplifies
how responsible, explainable, and sustainable Al
can be effectively integrated into clinical workflows,
advancing the ultimate goal of enhancing diagnostic
precision, patient safety, and healthcare efficiency.

5 Conclusion

In this study, we presented an intelligent CNN-based
framework for breast cancer classification on the
BreakHis histopathology dataset. The proposed
approach integrates patch-based feature extraction,
multi-resolution analysis, and transfer learning,
effectively addressing persistent challenges such as
intra-class variability, limited annotated data, and the
need for robust generalization across magnifications.
Unlike earlier handcrafted or single-scale methods,
our framework enables end-to-end representation
learning, enhanced by stain normalization and
balanced training strategies to improve stability
and reproducibility. The magnification-aware
CNN consistently outperformed state-of-the-art
baselines at both image- and patient-level evaluations,
achieving superior accuracy, ROC-AUC, and AP
scores despite using fewer parameters and offering
faster inference.  This efficiency highlights its
practicality for batch processing in laboratories
and near real-time, clinic-adjacent deployment. In
addition, the model demonstrated stronger calibration,
enabling flexible sensitivity/specificity trade-offs
suitable for screening and confirmatory workflows.
Ablation studies on patch size, overlap, batch size,
and learning rate provide actionable insights for
practical implementation, while the integration of
explainability mechanisms ensures interpretable
predictions aligned with histopathological hallmarks.
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This combination of performance, efficiency, and
interpretability fosters greater clinical trust and
enhances readiness for real-world adoption. Overall,
our results confirm that combining patch-based CNN
learning, multi-resolution fusion, transfer learning,
and explainability provides a powerful and scalable
pathway for Al-assisted histopathology. By improving
diagnostic accuracy, reducing false negatives, and
supporting explainable decision-making, the proposed
framework has the potential to significantly reduce
pathologists” workload, minimize diagnostic errors,
and contribute to earlier detection and improved
patient outcomes.

5.1 Future Directions

While this work focused on binary benign/malignant
classification, future studies should extend the
framework to recognize breast cancer subtypes (e.g.,
ductal, lobular, HER2+, triple-negative), providing
finer granularity for treatment planning. To improve
robustness, the model should be validated on
multi-institutional datasets beyond BreakHis. Future
efforts will integrate domain adaptation and stain
normalization techniques to mitigate scanner and
staining variability. Incorporating Vision Transformers
(ViTs) or hybrid CNN-ViT models can enhance the
capture of long-range spatial dependencies in tissue
slides, complementing CNNSs’ local feature extraction.
Future iterations may combine histopathology with
mammography, ultrasound, or genomic data to
build multi-modal diagnostic systems, enabling more
comprehensive decision support. For real-world
applicability, lightweight versions of the framework
should be developed for Iol and telehealth-enabled
platforms, ensuring accessibility in both high-resource
and resource-limited healthcare settings.
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