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Abstract: Early and reliable detection of Brain lumps including mening and gliome, remains a significant concern in
clinical practice. Conventional Magnetic Resonance Imaging (MRI) analysis relies heavily on expert interpretation,
which may introduce variability and delay diagnosis. This study describes an integrated deep learning-based system
for automated brain tumor detection. The developed system, termed the Automated Neuro-Diagnostic Assistant
(ANDA), is designed using a customized Convolutional Neural Network (CNN) trained on preprocessed MRI datasets.

A key feature of the system is its deployment as an interactive real-time web application using Flask, incorporating
modules such as a confidence score visualizer and an automated report generator. Experimental results indicate a
classification accuracy of 96% along with an F1-score of 94%, demonstrating reliable prediction capability. The
proposed evaluation metric (Fscore) provides a unified assessment of system performance by combining accuracy,
interpretability, and usability factors. Fscore = |0.35A + 0.25C + 0.15V + 0.10(HI + SI + Ul)] Where A represents
classification accuracy, C denotes confidence reliability, V indicates the effectiveness of visual interpretation, HI refers
to healthcare insight generation, Sl represents stroke identification capability, and Ul denotes overall system usability.
Further evaluation on diverse MRI samples shows strong agreement (r = 0.89) with expected diagnostic patterns and
consistent performance across tumor categories. The system improves interpretability and user interaction efficiency,
enabling faster and more structured medical image analysis. Overall, the system provides stable processing, real-time
prediction capability, and efficient handling of medical data. By integrating automated detection with supportive visual
outputs, it enhances accessibility to Al-assisted diagnostic tools and supports preliminary medical assessment.

Keywords: Brain Tumor Detection, Magnetic Resonance Imaging (MRI), Deep Learning in Healthcare, Convolutional
Neural Network (CNN), Automated Diagnosis System
I. INTRODUCTION especially in complex cases, thereby affecting timely

decision-making in clinical environments.
Limitations of Conventional MRI Interpretation

Radiological imaging is one of the widely adopted
imaging techniques for detecting abnormalities in brain
tissues due to its ability to provide high-resolution
images. However, analyzing these scans requires
examining a massive no of image sleces for every
clinical subject, which makes the process time-intensive
and dependent on human expertise. Such manual

interpretation can introduce inconsistencies and delays,

Role of neural learning in Clinical Imaging

Recent advancements in artificial intelligence have been
instrumental in the field of medical image analysis.
Neural models, particularly ConvNet, are capable of
extracting meaningful patterns directly from raw
imaging data. This capability enables a shift from
manual inspection toward automated and assistive
diagnostic Although studies

systems. previous
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demonstrate strong performance of CNN-based
models in tumor categorization, the development of a
fully integrated, user-friendly, and clinically deployable

system remains limited.

Research Objectives and Contributions

This study describes the design and implementation of
the Automated Neuro-Diagnostic Assistant (ANDA), an
intelligent system developed for brain tumor analysis.

The primary objectives of this work include:

1. Development of a complete diagnostic system that
integrates a calibrated ConvNet system with a web-
based interface to support real-time usage.

2. Design of a multi-class CNN architecture capable of
discriminate between lumps, and normal cases with
reliable performance.

3. fusion of a confidence visualization component to
present prediction reliability in an interpretable
format.

4. Experimental evaluation of the platform using
various perform aspects such as accuracy, precision,

recall, and F1-score on a separate test dataset.

Summary of Key Contributions

The major contributions of this work are outlined as

follows:

e A deep learning-based tumor categorization
module that processes MRI scans and classifies
them into multiple categories, reducing reliance on
manual analysis.

e An additional stroke identification component
based on grayscale intensity patterns, enabling
preliminary detection of possible stroke conditions
and extending system functionality.

e Avisualization mechanism that highlights abnormal

in MR and

regions images using structural
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intensity-based variations, assisting users in
understanding the model output.

e A unified evaluation metric defined as:

D_score = |0.35A + 0.25C + 0.15V + 0.10(HI + SI + UI)]
where A represents classification accuracy, C denotes
prediction confidence, V indicates effectiveness of
visual interpretation, HI corresponds to healthcare
insight generation, S| reflects stroke identification

capability, and Ul measures overall system usability.

 Experimental analysis performed on a diverse MRI
dataset demonstrates consistent model performance
and reliable categorization across different tumor types.
The system also improves interpretability and reduces
analysis time by generating structured outputs and
automated reports.

Il. LITERATURE REVIEW

Deep Learning Applications in Brain Tumor

Identification In recent modifications, Neural net
mechanisms are rapidly have implemented in the
scenario of medical image analysis. Various research
efforts indicate that conv net has able to recognizing
complex patterns within MRI scans, enabling effective
categorization of different brain tumor types. These
models reduce dependency on handcrafted feature
extraction by relevant

automatically  learning

representations from input data.

Transfer Learning and Pre-Trained Networks To
further refine system effectiveness, leverage Study has
been commonly recent studies.
Established architectures such as VGG, ResNet, and

EfficientNet are frequently used as base models to

implemented in

utilize knowledge gained from large-scale datasets.

Although these approaches enhance classification
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results, they often increase computational specification
which is need to make low compatible for resource-
constrained environments.
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Limitations of MRI-Based Diagnosis Despite its
effectiveness in capturing detailed brain structures,
MRI-based diagnosis involves several challenges.
Differences in tumor appearance, including variation in
size, shape, and position, can complicate accurate
interpretation. As a result, even skilled medical
professionals may face difficulties when analyzing

similar visual patterns across different cases.

Role of Image Processing Techniques Conventional
image processing methods still contribute significantly
to medical image evaluation. Techniques that analyze

intensity distribution and structural boundaries can

International Journal of Science,
Engineering and Technology
An Open Access Journal

assist in identifying abnormal regions within MRI scans.
If we attach neural net system, this technicque will
increase the overall reliability system.

Need for Explainable and Deployable Systems A one
major challenge of many deep learning models is their
limited interpretability. Systems that provide visual
insights into predictions are greatly effective for
practical use. Additionally, deploying such models
through interactive platforms enables real-time usage
and improves accessibility in clinical environments.

I1l. PLATFORM ARCHITECTURE AND

s A N /
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The ANDA platform is built on a modular, four-layer
architecture, prioritizing both diagnostic performance

accuracy and clinical usability.

Data Ingestion & Preprocessing Layer

This layer ensures consistent and optimized input for
the CNN:

Data collection Source: MRI images categorized as

Glioma, Meningioma, Pituitary Tumor, and No Tumor.
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Standardization: Images are resized to 128 * 128 pixels
and normalized (pixel intensities $0-1%).

Data Augmentation: Techniques like rotation, zoom,
and horizontal flips are applied to increase the data
and enhance the network's

collection  size

generalization capabilities.

CNN Network Architecture (The Core Engine)
The CNN

TensorFminimal/Keras:

core engine is  trained  using

Learning phase Configuration: 80:20 split for learning

phase/evaluation phase, Adam optimizer, and
Categorical Cross-Entropy loss.
Feature Learning: Multiple Conv2D layers

folminimaled by MaxPooling layers extract complex
patterns unique to each tumor type.
Regularization: stochastic neuron removsl procedure
are strategically placed to reduce overfitting during the
25-30 epoch learning phase phase.

The Proactive Diagnostic Layer (PDL)

This layer processes the network's output to generate
user-friendly insights:
Output The

probabilities for the four classes.

Output: Softmax layer provides
Confidence Score Visualizer: This module renders the
probabilities as an intuitive doughnut/pie chart (using
Chart,js) to clearly display the network's certainty.

Report Generator (PDF): Automatically compiles the
diagnosis, confidence score, and patient details into a

downloadable clinical report.

User Interface and Feedback Loop
The Ul, built using Flask, HTML, and Bootstrap,
emphasizes ease of use and modern design. It includes

a crucial Previous Outputs Page to track patient history,

International Journal of Science,
Engineering and Technology

which

longitudinal monitoring.

serves as an implicit feedback loop for

IV. EXPERIMENTAL SETUP

A. Data collection and Input Configuration

For experimental evaluation, a collection of MRI brain
scan images was used, consisting of multiple tumor
categories alongside normal cases. The data collection
included images representing various lumps & non-
lumps conditions.also tumor categorization, a separate
set of grayscale MRI images was utilized to analyze
stroke-related intensity variations.

The input data consisted of images in standard formats
such as JPG and PNG, collected from publicly available
medical imaging sources. All images were resized to a
uniform dimension of 128 x 128 pixels and normalized
to achieve continuous result for the network. The
sample gathered was divide in learning phase and
subsets to evaluate network

evaluation phase

performance under different conditions.

B. Evaluation Metrics

The platform was evaluated built on both predictive
performance and platform-level efficiency:

Network Performance: Metrics such as categorization
performance confidence, and

accuracy, output

consistency across different tumor classes were
considered to measure the influence of the deep
learning network.

Platform Performance: The application was evaluated
in terms of image processing time, response latency
during output, and successful generation of outputs

including heatmaps and PDF reports.
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V. LIMITATIONS AND FUTURE WORK

Despite the influence of the created platform, several
limitations still exist. The current network is trained on
a limited set of MRI images, which may affect its
generalization when exposed to strongly diverse clinical
data. The stroke identification module relies on basic
intensity-based result, but it not catch complex
pathological variations in all cases. Additionally, the
platform processes images independently without
considering patient-specific clinical history, which can
be essential for accurate diagnosis. The current
implementation is also optimized for standard MRI
formats and may require adaptation for handling other

imaging modalities or variations in scan quality.
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Future work will focus on addressing these limitations
through several enhancements. (1) Integration of
advanced multimodal learning methodes that combine
imaging data with patient clinical records to improve
diagnostic performance accuracy and contextual
understanding; (2) Adoption of high neural practicing
frameworks and transfer learning techniques to
enhance network performance on diverse data
collections; (3) Expansion of the platform to support
additional imaging modalities such as CT and PET scans
for broader applicability; (4) Development of a cloud-
enabled and mobile-compatible platform to improve
accessibility and enable real-time usage in remote
healthcare scenarios; (5) Incorporation of more
advanced and interactive visualization mechanisms to
alminimal users to explore network outputs in greater

detail.

VI. CONCLUSION

This study will show a clear picture of Automated
Neuro-Diagnostic Assistant (ANDA), a deep learning-
driven platform for categoring brain tumors using MRI
data. By combining a strong-performing CNN network
with an interactive web interface, the developed
platform offers both performance accuracy and
usability. Patterns such as confidence visualization and
automated report generation further enhance its
practical value.

The demo result shows us that platform can reliably
differentiate between multiple tumor types while
maintaining effective processing performance. Overall,
the developed method show the calibre of including
smart computer learning in the bio diagnostics to
support faster and more consistent decision-making.
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