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Abstract

Brain tumor analysis from multimodal magnetic resonance imaging (MRI) remains
a challenging task because highlighting tumor subregions properly requires both lo-
cal feature extraction and understanding of the global brain structure. This thesis
proposes a hybrid deep learning framework for multimodal brain tumor segmentation
and tumor grade classification that combines a 3D U-Net backbone with a grid-based
graph neural network (GNN) refinement module and a DARTS-inspired fusion mech-
anism. This proposed fusion block tried to learn an optimal combination from 4 parts:
CNN-only, GNN-only, averaged, and concatenation-based representations. A combi-
nation of these versions allowed the proposed framework to take into account their
contributions based on their assigned weights. The dataset used for this paper is the
BraTS 2021 dataset. Apart from that, hyperparameters were not selected manually
but through Bayesian optimization with Optuna, and the final model was assessed
with three-fold nested cross-validation. In the context of experimental results, the
model showed competitive segmentation performance. During initial training, com-
posite loss decreased from 0.694 to 0.136, while validation Dice reached 0.689 for
enhancing tumor (ET), 0.781 for tumor core (TC), and 0.899 for whole tumor (WT).
In nested cross-validation, the final mean Dice scores were 0.758 for ET, 0.819 for
TC, and 0.879 for WT, with an overall mean Dice of 0.819. What is interesting to
note is that the GNN-refined output was more favored over the raw CNN output.
Also, this paper proposed a classification pipeline that is based on 28-dimensional
features extracted from predicted tumor regions. This stage achieved a mean accu-
racy of 0.863 and a mean macro F1-score of 0.740 across folds. Overall, CNN-GNN
fusion is a promising direction for brain tumor analysis, and the results in this paper
demonstrated this.

Thesis Supervisor: Hari Mohan Rai
Title: Assistant professor
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Chapter 1

Introduction

Brain tumors remain one of the most significant global health concerns today. Accord-

ing to the most recent CBTRUS Statistical Report, the average annual age-adjusted

incidence rate of primary brain and other CNS tumors in the United States is roughly

26.05 per 100,000, which means that almost 490,000 cases were diagnosed between

2018 and 2022 [34]. This highlights how important it is to dive deeper into the

problem of brain tumors.

1.1 Motivation

Brain tumors are a disease that many people around the world face today. It impacts

human’s health, their well-being, and early detection of this disease may lead to better

impact of disease’s treatment. However, automated solutions that can assess brain

MRI scans are still not at their final stage and need more improvement to make proper

evaluations of people’s brain tumor disease. This is what motivated me to work upon

a system construction that can both segment brain tumors and also classify them.

Thus, brain tumors are of great importance in medicine and are one of the central

problems in medical image computing. They occur from abnormal cell growth within

brain tissue regions and lead to high mortality rates by posing great risks to people’s

health [46]. Among all brain tumors, glioma is considered to be one of the most

aggressive and frequent one, and it stands for roughly 80 percents of all malignant
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brain tumors. Glioma can be categorized into high-grade and low-grade gliomas

(HGG and LGG, respectively), and exact and timely diagnosis is necessary for these

disease types[46, 41]. Taken together, there is a high importance of proper brain tumor

segmentation, classification, and its related predictive tasks, because the problem is

clinically and technically demanding. People receive serious health issues related to

brain tumor diagnosis and integration of technical tools may help the medicine.

1.2 Applications

The proposed framework is mainly intended to be used in clinical and research set-

tings. Automated brain tumor segmentation can help radiologists and doctors in

revealing the disease and in reducing the effort to delineate the tumor sub-regions

and volumetric measurements. Beyond clinical use, the proposed CNN-GNN fusion

strategy can be used in other 3D medical image segmentation tasks where local and

global contexts matter. Overall, the proposed study is intended to help doctors and

clinicians during the work with image scans.

1.3 Challenges

The literature also explain why MRI-based manual tumor assessment may need sub-

stitution to automated solution. The reason is that manual segmentation, for exam-

ple, is time-consuming, subjective, and laborious [51]. Authors from the paper [31]

also support the idea that manual assessment can lead human-related errors and relies

on clinician experience, which differs among doctors. These observations demonstrate

the necessity for the reduction of manual labor in brain tumor field and a gradual

shift to automated solutions, which also need to be consistent.

Another major reason why this task is difficult for both manual and automated

assessment is that MRI sequences are multimodal, and each one provides a comple-

mentary view of brain tumor structure. For example, edema, contrast enhancement,

surrounding tissues are presented in different MRI versions. So, it can be said that
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information that is obtained from single-image modality is limited; therefore, a multi-

modality fusion network is needed [51]. Another paper [47] makes a similar point and

highlights the importance of leveraging multi-modal images due to the specific char-

acteristics of each modality. These authors discuss the idea that robust brain tumor

analysis should learn from different modalities rather than from a single sequence.

Convolutional neural networks are algorithms that are applied for brain tumor

segmentation due to their abilities of feature extraction. Architectures such as FCN

and U-Net, as well as advanced variants, Res-U-Net, DenseNet-based models are

examples that are used for convolutional neural networks [46]. However, CNN models

have a problem related to their solution approach. CNNs struggle with segmentation

tasks due to their limited understanding of provided scan data. Their nature is

focused on local understanding of images and faces limitations in modeling global

relationships between different parts of scan data [17, 25].

These limitations of CNN models showed that some new solutions may need to

be integrated for seeking both global and local reasoning. Thus, recent research have

also offered another approach where images are represented as graphs that consist

of connected brain regions with edges [37]. This allows another approach to be inte-

grated, where CNN captures local features, while Graph Neural Network models are

also integrated, and they catch global contextual representation [37, 35, 25]. Authors

in these works [44, 17] state the idea that local and global features are both crucial for

proper model inference. To summarize, the field has realized that pure local feature

extraction is often not enough for an accurate 3d multimodal tumor analysis, and

this complementarity between CNN and GNN models is exactly the reason why the

CNN-GNN fusion framework is offered in this research paper.

1.4 Problem Statement

This thesis intends to address several important problems related to deep-learning-

based brain tumor analysis.

1. CNN-based segmentation models capture local features well but struggle with
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modelling global anatomical context, which can limit the accuracy of brain

tumor segmentation

2. Some of the existing CNN-GNN hybrid approaches rely on fixed or manually

tuned fusion strategies instead of learning the optimal combination based on

data.

3. Both segmentation and classification parts of brain tumors are affected by severe

class imbalance, which has to be handled carefully.

1.5 Contributions

The classification of brain tumors is also a vital part since early tumor detection can

lead to proper treatment and higher survival rate [35]. Some examples that other

research authors utilized for brain tumor classification include K-Nearest Neighbors

(KNN), K-means, and Support Vector Machine (SVM) [35].

This work has developed an automatic segmentation framework for multimodal

brain tumor that is based on a fusion of convolutional and graph-inspired reasoning

modules. Therefore, this whole pipeline relies on both a 3D CNN and a grid-based

GNN module that helps with contextual consistency. For this research work, it was

decided to choose the 3D U-Net as a CNN branch that operates with four-channel

MRI input and a GridGNN-based refinement module for catching global contextual

information. Apart from that, I applied a DARTS-inspired fusion block that combines

CNN, GNN-refined logits, their averaged representation, and a concatenation-based

projection as well. This whole design allowed the model to preserve local context

and incorporate broader spatial interactions. The BraTS dataset was utilized for

the work, and in order to tailor the framework to the characteristics of BraTS tumor

subregions, the training pipeline includes multimodal preprocessing, label remapping,

ET-biased patch sampling, and a composite objective function.

Beyond segmentation, this work also extends the proposed framework to perform

tumor grade classification. The BraTS dataset does not provide explicit labels for
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tumor grades; this is why clinically motivated grade categories were taken from the

ground-truth segmentation masks that are themselves based on volumetric region

ratios: Grade-IV-like (high enhancing tumor proportion), Grade-III-like (moderate

tumor core proportion), and Grade-II-like (edema-dominant cases). For every pa-

tient case, a trained segmentation model was used to extract a 28-dimensional fea-

ture vector from the predicted segmentation output, which captured region volumes,

class probabilities, prediction confidence, and spatial entropy characteristics. Also,

for addressing the severe class imbalance, SMOTE-inspired oversampling was uti-

lized. After that, a four-layer neural network classifier was trained on these features

by using three-fold cross-validation structure. This pipeline demonstrates how the

classification part was implemented.

Here are main contributions of this paper:

• CNN–GNN Fusion with Learnable Architecture Search.

This work proposes a hybrid segmentation framework that combines a 3D U-

Net convolutional backbone with a grid-based Graph Neural Network refinement

module for brain tumor segmentation from multimodal MRI data. The main

contribution of this part is that unlike other CNN-GNN approaches that rely on

fixed fusion strategies or manually chosen combination weights, the proposed

framework in this study integrates a DARTS-inspired search mechanism that

learns the optimal fusion of four candidate operators: CNN-only, GNN-only,

their arithmetic average, and a concatenation-based learned projection.

• Empirical Validation of GNN Contribution Through Autonomous

Weight Discovery.

Another central finding of this work is that the DARTS fusion mechanism con-

sistently assigned higher weight to the GNN-refined output across all experi-

ments. Specifically, the GNN-only operator converged to approximately 0.296,

while the CNN-only operator received approximately 0.217 in the initial train-

ing. This pattern was shown without any manual tuning from my side and

showed the importance of graph-inspired module incorporation.
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• Segmentation-Derived Tumor Grade Classification Pipeline. This pa-

per does not only focus on segmentation but also proposes a framework for

classification, where grade categories were derived from segmentation outputs.

SMOTE-inspired oversampling and class-weighted cross-entropy loss were inte-

grated to handle severe class imbalance.

1.6 Thesis Organization

The remainder of this paper is structured as follows. Firstly, Section 2 provides

a review of the literature on multimodal brain tumor segmentation, classification,

CNN-based medical image analysis as well as graph-based refinement approaches.

Section 3 describes the dataset that was used in the work, the preprocessing pipeline,

the model architecture, fusion strategy, loss design, and procedure for hyperparameter

optimization. Section 4 is dedicated for results of the experiments and the discussion

part. Section 5 is the conclusion of the paper.
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Chapter 2

Literature review

2.1 Section overview

This chapter provides a comprehensive review of the existing literature relevant to

the proposed CNN-GNN fusion framework for multimodal brain tumor classification

and segmentation. Review section is divided into 4 thematic sections that together

establish the methodological context of this thesis. Studies explored in this review are

selected based on their relevance to multimodal MRI analysis, their use of datasets

that are comparable to BraTS, their closeness to the proposed framework. Detailed

description of these studies are presented further in this section.

2.2 CNN-Based Architectures for Multimodal Brain

Tumor Segmentation

Deep learning has become one of the dominant methodologies for automated brain

tumor segmentation, and this is caused by its great ability to capture feature repre-

sentations from multimodal MRI data, which is used in most of the explored studies.

Across the reviewed literature, only studies that report segmentation architecture are

considered in this part, along with the metric results. Most segmentation studies are

built with the help of a decoder-encoder CNN architecture, such as U-Net and its
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other variants. They are strong with dense pixels and voxel-level prediction.

Zhao et al. [51] propose MM-Unet, which is an architecture designed for segment-

ing brain tumors from multimodal MRI scans. Authors apply multiple encoders for

each modalities of MRI scans and a shared decoder that restores pixel-level results

of segmentation. This design allows them to take into account properties of each

MRI type and outperform single-stream architectures in terms of capturing local and

global details. This paper provides results with a mean Dice score of 79.2% and

mean Hausdorff95 results of 8.466. Another representative example is SEResU-Net,

which is augmented with a U-Net backbone and is explicitly designed for multimodal

MRI segmentation [46]. This design’s effectiveness is consistent with high Dice scores

across brain tumor subregions. On the BraTS2018 and BraTS2019 datasets SEResU-

Net showed Dice coefficients exceeding 0.94 for whole tumor segmentation for the

BraTS2018 dataset and outperformed some of the baselines models [46].In another

paper [39], authors utilize a network MM-BiFPN that has 4 separate encoders for each

of the MRI modalities and use Bi-FPN layers to connect their features and receive as

much information as possible from them. This approach allows them to decide which

of the modalities contribute more to the segmentation. Authors also use a method,

where information is passed from top to bottom and from bottom to top, which allows

them to observe local and global details. This research claims that the MM-BiFPN

model has a lower precision value than other models but outperforms previous mod-

els in terms of accuracy. Despite strong local feature extraction methods, CNNs are

limited in modelling long-range spatial and global anatomical dependencies. Wang

et al. [44] proposed a novel TransBTS model that is based on an encoder-decoder

structure. Transformer is successful in natural language processing tasks, so the au-

thors decided to apply it for MRI brain Tumor Segmentation. For capturing local

context information, 3D CNN is exploited, and volumetric feature maps are collected

[44]. These features are then reshaped intentionally to tokens, so that the Trans-

former can model global dependencies. The decoder part leverages features produced

by the Transformer and performs progressive upsampling for building a detailed seg-

mentation map. The TransBTS model achieves a Dice score of 78.69%, 90.98%,
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82.85%, respectively, for ET, WT, and TC for the BraTS 2019 dataset, and 78.73%,

90.09%, 81.73% for the BraTS 2020 dataset, which outperforms previous state-of-the-

art results for 3D brain tumor segmentation. Another observed strategy included the

adoption of attention mechanisms, which emphasized spatial and channel-wise fea-

tures. AABTS-Net utilizes attention mechanisms to capture long-range dependencies

and achieves a competitive Dice score on BraTS2019 validation data [41]. Tumor

segmentations are small subregions and attention-augmented architectures are par-

ticularly effective for improving the task of brain tumor segmentations. In another

research paper, authors proposed another new segmentation approach, which con-

nects a transformer, convolutional neural network, and an encoder-decoder structure

for 3D segmentation of brain tumors [17]. The Swin transformer uses a shifted window

attention, while the encoder produces features and the decoder rebuilds an output

for segmentation goals. Final results on three datasets (BraTS 2019–2021) show that

their method provides better results than some of the state-of-the-art methods, in-

cluding TransBTS. In this paper [42], the authors proposed a Tumnet model, which

is a lightweight convolutional neural network. The model was used for classifying

and segmenting multimodal MRI and CT scans, which were fused at a pixel level.

Datasets were collected from Kaggle and Harvard Med AANLIB. Finally, for classifi-

cation performance, the model achieved these average results: accuracy at 90%/98%,

sensitivity at 96%, and specificity at 95%/99%. Even though the dataset is not large,

Tumnet demonstrated that it can provide high values for classification tasks with the

right fusion techniques. This paper [31] presents a study where two state-of-the-art

CNN architectures were proposed. The first CNN conducts tumor segmentation on

multimodal MRI scans with encoder being used for extracting features and reducing

dimensionality, and the decoder part rebuilds its output to original size. For this

stage, a 3D U-Net-based model was applied. For the second stage EfficientNetB2 was

already used for tumor classification tasks (high-grade and low-grade gliomas). The

three-class dataset and the BraTS 2019 dataset were used for the models. Efficient-

NetB2 achieved 99.19% test accuracy, 99.17% precision, 98.94% sensitivity, 99.57%

specificity, and 99.06% F1-score, while segmentation outcomes were robust as well:
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86.13, 86.75, and 92.41 for et, tc, and wt, respectively, for a Dice score [31]. Thus,

the paper presented segmentation and classification parts in a single pipeline with

overall strong results. In another study Axial Attention CNN was introduced for seg-

mentation tasks on multimodal MRI images [41]. The attention mechanism processes

information along two axes (horizontal and vertical ones separately). This attention

part also allows us to focus more on important parts, including brain tumors, and

neglect less relevant locations, which provides better results. The BraTS dataset was

used for training the network. Even though the full 3D transformer was not utilised,

Axial Attention still managed to investigate global and spatial relations well. For

BraTS 2021, the model showed great results: DSC values of 0.830, 0.861, and 0.922

and HD values of 17.728, 11.178, and 3.996 for ET, TC, and WT regions, respectively.

Transformer-based and attention-based models therefore extend global context mod-

eling beyond plain convolution by observing volumetric dependencies in the entire

brain volume.

2.3 Graph-Based and Hybrid CNN–GNN Models

CNN limitations related to modelling long-range spatial and global anatomical de-

pendencies can be overcome with graph-based reasoning modules that are integrated

into CNN segmentation pipelines.

Ma et al. [25] used the DGRUnit model for brain tumor segmentation that applies

both CNN and GNN. The former one is used to capture local details, while the latter

one is used to show relationships between tumors at different regions. The model

treats regions as graph nodes and therefore captures relation between tumor areas

spatially. The model shows good results for many metrics on the BraTS 2018 dataset.

For example, the Nested U-net + DGRUnit demonstrated 0.998, 0.993, 0.997 for ET,

WT, and TC regions, respectively, for the specificity metric. Therefore, the paper

shows that combining both graphical reasoning and CNN can provide good results

that outperform some of the state-of-the-art outcomes. In another paper [37], authors

proposed the Joint Graph and Image Convolution Network that connects CNNs with

22



GNNs, also for the task of tumor segmentation. Authors use this connection because

CNN is good at learning spatial information within a region, but can ignore relation-

ships between different regions. Authors used each superpixel as a graph node and

connected them according to spatial proximity. The main goal of the project was

to show that GNNs can provide good results on their own for tumor segmentation

rather than construct highly optimal CNN solutions. Nevertheless, the results of the

merged GNN-CNN model provided results better than when they are separate. For

the Dice score, models produced 0.925, 0.908, and 0.842 for WT, TC, and ET regions

respectively.

2.4 Multimodal Fusion Strategies

In this paper [47], the authors suggested a F2Net network that can work with any

number of MRI modalities. F2Net is constructed with encoder-decoder structure and

uses 2 Transformer-based feature learning streams as well as cross-modal shared learn-

ing network. This allows us to extract separate and joint representations of features.

On the BraTS 2019 dataset the model indeed provided high results. For the Dice

score, their model had results of 95.01, 94.28, 90.24 for WT, TC, and ET regions,

respectively. The model illustrated its effectiveness over many other segmentation

methods. Authors in paper [8] offered MVFusFra, which is a multi-view dynamic fu-

sion framework, for combining information from T1, T1ce, T2, and FLAIR modalities.

This method effectively integrated multimodal MRI data for segmentation purposes

and achieved Dice scores of 0.83682/0.73627/0.71239 for complete/core/enhancing

on BraTS2018 [8]. Similarly, MFD-Net introduced a multi-feature decoder for cross-

modal interaction. These papers suggest that fusion strategy design is as critical as

backbone architecture.

Beyond Dice scores, studies also considered other metrics. For example, boundary-

aware evaluation was emphasized by merging Hausdorff distance and recall metrics

for the goal of assessing geometric accuracy across the data. MeniSeg reported HD95

and Dice results [50]. Such metrics are crucial for clinical decisions, as boundary
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errors can lead to significant mistakes even when the Dice score is relatively strong.

nnU-Net was proposed as a self-configuring segmentation framework that was

evaluated on a range of medical images. It showed strong generalization without

manual architecture tuning [16]. Even though this paper is not strongly attached

to brain tumors explicitly, nnU-Net serves as a strong baseline and can be used for

highlighting the features of automated pipeline optimization.

Overall, most of the models used for brain tumor segmentation were trained and

tested on BraTS datasets from different years and the results of the papers are shown

below in the table.

2.5 Deep Learning Models for Brain Tumor Classi-

fication

Deep learning-based brain tumor classification methods that are described in the re-

view studies address important medical questions, such as binary tumor detection,

multi-class tumor type classification, and glioma grade discrimination. Classification

works that are described in the literature below can be grouped into 4 categories: 1)

CNN-based classifiers 2) graph-based (CNN + graph convolution) classification mod-

els 3)segmentation-to-classification works 4) multi-stage segmentation–classification

pipelines CNN-based techniques stand as primary backbones for classification tasks,

and they are combined with preprocessing, fusion, and optimization strategies for

better results. One of the examples uses a TumNet classifier, that applies pixel-level

fusion with multiple fusion rules. This classifier performs binary tumor classification

and achieves an accuracy of 96% by outperforming AlexNet (82%), GoogLeNet (78%),

and a conventional CNN (67%) on the same dataset [42]. Another instance of a CNN-

based approach includes DeepLabV3+, which is an architecture for classification, and

it works by connecting multiple architectural modules, feature fusion, and Bayesian

hyperparameter optimization. For this work, the authors managed to achieve the

following results: accuracy of up to 95.42%, with sensitivity of 94.20%, precision
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of 94.53%, and an area under the ROC curve (AUC) of up to 0.99 [28]. So these

mentioned methods incorporate fusion, optimization, or region-focused preprocessing

instead of an ordinary baseline CNN architecture. Another method that is used for

classification tasks is Graph-based models. In [35] study authors proposed a graph

convolutional neural network combined with a CNN classifier that is evaluated on a

four-class MRI classification task (no tumor, pituitary tumor, glioma, meningioma)

based on the Kaggle brain tumor classification dataset. The best configuration in

the paper (Net-2) achieved an accuracy of 95.01%. Beyond the above 2 approaches,

this review also considers papers that explicitly use a segmentation-to-classification

pipeline, where initially brain tumors are segmented by a model and then classi-

fied. One such example is where a 3D U-Net is used for tumor segmentation, and

subsequently, a CNN-based classifier model is utilized for classification. This study

achieved strong results: sensitivity of 97%, for high-grade glioma (HGG), sensitivity

values are up to 99% and 94% for low-grade glioma (LGG), specificity values of 94%

for HGG and 99% for LGG [31].
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Chapter 3

Materials and Methods

In this section, I provide a detailed overview of materials, pipeline, methodologi-

cal stages that have been used for this work. The proposed framework focuses on

multimodal brain tumor analysis and employs a CNN–GNN fusion strategy for seg-

mentation and classification from MRI dataset. For the current work, the provided

approach connects both volumetric convolutional learning and graph-inspired con-

textual understanding for considering both local information and relations between

regions from different parts of brain scans. Here is a workflow that has been ap-

plied: dataset was acquired and organized, the pre-processing part was completed,

patch-based training samples were generated, a 3D U-Net backbone was used for seg-

mentation, graph-based refinement was completed with the help of a grid-structured

neighborhood propagation module, and nested cross-validation was also applied for

improving evaluation results. All of these transformations eventually led to a goal

of improving metrics higher, so that the model could properly classify and segment

brain tumors.

Regarding the core part, then the model architecture is built around a 3D U-Net

backbone, which is a CNN model [7, 30]. As an input it is provided with four-channel

multimodal MRI data. Basically, the main role of this backbone is to explore hierar-

chical volumetric features and reconstruct dense segmentation maps with an encoder-

decoder structure. After the initial prediction made by the CNN part, a graph-based

refinement stage steps in and is applied through a grid-based neighborhood propaga-
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tion mechanism. Simply, this refinement part lets operate over the spatial structure of

the CNN prediction and exchange information between different regions, allowing the

model to receive broader contextual information [43]. This branch is a lightweight

GNN-style improvement that works together with local extractions from the CNN

backbone [19]. Further, these 2 branches are combined by a DARTS-inspired fusion

block that assigns weights to CNN and GNN outputs and learn how much of contri-

bution each of them should make for the final output [23]. This part is central in this

work, because it allows not to merely focus just on CNN with post-processing and a

graph model, but to concentrate on an architecture that tries to exploit the strengths

of both models and apply them properly.

For evaluating the performance of the proposed framework, diverse elements are

combined: nested cross-validation for robust assessment, Optuna-based configura-

tion search as well, sliding-window volumetric inference, Dice-based overlap analysis

for ET, TC, and WT, mean validation Dice for overall monitoring, and HD95 for

boundary-aware assessment. By having this approach, the goal of this study is to

achieve a correct detection of brain tumors and make a positive contribution to the

field. The next sections will explain techniques and methodologies for brain tumor

segmentation and classification in more depth. The overall methodology pipeline is

illustrated in Figure 3-1.

3.1 Dataset

The dataset that was used for this work is a publicly available dataset called BraTS

2021 that can be obtained from this study [2]. This is a highly popular dataset

for multimodal brain tumor segmentation and classification tasks [3]. Basically, this

dataset consists of multi-parametric 3D MRI scans of patients who have glioma.

The dataset consists of 1251 patients’ data for the training part and includes both

high-grade gliomas (HGG) and low-grade gliomas (LGG). MRI data is actually pub-

licly available for both training and validation sets, however manual segmentation

can be accessed only for the training part. Within the dataset, each subject is rep-
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Figure 3-1: Block diagram of the proposed CNN–GNN fusion methodology pipeline.
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resented as a 3D volumetric scan in 4 modalities: T1-weighted (T1), T1-weighted

contrast-enhanced (T1ce), T2-weighted (T2), and Fluid Attenuated Inversion Recov-

ery (FLAIR). All of these modalities have been preprocessed using a standardized

pipeline including skull stripping, resampling to isotropic resolution (1 mm³), inten-

sity normalization, and a rigid co-registration to a common anatomical template.

Each of the contained MRI volume has a spatial size of 240 × 240 × 155 voxels,

which enables consistent volumetric processing for all samples.

Apart from these, the scans have the following label encodings: label 0 is used

for background information, label 1 is necrotic and non-enhancing tumor core, label

2 is for peritumoral edema, and label 4 is for enhancing tumor. These labels are also

grouped into clinically meaningful regions, where enhancing tumor (ET) covers label

4, tumor Core (TC) covers labels 1 and 4, and whole tumor (WT) covers all labels

1,2, and 4.

Overall, the BraTS dataset’s main focus is pointed at glioma tumors, which is

considered to be one of the most aggressive types of brain tumors. If we compare

earlier 2D MRI datasets with BraTS dataset, then BraTS dataset has an advantage

in that all the data scans are 3D volumetric and they preserve spatial continuity.

This is suitable for evaluating advanced architectures that require both local feature

extraction and global reasoning of a space, particularly for the proposed in this study

CNN-GNN fusion framework.

Figure 3-2 shows the resulting distribution for the dataset: cases with an ET/WT

ratio exceeding 0.10 were labeled as Grade-IV-like, cases with ET/WT at most 0.10

but TC/WT exceeding 0.20 were labeled as Grade-III-like, and all remaining cases

were labeled as Grade-II-like. Table 3.1 provides detailed information about the

dataset used.

3.2 Data pre-processing

For the field of medical image analysis, pre-processing is a highly crucial step as it

allows for proper working with high-dimensional multimodal MRI data. particularly,
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Figure 3-2: Distribution of derived tumor grade categories across the BraTS 2021
dataset. Grade-IV-like cases dominate at 80.2%, while Grade-III-like represents only
5.9%, creating severe class imbalance addressed through SMOTE oversampling in the
classification pipeline.

Table 3.1: Summary of the BraTS 2021 dataset used in this study.

Attribute Details

Dataset BraTS 2021
Total patients 1,251 (training set with manual annotations)
Tumor type Glioma (High-Grade and Low-Grade)
MRI modalities T1, T1ce, T2, FLAIR
Volume dimensions 240× 240× 155 voxels
Voxel resolution 1× 1× 1 mm3 (isotropic)
Segmentation labels 0 = Background, 1 = NCR, 2 = ED, 4 = ET
Whole Tumor (WT) Labels {1, 2, 4}
Tumor Core (TC) Labels {1, 4}
Enhancing Tumor (ET) Label {4}

this stage allows for converting raw data into a structured and standardized format,

which can be used efficiently by deep learning models. In the context of this work,

for brain tumor segmentation and classification tasks, pre-processing ensured consis-

tency across samples, numerical stability, and enhanced the model’s ability to explore

meaningful anatomical features.

BraTS 2021 dataset, which is the main dataset used for this study, is already

partially preprocessed. For example, MRI volumes are already co-registered, skull-
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stripped, and resampled. However, in spite of these initial transformations, additional

pre-processing work had to be done for this work. So this is why the MONAI frame-

work was applied, and the following pre-processing steps were completed: spatial

standardization, intensity normalization, label transformation, foreground extraction,

patch-based sampling, and data augmentation [5].

3.2.1 Multimodal loading and channel construction

As was explained before, each data point in the BraTS dataset consists of four co-

registered MRI modalities and one file that contains ground-truth segmentation. In

the code each patient is converted into a dictionary, where the image field contains

paths to t1, t1ce, t2, and flair and the label field points to the segmentation mask.

This means that the network in this study does not process a single image but a

four-channel 3D tensor, where every channel is related to one MRI sequence. Thus,

the main point of loading all modalities for each case jointly is to expose the model

to complementary views of the same anatomy.

3.2.2 Tensor Conversion

A fundamental data structure that is used in PyTorch is called a tensor, which is a

multi-dimensional array and is specifically adjusted for numerical computations. In

the code, the EnsureTyped transformation was utilized for converting MRI data into

PyTorch tensors. This step is crucial because many operations that can be used in

the training pipeline, such as convolution, backpropagation, and loss computation, are

produced in such a way that they can work with tensors only. If data stays in the same

original format (for instance, NumPy arrays or other types), then some operations can

fail or run incorrectly due to the wrong format usage. This is why tensor conversion

is important, as it ensures that the pipeline avoids potential mismatches in type and

that operations can be run without errors.

Apart from avoiding these potential problems, Tensor conversion is also needed

for computational efficiency. In the current study, PyTorch sensors can be trans-
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ferred directly to GPU memory, which lets the model apply hardware acceleration

during training process. As a result, this phase leads to computation time reduc-

tion, especially for 3D MRI volumes, which are the main data in this research. And

most importantly, without tensor conversion, it would not be possible to utilize GPU

functionalities to the full.

Thus, this step makes sure that the data is converted into a format that the model

can understand, process, and apply to a GPU.

3.2.3 Orientation standardization

After the previous crucial part, the code applies another step that enforces a consistent

anatomical orientation convention for all images and labels in the dataset. Actually,

the BraTS dataset is already standardized initially and can not be called chaotic, but

this step is introduced in order to act as safeguard that guarantees that every sample

in the network is in the same axis convention. Practically, this stage is needed for

preventing some inconsistencies in orientation as it is important for the network not

to train and learn from arbitrary axis locations.

3.2.4 Voxel Spacing Normalization

Another important pre-processing step that is used for this work in voxel spacing

normalization, which defines the physical dimensions of each voxel in the MRI volume.

The BraTS dataset is generally resampled to a uniform resolution, and explicit spacing

normalization in this work is applied for making sure that strict consistency among

all the samples is preserved. In terms of this current research, all image scans have

been resampled to a size of 1×1×1 mm³ that guarantees that spatial features have

the same scale across all patients, which is a crucial step for convolutional operations,

which are applied in this work. Without this step, the model can learn representations

inconsistently if they have some variations in voxel size.

Thus, this step is crucial for standardizing spatial resolution and for letting the

model interpret anatomical structures properly.
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3.2.5 Intensity Normalization

From the paper [2], it is mentioned that the mpMRI scans that are included in the

BraTS 2021 challenge dataset were acquired from different scanners and from mul-

tiple institutions. Inherently, MRI scans’ intensities are not standardized and can

vary across diverse scanners and settings. This is why NormalizeIntensity intensity

normalization was applied for addressing this problem. For the current work, nor-

malization has been performed for channel-wise and for non-zero voxels only. This

was made to make sure that the background regions do not distort the normalization

process and do not affect the intensity distribution. Normalization was completed in-

dependently for each modality, so that the model can learn modality-specific features

effectively.

Overall, the primary goal of this stage is to converge data input to a comparable

intensity scale, which enhances numerical stability during the training process and

does not allow some intensity ranges to dominate this exact learning phase. Without

this transformation, the model would need to learn intensity scaling on its own, which

would increase the complexity of the training part and lead to performance reduction.

3.2.6 Label Remapping

In the BraTS 2021 dataset provided segmentation labels are not indexed sequentially,

as they contain the following label set: 0,1,2,4, where 0 shows the background part,

1 corresponds to necrotic and non-enhancing tumor core (NCR), 2 to edema (ED),

and 4 to enhancing tumor (ET). However, deep learning models, which utilize loss

functions such as Dice or cross-entropy, require class indices to be sequential and not

chaotic or have gaps between them. Thus, in order to address this requirement, label

remapping is applied here in the pre-processing pipeline.

All occurrences of labels with the value 4 are replaced with 3, which means that

label set is contiguous now 0,1,2,3. The Lambdad part is seamlessly integrated into

the MONAI transformation pipeline and is applied consistently with all samples.

This step is necessary for this research work, because its defined pipeline uses
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loss functions such as DiceCELoss, which relies on one-hot encoding, which basically

assumes that indices of classes are sequential. Otherwise, non-contiguous labels would

lead to incorrect channel mappings and could potentially lead to invalid gradient

updates. Importantly, this mapping does not change the meanings of these labels but

rather replaces their numerical representation with a convenient one.

3.2.7 Foreground Cropping

MRI volumes that are used in the BraTS 2021 dataset contain large regions of back-

ground that do not actually have any meaning for the tumor segmentation or clas-

sification task. These regions mainly consist of zero-valued voxels that surround the

brain. The problem is that if they are processed incorrectly, then this phase can

significantly increase computational cost. That is why foreground cropping is added

as a pre-processing step for this work by using the MONAI transformation CropFore-

ground.

This implementation allows to identify smallest possible bounding box that con-

tains all non-zero voxels in a particular scan and crops the image accordingly. An

image is used as a source key, and the cropping operation ensures that relevant regions

from a scan are preserved.

As explained above, this step affects computational efficiency, and this is the pri-

mary motivation for this phase implementation. By removing large empty regions, the

input size is reduced, which leads to lower memory consumption and to an increased

speed up for both training and inference. This is particularly helpful in the context

of this work, because requirements grow rapidly with input size for 3D convolutional

networks.

Apart from increased speed, foreground cropping affects the learning process by

eliminating unnecessary details from scans and leaving important ones only. This

potentially positively affected feature extraction and training behavior, as the model

did not focus on unnecessary parts.
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3.2.8 Spatial Padding

Following foreground cropping, the resulting volumes can have different dimensions

due to differences in anatomical regions for each patient. However, deep learning

models, including the one used in this work, require inputs of consistent size, especially

during patch-based training strategies. To address this issue, a spatial padding step

was applied with the help of the SpatialPadd transformation.

This transformation makes sure that all the cropped volumes have a minimum

spatial size of 128×128×128 voxels. Padding is applied symmetrically where neces-

sary, and original image content is kept in the center within the volume. Without this

important stage, cases with lower dimensions could lead to errors or require special

handling, which would complicate the training pipeline. Standardization of spatial

size through padding excludes this problem.

It also has to be mentioned that padding does not add any new information into

the data. Instead, it simply adds neutral voxels around the existing content and

preserves the integrity of the original image.

3.2.9 Patch-Based Sampling

For this work, 3D MRI volumes require high memory requirements, and training the

model using entire volumes is computationally difficult. This is the reason why a

patch-based sampling strategy is utilized in this study, where sub-volumes are ex-

tracted from the full image. This approach leads to reduction of memory usage and

allows efficient batch processing, stable training on standard GPU hardware, and

compatibility with the implemented pipeline.

Important note about this method is that patches are selected based on the distri-

bution of segmentation labels. In the code, the specified ratio [1,2,2,6] assigns higher

sampling priority to tumor regions, particularly to the enhancing tumor region. This

part is crucial since tumor regions occupy a small portion of the volume, which can

lead to class imbalance. And secondly, this phase does not let the model be dominated

by background voxels, which can have zero information for the model. Final key note
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is that 2 patches are extracted from every volume, which increases data diversity.

3.2.10 Data Augmentation

In the next pre-processing step, data augmentation is applied during training in order

to improve the generalization capability of the model and reduce the risk of overfitting

[33]. This transformation includes some variability into the dataset and allows the

model to learn features by randomly flipping, rotating, and scaling scans along three

different spatial axes.

Also, the pipeline uses a probabilistic application that ensures that each train-

ing sample is augmented differently. Specifically, this part includes the probabilistic

chance that a particular data case will be augmented. This step increases dataset

diversity as well, because not all the scans are augmented. Key moment about this

data augmentation is that it is applied simultaneously to both images and labels,

which preserves spatial alignment.

Thus, data augmentation exposed the model to a wider range of variations, and

as a result, this part was applied to positively affect the model’s ability to generalize

to unseen data.

3.3 Composite Loss Function Design

Design of the loss function for the segmentation work is carefully built in a way that

addresses several important challenges, including class imbalance and the difficulty

of segmenting properly small tumor subregions such as Enhancing Tumor (ET). In

order to overcome this problem, a composite loss function is offered that integrates

a combination of losses applied to different outputs. The proposed CNN-GNN archi-

tecture of this research produces three such outputs: fused prediction, output of a

CNN branch, and the GNN-refined output. Thus, to effectively take into account all

of these components, the total loss is defined as a weighted combination of segmenta-

tion losses that are applied to each output. Fourth part is added to this combination,

which is an additional class-specific loss for the ET region, as this region provided
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low results on initial settings.

Formally, in the code, this loss function is defined as:

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑓𝑢𝑠𝑒𝑑 + 0.2 · 𝐿𝑐𝑛𝑛 + 0.2 · 𝐿𝑔𝑛𝑛 + 0.4 · 𝐿𝐸𝑇 (3.1)

where:

• 𝐿𝑓𝑢𝑠𝑒𝑑 is the primary segmentation loss applied to the final fused output,

• 𝐿𝑐𝑛𝑛 is the auxiliary loss applied to the CNN output,

• 𝐿𝑔𝑛𝑛 is the auxiliary loss applied to the GNN-refined output,

• 𝐿𝐸𝑇 is a focal loss applied specifically to the Enhancing Tumor (ET) class.

Dice + Cross-Entropy Loss (Base Loss) The main segmentation loss that is

applied in this work is DiceCELoss from the MONAI framework, which itself is a

combination of two losses, namely Dice loss and Cross-Entropy loss. This loss is then

applied to three outputs (fused, CNN, and GNN), which ensures that each component

of the model is fully supervised.

The Dice loss component measures the spatial overlap between predicted segmen-

tation and a true segmentation scan. It is particularly suitable for this work, because

tumors in the data occupy only a small fraction of the whole volume [38]. The Dice

coefficient itself follows the classical Dice similarity measure and is used in works such

as V-Net [27].

𝐷𝑖𝑐𝑒 =
2
∑︀

𝑖 𝑝𝑖𝑡𝑖∑︀
𝑖 𝑝

2
𝑖 +

∑︀
𝑖 𝑡

2
𝑖

(3.2)

where 𝑝𝑖 is the predicted probability at voxel 𝑖, and 𝑡𝑖 is the corresponding ground

truth label.

The Dice loss is then defined as [27]:

𝐿𝐷𝑖𝑐𝑒 = 1−𝐷𝑖𝑐𝑒 (3.3)
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What Dice loss do is that it tries to maximize the overlap between the real region

and a predicted one by the model, which makes it robust in relation to class imbalance.

However, Dice loss alone does not fully penalize voxel-wise classification errors.

Cross-entropy loss is frequently used for classification, but it is sensitive to class

imbalance and may underperform for small segmentation part like in this work, while

Dice-based loss is more robust to this issue of class imbalance. However, Dice opti-

mization can also produce badly calibrated overconfident predictions [48, 49]. This

is the reason why combining both Dice and cross-entropy can be helpful for bal-

ancing their complementary strengths and weaknesses. The Cross-Entropy loss for

multi-class segmentation is defined as [4]:

𝐿𝐶𝐸 = −
𝐶∑︁
𝑐=1

𝑡𝑐 log(𝑝𝑐) (3.4)

where 𝐶 is the number of classes, 𝑡𝑐 is the ground truth label for class 𝑐, and 𝑝𝑐 is

the predicted probability.

In this implementation, the combined loss is defined as:

𝐿𝐷𝑖𝑐𝑒𝐶𝐸 = 0.7 · 𝐿𝐷𝑖𝑐𝑒 + 0.3 · 𝐿𝐶𝐸 (3.5)

So, as it can be seen from the formula, weighting prioritizes region overlap (Dice)

and puts less favor to voxel-level accuracy.

Additionally, this work applies softmax activation for modelling outputs and con-

verts ground-truth labels into one-hot representations in order to support multi-class

learning.

Deep Supervision via Auxiliary Losses Key aspect about the proposed loss

design is that auxiliary supervision has been applied in this research for model’s

intermediate outputs [13]. Specifically, CNN and GNN outputs are both supervised

with the help of the same DiceCE loss as the final fused prediction. This strategy

is being referred to as deep supervision, and it helps to guide feature learning in the

early stages of the network and gradually improves gradient flow during training [20].
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The auxiliary losses are weighted with a factor of 0.2:

𝐿𝑎𝑢𝑥 = 0.2 · 𝐿𝑐𝑛𝑛 + 0.2 · 𝐿𝑔𝑛𝑛 (3.6)

This ensures that both CNN and GNN learn meaningful representations even

before fusion. Without the above supervision, these intermediate components may

produce unstable or weak results, leading to worse final predictions. 0.2 weight is

chosen because losses from 2 branches are highly important, but not as important as

the final fused model.

Enhancing Tumor Focal Loss In addition to the above general segmentation

losses, a specialized loss is introduced in order to improve segmentation part for the

Enhancing Tumor (ET) region. This region had the smallest results during training,

and an additional emphasis was placed to it. In glioma MRI, these enhancing tumor

regions can be small, and their appearance can vary significantly from scan to scan,

which makes their segmentation more difficult [21]. As a result, standard loss func-

tions could have underrepresented this region’s importance and led to its weak results

during the training process.

Thus, for addressing this issue, focal loss has been implemented in this research

work specifically for the ET class only [22]. This loss is defined based on predicted

probabilities for class 3 (ET) after softmax:

𝑝 = softmax(𝑙𝑜𝑔𝑖𝑡𝑠)𝐸𝑇 (3.7)

Ground truth is converted to a binary mask:

𝑡 = 1(𝑦 = 𝐸𝑇 ) (3.8)

Afterwards, focal loss is computed with the following formula:

𝐿𝐸𝑇 = −(1− 𝑝𝑡)
𝛾 log(𝑝𝑡) (3.9)
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where:

𝑝𝑡 = 𝑝 · 𝑡+ (1− 𝑝) · (1− 𝑡) (3.10)

In the above part, 𝛾 = 2 is used implicitly via the squared term. This part is

implemented this way so that easily correctly predicted voxels have less contribution

to the loss, while harder or wrong ones provide big contribution.

Finally, ET focal loss is added to the total loss and has a weight of 0.4.

𝐿𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑
𝐸𝑇 = 0.4 · 𝐿𝐸𝑇 (3.11)

So, in the context of this work, it can be seen that huge emphasis is on the ET

class only and the final training part gives this region an additional importance.

Final Loss Composition In summary, all loss components are combined together

into one final total loss. By integrating Dice, Cross-Entropy, auxiliary supervision,

and focal loss for ET, the model is able to learn both local details and global tumor

structure.

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑓𝑢𝑠𝑒𝑑 + 0.2 · 𝐿𝑐𝑛𝑛 + 0.2 · 𝐿𝑔𝑛𝑛 + 0.4 · 𝐿𝐸𝑇 (3.12)

3.4 Proposed CNN–GNN Fusion Architecture

The proposed framework from this study is designed for brain tumor segmentation

from BraTS 2021 MRI scans and is built around an idea that for proper tumor

delineation detailed local feature extraction and global understanding are necessary.

Multimodal brain MRI dataset, which is used for this study, consists of different

modalities providing a diverse view of tumor-related tissue properties. For example,

T1 and T1ce are helpful for structural and contrast-enhancing information, T2 is

useful for fluid-related abnormalities, FLAIR can be used for edema and infiltrative

tumor regions. Thus, the final model is built in a way, so that it can process all

modalities jointly and learn volumetric representation from them.
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At a high level the architecture combines a convolutional backbone with a graph-

based contextual refinement module and also with a learnable fusion mechanism. The

main purpose of this design is not to collect different model components together and

assign them the same task, but rather to provide them with their own functional roles.

For instance, the convolutional branch is responsible for extracting local features from

the provided data and producing a dense segmentation map. After this, the graph-

inspired branch works in information propagation across neighboring spatial locations

to understand contextual situations. Finally, this fused architecture combines com-

plementary outputs into a final prediction. In this sense, it can be stated that the

whole pipeline is indeed designed as a hybrid local-contextual framework.

For the convolutional segmentation backbone it has been decided to use a 3D U-

Net model, which is used as the primary segmentation hypothesis before contextual

refinement. U-Net is able to capture coarse semantic context and fine spatial detail

because it has an encoder-decoder structure with skip connections, which makes it a

relevant backbone to use for the current task of medical image segmentation, where

tumor boundaries as well as lesion regions must be preserved [11]. Even though the

CNN branch is strong for local patterns, it can not work properly with distant parts

of the volume. For addressing this limitation, the proposed framework applies a grid-

based GNN-style refinement module, which does not construct a custom anatomical

graph from brain regions. Instead, it works with a smaller 3D grid derived from the

CNN output, where each location exchanges information with its neighbors, and as

a result, nearby regions support each other. GNN’s role is to introduce a lightweight

contextual reasoning stage that acts as an addition to the CNN output without re-

placing the underlying dense segmentation backbone.

After both branches produce their output, DARTS-inspired fusion block steps into

the work. Darts is one of the central ideas proposed in this study. The main reason for

its inclusion is that the model does not consider CNN branch to dominate the output,

nor does it assume that GNN-refined branch should be more reliable. Instead, the

Darts fusion block helps to choose 4 candidate fusion operators and searches which

fusion strategy should contribute more and which ones should contribute less. The
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first operator preserves the original CNN output (or logits, which is the model’s raw

score), second operator keeps GNN-refined logits, third one computes their average

and the fourth operator concatenates CNN and GNN logits together along the channel

dimension and then applies a 1× 1× 1 convolution, so that it can learn a projected

mixed representation.

Overall, this mechanism is more flexible than choosing just one branch. For exam-

ple, the CNN branch may preserve small local details sharp, while for some other re-

gions, the GNN-based branch can provide better contextual consistency. By learning

fusion weights, the model can adjust to the contribution of each operator mentioned

above to the training data process and combine all of them in different proportions

to the final fused output. The overall architecture is illustrated in Figure 3-3.

Figure 3-3: Architecture of the proposed CNN–GNN fusion model.

3.4.1 3D U-Net Backbone

This part discusses the CNN branch in detail. This convolutional part is implemented

with the help of 3D U-Net architecture from the MONAI framework. U-Net is con-
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sidered a widely used encoder-decoder network for medical image segmentation since

it connects semantic information from the deep layers with spatial information from

shallower layers by utilizing skip connections as well [36].

In the present implementation, this part is configured with:

• in_channels = 4 for the four MRI modalities,

• out_channels = 4 for the four segmentation classes after label remapping,

• channel widths (32, 64, 128, 256, 320),

• strides (2, 2, 2, 2),

• num_res_units = 2,

• dropout of 0.2.

For this part, encoder gradually makes input volumes smaller and learns more

complex and more meaningful features from them. Then, the decoder increases this

resolution again for producing full segmentation map for the 3D scan. During this

reconstruction stage, skip connection passes information from earlier encoder layers

to the decoder and helps it make voxel-level predictions more accurate.

3.4.2 Grid-Based GNN-Style Refinement Module

After the initial CNN backbone, the work applies a lightweight graph-inspired refine-

ment module as well. Firstly, the CNN logits (raw outputs of the CNN model) are

downsampled with the help of average pooling, which makes representations smaller

and reduces costs for computation. After that, a 1×1×1 convolution is being applied

for projecting these pooled features to a hidden feature space.

Then the model performs several important steps. At every step in the 3D grid

each location gets information from six nearby directions: left, right, up, down, for-

ward, and backward [10]. Speaking in other words, every nearby position shares infor-

mation with the others. After each location gets information from its close neighbors,
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the model does not directly use this neighbor information. It passes it through con-

volutional layers, which transforms and improve this information. This new updated

information returns back to the current feature representation, so the model preserves

old context as well as a new one [12]. This step gets repeated several times, so that

this information does not stay only between close neighbors but it spreads farther

across the whole 3D scan. In the context of this work, this step is repeated 6 times.

Finally, these refined features are projected back to the class-logit space and get

upsampled to the original spatial size. As a result, a prediction is formed, and it

complements the original CNN output.

3.5 Tumor Grade Classification Pipeline

Segmentation was described above in high details, while the proposed framework

is extended to perform tumor grade classification as well, and classification has a

significant role in the provided pipeline. Classification methodology consists of 4

important stages: grade label derivation, feature extraction, class imbalance han-

dling, and classifier training. The BraTS 2021 dataset does not have explicit tumor

grade annotations, and grade categories are actually extracted from the ground-truth

segmentation masks based on volumetric subregion ratios. For every patient case,

volumes of the enhancing tumor (ET), tumor core (TC), and whole tumor (WT)

regions are evaluated from the segmentation mask.

In this work, the trained segmentation model was used to generate a prediction via

sliding-window inference, which resulted in a 28-dimensional feature vector extraction

from the output. This feature vector is organized into 5 groups:

• Pooled class probabilities (8 dimensions): Average-pooled and max-pooled

softmax probabilities across all four segmentation classes, which capture the

overall class distribution in the predicted volume.

• Region volume ratios (7 dimensions): Normalized volumes of ET, TC, and

WT regions, as well as derived ratios including ET/WT, TC/WT, ET/TC, and
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an edema-only ratio (WT−TC)/WT.

• Confidence statistics (6 dimensions): Mean and maximum predicted prob-

ability for each of the three tumors regions (ET, TC, WT) that illustrate the

model’s confidence in its predictions.

• Prediction entropy (4 dimensions): Mean entropy across the full volume,

mean entropy within the tumor region, entropy standard deviation, and maxi-

mum entropy, capturing the spatial uncertainty of the segmentation output.

• Spatial probability standard deviations (3 dimensions): Standard devi-

ation of predicted probabilities for ET, TC, and WT across spatial locations,

reflecting the heterogeneity of the prediction.

Basically, this 28-dimensional vector set provides a compact summary of the

tumor extracted from the segmentation output.

Another important issue that was considered in the classification part is han-

dling class imbalance. For this task, SMOTE-inspired oversampling was used to

generate synthetic minority-class training samples [6]. For each minority class,

samples were generated till the point where the class count reached 50% of

the majority class count, resulting in an approximate ratio: 1:1:2 for Grade-II,

Grade-III, and Grade-IV classes, respectively. Secondly, class-weighted cross-

entropy loss was employed during the training session, where the weight for

each class was set inversely proportional to its frequency in the oversampled

training data. Thus, SMOTE provides more examples for minority class, while

the weighted loss made sure that misclassification of rare classes led to higher

penalties.

The training was conducted with the Adam optimizer with a learning rate of

5 × 10−4 and weight decay of 10−4 [18]. A CosineAnnealingLR scheduler was

applied over a maximum of 100 epochs [24].
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3.6 Evaluation Protocol

For assessing the performance of the proposed CNN–GNN fusion framework

comprehensively, a set of evaluation metrics was selected for both segmentation

and classification tasks.

For the segmentation task, the primary metric used in this work is the Dice

Similarity Coefficient (DSC), which quantifies the overlap between the model’s

predicted segmentation mask and the ground-truth annotation [40]. While the

Dice coefficient captures volumetric overlap, it does not directly show boundary

accuracy. For this reason, the Hausdorff Distance at the 95th percentile (HD95)

is also employed in this study. HD95 computes the 95th percentile of the set

of distances between the surface points of predicted and real regions from scans

[14]. Beyond these overlap and boundary metrics, voxel-level precision, recall,

and F1-score have alsp been reported in this work for the segmentation task

[29].

For the brain tumor classification task, this work employed overall accuracy

and macro-averaged F1-score as the primary evaluation metrics. The former

one reflects the proportion of correctly classified cases out of the total number

of test samples, while the latter computes the F1-score independently for each

class and then takes the unweighted average.

Final results are reported both per-fold and as mean values across all three folds

in order to assess cross-fold consistency and overall model performance.
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Chapter 4

Results and Discussion

This section provides experimental results that are obtained from the proposed

CNN-GNN fusion framework for brain tumor classification and segmentation.

There are multiple stages that evaluation was conducted on: initial segmenta-

tion training with DARTS-based fusion search, then Bayesian hyperparameter

optimization was completed, nested cross-validation for proper segmentation

assessment, and tumor grade classification derived from segmentation outputs.

The whole experiment was built around the BraTS 2021 dataset, consisting of

1251 patient cases with 4 modalities (T1, T1ce, T2, FLAIR) and was evaluated

with the help of standard clinical metrics, including Dice similarity coefficient,

Hausdorff distance at the 95th percentile (HD95), precision, recall, and F1-

score. Implementation was carried out with PyTorch and the MONAI medical

imaging framework that is easy to debug [32]. The training part was performed

through the Kaggle platform on GPU P100 and GPU T4. Table 4.1 provides

experimental configuration for the proposed CNN–GNN fusion framework.

4.1 Initial Segmentation Training

The first phase of the experiment included fusion model training on 80/20 train-

validation split on the full BraTS 2021 dataset. Settings included training on
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Table 4.1: Experimental configuration of the proposed CNN–GNN fusion framework

Parameter Value

Architecture

CNN backbone 3D U-Net (MONAI), encoder–decoder with skip connections
Input / output channels 4 modalities in, 4 classes out
Channel widths 32, 64, 128, 256, 320 (bottleneck)
Strides 2, 2, 2, 2
Residual units per level 2
GNN hidden dimension 64
GNN normalization InstanceNorm3d + ReLU
GNN message-passing steps 7 (selected via Bayesian optimisation)
DARTS fusion operators CNN-only, GNN-only, Average, Concat+1×1×1 Conv

Segmentation Training (Nested CV)

Weight optimizer AdamW, lr = 1.27× 10−4, weight_decay = 1× 10−5

Alpha optimizer Adam, lr = 1× 10−3 (DARTS fusion weights only)
LR scheduler CosineAnnealingLR (𝑇max = 20)
Dropout 0.198 (selected via Bayesian optimisation)
Epochs 20 epochs, 80 batches/epoch
Early stopping Patience = 10 epochs (validation mean Dice)
Patch size 128× 128× 128 voxels
Patch sampling RandCropByLabelClassesd, ratios = [1, 2, 2, 6], 2 patches per volume (ET-biased)
Data augmentation Random flipping along all 3 axes (𝑝 = 0.5 each)
Mixed precision AMP enabled
Sliding-window inference overlap = 0.25, Gaussian weighting

Loss Function

Primary loss (fused) DiceCELoss: 0.7 · 𝐿Dice + 0.3 · 𝐿CE
Auxiliary losses 0.2 · 𝐿CNN + 0.2 · 𝐿GNN (deep supervision)
ET focal loss 0.4 · 𝐿ET (focal loss, 𝛾 = 2, on ET class only)
Total loss 𝐿total = 𝐿fused + 0.2𝐿CNN + 0.2𝐿GNN + 0.4𝐿ET

Classification Training

Classifier architecture 4-layer MLP (128-128-64-3) with BatchNorm, ReLU, Dropout (0.3/0.3/0.2)
Feature vector 28-dimensional (region volumes, class probs, confidence, entropy, spatial std)
Class imbalance handling SMOTE-inspired oversampling + class-weighted cross-entropy
Optimizer Adam, lr = 5× 10−4, weight_decay = 1× 10−4

LR scheduler CosineAnnealingLR
Max epochs / early stopping 100 epochs, patience = 25 (val mean F1)
Batch size 64

Evaluation & Hardware

Evaluation 3-fold nested cross-validation, random_state = 42
Hyperparameter search Optuna Bayesian optimisation, 5 trials × 5 epochs
Hardware Kaggle GPU T4
Framework PyTorch + MONAI
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50 epochs with 100 training steps for every epoch by using EMA (Exponen-

tial Moving Average) model for validation assessment. Also, for this part, the

DARTS strategy was employed, which updated weights for the network on the

training split. Architecture fusion parameters (alpha) were updated during this

phase as well.

During the training part, all the evaluation metrics were improved. So, compos-

ite loss decreased steadily from 0.694 at epoch 1 to 0.136 at epoch 50, demon-

strating gradual improvement throughout the full schedule. Mean validation

dice improved as well from roughly 0.527 at epoch 1 to 0.790 in the last 50th

epoch without signs of overfitting or hitting an early plateau. Validation Dice

scores per-region reached the following results by the end of the session: 0.689

for Enhancing Tumor (ET), 0.781 for Tumor Core (TC), and 0.899 for Whole

Tumor (WT). The HD95 also demonstrated improvement over training. For

instance, at epoch 1, HD95 values were 50.55 mm, 47.23 mm, and 54.38 mm for

ET, TC, and WT, respectively, while by epoch 50, these same metrics decreased

substantially to 5.77 mm, 5.77 mm, and 10.94 mm, indicating that the model

managed to learn to produce geometrically accurate tumor boundaries. The

precision values at the final epoch were 0.772, 0.913, and 0.919 for ET, TC, and

WT, respectively, while sensitivity values were 0.693, 0.732, and 0.890 for those

same regions. This was the initial training step for brain tumor segmentation.

As can be seen from the results, ET region showed low results; this is why fur-

ther improvements were made to increase this result. Figure 4-1 presents the

initial training results.

4.2 DARTS Fusion Architecture Analysis

One of the main contributions of this research is the usage of a DARTS-inspired

fusion mechanism that learns optimal combinations of CNN and GNN outputs.

The model in this study produces four different opinions for every voxel, and
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(a) Training loss curve (b) Validation Dice per region

(c) HD95 per region (d) Normalized confusion matrix

Figure 4-1: Initial segmentation training results over 50 epochs: (a) training loss
convergence from 0.694 to 0.136, (b) validation Dice scores per tumor region reaching
0.899 (WT), 0.781 (TC), and 0.689 (ET), (c) HD95 improvement from above 50 mm to
below 11 mm, (d) voxel-level confusion matrix with BG=1.00, NCR=0.90, ED=0.90,
ET=0.82
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DARTS does not just choose one of them; instead, it combines all of them

with the help of learned weights. Four candidate operations that were selected

for this study include: CNN-only output, GNN-only output, their arithmetic

average, and a concatenation-based learned projection. The softmax-normalized

architecture weights (alpha) evolve during the training part and then show

which fusion strategy the model finds most helpful for the segmentation task.

At the beginning, all 4 fusion weights were approximately equal at 0.25 each

and did not show any preference for any particular strategy. Differentiation

emerged as the training part progressed. By the 50th epoch, weights converged

to the following numbers: 0.217 for CNN-only, 0.296 for GNN-only, 0.287 for

Average, and 0.200 for Concat+1×1, these results are shown in Figure 4-2.

From these results, several important observations can be drawn. Firstly, the

GNN-only operator constantly received highest weights across the whole ex-

periment, which suggests that graph-based contextual refinement apparently

provided more beneficial information than the raw CNN output for the final

prediction. Another interesting moment to note is that the average fusion oper-

ator had the second-highest weight results, which also illustrates the importance

of a balanced combination of CNN and GNN outputs. And the final observa-

tion is related to the fact that 1×1 convolution did not capture the CNN–GNN

complementarity as effectively as other proposed strategies.

(a) DARTS fusion weight evolution

Figure 4-2: DARTS fusion weights showing autonomous preference for GNN-only
(0.296) over CNN-only (0.217)
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4.3 Bayesian Hyperparameter Optimization

In order to find optimal training hyperparameters for the nested cross-validation

phase more emphasis was put on the ET dice score. The Bayesian optimiza-

tion stage was completed with the help of the Optuna framework [1]. Search

space included three most crucial parameters: learning rate(how fast the model

learns), dropout rate (how much the model randomly ignores during training

to prevent memorization), and the number of GNN message-passing steps (how

many times neighbors in the data share information). Overall, a total of 5 trials

were conducted, where every trial trained the model on 100 patient cases for 5

epochs and evaluated on 30 cases by using ET Dice as the main optimization

objective. Results for the Bayesian search are shown in Table 4.2. As can be

seen from it, the best-performing configuration achieved an ET Dice of 0.657

with a learning rate of 1.27 × 10−4, dropout of 0.198, and 7 GNN steps. This

search revealed that moderate learning rates (around 10−4) consistently outper-

formed both lower values (10−5, which produced ET Dice of 0.605–0.627) and

higher values as well. The optimal dropout was around 0.20, and GNN message-

passing steps were equal to 7, which meant that deeper graph propagation was

better for understanding contextual information.

Table 4.2: Bayesian hyperparameter optimization results.

Trial Learning Rate Dropout GNN Steps ET Dice
0 1.27× 10−4 0.198 7 0.657
1 1.06× 10−4 0.188 5 0.655
2 1.10× 10−5 0.250 8 0.605
3 1.50× 10−5 0.150 7 0.627
4 2.20× 10−5 0.211 4 0.644

These best hyperparameters were later used for the full nested cross-validation

experiments, which are described in the following sections.
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4.4 Nested Cross-Validation Segmentation Results

This section describes in details the results that were obtained during the second

segmentation part, where three-fold nested cross-validation was performed using

the hyperparameters identified by Optuna (lr = 1.27× 10−4, dropout = 0.198,

GNN steps = 7). For each outer fold, 1251 patient cases were divided into

a training set of 601 cases, an alpha-update set of 66 cases for DARTS fusion

weight optimization, a validation set of 167 cases for checkpoint selection, and a

held-out test set of 60 cases that the model never encountered during training in

any form. Each of those folds were trained for 20 epochs with 80 training batches

per epoch, using CosineAnnealingLR scheduling, early stopping with a patience

of 10 epochs, mixed-precision training, which speeds up training without losing

model accuracy [26]. DARTS optimization was applied as well at every epoch,

which led to updates of the fusion architecture weights on the dedicated 66-

case alpha split. Eventually, all of these folds were chosen as representative

examples, with plots shown below. All three folds in general completed a full

20 epochs without any triggered errors.

Table 4.3 summarizes the final test segmentation results across all three outer

folds, and these results are visually confirmed by the outer fold bar chart shown

in Figure 4-3 as well.

Table 4.3: Nested cross-validation segmentation results (Dice scores).

Fold ET Dice TC Dice WT Dice Mean Dice
0 0.765 0.830 0.888 0.828
1 0.731 0.782 0.866 0.793
2 0.779 0.846 0.883 0.836

Mean 0.758 0.819 0.879 0.819

The mean Dice scores across these 3 folds for each of the studied regions showed

the following results: 0.758 for ET, 0.819 for TC, and 0.879 for WT, and an

overall mean of 0.819. Highest Dice score across all folds was shown by the

wt region, which encompasses the largest spatial extent and has the most dis-
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Figure 4-3: Final test Dice scores across three outer folds. All folds demonstrate
consistent performance, with WT scores in the 0.866–0.888 range, TC between 0.782–
0.846, and ET between 0.731–0.779.

tinctive boundaries among all data in the dataset. The ET region, which had

the lowest results after the initial setup and had the smallest volume among

all the respective regions, still showed lowest but clinically meaningful Dice

scores. The TC region was between these 2 extremes. The HD95 values on

the held-out test set were 4.71 mm for ET, 6.16 mm for TC, and 18.79 mm

for WT. Precision values for Fold 0, for example, were 0.777 (ET), 0.831 (TC),

and 0.881 (WT), while recall values were 0.800 (ET), 0.865 (TC), and 0.909

(WT). The corresponding F1-scores were 0.788, 0.848, and 0.894 for ET, TC,

and WT, respectively. These balanced precision and recall values demonstrate

that the model did not actually over-segment or under-segment for any region,

which is a positive sign, since both false positives and false negatives can lead

to undesirable consequences.

To provide a qualitative assessment of the segmentation quality, Figure 4-4

presents representative cases. The visualization displays the FLAIR modality

at the axial slice with the tumor area, together with ground truth and predicted

segmentation overlays, as well as a mismatch map highlighting a disagreement
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region.

(a) Visualization 1

(b) Visualization 2

(c) Visualization 3

Figure 4-4: Qualitative segmentation results for representative cases. From left to
right: FLAIR modality, ground truth segmentation overlay, model prediction overlay,
and mismatch map showing regions of disagreement between prediction and ground
truth.

The normalized voxel-level confusion matrices for Folds 0, 1, 2 (Figure 4-5)

provide deeper insight into per-class segmentation behavior.

The DARTS fusion weight evolution during the stage of nested cross-validation

(Figure 4-6) confirmed the findings that were previously described in the paper

during the first initial phase. Across all three folds, the GNN-only operator

received the highest final weight: 0.297 in Fold 0, 0.295 in Fold 1, and 0.282 in

Fold 2. The Average operator received the second-highest weight (0.279, 0.283,

and 0.272, respectively), while CNN-only (0.208, 0.212, 0.219) and Concat+1×1

(0.216, 0.210, 0.227) consistently received the lowest weights. These results show
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(a) Fold 0 (b) Fold 1

(c) Fold 2

Figure 4-5: Normalized voxel-level segmentation confusion matrix for Folds 0, 1, 2
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that the DARTS-discovered fusion strategy did not just randomly work with

some particular data partition but reflect genuine architectural benefits of using

DARTS in the paper. Table 4.4 provides nested cross-validation segmentation

results.

(a) Fold 0 (b) Fold 1

(c) Fold 2

Figure 4-6: DARTS fusion weight evolution during nested cross-validation (Fold 0, 1,
2). The GNN-only operator converged to the highest weight, confirming the pattern
observed in the initial training phase.

Table 4.4: Nested cross-validation segmentation results across three outer folds. Dice
Similarity Coefficient (DSC) and HD95 are reported per tumor sub-region. HD95
values are mean averages across held-out test sets.

Fold Dice Score HD95 (mm)

ET TC WT Mean ET TC WT

Fold 0 0.765 0.830 0.888 0.828 — — —
Fold 1 0.731 0.782 0.866 0.793 — — —
Fold 2 0.779 0.846 0.883 0.836 — — —

Mean 0.758 0.819 0.879 0.819 4.71 6.16 18.79
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4.5 Tumor Grade Classification

Beyond segmentation, this work also focused on the classification part as a

downstream task. The BraTS 2021 dataset does not provide explicit tumor

grades; for this reason, clinically meaningful grade categories were derived from

the ground-truth segmentation masks, which are based on region ratios depend-

ing on volumes. These categories are defined as follows: Grade-IV-like tumors

were identified when the ET-to-WT volume ratio exceeded 0.10, Grade-III-like

tumors when the ET/WT ratio was at most 0.10 but the TC/WT ratio exceeded

0.20, and Grade-II-like tumors for all remaining cases.

For the feature extraction part, each patient case was processed through the

trained segmentation model, where, eventually, a 28-dimensional feature vec-

tor was computed from the segmentation output. These features are numerical

summaries extracted from the predicted segmentation, which describe the rel-

ative size of tumor regions, the model’s confidence in its predictions, and the

level of uncertainty across the tumor area. Spoken simply, these features pro-

vide a compact description of both the predicted tumor structure as well as

how reliable the segmentation part is. The raw training data were imbalanced,

where Grade-IV cases constituted approximately 80% of the dataset (562 cases),

Grade-II comprised roughly 14% (102 cases), and Grade-III only 6% (44 cases).

In order to smooth this issue a little bit, SMOTE-inspired oversampling was uti-

lized in the classification phase. This technique produces synthetic samples for

small classes and makes the distribution more balanced [9]. Eventually, class

counts were led to the following numbers: 281 Grade-II, 281 Grade-III, and

562 Grade-IV cases (ratio of 1:1:2). Apart from that, this work also applied

Class-weighted cross-entropy loss to mitigate the imbalance during gradient

computation even further.

The classification model itself consisted of a four-layer neural network with batch

normalization, ReLU activations, and dropout regularization at 0.3 [15, 45].

Training was conducted using the Adam optimizer with a learning rate of
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5× 10−4, CosineAnnealingLR scheduling over 100 maximum epochs, and mini-

batch processing with a batch size of 64. Also, this research implemented early

stopping with a patience of 25 epochs on the validation mean F1-score. Three-

fold cross-validation structure from the segmentation evaluation was main-

tained, and it used the best segmentation checkpoint from each fold to extract

features.

Table 4.5 presents the classification results across all three outer folds, and the

outer fold comparison is visualized in Figure 4-7.

Table 4.5: Tumor grade classification results across outer folds.

Fold Accuracy Mean F1 Gr-II F1 Gr-III F1 Gr-IV F1
0 0.866 0.730 0.641 0.613 0.936
1 0.861 0.748 0.625 0.691 0.929
2 0.861 0.743 0.658 0.643 0.927

Mean 0.863 0.740 0.641 0.649 0.931

An overall mean accuracy of 86,3% was achieved in the classification part and

a mean macro F1-score of 0.740. All the evaluation metrics were pretty similar

across the folds, showing high cross-fold consistency. Accuracy values ranged

from 0.861 to 0.866 and mean F1 values from 0.730 to 0.748, as shown in Fig-

ure 4-7. There is a gap between accuracy (86.3%) and mean F1 (74.0%), which

reflects the class imbalance in the test data, where Grade-IV cases dominated

at approximately 80Per-class analysis, shown in Figure 4-8, reveals a perfor-

mance hierarchy. For instance, Grade-IV-like tumors were classified with the

mean F1-score of 0.931, which is pretty expected since this class has the most

distinctive morphological signature, and also has more training sample counts.

Precision for Grade-IV was approximately 0.98 across folds, which indicates a

small quantity of false positives, and a recall value was around 0.89, suggesting

correct classification for the majority of high-grade cases, which indicated that

the classifier captured most actual Grade-II cases but sometimes misclassified

Grade-IV cases as Grade-II. Grade-III-like tumors had a mean F1-score of 0.649.

Table 4.6 provides tumor grade classification results across outer folds.
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Figure 4-7: Tumor grade classification performance across three outer folds. Both
overall accuracy (0.861–0.866) and mean F1-score (0.730–0.748) demonstrate consis-
tent cross-fold performance.

Figure 4-8: Per-class F1-scores across outer folds. Grade-IV achieves consistently
high F1 (0.927–0.936), while Grade-II (0.625–0.658) and Grade-III (0.613–0.691) show
lower but stable performance reflecting the difficulty of minority class classification.
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Table 4.6: Tumor grade classification results across outer folds. Per-class F1-scores
are shown for each derived grade category.

Fold Accuracy Mean F1 Grade-II F1 Grade-III F1 Grade-IV F1

Fold 0 0.866 0.730 0.641 0.613 0.936
Fold 1 0.861 0.748 0.625 0.691 0.929
Fold 2 0.861 0.743 0.658 0.643 0.927

Mean 0.863 0.740 0.641 0.649 0.931

4.6 Discussion

Experimental results from this work demonstrate that the proposed CNN-GNN

fusion framework achieves competitive brain tumor segmentation performance

(for instance, mean Dice 0.819) with strong cross-fold results, while also per-

forming well at tumor grade classification (mean accuracy 86.3%, mean F1

0.740) from the same pipeline.

DARTS fusion analysis provided empirical evidence that graph-based contextual

reasoning adds more value in brain tumor segmentation, where learned fusion

weights favored GNN-refined output over raw CNN output. This finding was

consistent at the initial segmentation stage and later with three nested CV folds.

The Average fusion operator, which balances CNN and GNN equally, received

the second-highest weight by the DARTS optimization.

Another interesting note from this work is the gap between validation and test

results on Dice evaluation metrics. In the nested CV experiments, the best

validation Dice values (approximately 0.70–0.80) were lower than the final test

Dice values (approximately 0.79–0.84), which demonstrates overfitting preven-

tion and reliability of reported test results.

Thirdly, the classification results that were derived in this paper depended on

the segmentation model, since BraTS 2021 does not provide clinical tumor grade

annotations. Thus, grade labels were derived from volumetric subregion ratios

with the help of using clinically motivated thresholds. The strong Grade-IV

F1-score (0.931) suggests a strong segmentation model’s capturing ability for

63



the ET/WT ratio, while the lower Grade-II and Grade-III F1-scores (0.641

and 0.649) also showed that the model had difficulties with subtle volumetric

differences.

Overall, the proposed framework has its own advantages. Firstly, the grid-

based GNN module operates on a downsampled version of the CNN logits,

which adds minimal computational problems, while the DARTS fusion search

naturally adapted to data characteristics. However, further research to improve

the current situation should definitely be conducted. One of the limitations of

this study was related to computational resources, because Kaggle did not allow

the use of too many of its resources; otherwise, it would have been possible to

train for more epochs and with larger batches, which potentially could have

affected the results positively. For classification, a dataset with annotations

could have helped as well for training on proper data. Table 4.7 provides an

overall performance summary of the proposed CNN–GNN fusion framework.

Table 4.7: Overall performance summary of the proposed CNN–GNN fusion frame-
work.

Task / Metric ET TC WT Mean

Segmentation

Dice Score 0.758 0.819 0.879 0.819
HD95 (mm) 4.71 6.16 18.79 —
Dice range 0.731–0.779 0.782–0.846 0.866–0.888 —

Classification

Accuracy 0.863
Macro F1 0.740

DARTS Fusion Weights (mean across folds)

CNN-only operator ≈ 0.213
GNN-only operator ≈ 0.291 (highest weight)
Average operator ≈ 0.278
Concat+1×1 ≈ 0.218
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Chapter 5

Conclusion

This thesis presented a hybrid framework for multimodal brain tumor analysis,

which integrated a 3D U-Net, a grid-based GNN refinement module, and a

DARTS-inspired fusion mechanism for learning both local and global contextual

information. In addition to the segmentation part, this paper also extended the

pipeline toward tumor grade classification, where grade categories were derived

from segmentation characteristics. This design allowed this research to address

both dense voxel-level prediction and case-level tumor grading within a single

framework.

Overall, the experimentation results demonstrated that the proposed approach

provided effective and robust results. The model achieved mean Dice scores

of 0.758 for ET, 0.819 for TC, and 0.879 for WT, with an overall mean Dice

of 0.819 across outer folds for the segmentation results. The DARTS fusion

weights assigned the highest importance to the GNN-only branch, which meant

that graph-based contextual reasoning had the most meaningful contribution.

Regarding the classification part, the model achieved a mean accuracy of 86.3%

and a mean macro F1-score of 0.740. The strongest results were concluded

for Grade-IV-like tumors, while minority classes remained more difficult for

classification. CNN-GNN fusion provided consistent results for both the brain

tumor segmentation and classification parts.
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5.1 Key Findings

Objective 1 – Develop a hybrid CNN–GNN architecture with Learn-

able Architecture Search.

This objective has been addressed in the paper by combining a 3D U-Net with

a grid-based GNN-style refinement module, connected through a DARTS fusion

block. There were not signs of overfitting and overall the model showed strong

results.

Objective 2 – Empirically determine whether graph-based contextual

reasoning meaningfully contributes to brain tumor segmentation.

The DARTS fusion analysis provided clear evidence that the GNN-refined branch

is preferred by the model. The GNN-only operator received the highest weight

across the whole training process.

Objective 3 – Extend the segmentation framework to perform tumor

grade classification within a single pipeline.

Tumor grade categories were derived from segmentation outputs using clinically

motivated volumetric ratios and a four-layer classifier was eventually trained on

a 28-dimensional feature vector extracted per case from the segmentation part.

5.2 Future Work

Results obtained in this thesis are encouraging, however some limitations remain

and few directions need to be explored for the future work:

1. Computational scaling. Experiments in this work were conducted with

Kaggle GPU resources, which have their own limitations. For detailed

training, it is advised to use more powerful resources.

2. External validation across datasets. Current study worked with BraTS

2021 dataset only. It would be a good addition to explore the work across
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many other different datasets in order to improve current results.

3. Clinically annotated tumor grades. Grade categories in this thesis

have been derived from segmentation outputs based on volumetric sub-

region ratios. Future works would benefit from the use of explicit clinical

grade labels in order to validate proposed classification pipeline against

ground-truth clinical labels.
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