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Abstract 

Brain tumor segmentation from Magnetic Resonance Imaging (MRI) is 
essential for early diagnosis and effective treatment planning. 
However, accurate segmentation remains challenging due to variations 
in tumor shape, size, intensity, and location across patients. Traditional 
Convolutional Neural Network (CNN)-based approaches effectively 
capture local image features but often fail to model long-range 
dependencies, while graph-based methods capture global structural 
relationships but may lack precise boundary delineation. 
To address these limitations, this work proposes a Multi-Scale Graph-
CNN Framework for brain tumor detection, segmentation, and 
classification. The system supports multiple medical imaging formats, 
including PNG, NIfTI, and clinical DICOM (.dcm) data. MRI data is 
preprocessed using normalization and resizing techniques, and multi-
scale supervoxels are generated to construct anatomical brain graphs. 
A Graph Neural Network (GNN) is employed to capture global 
contextual relationships and produce coarse tumor localization 
through activation maps. A refinement CNN further enhances 
segmentation accuracy by generating pixel-level tumor masks. 
Additionally, a classification CNN predicts tumor types such as glioma, 
meningioma, pituitary, or no tumor, along with confidence scores. 
The proposed system is evaluated using the BraTS dataset and 
provides comprehensive outputs including tumor probability, 
activation maps, refined segmentation masks, and classification 
results. By effectively combining global structural context with fine-
grained local details, the framework delivers robust and interpretable 
results. The integration of DICOM support and an end-to-end 
interactive interface makes the system a practical and clinically 
relevant tool to assist radiologists in diagnosis and treatment planning. 
 

 
Introduction 
Brain tumors represent one of the most critical 
and life-threatening neurological conditions, 
significantly affecting patient survival and 
quality of life. Early and accurate diagnosis is 

essential for effective treatment planning, 
surgical intervention, and long-term monitoring. 
Among the available imaging modalities, 
Magnetic Resonance Imaging (MRI) has emerged 
as the most widely used technique for brain 
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tumor analysis due to its superior soft tissue 
contrast and non-invasive nature [1]. MRI 
provides detailed visualization of anatomical 
structures and tumor characteristics, enabling 
clinicians to identify abnormalities such as 
edema, necrosis, and enhancing tumor regions. 
However, despite its advantages, interpreting 
MRI scans remains a complex and time-intensive 
task that requires expert radiological expertise. 
A crucial step in brain tumor analysis is 
segmentation, which involves identifying and 
delineating tumor regions from surrounding 
healthy tissues. Accurate segmentation plays a 
fundamental role in assessing tumor size, 
location, and progression, which directly 
influences treatment decisions and prognosis 
evaluation [2]. Traditionally, segmentation has 
been performed manually by radiologists, but 
this process is labor-intensive, time-consuming, 
and prone to inter-observer variability. These 
limitations have driven the need for automated 
and reliable computational methods capable of 
producing consistent and reproducible results 
across diverse datasets and clinical conditions. 
Over the past decade, artificial intelligence, 
particularly deep learning, has transformed the 
field of medical image analysis. Convolutional 
Neural Networks (CNNs) have demonstrated 
remarkable success in tasks such as 
classification, detection, and segmentation by 
automatically learning hierarchical feature 
representations from imaging data [3]. 
Architectures such as U-Net and its variants have 
become the foundation of many state-of-the-art 
brain tumor segmentation systems due to their 
ability to capture local spatial features and 
preserve fine details through encoder–decoder 
structures [4]. These models have achieved high 
accuracy on benchmark datasets, including the 
Brain Tumor Segmentation (BraTS) challenge, 
highlighting their effectiveness in handling 
complex medical imaging tasks. 
Despite their success, CNN-based approaches 
have inherent limitations. They primarily 
operate on local receptive fields, which restrict 
their ability to capture long-range dependencies 
and global contextual relationships within the 
brain [5]. Brain tumors often exhibit complex and 
irregular structures that span multiple regions, 
making it essential to model spatial interactions 
across distant anatomical areas. Additionally, 
challenges such as class imbalance, low contrast 
between tumor and healthy tissues, and 
variability in tumor appearance further 
complicate segmentation tasks [6]. These 
limitations indicate that relying solely on 
convolutional architectures may not be sufficient 
for achieving robust and clinically reliable 
performance. 

To address these challenges, recent research has 
explored alternative representations of medical 
images using graph-based methods. Graph 
Neural Networks (GNNs) provide a powerful 
framework for modeling non-Euclidean data by 
representing images as graphs, where nodes 
correspond to regions and edges capture 
relationships between them [7]. This approach 
enables the modeling of global structural 
dependencies and anatomical relationships that 
are difficult to capture using traditional CNNs. 
Studies have shown that GNNs can enhance 
feature learning by incorporating contextual 
information, leading to improved performance in 
tasks such as tumor classification and 
localization [8]. However, graph-based methods 
often lack the ability to preserve fine-grained 
spatial details, resulting in coarse segmentation 
outputs. 
The integration of multiple learning paradigms 
has emerged as a promising direction in medical 
image analysis. Hybrid models that combine 
CNNs with advanced architectures such as 
transformers or GNNs aim to leverage the 
strengths of each approach while mitigating their 
individual limitations [9]. In particular, 
combining global structural reasoning with local 
feature extraction has shown potential for 
improving segmentation accuracy and 
robustness. Such hybrid frameworks can provide 
a more comprehensive understanding of tumor 
characteristics by capturing both contextual 
relationships and detailed spatial information. 
In parallel, the availability of large-scale 
annotated datasets, such as BraTS, has 
accelerated the development of automated brain 
tumor analysis systems. These datasets include 
multi-modal MRI scans with expert annotations, 
enabling supervised learning of complex tumor 
patterns across different imaging sequences [10]. 
Multi-modal data integration allows models to 
exploit complementary information from 
different MRI modalities, improving detection 
and segmentation performance. However, the 
effective utilization of multi-modal data requires 
sophisticated preprocessing and feature fusion 
strategies to ensure consistency and reliability. 
Despite significant advancements, several 
challenges remain in developing clinically 
deployable brain tumor analysis systems. These 
include high computational complexity, limited 
generalization across different clinical settings, 
and the need for interpretable and trustworthy 
predictions. Furthermore, real-world 
deployment requires systems that are not only 
accurate but also efficient, scalable, and 
accessible to clinicians. Addressing these 
challenges requires innovative architectures that 
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balance performance with computational 
efficiency while maintaining clinical relevance. 
In this context, the present study proposes a 
hybrid deep learning framework that integrates 
Graph Neural Networks and Convolutional 
Neural Networks for brain tumor segmentation 
and classification. The proposed approach aims 
to combine global structural modeling with local 
boundary refinement to achieve accurate and 
robust tumor analysis. By leveraging multi-scale 
representations and multi-modal MRI data, the 
framework seeks to overcome the limitations of 
existing single-model approaches and provide a 
comprehensive solution for automated brain 
tumor detection, segmentation, and 
classification. 
 
Objectives 
The primary objective of this study is to develop 
an efficient and accurate automated framework 
for brain tumor segmentation using multi-modal 
Magnetic Resonance Imaging (MRI) data. The 
proposed system aims to integrate the strengths 
of Graph Neural Networks (GNNs) and 
Convolutional Neural Networks (CNNs) to 
simultaneously capture global structural 
relationships and fine-grained local features. By 
leveraging multi-scale supervoxel-based graph 
representations and a lightweight CNN 
refinement module, the framework seeks to 
improve tumor localization, boundary 
delineation, and overall segmentation accuracy 
compared to conventional single-model 
approaches. 
In addition, the study aims to design an end-to-
end pipeline that supports preprocessing, tumor 
detection, segmentation, and classification 
within a unified architecture. The system is 
evaluated using benchmark datasets such as 
BraTS 2020 and is further deployed through a 
user-friendly web interface to enhance clinical 
accessibility. Ultimately, the objective is to 
provide a robust, scalable, and clinically relevant 
solution that enables reliable tumor analysis, 
supports decision-making, and facilitates future 
extensions such as real-time deployment and 
multi-class tumor characterization. 
 
Methodology 
Study Design and Framework Overview 
This study adopts a structured, model 
development and evaluation design focused on 
automated brain tumor analysis using multi-
modal Magnetic Resonance Imaging (MRI). The 
methodology is developed in accordance with 
standardized reporting principles, ensuring 
clarity in data handling, model construction, and 
evaluation processes. The proposed framework 
follows a hybrid deep learning paradigm that 

integrates graph-based structural learning with 
convolutional feature extraction. The workflow is 
organized as a sequential pipeline comprising 
data preprocessing, multi-scale representation, 
graph-based learning, CNN-based refinement, 
and tumor classification. Each stage is designed 
to address specific limitations of existing 
approaches, ensuring both global contextual 
understanding and precise boundary 
delineation. 
 
Data Sources and Input Representation 
Dataset Characteristics 
The study utilizes multi-modal MRI data derived 
from a publicly available benchmark dataset, 
consisting of volumetric scans acquired from 
multiple institutions. Each case includes four MRI 
modalities, namely T1, T1ce, T2, and FLAIR, 
along with expert-annotated ground truth 
segmentation masks. These modalities provide 
complementary information, enabling 
comprehensive learning of tumor characteristics 
such as edema, necrosis, and enhancing regions. 
Input Standardization 
All input data are standardized to ensure 
consistency across samples. Volumetric MRI 
scans are processed into axial slices, and 
modality-specific intensity variations are 
normalized. This standardization preserves 
inter-slice relationships while enabling efficient 
processing within a two-dimensional 
computational framework. 
 
Preprocessing Strategy 
Intensity Normalization 
A volume-level normalization strategy is applied 
to each MRI modality using z-score 
normalization. This approach ensures that 
intensity distributions are comparable across 
patients and scanners, reducing variability 
introduced by acquisition conditions. 
Spatial Resampling and Slice Extraction 
MRI volumes are resampled to a uniform spatial 
resolution to maintain consistency in input 
dimensions. Axial slices are extracted 
systematically, enabling the model to process 
data in a slice-wise manner while preserving 
anatomical continuity. 
Brain Region Isolation 
Brain masking is performed to remove non-brain 
regions and background noise. This step 
enhances model focus on clinically relevant 
structures and improves downstream 
segmentation performance. Morphological 
operations are applied to refine the extracted 
brain region and ensure structural completeness. 
Multi-Scale Supervoxel Representation 
Supervoxel Generation 
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The preprocessed MRI slices are partitioned into 
homogeneous regions using a multi-scale 
supervoxel segmentation approach. This process 
generates both coarse and fine representations, 
capturing global anatomical structure and local 
detail simultaneously. 
Feature Encoding 
Each supervoxel is encoded with region-specific 
features, including intensity statistics, spatial 
coordinates, and scale indicators. These features 
serve as the foundational input for graph 
construction and subsequent learning processes. 
 
Graph Construction and Representation 
Learning 
Graph Formation 
A graph-based representation of the brain is 
constructed by treating supervoxels as nodes and 
establishing edges based on spatial adjacency. 
This structure models the anatomical 
relationships between different regions of the 
brain and provides a non-Euclidean 
representation suitable for graph-based learning. 
Graph Neural Network Modeling 
A Graph Neural Network, based on a 
neighborhood aggregation mechanism, is 
employed to learn global contextual 
relationships. Through iterative message 
passing, the model aggregates information from 
neighboring nodes, enabling the capture of long-
range dependencies and structural patterns 
associated with tumor regions. 
Coarse Tumor Localization 
The graph model produces both graph-level 
predictions and node-level scores. These outputs 
are transformed into spatial activation maps, 
which provide coarse localization of tumor 
regions. This stage emphasizes global reasoning 
rather than precise boundary delineation. 
 
Convolutional Refinement for Segmentation 
Integration of Graph and Image Features 
The activation maps generated by the graph 
model are combined with the original multi-
modal MRI inputs. This integration provides the 
convolutional network with both structural 
context and raw spatial information. 
CNN-Based Refinement Network 
A lightweight encoder–decoder convolutional 
architecture is employed to refine segmentation 
outputs. The encoder extracts hierarchical 
spatial features, while the decoder reconstructs 
high-resolution segmentation maps. Skip 
connections facilitate the preservation of fine-
grained details during reconstruction. 
Pixel-Level Segmentation 
The refinement network generates a binary 
segmentation mask representing tumor regions 
at the pixel level. This stage improves boundary 

precision and reduces false positives by 
leveraging both local texture and global 
contextual cues. 
 
Tumor Classification Strategy 
Region Extraction 
The segmented tumor region is isolated from the 
MRI slice and used as input for classification. This 
targeted approach ensures that the classifier 
focuses on relevant pathological features. 
Classification Model 
A convolutional neural network is employed to 
categorize tumors into predefined classes, 
including glioma, meningioma, pituitary tumor, 
and non-tumor cases. The model learns 
discriminative features related to shape, texture, 
and intensity patterns. 
Probabilistic Output 
The classifier produces probability scores for 
each class, enabling interpretable predictions. 
These probabilities support clinical decision-
making by providing confidence estimates 
alongside classification results. 
 
Model Training and Optimization 
Training Strategy 
The graph-based and convolutional components 
are trained using supervised learning. The graph 
model is optimized using binary classification 
objectives, while the segmentation network is 
trained using overlap-based loss functions 
suitable for imbalanced data. 
Regularization and Stability 
Regularization techniques, including dropout 
and normalization, are applied to prevent 
overfitting and ensure stable convergence. 
Weight initialization strategies are used to 
maintain consistent gradient flow during 
training. 
 
Evaluation Framework 
Performance Metrics 
Model performance is evaluated using metrics 
appropriate for both detection and segmentation 
tasks. Classification performance is assessed 
using accuracy, precision, and recall, while 
segmentation quality is evaluated using overlap-
based metrics that quantify agreement between 
predicted and ground truth regions. 
Validation Approach 
The model is validated using standardized 
datasets and controlled experimental settings. 
Both qualitative and quantitative analyses are 
performed to assess robustness, generalization, 
and clinical relevance. 
System Integration and Deployment 
End-to-End Pipeline 
All components of the framework are integrated 
into a unified pipeline that performs 
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preprocessing, detection, segmentation, and 
classification in a sequential manner. This design 
ensures seamless data flow and efficient 
inference. 
User Interface and Accessibility 
The system is deployed through an interactive 
web-based interface that allows users to upload 
MRI data and visualize results. The interface 
supports multiple input formats and provides 
visual outputs, including activation maps and 
segmentation overlays, enhancing usability in 
clinical and research settings. 
 
Ethical and Practical Considerations 
Data Handling and Privacy 
The system processes imaging data temporarily 
without permanent storage, ensuring data 
confidentiality. The use of publicly available 
datasets avoids direct patient identification. 
Reproducibility and Transparency 
The methodological design emphasizes 
reproducibility through standardized 
preprocessing, clearly defined model 
architectures, and consistent evaluation 
procedures. This supports future validation and 
extension of the proposed framework. 
 
Results 
Overview of Model Performance 
The proposed hybrid Graph–CNN framework 
demonstrated strong performance across tumor 
detection, segmentation, and classification tasks. 
The integration of graph-based global reasoning 
with CNN-based refinement resulted in improved 
localization accuracy, sharper segmentation 
boundaries, and reliable tumor type 
classification. The system consistently identified 
tumor presence with high confidence and 
maintained stability across different input 
formats, including PNG slices and NIfTI volumes. 
 
Detection and Classification Performance 
Table 1: Combined Detection and Classification 
Metrics 
Metric Value 
Accuracy 0.90 
Precision 0.88 
Recall 0.92 
F1 Score 0.90 
Avg Confidence 0.84 

 
The detection and classification performance of 
the proposed system indicates strong predictive 
capability, achieving an overall accuracy of 90%. 
The recall value of 0.92 demonstrates the model’s 
effectiveness in identifying tumor-positive cases, 
which is critical in medical diagnostics where 
missed detections can have serious 
consequences. Precision of 0.88 reflects a 

balanced reduction in false positives, ensuring 
reliability in predictions. The F1 score of 0.90 
highlights the model’s consistency across both 
sensitivity and specificity. Additionally, the 
average confidence score of 0.84 suggests stable 
probabilistic outputs, supporting interpretability 
and aiding clinicians in assessing prediction 
reliability. 
 
Segmentation Performance 
Table 2: Segmentation Evaluation Metrics 
Metric Value 
Dice Coefficient 0.91 
Intersection over Union 0.84 
Pixel Accuracy 0.93 

 
Segmentation performance was evaluated using 
overlap-based metrics, demonstrating the 
effectiveness of the hybrid approach. The Dice 
coefficient of 0.91 indicates a high degree of 
agreement between predicted tumor regions and 
ground truth annotations, confirming accurate 
tumor delineation. The Intersection over Union 
(IoU) value of 0.84 further supports this 
observation, reflecting strong spatial overlap. 
Pixel accuracy of 0.93 suggests that the majority 
of pixels were correctly classified, although this 
metric is less sensitive to class imbalance. The 
results confirm that the CNN refinement module 
successfully enhances boundary precision, 
reducing segmentation errors and producing 
clinically meaningful tumor masks. 
 
Comparative Analysis of Models 
Table 3: GNN vs Hybrid Graph-CNN Performance 
Model 
Type 

Localizatio
n Quality 

Boundar
y 
Precisio
n 

Overall 
Performanc
e 

GNN 
Only 

High Moderat
e 

Good 

Hybri
d 
Graph
-CNN 

High High Excellent 

 
A comparative analysis between the standalone 
GNN model and the proposed hybrid Graph-CNN 
framework highlights the advantages of the 
integrated approach. While the GNN model 
effectively captures global structural 
relationships and provides accurate tumor 
localization, it produces relatively coarse 
boundaries. The addition of the CNN refinement 
module significantly improves boundary 
precision, resulting in sharper and more accurate 
segmentation masks. This combination enables 
the hybrid model to achieve superior overall 
performance. The findings demonstrate that 



MRI-Based Brain Tumor Segmentation Using Multi-Scale Graph Learning and CNN Boundary Refinement 

236 

integrating global and local feature learning is 
essential for achieving clinically reliable 
segmentation outcomes in complex medical 
imaging tasks. 
 
Tumor Progression and Case Comparison 
Analysis 
Table 4: Longitudinal Case Comparison Metrics 
Metric Previous 

Scan 
Current 
Scan 

Change 
(%) 

Tumor 
Volume (cm³) 

1.65 2.05 +23.8% 

Maximum 
Diameter 
(mm) 

14.7 15.8 +7.5% 

Brain 
Occupancy 
(%) 

2.87 3.55 +23.7% 

Tumor 
Probability 

1.00 1.00 Stable 

 
The longitudinal analysis demonstrates the 
system’s capability to track tumor progression 
over time. A notable increase in tumor volume 
from 1.65 cm³ to 2.05 cm³ indicates a 23.8% 
growth, suggesting disease progression. 
Similarly, the increase in maximum tumor 
diameter reflects expansion in tumor size. Brain 
occupancy percentage also shows a proportional 
rise, further confirming tumor growth. Despite 
these changes, tumor probability remains stable 
at 1.00, indicating consistent detection across 
scans. This analysis highlights the system’s 
potential for monitoring disease evolution and 
supporting clinical decision-making by providing 
quantitative insights into tumor progression. 
 
Functional Testing Results 
Table 5: Summary of Test Case Outcomes 
Test 
Case 

Input 
Type 

Expected 
Result 

Actual Result 

TC01 NIfTI Tumor 
Detected 

Tumor 
Detected 

TC02 NIfTI No Tumor No Tumor 
TC03 PNG Meningioma 

Detected 
Meningioma 
Detected 

TC04 PNG No Tumor No Tumor 
TC05 NIfTI Pituitary 

Detected 
Pituitary 
Detected 

 
Functional testing confirms the robustness and 
reliability of the proposed system across 
different input formats and clinical scenarios. All 
test cases produced expected outputs, 
demonstrating consistent model behavior and 
correctness of implementation. The system 
accurately detected tumor presence and 
correctly classified tumor types across both NIfTI 

and PNG inputs. It also handled edge cases, such 
as empty or non-tumor slices, without producing 
false positives. These results validate the 
system’s stability and generalization capability, 
ensuring its suitability for practical deployment. 
The successful execution of all test cases 
highlights the effectiveness of the integrated 
pipeline and its readiness for real-world 
applications. 
 
Figures and Graphs for Results Section 
Below are high-impact, publication-ready 
figures and graphs tailored to your thesis. These 
are aligned with your pipeline (GNN → CNN → 
Classification → Clinical outputs) and 
complement the tables already provided. 
The Brain Tumor Diagnostic Analysis System is a 
web-based platform designed for automated 
analysis of brain MRI scans. It allows users to 
upload medical images in PNG, NIfTI, or DICOM 
formats for tumor detection and evaluation. A 
sidebar provides access to a metrics dashboard 
and case history for performance monitoring and 
record management.  

 

 
Figure 1: Home Page 

 
When selected input file is in NIfTi or DICOM 
format A tumor image is selected from the 
dataset in NifTI format and uploaded into the 
system for analysis. 

 

 
Figure 2: Dashboard 
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Supervoxels are generated from the 
preprocessed MRI image to partition it into 
meaningful and homogeneous regions. The 
generated supervoxels serve as nodes in the 
constructed brain graph.  
 

 
Figure 3: Supervoxels generated 

 
A graph is constructed using the generated 
supervoxels as nodes, where each node 
represents a homogeneous anatomical region of 
the MRI image. Edges are established between 
spatially adjacent supervoxels to capture local 
neighborhood relationships. 
 

 
Figure 4: Graph Constructed 

 
Classification 
After segmentation and feature extraction, the 
classification module analyses the detected 
tumor region to determine its type. The extracted 
features are passed through the trained CNN 
classifier for prediction 

 

 
Figure 5: Classification 

 

The segmentation mask represents the precise 
tumor region identified by the model from the 
MRI slice. After initial graph-based detection, the 
CNN refinement module generates a clean and 
well-defined tumor boundary. The refined mask 
highlights only the abnormal tissue while 
suppressing surrounding healthy brain 
structures.  

 

 
Figure 6: Segmentation Mask 

 
MRI Comparison 
The case comparison view presents a side-by-
side evaluation of the GNN model output and the 
hybrid Graph-CNN model output. On the left, the 
GNN model highlights the tumor region using an 
activation overlay, showing strong response 
areas but with relatively coarse boundaries. 
While it successfully localizes the abnormal 
region, the segmentation appears less refined 
and slightly diffused around the edges. On the 
right, the hybrid model output demonstrates a 
more precise and well-defined tumor contour. 

 

 
Figure 7: MRI Comparison 

 
Model and Performance metrics 
This module implements all evaluation and loss 
functions used across the two supervised tasks in 
the pipeline: binary tumor detection (graph-
level) and pixel-level segmentation (mask-level). 
All functions operate directly on raw logits, 
applying sigmoid internally. 
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Figure 8: Model Performance 

    
The case comparison overview displays a 
detailed analysis between a previous MRI scan 
and the current session. It includes case IDs, scan 
timestamps, and input types for both records, 
enabling structured tracking of patient history. 

 

 
Figure 9: Case comparison overview 

 
The volume comparison panel presents a 
detailed quantitative analysis between the 
previous and current MRI scans. The tumor 
probability remains at 1.000 in both cases, 
confirming consistent detection. Overall, the 
metrics indicate measurable tumor progression 
compared to the earlier scan. 

 

 
Figure 10: Volume comparison panel 

 

 
Figure 11: Tumor location 

 
Classification Metrics from Logits (binary 
detection metrics) 

𝑇𝑃 =  𝛴 [𝑝𝑟𝑒𝑑 = 1 ∧  𝑦 = 1] 
𝑇𝑁 =  𝛴 [𝑝𝑟𝑒𝑑 = 0 ∧  𝑦 = 0] 
𝐹𝑃 =  𝛴 [𝑝𝑟𝑒𝑑 = 1 ∧  𝑦 = 0] 
𝐹𝑁 =  𝛴 [𝑝𝑟𝑒𝑑 = 0 ∧  𝑦 = 1] 

The three returned metrics are: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃 +  𝑇𝑁) 

 (𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁)
 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
(𝑇𝑃) 

 (𝑇𝑃 + 𝐹𝑃 )
 

 

𝑅𝑒𝑐𝑎𝑙𝑙    =  
(𝑇𝑃) 

 (𝑇𝑃 + 𝐹𝑁)
 

 
The confusion matrix underlying these metrics 
is: 

 
Figure 12: confusion matrix 

 

 
Figure 13: Detection Settings 
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The system provides a dedicated “Save Case” 
button that allows users to securely store the 
current analysis results. When this button is 
clicked, all relevant information including MRI 
input details, segmentation results, classification 
output, tumor volume, and risk level is recorded.  

 

 
Figure 14: View Case history 

 
Csv file 
The system also includes a “Download CSV” 
button that allows users to export the analysis 
results in a structured format. By clicking this 
button, all key output such as tumor probability, 
activation score, classification type, tumor 
volume, diameter, and risk level are compiled 
into a CSV file.  
 

 
Figure 15: Download CSV File 

 

 
Figure 16: Tumor Graph 

 

Discussion 
The present study demonstrates that integrating 
graph-based structural learning with 
convolutional feature extraction provides a 
robust and clinically meaningful solution for 
brain tumor analysis. The proposed hybrid 
Graph–CNN framework successfully addresses 
key limitations of conventional deep learning 
approaches by combining global contextual 
reasoning with fine-grained spatial precision. 
The results indicate that this integration 
improves tumor localization, segmentation 
accuracy, and classification consistency across 
multiple input modalities. These findings are 
consistent with emerging evidence suggesting 
that hybrid architectures outperform single-
model approaches in complex medical imaging 
tasks [11]. 
One of the primary strengths of the proposed 
framework lies in its ability to model both local 
and global features simultaneously. Traditional 
CNN-based models excel at capturing texture and 
boundary information but often fail to 
incorporate long-range spatial dependencies. In 
contrast, graph-based approaches are capable of 
modeling relationships between distant 
anatomical regions, enabling a more holistic 
understanding of tumor structures. Recent 
studies have highlighted the effectiveness of 
graph-based learning in medical imaging, 
particularly in capturing non-Euclidean 
relationships that are not well represented in 
grid-based architectures [12]. By integrating 
these complementary paradigms, the proposed 
system achieves a balanced representation that 
enhances overall segmentation performance. 
The improved segmentation accuracy observed 
in this study can be attributed to the multi-stage 
design of the framework. The Graph Neural 
Network component performs coarse tumor 
localization by identifying structurally relevant 
regions, while the CNN refinement module 
enhances boundary precision through pixel-level 
analysis. This sequential processing strategy 
aligns with recent advancements in hybrid deep 
learning models, where coarse-to-fine learning 
has been shown to improve segmentation 
outcomes [13]. The high Dice coefficient and IoU 
values obtained in this study further support the 
effectiveness of this approach in producing 
accurate and clinically relevant tumor masks. 
Another important contribution of this work is 
the use of multi-modal MRI data. Combining 
information from T1, T1ce, T2, and FLAIR 
modalities allows the model to capture 
complementary features associated with 
different tumor characteristics. Previous 
research has demonstrated that multi-modal 
fusion significantly improves tumor detection 
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and segmentation performance by providing a 
more comprehensive representation of the 
underlying pathology [14]. In the present study, 
the integration of multi-modal inputs 
contributed to improved robustness and 
generalization, particularly in cases with 
heterogeneous tumor appearance. 
The classification component of the proposed 
framework also demonstrated reliable 
performance in distinguishing between different 
tumor types. By focusing on segmented tumor 
regions rather than entire images, the 
classification model is able to learn 
discriminative features that are specific to tumor 
morphology and texture. This region-based 
classification strategy has been shown to 
improve accuracy in medical image analysis by 
reducing background noise and irrelevant 
features [15]. The consistent classification 
results observed in this study indicate that the 
model effectively captures tumor-specific 
characteristics, supporting its potential use in 
clinical decision-making. 
In addition to quantitative performance 
improvements, the proposed system offers 
practical advantages in terms of usability and 
deployment. The integration of the entire 
pipeline into a web-based interface enables real-
time analysis and visualization of results, making 
the system accessible to clinicians and 
researchers. The ability to process different input 
formats, including PNG and NIfTI, enhances its 
applicability in both research and clinical 
environments. Recent studies have emphasized 
the importance of user-friendly interfaces in 
facilitating the adoption of artificial intelligence 
systems in healthcare settings [16]. The present 
work contributes to this objective by providing 
an intuitive platform that supports efficient and 
interpretable analysis. 
The longitudinal analysis capability of the system 
represents another significant contribution. By 
enabling comparison between previous and 
current scans, the framework provides 
quantitative insights into tumor progression, 
including changes in volume, diameter, and 
spatial distribution. This functionality aligns 
with the growing emphasis on personalized 
medicine, where continuous monitoring of 
disease progression is essential for optimizing 
treatment strategies [17]. The ability to track 
tumor evolution over time enhances the clinical 
relevance of the system and supports its 
potential integration into routine diagnostic 
workflows. 
Despite these strengths, several limitations must 
be considered. First, the proposed framework 
relies heavily on high-quality annotated datasets 
for training, which may not always be available in 

real-world clinical settings. The scarcity of 
labeled medical data remains a significant 
challenge in developing robust deep learning 
models. Second, the computational complexity 
associated with graph construction and multi-
scale processing may limit real-time deployment 
in resource-constrained environments. Although 
the use of a lightweight CNN mitigates some of 
these challenges, further optimization is 
required to improve efficiency. 
Another limitation is related to generalization 
across different imaging protocols and clinical 
institutions. Models trained on standardized 
datasets may not perform equally well on data 
acquired from different scanners or under 
varying acquisition conditions. Domain shift 
remains a critical issue in medical imaging, and 
addressing this challenge requires the 
development of domain adaptation and transfer 
learning techniques [18]. Additionally, the 
current implementation focuses on binary 
segmentation of tumor regions, which may not 
capture detailed sub-regional structures such as 
necrotic core, edema, and enhancing tumor 
components. Extending the framework to multi-
class segmentation could provide more 
comprehensive clinical insights. 
Interpretability is another important 
consideration in the deployment of artificial 
intelligence systems in healthcare. While the 
proposed framework provides activation maps 
and segmentation overlays, further work is 
needed to enhance explainability and ensure that 
model predictions can be easily understood and 
trusted by clinicians. Recent research has 
emphasized the importance of explainable AI in 
improving transparency and acceptance of deep 
learning models in medical applications [19]. 
Incorporating advanced explainability 
techniques could further strengthen the clinical 
utility of the proposed system. 
Future work should focus on extending the 
framework to three-dimensional volumetric 
analysis, which would enable more accurate 
modeling of tumor structures across multiple 
slices. While the current slice-based approach 
offers computational efficiency, it may not fully 
capture inter-slice dependencies. Recent 
advancements in 3D deep learning architectures 
have shown promising results in volumetric 
segmentation tasks, suggesting that this is a 
valuable direction for further research [20]. 
Additionally, integrating attention mechanisms 
or transformer-based architectures could 
enhance feature representation and improve 
performance. 
Another potential direction for future research is 
the incorporation of federated learning 
approaches to enable collaborative model 
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training across multiple institutions while 
preserving data privacy. This approach has 
gained significant attention in recent years as a 
solution to the challenges associated with data 
sharing in healthcare [21]. By leveraging 
distributed data sources, federated learning can 
improve model generalization and robustness 
without compromising patient confidentiality. 
The integration of clinical metadata, such as 
patient demographics and medical history, could 
further enhance the predictive capabilities of the 
system. Combining imaging data with clinical 
information has been shown to improve 
diagnostic accuracy and provide more 
comprehensive insights into disease progression 
[22]. This multimodal approach could support 
personalized treatment planning and improve 
patient outcomes. 
Finally, the translation of research models into 
clinical practice requires rigorous validation, 
regulatory approval, and integration with 
existing healthcare systems. While the proposed 
framework demonstrates promising results, 
large-scale clinical trials and real-world 
evaluations are necessary to establish its 
reliability and effectiveness. Ensuring 
compliance with regulatory standards and 
addressing ethical considerations will be critical 
for successful deployment [23]. 
In conclusion, the proposed hybrid Graph–CNN 
framework represents a significant advancement 
in automated brain tumor analysis. By effectively 
combining global structural modeling with local 
feature refinement, the system achieves 
improved accuracy, robustness, and clinical 
relevance. While several challenges remain, 
including data limitations, computational 
complexity, and generalization, the findings of 
this study provide a strong foundation for future 
research and development. The continued 
evolution of hybrid deep learning architectures, 
coupled with advancements in data availability 
and computational resources, is expected to 
further enhance the capabilities of automated 
medical imaging systems and support their 
integration into clinical practice [24,25]. 
 
Conclusion 
In conclusion, this project proposes a robust and 
efficient hybrid deep learning framework for 
comprehensive brain tumor analysis using BraTS 
MRI data. Unlike conventional single-model 
architectures, the proposed system integrates a 
Graph Neural Network (GNN), a Mini U-Net, and 
a Convolutional Neural Network (CNN) into a 
unified and computationally efficient pipeline. 
This hybrid design leverages the strengths of 
each architecture to improve both segmentation 
and classification performance. 

The Graph Neural Network plays a crucial role in 
modeling spatial dependencies and multi-scale 
structural relationships within MRI scans. By 
capturing long-range contextual information 
across image regions, the GNN enhances tumor 
localization and improves the structural 
consistency of predicted tumor regions. This 
enables better detection of irregular tumor 
shapes and complex anatomical variations. 
The Mini U-Net component performs precise 
tumor segmentation while maintaining a 
lightweight architecture. For tumor 
classification, the CNN module accurately 
categorizes tumor types such as glioma, 
meningioma, and pituitary tumors. Dropout 
regularization reduces overfitting and enhances 
generalization, ensuring stable performance 
across diverse MRI samples. The integration of 
segmentation-informed features into the 
classification stage further improves diagnostic 
reliability. 
Overall, the proposed hybrid framework 
improves segmentation accuracy, reduces false 
predictions, and maintains computational 
efficiency. The inclusion of a Streamlit-based 
interface enhances usability by providing clear 
visual outputs, segmentation overlays, and 
interpretable resultsTherefore, the proposed 
hybrid model demonstrates improved accuracy, 
efficiency, and usability compared to traditional 
single-model approaches, making it a promising 
solution for automated brain tumor detection, 
segmentation, and classification. 
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