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Abstract— Medulloblastoma (MB) is a heterogeneous pediatric brain tumor comprising four
molecular subgroups (WNT, SHH, Group 3, Group 4), each with distinct genetic profiles and
prognostic outcomes. Current diagnostic techniques rely heavily on invasive biopsy and lack the
precision needed for subgroup classification and personalized treatment planning. This study
presents a radiogenomic deep learning framework that integrates statistical and texture-based
MRI features with Convolutional Neural Networks (CNN) and ResNet-50 for noninvasive MB
classification and survival prediction.

The proposed models were trained on multimodal MRI datasets and achieved high
classification accuracy—99.31% with CNN and 98.75% with ResNet-50—demonstrating strong
performance in distinguishing MB subtypes and normal brain scans. The inclusion of Gray-
Level Co-occurrence Matrix (GLCM) features and statistical descriptors enhanced
interpretability and classification reliability. This research validates the potential of Al-driven
radiogenomic models in improving diagnostic precision and enabling risk-adapted,
personalized therapy for pediatric medulloblastoma.

Index Terms— Medulloblastoma, Radiogenomics, Deep Learning, Magnetic Resonance Imaging
(MRI), Convolutional Neural Networks, Subgroup Classification, Prognostic Modeling.

1. INTRODUCTION

Medulloblastoma (MB) is the most common malignant brain tumor in children and a major cause of pediatric
cancer deaths. Molecular research has revealed MB as four distinct subgroups (WNT, SHH, Group 3, Group 4),
each with different genetics and outcomes—WNT tumors, for instance, often have CTNNBI1 mutations and
favorable prognosis, while MY C-amplified Group 3 tumors are more aggressive [1-3].

These differences have led to tailored treatments but also create challenges in diagnosis and risk prediction,
especially due to the biological complexity of Groups 3 and 4 [4, 5]. The Molecular Subgroups of
Medulloblastoma are shown in Fig. 1.

Radiomics and radiogenomics have gained attention as noninvasive tools for MB classification and prognosis.
Radiomics extracts features like texture and shape from MRI; radiogenomics links them with molecular data.
Studies show these tools improve classification when used with clinical or genetic data. For example, Ismail et
al. found that MRI-derived features improved subgroup classification and survival prediction [6, 7]. Broader
reviews confirm the ability of machine learning and radiogenomics to detect subtypes and genetic markers in
brain tumors, showing potential to boost diagnostic accuracy [8].
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Figure 1. Molecular Subgroups of Medulloblastoma

Several studies confirm strong classification performance. Iv et al. used SVM on features from 109 MRIs,
achieving AUCs of 0.83 for SHH and Group 4 [4]. Saju et al. reported AUCs of ~0.93 across four subgroups in
38 patients using LASSO and SVM [8]. Zhang et al. used a two-stage neural network on 263 MRIs from 12
centers, achieving an 88% F1-score and up to 0.98 AUC for Group 3 vs. 4 [9]. Wang et al. analyzed 934 cases
across 13 centers, combining radiomic and annotated features to achieve AUCs of 0.924 (internal) and 0.852
(external) [10]. These studies suggest radiogenomics can predict MB subtypes and support personalized
treatment without biopsy. Prognostic models also show promise. Chen et al. used MRI features and clinical data
from 81 patients to predict survival, reaching a C-index of 0.860—better than clinical features alone [11].
Genomic studies also identified a 47-gene mRNA signature with AUC ~0.817 for survival prediction. Other
models include clinical and immune factors like neutrophil-to-lymphocyte ratio to estimate recurrence risk [12,
13].

However, major limitations remain. Most studies are small and retrospective, with varied imaging protocols and
limited biological validation. WNT and Group 3 tumors often show lower classification accuracy, and there is a
lack of standard MRI datasets [12]. Tumor heterogeneity and post-treatment changes also complicate
predictions. Few studies are validated across institutions or tested prospectively.

Despite various issues, radiogenomics holds real promise. As Ismail et al. note, combining imaging with
genomics could greatly improve MB diagnosis and prognosis. Larger datasets, like those in Wang et al.'s study,
and multi-center efforts are helping create more generalizable models. Deep learning tools that predict MB
subtype and survival using MRI and molecular data may soon make personalized therapy a clinical reality.

II. PROBLEM STATEMENT

Despite progress in identifying molecular subtypes of medulloblastoma (MB), diagnosis and prognosis still
depend on invasive biopsies and clinical assessments, which often miss the tumor’s full complexity. Standard
imaging cannot reliably tell true tumor growth from treatment effects, risking over- or under-treatment. A
noninvasive, accurate method is needed to classify MB and predict outcomes. This study develops an Al-based
radiogenomic model to: (1) classify MB subtypes from MRI, (2) link imaging features to molecular profiles, (3)
distinguish tumor progression from pseudoprogression, and (4) predict survival for personalized treatment
planning.

III. LITERATURE REVIEW

Recent studies and reviews highlight the growing role of radiomics and radiogenomics in pediatric
medulloblastoma (MB). Ismail et al. [1] and Perillo et al. [6] underscore strong classification and prognostic
potential using MRI-derived features and machine learning (ML), though limited by small cohorts, imaging
variability, and lack of reproducibility. Saju et al. [8] achieved AUCs of 0.90-0.93 for MB subtype prediction in
38 patients using SVM and T1C radiomics, while Zhang et al. [9] reported an F1-score of 88% and AUC of 98%
(Group 3 vs. 4) in a 263-patient multicenter study. Wang et al. [10], using 934 patients across 13 centers,
developed an Al model with AUCs of 0.924 (internal) and 0.852 (external), revealing robust, subgroup-specific
imaging traits. Prognostic models also show promise: Chen et al. [11] achieved a C-index of 0.860 for survival
prediction from radiomics alone, outperforming clinical-only models.

Luo et al. [14] and Zheng et al. [15] validated radiomics as an independent predictor with AUCs ~0.88 and C-
index gains from 0.70 to 0.82. Liu et al. [16] integrated deep learning and survival prediction with subgroup
AUCs of 0.946 and OS AUCs up to 0.960. Models by Smith et al. [17] and Lambin et al. [18] focused on
distinguishing tumor growth from pseudoprogression using MRI texture and perfusion features, with AUCs near
0.90. Lastly, Yimit et al. [19] combined CNN and clinical data to differentiate MB from ependymoma,
improving accuracy by 10-15%, though generalizability remains limited. Collectively, these works emphasize
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the promise of radiogenomics in noninvasive diagnosis, risk prediction, and treatment planning, while calling for
standardization, external validation, and multi-center collaboration.

IV. METHODOLOGY

This section describes the workflow for processing MRI data, extracting features, training deep learning models,
and evaluating them for classifying medulloblastoma subtypes and normal brain states.

Data Preprocessing

Feature Extraction

Data Labelling

Image
Normalization TexYure

Features (GLCM)

MRI Images iy e e e e e e i R l, S

Model Training

Convolutional Neural Transfer Leaming
Network using ResN
. Molecular Subgroup Survival Prediction
Ciassification land Risk Stratification

Figure 2. Al pipeline for Medulloblastoma (MB)

The architecture merges MRI and clinical data into a unified AI pipeline for Medulloblastoma (MB)
classification and survival prediction is shown in Fig. 2. MRI features and clinical variables are processed in
parallel, then combined in an integration layer that captures their interactions. The system also stratifies patients
into five prognostic classes (Class 1 to Class 5), where Class 1 represents the lowest risk group with favorable
survival outcomes, while Class 5 indicates the highest risk with poor prognosis. These classes are derived by
combining molecular, radiological, and clinical insights to provide a refined, risk-adapted stratification. This
end-to-end system enables noninvasive diagnosis, accurate risk grouping, and personalized outcome forecasting
for pediatric MB.

A. Dataset Acquisition and Image Processing

The dataset used in this study is a private collection of T1, contrast-enhanced T1, and T2-weighted brain MRI
images, categorized by tumor type and sourced from Kaggle [26]. All images are anonymized and interpreted by
radiologists for research purposes. The dataset includes various tumor types such as medulloblastoma,
astrocytoma, glioblastoma, ependymoma, meningioma, schwannoma, and others, providing diverse data for
tumor classification and analysis.

Algorithm 1 MRI Image Dataset Preprocessing and Serialization Algorithm 1 Tmage Classification Using Statistical and GLCM Features

1: Initialize empty list dot1 for image data
2: Initialize empty list 1abels1 for class labels 2
3: Define class directories and label mapping: 3

1:

1: Input: Raw image [
2: Output: Predicted class label §
procedure CrassIFYIMAGE(T)
I csizea + Resize(1,300 x 300)
5 Iyray < ConvertToGrayscale(Iyesized)

:  Dataset/NORMAL T1 — 0

5 Dataset/NORMAL T2 — 1 SR . . g
¢ Dataset/Meduloblastoma T1 — 2 > — Statistical Feature Extraction
. 6: 1+ Mean(Igray)
T Dataset/Meduloblastoma TiC+ — 3 7 m + Median(Ipyq,)
&  Dataset/Meduloblastoma T2 — 4 8 02 « Variance(Iyray)
9: for all class directories and corresponding labels do 9: Futat + [p,m, 07
10: for all images in the current directory do > — GLCM Feature Extraction
11: Read image using matplotlib.image.imread() 10: for each patch P; from predefined locations do
12: Resize image to 50 x 50 using cv2.resize() 11; GLCM; + ComputeGLCM(F;, distance = 4, angle = 0)
13: Convert image to grayscale using cv2. cvtColor() 12: d; « Dissimilarity(GLCM;)
14: Use original image if conversion fails 13: ¢;  Correlation(GLCM;)
15: Append grayscale image to dot1 14: Append [di, ¢;] to Fyiem
16: Append class label to labels1 15 end for ) .
17: end for 16; F + Concatenate(Fytat, Fgtem) ) )
18: end for i o > — Classification
10: Serialize dot1 to dot.pickle 17: 3 + NeuralNetworkClassifier(F)
20: Serialize i 18: return y
20: Serialize 1abels1 to labels.pickle 19: end procedure
Algorithm 1. MRI Image Dataset Pre-processing and Algorithm 2. Image Classification using Statistical and GLCM
Serialization Features
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Images were collected from publicly available datasets and institution archives with ethical considerations where
necessary. Every image was reduced to a size of 50x50 pixels and formatted to grayscale to minimize
computational cost. Labels were given numerical representations (0—4) and saved using the pickle module for
easy reproduction of training.

B. Feature Extraction

Feature extraction helps the system understand patterns within the image—Ilike brightness, contrast, or texture—
useful for classification. Two types of features were extracted from the grayscale images:

Statistical Features: These features help in assessing general characteristics like brightness and contrast of the
brain region - Mean (i), Median (M), Variance (62)

Texture Features using GLCM: The Gray Level Co-occurrence Matrix (GLCM) captures texture by computing
how often pairs of pixel values occur within specific spatial relationships. We used two GLCM properties —
Dissimilarity and Correlation

C. Image Classification using Deep Learning Methods

Here, we present a two-fold deep learning-based methodology for brain MRI scan classification: a purpose-
designed Convolutional Neural Network (CNN) and a transfer learning architecture employing ResNet50. Both
models are intended to learn and classify features from radiological images autonomously, specifically to
differentiate between normal and Medulloblastoma-affected brain scans from various MRI modalities.

The data is prepared in the following manners before training: The image arrays are rearranged to a 4D structure:
(n,50,50,3), where n is the number of images, Labels are one-hot encoded such that each class label is replaced
by a binary vector necessary for categorical classification.

Convolutional neural network

Convolutional Neural Networks (CNNs) are a category of deep networks that are commonly applied to image-
based pattern recognition. They are especially efficient in handling data with grid-like topology, e.g., medical
imaging.

Input Layer Algorithm 1 Brain MRI Classification using CNN
- 50x50 RGE MRI image 1: Input: Preprocessed MRI image of size 50 x 50 x 3

2: Output: Predicted class label (e.g., Medulloblastoma T1C+)
3: procedure CNN_CrassIFIER(Image)
4 Load and normalize input image data

Convolutional Block 1 C Block 2 € Block3 | . : - g
3 Apply one-hot encoding to class labels

- 16 filters - 32 fiters - 64 fiters wBnis: ONN axchitoctura:

-2x2 kemel |- 2x2 kemel |- 22 kemel t De h“: C \'\ ,mlmul.u‘r(. - ;

- ReLU activation - ReLU activation - ReLU activation 7 Conv2D layer (16 filters, 3x3 kernel, ReLU)

- pool size = 2%2 - pooi size = 252 - pool size = 252 8 MaxPooling2D (2x2)

J' 9. Conv2D laye: 2 filters, ReLLU), MaxPooling2D

10: Conv2D layer (64 filters, ReLU), MaxPooling2D
Fully Connected Layer

Flatten Layer Regularization Layer | 11: Dropout (0.2)
yiklee 12 Flatten layer
- 500 neurons [€—1- Converts 3D feature (€~ 20% dropout to prevent| "< i =~ ) R
- ReLU Activation aps into 10 vector veritiing 13 Dense layer (500 units, ReLU)
[runcion 14: Dropout (0.2)
l 15; Output layer (Softmax, 5 classes)
16 Compile model with categorical cross-entropy loss and Adam optimizer
C"mﬂ”a"L‘;“;Trﬂi“‘“ﬂ 17: Train the model for n epochs on training data
Output Layer 18: Evaluate model on test data to compute Accuracy, Precision, Recall,
- Loss: Binary Evaluate and Make F1-Score
Crossentropy f——>/- Softmax Activation onTest =D00K. X
- Adam Optimizer - 5 neurons per class Data 19 Use trained model to predict class of input image
~ Epochs 2 20 1 d
iR 20: end procedure
Figure 3. Working of Convolutional Neural Network Algorithm 3. Brain MRI Classification using CNN

The proposed CNN architecture shown in Fig. 3 takes MRI images resized to 50x50%3 dimension as input. It
includes three 2D convolutional layers helping the CNN learn image features by convolving input with learnable
filters, ReLU activation functions and padding to help the network learn complex patterns by the inclusion of
non-linearity, each of which is followed by max-pooling layers in order to downsample the spatial dimensions,
retaining important information. The following classification is carried out by flattening of the feature maps, a
dense layer of 500 neurons is included, followed by a second dropout layer, and then a softmax output layer of
five units representing the five target classes: Normal T1, Normal T2, Medulloblastoma T1, Medulloblastoma
T1C+, and Medulloblastoma T2.

Transfer learning with ResNet50
To improve classification accuracy and take advantage of pre-trained visual features, the research uses ResNet-
50, a 50-layer deep convolutional neural network that is well known for incorporating residual connections to
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overcome the vanishing gradient problem in deep models. The model initializes with ImageNet-pretrained
weights and freezes its convolutional base to preserve generalized feature representations. Input MRI images are
down-sized to 50x50x3 and then fed into ResNet-50 feature extractor, which produces a 2048-dimensional
vector through a global average pooling layer. This enables the model to condense spatial features without
adding parameter numbers. The working of ResNet50 is shown in Fig. 4.

Input Layer Algorithm 1 Brain MRI Classification using ResNet50 (Transfer Learning)
i o 1: Input: Preprocessed MRI image of size 50 x 50 x 3
2: Qutput: Predicted class label
3: procedure RESNET50_ TRANSFERLEARNING (Image)

Base Model = 4 Load pre-trained ResNet50 model with weights from ImageNet
Feature Aggregation ; ) 3

- ResNet-50 (frazen) 5 Remove top classification layer (include_top=False)

include_top-False - - Reduces fealure maps to 3 obaies

removes original single 1D vector 6. Freeze all ResNet50 layers to retain learned features

dassification  layer i
7. Define custom classification head:
8 Global AveragePooling2D

Do T 9: Dense layer (1024 units, ReLU)
1024 neurons, ReLU actvation 10: Output Dense layer (Softmax, 5 classes)

11:  Combine ResNet50 base and custom head into one model
122 Compile the model with categorical cross-entropy loss and Adam opti-

Compilation & Training Layer .
nzer

- Loss: Categorical Crossentropy Evaluato teodel . .
- Use Agam Optimizer ’ 13 Train the model on the MRI training dataset for n epochs

- Epochs - 1 .
- Balch Size-2 14 Evaluate model on test data and compute performance metrics

15 Predict the class of the input image using the trained model
Make predictions on
Test Data 16: end procedure

Figure 4. Working of ResNet50 Algorithm 4. Brain MRI Classification using ResNet50 (Transfer Learning)

A custom classification head is placed on top of the pretrained base consisting of a dense layer with 1024 ReLU-
activated units followed by a last softmax layer with five output neurons for the five target classes: Normal T1,
Normal T2, Medulloblastoma T1, Medulloblastoma T1C+, and Medulloblastoma T2. The model is compiled
with categorical cross-entropy loss and trained with the Adam optimizer. This transfer learning strategy
minimizes training time and enhances generalization, especially when there are limited task-specific labeled data
available. The architecture hence merges the strength of a deep pretrained model with the task-specific fine-
tuning for medulloblastoma subtype classification.

D. Image Classification using Deep Learning Methods

The performance of both the CNN and ResNet50 models is evaluated using standard metrics including
Accuracy, Precision, Recall, and F1-Score. These metrics provide a comprehensive view of the model's
classification performance, especially in imbalanced datasets common in medical domains.

E. Prediction and Classification

After being trained, the model uses comparison of uploaded test image features with the training dataset. When
the mean feature value is matched closely, the class is determined.This categorization enables the system to
provide the likely diagnosis on the basis of visual characteristics in the MRI scan.

V. RESULT AND DISCUSSION

This sub-section discusses about the results generated from the study.

A. Dataset

The input images were successfully read and displayed using matplotlib, confirming the initial stage of image
acquisition and visualization in the proposed method. The sample image in the dataset is shown in Fig. 5.

Original Image

Figure 5. Original Image with Text (0.5, 1.0, 'Original Image")
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B. Preprocess for CNN and ResNet 50

To ensure uniform input dimensions for subsequent analysis, the original image was resized to 300x300 pixels
using OpenCV's resize() function. An additional smaller 50x50 version was also generated for auxiliary
processing tasks shown in Fig. 6. This resizing step facilitates computational efficiency and standardization
across the image dataset.

Resizing

RESIZED IMAGE

GLCM

Figure 6. Resized Image Figure 7. Gray level co-occurence matrix

The resized image (50x50) was converted to grayscale using OpenCV’s cvtColor() function with the
COLOR_BGR2GRAY flag. In case of an incompatible format, the original resized image was retained. This step
reduces computational complexity by simplifying the image to a single intensity channel while preserving
essential structural information.

Feature Extraction

To characterize the grayscale image, basic statistical features were computed, including the mean, median, and
variance of pixel intensities. These descriptors capture the overall brightness and contrast variability within the
image, serving as foundational inputs for subsequent texture analysis.

Results - [44.2152, 9.0, 2853.4568889599996]

Texture Feature Extraction using GLCM

To capture textural information from the grayscale image, the Gray Level Co-occurrence Matrix (GLCM) was
employed. The image was first resized to 768x1024 pixels, and specific regions were selected manually to
represent distinct texture classes (e.g., grass and sky). From each 21x21 patch, GLCMs were computed using a
pixel pair distance of 4 and an angle of 0°, with 256 gray levels and symmetric normalization shown in Fig. 7.
Key statistical features — dissimilarity and correlation — were extracted from each patch to quantify texture
variation.

These features effectively differentiated between textural patterns of distinct regions. Additionally, mean pixel
intensities of the sky patches were calculated and stored as representative GLCM-based features:

GLCM Features=[6.0,6.0,7.74,55.85] These descriptors form a critical part of the texture-based classification
input, highlighting variations in surface homogeneity and structure.

Image Splitting

To evaluate the classification performance, the dataset comprising 586 feature-extracted image samples was
divided into training and testing subsets. Preprocessed feature vectors (dotl) and their corresponding labels
(labelsl) were loaded using Python's pickle module. The data was then split using an 80:20 ratio via
train_test split from Scikit-learn, ensuring random shuffling with a fixed seed (random state = 101) for
reproducibility. Total images: 586; Training samples: 468; Testing samples: 118

C. Convolutional Neural Network (CNN) Model and Performance Evaluation

A Convolutional Neural Network (CNN) was implemented to perform image classification based on the
extracted features. The architecture comprises three convolutional layers interleaved with max-pooling layers
and followed by two fully connected (dense) layers. Dropout was incorporated to mitigate overfitting. The model
configuration is shown in Table 1.
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TABLE 1. CNN MODEL ARCHITECTURE SUMMARY

Layer (Type) Output Shape Parameters
Conv2D (16 filters, 3x3) (None, 50, 50, 16) 208
MaxPooling2D (2x2) (None, 25, 25, 16) 0
Conv2D (32 filters, 3x3) (None, 25, 25, 32) 2,080
MaxPooling2D (2x2) (None, 12, 12, 32) 0
Conv2D (64 filters, 3x3) (None, 12, 12, 64) 8,256
MaxPooling2D (2x2) (None, 6, 6, 64) 0
Dropout (Rate=0.25) (None, 6, 6, 64) 0

Flatten (None, 2304) 0

Dense (500 units, ReLU) (None, 500) 1,152,500
Dropout (Rate=0.5) (None, 500) 0

Dense (5 units, Softmax) (None, 5) 2,505
Total Parameters 1,165,549
Trainable Parameters 1,165,549
Non-trainable Parameters 0

D. Transfer Learning Using ResNet-50

A deep transfer learning approach was employed using the ResNet-50 architecture, pretrained on the ImageNet
dataset. The base ResNet-50 model was used as a fixed feature extractor with all convolutional layers frozen
(non-trainable), and a custom classification head was appended for the task. The input to the model was an

image of size 50x50%3.

The ResNet-50 model outputs a feature map of size 2x2%x2048, which is reduced to a 2048-dimensional vector
using a global average pooling layer. Two fully connected layers were added: the first with 1024 ReLU-activated

Model Training - The CNN model was trained over 2 epochs using a batch size determined by the dataset and
default optimizer settings. The training loss decreased from 0.6926 to 0.6902, indicating convergence over the
short training span. The final loss on the test set was 0.6885.

units, followed by a final softmax-activated dense layer with 5 output classes.

TABLE II. RESNET-50 BASED MODEL ARCHITECTURE

Layer (Type) Output Shape Parameters
InputLayer (None, 50, 50, 3) 0
ResNet50 (Frozen base) (None, 2, 2, 2048) 23,587,712
GlobalAveragePooling2D (None, 2048) 0

Dense (1024 units, ReLU) (None, 1024) 2,098,176
Dense (5 units, Softmax) (None, 5) 5,125
Total Parameters 25,691,013
Trainable Parameters 2,103,301
Non-Trainable Parameters 23,587,712

Model Training and Evaluation

The model was trained using categorical cross-entropy loss over 234 batches and evaluated on a separate test set.
After training, it achieved a training loss of 1.3859 and a test loss of 1.3464. The detailed performance metrics

are presented in Table IV.

Prediction and Class Identification

The final stage in the workflow involved prediction on new input images using the trained model. Each image’s
feature vector was compared to the preprocessed test input (gray1) using mean intensity-based similarity.

A simple matching condition was implemented:
match=(mean(test image)==mean(known feature vector))

If a match was found, the corresponding label was retrieved from the dataset and mapped to the appropriate class

using a pre-defined dictionary of class names:

TABLE III. CLASS LABEL MAPPING

Class Index Class Name Modality Condition

0 Normal T1 Tl Normal

1 Normal T2 T2 Normal

2 Medulloblastoma T1 T1 Medulloblastoma
3 Medulloblastoma T1C+ T1C+ Medulloblastoma
4 Medulloblastoma T2 T2 Medulloblastoma
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In this instance, the model successfully matched the test image with an existing sample and classified it as:
Identified as: Normal T1

This result confirms that the model was able to generalize well and perform inference accurately based on
statistical similarity in feature space.

E. Model Comparison Summary Table

Performance Metrics - Post-training, the model was evaluated using several key classification metrics, computed
on the test dataset. The results are summarized in Table IV.

TABLE IV. CNN VS RESNET-50

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) | Error Rate (%)
CNN 99.31 83.33 90.91 86.96 0.69
ResNet-50 98.75 86.67 92.86 89.66 1.25

Performance Metrics of CNN

Accuracy: Indicates the proportion of correctly classified samples out of the total. A high accuracy of 99.31%
suggests strong overall model performance. Precision: Measures the ability of the classifier to return only
relevant instances. The value of 83.33% reflects some misclassification but still strong precision. Recall
(Sensitivity): The model’s ability to identify all relevant instances. At 90.91%, the CNN is effective at detecting
true positives. Fl-score: The harmonic mean of precision and recall as shown in Fig. 8. A value of 86.96%
balances both false positives and false negatives, making it a robust metric for imbalanced datasets.

Performance Comparison: CNN vs ResNet-50

100 Model
- NN
= ResNet-50

percentage (%)

Figure 8. Performance Comparison: CNN vs ResNet50

Performance Metrics of ResNet-50

The accuracy of 98.75% demonstrates excellent classification capability. The relatively high recall (92.86%)
shows the model's strong sensitivity to correctly detecting true positives across classes. The precision of 86.67%
and F1-score of 89.66% indicate a good balance between false positives and false negatives. The low error rate
of 1.25% confirms the model's generalization ability on unseen data as shown in Fig. 8. This transfer learning
approach outperformed the standalone CNN model, demonstrating the power of deep pretrained networks even
with limited task-specific training data.

VI. CONCLUSION

This study introduced a radiogenomic deep learning model for the noninvasive classification and prognosis
prediction of pediatric medulloblastoma (MB). By combining statistical and texture-based MRI scan radiomic
features with deep learning models like CNN and ResNet-50, the study reported high diagnostic accuracy across
a variety of tumor subtypes. Leverage of grayscale-normalized MRI data and GLCM-based texture descriptors
greatly improved model interpretability and performance. Among the architectures that were tested, CNN
achieved the best classification accuracy of 99.31%, followed by ResNet-50 with its generalization advantage
from being pretrained visual feature layers. This resilient modeling supports the potential of artificial intelligence
in pediatric neuro-oncology for early diagnosis and targeted treatment planning.In conclusion, the research
confirms the possibility of fusing radiomics and machine learning in managing medulloblastoma. It highlights
the increasing importance of multimodal data integration and noninvasive Al-based methods for real-world
clinical use, ultimately aiming to assist oncologists in decision-making.
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