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Abstract 
 
Accurate brain tumor classification from MRI images is crucial for supporting clinical diagnosis. This 
study proposes a hybrid framework that integrates a Swin Transformer and Graph-based learning to 
enhance feature representation and relational modeling. The Swin Transformer, known for its linear 
computational complexity and multi-scale attention mechanism, serves as a hierarchical feature 
extractor. The Graph module, on the other hand, captures structural dependencies among the extracted 
features. The model is evaluated on a four-class brain MRI dataset using 5-Fold cross-validation. 
Experimental results consistently demonstrate high performance, with a best accuracy of 0.9907. The 
model achieves sensitivity and specificity of 0.9903 and 0.9970, respectively. Notably, all folds 
maintain accuracy above 0.9500, indicating strong robustness and generalization capability. The 
proposed approach effectively reduces misclassification across tumor categories and outperforms 
baseline methods, underscoring its potential for reliable brain tumor classification. 
Keywords: brain tumor classification, swin transformer, graph transformer, brain tumor, 
classification. 

 
 

 
1. Introduction 

Brain tumors are a global health concern, with 
the number of cases steadily increasing [1], [2]. 
Classification is crucial in detecting tumor types 
based on images obtained from CT scans or 
MRIs. This classification plays a vital role in 
supporting clinical decision-making, facilitating 
early diagnosis, and guiding treatment planning. 
In the development of artificial intelligence (AI), 
particularly deep learning [3], [4], which is a part 
of it, a solution has emerged to aid decision-
making. Various models have been developed to 
achieve this. Conventional computer-aided 
diagnosis systems have primarily relied on 
convolutional neural network (CNN) [5], [6], 
which effectively captures local appearance 
features but often struggles to model global 
contextual relationships within complex tumor 
structures. This is because tumor morphology can 
vary significantly across patients, necessitating 
both fine-grained local features and long-range 
contextual reasoning for accurate recognition, 
even in MRI images. 

Since the advent of attention mechanisms in 
Natural Language Processing (NLP) [7], Vision 
Transformer (ViT) [8]has been applied to vision 
tasks. ViT’s ability to capture global context 
through self-attention enables it to comprehend 
long-range dependencies in images more 
effectively than traditional Convolutional Neural 
Networks (CNN). This makes ViT suitable for 
medical image analysis. However, the Swin 
Transformer [9], which is less computationally 
intensive compared to standard transformers, 
offers greater efficiency, particularly for high-
resolution images. Its hierarchical structure allows 
it to capture both local and global features 
effectively, similar to a CNN. Moreover, the Swin 
Transformer’s ability to capture multi-scale 
representations, including medical images, makes 
it highly effective. While transformers enhance 
global context understanding, they lack explicit 
modeling of structural relationships among image 
regions. 

In contrast to image-based computer vision 
tasks that rely on convolution or patch-based [10] 
processes for classification, graphs can be another 
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viable option for vision tasks. Graph-based deep 
learning offers a complementary capability by 
representing image patches or anatomical regions 
as nodes in a graph, where edges encode 
meaningful spatial or topological relationships. 
Graph neural network (GNN) [11], particularly 
transformer-style graph architectures [12], [13], 
enable relational reasoning that effectively 
highlights interactions between different image 
regions. These characteristics are particularly 
relevant in brain tumor analysis, especially when 
analyzing MRI images [14], [15], [16], where 
understanding the relationships between local 
tumor textures and the global anatomical context 
is crucial. Transformer architectures have shown 
strong performance in vision tasks, but their 
effectiveness is limited by their reliance on global 
dependencies. In medical imaging, particularly 
MRI scans, meaningful diagnostic features often 
reside in subtle, localized regions that require 
fine-grained modeling. Traditional graph neural 
networks, while capable of capturing relational 
structures, face challenges related to scalability, 
limited depth, interpretability issues, and 
sensitivity to noise commonly found in medical 
images. 

Research on brain tumor classification using 
transformer-based architectures is not a recent 
development. For example, Tanone et al. [17] 
applied a Vision Transformer (ViT) for feature 
extraction, followed by PCA for dimensionality 
reduction, and CatBoost as the final classifier. 
Beyond ViT, Swin Transformer–based methods 
have also been investigated. Bataineh et al. [18]  
explored a hybrid model incorporating the Swin 
Transformer and ResNet50V2, while Fu et al. [19] 
proposed a multimodal framework that integrates 
Swin Transformer with graph convolution for 
glioma prognosis. This hybrid design enhances 
feature representation through cross-modal 
attention and divergence regularization, yet its 
performance is still limited by the scarcity of 
available data. A similar approach was presented 
by Asiri et al. [20], who utilized the Swin 
Transformer for brain tumor classification and 
reported an accuracy of 0.9700. Although the 
results were promising, the model’s effectiveness 
remained constrained by factors such as a 
relatively small dataset and suboptimal parameter 
tuning, preventing it from fully reaching its 
potential. 

Continuing the exploration of Swin 
Transformer-based models, Pacal [21] proposed 
an enhanced deep learning framework that 
incorporates a novel Hybrid Shifted Windows 
Multi-Head Self-Attention (HSW-MSA) module 
and a rescaled architecture. In this approach, the 
traditional MLP component of the Swin 

Transformer is replaced with a Residual-based 
MLP (ResMLP), combined with the HSW-MSA 
mechanism. Despite these architectural 
innovations, the study provides limited analysis 
regarding parameter optimization and does not 
thoroughly evaluate the model’s performance 
across diverse datasets or clinical environments.  

Beyond classification tasks, Swin 
Transformers are widely applied in medical image 
segmentation. This is illustrated by Hatamizadeh 
et al. [22], who developed DenseTrans for 
multimodal segmentation, and by Ranjbarzadeh et 
al. [23], who introduced an explainable, attention-
guided Swin Transformer framework for 3D 
segmentation. Graph-based methods have also 
been explored independently for segmentation, 
such as Ziaeetabar’s EfficientGFormer. 

Tehsin et al. [24] conducted segmentation 
experiments using two different datasets, training 
on one and testing on another. Their study 
introduced GATransformer, a model equipped 
with a channel attention module designed to 
extract richer feature representations from 
channel–weight interactions. Although the model 
demonstrated strong performance and efficiency, 
variations between datasets continue to pose 
challenges that need to be addressed in future 
work. 

In the field of graph-based modeling, 
Srivastava et al. [25] conducted a study on the 
Automated Classification and Grading Diagnosis 
Model (ACGDM) using MRI images. By utilizing 
multiple MRI modalities, ACGDM dynamically 
adjusts its attention across spatial and temporal 
dimensions, enabling more precise extraction of 
critical features. However, the model still requires 
further improvement in hyperparameter 
optimization, which significantly impacts 
computational efficiency. Dong et al. [26] 
proposed a model that integrates the Swin 
Transformer with a graph-based approach for 
brain tumor classification. The Swin Transformer 
captures patch-level features, while a graph 
attention network models contextual relationships, 
and the results are fused for final prediction. 
Although effective, the method still encounters 
challenges related to image variability, fine-detail 
representation, and high computational costs. 

Recent studies on brain tumor classification 
have extensively utilized the widely adopted brain 
tumor dataset consisting of 7023 images. Several 
approaches have focused on improving baseline 
deep learning models to achieve higher 
classification accuracy. For example, Disci et al. 
[27]  employed multiple state-of-the-art pre-
trained models, including Xception, 
MobileNetV2, InceptionV3, ResNet50, VGG16, 
and DenseNet121, combined with advanced 
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preprocessing, data augmentation, and transfer 
learning strategies, achieving an accuracy of 
0.9873. Similarly, Kaya et al. [28] proposed 
Fusion-Brain-Net, a hybrid transfer learning 
framework integrating VGG16, ResNet50, and 
MobileNetV2 for enhanced feature extraction 
through preprocessing, augmentation, feature 
fusion, fine-tuning, and classification stages, 
resulting in an accuracy of 0.9708. In addition, 
Ishaq et al. [29] introduced an improved variant of 
EfficientNet for multiclass brain tumor detection 
and classification, achieving an accuracy of 
0.9860. 

In this research presents several 
groundbreaking innovations that advance 
transformer-graph hybrid modeling for brain 
tumor analysis. First, this research proposes a 
novel Swin-to-Graph conversion framework that 
converts transformer-derived feature maps into 
graph structures, enabling relational reasoning 
across localized tumor-related image patches. 
Building on this representation, this research 
develops a Graph Transformer architecture that 
incorporates distance-aware and edge-biased 
attention mechanisms enriched with spatial priors 
specific to brain tumor morphology. To further 
enhance predictive capability, this research 
introduces a multi-scale pooling and classification 
strategy that integrates mean, max, and sum 
pooling for more robust graph-level feature 
aggregation. To clarify the aims and significance 
of this study, the main contributions are outlined 
as follows: 

1. This study introduce a novel Swin-to-
Graph conversion framework that 
transforms transformer feature maps into 
graph structures, enabling relational 
reasoning on brain tumor image patches. 

2. This study design a Graph Transformer 
architecture that incorporates distance-

aware and edge-biased attention 
mechanisms, along with spatial priors 
from brain tumor images. 

3. A comprehensive pooling and 
classification design is proposed that 
aggregates multi-scale graph-level 
features using a combination of mean, 
max, and sum pooling to enhance the 
model’s performance. 

Following the introduction in Section 1, 
Section 2 outlines the proposed methodology. 
Section 3 presents the experimental results and 
their corresponding discussion, and Section 4 
concludes the study. 
  
2. Methods 

 
The proposed framework comprises five main 

stages that collectively transform raw medical 
images into clinically meaningful predictions. 
Initially, an image preprocessing phase 
standardizes input brain MRI scans to enhance 
feature clarity and ensure consistency across 
samples. Subsequently, a Swin Transformer Tiny 
is employed to extract rich hierarchical feature 
representations from tumor regions. These 
extracted features are then converted into 
structured graph representations in the graph 
construction stage, where patch relationships and 
spatial dependencies are encoded.  

The fourth stage involves Graph Transformer 
modeling, which leverages distance-aware and 
edge-biased attention to reason over graph-
connected patches and refine feature interactions. 
Finally, a classification module aggregates graph-
level information to generate the final tumor 
classification predictions. Figure 1 visually 
summarizes the complete two-step workflow of 
these stages.  

Figure 1. Proposed method.
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2. 1 Dataset and Preprocessing 
 
The brain tumor dataset employed in this 

study consists of MRI images obtained from a 
publicly available Kaggle repository [30]. The use 
of a public dataset was considered appropriate 
because primary medical brain tumor imaging 
datasets are difficult to acquire due to privacy, 
ethical, and accessibility constraints. Furthermore, 
this dataset has been widely utilized in many 
previous brain tumor classification studies, 
enabling fair comparison and benchmarking with 
existing methods. In total, the dataset contains 
7,023 image samples representing different tumor 
categories, providing sufficient variability for 
model development, training, and evaluation. A 
detailed breakdown of the dataset composition 
and class distribution is presented in Table 1. 

 
Table 1. Dataset description. 

Classes Images Total 
Glioma 

 

1622 

Meningioma 

 

1646 

No Tumor 

 

2001 

Pituitary 

 

1758 

According to Table 1, this study utilizes a 
publicly accessible MRI brain tumor dataset (gray 
scale) comprising four categories: glioma, 
meningioma, pituitary tumor, and no tumor. To 
ensure consistency and enhance model 
performance, each image undergoes several 
preprocessing stages. Initially, all images are 
resized to 224 × 224 pixels. Subsequently, pixel 
values are normalized to the range of [0,1]. 
Furthermore, data augmentation techniques, such 
as random rotation, flipping, and intensity 
perturbation, are employed during training to 
bolster model robustness and generalization 
capabilities. 

 

2.2 Feature Extraction using Swin Transformer 

In this research, a pretrained Swin 
Transformer Tiny (Swin-T) model is used as the 
feature extractor. The Tiny Swin Transformer 
pretrained model was selected due to several 
strengths. It offers linear computational 
complexity and a hierarchical feature structure 
capable of generating multi-scale feature maps, 
much like traditional CNNs. Its “shifted window” 
strategy allows information sharing between 
adjacent regions across layers. In addition to 
achieving state-of-the-art performance, Swin-T’s 
window-based design is efficient in memory 
usage and well suited for hardware 
implementation. Moreover, using Swin 
Transformer as a feature extractor is especially 
beneficial, as its localized self-attention 
effectively highlights and preserves details in 
weakly textured or complex image areas—
conditions where many other methods tend to 
struggle.  Furthermore, the classification head is 
removed, retaining only the hierarchical encoder. 
Each image is passed through the Swin backbone 
to generate a spatial feature map as shown in Eq 
(1). The proposed framework converts an input 
MRI image 𝐼into a structured representation for 
classification. First, each image is resized and 
normalized, yielding a preprocessed form 𝐼". The 
normalized image is then passed through a Swin 
Transformer encoder, producing a latent feature 
collection as shown in equation (1). 

						𝐹 = Swin(𝐼") = {𝑓! ∣ 𝑓! ∈ ℝ"}                    (1) 

where 𝑓!denotes the feature representation 
extracted from local patches of the image. These 
patch-level embeddings are interpreted as graph 
nodes, forming a node set 𝑉. 

2.3 Image-to-Graph Construction 

To model spatial interactions, this research 
construct a graph 𝐺 = (𝑉, 𝐸), where edges are 
defined through 𝑘-nearest neighbor relationships 
among patches. For each node 𝑣!, its 
neighborhood 𝒩#(𝑖)is determined by the 𝑘 closest 
patches, resulting in edge connections (𝑖, 𝑗)stored 
in the set 𝐸. The constructed graph is processed 
using a Graph Transformer consisting of 𝐿 
attention layers. Node features are initialized via a 
linear projection as shown in equation (2): 

𝑋(%) = 𝜙(𝑉)               (2) 
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and then iteratively updated through message 
passing. At each layer ℓ, pairwise attention 
coefficients are computed as shown in equation 
(3): 

𝛼!' =
((!)"

(ℓ))&((')(
(ℓ))

*")
+ 𝑏!' ,                 (3) 

 

where 𝑊+, 𝑊,, and 𝑊- are learnable projection 
matrices, 𝑑. refers to head dimension and 𝑏!' is 
an edge-aware bias term. The normalized 
attention weights are obtained in equation (4): 

 𝑎!' = softmax'(𝛼!')                          (4) 
and aggregated messages for node 𝑖 are computed 
in equation (5): 

	𝑚! =M 𝑎!''∈𝒩*(!)
⋅ (𝑊-𝑥'

(ℓ))	                 (5) 

The updated node representation is then shown in 
equation (6): 

							𝑥!
(ℓ23) = FFN(Norm(𝑥!

(ℓ) +𝑚!))                  (6) 
 

where FFN refers to a feed-forward network with 
residual connections and normalization. After 𝐿 
propagation layers, the graph representation 𝑧 is 
formed through a pooling operation combining 
mean, max, and summation statistics as shown in 
equation (7): 

 
𝑧 = Concat(Mean(𝑋(4)), Max(𝑋(4)), Sum(𝑋(4))) (7) 

 
Next, the pooled representation is passed through 
a classification network defined in equation (8): 

 
𝑦 = 𝑊5 𝜎(𝑊6 𝜎(𝑊3𝑧 + 𝑏3) + 𝑏6) + 𝑏5            (8) 
 
followed by softmax activation to produce per-
class probabilities 𝑦[ = Softmax(𝑦),	and finally, 
the predicted class label is computed as 𝑐̂ =
arg	max	(𝑦[). The pseudocode of the network can 
be seen in Figure 2. 

 
ALGORITHM BrainTumorClassification(images, 

labels): 
Step 1: Convert images to graphs 

graphs = [] 
FOR each image in images: 

features = SwinTransformer(image)    // 768-dim 
patches = DivideIntoPatches(features)//Multiple 

nodes 
edges = ConnectKNN(patches, k=8)//kNN graph 
graph = Graph(nodes=patches, edges=edges) 

graphs.append(graph) 
Step 2: Build and train model 

model = GraphTransformer( 
layers=3,heads=8,hidden_dim=512) 

Step 3: K-fold training 
FOR fold in 1 to 5: 

train_graphs, val_graphs = SplitData(graphs, 
fold) 

 
FOR epoch in 1 to 100: 

FOR batch in train_graphs: 
pred = model.forward(batch) 

loss = CrossEntropy(pred, batch.labels) 
loss.backward() 
optimizer.step() 

accuracy = Evaluate(model, val_graphs) 
results[fold] = CalculateMetrics(model, 

val_graphs) 
Step 4: Report results 

mean_acc = Mean(results.accuracies) 
PRINT "Mean Accuracy: {mean_acc:.4f}" 

 
RETURN model, results 

END ALGORITHM 

Figure 2. The pseudocode of proposed network. 
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Table 2 summarizes the hyperparameters used 
in this study. These parameters were selected to 
ensure stable training and optimal performance of 
the proposed model, including k_neighbors, 
distance_metric, and other key training settings, 
which were applied consistently across all 
experiments. 

Table 2. Hyperparameters setting. 
Hyperparameter Value Description 

k neighbors 8 
Number of nearest 

neighbors for kNN graph 
construction 

distance metric euclidean Distance metric for kNN 
graph 

number of layers 3 Number of Graph 
Transformer layers 

number of heads 8 Number of attention 
heads per layer 

edge features True Use edge features (spatial 
distance) 

hidden dim 512 Hidden dimension size 

head dim 64 Dimension per attention 
head (512/8) 

ffn hidden dim 2048 
Feed-forward network 

hidden dimension 
(512×4) 

dropout 0.3 Dropout rate 

pooling method concat Graph pooling method 
(mean + max + sum) 

pooled dim 1536 Pooled feature dimension 
(512×3) 

 
2.5 Evaluation and Visualization 
 

To assess the performance of the proposed 
Swin Transformer and Graph-based approach, 
multiple evaluation metrics [31] were applied. 
Accuracy served as the main indicator, reflecting 
the percentage of brain tumors correctly 
classified. To gain deeper insight into class-level 
performance and address dataset imbalance, 
precision, recall, and F1-score were also 
computed. Precision reflects how reliable the 
positive predictions are, recall indicates the 
model’s ability to detect tumor cases, and the F1-
score provides a balanced measure between the 
two. Furthermore, confusion matrices were used 
to illustrate patterns of misclassification across 
different tumor categories. Collectively, these 
metrics offer a thorough evaluation of the model’s 
robustness and its improvements compared to 
baseline approaches. Let TP as True Positive, TN 
as True Negative, FP as False Positive and FN = 
False Negative, the mathematical definitions of 
these metrics are provided in Eq (9–14) below: 

 

Accuracy = 78279
782792:82:9

                               (9) 

														Precision = 78
782:8

                  (10) 

																Recall = 78
782:9

                          (11) 

	F1-Score = 2 × Precision×Recall
Precision2Recall

                          (12) 

											Sensitivity = 78
782:9

                     (13) 

														Specificity = 79
792:8

     (14) 

 
3. Results and Discussion 

 
3.1 Environmental Setting 
 

All experiments were conducted on a 
MacBook Air equipped with an Apple M1 chip, 
featuring an 8-core CPU/GPU architecture and 16 
GB of unified memory. The development 
environment was set up using the Anaconda 
Python distribution to ensure consistent and 
reproducible package management. Model 
training and evaluation were performed using 
Jupyter Notebook. 

PyTorch (ARM-compatible version) was the 
primary deep learning framework used for model 
development. Other libraries utilized in the project 
include NumPy, Pandas, Matplotlib, scikit-learn, 
and torchvision. To optimize computational 
efficiency, the environment was optimized using 
an Apple Silicon-compatible PyTorch backend. 

 
3.2 Results 
 

This section presents the model’s performance 
metrics, along with training and validation curves, 
and the resulting confusion matrix. An ablation 
study is also included to evaluate how each 
component contributes to the model’s overall 
effectiveness. 

 
Table 3. Best Result of the model (Fold 5). 

Class Sens Spec Prec Acc 
glioma 0.9846 0.9981 0.9938 0.9947 

meningioma 0.9878 0.9926 0.9760 0.9914 
no tumor 0.9975 0.9990 0.9975 0.9986 
pituitary 0.9915 0.9981 0.9943 0.9961 
Average 0.9903 0.9970 0.9904 0.9907 

 
Table 3 reveals that Fold 5 demonstrated the 

most impressive performance during K-Fold 
cross-validation. The model achieved an accuracy 
of 0.9907. While accuracy alone doesn’t fully 
encapsulate performance, the average sensitivity 
of 0.9903 and specificity of 0.9970 further 
underscore the model’s exceptional ability to 
distinguish tumor types. These findings suggest 
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that, with a relatively balanced dataset, the model 
maintains consistent classification performance. 
The training and loss curves corresponding to 
Fold 5 are presented in Figure 3 (a) and (b). 

 

 
(a) 

 
(b) 

Figure 3. (a) Training, and (b) validation curve of Fold 5. 
 

Additionally, the accuracy results for the 
remaining folds are illustrated in Figure 4. Among 
them, Fold 3 recorded the lowest accuracy at 
0.9758, while Folds 1, 2, and 4 show comparable 
performance. These findings indicate that, even 
across different cross-validation splits, the model 
consistently achieves an accuracy above 0.9500.  

 

 
Figure 4. Performance of cross validation. 

 
Figure 5 presents the confusion matrix for 

Fold 5. The glioma class shows the highest 
number of misclassifications, with 5 errors and 

319 correct predictions. In contrast, the no-tumor 
class records the fewest errors, with only one 
misclassified case. The remaining classes also 
exhibit low error counts, with 4 misclassifications 
for meningioma and 3 for pituitary. 
 

 
Figure 5. Confusion matrix of Fold 5. 

 
3.3 Ablation study 
 

To see the effectiveness of the modules in the 
proposed method, this research provide an 
ablation study. Table 4 presents crucial ablation 
results showing how the model affects the 
removal of components of the proposed method.   

 
Table 4. Ablation study summary. 

Configuration Acc Sens Spec 
1 Layer 0.9851 0.9755 0.9921 
2 Layers 0.9843 0.9819 0.9941 

Full Model 0.9822 0.9781 0.9930 
Without Edge 

Features 
0.9822 0.9726 0.9913 

Max Pooling 
Only 

0.9822 0.9717 0.9909 

Mean Pooling 
Only 

0.9815 0.9690 0.9900 

4 Attention 
Heads 

0.9808 0.9782 0.9929 

 
While our proposed method uses multiple 

layers, while the 1-layer configuration achieves 
slightly higher accuracy (0.9851), the full 3-layer 
model demonstrates superior balance across 
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sensitivity, and specificity, confirming that stable 
layer depth contributes to the generalization of 
model performance. Furthermore, the removal of 
edge features leads to a consistent decrease in 
sensitivity (-0.0055), validating their role in 
spatial representation, which is crucial for 
understanding image data. Furthermore, replacing 
concat with either average-only or maximum-only 
readout decreases all metrics, indicating that the 
concat strategy in our proposed method captures a 
more comprehensive graph-level representation. 
Ablation study also included reducing the number 
of attention heads from 8 to 4, resulting in 
minimal accuracy changes but a slight decrease in 
sensitivity, suggesting that the number of heads 
plays a secondary role relative to the concat 
strategy and edge features. So, from the 
conclusion that can be drawn, our proposed 
method has a number of layers, edge features, 
pooling strategy and number of heads that affect 
the model performance. 
 
3.4 Discussion 
 

The experimental results demonstrate that the 
proposed model effectively integrates Swin 
Transformer and Graph-based learning for brain 
tumor classification. The K-Fold cross-validation 
evaluation provides strong evidence of the 
model’s stability and generalization ability across 
different data splits. Among all folds, Fold 5 
achieved the highest performance, with an 
accuracy of 0.9907, sensitivity of 0.9903, and 
specificity of 0.9970. These values indicate that 
the model is highly capable of identifying tumor 
regions while minimizing false predictions in non-
tumor cases. Such balanced results are crucial in 
medical imaging tasks, where both false positives 
and false negatives must be minimized for reliable 
clinical decision-making. 

Although Fold 5 exhibited the best 
performance, the other folds also consistently 
produced high accuracy levels. Even the lowest-
performing fold (Fold 3) achieved an accuracy of 
0.9758, demonstrating the model’s robustness 
under varying data distributions. The consistency 
across Folds 1, 2, and 5, with accuracies above 
0.9800, further suggests that the model’s 
architecture successfully captures discriminative 
tumor features despite potential variance in 
sample composition. Overall, maintaining 
accuracy above 0.9500 across all folds highlights 
the reliability of the proposed approach for real-
world deployment. 

The confusion matrix analysis provides deeper 
insights into the class-level behavior of the model. 
The glioma class exhibited the highest number of 
misclassifications, with five incorrect predictions. 

This could be attributed to the structural similarity 
between glioma and other tumor types, as well as 
the inherent variability in glioma appearance 
within MRI scans. On the other hand, the no-
tumor class showed extremely high classification 
accuracy, with only one misclassified instance, 
suggesting that the model distinguishes normal 
cases with strong confidence. Misclassifications 
in the meningioma and pituitary classes remained 
low (four and three cases, respectively), indicating 
that the model’s feature representations generalize 
well across tumor categories. 

Another key factor contributing to the model’s 
effectiveness is the Swin Transformer’s 
hierarchical feature extraction and localized 
attention mechanism. These properties enable the 
network to capture multi-scale contextual 
information, which is crucial for distinguishing 
subtle differences between tumor types. The 
Graph module further enhances relational 
reasoning between extracted features, improving 
the model’s ability to recognize spatial and 
structural patterns in complex MRI data. Taken 
together, these components create a powerful, 
complementary architecture capable of handling 
both global and local dependencies. A 
comparative analysis with previous research was 
conducted to assess the effectiveness of the 
proposed model.  

To compare the effectiveness of our proposed 
method, this research conducted state-of-the-art 
experiments to assess the performance of the 
baseline model and other model variants. Table 5 
shows the results of experiments with 
hyperparameters such as an image size of 64x64, 
20 epochs, and no cross-validation. Although the 
Swin-T (baseline) is higher than other models, this 
demonstrates that the Graph, the foundation of our 
proposed method, is quite influential in improving 
model performance. 

 
Table 5. State-of-the-art performances. 

Model Acc Sens Spec 
Swin-T (baseline) 0.8747 0.8679 0.9584 
Swin-B 0.8733 0.8670 0.9579 
Swin-S 0.8598 0.8529 0.9531 
ConvNeXt-T 0.8349 0.8275 0.9447 
Swin-T + Graph Attention 0.9907 0.9903 0.9970 

 
Despite the excellent results, some limitations 

remain. The presence of misclassifications, 
particularly in the glioma class, suggests that 
additional strategies, such as stronger data 
augmentation, class rebalancing, or the 
incorporation of multimodal imaging (e.g., T1, 
T2, FLAIR), may further improve performance. 
Another potential direction is leveraging medical-
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domain pretrained models to reduce sensitivity to 
variability in tumor shape and texture. Overall, the 
findings highlight that the combination of the 
Swin Transformer and Graph-based learning 
provides a robust, high-performing solution for 
brain tumor classification. This approach 
outperforms other models such as Swin-T 
(baseline), Swin-B, Swin-S, and ConvNeXt-T on 
metrics including accuracy, sensitivity, and 
specificity. The strong cross-validation results, 
minimal misclassification rates, and consistent 
metric values across folds demonstrate the 
proposed model's potential for practical clinical 
applications. 

 
4. Conclusion 
 

This study presented a brain tumor 
classification framework that combines the 
strengths of the Swin Transformer and Graph-
based learning to effectively extract and model 
multi-scale structural information from MRI 
images. Experimental results across 5-Fold cross-
validation demonstrate that the proposed model 
delivers highly consistent and reliable 
performance, with Fold 5 achieving the best 
accuracy of 0.9907 and overall results remaining 
above 0.9500 across all folds. The sensitivity and 
specificity values further confirm the model’s 
capability to correctly identify tumor cases while 
minimizing false detections. 

Analysis of the confusion matrix shows that 
the model performs strongly across all tumor 
categories, with only a small number of 
misclassifications, particularly in the glioma class 
due to its high visual variability. The integration 
of hierarchical attention from the Swin 
Transformer and relational reasoning from the 
Graph module significantly contributes to the 
model’s effectiveness in capturing both local and 
global tumor features. Overall, the study 
demonstrates that the proposed method is a robust 
and high-performing solution for brain tumor 
classification. With its strong generalization 
ability and low misclassification rates, the 
framework holds promise for deployment in real-
world clinical decision support systems. Future 
improvements may include expanding the dataset, 
incorporating multi-modal MRI sequences, and 
applying domain-specific pretraining to further 
enhance classification accuracy. 
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