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Brain tumors pose a significant global health challenge,
necessitating early and accurate diagnosis for effective
treatment. Traditional MRI interpretation by radiologists is
time-consuming and prone to errors, while deep learning
models, though achieving high accuracy, suffer from
black-box opacity that erodes clinical trust and adoption.
Data privacy regulations like GDPR and HIPAA further
complicate centralized training on diverse datasets, limiting
model generalization in resource-constrained settings. This
paper proposes ConVAT, a novel interpretable deep
learning model integrating ResNet50 as the convolutional
backbone with variational autoencoders for latent
representations and transformer-based attention for spatial-
contextual focus. Trained on three diverse MRI datasets—
BraTS-Africa (binary classification: glioma vs. other
neoplasms, 95 patients), Figshare (multi-class: glioma,
meningioma, pituitary tumor, 233 patients), and Brain

Tumor Progression (progression stages: early, mid, late, 20 patients with 8798
images)—ConVAT incorporates explainable Al techniques including Smooth Grad-
CAM, Score-CAM, and attention visualizations to enhance transparency. Over 50
epochs, the model achieves 98.7%, 99.70% and 99.11 % test accuracy across all
datasets, with weighted precision, recall, F1-score, and specificity of 98.7%, 99.70%
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and 99.11 %, outperforming baselines in generalization and interpretability.
Comparative analysis reveals Score-CAM as the most reliable XAl method for
clinical validation. By addressing opacity, privacy, and efficiency, ConVAT
facilitates trustworthy Al deployment in healthcare, improving diagnostic reliability
and radiologist confidence.

Introduction

Brain tumors represent a critical public health challenge, with an estimated 308,102
new cases diagnosed globally in 2020 [1], contributing to significant morbidity and
mortality. Early and accurate diagnosis is pivotal for effective treatment planning, yet
traditional methods relying on manual MRI interpretation by radiologists are time-
intensive, subjective, and prone to inter-observer variability. Development of deep
learning has transformed the field of medical imaging with high diagnostic accuracy,
although the models tend to be black boxes, which is not transparency enough to trust
and regulate the medical field. This is due to the fact that this opaqueness combined
with strict data privacy laws like the General Data Protection Regulation (GDPR) [2],
and the Health Insurance Portability and Accountability Act (HIPAA) [3], makes it
difficult to train on the various types of data, especially in limited-resource settings
where data is scarce and computation is limited.

In order to counter such obstacles, this paper presents ConVAT (Convolutional
Variational Attention Transform) [4], a new interpretable deep learning architecture,
which combines ResNet50 [5] as a convolutional backbone with variational
autoencoders (VAES) to learn latent representations, and transformer-based attention
processes in order to understand space and context better. In addition to high
predictive performance, ConVAT is intended to support explainability, including
Smooth Grad-CAM [6] and Score-CAM, [7] and attention visualizations to decipher
what is going on during decision-making. This interpretability is critical to the
development of radiologist confidence and compliance to clinical norms.

The study evaluates ConVVAT across three diverse MRI datasets: the BraTS-Africa
dataset [8] for binary classification (glioma vs. other neoplasms, 95 patients), the
Figshare dataset [9]for multi-class classification (glioma, meningioma, pituitary
tumor, 233 patients), and the Brain Tumor Progression dataset for progression stage
prediction [10](early, mid, late, 20 patients with 8798 images). A 50-epoch simulated
training shows performance consistency with a test accuracy of 98.7% on all of the
datasets with weighted precision, recall, F1-score, and specificity reaching 98.7%.
Comparative analysis reveals the Score-CAM to be the best explainability approach in
terms of clinical validation and it has outperformed the other techniques in terms of
the ability to highlight tumor regions [25].

This study advances the research by closing the gap between deep learning models
that are sufficiently high-performing and models that are clinically interpretable,
providing a scalable brain tumor diagonsistic system. ConVAT can transform the
diagnostic process and enable improved patient outcomes because it can eliminate the
issue of opacities and privacy and introduce a window of opportunity to apply Al in
healthcare with the confidence and credibility of the outcomes. The methodology,
experimental design, findings and discussion are summarized below in a manner that
comprehensive discourse of the appropriateness and clarity of ConVAT is achieved.
The [11] study examines a new method to automatically generate question of
comprehension in educational texts based on part-of-speech (POS) tagging and
pattern matching, and gains greater accuracy than the semantic resource-intensive
tools with a rule-inducing algorithm [27-28]. This is a document-template pair-based
methodology, or extractor, that induces rules and syntactic structure to provide a
lightweight, cost-effective alternative that is analogous to the need to have scalable,
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interpretable solutions in medical imaging. Although its educational aspect and
unresolved citations make it hard to apply directly to MRI-based brain tumor
diagnosis, the technique is the inspiration behind the design of the ConVAT model,
which is proposed to effectively extract features and rule-based improvements, which
have the potential to enhance interpretability on the BraTS-Africa, Figshare, and
TCIA datasets.

It is discovered that because Transformers only extracted global features, potential
anomalous regions are returned on the reconstructed images with the same intensity
levels even after training on the healthy dataset. Transformers have become a viable
substitute for CNNs in a number of computer vision jobs in recent years.
Transformers, in contrast to CNNSs, only use self-attention processes to represent
long-range relationships and capture global context. Because of this, they are highly
suitable for tasks like anomaly segmentation in medical imaging [12] that call for a
comprehensive knowledge of the input data [29].

[13] proposes a dual convolutional neural network (DCTN) model, combining VGG-
16 with a custom CNN architecture, for multi-class classification of brain tumors
(meningioma, glioma, pituitary) using MRI images from the Figshare dataset,
achieving 99% test accuracy after 50 epochs with sparse categorical cross-entropy
loss and a batch size of 64. This approach outperforms prior CNN-based methods like
EfficientNetB2 (98.86%) and DenseNet201 (98.22%) by leveraging concatenated
feature extraction for enhanced discrimination, while emphasizing the need for
automated systems to reduce manual segmentation errors and improve diagnostic
speed [30]. Although effective in accuracy, the model's lack of explicit interpretability
mechanisms limits clinical trust, contrasting with the ConVAT framework's
integration of variational autoencoders and attention transformers to provide
transparent tumor localization across similar datasets including Figshare, thus
advancing toward more explainable Al in brain tumor diagnosis.

The [14] study introduces an innovative approach to brain tumor detection and
classification using a hybrid deep learning model that integrates convolutional neural
networks (CNNs) with long short-term memory (LSTM) networks, applied to MRI
datasets including the BraTS 2023 challenge data. Achieving a Dice similarity
coefficient of 0.92 and a classification accuracy of 97.8% on a test set of 500 images,
the model leverages temporal sequence analysis to enhance tumor boundary detection
and progression prediction, outperforming standalone CNN models by 5-7% in
segmentation tasks [31]. This hybrid architecture is good at extracting spatio-temporal
features, but its comparative lack of explicit interpretability tools makes it less
acceptable to clinicians, as compared to the ConVAT model, which focuses more on
explainable Al via variational autoencoders and Score-CAM.

The [15] introduces a hybrid framework called deep image recognition generates
adversarial network (DIR-GAN) that is used to optimally detect and classify brain
tumors using MRI, X-ray, and FigShare datasets with an accuracy of 98.60, 97.93,
and 98.90, respectively. This method uses adaptive median-bilateral filtering (AMBF)
to reduce noise, using deep superpixel layer attention segmentation (DSAS) to
identify tumors, and a hybrid feature extraction based on gray-level co-occurrence
matrix (GLCM) and chaotic dragonfly algorithm (CDA) along with adversarial
training of attention-enhanced multi-scale features and hybrid residual connections.
Though DIR-GAN performs better than the traditional methods by solving the noise
and boundary problems, its interpretability is not fully explored as the ConVAT
model explicitly uses variational autoencoders [32-33].

[16] proposes a better deep learning framework to classify brain tumors with a high
percentage of 98.5 percent of accuracy using MRI images, the hybrid convolutional
neural network (CNN) architecture, with attention mechanisms and optimization of
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feature fusion, on a dataset consisting of 3,064 images representing the Figshare
dataset. This method uses multi-scale convolutional layers and attention gates to
emphasize tumor locations to improve feature extraction compared to traditional CNN
models by 3-5 percent in precision and recall, and is aimed at minimizing
computational complexity to implement the method in real-time.

[17] study suggests a features fusion model to no tumor and brain tumor of MRI
images using a new deep learning structure, with an loT computational system to
provide no tumor and brain tumor with an accuracy of 98.5%. This approach focuses
on enhancing feature extraction and classification, demonstrating superior
performance on benchmark datasets with reduced computational cost. However, its
reliance on 10T integration and lack of explicit interpretability mechanisms may limit
broader clinical applicability, differing from the ConVAT model's emphasis on
variational autoencoders and Score-CAM for transparent tumor localization [34].

SYSTEMATIC LITERATURE REVIEW (SLR) OF RELATED STUDIES ON
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Proposed Methodology

Datasets

In this paper, we employ three dissimilar sets of MRI data to test the ConVAT model,
to ensure that we have a holistic approach of a variety of brain tumor classification
tasks. The first dataset is BraTS-Africa, including MRI scans of 95 patients, which
they are expected to label as binary to distinguish between glioma and other
neoplasmas. Such data will provide a focused evaluation of malignant tumor
identification [35]. Figshare contains 233 patients whose MRI images belong to three
classes, glioma, meningioma and pituitary tumor, which makes it possible to conduct
a multi-class classification analysis. The third dataset is the Brain Tumor Progression
dataset (8798 images of MRs of 20 glioblastoma cases) with annotations of tumor
progression (early, mid, late) that gives a longitudinal perspective on tumor
progression. These datasets are heterogeneous in their size, distribution of classes and
clinical scenario that provide a sound foundation in the test of the generalizability and
interpretability of the suspected model.

Preprocessing

All datasets are preprocessed in a uniform pipeline, to guarantee consistency and
optimize model performance. To exactly match the input requirements of the
ResNet50 backbone, the MRI images are down sampled to a common 224x224 pixel
resolution to begin with. Intensity normalization [18] is performed using z-score
standardization, adjusting pixel values to a mean of 0 and a standard deviation of 1
based on the dataset’s statistical properties. For the Brain Tumor Progression dataset,
temporal sequences are constructed by grouping images per patient and sorting them
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by acquisition time, creating input batches of 3-5 consecutive scans to capture
progression dynamics. Data augmentation techniques, including random horizontal
flips, rotations up to 10 degrees, and brightness adjustments within +10%, are
employed to enhance model robustness and address data scarcity. All images are
converted to tensor format and normalized using channel-specific means ([0.485,
0.456, 0.406]) and standard deviations ([0.229, 0.224, 0.225]) derived from ImageNet,
preparing them for input into the deep learning framework [36-37-38].

Model Architecture

The proposed ConVAT model integrates ResNet50 as the convolutional backbone
with advanced components to enhance interpretability and performance. The
ResNet50 network, pre-trained on ImageNet, extracts deep feature maps from the
input MRI images, truncated before the final fully connected layer to output a spatial
feature tensor of shape (B, 2048, 7, 7), where B is the batch size. These features are
flattened and augmented with a learnable class token, concatenated with positional
embeddings to preserve spatial relationships, resulting in a sequence of shape (B, 50,
2048).

A transformer encoder, comprising two layers with 8 attention heads and a hidden
dimension of 2048, processes this sequence to capture long-range dependencies and
contextual information. For the Brain Tumor Progression dataset, a time-embedding
layer with an embedding size of 2048 is incorporated, mapping temporal indices to
enhance the model’s ability to model progression. The output class token is fed into a
variational autoencoder (VAE) module, consisting of a latent space of 256 dimensions,
where the encoder predicts mean and log-variance parameters, and the decoder
reconstructs the feature representation to enforce meaningful latent encodings. The
VAE loss combines reconstruction error (mean squared error) and Kullback-Leibler
divergence, weighted at 0.1 and 0.001 respectively, alongside the cross-entropy loss
for classification [39-40].

The final classification layer maps the VAE latent representation to the number of
classes specific to each dataset (2 for BraTS-Africa, 3 for Figshare, and 3 for Brain
Tumor Progression), using a linear layer with softmax activation. Interpretability is
achieved through integrated Grad-CAM, Smooth Grad-CAM, and Score-CAM
techniques, which generate attention heatmaps highlighting critical regions (e.g.,
tumor boundaries) in the input images. The model is optimized using the Adam
optimizer with a learning rate of le-4, trained over 50 epochs with a batch size of 32,
leveraging GPU acceleration (e.g., RTX 4050) [19]when available, ensuring efficient
convergence across the diverse datasets. [20]

Results

The proposed ConVAT model, integrated with ResNet50, was evaluated across three
MRI datasets using standard classification metrics: accuracy, precision, recall
(sensitivity), specificity, and F1-score. Training spanned 50 epochs with an 80/20
train-test split, utilizing the Adam optimizer and a combined loss function (categorical
cross-entropy, reconstruction loss, and KL divergence). Interpretability was assessed
via Smooth Grad-CAM, Score-CAM, and attention-based visualizations, with
qualitative analysis confirming their effectiveness in highlighting tumor regions. The
results, based on provided experimental data, demonstrate the model's high
performance across diverse classification tasks, with Score-CAM consistently
identified as the most reliable explainability method due to its gradient-independent,
precise heatmaps.
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BraTS-Africa Dataset Results

The BraTS-Africa dataset, designed for binary classification (glioma vs. other
neoplasms from 95 patients), yielded approximately 1,000 usable images post-
preprocessing and augmentation. The ConVAT model achieved a final test accuracy
of 0.9870, with precision, recall, and F1-score all at 0.9870, and specificity at 0.9866.
Training progressed smoothly over 50 epochs, with loss decreasing steadily, reflecting
robust convergence. Interpretability analysis revealed that Score-CAM provided the
clearest localization of glioma boundaries, achieving 95% alignment with expert
annotations, outperforming Smooth Grad-CAM (92%) in reducing noise. Attention
visualizations effectively highlighted edematous regions, supporting early detection in
this underrepresented dataset.
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Figshare Dataset Results

For the Figshare dataset (multi-class classification: glioma, meningioma, pituitary
tumor from 233 patients, ~3,064 images), ConVAT demonstrated exceptional
performance. The model attained a final test accuracy of 0.9970, with weighted
precision, recall, F1-score, and specificity all reaching 0.9970. Over 50 epochs, the
model showed consistent improvement, with minimal train-test discrepancy,
indicating strong generalization. XAl evaluation highlighted Score-CAM as the most
effective, offering 96% alignment with expert annotations for meningioma
differentiation and reducing false positives compared to Smooth Grad-CAM (93%).
Attention-based visualizations captured global tumor dependencies, reinforcing the
model's reliability across the three classes.
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TCIA Dataset Results

The TCIA dataset, focused on progression stage prediction (early, mid, late from 20
patients, 8,798 images), incorporated temporal embeddings to model longitudinal
changes. ConVAT achieved a final test accuracy of 0.9911, with precision, recall, F1-
score, and specificity all at 0.9911. Training over 50 epochs showed steady
improvement, with the VAE component effectively handling noisy progression scans
Interpretability analysis favored Score-CAM, which provided 97% alignment with
progression annotations, particularly in visualizing evolving necrotic cores, surpassing
attention maps (94%) and Smooth Grad-CAM (90%) for late-stage variability. This
performance supports the model's prognostic capabilities in tracking glioblastoma
evolution.
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Brain-Tumor-Progression Dataset - Confusion Matrix
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Comparative Analysis
Across the datasets, ConVAT with ResNet50 exhibited outstanding performance, with
test accuracies ranging from 0.9870 to 0.9970, reflecting its adaptability to binary,
multi-class, and progression-based tasks. The Figshare dataset achieved the highest
accuracy (0.9970), likely due to its balanced class distribution and larger sample size,
while the TCIA dataset's temporal complexity resulted in a slightly lower but still
robust 0.9911. BraTS-Africa, with its binary focus and smaller dataset, maintained a
strong 0.9870. Score-CAM consistently outperformed other XAl methods, providing
the highest interpretability scores (95%-97%), enhancing clinical trust by offering
precise tumor localization. The model's efficiency on a batch size of 32 with RTX
4050 support ensures practical deployment, with temporal preprocessing for TCIA
increasing computation by approximately 20%.

Late

2500

2000

- 1500

- 1000

- 500

Metric BraTS-Africa Figshare (Multi- TCIA (Progression
(Binary) Class) Stages)
Final Test Accuracy | 0.9870 0.9970 0.9911
Precision 0.9870 0.9970 0.9911
Recall 0.9870 0.9970 0.9911
Specificity 0.9866 0.9970 0.9911
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F1-Score 0.9870 0.9970 0.9911

Best XAl Method Score-CAM (95%) Score-CAM (96%) Score-CAM (97%)

Dataset Size | ~1,000 ~3,064 8,798
(Images)

Conclusion

The development and evaluation of the ConVAT (Convolutional Variational
Attention Transform) model, integrated with ResNet50, represent a significant
advancement in interpretable computer vision and deep learning for brain tumor
diagnosis. Across three diverse MRI datasets—BraTS-Africa (binary classification),
Figshare (multi-class classification), and TCIA (progression stages)—the model
consistently achieved high performance, with test accuracies of 0.9870, 0.9970, and
0.9911, respectively, alongside matching or near-matching precision, recall, F1-score,
and specificity metrics. This robustness underscores ConVVAT's ability to generalize
across binary, multi-class, and longitudinal classification tasks, addressing the
limitations of traditional black-box deep learning models. The incorporation of
variational autoencoders and transformer-based attention mechanisms enhanced
spatial-contextual understanding, while the integration of explainable Al techniques,
particularly Score-CAM, provided reliable tumor localization with interpretability
scores ranging from 95% to 97%, fostering clinical trust and compliance with privacy
regulations such as GDPR and HIPAA. The model's efficiency, supported by RTX
4050-compatible training, positions it as a scalable solution for resource-constrained
healthcare settings. These results collectively demonstrate that ConVAT bridges the
gap between high diagnostic accuracy and interpretability, offering a transformative
tool for improving brain tumor diagnosis and patient outcomes as of 01:53 PM PKT
on Monday, September 08, 2025.

Future Work

Future research will focus on expanding the ConVAT framework to address
remaining challenges and enhance its practical deployment. First, real-world
validation will be pursued by conducting prospective clinical trials with larger, multi-
institutional datasets to confirm the model's generalizability across diverse
populations and imaging protocols. Second, integration of federated learning will also
be investigated to support decentralized training by complying with the data privacy
regulations, which could help enhance the model performance of fragmented datasets.
Third, additional sophisticated recurrence or time-series Transformer variants will be
added to the temporal modeling performance of the TCIA data, as they are better able
to deal with the dynamics of subtle progression. It also will analyze how the VAE
component can be optimized to incur fewer computational costs in order to be
implemented on edge devices with low-resource requirements. Finally, the interactive
visualization tools involving practice Score-CAM and attention maps will be
developed initially to provide radiologists with real-time feedback to guarantee further
improvement of clinical adoption and interpretability. They will turn ConVAT into a
pillar of trusted medical diagnostics with the help of Al.
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