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ARTICLE INFO ABSTRACT

Received: 06 Feb 2025 Brain tumors are complex and diverse, making early and precise detection essential for effective

treatment. Radiologists and neurologists formerly analyzed MRI data manually, a time-

consuming process that occasionally resulted in errors. Deep learning and Convolutional Neural

Accepted: 12 May 2025 Networks (CNNs) are two forms of artificial intelligence (AI) that have significantly enhanced
the accuracy, speed, and reliability of brain tumor diagnosis. AI-driven techniques can categorize
brain tumors into classifications such as pituitary tumors, gliomas, meningiomas, and healthy
tissue utilizing MRI data annotated by specialists. This approach is more expedient and precise
than conventional procedures. This advancement has the capacity to significantly enhance
therapy results in neuro-oncology.
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1. INTRODUCTION

Brain tumors are one of the most aggressive and varied types of cancer. Gliomas, meningiomas, and pituitary tumors
make up more than 90% of initial cases [1]. Early and correct categorization is very important. Meningiomas (which
are usually not cancerous) need different therapy than glioblastomas (which are very cancerous). A three-month
delay in diagnosis can lower five-year survival rates by 40% [2]. MRI is still the best way to find things, but
radiologists have trouble with inter-observer variability (k=0.60—0.75) [3] and the fact that it takes a long time to
analyze (15—30 minutes each scan) [4].

Convolutional Neural Networks (CNNs) have become a game-changing answer, yet there are three major problems
with the present methods:

" Accuracy and Complexity Trade-off: Hybrid models, like CNN+SVM [5], get 99% accuracy but need human
feature engineering (like GLCM textures), which makes them less scalable.

] Dataset Constraints: Most research (such [6—8]) only train on 3,500 photos or fewer, which could lead to
overfitting to small groups of people.

. Clinical Integration: Not many solutions deal with problems that come up in the real world, including DICOM
compatibility or integrating radiologist workflows [9].

This study shows a pure 20-layer CNN that fills in these gaps by:

" Getting 98.3% accuracy (98.5% sensitivity for gliomas) on 20,000 MRI scans, which is the largest
standardized dataset in published research.

" Removing hybrid complexity with better batch normalization and dropout layers (Figure 1).

. Using a Django interface that is easy for clinicians to use, it cuts down on the time it takes to make a diagnosis

to less than two minutes per case.

Our work shows that architectural simplicity doesn't have to mean less accurate diagnoses, which bridges the gap
between computational research and clinical practice.
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2. EFFICIENCY OF AI IN BRAIN TUMOR IDENTIFICATION

Exceptional Precision: Advanced CNN-based models, such as DenseNet121 and InceptionV3, have achieved
accuracy rates of over 97% in classifying brain cancers (glioma, meningioma, pituitary, and healthy) from MRI scans.
This is better than traditional methods and other AI models1359.

Efficiency: Al systems can quickly process large amounts of imaging data, which makes radiologists' jobs easier and
reduces the chance of human error.

Explainability: Using explainable AT methods like Grad-CAM++ makes decisions more open, which helps doctors
understand and trust Al-generated diagnoses more.

Tabel 1: Effectiveness of Deep Learning Models for Brain Tumor Diagnosis

Model/ Technique Accuracy Tumor Types Notable Features
(%) Classified

DenseNet121 (CNN) 98.4—99.3 Glioma, Meningioma, Explainable AI (Grad-CAM++)
Pituitary, Healthy

InceptionV3 (CNN) 97.1 Glioma, Meningioma, Data augmentation, cross-
Pituitary, Healthy validation
Hybrid AI 95.4 Tumor/No Tumor Combines multiple ML
Algorithms techniques
3. AI IN MEDICAL DIAGNOSTICS: FOUNDATIONS AND INNOVATIONS

This section critically examines the evolution of AT applications across medical domains, focusing on methodological
advances, comparative performance, and clinical translation challenges relevant to our brain tumor classification
system.

a) Cross-Domain Applications of Medical AT
Recent years have witnessed significant expansion of Al techniques across diverse medical specialties:

Oncology & Precision Medicine

Dlamini (2020) established foundational work in AI-driven cancer analysis, demonstrating superior efficiency in
processing large-scale genomic and imaging datasets compared to manual methods. However, their systematic
review identified persistent challenges in data standardization and model interpretability that remain unresolved in
current systems.

Metabolic Disorders

Oikonomou (2023) advanced diabetes care through risk-prediction models, achieving personalized treatment
recommendations with 89% clinical concordance. Their work highlighted critical needs for regulatory frameworks
governing medical Al - a concern equally applicable to neuro-oncology applications.

Cardiovascular Diagnostics

Shaik (2023) and Janani (2023) demonstrated the viability of ensemble methods (Random Forest, GBDT) for CVD
prediction, with accuracy reaching 96% in multi-center trials. These studies proved the value of hybrid feature
selection but revealed scalability limitations when applied to 3D medical imaging data.

Table 2: Cross-Domain Performance Benchmarks

Study Medical Focus Methodology Accuracy Key Limitation
Dlamini (2020) Pan-cancer Multimodal AT N/A Data heterogeneity
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Oikonomou (2023) Diabetes Predictive modeling 89% Regulatory gaps
Shaik (2023) Cardiovascular GBDT 96% 2D data limitation

b) Machine Learning in Neuropathology
The application of Al to brain disorders presents unique challenges and opportunities:

Neurodegenerative Diseases

Burgos & Colliot (2020) systematically evaluated ML applications in Alzheimer's detection, identifying a critical
"translational gap" where models showing 92-97% lab accuracy demonstrated <75% performance in clinical
deployment due to scanner variability and population diversity.

Brain Tumor Classification

Sunanda Das (2019) established baseline CNN performance (93.33%) for tumor classification, while Gunasekaran
(2023) later achieved 99% accuracy through specialized NTANN architectures. However, both studies were limited
by small datasets (<3,500 images) and lacked real-world validation.

Key Advances:

] SVM-based systems (Asri 2016) demonstrated robustness for binary classification (97.13%)

. Multi-omics integration (Chaudhary 2018) enabled prognostic predictions beyond diagnosis

" Hybrid architectures (Ghazal 2020) improved genetic disorder prediction but increased complexity
c) Methodological Lessons _for Tumor Classification

Analysis of prior work reveals three critical insights for our system's development:

1. Data Requirements

. Minimum 15,000 images needed for generalizability (vs. 3,000 in 80% of studies)

] Multi-institutional sourcing reduces scanner bias (absent in 92% of neuro-Al studies)

2, Architectural Trade-offs

. Pure CNNs (Das 2019) sacrifice 2-3% accuracy vs. hybrids but offer 5-8x faster inference
" Transfer learning improves small-data performance but limits novel feature discovery

3. Clinical Implementation

" Only 12% of systems (Delen 2005) address DICOM/PACS integration

" Model interpretability remains the primary barrier to clinician adoption

These findings directly informed our design choices: a pure CNN architecture trained on 20,000 images with built-
in DICOM compatibility and Grad-CAM++ explainability features.

Methodology Description:
3.1 Model Architecture

Building upon foundational work in CNN-based medical image analysis [11], we developed a customized 20-layer
neural network optimized for brain tumor classification. The architecture employs a sequential design with four
convolutional blocks, each followed by regularization and downsampling operations, culminating in a multi-layer
perceptron (MLP) classifier.

Architectural Details:

1. Convolutional Blocks (4 blocks):

= 2D Convolution (Conv2D) with 3x3 kernels and ReLU activation
» Batch Normalization for gradient stabilization

» Max Pooling (2x2) for dimensionality reduction

» Dropout (p=0.25) for regularization

2. Classification Head:
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» Flatten layer to vectorize spatial features
» Three dense layers (256, 128, 64 units) with ReLU activation
» Final dense layer (4 units) with SoftMax activation for multi-class prediction
Figure 1 illustrates the complete data flow through the network architecture.
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3.2 Key Components and Rationale
Each architectural element was selected based on empirical validation and theoretical considerations:
1. Convolutional Layers

Employ four stacked Conv2D layers with increasing filter depth (32—64—128—256) to hierarchically extract tumor
features - from low-level edges to high-level morphological patterns.

2. Batch Normalization

Added after each convolution to address internal covariate shift, enabling faster convergence (30% reduction in
training epochs) and improved gradient flow.

3. Dropout Regularization

Strategic placement after pooling layers (p=0.25) and dense layers (p=0.5) reduces overfitting, as evidenced by <1%
accuracy gap between training and validation sets.

4. Activation Functions

ReLU non-linearity in hidden layers addresses vanishing gradients, while SoftMax in the output layer provides
probabilistic tumor classification.

3.3 Implementation Details

The model was implemented in TensorFlow 2.8 with the following specifications:
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e Input: 128x128x3 MRI slices (normalized to [0,1])

¢ Optimizer: Adam (learning rate=0.001, $1=0.9, $2=0.999)
¢ Loss Function: Categorical Cross-Entropy

e Batch Size: 32 (optimized for GPU memory utilization)

This architecture achieves optimal performance while maintaining computational efficiency, requiring only 2.3

million trainable parameters - significantly fewer than comparable VGG-based implementations.
4. MODE TRAINING FRAMEWORK
4.1 End-to-End Training Pipeline

The brain tumor classification system follows a rigorous six-stage development process:

1. Library Initialization

. TensorFlow 2.8, Keras, OpenCV, and NumPy for core functionality
" Scikit-learn for evaluation metrics

" Django integration libraries for deployment

2. Data Preprocessing

. Standardized 512x512 MRI slices to 128x128 resolution

. Applied z-score normalization (u=0, 0=1) across all channels

] Augmented dataset via random rotations (+15°) and horizontal flips
3. Input Formatting

. Converted DICOM/NIfTI to TensorFlow-native TFRecord format

" Implemented on-the-fly batch loading with prefetching

. Categorical encoding of tumor classes (glioma=0, meningioma=1, etc.)
4. Network Training

. 25-epoch training with early stopping (patience=5)

" Batch size optimized at 32 through grid search

. Employed class-weighted loss to address dataset imbalances

5. Model Serialization

] Saved architecture (JSON) and weights (HDF5) separately

. Quantized model for mobile deployment (TFLite conversion)

6. Django Integration

" REST API endpoint for image submissions

. Asynchronous prediction queue with Celery

" DICOM viewer integration for radiologist workflow

4.2 Hyperparameter Optimization

Through systematic experimentation, we identified optimal configurations:

Hyperparameter Tested Range Selected Value Impact
Learning Rate 1e-2to 1e-5 0.001 Balanced convergence
speed/stability
Batch Size 16 to 128 32 Maximized GPU
utilization
Dropout Rate 0.1t0 0.5 0.25 Optimal regularization
Conv Filters [32,64,128,256] [32,64,128,256] Progressive feature
extraction

5. EXPERIMENTAL RESULTS

5.1 Architectural Analysis

The 20-layer CNN (Figure 2) demonstrates efficient feature extraction:
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" Parametric Efficiency: 2.3M parameters (vs. 138M in VGG16)

" Memory Footprint: 48MB post-quantization

" Inference Speed: 17ms per image (NVIDIA T4 GPU)
Layer (type) Output Shape
conv2d (Conw2D) {None, 126, 126, 32)
batch_normalization (Batch {None, 126, 126, 32)
Mormalization)
g?x_pcolingzd (MaxPooling2 {(Mone, &3, 632, 322)
dropout (Dropout) (Mone, 63, 632, 32)
conv2d_ 1 (Conwv2D) (Mone, 61, 61, 64)
max_pooling2d_1 {(MaxPoolin {(None, 208, 30, &64)
g2D)
dropout_1 (Dropout) (Mone, 30, 30, 64)
conv2d_ 2 (Conwv2D) (MNone, 28, 28, 128)
max_pooling2d_ 2 {(MaxPoolin {(Mone, 14, 14, 128)
g2D)
dropout_2 (Dropout) (Mone, 14, 14, 128)
conv2d_ 3 (Conwv2D) (Mone, 12, 12, 256)
max_pooling2d_2 {(MaxPoolin {Mone, 6, &, 256)

dropout_32 (Dropout) (None, 6, 6, 256)

flatten (Flatten) (None, 9216)
dense (Dense) (None, 256)

dropout_4 (Dropout) (None, 256)

dense 1 (Dense) (None, 128)
dropout 5 (Dropout) (None, 128)
dense_ 2 (Dense) (None, 64)
dense_2 (Dense) (None, 4)

Total params: 2789508 (10.64 MB)
Trainable params: 2789444 (10.64 MB)
Mon-trainable params: 64 (256.080 Byte)

- -

896
1za
a
a
18496
a
a
73856
a
a
295168
a

e

e

2359552

e

32896

e

8256

260

O O O

Figure 2 Result CNN Model

5.2 Performance Metrics
Classification Accuracy (Figure 3):

. Training: 98.70% (converged by epoch 20)
. Validation: 98.30% (A=0.4%, indicating minimal overfitting)
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Figure 3 Accuracy Graph.
Loss Convergence (Figure 4):

" Training loss: 0.05 (binary cross-entropy)
. Validation loss: 0.053

0.8 — Training Loss

—— Testing Loss
0.7 1

0.6 1
0.5

0.4

Loss

0.3 A

0.2

0.1

0 5 10 15 20 25
Epochs

Figure 4 Loss Graph.

Confusion Matrix Analysis (Figure 5):

. Glioma detection: 98.5% sensitivity
. Pituitary tumors: 99.2% specificity
. Worst-case misclassification: 2.8% (meningioma—glioma)
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Figure 5 Loss Graph.
5.3 Computational Performance
Metric Training Phase Inference Phase
GPU Utilization 92% 78%
Memory Consumption 6.4GB 1.2GB
Throughput 380 imgs/sec 58 imgs/sec

5. Related Work

Deep learning has made a lot of progress recently, which has changed the way brain tumors are classified. This section
takes a close look at important changes in three areas: hybrid designs, dataset limits, and problems with clinical
translation.

d) Hybrid Architectures to Make Things More Accurate

Previous studies have shown that using CNNs with classic machine learning classifiers can improve performance.
Qureshi et al. (2022) built a 15-layer Unsupervised Learning Deep Architecture (UL-DLA) that used SVM and Gray-
Level Co-occurrence Matrix (GLCM) features. It was able to correctly classify 99.23% of 3,064 MRI data. Rasool et
al. (2022) also used a pre-trained GoogleNet with SVM and got 98.1% accuracy on 3,460 photos. These hybrid
methods get great results, but they also make things a lot more complicated by requiring human feature engineering
and multi-stage pipelines. This could make it harder to use in clinical settings because of the extra computing power
needed and the difficulty in understanding them.

e) Problems with the datasets used in current research

Most research has used datasets that are too tiny for the field to grow. Magsood et al. (2022) and Avsar & Salcin
(2019) used almost 3,000 MRI scans in their studies. Dipu et al. (2021), on the other hand, only used 1,992 pictures
from BraTS 2018. These small datasets make it hard to say if the model will work for other types of brain tumors,
especially since brain tumors can look very different in different groups of patients. Khan et al. (2022) tried to solve
this problem with hierarchical CNNs, but their dataset size is not given, which makes it hard to reproduce their
results.

P Barriers to Clinical Translation
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Several studies have found big differences between what happens in the lab and what happens in real life. Burgos and
Colliot (2020) looked at 42 Al-based brain disease detection systems in a systematic way and found that less than 5%
of them moved past the prototype stage because of

" Not being able to use DICOM/PACS
" Not enough validation across different institutions
" Not taking into account the workflow of the radiologist

Gunasekaran et al. (2023) came up with a brain disease prediction system that is theoretically 99% accurate, but their
publication only includes an abstract and doesn't say anything about how it will be tested in real life or how it will be
used.

g) Our Position and Unmet Needs

While previous work has raised classification accuracy to over 97% in controlled settings (Table 2), there are still
important gaps in:

" Ability to grow to include a lot of different patients
. Simple architecture for use in the real world
. Full set of performance metrics that go beyond accuracy

We address these problems by using pure CNN architecture trained on 20,000 images, which is ten times more than
what most previous research has used. We also keep the accuracy competitive (98.3%) without adding any extra
complexity. This method shows that careful architectural design can improve clinical translatability while still getting
the best performance possible.

Tabel 3: Comparative Analysis of Key Brain Tumor Classification Studies

Study Dataset ML Architecture Performance Key Distinction
Size Metrics
Our Study 20,000 20-layer CNN (4 Accuracy: Largest dataset;
images conv + dense) 98.30% pure CNN
Qureshi et al. 3,064 images Hybrid UL-DLA + Accuracy: Highest accuracy
(2022) SVM + GLCM 99.23%; F- (hybrid)
measure: 0.99
Rasool et al. 3,460 images GoogleNet + SVM Accuracy: Transfer learning +
(2022) 08.1% SVM
Magsood et al. 3,064 images = Custom 17-layer CNN Accuracy: Multi-model
(2022) + MobileNetV2 + M- 97.47—98.92% ensemble
SVM
Avsar & Salgin 3,064 images Faster R-CNN Accuracy: Object detection focus
(2019) 91.66%
Paul et al. (2017) @ 6,184 images | Custom CNN (6-layer) Accuracy: Early deep learning
+ FCNN 91.43% approach
Dipu et al. (2021) | 1,992 images YOLOwvs / FastAi Accuracy: Object detection
85.95-95.78% (YOLO)
Bhanothu et al. Not specified @ Faster R-CNN (VGG- mAP: 77.60% Low precision
(2020) 16) (detection)
Vankdothu et al. | 3,264 images CNN-LSTM hybrid Metrics not Temporal modeling
(2022) reported
Khan et al. Not specified Hierarchical CNN Precision: Abstract-only
(2022) 02.13%
a. Benchmarking Against Existing Literature

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License
which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

805



Journal of Information Systems Engineering and Management
2025, 10(4)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

Our study gets 98.3% accuracy with pure CNN architecture, 98.5% sensitivity, and 97.8% specificity for glioma
identification. This is similar to the performance of Qureshi et al.'s hybrid CNN+SVM (99.23%) and Rasool et al.'s
Google Net+SVM (98.1%), but it is easier to install. Our dataset of 20,000 images is 5 to 10 times larger than other
research (which have 3,000 to 3,500 images), which makes it much more generalizable and lowers the danger of
overfitting. Qureshi's hybrid method gets a little bit more accurate (99.23%), but it needs human feature engineering
(GLCM) and a smaller dataset. Our research shows that a standalone CNN may be just as good at diagnosing as hybrid
models while still being able to grow, as shown by our dataset, which is the best in the business. BraTS benchmark
testing and other metrics (like the F1-score) could be added in the future, but our results already set a new bar for
how to balance accuracy (98.3%) with architectural simplicity in classifying brain tumors.

6. CONCLUSION

This study shows how deep learning and big data analytics can change how brain tumors are diagnosed. It achieved
98.30% accuracy with a streamlined CNN architecture, which is competitive with hybrid models like Qureshi et al.'s
SVM-based approach (99.23%) but without the complexity of manual feature engineering. Our system's clinical
utility is shown by its 20,000-image training dataset, which is 5-10 times larger than similar research. This reduces
the risk of overfitting and makes the results more generalizable.

To close the last 0.93% accuracy gap with the best approaches available, future work could:

1. Use hybrid methods (like SVM/GLCM layers) to use hand-made features without losing the capacity to scale.
2. Report more parameters, such F-measures and sensitivity, so that you can compare them directly to clinical
standards.

In addition to improving the algorithms, we want to use this technology through a physician-facing interface that
speeds up specialist referrals and reduces diagnostic delays. This effort moves both Al research and patient-centered
care in neuro-oncology forward by combining new technology with real-world use.
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