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ABSTRACT

Classification of brain tumors based on MRI is essential in neuro-oncology. Conventional CNN algorithms
treat images as structured grids and do not necessarily consider spatial interaction between image regions.
In our paper, we develop a method that represents an MRI image through a graph structure, treating image
regions as graph nodes associated with feature vectors and modeling interactions between regions through
weighted edges. We experimentally compare GCNs with the proposed GAT model, which incorporates
edge features into the attention mechanism. We evaluate their ability to classify three classes of tumors,
namely glioma, meningioma, and pituitary tumors, achieving a classification accuracy of 77.37%, which
surpasses the performance of GCN (71.53%) and conventional approaches (76.67%). Our spectral analysis
of graph node features shows that different structures characterize each tumor type. Moreover, the proposed
attention mechanism allows us to visualize diagnostically valuable areas of the image.

Keywords: MRI, Brain Tumor Classification, Graph Neural Networks, Graph Attention Networks,

Spectral Graph Properties
1. INTRODUCTION

Brain tumors represent one of the most important
classes of neurodegenerative disorders from simple
benign tumors to more complex malignant tumors.
It is important to have proper and timely
classification of brain tumors to help in treatment
and improving patient outcomes. Magnetic
Resonance Imaging (MRI) is considered an
important tool to diagnose brain tumors thanks to
its superiority in image contrast as well as being
non-invasive. However, there is still a lot of
difficulty in manual classification, which raises the
importance of computer-assisted diagnosis using
AL

Deep Learning, particularly Convolutional Neural
Networks (CNN), has proven quite successful in
medical images classification. Although CNN
models can be effective in capturing local features,
they lack the ability to learn spatial relations
between pixels as well as the complexity associated
with brain tumors. Additionally, brain tumor
classification comes with various challenges,
including heterogeneous nature, data scarcity,
imbalance between the different classes, and
analyzing multiple MRI images at once.

One of the possible ways to overcome the stated
problems may be the usage of graph-based learning

algorithms. In this case, each node corresponds to
an image region, and the edges correspond to the
connection between the nodes. Graph neural
networks (GNN), including GCN and GAT
algorithms, have been proven to be capable of
learning structures and contexts from the graph
representation. As a result, this kind of algorithms
is capable of capturing long-range dependencies
and interactions between tumor regions and
adjacent tissue regions. It will help improve
classification performance and provide insights into
the learned model. In this research paper, we
propose a new way of classifying brain tumors
from MRI images using the graph-based algorithm.
We propose improving the Graph Attention
Network model by introducing edge features to
enhance the classification performance.

2. RELATED WORK

2.1 Traditional Approaches To Brain Tumor
Classification

Early brain tumor classification approaches using
automation mainly consisted of feature extraction
from MRI images, which were then used with
traditional machine learning techniques. Normally,
the features included morphological, textural, and
statistical characteristics [17].
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Combining the use of texture information extracted
using GLCM texture features together with SVM,
Kharrat et al. [18] were able to achieve 91.23%
accuracy for the classification task involving three
classes. Similarly, Zacharaki et al. [19] applied
SVM to classify tumors by first extracting features
from multi-parametric MRI images using intensity,
shape, and texture information and achieving 85%
accuracy in distinguishing between metastases and
gliomas.

Despite the promising results shown by such
approaches, their success relied heavily on the
designed feature extraction techniques, which
required specific knowledge and may not be
effective in capturing the intricate structures of
brain tumors [20].

2.2 Deep Learning For Brain Tumor
Classification
The field of deep learning has seen many

breakthroughs when it comes to the analysis of
medical images through automatic feature
detection. CNNs have widely been used for the
classification of brain tumors due to their ability to
extract hierarchical features. Afshar et al. [21]
proposed a method called CapsNet, which was
successful in achieving an accuracy rate of 90.89%,
while on the other hand, Swati et al. [22] employed
transfer learning using the VGG19 model and
achieved 94.82% accuracy. Using CNN for multi-
grade tumor classification along with data
augmentation gave Sajjad et al. [23] an accuracy
rate of 90.67%. However, CNN models assume
image inputs as regular grids and hence are
inappropriate for brain tumors.

2.3 Graph-Based Approaches In Medical
Imaging

Graph-based methods have become quite popular
recently in the field of medical imaging due to their
ability to represent the irregular structure of the
object and complicated relationships in space.
There have been many studies involving the use of
graph-based methods in medical imaging
applications including the identification of brain
tumors. For example, Li et al. [25] proposed a
spectral clustering approach based on graph theory
for the segmentation of brain tumors.

The method proposed by Parisot et al. [26]
employed graph theory to provide semi-supervised
learning based on spatial and similarity
characteristics. For classification tasks, a model of
GNN was developed by Kazi et al. [27] for chest X-
ray image analysis. Zhang et al. [28] applied GCNs
for examining the interaction between cells in

histopathology images. To date, there have been
limited studies using graph theory, particularly
GAT, to classify brain tumors via MRI scans.

2.4 Attention Mechanisms In Neural Networks

Attention mechanisms have been introduced into
deep learning models, becoming a vital component
since they enable the model to concentrate on
particular features of the input data. Although
attention mechanisms were originally applied to
tasks related to natural language processing, they
gained rapid popularity among other domains such
as medical image analysis. According to Schlemper
et al. [30] and Oktay et al. [31], attention-based
neural networks showed good performance in the
context of pancreas segmentation and cardiac MRI
analysis, respectively. The concept of weighting
nearby nodes differently could be transferred to
graph neural networks. Specifically, Velickovi¢ et
al. [16] proposed the idea of creating Graph
Attention Networks (GATs). Despite their success
in different fields, there is a lack of research on
GATS' potential for analyzing MRI images in brain
tumor classification.

2.5 Spectral Graph Theory In Image Analysis

Spectral graph theory focuses on examining the
graph based on the eigenvalues and eigenvectors of
the matrix associated with it, including Laplacian
and adjacency matrices, to discover certain features
[32]. Spectral graph theory and related techniques
are often utilized in image processing for image
segmentation [33], clustering [34], and even
dimensional reduction [35]. Zhang and Hancock
[36] used spectral graph theory in the context of
texture analysis, while Shiee et al. [37] used
spectral clustering for brain MRI segmentation. But
still, few studies focus on exploring how spectral
graph features can be employed for brain tumor
characterization and classification by GNNSs.

3. MATERIALS AND METHODS

3.1 Dataset Description and Preprocessing

Three types of brain tumors glioma, meningioma,
and pituitary tumors were present in a publicly
available dataset of brain MRI scans used in this
work. MRI images with TI1-weighted contrast-
enhancement gathered from several medical centers
made up the dataset. There were 4,526 training
images and 411 validation images in all, with a
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distribution like this: Glioma: 1,153 training
images, 136 validation images; Meningioma:
1,449 training images, 140 validation images;
Pituitary: 1,424 training images, 136 validation
images. Each image was accompanied by a label
file indicating the tumor type and bounding box
coordinates (in the format: class id, x_center,
y_center, width, height).

Raw MR ‘Lv Normalization ~—— ROl Extraction ——» Validation }—v (Clean Data

Figure 1: MRI Preprocessing Pipeline for Graph
Construction

The figure 1 showing the essential steps involved in
the pre-processing phase of magnetic resonance
imaging (MRI) scan data to identify tumors, such as
normalizing intensities, identifying the tumor ROI,
and validating the dataset.

3.2 Graph-based Representation of MRI Images

3.2.1 Graph Construction

We represent each MRI image as a graph
G=(V,E), where V= {1?1.1?2,1?3, ....vn}
represents the set of nodes and E SV XV
denotes the set of edges. Node 17; depicts a portion
of the picture, while edge e;; = ('”’:‘-"5}') EE
denotes the association among regions. Graph
building includes the following phases:

A. Grid Partioning: The MR image is partitioned
into a grid of 16 x 16, leading to 256 cells of equal
sizes.

B. Node Creations: Every cell is turned into a node
of the graph, where the feature vector xi is
computed for each image block.

C. Edge Creation: Edges are formed between the
adjacent cells of nodes (8 connected).

3.2.2 Node Feature Extraction

For each image region to be modeled as a graph

node, we define the feature vector x; € R? that
encodes visual and geometric information. The
basic feature set comprises five elements:
normalized mean RGB intensities, gradient
magnitude, and spatial identity. Specifically, the
feature vector is defined as

R;, G B V;
x =, 2 € ROD| ()
Where R;,G;, B; are the mean intensity values of

the red, green, and blue color channels of the

region, V; is the gradient value obtained by
applying the Sobel filter to the grayscale image, and

I(v; € ROI) is an indicator function returning 1
if the node is in the tumor region and 0 otherwise.

To make our descriptions richer, especially with
regard to complicated patterns, we expand our basic
feature vector by incorporating statistical texture
features based on grayscale intensity levels. These

include the normalized mean ;, standard deviation

0;, skewness }¥;, and kurtosis k;, forming a texture
vector

R
h; = %-E-?i-“i )
The resulting advanced feature vector is obtained
by combining the two, formulated as
X = [x;, ] 3)
In this way, we ensure that the model can utilize
both appearance and texture characteristics for

better region description.
3.2.3 Edge Weight Calculation

To improve the ability of Relational Models in
Graph Attention Networks (GATs), we use edge
weights, which capture the degree of similarity
between adjacent nodes. These are computed using
the concept of cosine similarity between their
feature vectors. The weight for an edge between

two nodes v; and v; whose feature vectors are X;

and x; respectively is

XK

Q)

where x; - X; represents the dot product of the

W. . = —
U Nl l+e

vectors and ||xI|| and ||xi,H represent their L2

norm respectively, while € represents a tiny

constant (1e — 8). This way, the GAT model will
focus more on edges that connect similar nodes in
terms of visual and spatial properties through this
edge-weighting scheme that depends on node
similarity.

3.3 Network Architectures
3.3.1 Graph Convolutional Network (GCN)
The current research uses an architecture consisting

of three GCN layers, followed by global pooling
and a fully connected layer. The three GCN layers
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adjust the features of each node based on its graph
structure using the following propagation formula:

{‘L} ﬁf‘} ZH”’”_'.V”‘”i (5)

:c

= ali

H W is the node feature matrix at layer [;

A = A+ I is the adjacency matrix that includes
self-loops; D is the degree matrix associated with
the adjacency matrix A; W is the weight matrix

at each particular layer; and o is the ReLU
activation function. This updating procedure for the

node 17; can be stated as:

¢

hﬁ“”—a 1
d,d;

ILOIALY
1
J‘CN iufi

(6)

Here, V(1) refers to the set of neighbors of node

1, while d;denotes the degree of node 1 in the
graph. Global average pooling is used for all nodes
in the graph after applying the last GCN layer to
obtain a graph embedding:

he = g Ziev h(” g

where L is the last layer of the GCN network. The
resulting vector hg is then passed to the
feedforward layer, which employs the softmax
function to determine the output classes:

p = softmax(W7hg + b7) (8)
with W7€ and b7 representing the weights and
biases of the classification layer.

3.3.2 Graph Attention Network (GAT)

The Graph Attention Network (GAT) architecture
enhances the conventional Graph Convolutional
Network (GCN) by integrating attention processes
that allow the model to discern the relative
significance of adjacent nodes during feature
aggregation. For a node 17; , the unnormalized
attention coefficient with a neighboring node v is
computed as:

e;; = LeakyReLU(a"[Wh;||[Wh]) 9
where W represents a shared learnable weight

matrix, @ signifies a trainable attention vector, |
indicates vector concatenation, and LeakyReLU is
the activation function characterized by a negative
slope of 0.2. The coefficients are then normalized

across the neighbors of node i using the softmax
function to obtain attention weights:

exple;;)
S (10)
"—'FL\:\.I'\EI (ol St N

ensuring that the importance weights form a valid
probability distribution. The updated representation

of node V; is computed is a weighted aggregation
of the changed attributes of its neighbors:

r
h; = “(EJ'EN{I'}“UWhj) (11)
where © is a non-linear activation function,

commonly the ReLU. Multi-head attention is
utilized to enhance model expressiveness and

training stability. In this context, K independent
attention mechanisms operate concurrently,with
their outputs either concatenated or averaged. When
concatenation is used, the final node embedding
becomes:

h; = ||E 1U(EJ'EN{t}aikjthj)
~and W¥

and transformatlon matrix for the k — th head,
respectively. In our implementation, we utilize
eight attention heads in both of the initial two GAT
layers and a single attention head in the final layer.
Following the attention layers, a global mean
pooling operation is applied to obtain a graph-level
embedding, which is then passed through a fully
connected layer to perform classification, following
the same pipeline used in the GCN architecture.

(12)

where cr represent the attention weights

3.4 Spectral Graph Analysis
3.4.1 Laplacian Matrix and Eigenvalues

To ascertain the structural characteristics of each

graph (G obtained from an MRI picture, we
calculate the normalized graph Laplacian matrix,
defined as:

_ 1
D zAD - (13)

b |
I
—
'CJ
I\JII-I

Here, L = D — A represents the unnormalized
Laplacian matrix, where D denotes the degree
matrix (a diagonal matrix with D;; corresponding
to the degree of node i), A signifies the adjacency

matrix of the graph, and [ is the identity matrix.
This normalization addresses the heterogeneity
among nodes ana produces a more stable spectral
representation. The eigenvalues
Ay = Ay =---= Ayof then

Lyorm  are
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computed to extract several spectral characteristics
of the graph. These include:

1. Algebraic Connectivity(ﬂz ): The next lowest
eigenvalue that gives an understanding of the
level of connectivity of the graph. Its high value
implies a highly connected network.

2. Spectral Gap(A; — Ay): It is a measure of
how separate are the different components of
the graph.

3. Graph Energy:

E(G) — Xio 14l (14)
which quantifies the total spectral complexity of the
graph and is often associated with structural
richness. These spectral properties are analyzed
across graphs corresponding to different tumor
types, with the goal of identifying structural
patterns or discriminative characteristics that may
aid in tumor classification or subtype
differentiation.

3.4.2 Statistical Analysis of Spectral Properties

In order to determine whether there is any
significant difference in spectral characteristics in
relation to the type of tumor, a one-way ANOVA
test will be used for each spectral characteristic.
The one-way ANOVA test is performed by
examining the ratio of between-groups variation to
within-groups variation, which is expressed as:

F = MSpetween (15)

MSwithin

whereas M Sy zpween indicates the mean square
variability between the groups (tumors types),

MS itnin within refers to the mean square
variability within the groups. The null hypothesis

(Hy) suggests that there is no difference between
the means of the spectral properties of the tumors.
The F-statistic is calculated for each of the spectral
properties, namely, algebraic connectivity, spectral
gap, and graph energy, with its corresponding p-
value being employed for testing its statistical
significance. If the p-value is found to be lower
than 0.05, it implies that the spectral feature has
some discriminating power for tumor diagnosis.

3.5 Implementation Details
3.5.1 Graph Construction Algorithm

The following algorithm 1
construction process:

details the graph

Image

Input: MRI Image I, Grid Size g, Bounding box
bbox (optional)
Output: Graph G = (V, E, X) with node features

X
1. Initialize empty node set 17, edge set E, and

features set X
2. Divide the image [ into g X g grid cells
3. For each cell (i, j):
a. Extract cell region R; j from image I
b. Compute mean RGB values
Ry, Gi;, By
¢. Compute gradient magnitude V,; using
Sobel operators
d. Set in_bbox = 1 if cell center

is within bbox, otherwise 0

e. Compute texture features (mean, std,

skewness, kurtosis)

f. Create feature vector
_[R G By W

*i = [255 '255 ' 255 ' 255

g. Add node v;; to V' with features x;; to X

in_bbox

4. For each node v;;:
a. For each of the 8 neighboring cells
((x1,;+1)

i.  Ifneighbor exists, add edge
(T?U , vneighhor‘)to E
ii.  Compute edge weight using cosine

similarity between feature vectors
5. Return ¢ = (V,E, X)

Algorithm 1: Graph Construction from MRI

3.5.2 Model Architecture Details

Figure 2 shows the architecture for both GCN and
GAT with the same input layer, followed by global
average pooling and a 3-way softmax output. The
GCN model consists of graph convolutions using
ReLU activation and dropout, followed by a fully
connected layer, whereas the GAT model utilizes
multi-head attention with ELU activation and two
fully connected layers.
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Input Layer\n(5 features)

™

GCN Layer 1\n64 GAT Layer 1\n8 heads x8
units\nReLU\nDropout=0.2 units\nELU\nDropout=0.2

GCN Layer 2\n64 GAT Layer 2\n8 heads x8
units\nReLU\nDropout=0.2 units\nELU\nDropout=0.2

GCN Layer 3\n64 GAT Layer 3\n1 head x64
units\nRelLU units\nELU

Global Mean Pooling I

FC Layer 1\n64
units\nELU\nDropout=0.2

l

‘ ‘ FC Layer 2\n3 ‘ ‘

‘ ‘ FC Layer\n3 units\nSoftmax ‘ ‘

S

Output

units\nSoftmax

Figure 2 : Unified flowchart comparing the
architectures of Graph Convolutional Network (GCN)
and Graph Attention Network (GAT).

3.5.3 Model Training

The entire modeling process were executed with the
PyTorch and PyTorch Geometric frameworks,
leveraging their capabilities for efficient graph-
based deep learning. The training process utilized
the Adam optimizer with the following
hyperparameter settings: a learning rate of 0.001, a
batch size of 32, 15 training epochs, a weight decay

of 1e — 5, and a dropout rate of 0.2 to mitigate
overfitting. The training goal was to reduce the
categorical cross-entropy loss, which is defined as:

1
L= _Ez?lzl Egzl yl-.clog(jﬂi,c) (16)

where N represents the quantity of training
samples, { signifies the number of target classes
(three in this instance), V; . is a binary indicator

that equals 1 if sample i is classified in class ¢, and
Pi . 1s the model's predicted probability for class c.

The training was performed on a workstation
including an Intel Core i7 processor and 16 GB of
RAM.To ensure training efficiency and prevent
memory leaks in a CPU-constrained environment,
memory monitoring and garbage collection routines
were explicitly invoked at the end of each epoch.

3.5.4 Traditional Machine Learning Baselines

For comparison, we implemented three traditional
machine learning methods:

A. Random Forest: A collection of 100 decision
trees use Gini impurity as the condition for
splitting .

B. Support Vector Machine (SVM): Using the
Radial Basis Function (RBF) kernel with C = 1.0

and gamma = 'scale’.
C. Gradient Boosting: Using 100 estimators with a
maximum depth of 3 and a learning rate of 0.1.

Table 1 shows the feature extraction methods
applied, which include HOG, LBP, and statistical
features, together with their main parameters. The
table gives a good comparison between the feature
extraction settings.
Table 1 : Summary of feature extraction methods and
their parameters.

Feature Type Parameters

- Orientations: 9
- Pixels per cell: (8, 8)
- Cells per block: (2, 2)

Histogram of Oriented
Gradients (HOG) features

-Radius: 3
- Number of points: 24
- Method: uniform

Local Binary Pattern (LBP)
features

- Mean intensity

Basic statistical features S . .
- Standard deviation of intensity

The feature vectors were concatenated to form a
comprehensive representation of the MRI images.

3.5.5 Evaluation Metrics
All models' performance was assessed utilizing the
subsequent metrics:

1. Accuracy: The ratio of accurately categorized
samples.

Accuracy =
Number of correctly classified samples

Total number of samples
17)
2. Precision: The ratio of true positive predictions
to the total positive forecasts for each class.

TP, (18)

Precision, = ————
TP +FP,
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3. Recall: The ratio of true positive forecasts
to the total number of real positives for
each class.

TE,
TE.4+FN, (19)
4. F1-Score: The harmonic mean of

precision and recall for each class.
F1 —Score, =2 ¥

Precision.xRecall,

Recall, =

Precision.t+Recall,

20)
Where TFE, is the number of true positives
for class, FP. is the number of false
positives for class and F' N, is the number

of false negatives for class

5. Statistical Significance: To determine if
the performance difference between
models is statistically significant, we
conducted a t-test on the accuracy of
predictions for each sample

i Model Comparison: Graph-based vs Traditional Methods
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Figure 3: Model Comparison: Graph-based vs
Traditional Methods

4.1.2 Detailed Classification Metrics

Table 3 delineates the precision, recall, and F1-
score for each model across the three tumor
classifications.
Table 3: Precision, recall, and F1-score for each model
and tumor type.

Model Tumor Type | Precision | Recall | F1- Support
4. RESULTS Score
GAT Glioma 0.70 0.73 0.71 135
4.1 Model Performance Comparison Meningioma 0.76 071 0.73 140
Pituitary 0.86 0.88 0.87 136
4.1.1 Classification Accuracy Average 0.77 0.77 | 077 411
GCN Glioma 0.70 0.56 0.63 135
Table 2 shows the performance accuracy of Meningioma 0.65 071 0.68 140
different models for the validation dataset. The Pituitary 0.79 0.87 0.83 136
maximum accuracy is seen for GAT, at 77.37%. Average 0.71 072 | 071 411
The second-best is Random Forest, followed by [ Random | Glioma 0.83 063 | 072 30
GCN, Gradient Boosting, and SVM, at 76.67%, Forest | Meningioma 0.71 080 | 0.75 30
71.53%, 72.22 Pituitary 0.79 0.87 | 0.83 30
Average 0.77 0.77 0.76 90
Table 2: Accuracy of classification by different models on SVM Glioma 0.53 0.63 0.58 30
the validation data set. Meningioma | 0.70 063 | 0.67 30
Model Accuracy (%) Pituitary 0.67 0.60 | 0.63 30
GAT (Novel Graph) 77.37 Average 0.63 0.62 0.62 90
GCN (Graph) 71.53 Gradi;nt Glioma 0.61 0.63 0.62 30
Random Forest oo Boosting [ Meningioma 0.65 0.67 0.66 30
(Traditional) . Pituitary 0.93 0.87 0.90 30
Gradient Boosting Average 0.73 0.72 0.73 90
.. 72.22
(Traditional)
SVM (Traditional) 6222 The GAT model shows consistent performance

The results show the effectiveness of the proposed
GAT architecture, which is superior to both the
GCN model and classical machine learning
methods.

across all tumor types, with particularly high
precision and recall for the pituitary tumor class.
The GCN model performs well on pituitary tumors
but struggles with glioma classification. Traditional
methods show varied performance, with Random
Forest achieving comparable results to the GAT
model, particularly for glioma and pituitary tumors.

R
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4.1.3 Confusion Matrices

GCH Confusion Matno

m

Meningiars

a0

F

(orma Fesievguatrn
Predicted

GAT Confusion Matrix

(Ginma Moo Putary
Predicted

Figure 4 :The confusion matrices for the GCN and GAT
models on the validation dataset.

It is clear from the confusion matrices that the GCN
model is not very efficient in classifying glioma
tumors, having a recall score of only 56%, but for
meningiomas and pituitary tumors, the values are
71% and 87%, respectively. On the other hand,
when compared with the GCN model, the GAT
model has higher values in classifying gliomas
(with  73% recall), while retaining good
performance in meningiomas and pituitary tumors.

4.1.4 Statistical Significance

To ascertain the statistical significance of the
performance disparity between the GCN and GAT
models, we conducted a t-test on the individual
accurate and incorrect predictions. The t-statistic
was 1.9214, accompanied by a p-value of 0.0550,

which slightly exceeds the traditional significance
threshold of 0.05.

This result suggests that while the GAT model
outperforms the GCN model, the improvement is
just short of being statistically significant at the
95% confidence level. However, the p-value is
close enough to 0.05 to warrant consideration of the
GAT model's practical advantages, especially given
its improved interpretability through attention
mechanisms.

4.2 Training Dynamics

4.2.1 Learning Curves

Training and Validation Loss

~— GCN Train Loss
GEN Val Loss

=~ GAT Train Loss

—— GAT Val Loss

0 2 H 5 8 1 2 u
Epach
Figure 5: Demonstrates the training and validation loss
trajectories for both the GCN and GAT models

throughout 15 epochs.

From the graphs, it is evident that the GCN model
experiences quick convergence during the early
stages, with the training loss and validation loss
decreasing to 0.6469 and 0.6377, respectively, after
15 epochs. On the other hand, the GAT model
shows a faster rate of convergence, with its training
loss and validation loss decreasing to 0.4935 and
0.4914, respectively.

Table 4 presents the epoch-by-epoch training
results for the GCN model, showing the
progression of training and validation loss and
accuracy.
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Table 4: Epoch-by-epoch training results for the GCN Table 5: Epoch-by-epoch training results for the GAT model
model
Epoc | Train | Train Val Val Time | Memor
Epoc | Train | Train Val Val Time | Memor h Loss Acc Loss Acc (s) y (MB)
h Loss Acc Loss Acc (s) y (MB)
| 0.974 | 0.494 | 0815 | 0.591 | 1o\ o0 | 5693
| 1032 | 0479 | 0.896 | 0.603 | 2360 | , .. 1 8 1 2
6 4 4 4 7 :
5 0.770 | 0.642 | 0713 | 0698 | , o oo | s4s
5 | 0822 | 0.609 | 0764 | 0610 | 2363 | .., 9 8 2 3
5 3 8 7 4 :
3 0.711 | 0.696 | 0.650 | 0715 | 52y | 5475
3 0.749 | 0.645 | 0.729 | 0.652 | 237.5 | .0 ¢ 3 2 0 3
7 3 1 1 6 ’
4 0.654 | 0725 | 0.609 | 0720 | yor oo | suey
4 0715 | 0.679 | 0.691 | 0710 | 2367 |, 0 8 8 2
4 6 7 5 0 )
s 0.603 | 0.748 | 0569 | 0715 | cph oo | oys
s 0.679 | 0710 | 0.704 | 0703 | 236.1 | . 4 9 3 3
3 4 2 2 7 :
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4.2.2 Accuracy Progression

Training and Validation Accuracy

080} — GCN Train Accuracy

GCN Val Accuracy
~— GAT Train Accuracy
51— GArval Aceway

0 2 : § ' 0 P "
Epoch
Figure 6: Over the 15 epochs, both models' training and
validation accuracy curves show

Over the 15 seasons, the training accuracy of the
GCN model rises from 47.94% to 72.45%; its
validation accuracy rises from 60.34% to 71.53%.
The validation accuracy plateaus about epoch 7,
suggesting little more learning.

By contrast, the GAT model's training accuracy
rises from 49.48% to 79.43% and its validation
accuracy rises from 59.12% to 77.37%. With a
consistent rise in validation accuracy even in the
last epochs, the GAT model keeps becoming better
during the training process. These accuracy curves
especially help to confirm the efficiency of the
GAT architecture, especially in terms of its
capacity to keep learning relevant patterns all
during the training process.

4.2.3 Memory Usage

Memory Usage During Training

= GCN Memory Usage
5% GAT Memory Usage

M0

Memory (MB)
=]

=]

Ll

40

! B I 0 0 0
Batch (20)
Figure 7 : The memory usage of both models during

training.

The GCN model maintains a relatively constant
memory usage of around 475 MB throughout the
training process, with a slight decrease to 456 MB
in the later epochs.

The GAT model shows a higher memory usage of
around 545 MB, which is expected given its more
complex architecture with attention mechanisms.
The memory usage remains stable throughout
training, with minor fluctuations between 541 MB
and 562 MB.

Although the GAT model uses up more memory, it
is not an insurmountable problem, especially given
the better results it offers.

4.3 Graph Properties Analysis

4.3.1 Node Importance Patterns
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Figure 8: Provides an illustration of the general trend in
the average importance of nodes in the GCN and GAT
architectures under different tumor types.

For the GCN model, the node importance plots vary
depending on the type of tumor considered. In the
case of the glioma tumor, the plot is centered at the
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center while for the meningioma tumor, the plot is
distributed evenly throughout, and finally, the
pituitary tumor is concentrated in certain regions.

The GAT network has better-defined plots in terms -
of the importance of the nodes in each tumor type.
4.3.2 Spectral Graph Properties '
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Figure 9: Box plots of different graph spectrum each tumor type.
characteristics per tumor type are presented here.

In terms of glioma, the GCN model attends to the
The algebraic connectivity (}12) exhibits ~ general location of the tumor, whereas the GAT
model attends to the tumor edge and structure. With
regard to meningioma cases, the GCN model shows
a scattered pattern of attention, but the GAT model
concentrates on the characteristic edges and
structures. Concerning pituitary tumors, both
models attend to the tumor site; however, the GAT
model provides a clear focus on the tumor structure
and anatomy surrounding it.

significant variance across different tumor types,
where pituitary tumors have greater algebraic
connectivity than gliomas and meningiomas,
implying that graphs associated with pituitary
tumors have relatively greater connectivity.

The spectral gap (A5 — A;) is consistent with the
above trend, which suggests that graphs associated
with pituitary tumors have a large spectral gap and
thus a stronger connection structure.

However, the ANOVA test for these spectral
properties produced non-significant p-values (p >
0.05), signifying that while there are observable
differences in spectral properties between tumor
types, these differences are not statistically
significant in our dataset.

4.4.2 Graph Representation Visualization

Weningioma Pituitary

4.4 Visualizations
Figure 11: Illustrates the nodes (image areas) and edges

4.4.1 Attention Mechanism Visualization (relationships between regions) with node colors
indicating feature values and edge weights seen through
line thickness, so illustrating the graph representation of
sample MRI images.

The graph models incorporate the intricate spatial
correlations within the MRI scans, with increased
edges around the tumors and within the tumors. The
large edge weights found in areas that look similar
help detect correlation, allowing for an effective
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consideration of local features and correlations as
opposed to traditional models using pixels.

5. DISCUSSION
5.1 Interpretation of Results

The effectiveness of graph-based techniques,
specifically Graph Attention Network (GAT), is
clearly evident from the experiment results
pertaining to the classification of brain tumors
using MRI images. With Random Forest the best
performer among them at 76.67% accuracy, the
GAT model obtained an accuracy of 77.37%,
surpassing both the Graph Convolutional Network
(GCN) with 71.53% accuracy and conventional
machine learning techniques.Many elements help
the GAT model to show better performance:
1.Attention = Mechanism: The GAT can
concentrate on the most pertinent areas for
classification by assigning different value to
various nearby nodes. In brain tumor classification,
where some areas e.g., tumor boundaries, particular
internal  structures are more diagnostically
informative than others, this is especially important.
2. Edge Weighting: Edge weights based on feature
similarity give the GAT model extra structural
information and helps it to better capture the links
between image areas.

3. Advanced Feature Extraction: The model can
capture more intricate patterns in the MRI scans by
including Haralick texture elements next to
fundamental color and gradient elements.

Based on the confusion matrix results, all the
models showed the best performance for pituitary
tumors owing to their unique characteristics.
Specifically, the proposed GAT model showed
balanced classification accuracy for all tumor types
as well as better identification of gliomas than the
GCN model. Results from training indicate that
GAT models exhibited steady training performance
throughout the training period.

From the results obtained from attention
visualization, the GAT model exhibited interest in
regions such as the boundaries of the tumor as well
as structures of the tumor. Conversely, the spectral
graph analysis provided useful insights about the
tumor structures.

5.2 Advantages of Graph-based Approaches

The graph representation of brain tumors for image
classification is an adaptive way that represents
MRI images efficiently by accounting for structural
inconsistencies and relationships. The use of such a
method can increase classification performance by

employing relational reasoning and making the
model explainable using attention. Moreover, the
graph framework makes it easy to incorporate other
clinical features.

5.3 Clinical Implications

The increased accuracy and interpretability of the
GAT algorithm imply many implications for the
clinicc. The GAT algorithm will help the
radiologists by providing automatic classification of
the tumor and its visualization through attention
maps of the suspicious areas of the tumor. This
approach will not only increase the accuracy of
detection but also avoid any discrepancies between
observers. Automatic pre-processing of MRI
images is expected to increase the speed and quality
of the diagnostic process. At the same time, the
analysis provided via attention maps will give some
important information about the detected tumors.

5.4 Limitations

Although there are positive results, some of the
drawbacks in the study should be mentioned.
Firstly, even though the used database is rather
large, an even greater amount of data with a variety
of characteristics would allow for better
generalization.  Secondly, only TI1-weighted
contrast-enhanced MRI scans have been utilized for
the analysis; additional sequences, like T2 and
FLAIR, could be useful. Moreover, the addition of
the binary variable indicating the presence of a
tumor is also rather rudimentary because it cannot
properly reflect the nature of tumor invasion. In
addition, the use of just three brain tumor classes by
the algorithm makes it less valuable for practical
purposes; improving this will make it much more
useful for further classification of other tumors.
Lastly, although the GAT model is very efficient,
its high computational complexity limits its
immediate application.

6. CONCLUSION AND FUTURE WORK

6.1 Overview of Contributions

In this work, we have presented a new graph-based
approach to classify brain tumors based on MRI
images. There are several aspects to our
contributions. Firstly, we created a graph structure
which is capable of representing both image region
characteristics and relations between them,
allowing us to perform a more context-sensitive
analysis. Secondly, we have designed a new graph
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attention model which uses edge information and is
optimized for solving the problem of brain tumor
classification. Thirdly, we have performed an
extensive comparison of different graph-based
methods, including GCN and GAT, with classical
machine learning techniques like Random Forest,
SVM, and Gradient Boosting, and discussed the
benefits of graph models. Moreover, we have
conducted research into the spectral characteristics
of our graphs and compared them for different
types of tumors, examining their connection to the
quality of classification. Moreover, visualization
was employed in order to examine how the
attention mechanisms work in the GAT
architecture, offering clinically  meaningful
information about the most significant regions
when identifying the tumors.

As shown by the results of the experiments
conducted, the proposed GAT architecture is highly
efficient, achieving 77.37% accuracy, surpassing
not only the GCN architecture but also other
traditional machine learning models.

6.2 Future Directions

Future directions for this research could be

combining multimodal MR  images  with
hierarchical graphs to improve classification
performance.  Integration of both  tumor

segmentation and classification in a single MTL
framework along with longitudinal studies can
prove useful in making the use of such methods in
clinical settings more common. Other possible
directions could be improving model explainability,
transferring learning from one patient to another,
and validating models on clinical data. Research
with spectral graphs constructed using larger
amounts of data can prove useful in better
understanding of brain tumors.

Overall, the suggested Graph Attention Network
model shows that the application of graph learning
methods in brain tumor classification leads to
effective results.
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