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Abstract

In the field of medicine, Magnetic Resonance Imaging (MRI) scans, also called neuroimages, provide
diverse tissue contrasts across various modalities and are essential for identifying neural-biomarkers
associated with different brain disorders such as tumors. Early detection of brain tumors is critical due
to their high fatality rate, as it enables timely medical intervention to either eliminate the tumor or
extend the patient’s life. However, an important aspect often overlooked in existing literatures is the
optimization of hyperparameters in convolutional neural network (CNN)-based models. This
optimization is particularly challenging due to the low-quality of multi-site neuroimaging datasets,
which often contain electromagnetic noise and artifacts. Addressing this concern is essential to improve
the accuracy and reliability of automated brain tumor detection systems. This study presents an
automated approach for detecting and predicting brain tumor neural-biomarkers in multi-site
neuroimaging datasets sourced from publicly accessible databases. The study proposes an adaptive
contrast enhancement normalization algorithm to improve the biological interpretability of neural-
biomarker features inherent in the used MRI datasets while an optimized parallel 3D CNN model was
designed to classify brain tumor neural-biomarkers in the normalized datasets. The proposed approach
achieved promising results, with an average classification accuracy of 91.7% without data
augmentation and 96.0% with data augmentation. The findings of this study indicate that the proposed
method offers flexibility, robustness, and outperforms the current state-of-the-art deep learning (DL)
methods for brain tumor prediction using MRI scans.

Keywords: Tumor Neural-Biomarkers, Magnetic Resonance Imaging (MRI), Parallel 3D CNN
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INTRODUCTION

Brain tumors encompass abnormal masses of tissue characterized by uncontrolled growth and
multiplication of brain cells. From an anatomical standpoint, brain tumors comprise a varied
group of both benign and malignant tumors originating from the brain parenchyma and its
surrounding structures (De Robles et al., 2015). Due to the limited volume capacity of the

*Author for Correspondence
A. A. Owoade, et al, DUJOPAS 11 (1d): 124-139, 2025 124


mailto:owoadeaa@tasued.edu.ng

An Optimized Method of Brain Tumor Neural-Biomarkers Prediction using Parallel 3D Convolutional Neural
Networks and Contrast-Enhanced Normalized Magnetic Resonance Imaging

human brain within the body, any abnormal cell growth can have significant consequences
on brain functions, depending on the affected region. Furthermore, such growths can also
spread to other organs, leading to further complications (Anantharajan et al.,, 2024;
Chatzitheodoridou, 2022).

According to the World Cancer Report (2023), published by the World Health Organization
(WHO) (Rahman et al., 2021; Siegel et al., 2023), brain tumors account for approximately 2%
of all cancer types in humans and rank as the tenth leading cause of death for both genders.
The report further reveals that brain tumors make up 85% to 90% of all primary central
nervous system (CNS) tumors. Globally, an estimated 308,102 individuals were diagnosed
with primary brain or spinal cord tumors in 2020. Therefore, brain tumors represent a diverse
range of highly lethal cancer types, presenting severe complications and resulting in poor life
expectancy. In severe cases, the life expectancy does not exceed 14 months after diagnosis
(Arabahmadi & Farahbakhsh, 2022; Siegel et al., 2023).

Several methods have been documented in literature for classifying brain tumors (Buckwar et
al., 2023). The broadest categorization involves distinguishing between primary and
secondary tumors, based on the presumed cell of origin. Primary tumors refer to those
originating in the brain, while secondary tumors are initially found in other parts of the body
and subsequently spread (metastasize) to the brain, typically exhibiting malignancy. This
study focuses on primary tumors, specifically gliomas, which account for approximately 30%
of adult brain tumors and pose a significant threat with a dismal prognosis for severe cases.
The World Health Organization (WHO) classifies gliomas into four grades (G1-G4) based on
their degree of malignancy, determined through histopathological criteria and anatomical
neural-biomarkers. Grade 4 glioma represents the most aggressive form of primary brain
tumor. Consequently, early detection and grading of brain tumors play a crucial role in
enhancing treatment protocols and potentially extending patient survival
(Chatzitheodoridou, 2022; Louis et al., 2016; Sharif et al., 2022), as life expectancy largely
hinges on the level of malignancy and histological characteristics (De Robles et al., 2015; Siegel
et al., 2023).

Clinicians employ histopathology analysis as one of the diagnostic methods for brain tumors,
involving the examination of tissue samples by a neuro-pathologist following biopsy surgery
(Chatterjee, 2014). However, this procedure carries substantial risks for patients. A study
involving histopathological analysis of 40 patients who underwent stereotactic brain biopsy
revealed instances of hemorrhage, neurological deficits, and even one fatality (Field et al.,
2001). A more recently adopted non-invasive technique involves analyzing deviations in
neural-biomarkers, which are components of brain cells, using magnetic resonance imaging
(MRI) datasets (Tandel et al., 2020; Usman et al., 2021a, 2021b). Unlike biopsies that require
opening the patient's skull, this technique offers non-invasiveness. Its popularity stems from
its ability to generate images with diverse soft-tissue contrast and high spatial resolution
across multiple sequences (Arabahmadi & Farahbakhsh, 2022). However, due to the
heterogeneous nature of brain tumors, which exhibit varied tissue properties such as water
content and fat, a single sequence is insufficient to fully capture the entirety of a tumor mass,
including its sub-regions. Consequently, radiologists need to examine numerous images from
different MRI sequences, which can be time-consuming. Furthermore, the interpretation of
such images has demonstrated a high degree of subjectivity between inexperienced and
experienced radiologists (Loizou et al., 2013; Nyul et al., 2000; Shah et al., 2011). Therefore,
there is the need for the development of completely automated computer-aided detection
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(CAD) and diagnosis systems to streamline the workflow of clinicians and radiologists,
enabling prompt and precise decision-making.

In general, CAD systems for brain tumor classification typically involve three main steps
(Abdelaziz Ismael et al., 2020; Usman et al., 2021a): segmenting the lesion from the image,
extracting tumor characteristics using statistical or mathematical parameters analysis, and
applying a suitable machine learning (ML) classifier to predict the abnormality class (Qian et
al., 2022). While various ML approaches have been employed for MRI brain tumor
classification using the above framework, a significant limitation persists. The conventional
approach, which entails detecting edges, lines, gradient changes, and intensity-based features,
necessitates manual feature extraction. This process is time-consuming and demands prior
knowledge of the problem at hand. Conversely, deep learning (DL) approaches do not rely on
handcrafted feature extraction. Instead, they have gained increasing popularity in recent years
due to their capacity to automatically learn features from images without prior knowledge,
while achieving superior classification performance compared to traditional ML methods
(Mohammad et al., 2023). Consequently, numerous studies have implemented DL techniques,
particularly convolutional neural networks (CNNs), for brain tumor diagnosis (Gaur et al.,
2022; Mzoughi et al., 2020; Ravinder & Mohammed, 2022; Usman et al., 2021a; Usman &
Muniyandi, 2020). CNNs are well-suited for image classification tasks (Anantharajan et al.,
2024; Chatzitheodoridou, 2022) due to their convolutional operations and possess high
computational efficiency through GPU parallelization.

This study is motivated by the growing need to automate brain tumor detection and diagnosis
without human intervention through the application of deep CNN models and MRI datasets.
Specifically, the research aims to develop an automated approach for predicting brain tumor
neural-biomarkers by designing an optimized parallel 3D CNN architecture. The primary
contribution and novelty of this study lie in the development of an automated framework
tailored for the early detection of brain tumor neural-biomarkers. This is achieved through
the design of an optimized parallel 3D CNN architecture, which enhances the ability to
identify various stages or grades of gliomas at an early stage. Additionally, the study
improves intensity normalization and smoothing techniques for neuroimaging datasets. The
proposed Gaussian smoothing and adaptive contrast enhancement algorithms further
enhance the biological interpretability and homogeneity of brain tumor neural-biomarker
features across multi-site and multi-parameter MRI datasets used.
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Related Works
Table 1 provides the summary of a few selected related works which are critical to the present
study.
Table 1 Summary of Related-Works.
Authors Method Used Findings Limitations
(year)

Helen and The authors introduced a The results exhibited 94% The study does not

Kamaraj feature-based automated sensitivity and specificity, 95% | consider the use of

(2015) approach with a pre-processing | accuracy with an error rate of | multisite MRI dataset

step for the classification of
brain MRI images. In
conjunction with Random
Forests (RFs), block-based
feature extraction was
recommended for the binary
differentiation of MRI images
into benign and malignant
categories, using the BraTS 2015
dataset.

1%, and a 3% occurrence of
spurious tumor classification.

which characterized
brain-tumor
classification, hence,
leading to low
reliability

Soltaninejad et
al., (2018)

The authors utilized
segmentation and classification
of brain tumor neural-
biomarkers by employing
multiple classifiers within the

The Random Forest (RF)
classifier outperformed other
classifiers for the chosen
neural-biomarker features,
yielding an average accuracy

The models’
parameters and
hyperparameters were
not optimized
resulting in low

WEKA framework. of 80.86%. accuracies. Also, there
is high-rates of false
alarms.

Diaz-Pernas et | The authors used a CNN The results yield a The problem of
al. (2021) approach was employed classification accuracy of 97%. | hyperparameters
alongside the Brats 2013 optimization and data
benchmark dataset to classify augmentation were
brain tumor neural-biomarkers. not put into
consideration
Ayadi et al,, The author applied the CNN- Following data augmentation | High false alarms
(2021) based methods across three using Deep CNN, notable rates.
distinct datasets using image accuracies of 95%, 95%, and
data augmentation algorithm. 98% were achieved for
meningioma, glioma, and
pituitary tumor classification
respectively
Gumaei et al,, | The authors developed a hybrid | The algorithm leverage on a Reduced reliability

(2019) feature extraction algorithm for
normalizing brain tumor MRI

datasets.

regularized extreme learning
machine (RELM) paradigm in
it approach.

and efficiency

MATERIALS AND METHODS

Figure 1 illustrates the conceptual framework and overall system architecture for an efficient
and accurate approach to developing an automated method for predicting brain tumor
neural-biomarkers using the proposed optimized parallel 3D CNN architecture. The figure
highlights three key issues addressed in this study, represented by the labeled rectangles.
First, clinical experts specializing in brain tumors analysis such as neuropathologists, cancer
therapists, and radiographers employ event-driven resting-state structural MRI (sMRI)
techniques to collect neuroimaging datasets relevant to Grade I, II, III, and IV brain tumor
neural-biomarkers. Second, data preprocessing is performed to enhance the comparability
and uniformity of neural-biomarker features within the collected dataset. This is achieved
through the application of smoothing and intensity normalization techniques which
hybridizes a Gaussian isotropic kernel and the proposed adaptive contrast enhancement
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algorithms. Lastly, data augmentation algorithms and hyperparameter optimization are
applied to improve the accuracy of the proposed parallel 3D CNN model for classifying brain
tumors.
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Figure 1. Detailed system architecture and workflow: Conceptual framework.

Figure 2 depicts the flowchart summarizing the proposed methodology for this study. This
flowchart shows the relationship between the research activities and the research objectives
of the study.
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Figure 2. Flowchart of the proposed research methodology.

MRI Datasets Acquisition and Collection Methods

The neuroimaging (MRI) datasets utilized in this study were obtained from secondary
sources, specifically from two publicly available databases: Kaggle and the OpenNeuro
repository. These datasets were acquired using scanners with varying field strengths and
acquisition parameters, encompassing diverse imaging protocols. The datasets include T1-
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weighted and T2-weighted (T1-w & T2-w) spoiled gradient recalled echo (SPGR) images. A
total of 91 brain MRI scans were sourced from the OpenNeuro repository, encompassing data
from 91 individuals aged between 43.7 and 75.5 years (mean age = 57.4+3.15), with a
demographic composition of 52 males and 39 females. This study utilized 103 T1-weighted
neuroimages of adult populations obtained from the Kaggle database, accessible at
(https:/ /www .kaggle.com/datasets/ mateuszbuda/lgg-mri-segmentation). The dataset
comprised 34 individuals diagnosed with brain tumors (mean age = 51.7 + 2.66 years) and 69
control subjects (mean age = 61.5 * 2.51 years), with an age range of 49-72 years. The overall
mean age of all participants was 55.9 + 2.87 years. The datasets were converted to the Brain
Imaging Data Structure (BIDS) version 1.3.0 specifications during preprocessing phase
(Gorgolewski et al., 2016; Lytle et al., 2020).

Two distinct types of MRI scans were employed in this study: structural MRI (sMRI) and
event-driven functional MRI (fMRI), each adhering to specific acquisition protocols in the two
databases. The sMRI scans utilized T1-w spoiled gradient recalled echo (SPGR) imaging,
while the fMRI scans employed T2-w susceptibility single-shot echo planar imaging (EPI) to
capture blood-oxygen-level-dependent (BOLD) signals (Zhang et al, 2001). Detailed
acquisition parameters for both scan types are provided in Table 2. Table 3 summarizes the
distributions and types of secondary MRI datasets as collected from the open databases.
Certain images were dropped from the study due to their extreme low quality below.

Table 2. Summary of acquisition parameters for OpenNeuro dataset.

Parameters T1-w images T2-w BOLD
OpenNeuro Repository
Number of slices (NoS) 124 24 24
Voxel size 1 mm 3.75%3.75%x5 mm 3.75%3.75%x5 mm
Field of view (FOV) 240 mm 240 mm 240 mm
Repetition time (TR) 33.333 ms 2000 ms 2000 ms
Echo time (TE) 8 ms 25 ms 25 ms
Flip angle (FA) 300 900 90e
Slice thickness (ST) 1.2 mm 5 mm 5mm
Acquisition matrix 256%256 64x64 64x64
Bandwidth 114.922 Hz/Px 7812.5 Hz /Px 7812.5 Hz /Px
Kaggle Database

Number of slices (NoS) 145 64 -
Voxel size 1x1x1 mm 1x1x1 mm -
Field of view (FOV) 256 mm 256 mm -
Repetition time (TR) 2300 ms 1900 ms -
Echo time (TE) 2.52 ms 3.92 ms -
Flip angle (FA) 9o 150 -
Acquisition matrix 256x256%176 256x256x170 -
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Table 3. Distribution of neuroimaging datasets from publicly accessible databases.

Database Total Total Brain Tumor Normal Brain MRI type
Collected Used Category Category
OpenNeuro 91 70 22 48 T1-w SPGR sMRI, T2-w
Repository BOLD task-based fMRI
Kaggle 103 73 34 39 T1-w and T2-w resting-
Database state fMRI, DTI
Sub-Total 194 143 56 87

Neuroimaging Data Preprocessing, Normalization and Segmentation: Proposed Adaptive
Contrast Enhancement Algorithms

The ITK-SNAP software package was employed to access all neuroimaging datasets obtained
from the sources. These datasets were stored in Metalmage file formats with a “.raw”
extension and subsequently imported into the Python platform for processing, where they
were converted to JPEG files (Lu et al., 2017). To enhance image quality, a Gaussian isotropic
kernel with a size of 4 mm (Gaussian filter) was applied to smooth the images. Following the
denoising process, the peak signal-to-noise ratio (PSNR) between the reference (high-quality)
image and the smoothed image was measured at 19.33, reflecting a 7.27% improvement

compared to the PSNR value prior to smoothing.

This study proposes an Adaptive Contrast Enhancement Algorithm for implementing the
intensity normalization of all the neuroimaging datasets used in this study. The proposed
intensity normalization algorithm was designed to address the issue of low-quality MRI
images by effectively removing noise and enhancing the visibility of trainable features within
the images. Additionally, the proposed algorithm was employed as a preprocessing technique
to improve image contrast and emphasize abnormal patterns in brain tumor-associated
neuroimages. As part of the histogram equalization and normalization family, the adaptive
contrast enhancement algorithm, not only delivers a more realistic visual representation but
also reduces noise amplification.

Brain Tumor Region of Interest (ROI) Segmentation

Image segmentation is a fundamental process widely utilized in fields such as image analysis,
computer vision, and video processing. It is instrumental in partitioning images into distinct
regions that correspond to specific real-world objects, e.g., brain tumor neural-biomarkers.
This technique holds particular importance in medical image processing (Denny et al., 2020;
Senthilkumaran & Vaithegi, 2016). In this study, the image segmentation phase focuses on
isolating tumors within the MRI dataset. The proposed approach employs the spatial-FCM (s-
FCM) method to segment brain tumor neural biomarkers from all preprocessed neuroimages
(Dandil et al., 2015). Feature analysis using FCM is an unsupervised technique commonly
applied in image processing domains such as clustering, medical imaging, and target
recognition (Anantharajan et al., 2024; Dandil et al., 2015). Unlike the traditional FCM method,
s-FCM incorporates spatial information of the membership functions. The spatial function is
defined as the aggregate of membership functions for each neighboring pixel, thereby
enhancing the sensitivity of the FCM clustering method. Figure 3 shows the samples of
segmented neuroimages for brain tumor neural-biomarkers which constitute the ROI of the
study using the s-FCM technique as applied in this study.
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Proposed Parallel 3D CNN Architecture and Model Representation: Simulation and
Training

The increasing interest in artificial intelligence for learning data representations, fueled by
advancements in computing infrastructure, has led to innovative approaches in statistical
modeling for neuroimaging datasets. Notably, 3D CNNs hold significant promise in
distinguishing brain activation patterns between individuals with brain tumor neural-
biomarkers and those without. This capability facilitates the early detection of central nervous
system (CNS) disorders through the analysis of both sMRI and fMRI scans of brain cancer
patients. While 2D CNNs have achieved considerable success in processing 2D images,
extending their application to 3D CNNs for whole-brain 3D images allows for the extraction
of localized 3D patterns, potentially improving classification accuracy and performance.
Functionally, 3D CNNs operate similarly to 2D CNNs, but their convolution kernels are
extended into three dimensions. The architecture of a 3D CNN comprises sequentially stacked
layers of 3D convolutions and 3D max-pooling, followed by a flattening layer, fully connected
dense layers, and a final output prediction layer. Figure 4(a)-(b) provides a visual
representation of the proposed parallel 3D CNN model and its Python programming
representation.

The proposed Parallel 3D CNN model was implemented using the Keras and TensorFlow
libraries within the Python programming environment. The model was serialized into a file
format compatible with the Keras HDF5 version. Although training the proposed model
typically requires a large dataset, the sample size used in this study was relatively small
compared to extensive datasets like ImageNet, which contains millions of images. To mitigate
this limitation, an image patching method was employed to reduce input dimensionality, and
transfer learning was utilized to obtain a pre-trained Parallel 3D CNN model, which was
subsequently fine-tuned with hyperparameter optimization on the patched neuroimages. The
proposed Parallel 3D CNN model for classifying brain tumor neural-biomarkers was assessed
using conventional deep learning performance metrics. These metrics, which include
accuracy, sensitivity, specificity, and F-score. To effectively address complex tasks using the
deep CNN approach, a substantial quantity of neuroimaging datasets is required to train the
proposed parallel 3D CNN classifier. Data augmentation aims to increase the volume of
training data and enable deep models to mitigate the issue of overfitting (Shorten &
Khoshgoftaar, 2019). This study develops of a novel image data augmentation algorithm to
generate multiple artificial images from the existing training neuroimaging dataset.
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Specifically, the study adopted the use of the horizontal and vertical flipping image data
augmentation method.
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RESULTS AND DISCUSSION

Table 4 summarizes the simulation results derived from the proposed Parallel 3D CNN
models. The findings reveal that the model achieved an accuracy range of 51.3% to 99.5%,
with an average accuracy of 82.2%. Validation accuracy ranged from 57.1% to 85.7%, with an
average of 73.2% for predicting brain tumor neural biomarkers. Overall, the model achieved
an accuracy of 85.0%, sensitivity of 78.0%, specificity of 81.0%, and an F1-score of 78.0%. The
best performance was recorded at epoch 20, while the lowest occurred at epoch 7.
Consequently, the model exhibited 91.7% efficiency when applied to the neuroimaging
dataset partitioned into 75% for training, 15% for validation, and 15% for testing. Figure 5
provides a visual summary of the model’s performance for this partition, indicating an area
under the curve (AUC) of 0.85.

Table 4. Summary of Parallel 3D CNN model simulation results.

Simulation Run: Accuracy (%) Accuracy Loss (%) Validation Validation Loss
Epoch Accuracy (%) (%)
1 57.00 93.64 61.90 69.10
2 58.67 69.44 61.90 68.88
3 61.92 68.91 61.90 68.42
4 63.77 67.36 61.90 66.49
5 59.10 66.92 57.14 65.80
6 65.48 64.64 61.90 64.83
7 51.29 70.26 61.90 63.25
8 72.19 55.54 76.19 69.11
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DISCUSSION OF FINDINGS
The evaluation results of the brain tumor detection model demonstrate its effectiveness in
accurately classifying brain tumor neural-biomarker features from MRI scans (neuroimaging
datasets). The parallel 3D CNN model's capability to differentiate between tumor and non-
tumor cases is evidenced by the high accuracy and precision-recall values obtained across five
distinct simulation runs, or partitions, with the maximum classification accuracy of 99.5%.
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Notably, the best-performing configuration, which employed a 70%-15%-15% training-
validation-testing data partition, achieved an impressive average test accuracy of 91.7%
without data augmentation as shown in Table 4. This average was improved to 96.0% after
data augmentation and hyperparameters optimization. These findings highlight the model’s
potential as a reliable tool for early brain tumor detection, offering valuable support for
clinical diagnosis.

The model's efficacy is further validated by the ROC curves and AUC values presented in
Figures 5. The ROC analysis demonstrates that the model consistently achieves a high true
positive rate (sensitivity) while minimizing false positives, underscoring its accuracy and
reliability in predictions. The AUC scores, approaching 0.87, provide compelling evidence of
the model’s robustness and its ability to effectively distinguish between brain tumor cases and
normal cases. These results further highlight the model’s potential to enhance the early
detection of brain tumor neural-biomarkers, serving as a dependable tool to support clinicians
in diagnosis.

The model exhibited stability across various dataset partition ratios, maintaining consistent
performance despite variations in the proportions of training, validation, and test data. This
is a critical attribute for models intended for deployment in real-world clinical settings, where
data availability and quality may fluctuate. The model's ability to generalize effectively across
different data splits underscores its robustness and enhances its suitability for application in
diverse environments, reinforcing its potential for use in hospitals and research institutions
(Anantharajan et al., 2024; ZainFEldin et al., 2023).

Additionally, the confusion matrices generated during the simulations offered valuable
insights into potential areas for improvement. While the model demonstrated strong
performance in detecting brain tumor neural-biomarker cases and various grades of glioma,
a few misclassifications were observed, particularly with smaller, less distinct tumors.
However, these errors were infrequent, and further optimization of the model
hyperparameters through fine-tuning and the inclusion of more diverse data could help
mitigate these issues (Nahi et al., 2024; Usman et al., 2021a, 2023). As the model continues to
be refined, its performance is anticipated to improve, particularly with the integration of more
advanced deep learning techniques, such as attention mechanisms, or enhanced
preprocessing methods.

On the final note, the results from this evaluation demonstrate that the brain tumor neural-
biomarkers detection parallel 3D CNN model is not only accurate but also reliable and robust,
positioning it as a promising tool for early detection and diagnosis. The high accuracy, strong
AUC scores, and consistent performance across different datasets partition ratios underscore
the model's potential as a valuable asset in clinical settings. As research and further model
development progress, it is expected that the model’s performance will continue to improve,
enhancing its applicability in real-world scenarios. The proposed parallel 3D CNN model's
performance was evaluated in comparison to similar models presented in recent studies
published between 2020 and 2024, which also utilized various deep CNN architectures and
MRI scans for the detection and classification of brain tumor neural biomarkers. As shown in
Table 5 and Figure 6, the proposed model demonstrated superior performance.
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Table 5. Performance comparison against recent baselines.

Authors (year) Deep CNN Models Accuracy (%)
Anantharajan et al. (2024) Ensemble Deep Neural Support 97.9
Vector Machine (EDN-SVM)
Mzoughi et al. (2020) Deep Multi-scale 3D CNN 96.5
Diaz-Pernas et al. (2021) Multi-scale CNN 97.3
Chatzitheodoridou et al. (2022) VGG-19 and ResNet50 77.9
Kaur et al. (2023) Efficient Skip Connections-based 99.3
Residue Network (ESRNet)
Proposed Parallel 3D CNN model 99.5
Accuracy (%)
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Figure 6. Performance comparison with baselines.

CONCLUSION AND FUTURE WORKS

This research aims to develop an innovative automated method leveraging a deep CNN for
classifying neural-biomarker features associated with brain tumors in brain MRI datasets
(neuroimages). A comprehensive preprocessing pipeline was designed for neuroimaging
datasets, incorporating intensity normalization and Gaussian isotropic kernel-based
techniques, implemented through an adaptive contrast enhancement algorithm. Prior to this,
a segmentation phase was conducted to extract critical ROIs essential for accurate
classification. These ROIs include white matter (WM), grey matter (GM), and cerebrospinal
fluid (CSF) tissues in the affected brain regions. Additionally, data augmentation and
hyperparameter optimization techniques were employed to expand the training dataset,
reducing the risk of overfitting and enhancing model robustness.

The key contribution of this study lies in the development of an automated framework for the
early detection of brain tumor neural biomarkers. This was achieved by designing an
optimized parallel 3D CNN architecture, which significantly improves the potential for early
identification of various stages or grades of gliomas. Furthermore, the research involved fine-
tuning the hyperparameters of the proposed deep parallel 3D CNN model to effectively
capture the intrinsic structural features essential for accurate classification of brain regions.
Compared to existing methods, the deep CNN approach demonstrates a superior ability to
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extract hierarchical and abstract features from image datasets, achieving an impressive
classification accuracy of 99.5%.

REFERENCES

Abdelaziz Ismael, S. A., Mohammed, A., & Hefny, H. (2020). An enhanced deep learning
approach for brain cancer MRI images classification using residual networks. Artificial
Intelligence in Medicine, 102, 101779. https:/ /doi.org/10.1016/j.artmed.2019.101779

Anantharajan, S., Gunasekaran, S., Subramanian, T., & Venkatesh, R. (2024). MRI brain tumor
detection using deep learning & machine learning. Measurement: Sensors, 31, 1-11.
https://doi.org/10.1016/j.measen.2024.101026

Arabahmadi, M., & Farahbakhsh, R. (2022). Deep Learning for Smart Healthcare: A Survey on
Brain Tumor. Sensors, 22, 1-27.

Buckwar, E., Conte, M., & Meddah, A. (2023). A stochastic hierarchical model for low grade
glioma  evolution.  Journal = of  Mathematical  Biology,  86(6),  1-31.
https:/ /doi.org/10.1007/s00285-023-01909-5

Chatterjee, S. (2014). Artefacts in histopathology. Journal of Oral and Maxillofacial Pathology,
18(5), 111-116. https:/ /doi.org/10.4103/0973-029X.141346

Chatzitheodoridou, E. (2022). Brain Tumor Grade Classification in MR images using Deep Learning
[Linkoping University]. https:/ /www.diva-
portal.org/smash/record.jsf?pid=diva2:1674243%0Ahttps:/ / www.diva-
portal.org/smash/get/diva2:1674243 /FULLTEXTO1.pdf

Dandil, E., Cakiroglu, M., & Eksi, Z. (2015). Computer-Aided Diagnosis of Malign and Benign
Brain Tumors on MR Images. Advances in Intelligent Systems and Computing, 311, 157-
166. https://doi.org/10.1007 /978-3-319-09879-1

De Robles, P., Fiest, K. M., Frolkis, A. D., Pringsheim, T., Atta, C., St. Germaine-Smith, C., Day,
L., Lam, D., & Jette, N. (2015). The worldwide incidence and prevalence of primary
brain tumors: A systematic review and meta-analysis. Neuro-Oncology, 17(6), 776-783.
https://doi.org/10.1093 /neuonc/nou283

Denny, J., Alj, S., & Sobha, T. (2020). Efficient Segmentation Method for ROI Detection in
Mammography Images Using Morphological Operations. Internationl Advance Journal
of Engineering Research, 3(6), 1-8.

Field, M., Witham, T. F., Flickinger, J. C., Kondziolka, D., & Lunsford, D. (2001).
Comprehensive assessment of hemorrhage risks and outcomes after stereotactic brain
biopsy. Journal of Nueosurgery, 94, 545-551.

Gaur, L., Bhandari, M., Razdan, T., Mallik, S., & Zhao, Z. (2022). Explanation-Driven Deep
Learning Model for Prediction of Brain Tumour Status Using MRI Image Data.
Frontiers in Genetics, 13(March), 1-9. https:/ /doi.org/10.3389/fgene.2022.822666

Gorgolewski, K. J., Auer, T., Calhoun, V. D., Creddock, R. C,, Das, S., Duff, E. P., Flandin, G.,
Ghosh, S. S., Glatard, T., Halchenko, Y., Handwerker, D. A., Hanke, M., Keator, D., Li,
X., Michael, Z., Maumet, C., Nichols, B. N., Nichols, T. E., Pellmn, J., ... Poldrack, R. A.
(2016). The brain imaging data structure, a format for organizing and describing
outputs of neuroimaging experimts. Scientific Data, 3(160044), 208-208.
https:/ /doi.org/10.1007/978-1-4020-6754-9_1720

Loizou, C. P., Pantziaris, M., Pattichis, C. S., & Seimenis, 1. (2013). Brain MR image
normalization in texture analysis of multiple sclerosis. Journal of Biomedical Graphics
and Computing, 3(1). https://doi.org/10.5430/jbgc.v3n1p20

Louis, D. N, Perry, A., Reifenberger, G., von Deimling, A., Figarella-Branger, D., Cavenee, W.
K., Ohgaki, H., Wiestler, O. D., Kleihues, P., & Ellison, D. W. (2016). The 2016 World
Health Organization Classification of Tumors of the Central Nervous System: a

A. A. Owoade, et al, DUJOPAS 11 (1d): 124-139, 2025 137



An Optimized Method of Brain Tumor Neural-Biomarkers Prediction using Parallel 3D Convolutional Neural
Networks and Contrast-Enhanced Normalized Magnetic Resonance Imaging

summary. Acta Neuropathologica, 131(6), 803-820. https://doi.org/10.1007/s00401-
016-1545-1

Lu, L., Zheng, Y., Carneiro, G., & Yang, L. (2017). Advances in Computer Vision and Pattern
Recognition Deep Learning and Convolutional Neural Networks for Medical Image
Computing. https:/ /doi.org/10.1007 /978-3-319-42999-1

Lytle, M. N., Bitan, T., & Booth, J. R. (2020). A neuroimaging dataset on orthographic,
phonological and semantic word processing in school-aged children. Data in Brief,
28(105091), 1-8. https:/ /doi.org/10.1016/j.dib.2019.105091

Mohammad, F., Al Ahmadi, S., & Al Muhtadi, J. (2023). Blockchain-Based Deep CNN for Brain
Tumor  Prediction @ Using ~ MRI  Scans.  Diagnostics,  13(7),  1229.
https:/ /doi.org/10.3390/ diagnostics13071229

Mzoughi, H., Njeh, I., Wali, A., Slima, M. Ben, BenHamida, A., Mhiri, C., & Mahfoudhe, K.
Ben. (2020). Deep Multi-Scale 3D Convolutional Neural Network (CNN) for MRI
Gliomas Brain Tumor Classification. Journal of Digital Imaging, 33(4), 903-915.
https:/ /doi.org/10.1007/s10278-020-00347-9

Nahi, M. S, Fattah, A. 1., Mutashar, H. J., & Usman, O. L. (2024). Design of Deep Learning
Techniques for Side-Channel Attacks on Masked 128-bit AES Implementations.
Alkadhim Journal for Computer Science, 2(1), 86-96.
https:/ /doi.org/10.53523 /ijoirVolxIxIDxx

Nyul, L. G., Udupa, J. K., & Zhang, X. (2000). New Variants of a Method of MRI Scale
Standardization. IEEE Transaction on Medical Imaging, 19(2), 143-150.

Qian, Z., Xie, L., & Xu, Y. (2022). 3D Automatic Segmentation of Brain Tumor Based on Deep
Neural Network and Multimodal MRI Images. Emergency Medicine International, 2022,
1-9. https://doi.org/10.1155/2022 /5356069

Rahman, M. A., Muniyandi, R. chandren, Albashish, D., Rahman, M. M., & Usman, O. L.
(2021). Artificial neural network with Taguchi method for robust classification model
to improve classification accuracy of breast cancer. Peer] Computer Science, 7, 2-27.
https://doi.org/10.7717 /PEER]-CS.344

Ravinder, N., & Mohammed, M. (2022). Effective Multitier Network Model for MRI Brain
Disease Prediction using Learning Approaches. International Journal of Advanced
Computer Science and Applications, 13(9), 223-230.
https:/ /doi.org/10.14569/1JACSA.2022.0130926

Senthilkumaran, N., & Vaithegi, S. (2016). Image Segmentation By Using Thresholding
Techniques For Medical Images. Computer Science & Engineering: An International
Journal, 6(1), 1-13. https:/ /doi.org/10.5121/ cseij.2016.6101

Shah, M., Xiao, Y., Subbanna, N., Francis, S., Arnold, D. L., Collins, D. L., & Arbel, T. (2011).
Evaluating intensity normalization on MRIs of human brain with multiple sclerosis.
Medical Image Analysis, 15(2), 267-282. https:/ /doi.org/10.1016/j.media.2010.12.003

Sharif, M. I, Khan, M. A., Alhussein, M., Aurangzeb, K., & Raza, M. (2022). A decision support
system for multimodal brain tumor classification using deep learning. Complex and
Intelligent Systems, 8(4), 3007-3020. https:/ /doi.org/10.1007 /s40747-021-00321-0

Shorten, C., & Khoshgoftaar, T. M. (2019). A survey on Image Data Augmentation for Deep
Learning. Journal of Big Data, 6(1), 1-48. https:/ / doi.org/10.1186/s40537-019-0197-0

Siegel, R. L., Miller, K. D., Wagle, N. S., & Jemal, A. (2023). Cancer statistics, 2023. CA: A Cancer
Journal for Clinicians, 73(1), 17-48. https:/ /doi.org/10.3322/caac.21763

Tandel, G. S., Balestrieri, A., Jujaray, T., Khanna, N. N., Saba, L., & Suri, J. S. (2020). Multiclass
magnetic resonance imaging brain tumor classification using artificial intelligence
paradigm.  Computers in  Biology —and  Medicine, 122(May),  103804.
https://doi.org/10.1016/j.compbiomed.2020.103804

Usman, O. L., & Muniyandi, R. C. (2020). CryptoDL : Predicting Dyslexia Biomarkers from

A. A. Owoade, et al, DUJOPAS 11 (1d): 124-139, 2025 138



An Optimized Method of Brain Tumor Neural-Biomarkers Prediction using Parallel 3D Convolutional Neural
Networks and Contrast-Enhanced Normalized Magnetic Resonance Imaging

Encrypted Neuroimaging Dataset Using Energy-E ffi cient Residue Number System
and Deep Convolutional Neural Network.  Symmetry, 12(5), 1-24.
https://doi.org/10.3390/sym12050836

Usman, O. L., Muniyandi, R. C., Omar, K., & Mohamad, M. (2021a). Advance Machine
Learning Methods for Dyslexia Biomarker Detection: A Review of Implementation
Details and Challenges. IEEE Access, 9, 36879-36897.
https:/ /doi.org/10.1109/ ACCESS.2021.3062709

Usman, O. L., Muniyandi, R. C., Omar, K., & Mohamad, M. (2021b). Gaussian smoothing and
modified histogram normalization methods to improve neural-biomarker
interpretations for dyslexia classification mechanism. PLoS ONE, 16(2), 1-27.
https:/ /doi.org/10.1371/journal.pone.0245579

Usman, O. L., Muniyandji, R. C., & Usman, M. A. (2023). Efficient Neuroimaging Data Security
and Encryption Using Pixel - Based Homomorphic Residue Number System. SN
Computer Science, 4(834), 1-10. https:/ /doi.org/10.1007 /s42979-023-02297-9

ZainEldin, H., Gamel, S. A, M, E.-K. E.-S., Alharbi, A. H., Khafaga, D.S., Ibrahim, A., & Talaat,
F. M. (2023). Brain Tumor Detection and Classification Using Deep Learning and Sine-
Cosine Fitness Grey Wolf Optimization. Bioengineering MDPI, 10(18), 1-19.

Zhang, Y., Brady, M., & Smith, S. (2001). Segmentation of brain MR images through a hidden
Markov random field model and the expectation-maximization algorithm. IEEE
Transactions on Medical Imaging, 20(1), 45-57. https:/ /doi.org/10.1109/42.906424

A. A. Owoade, et al, DUJOPAS 11 (1d): 124-139, 2025 139



