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Abstract—The neurodegenerative condition Alzheimer's 

disease (AD) has phenotypic alterations linked to genetic 

variations and imaging pathology. AD costs about $250 billion 

annually and affects 5.8 million Americans. Biomarker 

genomics, based on brain imaging, has been created to better the 

AD pathogenesis and early diagnosis. Therefore, effective ways 

to find AD biomarkers for early diagnosis and medication are 

needed. Conventional diagnostic methods, focused on post-

mortem findings and clinical symptoms, struggle to understand 

genetic, molecular, and neuroanatomical interactions. This non-

invasive, high-throughput technique addresses these issues by 

combining genomic data with multimodal imaging phenotypes. 

The proposed framework introduces Multimodal Alzheimer’s 

Disease Diagnostic model (MADM) which integrates 

Neuroimaging, cognitive assessments, and genetic data to 

enhance early detection, improve diagnostic accuracy, and 

personalize treatment strategies. The MADM system analyzes 

multimodal data, finds illness biomarkers, and predicts 

progression using powerful AI and ML. This paradigm's 

thorough and systematic Alzheimer's disease diagnosis includes 

cognitive test scores, MRI, PET, and genetic indicators 

including APOE and SNP genotyping. Consolidating data sets is 

key to precision medicine. This enables targeted therapy and 

better patient outcomes. Multimodal dementia ratings 

outperformed MRI and PET scan dementia ratings in 

predicting MADM progression in healthy control participants, 

according to ADNI data. In contrast to relying just on genetic 

data, a combination of neuroimaging, cognitive test scores, and 

genetic markers was found to be a more effective way to detect 

patients with stable moderate cognitive impairment. 

Classification accuracy in the remaining stratified groups was 

enhanced by combining multimodal data. 

Keywords—Alzheimer’s Disease, Integrating Neuroimaging, 

Cognitive Assessments, Genetic Data, Multimodal Alzheimer’s 

Disease Diagnostic model. 

I. INTRODUCTION  

Many people worldwide suffer from dementia-related 

Alzheimer's disease (AD). Diseases like Alzheimer's are a 

form of dementia. Successful intervention requires early 

detection and detailed diagnosis. Since there is no treatment 

for the disorder, biomarkers that might detect at-risk persons 

before symptoms appear are of great interest. We collected 

and analyzed data from several modalities to identify 

biomarkers that can accurately diagnose early illness. Take 

MRI as an example. It is the gold standard for detecting 

dementia-related brain structural abnormalities. Another way 

to anticipate illness risk before pathological changes occur is 

to utilize genetic information. The APOE allele and other 

genetic risk factors cause twenty to twenty-five percent of 

cases. Possible connections between single-nucleotide 

polymorphisms (SNPs) have been uncovered in genome-

wide association studies. GWAS showed that most of the 

twenty genes linked to AD had moderate to mild impact sizes, 

despite suggesting stronger associations. 
Genetic data and Magnetic Resonance Imaging (MRI) offer 

unique properties that can enhance AD prediction algorithms. 

MRI scans provide tissue-level details and may indicate 

phenotypic brain abnormalities in early AD. In contrast, 

genetic data encodes genotype information of likely 

Alzheimer's disease progression even without brain changes. 

Combining genetic and phenotypic data may improve 

predictions. This may show patterns that are not obvious 

when using the two modalities independently. These methods 

rely on prior data, which may diminish the likelihood of 

uncovering new genetic risk factors. Due to the previous 
reliance on clinical examinations, neuroimaging, and 

cognitive testing, Alzheimer's disease is usually diagnosed 

later. In the early stages of AD, neuroimaging, genetic data, 

and mental evaluations can increase diagnostic accuracy and 

timeliness. This study advises developing and implementing 

a new paradigm that uses many data modalities to diagnose 

AD. Machine learning and artificial intelligence combine 

genetic biomarkers, neuroimaging data, and cognitive 

performance indicators into a prediction model to improve 

AD detection. Combining complementary information from 

both modalities improves diagnostic performance.  

The proposed MADM uses neuroimaging, cognitive testing, 
and genetic information to improve Alzheimer's disease 

diagnosis and early detection. Unlike earlier diagnosis 

methods using clinical symptoms or biomarkers, MADM 

uses advanced machine learning (ML) algorithms to analyze 

multimodal data, unlike traditional clinical signs alone. This 

integration makes it possible to distinguish between stable 

Moderate Cognitive Impairment (MCI) and high-risk AD. 

Cognitive ratings derived from genetic data are a novel way 

to detect illness earlier than MRI and PET tests. Multiple 
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Fig 5. AUC (%) performance 

V. CONCLUSION 

The suggested multimodal paradigm blends neuroimaging, 

cognitive testing, and genetic data to improve AD diagnosis. 

This framework outperformed unimodal techniques. MADM 

criteria effectively assess sample-wise modal in 

formativeness, enabling dynamic fusion across modalities. 

Experimental results indicated that the MADM works in AD 

categorization tasks. As shown, the biomarkers are linked to 

Alzheimer's disease. The model surpasses competitors with 

92.5% accuracy, 91.3% F1-score, and 94.7% AUC after 100 

iterations. The hybrid fusion strategy captures illness 

progression and biomarkers using CNNs for neuroimaging, 
LSTMs for cognitive data, and dense layers for genetic 

markers. However, this technique has several drawbacks. It 

requires plenty of computational power. Large, annotated 

datasets are another demand. Finally, dataset imbalances may 

cause biases. Future study should boost computing 

efficiency, use explainable AI methods for interpretability, 

and diversify the dataset's demographic samples to increase 

model generalization. Adding real-time clinical data and 

lightweight models for early detection can improve the 

framework's medical diagnostics application.  
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