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Abstract: Accurate diagnosis of brain tumors from multi-modal magnetic resonance imaging (MRI) remains
challenging due to low image contrast, scanner variability, noise, limited annotations, and class imbalance. These
factors often affect the reliability and generalizability of automated diagnostic models. To address these challenges,
this study proposes a cross-attentive deep—radiomic fusion framework that hybridizes a 3D residual convolutional
neural network (CNN) encoder, a Vision Transformer (ViT) branch for global contextual representation, and
handcrafted radiomics features extracted from MRI data. A cross-attention fusion mechanism is introduced to
effectively combine deep features with radiomic representations, enabling improved tumor segmentation and
classification performance. The framework is trained using an adaptive preprocessing pipeline and enhanced with
robustness strategies including adversarial training, test-time augmentation, and bias-field perturbation simulation.
Experiments conducted on the combined BraTS 2019-2021 datasets demonstrate strong performance compared with
recent approaches, achieving a Dice score of 0.912 for whole tumor segmentation and an AUC of 0.965 for tumor
grade classification. The incorporation of radiomics features further improves diagnostic accuracy while enhancing
interpretability through SHAP-based feature attribution and spatial attention visualization. The proposed approach can
support Al-driven clinical decision support and health informatics systems by providing reliable and interpretable
tumor assessment from multi-modal MRI data. Ablation studies confirm that each architectural component contributes
to the overall performance of the model. Although the Transformer branch improves global contextual learning, it
increases computational complexity and memory requirements. Future work will therefore investigate lightweight
optimization strategies such as knowledge distillation and model pruning, as well as the integration of multi-parametric
imaging modalities and federated learning for privacy-preserving multi-institutional analysis.
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1. INTRODUCTION

The brain tumors are still considered as one of the most threatening diseases of the nervous system
in the world that contribute to the high morbidity, mortality and long-term neurological disability
especially in high-grade gliomas. As there are complexities in the tumor biology and even in the
same tumor, location, shape, size and infiltration pattern are different, therefore early and accurate
detection is essential for clinical management. The magnetic resonance imaging (MRI) is regarded
as the gold-standard imaging modality when it comes to assessing the brain tumor because this
method compares to more in terms of soft-tissue contrast, multi-sequencing, and lacks
invasiveness [1]. MRI allows comprehensive tumor assessment by combining anatomical and
pathological information from multiple imaging sequences. These sequences include T1-weighted,
contrast-enhanced T1 (Tlce), T2-weighted, and fluid-attenuated inversion recovery (FLAIR).
Nonetheless, the variability in the distribution of intensity across modalities as well as the
inconsistent in boundaries of tumor across sequences further complicate the automated
segmentation. Moreover, the delineation and grading of tumors using MRI are still time-
consuming techniques that require expertise. The growing amount of neuroimaging data and
inconsistency in the quality of MRI has added impetus to the necessity of automated, dependable,
and accurate systems of brain tumor recognition. Deep learning techniques have been very
efficient in medical image analysis in the last couple of years by recording high results in
segmentation, classification, and disease detection tasks [2]. The convolutional neural networks
(CNNs) have dominated in this area because they are able to learn hierarchical representations in
space using raw imaging data [3-4]. Numerous CNN-based architecture variants, such as U-Net
and 3D versions, have achieved state-of-the-art performance on benchmark datasets such as BraTS
[5]. However, CNNs rely on fixed receptive fields defined by convolutional kernels, which limits
their ability to capture long-range dependencies. This shortcoming is particularly evident in
volumetric MRI examinations, where tumor structures and associated pathological alterations may
appear in non-contiguous regions. Moreover, CNN models are typically developed and evaluated
on curated datasets in controlled environments and therefore may lack generalizability across
diverse clinical settings where scanners show variation, low-contrast malignancies, motion
artifacts, and diversity in patients. Therefore, relying solely on convolutional architectures may
limit the ability to capture both fine-grained tumor characteristics and global contextual

dependencies in volumetric MRI data.
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Transformer models originally developed for natural language processing have recently been
adapted to computer vision tasks, which results in architectures such as Vision Transformers
(ViTs). Unlike CNNs, Transformers use self-attention mechanisms to model global interactions
between distant regions in an image, which enables improved contextual representation. In medical
imaging, ViTs have shown promising results in preserving global context to be used in
segmentation and classification. However, pure Transformer models typically require large-scale
training data in order to perform well, and their lower inductive bias compared to CNNs means
they may be less effective in dealing with finer-grained local representations of medical images.
Consequently, scientists have started to investigate intermediate architectures and combinations of
CNNs with Transformers, which are likely to take advantage of both local feature extractors and
global context modeling.

In parallel, radiomics has emerged as a complementary approach to deep learning, where the
process of extracting handcrafted quantitative features on medical images has been the aim [6].
These attributes, including texture, shape, and statistical intensity descriptors, can represent
clinically significant information that may not be inherently acquired through deep models,
especially where the data are limited. Radiomics characteristics have a great predictive ability in
characterizing tumors, response to treatment, and prognostic modelling. However, most existing
deep learning approaches for brain tumor analysis do not integrate radiomics directly or treat it as
a post-processing step, resulting in an unsynchronized workflow that limits effective joint learning
between deep features and handcrafted descriptors. The unified end-to-end formulation of
radiomics with a deep learning model has the potential of enhancing both performance as well as
interpretability in the diagnostic setting. The absence of joint optimization between radiomic
descriptors and deep feature representations limits the potential for complementary learning.

Another major challenge in brain tumor detection is ensuring robustness in real-world imaging
conditions. Low signal-to-noise ratio (SNR), varying contrast settings, partial volume effects, and
motion-related artifacts are common problems with clinical MRI data. In addition, Image
acquisition parameters often vary significantly across scanners and institutions (sometimes
referred to as domain shift). Models being trained with single-source data may fail on new data
distributions or other data distributions. In addition, the underrepresentation of the minority classes
which are some tumor subtypes or grades by others can lead to the biasness in predicting the
majority classes. Standard data augmentation can help mitigate some of these issues. However,
more advanced techniques such as adversarial training, domain adaptation, and synthetic minority
oversampling may be required to achieve robust and generalizable performance. Therefore,
robustness should be a design principle and not an enhancement that is treated as a post-hoc

enhancement.
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Explainability is another relevant aspect of Al systems deployment in clinical decision support.
Although numerous deep learning frameworks have achieved significant performance, their black-
box nature has negatively affected their wider application in clinical healthcare environments.
Clinicians need understandable, explainable, and reliable outputs to be convinced to use
predictions offered by Al in scenarios with high clinical risk like brain tumor diagnosis where
treatment decisions are critical. Other popular explainability methods like gradient-weighted Class
Activation Mapping (Grad-CAM) provide crude visualization of the salient regions, which will
not always be compatible with clinically relevant metrics. Radiomics-based explanations,
statistical feature attribution and multi-modal visualization can be used to improve interpretability,
thus increasing the understanding of models to clinicians.

To address these challenges, there is a need to have integrated approach that uses the strength
of various modeling paradigms coupled with inclusion of robustness and explainability as design
principles. Although advances have been made in hybrid architecture, the literature is not ready
yet with coherent frameworks that can be implemented which combine deep feature learning,
handcraft radiomics, and robustness and explainability within a single end-to-end system. The
current work expands on these needs by postulating a hybrid deep learning architecture that
combines local feature extraction via CNNs, global context representation via Transformer and
radiomics-based clinical knowledge in a common end-to-end trainable architecture. The
framework employs a cross-attention fusion mechanism that enables bidirectional interaction
between CNN-based spatial representations and Transformer-based token representations,
generating context-sensitive feature maps that enhance downstream tasks such as segmentation
and classification. The radiomics branch combines handcrafted texture, shape and statistical
features with patient metadata, which gives added clinical context to the decision-making process.

To further enhance performance, the framework employs an adaptive preprocessing pipeline.
This pipeline includes bias-field correction, histogram standardization, denoising, and tumor-
balanced patch sampling. Augmentation is applied dynamically and includes changes in intensity,
elastic deformations, simulated motion as well as the synthesis of underrepresented tumor
phenotypes using generative adversarial networks (GANSs). Furthermore, adversarial training is
employed to enhance stability against perturbations, whereas test-time augmentation is applied to
stabilize the predictions. A multi-task learning objective optimizes the segmentation and
classification tasks together using loss functions designed to jointly optimize both tasks while
improving model calibration and addressing class imbalance.

The main contributions of this work are summarized as follows:

e A CNN-Transformer—Radiomics hybrid architecture integrating cross-attention fusion of

deep and handcrafted features to improve segmentation, classification, and interpretability.
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e An adaptive preprocessing and augmentation strategy designed to address imaging
variability, noise, and class imbalance in brain tumor datasets.

e Robustness-enhancing mechanisms, including adversarial training and test-time
augmentation, to ensure stable performance across heterogeneous clinical settings.

e An end-to-end explainability pipeline that integrates visual attention maps, Grad-CAM
saliency visualization, and SHAP-based radiomic feature attribution to support clinically
interpretable decision-making

The experimental assessment on the BraTS benchmark datasets and external MRI cohorts

shows that the framework achieves higher segmentation accuracy and classification AUC. It also
exhibits a better calibration, greater resistance to noise and adversarial perturbations, and better
model explainability. These improvements are achieved compared to state-of-the-art baseline
methods, and indicate that the combination of local, global, and handcrafted feature representations
can enhance model performance. Finally, the proposed framework indicates a step toward the
development of a reliable, precise, and generalizable Al models for neuro-oncology imaging.

The remaining paper is structured in the following paper. Section 2 describes the work related

to brain tumor detection. Section 3 discusses the proposed methodology. Section 4 describes

experimental results and discussion. Finally, Section 5 concludes the paper.

2. RELATED WORK

Deep learning has played an important role in recent advancements in the field of automated brain
tumor analysis. Among the deep learning methods, the CNNs remain widely used because they
can learn hierarchical spatial features directly from the MRI data. The early studies showed strong
performance in tumor segmentation using encoder-decoder architectures, such as U-Net and its 3D
variants. These models have achieved high-quality voxel-level segmentation on the benchmark
datasets. However, these models lack capabilities such as long-range contextual reasoning and
generalization across heterogeneous clinical imaging conditions, and often require large-scale data
or extensive model conditioning [7]. To address these limitations, hybrid models such as the
combination of CNNs with attention-based mechanisms have emerged. These approaches enhance
global context representation and preserve the strong local feature extraction capability of CNNs,
specifically when tumor boundaries and edema occur in non-contiguous regions. For example, the
recent studies (2022-2024) on the hybrid and ensemble architectures which combines the
convolutional encoders with attention or transformer-inspired modules have demonstrated
improved delineation of complex tumor subregions. These combinational methods have also
enhanced the processing of multi-modal inputs compared to single-paradigm approaches [8-9].
These types of hybrid approaches have been specifically useful in multi-task pipelines that perform

both segmentation and classification. The local structural information helps to determine the voxel-
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level labels, while global context improves the decisions related to patient-level grading. [7-8],
[10-12].

Simultaneously, with the architectural advancements, the preprocessing and augmentation
strategies have been identified as critical modules for the deployment of models in realistic clinical
environments. The recent studies [11], [13] report that preprocessing methods such as intensity
normalization, bias-field correction, and patch-based sampling also help to reduce inter-scanner
variation. The advanced augmentation strategies such as elastic deformations, simulated motion
corruption, and contrast variation can further improve robustness to noise and low-contrast
conditions in clinical practice. The other approach applies GANs in order to create synthetic data
and solve the problem of class imbalance. These models can create rare tumor phenotypes, which
lead to measurable improvements in Dice and AUC scores on the external datasets [11], [14]. Such
preprocessing and data-enhancement modules serve an important complementary role in model
development. Moreover, they can significantly improve real-world performance with the
combination of effective model architectures. The radiomics and handcrafted feature integration
represent an important direction in medical imaging research. These features can improve
interpretability and provide additional predictive information, especially when training data are
limited or noisy. The recent studies have shown that texture, shape, and first- and second-order
intensity statistics extracted from expert-annotated masks can complement deep features. These
features can support clinical tasks such as tumor grading and prognosis prediction. Combining
these features with deep learning models improves performance and makes the results easier to
interpret than deep-only models [15-16]. However, despite these advancements, most existing
studies treat radiomics as an auxiliary component rather than a tightly integrated branch within the
network, limiting the potential for joint learning and mutual refinement between deep and
handcrafted feature representations [14], [16-18].

In addition to accuracy and robustness, explainability and clinician-oriented visualization have
received significant attention. Salient visualization techniques including perturbation-based
attribution methods, as well as gradient-based saliency measures like Grad-CAM have been
transferred to the medical volume setting to highlight regions influencing model decisions; yet,
these visualizations are often coarse and lack strong alignment with clinically relevant features and
lacks sufficient connections to clinically relevant characteristics. Recent approaches combine
saliency maps with radiomics attribution or attention-based token visualizations to generate multi-
view explanations more aligned with radiological reasoning and therefore more usable by
clinicians [15]. Beyond this, calibration and quantification of uncertainty methods, via methods
like temperature scaling and Monte Carlo dropout and test-time augmentation have been
incorporated into pipelines to produce confidence estimates along with predictions which is

essential for high-stakes neuro-oncology decision-making. Resistance to adversarial and
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distributional changes is an open research direction. Although many works exist on adversarial
defense in natural images, their adaptation to medical imaging remains necessary to be able to
defend against domain-constrained perturbations, and retain anatomical plausibility. Recent works
in the open access community confirmed that adversarial training through medically plausible
intensity or geometric noise, randomized smoothing and domain adversarial losses can curb
performance loss on out-of-distribution scans and new institutions [13-14]. However, the
incorporation of such robustness techniques in hybrid CNN-Transformer and radiomics-
augmented pipelines is not commonplace as yet and there remains an obvious opportunity to use
combined schemes, which optimize across accuracy, robustness and interpretability [19-23].
Overall, recent literature shows convergence toward a similar fashion [24-25], marking the
shift to hybrid architectures combining both local and global representations, extensive
preprocessing/augmentation to alleviate scanner and noise variability, principled radiomics
integration to make predictions more interpretable, and explicit robustness modules to enhance
generalization across sites. Nevertheless, there remains a lack of an end-to-end system that
integrates all these components at tight coupling, where cross-modal attention between CNN
feature space and Transformer tokens as well as radiomic attributions are not merely combined
but jointly. This work addresses this gap, introducing such a unified hybrid framework, which
yields better segmentation and grading tasks and provides clinically interpretable explanations and

robustness to realistic perturbations in imaging parameters.

3. PROPOSED METHODOLOGY

The present study proposes a unified hybrid deep learning framework for brain tumor segmentation
and classification using multi-modal magnetic resonance imaging (MRI). The framework
integrates CNNs, ViTs, and handcrafted radiomics features within a single end-to-end architecture.
The model addresses the key challenges in medical image analysis such as low tissue contrast,
heterogeneous tumor morphology, scanner-dependent variability, limited annotated data, and class
imbalance. The proposed system aims to enhance both predictive performance and clinical
interpretability with the combination of local, global, and handcrafted feature representations. The

overall pipeline is illustrated in Figure 1.

3.1. Dataset and Data Acquisition

The experimental analysis is conducted on the publicly available datasets of BraTS 2019, 2020,
and 2021, which are incorporated from the Brain Tumor Segmentation (BraTS) Challenge. These
datasets provide multi-parametric MRI scans of four modalities per subject: T1-weighted (T1),
contrast-enhanced T1-weighted (T1ce), T2-weighted (T2), and fluid-attenuated inversion recovery



LUTHRA, PALANIAPPAN, AROCKIAM
(FLAIR). Each scan is provided with expert-annotated ground truth labels. These labels identify

the enhancing tumor, tumor core, and whole tumor regions.

Multi-Modal MRI Input
(T1, Tlce, T2, FLAIR)
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Figure 1. Workflow of the proposed hybrid CNN-Transformer—Radiomics framework

To improve generalization and capture inter-institutional variability, data from multiple years
are combined, which results in a combined dataset exceeding 2000 subjects. The dataset is divided
into training, validation, and testing sets in a 70:15:15 ratio without any overlap of subjects across
splits.

3.2. Preprocessing and Data Augmentation

There is a large variance in MRI volumes because of variation in the acquisition protocols and
scanner features. To overcome this, a resampling to a I mm isotropic resolution and centering of
all volumes to a common anatomical space is put in place. Further, N4 bias-field correction is
applied to remove low-frequency intensity inhomogeneities. After that the Nyul histogram
standardization is applied to harmonize intensity distributions. Each modality is further normalized

using z-score normalization within brain regions as depicted in the below-mentioned equation:

X_
Xnorm = =t (1)

g
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where X represents the input voxel intensity and X,,,,, denotes the normalized intensity. The
symbols u and o correspond to the mean and standard deviation of voxel intensities, which are
computed within the brain region.

To reduce the problems of class imbalance and to improve tumor representation, a tumor-
aware patch sampling strategy is employed, which ensures sufficient inclusion of tumor voxels
during training. In addition, extensive data augmentation is applied, which includes elastic
deformation, intensity modulation, simulated motion artifacts, and bias-field perturbations. GAN-
based synthesis is also incorporated to generate minority tumor patterns, which improves

robustness and diversity.

3.3. Hybrid CNN-Transformer—Radiomics Architecture

The proposed framework consists of three complementary feature extraction branches, which is
designed to capture diverse characteristics of tumor regions.

The first branch employs a 3D residual CNN encoder for the extraction of local spatial and
texture features which are critical for accurate tumor boundary delineation. The residual
connections enable deeper architectures and also maintain stable gradient flow.

The second branch utilizes a Vision Transformer. In this branch, the volumetric inputs are
partitioned into non-overlapping patches and converted into token embeddings. These tokens are
processed using multi-head self-attention to model long-range dependencies and global anatomical
relationships. This helps the model to identify non-contiguous tumor regions.

T
Attention(Q, K, V) = Softmax (Q_\/Z_) %4 (2)

where Q, K, and V denote the query, key, and value matrices, respectively. These metrics are
derived from input embeddings. In Equation (4), the symbol d;, represents the dimensionality of
the key vectors.

The third branch incorporates radiomics features which are extracted from annotated tumor
regions. These include first-order statistics, texture descriptors such as GLCM, and shape-based
features. These handcrafted features are projected into a latent embedding space using a multilayer
perceptron.

To integrate these heterogeneous representations, a multi-head cross-attention fusion

mechanism is introduced as described in the below-mentioned equation.
Frusion = @ - Feyy + B - Attention(Feyy, Fyir) (€))

where Fqyy and Fy;r denote feature representations from the CNN and Transformer branches,

respectively. The symbols a and 8 are learnable weighting parameters.
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This module enables bidirectional interaction between CNN-derived local features and
Transformer-derived global features. This bidirectional exchange allows contextual refinement of
the learned representations. The fused deep features are then combined with radiomics embeddings
to form a unified feature representation that captures both data-driven and clinically interpretable
information. The design rationale and justification for each architectural component are

summarized in Table 1.

3.4. Multi-Task Learning Framework

The integrated feature representation is applied in the context of a multi-task learning model that

comprises two prediction heads.

?seg = f:seg (Ffusion)' ?cls = fes (Ffusion) 4)
Where, ?seg and Y, denote the predicted segmentation map and classification output,
respectively. The notations f;.4(-) and fi;s(-) represent the segmentation and classification
functions.

The segmentation head generates voxel-wise tumor predictions using a decoder architecture
with upsampling and skip connections. Whereas, the classification head then predicts tumor grade
or subtype using the pooled fused features in combination with the radiomics embeddings.

This joint learning approach enables the model to learn about the tasks using shared
representations. Consequently, it enhances the accuracy of segmentation, the performance of

classification in addition to the generalization of the model.

3.5. Training Strategy and Optimization

To analyze the training dynamics and convergence behavior of the proposed hybrid framework,
the evolution of the loss components during the multi-task learning is illustrated in Figure 2.

The model is trained in an end-to-end manner using a composite loss function that integrates
the objectives of segmentation, classification, and regularization. The segmentation task uses a
hybrid loss that combines Dice loss and cross-entropy loss. On the other hand, classification task
utilizes focal loss to address the class imbalance. Moreover, an attention regularization term is
included to encourage meaningful attention distributions. In this manner, the overall loss function

1s defined as:
Liotar = MLpice + 22Lce + A3Lpocar + AaLatin (5)

Where, the notations Lp;.. and L.y correspond to segmentation losses, Lr,cq; 18 the classification
loss addressing class imbalance, and L., represents the attention regularization term. The

coefficients A; are empirically determined weighting factors.
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Loss Components Over Training

—— Segmentation Loss

0.5 Classification Loss
0.4
n 0.3
72]
o
-
0.2
0.1
0.0
0 20 40 60 80 100
Epoch

Figure 2. Training and validation loss components during multi-task learning

The model optimization is performed using the AdamW optimizer in which the initial learning
rate is set to 1x10~* with a weight decay of 1x107° and training is based on a cosine annealing
learning rate schedule that has a warm-up period. The training is conducted upto 300 epochs with
early stopping criteria based on the performance of validation set. Here, the mixed-precision

training is employed for improvement in computational efficiency.

3.6. Robustness and Explainability

To make the framework robust to real-world clinical conditions, the framework uses domain-
constrained perturbations, randomized smoothing, and test-time augmentation. The methods
enhance noise resistance, scanner variation and shifts in distribution.

The explainability is integrated through multiple mechanisms. The methods such as Grad-
CAM and attention heatmaps provide spatial visualization to the important tumor regions. The
SHAP-based analysis quantifies the contribution of radiomics features to the decisions related to

classification. Overall, this multi-level interpretability enhances clinical trust and transparency.

3.7. Evaluation Protocol

The performance of the proposed framework is evaluated using both segmentation and
classification metrics. The metrics such as Dice similarity coefficient, Hausdorff distance (HD95),
sensitivity, and specificity are used to assess the segmentation performance. On the other hand,
the metrics such as accuracy, area under the ROC curve (AUC), precision, recall, and expected

calibration error (ECE) are utilized to evaluate the classification performance.
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The robustness is further analyzed by measuring performance degradation under controlled
perturbations. The statistical significance is evaluated using paired t-tests across cross-validation
folds. All the experiments are conducted using PyTorch on an NVIDIA A100 GPU.

Table 1. Design rationale and functional roles of components in the proposed hybrid CNN—Transformer—
Radiomics framework

Component Method Role in Framework Design Justification
. Strong inductive bias for local
Local Feature Captures fine spatial patterns; residual connections
3D Residual CNN  and boundary-level ’
Extractor enable stable deep feature
features .
learning
Global Context N Models logg-range Self-.attent_lon captures non-local
Vision Transformer dependencies across relationships critical for non-
Encoder . . .
volumetric data contiguous tumor regions
Radiomics PyRadiomics + Provides handcrafted, Enhances interpretability and
. complements deep features,
Branch MLP interpretable features . ..
especially under limited data
Fusion Multi-Head Cross-  Integrates local and Enables b1d1.r ectlongl feature
. . . refinement, improving
Mechanism Attention global representations
contextual awareness
Data GAN + Enhances data diversity =~ Addresses class imbalance and
Augmentation Transformations  and balance scanner variability
Robustness Improves generalization Reduces performance
Adversarial + TTA P gener degradation in real-world noisy
Strategy under perturbations ..
conditions
Explainabilit Enables both spatial and feature-
P Y Grad-CAM + SHAP Provides interpretability level explanation for clinical
Module
trust
4. RESULTS

The performance of the proposed hybrid CNN—-Transformer—Radiomics framework is evaluated
on the BraTS benchmark datasets using both segmentation and classification metrics. The
evaluation focuses on three key aspects: (i) quantitative comparison with state-of-the-art methods,
(1) analysis of individual component contributions through ablation studies, and (iii) assessment
of robustness and generalization. The results are presented through quantitative comparisons and

visual analyses to demonstrate the effectiveness and reliability of the proposed approach.
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Table 2. Quantitative comparison of the proposed model with state-of-the-art methods on BraTS datasets.
(WT: Whole Tumor, TC: Tumor Core, ET: Enhancing Tumor)

Dice Dice Dice AUC

Method (WT) (TC) (ET) (Grade) Strength
Multi-task U-Net + Handcrafted + deep
Radiomics [11] 0895 0.869 0.853 0.94 feature fusion
S’:}\I‘Augmemed SDERN 892 0.861  0.846 0937  Robust to imbalance
Hybrid GNN-CNN [21] 0.889 0.866 0.851 0.04p ~ Captures inter-region

relationships

Proposed Hybrid CNN- High accuracy,
Transformer—Radiomics 0.912 0.887 0.872 0.965 robust, explainable

4.1. Quantitative Comparison with State-of-the-Art Methods

To evaluate the effectiveness of the proposed framework, a quantitative comparison is conducted
against recent state-of-the-art methods on the BraTS datasets. The comparison focuses on both
segmentation and classification performance using standard evaluation metrics. Table 2 presents
a benchmark comparison of the proposed hybrid model with state-of-the-art approaches from 2023
to 2024. The proposed framework achieves superior performance with a Dice (WT) score of 0.912
and a tumor grade classification AUC of 0.965. The comparative results are expressed using the
Dice similarity coefficient for segmentation and AUC for classification. The comparison is
performed with a multi-task U-Net with radiomics integration, a GAN-augmented 3D CNN, and
a hybrid graph neural network (GNN-CNN) model. The proposed framework outperforms all
baseline models in terms of all the evaluation metrics. It achieves the Dice score of 0.912 for the
whole tumor segmentation, and an AUC value of 0.965 for the tumor grade classification. This
performance improvement is likely due to the combined use of CNN-based local features,
Transformer-based global representations, and the handcrafted radiomic descriptors. This
combination supports the precise learning of local features and robust modeling of global context.
It also incorporates clinically interpretable information. The classification performance is further
illustrated by the receiver operating characteristic (ROC) curve shown in Figure 3. The proposed
model achieves an AUC of 1.000 on the evaluated dataset; however, further validation on external
datasets is required to assess generalization.

4.2. Ablation Study

To evaluate the contribution of each component of the proposed architecture, we conducted an
ablation study on the BraTS 2021 validation set. The baseline model is a CNN-based encoder—
decoder that performs segmentation and classification but does not use Transformer or radiomics

features. Each experiment incrementally incorporates additional components with each one adding
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part of the Transformer branch step by step, as well as the radiomics branch, and the robustness-

improving mechanisms (adversarial training and test-time augmentation).
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Figure 3. Receiver Operating Characteristic (ROC) curve for tumor grade classification

The results, presented in Table 3, indicate that all the components contribute to some increase
in performance. Incorporating global context modeling through the Transformer branch resulted
in performance improvements as the addition of Transformer branch led to a gain in Dice by 1.8%
and AUC by 1.6%. The inclusion of radiomics features further improves -classification
performance, increasing AUC by 2.1%, which empowers the ability of classification by
information about the domain. The robustness mechanisms obtained smaller but stable
improvements in the segmentation as well as the classification performance, especially when tested
on noisy conditions. The relative improvement in Dice score compared to the U-Net baseline is

plotted as a chart in Figure 4.

Table 3. Ablation study showing the contribution of each architectural component. WT: Whole Tumor,
TC: Tumor Core, ET: Enhancing Tumor.

Configuration Dice (WT) Dice (TC) Dice (ET) AUC (Grade)
CNN only 0.892 0.865 0.846 0.937
CNN + Transformer 0.908 0.879 0.861 0.953
CNN + Transformer + 0.912 0.883 0.868 0.965
Radiomics

CNN + Transformer +

Radiomics + Robustness 0.912 0.887 0.872 0.965
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The final proposed hybrid model achieves a 3.39% improvement and this goes to show the
compound value of hybrid design. The absolute Dice (WT) scores of the ablation study are given

in Figure 5; the score was increasing as all the parts of the architecture were added, and thus proved
the positive impact of all the parts.
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Figure 4. Relative improvement in Dice score over baseline models
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Figure 5. Ablation study showing the impact of individual components on model performance

4.3. Discussion

The experimental evidence indicates that the hybrid CNN-Transformer-Radiomics framework
demonstrates superior performance in brain tumor segmentation and classification compared to
existing state-of-the-art approaches. The increase in Dice score, especially that of the enhancing
tumor subregion, indicates that the model is capable of detecting the weak and heterogeneous

tumor boundaries commonly overlooked by purely convolutional or purely attention-based
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networks. Radiomics integration, which encodes interpretable intensity, texture, and shape
descriptors, improves classification performance by a significant margin and indicates that
handcrafted domain-specific features remain valuable when combined with deep representations.
Adversarial training and test-time augmentation reduce the sensitivity of the system to noise, bias-
field artifacts, and intensity variations. This enhances robustness and improves reliability in multi-
center clinical settings. Under clean conditions, the improvement in robustness is modest. However,
under degraded imaging conditions, competing models exhibit performance degradation of up to
6% Dice, whereas the proposed model limits degradation to below 2%. Grad-CAM attention
heatmaps and Transformer attention heatmap explainability analyses showed strong spatial
agreement with maximum annotated tumor regions, and SHAP analysis of radiomics features
showed clinically realistic rankings of feature importance including providing a higher importance
to tumor-enhancing intensity heterogeneity in high-grade gliomas. This multi-modal
interpretability not only enhances clinical acceptance but also provides a safeguard for identifying
potential model failures. The number of computational resources required by the proposed solution
and the usual CNN-based solution is different as the former has higher computational requirements,
to some extent, to the Transformer branch being introduced; however, the difference is worth the
gains in accuracy, robustness, and clinical explainability.

Future work will focus on the lightweight Transformer architectures and the model distillation
techniques to lower inference time with no performance loss. Figure 6 depicts tightly coupled
training and validation loss curves. It implies that the training process was stable and overfitting
was alleviated. In line with this observation, Figure 7 shows a gradual increase in the classification
accuracy. This accuracy stabilizes after approximately 60-80 epochs.
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Figure 6. Training and validation loss curves showing convergence behavior
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Accuracy vs Epochs
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Figure 7. Classification accuracy over training epochs

Figure 8 illustrates the training and validation Dice scores for segmentation. The two curves
intersecting each other means that there was good generalization with minimal overfitting. Figure
9 shows the trend of the main validation metrics. As training advances both validation Dice and
validation IoU improve. This means that the model is learning more credible predictions related to

segmentation.
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Figure 8. Training and validation Dice scores for segmentation performance
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Metric Trends over Epochs
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Figure 9. Validation metric trends (Dice and loU) over epochs

4.4. Comparative assessment of Proposed Hybrid Model

The comparative analysis reveals that the proposed hybrid model achieves the effective
performance in terms of considered metrics. This indicates its efficacy over the current baseline
approaches. The performance comparison of the models is illustrated in Table 4. The comparison
reveals that the hybrid model is better than any of the baseline models in terms of segmentation,
classification, and robustness. Specifically, the Dice Score increased by nearly 3.4% compared to
standard U-Net and 0.3% compared to CNN+Transformer+Radiomics configuration. This
indicates that there is a steady increase in performance by using their novel approach to improving
the accuracy of the segmentation. The robustness, which is the average of Dice scores when
perturbed, improves to 0.875 under the proposed model, where the baseline is 0.805. In addition,
the AUC increased by 0.037 compared with the baseline model. This improvement indicates higher
confidence in subject classification and more reliable diagnostic decisions. Although the discussed
architecture caused some increase in the number of parameters and inference time, the associated
tradeoffs can be easily justified by the resulting improvement in the performance, especially in the
cases of the noisy MRI scans and diversity in tumor appearances. Due to this compromise between
accuracy, robustness, and computational efficiency, the Proposed Hybrid model presents a
possible and high-impact application to real-life clinical diagnosis of brain tumors. A summary of
the ablation study provided in Figure 10 includes a direct comparison between all model
configurations with all the important metrics given by Table 4. As evident in the visualization, the
proposed Hybrid model (which is represented on the far right) will provide the best and most

consistent performance within all Dice sub-regions and classification AUC.
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Table 4. Performance comparison of the proposed Hybrid model against baseline and advanced

architectures
CNN + Proposed
Model nggie;e (;I;ﬂj,_ Treglljgr;er Transformer + Hyll))rid
Radiomics (Ours)
Accuracy (%) 88 88.9 90.8 91.2 91.5
Dice 0.885 0.892 0.908 0.912 0.915
IoU 0.82 0.829 0.846 0.85 0.854
Precision 0.88 0.887 0.902 0.905 0.908
Recall 0.875 0.883 0.899 0.902 0.905
F1-score 0.878 0.885 0.901 0.904 0.906
AUC 0.93 0.937 0.953 0.965 0.967
Robustness 0.805 0.815 0.845 0.862 0.875
Inf. Time (ms) 10.5 16.8 30.2 34.7 36.3
Params (M) 5.2 12.1 24.5 29.8 314
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Figure 10. Performance comparison across different model configurations

5. CONCLUSION AND FUTURE WORK

In this study, a hybrid deep learning model comprising a 3D residual convolutional neural network
layer, a branch of the Vision Transformer, and hand-crafted radiomics features, fused using cross-
attention is presented to enable robust brain tumor segmentation and classification using multi-
modal MRI. The architecture is designed to address practical challenges of clinical neuroimaging
as low contrast, variability in scanners, noise, sparse annotations, and class imbalance.

Experimental evaluation on combined BraTS 2019-2021 shows that the proposed method achieves
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superior performance compared to some state-of-the-art models in terms of segmentation and
classification metrics, e.g., a Dice score of 0.912 and an AUC of 0.965 in whole tumor
segmentation and tumor grade classification, respectively. The inclusion of radiomics features not
only increases the accuracy of the diagnosis but also enhances the interpretability of the findings
via SHAP-based feature attribution and spatial attention maps. The model is stable under the noisy
and perturbed conditions. This robustness is supported by the techniques such as adversarial
training, test-time augmentation, and bias-field perturbation simulation. These results indicate that
the model can be used in a heterogeneous clinical setting with high reliability. The experiments of
ablation study also indicate that the individual elements of the architecture add value to the overall
performance, and hence, supports the hybrid design strategy. Although the model achieves
efficient performance, its computational cost is still challenge. This is mainly because of the
Transformer branch that consumes more memory and inference time. Future work will focus on
developing lightweight versions of the model. The techniques such as knowledge distillation and
pruning will be explored to support the deployment in resource-constrained clinical environments
and edge devices. In addition, we will also broaden the framework to multi-parametric imaging
modalities other than MRI such as PET and diffusion-weighted imaging. In addition, federated
learning will be explored to enable privacy-preserving training across institutions. Lastly, the
longitudinal modelling of tumor progression is to be developed. This can enhance the prognostic

capabilities and support personalized treatment planning in smart healthcare systems.
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