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ABSTRACT

This paper presents an advanced eXplainable Artificial Intelligence (XAI) framework for Magnetic
Resonance Imaging (MRI)-based glioma classification, designed to bridge the gap between high-
performing Deep Learning (DL) models and interpretability in clinical diagnostics. The proposed
framework leverages three Convolutional Neural Network (CNN) models (ResNet50V2, EfficientNet-B6,
and Xception) and a Vision Transformer (ViT) model to differentiate between Low-Grade Gliomas (LGG)
and High-Grade Gliomas (HGG). A Max-Voting strategy integrates the predictions of these models to
enhance classification reliability. To promote transparency, the framework incorporates four XAI methods
(LIME, SHAP, Integrated Gradients, and GradCAM), providing interpretive insights by highlighting
salient features and regions within the MRI scans. Experiments using the BraTS2019 dataset demonstrate
that the suggested framework achieves a high classification accuracy of 98.89 %, while also offering visual
attention maps and interpretative information flow visualizations that support radiologists in clinical
decision-making. This work not only advances accurate glioma classification but also emphasizes the role
of transparency in Al highlighting how explainable AI has the potential to revolutionize medical imaging.
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I.  INTRODUCTION

Gliomas are the most common primary brain tumors, with
Glioblastoma Multiforme (GBM) representing the most
aggressive form, accounting for more than half of all gliomas
and the majority of malignant brain tumors[1]. Accurate and
early classification into Low-Grade (LGG) and High-Grade
(HGG) gliomas is vital for treatment planning, but remains
challenging due to the complexity and variability of MRI
features [2]. Manually analyzing MRI images depends mostly
on the knowledge of neuroradiologists, which occasionally
results in errors or omitted information. Recent advances in
Artificial Intelligence (AI), particularly Deep Learning (DL),
have proven to be highly effective in automating feature
extraction from MRI scans, significantly enhancing diagnostic
accuracy and consistency. Computer-Aided Diagnosis (CAD)
systems based on DL have shown promise in supporting
clinical decision-making. Compared to traditional classification
algorithms in medical imaging, DL methods are gaining more
attention today due to their ability to automatically extract
relevant features [3]. Despite the efficacy of CNN-based
transfer learning models, they still face limitations in capturing
long-range dependencies and modeling complex tumor
characteristics. To overcome this, Vision Transformers (ViT)
have gained attention for their ability to process images as
sequences and extract global contextual features more
effectively than traditional CNNs.

Despite their high performance, DL models are still opaque,
making it difficult to understand how they make decisions [4].
This is particularly problematic in the medical field, where
clinical trust is crucial. The lack of transparency in how these
models arrive at predictions has earned them the label of
"black-boxes," limiting their acceptance in critical applications
such as glioma diagnosis. To bridge this gap, Explainable
Artificial Intelligence (XAI) has gained increasing attention.
XAI techniques aim to make model predictions more
transparent and interpretable, allowing clinicians to understand
the reasoning behind automated decisions [5]. This not only
helps identify potential errors but also fosters trust and
accountability. Therefore, integrating XAI into medical Al
systems is vital for their safe and effective use in clinical
practice.

Several recent studies have integrated DL and XAI for
glioma classification using MRI. In [6], a comprehensive study
investigated the explainability of deep neural networks,
employing XAI techniques such as Grad-CAM, Layer-wise
Relevance Propagation (LRP), and Occlusion Sensitivity to
visualize critical regions influencing CNN predictions.
ResNet50-based models achieved an accuracy of 98.62% on
the BraTS dataset, underscoring the potential of interpretable
Al in clinical settings. In [7], a hybrid Caps-VGGNet model
reached 98.9% accuracy, with Capsule Networks offering
inherently interpretable part-whole feature representations. In
[8], a deep spatio-spatial model achieved 96.98% accuracy by
employing class activation maps to visually localize tumor
regions, enhancing radiological understanding. In [9], 98.87%
accuracy was achieved with a multi-sequence MRI model for

glioma grading, incorporating a post-hoc decision tree to
approximate CNN behavior, enabling  rule-based
interpretability. In [10], a multimodal classification system
combined CNNs and SVMs, reaching 98.5% accuracy, and
using Grad-CAM to provide saliency maps that justified the
model's tumor classifications. In [11], a lightweight CNN
achieved 92.85% accuracy in binary glioma classification.
Although XAI was not central to this study, the future
integration of methods such as SmoothGrad and Integrated
Gradients was emphasized to enhance transparency. In [12], a
brain tumor classification model used deep transfer learning
and ensemble stacking, achieving very high accuracy (~98.6%)
using seven pre-trained CNN architectures fine-tuned on the
BraTS19 dataset.

This study introduces a practical and interpretable DL
framework for glioma classification using MRI scans. The
proposed framework strategically combines ViT with CNNs
and integrates XAI methods. Evaluated on the BraTS2019
dataset [13], the proposed approach not only delivers strong
classification performance but also enhances radiologists' trust
and understanding of Al predictions. The key contributions
include:

e The introduction of an innovative framework that
successfully integrates XAI techniques, enhancing the
interpretability of ViT and CNN models.

e The achievement of high classification accuracy while
fostering transparency in model predictions through visual
attention maps and information flow visualizations.

e A comprehensive comparative analysis of multiple XAI
methods, emphasizing their strengths and limitations in the
context of glioma diagnosis. This includes an objective and
multi-dimensional evaluation using quantitative metrics.

II. PROPOSED FRAMEWORK FOR MRI GLIOMA
TUMOR CLASSIFICATION

This study introduces a highly precise and fully automated
MRI classification framework, specifically designed to
differentiate between two primary categories of gliomas: HGG
and LGG. The framework leverages advanced DL models and
XAI techniques to facilitate interpretable decision-making
processes. Figure 1 shows a diagram that outlines the proposed
framework, which basically involves the following tasks:

e Preprocessing involves the projection of input images,
normalization, resizing, and data augmentation.

e (lassification: Pre-trained models were used on the large-
scale ImageNet Dataset. Then, a meticulous fine-tuning
process was undertaken to determine the optimal
hyperparameters, ensuring the highest level of performance.
The Max-Voting technique in ensemble learning combines
predictions from the CNN and the ViT models.

e Explanation: Integrates four post-hoc methods, two based
on gradient (GradCAM and Integrated Gradients), and two
based on perturbation (LIME and SHAP).
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Fig. 1. Architecture of the proposed XAI framework.

A. Preprocessing of the MRI Dataset

Preprocessing is a critical step that involves image
projection, normalization, resizing, and data augmentation.
These steps collectively contribute to the creation of a well-
structured and standardized dataset, ultimately enhancing the
effectiveness and robustness of the model. This phase involves:

e 2D projection: Following [14], the original 3D MRI scans
(NIfTT format) were converted into 2D PNG images. The
155 slices from each scan were reduced to representative
2D images using the Maximum Intensity Projection (MIP)
technique. Each projection is composed of five (5)
consecutive slices, preserving almost all relevant tumor
information. This approach enables the use of powerful 2D
CNN architectures pre-trained on large-scale datasets.

¢ Intensity normalization: The obtained data may be regarded
as highly diverse since it was gathered using several
scanning methods and acquisition protocols. A
straightforward Min-Max normalization was used for this.

e Data augmentation: Data augmentation strategies were
explored to alleviate the overfitting issue and expand the
dataset size to enhance the performance of pre-trained
models. The most compatible data augmentation technique
for brain images is horizontal flipping.

B. CNNs and ViT-Based Classification with Max-Voting

After conducting a comprehensive comparative analysis,
which involved evaluating various pre-trained models,
considering the latest advances in the field, three models were
selected: ResNetS0V2, EfficientNet-B6, and Xception. Deep
Transfer Learning (DTL) enables applying pre-learned weights
and parameters from models trained on rich datasets such as
ImageNet. Xception [15] is a DL model designed for efficiency
and high performance. It replaces standard convolutions with
depthwise separable convolutions, reducing the number of
parameters while improving feature extraction. With 36
convolutional layers and residual connections to support better
gradient flow, it is both lightweight and powerful. Its use of
global average pooling further streamlines the architecture.
EfficientNet-B6 [16] is a high-performing yet efficient DL
model, designed to balance accuracy and computational cost.
Built with compound scaling, it adjusts depth, width, and

resolution in harmony, allowing it to capture detailed features
across different levels. Its architecture includes depthwise
separable convolutions, inverted residual blocks, and the Swish
activation function, making it powerful and lightweight.
ResNet50V2 [17] is an improved version of the original
ResNet architecture, specifically designed to address issues
such as vanishing gradients when training deep networks. It
introduces a refined residual block structure with three
convolutional layers (a bottleneck block), allowing for more
stable and efficient training, even in very deep models. Using
shortcut connections and residual learning, the model maintains
a strong gradient flow, which is crucial for deep feature
extraction.

To complement CNN models, the proposed framework
strategically integrates a ViT, which significantly enhances
both feature extraction and classification performance. While
CNNs primarily rely on local receptive fields and hierarchical
pooling to capture features, ViT adopts a fundamentally
different approach. It partitions each MRI slice into fixed-size,
non-overlapping patches, which are then linearly embedded
and processed as a sequence of tokens. These tokens are
subsequently fed into a series of transformer encoder layers,
where Multi-Head Self-Attention (MHSA) mechanisms are
central. Unlike the localized operations of CNNs, MHSA
allows ViT to model long-range dependencies across the entire
image. This global attention mechanism inherently preserves
spatial structure without the information loss typically
associated with successive convolutional and downsampling
operations in CNNs. Consequently, ViT is uniquely positioned
to capture both global and fine-grained local tumor
characteristics more effectively, offering a richer contextual
understanding of MRI data [18]. In this study, each MRI slice
was divided into 16x16 patches, linearly embedded in a 768-
dimensional space, and processed through 12 transformer
encoder layers with MHSA. The model was fine-tuned using
the Adam optimizer with an initial learning rate of 3e-5 and a
dropout rate of 0.1 to prevent overfitting.

In the proposed framework, combining the ViT with three
advanced CNN models boosts the system's ability to detect
complex patterns in MRI scans. The Max-Voting technique
was applied to further improve reliability, where each model
votes independently, and the most frequent prediction
determines the final output [19].

C. XAI Module of the Proposed Framework

The XAI module in the proposed framework generates
visual explanations that highlight the key regions of MRI scans
influencing the classification model's decisions [20]. Four state-
of-the-art XAI methods were employed, as follows:

e Integrated Gradients is a gradient-based attribution method
that addresses the saturation problem in saliency maps. It
computes the average of the gradients as the input varies
along a linear path from a baseline (usually a black image)
to the actual input [21].

1G(x) = (6 — xi) X
JoroF(X' + a(x — X)) /dx;da (1)
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where x is the input image, x' is the baseline input, F is the
model's output function, @ € [0,1] is the interpolation
scalar, and dF /0x; denotes the gradient of the output.

e Grad-CAM (Gradient-weighted Class Activation Mapping)
generates coarse localization heatmaps by propagating
gradients of the target class back to the final convolutional
layer and weighting its activation maps accordingly [22].
This method effectively highlights tumor regions (in warm
colors) and suppresses background noise.

G = ReLU(Zk 6kc X Ak) (2)
where 8\ is the weight assigned to the feature map Au.

e LIME (Local Interpretable Model-agnostic Explanations)
provides local interpretability by approximating the
complex model with a simpler, interpretable one near the
input sample [23]. It perturbs the image by masking
superpixels and learns a linear model to mimic the
classifier's behavior locally.

p(x) = argming € Gy [L(f,g9,mx) + 2(9)] 3)

where G is the set of interpretable models, L is a loss
function ensuring fidelity between the black-box model f
and the interpretable model g, 7y defines the locality, and
(g) penalizes model complexity.

e SHAP (SHapley Additive exPlanations) assigns feature
importance scores based on Shapley values from
cooperative game theory [24]. It provides fine-grained
pixel-wise explanations, offering deeper insights into model
decisions and enhancing transparency.

9(@) = o + Mo x 7 4)

where ¢; are the SHAP values, z’ is a binary feature, and ¢,
is the model output for a baseline input.

III. EXPERIMENTAL RESULTS AND DISCUSSION

This section presents the results, assessing the effectiveness
of the proposed pre-trained model and integrated XAI
techniques. In addition, a comprehensive discussion is provided
with a comparative analysis of recent advances.

A. Dataset Structure

This study used the BraTS 2019 MRI dataset, which
comprises multi-modal brain scans (T1, T2, T1-contrast, and
FLAIR) at a resolution of 240x240x155 voxels. It includes 76
LGG and 259 HGG cases, each annotated with classification
labels [13]. This imbalance between HGG and LGG could bias
the classification process. To alleviate this issue, extensive data
augmentation was applied to increase the effective number of
LGG samples, and class-balanced sampling was used during
training to reduce bias toward the majority class, ensuring
fairer model performance across both glioma grades.

B. Classification and XAI Evaluation Metrics

The performance of the classification models was evaluated
using various metrics, including Accuracy, Precision, Recall,
and Fl-score, offering a thorough assessment of the model's
effectiveness.

The evaluation metrics of XAI methods assess how well the
explanations align with the model's decision-making process.
They assess whether the explanations are sufficiently detailed
for understanding and evaluate their consistency across
different decision instances. The key XAI evaluation metrics
are:

e The Perturbation Stability Index (PSI) measures the
stability of explanations under slight input variations.

e Fidelity measures how closely the provided explanation
aligns with the model's actual decision-making process,
with a higher fidelity indicating a better match.

e Sufficiency assesses whether the explanation contains
enough information for users to understand why the model
made a specific decision.

e Consistency evaluates if the model consistently provides
similar explanations for similar inputs, promoting trust in
the model's behavior.

C. Evaluation of the Proposed Models

Figure 2 illustrates the evolution of accuracy as a function
of the number of epochs during the training and validation
phases. All models quickly reach a high accuracy rate, close to
99%, from the first iterations, which demonstrates good
learning capacity. The ViT model is distinguished by a more
spread-out learning curve over time, requiring more epochs to
stabilize its performance, but it reaches a level of accuracy
comparable to the other models at the end of training.
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Fig. 2. Evolution of accuracy over the number of epochs, (a): Xception,
(b): EfficientNetB6, (c): ResNet50V2, and (d): ViT.

TABLE L. EVALUATION OF THE PROPOSED FRAMEWORK
Models Accuracy | Precision Recall F1-score
Xception 98.32% 98.83% 99.06% 98.94%
EfficientNetB6 | 96.64% 98.57% 97.18% 97.87%
ResNet50V2 97.37% 98.57% 98.10% 98.34%
ViT 96.27% 98.33% 96.95% 97.64%
MaxVoting 98.89% 99.07% 99.53% 99.30%
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Table I presents a summary of the -classification
performance achieved by various approaches on the
BraTS2019 dataset. The Max-Voting ensemble achieved the
highest accuracy, reaching 98.89%. Among the individual
models, Xception demonstrated the strongest performance with
an accuracy of 98.32%, while the Vision Transformer (ViT)
model showed a slightly lower, though still respectable,
accuracy of 96.27%. The superior performance of the Max-
Voting approach underscores the synergistic advantages of
combining diverse DL architectures.

D. Comparative Study

Table II illustrates that many DTL models achieve high
accuracy. The proposed framework, which leverages a Max-
Voting ensemble on the BraTS2019 dataset, achieves an
outstanding accuracy of 98.89%. This performance not only
demonstrates the effectiveness of the proposed approach but
also positions it favorably among state-of-the-art results
reported in the literature, surpassing the accuracies of most
individual models.

TABLEII COMPARISON TO STATE-OF-THE-ART WORKS
Study Model Dataset Accuracy (%)

[6] ResNet50 BraTS2019 98.62
[7] CapsVGGNet BraTS2019 98.9
[8] ResNet BraTS2018 96.98
[9] EfficientNetB0 BraTS2019 98.87
[10] Densenet201 BraTS2018 98.8
[11] SVM BraTS2018 84.2
VGG16 95.16

VGG19 93.68

MobileNet 93.71

InceptionV3 91.78

(121 Xception BraTS2019 90.39
InceptionResV2 95.45

DenseNet121 91.97

Stacking Model 98.06

Xception 98.32

Proposed EfficientNetB6 96.64
framework ResNet50V2 BraTS2019 97.37
ViT model 96.27

Max-voting 98.89

E. XAl Visualization Maps

Distinct colormaps were used for the different
interpretability methods to help visualize model decisions,
thereby enhancing trust in classifier predictions. Integrated
Gradients uses a "hot" colormap (black-to-red-yellow-white) to
highlight important pixels, where lighter colors indicate
stronger feature attributions accumulated along a path from a
baseline. Grad-CAM applies warm-to-cool color maps to
localize critical areas influencing predictions. LIME produces
binary black-and-white masks to highlight key superpixels,
offering an intuitive region-based explanation. SHAP
visualizes contributions using red and blue shades, reflecting
positive and negative feature impacts. These diverse visual
cues allow clinicians and researchers to verify whether the
model focuses on medically relevant areas, thus increasing
confidence in its diagnostic reliability.

Figure 3 compares the visual explanations generated by the
XAI methods on MRI scans with HGG and LGG. Although all
methods succeeded in identifying tumor regions in HGG cases,
their performance varied in clarity and localization. Grad-CAM
offers smooth, globally consistent heatmaps, particularly
effective in HGG, whereas Integrated Gradients provides fine-
grained, dense saliency maps across both tumor types. LIME
yields sharp but sometimes overly simplistic explanations, and
SHAP produces scattered attributions with limited spatial
precision. In LGG cases, the differences become more evident
due to the tumors' subtle appearance. Grad-CAM emerged as
the most reliable technique for visual interpretability, balancing
precision and clinical relevance. These findings underscore the
importance of selecting appropriate XAl tools for effective
deployment in medical imaging.

Grad-CAM

Original MRI

Integrated Grad

(A)

(8)

HGG

©

(D)

(a)

(b)

LGG

(<)

(d)

Fig. 3. Examples of XAI visualization images for the classification of
gliomas in the brain using MRI. The first four rows provide sensitivity maps
for HGG cases, whereas the final four rows display sensitivity maps for LGG
cases. Left to right shows MRI images, SHAP, LIME, Integrated Gradients,
and Grad-CAM.

Table Il shows the performance of the evaluated XAI
methods. Grad-CAM achieved the highest overall scores,
demonstrating strong stability (92.15%), sufficiency (88.24%),
fidelity (95.95%), and consistency (93.86%), but its visual
explanations remain relatively coarse and may miss small or
subtle tumor regions. Integrated Gradients generates more fine-
grained saliency maps, offering improved localization, but its
sensitivity to noise and limited robustness under input
perturbations can reduce its reliability. LIME offers intuitive
and localized explanations, but struggles with high-resolution
MRI images due to its reliance on superpixel segmentation.
SHAP produces detailed attributions with a clear distinction
between positive and negative contributions.
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TABLE IIL. EVALUATION OF XAI METHODS
XAI methods PSI Sufficiency | Fidelity | Consistency
Grad-CAM 92.15% 88.24% 95.95% 93.86%
Integrated Gradients | 87.24% 82.90% 88.71% 85.33%
LIME 85.50% 85.06% 90.11% 88.58%
SHAP 84.81% 80.19% 86.35% 82.01%

IV. CONCLUSION

This study presented a powerful and interpretable DL
framework for glioma classification from brain MRI scans,
combining the strengths of multiple pretrained models
(Xception, ResNet50V2, EfficientNet-B6, and ViT) with
advanced XAI techniques, such as Grad-CAM, Integrated
Gradients, LIME, and SHAP. By selectively applying LIME
and SHAP and optimizing their computation load, the
framework minimizes overhead. Meanwhile, combining Grad-
CAM with Integrated Gradients improves visual clarity and
reduces noise. By projecting 3D MRI onto optimized 2D
representations and applying a max-voting strategy across
models, the classification accuracy reached 98.89%. This
ensemble approach not only improves diagnostic performance
but also enhances reliability by leveraging the complementary
strengths of diverse architectures. This integration of XAI
bridges the gap between high-performing black-box models
and the need for clinical transparency. The visual explanations
generated by the proposed framework help radiologists
understand, validate, and trust the model's decisions.

The clinical accuracy and relevance of the model's
predictions, along with the interpretability of the XAI
visualizations, were validated by Dr. Fatma Kolsi of the
Department of Neurosurgery at Habib Bourguiba University
Hospital, Sfax, Tunisia, using a local hospital database. Future
work will include systematic validation on additional datasets
and across multiple institutions. Unlike previous work limited
to visual illustrations, this study conducts a rigorous metric-
based evaluation of XAI methods, highlighting the strengths
and weaknesses of each method. This comparison provides
practical insights for selecting XAl tools in clinical diagnostics.
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