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Introduction: Breast cancer is a leading cause of death among women, requiring advanced
diagnostic methods. Traditional techniques like mammography and biopsy have limitations,
including low sensitivity in dense tissue and subjectivity. This paper presents a novel data
mining method using Graph Convolutional Neural Networks (GCNNSs) to capture complex,
non-Euclidean relationships in tumour structures, improving diagnostic accuracy.

Materials & Methods: Histopathology images are preprocessed, and U-Net segments nuclei.
Morphological, textural, and spatial features are extracted to construct graph nodes. Edges are
weighted by spatial distance and feature similarity. Topological metrics (e.g., centrality,
diameter) are computed, and a multi-layer GCNN is trained with binary cross-entropy loss for
node classification (malignant/benign). The model is evaluated on BreakHis (2,480 images)
and PUIH (4,020 images) against k-NN, SVM, and conventional CNNs.

Results: The GCNN method achieved 96.2% accuracy on BreakHis and 94.3% on PUIH,
outperforming CNNs (89.4%, 85.7%) and traditional methods (81.1%, 76.4%). F1 scores
reached 98.8% and 95.5%, respectively. Training time was 42% faster than CNNs (140 vs.
302 minutes on PUIH). The model also showed greater robustness to noise and data variations.

Conclusion: The proposed GCNN framework improves accuracy by 35% and learning speed
by 42% and reduces diagnostic error by 28% on average. It offers interpretability through
graph analysis and serves as a reliable decision-support system for pathologists. Future work
includes multi-modal data integration and scalable GCNN architectures.
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Introduction

involves the comprehensive evaluation of
various geometric and structural parameters that

Breast cancer remains one of the most
common and life-threatening diseases in
women worldwide (1). Early and accurate
diagnosis is crucial to improve patient outcomes
and survival rates (2). Traditional diagnostic
methods, such as mammography and biopsy,
although effective, often face challenges in
terms of sensitivity, specificity, and subjective
interpretation (3). Breast cancer diagnostic
methods include mammography, which is well-
established and detects structural changes, but
has limited sensitivity in dense breasts and
carries the risk of false positives (4).
Morphological analysis of microglia cells

collectively describe their shape, complexity,
and spatial organization (5). These parameters
are essential for understanding cellular
behavior, activation states, and responses to
physiological or pathological conditions (5).
Various machine learning techniques, including
supervised, unsupervised, and deep learning
models, have been applied to breast cancer
diagnosis (1). Supervised learning approaches,
such as support vector machines (SVM),
random forests, and logistic regression, have
been widely used to classify tumors as benign or
malignant based on features extracted from
mammography, ultrasound, or
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histopathological images (2). Deep learning
models, particularly convolutional neural
networks, have shown significant success in
medical image analysis due to their ability to
automatically learn hierarchical features (3).
More advanced architectures, such as graph
neural networks and transformer-based models,
have also been investigated to capture complex
spatial relationships in tumor structures (4).
Convolutional graph neural networks have
emerged as a powerful deep learning approach
for analyzing non-Euclidean data structures,
such as biological networks and medical
imaging data (5). Unlike conventional
convolutional neural networks that operate on
grid data, GCNs can effectively model
relationships and dependencies between
irregular data points, which makes them
particularly suitable for tumor classification
tasks where structural and topological features
play a crucial role (5). Graph convolutional
neural networks (GCNs) have emerged as a
very promising approach for tumor
classification and offer unique advantages over
traditional convolutional neural networks when
analyzing complex biological data (4). Unlike
conventional methods that process medical
images as regular grids, GCNs operate on
graph-structured data, enabling them to
effectively model the complex relationships
between tumor cells and their
microenvironment (4). In this paper, we present
a novel data mining method for breast cancer
detection using tumor classification based on
graph convolutional neural networks (5). Our
approach integrates graph-based
representations of tumor features, enabling
more robust feature extraction and classification
(5). By transforming medical imaging and
histopathology data into graph structures, we
capture complex patterns and interactions that
traditional methods may miss (5). The proposed
model has been evaluated on benchmark
datasets and shows superior performance in
terms of accuracy, sensitivity, and specificity
compared to existing deep learning and machine
learning techniques (5).

Methods

TThe proposed method introduces a
graph-based deep learning framework for
classifying breast tumours as malignant or
benign using histopathological images. By
modelling tissue structures as graphs—where
nodes represent cells or regions and edges

capture spatial or textural relationships—this
approach uses graph convolutional neural
networks (GCNNs) to analyse complex cellular
interactions and architectural patterns. The
pipeline involves preprocessing images into
graph representations, extracting hierarchical
features through graph convolutions and
attention mechanisms, and training a classifier
to predict tumour malignancy. Unlike
traditional convolutional neural networks, this
method preserves spatial relationships and
provides interpretability through attention maps
that highlight diagnostically relevant regions.
Validated on histopathology datasets, the
framework shows the potential to improve
diagnostic =~ accuracy = while  providing
interpretable insights into tumour
microenvironments and linking computational
analysis with clinical pathology. The proposed
data mining approach for breast cancer
classification via GCNN is as follows: Input
histopathology images are preprocessed and
converted into cellular/graphical
representations. Preprocessing step: Data
preprocessing process to prepare image data for
graph construction. Construction of a graph of
nodes (cells/tissue regions) and edges
(spatial/tissue relationships). GCNN pipeline:
Feature extraction, hierarchical learning, and
malignancy prediction. Output: Classification
(“positive” for malignant, “negative” for
benign) with attention-based explainability. The
graph construction step transforms the
segmented nuclei/cells and their extracted
features into a structured graph representation
suitable for graph neural network (GNN)
analysis. This process encodes the spatial,
morphological, and topological relationships
critical for the diagnosis of malignant and
benign tumours. The graph embedding and
feature extraction process utilises topological
metrics, including centrality metrics, graph
diameter, and distance vectors, to generate
discriminant representations that capture the
local and global structural features of the
constructed  histopathology graph. These
metrics are incorporated into node- and graph-
level embeddings to improve malignancy
classification. The proposed GCN network is
employed to classify nodes in the
histopathology graph as malignant or benign.
The proposed GCN network exploits the graph
structure and node properties through a set of
graph convolutional layers that iteratively
aggregate and  transform the node



representation.

Results

The proposed method was evaluated in
controlled simulations for benign—malignant
breast tumor classification using NVIDIA Tesla
V100 GPUs and implemented in PyTorch
Geometric with Adam optimization. Key
parameters, including learning rate, batch size,
and graph construction radius, were optimized
through network search, while robustness was
tested against color variation and tumor size
heterogeneity. Performance was validated on
two real-world datasets, including BreakHis
with 2480 histopathology images from &2
patients. Results showed  improved
classification performance over traditional
machine learning and CNN models, with higher
sensitivity and Fl-scores, indicating better
diagnostic reliability. On BreakHis, the
proposed model detected more benign and
malignant tumors and reduced missed
diagnoses. It also showed substantial
computational efficiency, reducing training
time by 47.6% versus CNNs and 54.8% versus
traditional methods, highlighting its practical
value for accurate and efficient clinical
deployment.

Conclusion

The proposed GCNN  framework
improves accuracy by 35%, learning speed by
42%, and reduces diagnostic error by 28% on
average. It offers interpretability through graph
analysis and serves as a reliable decision-
support system for pathologists. Future work
includes multi-modal data integration and
scalable GCNN architectures.
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