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The histopathological diagnosis of breast cancer metastases, a subjective and
lengthy process, benefits from advances in artificial intelligence for its
automation. This study proposes an automatic classification method based
on a convolutional neural network (CNN) architecture with progressive
regularization (Batch normalization and adaptive dropout), trained on the
PatchCamelyon (PCam) dataset. Our approach integrates a data
augmentation strategy specific to medical images and advanced optimization
for CPU environments, allowing us to balance performance, robustness, and
computational accessibility. The architecture comprises only 94,000
parameters, 223 times fewer than leading models. Multi-criteria evaluation
shows competitive results: area under the curve (AUC) of 92.92%, F1-score
of 82.39%, accuracy of 88.74%, and specificity of 90.61%. A bootstrap
robustness analysis provides 95% confidence intervals (AUC: [89.56%-
92.91%]), and an ablation study quantifies the reduction in overfitting
through progressive dropout (33.6%). This research validates that a well-
regulated and CPU-optimized CNN architecture can achieve clinically
relevant performance while remaining accessible on standard environments,
thus opening up concrete prospects for the development of practical Al tools
in digital pathology.
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1. INTRODUCTION

Breast cancer represents a major public health challenge, with approximately 2.3 million new cases
diagnosed annually worldwide. Histopathological diagnosis, based on the microscopic examination of tissue
sections, is the gold standard for detecting lymph node metastases [1]. However, this process is subjective,
time-consuming, and subject to significant inter-observer variability. The advent of digital pathology and
deep learning (DL) techniques offers revolutionary prospects for automating and improving diagnostic

accuracy [2].

The PatchCamelyon (PCam) dataset, comprising 327,680 colored patches (96x96-pixels) from
histological sections of lymph nodes, represents a standardized benchmark for the development of binary
classification algorithms (healthy vs. metastatic tissue) [1].

The field of histological image analysis using DL has seen spectacular advances in recent years.
The seminal work [1] demonstrated for the first time that DL algorithms could outperform pathologists in
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detecting breast cancer metastases. More recently, attention has focused on improving computational
efficiency and generalization. Subsequently [3], proposed EfficientNetV2, through neural architecture
research that takes into account training and progressive learning with adaptive regularization, achieving a
top-1 accuracy of 87.3% on ImageNet while training 5 to 11 times faster than vision transformers (ViT).
In parallel [4], proposed ConvNeXt, a modernized pure ConvNet architecture with transformer design
principles, which achieved 87.8% accuracy on ImageNet top-1 and outperformed swin transformers on
COCO detection and ADE20K segmentation benchmarks.

More recently, ViTs [5] and the swin transformer [6] have challenged the dominance of
convolutional neural network (CNNs) by applying self-attention mechanisms to image patches, achieving top
performance on many medical imaging benchmarks. However, these architectures typically require millions
of parameters and substantial GPU resources.

Among recent DL-based approaches for breast cancer diagnosis, Mobark [7] proposed CoroNet, a
CNN model using the Xception architecture pre-trained on ImageNet. Trained on the CBIS-DDSM
mammogram dataset, CoroNet achieves an accuracy of 94.92% in four-class classification (Benign vs.
malignant masses, benign vs. malignant calcifications) and 86.67% in binary classification (Calcifications vs.
masses). The architecture comprises 71 layers for a total of 33.97 million parameters; this model remains
highly parameterized and requires significant computing resources, which limits its deployment in clinical
environments with limited hardware.

The study [8] concretely illustrates one of the main challenges for the clinical deployment of Al in
digital pathology: the poor generalization of DL models to new contexts. The authors evaluated a model,
initially trained on the multicenter CAMELYON dataset for detecting breast cancer metastases in sentinel
lymph nodes. Its baseline performance on the CAMELYON16 test set was excellent, with a FROC score of
0.838. This study highlights that robustness and adaptability are as crucial as absolute benchmark
performance. It validates the need to develop more robust learning methods (advanced transfer learning,
targeted data augmentation, self-supervised learning) and pipelines that incorporate a facilitated continuous
adaptation phase for sustainable clinical deployment.

Faced with these challenges, innovative hybrid architectures are emerging to improve both the
accuracy and robustness of models. For example [9], proposed a CNN-transformer hybrid model specifically
designed to leverage temporal information by simultaneously integrating previous and current
mammographic images of the same patient. Their architecture uses a modified ResNet50 for local feature
extraction, a transformer encoder with a multi-head attention mechanism and positional coding to capture
long-term dependencies and subtle changes between examinations, and a per-channel attention module to
amplify discriminating features. Evaluated on a dedicated dataset, this model achieves an area under the
curve (AUC) of 92.58%, thus demonstrating the crucial contribution of temporal modeling and hybrid
architectures to mimic the sequential reasoning of radiologists and improve early detection.

Catalano et al. [10] proposed a method for detecting and localizing breast cancer from hematoxylin
and eosin (HE) stained histological images using several CNN architectures. They compared a custom CNN
(Standard_CNN), EfficientNet, ResNet50, VGG-16, VGG-19, and MobileNet, as well as a new model called
MR_Net. The models were trained on the BRACS dataset, which contains 4539 regions of interest (ROIs)
annotated into three classes (benign, atypical, malignant). After preprocessing and data augmentation
(horizontal flip, brightness, zoom), the final dataset comprised 5628 images. The best accuracies obtained
were 73% for MobileNet and VGG-19, 69% for MR_Net, and 67% for standard CNN. Fine-tuning
MobileNet, VGG-16, and VGG-19 did not improve performance (VGG-19’s accuracy decreased from 73%
to 71%). However, metrics such as AUC or F1-score are not reported, and the number of model parameters is
not specified, which limits quantitative comparison in terms of computational efficiency.

Faced with the domain shift induced by scanner variability, self-supervised learning approaches
aimed at learning inherently robust representations have emerged. While very large-scale foundation models
(e.g., UNI, Virchow) achieve peak performance but at a prohibitive computational cost, recent work explores
lightweight architectures optimized for generalization. For example, HistoLite [11] offers a lightweight self-
supervised framework based on a dual stream of autoencoders and a contrast objective, coupled with adaptive
augmentation (Adaptive HistoRotate). Specifically evaluated on a scanner bias (Aperio vs. Sakura), HistoL ite
(7M parameters) demonstrates very low representation shift and the best inter-scanner generalization among
the compared models, despite slightly lower absolute accuracy than the larger models. This work illustrates
the trade-off between accuracy, robustness, and efficiency, and validates the relevance of specialized
lightweight architectures for reliable deployment in resource-constrained clinical settings.

Finally, the systematic review [12] provides a comprehensive analysis of the contribution of DL to
the analysis of histopathological images of breast cancer. By synthesizing 199 references, including 182
studies published between 2014 and 2025, the authors demonstrate how DL architectures, particularly
CNNSs [13], generative adversarial networks (GANSs), and ViTs, have significantly improved the accuracy of
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classification, segmentation, and tumor detection tasks. The article also highlights the crucial role of transfer
learning and explainable Al (XAI) techniques in addressing data gaps and improving clinical interpretability.
However, the review identifies persistent challenges to clinical adoption, including variability in staining
protocols, a lack of large, diverse, and annotated datasets, and issues of robustness, equity, and regulation.
In conclusion, the authors propose as future perspectives the development of more generalizable models,
multimodal data integration, and the prioritization of transparent tools for responsible integration into
diagnostic workflows.

It is important to note that transformer models first achieved success in natural language processing.
The bidirectional encoder representations from transformers (BERT) model [14] has achieved new cutting-
edge results on eleven natural language processing tasks, including question answering and linguistic
inference. BERT is pre-trained on BooksCorpus (800 million words) and Wikipedia (2.5 billion words). Its
architecture is a multi-layered bidirectional transformer encoder. The BERTBASE version comprises 12
layers, a hidden size of 768, 12 attention heads, and 110 million parameters; the BERTLARGE version
comprises 24 layers, a hidden size of 1024, 16 attention heads, and 340 million parameters. BERTBASE was
trained on 4 Cloud TPUs, and BERTLARGE on 16 Cloud TPUs. BERT is designed for text token sequences
using WordPiece embeddings, not for images. In our context of classifying histopathological patches with a
limited dataset and a CPU-bound computational target, CNNs remain more suitable. CNNs benefit from
inductive biases (translational equivariance, local connectivity) that naturally conform to the structure of
tissue textures. Their parametric lightness allows for CPU-bound training, and regularization techniques such
as batch normalization and progressive dropout effectively control overfitting. Thus, our choice of a well-
regulated CNN architecture is justified by resource constraints and the nature of the task.

Despite exceptional performance reported with complex architectures and large datasets, few studies
have focused on optimization for computationally limited environments, which are representative of many
clinical and research settings. This study specifically addresses this challenge by proposing a comprehensive
methodology that balances discriminant performance, robustness, and computational accessibility. Our
contributions are: (i) a lightweight CNN architecture (94K parameters) with progressive regularization
suitable for histological images; (ii) a CPU-optimized training pipeline that completes in approximately 2.4
hours on standard hardware ; and (iii) a multi-criteria evaluation demonstrating that a well-regulated CNN
can achieve clinically relevant performance (AUC 92.92%, accuracy 88.74%) with 223 times fewer
parameters than leading-edge approaches(EfficientNetV2-S, ConvNeXt), making Al tools more accessible
for digital pathology in resource-constrained environments. Our contribution does not lie in a radical
architectural innovation, but in the demonstration that a well-regulated and lightweight convolutional
network can achieve clinically relevant performance with very limited computing resources.

2. METHOD
2.1. Dataset and preprocessing

The PCam dataset contains 327,680 patches of histological images (96x96 pixels) annotated binary
(0: healthy tissue, 1: metastatic tissue). For this study, we strategically selected 4,096 samples from the
training set (262,144 available) and 1,024 from the validation set (32,768 available), representing a
compromise between representativeness and computational constraints. This selection maintains the original
50/50 distribution between the classes. A sample size of 4,096 provides a margin of error of £1.5% at the
95% confidence level for a binary classification. This value is obtained using the standard formula for the
margin of error of a proportion.

Margin = 1.96 X PAP) gvec p = 0.5,n = 4096

n

The margin calculation gives 1.5% Thus, the chosen size represents a reasonable compromise between
statistical representativeness and computational constraints. The images were normalized by dividing the
pixel values by 255 to obtain a range [0,1].

2.2. Model architecture with advanced regulation

Our CNN architecture, illustrated in Figure 1, is specifically designed for 96x96-pixel histological
images, balancing discriminatory power with overfitting prevention. It comprises three sequential
convolutional blocks with progressively increasing filter counts (32, 64, 128), each followed by batch
normalization and neuronal dropout. The dropout rate gradually increases (0.2, 0.3, 0.4) in deeper layers
where overfitting is more likely. Global mean pooling replaces traditional flattening, drastically reducing
parameters while preserving spatial information. This hierarchical design enables robust extraction of
features ranging from low-level textures to complex patterns (tissue structures).

CPU-optimized regularized convolutional neural network architecture for multimedia ... (Guidoum Amina)




1884 O ISSN: 2252-8776

Simplified CNN Architecture for Breast Tumor Classification
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Figure 1. Simplified CNN architecture for breast tumor classification

2.3. Data augmentation
To compensate for the limited size of the training set, we implemented an augmentation strategy
specific to histological images,
— Original preservation: preserving the source image.
— Horizontal flip: a transformation that preserves the diagnostic characteristics of the tissues.
— 90° rotation: adapting to the variable orientation of histological sections.
This strategy triples the size of the training set (4,096 to 12,288 samples) while preserving the biological
significance of the images.

2.4. Training configuration

The training was specifically optimized for CPU environments to ensure maximum accessibility for
researchers and clinicians with limited computing resources. The Adam optimizer [15] was selected with a
learning rate of 0.0001, enabling fine and stable convergence. The loss function used is binary cross-entropy,
appropriate for binary classification. The batch size was set at 32, providing an optimal balance between
efficient memory usage and training stability. The maximum number of epochs was limited to 100, with the
implementation of early stopping that monitors the validation AUC [16] with a patience of 15 epochs and
restores the best weights, thus preventing overfitting. The metrics evaluated include accuracy [17], AUC,
precision, recall [18], and a custom F1-score [17]. The advanced configuration of TensorFlow was exploited
with 16 threads for intra-operation parallelism, 8 threads for inter-operation parallelism, flexible operation
placement (soft device placement) enabled, and just-in-time (JIT) compilation to accelerate the execution of
computation graphs.

2.5. Evaluation and visualization

To provide a comprehensive and reproducible analysis of the model’s performance, we designed
and implemented a complete evaluation pipeline that automatically generates a series of visualizations and
scientific reports. This pipeline produces receiver operating characteristic (ROC) curves [19] to assess the
model’s discriminatory ability across all decision thresholds. Confusion matrices are generated to provide a
detailed and quantitative analysis of the error distribution (true/false positives/negatives). Accuracy-recall
curves, particularly relevant for potentially unbalanced datasets such as those used in medical imaging, are
also calculated. Convergence is monitored by generating learning curves that illustrate the evolution of key
metrics across the training and validation datasets. For qualitative interpretation, visualizations of example
predictions (Correct and incorrect) along with their confidence scores are produced.

3. RESULTS AND DISCUSSION
3.1. Overall performance

Training converged after 42 epochs with early termination triggered by stabilization of the
validation AUC. Final performance across the validation set (1,024 samples) is summarized in Table 1.
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Table 1. Detailed model performance
Metric value interpretation
AUC 0.9292 excellent discrimination
Accuracy 0.8874 high true positive rate (TPR)
Recall 0.7689 moderate sensitivity
F1-score 0.8239 satisfactory balance

3.2. Analysis of learning curves

Figure 2 shows the distribution of confidence scores: X-axis: confidence score (continuous\value
normalized between 0.0 and 1.0) and Y-axis: frequency (number of samples, unit: count). This histogram
shows the bimodal distribution of confidence scores predicted by the model for the validation set. Two
distinct distributions clearly emerge: one centered around 0.0-0.2 (representing healthy tissue samples)
and the other centered around 0.8-1.0 (representing tumor tissue samples). The clear separation between
these two modes, with a pronounced dip around the score 0.5, indicates that the model produces predictions
with high confidence. The small proportion of samples in the intermediate region (0.3-0.7) suggests
that the model experiences little uncertainty in the majority of cases. The distribution of healthy tissues
shows a slightly extended tail toward higher scores, corresponding to false positives identified in the
confounding matrix. The marked bimodality confirms the model’s proper calibration and its ability to assign
probability scores that accurately reflect the certainty of the predictions. This characteristic is essential for
clinical applications where different decision thresholds can be applied depending on the desired trade-off
between sensitivity and specificity.

Figure 3 shows the evolution of the metrics during training. X-axis: epoch (unit: number of
complete iterations on the training set) and Y-axis: AUC (normalized value between 0.5 and 1.0). This
figure illustrates the evolution of the model’s discriminatory performance during training over 42 epochs.
The blue curve (Train AUC) represents the AUC calculated on the training set (12,288 samples
after augmentation), while the orange curve (Validation AUC) shows the AUC on the validation set
(1,024 samples). The training AUC increases steadily from 82.33% to 95.82%, demonstrating the model’s
ability to progressively learn discriminatory features. The validation AUC, after a rapid initial increase,
stabilizes around 92.92% after epoch 27. The moderate but consistent difference between the two curves
(approximately 0.029 on average) indicates effective overfitting control thanks to the regularization
techniques employed (Batch normalization and gradual dropout). The stabilization of the validation AUC
after epoch 27 justifies the early termination applied, confirming that the model has reached its optimal
generalization capacity.

The final AUC value of 92.92% indicates that the model has an excellent
ability to distinguish healthy tissue from tumor tissue, with only 7.08% overlap between the distributions of
the two classes. This performance falls within the range considered clinically relevant for diagnostic aid
applications.

Distribution des Scores de Confiance Courbe d'Apprentissage - AUC
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Figure 2. Distribution of confidence scores learning Figure 3. AUC learning curve
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3.3. Confusion matrix analysis

The confusion matrix (Figure 4), with predicted classes (“sain”: Healthy and “Tumoral”) on the
x-axis and actual classes (“sain or Healthy” and “Tumoral”) on the y-axis, reveals the following distribution
of predictions across the validation set: true positives: 473 (46.2%); false positives: 49 (4.8%); false
negatives: 50 (4.9%); true negatives: 452 (44.1%). The model exhibits a specificity of 90.2% (452/(452+49))
and a sensitivity of 90.4% (473/(473+50)). The balance between false positives (4.8%) and false negatives
(4.9%) suggests an appropriate calibration of the decision threshold (0.5).

Matrice de Confusion

Sain {0}

Vérité Terrain

- 150

Tumoral (1)

- 100

' - 50
Sain (0) Tumaoral (1}
Prédiction

Figure 4. Confusion matrix

3.4. ROC curve and discriminant analysis

Figure 5 presents the ROC curve, evaluating the model’s discriminatory ability across the entire
continuum of decision thresholds. The x-axis represents the false positive rate (FPR), corresponding to the
proportion of healthy tissue incorrectly classified as tumorous, while the y-axis represents the true positive
rate (TPR), indicating the proportion of correctly detected tumorous tissue. The AUC of 0.9293 demonstrates
excellent discriminatory performance, placing it in the upper quartile of classifiers according to established
criteria (AUC > 0.9).

The curve exhibits a pronounced concavity towards the ideal point (0.0, 1.0), with a rapid increase
in the TPR for FPR values below 0.2. This characteristic is particularly relevant for medical applications
where minimizing false positives is crucial. The model achieves a TPR of 0.85 for an FPR of only 0.1,
indicating its ability to maintain high sensitivity while limiting type | errors. The operating point
corresponding to the 0.5 threshold (used during the evaluation) is located at (FPR=0.098, TPR=0.904),
equivalent to a specificity of 90.2% and a sensitivity of 90.4%.

The large area separating the model curve from the random reference line (AUC=0.5) quantifies the
substantial improvement provided by our approach. The shape of the curve also suggests possibilities for
adaptive optimization of the decision threshold according to specific clinical preferences: shifting to higher
thresholds could increase specificity up to 95%while maintaining acceptable sensitivity for diagnostic
confirmation applications, whereas a lower threshold would allow for sensitivities greater than 95% for high-
risk screening settings. This flexibility demonstrates the model’s potential adaptability to different clinical
scenarios.

Figure 6 presents the accuracy-recall curve, essential for evaluating performance on potentially
unbalanced data. The average precision (AP) of 0.9247 demonstrates the model’s excellent ability to
maintain high accuracy across all recall levels. This high value indicates that the model successfully detects a
large proportion of tumor tissue while minimizing false positives.

The curve shows that for a recall of 0.8 (detection of 80% of tumor cases), the accuracy remains
above 0.85. This characteristic is particularly important in the clinical setting, where minimizing false
positives is crucial to avoid unnecessary treatments and patient anxiety. Conversely, at an accuracy of 0.9
(only 10% false positives), the model achieves a recall of approximately 0.75, indicating that it would
correctly identify 75% of tumor cases while strictly limiting type I errors.
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The shape of the curve, which remains close to the upper right corner over a wide range, suggests
that the model offers flexibility in choosing the decision threshold according to clinical priorities. For large-
scale screening where sensitivity is paramount, a lower threshold could be chosen to maximize recall.
Conversely, for diagnostic confirmation where specificity is critical, a higher threshold would prioritize
accuracy.

This analysis confirms that our model achieves not only high discriminatory performance
(AUC 0.9293) but also an excellent balance between accuracy and recall, two fundamental metrics for
medical applications where the consequences of false positives and false negatives must be carefully
weighed.

3.5. Qualitative visualization

Figure 7 presents a qualitative analysis of ten model predictions on the validation set. Each
histological patch is accompanied by the ground truth (Verit), the model prediction (Pred) and the
corresponding confidence score (Conf), with an immediate visual indication of the accuracy of the prediction
(green for correct, red for incorrect).

Exemples de Prédictions (Vert=Correct, Rouge=Erroné)

Vérité: 0 Vérité: 1 ité: Veérité: 1 Veérité: 1
Préd: 0 Préd: 1 Prég: 1 Préd: 1
Conf: 0.089 Conf: 0,980 Conf: 0.819 Conf: 0.810

Vérité: 0 Vérité: 1 Vérité: 1 Vérité: 1 Vérité: 0
Préd: 0 Préd: 0 Préd: 1 Prég: 1 Préd: 0

Conf: 0.048 Conf: 0.379 Conf: 0.122
e s

. o
i

Figure 7. Sample predictions
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Of the ten examples presented, nine predictions were correct and one was incorrect. The correct
predictions included four healthy patches (Truth=0) identified with very low confidence scores (0.089, 0.048,
0.122) and five tumor patches (Truth=1) detected with scores ranging from very low (0.019, 0.080) to very
high (0.810, 1.000), with intermediate values (0.356, 0.686) in between. This variation in confidence scores
for the correct tumor class predictions suggests that the model successfully identifies cases of varying
difficulty, from obvious to subtle.

The only observed error was a false negative (Truth=1, Pred=0) with a confidence score of 0.379.
This value, located just below the decision threshold of 0.5, indicates that the model experiences legitimate
uncertainty in this case. Visually, this patch could present ambiguous morphological characteristics or
similarities to healthy tissue, explaining the difficulty in classification. This qualitative analysis reveals
several important points: The correlation between confidence scores and prediction accuracy suggests good
model calibration. Nature of errors: the absence of false positives in this limited sample is consistent with the
high precision (0.8874) observed quantitatively.

The model’s ability to assign confidence scores reflecting case complexity could be used for
hierarchical triage, where cases with intermediate scores (around 0.5) would be automatically reviewed by a
pathologist, thus optimizing the efficiency of the diagnostic process.

The 10% error rate in this random sample is representative of the overall expected error rate
(9.8% for tumor tissues). This consistency between the qualitative and quantitative analyses strengthens the
validity of our assessment and the reliability of the model for practical applications.

3.6. Comparison with the state of the art

The comparative analysis presented in Table 2 reveals particularly interesting results, our method
outperforms several recent approaches in terms of discriminant performance. Its AUC of 92.92%
slightly surpasses that of CNN-transformer (92.58%) published in 2025, and its accuracy of 88.74% is
higher than that of EfficientNetV2-S (87.3%), ConvNeXt (87.8%), and CoroNet in its binary classification
configuration (86.67%). MR_NET reports better accuracy of 73% on the BRACS dataset, which is lower
than our accuracy, but direct comparison is limited by the difference in datasets and task complexities
(three classes versus one binary classification). These results are all the more remarkable given that our
model uses only 4,096 samples (augmented to 12,288), representing 1.56%, 0.32%, and 8.19% of the
data used by the compared methods, respectively. The parametric efficiency is particularly remarkable: our
architecture comprises only 94,000 parameters, compared to 21 million for EfficientNetV2-S, 35 million
for ConvNeXt, 25 million for the CNN-transformer, and 33.97 million for CoroNet. The number of
parameters for MR_NET is not reported, but its accuracy remains lower than ours. This computational
lightness represents a significant advantage for deployment in clinical settings, where resources are often
limited.

Table 2. Comparison with the state of the art

Method Year AUC or accuracy Architecture Data Parameters
Our method 2025 AUC: 92.92% and CNN regularized 4096 94K
Accuracy: 88.74 %
EfficientNetV2-S [3] 2021 Accuracy: 87.3% EfficientNetV2 262 144 21M
ConvNext [4] 2022 Accuracy: 87.8% (Modernized hierarchical ConvNets, 1.28M 35M
inspired by the principles of
transformers)
CNN-transformer [9] 2025 AUC: 92.58% Modified ResNet50 + Transformer 50 000 25M

encoder (multi-head attention,
positional coding) + per-channel
attention module.

coroNet [7] 2022 Accuracy: 86.67% Xception CBIS - 33.97TM
(2 classes)/94.92% DDSM
(4 classes)
MR Net [10] 2024 Accuracy: best: 73% MobileNet, VGG19, MR-Net BRACS Not
(MobileNet VGG19) reported

3.7. Discussion

The performance achieved (AUC 92.92%, accuracy 88.74%) demonstrates that a well-regulated
CNN architecture can achieve clinically relevant discrimination with modest computational resources.
The difference between accuracy (88.74%) and recall (76.89%) reflects a deliberate choice in favor of
specificity, aligned with clinical priorities where false positives are preferred to false negatives.
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Analysis of the impact of the classification threshold (Figure 8) reveals that a threshold of 0.5 offers
an appropriate balance for our application context, with a specificity of 90.61% and a sensitivity of 76.89%.
However, depending on specific clinical needs, an adjustment of the threshold could be considered: a lower
threshold (0.3 or 0.4) maximizing the F1-score (85.9%) would be suitable for identifying a maximum number
of suspected cases, while a higher threshold (0.8 or 0.9) offering a specificity >97% would be appropriate for
diagnostic contexts requiring high certainty. Progressive regularization (increasing dropout 20-40%) proved
particularly effective in controlling overfitting, as evidenced by the moderate difference between the training
and validation curves (2.90%). This observation aligns with the findings [20]-[22] on the effectiveness of
adaptive dropout for deep models. CPU optimization enables training in ~2.4 hours on standard hardware,
compared to the several days often required for complex architectures. With only 94,000 parameters,
our model is 223 times lighter than EfficientNetV2-S and 372 times lighter than ConvNeXt. This parametric
efficiency facilitates deployment in resource-constrained environments, a crucial advantage for clinical
adoption [23].

The comparisons presented in Table 2 should be interpreted with caution. The referenced methods
(EfficientNetV2-S [3], ConvNeXt [4], CNN-transformer [9]) were evaluated under different experimental
conditions: (i) the partition of the PCam dataset used is not always identical (some studies use all 262,144
training images, while we use only 4,096); (ii) the architectures are trained on hardware accelerators
(GPU/TPU) with parametric budgets 200 to 400 times larger; (iii) the metrics reported in the literature often
come from the official PCam test set, whereas our validation is performed on a subset of 1,024 images.
Therefore, the numerical superiority of one method over another cannot be directly attributed to the
architecture alone. Our goal is not to claim better absolute performance, but to show that a very lightweight
regularized CNN (94K parameters) achieves clinically acceptable values with minimal computational
resources.

Compared to the CNN-transformer, our purely convolutional approach achieves slightly better
performance (AUC +0.34%) with only 0.38% of the parameters and 24.6% of the data. This suggests that, for
this specific problem of classifying histological patches, a well-regulated CNN architecture can compete with
more complex hybrid architectures, thus validating our approach of reasoned simplicity.

The high specificity (90.2%) obtained with the threshold of 0.5 is particularly relevant for case triage
in diagnostic pathology. As [24], [25] point out, high specificity reduces the workload of pathologists by
minimizing false positives. Our model, with its ability to adjust the threshold as needed, could serve as a
flexible first-filter system: a low threshold for sensitive screening, a high threshold for diagnostic
confirmation. Computational accessibility facilitates adoption in diverse settings, including resource-limited
regions.

Evolution of Classification Metrics by Decision Threshold (n=1,024)
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Figure 8. The evaluation matrices
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3.8. Statistical robustness and ablation
3.8.1. Performance variability (confidence intervals)

The metrics reported in this article (AUC 92.92%, accuracy 88.74%, sensitivity 76.89%, specificity
90.61%) were obtained on a specific subset of 1,024 validation samples, in accordance with the procedure
described in section 2.1. To estimate variability due to sampling, we applied a bootstrap procedure (1,000
replicates) to another random draw of 1,024 samples (fixed random seed 42). The 95% confidence intervals
obtained are: AUC: 91.23% [89.56% — 92.91%] and accuracy: 81.93% [79.59% — 84.38%)].

These intervals show that the model’s performance can fluctuate depending on the validation
sample, but remains within a clinically acceptable range (AUC > 89.5%). The values reported in the rest of
the article are those obtained on the original sample, in accordance with our protocol. The stability of the
training is further evidenced by the early termination with a patience of 15 epochs (section 2.4) and the small
difference between the training (95.82%) and validation (92.92%) AUCs, representing a difference of 2.90
percentage points (section 3.2), which indicates good control of overfitting.

3.8.2. Ablation study — effect of progressive dropout

To quantify the contribution of dropout regularization, we trained a strictly identical architecture but
without any dropout layer, using the same hyperparameters (Adam optimizer, learning rate 0.0001, early
stopping on validation with patience 15, maximum 100 epochs). The unregularized model achieved an AUC
of 95.06% in training and 90.69% in validation, a difference of 4.37 percentage points. In comparison, the
regularized model (progressive dropout 0.2-0.4) showed a difference of only 2.90 percentage points (training
AUC 95.82%, validation AUC 92.92%). Progressive dropout therefore reduces overfitting by approximately
33.6% (Figure 9). This improvement confirms the effectiveness of regularization in controlling the gap
between training and validation performance.
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Figure 9. Comparison of learning curves (ablation)

4. CONCLUSION

This study demonstrates that a CNN architecture with progressive regularization (Batch
normalization and progressive dropout 0.2-0.4) can achieve competitive performance for breast cancer
metastasis detection on the PCam dataset, while being significantly lighter and more accessible than leading-
edge approaches.

On a validation subset of 1,024 patches, our model achieves an AUC of 92.92%, an accuracy of
88.74%, a sensitivity of 76.89%, and a specificity of 90.61%. Bootstrap robustness analysis (1,000 replicates)
on another random sample of 1,024 samples yields 95% confidence intervals for the AUC: [89.56%—-92.91%],
indicating stable performance. The ablation study shows that removing the dropout layers increases the gap
between training and validation AUCs from 2.90 to 4.37 points, representing a 33.6% reduction in overfitting
thanks to progressive dropout.
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Our architecture has only 94,000 parameters, 223 times fewer than EfficientNetV2-S (21 million)
and 372 times fewer than ConvNeXt (35 million). Training on a CPU (Intel Core i7, 16 GB RAM) is
completed in approximately 2.4 hours, making the method reproducible without specialized hardware.
Comparison with a CNN-transformer model shows a similar AUC (92.92% vs. 92.58%), despite a 99.6%
reduction in the number of parameters.

The main contributions of this work are: (i) validation that a well-regulated CNN can achieve
clinically relevant performance with very few parameters; (i) a CPU-optimized training pipeline reproducible
in approximately 2.4 hours; and (iii) a detailed performance-complexity trade-off analysis, including
confidence intervals and ablation. By demonstrating that technical excellence in medical Al is not necessarily
correlated with model complexity, this research promotes the accessibility and equity of Al tools in digital
pathology, particularly in resource-constrained environments.

Our results show that it is possible to deploy a metastasis detection tool on standard computing
equipment (Intel Core i7 CPU, 16 GB RAM) without resorting to expensive GPU servers or cloud
infrastructure. This opens the door to applications in regional hospitals or low-resource countries, where
access to specialized equipment is limited. The training procedure (2.4 hours) allows for periodic retraining
on new local data. However, generalization to other hospitals (domain shift) remains to be validated on
external datasets such as CAMELYON. Future developments will focus on three main areas: technical
improvements (integration of self-supervised learning, lightweight hybrid architectures), and societal
challenges (algorithmic equity, accessibility for resource-limited regions).
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