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Abstract—Breast cancer 1S the leading cause of death
for women worldwide, and it is predicted to be an
important factor in public health. Therefore, early and
accurate dete€tion is crucial to enhancing survival rates.
Recently, Magnetic Resonance Imaging (MRI) has be-
come a superior ‘option to)biopsies due to its excep-
tional soft tissue imaging capabilities, making it highly
effective for detecting"and monitoring breast cancer.
However, it requires a competent radiologist to perform
the procedure. The researchers introduce an approach for
breast cancer detection and classification that employs
Graph Convolutional Networks (GCNs) to distinguish
breast MRI images. The combination Dual-Tree Dis-
crete Wavelet Transform (DTDWT) with GCNs enhances
feature extraction, while the Gray-Level Co-Occurrence
Matrix (GLCM) identifies texture patterns distinguishing
normal, benign, and malignant tissues. The research also
employs t-Distributed Stochastic Neighbor Embedding (t-
SNE) for dimensionality reduction, improving pattern
interpretation. This approach classifies the four breast
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cancer types using a dataset comprising 200 Dynamic
Contrast-Enhanced (DCE)-MRI images from Radiopae-
dia, allocated as 160 training and 40 validation instances
in categories including ductal carcinoma, lipoma, triple-
negative breast cancer, and inflammatory breast can-
cer. A comparative analysis confirms the validity of
the approach, which is the first to address these four
categories in MRI. The experimental results indicate
significant improvements, achieving an accuracy of 0.9821
in classifying breast tumors as benign or malignant,
thereby establishing a new diagnostic standard.

Index Terms—Breast Cancer, Gray-Level Co-
Occurrence Matrix (GLCM), Graph Convolutional
Network (GCN), t-Distributed Stochastic Neighbor
Embedding (t-SNE), Dual-Tree Discrete Wavelet
Transform (DTDWT)

I. INTRODUCTION

ECENTLY, breast cancer has become one of the
most common cancers and is a leading cause of
death for women worldwide. According to the World
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Health Organization (WHO), there are a significant
number of women diagnosed with breast cancer every
year. In 2020, there were approximately 2.3 million
women worldwide diagnosed with the disease, and
685,000 died as a result. Due to the rising trend of
this number, it is crucial to have prompt and effective
detection and treatment strategies [1, 2]. Breast cancer
results from the abnormal and unchecked growth of
cells within breast tissue, which can invade surround-
ing tissues and spread to other parts of the body.
Benign tumors tend to develop locally and are not
cancerous, while malignant tumors are cancerous and
can grow out of control [3, 4]. Therefore, the early
detection of breast cancer is a crucial factor that con-
tributes significantly to the reduction in women’s mor-
tality rate due to this disease. Breast cancer screening
has previously included mammography, histopathol-
ogy, Magnetic Resonance Imaging (MRI), ultrasound,
and thermography as imaging methods [5, 6].

However, interpreting medical images is a challeng-
ing task for multiple reasons, including overlapping
breast tissues, variations in mass shapes and sizes,
and the similarity in appearance between benign and
malignant lesions [7]. False negative cases or over-
looked cancers can delay diagnosis and treatment,
whereas false positives or misidentifications can lead
to unnecessary treatment [8]. With increasing sue€ess,
radiologists are utilizing Machine Learning (ML) and
Deep Learning (DL) techniques to successfully-address
these challenges and achieve faster and¢more precise
breast cancer detection. These advancedyapproaches
not only enhance diagnostic accuracy but also signif-
icantly improve patient outcomes, underscoring, their
critical role in the fight against breast cancer. Unlike ra-
diologists, who analyze isolated regions, Al examines
medical images globally at théspixel level, enhancing
diagnostic accuracy4[9].

ML-based breast caneer, classification typically fol-
lows four steps: pre-proeessing,” feature extraction,
model training, and classification. Many variations of
these three steps can be used to attain a good result.
For instance, methods, such as Biogeography-Based
Optimization (BBO), Decision Trees (DT), Fractional
Fourier Transform (FrFT), K-Nearest Neighbor (kNN),
Particle Swarm Optimization (PSO), Support Vec-
tor Machines (SVM), and Wavelet Energy Entropy
(WEE), have been widely used in mammographic
breast cancer detection [10—-12]. Another previous re-
search has performed an extensive examination of
machine learning models designed to predict breast
cancer risks, employing algorithms including SVM,
Random Forest, KNN, and Logistic Regression. Their
models are able to achieve 99.7% accuracy, precision,
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and recall, with SVM outperforming others in most
metrics, to identify critical features and optimize pre-
diction performance for early and reliable detection of
breast cancer [13].

Previous research has introduced a new breast can-
cer diagnosis method called SNSVM, which com-
bines SqueezeNet and SVM. The method gathers
relevant information from mammography images us-
ing SqueezeNet and classifies them with SVM. The
method achieves 94.10% accuracy and 94.30% sensi-
tivity, having a superior performance over state-of-the-
art models, while also boosting early detection of ma-
lignant cases with high computational efficiency [14].
Another study has proposed a hybrid technique for de-
tecting breast cancer earlier bysintegrating ResNet152
for feature extraction anddSVM for classification. The
approach achieves an accuracy@©f 97.62%, a recall
of 98.53%, and a specificity of 94.52%. The main
objective of the ptoposal is to enhance early diagnosis
by capturing Subtle themmal variations that indicate
malignant tissues,[dS].

DL techniques, particularly Convolutional Neural
Networks (CNNs), dhavef gained significant attention
for€ breast ,€ancer detection due to their ability to
learn hiefarchical féatures directly from images. Their
performance isdclosely linked to the availability of
large datasets, which enable them to outperform tra-
ditionaleML. algorithms on complex tasks [16-19].
Several studies have combined CNNs with optimiza-
tion and ensemble techniques to enhance perfor-
mance. ResNet-18, ShuffleNet, and Inception-V3Net
have achieved binary classification accuracies exceed-
ing 99% and multi-class accuracies above 95% on
benchmark datasets such as BreakHis [20]. Another
study has utilized a graph-based approach to represent
ultrasound images as nodes in a graph, weighted by
Spearman correlation coefficients, and applied a Graph
Neural Network (GNN), achieving over 99% accuracy,
precision, and recall [21].

In addition to CNNs, graph models like GCNs
have become a powerful alternative for handling
structured data and capturing relational dependencies.
GCNs utilize both node features and graph topology,
which enables better representation learning on med-
ical datasets [22]. Previous research has proposed a
hybrid approach integrating GCNs with CNNs, devel-
oping a novel framework called BDR-CNN-GCN. The
proposed methodology utilizes Batch Normalization
(BN) and Drop-Out (DO) to optimize the model, re-
sulting in exceptional performance metrics that exceed
96% in accuracy, sensitivity, and specificity [23].

Although advances have been made, there are still
challenges that need to be overcome to develop models
that capture both fine-grained texture details and global
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Fig. 1. Proposed model for breast cancer detectiomand classification. Note: Gray-Level Co-Occurrence Matrix (GLCM), Graph Convolutional
Network (GCN), t-Distributed Stochastic Neighbor Embedding,(t-SNE), Dual-Tree Discrete Wavelet Transform (DTDWT), and Histogram

of Gradients (HOG)

structural information in medical imagess Texture anal-
ysis methods like the Gray-Level Co-occusrence Ma-
trix (GLCM) are widely usedyfor extracting statistical
features from imageptextures, but the Dual-Tree Dis-
crete Wavelet, Transform (DTDWT) can be utilized to
enhance this process byyconserving edges and details,
which are crucialjin determining whether a tissue
is benign or malignant. The integration of advanced
feature extraction techniques with DL architectures
such as GCNs for breast cancer detection has not
been examined in any prior studies, to researchers’
knowledge.

To address the aforementioned issues, a novel graph-
based hybrid framework is proposed for breast cancer
detection from MRI images. The proposal employs
GLCM’s texture analysis and DTDWT’s edge preser-
vation with GCNs to secure effective feature repre-
sentation and classification. In addition, t-Distributed
Stochastic Neighbor Embedding (t-SNE) is utilized
to increase feature visibility and reduce dimensional-
ity. The proposed framework is designed to precisely
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detect and categorize four breast cancer types, such
as Ductal Carcinoma (DC), lipoma, Triple-Negative
Breast Cancer (TNBC), and Inflammatory Breast Can-
cer (IBC).

II. RESEARCH METHOD
A. Proposed Model

The ability to detect breast cancer in a timely and
accurate manner is crucial for maximizing patient sur-
vival rates. Prioritizing early diagnosis ensures the best
possible outcomes. This research presents a decisive
four-phase process that starts with enhancing image
coverage to improve data quality, as shown in Fig. 1.
The MRI images are resampled (interpolating with
512x512 pixels), converted to grayscale, and normal-
ized to remove color information while preserving
luminance.

Since breast cancer has many variations, the research
utilizes a method that is a combination of GLCM and
DTDWT in feature extraction. DTDWT-based features
are frequency-based, and GLCM-based features are
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texture-based, thus giving an overall representation of
the data. Then, subsequently, t-SNE is used to reduce
the dimensionality of the extracted features. Finally,
GCN has been applied to determine whether the cancer
is benign or malignant.

Breast MRI images are often corrupted with noise,
go through intensity inhomogeneities, and have struc-
tural diversity. This situation is where a combination
of pre-processing and feature extraction, which con-
verts high-dimensional features into low-dimensional
features, comes into play. The GCN model achieves
high classification accuracy due to its robustness in
the training set created by extracting both texture
and frequency features. It helps to improve diagnostic
outcomes by combining solid cancer tissue classifiers
into complementary multimodal features for robust
prediction of cancer type.

B. Preprocessing

All images are resized to a uniform resolution
of 256x256 pixels. To eliminate hue and saturation
while preserving luminance, the images are converted
from Red, Green, Blue (RGB) to grayscale. This pre-
processing step ensures consistency and enhances the
quality of the image data for subsequent analysis.

C. Segmentation

Segmentation is the process of separating_objects
from the background in an image. Thé Tresearch
uses it to divide digital mammograms into non-
overlapping regions to distinguish betweembenign and
malignant masses from the background.“The iden-
tification of breast masses isgachieved by ‘employ-
ing various algorithms, which ‘inelude region-based
methods, histogram-based methods,"Markov Random
Field (MRF), cluster-based methodsstemplate match-
ing methods, edge( detection, methods, and others.
The K-means clusteringitechnique, a commonly used
segmentation technique, 1$happlied to investigate and
examine the detailed structures of the breast images
in the experiment, which enables the pinpointing of
regions of interest with precision.

D. Feature Extraction

The extraction of features is crucial in image pro-
cessing and computer vision tasks, as it facilitates the
efficient extraction of useful information from large
amounts of image data for multiple applications. For
effective classification, features need to be discrimi-
nating, computationally efficient, and mutually inde-
pendent. Histogram of Gradients (HOG), GLCM, and
Local Binary Pattern (LBP) are widely used feature ex-
traction methods. LBP can capture texture by studying
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local pixel patterns, HOG provides information about
object shapes through gradient orientation histograms,
and GLCM identifies texture by analyzing spatial
relationships between pixel intensities. Generally, in
breast MRI images, features can be widely catego-
rized into three types: (i) shape-based features (e.g.,
area, circularity, irregularity shape index, perimeter,
and others), (ii) intensity-based features (e.g., mean,
median, variance, skewness, range, standard deviation,
kurtosis, pixel orientation, and others), and (iii) texture-
based features (e.g., contrast, entropy, correlation, clus-
ter shade, inertia, inverse difference moment, cluster
prominence, energy, and others). Feature is extracted
by the following methods. The first one is the intensity
normalization that ensures_eemsistent brightness and
contrast across images. litensity values are internally
normalized using Eq. (1). Her€ I, and o stand
for pixel intensity, intensity, and standard deviation,
respectively.
[ —
—
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Thefnext one is the GLCM. It is a statistical tool
widely useddor extracting and analyzing textures from
imagesh GLLCM evaluates the spatial relationship be-
tween twopixeldntensities and, based on that, provides
a statistical'm@asure of texture features. Analyzing the
ffequeney. of pixels at distance d and angle §, GLCM
can extract distinctive features that characterize the
texture of the image [24].

Let (21, y1) and (z2, y2) be two pixel positions
separated by the distance d and angle 0. The intensity
of a pixel at (x,y) is given by I(z,y). Based on each
pixel of an image, GLCM operates by forming a matrix
where an element (m, n) is the frequency of pixels with
intensities m and n occurring at a specified relative
spatial position. The mathematical representation of the
matrix is given in Eq. (2).

_ H{(M,yl)a(fﬂz,m) \ ]($17y1)
o Number of Pixel Pairs
= ivl(x27y2) = .7}”
Number of Pixel Pairs

P(i, 5)

2

After the matrix is calculated, it is often normalized
to ensure robustness against image size and intensity
variation. A common normalization technique is to
divide each member in the matrix by the total sum
of elements. The normalized matrix is in Eq. (3).

_ P(m,n)
To capture the texture characteristics, several statis-

tical measures can be used in the GLCM. Commonly
used features include:

NP(m,n) 3)
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o Energy: The uniformity of pixel intensity distri-
bution can be achieved by having higher energy
values, as shown in Eq. (4):

Energy = Z Z P(m,n)?

Contrast: The high intensity difference between
neighboring pixels implies substantial variation in

Eq. (5):
Contrast = Z Z(m —n)%.P(m,n).

Homogeneity: The proximity of elements in the
GLCM to its diagonal represents similarity in
pixel intensity in Eq. (6):

Homogeneity = Z Z 1+ \m _ n|

Entropy: The entropy is affected by the texture’s
randomness or complexity, as in Eq. (7):

Entropy = — Z Z P(m,n).log P(m,n). (7)

“)

®)

(6)

Correlation: A linear relationship exists between
pixel intensities, and high correlation values indi-
cate strong dependency in Eq. (8).Here, ji, ,qifjjase
the means, and o, o, are the standard déviations
of the GLCM row and column distribution.

Yo 2om mn.P(m,n) .

040y

The third one is DTDWT. It is a mote advanced
version of the classic Discrete Waveélet Transform
(DWT) method. DTDWT has been designed to address
limitations of DWT like ‘aliasing and distogtion, which
allows it to more effectively extract characteristics of
signals. To decoimposeypa,signal into its approxima-
tion and detail components, DTDWT constructs two
parallel waveletitrees."Each of the components repre-
sents a specific fréguencyiband. Let ) and ¢ be the
wavelet and scaling function. Then, the decomposition
of a mammographic image I(z,y) can be depicted in
Egs. (9) and (10).

A= ZI x,y).
ley

Cor = (®)

)¢(y - Tl),
—m(x

€))

—n).
(10)

Y)Yy

The A and D represent approximation coefficients
and detail coefficients, while m and n represent im-
age dimensions, as part of the decomposition pro-
cess, traditional DWT uses 1/2 down sampling, which
reduces the resolution of the signal without remov-
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ing high-frequency components. These high-frequency
components can fold into lower frequencies, creating
unwanted artifacts and aliasing distortion. DTDWT
overcomes this by performing complementary down-
sampling between the two parallel wavelet trees.

The fourth one is t-SNE. The t-SNE dimensional-
ity reduction algorithm is employed to transfer high-
dimensional data to a low-dimensional space while
ensuring that Euclidean Distances (ED) are retained
as much as possible. It makes it an ideal tool for
clustering and visualization. First, the algorithm turns
the ED into conditional probabilities (P;;) between
data points, which indicates the similarities between
pairs, as indicated in Eq. (11). z; and z; are the data
points in the high-dimensional space. The o; represents
the bandwidth of the Gaussian distribution.

XR( A 7il*/207,)
2ue—1 XD (— | 1|2 /20%)

Second, it is in the“lower-dimensional space. The
similarities ar€ modelled by the t-distribution as indi-

cafed in Eq. (12). The y; and y; are the mapped points
in the lower-dimensional space.

(1 + Hym - yn||2)_1
Yonmt (L lye —wil[?) 1

Thied, the t-SNE algorithm works by minimizing the
Kaullback-Leibler (KL) divergence. Therefore, it brings
the two distributions closer together, as indicated in
Eq. (13). This optimization process ensures that the
local structure of the data is preserved during the
dimensionality reduction.

L(P||Q) = ZZPW log (

The last one is GCN. GCN utilizes spectral graph
theory and message-passing frameworks to expand the
use of traditional CNNs beyond Euclidean spaces.
The main concept of GCN is based on the graph
representation of data, with nodes representing pixels
or Region of Interests (ROIs) in an MRI image, and
edges indicating spatial, textural, or functional relations
between them. GCN is used to make more accurate
decisions in breast cancer detection, as shown in Fig. 2.

In breast MRI, GCNs are adept at modelling hi-
erarchical spatial relationships (e.g., tumor bound-
aries, parenchymal distortion) and multimodal correla-
tions (e.g., T1/T2-weighted, Diffusion-Weighted Imag-
ing (DWI), or Dynamic Contrast-Enhanced (DCE) se-
quences) with the help of adaptive graph structures. For
instance, nodes can represent super pixels with features
derived from intensity, texture, or pharmacokinetic
parameters, while edges encode proximity or similarity
in enhancement profiles.

Pmn = (11)

(12)

an =

13)
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Fig. 2. Graph Convolutional Network (GCN) for breast cancer classification.

TABLE I
DESCRIPTION OF MAGNETIC RESONANCE IMAGING (MRI)
IMAGES FOR DUCTAL CARCINOMA (DC), LIPOMA,
TRIPLE-NEGATIVE BREAST CANCER (TNBC), AND
INFLAMMATORY BREAST CANCER (IBC).

Training Validation

Classification

Benign
100

Malignant
60

Benign
24

Malignant
16

Cancer Classification

E. Dataset Formation

The research relies on data fromdMRI datasets
obtained from Radiopaedia (https://radiopaedia.org/
articles/breast-mri). The datasets consist® of well-
organized mammograms labele@hby a group of expert
radiologists of DCE-MRI images:The cleaned dataset
have 200 images with four categories of breast cancer:
DC, Lipoma, TNBC, and IBC;“shéwn:inyTable 1.

DC is a form of“cancer that happens when abnor-
mal cells develop in thejlining of the milk duct and
spread beyond the walls“of, the “duct. The grade of
DC can be determined by how)closely the cancer cells
resemble noncancerous cells, with grade 1 being well-
differentiated, grade 2 being moderately differentiated,
and grade 3 being poorly differentiated [25, 26].

The formation of lipoma is caused by an overgrowth
of fat cells, which is non-cancerous and benign. The
development of these growths is commonly observed
in the fatty subcutaneous tissue. Soft and minimally
painful lipomas normally exist as movable lumps that
lack a defined form. Medical evaluation can confirm
the benign nature, even though lipomas create no health
danger [27].

TNBC is recognized as the most aggressive subtype
of invasive breast cancer. Unlike other types, TNBC
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grows and metastasizes at a faster rate, making it more
difficult to treat: Becauselof. its rapid progression and
limited treatmentyoptions, TNBC is classified as a very
aggressiVe type of breast e¢ancer and requires prompt
and targeted intervention [28, 29].

IBC is afrare and highly aggressive type of breast
cancer  that resultS§ in the obstruction of lymphatic
vessels in‘the breast skin by cancer cells. The term ‘in-
flammatory “describes the typical symptoms of breast
swelling, fedness, and inflammation that give the breast
its distinctive appearance. The majority of IBC cases
are classified as invasive ductal carcinoma, as they
originate from the cells that line the breast ducts and
then spread to other areas [30].

F. Design Simulation

The implementation environment is built at Google
Colab using Python 3.10, Pytorch version 2.0.1, Py-
Torch Geometric version 2.4.0, and CUDA. This setup
provides enough computational resources to conduct
the evaluation experiments efficiently.

For the experiments, input images in *png, *jpg,
and *bmp formats are accepted. To ensure device
compatibility, the input images are transformed into
a suitable color space. Then, using K-means clustering
in *a*b space, three color clusters are generated. The
calculated pixel distances within these clusters are
based on the ED metric. Following the clustering
process, each pixel in the image receives labels from
the K-means results, which result in an RGB-labeled
image. This method results in a clear and efficient
workflow by systematically organizing and analyzing
the clustered image data.

A combination of GLCM and DTDWT is utilized
to extract features from a test image due to the di-
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verse nature of breast cancer. The framework is de-
veloped to extract texture and multi-resolution features
from breast cancer images, including mammograms, to
identify benign tumors and those that are malignant.
Thirteen features are retrived from the given image:
(1) contrast, (2) energy, (3) correlation, (4) mean, (5)
homogeneity, (6) entropy, (7) standard deviation, (8)
variance, (9) Root Mean Square (RMS), (10) skew-
ness, (11) smoothness, (12) Inverse Differential Motion
(IDM), and (13) kurtosis. The training dataset for
DC, Lipoma, TNBC, and IBC images is organized
into a 160x13 matrix. To accurately classify breast
cancer, the validation set images have been arranged
into a 40x 13 matrix using a systematic approach. It
ensures a comprehensive and structured dataset for
each category.

The GLCM features are obtained by utilizing socket-
image’s function, which is called gray comatrix. For
GLCM feature extraction, the researchers compute 13
Haralick features (contrast, energy, homogeneity, and
others) across 4 angles (0°, 45°, 90°, 135°) and 3 pixel
distances (1, 3, 5) using overlapping 32x32 patches
(50% overlap), generating 1,476-dimensional feature
vectors per image. DTDWT features ae extracted via
3-level decomposition (Q-shift filters), yielding 72-
dimensional mean/variance descriptors of subband cox
efficients.

The DTDWT implementation leveragesy Coldb’s
Graphics Processing Unit (GPU) acceleration through
the CuPy-optimized dtcwt packagé€.” Three, levelsyof
decomposition are conducted ondach MRI scan, using
near-symmetric Q-shift filters. It results 46 directional
subbands per level. To execute the expetiment, Colab’s
high-Random Access Memory (RAM) mode (24 GB)
is utilized to handle memory-intensive wavelet compu-
tations. Mean andmvasiance of eoefficient magnitudes
are computed for' each subband) generating a 72-
dimensional feature vector per image.

For the t-SNEjanalysis, Colab’s GPU-accelerated
implementation from, scikit-learn is used, reducing
the combined 1,476-dimensional GLCM and DTDWT
features to 13 dimensions. A feature cache system is
constructed that stores them on Google Drive after
every successful run and includes checksums to verify
data integrity, so that t-SNE results can be replicated.

For dimensionality reduction, the combined 1,476-
D feature vectors are processed with t-SNE (per-
plexity=25, learning_rate=200, n_components=32) ex-
clusively on the training set to prevent data leak-
age. The reduced features are used to construct k-
NN graphs (k=8 edges/node) where nodes represent
Simple Linear Iterative Clustering (SLIC) superpixels
(256 per image), and edges encode spatial proxim-
ity (10mm threshold). The GCN architecture com-
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TABLE II
EXPERIMENTAL SETUP FOR TRAINING PARAMETERS.

Parameters Value

Learning rate 3x 107 (AdamW)

Batch size 8 (GCN), 32 (CNN)
Epoch 40
Hidden dimensions [64, 32, 16]
Dropout rate 0.3
t-SNE dimensions 32

Note: Convolutional Neural Network (CNN),
Graph Convolutional Network (GCN), and t-
Distributed Stochastic Neighbor Embedding (t-
SNE).

prises three graph convolutional layers (64—32—16
channels) with batch normalization, Rectified Linear
Unit (ReLU) activation,“and dropout (p=0.3). Train-
ing uses AdamW(Ir=3e*_aweight_decay=1e~*), with
label smoothing (@=049) and 50 epochs.

The evaluation of the dataset'is achieved by splitting
it into agtraining and teStysef with an 80/20 split ratio.
It enables reliable"model training and validation. This
division not'only ensures that there is enough data for
fraining, but also allocates a specific amount of unseen
data te'be evaluated. After the feature extraction step, a
graph-based deep learning method, GCN is applied to
distinguish' the affected breast from the normal breast.

A tofal of 255 embedding spaces are used to em-
bed the MRI images. The graph-based architecture
has hidden layers for the GCN that are configured
with 32 and 64 units, respectively. The two hidden
layers are equipped with ReLU activation functions,
while the output layer uses the softmax function for
binary classification. The categorical cross-entropy loss
function is employed to train the model, which is
then optimized with the Adam optimization method.
Table II provides a summary of the experimental setup
for training parameters.

III. RESULTS AND DISCUSSION

The proposed method holds great potential for the
detection of breast cancer and the accurate classifica-
tion of breast MRI images. It utilizes a combination
of GLCM and DTDWT for feature extraction. After
feature extraction, t-SNE is used to reduce the dimen-
sionality of the data and improve efficiency. Finally,
GCN is employed for classification. For evaluation
purposes, four kernel types are employed: Radial Basis
Function (RBF), linear, polynomial, and quadratic.

The analysis is done on four distinct 256x256
image datasets: (i) DC MRI image, (ii) lipoma MRI
image, (iii) TNBC MRI image, and (iv) IBC MRI
image. Accurate segmentation of breast MRI images
is essential for the identification and diagnosis of
abnormalities. A random selection process is used. It
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(a) Input 1

Predicted Class: Ductal Carcinoma

(c) Input 3

Predicted Class: Ductal Carcinoma ~ Predicted Class: Ductal Carcinoma

L

(d) Output 1 (e) Output 2 (f) Output 3

Fig. 3. (A-C) the input of breast Magnetic Resonance Imaging
(MRI) image and (D-F) the output of the cancer region and Ductal
Carcinoma (DC) classification.

(a) Input

predicted Class: Li

1

(d) Output 1 (e) Output 2 (f) Qutput.3

Fig. 4. (A-C) the input of breast Magnetic Resonance dimaging
(MRI) image and (D-F) the output of the cancer region,and lipoma
classification.

(a) Input 1

Predicted Class: Triple Negative

(b) Input 2

predicted Class\iHipl@iNegative

(c) Input 3

predicted Class: Tr

(d) Output 1 (e) Output 2

(f) Output 3

Fig. 5. (A-C) the input of breast Magnetic Resonance Imaging
(MRI) image and (D-F) the output of cancer region and Triple-
Negative Breast Cancer (TNBC) classification.

randomly selects abnormal breast MRI images from a
dataset and classifies them based on their likelihood of
containing cancerous tissue.

(a) Input 1

Predicted Class: Inflammatory Breast Cancer

(b) Input

Predicted Class: I Breast Cancer

(c) Input 3

Predicted Class tory Breast Cancer

I\
(d) Output 1 (e) Output 2 (f) Output 3

Fig. 6. (A-C) the input of breast Magnetic Resonance Imaging
(MRI) image and (D-F) the outputof cancer region and Inflammatory
Breast Cancer (IBC) classification.

Recognizing thesdistinction between benign and ma-
lignant cancers/s crucial, as benign’cancers are usually
stationary and \can_dbe“safely removed by surgery.
Comparedito benign cancers, malignant cancers are
very aggressive and,quiekly spread to neighbouring
tissues. Thedusual treatment for patients with malig-
nant “caneérs is radiation therapy and chemotherapy
toneliminate theit cancer cells. Furthermore, malig-
nant cancersifrequently recur after treatment and are
unlikely _to be cured. In these situations, physicians
concentrate on controlling symptoms and extending the
patient’s lifespan. The effectiveness of this treatment is
significantly influenced by the accuracy of detection.
By utilizing this approach, it is possible to distinguish
benign cancers from malignant cancers on MRI im-
ages, which is a reliable tool for enhancing diagnostic
accuracy and patient outcomes. This method leverages
a hybrid framework that integrates GLCM for extract-
ing texture-based features like contrast, energy, and
homogeneity, alongside DTDWT for frequency-based
edge preservation, ensuring a comprehensive repre-
sentation of tissue characteristics. These features are
then reduced in dimensionality using t-SNE to improve
interpretability and efficiency, before being processed
by a GCN that models relational dependencies for pre-
cise classification. This integrated framework enables
precise differentiation between benign and malignant
cases, while also facilitating categorization into key
subtypes including DC, lipoma, TNBC, and IBC, ulti-
mately aiding in earlier detection and more informed
clinical decision-making.

A. Simulation and Observation/Output of Simulation

The results (as depicted in Figs. 3-6) are obtained
by simulating each image. This demonstration is fo-
cused on accurately classifying breast cancer cases and
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77.16 74.56 71.46
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. 7391 72.23 71.38
Cancer Classifi 8791 85.89 83.62
96.25 95.82 94.89

and evaluate how thetUmethod distinguishes between
different categories. In particular, the visualizations
illustrate the separability of feature representations and
the consistency of prediction outcomes across the test
samples. These also provide insight into the model’s
ability to capture discriminative texture and structural
characteristics from MRI images for reliable decision-
making. These visual outcomes present evidence of
the GCN’s ability to capture subtle texture and struc-
tural differences in MRI images, which supports the
claim of superior diagnostic performance compared to
traditional approaches. Overall, this simulation-based
evaluation underscores the robustness of the inte-
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ce Matrix (GLCM), Graph Convolutional Network (GCN), t-Distributed Stochastic Neighbor
e Discrete Wavelet Transform (DTDWT).

grated GLCM-DTDWT-t-SNE-GCN pipeline in han-
dling real-world variations in breast MRI data.

B. Evaluation of the Model using Ductal Carcinoma
(DC) MRI Image Dataset

Figure 7 and Table III show the classification of
abnormalities within DC MRI image. The dataset for
classifying DC is constructed from 200 images, where
160 images are used for training, and 40 images are
utilized for validation. By performing simulations on
selected images, the proposed method allows the re-
searchers to distinguish between normal breast tissues
and abnormal ones. A comprehensive assessment of
the classification outcomes, including accuracy mea-
surement, has been provided for four kernels: RBF,
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TABLE IV

AVERAGE ACCURACY FOR LIPOMA MAGNET

IC RESONANCE IMAGING (MRI) IMAGES.

Lipoma MRI Images

Classification Method
RBF (%) Linear (%) Polynomial (%) Quadratic (%)
GLCM 78.23 717.76 75.86 73.11
Abnormality Classification GLCM+DTDWT 85.12 83.06 82.37 81.26
GLCM+DTDWT+t-SNE 90.45 89.37 88.31 87.05
GLCM+DTDWT+t-SNE+GCN 98.07 97.92 96.88 95.58
GLCM 70.81 68.33 67.02 64.44
Cancer Classification GLCM+DTDWT 78.32 76.81 75.33 73.88
GLCM+DTDWT+t-SNE 91.05 89.31 87.89 86.98
GLCM+DTDWT+t-SNE+GCN 97.82 96.25 95.12 94.09

Note: Gray-Level Co-Occurrence Matrix (GLCM), Graph Convolutional Network (GCN), t-Distributed Stochastic Neighbor
Embedding (t-SNE), and Dual-Tree Discrete Wavelet Transform (DTDWT).
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oven to be successful
abnormal breast MRI

and Fig. 7. The method 1
in distinguishing normal fro
images.

For cancer classification of DC MRI Images, normal
and cancerous breasts are first identified and classified.
In the second step, four types of cancer are classified
by analyzing the patterns of only cancerous images.
In determining the cancer pattern, each class of cancer
has been taken into account. In the case of DC, 60 ma-
lignant breasts are taken for the training set. Then, 16
malignant breasts are taken for the validation set. The
designed simulation is able to accurately classify DC
breast cancer. The mathematical analysis is detailed in
Fig. 7.
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ncer detection using lipoma Magnetic Resonance Imaging (MRI) image. Note: Gray-Level
ional Network (GCN), t-Distributed Stochastic Neighbor Embedding (t-SNE), and Dual-

C. Evaluation of the Model using Lipoma Magnetic
Resonance Imaging (MRI) Image Dataset

The dataset used to classify lipoma MRI images
consists of 200 images, of which 160 are used for
training and 40 for validation. The proposed method
distinguishes between normal and abnormal breast tis-
sue with the use of simulated images of selected cases.
Table IV and Fig. 8 demonstrate the detailed results
of a comprehensive evaluation of classification perfor-
mance for four kernel methods: RBF, linear kernel,
polynomial kernel, and quadratic kernel. The results
confirm that the accuracy improvement for detection
and cancer classification for all kernels is achieved
by using GLCM, DTDWT, SNE, and GCN methods,
leading to continuous improvements.
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TABLE V
AVERAGE ACCURACY FOR TRIPLE-NEGATIVE BREAST CANCER (TNBC) MAGNETIC RESONANCE IMAGING (MRI) IMAGES

TNBC MRI Images

Classification Method
RBF (%) Linear (%) Polynomial (%) Quadratic (%)
GLCM 77.88 76.67 75.42 73.71
Abnormality Classification GLCM+DTDWT 86.42 84.06 83.57 81.26
GLCM+DTDWT+t-SNE 91.35 88.97 87.25 86.62
GLCM+DTDWT+t-SNE+GCN 99.05 98.25 97.78 96.76
GLCM 72.61 70.65 68.32 66.75
Cancer Classification GLCM+DTDWT 86.32 85.81 84.37 81.73
GLCM+DTDWT+t-SNE 96.05 95.41 94.59 92.65
GLCM+DTDWT+t-SNE+GCN 98.80 97.66 96.86 95.77

Note: Gray-Level Co-Occurrence Matrix (GLCM), Graph Convolutional Network (GCN), t-Distributed Stochastic Neighbor
Embedding (t-SNE), and Dual-Tree Discrete Wavelet Transform (DTDWT).
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Fig. 9. Average accuracy in abnoi
(MRI) image. Note:
Embedding (t-SNE),

ity and cancer detection using Triple-Negative Breast Cancer (TNBC) Magnetic Resonance Imaging

Wavelet Transform (DTDWT).

For lipoma i cancer classification, the sification tasks.
experimental proce uses a two-phase classification

procedure similar to DC analysis. The initial task D. Evaluation of the Model Using Triple-Negative

18 ltol d1st;1ngu1sh nornlljal br.eastbFlssue ﬁrorr.lﬁabr.lor- Breast Cancer (TNBC) Magnetic Resonance Imaging
mal lymphoma cases by using binary classification. (MRI) Image Dataset

Subsequently, a detailed classification of four specific
malignancy types is conducted by analyzing patterns
in confirmed cancerous lymphoma images. In order to
maintain consistency with the other cancer analyses,
the training set contains 60 malignant lipoma cases,
and the validation set includes 16 cases. The results

The dataset for the classification of TNBC MRI
images includes 160 images for training and 40 for
validation. A comprehensive evaluation of classifica-
tion performance performed for four kernel methods
similar to DC and Lipoma is shown in Table V and
shown in Fig. 8 confirm the method’s robustness Fig. 9, with detailed results. It is confirmed from
across different breast pathology types. The combined the results that integratin.g GLCM, DTDWT, SNE,
GLCM+DTDWT+t-SNE+GCN approach consistently and GCN methods results in continuous improvements

delivers superior performance for lipoma cancer clas- 10f TNBC abnormality anfl cancer classiﬁ({ation for
all kernels. TNBC’s superior performance is due to
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TABLE VI
AVERAGE ACCURACY FOR INFLAMMATORY BREAST CANCER (IBC) MAGNETIC RESONANCE IMAGING (MRI) IMAGES

IBC MRI Images

Classification Method
RBF (%) Linear (%) Polynomial (%) Quadratic (%)
GLCM 79.23 78.76 77.86 75.11
Abnormality Classification GLCM+DTDWT 85.12 83.06 82.37 81.26
GLCM+DTDWT+t-SNE 90.45 89.37 88.31 87.05
GLCM+DTDWT+t-SNE+GCN 98.07 97.92 96.88 95.58
GLCM 70.81 68.33 67.02 64.44
Cancer Classification GLCM+DTDWT 78.32 76.81 75.33 73.88
GLCM+DTDWT+t-SNE 91.05 89.31 87.89 86.98
GLCM+DTDWT+t-SNE+GCN 97.82 96.25 95.12 94.09

Note: Gray-Level Co-Occurrence Matrix (GLCM), Graph Convolutional Network (GCN), t-Distributed Stochastic Neighbor
Embedding (t-SNE), and Dual-Tree Discrete Wavelet Transform (DTDWT).

GLCM’s capacity to comprehend TNBC’s distinctive
texture patterns, DTDWT’s efficacy in evaluating its
irregular tumor margins across multiple levels, t-SNE’s
capability to manage TNBC'’s high-dimensional feature
space, and GCN’s ability to model its complex spatial
relationships.

For TNBC MRI image cancer classification, the
experimental approach is a two-stage classification
framework similar to the DC and Lipoma analyses.
A total of 60 TNBC cases are allocated for train-
ing and 16 cases for validation to ensure method-
ological consistency with the other studies. Figure 9
demonstrates the effectiveness of the method forgthis
aggressive breast cancer classification. The integrated
GLCM+DTDWT+SNE+GCN method is patticularly
effective in TNBC classification becausedit'is capable
of capturing TNBC’s characteristic itregular tumor
morphology through DTDWT’s multi-scale, dnalysis,
handling its heterogeneous imaging patterns_through
t-SNE’s dimensionality reduction, and modelling its
aggressive spatial growth patterns using GCNss.

E. Evaluation of théeModel'Using Inflammatory Breast
Cancer (IBC) Magnetie, Resonance Imaging (MRI)
Image Dataset

The IBC MRI image dataset’is designed to identify
breast image abnormalities. It comprises 160 images
for training and 40 for validation. The technique is
evaluated in experiments to assess its ability to distin-
guish between normal and abnormal cases. Table VI
and Fig. 10 demonstrate the approach’s ability to detect
abnormalities in breast MRI images accurately. The
results can confirm that the combination of GLCM,
DTDWT, t-SNE, and GCN performs better than all
other combinations for all types of kernels.

For IBC MRI image cancer classification, identical
approaches to those used in the DC, Lipoma, and
TNBC studies are employed. The use of 60 images
for training and 16 images for validation of malignant

40

cases helps the researchers tesmaintain methodological
consistency across cancer€lassification. The simulation
framework is able to achieve afprecise classification
of the IBC, with complete“performance metrics and
methodological details, shown in Figf 10. These results
confirm that this approachncan tackle IBC diagnostic
issues through ‘multi-scale feature analysis and spatial
relationship modelling.

F. Diseussion

Table VI presents a performance comparison be-
tween this ‘pfoposal and existing methods, focusing
exclusively, on accuracy metrics for breast cancer
detection and classification tasks. This results high-
lights how the proposed hybrid framework integrating
GCN with advanced feature extraction techniques:
GLCM, DTDWT, and t-SNE stacks up against prior
state-of-the-art approaches across various datasets and
models. Compared to prior works, it outperforms
models like DUALCORENET (93% on INbreast,
85% on Digital Database for Screening Mammog-
raphy (DDSM)) [17], You Only Look Once-based
Computer-Aided Detection/Diagnosis system (YOLO-
based CAD) (95% on INbreast) [18], basic GCN (81%
on Mammographic Image Analysis Society database
(MIAS)) [22], ResHist (84.34% on BreakHis) [31],
Deep Learning Assisted Efficient AdaBoost Algorithm
(DLA-EABA) (97.2% on private) [32], and ResNet-
50 (93% on INbreast) [33], while being competitive
with U-Net 3+ (98.47% on INbreast) [16]. This su-
periority arises from the method’s ability to integrate
complementary multi-scale features and graph-based
propagation.

The main contributions of this proposal are sum-
marized as follows. First, a graph-based hybrid deep
learning method is proposed that can efficiently detect
and classify four types of breast cancer. Second, by
combining GLCM’s powerful texture analysis with
DTDWT’s superior edge and detail preservation, this
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ODS BASED ON ACCURACY.

Ref. Dataset Learning Approag Techniques  Prediction Classes Accuracy
[16] INbreast FFDM U-Net 3+ Benign/Malignant 0.9847
[17] INbreast R Benign/Malignant 0.9300
[18] INbreast Benign/Malignant 0.9500
[22] MIAS Benign/Malignant 0.8100
[31] BreaKHis Benign/Malignant 0.8434
[32] Private - Benign/Malignant/Normal 0.9720
[33] INbreast - Benign/Malignant 0.9300
Proposal  Private DTDWT+GLCM+t-SNE Benign/Malignant 0.9821

Learner (LPL),

hybrid approach assification accuracy, en-
abling more precis entification of cancerous re-
gions. Third the combination of t-SNE with GLCM
and DTDWT enhances breast cancer detection by im-
proving feature representation and visualization. Last,
by evaluating benchmark datasets, a comprehensive
evaluation shows that the proposed framework has
superior performance when compared to state-of-the-
art methods.

IV. CONCLUSION

In the research, GCN is proposed as a ML-
framework designed for breast MRI image classifica-
tion. The classification system effectively distinguishes
cancerous from non-cancerous cases by accurately
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al Network (CNN), Gray-Level Co-Occurrence Matrix (GLCM), Graph Convolutional

er (CGL), and Region of Interest (ROI).

separating benign cancer from malignant ones. The
implementation involves the incorporation of texture
features into GLCM and DTDWT, t-SNE-based di-
mensionality reduction, and graph convolutional net-
works for classification. The developed classifica-
tion approach demonstrates effectiveness in MRI im-
age classification for DC, Lipoma, TNBC, and IBC
while handling both neoplastic and degenerative can-
cer types. The experimental results confirm that the
integrated GLCM+DTDWT+t-SNE+GCN framework
consistently outperforms conventional feature extrac-
tion and classification methods. The proposed model
achieves an average classification accuracy of 98.21%,
with cancer detection accuracies of 97.82% for DC,
97.82% for Lipoma, 98.80% for TNBC, and 97.82%
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for IBC across multiple kernel functions (RBF, linear,
polynomial, and quadratic). These outcomes demon-
strate the robustness, reliability, and generalizability of
the proposed method, underscoring its potential as a
dependable diagnostic tool in medical imaging.

Although the proposed breast cancer diagnosis
method demonstrates promising performance in distin-
guishing benign from malignant tissues and classifying
key subtypes on MRI images, it requires validation on
larger, more diverse, multi-center datasets to confirm
generalizability, address potential biases, and meet
clinical and regulatory standards for approval. Future
efforts can prioritize such large-scale prospective test-
ing, external validation across diverse imaging proto-
cols and populations, and real-world performance as-
sessment to support safe and effective clinical integra-
tion. In addition, future research can examine the trans-
ferability of this hybrid approach leveraging GLCM
texture features, DTDWT multi-resolution analysis, t-
SNE dimensionality reduction, and GCN relational
modeling to additional malignancies, including lung,
colon, and prostate cancer, to determine its broader
utility in multi-cancer early detection and precision
oncology.
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