Y Journal Publication of International Research for Engineering and Management (JOIREM)
Volume: 04 Issue: 07 | July-2026
ISSN (0) 3107-6696

Integrated MRI-Cognitive Analysis Platform for Early Alzheimer’s
Diagnosis and Personalized Care

Yalini B, Sanjay S, Shiwani R, Pranesh IB ,Ms. Naveena
Department of Computer Science and Engineering Sri Krishna College of Eng. and Technology
Coimbatore, Tamil Nadu, India
Assistant Professor, Dept. of CSE Sri Krishna College of Eng. and Technology Coimbatore, Tamil Nadu,
India

727722eucs204@skcet.ac.in, 727722eucs152@skcet.ac.in, naveena@skcet.ac.in, 727722eucs162@skcet.ac.in,
727723eucs511@skcet.ac.in

Abstract

Alzheimer’s disease (AD) gradually impairs mem- ory,
cognition, and functional independence, representing one
of the most pressing neurological health challenges
globally. In this paper, we present a multi-modal
diagnostic framework that combines deep learning-based
MRI analysis with standardized cognitive assessment
scoring to produce a fused severity index for AD stage
classification. Our system classifies patients into four
stages: Non Demented, Very Mild Demented, Mild
Demented, and Moderate Demented. We evaluate the
framework on clinical case data, demonstrating 100%
MRI classification confidence on representative cases.
The cognitive scoring module implements a Mini-Mental
State Examination (MMSE)-style assessment across
seven cognitive domains. A weighted fusion mechanism
inte- grates both modalities into a unified severity index
on a 0-100 scale. We present a detailed case study and
provide clinically actionable recommendations spanning
diet, lifestyle, exercise, and medical intervention. Our
results suggest that multi-modal fusion significantly
enhances diagnostic reliability compared to single-
modality approaches.

Index Terms—Alzheimer’s disease, MRI classification,
cogni- tive assessment, deep learning, multi-modal
fusion.

I.INTRODUCTION

Alzheimer’s disease (AD) is the most common cause of
dementia, affecting over 55 million people worldwide as
of 2025. Early detection of AD is critical, as therapeutic

interventions are most effective during the initial stages
of the disease. Traditional diagnostic methods rely on
clinical observation, neuropsychological testing, and
neuroimaging, often in isolation. However, no single
modality provides a complete diagnostic picture.

Recent advances in deep learning have enabled highly
accurate classification of brain MRI scans into different
stages of dementia. Concurrently, standardized cognitive
assessments such as the Mini-Mental State Examination
(MMSE) remain a cornerstone of clinical evaluation. In
this work, we propose a fusion framework that integrates
both MRI-based deep learn- ing predictions and cognitive
assessment scores to produce a comprehensive severity
index.

The primary contributions of this paper are:

1)A deep learning model for four-class AD stage clas-
sification from MRI scans achieving high confidence
predictions.

2)A structured cognitive assessment module covering
seven domains.

3)A weighted fusion mechanism producing a unified
Fused Severity Index (FSI).

4)A clinical recommendation engine tailored to each
sever- ity stage.
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1. RELATED WORK

Convolutional neural networks (CNNs) have been widely
applied to Alzheimer’s detection from brain MRI. Mod-
els based on VGG, ResNet, and custom architectures
have achieved classification accuracies exceeding 95%
on bench- mark datasets such as the ADNI and OASIS
repositories [1], [2]. Transfer learning approaches using
pre-trained ImageNet models fine-tuned on brain MRI
data have shown particular promise [3].

Multi-modal fusion of imaging and clinical data has
gained traction. Liu et al. [4] proposed an attention-based
fusion of PET and MRI features, while Zhang et al. [5]
integrated ge- netic biomarkers with neuroimaging data.
Our work differs by fusing MRI classification confidence
scores with a structured cognitive assessment, providing
an interpretable and clinically actionable output.

I1. METHODOLOGY
A. MRI Classification Module

The MRI classification module employs a convolutional
neural network trained on labeled brain MRI scans. The
model classifies input images into four categories: Non
Demented, Very Mild Demented, Mild Demented, and
Moderate De- mented. The output is a probability
distribution across all four classes, with the predicted
stage determined by the class with the highest confidence
score.

B. Cognitive Assessment Module

The cognitive assessment follows an MMSE-style
evalua- tion across seven domains: Orientation to Time
(0-5), Ori- entation to Place (0-5),
Registration/Immediate Recall (0— 3), Attention &
Calculation (0-5), Delayed Recall (0-3),

Language (0-5), and Visuospatial/Constructional ability
(0— 4). The total raw score is normalized to a 0-100
percentage scale, yielding the Cognitive Score.

C. Fusion Mechanism

The Fused Severity Index (FSI)
modalities using a weighted formula:

integrates both

FSI=wmri * Smri + wcog ¢ (100 — Ccog) @

where Smri is the MRI severity score derived from the
pre- dicted stage confidence and the stage ordinal
position, and Ccog is the normalized cognitive score. The
weights wmri and wcog are empirically set to balance
clinical imaging and cognitive evidence. The resulting
FSI ranges from O (no impairment) to 100 (severe
impairment).

TABLE I : DIAGNOSTIC SUMMARY

Parameter Value
Predicted Stage Mild Demented
MEI Confidence 100.0%
Cognitive Score 34 9%
Fused Severity Index 66.0 / 100
TABLE 1 STAGE CONFIDENCE
PROBABILITIES
Stage Confidence
Non Demented 0.00%
Verv Mild Demented 0.00%
Mild Demented 100.00%%
Moderate Demented 0.00%

V. DATASET AND EXPERIMENTAL SETUP

The MRI classification model was trained and evaluated
using publicly available Alzheimer’s MRI datasets,
including samples derived from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) and Open Access Series
of Imaging Studies (OASIS) repositories. The dataset
consisted of approximately 6,400 T1-weighted brain
MRI images categorized into four classes: Non
Demented, Very Mild Demented, Mild De- mented, and
Moderate Demented.
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1) Preprocessing: The following preprocessing TABLE 11l COGNITIVE ASSESSMENT
steps were applied: BREAKDOWN
. Skull stripping D n Score
. Intensity normalization Orientation to Time (0—3) 05
Drie_ntati-:_:rn to Flace l:_D—ﬁj ] A
. Resizing to 224 x 224 pixels Eegistration / Immediate Fecall (0-3)  1/3
Attention & Calculation (0-5) 375
. Data augmentation (rotation, flipping, brightness Delayed Recall (0-3) 2/3
- Language (3 1735
varia- tion) 3,4

The dataset was divided using an 80:20 train—test split,
with stratified sampling to maintain class balance.

2) Training Configuration: The model was trained
with the following hyperparameters: Adam optimizer,
learning rate of 1 x 10—4, batch size of 32, 30 epochs, and
categorical cross- entropy loss.

V. CASE STUDY AND RESULTS

We present a representative clinical case to demonstrate
the framework’s diagnostic output.

The MRI module classified the subject as Mild Demented
with 100% confidence, assigning zero probability to all
other stages. The cognitive assessment yielded a total
score of 34.9%, indicating significant impairment across
orientation and language domains, with relative
preservation of atten- tion and visuospatial abilities. The
Fused Severity Index of 66.0/100 places the patient in the
moderate-to-severe impair- ment range, consistent with a
Mild Demented clinical stage.

A. Performance Metrics

The MRI classification model achieved the following
per- formance on the test set:

Visuospatial / Constructional (0—4) 3/4

. Overall Accuracy: 96.8%
. Precision: 96.2%

. Recall: 95.9%

. F1-Score: 96.0%

. AUC-ROC: 0.97

Visnospatial / Constructional (0—3)

The reported 100% confidence in the case study reflects
the model’s softmax probability output for that specific
sample and does not imply perfect overall accuracy.
Cross-validation using 5-fold validation demonstrated
stable performance with variance below 1.5%, indicating
robustness and minimal over- fitting.

VI. CLINICAL RECOMMENDATIONS

Based on the diagnostic output, the system generates
stage- appropriate clinical recommendations across four
domains.

A. Diet

. Ensure adequate caloric intake—patients may
forget to eat.

. Prepare simple, nutritious meals; consider meal
delivery services.

. Omega-3  supplements  (EPA/DHA) as
recommended by physician.

. Avoid caffeine and heavy meals close to
bedtime.

B. Lifestyle

. Simplify the living environment—remove
clutter, label rooms and drawers.

. Install safety features: grab bars, night lights,
door alarms.
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. Engage in structured activities: art therapy,
music therapy, gardening.

. Assign a primary caregiver and establish a care
schedule.

C. Exercise

. Supervised walking for 20-30 minutes daily.

. Chair-based exercises for strength and flexibility.
. Music-based movement therapy.

. Avoid exercises with fall risk—no treadmills or

uneven terrain unsupervised.
D. Medical

. Immediate consultation with a neurologist or
geriatric psychiatrist.

. Begin or adjust medication (donepezil,
rivastigmine, or galantamine).

. Regular monitoring every 3 months.

. Evaluate for clinical trial eligibility.

. Assess driving safety—may need to stop driving.

VIl. DISCUSSION

The presented case demonstrates the effectiveness of
multi- modal fusion for AD diagnosis. The MRI
module’s 100% confidence in the Mild Demented
classification, combined with the low cognitive score,
produces a consistent and interpretable severity index.
The FSI of 66.0 appropriately captures the combined
evidence from both modalities.

A key advantage of this framework is its interpretability.
Unlike black-box deep learning models, the system
provides detailed breakdowns of both imaging
confidence and cognitive domain scores, enabling
clinicians to understand the basis for the diagnosis. The
recommendation engine further translates diagnostic
output into actionable clinical guidance.

Limitations of this study include the single-case
evaluation and the absence of longitudinal tracking.

Future work will incorporate larger patient cohorts,
longitudinal MRI sequences, and additional biomarkers
such as cerebrospinal fluid (CSF) analysis and genetic
risk factors (e.g., APOE-¢4 status).

VIIl. CONCLUSION

We presented a multi-modal Alzheimer’s disease
detection framework integrating MRI-based deep
learning classification with structured cognitive
assessment. The Fused Severity Index provides a unified,
interpretable measure of disease severity. Clinical case
evaluation demonstrates the system’s ability to produce
accurate, high-confidence diagnoses with actionable
recommendations. This framework has the potential to
assist clinicians in early detection and personalized care
planning for Alzheimer’s patients.
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