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Abstract- Early detection of Alzheimer’s disease (AD) is
critical for timely intervention and slowing disease
progression. Manual analysis of MRI scans is labor-
intensive and subject to inter-clinician variability. This
paper presents an end-to-end deep learning system for
automated classification of Alzheimer’s stages using brain
MRI images. A Convolutional Neural Network (CNN) is
trained to classify images into four categories: Non-
Demented, Very Mild Demented, Mild Demented, and
Moderate Demented, achieving a test accuracy of 99.84%
on 1,276 held-out samples from the Kaggle Alzheimer
MRI Dataset (6,376 images total). The system is deployed
via a Streamlit web interface for real-time prediction,
enhanced with Grad-CAM visualization to highlight
Batch processing and
tracking are also

discriminative brain regions.
timestamped prediction history
supported. Experimental results demonstrate sub-second
inference latency, confirming the system’s potential as a
clinical decision-support tool.
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L INTRODUCTION
Alzheimer’s disease (AD) is a progressive
neurodegenera-tive  disorder  characterized by

memory loss, cognitive decline, and behavioral
impairment. According to the World Health
Organization, over 55 million people worldwide
currently live with dementia, with AD accounting for
approximately 60-70% of cases [1]. As the global
population ages, this number is projected to nearly
triple by 2050, placing enormous burden on
healthcare systems worldwide.

MRI imaging is widely used for detecting structural
brain changes associated with AD, such as
hippocampal atrophy and cortical thinning. However,
manual interpretation is time-consuming, requires
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specialized expertise, and is subject to inter-rater
variability arising from clinician fatigue and work-
load.

Recent advances in deep
Convolu-tional Neural Networks
enabled automated fea-ture extraction and
classification directly from image data,
eliminating the need for handcrafted features [2].
CNNs
performance across numerous medical imaging tasks.
This work proposes a CNN-based system integrated
with a Streamlit web

learning, particularly
(CNNs), have

raw

have demonstrated state-of-the-art

interface for real-time
stage Grad-CAM
visualization is incorporated for explain-ability, and
the system supports batch processing and predic-tion
history tracking, addressing key practical limitations
of existing research prototypes.

Alzheimer’s classi-fication.

IL. LITERATURE REVIEW

Early computational approaches to Alzheimer’s
detection relied on handcrafted feature engineering
— texture analysis, voxel-based morphometry, and
statistical descriptors — com-bined with classifiers
such as Support Vector Machines (SVM) and
Random Forests. While these achieved moderate
accuracy on small datasets, they struggled to
generalize across diverse imaging protocols [3].

The emergence of deep learning transformed medical
im-age analysis. Litjens et al. [4] demonstrated that
CNNs con-sistently outperform traditional pipelines
in classification and segmentation tasks. Studies on
AD detection using CNNs on MRI data report
accuracies in the range of 80-96%.
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Explainability is critical for clinical adoption.
Selvaraju et al. introduced Grad-CAM [5], which
generates visual ex-planations by using gradient
information flowing into the final convolutional layer
to highlight discriminative regions. This technique
has been widely validated against clinical anatomy in
medical imaging.

However, most existing works are research
prototypes that lack practical deployment features
such as user interfaces, batch processing, and result
history. This project addresses these gaps with a
complete deployable system.
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Figure 1: Enter Caption
II. PROPOSED SYSTEM

A. System Overview

The proposed system is an end-to-end pipeline for
auto-mated Alzheimer’s disease stage classification
from brain MRI images. It integrates a trained CNN
inference engine with a Streamlit web interface to
deliver real-time predictions acces-sible to clinical
users. Given an input MRI image, the system
produces a stage classification, confidence score, and
Grad-CAM heatmap.

B. System Workflow

The workflow proceeds as: (1) user uploads MRI
image via Streamlit; (2) image is preprocessed
through grayscale conversion, resizing to 128x128
pixels, and normalization;

(3) the preprocessed tensor is passed through the
CNN; (4) Softmax probabilities yield the predicted
class and confidence score; (5) Grad-CAM heatmap
is generated and overlaid on the image; (6) result is
displayed and logged to prediction history.

IRE 1717501

C. System Architecture

The system follows a modular architecture with four
in-dependent components: (i) Preprocessing Module
for image standardization; (ii) CNN Inference Engine
for classification;(iii) Explainability Module for
Grad-CAM generation; and (iv) Application Layer
for user interaction, batch processing, and history
management via Streamlit.

Iv. METHODOLOGY

A. Dataset

The Kaggle Alzheimer MRI Dataset was used,
compris-ing 6,376 labeled brain MRI images across
four classes: Non-Demented, Very Mild Demented,
Mild Demented, and Moder-ate Demented. The
dataset was split 80/20 into 5,100 training and 1,276
testing samples.

B. Preprocessing

Each image undergoes: (i) grayscale conversion to
elimi-nate color redundancy; (ii) resizing to uniform
128x128 res-olution; and (iii) conversion to a
normalized PyTorch tensor with pixel values in [0,
1]. This pipeline ensures input consis-tency and
accelerates model convergence.

C. CNN Architecture

The CNN comprises three convolutional blocks, each
with a Conv2D layer (ReLU activation) followed by
2x2  max pool-ing. Filter counts increase
progressively: 32, 64, 128. The flattened output feeds
a fully connected layer (256 neurons, ReLU), a
Dropout layer (p = 0.5) for regularization, and a
Softmax output layer over 4 classes. Training used
Adam op-timizer (Ir = 0.001), Cross-Entropy loss,
batch size 32, over 10 epochs.

D. Grad-CAM Visualization

Grad-CAM is applied to the final convolutional layer.
Gra-dients of the predicted class score with respect to
the final fea-ture maps are globally average-pooled to
obtain importance weights. A weighted combination
of feature maps — passed through ReLU — produces
a heatmap upsampled and overlaid on the input MRI,
highlighting regions most influential in the
prediction.
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V. SYSTEM IMPLEMENTATION

A. Technology Stack

The system is built entirely on an open-source
technology stack to ensure accessibility and
reproducibility. Python 3.10 serves as the core
programming language due to its extensive
ecosystem for scientific computing and machine
learning. Py-Torch 2.0 is used for defining, training,
and running inference on the CNN model, leveraging
its dynamic computation graph for flexible
experimentation. Streamlit is employed as the web
application framework, enabling rapid deployment of
an inter-active browser-based interface without
requiring frontend de-velopment expertise. PIL and
OpenCV handle all image load-ing, format
conversion, and preprocessing operations, ensur-ing
MRI scans maintain their structural integrity
throughout the pipeline. Prediction results are
persisted using Python’s built-in CSV module,
providing a lightweight and portable storage solution
that requires no database infrastructure.

B. User Interface

The Streamlit-based user interface is designed to be
in-tuitive and accessible to clinical users with no
programming background. It provides a drag-and-
drop file uploader sup-porting both JPEG and PNG
image formats. Upon upload, the system instantly
displays the input MRI image alongside the predicted
Alzheimer’s stage and its associated confidence score
as a percentage. The Grad-CAM heatmap is rendered
as a color overlay directly on the original MRI image,
allowing clinicians to visually verify which brain
regions influenced the model’s decision. The entire
interface is served as a web ap-plication accessible
from any standard browser on any device, requiring
no software installation or configuration on the client
side.

C. Batch Processing

To support higher-throughput clinical screening
work-flows, the system provides a dedicated batch
processing mode that allows users to upload and
process multiple MRI images in a single session. All
uploaded images are passed through the
preprocessing pipeline and CNN inference engine
sequen-tially, with results aggregated and presented
in a structured tab-ular format showing the image
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filename, predicted class, and confidence score for
each scan. The complete batch results table can be
exported as a CSV file at any time, facilitating
seamless  integration with  existing clinical
documentation and electronic health record systems
for audit and reporting pur-poses.

D. Prediction History

The system maintains a persistent prediction history
log that automatically records every inference
performed during a session. Each entry captures the
exact timestamp of the pre-diction, the original image
filename, the predicted Alzheimer’s disease stage,
and the model’s confidence score, providing a
comprehensive longitudinal record of all processed
scans. Users can interact with the history log directly
from within the interface — searching for specific
records by filename or date, filtering results by
predicted class, downloading the full history as a
CSV file for external analysis, or clearing the log
entirely when required. This feature is particularly
valuable for tracking disease progression across
multiple visits for the same patient over time.

VL RESULTS AND DISCUSSION

A. Experimental Setup

All experiments used Python 3.10 and PyTorch 2.0
on the Kaggle Alzheimer MRI Dataset (6,376
images, 80/20 split: 5,100 train / 1,276 test). Training
ran for 10 epochs, Adam optimizer (Ir = 0.001),
Cross-Entropy loss, batch size 32.

B. Training Convergence

Training loss decreased from 0.6329 (epoch 1) to
0.0217 (epoch 10). The rapid drop at epoch 2
(0.0620) reflects fast early feature adaptation. Minor
later fluctuations are at-tributable to stochastic batch
sampling and do not affect final convergence.

C. Classification Performance

The model achieved a test accuracy of 99.84% on
1,276 test samples. Only 2 misclassifications
occurred (Non-Demented predicted as Mild
Demented). Table ?? presents per-class metrics.

D. Inference Performance
Average inference latency is under 1 second per
image on CPU. Batch processing of 50 images
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completes in under 30 seconds, confirming real-time
suitability.

E. Grad-CAM Analysis

Grad-CAM heatmaps confirm the model focuses on
hip-pocampal and temporal lobe regions —
anatomically consis-tent with Alzheimer’s-related
structural atrophy — validating that predictions are
driven by clinically meaningful features.

F. Comparison with Prior Work

Figure 2: System Workflow Diagram

G. Discussion

The near-perfect accuracy of 99.84% is noteworthy.
It is important to acknowledge that the random
splitting strat-egy employed does not guarantee
patient-level separation be-tween training and test
sets. In MRI datasets where multiple slices from the
same subject may be present, correlated sam-ples
across splits could inflate reported accuracy. This is a
limitation of the current evaluation methodology.
Future work will implement subject-level cross-
validation for more clini-cally rigorous performance
estimates. Notwithstanding  this, the results
demonstrate strong representational capacity of the
proposed CNN architecture.

VIIL CONCLUSION

This paper presented a CNN-based system for early
de-tection and staging of Alzheimer’s disease from
brain MRI images. The model achieved 99.84% test
accuracy on 1,276 held-out samples from the Kaggle
Alzheimer MRI Dataset. The Streamlit interface
significantly enhances usabil-ity, while Grad-CAM
provides clinically meaningful model interpretability.
Sub-second inference latency and batch pro-cessing
confirm suitability as a real-time decision-support
tool. Future work will focus on subject-level data
splitting, larger dataset diversity, advanced
architectures such as Vision Trans-formers, and
formal clinical validation.
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