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Abstract: Brain tumors profoundly affect human health owing to their intricacy and the
difficulties associated with early identification and treatment. Precise diagnosis is essential
for effective intervention; nevertheless, the resemblance among tumor forms often com-
plicates the identification of brain tumor types, particularly in the early stages. The latest
deep learning systems offer very high classification accuracy but lack explainability to help
patients understand the prediction process. GATransformer, a graph attention network
(GAT)-based Transformer, uses the attention mechanism, GAT, and Transformer to identify
and preserve key neural network channels. The channel attention module extracts deeper
properties from weight-channel connections to improve model representation. Integrating
these elements results in a reduction in model size and enhancement in computing effi-
ciency, while preserving adequate model performance. The proposed model is assessed
using two publicly accessible datasets, FigShare and Kaggle, and is cross-validated using
the BraTS2019 and BraTS2020 datasets, demonstrating high accuracy and explainability.
Notably, GATransformer generates interpretable attention maps, visually highlighting
tumor regions to aid clinical understanding in medical imaging.

Keywords: graph attention network; Transformer; brain tumor detection; cross-dataset
validation; attention maps; explainability

1. Introduction

Brain tumor detection heavily depends on medical imaging as well as classification
to determine proper treatment planning and prognosis for patients. Combined with
other computational methodologies, deep learning has driven significant innovations in
analyzing medical images over time. Existing brain tumor detection techniques utilize
manually engineered feature extraction and shallow learning algorithms that might not
correctly identify complicated patterns in magnetic resonance imaging (MRI). This form of
imaging is widely used in neuroimaging to help predict neurological disorders [1]. The
latest studies focused on using MRI images to autonomously classify various kinds of
tumors in the brain [2]. MRI scan characteristics were extracted using classic ML-based
classifiers such as KNN, SVM, and RF [3-5]. Deep learning (DL) models like CNNs
and DNNss fared higher in image recognition tests [6,7]. Therefore, deep learning-based
classifications are utilized to effectively identify brain tumors via MRI imaging.

Recent advancements in deep learning have enhanced the interpretation of medical
images, particularly the implementation of Transformer architectures. Initially designed for
natural language processing, it extracts relevant features from high dimensional data while
capturing spatial relationships. Despite its development, there are still serious problems
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and restrictions regarding brain tumor diagnosis and classification. Conventional deep
learning techniques and convolutional neural networks (CNNs) may face obstacles such as
the interpretability of predictions, class imbalance, and insufficient information availability.
The optimization of hyperparameters in deep learning models is a complex process that
frequently necessitates a significant number of computational resources and expertise.
This study proposes an innovative strategy for identifying and classifying brain tumors,
overcoming existing drawbacks.

These deep learning frameworks demonstrate inductive biases, complexity, extended
training times, and significant computational capacities [8]. More enormous databases and
data augmentation are required to ensure accurate classification results in the previously
mentioned methods [9]. Transformers have been developed to tackle the above-mentioned
problems in image processing. The adaptive Transformer architecture, including the visual
Transformer, outperformed CNN classifiers and had fewer inductive biases than pre-trained
techniques [10]. Transformer global patch-based learning reduces inductive biases and
captures important MRI scan properties better than CNN models [11]. Transformer models’
multi-head self-attention portion enhances feature engineering by targeting near-tumor
regions, outperforming ordinary versions. However, training the Transformer model
requires a lot of data and processing power.

Transformer-based models, have enhanced medical image classification [12], including
brain tumor diagnosis. These models are accurate but typically operate as black boxes,
raising issues about explainability and trustworthiness in essential applications like health-
care. Medical decision making requires human monitoring for safety, reliability, and ethics.
Medical Al has largely adopted the Human-in-the-Loop (HITL) [13,14] strategy, which
combines automated predictions with expert validation. This method works in radiology,
pathology, and clinical diagnostics, where Al aids decision-making but the doctor makes
the final call. In this study, we use self-attention techniques for explainability but acknowl-
edge the need for human interaction in understanding Al-driven diagnoses and assuring
clinical usability.

This article aims to improve brain tumor classification models” accuracy, efficiency,
and interpretability by incorporating Transformer structures and a self-attention graph
attention network (GAT). The proposed method enhances the clinical process by providing
more accurate and dependable means of diagnosing brain tumors, resulting in improved
patient outcomes and a deeper comprehension of neurological disorders. The proposed
model employs the Transformer and an attention mechanism, GAT, to identify and preserve
the critical channels within the neural network. The channel attention module analyzes the
interaction between the weights and the channels, extracting deeper features to improve
the representation power. This combination results in a significant increase in computation
efficiency and a substantial reduction in model size while maintaining satisfactory perfor-
mance. Along with the classification accuracy, this work focuses on generating attention
maps where the cancerous parts are highlighted. Cross-dataset validation is also carried
out, where the proposed model is trained on separate datasets (i.e., FigShare and Kaggle)
while tested on unseen datasets (i.e., BraTS2019 and BraTs2020).

This paper is structured in the following order: Section 2 examines recent works linked
to the presented work, Section 3 gives a detailed explanation of the suggested technique,
Section 4 analyzes the outcomes and performance of the model that has been created, and
Section 5 outlines the work’s conclusion.

2. Literature Review

Early detection and treatment for tumors in the brain are necessary for positive
results. Detecting brain tumors using MRI and CT scans may be difficult because of higher
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complexity, more significant computation needs, and elevated false negative rates. An FT-
ViT framework was developed for recognizing brain tumors via MRI scans [15]. Techniques
include feature processing, feature engineering, patch processing, and fine-tuning. Based
on trial results, the CE-MRI database-based model had 98.12% accuracy. However, this
method requires a lot of computer power. The authors of [16] applied models trained
with deep learning to develop an autonomous system for detecting brain tumors. This
approach integrates the features of CNN with a computer-aided diagnostic tool for effective
image processing. A transfer-learning-based modified classifier is applied to distinguish
tumor kinds. This study used the public brain tumor dataset for verification. Framework
sensitivity was 98.77%, accuracy 98.86%, and F-measure 98.71%. The system is lightweight
and computationally viable, although overfitting constraints limit its usefulness.

The authors of [17] developed a multiclass categorization strategy for predicting dif-
ferent kinds of brain tumors. The effectiveness of the randomly created TL framework was
evaluated against pre-trained models like VGG16/19, ResNet50, Xception, and InceptionV3
using a 3264-image brain dataset. The deployment achieved 97.12% and 94.12% tumor
categorization accuracy for binary and multiclass analysis. This accurate classification
system helps radiologists make plausible conclusions. However, this causes many false
negatives and positives. Transformer models are popular in computer vision due to their
low inductive biases and processing requirements. A ViT-based DNN framework was
developed for MRI-based brain tumor detection [18]. Pre-trained model-based and fine-
tuned ViT skills diagnosed gliomas, pituitaries, and meningiomas 100% accurately. This
technique scored 98.7% accuracy on a database of 3064 images of brain tumors. However,
there are some problems in analyzing the methods of decision making.

A comprehensive MRI brain tumor segmentation and classification approach was
introduced, incorporating three-dimensional CNN and a Transformer framework [19]. This
approach accurately retrieves both global and local spatial characteristics from photos. The
retrieved features are transformed into tokens and transmitted to the Transformer encoder.
The model developed surpasses modern models in terms of precision, as validated by the
entire comparative assessment. However, this method needs additional training along
with computational resources. A CNN-based technique was presented that can precisely
segment and identify tumors in the brain from MRI scans [20]. This approach integrates pre-
trained CNNs with adaptable optimization techniques to classify brain tumors. The method
utilizes a pre-trained CNN as a classification algorithm and an adaptable dynamic sine-
cosine fitness gray wolf optimizer for tuning its hyperparameters. Integrating appropriate
fitness into the CNN boosts classification accuracy and error rate. However, this approach
is ineffective for categorizing multiple kinds of cancers.

U-Net architectures are widely used for medical image segmentation but face limi-
tations when dealing with small tumor targets and fuzzy boundaries. To address these
challenges, the study [21] proposed a modified U-Net architecture incorporating: attention
mechanisms to guide the network to focus on relevant regions, improving segmenta-
tion accuracy, and multiscale feature fusion to enhance the network’s ability to process
information across multiple scales, improving segmentation efficacy for diverse tumor
structures. Although not explicitly addressed, attention mechanisms could improve ex-
plainability by highlighting the regions of interest (e.g., tumor areas) that the model focuses
on during segmentation.

Explainability is a critical aspect that ensures that clinicians can trust and interpret the
predictions of artificial intelligence (AI) models. Various studies have proposed innovative
explainability techniques to make Al-based brain MRI segmentation and classification
models more interpretable and reliable. Odusami et al. [22] explored explainability in
diagnosing Alzheimer’s disease using MRI and PET image fusion. The study employed a
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heuristic early feature fusion framework combined with a modified ResNet18 model to
extract descriptive features from multimodal data. An explainable artificial intelligence
(XAI) model was implemented to interpret the predictions, making the results transpar-
ent and enhancing confidence in predictions. Tehsin et al. [23] proposed a disease and
spatial attention module (DaSAM)-based model for brain tumor detection. The disease
attention module (DAM) identifies disease and non-disease regions, while the spatial at-
tention module (SAM) highlights critical image features. By emphasizing key regions and
features, these modules enhance model interpretability and provide clinicians with feature
maps that explain the decision-making process. Ullah et al. [24] proposed a framework
integrating DeepLabV3+ and custom neural networks for brain tumor segmentation and
classification. The explainability component utilized local interpretable model-agnostic
explanations (LIME) to interpret the model’s outputs. LIME generates human-readable
visual explanations by identifying features that significantly contribute to the predictions,
offering insights into how the model localized and classified brain tumor regions. However,
these methods face several limitations. Attention mechanisms, while helpful in focusing on
critical regions, often lack transparency in their own workings and may highlight regions
without clear medical relevance, leading to potential misinterpretation. Post hoc techniques
like LIME and SHAP provide local explanations but are computationally intensive and can
be inconsistent when applied to complex models, raising concerns about reliability. Multi-
modal fusion approaches struggle with the heterogeneity of data sources like MRI and PET,
leading to challenges in generating cohesive and interpretable outputs. These challenges
underscore the need for more transparent, domain-specific explainability frameworks
tailored to the nuances of medical imaging.

3. Proposed Methodology

This article proposes a novel GATransformer method to generate explainable attention
for brain tumor detection. The selected datasets are pre-processed using two augmentation
techniques: essential augmentation, where images are flipped and rotated, and SMOTE aug-
mentation. The proposed model calculates correlations and relationships among channel
weights. The GAT captures dependencies, while the Transformer computes inter-channel
correlations across layers. Figure 1 shows the overall architecture of the proposed model.
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Figure 1. Overall architecture of the proposed model.
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3.1. Datasets

The Brain Tumor MRI Dataset (Kaggle Dataset) [25] consists of 7023 MRI image
slices, meticulously annotated and classified into four distinct categories. Specifically,
it includes 1321 slices corresponding to glioma, 1339 slices representing meningioma,
1595 slices depicting no tumor cases, and 1457 slices of pituitary tumors. This dataset’s “no
tumor” class images are sourced from the Br35H dataset. Sample images of the Kaggle

dataset are shown in Figure 2. The Brain Tumor Dataset (FigShare Dataset) [26] comprises
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3064 MRI image slices, each meticulously annotated and categorized into three distinct brain
tumor types. Specifically, it contains 708 slices corresponding to meningioma, 1426 slices
representing glioma, and 930 slices depicting pituitary tumors. Sample images of the
FigShare dataset are shown in Figure 3, whereas Table 1 shows the summary of images in
each class of selected datasets.

glioma meningioma pituitary glioma notumor meningioma

glioma meningioma notumor

meningioma

meningioma meningioma glioma

Figure 3. Sample images of the FigShare dataset.

Table 1. Statistics of selected brain tumor datasets.

Dataset Glioma Meningioma Pituitary No_Tumor Total
Kaggle [25] 1321 1339 1457 1595 5712
FigShare [26] 1426 708 930 - 3064

The Kaggle dataset includes MRI scans of glioma, meningioma, pituitary tumors,
and healthy cases. The FigShare dataset has a variety of MRI scans with the same tumor
diagnoses, assuring consistency. These datasets were chosen for their availability, visual
diversity, and broad use in past studies, making them reliable standards for deep learning
model evaluation. SMOTE was used to improve underrepresented classes and solve data
imbalance. Simple augmentations like random rotations and horizontal flipping improved
generalization. Our GATransformer model was compatible with datasets pre-processed
to normalize image sizes. Both datasets have been extensively used in peer-reviewed
medical Al studies, boosting their legitimacy and importance. Public availability facilitates
reproducibility and comparability with existing methods, making them ideal for building
strong deep learning models in brain tumor classification.
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3.1.1. Data Preparation

The aim of this step is to prepare 3 sub-datasets for both selected datasets. The original
dataset is kept the same by implementing the cropping strategy and resizing operations as
subset 1. Subset 2 is generated by employing the basic augmentation strategy on subset 1,
while the third subset is generated by employing the SMOTE strategy on subset 1. Both
augmentation strategies are explained in the following sections.

3.1.2. Image Cropping and Resizing

The selected MRI datasets predominantly exhibit undesirable gaps and areas, hence
diminishing classification performance. Consequently, cropping images to eliminate extra-
neous regions is crucial in the image collection. The cropping technique outlined in [27],
which relies on extreme points computation, is utilized. Figure 4 illustrates the approach
of cropping through extreme point computation. Initially, we provide the original MR
images for pre-processing. Secondly, we apply thresholding to the MR images to generate
binary images.

Original Image Thresholded Contour Edge Points

&
L

Contour

Cropped Image

Edge Points

Cropped Image

Kaggle Dataset

Cropped Image

Original Image Thresholded Contour Edge Points

00

Contour

Original Image Coppedage

Edge Points

FigShare Dataset

Figure 4. Image cropping using extreme point calculation in two steps.

We performed dilatation and erosion to eliminate noise from the images. Subsequently,
we discerned the most prominent contour from the threshold images and continued to
pinpoint the four extreme points (most superior, most inferior, rightmost, and leftmost) of
the photographs. Finally, we crop the image utilizing contour data and extreme points. The
tumor photos are scaled using bicubic interpolation. The primary rationale for selecting
bicubic interpolation is its ability to generate a smoother curve compared to alternative
approaches like bilinear interpolation, making it more suitable for MR images, which often
exhibit significant edge noise. Due to the varying width, height, and sizes of the MR images
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in the selected dataset, it is advisable to scale them to uniform dimensions for optimal
results. In this study, the MR images are downsized to 250 x 250 x 3 pixels, as the suggested
model requires this input dimension. Both datasets are shrunk to the input dimensions of
the employed pre-trained CNN models during implementation.

3.1.3. Basic Augmentation

Augmentation improves model learning on most MRI datasets due to their small size
and high imbalance. Image augmentation modifies images from the existing dataset to
create new datasets for neural network analysis. These augmentations generally change the
image’s scale, orientation, position, etc. According to sources, the model’s categorization
accuracy can be enhanced by propagating current data rather than collecting new data.
Our basic augmentations created different training sets using two methodologies. A simple
method is randomly rotating the input image zero or more times and flipping each rotated
output horizontally. For random rotation, each input image was rotated by a random
angle ranging from 0° to 360°, guaranteeing that the model remains invariant to various
orientations of brain tumors. And for the horizontal flipping, each rotated image was
randomly flipped along the horizontal axis, increasing data diversity without altering the
anatomical structure of the brain.

3.1.4. SMOTE

The over-sampling method, which involves augmenting the minority class by gen-
erating synthetic images from the original minority class images, influenced traditional
SMOTE techniques [28] and standard machine learning data augmentation methods like
rotation and mirroring. Synthetic examples are generated by operating directly in “image
space” rather than “feature space”. The minority cases are over-sampled when Gaussian

“u_ 1

noise is randomly introduced to “n” instances selected from minority cases. The magnitude
“n” is ascertained according to the extent to which over-sampling is necessary.

In [25], which consists of 1321 glioma, 1339 meningioma, 1457 pituitary, and 1595 no
tumor cases, leave-one-out cross-validation requires balancing the training set by creating
or removing synthetic cases. When a glioma case is left out, 19 synthetic meningioma cases,
137 synthetic pituitary cases, and 275 synthetic no-tumor cases must be removed to balance
the dataset at 1320 cases per class. Similarly, if a meningioma case is left out, 17 synthetic
glioma cases, 136 synthetic pituitary cases, and 274 synthetic no-tumor cases are removed
to achieve the same balance. When a pituitary case is excluded, 18 synthetic glioma cases,
18 synthetic meningioma cases, and 274 synthetic no-tumor cases are removed. Finally, if a
no-tumor case is left out, 18 synthetic glioma cases, 18 synthetic meningioma cases, and
136 synthetic pituitary cases are removed to balance the dataset at 1321 cases per class. For
this work’s experiments, 1320 cases per class are kept on this dataset.

In [26], which contains 1426 glioma, 708 meningioma, and 930 pituitary cases, leave-
one-out cross-validation similarly requires balancing the training set. If a glioma case
is left out, 717 synthetic meningioma cases and 222 synthetic pituitary cases must be
removed to balance the dataset at 708 cases per class. When a meningioma case is excluded,
719 synthetic glioma cases and 223 synthetic pituitary cases are cleared. Finally, if a pituitary
case is left out, 718 synthetic glioma cases and 221 synthetic meningioma cases are removed
to achieve balance. This process ensures that, in each cross-validation iteration, the training
set remains balanced across all classes after leaving one instance out. For this work’s
experiments, 708 cases per class are kept on this dataset.

Synthetic images are produced by the subsequent method: Select m minority examples
at random. Compute the standard deviation of the m images. Gaussian noise with a mean
of R and S of the standard deviation of the m selected minority-case images is applied to
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each of the m photos to produce m additional synthetic minority images. Our approach
presently utilizes R = 0 and S = 1 configurations.

Figure 5a presents an example of an original tumor image, whereas Figure 5b displays
the matching synthetic image. Figure 5c illustrates the binary difference map between the
original and artificial images. A pixel value 0 in the difference map indicates that no change
occurred after adding. A pixel value of 1 indicates that the pixel’s intensity in the synthetic
image changed due to the added Gaussian noise.

(b) (©)

Figure 5. Comparison of the original and SMOTE-generated image; (a) original input image;
(b) matching synthetic image; and (c) binary difference map between the original and artificial images.

3.2. Proposed GATransformer

The GATransformer model is a combination of a GAT model [29] and a Transformer [30].
It is designed to reduce the intricacy of computation and architecture in neural architectures
without sacrificing performance. GATransformer is employed to learn how to enhance and
retain critical channels, assigning importance scores during training to facilitate channel
pruning by building upon the attention mechanism. The proposed model calculates correla-
tions and relationships among channel weights. The GAT captures dependencies, while the
Transformer computes inter-channel correlations across layers. A feed-forward network
processes the output of the multi-head attention network to extract deeper features, while a
residual module prevents degradation from the network depth. This combination enhances
feature representation, enabling effective channel pruning with minimal performance loss.

3.2.1. Large Model Architecture (LMA)

The LMA consists of large-base models with three pre-trained CNN models and a
channel attention module designed to mitigate the excessive memory capacity of large
networks. The channel attention module, comprising a GAT and Transformer, employs
a two-stage attention mechanism. For this work, a set of three pre-trained CNN models
is finalized among selected five pre-trained CNN models including InceptionV3 (In) [31],
DenseNet121 (De) [32], EfficientNet-B0 (E0) [33], DarkNet53 (Da) [34], and MobileNetV2
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(Mo) [35]. The architecture of LMA with channel pruning to obtain a pruned model is
shown in Figure 6.

Patches
X Y
I > '
Original Dataset Linear Embedding Y
+1
¢ ¢ > —){ PVit I—,“C\,—} Pruned Model
A
Augmented Linear Projection v
Dataset > i t2
>
Positioning j [Loge il

Figure 6. Architecture of LMA with channel pruning to obtain a pruned model.

LMA improves the brain tumor classification feature extraction and representation
learning. A model that can capture fine-grained information while keeping global contex-
tual awareness is needed for MRI images’ complex spatial and structural patterns. The
LMA preserves spatial relationships in MRI images using patch-based embeddings, linear
projections, and positional encoding. In addition, the channel pruning approach eliminates
redundant computations, making the network more efficient without affecting accuracy
despite the high model size. With PViT (pruned vision Transformer), model complexity
and computational feasibility are balanced, decreasing redundancy and preserving good
feature representation. This method preserves the model’s large-scale architecture benefits
while optimizing resource use for practical deployment. The model captures detailed tumor
characteristics, improves classification performance, and balances model size and efficiency
using LMA, making it ideal for high-performance and resource-constrained environments.

The GAT module processes channel weights as nodes to capture intra-layer rela-
tionships and assigns attention scores, identifying significant channels within individual
layers. The Transformer module analyzes inter-layer relationships using a multi-head at-
tention mechanism, enabling cross-layer channel attention effects. This progressive channel
pruning strategy evaluates layer-by-layer dependencies, gradually removing redundant
channels across the entire network while maintaining performance. The pruning process is
optimized by quantifying discrepancies using mean squared error (MSE) loss. Compared
to traditional manual or single-layer pruning methods, this approach incorporates local
(GAT) and global (Transformer) attention mechanisms, achieving efficient model compres-
sion without significant performance loss. This strategy reduces model complexity while
retaining critical network functionalities.

3.2.2. Channel Pruning Approach

The proposed progressive channel pruning technique efficiently prunes superfluous
channels while retaining model performance using unique ID assignment and attention
mechanisms. Each layer’s channel weights in the overall model are flattened into a tensor T
to identify each weight as a channel weight node with an ID. This ID-based approach simpli-
fies attention score calculation and channel identification during pruning. The GAT module
processes the flattened tensor T to compute the dependencies among channel weight nodes,
resulting in the attention scores. These scores capture the intra-layer relationships between
channels. Subsequently, the multi-head attention (MHA) mechanism evaluates cross-layer
correlations using the GAT output. The MHA output is refined through a feed-forward
network (FFN) to extract deeper features. Finally, the production of the MHA is linearly
transformed, producing the pruned model. This strategy leverages attention mechanisms at
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intra-layer and inter-layer scales, combining the GAT module for local dependency analysis
and the Transformer module for global correlation.

3.2.3. GAT Module

This study employs the graph attention network (GAT) to compute attention scores
among channel weight nodes and eliminate unnecessary channels, facilitating efficient
channel pruning. GAT is a neural network architecture for graph-structured data, which
learns node representations by considering structural linkages and nearby node attributes.
Each channel weight node has a feature vector describing its features in channel pruning.
The attention mechanism in GAT uses a learnable weight matrix to calculate similarity
scores between the feature vectors of neighboring nodes. These similarity scores are
normalized into attention coefficients, which determine the influence of each neighboring
node on the target node. The final representation of a node is derived by combining
the weighted sum of its neighbors’ features, using the attention coefficients, with its
feature vector.

In this study, GAT identifies meaningful channels across the network by calculat-
ing attention scores for each channel weight node. These scores rank the importance of
channels, enabling the pruning of less significant ones. This progressive pruning method
processes layers sequentially, from the first to the last, ensuring that channel importance
is consistently evaluated and optimized. By exploring intra-layer and inter-layer relation-
ships, the GAT module enhances the pruning process, improving the model’s efficiency
while retaining critical channels that contribute to performance. The flattened channel
weights from each convolutional layer serve as the input to the GAT module, as illustrated
in Figure 7. Through this approach, GAT enables precise and effective channel pruning for
large neural networks.

H > & [ =

12 13

Figure 7. Input to GAT module through flattened channel weights.

We will explain the only graph attentional layer employed in our studies across all
GAT topologies. Our attentional arrangement closely follows [36] but it is agnostic to the
attention mechanism. Our layer receives node characteristics, § = {g, - . ., {;'y}, Cx € RY,
where y is the number of nodes and d is their features. The layer generates additional node
features (of perhaps varied cardinality d') as &' = {¢,..., &}, % € R? as its output.

At least one learnable linear transformation is needed to turn input features into
higher-level features expressively. First, a weight matrix-parameterized shared linear
transformation w € RY x R? is applied to each node. A shared attentional mechanism
a: R? x RY — R computes attention coefficients to perform self-attention on nodes.

Cix = a(wj, wik) 1)

This equation shows how vital the node’s attributes are to node j. In the most general
model, any node can attend any other node, eliminating all structural information. To incor-
porate graph structure into the mechanism, we use masked attention to compute c; x solely
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for nodes k € 77;, where 7; is a neighborhood of node j in the network. All our trials will
make them the first-order neighbors of j, including j. To ensure coefficient comparability
across nodes, we normalize them using the softmax function p for all k choices:

exp(cjk)

= T )r 2
Liey; exp(cjk) ()

ik = Pr(cjk)

Our experiments use a single-layer feedforward neural network (a) with a weight

vector € R and LeakyReLU nonlinearity L (with negative input slope ¢ = 0.2) for the

attention mechanism. When fully enlarged, the attention mechanism'’s coefficients, as
shown in Figure 8a, become:

exp (L(w" [wi; ® wiy]))

G5 T Frey exp (LT[0, 6 wiy])) ©
f &)
wéj < [%
" Pk - "
- fl >
WSk < wT Ll"’

@

(a) (b)

Figure 8. (a) The proposed attention mechanism; (b) Overall process of multi-head self-attention with
three heads by one node.

@ represents the concatenation operation, and T represents transposition. To generate
output features for each node, the normalized attention coefficients are utilized to compute
a linear combination of features corresponding to them, optionally with a nonlinearity ¢

Gi=o Y. Gikwi; (4)
kEl’]j
Following the method adopted by [30], we discovered that multi-head attention
stabilizes self-attention learning. B separate attention mechanisms convert Equation (4)
and concatenate their features to produce the following output feature representation:

B
gi=TIo| X ¢hxw' 5)
b=1

k€17]'
T1 denotes concatenation function, g? , are normalized attention coefficients from the
bth attention mechanism, and «” is the weight matrix of the input linear transformation.
The final output & will have Bd' characteristics instead of d’. Concatenation is no longer

sensible if we execute multi-head attention on the network’s final (prediction) layer. Instead,
we use averaging and postpone applying the final nonlinearity (typically a softmax or
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logistic sigmoid for classification problems), calculated as the following equation. In
contrast, Figure 8b shows multi-head graph attentional layer aggregation.

B
g=olg L ¥ ehals ©
b=1key;

The GAT attention mechanism determines channel weight associations. The network
prioritizes each node’s most essential channel neighbors above all channel neighbors. This
approach can consider the extent to which channels affect one another and the connections
between channels across several layers.

3.2.4. Transformer Module

The limitations of exclusively relying on attention weights from GAT for channel
pruning are identified in this study, which also recognizes the necessity of a more com-
prehensive methodology. The GAT’s primary emphasis is on the attention weights of
individual layers, and it does not establish connections between them. It is widely acknowl-
edged that the CNN layer at the preceding stage substantially impacts the results of the
succeeding CNN layer. This article recommends integrating the GAT and Transformer
models to optimize the efficacy of channel pruning and improve interlayer connections.
The Transformer paradigm’s multi-head attention mechanism is essential to this goal. The
multi-head attention mechanism, initially developed for natural language processing, has
been applied to several fields.

The Transformer module has four parts, as shown in Figure 9. The Transformer
encoder block sends GAT module output to the classification and attention blocks for
classification and parallel attention map generation. The attention restructuring block
comprises three mechanisms. The initial step is to divide the attention extracted from GAT
into a series of identical segments. The Transformer uses the segment count to compute
the input sequence length. A trainable linear embedding compresses the patches into a
sequence of identical tokens via a linear projection. This is necessary because Transformers
require a consistent latent vector size across all layers. Finally, the embedded tokens
are positionally embedded to retain the patch position. Standard, learnable 1D position
embeddings are used. The Transformer encoder block will receive the output of these
operations as input.

G

- LN » MHA »P—» LN » MLP = =
Layer Attention

G+

— LN » MHA —>»PH—» LN » MLP = =
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Figure 9. Architecture of the proposed Transformer module.

The Transformer encoder has L iterative normalization layers with two sublayers.
The first sublayer is multi-head self-attention. Sublayer two is a complete feed-forward
network. All sublayers receive normalization [37] and residual connection [38]. Each
sublayer outputs I + SL(Norm(I)), where SL is its function over normalized input I. First,
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investigate an attention function to understand multi-head self-attention. An attention
function maps a query and key-value pairs to an output. People call attention to scaling
dot-product attention. The attention function receives vectors with a query and key-value.
A compatibility function evaluates the query-key connection to determine the weights of
the items in the weighted sum. Attention, or self-attention, associates points in an input
sequence to represent it.

Consider the inputs Q, K, and V for the queries, keys, and values of dimensionality
dim. The weight matrices wg, wk, and wy are multiplied with the embeddings of the input
vector I acquired through training. The final calculation involves the combination of Q
and K, which are then divided by the square root of the dimensionality of the key vectors.
The softmax function defines normalization such that each output vector sums to one. The
attention of the input is multiplied by V.

QK"
\/diﬂi[() v (7)

Multi-head self-attention uses a concurrent attention function to focus on information

Attin(K,Q,V) =p (

from different representation subspaces at different locations. The operation results are
concatenated and converted into linear units of the expected dimension:

mHSA(K,Q, V) =@, ... hg)w™ (8)

h; = Attn(Kwk, QwiQ, Vi) 9)

The projections are parameter matrices wk € RAmm>dimy, wiQ € Réimmxdimg and
wi, € Rtimmxdimy The GAT module output dimension is represented by din,,. Additional
output processing is possible using the MLP sublayer. It has two wholly connected layers
and a GeLU nonlinearity layer [39].

3.2.5. Classification Module

The collection of T Transformer encoders produces a sufficient range of features for
brain tumor categorization. Tumor classification is the block’s purpose. It has five layers:
flatten, normalization, dense, normalization, and softmax. The flattening layer flattens the
Transformer encoder output into a one-dimensional array. The flattened layer output is
batch normalized and fed into the dense layer to recenter and rescale the input distribution
to avoid vanishing or bursting gradients. The thick layer of a deep neural network uses a
GeLU activation function, proposed in [40], which outperforms ReLU. The output of the
dense layer is subjected to a second batch normalization. The final classification outcome is
achieved using a softmax layer.

3.2.6. Attention Module

The attention weights produced during the self-attention mechanism are extracted via
Equation (7). Self-attention calculates token weights based on their relevance in the input
sequence. These weights are computed by dotting query and key vectors, scaling, masking,
and softmax. After this, TensorFlow enables access to these attention weights through
model outputs and forwards these attention weights to attention layers to capture the
attention matrices during inference. These matrices are then normalized and visualized as
heatmaps to interpret the interactions between tokens, providing insights into the model’s
decision-making process.
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4. Experimental Results

In this section, we delve into the proposed performance analysis model employed in
classifying brain tumors in depth. Through rigorous evaluation and assessment, we aim to
uncover the strengths and weaknesses of the proposed model, ultimately identifying the
most effective approach for accurate brain tumor classification.

4.1. Experimental Setup

The experiments were conducted on a robust computing setup equipped with Ryzen 7
7700 with MSI PRO B650M-A DDR5 motherboard with a core i7, 12th generation processor
having 12 cores and 20 threads, 32 GB RAM, M.2 1 TB NVME SSD, and an MSI GeForce
RTX 4060 8 GB Ventus 2X Black 8 GB graphics card. The experimental framework was
established within a Jupyter Notebook environment, which offers a flexible and interactive
platform for conducting analyses. The proposed methodology uses Python with libraries
like Scikit-learn, Keras, TensorFlow, NumPy, Pandas Seaborn, and Matplotlib. The proposed
model implemented leave-one-out cross-validation for SMOTE and k-fold cross-validation
for model training to ensure the robustness and generalizability of the model. Three
sub-datasets were used, including the original dataset, the basic augmented dataset, and
the SMOTE augmented dataset. All datasets were split using the 70-15-15 approach for
training, testing, and validation. The Adam optimizer with a learning rate of 0.0001 was
employed using a batch size of 32 and early stopping. The model was trained on 99 epochs
before it was stopped by meeting the early stopping criteria.

4.2. Performance Metrics

The key performance metrics used in our experiment include accuracy (A), precision
(P), recall (R), F1-score (F1), and root mean squared error (RMSE) [41]. All these metrics
are generally used to evaluate the brain tumor models in state-of-the-art (SOTA) methods.
RMSE is the square root of the mean squared error. It is more sensitive to outliers than the
mean absolute error (MAE) and is often used in regression analysis. It is calculated as the
following equation, where L. is the actual label, L. is the predicted label, and K denotes the
total number of samples in the dataset:

& \2
RMSE = J X Y (Le—L) (10)

4.3. Classification Analysis

The proposed model starts with an LMA; in the first experiment, we will evaluate
which combination of three pre-trained CNN models performed better on both selected
datasets. Table 2 demonstrates the ten late model aggregation performances combined
across Kaggle and FigShare datasets, measured by accuracy (A), recall (R), precision (P),
F1-score, and RMSE. The results highlight significant variability, with accuracy values
ranging from 52.8% to 85.0% on the Kaggle dataset and 56.9% to 85.3% on the FigShare
dataset. Among the combinations, IN + DE + MO demonstrates the best performance,
achieving an accuracy of 85.0% on Kaggle dataset and 85.3% on FigShare dataset, with
precision of 84.2% and 83.4%, recall of 83.8% and 82.0%, and F1-scores of 84.0% and 82.7%.
It also recorded the lowest RMSE of 6.6% on the Kaggle dataset and 9.5% on the FigShare
dataset. The second-best combination is IN + E0 + DA, which achieves an accuracy of 82.1%
on Kaggle dataset and 82.2% on FigShare dataset, with precision rates of 82.7% and 82.1%,
recall rates of 82.8% and 81.8%, and F1-scores of 82.1% and 81.9%, along with RMSE values
of 14.8% on Kaggle dataset and 10.1% on FigShare dataset. DE + DA + MO ranks third
with an accuracy of 81.5% on the Kaggle dataset and 80.0% on FigShare dataset, supported
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by precision rates of 81.4% and 81.1%, recall rates of 80.3% and 81.3%, and F1-scores of
82.3% and 81.2%, with RMSE values of 12.8% on Kaggle dataset and 12.4% on FigShare
dataset. These top three combinations stand out for their strong classification performance
across the datasets.

Table 2. Comparison of pre-trained CNN models to find the best combination for the LMA module
on the original dataset. Bold shows the best performance; Ifalic shows the second best performance;
underlined shows the third best performance.

LMA Combination Kaggle Dataset FigShare Dataset
A(%) P(%) R((%) F1(%) RMSE(%) A(%) P(%) R(%) F1(%) RMSE (%)
In + De + EO 63.6 61.9 62.9 62.4 17.2 61.2 60.9 58.9 59.9 23.0
In + De + Da 747 74.8 74.0 744 18.8 76.6 73.7 754 74.5 14.7
In + De + Mo 85.0 84.2 83.8 84.0 6.6 85.3 83.4 82.0 82.7 9.5
In + EO + Da 82.1 82.7 82.8 82.1 14.8 82.2 82.1 81.8 81.9 10.1
In + EO0 + Mo 71.5 70.7 714 70.0 16.0 69.7 67.7 66.4 67.0 14.3
In + Da + Mo 52.8 51.4 524 51.9 15.6 56.9 56.0 55.1 55.5 14.1
De + EO + Da 72.1 73.8 73.2 72.5 11.1 77.3 74.5 76.0 752 13.5
De + E0 + Mo 759 759 74.6 76.7 18.5 79.7 78.6 777 78.1 16.4
De + Da + Mo 81.5 81.4 80.3 82.3 12.8 80.0 81.1 81.3 81.2 124
EO + Da + Mo 70.1 70.3 71.2 69.7 23.0 68.2 65.6 67.5 66.5 15.4

As we have found the best combination of pre-trained CNN models to be integrated
into the LMA module, we will test the best combination (In + De + Mo) to evaluate the
impact of data augmentation techniques. Table 3 compares the performance of the best
combination in LMA on different employed augmentation techniques with the original
dataset. During this evaluation, SMOTE demonstrates the most substantial improvements
in classification performance, achieving the highest accuracy of 89.3% on the Kaggle
dataset and 89.6% on the FigShare dataset. It consistently outperforms in precision, recall,
and F1-scores while maintaining the lowest RMSE values of 4.2% on the Kaggle dataset
and 6.9% on the FigShare dataset, indicating a significant reduction in prediction errors.
Essential augmentation further enhances the results compared to the original dataset, with
an accuracy of 87.1% on the Kaggle dataset and 87.5% on the FigShare dataset. It also
improves the precision, recall, and Fl-scores while reducing the RMSE to 5.5% on the
Kaggle dataset and 8.3% on the FigShare dataset. While providing a baseline accuracy
of 85.0% on the Kaggle dataset and 85.3% on the FigShare dataset, the original dataset
shows higher RMSE values of 6.6% on the Kaggle dataset and 9.5% on the FigShare dataset.
These findings emphasize the effectiveness of augmentation techniques like SMOTE and
essential augmentation in improving classification outcomes compared to using the original
dataset alone.

Now that we have compared the impact of employed augmentation techniques, we
will compare the performance of the proposed GATransformer model on both datasets.
Table 4 illustrates the performance of the GATransformer model on the Kaggle and FigShare
datasets under different augmentation techniques, including the original dataset, essential
augmentation, and SMOTE. The results indicate progressive improvement in the classifi-
cation performance with augmentation techniques. Using the original dataset, the model
achieves an accuracy of 92.0% on the Kaggle dataset and 92.2% on the FigShare dataset,
supported by precision rates of 91.5% and 91.0%, recall rates of 91.2% and 90.8%, and
F1-scores of 91.3% and 90.9%. However, the RMSE values remain relatively higher at 8.0%
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on the Kaggle dataset and 7.8% on the FigShare dataset. With essential augmentation,
the model demonstrates a notable improvement, achieving an accuracy of 95.0% on the
Kaggle dataset and 95.3% on the FigShare dataset. The precision, recall, and Fl-scores
also increased, reaching 94.6%, 94.4%, and 94.5% on the Kaggle dataset and 94.7%, 94.2%,
and 94.4% on the FigShare dataset. RMSE values were reduced to 5.5% on the Kaggle
dataset and 5.3% on the FigShare dataset, indicating enhanced prediction stability. The
application of SMOTE yields the best results, with the model achieving an accuracy of
99.0% on the Kaggle dataset and 99.2% on the FigShare dataset. Precision, recall, and
Fl-scores are exceptionally high at 98.7%, 98.5%, and 98.6% on the Kaggle dataset and
98.8%, 98.6%, and 98.7% on the FigShare dataset. The RMSE values are minimized to 2.0%
on the Kaggle dataset and 1.8% on the FigShare dataset, showcasing the significant impact
of SMOTE in reducing prediction errors and enhancing the overall performance of the
GATransformer model.

Table 3. Performance of the best combination in LMA on different employed augmentation techniques.

Kaggle Dataset FigShare Dataset
Dataset A(%) P(%) R(%) FL(%) RMSE(%) A(%) P() R(%) F1(%) RMSE (%)
Original dataset 85.0 84.2 83.8 84.0 6.6 85.3 83.4 82.0 82.7 9.5
Basic augmentation 85.0 84.2 83.8 84.0 6.6 85.3 83.4 82.0 82.7 9.5
SMOTE 87.1 86.7 86.3 86.5 5.5 87.5 86.4 86.0 86.2 8.3
Table 4. Performance of the GATransformer model on different employed augmentation techniques.
Kaggle Dataset FigShare Dataset
Dataset A(%) P(%) R(% F1(%) RMSE(%) A(%) P(%) R((%) Fl1(%) RMSE (%)
Original dataset 92.0 91.5 91.2 91.3 8.0 92.2 91.0 90.8 90.9 7.8
Basic augmentation 95.0 94.6 944 94.5 5.5 95.3 94.7 94.2 944 5.3
SMOTE 99.0 98.7 98.5 98.6 2.0 99.2 98.8 98.6 98.7 1.8

Figure 10 displays confusion matrices for two datasets, Kaggle and FigShare, using the
proposed model on SMOTE data. For the Kaggle dataset in Figure 10a, the model performs
well with Glioma, achieving 1307 correct predictions and minimal misclassifications in the
other classes. Meningioma has 1325 true positives, with a few misclassifications into the
different courses. Pituitary shows a very high actual positive rate of 1440, and no tumor
also performs well with 1574 correct predictions. The confusion matrix is dominated by
true positives, which signifies Kaggle’s well-performing model. For the FigShare dataset
in Figure 10b, the model’s performance is similarly good but with slight differences in
misclassification. Glioma has 1411 correct predictions, meningioma has 693 correct predic-
tions, and pituitary has 920 true positives, with a few misclassifications to other classes.
The misclassifications for no tumor are pretty low. In both datasets, the model struggles
slightly with predicting meningioma and pituitary classes accurately, as evidenced by their
misclassifications. Still, overall, the model’s accuracy is relatively high, as reflected in the
overall trends of the confusion matrices. The color intensity in the heatmaps highlights
these performance patterns, with darker shades representing higher numbers of predictions.
Figure 11 shows the training and validation accuracy and loss on both datasets for the
proposed model using the SMOTE dataset.
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Figure 10. Confusion matrix of GATransformer model on both datasets using SMOTE data; (a) confu-
sion matrix for Kaggle dataset and (b) confusion matrix for FigShare dataset.
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Figure 11. Comparison of the training and validation accuracy and loss of GATransformer model on
the SMOTE augmented datasets; (a) training and validation accuracy comparison on Kaggle dataset;
(b) training and validation loss comparison on Kaggle dataset; (c) training and validation accuracy
comparison on FigShare dataset; and (d) training and validation loss comparison on FigShare dataset.
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4.4. Attention Analysis

The two different categories of experimentation have undergone attention analysis.
The same dataset was used for training and testing in the first set of experiments. Figure 12
shows the proposed model’s classification and attention accuracy on the trained and tested
Kaggle dataset.
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glioma glioma meningioma meningioma meningioma meningioma
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Figure 12. Attention analysis of the proposed model when trained and tested on the Kaggle dataset.

Figure 13 shows the results of the proposed model when trained and tested on the
FigShare dataset. The attention shows MRI images in pairs with actual and expected labels
for glioma, meningioma, pituitary, and no-tumor cases. These results show that the model
can accurately detect and predict tumor locations, as shown by the strong label alignment.
This evaluation indicates that the model’s resilience and consistency on the dataset it was
trained on are sufficient for tumor classification and detection in the same area.
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Figure 13. Attention analysis of the proposed model—training and testing dataset: FigShare.

We also examined the impact of cross-dataset validation, where the proposed model is
trained on different MRI images while testing on completely unseen data. Three types of
attention analysis are carried out in this work. In the first analysis, the proposed model is
trained on the FigShare dataset and tested on the Kaggle Dataset. The proposed model’s
generalization capability across datasets is demonstrated in Figure 14, showing the results of
its training on the FigShare dataset and testing on the Kaggle dataset. The figure illustrates
pairings of MRI scans, including the actual label and its corresponding computed label. In
distinct cases, the three classes of brain tumor—glioma, pituitary, and meningioma—are
illustrated, along with their respective actual and predicted segmentation or classification
results. Specific instances from the dataset are highlighted by the input image name in the
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dataset (e.g., Tr-gl_0165) in each case. The precise overlap between the actual and predicted
tumor regions in the images illustrates the model’s efficacy in cross-dataset prediction.
Despite the domain disparities between the training and testing datasets, this visualization
demonstrates the model’s ability to handle unseen data during testing.

Actual Label Predicted Label Actual Label Predicted Label Actual Label Predicted Label
glioma glioma glioma glioma meningioma meningioma

Tr-gl_0375

Actual Label Predicted Label Actual Label Predicted Label Actual Label Predicted Label
meningioma meningioma pituitary pituitary pituitary pituitary

Tr-me_0178 Tr-pi_1114 Tr-pi_0042

Figure 14. Analysis of the proposed model—training dataset: FigShare; testing dataset: Kaggle.

The proposed model’s performance is demonstrated in Figure 15, where the training
has been performed on the Kaggle dataset and subsequently testing on the BraTS2019
and BraTS2020 datasets. The MRI image, the ground truth segmentation mask, and the
corresponding attention map generated by the proposed model are all presented in three
columns. The attention maps emphasize the regions the model identified as relevant for
segmentation and classification, demonstrating a significant overlap with the ground truth
segmentation. The model accurately segments tumor regions across various test instances in
the BraTS2019 and BraTS2020 datasets, as evidenced by the close correspondence between
the attention maps and the ground truth masks. The results suggest that the model can
accommodate tumor morphologies, sizes, and variations in intensity, despite training on a
distinct dataset. This analysis emphasizes the model’s capacity to effectively adjust data
from various medical image repositories that are not visible.

Medical imaging quality affects the brain tumor classification model performance.
Despite deep learning advances, limited resolution, noise, and distortions in MRI scans can
conceal tumor features and hamper categorization. Super-resolution methods, especially
those based on generative adversarial networks (GANSs), can improve image clarity and
feature extraction. Recent studies like [42] have shown that Al-driven super-resolution
approaches can improve medical imaging resolution while preserving structural integrity.
Super-resolution can show finer tumor characteristics by producing high-resolution MRI
scans from low-resolution ones, improving categorization. Such solutions in our pipeline
could enhance our augmentation efforts and improve GATransformer model feature rep-
resentation. Our current strategy uses random rotation and flipping; however, super-
resolution as a pre-processing step could improve model robustness and classification
accuracy. Future research may use GAN-based super-resolution models to enhance MRI
images before feeding them into the GATransformer architecture to reduce misclassification
due to low picture quality. Super-resolution and deep learning can bridge the gap between
Al-based tumor classification and clinically relevant decision support systems, improving
diagnostic reliability and model generalization.
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Figure 15. Analysis of the proposed model—training dataset: Kaggle; testing dataset: BraTS2019 and
BraTS2020 datasets.

5. Conclusions

In this article, a GAT-based transformer called GATransformer employs the attention
mechanism, GAT, and Transformer to detect and sustain patient care neural network chan-
nels without medical competence. Channel attention improves model representation by
extracting more profound attributes from weight-channel relationships and facilitates chan-
nel pruning, while Transformer models can learn complex spatial connections. Integrating
these aspects reduces model size and improves computer efficiency while maintaining
model performance. The FigShare and Kaggle datasets were used to initially train the pro-
posed model, whereas BraTS2019 and BraTS2020 datasets were employed to cross-validate
the proposed model. Ground-truth images from these two datasets were employed to vali-
date the proposed model. The GATransformer model’s resource-intensive computational
complexity and training time limit its real-time deployment. Even with SMOTE for class
balancing, utilizing Kaggle and FigShare datasets increases the overfitting risk. Addition-
ally, model performance depends on high-quality MRI scans, making it sensitive to noise
and artifacts. While explainable attention processes are used, deep learning models, espe-
cially those using GAT and Transformers, remain “black boxes” and pose interpretability
issues. Medical Al explainability is difficult, but our GATransformer model classifies brain
tumors well. Healthcare is vital, so we highlight the human-in-the-loop (HITL) strategy to
use Al as a decision-support tool rather than replacing doctors. HITL works in radiology
and diagnostics, where Al aids but experts approve. Our model improves efficiency and
clinical application trust by following this paradigm. More efficient and accurate pruning
algorithms and channel pruning in more extensive and more complicated networks should
be studied in the future. Channel pruning is promising and may help construct more
efficient and powerful deep neural networks.
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