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Abstract

Background: Invasive ductal carcinoma (IDC) is the most common type of invasive breast cancer. Diagnosis of IDC is a
central task in histopathology. Recent digitization of hematoxylin and eosin stained images has enabled development of deep
learning algorithms for detection of cancerous regions. Most studies using image patches as input have a major flaw in that they

can have data leakage if patches from the same patient are accidentally present in both training and test set.

Objective: The purpose of this study is to design and assess deep-learning models for classifying breast histopathology image
patches as either IDC positive or negative with patient level validation and employing an explainable artificial intelligence

approach.

Methods: A secondary analysis of the public Breast Histopathology Images dataset was proposed. The dataset contains 277,524
fifty by fifty pixels RGB image patches of 162 whole-slide breast cancer specimens. The slides were annotated with cancer
positive (IDC) and negative. There are 198,738 negative and 78,786 positive patches in the dataset. Patient’s ID, coordinates,
and class labels were parsed from the file names. The data were split into train, test, and validation sets at the patient level to
avoid information leakage. The baseline model was a convolutional neural network. Transfer learning models include VGG16,
ResNet50, MobileNetV2, and EfficientNetB0. Accuracy, balanced accuracy, sensitivity, specificity, precision, Fl-score,
confusion matrix, and ROC-AUC were evaluated. The model’s decisions were interpreted using Grad-CAM to visualize the
image regions responsible for classification.The expected contribution: The development of a framework for detecting breast

cancer from histopathological images at the patch level with patient-level validation and Grad-CAM-based explain ability.
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Introduction

Breast cancer stands out as one of the most critical malignancies
globally. In 2022, about 2.3 million women were diagnosed with
breast cancer, and approximately 670,000 deaths were caused
by the disease worldwide [1,2]. Histopathological examination
remains fundamental for confirming malignancy, defining tumor
type, and supporting treatment planning in breast cancer [3,4].
Invasive breast cancers, particularly invasive ductal carcinomas,
constitute a major diagnostic group in which malignant epithe-
lial cells extend beyond the ductal basement membrane into
surrounding stromal tissue. Digital pathology has opened new
possibilities for computational analysis of breast tissue. Whole-
slide imaging allows histological slides to be digitized at high
resolution, enabling image-based machine-learning methods to
detect morphologic patterns that may assist pathologists [3,5].
Deep learning, particularly convolutional neural networks, has
become a central approach in medical image analysis because it
can learn spatial and morphological features directly from image
pixels [6,7].

Breast histopathology is particularly suitable for artificial-intel-
ligence research because H&E-stained slides contain diagnos-
tically relevant visual information, including nuclear pleomor-
phism, glandular architecture, stromal invasion, cellular density,
and staining patterns [4,8]. Recent reviews show increasing
use of deep learning for tumor detection, classification, grad-
ing, prediction of molecular biomarkers, prognosis, and treat-
ment-response assessment in breast pathology [4,9-11]. Im-
portant challenges remain, including staining variation, limited
external validation, class imbalance, interpretability, and the risk
of data leakage [5,12-14]. The Breast Histopathology Images
dataset is a public database widely used for IDC detection re-
search and was derived from digitized breast-cancer specimens
used in earlier IDC-detection work [15]. It consists of 277,524
image patches extracted from 162 whole-slide images, includ-
ing IDC-negative and IDC-positive patches. File names encode
the patient identifier, x-y coordinates, and class label, which
permits binary classification, patient-wise splitting, and spatial
reconstruction. Patient-wise splitting is critical because random
patch-level splitting can place visually related patches from the
same patient in both training and test sets, creating information

leakage and overoptimistic estimates of generalization [13,14].

The current study, therefore, proposes a patient-level deep-learn-
ing framework for IDC detection in breast histopathology patch-
es. Rather than treating the task as a simple patch-classification
exercise, the framework emphasizes patient-level separation,

standardized model comparison, clinically interpretable perfor-
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mance measures, and explainability through Grad-CAM heat-
maps. These elements are consistent with recommendations for

transparent and reproducible medical-imaging Al research [13].

Objectives

*  To describe distribution of IDC positive and IDC negative
histopathology image patches

»  To extract patient identifiers, spatial coordinates and class
labels from image filename

*  To train and compare baseline CNN and transfer-learning
based models for binary IDC classification

*  To evaluate performance using clinically relevant metrics
such as sensitivity, specificity, F1-score and ROC-AUC

*  To generate Grad-CAM heatmaps for correct and incorrect
classifications in order to improve model interpretability

»  To emphasize patient level validation as a safeguard mech-

anism against data leakage

Methods
Study Design

This study was conceived as a secondary analysis of the public
histopathology image set. The approach followed the established
methodological guidelines for medical image analysis research,
which include transparent reporting of the dataset used, indepen-
dent validation of findings, use of clinically relevant outcome

measures, and emphasis on visual interpretability of results [13].

Dataset

The Breast Histopathology Images dataset contains 277,524
RGB image patches of 50 x 50 pixels derived from 162 whole-
slide breast cancer specimens scanned at 40x magnification.
Of these, 198,738 patches are IDC-negative and 78,786 are
IDC-positive, the class label is encoded in each file name as
classO or classl [15]. Because multiple patches originate from
the same source patient, the effective independent sample size
is determined by the number of patients rather than by the raw

number of image patches.

Image Labeling and Metadata Extraction

Each image file name comprises a patient ID, x and y coordi-
nates, and class label. The patient ID will be extracted before
model development so that no patient can appear in more than
one of the training, validation, or test subsets. This grouping
is a primary safeguard against data leakage from correlated
within-patient image patches [13,14]. The coordinates will be
retained for spatial reconstruction of IDC-positive and IDC-neg-
ative patch distributions within the source slide. Images will be

resized according to the input requirements of each model. The
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custom CNN can use the original 50 x 50-pixel patches, whereas transfer-learning models will use dimensions accepted by the
selected pretrained architecture, typically 224 x 224 pixels in standard configurations. Resizing changes the numerical input dimen-
sions but does not add histological detail, so the same interpolation procedure should be applied consistently across all subsets. Pixel
values will be normalized according to the preprocessing convention of each architecture [16-19]. Training images may undergo
histologically plausible data augmentation, including horizontal and vertical flips, limited rotations, and controlled brightness or
contrast variation. Augmentation will be applied only to the training subset. H&E color normalization or stain-aware color augmen-
tation may also be considered to reduce technical staining variability, while avoiding excessive normalization that could suppress

diagnostically meaningful color differences [12,20].

Data Splitting

A patient-level division will be applied, with patients assigned to training, validation, and test sets. A 70% / 15% / 15% patient al-
location is proposed. The exact number of patches in each subset will not necessarily follow the same percentages because patients
contribute unequal numbers of patches. The split should be generated before augmentation, and no patch from a given patient may

cross subset boundaries. This design reduces leakage and provides a more defensible estimate of performance on unseen patients
[13,14].

Model Development

A baseline CNN model will be trained from scratch. Transfer-learning models will include VGG16, ResNet50, MobileNetV2, and
EfficientNetBO0, representing conventional deep convolution, residual learning, efficiency-oriented inverted residuals, and com-
pound scaling, respectively [16-19]. Pretrained ImageNet weights can be used, followed by fine-tuning of selected upper layers.
A sigmoid activation function will be used for binary classification, with binary cross-entropy as the loss function and the Adam

optimizer. Early stopping will be based exclusively on validation-set performance.

Model Evaluation

Performance will be evaluated using accuracy, balanced accuracy, sensitivity, specificity, precision, F1-score, and ROC-AUC. Be-
cause IDC-positive patches represent the minority class, balanced accuracy, sensitivity, F1-score, and ROC-AUC will be empha-
sized rather than overall accuracy alone. All final metrics will be calculated on the untouched patient-level test set after model se-
lection has been completed. Where feasible, 95% confidence intervals should be estimated with resampling performed at the patient

level rather than by treating correlated patches as fully independent observations [13].

Explainable AI

Grad-CAM will be used to visualize image regions contributing to classification decisions [21]. Heatmaps will be generated for
true-positive, true-negative, false-positive, and false-negative examples and overlaid on the corresponding H&E patches. Interpre-
tation will focus on whether highlighted regions overlap with malignant epithelial clusters, stromal interfaces, benign structures,
adipose tissue, or technical artifacts. Grad-CAM is a post-hoc attribution method and should not be interpreted as proof that a high-

lighted region is causally responsible for disease or as a substitute for pathological review [22,23].

Comparative Histological Slides

Figure 1 provides histological orientation for the reader by contrasting representative IDC-negative and IDC-positive H&E-style
morphology. In the IDC-negative panels, the expected features include benign ductal or glandular structures, fibrous stroma, and
adipose tissue without obvious stromal invasion. In the IDC-positive panels, the intended features include increased epithelial cel-
lularity, nuclear crowding or pleomorphism, irregular malignant nests or clusters, desmoplastic stroma, and disruption of normal
architecture. Importantly, the current panel is illustrative rather than an analytic output from the study dataset, it must therefore be

replaced by authentic dataset patches before final submission and should not be interpreted as model evidence (Figure 1).
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Figure 1: Illustrative Comparative Histological Panel. Panels A and B show IDC-Negative H&E-Style Morphology
with Benign Ducts/Glands, Stroma, and Adipose Tissue, Panels C and D show IDC-Positive Invasive Carcinoma-Like
Morphology with Increased Cellularity, Irregular Malignant Epithelial Clusters, Stromal Invasion, and Architectural
Distortion. This Panel is Provided only for Histological Orientation and Manuscript Layout and Must be Replaced by

Authentic Dataset Patches before Final Submission.

Table (1) demonstrates substantial patch-level class imbalance, with IDC-negative patches forming 71.6% of all image patches.
This imbalance justifies reporting balanced accuracy, sensitivity, F1-score, and ROC-AUC in addition to raw accuracy. The table

should not be interpreted as the prevalence of IDC among patients because the unit shown is the image patch, not the patient.

Table 1: Dataset Distribution by IDC Class

Class Interpretation Patches, n Percentage
Class 0 IDC-negative 198,738 71.6%
Class 1 IDC-positive 78,786 28.4%
Total All patches 277,524 100.0%

The patient counts in Table (2) are approximate planning values. Because individual patients contribute different numbers of patches,
a70% / 15% / 15% patient split will not necessarily produce the same percentages of patches. The essential rule is that every patch
from one patient remains within a single subset, exact patient and patch counts should be reported after grouping by patient ID
[13,14].
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Table 2: Proposed Patient-Level Data Partition

Patient Approximate .
Subset . X Patch allocation Purpose
allocation Patients
o Estimated after patient- Model fitting and
Training 70% 113-114 . .
level grouping augmentation.
Estimated after patient- Hyperparameter tuning and
Validation 15% 24-25 p YPerP . g
level grouping early stopping.
) Estimated after patient- Final unbiased performance
Testing 15% 24-25 ) o
level grouping estimation.

Table (3) compares architectures with different design goals: VGG16 provides a deep sequential convolutional comparator,
ResNet50 introduces residual connections, MobileNetV2 emphasizes computational efficiency through inverted residual blocks,

and EfficientNetBO0 uses compound scaling [16-19]. Fair comparison requires the same patient split, augmentation policy, evaluation

protocol, and model-selection rules across architectures.

Table 3: Candidate Deep-Learning Architectures

Model Input strategy Main role Comment
] 50 x 50 or resized Trained from scratch to provide a simple
Baseline CNN Reference model
patches benchmark.
) . Deep sequential convolutional
VGGl6 Resized patches Transfer learning ]
architecture, useful comparator.
. . Residual architecture, often strong in
ResNet50 Resized patches Transfer learning . o
image classification.
. . Efficient transfer Lower computational burden, useful for
MobileNetV2 Resized patches ) ) )
learning deployment-oriented analysis.
. ) Efficient transfer Compound scaling, strong accuracy-
EfficientNetBO Resized patches . .
learning efficiency balance.

Table (4) is a results template and does not yet contain empirical model performance. The completed table should report only metrics
obtained from the untouched patient-level test set. Sensitivity equals TP/(TP+FN), specificity equals TN/(TN+FP), precision equals
TP/(TP+FP), and Fl-score is the harmonic mean of precision and sensitivity. Classification thresholds should be selected using

training/validation data rather than optimized on the final test set, 95% confidence intervals are recommended where feasible [13].
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Table 4: Comparative Model Performance Template

Balanced ROC-
Model Accuracy Sensitivity Specificity Precision F1-score

accuracy AUC
Baseline CNN Pending Pending Pending Pending Pending Pending Pending
VGG16 Pending Pending Pending Pending Pending Pending Pending
ResNet50 Pending Pending Pending Pending Pending Pending Pending
MobileNetV2 Pending Pending Pending Pending Pending Pending Pending
EfficientNetB0 Pending Pending Pending Pending Pending Pending Pending

Note: This table should be completed after model training using the independent patient-level test set.

Figure 2. Class Distribution

Figure 2. Class distribution of IDC-negative and IDC-positive image patches in the public breast histopathology dataset. The chart
shows patch-level counts (198,738 negative and 78,786 positive) and demonstrates the approximately 72:28 class imbalance. These
percentages describe image patches, not patient-level prevalence, because each patient contributes multiple patches. Figures (3-6).
Figures 3-6 are intentionally presented as templates because model training and independent testing have not yet been completed.
They should be replaced with empirical outputs before the manuscript is presented as a completed original research article. Until

then, these elements describe the planned reporting structure rather than observed results.
Expected Results

The data set is likely to exhibit class imbalance. For instance, IDC-negative patches are expected to account for roughly 72% of the
data set, while positive patches would account for the remaining 28%. The use of transfer-learning models is likely to be preferable
to a naive CNN since pretrained networks have been demonstrated to offer relevant hierarchical image features, which can serve as

building blocks for the solution, however, this is an empirical claim, which must be supported by evidence. Performance on patient-

Open Access J Med Healthe /_


https://openpubglobal.com/journal/open-access-journal-of-medicine-and-healthcare

level splits is expected to be lower compared to estimates that used random patch-level splits because patient-level separation will
reduce the risk that patches belonging to the same patient will appear in both development and validation sets [14]. Such an outcome
would be a more realistic generalization error than the one implied by the random splits. Model outputs should be presented using
complementary numerical tables and visual figures. Table (4) should be reserved for summarizing test-set performance only after all
models have been finalized. Confusion matrices will make the pattern of false-positive and false-negative errors explicit, and ROC
curves will compare discrimination across thresholds, but the training/validation curves will document optimization behavior. Grad-
CAM panels will provide a qualitative check of whether the model has attention overlapping with histologically meaningful regions,

but with the caveat that attribution maps should be cautiously interpreted with pathological insight [13,21].
Discussion

This study tackles a challenging task of classification of IDC-positive and IDC-negative breast histology patches with reduced
methodological bias. Notably, while the data set is large at the patch level, it is relatively small at the patient level. This is why
patient-level validation is critical, since patches from the same patient are likely to be confounded by staining, scanning, preparation,
or other factors specific to the case. In other words, if two patches originate from the same patient, their association with positive or

negative outcome may stem not from general applicability but from specific circumstances of that particular case [13,14].
The proposed analysis has several strengths that include the following:

First, the analysis utilizes a large publicly available dataset whose labels are well-encoded. Second, the study benchmarks a
baselines CNN architecture against several well-established transfer-learning-based approaches and not just one model [16-19].
Third, it reports performance using clinically relevant metrics beyond accuracy. Fourth, it leverages Grad CAM visualization to
probe whether the model attends to the expected histopathological regions as a step toward enhancing model interpretations, a
crucial factor for the success of deep learning [21,23-25]. The histological comparison between IDC-negative and IDC-positive
patches is also important, since IDC-negative patches may contain benign ducts, stromal tissue, fat, or regions of non-invasive
tissue, while IDC-positive patches should contain invasive malignant epithelial clusters, nuclear atypia, increased cellularity, and
disruption of normal tissue architecture [4,8]. The model should therefore be evaluated not only in terms of numerical accuracy, but
also in terms of whether its spatial attention is compatible with these features. False classifications are especially insightful, since
they may indicate overlapping of morphologic categories, small foci of tumor, a lack of contextual information, or attention to non-

biological artifacts in the images.
Interpretive Caution for Explain Ability

The Grad-CAM algorithm allows the visualizing of the regions in an image where a convolutional network concentrated class-
related activation, however, the spatial map appears to be relatively coarse and could change depending on the model architecture/
layers chosen. Thus, a visually plausible heatmap should be seen as supportive evidence of model behavior rather than proof of
pathological reasoning. Review of both correct and incorrect classifications is important for finding possible shortcut features and
determining if explanations are consistent with recognizable breast histology [21,22]. The study also had a number of limitations.
The data used was patch-based, which does not include clinical metadata, tumor grade, receptor status, molecular subtype, treatment,
and survival information, and therefore the model is not a complete diagnostic system. The 50x50 pixel patch size may also be too
small to capture context for cases, where stromal invasion or tumor margins need to be considered at a larger scale. Furthermore,
the staining or scanners from the original dataset may impact the ability of the model to generalize to other laboratories, despite
augmentation and normalization. To further evaluate the claim, the analysis could have integrated an external validation set on a

different breast histopathology image dataset, such as BACH or Break His [26,27].
Conclusion

This manuscript describes a novel patient-level deep-learning methodology for the detection of invasive ductal carcinoma in breast

histopathology image patches that employs comparative histological visualization, transfer-learning model validation, rigorous
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patient-level assessment, and grad-cam-based model explanation. The study, if executed properly and reported with methodological

rigor, represents a highly valuable contribution to the literature in digital breast pathology and computer-aided cancer diagnosis.
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