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Atypical Teratoid Rhabdoid Tumor (ATRT) is a highly aggressive and
malignant pediatric brain tumor known for its rapid proliferation and
complex morphological heterogeneity. This inherent diversity in
presentation poses substantial clinical challenges, complicating the
processes of diagnosis, treatment planning, and prognostic evaluation. In
clinical practice, Magnetic Resonance Imaging (MRI) serves as the
cornerstone for visualizing these tumors. Precise segmentation of ATRT
from MRI scans is a critical prerequisite for accurate volumetric analysis,
targeted radiation therapy, and the longitudinal assessment of treatment
response. To address these deep learning architectures, particularly
variants of the UNet model, have emerged as a leading solution in
medical image analysis due to their proficiency in capturing contextual
and spatial information. The primary aim is to develop and evaluate an
advanced deep learning model for the automated segmentation of ATRT
in MRI scans. We propose a novel architecture that integrates a fork of
the tumor segmentation UNet+ model with residual networks (ResNext
and ResNet). Integration enhances the model's ability to delineate
complex tumor boundaries and account for the high heterogeneity of
ATRT, compared to conventional segmentation approaches.

The proposed methodology is a novel deep learning architecture built
upon a Fork of the tumor segmentation with UNet+ model for ATRT is
structured as follows:
Data and Preprocessing: The model was trained and validated on a
dedicated dataset comprising ATRT-specific MRI scans. Standard pre-
processing steps, such as intensity normalization, resampling to a uniform
resolution, and skull-stripping, were likely applied to ensure consistency
and improve model convergence.
Data Augmentation: Use techniques like rotation, flipping, and
Generative Adversarial Networks (GANs) to increase dataset diversity.
Feature Extraction:
• Unet+ Fork: Advanced UNet variant with dense, multi-level encoder-

decoder connections for precise segmentation.

• ResNext and ResNet: Residual blocks that enhance gradient flow and
feature learning in deep networks.

Loss Function: The model utilizes a composite loss function combining:
• Dice Loss optimizes the volumetric overlap between predicted and

ground truth masks, effectively addressing class imbalance.
• Binary Cross-Entropy (BCE) Loss ensures pixel-level classification

accuracy, refining boundary details and overall segmentation
precision.

The hybrid UNet+ model with ResNext/ResNet blocks achieved superior
segmentation performance for ATRT, significantly outperforming a
standard UNet baseline with a Dice coefficient of 0.92%, IoU of 0.86%,
and high sensitivity of 0.94%. This improvement stems from the
architecture's dense multi-scale connections and enhanced feature
learning, which effectively capture the tumor's irregular boundaries and
internal heterogeneity. The high sensitivity is clinically crucial, minimizing
missed tumor tissue. While promising, validation on larger, multi-center
datasets and extension to 3D volumetric analysis represent necessary
future steps to ensure broad clinical applicability.

The proposed hybrid model, integrating UNet+ with ResNext/ResNet
blocks, effectively automates the segmentation of ATRT in MRI. This
architecture demonstrated enhanced capability in capturing the tumor's
complex morphology, quantitatively outperforming standard benchmarks
across Dice, IoU, and sensitivity metrics. These results confirm the clinical
potential of combining dense hierarchical and residual learning for
accurate, automated ATRT delineation.
Future Scope:
 Multi-center validation for greater robustness.

 Extension to 3D volumetric segmentation.

 Integration of genomic and clinical data.

 Development of explainable AI tools.

 Longitudinal analysis of treatment response.
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